
Title Forecasting the space heating demand using reduced-order modelling approaches for commercial 

buildings

Authors(s) Shamsi, Mohammad Haris

Publication date 2021

Publication information Shamsi, Mohammad Haris. “Forecasting the Space Heating Demand Using Reduced-Order 

Modelling Approaches for Commercial Buildings.” University College Dublin. School of 

Mechanical and Materials Engineering, 2021.

Publisher University College Dublin. School of Mechanical and Materials Engineering

Item record/more 

information

http://hdl.handle.net/10197/12810

Downloaded 2023-05-26T05:55:56Z

The UCD community has made this article openly available. Please share how this access

benefits you. Your story matters! (@ucd_oa)

© Some rights reserved. For more information

https://twitter.com/intent/tweet?via=ucd_oa&text=Forecasting+the+space+heating+demand+...&url=http%3A%2F%2Fhdl.handle.net%2F10197%2F12810


Forecasting the space heating

demand using reduced-order

modeling approaches for commercial

buildings

Mohammad Haris Shamsi, B. Tech, M.S.

A thesis submitted to University College Dublin

in fulfilment of the requirements for the degree of

Doctor of Philosophy

College of Engineering and Architecture

School of Mechanical and Materials Engineering and UCD Energy Institute

Head of School: Professor Kenneth Stanton

Supervisor: Assistant Prof. James O’Donnell

Co-supervisor: Prof. Eleni Mangina

October 2020



© by University College Dublin, 2020

All Rights Reserved.

ii



I would like to dedicate this thesis to my sister, Ramiza Iqbal.

iii



ACKNOWLEDGEMENTS

This work was supported in part by a research grant from Science Foundation Ireland

(SFI) under the SFI Strategic Partnership Programme Grant number SFI/15/SPP/E3125.

I wish to express my sincere appreciation to those who have contributed to this thesis

and supported me in one way or the other during this challenging yet amazing journey.

No words can ever be strong enough to express my gratitude to my supervisor, Dr.

James O’Donnell. Nevertheless, I would like extend my sincere appreciation to him

for embarking on this journey with me. This thesis would not have been possible and

would certainly have lacked the edge without his constant support and guidance. His

interdisciplinary expertise of buildings is commendable, which gave me significant loads

of opportunities to collaborate at the international level. I would further like to thank

him for his pearls of wisdom that made me excel as a researcher. My sincere gratitude

also goes to my co-supervisor, Dr. Eleni Mangina, for her continued support towards

the accomplishment of this work. Her feedback on my research was very valuable in

improving the quality of this research.

I would also like to mention the support from my colleague and friend, Usman Ali, who

always lent me a helping hand in my professional and personal concerns. His expertise of

data science domain significantly enhanced the quality of this research. I want to further

express my gratitude to my best friend, Mohd. Aiman Ali Raza, for all his professional

and personal advice. He has been a constant source of inspiration during the entire

course of my work. A special shout out to Nitin Yadav for his inputs on work culture,

time management and task organisation. He was a strong support for me in all my

endeavours.

iv



I would like to express my special gratitude to the members of the ESIPP project.

Their expertise on energy sustainability and modelling helped me conduct my research

to the very best. I extend my heartfelt gratitude to Dr. Donal Finn, Fawaz Alshehri,

Devasanthini Devaraj, Anjukan Kathirgamanathan and Dr. Cathal Hoare for their

collaboration and encouragement across the entire project. I would also like to mention

my supervisor, Dr. Michael Wetter, at Lawrence Berkeley National Laboratory, for

providing me the research exchange opportunity. A special thanks to my colleagues,

Javier, Paul, Tea, Kun, Hagar and Constantinos for their guidance on using the Modelica

environment.

I would like to further mention my extended family in Dublin, Firdous Murad, Fayyaz

Ahmed and their kids Fatima and Fatir. They were my family away from home and

provided me with their constant support during good and bad times.

Finally, I would like to express my deepest gratitude to my parents Iqbal Hadi and

Fouzia Iqbal, my sisters Alina and Ramiza and my brother Haim for their encouragement

and support. I would also like to thank my cousin, Emad, who was always there to cheer

me up.

Thank you for your part in my journey!

v



“Happiness can be found even in the darkest of times, if one remembers to turn on the

light.”

- Albus Dumbledore

vi



ABSTRACT

Energy-efficient retrofits have become crucial in the building sector as approximately 80%

of the buildings in developed countries are over 10 years old and consume a major portion

of total energy demand. The development and use of thermal models are an integral part

of the design process in new and existing buildings due for refurbishment. Building

energy performance simulation tools have become quite popular and are now being used

to provide estimates of energy consumption at different scales. These tools implement

various types of models which differ on the basis of enclosed details. Not all of these

models are effective in terms of computation and cost. Given the importance of models

in complicated problem solving, an inappropriate energy model can lead to inaccurate

decisions and poor policy formulations. Recently, the total number of developed energy

models has grown tremendously, which vary considerably in terms of characteristics and

features. Hence, it is crucial to identify the type and characteristics of a model most

suited to a certain purpose and situation. Furthermore, it is also important to determine

the underlying relationships amongst these characteristics. Alongside, the sophistication

of simulation tools has significantly increased the number of user inputs and parameters,

thereby, introducing uncertainty in simulation outputs.

Grey-box modelling combines the advantages of data-driven and physical modelling

approaches. Therefore, these models deliver an appropriate level of accuracy and are

also computationally efficient. However, the design approach of grey-box models is

often application-specific, for instance, the design approach for grey-box modelling of

commercial buildings differs on a case by case basis. Furthermore, the scalability of

these models is limited by the network order, which defines the level of complexity
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incorporated in the model. There is a need for a generalization framework to address

the limitations associated with grey-box networks. As different applications require

models of varying complexities, it is necessary to identify the model features, such as

scalability, flexibility and interoperability, associated with different stakeholders of the

building stock. Furthermore, previous uncertainty analysis studies have either failed to

segregate the existing uncertainties or considered only one type of uncertainty in the

analysis.

The thesis introduces a novel generalizable methodology which could be used

to identify grey-box networks for different types of commercial buildings. Physical

parameters and the nature of the operation of individual buildings constitute the key

elements of the developed framework. The framework also relies on the past retrofit

history and installed HVAC systems to deduce the order of the grey box network. The

methodology further formulates an experimental design technique to associate and assess

various model features pertinent to reduced-order grey-box models using pre-defined key

performance indicators. Lastly, this research systematically identifies the various sources

of uncertainty in grey-box models and develops a framework to include these sources in

overall uncertainty quantification.

This thesis uses a combination of real-time commercial buildings and reference

building archetypes to test and validate the devised techniques. The devised approach

reduces the complexities associated with the identification of the network order while

maintaining the desired level of accuracy. The approach provides additional insights and

information to designers considering novel alternative design approaches, where prior

information may not be readily available. The feature assessment frameworks have

been proven to act as a decision support tool in the identification of appropriate model

characteristics. The results of this study could support the current need for the assessment

of consumption patterns of commercial building stock. The framework could further

be implemented to study the post-retrofit heat consumption patterns at the individual

building as well as the district scale. A probabilistic framework employing advanced

techniques would allow stakeholders to identify influential inputs by considering the

factors behind the risks in a given family of distributions.
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CHAPTER

ONE

INTRODUCTION

1.1 Energy Efficiency Trends in Building Sector

According to the the Global Energy and CO2 Status Report by the International Energy

Agency (IEA), energy demand worldwide grew by 2.3% in 2018∗, its fastest pace this

decade, driven by a robust global economy and stronger heating and cooling needs in

some regions [4]. Global energy efficiency improvements are experiencing a decline over

the past few years. In 2018, the primary energy intensity (strong indicator of energy use

by the global economy) improved only by 1.2%, which represents the slowest rate since

2010. This rate corresponds to a level well below the average 3% improvement in line with

IEA’s Efficient World Strategy. Despite the technologies and processes becoming more

efficient, factors such as transformation of transport modes and more building floor area

per person are dampening the technical efficiency gains of energy demand and thereby,

slowing the global energy intensity improvements.

Buildings and buildings’ construction sectors combined account for over one-third

of global final energy consumption and nearly 40% of total direct and indirect CO2

emissions [5]. The associated energy demand continues to rise, mainly driven by improved

access to energy in developing countries, greater ownership and use of energy-consuming

devices, and rapid growth in building floor area. Energy-related CO2 emissions from

buildings have experienced a gradual increase in recent years after flattening between

∗2019 figures due to be published.
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2013 and 2016. Direct and indirect emissions from electricity and commercial heat used

in buildings rose to an all time high of 10 GtCO2 in 2019 [6]. Several factors, including

growing energy demand for heating and cooling with rising air-conditioner ownership

and extreme weather events, have been instrumental in this rise. Enormous emissions

reduction potential remains untapped due to the continued use of fossil fuel-based assets,

a lack of effective energy-efficiency policies and insufficient investment in sustainable

buildings.

Energy efficient retrofits have become crucial in the building sector as approximately

80% of the buildings in developed countries are over 10 years old and consume a major

portion of total energy demand [7]. According to a recent report by IEA, the building

sector energy intensity has seen a steady decrease between 0.5% and 1% per year since

2010 [6]. However, this rate is significantly below the average annual floor area growth,

which has stagnated at 2.5% since 2010. The annual drops in energy intensity per m2

need to be at least 2.5% to be on track with the Sustainability Development Scenario

(SDS) [8]. The IEA’s SDS outlines a major transformation of the global energy system

and sets out a pragmatic scenario of the global energy sector evolution to achieve critical

energy-related sustainable development goals. The report further acknowledges that this

could be achieved by 2030 with more stringent energy codes, deep energy renovations,

increased uptake of heat pump technology and other energy efficiency measures. Global

building energy code evolution needs to keep pace with the rapid floor area expansion in

emerging economies [9]. Furthermore, the rate of renovation in developed countries still

remains below par [10].

Heating in buildings is at the core of energy consumption, for instance, space heating

and hot water production account for around 70% of energy consumption in residential

buildings in IEA countries, resulting in significant CO2 emissions [4]. The Efficient World

Scenario highlights the potential for global building space heating demand to decline

between now and 2040, despite total building floor area growing by a further 60% [11].

On average, buildings in 2040 could be nearly 40% more energy efficient than today in

terms of delivered space heating demand. As such, implementation of energy efficiency

measures to reduce the space heating demand in existing buildings has seen a major boost
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over the past few decades. Global investment in energy efficiency in the building sector

has experienced a steep rise and continues to grow [12].

Figure 1.1: Energy performance of space heating and water heating in the Sustainable
Development Scenario, 2000-2030 [2].

Energy use for space and water heating has remained stable since 2010 (Figure 1.1).

The corresponding heating energy intensities experienced a decline of only 2% per year

that is insufficient to offset the growth in floor area. Reductions in heating energy

intensities mainly resulted from improved construction energy performance (enhanced

building energy codes) in Canada, China, the European Union, Russia and the United

States. Moreover, the performance of heating equipment still remains marginal due to

limited changes in fuel use and space and water heating product efficiencies. Fossil fuel-

based and conventional electric equipment still dominate the global buildings market and

account for approximately 80% of heating equipment sales. The SDS requires the share

of clean energy technologies to exceed 50% of new heating equipment sales by 2030. It

has been estimated that the combined effects of efficiency enhancements, fuel-shifting
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and power sector decarbonisation would reduce buildings’ heating-related emissions by

30% by 2030 [2].

A growing number of countries have devised policies to improve building energy

performance, but the average energy consumption per person in this sector still remains

practically unchanged since 1990 [13]. To meet the required targets, average building

energy use per person globally needs to fall by at least 10% (less than 4.5 MWh) by 2025.

Policy progress and associated efficiency investment have remained flat in the last eight

years. Around 35% of energy use in buildings was covered by policies in 2018, which only

represents a slight improvement from the 34% coverage in 2017. Although the coverage

and strength of mandatory policies increased in 2018, this was exclusively due to existing

policies and the increase is still below the five-year historical average. Furthermore, the

investment levels have largely remained the same since 2014. Increments in efficiency

investments were about 0.6% higher in 2018 compared to 2017, which is significantly

lower than the levels required to fully utilize the available cost-effective opportunities

[14].

Concerted global effort is needed to rapidly expand, strengthen and enforce building

energy policies across all countries to avoid inefficient building investments. More effective

policies are the need of the hour in order to address market barriers impeding the spread

of multiple cost-effective technologies, from high-efficiency lighting to low-cost building

envelope measures that can unleash major energy savings while also improving comfort

and energy services in buildings [6]. Furthermore, countries could also expand and

improve labeling schemes for heating equipment to increase the consumer awareness of

enhanced energy technologies. In addition, increased collaboration between governments

and the industry would improve monitoring, verification and enforcement of heating

technologies.

1.2 Motivation

BEPS has been extensively used throughout the globe to set current building standards

and codes for enhancing the energy efficiency of new and existing buildings [15]. These
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models also play a major role in the development of energy policies. Therefore, cost-

effective and computationally efficient models are required to represent the existing and

new building stock. Development of such models can ensure the effective deployment

of energy efficient retrofits [7]. Besides, these models can also be used to enhance the

working efficiency of building equipment.

Assessment of a building’s energy performance is often considered a 3 stage process,

which initiates at the design stage followed by a construction stage and continues

throughout operation and maintenance [16]. Any early design stage errors in energy

performance predictions usually propagate and can thereby lead to inefficient building

operation with buildings consuming higher energy than predicted. Space heating demand

accounts for approximately 33% of the total energy use in buildings (residential as well

as commercial building stock) [5]. Lowering the space heating demand often requires the

implementation of energy efficient retrofits, for instance, enhancing the performance of

building envelope. However, it has been observed and established by a number of studies

that even expensive refurbishments can lead to buildings with poor energy performance

[17]. A large gap exists between the predicted and actual energy performance of even the

most promising green buildings. This performance gap mainly arises due to differences

in the assumed and actual building thermal properties, such as, U-values for building

envelope [18]. Moreover, the thermal properties of the building change with time that

results in discrepancies between the actual and expected energy savings. Also, steady

state modelling techniques are often used to estimate the key performance indicators

[19]. These techniques do not take into account the dynamic nature of building operation

and alongside, disregard any changes in building thermal properties with time. As,

development of thermal models is an integral part of the design process of building stock,

sophisticated thermal modelling techniques are required [18].

The different techniques for thermal energy modelling are divided into three categories

based on the model structure, the intended area of application, the level of computation

and the desired accuracy. White box or forward modelling approach uses detailed physics

based equations to model building components, sub-systems and systems [20]. These

models use a detailed description of physical aspects to capture the system dynamics.

The parameters are derived from the physical characteristics, the details of which can be

5



obtained from the design plan, manufacture catalogue or on-site measurements. Building

simulation tools, such as EnergyPlus, can be used for the development of detailed BEPS

white-box models [21]. Such models are able to identify suitable retrofit measures and

assess their impact on the building’s energy performance. However, the increased level of

information required for building simulation is usually not available for existing buildings

and many assumptions often need to be made for the characteristics of the building

elements [22]. This information cannot always be determined with confidence due to the

difficulties in the measurement of these parameters in actual buildings and associated high

costs of data procurement [23]. These assumptions can introduce significant uncertainties

into the building simulation process. Furthermore, simulation of these models at a district

scale is resource intensive and requires huge amount of computational power [24].

Black box or data driven models are derived using the relationship between inputs

and outputs. These models do not require a description of the inner functioning of

the building and hence, can be more easily setup.. These models use on-site demand

measurements to train predictions of building operation and have been extensively used

to design building control strategies [25]. Linear regression and self regression models,

which define the statistical relationships among dependant variables, have been applied in

practice to predict the monthly energy consumption of buildings [26]. Data driven models

can be used to counteract the resource intensive nature of detailed building simulation

tools. These models do not require a description of the inner functioning of the building

and hence, can be more easily setup. However, the performance of these models depends

on the input training data set and model identification is found to be inconsistent with

physical reality when applied under hard conditions (sparse building data) [27].

Grey-box models offer a trade off between the above mentioned approaches by

reducing the uncertainties due to lack of data and inheriting the known physical

characteristics [28]. However, grey-box models for multi-zone buildings often result in

complex networks, which, in certain instances, require high computational power. Also,

the models have to be adjusted for variations in building characteristics due to which

a new model representation is required for each building instance [29]. Owing to the

explanations stated, a generalised modelling technique is required to design the grey-box

networks. Furthermore, the features associated with any model need to be defined based
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on the model structure, the intended area of application, the level of computation and

the desired accuracy.

Grey-box models would be ideally suited to model the thermal behaviour of a building

as these models possess the characteristics of both white box and black box models. These

models inherit the physical structure of a building and at the same time, make use of

real time measurements to remove the associated uncertainties. As forecasting of space

heating demand is the main aim of this research, the models developed would be based

on grey-box techniques.

1.3 Problem Statement

Building simulation tools have become immensely popular to provide estimates of

energy consumption and implement various models which differ on the basis of enclosed

details. Not all of these models are effective in terms of computation and the

associated computational costs. Buildings represent complex systems with high levels

of interdependence on many dynamic external sources (weather, occupancy etc.).

In addition, the optimisation of building systems requires balancing of sometimes

contradictory objectives in terms of energy efficiency and overall performance. BEPS tools

provide an efficient means of conducting performance-based analysis and optimisation,

taking into account the multitude of complex model inter dependencies, model inputs

as well as various performance objectives. BEPS tools, such as EnergyPlus and

TRNSYS. are now being implemented not only at the design stage, but also in latter

post-construction stages of the building life-cycle (BLC), such as commissioning and

operational management and control [23]. These tools can evaluate retrofit strategies at

the individual building scale or at a district scale [30]. As each individual building differs

in terms of structural parameters and nature of operation, developing a detailed model

for each building would be impractical. Furthermore, owing to the existing complex and

inter-dependant relationships in the system network, the detailed building models often

turn out to be computationally intensive [31]. Therefore, it is crucial to devise modelling

approaches that utilise sparse data and represent the actual behaviour of the building

under study within acceptable limits.
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Moreover, existing BEPS tools produce non-scalable and non-generalisable models

[32]. As a wide variety of methods are used in energy demand modelling, there is need

for an understanding of the approaches and their relevance in different contexts. Each

energy modelling approach offers its own merits and demerits. The assessment of model

features enhances the significance of an energy model for a specific application. Past

attempts to address the model features are often fragmented and do not provide a means

to assign a quantifiable metric to each feature [33].

Furthermore, the physical relationships as defined in the simulation tools employ

numerous parameters, the details of which are often not available to modelers [34]. Energy

modelers either extract the parameters from previous literature or set the parameters

to default values and best educated guesses due to which the simulation results might

differ significantly from field measurements [35]. Furthermore, building simulation often

requires simplifications and assumptions that adds to the difference between actual and

predicted energy consumption and limits the confidence in simulation results. These

uncertainties in the results are seldomly quantified creating a false sense of validity and

engineering rigor [36]. If a building simulation is considered to be a decision support

instrument, it is crucial to identify and quantify the uncertainties to effectively use the

BEPS results [37].

1.3.1 Stakeholder-specific Models

Modelling approaches for building performance simulation differ on the basis of the level

of detail included in the development of an energy model. These approaches are often

modified to suit the intended area of application, to achieve a desired level of accuracy or

to reduce the computational time [38]. Although white-box modelling represents a fine

resolution of building physical aspects, the modelling process is usually time consuming

and requires large computational effort, which restricts its widespread use in building

stock energy modelling. On the other hand, black-box modelling only represents the

relationship between the process inputs and outputs and does not entail any building

dynamics [39]. Although easy to set up, the black-box models might be inconsistent

with physical reality when applied under hard conditions. Grey-box models integrate the

simplified physical model of the building with a model identification process to identify
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the design parameters [40]. Using simplified physical models reduces the requirement

of training data sets and hence, the calculation time. However, the grey-box network

development tools and methodologies tend to be case specific and need to be modified

according to the building in consideration [41]. Therefore, to cater to the varied nature

of building operation, there is a need for a generalisation approach to identify the order

of any grey-box network. As commercial buildings exhibit varied nature of operation, a

generalised approach would reduce the complexities in identifying an accurate model for

each individual building.

1.3.2 Model Complexity

Different buildings have different usage characteristics, which deems it necessary to model

the heat dynamics associated with each building differently [42]. Model complexity defines

the grey-box network order, which represents a combination of network capacitances,

model scope and model resolution. As the dynamics are directly related to the network

order, a network identification procedure is required to represent the dynamics efficiently

[43]. With increasing building complexity, the formulation of a grey-box model might

translate into a more complex scenario. The complexity of a grey-box model is directly

related to over-parameterisation of the network. Some studies have even suggested that

assigning a model order greater than four does not lead to any significant improvement

in simulation results and over-parameterisation was observed when increasing the model

size [44]. It is therefore of utmost importance to formulate a network that represents a

balance between complexity and accuracy [45].

1.3.3 Model Scalability

It is evident that modelling a building stock implies the consideration of different

subsystems, and hence, the size of the problem can significantly grow depending on

the analyzed system. Scalability is an important issue when modelling the building stock

[46]. It is crucial to handle the growing amount of data and information, and different

characteristics of the subsystems. Furthermore, the grey-box approach often leads to
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application and stakeholder specific models, for instance, the design approach of grey-

box modelling for commercial buildings differs on a case by case basis [47]. The network

order (defines the level of model complexity) limits the scalability of these networks.

Scalability issues often associate with building energy performance models irrespective

of the implemented modelling technique [48]. Previous frameworks have either dealt

with this issue at the building zone level or at the urban level [49]. At the zone level,

model dynamics are irreplicable with a cluster of buildings. While at the urban level,

models usually lose the associated building dynamics due to over-simplification of building

characteristics.

1.3.4 Model Flexibility

Model flexibility has not been extensively defined in the building simulation domain and

is often associated with energy flexibility rather than model or approach flexibility [50].

Model flexibility is a critical feature of any modelling approach and allows the energy

modeler to introduce perturbations in the original model to determine how the energy

and cost performance are affected by various energy efficiency measures [51]. It is crucial

to identify the flexibility potential of the deployed modelling approach, which aims to

define a generic model adaptable to design variations. For instance, reduced-order grey-

box energy models provide more flexibility (compared to black-box models) in analysing

the building operation when implementing different design scenarios [33].

1.3.5 Building Systems Integration

Energy systems integration, for instance, building-to-grid integration (heat or electricity)

is emerging as a new alternative to energy retrofit measures that often require high

investments [52]. There has been a growing trend towards controlling the flow of energy

across different energy vectors through the integration of different systems [53]. The

implementation of integration requires the flow of data across these systems, which can

be facilitated through the installation of automation systems like smart heat or electricity

meters. Building to grid and building to building integration possesses enormous potential

to enable consumer and energy-related benefits. Presently, controls for energy-related
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components (HVAC systems) and systems within residential and commercial buildings

often deliver sub-optimal energy operations. These systems are generally unaware of

perturbations and potential opportunities for more efficient operations, both within and

outside the building envelope. Even though sophisticated, optimised control methods and

concepts are known, deployed control and dispatch of loads and on-site generation are

often still rudimentary, requiring heavy human interaction and extensive customisation,

which are neither cost-effective nor scalable [50]. Besides, the communication standards

for achieving integration at such a scale are still being developed. Greater energy

and business efficiency can be mined through co-optimisation approaches across the

meter, thus, facilitating intelligent trade-offs between comfort/quality of service and

consumption [54].

1.3.6 Model Uncertainties

The performance assessment of a complex energy system involves the use of numerous

analysis models, each with its own assumptions and approximations [55]. Thus, it

is necessary to systematically identify the various sources of uncertainty and develop

an inclusive framework for uncertainty quantification that form an integral part of

Uncertainty Analysis (UA). A common approach to conduct UA is to use a deterministic

model but assign probability distributions to the uncertain input parameters. However,

uncertainty classification has often been overlooked while performing UA although it

is quite crucial to model each uncertainty category in a different manner. UA in

BEPS lacks an integrated analysis of different aspects in the quantification process of

uncertainty [56]. For instance, previous studies focus on quantifying the uncertainties due

to input parameters, like solar irradiation and do not take into account the uncertainty

propagation amongst different sub-models [57]. Moreover, these studies lack an intensive

classification of various uncertainties that are present in the energy models.

1.4 Research Questions

The main aim of the thesis is to develop space heating forecasting models using reduced-

order grey-box modelling approaches. The models take in to consideration, the case
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specific nature of commercial buildings through the formulation of a generalised grey-

box model development framework. These models are further assessed to quantify

the associated characteristics. As uncertainties play an important role in deciding the

relevance of any model, these need to be quantified before model implementation for any

stakeholder.

Based on the existing gaps in building energy performance simulation using grey-box

models, this thesis addresses three different research questions:

1. How would generalisation of grey-box reduced-order models reduce the complexities

(in terms of network order) involved in the energy modelling process of commercial

buildings?

2. How well are generalised grey-box models capable of reproducing and quantifying

model features such as scalability, flexibility and interoperability for commercial

buildings?

3. What are the permissible uncertainty limits in grey-box model parameters for the

implementation of developed models according to the needs of different stakeholders

in the energy system?

1.5 Hypothesis and Objectives

The hypothesis follows the research questions and is formulated as

A generalisation approach based on building parameters would simplify the

grey-box model development process for commercial buildings and enhance

the scalability and flexibility of such networks and further, would increase

the network’s deployability at a large scale.

To achieve the aim of research questions and verify the hypothesis, this thesis focusses

on the following research objectives:

1. Develop a generalised framework that facilitates simplified and accurate generation

of grey-box models for commercial buildings (Chapter 3). This framework involves
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the identification of building parameters, for instance building physical parameters,

that would aid in generalisation of grey-box models for commercial buildings.

2. Assess the developed grey-box networks for different model features to identify the

required complexity and the desired scope (Chapter 4). This process provides a

detailed explanation of different grey-box model characteristics.

3. Quantify the uncertainties in building energy simulation results using the developed

reduced-order grey-box models (Chapter 5). The quantification eventually aids in

building confidence in the simulation results.

1.6 Methodology Overview

This section briefly outlines the overarching methodology proposed to tackle the

aforementioned research questions (Figure 1.2). The methodology focusses on the

development of a generalisation framework for reduced-order grey-box models using easily

identifiable building parameters. The framework would eventually facilitate an automated

generation of these models and reduce the complexities associated with the identification

of grey-box network order. The methodology further assesses the developed grey-box

models based on feature assessment frameworks, which would establish the scope and

usability of these models for different applications. In order for these models to be used

with any degree of confidence, the devised methodology quantifies the uncertainties in

these models using a novel combination of uncertainty analysis concepts.
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Figure 1.2: Overarching thesis concept diagram, illustrating the development of grey-box
networks for forecasting the space heating demand, the assessment of model features and
the quantification of uncertainties.

The concept diagram entails three significant contributions, which form the three

phases of this research (Chapters 3 to 5). The first phase comprises a framework to

generate grey-box models for different types of commercial buildings (Chapter 3). As

opposed to traditional approaches that follow an iterative statistical procedure for order

identification, the generalisation framework introduces building parameters to identify an

optimal grey-box network order. The framework implements various tests of statistical

significance to establish the importance of each metric. The framework further consists

of a model parameterisation procedure that determines the parameters of the grey-box

network and then validates it against widely accepted standards. Besides simplifying the

model development process, the approach can provide additional insights and information

to designers considering novel alternative design approaches, where prior information may

not be readily available.
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The second phase deals with the quantification of features that describe the developed

reduced-order grey-box models (Chapter 4). It is of paramount importance to identify

and develop modelling approaches that are scalable and offer flexibility in model design.

Furthermore, the modelling approach should offer opportunities for evaluating energy

optimisation scenarios when considering control or smart grid applications. This phase

formulates feature assessment frameworks to assess three crucial features, namely,

scalability, flexibility and interoperability. The framework introduces novelty in defining,

testing and evaluating the model features. These assessment frameworks would act as a

decision support tool in the identification of appropriate model characteristics.

The third and final phase of this research outlines an uncertainty analysis framework

to identify and quantify different types of uncertainties associated with reduced-order

grey-box energy models used in heat demand predictions of the building stock (Chapter

5). The uncertainty framework addresses the uncertainty in building energy performance

simulation using four domains: (1) basics of uncertainty classification, (2) dealing with

different uncertainty categories, (3) quantifying uncertainty using appropriate metrics

and (4) analyzing the effects of uncertainty on overall simulation results. The framework

introduces an integrated uncertainty approach based on a copula-based theory and

nested Fuzzy Monte Carlo (MC) approach to address the correlations and segregate

the different kinds of uncertainties. The segregation of relevant uncertainties aids the

stakeholders in supporting risk-related design decisions for improved data collection or

model improvement.

1.7 Thesis Structure

This thesis is structured as follows:

• Chapter 2 objectively evaluates various approaches to building energy performance

modelling, associated features, uncertainties of BEPS models and identifies the key

research gaps;

• Chapter 3 focusses on Research Question 1 and introduces the novel generalised

approach to generate reduced-order grey-box models;
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• Chapter 4 defines the features and characteristics of grey-box models (Research

Question 2) and formulates a framework to assess different features;

• Chapter 5 illustrates the uncertainties in building energy simulations (Research

Question 3), and proposes an uncertainty analysis framework to quantify and

segregate uncertainties and,

• Chapter 6 outlines the conclusions of this thesis and describes the importance of

the devised methodologies in terms of current and future building energy practices.
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CHAPTER

TWO

LITERATURE REVIEW

2.1 Introduction

High performance buildings often involve a complex design process [58]. The complex

energy systems existing inside these buildings require an enhanced investigation of

the dynamics between the different sub-systems existing inside a building. Building

Energy Performance Simulation (BEPS) provides a platform to model these dynamics

and evaluate the effects of energy efficient measures on the energy consumption [59].

Alongside, simulation models can also be used to devise strategies to improve the

day to day operations of buildings. New BEPS tools and methodologies are now

used to support building professionals in their effort to optimise designs and enhance

the energy performance [60]. BEPS tools for energy simulation have evolved into a

suite of detailed physical relations, both differential and algebraic, that describe the

way various disturbances (from weather, humans, control systems, etc.) influence the

thermodynamic behavior of the building itself [61]. Section 2.2 discusses the BEPS

tools and methodologies with an in-depth analysis of the state of the art grey-box

building energy models. These models combines the best of white-box as well as black-

box modelling paradigms and henceforth, facilitate the assessment of building energy

performance.

Past decades have seen a tremendous growth in the number of the developed energy

models, which vary considerably in their individual characteristics and features. These
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models are often designed to suit a particular purpose and situation. The associated

model characteristics define the underlying relationships in the modelling approach.

Section 2.3 discusses the assessment of model features with a special focus on grey-box

building energy models.

The sophistication of BEPS tools has significantly increased the number of user

inputs and parameters used to define energy models. There are numerous sources

of uncertainty in model parameters which exhibit varied characteristics. Therefore,

uncertainty analysis is crucial to ensure the validity of simulation results when assessing

and predicting the performance of complex energy systems, especially in the absence of

adequate experimental or real-world data. Section 2.4 provides a review of the uncertainty

analysis techniques implemented in the BEPS domain and the associated relevance with

grey-box building energy models.

Section 2.5 follows the review of the three domains and discusses the importance of

a generalised framework to facilitate BEPS model generation, model feature evaluation

and advanced uncertainty propagation in building systems.

This chapter provides an objective review to identify the key research gaps and

examines different domains that encompass BEPS modelling for thermal demand

forecasting, with a special focus on the following;

• Building energy performance simulation, commonly used tools and methodologies

and grey-box building energy models (Section 2.2);

• Assessment of model features, namely, scalability, flexibility and interoperability

(Section 2.3);

• Uncertainty analysis and associated methods and characterisation criteria (Section

2.4);

• Generalised approach to BEPS modelling (Section 2.5).

