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Abstract: During our invéstigations to improve| o mew type of edge
detector based on fuzzy logid, we had to confrontwith several questions:
how to objectively estimate) the correctness of edge detection? Which
distance should be used/id fneasire it? Does—it exist a true reference?
Several algorithms are Guvéstidated here to fneasure the distance between
images, starting from/the\sinipfest one -/the \Euelidean distance. We finally
defined a statisticak megsure used \in\ combination with a fuzzy
approximation of {hg\distance between dn(image and a model.
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1. Introduction

The image pre-processing is a (wide area of research with multiple applications. Edge
detection is & step/of the procgss that-permits a computer to understand the image content.
Moreovef, edge detection evidences elements that help the humans to make decisions. In
computer\vision applications, the\irhage pre-processing stage aims to emphasize elements
in the picturg’ that are’\essential in specific fields of applications. The stages of this
infOrmation, process are.pumerous and one of them is classification [1]. The latest trend to
solve thistask combifies two technical areas: edge detection and segmentation [2]. The
edge deection treatment 1s-tsually shared in two phases: a low level and a high level. In a
classical approach) with) gray level images, the low level edge detection is based on a
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statistical computation of the luminosity, extracting gradients and leveling the higher
variations. The well-known Laplace and Sobel methods are both based on this idea [3}.
Another known method, the Canny edge detector tries to counter a major weaknesses ‘of
Sobel and Laplace detector, namely their noise sensibility [4]. The Canny detector is moré¢
sophisticated and acts in several steps: it filters noise before processing, then\post-
processes the result to thin the drawing of the edge map. The fuzzy pseudo statistical edge
detector is also based on such a scheme and its principle will be presented in gection 2.

In this paper, we present the methodology we followed to evaluate this néw detector
versus the other ones and, also, as this detector has many possible parameters
conjunctions, we had to learn the best ones, comparing the outputs to/ansideal result. In
the third section, we present how we determined what is the best edge’ map, for a given
image. In the fourth one, we justify why the Euclidean distance me4suge cannot be used in
this case. In the next sections, several comparison tools are ev#luated apd we study the
conditions in which they can be applied to our problem. W¢ will present some results
based on an angiographical image.

2. System Description

This system is described in more details in [5].\This edge detector t¢ provide some
statistics properties computes every point of the Amage) These ones are evajuated by a
fuzzy system: based on a set of three rules and a ftizzy inference engine/pype SUGENO, the
fuzzy system provides a correction on the original “pixel value. This /value is then
normalized and a filter is applied to give a final\ binary infopmatidn about the edge
property value of every pixel. This system gtheme is sketched in figuve/ 1:

Original Statistical [—» Smal.l VmemX ~»Sugeno fuzzy| |Pixel value Edge
. Gradiedd (SW) .
Image computation \ system correction map
Large Window
Gradient (L WG)
Fig. 1. Fuzzy#sceude Statistical Edge detector scheme

The SUGENO fuzzyAystem\is based on k inferefive rules. For each rule, we have:

I’lllek;

Bland and A==L——

Fig. 2. Fuzzy Computation scheme

where/ k= F(SWG,LWG 2= pi- SWG+qk- LWG+ne
The edge detector depends on many settings: input membership functions, p, g, r
parameters, for each \rule;—and the thresholds of the output filter. To simplify the
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computation, we arbitrary set each p: and g« with the null value.

To find the best settings, a system has been implemented that computes the differer;
possibilities and compares them. In a first step, the possibilities are calculated in, twe
different ways: the system tries successively some sets of arbitrary chosen pars
conjunctions, or it looks for the best choice using a genetic algorithm. On the second

evaluation of the differences using a comparison tool. To do so, we need the refe
map and the evaluation tool that are presented in the next sections.

3. Reference Edge Map

We worked with several medical
images extracted from a
angiographical  examination. We
asked some bio-medical engineers to
draw reference edge maps. They did it
manually on a layer over the original
image (see figure 3). Even if they are
not experts, we have considered they
have enough knowledge to make a
good interpretation from a
radiographic image.

