
https://doi.org/10.1007/s10472-019-09664-4

A probabilistic interval-based event calculus
for activity recognition

Alexander Artikis1,2 · Evangelos Makris2 ·Georgios Paliouras2

© Springer Nature Switzerland AG 2019

Abstract
Activity recognition refers to the detection of temporal combinations of ‘low-level’ or
‘short-term’ activities on sensor data. Various types of uncertainty exist in activity recogni-
tion systems and this often leads to erroneous detection. Typically, the frameworks aiming
to handle uncertainty compute the probability of the occurrence of activities at each time-
point. We extend this approach by defining the probability of a maximal interval and the
credibility rate for such intervals. We then propose a linear-time algorithm for computing all
probabilistic temporal intervals of a given dataset. We evaluate the proposed approach using
a benchmark activity recognition dataset, and outline the conditions in which our approach
outperforms time-point-based recognition.

Keywords Action languages · Complex event recognition · Probabilistic logic
programming

Mathematics Subject Classification (2010) 68T37

1 Introduction

Complex event recognition concerns temporal pattern matching on sensor data [4, 8, 20, 30].
Event recognition systems have been used in various applications, ranging from the recog-
nition of attacks in computer network nodes [25], to human activities [11], and suspicious
and dangerous behaviour in the maritime and aviation domains [59, 73]. In activity recog-
nition, multiple sources provide spatial and temporal data that can be used to detect various
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types of human behaviour. The input data are short-term activities (STA), such as ‘walk-
ing’, ‘running’, ‘active’ and ‘inactive’, indicating that a person is walking, running, moving
his arms while in the same position, and so on. The output is a set of long-term activities
(LTA), which are temporal combinations of STA. Examples are ‘fighting’, ‘meeting’, ‘mov-
ing’, etc. When a rule that consists of temporal constraints on a set of STA is satisfied, it
leads to the recognition of LTA.

Uncertainty is inherent in activity recognition. For example, STA, typically detected
by visual information processing tools operating on video feeds, often have probabilities
attached to them, serving as confidence estimates. (See [4, 22] for other types of uncertainty
and challenges of activity recognition.) In earlier work, we presented an activity recognition
system based on a probabilistic version of the Event Calculus [43], hereafter Prob-EC, that
computes the probability of an LTA at each time-point [68]. We extend this approach by
defining the probability of a maximal interval over which an LTA occurs, and the credibility
rate for such intervals. We then propose a linear-time algorithm for computing all maximal
temporal intervals that satisfy a given probability threshold. Our contributions may thus be
summarised as follows:

– We define the notion of probabilistic maximal interval, and a credibility rate for such
intervals, that allow us to perform interval-based activity recognition under uncertainty.

– We propose a linear-time algorithm for computing all credible, probabilistic maximal
intervals of a given dataset.

– We evaluate our algorithm on a benchmark activity recognition dataset, and outline
the conditions in which it outperforms time-point-based recognition. Our approach is
robust to noisy instantaneous LTA probability fluctuations, and performs better in the
common case of non-abrupt probability change. Conversely, our algorithm does not
perform well in the case of abrupt probability change.

The rest of the paper is organized as follows. Sections 2 and 3 present, respectively, related
and background work. In Section 4 we define the problem that we study, and present a linear-
time algorithm for interval-based activity recognition. Then, Section 5 presents the empirical
analysis. Finally, in Section 6 we summarise our findings and present further work directions.

2 Related work

Activity recognition is a type of composite (often called ‘complex’) event recognition [4, 8,
20, 30]. Systems for composite event recognition accept as input a stream of time-stamped,
‘simple, derived events’, such as events coming from sensors, and identify composite events
of interest—collections of events that satisfy some pattern. The definition of a compos-
ite event imposes temporal and, possibly, atemporal constraints on its sub-events (simple,
derived events or other composite events).

Due to lack of knowledge or the inherent complexity of a domain, it is sometimes impos-
sible to capture exactly all the conditions that a composite event definition should satisfy.
Furthermore, the event streams that provide the input data to a recognition system exhibit
various types of uncertainty [4]. One such type is that of incomplete or missing evidence
[13]. A sensor, such as a camera, may fail to report some events due to a hardware mal-
function. Even if the hardware works as expected, certain characteristics of the monitored
environment could prevent events from being reported—consider, for instance, an occluded
object in activity recognition, or a voice being drowned by stronger acoustic signals. Addi-
tionally, the events of the input stream typically have a noise component added to them.
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Consequently, events are often accompanied by a probability value. Several factors con-
tribute to the corruption of the input stream, such as the limited accuracy of sensors and
distortion along a communication channel. When noise corrupts the input event stream,
a recognition system may receive events asserting contradictory statements. In an activity
recognition application which needs to track objects, if there are multiple software classi-
fiers, one of them may assert the presence of an object whereas another may indicate that
no such object has been detected.

A recent survey identified the following classes of methods for handling uncertainty
in composite event recognition: automata-based methods, probabilistic graphical models,
probabilistic/stochastic Petri Nets and approaches based on stochastic (context-free) gram-
mars [4]. Automata-based methods, such as [1, 65, 76, 77], focus on detecting sequences
of events, in which some of those events may be related, via their attributes, to other events
of the sequence. In contrast to the Event Calculus, time representation is implicit. More-
over, hierarchical knowledge, such as defining an LTA in terms of some other LTA, is not
supported ([75] is an exception). The approaches that use Petri Nets lack a mechanism for
modelling a domain in a truly relational manner, i.e. by allowing relations to be defined
between attributes of events. Similarly, in approaches based on stochastic grammars, events
are not relational.

The closest line of work to our approach, therefore, concerns the use of probabilistic
graphical models, such as Markov Networks. When used for activity recognition, Markov
Networks are combined with first-order logic, in which case they are called Markov Logic
Networks (MLN) [61]. MLN are undirected probabilistic graphical models which encode a
set of weighted first-order logic formulas. The combination of a general but formal represen-
tation language, together with a well-defined probability space, constitutes MLN suitable
for activity recognition. In [52], for example, Allen’s Interval Algebra [5] is employed and
the most consistent sequence of LTA is determined, based on the observations of low-level
classifiers. To avoid the combinatorial explosion of all possible intervals, and eliminate the
existential quantifiers in LTA definitions, a bottom-up process discards the unlikely event
hypotheses. This elimination process can only be applied to domain-dependent axioms, as
it is guided by the observations. Sadilek and Kautz [62] employ hybrid-MLN [74] in order
to distinguish between successful and failed interactions between humans, using location
data from GPS devices. ‘Hybrid formulas’ are used to de-noise the location data. These are
formulas with weights associated with a real-valued function, such as the distance between
two persons.

