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Abstract
The performance of model predictive smart home heating control (SHHC) heavily depends on the accuracy of the initial setup for individual building characteristics. Since owners or renters of residential buildings are predominantly not experts, users’ acceptance of SHHC requires ease of use in the
setup and minimal user intervention (e.g. only declaration of preferences), but at the same time high
reliability of the initial parameter settings and flexibility to handle different preferences. In contrast,
the training time of self-learning SHHC (e.g. based on artificial neural networks) to reach a reliable
control status could conflict with the users’ request for comfortable heating from the very beginning.
Dealing with this trade-off, this paper follows the tradition of design science research and presents a
prototype of an online optimisation tool (OOT) for SHHC. The OOT is multi objective (e.g. minimising
lifecycle energy (cost) or carbon emissions) under constraints such as thermal comfort. While the
OOT is based on a discrete dynamic model, its self-adaptation is accelerated by a database of physically simulated characteristic buildings, which allows parameter setting at the beginning by a similarity measurement. The OOT artefact provides a base for empirically testing advantages of different
SHHC design alternatives.
Keywords: Smart Home Heating Control, Online Optimisation, Model Predictive Control, Information
Systems Design.

1 Introduction
Growth of population, exhaustion of energy resources and global warming require increasing resource
efficiency and decreasing carbon emissions all over the world. Buildings count for more than 40 % of
total energy consumption in most developed countries (European Commission, 2016a), with heating
causing up to 72 % of the energy consumption in the residential sector and larger carbon emissions
than the manufacturing sector in 2016 (International Energy Agency, 2016). Hence, heating savings
could significantly facilitate a reduction of greenhouse gas emissions (European Union, 2015). Since
insulation of buildings and exchange of heating installations proceed slowly due to various, but esp.
financial reasons (European Commission, 2016b), supervisory control (SC), which automatically monitors and controls heating devices based on an ongoing optimisation of heating plans, could be an affordable alternative to save heating energy compared to manual control by users.
The performance of SC heavily depends on the accuracy of the setup for the individual building characteristics. Aggravatingly, the outcome of control inputs has to be predicted under uncertain indoor
(e.g. occupancy) and outdoor conditions (e.g. weather). However, users in the residential sector are not
experts and analysing all required parameters of a building in detail (e.g. thermal conductivity of
walls, ceiling or floor depending on construction materials) is too much effort anyway. Hence, trans-
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ferring intelligent SC for heating systems into the residential sector requires appropriate solutions:
Flexible handling of different user preferences, widely self-explaining ease of use in the setup and
minimising user intervention, but at the same time high reliability of the initial parameter settings and
mainly self-adaptation to changing conditions have to be considered. Furthermore, the parametrisation
might be enhanced by ongoing system learning.
Based on the idea of the internet of things (IoT), which realises the connection between tangible things
and the internet by interoperable information and communication technologies (Atzori et al., 2010;
Gubbi et al., 2013; Rayes and Salam, 2017), smart home heating control (SHHC) aims at coping with
these challenges. Smart home appliances, being connected through internet, enable functions such as
alert, monitor, control or intelligence by efficiently managing home devices (Collotta and Pau, 2015;
Li Jiang et al., 2004; Risteska Stojkoska and Trivodaliev, 2017). Hence, the objectives of SHHC – a
combination of IoT and traditional heating devices in the residential sector that allows optimising heating plans based on advanced control methods including contextual information – are manifold: At
least, it should increase users’ comfort and save heating energy compared to manual control.
Although SHHC might be an emerging market (e.g. Meola, 2016; Perera et al., 2014), its use is not yet
widespread: Not more than 3 % of people own smart thermostats and only 7 % intend to buy one within the next year (Deloitte, 2016). A possible troublesome setup is one substantial factor that hinders a
widespread use of SHHC in the residential sector (Icontrol Networks, 2015). As a consequence, physically modelling of individual building characteristics to parametrise a model predictive SHHC could
be omitted by system’s self-learning from realised combinations of control input and outcome of this
particular building or by interpreting big data and transferring the outcome-control-relationship to the
particular building. While in the first case users’ comfort might be restricted during the learning phase,
in the latter the prediction quality of the transferred functional relationship might be insufficient.
Dealing with this dilemma, our paper follows design science research (Hevner et al., 2004; Peffers et
al., 2007) and presents a prototype of an online optimisation tool (OOT) for SHHC in residential
buildings. It allows parametrisation of a physical building model prediction by similarity measurement
based on a database of characteristic, partially simulated buildings and specifications that can be given
by non-expert users. Hence, it aims at achieving reliable predictions at setup despite an extensive ease
of use. It is based on a model predictive control (MPC) with immediate parametrisation and ongoing
self-adjustment. Our online tool design contributes to the development of smart home applications by
integrating elements of IoT, SC and cloud computing. The OOT mainly aims at energy saving without
user intervention under constraints such as thermal comfort and various indoor and outdoor conditions.
After a short literature review, key elements of the OOT design are presented and implementation
milestones are discussed. Before the conclusions and the outline of further research are given, our
evaluation strategy is summarised.

