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Abstract

Uncertainties in building performance simulation arise from the propagation

of both epistemic (e.g. due to poorly or un- observed input parameters) and

aleatory (e.g. due to occupants' stochastic interactions) uncertainties. A good

framework for the quantification and decomposition of uncertainties in dy-

namic building performance simulation should: (i) simulate the principle de-

terministic processes influencing heat flows in buildings and the stochastic per-

turbations to them, (ii) quantify and decompose the total uncertainty into its

respective sources, and the interactions between them, and (iii) achieve this in

a computationally efficient manner. In this thesis, a new framework, named as

Emulation based Uncertainty and Sensitivity Analysis (EmUSA) framework,

is introduced which does just that. Two case studies, a monozone office build-

ing for the frameworks' proof of principle and the other multizone residential

building for it's extension are being investigated to perform Uncertainty and

Sensitivity Analysis for the Complex case of Building Performance Simulation

(BPS) i.e. the Stochastic BPS (S-BPS). The detailed development of this new

framework for emulating both the mean and the variance in the response of

a stochastic building performance simulator (EnergyPlus co-simulated with

a multi-agent stochastic simulator called No-MASS) is presented, for heating

and cooling load predictions.

The effectiveness of these emulators, applied to a monozone office building,

has been demonstrated and evaluated to quantify and decompose prediction

uncertainties. With a range of 25-50 kWh/m2, the epistemic uncertainty due

to envelope parameters dominates over aleatory uncertainty relating to oc-

cupants' interactions, which ranges from 6-8 kWh/m2, for heating load pre-

dictions. However, the converse is observed for cooling loads, which vary by

just 3 kWh/m2 for envelope parameters, compared with 8-22 kWh/m2 for

their aleatory counterparts. This is due to the correspondingly larger stimuli

provoking occupants' interactions. Sensitivity indices corroborate this result,

with wall insulation thickness (0.97) and occupants' behaviours (0.83) having

the highest impacts on heating and cooling load predictions respectively. This

new emulator framework (including training and subsequent deployment), for
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the case of monozone office, achieves a factor of c.30 reduction in the total

computational budget, whilst overwhelmingly maintaining predictions within

a 95% confidence interval, and successfully decomposing prediction uncertain-

ties.

The second case of a multizone residential building demonstrates the applic-

ability and readiness of this new framework for the uncertainty problems (per-

taining to the building scale) of increasing scope and complexity. An increased

scope is analysed by investigating the impact of uncertainties in detailed ther-

mophysical (e.g. conductivity, density, solar transmittance, etc.) properties

of opaque and transparent building envelope materials, along with the mostly

inexact infiltration rate. For the increased complexity, a greater degree of

stochastic occupants' interaction freedom (e.g. use of lights) along with the

stochastic phenomena of occupants' behaviours (e.g. presence, windows and

shades interactions) was enabled. To this end, the framework has shown a

ready extensibility and applicability by incorporating a parameter screening

step as a pre-step to the Uncertainty Quantification (UQ) workflow for the

purpose of segregating the most influential input parameters from the non-

influential ones. For the extended case, the framework is now overall (training

and subsequent deployment) moderately computationally efficient as compared

to the proof of principle case with the costs reduced to a low fraction (0.25) of

its equivalent classical counterpart, with predictivity coefficient Q2 > 0.95. As

the occupants' behaviours are relatively constrained during heating season,

the effects of uncertainties in wall insulation conductivity (sensitivity index

= 0.8428) and thickness (0.0771) dominate the heating load predictions than

the stochasticity due to occupants' interactions (0.0010). The similar insig-

nificance of stochastic phenomena (0.0130) as compared to brickwork solar

absorptance (0.5032) and wall insulation conductivity (0.3714) has been ob-

served during cooling season, due to the acceleration of short- and long-wave

radiation phenomena which then dampens the occupants' interaction to re-

store their thermal comfort.

Keywords : Gaussian Process Emulator, building performance, stochasticity,

uncertainty quantification and decomposition.

iv



Acknowledgements

I would like to thank my supervisor trio Prof. Darren Robinson (The Univer-

sity of Sheffield, UK), Dr. Marco Iglesias (The University of Nottingham, UK)

and Prof. Volker Coors (Stuttgart University of Applied Sciences, Germany)

for giving a scientific rigour to my abstract ideas during this remarkable jour-

ney of five years that has now lead to this interdisciplinary doctoral thesis. A

grateful acknowledgement to the European Commission for providing finan-

cial support during the conduct of this research under the FP7-PEOPLE-2013

Marie Curie Initial Training Network CI-NERGY project with Grant Agree-

ment Number 606851. I would also like to acknowledge the technical support

received from the Baden-Wrttemberg High Performance Computing (bwHPC)

team and also from the University of Nottingham High Performance Comput-

ing Facility.

I also take this opportunity to thank my internal and external examiners,

namely Dr. Simon Preston (The University of Nottingham, UK) and Prof.

Godfried Augenbroe (Georgia Institute of Technology, Atlanta, USA) for tak-

ing time to read through my Thesis and examining me. I also thank Prof.

Richard Wilkinson (The University of Sheffield, UK) for an initial guidance

meeting on discussing the potential applications of Gaussian Process Regres-

sion. Also, a special thank to Dr. Jacob Chapman (Data Scientist, Kindred

Group plc, London, UK), who developed Multi-agent stochastic simulation

platform during his time at The University of Nottingham as a doctoral re-

searcher, for his support and addressing my queries regarding the platform

while incorporating his work during my development process of Uncertainty

and Sensitivity Analysis framework in this thesis. I also thank my Journal and

Conference manuscripts reviewers for their helpful comments and suggestions

for further improvements.

A special thanks to my HfT, Stuttgart colleagues (Ruben Pesch, Habib

Dastageeri, Eric Duminil, Sven Schneider, Preston Rodriguez) for taking me

out of my PhD bubble from time to time and motivating me to learn the

German language. Without your encouragement, it would have been next to

impossible for me to know and understand the German multi-culture.

My CI-NERGY fellow researchers, you were simply great! Many thanks to

v



you all (Ana, Pilar, Nils, Sebastien, Mario, Nina, Kunpeng, Giovanni, Solene,

Jean-Loup, Giorgio, Lisa and Dilay) for introducing Europe and it’s culture

to me. I have learnt a lot from you all.

My Nottingham colleagues (Hannah, Renoy, Phil, Ben, Philip and Gust-

avo), I really enjoyed our lunch time frisbee-breaks, summer outings and even-

ings in the UK, thank you for everything. A tons of thanks to my friends

(Rabi, Hristijan and Athanasios) for those cycle rides through Stuttgart wine

yards, your company and a lot of talks in leisure times.

Also, my new Sheffield colleagues (Dr. Isaiah Durosaiye, Stuart McKenzie,

Dr. Daniel Paredes-Soto, Reena Sayani and Dr. Sayantan Bhattacharya),

thank you for your really warm welcome and friendship when I just arrived

and started my new position as a Lecturer in Architectural Science there at

the University of Sheffield.

And finally my parents, my relatives, my old college friends (Unmesh,

Sushrut and Vineet). Thank you for all your blessings and throughout support

from my distant home in India and from elsewhere abroad.

And brother Harshad, what to say. My brother Harshad, a “Thank you”

is a very small word for what I want to say here. You were and are holding

one end of our partnership on the pitch of life so tight come what may, that

only because of this I could take on this endeavour! Tons of love and a HUGE

hug!

vi



Contents

List of Figures xi

List of Tables xv

1 Introduction 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.1.1 The performance gap . . . . . . . . . . . . . . . . . . . 2

1.1.2 The uncertainty . . . . . . . . . . . . . . . . . . . . . . 4

1.1.3 The computational cost . . . . . . . . . . . . . . . . . . 4

1.2 Research Hypothesis and Objectives . . . . . . . . . . . . . . . 6

1.3 Knowledge Contribution . . . . . . . . . . . . . . . . . . . . . 9

1.4 Thesis structure . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.4.1 Thesis outline . . . . . . . . . . . . . . . . . . . . . . . 14

1.4.2 Publications . . . . . . . . . . . . . . . . . . . . . . . . 16

2 Stochastic Building Performance Simulation (S-BPS) 17

2.1 Deterministic phenomena . . . . . . . . . . . . . . . . . . . . . 17

2.2 Stochastic phenomena . . . . . . . . . . . . . . . . . . . . . . 24

2.2.1 Stochastic models of Occupant behaviours . . . . . . . 24

2.3 S-BPS Platform : A coupling of phenomena . . . . . . . . . . 31

3 Methods for Uncertainty and Sensitivity Analysis 35

3.1 Measures for Uncertainty and Sensitivity . . . . . . . . . . . . 36

3.2 Sources of uncertainty . . . . . . . . . . . . . . . . . . . . . . 37

3.3 Uncertainty Treatment : The process flow . . . . . . . . . . . 39

3.3.1 Qualitative methods . . . . . . . . . . . . . . . . . . . 40

3.3.2 Quantitative methods . . . . . . . . . . . . . . . . . . 45

vii



3.4 Uncertainty assessment approaches in BPS . . . . . . . . . . . 54

3.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4 Development of Mathematical and Computational Framework

: EmUSA 65

4.1 Metamodeling Techniques . . . . . . . . . . . . . . . . . . . . 65

4.1.1 Selection of a candidate metamodelling technique . . . 70

4.1.2 The proposal . . . . . . . . . . . . . . . . . . . . . . . 73

4.2 Standard Gaussian Process (GP) Metamodeling for determin-

istic simulators . . . . . . . . . . . . . . . . . . . . . . . . . . 75

4.2.1 Validation measures . . . . . . . . . . . . . . . . . . . 77

4.3 Proposed methodology for the emulation of S-BPS . . . . . . . 79

4.3.1 Gaussian process fitted to the log-variance log V (X). . 79

4.3.2 Gaussian process fitted to the mean response fd(X). . . 82

4.3.3 Emulation of the stochastic response . . . . . . . . . . 85

4.4 Global sensitivity analysis through metamodeling . . . . . . . 86

4.4.1 The deterministic case . . . . . . . . . . . . . . . . . . 86

4.4.2 The stochastic case . . . . . . . . . . . . . . . . . . . . 87

4.5 Computational aspects . . . . . . . . . . . . . . . . . . . . . . 93

4.6 EmUSA methodology workflow : A summary . . . . . . . . . 93

5 Application I - A proof of principle study 97

5.1 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

5.1.1 Experiment set up . . . . . . . . . . . . . . . . . . . . 98

5.1.2 Parameters studied . . . . . . . . . . . . . . . . . . . . 101

5.2 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . 102

5.2.1 Design points vs repetitions . . . . . . . . . . . . . . . 102

5.2.2 Gaussian Process emulation of the mean fd(X) and log-

variance log V (X) of the S-BPS outputs . . . . . . . . 105

5.2.3 Uncertainty quantification using the GP emulator . . . 106

5.2.4 Uncertainty decomposition using the GP emulator : Sens-

itivity analysis . . . . . . . . . . . . . . . . . . . . . . . 110

5.3 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

viii



6 Application II - An extended study 119

6.1 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

6.1.1 Experiment set up . . . . . . . . . . . . . . . . . . . . 119

6.1.2 Parameters studied . . . . . . . . . . . . . . . . . . . . 120

6.2 Results and Discussions . . . . . . . . . . . . . . . . . . . . . 124

6.2.1 Parameter screening . . . . . . . . . . . . . . . . . . . 124

6.2.2 Gaussian Process Emulation of the S-BPS outputs . . . 127

6.2.3 Uncertainty Quantification using the GP emulator . . . 131

6.2.4 Uncertainty decomposition using the GP emulator : Sens-

itivity analysis . . . . . . . . . . . . . . . . . . . . . . . 135

6.2.5 Computational savings in Sensitvity Analysis under EmUSA

framework . . . . . . . . . . . . . . . . . . . . . . . . . 142

6.3 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

7 Conclusions, Future works and Recommendations 145

7.1 Answers to the Research Questions . . . . . . . . . . . . . . . 145

7.2 Future Works . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

7.3 Recommendations . . . . . . . . . . . . . . . . . . . . . . . . . 149

Appendix 150

Bibliography 153

ix



x



List of Figures

2.1 Thermal Energy flow paths (deterministic phenomena) . . . . 18

2.2 Systemic illustration of thermal energy flow paths and their

interactions: Deterministic and Stochastic sub-systems of BPS 23

2.3 Occupants' window interaction algorithm workflow after hybrid

model by Haldi and Robinson [1] . . . . . . . . . . . . . . . . 28

2.4 Schematic of EnergyPlus and No-MASS Co-simulation platform

[2]: the Stochastic Building Performance Simulator (S-BPS) . 33

3.1 Sources of uncertainty at different stages of a simulation study [3] 38

3.2 Illustration of trajectory in input space when number of inputs

k = 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.3 Single loop Uncertainty propagation scheme . . . . . . . . . . 48

3.4 Double loop Uncertainty propagation scheme . . . . . . . . . . 49

3.5 Classification system of Uncertainty and Sensitivity Analysis

(USA) methods against the computational expense (Adapted

from Pianosi et al. [4], Tian [5], Nguyen and Reiter [6] and

Tian et al. [7] for the methods explored in earlier sections 3.3.1,

3.3.2 and applied in Chapters 5, 6) (Note: k - number of inputs) 62

4.1 Monte Carlo Uncertainty Propagation Scheme for S-BPS . . . 80

4.2 Flow diagram for Algorithm 1 . . . . . . . . . . . . . . . . . . 84

4.3 Flow diagram for Algorithm 2 . . . . . . . . . . . . . . . . . . 92

4.4 Model Parameterisation Workflow . . . . . . . . . . . . . . . . 94

4.5 Computational Workflow . . . . . . . . . . . . . . . . . . . . . 95

5.1 Building geometry of hypothetical office . . . . . . . . . . . . 99

5.2 Comparison of prediction accuracies of mean and log-variance

GPs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

xi



5.3 GP regression surface fitting to sampled mean (left) and log-

variance (right) of heating demand (top) and cooling demand

(bottom). The black asterisks are the training points and every

point on the mesh is a test data point [not used for training].

The predictivity coefficients values are computed based on the

evaluation of fitted GP surfaces at 60 randomly selected test

data points, in Figure 5.4 subsection 5.2.3. . . . . . . . . . . . 107

5.4 Comparison of S-BPS simulated random values within GP pre-

dicted credible intervals at test data for heating (a) and cooling

(b) demand . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

5.5 Uncertainty propagation comparison between GP predicted (blue)

and S-BPS simulated PDFs (red) for heating demand . . . . . 109

5.6 Uncertainty propagation comparison between GP predicted (blue)

and S-BPS simulated PDFs (red) for cooling demand . . . . . 110

5.7 Comparison of GP predicted (left) and S-BPS simulated (right)

CDFs for heating (top) and cooling (bottom) demand . . . . . 111

5.8 Comparison between S-BPS Simulated and GP predicted means

of heating (left) and cooling (right) demand replicates in Figures

5.7 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

5.9 Sensitivity Tornado plots for heating (a) and cooling (b) demand113

5.10 Convergence of main (left) and total (right) effect sensitivity

indices of design variables for heating demand at distinct sample

sets of increasing size. The top row shows the convergence of

the width of index credible interval and bottom row shows the

actual credible interval (Eq. 4.49). . . . . . . . . . . . . . . . . 114

5.11 Convergence of main (left) and total (right) effect sensitivity

indices of design variables for cooling demand at distinct sample

sets of increasing size. The top row shows the convergence of

the width of index credible interval and bottom row shows the

actual credible interval (Eq. 4.49). . . . . . . . . . . . . . . . . 115

6.1 Building geometry of multizone house . . . . . . . . . . . . . . 120

6.2 Building geometry of multizone house : First floor . . . . . . . 121

6.3 Building geometry of multizone house : Ground floor . . . . . 121

6.4 mu-sigma plot : Heating demand . . . . . . . . . . . . . . . . 125

xii



6.5 mu-sigma plot : Cooling demand . . . . . . . . . . . . . . . . 125

6.6 Main / Individual effect plots : Heating demand . . . . . . . . 129

6.7 Main / Individual effect plots : Cooling demand . . . . . . . . 130

6.8 Comparison of S-BPS simulated random values within GP pre-

dicted credible intervals at test data for heating (a) and cooling

(b) demand . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

6.9 Uncertainty propagation comparison between GP predicted (blue)

and S-BPS simulated PDFs (red) for heating demand . . . . . 132

6.10 Uncertainty propagation comparison between GP predicted (blue)

and S-BPS simulated PDFs (red) for cooling demand . . . . . 133

6.11 Comparison of GP predicted (left) and S-BPS simulated (right)

CDFs for heating (top) and cooling (bottom) demand . . . . . 134

6.12 Comparison between S-BPS Simulated and GP predicted means

of heating (left) and cooling (right) demand replicates in Figures

6.11 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

6.13 Sensitivity Tornado plots for heating (a) and cooling (b) demand138

6.14 Convergence of main (left) and total (right) effect sensitivity in-

dices of design and physical properties input variables for heat-

ing demand at distinct sample sets of increasing size. The top

row shows the convergence of the width of index credible in-

terval and bottom row shows the actual credible interval (Eq.

4.49). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

6.15 Convergence of main (left) and total (right) effect sensitivity in-

dices of design and physical properties input variables for cool-

ing demand at distinct sample sets of increasing size. The top

row shows the convergence of the width of index credible in-

terval and bottom row shows the actual credible interval (Eq.

4.49). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

xiii



xiv



List of Tables

2.1 Exemplar time-dependent probabilities for the occupants' activ-

ities during a typical evening hour in residential living room . 26

3.1 Comparison between FAST and Sobol methods . . . . . . . . 53

3.2 Comparison between sensitivity analysis methods. (Note: k and

N are number of inputs and samples respectively.) . . . . . . . 53

3.3 Summary of applications uncertainty and sensitivity analysis

approaches in BPS. (Note: ISO 13790:2008 Quasi-steady sim-

plified monthly method, EnergyPlus and ESP-r Dynamic heat

conduction and balance simulation program, Simplified MAV -

Simplified Monthly Average Values) . . . . . . . . . . . . . . . 60

4.1 Comparison between metamodeling techniques against the per-

formance criteria (Note: fully - 5 points, partially - 3 points,

not-at-all - zero. The numbers in the brackets are the points

scored by the technique based on the subjective judgement of

fully / partially / not-at-all.) . . . . . . . . . . . . . . . . . . . 71

5.1 Thermophysical properties of construction layers : thickness,

thermal conductivity, specific heat capacity, density and U-value 100

5.2 Comparison of quality of prediction Q of fitted GP response

surfaces at test data given a fixed computation budget (of 3000

simulation runs) for training. Here the item entry 5×600 rep-

resents 600 simulation repetitions at 5 design points and so on. 104

5.3 Comparison of emulator uncertainty (Eq. 4.10) of fitted GPs in

terms of proportion of test points lying inside 95% uncertainty

interval . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

xv



5.4 Sensitivity indices quantifying the impacts of thickness, trans-

mittance and occupants' behaviour on the heating and cooling

energy demand predictions. S1 and S2 are individual effects

due to thickness and transmittance and STw total effect due to

occupants' behaviours. . . . . . . . . . . . . . . . . . . . . . . 112

5.5 Comparison of computational runs between Classical and EmUSA

framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

5.6 Comparison of computational expense between Classical and

EmUSA framework (One simulation run benchmark = 20 seconds)116

6.1 Thermophysical properties of construction layers : thickness,

thermal conductivity, specific heat capacity and density . . . . 122

6.2 Thermophysical properties of construction layers : thickness

t(m), thermal conductivity λ(W/(mK)), specific heat capacity

C(J/(kgK)), density ρ(kg/m3), thermal emittance ε and solar

absorptance α. In brackets of Surface and Material columns, a

number of parameters (in total 59) considered to be uncertain.

“N” denotes Normal distribution with mean and standard de-

viation and “U” denotes Uniform distribution with lower and

upper bounds. . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

6.3 The uncertain parameters' annotations and their descriptions 126

6.4 Sensitivity indices quantifying the impacts of input parameters

and occupants' behaviour on the heating and cooling energy

demand predictions. S1, S2, S3, S4, S5, S6, S7 and S8 are

the individual effects due to BrickC, BrickSA, PolyT, PolyC,

ConcC, FoamC, WindowST and InfilRate respectively and STw

total effect due to occupants' behaviours . . . . . . . . . . . . 137

6.5 Comparison of computational runs between Classical and EmUSA

framework for the extended study . . . . . . . . . . . . . . . . 139

6.6 Comparison of computational expense on HPC between Clas-

sical and EmUSA framework for the extended study (One sim-

ulation run benchmark = 90 seconds) . . . . . . . . . . . . . . 140

7.1 GP prior distribution settings for hyperparameters . . . . . . . 152

7.2 GP prior value settings for hyperparameters . . . . . . . . . . 152

xvi



Chapter 1

Introduction

Cities consume nearly three-fourths of global primary energy resource and

are responsible for about half of the world's total greenhouse gasses (GHG)

emissions [8]. Transport, Households and Industry - trinity of sectors account

for majority of the energy consumption in cities. In Europe, where about three-

fourths of its total population live in urban areas, the Household sector stands

second highest end user of energy in the EU-28 [9], with a share of renewables

in an energy mix at EU level for heating, cooling and electricity end-use in

the residential sector at mere 15 percent [10] [11]. Cities aim to reach energy

efficiency and sustainability targets by increasing renewable energy use and

promoting low GHG emissions development.

Under Europe 2020 Strategy, the EU has put in place “20/20/20” climate

change and energy targets. The strategy aims at increasing the share of re-

newable energy in final energy consumption and reducing GHG emission and

energy consumption through energy efficiency measures, all the three by 20

percent compared to 1990 levels [12]. In the UK, the Climate Change Act 2008

legislates for an 80% reduction in GHG emissions with respect to 1990 levels

by 2050 [13]. Energy Performance of Buildings [14] and Energy Efficiency [15]

Directives legislate the calculation of amount of energy consumed in buildings

for their heating and cooling needs and also indoor thermal comfort conditions

using Building Performance Simulation (BPS) approach. In addition, the util-

ity of BPS approach has also been encouraged by agencies and organisations

such as International Energy Agency (IEA) and Department of Energy in the

US to support the strategic decisions that acknowledge new energy saving po-
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tentials in low GHG emissions development [16]. BPS approach thus acts as

an instrument and implementing measure for the decision making bodies to

aid in assessing the energy performance of buildings [17].

1.1 Motivation

1.1.1 The performance gap

Building performance simulation tools have evolved considerably in recent

decades, with significant efforts having been invested to improve the scope

and validity of their underlying algorithms and the usability of interfaces to

these algorithms, to the extent that they have now entered into the main-

stream. Indeed they are now commonly required to demonstrate compliance

with national regulations, as required for example by the European Energy

Performance of Buildings Directive [18]. Yet predictions from standard Build-

ing Performance Simulation tools - whether in relation to existing or proposed

buildings - continue to deviate significantly from those that are observed. This

is commonly referred to as the performance gap. This deviation is problem-

atic for two main reasons. Firstly, it undermines confidence in the accuracy

of energy use estimates, as required for example by energy performance certi-

fications schemes. Secondly, it may negatively impact on the design decisions

made, potentially leading to suboptimal design decisions, or design features

that lack robustness.

