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ABSTRACT

Device-free indoor localization technologies can achieve fine-grained
localization and have the advantage of being non-intrusive. How-
ever, interpreting the low-level data produced by these technologies
can be challenging. In this paper, we investigate the application of
stream reasoning technologies to enrich and exploit such data. In
particular, we are interested in the semantic fusion of events coming
from various ambient sensors (door sensors, smart plugs, motion
sensors ... ), including a ceiling-mounted Pyroelectric InfraRed (PIR)
sensor array that provides accurate multi-user positioning on a 2D
plane. We show how existing stream reasoning technologies can be
used to detect complex events, such as the movements and actions
of multiple users in a real environment. These events represent
useful information which can later be used for human-centered use
cases, such as detecting activities or abnormal user behavior.
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1 INTRODUCTION

The promise of indoor localization technologies is to provide new
assistance solutions in applications such as comfort services, health-
care, monitoring and security. While a majority of indoor localiza-
tion systems focus on using a device (e.g. a smartphone or wearable
sensor) to locate and identify inhabitants, device-free localization
has the advantage of being non-intrusive and non-stigmatizing.
On the downside, device-free approaches make interpreting sensor
data more challenging: data is generally more sparse, incomplete
and/or uncertain.

Semantic web technologies allow transforming sensor data into
highly expressive information, which can encapsulate contextual
information of the environment. Semantic approaches were ex-
tensively investigated in the domain of contextual modeling and
pervasive computing [Kolozali et al. 2014]. In the last decade, these
semantic approaches benefited from the advances in the domain of
real-time RDF(Resource Description Framework) stream processing,
which evolved into stream reasoning and semantic CEP(Complex
Event Processing). Stream reasoning allows combining sensor data
with background knowledge, and performing high-level event de-
tection [Mileo et al. 2017].

Our approach is developed in a device-free environment, where
ambient sensors (e.g. door sensors, smart plugs, motion sensors ...)
are combined with a PIR sensor array! to monitor the locations and
actions of users. We aim to use stream reasoning to infer valuable
information from the fusion of this data. In particular, the detection
of recurrent trajectory patterns give information about the behav-
ior of the users [Renso et al. 2013], and enhanced (i.e. semantic)
trajectories can be used to infer user activity or detect anomalies
in their behavior. The contributions of this paper are the following:

e An architecture to derive complex events from trajectory
and ambient sensing devices, and an ontology to model these
events along with contextual information. The ontology ex-
tends previously established ontologies.

o Use cases of device-free user tracking using stream reason-
ing, including movement/stop detection and action tracking.
To the extent of our knowledge, these use cases were not
addressed in an indoor context : they have been investigated
only recently in outdoor use cases [Dejonghe et al. 2017]
[Alirezaie et al. 2017], and non-vision user tracking is an

Lhttp://www.irlynx.com/
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ongoing challenging task [Liu et al. 2018] [Renoux et al.
2017].

e A preliminary implementation of these use cases, in the
form of queries, based on the C-SPARQL engine and the
GeoSPARQL language. We believe these use cases represent
an essential step towards detecting more complex events
such as the detection of ADL(Activities of Daily Living),
from low-level localization and context information.

The rest of the paper is divided into 3 sections. Next section
discusses related work, in the fields of stream reasoning and event
detection on localization data. Section 3 describes the proposed
approach, including our ontology and how it is used to model smart-
home data. Section 4 defines the use cases and their implementation
with the C-SPARQL engine. A final section draws conclusions and
describes ongoing and future developments of the approach.

2 RELATED WORK

Semantic modeling for the detection of complex events is an on-
going research issue. In [Okeyo et al. 2014], authors combines
ontological and temporal knowledge representation formalisms to
provide powerful representation capabilities for activity modeling.
They also present methods to develop temporal entailment rules
to support the interpretation and inference of composite activities.
[Marroquin et al. 2018] defines an ontology to describe events ex-
tracted from a network of smart cameras in a smart-building. The
ifcOWL? ontology is used along other standard ontologies to model
the smart-building environment. Contextual knowledge of the state
of the users and the building is deduced from the results of com-
puter vision algorithms, and extended with the result of reasoning
processes based on SWRL rules. [Renoux et al. 2017] describes a
context recognition approach, where probabilistic reasoning and
knowledge modeling are used to count the number of people in a
smart-home. The approach uses multiple ambient sensing devices
and prior knowledge such as the environment’s topology, sensor
types, and the features they monitor.

