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A Semantic Approach to loT Data Aggregation and
Interpretation applied to Home Automation

Fano Ramparany, Quyet H. Cao
Orange Labs
28 chemin du Vieux Chene
38243 Meylan, France
E-mail: {fano.ramparany, quyet.caohuu}@orange.com

Abstract— One salient feature of data produced by the IoT is
its heterogeneity. Despite this heterogeneity, fute loT
applications including Smart Home, Smart City, Smat Energy
services, will require that all data be easily comgred, correlated
and merged and that interpretation of this resultig aggregate
into higher level context, which better matches pgie needs and
requirements, bringing the user experience to the ext level. In
this paper we propose a framework based on semantic
technologies to aggregate I0T data. Our approach Isabeen
assessed in the domain of the Smart Home with realata
provided by Orange Homelive solution. We show thatour
approach enables simple reasoning mechanisms to benducted
on the aggregated data so that contexts such as tipeesence,
activities of people as well as abnormal situationsequiring
corrective actions, be inferred.

Keywords: semantic, interpretation, reasoning, aggregation

. INTRODUCTION

An IDC study [1] predicts that the number of cortedc
objects is approaching 200 billion today with 7%4 illion)
already connected to and communicating over therriet.
Most of these objects automatically record, repod receive
data. Although the volume of these loT data culyergpre-
sents only 2% of the world’'s data, the same stugbont by
2020 it will increase up to 10%.

This data has been characterized by IBM data ssient
along four dimensions [2]: volume, variety, velgcdand ve-
racity.

In this paper we mainly address the Variety issugich
further refer to incompatible data formats, nompadid data
structures and inconsistent data semantics.

IoT data is heterogeneous both semantically (thepée-

to aggregate IoT data. Our approach has been edsesthe
domain of the Smart Home with real data providedObginge
Homelive solution, which we introduce in sectioh We show

that our approach enables reasoning mechanismseto b

conducted on the aggregated data so that contestsas the
presence, activities of people as well as abnositahtions
requiring corrective actions, could be easily retogd.

In the next section we state the problems and dreev
related state of the art. We then introduce theeempental
platform that we used to experiment and assesssaution
approach. This will enable us to illustrate thehtecal and
scientific challenges that we face with a real Sntdome
setting. We then develop our semantic modeling Gaagr and
elaborate on the benefit of this approach in tesfgasoning
and high level interpretation that this model abowe finally
discuss our approach with its short terms persgestand
unveil a first repertoire of use-cases exploiting approach
that will improve the experience of Smart Home @ants.

II.  PROBLEMSTATEMENTAND STATEOFTHE
ART

Some work has been conducted in analyzing the teafef
semantic modeling in the domain of pervasive coimguf3],
[4]), but to our knowledge none have pushed topbiat of
implementing and evaluating it on real life data.

The value of semantic technologies has been repedior
sometimes now for integrating database schema nuadeling
and processing.

A. Semantic data integration

Data integration research has been focused in akdab
schema integration approaches and the use of gigsl@and

ature in my bedroom doesn't have much to do wite threlated semantic technologies to provide data sterey

positioning of my fridge in the kitchen) and syriteally (a
temperature is a floating point number expressedeisius
grade, whereas a position is a coordinates pairesgpd in
meters with respect to some defined referencenribie- spite
this heteogenity, future IoT applications includir§mart
Home, Smart City and Smart Energy services, wijuie that
all data be easily compared, correlated and merged,that
interpretation of the resulting aggregate into kigHevel
context better matches people needs and requirementhis
paper we propose a framework based on semantindlecfies

among heterogeneous database schemas. The treddiaiit-
dations of this Ontology-Based Data Access (OBL&)Have
been thoroughly investigated.

The Web since its origins has been a veha data
interchange. However, automatic discovery and natign of
Web data has been impractical until the availabditthe RDF
framework and RDF data sources. The flagship thigaon
this area, LinkedData [6] has fostered both the %if the
structured Web data and its exploitation [7]. Of¢he pillars
of this idea is the possibility of retrieve specifiata in the web



of data; this task is performed by SPARQL [8], aLSiRe
language that enables querying a RDF store.

