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“We urgently need to move towards a pollution free planet, to tackle climate change and to drive
sustainable development. We can only do that with decisive action in this sector. Technologically
and commercially viable solutions exist, but we need stronger policies and partnerships to scale
them up more rapidly. ”

Erik Solheim
United Nations Environment Programme

“I once thought I could protect the world by myself. But I was wrong. Working together, we
saved the planet. And I believe that if we stay together, as a team, we would be a force that could
truly work for the ideals of peace and justice.”

Superman
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Abstract

With the impending climate crisis, it has become vital to take actions to mitigate the
negative effects of CO2 emissions; one of the greenhouse gases responsible for the
climate disruption. Limiting CO2 emissions is achievable through a general reduction
of energy consumption, and a movement towards renewable sources of energy. As
buildings contribute significantly to the world’s energy demand, establishing optimal
energy consumption becomes critical. However, there is a documented gap between
buildings’ expected and operational performance, despite the existence of a commis-
sioning process ensuring their functionality, during handover. The goal of this thesis
is to reduce this gap by developing a framework featuring tools and methodologies
for continuous evaluation of buildings’ performance in real-time, in new and existing
buildings regardless of their type and available sensing instrumentation (meters, sen-
sors, etc).

Current building intelligence solutions suffer from poor portability as they are
typically tied to specific buildings. To address this shortcoming, the framework in this
thesis relies on metadata models of buildings to discover available instrumentation.
This metadata enables automatic initialisation and instantiation of the framework re-
gardless of the building’s specifics. The building’s operational data is then compared to
a threshold defining the expected performance. The framework identifies the optimal
choice for threshold forecasting technique given parameters pertaining to availability of
historical data, accuracy of forecast, and frequency of measurement of the operational
performance. To increase the framework’s maintainability, as well as its ability to
integrate with other software, the framework has been implemented as an ensemble of
microservices.

The framework has been successfully implemented and deployed on a case study
building at the campus of the University of Southern Denmark. The framework has
identified numerous faults during its operation, and has helped discover issues with
faulty wiring of meters as well as malfunctioning sensors.





Résumé

I forbindelse med den forestående klimakrise, er det blevet afgørende at træffe de
nødvendige foranstaltninger for at lindre de negative indvirkninger af CO2-emissioner:
en af de drivhusgasser, der er ansvarlige for klimaforandringen. Det er muligt at
begrænse CO2-emissionerne, ved en generel reducering af energiforbruget, samt en
bevægelse der bestræber sig på at fremme vedvarende energikilder. Da bygninger
bidrager substantielt til verdens energibehov, er det kritisk at etablere et optimalt
energiforbrug. Der er dog et dokumenteret hul mellem bygningernes forventede og
operationelle præstationen, på trods af at der er etableret en commissioning-proces,
der sikrer den ønskede funktionalitet når bygningen bliver overdraget. Formålet med
denne afhandling er at reducere dette hul, ved at udvikle et framework med værktøjer
og metoder til løbende evaluering af en given bygnings præstation i realtid, i nye og
eksisterende bygninger, uanset deres type og tilgængelige elektriske instrumentering
(målere, sensorer, m.m.).

Nuværende intelligente bygningsløsninger lider af dårlig overførbarhed, da de ofte
er bundet til bestemte bygninger. For at imødegå denne mangel, er frameworket i denne
afhandling baseret på metadata-modeller af bygninger, for at finde tilgængelig elektrisk
instrumentering. Disse metadata muliggør automatisk initialisering og instantier-
ing af frameworket, uanset bygningens specifikationer. Bygningens operationelle
data bliver derefter sammenlignet med en grænseværdi, der definerer den forventede
adfærd. Frameworket identificerer det optimale valg af teknik til forudsigelse af græn-
seværdier, baseret på parametre vedrørende tilgængeligheden af historiske data, samt
forudsigelsens nøjagtighed. For at øge frameworkets vedligeholdelsesdygtighed, samt
dets evne til at integrere med anden software, er frameworket blevet implementeret
som en pakkeløsning bestående af microservices.

Frameworket er blevet implementeret på en case study bygning på campus, ved
Syddansk Universitet. Frameworket har identificeret adskillige fejl under dets brug og
har bidraget til opdagelsen af problemer med fejlagtigt installerede målere og defekte
sensorer.
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Chapter 1

Introduction

This Chapter provides an introduction to the thesis’ contents. First, we present the
motivation behind the focus on buildings’ performance, highlighting their environ-
mental impact. Emerging from this, the thesis’ goals and research questions are stated.
We present the contributions from the thesis, as well as a list of related peer-reviewed
articles published throughout the course of the PhD programme. This Chapter further
presents a timeline of the completed work, elaborating on the scientific methodolo-
gies used to conduct different sections of the timeline of the PhD project. Finally, the
structure of the thesis is presented.

1.1 Introduction

One of the primary causes for the climate crisis is the emission of the greenhouse gasses,
of which the most prominent one is CO2. The trends of CO2 emissions historically
seem to have significant growth past the Industrial Revolutions around the 1800s. Prior
to these events, Earth’s average atmospheric CO2 has been estimated at around 280
parts per million (ppm). Since the late 1850s, however, CO2 concentrations have grown
rapidly, reaching average values of 415 ppm in the year 2019 [1]. The famous Stern
Review [2] highlights the impact of the climate change upon mankind and society. The
review predicts that not only will human economy suffer, but Earth’s environment
itself, yielding poor weather conditions, increased natural catastrophes, as well as
negative impacts on human health.

Buildings account for 32% of the global energy consumption, and 51% of the global
electricity demand [3]. The contribution of buildings to the global electricity consump-
tion further represents 36% of the greenhouse gas emissions [4], surpassing the energy
consumption and greenhouse gas production of other sectors such as industry and
transport. Naturally, with the increase in human population comes also the increased
demand for growth in all human sectors. Thus, energy consumption rates are expected
to increase, yielding further pollution of the planet’s atmosphere. Despite the contribu-
tion of the building sector to the global energy demand, often-times faulty behaviour or
improper usage of buildings result in inefficiency that increases wasted energy usage
[5], and subsequently increased pollution. As buildings are primarily developed for
occupants - to ensure their comfort, health, and well-being - energy usage in build-
ings cannot be completely eliminated. However, there exist tools using which we can
attempt to achieve optimal building behaviour, finding a balance between occupant
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comfort, occupant productivity, and energy usage.

To reduce the greenhouse gas emissions through the reduction of wasted energy
in the building sector, there exist numerous regulations in the forms of governmental
policies and certifications for buildings. As an example, the European Union (EU)
directs all member countries to half the total energy consumption from buildings by
that of the year 1980 [6]. This movement towards more efficient buildings has triggered
the advancements in technological innovation, and the application of Information and
Communication Technologies (ICT) to buildings. The field of Energy Informatics (EI)
emerged as a multidisciplinary field, applying software applications to enhance the
intelligence of buildings through focus on monitoring the behaviour of buildings, in-
creasing their adaptability to their occupants and weather conditions, timely discovery
of faults, etc. [7].

1.1.1 Buildings’ environmental impact and the performance gap

Buildings contribute to approximately 32% of the energy consumption in the world.
Residential buildings tend to consume more energy than commercial buildings, how-
ever they also tend to be less instrumented and with poorer building control [8]. Table
1.1 shows the difference in contribution to the total energy consumption from residen-
tial and commercial buildings. The projections for the future growth of these numbers
is with the rate of 1.5% yearly. However, despite this separation among residential
and commercial sectors, further analysis is necessary to discover the cause for this
high percentage of energy consumption. Approximately 35% of the buildings on the
territory of the EU are more than 50 years old. Furthermore, nearly 75% of the building
stock is considered energy inefficient. At the same time, only 0.4-1.2% of the buildings
are renovated each year. Renovation of buildings can lead to significant energy savings,
as it could reduce the EU’s total energy consumption by 5-6% and lower CO2 emissions
by about 5% [6].

There is a documented gap between buildings’ designed and operational energy
consumption [9, 10]. This gap may originate in malfunctioning components, which
have been documented to contribute to additional 472 TWh energy waste in the USA
[11], with economic impact ranging from 7%-1000% waste [12]; improper usage of
the building, found responsible for additional 34% energy consumption in [10]; im-
properly chosen materials for construction [13], etc. Furthermore, it has been shown
that on average buildings consume 20% more energy than required due to inefficient
operation procedures, non-optimal control schedules, and system faults [14]. The
performance gap may be addressed through widespread, coordinated approaches
combining improved data collection for predictions, better forecasting, and change of
industry practices [9].

1.1.2 Regulations and policies in the building sector

To mitigate the energy consumption from buildings through ensuring optimal building
performance, a variety of regulations and policies have emerged worldwide. The
United Nations General Assembly prepared 17 Sustainability Development Goals
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TABLE 1.1: Buildings’ energy consumption in 2004, [8]

Area Commercial Residential Total

USA 18 22 40
UK 11 28 39
EU 11 26 37

Spain 8 15 23

(SDG) [15]. The famous Paris Agreement mandates the limitation in the increase of
global temperatures, specifying a separate SDG for "Sustainable Cities and Commu-
nities". In a constructive effort to have positive impact in light of the SDGs, the EU
established a legislative framework that includes the Energy performance of buildings
directive (EPBD) (2010/31/EU) and the Energy efficiency directive (2012/27/EU) [6].
These directives require EU states to establish inspection schemes for buildings, and
to set minimum energy performance requirements for new and retrofitted buildings.
Furthermore, the directives mandate the focus on various financial measures for im-
proving the energy efficiency in buildings, and maintaining these tasks throughout
2020-2030 [16].

The International Energy Agency has created a programme titled Energy in Build-
ings and Communities (IEA-EBC) which produces a series of studies that deal with
the improvement of the energy efficiency of buildings. These studies are not used
as regulations, but more so guidelines for improved building operation. One of the
collaborative efforts produced by IEA-EBC is Annex 58 [17] which presents statistical
guidelines for thermal performance modelling of time series data.

To support the regulations of governmental bodies, building certifications have
emerged as tools to confirm that buildings achieve a certain performance. Certified
sustainable buildings have been documented to perform better than conventional build-
ing on environmental, economic, and social parameters. The economic and societal
benefits of certified sustainable buildings are thus clear and certifications are also used
actively to ensure a high level of quality during design and construction phases. Jensen
et al. in [18] discuss a variety of building certifications such as Green Star, LEED,
Nordic Swan, Active House etc. However, Scofield and Cornell in [19] evaluate many
studies regarding the benefits of LEED certified buildings, and find the benefits of this
certification dubious. In fact, various studies have found that LEED-certified buildings
use relatively more electricity than other buildings. This claim is further supported by
Newsham et al. in [20].

Building certifications exist, however they are not the common practice when
taking into account all the buildings in the world. To highlight this fact further, despite
numerous attempts to improve the building industry, according to the Global Status
Report of 2017 by UN Environment nearly 35% of the countries in the world do not have
any form of building regulations [21]. Given this, it is evident that the present state in
the building industry is less than ideal. In light of improving the environmental impact



4 Chapter 1. Introduction

of buildings, buildings globally must be brought to achieve optimal performance. Thus,
it is critical that intelligent solutions for buildings are deployable at a global scale,
highlighting the portability of these solutions as critical.

1.1.3 Building performance evaluation in the world

Other than governmental directives, the process of building commissioning ensures
that a building is functionally ready to be handed over to the building owner [22]. This
is executed using procedures which test the building’s installations and verify their
performance. However, the initial commissioning process is insufficient for closing the
aforementioned performance gap. Conventional energy efficiency measures have been
shown to reduce energy use by 20–30% on average without any significant alterations
to the building design. The enhancements of buildings’ intelligent software, as well
as improved hardware installations can reduce the carbon footprint of the building
by as much as 32% [23]. Often, however, building owners and managers are unaware
that a building is performing suboptimally. Typically, building intelligence solutions
which evaluate the performance of a building, do this through a comparison between
the observed performance of the building, and a threshold calculated from estimations
of its expected performance.

However, despite existing solutions that address a variety of problems that build-
ings encounter, the vast heterogeneity across buildings does not allow for a successful
application of solutions to buildings’ problems to a majority (or significant fraction)
of the buildings worldwide. This heterogeneity stems from differences in complexity,
size, type, usage, degrees of sensing instrumentation, etc. Current building intelligence
solutions are developed on a building-specific basis, yielding incredibly low portability
of software enhancements across the heterogeneous building landscape. An extensive
review by Cabeza et al. [24] highlights that most commonly, buildings’ assessments are
predominantly done in "exemplary buildings". These buildings have been designed to
be low energy buildings and are usually abundant with sensing instrumentation which
facilitates the deployment of additional software, enhancing the building’s intelligence
and performance. However, the review highlights the scarcity of studies performed on
"traditional buildings", i.e. typical buildings found all around our dwellings and places
of residence.

To address the lack of portability of building intelligence solutions, focusing on
the discovery of buildings’ sub-optimal behaviour, this thesis presents LEAF: Live
Building Performance Evaluation Framework, focusing on continuous, real-time per-
formance evaluation in smart buildings. LEAF has been implemented on top of the
Brick metadata schema [25], which has been shown to be a promising candidate for
homogeneous representation of metadata across a variety of building types. LEAF’s
development using the Brick metadata schema increases its portability as a building
intelligence solution for performance evaluation, applicable to a variety of buildings.
The application of LEAF on a case study building, Odense Undervisning 44 (OU44), has
resulted in the discovery of faults, which have later been found to be both malfunctions
and inappropriate usage of the building.
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1.2 Research questions and thesis objectives

Emerging from the motivation of this thesis, we formulate the thesis’ objective. The ob-
jective of this thesis is to identify a portable tool by which smart buildings can be tested
for their performance continuously, in real-time, to ensure their optimal performance.

Arising from this objective, the research questions addressed within the thesis are:

1. How can we ensure a building is performing as intended, utilising all its available
sensing instrumentation?

2. What are the necessary requirements for developing portable software for per-
formance testing in buildings with different specifics (age, usage, complexity,
instrumentation, etc.)?

3. And finally, to what extent can real-time performance testing in buildings lead
to improved energy performance and indoor climate, faster fault discovery, and
thus energy savings?

1.3 Thesis contributions

The contributions of this thesis are as follows:

• Identification of requirements necessary to facilitate portable building perfor-
mance evaluation solutions.

• Design of generic metadata queries and their mapping to generic performance
tests to facilitate automatic discovery of applicable performance tests for a build-
ing.

• The decoupling of the processes within performance testing and their develop-
ment using a microservice architecture pattern, as a core component of LEAF.

• Comparison between Danish government regulations, physical models, and data
driven models, for estimating expected energy consumption and indoor climate,
to calculate thresholds for performance testing.

• Evaluation of forecasting techniques for expected performance of the building
according to accuracy of forecast, temporal requirements for forecasting of one
data point, or a month’s data points.

• Workflow for performance testing in both new and existing buildings.

• Algorithm for choosing optimal forecasting technique for expected performance
of the building, based on availability, accuracy of forecast, and average frequency
of the time series data of the evaluated data stream, to facilitate real-time perfor-
mance evaluation.

• Calculation of minimum Smart Readiness Indicator (SRI) value for application
of LEAF. SRI is as a metric for assessing buildings’ preparedness to facilitate
intelligent solutions prepared by the European Commission.
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• Algorithm for the automatic calculation of SRI for buildings.

• Survey across building managers, identifying their preferences for useful func-
tionality and usability of building performance monitoring applications.

• Application of LEAF to a case study building at the Odense campus of the
University of Southern Denmark.

• Examples of fault discovery in the case study building through LEAF and explo-
ration of the building’s metadata.

1.4 Related publications

Throughout the PhD project, the development of different concepts and results were
published in several conference proceedings. At the time of writing the thesis, there are
two articles which have been submitted and are pending review.

The list of publications related to this thesis is given below, listed according to the
date of publication in an ascending order. The documented research in this thesis has
been based upon the below-listed publications. The thesis is self-contained, despite the
fact that some chapters of the thesis cover research previously published.

• Markoska, Elena, Muhyiddine Jradi, and Bo Nørregaard Jørgensen. "Continuous
commissioning of buildings: A case study of a campus building in Denmark."
2016 IEEE International Conference on (iThings) and IEEE Green Computing and
Communications (GreenCom) and IEEE Cyber, Physical and Social Computing
(CPSCom) and IEEE Smart Data (SmartData). IEEE, 2016 [26].

• Markoska, Elena, Aslak Johansen, and Sanja Lazarova-Molnar. "A framework
for fully automated performance testing for smart buildings." Third International
Congress on Information and Communication Technology. Springer, Singapore,
2019 [27].

• Markoska, Elena, and Sanja Lazarova-Molnar. "Towards smart buildings per-
formance testing as a service." 2018 Third International Conference on Fog and
Mobile Edge Computing (FMEC). IEEE, 2018 [28].

• Markoska, Elena, and Sanja Lazarova-Molnar. "Comparative Evaluation of
Threshold Modelling for Smart Buildings’ Performance Testing" IGSC 2018: Inter-
national Green and Sustainable Computing Conference, IEEE 2018 [29].

• Markoska, Elena, and Sanja Lazarova-Molnar. "A Workflow for Continuous
Performance Testing in Smart Buildings." European Conference on Ambient
Intelligence. Springer, Cham, 2018 [30].

• Markoska, Elena, and Sanja Lazarova-Molnar. "LEAF: Live Building Perfor-
mance Evaluation Framework" 2019 Fourth International Conference on Fog and
Mobile Edge Computing (FMEC). IEEE, 2019 [31].
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• Markoska, Elena, and Sanja Lazarova-Molnar. "Usability Requirements for Smart
Buildings’ Performance Testing Solutions: A Survey" 2019 Fourth International
Conference on Fog and Mobile Edge Computing (FMEC). IEEE, 2019 [32].

• Markoska, Elena, Nebojsa Jakica, Sanja Lazarova-Molnar, and Mikkel K. Kragh.
"Assessment of Building Intelligence Requirements for Real Time Performance
Testing in Smart Buildings" 2019 4th International Conference in Smart and
Sustainable Technologies (Splitech 2019), IEEE 2019 [33].

• Markoska Elena, Aslak Johansen, Mikkel Baun Kjærgaard, Sanja Lazarova-
Molnar, Muhyiddine Jradi, Bo Nørregaard Jørgensen., “Combining Performance
Testing and Metadata Models to Support Fault Detection and Diagnostics in
Smart Buildings.” Submitted to The Applied System Innovation (ISSN 2571-5577),
2019 UNDER REVIEW [34].

• Markoska Elena, and Sanja Lazarova-Molnar. "The Synergy of Simulations and
Time Series Forecasting for Live Performance Testing of Smart Buildings" The 21st
International Conference on Information Integration and Web-Based Applications
& Services (IIWAS2019), ACM, 2019, UNDER REVIEW [35].

Listed below are co-authored publications. The research presented in these publica-
tions has not been included in the thesis.

• Lazarova-Molnar, Sanja, Elena Markoska, and Hamid Reza Shaker. "Towards
systematic reliability modeling of smart buildings." 2017 Winter Simulation Con-
ference (WSC). IEEE, 2017. [36]

• Jradi, M., Arendt, K., Sangogboye, F. C., Mattera, C. G., Markoska, E., Kjærgaard,
M. B., ... & Jørgensen, B. N. (2018). ObepME: An online building energy per-
formance monitoring and evaluation tool to reduce energy performance gaps.
Energy and Buildings, 166, 196-209. [37]

• Lazarova-Molnar, Sanja, Elena Markoska, and Nader Mohamed. "A zoning
framework for enhanced smart building automation." Proceedings of the 2018
Winter Simulation Conference. IEEE Press, 2018. [38]

1.5 Methodology

Given the variety of topics examined within this thesis, different methodologies were
applied for different parts. The research questions presented in Section 1.2 call for
different techniques that will successfully examine and construct portable solutions for
continuous performance testing in real-time. First, a Literature Study was carried out,
to gain insight into the gaps of the current state of the art solutions. To facilitate the
research process in the development of LEAF, we used the Constructive methodology
as described by Shaw in [39]. Furthermore, given that the framework was initially
developed using a case study building and its specifications in mind, the Case Study
methodology was loosely implemented. Details on this methodology can be found
presented by Runeson et al. in [40]. Finally, to gain insight into the preferences of
building managers for usability of performance testing solutions, we carried our a
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series of semi-structured interviews, according to the Survey methodology presented
in [41]. In the following, all four methodologies are presented in light of their usage
within the PhD project. The following subsections refer back to Figure 1.1 where the
timeline of the PhD project is presented given its separation into different tasks.

1.5.1 Literature review for performance evaluation in systems with focus
on smart buildings

One formal literature study was performed throughout the PhD project, as illustrated
in one of the steps presented Figure 1.1. The methodology of a literature study is a well
defined step in most research projects, with the aim to understand the present state
of the art, its relevant remaining problems, gaps, as well as attempts that address its
problems. As such, after the initial development of the conceptual idea behind a generic
performance testing framework, a literature study was conducted. The literature study
covered a variety of key words pertaining to current solutions for performance testing
in buildings, focusing on energy aspects, indoor climate, often specific subsystems in
the building installation (e.g. Heating, ventilation, and air conditioning (HVAC), light-
ing etc), featuring specific case study buildings etc. As buildings may be classified as
cyber-physical systems, additional search queries were performed to gain insight into
performance testing of other types of cyber-physical systems. These queries resulted in
publications documenting performance tests for different cyber-physical systems, such
as those in the aerospace and automotive industry, as well as some special cases such
as the Large Hadron Collider and the International Space Station. The databases used
for the literature study were IEEE Xplore, ACM, Compendex, and Web of Science. As
Compendex is a database that acts as a collection of papers from multiple databases,
the results were expected to have duplicates.

The resulting references were collected in a reference management application (in
this case, Endnote). The first step was to remove the duplicate papers. Afterwards,
several iterations of refining the most relevant papers followed, evaluating the papers
first by title, abstract, and finally full text to uncover the most relevant ones pertaining
to the field of study covered in the PhD project.

1.5.2 Methodologies for development of LEAF

The Constructive research methodology is typically concerned with the application
of existing solutions, models, and frameworks, into novel contexts, not with the aim
to study or evaluate an existing reality, but instead to create a new one. According to
Cornford et al. in [42], the Constructive approach primarily focuses on developing
frameworks, pursuing technical developments and creating artefacts. Artefacts can
range from models, diagrams, plans, organisation charts, system designs, algorithms,
artificial languages, software development methods, as well as application of existing
technologies to different domains to examine and solve existing problems.

As such, the results from constructive research can have both a practical and a
theoretical relevance. Research using this methodology should focus on delivering
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Conception of idea for the PhD project

Formal Literature study regarding the initial
state of the art in the field of performance

testing in cyber-physical systems

Development of initial framework as a
monolithic and case-specific application tailored

for the case study building and its needs

Development of initial Dashboard Application,
visualising results from the developed

framework

Development of additional expected
performance modelling techniques, expanding
the pool of possible options for thresholds for

performance tests

Literature study: A more in depth analysis of
current state of the art solutions for

performance testing in buildings to specifically
identify their shortcomings

Semi-structured interview with industry leader
for development of BMS applications

Initial application of microservice architecture
pattern to the performance testing Framework

Development of Dashboard application with
insight for what part of the application must be

building-specific. Functionality developed
according to preferences of building managers

Structured interviews among building managers
of large buildings to identify the current state of

the art in the real world, and gain insight into
their preferences for building performance

monitoring

Examining SRI
requirements for

application of LEAF

FIGURE 1.1: Timeline of completed contributions using different method-
ologies
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problem solutions focusing on feasibility of the solution, improvement on the cur-
rent state of the art, and novelty in the approach itself. From here, the methodology
guides towards the answering of additional question, primarily pertaining to the identi-
fication of the elements of the solution that are central to the benefits of the solution [43].

Inspired by this methodology, and motivated by the research questions presented in
Section 1.2, the development of a generic framework for performance testing in smart
buildings has been primarily a constructive effort. Given the literature study from
Section 1.5.1 there was an identified gap in effective performance testing in buildings.
The tools and techniques present in the state of the art solutions are highly case-specific.
Often the costs for the development of models used as a baseline to evaluate the build-
ings against, are too high for widespread application of building intelligence of this
type.

To address the aforementioned gap in the state of the art, initially, the case study
methodology was applied, loosely inspired by the thorough explanation of the applica-
tion of the case study methodology in software engineering fields by Runeson et al [40].
The case study methodology focuses on real world settings, enabling a high degree of
realism, thus enabling the studying of phenomena in their original context. As such,
the case study methodology follows the following steps:

1. Defining objectives in the case study

2. Preparation for collecting data within the case study

3. Evidence collection

4. Analysing the collected data

5. Reporting the results

Initially, a case study building was chosen out of several available buildings. The
OU44 building is a smart building operating as a living lab at the Odense campus at
the University of Southern Denmark. It offers a plethora of sensing instrumentation
and a variety of meters, delivering real-time data points to a database where all data
are collected.

The collection of the available data was done through the application of software
previously developed by colleagues working with the same case study buildings. As
not all sensing instrumentation had homogeneous interfaces (some was collected from
the Building Management System (BMS), other instruments addressed individually),
different software has been written to harvest the data from different sensors and
meters. All data points have been stored within a Simple Measurement and Actuation
Profile (sMAP) archiver, offering easy access through queries for specific data points
[44]. The sMAP archiver is a storage system where all time series data from building
operation are stored. Complete details regarding the available instrumentation, as well
as its harvesting from the available sensing instrumentation are given in Chapter 4.

With the collected available data, the framework was initially tied to specific identi-
fiers within the database, to gain automated access to the data. A variety of performance
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tests were executed, collecting information whether the OU44 building was complying
to the thresholds or not. The process of collecting evidence, analysing the data, and
reporting the results, took several iterations which both discovered faults in the OU44
building, but also improved the software of the framework in general.

Finally, to achieve a fully automated version of LEAF, a metadata model of the
OU44 building was developed, featuring the Brick metadata schema as presented by
Balaji et al. in [25]. Using this metadata model, the framework was re-developed in
a generic fashion so that it no longer represented case-specific building intelligence
software, and could instead be applied to other buildings with a Brick metadata
model as a requirement. Furthermore, to facilitate additional easier reusability of the
software, the processes behind performance evaluation were decoupled and structured
as microservices as opposed to the initial monolithic structure.
Full details regarding the implementation of LEAF as an ensemble of microservices are
given in Chapter 3.

1.5.3 Survey to gain qualitative feedback from end users

Increasing the portability of performance testing solutions leads to the engagement
of a variety of end users. Personnel who typically deals with the maintenance and
monitoring of buildings are building managers (also known as facility managers).
However, as building managers may have varying degrees of education, experience,
etc., additional input was required from the end user to address the usability of LEAF
and applications built with LEAF.

Thus, the Survey research approach [41] was conducted, whereby a questionnaire
was developed. To ensure the survey was both reliable and valid, the questionnaire was
constructed to primarily contain closed-ended questions (pertaining to the buildings
managed, their type, size, available sensing instrumentation, etc.). Questions that were
partially open-ended were related to the managers’ preferences in operating software
evaluating building performance, visualisation techniques, and their competences
in manually configuring LEAF if needed. Seeing as open-ended questions tend to
be difficult to analyse statistically, while closed-ended questions significantly reduce
the responses the interviewee can provide, the questionnaire contained both types of
questions.

Complete details regarding the execution of the Survey are given in Chapter 7.

1.6 Structure of the thesis

The following provides an outline of the structure of the thesis, highlighting the most
relevant aspects of the chapters provided.

Chapter 2 is presented in two parts, one discussing preliminaries for the under-
standing of the thesis, and the other discussing the present state of the art of building
performance evaluation and techniques for modelling the expected performance in
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buildings, outlining the current solutions, their shortcomings, and present gaps.

Chapter 3 presents the Live Building Performance Evaluation Framework (LEAF),
developed to address the gaps presented in Chapter 2. The chapter presents the full
definitions of LEAF’s approach to performance testing in buildings, and details the
development of LEAF as a collection of microservices.

In Chapter 4 we present the application of LEAF on a case study building. The
Chapter presents the full sensing instrumentation in the building, means of data gath-
ering, development of the Brick metadata model, as well as the implementation of a
Dashboard application designed for the case study building. Finally, Chapter 4 docu-
ments the discovered faults in the building.

As a notable feature of LEAF is the usage of different techniques to examine the
available thresholds for the execution of performance tests, a separate chapter is dedi-
cated to the experimentation related to the available options when it comes to forecast-
ing of building operational performance. Details regarding this experimentation are
given in Chapter 5.

Seeing as presently, buildings are not prepared to facilitate easy application of
building intelligence, Chapter 6 defines a tool for automatic assessment of buildings’
intelligence according to the Smart Readiness Indicator (SRI) developed by the Euro-
pean Commission. This Chapter further calculates LEAF’s SRI requirements in order
to be applied to a building.

Chapter 7 presents the results from a survey carried out across seven building man-
agers. The Chapter presents the questionnaire used within the survey, and outlines the
most notable pieces of feedback pertaining to improved development of performance
evaluation visual applications with focus on the end user.

Chapter 8 presents an evaluation of the contributions within the thesis. First, a com-
parative evaluation is presented, using evaluation criteria emerging from the research
questions stated in Section 1.2. The state of the art solutions in real-time performance
evaluation, and the framework developed in this thesis are all evaluated according to
the same criteria to highlight their differences, advantages, and shortcomings. Second,
we evaluate the benefits of LEAF’s real-time capabilities in comparison to other strate-
gies, using a simulated fault in the OU44 building.

Chapter 9 discusses the future work stemming from the research in this thesis,
covering the vision for the field of EI pertaining to performance evaluation of buildings
and the entire ecosystem in general. Finally, the chapter concludes the thesis.

1.7 Summary

In this Chapter we presented an introduction to the thesis, outlining the contribution
of the building sector in the global energy demand and highlighting the necessity for
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highly portable building intelligence solutions which focus on improving building
operational behaviour. The research questions of the thesis as well as its contributions
were presented. Afterwards, the methodologies used within the thesis were described.
Finally, the structure of the thesis was presented.
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Chapter 2

Preliminaries and State of the art of
performance evaluation in
buildings

In this Chapter we discuss all matters pertaining to the problems with performance
evaluation in buildings. The Chapter is divided into three parts.

First, the context of the problem of performance evaluation in buildings is pre-
sented, detailing preliminaries for the further understanding of the contents of this
thesis. As relevant topics to performance evaluation in buildings, the preliminaries
include descriptions of the life cycle of buildings, a discussion on the term "smart
building", Building Information Model (BIM) and metadata storage in buildings and
what they represent, the existing concept of performance evaluation in buildings, as
well as the modelling techniques for forecasting expected electricity consumptions and
indoor climate parameters.

Next, an overview of the state of the art in the fields related to building performance
evaluation is presented, focusing on existing solutions addressing the problems of this
field. We discuss existing approaches for describing metadata of buildings. Further, as
traditionally buildings’ performance is evaluated as a comparison between operational
performance and a baseline, we present state of the art modelling techniques for ex-
pected building performance. Considering the thesis’ research goals, we present the
existing state of software architecture of intelligent software for buildings.

Lastly, the Chapter gives a brief introduction of the case study building upon which
LEAF has been developed upon.

2.1 Preliminaries

2.1.1 Building life cycle stages and their impact on the performance gap

Buildings are naturally dwellings where people spend the majority of their time.
Whether they are residential or commercial buildings, buildings exist to primarily
serve their occupants and are thus an inevitable aspect of mankind. The construction
of buildings, however, over the course of history, has developed to be more efficient
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and more robust, yielding predominantly buildings which have longer life cycles in
comparison to prior dwellings throughout the human evolution.

Buildings tend to be fairly complex to develop, considering that different experts
need to be present to execute the entire process from the conception of the idea, to the
moment the building has been completed as a physical structure, and is ready for its
occupants. To organise this complex process, the development of buildings has been
categorised into several sub-processes, also known as "stages", within a building’s life
cycle.

