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Abstract. Systems supporting situation awareness typically integrate informa-
tion about a large number of real-world objects anchored in time and space pro-
vided by multiple sources. These sources are often characterized by identical,
incomplete, and even contradictory information. Because of that, duplicate de-
tection methods are of paramount importance, allowing to explore whether or not
information concerns one and the same real-world object. Although many such
duplicate detection methods exist, a recent survey revealed that the character-
istics of situation awareness—highly dynamic and vague information, which is
often available in qualitative form only—are not supported sufficiently well. This
paper proposes concepts for qualitative duplicate detection to cope with these key
issues of situation awareness based on spatio-temporal relations between objects.

1 Introduction

Situation awareness [17] is gaining more and more importance as a way to help human
operators cope with information overload in large-scale control systems [6], like, e. g.,
encountered in the domain of road traffic management [26]. Systems supporting situa-
tion awareness typically deal with a vast amount of information about a large number
of real-world objects anchored in time and space provided by multiple sources. These
sources are often characterized by heterogeneous formats and, most crucial, contain
identical, incomplete, and often even contradictory information [30]. Besides having to
resolve structural heterogeneities at schema level, the data itself has to be fused into a
single consistent form at instance level [8].
Characteristics of duplicates in situation awareness. As a major prerequisite for the
latter task, duplicate detection methods are of paramount importance, allowing to ex-
plore whether or not information having, e. g., different origins or different observation
times, concern one and the same real-world object. As was pointed out in a recent survey
[5], existing duplicate detection methods, however, fail to consider the characteristics
of situation awareness with respect to duplicate detection. In particular, the underlying
data about real-world objects (e. g., a traffic jam) is often highly dynamic and vague.
This entails that reliable numerical values are hard to obtain, thus making qualitative
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duplicate detection approaches better suited than quantitative ones [14]. Current quali-
tative duplicate detection methods, however, are highly domain-specific, like e. g., such
being proposed for detecting similar trajectories of moving objects in a road network
[23], and measure similarity only with respect to a single spatial aspect, like distances
between points of interest, at most taking time as additional dimension into account.
Duplicate detection on the basis of qualitative spatio-temporal relations. To over-
come these limitations, we base upon the observation of Keane et al. [25], who state
that humans generally tend to base their similarity judgement on (multiple) relation
similarities, if present. Such relations can be expressed by employing relation calculi,
each of them focusing on a certain spatio-temporal aspect, like mereotopology [31],
orientation [15], or direction [29]. These calculi are often formalized by means of
Conceptual Neighborhood Graphs (CNGs, [19]), imposing constraints on the transi-
tions between relations. By that, CNGs are an important notion for modeling contin-
uously varying processes [28], and are adopted in, e. g., qualitative simulation [12],
prediction [7], tracking moving objects [34], or agent control [16]. We propose a du-
plicate detection approach on the basis of similarity measures derived from relation
calculi and their CNGs, comprising rule-based similarity measures defined by domain
experts, which are accompanied by distance-based ones. With rule-based similarity
measures, domain experts can express their knowledge for detection of identical infor-
mation (e. g., two objects are duplicates, if they are in the same-type- and equal-region-
relationship). Complementary, with distance-based similarity measures duplicates in in-
complete and contradictory information can be detected as well (e. g., two traffic jams
being in VeryFar relationship from distance calculus are less likely duplicates then
such being VeryClose). The applicability of this approach is demonstrated on the
basis of real-world traffic data collected by the Austrian Highways Agency ASFINAG.
Structure of the paper. In the next section, we summarize the characteristics of sit-
uation awareness with respect to duplicate detection by means of examples from the
domain of road traffic management. In Section 3, we propose concepts for duplicate
detection being applicable in presence of such characteristics. We then evaluate these
concepts in Section 4. Finally, we provide an overview of related work in Section 5,
before we conclude the paper in Section 6 by indicating future work.