B. Semantic data modeling

One major benefit of expressing data representatiibim
semantic language relates to its ability to providgh level
and expressive abstractions. For instance, inIthE, data
abstraction is concerned with the ways that thesichy world
is perceived and managed. In this domain, a Sen&atnsor
Network ontology [9] has been developed and prap@tehe
W3C for standardization. To enable semantic interaipility
for smart appliances in the smart home domain Ttk@refore
developed SAREF, the Smart Appliance REFerenceamyto
It covers popular sensor and actuators and caaligaed with
other ontologies. There are other examples relatesgmantic
data modeling in context of smart home fon- ergy
efficiency, such as ThinkHome [10], S-SESAME [11].
Recently, LOV4IoT [12] has introduced a new ontglag the
smart home among the 45 other ontologies. Thiowisf
introducing abstraction based on a semantic apprdaae on
ontologies shared by the loT community is being hpds
forward within several Standard Defining Organiaa$i. For
instance ETSI M2M focuses on semantic support f@&vi
data, OneM2M focuses on Abstraction and Semantos,
W3C on the Web of Things. One motivationsgmantic
abstraction resides in interacting with higher leeatities
rather than with sensors and actuators and thaging it
possible to understand data without prior knowleddmut
their source (device, web service,...).

C. Semantic data processing

Semantic web technologies allow logical reasonimghsit
new information or knowledge can be inferred froristng
assertions and rules. 10T applications will requ@asoning for
various purposes such as resource discovery, batstraction
and knowledge extraction. To this purpose, speaifiorithms
are usually implemented within dedicated reasonerg.
Pellet, FACT++ and Jena) so developers do not neede
concerned with the complexities of the reasoning@ss itself.
Examples of IoT resource discovery in the linketadzan be
found in [13].

We aim at applying this approach to integrating Data
and to experiment this approach in a real openasibsetting.

. EXPERIMENTALSETTING

As we have set high the ambition of assgssim ap-
proach in today's home, we have based our expetahen
platform on an off the shelf home automation solutcalled
Homelive [14]. Homelive allows people to manageartheme
appliances remotely. The Homelive pack offers angeaof
intelligent sensors and connected devices, broogk@range’s
partners: weather monitors, thermostats, lightcwis, sound
and movement detectors, water leak and smoke detedb
name but a few. We have thus instrumented a spaceiri
building with Homelive connected devices. It is Wonoting
that this space was already used by people forhlamound

! http://ontology.tno.nl/saref/

noon, coffee breaks in the morning, tea breakherafternoon,
and for short breaks throughout the day during vlpeople
could engage informal discussions or simply get esamst.
Deploying Homelive in this space didn’t have anypaut on
the way it was used already.

Each device is assigned a name which makgdicit
its type. Thus smart plugs have been named MLPlugl,
MLPIlug2, MLPlug3, MLPlug4 and MLPIlug5.

The pictures displayed in Fig. 1 detail where edetiice
has been placed.

| @

MLPlug2 MLPlug3 MLPlugs

Fig. 1. Devices deployment

All these devices are wirelessly connected throtiogn
wireless communication technology Z-Wave [15]. Anito
Automation Box (HAB) is a dedicated gateway whichkes it
possible to access these devices from the IP vesridepicted
in Fig. 2, and make them part of the HAN (Home Area
Network). In order to further extend their reacltigbfrom the
HAN to the WAN (Wide Area Network), this HAB has be
connected to another gateway, such as the whiteabdke
bottom of the figure. In our case it was an Oralgebox.
events

- runs data mining
algorithms

\.—-—i

Room A118

collects
sensorsevents
and forward
themto the
local server

set which
sensors will
send events

Fig. 2. Experimental setup

In our experimental setup, the HAB collects allvides
events and forwards them to a local server whidhhgindle
the aggregation and interpretation task.