2 Literature Review
Research on advanced IT-based techniques for building climate control, aiming at improving energy
efficiency while guaranteeing a certain climate comfort level, have gained much momentum. Approaches deal with different types of heating, ventilation and air conditioning (HVAC) systems
(Afram et al., 2017; Afram and Janabi-Sharifi, 2014) as well as with only one particular function, such
as heating (Drgona et al., 2015; Javed et al., 2014). The integration of SC into HVAC systems has
been shown to reduce the energy consumption from 7 % to even more than 50 % (Afram et al., 2017;
Kim et al., 2016). SC as a total system monitoring and control mechanism for all HVAC subsystems
allows an overall consideration of the system level characteristics and interactions among all components and their respective variables (Levenhagen and Spethmann, 1993). A widespread SC method is
MPC (Domahidi et al., 2014; Drgona et al., 2015; Hazyuk et al., 2014; Javed et al., 2014; Khanmirza
et al., 2016; Lehmann et al., 2013), which allows taking uncertain indoor (e.g. occupancy) and outdoor
conditions (e.g. weather) into account and automatically adjusting optimal control settings without
need for ongoing user interventions (e.g. Wang and Ma, 2008).
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If a physical model of an individual building, which is required for forward models like MPC, is unavailable or too effortful, inverse or data-driven models are an alternative (Javed et al., 2014): Inverse
models can be developed using a rich data set that covers all possible working conditions in order to
learn by training a near optimal control policy over time. Out of the range of inverse models, e.g. statistical models using regression (Jacob, 2008; Ma et al., 2011; Penya et al., 2011; Safa, 2012), data
mining models such as artificial neural networks (ANN) (Kalogirou, 2000, 2001; Yang et al., 2003),
stochastic models (Zlatanović et al., 2011) or fuzzy logic models (Chen et al., 2006; Lu et al., 2010;
Soyguder and Alli, 2009), ANN is the most frequently applied one (for details Afram et al., 2017).
While developing inverse models is comparatively easy, there are disadvantages in accuracy and esp.
in the time needed for training. Hence, first approaches combine supervisory MPC with ANN for
HVAC systems control in the setting of university buildings (Ferreira et al., 2012; He et al., 2014; Ruano et al., 2016), airport buildings (Huang et al., 2014, 2015a, 2015b), office buildings (Garnier et al.,
2015; Kim et al., 2016; Kusiak et al., 2010, 2014; Kusiak, Tang, et al., 2011; Kusiak, Xu, et al., 2011;
Wei et al., 2015; Zeng et al., 2015) and school buildings (Asadi et al., 2014). However, all these applications are developed for expert users in the non-residential building sector; hence ease of use is not of
high priority.
In contrast, the latter is facilitated by IoT, which has given rise to the emergence of smart services
such as smart home (Wünderlich et al., 2013). IoT and the impact of IoT on everyday-life and industry
has been part of research since 2009 (Díaz et al., 2016; Liu et al., 2016; Xu et al., 2014), e.g. IoT in
healthcare (Domingo, 2012), food safety (Pang et al., 2015), transportation and logistics (Karakostas,
2013) or smart home (Collotta and Pau, 2015; Kleiminger et al., 2014; Risteska Stojkoska and Trivodaliev, 2017). While there are several approaches dealing with intelligent thermostats (for an overview
Nacer et al., 2017) focussing on users’ occupancy (Gao and Whitehouse, 2009; Kleiminger et al.,
2014; Lu et al., 2010; Oldewurtel et al., 2013) and/or weather changes (Oldewurtel et al., 2012), only a
few propose predictive SHHC for residential buildings, which predominantly use autonomous learning
(e.g. Barrett and Linder, 2015; Makhlouf et al., 2016). However, since extensive training-data is required, users’ comfort is initially not guaranteed during the long-lasting learning process to achieve
high system performance. This problem could be avoided by using MPC-based SHHC. Its needed
building-specific parametrisation is a severe obstacle by non-expert users. To the best of our
knowledge, there is no approach that addresses this dilemma.
Hence, our artefact combines MPC and self-adaptation. Our OOT as part of SHHC is multi-objective
(e.g. minimising lifecycle energy (cost) or carbon emissions) under constraints such as thermal comfort and based on a discrete dynamic model. Self-adaptation is accelerated by a database of physically
simulated characteristic buildings, which allows parameter setting at the beginning by a similarity
measurement. This provides estimates for the thermal characteristics of the building, which could be
continuously adjusted by ongoing learning.

3 Online Tool Design
From a user perspective the OOT consists of a hardware and a cloud computing part (Figure 1). A
SmartHub with internet connection is the central administration device. It communicates with smart
thermostats on a common wireless technology (Z-wave) (Robles and Kim, 2010). For security, an encrypted communication protocol is implemented (Cuzzocrea, 2014; Díaz et al., 2016; Möllers and
Sorge, 2016). A rich internet application (RIA) (Farrell and Nezlek, 2007) guides the user through the
initial setup of the SmartHub and provides access to manual thermostat regulation, if required.
Different open source application programming interfaces (APIs) between the OOT and the particular
SHHC system provide input parameters for SC. Since it is widespread, we use MPC. After converting
into a suitable format, the OOT transfers the data to the MPC and retrieves control instructions. They
are stored in the database for validation purposes and sent to the SmartHub. Being the central control
device between each thermostat and the OOT, it sends the instruction to a determined thermostat and
retrieves the room temperature for validation purposes in return.
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Figure 1: Scheme of the online optimisation tool (OOT)

3.1

MPC Design

To ensure low installation cost and remote user interventions, all optimisation and control systems are
centralised in a cloud solution. Hence, MPC-based optimisation needs to be embedded in an online
tool (Figure 2) and to follow a clear process. At setup the user has to provide characteristic data  for
every room of the building. A similarity measurement with data of already physically modelled buildings, which are stored in a database, provides required building parameters  for the MPC-based optimisation. External influences , esp. weather forecasts (e.g. duration of solar radiation and outdoor
temperature), given constraints and the current state of the building x (e.g. room temperature) are included in the optimisation model. To retrieve all required weather data, the API of OpenWeatherMap,
Inc. (Weather API, 2017), which uses the geolocation of the building to call current weather data, is
connected to our OOT. Constraints, which have to be fulfilled on a certain confidence level, are built
by considering user-specific preferences  like comfort temperature and absence schedule, which have
to be entered in the RIA. Our OOT calculates the predicted mean vote index (PMV), which is a widely
used index for assessing thermal comfort using Fanger’s model (van Hoof, 2008). It predicts the expected comfort vote on the ASHRAE scale (Humphreys and Hancock, 2007) that ranges from -3
(cold) to 3 (hot), 0 admitting a neutral value. It is assumed that most people feel comfortable in a range
of [-0.5; +0.5] around their target temperature. The outcome of the MPC optimisation process are control inputs u for every connected thermostat.