The work of Skarlatidis et al. [69] is one of the first attempts to provide a general
probabilistic framework for activity recognition via MLN. In contrast, most MLN-based
approaches to activity recognition are domain-dependent. In order to establish such a frame-
work, Skarlatidis and colleagues employed the Event Calculus, and aimed to tackle LTA
definition uncertainty, i.e. modelled imperfect rules expressing LTA. Instead, we build upon
a probabilistic Event Calculus handling data uncertainty. Although probabilistic STA can be
incorporated into graphical models, correctly encoding their dependencies can be far from
obvious, especially with MLN [4].

There are also logic-based approaches to activity recognition that do not (directly)
employ graphical models. The Probabilistic Event Logic [11, 64], for instance, has been
used to define a log-linear model from a set of weighted formulas, expressing LTA and
represented in Event Logic, a formalism for durative events [67]. Each formula defines a
‘soft’ constraint over some events, in a manner similar to MLN. However, instead of build-
ing a ground network with all the time variables, reasoning is performed using ‘spanning
intervals’ that allow for a compact representation of event occurrences satisfying a formula.
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Albanese et al. [3] proposed an activity description language merging logic-based formula-
tion with probabilistic modelling. LTA are defined in a first-order logic. The input STA can
be either deterministic or probabilistic, while their dependencies are modelled by triangu-
lar norms [28]. Shet and colleagues [66] proposed a method employing logic programming
and handling uncertainty using the Bilattice framework [32]. Each LTA or STA is associated
with two uncertainty values, indicating a degree of information and confidence respectively.
The more confident information is provided, the stronger the belief about the corresponding
LTA becomes.

Moldovan et al. proposed a ProbLog-based method for robotic action recognition [50].
The method employs a relational extension of the ‘affordance models’ [31] in order to
represent multi-object interactions. Affordances can model the relations between objects,
pre-programmed robotic arm movements and their effects. In contrast to a standard propo-
sitional Bayesian Network implementation of an affordance model, the method can scale to
multiple object interactions in a scene without the need of retraining.

A key difference between our work and these methods lies in the use of the Event Cal-
culus, which allows us to develop an expressive activity recognition framework, specifying
succinctly complex LTA by taking advantage of the built-in representation of inertia. With
the use of the Event Calculus, one may develop intuitive activity definitions, facilitating the
interaction between activity definition developer and domain expert, and allowing for code
maintenance.

The Event Calculus is related to other formalisms for commonsense reasoning, such as
the Situation Calculus [47, 60], the Fluent Calculus [70, 71], the action language A [29],
the action language C+ [2, 33] and Temporal Action Logics [24, 44]. Comparisons and
proofs of equivalence may be found in [17, 19, 42, 49, 53, 54, 57, 63, 72]. Probabilistic
extensions of the Situation Calculus support noisy input as well as stochastic events, and
model Markov Decision Processes—see, for example, [9, 34, 46, 58, 60]. Furthermore, a
probabilistic extension of the Fluent Calculus has been proposed [35]. In contrast to the
(probabilistic variants of) the Situation Calculus and the Fluent Calculus, we use a single
time-line on which events occur. This is a more suitable model for activity recognition,
where the task is to recognise LTA in a time-stamped sequence of STA. A probabilistic
extension of the action language A is proposed by Baral et al. [10], which aims at an
elaboration-tolerant representation of Markov Decision Processes, and at formulating obser-
vation assimilation and counter-factual reasoning. PC+ is an extension of C+ supporting,
among others, non-deterministic and probabilistic effects of events [27]. Similar to most of
the aforementioned probabilistic variants of commonsense reasoning languages and [36],
PC+ focuses on planning under uncertainty.

Various Event Calculus dialects have been proposed in the literature for narrative assimi-
lation/temporal projection, the task supporting activity recognition. Several of these dialects
allow for durative LTA by means of durative events or by explicitly representing fluent
intervals. Some examples are [7, 14–16, 51, 55, 56]. However, these dialects cannot han-
dle the inherent uncertainty of activity recognition. In a line of work complementary to
ours, D’Odorico and Bennett [22, 23] demonstrated a methodology for the formalisation of
vague concepts in ontologies oriented to practical reasoning tasks, such as activity recogni-
tion. These ontologies are based on classical logic, the Event Calculus and supervaluation
semantics. A recently proposed probabilistic Event Calculus is presented in [21]. Our work
is complementary to the Event Calculus of [21], as well as that of Skarlatidis et al. [69].
We propose a method for efficient computation of probabilistic maximal intervals, that may
operate on top of any dialect for point-based probability calculation.
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We compute probabilistic maximal intervals following [6], a technique for calculating
the longest interval having a non-negative sum in a sequence of real numbers. The work
presented in [6] has been applied to biological sequences. We translate the problem of prob-
abilistic maximal interval computation to the problem of maximal non-negative sum interval
computation (the details will be presented in Section 4). Moreover, we extend the work pre-
sented in [6] in order to compute all maximal non-negative sum intervals, as opposed to the
longest one.

3 Background

We use Prob-EC [68], a probabilistic version of the Event Calculus, to compute the proba-
bility of an LTA of interest at each time-point. We will first present the Event Calculus, and
then its probabilistic, point-based implementation.

3.1 Event calculus

The Event Calculus is a logic programming language for representing and reasoning about
events and their effects [43]. We restrict attention to a simple version of the Event Calculus
where the time model is linear and includes integer time-points. Variables start with an
upper-case letter, while predicates and constants start with a lower-case letter. Where F

is a variable ranging over fluents—properties that are allowed to have different values at
different points in time—the term F =V denotes that F has value V . Boolean fluents are
a special case in which the possible values are true and false. Table 1 presents the main
predicates of this simple Event Calculus. The domain-independent axioms are presented
below:

holdsAt(F =V, T) ←
initiatedAt(F=V, Ts),
Ts < T,

not broken(F=V, Ts, T).

(1)

broken(F=V, Ts, T) ←
terminatedAt(F=V, Tf ),
Ts < Tf < T .

(2)

broken(F=V, Ts, T) ←
initiatedAt(F=V ′, Tf ),
V �= V ′, Ts < Tf < T .