Such device events are formatted in json, followaniixed
“key-value” schema. An example of such an eveniedsby
smartplug MLPIlugl is as shown in Fig. 3

From this comprehensive event description, whiahstsis
of 10 key-value pairs, we will mainly keep the élling four:

timestamp is the date the event was received by the HAB
It is expressed as the number of seconds elapsed si

jan. Lrst, 1970 at 1:00AM.

name is the name of the device. As mentioned earlier w

made is so that the type of the sensorldcde

identified from its name. For instance, we knownfro
the name MLPIlugl that the event has been issueal by

smartplug.

* compute a mean value over a time slice of say 10mn

e compute a general trend from which strong increases
and decrease could be easily detected

e or check compliancy to predetermined thresholds.

such abstraction of raw data will uplift the lewélinformation

and will place it closer to the home occupants’@mns.

The main idea is that we want to bridge the gapvéen
low level raw data and high level information, battthe step
that remains to be done to make a decision or gags an
action becomes straightforward. One positive sftkcenot to
be underrated is that through this abstraction ggec we
reduce the size of the information and thus redbeetraffic.
The gain in traffic size is particularly high ifishabstraction

variable is the physical parameter that the event iprocess is carried out close to the source ofrtfoemation, i.e.

about. In the event sample above, this paramis
the current electrical power consumed by the appéa
it supplies.

{"deviceld": "22",
"deviceType": "BinaryLight",

"id" 3",
"name"; "MLPIlugl",
“room": "A118",

"service": "EnergyMeteringl",
"timestamp": "1428595051",
"variable": "Watts",

Fig. 3. Event Description in JISON

As you can notice, the above definitions of the skeye
nec- essary for the reader to understand what Higes
associated to these keys mean, although the narte deys
have been chosen in a way that the reader would figured
out these definitions easily by himself. For anomifation
processing system to correctly interpret an eviiet, neaning

should be made explicit and even be embedded in tF

representation itself. In the section V we expleonv we make
this possible. But before that, in the followisgction we
elaborate on why remaining at the basic eventrge®n is
too low a level to expect any interesting intergtien of the
information it conveys.

IV. TOWARDSA MORERESPONSIVEAND
INTELLIGIBLE HOME

IoT sensors are usually very talkative and veesator
instance, in our Homelive platform, the smartpluggularly
delivers dense streams of power measurements ri@ird to
sometimes more than 10 measures per minutes, glihtbese
smartplugs have been configured in such a way ahaew
measurement is issued only if the current powesgomed
differs from the previous measure sent by more tt@Wvatts.
More generally Homelive devices send an event wiane
significant change in the data it measures occurs.

Such an abundance of information is superfluoushe
inhabitants as well as to most smart home applicatiThese
cumbersome data could be synthesized by applyirgy an
more of the following policies:

close to the sensor. Having this process handletieidAB or
at least in the HAN is technically a reasonableutsmh. In
order for a computer system to be able to prodesdaw level
data, it is necessary to reformat this data intepresentation
that incorporates the semantics of the data asasethe data
itself. Applied to the data produced by our honeldevices,
this will result into a semantic model the Smartkéodata. In
the next section we explain this reformatting pesce

V. MANAGING THE SMART HOME DATA AT A
SEMANTIC LEVEL

We first introduce the architecture of our systenthaeit we
get an overall perspective on where the raw dataeesdrom,
where the target semantic model will be storedreowd it will
be further exploited for high level interpretatiand reasoning.

¢
SPARQL
EndPoint

PubSub

InfModel |5

! SPARQL +
A rule engine
: Jena

SPARQL|

rules
Virtuoso

reasoning

storage i
HL2VirtAdapter

Json

Fig. 4. System architecture

This architecture is depicted on Fig. 4 Input lewdl data
is provided in a push/asynchronous mode by the Hweene
HAB, which we have represented as a rectangulardmothe
lower left part of the diagram. As explained intgat 1, this
data consists of a flow of independent events enhitty each
Homelive device. The HAB acts as a pass-througkypndich
collects events from each device and forwards thight away
to the local server, which has subscribed to recsiich events
as mentioned earlier. Events are described in gsoshown in
Fig. 3 Because we use the semantic web framewadkitan
associated modeling languages RDF/OWL, our firgt goto



