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Abstract. Communication problems between humans and ma-
chines are often the reason for failures or wrong computations. While
machines use well-defined languages and rules in formal models to
compute information, humans prefer natural language expressions
with only vaguely specified semantics. Similarity comparisons are
a central construct of the human way of thinking. For instance, hu-
mans are able to act sensible in completely new situations by com-
paring them to similar experiences in the past. Similarity is used
for reasoning on unknown information. It is necessary to overcome
the differences in representing and processing information to avoid
error-prone communication. A machine being able to understand nat-
ural language and detect the semantic similarity between expressions
would be the key to eliminate human-machine communication prob-
lems.

This paper addresses human-machine communication about spa-
tial configurations in natural language. We propose a computational
model to capture the semantics of natural language spatial relations
and to compare them with respect to their semantic similarity. The
semantic description is based on an approach developed by Shar-
iff, Egenhofer and Mark which describes natural language spatial
relations via a combination of several formal spatial relations. The
semantic similarity measure is inspired by Gärdenfors’ conceptual
spaces: we model the formal relations as quality dimensions of a geo-
metric space, describe the natural language expressions as regions in
the multidimensional space and determine their similarity via spatial
distances.

1 Introduction
Any computer system working with spatial data or interacting with
the environment - ambient intelligence, robots or traditional geo-
graphic information systems - must have the capability to communi-
cate with humans about environments. Spatial human-machine com-
munication via natural language poses great problems: natural lan-
guage spatial expressions are highly ambiguous with only vaguely
specified semantics and therefore cannot be easily formalized. How-
ever, a computer requires a formal model to understand and process
the semantics of spatial relations. A computer being able to under-
stand and express spatial configurations in natural language would
simplify greatly the communication between humans and machines.

Shariff, Egenhofer and Mark [24, 8, 23] developed a formal model
to describe natural language spatial relations: following the premise
topology matters, metric refines they investigated several topologic
and metric properties of natural language expressions in a human
subject test. Based on their findings, we propose to specify the se-
mantics of natural language spatial relations by describing all pos-
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sible formal spatial relations that apply to the spatial configuration
described by the natural language term. We use formal spatial rela-
tions as qualities to describe natural language spatial relations.

While equality and inequality is very easy to detect for computers,
similarity is a vague and relatively undefined measure to compare
entities. However, similarity plays an important part in the human
cognition: the sense of similarity is the foundation for the human
ability to classify similar entities, to reason on similar situations and
for learning. The vagueness of similarity-based reasoning often leads
to cognitively more plausible results than formal reasoning does.

Gärdenfors proposed conceptual spaces [11, 12, 13] as a cogni-
tively plausible framework for representing information at a concep-
tual level. We apply the theory of conceptual spaces to a geomet-
ric similarity measure for natural language spatial relations: the con-
ceptual space is formed by a set of quality dimensions which are
grounded in well-defined formal spatial relations. Each natural lan-
guage spatial relation is described by values on the quality dimen-
sions and therefore occupies a region within the conceptual space.
The geometric space is then used to determine the semantic distance
between the natural language expressions.

The reminder of the paper is structured as follows: section 2 gives
of an overview on the related work: we start with outlining differ-
ent formal spatial relations and explain how the model by Shariff,
Egenhofer and Mark use formal relations to describe natural lan-
guage spatial relations. Then we shortly introduce Gärdenfors’ con-
ceptual spaces as framework for similarity measurement. In section 3
we describe our approach for determining the semantic similarity of
natural language spatial relations. We explain how the quality dimen-
sions of a conceptual space are constructed and afterwards outline the
semantic distance measure for quality dimensions. Section 4 presents
the results of our experiment: we compute the semantic similarity of
spatial relations based on the findings in the human subject test by
Mark, Egenhofer and Shariff and discuss our results. Section 5 sum-
marizes the outcome of the paper and outlines directions for future
work.

2 Related Work

To enable machines to capture semantics of natural language spatial
relations, the relations must be described in a formal model. In this
section we describe formal spatial relations which build the basis
for the computational model by Shariff, Egenhofer and Mark [24,
8, 23] to describe natural language spatial relations. Afterward we
describe Gärdenfors’ theory of conceptual spaces which will be used
as framework for similarity measurement.