These stages of a building’s life cycle have not yet been widely standardised, seeing
as different variations are used by different professionals in the field of development of
buildings. However, the CEN TC 350 (Sustainability of construction works - Integrated
Assessment of building performance), developed by the European Committee for
Standardisation, has defined a variety of standards with the intention to facilitate
regulated performance assessment of buildings. According to the pr-EN 15643 standard
developed by CEN TC 350, the building’s life cycle has been categorised in four stages,
as shown in Figure 2.1.

Buildings' life cycle
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FIGURE 2.1: Conceptual overview of buildings’ life cycle

Another example of a more detailed separation between the stages in the building’s
life cycle, taking account the processes behind clients’ decisions, is defined by Preiser,
W. and Vischer, J. in [45]. According to Preiser, W. and Vischer, J. these six stages include:
the Strategic stage, the Programming/Briefing stage, the Design stage, the Construction
and Commissioning stage, the Occupancy stage, and the adaptive Reuse/Recycling
stage.

The Strategic Stage typically entails the beginning of the decision making regarding
the type or purpose of the building which the owner has in mind. The location of the
building is considered, as well as standards that should be followed. In the Program-
ming/Briefing stage, the organisational details of the Design stage are analysed and
decided upon. The Design stage is a highly critical stage, involving both architects and
engineers. Various construction details are decided at this stage, such as the aesthetic
design of the building, measurements, size, materials used, etc. In the Construction
and Commissioning Stage, initially a variety of measurements are executed to evaluate
whether there might be any natural obstacles to the construction process. Different
experts and construction personnel are involved to carry out the entire process of
producing the building. Once the building has been completed, a process of commis-
sioning follows, where a set of tests are run on the building to ensure its functionality
prior to the final handover to the building owner. The Occupancy stage includes the
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time span where the building is used for its originally decided purpose, inhabited by
its occupants. Finally, the Reuse/Recycling stage involves the re-examination of the
requirements of the building, assessing the market needs and potential re-purposing of
the already built premises.

The documented performance gap in buildings in Chapter 1 affects both the build-
ing’s energy demand, but also its indoor climate. As there are several stages throughout
the building’s life cycle, there is a number of possibilities that may cause the gap be-
tween the design’s intention, and the final operational performance of the building.

The authors in [9, 46, 47, 48, 49] throughout the studies of the performance gap
between expected and observed energy performance of case study buildings, highlight
the possible causes for the performance gap. Jradi et al. in [37] briefly review popular
literature and group the possible causes for the performance gap according to the
stages of a building’s life cycle. As such, during the Design stage possible causes are
limitations in building energy modelling, simplified inputs regarding the quality of
the built and the performance of the fabrics used, uncertainties regarding weather
conditions, occupancy patterns, heat gains, plug loads, etc. During the Construction
stage, causes for energy performance gaps could be a mismatch between the quality
at the building handover and the quality at the design stage, changing requests from
clients, poor commissioning process, improper assembly of the building envelope,
economically-driven decisions affecting materials and installations, etc. Finally, during
the operation stage as the longest stage of the life cycle of buildings, poor practice in
the buildings, usage of the building as it’s not been intended, lack of monitoring, faults,
etc.

Adalbeth and Petersen in [50] state that the Occupancy (or Use stage) stage of the
building life cycle is responsible for the highest environmental impact, with approxi-
mately 70-90% of the environmental impact occurring during this stage. They further
state that the Construction stage of buildings’ life cycle attributes to approximately 10-
20% of the environmental impact of the building. Still, the early stages of buildings’ life
cycles have very high impact onto the later behaviour of the building, as documented
by Ellis et al. in [51] and Kotaji et al. in [13]. Because of this, the literature advises
choosing constructions and installations which are environmentally friendlier during
the Occupancy stage instead of focusing on optimal, environment friendly Design,
and Construction and Commissioning stage. To facilitate more informed decisions in
the Design Stage, there exist methods for assessing the impact of early design choices
throughout a building’s life cycle [52].

2.1.2 What is a smart building?

As the goal of this thesis is to facilitate a tool to evaluate smart buildings for their per-
formance, it becomes critical to understand what smart buildings are. Smart buildings
have become a much discussed and used term in the past several decades. However,
to this day they do not have clear and formal definitions. The term "smart building"
and "intelligent buildings" are typically defined loosely, more commonly used as buzz
words rather than scientific terms with any complete meaning behind them. This
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ambiguity does not provide benefits to designers, clients, as well as researchers [53].
Thus, there have been many attempts to define the term "smart buildings" or "intel-
ligent buildings", often used interchangeably. The following presents some of those
definitions.

Clements-Croome in [54] provides the following definition, delivered in the early
1990s:

"An intelligent building is a dynamic and responsive architecture that
provides every occupant with productive, cost-effective, and environmen-
tally approved conditions through a continuous interaction among its basic
elements: places(fabric; structure; facilities); process (automation; control;
systems); people (services; users) and management (maintenance; perfor-
mance) and the interrelation between them."

Ghaffarianhoseini et al. in [55] elaborate on the evolution of what the term "in-
telligent building" actually means. According to the authors, "intelligent buildings"
in the 1980s have the key features of maximising return of investment, with focus
on interoperability and automation of controlled systems. In the 1990s through 2010,
the required features seem more detailed, demanding focal points on the building’s
occupants, maximising buildings’ behaviour in favour of occupant productivity while
maintaining efficient operation. Past the year 2010, the authors document the increased
necessity for the inclusion of ICT within buildings’ operation, such as Building Manage-
ment System (BMS) systems, adaptability of the building to the occupants’ behaviour
and focusing on energy savings strategies.

Further, Batov in [56] states that the features distinguishing smart buildings from
normal buildings are hardware (in terms of sensors, meters, and actuators), software
(aiding the building in its ability to learn from the available data from the hardware),
and network (a tool by which all hardware and software components can be connected
to one another). Batov proposes a mathematical description of an "intelligent build-
ing", intended to be used as a measurement for the building’s intelligence. Similarly,
Volkov in [57] independently formulates another metric to evaluate the "smartness" of a
building. According to Volkov, a building can be considered smart if it controls its own
operational processes and reacts to the chances within these operational processes in
an adaptive manner. While these mathematical formulations are elegant, their practical
applicability seems limited.

However, despite the definitions provided by other scientists, no standardised
definition exists. Adaptation to occupants’ behaviour does not necessarily imply a
high degree of instrumentation, building monitoring, and application of intelligent
software in the building. Questions that arise are, for example, does installing a motion
sensor connected to the outdoor lights in a residential home make it a smart home? If
so, to which degree? Further, there are buildings with BMS systems which are well
monitored by the facility managers in the building, yet upon the question whether they
consider their building to be smart, they reply negatively.

Given such discrepancies in the terminology for smart buildings, it seems more
intuitive that a building has various degrees of "smartness". Seeing as the behaviours
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of buildings tend to be too complex to be described with a single, elegant mathematical
formula, there exist other types of metrics assessing buildings for their "smartness", or
their preparedness to behave in a manner congruent with our vision of smart buildings.

A very prominent methodology used for this evaluation is given by the European
Commission, entitled Smart Readiness Indicator (SRI), comprising of several steps and
assessment of a multitude of building services to ultimately derive a single number
from 1-100 [58]. LEAF is intended for application to smart buildings, however using
SRI, we can calculate the precise level of "smartness" a building needs to have in order
to apply LEAF. This calculation is detailed in Chapter 6.

2.1.3 Evaluating the performance of a building

Sub-optimal performance and energy gaps in buildings are difficult to address with-
out the confirmed knowledge of their existence. That is, a process must exist which
evaluates whether a building is performing as intended. Preiser W. and Hardy A. in
[59] refer to the phrase "Building performance evaluation" in reference to the entire
building life cycle as described previously. The same authors mention a separate type
of evaluation entitled "Post-Occupancy Evaluation", focusing on the evaluation of the
building’s performance after the Operation Stage of the building’s life cycle. This eval-
uation focuses on the energy demand from various components, as well as occupants’
productivity and comfort in the building. However, the nomenclature within the field is
inconsistent. Often authors use the term "Building Performance Evaluation" to refer to
performance evaluation as a comparison between observed and expected performance.
Further, some researchers use the same term, to evaluate the structural properties of
the building. As an example, Naeim in [60] uses the term to refer to the evaluation of
the health of the building’s structure in light of earthquakes, vibrations of the ground,
assessing the building for damage in real-time.

Within the building industry, there exist two dominant types of building perfor-
mance evaluation, both focusing on a variety of aspects of the building’s behaviour.
These are the initial Commissioning process, and whatever partial, full, or different
iterations of this process that may follow throughout the usage of the building. The
following addresses both of these building evaluation processes.

Building commissioning

Building commissioning is a process that occurs after the building construction and
just before the beginning of the Occupancy stage. The commissioning process clarifies
the requirements from the performance of a building, defined by the owner. Further,
the building undergoes an audit, whereby functional and performance tests verify
its intended construction. An important part of the commissioning process is also
the creation of necessary documentation describing the construction and commis-
sioning processes. Commissioning ensures that the building’s systems are designed,
installed and functionally tested, and are capable of being operated and maintained
to meet the project requirements both from an environmental and usage aspects. [22, 61]
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Continuous performance evaluation in buildings

The initial Commissioning process occurs once - during the handover of the building.
As the Occupancy stage of the building commences, however, the building’s perfor-
mance may prove different from the expectations. Continuous commissioning is an
ongoing process focusing on the resolution of operational problems, improvement of
comfort, and optimisation of energy use [62, 63]. Continuous commissioning has been
shown to improve the general performance of the building as it increases the likelihood
that gaps between intended and operational performance will be discovered and thus
addressed. Continuous commissioning involves buildings’ facility management staff,
as well as the occupants, in a continuous loop of evaluation of the experiences in the
evaluated building.

The use of ICT in buildings, however, enables the automated evaluations of per-
formance of buildings. Tests which are carried out during the initial Commissioning
process are able to be executed on a daily, hourly, minutely basis. Thus, the perfor-
mance of a building can be evaluated frequently, and from many different aspects. In
this thesis, we focus on the evaluation of buildings based on the available collected
data from various sensing instruments, unlike continuous commissioning which has
human-in-the-loop. This could be instruments measuring temperature, humidity, elec-
tricity meters, airflow meters, etc. Monitoring the behaviour of the building using this
data is key to ensuring the building performs as the design has intended. If there are
deviations from the intended performance, they are able to be detected in a timely
manner. Naturally, as buildings have different purposes, often the requirements for
their functions and stability of their operation may vary, thus affecting the preferred
frequency of performance evaluation. Enabling tools for performance evaluation ap-
plicable to vast variety of buildings is key in achieving global applicability of such tools.

2.1.4 Understanding the expected behaviour of a building

Evaluating whether a building’s operation is appropriate requires the understanding of
what "appropriate performance" is. Intuitively, appropriate performance of a building
is performance that we expect given optimal set of circumstances. Forecasting the
expected performance of a building, however, is generally a complex problem. It is
difficult to precisely define the operational performance of a building, as no amount of
foresight during the Design Stage can formally envision the operational performance
in all aspects of energy, occupant comfort, and indoor climate. Still, though a com-
plex problem, there exist techniques to simulate and forecast buildings’ operational
performance. Deb et al. in [64] outline predominantly two types of models:

• Physical or Deterministic models – Also known as "white box models". These
types of models take into account the physical properties of the building such
as materials, orientation, construction setup, details in installed components,
occupancy schedules etc. Based on this information, a set of physics-based
equations are applied to make the most informed guess about the behaviour of
the building. These models are referred to as static or dynamic, depending on
whether they are able to adapt their behaviour according to previous states of the
model.
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• Data driven models – Models that are trained based on the historical behaviour of
the building, usually defined in a time series format. These models are also known
as "grey box" or "black box models". Grey box models employ a mathematical
model, which is able to learn the patterns of the time series input in order to
forecast the future behaviour of the building. Black box modelling approaches
include statistical regression models, or a variety of machine learning techniques.

The general trend of the building development process in the world does not de-
mand the delivery of an energy model along with a newly constructed building as a
part of the handover procedure. Instead, there exist building regulations in different
forms that ensure the building is delivered in an appropriate quality (correct construc-
tion and installations, satisfactory performance, etc.). In Denmark, for example, these
regulations are also accompanied by a static physical model outlining the expected
energy output of the building, according to the building class it has been categorised as.
Since it is rare that buildings are handed over with any model capable of forecasting
the building’s operation, it is necessary to discover the types of models that can be
developed, while weighing in additional parameters such as costs for their creation,
accuracy of forecast, necessity for historical data, etc.

2.2 State of the art of performance evaluation in buildings

This section reviews the state of the art of performance evaluation in buildings. The
section features four separate aspects of the state of the art, focusing on current solutions
for performance testing in buildings, state of the art in modelling techniques for the
expected energy consumptions and indoor climate, a review on the current software
architecture approaches for building building intelligence software solutions, as well
as a review of the state of the art approaches for storing buildings’ metadata in digital
formats.

2.2.1 Building performance evaluation solutions

As elaborated in Section 2.1.3, the phrase "performance evaluation in buildings" is
used differently by different researchers, and it does not have a singular meaning.
Existing research using this terminology focuses on various aspects of the building.
Some authors develop methods for evaluating specific components, others focus on
occupant behaviour and occupant comfort, and others focus on the electricity consump-
tion on a whole building level and also individually, on a component level. Typical
performance evaluation is done by comparing a building’s operational performance
with its expected performance. However, acquiring building’s operational data is often
a matter of manual connection between building intelligence application and sensing
instrumentation.

Data collection is a prominent problem in performance evaluation in buildings
as the sensing instrumentation and actuators tend to have heterogeneous interfaces.
To address this, Ahmed et al. utilise multi-dimensional data analysis for building
monitoring data[65]. This is done through the use of data warehouses which store
various performance data in order to later on analyse it more efficiently. The data
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warehouse is able to store the building performance data as well as perform some
analytics even before they are required for viewing by actual users. However, a short-
coming of this approach and implementation is the lack of flexibility in the choice
of building performance data. Another shortcoming of this approach is the lack of
accurate forecasting techniques to calculate the expected operational behaviour of the
building. Furthermore, the authors in [66] present the Building Energy Management
Open Source Software (BEMOSS) as an open-source, open-architecture platform for
building energy management. BEEMOS’ primary focus is improvement of sensing
and control of equipment in small- and medium-sized commercial buildings that lack
building automation systems. BEEMOS has been developed by the US Department of
Energy. The purpose of the BEMOSS platform is to enable integration of many different
Internet of Things (IoT) devices, thereby enabling intelligent building operation by sim-
plifying the deployment of intelligent software for buildings. BEMOSS’s development
as a multi-agent system enables automatic detection of new devices in the building.
Communication between BEMOSS and the devices allows the device’s registration into
the BEMOSS system, and the collection of the data it measures afterwards.

Most commercial buildings have a BMS, used to monitor and control the building.
These systems contain various tools as a part of their functionality, often in the form
of dashboards for easy visualisation and basic checks of the building’s performance.
More advanced BMSs also include tools for Fault Detection and Diagnostics (FDD)
which are used to diagnose parts of the building where performance seems problematic.
BMSs almost exclusively rely on trained professionals to be developed, and they are
developed on a per-building basis [67]. Mohamed et al. further suggest BMSs within
cloud environments [68]. Hosting BMSs in a cloud simplifies the calibration of the
various functions of a BMS, thus usage of the BMS becomes far less human-dependent.

Table 2.1 presents examples of state of the art solutions focusing on performance
evaluation in buildings. The table highlights the author, and presents a summary of
the presented work.

TABLE 2.1: Summary of state of the art solutions for performance evalu-
ation in buildings

Author(s) Summary

Gerrish et
al. [69]

The authors evaluate a case study building for its performance, by
comparing metered building performance with modelled

performance. The authors focus on extracting data from BIM, using
a simplified representation of the buildings’ spaces and systems, to
develop a BIM environment where the building’s performance data

could be utilised for later analyses. The authors further discuss
challenges in building energy performance management through a

series of semi-structured interviews.
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Ock et al.
[70]

The authors develop a conceptual framework for energy
management systems in smart buildings. The framework utilises
building energy control patterns, generated from combinations of
weather data changes. Its results may be used as suggestions for

improved operation in response to weather changes.

Mae et al.
[71]

The authors use a dynamic EnergyPlus model to simulate the
building’s operational performance. This time series output is then
used to create input variables for a support vector regression (SVR)

model. The performance of the SVR is optimised using a genetic
algorithm. This approach has been tested using an office building.

Despite the complexity of the approach, it does not provide an
accurate estimation of the performance of the building on a daily

level. Instead, it primarily focuses towards a fast, annual electricity
consumption estimations to evaluate the building’s compliance with

a yearly temporal granularity.

Robinson
et al. [47]

The authors address the energy performance gap between the
building’s design and operation in non-domestic buildings. A case

study is presented using a real building, focusing on occupant
feedback. The approach is non-automated, combining user occupant
feedback with energy use data, to discover the relationships between

causes contributing to the performance gap.

Wetter et al.
[72]; Pang
et al. [73,

74] O’Neill
et al. [75]

A collection of tools based on the Building Control Virtual Test Bed
(BCTVB). The software is a platform able to link an EnergyPlus

model, a database with operational building data, and an Energy
Management Control System (EMCS). The tool has been applied to
several case study buildings. The studies predominantly focus on
the HVAC system of the buildings, repeating the evaluations on 15

minute intervals.

Moon et al.
[76]

The authors present a software tool developed as an extension to the
aforementioned BCTVB software tool as presented by Wetter et al. in

[72]. The approach utilises the gbXML [77] schema for describing
buildings’ metadata to facilitate easy data transfers and management

of building information. The authors evaluate a real case study
building, collecting a variety of energy data, as well as data related

to indoor climate.

Costa et al.
[78]

The authors present a toolkit based on a BIM for energy performance
evaluation as well as indoor climate analysis, specifically intended

for energy managers, to aid them in different stages of their
management activities. The toolkit uses a methodology intended to
increase its applicability across the world’s buildings landscape. The

toolkit has been evaluated on a real case study building.
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Li et al.
[79]

The authors evaluate the lighting performance in an office building
using daylight controls. They use opposite-facing zones in the

building to collect data for different setups of lighting controls. The
evaluation is carried out using observed data from both settings of
the experiment, without the use of modelling techniques to forecast

the expected performance of the building.

Sun et al.
in [80]

The authors focus primarily on the HVAC system as well as various
storage facilities within a building. They derive a near-optimal

strategy for controlling the HVAC and its surrounding components,
by applying Lagrangian relaxation. While the methodology yields

promising results, it focuses largely on the HVAC system and fails to
deliver a performance report for the whole building performance.

Xu et al.
[81]

The authors focus on evaluating additional aspects of a building’s
energy system such as energy storage devices (batteries, water tanks,

ice/heat storage units, etc). The process of this analysis is not
automated, and it there is no simple way for its application to

multiple buildings.

Bonvini et
al. [82]

The authors present a tool chain for model-based real-time FDD.
Detection of faults is done through examining deviations in the

building’s operation from simulated estimations of the building’s
operation. The tool relies on white box models developed during the

design stage of the building.

The presented solutions highlight the lack of portability and flexibility for their
application to other buildings. Many of them focus on single systems in the building.
Furthermore, the majority of the solutions do not allow easy integration with other
systems. We have observed that among the existing solutions, some of them offer
conceptual frameworks, while others present implementations on case study buildings.
The prominent difficulty among all of them is their development on a case-specific
basis. This is also the case for BMS systems. While many of these solutions offer very
promising results, the authors seldom reflect on their application to buildings globally.

2.2.2 Modelling the expected performance of buildings

As previously described in subection 2.1.4, insight into the expected performance of a
building helps determine whether the building’s operational performance is acceptable
or not. The expected performance of a building leads to the calculation of a thresh-
old. A threshold is the maximal distance from the expected performance before the
observed operation is considered indicative of a fault [83]. Comparing the operational
performance with a threshold can point out discrepancies between the two and thus
lead to the detection of faults in the building’s behaviour. Literature regarding the
modelling of building’s energy consumption and indoor climate primarily focuses on
three categories: (1) long term load forecasting for system planning; (2) medium term
forecasting for system maintenance; and (3) short term forecasting for daily operation
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and scheduling. [84]. Among modelling solutions for short term forecasting, literature
distinguishes between three additional categories: (1) physics-based models (white
box), (2) purely empirical models (black box), and (3) models that use the physical
properties of the building, but still require empirical data (grey box). Gray box and
black box models are additionally called "Data driven" models, as they require data to
train.

In this section, we present the state of the art modelling techniques for buildings’
energy consumption, as well as indoor occupant comfort. First, we present white
box modelling engines, then we address data driven modelling techniques. Both of
these techniques may be used for dynamic calculation of thresholds for performance
evaluation. Following, we address energy performance compliance verification tools,
typically developed by governments; and standards for defining parameters for optimal
indoor climate in the world, as static tools for threshold calculation.

White box modelling

Physical (or white box) models attempt to utilise as much of the known information
about the building’s construction and usage of the building in an attempt to produce a
detailed analysis of the building’s operation. Using detailed physics-based equations,
white box engines are able to model the behaviour of individual components and
subsystems, for their energy consumption and indoor climate. As such models are
complex to develop and require extremely intimate knowledge of the building, various
computer-aided tools facilitate their easier development.

Li et al. in [85] categorise white box models into normative models, idealised
model based methods, modified bin methods, and detailed energy simulation meth-
ods. The purpose of normative models is to identify the energy consumption baseline
through calculating a simplified energy flow model, taking into account the building’s
specifics. The idealised model based method relies on standard procedures to calculate
energy consumption benchmarks. The modified bin method is typically used in HVAC
systems, and it provides a simplified energy analysis calculation using several input
parameters such as peak cooling/peak heating temperature etc. [86]. Detailed energy
simulation models calculate energy consumption from all buildings’ subsystems, and
also simulate indoor climate. The most prominent modelling engines among these are
EnergyPlus [87], ESP-r [88], TRNSYS [89], Modelica based environments [90]. As this
category of white box models provide simulated values for most measurable aspects of
buildings, they are of highest relevance for whole-building performance evaluation.

Fumo et al. in [91] propose a simple methodology, which utilises an EnergyPlus
model, to generate hourly simulations of the energy consumption from various sub-
systems. The error achieved with this methodology is within a 10% range. Neto
et al. compare the results from an EnergyPlus model and an Artificial Neural Net-
work (ANN) to predict the energy consumption of an HVAC system [92]. Their findings
are that the EnergyPlus model has a ± 13% error in about 80% of the tested database,
whereas the ANN has about 10% error for a smaller portion of the tested database.
EnergyPlus models have also been used to quantify the effects of faulty HVAC systems
[93, 94]. Other than the fault discovery benefits, the inclusion of operational faults in
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building energy models improves the accuracy of model used for retrofitting projects
on the same building. White box models have also been used for retrofit analysis and
predictive energy simulations [95, 96]

White box models are typically used in the Design stage of the building. One of
their greatest benefits is that the complex dynamic equations are able to capture a
building’s physical aspects well, but they are typically time consuming and incredibly
costly to develop. They require calibrations using operational data, which involves
numerous labour-intensive iterations. Costs of development of white box models have
been studied by Henze in [97], who finds that approximately 70% of the technical side
of project costs attribute to the development of white box models and their calibration.

Data driven modelling

Data representing the building operation has a time series format. Data driven mod-
elling requires historical operational data from which the models can learn the be-
haviour of the data. Once the model is able to understand the patterns of the historical
performance, it is able to generate a forecast that would predict the expected future per-
formance of the building. Pure data driven approaches are also known as "black box"
models. The inclusion of physics-based equations to aid the model in understanding
the patterns of the data classifies it as "grey box" model. [84]. Data driven time series
analysis can additionally be categorised into univariate and multivariate. Univariate
time series analyses refer to analyses done on a single time series, while multivariate
time series analyses refer to analyses on multiple time series simultaneously. Most
of the forecasting techniques described in this section focus on univariate time series
analysis.

When it comes to data driven models, different techniques can be used, and often
traditional techniques can be combined together to create hybrid models. Deb et al. in
[64] provide a comprehensive review of different time series forecasting techniques.
The review covers approximately 170 papers, focusing on different techniques among
which: Artificial Neural Network (ANN), Autoregressive Integrated Moving Aver-
age (ARIMA), Support Vector Machines (SVM), Case-Based Reasoning, Fuzzy time
series, Grey box models, Moving Average and Exponential smoothing, Nearest Neigh-
bours prediction methods, as well as hybrid approaches as joint solutions between two
or more techniques. Amasyasli et al. in [98] provide an additional review focusing
not only on accuracy of forecast, but also the temporal granularity available for the
forecasts examined. There is an multitude of research in the area of data driven models.
Here, we present only subset of the results achieved in the state of the art literature.

Abdel-Aal et al. in [99] give a detailed presentation of the set up for energy forecast-
ing of monthly electricity consumption for buildings in Saudi Arabia. The results show
an average percentage error of 3.8% using univariate analysis with ARIMA models.
Other publications using ARIMA for building performance forecasts can be found
in [99, 100, 101]. Hamzacebi et al. in [102] use an ANN for electricity consumption
forecasts in transportation, agriculture, residential, and industry sector. The average
percentage error for the electricity consumption in the residential sector is reported
to be 3.26%. SVM have been used to forecast regional annual electric loads, yielding
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results of below 2.45% average percentage error [103]. The studies in [104, 105, 106]
present examples of grey box modelling techniques used for electricity load predictions,
with average percentage error in the interval of 1.097% - 8%.

Though intuitively grey box models should have improved accuracy over black
box models, there are examples where this isn’t the case. Arendt et al. in [107] present
results demonstrating black box models tend to achieve results with higher accuracy.
The general consensus among review papers in this field is that hybrid methods seem to
outperform all other approaches in terms of accuracy. For example, Dong et al. in [108]
develop a hybrid model combining a data driven model and a thermal network model
to predict total energy consumptions of residential buildings. The authors compare the
results from the hybrid approach with ANN, SVM, Gaussian mixture model, Gaussian
process regression, etc., and find the hybrid approach more accurate. Other hybrid
approaches may be found in [109, 110], with average percentage errors of 2.1% and
2.58% respectively.

Data driven models have their own disadvantages as they require historical data to
be trained, are susceptible to following patterns of data representing faulty building
performance, and they do not usually offer insight into the reasoning behind the
forecasts they derive. Furthermore, it has been observed that ARIMA and multiple
linear regression techniques may be preferable to ANN or other hybrid approaches
for the simplicity of their structure, while maintaining a sufficient accuracy [111]. It is
important to note that though higher accuracy is preferable, different problems may be
resilient to lower accuracies of forecast. Thus, simplicity of development of data driven
models is also a variable to be taken into account.

Energy Performance Compliance Tools

As governments across the globe attempt to address the Sustainability Development
Goals by the United Nations [15], the requirements for buildings’ energy performance
become more stringent. In some cases, governments develop software tools which
verify a building’s compliance with the government’s building regulations.

As an example, the Danish government has introduced stricter governmental regu-
lations for buildings. The Danish building energy regulation BR10 was introduced in
January 2011, comprising a 25% improvement on the overall energy performance of
buildings compared to previous energy classes. Two additional future energy classes
were added, the low energy class 2015 and the 2020 building energy class, setting strict
requirements on the building annual overall energy demand for ventilation, heating,
hot water and lighting. To assess if a building is complying with the BR10 regulations
and energy classes, the Danish Building Research Institute (SBi) [112] has developed
an energy performance modelling and simulation tool, Be10(18), which is the official
energy tool for Danish buildings certification based on BR10 regulations. Throughout
this thesis, we will refer to this tool as BR (Building Regulations).

Very similar to the BR models is the British Simplified Building Energy Model
(SBEM). This tool generates a monthly average calculations of the whole building
energy consumption, as well as its subsystems. The tool relies on some default values
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such as efficiencies of components in the HVAC system. The purpose of SBEM is to
ensure compliance with Building Regulations in the UK [113].

Standards defining parameters for optimal indoor climate

The aforementioned BR and SBEM are intended as tools for verifying buildings’ compli-
ance regarding energy consumption. Additional standards have been defined to define
baselines for compliance regarding the indoor climate appropriate for occupant comfort,
which may be used as thresholds for performance evaluation. There exist numerous
international standards for indoor climate, developed by the International Organiza-
ton for Standardization (ISO), the European Committee for Standardization (CEN),
and the American Society of Heating, Refrigerating, and Air Conditioning Engineers
(ASHRAE). All these agencies have worked with experts from Europe, North America,
and Japan to ensure international coverage and understanding of the requirements
in different continents and climates. The standards include specific criteria regarding
the thermal comfort (temperature, humidity, air velocity, personal parameters for the
occupants), and the indoor air quality and ventilation (type of pollutants, greenhouse
gas emission rates, and acceptable concentrations of the pollutant). Typically, all these
standards recommend acceptable indoor environments specified in classes with differ-
ent ranges. Buildings with varying requirements may strive to achieve a certain class of
a standard the building implements. Notable standards for thermal environment and
indoor air quality are ISO EN 7730-2005 [114]; CR 1752-2001 [115]; ASHRAE Standard
55-1992rev [116], and their later revisions.

Olesen in [117] presents an overview of these standards, comparing and contrasting
them between each other. The author finds the standards to be fairly well established
and relatively consistent with each other. The author additionally states that there may
be a discrepancy between fulfilling the criteria of the standard and the satisfaction of
the occupants, as it is difficult to satisfy all occupants in a single space. Given the re-
quirements of the EU, Buildings in Denmark typically must abide by the DS/CEN/CR
1752:2001 standard [115] for ventilation and thermal environment. Regarding indoor
workspace lighting, the DS/EN 12464-1 standard is defined, specifying accepted lumi-
nosity in a variety of buildings.

2.2.3 Software architecture for building intelligence software

State of the art efforts presented in subsection 2.2.1 provide specialised performance
monitoring solutions that address performance gaps and occupant comfort, but do not
reflect on the portability of their methodologies and software. Each of the solutions uses
a base line of expected building energy consumption or indoor climate to evaluate the
estimations for operational performance. These base line values are often developed
using white box models which are developed to take into account the specifics of one
building, yielding low portability across buildings. Furthermore, within research con-
texts, state-of-the-art performance evaluation solutions for buildings tend to be solely
monolithic in nature. This means that the software’s processes are tightly coupled
together, thus reuse of the code requires intervention from software developers [118].
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For example, it is not trivial that a researcher is able to take performance evaluation
software for one building, and easily integrate it with another building intelligence
application.

However, software developed as a monolithic application is not always the case
in IoT, or even smart buildings. A prominent conceptual architecture for improving
energy management in buildings has been developed in the aforementioned tool titled
BEMOSS [119]. BEMOSS is developed as a multi agent system, decoupling different
functionalities in separate agents which communicate through an information exchange
bus. Even though the primary purpose of BEMOSS is not to achieve performance eval-
uation of buildings, the idea behind the separation of functionality is also prominent in
other areas of IoT. The Organic Smart Home (OSH) solution is an example of a modular
energy management system with focus on composing its functionality as services to
address heterogeneity across devices the building, appliances, and interfaces with the
grid [120].

Building Operating System (BOS) is a conceptual term defining a core software
platform, focusing on the industrialisation of the digitalisation process in buildings.
BOSs typically have several notable components including hardware abstraction layers,
time series services for storage of operational data, authentication and authorisation
service, etc. The BOS is an attempt at providing a platform for improved interoper-
ability and portability in buildings, while addressing the current problem of granting
secure access fo applications in a complex systems in buildings. Dawson-Haggerty
et al. in [121] develop a set services supporting portable applications on top of dis-
tributed physical resources present in smart buildings. Similar implementations of
BOS are given in [122, 123]. In these implementations, intelligent applications for
buildings are developed as services utilising the hardware abstraction layers of the
BOS, which in turn enables homogeneous interfaces and thus increases their portability.

In parallel with the BOS development as an idea, Krylovskiy et al. design a smart
city platform with a microservice architecture, discussing the benefits it yields to stake-
holders in terms of increased independence in development of applications, and a lack
of complex middleware technologies [124]. Butzin et al. confirm this claim and extend
it to general IoT in [125]. Another example of a microservice architecture pattern being
implemented in an open IoT framework is given by Sun et al. in [126], where the
authors recognise specific applications developed as collections of microservices, and
further develop a framework where all such applications can coexist.