interpret the data conveyed in the event descripgtiderms of
elements of these languages. An event is a piergasimation
that is produced by an IoT device. Thus we createreept
representing this piece of information and oneas@nting this
device. As this event is possibly not the first gmneduced by
this device, the concept representing this devimgghhalready
exists. In which case, we don't create it but wifer to the
existing one instead, as will be shown later. Ekelrvalue
pair in this description has to be properly anrextaiAlthough
those pairs are syntactically similar to each qthach of them
express quite different things. For instance:

"variable": "Watts"

An example of such an axiom is that the arity eftélation
hasValue is 1, which means that a piece of infoonatan
only has one value and not more. Such axioms aressary
for the system to decide on the policy to adoptupezeption
of new events from a device, which has already seents
about the same topic in the past. Note that thiererally the
case, because once a device has been freshlyiprmésd and
sent its first event to report about a physicalrmmeenon, its
job is to update this report by sending other eseft the
involved relations, such as hasValue is of arityotl “is a
functional relation” in the OWL terminology), theurcent
target node in the model should be removed andceg! by
the new node created by the event abstraction psocCkhe

means that the event reports about a physical phé&esult of annotating one event description is lgriiagment
nomenon which is related to the rate at with eleaitr consisting of a set of concepts which are clasdeshe
energy is consumed. This phenomenon is not spdgific ontology or instances of these classes, intercklagerelations
the event nor to the device that has producecetrést.  of the ontologies. Some of these concepts are comtoo
Thus we need to relate the information conveyethlsy  different events. This means that assembling tfieggnents
event to a concept that models this phenomenonif So, together will result into a larger graph which véjgregate and
this concept already exists we link the conceptelate the information conveyed by the differentrmvto each
representing this information to the conceptother. This graph gives an overall account of tlagesof the
representing the phenomenon. If it doesn’t existwie ~ physical environment as seen by the pool of devices
simply create it. We call such concepts topics@edte  collectively. We call this state the situation. Thehis graph
them as instances of a class called InformationTopi constitutes a semantic model of the situation. Arisendly
The name of the link between Information instarara ~ Wway to visualize this aggregated graph and morergdiy any
Informa-tionTopic instances is called isAboutTopite =~ RDF model, and to navigate along its edges is ® the
rate of electrical energy consumption is a quant#éa Prot'eg” editor [16]. Using this editor, the sen@ambodel of
characteristic of this phenomenon, which in the OwLour SmartHome data can be displayed as shown in6Fighe

link.
"value": "45"

means that the target of this datatype properti lin
should equate to the litteral value 45.

The process of semantically annotating
description is illustrated in Fig. 5. As you seemg key-value
pairs correspond to links between existing concejoisie refer

Homelive events

"deviceId": "22
"deviceType": "BinaryLighy{",
"homeliwve": "47122383",
lli=jﬂ . "31!

: ’
"name": "MLPlugl",
"room": "All8",
"service": “En"
"timestamp”

tlrnestamp
"variable"

isAboutTopic SHmfmmatlon
"value": ISA
hasValue

Fig. 5. Homelive data semantic annotation

to concepts that already exist or eventually thatehto be
created, some refer to litteral values to be assign concepts
through links that already exist or eventually thave to be
created. Such analysis can be only conducted bypageam
domain experts which collectively know the domantatogy,

i.e. the catalog of concepts classes necessargdoride the
application domain, the potential links betweentanses of
these classes, and axioms that constrain the ubess links.

the even -~

modeling language we model as a datatype propertgoncepts classes of the ontology are displayech&sarchical

T = [ =

feont
8% =@ &

3520325 RE

a3

£s

Model
ProbabilityModel

Fig. 6. Navigating in the model using Protégéaxdi

tree on the left part of the screen. On the rigit,proncepts,
links are displayed as a graph. Instances areagisglon the
right. Hovering the mouse over nodes will popupatate
properties revealing the name of the datatype hmkl its
litteral value. Hovering the mouse over links wiveal the
name of the link.

