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Abstract

Our goal is to develop theoretical and practical tools to model, explore and exploit heterogeneous data from various sources in
order to understand a phenomenon. We focus on a generic model for data acquisition campaigns based on the concept of generic
sensor. The concept of generic sensor is centered on acquired data and on their inherent multi-dimensional structure, to support
complex domain-specific or field-oriented analysis processes. We consider that a methodological breakthrough, based on Data
Science as a pivot for interdisciplinary dialog, may pave the way to deep understanding of voluminous and heterogeneous
scientific data sets. Our use case concerns energy efficiency of buildings to understand the relationship between physical
phenomena and user behaviors. This multidisciplinary project involves computer scientists, social and urban scientists, and
thermal scientists. The aim of this paper is to give a synthetic presentation of our methodology, and an overview of our main
results.

© 2015 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Context and motivation

Urban-related phenomena involve numerous contextual interactions between humans, infrastructures, objects, etc.
In order to study such complex phenomena, researchers and institutions have multiple ways to collect data through
dedicated campaigns: monitoring of infrastructures like roads, buildings or urban networks; environmental monitoring
for air, water, soil, and so on; surveys on users, inhabitants and citizens; historic and sociological studies... Those
campaigns can generate a large amount of heterogeneous and complex data, and those data are multi-sources, multi-
dimensional (e.g., spatiotemporal data), and multimedia (e.g., numbers, texts, images, sounds, videos).
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To achieve the goal of hypothesis validation, and eventually knowledge discovery, those data needs to be deeply
analyzed by multidisciplinary teams. However, deep analysis requires advanced skills first to understand raw data,
then to discover their multi-scale properties, and finally to perform relevant aggregations and cross-source
comparisons.

In our project, we focus on the context of building-related phenomena. Nowadays, energy efficiency of a building
is given by theoretical estimations based on its initial design and on typical usage scenarios. However, the practical
efficiency is usually lower due to the complexity of the building process and to the real behavior of occupants. If
energy consumption and environmental conditions can be directly measured through instrumentation, understanding
the practical energy efficiency of a building requires a multidisciplinary approach, in order to understand energy
consumption with regard to actual uses of the building. Cross-analyses of “instrumentation data” and “survey data”
(and other studies data) are thus necessary to fully discover and then understand complex correlations between
physical and human parameters.

Our objective is to develop theoretical and practical tools to model, explore and exploit heterogeneous data from
various sources in order to understand a phenomenon. We focus on a generic model for data acquisition campaigns
based on the concept of generic sensor. The concept of generic sensor is centered on acquired data and on their
inherent multi-dimensional structure. This multi-dimensional structure is then a support for complex domain-specific
or field-oriented analysis processes. We consider that a methodological breakthrough, based on Data Science as a
pivot for interdisciplinary dialog, may pave the way to deep understanding of voluminous and heterogeneous
scientific data sets.

We first present our methodology for a cross-disciplinary understanding of urban-related phenomena, in Section 2.
We then discuss about related works in Section 3. In Section 4, we give an overview of our main results concerning
data model, exploration language and visualizations.

2. Methodology

Our approach revolves around a generic conceptual model of sensor data. This model has been built from a real
multi-disciplinary approach, named Data Science approach that involves researchers from computer science, human
science and thermal science. A generic model would permit the representation of heterogeneous data through only a
few generic concepts.

In order to build this final model, we first took a bottom-up approach. We designed a preliminary model for
heterogeneous physical sensors, based on a real experimental platform in occupied buildings. We designed another
preliminary model for sociological surveys, to take into account opinions and feelings of occupants “measured” by a
questionnaire.

We then took a top-down strategy. Inspired by existing abstract ontologies that describe sensor systems [1, 2, 3],
we designed the Virtual Generic Sensor model (VGS model) that can homogeneously represents data from
heterogeneous physical sensors, data from sociological surveys, and data from other kinds of sources. This model is
also based on a previous sensor model designed for natural risk monitoring [4, 5, 6]. The VGS model focuses on data
produced by generic sensors linked to a common multi-dimensional structure. This multi-dimensional structure
describes time, location and source of measured data, and is designed to support additional specific field-oriented
dimensions.

We also designed a methodology for an agile multi-dimensional exploration of those data. Based on the VGS
model and its multi-dimensional structure, we propose a language to finely define domain-specific or field-oriented
indicators through successive aggregations along dimensions [12] (in a similar way to Data Warehouses). We
designed a visualization framework linked to those dimensions that enables users to visually explore indicators
using graphs. And in order to visually compare indicators, we propose an interactive “matrix layout” for those graphs.
The common multidimensional structure of data is then exploited at three levels: to structure data, to define
indicators, and to explore data with these indicators.