The causes of the energy performance gap are many and complex [19, 20],

including: (1) errors or omissions in the simulation of non-trivial phenomena

[21] such as coupled heat and moisture flow and its dependence on changing

thermo-physical properties or of occupants' stochastic interactions [22], (2) use

of standardised external boundary conditions and building systems' control

settings for thermostat and operation hours [23], (3) practical issues, such as

the inability to fully predict a building's future functions during design, or to

account for plausible future variations in function during the design process,

(4) failure to meet specified insulation and airtightness standards due to poor

workmanship, (5) unavailability of data regarding e.g. internal gain and plug

loads that are representative of the building's post-occupancy operation [24].

Efforts to improve the robustness of BPS tools, for instance by develop-
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ing ‘reference simulations’ as part of model calibration processes [25, 26], and

through feedback from post-occupancy evaluation exercises [27], are ongoing.

But a particularly promising avenue of current exploration is through the char-

acterisation and propagation of aleatory (e.g. due to occupants' stochastic

interactions) and epistemic (e.g. due to poorly or un- observed input para-

meters) uncertainties, so that these can be quantified and decomposed. This is

because for the range of model improvement strategies addressing the energy

performance gap to be well targeted, it is important to account for, well in

advance, the uncertainties that are arising in energy performance predictions.

The challenges lie in - systematic identification of the sources of uncertainties,

characterisation of these uncertainties mathematically, their [computationally

efficient] propagation from the sources through the model till the predictions,

numerical quantification and analysis of uncertainties at source and prediction

end and decomposition of the prediction uncertainty into the respective sources

that cause it. Addressing these challenges, enable the numerical quantification

of the importance of a given uncertain input/process relative to others and as

well as their respective impact on the model predictions (so that the uncertain-

ties arising from those highly influential inputs/processes can be subsequently

addressed if possible).

It is self evident that buildings' energy demands for heating and cooling are

dependent upon the heat transfers across the building envelope: on conductive

heat transfers across opaque and transparent surfaces; on radiative transfers

through the transparent surfaces; on advective transfers through accidental

(imperfections) or deliberate (windows) openings in the envelope. These lat-

ter pathways may also be influenced by occupants' interactions with windows

and shading devices. Haldi and Robinson [28] have shown that these aleatory

(behavioural) uncertainties in energy use can be equivalent, even greater, in

magnitude to their epistemic (envelope) counterparts. They also argue [29]

that as the performance of the envelope improves, thus better conserving en-

ergy, so the consequences of occupants' actions to regulate the envelope will

be exaggerated; that it will be more and more important to accurately model

occupants' behaviours and the uncertainties arising from them, simultaneously

with their epistemic counterparts.
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1.1.2 The uncertainty

The uncertainties in building energy use prediction are basically two prominent

kinds of uncertainties namely, epistemic and aleatory that affect plausibility

of the energy predictions. Chapman et al. [22] categorise the causes for these

uncertainties as : (type I) errors in the modelling of deterministic phenomena

or indeed the neglect of these phenomena, (type II) errors in the inputs to

these deterministic models, (type III) errors in the modelling of stochastic

phenomena or indeed the neglect of these phenomena, (type IV) errors in

the inputs to these stochastic models. Types I and III essentially relate to

epistemic uncertainties, whereas types II and IV represent a combination of

epistemic and aleatory uncertainties.

More specifically, epistemic uncertainty includes the phenomena assump-

tions such as considerations of only uni-directional heat diffusions through con-

structions, time-invariant thermophysical properties and ignorance of thermal

storage in the modelling of heat diffusions. It also relates to the input data as-

sumptions such as lack of precise knowledge of building architectural details,

construction layer compositions, material thermophysical properties, house-

hold compositions and the type of installed heating systems.

Aleatory uncertainty consists of two kinds of stochastic sub-components:

outdoor weather and indoor human behaviour. Stochastic nature of empirical

quantities such as wind pressure across the building envelope affect convective

heat transfers occurring due to ventilation and infiltration or cloud cover ob-

structing the transmitted shortwave irradiation. On the other hand, stochastic

occupant presence and their interactions with the envelope devices such as win-

dows and shades, lights and electrical appliances result in a random internal

heat gain quantity, which adds a layer of stochastic perturbations to the energy

predictions and also affects heat transmission across the envelope.

1.1.3 The computational cost

The relationship between building design / retrofit input parameters, X =

(X1, . . . , Xp), (e.g. wall thickness, window transmittance) and the corres-

ponding BPS outputs (e.g. annual heating and cooling demand), Y , can

be expressed via Y = f(X), where f is typically a deterministic function
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with values defined by running the simulator for a given choice of inputs X.

When the inputs are uncertain, only their probability density function, p(X),

may be available to us. Since the functional form of f is generally unknown,

propagating uncertainty from BPS inputs through to the corresponding pre-

dictions/outputs is only feasible via Monte Carlo (MC) sampling as applied

in [30] [31] for uncertainty and sensitivity analysis and demonstrated using

an uncertainty analysis workbench [32]. More specifically, samples from p(X)

are mapped onto the corresponding outputs and then used to construct an

empirical distribution that approximates the distribution of model predictions

p(Y ).

Even when optimal MC sampling techniques such as Latin Hypercube

Sampling (LHS) [33] and quasi-random sequences [34] are used, accurate ap-

proximations of p(Y ) via sampling often requires thousands of samples (of the

order of 103 to 105 simulation runs) depending upon model complexity and

the number of input parameters under consideration. Furthermore, if we wish

to decompose prediction uncertainty (i.e. to know which amongst k inputs are

dominant) via a variance decomposition technique, the total computation cost

is N(k + 2) simulations where N is the number of samples (as per theorem 1

stated in [35] on the extension of Sobol [36, 37] sensitivity analysis method).

For the simulation of complex phenomena, as is the case in building sim-

ulation (likewise also the case of environmental models elsewhere in [4]), each

individual run entails a non-trivial computational cost. For instance, in tens

of seconds even for a relatively simple shoebox building case study model in

Chapter 5 (and extended case study in Chapter 6). Moreover, the number of

uncertain inputs can be relatively large (e.g. order of 102 in [31] on uncertainty

analysis in building simulation). Burhenne (Chapter 5 in [38]) reported the

cost to be already of order 103 to 104 for less than 10 (actually just 6−7) input

parameters for the variance-based sensitivity analysis of energy performance

(and related cost-effectiveness) to different design options of a typical German

residential building using MC sampling techniques. Comprehensive uncer-

tainty quantification studies thus tend to be highly computationally intensive,

resource and time consuming; at the limits, simply intractable.

Furthermore, a conduct of sensitivity indices convergence study [39], which

is a trial and error approach involving model evaluations at increasing sample
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sizes N , allows to evaluate the reliability in indices values which is more desir-

able than a single random estimate of it (which is the practice till now with the

applications of classical Monte Carlo methods in building simulation). This

is important to appreciate the uncertainty in sensitivity indices values itself

when Uncertainty Analysis (UA) goes mainstream for industrial applications.

The number of model simulations to be performed depends upon the com-

plexity of building energy model under study, the number of input parameters

involved and as well as how quickly i.e. at what sampling size the indices

convergence criterion is met. This computational load [in terms of both com-

putation time and number of computations] can be immense, as shown in the

case studies (in Chapter 5 and 6), for to be performed under a classical Monte

Carlo settings that employ a computationally expensive simulator and also

that industrial UA applications in building energy modelling cannot afford to

invest in such computational expense. This thesis therefore explores a semi-

parametric Gaussian Process Regression as an emulation approach approxim-

ating the simulator response for the purposes of achieving a high computational

efficiency in such Uncertainty and Sensitivity Analysis studies.

The challenge of effectively accounting for the factors that lead to perform-

ance gap by quantifying the uncertainty in building energy predictions with the

frugal computational cost points out the clear need for a new Uncertainty and

Sensitivity Analysis framework in dynamic building performance simulation

that: (i) proposes a plausible equivalent emulator efficiently approximating

a building performance simulator that rigorously encapsulates stochastic pro-

cesses arising, in the first instance, from occupants' behaviours along with the

principle deterministic processes influencing heat flows in buildings, (ii) quan-

tifies and decomposes the total uncertainty into its respective sources, and the

interactions between them, and (iii) achieves this in a computationally efficient

manner. This thesis introduces a new Emulation based Uncertainty and Sens-

itivity Analysis (EmUSA) framework which addresses this exact challenge.

1.2 Research Hypothesis and Objectives

Coupling a framework for simulating occupants' stochastic behaviours with

BPS tools can considerably increase the computational complexity in the sim-
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ulation of buildings' energy performance; particularly if repeated simulations

are required to adequately quantify these stochastic influences. For a fixed

input X, repeated runs of such a stochastic simulator will produce different

outputs - yielding an ensemble of prediction values instead of a single fixed

value, as with a conventional deterministic BPS simulator. These prediction

ensembles now represent a probability distribution of the simulator output,

associated with each input X. A standard approach to describe the stochastic

response (for each fixed input X) is via

Y = f(X, ω) (1.1)

where ω is a variable that we introduced to denote the intrinsic aleatory un-

certainty in the simulator. This new variable can be thought as an uncon-

trollable parameter (or seed variable) encoded within the stochastic simulator.

The distribution of this uncontrollable variable is often unknown and, con-

sequently, standard metamodeling techniques, based on sampling the (known)

input space can no longer be applied in a straightforward fashion to emu-

late/infer the functional form of f . Along with that, absence of computation-

ally efficient approach for the propagation of uncertainties through complex

[dynamic + stochastic] building performance simulator and lack of readiness of

the global uncertainty and sensitivity analysis methods for the decomposition

of both epistemic and aleatory uncertainties constitute the basis for this thesis

research hypothesis.

Hypothesis

Efforts to address the performance gap are severely constrained by

the limitations in characterisation and propagation of the un-

certainty in building performance predictions arising from the

joint consideration of deterministic and stochastic phenomena,

in a computationally tractable manner.

Objectives

To develop and test this hypothesis the following objectives are formulated:

Objective I. Establish a selection strategy for an equivalent metamodel /

emulator efficiently approximating the simulations of stochastic energy per-
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formance of buildings. This requires a range of metamodelling techniques to

be reviewed selecting the most promising one. The primary criteria for the

selection are that:

a. the emulator should be parsimoniously structured: it should be as simple

as possible, but no simpler.

b. the emulator should be plausible enough in conveying underlying non-linear

behaviour of the dynamic BPS program in a transparent way by allowing a

flexibility in fitting semi or non-parametric prior to the training dataset ex-

hibiting model behaviour.

Objective II. Develop and validate an emulator, that accounts for occupant-

related stochastic variability, against the test dataset using a predictivity coef-

ficient measure. To achieve this objective, it is necessary to:

a. Represent occupants' variability i.e. the stochastic perturbations in energy

predictions into emulator estimation procedure.

b. Construct a first emulator to fit empirical mean of observations represent-

ing mean component and

c. a second emulator to fit empirical variance of observations representing

variance component.

d. Validate the joint metamodel (above pair of emulators) at new test points.

Objective III. Demonstrate the plausibility and robustness of emulator for-

mulation in emulating detailed deterministic and stochastic thermal phenom-

ena occurring in a Building. This objective constitutes a proof of principle for

the demonstration of Emulation based Uncertainty and Sensitivity Analysis

(EmUSA) framework methodology considering the constrained scope, in terms

of the number of design variables and the range of occupants' behaviours in-

vestigated as well as the complexity of the adopted use case. To accomplish
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this objective, the fitted emulator is required to:

a. Provide uncertainty due to emulation itself at training and test points.

b. Predict and capture the mean and random response of stochastic BP sim-

ulator respectively.

c. Propagate input parameter and stochastic uncertainties.

d. Quantify and decompose the total uncertainty in energy predictions into

respective uncertain sources - expressed in terms of global sensitivity indices.

Objective IV. Extend the scope of applicability of new EmUSA framework,

to account for additional and more complex physical variables (e.g. the com-

position and thermophysical properties of construction materials) and greater

degrees of occupants' interaction freedom (e.g. use of lights). To handle this

enlarged scope, the framework is required to:

a. Incorporate a parameter screening mechanism to rank the parameters in or-

der of their influence exhibited by them on the energy performance predictions.

b. Conduct uncertainty quantification and decomposition study on the most

influential parameters, obtained via previous parameter screening step, in com-

putationally efficient manner.

1.3 Knowledge Contribution

The primary contribution of this thesis is the development of a novel and found-

ational framework, for the first time in building simulation studies, to perform

uncertainty quantification of a stochastic building energy performance. This

new framework for the quantification and decomposition of uncertainties in

complex [stochastic and dynamic] building performance simulation is called

Emulation based Uncertainty and Sensitivity Analysis (EmUSA) framework.
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The EmUSA framework facilitates : (i) simulation of principle deterministic

processes influencing heat flows in buildings and the stochastic perturbations

to them, (ii) quantification and decomposition of the total uncertainty into its

respective sources, and the interactions between them, and (iii) achieves this

in a computationally efficient manner.

The current and future practical applications of building performance sim-

ulation exercises are required to provide probabilistic estimations of output

quantity of interest, since a single deterministic value is often implausible in

predicting the actual building performance. For that reason, there is a clear

present-day need experienced in research and industry community for a shift

in paradigm from deterministic to probabilistic building performance simu-

lations. In presenting probabilistic predictions, the simulation exercises are

expected to be: 1) robust in accounting for the diverse sources (parameter

and model form) and nature (deterministic and stochastic) of uncertainties

that lead to probabilistic estimations, 2) rigorous in mathematical character-

isation and handling of entire ranges of uncertainties simultaneously, given

that there may be interaction effects on output variables and 3) complete with

building performance uncertainty and sensitivity analytical tool routinely in-

tegrated into them. To this end, the knowledge contribution in this thesis

is aimed at providing computationally efficient means to effectively perform

Uncertainty Analysis of building performance so that it may further augment

the rigour and completeness of present and future practical applications of

building simulations 1.

1.4 Thesis structure

In addressing the objectives the remainder of the thesis is structured as follows.

Chapter 2 describes different deterministic and stochastic phenomena in-

1It is important to place this thesis contribution in the wider context. A parallel relating
to metamodelling / emulation of stochastic models can be drawn with the applications in
other fields of research on oil reservoir ([40] demonstrated in [41]) and groundwater flow
modelling ([42]), for the purpose of computationally efficient estimation of model outputs
for uncertainty and sensitivity analysis. However, so far until now, the UQ computational
challenge for an instance of stochastic BPS model has not been addressed. The addressing
of the challenge in this thesis therefore enables building simulation research community to
perform uncertainty and sensitivity analysis of building performance in a computationally
efficient manner.
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teracting within the heated building envelope and presents their coupling as

Stochastic Building Performance Simulation (S-BPS) platform - a co-simulation

platform coupling EnergyPlus with a multi-agent stochastic simulator called

No-MASS, developed in Chapman [43].

Chapter 3 begins with a literature review on Uncertainty and Sensitivity

analysis methods (both qualitative and quantitative) and their applications in

BPS studies. The chapter also presents an overview of standard uncertainty

treatment methodology in BPS - from sampling and uncertainty propagation

through the simulation model and quantification of the total uncertainty in

energy predictions and finally its decomposition into the respective sources

that caused it. The later part of the chapter discusses about the computational

expense in the propagation of uncertainties, the type of impact (main and / or

interaction sensitivity indices) of uncertain parameters assessed and the way

(local or global sensitivity analysis) they are computed. Based on the literature

review and its synthesis, the chapter further summarizes and highlights the

required improvements in the standard methodology in order to be able to

perform UQ study for Complex [Stochastic + Dynamic] BPS.

Chapter 4 first reviews the alternative approaches for estimating metamod-

els of S-BPS, selecting Gaussian Process Regression (GPR) since it stands

out against the performance criteria (accuracy, robustness, efficiency, trans-

parency and simplicity) as discussed therein (addresses Objective I. of the

thesis). The second part presents the development of a mathematical frame-

work based on GPR accounting occupants' related stochastic variance in an

emulator / metamodel estimation procedure. The framework is validated on

a proof of principle case constituting a monozone office model enabled with

stochastic occupant related phenomena adopted from Haldi and Robinson's

2011 study [28] (addresses Objective II. of the thesis). The third part ex-

plains the computational framework behind the new EmUSA framework with

respect to sampling design, parametrization of EnergyPlus Input Data Files

(IDFs), automation in running S-BPS (EnergyPlus + No-MASS) on High Per-

formance Computing (HPC) machine, construction of GP emulator of S-BPS

and computation of Sobol sensitivity indices.

Chapter 5 is the first application chapter on demonstration of the viability

of an EmUSA framework for the computationally efficient quantification and
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decomposition of both epistemic and aleatory uncertainty, albeit with a limited

scope using a monozone hypothetical office building case study (addresses

Objective III. of the thesis).

Chapter 6 is the second application chapter on proving the fit-for-purpose

of new EmUSA framework for the extended scope and complexity due to ad-

ditional and more complex physical variables (e.g. thermophysical properties

of building envelope materials) and greater degrees of occupants' interaction

freedom (e.g. use of lights) using a multizone residential case study building

(addresses Objective IV. of the thesis).

Chapter 7 concludes this thesis by discussing the potential complementary

applications of this work and as well as a foundational role it may play in

future contributions on UQ studies in BPS.

The thesis outline is given as below along with its links to the publications

that are arising from the thesis.
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1.4.1 Thesis outline

Chapter 1

Introduction

Chapter 2

Stochastic Building Perform-

ance Simulation (S-BPS)

Chapter 3

Methods for Uncertainty

and Sensitivity Analysis

Chapter 4

Development of EmUSA

framework (Objective I and II)

Chapter 5

Application I - A proof of

principle study (Objective III)

Chapter 6

Application II - An exten-

ded study (Objective IV)

Chapter 7

Conclusions

Publication I and II

Publication III

Publication IV

Publications
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Chapter 2

Stochastic Building

Performance Simulation

(S-BPS)

Building consists of different heat transfer and storage (e.g. opaque solid

wall and transparent window) components exhibiting interactive and dynamic

behaviour with other such components. Clarke [44] defines the thermal be-

haviour of building as a mathematical system of numerous intra- and inter-

thermodynamic processes (e.g. from inside radiative components due to occu-

pants to outside / adjacent zone radiation) which evolve at varying rates during

the course of simulation when subjected to the external weather conditions.

These processes represent different thermal energy flow paths through heat

carrying components and are governed by the law of conservation of thermal

air mass, momentum and energy. In principle, the heat transfer and exchange

between the building components occurs due to the conduction, convection

and radiation of thermal energy. Figure 2.1 illustrates these heat transfer and

exchange mechanisms occurring inside the building envelope as extensively

described in Clarke [44]. The mechanisms are briefly summarised as below:

2.1 Deterministic phenomena

The deterministic phenomena are represented by the system of differential

algebraic equations as described in Clarke [44]. Transient conduction of
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Figure 2.1: Thermal Energy flow paths (deterministic phenomena)
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heat through an opaque solid wall is a function of applied and diffused heat

excitations q and temperatures θ at its surface. The amount of heat conduc-

tion depends upon the thermal inertia of the construction composition layers

which are characterized by hygro-thermophysical properties such as conduct-

ivity λ(W/(mK)), density ρ(kg/m3), specific heat capacity C(J/(kgK)) and

the layer thickness x(m). The two inter-relationships i.e. the change of tem-

perature and flux with distance are :

∂θ(x, t)

∂x
=
−1

λ
q(x, t) (2.1)

∂q(x, t)

∂x
= −ρC ∂θ(x, t)

∂t
(2.2)

Combining these gives the underlying heat conduction equation, the Four-

ier heat equation:

∂2θ(x, t)

∂x2
=

1

α

∂θ(x, t)

∂t
(2.3)

Alternatively, the derived parameters of thermal diffusivity α = λ/ρC(m2/s)

and effusivity ε =
√
λρC(Jm−2K−1s−1/2) can also be used to assess the dy-

namic variation of heat fluxes at conducting surfaces. The Fourier heat equa-

tion can be solved to obtain heat flux and temperature at time t and dis-

tance x through the construction component using response function (analyt-

ical method) and numerical modelling approaches.

Surface convection of heat flux due to the flow of air (characterized

by Nusselt and Reynolds number for natural and forced convection) over an

exposed surface occurs at both the internal and external surfaces of envel-

ope. At the external surface, the convective heat flux is induced due to the

striking wind depending upon its speed and direction. While at the internal

surface, it is because of the natural or forced ventilation, where it depends

on the speed and direction of the fluid vector. The amount of heat exchange

is computed based on the time and position dependent convection coefficient

hc(Wm−2K−1), surface-air temperature difference θA − θS(K), surface rough-

ness and its area As(m
2) :

qc = hcAs(θA − θS) (2.4)
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In case of natural convection where the conducted heat is carried in a zone

due to buoyancy forces caused by density variations due to fluid temperature

variations, the heat convection coefficient is estimated from the dimensional

groupings of Nusselt Number (Nu), surface-to-air temperature difference and

the empirical data obtained from the experiments involving natural convection

heat transfer from the heated plates. The dynamic surface conditions evalu-

ated from the Computational fluid dynamics (CFD) simulations can be used

to determine the time varying heat convection coefficients and hence, sub-

sequently the convective heat exchanges in a zone. On similar lines, in case of

forced convection where the fluid motion is caused by fan or wind, the heat

convection coefficient (for internal and external surfaces) is determined based

on the Reynolds Number (Re), the empirical data, fluid velocity (V ) and the

temperature differences (δθ). The dynamic fan operations and wind speed and

directions data can be used to establish forced convection heat exchanges in

and outside of the zone.

Incoming shortwave solar radiation incident on the building envelope

is partly absorbed and reflected by the opaque surfaces and in addition trans-

mitted by the transparent surfaces depending upon their optical properties

of absorptivity, reflectivity and transmissivity. The heat gains contributed

by the absorbed shortwave radiation complements the transient conduction

in surfaces resulting into increased surface body temperatures which sub-

sequently affects the surface convection and results into the longwave radi-

ation exchanges. The estimation of incident shortwave radiation depends on

the modelling of three components: (1) surface geometry in the context of

its spatial location; (2) shadowing pattern caused by the surrounding build-

ings and (3) hourly/monthly computation of direct beam, ground reflected

and sky diffuse insolation incident on the exposed surfaces. The reflection,

absorption and transmission of shortwave solar radiation within transparent

media and the intra-zone transfer modulated by the surface absorptivity and

shading factors of opaque media dynamically redistribute the radiation within

the zone.