(3)

‘notéxpresses negation by failure [18]. According to rule (1), F =V holds at some time-
point T if it has been initiated by an event previously and has not been ‘broken’ in the

Table 1 Main predicates of the event calculus

Predicate Meaning

happensAt(E, T) Event E occurs at time T

holdsAt(F=V, T) The value of fluent F is V at time T

initiatedAt(F=V, T) At time T a period of time for which F=V is initiated

terminatedAt(F=V, T) At time T a period of time for which F=V is terminated
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meantime. This expresses the law of inertia. F =V is ‘broken’ in (Ts, T ) if it is terminated
(see rule (2)), or, according to rule (3), F =V ′ is initiated, for some V ′ �= V . Rule (3),
therefore, ensures that a fluent cannot have more than one value at any time. We do not
insist that a fluent must have a value at every time-point. In this formulation of the Event
Calculus, there is a difference between initiating a Boolean fluent F = false and terminating
F = true: the first implies, but is not implied by, the second. In other words, the value of a
fluent may not always be known. The definitions of initiatedAt and terminatedAt are domain-
specific. Consider, for example, the definition of meeting from the domain of activity
recognition:

initiatedAt(meeting(P1,P2)= true, T) ←
happensAt(active(P1), T),

holdsAt(close(P1,P2, dmeet)= true, T),

holdsAt(person(P2) = true, T),

not happensAt(running(P2), T),

not happensAt(exit(P2), T).

(4)

initiatedAt(meeting(P1,P2)= true, T) ←
happensAt(inactive(P1), T),

holdsAt(close(P1,P2, dmeet)= true, T),

holdsAt(person(P1) = true, T),

holdsAt(person(P2) = true, T),

not happensAt(running(P2), T),

not happensAt(exit(P2), T).

(5)

terminatedAt(meeting(P1,P2) = true, T) ←
happensAt(walking(P1), T),

holdsAt(close(P1,P2, dmeet) = false, T).
(6)

terminatedAt(meeting(P1,P2) = true, T) ←
happensAt(running(P1), T).

(7)

terminatedAt(meeting(P1,P2) = true, T) ←
happensAt(exit(P1), T).

(8)

meeting is a long-term activity (LTA) expressed as a Boolean fluent. It is defined in terms
of a set of short-term activities (STA) expressed by means of the happensAt predicate, and
contextual information detected on video content. walking, running, active, i.e. non-abrupt
body movement in the same position, and inactive, i.e. standing still, are mutually exclusive
STA detected on video frames. Each such STA is accompanied by the coordinates and ori-
entation of the tracked entity in question. exit is an instantaneous event taking place when a
tracked entity exits the monitored area. These are the input of the activity recognition sys-
tem. close(P1,P2, d) is true when the distance between the tracked entities P1 and P2 is
smaller than d pixel positions. person(P) is true when tracked entity P is assumed to be a
person, as opposed to an inanimate object (this issue will be discussed shortly).

meeting starts being recognised when two people ‘interact’: at least one of them is active
or inactive, the other is not running, and the distance between them does not exceed dmeet
pixel positions. This interaction phase is expressed by rules (4) and (5) and can be seen
as some form of greeting, such as a handshake. meeting stops being recognised when the
people walk away from each other (see rule (6)), at least one of them starts running (see
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rule (7)), or exits the area under surveillance (see rule (8)). We omit the presentation of
symmetrical rules, such as

terminatedAt(meeting(P1,P2) = true, T) ←
happensAt(walking(P2), T),

holdsAt(close(P1,P2, dmeet) = false, T).
(9)

to save space. The complete specification of all LTA definitions is publicly available.1

Typically, in activity recognition, there is no explicit information that a tracked entity is a
person or an inanimate object. Therefore, in our LTA definitions we try to deduce whether a
tracked entity is a person or an object given the detected STA. For instance, in the definition
of meeting(P1, P2), P1 and P2 have to be persons. In rule (4), P1 is required to be active, and
thus can be assumed to be a person. For entity P2, however, we only require that running
is not detected. Consequently, from this requirement alone we cannot deduce that P2 is a
person. To address this issue, we defined the fluent person(P) to have value true if P was
active, walking or running at some time-point since P entered the monitored area:

initiatedAt(person(P)= true, T) ←
happensAt(active(P), T).

initiatedAt(person(P)= true, T) ←
happensAt(walking(P), T ).

initiatedAt(person(P)= true, T) ←
happensAt(running(P), T).

terminatedAt(person(P)= true, T) ←
happensAt(exit(P), T).

(10)

The value of person(P) is time-dependent because the identifier P of a tracked entity that
exits the monitored area at some point may be used later to refer to another entity that
becomes tracked, and that other entity may not necessarily be a person.

In addition to P2, in rule (5) we apply the person fluent to P1, since we only require in
this rule the detection of the inactive STA, which does not guarantee on its own that P1 is a
person.

In the initiating conditions of meeting, we require that P2 does not exit the monitored
area. Such a constraint does not have to apply to P1 because, in rules (4) and (5), P1 is not
moving (he is either active or inactive).

meeting may have multiple initiations: two people may be interacting for several video
frames. Similarly, meeting may have multiple terminations. Thus, in the presented formula-
tion of the Event Calculus, initiatedAt(F = V, T ) does not necessarily imply that F �=V at T

(this is similar to the ‘weak interpretation’ of initiation of the Cached Event Calculus [16]).
Similarly, terminatedAt(F =V, T ) does not necessarily imply that F =V at T [7]. Suppose
that F =V is initiated at time-points 10 and 20 and terminated at time-points 25 and 30
(and at no other time-points). In that case F = V holds at all T such that 10<T ≤25.

During meeting, there may be several time-points in which the LTA is neither initiated
nor terminated. Consider, for instance, the case in which we have no information about the
entities involved in the LTA due to occlusion or unreliable sensors. Moreover, enumerating
all combinations of STA during an LTA may be cumbersome. After the greeting phase of
meeting, for example, the two people may walk together. For these reasons, it is better to

1https://anskarl.github.io/publications/TPLP15/
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identify the conditions in which an LTA is initiated and the conditions in which the LTA
terminated, and then make use of inertia for reasoning.

As another LTA example, consider the definition of moving:

initiatedAt(moving(P1,P2) = true, T) ←
happensAt(walking(P1), T),

happensAt(walking(P2), T),

holdsAt(close(P1,P2, dmove)= true, T),

holdsAt(similarOrientation(P1,P2) = true, T),

not happensAt(exit(P1), T),

not happensAt(exit(P2), T).

(11)

terminatedAt(moving(P1,P2)= true, T) ←
happensAt(walking(P1), T),

holdsAt(close(P1,P2, dmove) = false, T).
(12)

terminatedAt(moving(P1,P2)= true, T) ←
happensAt(active(P1), T),

happensAt(active(P2), T).
(13)

terminatedAt(moving(P1,P2)= true, T) ←
happensAt(active(P1), T),

happensAt(inactive(P2), T).
(14)

terminatedAt(moving(P1,P2)= true, T) ←
happensAt(inactive(P1), T),

happensAt(inactive(P2), T).
(15)

terminatedAt(moving(P1,P2)= true, T) ←
happensAt(running(P1), T).