Figure 2: MPC design
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3.2

MPC Optimisation Structure

MPC uses a physical building model to predict at time t    t   ,   1,...,T  future state vectors t

  :  x 
t

i 1 i I



I  . Time-dependent state systems X t :   t  t  T I T   I T  T contain actual
t
t

states up to t and forecasts from t  1 to the planning horizon T. The control strategy consists of timeof optimal heating control variables u j , i.e. a heating plan
dependent vectors t  j :  u j 1 j J J





U t :   t  t  T 

J T

 
t

t

J T  T

up to T. Hence over time, the heating plan contains a growing number

of actual controls. A certain fixed objective function g(Xt, Ut) with time-dependent state systems Xt,
which models user preferences and is likely multi-criterial (e.g. lifecycle cost or carbon emissions), is
minimised under some constraints such as thermal comfort ranges or technical control limits. Widespread control objectives are minimising the energy consumption (Liu et al., 2013; Moon et al., 2016),
minimising operating cost (Tutkun, 2014) or satisfying thermal comfort (Ferreira et al., 2012; Hazyuk
et al., 2014). Our OOT minimises energy cost and carbon emissions. Due to the dynamic optimisation
problem, system dynamics might be modelled by recurring Xt+1 on Xt and Ut. Our OOT captures dynamics linearly to ensure that the model will result in a convex and solvable problem. Hence, it can be
solved using common optimisation software.
Disturbances like weather are likely to occur and may generate future states that do not fulfil all constraints of the model. We use a chance-constrained formulation, in which constraints have only to be
fulfilled with a user-specific confidence level  t , to cope with the uncertainty. X lt and X ut resp. U lt
and U ut give lower and upper bounds. Simplified, the stochastic optimisation model is of the following
general type:
(1) min U g  X t ,U t  t   ,   1,...,T 
t

 X lt  X t  X ut 
 t
l
u 
 Ut  Ut  Ut 

(objective function)

(2) P 

(constraints)

(3) X t  1  f  X t ,U t 

(dynamics)

To incorporate a user-preference-driven multi-objective MPC problem (Bemporad and Muñoz de la
Peña, 2009; Wojsznis et al., 2007), our approach uses weighting factor t for minimising energy cost
and 1 – t for minimising carbon emissions with t  [0; 1] for all t. By setting individual t the user is
able to calibrate the objective function of the optimisation problem.

3.3

MPC-OOT-Interplay

At every optimisation step t all gathered data is transferred from the OOT to the MPC, which calculates the optimal control strategy for every room. The outcomes of this process are then re-transferred
to the OOT and applied to the system by setting all heating devices according to the heating plan Ut.
For validation and system learning reasons, the OOT writes input and output data into the database.
After a successful write operation, the control input Ut and the addressed thermostat ID is passed via
the open source API to the building’s SmartHub, which finally sends the control instruction to the
thermostat. At t  1 (equidistant control strategy) forecasts can be adjusted according to (3) by measuring actual variables and analysing possible deviations. Hence, feedback on the efficacy of the heating plan can be introduced in a new optimisation. The heating plan will then stepwise be adjusted accordingly. Self-creation of feedback improves the system’s learning, even if incorrect information was
provided on the initial setup, and offers the user as few encroach as possible.
MPC needs lots of computer and memory resources (Wang and Ma, 2008), strongly depending on the
number of optimisation cycles, intervals of query information and heating adjustments. To ensure neutral PMVs and save system resources, fixed timeout periods and event listeners are combined to determine the MPC optimisation cycle time. The latter continuously listen on the information and immediately fire an event handler if any condition (e.g. weather forecast) changes, while ignoring changes
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for a fixed timeout. Since learning is more volatile at the beginning, timeout periods can be continuously extended having reached a stable PMV within the comfort range.

3.4

Approximation of Physical Building Parameters

Since typical users are not experts, required
physical data such as heating coefficients
can’t be gathered immediately. In fact, for
ease of use a RIA has been developed as
guided application for setting-up the SHHC.
Users have to enter building- (e.g. year of
construction or modernisation, roof type) and
room-specific data (e.g. height, comfort temperature) as well as preferences like comfort
temperature. Figure 3 shows the RIA running
on a mobile device. Initial building data,
which is not immediately appropriate as
physical building parameters for the MPC,
but sufficient for a similarity measurement, is
transferred to the database of the OOT. Required parameters such as the efficacy of certain heating controls under certain user requirements and conditions can be determined
by measuring actual states of the systems and
learning to functionally interpret the deviations to the planned states. Thus, an effortful
technical analysis of each building becomes
obsolete. Identified functional relations can
be transferred to similar buildings, for which
the SHHC has to be set up.
To compare buildings, particularly such with
Figure 3: RIA user Interface
special features (e.g. windows with special
insulation, unusual roof type), a method of
similarity measurement that covers the individual characteristics is required. A popular method of similarity measurement in data mining is cluster analysis (Han et al., 2011). A combination of different
clustering methods may lead to more robustness, novelty and stability of the cluster process. Out of the
large range of methods worth considering (for an overview Jain et al., 1999; Kaufman and Rousseeuw,
2008), our OOT uses a combination of partition-based and connectivity-based clustering (Fred and
Jain, 2005). In partition-based clustering a central vector represents clusters. To configure these algorithms, a maximum number of clusters k has to be fixed. This isn't possible without knowing the number of data. An object is iterated over the clusters until the assignment to a cluster does not change
anymore. Connectivity-based clustering, also known as hierarchical clustering, connects objects to
form clusters by using appropriate metrics. All RIA-gathered information is numeric or can be transformed into numeric values. E.g., the attribute “room flooring” is transformed into a numeric value by
use of the thermal resistance of the flooring (m2K/W). Thus, the Euclidean distance metric can be used
to compare attributes (e.g. year of construction). A complete linkage clustering (hierarchical) will perform the first clustering iteration.
To increase the robustness of the linkage, a second iteration is performed based on k-means clustering.
The needed maximum number of clusters k can be fixed based on the absolute number of data after the
first iteration. Furthermore, the complexity issue of connectivity-based algorithms (e.g. O(n3) for agglomerative clustering) is reduced by minimising the number of first level clusters on the hierarchy.
The database design is based on common principles of data warehouse concepts (e.g. Aufaure, 2013;
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Labio et al., 1997) and is implemented with NoSQL (Teorey et al., 2011) on MongoDB Atlas (Chodorow, 2013; MongoDB Atlas, 2017). This offers re-scalability for growing data and covers database
infrastructure and security issues. Furthermore, it allows using different data marts for analysing purposes. If the amount of data reaches the dimensions of Big Data, the database construction could be
migrated to other principles, such as Hadoop/MapReduce (Patel et al., 2012; White, 2012).
The database represents a core part of the OOT. For start-up, different buildings with a focus on German building standards were remodelled in the context of the research project EULE (design of an
energy saving campus site at Saarland University, see e.g. Bauer et al., 2013; Bauer et al., 2014;
Baumeister and Schäfer, 2014) with EnergyPlus (Crawley et al., 2001) and the simulation performed
with Dymola® and Modelica® (Dymola, 2017). This approach guarantees self-producing data. While
the simulation is time-consuming, our prototype is focused on the field programmable gate array
(FPGA)-based MPC implementation according to Jerez et al. (2011). The OOT-Back-End as a control
system, where all data flows through, follows the idea of cloud computing and is implemented as a
RIA.