2.1 Formal Spatial Relations

There exist three different types of spatial relations: topologic, metric
and direction relations. Topologic relations describe the position and
arrangement of features in space, which are invariant under continu-
ous transformations, such as rotation, translation and scaling. Con-
tainment, overlap and disjointness are examples for topologic re-
lations. Egenhofer et al. developed an influential categorization of
topologic relations: the 9-Intersection model describes properties of
relations formally by a 3 × 3 matrix, which indicates whether the
interior (A0), exterior (A−) and boundary (δA) of both objects in-
tersect or not (figure 1). Eight relations were identified between two
regions and nineteen between lines and regions [4, 5, 6] (figure 2).

I(A, B) =

(
A0 ∩B0 A0 ∩ δB A0 ∩B−

δA ∩B0 δA ∩ δB δA ∩B−

A− ∩B0 A− ∩ δB A− ∩B−

)

Figure 1. Matrix characterizing the topologic relation [23, p. 257].

Metric relations focus on the distance of features. The absolute
value of the quantitative distance of two features can be measured.
Since they are based on the existence of a metric, they change under
scaling but are preserved under translation and rotation.

Direction relations [10, 18] describe the orientation of spatial ob-
jects. Depending on the reference frame, the orientation is described
by fixed directions such as cardinal directions [9] or by directions
relative to some object or the intrinsic axes of an object. Direction
relations are invariant under translation and scaling of the reference
frame. Using relative orientation, direction relations are also invari-
ant under rotation.

2.2 Semantics of Natural Language Spatial
Relations

While formal spatial relations have well-defined semantics, natural
language spatial relations have more complex semantics and often
imply more than one type of formal spatial relation. People are more
familiar with using spatial terms in their natural languages, but sys-
tems use definitions based on a computational model for spatial re-
lations. To bridge this gap Shariff, Egenhofer and Mark developed
a model defining the geometry of spatial natural language relations
following the premise topology matters, metric refines [7]. The com-
putational model for spatial relations [8, 24] consists of two layers:
first it captures the topology between lines and regions based on the
9-Intersection model. The second layer analyzes the topologic con-
figuration according to a set of metric properties: splitting, closeness
and approximate alongness.

Topologic Properties. Shariff et al. use the 9-Intersection model
to describe topologic properties of natural language spatial relations:
there exist 19 different relations between lines and regions. The con-
ceptual neighborhood graph illustrated in figure 2 arranges the dif-
ferent relations according to the topologic differences in the 3 × 3
matrix. The arrangement of relations also largely corresponds to the
human similarity perception: the nearer two relations are within the
network, the more similar they are (see [6] for further discussion of
conceptual neighborhood graphs between lines and regions).

A natural language spatial relation can be described by one or sev-
eral topologic relations: a human subject test showed that humans as-

Figure 2. Conceptual neighborhood graph of topologic relations between
line and region [8, p. 301].

sociate the expressions crosses and intersects both with the topo-
logic relation A in figure 2 and the expression ”along edge” with
relation B and C.

Metric Properties. The metric properties of natural language spa-
tial relations refer to the ratios of certain distances, length or size
differences of the region and the line.

Splitting determines the way a region is divided by a line and
vice versa. The intersection of the interior, exterior or boundary of
a line and a region is either one- or two-dimensional. In the one-
dimensional case, the length of the intersection is measured, in the
two-dimensional case the size of the area. To normalize length and
area, they are divided by either the region’s area or the length of the
line or the region’s boundary.

• Interior/Exterior Area Splitting: describes how the line separates
the interior / exterior of the region (figure 3 illustrates the Interior
Area Splitting IAS).

• Interior/Exterior Traversal Splitting: describes the ratio of the line
lying inside/outside the region to the length of the whole line (fig-
ure 3 illustrates the Exterior Traversal Splitting ETS).

• Perimeter/Line Alongness: describes the ratio of the line lying on
the region’s boundary to the length of the region’s boundary or to
the line’s length (figure 3 illustrates the Line Alongness LA).

• Region Boundary Splitting: describes how the boundary of the
line splits the boundary of the region.

Closeness describes the distance of a region’s boundary to the dis-
joint parts of the line. This set of measures distinguishes between
four different configurations:

• Inner/Outer Closeness: the distance between the line’s and the re-
gion’s boundary with the line’s boundary being inside/outside the
region.

• Inner/Outer Nearness: the distance between the line’s interior
and the region’s boundary with the line being completely in-
side/outside the region (figure 3 illustrates the Outer Nearness
ON).