2.2 Building Energy Performance Simulation

The BEPS modelling process is typically used to evaluate the implications of different

energy design or retrofit implementations. The modelling process is defined as the virtual
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or computerised simulation of a building or complex that focusses on energy consumption,

utility bills and life cycle costs of various energy related items such as air conditioning,

lights and hot water [62]. The payback of renewable energy solutions like solar panels and

photovoltaics, wind turbines and high efficiency appliances can effectively be estimated

using BEPS models. Efficient operation in buildings can be ensured through the process

of BEPS modelling.

On a broad scale, there are two fundamental categories of modelling methodologies

for the prediction of various aspects of building stock energy use performance and

associated CO2 emissions. The first category involves top-down modelling methodology

that works at an aggregated level. This method tends to investigate the inter-relationships

between the energy sector and national economies using variables such as macroeconomic

indicators, climatic conditions and number of residential sector units. The second

category involves bottom-up modelling methodology, which identifies the optimal cost-

effective options to achieve the energy or carbon emissions targets. This method relies

on either engineering or statistical methods that provide the estimates of the energy

consumption. While statistical methods rely on the historical information to identify

relationships between end uses and energy consumption, engineering methods solely rely

on heat transfer, thermodynamic relationships, dwelling characteristics, power ratings

and space use characteristics.

2.2.1 Energy Modelling Approaches

Modelling approaches for building performance simulation differ on the basis of the level

of detail included in the development of an energy model [63]. These approaches are often

modified to suit the intended area of application, to achieve a desired level of accuracy

or to reduce the computational time [33]. The energy modelling approaches are mainly

categorised as white-box, black-box and grey-box approaches.

Also termed as the forward modelling approach, the white-box approach implements

extensive physics based equations for modelling the individual components, sub-systems

and systems inside any building. The system dynamics are represented through a detailed

description of the associated physical aspects [20]. The parameters are derived from

the physical characteristics, the details of which can be obtained from the design plan,
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manufacture catalogue or on-site measurements. The derived model inputs are then

used to obtain the energy consumption and formulate control and operational schemes

[23]. Popular white-box simulation software include EnergyPlus [64] and TRNSYS [65].

These models have been extensively used for BEPS modelling both at the individual

and urban building scales. At the individual building level, white-box models require

detailed building thermal and non-thermal properties to provide estimates of the energy

performance indicators. Kontes et al. implemented a detailed thermal model of the

building, along with available sensor measurements and weather and occupancy forecasts

and an optimization methodology based on surrogate models definition, in order to

produce efficient control strategies for the building [66]. At the urban building scale, the

building cluster is usually represented as archetypes, which are modelled using a white-

box simulation engine and are further scaled-up to represent the overall urban building

stock. Kazas et al. generated detailed thermal energy demand profiles at an urban

district scale using bottom-up engineering model, based on samples of the representative

building technique [67]. However, the process is usually time consuming and requires large

computational effort, which restricts its widespread use in district energy modelling.

Black-box (or data-driven) approach doesn’t require a description of the detailed

physical dynamics of the building and can be easily set up. The models derived using

the black-box approach only represent a relationship between inputs and outputs. The

black-box models use on-site demand measurements to train predictions of building

operation and have been extensively used to design building control strategies [25].

Popular statistical methods, namely, linear regression and self regression models, define

the relationships among dependant variables and have been applied in practice to predict

the monthly energy consumption of buildings [26]. Other frequently used models include

artificial neural networks (ANN), support vector machine, decision trees and genetic

algorithms. These models have been widely employed to estimate building energy

demands and identify energy consumption patterns. Platon et al. applied principal

component analysis (PCA) to investigate the pre-input variables of ANN in the prediction

of hourly electricity consumption of an institutional building [68]. Ascinoe et al. proposed

an ANN for evaluation of energy consumption and inhabitants’ thermal comfort to predict

energy performance of the building. Energy assessment of the buildings are performed
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using EnergyPlus software, and a simulation-based sensitivity/ uncertainty analysis is

proposed for further improvement of network parameters. New buildings and retrofitted

stock in presence of energy retrofit measures are considered separately [68]. Jain et al.

used sensor-based data of multi-family domestic building located in New York City to

develop an SVM model for investigating the effect of a different time interval and building

spaces of data collection on energy consumption forecasting [69]. One major concern with

black-box models is that the performance of these models depends on the input training

data set. Also, the parameters often do not imbibe any physical relevance and are often

inconsistent with physical reality when applied under hard conditions (sparse building

data) [70].

Grey-box (or hybrid) approach uses a combination of physical and measured data.

This approach represents an amalgamation of white-box and black-box approach and

hence, offer a trade off between the level of computational speed and accuracy. Grey-box

models integrate the simplified physical model of the building with a model identification

process to identify the design parameters. Using simplified physical models reduces the

requirement of training data sets and hence, the calculation time. Grey-box approach

utilises trained simplified physical models, for instance Resistance Capacitance (RC)

networks, to represent the building physics.

2.2.2 Building Energy Grey-box Models

A significant number of studies in literature identified the importance of implementing

grey-box models in behaviour prediction and control of a building or a group of buildings

(Table 2.1). The devised models broadly differ on the basis of identified network order

and grey-box model parameters. Besides, these models further use different optimisation

techniques and simulation engines (MATLAB, Modelica, Continuous Time Stochastic

Modeling (CTSM)-R) to parameterise the grey-box model. The grey-box models provide

a platform to link their parameters to global buildings’ physical characteristics, namely,

the heat transfer resistance and the mass capacity. These models find use in different

building simulation domains, for instance, indoor environment control, forecasting the

energy consumption and indoor temperature profiles and building energy performance

evaluation.
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One frequently used grey-box model is the RC model, also known as lumped parameter

model. RC model comprises of thermal resistances (R) and thermal capacitance (C),

which are analogous to electrical resistances and capacitance [71]. Thermal capacitance

is indicative of the thermal capacity that defines the capability of an object to store

heat. Resistance is indicative of heat transfer rate that defines the capability of objects

or materials to resist the heat flow. The number of lumped capacitance in any grey-

box model defines the order of that network [72]. The model parameter values are

identified by running input and output samples through an identification algorithm (for

instance, non-linear regression) that minimises the prediction (or simulation) errors [73].

The identification process estimates the associated parameter boundaries using a rough

description of the building geometry and materials. The RC networks facilitate model

training using short-periods of data (one to four weeks) recorded through limited number

of sensors.

One of the critical issues associated with the implementation of these models relates

to the difficulty in determining the optimal grey-box model order. Bacher and Madsen

performed a series of experiments with grey-box building energy models and concluded

that grey-box model performance does not improve significantly for model orders beyond

three [72]. Hedgaard and Peterson identified that the second and third order models

produce significantly accurate estimates of short-time building thermal behaviour (time

constant, effective thermal mass and total heat loss coefficient) [74]. The study

further concluded that a second order model is the optimal viable model structure

for characterisation purposes. Reynders et al. formulated various grey-box networks

ranging from the first to the fifth order. While low-order models (≤ 2) do not effectively

represent the building dynamics, higher order models, namely, fourth and fifth order

models, effectively represent the underlying dynamics in terms of system complexity.

Higher order models, however, require further heat flux measurements in addition to the

temperature measurement [75]. Fonti et al. devised experimental scenarios to evaluate the

accuracy of grey-box models for short-term building energy forecasts [76]. The authors

concluded that second-order models estimate the thermal behaviour within acceptable

limits (ASHRAE Guideline 14) while maintaining the required complexity. Existing
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studies still fail to provide a generalised structure to the model identification procedure,

which differs significantly from one study to the other.

A detailed study by Harb et al. investigated the implementation of four grey-box

models in their ability to forecast the building indoor temperature [77]. The study

concluded that a two capacitor model structure with an additional consideration of the

indoor air as a mass-less node enables the most accurate qualitative prediction of the

indoor temperature. The models were treated with measurements from the buildings in

normal operation and the case study included two residential buildings and one office

building. Fux et al. used a series of RC network models (orders 1 to 4) to forecast the

indoor temperature [78]. The results identified that a first order model is able to predict

the indoor temperature with a root mean square error of 0.5 ◦C. However, the models

were treated with data during unoccupied periods. Mejri et al. formulated the size of

the model by testing a number of different orders for a small single floor office building

and compared the resulting models in terms of their ability to simulate the thermal

response [79]. The study concluded that model order greater than two doesn’t lead to

any significant improvement in simulation results and over-parameterisation was observed

when increasing the model size. Belic et al. implemented RC networks to represent the

different walls inside a two-storey family house [71]. The study analysed the effect of RC

network complexity on the accuracy level. Ji et al. considered a lumped parameter model

to estimate the hourly cooling demand of a shopping mall in Shanghai [80]. Both the

studies focussed on finding the appropriate order of the network to maintain the energy

prediction error below 10%.

Various optimisation algorithms have been implemented to identify estimates of grey-

box model parameters. Wang and Xu formulated a simplified RC model to predict the

single-zone thermal load based on the heat transfer of building envelope and internal mass

and further identified the thermal network parameters for lumped internal mass using

a genetic algorithm [87]. Bacher and Madsen implemented the likelihood ratio test and

forward selection method to identify the model parameters for RC networks through a

comparison of measured and predicted indoor temperature [72]. Fiorentini et al. devised

a hierarchy of models based on prior physical knowledge with increasing complexity.

The models simulated a single thermal zone for model predictive control and model
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Table 2.1: Literature review of grey-box building energy models comparing different types
of implemented network orders.

Previous
Literature

Model
Order

Application
Optimisation

Technqiue
Distinct

Characteristic

[81, 82]

User-specific
or 2nd order
standard
networks

District-scale
energy
simulations

Parameter
enrichment
procedure

Free, open source,
modelica-based
reduced-order models

[83]
1st order to
8th order
network

Mixed-use
building

Ensemble
calibration

Model complexity
reduction while
maintaining the
required accuracy
standards

[76]
2nd order
network

Multi-zone
real-time
building

Matlab greyest
function

Short-term thermal
behaviour prediction;
anomaly identification
in predicted values

[84]
2nd order
networks for
each zone

Two-zone
EnergyPlus
Models

Agent-based
dual decom-
position

Decomposition of
larger identification to
smaller identification
problems

[85]
1st order
single-zone
model

Retail
building
EnergyPlus
DOE
archetype

Two-stage
optimisation

Bayesian uncertainty
quantification to update
model parameters

[77]
2nd order
network

Office and
residential
buildings

Matlab
optimisation
library

Grey-box model
structure comparison

[72]
1st order to
highest
possible

Single-zone and
two- zone
controlled
environments

CTSM-R

Forward selection
strategy; likelihood
ratio test to validate
model order

[80, 86]
2nd order
network

Residential
Net Zero-Energy
Solar Decathlon
house

Matlab system
identification
toolbox

Hybrid MPC with
solar thermal collectors
and thermal storage
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parameters were identified using a number of datasets obtained from the real operation

of the building. MATLAB’s System Identification Toolbox in-built linear grey-box model

estimation function was used to fit the model parameters using the experimental data

[86]. A tool developed by Henze et al. employed a 4R1C zone model and quantified

the uncertainties in energy consumption to explore the influence of model parameters on

consumption. This work implemented a two-stage optimisation routine that performs a

direct search over the parameter space to identify a starting point for local refinement

[85].

Reduced-order models have proved to be quite efficient in representing building

dynamics accurately. Goyal et al. investigated several model order reduction techniques

[88]. The study implemented balanced truncation methods to compute the sparsity

patterns for the non-linear part of the building dynamics. However, the study was not

able to identify the applicability of these reduction techniques. Deng et al. proposed a

methodology for model order reduction using aggregation of states using Markov chains

[89]. The simplified models were able to retain the physical intuition of the original

model. However, the techniques did not take into account any scalability perspectives to

allow for modelling a building cluster. Furthermore, reduced-order approaches are now

being extensively employed at the urban scale as these approaches give an indication of

the physical details of the buildings. Remmen et al. developed a tool, called TEASER,

to address the challenge of data acquisition required for dynamic modelling of buildings

at an urban scale [82]. The tool uses a data enrichment process for identification of the

network model for various building archetypes. However, the tool implements standard

grey-box networks that could represent only a certain level of complexity (maximum

network order of 4). Also, the grey-box networks in TEASER have been developed

according to German standards and hence, still need to be integrated with international

statistical building stock data to extend its applicability to other countries. Another

urban scale project OpenIDEAS formulated an open framework for integrated building

and district energy simulations based on modelica based reduced-order models. The

framework allows simultaneous transient simulation of thermal and electrical systems at

both building and feeder levels [81].
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Different buildings have different usage characteristics, which deems it necessary to

model the heat dynamics associated with each building differently. As the dynamics

are directly related to the network order, a network identification procedure is required

to represent the dynamics efficiently [75]. As evident from the literature, the existing

grey-box network development methodologies use statistical techniques for grey-box

order identification, which is a long iterative procedure and often leads to over-fitting

of the model. Besides, the procedure needs to be repeated every time for each building.

Furthermore, only a few studies are able to tackle the non-scalable nature of reduced-order

grey-box models. The methodology proposed in this thesis introduces a generalisable

mechanism to address the aforementioned gaps.

2.3 Model Feature Assessment

BEPS tools have been extensively used over different stages of building life cycle, ranging

from the design stage to the later post-construction stages [90]. While these tools take

into account the multitude of complex relationships, the generated models are often non-

scalable and non-generalizable [33]. Moreover, model development using BEPS tools is

resource intensive; models require geometric and non-geometric building data. This would

be impractical when dealing with individual buildings on a large scale [91]. Moreover,

the developed models would be computationally expensive as each individual building

differs in terms of structural parameters and the nature of operation. Detailed BEPS

and Building Information Modeling (BIM) models provide limited flexibility in updating

the model when evaluating post retrofit building energy performance [32]. Furthermore,

in building control and smart grid applications, BEPS models are over specified and fail

to provide an indication of energy optimisation potential for individual buildings [92].

It is of paramount importance to identify and develop modelling approaches that are

scalable and offer flexibility in model design. Furthermore, the modelling approach should

offer opportunities for evaluating energy optimisation scenarios when considering control

or smart grid applications. A grey-box modelling approach is one such approach that

represents the actual behavior of the system and delivers the advantages of data-driven

and physical modelling approaches. Grey-box approaches inherit the model description
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of the physical modelling approaches and the computational efficiency of data-driven

modelling approaches [93]. While grey-box building energy models have been widely

implemented, the applicability of these models has often been specific to particular

applications and stakeholders. Furthermore, scalability of these models is limited by

the network order that defines the level of complexity incorporated in the devised model.

Reduced-order grey-box models can counter these drawbacks through achieving a trade-

off between the network order and the desired accuracy.

One of the significant features when modelling a building stock is the scalability of

the devised model. As the size of the problem can significantly grow depending on the

analyzed system, it becomes crucial to handle the growing amount of data while retaining

the required characteristics of different subsystems. Few studies exist in literature that

focus on defining the scalability potential of a particular energy modelling approach

(Table 2.2). A study by Heo et al. devised a scalable methodology for large scale

building improvement at the individual and aggregate building levels [105]. The study

implements normative energy models with Bayesian calibration for office buildings in the

business district of Chicago. Although the devised methodology is scalable, the research

does not address the scalability potential of normative energy models. Another recent

study by Manfren et al. devised an integrated methodology to validate and monitor

the building energy performance of a residential building [106]. The authors linked the

parametric performance analysis to model calibration using inverse modelling. However,

the study does not analyze the scalability of the analysis technique and the possibility

to scale models from individual building to building clusters for large scale performance

assessment. Heidarinejad et al. formulated urban-scale reduced-order BEPS models using

highly influential thermal variables in the white-box modelling process [95]. Although the

results provide an essential overview scalability, none of these studies exclusively devise

an assessment framework to measure scalability of the employed modelling approach.

Another significant model feature is the flexibility associated with the modelling

approach. This feature allows the energy modeler to introduce perturbations in the

original model to determine how the energy and cost performance are affected by various

energy efficiency measures. Previous studies have devised several tool sets to perform

optimisation, sensitivity analysis, and uncertainty analysis for evaluation of the optimal
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Table 2.2: Literature review of model feature assessment frameworks to identify definitions
of scalability, flexibility and interoperability

Previous
Literature

Model Feature modelling Scale Distinct
Characteristic

Scalab. Flexib. Interop.
Individual
Building

Building
Clusters

[94] X X
Broad scalability
definition for large
energy systems

[32] X X
Integration of BIM
and building
simulation

[72] X X X
Scalability and
flexibility definitions
for grey-box models

[95, 96] X X X
Reduced-order model
implementation at
urban level

[97] X X X

Comparison of
modelling approaches;
Advantages of hybrid
approaches

[98] X X
Flexibility assessment
of black-box models

[99] X X
Broad interoperability
definition

[100, 101] X X
Integration with the
distribution grid

[102, 103] X X
Demand shifting
using district heating
networks

[104] X X
Optimisation using
HVAC systems
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energy efficiency solution [107]. These tool sets often require numerous simulations and

huge computational resources. A comparison usually overlooked in these studies involves

the flexibility potential of the deployed modelling approach, which aims to define a

generic model adaptable to design variations. For instance, reduced-order grey-box energy

models provide more flexibility (compared to black-box models) in optimizing the building

operation when implementing different design scenarios. A study by Bourdeau et al.

evaluated the flexibility of data-driven techniques for modelling and forecasting building

energy consumption [108]. Another recent research work dealt with the flexibility of

BEPS modelling approaches for energy performance prediction [97]. Both these studies

concluded that hybrid modelling approaches (grey-box models) provide significantly more

flexibility than data-driven modelling. A comprehensive framework to assess the model

flexibility still remains absent.

The building stock remains noticeably disconnected due to the existing differences in

individual building characteristics and their nature of operation. Advanced integrated

approaches are required to model the transaction of energy services between different

buildings in the stock. This would facilitate intelligent trade-offs between comfort/quality

of service and consumption. The interoperability feature defines the integration process

and is pertinent to buildings rather than a particular modelling approach. Reduced-

order grey-box models facilitate the evaluation of the interoperability potential through

the use of grey-box parameters (thermal resistance and thermal capacitance). Ramzara

et al. proposed a bilevel optimisation framework to transact energy between commercial

buildings and distribution grids [100]. The optimisation framework involved a dynamic

model for buildings and operational models for distribution grids. However, the study

didn’t take into account the interoperability potential of each individual building. Beil

et al. discussed the role of buildings for serving the grid through demand response and

ancillary services [104]. The study dealt with the interaction between the individual

building and the grid, thus, undermining any building to building interactions. Previous

research mostly accounts for interactions between the building cluster and the power grid;

building to building interactions are often not taken into account. There is a need for an

interoperability framework that provides guidelines to decide whether or not a particular

building is suited for system integration scenarios.
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Owing to the above arguments, this thesis addresses three main gaps in knowledge

associated with BEPS modelling through the implementation of reduced-order grey-

box energy models. The first gap relates to model scalability issues as buildings differ

in their individual characteristics and the implemented modelling approach becomes

irreproducible for other buildings. The second gap concerns the model flexibility issues

that address the building model operation after the introduction of any perturbations.

Furthermore, previous flexibility assessment frameworks usually focus on black-box

approaches. The last gap focusses on the lack of an integrated modelling approach

for the optimised operation of a building cluster (interoperability) while addressing the

underlying modelling approach. Although previous studies have addressed these gaps

individually in brief, a consolidated framework to construct an overall understanding is

still absent.

2.4 Uncertainty Analysis

UA in building simulation is not a new concept. A common approach to conduct

Uncertainty Analysis (UA) is to use a deterministic model but assign probability

distributions to uncertain input parameters. Several studies exist in literature that

implement UA to quantify the uncertainties in parameters and further analyze the effect

of these uncertainties on BEPS results (Table 2.3) [55]. These studies use standard

techniques of risk management in load forecasting models, for instance, the Monte

Carlo (MC) technique [109]. Uncertainty quantification process implements the concepts

from probability theory, for instance, assigning Probability Distribution Function (PDF)

to uncertain inputs [97]. Numerical simulations, subsequently, identify the statistics

associated with the desired outputs [34].

UA is often implemented together with Sensitivity Analysis (SA) to determine the

sensitive parameters. SA has been widely investigated in numerous studies and across

various sectors [110]. SA aids the identification of critical control points, prioritization

of additional data collection or research, and verification and validation of a model

[111]. When developing a Building Energy Model (BEM), it is important for the energy

modeler to have a strong understanding of the various influential parameters within
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the model. Numerous studies implement SA to examine the characteristics of building

thermal performance for various applications, such as building design and retrofit, energy

model calibration, and climate change impact on buildings [112]. SA follows an identical

procedure for different applications; the fundamental difference lies in the definition of

uncertainty or probability distribution of input factors [112].

Uncertainty Quantification (UQ) refers to quantitative characterisation and reduction

of uncertainties in BEPS. The quantification process classification of UA comprises two

categories, namely, forward and inverse UQ. The first category, forward UA, involves

UQ in the system outputs (due to uncertainties in the inputs) using mathematical

modelling while inverse UA determines unknown variables through mathematical models

from measurement data [113]. From the perspective of building energy analysis, forward

UQ can predict energy use using BEPS models with input variations, whereas inverse UQ

can quantify unknown input variations through BEPS models after collecting measured

data from buildings [34]. Forward and inverse UA represent an interlinked process as

the inverse UA results act as inputs for forward UA to predict the building energy

use [58]. UA studies in the literature mostly follow a similar process of analysing

uncertainties (assigning Probability Distribution Function (PDF) and then performing

numerical simulations using samples from the distribution) though these studies deploy

different sampling algorithms to create samples from the distributions. For instance,

several studies implement the random sampling method, also known as the Monte Carlo

method, to select random samples from user defined PDFs [114, 115].
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Although it is quite crucial to model each uncertainty category in a different manner,

uncertainty classification is often overlooked while performing UA. In terms of the

inherent variability, uncertainty categories typically consist of aleatory and epistemic

uncertainties [118]. Aleatory uncertainty (type A uncertainty or variability) arises

due to the inherent or natural variation of the system under consideration whereas

epistemic uncertainty (type B uncertainty or uncertainty) arises mainly due to lack

of knowledge [113]. As different uncertainty types employ different techniques for

mitigation, differentiating between the type of uncertainty is important. Epistemic

risk is the relatively easier type to deal with as enhanced information about the

process curtails the existing gaps in knowledge. However, it is not possible to

remove inherent randomness from a process. Hence, aleatory uncertainty quantification

requires past historical data to devise representative probabilistic models [119]. For

instance, solar radiation data falls under the category of aleatory uncertainty; the

uncertainty quantification of which requires additional past observations for optimal

representation, although it is fundamentally impossible to predict variations of future

radiation patterns. An example of epistemic uncertainty would be lighting and appliance

power densities. The quantification of epistemic uncertainty in densities requires the

installation of measurement equipment for the appliances (collecting more information

and thus reducing the uncertainty). It is worthwhile to note that the framework of

probabilistic modelling (representation using PDFs) is not specific to any particular type

of uncertainty. Although probabilistic frameworks can quantify aleatory uncertainties

in a straightforward manner, epistemic uncertainties representation usually employs an

integration of probabilistic and non-probabilistic frameworks [113]. The quantification

process of epistemic uncertainty defines the probability that the risk would occur, the time

frame in which that probability is active, and the probability of an impact or consequence

from the risk when it does occur [120].

Based on the different characteristics of uncertainty, studies in the building simulation

literature have proposed several classifications of uncertainty [121]. However, these

classifications exist in a disintegrated manner without any concrete framework. A study

by Silva and Ghisi classified uncertainty as model form and parametric uncertainty [122].

Model form uncertainty incorporates all the numerical approximations, approximations
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due to underlying physics and other limitations of simulation software whereas parametric

uncertainty includes the uncertainty associated with the values of model parameters.

Another study by Huang et al. explored the different categories of parametric uncertainty

[123]. The study categorised the uncertain parameters in parametric uncertainty as

design, inherent and scenario parameters. As the name suggests, the uncertainty in design

parameters arises during the design process. For instance, the insulation and window U-

values are not known in the early design stage but are available during the detailed

design phase. Inherent uncertain parameters are usually random and uncontrollable

and include occupancy profiles and system efficiencies. Scenario parameters refer to the

external environment scenarios, for instance, varying climatic conditions.

Numerous intensive uncertainty studies exist in literature that implement different

analysis techniques for uncertainty quantification in BEPS. For instance, a study by

MacDonald et al. was one of the early attempts in the classification and evaluation of

uncertainty propagation methods [124]. The authors classified the methods as internal

and external and evaluated three techniques in each category using the software ESP-r

to test the applicability of the two approaches. Another research by Wit et al. focussed

on MC simulations using LHS to quantify the uncertainties in the prediction of thermal

comfort [125]. The study focussed on the uncertainties in material properties and those

that stem from model simplification in design evaluation. A more recent research study by

Hopfe et al. performed an MC-based uncertainty coupled with Latin Hypercube Sampling

(LHS) [37]. This study focussed only on epistemic uncertainties and classified a total of

80 variables into three categories, namely, physical, design and scenario-based. The study

used the commercially available BPS tool, VA114 to perform simulations [126]. A more

comprehensive research by Eisenhower et al. analyzed nearly one thousand uncertain

variables with static variations [61]. The UA implemented another variation of MC

method in EnergyPlus, namely, a quasi-random sampling method that is able to achieve

a better convergence rate.

Asadi et al. implemented the MC sampling method for generating 70,000 energy

models with different input samples to analyze the effects of building shape on energy

performance [127]. The authors classified the methods as internal and external

and evaluated three techniques in each category using the software ESP-r to test
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the applicability of the two approaches. Alongside, the study used thermo-physical

parameters, causal heat gains and infiltration rates to quantify the effects of uncertainty.

Manfren et al. stressed the importance of implementing grey-box energy models in

uncertainty quantification, which would be beneficial not necessarily in terms of absolute

performance, but rather in terms of usability and transparency to the end user [106].

Gelder et al. implemented the embedded MC based uncertainty and sensitivity analyses

to quantify the uncertainties in design variables [128]. The authors tackled issues related

to sampling efficiency, output convergence and calculation time using a meta-model based

simulation. The study, however, did not account for the correlation structures of input

variables, which may have a significant influence on the existing uncertainties. Faggianelli

et al. identified influential variables through a qualitative method and propagated only

parametric uncertainty in the BEPS model [129].

A recent study by Belazi et al. implemented MC simulations to account for

uncertainties due to occupancy behavior and building envelope materials [130]. The study

concluded that the building envelope has a strong influence on energy consumption in

cold climates. The study, however, did not account either for any existing correlations

or for uncertainties due to weather or model parameters. Another study by Wate

et al. devised an emulation based uncertainty and sensitivity analysis framework to

account for uncertainties in design variables and occupant behavior [131]. Although the

methodology is effective in quantifying uncertainties in the heating and cooling demand,

the demonstration is constrained in scope, number of design variables and the range of

occupants’ behaviours investigated, as well as the complexity of the adopted use case.

Recent studies mainly focus on exploring the sources of uncertainty rooted in simulation

models. Researches often list the various sources of uncertainty but only a few focus on

a generalizable solution and the classification of these sources is often not clear. Though

subjective design decisions play an important role in BEPS, only a few studies have

focussed on such uncertain sources.

To date, considerably more research has been carried out on forward uncertainty

propagation than on inverse uncertainty quantification in the field of building energy

analysis. Inverse methods mainly comprise two techniques, namely, Frequentist and

Bayesian methods. Frequentist methods, for instance Maximum Likelihood Estimation
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(MLE), estimate the parameters of grey-box models for UA quantification. Reddy et al.

applied MLE to estimate the building-envelope related parameters in the grey-box model

of a building [132]. Frequentist methods provide a point estimate of the parameters along

with a confidence interval. Bayesian techniques involve the use of a priori distribution that

quantify prior beliefs about true parameter values based on expert knowledge. A study

by Heo et al. implemented the Bayesian calibration method, which requires building

measurements to compute the probabilistic outcomes for different retrofit measures [58].

The research employed normative energy models to obtain light-weight, quasi-steady state

formulations of heat balance equations making them appropriate for modelling large sets

of buildings efficiently.

Significant challenges exist in the UA of BEPS that are absent in the aforementioned

studies. Among the most significant gaps, the first concerns treatment of different types of

uncertainties (aleatory and epistemic). Previous UA studies have either failed to segregate

the existing uncertainties or considered only one type of uncertainty in the analysis

when considering reduced-order grey-box building energy models. Literature in the risk

management domain stresses the importance of treating different types of uncertainty

using appropriate methods that allow for segregation [119]. The second significant gap

relates to the treatment of correlations of different input variables. Although a few

studies consider marginal distributions for some of the input parameters, a comprehensive

theory addressing the correlations between the parameters seems to be non-existent.

The third gap relates to the applicability and diversity of the UA studies. Most of the

research implements forward uncertainty quantification using popular white-box BEPS

software, like, EnergyPlus. Only a few studies employ inverse uncertainty quantification,

often, based on black-box modelling. None of the studies use grey-box energy models

(RC networks) for uncertainty quantification. Grey-box models imbibe the physical

formulation of white-box models and computational effectiveness of black-box models

and hence, are increasingly used in BEPS. Lastly, the UA studies in literature do not

have a concrete framework that would outline their suitability for different applications.

Most of the studies mentioned above focus on limited aspects of analyzing uncer-

tainties. None of them deal with an integrated analysis of different aspects in the

quantification process of uncertainty. For instance, a majority of these studies focus on
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quantifying the uncertainties due to input parameters, like solar irradiation and do not

take into account the uncertainty propagation amongst different sub-models. Moreover,

these studies lack an intensive classification of various uncertainties that are present in

the energy models. For instance, none of the studies deal with handling aleatory and

epistemic uncertainties separately.

2.5 Generalised Approach to Energy Modelling

Assessment of a building’s energy performance is often considered a 3 stage process, which

initiates at the design stage followed by a construction stage and continues throughout

operation and maintenance stage. Any errors in energy performance predictions in

the early design stage propagate (but could possibly average out) and thereby, lead

to inefficient building operation with buildings consuming higher energy than predicted

[133]. Space heating demand accounts for approximately 33% of the total energy use in

buildings (residential as well as commercial building stock). Lowering the space heating

demand often requires the implementation of energy efficient retrofits, for instance,

enhancing the performance of building envelope. However, it has been observed and

established by a number of studies that even expensive refurbishments can lead to

buildings with poor energy performance. As, development of thermal models is an integral

part of the design process of building stock, sophisticated thermal modelling techniques

are required.

Building energy forecasting models form a core component of building energy

control and optimisation. Each individual building system comprises a multitude of

interconnected sub-systems. The majority of these building energy systems represent

complex non-linear systems with underlying factors strongly influenced by weather,

occupancy and building function. Identification of a suitable model to represent these

building system dynamics is often challenging. Current building model development

practices always aim to identify a model that closely represents the actual behavior

of the building under consideration. Besides, the deployed simulation technique plays

a significant role to effectively find the optimum balance between comfort, cost and

efficiency.
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While white-box models provide high levels of estimation accuracy, these models

require a large number of input parameters and subsequently high number of iterations.

These models are useful and informative for assessment of operation strategies. However,

these models might not be suitable for on-line building operation. On the other hand,

black-box models are computationally efficient by a significant amount. However, these

models require large sets of training data that should cover the forecasting range of

the building operation. Hybrid or grey-box models contain the best of both modelling

approaches. These models have fewer parameters to determine and require shorter

computation time. Hence, grey-box models would play a significant role in building

energy and cost savings.

