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Abstract. Over the last decade, there has been a significant deploy-
ment of systems dedicated to surveillance. These systems make use of
real-time sensors that generate continuous streams of data. Despite their
success in many cases, the increased number of sensors leads to a cogni-
tive overload for the operator in charge of their analysis. However, the
context and the application requires an ability to react in real-time. The
research presented in this paper introduces a spatio-temporal-based ap-
proach the objective of which is to provide a qualitative interpretation of
the behavior of an entity (e.g., a human or vehicle). The process is for-
mally supported by a fuzzy logic-based approach, and designed in order
to be as generic as possible.
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1 Introduction

Surveillance is of growing interest because of the importance of safety and se-
curity issues. When integrated with Geographical Information Systems (GIS),
systems dedicated to surveillance combine spatial features with the information
provided by real-time sensors to provide a support for the management of enti-
ties (e.g., humans or vehicles). Supervision of mobile entities has a wide range of
potential applications, such as the security and safety of critical buildings (e.g.
stadiums, airports), or the traffic surveillance in cities. However, the increase use
of sensors leads to a saturation for the human operator in charge of the data
analysis. Consequently, it would be desirable to develop systems that assist hu-
mans in supervising spatial scenes, i.e. systems that automatically analyze data
streams, detect suspicious events, and advise an operator to check a particular
screen.

Automatic activity recognition is a process the objective of which is to inter-
pret the behavior of entities in order to generate a description of the detected
events or to raise an alarm. The capture of information associated to these enti-
ties is operated by sensors such as video cameras that collect images of a specific
environment, or geo-positioning systems that record geographical positions. Us-
ing time intervals and logical formalisms, previous approaches have obtained



successful results in detecting high level activities [1]. Formal rules have been
defined for detecting activities involving interactions amongst people or recog-
nize unusual behaviors of individuals [2,3]. More recently, an expert system was
used to combine facts detected by a low-level framework, and inference rules
previously defined by an expert [4]. Petri nets have also been considered as a
well-adapted representation and recognition support [5]. F. Bremond rather sug-
gests the use of finite state machines, where states represent sub-activities, and
transitions, the events. An activity is recognized if its final state is reached [6].
Hereafter, we focus on the automatic recognition of activities from the interpreta-
tion of trajectories. Spatio-temporal configurations between two mobile entities
can be detected by analyzing their relative distances and speeds [7, 8]. B. Got-
tfried defines a spatio-temporal model based on the analysis of the evolution of
relative directions between two mobile entities [9]. Other models are specifically
designed for spatial databases, and particular operators are defined that opti-
mize the implementation of complex spatio-temporal queries [10, 11]. However,
these approaches have limitations in handling uncertainties and variations since
they identify activities only when their spatial and temporal relationships are
strictly satisfied, ignoring the variations. As a matter of fact, the execution of
an event is usually dependent of the context and the intrinsic characteristics of
the entity.

The research presented in this paper concerns the real-time semantic interpre-
tation of the behavior of a mobile entity observed by sensors. Real-time sensors
generate a huge amount of quantitative data. However, these data do not com-
pletely reflect the way a human perceives and describes an environment since
he preferably stores and processes qualitative information. As a consequence, we
provide a semantic model suitable with cognition, but also appropriated for the
processing of spatio-temporal data. The model analyses the quantitative data
recorded by sensors and evaluates behaviors involving entities (i.e. humans or
vehicles). Since it is designed to consider uncertainties of the activities’ struc-
tures, the qualitative interpretation is supported by a fuzzy-based approach that
provides a fuzzy interpretation of the spatial and temporal dimensions.

The reminder of the paper is organized as follows. Section 2 briefly introduces
basic principles on fuzzy logic. Section 3 provides a conceptual representation of
an activity and models fuzzy spatio-temporal relations. Finally, Section 4 draws
the conclusions and outlines further work.