On top of contextual modeling, localization and trajectory anal-
ysis provide essential information in the detection of meaningful
events [Renso et al. 2013][Cumin et al. 2018] [Ying et al. 2011]
Semantic trajectories stem from modeling trajectories in more ex-
pressive ways using semantic web technologies. Combined with
contextual data these trajectories can help interpreting behavior pat-
terns [Ye et al. 2015]. Semantic trajectory analysis was first applied
to GPS coordinates data, as this type of data is massively avail-
able, e.g. in city traffic or harbor management. In [Vandecasteele
et al. 2014] semantic trajectories of moving vessels are constructed
in 4 steps using loosely-coupled modules: trajectory aggregation,
trajectory segmentation (detection of movement and stops), seman-
tization, and complex event detection. In the last step, handcrafted
SWRL rules are defined to detect patterns of interest such as a vessel
entering a forbidden fishing area (geospatial analysis is done using
SWRL built-ins).

Although semantic web technologies are suited to sensor data
and trajectory modeling, they lack temporal semantics and real-
time querying and reasoning [Ye et al. 2015] [Riboni et al. 2011].
Thus, techniques such as stream reasoning were used to mitigate the
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limitations of standard semantic web technologies. There is a com-
mon effort towards defining a standard language® and processing
frameworks dedicated to stream reasoning. First attempts at imple-
menting stream reasoning frameworks include C-SPARQL[Barbieri
et al. 2010] and EP-SPARQL[Anicic et al. 2011]. Although these
tools allow processing and querying RDF streams, they are still lim-
ited and do not represent a complete Semantic CEP engine (SCEP)
[Ye et al. 2015]. Recent experimental implementations towards a
complete SCEP framework include [Tommasini and Della Valle
2017] and [Gillani et al. 2017], that include an extended syntax for
complex events operators.

[Le-Phuoc et al. 2016] proposes to use a semantic CEP engine
along with a semantic spatial engine to query a large-scale graph
of things. The approach is implemented as a lambda architecture
combining semantic and big data tools (hadoop-based). Examples of
application include city transport heatmaps. In [Alirezaie et al. 2017]
and [Keskisarkka 2017], authors describe stream reasoning methods
to create and query complex event in smart-home health monitoring
use cases. The stream reasoning layer filters and aggregates sensor
events described with SSN, DUL, and GeoSPARQL. The results
of these steps feed an ASP(Answer Set Programming) solver to
infer new knowledge. In [Dejonghe et al. 2017], stream reasoning
is used to detect suspicious/illegal vessel activity. To achieve this
goal, they integrate spatial information in the event processing
architecture, using C-SPARQL, GeoSPARQL and a spatial-enabled
triple store. [Patroumpas et al. 2017] also investigate complex event
processing for maritime monitoring of vessel trajectories, although
the approach doesn’t rely on semantic web technologies. They show
how a complex event processing approach enables the detection of
useful trajectory patterns such as short pause, long stops, turns, or
missing data points.

Previous work investigated the benefits of integrating semantic
and stream reasoning/CEP technologies to detect meaningful events
in smart environments. However to the extent of our knowledge
the analysis of user movement in indoor environments with these
methods hasn’t been addressed. In a device-free setting in particular,
this type of analysis represents useful information to detect areas
of interest within a space, anomalies in user behavior, and along
with contextual data infer the activities of users.

3 APPROACH DESCRIPTION

Several ambient sensors are distributed around a demonstration
room: motion detection sensors which indicate presence, door/win-
dow/fridge sensors which detect their state, smart plugs which
detect if electric devices are being used (e.g coffee maker), and the
PIR localization sensor. The demonstration room is depicted in fig-
ure 1. All sensors feed the stream reasoning engine, through the
MQTT and Websocket protocols. The PIR array localization sensor
is fixed on the ceiling, and transmits localization data of each target
(person) under it. The localization payload contains the target ID
along with its geospatial coordinates. Each target keeps a consis-
tent ID as long as it stays within the sensor range (approximately 3
meters), without an explicit identification mechanism.