The obtained maps show results
that look close one to each other, but

(zone A).
® Some
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ideal reference edge map: the "true" edge map depends very much on the experts'
interpretation. Nevertheless, it is possible to use the manual evaluations in two different
ways:

¢ Establish a subjective choice on a map that defines the edges. Then, we consider the
area in the neighborhood of an edge line with a smaller error.

¢ Establish an average edge map from all the drawn maps. This edge map will then
give a pseudo probability for a pixel to be on an edge. Then, this probability can be used to
compute an error.

4. The comparison tool

The comparison tool will be used to evaluate the best settings of the £dgé, deisctor
parameters. We can see this process from different perspectives: Firstly, \as” & simple
measure of the distance between two images with the Euclidean distange) i isviréquently
used to measure the noise between an image and a reference. Secoundly,\if'the edge
detection is seen as a classification process then we can try to coufif-the, number or the
proportion of points that are wrongly classified. We will subsequently deterinine, which 4s
the best choice for our application and the rational for optimizati¢n,

Notations

e The number of edge points of the image wilkbe defined as nbEdgF .

e The number of points that are not partaf the edge will/ ¢ noted as
nbEdgP .

® We consider that an image [ has digieiisions M and N.

e Then: nbEdgP=M-N—-nbEdgF~.,

Euclidean distance definition
If I and I" are two gray level imagc::s and\yf /1s the gray level at/the point (i,j), then:

d(II7)= ZZ(p, —

i=l j=
Then, the average distance between’the points of the<two images is defined as:
A1 )=kt 2/_1, (w-p)

<
If the image is /fodedh on/ P gray Aevels;/then we define the averaged Euclidean
distance:

i CRELAY 2
dp(L1¢)- WTM?'ZZW:; ;)

In our fase, the” blood vessel edges are expressed with a binary information:
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arbitrarily, we chose that the white points show the edges. So, we have P=1 and then:
d(1.I")=d’(1I")
Comparing the two images, we determine:

e the points wrongly marked as edge: nb1;
e the points marked as background when they are edge: nb2.

Then, we obtain the relation:

dzzﬁ-(nb1+nbz)

If we compare the reference edge image with a black one, then nb1is p

d*= b2

The comparison tool should is used to learn the best parameters 0f the’edge detecto
We investigated theoretically on the possible values to check if this di
to provide improved results. We have:

nb1e[0,NbEdgP] and nb2e)0,Nb

The figure 5 represents the plot of the errg on/tie nbland

There are three gutstanding points in this
e The point A shows the error when %/1 and nb2 are null; this is the perfect edge
detection

2\ @Qg
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e The point B shows the error when nb1 is null; this is a white image where all

points are detected as edges.

¢ The point C shows the error when nb2 is null; this is a black image where no

edge points are detected.

The darkest surface represents all the error cases for which the error is smaller than
the error in point B and bigger than the error in point C (the black image). We want to
implement an algorithm to learn the nearest solution to that in point A. Fix this, the
algorithm has to find at least one solution with an error smaller than the error in point C
not to reach the point C as best solution. But the light surface is rather small and an
experiment on Sobel’s filter showed that its best results are above this limit. Even with a
good filter, chances are nearly null to reach such a solution. Therefore, the use of thig
measure is inadequate in this problem.

Weighted error proposal

The parameters are the same as above. Intuitively, looking to the graphics, \we ¢an
try to "lift" the point C value to be equal to the point B value to increase th¢ light surface.
We can obtain this if we weight the nb1 parameter with an integer R gigater than one.
Then relationship between the parameters becomes:

|
M .N ( )
The R parameter has an major influence one the lightly-coléred surfice variation/ as
showed in figure 6:

R<
nbEdgP/nbEdgP (13)

R= R> 1‘1?§Ez_:{g_P/nbEng 28)

nbEdgP/nbEdgP (20)

The lightly-colored surface
is rather small. The
chances to encounter the
already known situation
are important.