2 Basic principles on fuzzy logic

Fuzzy logic was designed to allow systems to mimic the way humans think. Fuzzy
logic is based upon the fuzzy set theory that is a formal mathematical theory
dedicated to the representation of uncertainty [12]. The approach is particularly
relevant when dealing with real world systems that interact with humans, since
humans mainly manipulate qualitative information. Hereafter, we briefly outline
how fuzzy logic extends classical logic. Let us denote X a universe of discourse,



a fuzzy subset A ⊂ X is characterized by its membership function µA,

µA : X → [0, 1]

For each x ∈ X, the value µA(x) is interpreted as the degree of membership
of x in the fuzzy set A, or, equivalently, as the truth value of the proposition
“x is an element of A”. In order to generalize the set theoretical operations
intersections and unions, triangular norms (t-norms) and conorms (t-conorms)
were defined. Although there are many ways to define t-norms and t-conorms,
only few are used in applications. One of the most used t-norm, together with its
dual t-conorm is the one defined by L. Zadeh: x∧y = min(x, y), x∨y = max(x, y).

3 Modeling approach

3.1 Conceptual modeling of an activity

We model an activity by a Situation Graph Tree (SGT) [13], the objective of
which is to facilitate the understanding of the structures that emerge from the
description of an activity. SGT are hierarchical trees that characterize the be-
havior of entities in terms of situations they can be in. Such a graph illustrates
the combination of elementary units that model a particular situation with hier-
archical (e.g., a situation composed of several sub-situations), temporal (e.g., a
situation that occurs before or while another one) and semantic relations. As a
matter of fact, the semantics related to an entity at a given time is contained in
an elementary unit, which constitutes the basic component of a SGT. Elemen-
tary units that represent different temporal episodes of the same situation are
enclosed by the situation graph. We characterize an elementary unit as a seman-
tic function that qualitatively evaluates a situation or an action. An elementary
unit relates an entity (that may be dynamic or static) with a spatial object, i.e.
a landmark or a form of the environment. Landmarks are salient objects that
structure a cognitive representation of an environment [14]. They constitute key-
references for the conceptualization and the description of an environment, and
consequently play a prominent role for describing a spatial situation or char-
acterizing the movement of an entity in an environment. The principles of the
modeling approach being introduced, we hereafter present the formal represen-
tation of an elementary unit. Let G be the set of SGT, U the set of elementary
units composing a SGT, E the set of mobile entities, R the set of spatio-temporal
relations and O the set of simple spatial objects, i.e., landmarks or forms that
structure an environment. A situational graph tree G ∈ G is an ordered set of
elementary units ui ∈ U, i.e., G = [u1, . . . , un] where n ≥ 1. An elementary unit
ui is a triplet such as ui = [ej , rk, ol] with ej ∈ E, rk ∈ R and ol ∈ O.

3.2 Modeling of spatio-temporal relations

In the following subsections, the modeling of spatio-temporal relations that char-
acterize the activity of a mobile entity in an environment is developed. In order



to consider the uncertainties of the activities’ structures, the semantic interpre-
tation of the entity’s trajectory is supported by a fuzzy-based approach. It is
designed to be as generic as possible, and considers objects with rather bona fide
or fiat boundaries. The former are objects with physical discontinuities (e.g. a
mountain or a valley), the latter gets boundaries induced through human de-
marcation (e.g. a building or an administrative region) [15]. The development
of formal models of topological relations has received much attention in the lit-
erature of GIS, computer vision and image understanding [16]. In recent years,
significant achievement have been made on the development of formal models
of topological relations between spatial objects with indeterminate boundaries.
C. Hudelot and I. Bloch defined spatial relations such as the adjacency and in-
clusion, but also directional relations between fuzzy image regions [17]. Among
the GIS community, E. Clementini and P. Di Felice [18], and A. Cohn and N.
Gotts [19] developed models of topological relations between fuzzy regions, e.g.
Disjoint, Meet or Inside.