3Documented at https://www.w3.org/community/rsp/ and https:/github.com/
streamreasoning/RSP-QL
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Figure 1: Top-view of the demonstration room

Similarly to previous work, we reuse and extend existing on-
tologies to construct a model which allows describing the events
required in our use cases. The ontologies that form the core of our
model are the standard ontologies SSN/SOSA[Compton et al. 2012],
DUL, and FOAF. SSN is used to model data related to sensor ob-
servations and actuations, while DUL and FOAF are used to model
agents (users) and their locations. Along with these ontologies, the
Building* and Zone® modules of the SEAS [Lefrancois 2017] ontol-
ogy are used to model the smart-home environment. SEAS is an
exhaustive ontology dedicated to smart appliances and energy man-
agement, that is aligned with the SSN ontology. The GeoSPARQL
language and vocabulary are also used to model geometrical data
(including room shapes, as well as sensors and users coordinates).
Alignments between these ontologies were already established®.

The expressiveness of the resulting ontology corresponds to the
SRI N DL fragment. The namespace for this prototype ontology
is http://orange.smart.home#, with the corresponding home prefix.
Table 1 defines ontology prefixes which are used in most use cases
of the next section (omitting common prefixes rdf, rdfs, owl, ex, xsd).

Figure 2 shows an example graph pattern which depicts asser-
tions using these ontologies, including trajectory modeling, rep-
resented in the Protégé editor’. We emphasize a few concepts
and properties that were added to the ontology, to model com-
posite and complex event based on localization and speed infor-
mation extracted from the PIR sensor array. For the segmentation
of trajectories (i.e. stop and move), four properties are defined:

“https://ci.mines-stetienne.fr/seas/BuildingOntology-1.0
Shttps://ci.mines-stetienne.fr/seas/ZoneOntology

Shttps://www.w3.org/ns/ssn/dul, https://ci.mines-stetienne.fr/seas/SSNAlignment,
https://www.w3.org/TR/sdw-bp/. Alignment of DUL and FOAF can be made using the
Agent concept : http://dbpedia.org/ontology/Agent.

"https://protege.stanford.edu/
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Table 1: Redundant prefixes

spatial http://jena.apache.org/spatial#
geo http://www.opengis.net/ont/geosparql#
sosa http://www.w3.org/ns/sosa/
foaf http://xmlns.com/foaf/0.1/
dul http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#
home http://orange.smart.home#
cs http://larkc.eu/csparql/sparql/jena/ext#

home: movedFrom, home: movedUntil, home: stoppedFrom
and home: stoppedUntil. The property home: closeTo identifies
a geographic and temporal proximity correlation between two sosa:
observation, as illustrated in the first use case below. Although
there are existing ontologies to describe semantic trajectories, we
employ straightforward definitions because they are sufficient for
our use cases.

4 USE CASES AND IMPLEMENTATION

Table 2 defines the system use case targeted by our system. These
use cases are categorized by their use of localization information,
speed, and composability, i.e. whether they use only observable
knowledge or knowledge inferred by another query. For the latter,
the results of the first query are used as a data source for the second.

Table 2: Use cases

System use case Localization | Speed | Composability
Action detection v’ X X
User stopped X v’ X
User stopped in area v’ X v’
Moved & acted Vv’ X v’
Hybrid tracking v’ X X

We choose the C-SPARQL engine for the implementation of these
use cases, because it supports SPARQL 1.1 queries, which is useful to
construct composite and complex events [Keskisarkka 2017]. Also,
its modularity allows to integrate spatial functionalities, which is
required for some use cases. The Jena spatial SPARQL functions®
are used in our implementation, but another implementation can
be integrated®. The architecture of the approach is described in
Figure 3. The raw data streams are parsed and transformed into RDF
representations accordingly to the semantic model, then the RDF
streams are read by the stream reasoning engine. To detect complex
events, low-level events such as movement segmentation are first
detected by the engine (1). The stream of results is then fed back to
the engine as another source of observations (2). From raw and low
level event streams, the engine can detect more complex events (3),
and store the results in a knowledge base for archiving or further
analysis (4). Virtuoso!? is used as the back-end knowledge base in
our prototype. The queries below highlight examples use cases of

8https://jena.apache.org/documentation/query/spatial-query.html
°E.g. using Parliament http://parliament.semwebcentral.org/
Ohttps://virtuoso.openlinksw.com/
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our approach. Queries are defined with to the C-SPARQL syntax:
each query is a query executed continuously over one or multiple
streams (FROM STREAM), on a specific time window ([RANGE ...]).

