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A Metric for Line Segments
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This paper presents a way to construct a metric for comparing symbolic features or tokens in images.
These are representations of geometrical structures in the image. The metric is used to measure how
strongly two features are related or how much they are alike. We will describe the case of line seg-
ments generated by an edge detection algorithm. In the case of line segments, such a metric measures
collinearity and separation. Different metrics can be defined with the technique described in this paper
by choosing different neighbourhood functions. By choosing a proper neighbourhood function, a metric
can be constructed that satisfies the needs of a specific application. The approach will be illustrated by
constructing a metric on the set of all line segments. The usefulness of this metric is verified by using it

in a clustering algorithm for detecting linear structures in images.
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1. Introduction.

An important task in pattern recognition is the detection of structure in a configuration of individual
tokens or symbolic features. These are representations of a geometrical structure at some location in
the image plane. The geometric structures can be very simple features such as points, but they can also
have some internal structure, which is for example the case for line segments or circular blobs. These
geometric structures are considered as single objects, rather than as a collection of pixels in a special
configuration.

For the detection of structure in feature configurations it is necessary to have some measure indi-
cating how well two features fit together or how much they are alike. The Euclidean metric is a distance
measure often used when the features are simple points in the plane or when points in a Euclidean space
represent the measurements of several quantities of objects in the image. Several existing algorithms
use this metric. For detecting structure in configurations of more complicated features, a more complex
measure for comparing them is required. This measure must take into account not only the location of
the features in the image plane, but also their internal structure. The measure to be used will depend on
the specific application.
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Many measures for comparing features like line segments have been proposed (e.g.[3, 4]). Most of
them are not metrics. It is conceptually attractive to use a metric, since it is the mathematical abstraction
of the notion of distance. This paper describes a way to construct measures on feature spaces which are
indeed metrics and which provide a more flexible way for defining the concept of nearness for a given type
of symbolic features. Metric spaces have an interesting structure, which has been investigated extensively
in mathematics [1].

The rest of this paper is organised as follows: In section 2 some general aspects of metric spaces
are discussed and some examples are given. Section 3 describes how neighbourhood functions can be
used to construct metrics on the set of all features of a given type. The construction is illustrated by
two simple examples. The metric for lines segments is discussed in section 4. In section 5 it is discussed
how the metric defined in section 4 can be used for the extraction of image structure using a hierarchical
clustering procedure. The results of this procedure are presented in section 6, where the usefulness of the
metric is discussed. Section 7 presents the conclusions of this paper.

2. Metrics.

Before the construction of metrics on sets of image features is discussed, some general remarks on
metric spaces are made. IR>¢ is defined as the set of non-negative reals.

1. Definition. A metric space is a pair (X, d) where X is some set and d is a function X x X — IRs¢
such that for all =z, y and z in X: B
(1) d(zy) =0 z=y.
(2) d(=,y) = d(y, 2).
3) d(z,v) +d(y,2) > d(z, 2).

The best known metric is the Euclidean distance, our daily-life metric. This is a metric on the Euclidean
space IR™. The third condition in the definition of a metric is called the triangle inequality. It is this
inequality that is not satisfied in many of the measures used for comparing tokens.

In metric spaces, the notion of betweenness can be defined.

2. Definition. A point y in a metric space is said to lie between two other points z and z if d(z, y) +
d(y, z) = d(z, z).

Note that the left hand side in this definition can only be equal to or larger than the right hand side
because of the triangle inequality. Therefore, the points y between two points  and z have the lowest
possible value for the sum of their distances to = and z.

A point y that lies between z and z is said to lie strictly between z and z if it is not equal to either
of them. If z and y are two points in Euclidean space, the points between them are exactly the ones on
the line segment connecting = and y.

Let Y be a subset of X, where (X, dx) is a metric space. Then Y can be provided with a metric in
a straightforward way: for each pair (y1,32) €Y x Y, the distance is defined as dy (y1, y2) = dx (v1, v2).
This metric on Y is called the induced metric.