2 Motivating Example

Road traffic management systems, being responsible for, e. g., improving traffic flow
and ensuring safe driving conditions, are a typical application domain for situation
awareness, aiming at assisting human operators by providing reliable qualitative in-
formation, e. g., “a wrong-way driver heading towards a traffic jam”. In our previous
work [6] we introduced a framework3 for building situation-aware systems on the basis
of a domain-independent ontology representing qualitative information about the sys-
tem under control. In the framework’s ontology, objects and relations between them
are aggregated into situations, whereas objects can either be real-world objects with
a physical identity (e. g., a tunnel) or reified representations of events (e. g., a traffic

3 This framework was used to build a prototype supporting human operators, thereby showing
the feasibility of our approach.



jam). Information about such objects and relations stems from various sources being
maintained independently, which, naturally, leads to duplicates in the form of identi-
cal, incomplete, and even contradictory information about the same real-world object.
Changes of objects over time (i. e., object evolution), like, e. g., movement on a road,
also lead to changes in relations between objects and make it particularly challenging
to detect duplicates. In the following, we will exemplify these specific issues.

Let us suppose that a traffic jam builds up on a highway during rush hour, which may
lead to a sequence of entries (cf. Fig. 1, 1–5) in the road traffic management system,
originating from a call center and from a traffic flow detector. From a chronological
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Fig. 1. Information about a traffic jam during rush hour.

point of view, first of all a motorist informs the call center (entry 1). As the traffic
jam’s starting point is located between two flow measuring devices, it takes a while
until the traffic jam has grown to an extent also observed by the traffic flow detector
(entry 2). Both the traffic flow detector and the call center subsequently report updated
information, as described by entries 3–5. However, motorists located at the end of the
traffic jam are less and less able to observe the traffic jam’s whole extent, resulting in
inexact information about its starting point (entry 3), or even just in information about
its end (entry 5).

In order to identify that all of these entries in fact describe one and the same real-
world object, existing duplicate detection methods typically compute a similarity mea-
sure from selected properties [8]. Fig. 1 shows an exemplary similarity measure based
on the distance between the end positions of traffic jam entries (e. g., d23). Such dupli-
cate detection methods, however, fail if reliable numerical values cannot be provided
and if objects dynamically evolve [5], which are both important characteristics of appli-
cation domains for situation awareness. For example, a “traditional” similarity measure



would calculate d23 as the quantitative distance between the positions of entry 2 and
entry 3, which is not possible if the only information available is, that these positions
are close to each other. In the following section, we propose concepts to overcome these
limitations. Please note that, since we build on our previous work [6], we assume that
structural heterogeneitis between data sources have already been resolved.

3 Measuring Similarity of Qualitative Spatio-Temporal Data

A major task in duplicate detection for situation awareness, as exemplified in the pre-
vious section, is to measure the similarity of entries being anchored in time and space.
In this section, we describe our approach to defining similarity measures on the basis
of spatio-temporal relations, which are an integral part of describing objects in situa-
tions. In contrast to traditional duplicate detection methods based solely on an object’s
properties, such similarity measures are in accordance with Situation theory of Barwise
and Perry [3]4 and exploit the observation of Keane et al. [25], who state that humans
generally tend to base their similarity judgement on relation similarities, if present.