(16)

terminatedAt(moving(P1,P2)= true, T) ←
happensAt(exit(P1), T).

(17)

moving expresses that two people are going together to same direction without running.
similarOrientation(P1,P2) is true when the difference in orientation of P1 and P2 is less
than 45 degrees. According to rule (11), moving(P1,P2) = true is said to be initiated when
both P1 and P2 are walking, their distance is less than dmove pixel positions and have a
similar orientation. Furthermore, moving(P1,P2) = true is said to be terminated when the
two tracked persons walk away from each other (see rule (12)), stop walking (see rules
(13)–(15)), one of them starts running (see rule (16)), or exits the area under surveillance
(see rule (17)). Again, we omit the presentation of symmetrical rules to save space.

In contrast to STA, the aforementioned LTA are not mutually exclusive. meeting may
overlap with moving: two people may greet each other and then start moving, that is, walk
towards the same direction while being close to each other. Mutually exclusive LTA may
be represented by means of multi-valued fluents. In this case, according to rule (3), the
initiation of, say, F=meeting would automatically ‘break’ F=moving, and vice versa.

3.2 Point-based probabilistic event calculus

Prob-EC is a probabilistic version of the Event Calculus implemented in ProbLog [26, 41].
The aim of Prob-EC is to compute the probabilities of holdsAt(F=V,T), i.e. the truth
value of F=V at time-point T . ProbLog allows for probabilistic facts, p :: f , indicating that
fact f holds as true with probability p in each of its groundings. All these facts represent
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independent random variables. Thus, a rule that is defined as a conjunction of k probabilistic
facts, has a probability equal to the product of the probabilities of these facts. Moreover,
for predicates that appear in the head of more than one rule, the probability is equal to the
probability of the disjunction of the rules.

ProbLog computes the probability that a query q holds in a ProbLog program — the
‘success probability’ — as follows:

Ps(q) = P(
∨

e∈Proofs(q)
∧

fi∈e
fi ) (18)

In other words, the task of computing the success probability of a query q is transformed
into the task of computing the probability of the Disjunctive Normal Form (DNF) formula
of (18). ProbLog uses Binary Decision Diagrams (BDDs) [12] to compactly represent the
DNF of (18). This way, ProbLog’s inference is able to scale to queries containing thousands
of different proofs.

The bodies of Prob-EC rules consist of probabilistic facts. Consequently, the head of
a rule holds with a certain probability, calculated as described above. This way, Prob-EC
deals with uncertainty in the input data. The probability of holdsAt(LTA= true,T) is equal
to the probability of the disjunction of the initiation conditions of LTA= true before T ,
assuming that LTA= true has not been ‘broken’ in the meantime. Hence, multiple initiations
of LTA= true increase its probability. Moreover, if LTA= true is ‘broken’ with probability
p1, then the probability of LTA= true becomes equal to the product of the probability of the
disjunction of initiations and 1−p1 (see axiom (1)). Therefore, the higher the probability p1
the more significant the decrease of the probability of LTA= true. Furthermore, consecutive
terminations decrease further the probability of LTA= true.

The following example illustrates probabilistic activity recognition with the use of Prob-
EC. Suppose that two people, Mike and Sarah, are moving together for a number of video
frames as shown in Fig. 1. An initiation rule for moving is fired at video frame 1 when
both start walking. At frame 2, Sarah stops walking and exhibits active body movement,
while Mike continues walking, but does not move far enough to trigger a termination rule of
moving. At frame 21, Sarah resumes walking, once again initiating moving. They continue
moving together until frame 40 firing multiple initiations. At frame 41, Mike is inactive
and Sarah continues walking. Their distance passes the pre-defined distance threshold for
moving and thus fires multiple terminations.

Fig. 1 Probabilistic activity recognition with Prob-EC (after [68])
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To simplify the illustration, we assume that the probabilities of the orientation and
coordinates predicates are equal to 1. Furthermore, the STA probabilities are shown below:

0.70 :: happensAt(walking(mike), 1).
0.46 :: happensAt(walking(sarah), 1).
...
0.69 :: happensAt(walking(mike), 21).
0.58 :: happensAt(walking(sarah), 21).
...
0.18 :: happensAt(inactive(mike), 41).
0.32 :: happensAt(walking(sarah), 41).

At video frame 2, the query holdsAt(moving(mike, sarah)= true, 2) has a probability
equal to the probability of the initiation condition of frame 1, which, according to rule (11),
and given that all coordinate and orientation-related information are crisply recognised,
is the product of the probabilities that both Mike and Sarah are walking, that is, 0.70 ×
0.46 = 0.322. This is visualised at the far left of Fig. 1, where the LTA’s probability jumps
from 0 to 0.322. From frame 2 to frame 20 no initiation or termination conditions are fired
and the probability of moving remains unchanged. This occurs due to the law of inertia and
is depicted by the horizontal line between frames 2 and 20. At frame 21, Sarah starts walking
alongside Mike again. Consequently, at frame 22, holdsAt(moving(mike, sarah)= true, 22)
has two initiation conditions to consider, one fired at frame 1 and one at frame 21. The
probability of holdsAt(moving(sarah,mike) = true, 22) is thus computed as follows:

P(holdsAt22) = P(initiatedAt1) ∨ P(initiatedAt21)

= P(initiatedAt1) + P(initiatedAt21) − P(initiatedAt1) × P(initiatedAt21)

= 0.7 × 0.46 + 0.69 × 0.58 − 0.7 × 0.46 × 0.69 × 0.58 = 0.593 (19)

To avoid clutter, we omit moving(sarah,mike) = true from the above equation, while the
time-point is written as a subscript. Since moving(sarah,mike) = true is not ‘broken’ until
time-point 22, the probability of holdsAt(moving(sarah,mike) = true, 22) depends solely on
the probabilities of the two initiation conditions at time-points 1 and 21.

The probability that Mike and Sarah are moving at frame 22 has increased, due to the
additional initiation condition of frame 21. This is one of the characteristics of Prob-EC: the
continuous presence of initiation conditions of a particular LTA causes an increase of the
probability of the LTA. Given continuous indication that an activity has possibly occurred,
we are more inclined to agree that it has indeed taken place, even if the confidence of every
individual indication is low. For this reason, from frame 22 up to and including frame 41,
the probability of moving increases, as is visible in Fig. 1. In this example, at frame 41 the
activity’s probability has escalated to around 0.8.