Approximate alongness is a combination of the closeness mea-
sures and the splitting ratios: it assesses the length of the section
where the line’s interior runs parallel to the region’s boundary. Four
types of approximate alongness are of interest:

• Inner/Outer Approximate Perimeter Alongness assesses how the
line’s interior splits a buffer zone around the region’s boundary
with the buffer zone being inside/outside the region (figure 3 il-
lustrates Outer Approximate Perimeter Alongness OPA).



Figure 3. Illustration of several metric measures: Interior Area Splitting
(IAS), Exterior Traversal Splitting (ETS), Line Alongness (LA), Outer

Approximate Perimeter Alongness (OPA) and Outer Nearness (ON) [24, pp.
212–214].

• Inner/Outer Approximate Line Alongness assesses the length of
the line’s interior falling within a buffer zone around the region’s
boundary with the buffer zone being inside/outside the region.

We are aware of the fact that this computational model does not in-
clude a ”complete” semantic description of natural language spatial
relations. It does not consider directional properties, neither other as-
pects such as functional properties of spatial relations [2]. However,
the combination of topologic and metric properties already serves as
a good approximation of the semantics inherent in natural language
spatial relations and has proven very useful for the similarity com-
parison.

2.3 Gärdenfors’ Conceptual Spaces
The notion of a conceptual space was introduced by Peter Gärdenfors
as a framework for representing information at the conceptual level
[11, 12, 13]. Conceptual spaces can be utilized for knowledge rep-
resentation and support semantic similarity measurement. A con-
ceptual space is formalized as a multidimensional space consisting
of a set of quality dimensions 2. The quality dimensions can have
any geometric or topologic structure: in figure 4 are shown two lin-
ear dimensions. Each concept is described on the quality dimen-
sions with either a single value or an interval. Concepts are therefore

2 Gärdenfors’ conceptual spaces consist of a more complex structure based on
domains represented through a set of integral dimensions, which are distin-
guishable from all other dimensions. Since this paper focuses on conceptual
spaces as technique for knowledge representation and similarity measure-
ment, we do not focus on the cognitive foundation of conceptual spaces, but
concentrate only on the methodology to formalize conceptual spaces. We
therefore describe a ”simplified” version of conceptual spaces consisting of
one-dimensional scientific dimensions. The complete cognitive foundation
of conceptual spaces can be found in [11].

represented via n-dimensional convex regions within the conceptual
space.

Figure 4. Two concepts and their semantic distance in a two-dimensional
conceptual space.

The fact that conceptual spaces have a metric allows for the calcu-
lation of spatial distances between concepts in the space. The spatial
distance is interpreted as the semantic distance: the nearer two con-
cepts are in the conceptual space, the lower is their semantic distance
and the higher is their similarity. The similarity is considered as a de-
caying function of the semantic distance [1, 11]. Gärdenfors proposes
to use the Minkowski metrics to calculate the semantic distance.

distanceij = [

n∑
k=1

|xik − xjk|r]
1
r

The Minkowski metrics are described via a generic formula: r = 1
results in the city-block distance and r = 2 in the Euclidean distance.
According to the city-block metric, the distance equals the sum of
the absolute distances of each dimension and the Euclidean distance
is computed as the square root of the sum of the dimension-wise
squared differences [25]. Johannesson and Gärdenfors demonstrated
in experimental studies, that the Euclidian metric is more appropriate
when stimuli are composed of integral, perceptually fused dimen-
sions and the city-block metric is appropriate when the stimuli are
composed of separable dimensions [14, 15].

3 A Semantic Similarity Measure for Natural
Language Spatial Relations

Our semantic similarity measure for natural language spatial rela-
tions combines the above mentioned approaches: Shariff, Egenhofer
and Mark showed how natural language spatial relations can be de-
scribed by their topologic and metric properties. We use their model
to determine relevant qualities for the semantic description of spatial
relations. For the similarity comparison we apply Gärdenfors’ theory
of conceptual spaces as framework to represent the topologic and
metric properties and determine the similarity.

Via this formalization of natural language spatial relations a ma-
chine cannot only ”understand” the meaning of the spatial expres-
sions, but also compare two natural language expressions with re-
spect to their similarity. A semantic similarity measure therefore en-
ables a machine to compare instructions from humans: when it re-
ceives a new instruction it can search for similar instructions in the
past and reuse its ”experiences”. Similarity comparisons are impor-
tant to simulate human reasoning processes and offer the vagueness
and flexibility that formal-logic reasoning is often lacking. The abil-
ity of judging similarity is necessary to react adequately to new situa-
tions by comparing them to experiences learned in the past. We con-
sider similarity comparisons as an important form of non-classical
reasoning.



