Data Science approach for a cross-disciplinary understanding of urban phenomena:
application to energy efficiency of buildings based on physical measures and user behaviours
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1 - Context and motivation

Urban-related phenomena are complex contextualgghena. Researchers and institutions may have
multiple ways to collect data to study these phesranso as to build and validate modellings. Daga ar
collected through dedicated campaigns: instrumiemtébr infrastructure monitoring like roads, burds or
urban networks; instrumentation for environmentahitoring like air, water and so on; surveys onrsise
inhabitants and citizens; historical and sociolab&tudies. Those campaigns generate a large amount of
heterogeneous and complex data, that are multecesumulti-dimensional (e.g., spatio-temporal deaay
multi-media (e.g., numbers, texts, images, sountt0s). Deep analyses of those data can lead to
hypothesis validation and knowledge discovery. Saicalyses requires advanced skills to first undast
raw data, to then discover their multi-scale prapsyand to finally perform relevant aggregatians cross-
sources comparisons.

In our project, we focus on the context of buildie¢ated phenomena. Nowadays energy efficiency is
theoretically estimated for a new empty buildingqawéver, the practical efficiency is usually loweredto
the complexity of the building process and dueeébaviours of real occupants. If energy consumptim
be directly measured through instrumentation, ustdeding the practical energy efficiency of a buid
requires a multi-disciplinary approach to underdtanergy consumption with regards to actual usdabef
building. Cross-analyses of “instrumentation dasaid “survey data” (and other studies data) are thus
necessary to fully discover and then understandptmcorrelations between physical and human
parameters.

Our objective is to develop theoretical and pradttiools to model, explore and exploit heterogeseou
data from various sources in order to understaptiemomenon of interest. We focus on the design of a
generic model for data acquisition campaigns basetthe concept of generic sensor. The conceptrodrge
sensor is centred on acquired data and on thearaénih multi-dimensional structure, to support cawrpl
domain-specific or field-oriented analysis proces§¥e consider that a methodological breakthrobghed
on Data Science as a pivot for interdisciplinarglay, may pave the way to deep understanding of
voluminous and heterogeneous scientific data sets.

2 - Methodology

Our approach revolves around a generic conceptuadeling of sensor data with a real multi-
disciplinary approach named “Data Science approdiht involves researchers from computer science,
human science and thermal science. The resultimgroge model has to represent heterogeneous data
sources. We first took a bottom-up strategy. Wegthesl a model for heterogenequigysical sensors, from
our real experimentation platform in occupied b, and another model feociological surveys, to take
into account opinions and feelings of occupants.

We then took a top-down strategy. Inspired by sbétie-art abstract ontologies that describe senso
systems (Reed 2007, DUL 2010, Compton 2011), w&gued theVirtual Generic Sensor model (VGS
model) that encompasses (among others) data frgsigath sensors and surveys. This model focusesatan d
produced by those generic sensors, and on a comrmatihdimensional structuring. The resulting stuuret
is mainly based on time and space, but is desitmedpport specific field-oriented dimensions.

We designed a methodology for agile multi-dimensional exploration of those data. Based on the
VGS model and its multi-dimensional structure, wepmse a language to finely define domain-speaific
field-oriented indicators through successive agatiegs along dimensions (in a similar way to Data
Warehouses). We also designedsualization framework linked to those dimensions that enables users to
visually explore indicators using graphs. We furtbffer to visually compare those graphs thanksrto
interactive “matrix layout”. The common multi-dims&nnal structure of data is then exploited at &levto
structure data, to define indicators, and to expttata through these indicators.



Our “agile” approach allowincremental anditerative data processes and analyses. At the data level,
we consider incremental data sets, i.e., with rata dets still being captured. The data set geornatalso
iterative: data can be progressively enriched wétv interpreted data. At the analysis level, wesatesr an
incremental exploration process, with new (aggmedjaindicators that can be added when needed. The
exploration process is also iterative when knowdeffgm exploration is used to refine further exptmns,
with refined or new dimensions, adjusted granulanitew points of view... This approach is desigied
support and enrich current domain-specific appreadbr complex and/or scientific data analyses.