4 Evaluation Strategy
First steps have been undertaken for validation and evaluation. In addition to an ongoing system usability testing, Table 1 shows possible combinations of evaluation objects and methods, the latter according to Hevner et al. (2004), the most promising combinations for our artefact being marked with
second-best alternatives in brackets. Since the portfolio of evaluation objects is heterogeneous, our
evaluation strategy will be multi-pronged. For illustration, explanatory details for the first two evaluation objects are given: (i) The similarity measurement finally aims at identifying buildings with comparable reactions to heating control input. This heavily depends on their heat transfer coefficient,
which can analytically be determined based on the thermal conductivity of all construction materials.
Hence, the goodness of clustering and the corresponding implied heat transfer coefficient, which can
be determined on a backwards execution of the MPC calculation, can be objectively evaluated for a
subsample at least. Simulating the results of alternate clustering methods or sets of independent variables, which have to be provided by the user in the RIA, then will help to adjust this artefact’s element
if necessary. (ii) Since users have to enter their preferences guided by the RIA, evaluation can be focussed on the appropriateness of the therein lodged categories of preferences and provided preference
functions, which were gathered in interviews with potential users. However, they could be biased if
fictional pre-survey and real life implementation conditions differ. E.g., as a result of interviews and in
order to handle the trade-off between complexity and RIA’s practicability, a simple weighting of preferences is implemented rather than nonlinear trade-offs or complex threshold functions. Observations
and user interviews have to prove if this is sufficient for real life use. If not, controlled experiments
could be used to adjust RIA’s data entry: Psychological experiments suggests that users often don’t
exhibit well-defined preferences (e.g. Bettman et al., 1998; Payne et al. 1992); instead, they might
construct them on the spot when needed. So, a controlled experiment with an experimental group that
is allowed to freely choose from a wide set of preference categories, while a second control group has
limited preselected options to vote for could show if selected categories differ among the groups.
For simplification, Table 1 subsumes issues like usability (e.g. ease of use), system security, technical
performance (e.g. runtime behaviour) and other nonfinancial measures under overall cost-benefit. The
performance of our prototype has to be compared to alternatives such as pure manual heating control
or SC based on autonomous learning. As overall performance measure 
I

P  ii with
i 1

I



i

1

i 1

with ℘i  0;1 as unified scale-restricted performance measure, ℘i = 1 (0) as perfect (no) fulfilment of
the i-th evaluation category (i = {1, 2, …, I}) and 0 < κi < 1 as category weighting we use a CobbDouglas function to model a partial substitutability between categories. Unification of ℘i is required to
compare different dimensional original measures ℳi, e.g. life-cycle cost and carbon emissions, the
user’s comfort perception or speed of self-adaptation, hence a mapping ℳi  ℘i  i is necessary.
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Evaluation
Object

Observation

Evaluation
Method
Case Study
Field Study

Elements of Artefact
Similarity
Measurement

( )
( )

Overall
EffiEffiCostciency
of
ciency
of
Current
Benefit
State of Optimi- Control
sation
Strategy
Building

Parametrisation of Optimisation
Preferences

Physical
Data of
Building

External
Influences

( )

( )
( )

Analysis

Static Analysis
Architecture Analysis

( )

( )
( )

Optimisation

Descrip- Testing Experitive
ment

Dynamic Analysis

( )

Controlled Experiment

( )

( )
( )

Simulation
Functional

( )

( )
( )

Structural
Informed Argument
Scenarios

( )

( )
( )

( )
( )

( )
( )

( )
( )

Table 1: Combinations of evaluation methods and objects

5 Conclusions and Further Research
Our presented smart service prototype aims at resolving the dilemma between restricted users’ comfort
during the training phase using autonomous learning for heating SC and the challenge of knowledgeextensive, accurate parametrisation of MPC (Afram and Janabi-Sharifi, 2014) for non-expert users.
Since it only requires changing smart thermostats and a SmartHub with internet connection as a central administration device, it is a low cost and largely maintenance-free investment. The key idea is to
use MPC; however, parametrisation is done based on a similarity measurement instead of physically
modelling each individual building. The data entry in the RIA takes the knowledge and the effort of a
typical user into account. As the number of buildings gathered in the database of the OOT is gradually
growing over time, at first the database contains simulation results of the physical models of characteristic buildings. Alternately, the possibility of joining existing databases will be checked. E.g., the U.S.
Department of Energy runs the Building Performance Database (BPD) (US Department of Energy,
2017), which can be filtered on building category, location, building system or Energy Star Rating.
Deviations between forecasts and actual data are successively incorporated in our OOT according to
(3). Adaptive MPC might resolve the shortcomings of parametrising MPC only once based on collected local or simulated data (Lindelöf et al., 2015). Hence, further research could show, if it is advantageous to hand over the training data generated by the use of our OOT to an additionally running ANN
with a high maturity level as described in Afram et al. (2017). If the ANN achieves an accuracy comparable to the MPC over a fixed period of time, the control of the individual SHHC could be handed
over from the MPC to the ANN based control to integrate learning about i.a. users’ behaviour. Even
though the geolocation of a building is already used to retrieve weather forecasts, users’ geolocation
provided by the usage of a mobile application (e.g. for smartphones) could also help to improve heating optimisation by taking occupancy into account. Moreover, further automation could be used to
facilitate users’ data entry in the long run. E.g., Google Street View might be used to determine the
portion of a front’s glazing or Google Earth to determine a building’s floor-space.