Our agile approach allows incremental and iterative data processes and analysis. Users can start to explore raw
data with some predefined dimensions for time, source and location of measured data, and with basic aggregated
indicators like MIN, MAX, AVG. Exploration can then be incrementally and iteratively enriched by users
themselves. At the data level, we consider incremental data sets, e.g., when raw data are still being captured and
appended to the data set. The data set generation is also iterative: data can be progressively enriched with new
interpreted data that may then be used in the same fashion as raw data. At the analysis level, we consider an
incremental exploration process: new (aggregated) indicators can be added on-the-fly, when needed by users. The
exploration process is also iterative when knowledge from past explorations is used to refine current and future
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explorations: existing analysis dimensions can be refined, with more precise levels of granularity in their level
hierarchy, and new dimensions can even be added, in order to offer new points of view on data.

This approach is designed to support and enrich current domain-specific approaches for complex and/or scientific
data analysis. In particular, each visualization of data is precisely and concisely described by its “lineage”, i.e. by the

link to the data subset, data aggregation definitions, and visual projection parameters that lead to this data
visualization.

3. Related works

Sensors have started becoming an integral part of our personal lives, for example in the form of temperature and
humidity sensors, or smoke and fire detectors. Examples of some wireless sensors are shown in Figure 3. Sensors can
send periodical measurements for long periods, with only very little human intervention. Depending on the chosen
periodicity of data acquisition, these sensors can produce a large amount of data in a very short amount of time.

Sensor data modelling has recently generated a number of research works. Many sensor ontologies have been
proposed since 2005.They may focus on the description of the observation process, on the structure of the sensor
network, or on the description of the physical sensors. They often contain specificities from a targeted application
domain.

Towards an objective of standardization, the W3C incubator group SSN XG3 proposed the Semantic Sensor
Network (SSN) ontology based on SensorML [13] and Dolce UltraLite [2]. SSN ontology describes key concepts
related to sensors and sensor networks. It proposes a collection of models for representing the main concepts linked
to the context of sensors and defining the relations between these concepts, like Process, Stimulus-Sensor-
Observation Pattern, Device, Data. It allows a separation between hardware aspects and abstract processes of a
sensor. SSN therefore offers an ontology adapted to the description of a sensing system. However SSN descriptions
are abstract and focus on physical sensors and sensing systems. The specification of abstract concepts for data
measures is less detailed, with only one concept of Observation Value in the Data model (at the bottom left of Figure

).
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Fig. 1. SSN ontology for Sensor Network

A more precise, but still generic structure is necessary to facilitate the development of applications managing
heterogeneous sensor data, like environmental or urban monitoring. A more precise structure simplifies the querying
of data (easiness of query expression and query optimization). A generic structure allows a homogeneous
management of data obtained from heterogeneous sensing systems.

A lot of existing works focused on physical sensor and real-time systems [9, 10, 11]. In our project, we rather
focus on issues with heterogeneous data sources [6]. Query optimization and data indexing of sensor data are also
issues in this context. In [16], the authors proposed a data model based on a proposition of spatiotemporal indexation
of sensor data considering the most recent data. The model was also later used in [4, 5] and improved to support a
methodology for evaluation of the quality of sensor data for the environmental phenomena monitoring systems.
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These ontologies and models inspired our proposed data-centric VGS (Virtual Generic Sensor) model detailed in
Section 4.1.

Concerning data management, the use of data warehouses for sensor data storage and analysis can be seen in
various works like monitoring of pollinators [17], building energy and maintenance [18, 19], soil ecosystem [20]. The
difficulties are that they only deal with physical sensor data and not with other heterogeneous data.

4. Results

In this paper, we present three contributions that support the methodology we describe in Section 2. Our
contributions are: a generic model to represent heterogeneous sensor-like data sources and produced data, namely the
VGS model; a declarative language to express simple and complex aggregated indicators on sensor data series; and a
Web user interface to interactively explore those data.

4.1. VGS

Our first result is the VGS (Virtual Generic Sensor) model. Figure 2 shows the UML class diagram of this model.
It describes the static structure of a generic acquisition system, with a Sensor composed of several Detectors (further
detailed by MeasureAttributes, via the MeasureType), and a dynamic structure with Samples, produced by a
Sensor, composed of Measures (further detailed as Values). Deployments correspond to campaign of measures, that
take place to validate Hypothesis.

Static Part Hypothesis Deployment Dynamic Part
Name < Name
Description < Classtfier | pegeription
Location
StartDate
EndDate
* *
Sensor ' Sample
Name Timestamp
Description bccosere Lo JORBBIAE oo nen
4 \
MeasureType % Detector Measure
Name Role . Classiier | Location
MeasureAttribute *
* | Name Value
Unit ETRNUNUO . . . . .. SO
Symbol Value

Fig. 2. VGS Model with UML representation

This model has been implemented for two Smart Building experimentation platforms managed by our project
team: SoCQ4Home (illustrated with Figure 3), since October 2012; and MARBRE, since February 2014.

A total of around 400 heterogeneous physical sensors have been deployed to measure: temperature, humidity,
CO2/VOC, contact (for doors/windows), electricity consumption, weather conditions... Physical sensor devices are
modeled as VGS sensors, with detectors depending on the actual sensor type. A survey concerning fifty occupants of
one of the buildings has also been realized. Results of questionnaires are going to be integrated: questionnaires are
modeled as VGS sensors, and answers to questions are modeled as measures.