The error on/points Bxand C
are equal,/The hightly-
coléred surface is
ymportant.

The lightly-colored surface is
bigeer jhut it includes the point

DX

B. The chances are great to

find the point B as the best
point during the learning.

Fig. 65 Weighted error graph

In a learning process, we¢ cdn hot guess thé nuniber/of edge points at the beginning of
the process. We can only riakevestimations./Biit the résults will depends on this intrinsic
characteristics of the image\ Therefore, thig weighted error might not be the best answer to

our problem.

6
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Statistical error proposal

The same parameters can be used in a more statistical view. The parameters nb 1 and
nb?2 define two classes of errors. We can consider the distance as a global error for the
image: this error is computed as the average of the error in each class:

1 nbl nb2
Dstat=— :
2 [NbEng NbEngj

. ___M-N
If we consider R= NbEdgP
then
Dstat:l- nh cnR|_1_1 ( nh +nboR

The figure 7 presents the influence of the variation of the parameter
computation.

R < nbEdgP/nbEdgP (13)

R > nbEdgP/nbEdgP

N

insignificant in front
in the case of very high
number of edge points in the images:

We can also note that this dis
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Fuzzy distance proposal

We analyzed two distances both deterministic, and both based on pixel comparison:
the value for each pixel on the computed edge map was compared with the value for the
pixel with the same co-ordinates on the reference map. If the detected edge doesn’t match
exactly the reference edge map then the detection is considered as erroneous. As we
proposed in the edge map definition section, it can be profitable to consider an area around
the ideal edge where the error is less weighted than at a larger distance.

We define two areas around a pixel point:
¢ A nearby space where the error is considered as null.
¢ A small distance area where the error is proportional to the distance to the closest

edge pixel.

The distance function graph is showed in figure 8:

1
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i
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b5
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0 Attt ————
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Distance

Fig. 8. Distance — error function

This calculation is to be used for the edge points but also for/ the-nonsedges points:
Then, we can obtain nbf and nbf* where nb/" € [O, nbl[ and nbi e [O, nb2[

As nbf*= and nbf{** have some comparable values to_nb, and nb,, we ¢in use

them to compute the statistical error with comparable results.

5. Applications

The distance evaluation is to be used in:

e the learning process of the edge filter pafameters #s a feedbdck funcijon;

e the comparison between different algofitiims results.

The Figure 9 presents edge maps images Obtained with the filter \{rom the image in
figure 1. The lower row contains the distange gvaluation with the comparison tool.
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Edge B e ‘%‘-—i
maps ‘-.. '

o % :ﬁv’&\
Distance 0.028419
evaluation

Fig. 9. Distance evaluation examples

The statistical error is able to provide a quite reliable estimatio. However, we notice
that the edge map measured as the best one is faulty: some edges appear asya double liné,
If we consider our detector as the low level of a more complex apchitecture, then this erfor
should be managed at a higher level.

6. Perspectives

The corrected distance takes in account the lack of precision of the estimation’of the
reference edge map. But this lack of precision is equaliy-evaluated on all the surface of the
image. It could be possible to use the specialists’ gdge drawings to establish/4 likely edge
map. The probability information contained in ‘this\map could be used in'place of the
described fuzzy distance function. We would then consider the different\points of view of
the specialists and the lack of imprecision of fhe/&ye.perception abgiit br gdge at one point.

7. Conclusions

By this paper we proposed and ‘analyzed a tool to evaluate the distance between two
edge maps. We demonstrated why the Euclidean error is-noi appropriate in this problem.
The statistical error associated, to’ the fuzzy distante~provides a realistic measure to
compare two computed edges gnd‘sort the best one. This statistical error has the advantage
to be independent of the intrinsic characteristics of theimage and the edge map, at least if
the proportion of edge poirits compared to nopsedge points is greater than five.

With this distance meaéure) we were/abiel to1earn the best parameters of our fuzzy
edge detector and segondly t&/compare/the ‘\resuits obtained with other edge detection
algorithms.
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