If U is a real vector space provided with an inner product, a metric on U can be constructed in a
standard way.

3. Definition. Let U be a real vector space. An inner product on U is a mapping U xU — R : (z,y) —
(z|y) satisfying:

- (zly) = (y|z) for all z,y € U.

- (¢ + y|z) = (z|z) + (y|z) for all z,y,2,€ U.

- (Az|y) = AM(=z|y) forall z,y € U, X € R.

- (z|z) >0 forall z € U,z # 0.



4. Definition. IfU is a real vector space, a norm on U is a mapping U — IR : ¢ — ||z|| satisfying
- ||z|| > 0 for all z # 0.
- |Ixz|| = |Al||z]| for all A € R,z € U.
- llz +9yll < ll=ll + [[y]| for all =,y € U.

If U is provided with an inner pfoduct (-]}, a norm can be defined by ||z|| = 1/(z|z). It can easily be
checked that this is indeed a norm by using the Cauchy-Schwartz inequality

[(zl9)| < ll=Il ll3]]-

It can also be shown that equality in the Cauchy-Schwartz inequality can only occur if z and y are linearly
dependent. Both this statement and the Cauchy-Schwartz inequality can be proven by observing that
(z — Ay|z — Ay) > 0 for all values of A\. The left hand expression is a quadratic form in A and achieves
its minimal value for A = (z|y)||y||~2. Inserting this in the above relation gives the Cauchy-Schwartz
inequality; it can readily be seen that equality in the Cauchy-Schwartz inequality is only achieved if
||z — Ay|| = 0, from which the second statement follows.

If || - || is 2 norm on U, a metric d on U can be defined by d(z,y) = ||z — y||. It can easily be checked
that this is indeed a metric.

In the next sections, metrics on the set of functions on a given manifold will be used. If U is a
manifold provided with a measure y, L3(U) is the set of all real valued function classes f for which
Jo f(t)?du(t) exists and has a finite value. (Actually, instead of using functions, one should use equiv-
alence classes of functions, defined by the equivalence relation f ~ g < [;(f(z) — g(z))?*dp(z) = 0. In
this paper only continuous functions are used, so this has no practical consequences.) L£Z(U) is a vector
space. An inner product on this vector space is defined by

(rlo) = [ 10aauc.

In the sequel, L2(U) is provided with a norm || - || and a metric in the way described above. The metric
is then described by:

atr.0)= | [ (70 - s)Pauto)] "

Let f and g be two functions in £2(U). It can be shown that the only functions that lie metrically
between f and g are functions 3 for which 8 = Af + (1 — ))g for some A € [0, 1]. The subset S(U) defined
by {f € L%(U)|||f|]2 = 1} is the unit sphere in £L3(U). From now on S(U) will be provided with the
induced metric.

If f and g are two functions on the unit sphere, there is no function h on the unit sphere between
them. If such a function would exist, it would also lie between f and g in the space £2(U) itself; hence
it would be of the form h = Af + (1 — A)g for some A € (0,1). But then

1113 = AI1£113 + (1= 2)?llgll3 + 22(1 = A)(flg)
<A+ (1=2)2+ 201 = W) fl llgll
=1.

The inequality follows from the fact that (f|g) = ||f||||g]| is only true if g = 0 or f = Ag for some positive
A. If f and g are different points on the unit sphere, this is not possible. Thus h cannot lie on the unit
sphere. Note that this is completely analogous to the case of the unit sphere in Euclidean space.
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3. Metrics on Sets of Features.

Let us now return to our original problem, where X is the set of all features of a given type, for example
line segments. Assume that the feature set can be parametrised by points in a manifold U.

