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Abstract

Sequential (search) methods for edge and line detection
and parallé (filter) methods for edge detection are well-
known. Filter methods for line detection are generally
based on direction-by-direction filtering: each filter is
parallel, but only special hardware architectures allow
filtering in different directions simultaneously. We
present a class of isotropic edge and line detection
filters that work in arbitrary dimension: symmetry
filters. The principle of the method is correlation of the
filter window content with a mapped version. The
mapping may be point inversion, blow or rotation, all
relative to the window center. Covariance is used as
correlation measure. In this paper only point inversion
is considered. Moreover, the filter may contain
weighting coefficients eg. to emphasize contributions
from the central part. For point inversion, lines give a
positive correlation and edges a negative correlation
(twofold symmetry and anti-symmetry).

1. Introduction to line detection

Sequential (search) methods for edge and line
detection and parallel (filter) methods for edge
detection are well-knowifi1,2]. Filter methodsfor line
detection (one might even include the Hough
transform) are generally based on direction-by-
direction filtering: each filter is parallel, but only
special hardware architectures allow filtering in
different directions simultaneously [3,4]. Why can
edges befound by a single filter while lines can not?
The main difference betweenan edgeand a line lies
in the characterof their 1D cross sections.The cross
section of an edge is a 1D edge in almost all
directions. The cross section afline is a 1D isolated
point in almost all directionsThereis little difference
with the cross section of a 2D isolated point whicka is
1D isolated point in all directions. Known isotropic
filters do not react to properties mspecific direction.

Therefore, it is hard to discern a line from a 2D
isolated point without a set of directional filters. The
presentwork proposesa class of one—stepisotropic
nonlinear filters based on the concept of local
symmetry that can detect any locally symmetric
image parts such as lines, edges, strips, squares,
circles, chess boards and crosses.

In section 2 we define the characteristic
symmetries of a line. In section 3 we derive a [2hint
inversion (PI) symmetry filter for line detection and
discuss the complexity of point inversion filters.
Section 4 showsimage processingresults, section 5
summarizes the conclusions.

2. Symmetry based line detection
2.1. Matched filtersversus symmetry filters

Conventional linear filters for line detection are
essentiallyof the matchedfilter (MF) type. This can
be visualized as

1) taking a typical piece of line,

2) assume zero noise,

3) subtract the mean,

4) normalize by the filter size and

5) apply it as a convolution filter.
Each grey profileand each direction needsa separate
filter. When the grey profileof the line is unknownan
idealized shapesuch as a block or a Gaussianmay
replaceit. When the line direction is unknownit can
be assessedy a set of at least three filters (in 2D,
Knutsson[4]) equally spacedin direction. Nonlinear
filters of the min—max type also need directional
information for line detection [5].

In a 2D image that contains several lines of
different directions one would like automatic
adaptationof the matchedfilter while passing from
one line toanother:spacevariant convolution. It goes
too far if at each filter position the piece of image
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covered by the filter is taken to be the convolution
filter. Each feature wilthen match itself, which leads
to a local signal power estimator instead of a line
detector. However, at positions wheadine is present
it makes little difference if the piece of image is
rotated over 180 degrees atiten usedas convolution
filter: matching will still occur. At other positions
rotation of the window over 180 degrees will in
generalspoil the match: the procedureacts as a line
detector. Excluding the window center wan make it
ignore single points. Actually, weave somethingless
specific than a line detector, we have a local
symmetrydetector.It will not only find lines but any
piece of image that is invariant for rotation over 180
degrees,.e. twofold symmetric. The line is detected
by virtue of its symmetry. Symmetrg invariant under
mapping. The mapping here is rotation over 180
degrees.The method can be generalized to other
symmetries. We shall call gymmetryfiltering. In the
next section we shall see that:
1) there are other symmetries besides twofold
symmetry that are of interest for line detection,
2) thereare other featuresthan line pieces that can
be detected on the basis of their symmetry,
3) the principle works in arbitrary dimension.

2.2. Characteristic symmetries of linesand other
features

In order toselect the best symmetryto exploit in line

detection we make an inventory of line symmetries.
We define two classes of symmetries. First,

symmetriesthat contain a preferred orientation and

therefore can only leatb line detectorsfor a specific
line orientation. When orientation is unknown such
detectors still need the direction—by—direction
processingof traditional line detectors,which we try

to avoid. We are interested in the second class,
symmetries that do not contampreferredorientation,
isotropic symmetries.