Owing to the variability in techniques for grey-box model development, it is necessary

to formulate a framework that takes into account the building characteristic variations

and generalises the grey-box model development process. Past literature does not

consider general building parameters, such as load demand profiles, in grey-box network

order selection that could be instrumental in the identification of an optimal network

order (Section 2.2. The task of modelling energy in buildings becomes more and more

challenging as the associated scale (city/district/urban) changes. It is often difficult to

gather geometric and non-geometric data associated with each and every building at

the urban scale. Detailed building models often fail to reproduce the model structure

and thus lack scalability. Modelling a district would require the automation of BEPS

model workflows as well as the validation of predictions against measured energy use. As

different applications require models of varying complexities, it is necessary to identify

the model features associated with different stakeholders of the building stock (Section

2.3). Quantifying the influence of stakeholders on model implementation allows for the

development of an engagement plan that takes into consideration stakeholders’ diverse

goals, needs, levels of expertise, knowledge, authority, connectivity and closeness to

decision-making processes throughout the different stages of the building design.

Even when the best efforts have been made to calculate as closely as possible the

real values for the building model parameters, the values used are always subject to

a certain degree of uncertainty either statistical or systematic (Section 2.4). Specific

experiments should be developed to determine as realistically as possible the building
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characteristics. Even in the case that such experiments would be possible, uncertainty

would still be introduced by the measurement errors and potential limitations of the

experiment’s design. Although the developed frameworks in literature provide a solid

foundation to analyze the uncertainties, the application of these frameworks has been

specific to individual buildings disregarding other entities in the energy system. Thus,

a framework that could quantify the uncertainty propagation along the entire energy

system is required.

In order to facilitate the implementation of grey-box models in Building Energy

Performance Simulation (BEPS), a generalised approach for model development is

of paramount importance. This approach should capture the necessary building

dynamics and entail an overall spectrum of usage characteristics for different buildings.

Furthermore, the generalised approach should allow integration with existing statistical

model identification procedures to provide a basis for comparison and enhance the

suitability of these procedures. Considering these arguments, the proposed approach

in this thesis aims to use easily identifiable building parameters as a pre-assessment

procedure to inform the reduced-order grey-box model development process (Chapter

3). The proposed methodology introduces a generalised procedure that further identifies

the suitability of reduced-order grey-box models in terms of scalability, flexibility and

interoperability (Chapter 4). To render a probabilistic overview of the space heat

simulations, the generalised approach integrates an uncertainty analysis framework

through a consolidated representation of different types of uncertainty in the developed

models (Chapter 5).

2.6 Chapter Summary

Building energy performance simulation using reduced-order grey-box networks provides

a robust platform that could be used to model several building retrofit scenarios to reduce

the energy footprint of buildings. Past few decades have seen a tremendous growth in the

number of forecasting techniques to estimate the building energy demand. This chapter

provides a comprehensive literature review of grey-box modelling techniques, associated

model features and UA techniques to build confidence in demand forecasts. The state of
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the art literature indicates that there exist several opportunities to simplify the process

of grey-box model formulation that improves the forecasting accuracy of reduced-order

grey-box building energy models. This thesis primarily focusses on space heat demand

forecasting using reduced-order networks.

The formulation of grey-box models is often case-specific. Furthermore, the developed

grey-box networks could turn out to be quite complex when considering several variations

in building characteristics. The availability of data could pose further challenges to

stakeholders (energy modellers and building managers) implementing grey-box models.

Chapter 3 solves the case specific nature of grey-box models using readily available

building parameters to formulate grey-box networks for commercial buildings.

Different applications require building energy models of varying complexities. Existing

grey-box development frameworks often associate limited definitions of model features

irrespective of the stakeholders involved. Chapter 4 proposes a feature assessment frame-

work that defines and assesses features such as scalability, flexibility and interoperability

for reduced-order grey-box building energy models.

There is always a certain degree of uncertainty associated with grey-box model

predictions. These uncertainties could be a direct result of uncertain parameters or

process simplifications introduced in the model. Few studies quantify uncertainties

in demand forecasts when implementing reduced-order grey-box models. Chapter 5

introduces an integrated approach to quantify uncertainties in reduced-order models using

two-dimensional Monte Carlo simulations.
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CHAPTER

THREE

GENERALISATION APPROACH FOR REDUCED-ORDER

GREY-BOX MODEL DEVELOPMENT
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3.1 Introduction

The main research gap identified in this thesis (Section 2.2) revolves around the

identification of modelling approaches that use sparse data and represent the actual

behaviour of buildings within acceptable tolerances. Although building energy grey-box

models provide these benefits, an absence of a generalisation approach and a subsequent

trade-off analysis between model complexity and accuracy relate to the crucial factors

behind this research gap.

Figure 3.1: Decomposition of the overall methodology focussing on the development of a
generalisation framework to formulate reduced-order grey-box models.

The decomposition of the overall thesis concept diagram (Figure 3.1) illustrates the

use of pre-defined building parameters in the formulation of a generalisation framework

that bridges the gap between model identification process and the desired model accuracy.

Grey-box models are often case specific in nature (Chapter 2). An integrated framework

caters to this case-specific nature and provides a metric-based analysis to the existing

model identification statistical procedures. The first phase of this thesis is described
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in this chapter, the formulation of a generalised methodology to facilitate the building

energy grey-box model development process (Figure 3.2).

As illustrated in Section 2.2, building energy performance modelling forms an integral

component of the overall design and operation of the built environment [60]. Accurate

building load prediction (electricity or heat) using building energy performance modelling

is crucial to implement energy-efficient strategies, optimize building operation and provide

satisfactory thermal comfort to occupants [61]. Within the building simulation domain,

the modelling process usually employs white-box, grey-box or black-box approaches [33].

BEPS tools employing white-box models facilitate the assessment and evaluation

of energy performance for new and existing buildings [20]. These tools model the

inter-dependencies between different building energy systems using various internal and

external inputs. For instance, physical models developed through EnergyPlus or TRNSYS

could be used to model multi-zone complex buildings for detailed building energy analysis

[64]. These models have been widely accepted as the industry standard by various

building related stakeholders [23]. However, development of a building white-box energy

model requires fine tuning of numerous building parameters, which could be addressed

at an individual building level upto a certain extent. However, when modelling multiple

buildings or a district, the white-box approach fails to render a cost-effective solution as

each individual building comprises varied design parameters and nature of operation.

Building energy black-box models are gaining immense popularity in the BEPS

domain to estimate building loads, identify retrofit strategies and optimize building

operation [134]. Black-box models models are relatively easier to set up, faster to process

and require historical building data to assess the current building energy performance.

Some of the frequently implemented black-box methodologies include artificial neural

networks, support vector machines, statistical regression techniques, decision trees and

genetic algorithms [135]. One of the significant challenges with black-box models is

the identification of optimal model parameters, which requires building data over longer

periods of time under a wide range of operation conditions. Required training data

might often be unavailable for existing buildings [40]. Furthermore, any modifications in

building operation or replacement of existing equipment would altogether require a new

training process to building the model reliability.
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Considering the modelling capabilities of white-box and black-box models, it is of

paramount importance to devise modelling approaches that utilise sparse data and

represent the actual behaviour of buildings. Building energy grey-box models offer

a two-fold advantage; these models retain the physical structure of the building and

require fewer inputs to evaluate the building energy performance [38]. When formulating

grey-box models, it is often required to identify an optimal balance between the model

complexity and desired accuracy [39]. Grey-box models might acquire an extremely

complex structure for sophisticated multi-zone buildings and would eventually lead to

over-fitting of the model parameters [46]. Furthermore, even with updated parameters,

grey-box model structures differ from one building to another due to a purely statistical

model identification process [41]. Reduced-order grey-box models aid the identification

of a trade-off between model complexity and desired accuracy. Moreover, there is a need

for a generalisation framework that addresses the limitations associated with building

energy grey-box models.

Different buildings have different usage characteristics, which deem it necessary to

model the heat dynamics associated with each building differently. Current practices of

grey-box model development use statistical techniques for grey-box order identification

(which is a long iterative procedure) and often produce non-generalisable and non-

scalable models (Chapter 2). Besides, the procedure needs to be repeated every time

for each building (Section 2.2). Furthermore, only a few studies are able to tackle

the non-scalable nature of reduced-order grey-box models. This chapter introduces a

generalisable mechanism to address the aforementioned gaps (Figure 3.1). The key

elements of the proposed framework include building design parameters and nature of

operation of individual buildings. The framework further uses additional information

regarding the retrofit history and installed HVAC system to enhance the grey-box network

order.

The proposed approach introduces a generalisation framework for reduced-order grey-

box model development that addresses the research question 1, “How would generalisation

of grey-box reduced-order models reduce the complexities (in terms of network order)

involved in the energy modelling process of commercial buildings”? This chapter describes

the following in detail:
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• A background of reduced-order grey-box modelling approaches in BEPS (Section

3.2);

• A generalisation approach to develop reduced-order grey-box building energy

models (Section 3.3);

• Case studies to identify grey-box models for different commercial buildings (Section

3.4);

• Chapter summary (Section 3.5).

3.2 Reduced-order Grey-box Modelling Approaches

Reduced-order models are often simplifications of high-fidelity, complex system models

[45]. These models are computationally inexpensive mathematical representations of

the system behaviour that could be implemented for real-time analysis. Grey-box

building energy models usually constitute electrical equivalents of electrical resistance and

capacitance, where the resistance represents the rate of heat transfer across an insulated

wall and capacitance represents the heat storing capacity of an insulated wall [136]. The

number of capacitors in the network define the complexity of the grey-box model, which

is also known as network order in quantitative terms [44]. Grey-box networks could be

used to model the dynamics of a single zone, multiple zones or an entire building [46].

Reduced-order grey-box networks (or simplified thermal networks) lump the different

network components using model reduction techniques to reduce the computational cost

and hence, are also termed as lumped parameter models [137].

Different studies employ different level of complexities while formulating reduced-

order grey-box models. The complexity levels are modified by increasing or decreasing

the number of state-space equations that define the number of nodes (or network order)

in the network. For instance, Belic et al. investigated the relationship between accuracy

and complexity in thermal models produced with RC (Resistance-Capacitance) equivalent

method, with parameter enrichment using optimization and estimation from data [71].

The study analysed a series of RC networks (4R3C, 3R2C and 2R1C) to represent the

walls of a two-storey family house and concluded that the structure of the model is
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fundamental to achieve a significant level of model accuracy. Due to a high number of

states originating from the wall networks, the formulated networks were not optimized

and hence, were prone to model overfitting. A similar study by Berthou et al. compared

a series of lumped parameter grey-box networks (4R3C, 6R2C, 6R3C and 7R3C) in

their ability to predict heating and cooling loads and indoor air temperature for a ten-

storey office building [47]. The authors concluded that higher order networks are often

too complex to be entirely parameterised and lower order networks produce satisfactory

thermal behaviour prediction. The study, however, does not follow a standardised process

for model selection and implements an iterative procedure when testing the different

networks.

Several studies use lumped parameter models that have been standardised under

various standards, such as ISO 13790 [138]. These lumped parameter models are

computationally efficient and accurately predict the building thermal behaviour. For

instance, Remmen et al. employed a VDI 6007 model with two wall elements to predict

the heat load of a detached house [82]. Another study by Robinson et al. used a similar

two node model as the basic thermal model, which was extended to allow for further

connections between different zones inside a building [139].

Generally, grey-box models offer a number of advantages in terms of training periods,

computational costs and semi-physical interpretation and thereby, are suitable for

formulating various model reduction scenarios. However, it is often required to identify

an optimal order reduction to avoid the loss of model structure. There is a need of

a framework that provides an informed analysis to facilitate the model identification

process. The following section describes the proposed generalisation framework to

formulate reduced-order grey-box building energy models.

3.3 Generalised Reduced-order Model Development

The grey-box network development tools and methodologies as identified in the literature

tend to be case specific and need to be modified according to the building in consideration.

To cater to the varied nature of building operation, this thesis proposes a generalisation

approach to identify the order of any grey-box network. The approach utilises easily
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identifiable building parameters, such as, gross floor area, window area, etc. to identify

the network order. Different parameters that could be directly or indirectly linked to the

parameters of the grey-box network are included in the framework of the generalisation

approach.

This thesis implements a generalised grey-box modelling approach (Figure 3.2)

applicable for all types of commercial buildings. The methodology consists of three crucial

steps, namely, 1) identification of building parameters, 2) analysis of building parameters

and 3) subsequent development of grey-box networks. The identification and analysis of

building parameters identify and analyse the factors influencing the order and parameters

of grey-box networks. The grey-box model development process involves model input

identification, model calibration and identification, and model evaluation. The model

calibration and identification process is further sub divided into network parameterisation

and model selection process. This is the most crucial step as the order of the developed

grey-box network is decided using the information gathered in the first two steps.

As commercial buildings exhibit varied nature of operation, a generalised approach

would reduce the complexities in identifying an accurate model for each individual

building. The models designed using the approach should be able to predict the thermal

behaviour of a building or a stock of buildings.

The key aspect of generalisation lies in the identification of network order, which

is linked to the accuracy and complexity of grey-box models. Previous research

developed techniques to identify the optimised network order, although the optimisation

is conducted on pure statistical grounds [140]. For instance, a forward selection statistical

procedure starts with the smallest feasible model and then extends the model by

analysing the p-values associated with each extension. The p-value is the level of

marginal significance within a statistical hypothesis test representing the probability of

the occurrence of a given event [141]. A tolerance limit is set corresponding to the p-

values; the violation of which terminates the iterations.

The network order identification technique devised in this thesis is based on the

analysis of pre-defined building parameters. These parameters include the building’s

design parameters, building type and associated functions. The following sections
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Figure 3.2: Devised methodology for generalisation. The methodology is based on the
analysis of easily identifiable building parameters. All the parameters are tested for their
statistical significance and then, used to generate the grey-box networks.

describe the processes followed in the identification and analysis of building parameters

that affect the heat dynamics of a building.

3.3.1 Identification of building parameters

Grey-box models use a combination of prior physical knowledge and statistics [93]. The

identification of building parameters goes one step back before the development of any

grey-box model. This step involves the identification of parameters that directly influence

the grey-box model parameters (or the heat dynamics). The modelling of heat dynamics

can be related to two fundamental aspects, namely, the behaviour of heat transfer within

a building and the subsequent interactions with different entities [49].

A grey-box network includes resistance and capacitance elements representing the

heat transfer behaviour of the system. The accumulated thermal energy by a physical

medium (the air inside a room) or object (walls in a building) is described by its heat

capacity C in MJ/K (the capacitance in the network). The heat of any object is a function

of temperature and can be defined by equation (3.1).
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C(T ) = mc(T ) =
dQ

dT
(3.1)

where m is the mass of the object in kg and c(T) is the specific heat capacity

(MJ/kg.K) of the material in the object. The above equation represents a linear

approximation where the dependency of T is marginal. Heat transfer mechanisms, such

as conduction and convection are represented as resistances against the heat transfer.

The devised methodology identifies various building parameters that are directly or

indirectly related to the grey-box network parameters, which constitutes the initial step

in the devised methodology. The parameters are identified using previously concluded

studies and reports on building energy performance simulation [93]. These parameters

will eventually account for the dynamics of heat transfer inside a building. The metric

identification process involves the use of different datasets containing measured and

simulated data.

Design parameters, such as net floor area, number of windows, building envelope,

number of zones etc., have a direct influence on the buildings dynamics and hence, play

an important role in deciding the network order [142]. The parameters and subsequent

relationships are identified based on previous literature [143].

The ongoing activities inside a building are usually reflected in the building’s heat

demand [144] and indoor temperature profiles [145]. These profiles then relate to the

complexity required in representing the dynamics. As the heat demand data was readily

available, we used the measured heat consumption to capture the link between the

demand patterns and network order. It is crucial to compare a multitude of demand

patterns to establish appropriate linkages. Therefore, we used the heat demand data

for different commercial buildings at the University College Dublin’s campus as these

buildings represent varied nature of building function. Detailed white-box models are also

available for different buildings on the campus, which will eventually help in validation of

the developed grey-box networks. Furthermore, to investigate the relationship between

various design parameters and the network order, this research uses the commercial

building benchmark model dataset, developed and published by the U.S. Department

of Energy [1]. There are 16 building types in the dataset that represent approximately
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70% of the commercial buildings in the U.S. As this dataset consists of white box model

representation of the typical commercial building stock, we were able to devise detailed

relationships between the building parameters and grey-box network order.

Any recent retrofits performed on any building structure will change the dynamics and

hence, the retrofit history of a building can be a crucial metric in deciding the desired

complexity [58]. These parameters are detailed in Section 3.3.2.

3.3.2 Analysis of building parameters

After the identification process, the parameters are analysed to determine the extent of

their influence on the network order.

Design Parameters

The various design parameters that have a direct or indirect influence on the grey-box

network order are outlined below.

Gross Interior Floor Area (m2): The gross interior floor area is defined as the total

interior floor area of a building’s spaces, measured from the inside surface of the exterior

walls or from the interior surface of walls in common with adjoining buildings [146].

This parameter is used together with other metrics, for instance heat demand profiles, to

decide the desired complexity.

Window Area (m2): The presence of different network elements in the grey-box model

is directly influenced by the window area. Windows do not possess any heat retaining

capacity and hence are modelled as resistances to heat transfer. This parameter is crucial

in defining the network order from two aspects. The first aspect relates to windows being

a part of the building envelope, which eventually reduces the network complexity due to

reduction in the number of capacitance in the network. The second aspects relates to

the presence of windows in the internal environment of the building. A large number

of windows inside any building will reduce the heterogeneity in the temperature profiles,

thus, reducing the complexity in the grey-box network. This parameter is used to obtain

an approximation of the window to wall ratio existing in the external envelope and hence,

the methodology doesn’t use the exact values in any calculations.
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Number of Floors: This parameter is often used together with the floor area to

determine the complexities associated with heat demand profiles. For instance, a high-

rise office building might have a high energy consumption although each floor represents

a similar demand usage profile with limited complexity.

Number of Zones: This parameter is particularly specific to high rise buildings with

large number of floors provided the inside architecture space of each floor is similar.

The spaces inside a commercial building are often divided into zones for optimised

utilisation of HVAC systems. A single zone represents an area possessing similar thermal

characteristics. Hence, with the knowledge of this parameter, the process of deciding

the order and hence the grey-box network could be simplified. This parameter is

used to get an approximation of the existing zones in order to facilitate the process

of network identification. Exact zoning knowledge is not required for any calculations in

the methodology.

Solar Facades: Large commercial building envelopes present a great potential of

utilizing solar radiation, especially in climate zones with rich solar resources. Solar PV

integrated into the building’s envelope has a great potential, and far wider application

prospects, than rooftop solar power can offer alone. Solar panels can be integrated into the

building envelope through placing them on windows or roofing tiles. The heat transfer

dynamics are modified through the integration of these panels, which adds up to the

complexity of the grey-box networks [147]. For instance, a study by Fung et al. developed

a one dimensional transient heat transfer model for building integrated PV modules [148].

The study investigated the effect of different parameters and found that the change in

heat gain with and without the integrated facades is quite significant.

Heat Demand Profile

To develop a generalised approach to decide the RC network order, the devised

methodology analyses the heat demand profiles of different buildings as these profiles

indicate the nature of building operation. Furthermore, the implemented methodology

considers the thermal zoning of spaces inside the buildings. Thermal zones are assumed

to possess similar thermal characteristics and hence can be represented by a single RC
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network. The devised approach identifies the grey-box network order using the following

procedure (Figure 3.3):

Inspection of yearly heat demand profiles and subsequent occurrence of peaks - a high

order network (greater than two) is assigned to a building with frequent and recurring

peaks (peaks that occur often or at short intervals and repeat time after time). The

frequent and recurring peaks relate to the complex nature of operation of the building

in consideration. The demand profiles only give an indication of the network order. The

variations in the profiles are tested using tests of statistical significance such as ANalayis

Of VAriance (ANOVA), which is a statistical technique used to check if the means of

two or more groups are significantly different from each other [149]. ANOVA checks

the impact of one or more factors by comparing the means of different samples. The

different groups in ANOVA relate to the different buildings in the cluster. Each day

is then considered as a sample. Performing an ANOVA test on the heat demand (W)

data confirms the existence of demand variations in the community of buildings. F-test

statistic (ratio of two quantities that are expected to be roughly equal under the null

hypothesis) is used to compare the results from ANOVA. A large value of F-test statistic

signifies that the variability of group means is large relative to the within group variability

(required for rejecting the null hypothesis).

Validation of network order is then performed by combining heat demand profiles

with net floor area of building and number of floors. Heat demand levels are defined as

the magnitude of heat demand at a particular point in time. Higher heat demand levels

might not always relate to the heat demand profile of the building as large buildings

often have higher demand levels, which suggests that large buildings can be represented

using low order networks. Large buildings often represent varying energy dynamics in the

inside spaces and the exterior walls. Hence, it is crucial to represent both using separate

RC networks.

Hourly periodic fluctuations in heat demand profiles are analysed against a base

demand to identify the presence of special thermal zones. Base demand is defined as

the minimum heat demand level existing in a heat demand profile during occupied hours.

Again, ANOVA is used to analyse the fluctuations in heat demand, the samples being
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Figure 3.3: The process of RC network selection. The process is used to identify the
network order based on heat demand levels and the presence of demand fluctuations.

the hourly demand profiles. This test establishes the presence of peaks in the profiles

that can be termed as statistically significant.

Heat demand fluctuations can be directly linked to a space inside the building that

needs to be assigned a separate special thermal zone, thereby requiring a new RC branch

altogether. In case of the presence of statistically significant peaks, the network is

extended by addition of additional grey-box elements. This process requires the heat

demand data with resolutions ranging between 15 and 60 minutes.

Existing HVAC Systems

The HVAC systems mainly influence the network order of a grey-box model in two ways,

namely, through ventilation and through embedded heating or cooling systems in the

building fabric. Ventilation causes heat transfer due to the movement of conditioned

air across different spaces. The indoor temperature is very much dependent on the flow

of air. Ventilation can be modelled as resistances to heat transfer for wind speeds up

to 5 m/s [150]. Beyond this value, the heat transfer becomes non-linear leading to an

increased complexity in the system.
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Embedded HVAC systems alter the dynamics of the building by increasing the heat

capacity associated with the area where the systems are fitted. For instance, radiant

heating or cooling systems use piping filled with water or a glycol solution and can heat

any kind of floor/ceiling [151]. These systems alter the heat capacity of the floor, thus,

increasing the complexity associated with the grey-box model.

Retrofit History

The retrofit history of the building is another crucial parameter that is directly linked

to the complexity of the grey-box network. The most common retrofit technologies for

commercial buildings consist of the strategies to reduce building heating and cooling

demand, and the use of energy efficient equipment. The heating and cooling demand of a

building can be reduced through retrofitting the building fabric or through technologies

that improve air tightness [152]. All these measures, especially the improvement of

building fabric, alter the building dynamics and therefore, increase the complexity

associated with the grey-box model (to account for the loss of homogeneity in building

envelope). Simply changing the network parameter values might lead to unrealistic

description of the grey-box network. The retrofit history relates to the increased

heterogeneity in the building envelope, due to which, a higher order network might be

required to represent the building.

3.3.3 Development of Grey-box Model

Grey-box model development initiates with the specification of model inputs followed

by model calibration and identification and terminates with model evaluation. The

model calibration and identification is further divided into network parameterisation and

network selection processes. The details of the aforementioned processes are listed in the

following sections.
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Model Inputs

The inputs to the model include solar irradiation, wind speed, and building structure.

Solar irradiation and wind speed inputs are extracted from the weather data. Building

structure includes geometric information regarding the building.

Model Calibration and Identification

Model calibration and identification is the most crucial step in grey-box model devel-

opment and follows the identification and analysis of building parameters affecting the

network order. This step consists of network parameterisation procedure and model

selection (or selection of network order).

Network Parameterisation Also referred to as the model calibration procedure,

this step involves the estimation of network parameters, i.e. thermal resistance and

capacities, and the calculation of the associated time constants. For existing buildings

with available monitoring data, the grey-box approach is considered to combine the best

of two worlds: physical insight and model structure from the white-box paradigm and

parameter estimation and statistical framework from the black-box paradigm. In the

absence of monitoring data, the grey-box network is trained using the simulation data

produced by the white-box model so that the grey-box network could accurately replicate

the results. White-box energy models, as the simulation engine, as that would result in

larger calculation times. Also, a fundamental advantage of this procedure is that it

can compare grey-box models on their ability to predict building thermal behaviour

without any noise and measurement uncertainties. The methodology would ideally

compare Reduced Order Model (ROM) outputs with measured data. In the case of

our representative example, measurements were not available at the required resolution,

so we used a calibrated white box model instead of measured data.

A number of studies have used statistical estimation procedures, for instance,

maximum likelihood technique to compute the model parameters [72]. Brastein et al.

used Monte Carlo sampling of parameter space to gain cognitive insight into the expected

behaviour of estimation algorithms based on numerical optimisation of the mean square

error between simulation and measurement data [153]. Another study by Berthou et
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al. used the Interior Point algorithm that can handle large-scale non-linear optimisation

problems with inequality constraints to identify the network parameters [47]. Few other

studies have implemented genetic algorithm to minimise the difference between predicted

and measured consumption and estimate the network parameter values [41].

The devised approach estimates the parameters of the developed model using

Continuous Time Stochastic Modeling (CTSM) in R tool, which uses the maximum

likelihood technique and automates the estimation procedure. CTSM-R is a free, open

source and cross platform tool for identifying physical models using real time series data,

which can estimate embedded parameters in a continuous time stochastic state space

model [154]. By using a continuous time formulation of the dynamics and discrete time

measurements, the tool bridges the gap between physical and statistical modelling. It is

possible to generate both pure simulation and k-step prediction estimates of the states

and the outputs, filtered estimates of the states and, for nonlinear models, smoothed

estimates of the states.

Model Selection The model selection procedure is based on the above identified crucial

building parameters, which are used to then decide the resulting network order. For

instance, a simple lumped parameter model would be sufficient in describing the system

dynamics of a building which has a stable heat demand without any recurring fluctuations

and a homogeneous construction. However, a building with a variable heat demand

pattern and non-homogeneous construction will require separate RC networks for exterior

and interior walls. Separate branches for exterior and interior will be able to capture the

varied system dynamics. Also, a building with a floor radiant heating system would

require a separate RC branch to model the floor.

After the identification of the network order using the above specified approach, model

selection process implements a statistical procedure, known as forward selection strategy,

to validate the network order (Figure 3.4). The forward selection strategy is only used

to validate the devised methodology. The forward selection process is initiated with the

simplest model and subsequent iterations are performed to select more complex models

[155]. This implies fitting a set of models from the simplest model to the most feasible

complex model, denoted as the full model. In this approach, one adds variables to the
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Figure 3.4: The process of model selection. Model selection is performed using a
parameters based approach and a forward selection strategy.

model one at a time. At each step, each variable that is not already in the model is tested

for inclusion in the model. The most significant of these variables is added to the model,

as long as its p-value is below some pre-set level.

Model Evaluation

Model evaluation follows the process of calibration and identification and is used as a

measure of the goodness of the model. This process is a means to check if a model

satisfies the assumptions and gives reasonable estimates from a physical point of view.

Furthermore, model deficiencies can also be identified using the evaluation process.

The devised approach implements likelihood ratio tests in the forward selection

procedure to determine if the larger model performs significantly better than the sub-

model. Alongside, we also used the residual plots to identify the suitability of each model

and understand the effects not properly described by the model. Models can be compared

using the residual plots of both internal temperature profiles and space heating demand.

This research compares the models based on the residual plots of internal temperature

profiles as internal temperature (a state variable) forms a fundamental part of the state
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equation. Comparison of residual plots of space heating demand would yield a similar

model identification result.

3.4 Demonstration Cases and Discussions

Commercial buildings differ significantly in terms of the individual building function.

The varied nature of operation makes it difficult to identify a suitable approach that

could be used to model the commercial building stock. Moreover, detailed modelling of

each and every commercial building is impractical and therefore, approaches are required

that could tackle the resource intensive nature of the previous modelling techniques. The

devised approach builds upon the grey-box networks and uses easily accessible building

parameters to identify linkages between those parameters and grey-box model parameters.

The devised methodology is used to identify a suitable model for two buildings (a

regular office building and a full service restaurant) with different building functions. The

buildings selected are connected to a district heating network, which caters to the space

heating demand. The use case of a typical office building reflects the influence of a stable

operation schedule on the network order. To account for added complexities, the devised

methodology models a restaurant as the second use case. The second use case takes

into consideration the presence of fluctuations in heat demand and special thermal zones.

The demonstrated use cases indicate that although the proposed methodology introduces

simplifications in the modelling process, the method can produce significantly accurate

results in accordance with the established standards [93]. The proposed approach would

find suitable applications in heat demand forecasting of buildings when the detailed

geometric and non-geometric information are not available. The following sections

describe the model development process for the considered case studies.

3.4.1 Case Study 1: Model Identification for an Office Building

The Tierney Building is part of the district heating network at University College Dublin

(UCD) in Ireland (Figure 3.5). This building consists of administrative offices following

a 9 AM to 6 PM schedule (a typical office building). Measurements and synthetic

data consisting of 15 min values over a fixed time period, are used. Synthetic data
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is obtained by performing simulations using EnergyPlus software. The synthetic data is

required to identify the parameters of the grey-box network associated with the building

in consideration. The methodology would ideally compare ROM outputs with measured

data. In the case of our representative example, measurements were not available at the

required resolution, therefore a calibrated white-box model is used instead of measured

data. The following sections describe the building considered for model identification.

The sections further provide an outline of the considered models followed on by model

identification and evaluation.

Figure 3.5: The chosen administrative building as the demonstration case study, (a) Revit
model, (b) Actual building.

Description of the building

The outer walls of the building consist of brick blocks insulated according to Building

Regulations 2000 [156]. The building rests on an insulated floor slab consisting of 30

mm insulation and 150 mm of cast concrete. The roof is flat and insulated according to

Building Regulations 2000. The building spans across an area of 3400 m2 approximately

and is connected to a central district heating network. Measured energy consumption data

is available for the entire UCD campus on a 15 min basis. The building is simulated using

EnergyPlus to obtain the internal temperature profile, which is then used to calibrate

the grey-box network. The temperature profile is needed to identify the parameters of

the grey-box network.
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Figure 3.6: Heat demand data for the Tierney building.

Models identified using parametric and statistical methodologies

Models for the building are identified using the proposed methodology in this research

and a statistical forward selection procedure. The results are then compared for the two

procedures to map the similarities and identify any discrepancies.

Model identification is first performed using the parameters identified in the proposed

methodology. parameters associated with the building are described below:

Design Parameters: The building occupies a gross interior floor area of 3400 m2, which

relates to a big number (compared to the average size of building on the UCD campus)

and eventually, a complex RC network. A large area also reflects the presence of a large

number of zones. Windows constitute approximately 42% of the external wall area. The

building interiors consist of a large office area with small cubicles on the ground floor

while the first and second floors consist of individual offices and meeting rooms. The

building doesn’t have any integrated solar PV panels.

Heat Demand Profiles: The concerned building is only for administrative purposes

and follows a set schedule of HVAC operation. The building is analysed based on the

algorithm presented in Figure 3.3. This analysis illustrates the importance of combining

net floor area with peak heat demand. The heat demand (kW) is analysed at fifteen

minute intervals. The yearly maximum heat demand for the building is 250 kW. Hourly

heat demand patterns are analysed using the ANOVA test to establish the significance of

variations in the usage patterns. No significant variations are found in the heat demand
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Figure 3.7: The implemented second order network for Tierney building and the
restaurant. Ti, Te and Ta represent the states of the internal, special zone, heater, exterior
and ambient elements in the network. Rie and Rea represent the thermal resistances of
the network. Ci and Ce represent the thermal capacities of the network. φh and φs are
the heater and solar radiation flux elements. Aw represents the effective window area.

pattern of the Tierney building (low F value and high p value of 0.409 corresponding to

a significance level of 0.05).