3.1 Topologic Properties of Natural Language
Spatial Relations

Shariff et al. proposed 16 different properties to specify the semantics
of natural language spatial relations. The first property describes the
topologic relation between the region and the line.

Representing the semantics. We use the conceptual neighbor-
hood graph between lines and regions as shown in figure 2 as one
quality dimension of the conceptual space. The topologic properties
of natural language spatial expressions are described by different val-
ues on this dimension. While most qualities are described on a lin-
ear dimension, this quality dimension has a network structure. This
is necessary to reflect the complex similarity relations between the
different topologic configurations. As mentioned above, there exist
different ways to construct the conceptual neighborhood graph be-
tween lines and regions. In [6], Egenhofer and Mark propose the
snapshot model, which focusses on the differences in the topologic
relations, and the smooth-transition model, which explicitly repre-
sents the change process between the configurations. The selection
of the conceptual neighborhood graph has an influence on the sim-
ilarity value computed by our model, because the arrangement and
therefore also the measured distances differ.

Figure 5. Examples for the topologic description of spatial relations.

Measuring the similarity. The semantic distance between two
different properties on a network dimension are the shortest dis-
tance between the nodes in the network. Figure 5 shows the relations
enclosed by, in and inside described by a line lying completely in-
side the region and the relations crosses, bisects and intersects
described by a line starting outside of the region, crossing the re-
gion and ending outside of the region again. The semantic distance
between these relations equals six, because the nodes are six steps
away in the network.

distance(x1∧...∧xk, y1∧...∧ym) =
1

km

k∑
i=1

m∑
j=1

distance(xi, yj)

If a concept is represented by a conjunction of several nodes (i.e.
several topologic configurations are possible for one expression) we
compute the average distance as shown in the above formula. This
measure was proposed by Rada [19] as semantic distances in a se-
mantic network.

3.2 Metric Properties of Natural Language Spatial
Relations

Shariff et al. propose further 15 metric properties to describe natural
language spatial relations.

Representing the semantics. The 15 different metric properties
are represented on separate dimensions: seven for splitting, four for
closeness and four for alongness. These dimensions are linear: each
natural language spatial relation is described by an interval on those
dimensions which are applicable. Table 1 shows the specification for
the same six relations as above. For instance, the dimension Outer
Closeness (OC) is not determinable for the relations enclosed by, in
and inside, because the line is completely inside the region.

Table 1. Examples for the metric description of spatial relations.

Measuring the similarity. The semantic distance on linear dimen-
sions is measured as the spatial distances. If the spatial relations are
described via intervals, the semantic distance is computed between
the mean values of the intervals. In the multidimensional space, this
corresponds to the semantic distance between the center points of the
regions describing the spatial relations. The center point of a concept
is often interpreted as the prototypical instance of this concept.

3.3 Adaptation of the Theory of Conceptual Spaces
Gärdenfors describes conceptual spaces only at a theoretical level.
To develop a computational model of conceptual spaces we need to
extend and adapt slightly the theory to enable calculations with real
world data.

To use conceptual spaces for our similarity comparison of spatial
relations, we have to consider the fact, that the topologic properties
are decisive and the metric properties serve only as refinement. The
calculation accounts for the importance of dimensions by assigning
weighting factors to each quality dimension reflecting the importance
of the dimension.

In order to calculate the semantic distances between concepts it
is required that all quality dimensions of the space are represented in



the same relative unit of measurement. This is ensured by calculating
the z scores for these values, also called z-transformation [3]. We
compute the spatial distance based on the standardized dimension
values.

Moreover, we have to consider that not all spatial expressions are
described by the same set of quality dimensions: some quality dimen-
sions may not be applicable at all or their values do not matter for a
specific configurations. Therefore the similarity comparison must be
able to compare descriptions of spatial relations based on different
conceptual spaces. In [22, 20, 21] we proposed a two-step process
for computing semantic distances in conceptual spaces based on dif-
ferent dimensions: in the first step we check whether both concepts
are described by the same dimension. For this purpose we introduce a
boolean dimension with the value ’yes’ for dimension existence and
’no’ indicating that the dimension is not applicable. If the dimension
is applicable, we compare the values for this quality. This way we
can compare concepts described in non-identical conceptual spaces.
The weighting factors are chosen in a way, that a non-applicable di-
mension increases the semantic distance more than different values
on the same quality dimension.