A part of the shortwave radiation absorbed by the building facades is emit-

ted in the form of longwave radiation (wavelength between 0.28 and 2.8µm)

which contributes to a significant variation in the internal and external surface
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temperatures. The longwave radiation exchange with the indoor environment

by opaque and transparent surface elements depends upon their emissivities,

temperatures, reflection coefficients and geometric form factor constituted by

interior surfaces. The longwave radiation is responsible for introducing a non-

linear behaviour in zone's energy balance due to it's higher order variation

with respect to body's temperature.

q = εσAθ4 (2.5)

where, q is the grey body i.e. building facades' radiation flux (W ), ε the

temperature dependent surface emissivity, σ the Stefan-Boltzman constant

(1.3× 10−23Wm−2K−4), A the surface area and θ the building facades' body

temperature (K). Likewise, the external longwave radiation exchange depends

upon the temperature profiles of sky, ground and surroundings and their re-

spective view factors for the external surface. The net longwave exchange

between the buildings' external facades and surroundings is given as the dif-

ference between the emitted and received flux:

q = Asεσ(θ4
e − θ4

s) (2.6)

where, As is the surface area (m2), θs the absolute temperature of the surface

(K) and θe the equivalent temperature function of the temperatures of the

sky, ground and surroundings:

θ4
e = fsθ

4
sky + fgθ

4
grd + fuθ

4
sur (2.7)

where, fs, fg and fu are the view factors to the sky, ground and surroundings

respectively. The temperatures are estimated from the given weather data.

Another phenomenon of advective heat exchange between the air volumes

at different temperatures dominates when there is a frequent intentional open-

ings of windows by the occupants (referred as natural ventilation) and de-

liberate supply of air for space conditioning (referred as mechanical ventila-

tion). The air flows caused are the result of pressure variations and buoyancy

forces due to density differences associated with the temperatures of the air

volumes. The infiltration of outside air due to fabric leakages and small

cracks around window and door openings also affects the heat flux transfers
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along with the latent heat contributed by the external moist air. As these

phenomena are been partly triggered by the occupants' interaction as well, an

another layer of stochastic perturbations due to models of occupants' beha-

viours is added to the energy demand predictions. Figure 2.2 gives a systemic

illustration of the deterministic and stochastic energy phenomena occurring

inside the buildings and the parameters on which they depend upon.

EnergyPlus, a thermal building simulation program is a numerical solver

that presents modelling techniques (such as transfer function or numerical fi-

nite difference methods) to obtain the solutions of system of differential equa-

tions [45]. The schematic (Figure 2.2) shows the interactions between different

deterministic phenomena via their interconnections and their specific input

data requirements in order to perform energy load computations.
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Figure 2.2: Systemic illustration of thermal energy flow paths and their interactions: Deterministic and Stochastic sub-systems
of BPS
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2.2 Stochastic phenomena

The presence of occupants and their interactions with the building envelope

(such as window opening / closing) contributes to the internal heat gains in

the form of metabolic heat gains and other casual gains (also due to use of elec-

trical equipment and lighting). Such form of heat gains cannot be predicted in

that straightforward way as they, in principle, are governed by the stochastic

nature of humans and their behaviours. Significant progress has been made

in recent years in the modelling of occupants' behaviours, employing a range

of techniques. A large number of data-driven stochastic models have been

developed to model occupants' presence (or activities and dependent pres-

ence in the case of residences) and dependent interactions with the building

envelope and its systems. The underlying phenomena are typically represen-

ted as a Bernoulli process [predicting the probability that a particular state

will be observed, such as a window being open], as a discrete-time random or

Markov process [predicting the probability with which a state transition will

take place], as a continuous-time random or survival time process [predicting

the duration for which a particular state will survive], or hybrids of them [46].

2.2.1 Stochastic models of Occupant behaviours

Occupant presence and metabolic gains

More specifically, Chapman [2] employs two separate methods for estimating

occupant presence and corresponding metabolic gains in case of non-residential

and residential buildings distinctively. For non-residential buildings, the pres-

ence model [47] (used for case study 1 on monozone office building) is based

on an inhomogeneous Markov chain predicting when an occupant is present

within the building using a mobility parameter µ and a time-dependent profile

of the probability of presence P (t). The sequence of presence and absence is

generated by calculating the transition probability at each time step,

from absent to present:

T01(t) =
µ− 1

µ+ 1
P (t) + P (t+ 1) (2.8)

where µ the mobility parameter is by default held constant at an empirically
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calculated value of 0.11.

present to present:

T11 =
P (t)− 1

P (t)
[
µ− 1

µ+ 1
P (t) + P (t+ 1)] +

P (t+ 1)

P (t)
(2.9)

the other transitions simply are,

present to absent:

T10 = 1− T11 (2.10)

absent to absent:

T00 = 1− T01 (2.11)

In case of residential buildings, the activity model [22] (used for case study

2 on multizone residential building) predicts an activity to be performed from a

number of home activities (sleeping, passive, audio/visual, IT, cooking, clean-

ing, metabolic, washing appliance use, personal washing and absence) as a

time-dependent Bernoulli process based on multinomial logistic regression.

P (x, t) =
exp(Aj(x, t))∑N
j=1 exp(Aj(x, t))

, j = 1, . . . , N (2.12)

and

Aj(x, t) = αj +
n∑
k=1

βjkxjk (2.13)

where, t is time, N the total number of activities, n the number of predictors,

and x the predictors, each associated with a slope coefficient βjk and αj the

intercept.

Equation 2.12 has been used to calculate the time-dependent probabilities

for the number of presence-dependent occupants' activities. An activity is

assigned to the occupant / agent by applying Inverse Function Method (IFM)

on the probability distribution function of time-dependent probabilities corres-

ponding to the activities. In IFM, a random number between 0 and 1 is drawn

and is evaluated against the likely activity to it corresponds in a cumulative

distribution function. For instance, for the residential living room during a

typical evening hour, equation 2.12 has estimated following sequence of prob-

abilities (Table 2.1) based on the time use survey dataset. It is more likely
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Table 2.1: Exemplar time-dependent probabilities for the occupants' activities
during a typical evening hour in residential living room

Activity Probability Cumulative Distribution Function (CDF)
sleeping 0.05 0.05
passive 0.2 0.25

audio / visual 0.3 0.55
IT 0.1 0.65

cooking 0 0.65
cleaning 0.1 0.75

metabolic 0.25 1
washing appliance use 0 1

personal washing 0 1
absence 0 1

that the occupant will be spending this evening hour either passively (reading

books), enjoying music or TV programs or any other light / moderate meta-

bolic activity such as talking while seated / standing (perhaps gossiping with

partner about office colleagues!).

Let us say that three random numbers 0.13, 0.52 and 0.78 are drawn

between 0 and 1 for the activity random variable. Using IFM, as 0.13 falls

in ‘passive’ bin (0.05 and 0.25), the ‘passive’ activity is selected. Similarly,

0.52 corresponds to ‘audio/visual’ and 0.78 to ‘metabolic’ activities. Sim-

ilar IFM procedure has been employed for transition probabilities in case of

non-residential buildings where there are only two states / activities, occu-

pants' presence and absence are under consideration. The metabolic gain is

calculated using Fanger's PMV model (described in ISO 7730 [48]) given the

standard physical (air and radiant temperatures, relative air velocity and hu-

midity supplied by EnergyPlus) and personal (clothing level and metabolic

rate values from ISO 7730 state-dependent activities) parameters. The total

metabolic heat gain is then dependent upon above stochastically estimated

zone activity schedule, corresponding metabolic rate values and a number of

occupants present.

Window Interactions

The hybrid model by Haldi and Robinson [1] employs a combination of Markov

chain (for the predictions in transition to window opening) and Weibull distri-
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bution (for the prediction of duration for which a window remains open). The

probability of transition to window opening state is estimated using a logistic

regression model:

Pij(x1, ..., xn) =
exp(α +

∑n
k=1 βkxk)

1 + exp(α +
∑n

k=1 βkxk)
(2.14)

At occupants' arrival, the predictors x are indoor and outdoor temperatures,

absence duration and rain presence. When zone is occupied, the absence dura-

tion predictor is replaced by length of presence. And at occupants' departure,

the length of departure replaces the length of presence and the rain presence

is replaced with a dummy parameter for the window if it is on the ground

floor (to account for the probability of windows being open during night).

EnergyPlus provides indoor and outdoor temperatures while No-MASS calcu-

lates temporal stochastic occupants' presence schedule and the ground floor

parameter for window is a boolean input (true for the zone at ground floor)

to No-MASS during runtime defined in a simulation configuration file. The

exchanges of data values for these variables happen during simulation run time

at each time-step via Functional Mockup Interface (FMI). The values of regres-

sion coefficients α, βk are calculated from the aggregated population datasets.

The Weibull distribution estimating the duration for which a window remains

open is given by the probability density function as:

λα(λt)α−1 exp(−(λt)α) (2.15)

where the parameter α = exp(−0.871) is called shape and λ = exp(−(a +

bθout)) the scale, a = 2.213, b = 0.173 and θout is the outdoor temperature given

by EnergyPlus. Following process flow (Figure 2.3) describes the algorithm

implemented in No-MASS to determine the occupants' presence-dependent

window opening (1) and closing (0) at each time step. The window interaction

schedule is then an external schedule for respective EnergyPlus variable set by

No-MASS predicted stochastic schedule via FMI.

External Shading Interactions

A similar hybridisation of occupants' shading interactions has been modelled

by Haldi and Robinson [49]. Upon occupants' arrival in a zone, the model
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Figure 2.3: Occupants' window interaction algorithm workflow after hybrid
model by Haldi and Robinson [1]
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predicts lowering or raising of shades given the local visual stimuli i.e. indoor

illuminance and the amount of unshaded fraction of window at the previous

time-step. The probability with which a lowering or raising of shade will take

place at next time step is given as:

Pact(Ein, BL) =
exp(a+ binEin + bLBL)

1 + exp(a+ binEin + bLBL)
(2.16)

where Ein is the indoor illuminance at an appropriate daylight reference point

within the zone provided by EnergyPlus and BL the unshaded window fraction

at the previous time-step. At each time-step, a random number is drawn from

uniform distribution and checked against this probability to predict the (raising

or lowering) action that will take place. Upon predicting the action, whether

the shade is fully raised or lowered is determined as:

Pfullact(Egl,hor, BL) =
exp(a+ boutEgl,hor + bLBL)

1 + exp(a+ boutEgl,hor + bLBL)
(2.17)

where Egl,hor is the outdoor global horizontal illuminance. The regression

parameters bin, bL and bout are calculated using aggregated population datasets

(see Haldi and Robinson [49]). When the shades are partly raised or lowered,

their fractions are predicted using a Weibull distribution:

f(∆B) = λα(λ∆B)a−1exp(−(λ∆B)α) (2.18)

where the shape parameter α = 1.708 and scale

λ =
1

exp(−2.294 + 1.522BL,init)
(2.19)

The shading fractions from these models provide then the schedule that to

be set in EnergyPlus externally. Chapman's [43] modified EnergyPlus source

code was used to account for the fraction of shade that is raised / lowered in

order to proportionately reduce the amount of radiation transmitted through

the window (see Appendix B in [43] for the corresponding changes in the source

code).
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Lighting actions

No-MASS employs Lightswitch-2002 algorithm by Reinhart [50] to predict the

use of lights. The action of turning the lights on depends on the amount of

indoor illuminance E whilst an occupant is present within the zone. For each

time-step, the switch on probability is given as:

P =
a+ c

1 + exp[−b(log10(E)−m)]
(2.20)

where E is an indoor illuminance of the zone provided by EnergyPlus. At

arrival, a = −0.0175, b = 4.0835, c = 1.0361,m = 1.8223 and whilst present

a = 0.0027, b = 0.017, c = −64.19,m = 2.41. At the time of departure, the

probability of turning lights off is a function of the anticipated duration of

occupants' absence in hours D in the range 0.5 and 12 (after Eilers and Reed,

[51]), given as:

P = 0.268× ln(D) + 0.259 (2.21)

When an occupant is going to be absent for more than 12 hours, the lights are

assumed to be turned off. And for the absences less than 0.5 hours, the lights

remain on. This No-MASS predicted lighting status at each time-step is set

as a lighting schedule within EnergyPlus for each building zone.

Other techniques are needed to model phenomena for which data is not

abundant. These include belief-desire-intention (BDI) and agent-learning frame-

works, both applied to agent-based representations of occupants [52]. In the

former case, agents evaluate their beliefs about the state of the environment in

which they are immersed, comparing these with their desired states and effect

plans intended to achieve their desires. In the latter case, agents progress-

ively learn, through repeated simulations, behavioural interactions that max-

imise rewards. BDI rules are suited to relatively simple interactions, whereas

agent learning is able to accommodate considerably more complex behaviours,

though this can come with a penalty in terms of the number of computations

needed to learn reward-optimal behaviours. Finally, and as noted by Robinson

et al. [46], it is also desirable to represent social interactions amongst occu-

pants’ sharing spaces, emulating their negotiation processes and the outcomes

(agreed interactions) arising from them. Chapman et al. [52] describe a vote

casting and processing mechanism to achieve this in the case of data-driven
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models. Similar mechanisms are encodable in the case of BDI rules.

2.3 S-BPS Platform : A coupling of phenom-

ena

Several computational platforms have been developed to couple stochastic

models of occupants' behaviours within BPS tools, including those of Langevin

et al. [53], Hong et al. [54] and Chapman et al. [22]. Langevin et al's platform

integrates rules (akin to BDI rules) that allow agents to modify their clothing

and the use of windows, fans and heaters (and corresponding setpoints) to

achieve their comfort desires. This is integrated with the EnergyPlus solver

using the Building Controls Virtual Test Bed (BCVTB). Hong et al's plat-

form is in principle more general in character, employing an XML schema to

structure the modelling approaches to be employed for a particular application,

populated with the parameters to be employed by this structure, which is then

solved using obFMU. The Functional Mockup Interface (FMI) co-simulation

standard is employed to couple obFMU with EnergyPlus, with EnergyPlus

acting as the master algorithm. To the author's knowledge, only Chapman et

al's platform (No-MASS) incorporates all of the above mechanisms; in com-

mon with obFMU, utilising FMI to co-simulate with EnergyPlus.

As noted in the introduction chapter 1, the intention of the proof-of-concept

and its extension demonstrated later in the thesis is that how can we effectively

emulate a building performance simulator incorporating aleatory uncertainties

arising from occupants' stochastic interactions, and to employ this simulator to

quantify and decompose uncertainties. For this purpose we use EnergyPlus co-

simulated with No-MASS, constituting our energy simulation platform called

Stochastic Building Performance Simulation (S-BPS) (Figure 2.4). For the

proof-of-concept (5) and its extended study (6), we restrict our scope to uncer-

tainties relating to the physical properties (e.g. conductivity, density, specific

heat capacity) of the building envelope materials and the stochastic beha-

viours of occupants, limited to their presence and associated use of windows

and shading devices. For presence, we employ the time-inhomogeneous Markov

chain model of Page et al. [47]; for the use of windows we employ the hybrid

discrete- and continuous- time model of Haldi and Robinson [1]; while for
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shading devices we employ a similar hybridisation, due to Haldi and Robinson

[49], as described in the previous section. For further information regarding

behavioural models and associated modelling techniques, the interested reader

is referred to the reviews of Dong et. al. [55], Wagner et. al. [56], Gunay et.

al. [57] and Robinson et. al. [46].

The stochastic models of occupants' behaviour involve Inverse Function

Method (IFM) to predict a particular action / behaviour that would eventu-

ally take place given the probabilities for the occurrence of different behaviours.

The random variable in IFM procedure allows to capture the stochastic nature

of occupants' behaviours. This introduces a random bias i.e. an aleatory type

of uncertainty due to occupants' behavioural randomness in the predictions of

building energy performance. From a system modelling perspective of S-BPS

platform and also as per formulation in section 1.2, the random variable repres-

enting occupants' behaviour cannot be accessed and controlled by the model

user / analyst, unlike the case of material physical properties variables. For

the purposes of Uncertainty and Sensitivity Analysis of energy performance

in this thesis, the S-BPS platform has been considered as a systemic black

box (Figure 2.2) having weather, building information modelling inputs, inter-

acting deterministic thermodynamic heat transfer and stochastic occupants'

behavioural phenomena resulting into the stochastic building performance pre-

dictions.
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Figure 2.4: Schematic of EnergyPlus and No-MASS Co-simulation platform
[2]: the Stochastic Building Performance Simulator (S-BPS)
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Chapter 3

Methods for Uncertainty and

Sensitivity Analysis

All models are wrong but some

are useful.

George E. P. Box, Statistician

“Robustness in Statistics”

Workshop, 1978

As Box [58] pointed out, since model designers / scientists cannot obtain

a “correct” one, they tend to devise simple but evocative models. He further

argued that this not only applies to the statistical models but as well as to the

scientific / physical models. Embarking on Box's thoughts, this thesis adopts

an uncertain view about the modelling and simulation practices in evaluating

Building Energy Performances and prepares the foundational step of assessing

uncertainties in BPS for the related and relevant future contributions.

Complex prognostic models involve an integration of deterministic and

stochastic processes such as the case of complex BPS involving interactions

between heat transfer phenomena through the building envelope and stochastic

internal gains due to occupants' behaviours. A resulting combined behaviour

due to the involved complexity is thus unknown (unless and until the input

values are provided and simulation is conducted) and perhaps uncertain -

adding a layer of inherent model uncertainty to the predictions of quantity of

interest. In addition to that, depending upon the nature and their availab-

ility, the model input data sources prone to measurement errors and scaling
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issues also contribute to a systematic and random uncertainty to the model

predictions. As a consequence, the prediction veracity and the confidence in

predicting capability of the models is affected adversely.

Following this introduction, this chapter 3 presents the measures for uncer-

tainty and sensitivity, the uncertainty treatment process flow, the qualitative

and quantitative methods proposed in the literature and their applications in

BPS. Finally, this chapter ends with a summary which forms the basis and

motivation for a proposal of new framework in order to conduct Uncertainty

and Sensitivity Analysis for Complex Building Performance Simulation.

3.1 Measures for Uncertainty and Sensitivity

Uncertainty in the model inputs and predictions is characterized as a math-

ematical structure of probability distributions represented by the respective

input and output random variables. The statistical parameters (such as mean

µ and standard deviation σ) of distributions determine the shape and value

ranges of the probability distribution structure. The amount of uncertainty

can be expressed as a variance measure 1. Variance V measures the variability

of the data values from the mean µ of the probability distribution. It is defined

as the expected value E of squares of difference between the data values taken

by random variable X and µ, given as -

V = E((X − µ)2) (3.1)

Sensitivity of an output quantity of interest to the given input variable

i.e. a degree to which an output is sensitive to the input is defined as the

ratio of change in model output to the corresponding change in model input.

Mathematically, it can be expressed as the derivative of model output y with

1Alternatively, Shannon [59] (for discrete random variable) or differential (for continuous
one) Entropy H can also be used to express the randomness or uncertainty in random
variable. For our analysis in this thesis, we adopt variance as an uncertainty measure for
the purposes of consistency of our approach with the related studies in literature. Also, due
to the promising features of variance-based analysis i.e. model independent measure etc.
stated in [60], pages 157-158.
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respect to its input xi [60].

Sxi =
∂y

∂xi
(3.2)

The sensitivity of a variable / an input parameter is estimated in the

form of sensitivity index in two ways: an analytical method of Taylor Series

Expansion [61] and numerical methods based on Monte Carlo approach [62].

An analytical method is typically employed when the uncertainties in given

inputs are assumed to be small and lie close to the mean and the sensitivity

index is calculated at a local point (mostly at local mean). The conducted

analysis is termed as Local Sensitivity Analysis (LSA). On the other hand,

when the inputs are highly uncertain and the model has unknown linearity, the

model independent numerical methods are employed which are also resilient

towards highly uncertain inputs. These methods, although computationally

expensive requiring large number of model executions, allow to explore the

entire uncertainty range of input parameters so that the Global Sensitivity

Analysis (GSA) is possible.

3.2 Sources of uncertainty

Figure 3.1 presents the generic overview of sources of possible uncertainties

arising during different stages when conducting a simulation study. These

sources relate to model, data inputs and algorithm (numerical approximation)

uncertainties [63] [3]. A computer model of a reality of interest allows to

abstract and represent the physical phenomena in order to better study and

analyse the underlying behaviour, specifically for the cases where it is practic-

ally less feasible to conduct physical measurements / experiments. However,

at the same time, depending upon the modelling expertise available, the pro-

cess from defining a problem till experiment-ready design involves modelling

assumptions and imposing of operating boundary conditions that - leads to

simplifications and hence, discrepancy from the nature of actual underlying

phenomenon being modelled. The input data preparation tasks constitute

the second stage of uncertainty as the data requirements vary largely depend-

ing upon the type (detailed or simplified) of simulation model of underlying

processes at hand. Finally, the process of translation of model formulation
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to a computer code leads to approximation and which results in a deviating

behaviour from the envisaged model functionality. The subsection 1.1.2 elab-

orates on the sources of uncertainty in the context of a building performance

simulation study with respect to Figure 3.1.

Figure 3.1: Sources of uncertainty at different stages of a simulation study [3]

Kennedy and O'Hagan [64] have proposed one of the pragmatic ways of

classifying the various sources of uncertainty in experimental simulation stud-

ies involving complex mathematical models. The classification is based on

the fundamental notion that - there exists a lack of knowledge about the

exact values of some of the context-specific input parameters and initial con-

ditions termed as parameter uncertainty. A similar notion applies to a com-

puter model, since all models are wrong [58], when there exists a discrepancy

between the model predictions and the observations of underlying real world

phenomenon, called as model inadequacy. The other form of variation arises

referred as residual variability, where the model takes on different prediction

values every time when evaluated with same input values and conditions, due

to inherent uncontrollable and stochastic nature of a particular phenomenon

being modelled. Finally, in practice, the output of the computer code is un-

known for given set of inputs until the code is run and observed what actually

the output is. The complex models such as the case of stochastic BPS (S-BPS)

are computation intensive and it is also not realistic to conduct model runs for

every input configuration in order to know the nature of underlying function

(which is governing the building performance simulation model) in an entirety.
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Since the relationship expressed via mathematical model is complex (and it

therefore necessitated the model implementation in a computer code), the un-

certainty about the code output, termed as code or algorithmic uncertainty,

requires consideration in simulation studies.

In the context of this thesis, random model discrepancy in the energy

performance predictions i.e. an aleatory type of uncertainty due to inherent

randomness in stochastic models of occupants' interactions and an epistemic

type of uncertainty due to lack of precise knowledge about the data values

for design and physical input variables have been considered in the case study

applications.

3.3 Uncertainty Treatment : The process flow

Uncertainty analysis quantifies the amount of uncertainty in the model

output due to the uncertainties in its inputs. Sensitivity analysis provides

measures to decompose the total uncertainty in the model output into the

respective sources of uncertainties that caused it i.e. the model inputs [65].

Uncertainty and sensitivity analysis techniques offer a pragmatic treatment to

the uncertainty in the model predictions by providing better understanding

of the model behaviour. The model input-output relationship can be invest-

igated to reveal the additivity / non-additivity, linearity / non-linearity and

monotonic / non-monotonic behaviour of the underlying model.