Twenty-Sixth European Conference on Information Systems (ECIS2018), Portsmouth, UK, 2018

8

Baumeister and Schäfer / Smart Home Heating Control Design

Acknowledgements
The authors gratefully acknowledge inputs from Patrick Gallelli and Michael Kanischew and would
like to thank the anonymous reviewers for their contstructive comments.

References
Afram, A. and Janabi-Sharifi, F. (2014), “Theory and applications of HVAC control systems – A review of model predictive control (MPC)”, Building and Environment, Vol. 72, pp. 343–355.
Afram, A., Janabi-Sharifi, F., Fung, A.S. and Raahemifar, K. (2017), “Artificial neural network
(ANN) based model predictive control (MPC) and optimization of HVAC systems: A state of the
art review and case study of a residential HVAC system”, Energy and Buildings, Vol. 141, pp. 96–
113.
Asadi, E., da Silva, M.G., Antunes, C.H., Dias, L. and Glicksman, L. (2014), “Multi-objective optimization for building retrofit: A model using genetic algorithm and artificial neural network and an
application”, Energy and Buildings, Vol. 81, pp. 444–456.
Atzori, L., Iera, A. and Morabito, G. (2010), “The Internet of Things: A survey”, Computer Networks,
Vol. 54 No. 15, pp. 2787–2805.
Aufaure, M.-A. (Ed.). (2013), Business Intelligence: Second European Summer School, EBISS 2012,
Brussels, Belgium, July 15 - 21, 2012; Tutorial Lectures, Springer, Berlin.
Barrett, E. and Linder, S. (2015), “Autonomous HVAC Control, A Reinforcement Learning Approach”, in Bifet, A., May, M., Zadrozny, B., Gavalda, R., Pedreschi, D., Bonchi, F., Cardoso, J., et
al. (Eds.), Machine Learning and Knowledge Discovery in Databases, Vol. 9286, Springer International Publishing, Cham, pp. 3–19.
Bauer, P., Schäfer, C., Rögele, S., Baumeister, A., Schweizer-Ries, P. and Frey, G. (2013), “Engineering a Predictive Energy Consumption Model for University Properties”, Proceedings of the 7th
IEEE European Modelling Symposium on Mathematical Modelling and Computer Simulation
(EMS2013), Manchester, pp. 381–387.
Bauer, P., Siegwart, C., Felgner, F. and Frey, G. (2014), “‘OWLracle’ — Predicting the impact of interdisciplinary energy efficiency methods at German universities using BCVTB”, presented at the
IECON 2014 - 40th Annual Conference of the IEEE Industrial Electronics Society, Dallas, pp.
5324–5330.
Baumeister, A. and Schäfer, C. (2014), “Bonus Bank as an Incentive Scheme for Energy Savings of
Agents: Universities and Beyond”, Betriebswirtschaftliche Forschung und Praxis (BFuP), Vol. 66
No. 3, pp. 266–282.
Bemporad, A. and Muñoz de la Peña, D. (2009), “Multiobjective model predictive control”, Automatica, Vol. 45 No. 12, pp. 2823–2830.
Bettman, J.R., Luce, M.F. and Payne, J.W. (1998), “Constructive Consumer Choice Processes”, Journal of Consumer Research, Vol. 25 No. 3, pp. 187–217.
Chen, K., Jiao, Y. and Lee, E.S. (2006), “Fuzzy adaptive networks in thermal comfort”, Applied
Mathematics Letters, Vol. 19 No. 5, pp. 420–426.
Chodorow, K. (2013), MongoDB: The Definitive Guide, 2nd ed., O’Reilly, Beijing.
Collotta, M. and Pau, G. (2015), “Bluetooth for Internet of Things: A fuzzy approach to improve power management in smart homes”, Computers & Electrical Engineering, Vol. 44, pp. 137–152.
Crawley, D.B., Lawrie, L.K., Winkelmann, F.C., Buhl, W.F., Huang, Y.J., Pedersen, C.O., Strand,
R.K., et al. (2001), “EnergyPlus: creating a new-generation building energy simulation program”,
Energy and Buildings, Vol. 33 No. 4, pp. 319–331.
Cuzzocrea, A. (2014), “Privacy and Security of Big Data: Current Challenges and Future Research
Perspectives”, PSBD ’14 Proceedings of the First International Workshop on Privacy and Secuirty
of Big Data, ACM Press, Shanghai, pp. 45–47.