Temporal representation and reasoning is also an important facet in the de-
sign of a fuzzy spatio-temporal approach. As a matter of fact, when the time
span of an activity is imprecise, it can be represented by a fuzzy time interval.
J. F. Allen defined a set of 13 qualitative relations, e.g. Before and After, that
may hold between two intervals [20], and his work was recently extended to a
more general formalism that can handle precise as well as imprecise relationships
between crisp and fuzzy intervals [21]. P. Cariñena provides a complementary ap-
proach and models the temporal relations Occurrence and Persistence between
an event and a fuzzy temporal interval [22].

Let I be the set of temporal intervals, T the set of instants, O the set of
simple spatial objects, O1 ⊂ O the set of simple closed regions, O2 ⊂ O the set
of simple opened regions, P the set of fuzzy propositions and F the set of fuzzy
membership functions. Let p ∈ P be a fuzzy proposition, and µ(p, t) the value of
p at a given moment t. Let I ∈ I be a temporal interval and t a given moment.
We denote I∗ = I \ {t}. Let Mean be the function that computes the mean of
a set of fuzzy values along a given interval I:

Mean : F × I → F , with F the set of fuzzy values

(µ(p, t), I) 7→

∑

t∈I

µ(p,ti)

Card(t) , where Card() is the cardinality operator.

Relation IsMoving The spatio-temporal relation IsMoving characterizes the
moving of a mobile entity in a non-constraint space 1. Its evaluation takes into
account the positions of the considered entity during a past time interval. It
is based on the assumption that the value at time ti may not only be based
on the last moving between ti−1 and ti, but on their recording in the past.
Consequently, if the entity e is not moving between times ti−1 and ti, the value
of the relation IsMoving is pondered by its previous moving during a given past

1 The relation IsMoving relates an entity to the studied environment. To facilitate the
reading, this object is not clearly mentioned.



time interval. In other words, if a pedestrian stops walking at time t because he
is looking for his keys, the value of the relation IsMoving will decrease in time if
he stops during a significant time. More formally, let I1 ∈ I, p1 ∈ P be the fuzzy
proposition “the distance travelled by e is not zero”. The fuzzy proposition p1
is correlated to the moving distance of e between instants ti−1 and ti. Figure
1 illustrates a possible representation of f1, the fuzzy membership of p1. Let
IsMoving() be the function that models the moving of an entity,

IsMoving : E× F× I× T → F , with F the set of fuzzy values
(e, f1, I1, t) 7→ µ(p1, t) ∨Mean(µ(p1, t), I

∗

1 ).
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Fig. 1. Fuzzy membership function f1

Relation IsComingCloseTo The spatio-temporal relation IsComingCloseTo
characterizes the approach of a spatial object o ∈ O by a mobile entity e ∈ E in a
non-constraint space. For instance, this relation may be useful for characterizing
a boat that is coming close to a navigational buoy. Intuitively, the closer the
entity to o in a way that minimizes the distance to reach the object, the higher
the fuzzy value of IsComingCloseTo is. Two spatial configurations are defined,
with respect to the geometry of o.

We study the approach of an object modelled as a point or an open polyline.
The geometry of the given object is provided by a vector geo-database that
covers the studied environment. Let P (ti) be the position of e at time ti, N(ti)

the point that minimizes the distance between e and o at time ti, and
−−−−−−−→
P (ti)Q(ti)

the vector that identifies the direction of e at time ti (Fig. 2). The evaluation of
the relation takes into account:

– the evolution of the location of e between times ti and ti−1.

– the orientation α(ti) = (
−−−−−−−→
P (ti)N(ti),

−−−−−−−→
P (ti)Q(ti)) of e at time ti. Thus, the

more cos(α(ti)) tends to 1, the higher the value of IsComingCloseTo.



– the recording of orientations α(ti) during a temporal interval I∗ ∈ I. Thus,
the more Mean(max(cos(α(ti)), 0), I

∗) tends to 1, the higher the value of
IsComingCloseTo.