Line segments can, for example, be parameterised by coordinates (z,9,6,0) € R? x (R/7Z) x IR*.
The point (z,y) is the center of the line segment, the coordinate 8 indicates that the direction of the line
segment is (cosf,sin 6) (The begin and endpoints of a line segment are indistinguishable. Therefore
and 6 + 7 denote the same direction.) and ! is the length of the line segment.

If U is embedded in some IR™, the Euclidean metric on IR® induces a metric on U: the distance
between two points of U is simply the Euclidean distance between the corresponding points in IR®. This
will in general not be a metric that defines the sense of nearness which is useful in specific application.
In the case of line segments discussed above, the distance between two line segments with fixed direction
and length depends only on the Euclidean distance between the two center points. The distance does
not depend on the direction of the line connecting the centers of the two segments. This is not desirable,
since the metric should be sensitive to the relation between the directions of the line segments and the
direction of the line joining them. In general, the metric induced by an embedding does not work well,
because it does not take into account the geometrical interpretation of the parameters for the features
they describe.

If tokens are parameterised by coordinate vectors (z1,...,2a), their nearness can also be defined
using thresholds. If a set of thresholds 6; is defined, two tokens z and y are said to be related if |z;—y;| < 6;
for all 4. In relation to this approach, a metric d can be defined as d(z,y) = max; |z; — y;|/6;. Then
two tokens are related if their distance is less than 1. This metric suffers from the same problems as
the metric induced by the Euclidean metric, since the geometric interpretation of the coordinates is not
taken into account.

Now a more flexible type of metric will be discussed. This metric is constructed by embedding the
feature space U in the function space S(U). The metric in S(U) induces a metric in U. (For normalisation
purposes, the metric will be divided by a factor \/5) With each point u of U one associates some
function f, € S(U) which satisfies f,(z) > 0. This function will be called the neighbourhood function of
u. The neighbourhood functions are chosen such that different points in U have different neighbourhood
functions. As an illustration, consider the case where the feature space is the set IR of real numbers.
Let the neighbourhood function of u be the indicator function of an interval of length 1 centered at u:
fu(®) = lu_1/2,u41/2)-

The feature set has now been identified with a subset of S(U). We call this subset F U). F(U) is
provided with the induced metric, divided by +/2 for normalisation purposes. This means

d(u,v) = [% JRCAORY: (t))’dn(t)] .

For the example mentioned above, it can easily be seen that JR fu(z) fo(z)dz = max(0,1 — |u— v|). The
metric thus defined on IR is

d(u,v) = v/1 — max(0, [u — ).

This metric is illustrated in figure 1. There is translation invariance. fz(y) and d(z,y) depend only on

¢ — y. The upper curve shows f,(y) as a function of z — y. The lower curve shows d(z,y) as a function
ofz —y.
Another metric on IR can be obtained by taking the neighbourhood function

fule) = 7 H2em(z=s)
The metric defined by this function is

d(u,v) = V1 —e-(u-v)*/2,



figure 1 figure 2

This metric is illustrated in figure 2. There is again translation invariance, so f;(y) and d(z,y) depend
only on z — y. The upper and lower curves show f;(y) and d(z,y) as a function of z — y, respectively.
Note that the use of a Gaussian neighbourhood function has the practical advantages that the product
of two Gaussians is again a Gaussian and that the integral of a Gaussian over IR can be expressed in a
closed form.

Let us now return to the case of line segments and try to develop an intuition for the réle of the
neighbourhood function in the construction of the metric. We have:

2d(u,0)? = | full2 + Ia]l% = 2 /U Fult) o (H)an(t)
—2-2 / fu(®) o () dut).
U

The neighbourhood functions are nonnegative. Hence the maximal value of d(u,v) is 1. The distance
decreases when [, fu(t)f»(t)du(t) increases.