In the field of qualitative spatio-temporal reasoning, a number of well-established
relation calculi, each of them focusing on a certain aspect, like e. g., mereotopology in
the Region Calculus (RCC, [10]) or time in Allen’s Time Intervals Algebra [1], struc-
ture the possible relationships between objects (e. g., in RCC depicted in Fig. 2, a region
occupied by a traffic jam can be Disrelated from, PartiallyOverlapping,
ProperPart, or Equal to a region of another traffic jam). These calculi are often
formalized by means of conceptual neighborhood graphs (CNG, cf. [18]), resembling
simple state transition diagrams. A CNG represents relations as nodes and the tran-
sitions between them as edges, and is arranged consistent with the human perception
of similarity, i. e., similar relations are close to each other in a CNG, dissimilar ones
are farther apart from each other in terms of the number of transitions in-between
(termed relation distance). Fig. 2 shows the CNG of RCC, whereby the meaning of
each relation is depicted inside the relation’s node with circular objects. It can be seen,
that the calculus contains one relation, which holds in case two objects are equal (i. e.,
the identity relation of RCC), three relations for describing somewhat similar objects
(ProperPart, PartiallyOverlapping, and ProperPartInverse, because
their regions in some form overlap or are contained in each other), and one relation for
describing dissimilar objects (Disrelated, being farthest from Equal). Based on
this, in the following we describe how to determine the similarity of entries, on the one
hand, using exact definitions given by domain experts in a rule-based manner, and, on
the other hand, by measuring relation distances.

3.1 Rule-Based Similarity Measure

Recently, ontology-driven situation awareness techniques [11], [2] have emerged, pro-
viding the vocabulary for describing situations with rules [6], [27]. Such approaches

4 This notion makes the proposed approach applicable to a wide range of efforts in situation
awareness, like e. g., to Kokar’s approach [27].
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Fig. 2. Conceptual Neighborhood Graph of RCC.

define the necessary pre-requisites for a rule-based duplicate detection approach, allow-
ing domain experts to describe their knowledge about duplicates in the form of exact
definitions. In the following example, the rule

Accident(?a) ∧ Accident(?b)
∧rcc : Equals(?a, ?b) ∧ allen : Equals(?a, ?b)

(1)

defines that, for determining whether two accident entries a and b are duplicates, equal-
ity of their regions (rcc : Equals(?a, ?b)) as well as their temporal intervals (allen :
Equals(?a, ?b), i. e., valid time frames in Fig. 1) is most relevant. Such rules are suit-
able for detecting identical duplicates, and therefore need to be accompanied with con-
cepts allowing the detection of duplicates in incomplete and contradictory information,
as described in the following section.

3.2 Distance-Based Similarity Measure

We can use the distance between relations in a CNG to describe similarity of objects:
for this, we identify an identity relation in each calculus that is valid if two objects
are equal. This identity relation then serves as a reference point for calculating the
distance to the relation being actually valid between the two objects. For example, the
distance between Disrelated and Equals—being the identity relation of RCC—is
2 according to the CNG in Fig. 2, whereas PartiallyOverlapping and Equals
are direct neighbors (distance 1). Therefore, if PartiallyOverlapping is actually
valid between two objects, they are considered to be more similar than two objects being
Disrelated5.

Such a very basic one-dimensional computation, however, does not reliably de-
scribe the similarity of two objects being characterized by many different real-world
aspects. Therefore, we combine calculi describing such different real-world aspects,
like mereotopology, orientation, distance, and size from the spatial domain, as well as
distance and size from the temporal domain. For combining these calculi, we base upon

5 Note, that for using a CNG to determine a similarity measure, a calculus needs to be joint
exhaustively and pairwise disjoint (JEPD), which means that between any two objects exactly
one of the calculus’ relations is valid.



the work of Schwering [32], which uses a variant of Gärdenfors’ conceptual spaces [22]
to combine different metrics to a similarity measure for relations. In this approach, the
similarity of natural-language relation constructs is measured by interpreting the con-
ceptual space as a geometric space delimited by quality dimensions, making it possible
to calculate distances within the space. Going beyond the work of Schwering, however,
our approach uses such a conceptual space to represent each relation calculus on its
own quality dimension, and thereby calculates a similarity measure for entries repre-
senting objects, as depicted in Fig. 3. In this figure, we show the valid relations between
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some of the entries from our motivating example. For example, the entries 1 and 5 are
Disrelated in the quality dimension RCC, their spatial distance is VeryFar, and
entry 1 is Longer in temporal size than entry 5. The relations valid between entry 2
and entry 3 are ProperPart, VeryClose and Longer. The fact that the relation
distance defines a metric for each of the quality dimensions allows us to calculate dis-
tances between relation sets (like, e. g., the relation sets {Disrelated, VeryFar,