 P(ti)

 Q(ti)

 !(ti)

 N(ti)

Object o

Fig. 2. Approach of an object modelled as a point or an open polyline

Let I1 ∈ I, p2 ∈ P be the fuzzy proposition “the value of
max(cos(max(α(ti), 0)), 0) tends to 1” and f2 ∈ F its fuzzy membership. Fig-
ure 3 illustrates a possible representation of f2, the fuzzy membership of p2.
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Fig. 3. Fuzzy membership function f2

Let us denote IsComingCloseTo() the function that models the approach of
an entity,

IsComingCloseTo : E×O2 × F
2 × I× T → F , with F the set of fuzzy values

(e, o, f1, f2, I1, t) 7→ IsMoving(e, f1, I1, t)
∧(µ(p2, t) ∨Mean(µ(p2, t), I

∗

1 ))



We consider now the approach of an object modelled as a closed region. Let
P (ti) be the position of e at time ti, ∆1 and ∆2 the exterior tangents of object
o ∈ O1 that pass through the point P (ti), P∆1

(ti) and P∆2
(ti) the tangent

points to o and the tangents, (P (ti)M(ti)) the median line that bisects the

angle (
−−−−−−−−−→
P (ti)P∆1

(ti),
−−−−−−−−−→
P (ti)P∆2

(ti)), and
−−−−−−−→
P (ti)Q(ti) the vector that identifies the

direction of e at time ti. Let us denote β(ti) = (
−−−−−−−→
P (t)M(ti),

−−−−−−−−−→
P (ti)P∆1

(ti)) and

α(ti) = (
−−−−−−−→
P (ti)M(ti),

−−−−−−−→
P (ti)Q(ti)) (Fig. 4). Intuitively, the lesser the value of angle

α(ti), the higher the value of the relation. However, as soon as the direction of e

is inside in the directional cone (
−−−−−−−−−→
P (ti)P∆2

(ti),
−−−−−−−−−→
P (ti)P∆1

(ti)) (represented in grey
in Figure 4), the relation gets the maximal fuzzy value, i.e., 1.
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Fig. 4. Approach of an object modelled as a closed region

The evaluation of the relation takes into account:

– the location of e relatively to o
– the evolution of the location of e between times ti and ti−1.
– the orientation α(ti) of entity e at time ti. Thus, the more cos(max(α(ti)−

β(ti), 0)) tends to 1, the higher the value of IsComingCloseTo is.
– the recording of orientations α(ti) during a temporal interval I∗ ∈ I. Thus,

the more Mean(max(cos(max(α(ti)−β(ti), 0)), 0), I
∗) tends to 1, the higher

the value of IsComingCloseTo.

Let I1 ∈ I, p3 ∈ P the fuzzy proposition “the value of max(cos(max(α(ti) −
β(ti), 0)), 0) tends to 1” and f3 ∈ F its fuzzy membership. Let us denote IsCom-
ingCloseTo() the function that models the approach of an object,

IsComingCloseTo : E×O1 × F
2 × I× T → F , with F the set of fuzzy values

(e, o, f1, f3, I1, t) 7→ µ(Persistence(Disjoint(e, o), I1))
∧IsMoving(e, f1, I1, t)
∧(µ(p3, t) ∨Mean(µ(p3, t), I

∗

1 ))

Relation IsGoingAway The spatio-temporal relation IsGoingAway charac-
terizes the moving away of a mobile entity e ∈ E from a spatial object o ∈ O in a



non-constraint space. For instance, this relation may be useful for characterizing
a boat that moves away for the coast. Intuitively, the more the entity moves
away from o in a way that maximize the distance to reach the object, the higher
the fuzzy value of IsGoingAway. Two spatial configurations that are similar to
the case illustrated in Section 3.2 are defined, with respect to the geometry of o.

We study the approach of an object modelled as a point or an open polyline.
The evaluation of the relation takes into account:

– the evolution of the location of e between times ti and ti−1.
– the orientation α(ti) of entity e at time ti. Thus, the more cos(α(ti)) tends

to -1, the higher the value of IsGoingAway.
– the recording of orientations α(ti) during a temporal interval I∗ ∈ I. Thus,

the more Mean(min(cos(α(ti)), 0), I
∗) tends to -1, the higher the value of

IsGoingAway.