Section 3.4.1 elaborates on the benefits of developing building intelligence solutions
as microservices in greater detail, motivating the development of LEAF as a collection
of microservices.

2.2.4 Building Information Modelling and buildings’ metadata

The aforementioned definitions of a smart building given in Section 2.1.2 all call for
advanced technological improvements supporting the building’s life cycle. The usage
of ICT plays a dominant role in facilitating the process of developing buildings which
perform optimally. As a variety of building intelligence applications emerge, the idea to
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increase their portability so they may be applicable to many buildings arises. However,
presently this idea is far from its realisation as deployment of building intelligence
software is costly and requires professional expertise. This lack of portability and
interoperability in building intelligence software is primarily rooted in the lack of
a standardised means for describing buildings’ information and data in a common
format. Various attempts have been made to remedy this problem. Some of the most
notable ones are given in individual paragraphs below.

The complexity of buildings as cyber-physical systems brings with it a variety of
aspects to be considered. Thus, a plethora of information is necessary to be stored,
monitored, and extracted in different stages of the building’s life cycle. This information
can range from 3D models of the building for its aesthetic properties, the storage of in-
formation related to types of materials used, installed components and their functional
characteristics, etc. [127]. Building information modelling is a process which involves
the development and management of models representing a building’s characteristics.
The outcome of this process is a Building Information Model (BIM), defined as files
covering the geometry of a building, spatial relationships, geographic information, etc.
[128, 129]. Given the complexity and abundance of data to be stored, BIMs often suffer
from excessive size and complexity, often hindering their usefulness and integration
to other software. Seeing as the main purpose of BIMs is to facilitate interoperability
through enabling seamless data exchange among software applications or industrial
processes [130], their usage poses many challenges.

Data describing the properties of a building, also known as "building’s metadata", is
a crucial necessity supporting further process of automation and optimisation of build-
ings’ performance. Presently, no standardisation exists which allows a unified form of
expressing buildings’ metadata. Attempts exist to link BIMs with Industry Foundation
Classes (IFC), as presented in [131]. However, true automation of intelligent software in
buildings requires the functionality to query building metadata as one would query a
database, extracting data in a variety of manners which explore the interdependencies
between the building’s components. Newer attempts for interoperability schemas in
buildings also include Green Building XML (gbXML), however the primary focus of
this schema is the design and construction stage of buildings’ life cycle [77]. Project
Haystack [132], deals with the development of tagging conventions and taxonomies for
buildings’ operational data and equipment. However, it is reported that the users’ abil-
ity to create arbitrary tags lowers the applicability of software to more buildings than
the initial case, as building intelligence applications need to account for the specifics of
the implemented Haystack model. A similar approach to Project Haystack, using tags,
is also encountered in The Smart Appliances Reference (SAREF) Ontology [133].

Inspired by Project Haystack and SAREF, the Brick metadata schema [25] provides
a concrete ontology for representing metadata in buildings, focusing on describing rela-
tionships between buildings’ components and their representation in a graph structure.
Thus far it has been shown to be most expressive in comparison to other available op-
tions. In its design, Brick focuses on completeness in vocabulary describing buildings’
metadata, extensibility of the vocabulary in the schema (if needed), usability of Brick,
and its expressiveness using relationships between the building’s components. More
complete details on the Brick metadata schema are presented in Section 3.3.1.
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However, as none of the aforementioned metadata modelling techniques are widely
accepted as the preferred mean, successful experiments exist converting IFC to Brick
models and Haystack to Brick as well. Given these capabilities of Brick and its doc-
umented improvements over other state of the art solutions for buildings’ metadata
descriptions, LEAF focuses on this schema.

2.3 Case study building

This section gives information regarding the case study building used within the PhD
project. Full details regarding the available instrumentation, floor planning, technical
details of the implementation of the framework for this specific building can be found
in Chapter 4.

The case study building is titled Odense Undervisning 44 (OU44), situated on the
campus of the University of Southern Denmark in Odense. The OU44 is a new energy
efficient teaching building in Denmark that became operational in 2015, with about
8500m2 area containing 3 floors and one basement. The building is equipped with a
total of 22 meters to monitor the electricity consumption from lighting. Regarding
the lighting subsystem, the basement of the building contains a single meter, while
each of the floors contain two meters. All rooms have been instrumented with CO2,
temperature, Passive Infrared sensor (PIR) sensors. All states of sensors, meters, and
actuators, are continuously collected and stored using an sMAP [44] Archiver in a time
series format. Queries made to the Archiver enable the retrieval of relevant subsets
from the building’s operational data.

Other than the available operational data, throughout the course of the PhD project,
a Brick [25] metadata model has been developed, featuring metadata for the existing
components in the OU44 buildings, as well as the Universally Unique Identifier (UUID)
for the time series within the aforementioned sMAP Archiver containing the oper-
ational data for the behaviour of said component. UUIDs are identification strings
assigned to every time series, which guarantee uniqueness in a large number of time
series. Full details regarding the development of the Brick model are given in Section
4.3.

2.4 Summary

In this Chapter we presented information regarding the current building context,
especially in light of the building life cycle and the possible causes for excessive energy
consumption in buildings. We identified the Occupancy stage of the building’s life
cycle as the most problematic stage with highest contribution to the environmental
impact in the building. We discussed the definition of "smart buildings" and typical
approaches for their evaluation, both in terms of degrees of smartness, but also in
terms of energy performance and indoor climate. This Chapter further presented the
current state of the art for building performance evaluation, modelling the expected
performance of buildings, software architecture used for the development of buildings’
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intelligence, as well as schemata available for describing metadata in buildings. Finally,
the Chapter briefly presented the case study building used in this study.
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Chapter 3

LEAF: A Live Building Performance
Evaluation Framework

This Chapter presents LEAF: A Live Building Performance Evaluation Framework. The
Chapter presents the goals of LEAF and elaborates its workflow in detail, providing
complete definitions for all conceptual terms in the framework. The Chapter gives
details about LEAF’s mechanisms to increase its portability across buildings. We
highlight the development of LEAF as a collection of microservices, to support ease of
integration with other intelligent software for buildings. Finally, this Chapter discusses
a variety of challenges to LEAF’s operation, focusing on metadata modelling, and
real-time performance testing. The work in this Chapter has been published in the
papers [27, 28, 31].

3.1 Objectives and Definitions

This section presents the objectives of LEAF. Following this, we present definitions for
key terms used in LEAF.

3.1.1 Objectives of LEAF

Emerging from the thesis goals and research questions in Section 1.2, the objective of
LEAF is to enable automated, continuous, real-time performance evaluation across
buildings. Thus, a primary focus of LEAF is addressing the portability of its design.
We identify necessary requirements for facilitating high portability of the software.
Furthermore, to support the usage of the software, LEAF’s objective is to enable easy
integration with other software for intelligent buildings. The intention behind address-
ing the ease of integration of LEAF is to increase the likelihood of its usage in buildings
worldwide.

3.1.2 Definitions used within LEAF

The terms "Performance evaluation" and "Performance testing" have been used in many
fields to denote the process of evaluating the quality or capability of a certain product.
In testing software systems, the term "Software Performance Engineering" represents
the complete set of software engineering activities and analyses which are directed to
meeting performance requirements [134]. This definition is indicative of the different
aspects comprising systems that can be evaluated. Raj in [135] states that any computer
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system can be evaluated by simulations, empirical measurements, and analytical meth-
ods. Cyber-physical systems are comprised both of hardware and software components
[136]. Their interactions with humans introduce additional dimensions according to
which they can be evaluated.

In buildings, as a type of cyber-physical system, "Performance evaluation" takes
many different forms and may be applied to many aspects in a building, as shown in
Section 2.1. As discussed in Section 2.1, the employment of various ICT technologies
enables the automation of the initial Commissioning process and enables its repetition
on much more frequent time intervals, so that it is executed continuously throughout
the Occupancy Stage of the building. With the increasing abundance of collected data
in buildings, it becomes possible to evaluate buildings’ behaviour continuously in
periodic time increments. The Danish Building Agency uses the term "performance
test" as a method to ensure improved project management, financial incentives, and
customer satisfaction during buildings’ life cycle [137].

According to Preiser and Vischer in [45], three levels of priority of building perfor-
mance are highlighted. These are:

1. Health, safety, and security performance;

2. Functional, efficiency, and work flow performance; and

3. Psychological, social, cultural, and aesthetic performance.

Guided by these three degrees of priority, LEAF focuses on the first two, as the
third performance level is not easily quantifiable with digital operational data from the
building. Instead, the third performance level is usually assessed in a more qualitative
fashion [59].

Within this thesis for the purposes of LEAF, we use the term "Performance testing"
to denote a process of performance evaluation in buildings, which automatically evalu-
ates buildings for their available collected operational data. This implies evaluations
related to energy performance (e.g. electricity consumptions from ventilation, ligating,
heating, etc.) or indoor climate in the building (e.g. temperature of rooms, humidity,
luminosity, CO2).

Given the aforementioned definition of Performance testing, we define the imple-
mentation of "Performance test" (PT) to be a software tool, providing a comparison
between observed performance and a threshold calculated from the expected perfor-
mance of a building. Here, the term "performance of a building" comprises of estima-
tions of the observed operation of the building, and the estimations of its expected
performance (e.g. energy, temperatures, volumes of air, etc.). The term "threshold"
is the maximal distance from the expected performance, implying some lenience is
allowed, before a fault is detected.

Figure 3.1 presents a graphical representation of the anatomy of a PT in LEAF.
Both the observed and the expected performance yield numeric values. Observed
performance can be read from sensing instrumentation. Expected performance can be
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FIGURE 3.1: Pipeline for execution of performance tests in LEAF

calculated through the means of modelling and simulation, or through government
regulations and standards.

The calculation of each value representing operational or expected performance in a
building follows a pipeline as shown on Figure 3.1. First, for each value the appropriate
inputs are identified (e.g., power consumed, number of occupants, area of room/zone).
These inputs are data points within a time series, representing a tuple of time stamp,
and value. Given the format of the input, an adaptation process converts the original
input to a format usable for the calculation of either observed or expected performance.
As an example, this could entail conversion of units for the value, conversion of the time
stamp, ensuring data quality, etc. Based on the input, the values for the observed and
expected performance are calculated using an algorithm as the core of the implemented
PT. For the observed performance, this is either a reading of the metering/sensor
values, or a calculation based on the inputs. For the expected performance, this is
typically a forecasted value using modelling techniques, representing the building’s
performance in an ideal circumstance. Using the value for expected performance, it
is possible to calculate an interval of acceptable operational performance values, to
later check whether the operational performance is in compliance with. In some cases,
it is possible to use a fixed regulated value as a value for expected performance (e.g.,
temperature should be between 21 and 25 ◦C.), However more often than not, for the
generation of the threshold, deterministic or data driven models may be used. Finally,
a comparison between the observed performance of the building and a threshold yields
a final result from the PT, in a Boolean format, i.e. pass/fail.

Considering the fact that each result also has a temporal component, we define the
result of a PT to be a tuple of a timestamp and a Boolean value. The storage of tuples is
in a time series format. As smart buildings have a plethora of sensing instrumentation,
the term "test site" denotes possible instantiations of PTs, evaluating a specific type of
component. For example, in a room with three temperature sensors, all three sensors
are considered a separate test site for the application of three separate instances of a PT.

3.1.3 Results from Performance Tests

As defined earlier, the result of a PT is a Boolean value. A PT can pass or fail, depend-
ing on whether the observed performance of the building is in accordance to what is
expected of it. In this section, we discuss the meaning of these two outcomes. The terms
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fault and malfunction are defined according to Isermann in [83], who acknowledges the
variety of fluctuations in terminology due to the differences in fields in which the terms
are used.

• Fault: "A fault is an unpermitted deviation of at least one characteristic property
(feature) of the system from the acceptable, usual, standard condition."

• Malfunction: "A malfunction is an intermittent irregularity in the fulfilment of a
system’s desired function."

If a PT passes (i.e. its outcome is True), this means that the operational performance
of the building is appropriate and within the acceptable parameters for normal opera-
tion of the building.

If a PT fails (i.e. its outcome is False), this is indicative of a fault in the buildings.
Several events may be the cause leading to a failed PT:

1. Inappropriate usage of the building, with otherwise healthy components in the
building. This phenomenon classifies as fault. The phenomenon is usually
temporary. As an example, occupying a small office by 15 people for a social
gathering would cause spikes in CO2, temperature, and likely an increase in the
electricity spent for ventilating the room.

2. A partial or complete malfunction of a component in the building which is
reflected in the operational data. This phenomenon also classifies as a fault. The
phenomenon is persistent over time and may affect other aspects of the building’s
operation. An example of this is reduction of efficiency within a heat exchanger
of a ventilation unit.

3. Errors in data, noise, or errors in the transfer of data.

4. Errors in the calculation of the expected performance of the building. As the
calculation of expected performance relies on a model that estimates the build-
ing’s energy consumption or indoor climate, insufficient accuracy of the used
technique might affect the outcome of the PT.

The first two causes of failed PTs are of particular interest as they indicate at
occurrences which may be influenced and remedied if there is timely awareness of their
existence. When a PT fails, malfunctions may be quickly addressed, and faults without
malfunctioning components may be either permitted or remedied quickly. The third
cause is a prominent problem when dealing with data, especially stream processing.
LEAF employs techniques for improving data quality, however considering the demand
for continuous, real-time testing using stream processing, it is possible imperfect
data are sometimes used. Finally, the fourth cause is unavoidable as the expected
performance of a building is derived through means of modelling and simulation,
and no model is perfect. Chapter 5 discusses the accuracy of forecasted expected
performance in greater detail.
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3.2 Analysis of requirements for LEAF

One of LEAF’s primary goals is to address the portability of automated performance
testing software in buildings, so that it is applicable across a wide range of buildings.
Section 3.1.2 defines PTs, as necessary parts for automated, continuous, real-time
performance testing, and highlights the necessary components for their execution. In
this section, we present the requirements for the application of LEAF to a building.
These are the collection of buildings’ operational data, as well as the existence of a
digital metadata model.

3.2.1 Building Operational Data

Though LEAF is intended for buildings with varying degrees of reliability and smart-
ness, a building must have some instrumentation in order to facilitate performance
testing. Sensing instrumentation can vary from building to building, ranging from
meters, sensors, cameras, etc. While no specific requirements exist in terms of what
type of instrumentation needs to be present in the building, the collection of data is
critical to the execution of LEAF, and any building intelligence application thereafter.

Collection of live operational data in time series format within a single database
enables the real-time calculation of the observed performance of the building. Using the
observed performance of the building, we can then further train models for forecasting
estimations of the expected performance of the building. The current implementation of
LEAF uses the sMAP [44] archiver for easy access of time series data from the building.
PTs are able to subscribe to individual time series in the sMAP archivers and process
the streaming data points as they arrive to the Archiver.

3.2.2 Metadata model

Automated performance testing in buildings relies on the ability of the software to
know which data is available for its execution. As documented in Section 2.2, current
state of the art of performance testing can be a complex process as building information
is kept in a variety of formats, often inconsistent between each other. In some cases,
the discovery of applicable PTs and their linking to the operational data is a process
requiring multiple building managers and IT teams working with the building.

To avoid this lengthy process of manual set-up and automate the instantiation of
applicable PTs, LEAF also depends on the existence of a metadata model of the building
that it is deployed to. Using this metadata enables LEAF to automatically query for
all the sensing instrumentation in the building, thereby discovering all applicable
PTs without any human input. As shown in Chapter 2.2, there exist many different
techniques to describe building’s metadata. The current implementation of LEAF has
been completed using the Brick metadata schema as it has been shown to be more
complete and expressive, in comparison to other state of the art ontologies and schemas
[25].



38 Chapter 3. LEAF: A Live Building Performance Evaluation Framework

3.3 Overview of LEAF

This section presents the structure of LEAF, elaborating on the components which
comprise it, as well as the mechanisms which enable high portability and automated
execution of performance evaluation in buildings. Fig 3.2 illustrates a conceptual dia-
gram of the structure of LEAF.

LEAF contains a Library of PTs which evaluate the building’s performance. These
tests have all been assigned one or more Brick metadata queries. These metadata
queries are able to extract all possible test sites that the PT can evaluate. The results
from the queries contain UUIDs identifying the operational data stream related to that
specific test site (e.g. the data stream for the measurements from temperature sensor in
a specific room). An iteration through all metadata queries that all PTs use allows the
automatic instantiation of the applicable PTs. Every instance of a PT is dedicated to
a specific test site. All instances subscribe to the corresponding data streams, so that
each time a new data point is collected in the stream, an event in the instantiated PT is
invoked, beginning its execution. If the PT has multiple inputs, they are cached until a
time when all data are present, to be executed. This step also includes data cleaning
with simple boundary conditions that can be applied in real-time. Simultaneously,
the expected performance of the building is calculated. For every test site, when
operational data is available, a comparison between operational performance and a
threshold is performed. Every result of these comparisons is stored back in the Data
storage unit.

3.3.1 Brick metadata schema for metadata modelling

LEAF uses buildings’ metadata to automatically discover available sensing instrumen-
tation in a building. The current implementation of LEAF has been completed using
the Brick metadata schema [25]. Chapter 2 elaborates on the shortcomings and of other
possible metadata schemas, thus supporting the choice of Brick. Regardless of the
current implementation, however, the mechanism for automatic discovery of sensing
instrumentation, on a higher level of abstraction, is immune to the choice of schema
used to represent the building’s metadata. In the event that another schema is preferred,
each PT must be paired with a new set of generic metadata queries for successful con-
nectivity with the metadata model. The following gives further information regarding
the Brick schema and its usage within the context of LEAF.

The design of the Brick metadata schema focuses on operational data points, the
metadata found in the real building that describe them, and any requirements which
may be specified by end use applications. The core ontology of Brick defines funda-
mental concepts in buildings and their relationships between each other. However, a
domain-specific taxonomy allows users of the schema to expand the taxonomy with
additional concepts if needed. Brick is based on the Resource Description Frame-
work (RDF) which makes statements about entities in the form of subject × predicate
× object expressions. Each triplet expresses a relationship between the subject and
predicate. Brick uses such expressions to define a fixed set of building components,
subsystems and relationships between those. A Brick model is a store of triplets rooted
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in this set of building components. Brick uses existing standards in ontology develop-
ment such as Turtle for formatting of the data for RDF [138] and SPARQL for querying
the data in RDF [139].

The Brick schema is initially inspired by project Haystack [132] which primarily
operates using tags and tagsets to annotate metadata. In Brick, these tagsets have been
coupled with an ontology class hierarchy, which ultimately defines the scaffolding of
the Brick schema. There are four primary classes in Brick, each of them containing
subclasses.

• Point: Physical or virtual entity generating time series data.

• Equipment: Physical hardware components (usually related to Point for measure-
ments)

• Location: Areas in buildings (rooms, floors, zones)

• Resource: Physical resources used in buildings’ operation (electricity, air, water)

A subset of the Brick hierarchy is given in Figure 3.3. Brick also defines a set of
fundamental relationships that can exist between the aforementioned classes. These
relationships are small and well-defined that allow for adequate context of the classes.
The relationships defined in Brick are described in the following, using the format A
<relationship> B, where A and B represent classes.

• isLocationOf/hasLocation: A physically encapsulates B

• controls/isControlledBy: A determines or affects the internal state of B

• hasPart/isPartOf: A has some component or part B

• hasPoint/isPointOf: A is measured by or is otherwise represented by point B

• feeds/isFedBy: A "flows" or is connected to B

An example of the classes and their relationships is given in Figure 3.3.
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3.3.2 Library of Performance Tests

LEAF contains a library of PTs, each implemented as individual classes in Python [140].
The current collection of PTs is based on the commissioning documentation for the
OU44 building. All PTs that were initially carried out during OU44’s handover were
reviewed. The tests that could be automated in software were implemented within the
library of PTs. After the initial set of PTs were implemented, through a few iterations
with OU44’s building managers, several new ones were identified as useful and thus
the library of PTs was expanded. However, as all PTs have been developed in context
of the OU44 building as a case study, the library is not exhaustive. It is expected that
different buildings will have different requirements and thus the library of PTs is a
matter of continuous improvement.

The library of PTs is comprised of a variety of PTs, evaluating different aspects of
buildings’ energy consumption, efficiency of components, and the indoor climate. All
currently implemented tests have been presented in Appendix A. The tests have been
grouped in four categories, all relating to the "Health, safety, and security performance"
and "Functional, efficiency, and work flow performance" levels of performance evalua-
tion according to Preiser and Vischer in [45], as presented in previously in subsection
3.1.2. The categories are defined as follows.

• PTs evaluating energy consumption/generation (e.g. electricity consumption
from different systems, heating consumption, solar cells generation, etc.)

• PTs evaluating indoor climate (e.g. temperature levels, CO2)

• PTs evaluating efficiency of components (e.g. efficiency of heat exchanger in
ventilation units)

• PTs evaluating optimal building usage as a function of energy and occupancy
counts (e.g. electricity from lighting per occupant, electricity from heating per
occupant)

As meters measure data cumulatively, it is infeasible to evaluate energy consump-
tion within an instance of time, but instead it must be done over a certain time interval
(e.g. electricity consumption in the last day, week, fortnight). Thus, PTs evaluating
energy consumption/generation, and PTs evaluating building usage as a function
of energy and occupancy counts, must define a period of time for the calculation of
observed energy consumption. This is a matter of configuration of the PT. Unlike
meters, sensors measure current physical values. Thus, for tests evaluating indoor
climate, PTs do not need a time component, but can instead evaluate the present state
of the physical values. The current library of PTs does not include individual tests for
validity of the data from the sensing instrumentation. However, the implemented tests
contain initial boundary conditions which check whether the incoming streaming data
is within acceptable parameters. More information on these boundary conditions is
presented in subsection 3.5.1.

Adding new PTs to the library is a matter of implementing a new class with the
functionality for the PT. Afterwards, a Brick query extracting necessary data for the
inputs of the PT is written. Finally, the relationship between the PT and the Brick query
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is written in a configuration file, enabling the automatic instantiation of the applicable
test sites.

3.3.3 Automatic Discovery of Applicable Performance Tests

As demonstrated by Section 2.2, in research literature we have not discovered a frame-
work that takes into account all variables, and allows for automatic detection of appli-
cable PTs for a given building. LEAF communicates with the Brick model to discover
possible test sites. An essential part of LEAF is the Library of PTs, which contains
software implementations of tests that can be applied to the building’s operational data.
A PT may require one or more Brick queries, depending on the type of data required
for execution of the respective test. A configuration file stores the lost of PT that the
library offers, and pairs them together with their corresponding Brick queries.

Once LEAF runs initially, a module reads through the configuration file and iterates
over all implemented PTs. For every test, the corresponding set of Brick queries is
executed. If the Brick queries yield any results, it implies the existence of metadata
regarding the PT inputs (sensors, meters, occupancy counts, etc.). If the metadata query
yields an empty list, then the module concludes that the building does not have the
instrumentation necessary to execute that PT and thus the test is labelled inapplicable
and it is then skipped. If several metadata queries are needed for a PT, matching results
from each query need to be present (e.g. temperature sensors for various points in a
single heat exchanger for a ventilation unit).

For all queries that have yielded an outcome other than an empty list, an object
of the class of the respective PT is instantiated. These objects are populated with the
location of the data storage unit, building properties and identifiers, all extracted from
the metadata queries. If more than a single possibility exists to execute a certain PT (e.g.
temperature sensors in all rooms of a building), separate objects from the respective
class of PTs are instantiated.

3.3.4 Example of Performance Test

Listing 1 shows an example of a Brick metadata query written in SPARQL. The query
has been stripped of namespaces for simplicity. The query names three entity variables
to extract and lists a set of five restrictions in the WHERE-block. These restrictions
define the pattern that the resulting triplets must satisfy. Each one defines a path from
a subject to an object. This path may be simple or complex in the form of a regular
expression-like construct capable of expressing sequence, choice and repetition. Entities
with names starting with a question mark are named variables, which can be referenced
in the SELECT-block. For every match of the pattern against the underlying RDF store,
the query execution engine produces an entry with values for the named variables
from the SELECT-block.

A generic algorithm in pseudocode for the steps taken in PTs after the extraction
of relevant metadata is given in Figure 3.1. The input is clearly defined for every PT.
Extracting UUIDs for observed data and forecasted data allows the PT to subscribe to
these streams and compare the observed performance with a threshold calculated from
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SELECT DISTINCT ?meter_id ?component_type ?component_super

WHERE {

?meter type/subClassOf* Power_Meter .

?component type ?component_type .

?component_type subClassOf* ?component_super .

?meter feeds+ ?component .

?meter label ?meter_id .

}

LISTING 1: Query for collecting enough information to construct a
mapping from meter to sets of component types (and their chain of

superclasses) fed by that meter

expected performance, to finally derive a result. Obtaining the threshold is done using
an initial default modelling technique for buildings’ expected performance, which later
on may be changed if needed. The result is posted back to the sMAP archiver, together
with relevant metadata specifying units, time zones, used modelling technique to fore-
cast the expected performance from which the threshold was calculated. Considering
that more than one modelling technique may be available to compare the operational
performance with, the operational performance values are posted to the sMAP archiver
separately as well. This way, applications built using LEAF have the option to choose
which modelling technique should be used to generate PT results with.

3.4 Microservice Architecture

3.4.1 Benefits of LEAF as collection of microservices

Traditional building intelligence applications are typically built as monolithic applica-
tions. Within the research environment, problems related to buildings have solutions
that require significant effort to become applicable to a new building. Furthermore,
these solutions may include functionality which would be beneficial to another piece of
software or researcher, however the decoupling of these functionalities is costly. This is
due to the difficulties in entire monolithic application before the functionality can be
decoupled. Within industry, greater care is taken to ensure a smoother and productive
environment in terms of development of building intelligence. However, it is still a
frequent occurrence that reuse of functionality across different building domains is not
a trivial matter.

A common software engineering technique for remedying such shortcomings is the
implementation of the microservice architecture pattern. This pattern has increased
in popularity over the last years, as it allows for complex functionalities to be sepa-
rated into small services which improve the development process of the software, its
reusability, and its maintainability [141, 142]. The microservice architecture pattern
has been used for IoT as well, specifically for applications in smart buildings [143].
Considering the shortcomings of state of the art solutions for performance testing
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Algorithm 3.1: Pseudocode algorithm for a performance test
Input: UUID(s) of timeseries with observed data, UUID(s) for timeseries with

forecasted data, metadata for resulting stream
Output: Pass/Fail value for the performance test

1 Subscribe to time series with observed data
2 When getting new data point:
3 if The test requires one input then
4 data = incoming data point from stream;
5 Check if data is within boundary conditions;

6 else
/* The test requires more than one input */

7 data = incoming data point from stream;
8 Check if data is within boundary conditions;
9 cache the incoming data points until all inputa are present;

10 if difference between the arriving time of inputs > limit then
11 break and wait for new data points;

12 Calculate the observed performance for data;
13 Obtain the expected performance using a modelling technique;
14 Calculate threshold as a function of expected performance and allowed

deviation from it;
15 Compare and decide if the test Passed or Failed;
16 Post result in Archiver with metadata specifying which modelling technique

was used;
17 Post operational performance value to Archiver;
18 return result
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in smart buildings, especially in light of portability and flexibility in applicability to
different building types, LEAF has been implemented as a collection of microservices.
A microservice architecture decouples all processes pertaining to a specific system into
smaller, individual, independent services, each of them completing one task. Every
service is able to run autonomously, however they are able to communicate between
each other through previously defined interfaces [125].

Different technologies are required for the development of metadata models, and
the storage of operational data. Furthermore, the calculation of expected performance
of a building may additionally bring an even greater heterogeneity of technologies.
For example, operational data can be stored in a variety of databases; metadata can
be stored in many different schemas; the expected performance of a building can be
derived through a variety of techniques. This heterogeneity calls for the ability to
integrate different capabilities regardless of the environment and preferred languages
of the developers using or enhancing LEAF. Bao et al. in [144] elaborate on the benefits
of using microservices when encountering vast heterogeneity in devices, protocols,
data formats, and interfaces for data acquisition and processing.

The microservice architecture pattern also has been shown to improve the scalabil-
ity of applications [145, 146], which is of special significance in the usage of building
intelligence applications in larger contexts than a single building. Implementing LEAF
as a collection of microservices allows for increased extensibility, seeing as the addi-
tion of new modules and functionalities is as simple as developing new microsevices
which would later join the ensemble as in the example of [126]. This separation in
microservices additionally allows for possibly easier integration within BMS systems,
as microservices expose single points of entry that the BMS can later communicate with.

3.4.2 Decoupling of LEAF into microservices

LEAF has been implemented as a collection of microservices, by decoupling all perfor-
mance testing processes. By decoupling all processes and offering them as services,
development of applications becomes easier and a variety of microservices can be used
by many different applications, regardless of their primary utility [124, 125]. Concern-
ing performance testing, Figure 3.4 illustrates the proposed alternative approach to
conventional monolithic solutions. The Figure displays separate microservices that
handle processes required for continuous performance testing of buildings. Each of
these services are independently deployable, allowing for instances of the services to be
deployed based on the capabilities of the building at hand. Below follow explanations
of the capabilities of each service.

The Data Storage Microservice (DSM) provides an interface to the data storage unit,
in this case the sMAP archiver. The archiver contains operational data of the building,
however it may also store results from PTs, or results from forecasts of expected per-
formance in the building. Other microservices can query the database using the time
series’ UUIDs or metadata describing the time series. As LEAF’s current implementa-
tion uses the sMAP archiver, this microservice encapsulates queries and forwards them
to sMAP’s Representational State Transfer (REST) service. DSM additionally performs



46 Chapter 3. LEAF: A Live Building Performance Evaluation Framework

conversions of units if needed.

The Metadata Model Microservice (MMM) provides an interface to the Brick meta-
data model of the building that can be queried by other microservices. Without this
microservice, all other processes related to LEAF would be subject to manual set-up for
all test sites.

The Observed Performance Microservice (OPM) calculates the observed perfor-
mance of the building by utilising the metadata from the MMM to discover possible
test sites. By querying metadata, the OPM can subscribe to all relevant time series and
utilise its own library of PTs to produce results regarding operational performance of
the building. This implies performing calculations on the raw observed data, and post-
ing operational performance values to sMAP through DSM, with metadata specifying
they have been generated by OPM. Storing operational performance values allows for
the future calculation of PT results given different modelling techniques for expected
performance, both retrospectively and in stream processing. OPM additionally calcu-
lates results from PTs, using values for expected performance. A default modelling
technique is used to generate values for expected performance. It is possible to config-
ure OPM to utilise a different modelling technique so that results frmo PTs would be
calculated using one of the microservices for expected performance elaborated in the
following paragraph. After posting the calculated operational performance to DSM,
OPM additionally posts the result from the PT to DSM.

Expected building performance can be derived through different techniques, thus
a separate microservice is required for each forecasting technique. LEAF currently
supports the Danish Building Regulations simulation tool - BR, EnergyPlus, ARIMA,
and Long Short-Term Memory Network (LSTM) microservices for simulation and
forecasting (BRSM, ESM, AFM, LFM). These conclude the currently implemented PTs
within LEAF’s ensemble. All expected performance calculations are posted to sMAP
through DSM, specifying which microservice generated the value for expected perfor-
mance in the time series metadata. OPM’s default choice for a modelling technique
is AFM, however, OPM can be configured to use another microservice for modelling
the expected performance. Applications built on top of LEAF can then either query the
generated PT results using OPM’s default technique, or compare the results from OPM
and their chosen modelling technique, yielding PT results.

Every microservice has been developed as Python [140] REST web service using the
Flask library [147]. Further, each microservice has been encapsulated in a Docker [148]
image, specifying its environment. The Docker images are thus able to be instantiated
in individual containers, which allows for easy deployment regardless of the native
environment of the machine where they are deployed.