The treatment aids modellers in different ways [60]:

I to re-assure the robustness of model against assumptions made,

II to provide guidance on the prioritization of model improvement efforts

by knowing the most influential inputs 2 called as Factor Prioritization

setting (FP) and subsequent model simplifications by identifying least

significant inputs called as Factor Fixing setting (FF),

III to identify critical regions in the input space which are responsible for

the desired / target behaviour in the output space defined as Factor

Mapping setting (FM) and

2which are resulting into greatest possible variance / uncertainty in the output Quantity
of Interest (QoI) and when they are fixed to their true values, would reduce the variance /
uncertainty in the output QoI the most.
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IV to assess reliable ranges for total uncertainty in the predictions defined

as Variance Cutting setting (VC) and as well as to know the justifica-

tion behind the extreme model behaviour in order to bring the output

uncertainty within certain tolerance range.

In the building simulation context, a prior and rigorous treatment of the

uncertainty problem could allow to gain interesting insights, for instance to

ascertain the assumptions made during early building design stages so that

the impact of ignoring / neglecting a particular parameter / phenomena can

be assessed. With FP setting, a building energy modeller would focus only on

the most influential parameters for the optimisation of model fitness to test its

applicability given the aim of reducing uncertainty i.e. achieving plausibility

in low energy building designs, for instance. With FF setting, a modeller can

then accordingly direct his / her model simplification efforts by being aware

of the non-influential inputs. The simplified model (and thus computation-

ally less demanding one) could then be employed to perform building design

optimisation for minimisation of energy loads and carbon emissions and max-

imisation of occupant thermal comfort. By implementing FM setting, the

ranges or critical regions in the input space that are influencing for instance,

the peak load predictions can be identified. VC setting would then enable

to reduce the energy performance gap by a way of limiting the uncertainty in

predictions within the threshold limits with the cutting of variances i.e. im-

proving on the acquisition of more certain values for the input data / model

parameters.

The techniques for the treatment of uncertainty in simulation studies can

be classified into qualitative and quantitative methods.

3.3.1 Qualitative methods

Screening methods, which can also be termed as Qualitative methods, present

a ranking of the most influential inputs indicated by the sensitivity measures

qualitatively without quantifying their actual influence in numerical terms,

while the quantitative ones (explained in next subsection 3.3.2) compute in-

put variable influences as an absolute numerical value. Qualitative methods

are useful in reducing the dimensions of input space by segregating the most in-

fluential input parameters from the non-influential ones, specifically in case of
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complex simulation models having several uncertain input variables and signi-

ficant computation time. Then, the quantitative methods / treatment (section

3.3.2) is employed for the rigorous quantification and decomposition of uncer-

tainties on a reduced set of most influential input factors. In this subsection,

we review and present the discussion on screening methods / techniques.

The qualitative sensitivity analysis techniques consist of an experiment

design and the screening method. An experiment design is a sampling proced-

ure that allows to select the small number of points from the input distributions

in such a way that they faithfully represent the whole of the input space. The

computational model is executed at these evenly distributed sample points.

Then, the screening method is employed to identify the most influential in-

puts or groups containing the influential inputs. In this thesis, for the case

of S-BPS, since the number of simulations runs N to be conducted are more

than the number of inputs k, the screening methods, that consider a single

variable as an individual entity (unlike group screening methods) termed as

individual screening methods, suffice the purpose. For group screening meth-

ods (where N << k, k is large), the readers are requested to refer to the liter-

ature: two-stage group screening [66], multi-stage group screening [67], Jacoby

and Harrisons sequential bifurcation [68], sequential bifurcation [69], Morriss

group screening [70], fractional replicate screening design [71], grouping and

analysis using iterated fractional factorial design, IFFDs [72].

In screening methods, the indicators about the influence of an input xi on

the output y are determined at the local point in input space. These indicators

convey the model behaviour in terms of the total and interaction effects.

While the total effect accounts for the overall influence of an input on the

output, an interaction effect determines the higher order influence involving

interactions of xi with other inputs due to model non-linearity and / or non-

additivity. The advanced and improved screening methods also provide an

indicator to detect the model monotonicity. The utility of sampling design and

method for qualitative ranking of inputs is evaluated against their effectiveness

in finding the most important inputs with less number of model executions.

Following subsections briefly review the features of different sampling designs

and screening methods described in Saltelli et al. [60].
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One-at-a-time (OAT) design

OAT is a local sensitivity analysis method in which the difference in model out-

puts is computed by varying the value of only one input at a time between the

consecutive pair of simulation runs. Typically, the model is executed between

the extremes in input space and the corresponding change in model outputs is

computed. The ratio of change in model outputs to the corresponding change

in inputs provides the amount of impact of that given input on the output.

The design requires 2k simulations, one each at high and low values for k in-

puts. The computed individual effect is a reliable indicator of the measure of

sensitivity of that input variable to the output, if the underlying model ex-

hibits linear behaviour. OAT design has shown poor effect to simulation runs

efficiency when a number of the most influential input parameters is small as

compared to the number of inputs investigated.

Factorial design

A typical full factorial design with two-level for k inputs generates 2k grid

points in k- dimensional hypercube of input space. The output mean is com-

puted for each level of the every input by conducting total 2k simulations.

One drawback of full factorial design is that the number of simulations re-

quired increases drastically even with a small increase in number of inputs

k. On the other hand, the fractional factorial design is a two-level trun-

cated full factorial design in which a measure of main effect of a given input

on the output is computed as half the difference of average output values for

the corresponding two levels of input. The variance in the output is obtained

as the square of main effect. The magnitude of variance determines the im-

pact of that input. Also in case of two-level fractional factorial design, as the

model is evaluated only at the extremes of an interval, the non-linear variation

exhibited by the model at the intermediate values is not well handled.

Morris design and method

Morris design is a type of an OAT design, where the smaller changes in input

values are represented by the finite levels within an interval. The local measure

of incremental ratios called as an elementary effect measure is computed at
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each of these levels accounting for the whole input space. The measure values

are averaged out to give the single effect value that is independent of the

selection of sample points. Morris [73] proposed two sensitivity measures based

on the elementary effect to determine whether the effect of xi on y is negligible,

linear and additive or nonlinear and non-additive. For a given input xi, the

elementary effect is defined as:

EEi =
[y(x1, x2, .., xi−1, xi+∆, .., xk)− y(x1, x2, .., xk)]

∆
(3.3)

where k independent inputs xi, i = 1, 2, ...k define k- dimensional input

space discretised into a p- level grid Ω, ∆ = multiple of 1
p−1

for p ≥ 2.

The random sampling of a vector X from the grid Ω on input space is used

to generate the distribution of elementary effects Fi for every ith input. If p

is even, ∆ is assumed to be p
2(p−1)

with number of effects EEi in Fi is equal

to pk−1[p−∆(p− 1)]. The mean µi and standard deviation σi estimates from

the elementary effects distribution Fi represent sensitivity measures. While

mean µi measures an overall influence of input on the output, the σi measures

the collective effects of an input due to non-linearity and/or interactions with

other inputs. In the simplest design (let’s say, for 2-input variable shown in

Figure 3.2), a computation of a single elementary effect requires two sample

points, i.e. the economy of design 3 = 1
2
. Therefore, for r EEs per k inputs

result in 2rk model executions. The economy of design can be improved by

building r random trajectories i.e. computing r EEs per k inputs from (k+ 1)

sample points where each trajectory provides k EEs. So with efficient Morris

design, the total simulation runs required are r(k + 1) with the economy of

design = k/(k + 1). Figure 3.2 illustrates a trajectory for k = 2, p = 4 and

∆ = 2
3
. Here, the trajectory r = 1, (k + 1) = 3 sample points and model runs

= 3 at X(1)[1/3, 1], X(2)[1, 1] and X(3)[1, 1/3].

The Morris method in the current form is prone to type II4 statistical

errors 5 - failing to identify an influential input. When the underlying model

exhibits a considerable non-monotonous response, a mean µi would measure a

3A number of sample points required to compute elementary effects
4These are purely the statistical errors and not the type of errors that lead to uncertainties

introduced in section 1.1.2
5Let, Null hypothesis H0 : Input is non influential. Alternative hypothesis Ha : Input is

influential. Type II error occurs when one accepts a null hypothesis when it is actually not
true.
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Figure 3.2: Illustration of trajectory in input space when number of inputs
k = 2

negligible overall influence due to the cancelling effects of the opposite polarity

elements. Alternatively, Morris suggested to study both the µi and σi measures

simultaneously using a graphical representation in (µ, σ) plane. Although if

the µi would measure negligible, but σi would certainly capture the variability

in elementary effects. However, this approach has been found to be impractical

in case of large models having multiple outputs.

Improved Morris measure

Campolongo et al. [74] defined an improved Morris measure µ∗i as the mean

estimate of distribution Gi of absolute values of an elementary effect |EEi|. µ∗i
measure is suitable for the models with several uncertain inputs and multiple

outputs. This improved model independent measure is robust against type

II errors providing realistic ranking of the inputs. An efficient Morris design

based generation of trajectories is susceptible to a non-uniform representation

of an input space due to the small fixed number of random trajectories. This

leads to biased estimates of the sensitive measures when inputs involved are

highly uncertain. Campolongo et al. proposed selection of r trajectories from

the set of random number of trajectories in a way that they are most widely

and uniformly dispersed in an input space to represent all the regions of input

space. A high number of different trajectories M are generated using an effi-

cient Morris design discussed earlier. The optimal r trajectories are selected

from M trajectories by maximising geometric distances between them. Ac-

cording to the experiments conducted in literature, a selection of p = 4,∆ = 2
3

and r = 10 has been considered as an optimum for highly dispersed represent-
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ation of the input space. The measures are given as -

µi =
1

r

r∑
j=1

EEj
i (3.4)

µ∗i =
1

r

r∑
j=1

|EEj
i | (3.5)

σ2
i =

1

r − 1

r∑
j=1

(EEj
i − µi)2 (3.6)

where i = 1, 2, ..., k.

The measures µi and µ∗i represent average and absolute average of element-

ary effects, while σi represents their deviation from the mean effect. Using the

settings as mentioned for Morris sampling design, the input sample values can

be obtained from the characterized distributions. Campolongo et al. also com-

pared the measure µ∗ obtained using the trajectory selection based sampling

design with the variance based total sensitivity index ST and showed that EE

based measure can be used as a good substitute for the total effect ST under

equivalent computational constraints.

3.3.2 Quantitative methods

Quantitative methods aid to know by what magnitude a given uncertain input

is more important than the other amongst their rankings. These measures

belong to a class of global sensitivity analysis techniques. Unlike qualitative

measures, the effect of input xi on the output y is quantified by exploring the

entire space of uncertainty in inputs. Roy and Oberkampf [3] had described

uncertainty analysis framework employed for the uncertainty estimation and

decomposition due to different uncertain sources in scientific computing. The

framework can be divided into two components - uncertainty propagation and

decomposition. The different concepts involved and the related methods with

regard to these components are briefly summarised below.

Monte Carlo (MC) approximation and sampling designs

Numerical methods for uncertainty propagation map the k-dimensional unit

hypercube input space represented by N sample points to the scalar or func-
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tional model output. The aim is to quantify the uncertainties in model out-

comes propagated from uncertain inputs by estimating an unconditional vari-

ance of model outcomes evaluated at the sampled points in input space. Monte

Carlo (MC) simulation-based method [75] for uncertainty propagation is illus-

trated below:

MC method involves an evaluation of a multi-dimensional integral of a

square-integrable function f(x1, . . . , xk), representing simulation model, over

a k- dimensional unit hypercube. An approximate MC estimate for the nu-

merical integral -

∫
. . .

∫
k

f(x1, . . . , xk) dx1 . . . dxk (3.7)

using quadrature rule6 is given as the mathematical expectation -

E =
1

N

N∑
n=1

f(x1n, . . . , xkn) (3.8)

The repetitive model evaluations at the sample points forms a distribution

of output quantity of interest. Considering the law of large numbers, the mean

estimate converges to a true value of the integral with an estimate error = σ√
N

.

However, the convergence rate of 1√
N

for an estimate error is still slow since

it demands for a large number of samples and hence, the model computa-

tions. A crude form of MC uncertainty propagation method involve a simple

pseudo-random sampling of input points with a replacement. Although the

sampling method gives an unbiased estimate of a moment of distribution i.e.

the statistical parameters (such as mean and variance), but prone to a large

estimate error due to an uneven distribution of finite number of sample points

drawn using random sampling. Sampling strategies and designs-based

MC simulations are recommended to employ in order to improve the per-

formance efficiency of moment estimation methods as the sampling strategies

allow to achieve the convergence in estimation of moment parameter values at

faster rates (i.e. with less number of sampling points) and also, reducing the

moment estimate error [33] [76].

6Quadrature rule states that a multi-dimensional definite numerical integral can be ap-
proximated as the weighted sum of function values evaluated at the sampled points within
the k-dimensional domain of input space.
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Sampling strategies for the careful selection of design / training points

are broadly classified into stratified sampling and quasi-random sequences. In

contrast to pseudo-random sampling [34], these more sophisticated sampling

techniques are designed to achieve uniformity in the design points' distribu-

tion in the input space, providing sufficient and well dispersed data / observa-

tions from which to construct a highly representative metamodel response sur-

face. Latin Hypercube Sampling (LHS) is a popular stratified sampling

strategy, where each input Xi is divided into say m sub-intervals, having equal

marginal probability 1/m [33]. A sample is selected from each consecutive sub-

interval to form a sequence of m points. These sequences of m points from each

input are randomly matched to form a k-dimensional set of m sample points

[60]. In contrast, quasi-random sequences follow space filling criteria of dis-

crepancy and geometric deviation to generate a uniformly dispersed sequence

of sample points [77].

In the context of this work and for future extentions of its scope, we adopt

the standard practice of using LHS, which has an estimated error convergence

rate that is independent of the dimensionality of the input space [78] and is

almost as fast as quasi-random sequences for large samples (N) [60] [79].

Uncertainty Propagation

MC uncertainty propagation approaches can be classified according to the type

of uncertainty (epistemic or aleatory or both) being envisaged to be propag-

ated through model evaluations [80]. Single and double loop schemes are

frequently proposed in the related literature for specific situations of MC un-

certainty propagation [81] [82]. Single loop scheme can be attributed to the

task of propagating epistemic uncertainty (e.g. lack of knowledge about the

precise value of input parameters) related to the data inputs (Figure 3.3). It

is straightforward to propagate the epistemic uncertainty through model eval-

uations because they are conducted in the uncertainty space of controllable

variables (e.g. data inputs) whose distributions are known or can be assigned

a priori. While the double loop scheme involve propagation of both epistemic

and aleatory (e.g. due to inherent model uncertainty) and the distribution of

this inherent uncontrollable variable is unknown, both types of uncertainty are

propagated in two loops: 1) an inner loop involving repetitive model execu-
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Figure 3.3: Single loop Uncertainty propagation scheme

tions for approximating the aleatory uncertainty and 2) an outer loop involving

model computations at epistemic samples (Figure 3.4) [83].

Uncertainty Decomposition

Uncertainty propagation is followed by the computation of sensitivity index

for the quantitative ranking of uncertain sources. Uncertainty decomposition

or sensitivity analysis is defined as the process by which the total uncertainty

in model output is apportioned to the respective uncertainty arising from the

influential input sources. Sensitivity index defines the degree of responsiveness

of model output to its uncertain sources. Quantitative methods for uncertainty

quantification and decomposition can be classified into moment dependent

(i.e. dependent on the statistical measure such as mean and variance) and

independent7 measures. ANalysis Of VAriance (ANOVA) -based moment

7Moment independent measures [84] [85] observe changes in entire distribution of random
variables instead of utilizing statistics of the distribution as uncertainty measures. The
introduction and review of these measures lie outside the scope of this thesis. We invite
readers to refer to the following literature on moment independent measures: Entropy-based
[86] [87] [88] and Distribution-based measures [89] [90] [91]. And for the latest review and
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Figure 3.4: Double loop Uncertainty propagation scheme
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dependent measures for the estimation of individual and total effect sensitivity

indices are briefly described in the following subsections.

Fourier Amplitude Sensitivity Test (FAST) method

FAST method was proposed by Cukier et al. [93] to compute the main effect

of each individual input on the total output variance. The main effect index

defined is the ratio of conditional output variance due to the input under

consideration to the total unconditional variance, given as the Main effect

= varX [E(Y/X)]
var(Y )

where, Y and X output and input random variables respectively,

E(Y/X) is the conditional expectation of Y for fixed X, varX is taken over

all the values of X and var(Y ) is the unconditional variance. Classical FAST

method was limited to the computation of only the main effect terms and had

drawback of computational complexity.

Sobol method

Extending FAST method in a generic way and combining Elforn and Steins

work [94] on functional decomposition of the response f(X) into a set of func-

tions of random variables, Sobol [36] proposed MC-based evaluation of a

multi-dimensional integral of a square-integrable 8 function f(x1, . . . , xk) and

its decomposed functional terms over a k-dimensional unit hypercube. For the

case of two input variables X1 and X2, according to the variance decomposition

theorem

V = V1 + V2 + V12 (3.9)

where unconditional variance V is computed from the distribution obtained

from the evaluations of function f at sample points, V1 = V (E[Y |X1]) and

V2 = V (E[Y |X2]). And the interaction variance from Eq. 3.9 is obtained as -

V12 = V − V1 − V2 = V (E[Y |X1, X2])− V (E[Y |X1])− V (E[Y |X2]) (3.10)

advances in the development of sensitivity analysis methods - Borgonovo and Plischke [92].
8A necessary condition for the functional decomposition to be unique.
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Dividing both sides of Eq. 3.9 by the unconditional variance V gives main

and interaction effect global sensitivity indices estimates i.e. S1 +S2 +S12 = 1

where, S1 = V (E[Y |X1])
V

, S2 = V (E[Y |X2])
V

and S12 = V12
V

= 1−S1−S2. In general,

the variance decomposition equation 3.9 can provide the unconditional vari-

ance as exhaustive sum of partial variance terms of increasing dimensionality;

first, second and higher order interaction effects in sensitivity indices terms -

∑
i

Si +
∑
i

∑
j>i

Sij +
∑
i

∑
j>i

∑
l>j

Sijl + · · ·+ S123...k = 1 (3.11)

Alternatively, Homma and Saltelli [95] proposed the total effect index

defined as the summation of first order effect and all higher interactions in-

volving given input, for instance Xi. As compared to original Sobol method,

computing only two sets of indices (i.e. main and total effect) per input reduces

the cost in terms of number of model evaluations in a numerical computation

procedure. The total effect index for input Xi is then expressed as -

STi =
E[V (Y |X−i)]

V (Y )
= 1− V [E(Y |X−i)]

V (Y )
(3.12)

where, the notation X−i denotes the conditioning on all other parameters

except Xi as the purpose of total effect index is to account for all the first and

higher order interactions variations explicitly due to variation in Xi only. For

the three input model, the total effect due to X1: ST1 = S1 +S12 +S13 +S123.

Comparison between FAST and Sobol methods

Saltelli and Bolado [96] compared FAST and Sobol methods to explore simil-

arities and relationships between them. The merits and demerits of the two

methods described in the article are summarised in Table 3.1. The total effects

computation method proposed by Homma and Saltelli [95] has computational

constraints due to the calculation of computation intensive conditional expect-

ation terms involved in the procedure. Saltelli [35] introduced a new numerical

computation strategy for the estimation of sensitivity indices by making ef-

fective use of model evaluations. The results obtained using this numerical

computation strategy were found in good agreement when experimented with

the test functions (such as analytical Sobol g-function). The extended Sobol

theorems demonstrated in this study claimed to perform more efficiently than
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the FAST method. Table 3.2 compares different sensitivity analysis methods

(and extensions of them) in terms of the computation costs i.e. a number of

model evaluations required.

Saltelli [35] concluded that the application of quantitative methods is reas-

onable for the simulation models those having a single run time spanning from

milliseconds to few minutes (in the context of this work, 20 and 90 seconds

for proof-of-principle (5.2.4) and extended (6.2.4) case study S-BPS models

respectively), while the qualitative treatment is preferred as an initial step for

the models those taking hours or days for the single simulation run to complete

and / or having a large number of input parameters which then requires segreg-

ation between the most influential and non-influential input parameters using

qualitative screening methods. The computation expense (time and number

of simulations) of estimating sensitivity indices values can be further reduced

by : 1) computing only the main and total effects whilst still revealing the

model structure and behaviour [95], 2) employing efficient sampling strategies

in order to obtain better convergence in the values of indices estimate [97] [98]

and 3) utilizing efficient numerical computation strategies / procedures (for

instance, matrix based) for the sensitivity indices estimation [35] [99].
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Table 3.1: Comparison between FAST and Sobol methods

Comparison indicator FAST [93] Sobol [36] [95]
Sensitivity index computation Only Main effect Main effect and interaction effects of higher order,

total effects
Model behaviour detection Non-linear, Non-monotonous and

only additive
Relevant also for non-additive models

Computation costs Cheaper and efficient, but increases
with number of inputs

Intensive for large sample size but can be reduced
to some extent when calculating total effects

Uncertainty in sensitivity index Systematic bias observed from the
analytical values

Converge relatively faster to the analytical values,
more accurate estimates than FAST

Table 3.2: Comparison between sensitivity analysis methods. (Note: k and N are number of inputs and samples respectively.)

Effect Classical
FAST [93]

Sobol [36] Sobol total effect
[95]

Extended
FAST
[100]

Extended Sobol [35]

Theorem 1 Theorem 2
First order N N2 N2 combined X X
Total effect - N2 N2 N X X
Higher order ([k−2]th order,
k ≥ 4)

-
∑
N2 - - X X

Second order - N2 - - - X
Total computation costs kN (2k − 1)N2 + N 2kN2 + N kN N(k + 2) N(2k + 2)
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3.4 Uncertainty assessment approaches in BPS

Lomas and Eppel [101] considered the standard weather and operating sched-

ules for a typical building design example and assigned a Gaussian distribu-

tion for the characterization of uncertainties in thermo-physical properties.

The outcome of a Local Sensitivity Analysis (LSA)9 measure called differen-

tial analysis revealed the linear nature of the thermal model, and the set-point

temperature and window glazing U-value as the most influential inputs. De

Wit [102] and his related foundational works on Uncertainty and Sensitiv-

ity Analysis of building thermal comfort performance [103] [104] applied the

parameter screening method called Morris [73] and found out that the wind

pressure coefficient and indoor air temperature were amongst the most influ-

ential factors. The uncertainties in all other parameters were assumed to be

Gaussian distributed during their propagation and the resulted uncertainty in

the thermal comfort was evaluated in terms of a coefficient of variation ( =

Standard deviation divided by sample mean).