The orientation specific symmetries of a line are:

e translation symmetry

» reflection symmetry, mirror through the line or
perpendicular to the line

e rotation symmetry around axis along the lifie
three and more dimensions)

» 180 degrees rotation symmetry around axis
perpendicularto the line (in three and more
dimensions)

The isotropic symmetries of a line are:

» 180 degrees rotation symmetry, only in 2D

e point inversion symmetry

* blow symmetry

Line and edge detection by symmetry filters

Translation symmetry is traditionally exploited as
directional averagingby a 1D uniform filter or in the
Hough transform. This shows an alternative to our
method of space variamonvolution. Our methoduses
the mapped signal as filter. In directioraateragingby
a 1D uniform filter the result can also be obtainedby
averaginga set of mapped versions (translations) of
the signal. Noise reduction is proportional to the
squareroot of the number of different versionsused.
For the symmetries athe secondclassthis numberis
rather restricted irpractical situations: here averaging
gives little noise reduction.

Reflection symmetry may select lines (strips) of
known orientation but uncertain widtReflection on a
squaresamplinggrid is restrictedto sign changesor
permutations of coordinates.

Rotation can be over arbitrary angles or over
specific anglesRotation on a squaresamplinggrid is
restricted to some discrete rotatio@®90° and 18C in
2D, £90°, £120C and 180 degreesin 3D), i.e. to
permutation and sign change of coordinates.

Our example, 180 degrees rotatisymmetryin 2D, is
an isotropic symmetry. It is so only BD. In three and
more dimensionsthe rotation axis must be specified.
Yet, generalizationto a more-dimensionalisotropic
symmetryis still possible.In 2D 180 degreesrotation
is identical to point inversion. Point inversion
symmetry is isotropic in any dimension.

Blow maps a window to an enlarged copy. In
discrete images only integer blofactors can be used.
DiZenzo [6] independently devised binary point
inversion and blow methodsfor characterrecognition.
He determinesthe center of gravity C of a binary
object and counts

¢ The numberof object pixel pairs (ry,r,) that lie

symmetrically around C:;+C-r,

e The number of object pixel pairs (rq,r)

collinear with C that have a distanceratio of
two: C-rq—1>.

In table 1 we show the specificity of symmetry to
image features. The many symmetries of a sipglmt
are ignored by excluding the window center.

3. Point inversion filtering

3.1. Line detection by point inversion filtering in
2D

As an example of symmetry filtering we consider
line detection in 2D by point inversion filtering (PIF).
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Line and edge detection by symmetry filters

Table 1. Typical symmetries (+), anti-symmetries (=) and non—-symmetries (0) of some local image features.

point ball line strip edge |cube |chess | fractal
translation 0 0 + + + 0 0
integer translation 0 0 + + + 0 *
reflection + + + + * + *
rotation (2D#90,180) + + 0 0 0 0 0
Rotation (3D#90,180) + + + 0 + * *
180 rotation (2D) + + + + - + t
180 rotation (3D) + + + + * + *
90’ rotation (2D) + + 0 0 0 + *
90’ rotation (3D) + + + 0 + + *
point inversion + + + + - + *
blow + 0 + 0 + 0 0 +

* special cases such as 120 degrees rotation of cube around diagonal.

Let s(x;,y;) be a continuousnoise-free2D grey image
that contains a straight symmetric grey line through
the origin under an angle ¢ with the x-axis. It is
convenientto use coordinatesa; = X cosy + y;siny
and b, = - sing + y; cosy wherethe g-axis is the
line, theb;-axis is perpendicular to thigne (cf. fig. 1).
The line has a symmetric profikx;,y;) = p(b;), p(-b;)
=p(b), p(0) is a maximum.
Y; line,a,—axis

053 &)
(Xpyt)

>

Figure 1: Window over line.

b;—axis

For a circular windowW (or any other point inversion
symmetricwindow) of area N centeredat (x;y;) the
signal covered is(x+x,yi+y) = p(bi+b), with X = x—x;,
Yy =iy, and(xX,y) OW or a =a-a and b =b-b,
and @,b) 0 W. As the signal does not depend anwe
divide the window in strips of constantb, with length
a(b). Then for functionsf(b) that do not dependon a
we have