4 Evaluation
To evaluate the quality of our similarity comparison we test our
model with a set of spatial relations.

Figure 6. Examples from the human subject test [17, 23].

Mark and Egenhofer [17] investigated the underlying topologic re-
lations of different natural language spatial relation in a human sub-
ject test: the subjects were presented with a picture of a park and a
sentence describing a particular spatial relation between a park and a
road. The subjects had to draw a road in the picture such that the re-
sulting drawing would fit the spatial relation. Figure 6 shows several
examples of these drawings.

Shariff et al. analyzed the drawings from the experiment for the
metric properties of the investigated spatial relations and constructed
a complete topologic and metric description of 59 natural language
spatial relations. Figure 5 and table 1 show only a small set of rela-
tions as examples; the complete data can be found in [24] and [23].

We used Shariff et al.’s specification of natural language spatial
relations as data basis for our similarity comparison. The similarity
comparison was done for all 59 spatial relations tested by Shariff
and showed good results. Here however, we can present the results
only for the small subset of 15 spatial relations 3. Table 2 shows
the resulting similarity values. To increase the readability we present
the results in a condensed way: we assigned the spatial relations to
three groups: similar relations have a semantic distance less than 1,
partially similar relations have a semantic distance between 1-4.5
and not similar relations have a semantic distance greater 4.5.

3 The complete data-set can be found online http://www.cogsci.uni-
osnabrueck.de/ aschweri/SimilarityComparison.xls

Table 2. Results of the similarity comparison (s means similar, p means
partially similar and n means not similar.

Obviously every relation is the most similar to itself, because it
has a semantic distance of 0 to itself. We will discuss the results now
in detail for the relations avoid, cross and in. We chose three very
different relations to show that our similarity measure can handle
different spatial configurations. The reader may have a look at table
2 for the complete results.

The most similar relations to avoid are the relations bypass and
near. Both relations describe a line (the road in the human subject
test by Mark et al.) which is entirely outside of the region (the park
respectively). The relation along edge is only classified as partially
similar: in the human subject test the subjects described along edge
as a either touching or non-touching line along the region. Therefore
our computational model determines a higher semantic distance to
avoid than to bypass and near. All other relations are classified as
non-similar: they describe relations where the line is at least partly
inside the region (the subjects described enclosed by topologically
as a line being in the region).

The most similar relations to cross are the relations
traverse, intersect, split, transsect and bisect. All these
relations describe a line starting from outside of the region, going
through the region and ending again outside of the region. The
relation enter is classified as partially similar: it describes a line
starting outside the region, going into it and ending inside of the
region. All other relations indicate spatial configurations where the
line is either entirely inside or outside the region. Our computational
model classifies these relations as not similar.

The most similar relations to in are the relations enclosed by,
within and inside. Although enclosed by and in mean something
different, they both indicate almost the same spatial configuration.
All other relations have not been classified as similar, because they
all indicate a spatial configuration where at least some part of the line
is outside of the region.

The test shows that our computational model for semantic simi-
larity measurement between spatial relations comes up with sensible
results. Of course, this approach is limited to the comparison of the
spatial configuration only and does not account for other semantic
properties of spatial relations.



5 Summary and Future Work
In this paper we developed a semantic similarity measure for natural
language spatial relations and evaluated the measure based on a set
of English spatial relations. The aim of this computational model is
to easy human-computer communication about spatial configuration:
using our computational model, a computer becomes able to analyze
the semantics of natural language terms and compare them with re-
spect to their semantic similarity. A computer can ”understand” spa-
tial expressions in natural language and reason on them.

We combined a framework for semantic similarity measurement,
namely Gärdenfors conceptual spaces, with Shariff et al.’s model to
describe natural language spatial relations. Shariff et al.’s descrip-
tion is based on topologic properties and various measures for metric
properties. Each property is represented on a different quality dimen-
sion: the topologic properties are modeled on a network dimension
while the metric properties are modeled on a linear dimension.

In our experiment we computed the similarity of various spatial
relations for which have been produced formal descriptions before in
a human subject test by Mark et al. Although the results are already
very convincing, we will have to examine in the future, how well the
computed similarity values match human similarity judgement.

Moreover, the formal model of Shariff, Egenhofer and Mark is
limited to lines and regions. More work has to be done to test to what
extend this approach can be applied to region-region and line-line
spatial relations as well. Furthermore, the formal model by Shariff et
al. is based only on a single park-road domain. It should be examined
whether there are any scale or domain dependencies (see for example
[16]).
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