At frame 42, Prob-EC has to take into consideration the termination condition that was
fired at frame 41. This termination condition, corresponding to rule (12), is also probabilis-
tic: it bears the probability that Sarah walked away from Mike, which, according to rule
(12) and the fact that close is crisply detected, is equal to the probability of the walking STA
itself, which is 0.32. Consequently, the probability that Mike and Sarah are still moving
together at frame 42 is 0.8 × (1 − 0.32)= 0.544. Similar to the steady probability increase
given continuous initiations, when faced with subsequent terminations, the probability of
the LTA will steadily decrease. The slope of the descent (ascent) is defined by the probabil-
ity of the termination (initiation) conditions involved. In this example, we assume that Sarah
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keeps walking away from Mike until the end of the video, causing the LTA’s probability to
approximate 0, as shown at the far right of Fig. 1.

4 Probabilistic maximal interval computation

An instantaneous indication of an activity, by means of holdsAt for example, may lead to
erroneous detection, which may be due to the unreliability of the sensors or due to the
inaccuracy of the recognition patterns, or a variety of other external factors that introduce
noise [4]. In terms of the monitoring process, such an erroneous activity recognition often
causes unreasonable delays and holds back the operations. Hence, there is a need for a more
robust recognition that identifies the temporal intervals within which a LTA may be tak-
ing place. Towards this, we propose a Probabilistic Interval−based Event Calculus (PIEC).
Figure 2 shows a high-level description of the inference procedure. First, we use Prob-EC,
as described in the previous section, to compute the probabilities of LTA at each time-point
given the probabilistic ‘short-term’ activities (STA). The recognition is based on domain-
specific rules of initiation and termination, such as rules (11)–(16). The next phase consists
of the interval-based activity recognition. With respect to a user-defined probability thresh-
old, PIEC computes all maximal temporal intervals, within which an activity is likely to
hold.

Before proceeding with the presentation of our approach, we provide a set of definitions
that aid understanding.

Definition 1 The probability of interval ILTA =[i, j] of LTA with length(ILTA) = j−i+1 time-
points is defined as

P(ILTA)=
∑j

k = i P(holdsAt(LTA= true, k))

length(ILTA)
.

In other words, the probability of an interval is equal to the average of the probabilities
at the time-points that it contains.

A key concept of PIEC is that of probabilistic maximal interval:

Definition 2 A probabilistic maximal interval ILTA =[i, j] of LTA is an interval such that,
given some threshold T ∈ [0, 1], P(ILTA) ≥ T , and there is no other interval I′LTA such that
P(I′LTA) ≥ T and ILTA is a sub-interval of I′LTA.

A consequence of the definition of a probabilistic maximal interval is that such intervals
may be overlapping. Two examples are shown in Fig. 2—see the overlapping red lines under
the instantaneous probability evolution diagrams of meeting and moving. From a set of
overlapping probabilistic maximal intervals, we keep only one, using interval ‘credibility’,
defined as the product of interval length and probability:

Cred(ILTA) = length(ILTA) · P(ILTA)=
∑

k

P(holdsAt(LTA= true, k)) , (20)

where k are the time-points of the interval ILTA. Hence, for each set of overlapping proba-
bilistic maximal intervals S={I1, I2, . . . , In}, we select the one with the highest credibility
value, i.e. we select ILTA with Cred(ILTA)=max

i
(Cred(Ii)) for i= 1, . . . , n. In Fig. 2 the

credible intervals are depicted by the solid red lines. Equation (20) ensures that we keep
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Fig. 2 Probabilistic, interval-based activity recognition. First (top figure, above the dashed line), Prob-EC
computes the instantaneous probabilities of LTA, such as meeting and moving, given the probabilistic STA,
such as ‘walking’, ‘active’ and ‘inactive’. Second (bottom figure, below the dashed line), PIEC computes the
‘probabilistic maximal intervals’ of LTA, assuming a user-defined probability threshold (0.5 in this example).
These intervals are depicted by the red (dashed) lines below the instantaneous probability evolution diagrams.
The computation of the probability and ‘credibility’ of each such interval is presented in the boxes below the
red lines

an interval which is as likely and long as possible. Longer intervals help address the issue
of noisy instantaneous probability fluctuation, that will be illustrated in Section 5. (Note
that merging overlapping probabilistic maximal intervals violates Definition 2, in the sense
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Fig. 3 Prob-EC and PIEC
intervals with a 0.5 threshold.
The blue line represents the
instantaneous probability
evolution computed by Prob-EC.
The red lines represent the
probabilistic maximal intervals
computed by PIEC—the credible
one is [5,28], denoted in bold.
The green line represents the
interval that may be derived by
Prob-EC

that the probability of the resulting interval is not greater or equal to the given threshold.)
Experimenting with alternative credibility definitions, that may be constructed with the use
machine learning techniques, is an area of further work.

Figure 3 shows another example of (credible) probabilistic maximal interval computation
in PIEC. Moreover, it compares these intervals against the interval that may be derived
just by the use of Prob-EC: the set of all time-points with LTA probability above a given
threshold.

4.1 An efficient interval computation algorithm

PIEC computes probabilistic maximal intervals following [6]. First, we construct a set
of lists that are subsequently used in the interval calculation procedure. Table 2 sum-
marises these lists, while Table 3 illustrates them with the use of a simple example. The
list In[0..n] includes our input data, i.e. each element In[i] is equal to the probability of
holdsAt(LTA= true, i), computed by Prob-EC. In the example presented in Table 3, list In
consists of the probabilities at 10 time-points. List L[0..n] contains each element of In sub-
tracted by the given (user-specified) probability threshold T . The prefix[0..n] list contains
the cumulative or prefix sums of list L. PIEC traverses the prefix list in reverse order, calcu-
lating, for each element i, the maximum prefix sum from i to n, and stores it in the dp[0..n]
list. In other words, dp[0] holds the maximum prefix sum from 0 to n, dp[1] holds the

Table 2 The lists of PIEC

Notation Meaning

T Probability threshold

In[0..n] The list of input instantaneous LTA probabilities

L[i] = In[i]−T , i.e. each element of In is subtracted by T
prefix[i] =∑i

j= 0 L[j], i.e. the cumulative sum over L

dp[i] =max
j

(prefix[j]), j ∈ [i, n], i.e. the maximum prefix sum that can be reached

from element i to n
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Table 3 PIEC in action

Time 0 1 2 3 4 5 6 7 8 f9

In 0 0.5 0.7 0.9 0.4 0.1 0 0 0.5 1

L –0.5 0 0.2 0.4 –0.1 –0.4 –0.5 –0.5 0 0.5

prefix –0.5 –0.5 –0.3 0.1 0 –0.4 –0.9 –1.4 –1.4 –0.9

dp 0.1 0.1 0.1 0.1 0 –0.4 –0.9 –0.9 –0.9 –0.9

In this example, the threshold T is 0.5. The input instantaneous probabilities, computed by Prob-EC, are the
elements of list In

maximum prefix sum from 1 to n, etc, meaning that dp list is recorded in decreasing order.
See Table 2 for the list specification and Table 3 for an illustration.