Adding new expected performance forecasting techniques is a matter of developing
new microservices. A separate microservice is necessary to choose an appropriate
forecasting technique for a given PT. The Expected Behaviour Microservice (EBM)
chooses a forecasting technique by first examining which techniques are available for
the specific time series (as EnergyPlus or historical data for ARIMA simulations are not
necessarily available), and chooses the one with highest accuracy out of those available.
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The algorithm for this microservice is presented in Chapter 5.4.

Separating building performance evaluation processes into microservices can fur-
ther aid the development of additional applications. For example, Model Predictive
Control (MPC) can benefit from MMM, to dynamically configure the model of the
process at hand; from DSM to view historical control moves. Finally, derived expected
behaviour through microservices such as ESM, AFM, or LFM can also be used as a
dynamic model in MPC [149]. FDD can also use BRSM, ESM, and AFM to detect
faults, while queries to MMM can discover sets of possible faulty components. Further
explorations of the results from MMM can contribute to narrowing down the field of
possible components that could be faulty, by exploring the relationships among the
building’s components using the Brick schema.

Performance testing
Dashboard application

Building intelligence
software

Metadata Model
Microservice (MMM)

Data Storage
Microservice (DSM)

Observed Performance
Microservice (OPM)

BR Simulations
Microservice (BRSM)

ARIMA Forecasting
Microservice (AFM)

EnergyPlus Simulation
Microservice (ESM)

LSTM Forecasting
Microservice (LFM)

LEAF

API Gateway

FIGURE 3.4: Ensemble of microservices as a part of LEAF

3.5 Challenges to LEAF’s operation

The experience of development of LEAF, as well as the experiences with its deployment
to the OU44 buildings have highlighted a plethora of challenges that arise from current
installation setups in the building, issues with streaming data, issues with metadata,
etc. This section explores these challenges and their implications to live performance
testing.
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3.5.1 Challenges with operational data

Datasets in general containing real, raw data points, often encounter issues with miss-
ing values, outliers, noise, etc. The complexity of the problem increases when dealing
with streaming data and decisions for the validity of the incoming data points are done
in real-time. Here, we use the term value to represent the true state of the physical
property of the measured system. The term data point is used to represent a digital rep-
resentation of the value. The following explains three most commonly found problems
with data points, each of them discussed in light of real-time data processing.

Missing data points

When it comes to sensing instrumentation, meters represent cumulative values of
used energy consumption. Sensors, on the other hand, may be configured to report
data points with a specific frequency, or they may report data points when there are
changes in their states. Meters and some sensors (CO2 and temperature) in the OU44
building have been configured to report data points with a specific frequency. This
significantly simplifies the discovery of missing data points, and is the preferred ap-
proach for LEAF’s operation. The heterogeneous nature of the interfaces of sensing
instrumentation implies the necessity for heterogeneous software for data collection.
Sensors which only report changes in their states pose greater difficulties in discovering
missing data points. This is an ongoing, unaddressed challenge in LEAF. Here, we
only focus on meters and sensors reporting data in a stream.

The heterogeneity of different instrumentation poses technical challenges such as
software errors and errors during the transfer of the data points, as well as missing
data points. Missing data points imply the lack of input for PTs. As operational data is
also used as an input for some expected performance forecasting techniques, the issue
with missing data is significant.

As operational performance in buildings is stored in a time series format, it is
important to know the average time interval on which new data points arrive. We use
the term temporal granularity to refer to the average frequency of a time series. Naturally,
there are three cases of (mis)alignment with the expected temporal granularity of the
time series:

1. The data point arrives to the archiver earlier than the temporal granularity of the
time series;

2. The data point arrives to the archiver on time;

3. The data point arrives to the archiver with a delay to the temporal granularity of
the time series;

The early arrival of data points is typically not considered a problem as it implies
the better-than-timely collection of data, and thus, a more current evaluation of the
behaviour of the time series. The timely arrival of data points is the standard norm
of operation for LEAF. Data points arriving late, however, may pose a problem. It is
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valuable to ask the question "How late does a data point need to be, to be considered a
missing data point?". If a data point is entirely skipped and instead the following data
point arrives at twice the temporal granularity of the time series, it is safe to conclude
that there has been a missing data point. Otherwise, the relevance of the PT must
dictate the sensitivity requirements when it comes to late data points.

Commonly used techniques for dealing with missing data points are regression
methods such as linear regression or multiple linear regression. In LEAF’s execution,
delayed or missing data points are skipped by the instance of the PT. Using separate
scripts, when the performance evaluation is done in batch, retrospectively, the entire
data set is re-sampled so that all data points are separated evenly according to their
time stamp.

Performance tests requiring multiple data points

Multiple PTs require more than one input data point in order to yield a single resulting
value (e.g. efficiency of heat exchangers where several temperature points are taken
into account pre and post heat exchange). Other PTs might have pre-conditions for
execution (e.g. measuring temperatures of hot water within a certain time span of a
few minutes apart).

In these cases, the temporal alignment of the data points is important, however not
always achieved. In previous work [27] we discuss the temporal mismatch between
data, stating that if the temporal granularity of the data streams for the different inputs
is unaligned, a policy needs to be in place with regards to a time interval in which
all values need to be present. The current implementation of LEAF has a fixed time
window of hard-coded values which all data points must be present. If the data does
not fall in that time interval, the PT is not executed.

Data pre-processing with discrepancy detection

It is possible to receive data points which do not represent the physical value. These
data points could be considered noise or outliers, depending on the severity of the dis-
crepancy from the tendencies of the time series data. Ordinarily, data points considered
noise are data points close to the true physical value, however they do not represent the
true physical value. Outliers, on the other hand, are data points which are significantly
different from the typical noise and data points otherwise.

Discrepancy detection utilises the domain knowledge of the data to determine if
there are missing values in the measured dataset or if they fall in an expected range.
Domain knowledge can be used to set ranges of acceptable values for incoming data
points. For example, any incoming data point between 350ppm - 1200ppm for CO2
can be considered valuable. For temperature, boundary conditions would be between
15◦C - 30◦C for indoor climate. In electricity meters, the electricity consumption or
generation cannot be a negative number.
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Data representative of faults in the building

Many techniques for modelling of expected performance rely heavily on operational
data for training and calibration of the models. As previously elaborated in Section
2.1.4, white box models require historical data to be calibrated, while data driven
techniques require historical data in order to be trained. The necessity for historical
data in these types of models implies the necessity of obtaining quality historical data
which is representative of healthy building operation.

3.5.2 Challenges with metadata modelling

Absent or inconsistent metadata models

In the building sector, digitalisation of building metadata is not fully developed with
concrete specifications. Because of this, many working buildings store metadata in
architectural drawings, digital or physical, or hand-written documents, while better
cases include Excel spreadsheets or databases. This was also the case for the OU44
building prior to the development of the Brick model. Across the survey among build-
ing managers presented in Chapter 7, building manager suggests that much of the
metadata for the public buildings in Denmark is stored in Excel spreadsheets as well,
and a lot of it is presently unknown given the age of some buildings. The amount
of digitally present metadata drastically affects the effort required to develop a Brick
model. Additional interfaces must be created that enable building managers to input
and manage metadata manually.

Furthermore, a building may have a metadata model, however a metadata model is
not necessarily perfect and representative of the complete current state of the building.
Throughout the life cycle of a building, a building can change in its instrumentation
and installations, thus consistency of the metadata model must be kept in mind to
ensure the existence of a metadata model representative of the real state of the building.

Possible inconsistencies among Brick queries

LEAF relies on Brick’s capabilities to describe building’s metadata in a deterministic
fashion. That is, queries to the Brick model should yield results which are congruent
with the query’s requests. For example, a Brick query seeking all the electricity meters
in a building, should not yield results contain air handling units as entities, but instead
only electricity meters. In this section, two separate examples are demonstrated, show-
casing possible inconsistencies in results from Brick queries. Lack of consistent results
reduces the portability of the Brick queries across different buildings. The presented
examples are not exhaustive in terms of the possible issues with Brick queries.

The first example discusses the lack of standardisation in Brick when it comes
to storage of identifiers for building operational data. That is, despite the elaborate
relationships descriptions among building’s entities and components, the Brick schema
does not have a relationship that connects the digital location of the operational data
to the components in the buildings on which the measurements are taken. LEAF’s
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implementation worked around this issue by linking time series UUIDs of the op-
erational data to Brick’s entities using an RDF-specific concept named "Literal". A
Literal is used to identify values by means of a lexical representation [150], allowing
the attachment of strings containing UUIDs to nodes in the Brick graph representing
buildings’ components. As there is no strictly specified way of storing UUIDs, while
queries for building components can be made portable, the extraction of the identifiers
for the location of the operational data may prove a problem.

To demonstrate another example, we use Figure 3.5. The "Feeds" relationship has
been used to describe a relationship from the Damper to a Fan. A Fan is then connected
to an Electricity meter measuring the used electricity by the fan. The Fan is also con-
nected to the Room to which it supplies air.

Damper Fan

Electricity
meter

Room

Feeds

Feeds

Feeds

FIGURE 3.5: Example of ambiguous Brick query

A possible query to extract the components that the Damper feeds to is shown
on Listing 2. The query extracts all the equipment connected to a Damper using the
"Feeds" relationship. The execution of this query would return both an electricity meter
and the room. If the PT to which this query has been assigned evaluates electricity
consumption (i.e. only the resulting electricity meter is of interest), post processing
of the results from the query would be necessary to extract only the metadata that is
relevant. This sort of ambiguity in the "Feeds" relationship affects the portability of
these queries. A possible solution to this problem could be the definition of separate
"Feed" relationships for air and electricity within the Brick schema itself.

SELECT ?damper ?equipment

WHERE {

?damper rdf:type brick:Damper .

?damper bf:feeds+ ?equipment .

}

LISTING 2: Example of a Brick query exploring the "Feeds" relationship
and returning both electricity and air related components.
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Despite the examples presented in this section, Brick has been shown to increase
portability across buildings’ applications [25]. The authors study eight software applica-
tions across six different buildings, where the software has been modified so that it uses
the available Brick model of the building. The results are promising, demonstrating the
portability of generic Brick queries.

3.5.3 Live threshold generation

Real-time data acquisition and time series forecasting poses a variety of challenges.
Regardless of the choice of forecasting technique used, historical data is required to
either calibrate or train the model. Given the setup of the simulations, techniques
chosen, and set of parameters chosen for model fitting, time series simulation may
take a considerable amount of time. It is possible that the duration of the simulation is
longer than the time available before the new simulated value needs to be generated. It
is, thus, important to ensure whichever technique is chosen, to be calibrated in a way
that it is able to produce simulated values in real time. Chapter 5 provides details on the
temporal requirements of development and execution of time series forecasting models.

3.6 Summary

In this Chapter we presented LEAF: A live building evaluation framework. Given
the research questions and goals of this thesis, we presented details regarding LEAF’s
ability to automatically discover available sensing instrumentation in buildings, thus
enabling its automatic instantiation of PTs and beginning of execution. Furthermore,
we identified the requirements for successful application of LEAF. LEAF has been
developed as a collection of microservices, enabling easier integration of new software
and simpler reuse of the current processes within other domains of building intelligence
software. Finally, we discussed a variety of challenges LEAF may encounter during its
usage, specifically pertaining to real time performance evaluation.
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Chapter 4

Case study: OU44 building

This Chapter presents details regarding the case study building used within the study
of this thesis. Furthermore, the Chapter gives details regarding the application of LEAF
to the case study building, through the development of a Dashboard application. The
usage of LEAF within the case study has discovered several faults in the operation of
OU44. This Chapter is based on the papers in [26, 27, 34].

4.1 Relevant building specifics

The Odense Undervisning 44 (OU44) building, is a teaching and office building situated
in Odense, on the campus of the University of Southern Denmark built in 2015. The total
area of the building is 8000m2 separated into three floors and a basement. The building
has a total of 135 rooms, among which 8 study areas, 19 classrooms, and 48 offices.
On average during weekdays, the building houses approximately 1000 occupants, in
particular during the semesters, when students attend classes or otherwise use the
building’s premises for educational purposes. Other than students, the building is also
occupied by University staff. The OU44 building offers an abundant set of sensing
instrumentation spread across the building, and is thus used as a living lab. A photo of
the building is presented in Figure 4.1.

4.2 Instrumentation, Data storage, and Data gathering

All operational data for the OU44 building was collected within a single sMAP Archiver.
Each data stream is assigned a UUID, and is then paired with relevant metadata (e.g.
unit of measurement, meter identifiers, time zones, location of sensing instrument, etc.).
Using the sMAP Archiver [44], we are able to make queries for subsets of the available
data points by specifying UUID, or metadata-specific input. Libraries for interaction
with the sMAP archiver have been written for Python, however the Archiver also
enables a REST Application Programming Interface (API). Collecting the building’s
operational data follows three primary categories:

• Data on the room level

• Energy meters

• HVAC related data per ventilation unit
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FIGURE 4.1: OU44 Case study building

For every room sensors for temperature, CO2, light intensity, occupancy, and
whether the room is booked for meetings or not, are available through a KNX bus.
KNX is a an international standard communication protocol for home automation as
defined by standards ISO/IEC 14543, CENELEC EN 50090, CEN EN 13321-1, GB/Z
20965 [151]. Through Energy Key [152] data pertaining to the electricity meters in the
building is collected. One electricity meter measures the electricity consumption on
the whole building level. Electricity meters further are installed per floors, that is, one
in the basement, and two on the rest of the floors, each metering half the floor (north
and south portions). Similar arrangement of meters have been installed for the lighting
system as well. Four test rooms have separate metering. The meters within these rooms
encompass plug loads, overall electricity consumption of the room, and three separate
meters per room, one for each row of lighting fixtures installed.

An illustration of the different systems collecting data from the available instrumen-
tation is given in Figure 4.2. Seeing as these systems have heterogeneous interfaces,
separate drivers are developed for each of them, transferring the data from the local
collection, to the sMAP archiver. This way, additional software developed to work with
the building’s operational data can access it through a unified interface. To test the full
extent of LEAF’s capabilities in the OU44 building, we developed a script that uses the
Brick microservice (MMM), and uses DSM’s historical data to simulate streaming.

4.3 Energy and metadata Modelling

We developed digital models of the OU44 building, to analyse its operational perfor-
mance and facilitate the development of building intelligence applications. Details
for the BR and EnergyPlus models, as well as the development and usage of the Brick
metadata model, are given in separate subsections below.
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FIGURE 4.2: Data collection in the OU44 Case study building. 1

4.3.1 Energy models

BR model

Preliminary information on the Building Regulations in Denmark and the modelling
tool provided by the Danish government were given in Section 2.2. Based on the
simulation from the BR model, the overall yearly energy consumption of the building
is around 41.3 kWh/m2. For lighting energy consumption, the BR model assumes a
standby light intensity of 0.1 W/m2 of the zone area in addition to a nominal light
intensity of 3.5 W/m2. Given these assumptions, the areas are modelled to consume
324 Wh/m2 for lighting in two weeks of normal operation, 07:00 - 17:00 o’clock, 5 days
in the week. This time interval was chosen as it depicts common usage for a teach-
ing/office building. Furthermore, the BR model focuses primarily on energy aspects of
the building, and does not cover aspects of occupant comfort such as temperature and
CO2 concentration. As this model is used to forecast expected energy consumption in
the OU44, we refer to it as well in Section 5.1.

EnergyPlus model

Full details about the EnergyPlus model in the OU44 building are given in Section
5.1.2. A BIM was developed by the consultant to aid OU44’s construction. However, as
the BIM was not developed with the aim to be used for energy simulation, it did not
provide any added value. Because of this, the building’s geometry and construction
materials were initially captured in representative models, which were afterwards used
as input for the development of the EnergyPlus model. The completed EnergyPlus
model represents the building’s installations specifics, and it has been calibrated based

1The original figure was created by Center for Energy Informatics, SDU.
Acknowledgment added after publication date.
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on past weather data and occupancy data.

4.3.2 Brick model

Seeing as the Brick model was developed in parallel with LEAF, its development was
indirectly led by the requirements of LEAF. Thus, given that all other processes within
LEAF depend on the metadata of the building, the Brick model was developed as
a REST web service. This way, requests can be made for the execution of existing
queries, by all other LEAF microservices. Presently, queries are stored within the Brick
microservice, each of them identified by a specific string. When external services re-
quest the execution of a query, they specify its ID string in the requesting URL. Future
enhancements of this web service involve enabling structuring the queries within the
requesting URL, instead of using a specific ID per query.

During the development of LEAF, a Brick model was developed containing only
representative metadata, which captured all subsystems in the buildings. However, it
did not contain all of the possible test sites. The representative model also contained
properties of time series identifiers for input time series, and output time series (which
were highlighted in Section 3.5) attached to every component, for each sensor and
meter it contained. The Brick model containing all representative metadata, including
the extension of time series identifiers, yielding a total of 12482 relationships. In a setup
of a REST web service, The Brick graph is expressed using an RDF triple-store which
supports definition of classes and subclasses of entities (i.e., the nodes and edges).
Using SPARQL, relevant metadata for each PT could be extracted in a timely fashion.
Execution of these queries rarely took more than 100ms. Once the Brick model was
enhanced to contain all of the test sites of the OU44 building, however, the number of
relationships grew to 23359. Execution of the queries took significantly longer, span-
ning up to 20 hours for a query containing all the CO2 sensors in the building. This is a
known problem, with an existing solution for optimising the query time. By employing
another type of database for Brick metadata, namely HodDB, queries can take up to
100ms, thus increasing the usability of the REST service [153].

4.4 Dashboard application for the OU44 building

A dashboard application for live performance monitoring for the OU44 building was
developed in C# using the ASP.NET Web Forms framework. OU44’s building manager
is offered subsystems to monitor, as well as settings related to the execution of LEAF.
Screenshots of the Dashboard application can be seen on Figure 4.3 and Figure 4.4.
The functionality this Dashboard offers are summarised as follows, and each of the
subsequent paragraphs elaborates on these functionalities in order.

• Dashboard tab providing a general overview of the building’s performance, using
floor plans.

• Separate tabs for applicable PTs where the user can view results from PTs for the
applicable test sites.
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FIGURE 4.3: Screenshot of the Dashboard Application using LEAF’s
implementation, showing a floor map with PT results from CO2 for

different rooms

• A tab for setting preferred expected performance modelling technique.

• A tab for setting and specifying alarms/flags.

• A tab for upload and processing of BR models.

The Dashboard tab (Figure 4.3) provides the user with a selection of views of floor
plans for all floors in the building. The user selects a PT and a floor, enabling a view of
all applicable test sites for the chosen PT for the selected floor. Figure 4.3 shows live
results of the PT for CO2 concentration for rooms on the second floor, as all rooms are
instrumented with a CO2 sensor. When an energy related PT is chosen (e.g. energy
consumption from lighting), the meter the PT tests likely measures an area greater than
a single room, thus its representation on a floor plan requires additional processing. To
discover all rooms that are metered by the chosen meter, the Metadata Model Miroser-
vice is called. As LEAF’s Operational Performance Microservice (OPM) generates a
result for every data point it receives, the Dashboard subscribes to time series using
the Data Storage Microservice, containing the observed and expected performance,
generated by the OPM and the microservices forecasting expected performance. By
comparing these two values, the Dashboard application decides whether the PT has
passed or failed. If the test passes, the area on the figure is coloured green. If the test
fails, the Dashboard decides on the degree of deviation of the observed performance
from the threshold, and an appropriate colour is chosen in the gradient from green to
red.

Each PT LEAF offers is individually represented by separate tabs within the dash-
board application. The user is able to choose a test site, and view a live bar chart
comparing the observed performance with the threshold. An additional graph as
shown on Figure 4.4 shows a comparison between observed and expected perfor-
mance over the last three days. This graph is refreshed periodically to capture any new
results.
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FIGURE 4.4: Screenshot of the Dashboard Application using LEAF’s
implementation

The tab for setting preferred expected performance modelling technique allows the
user to manually set a modelling technique used by OPM. This tab gives the user the
option to override OPM’s default modelling technique, which is AFM, with another
microservice.

The module for setting up flags and alarms allows the user to specify how large
a difference between expected and observed building behaviour is considered faulty.
Building managers may have different preferences for thresholds for different PTs. Thus
the user is allowed to specify these values for each PT individually. The Dashboard
application through its connections with the operational performance and expected
performance time series is able to calculate the difference between these two values,
thus raising an alarm when needed.

Finally, the module regarding the BR model allows the user to upload specifications
as created by the BR modelling tool. This model is parsed in a way that converts yearly
BR values to data points with high temporal resolution, and afterwards posts them to
sMAP using one DSM, presented in Section 3.4.2.

As the complete Brick model takes a significant amount of time to execute queries in
its current RDF representation, currently the results of the queries are cached within the
Dashboard application as JavaScript Object Notation (JSON) files. If the file exists, the
application simply reads the .json file and finds the necessary time series identifiers to
query operational, simulated, and performance testing results. If the file does not exist,
a call to the Brick microservice (MMM) is made. A shortcoming of this solution is that if
there are changes in the metadata model, the .json file would not necessarily be updated.
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4.5 Detected faults using LEAF

Throughout the usage of LEAF and the Dashboard application, failed PTs have alerted
us to faults in the OU44 building. Investigating these faults has led to the discovery
of faults in wiring, malfunctioning sensors, and poor practice during the building
operation. The following sections present these findings.

4.5.1 Malfunctioning sensors

As mentioned in Section 3.5.1, a variety of issues with data may emerge when per-
forming live evaluation of a building. In the OU44 building, we were able to detect
large discrepancies in incoming data of CO2 sensors. As shown on Figure 4.5, data
points were in the range of 230ppm - 350ppm for a period of an entire week. This
range is significantly below the global average atmospheric CO2 in 2017, which was
405.0ppm [154]. While it is important to note that CO2 sensors often have an error of
± 125ppm, these significantly reduced values persisted throughout an entire month.
These faults were discovered after prolonged absence of PT results for CO2, which
indicated at either lack of data points, or data points outside the acceptable range. Upon
further investigation it was discovered that these CO2 sensors were malfunctioning.
The sensors were removed from the building and were replaced.
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FIGURE 4.5: Example of data measured by a malfunctioning CO2 sensor
in one room in the OU44 building

4.5.2 Faults in the Basement of OU44

This section presents a discover fault in the wiring of meters in te OU44 building,
detected through a lighting electricity consumption PT in the basement. The fault was
detected during the early stages of LEAF, thus we have only used the BR model for
forecasting te expected performance. Figure 4.6 shows results of performance testing
of the lighting in the basement from February 2016 until the beginning of January
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2017. The initial value for expected performance was obtained using the BR model,
as a function of the light electricity consumption per m2, multiplied by the total area
of the basement which is 1818 m2. We thus get the initial expected performance of
587 kWh/14 days. To factor in errors, we deliberately overestimate by adding 10%
to the original value, achieving a threshold of 645 kWh/14 days. The results show a
significant amount of data points representing operational performance, that are higher
than the threshold.

Seeing as many of the results are significantly higher than the threshold, there was
suspicion that there could be additional sources feeding into the meter labelled as the
meter for electricity for lighting in the Basement. We applied a procedure to detect
the existence of unknown components that consume energy under a particular meter
using the Brick model. The essence of the procedure lies within the calculation of the
theoretical limit for energy consumption for the meter the instantiated PT is run for,
based on metadata - that is, a detailed array of the hardware which consumes electricity
from lighting. By taking into account the maximum wattage for each component and
assuming their simultaneous activity, we calculated a theoretical limit. From here, if
the calculated operational performance exceeds the theoretical limit, then there likely is
an additional component being measured by the meter. It is also possible that there is
an inconsistency in the metadata model.

Using this procedure, we constructed a Brick query which extracted all the light
sources in the Basement. We post-processed the resulting queries to extract the wattages
of all light sources, and arrived at the theoretical limit, i.e. the electricity consumption
that would be achieved if all light sources were on. This summed wattage for all light
sources in the basement was 3355W. We then calculated that the theoretical limit is 1127
kWh/14 days. Considering there are still data points higher than the theoretical limit,
the suspicion that there was an additional source feeding into the basement electricity
meter was confirmed.

To further investigate these additional components, we constructed a Brick query
extracting the components which were being measured by the basement light meter.
The query resulted in 117 components of which 8 were found to be emergency lighting
(which were not on during the time frame under analysis). Further processing revealed
that of the 109 remaining components two were not associated with a specific room.
Reviewing the technical documents revealed the existence of a green wall and outdoor
lighting components that were measured by the same meter. With this discovery, the
reason for the fault of the basement was found to be a faulty wiring issue. After alerting
the building managers, the outdoor lighting and the green wall were wired to a separate
meter. The metadata model was changed accordingly.

4.5.3 Faults in one of the floors of OU44

This section presents faults with excessive energy use from lighting in the OU44 build-
ing. We narrow down the area of fault by separately testing time series data for the
submeters under a meter on the floor. The fault was detected during the early stages of
LEAF, thus we have only used the BR model for forecasting the expected performance.
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FIGURE 4.6: Basement lighting electricity consumption in the OU44

The Parterre in the OU44 building is the name of a floor, with one meter measuring
the electricity consumption from lighting, and two additional submeters for electric-
ity consumption from lighting measuring the south and north halves of the Parterre.
Throughout the use of LEAF on this floor, there have been times when faults have been
detected. The results from performance testing for a year for lighting in the Parterre
floor are given in Figure 4.7.

The values for expected performance were obtained as a function of the areas
the meters measure, and the expected consumption based on the BR model. As the
areas are 1360 m2 and 945m2 for the south and half floor respectively, the expected
performance values are 440 kWh/14 days and 306kWh/14 days respectively, while
the overall floor’s expected performance is 746 kWh/14 days. Considering there is
submetering for lighting in the Parterre, we applied a procedure to identify an area in
which the fault may be, to narrow down the pool of possible faults. Thus we performed
the test separately for the two half floors. For the failed test in June, it is evident that
the PT for lighting consumption for the north half fails, while the south one doesn’t,
eliminating the area of the fault to the north half floor only. This insight allows the
building manager to rule out half the floor when attempting to diagnose the fault. The
suspected reason for the fault are changes in occupancy patterns of the building close
to the exam period.

4.6 Example and challenges of energy/occupant tests

The fourth category of PTs as elaborated in Section 3.3.2 evaluates ratios of energy
consumption and occupancy counts, to determine whether the buildings’ facilities
are used optimally. For example, a room intended for 50 occupants would use the
same electricity for lighting for 2 occupants, and for 50. Evaluating these ratios may
enable improved scheduling of use of rooms. To preserve maximum occupant comfort,
optimal energy use, while maintaining the standards for fire safety in the building, the
expected performance for this type of PT is obtained as the ratio between the expected
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FIGURE 4.7: Parterre lighting electricity consumption in the OU44

energy use in the building, and the number of occupants the room is intended for.

Figure 4.8 presents an example of the results from such a test conducted for one
of the study rooms in the OU44 building. Observed performance was calculated as
a ratio of the hourly electricity consumption and mean counts of occupants derived
from cameras. PTs that evaluate energy consumption do this by calculating operational
performance for energy consumption over a time interval. Lowering the temporal
granularity of electricity measurement to sub-hourly values is infeasible. Monitoring
small time intervals of energy consumption may be tricky. This is primarily because
the current energy meters in the OU44 building are not so sensitive as to track used
electricity sub-hourly intervals. The expected performance was derived as a ratio
between the expected electricity from lighting according to the BR model’s requirements
for kWh / m2 times the area of the room, and the room’s property of being intended
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FIGURE 4.8: Electricity consumption for lighting per occupant for a
single test room in the OU44 building

for 60 people.

4.7 Summary

This Chapter documented the application of LEAF onto a case study building. LEAF
has been used to develop a Dashboard application using which the behaviour of
the OU44 building can be monitored. The Chapter documented several examples
of discovered faults in OU44’s operation. In one instance, LEAF discovered a set of
malfunctioning CO2 sensors. In another instance, LEAF discovered incorrect wiring of
the outdoor lighting with the basement’s lighting meter.
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Chapter 5

Threshold Modelling for
Performance Testing

This Chapter examines available techniques for modelling the expected performance of
buildings to derive thresholds for PTs. The primary categorisation among modelling
techniques, as presented in Chapter 2.1, are Physical/Deterministic models, and Data
driven models. Many countries additionally pose requirements for buildings’ expected
behaviours depending on the building’s specifics [21]. This Chapter presents details
for the development of two Physical/Deterministic models, and two Data driven
models. Data used to calibrate and train the models are taken from the OU44 building
presented in Chapter 4. The accuracy, speed of development, and speed of forecast of
these models are compared and contrasted. Based on this comparison, this Chapter
presents an algorithm for choosing a forecasting technique of expected behaviour for a
given PT, suggested as a separate microservice as described in Chapter 3. This Chapter
covers previously published work in papers [29, 30, 35].

5.1 Techniques for building performance forecasting

The pursuit for optimal building performance brings with it numerous challenges.
Forecasting the expected performance of a building is useful for achieving optimal
performance as it allows for analysis of historical performance, but also predictive con-
trol and maintenance through forecasting future performance. New technological and
innovative advancements in industry imply the increased complexity of modelling the
performance of buildings. This complexity stems primarily from the increased number
of factors affecting the performance, such as thermal properties of building materials;
installations of HVAC systems, lighting, heating, and the interactions between them;
the building’s architecture; as well as the behaviours of its occupants [155].

Numerous attempts exist to develop computer-aided techniques for energy analysis
in buildings. These types of techniques fall into the group of Physical/Deterministic
models, as they strive to capture the relationships of the installed systems in the build-
ing by modelling many of their physical aspects. Some of the most prominent computer
softwares are EnergyPlus [87], ESP-r [88], TRNSYS [89], Modelica based environments
[90], etc. Comprehensive reviews on energy performance simulation techniques in
buildings are presented by Al-Homoud in [156], and Crawley et al. in [157]. However,
considering the aforementioned difficulties with modelling all physical aspects of a
complex cyber-physical system such as a building, experimentation has been done
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using data driven techniques for simulation of building performance. A comprehensive
review of data driven techniques is given by [64]. A more general review encompassing
both types of modelling techniques is presented in [158]. The findings available in the
aforementioned reviews have been motivators for the choice of techniques used for
studying modelling techniques for expected performance in light of real-time perfor-
mance testing.

Four modelling techniques have been chosen: (1) the Danish government reg-
ulations, which provide a static, configurable, physical model of a building, (2) an
EnergyPlus model of the OU44 building, (3) an Autoregressive Integrated Moving
Average (ARIMA) model, and (4) a Long Short-Term Memory Network (LSTM). The
following subsections give details regarding the experimental setup for each of these
models.

5.1.1 Danish Government Regulations - BR

As the OU44 building is located in Denmark, we have chosen to include the Danish
regulations for buildings within this study. The 2010 building regulations in Denmark
introduce targets for years 2010, 2015, 2020, for permissible energy consumption. Along
with these targets, the Danish Building Research Institute provides a software tool
which has been developed to calculate the energy requirements from heating, cooling,
lighting, ventilation, and domestic hot water [112]. Throughout this Chapter, we refer
to this tool as "BR model" (Building Regulations). The BR model does not take into
account indoor climate and focuses only on the energy demand, to ensure compliance
with energy requirements. The tool enables the user to define static parameters for
the building’s subsystems as well as construction-related specifics. However, major
assumptions are adopted regarding the loads, schedules and set points. The effect of
the weather conditions and the occupancy behaviour are neglected.

The BR modelling tool calculates a value of expected energy consumption for each
month. Considering LEAF is intended for real-time performance testing, we modify
the frequency of the data points and convert it to hourly data points within our experi-
ments. To increase the granularity of the simulated data by the BR model, we use the
same assumptions made within the BR model. We refer to this modification in the data
frequency as "upsampling". The assumptions made within the BR model state that
an office building will operate for 5 out of 7 days in the week; that the working hours
are 7am-5pm; that no occupants will be present in the building during non-working
hours. Given these assumptions, using linear interpolation, we increase the temporal
granularity of the BR simulated time series to an hourly frequency.