In Listing 1, the query returns the users that were geographically
close to an observation coming from a specific sensor, e.g. a fridge
opened or a coffee-maker used. The selection is represented as
a basic graph pattern : sensor observations are modeled accord-
ing to the SOSA and GeoSPARQL ontologies. The dul:hasRegion
property is used to link the user with its observed position. The
Jena spatial:nearby function is used, but could be replaced another
spatial function. We assume the name ("ex:sensor”) and location
(latitudeOfSensor and longitudeOfSensor) of the sensor are provided.
As a concrete example, to restrict the search to the users who open
the fridge, the FILTER clause could be : FILTER(?1abelSens =
"ex:fridgeBreakRoom"). The sequence of events is not explicit
but the 5 seconds tumbling window ensures the temporal proximity
of the two events.

REGISTER QUERY actionDetection AS
CONSTRUCT {?user home:closeTo ?y}
FROM STREAM <ex:observationStream>
[RANGE 5s TUMBLING]
WHERE {?x a sosa:Observation
?y a sosa:0Observation
?x sosa:hasFeatureOfInterest ?user.
?user a foaf:Person
?user dul:hasRegion ?pos
?pos geo:hasGeometry ?geo
?y sosa:madeBySensor ?sensor
?sensor rdfs:label ?labelSens
?geo spatial:nearby(latitudeOfSensor
longitudeOfSensor radius 'm')
FILTER(?labelSens = "ex:sensor")};

REGISTER QUERY targetStopped AS
CONSTRUCT {
?2user home:stoppedFrom ?minTime
?user home:stoppedUntil ?maxTime
}
FROM STREAM <ex:observationStream>
[RANGE 1m STEP 20s]
WHERE {
SELECT distinct ?user (MAX(?time) AS
?maxTime) (MIN(?time) AS ?minTime)
WHERE {
?x a sosa:0Observation
?x sosa:hasResultTime ?time
?x sosa:hasFeatureOfInterest ?user.
?x sosa:observedProperty <ex#userSpeed>
?x sosa:hasSimpleResult ?speed
}
GROUP BY ?user
HAVING (AVG(?speed) < maxSpeed &&
(MAX(?time) - MIN(?time)) > ?minTime)} ;

Listing 1: Action detection by geographic proximity of ob-
servations

Listing 2: User stopped
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Listing 2 illustrates movement or stop detection using the speed of
the target. A nested query allows to aggregate and segment distinct
user’s movements. The query can include a minimum time span
restriction such as shown in the HAVING clause, i.e. the minimum
amount of time that triggers a stop detection.

REGISTER QUERY userStoppedInZone AS
CONSTRUCT {?user home:stoppedIn ?geo}

FROM STREAM <ex:userStopsStream> [RANGE 10s
TUMBLING]

FROM STREAM <ex:observationStream> [RANGE 10s
TUMBLING]

WHERE {

?2user home:stoppedFrom ?start

?2user home:stoppedUntil ?end.

?x a sosa:0Observation

?x sosa:hasFeatureOfInterest ?user.

?x sosa:observedProperty <ex#userSpeed>
?user dul:hasRegion ?pos

?pos geo:hasGeometry ?geo

?7geo spatial:withinBox(latMin longMin
latMax longMax)

}

Goodtechs *18, November 28-30, 2018, Bologna, Italy

Listing 4 represents a complex event composed of movement
and action tracking. The objective is to detect a sequence of events:
a movement followed by an action, followed by a localization of
the user in a rectangular area like in the previous use case. This
use case can be used to detect simple activities, e.g. moving, (?user
home:movedUntil %end), turning off the lights and sitting on the
couch. The sequence of events could include a stop detection fol-
lowing the localization of the user (?pos geo:hasGeometry 7geo). The
C-SPARQL cs:timestamp function is used to define the sequence
of events. As stated in section 2, the recommended RSP-QL syntax
includes an actual SEQ operator!!, which would be a better fit to
detect complex events, but frameworks that implement this kind of
operator don’t match other requirements such as spatial reasoning
(see section 2).