3 - Reaults

Our first result is the VGS (Virtual Generic Sensmiodel (cf. Figure 1). It describes the statitcture
of a generic acquisition system, with Sensor composed of severdDetectors (further detailed by
M easur eAttributes), and a dynamic structure wiamples, produced by &ensor, composed oM easur es
(further detailed a¥/alues). This model has been implemented for two SmaitdBig experimentation
platforms managed by the LIRIS (SoCQ4Home, sinceiaar 2012 & MARBRE, since February 2014). A
total of around 400 physical sensors are produdatg: temperature, humidity, CO2/VOC, contact for
doors/windows, weather station. A survey concerfigccupants of one of the buildings has beetisezhl
and results of questionnaires are going to be iated, with questionnaires modelled as sensors, and
answers to questions modelled as measures. Thentumplementation of the VGS model is based on a
MySQL database in particular to benefit from th@ressiveness of the “golden standard” SQL language;
moreover MySQL is a free open source tool.
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Figure 1. VGS Model with UML representation

In the context of the SoCQ4Home platform (aboutir®rumented rooms in a building), we illustrate
data cross-visualisation of integrated heterogeseaita with an example based on simulated datard-i@y
shows three temperature indicators aggregated Py rdaximum, minimum and average of temperature
measures (three curves, temperature values onalef); and one temperature feeling indicator also
aggregated by day, from a daily survey on usersti¢@ bars, values on right axe witB: too hot,

0: satisfying, -3: too cold Those indicators are visualised for one monthd8ys).

Our second result is a formal model and a declardginguage to finely define indicators as aggiegat
along dimensions for VGS data. It is based on #lational algebra (a foundation concept for refalo
databases, like SQL databases). In our currenbiyp®, we implemented this language by automayicall
translating it to complex nested SQL aggregatioarigs. It enables to easily define new domain-digeci
dimensions and/or to adapt existing dimensiong (tikne and space). We also implemented a proof-of-
concept Web user interface to visually define geeific aggregations.

Our third result is a proof-of-concept Web useeiifdce to visualize data and/or indicators as aixnat
graphs. This style of visualisation is illustraied=igure 3: one line per sensor in a graph, arelgraph per
room (rows) for Temperature and Humidity (columngjaph scales are identical within a column. The
development of a full exploration Web interfacegliding definition of dimensions, indicators, artet
dynamic navigation along dimensions is a work iogpess.



28
27

week_year year

26 2 {ve?‘lr) {y‘ear}

& week month

24 1 {week,n_week_in_year} {month, month_name}
//A

= \ ) //// 5

- 0 iday, i.Visualisation

. day_ ,
- Aggregation  n’day in year, level

.................... > n_day_in_month}
4 [ével ‘
hour
{hour}

20
19
18
17
16

minute
{minute}

1234567 8 9101112131415161718192021 2223 2425262728293031

timestamp
{timestamp}

Figure 2. Cross-visualisation of temperature datel aurvey data with corresponding temporal dimemsio
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Figure 3. Web user interface to visualise data asadrix of graphgactual data from MARBRE platform)
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4 - Conclusion

Our approach contributes to a better understanadihgurban-related phenomena through cross-
disciplinary analyses of large amount of data cgnfrem phenomenon observations issued from multiple
sources (sensors, surveys, various studies). fgmach aims at being well integrated with useciize
and domain-specific analyses processes, in paatidat scientific data analyses. Analyses may bdtimu
dimensional through the definition of dimensionpat&al dimensions, temporal dimensions, and field-
specific dimensions. Dimensions dedicated to argipkenomenon have to be identified and co-built by
computer scientists and scientists from other uredated disciplines. Our methodology &gile,
incremental, iterative, andinteractive to allow knowledge discovery along the way by sser

Our VGS model is generic as it enables heterogendata handling. Some existing works focused on
physical sensor and real-time systems (Bonnet 28@%sim 2011, Diallo 2012) while we focused on
heterogeneous data sources (Noel 2005). The VG@In®demantically compatible with standard sensor
ontologies defined by standardization organizatidkkesOpen Geospatial Consortium standards (Re€d,20
DUL 2010, Compton 2011). The DUL description isteys-centred with low level of detail concerningalat
while our VGS model is data-centred.

Our conceptual VGS model has been built from a meati-disciplinary approach and its generic design
makes it easy to apply to other phenomena observalihis model, as well as our agile exploration
approach, is moreover independent from a specifta dhanagement technology. Although it is currently
implemented on a SQL database, we aim at also m®iéng it on Big-Data-oriented databases like
MongoDB or Cassandra.
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