The uncertainty analysis study by Macdonald [105] employed a dynamic

building thermal model using ESP-r software. The study was largely focused

on the identification of suitable methods for the uncertainty representation and

its propagation while assessing individual and overall impacts of the paramet-

ers comprising of thermo-physical properties, casual heat gains and infiltration

rates. A differential analysis was used to know the critical parameters affecting

the resultant indoor temperature. The corresponding impacts of uncertainty

in these parameters on the resultant indoor temperature were analysed in the

context of a typical IT classroom building during early design stage in order to

know the essential performance change requirements to avoid overheating risks

during peak summer temperatures. The infiltration, occupant and computer

gains were identified as the most influential parameters while the construction

material parameters having little or no effect on the risk of overheating.

Mara and Tarantola [106] conducted ANalysis Of VAriance (ANOVA)

based Global Sensitivity Analysis (GSA)10 on the results from a test-cell build-

9LSA is a qualitative screening measure in which an input parameter is varied in isolation
i.e. in a one-at-a-time fashion keeping other parameters at their base level or datum.

10GSA is a quantitative measure where all the concerned input parameters are varied
simultaneously in order to capture the impact of parameter interactions on the output
quantity of interest.
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ing at University of Reunion Island. The objective was to better characterize

and understand the thermal behaviour in the context of an existing build-

ing. The methodology employed a two-level full factorial sampling design: one

level called base level assumes the actual thermal characteristics and the second

level assumes perfectly adiabatic conditions with null heat transfer coefficients.

The study enabled to investigate the impact of construction assemblies (wall,

roof, ground and window) in order to know the influence of variation in their

thermo-physical properties on the predicted indoor air temperature. A hourly

computation of sensitivity indices revealed that the window and door during

morning, the roof and west side wall in the afternoon and ground during night

time were the most responsible for the variation in hourly indoor temperature.

The results corroborated with the facts: During day time, the diffuse solar

radiation transmitted through the window contributes to the warming up of

indoor air and hence, having larger impact during the day and while its effect

decreases during night time. In case of the ground assembly being influential

during the night time, the thermal capacity of the concrete stores the absorbed

irradiation during the day time and the same is released during the night.

Mechri et al. [30] analysed the variance in energy performance of a typ-

ical office building against the six design variables - thermal envelope area

to volume ratio, transparent area to envelope area ratio, exterior surface ab-

sorptance, orientation, external solar shading factor and internal effective heat

capacity of a building. The uncertainty analysis methodology was based on

the Monte Carlo technique, which produces a set of outcomes by conducting

model evaluations at the sample points in an input sample space, using a ISO

standard 13790:2008 [107] based quasi-steady simplified monthly method for

building energy performance assessment. The study concluded with the ob-

servations that - transparent to envelope ratio being the most significant and

the surface absorptance being the least significant factor in determining the

heating and cooling energy requirements of the office building.

An alternative and a more rigorous approach to the quantification of changes

in building energy performance due to the changes in design parameters during

early design stage was proposed by Hygh et al. [108]. A multivariate linear

regression model was developed based on the dataset constructed using the

sampled input parameter values and the resultant yearly energy consumption
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estimates obtained from each EnergyPlus model instance within the Monte

Carlo simulation framework. The impact of total 27 building design paramet-

ers, of a medium-sized rectangular office building, related to building form,

orientation, fenestration, shading and thermo-physical properties was invest-

igated under four different climatic conditions of US continent. The study

claimed to fit an excellent linear regression model to the EnergyPlus simulation

results and suggested it as an effective instrument for decision support during

early design stages. According to the analysed sensitivity of energy loads to

design parameters using standardised regression coefficients, the building area

was observed to be the most influential design parameter with its orientation

being the least and that too largely a similar trend was being observed across

all the four climatic zones considered.

Heo [109] proposed a new Bayesian calibration framework based on norm-

ative building energy model to support risk-conscious retrofit decisions by

accounting for the uncertainties associated with the energy conservation meas-

ures. The research work focused on the uncertainties related to physical (e.g.

scenario, building physical and operational, model inadequacy, observation er-

ror) and financial risks (e.g. investment and utility costs) that lead to under

expected energy savings predictions than the actual one. Heo used this step

of uncertainty analysis to identify four dominant parameters (i.e. windows

opening variable, indoor temperature, infiltration rate, air flow discharge coef-

ficient) that have highest possible impact on the gas energy use for the Faculty

of English building in the University of Cambridge, UK. This allowed to re-

duce the parameter space for the conduct of Bayesian calibration of normative

energy model for this University building. The resulting probabilistic annual

energy-savings accounting for the impact of sources of uncertainties reflected

the quantified risks related to under-performing energy conservation measures

(e.g. upgrading insulation, replacing windows and improving air-tightness)

translated in terms of annual utility cost reduction.

A further more systematic approach by Spitz et al. [31] suggested step

by step methodology to identify the most influential parameter and as well

as to determine the uncertainty bands around simulation results. A simu-

lation model of an experimental house was defined in EnergyPlus and the

comparison was made between measured and simulated data. The first step
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involved knowing of 10 most important parameters out of selected 139 para-

meters using local sensitivity analysis measure. In the next steps, the model

runs were performed at the parameter sampled values of these 10 parameters

to compute global sensitivity indices. The applied global sensitivity analysis

measure revealed electric heating system capacity, internal gains, heat ex-

changer efficiency, infiltration, insulation thickness and conductivity having

highest impact on the room air temperature. Sun [110] proposed methods to

demonstrate parameter (e.g. ground albedo, convective heat transfer coeffi-

cients, lighting and plug load) and model form (e.g. solar diffuse irradiation

model by Perez) Uncertainty quantification. The research work employed UQ

repository to categorise types and sources of uncertainties at five different (op-

eration, systems, building shell, urban and meteorology) levels of analysis for

six case study buildings of the Georgia Institute of Technology campus. Sun

mainly emphasised the importance of jointly considering the parameter and

model form uncertainties in reducing prediction errors.

Wang [111, 112] further built upon the Sun's UQ repository to develop

Georgia Tech Uncertainty and Risk Analysis Workbench (GURA-W) [32] and

considered additional parameter (e.g. infiltration rate), scenario (e.g. oc-

cupancy variables) and model form (e.g. workmanship issues at a thermal

bridge, HVAC system) uncertainty for the verification and reliability analysis

of probabilistic energy predictions. The research work on occupancy variable

uncertainty attempted to account for modeller's level of knowledge between

‘total ignorance’ and ‘perfect knowledge’ given the level of accessibility of

measurement data of occupancy variables. The final outcome was the Model-

ling Framework to account for modeller's bias and uncertain view on typical

building occupancy. The comparison of scenario profiles with mean occupancy

profile revealed that the low bias and variance scenario succeeded in reprodu-

cing the actual occupancy profiles than the high bias and variance scenario.

Wang's follow up research work [113] on generation of stochastic occupancy

profiles, using Autoregressive Moving Average (ARMA) model, and observing

their impact on aggregated HVAC energy consumption and peak demand con-

cluded that stochastic occupant presence play less prominent role than lighting

and appliance usage in the prediction of aggregated consumption due to weak

occupant interaction with the building envelope and system components; and
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conversely dynamic occupant stochastic interaction is important in predicting

peak demand due to the inherent limitations of static profiles to represent the

probabilistic nature.

Table 3.3 further summarizes some studies from the literature on the ap-

plications of uncertainty quantification approaches in BPS. The model out-

put quantity of interest is either heating / cooling energy loads or indoor air

(thermal comfort) temperature or both. The literature studies were focused

largely on modelling the linear behaviour of the building simulation model

by employing multi-linear regression techniques. They found to be unsuitable

in the context of the requirement of approximating the complex and non-

linear behaviour of the S-BPS model as set out for Objective I of this thesis.

Secondly obvious, these studies were performed considering only the determin-

istic heat transfer phenomena involved in the buildings, irrespective of model

/ simulation program (simplified or dynamic) used. This forms the basis for

thesis Objective II that there is a need to emulate the superposition of both

deterministic and stochastic phenomena occurring inside the buildings in a

plausible and computationally efficient manner while conducting Uncertainty

Quantification studies based on the metamodelling techniques. With a lack

of rigorousness in approximating the complex phenomena, these studies in lit-

erature are incomplete in propagation and decomposition of both the type of

uncertainties (epistemic and aleatory) in energy predictions (Objective III).

Lastly, the scope of these were limited to performing only Local Sensitivity

Analysis (LSA) i.e. only one parameter at a time was varied to study its

impact which is constrained in scope when the uncertain parameters exhibit

combined interaction effect on the energy predictions. This points to the need

(Objective IV) of extending the scope of Uncertainty and Sensitivity Ana-

lysis studies by considering the complex cases and as well as performing global

nature of sensitivity analysis studies i.e. quantifying and decomposing the

main and total effects of uncertain parameters on the energy predictions.

From the last column of most influential parameters identified in Table 3.3

and as well as from reviewed literature, it can be concluded that the global

impacts (main and total effects) of uncertainty in the detailed thermophysical

properties (e.g. conductivity, specific heat capacity, density, etc.) of opaque

materials and that of the optical properties (e.g. solar and visible transmit-
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tance, conductivity / u-factor, solar heat gain coefficient, etc.) of transparent

ones and as well as that of the most uncertain parameter i.e. infiltration rate

have not been thoroughly studied. Along with that the impact of aleatory

uncertainties arising from the models of stochastic occupants' behaviours (i.e.

stochastic internal heat gains) on the energy predictions has also not been

numerically quantified and decomposed before. Therefore, this thesis prepares

the foundational step of conducting Uncertainty and Sensitivity Analysis for

the complex case of building performance simulation such as the stochastic

BPS.

59



Table 3.3: Summary of applications uncertainty and sensitivity analysis approaches in BPS. (Note: ISO 13790:2008 Quasi-
steady simplified monthly method, EnergyPlus and ESP-r Dynamic heat conduction and balance simulation program, Simplified
MAV - Simplified Monthly Average Values)

Research
article

Building
phase and
type

Model /
program
used

Method
used

Model be-
haviour

Most influential parameters (in decreasing order of
importance)

Heiselberg et
al. [114]

Design phase
and Office

Simplified
MAV

Morris - lighting and ventilation, wall U-value

Capozzoli et
al. [115]

Design and Of-
fice

ISO
13790:2008

Multi-linear
regression

- window-to-wall and surface-to-volume ratio, specific
heat capacity of wall

Corrado and
Mechri [116]

Operation and
Residential

ISO
13790:2008

Morris - air change rate, number of occupants, metabolic and
equipment heat gain

Booth et al.
[117]

Operation and
Residential

ISO
13790:2008

Morris - Fraction of space heated, heating set-point temperature,
coefficient of performance of heating system, air leakage,
glazing and wall U value, window-to-wall ratio

Sanchez et al.
[118]

Operation and
Residential

ESP-r Morris and
Extended

Non-linear
and Non-
additive

building size (width, length and height), set point tem-
perature, ventilation rate and insulation thickness

Yildiz et al.
[119]

Design and Res-
idential

EnergyPlus Regression - window area, natural ventilation, building length, win-
dow solar heat gain, air infiltration, building width

Rodriguez et
al. [120]

Operation and
Residential

EnergyPlus Regression R2 > 0.984
(linear)

occupancy level and weather

Silva and
Ghisi [121]

Operation and
Residential

EnergyPlus Regression R2 > 0.95
(linear)

specific heat capacity and thickness of brick wall, num-
ber of occupants, occupancy schedule

Ioannou and
Itard [122]

Operation and
Residential

EnergyPlus Regression R2 > 0.7
(linear)

set-point temperature, ventilation, window U and G
value, facade conductivity
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3.5 Summary

For the example case of environmental models (such as HYMOD watershed

model [123]), Yang [124] pointed out, in general, an absolute need (due to

highly non-linear, non-monotonous and next to unknown nature of such com-

plex and distributed models) to observe the convergence and estimate the

uncertainty of the sensitivity indices by selecting and utilizing an appropriate

technique amongst different sensitivity analysis techniques. Yang concluded

that the Sobol method [36] is the most robust technique amongst all oth-

ers (the Morris method [73], Linear Regression (LR), Regionalized Sensitivity

Analysis (RSA) and non-parametric smoothing) in quantifying the uncertain-

ties and ranking of influential parameters although at a high computational

expense due to the requirement for large number of model executions.

Figure 3.5 illustrate the classification system of Uncertainty and Sensitivity

Analysis techniques11 based on the computational complexity. The techniques

are classified into three categories : 1) Screening techniques are aimed at se-

gregating the influential and non-influential parameters, 2) Ranking techniques

are aimed at qualitatively ordering of the parameters according to their influ-

ence and 3) Indices ones are aimed at quantifying the relative influence of the

parameters in terms of numerical importance measures.

11We note that the techniques such as Correlation and Regression analysis were not dis-
cussed just because of their more trivial way of obtaining output sensitivity information
from the simple statistical analysis of the input/output dataset. We invite reader to refer
to Kleijen and Helton [125], Helton and Davis [126], Storlie et al. [127] for the review of
these approaches. Note for Figure 3.5: CC - pearson Correlation Coefficient, PCC - Partial
Correlation Coefficient, SRCC - Spearman Rank Correlation Coefficient, PRCC - Partial
Rank Correlation Coefficient, SRC - Standardised Regression Coefficients
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Figure 3.5: Classification system of Uncertainty and Sensitivity Analysis (USA) methods against the computational expense
(Adapted from Pianosi et al. [4], Tian [5], Nguyen and Reiter [6] and Tian et al. [7] for the methods explored in earlier sections
3.3.1, 3.3.2 and applied in Chapters 5, 6) (Note: k - number of inputs)
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To address the computational challenge of propagating uncertainties in

building performance simulation (subsection 1.1.3), numerous statistical metamod-

eling techniques have been proposed in recent years for sensitivity analysis of

building [122] and climatic [128] parameters, and to support more accurate pre-

diction of building energy performance [129] [130]. The aim of metamodeling is

to use outputs from simulations at carefully designed inputs to train a statist-

ical model that provides an accurate approximation of the simulator response

at a lower computation cost than that of the simulator. Once a metamodel

has been constructed, the BPS tool can be substituted by the emulator and

employed to conduct Monte Carlo uncertainty propagation and variance-based

sensitivity analysis in providing early stage building design guidance [108] [131]

and to estimate the performance of passively designed buildings [132]. It is

to be noted that metamodeling is also highly relevant for computationally in-

tensive tasks relevant to BPS such as Bayesian calibration [133, 134, 135] and

optimisation [136, 137]. However, existing approaches are restricted to the

emulation and uncertainty quantification of deterministic phenomena, as is

the standard case in building simulation, neglecting sources of aleatory uncer-

tainty, for example that arise from stochastic phenomena such as occupants'

presence and their interactions with the building envelope, and associated heat

and mass transfers. Failing to incorporate these stochastic phenomena, this

thesis argues, undermines the utility of uncertainty quantification exercises,

and efforts to reduce the performance gap.

The function f (Eq. 1.1) defines here a system of coupled differential

algebraic equations concerning interactions between thermodynamic phenom-

ena (such as heat conduction, convection and radiation) occurring inside the

buildings [44]. A numerical solver or computer code such as the thermal build-

ing simulation program EnergyPlus employs numerical approximations to the

functional form f to solve this system of equations [45]. As Wetter and Polak

[138] point out, the BPS programs / solvers represent non-linear, multimodal

and discontinuous function of the design parameters. As mentioned earlier, in

order to reduce the computation cost of UQ studies, a metamodeling approach

is highly advantageous. The chosen approach should then reliably approxim-

ate the underlying functional form as a precondition. Moreover, the approach

should also consider stochastic perturbations due to occupants' behaviours
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while approximating the functional response. Therefore, there is a clear need

for a new metamodeling approach that: 1) estimates the functional form from

training datasets whilst specifying the uncertainty in estimating it, and 2)

accounts for stochastic perturbations, such as those arising from occupants'

behaviours, impacting on the function response.
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Chapter 4

Development of Mathematical

and Computational Framework

: EmUSA

In the next section 4.1, we discuss alternative candidate approaches that have

been or could be applied to the emulation of building performance simulators,

with a view to identifying the most promising candidate and how this can be

extended for our purposes. In section 4.3, we present in detail our implement-

ation of the emulation strategy, going on to present our related metamodeling

based uncertainty quantification strategy in section 4.4.

4.1 Metamodeling Techniques

Numerous metamodeling techniques have been employed to overcome the com-

putational costs of running thousands of expensive BP simulations for building

design space exploration [139, 131], optimization, [136, 137], model calibra-

tion [135, 140] and uncertainty quantification (UQ) [108, 132]. Techniques

that have been used within (deterministic) BPS workflows include ordinary

least squares regression (OLS) [141], multivariate adaptive regression splines

(MARS) [142], random forest (RF) [143], Gaussian process regression (GPR)

[144], support vector regression (SVR) [145] and artificial neural networks

(ANN) [141]. For a thorough practical evaluation of these techniques, we refer

the interested reader to : the works of Cheng and Cao [129] for the application
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of MARS, Yidil et. al. [146] and Amasyali and El-Gohary [147] for reviews of

regression models, Østerg̊ard et. al. [148] and Wei et. al. [149] for comparative

studies, and Lim and Zhai [150] for an analysis of the impact of metamodels

on bayesian calibration.

While the literature above reveals that there exists no single emulator-

based approach that is suitable for all purposes, we review these metamodeling

techniques based on the following criteria defined by Jin et al. [151] in our

search for most suitable candidate metamodel that could satisfy our build-

ing simulation requirement of performing UQ under occupants' behavioural

variability.

• Accuracy - the ability of an emulator in making predictions over an

input space, usually reported by unit less measure of error called coef-

ficient of determination or predictivity (R2) (defined in subsection 4.2.1

Eq. 4.9).

• Robustness - the measure of an emulator ability to predict accurately

for different nature of problems, indicated by mean and standard de-

viation of R2 when analysed for different types of model function and

output quantity of interest related to application cases.

• Efficiency - the computational effort required for training an emulator

and making new predictions, assessed in terms of amount of computation

time required against the size of training set and number of inputs.

• Transparency - the nature of an emulator structure in revealing the

simulator behaviour against the input variables and interactions between

them, interpreted in terms of additivity, linearity and monotonicity.

• Simplicity - easy to use and the parameter settings can be readily

modified for the problem with minimum user input.

In remainder of this section, we proceed with a briefing of above mentioned

techniques, their applications in BPS and performance assessment against

these criteria.
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Ordinary Least Squares regression (OLS)

OLS regression is expressed as the dependent variable Y being the linear

combination of the independent variables (X1, X2, ..., Xp) weighted by the re-

gression coefficients plus an error term εi. OLS regression are quite commonly

applied techniques - to quantify building energy performance [108] and to in-

vestigate the importance of building design variables in early design stage by

constructing a multi-linear regression over a range of variable values [115],

to analyse uncertainties in building simulation [121] and perform sensitivity

analysis of macroparameters [120] [122] using standardised regression coeffi-

cients. Although the multi-linear regression techniques are fast, easy to use

and interpret, the linear modelling assumption to fit a curve or surface to the

training data appears restrictive when the underlying nature of simulator f

is expected to be nonlinear. This affects the accuracy of the metamodel in

making predictions at new test points and as well as its robustness to emulate

different nature of functions. Rastogi et al. [152] compared the accuracy of

linear and nonlinear regression models in approximating BPS model and con-

cluded that nonlinear regression modes are 3−4 times more accurate than the

linear counterparts.

Multivariate Adaptive Regression Splines (MARS)

MARS adaptively builds a model of weighted nonlinear functions, called basis

functions by a forward/backward iterative approach. In forward phase, the

training data is recursively split by assigning a pair of basis functions that

maximizes the reduction of the residual sum of squares. In backward phase,

the least effective terms of the fitted model are successively removed using cross

validation to avoid overfitting. Cheng and Cao [129] proposed a technique

based on MARS to predict heating and cooling loads of residential buildings.

The study also compared proposed MARS approach with other techniques in-

cluding neural networks and support vector regression using cross validation

approach and showed to obtain maximum reduction in Root Mean Square er-

rors (RMSEs) compared to these other methods. MARS performed well in

terms of prediction accuracy of BPS, depicting robustness and transparency

in its ability to represent model nonlinearity and additivity using basis func-

tions but may become computationally inefficient with large input size due to
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laborious recursive cross validation in backward phase to remove least influen-

tial inputs. Moreover, given the complexity of S-BPS model considered in this

thesis, the recursive validation procedure may again hinder the practicability

of MARS.

Random Forest (RF)

RF is an extension of decision trees - classification and regression trees, grown

using many such trees which are combined and averaged to make predictions.

A tree is constructed by binary and recursive splitting of training set into

branches at the threshold values of response variables that leads to largest

reduction in residual sum of squares. The process continues until the number

of specified splits is reached or all leafs contain a single observation. Tsanas

and Xifara [130] proposed an application framework based on RF to study

the impact of building design variables on heating and cooling demands. RF

has been shown to outperform parametric least square regression techniques in

terms of accuracy and robustness in representing a nonlinear structure. But,

for large number of inputs, an internal structure of the model may become

difficult to interpret due to aggregation of multiple trees [141] [148].

Support Vector Regression (SVR)

SVR is a nonlinear generalization of the linear regression model in a high di-

mensional feature space, represented by the kernel function and its parameters.

In addition, SVR also estimates the regression function with an uncertainty

band specified by an additive term ε. The parameters and uncertainty are

estimated by the optimization algorithm, based on the structural risk minim-

ization approach, by minimizing the sum of residuals. Amasyali and El-Gohary

[147] review the applications of SVR using radial basis function for the pre-

diction of building energy performance. SVR technique offers higher levels

of prediction accuracies and are computationally efficient upto a few hundred

training points but are less simple requiring additional settings for the diverse

nature of problems and as well as less robust when the number of input vari-

ables are large [148]. The number of input variables can be of the order of

magnitude of two for some practical uncertainty and sensitivity analysis stud-

ies of building performance [31] and as well as for the potential future practical
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applications of this work.

Artificial Neural Networks (ANN)

A multi-layered ANN typically consists of an input layer, hidden layers and

output neuron layer. Each layer has number of neurons that connects and

propagates information to next layers using weights and transfer functions.

After specifying network parameters, the network is trained using learning

data and the output is compared with desirable response values using mean

square errors, followed by optimization algorithm to update neuron weights so

that the mean square error is minimum. A numerous BPS applications of ANN

have been presented, for a comprehensive review [153] [154] - Kalogirou works

[155] on the prediction of energy consumption and indoor temperatures and

their long term forecasting [156], analysis of HVAC system behaviour and their

optimization [157]. ANN has been relatively faster than the other methods

particularly during training and making new predictions with large datasets.

ANN is a black-box approach where the relationship between the inputs is

derived from the data which is flexible but also can be least interpretable due

to the structure of the function that is being derived from the data remains

hidden between the layers [148]. Moreover, they also require homogeneous

training datasets - complete and exhaustive in terms of their representation

[158].

Gaussian Process Regression (GPR)

GPR is a non-parametric approach to fitting a curve or a surface to the train-

ing data where the data generating process is viewed as an unknown function.