Now suppose that an image is created by measurement of some real linear structures in the scene.
The measurement process is not perfect, so deformations occur. The neighbourhood function f,(t) is
interpreted as the probability that a measured line segment ¢ stems from measurement on a true structure
t in the scene:

fu(t) = P(Xtrue = tI-Xmeas = u)-

In this interpretation, the neighbourhood function contains information on both the distribution of linear
structures in the scene and on the characteristics of the measurement process. No knowledge of the
scene is assumed. Therefore the distribution of linear structures in the scene is assumed to be described
by a stochastic process with a uniform distribution. The neighbourhood function also depends on the
corruptions which can be caused by the measurement process. This corruption can be the breaking of
long structures in smaller segments and the displacement of position and orientation of these segments.

If it is assumed that different line segments in the image are generated by independent measurements
of the scene, f,(t)f,(t) is a measure for the probability that both u and v are generated by a measurement
of the structure ¢. Integrating this product over ¢ gives a measure for the probability that u and v have
the same origin. This integral can be regarded as a measure of nearness of the two features.

This interpretation gives a hint on how to choose the neighbourhood functions: f,(t) should be
a measure for the chance that a measured structure u is caused by a true structure t. Note that the
interpretation discussed above is just an aid for choosing a neighbourhood functions. One can always put
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restrictions on the neighbourhood functions in order to provide the metric with some special property or
in order to make computations more easy.

In many cases, the relation between two features is invariant under the operation of some group G.
In the case of line segments, for example, collinearity and nearness only depend on the relative positions
of the features; they are invariant under translations and rotations of the whole feature configuration. It
is natural to choose a measure on U which is invariant under the symmetry group and neighbourhood
functions which are transformed into each other under the action of the group.

If G is transitive, only one neighbourhood function needs to be defined; the others can be constructed
from this function. This reduces the number of choices to be made significantly. However, in many
applications there will be not so many symmetries that the symmetry group becomes transitive. In the
case of line segments, for example, there will be invariance under translation and rotation, but no scale
invariance. Therefore, a different neighbourhood function must be defined for each lo. The neighbourhood
functions belonging to different 20,y and 6y are then fixed by these choices through the action of the
group of Euclidean motions.

Note that the interpretation of the neighbourhood functions f actually requires that Ju fu@®)dt =1
or at least that the integral has the same value for all u. The construction however required that
fU fuz(t)dt = 1 for all u. If the symmetry group of the problem is transitive, the ratio between the integral
of f, and the integral of its square is fixed, as can be derived from the fact that all neighbourhood functions
can be transformed into each other by a simple coordinate transformation. If the value of fU fu(t)dt has
a value not equal to one, this value can be regarded as a normalisation factor which forces the metric to
have values in [0, 1].

If the symmetry group is not transitive, it may still be possible to choose the neighbourhood functions
in such a way that [ f,(t)dt does not depend on u. In the example of line segments discussed in the
next sections, the neighbourhood functions will be chosen in such a way that they satisfy this condition.

Note that the integral of f, being constant is not needed for the construction of the metric itself. It
allows an interpretation in terms of probabilities and thus is helpful in the choice of the neighbourhood
functions. i

It is also possible to interpret f2(t) in stead of f,(t) as the probability P(Xtrue = t|Xmeas = u).
Then each measured segment u defines a probability distribution f2(z) on the parameter space U. The
distance between u and v defined in this paper is then equal to the so-called Hellinger distance [4] between
the probability distributions f,(z) and f,(z).

4. The Metric on Line Segments.

In this section, a metric on the set of all line segments is constructed. If an edge detector followed by a
line fitting algorithm is used to calculate linear structures in images, distortions can occur. Lines can be
interrupted or displaced from their original place and orientation. Additional processing is then necessary
for the extraction of the complete linear structure in the scene. Therefore, a metric on the set of all line
segments must be constructed which measures to what extent two line segments are likely to belong to
the same linear structure.

Now let up = (2o, ¥o, 6o, lo) be the coordinate representation of a line segment in the parametrisation
discussed previously. In order to define a metric, the neighbourhood function f,, (z,v,6,1) must be
defined, which indicates how likely it is that a given measured segment uo stems from a measurement on
a true linear structure with coordinates (z,y,6,1).