Twenty-Sixth European Conference on Information Systems (ECIS2018), Portsmouth, UK, 2018

9

Baumeister and Schäfer / Smart Home Heating Control Design

Deloitte. (2016), “Switch on to the connected home. The Deloitte Consumer Review”, Switch on to the
Connected Home, available at: https://www2.deloitte.com/content/dam/Deloitte/uk/Documents/consumer-business/deloitte-uk-consumer-review-16.pdf (accessed 4 May 2017).
Díaz, M., Martín, C. and Rubio, B. (2016), “State-of-the-art, challenges, and open issues in the integration of Internet of things and cloud computing”, Journal of Network and Computer Applications, Vol. 67, pp. 99–117.
Domahidi, A., Ullmann, F., Morari, M. and Jones, C.N. (2014), “Learning decision rules for energy
efficient building control”, Energy Efficient Buildings Special Issue, Vol. 24 No. 6, pp. 763–772.
Domingo, M.C. (2012), “An overview of the Internet of Things for people with disabilities”, Journal
of Network and Computer Applications, Vol. 35 No. 2, pp. 584–596.
Drgona, J., Klauco, M. and Kvasnica, M. (2015), “MPC-based reference governors for thermostatically controlled residential buildings”, presented at the 2015 54th IEEE Conference on Decision and
Control (CDC), IEEE, Osaka, pp. 1334–1339.
Dymola. (2017), “Dymola”, available at: https://www.3ds.com/products-services/catia/products/dymola/ (accessed 5 May 2017).
European Commission. (2016a), “Putting energy efficiency first: consuming better, getting cleaner”,
Press Release Database, available at: http://europa.eu/rapid/press-release_MEMO-16-3986_en.htm
(accessed 5 April 2017).
European Commission. (2016b), An EU Strategy on Heating and Cooling, Communication from the
Commission to the European Parliament, the Council, the European Economic and Social Committee and the Committee of the Regions No. 51, European Commission, Brussels, p. 13.
European Union. (2015), Intended Nationally Determined Contribution of the EU and Its Member
States, European Union.
Farrell, J. and Nezlek, G.S. (2007), “Rich Internet Applications The Next Stage of Application Development”, presented at the 2007 29th International Conference on Information Technology Interfaces, IEEE, Cavtat, pp. 413–418.
Ferreira, P.M., Ruano, A.E., Silva, S. and Conceição, E.Z.E. (2012), “Neural networks based predictive control for thermal comfort and energy savings in public buildings”, Energy and Buildings,
Vol. 55, pp. 238–251.
Fred, A.L.N. and Jain, A.K. (2005), “Combining Multiple Clusterings Using Evidence Accumulation”,
IEEE Transactions on Pattern Analysis and Machine Intelligence, Vol. 27 No. 6, pp. 835–850.
Gao, G. and Whitehouse, K. (2009), “The self-programming thermostat: optimizing setback schedules
based on home occupancy patterns”, ACM Press, p. 67.
Garnier, A., Eynard, J., Caussanel, M. and Grieu, S. (2015), “Predictive control of multizone heating,
ventilation and air-conditioning systems in non-residential buildings”, Applied Soft Computing,
Vol. 37, pp. 847–862.
Gubbi, J., Buyya, R., Marusic, S. and Palaniswami, M. (2013), “Internet of Things (IoT): A vision,
architectural elements, and future directions”, Future Generation Computer Systems, Vol. 29 No. 7,
pp. 1645–1660.
Han, J., Kamber, M. and Pei, J. (2011), Data Mining: Concepts and Techniques, 3rd ed., Elsevier,
Burlington, MA.
Hazyuk, I., Ghiaus, C. and Penhouet, D. (2014), “Model Predictive Control of thermal comfort as a
benchmark for controller performance”, Automation in Construction, Vol. 43, pp. 98–109.
He, X., Zhang, Z. and Kusiak, A. (2014), “Performance optimization of HVAC systems with computational intelligence algorithms”, Energy and Buildings, Vol. 81, pp. 371–380.
Hevner, A.R., March, S.T. and Park, J. (2004), “Design Science in Information Systems Research”,
MIS Quarterly, Vol. 28 No. 1, pp. 75–105.
van Hoof, J. (2008), “Forty years of Fanger’s model of thermal comfort: comfort for all?”, Indoor Air,
Vol. 18 No. 3, pp. 182–201.
Huang, H., Chen, L. and Hu, E. (2014), “Model predictive control for energy-efficient buildings: An
airport terminal building study”, presented at the 11th IEEE International Conference on Control &
Automation (ICCA), IEEE, Taichung, pp. 1025–1030.

Twenty-Sixth European Conference on Information Systems (ECIS2018), Portsmouth, UK, 2018