An interval ILTA =[i, j] satisfies the condition of a probabilistic maximal interval that
P(ILTA) ≥ T , if and only if the sum of the corresponding elements of list L is non-negative:

P(ILTA) ≥ T ⇔ P([i, j]) ≥ T ⇔
∑j

k= i In[k]
j−i+1

≥ T ⇔
∑j

k= i In[k] ≥ T (j−i+1) ⇔∑j
k= i In[k]−T (j−i+1) ≥ 0 ⇔

(In[i]−T )+ . . .+(In[j]−T ) ≥ 0 ⇔ ∑j
k = i L[k] ≥ 0

(21)

Hence, probabilistic maximal interval computation may be based on L. For instance, in
the example shown in Table 3, the interval [0, 4] has probability P([0, 4]) = 0.5 ≥T , while∑4

k = 0 L[k] = 0 ≥ 0.
For efficient interval computation, however, PIEC relies solely on the following con-

struct:

dprange[i, j]=
{
dp[j]−prefix[i−1], if i > 0
dp[j], if i= 0

(22)

dprange[i, j] expresses the maximum sum that may be computed by adding all elements of
L starting from i and ending in some j∗ ≥ j, i.e. max

j∗
(L[i] + . . . + L[j∗]). For instance, in

the example shown in Table 3, dprange[0, 1]= dp[1] = 0.1, while the maximum sum that
may be computed by adding all elements of L starting from 0 and ending in some j∗ ≥ 1 is
L[0] + L[1] + L[2] + L[3] = 0.1.

PIEC goes through the data sequentially, using two pointers, start and end, to indicate
the starting and ending points of a probabilistic maximal interval. Initially, start= end= 0.
Briefly, if dprange[start, end] ≥ 0 then the interval [start, end] is flagged, since there is
an end∗ ≥ end such that

∑end∗
k= start L[k] ≥ 0. In other words, [start, end] is a probabilis-

tic maximal interval or start is the beginning of such an interval ending after end. When
dprange[start, end] becomes negative, we know that there is no element end∗ ≥ end that
will make dprange[start, end∗] ≥ 0. See (22) for the definition of dprange and recall that dp
is in decreasing order. Therefore, when we compute a negative value for dprange[start, end],
we check whether the interval examined in the previous step, [start, end−1], was flagged,
and if that is the case, we classify [start, end−1] as a probabilistic maximal interval.

The pseudo-code of the interval calculation process is presented in Algorithm 1. Table 4
illustrates this process using the moving LTA and considering the 10 time-points displayed
in Table 3. In the first step of this example, start= end= 0 and dprange[0, 0] ≥ 0, thus
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Algorithm 1 Probabilistic maximal interval computation.

Input: List In with instantaneous LTA probabilities and threshold T .
Output: List output of credible probabilistic maximal intervals.

1: function PIEC(List In[0..n], threshold T )
2: L[i] ← In[i]−T for each 0 ≤ i ≤ n
3: prefix ← computePrefix(L)

4: dp ← computeDp(prefix)
5: start ← 0, end ← 0, output ← ∅, dprange[start, end] ← 0
6: while (start ≤ n and end ≤ n) do
7: if start > 0 then
8: dprange[start, end] ← dp[end]−prefix[start−1]
9: else

10: dprange[start, end] ← dp[end]
11: if dprange[start, end] ≥ 0 then
12: if (end= n and start < end) or (end= start= n and In[start] ≥ T ) then
13: add(start, end) to output

14: flag ← true
15: end++
16: else
17: if (start < end and flag= true) then
18: add(start, end−1) to output

19: if (start= end and In[start] ≥ T ) then
20: add(start, end) to output

21: flag ← false
22: start++
23: return getCredible(output)

PIEC flags the interval [0, 0] by setting the value of a Boolean flag to true. See step 1 in
Table 4 and line 14 in Algorithm 1. Subsequently, PIEC increments the end pointer until
it reaches time-point 5, when dprange[start, end], i.e. dprange[0, 5] becomes negative (see
step 6 in Table 4). Since the previously computed interval, [0, 4], was flagged, then [0, 4] is
considered a probabilistic maximal interval (see line 18 in Algorithm 1).

Next, PIEC sets the flag to false, increments the starting pointer, i.e. start becomes
1, and searches for a probabilistic maximal interval starting from 1. For interval [1, 5],
dprange[start, end] is positive and thus the flag is set to true. Then, PIEC increments the
ending pointer, end, in order to look for a longer interval (see line 15 of Algorithm 1). In
step 8, PIEC computes again a negative dprange[start, end], confirms that flag= true, and
thus outputs [1, 5] as a probabilistic maximal interval. Subsequently, PIEC sets the flag to
false to indicate that [2, 5] cannot be a probabilistic maximal interval, and sets start= 2.
The value of dprange[start, end] remains negative until step 13, where start is continuously
incremented, while end remains the same.

In steps 14–17, dprange[start, end] is non-negative and thus PIEC increments end until
it reaches the bounds of the input list—recall that the last time-point in this example is 9. At
step 17, PIEC outputs [7, 9] as a probabilistic maximal interval (see line 13 of Algorithm
1). This way, PIEC does not discard such an interval when the ending pointer reaches the
bounds of the input list (even if dprange[start, end] < 0 does not hold).
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Table 4 Interval computation example