Note that there is a desirable property of the metric which imposes an extra condition on the form
of the neighbourhood function. If two line segments lie on the same support line while they are separated
by a gap which is large compared with their own lengths, the distance between them should be large,
even if they could be caused by a single, very long, linear structure in the scene. If such a long structure
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is really present, it is expected that the gap is filled with other line segments, making a detection of the
linear structure in the scene possible. This condition on the metric is fulfilled if it is assumed that the
centers of the true and measured segments are always close together (compared with the length of the
measured segments), even if the true structure is very long. This can be interpreted as local measurement:
the segment measurement process ‘sees’ just the central part of the (long) linear structures in the scene;
the length distribution of the measured segments does not depend on the lengths of the linear structures
in the scene.

We will take a neighbourhood function which has a maximum at the point ug itself and which
decays towards 0 when moving away from this point. The neighbourhood function is constructed using
Gaussians, which have a well-defined width. This choice implies that we assume that the orientation and
the position of a measured line segment are normally distributed around the position and orientation of
the underlying structure in the scene.

We can write:

P(Xmeas = uIXttue = :l:)

P(Xttue = 1:|Xrneas = u) = P(X — u)
meas —

X P(Xtrue = :B).

The prior distribution of position and orientation of the linear structures in the scene is assumed to be
uniform. Hence the second factor in the right hand side depends only on l,. The local measurement
property discussed above implies that the first factor does not depend on the length I, of the linear
structure in the scene. Hence we can take f,(z) of the form

f‘u(w) = "/’u(w::) Yz, 6::)¢(lm)

There is no need to specify ¢ since

_ 2 — ¥ Vde
[ e = £l aut) = [, 0%t [ (b, — bun)doduas

and [ ¢(1)?d! is a constant.
The notion of nearness one wants to quantify with the metric can be investigated to find some
properties of the neighbourhood functions.

- The measured direction of the line segments can be corrupted. Hence, a line segment should be
“near” to other line segments at the same position but having a somewhat different direction. This
is expressed by the width of the neighbourhood function in the 6-direction (in U). The direction
measured for a long line segment is a better indication for the direction of the underlying linear
structure than the direction measured for a short segment. Therefore the width in the 6-direction of
the neighbourhood function a short segment is larger than the width in the neighbourhood function
of a long segment.

- If a linear structure is broken into pieces, several short segments can result. The midpoints of
these segments are displaced from the center of the original structure, in the direction of the linear
structure. Therefore the neighbourhood function of a line segment must have a relatively large
width (proportional to the length of the measured line segment) in the direction in which the linear
structure lies.

- A line segment can also be displaced from the linear structure in the direction orthogonal to the
structure. The displacement in this direction will not be too large and does not depend on the
length of the line segment.

The neighbourhood function is now chosen as follows: For fixed 8, the function Puo(z,y,0) is a two-
dimensional Gaussian function centered at (zg,yo) with its long axis oriented in the #-direction of the
z — y-plane. The width goqg in the f-direction is proportional to the length Iy of the line segment. The
width oghort is fixed to some small value. The amplitude of the Gaussians varies with direction: it is large
for @ close to the direction 6o, while it is small for values 8 further away from the line direction 6.



Thus, the neighbou.rhood function is described by:
f""(z.’ ¥6, 1) = G"ansle(a - OO)G"lons”short (R;ol(z — %o,y — yo))¢(l)

Here G,(z) is a Gaussian of width o:
Go(z) = x=4g=1/2e=(a/9)"

G is a two-dimensional Gaussian function:
1

N S Sy
(rozoy)~1/2 ’

Ga.a, (‘c: '.'/) =

Ry is a rotation over 6.