Owing to the flat power demand curve, as depicted in Figure 3.6, it can be inferred that

a second order RC network would accurately represent the dynamics inside the building

(following the process introduced in Section 3.3.2). The building, in consideration, is

a multi-floor building and each floor represents a similar usage profile. As the demand

profile is stable (absence of demand fluctuations) during the day, it would be enough

to separate the exterior walls from the internal environment using two heat capacities,

Ci and Ce (Figure 3.7). Ci represents the internal heat capacity while Ce represents

the external heat capacity. Separation of interior environment from external envelope

is crucial as buildings with large number of enclosed spaces (for instance, offices) often

possess varying dynamics inside and around the external envelope.

Existing HVAC System: The building HVAC system consists of a simple 4-pipe fan

coil unit with an air cooled chiller. No embedded HVAC systems are present in the

building. Also, the building relies on natural ventilation for fresh air requirements.

Retrofit History: The building hasn’t been renovated and as such, the building fabric

is homogeneous across the entire building, thus, removing the possibility of any added

complexities.
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Based on the above metric analysis, a second order RC network should be able to

express the heat dynamics associated with the building. The two capacitance in the

network would separate the exterior walls from the internal mass. The formulated second

order network is shown in Figure 3.7.

The second procedure of model identification involves a statistical forward selection

strategy. The process is initiated with the simplest model and subsequent iterations are

performed to select more complex models. This implies fitting a set of models from the

simplest model to the most feasible complex model, denoted as the full model. The

simplest model considered for the analysis consists of only a single state variable Ti,

internal temperature profile and a single thermal capacitance, representing the entire

thermal mass of the building. More complex model involve the representation of heat

dynamics using more than one state variable and thermal capacitance.

Model Evaluation

Figure 3.8: Plots of the input data for Tierney building. (a) Ti is the internal temperature
profile in ◦C, (b) TA is the ambient temperature in ◦C, (c) Gs is the global solar radiation
in kWh/m2 and (d) PD is the heat demand in kW .
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The identification procedure determines a sufficient model in the set of models ranging

from only one state variable and then increasing the variables one at a time. Inputs to

the model are depicted in Figure 3.8. Ti is the internal temperature profile in ◦C, TA is

the ambient temperature in ◦C, Gs is the global solar radiation in kWh/m2 and PD is

the heat demand in kW .

Figure 3.9: Residual and prediction plots for the second order model for Tierney building.
(a) Residuals represent the difference in measured and predicted internal temperature
profile in oC, (b) Ti is the internal temperature profile in ◦C (measured and predicted),
(c) PD is the heat demand in kW , (d) Gs is the global solar radiation in kWh/m2 and
(e) TA is the ambient temperature in ◦C.

The data is selected for a duration of 24 days, starting from 15th February 2017

and ending on 09th March 2017. The district heating network operates at full potential

during this time period. The procedure begins with the simplest model with only one

state variable. The log-likelihood values are computed at each iteration. For the Tierney

building, a higher log likelihood value of 3682 is obtained for a second order model as

compared to a value of 2785 for a first order model.

The second order model is further analysed using residual plots. Parameter estimation

is performed using the input data, which is then used to predict the internal temperature

66



Figure 3.10: The implemented third order network for Tierney building and the
restaurant. Ti, Tz, Te and Ta represent the states of the internal, special zone, exterior
and ambient elements in the network. Rz, Rie and Rea represent the thermal resistances
of the network. Ci, Cz, and Ce represent the thermal capacities of the network. φh and
φs are the heater and solar radiation flux elements. Aw represents the effective window
area.

Figure 3.11: Residual and prediction plots for the third order model for Tierney building.
(a) Residuals represent the difference in measured and predicted internal temperature
profile in ◦C, (b) Ti is the internal temperature profile in ◦C (measured and predicted),
(c) PD is the heat demand in kW , (d) Gs is the global solar radiation in kWh/m2 and
(e) TA is the ambient temperature in ◦C.
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profile. Estimation is done using the CTSM-R stochastic modelling tool that allows to

control the range of parameter values. The residual and prediction plots along with the

input data for the second order model are depicted in Figure 3.9. Residuals represent the

difference in measured and predicted internal temperature profile in ◦C, Ti is the internal

temperature profile in ◦C (measured and predicted), PD is the heat demand in kW , Gs

is the global solar radiation in kWh/m2 and TA is the ambient temperature in ◦C.

The selection procedure is carried out further considering a third order model for the

same building, depicted in Figure 3.10. The residual and prediction plots along with the

input data for the second order model are depicted in Figure 3.11.

Comparing the residual plots of the second and third order models, it can be seen

that the residuals are not affected dramatically and can be considered to be only slightly

improved, which denotes that a second order model is sufficient to represent the building.

Model evaluation of the statistically chosen model relate to the fact that the considered

building could be represented using a model of second order, which is similar as the order

identified using parametric approach. Furthermore, the highest level of error is observed

when the solar irradiance is high, which relates to the constant spikes in the residuals

of zone temperature (Figure 3.9 and Figure 3.11). Further improvement of the model

should be concentrated on the part in which solar radiation enters the building.

3.4.2 Case Study 2: Model Identification for a full service

restaurant

The restaurant is also a part of the district heating network at University College

Dublin. This building consists of a cafeteria with a large seating area. There are

also a few retail shops that operate during the semester period. Measurements and

synthetic data consisting of 15 min values over a fixed time period, are used. The

methodology would ideally compare ROM outputs with measured data. In the case of

our representative example, measurements were not available at the required resolution,

so we used a calibrated white box model instead of measured data. Synthetic data is

obtained by performing simulations using EnergyPlus software. The synthetic data is

required to identify the parameters of the grey-box network associated with the building
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in consideration. The following sections describe the building considered for model

identification.

Figure 3.12: The chosen full service restaurant as the demonstration case study.

Description of the building

The outer walls of the building are constructed of brick blocks insulated according to

Building Regulations 2000 [156]. The building rests on an insulated floor slab consisting of

30 mm insulation and 150 mm of cast concrete. The roof is flat and insulated according to

Building Regulations 2000. The building spans across an area of 1689 m2 approximately.

The building is connected to a central district heating network. The measured energy

consumption data is available for the entire UCD campus on a 15 min basis. The building

is simulated using EnergyPlus to obtain the internal temperature profile, which is then

used to calibrate the grey-box network.

Models identified using parametric and statistical methodologies

Models for the building are identified using the proposed methodology in this research

and a statistical forward selection procedure. The results are then compared for the two

procedures to map the similarities and identify any discrepancies.

Model identification is first performed using the parameters identified in the proposed

methodology. parameters associated with the building are described below:

Design Parameters: The building occupies a gross interior floor area of 1689 m2.

Windows constitute of approximately 30% of the external wall area. The building interiors
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Figure 3.13: Heat demand data for the restaurant.

consist of a large seating area on the first floor with small retail shops on the ground floor.

There is also a lounge in the basement of the building where a number of international

events are held all throughout the year. The building does not have any integrated solar

PV panels.

Heat Demand Profiles: The concerned building is used for various purposes and follows

a variable schedule of the HVAC operation. The building is analysed based on the

algorithm presented in Figure 3.3. The heat demand (kW) is analysed at fifteen minute

intervals. The yearly maximum heat demand for the building is 640 kW. The ANOVA

test is performed using the demand patterns of the full service restaurant. This test

establishes the significance of existing variations in the heat demand patterns as the

obtained F-statistic value is high (low p value of 0.034 corresponding to a significance

level of 0.05). Moreover, the heat dynamics existing inside the kitchen of a restaurant

are different than the dynamics prevailing in the seating spaces.

Owing to the variable demand and presence of a special zone, as depicted in Figure

3.13, it can be inferred that a third order RC network would be required to accurately

represent the dynamics inside the building, particularly because of the varied nature

of operation (following the process introduced in Section 3.3.2). The exterior walls are

separated from the internal environment using two separate thermal capacities, Ci and

Ce. A special zone is added to the network with a thermal capacity of Cz. Ci, Ce and

Cz are the thermal capacities of internal environment, exterior walls and the special zone

respectively.
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Existing HVAC System: The building HVAC system consists of a simple 4-pipe fan

coil unit with an air cooled chiller. No embedded HVAC systems are present in the

building. Also, the building relies on natural ventilation for fresh air requirements.

Retrofit History: The building hasn’t been renovated and as such, the building fabric

is homogeneous across the entire building, thus, removing the possibility of any added

complexities.

Based on the above metric analysis, a third order RC network should be able to express

the heat dynamics associated with the building. The two capacitance in the network

would separate the exterior walls from the internal mass while a third capacitance would

represent the varied nature of operation.

The second procedure of model identification involves a statistical forward selection

strategy, as demonstrated for the Tierney building. The process is initiated with the

simplest model and subsequent iterations are performed to select more complex models.

This implies fitting a set of models from the simplest model to the most feasible complex

model, denoted as the full model.
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Model Evaluation

Figure 3.14: Plots of the input data for the full-service restaurant. (a) Ti is the internal
temperature profile in ◦C, (b) TA is the ambient temperature in ◦C, (c) Gs is the global
solar radiation in kWh/m2 and (d) PD is the heat demand in kW .

The identification procedure identifies find a sufficient model in the set of models ranging

from only one state variable and then increasing the variables one at a time. Inputs to

the model are depicted in Figure 3.14. Ti is the internal temperature profile in ◦C, TA is

the ambient temperature in ◦C, Gs is the global solar radiation in kWh/m2 and PD is

the heat demand in kW . The data is selected for a duration of 7 days, starting from 15th

February 2017 and ending on 21st February 2017. The district heating network operates

at full potential during this time period. The procedure begins with the simplest model

with only one state variable. The log-likelihood values are computed at each iteration.

For the restaurant, a higher log likelihood value of 4085 is obtained for a second order

model as compared to a value of 2561 for a first order model.
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Figure 3.15: Residual and prediction plots for the second order model for the full-service
restaurant. (a) Residuals represent the difference in measured and predicted internal
temperature profile in oC, (b) Ti is the internal temperature profile in oC (measured and
predicted), (c) PD is the heat demand in kW , (d) Gs is the global solar radiation in
kWh/m2 and (e) TA is the ambient temperature in oC.

The second order model is further analysed using residual plots. Parameter estimation

is performed using the input data, which is then used to predict the internal temperature

profile. The residual and prediction plots along with the input data for the second order

model are depicted in Figure 3.15. Residuals represent the difference in measured and

predicted internal temperature profile in ◦C, Ti is the internal temperature profile in ◦C

(measured and predicted), PD is the heat demand in kW , Gs is the global solar radiation

in kWh/m2 and TA is the ambient temperature in ◦C.

The selection procedure is carried out further considering a third order model for the

same building. The residual and prediction plots along with the input data for the second

order model are depicted in Figure 3.16.
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Figure 3.16: Residual and prediction plots for the third order model for the full-service
restaurant. (a) Residuals represent the difference in measured and predicted internal
temperature profile in ◦C, (b) Ti is the internal temperature profile in ◦C (measured and
predicted), (c) PD is the heat demand in kW , (d) Gs is the global solar radiation in
kWh/m2 and (e) TA is the ambient temperature in ◦C.

Figure 3.17: The implemented fourth order network for the restaurant. Ti, Tz, Th, Te and
Ta represent the states of the internal, special zone, heater, exterior and ambient elements
in the network. Rz, Rih, Rie and Rea represent the thermal resistances of the network.
Ci, Cz, Ch and Ce represent the thermal capacities of the network. φh and φs are the
heater and solar radiation flux elements. Aw represents the effective window area.
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Figure 3.18: Residual and prediction plots for the fourth order model for the full-service
restaurant. (a) Residuals represent the difference in measured and predicted internal
temperature profile in ◦C, (b) Ti is the internal temperature profile in ◦C (measured and
predicted), (c) PD is the heat demand in kW , (d) Gs is the global solar radiation in
kWh/m2 and (e) TA is the ambient temperature in ◦C.

Comparing the residual plots of the second and third order models, it can be seen

that the residuals are significantly improved, which denotes that a third order model is

required to represent the building dynamics. Model evaluation of the statistically chosen

model relate to the fact that the considered building could be represented using a model

of third order, which is similar as the order identified using parametric approach. A

further extension of the model to fourth order model (Figure 3.17) is formulated for

the building. Although the residuals are slightly improved (Figure 3.18), the change in

residuals is found to be insignificant. Furthermore, the highest level of error is observed

when the solar irradiance is high, which relate to the constant spikes in the residuals of

zone temperature (Figure 3.15, Figure 3.16 and Figure 3.18). Further improvement of the

model should be concentrated on the part in which solar radiation enters the building.
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3.5 Chapter Summary

This chapter dealt with the generalised development of reduced-order grey-box models to

represent the heat dynamics of building while maintaining an optimal balance between

model accuracy and the desired complexity (Objective 1). The generalisation approach

facilitates the grey-box model development process through the identification of model

order (number of capacitance) using easily identifiable building parameters. These

parameters include building design parameters (gross interior floor area, window area,

number of floors, number of zones and solar facades), heat demand profiles, existing

HVAC systems and retrofit history.

The model identification procedure uses measured and simulated data for buildings

with different operational characteristics. The identification is performed using two

methods, namely, the building metric approach as devised in this thesis and a statistical

forward selection procedure. The implemented statistical procedure is based on

likelihood-ratio testing combined with a forward selection strategy. The results of the

identification procedure are evaluated and compared for both approaches. The evaluation

reveals that the network order obtained using the building metric approach is similar

to the one obtained using statistical procedure. This indicates that the proposed

methodology can be used to generalise the idea of obtaining grey-box networks for

different commercial buildings. Furthermore model deficiencies are pointed out, from

which further advancement of the model should be pursued.

Whole BEPS modelling and simulation tools are increasingly being used for detailed

performance analysis and for evaluation of multiple retrofit design options. The

generalisation approach is able to provide rather detailed knowledge of the heat dynamics

of the building. The calculated parameters of the network, such as thermal resistances

and capacitance, give an indication of the heat storage capabilities of the building. The

devised approach has potential applications in several domains of energy research for the

building sector.

In the absence of the detailed information, the building is often reduced to a black

box and there is no information of the system dynamics. The developed approach uses

grey-box networks to identify the energy signature of buildings that also includes details
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about the energy dynamics inside the building. The knowledge of dynamics is essential

in the identification of cost effective energy retrofits for any building in consideration.

Alongside, simplified networks identified using the devised approach are also crucial in

the integration of thermal networks with other energy vectors, for instance, electricity.

In order to further assess grey-box models developed using the approach described

in this chapter, the features assessment frameworks are introduced in Chapter 4. These

frameworks evaluate the grey-box model structure in terms of scalability, flexibility and

interoperability. Furthermore, the generalisation approach (Figure 3.2) is integrated with

the feature assessment frameworks (Figure 4.2) introduced in the following chapter.
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CHAPTER

FOUR

GREY-BOX MODEL FEATURE ASSESSMENT
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4.1 Introduction

This chapter illustrates the second phase of this thesis and focusses on the assessment

and evaluation of reduced-order grey-box model features. The associated research gap

(Section 2.3) examines the scalability, flexibility and interoperability of the developed

grey-box networks. Existing studies often fail to provide a consolidated framework for

model feature assessment.

Figure 4.1: Decomposition of the overall methodology focussing on the development of
feature assessment frameworks to assess the developed reduced-order grey-box models.

Figure 4.1 illustrates the decomposition of the overall thesis concept diagram

and depicts the integration of feature assessment frameworks to the generalisation

framework introduced in Chapter 3. The feature assessment framework introduces

novelty in defining, testing and evaluating model features such as scalability, flexibility

and interoperability. These features define the suitability and the desired scope of

implementation of reduced-order grey-box models.
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As illustrated in Section 2.3, BEPS models play an essential role in long term

energy planning and management. These models consider several inter-dependencies

existing in different systems inside any building. As such, BEPS models find use

over different stages of the building life cycle. It was established in Chapter 3 that

selection of an appropriate modelling approach is crucial for building energy performance

assessment when dealing with individual buildings on a large scale. With a drive towards

achieving an integrated energy system, there is a need for holistic and scalable building

modelling approaches for the commercial building stock. Chapter 3 further outlined the

benefits of grey-box models in this regard as the grey-box approach inherits the model

description of physical modelling approaches and the computational efficiency of data-

driven modelling approaches. However, owing to the case-specific nature of grey-box

models, the methodology in Chapter 3 introduced reduced-order models that integrate

a trade-off analysis to achieve a balance between the network complexity and desired

accuracy. This chapter formulates assessment frameworks to evaluate the suitability of

reduced-order grey-box models and thereby, enriches the grey-box model development

process with information regarding model scalability, flexibility and interoperability.

Existing grey-box modelling approaches often fail to produce a generalised network

structure, which limits the suitability of models for different applications. Scalability is

one of the most significant features of the grey-box modelling approach and examines

the ability of a model to represent extended system variables. The assessment of this

feature is crucial to handle the growing amount of data while retaining the required

characteristics of different subsystems. Existing studies only render an overview of the

scalability feature and fail to provide a comprehensive framework to assess and measure

the scalability of the underlying modelling approach. For instance, Garret and New

formulated surrogate models using EnergyPlus simulations and devised a scalable tuning

approach to parameterise the surrogate model [48]. The authors preformed a series of

experiments to calibrate a surrogate model of a residential building to hourly whole-

building electrical data. The study, however, did not analyse the accuracy of the tuned

model when compared against the real building data. Another study by Liu et al. devised

scalable approaches to synthesise the residential energy consumption data [157]. The

authors used a supervised machine learning method, which trains models with a relatively
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small real-world dataset and then generates large-scale time series based on the models.

The study, however, did not take into account weather variables and only focussed on

regression and probability-based energy consumption simulation methods.

Flexibility, another significant model trait, defines a model’s attribute to account

for modified design variables when identifying the grey-box model structure. Different

modelling approaches provide varying level of flexibility to introduce perturbations in

the original model; these perturbations determine the effect of implementing energy

efficiency measures on energy and cost performance. For instance, reduced-order grey-box

energy models provide more flexibility (compared to black-box models) in optimizing the

building operation when implementing different design scenarios. A study by Bordeau

et al. conducted a flexibility analysis of data-driven modelling approaches for forecasting

the building energy consumption [98]. The study concluded that data-driven approach

flexibility is limited by the large quantities of data that must be representative of the

different operating conditions of the building. Wang and Srinivasan reviewed artificial

intelligence algorithms in terms of the model flexibility to forecast the building energy

performance [51]. The study concluded that there is a lack of studies to identify

the optimal training data size to shorten the training period. These studies highlight

the importance of implementing hybrid modelling approaches solely on the account of

enhancing the model flexibility in modelling the design variations.

The final trait, interoperability, is pertinent to a cluster to buildings rather than the

reduced-order grey-box modelling approach. This feature facilitates intelligent trade-offs

between comfort/quality of service and energy consumption. Reduced-order grey-box

models provide opportunities for assessing interoperability through the use of grey-box

model parameters (thermal resistance and thermal capacitance). The energy transactions

are more prominent between buildings and electric grid rather than between different

buildings. For instance, individual building level integration generally makes use of HVAC

systems to control the grid dynamics [158]. Beil et al. used commercial HVAC systems

to provide frequency regulation demand response using the devised control strategies

[104]. Building to building interactions usually exit for central energy systems such as

District Heating (DH) grids that act as potential spots to implement the energy system

integration between different buildings and between buildings and the grid. Sweetnam
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et al. implemented demand shifting techniques on a residential DH network in England

[159]. The study identified the role of building’s thermal inertia in shifting the heat

demand over a certain time period. Although the authors establish the significance of

demand shifting in DH networks, the devised framework fail to account for the potential

of individual buildings in enhancing the integration.

Existing feature assessment frameworks provide limited opportunities to quantify the

potential of model characteristics in terms of flexibility, scalability and interoperability.

Considering the diversity of the possible characterisation approaches, this chapter aims

to define and assess a set of basic and derived features for reduced-order grey-box

models through a generalisable framework that acts as a decision support tool for the

identification of appropriate model characteristics. This thesis proposes an integrated

methodology to test and evaluate model features, namely, scalability, flexibility, and

interoperability for reduced-order grey-box models and formulates test-cases with the

available DOE commercial building archetypes to implement the devised frameworks.

Scalability assesses how similar zone variables can effectively represent an entire building

provided that the considered zone pre-dominantly occupies the majority of the building’s

indoor space. Flexibility assesses the importance of trade-off between system complexity

and required scope. Interoperability assesses the significance of grey-box models in the

facilitation of an integrated energy system that leads to a reduction in peak heat demand.

The proposed approach introduces feature assessment frameworks to assess reduced-

order grey-box model features that address the Research Question 2, “How well are

generalised grey-box models capable of reproducing and quantifying model features such

as scalability, flexibility and interoperability for commercial buildings?”. This chapter

describes the following in detail:

• Model feature definitions (Section 4.2);

• Overarching methodology for feature assessment of reduced-order grey-box models

(Section 4.3);

• Sub-methodologies to assess scalability, flexibility and interoperability with the

associated case studies to evaluate these features (Section 4.4);

• Chapter summary (Section 4.5).
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4.2 Model Feature Definitions

Model features are instrumental in the development of an appropriate model as per a

defined problem. Often categorised as static and dynamic, static model features do not

change over time, such as, model type. Dynamic model features consider the evolution of

model over time and aid in the identification of model characteristics in accordance with

future needs, for instance, the underlying analytical approach to formulate a model.

This thesis formulates two sets of model features, namely, basic and derived features.

The basic features include complexity and computational speed and provide a direct

indication of the underlying resource requirements. The derived features include

scalability, flexibility and interoperability and use the basic features to define a complex

set of modelling capabilities. Different studies define these derived features based on the

scope and suitability of model implementation (Table 2.2). The following sections define

each model feature by synthesizing existing definitions.

4.2.1 Complexity

There have been numerous definitions of complexity when defining modelling approaches

in the building simulation domain. Some studies consider the easiness of on-site data

collection as a measure of complexity of energy models while others relate complexity to

an accurate description of the underlying physics of the system. Irrespective of the

definitions, the main goal of each study is to identify an optimal trade-off between

complexity and accuracy in energy system models [42]. Complexity is also considered

analogous to accuracy; there is a tendency for a high degree of accuracy requiring a

certain degree of complexity but models with relatively low complexity can already

provide sufficient accuracy for a defined modelling purpose [160]. One of the most difficult

aspects of the modelling process is the selection of model complexity [161]. Complexity

involves a combination of scope of the model, model resolution and the level of interaction

between parameters, components and mathematical expressions implemented within the

model [43]. For grey-box models, complexity is measured in terms of the network order,

i.e., number of capacitances. Higher order networks are synonymous to more complex
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models. This thesis defines complexity as ‘A combination of the number of network

capacitances, model scope and model resolution’.

4.2.2 Computational Speed

Computational speed is a crucial feature of any energy modelling approach. Previous

literature defines this feature as the effort required for solving mathematical problems in

energy systems models [162]. Computational speed is analogous to the time required to

compile and run the model. Simpler models often sacrifice accuracy for computational

speed. For instance, reduced-order models are relatively quicker to simulate although

require additional time for parameterisation. This thesis defines computational speed as

‘The time required to parameterise and run a grey-box building energy model ’.

4.2.3 Scalability

Scalability has been defined in different ways in the building simulation domain. Arteconi

defined scalability as an attribute that could represent the presence of various interacting

sub-systems in an integrated energy system environment [94]. The scalability could

further be associated with achieving a trade off between the necessary level of detail

and the computability of the model. Another definition of scalability focuses on the

integration between building information modelling and simulation-based design in terms

of the size and complexity of the models that supply building simulation with site-specific

information, the computational requirement of simulations involving multiple building

domains, and the feasibility of integrating whole building simulation in the design process

[32]. Scalability is often associated with following a modular approach to system model

formulation [163]. For grey-box networks, scalability signifies the ability of a system

to represent extended system variables or added system states [72]. Furthermore, grey-

box energy modelling studies also associate scalability with automated calibration to

intelligently calibrate BEPS models to all available data and facilitate speed-and-scale

penetration of simulation-based capabilities [48]. The definition of scalability for this

thesis is formulated as ‘An attribute that describes the ability of a process or network to

grow and represent extended system variables ’.
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4.2.4 Flexibility

Flexibility has not been extensively defined in the building simulation domain and is often

associated with energy flexibility rather than model or approach flexibility. However,

only a few studies exist that associate flexibility with easily representing and analyzing

different system configurations using a similar model structure [164]. Moreover, these

configurations could be easily tested through macro-components’ equations with only

slight variations. Other studies define flexibility in terms of adaptability of a specific tool

to represent different cases and problem types [54]. Flexibility has also been linked with

the possibility of linking energy system models and sectoral energy models [50]. In the

context of grey-box models, flexibility often implies finding the proper balance between

details and scope given the limitations in modelling technique and computational power.

The definition of flexibility for this thesis is formulated as ‘An attribute that describes the

ability to modify/update a system model with the least effort possible while maintaining a

balance between system details and required scope’.

4.2.5 Interoperability

Interoperability has been widely researched in the building simulation domain and

is termed as the exchange of actionable information between two or more systems

or across component and organisation boundaries [53]. The resulting interactions

pan into five main categories, namely interactions between a building and internal

operations, interaction among different types of buildings, interactions with building

service providers, interactions with market service providers and interactions with energy

distributed system operations. This term has mostly been associated with information

exchange between the building design and building simulation processes [165]. However,

the proposed research formulates interoperability in terms of energy flow across a cluster

of buildings. This thesis defines interoperability as ‘The ability of an individual building

to participate in heat demand alteration measures through modifications in internal

conditions of that particular building’ [160].

As the number of developed energy models continue to grow, the model characteristics

and features vary considerably. It is crucial to define these features so as to identify the
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characteristics most suited for a certain purpose and situation. Given the diversity of

the possible characterisation approaches, this thesis aims to define and asses a set of

basic and derived features for reduced-order grey-box models through a generalisable

framework that would act as a decision support tool in the identification of appropriate

model characteristics.

4.3 Overarching Methodology for Feature Assess-

ment

Given the importance of energy models in building research and practice, an inappropriate

model could result in poor decisions and policy perceptions [106]. Appropriate energy

models, on the other hand, facilitate the decision making process by providing further

information about the plausible scenarios, for instance when evaluating different retrofit

measures. The assessment of model features enhances the effectiveness of a particular

energy model that represents the optimal fit for a certain purpose or situation. The

devised methodology proposes a generalisable assessment framework to evaluate reduced-

order grey-box model features and thereby, identify a balance between complexity

and accuracy for various applications (Figure 4.2). The framework deals with an

integrated analysis of different domains in defining and evaluating the model features

such as scalability, flexibility and interoperability. An integrated analysis is crucial in

order to formulate a comparative picture of the differences, similarities and underlying

relationships between the features and the model.

One of the striking and novel features of the framework is the use of heat demand

patterns as a pre-assessment criterion. It has been well established that individual

building dynamics closely relate to the heat demand patterns for any building stock

in Chapter 3. Furthermore, these patterns depend on the local climate, heat transfer

through the building envelope, daily operations and the occupancy schedules.

The assessment framework proposes a five step process to define the scalability,

flexibility and interoperability potentials of reduced-order grey-box models as outlined

below.
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1. Model feature definition identifies all the plausible definitions of respective features

using previous literature, technical reports, expert views and model requirements;

2. Data collection identifies and collects the required data for grey-box model

development and model feature testing processes;

3. Grey-box model formulation develops the grey-box network to assess the respective

feature;

4. Model feature testing identifies the required set of experiments to assess individual

features;

5. The Key Performance Indicator (KPI) identification associates the performance

measures to each test feature, which indirectly measures the potential of the

respective feature.

Figure 4.2: Overarching methodology to test model features of reduced-order grey-box
models

4.3.1 Model Feature Definition

This procedure defines the derived features to be tested under the devised assessment

framework. Model feature definitions are extracted from previous studies, technical
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reports, expert views and model requirements [94, 95, 96, 97, 98, 99, 101]. After an

in-depth review of the published studies in the building simulation and other modelling

domains, the model features follow the definitions as defined in Section 4.2.

4.3.2 Data Collection

Data collection refers to a standardised procedure for collecting data pertinent to

building stock modelling. Although this thesis identifies a set of variables to carry

out the assessment task, it is worthwhile to note that the variable set might change

depending on the user and the type of the devised grey-box model. Furthermore,

any additional variables will only enrich the grey-box model with further information.

The devised approach categorises the variables into two sets, namely, mandatory and

optional variables. The mandatory variables comprise weather variables, building

site information, building physical parameters and building operation variables. The

optional variables include building renovation history and Heating, Ventilation and Air

Conditioning (HVAC) system information. While mandatory variables decide the initial

order (complexity) of the grey-box network, the optional variables enrich the dynamics

of the formulated grey-box structure. Further details about the variable sets are outlined

below.

Mandatory variables

The mandatory variable set comprise the following variables that are instrumental in the

identification of the basic structure of any grey-box model.

1. Weather Variables: These variables mainly constitute ambient temperature, global

solar radiation and wind speed. Weather variables mainly act as inputs to the

grey-box model and do not play any role in grey-box model identification. Weather

information is easily available for any major location in the world in the form of

International Weather Energy Calculation (IWEC) [166];

2. Building Site Information: The site information mainly includes the location,

number of buildings in the neighborhood and building type. Although these

variables do not affect the model formulation process, these variables help in the
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identification of the required complexity in representing individual buildings or

a cluster of buildings. For instance, when buildings are connected via a district

heating network, similar types of buildings could be represented through a grey-

box network with similar complexities;

3. Building Physical Parameters: These variables consist of gross interior floor area,

window area, number of floors and number of zones. The gross interior floor

area defines the total interior floor area of a building space. The window area

represents an approximate window to wall ratio existing in the external envelope.

Number of floors and number of zones represent the inside architecture space of the

buildings in consideration. These physical parameters directly affect the order of

the grey-box network. For instance, a high rise office building might consume more

energy although each floor represents a similar demand usage profile with limited

complexity as illustrated in Chapter 3;

4. Building Operation Variables: These variables form the most crucial variable set

and constitute building heat demand patterns, internal temperature profiles and

building space usage. Building heat demand and indoor temperature profiles usually

reflect the ongoing activities inside any building. These profiles then relate to the

complexities required in representing the dynamics. Building space usage variable

specifies the individual proportions of spaces used for various functions (for instance,

offices, storage and toilets).

Optional variables

The optional variable set consists of the following variables and enriches the grey-box

network with added information when available.

1. Renovation History: This variable lists all the past retrofits applied to the building

and relates to the increased heterogeneity in the building envelope. As any fabric

related renovation will alter the building dynamics, this information could identify

any required modifications in the structure of the formulated grey-box model;
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2. HVAC System Information: This variable mainly constitutes of information

regarding the HVAC system efficiency, existing ventilation strategies and the

presence of embedded heating or cooling systems in the building fabric. These

factors alter the building dynamics, thus, increasing the complexity associated with

the grey-box model.

These variable sets could be acquired through measurements at the individual building

level. In the event of non-availability of these measurements, the data could be extracted

using databases such as TABULA that consist of the building stock information at

the urban level [167]. Another source of data collection could be reference building

archetype models such as U.S. DOE commercial building archetypes that usually contain

the required data for model feature assessment [1].

Figure 4.3: Data variable classification as mandatory and optional variables required for
grey-box development and the feature assessment procedure
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4.3.3 Grey-box Model Development

This process identifies the structure of grey-box models (RC networks). A typical

resistance capacitance (RC) network represents the dynamics of the building assuming

a steady-state heat transfer across the building envelope. Such networks have seen

wide implementation for a number of optimisation and control studies [47]. The RC

networks use resistance parameters to represent the thermal resistance and capacitance

parameters to represent the heat storing capacity of the building envelope. Grey-

box model development comprises four sequential steps, namely, data analysis, order

identification, parameter estimation and model validation (Figure 4.4). These processes

are outlined below and are further illustrated under each sub-methodology.

Figure 4.4: Grey-box model development process to identify the model network order for
individual buildings.