The function values at design points is a collection of random variables having

multivariate Gaussian distribution. The assumed prior probability over func-

tions is updated upon the evidence of training data under Bayesian framework

resulting into a posterior distribution which is used to make predictions at new

design points. The relationship between the input space design points is ex-

pressed by the covariance function which along with the mean function define

Gaussian process. The hyperparameters can be estimated in a non-parametric

way by maximizing marginal likelihood conditioned on the training data. As

GPR is a probabilistic approach, it presents emulator uncertainty at new pre-
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dictions in the form of distribution. A number of studies demonstrated the

application of GPR in BPS applications − (1) studies to optimise the design

of glazing systems for office buildings [159]; real time optimization of cooling

energy systems for efficient energy management in high-rise office buildings

[160]; building design optimization [161] [162], (2) calibration and diagnosis of

building energy simulation models for the formulation of energy conservation

and model predictive control strategies [163], and (3) sensitivity analysis of en-

ergy performance predictions to weather and building envelope characteristics

[128].

4.1.1 Selection of a candidate metamodelling technique

Numerous evaluations (see for example [150] and [148]), studying the effects

of training set size, the nature of the simulator functions to be emulated and

the number of inputs points to be represented, have shown that GPR is con-

sistently able to emulate the underlying simulator response more accurately

than competing techniques. Østerg̊ard et al. [148] compare the six mentioned

metamodeling techniques applied to building performance simulations, judging

these against performance indicators such as accuracy, efficiency, robustness,

simplicity and transparency. They conclude that GPR metamodels are the

most accurate (with a coefficient of determination or predictivity R2 > 0.99)

in approximating the nonlinear nature of BPS problems.

GPR shown to be also robust and easy to use towards different nature of

problems having varying complexity and dimensionality with readily modi-

fiable hyperparameter settings requiring less user input for their estimation

during optimization. When compared with ANN technique, GPR has been

proven to be computationally less efficient with the large training datasets,

typically for thousands of observations and GPR required more time for train-

ing and in making new predictions depending upon the chosen hyperparameter

optimization procedure [150].

Although the complex covariance functions are required for sufficient flex-

ibility while GP fitting which may become at times difficult to comprehend,

they would definitely be more interpretable than the completely black-box ap-

proach like ANN where the emulator structure is almost invisible i.e. hidden

between the layers. However, in case of GPR, after learning from the data,
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Table 4.1: Comparison between metamodeling techniques against the perform-
ance criteria (Note: fully - 5 points, partially - 3 points, not-at-all - zero. The
numbers in the brackets are the points scored by the technique based on the
subjective judgement of fully / partially / not-at-all.)

Technique Performance metrics
Accuracy Robustness Efficiency Transparency Simplicity

OLS(15) not-at-all not-at-all fully fully fully
MARS(18) fully fully not-at-all fully partially
RF(15) partially partially partially partially partially
SVR(17) fully partially partially partially partially
ANN(18) fully fully fully not-at-all partially
GPR(21) fully fully partially partially fully

the estimated hyperparameter parameters such as length scale, actually re-

veal the simulator behaviour against input variables in terms of their influence

on the response i.e. how dynamic is the output response toward variation

in input variables. GPR models were also termed to be intuitive inter- and

extrapolators much more than just surface smoothers by O'Hagan [164].

Table 4.1 summarizes the extent to which each technique meets the cri-

teria using the subjective judgements of : fully / partially / not-at-all in the

context of their applications for building performance simulations. GPR meta-

modelling technique scores highest (21/25 points) in terms of the presented

performance metrics despite being slightly less computationally efficient than

the ANN but that only with large datasets and also depending upon the com-

parable model optimization settings for weights / hyperparameters estimation.

GPR still promises a competitive and efficient performance during the training

and predictions with medium-sized datasets which is found to be advantageous

and sufficient to address the problem in hand for this thesis. In addition, in

the current context of emulating a stochastic response from BPS, the features

of GPR allows enough flexibility to modify the core configuration in order

to account for the non-constant stochastic occupants' variability as a noise

variance by still conforming to its mathematical framework. This also makes

feasible to perform UQ for such increasingly complex and highly computation

intensive case of stochastic building performance simulator.
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Addressing of practical issues with the Gaussian Process

emulators

However, there are few practical situations as pointed by Bastos and O'Hagan

[165] and Al-Taweel [166] that are required to be taken into account while con-

structing a valid Gaussian process emulator of a simulator: 1) A covariance

function inherently assumes a stationarity where the simulator output may

respond with similar degrees of smoothness at all points in the input space, 2)

The hyperparameters are inferred from the data and it may happen that the

inferring procedure estimate them poorly and 3) The Gaussian process emu-

lators may result in poor predictions of the simulator outputs if inappropriate

forms of the mean and covariance function are assumed while training them.

These have following consequences which aid in identifying such situations

and potentially avoiding them when detected during the emulator construc-

tion procedure: 1) In case of non-stationarity in simulator response (behaving

much more quickly in some parts of the input space than the others), the con-

fidence intervals of the emulator predictions can be too wide or too narrow in

the regions when the corresponding response is very less or highly dynamic.

2) In case of poor estimation of hyperparameters, the confidence intervals of

the emulator predictions can be systematically too wide or too narrow in the

regions of training data points.

In addition, Bastos and O'Hagan [165] and Al-Taweel [166] proposed nu-

merical and graphical diagnostic methods to validate the assumptions that are

used in constructing the Gaussian process emulator of a simulator. The meth-

ods statistically compare simulator and emulator predictions at the validation

data points. For instance, the numerical methods include diagnostic based on

individual prediction errors (between the observed simulator outputs and the

predictive mean output at the same inputs), a summary diagnostic called ma-

halanobis distance (comparing emulator predictions with the simulator outputs

under the same inputs) and decomposition indices (variance, eigen, cholesky

and pivoted cholesky). Graphical methods are actually the plots of individual

errors against the emulator's predictions, the validation data index, the inputs

and quantile-quantile plots for the emulator and simulator outputs. Other

diagnostics include the credible interval diagnostic (proportion of validation

outputs that lie in confidence intervals) and predictive density diagnostic (a
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decreasing function of the Mahalanobis distance). The diagnostics essentially

check whether the emulator and its uncertainty can represent the simulator.

And when that is not the case, then the diagnostics can aid in signposting

about where the problematic situation might be.

In the context of this thesis, the credible interval diagnostic (Eq. 4.10) has

been used to evaluate the uncertainty in the predictions of emulators trained

for the proof-of-principle (Table 5.3) and extended studies (subsection 6.2.2).

The simulator responses have been checked for the non-stationarity condition

during emulator fitting procedure by experimenting with the covariance func-

tion structure and then the highly dynamic and non-representative response

surfaces were discarded by also verifying their prediction accuracies (subsection

5.2.2). The stationarity or smoothness in emulator fitting has been observed

by plotting the response surfaces of the fitted mean and variance GPs (Figure

5.3). The proportion of stochastic simulator predictions contained within the

confidence intervals conform that the intervals are not too wide or too narrow

in the regions of data points (Figure 5.4). This is to observe for the quality of

hyperparameters estimated from the data. These are few practical issues with

the Gaussian process emulators that need due consideration when deciding on

their usefulness for building performance simulation applications.

4.1.2 The proposal

In this chapter, we propose a new metamodeling approach to simulate the

stochastic response of a BPS that simulates occupants' behaviour. In this, we

follow the generic stochastic Kriging metamodeling approach of Ankenman et

al. [167] which uses repetitions of the stochastic simulator, at a given design

point X, to characterise/approximate the input-depdendent mean response

and variance of the stochastic building performance simulator, via Gaussian

process regression (GPR). The proposed approach aims to provide GPR emu-

lators to the following quantities

fd(X) = Eω(Y |X), V (X) = Eω(Y |X− fd(X))2, (4.1)

where Eω denotes the expectation with respect to ω. By means of off-the-shelff

GPR algorithms [168], we fit a GP to the variance V (X) given the sample
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variance from repeated simulator runs computed at design / training points.

We subsequently use predictions from the corresponding metamodel of V (X)

to fit a non-heteroscedastic GP to fd.

To the best of our knowledge, metamodeling approaches for BPS have only

been applied where the simulator response is deterministic (for a particular

choice of inputs). In this thesis we address the case when BPS is coupled with

a stochastic model for occupants' behaviour. As described in the introductory

chapter 1 (section 1.2), standard metamodeling techniques (including GPR)

cannot be directly applied to emulate the response of a stochastic BPS. The

main challenge arises from the fact that the variance of the simulator (with

respect to an uncontrollable variable), V (X) is a function of input parameter

X (see equation(4.1)) which is, in general, unknown.

From the statistical literature we identify two possible routes to address

this challenge. With the approach proposed in [169, 170] the unknown values

of the variance V (X), at the training points, can be treated as hidden vari-

ables within the GPR framework with non-heterosedastic variance. Altern-

atively, when repetitions of the computer code are available for each input,

the Stochastic Kriging (SK) method can be applied to emulate the variance

(given the sample variance from repetitions) [171, 167, 172]. Once V (X) has

been approximated via an emulator, GPR can be applied to emulate the mean

response surface using information from the GP emulator for the variance.

There is good evidence to suggest that SK lends itself more naturally to vari-

ance based sensitivity analysis which, in turn, requires an explicit emulation of

both the mean and variance [41]. A SK approach is proposed in Section 4.3 for

the emulation for the stochastic response of BPS, for which we demonstrate

its efficiency for the computation of sensitivity indices in Section 5.2.4. Since

standard GPR is at the core of the SK method, we introduce in the follow-

ing section the basic elements of standard GPR (for deterministic computer

simuators) and refer the interested reader to [144] for further details.
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4.2 Standard Gaussian Process (GP) Metamod-

eling for deterministic simulators

Let us assume that we have a deterministic computer simulator that depends

on a vector of input parameters denoted by X = (X1, . . . , Xp), that we assume

belong to a space of admissible inputs X ⊂ Rp. We further assume that the

outputs of the simulator can be described via the evaluation of a deterministic

function F : X → R, which maps inputs X ∈ X into the corresponding

simulator response (output) F (X). For simplicity, in what follows we consider

the case of a univariate simulator response, but the results will be extended

to the multivariate case.

As discussed earlier, when running the simulator (i.e. evaluating F (X) for a

given input X) is a computationally costly exercise, propagating inputs uncer-

tainty through the simulator can become unfeasible. The aim of metamodeling

is to replace F with a function that emulates the simulator response at much

lower computational cost. GPR provides for this, by inferring the underlying

functional form of F , given observations of the evaluation of F at a carefully

selected number of design or training points {Xn}Nn=1 in the input space X .

More specifically, we consider the training set defined by D = {(Xn, Yn)}Nn=1

where Yn are obsevations of F (Xn). Following standard assumptions we con-

sider an observational model of the form [144]

Yn = F (Xn) + ε, (4.2)

where ε ∈ Rd is Gaussian noise with zero mean and covariance σ2I.

Before observing the data D, the underlying Bayesian framework for GPR

metamodeling requires the specification of a prior distribution (over a space of

functions) for the function F that we wish to infer. In the standard framework,

the prior on F is a Gaussian distribution of functions with mean (function)

m(X) and covariance k(X,X′) (we denote this by F ∼ GP(m(X), k(X,X′))).

For the sake of clarity, we consider here the case m(X) = 0 for all X ∈ X
which corresponds to the case in which we have no prior knowledge of the

simulator.

The covariance function k(X,X′), on other hand, characterizes the vari-
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ability of the family of functions defined by the GP prior. A covariance that

enables a wide class of functions to be characterised is the Mattern covariance,

defined as [144] :

k(X,X′) = σ2
Y

21−ν

Γ(ν)

(
||X−X′||

l

)ν

Kν

(
||X−X′||

l

)
, (4.3)

where Γ is the gamma function, l is the characteristic length scale, σ2
Y is the

signal variance, Kν is the modified Bessel function of the second kind of order

ν, and || · || is the Euclidean norm (in Rp). The parameter ν controls the

regularity/smoothness of the samples. For the present work we consider ν to

be fixed and so the Gaussian is fully characterised via the specification of the

prior hyperparameters l, σY that are contained in the single vector θ = (l, σ2
Y ).

In order to make predictions of F at a test location X∗ (i.e. F (X∗)),

we consider the predictive distribution, p(F (X∗)|X∗,D, θ), which from the

standard GPR framework, is Gaussian with mean F̂ (X∗) and variance K̂(X∗)

defined by:

F̂ (X∗) = KT
θ (X∗)(Kθ(X) + σ2I)−1Y (4.4)

K̂(X∗) = kθ(X
∗,X∗)−KT

θ (X∗)(Kθ(X) + σ2I)−1Kθ(X
∗), (4.5)

whereKθ satisfies: [Kθ]i,j = kθ(Xi,Xj), Kθ(X
∗) = (kθ(X

∗,X1), . . . , kθ(X
∗,XN))T ,

and Y = (Y1, . . . , YN)T . We note that if θ and σ are known, expression (4.4)

can be used to make predictions of the simulator F , at testing point X∗. A

measure of the uncertainty in those predictions is provided by the variance

(4.5). In practice, however, the (hyper)parameters θ and σ are unknown and

hence these must be inferred from the training set D. The standard practice

for estimating these parameters is to maximise the posterior density p(θ, σ2|D),

which from Bayes' rule, satisfies the condition:

p(θ, σ2|D) ∝ p(D|θ, σ2)p(θ, σ2) (4.6)

where p(θ, σ2) is the (hyper-)prior distribution on (θ, σ2) and p(D|θ, σ2) is the

marginal likelihood given by the following expression [144]:

p(D|θ, σ2) =
1

2
YT (Kθ + σ2I)−1Y +

1

2
log |Kθ + σ2I|+ N

2
log 2π (4.7)
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The maximum a posteriori (MAP) estimate of the prior hyperparameters is:

(θ̂, σ̂2) = arg max
θ,σ2

p(θ, σ2|D) = arg min
θ,σ2

[
− log p(D|θ, σ2)− log p(θ, σ2)

]
(4.8)

Finally, predictions of F (X∗) together with a measure of their uncertainty can

be used by employing (θ̂, σ̂2) in expressions (4.4)-(4.5).

As stated earlier, expressions (4.4) -(4.5) are derived under the assumption

of zero prior mean m(X) = 0. It is worth mentioning, however, that it is

often beneficial to incorporate a non-zero mean function. A common choice

is to consider m(X) a polynomial of some degree, with coefficients that can

be inferred by including them in the setting of (4.6). We refer the reader to

[144] for further details and the corresponding equations that generalise those

in (4.4) -(4.5) for the case of non-zero prior mean.

Finally, we emphasize that the Gaussian assumptions in the GPR frame-

work relate to the family of functions that approximate the functional form

of the simulator (i.e. F ). The GPR framework impose neither restrictions on

the distribution of the input space X nor on the distribution of the simulated

outputs F (X ) . The GPR framework can be used to propagate uncertainties

for an arbitrary distribution of inputs which may, in turn, yield a distribution

of non-Gaussian outputs.

4.2.1 Validation measures

Numerous validation measures can be employed to determine the goodness of

fit of an emulator [137]. A common choice is a unit-less measure called the

predictivity coefficient (or coefficient of determination R2) Q defined by:

Q(Y, Ŷ ) = 1−
∑Nt

i=1(Yi − F̂ (X∗i ))2∑Nt

i=1(Ȳ − Yi)2
(4.9)

where Y = {Yi}Nt
i=1 denotes the observed simulator outputs over a set of Nt

testing points {X∗i }Nt
i=1 (distinct from training data), Ȳ denotes their empirical

mean, and Ŷ = {F̂ (X∗i )}Nt
i=1 are the GP metamodel predictions computed by

(4.4).

Van Gelder et al [137] propose that a metamodel be constructed with as

few training samples as possible, through a new strategy that is independ-
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ent of the type of metamodel, by systematically adding samples in steps until

the constructed metamodel meets defined validation criteria. If the evalu-

ation measures indicate a poor fit (low Q and high error) then the number

of sampling points, within a fixed computation budget, are increased and the

model fit is re-analysed; the process being repeated until the goodness of fit

criteria (high Q and low error) are satisfactory i.e. addition of more sampling

points to the training datasets does not lead to any significant increase or

change (say by more than 5%) in the predictivity coefficient. Since the desired

accuracy is problem-dependent, the goodness of fit of the metamodel is eval-

uated based on the converged value of our chosen indicator of accuracy i.e.

predictivity coefficient. We apply and demonstrate this new metamodel-type

independent strategy in Section 5.2.1, to obtain mean and stochastic variance

GP response surfaces by analysing their goodness of fit at test data points, and

by observing the convergence in predictivity coefficient values over sampling

sets of increasing size.

In addition, since the GP framework produces a statistical distribution

of predicted outputs, it is important to quantify the uncertainty in the GP

emulator response at validation/testing data points. To this end, we make use

of a credible interval technique, as proposed in Bastos and O'Hagan [165]. At

any given test point X∗, the GP framework that yields expressions (4.4) and

(4.5) enables us to compute credible intervals defined by

Cα(X∗) = [F̂ (X∗)− τ
√
K̂(X∗), F̂ (X∗) + τ

√
K̂(X∗)]) (4.10)

where τα is the (1− α
2
) quantile of the standard Normal distribution and F̂ (X∗)

and K̂(X∗) are the values that we obtain from expressions (4.4) and (4.5), re-

spectively. According to Bastos and O'Hagan [165], evaluating the statistical

accuracy of the emulator response can be performed by computing the per-

centage of observations (obtained from a set of testing points) that fall within

this interval. An accurate emulator response should yield credible intervals

that contain a proportion of approximately (1 − α
2
) of those observations. In

Section 5.2.1, we evaluate the uncertainty of the emulators trained in this

study.
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4.3 Proposed methodology for the emulation

of S-BPS

In this section we propose a methodology to emulate the stochastic response

of S-BPS described by (Eq. 4.1). Again we reiterate that while X is a vector

of random variables representing design input parameters (e.g. wall thick-

ness, window transmittance), these are assumed to have a well-characterised

probability density function. In contrast, ω is a variable associated with the

aleatoric nature of the S-BPS associated with occupants presence and their

interactions with the envelope (e.g. use of windows and shading devices). We

assume that we only have access to the distribution of ω via repetitions of

the simulator at a training point (as per formulation Eq. 1.1 and discussed

in sections 1.2, 2.3). In this case, our aim is to construct metamodels for the

mean response fd(X) and the variance, V (X), of the stochastic component

of the simulator. More precisely, we consider the log-transformed 1 variance

log V (X) to ensure positivity of the estimates produced by the metamodel.

Figure 4.1 illustrates the deployment of the S-BPS (Figure 2.4) within our

Monte Carlo uncertainty propagation scheme for the generation of training

datasets with which to construct metamodels.

4.3.1 Gaussian process fitted to the log-variance log V (X).

We consider a set of training points {Xn}Nn=1 ∈ X in the input space and

denote by Yn = f(Xn, ω) 2 the random variable that arises from evaluating

the stochastic simulator at each training point Xn. For each Xn we generate

a set of Jn realisations (of order 102 to 103 for the case studies in this thesis)

of the stochastic simulator. We denote these realisations by {Y (j)
n }Jnj=1, and we

assume that these are independent and identically distributed (iid) according

to the law of Yn. We compute the sample mean, Y n, and sample variance, s2
n,

of these realisations via the following expressions:

1Since variance is always positive, the log transformation of the sample variance avoids
prediction of negative variance values.

2For the purposes of simplicity in notation, in this section we also use Yn to denote the
simulator response, so that Yn is now a random variable since the function f is stochastic .
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Figure 4.1: Monte Carlo Uncertainty Propagation Scheme for S-BPS
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Y n =
1

Jn

Jn∑
j=1

Y (j)
n and s2

n =
1

(Jn − 1)

Jn∑
j=1

(Y (j)
n − Y n)2. (4.11)

Following the work of [172, 171], we use the log of the sample variance {log(s2
n)}Nn=1

computed at the training points to construct a GP metamodel for the unknown

log-variance log(V (X)). In order to introduce an observational model of the

form (4.2) suitable for GPR, we note that under Gaussian assumptions on the

distribution of the observations {Y (j)
n }Jnj=1, the log-transform introduces a bias

βn. More specifically, according to [172, 171], we know that:

log V (Xn) = E(log(s2
n)) + βn (4.12)

where

βn = −Ψ

(
Jn − 1

2

)
+ log

(
Jn − 1

2

)
.

In the previous expression Ψ denotes the digamma function. Motivated by

(4.12) we thus consider the following observational model for the true log-

variance at the training points:

log(s2
n) + βn = log V (Xn) + ηn (4.13)

where ηn ∼ N (0, σ2). The training set for the metamodel log V (X) is thus

defined by Dv = {(Xn, log(s2
n) + βn)}Nn=1. We use the GPR described in

subsection 4.2 to fit a stationary Gaussian process log V (X), i.e. we assume a

centred (i.e. zero mean) GP prior on log V (X):

log V (X) ∼ GP(0, kθv(X,X
′
)) (4.14)

with a covariance function defined by (4.3) and hyperparameters θv. From the

GP framework we obtain mean predictions for l̂og V (X∗) and variance K̂v(X
∗)

defined via the following expressions:

l̂og V (X∗) = KT
θv(X∗)(Kθv + σ2I)−1ξ (4.15)

K̂v(X
∗) = kθv(X∗,X∗)−KT

θv(X∗)(Kθv + σ2I)−1Kθv(X∗) (4.16)
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where Kθv , Kθv(X∗) are defined analogous to those in (4.4)-(4.5), and where

ξ = (log(s2
1)+β1, . . . , log(s2

N)+βN). Hyperparameters θv and σ2 are estimated

by maximising the posterior density as described earlier. In this case the

marginal likelihood is given by:

p(Dv|θv, σ2) =
1

2
ξT (Kθv + σ2I)−1ξ +

1

2
log |Kθv + σ2I|+ N

2
log 2π (4.17)

4.3.2 Gaussian process fitted to the mean response fd(X).

Let us note that if the realisations {Y (j)
n }Jnj=1 are iid samples from a Gaussian

/ non-Gaussian distribution, then from the Central Limit Theorem [173] we

know that Y n follows a Gaussian distribution with mean fd(Xn) and variance

V (Xn)/Jn; we write this as follows:

Y n ∼ N (fd(Xn), V (Xn)/Jn), n = 1, . . . N (4.18)

If the assumption of normality on {Y (j)
n }Jnj=1 is not satisfied, expression (4.18)

provides a good approximation for sufficiently large sample size Jn. Therefore,

from (4.18) we consider the following observational model for fd(X):

Y n = fd(Xn) + εn, n = 1, . . . , N (4.19)

where εn ∼ N (0, V (Xn)/Jn). We now follow the approach proposed in [167]

where the true (unknown variance) V (Xn) is replaced by the predictions of

the metamodel constructed in (4.15). More specifically, we assume that:

Y n = fd(Xn) + εn, εn ∼ N
(

0,
1

Jn
el̂og V (Xn)

)
. (4.20)

We note that (4.20) defines an observational model for fd(X) that can be used

within a GPR framework with heteroscedastic (i.e. non-constant and input-

dependent) variance [172, 171] to construct an emulator for fd(X). To this

end, we define the training set DY = {(Xn, Y n)}Nn=1. We further assume a

centred GP prior for fd. That is:

fd(X) ∼ GP(0, kθy(X,X′)) (4.21)
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Under the GPR framework, predictions at testing points are then given via

the mean f̂d(X
∗) and variance K̂y(X

∗) defined by:

f̂d(X
∗) = KT

θy(X∗)(Kθy + ΣV̂)−1Y (4.22)

K̂y(X
∗) = kθy(X∗,X∗)−KT

θy(X∗)(Kθy + ΣV̂)−1Kθy(X∗), (4.23)

where Kθy and Kθy(X∗) are defined in a similar fashion to Kθv and Kθv(X∗)

above (i.e. with kθv replaced by kθy) and where ΣV̂ = diag( 1
J1
el̂og V (X1), . . . , 1

JN
el̂og V (XN ))

and Y = (Y 1, . . . , Y N)T . Finally, we estimate the parameter θy from the pre-

averaged marginal likelihood given by [172]:

p(Dy|θy) =
1

2
Y
T

(Kθy + ΣV̂I)−1Y +
1

2
log |Kθy + ΣV̂|+

N

2
log 2π (4.24)

Similar to the discussion of the preceding subsection, predictions of fd(X
∗) can

be computed via (4.22)-(4.23) with θy replaced by θ̂y. The methodology is now

summarised in Algorithm 1. Figure 4.2 illustrates the methodology workflow,

according to algorithm 1, for obtaining a validated pair of mean and variance

GPs.