Step Pointers Calculations

1 start= 0 end= 0 dprange[0, 0] ← dp[0]= 0.1 ≥ 0 flag ← true

2 start= 0 end= 1 dprange[0, 1] ← dp[1]= 0.1 ≥ 0 flag ← true

3 start= 0 end= 2 dprange[0, 2] ← dp[2]= 0.1 ≥ 0 flag ← true

4 start= 0 end= 3 dprange[0, 3] ← dp[3]= 0.1 ≥ 0 flag ← true

5 start= 0 end= 4 dprange[0, 4] ← dp[1]= 0.1 ≥ 0 flag ← true

6 start= 0 end= 5 dprange[0, 5] ← dp[5] = −0.4 < 0

add interval [0, 4] to output flag ← false

7 start= 1 end= 5 dprange[1, 5] ← dp[5]−prefix[0]= 0.1 ≥ 0 flag ← true

8 start= 1 end= 6 dprange[1, 6] ← dp[6]−prefix[0]=−0.4 < 0

add interval [1, 5] to output flag ← false

9 start= 2 end= 6 dprange[2, 6] ← dp[6]−prefix[1]=−0.4 < 0 flag ← false

10 start= 3 end= 6 dprange[3, 6] ← dp[6]−prefix[2]=−0.6 < 0 flag ← false

11 start= 4 end= 6 dprange[4, 6] ← dp[6]−prefix[3]=−1 < 0 flag ← false

12 start= 5 end= 6 dprange[5, 6] ← dp[6]−prefix[4]=−0.9 < 0 flag ← false

13 start= 6 end= 6 dprange[6, 6] ← dp[6]−prefix[5] = −0.5 < 0 flag ← false

14 start= 7 end= 6 dprange[7, 6] ← dp[6]−prefix[6]= 0 ≥ 0 flag ← true

15 start= 7 end= 7 dprange[7, 7] ← dp[7]−prefix[6]= 0 ≥ 0 flag ← true

16 start= 7 end= 8 dprange[7, 8] ← dp[8]−prefix[6]= 0 ≥ 0 flag ← true

17 start= 7 end= 9 dprange[7, 9] ← dp[9]−prefix[6]= 0 ≥ 0

add interval [7, 9] to output

For each set of overlapping maximal intervals, PIEC keeps the one that maximises the
credibility value (see (20) and line 23 in Algorithm 1). In this example, the overlapping
intervals are [0, 4] and [1, 5]. PIEC discards [0, 4] since Cred([0, 4]) = ∑4

k= 0 In[k] = 2.5
while Cred([1, 5])= ∑5

k= 1 In[k] = 2.6.

4.2 Complexity

Assuming a temporally sorted dataset, the computation of lists L, prefix and dp takes linear
time Θ(n) where n is the number of the input time-points. Concerning the computation of
probabilistic maximal intervals, we observe that, in the worst case, both pointers start and
end traverse the input list of size n. Therefore, this step requires O(2n). The selection of
the most credible intervals requires O(n) time since maximal intervals are sorted by their
starting point. The use of memory is also linear with respect to the size n of the input and
auxiliary lists.

PIEC relies on a probabilistic dialect of the Event Calculus for the computation of the
fluent truth values as well as their instantaneous probabilities. In brief, the cost of com-
puting the truth values of fluents expressing LTA is bound by O(n×l×b), where n is the
number of time-points of the dataset, l is the number of rules defining LTA and b is the
number of body literals of the rules. In the worst case, all l rules will be evaluated n times.
For each time-point in n, we will check whether each ground event (respectively fluent) in
the body of an initiatedAt/terminatedAt rule has taken place (resp. holds). Under the assump-
tion of a temporally sorted dataset, the computation of the truth values of fluents may be
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based on a single time-point at a time, caching the results for future computations [7]. In
practice, l and b are small—see e.g. the rules presented in Section 3. Moreover, most ini-
tiatedAt/terminatedAt rules are evaluated significantly fewer times than n — such a rule is
evaluated as many times as the number of instances of the first event in the body of the rule.
Bearing in mind that the STA running and inactive, and the exit event are very rare, rules
(5), (7), (8) and (15)–(17) for example, will fire very infrequently.

5 Experimental evaluation

5.1 Experimental setup

We evaluated PIEC using three variations of CAVIAR,2 a benchmark activity recognition
dataset. This dataset includes 28 surveillance videos of a public space. The videos are
staged; actors walk around, sit down, meet one another, leave objects behind, fight, and so
on. Each video has been manually annotated by the CAVIAR team in order to provide the
ground truth for both STA and LTA. The input to the recognition system consists of the
STA ‘walking’, ‘running’, ‘active’ (non-abrupt body movement in the same position) and
‘inactive’ (standing still), together with their time-stamps, i.e. the video frame in which the
STA took place. Furthermore, the dataset includes the coordinates of the tracked people
and objects as pixel positions at each time-point, as well as their orientation. Given such
input, the task is to recognise LTA such as two people moving together, having a meeting or
fighting.

The variations of CAVIAR include three levels of noise and were generated in order
to compare the accuracy of Prob-EC and a deterministic Event Calculus [68]. The three
versions of the dataset are as follows:

– In the first version of the dataset—smooth noise—a subset of the STA have probabilities
attached, generated by a Gamma distribution with a varying mean. All other STA have
no probabilities attached, as in the original dataset.

– In the second version—intermediate noise—probabilities have been attached also to
coordinate and orientation predicates using the same Gamma distribution.

– In the last version—strong noise—spurious STA that do not belong to the original
dataset were added using a uniform distribution.

These versions of CAVIAR, along with the LTA definitions in the Event Calculus, are pub-
licly available1. We feed these data to Prob-EC in order to perform point-based activity
recognition, i.e. calculate a series of positives of the form Prob :: holdsAt(LTA= true, T).
Subsequently, we use PIEC to compute the credible probabilistic maximal intervals for each
LTA. In the analysis that follows, we compare the predictive accuracy of PIEC against that
of Prob-EC, by filtering the output of Prob-EC to keep only the positives with probability
Prob above a chosen threshold, indicating that we trust these positives to be accurate.

5.2 Experimental results

Figure 4 presents common cases of the experimental results on the ‘smooth’ and ‘interme-
diate’ noise datasets. Figure 4a shows a series of initiations, leading to a continuous LTA

2https://homepages.inf.ed.ac.uk/rbf/CAVIARDATA1/
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Fig. 4 Probabilistic activity recognition in CAVIAR. The black line represents the instantaneous probability
evolution computed by Prob-EC. The horizontal lines denote the maximal intervals that may be derived by
Prob-EC using a 0.7 threshold (green), the credible probabilistic maximal intervals computed by PIEC using
the same threshold value (red), and the ground truth (blue)

probability increase, followed by a series of terminations, resulting in a continuous proba-
bility decrease. In Fig. 4d and f, there is a single termination, that causes a dramatic drop in
probability. In Fig. 4b, c, d and f, the LTA is subject to the law of inertia between the initia-
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tions and the termination(s)—this is denoted by a horizontal line in the probability evolution
plot.

By definition, given a threshold value T , the intervals computed by PIEC are super-
intervals of the intervals that may be derived from the instantaneous probabilities calculated
by Prob-EC (recall Definition 2). In most cases, when the probability increase or the prob-
ability decrease is not abrupt, that is, in the cases of continuous ‘soft’ indications that an
activity has started (respectively ended), the additional time-points of the PIEC intervals
have relatively high-probability. See, for instance, Fig. 4b and d. However, when both the
probability increase and decrease are abrupt, that is, when there is instantaneous strong evi-
dence about the initiation and the termination of an LTA, the intervals of PIEC may include
time-points with low, even 0 probability (see e.g. Fig. 4c). In these cases, including some
time-points with low probability in a PIEC interval may not drop the interval probability
below the given threshold value.