Data Analysis

The data analysis process involves an initial statistical analysis of building heat demand

patterns to describe any existing patterns in the respective profiles. This step is crucial

in the generation of generalised reduced-order grey-box models and represents a novel

process in the proposed methodology. As the demand profiles only give an indication of

the network order, the profile variations need to be established using tests of statistical

significance such as ANOVA. This technique could be used to infer whether means of two

or more group are significantly different from each other [149]. This technique compares

the means of different samples to identify the impact of one or more factors. Furthermore,

the ANOVA procedure could be enhanced through additional available information that

reflects possible correlations with the factors under investigation. For this particular

research, a cluster of buildings represents the different groups in ANOVA. Each sample

constitutes one single day. ANOVA is formulated using the following set of equations.
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NullHypotheses : Ho = µ1 = µ2 = ..... = µl (4.1)

AlternateHypotheses : H1 = µl 6= µm (4.2)

where µ represents the mean of any group. When comparing different demand profiles,

ANOVA would establish the existence of any variations. ANOVA usually involves the

calculation of F-test statistic that represents the ratio of two quantities expected to be

roughly equal under the null hypothesis. Large F- test values signify the variability in

group means is large compared to the within group variability, which is essential to reject

the null hypothesis. F-test values are used in conjunction with p-values to establish the

significance. For instance, A large F-test value with a small p-value (less than the defined

significance levels) represents a rejected null hypothesis.

Order Identification

The order identification procedure outlines the underlying structure of the grey-box

network. This process uses a generalised methodology as formulated in Section 3.3. The

methodology considers thermal zoning of spaces inside the building where each thermal

zone possesses similar characteristics and can be represented using a similar RC network.

The order identification procedure uses the results of ANOVA analysis from the data

analysis procedure using the following set of rules.

1. Gather the ANOVA results from the data analysis procedure. Check for individual

building heat demand patterns to identify whether a lumped parameter model is

sufficient to represent the building dynamics;

2. Normalise the heat demand patterns using floor area. Identify buildings with

relatively high values of normalised heat demand and assign separate RC network

branches for exterior walls and interior mass;

3. Identify any recurring heat demand fluctuation in hourly profiles. If yes, assign a

separate thermal zone, else end the identification procedure.
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This process could be further enriched with available data regarding the past retrofits

and existing HVAC systems. For instance, radiant heating or cooling systems alter

the heat capacity of the floor, which might require another RC branch for appropriate

representation of the building dynamics. Similarly, fabric renovation of only one side

of the building might require a separate RC branch to represent the associated wall

dynamics.

Parameter Estimation

Figure 4.5: Parameter estimation procedure using CTSM-R to identify the thermal
resistance and thermal capacitance values

Parameter estimation (or model calibration) procedure involves the estimation of

network parameters, namely, thermal resistance and thermal capacitance and the

associated time constants (Figure 4.5). Although there exist several parameter estimation

procedures, this thesis implements the parameter estimation procedure using Continuous

Time Stochastic Modeling (CTSM) in R that uses the Maximum Likelihood Estimation

(MLE) and automates the estimation procedure [168]. By using a continuous time

formulation of the dynamics and discrete time measurements, the tool bridges the gap

between physical and statistical modelling. It is possible to generate both pure simulation

and k-step prediction estimates of the states and the outputs, filtered estimates of the

states and, for nonlinear models, smoothed estimates of the states.

Model Validation

This process acts as a measure of the goodness of fit for the model. This process further

checks if a model satisfies the assumptions and provides reasonable estimates from a
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physical point of view. Error KPIs give an indication of the suitability of the model

and aid in understanding the effects not properly described by the model. This thesis

validates the model using KPIs identified in Section 4.3.5 to find errors in the prediction

of internal temperature profiles and heat demand patterns as these form a fundamental

part of the state equation.

4.3.4 Model Feature Testing

Figure 4.6: Model feature testing implementation process to identify the required
experimentation for individual features

The model feature testing procedure identifies the required experimentation to test each

individual model feature (scalability, flexibility and interoperability) on the basis of two

crucial processes, namely, Analyse and Specify (Figure 4.6). These processes identify sub-

methodologies for feature testing which then combine with the overarching methodology

to lay out a framework for feature assessment. This section first describes a general

implementation of the feature testing procedure, which is then modified and structured

for each individual feature. The Analyse and Specify processes follow a general set

of guidelines as outlined in [169] for test case generation. These guidelines have been

modified to account for various scenarios in the building simulation domain.
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The Analyse process comprises a set of four sub-processes that aim to analyse the test

feature under consideration (Figure 4.6 and Table 4.1). The first sub-process includes the

analysis of test feature that defines the model feature using previous literature (Section

4.3.1). The second sub-process involves the analysis of test subject, i.e. the building

cluster to identify and associate the building parameters and activities. The third sub-

process analyses the underlying modelling approach (grey-box networks) that represents

the building dynamics. The last sub-process analyses the testing procedures that could

be used to specify and quantify the model feature.

Table 4.1: Analyse process to identify the experiments for model feature testing.

Sub-process Description Input Output

Analyse

test feature

Model test feature

definition to understand,

verify and validate the

requirements

Test feature

definitions

from literature

Understanding of

requirements,

constraints and an

overview of how to

test in general

Analyse the

building

Building description

to identify the associated

parameters and

building activities

Building related

inputs (physical

as well as

operational)

Understanding of the

dynamics to derive tests

for the building

Analyse grey-box

energy model

Grey-box model to

represent the heat

energy dynamics

Grey-box model

Understanding of

testing strategy to

assess the associated

complexity

Analyse type

of testing

Testing type analysis to

specify and quantify the

model feature

Requirement

specification

and grey-box

energy model

Understanding the type

of testing to prepare an

appropriate design

strategy

The Specify process comprises a set of four sub-processes that aim to specify the

testing scenarios for buildings under consideration (Figure 4.6 and Table 4.2). The first
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sub-process identifies a high level scenario and various sub-scenarios to be tested for the

considered modelling approach. The second sub-process defines the input data required

to carry out the testing scenarios (Section 4.3.2). The third sub-process lays out the

sequence of testing activities for variations in the testing model. The last sub-process

involves the validation of testing results against set standards, for instance, ASHRAE

Guideline 14.

Table 4.2: Specify process to identify the experiments for model feature testing.

Sub-process Description Input Output

Specify test

scenario

Specify a high level

scenario and various

sub-scenarios for

testing

Requirement specification

and grey-box energy

model

A set of test

scenarios

Specify input

data

Specify different sets of

input data to be used

in testing(simulated

and measured)

Requirement specification

and building physical

and operational inputs

Different sets

of input data

Specify test

sequence

Specify a sequence of

testing activities for

each scenario/variation

in the energy model

Requirement specification,

grey-box energy model and

building physical and

operational inputs

Different sets

of test sequences

Specify

validation

Specify baselines and

boundary levels to

validate results against

set standards

A set of test scenarios
A complete set

of test cases

The feature testing process stands out in itself and is crucial in the identification of

sub-methodologies for testing various features as highlighted in Section 4.4. These sub-

methodologies eventually evaluate and associate the potential of each feature for reduced-

order grey-box energy models. The testing process is one of the significant contributions
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of this research as this process formulates a general guideline to include any additional

features that could be tested.

4.3.5 KPI Identification

The KPI identification process is the last procedure of the overarching methodology and

identifies a set of performance measures for each individual feature. These metrics assess

the performance of the reduced-order grey-box modelling approach and further evaluate

each feature in terms of the model suitability. KPIs are valuable not only to describe a

specific characteristic but also facilitate a comparison with other model traits designed

for similar scopes [52]. Numerous studies exist in the BEPS domain that focus on the

identification of KPIs for different applications. The majority of these studies define

KPIs for assessing building energy performance [170]. These KPIs often include energy

consumed, CO2 emissions, efficiency, energy cost and building comfort. Few studies

defines KPIs associated with the modelling approach. These KPIs mainly include various

definitions of accuracy for the energy calibration procedure [171].

This thesis identifies the following list of KPIs that include a combination of the

aforementioned categories (building energy performance KPIs and model calibration

KPIs). It is worthwhile to mention that the following KPI list is selective and different

combinations of KPIs could be used to measure the model feature under consideration.

1. Normalized Mean Bias Error (NMBE) metric represents the normalised average of

errors of a sample space.

NMBE =
1

ȳi

∑n
i=1(yi − ŷi)

n
(4.3)

where ȳi is the mean of measured values, (y1, y2, ....yn) are the measured values,

(ŷ1, ŷ2, ...., ŷn) are the predicted values and n is the number of observations.

2. Coefficient of Variation Root Mean Square Error (CVRMSE) establishes the

variability of the errors between measured and simulated values.

CV RMSE =
1

ȳi

√∑n
i=1(yi − ŷi)2

n
(4.4)
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where ȳi is the mean of measured values, (ŷ1, ŷ2, ...., ŷn) are the predicted values,

(y1, y2, ....yn) are the measured values and n is the number of observations. This

metric is used together with NMBE to verify the model accuracy.

As per the ASHRAE Guideline 14, CVRMSE values of less than 25% represents

an acceptable model fit. ASHRAE Guideline 14 defines well-accepted criteria to

measure the accuracy of energy simulations [172] (Table 4.3).

Table 4.3: Acceptable accuracy limits as per the ASHRAE Guideline 14 for monthly and
hourly resolution.

Granularity of Data
Coefficient of Variation Root Mean

Square Error (CVRMSE)
Normalised Mean Bias Error

(NMBE)

Monthly 15% 5%
Hourly 30% 10%

3. Mean Absolute Percentage Error (MAPE) measures the absolute size of the error

in terms of percentage. It represents the average of the absolute percentage errors

of forecasts.

MAPE =
1

n

n∑
i=1

∣∣∣∣(yi − ŷi)yi

∣∣∣∣ ∗ 100 (4.5)

where (ŷ1, ŷ2, ...., ŷn) are the predicted values, (y1, y2, ....yn) are the measured values

and n is the number of observations.

4. Coefficient of Determination or R2 metric determines the closeness of the simulated

values to the regression line of the measured values.

R2 =

 n ·
∑n

i=1 yi · ŷi −
∑n

i=1 yi ·
∑n

i=1 ŷi√
(n ·

∑n
i=1 y

2
i − (

∑n
i=1 yi)

2) · (n ·
∑n

i=1 ŷi
2 − (

∑n
i=1 ŷi)

2)

2

(4.6)

where ȳi is the mean of measured values, (ŷ1, ŷ2, ...., ŷn) are the predicted values,

(y1, y2, ....yn) are the measured values and n is the number of observations.

5. Goodness Of Fit (GOF) metric defines the overall fit of the devised model using a

combination of other metrics, namely, CVRMSE and NMBE.
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GOF =

√
2

2

√
CV RMSE2 +NMBE2 (4.7)

where CVRMSE is the Coefficient of Variation Root Mean Square Error and NMBE

is the Normalised Mean Bias Error respectively.

6. Thermal Resistance Capacitance (RC) parameters of a grey-box model define the

building dynamics. While the thermal capacitance (C, J/K) value indicates the

heat storing capacity of a building’s mass, the thermal resistance (R, K/W) controls

the response of a building when subjected to a temperature change [173]. These

parameters are estimated using the state-space equations for the formulated RC

networks as defined in Section 4.3.3.

7. Peak Heat Demand Reduction (PHDR) has been extensively used as a performance

metric for demand alteration measures. PHDR metric represents the percentage

decrease in the peak heat demand of a building or a group of buildings to provide

required comfort levels. With the appropriate application of control strategies, the

peak heat demand could be reduced to a high extent. This indicator is used to

analyse the maximum heat demand of a system in comparison with the average

heat demand [173].

PHDR(%) =

(
1− Ppeak,After

Ppeak,Before

)
· 100 (4.8)

where Ppeak,after is the peak hourly heat demand of the system after introducing

demand alterations and Ppeak,before is the peak hourly heat demand of the system

before introducing demand alterations respectively.

4.4 Sub-methodologies for Model Feature Assess-

ment

BEPS models play an essential role in long term energy planning and management. With

a tremendous growth of energy modelling approaches over the past few decades, it has
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become crucial to define features and characteristics associated with various modelling

approaches. This thesis defines and assesses three crucial features of reduced-order grey-

box models using a generalised overarching methodology (Section 4.3).

The sub-methodologies section formulates individual assessment frameworks for the

considered model features. The devised sub-methodologies follow a similar procedure to

the overarching methodology while taking into account specific feature definitions, data

requirements, generalised grey-box model generation, specific feature testing procedures

and appropriate KPI assignments. A distinct characteristic of these sub-methodologies

lies in the identification of the feature testing process using the generalised structure

as illustrated in Section 4.3.4. Each sub-methodology further includes a case study

formulated using the U.S Department of Energy (DOE) commercial building archetypes

in order to enhance the comprehensibility of each framework. These archetypes comprise

16 building types that represent approximately 70% of the commercial buildings in the

United States across 16 locations, and correspond to all U.S. climate zones. These

buildings are available as EnergyPlus models that are representative of realistic building

characteristics and construction practices [1].

Figure 4.7: Process workflow illustrating the use of DOE archetype EnergyPlus models
for grey-box model identification and model parameterisation.

The DOE archetype EnergyPlus models provide the data required for grey-box model

order identification and model parameterisation (Figure 4.7). The grey-box model order

identification procedure uses mandatory and optional variables, defined in Sections
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(a) (b)

(c) (d)

(e) (f)

Figure 4.8: Proportion of individual space use (% of total area) of the investigated DOE
archetypes [1]: (a) Standalone retail space use with core retail function as the largest
proportion amongst all; (b) Strip mall space use with major proportion occupied by small
stores; (c) Quick service restaurant space use with equal proportions dedicated to dining
and kitchen area; (d) Full service restaurant space use with larger proportion dedicated
to the dining area; (e) Small office space use with major proportion dedicated to offices;
and, (f) Medium office space use with major proportion representing the plenum space to
facilitate air circulation.
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4.3.2 and 4.3.2, which are extracted from the EnergyPlus input IDF files of DOE

reference buildings. The IDF files contain the information regarding building physical

parameters, building space usage and HVAC systems. Building operation variables are

obtained through energy simulations using IDF files in EnergyPlus. The outputs of

these simulations provide heat demand and internal temperature profiles of the archetype

buildings. The network parameterisation procedure uses these variables to identify the

parameters of the formulated grey-box model. In the case of the representative example

of DOE archetypes, the EnergyPlus simulation solely focusses on the generation of indoor

temperature profiles and space head demand. When the real-time building monitoring

data is available, the grey-box models could be directly calibrated and hence, these

EnergyPlus models would no longer be required.

Table 4.4: DOE commercial building archetypes demonstrating the proposed feature
assessment frameworks [1]. The different types of archetype buildings provide a broad
range of test cases for detailed elaboration of the devised methodology.

Building
Type

Floor Area
(m2)

Number of
Floors

ANOVA Test
p-values

(Daily Variations,
α = 0.10)

Significance
level

Large Office 46,320 12 0.091 Significant
Medium Office 4,982 3 0.291 Not Significant
Small Office 511 1 0.323 Not Significant
Warehouse 4835 1 0.545 Not Significant
Stand-alone Retail 2,319 1 0.433 Not Significant
Strip Mall 2,090 1 0.159 Not Significant
Primary School 6,871 1 0.025 Significant
Secondary School 19,592 2 0.085 Significant
Supermarket 4,181 1 0.027 Significant
Quick Service Restaurant 232 1 0.191 Not Significant
Full Service Restaurant 5,500 1 0.103 Not Significant
Hospital 511 5 0.055 Significant
Outpatient Health Care 3,804 3 0.069 Significant
Small Hotel 4,013 4 0.156 Not Significant
Large Hotel 11,345 6 0.071 Significant
Midrise Apartment 3,135 4 0.661 Not Significant

Each reference building corresponds to varied uses of the interior space (Figure 4.8,

Figure A.2 and Figure A.1). For instance, standalone retail DOE archetype comprises

core retail space, front retail space and back storage where core retail space represents

69.8% of the total space use inside the buildings (Figure 4.8(a)). These spaces act as
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separate thermal zones; each zone represents a similar profile of the underlying building

dynamics. While some archetypes such as standalone retail, strip mall, quick service

restaurant, small office etc. have a simplified homogeneous building space use, other

archetypes such as primary school, hospital, large hotel etc. are more complex and have

a heterogeneous building space use. An initial ANalayis Of VAriance (ANOVA) analysis

classifies these archetypes on the basis of existing variations in the daily heat demand

profile of each reference building (Table 4.4). The ANOVA test establishes whether the

daily variations in heat demand are statistically significant or not. The significance levels

are used in each individual representative case studies (Sections 4.4.1, 4.4.2 and 4.4.3)

to aid the model identification procedure of the reduced-order model. Figure 4.8(a)

illustrates the zone space use of six archetypes. The zone space use of the other twelve

archetypes is included in Appendix A.

4.4.1 Sub-methodology for Scalability Assessment

The sub-methodology for the scalability feature outlines a scalability assessment frame-

work and follows a five step process similar to the proposed overarching methodology

(Figure 4.9). The first step defines scalability using previous literature [94, 95, 96].

The second step formulates the list of variables required to carry out the scalability

assessment task. The third step involves the development of the grey-box model using

the procedure as outlined in Section 4.3.3. The fourth step focuses on the scalability

testing procedure, which uses the Analyse and Specify processes (Figure 4.6). Feature

testing is a crucial step in the scalability assessment framework as this process develops

the required experimentation to test and evaluate scalability.

The type of experimentation required to assess scalability involves multi-level

modelling that assesses the relevance of individual zone models in representing various

zones inside a building. After an initial analysis of the scalability definitions, one

significant requirement would be to associate scalability with grey-box modelling at

different levels, initiating with the simplest zone and then identifying the model suitability

for representation of multiple zones, the whole building and building clusters. The process

requires weather variables (outside dry bulb temperature and global solar irradiation),

building physical parameters (zone space usage and floor area) and building operational
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Figure 4.9: Scalability assessment framework (sub-methodology) for reduced-order grey-
box models

parameters (building function, internal temperature profiles and space heat demand).

Depending on the complexity of individual zones, the Analyse process determines the

initial order of the grey-box model, which would further be updated depending on the

complexity of individual zones and buildings under consideration. Based on the above

outlined processes, this process identifies a bottom-up energy modelling analysis as the

testing strategy.

The Specify process defines the modelling levels to be tested. Grey-box models differ

in their respective structures based on the underlying dynamics. Moreover, the grey-box

network order is dependent on the number and type of existing zones inside the building.

Different modelling levels correspond to different boundaries of dynamics existing in the

building and are selected to identify thermal zones with similar dynamics. The Specify

process identifies the following test scenarios to implement the multi-level modelling.

1. Zonal modelling: This modelling level forms the baseline model, which is used

to compare the model prediction results with other modelling levels. Zonal

modelling level represents a single zone volume inside the building. This zone

volume corresponds to the zone type with the highest proportion of floor area for

a particular building function;
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2. Multi-zone modelling: This modelling level forms the next phase of the test sequence

where the identified zonal grey-box model represents multiple zones inside the same

building. Different zonal grey-box networks have the same structure but different

network parameters. This sequence updates the model parameters based on the

heat dynamics of the respective zones;

3. Whole building modelling: This test sequence further updates the zone model

to represent the heat dynamics at the whole building level. The whole building

modelling level aggregates the zone level building operational parameters to update

the network parameters;

4. Building cluster modelling: This is the last test sequence that assesses scalability

based on two aspects. The first aspect deals with the identification of the cluster of

buildings that represent a similar variation in heat demand profiles. The ANOVA

technique analyses the significance of variations as described in Section 4.3.3. The

second aspect assesses the suitability of the identified whole building grey-box model

in representing similar building clusters.

The last step of the scalability assessment framework identifies a suitable list of

KPIs from the list described in Section 4.3.5. The KPIs for assessing scalability include

CVRMSE, NMBE, MAPE, R2 and GOF. The multi-level modelling results are compared

against these metrics to establish the scalability potential.

Scalability Assessment of DOE Commercial Reference Buildings

To demonstrate the application of the devised scalability framework, this thesis analyses

four DOE archetypes, namely, small office, medium office, full service restaurant and quick

service restaurant as these buildings belong to the non-significant category of variations

in the daily heat demand profile. The DOE archetypes provide the data for grey-box

model order identification and network parameterisation (Figure 4.7). The zone profile

use of these reference buildings is as follows:

Small office: This reference building comprises mainly two types of office spaces, a

core space and an unconditioned attic (Figure 4.8(e)). Each office space type further

consists of two separate thermal zones.
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Medium office: This archetype consists of two types of office spaces, a core space and

a conditioned plenum (Figure 4.8(f)). Similar to the small office, each office space type

further consists of two separate thermal zones.

Full service restaurant: This reference building comprises a dining area, a kitchen

area and an unconditioned attic (Figure 4.8(d)). The dining area is approximately three

times of the kitchen area.

Quick service restaurant: Similar to the full service restaurant, this archetype consists

of a dining area, a kitchen area and an unconditioned attic (Figure 4.8(c)). The dining

and kitchen areas represent equal proportions of the building space use.

Scalability is first assessed for the small office DOE archetype. To demonstrate the

applicability for building stock modelling, the framework extends the modelling process

to include the medium office DOE archetype. After the identification of the scalability

definition, the data collection process extracts the required inputs from the EnergyPlus

model of the small office. The crucial data inputs include the following variables as

defined in Section 3.3.1.

1. Ta Outside Dry Bulb Temperature in ◦C;

2. Gs Global Solar Irradiation in kW/m2;

3. Ti Internal Temperature Profiles in ◦C;

4. Ph Measured space heat demand in kW;

5. Zone Space Use in %.

These variables are extracted from the EnergyPlus output file after carrying out an

initial simulation over a four week period. The grey-box model development process uses

these variables to identify the grey-box network for the small office DOE archetype (Figure

4.4). When implementing the grey-box model development process, the data analysis

step outlines the ANOVA test results. Corresponding to a significance level of 0.10, the

variations are found to be non-existent in the heat demand profile of small office (p-value =

0.323, Table 4.4). The order identification step suggests a lumped parameter model would

be sufficient to represent the building dynamics. Corresponding to a floor area of 511 m2
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(more than half of which is unconditioned), normalizing the demand with respect to the

floor area yields high demand levels per m2 of space use. Henceforth, separate RC network

branches are assigned to exterior walls and interior mass. As the demand fluctuations

are deemed insignificant by the ANOVA test, a second order grey-box model would be

sufficient to represent the building dynamics. Furthermore, the building does not have

any embedded heating system and has a homogeneous fabric installed all throughout

the building envelope. The parameter estimation step uses CTSM-R to parameterise

the identified second order grey-box model and predict the internal temperature profiles

(Figure 4.5). The model validation step involves the use of identified KPIs (discussed

below) to indicate the suitability of the model. The testing period starts from 15/01/2020

and ends on 14/02/2020 as this period comprises minimum temperatures.

The small office DOE archetype comprises five zones (zone 1 to zone 5); each of which

is simulated individually to obtain the internal temperature profiles. The simulation

process considers the zone 1 office grey-box network as the baseline model to compare

against other zone (zone 2 to zone 5) grey-box model predictions (Figure 4.10). The

Figure 4.10: DOE archetype and grey-box internal temperature profiles at the whole
building level and respective zone level for the small office DOE archetype over a four
week period.
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setpoint temperatures vary among different zones in the building. It is worthwhile to

mention that individual zone models involve a similar second order grey-box network

(with updated parameters). Zone 1 represents the first office category of the small

office space use. As evident from the DOE archetype and grey-box temperature profiles,

a second order model is able to trace the dynamics of the zone with a CVRMSE of

3.65%. The corresponding values of NMBE, MAPE and R2 are 1.92%, 2.65% and 0.95

respectively. These test case implementation uses these metric values as the baseline to

compare other zone predictions. Zone 2 belongs to the similar office category and the

model predictions correspond to slightly higher KPI values when compared to zone 1 KPIs

(Table 4.5). The R2 values are similar for both zones. When a similar zone 1 office grey-

box model with updated parameters predicts the internal temperature profiles of zone 3

and zone 4, the KPIs again experience an increase in individual values indicating more

complex zone dynamics. Zone 5, which represents the core space, observes KPI values

between those of zones 1-2 and zones 3-4. The multi-level modelling process further

implements the zone 1 office grey-box model at the whole building level. To obtain

the internal temperature profile at the building level, the simulation process averages

the temperatures of individual zones. When considering the second-order model for the

whole building, the KPI values average out in between zone 1 and zone 4. This clearly

indicates the suitability of implementing a zone level model for model predictions at the

whole building level.

To demonstrate the applicability of the framework for building stock modelling, the

modelling process extends the identified grey-box model to represent a medium office,

which has a similar zone space use. A combined ANOVA test of small office and medium

office archetypes establishes that these reference buildings belong to the same group. The

test statistics (F-value of 1.77 and p-value of 0.243) corresponding to a significance level

of 0.10 nullifies the test hypotheses and hence, a similar grey-box model is used to predict

the internal temperature profile for the medium office DOE archetype (Figure 4.11) over

the similar four week period. The KPI values are only slightly higher than small office

archetype prediction KPIs indicating that the second order network is able to trace the

dynamics of the medium office reference building.
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Figure 4.11: DOE archetype and grey-box internal temperature profiles for the small office
and medium office DOE archetypes at the whole building level over a four week period.

Table 4.5: KPI values for the small office DOE archetype to assess the scalability of
formulated model.

KPI
Zones Small Office

Building

Medium Office

BuildingZone 1 Zone 2 Zone 3 Zone 4 Zone 5

NMBE 1.92 2.33 2.81 2.95 2.44 2.59 3.47

CVRMSE 3.65 3.94 4.12 4.23 3.42 3.68 4.35

MAPE 2.65 2.79 3.44 3.52 2.61 2.83 3.22

R2 0.95 0.95 0.92 0.92 0.94 0.94 0.91

The scalability assessment is further extended to include full service and quick service

restaurant archetypes (Appendix B). It is worthwhile to mention that although the

third order network reduces the prediction errors for both full service and quick service,

the reduced CVRMSE values could be considered insignificant when compared to the

CVRMSE values for the second order model (Table B.1).

4.4.2 Sub-methodology for Flexibility Assessment

The sub-methodology for the flexibility feature outlines a flexibility assessment framework

and follows a five step process similar to the proposed overarching methodology (Figure
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4.12). The first step defines flexibility using previous literature[97, 98]. The second step

formulates the list of variables required to carry out the scalability assessment task. The

third step involves the development of the grey-box model using the procedure as outlined

in Section 4.3.3. The fourth step focuses on the flexibility testing procedure, which uses

the Analyse and Specify processes (Figure 4.6). Feature testing is a crucial step in the

flexibility assessment framework as this process develops the required experimentation to

test and evaluate flexibility.

Figure 4.12: Flexibility assessment framework (sub-methodology) for reduced-order grey-
box models

The type of experimentation required to assess flexibility involves design variation

modelling that assesses the relevance of the formulated grey-box model to accommodate

variations introduced in the building design. After an initial analysis of the flexibility

definitions, one significant requirement for the grey-box network would be to inherit

the operational characteristics of the modified building. While considering the inherent

regularities of the observed data, it is crucial for the testing process to ensure a balance

between the model complexity and the required scope. The process requires weather

variables (outside dry bulb temperature and global solar irradiation), building physical

parameters (zone space usage and floor area) and building operational parameters

(internal temperature profiles and space heat demand). Based on the building dynamics

and the intended scope of application, the Analyse process determines the initial order of
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the grey-box model, which would further be updated depending on the perturbations

introduced in the building design. Possible design variations might include fabric

enhancements, improved accuracy of HVAC systems or other perturbations that directly

affect the building heat dynamics.

The Specify process defines the test sequences for design variation modelling. As any

perturbations in the system will directly affect the grey-box network parameters, the

test sequence design considers a trade-off analysis to avoid the over-fitting of models.

The Specify process identifies the following test scenarios to implement the design

variation modelling. These test scenarios are selected based on the standardized modelling

procedure of identifying a basecase of a building and implementing a parametric analysis

to test several design variations. Furthermore, these scenarios represent corresponding

changes in the grey-box network due to the introduced design variations.

1. Basecase building design: This test sequence focuses on an individual building to

identify a basecase design. The baseline model is crucial to discern the impacts of

the variations in building design. This sequence defines the initial complexity of

the model based on the building function;

2. Variations in building design: This test sequence sets out different scenarios for

variations in building design. The scenarios could act as plausible retrofits to

improve the building energy efficiency. Any design variation will have a direct

effect on the grey-box network order and network parameters;

3. Grey-box model variations: This test sequence translates the variations in building

design to the building grey-box model. The sequence broadly focuses on two

network aspects, namely, network order and network parameters. The network

order evaluates the flexibility in terms of complexity and identifies whether the

current model is flexible enough to represent the perturbations. Network parameters

evaluate flexibility in terms of updating the current model parameters with as little

effort as possible;

4. Trade-off analysis: This is the last test sequence that establishes the significance of

model flexibility using a trade-off analysis between model complexity and required
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scope. A good fit of model predictions to empirical data does not necessarily

provide an indication of model validity. If the model is flexible enough to fit

a large proportion of potential empirical outcomes, finding a good fit becomes

less meaningful. Furthermore, increased flexibility introduces higher uncertainty

in the parameter estimates as higher model order increases the number of model

parameters. Hence, this test sequence identifies an optimal network order to balance

the uncertainty and systematic errors in model predictions.

The last step of the flexibility assessment framework identifies a suitable list of

KPIs from the list described in Section 4.3.5. The KPIs for assessing flexibility include

CVRMSE, NMBE, R2 and GOF. The design variation modelling results are compared

against these metrics to assess the flexibility potential.

Flexibility Assessment of DOE Commercial Reference Buildings

To demonstrate the applicability of the devised flexibility framework, this thesis analyses

two DOE archetypes, namely, strip mall and standalone retail reference buildings as these

belong to the non-significant category of variations in the daily heat demand profile. The

DOE archetypes provide the data for grey-box model order identification and network

parameterisation (Figure 4.7). The strip mall mainly comprises small and large stores,

where small stores occupy two-thirds of the total mall space. The standalone retail

building comprises core retail space, front retail space and back storage, where core retail

space represent approximately 70% of the total space use.

After the identification of the flexibility definition, the data collection process extracts

the required inputs from the EnergyPlus model of the strip mall and standalone retail

building. The crucial data inputs include the following variables as defined in Section

3.3.1.

1. Ta Outside Dry Bulb Temperature in ◦C;

2. Gs Global Solar Irradiation in kW/m2;

3. Ti Internal Temperature Profiles in ◦C;

4. Ph Measured space heat demand in kW;

113



5. Roof and wall insulation thickness in m;

6. Window U-values in W/m2K.

Grey-box model development process follows a similar procedure as outlined in the

scalability assessment framework. Corresponding to p-test values of 0.159 and 0.4433,

the ANOVA test establishes that heat demand variations are not significant for the strip

mall and standalone retail reference buildings. Hence, a lumped parameter model would

effectively represent the dynamics of these buildings. However, owing to the presence

of slightly varying zone space uses, it would be ideal to assign separate networks for

zones representing the majority of building space use. Therefore, the selected reference

test cases are assigned an initial second order network to predict the internal temperature

profiles. The parameter estimation step uses a similar CTSM-R procedure to parameterise

the model and predict the internal temperature profiles. The model validation step uses

the identified KPIs to indicate suitability of each model. The testing period starts from

14/01/2020 and ends on 13/02/2020 as this period comprises minimum temperatures.

Flexibility assessment involves design variation modelling that introduces perturba-

tions in the base case model. The first test reference building is the strip mall, which

is simulated in EnergyPlus initially to obtain the base case results. The construction

Figure 4.13: DOE archetype and grey-box internal temperature profiles for the strip mall
DOE archetype at the whole building level before and after the introduction of design
perturbations over a four week period.
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Table 4.6: KPI values for the strip mall and standalone retail DOE archetypes to assess
the flexibility of the formulated model.