Listing 3: User stopped in Zone

Listing 3 uses the result of a stop detection query, and localization
observations. The spatial:withinBox function is used to restrict the
stop detection to a rectangular area, assuming the area coordinates
are provided (latMin, lonMin, latMax, lonMax).

REGISTER QUERY moveAction AS

SELECT =*

FROM STREAM <ex:observationStream>

[RANGE 20s TUMBLING]

FROM STREAM <ex:actionStream>

[RANGE 1m STEP 20s]

FROM STREAM <ex:moveStream>

[RANGE 1m STEP 20s]

WHERE {
?x a sosa:0Observation
?x sosa:hasFeatureOfInterest ?user.
?2user home:closeTo ?y
?y a sosa:Actuation
?y sosa:hasFeatureOfInterest <ex#lLight>
?2user home:movedUntil ?end.
?user dul:hasRegion ?pos
?pos geo:hasGeometry ?geo
?geo spatial:withinBox(latMin longMin
latMax longMax)
FILTER(
cs:timestamp (?user home:movedUntil ?end) <
cs:timestamp (?user home:closeTo ?y) &&
cs:timestamp (?user home:closeTo ?y) <
cs:timestamp (?user dul:hasRegion ?pos))

REGISTER QUERY trackingHybrid AS
SELECT ?posX ?locY ?locZ

FROM STREAM <ex:observationStream>
[RANGE 20s TUMBLING]

FROM STREAM <ex:actuationStream>
[RANGE 20s TUMBLING]

WHERE {{

?x a sosa:0Observation

?x sosa:hasFeatureOfInterest ?user.
?x madeBySensor ?PIRSensor

?PIRSensor a home:locationSensor
?user dul:hasRegion ?posX
3
UNION ¢

?y a sosa:Actuation

?y sosa:hasFeatureOfInterest ?window
?window a home:window

?window dul:haslLocation ?locY
3
UNION {

?z a sosa:0bservation

?z madebySensor ?presenceSensor
?platform sosa:hosts ?presenceSensor.
?presenceSensor rdf:type home:presenceSensor|
?presenceSensor dul:haslLocation ?locZ
}
FILTER (?COUNT(distinct ?user) = 1)} ;

Listing 4: Movement and action event sequence

Listing 5: Hybrid tracking

Listing 5 tackles user tracking without localization information,
using static knowledge about the sensors positions. When the user
is alone in the environment (e.g. for elderly monitoring), ambient
sensors can complement the localization observations when the
user is outside of its range, since he is the source of any observation
or actuation in the environment. This is particularly important in
a real environment, that is most certainly not fully equipped with
localization devices. The query uses specific concepts to model
a window (home:window) which can extend the seas:System class
of the SEAS ontology, and to sensor types that can extend the
sosa:Sensor class. The locations of the window and the sensor are
returned along the positions observed by the PIR sensor.

U This operator is common in complex event processing engines
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To conclude on the applicability of these queries, Figure 4 de-
picts a typical sequence of events. 1-2: the user enters the room
and triggers the door sensor (action -> move). 2-3: a movement
is followed by activation of the coffee maker (move -> action). 4:
the user enters the couch area. 5: a user stop is detected within
the couch area (stop in area). 6-7-8: a sequence of movement (6),
presence detection (7) and movement (8) is detected when the user
picks up the TV remote. After these events have been detected
and stored, the complete sequence of actions of the user and his
trajectory can be built.

00O

Fridge, Coffee
Microwave | Maker

User trajectory
and event

Couch Zone X Sensor X
Limits activation

Figure 4: Sequence of action summary

5 CONCLUSION AND FUTURE WORK

In this paper we presented an approach to construct meaningful
events occurring in a device-free sensing environment, using stream
reasoning technologies and a dedicated ontology. We specifically
addressed the exploitation of localization data towards detecting
complex events, which serve as meaningful information for use
cases such as elderly monitoring. The approach has been imple-
mented and is being validated in a real environment. This work is
still in progress: we expect to provide an experimental evaluation
of the system in future work. More specifically we are studying
the performance of the approach for event detection, i.e. the error
rate and the event/second throughput. Finally, we also intend to
show the applicability of the approach in multi-user scenarios, and
extend the approach to deal with uncertain and partial data.
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