In the common cases of non-abrupt probability increase and decrease, the intervals of
Prob-EC may approximate those of PIEC by lowering the threshold value. In Fig. 4a, b
and d, the intervals of Prob-EC would be the same, more or less, as the intervals of PIEC
by setting the threshold value for Prob-EC to 0.5. However, lowering the threshold value
may create false positives, as in the cases when the probability of an LTA raises above the
threshold only momentarily, due to a few noisy observations.

Figure 4 shows that PIEC and Prob-EC do not always agree with the ground truth given
by the CAVIAR team. Typically, the manually annotated intervals start at the first initiation
of the LTA (although there are cases, not shown here to save space, where they start earlier).
There is no fixed relation between the annotation and the terminations, however. In some
cases, the annotated intervals end after a series of terminations (see Fig. 4a), while in other
cases the end of an annotated interval coincides with the first termination (see the Fig. 4c).
In Fig. 4d, the annotated interval ends with the last initiation, while in Fig. 4b, it ends while
the LTA is subject to inertia, that is, when there are no initiations and terminations.

There are also some extreme cases, such as, for example, that displayed in Fig. 4f, where
there are numerous time-points with high-probability, including 1, but there are no positive
examples at all according to the ground truth. In such cases, PIEC is penalised more than
Prob-EC, since it typically produces longer intervals for a given threshold value. These
issues arise because there is noise even in the original CAVIAR dataset [45, 68], and hence
the (manually constructed) LTA definitions cannot match perfectly the ground truth. Recall
that PIEC builds upon the instantaneous probabilities computed by Prob-EC, which in turn
are based on the given LTA definitions.

Figure 4e shows a case of probability fluctuation—a steady increase in probability is fol-
lowed by a noisy observation that reduces dramatically the LTA probability. Subsequently,
the probability increases again. PIEC is able to compute a single maximal interval, mit-
igating the effects of the noisy observation reducing temporarily the LTA probability. In
contrast, Prob-EC is directly affected by the noisy observation, creating a series of false neg-
atives between its two maximal intervals. To approximate the interval of PIEC, we would
have to lower significantly the threshold value for Prob-EC, creating numerous false pos-
itives in other cases. This example, therefore, illustrates one of the key benefits of using
PIEC for activity recognition.

Figure 5 displays the F1-score for the fighting, moving and meeting LTA. We repeated
the experiments 5×16 times, i.e. 5 times for each Gamma distribution mean value in the
range 0.5 to 8.0, with a step of 0.5. The higher the mean, the lower the probabilities attached
to the CAVIAR input facts, indicating a higher amount of noise. The results for ‘strong
noise’, i.e. adding spurious STA, are omitted since they are very similar to the those of
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Fig. 5 The F1-score of PIEC and Prob-EC per Gamma mean value for the fighting, moving and meeting LTA,
under smooth noise (left) and intermediate noise (right). The dashed lines display the performance of PIEC
while the solid lines display the performance of Prob-EC. Red lines correspond to a 0.5 threshold value, blue
lines to 0.7, while green lines correspond to a 0.9 threshold value

‘intermediate noise’. The insertion of spurious facts affects very rarely the performance of
PIEC and Prob-EC, since the initiation and termination rules require the satisfaction of a
combination of predicates that appear in their body.

As shown in Fig. 5, the performance of PIEC is mostly similar to that Prob-EC. Cases
such as that depicted in Fig. 4f do not allow PIEC to outperform (significantly) Prob-EC. In
the experiments with the ‘smooth noise’ dataset, the F1-score of PIEC is very close with that
of Prob-EC, with PIEC performing slightly better in fighting, and moving for high Gamma
mean values (that is, high noise levels). In the ‘intermediate noise’ dataset, neither PIEC
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nor Prob-EC can cope with the noise of high Gamma mean values in fighting and moving.
PIEC remains the best option in fighting, while the difference in the F1-score is bigger in
many cases. In moving, PIEC performs at least as well as Prob-EC, while in meeting PIEC
manages to outperform Prob-EC in high Gamma mean values, being more tolerant to high
noise levels. Interestingly, the best choice in these noise levels, PIEC with a 0.5 threshold,
has increased performance as the Gamma mean value increases. This is due to the increasing
precision.

6 Summary and further work

We proposed PIEC, an efficient algorithm computing maximal intervals for activity recog-
nition under uncertainty. We demonstrated the use of the algorithm by employing Prob-EC,
an Event Calculus dialect handling data uncertainty. We evaluated PIEC on CAVIAR, a
benchmark activity recognition dataset, and outlined the conditions in which it outperforms
time-point-based recognition: PIEC is the preferred option in the presence of noisy instan-
taneous LTA probability fluctuations, as well as the common case of non-abrupt probability
change. Conversely, PIEC does not perform well in the case of abrupt probability change.

Most approaches evaluated on activity monitoring datasets focus on multimedia process-
ing for short-term activity (STA) detection.3 A recent approach for LTA recognition, that
has been applied to the CAVIAR dataset, is presented in [37]. In this work, Markov Logic
Networks (MLN) were employed for expressing LTA definitions, and machine learning
techniques were adopted to construct these definitions. As discussed in Section 2, we also
provided a probabilistic framework for activity recognition via MLN [69]. Moreover, we
recently proposed on-line machine learning techniques for optimising both the structure and
the parameters of LTA definitions, without requiring complete supervision [39, 40, 48]. We
are currently investigating the use of PIEC on top of such models/definitions. Furthermore,
we plan to evaluate PIEC in different datasets, such as, for example, that presented in [38].4

As another area of further work, we aim to extend our approach by handling streaming
data, possibly by means of windowing. The use of a sliding window requires a concise
memory of the past, holding, for example, the potential starting points of a probabilistic
maximal interval. Given that such a memory has to be bounded, on-line reasoning will have
to be approximate. The task then is to define the margins of error.

Acknowledgements This work was supported by the INFORE project, which has received funding from
the European Union’s Horizon 2020 research and innovation programme, under grant agreement No 825070.
We would also like to thank Elias Alevizos for his feedback at the early stages of this work, and Evangelos
Michelioudakis for his support in the experiments.

References

1. Agrawal, J., Diao, Y., Gyllstrom, D., Immerman, N.: Efficient pattern matching over event streams. In:
SIGMOD, pp. 147–160 (2008)
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