KPI
Strip Mall Building Standalone Retail Building

Before
Perturbation

After
Perturbation

Before
Perturbation

After
Perturbation

NMBE 4.55 3.63 3.86 2.21

CVRMSE 5.73 4.61 4.47 3.04

GOF 0.05 0.04 0.04 0.03

R2 0.77 0.86 0.87 0.82

elements in the base case model follow ASHRAE 90.1-1989 standards that specify values

of roof insulation thickness, wall insulation thickness and window U-factor as 0.0857 m,

0.0507 m and 4.088 W/m2K. To introduce variations in building design, these parameters

are updated to ASHRAE 90.1-2004 construction standards. The new values of roof

insulation thickness, wall insulation thickness and window U-factor are 0.1246 m, 0.0532

m and 6.921 W/m2K. These new values could act as plausible retrofits for old energy

inefficient buildings.

Design variation modelling process uses a similar grey-box network to trace the

modified building dynamics. As evident from the DOE archetype and grey-box internal

temperature profiles before and after the model perturbations, a second order model

effectively traces the original and modified building dynamics of the strip mall DOE

archetype (Figure 4.13). The values of NMBE, CVRMSE and GOF experience a slight

decrease after the design variations are introduced in the base case model of the strip

mall (Table 4.6). This can be attributed to the fact that enhancement in fabric design

(improved wall and roof insulation) stabilises the building dynamics (peak heat demand

levels are significantly reduced). It is worthwhile to mention that the second order model

is unable to trace the time stamps when the strip mall is initially excited before any

perturbations are introduced (Figure 4.13). This suggests that a third order model

might be a better fit for this reference building. However, when considering a trade

off between model complexity and accuracy, the improvement in the grey-box model

accuracy (decreased CVRMSE of 4.78%) is not significant enough to introduce another

state variable in the original model. Also, these errors at the excitation time stamps
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are almost non-existent in the DOE archetype and grey-box temperature profiles of the

reference building after the design perturbations are introduced (Figure 4.13).

A similar process is repeated to assess the grey-box model flexibility of the

standalone retail DOE archetype (Appendix C). The results indicate that base case

model of standalone retail archetype might benefit from an enhanced network complexity.

However, an increased model order would not have a significant impact on the accuracy

of the formulated model for the after perturbation scenario.

4.4.3 Sub-methodology for Interoperability Assessment

The sub-methodology for the interoperability feature outlines an interoperability assess-

ment framework and follows a five step process similar to the proposed overarching

methodology (Figure 4.14). The first step defines interoperability using previous

literature [99, 101]. The second step formulates the list of variables required to carry

out the interoperability assessment task. The third step involves the development of

the grey-box model using the procedure as outlined in Section 4.3.3. The fourth step

focuses on the interoperability testing procedure, which uses the Analyse and Specify

processes (Figure 4.6). Feature testing is a crucial step in the interoperability assessment

framework as this process develops the required experimentation to test and evaluate

interoperability.

The type of experimentation required to assess interoperability involves scenario

optimisation modelling that assesses the interoperability potential of different types

of commercial buildings using grey-box models. The interoperability feature is more

associated with building clusters rather than the employed modelling approach. However,

this feature demonstrates how grey-box models would facilitate the interoperability

characterisation process, and thereby, illustrates a crucial modelling characteristic of these

models. An initial analysis of the interoperability definition indicates that there is a need

to characterise individual buildings in a cluster using model parameters and building

function. The process requires weather variables (outside dry bulb temperature and

global solar irradiation), building physical parameters (floor area), model parameters and

building operational parameters (internal temperature profiles and space heat demand).

Based on the building dynamics, the Analyse process determines the optimal order of
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Figure 4.14: Interoperability assessment framework (sub-methodology) for reduced-order
grey-box models

the grey-box model for individual buildings in the cluster. As interoperability deals with

the optimisation of building systems, a possible testing strategy would involve scenario

optimisation modelling that aims to reduce the heat demand variations of the building

cluster on an aggregate basis.

The Specify process defines the test sequences for scenario optimisation modelling,

which facilitates individual building level integration. Variations in heat demand among

different types of buildings will allow for demand balancing that can lead to a drop in

the overall heat demand. The Specify process identifies the following test scenarios to

implement the scenario optimisation modelling. These scenarios are selected so as to

reduce the overall heat demand of the system. Henceforth, the test scenarios need to

identify and characterise the buildings based on pre-defined building parameters. The

characterisation facilitates the optimisation of the overall heat demand in the building

cluster.

1. Building cluster: This test sequence lists individual building in a cluster, estimates

grey-box parameters and performs an initial ANOVA analysis using the heat

demand profiles;
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2. Heat demand characterisation: This sequence characterises the buildings on the

basis of heat demand profiles. The demand profiles are a direct indication of

the kind of ongoing activities inside a building. The characterisation leads to

two categories, namely, buildings with a variable demand pattern and buildings

with a stable demand pattern. Buildings with similar demand profiles provide

limited opportunities to implement any kind of demand scenario optimisation.

Furthermore, buildings with cyclic demand patterns would facilitate demand

balancing alterations;

3. C-value characterisation: This test sequence derives a relative characterisation of

individual buildings on the basis of grey-box model parameters. The C-value affects

the response time of the building’s thermal mass when subjected to a change in

operational parameters (for instance, temperature). A relatively high value of C

increases the response time of building mass to excitation from the mechanical

systems. The time constant indicates the response time of the building’s interior

to a temperature difference between indoor and ambient environment. The devised

categories include buildings with a high C-value and buildings with a low C-value

(high and low values represent a relative comparison);

4. Heat demand alteration scenarios: This is the last test sequence that identifies

demand alteration scenarios based on the aforementioned characterisations. Heat

demand alterations are easier to implement in a building with a high value of

C coupled with low variations in heat demand. A high C building experiences

a delayed response and thus will maintain the required comfort conditions even

when the temperature is not within the acceptable limits. Moreover, the low

demand fluctuations allow the building to jump back to the desired temperature

range without increasing the overall demand. This sequence identifies the time

instances when peaks occur in heat demand profiles. Building with high variations

in heat demand provide such instances and therefore, any control measures in other

buildings should be introduced at these time stamps.

The last step of the interoperability assessment framework identifies a suitable list of

KPIs from the list described in Section 4.3.5. The KPIs for assessing interoperability
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include CVRMSE, RC parameters and PHDR. The scenario optimisation modelling

results are compared against these metrics to assess the interoperability potential.

Interoperability Assessment of DOE Commercial Reference Buildings

To demonstrate the applicability of the devised interoperability framework, this thesis

analyses four DOE archetypes, namely, primary school, midrise apartment, small hotel

and supermarket. The DOE archetypes provide the data for grey-box model order

identification and network parameterisation (Figure 4.7). Two of these reference

archetypes (primary school and supermarket) belong to the significant category of

variations in the daily heat demand profile (Table 4.4). The other two reference buildings

(midrise apartment and small hotel) belong to the non-significant category of variations

in the daily heat demand profile (Table 4.4). While midrise apartment and small hotel

reference buildings represent simplified building use (Figure A.1(d) and Figure A.1(c)),

primary school and supermarket reference buildings represent dynamic use of the building

space (Figure A.1(a) and Figure A.1(e)). It is important to note that the interoperability

feature is specifically assessed for an individual building or a group of buildings using

grey-box model parameters rather than for an individual model.

After the identification of the interoperability definition, the data collection extracts

the required inputs from the EnergyPlus model of the primary school, midrise apartment,

small hotel and supermarket reference buildings. The crucial data inputs include the

following variables as defined in Section 3.3.1:

1. Ta Outside Dry Bulb Temperature in ◦C;

2. Gs Global Solar Irradiation in kW/m2;

3. Ti Internal Temperature Profiles in ◦C;

4. Ph Measured space heat demand in kW.

Grey-box model development follows a similar procedure as outlined in the scalability

and flexibility assessment frameworks. Corresponding to p-test values of 0.025 and 0.027,

the ANOVA test establishes that heat demand variations are significant for the primary

school and supermarket reference buildings. The heat demand variations are found to
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be non-significant for midrise apartment and small hotel reference buildings (p-values

of 0.661 and 0.156). While a third order model is assigned to the primary school and

supermarket archetypes, a second order model is used to represent the midrise apartment

and small hotel archetypes. It should be noted that grey-box model identification is not

crucial to assessing interoperability as only the model parameters are required. These

parameters yield similar overall aggregated values when considering various orders of the

grey-box network. The parameter estimation step uses CTSM-R to identify the network

parameters. The testing period involves a single day (14/01/2020) during which the heat

demand profiles are recorded on an hourly basis. This day is representative of a midweek

day with cold temperatures.

Interoperability assessment involves scenario optimisation modelling that introduces

demand alteration scenarios in the considered building cluster (primary school, midrise

apartment, small hotel and supermarket). The building cluster undergoes a characteri-

sation process on the basis of heat demand and network C-values. When comparing the

variation in heat demand over 24 hours between different reference buildings, primary

school and supermarket are found to possess large variations in heat demand compared

Figure 4.15: Daily heat demand profile for primary school, mid-rise apartment, small
hotel and supermarket DOE archetypes for possible interoperability characterisation.
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Table 4.7: Thermal capacitance and time constant values of the selected DOE archetypes
to assess the interoperability of the formulated cluster.

DOE Archetype
Thermal Capacitance

(kWh/◦C)
Time Constant

(h)
Hourly Variations in Heat

Demand

Midrise Apartment 75.24 101.25 Not Significant

Small Hotel 32.55 39.04 Not Significant

Primary School 27.19 44.05 Significant

Supermarket 72.08 103.79 Significant

to midrise apartment and small hotel (Figure 4.15). Furthermore, the demand variations

between midrise apartment and small hotel are found to be insignificant. This indicates

that the means of both test groups are the same and similar variations exist in the

profiles. As such, demand alteration scenarios could not be implemented between midrise

apartment and small hotel and the interoperability potential between these buildings is

not significant. However, a high demand balancing potential exists between primary

school or supermarket and midrise apartment. Similarly, demand alterations could also

be achieved with the small hotel building.

Further building characterisation involves network C-values as these directly affect

the response time of the building’s thermal mass. A relatively high value of C increases

the response time of building’s mass. Owing to this explanation, midrise apartment has

the highest response time closely followed by the supermarket (Table 4.7). Small hotel

and primary school reference buildings have a low response time. A high C building will

respond slower to changes in temperature and thus will maintain the required comfort

conditions even when the setpoint temperature is lower than required. Additionally,

the low demand fluctuation allows the building to achieve the setpoint temperature

without increasing the overall heat demand. Therefore, midrise apartment provides more

opportunities for the implementation of heat demand alterations.

As the overall aim is to reduce the peak systems demand, demand alteration measures

are usually applied during the time instance of peaks occurring in the heat demand.

The primary school and supermarket reference buildings provide these instances as these

buildings have high variations in heat demand profiles. Based on the above observations,

a simulation experiment is conducted using the grey-box models to simulate the hourly

121



Figure 4.16: Daily heat demand profile for the midrise apartment DOE archetype before
and after the introduction of demand alteration scenarios. The heat demand fluctuations
represent time instants when the set-point temperature is varied.

heat demand and determine the building response when subjected to a step change in

temperature. Simulations are performed using a second order network for the midrise

apartment with a corresponding CVRMSE of 4.33% for internal temperature predictions.

The setpoint temperature of the midrise apartment is assumed to be 21.1 ◦C. The

step changes in setpoint temperature are introduced at 07:00 (until 08:00) and 19:00

(until 20:00) for the midrise apartment. The peak heat demand occurs at these time

stamps in the heat demand profiles of primary school and supermarket. At 07H:00M,

the modification of the setpoint temperature to 20.1 ◦C reduces the corresponding

heat demand from 56 kW to 44 kW (Figure 4.16). The high C-value of the midrise

apartment delays the heat transfer from the walls, thereby, maintaining the desired

comfort conditions. When the setpoint is restored back to the original value, the heat

demand in the next hour increases from 54 kW to 60 kW. Although these modifications

result in an increased demand at the next time stamp, the overall peak demand of the

system reduces by 10% during that hour (PHDR = 10%). A similar phenomenon is

experienced at 19H:00 when the temperature setpoint is again reduced by 1 ◦C, which

yields a PHDR of 6% during that hour (Figure 4.16). It is worthwhile to mention

that these setpoint temperature modifications introduce fluctuations in the heat demand

profile of the midrise apartment building. However, the system peak heat demand reduces

at the same time when the building cluster is considered to function together.
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The DOE archetype case studies highlight the importance of feature assessment in

building energy performance modelling. The devised feature assessment frameworks lay

out a foundation to define, assess and evaluate three crucial features of reduced-order

grey-box energy models. The feature assessment eventually facilitates the possibilities of

scaling up networks, the evaluation of numerous design scenarios and the integration of

individual building level components with other energy systems

4.5 Chapter Summary

This chapter formulated an integrated assessment framework to test and evaluate a

set of model features, namely, scalability, flexibility and interoperability for the grey-

box models identified using the generalisation approach of Chapter 3 (Objective 2).

The approach introduces novelty in defining, testing and evaluating the model features.

When considering the scalability, this thesis proposes a zonal approach to propagate

the building level dynamics at various modelling scales. The approach assesses the zone

model scalability relative to existing multiple zones. For flexibility, the proposed approach

assesses the effect of design perturbations on the grey-box approach. For interoperability,

the study proposes a framework to evaluate how significantly individual buildings can

participate to enhance the interoperability between buildings.

The BEPS domain has experienced a significant increase in the number of underlying

modelling techniques and approaches over the past few years. These devised techniques

use different variants of the established white-box, grey-box and black-box models.

Considering the overall spectra of the modelling techniques, it becomes crucial to evaluate

the characteristics to identify the model applicability and suitability for a specific

application. This work defines an integrated framework to assess reduced-order grey-

box model features. The highlights of the framework involve generalized grey-box model

development and feature testing processes that identify the experimentation requirements

to assess the scalability, flexibility and interoperability of grey-box networks. The devised

DOE archetype case studies provide an effective and a holistic overview of the respective

feature potential of each building using pre-defined KPIs.
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The feature assessment frameworks described in this chapter are integrated in the

generalisation framework devised in Chapter 3 to enhance the comprehensibility of

reduced-order grey-box models. The parameters associated with any BEPS model

always inherit uncertainties in different forms that represent either stochasticity or lack

of knowledge. Hence, Chapter 5 further adds an uncertainty analysis framework that

quantifies the uncertainties in input parameters of reduced-order grey box models.
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CHAPTER

FIVE

UNCERTAINTY QUANTIFICATION FRAMEWORK FOR

REDUCED-ORDER GREY-BOX MODELS
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5.1 Introduction

This chapter describes the final contribution of this thesis and integrates an uncertainty

quantification framework to the generalisation and feature assessment frameworks of

Chapter 3 and Chapter 4. As performance assessment of any building entails numerous

uncertain parameters, it becomes crucial to formulate probabilistic outputs to either

devise future consumption trends or compensate for the lack of knowledge. A thorough

literature review of uncertainty analysis in building energy performance simulation reveals

the lack of a consolidated implementation of uncertainty concepts that facilitate the

segregation and treatment of different types of uncertainties (Section 2.4).

Figure 5.1: Decomposition of the overall methodology for modelling the uncertainties in
reduced-order grey-box models.

The overall concept diagram of this thesis (Figure 5.1) describes the integration

of these frameworks from generalisation to feature assessment and finally uncertainty

analysis. A consolidated implementation enhances the overall understanding of various

aspects revolving around reduced-order grey-box models. Chapter 3 outlined the process
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of using building parameters to facilitate the development of generalised reduced-order

grey-box models. The devised framework addresses the stakeholder-specific nature of

grey-box model structure described throughout this work. While a generalised structure

automates the model development process, the developed models need to be assessed and

evaluated in terms of model suitability and the desired scope. Chapter 4 proposed feature

assessment frameworks that provide a platform to evaluate three crucial model features,

scalability, flexibility and interoperability.

This chapter integrates an uncertainty analysis framework to provide probabilistic

outputs for building stakeholders. As illustrated in Section 2.4, BEPS tools for energy

simulation have evolved into a suite of detailed physical relations, both differential and

algebraic, that describe the way various disturbances (from weather, humans, control

systems, etc.) influence the thermodynamic behavior of the building itself. The physical

relationships as defined in the simulation tools employ numerous parameters, the details

of which are often not available to modelers [174]. Energy modelers either extract the

parameters from previous literature or set the parameters to default values and best

educated guesses due to which the simulation results might differ significantly from field

measurements [3]. Furthermore, building simulation often requires simplifications and

assumptions that add to the difference between actual and predicted energy consumption

and limits the confidence in simulation results. These uncertainties in the results are

seldomly quantified creating a false sense of validity and engineering rigor [175]. If a

building simulation is considered to be a decision support instrument, it is crucial to

identify and quantify the uncertainties to effectively use the BEPS results [37].

Uncertainty studies in the building simulation domain often employ forward un-

certainty quantification using probabilistic or non-probabilistic techniques. While

probabilistic methods rely on the availability of sufficient data, non-probabilistic methods

deal with lack of information or data [55]. Monte Carlo (MC) sampling based uncertainty

analysis is one of the frequently used probabilistic uncertainty propagation method

in building energy performance simulation [174]. Different studies employ different

variations of MC methods, including, two-dimensional MC and incremental sampling

methods. The MC technique is very intuitive and straightforward to implement. This

technique, however, suffers from low convergence with a large number of function
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evaluations, which results in huge computational costs [176]. Efficient sampling methods,

surrogate models and new uncertainty quantification methods, such as stochastic

polynomial chaos expansion, could significantly reduce the computational costs associated

with the traditional MC based simulations [56].

Several studies employ white-box models using advanced sampling techniques (for

instance LHS) to quantify the uncertainties in energy simulation. For instance,

Eisenhower et al. implemented quasi-random sampling method to analyse nearly one

thousand uncertain input parameters of a BEPS model created in EnergyPlus. Belazi

et al. reduced the scope of uncertain parameters to occupancy behaviour and building

envelope materials when implementing traditional MC analysis [130]. Faggianelli et al.

implemented sensitivity analysis as a pre-assessment procedure to limit the uncertainty

propagation to influential variables [129].

Surrogate modelling techniques (data-driven or reduced-order) are gaining immense

popularity in order to further reduce the computational costs [57]. For instance, Wate

et al. formulated an emulation based uncertainty and sensitivity analysis framework

to account for uncertainties in design variables and occupant behavior [131]. Manfren

et al. stressed the importance of implementing grey-box energy models in uncertainty

quantification, which would be beneficial not necessarily in terms of absolute performance,

but rather in terms of usability and transparency to the end user [106]. Heo et al.

employed normative energy models calibrated using a Bayesian approach to quantify the

parametric uncertainties in the energy simulation model [105].

In the context of reduced-order grey-box models, a vast majority of the UA studies

provide a limited classification of uncertainty sources despite the importance of treating

different types of uncertainty using separate methods. Furthermore, existing UA studies

pre-dominantly use forward uncertainty quantification using popular white-box BEPS

tools. Only a few studies employ inverse uncertainty quantification, which is often

based on the black-box modelling approach. With grey-box modelling approach being

increasingly used in the BEPS domain, there is a need for a concrete framework that

examines and quantifies the uncertainties in reduced-order grey-box building energy

models.
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This chapter focusses on a generalised consolidated implementation of state of art

concepts to account for various factors affecting the uncertainty analysis of reduced-

order grey-box models identified using the generalisation approach of Chapter 3 (Figure

5.1). For instance, this thesis proposes joint modelling of different uncertainty types

using a second-order probability technique, integrates this technique with copulas to

generate correlated samples and considers stochastically generated weather sequences for

the demonstrated case study that employs reduced-order building energy models. The

main aim of this integrated approach is not only to identify and compare the traditionally

used uncertainty analysis techniques in BEPS domain but also to facilitate design and

control decisions at the individual building level as well as the building stock level.

Furthermore, the proposed technique could identify potential implications of different

uncertainty types on heating and cooling consumption patterns. The integrated approach

entails the segregation of various uncertainty types when considering the correlation

structure of uncertain inputs.

The proposed approach introduces an integrated uncertainty analysis framework

to quantify reduced-order grey-box model uncertainties that addresses the Research

Question 3, “What are the permissible uncertainty limits in grey-box model parameters for

the implementation of developed models according to the needs of different stockholders

in the energy system?”. This chapter describes the following in detail:

• A background of uncertainty classification (Section 5.2);

• Overarching methodology for uncertainty analysis (Section 5.3);

• Case study to illustrate the implementation of the devised uncertainty framework

(Section 5.4);

• Chapter summary (Section 5.5).

5.2 Uncertainty Classification

The performance assessment of a complex energy system involves the use of numerous

analysis models, each with its own assumptions and approximations. Thus, it is
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necessary to systematically identify the various sources of uncertainty and develop an

inclusive framework for overall uncertainty quantification. On the whole, the various

sources of uncertainty identified in the risk management literature fall into one of the

four categories: epistemic uncertainty, aleatory uncertainty, linguistic uncertainty and

decision uncertainty (Figure 5.2). Epistemic uncertainty is the uncertainty associated

with knowledge while aleatory uncertainty is the uncertainty associated with diversity

or heterogeneity and cannot be eliminated with additional research or observation.

Epistemic and aleatory uncertainties are quite prominent in the uncertainty analysis

of building performance simulation [117]. The other two categories mainly prevail at

the pre and post simulation level and do not associate with epistemic and aleatory

uncertainties. Linguistic uncertainty is pervasive in the workshops, committees and

other face-to-face, language-based methods where qualitative risk assessment relies on

the ability to assess and communicate risk [177]. Decision uncertainty enters the analysis

after the risk estimation procedure [178].

Figure 5.2: Different categories of uncertainties. Out of the four, epistemic and aleatory
uncertainties are relevant in building energy performance simulation.

The research conducted in this thesis deals with different aspects of uncertainty

existing in a system and thus focuses on an integrated approach to uncertainty Aleatory

and epistemic uncertainties play a key role in building simulation. Therefore, this thesis
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only discusses a detailed uncertainty categorisation for these two uncertainties (Figure

5.3).

Figure 5.3: Types of epistemic and aleatory uncertainty sources specific to the building
simulation domain.

5.2.1 Aleatory Uncertainty

Aleatory uncertainty is a direct result of randomness in any process or system variable.

This type of uncertainty is irreducible and naturally inherent to the process involved.

Aleatory uncertainty arises due to natural variations, inherent randomness, environmental

stochasticity, process stochasticity, demographic stochasticity, parametric uncertainty,

measurement error, and process error [179].

Natural variation and inherent randomness have no discernible deterministic patterns

and therefore, are unpredictable because there is insufficient information about the

dynamics of the process and its initial conditions to reliably predict the outcome. Environ-

mental stochasticity refers to unpredictable spatiotemporal fluctuations in environmental

conditions. Process stochasticity refers to the time-dependent stochastic processes that

act as model inputs. Demographic stochasticity occurs naturally in a population across

space and time. Variation in demographics might result in large differences between

the simulated and measured behavior of an energy simulation model. Parametric
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uncertainty, measurement error and process error represent a mix of both uncertainty

types. Parametric uncertainty arises from the variability of the model inputs, which are

often not controllable (for instance, building geometry). Measurement error results from

the variability of experimental measurements (for instance, measuring the same input

multiple times yielding variable results). Process error includes all sources of variability

in data that cannot be explained by the variables of a statistical or physics-based model.

In BEPS, occupancy profiles and weather data fall into this type of uncertainty since

randomness in these variables is inherent and there is often not enough information

to reliably make any future predictions. Furthermore, this uncertainty type largely

relates to the user behavior as people respond to the heat transfer mechanism differently

(thermal comfort). The minimisation of the above-mentioned uncertainties is often not

possible. Frequently used risk assessment techniques, for instance, PDFs represent these

uncertainties using a probabilistic framework. Furthermore, it is fairly important to

correctly identify the data used to represent the randomness in the dynamics of the

process. Care must, therefore, be taken when characterizing the variability to ensure the

data considers all possible patterns.

5.2.2 Epistemic Uncertainty

As aptly stated by Hayes, epistemic uncertainty stems from a lack of data, understanding

and knowledge about the world [180]. In the BEPS domain, there are numerous instances

where this uncertainty might appear mainly due to approximations, simplifications,

errors or assumptions [181]. Epistemic uncertainty comprises scenario uncertainty,

data uncertainty, measurement uncertainty, sampling uncertainty, model uncertainty,

parametric uncertainty, measurement error, and process error.

Scenario uncertainty is related to design decision support, in particular when

considering design robustness and adaptability of an entity. These uncertainties originate

from considering the wide range in the possible usage of a building typically referred

to as usage scenarios [37]. Data uncertainty results whenever there is a lack of data

associated with simulation models [34]. To predict the missing data, it is often necessary

to interpolate or extrapolate using some assumptions or approximations that introduce

the uncertainty in simulation results. Measurement uncertainty is purely observational
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and arises due to variability in experimental measurements. All measurements are subject

to some uncertainty as a wide range of errors can and do happen [182]. Sampling

uncertainty results when input statistics are extracted from a limited number of samples.

Model uncertainty results from an inaccurate description of the underlying physics in

the model. The model uncertainty closely follows the closeness of a mathematical model

to describe a real-life situation. Parametric uncertainty, measurement error and process

error again represent a mix of both uncertainty types [183]. Parametric uncertainty

arises due to uncertain model parameters. These parameters are inputs to the simulation

model whose values cannot be determined experimentally or inferred by statistical

methods. Measurement error is closely associated with measurement uncertainty and

follows a similar definition of the measurement error under aleatory uncertainty. The

only difference lies in the fact that it is reducible in nature. Process error refers to the

uncertainty generated by the simplified reality of the model, which is potentially reducible

(via a better model) [184].

For BEPS studies, the measured data used to calibrate grey-box networks will always

possess some sort of epistemic uncertainty. Also, material properties used in BEPS might

possess values different from the installed values, which act as a source of uncertainty

in the energy system network. Furthermore, energy modellers often represent the heat

transfer in a building using a 1D heat transfer phenomenon when implementing grey-box

networks. In this case, an uncertainty arises between the model and actual physics as the

heat transfer phenomena can be 2D (or 3D) as well. Grey-box networks are usually quite

complex for buildings with multiple zones. To reduce the computational time, energy

modelers implement model simplifications through reduced order or lumped parameter

grey-box networks, which introduces the epistemic uncertainty in the simulation results.

5.2.3 Treating Different Classes of Uncertainties

Numerous methods exist to characterise, treat and propagate epistemic and aleatory

uncertainties. These methods represent a classification on the basis of availability or

non-availability of data. The first method is a conditioning, inference mode supported

by knowledge, experience and conditioned by data while the second method is a mode
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informed by expert knowledge and experience. Measured data are often the starting point

of considering either aleatory or epistemic uncertainty.

The treatment of aleatory uncertainties involves a probabilistic framework, for

instance, probability theory. The probability theory employs PDFs to represent aleatory

uncertain sources.

Let X be a random discrete variable. A probability mass function can be defined as:

f(xi) ≥ 0; Σf(xi) = 1; f(xi) = p(x = xi) (5.1)

The Cumulative Distribution Function (CDF) of a discrete random variable X, denoted

as F((x), is

F (x) = P (X ≤ x) = Σx≤xif(xi) (5.2)

Let X be a continuous random variable. A probability distribution function is a non-

negative function f, which satisfies

P (X ∈ B) =

∫
B

f(x)dx (5.3)

for every subset B of the real line.

As X must assume some value, f must satisfy

P (X ∈ (−∞,∞)) =

∫ ∞
−∞

f(x)dx = 1 (5.4)

This means the entire area under the graph of the PDF must be equal to a unit. In

particular, the probability that the value of X falls within an interval [a,b] is

P (a ≤ X ≤ b) =

∫ b

a

f(x)dx (5.5)

The above equations represent the probability of an uncertain aleatory variable

existing between two values that bound an interval.

The problem of selecting an appropriate mathematical structure to represent the

uncertainties is usually challenging [185]. There are a large number of PDFs that are

useful in a variety of applications. For continuous parameters, this research characterizes
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the ranges of variation by PDFs bounded by upper 95th and lower 5th probability

threshold values [180]. For discrete variables, the characterisation employs minimum,

maximum and base-case values. Several methods exist to represent the epistemic

uncertainty, including, probability theory, fuzzy sets, second-order probability, and

imprecise probability. This thesis implements the second-order probability approach

coupled with fuzzy sets to quantify and propagate the epistemic uncertainties in the

third step of uncertainty analysis workflow. The advantage of this approach over the

others is that it enables the separation of aleatory vs epistemic uncertainty.

5.3 Methodology for Uncertainty Analysis

Although simulations are of paramount importance in building research and practice,

uncertainties in their results are rarely quantified [124]. Examining the impact of

uncertainties increases the simulation quality and subsequently enhances the robustness

of results. The devised methodology in this thesis proposes a generalizable uncertainty

framework to examine the impact of different kinds of uncertainties on BEPS. The

framework deals with an integrated analysis of different domains in the quantification

process of uncertainty. An integrated analysis is crucial to assess and communicate the

problem of uncertainties in an effective manner.

The devised methodology introduces the concepts of probabilistic risk assessment to

BEPS and hence, provides a solid foundation to conduct uncertainty studies in building

energy performance simulation domain. The framework follows a process that consists of

six crucial steps (Figure 5.4), outlined below.

1. Uncertainty source identification involves the identification of the most prominent

sources of uncertainty existing in the system under study.

2. Uncertainty characterisation involves characterisation of identified uncertainties

into epistemic and aleatory categories.

3. Inverse uncertainty quantification is specific to models that require system identifi-

cation (identification of model parameters).
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4. Uncertainty quantification involves the quantification process to quantify different

uncertainty types using suitable methods.

5. Uncertainty propagation involves input sampling and subsequent energy simulations

to identify the model outputs.

6. Performance probabilistic assessment procedure employs various statistical tools for

output analysis.

Figure 5.4: Process flow of the uncertainty analysis framework that consists of six crucial
steps, namely, uncertainty source identification followed by characterisation, inverse
uncertainty quantification, uncertainty quantification, propagation and performance
probabilistic assessment.

The two-dimensional MC approach models the joint uncertainties in building energy

performance simulations that result from variations in weather variables, model param-

eters and other building specific inputs (for example, infiltration rate). This would help

the associated stakeholders evaluate energy prediction ranges under various possibilistic-

probabilistic scenarios for facilitating decision making and design optimisation. Further-

more, this approach segregates the aleatory uncertain sources (weather variables) from

the epistemic ones (model parameters). As the aleatory uncertainty is unavoidable, this

uncertainty does not affect decisions regarding risk and uncertainty reduction. Sources

of aleatory uncertainty can be used to devise plausible future scenarios, for instance,

modelling the effects of climate change on building heating and cooling demand. On the
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other hand, modelling epistemic uncertainties directly supports decisions regarding data

collection and model improvement.

The fuzzy set approach is appropriate to deal with sources of uncertainties when the

historical data record is normally sparse and human-based judgment is dominant. The

fuzzy set theory is an extension of the classical set theory and represents possibilistic

elements with varying degrees of membership (as defined using equations (5.7) and

(5.8)). As the model input data for grey-box modelling is often unavailable, the fuzzy set

approach would ideally associate intervals to the information gathered using previous

literature. Furthermore, some uncertainties related to measured model parameters

may be non-stochastic in nature, i.e., not all uncertainties are random or objectively

quantifiable. These uncertainties result due to cognitive sources. Under such conditions

of limited information, it is reasonable to base estimations on the concepts of a fuzzy set.

5.3.1 Uncertainty Source Identification

This step involves the identification of the most prominent sources of uncertainty

prevailing in a system under study. This step follows the background of uncertainty

sources from Section 5.2. For instance, in a typical building simulation, uncertainties

can arise due to weather data, building envelope, HVAC systems or occupant behavior.