Considering that the BR tool is not open-source, the only way to extract the simu-
lated values it generates, is through XML. While this implies easy integration with the
LEAF, it also highlights the fact that integrating the BR tool with additional intelligent
software for buildings might be complex. Furthermore, the severe upsampling required
in order to bring the monthly values in a state where they can be used in real-time is
one of the causes for large error estimates in the expected performance simulated with
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the BR model.

5.1.2 EnergyPlus modelling

Chapter 2 presented the state of the art white box modelling engines, as well as exam-
ples of using these models for various tasks. Several white box modelling engines were
highlighted, including EnergyPlus, ESP-r, TRNSYS, etc. While any of the aforemen-
tioned engines can be used for producing white box model based simulations, for this
study, we have chosen an EnergyPlus model, as it was available and calibrated. In ad-
dition, EnergyPlus is free, well-established and validated, with documented powerful
capabilities in simulating the detailed and accurate building operation. The EnegyPlus
model takes into account various building characteristics; such as building type and
location, weather conditions, orientation, and geometry, thermal envelope properties,
building use, energy systems, building services, as well as occupancy behaviour and
schedules. EnergyPlus models require the modelling of the building’s geometry and
materials used for its construction. Thus, Sketchup Pro and OpenStudio have been
additionally used, to develop a 3D representation of the building. The developed
EnergyPlus model for the OU44 building has 190 thermal zones, spanning across three
floors and a basement. It contains a district heating loop for heating supply and 4
ventilation units with heat recovery wheels and preheating loops as implemented in
the OU44 building [159].

The EnergyPlus model developed for the OU44 building was calibrated based on
historical data from the OU44 building. Simulated data cover a time period from
October 2016 to May 2017. Using the EnergyPlus model, we have set up simulated
data for the overall electricity consumption of the building, the lighting system, the
ventilation system, and each ventilation unit individually. Four separate test rooms
have also been simulated for their temperature and CO2.

The EnergyPlus model simulation for this paper has been done through a Functional
Mock-Up Unit (FMU) simulator, described by Mattera et al. [160]. This simulator
utilises readily available weather and occupants data to run simulations with a previ-
ously developed and calibrated FMU. The results from the simulation from the FMU
EnergyPlus model were returned to the sMAP archiver [44], from where they could be
queried for the necessary experiments.

5.1.3 Data driven modelling with ARIMA

One of the most basic and general form of time series forecasting is the Autoregressive
Integrated Moving Average (ARIMA) model. The ARIMA model is a class of statistical
models used to analyse and forecast time series data [161]. ARIMA relies on transform-
ing the time series data to be stationary through a process of differencing. A time series
is assumed stationary if all its statistical properties are constant over time. The ARIMA
equation is a linear equation where the input consists of lags of the dependent variable
along with lags of the forecasted error. This equation can be represented as:

Output y = constant + weighted sum of one or more past values of y
+ weighted sum of one or more past values of error r
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Hence, the ARIMA model is divided into three parts: AR (autoregression), I (inte-
grated), and MA (moving average). For each three aspects of the model, three separate
variables exist that are used as parameters to configure the model. These parameters
introduce a number of lag observations in the model (parameter p), number of times
the raw observations are differenced (parameter d), and the size of the moving average
window (parameter q).

A popular review [64] finds that ARIMA might be preferable to ANN for their
simplicity, considering several case studies show minimal differences in the accuracies
achieved using ANN and ARIMA. Here, we developed an ARIMA model using the
Python-based library scikit-learn [162]. To discover the p, d, and q parameters, we de-
veloped a script that searched the field of possible configurations of the ARIMA model
with a grid-search algorithm, to find the configuration of the three parameters that
would yield the lowest estimated error. The chosen parameters for the ARIMA model
are 2,1,0 respectively. After setting parameters for p, d, and q, the model was trained on
historical data of the building for every experiment individually. The division between
training and testing data has been in ratio 2:1, i.e. to forecast a month of data, the model
has been trained using the previous two months.

From a software perspective, the model is easily integrateable with LEAF when
developed as a microservice. Thus, it can be used so that it generates predictions of
the expected performance in real-time, using which real-time thresholds for PTs can be
calculated.

5.1.4 Deep Learning with Long Short-Term Memory Networks

Recurrent neural networks are a powerful type of neural network designed to handle
sequence dependencies. Recurrent neural networks are a part of deep learning, as a
broad family of Machine Learning (ML) techniques. Deep learning has been widely
used in computer vision, speech recognition, natural language processing, and a vast
variety of medical analyses along with problems in cyber-physical systems, as well as
time series forecasting.

A well-known class of ML techniques under the deep learning category is the LSTM
network. LSTM is a frequently used technique because very large architectures of re-
current networks can be successfully trained, and the execution time for the training of
these models is not overly demanding. A recurrent neural network is a neural network
that takes as input not just the current example they see, but also what they have
perceived previously in time. Figure 5.1 shows an example of an unrolled recurrent
neural network A, taking an input xt and outputting a value ht [163]. LSTM networks
keep contextual information of the inputs by integrating a loop allowing information
from one step to flow into the next. The more training iterations have passed, the less
likely it becomes that the next output will depend on very old input. This makes LSTM
networks an attractive candidate for capturing the patterns of time series data.

Several authors have also used it in research contexts to perform short and medium
term predictions of energy loads in buildings [164, 165, 166]. Though the results seem



5.2. Evaluation of accuracy of modelling techniques 69

ht

A

xt

 =

h0

A

x0

h1

A

x1

ht

A

xt
 . . .

FIGURE 5.1: Conceptual diagram of recurrent neural networks

promising, and in some cases more accurate to other techniques such as physics-based
models or traditional ANN, Marino et al. in [164] present experimental findings demon-
strating that the LSTM network had lower accuracy at one-minute resolution data,
while performing well in one-hour resolution data.

The implementation within this study has been done using the Keras library for
deep learning (Keras: The Python Deep Learning library [167]), which further uses
the library TensorFlow, an open source ML library [168]. Models have been set up to
be trained using 100 epochs. An epoch is a single iteration over the training data. As
the training of the LSTM network was done iteratively, for each epoch the accuracy
of forecast was calculated. As the LSTM network is used for different types of data
(electricity, indoor climate), a different number of epochs may be necessary for different
data streams. We chose 100 epochs as a sufficient number of iterations to see the
training RMSE stuck in a minimum.

5.2 Evaluation of accuracy of modelling techniques

5.2.1 Statistical metrics used in evaluation of accuracy

There are various ways to explore accuracy of a model, and all of them involve a
comparison between the time series of forecasted and observed values. We have chosen
two scale-dependent error estimates, to make a comparison between the models for
each simulation for every time series, i.e.: Mean Absolute Error (MAE), and Root Mean
Squared Error (RMSE) [169]. We have chosen to work with RMSE as it is widely used
in environmental literature and assessing performance of models, however the MAE
has been shown to be a more natural measure of average error, and was thus included
in the study as well [170]. Initially, Mean Absolute Percentage Error (MAPE) was also
used, however, as hourly energy consumption can have values of 0 kWh, this leads to
division by 0, rendering this error estimate unusable.

5.2.2 Results and comparisons

Table 5.1 presents error estimates from the four forecasting techniques. The experiment
for accuracy of forecasts from the four models has been done by comparing a month’s
data points of forecasted values, and the operational data. The results from the BR
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model generally have the highest error estimate. This is understandable as this model
is intended to produce a rough estimate of buildings’ subsystems’ performance on a
coarse temporal level. It is thus used only as a means of compliance with government
regulations, and is generally unfit for real-time performance testing where more ac-
curate estimations of buildings’ expected performance would yield greater benefits.
This model further has the shortcoming of not being able to simulate any aspect of the
behaviour of the indoor climate in the building, as it isn’t a part of its functionality. In
Table 5.1 the values which the BR model is unable to forecast have been labelled with
N/A.

EnergyPlus generally shows improvements in accuracy compared to the BR model.
There are lower error estimates when forecasting electricity consumption (in both the
four ventilation units of the OU44 building and overall electricity consumption) and
temperature of four test rooms. However, forecasting CO2 and temperature data tends
to be less accurate. This is further shown on Figure 5.2 and Figure 5.3.

Table 5.1 shows a comparison between ARIMA forecasts and forecasts from the
LSTM network. On average, the ARIMA error estimates appear to be lower than the
LSTM error estimates. This is not the case for 3 out of the 13 cases presented in Table
5.1. However, the error estimates are still very close to each other, outlining the fact
that these models generally yield very similar values for RMSE and MAE. Figure
5.4 and Figure 5.5, show a graphical comparison between the simulations from the
four different models. Figure 5.4 shows a comparison between all models and the
simulated values for a week of building data for overall electricity consumption. It is
evident that the BR model vastly overestimates the total electricity consumption of the
building. Seeing as this model is used only to check whether the building complies
with government regulations, however, it seems feasible to use it in the initial stages
after handover. Figure 5.5 shows a comparison between all the models for the electricity
consumption of Ventilation Unit 1. This graph shows that ARIMA sometimes may
follow the trend into negative values, which is obviously inaccurate in forecasts related
to energy consumption (as electricity consumption cannot be a negative number,). This
implies the ARIMA model can be further improved. Finally, Figure 5.6 is intended as a
comparison between ARIMA and LSTM as they have error estimates of similar degree.
It is clear that LSTM is generally more resilient to the spikes in the data, and may thus
be perceived as more appropriate for building data with questionable quality.

5.3 Evaluation temporal requirements for development and
forecast modelling techniques

Given the differences in the four modelling techniques introduced in Section 5.1, to
discuss the execution time of obtaining forecasted values, we reflect on three separate
aspects of the modelling and forecasting processes. Each of the techniques will be
evaluated according to (1) the necessary time it takes to develop or train the model
(development for BR and EnergyPlus, and training for ARIMA and LSTM), (2) the
time it takes to produce a batch forecast for approximately a month’s data points, and
(3) the time it takes to forecast a single new value. The relevance of the elapsed time
for training/development of the models is in aiding the decision making processes in
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TABLE 5.1: Error estimates from the output of the four models for the
case of different PTs

Performance test
BR EnergyPlus ARIMA LSTM

RMSE MAE RMSE MAE RMSE MAE RMSE MAE

Overall electricity
consumption

(kWh)
111.871 66.883 17.525 13.256 4.429 2.764 5.061 3.110

Ventilation
electricity Unit 1

(kWh)
2.977 1.698 2.977 0.863 2.977 0.257 0.536 0.339

Ventilation
electricity Unit 2

(kWh)
3.005 1.646 2.052 1.164 1.551 0.829 1.583 1.041

Ventilation
electricity Unit 3

(kWh)
4.164 2.111 4.845 2.332 4.131 1.923 3.647 1.930

Ventilation
electricity Unit 4

(kWh)
4.377 2.345 4.456 2.331 4.417 2.123 3.3873 2.051

CO2 (ppm)
Test room 1

N/A N/A 162.578 104.226 80.835 41.311 78.603 40.263

CO2 (ppm)
Test room 2

N/A N/A 140.269 107.260 34.862 18.711 36.575 20.911

CO2 (ppm)
Test room 3

N/A N/A 135.230 95.22 43.897 23.505 43.202 24.711

CO2 (ppm)
Test room 4

N/A N/A 86.051 49.898 52.692 23.534 51.553 24.833

Temperature (◦C)
Test room 1

N/A N/A 4.260 3.497 0.389 0.236 0.397 0.234

Temperature (◦C)
Test room 2

N/A N/A 1.349 1.103 0.149 0.086 0.155 0.102

Temperature (◦C)
Test room 3

N/A N/A 1.342 1.036 0.114 0.081 0.114 0.082

Temperature (◦C)
Test room 4

N/A N/A 1.600 1.272 0.361 0.211 0.378 0.216
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FIGURE 5.2: Comparison between ARIMA, LSTM, and EnergyPlus for
CO2 in a test room
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FIGURE 5.3: Comparison between ARIMA, LSTM and EnergyPlus for
temperature in a test room

terms of acquiring the various models for a building. Batch simulations are needed
for posterity, in terms of retrospective analysis of the building’s operational data, as
well as for FDD processes. Finally, the execution time of forecasting a single new value
is relevant in terms of real-time performance testing, when a new forecasted value is
required for every arriving data point representing operational data as a part of LEAF.

5.3.1 Temporal requirements for training and development of models

The different nature of the models implies a difference in the process for their develop-
ment. The BR model is created using a software tool where the building’s parameters
are given as input manually. This tool additionally takes into account the geometry of
the building which must be developed beforehand. The development of the model
given a trained professional and easy access to all data can take anywhere from a few
days to a few weeks.
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FIGURE 5.4: Comparison between forecasts from models for total elec-
tricity consumption
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FIGURE 5.5: Comparisons between models for electricity consumption
from Ventilation Unit 1

On the other hand, development of EnergyPlus models can be complex depend-
ing whether metadata for the building is kept in digitally structured formats. The
full development given the EnergyPlus enabled modelling tools can take anywhere
from a week to several months with a trained professional. The greatest difficulty in
developing EnergyPlus models stems from the necessity of highly detailed building
specific information. Such information exists in a variety of formats, such as archi-
tectural drawings, PDF documents, Excel sheets. Often, certain building specifics are
not documented digitally, but are instead only known by facility managers respon-
sible for the buildings. The heterogeneity in representation of building information
poses numerous challenges, both in terms of reliability of the information, but also in
terms of effectiveness of its extraction and implementation within EnergyPlus models.
Furthermore, EnergyPlus models yield high error estimates without their prior calibra-
tion. Calibrating an EnergyPlus model requires historical data of the building, and the
process is manual. This process may take anywhere between a day to a week with a
trained professional.
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FIGURE 5.6: Comparison between ARIMA and LSTM for total electricity
consumption in a one room

For ARIMA, LSTM, and other data driven techniques, the initial hurdle is the
discovery of the parameters to set up the models. These are namely the p, d, and q
parameters for ARIMA, and many more for LSTM, such as values for epochs, samples
per gradient updates, choice of optimisers, etc. Such parameters typically are discov-
ered with initial manual experiments to discover which configuration of values seem
to yield the highest accuracy, with grid-search algorithms as was implemented for the
ARIMA model, or more advanced techniques such as evolutionary algorithms. This
initial process requires some knowledge of the data’s behaviour and experience with
the professional performing the experimentation. It is expected that the search for
the set up of data driven models takes anywhere between 1-7 days. However, once
the model set up is complete, training the models with data is fairly fast. Training
an ARIMA model with known parameters takes approximately 90-100 milliseconds
(ms). This number is significantly lower than LSTM’s time to train, where the fitting
time and training time together given 100 epochs take approximately 200-300s. The
increased elapsed time is due to LSTM’s nature as a recurrent neural network and
the 100 necessary iterations. The results performing experiment for the fitted LSTM
network are shown in Table 5.2.

5.3.2 Temporal requirements for forecasting a month’s data points

As the BR model delivers 12 values for each year, acquiring a monthly set of values
requires upsampling these values to fit the temporal granularity that is required for the
time series of operational data. The elapsed time it takes to perform this upsampling
operation is given in Table 5.2. Acquiring a month’s value is a matter of querying a
subset of the array containing the upsampled values, which takes a negligible amount
of time. EnergyPlus models perform simulations for longer spans of time, and are
rarely used to work in real-time, or even shorter time intervals than a year. The time it
takes to generate yearly EnergyPlus simulation is approximately fifteen minutes. After
this, data points can be queried for smaller time intervals.
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For the ARIMA model, after fitting and training the model, forecasting a month
given the aforementioned implementation takes anywhere between 20-40s as shown
on Table 5.2. For the LSTM network, on average 10ms are required to produce a month
of forecasted values.

5.3.3 Temporal requirements for forecasting a single data point

Obtaining a threshold for real-time performance testing requires a single data point
representing expected performance to be forecasted at every instance of a newly ac-
quired data point within the data stream that is being evaluated. As the BR model
and EnergyPlus simulate batch values, these simulations would need to be executed in
advance. This implies that acquiring a single forecasted value would be equivalent to
making a query to the database where they are stored (in this case, the sMAP archiver).
These values for the BR model and EnergyPlus are given in Table 5.2.

It is possible, however, to use EnergyPlus models for real-time performance eval-
uation. Pang et al. in [74] successfully develop a workflow, using which EnergyPlus
models can be fed variables for the recalibration of the model in real-time, generating a
new value every fifteen minutes. The integration of this solution within a more general
framework for performance testing solution, such as LEAF, however, would be non-
trivial. The difficulty of this primarily stems from the format in which the EnergyPlus
model is delivered, the mapping between the different variables comprising the model,
and the actual components in the building.

Given a trained LSTM model and forecasting only one additional data point, as
would be the case for real-time expected performance modelling, takes a negligible
amount of time of less than 0.1ms. Furthermore, the ARIMA forecasts typically took
approximately 0.003s.

5.4 Comparison between forecasting techniques

Despite the accuracy of the results from the forecasting provided in Section 5.2, it
is difficult to absolutely claim that any of the approaches is better than the others,
considering they all have advantages and disadvantages. Each of the models is useful
in its own way for its intended purposes, and as such it is imperative to be mindful of
what it is being used for. Table 5.3 offers a concise summary of the main advantages
and disadvantages of these models.

EnergyPlus models have a significant transparency into the workings of buildings
as they are based on the building’s physical interactions. Each subsystem is mod-
elled separately and the greatest focus falls upon the prediction of interactions among
components. Because of this quality, EnergyPlus models are highly useful when it
comes to FDD processes, as the models can be used to simulate faults so that their
effects can be examined on a whole-building level. While these models can be used to
simulate the ordinary behaviour of a building given the model’s specifications, they
can further be used to simulate specific scenarios. By having various simulations that
examine situations where one or several components are malfunctioning completely
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TABLE 5.2: Elapsed time for upsampling, querying, or training models
for a month’s worth of values

Performance test
BR (upsam-

pling)
ARIMA

(training)
EnergyPlus
(querying)

LSTM
(training)

Overall electricity
consumption (kWh)

0.849 0.124 28.27 223.774

Ventilation electricity
Unit 1 (kWh)

1.072 0.139 18.975 263.671

Ventilation electricity
Unit 2 (kWh)

0.930 0.216 19.496 209.436

Ventilation electricity
Unit 3 (kWh)

1.869 0.77 15.533 259.930

Ventilation electricity
Unit 4 (kWh)

2.881 0.245 49.605 198.443

CO2 (ppm)
Test room 1

N/A 0.121 36.344 239.785

CO2 (ppm)
Test room 2

N/A 0.215 48.654 295.634

CO2 (ppm)
Test room 3

N/A 0.193 28.873 307.739

CO2 (ppm)
Test room 4

N/A 0.372 40.439 290.941

Temperature (◦C)
Test room 1

N/A 0.359 40.439 275.514

Temperature (◦C)
Test room 2

N/A 0.283 27.626 227.960

Temperature (◦C)
Test room 3

N/A 1.594 45.131 135.797

Temperature (◦C)
Test room 4

N/A 0.73 38.22 234.294

or to a degree, it is possible to discover a correlation between the observed behaviour
and the simulation of the fault, essentially aiding FDD. For example, if based on the
observed data there is reason to doubt that a ventilator is malfunctioning, then using an
EnergyPlus model it is possible to simulate the energy consumption for the ventilation
unit given a malfunctioning ventilator, by simulating a scenario where the ventilator
operates at efficiency lower than its design value. If the simulated values correlate
to the observed performance of the building, then this would be an indicator of the
ventilator being faulty in that specific ventilation unit. However, this level of detail
also comes at the cost of a higher complexity of development of the models. In some
cases the creation of EnergyPlus models for complex buildings may take months. It is
often possible that the size of the building and the complexity of its subsystems are not
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positively correlated, thus the only true factor for the estimation of necessary man hours
for the creation of EnergyPlus models is complexity of the setup of the components
in the building. Furthermore, EnergyPlus models require calibration, which poses a
requirement for historical operational data, as well as human verification that the data
is representative of correct behaviour.

The BR model primarily serves as a regulation, intended to determine whether the
building complies with government standards. As it does not require any historical
data to be trained, it is ideal for rough estimates to determine whether there are major
faults in the building or mistakes in construction. As buildings in Denmark are required
to have a BR model at handover, this model can serve as a base model, one to fall back
on in events when other models are unavailable either due to lack of historical data, or
lack of additional models as a whole.

Subsection 5.3.1 outlines that EnergyPlus models generally require longer time to
develop in comparison to development and training time of ML models for simula-
tions of time series data. This conclusion, paired with the requirement for historical
data to calibrate the EnergyPlus models, renders them generally unfit for real-time
performance testing if the granularity needed for performance testing is lower than 15
minutes [74]. If an EnergyPlus model is able to be calibrated, this implies the existence
of historical data. This same data can be used to train ML techniques to forecast the
building’s behaviour with faster and more accurate results.

For data driven forecasting methods, the time elapsed for forecasting a single data
point using both ARIMA and LSTM is generally very similar. Thus, in light of real-time
utilisation of streaming operational data for performance testing, both ARIMA and
LSTM are faster and more accurate than both the BR model and EnergyPlus. However,
considering retraining of these models would need to be performed to capture seasonal
effects of the data (such as semester and holiday seasons in a university building like
OU44), ARIMA might be more suitable given its shorter training time.

Considering Table 5.3 and all the advantages and disadvantages different modelling
techniques have, it is important to note that there doesn’t need to be a single modelling
technique employed, but instead several could be employed simultaneously. Crawley
et al. in [157] state that many users of tools modelling buildings’ behaviour rely on
only one modelling tool, treating it as the final and complete modelling tool for the
whole building. However, models must be developed to answer specific questions, and
most often they lack the capabilities to address a plethora of unrelated problems. The
authors in [157] instead suggest the expansion of the suite of techniques used within a
single building, as different techniques offer different benefits.

5.4.1 Algorithm for choosing best modelling technique for PTs

As mentioned in Section 5.4, it is advised that building owners and building managers
do not rely on a single simulation technique for all of the simulation needs in a building.
Considering this, as well as LEAF’s goal to enhance portability in performance testing
applications for buildings, this section presents an algorithm for choosing the most
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TABLE 5.3: Summarised comparison between advantages and disadvan-
tages of forecasting techniques for performance testing

EnergyPlus BR regulations ARIMA/LSTM

A
dv

an
ta

ge
s

• Offers excellent in-
sight into the intricacies
of the building and thus
is superior than the rest
for FDD
• Possibility to integrate
into LEAF so that the
forecasts are real-time.

• Does not require any
historical data from the
building
• Simplicity of creation
and usage
• Ideal for a quick and
rough check whether
the building complies to
government regulations

• Improved forecast-
ing accuracy compared
to the other two ap-
proaches
• Easy integration into
LEAF as a microservice
• Real-time forecasting
results
• Simplicity of creation
and use

D
is

ad
va

nt
ag

es

• Longer periods of
time required to de-
velop the model fully
• Intimate knowledge
and trained personnel
required to create and
calibrate the model
• Data is required for
the calibration of the
model
• Worse predictions
than black box ap-
proaches

• Highly inaccurate
forecasting results
when it comes to sub-
systems
• More attuned to pre-
dicting yearly energy
consumption, rather
than real-time.

• Historical data is
required to train the
model and thus mech-
anisms need to be in
place to select represen-
tative data of healthy be-
haviour
• Drastically different
data requires a human
factor to verify the qual-
ity of the forecasts.

appropriate forecasting technique for a given PT.

Within LEAF, the ARIMA and LSTM models have been developed as microser-
vices. There have additionally been developed a script to upsample an uploaded BR
model, after which the values are posted to the common sMAP archiver. The simulator
developed in [160], used to simulate EnergyPlus values, posts its data to the sMAP
archiver as well. As the sMAP archiver provides a REST interface, the development of
the BR microservice (BRSM) and the EnergyPlus microservices (ESM) is as simple as
querying from the appropriate time series in sMAP. Given the variety of techniques
implemented, as well as the differences in availability of historical data across different
buildings, accuracy requirements, etc. the need arises for an additional microservice
which chooses the best forecasting technique for a given PT. We title this microservice
Expected Behaviour Microservice (EBM). The algorithm for the EBM is given in Figure
5.1, written in pseudocode.

Every time a new data point arrives from the observed operational data in the
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building, a call to the EBM is made which requests a new generation of a data point rep-
resenting expected performance, which can then be used to calculate the threshold for
the PT that is executed. This implies that every time the EBM is called, it is called with
information regarding the average frequency of time series data (temporal granularity)
of the time series. This input is valuable as it can be used to identify an appropriate
forecasting technique which is able to deliver a forecasted value quickly enough, satis-
fying the specified temporal granularity. After a list of available forecasting techniques
is prepared, the second part of the decision lies in choosing the forecasting technique
with the lowest average MAE.

Algorithm 5.1: Algorithm for choice of best forecasting technique in EBM
Input: Implemented/Available forecasting techniques

1 granularity as temporal granularity of the time series
2 Matrix properties
/* forecasting-technique x temporal granularity x avg. MAE */

3 List applicable-techniques
Output: Best forecasting technique
/* Evaluate which techniques are available */

4 foreach forecasting-technique in properties do
5 if properties[forecasting-technique][0] >= granularity then
6 applicable-techniques.add(forecasting-technique) ;
/* Out of all the available ones, choose the one with highest accuracy */

7 foreach forecasting-technique in applicable-techniques do
8 best-technique = findTechniqueWithMinMAE(applicable-techniques) ;

9 forecasted-value = callMicroservice(best-technique) ;
10 return forecasted-value ;

5.4.2 Using EDM for modelling of expected performance in new buildings

Seeing as EDM’s algorithm presented in Algorithm 5.1 takes into account the availabil-
ity of models, it is then theoretically possible to construct a workflow for performance
testing in new buildings post-handover. The difficulty with newly constructed build-
ings is primarily the lack of historical data. The workflow for performance testing in
newly constructed buildings is graphically presented in Figure 5.7. The diagram is
structured so that it represents a timeline of the building’s life cycle, denoted by the
horizontal line. Each of the vertical dashed lines depict the beginning or the end of a
different section of the timeline specific to a particular part in the building’s life cycle.

At the point in time when the construction is completed, all building components
are installed and all specifications regarding their setup are known. The detailed
knowledge of the installed components in the building allows for the creation of a
physical model. In the workflow shown on Figure 5.7, EnergyPlus has been written as
it has also been used for the OU44 building. However, using another engine would
also achieve similar results in terms of applicability during the building’s life cycle.
The information needed for the development of the basic EnergyPlus model prior to
its calibration, is information that is known at the stage when the construction of the
building is completed (building geometry, materials, orientation, installed components,
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definition of thermal zones, etc.). The creation of the EnergyPlus model might span
to additional stages during the building life cycle, and it may be used even during
retrofitting. However, its existence is neither required nor necessary for performance
testing or for any other aspect of building operation.

As PTs require historical data to calculate the observed behaviour of the building,
LEAF can be initialised once data collection begins. As mentioned in Chapter 3, PTs
evaluating the energy consumption in the building for various components, must do
this for a given time window (e.g. the electricity consumption for the past hour). Thus,
while the performance testing framework enables stream processing of the operational
data, performance testing with any tangible results can be done after the beginning
of the building’s usage, when sufficient data has been accumulated. For performance
testing in relation to indoor climate and occupant comfort, real-time assessment can be
done at any moment, without the need for any amount of prior data, as each measured
data point represents the current state of the indoor climate.

Pre-occupancy, any possible collected data might not be representative of the gen-
eral behaviour of the building, as the subsystems in the building would not be working
to accommodate occupants (e.g. less lighting consumption, ventilation system not
working as there is no CO2 present and no heating necessary). Though the BR models
are static, they too take into account that buildings consume energy to accommodate
their occupants. Thus all requirements imposed by regulations of any form, are appli-
cable once occupants are in the building.

As we move further down the horizontal timeline, more data is acquired, enabling
the training or calibration of additional models, data driven or physical. This way, if
there already exists an EnergyPlus model, it can be calibrated so that it represents the
observed behaviour of the building, as previously it had been impossible to calibrate it.
Once different models have become available, it is possible to examine them for their
accuracy so that they could be used within LEAF.
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FIGURE 5.7: Workflow for performance testing in newly constructed
buildings
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5.5 Discussion

ARIMA has shown to deliver slightly more accurate forecasts than LSTM. However,
according to the figures with graphical comparisons between the models, it’s very clear
that LSTM tends to show a greater reluctance to follow rapid changes of data, such as
spikes in data. While ARIMA follows the operational data very closely, LSTM tends to
ignore the larger changes in data and instead is more stable in terms of the range of
its forecasted expected values. This shows that LSTM is more resilient to data spikes
and outliers which may occur due to the transfer of data from the instrumentation to
the database where it is stored. The collection of data points can be complex as the
path from the sensor/meter to the database itself may require a variety of additional
software programs to cross.

Arendt et al. in [107] present results demonstrating that when compared to grey box
models, black box models tend to achieve more accurate results in terms of standard
statistical error estimates. The authors additionally find that not only black box models
outperform grey box models, but white-box models have significant shortcomings
when compared to black or grey box models. We have thus chosen to examine only
black box models in our experiments.

While black box modelling techniques have been shown to achieve fast and accurate
results, their training still depends on parameters for their fitting. The p, d, and q param-
eters of the ARIMA model for this experiment have been chosen based on outputs from
a grid-search algorithm. The training of the number of training epochs and look-back
steps for the LSTM network were also chosen given our experience with the building
data. However, in a truly generic environment where these models would be required
to be trained according to the specific buildings, these input parameters would need to
be optimized on a per-building basis. Evolutionary algorithms and swarm optimisation
techniques have been used in an attempt to find weights for an ANN that yield optimal
results in [171, 172]. Similar techniques could be a part of future work to make these
models fully applicable to any building without any human intervention. Furthermore,
collaborative data analytics can also aid this process. Parameters used for training and
fitting data driven models could be used for buildings of similar size, type of usage,
construction details, if they have an absence of historical data. Our future work intends
to also test the accuracy of the data driven models trained on one building to the data
of another, in order to examine the error estimates derived.

Crawley et al. in [157] find ambiguity in terminology used to describe the capa-
bilities of a variety of forecasting tools considered mature. An initial step towards
the standardisation of Modelling and Simulation as a Service and robust choice of
forecasting techniques in real-time, implies the agreement upon language used among
professionals in the field of buildings’ applications to accurately describe the function-
alities and capabilities of their software. Hviid et al. in [173] specify an ontology for
describing building services similar to Brick. At the present moment, EBM’s algorithm
shown in 5.1 has not been implemented. The implementation of an algorithm like
EBM’s, which operates based on descriptions of additional services, relies on the ability
to describe metadata about the services themselves.
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Data driven techniques do not have insight into the data upon which they are
trained, thus they are susceptible to learning the faulty patterns of the building if they
are trained on operational data from a faulty building. There is no single approach to
mitigate this issue. A possible solution is acquiring expert help from building managers
who could specify which time periods of the building operation seem healthy and label
data as faulty so that it can be then avoided during training or calibrating forecasting
techniques. Another possible solution is the reliance on additional models, perhaps
white box, as stated in [157]. This way, if black or grey box models are trained on faulty
data, through comparisons with white box models, it may be possible to discover the
inappropriateness of the grey or black box model.

When taking into account data driven techniques for forecasting expected perfor-
mance for PTs, it is also necessary to take into account the seasonality of the time series.
The experiments in this Chapter have all been executed using OU44’s operational data.
The OU44 building’s usage as a teaching and office building implies a clear seasonality
of semester/non-semester periods, weekly seasonality, and also the typical yearly
seasonality. Considering that longer training periods do not necessarily increase the
accuracy of forecasts, it may be advisable that re-training of the data driven models
is done each season. The seasons highlighted in OU44’s operation do not necessarily
coincide with the seasonality of other building types.