10

Baumeister and Schäfer / Smart Home Heating Control Design

Huang, H., Chen, L. and Hu, E. (2015a), “A new model predictive control scheme for energy and cost
savings in commercial buildings: An airport terminal building case study”, Building and Environment, Vol. 89, pp. 203–216.
Huang, H., Chen, L. and Hu, E. (2015b), “A neural network-based multi-zone modelling approach for
predictive control system design in commercial buildings”, Energy and Buildings, Vol. 97, pp. 86–
97.
Humphreys, M.A. and Hancock, M. (2007), “Do people like to feel ‘neutral’?: Exploring the variation
of the desired thermal sensation on the ASHRAE scale”, Energy and Buildings, Vol. 39 No. 7,
pp. 867–874.
Icontrol Networks. (2015), “2015 State Of The Smart Home Report”, Icontrol Networks, available at:
https://www.icontrol.com/blog/2015-state-of-the-smart-home-report/ (accessed 5 May 2017).
International Energy Agency. (2016), Energy Efficiency Indicator Highlights, International Energy
Agency.
Jacob, Y.C. (2008), “Statistical modelling and forecasting schemes for air-conditioning system”, The
Hong Kong Polytechnic University.
Jain, A.K., Murty, M.N. and Flynn, P.J. (1999), “Data clustering: a review”, ACM Computing Surveys,
Vol. 31 No. 3, pp. 264–323.
Javed, A., Larijani, H., Ahmadinia, A. and Emmanuel, R. (2014), “Comparison of the Robustness of
RNN, MPC and ANN Controller for Residential Heating System”, presented at the 2014 IEEE
Fourth International Conference on Big Data and Cloud Computing, IEEE, Sydney, pp. 604–611.
Jerez, J.L., Constantinides, G.A., Kerrigan, E.C. and Ling, K.-V. (2011), “Parallel MPC for Real-Time
FPGA-based Implementation”, IFAC Proceedings Volumes, Vol. 44 No. 1, pp. 1338–1343.
Kalogirou, S.A. (2000), “Applications of artificial neural-networks for energy systems”, Applied Energy, Vol. 67 No. 1–2, pp. 17–35.
Kalogirou, S.A. (2001), “Artificial neural networks in renewable energy systems applications: a review”, Renewable and Sustainable Energy Reviews, Vol. 5 No. 4, pp. 373–401.
Karakostas, B. (2013), “A DNS Architecture for the Internet of Things: A Case Study in Transport
Logistics”, Procedia Computer Science, Vol. 19, pp. 594–601.
Kaufman, L. and Rousseeuw, P.J. (2008), Finding Groups in Data: An Introduction to Cluster Analysis, Wiley, Hoboken, N.J.
Khanmirza, E., Esmaeilzadeh, A. and Markazi, A.H.D. (2016), “Predictive control of a building hybrid heating system for energy cost reduction”, Applied Soft Computing, Vol. 46, pp. 407–423.
Kim, W., Jeon, Y. and Kim, Y. (2016), “Simulation-based optimization of an integrated daylighting
and HVAC system using the design of experiments method”, Applied Energy, Vol. 162, pp. 666–
674.
Kleiminger, W., Mattern, F. and Santini, S. (2014), “Predicting household occupancy for smart heating control: A comparative performance analysis of state-of-the-art approaches”, Energy and Buildings, Vol. 85, pp. 493–505.
Kusiak, A., Li, M. and Tang, F. (2010), “Modeling and optimization of HVAC energy consumption”,
Applied Energy, Vol. 87 No. 10, pp. 3092–3102.
Kusiak, A., Tang, F. and Xu, G. (2011), “Multi-objective optimization of HVAC system with an evolutionary computation algorithm”, Energy, Vol. 36 No. 5, pp. 2440–2449.
Kusiak, A., Xu, G. and Tang, F. (2011), “Optimization of an HVAC system with a strength multiobjective particle-swarm algorithm”, Energy, Vol. 36 No. 10, pp. 5935–5943.
Kusiak, A., Xu, G. and Zhang, Z. (2014), “Minimization of energy consumption in HVAC systems
with data-driven models and an interior-point method”, Energy Conversion and Management,
Vol. 85, pp. 146–153.
Labio, W.J., Quass, D. and Adelberg, B. (1997), “Physical database design for data warehouses”,
IEEE Comput. Soc. Press, pp. 277–288.
Lehmann, B., Gyalistras, D., Gwerder, M., Wirth, K. and Carl, S. (2013), “Intermediate complexity
model for Model Predictive Control of Integrated Room Automation”, Energy and Buildings,
Vol. 58, pp. 250–262.

Twenty-Sixth European Conference on Information Systems (ECIS2018), Portsmouth, UK, 2018

11

Baumeister and Schäfer / Smart Home Heating Control Design

Levenhagen, J.I. and Spethmann, D.H. (1993), HVAC Controls and Systems, McGraw-Hill, New
York.
Li Jiang, Da-You Liu and Bo Yang. (2004), “Smart home research”, Vol. 2, IEEE, pp. 659–663.
Lindelöf, D., Afshari, H., Alisafaee, M., Biswas, J., Caban, M., Mocellin, X. and Viaene, J. (2015),
“Field tests of an adaptive, model-predictive heating controller for residential buildings”, Energy
and Buildings, Vol. 99, pp. 292–302.
Liu, F., Tan, C.-W. and Lim, E.T.K. (2016), “Synthesizing Knowledge on Internet of Things (IoT) :
An Algorithmic Historiographical Approach”, ICIS 2016 Proceedings, Vol. 37, presented at the International Conference on Information Systems 2016 (ICIS), Atlanta, GA.
Liu, H., Lee, S., Kim, M., Shi, H., Kim, J.T., Wasewar, K.L. and Yoo, C. (2013), “Multi-objective
optimization of indoor air quality control and energy consumption minimization in a subway ventilation system”, Energy and Buildings, Vol. 66, pp. 553–561.
Lu, J., Sookoor, T., Srinivasan, V., Gao, G., Holben, B., Stankovic, J., Field, E., et al. (2010), “The
smart thermostat: using occupancy sensors to save energy in homes”, ACM Press, pp. 211–224.
Ma, J., Qin, S.J., Li, B. and Salsbury, T. (2011), “Economic model predictive control for building energy systems”, IEEE, pp. 1–6.
Makhlouf, A., Marhic, B., Delahoche, L., Clérentin, A. and Messaoud, H. (2016), “A Smart and Predictive Heating System Using Data Fusion Based on the Belief Theory”, Studies in Informatics and
Control, Vol. 25 No. 3, pp. 283–292.
Meola, A. (2016), “How IoT & smart home automation will change the way we live”, Business Insider
Deutschland, December, available at: http://www.businessinsider.de/internet-of-things-smart-home
-automation-2016-8 (accessed 30 April 2017).
Möllers, F. and Sorge, C. (2016), “Deducing User Presence from Inter-Message Intervals in Home
Automation Systems”, in Hoepman, J.-H. and Katzenbeisser, S. (Eds.), ICT Systems Security and
Privacy Protection, Vol. 471, Springer International Publishing, Cham, pp. 369–383.
MongoDB Atlas. (2017), “MongoDB Atlas”, MongoDB, available at: https://www.mongodb.com/cloud/atlas (accessed 4 May 2017).
Moon, J.W., Chung, M.H., Song, H. and Lee, S.-Y. (2016), “Performance of a Predictive Model for
Calculating Ascent Time to a Target Temperature”, Energies, Vol. 9 No. 12, p. 1090.
Nacer, A., Marhic, B. and Delahoche, L. (2017), “Smart Home, Smart HEMS, Smart heating: An
overview of the latest products and trends”, IEEE, pp. 90–95.
Oldewurtel, F., Parisio, A., Jones, C.N., Gyalistras, D., Gwerder, M., Stauch, V., Lehmann, B., et al.
(2012), “Use of model predictive control and weather forecasts for energy efficient building climate control”, Energy and Buildings, Vol. 45, pp. 15–27.
Oldewurtel, F., Sturzenegger, D. and Morari, M. (2013), “Importance of occupancy information for
building climate control”, Applied Energy, Vol. 101, pp. 521–532.
Pang, Z., Chen, Q., Han, W. and Zheng, L. (2015), “Value-centric design of the internet-of-things solution for food supply chain: Value creation, sensor portfolio and information fusion”, Information
Systems Frontiers, Vol. 17 No. 2, pp. 289–319.
Patel, A.B., Birla, M. and Nair, U. (2012), “Addressing big data problem using Hadoop and Map Reduce”, IEEE, pp. 1–5.
Payne, J.W., Bettman, J.R. and Johnson, E.J. (1992), “Behavioral Decision Research: A Constructive
Processing Perspective”, Annual Review of Psychology, Vol. 43 No. 1, pp. 87–131.
Peffers, K., Tuunanen, T., Rothenberger, M.A. and Chatterjee, S. (2007), “A Design Science Research
Methodology for Information Systems Research”, Journal of Management Information Systems,
Vol. 24 No. 3, pp. 45–77.
Penya, Y.K., Borges, C.E., Agote, D. and Fernandez, I. (2011), “Short-term load forecasting in airconditioned non-residential Buildings”, IEEE, pp. 1359–1364.
Perera, C., Liu, C.H., Jayawardena, S. and Min Chen. (2014), “A Survey on Internet of Things From
Industrial Market Perspective”, IEEE, pp. 1660–1679.
Rayes, A. and Salam, S. (2017), “Internet of Things (IoT) Overview”, in Rayes, A. and Samer, S.
(Eds.), Internet of Things From Hype to Reality: The Road to Digitization, Springer International
Publishing, Cham, pp. 1–34.