Uncertainties can also result from computational simulations that deal with the numerical

simulation of a set of Partial Differential Equations (PDE). Some of the examples

of computational uncertainties include discretisation, numerical approximations, and

numerical algorithm selection.

5.3.2 Uncertainty Characterisation

This step is the most crucial step in the entire uncertainty framework. All uncertainties

in the simulation need to be characterised before the implementation of uncertainty

quantification techniques. This step includes the subsequent classification of uncertainties

in the system and comprises of two criteria, namely, data availability and inherent

randomness (Table 5.1).
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Table 5.1: Uncertainty characterisation criteria to identify suitable methods of
uncertainty treatment

Criteria Category Treatment

Data Availability
Data Available

Infer statistics from
data

Data Unavailable
Infer statistics from
previous literature

Nature of Uncertainty
Aleatory

Use probabilistic
framework

Epistemic
Use probabilistic/non-probabilistic
framework

Figure 5.5: Workflow of the uncertainty analysis framework to quantify aleatory and
epistemic uncertainties based on the availability of data.
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Classification on the basis of data availability identifies data that relates to the

statistics of the uncertain input variable (Figure 5.5). Available measured data can

directly identify PDFs associated with aleatory uncertainties or fuzzy sets associated

with epistemic uncertainties. In the absence of measured data, input uncertainty

quantification involves the use of previous literature. Classification based on the nature

of uncertainty segregates the parameters that result in aleatory uncertainties from those

causing epistemic uncertainties. For instance, weather data are put into the category of

aleatory uncertainty based on inherent randomness while grey-box parameter values are

put into the category of epistemic uncertainty based on limited access to knowledge.

5.3.3 Inverse Uncertainty Quantification

The inverse quantification procedure determines the unknown input parameters in a

model using measurement data. Following equation represents the relationship between

observed system outputs, model inputs and unknown parameters.

E = f(x, θ) + δ + ε (5.6)

where E denotes the real observation (i.e. building energy data), x denotes the known

parameters (for instance, monitored weather data), θ is the unknown parameter to be

calibrated, f(x, θ) is the model outcome predicted by the BEPS model, δ is the model

discrepancy that captures the differences between actual and predicted performances, and

ε is the measurement error. The inverse quantification process often employs Frequentist

or Bayesian techniques. This thesis focuses on the Frequentist method of quantification

due to the unavailability of any prior information about model parameters. This technique

is a classical parameter estimation approach that solely relies on measured data to infer

unknown parameters. This approach assumes that unknown parameters have true fixed

values, and hence, produce a single value estimate with the associated deviations. This

thesis implements the Maximum Likelihood Estimation (MLE) technique as the point

estimation method as MLE computes a PDF that compares the measurements with model

predictions using testing parameter values and yields parameter values that maximise the

function.
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This thesis focuses on grey-box thermal networks to account for model uncertainties.

These models offer a trade-off between white-box and black-box models in terms of accu-

racy and computational efficiency. Grey-box networks retain the physical characteristics

of a building and employ data-driven methods to identify these characteristics. The model

calibration process determines the parameters of these networks, and relies on the building

energy data, namely, hourly heating load, weather data, such as, outside temperature and

building measurement data, such as, internal temperature. Uncertainties associated with

the identified network parameters fall into the category of epistemic uncertainties with

defined confidence intervals. These quantified uncertain parameters then act as inputs of

UA to identify the PDF of outputs, such as, PDFs of energy consumption.

5.3.4 Uncertainty Quantification

Grey-box energy modelling involves different variables that might be uncertain and

imprecise. These variables possess different traits and characteristics, which necessitates

the categorisation and an individual representation of each variable type. Uncertainty

quantification procedures quantify the uncertainty in various variables depending on the

type of uncertainty inherited by the variable.

This process consists of three crucial steps:

1. Quantification of epistemic uncertainties (fuzzy sets),

2. Quantification of aleatory uncertainties (PDF identification), and,

3. Quantification of any existing correlations (copula-based joint PDFs).

This thesis models epistemic uncertainties using fuzzy sets and second-order proba-

bility technique and aleatory uncertainties using the probability distribution framework.

Furthermore, a copula-based approach determines the correlations between different input

variables.

Fuzzy Sets

Probabilistic analysis has been the most formidable tool for dealing with uncertainty

in the building energy performance domain. This analysis comes with a premise that,
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for an uncertain parameter, the precise mean, standard deviation and a probability

distribution function can be obtained. However, the form of the distribution function

may not always be determined. Moreover, only the maximum and minimum values are

often available precisely, therefore, the uncertain parameter would belong in the range

of these maximum and minimum values. Under these conditions, a fuzzy number could

represent the uncertain parameter provided not all values in the interval have the same

likelihood of occurrence.

An extension of classical set theory, fuzzy sets comprise elements with varying degrees

of membership. Fuzzy sets could be defined as a collection of ordered pair as follows:

A = (x, µi(x)), x ε X (5.7)

where x is a particular element of X and is the membership function of A. For instance,

a triangular membership function is specified by three parameters a, b and c as

µA(x) =



0 if x ≤ a

x−a
x−b if a ≤ x ≤ b

c−x
c−b if b ≤ x ≤ c

0 if x ≥ c

(5.8)

where a, b and c represent the lower boundary, the center, and the lower boundary

respectively.

The model parameters obtained in the inverse quantification process represent a

single point estimate, which can be imprecise. The epistemic uncertainty quantification

procedure uses fuzzy sets (also termed as possibility theory) to deal with imprecise values

in a practical way. A fuzzy set doesn’t refer to one single value rather to a connected set

of possible values [119]. Each possible value in a fuzzy set has its own weight between 0

and 1. The fuzzy set theory was introduced by Zadeh for treating vague and imprecise

information [186].

Objects of fuzzy set theory are fuzzy sets whose boundaries are not precise. These

fuzzy sets represent the epistemic uncertainties in point estimates. Characterised by

its membership function, µ(x), a fuzzy number represents the available knowledge on a
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variable x. The membership function signifies the grade of membership of x in a fuzzy

set. The closer the value of µ(x) is to 1, the more x belongs to the fuzzy set [187].

Fuzzy sets have the capability to express gradual transitions from membership to non-

membership and vice versa. As the bounds associated with the intervals of epistemic

uncertainties are often imprecise, fuzzy sets transform these intervals into crisp sets

representing minimum-maximum intervals using the fuzzy set membership function and

the fuzzy α cut technique, where α denotes the presumption level.

PDF Identification

Uncertainty quantification of parameters usually represents two separate workflows based

on the availability of measured data. If measured data are available, identification of

probability distributions involves the use of measured observations. This process employs

a fitting procedure to compare different parametric probability distributions against the

data and extract the one that gives the best fit based on certain predefined criteria. This

thesis implements the following criteria to identify the best fit.

1. Anderson Darling (AD) Statistic: The AD test identifies if a sample of data came

from a population with a specific distribution [188]. This test makes use of the

specific distribution in calculating the critical values. This is a one-sided test and

the hypothesis disregards the distribution if the test statistic is greater than the

critical value. Lower AD values indicate a better fit. However, to compare how

well different distributions fit the data, this test combines the analysis with p-value

assessment procedure.

2. P-value: The P-value, or calculated probability, is the probability of finding the

observed, or more extreme, results when the null hypothesis of a study question

is true (the definition of ‘extreme’ depends on how the hypothesis is being tested)

[189]. P-value is also described in terms of rejecting the null hypothesis when it

is actually true, however, it is not a direct probability of this state. A high value

signifies a better fit. It is generally valid to compare p-values between distributions

and go with the highest. A low p-value (e.g., ≤ 0.05) indicates that the data does

not follow that distribution.
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3. Likelihood Ratio Test (LRT) P: The LRT p-value is used for 3-parameter

distributions only, a low value indicates that adding the third parameter is a

significant improvement over the 2-parameter version. A higher value suggests

that a two parameter distribution is the best fit for the data in consideration. AD

statistic and p-value measure the effectiveness of 2-parameter as well as 3-parameter

distributions. However, it becomes difficult to identify the best fit when different

parameter distributions from the same family produce high p-values. The study

additionally implements the LRT p-value measure as it provides stronger evidence

that the distribution fit is significantly improved by using an additional parameter.

The observed data could fit a family of continuous and discrete data distributions.

Possible continuous distributions include Beta, Cauchy, Chi-square, Exponential, Ex-

treme Value, F, Gamma, Geometric, Log-normal, Logistic, Log-logistic, Laplace, Normal,

Poisson, Smallest extreme Value, t, Uniform, and Weibull. The possible discrete

distributions include binomial, negative-binomial and Poisson. In the absence of observed

data, the distributions represent frequently used input variable statistics in previous

literature and past case studies on uncertainty quantification.

Copula-based Joint PDFs

Copula functions join uniform marginal distributions of random variables to form their

multivariate distribution functions [190]. Copulas are useful because they separate joint

distributions into two contributions (1) marginal distributions of each variable and (2)

copula as a measure of dependence.

Suppose that F and G denote two probability distribution functions (for example, one

corresponding to a triangular distribution, the other to a gamma distribution). Now we

can define the function C as

C(p, q) = φρ(F
−1(p), G−1(q)) (5.9)

for 0 ≤ p, q ≤ 1, where φρ denotes the CDF of a bivariate Gaussian distribution with

correlation coefficient −1 ≤ ρ ≤ 1, and F−1 and G−1 denote the inverses of F and G

(also called quantile functions). If now a pair of random variables (U, V ) have C as their
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Figure 5.6: Implemented copula method for modelling joint distributions. F and G
represent two input variables.

(bi-variate) probability distribution function, then U and V are statistically dependent

and have marginal distributions with distribution functions F and G.

The dependence structure summarised by a copula is invariant under increasing and

continuous transformations of the marginals [191]. The copula function produces a sample

using a MC simulation technique rather than depicting the dependence relationship of

more than two variables. It provides a feasible technique for simulating the dependant

variables.

The entropy of copula function determines the total correlation, which signifies

the information all variables have in common. The copula entropy can describe the

dependence degree and structural information without the limits of dimension and can

measure the dependence relationships between more than two variables. The entropy of

the copula function is

HC(P,Q) = −
∫ 1

0

∫ 1

0

C(p, q)dpdq (5.10)

where P and Q are the uniformly distributed random variables. The following equation

represents the mutual information on random variable X.
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I(X) = HC(X) (5.11)

HC(P,Q) = −E|lnC(P,Q)| (5.12)

The copula entropy can be calculated using the Monte Carlo method. The MC method

can avoid the calculation of joint and marginal entropy, and the evaluation is also direct.

The copula-based joint PDF modelling approach has been applied to identify the joint

distributions associated with different weather variables [192].

5.3.5 Uncertainty Propagation

BEPS results are often deterministic in nature (as the inputs are certain). Simulations

sometimes introduce pseudo-accuracy, creating a false sense of validity and engineering

rigor. Examining the impact of uncertainties enhances the robustness of simulation

results. With a classic building simulation, design decisions are mostly binary (either

a yes or a no). On the contrary, these decisions can be answered using probabilities with

UA. Uncertainty propagation aids in answering the design questions with probability

distributions rather than single point values as outputs. The propagation process

indicates how inputs might vary and quantifies the uncertainty in the result using a

sampling based technique. This method of uncertainty propagation is termed as external

uncertainty propagation and has the ability to maintain a well validated model.

This thesis implements the nested Fuzzy MC-based simulation to identify the

individual contributions of different types of uncertainty. Fuzzy Monte Carlo Analysis

(FMCA) is very intuitive and offers easy implementation over other UA methods.

Although intuitive and easy to implement compared to other uncertainty propagation

approaches, MC simulation using random sampling requires running many simulations

and generating many output files that can be time-consuming to process. The devised

methodology integrates the FMCA with another sampling method, LHS, which is a

stratified sampling method that divides the range of every input variable into N segments

(the specific sample size) with equal probability [116]. LHS is the most widely used

sampling method in the field of building energy analysis as this technique could produce

converged results with a considerably reduced number of samples.
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Figure 5.7: Implemented nested MC approach to quantify the uncertainty in heat demand.
N1 and N2 represent the number of outer and inner loop simulations.

Nested Fuzzy Monte Carlo Analysis

Nested MC approach, also known as 2D MC approach, has been quite widely used in

literature for the segregation of epistemic and aleatory uncertainties [193, 194, 195]. The

nested MC approach is an extension of MC simulation and employs two loops allowing

variability and uncertainty to be modelled separately. The variability is modelled in

the inner loop and the uncertainty in the outer loop. Nested MC analysis can produce

bounds on the output of a particular model at any credible level and takes into account

the parameter uncertainty for each random quantity in the model. One major advantage

of this approach is that it can be implemented with copulas to take account of any known

correlations between the random quantities in the model.

Nested FMCA, the approach implemented in this thesis, is similar to the nested MC

approach and uses a combination of probability and possibility theory to include imprecise

and probabilistic information in the UA model. PDFs indicate the variability in aleatory

variables and fuzzy numbers indicate the uncertainty in epistemic variables. Following

steps implement the procedure for carrying out the nested FMCA approach (Figure 5.7).
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1. Obtain the information regarding the PDF of elements in the model and the

uncertainty in parameters of the PDF.

2. Sample the epistemic variables in the first loop (or the outer loop) using any

sampling approach.

3. Sample the aleatory variables in the second loop treating the epistemic variables as

constant from the first loop.

4. Repeat Step 3 for sufficient number of iterations till required measures of uncertainty

are obtained from the simulation results. This is one time execution of the inner

loop, which evaluates the uncertainty from randomness.

5. Check for the number of times the first loop needs to be executed. If the number

is less than the predetermined number of iterations, then go to Step 2 and repeat

the sampling process for epistemic parameters and then enter the second loop.

6. Repeat Step 5 for a sufficient number of iterations of the outer loop to obtain a

family of curves. Each cumulative probability curve of these denote the uncertainty

due to randomness, while the spread is due to epistemic uncertainty in the

parameters of PDF.

5.3.6 Probabilistic Performance Assessment

This step concludes the uncertainty analysis framework and involves the presentation

of probabilistic model predictions using numerical indicators, such as mean, median,

standard deviation etc. or using typical graphical methods, for instance, histograms,

box plots, density plots etc. This thesis assesses the dynamic building behavior using

time-series energy plots and variations of time series energy data using box plots.

5.4 Demonstration Case and Discussion

UA in building performance assessment has become quite crucial as a number of factors

influencing the energy use in buildings are inherently uncertain. Past attempts to quantify

these uncertainties focus on only one type of uncertainty (either epistemic or aleatory).
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Most of these uncertainty studies evaluate the predictions based on the probabilistic

framework considering only aleatory uncertainty. Furthermore, a single probability

distribution defines these output predictions as uncertain inputs often associate with

a single priori probability distribution. As correlation structures dictate the variations in

individual parameters, it is crucial to identify the correlated parameters and include them

in the analysis. The devised methodology outlines an uncertainty framework to address

these challenges and identify, classify, quantify and propagate different uncertainties in

BEPS.

This section describes the workflow of the UA framework (detailed in Section 5.3)

when applied to a BEPS scenario for an office building. The identification of the limits

of uncertainty can be used to formulate benchmarks/baselines for several investigation

scenarios, for instance, when investigating the plausible retrofit measures. The building

analysis deploys an integrated uncertainty approach using uncertainty segregation, copula

identification and the FMCA technique. The uncertainty segregation process identifies

the appropriate method for input uncertainty treatment. The copula identification

evaluates the correlation structure between input variables. The FMCA technique

segregates the different uncertainty types based on inherent randomness. A second-order

grey-box RC network model represents the considered building structure. This model has

already been validated to be used for heat demand forecasting according to the ASHRAE

standards in a study published recently [196]. Moreover, detailed building time-of-use

data are available for this particular building, as required for further validation.

5.4.1 Description of the building

Figure 5.8: The chosen administrative building as the demonstration case study, (a) Revit
model, (b) Actual building.
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Figure 5.9: Second order grey-box RC network used for energy simulations. Ci and Ce
represent the internal and external heat capacities. φh and φs represent the radiator and
solar radiation fluxes. Rea and Rie represent the thermal resistances. Ti and Te represent
the internal and external temperature states. Aw represents the effective window area.

The chosen administrative building forms a part of the district heating network at

University College Dublin’s (UCD) campus (Figure 5.8). The building occupies an area of

3390 m2 and consists mainly of small offices. The occupancy pattern follows a typical 9AM

- 5PM office schedule. Measured energy consumption on 15 minute basis is available for

this building. The outer walls of the building consist of brick blocks insulated according

to Irish Building Regulations 2000 [156]. The building rests on an insulated floor slab

consisting of 30 mm insulation and 150 mm of cast concrete. The roof is flat and insulated

according to Irish Building Regulations 2000.

The office building is modelled using Dymola, which employs the Modelica language

in the back end for equation-based computations. The building model comprises of

two zones; these zones separate the exterior walls from the internal mass. The building

dynamics associate with a second order reduced grey-box RC network (Figure 5.9), which

consists of four model parameters. Ci represents the internal heat capacity while Ce

represents the external heat capacity. The building heating system constitutes of an ideal

heating device and the heating set-point temperature is set at 21◦C. Occupancy patterns

are deterministic in nature and the period of simulation is the month of February. These

simulation settings define the office building when performing the UA (as described in

Section 5.4.2).
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5.4.2 Uncertainty analysis of the office building

This section describes the implementation of the uncertainty analysis framework to

identify, characterize, quantify and propagate various uncertainties that are prevalent

in the grey-box energy model of an office building. The main objectives of the present

application are to investigate and segregate the influence of epistemic and aleatory

uncertainties onto the predicted space heating demand for the office building. The

following sections describe the different steps in the workflow of the framework for the

demonstration case.

Uncertainty Source Identification

The workflow of the uncertainty framework initiates with the source identification step.

This process identifies the following enlisted sources as uncertain in this research.

1. Weather: The weather characteristics belong to the category of stochastic input

uncertainty. The office building location is Dublin, Ireland that experiences an

oceanic temperate climate (according to Köppen-Geiger climate classification) with

few extremes of temperature and ample amount of precipitation in all months. The

yearly average dry-bulb temperature in Dublin is 9.8◦C. The warmest month on

average is July with an average dry-bulb temperature of 15.6◦C. The coolest month

on average is January, with an average temperature of 5.3◦C. The weather inputs

analyzed for uncertainty include ambient temperature (◦C), humidity (%), Direct

Normal Radiation (DNI) (W/m2), Direct Horizontal Radiation (DHI) (W/m2),

wind velocity (m/s) and wind direction (Deg).

2. Internal gains (W/m2): The internal gains fall into the category of input

uncertainties. This source of uncertainty includes heat gains due to lighting and

office equipment. The internal gains due to occupants represent a point estimate

input to the model. Although variations of the internal gains relate to occupant

control actions in an implicit manner, this model might not be the best proxy for

predicting the occupancy patterns. Occupant behavior modelling is outside the

scope of this paper.

151



3. Infiltration rate (ACH): This source of uncertainty classifies under input uncertain-

ties and has a significant impact on the space heating energy use of buildings. Often

expressed as Air Changes per Hour (ACH), infiltration involves the measurement

of airflow rate, required to pressurize the enclosure to 50 Pascals [197].

4. Grey-box model parameters: This source of uncertainty relates to model pa-

rameters. As this thesis implements an RC network model to represent the

office building, the main uncertain parameters include thermal resistance (◦C/kW)

and thermal capacitance (Wh/◦C). These parameters form a part of the inverse

uncertainty quantification process, detailed in Section 5.4.2.

Other sources of uncertainties such as building degradation due to age ageing

exist but these uncertainties can be considered to stay constant as these will require

historical building data which are typically unavailable for most buildings. Moreover,

the calibration process of the grey-box network indirectly accounts for in the analysis.

Furthermore, quantifying uncertainties in computational simulations, for instance,

numerical integration error or discretisation, requires separate representations of the

boundary conditions and excitation for the Partial Differential Equations (PDE) and

is outside the scope of this thesis.

Uncertainty Source Characterisation

The characterisation procedure follows the identification process and characterizes the

various uncertainties so as to identify an appropriate method to treat the identified

uncertainties. These uncertainties fall into different categories based on the following

two characterisation criteria (Table 5.2).

1. Data availability: Inputs such as weather data have available data for quantification

while inputs such as infiltration rates, do not have any available measured

data. Historical measured data are available for all the weather variables,

including, ambient temperature, humidity, DNI, DHI, wind velocity and wind

direction. Parameters, namely, internal gains, infiltration rates and grey-box model

parameters do not have any available measured data, and are derived from the

previous literature.
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Table 5.2: Uncertain parameters identified in the grey-box model along with their
respective characterisation. As only point estimates are available for internal gains, these
are considered as epistemic uncertainties and are treated using Fuzzy intervals. The
uncertainty is considered in the interval values rather than the occupancy schedules.

Uncertain Parameters
Data Available

Nature of
Uncertainty

Measured
data

Data from
literature

Aleatory Epistemic

Weather
variables

Temperature
Humidity
DNI
DHI
Wind velocity
Wind direction

X X

Internal gains
Equipment
Lighting

X X

Infiltration
rates

Air infiltration X X

Model
parameters

Resistance
Capacitance

X X X

2. Nature of uncertainty (Aleatory or Epistemic): Inputs such as solar irradiation are

stochastic and possess inherent randomness and thereby, fall under the aleatory

category. The weather variables exhibit random nature and hence, are aleatory

uncertainties. Inputs such as grey-box model parameters are point estimates and

exist due to lack of knowledge and thereby, represent epistemic uncertainties. Other

parameters in this category include internal gains, and infiltration rates. As only

point estimates are available for internal gains, these are considered as epistemic

uncertainties and are treated using Fuzzy intervals. The uncertainty is considered

in the interval values rather than the occupancy schedules [198].

Inverse Uncertainty Quantification

Specific to grey-box energy models, this step implements the Frequentist method of

classification to parameterize the model. This research evaluates the parameters of the

developed model using Continuous Time Stochastic Modeling (CTSM) in R, which uses

the MLE and automates the estimation procedure (Figure 5.10). CTSM-R is a free, open
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Figure 5.10: Implemented inverse uncertainty quantification procedure in CTSM-R to
identify the model parameters and quantify the associated uncertainties.

source and cross platform tool for identifying physical models using real time series data,

which can estimate embedded parameters in a continuous time stochastic state space

model [154]. By using a continuous time formulation of the dynamics and discrete time

measurements, the tool bridges the gap between physical and statistical modelling. It is

possible to generate both pure simulation and k-step prediction estimates of the states

and the outputs, filtered estimates of the states and, for nonlinear models, smoothed

estimates of the states.

The time series consists of the following variables, which represent the dynamics of

heat transfer equations.

1. Ti represents the average of all indoor temperatures (◦C).

2. Ta represents the ambient temperature (◦C).

3. φh is the heat input to the building (kW).

4. G is the global solar radiation (W/m2).

5. Ws is the wind speed (m/s).
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dTi = (
1

RieCi
(Te − Ti) +

1

Ci
Awφs +

1

Ci
φh)dt+ σidwi (5.13)

dTe = (
1

RieCe
(Ti − Te) +

1

ReaCe
(Ta − Te))dt+ σedwe (5.14)

where Ci and Ce represent the internal and external heat capacities. φh and φs

represent the radiator and solar radiation fluxes. Rea and Rie represent the thermal

resistances. Ti and Te represent the internal and external temperature states. Aw

represents the effective window area and σidwi and σedwe represent Wiener processes.

These equations estimate the model parameters for the considered second order grey-box

model (Table 5.3).

Table 5.3: Values of model parameters as identified using CTSM-R.

Model Parameters Unit Value

Thermal resistance ◦C/kW
Rea 11.15 ± 0.010

Rie 49.81 ± 0.007

Thermal capacitance kWh/ ◦C
Ce 1.050 ± 0.012

Ci 17.57 ± 0.052

Uncertainty Quantification

The uncertainty quantification procedure aims to represent and quantify the different

uncertainty types through statistical techniques. As mentioned in Section 5.3.4, this

process consists of following three crucial steps:

1. Fuzzy set identification for epistemic variables: This step follows the guidelines of

fuzzy set theory to obtain the membership functions associated with the individual

epistemic variables. As illustrated in Table 5.2, internal gains, infiltration rates

and grey-box model parameters fall under the category of epistemic uncertainties.

These variables can be associated with membership functions/PDFs to represent

the crisp sets/intervals respectively.

As the crisp sets/intervals enfold minimum-maximum values, triangular distribu-

tions represent the best fit for the uncertain epistemic variables. These distributions
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are the optimal choice to deal with epistemic uncertainty as in a real-life situation,

it is possible to estimate the maximum and minimum values, and the most likely

outcome, even if the data related to the mean standard deviation is unavailable.

Furthermore, the triangular distribution has a definite upper and lower limit, and

hence unwanted extreme values can be avoided from the analysis. The process uses

interval limits to estimate the membership function. For instance, the values of

equipment and lighting heat gains lie in the range of 8 - 12 W/m2 and 6 - 12 W/m2

as identified from the literature [3, 116]. Triangular distributions (membership

functions) can represent these crisp sets using the minimum and maximum values

(Figure 5.11). Another parameter of interest is the location where peak would

occur. For simplification, the peak location is taken as the midpoint of the interval

in this research. This parameter can often be enriched using more sampled data.

Similarly, triangular distribution represents the best fit for infiltration rates (Figure

5.13). Again, due to unavailability of data, interval limits for air infiltration rate

(0.1 - 0.25 ACH) are taken from the literature [3].

Table 3 lists the interval limits of grey-box model parameters estimated in the

inverse uncertainty quantification process. Henceforth, the estimation of triangular

distributions is quite straightforward (Figure 5.12). Individual grey-box parameters

Figure 5.11: Fuzzy set triangular distribution of heat gains to quantify the epistemic
uncertainty [3].
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Figure 5.12: Fuzzy set triangular distribution of grey-box model parameters to quantify
the epistemic uncertainty. (a) Triangular distribution for thermal resistance (Rea),
(b) Triangular distribution for thermal resistance (Rie), (c) Triangular distribution for
thermal capacitance (Ce), and (d) Triangular distribution for thermal capacitance (Ci)).
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Figure 5.13: Fuzzy set triangular distribution of air infiltration rate to quantify the
epistemic uncertainty [3].

have their own triangular distributions as depicted in Figure 5.12(a), (b), (c), and

(d).

2. PDF identification for aleatory variables:

The PDF identification involves the weather variables, which are entirely stochastic

and random. To account for the variability of the weather data, this thesis

implements a method to devise the hourly PDFs/CDFs of different weather

variables. We will illustrate the method for one of the weather variables, Hourly

Ambient Temperature T(tn) where tn is the number of hours in a day (1, 2, 3....., 24).

Considering the month of February, the time series in Figure 5.14(a) represents the

hourly ambient temperature. This process superimposes the hourly data over 24h

(Figure 5.14(b)) to extract the statistical information, namely, hourly mean T (tj)

and residuals (Figure 5.14(c) and Figure 5.14(d)). These residuals give an estimate

of the auto-correlation function and associated hourly CDFs (Figure 5.14(e) and

Figure 5.14(f)). Correlation coefficient represents the dependency of the data at

time tj with the data at time tj−1.

A similar procedure can be applied to other variables, i.e., humidity, DNI, DHI, wind

velocity, and wind direction. Although it can be assumed that the deterministic

part, hourly mean, contains sufficient information about the cross-correlation
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Figure 5.14: Implemented PDF identification procedure for ambient temperature for the
month of February. (a) Hourly outdoor air temperature over 28 days, (b) 28 hourly
temperature profiles over the entire month, (c) hourly mean (d) estimated residual signals,
(e) auto-correlation function and (f) estimated hourly empirical CDFs.

structure among the input variables, this research also implements copula modelling

to account for the dependency among ambient temperature and global solar

radiation. Furthermore, the hourly cumulative distribution functions can vary

significantly from 1h to another and do not represent Gaussian distributions. Hence,

it is important to account for hourly CDF to generate weather data with the desired

statistics. The formulated statistics, namely, hourly mean, the auto-correlation

function and hourly CDFs generate weather sequences

3. Copula identification for correlated variables: Copula modelling handles the

dependency structure between ambient temperature and global solar radiation.

Copulas are able to generate dependant bivariate distributions. A scatter histogram

plot represents the relationship between the two variables. Since a copula captures
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Figure 5.15: Scatter histogram plot of measured data for joint modelling of ambient
temperature and global solar radiation to account for the correlation using copulas.

Figure 5.16: Scatter histogram plot of the generated draws from the identified copula for
uncertainty simulations.

the joint behavior, the identified relationship will eventually aid in the identification

of the copula with the best fit. Figure 5.15 illustrates the dependency structure

between ambient temperature and global solar radiation variables obtained using

measured data.

Fitting a copula involves a series of minute processes. We, first, transformed the

data to the copula scale (unit square) using a kernel estimator of the CDF. After

the identification of the best fit, we generated a random sample from the identified

copula. This random sample is then transformed back to the original scale of the

data. It is worthwhile to note that the generated draws reproduce the pattern of the
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Figure 5.17: PDF of the identified copula demonstrating the correlation between ambient
temperature and global solar radiation.

selected weather data (Figure 5.16). In particular, the draws reproduce two modes

localised around 5◦C and 10◦C effectively. The generated draws over samples a few

regions (especially for extreme temperatures ≤ -3◦C and ≥ 12◦C).

Combining the ambient temperature and global solar radiation variables, a PDF of

the copula can produce samples of both the variables simultaneously (Figure 5.17).

Uncertainty Propagation

Uncertainty propagation deals with the quantification of uncertain outputs through the

use of quantified inputs. The devised framework compares two methods, namely, MC

and 2D FMCA in their ability to quantify the uncertain outputs. This thesis defines the

following criteria to interpret the various output results, as discussed thereafter.

• Discrepancies in the measured and estimated heat energy consumption PDFs

• Variations in heat energy consumption CDFs due to correlations in input variables

• Contribution of epistemic and aleatory uncertainties

The heat energy consumption is assessed for the month of February. It is quite

evident from Figure 5.18 that daily heat energy consumption estimated by the 2D FMCA
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Figure 5.18: Comparison of the daily heat energy consumption as estimated by MC and
2D FMCA approaches with the measured consumption.

approach is close to the measured consumption. The MC approach overestimates the daily

heat energy consumption by 50 kWh. This clearly aligns with the fact that a gap often

exists between measured and estimated energy consumption; an over estimation factor

of 2 to 3 might persist in BEPS studies [199].

The gaps existing in BEPS can arise from various sources; one of the prominent sources

include uncertainty. There are uncertainties present in the energy model itself. A building

model, either an analytical or a simulated model, aims to represent the building under

real conditions. The use of improper methods or incorrect input data would eventually

increase the amount of uncertainty. Furthermore, even with an accurate model, the user

requires certain expertise and knowledge to put it to use. Uncertainties also result from

measurements and devices used for data acquisition. Sometimes these measurements

could maximize the deviations in the estimated consumption. Furthermore, uncertainty

could arise from the variability in dynamic data. The variability in factors, such as,

temperature is fairly unpredictable and poses a huge quantification challenge.

This thesis quantifies the aforementioned uncertainties and compares the MC and

2D FMCA techniques of uncertainty propagation. These two approaches quantify the

uncertainty in heat energy consumption with relatively low variations (Figure 5.19). Each
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Figure 5.19: Comparison of the hourly heat energy consumption probability plots estimated
using the MC and 2D MC approaches with the measured consumption.

method offers its own limitations and advantages and, hence, selection of an appropriate

method depends on the user and area of application.

Copulas, devised in Section 5.4.2, consider the dependency structure (correlation)

between two variables while propagating the associated uncertainties. The 2D FMCA

approach implements these copulas to identify the effect of correlated ambient tempera-

ture and global solar radiation variables on uncertainty propagation. It can be inferred

that the PDF with correlation does not match with the PDF without correlation for lower

values of heat energy consumption, suggesting that the correlation structure of these two

variable has an influence on the heat energy consumption (Figure 5.20). It is worthwhile

to note that variables, such as, ambient temperature and relative humidity also have a

high correlation coefficient. This correlation has been partly accounted for in the hourly

mean of these two inputs and their respective stochastic variables. Moreover, studies have

also shown that the building energy needs depend neither on outdoor relative humidity

nor on the wind speed and direction. Therefore, the model response uncertainty would

remain unchanged even if the correlation structure was accounted for.