5.6 Summary

In this Chapter we examined four models for forecasting of expected building perfor-
mance, namely the building regulation standards of Denmark, coming with a static
modelling tool; EnergyPlus model; ARIMA; and LSTM networks. We’ve compared the
accuracy of forecast for all models; execution time for developing the models; the time
it takes to forecast a month of building behaviour; and the time it takes to forecast one
single value. We have concluded that BR models may serve as an initial tool to evaluate
buildings’ performance in the absence of historical data, however given their high error
estimates, other approaches are more suitable for real-time performance evaluation.
EnergyPlus models yield less accurate results than data driven techniques and require
longer development time. ARIMA and LSTM have shown to be most accurate and
quickest to both develop and perform forecasts. However, seeing as not all buildings
will have all models available, we furthermore presented an algorithm for choosing the
best fitting technique for a given time series. This algorithm has been implemented as
a microservice, as a part of an ensemble of microservices within a generic performance
testing framework for smart buildings. Our experiments have been performed on the
aforementioned OU44 building.
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Chapter 6

Buildings’ SRI calculation with
focus on application of LEAF

Application of building intelligence software requires enhanced instrumentation in
buildings, such as meters and sensors. Furthermore, the data from these instruments
needs to be collected in a manner that allows access through queryable means. Consid-
ering the usage and age of buildings, different buildings might impose more stringent
requirements for sensing equipment in terms of applicability of building intelligence
applications. Seeing as the global application of building intelligence software largely
depends on the preparedness of buildings to have software enhancements deployed,
it becomes necessary to identity the requirements a building needs to satisfy prior to
the software’s deployment. The European Commission, thus, has proposed a metric
for measuring the technological preparedness of a building, named Smart Readiness
Indicator (SRI) [58].

Inspired by the mechanism for automatic detection of applicable PTs, this Chapter
provides an algorithm for automatic estimation of SRI for a given building. Next, a
metric is defined (PT-SRI), defining the minimal SRI and set of circumstances for appli-
cation of LEAF to a building. A calculation of OU44’s SRI is also presented. Following
this, discussions regarding PT-SRI are presented.

This chapter is based on the paper given in [33].

6.1 Smart Readiness Indicator

Smart Readiness Indicator (SRI) [174] is a new initiative led by the European Com-
mission, with the aim to develop a cost-effective measure assisting the construction of
occupant-optimised buildings with low energy consumption and CO2 emissions. The
UN 2030 Agenda for Sustainable Development [15] aims to stimulate action over the
next 15 years through economic, societal, and environmental dimensions of sustainable
development. The Agenda defines 17 Sustainable Development Goals, where 6 can
be directly linked to the impact criteria as defined by SRI. In essence, SRI provides
information on the preparedness of buildings to interact with their occupants and the
energy grids, and their capabilities for more efficient operation and better performance
through ICT technologies. SRI is assessed through a list of 52 building services, each of
them with functionality levels from 0 to 4, describing various degrees of intelligence for
the specific building service. An example of a building service is “Occupancy control
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for indoor lighting”. A complete list of SRI services can be found in Appendix B. The
services cover processes in ten domains, namely:

• Heating (HTG)

• Cooling (CLG)

• Domestic hot water (DHW)

• Controlled ventilation (CVT)

• Lighting (LTG)

• Dynamic building envelope (DBE)

• Energy generation (EGN)

• Demand side management (DSM)

• Electric vehicle charging (EVC)

• Monitoring and control (MCL)

Each domain has been assigned an acronym, for easier reference and presentation
throughout the Chapter. Within each domain, every service is then weighed accord-
ing to eight impact criteria, which assess the impact of the specific service upon the
occupants and energy grid. These impact criteria are defined more vaguely, using key
words to signify areas where hardware and software enhancements may yield impact.
The impact criteria are as follows:

• Energy

• Flexibility for the grid

• Self-generation

• Comfort

• Convenience

• Well-being and health

• Maintenance and fault prediction

• Information to occupants

As buildings differ in types, the aforementioned impact criteria may vary in sig-
nificance. For example, Well-being and health to occupants is of higher significance
in hospitals than in green houses. The present SRI methodology has suggested three
types of weighing configurations for all functionality levels and impact criteria. These
are equal weights, weights for residential, and weights for non-residential buildings.
SRI also takes into account the fact that buildings differ in their installed hardware
components, thus services pertaining to specific hardware do not need to be evaluated.
The process of evaluating applicable building services for the SRI assessment is known
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as a Triage process and is performed at the beginning of the SRI assessment.

Though there have been attempts to develop tools and techniques for effective
assessment of buildings’ intelligence [57, 175], there is currently no automated mean.
Automated building smartness calculation is a relevant factor to increased interop-
erability and portability between buildings, as sufficient degrees of intelligence of
buildings must be met before various building applications are applied.

6.2 Automatic SRI assessment

Though SRI has been developed to provide a cost-efficient assessment of buildings’
intelligence, its calculation is still manual and requires knowledge of buildings’ installa-
tions, as well as the experiences of trained personnel who can perform SRI assessments.
Automating the process of SRI calculation would enable this assessment without human
intervention. Additionally, by automating the assessment of buildings’ preparedness
to facilitate building intelligence solutions, the widespread assessment of buildings
would become feasible, and a matter of efficient execution. By assessing a multitude
of buildings across the world, accuracy of building demographics would increase,
thus improving decision making processes when it comes to law-making for building
certifications, retrofitting, and development of building intelligence ICT solutions.

Since LEAF has been implemented as a collection of microservicse, the automatic
assessment of SRI is proposed as another microservice. The automated discovery of
PTs through generic metadata queries paired with each PT, as presented in Chapter
3, is the skeleton of the LEAF, and it highlights the importance of metadata models
of buildings. As SRI comprises of 52 building services and their assessment against
four functionality levels, any automated technique must evaluate every service auto-
matically. Seeing as the PTs in LEAF have been paired with generic metadata queries,
by analogy, it is possible to pair every building service included in the SRI assessment
with a metadata query enabling the discovery of the nominal value for the functionality
level of the given service.

However, we have found that descriptions available by the Brick metadata schema
are insufficient when it comes to the descriptions of the building services in SRI. Brick,
as elaborated in Chapter 2, focuses on the descriptions of the hardware components in
a building, and their relationships between each other. An analysis of the functionality
levels for every SRI building service reveals that lower functionality levels pertain to
hardware enhancements, while higher ones pertain to software-related capabilities.
Furthermore, there exist SRI services only related to software installations (e.g. the
service titled “Fault Detection” which does not relate to the hardware installations in
the building, but rather the software techniques installed in the building). Given the
insufficiency of descriptions for software metadata, additional metadata schemas are
required to describe the building software services. Hviid et al. in [173] present the
Service Abstraction Layer (SAL) for describing a variety of software processes in the
building using a separate ontology.
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With the aforementioned schemas, it becomes possible to develop a digital rep-
resentations of the building metadata both in terms of hardware and software. In
the presence of the metadata schemas, as well as service abstraction schema, generic
queries would have to be developed for every pair building service × functionality
level. In light of this pairing, we propose an algorithm for automatic assessment of SRI
for buildings. In this algorithm, we use make the separation of queries pertaining to
hardware metadata (HMQ) and queries pertaining to software service metadata (SMQ).
The algorithm is given is pseudocode in Algorithm 6.1.

Algorithm 6.1: Algorithm for automatic SRI assessment (Part 1)
Input: Hardware metadata model, Software metadata model

1 List l of building hardware components used in Triage process
2 Matrix m of [services][functionality levels] of HMQ and/or SMQ
3 Matrix assessment [services][functionality level] as int
4 Matrix max-assessment [services][functionality level] of int
5 Matrix impact-scores [services][functionality levels][impact criteria]
6 Matrix weight-for-impactscores [services][impact score]
7 Vector final-actual-assessment [service] of int
8 Vector final-max-assessment [service] of int

Output: SRI estimation for the building
9 services = Triage( l ) // Discover building services to assess using HMQ

/* Determine functionality levels for all applicable services */

10 int i ;

6.3 Minimal SRI score for application of LEAF

LEAF uses a Brick metadata model of the building to discover the available sensing
instrumentation, the present installations of the subsystems, and thus all the possible
applicable test sites for the PTs. As defined in Chapter 3, LEAF relies on a Brick meta-
data model of the building, as well as storage of operational data. LEAF’s mechanisms
allow its applicability to a variety of buildings. However, as buildings vary in their
degrees of smartness, we calculate a metric for the minimal minimal SRI score for
successful application of LEAF to a building, in light of SRI: (PT-SRI).

To calculate PT-SRI, we performed an extensive analysis of the 52 services in the SRI
methodology. Each of the 52 services is accompanied by maximum four functionality
levels, with nominal values of 0-4. Lower values of the functionality levels indicate
lower degrees of intelligence in the installation for that specific service. Each func-
tionality level for every service is accompanied by an explanation regarding what the
nominal value stands for in terms of that specific service. This coupling of building
services and their respective functionality levels is presented in an Excel sheet prepared
by the European Commission. Our analysis evaluated the minimal functionality level
for all building services in order to be tested for their performance using LEAF. We
then evaluated the SRI of a hypothetical building with such minimal functionality
scores for applicability of performance testing.
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Algorithm 6.2: Algorithm for automatic SRI assessment (Part 2)

11 foreach service in services do
12 foreach functionality-level(0-4) in service do
13 i=0 ;
14 result = run HMQ and/or SMQ for m[service][functionality-level] ;
15 if result == true then // The building satisfies functionality-level

16 i = i+1;
17 else
18 assessment[service]=i;
19 break;

/* Applying weighing factors */

20 foreach service in services do
21 fl = assessment[service] ; // Assessment of functionality level per service

22 mfl = max-assessment[service] ; // Maximum functionality level for service

23 sum-actual = 0 ;
24 sum-max = 0 ;

/* Calculating assessment */

25 foreach impact-criteria(1-8) in impact-scores[service][fl] do
26 sum-actual = sum-actual + (impact-scores[service][fl][impact-criteria] *

weight-for-impactscores[service][impact-criteria]) ;
27 final-actual-assessment[service] = sum-actual ;

/* Calculating maximum possible assessment */

28 foreach impact-criteria(1-8) in impact-scores[service][mfl] do
29 sum-max = sum-max + (impact-scores[service][fl][impact-criteria] *

weight-for-impactscores[service][impact-criteria]) ;
30 final-max-assessment[service] = sum-max ;

/* Calculating final SRI */

31 sri = sum(final-actual-assessment)/sum(final-max-assessment) ;
32 return sri ;

Once each building service was evaluated, we examined SRI’s eight impact crite-
ria and took into account their weights, as explained in section 6.1. Based on these
weights, our SRI assessment for applicability of LEAF has been calculated to be 22% for
equal weights, and 23% for not residential and non-residential buildings respectively.
Given that some of the building services in SRI evaluate the building’s preparedness
to provide feedback and information reporting, applying performance testing auto-
matically enhances the functionality level of these services. These building services
are titled “Feedback – Reporting Information”, under the Energy Generation, Demand
Side Management, and Monitoring and Control domains.

6.4 Sensitivity analysis of minimal SRI for application of LEAF

The previously calculated minimum PT-SRI includes all services in all domains in the
SRI methodology. However, minimum functionality level per service, and domain
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FIGURE 6.1: PT-SRI as a function of number of services added

contribution to the overall SRI score vary significantly. Some of the services (e.g. the
majority form the Heating domain) do not require higher functionality levels for im-
plementing LEAF, as their lowest functionality level already includes equipment for
performance testing. Therefore, the contribution of these services to PT-SRI is negligible.
On the other hand, there are cases where some of the domains (or services) are not
applicable and are thus excluded from the calculation. For example, this occurs in the
case of residential buildings that do not include services pertaining to thermal energy
storage, smart grid integration, and electric vehicle charging.

To evaluate the contribution of services across all domains in PT-SRI, we calcu-
lated sensitivity curves estimating the minimal number of services that are needed
for reaching PT-SRI. The services were first sorted by individual percentage of mini-
mum functionality level and added successively starting from the services with higher
minimum functionality level. The afore-described sensitivity curves, weighted with
equal, residential and non-residential factors, are presented on Figure 6.1. Figure 6.1
shows how weighting factors influenced particular services that resulted in steeper rise
of weighted curves comparing to the equal weighted ones. However, all three curves
reach minimum PT-SRI after approximately 20 services are included. Consequently,
all other services have no additional impact on PT-SRI, as their minimal functionality
level is already sufficient for performance testing.

While Figure 6.1 shows the number of services with biggest contribution to PT-SRI,
it does not elaborate which those are. To remedy this, we analyse the contribution of
each domain in SRI to PT-SRI for residential and non-residential weights. We have
deliberately excluded equal weighting as in practice, this set of weights should not used.
A Pareto analysis joins bar and graph charts [176]. Figure 6.2 presents a Pareto analysis,
showing the service domains’ contribution to PT-SRI as bar charts in descending order,
while the curves show a cumulative contribution to a normalized PT-SRI. Each vertex
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FIGURE 6.2: Pareto analysis by service domains’ percentage of contribu-
tion to PT-SRI for residential and non-residential weighting

on the curves is calculated as a subtotal of percentages of the domains to its left.

The domains Energy generation, Demand side management, and Controlled Ventilation,
combined, account for more than 70% of the overall PT-SRI and have almost identical
shares in both weighting methods. We can, thus, conclude that these services require
higher functionality levels in order to be tested for their performance. Moreover, Cooling,
Heating, Electric Vehicle Charging, and Lighting domains which take the majority of share
in energy consumption, require lower functionality levels and consequently contribute
less to PT-SRI. If we exclude the other domains, and instead consider only the share of
the aforementioned four domains, PT-SRI would be 5,89% and 6,31% for residential
and non-residential cases, respectively. This implies a large potential for energy savings
and improvement of indoor environmental quality through performance testing using
LEAF, even in buildings with very low SRI.

6.5 Assessment of SRI for the OU44 Building

As the Triage process mandates, we began by going through all building services
and disregarded those SRI services that did not relate to the OU44 building such as:
“Emission control for TABS (heating mode)”, “Control heat production facilities”, and
“Control Domestic Hot Water production facilities”.

Since the OU44 building does not yet have a metadata model describing the build-
ing intelligence software deployed to it, we only used the Brick metadata model to
extract information relevant to the hardware installations. The software installations
were estimated based on experiences with the building’s behaviour. Given the fact the
OU44 is used as a teaching and office building, the non-residential weighting factors
have been applied. Using the methodology for calculating SRI, we calculated the
OU44’s SRI score to be 39%. This score is higher than PT-SRI, which is reasonable, as
the LEAF has already been applied to the OU44 building. The score also shows the
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FIGURE 6.3: Pareto analysis of service domains’ contribution to SRI for
the OU44 building

potential hardware and software improvements that can be applied to the building, to
increase its SRI further.

Figure 6.3 presents a Pareto analysis of the service domains’ contribution to the
overall SRI score for the OU44 building. As expected for an office building in a heating
dominated climate (given its geographic location in Denmark), building services in
Heating, Management and Control and Controlled Ventilation domain combined
account for 70% of the overall SRI.

6.6 Discussion

This section addresses the implications of SRI in light of LEAF, other building intelli-
gence applications, as well as their application to buildings with variable reliability
requirements.

6.6.1 Analysis of maximum SRI for hardware installations

All services for SRI assessment are described through hardware and software enabled
functionality levels. From the stakeholders’ and building owners’ perspective, this dif-
ferentiation implies that it is possible to choose a certain level of SRI for their building
during the Design phase of the building’s life-cycle, and install hardware accordingly.
The lower functionality levels for the SRI services pertain to hardware installations,
while the higher ones pertain to software. Determining this threshold is valuable, as
constructing buildings with maximum SRI given hardware installations, would be able
to increase their SRI with only software enhancements. The relevance of this differentia-
tion is found in avoiding costly and poorly timed upgrades through construction work
during the occupancy period. On the other hand, software enhancements may be a
very effective, non-invasive method to substantially improve the operational efficiency
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with existing equipment.

To discover where this threshold of maximum SRI given hardware installations
lay, we evaluated the SRI for a hypothetical building which has all the hardware in-
stallations, without any software enhancements. The process for this calculation was
similar as the calculation for PT-SRI and OU44’s SRI: through the examination of all 52
building services individually and assessing a functionality level for the hypothetical
building’s specifics. Given equal weighting, this value was calculated to be 59%, and
68% for residential and non-residential weighting respectively. This number indicates
at a high potential for software improvements, typically more affordable than addi-
tional hardware installations.

The importance of this analysis is demonstrated in the Dynamic Envelopes domain
where functionality level 1 in the service “DE-1 Window solar shading control” implies
motorized operation and open/closed detection to shut down heating or cooling
systems respectively. For the DE-1 service, the highest functionality level (4) is defined
as “Predictive blind control (e.g. based on weather forecast)”. Thus, upgrading to the
highest functionality level, implies only software upgrades. Knowing that buildings are
designed and built to last for many decades, software enhancement during the lifespan
of the building would be extremely useful for improving efficiency and adaptation to
future more demanding human-centric and personalised requirements.

6.6.2 Proposal for expansion of SRI to accommodate performance testing
in high reliability buildings

Lazarova-Molnar et al. in [177] elaborate on the importance of reliability in terms of
the purpose of the building and its intended occupants. For example, the reliability
requirements of a school are not equivalent to those of a hospital. A gradient from
“nice to have” to “highly critical” illustrates the difference in importance of reliability in
different buildings. In light of LEAF, for buildings with lower reliability requirements
it is sufficient that performance evaluations are done with coarser temporal granularity
(e.g. hourly, daily, weekly), whereas buildings with higher reliability requirements
require more frequent performance testing capabilities (1 min, 10 min, 30 min).

Though LEAF enables live performance testing, its mechanics are limited by the
temporal granularity of the operational data time series. To this end, we propose
an expansion of the SRI methodology, accommodating for data quality and metrics
evaluating the required temporal granularity of the available data streams. It is impor-
tant to evaluate this aspect of the time series, so that additional building intelligence
applications – which rely on it – would be able to ensure their applicability to the
building before the deployment process.

6.6.3 Implications from automatic SRI building assessments

The lack of standardised means of describing building metadata implies the urgent
need to address law-making policies and ensure they are created to support global
building intelligence interoperability and portability. The introduction of metadata
models as requirements for buildings, both in terms of hardware and software, is an
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initial step towards preparing buildings for the installation of building intelligence
software globally. In this type of a building ecosystem, application of building in-
telligence would also benefit from collaborative data analytics. The automatic SRI
assessment of the building could be performed during building handover, as a part of
the commissioning process. Furthermore, SRI can be reassessed at retrofitting stages,
or in other stages during the building’s life cycle where necessary.

To truly gain an accurate insight of the impact of building intelligence applications,
it is valuable to understand the general building demographics in the world. The
proposed SRI assessment algorithm enables this assessment of buildings’ intelligence
worldwide. With building demographics information readily available, it is possible
to examine how many buildings would be able to benefit from a particular technique.
Presently with PT-SRI being 23%, this number seems low, though it is without a
reference point to determine how many buildings in the world satisfy an SRI score of
23%. Other building intelligence applications could further develop similar metrics to
specify the minimal requirements buildings must comply to for successful application.
Knowing the building’s SRI score, it would be trivial to discover whether a building is
sufficiently intelligent to reap the benefits of applying a specific building intelligence
solution. However, it is also interesting to consider the possibility that SRI may not be
the best methodology for assessment of buildings’ intelligence. The authors in [178]
highlight that the current Triage method is non-exhaustive, meaning only buildings
with similar smart ready technologies can be evaluated. The authors state that it is
questionable whether SRI supports the original aims of SRI in terms of the EU Directives.
Here, we highlight that SRI is still a work in progress, undergoing an iterative process
of continuous improvement.

6.7 Summary

With the movement towards producing the Smart Readiness Indicator led by the
European Commission, efficient and cost-effective assessment of buildings’ intelligence
is enabled. This Chapter highlighted the importance of automating the SRI assessment
process, through an algorithm for automating SRI assessments. This Chapter presented
a calculated a metric, PT-SRI, for the minimum SRI score a building needs to satisfy to
apply LEAF across all domains. Thus, the application of LEAF to a building requires
the presence of a Brick metadata model, operational data, and an SRI score of at
least 23%. The Chapter further presented the calculation of OU44’s SRI at 39% SRI.
Finally, the Chapter discussed a maximum SRI achieved solely through hardware
installations, proposed an expansion of the methodology with additional features
describing buildings’ operational data, and discussed implications of global automated
SRI assessment in buildings.
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Chapter 7

Survey Across Building Managers

Despite LEAF’s goals to increase portability of intelligent solutions for buildings, ulti-
mately, results from performance tests must be useful to the building/facility managers
as they are the primary end users. Even among smart buildings, the significant dif-
ferences in buildings’ types, sensing instrumentation, management tasks, educational
background of managers, etc. may significantly impact managers’ preferences for avail-
able functionality and visualisation techniques of performance testing applications. To
investigate managers’ preferences and therefore enhance the usability of LEAF, we
conducted a series of semi-structured interviews among seven building managers,
responsible for eight buildings in Denmark, Finland, and China. The summed area of
the eight buildings is approximately 346500m2. This chapter details the methodology
and questionnaire used to conduct the semi-structured interviews. The results and a
discussion thereafter are presented.

This chapter is based on the paper "Usability Requirements for Smart Buildings’
Performance Testing Solutions: A Survey" [32].

7.1 Details on the execution of the interviews

The interviews have been conducted across eight commercial buildings. Though LEAF
is theoretically applicable to residential buildings as well, residential buildings have
been deliberately excluded from this survey. Their exclusion is grounded in the general
lack of sensing instrumentation, implying a lower need for building management
personnel interested in monitoring of the building’s performance. We interviewed man-
agers responsible for both private and public buildings, which increases the validity of
the survey. First, a variety of large buildings were identified, and their managers were
contacted so that a meeting could be set up wherein the interview was carried out.

Six of the eight buildings are located in Denmark, one in Finland, and one in China.
Geographic location affects the behaviour of a building, however we consider the
preferences of the building managers equally relevant, as managerial tasks pertaining
to performance testing do not strongly depend on the location of the building.

Each interview was conducted in accordance to a previously defined questionnaire,
containing a number of questions grouped in six categories. The full questionnaire
is presented in Chapter 7.2. The first five categories of questions gather information
related to the manager, building, current practices, and preferences in performance
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testing applications. The sixth category is open-ended, allowing the facility manager
the possibility to suggest different visualization techniques which have not been consid-
ered by the questionnaire. Throughout the interviews, suggestions given by previous
interviewees have been reviewed in following interviews.

As six of the buildings are in Denmark, the questionnaire contains questions regard-
ing the building’s compliance to the Danish building regulations, presented in Chapter
1.1.2. As these policies do not affect buildings in other countries, these questions were
skipped in the cases of the Finnish and Chinese building.

All interviewees were requested to sign a consent form before the interview began.
The consent form contained three elements:

• Consent to record the interview with an audio file for future analyses

• Consent to identify the interviewees as individuals, as well as the building they
manage in publication of the findings from the survey, and

• Consent to share the findings of the survey with other parties.

Throughout each interview, notes were taken with answers to the questionnaire.
Another iteration using the recorded audio files from the interviews ensured the notes
were taken correctly.

7.2 Questionnaire

This section documents the exact questions used within the interviews with each build-
ing manager. The questions are grouped within six individual categories, addressing
different aspects of the survey. The first five categories of questions typically have
straight-forward answers. The sixth category contains open-ended questions, thus
classifying the survey as containing semi-structured interviews. As shown in Chapter
1, this survey has been executed in parallel with the development of the Dashboard
application for the OU44 building, and the decoupling of LEAF into microservices.
These two software development processes have been the primary source of inspiration
for contents of the questionnaire. The questions were designed to gather information
which later helped decide on necessary functionalities both LEAF and the Dashboard
should deliver to an end user.

Questions regarding type of building and manager

• What is the name of the building?

• What is the educational background for this building manager?

• How large is the building?

• How is the building used primarily?

Building instrumentation, metadata, data

• Does the building have a BMS?
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– If yes, what kind? What kind of information/data is visible in the applica-
tion? What sort of setpoints are able to be set? What type of visualisation
is provided in terms of performance of the building? Which manufacturer
developed the BMS?

– If no, how is the building managed instead?

• What is the level of instrumentation in the building?

– What kind of meters are there?

– How many meters are there?

– Which parts of the building is monitored?

– What kind of sensors are there?

– How many sensors are there?

– Which part of the building are the sensors monitoring?

– How is the data stored?

– How is the data used?

– Is there an overview of all the collected data?

– Where is the metadata stored? What format is it stored in?

Building’s BR model

• Does the facility manager’s country/state offer building regulations?

• What are the steps the facility manager performs to evaluate whether his/her
building complies to them?

• Is the building complying to building regulations?

Frequency of Performance Testing

• Given the option, how often would it be sufficient to test the building for its
performance?

– How often does the facility manager need to know whether the building is
consuming too much energy? Every 5 minutes? Every second? Every day?
How often is enough for this type of building?

– How often does the facility manager prefer know what the state of indoor
climate (temperature, CO2, humidity, room brightness) is? Every 5 minutes?
Every second? Every day? How often is enough for this type of building?

– If there was a dashboard software that could show the facility manager,
the performance of the building in real-time (or whatever frequency s/he
prefers it in), would s/he use it?

Dashboard functionality and visualisation

• Would the facility manager benefit from seeing flags inside the dashboard, notifi-
cations which highlight faults in the building in real-time?
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FIGURE 7.1: Line graph with coloured passed and failed PTs

FIGURE 7.2: Floor plan with coloured areas based on results from PTs

• If there was a mobile application that would notify the facility manager every
time there was underperformance occurring that required immediate attention,
would the facility manager use it?

• Would the facility manager feel comfortable adjusting his/her own flags for
faults? For example, if the facility manager could set levels of deviation from
what should be happening in the building (eg. +5%, +10%, +30% of the expected
behaviour for energy consumption) and setting priorities for them (eg. +5% is
tolerable, but notable, +10% is worthy of investigation, +30% is emergency, etc)?

• Performance testing is a comparison between observed behaviour and expected
behaviour, which implies the need to discover the optimal expected behaviour.
Would the facility manager feel comfortable setting an error threshold for how
accurately the performance testing application predicts the expected behaviour?

• If there was a chart as shown on Figure 7.1 representing a comparison between
the operational and expected behaviour of the building, for a part time interval
ending at the moment of viewing, would the facility manager find it useful? All
of the green points are passed PT. All the red ones are failed.

• Figure 7.2, represents the current results from performance testing in the building
with a spatial view of the occurrence of the tests, would the facility manager find
it useful? Green means normal operation. Gradient from yellow, orange, to red,
means progressively worse performance according to expected values.
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Open comments and suggestions

• Does the facility manager have suggestions for visualisation techniques that
would help him/her the most?

7.3 Demographics of interviewees and qualitative feedback

After conducting the interviews and examining the notes and audio files thoroughly,
the findings were aggregated and examined in a grouping congruent with the six
categories of questions within the questionnaire as presented in Chapter 7.2. Each of
the following subsections addresses the six categories of questions individually.

Five of the respondents were managing one building each. To aid the reader, the
buildings have been abbreviated with one or more letter. The buildings will be referred
to using this abbreviation throughout the chapter. The buildings, located in Denmark,
are as follows: Hospital Buildings (H), Cathedral (C), Retail Store (R), Warehouse (W),
College Campus (CC). One respondent is responsible for two buildings, located in
Finland and China, whose primary purpose is industrial manufacturing of agricultural
equipment and storage of products (F). The last respondent is responsible for City Hall
primarily (CH), however he is also responsible for approximately 130 public buildings
within Odense Municipality, Denmark, yielding his feedback highly valuable.

7.3.1 Managers’ demographics and building types

A building manager’s educational background affects their preferences in conducting
performance evaluation in their buildings, as well as the types of visualisation and
workflows used in software applications monitoring the behaviour of their buildings.
Figure 7.3 shows a summary of the education levels of the seven building managers
grouped in three categories: "Secondary education", "Trade/business education", and
"University education". Two of the respondents have completed only Secondary ed-
ucation. Three of them have a Trade/Business education, while two of them have a
University degree. This difference in education levels supports the necessity for focus
on user-friendly software for building performance monitoring, where some focus
must fall on user-experience.

7.3.2 Buildings’ Instrumentation and Data Gathering

The available instrumentation in the buildings is summarised in Table 7.1. Six of the
buildings (H, C, R, both F, CH) have a functioning BMS. However, given the proprietary
nature of the installed BMS solutions, extraction of live data is not trivial, as proprietary
BMS solutions do not usually provide an easily accessible API. Extracting live data
from these systems relies on communication with the BMS vendor.

Regarding available sensing instrumentation, all buildings are equipped with at
least an electricity meter and a heating meter. Further installations have been made for
H, C, R, and W, enhancing the buildings with CO2, temperature, and humidity sensors.
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FIGURE 7.3: Educational background and competence per building
manager

The purpose varies depending on the building type.

Data from the sensing instrumentation from the buildings with a BMS is processed
on-site. However, in the cases of H and CH, complex network setups have been created
to accommodate the large complexes. The manager at CH provided an overview of
the installation common for all other 130 buildings. The data are first collected by the
sensing instrumentation, and stored within a data warehouse solution. From there, a
separate driver must deposit data points at a specific time interval to an FTPS server,
where the data is pre-processed. Afterwards, the data is deposited to a visual applica-
tion. The delay of the data is greater than 15 minutes, while the temporal granularity
is hourly at best. This could be improved with a separate installation of a server that
supports streaming, rather than batch transfers. Furthermore, obtaining the raw data
points is only available by manually contacting the vendor of the aforementioned visual
application. Upon request, an email is sent to the manager of CH with a spreadsheet
containing the measured unprocessed data.

In all cases, metadata is stored either in the BMS, or in the format of architectural
drawings and diagrams inherited from the design phase. Queryable metadata models
were non-existent for all buildings, however, given the digitalisation of some metadata,
it is possible to translate it to a digital and structured format.

7.3.3 BR Regulations and compliance

The production sites in China and Finland were exempt from questions pertaining
to the BR models as the Danish regulations do not apply to them. For the buildings
in Denmark: CH and H have full BR models, while CC (a collection of buildings on
campus) has a BE18 model only for its newest building constructed in 2018. The CC and
H buildings comply to the regulations, while the CH building does not. The manager
of C was not aware of a BR model for this building as the building is more than 400
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TABLE 7.1: Overview of building information collected during the semi-
structured interviews with building managers

Building Size(m2) BMS Instrumentation Comment

H 300000 Yes

Overall electricity
meter; heating meter;

CO2, temperature
sensors;

Sensors installed in
patient rooms and

refrigerators for
storing medicine.

C 1000 Yes

Overall electricity
meter; heating meter;

temperature, humidity
sensors;

Sensors installed in
various points of

cathedral to preserve
old wooden relics.

R 10000 Yes

Overall electricity
meter; heating meter;

temperature, CO2,
humidity sensors;

Sensors installed
due to climate

sensitive
merchandise, and in

HVAC system.

W 1500 No
Overall electricity

meter; heating meter;
humidity sensors;

Sensors installed
due to climate

sensitive
merchandise.

CC 20000 No
Overall electricity

meter; heating meter.
/

F 3500/2500 Yes
Overall electricity

meter; heating meter
/

CH 8000 Yes
Overall electricity

meter; heating meter
/

years old. The managers at W and R were only vaguely aware of the BR regulations, as
they had been a part of the initial building construction, however the regulations have
not been used since.

7.3.4 Frequency of Performance Testing

Even though live performance testing supports streaming processing and real-time
evaluation of buildings’ behaviours, not all buildings require live streaming evaluation
due to the type of activities they are intended for.

The interview question regarding preferred frequency of performance testing was
separated into two sub-questions: one regarding the frequency of energy related PTs
(electricity meters, PIR sensors etc.), and a second one regarding the frequency of
indoor climate PTs (CO2, humidity, temperature, luminosity etc.). Figure 7.4 presents
the preferences for the two separate questions, categorised in groups: 15min, hourly,
daily, and continuously in real-time. On the figure, the energy PTs and indoor climate
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FIGURE 7.4: Preferred frequency of energy and indoor climate perfor-
mance testing

PTs have been shown on the left and right vertical axed respectively.

As different building types have different needs for monitoring the behaviour of
the building, the managers expressed varying degrees of preferred frequency of testing.
The manager at H, for example, as a high reliability building, requires all aspects of the
building to be tested in real-time. In a retail store, however, the preferred frequency
is lower. Despite these differences, however, all building managers stated that they
consider real-time testing superior to coarser frequencies.