Let I1 ∈ I, p4 ∈ P the fuzzy proposition “the value of min(cos(α(ti)), 0)
tends to -1” and f4 ∈ F its fuzzy membership. Let us denote IsGoingAway() the
function that models the moving away from an object,

IsGoingAway : E×O2 × F
2 × I× T → F , with F the set of fuzzy values

(e, o, f1, f4, I1, t) 7→ IsMoving(e, f1, I1, t)
∧(µ(p4, t) ∨Mean(µ(p4, t), I

∗

1 ))

Hereafter, we study the approach of an object modelled as a closed region.
Figure 4 illustrates the considered spatial configuration. The evaluation of the
relation takes into account:

– the location of e relatively to o
– the evolution of the location of e between times ti and ti−1.
– the orientation α(ti) of entity e at time ti. Thus, the more cos(max(α(ti)−

β(ti), 0)) tends to -1, the higher the value of IsGoingAway.
– the recording of orientations α(ti) during a temporal interval I∗ ∈ I. Thus,

the more Mean(min(cos(max(0, α(ti)−β(ti))), 0), I
∗) tends to -1, the higher

the value of IsGoingAway.

Let I1 ∈ I, p5 ∈ P the fuzzy proposition “the value of min(cos(max(0, α(ti)−
β(ti))), 0) tends to -1” and f5 ∈ F its fuzzy membership. Let us denote IsGoin-
gAway() the function that models the moving away from an object,

IsGoingAway : E×O1 × F
2 × I× T → F , with F the set of fuzzy values

(e, o, f1, f4, I1, t) 7→ µ(Persistence(Disjoint(e, o), I1))
∧IsMoving(e, f1, I1, t)
∧(µ(p5, t) ∨Mean(µ(p5, t), I

∗

1 ))

Relation IsGoingAlong The spatio-temporal relation IsGoingAlong charac-
terizes the action of an entity e ∈ E that goes along a spatial object o ∈ O in a
non-constraint space. For instance, this relation may be useful for characterizing
a boat that sails along the coast. Intuitively, the more the entity significantly
moves close to o, the higher the fuzzy value of IsGoingAlong. The evaluation of
the relation takes into account:



– the evolution of the location of e between times ti and ti−1.
– the proximity of e to o during a significant time span.

Let I1 ∈ I, p6 ∈ P the fuzzy proposition “the entity e is near the object o”
and f6 ∈ F its fuzzy membership. Let us denote IsGoingAlong() the function
that models the action of going along an object,

IsGoingAlong : E×O× F
2 × I× T → F , with F the set of fuzzy values

(e, o, f1, f6, I1, t) 7→ µ(Persistence(Disjoint(e, o), I1))
∧IsMoving(e, f1, I1, t)
∧µ(Persistence(p6, I1), t)

4 Conclusion

Current systems dedicated to automatic activity recognition do not consider
the spatial and temporal uncertainties, and identify particular activities only
when spatial and temporal relationships are strictly satisfied. However, the con-
text and the environment may influence the behavior of a mobile entity. The
research presented in this paper introduces an approach for qualifying the activ-
ities of a mobile entity in real time. It analyses the trajectory of mobile entities
recorded by sensors and qualitatively evaluates their behavior. It is supported by
a fuzzy-based approach that both provides a fuzzy interpretation of the spatial
and temporal dimensions. We have designed four spatio-temporal relations that
relate an entity to an object of the environment that may get bona fide or fiat
boundaries. The approach is currently being implemented and evaluated. The
spatial extension of our prototype is based upon DotSpatial, i.e. a .Net library
that favors the integration of geographic data and spatial analysis.

Although experienced for elementary activities, the semantic approach may
be applied to high level activities. Such a work may be assessed with the use
of a fuzzy expert system. Further theoretical work concerns an extension of the
ontological background of the approach and the development of complementary
spatio-temporal relations, e.g., IsGoingThrough, IsEntering, IsGoingOut and Is-
FollowingARoute.
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