The spread in the #-direction is defined by a Gaussian function with a width Oangle- In the actual
implementation, the integration in the 6-direction is approximated by discretising the #-values, while the
integration in the - and y-directions is performed using the analytical expressions for the integral of a
Gaussian function. As mentioned before, the factor ¢ cancels in later calculations.

The symmetry group underlying this situation is the group of Euclidean motions. There is no scale
invariance, since the uncertainty in the orientation of a segment depends on its length. Note that, once
the choice for Gaussian neighbourhoods is made, there are only three degrees of freedom left: Olong) Oshort
and Gangle- Note that the values of these parameters depend only on the length Iy of the line segment.
The value of [j; fu,(t)dt is

(2"")3/4(‘7]ong‘7short‘7:mgle)1/2 /(; ¢(z)dz.

This value does not depend on wg if the product glongshortTangle does not depend on ly. In the next
section, the values of giong, Tshort and cangle Will be chosen such that this condition is satisfied.

5. Segment Clustering Using the Metric.

To verify the usefulness of the metric defined in the previous section, a hierarchical clustering method
based on this metric is examined. The clustering method used is a standard hierarchical clustering
method [2]. It acts on a configuration of a number of features. The algorithms proceeds step by step. In
each step, the two nearest features are replaced by a single one, such that a hierarchy of configurations
with smaller and smaller numbers of features is created.

Let {s1,..., 8, } be the set of all features in the original configuration. Let L(¥) = {s(lk), ceey sg"_zk
be the k-th configuration in the hierarchy. L(®) is equal to {s1,...,82}. Successive levels are built by
replacing the feature pair having minimal distance by a single feature:

L+ = L(")\{sz(,k), sgk)} U {c(sg‘), sgk))}.

Here s;k) and sf,k) are chosen such that d(sg,k), 39‘)) = min;y; d(sgk), sg.k)) and c(sg’), sgk)) is the join of

s,(,k) and sgk) , a line segment which replaces the original two segments.

When clustering in a convex feature space like IR™, a very simple choice for the calculation of joins
can be made, such as ¢(Z,9) = 3(Z + §). When clustering complex features such as line segments, the
construction of joins is more involved.

In the general case, it would be nice if two points « and v could be replaced by a point that lies
strictly between them. In the present case, this is not possible. Since all functions belonging to features
lie in the unit sphere, there are no features strictly between two different features.

We have chosen the following approach. For each pair of line segments to be joined, a line is
calculated such that the sum of the squares of the distances of the four endpoints of the segments to
the line is minimal. The join of the two segments is a segment of this line. The end points of the join
are calculated by looking at the orthogonal projections of the two segments on the line. The join is the
smallest segment of the line which contains both projections.



6. Experimental Results

The clustering method is applied to a number of line segment configurations, derived from natural images.
A sobel gradient filter is applied to the original image. The edges in the image are detected by a peak
filter. The edges detected by the peak filter are one pixel thick. Line segments are then fitted to the
curves by connecting the first and the last point. If a curve is longer than a given number of pixels
(in this case 6), the curve is cut into shorter pieces before fitting the line segments. In this way, line
segments are fitted with reasonable accuracy to curves which contain bends or angles. Moreover, this
procedure simulates corruption of the line segment configuration by breaking longer straight curves. In
a practical application one would use a more advanced line segment fitting algorithm which can produce
longer segments, such that the task of clustering algorithm is made easier.
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figure 3: the house image figure 4: extracted segments

The size of the original image is 256 x 256 pixels. The parameters for the neighbourhood functions

Olength =P X /L * 1o
Owidth = ¢

Tangle =T/V/Lxlg

The choice of these parameters reflects the assumptions on the behaviour of the edge detection
algorithm. The parameter Olength is related to the length of the gaps that can exist in a linear structure.
Olength grows less than proportionally with the length of the segment. This implies that the gap between
short segments can be relatively long with respect to the segment length. The parameter I determines
the scale at which relatively long gaps are no longer allowed. In all examples shown in this paper, L is
equal to 30.