7.3.5 Functionality and visualisation

LEAF depends on modelling the expected behaviour of a building. As shown in Chap-
ter 5, there are varying techniques to achieve these calculations. Data driven models,
such as the presented ARIMA or LSTM, require prior calibration of the model with
input parameters. In most cases, a building manager would not have the competences
to calibrate a data driven model. However, in the semi-structured interviews, specific
questions were asked regarding the manager’s competences to assign a preferred accu-
racy of buildings’ expected performance forecasting techniques. With a stated preferred
accuracy, it is possible to then programmatically discover the input parameters for the
calibration of the data-driven models. Three managers (CC, CH, H) stated they would
be able to set up accuracy for forecasting of the time series data as well, however, they
also added they would prefer not to.

Figure 7.3 presents the responses regarding the manager’s competence to customise
the software alone, in a more general sense. Five building managers (H, W, CC, F,
CH) have expressed they feel confident in configuring software to fit the needs of
the building they manage. To the question regarding adjusting own flags for failed
PTs, four managers (F, H, CH, D) agreed that they are able to specify how large a
discrepancy is considered cause for a failed PT, due to experience with the building.
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Building manager W stated they would prefer the performance testing solution to
deliver a guideline for how to set up alarms, and contain default deviations from the
expected behaviour which are considered worthy of inspection.

Further questions with all building managers, revealed their interest to receive mo-
bile notifications for failed PTs. This way, reports could be delivered with the preferred
frequency of testing, while failed PTs could trigger an alarm that would present the
manager with a phone notification too.

Regarding visualisation, more open-ended questions presented charts as proposals
for potentially useful solutions. The techniques used in the questionnaire are presented
on Figure 7.1 and Figure 7.2. Figure 7.1 presents a graph that compares the expected
and observed building behaviour for a period of several days. The respondents with
lower degrees of education did not favour data presentations on traditional line graphs.
Instead, they made recommendations of a bar chart that would be updated periodically,
and favoured the use of colours in visualisation. To highlight this preference, we
present a quote from two of the managers:

• CH: “It should be so that a child can understand it.”

• W: “[Of Figure 7.1] Colours have the power to enable me to understand it very quickly.”

Figure 7.2 displays a floor map containing all rooms, coloured in accordance to the
result of a selected PT. The user would be able to select between floors in the building
as well as available PTs, and view where specifically the fault is occurring. Colouring
the areas with gradients from green to red allows for an easy location of fault. This
kind of visual aid can also be used in aid of detecting malfunctioning components.
The general agreement among all managers is that live performance testing shown
in a format as presented on Figure 7.2 is highly useful for general awareness of the
building’s behaviour, but also for location of faults. This preference contradicts the
findings of Raftery and Keane in [179], which suggest that carpet plots are more suitable
for presentation of energy data in buildings.

7.3.6 General comments and feedback

This section of the questionnaire has been left to be open ended, promoting a discus-
sion whereby the managers have the opportunity to freely express their preferences.
Both CH and C expressed interest in 3D figures of the buildings. In the case of the C,
visualising the temperature and humidity across the entirety of the building was stated
to be useful in improving the performance of the building in terms of electricity used
for heating, but also maintaining indoor climate. In the case of CH, with the numerous
buildings to manage, a view of the floors and their overall electricity usage would be
deemed sufficient for a quick superficial assessment. As CH was the first manager
to be interviewed, we included this question in the questionnaire and used it in the
following interviews. The remaining set of building managers agreed they would find
it a floor overview to be useful as well.
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CH also states the following quote, highlighting the slow response of long and
economically constrained bureaucratic procedures in the public sector, despite the
eagerness of building managers.

• CH: “Currently we’re asked to review it [energy consumption] on a monthly level, and
if it’s faulty, it gets fixed the following year. Real-time [assessment] would be great and
highly useful, but if we just addressed faults on a monthly basis, we have already saved
11 months.”;

Furthermore, it is also worthy to note that the activities carried out in the buildings
are sometimes of greater importance than optimal building behaviour. As buildings
primarily serve the occupants within them, different building types will have different
sets of requirements. High reliability buildings in particular will always favour utility
over energy savings or building performance otherwise. Several citations follow from
the interviews that support this claim:

• H: “In our hospital, and other high reliability buildings, energy consumption matters
less than the human lives in danger, and the medicine that we store.”;

• H: “The cost we face if the medicine [medicinal drugs] is compromised due to inappropriate
refrigeration is much greater than the cost of energy used to ensure they are in good
condition.”;

• R: “Our primary goal is to maximise revenue. If we consume more energy, we just pay
the bill.”; and

• C: “We have 500 year old relics more valuable than the price we pay for energy to keep
them in optimal conditions. . . Museums have the same attitude.“

Finally, all respondents are aware that appropriate digitalisation of all aspects of the
building behaviour will lead to an improved workflow for achieving optimal operation
of the building. CC stated that getting acquainted with the building’s specifics might
take up to a year, making training of new personnel difficult and costly.

7.4 Discussion

The interest to introduce intelligent building software applicable to a heterogeneous
building ecosystem rises a variety of challenges. While this poses a plethora of technical
difficulties, it also introduces the complexity of satisfying a group of end users with
large discrepancies in their educational backgrounds and experiences.

Despite differences between preferred frequencies of performance testing for energy
and indoor climate performance testing, real-time performance testing is superior and
favoured as it yields detailed results, contrary to batch processing and testing in less
frequent time intervals. Configurable software for performance testing can run in
real-time with all available data points but produce a report at the desired time interval
specified by the building manager. This kind of background live evaluation can also
ensure timely notification when PTs fail. Often response times of building managers
may vary depending on number of concurrent tasks, priority of task, awareness of the
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occurring faults. Thus, timely notification of failed PTs is key for remedying the effects
of faults as quickly as possible.

The differences in educational levels in building managers and their preferences
for configuring a performance testing solution implies the necessary implementation
of optimization techniques, which would lead to further reduction of human effort,
and thus increase usability. In terms of time series forecasting, machine learning algo-
rithms require input parameters during model fitting. Without the input of a minimal
acceptable accuracy, the problem transforms into finding the best possible model fitting
parameters, and it may lead to implementation of hybrid approaches that are capable
of such optimisation in real-time.

Regarding visualisations, the charts presented in Figure 7.1 and Figure 7.2 have
been inspired by the Dashboard application in the OU44 building as shown in Chapter
4. Figure 7.2 was created as an SVG vector file and implemented to show live results
from performance testing. Delivering such a visualization tool to buildings worldwide
would require the creation of these SVG files individually on a per-building basis.

Although the number of respondents to the survey was relatively low (seven), their
expertise is relevant as they span across the private and public sectors and pertain
to buildings of different types. CH’s manager’s experiences are particularly valuable
as he also heads the management for more than 130 other public buildings. Further
insights are likely upon expanding the study to other countries. As the questionnaire
presently contains questions specific to the Danish building regulations, it would need
to change to accommodate for the differences in regulations.

7.5 Summary

In this Chapter we presented details of a survey across seven building managers. The
survey gained information about the current tasks of the building managers, their
preferences and competences with performance testing applications. Their feedback
calls for intuitiveness of applications, and requirements for as little prior building
or technical knowledge. Further, building managers prefer real-time performance
evaluation of their buildings over coarser frequencies, even though in most cases they
did not find it necessary given the type of buildings they manage. Preferences on
visualisation technique focus on easy to interpret, understandable charts, for quick
assessment of buildings’ performance and location of possible faults.
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Chapter 8

Evaluation

This Chapter provides an evaluation of the LEAF. The evaluation is completed in three
parts. First, a comparative study is presented, evaluating LEAF against the current state
of the art solutions for performance testing in buildings presented in Chapter 2. The
second part of the evaluation presents an analysis of the benefits of live performance
evaluation in comparison to less frequent performance evaluation. The analysis of
several performance testing strategies with different frequencies are examined using
data from a simulated fault from the OU44 building presented in Chapter 4. Finally, a
discussion of the costs and challenge of deploying LEAF is presented.

8.1 Comparative evaluation of buildings’ performance evalu-
ation solutions

This section presents evaluation criteria emerging from the thesis’ research question
presented in Section 1.2. Using this evaluation criteria, we first evaluate the state of the
art solutions presented in Chapter 2, and finally evaluate LEAF according to the same
criteria. Afterwards, a comparison between all the solutions is presented.

8.1.1 Evaluation criteria used in comparative evaluation

Emerging from the research questions in Section 1.2, we construct an evaluation cri-
terion focusing on each of the three research questions. The first evaluation criterion
titled Completeness, emerges from the first research question, regarding the complete
building’s performance assessment both on a whole building level, as well as on the
level of its components. The second evaluation criterion, Portability, stems directly
from the second research question, evaluating the extent of portability of the proposed
software. Finally, the evaluation criterion titled Frequency of performance testing stems
from the third research question, focusing on the extent to which performance testing
software can utilise the streaming operational data from the building.

The criteria used for the evaluation is given following this paragraph. Here, we use
the term "solution" to represent the constructed methodology, software, framework,
as used by selected authors presented in Chapter 2. Out of the solutions presented in
Chapter 2, we have selected those focusing on performance evaluation as a comparison
between observed and expected performance, or conceptual frameworks focusing on
holistic evaluation of buildings’ performance.



106 Chapter 8. Evaluation

• Completeness: Can the solution utilise all of the instrumentation and execute
tests that will evaluate all components that are measured?

• Portability: Can the solution be applied to heterogeneous buildings with varying
size, instrumentation, system complexity, etc.?

• Frequency of performance testing: How frequently is the solution able to evalu-
ate the building’s behaviour? Can the solution utilise all the streaming data from
the available sensing instrumentation?

8.1.2 Analysis of state of the art buildings’ performance evaluation solu-
tions

The following provides an assessment of the most prominent performance evaluation
solutions in the available literature. These solutions have been presented in one or more
research papers, and have been selected emerging from the literature study presented
in Chapter 1. Throughout the course of the PhD project, as new solutions emerged, they
have been noted and thus included in this evaluation. For every solution, a summary
is provided, followed by the evaluation of the solution according to the criteria defined
in subsection 8.1.1.

Gerrish et al., 2017, [69]

Summary: The authors evaluate a case study building for its performance, focusing
on extracting data from BIM. Their solution uses a simplified representation of the
buildings’ spaces and systems, to develop a BIM environment where the building’s
performance data could be utilized.

Completeness: The authors utilise a previously deployed BMS in the building to ex-
tract raw data from the building’s sensing instrumentation. Thus, the solution is able
to evaluate all components measured by the BMS.

Portability: The extraction and organization of metadata has been documented to
be labour intensive. The exchange of metadata has been linked to JavaScript Object
Notation (JSON). While this provides benefits in terms of speed of execution of queries,
it does not capture the relationships between the building components and thus does
not allow for more complex exploration of the links between the building’s systems.
Furthermore, the JSON mapping file has been created for a case-specific basis and is
not standardized. This implies the lack of portability of the developed application, i.e.
its deployment to another building would require significant changes and additional
labour.

Frequency of performance testing: The performance evaluation is able to be executed
every half hour, as a comparison between operational and simulated building be-
haviour.
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Ock et al., 2016, [70]

Summary: The authors develop a conceptual framework for energy management sys-
tems in smart buildings.

Completeness: The solution focuses on lighting, heating, and cooling systems. Thus,
indoor occupant comfort data (such as temperature, humidity, CO2) has not been taken
into account.

Portability: The solution is a conceptual framework and no implementation has been
presented. Thus portability is not a criterion that can be evaluated.

Frequency of performance testing: The solution is intended to run on 1 hour intervals.

Robinson et al., 2016, [47]

Summary: The authors address the energy performance gap between the building’s
design and operation in non-domestic buildings. A case study is presented using a real
building, focusing on occupant feedback.

Completeness: The framework presented by the authors not automated in any way.
Though energy data is used through the building’s BMS system, there is no solution
which performs a real-time evaluation. Occupant feedback regarding the indoor climate
is received through an interview process. Even though the building’s performance
evaluation is manual, the solution has covered the majority of the available instrumen-
tation within its study.

Portability: The solution is portable to other buildings due to its conceptual design.
No software implementation has been further developed, thus the question of true
portability in a software sense is not applicable.

Frequency of performance testing: Performance evaluation is done monthly within
the study, however the BMS provides data on a sub-hourly level.

Wetter et al., 2015, [72]; Pang et al., 2011,[73], Pang et al., 2012, [74];
O’Neill et al., 2013, [75]

Summary: The cited papers all utilise the same software solution titled Building Con-
trol Virtual Test Bed (BCTVB). The software is a platform able to link an EnergyPlus
model, a database with operational building data, and an Energy Management Control
System (EMCS). The tool has been applied to a real case study building. The studies
predominantly focus on the HVAC system.

Completeness: EnergyPlus simulations are able to simulate a very wide range of be-
haviours in a building, pertaining both to energy, as well as indoor climate. The usage
of BACnet as a communication protocol to read operational data from enables the
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solution to harvest a variety of available operational data.

Portability: Seeing as the solution relies heavily on EnergyPlus simulations, it is
difficult to claim high portability of this software. EnergyPlus models are built a case-
specific basis, and their calibration requires historical data from the building. The usage
of the EnergyPlus model for simulating building’s behaviour is an integral part of this
software. Furthermore, the BCTVB solution seems to require manual input to initialise
and run, thus its deployment to other buildings may prove complex.

Frequency of performance testing: The solution is able to deliver performance testing
results every 15 minutes. The EnergyPlus simulation is done on a 15 minute time step.
Despite the data’s temporal granularity of 5 minutes, results evaluating the building
are calculated on 15 minute intervals.

Moon et al., 2014, [76]

Summary: The authors present a software tool developed as an extension to the afore-
mentioned BCTVB software tool as presented by Wetter et al. in [72]. The authors
evaluate a real case study building, collecting a variety of energy data, as well as data
related to indoor climate.

Completeness: As the tool is built on top of the BCTVB tool, which relies on an Energy-
Plus, it allows for the full evaluation of the performance of every available component
in the building. The case study focuses on both energy data and indoor climate perfor-
mance.

Portability: As the solution has been build on top of BCTVB, it suffers from the same
issues with portability. The EnergyPlus model is developed on a building specific basis
and is thus not easily applicable to other buildings. However, this solution provides
an improvement as it introduces K Smart XML, which is an extention of the gbXML
scheme. The gbXML scheme is an XML schema built specifically for sharing building
information between different building design software. Even though the solution
requires manual labour to be transferred to another building, the implementation of K
Smart XML allows for increased portability.

Frequency of performance testing: Similar to the BCTVB solution, this software is
able to deliver results every fifteen minutes, which is the temporal granularity of the
simulations from the EnergyPlus model.

Costa et al., 2013, [78]

Summary: The authors present a toolkit based on a BIM for energy performance evalu-
ation as well as indoor climate analysis. The toolkit uses a methodology intended to
increase its applicability in the building industry. The toolkit has been evaluated on a
real case study building.
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Completeness: The toolkit has been shown to evaluate a wide range of building opera-
tional data, focusing both on energy and indoor climate data.

Portability: The toolkit relies on the existence of a previously calibrated model. It uses
a variety of manually chosen variables to determine those with highest impact, accord-
ing to the Key Factors Methodology [180] developed by the same group of authors.
The toolkit also relies on the building’s BIM to be in a certain format, which causes
additional difficulties in the portability of the software.

Frequency of performance testing: The developed toolkit is presented to evaluate
hourly energy data.

Markoska et al., 2019, [31]

Summary: LEAF, as presented in this thesis, enables live building performance eval-
uation. LEAF enables automatic instantiation of applicable PTs through the usage of
the Brick metadata schema [25]. LEAF is developed as an collection of microservices to
improve the effort required to integrate it with additional solutions. LEAF has been
applied to a real case study building with focus on all operational data in the building,
both energy and indoor climate related.

Completeness: The completeness of LEAF depends highly on the richness of the li-
brary of PTs. In its current version, LEAF is able to evaluate all energy aspects of the
building, as well as monitor the indoor climate in all rooms and zones of the building.
More specific tests may require implementation for specific needs in different types of
buildings.

Portability: The framework is designed to address portability of building intelligence
solutions. Brick metadata queries are assigned to the available PTs, allowing the auto-
matic discovery of sensing instrumentation in buildings, and the initialisation of the
framework without human input.

Frequency of performance testing: LEAF subscribes to data streams of the building’s
operational data and performs an evaluation with the granularity of the sensing in-
strumentation. Its workflow allowing for a variety of threshold modelling techniques
enables true real-time performance evaluation, limited only by the temporal granularity
of the sensing instrumentation.

8.1.3 Comparison between buildings’ performance evaluation solutions

Section 8.1.2 analysed the most prominent solutions for performance evaluation of
buildings. Here, we compare all solutions to LEAF, discussing their similarities, advan-
tages, and disadvantages.

Ock et al. [70] and Robinson et al. [47] primarily focus on conceptual frameworks
tackling the problem of performance evaluation in buildings. Robinson et al. present
analyses of building operational data, and conduct a survey across the occupants of
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the building, evaluating their experiences. While the methodologies are both sound
and their implementation would yield promising results, in their present form LEAF is
superior to them in all evaluation criteria.

Gerrish et al. [69] present a solution able to utilise all the sensing instrumentation
in the building, similar to LEAF. However, unlike LEAF, this solution performs an
evaluation every hour, which is inferior to LEAF’s capabilities. The paper also focuses
on addressing the question of standardisation of BIM models to increase portability
of building intelligence application, however the solution in its current form is not
easily applicable to other buildings. To contrast, LEAF has been designed for increased
portability across buildings.

Costa et al. [78] extracted building information from a BIM model which requires a
specific format in order to extract the data. Though the toolkit is intended for wider
use within the building industry, it relies on development of simulation models of
the building which are manually calibrated. The aforementioned points yield poor
portability to other buildings in the present version of the toolkit. Conversely, LEAF’s
ability to utilise a variety of threshold modelling techniques allow greater flexibility
and applicability to different scenarios. Furthermore, the toolkit described by Costa et
al. performs an evaluation hourly, thus not fully utilising the sensing instrumentation’s
temporal granularity, unlike LEAF. However, similar to LEAF, completeness-wise, the
toolkit tests a wide range of instrumentation in the building.

Out of all the presented examples, the BCTVB tool presented by Wetter et al. [72], as
well as its extension by Moon et al. [76], seem to be the most complete examples of an
overall performance monitoring tool for buildings. In terms of completeness of, both
LEAF and BCTVB are able to utilise the building’s operational data fully. However,
LEAF is superior to BCTVB in its usage of a unified metadata schema describing build-
ings - Brick [25]. The usage of generic metadata queries enables LEAF higher portability
across a variety of buildings regardless of their type. Furthermore, the BCTVB tool
executes its EnergyPlus simulations on a 15 minute time interval. While this is is an
acceptable time interval for most types of buildings, it does not reap the full benefits of
the temporal granularity of the sensing instrumentation, which might be performing
measurements more frequently than every 15 minutes. The BCTVB tool, however, may
harvest different perks from the utilisation of the EnergyPlus model (such as enhanced
insight of faulty building performance throughout FDD). This is a drawback of LEAF
as its capabilities for fault diagnosis are limited.

There exist also many proprietary vendors for BMS solutions. Due to confidential-
ity, it was difficult to gain full insight into the development processes as well as full
functionalities of this type of software. However, it is a commonly known fact that
BMS solutions are built on a case-specific basis. While reuse of code may be a focus
within the development team of the vendor, naturally, their focus does not also fall
upon easy integration with additional, heterogeneous building intelligence software,
whether open-source or proprietary.

Table 8.1 presents a summary of the key points in the evaluations of the solutions
which have implementations. The frameworks presented by Ock et al. in [70] and



8.2. Estimations for improvements given the usage of LEAF 111

TABLE 8.1: Summary of evaluated state of the art solutions using evalu-
ation criteria presented in subsection 8.1.1

Author Completeness Portability
Frequency of

performance testing

Gerrish et
al.,[69]

Tests all
available data

in BMS

Usage of JSON for
metadata storage.
Case-specific Not

standardised.

Half hour intervals.

Wetter et
al.,[72]
Pang et

al.,[73, 74]
O’Neill et

al.,[75]

Tests all
available data.

Integration
with BACnet

Case-specific due to
dependency on

EnergyPlus model
15 minute intervals.

Moon et
al.,[76]

Tests all
available data.

Integration
with BACnet.

Case-specific due to
dependency on

EnergyPlus model.
Implementation of

enhanced gbXML schema
for increased portability.

15 minute intervals.

Costa et
al.,[78]

Tests a wide
range of data.
Integration
with BMS.

Relies on calibrated
case-specific model. Data

extraction from BIM
requires specific formats,
yielding low portability.

Hourly intervals.

Markoska
et al.,[31]

Tests all
available data.
Dependency

on availability
of operational

data.

PTs are assigned Brick
queries, enabling high

portability across
buildings with Brick

models

Frequently equal to
the measurement

rates of the sensing
instrumentation

allows.

Robinson et al. [47] have not been implemented and automated. Therefore, they have
been omitted from the summary.

8.2 Estimations for improvements given the usage of LEAF

This section analyses the advantages of real-time performance testing using LEAF, as
opposed to performance testing using strategies testing less frequently than the fre-
quency of data collection. Further, the section discusses different implications of timely
fault discovery to expected cost in buildings with different reliability requirements.
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TABLE 8.2: Symbols used in the evaluation and their description

Variable Description

p Probability that a PT fails given a fault
xi Cumulative cost of faulty building operation until time i

Function Description

E(X)i
Expected value of cost of faulty building operation given a fault

until time i

f (t) Function derived using linear modelling describing the
cumulative behaviour of the cost of the simulated fault

8.2.1 Setup and Assumptions

We examine a scenario as presented by Mattera in [181], comparing simulated healthy
and faulty electricity consumption from a fan in the OU44 building. The model used
to simulate both healthy and faulty electricity is the EnergyPlus model of the OU44
building, detailed in Section 5.1. The fault introduced is a gradual reduction of the
efficiency of a fan in one of the ventilation units.

The variables listed in Table 8.2 will be used for the case study. Each instance of a
PT can yield a pass or a fail value. Section 3.1 elaborated on the possible results from
PTs. If the test passes, the only benefit available is the awareness of the correct and
efficient operation of the building. If the test fails, there could be four possible causes
leading to its failure:

• The test failed due to a malfunction in the building’s components which affects
the data in the measured time series

• The test failed due to incorrect usage of the building, with otherwise healthy
components in the building and no malfunctions

• Errors in data, noise, or errors in the transfer of data

• Low accuracy of the threshold forecasting technique causing false positives or
false negatives

For simplicity, we will assume that the data is clean and without any errors. We
distinguish between two events: the event that there is a persistent fault in the building,
affecting the system over a prolonged period of time; and the event that a PT fails. Here,
we define a fault in the same way as in Chapter 2.1, i.e. "an unpermitted deviation of
at least one characteristic property of the system from the acceptable, usual, standard
condition.". It is obvious that a persistent fault occurring and a PT failing are correlated
events. A persistent fault in the building will trigger the event of a PT failing due to
that fault. However, calculating thresholds for PTs relies on models generating the
estimates for the expected electricity consumption and indoor climate of the building.
As shown in Chapter 5, these models may have varying accuracies in their forecasts.
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TABLE 8.3: Illustration of degrees of reliability importance in different
buildings, according to Lazarova-Molnar et al. in [177]

Reliability importance Meaning

Nice to have
Benefits do not justify the cost of reliability

assessment
Useful Benefits could exceed the cost of reliability assessment

Necessary
Benefits largely exceed the cost of reliability

assessment
Critical Benefits of reliability assessment concern human lives

Highly Critical
Benefits of reliability assessment concern a large

number of human lives

The varying accuracy may affect the results of the PT. For simplicity, however, we will
assume that our applied model is accurate enough that it does not affect the results
from performance testing.

We further assume that the frequency of reading data points is the same as the
frequency of the delivery of data points to the common archiver from there it can be
evaluated, without additional delays.

8.2.2 Expected cost of fault for different performance testing strategies

Generally, it is complex to estimate the effects that certain faults may have to the electric-
ity consumption in the building, as well as the behaviour of its occupants. We design an
experiment whereby a gradual fault in one of the fans in the OU44 building propagates
through the ventilation system by affecting other components than the single cause
of the fault, and thus increases its electricity consumption. The experiment uses an
EnergyPlus model of the OU44 building to simulate the building’s healthy electricity
consumption, as well as the effects of the introduced fault. Details for the EnergyPlus
model are given in Chapter 4. In the experiment performed, the efficiency of a fan has
been gradually decreased from the initial calibration value for healthy behaviour. The
simulation of healthy behaviour has been performed from January 1 2017 to July 31
2017. The fault has been introduced starting March 1 2017. The electricity meter for the
faulty fan delivers data points every 10 minutes.

Figure 8.1 is a graphical representation of a comparison between electricity con-
sumption given a healthy fan and a faulty fan. The graph shows the behaviour of the
fan starting March 1 as that is when the fault has been introduced. According to Figure
8.1 the effects of the fault in the fan increase over time. Figure 8.2 shows the cumulative
energy expenditure from both simulated healthy and simulated faulty behaviour on
the left axis. The right axis has the amount of kWh calculated in Euros according to the
electricity prices from 2016 [182].
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FIGURE 8.1: Energy consumption for a fan in the OU44 building. Data
shows simulated healthy operational behaviour, and a simulated fault.

Both simulations have been done using EnergyPlus.
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TABLE 8.4: Comparison of expected cost of fault using different perfor-
mance testing strategies

Performance testing
strategy

Expected cost of fault

Performance testing
every 10 minutes (LEAF):

E(X)10mins = 0.187Euros× 0.4 = 0.0748Euros

Performance testing
every 1 hour:

E(X)1hour = 0.655Euros× 0.4 = 0.262Euros

Performance testing
every 1 day:

E(X)1day = 5.956Euros× 0.4 = 2.3824Euros

Performance testing
every 1 week:

E(X)1week = 26.337Euros× 0.4 = 10.53Euros

Performance testing
every 1 month:

E(X)1month = 134.747Euros× 0.4 = 53.899Euros

Performance testing
every 3 months:

E(X)3months = 319.653Euros× 0.4 = 127.861Euros

Using a linear regression modelling function we derived the equation representing
the cumulative estimates for the electricity consumption from a fan with reduced
efficiency. The regression line is presented in the following equation.

f (t) = 12.2 + 0.0285t (8.1)

The cumulative electricity consumption from a malfunctioning fan has linear
growth. Using this function, we are able to calculate the expected cost of faults occur-
ring given the probability of the fault occurring in the fan. As the cost function grows,
it’s evident that the longer a fault is undetected, the larger the amount of kWh are used
and thus the monetary cost increases. Let xi represent the cumulative cost of faulty
fan operation, until time i in Euros. The expected value of electricity consumption cost
for a certain probability of the fault’s is calculated with E(X)i = xi × p, where p is the
probability of a PT failing given that the fan is faulty. Let us assume that p = 0.4 con-
stantly. We examine different performance testing strategies, where LEAF assumes the
testing frequency of once every 10 minutes, while other performance testing strategies
test less frequently. The results are presented in Table 8.4.

It is evident that the lower the frequency of the performance testing strategy, the
larger the cost of a fault is. The expected costs for different performance testing
strategies do not seem to be large numbers. However, the introduced fault is a relatively
small fault of a single partially malfunctioning fan. It is not usually the case that
buildings have a single fault that can be isolated and treated, but instead several
faults coincide. If the same fault was introduced for n different fans in the building
with the same configuration as the fault used in this example, assuming all faults are
independent events, the total expected cost of all building operation given a fault
would be the sum of the expected costs of all faults with at a certain point in time.
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8.2.3 Implications of timely fault discovery to expected cost

According to the examination of the different performance testing strategies in Table 8.4,
using LEAF, the fault in the fan would raise alarm as early as the first failed PT. Here,
it would be a matter of the accuracy of the threshold modelling technique and its ability
to produce a threshold sensitive enough that the deviant behaviour would be spotted
quickly by the building manager. The timeliness of the first failed PTs is positively
correlated with the accuracy of the threshold modelling technique used for the PT. The
building manager would be alerted of the deviation in the electricity consumption
from the fan at the first failed PT, however his/her course of action is another variable.
More attentive building managers would examine the cause of the fault quickly, thus
reducing the likelihood of extra costs from the fault. It is also possible that the fault
is allowed to persist without further inspection, if the building manager suspects the
fault is not caused by malfunctioning hardware components, but instead is caused by
temporary incorrect use of the building.

It is also possible that upon inspection, the hardware component is found to be
malfunctioning. In this case, the component can be repaired or replaced, however it
is also possible that the cost of repair or replacement is greater than the cost of using
the malfunctioning component (if it is partially malfunctioning), or not using it at all.
These decisions are usually carried out on a case by case basis.

Faults originating from one component can often be the cause of additional increase
of cost. For example, though the reduced efficiency of the fan in the example was
shown to affect the increase of electricity consumption over the course of months, the
effects of this fault extend further. Reduced fan efficiency can result in an increase in
CO2 in the indoor climate. As the OU44 is a teaching and office building, it is expected
that the productivity and comfort of the occupants would be negatively affected. A
very recent study documents that continued exposure to increased atmospheric and
indoor CO2 can lead to not only reduced productivity, but also a variety of health risks
[183].

However, different buildings have different requirements, and thus demand differ-
ent performance testing strategies. Equation 8.1 shows a linear growth for the expected
cost of electricity consumption given a fault. Considering the OU44 building is used
as a teaching and office building, and thus its relatively low levels of reliability im-
portance according to Table 8.3, classifying as "Useful", it seems reasonable that the
growth of expected cost of electricity has a steady growth. In buildings with higher
reliability requirements, however, this cost function is not expected to be linear, due
to the likelihood that greater damage can be caused much quicker. For example, in
factories where stability of the indoor environment is critical, insufficiently frequent
performance testing may not just lead to increased cost, but also loss of human lives
as different volatile materials may cause explosions. In buildings with high reliability
requirements, such as greenhouses or hospital, the maintenance of stable building
behaviour is important to reduce the spoiling of goods (such as plants and medicine,
respectively). Table 8.3 shows degrees of reliability importance in different types of
buildings according to Lazarova-Molnar et al. in [177]. As demonstrated in Table 8.4,
LEAF’s ability to evaluate the building’s performance with the frequency of the sensing
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instrumentation allows for the greatest reduction of expected costs given faults and
malfunctioning components.

8.3 Evaluation of costs and challenges in LEAF’s deployment

Seeing as many buildings in the world do not have a Brick model, discussing the costs
of development of Brick metadata models is highly relevant. Common practice does not
yet incorporate large metadata models that include all of the data related to a building.
Therefore it is of high importance to examine the effort required to develop the Brick
model. The initialization and set up of the Brick model for the OU44 building took an
approximate duration of 1 month to develop fully. Prior to this stage, all documents
related to the OU44 building’s structure and instrumentation were gathered from the
building’s management personnel. The conversion of .PDF files to readable metadata
required significant effort and may introduce potential human errors. Some conver-
sions (such as the tree structures of the electricity meters) were simpler as the data was
stored in Excel sheets and thus was machine-readable. Despite these quantifications for
the effort required of developing Brick models, the authors in [25] examine conversions
from IFC to Brick, and from Haystack to Brick, yielding promising results. Further,
we expect that the general trend of the buildings’ construction industry will evolve
to require metadata models of the building during handover. The maintenance of the
model is a matter of continuous attention. The extent of LEAF’s portability relies on
Brick’s ability to express building’s metadata and its relationships unambiguously. As
documented in Chapter 3.5.2, it is possible that queries in some cases may not yield
completely homogeneous results. However, the authors in [25] perform an experiment
of running eight software applications across six different buildings, showcasing Brick’s
ability to enable portable metadata queries despite the aforementioned shortcomings.
Still, Brick is not yet widely considered a standard for describing buildings’ metadata,
thus the true global applicability of LEAF is presently limited.