Longer}, {ProperPart, VeryClose, Longer}, and {Equals, VeryClose,
AsLongAs} depicted in Fig. 3). Particularly interesting is the distance between the set
of identity relations and the entries’ valid relations, as we define the similarity measure
of entries as a decaying function of this distance. For example, the distance d15 between
the set of identity relations and the relations of entries 1 and 5 indicates that these entries
are unlikely to be duplicates. In comparison, the distance d23 is smaller, indicating that
the entries 2 and 3 are more likely to be duplicates. For calculating such a distance, we
can use well-known metrics like Euclidian distance or city-block distance (also known
as Manhattan distance) [13]. We follow the suggestion of Johannesson [24] to use the
city-block distance, allowing to combine semantically separable dimensions (e. g., time
and space), which are predominant in situation awareness.

Since the calculation of relation distances requires comparing every object with ev-
ery other object, the proposed approach’s runtime behaviour can be improved using
clustering strategies that reduce the number of object comparison operations. One such
strategy could cluster objects by their type, based, e. g., on type subsumption infor-
mation defined in ontologies, so that only objects having the same type are compared.
Other possible strategies include clustering by spatial information, since, e. g., accidents
that have occurred on different roads can be assumed to be distinct and, therefore, do
not require the calculation of relation distances. Additional improvements are possible
by incorporating a domain expert’s knowledge formalized in rules as shown in Sect. 3.1
to select only appropriate calculi and identity relations for inclusion in the conceptual
space (alternatively, all available calculi could be included), thereby minimizing the
number of required comparison operations. Further improvements in terms of accuracy
might be achieved by integrating additional qualitative dimensions into the conceptual
space and taking knowledge on correlations and subsumptions between calculi into ac-
count.

4 Evaluation

For evaluating the proposed concepts, we collaborate with our project partners6 pro-
viding real-world data. These data are reported by multiple sources, like, e. g., traffic
flow sensors, road maintenance schedules, and motorists reporting incidents to a call
center. The recorded data set used for this evaluation consists of 3,563 distinct road
traffic objects, comprising, among others, 778 traffic jams, 819 road works, 1,339 other
obstructions, 460 accidents, and 64 weather warnings. In this early stage, we focussed
on detecting duplicate traffic jams, and relied on the help of domain experts, who man-
ually examined the recorded data set, resulting in a test data set comprising 35 dupli-
cates among a total of 94 traffic jam messages. It has to be noted, that the presented
preliminary evaluation results, although they indicate the applicability of the proposed
approach, further need critical observation, as we continuously extend our test data set.

For evaluating duplicate detection we first employed duplicate detection rules spec-
ifying that two traffic jam entries are duplicates if the following condition holds: RCC:-

6 We are currently realizing ontology-driven situation awareness techniques for the domain of
road traffic management together with our project partners Heusch/Boesefeldt, a German sup-
plier of road traffic management systems, and the Austrian highways agency ASFINAG.



PartiallyOverlapping∧ TemporalDistance:Close, cf. Fig. 4 (a). In con-
trast to that, our approach exploiting relation distances was configured with a two-
dimensional conceptual space measuring distances in RCC and Allen’s Time Intervals
Algebra (allowing duplicates to have a distance of one to each dimension’s identity
relation), cf. Fig. 4 (b).
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Fig. 4. Precision and recall of proposed concepts.