Algorithm 1 Algorithm to construct metamodels for fd(X) and log V (X).

(1) Select/sample N training points from the input space {Xn}Nn=1 ⊂ X
for n = 1, . . . , N do (e.g. via LHS)

(1.1) Compute realisation j of the stochastic simulator Y
(j)
n = F (Xn, ω

(j)),

(j = 1, . . . , Jn)

(1.2) Compute the sample mean and variance Y n and s2
n

end for

(2) Use the training set Dv = {(Xn, log(s2
n) + βn)}Nn=1 to fit a GP to

log V (X) (given by (4.15) with θv and σ2 computed for example via MAP

estimation).

(3) Use the estimate from (2) and the training set DY = {(Xn, Y n)}Nn=1 to

fit a GP with input-dependent variance to the mean response fd(X) (given

by (4.22)-(4.23) and θy computed via MAP estimation).

end
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Figure 4.2: Flow diagram for Algorithm 1
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4.3.3 Emulation of the stochastic response

Constructing the metamodels in the previous sections enable us to capture

uncertainty due to the stochasticity of the simulator at a given input point X.

This is relevant for the propagation of uncertainty through complex models

[here through an inexpensive metamodel - a plausible approximation of our

simulator] and its subsequent quantification under stochasticity. Note that a

particular case of the stochastic simulator from (1.1) arises when the function

f can be written in the following form:

Y = f(X, ω) = fd(X) + fs(X, ω), fs(X, ω) ∼ N (0, V (X)). (4.25)

where, as before, fd(X) is the mean response. In this case fs(X, ω) is a Gaus-

sian random variable with input-dependent variance. Under the modelling

assumption given by (4.25), following formulation in [41], the mean response

fd(X) and the variance V (X) fully characterise the stochastic response at a

given point X in the input space. Constructing metamodels according to the

methodology described in subsections 4.3.1-4.3.2 allows us to simulate the re-

sponse from the stochastic simulator. Indeed, simulations of the variable Y at

at testing point X can be obtained by:

Y = fd(X) +
√
V (X)ξ, ξ ∼ N (0, 1). (4.26)

Similarly, two-sided α-tailed credible intervals can be defined by:

CIα(X) =
[
fd(X)− τα

√
V (X), fd(X) + τα

√
V (X)

]
(4.27)

where, as before, τα is the (1 − α
2
) quantile of the standard Normal distribu-

tion. The predictors from the metamodels for fd(X) and V (X) can be used

in expressions (4.26)-(4.27) for the efficient emulation of our stochastic simu-

lator and to approximate credible intervals. In Section 5.2.3, we assess using

(4.27) the capabilities of the emulator to capture the stochastic observations

obtained from the stochastic building performance simulator.

85



4.4 Global sensitivity analysis through metamod-

eling

We now discuss how the proposed approach to quantify uncertainties in S-

BPS can be combined with a Global Sensitivity Analysis (GSA) technique

to decompose the total uncertainty in the model output into the respective

sources of uncertainty in the model inputs [65]. We consider a variance based

method, based on sensitivity indices that enable us to quantify the importance

of a given uncertain input relative to others. These indices are the quantitative

measures of knowing an impact of uncertain sources on the model predictions

(so that those uncertainties can be subsequently addressed if possible).

4.4.1 The deterministic case

Let us consider again the case of a deterministic simulator Y = F (X) discussed

in subsection 4.2. We denote by I a set of indices from {1, . . . , p} with car-

dinality denoted by |I|. We use standard index notation for which XI denotes

a vector that contains the components of X = (X1, . . . , Xp) with indices in I.

For example, if I = {1, 4}, then X{1,4} = (X1, X4). Furthermore, we denote by

X∼I the vector with all components of X except those that belong to the set I.

Using the total variance decomposition theorem, the unconditional variance

of the model output Y can be expressed as [95]:

VX[Y ] =

p∑
i=1

∑
|I|

VI(Y ), (4.28)

where

VI(Y ) = VXI
[EX∼I

(Y |XI)]. (4.29)

In (4.29) we use Eκ(Z) and Vκ(Z) to denote expectation and variance of Z

with respect to κ. Let us note that when I = {i} and I = {i, j}, for example,

we have

Vi(Y ) = VXi
[EX∼i

(Y |Xi)] (4.30)
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and

Vi,j(Y ) = VXi,Xj
[EX∼i,j

(Y |Xi, Xj)]− Vi(Y )− Vj(Y ), (4.31)

respectively.

Sobol indices of Y = F (X) with respect to controllable parameters is

defined by [95]:

SI(Y ) =
VI(Y )

VX(Y )
. (4.32)

For I = {i}, Si represents the main (first order) effect giving the measure of Xi

on the model predictions Y . The second order effect Sij expresses sensitivity

of the model outcomes to the interaction between the variables Xi and Xj

without the individual effects of Xi and Xj; higher order indices represent

third, fourth, ... order interaction effects. From (4.28) it follows that the sum

of these indices (all positive, since the variance is always positive) is equal to

one (fractions of unconditional variance sum to unity). The larger and close

to one an index value is, the higher will be the importance of that input or

the group of inputs that is linked to this index. Note that for a model with

p inputs, the number of Sobol indices would amount to 2p − 1; leading to an

intractable number of indices as p increases.

The total sensitivity of the model output variance to an input Xi is given

by [95]:

STi(Y ) =
∑
i∈⊂I

SI (4.33)

For instance, for a model with three input parameters, ST1 = S1 +S12 +S13 +

S123. In practice, when the model function F has multiple input parameters,

only the Sobol indices for the main and total effect are computed.

4.4.2 The stochastic case

We follow the approach of [41] for GSA for our S-BPS of the form Y = f(X, ω),

in which variable ω is treated as an additional uncontrollable parameter. Using

the total variance decomposition theorem, the unconditional variance of the
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model output Y can be expressed as:

VX,ω[Y ] = Vω(Y ) +

p∑
i=1

∑
|I|

[VI(Y ) + VI,ω(Y )], (4.34)

where:

Vω(Y ) = Vω[EX(Y |ω)], VI(Y ) = VXI
[EX∼I ,ω(Y |XI)]−

∑
I′(I

VI′(Y )),(4.35)

VI,ω(Y ) = VXI ,ω[EX∼I
(Y |XI , ω)]−

∑
I′(I

VI′,ω(Y )−
∑
I′(I

VI′(Y )− Vω(Y )(4.36)

Similar to the deterministic case, Sobol indices of Y = f(X, ω) with respect

to controllable parameters X can be defined by:

SI(Y ) =
VI(Y )

V(Y )
, STi(Y ) =

∑
i∈⊂I

SI (4.37)

Sensitivity indices that involve the uncontrollable parameter ω are given by:

SI,ω(Y ) =
VI,ω(Y )

V(Y )
, Sω(Y ) =

Vω(Y )

V(Y )
. (4.38)

and the total sensitivity with respect to ω is:

STω(Y ) =

p∑
i=1

∑
|I|

SI,ω + Sω. (4.39)

which from (4.28) can be written as:

STω(Y ) =

p∑
i=1

∑
|I|=i

SI,ω + Sω =
1

V(Y )

[ p∑
i=1

∑
|I|=i

VI,ω(Y ) + Vω(Y )
]

(4.40)

= 1− 1

V(Y )

p∑
i=1

∑
|I|=i

VI(Y ).

The method proposed in [41] then allows us to write (4.37) and (4.41) in terms

of fd(X) and V (X), for which we have constructed GP-based metamodels.

Indeed, from (4.30), (4.1) and the assumption of independence between ω and
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Xi we have that:

Vi(Y ) = VXi
EX∼i,ω(Y |Xi) = VXi

[EX∼i
[Eω(Y |X)|Xi]]

= VXi
[EX∼i

(fd|Xi)] = Vi(fd(X)). (4.41)

More generally, it can be shown that VI(Y ) = VI(fd(X)). Thus, (4.37) be-

comes:

SI(Y ) =
VI(Y )

V(Y )
=
VI(fd(X))

V(Y )
= SI(fd(X))

VX(fd(X))

V(Y )
(4.42)

where SI(fd(X)) = VI(fd(X))
VX(fd(X))

is the Sobol index of fd(X). In addition, from

the total variance theorem and the definitions (4.1) we have:

V[Y ] = VX[Eω(Y |X)] + EX[Vω(Y |X)] = VX[fd(X)] + EX[V (X)] (4.43)

Substitution of (4.43) in (4.42) yields:

SI(Y ) = SI(fd(X))
VX(fd(X))

VX[fd(X)] + EX[V (X)]
(4.44)

Note that that the variance of fs(X) can now be decomposed into the respect-

ive contributions of its inputs X:

VX[fd(X)] =

p∑
i=1

∑
|I|=i

VI(fd(X)) =

p∑
i=1

∑
|I|=i

VI(Y ) (4.45)

Therefore, combining (4.45) with (4.41) and (4.43) we obtain:

STω(Y ) = 1− 1

V(Y )

p∑
i=1

∑
|I|=i

[VI(Y )] = 1− VX[fd(X)]

V(Y )

=
EX[V (X)]

VX[fd(X)] + EX[V (X)]
, (4.46)

Expression (4.44) and (4.46) enable us to compute Sobol indices by using

the approximation of fd(X) and log V (X) that we obtained from the GP

metamodel constructed in subsections 4.3.1-4.3.2. In other words, we use the
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following approximations:

SI(Y ) ≈ SI(f̂d(X))
VX(f̂d(X))

VX[f̂d(X)] + EX[exp(l̂og V (X))]
, (4.47)

STω(Y ) ≈ EX[exp(l̂og V (x))]

VX[f̂d(X)] + EX[exp(l̂og V (X))]
. (4.48)

For the computation of sensitivity indices, accounting for both individual

and total effects of our parameters, we use the Sensitivity Analysis For Every-

body (SAFE) package developed in [174] and available at safetoolbox.info.

After obtaining well trained and validated GP emulators for fd(X) and log V (X),

we study the convergence of our sensitivity indices (4.47) and (4.48) by run-

ning this inexpensive substitute to the stochastic BPS for different sample

sizes, and correspondingly perform uncertainty propagation and decomposi-

tion. Since the sensitivity indices (4.47) and (4.48) involve statistical quantit-

ies computed from samples, a convergence study is required to ensure that the

enough samples are used to accurately approximate those sensitivity indices.

For the convergence of sensitivity indices we adopt the criterion proposed

in [39], as the index value remains stable (or changes to a limited degree

within the credible interval) when computed at multiple independent sample

sets of increasing size. This convergence criterion uses the bootstrap tech-

nique to provide a measure of uncertainty in the value of the sensitivity index

[175]. Since the sensitivity index value is an estimate obtained from the drawn

samples, so that its true value cannot be known, it is advisable to account

for uncertainty in estimates of sensitivity index due to the sampling variabil-

ity. The application of a bootstrap technique, along with the chosen sampling

scheme, allows for the estimation of an approximate probability distribution

around the sensitivity index value, giving confidence intervals as lower and

upper bounds for the measure of uncertainty in its estimate. This is particu-

larly helpful when assessing the error in the index estimate at sampling sets of

increasing size. In bootstrapping, the different resamples are randomly drawn

with replacement from the original sample of the model input / output. To

assess the convergence of the sensitivity indices, we observe the width of the

95% credible intervals of the index distribution obtained via bootstrapping.
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In particular, for each input and across different sample sizes, we observe:

CIindices = (Sub − Slb) (4.49)

where, Sub and Slb are the upper and lower bounds of the probability distribu-

tion of the sensitivity index of the input factor at the given sample size. When

the value of the width of the confidence interval is close to or stabilizes near to

zero or a small threshold value (say, 0.05), the sensitivity index is deemed to

have converged. In Section 5.2.4, we present the convergence of main and total

effect sensitivity indices of the inputs involved in this study, across multiple

sample sizes. Algorithm 2 summarises the algorithm to estimate sensitivity

indices for the stochastic simulator with respect to controllable variables.

Algorithm 2 Algorithm to compute Sobol indices SI and STω . Consider

approximations fd(X) ≈ f̂d(X) and V (X) ≈ exp(l̂og V (X)) from the metamod-

els constructed from Algorithm 1.

(1) Compute Sobol sensitivity indices for f̂d(X) (i.e. SI(f̂d(X))) using

standard techniques.

(2) Compute VX[f̂d(X)] via Monte Carlo sampling (i.e. Sample from the

distribution of X, evaluate f̂d(X) via the GP predictor (4.22) and compute

sample variance).

(3) Compute EX[exp(l̂og V (X))] via Monte Carlo sampling (i.e. Sample

from the distribution of X, evaluate exp(l̂og V (X)) via the GP predictor

(4.15) and compute sample mean).

(4) Use (1)-(3) to compute SI(Y ) and STω(Y ) via expressions (4.47)-

(4.48)

end

Figure 4.3 illustrates algorithm 2, employing validated metamodels follow-

ing algorithm 1 for the efficient computation of sensitivity indices i.e. the

quantification and decomposition of the total uncertainty into its respective

sources.
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Figure 4.3: Flow diagram for Algorithm 2
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4.5 Computational aspects

For the selection of training points to construct the GPs involved in Algorithm

1 we use the LHS sampling strategy. To generate the GP metamodels for the

log-variance and the mean response we use the GPstuff package for Gaussian

process models developed in [168] and available at github.com/gpstuff-dev/

gpstuff. Note that the GP fitted to the mean response fd requires a modific-

ation of GPstuff to incorporate non-constant variance given by (4.15), as well

as the corresponding routines that compute the MAP estimator of hyperpara-

meters.

For a given computational budget, in terms of the maximum number of

simulation runs allowed, Algorithm 1 can be implemented with different com-

binations of Nd training/design vs Nr number of repetitions/samples. In a

similar vein to a sequential search methodology, as proposed in [176], to op-

timise the specification of the input space and the number of stochastic sim-

ulation replicates, we specify a fixed total computational budget C = NdNr.

Then, we conduct a number of numerical experiments corresponding to differ-

ent combinations of the number of design points and associated replicates by

systematically increasing the number of design points in steps, and by reducing

the replicates to respect our set computational budget. For each combination,

we evaluate the goodness of fit of GP response surfaces using the predictivity

coefficient and observe the set of these values for the considered computational

budget. Depending upon the quality of GP fits (higher the predictivity coef-

ficient better is the GP fit), the initial computational budget is incrementally

increased and the procedure for conducting numerical experiments for design

point and replicate combinations is repeated for this new budget. In Section

5.2.1 we compare the goodness of GP fits evaluated at test data for different

combinations of design points and repetitions of them.

4.6 EmUSA methodology workflow : A sum-

mary

Figure 4.4 summarizes the automated workflow for the generation of paramet-

erized EnergyPlus input data files (.idf) combining the base definition of a
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Figure 4.4: Model Parameterisation Workflow

simulation model with the sampling set and writing new input data files for

each sample. The automated workflow is flexible in terms of parameters that

can be varied (depending upon the uncertain quantity of interests) and as well

as the underlying simulation to be used. Figure 4.5 abstracts the computa-

tional workflow behind the mathematical methodology of EmUSA framework.

The computational workflow can be readily extended to include additional

workflow steps such as qualitative parameter screening as shown in Chapter

6.
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Figure 4.5: Computational Workflow
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Chapter 5

Application I - A proof of

principle study

In this chapter, we apply the proposed metamodeling approach to simulate

the stochastic response from a hypothetical office building model. In this we

show, for our particular choice of BPS settings in conjunction with a straight-

forward model of a monozone office building, that our GPR of V (X) and

fd(X) is both computationally efficient and provides an accurate emulation

of the simulator response, in the sense that the stochastic predictions of the

simulator fall within confidence intervals provided by the proposed framework.

In this, we will also show that the pair of predicted GP emulator response sur-

faces plausibly capture the underlying behaviour of the detailed BPS program

whilst representing the uncertainty bounds due to the emulators themselves;

emulators that successfully propagate both the input parameter uncertainty

and the stochastic uncertainty due to occupants' interactions, by reproducing

the prediction probability distribution at test points, thereby quantifying the

total uncertainty in energy predictions. Finally, we combine the proposed

metamodeling approach for V (X) and fd(X) with a variance-based decompos-

ition of total uncertainty in predictions into its respective sources, computed

in terms of sensitivity indices.
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5.1 Case Study

We analyse the individual and collective impacts of two deterministic phe-

nomena: (d1) heat conduction through a wall construction, and (d2) incoming

shortwave irradiation1; and through three stochastic phenomena: (s1) occu-

pants' radiative and convective metabolic heat gains due to their presence,

(s2) advective heat losses due to ventilation through the opening and closing

of windows, and (s3) radiative heat gains due to the raising and lowering of

shading devices. The impacts of variation in the deterministic phenomena are

studied by assessing the impacts of variations in wall insulation thickness and

window transmittance, in plausible ranges of their design uncertainty 2. We

have selected insulation thickness for convenience, as this has a similar effect

on heat transfer to variations in conductivity 3. We realise that we could

also have varied density and specific heat capacity for opaque materials, as

well as emissivity and conductivity for transparent materials. However, as our

primary aim here is merely to present the proof of principle of our framework

and to compare the impact of deterministic phenomena against their stochastic

counterparts, we believe that our pragmatic choices of parameters are suffi-

cient for our purposes; that this peculiarity does not negatively impact on the

usefulness of our evaluation exercise. For stochastic phenomena, we simply re-

peat simulations with the relevant models enabled, randomly seeding a random

number generator for each run.

5.1.1 Experiment set up

As noted earlier (2), we generate our training data through a co-simulation

approach, using the Functional Mockup Interface co-simulation standard, in

which the dynamic BPS tool EnergyPlus is the master algorithm, controlling

1Here, the incoming shortwave irradiation through a window is assumed to be a determ-
inistic component because for the purpose of our study we are considering deterministic
input weather excitations.

2The basis for this variation is the source of uncertainty in these parameters which can be
potentially due to various reasons ranging from manufacturing defects, poor workmanship,
early design decisions, etc. In order to accommodate for all the sources of uncertainty that
are relevant, the less conservative ranges (which are highly likely during early design) have
been considered as plausible for the proof-of-principle case study.

3However, we do acknowledge that conductivity is more likely to vary as a result of
manufacturing practices, and in response to variations in moisture content, than is thickness;
but this latter remains useful for the purpose of demonstration.
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Figure 5.1: Building geometry of hypothetical office

the execution of the multi-agent stochastic simulation tool, No-MASS [22].

In common with Haldi and Robinson's 2011 study of the impact of stochastic

models on simulated building performance [28], we employ a model of a simple

hypothetical monozone (shoe-box) office building, also located in Geneva,

Switzerland (46.25◦N, 6.13◦E, elevation 416m), for which the corresponding

Energy Plus weather data file was used. This hypothetical office building has

dimensions 3.5m×4.5m, and a floor to ceiling height of 2.8m (Figure 5.1).

The south facade of the building has a double glazed window occupying

40% of its surface area, located above the working plane height of 0.8m above

the ground. The wall and window construction compositions used in this

study are given in Table 5.1. The sensible internal heat gains are assumed

to be a maximum of 400W, collectively accounting for metabolic heat gains

due to occupants' presence and casual heat gains due to lighting and any

electrical equipment in use whilst occupants are present. The heating (and

cooling) and ventilation temperature set-point (SP) schedules are set to 21◦C

(and 25◦C) and 24◦C during working hours, according to ANSI/ASHRAE/IES

Standard 90.1 for a small office prototype building model, representing an ideal

loads HVAC system operation. The graphical user interface to Energy Plus,

DesignBuilder 4.3, was used to generate the input data file (.idf) according to

the above specifications.
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Table 5.1: Thermophysical properties of construction layers : thickness, thermal conductivity, specific heat capacity, density
and U-value

Surface Material t(m) λ(W/(mK)) C(J/(kgK)) ρ(kg/m3) U(W/(m2K))

Wall

Brick 0.1 0.84 800 1700

0.28
Insulation 0.111 0.034 1400 35
Concrete 0.1 0.51 1000 1400
Plaster 0.013 0.4 1000 1000

Ground

Foam 0.1327 0.04 1400 10

0.26
Concrete 0.1 1.13 1000 2000
Screed 0.07 0.41 840 1200
Flooring 0.03 0.14 1200 650

Roof

Asphalt 0.01 0.7 1000 2100

0.26
Glass Wool 0.1445 0.04 840 12
No mass Thermal Resistance = 0.18
Plasterboard 0.013 0.25 896 2800

Window

Glass 0.003 0.9 750 2500

2
Air 0.013 0.0262 1005 1.17
Glass 0.003 0.9 750 2500
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5.1.2 Parameters studied

We consider two controllable parameters in the S-BPS model described earlier:

insulation thickness X1 and window transmittance X2. The prediction outputs

are annual heating Yh and Yc cooling demand per unit floor area. Our objective

is to quantify the uncertainty in Yh and Yc given uncertainty in X = (X1, X2)

as well as the (uncontrollable) uncertainty that arises from occupants' beha-

viour, encoded in the model described earlier. We assume that X1 and X2

are independent and characterised by uniform distributions, and that the val-

ues for these design variables are equally likely within the possible uncertain

ranges specified [30] [5]. The assignment of a uniform distribution is desirable

for the case of poorly defined design variables (e.g. during early design stage)

where only an estimate of the lower and upper bounds may be available [105].