Twenty-Sixth European Conference on Information Systems (ECIS2018), Portsmouth, UK, 2018

12

Baumeister and Schäfer / Smart Home Heating Control Design

Risteska Stojkoska, B.L. and Trivodaliev, K.V. (2017), “A review of Internet of Things for smart
home: Challenges and solutions”, Journal of Cleaner Production, Vol. 140, Part 3, pp. 1454–1464.
Robles, R.J. and Kim, T. (2010), “Applications, Systems and Methods in Smart Home Technology: A
Review”, International Journal of Advanced Science and Technology, Vol. 15, pp. 37–48.
Ruano, A.E., Pesteh, S., Silva, S., Duarte, H., Mestre, G., Ferreira, P.M., Khosravani, H.R., et al.
(2016), “The IMBPC HVAC system: A complete MBPC solution for existing HVAC systems”,
Energy and Buildings, Vol. 120, pp. 145–158.
Safa, A.A. (2012), “Performance analysis of a two-stage variable capacity air source heat pump and a
horizontal loop coupled ground source heat pump system”, Ryerson University, Toronto, Ontario,
Canada.
Soyguder, S. and Alli, H. (2009), “Predicting of fan speed for energy saving in HVAC system based
on adaptive network based fuzzy inference system”, Expert Systems with Applications, Vol. 36
No. 4, pp. 8631–8638.
Teorey, T.J., Lightstone, S.S., Nadeau, T. and Jagadish, H.V. (Eds.). (2011), Database Modeling and
Design: Logical Design, 5th ed., Morgan Kaufmann, Burlington, MA.
Tutkun, N. (2014), “Minimization of operational cost for an off-grid renewable hybrid system to generate electricity in residential buildings through the SVM and the BCGA methods”, Energy and
Buildings, Vol. 76, pp. 470–475.
US Department of Energy. (2017), “Building Performance Database”, May, available at: https://bpd.lbl.gov/ (accessed 5 May 2017).
Wang, S. and Ma, Z. (2008), “Supervisory and Optimal Control of Building HVAC Systems: A Review”, HVAC&R Research, Vol. 14 No. 1, pp. 3–32.
Weather API. (2017), “Weather API”, May, available at: https://openweathermap.org/api (accessed
5 May 2017).
Wei, X., Kusiak, A., Li, M., Tang, F. and Zeng, Y. (2015), “Multi-objective optimization of the
HVAC (heating, ventilation, and air conditioning) system performance”, Energy, Vol. 83, pp. 294–
306.
White, T. (2012), Hadoop: The Definitive Guide, 3th ed., O’Reilly, Beijing.
Wojsznis, W., Mehta, A., Wojsznis, P., Thiele, D. and Blevins, T. (2007), “Multi-objective optimization for model predictive control”, ISA Transactions, Vol. 46 No. 3, pp. 351–361.
Wünderlich, N.V., Wangenheim, F. v. and Bitner, M.J. (2013), “High Tech and High Touch: A
Framework for Understanding User Attitudes and Behaviors Related to Smart Interactive Services”, Journal of Service Research, Vol. 16 No. 1, pp. 3–20.
Xu, L.D., He, W. and Li, S. (2014), “Internet of Things in Industries: A Survey”, IEEE Transactions
on Industrial Informatics, Vol. 10 No. 4, pp. 2233–2243.
Yang, I.-H., Yeo, M.-S. and Kim, K.-W. (2003), “Application of artificial neural network to predict
the optimal start time for heating system in building”, Energy Conversion and Management,
Vol. 44 No. 17, pp. 2791–2809.
Zeng, Y., Zhang, Z. and Kusiak, A. (2015), “Predictive modeling and optimization of a multi-zone
HVAC system with data mining and firefly algorithms”, Energy, Vol. 86, pp. 393–402.
Zlatanović, I., Gligorević, K., Ivanović, S. and Rudonja, N. (2011), “Energy-saving estimation model
for hypermarket HVAC systems applications”, Energy and Buildings, Vol. 43 No. 12, pp. 3353–
3359.

Twenty-Sixth European Conference on Information Systems (ECIS2018), Portsmouth, UK, 2018

13