[[ 1(@)daco = [ t(B)afb)ab

In orderto construct a matchedfilter we follow the
five points of section2.1. We take a window around
the origin as a typical piece of line. The fixed
convolution filter for matched filtering (MF) is

s(x,y) =m(0.0) _ p(b) - m(0)
N N
with mean )

m(x.%) = [ p(B +BJa(b)db = m(n)
The match filter result is

1
MF () = [ (P(b) = m(0))p(t + b)a(b)b
1

= (p(b) - m(0))(p(by +b) - m(ky))a(b)db
The space variant convolution filter for matched
filtering — an AC poweffilter (ACF) or local variance
filter — is

s(x + %y +y)-m{x, i) _ pb +b)-m(hy)

N N

The AC power filter result is

ACF(x,y;) = %I(p(b[ +b) - m(b[)) p(bx +b)a(b)db
= %J’(p(bt + b) - m(b[))za(b)db
= % J’ p(by +b)*a(b)db - m(ky)?

The point inversion changes the space variant
convolution filter into

s(x =%y =¥)=m(x, ) _ p(b —b)-m(iy)
N N

The window and the mean do not changeunder point
inversion. The point inversion filter result is

PIF(x.¥%) = %I( p(k, - b) - m(by)) p(b; + b)a(b)db
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= (plo =) = m(n))(p(e + ) - o)
= P& ~B)p(ty + b)alb)a - (e

In orderto see what happensto a window on the line
center where we expect a maximum output we
consider the windovaroundthe origin, where p(-b) =
p(b) and

MF(0,0) = ACF(0,0) = PIF(0,0)
= [ Plb)’alb)db~m(0)’

At the line center the three filters give the same
output.In orderto see how sharpthe maxima are we
compare the second derivativesb,, MF", ACF" and
PIF", at the line center (notiat p, m, p" and m" are
even whilep’ andm' are odd)

MF(0,0) = =  p(6) " (b)a(b)db ~ m(O)r (0
ACF"(0,0) = 2MF"(0,0) + 2GP(0,0)
PIF"(0,0) = 2MF"(0,0) - 2GP(0,0)
whereGP is the gradient power
GP(0,0) = % [7 (8 +5]a(b)do =0

A maximum correspondsto a negative second
derivative; if MF hasa maximum then PIF certainly
has (similarly but less interesting: if MF has a
minimum, then ACF certainly has). The PIF—peakis
more than two times sharper curved ththa MF—peak
(matched filter) but equally high.

4. |mage processing results

In figure 2a atest image is given. It consistsof bright
fringes of different width, orientation and spacing.
Gaussian distributed noise is added of which the
amplitude increases linearly frotop to bottomin the
image (cf. fig 2b). Thesignal-to—noiseratio decreases
from infinity to O dB. The result of point inversion
filtering with different filter sizes (11, 15, 19 and 23
pixels in diameter) is given in figure 2c\Ve seethat
all filters improvethe SNR with increasingfilter size.
Positive response®f the PIF are displayedin white,
point inversion anti—-symmetriesare shownin black,
while the grey regionsindicate no respondat all. The
smallest filter has difficulty in finding thevidest lines.
Here the line profile is wider than the filter size. The
largest filter (23) is wider than the dark zortsstween
the fringesin the central top and bottom parts of the
image. These dark strips display twofold symmetnd
produce positive output.

Line and edge detection by symmetry filters

5. Conclusions

A class of isotropic edge and lirdetectionfilters that
work in arbitrary dimension has been defined:
symmetry filters. The principle of the method is
* mapping of the filter window
» correlation of the filterwindow contentwith its
mapped version
» using the covariance as a correlation measure
The mapping may be
* point inversion
* blow
* rotation
In this paper only point inversion is considered.For
point inversion
« lines give a positive correlation (twofold
symmetry)
e edges give a negative correlation (twofold
anti-symmetry)
The filter may contain weighting coefficients e.g. to
emphasize contributions from the central window part.
A study on symmetry filtering for arbitrary
symmetry in arbitrary dimension is under way. The
study will include an extensive signal to noise
analysis together with an experimental verification.
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Figure 2: @) Image containing bright fringes of different width, orientationand spacing,b) Gaussiandistributed
noise is added with increasing amplitude frémp to bottom (SNR=o - SNR=0dB), ¢) result of point inversion
symmetry filter PIF) of size 11d) PIF of size 15g) PIF of size 19f) PIF of size 23.
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