The current implementation of the VGS model is based on a MySQL database in particular to benefit from the
expressiveness of the “golden standard” SQL language; moreover MySQL is a free open source tool.
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Fig. 3. SoCQ4Home Platform: Monitoring Building with Sensors

One of the major challenges involved in multidimensional data analysis [15] is to identify and define the
dimensions and dimension levels of analysis. Dimensions are built with logical hierarchies. For example, Figure 4
shows a time dimension with one hierarchy. Three default dimensions are attached to the core VGS model: Time,
with the timestamp attribute of Samples; Location, with the location attribute of measures; and Source, that represents
the hierarchy of VGS concepts (Detector, Sensor, Deployment). User-defined additional dimensions can be added to
further describe measures from generic sensors.

These dimensions are then used to specify data aggregation and data visualization levels. For example, Figure 4
shows the definition by a user of an aggregation level of data (hour level into the Time dimension) and a visualization
level of data (month level into the Time dimension).

=

week_year year
{year} {year}
| Visualisation level
week month  usssssssssssnnnnnnnnnm
(week.n_we&year) {month, month_name}
. /

{day,

day_name,
n_day_in_year,
n_day_in_month}

N
sgregation level ‘

minute
{minute}

timestamp
{timestamp}

Fig. 4. Dimension hierarchy: difference between aggregation level and visualization level
4.2. Declarative language for indicators definition

Our second result is a formal model and a declarative language to finely define indicators as aggregations along
dimensions for VGS data. It is based on the relational algebra (a foundation concept for relational databases, like
SQL databases). In our current prototype, we implemented this language by automatically translating it to complex
nested SQL aggregation queries. It enables to easily integrate new domain-specific dimensions and/or adapted
existing dimensions (like Time and Location).

Due to space limitations, we do not describe the formal definition of this language. We sketch its expressiveness
with an example: a user can define an indicator as a 2-step aggregation along the Time dimension for temperature
sensor data, with an average at the minute level, and then a formula like “(MAX+MIN)/2” at the hour level, applied
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to the previous average at the minute level. An indicator definition can also span over multiple dimensions, like Time
and Source.

4.3. Visualization with a Web Interface

A web dashboard for the sensor data has been developed to visualize the various measures and indicators that
describe a phenomenon. Figure 5 shows the SoCQ4Home dashboard of the administrator. It shows the temperature
recorded during the last 48 hours and average temperature recorded during last 30 days, in user’s office. The
dashboard also shows the current temperature in some other representative rooms of the building. A visualization of
building in 3D permits to project the results of exploration queries over the real geography of the building (see Figure
3).
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Température Moyenne du Bureau s

Température

Fig. 5. Dashboard for Smart Building

Our third result is a proof-of-concept Web user interface to visualize data and/or indicators as a matrix of graphs,
according to the aggregation level of indicators (e.g., hour level in the Time dimension) and to the navigation level
interactively defined by the user (e.g., month level in the Time dimension). The style of visualization is illustrated in
Figure 6: one line per sensor in a graph (with one data point for each hour), and one graph per room (matrix rows) for
Temperature and Humidity indicators (matrix columns). In order to facilitate visual correlations, graph scales are
identical within a column, as well as the time axis between the 2 indicators. In this example, we can visually compare
Temperature evolution between rooms, and visually search for potential correlations between Temperature and
Humidity in each room.

The development of a full exploration Web interface, including definition of dimensions, indicators, and the
dynamic navigation along dimensions is a work in progress.
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Fig. 6. Web user interface to visualize data as a matrix of graphs (actual data from MARBRE platform)

5. Conclusion

Our approach contributes to a better understanding of urban-related phenomena through cross-disciplinary
analyses of large amount of data coming from phenomenon observations issued from multiple sources (sensors,
surveys, various studies).

This approach aims at being well integrated with user-specific and domain-specific analyses processes, in
particular for scientific data analyses. Analyses may be multi-dimensional through the definition of dimensions:
spatial dimensions, temporal dimensions, and field-specific dimensions. Dimensions dedicated to a given
phenomenon have to be identified and co-built by computer scientists and scientists from other urban-related
disciplines. Our methodology is agile, incremental, iterative, and interactive to allow knowledge discovery along the
way by users.

Our VGS model is generic as it enables heterogeneous data handling. The VGS model is semantically compatible
with standard sensor ontologies defined by standardization organizations like Open Geospatial Consortium standards
[1,2,3]

Our conceptual VGS model has been built from a real multi-disciplinary approach and its generic design makes it
easy to apply to other phenomena observation. This model, as well as our agile exploration approach, is moreover
independent from a specific data management technology. Although it is currently implemented on a SQL database,
we aim at implementing it also on Big-Data-oriented databases like MongoDB or Cassandra.
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