Despite the challenges with buildings’ metadata, however, millions of the build-
ings in the world do not have centralised system for data gathering. Even essential
instrumentation such as whole building electricity meters is not analysed sufficiently
frequently. According to a report prepared by the USA’s Council of Finance, the largest
barrier for the adoption of energy efficient applications in small commercial buildings
is cost [184]. The authors in [185] study the initial costs of installation of building intel-
ligence applications, proposing also a metric for evaluating in advance whether it pays
off to make the initial investment. These efforts coupled with metrics to evaluate the
preparedness of buildings to facilitate software solutions which improve its operation
[58] show a positive trend towards a future where LEAF could be applicable globally.

However, despite improved portability and LEAF’s implementation of the microser-
vice architecture pattern, issues with stream processing in live-data are still present.
Chapter 3 discussed the challenges with operational data. As there exist sensors which
only report data points when their states change, it is difficult to detect missing data
points. There is presently no mechanism in LEAF which addresses this.
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Furthermore, LEAF’s ability to utilise different time series forecasting techniques
also implies the lack of insight into why a building is performing the way it is. While
LEAF is able to determine whether buildings comply to what is expected of them,
additional techniques must be used to understand the reasoning behind these results.
The employment of Brick queries for investigations of causes leading to results from
PTs may improve this shortcoming, however this avenue of research is still in its early
stages.

8.4 Summary

This Chapter presented an evaluation of the LEAF framework from several aspects.
Using an evaluation criteria emerging from the thesis’ research questions, LEAF was
compared to other prominent state of the art solutions. Following, we presented
estimations for improvements given LEAF’s real-time capabilities, by comparing it to
other strategies testing less frequently than LEAF. Using a simulated fault in the OU44
building, we presented the monetary savings LEAF could deliver in the event of faults.
Finally, we presented a discussion on the costs and challenges of deploying LEAF.
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Chapter 9

Future work and conclusions

This Chapter presents the conclusions from the thesis, and reflects back on the initial
goals and research questions from Chapter 1.2. Future research directions are then
suggested within the context of this thesis.

9.1 Conclusions

This thesis presented LEAF, a framework for continuous real-time performance evalua-
tion of smart buildings. LEAF facilitates a performance testing process assessing both
energy consumption in buildings (such as evaluating the consumption from lighting,
heating), as well as their indoor climate (room temperature, CO2, humidity, etc.). This
variety of tests is achieved through LEAF’s library of PTs.

A contribution of the thesis stems from LEAF’s ability to automatically discover
available sensing instrumentation in the building, thus reducing the ordinarily lengthy
and expensive manual setup of performance evaluation. Given this mechanism, LEAF
is able to initialise and begin execution of all applicable PTs to a building, without
human input. To achieve this automated discovery and instantiation, LEAF relies on a
Brick metadata model as a requirement. We have chosen to work with the Brick schema
as it has been shown to be more complete and more expressive than other state of the
art schemas. Every PT is assigned a set of Brick queries able to extract information
regarding the available instrumentation relevant to that PT. This coupling of PTs with
metadata queries ensures all available sensing instrumentation in the building is tested.
Having obtained all necessary metadata, LEAF instantiates the applicable PTs and thus
processes the streaming incoming data points representing the building’s operational
data. Every incoming data point is evaluated against a threshold, to discover whether
the building’s operational performance is appropriate or not.

LEAF implements several different forecasting techniques for expected performance
in buildings. These techniques are a static white box model from the Danish govern-
ment regulations, EnergyPlus as a dynamic white box modelling engine, ARIMA and
LSTM as black box models. Furthermore, an algorithm is presented for choosing the
optimal threshold forecasting technique, depending on the availability of modelling
techniques, accuracy of forecast, and average frequency of time series data.

A significant contribution of LEAF is the implementation of a microservice archi-
tecture pattern, to increase the reusability and maintainability of LEAF, as well as
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improve ease of integration with other building intelligence solutions. As performance
testing is comprised of several processes, LEAF decouples these processes and presents
them as separate microservices, available for future use by other building intelligence
applications.

Using LEAF, a dashboard application was developed for a case study building,
incorporating visualisation techniques to enhance the capabilities of the Dashboard
as a performance monitoring and FDD tool. Through LEAF’s operation on the case
study building, we discovered numerous faults affecting the building’s occupants’
experience, as well as increasing costs. The thesis also presents the results from a series
of semi-structured interviews with building managers, evaluating the implemented vi-
sualisation techniques and stating their preferences as guidance for future development.

Due to the vast diversity in buildings and the general heterogeneity in ICT solu-
tions deployed to them, application of performance testing is feasible under certain
circumstances. The thesis defined a set of requirements for the application of LEAF,
highlighting the importance of metadata models of buildings, and easy access to opera-
tional data. LEAF is intended for smart buildings, however given the inconsistencies in
definitions for "smart buildings", this thesis further presented a minimum "smartness"
a building must possess to have LEAF deployed. This is done according to SRI, which
is a metric for measuring the technological readiness of a building proposed by the
European Commission. Inspired by the mechanism for automatic detection of PTs, this
thesis also presented an algorithm for automatic calculation of the SRI.

The motivations behind this project, as presented in Chapter 1, have been to avoid
the development of building intelligence solution for case-specific buildings, but in-
stead develop generic methods that address global applicability to as many buildings
as possible. The entirety of LEAF has been developed for portable deployment to new
buildings and easy integration with new software. This way, it becomes possible to
discover as many faulty buildings as possible, remedy these faults in a timely manner,
and thus reduce CO2 emissions.

9.2 Future work in the context of LEAF

LEAF’s library of PTs is representative for the case study building, however it is in-
complete. Expanding the library with additional tests will yield an improved and
more complete assessment of buildings’ performance when applied to other buildings.
The highlighted ability of LEAF to be applied to buildings with variable reliability
requirements additionally poses the necessity for enhancement of the performance
test suite. Additionally, LEAF has presently been applied to one case study building.
Acquiring additional case study buildings will further test the portability of LEAF
and help improve its workflow, develop more PTs, and test Brick’s capabilities more
completely.
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In this thesis, Chapter 5 showed how different forecasting techniques for buildings’
expected performance may be coupled together to aid real-time forecasting. The al-
gorithm behind the microservice choosing the best available technique was given in
Chapter 5.4.1. However, this algorithm has not yet been implemented as presently
there is no service discovery mechanism, able to find microservices based on their
individual descriptions. The Service Abstraction Layer [173] is one possible way to de-
scribe all of LEAF’s microservices for an easier automated integration with additional
functionality.

Furthermore, in Chapter 4, it was demonstrated how Brick queries were used to
diagnose the cause for a fault that was discovered in the case study building. Using
a Brick query, we were able to traverse the electricity distribution tree and find out
that the building’s inside green wall (a wall of plants) was responsible for many failed
PTs. By pairing PTs with separate Brick queries for FDD, these procedures could be
automated. It is not expected that these investigative queries will yield perfect isolation
of faults in the building, however they may significantly reduce the pool of possible
faults, and thus become a suitable tool for automated FDD.

For PTs with multiple data points as input, Chapter 3 discussed the importance
of the temporal alignment of the arrival of all data points to the common Archiver.
The current implementation of LEAF has a fixed time window of hard-coded values
which all data points must be present. If the data does not fall in that time interval, the
PT is not executed. However, for time sensitive tests, in the future, the user could be
prompted to suggest a tolerable time range for temporal differences between arriving
data points.

Though LEAF implements an architecture where integration and development
of forecasting techniques is simple, the current trend in the building industry is that
buildings are not handed over with energy models. Fumo et al. in [186] further believe
that the future of energy forecasting for residential buildings follows a trend toward
the development of individual models for each household. This trend is primarily due
to the availability of data from smart meters, and the lengthy and costly development
times of white box models.

9.3 A visionary take on the future in the building sector

The current state of the building sector is rather old fashioned, in all parts of the build-
ing’s life cycle. In practice, construction and installation of building components is
not performed in a completely orderly fashion whereby these processes do not inter-
fere with each other. Instead, different contractors are hired for the construction or
installation of different components. Without sufficient communication, the workflow
of building construction is sub-optimal, and the processes may hinder each other.
Solutions are made on a per-building basis, however the lack of formal structure in
construction is still a problem to be improved upon.

Furthermore, building intelligence applications such as BMS systems, or buildings’
digital representations within BIM models, are most exclusively made on a case specific
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basis. While many commercial buildings have such building intelligence on board,
residential buildings and older building are very unlikely to get a similar treatment.
Considering that residential buildings contribute to a significant amount of the energy
consumption in the building sector [8], applying building intelligence to this class of
buildings is increasingly valuable.

However, case-specific building applications are insufficient if the final goal is a
global reduction of energy consumption in the building sector. Instead, an ecosystem
fostering interoperability and portability of building intelligence software among build-
ings is needed as a prerequisite for all future enhancements that have the potential
for greater impact. The ultimate vision for the future of building intelligence applica-
tions would be akin to the mobile app market. Nowadays, the mobile app market is
simple, intuitive, and structured in a way that is accessible to a large number of users
regardless of the specifics of the device they’re accessing the apps from. Android and
iOS have become platforms upon which developers can create applications. In a very
intuitive, straight-forward manner, users can access the available software. Prior to the
installation of the app on the device, a variety of checks are performed to ensure that
the hardware capabilities of the device are compatible with the requirements of the app.

Following this analogy, a building intelligence ecosystem whereby intelligence so-
lutions come in a generic format, ready to be applied to any building that "downloads"
them, would easily pave the way to not only improved operation of buildings, but also
large collections of building operational data. With big data collections stemming from
many buildings, varying in size, type of usage, complexity of system installations etc.,
building intelligence applications could benefit from collaborative data analytics. Dis-
covery of parameters for calibration of white, grey, or black box models for threshold
forecasting could be done based on peer checking with similar buildings. Forecasts for
the energy savings as an incentive for future building owners, or owners interested in
retrofits, could be made given information from prior situations with similar buildings.

Further, analogous to the checks performed prior to the installation of the mobile
app on a given device, The PT-SRI calculation within the thesis presented in Chapter
6 is one demonstration of this type of assessment of a building. LEAF, within this
thesis, has been presented as a performance testing framework developed in a generic
fashion, with the intention to be applied to buildings worldwide. The minimum SRI a
building needs to have in order to apply LEAF has been calculated to be 23%. Future
similar building intelligence application could calculate such minimum metrics a given
building needs to satisfy prior to the installation of such software.

Thus, a building’s own SRI assessment would be, in a sense, a ’passport’ to a
variety of software installations in its future. Given this, building owners can make
more informed decisions regarding the construction and installation of their building
components, in light of the building intelligence solutions that could be applied to
their building in the future. This restructuring of the building design process fosters
a movement towards smarter decisions in line with optimal building behaviour, and
thus yielding energy savings.
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Returning back to the initial quotes at the beginning of this thesis, the greatest
problem to the suboptimal energy consumption in the building sector and its effects
on the climate crisis is not the shortage of excellent technological advancements, but
instead the lack of their systematic application worldwide. The research in this thesis
has been motivated by the lack of global solutions for performance testing in build-
ings. Similarly, numerous scientists address a plethora of problems in the building
industry and develop solutions and guidelines. However despite these advancements,
ultimately, it is governments and worldwide organisations who must mandate stronger
policies for the implementation of scientific discoveries.
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Appendix A

List of implemented Performance
Tests within LEAF

This Appendix presents a list of currently implemented performance tests in LEAF.
The categorisation of the tests is according to Chapter 3.3.2.

This appendix lists the implemented performance tests. They are programmed in
a fashion so that they take operational data as input, thus they can be applied to any
building that contains the necessary instrumentation. This appendix also contains the
availability of metering for each performance test in the OU44 building.

PV generation (kWh)

Definition
This test is intended to assess the electricity generation from
the solar cells.

Description

The test examines the electricity production from the PV over a
period of 14 days. This value is then compared to a value rep-
resenting the expected performance, as the output of a model
over the same period of time. The threshold for this perfor-
mance test is 10% over the predicted value.

Availability in
OU44

Currently there is only have an overall meter for the OU44
building for PV generation.

Category Performance tests evaluating energy consumption/generation

Ventilation electricity consumption (kWh)

Definition
This test is intended to assess the electricity consumption from
the ventilation subsystem.

Description

In OU44 there are 4 ventilation units, and there is a meter for the
electricity consumption of each of them. The test examines the
electricity consumption from the ventilation unit over a period
of 14 days. This value is compared to a value representing
the expected performance, as the output of a model of the
building over the same period of time. The threshold for this
performance test is 10% over the predicted value.
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Availability in
OU44

This test will be executed for all 4 meters for each ventilation
zone in OU44.

Category Performance tests evaluating energy consumption/generation

Heating test (kWh)

Definition This test assesses the consumption from heating.

Description

The test examines the heating consumption over a period of
14 days. This value is compared to a value representing the
expected performance that is the output of a model of the
building over the same period of time. The threshold for this
performance test is 10% over the predicted value.

Availability in
OU44

In OU44 there are two test rooms which have this type of a
meter available. The test is executed for both of them. There
is an additional main meter for the building that is be used to
execute this test for the whole building.

Category Performance tests evaluating energy consumption/generation

Consumption per occupant (kWh/occupant)

Definition
This test assesses whether the energy consumption per occu-
pant in a room/area is acceptable or not.

Description

The test uses occupancy data as well as data for energy con-
sumption (overall, heating, lighting have been implemented).
Every time the number of occupants changes, the result from
the test is re-evaluated. The time interval in which the aver-
age number of occupants is calculated is used to determine
the amount of energy that was consumed by the occupants (in
kWh). This value is then divided by the average number of
occupants that were present.

Availability in
OU44

In OU44 there are two test rooms that have results for occu-
pancy count, heating and lighting, which means that the test
can be executed for heating/occupancy for both rooms, and
lighting/occupancy for both rooms.

Category
Performance tests evaluating optimal building usage as a func-
tion of energy and occupancy counts

Whole building electricity (kWh)

Definition This test assesses the overall building electricity consumption.
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Description

The test examines the overall electricity consumption over a
period of 14 days. This value is compared to a value represent-
ing the expected performance that is the output of a model of
the building over the same period of time. The threshold for
this performance test is 10% over the predicted value.

Availability in
OU44

In OU44 there is a main meter for all electricity consumption.

Category Performance tests evaluating energy consumption/generation

Ventilation system energy capacity (kJ/m3)

Definition This test assesses the ventilation system’s energy capacity.

Description

The test examines the energy capacity of the ventilation system
over the period of 14 days. The electricity consumption (kWh
initially) is calculated for the 14 day period and is then con-
verted to kJ. From here, this value is divided by the air volume
for the appropriate unit.

Availability in
OU44

In OU44 this test can be executed for each ventilation unit.

Category Performance tests evaluating efficiency of components

Temperature level comfort (◦C)

Definition
This test assesses whether the temperature in a zone/room
complies with the standards or thresholds.

Description
The test examines the temperature in a room. If the temperature
is above or below the expected values, the test fails. The DS1752
class a-c strategy may used for the threshold.

Availability in
OU44

In OU44 this test can be executed for zone/room with a tem-
perature sensor. Every room in OU44 has a temperature sensor
installed.

Category Performance tests evaluating indoor climate

CO2 level comfort (ppm)

Definition
This test assesses whether the CO2 in a zone/room complies
with the standards.

Description
The test examines the CO2 level in a room. If the CO2 level is
above the expected values, the test fails. The DS1752 class a-c
strategy may used for the threshold.
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Availability in
OU44

In OU44 this test can be executed for zone/room with a CO2
sensor. Every room in OU44 has a CO2 sensor installed.

Category Performance tests evaluating indoor climate

Efficiency of Heat exchanger (%)

Definition This test assesses the heat exchanger’s efficiency.

Description

Checking that the temperature efficiency on ventilation systems
with heat recovery does not exceed the projected values. The
temperature efficiency of the ventilation system is defined as:

η =
(te − tu)

(tud − tu)

Where:

• te - Temperature after heat recovery [◦C]

• tu - Outdoor temperature [◦C]

• tud - Extract/Exhaust air temperature [◦C]

Availability in
OU44

In OU44 this test can be executed for the heat exchanger of
every ventilation unit.

Category Performance tests evaluating efficiency of components

Efficiency of Solar cells (%)

Definition

The purpose of the Efficiency of solar cells performance test is
to test the solar cell panel system and compare it to the accepted
efficiency indicated by the model of the building that is used.
Initially, the following calculation is applied:

Ecor = Emea ×
Imea

Epres

Where:

• Ecor - Corrected performance according to the assumed
insulation [kWh]

• Emea - Measured performance in the measurement period
[kWh]

• Imea - Measured solar radiation [kWh/m2]

• Epres - Presupposed solar radiation [kWh/m2]
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Availability in
OU44

In OU44 this test can be executed for the PV system.

Category Performance tests evaluating efficiency of components

Lighting consumption (kWh)

Definition
This test assesses whether the electricity consumption from
lighting is appropriate.

Description

The test examines the lighting consumption over a period of
14 days. This value is compared to a value representing the
expected performance that is the output of a model of the
building over the same period of time. The threshold is +5%
over the expected performance.

Availability in
OU44

In OU44 this test can be executed for every light meter. The
Basement has 1 meter. All three floors have 2 separate meters.
There are test rooms in which each has 3 separate meters (for
every row of lights). The test sums up the output of the 3
meters in the case of the test rooms.

Category Performance tests evaluating energy consumption/generation
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Appendix B

SRI building services

This Appendix presents a list of smart ready services as a part of the Smart Readiness
Indicator (SRI) [174], which is a metric to assess a building’s technological preparedness
to facilitate building intelligence solutions. In SRI’s final version, there are 52 smart
ready building services. For assessing SRI, each of them must be evaluated on a scale
from 0-4, as defined by the functionality levels. Table B.1 presents the services and the
meaning of the nominal functionality levels.

TABLE B.1: List of smart ready building services in Smart Readiness
Indicator for Buildings

Smart ready building
service Functionality level 0 Functionality level 1 Functionality level 2 Functionality level 3 Functionality level 4

Heat emission
control No automatic control

Central automatic
control (e.g. central

thermostat)

Individual room
control (e.g.

thermostatic valves,
or electronic
controller)

Individual room
control with

communication
between controllers

and to BACS

Individual room
control with

communication and
presence control

Emission control for
TABS (heating mode) No automatic control Central automatic

control
Advanced central
automatic control

Advanced central
automatic control
with intermittent
operation and/or
room temperature
feedback control

Control of
distribution fluid

temperature (supply
or return air flow or
water flow) - Similar

function can be
applied to the control

of direct electric
heating networks

No automatic control Outside temperature
compensated control

Demand based
control

Control of
distribution pumps

in networks
No automatic control On off control Multi-Stage control

Variable speed pump
control (pump unit

(internal)
estimations)

Variable speed pump
control (external
demand signal)

Intermittent control
of emission and/or
distribution - One

controller can control
different

rooms/zones having
same occupancy

patterns

No automatic control
Automatic control

with fixed time
program

Automatic control
with optimum

start/stop

Automatic control
with demand

evaluation

Thermal Energy
Storage (TES) for
building heating
(excluding TABS)

Continuous storage
operation

Time-scheduled
storage operation

Load prediction
based storage

operation

Building preheating
control No automatic control Program heating

schedule in advance

Thermostat
self-learning user

behavior (presence,
setpoint)

Heat generator
control (for

combustion and
district heating)

Constant
temperature control

Variable temperature
control depending

on outdoor
temperature

Variable temperature
control depending

on the load (e.g.
depending on supply

water temperature
set point)
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Heat generator
control (for heat

pumps)

On/Off-control of
heat generator

Multi-stage control
of heat generator

capacity depending
on the load or

demand (e.g. on/off
of several

compressors)

Variable control of
heat generator

capacity depending
on the load or

demand (e.g. hot gas
bypass, inverter

frequency control)

Variable control of
heat generator

capacity depending
on the load AND

external signals from
grid

Sequencing of
different heat

generators

Priorities only based
on running time

Priorities only based
on loads (water

boiler, heat pump)

Priorities based on
generator efficiency
and characteristics

(e.g. multiple
carriers, solar, gas,

wood, etc)

Load prediction
based sequencing

Report information
regarding HEATING
system performance

None

Indication of actual
values (e.g.

temperatures,
submetering energy

usage)

Actual values and
historical data

Performance
evaluation including
forecasting and/or

benchmarking

Performance
evaluation including
forecasting and/or
benchmarking; also
including predictive

management and
fault detection

Control of DHW
storage charging

(with direct electric
heating or integrated
electric heat pump)

Automatic control on
/ off

Automatic control on
/ off and scheduled

charging enable

Automatic control on
/ off and scheduled
charging enable and
multi-sensor storage

management

Automatic charging
control based on

local availability of
renewables or

information from
electricity grid (DR,

DSM)

Control of DHW
storage charging
(using hot water

generation)

Automatic control on
/ off

Automatic control on
/ off and scheduled

charging enable

Automatic on/off
control, scheduled

charging enable and
demand-based

supply temperature
control or

multi-sensor storage
management

Automatic charging
control based on

signals from district
heating grid (DR,

DSM)

Control of DHW
storage charging

(with solar collector
and supplymentary

heat generation)

Manual selected
control of solar
energy or heat

generation

Automatic control of
solar storage charge

(Prio. 1) and
supplementary
storage charge

Automatic control of
solar storage charge

(Prio. 1) and
supplementary

storage charge and
demand-oriented

supply or
multi-sensor storage

management

Automatic control of
solar storage charge

(Prio. 1) and
supplementary
storage charge,

demand-oriented
supply and return

temperature control
and multi-sensor

storage management

Report information
regarding domestic

hot water
performance

None

Indication of actual
values (e.g.

temperatures,
submetering energy

usage)

Actual values and
historical data

Performance
evaluation including
forecasting and/or

benchmarking

Performance
evaluation including
forecasting and/or
benchmarking; also
including predictive

management and
fault detection

Cooling emission
control No automatic control Central automatic

control
Individual room

control REF

Individual room
control with

communication
between controllers

and to BACS

Individual room
control with

communication and
presence control

Emission control for
TABS (cooling mode) No automatic control Central automatic

control
Advanced central
automatic control

Advanced central
automatic control
with intermittent
operation and/or
room temperature
feedback control

Control of
distribution network

chilled water
temperature (supply

or return)

Constant
temperature control

Outside temperature
compensated control

Demand based
control

Control of
distribution pumps

in networks
No automatic control On off control Multi-Stage control

Variable speed pump
control (pump unit

(internal)
estimations)

Variable speed pump
control (external
demand signal)

Intermittent control
of emission and/or

distribution
No automatic control

Automatic control
with fixed time

program

Automatic control
with optimum

start/stop

Automatic control
with demand

evaluation
Interlock between

heating and cooling
control of emission
and/or distribution

No interlock
Partial interlock

(dependant of the
HVAC system)

Total interlock

Control of Thermal
Energy Storage (TES)

operation

Continuous storage
operation

Time-scheduled
storage operation

Load prediction
based storage

operation

Generator control for
cooling

Constant
temperature control

Variable temperature
control depending

on outdoor
temperature

Variable temperature
control depending

on the load

Sequencing of
different cooling

generators

Priorities only based
on running times

Priorities only based
on loads

Priorities based on
generator efficiency
and characteristics

Load prediction
based sequencing
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Report information
regarding cooling

system performance
None

Indication of actual
values (e.g.

temperatures,
submetering energy

usage)

Actual values and
historical data

Performance
evaluation including
forecasting and/or

benchmarking

Performance
evaluation including
forecasting and/or
benchmarking; also
including predictive

management and
fault detection

Supply air flow
control at the room

level

No ventilation
system or no

automatic control
Time control Occupancy detection

control

Demand control
based on air quality

sensors (CO2,
VOC,RH,. . . )

Adjust the outdoor
air flow or exhaust

air rate

Fixed OA ratio / OA
flow

Staged (low/high)
OA ratio / OA flow

(time schedule)

Staged (low/high)
OA ratio / OA flow

(presence)
Variable control

Air flow or pressure
control at the air

handler level
No automatic control On off time control Multi-stage control

Automatic flow or
pressure control
(without reset)

Automatic flow or
pressure control

(with reset)
Room air temp.
control (all-air

systems)

on-off capacity
control

variable capacity
control Demand control

Heat recovery
control: prevention

of overheating

Without overheating
control

Modulate or bypass
heat recovery based

on sensors in air
exhaust

Modulate or bypass
heat recovery based

on multiple room
temperature sensors
or predictive control

Supply air
temperature control No automatic control Constant set point

Variable set point
with outdoor
temperature

compensation

Variable set point
with load dependant

compensation

Free cooling with
mechanical

ventilation system
No automatic control Night cooling Free cooling H,x- directed control

Reporting
information

regarding IAQ

None or only
temperature

reporting

Air quality sensors
(e.g. CO2) and

central monitoring

Real time
information of IAQ

available to
occupants

Real time
information of IAQ

available to
occupants +

suggesting triggers
to action

Occupancy control
for indoor lighting

Manual on/off
switch

Manual on/off
switch + additional
sweeping extinction

signal

Automatic detection
(auto on / dimmed

or auto off)

Automatic detection
(manual on /

dimmed or auto off)

"Control artificial
lighting power based

on daylight levels
Manual (central) Manual (per room /

zone) Automatic switching Automatic dimming

Scene-based light
control (during time
intervals, dynamic

and adapted lighting
scenes are set, for

example, in terms of
illuminance level,

different correlated
colour temperature

(CCT) and the
possibility to change
the light distribution

within the space
according to e. g.
design, human

needs, visual tasks)

" Window solar
shading control

No sun shading or
only manual

operation

Motorized operation
with manual control

Motorized operation
with automatic

control based on
sensor data

Combined
light/blind/HVAC

control

Predictive blind
control (e.g. based on

weather forecast)

Window
open/closed control,

combined with
HVAC system

Manual operation or
only fixed windows

Open/closed
detection to shut
down heating or
cooling systems

Level 1 + Automised
mechanical window

opening based on
room sensor data

Level 2 + Centralized
coordination of

operable windows,
e.g. to control free

natural night cooling

Reporting
information

regarding energy
generation

None Current generation
data available

Actual values and
historical data

Performance
evaluation including
forecasting and/or

benchmarking

Performance
evaluation including
forecasting and/or
benchmarking; also
including predictive

management and
fault detection

Storage of locally
generated energy None

Limited: small scale
storage (batteries,

TES,. . . )

Storage which can
supply

self-consumption for
> 3 hours

Dynamically
operated storage

which can also feed
back into the grid.

Optimizing
self-consumption of

locally generated
energy

None short term
optimization

long term
optimization

including predicted
generation and/or

demand
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CHP control

Uncontrolled
generation

depending on the
fluctuating

availability of RES
and or run time of

CHP;
overproduction will
be fed into the grid

Coordination of local
RES and CHP with

regard to local
energy demand
profile including
energy storage
management;

Optimization of own
consumption

Smart Grid
Integration

None - No
harmonization

between grid and
building energy

systems; building is
operated

independently from
the grid load

Building energy
systems are managed

and operated
depending on grid
load; demand side

management is used
for load shifting

DSM control of
equipment Not present

Smart appliances or
DHW subject to

DSM control

Heating or cooling
subject to DSM

control

Heating and cooling
subject to DSM

control

Smart appliances,
DHW, heating and
cooling subject to

DSM control

Reporting
information

regarding DSM
None

Reporting
information on

current DSM flows
and controls

Reporting
information on

current, historical
and predicted DSM
flows and controls

Override of DSM
control No DSM control

DSM control without
the possibility to

override this control
by the occupant

Manual override and
reactivation

Scheduled override
of DSM control and

reactivation

Scheduled override
of DSM control and

reactivation with
artificial intelligence

EV Charging
Capacity Not present Low charging

capacity
Medium charging

capacity
High charging

capacity
EV Charging Grid

balancing Not present 1 way (controlled
charging)

2 way (also EV to
grid)

EV charging
information and

connectivity

No information
available

Reporting
information on EV
charging status to

occupant

Communication with
a back-office

compliant to ISO
15118

Run time
management of
HVAC systems

Manual setting
(plant enabling)

Individual setting
following a

predefined time
schedule including

fixed
preconditioning

phases

Individual setting
following a

predefined time
schedule; adaptation
from a central room;

variable
preconditioning

phases

Control of run time
management by

artificial intelligence

Detecting faults of
technical building

systems and
providing support to

the diagnosis of
these faults

No central indication
of detected faults

and alarms

With central
indication of

detected faults and
alarms

With central
indication of

detected faults and
alarms / diagnosing

functions

Occupancy detection:
connected services None

For individual
functions, e.g.

lighting

Centralised detection
which feeds in to

several TBS such as
lighting and heating

Central reporting of
TBS performance
and energy use

None
Real time indication

of energy use per
energy carrier

Real time indication
of sub-metered

energy use or other
performance metrics
for at least 2 domains

Real time indication
of sub-metered

energy use or other
performance metrics

for all main TBS
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Glossary

BUILDING
INTELLIGENCE
SOLUTIONS

Tools which enhance buildings’ ability to adapt to changes in the
systems, their interactions between each other, their occupants,
etc. [187]

BUILDING
OPERATING SYS-
TEM

A collection of operating system services intended to facilitate
support for portable applications on top of distributed physical
resources of smart buildings. [121]

BUILDING
PERFORMANCE
EVALUATION

Building Performance Evaluation (BPE) is the process of evaluat-
ing the performance of a building with Post Occupancy Evalua-
tion as a major aspect. [59] There is a large ambiguity with this
term in literature, and it is often used to represent Performance
Testing.

CYBER-PHYSICAL
SYSTEM

A cyber-physical system is a system consisting of computing
devices communicating with one another and interacting with the
physical world via sensors and actuators. [188]

DYNAMIC ENERGY
PERFORMANCE
MODEL

A model of the building that given external variables can be used
to compute energy consumption through simulation. It is a useful
tool for generating thresholds for performance tests. [160]

ENERGY
DISTRIBUTION
TREE

The hierarchical energy flow in a building. Typically from the
main meter and down to all submeters and individual compo-
nents. [189]

ENERGY
INFORMATICS

A multidisciplinary field, applying software applications to en-
hance the intelligence of buildings through focus on monitoring
the behaviour of the buildings, increasing their adaptability to
their occupants and weather conditions, timely discovery of faults,
etc. [7]

ENERGY MODEL
A virtual or computerised model of a building, focusing on energy
consumption, utility bills, and life cycle costs of various energy
related aspects (HVAC, lighting, heating). [190]

FAULT
Unpermitted deviation of at least one characteristic property of
the system. [83]

FAULT DETECTION
Determination of faults present in a system and isolating the time
of detection. [83]

FAULT DIAGNOSIS
Determination of kind, size, location and time of detection of a
fault by evaluating symptoms. Typically carried out after fault
detection. [83]

MALFUNCTION
Intermittent irregularity in fulfilment of a systems desired func-
tion. [83]

MEAN ABSOLUTE
ERROR

Mean Absolute Error (MAE) is the sum of the absolute differences
between estimations and actual values. This error estimate gives
an idea of the magnitude of an error, but it is scale-dependent.
[169]
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MONITORING
A continuous real-time task of determining the conditions of a
physical system. Possibly recognising and indicating anomalies
of the behavior if present. [83]

PERFORMANCE
TESTING

The process of performance evaluation in buildings, which au-
tomates continuous commissioning, and evaluates buildings for
their available collected operational data against a threshold of
their expected performance.

POST OCCUPANCY
EVALUATION

The process of evaluating buildings in a systematic and rigorous
manner after they have been built and occupied for some time,
typically after a year of operation of the building. [59]

RELIABILITY
Ability of a system to perform a required function un-der stated
conditions, within a given scope, during a given period of time.
[83]

ROOT MEAN
SQUARE ERROR

Root Mean Square Error (RMSE) is the standard deviation of esti-
mation errors. RMSE represents the difference between estimated
and measured values. [169]

SAFETY
The ability of a system to not cause danger to persons, equipment,
or the environment [83]

SMART READINESS
INDICATOR

A methodological tool evaluating the capability of buildings to
adapt their operation to the needs of occupants, while optimising
energy efficiency and overall performance. [174]

THRESHOLD
The maximum distance from the expected performance before a
fault is detected. [83]
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