The parameter oangle is inversely proportional to the root of the segment length. This implies that
the direction of a short segment is assumed to be less exact than the direction of a longer segment.

The choice of parameters described above satisfies the conditions previously derived: The value of
OlengthOwidthOangle iS fixed. The parameters which still have to be fixed are (»,q,7). Our first example is
the house image (figure 3). The initial configuration (figure 4) contains 415 line segments. The parameters
are (p,q,7) = (2,2,30). Figure 5 shows the stages of the clustering process in which 160, 140, 120 and

were defined by:

100 segments are left.
When 160 segments are left, the linear structures begin to show quite clearly. When 120 segments

are left, the detection of linear structure in the image is completed.
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figure 5: results from the clustering algorithm

There are some short stray segments left. When these segments participate in the clustering process
in later stages, unnatural results are found, as can be seen from the situation where 100 segments are
left. It is therefore best to stop the clustering before undesirable clusterings occur. If it is undesirable to
cluster two line segments into a single one, their distance will be large. Practical examples also indicate
that undesirable clusterings often occur if one of the two segments is a short noise segment which is not
the result of previous clusterings, but has survived for a long time on its own without participating in
the process.

If the clustering process is stopped before unnatural clusterings occur and the remaining short
segments are removed from the resulting configuration, the quality of the resulting description is good
enough for passing it to other high-level algorithms.

In order to examine the range of images for which the method gives good result, the clustering is
applied to two other images from the grandfield benchmark set, which contain curved structures. The
results are shown in figure 6. The pictures show, from top to bottom, the original image, the initial line
segment configuration and the line configuration which is reached after a number of clustering operations,
just before unwanted clusterings start to occur.

In all cases the choice of parameters was (p, g, 7) = (2,2, 30). The linear structures in all images are
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figure 6: result for different images.

hand corner of the third image.

detected quite well. If curves are present, a number of short segments is fitted along these curves. The

algorithm can get confused in the present of much detail, as can be seen, for example, in the upper right

11
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In order to test the sensitivity to parameter changes, the clustering method is applied to the house
image with the parameter sets (2,2,30), (3,2,20), (2,4,30) and (2,2,40). The results are shown in
figure 7. For all parameter settings, the linear structures are detected reasonably well. The are no large
differences between the results. The most striking effect can be seen in figure 7c, in which the spread of
the neighbourhood functions is larger in the direction orthogonal to the line segments. The result is that
parallel lines have a stronger tendency to cluster compared with the other parameter settings.

=
Y
=
= = -
c. (p,q,7) = (2,4,30). d. (p,q,7) = (2,2,40).

figure 7: results for different parameter settings.

7. Conclusions

This paper has presented a technique for constructing a metric for comparing symbolic features in im-
ages. The technique for constructing metrics on sets of features is founded on well known mathematical
techniques. The construction of the metric indicates a way in which the notion of nearness that is de-
sired for a specific application can be implemented in the metric by choosing appropriate neighbourhood
functions.

The technique allows a limitation of the number of degrees of freedom. The number of degrees of
freedom that are left decreases when the symmetry of the problem increases. It is our hope that by using



13

the metrics we propose, the arbitrariness and the number of “free parameters” (especially thresholds) in
pattern recognition algorithms can be reduced. In the case of line segments, for example, choices have to
be made only for the different lengths occurring in the feature set.

Experiments with a metric on the set of all line segments have shown that the type of metrics
discussed in this paper can be useful in a practical situation. It is possible to detect lineas structures
in images by a clustering method using the metric. The performance of this algorithm can be called
satisfactory, especially if it is taken into account that the algorithm is conéeptually very simple. In the
last stages of the clustering, however, over-clustering occurs. Therefore a decision ciiterion is needed that
determines when the clustering should stop because all linear structures have been detected.
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