Segregation of uncertainties into epistemic and aleatory categories is of paramount

importance for uncertainty quantification and propagation. This separation usually

163



Figure 5.20: Comparison of the hourly heat energy consumption probability plots with and
without correlation.

results into a family of probability plots, which signify the dominance of the individual

category. Each individual plot represents aleatory uncertainty and the spread of plots

represents epistemic uncertainty (Figure 5.21). Based on these plots, aleatory and

epistemic uncertainties share an equal dominance in daily heat energy consumption.

Improved information in all fields will enhance the estimate of outputs. It is worthwhile

to note that reduction in the spread of the plot (epistemic uncertainty) is possible

through acquiring more knowledge of the building in consideration. However, the aleatory

uncertainty in each plot can only be quantified (and not reduced) through enhanced

quantification methods. These results could eventually be used to devise future scenarios

with regard to possible shifts in the cooling or heating demand patterns due to the shift

in climate. Furthermore, the results could identify the need for additional data collection

procedures, for instance, to improve the calibration effectiveness of grey-box models.
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Figure 5.21: Cumulative probability plots (fitted) of heat energy consumption from 2D
FMCA approach. The individual arrows signify the epistemic spread of uncertainty in
the heat energy consumption.

The UA of the demonstration case study highlights the importance of quantifying

uncertainties in BEPS studies. The uncertainty framework lays out a foundation to

identify, characterize, quantify and propagate various uncertainties in the analyzed

office building. The identified uncertainties, both aleatory and epistemic, introduce

a gap in the estimated energy consumption. The characterisation and quantification

processes determine suitable methods to quantify the two categories of uncertainty. The

corresponding uncertain limits obtained in the propagation process relate to uncertainties

in individual variables. It is worthwhile to note that these limits will eventually aid in

identifying the influence of individual uncertain variables on the output variable, which

is the heat energy consumption for the considered case study.

5.5 Chapter Summary

This chapter formulated an integrated uncertainty framework to identify, segregate

and quantify the uncertainties in the building energy grey-box models identified using

the generalisation approach of Chapter 3 (Objective 3). The proposed framework

addresses different types of uncertainties (through the characterisation procedure) and

existing correlations between variables (using copulas). The devised framework further
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implements the FMCA technique to propagate different sources of uncertainties in the

building energy system. FMCA establishes the dominance of each uncertainty type,

which will aid in prioritizing the uncertain areas of interest.

UA is receiving increased attention in BEPS, as variables influencing the thermal

performance, such as weather, occupant behaviors and thermal properties are uncertain.

These variables either inherit a random behavior or are uncertain in nature due to lack

of knowledge. Moreover, a correlation structure usually exists between these variables.

It often becomes difficult for stakeholders to devise scenarios or make informed decisions

when using simulation results without uncertainty quantification. Implementation of the

UA without uncertainty characterisation often leads to erroneous inferences. Aleatory

uncertainty is unavoidable and must be accounted for in prediction models; however,

it is not directly pertinent to decisions about risk and uncertainty reduction because

its contribution cannot be eliminated. On the other hand, information about epistemic

uncertainty directly supports decisions about data collection and model improvement.

It is worthwhile to note that the devised framework could be used to quantify

uncertainties for any building irrespective of the location. Although the findings could

be generalised for other locations, the decision to tackle different sources of uncertainty

depends on the requirements of the stakeholders. For instance, it is at the sole discretion

of the decision maker to prioritize data collection of uncertain parameters when dealing

with epistemic uncertainties. Furthermore, the individual dominance of each uncertainty

category might vary on the basis of existing climate conditions.
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CHAPTER

SIX

CONCLUSIONS AND FUTURE WORK

6.1 Summary

This research outlines a hypothesis that a generalisation approach based on building

parameters would simplify the grey-box development process for commercial buildings

and enhance the scalability and flexibility of such networks and further, would increase the

network’s deployability at a large scale. Such grey-box networks facilitate the estimation

of a building’s space heating demand and evaluation of various thermal retrofit scenarios.

Identification of a suitable model for a specific application poses a significant challenge to

energy modellers. Furthermore, given the complex nature of building operation, it is of

paramount importance to achieve a trade-off between model complexity and the desired

accuracy. Even with a suitable model, the deterministic outputs of energy simulations

need to probabilistically quantified due to numerous sources of uncertainties in simulation

parameters. Uncertainty quantification is crucial to build confidence in the traditional

deterministic outputs that are inherently uncertain.

In this context, this thesis focusses on three research question and three crucial

objectives, which form the three phases of the proposed research. Research Question

1 examines, “How would generalisation of grey-box reduced-order models reduce the

complexities (in terms of network order) involved in the energy modelling process of

commercial buildings?”. Henceforth, objective 1 (or phase 1) focusses on the formulation

of a generalized framework for grey-box model development. Section 3.3 addresses
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this objective and defines the influential building parameters and the workflow of

the generalisation framework. Identified building parameters include building meta-

information, for instance, building size and windows area and building operational

characteristics, for instance, building function and heat demand. These act as

inputs to the model formulation process for model order identification and network

parameterisation procedures.

Having addressed Research Question 1, the research further focussed on Research

Question 2 that examines, “How well are generalised grey-box models capable of reproduc-

ing and quantifying model features such as scalability, flexibility and interoperability for

commercial buildings?”. Henceforth, objective 2 (or phase 2) concentrates on the feature

assessment of the developed grey-box models, which estimate the space heating demand

of individual buildings as well as building clusters. Section 4.3 discusses the overarching

feature assessment framework, which further branches out into sub-methodologies to

assess scalability, flexibility and interoperability. Previous research often omit the

implementation of an integrated framework to test and evaluate model features for

different applications. Chapter 4 addresses Research Question 2 by proposing feature

assessment frameworks to test the developed grey-box building energy models in terms of

their suitability and desired scope. This research proposes an overarching framework to

evaluate the scalability, flexibility and interoperability associated with grey-box models

through the assessment of the model accuracy and complexity.

As new design ideas and technologies push the envelope of building performance,

performance evaluation needs to be justified by building energy performance simulation.

The deterministic model predictions only provide limited confidence in any building’s

energy performance. It has become crucial to investigate the accuracy, validity and

relevance of the developed models for building simulation. As detailed BEPS models

involve several thousand input parameters, the uncertainty introduced by each can

invalidate the entire simulation result. Even though grey-box models use a limited number

of these parameters, the uncertainties still propagate when evaluating the building energy

performance. Therefore, the need for uncertainty analysis in building simulation is quite

evident. Research question 3 examines, “What are the permissible uncertainty limits in

grey-box model parameters for the implementation of developed models according to the
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needs of different stockholders (building managers, building energy analysts and building

system designers) in the energy system?”. Henceforth, the final objective 3 or phase 3 of

this research employs novel techniques for uncertainty quantification and propagation to

model uncertainties in building energy performance simulation. Section 5.3 outlines the

workflow of the proposed uncertainty quantification framework.

The thesis proposes an uncertainty analysis framework to effectively recognize,

identify, characterize and quantify the different sources of uncertainty in building energy

performance simulation (Chapter 5). The proposed framework provides a connection

between the fundamentals of uncertainty quantification and features of building energy

analysis. The workflow includes five major steps to perform uncertainty analysis,

namely, uncertainty source identification, uncertainty characterisation, uncertainty

quantification, uncertainty propagation and probabilistic performance assessment. The

framework stresses the importance of uncertainty characterisation and segregation as

every uncertainty needs to be treated in a different manner. The devised framework

provides a firm foundation for performing different types of uncertainty analysis, and

eventually enhance the quality of building energy performance simulation models. Two-

dimensional Monte Carlo analysis is crucial to discern the impact of aleatory uncertainty

(natural variation) and epistemic uncertainty (lack of knowledge). While aleatory factors

include weather inputs, epistemic factors include model parameters, heat gains and

infiltration rates. As the uncertainty in the prediction of building heating depends on

aleatory as well as epistemic factors, building energy modellers would have to address

natural variations and uncertainty in building geometric, HVAC system and operational

parameters to build confidence in simulation results.

6.2 Research Conclusions

With the advent of automated sensing and information and communication technologies,

it has become relatively easier to obtain building monitoring data. This eventually

opens up a plethora of opportunities when implementing energy efficient retrofits in

existing buildings. Space heating forms a major component of the overall building energy

consumption, which could be significantly reduced by enhancing the thermal performance
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of buildings [6]. Grey-box building energy models are becoming extremely popular for

modelling the building thermal energy performance and subsequently evaluating base case

energy consumption and establish efficiency scenarios, implementing model predictive

control and forecasting the building thermal behavior. However, grey-box building energy

models have a complex structure for mixed-use and multi-zone buildings. Moreover, the

grey-box building model identification process to identify the model structure follows a

time-consuming iterative selection strategy.

This research introduces a generalisation approach to grey-box model development

(addressed in Chapter 3) using easily identifiable building parameters. The devised

approach reduces the complexities associated with the identification of the network order

while maintaining the desired level of accuracy. The approach provides additional insights

and information for designers considering novel alternative design approaches, where

prior information may not be readily available. The task of modelling energy in buildings

becomes more and more challenging as the associated scale (city/district/urban) changes.

It is often difficult to gather geometric and non-geometric data associated with each and

every building at an urban scale. Detailed building models (or white-box models) are

often non-scalable owing to the resource intensive nature of model development. Grey-

box models, on the other hand, are scalable upto a certain extent provided the underlying

model development approach is generalisable. The proposed approach facilitates energy

modelling of buildings at an urban scale owing to the use of easily identifiable building

parameters and hence, reproduces models for different buildings. The developed approach

uses grey-box networks to identify the space heating energy signature of buildings that

also includes details about the energy dynamics inside the building. The knowledge of

dynamics is essential in the identification of cost effective energy retrofits for any building

in consideration. Alongside, simplified networks identified using the devised approach are

also crucial in the integration of thermal networks with other energy vectors, for instance,

electricity. These networks are electrical equivalents of resistance and capacitance and

thereby, provide a common platform for an integrated analysis of energy performance.

The developed feature assessment frameworks allows rapid and accurate creation of

grey-box building energy models at multiple modelling levels. The results of feature

assessment support the current need for the assessment of space-heating consumption
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patterns for the commercial building stock. The framework could be further extended

to study the post-retrofit heat consumption patterns at the individual building as well

as the district scale. The devised feature assessment frameworks facilitate efficient

selection of model characteristics taking into account the scope and requirements of the

building systems under consideration. As energy systems integration enhances the overall

operation efficiency, these frameworks facilitate the evaluation of an individual building’s

ability to participate in the energy integration process as prosumers. Building managers

and grid operators could achieve significant reductions in peak heat demand as buildings

and industrial energy use/consumption drive system peak demand. Ultimately, inter-

operable buildings could enhance the deployment of distributed generation.

Uncertainty segregation and quantification would help the associated stakeholders

evaluate energy prediction ranges under various possibilistic-probabilistic scenarios for

facilitating decision making and design optimisation. Sources of aleatory uncertainty can

be used to devise plausible future scenarios, for instance, modelling the effects of climate

change on building heating and cooling demand. On the other hand, modelling epistemic

uncertainties directly support decisions regarding data collection and model improvement.

More advanced and comprehensive uncertainty analysis techniques (such as the Fuzzy

Monte Carlo Approach) provide more meaningful and trustworthy information to decision

makers than simple uncertainty analysis techniques (such as Monte Carlo analysis).

A probabilistic framework employing advanced techniques would allow stakeholders to

identify influential inputs by considering the factors behind the risks in a given family of

distributions. In terms of risk-based design support management, advanced uncertainty

analysis techniques tend to perform significantly better when considering decision makers’

preferences.

To validate the deployability of the proposed frameworks, test case demonstrations

include real-time (university campus buildings) as well as archetype buildings (U.S.

DOE archetypes). The demonstration cases indicate the suitability of the proposed

generalisation frameworks to identify grey-box building energy models as per the required

scope, building complexity and model accuracy. These grey-box networks model the

thermal behaviour of buildings and estimate the space heating demand. The contributions

from this thesis address six major concerns of energy modellers in the building simulation
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community, namely automated and accurate model building model generation, model

complexity, model scalability, model flexibility, building systems integration and model

uncertainties. By adopting a generalised approach, this research demonstrates that it

is possible to simplify the model generation process given the relationships between

different building parameters are explicitly stated. The relevance of this solution could

facilitate the modelling of district energy systems and identify new areas of research in

the development of BEPS and urban BEPS modelling approaches. Additionally, the

adaptable nature of the proposed solution could enhance the current system integration

between buildings in a building cluster and between building clusters and the electric

grid.

The devised grey-box model structures aid the evaluation of energy efficiency of

building systems, with a focus on thermal energy systems in particular. These models

provide cost-effective alternatives to building energy managers when implementing

model predictive control. The devised model development framework provides an easy-

to-use and effective solution for prediction and control of indoor air temperatures.

Hybrid (inverse or grey-box) building energy modelling techniques are gaining immense

popularity in the BEPS domain. The proposed hybrid modelling approach provides

significantly accurate estimates of the space heating use in buildings. These models could

be used to study the effects of imposing energy efficiency measures, particularly related

to heating systems. The optimal balance between complexity and accuracy makes such

models a powerful tool to inform policymakers of the energy use and thereby, identify

investments in energy-conversation measures for the commercial building stock.

Feature assessment frameworks produce scalable and flexible models that facilitate

urban energy modelling of building stocks and subsequent evaluation of retrofit strategies.

Furthermore, these models provide flexibility to account for any modifications in the

thermal energy systems. The generalised model structures facilitate component modelling

for larger and complex energy systems. Energy modellers and practitioners could use

these grey-box models to enhance their understanding of system parameters that lead

to significant errors in energy predictions. The devised approach further aids demand

management in buildings through the use of HVAC and water heating systems. The

presented assessment frameworks provide a means to stabilise the load factor during
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peak hours, enhance system reliability and efficiency and reduce operational costs.

Buildings have the potential to play a critical role in the realisation of any grid

modernization solution. The devised interoperability framework enables an integrated

energy system network. As buildings and industrial energy use/consumption drive peak

system heat demand, such reductions can be made possible through the use of the

devised framework. Ultimately, interoperable buildings could enhance the deployment

of distributed generation.

The proposed models are ideal for modelling uncertainties due to different end

uses or behaviour of occupants. Such models are able to achieve accurate results

in a relatively small number of simulations. Designers could implement the devised

uncertainty framework to classify uncertainties for quality assurance and thereby, keep

track of design variations during the planning process. As building mass or orientation

are often unknown, the consideration of design uncertainties improves and facilitates

decision support during design. The proposed framework enables the identification and

quantification of uncertainties over the different stages of building design. Moreover,

energy modellers could implement the uncertainty metric in the identification of grey-

box models along with other metrics, namely, complexity and accuracy as increasing

the number of model parameters (model order) increases the uncertainties in the output

energy simulations. Policymakers could use the framework to devise future probabilistic

scenarios related to changes in climate and subsequent changes in the heating or cooling

consumption patterns.

Grey-box models reflect a very promising building energy modelling approach for the

near future and the devised approach in this thesis provides a firm foundation for further

development of these models. These models are instrumental when a building physical

model is available although with sparse information and therefore, need to be enriched

with further details.

6.3 Contributions to Research

The development of detailed building models (using Building Energy Performance

Simulation (BEPS) tools) often requires detailed geometric and non-geometric data and
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therefore, is not a cost-effective solution for evaluation of energy-efficient retrofits [77]. As

each individual building differs in terms of structural parameters and nature of operation,

developing a detailed model for each building would be impractical [200]. Furthermore,

owing to the existing complex and inter-dependant relationships in the system network,

detailed building models often turn out to be computationally intensive [93]. Therefore, it

is crucial to devise modelling approaches that utilise sparse data and represent the actual

behaviour of the building under study. Grey-box modelling is one such approach, which

has been used on a wide scale [201]. While grey-box building energy models have been

widely implemented, the applicability of these models has often been specific to particular

applications and stakeholders. Furthermore, scalability of these models is limited by the

network order that defines the level of complexity incorporated in the devised model.

Reduced-order grey-box models can counter these drawbacks through achieving a trade-

off between the network order and the desired accuracy. There is a need for a generalisable

framework to address the limitations associated with grey-box networks.

The first contribution of this thesis addresses the non-generalizable nature of grey-

box models. This thesis formulates a novel generalisable framework which identifies grey-

box networks for different types of buildings (Chapter 3). The approach utilises easily

identifiable building parameters, such as gross floor areas and window area to identify

the network order. Different parameters that can be directly or indirectly linked to the

parameters of the grey-box network are included in the framework of the generalisation

approach. Physical parameters and the nature of operation of individual buildings

constitute the key elements of the developed framework. The framework also relies on the

retrofit history and installed HVAC system to deduce the order of the grey-box network.

Given the importance of energy models, in building research and practice, an

inappropriate model could result in inappropriate decisions and poor policy perceptions.

As the number of these models continue to grow, the model characteristics and features

vary considerably. It is crucial to define these features to identify the characteristics

most suited for a certain purpose and situation. Considering the diversity of the possible

characterisation approaches, the second contribution of this thesis aims to define and

assess a set of basic and derived features for reduced-order grey-box models through a

generalizable framework that would act as a decision support tool in the identification
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of appropriate model characteristics (Chapter 4). This thesis proposes an integrated

methodology to test and evaluate model features, namely, scalability, flexibility, and

interoperability for reduced-order grey-box models. The approach introduces novelty in

defining, testing, and evaluating the model features. The devised feature assessment

methodology introduces sub-methodologies for individual features that act as assessment

frameworks.

The physical relationships as defined in the BEPS tools employ numerous parameters,

the details of which are often not available to modelers [174]. Energy modelers either

extract the parameters from previous literature or set the parameters to default values and

best educated guesses due to which the simulation results might differ significantly from

field measurements [3]. Furthermore, building simulation often requires simplifications

and assumptions that adds to the difference between actual and predicted energy

consumption and limits the confidence in simulation results. These uncertainties in the

results are seldomly quantified creating a false sense of validity and engineering rigor [175].

If a building simulation is considered to be a decision support instrument, it is crucial to

identify and quantify the uncertainties to effectively use the BEPS results [37]. The third

contribution of this thesis involves a generalised consolidated implementation of state of

art concepts to account for various factors affecting the uncertainty analysis of building

energy performance simulation models (Chapter 5). For instance, this thesis proposes

joint modelling of different uncertainty types using a second-order probability technique,

integrates this technique with copulas to generate correlated samples and considers

stochastically generated weather sequences for the demonstrated case study. The main

aim of this integrated approach is not only to identify and compare the traditionally used

uncertainty analysis techniques in building energy performance simulation domain but

also to facilitate design and control decisions at the individual building level as well as

the building stock level.

The feasibility of the proposed methodology is tested for a range of commercial

buildings, including an office building, a restaurant, a student centre, university campus

classrooms and U.S. Department of Energy (DOE) commercial reference buildings. The

demonstration cases involves real-time as well as archetype commercial buildings. The

outcomes of this research clearly establish the viability of the proposed novel frameworks

175



and methodologies to facilitate an automated generation of grey-box building energy

models that are well quantified in terms of model features and associated uncertainties.

6.4 Limitations

The BEPS domain has experienced a significant increase in the number of underlying

modelling techniques and approaches over the past few years. These devised techniques

use different variants of the established white-box, grey-box and black-box models.

Considering the overall spectra of the modelling techniques, it becomes crucial to

evaluate the characteristics that identify model applicability and suitability for a specific

application. This research defines an integrated framework to assess reduced-order

grey-box model features. The highlights of the framework involve generalised grey-

box model development and feature testing processes that identify the experimentation

requirements to assess the scalability, flexibility and interoperability of grey-box networks.

The devised DOE archetype case studies provide an effective and a holistic overview of

the respective feature potential of each building using pre-defined KPIs. Although the

proposed approach lays out a strong foundation for model feature assessment, there are

certain challenges associated with the feature testing procedures of scalability, flexibility

and interoperability.

When implementing multi-level modelling to assess the scalability feature, the test

building will lose a few dynamics upon the aggregation of the zone level dynamics to

obtain the building level profiles. Although these dynamics could be revived through

an additional state variable, this will eventually increase the complexity of the existing

grey-box network. As such, the process will require a trade-off analysis to identify the

significance of increased model complexity over accuracy. Another interesting fact relates

to building function. For buildings with a simplified zone volume use (office building), a

zone model would yield accurate results at the whole building level. However, a similar

scenario might not be observed for a building with varied zone volume use (hospital),

which suggests the non-scalable nature of these buildings.

When implementing design scenario modelling to assess flexibility, one significant

challenge with grey-box models is to address the issue of over fitting the model parameters.
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A good fit of model predictions to the measured data is often considered for validating

the model. However, it should be noted that if a model is flexible enough to fit several

design scenarios, identification of a good fit becomes less meaningful. With enhanced

building dynamics, the associated grey-box model need to be compensated with additional

complexity at the same level. Furthermore, the accessibility of these design scenarios

could be enhanced through a grey-box model parameter database that corresponds to

the introduced design variations.

When implementing scenario optimisation modelling to assess interoperability, the

type of buildings in the considered building cluster define the demand alteration scenarios.

It is crucial to identify a set of buildings that have varied building operation for

interoperability to actually work. Furthermore, time constant is as crucial as the C-

value but is often overlooked when assessing the building’s thermal mass. For instance, a

low thermal mass building with low conductance would respond more quickly to internal

heat gains than a high thermal mass building with higher conductance although both

buildings represent a similar time constant.

Another limitation concerns the demonstration cases using the DOE archetypes.

Although the DOE archetypes represent reasonably realistic building characteristics and

nature of operation, the use of simulated heat demand profiles is closer to an almost ideal

building function. As commercial buildings often differ in their day to day operations,

these profiles do not represent the entire system dynamics.

One of the limitations pertinent to UA concerns the occupant behavior, which has

been only partly accounted for using uncertainties in equipment and lighting heat gains.

Uncertainties in the behavior of building occupants limit the ability of energy models to

accurately predict actual building performance. Empirical data shows that the energy

use of different occupants under identical circumstances can vary by as much as 200-

300%. Hence, it is quite crucial to quantify the impact of the uncertainty introduced from

occupant behavior assumptions on BEPS results. Further, the type of input sampling also

influences the output uncertainty predictions. This study implements the LHS sampling

technique that delivered a fast convergence for the considered demonstration case. The

LHS technique may not produce a similar convergence for other demonstration cases.

Hence, a comparison of sampling techniques would help identify an optimal convergence
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before uncertainty propagation. Furthermore, as only point estimates are available for

internal gains, these are considered as epistemic uncertainties and are treated using Fuzzy

intervals. The uncertainty is considered in the interval values rather than the occupancy

schedules

It should be noted that 2D FMCA segregates the effect of each uncertainty type for

heat demand predictions. The method identifies the individual dominance of aleatory

and epistemic uncertainty categories using cumulative distribution plots. However, to

determine the effect of each uncertain parameter on heat demand predictions, a local

or global sensitivity analysis could be conducted. The regression method has been

extensively employed for sensitivity analysis in BEPS. Measures such as the standardized

regression coefficient, partial correlation coefficient and rank transformation indicate the

influence of each parameter on heat demand predictions. From an observational point

of view, uncertainty related to the calibration process of grey-box models has a major

influence on the heat demand and could be improved using high-resolution data.

It is worthwhile to mention the added value of the Bayesian approach when

implemented in the inverse uncertainty quantification procedure of the uncertainty

framework. Bayesian techniques incorporate expert knowledge with measurements in

the model calibration process. These techniques assign prior distributions to unknown

parameters that quantify prior beliefs about true parameter values. Measurements then

update these prior distributions using Bayes’ theorem in which the likelihood of matching

observations with model predictions drives the update procedure. Bayesian techniques

have been widely used in estimating unknown parameters in building energy models.

Implementation of a Bayesian calibration procedure for this study would improve the prior

triangular distributions associated with grey-box model parameters, infiltration rate, and

equipment and lighting heating gains. The resulting posterior distributions would not

only enhance the understanding of parameter values but improve the prediction power of

the energy model for the particular building under consideration.

It is worthwhile to note that the devised framework could be used to quantify

uncertainties for any building irrespective of the location. Although the findings could

be generalized for other locations, the decision to tackle different sources of uncertainty

depends on the requirements of the stakeholders. For instance, it is at the sole discretion
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of the decision maker to prioritize data collection of uncertain parameters when dealing

with epistemic uncertainties. Furthermore, the individual dominance of each uncertainty

category might vary on the basis of existing climate conditions. To summarize, UA forms

an integral part of BEPS, and henceforth, requires a generalized integrated framework

for quantification and propagation. Furthermore, identification of an appropriate UA

technique plays a key role in obtaining the confidence in simulation results.

6.5 Future Work

Although the proposed framework covered several aspects surrounding grey-box model

order development, there still remain a few possibilities to enhance the value of this

research. A list of future work directions that could build on the current investigation

are outlined below.

6.5.1 Additional Real-time Building Test Cases

Although the test case demonstrations for grey-box model generation include both real-

time and reference buildings, the number of tested real-time buildings are limited when

compared to the reference buildings. Real-time buildings with varied operation would

significantly enhance the value of this research.

6.5.2 Parameter Enrichment Database

The identified grey-box models always need to parameterised before their implication for

model predictive control or load forecasting. An enrichment procedure would facilitate

the parameter identification procedure to identify the optimal initial guesses. This would

eventually benefit through a parameter enrichment database that stores the parameter

estimates of past building operation and building meta-information.

6.5.3 Sensitivity-Uncertainty Analysis

In the event the uncertainty analysis involves numerous parameters, sensitivity analysis

would help in the identification of influential factors. Furthermore, an application of the
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uncertainty analysis framework might involve the use of black-box models to lighten the

computational load.

6.5.4 Occupant Behavior Integration with Uncertainty

Uncertainty analysis could be linked to aspects for instance, work productivity, to

generate actionable information. Moreover, occupant behavior has a significant influence

on building energy performance. Implicit occupant models might be integrated to

simulate the variations of occupant behavior.
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APPENDIX

A

APPENDIX A

A.1 Description of the DOE Commercial Building

Cluster

The building cluster consists of 16 commercial prototype building models published by

the U.S. Department of Energy. These models are instrumental in the development of

commercial building codes and standards. The 16 reference building types represent a

majority of the commercial buildings (70%) in the U.S. across different climate zones.

Each archetype represents a different zone space use in terms of the total floor area.

The corresponding EnergyPlus models provide a consistent baseline for comparison to

evaluate the existing building energy performance.

The zone space use of six archetypes is illustrated in Section 4.4. Figure A.1 and

Figure A.2 illustrate the zone space use of the remaining twelve archetypes. Except the

warehouse, other archetypes represent multi-zone space use with at least four different

zones.
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(a) (b)

(c) (d)

(e) (f)

Figure A.1: : (a) Primary school space use with majority of the space dedicated to
classrooms, categorised as big and small; (b) Secondary school with majority of the space
dedicated to classrooms and gym; (c) Small hotel space use with majority of the space
dedicated to guestrooms divided into two categories; (d) Midrise apartment space use with
six categories of apartment categorised on the basis of orientation; (e) Supermarket space
use with the majority of the space dedicated to sales area; and, (f) Warehouse space use
with majority of the space use dedicated to bulk storage.
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(a) (b)

(c) (d)

Figure A.2: : (a) Hospital space use representative of varied building functions; (b)
Outpatient healthcare space use with major proportion dedicated to offices and exam
rooms; (c) Large office space use with majority portion dedicated to plenum and core
areas and ; (d) Large hotel space use with rooms representing the majority.
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B

APPENDIX B

B.1 Scalability Assessment of DOE Commercial Ref-

erence Buildings

The scalability assessment is further extended to include full service and quick service

restaurant archetypes. These two archetypes mainly comprise dining and kitchen areas

as two separate zones with temperature profile variations only slightly comparable to

both office archetypes (Figure B.2). A second-order model represents different zones

and predicts the individual zone internal temperature profiles inside the full service

restaurant reference building. As evident from the individual zone temperature profiles,

the identified model is able to trace the internal dynamics of the respective zones although

with reduced accuracy levels (Figure B.1).

Table B.1: KPI values for the full service and quick service restaurant DOE archetypes
to assess the scalability of formulated model.

KPI
Zones Full Service

Restaurant Building
Quick Service

Restaurant BuildingZone: Dining Zone: Kitchen

NMBE -3.31 2.56 2.59 -2.83

CVRMSE 5.13 4.72 4.95 5.22

MAPE 3.78 2.88 2.83 3.57

R2 0.85 0.94 0.87 0.82
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The KPI values (except R2) are higher for the dining zone when compared to the

kitchen zone. Furthermore, the model under predicts (negative NMBE value of 3.31%)

the zone temperatures for the dining zone (Table B.1). A higher R2 for kitchen zone

indicates that the second order network traces the dynamics of kitchen in a slightly better

manner when compared to the dining zone. At the whole building level, the observed

KPI values lie between the KPIs for the dining and kitchen zones. When a similar order

network represents the quick service restaurant, the accuracy levels further experience a

decline (high errors).

To enhance the prediction accuracy, we added an additional state variable to the

second order grey-box network of full service and quick service restaurant. As evident

from the DOE archetype and grey-box temperature profiles, a third order network

improves the prediction accuracy of the model (Figure B.3). The corresponding CVRMSE

values of internal temperature predictions are found to be 3.88% and 4.12% for the

full service and quick service restaurant DOE archetypes respectively. Although the

third order network reduces the prediction errors, the reduced CVRMSE values could

be considered insignificant when compared to the CVRMSE values for the second order

Figure B.1: DOE archetype and grey-box internal temperature profiles at the whole
building level and respective zone level for the full service restaurant DOE archetype over
a four week period.
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Figure B.2: DOE archetype and grey-box internal temperature profiles for the full service
and quick service restaurant DOE archetypes at the whole building level over a four week
period.

model. Furthermore, a GOF test value of 0.237 indicates that there is no significant

improvement in the dynamics of the third order model.

Figure B.3: Higher order model DOE archetype and grey-box internal temperature profiles
for the full service and quick service restaurant DOE archetypes at the whole building level
over a four week period.
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APPENDIX C

C.1 Flexibility Assessment of DOE Commercial Ref-

erence Buildings

The flexibility assessment procedure is repeated to assess the grey-box model flexibility

of the standalone retail DOE archetype. As evident from the DOE archetype and grey-

box internal temperature profile before and after perturbations, a second-order model

effectively traces the dynamics of the standalone retail building (Figure C.1). The KPIs

for the temperature profile predictions are also well within limits for before and after

scenarios (Table 4.6). To further evaluate the model at the excitation time stamps, we

calculated the CVRMSE KPI values for hourly heat demand predictions considering both

scenarios. The CVRMSE values (hourly heat demand) are found to be 18.4% and 7.1% for

before perturbation and after perturbation scenarios. Although these values are within

the ASHRAE 14 guidelines limits, we further investigated using a third order network

to represent the base case model (before perturbation scenario) of the standalone retail

reference building. While the base case model CVRMSE value for hourly heat demand

predictions steeply declined to 9.7%, the CVRMSE for the after perturbation model

experienced an insignificant decrease to 6.3% in the prediction of hourly heat demand.

This strongly suggests that the base case model might benefit from an enhanced network
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complexity. However, an increased model order would not have a significant impact on

the accuracy of the formulated model for the after perturbation scenario.

Figure C.1: DOE archetype and grey-box internal temperature profiles for the standalone
retail DOE archetype at the whole building level before and after the introduction of design
perturbations over a four week period.
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