In the following section we show how this situatiee-
mantic model can be easily exploited to infer higlevel
information, which can be directly processed to riove the
home occupants’ experience.

VI. HIGH LEVEL INTERPRETATIONOFIOT DATA

In the following table we list the inferences thedn
possibly be made, and for each of them, we mentiergain it



brings out in terms of user experience. Let's ntaberate on

how the inferences on the left of the table cadragvn.

N° Inferenct benefi to the use

1 | nobody’s in nice spot to cut oneself off

2 | atleas one peopleis in nice spo for a cha

3 | someon is in the living roorr | nice spo for a long cha

4 | someon is in the dining roorr | nice spot for a chat anc

munchies

5 | someon is in the kitcher nice spo for cha anc drink

6 | alleas two people are here bac place to cut onesel off

7 | alleas three people are here is there a party in?

8 | the ccffee machin« has beer | theres probabh a ho ccffee
used less than 1mn ago for me

9 | the ccffee machin« has beer | if there's ccffee left it shoulc
used less than 10mn ago be still warm

1C| the boiler has beer usec less | there's probabl a hot tez for
than 1mn ago me

11| the boiler has beer usec less | if theres tee left it shoulc be
than 10mn ago still warm

12| the fridge is being open for | let's have a look anc close it
more than one minute

12| the light is on althougt it is | let's switck it off
day time

14| the light is on althougt lumi- | let's switck it off
nosity is high

1t| at least one people is here | let's have a look to see wha's
while the luminosity is very| going on
low

1€| somebod’s here althouglt it is | alen the security
night time

TABLE |
INFERENCES AND USER EXPERIENCE

It would take too much space to detail the mechmarf all
the inferences, so lets take the inference Nol4 edaldorate
this particular case. Here is the basic reasormisgshown in
Fig. 1 a move detector MLMove3 has been placednietiie
door, and the door itself is equipped with a dopering
detector MLDoor1. If a move has been detected byvdie3
after MLDoorl has detected that the door has bpenexd, for
sure somebody has entered. In order to check itdtement
S:*MLMove3 has detected a move after MLDoorl hasrbe
opened”, we have to search the situation modelsfime
fragment which describes this statement. Searcinreg RDF
model amounts to query it using SPARQL query laggua
spargl query is a graph pattern, i.e. a subgrapinete using
the same ontology elements (concepts and relatibias) the
complete graph but where some of the nodes, respe sf the
links, may be defined as variables, i.e. can matey node,
resp. any link, in the graph. Before elaborating 8PARQL
query, lets first define the graph pattern thatdbe statement

visualized

corresponding links on the upper part of the Fig.Nodes
which are searched are named with a prefix “?”. iRetance,
the node representing the move information has lbeened
?infol. This is also the case for ?move3ts whigragent the
timestamp of the ?infol information. We have tothde same
for searching the status of the door informed by[Mbrl
detector. This additional part of our search cqoasls to the 6
nodes and corresponding links on the lower patheffigure.
Now that we’ve introduced the two timestamps ?mtveBid
?doorlts, our final question is “is ?move3ts gnedten
?doorlts. If the answer is yes, then we can coseclict
statement S is true. To complete our graph fragnsemt thus
add this last question to our SPARQL query, we wik a
specific mechanism that the SPARQL language prayifte
combining several variables and for defining “vadtunodes,
i.e. nodes which are defined in terms of other sodethe
graph fragment. In our particular case, we intredube
“virtual” node ?nbSecFromM3ToD1 which is computeg b
subtracting ?doorlts’ from ?move3ts. Now that we've

hl:name
?devl
hl:Trippedinfor
hl:says hl:isAboutTopic mationTopic
?infol hl:hasValue
- lue

hl:timestamp
?nhSecFrom
@ hI:nam M3toD1

hl:timestamp

hl:says N\

/
@ hl:hasValue
AN ue
hl:isAboutTopic
hl:Trippedinfor
mationTopic

Fig. 7. Has somebody moved in since the doobbags
closed?