As the evaluation reveals, duplicate detection relying on rules is only able to detect
information exactly satisfying the rule, which leads, on the one hand, to high preci-
sion, but on the other hand to many missed duplicates (20, resulting in low recall). In
contrast, working with similarity measures based on relation distances holds the risk of
interpreting non-duplicates as duplicates (i. e., an increase in false positives from two
to three), but enables us to detect also duplicates stemming from incomplete or contra-
dictory information (an increase from 15 to 33 true positives, a decrease from 20 to two
false negatives, resulting in higher recall). When examining the false positives in detail,
we found out that they mainly stem from incomplete temporal information, resulting in
entries having no ending time and thus entailing overlapping time intervals. An experi-
enced human operator could substitute such missing temporal information with typical
object evolutions, thus avoiding this issue. This observation underpins the hypothesis
that object evolution characteristics—as we proposed as an optimization technique for
predicting object evolutions [4]—are promising for improving duplicate detection.

5 Related Work

Relevant related work for qualitative duplicate detection in situation awareness can be
found in geospatial database research, as well as in research on moving object trajecto-
ries.

The survey of Schwering [33] focuses on semantic similarity of geospatial data,
thereby emphasizing the importance of appropriate similarity measures for different
spatial representation models. One such similarity measure for spatial relations is pro-
posed in [32]. However, this similarity measure is restricted to topologic and distance
aspects of relations between lines and regions, and leaves the incorporation of direc-
tional relations, or non-spatial relations as further work. We generalize this work to



measure similarity between arbitrary objects by comparing the relations between them
with appropriate identity relations.

Similarity analysis of trajectories is an area concerned with comparing the traces
of moving objects in time and space [21]. Several such methods exist, like [9], [20],
and [23]. However, most of them in fact measure similarity in Euclidian space only
(whereas in our domain graphs are more suitable to describe spatial information), and
lack support for qualitative spatio-temporal information. The work of Hwang et al. [23]
is particularly relevant for our work due to its applicability to road networks. Hwang
et al. propose spatio-temporal similarity measures to detect duplicates in trajectories of
moving objects. Being based on qualitative information in terms of “points of interest”
and “times of interest”, the method, however, is not able to consider multiple different
spatial aspects, resulting in rudimentary duplicate detection only.

6 Future Work

In our future work we plan to concentrate on two major areas: on the one hand, we
aim to improve the detection of inexact duplicates, and on the other hand, we will
incorporate object evolution support.

Our experience shows that exact duplicates only rarely occur, therefore the detec-
tion of inexact duplicates is of major importance. Currently, our rule-based approach
only supports the detection of duplicates exactly matching a rule’s definition, while our
relation distance-based approach can be configured with a threshold that determines
whether two objects are considered to be duplicates. By relaxing our current constraint
that requires relations in a calculus to be pairwise disjoint and instead allowing mul-
tiple valid relations annotated with a probability to hold simultaneously, we plan to
be able to not only state that, e. g., ”an accident is partially overlapping with a traffic
jam”, but instead express that ”an accident is partially overlapping with a traffic jam
with a confidence of 60%, proper part of it with a confidence of 25%, and disrelated
from it with a confidence of 15%”. By this, we can partially match duplicate rules and
give a confidence estimate on our duplicate detection. In addition, we plan to improve
the distance-based approach’s runtime behaviour as indicated above by incorporating
clustering strategies. We will also investigate how this approach’s scalability can be as-
sured by evaluating how adding additional dimensions can enhance accuracy without
hampering runtime behaviour.

The second major area we plan to address is the consideration of object evolution in
duplicate detection. As our example in Sect. 2 shows, objects are not static and, there-
fore, similarity between them changes over time. Based on the knowledge on possible
transitions in a CNGs and by regarding object evolution characteristics as described in
[4], we aim to reconstruct object histories and reason on possible evolutions.

In addition, we plan to further evaluate the proposed duplicate detection method
on real-life data from the Austrian highways agency ASFINAG7 to verify our initial
findings. For this, further issues identified in our survey [5] aside from the major areas
pointed out above (e. g., data stream support allowing continuous duplicate detection

7 www.asfinag.at



on live data in real time, explanations for human operators why objects are considered
to be duplicates) need to be incorporated.
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