the graph pattern that represents owrygit is
straightforward to format it using the SPARQL laaga. Fig.
8 shows how the query looks like. Basically, edok in the

WHERE section corresponds to an edge in the graph

representation of the query as displayed in Fige&ch line
represents an edge as a triplet. For instanceérnie |

?devl hl:says ?infol .

represents an edge where the source of the linktihas
identifier?devl, the link has the identifier hl:saand the target

which as we have seen in section V updates a pidce
information which captures information about moveme
within MLMove3 perimeter. Information about mouvemés
an instance of the class TrippedInformationTopice Wien
have to search for a node which is an instance
TrippedInformationTopic and which is linked to thede that
models MLMove3 device with the relation says, asoading
to our ontology this relation says links Informatido its
InformationSource. From this node we should seéschalue
along the relation hasValue and its timestamp albmg
relation timestamp. This pre-liminary graph fragmethat
describes this part of the search correspond<té thodes and

of  2movesvalue

PREFIX hl:<http://www.orange.com/ontologies/sh
WITH GRAPH <http://ffiwarelod.orange-labs.fr>
SELECT

?move3ts
?doorlvalue
?doorlts

?nbSecFromM3toD1 WHERE {




?devl hl:says ?infol . ?devl hl:name "MLMove

?infol hl:isAboutTopic hl:TrippedinformationTopic .
?infol hl:hasValue ?move3value .

?infol hlitimestamp ?move3ts . ?dev2 hl:says ?info2
?dev2 hl:name "MLDoor1" .

?info2 hl:isAboutTopic hl:TrippedinformationTopic .
?info2 hl:hasValue ?doorlvalue .

?info2 hl:timestamp ?doorlts .

BIND((?doorlts - ?move3ts) AS ?nbSecFromM3toD1) }

Fig. 8. SPARQL query

We have obtained good results on few experiment&hwvh
show that inferences that we make with our approah
sound. However we plan to conduct an extensiveintgst
campain that confirm the robustness of our system.

A wider perspective and discussion on these fastlts are
developed in the next section.

VII. DISCUSSIONAND CONCLUSION

Adopting semantic modeling technologies opeps an
avenue of user experience improvements. For insfame use
case we have briefly evoked in our paper [17] bavem’t
tested with real data yet is to take into accowmfiorimation
about devices location, such as rooms where theeakeare
located and devices functionality, such as thereatfidata the
device measures and reports in case it is a sefsggregating
devices information into the picture makespissible for
occupants to converse with their home with questisuch as
“what is the temperature in the kitchen?”. Thismgugould be
decomposed into looking up all devices locatechi Kitchen
(device location), then identifying which of thodevices is a
thermometer (device function) and finally retihg the
current temperature measured by this device. Tlssvemto
these 3 sub-queries can be found in the aggregdd&dgraph.
Widening the range of information sources beyonel il
domain would even make possible fancier oaees. For
example, if we don't limit ourselves to the regd&it scope of
smart home data, as we did in the work reportea, heut

aggregate data from the Open Data world, we coold f

example find out which IKEA cupboard would fiedi in
kitchen, in the space between the oven ared whall. For
this, we simply need the dimensions of our kitclaerd its
appliances (our Smart Home data) and theewions of
IKEA products. The laters could be found tive IKEA
online catalog if this catalog is available as opata. Once
aggregated on the common semantic model, the r@gpec

dimensions could be compared.

To this view, of having loT system access opera dat[16]

sources, there’s of course the dual view poininsérting the
0T in the realm of the semantic web and considerhmme,
our car, the city as new contributors to the semanmtb by
having them publish real-time information aboutrtiselves,
their states, their moods, etc... By the end of dhg, the

originating from the IoT and the one side and frin@ public
Web on the other side, to form a consolidated modet
reason upon this consolidated model. The main reiffee is
about where the aggregation takes place and wHorper the
reasoning, an loT application or a Web service? Waes?
The technology to implement these processes waubaply
be the same and as attested by our experimentethisology
is there and mature enough to be applied.
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