For the distribution of insulation thickness we use values between 0.06m

and 0.16m to account for plausible variations in insulation thickness (e.g. from

low to moderate thickness) within the office building's facades, entailing a cor-

responding variation in heat conduction through walls. For glazing solar trans-

mittance, the distribution takes values between 0 and 1, effectively modulating

the quantity and quality of glazing in the south facade, entailing a correspond-

ing variation in transmitted shortwave radiation 4. The solar transmittance

is applied to the facade glazing ratio, where zero transmittance represents a

combination of glazing utilisation (the proportion of the glazed surfaces that

is taken up by frames) and transmission (more or less transparent materials)

that effectively renders the glazing opaque, and a value of unity represents

completely unobstructed glass of perfect transmission properties; with values

tending to lie between these (unphysical) extremes. The formulation of the

occupant behavioural models and their related parameter settings are adopted

as described in Chapter 2 (following Chapman's work on No-MASS [2]).

To apply the proposed framework described in Sections 4.3- 4.4 we treat the

annual heating and cooling demand Yh and Yc distinctly, and thus construct

GP metamodels for each of these output variables. More specifically, we apply

Algorithm 1 for each of the model outputs Yh and Yc, and subsequently use

those GPs within Algorithm 2 to conduct sensitivity analysis for each output

4Note that we have not considered in this work uncertainty in visible transmittance,
and its possible intercorrelation with solar transmittance, as we are not modelling daylight
responsive controls of artificial lights and associated heat gains.
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variable. Technical details relevant to the GP prior settings used within the

proposed approach can be found in 7.3.

5.2 Results and Discussion

5.2.1 Design points vs repetitions

We note from Algorithm 1 that the proposed metamodeling framework applied

to the case study introduced above involves constructing GP emulators of both

the mean response fd(X1, X2) and the log variance V (X1, X2) for each of the

S-BPS response outputs Yh and Yc. We also observe that the methodology

requires us to select a number of design points (via LHS) within the input

space for (X1, X2) that we introduced in subsection 5.1.2, and to conduct a

number of repetitions of the model outputs at each of those design points. The

accuracy of the proposed methodology relies on having a large enough sample

of design points (so that input uncertainty X is well characterised) and a

sufficient number of repetitions that can accurately inform, at those design

points, the mean and variance response (with respect to ω) of each model

output. To arrive at the reasonable computational budget of 3000 simulator

runs, we follow the sequential search approach outlined in 4.5 and observe the

accuracy of the predictions of each GP involved in the proposed methodology

using different combinations of design points and replicates.

Once all GPs have been constructed for each combination, we compute the

predictivity coefficient Q and the CI validation measure discussed in subsection

4.2.1. The test data for this case study consists of simulation runs at 60 new

sampling points in the input design space, each with 600 repetitions of the

stochastic simulator. For the design point and replicate combinations having

a budget of 3000 simulator runs to train the emulator, Table 5.2 reports the

accuracy in terms of Q obtained at the test data points by the GP emulators

of the mean and log-variance. The coefficient of predictivity saturates to a

value of more than 0.92 when around 25 design points with 120 repetitions

are available for training (Figure 5.2). Any further increase in the number

of design points does not lead to significant increase in predictive accuracy.

Table 5.3 reports the proportion of test observations that lie inside the 95%

CI (according to Eq. 4.10)) predicted by the GP emulators. Also, for the
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training combination (25 × 120), the proportion of test observations within

the emulator uncertainty interval is more than 80% without a loss in predictive

accuracy. We note that the cooling demand log-variance GP displays less

accuracy in the CI measure, arguably due to the large variation in non-constant

variance exhibited by occupants' behaviours (observed in the regions of high

insulation thickness and window transmittance, in Figure 5.3 right bottom).
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Table 5.2: Comparison of quality of prediction Q of fitted GP response surfaces at test data given a fixed computation budget
(of 3000 simulation runs) for training. Here the item entry 5×600 represents 600 simulation repetitions at 5 design points and
so on.

Output Emulated Predictivity coefficient Q
target variable quantity 5×600 10×300 15×200 20×150 25×120 30×100

Heating demand Yh
fd(X) 0.9367 0.9949 0.9997 0.9999 0.9999 0.9999

log V (X) 0.3179 0.9186 0.9159 0.9235 0.962 0.9483

Cooling demand Yc
fd(X) 0.9704 0.9858 0.9831 0.9782 0.9841 0.9719

log V (X) 0.0841 0.7765 0.932 0.8993 0.9184 0.9092

Table 5.3: Comparison of emulator uncertainty (Eq. 4.10) of fitted GPs in terms of proportion of test points lying inside 95%
uncertainty interval

Output Emulated Emulator uncertainty interval CI
target variable quantity 5×600 10×300 15×200 20×150 25×120 30×100

Heating demand Yh
fd(X) 0.9999 0.95 0.9999 0.9999 0.9833 0.9999

log V (X) 0.9999 0.8167 0.6333 0.7 0.8667 0.7167

Cooling demand Yc
fd(X) 0.9999 0.9833 0.8667 0.7333 0.8167 0.75

log V (X) 0.6667 0.3833 0.6333 0.35 0.4333 0.4333
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5.2.2 Gaussian Process emulation of the mean fd(X) and

log-variance log V (X) of the S-BPS outputs

Based on the fixed computation budget study of prediction accuracy of GPs

(Table 5.2 and 5.3), the combination 25 design / sample points with 120 re-

petitions of stochastic building performance simulator has been selected to

be optimum in order to obtain a plausible pair of GPs predicting mean and

log-variance of energy demands Yh and Yc. The GP regression surfaces for the

computed energy demands' mean and log-variance are shown in Figure 5.3

together with the training set used for the construction of each GP. Each GP

response surface is an interpolation surface that predicts mean energy demand

value and variance around it due to stochastic occupants' behaviours for any

given test point within the uncertainty ranges of the input parameters. The

GP regression surfaces allow us to understand the effect of input variables on

predictions.

These results show that an increase in insulation thickness lowers heating

demand, due to the expected reduction in heat loss through building envel-

ope, analogously to a lowering of thermal conductivity (see Figure 5.3 top-left).

As variations in only solar (not visible) transmittance is considered, its direct

impact on heating demand is somewhat dampened. Furthermore, with a relat-

ively moderate availability of irradiation during the heating season, variations

in transmittance have a relatively lower impact than those due to insulation

thickness. Conversely, during the cooling season, our results show the inverse

trend; with variations in transmittance have a greater impact, owing to the

increased magnitude of available solar irradiation. Transmittance and cooling

demand now show positive correlation, as an increase in transmitted short-

wave radiation entails a corresponding increase in cooling loads (Figure 5.3

bottom-left). Furthermore, the internal storage of heat can be exacerbated by

envelope thermal insulation, which inhibits heat transfer to the outside whilst

the indoor temperature is higher, so increasing cooling loads (as shown in Fig-

ure 5.3 bottom-left). These results are consistent with the underlying physics

abstracted by the BPS.

Furthermore, Figure 5.3 (top and bottom-right) illustrate the heterosce-

dastic (i.e. non-constant) nature of the variance due to occupants' behaviours

and it exhibits a positive correlation with energy demand i.e. the non constant
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Figure 5.2: Comparison of prediction accuracies of mean and log-variance GPs

variance is high at higher energy demands and vice-versa when compared with

their respective mean GP counterparts (top and bottom-left).

5.2.3 Uncertainty quantification using the GP emulator

The validation measures discussed in subsection 5.2.1 enable us to assess the

accuracy of the predictive capabilities of each GP (for mean and log-variance).

We now assess the accuracy of the proposed methodology to statistically re-

produce uncertainty in the outputs of the S-BPS within the same input-space.

To this end, we consider the credible intervals introduced in (4.27) for α = 0.05

(i.e. 95% CI), where the mean and variance are replaced with those obtained

via the GP emulators obtained in the previous subsection. We generate test

data with 100 replicates of the S-BPS at a collection of 60 randomly selected

input points. Some 95.2% and 96.08% of the simulator's random response

values [at each test point] for heating and cooling demands lie within the 95%

CI predicted by the pair of (mean and variance) GPs (Figure 5.4), suggesting

that this new GP emulator can be used with confidence.
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Figure 5.3: GP regression surface fitting to sampled mean (left) and log-
variance (right) of heating demand (top) and cooling demand (bottom). The
black asterisks are the training points and every point on the mesh is a test
data point [not used for training]. The predictivity coefficients values are com-
puted based on the evaluation of fitted GP surfaces at 60 randomly selected
test data points, in Figure 5.4 subsection 5.2.3.
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Figure 5.4: Comparison of S-BPS simulated random values within GP pre-
dicted credible intervals at test data for heating (a) and cooling (b) demand

To further evaluate the effectiveness of the proposed GP-based metamodel-

ing approach, we compare in Figures 5.5-5.6 the probability density functions

(PDFs), at some specific test points, computed by Monte Carlo Simulation,

the S-BPS outputs (in red) and outputs from the GP emulator (in blue); this

latter by simulating stochastic observations with (4.26) using GP emulators

for fd(X) and V (X)).

In Figure 5.7 we also compare cumulative distribution functions (CDFs)

of predicted energy demands from the GP emulator with those of the S-BPS

simulations, again obtained using Monte Carlo Simulation. A single CDF in

these plots represent variation in prediction due to occupants' stochastic be-

haviour [aleatory uncertainty] and their spread represents uncertainty in pre-

dictions due to input parameters [epistemic uncertainty]. Figures 5.5-5.7 offer

numerical evidence that the proposed framework enables us to accurately and

robustly reproduce the underlying PDFs and CDFs obtained with the S-BPS,

at a small fraction of the computational cost, since once the GP emulators

have been constructed, S-BPS runs are no longer required for subsequent un-

certainty analyses.

In the specific case of heating demand (the top row in Figure 5.7), the col-

lective spread of CDFs (25 kWh/m2 difference in magnitude) is more than the

spread of an individual one (5 kWh/m2 magnitude difference) - illustrating

that epistemic uncertainty due to inputs plays a more dominant role than the
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Figure 5.5: Uncertainty propagation comparison between GP predicted (blue)
and S-BPS simulated PDFs (red) for heating demand

aleatory uncertainty due to occupants' behaviours. And in the case of cooling

demand (the bottom row in Figure 5.7), we observe the opposite trend, the

spread of an individual CDF (10 kWh/m2 magnitude difference) exceeds the

collective one (4 kWh/m2 magnitude difference), showing that the aleatory

uncertainty is more dominant than its epistemic counterpart. This is expec-

ted, because the stochastic models used in this work (windows and blinds)

are essentially biased towards more frequent user interactions during warmer

weather (higher ambient temperatures and incident irradiances, these stim-

ulating the opening of windows and the lowering of shading devices) when

cooling loads are at their largest.

Finally, the quantitative comparison between the means of heating and

cooling demand replicates presented in Figure 5.8 underline how accurate the

GP emulator's predictions are. Having demonstrated that the GP emulator is

an acceptably accurate means for accelerating stochastic building performance

simulations, we proceed now to decompose the total uncertainty in predictions

into its component parts by computing sensitivity indices for our case study.
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Figure 5.6: Uncertainty propagation comparison between GP predicted (blue)
and S-BPS simulated PDFs (red) for cooling demand

5.2.4 Uncertainty decomposition using the GP emu-

lator : Sensitivity analysis

We now employ our GP-metamodeling framework in conjunction with the

GSA approach discussed in section 4.4. More specifically, we decompose the

total uncertainty in energy demand prediction using the individual and total

effect indices of (4.47) and (4.48). The individual effect indices account for the

impact of design variables ‘insulation thickness’ and ‘window transmittance’

and the total effect index includes that of occupants' behaviour. The index

scale is between 0 and 1, with highly influential factors having values close to

unity. Table 5.4 reports these indices, computed for both small (500) and large

(20000) input sample sizes. In the case of heating demand, and as discussed

earlier, epistemic uncertainty due to insulation thickness dominates the un-

certainty in predictions, at an individual index value of 0.97. During heating

season envelope heat losses (and thus impact of uncertainty in insulation thick-

ness) dominates the energy balance, much more so than occupants' behaviour,

since occupant are relatively less likely to open windows (to avoid excessive

heat losses) and to lower shades (thus reducing useful transmitted solar heat
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Figure 5.7: Comparison of GP predicted (left) and S-BPS simulated (right)
CDFs for heating (top) and cooling (bottom) demand

Figure 5.8: Comparison between S-BPS Simulated and GP predicted means
of heating (left) and cooling (right) demand replicates in Figures 5.7
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Table 5.4: Sensitivity indices quantifying the impacts of thickness, transmit-
tance and occupants' behaviour on the heating and cooling energy demand
predictions. S1 and S2 are individual effects due to thickness and transmit-
tance and STw total effect due to occupants' behaviours.

Output variable Sample size Sensitivity indices
S1 S2 STw

Heating demand
Small (500) 0.9709 -0.0654 0.0266

Large (20000) 0.9715 -0.0729 0.0266

Cooling demand
Small (500) 0.0752 0.1279 0.829

Large (20000) 0.0527 0.1277 0.8275

gains) during the heating season. In contrast, for cooling demands, aleatory

uncertainty due to occupants' behaviour is the most influential factor, at total

index value of 0.83, as occupants are correspondingly more likely to interact

with windows and shading devices, as explained in the previous section.

Figure 5.9 illustrates the combined sensitivity analysis of energy demands

as a tornado plot. Sensitivity analysis tornado plot is a plot of percentiles of

the distribution of output quantity of interest with median (50th percentile)

values as a base value. The tornado plot depicts the amount of variation that

resulted into the output variable due to the uncertainties in input variables

and it is plotted in decreasing order of importance starting with the positively

correlated variables at the top and negatively correlated at the bottom while

those in the middle are of negligible importance. In other words, the tornado

plot collectively ranks the sensitivity of variables between the two ends of

spectrum: positive and negative correlation. For both the energy loads, the

amount of variation in values corroborate with the sensitivity indices (Table

5.4). In case of heating demand (plot (a)), ‘insulation thickness’ is being

the most influential variable and also it is negatively correlated (Figure 5.3

top left) with occupancy stochastics are being less influential. On the other

hand, in case of cooling demand, the occupancy stochastics are being the

most important than ‘insulation thickness’ and ‘window transmittance’ again

corroborating with the indices in Table 5.4.

Figures 5.10 and 5.11 (top rows) show the convergence of indices values

for the emulator evaluations at different sample sizes, ranging from 500 to

20,000. We consider 0.05 as the convergence threshold for the width of the

95% credible interval CIindices (Eq. 4.49), below or close to which the index
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Figure 5.9: Sensitivity Tornado plots for heating (a) and cooling (b) demand

value is deemed to be stable. In the case of heating demand, for the main

effect index of ‘insulation thickness’, the index value converges rapidly (at a

small sample size of 1,000) below the threshold, while the other indices values

approach the threshold (at values of around 0.2) at large sample sizes of 20,000.

The bottom rows of the figures show the convergence of the actual credible

intervals around indices values obtained via bootstrapping, demonstrating the

trend for convergence at large sample sizes.

Now, the computational cost of a classical GSA framework is given by

N(k+ 2) [35] [60], where N and k are number of samples and inputs, respect-

ively. For the present example with 2 input parameters and 20,000 samples

(large sample sizes at which indices converge as shown), the number of sim-

ulator runs that we need in our proposed Emulation based Uncertainty and

Sensitivity Analysis (EmUSA) framework is a small fraction (3,000 / 80,000

= 0.0375) of that required by the standard approach (see Table 5.5), as the

emulation framework only requires simulator runs to train GPs, which can

then be employed to conduct sensitivity analyses at negligible computational

cost. This represents a significant saving not only in terms of the number of

simulator runs, but also of the computational time available to conduct an

Uncertainty and Sensitivity Analysis (USA) study. Consequently, the compu-

tation time reduces to a manageable c.17 hours, in contrast to the infeasibly

large number of days that are required by a classical approach (see Table

5.6). Moreover, these training runs can be readily distributed over a High

Performance Computing cluster, thus benefiting from additional acceleration

from computational hardware. In this way, it is possible to complete an entire
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Figure 5.10: Convergence of main (left) and total (right) effect sensitivity
indices of design variables for heating demand at distinct sample sets of in-
creasing size. The top row shows the convergence of the width of index credible
interval and bottom row shows the actual credible interval (Eq. 4.49).
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Figure 5.11: Convergence of main (left) and total (right) effect sensitivity in-
dices of design variables for cooling demand at distinct sample sets of increasing
size. The top row shows the convergence of the width of index credible interval
and bottom row shows the actual credible interval (Eq. 4.49).
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Table 5.5: Comparison of computational runs between Classical and EmUSA
framework

Classical Emulator based
Training Sensitivity Analysis

Simulator runs 80× 103 3× 103 -
Emulator runs - - 0.5 to 20× 103

Table 5.6: Comparison of computational expense between Classical and
EmUSA framework (One simulation run benchmark = 20 seconds)

Classical Emulator based
Training Sensitivity Analysis

Simulator runs 18.5 days 16.67 hours -
Emulator runs - - 15 to 20 minutes

USA study using our proposed EmUSA framework in just a couple of hours

for this proof-of-principle.

5.3 Conclusions

The purpose of this study was to develop a computationally efficient emulator

of a Stochastic Building Performance Simulator (EnergyPlus co-simulated with

NoMASS), to support the quantification and decomposition of both epistemic

and aleatory uncertainties. Our approach has been to estimate Gaussian Pro-

cess Regression emulators for both the mean response and the variance of

the stochastic component of the simulator, and to deploy these emulators

to decompose the total uncertainty in predictions into its respective sources,

computed in terms of sensitivity indices.

We have demonstrated the application of this new framework using a relat-

ively simple use case: a small monozone (shoebox) office building, computing

both individual and total effect indices. The former accounts for the effect of

design variables (e.g. insulation thickness or glazing transmittance), while the

latter also accounts for stochastic variance arising from occupants' behaviours

(e.g. opening windows and lowering shading devices). From these results we

conclude that:

• The pair of fitted GP emulators successfully emulate the behaviour of

the stochastic building performance simulator (S-BPS) at the chosen test
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design points, with predictivity coefficient Q2 > 0.95, (save for a small

number of moderate exceptions).

• The proposed GP Emulator-based UQ framework, requiring simulator

runs only to fit the emulators, is highly computationally efficient; redu-

cing the computational cost to a small fraction (0.0375) of its classical

counterpart, as simulator runs are required only for training the emulator

which subsequently computes at negligible cost.

• The variance-based uncertainty quantification and decomposition frame-

work is an effective means for studying the combination of epistemic and

aleatory uncertainties that arise from a S-BPS tool.

• The effects of uncertainties in insulation thickness on heating demand

are more significant than those arising from stochasticity in occupants'

behaviours; as these behaviours are relatively constrained during the

heating season.

• Conversely, the effects of uncertainties arising from stochasticity in oc-

cupants' behaviours on cooling demand exceed those arising from un-

certainties in effective glazing system transmittance; as these behaviours

are less constrained - representing occupants' interactions with windows

and shading devices to restore their thermal comfort, with corresponding

impacts on cooling demand.

This work demonstrates, for the first time 5 in building simulation stud-

ies, the viability of an Emulation based Uncertainty and Sensitivity Ana-

lysis (EmUSA) framework for the computationally efficient quantification and

decomposition of both epistemic (design variable) and aleatory (occupants'

5However, an analogy can be drawn with the applications in other fields of research.
For instance, a couple of Uncertainty Quantification studies: 1) on oil reservoir modelling
[40] (demonstrated in [41]) and 2) on groundwater flow modelling through rocks [42] (for
radioactive waste disposal) employed Gaussian process joint emulation / metamodelling of
deterministic and stochastic processes involved therein in order to obtain computationally
efficient estimates of mean and variance of output quantity of interests for uncertainty and
sensitivity analysis. These studies are important to place this thesis contribution in the wider
context of emulating stochastic models to achieve uncertainty analysis estimates in shorter
time. In relation to that, the work in this thesis attempts to address the UQ computational
challenge for an instance of stochastic modelling (corresponding to occupants' behaviours)
in building performance simulation studies. Since, so far until now, this was not addressed
in the field of building performance modelling and simulation research and industry.
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stochastic behaviours) uncertainties in building energy performance predic-

tions. So far this demonstration has been constrained in scope, in terms of the

number of design variables and the range of occupants' behaviours investigated

as well as the complexity of the adopted use case. The scope of applicability

of this new framework has been extended and demonstrated, in terms of the

design variables and occupants' behaviours that are addressed, and applied to

a more complex use case. The next chapter on Application II report on the

outcomes of this extension.
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Chapter 6

Application II - An extended

study

In this chapter, the proposed framework has been extended and applied to a

more complex use case represented by a multizone residential building model.

6.1 Case Study

The aim of this case study is to analyse the impact of thermophysical properties

(e.g. conductivity, density, specific heat capacity) of materials used in building

envelope components (wall, roof, ground floor and window) on the heating and

cooling load predictions. The infiltration rates for the zones of multizone house

are also considered to be uncertain with a goal to understand its impact along

with the thermophysical properties of envelope materials. In addition to that,

the stochastic phenomena relating to occupants' interactions with windows

and shades are also enabled.

6.1.1 Experiment set up

A model of a complex multizone residential building located in Nottingham,

UK (51.15◦N, 0.18◦W , elevation 62m) has been employed for which the corres-

ponding EnergyPlus weather data file was used. This building consists of two

occupied floors and an unoccupied attic having floor dimensions 7.4m×4.4m,

and ceiling heights of 3.5m each and an attic floor with height of 1.45m (Figures

6.1, 6.2, 6.3). The wall, roof, ground and window construction compositions

119



Figure 6.1: Building geometry of multizone house

used in this study are given in Table 6.1. The sensible internal heat gains

for a couple residing in this house are taken from ISO 7730 [177] depending

upon their activity (e.g. sleeping, passive, audio / visual, IT, etc.) and loca-

tion (Bedroom, Living Room, Office, Kitchen, etc.) as specified in Chapman

[2]. The heating (and cooling) and ventilation temperature set-point (SP)

schedules are set to 21◦C (and 25◦C) and 24◦C during occupation hours of

respective building zones, according to ANSI/ASHRAE/IES Standard 90.1

for a residential prototype building model, representing an ideal loads HVAC

system operation. A fraction 0.5 air changes per hour is assigned as a zone

infiltration design flow rate for all the building zones.

6.1.2 Parameters studied

Fifty-nine design and physical properties input parameters (can be termed as

controllable parameters from an analyst view point) have been considered to

be uncertain in the S-BPS model with their assigned probability distributions

given in Table 6.2. The prediction outputs are annual heating Yh and cooling
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Figure 6.2: Building geometry of multizone house : First floor

Figure 6.3: Building geometry of multizone house : Ground floor
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Table 6.1: Thermophysical properties of construction layers : thickness,
thermal conductivity, specific heat capacity and density

Surface Material t(m) λ(W/(mK)) C(J/(kgK)) ρ(kg/m3)

Wall

Brick 0.1 0.84 800 1700
Insulation 0.0795 0.034 1400 35
Concrete 0.1 0.51 1000 1400
Plaster 0.013 0.4 1000 1000

Ground

Foam 0.1327 0.04 1400 10
Concrete 0.1 1.13 1000 2000
Screed 0.07 0.41 840 1200
Flooring 0.03 0.14 1200 650

Roof

Clay tiling 0.025 1 800 2000
No mass Thermal Resistance = 0.15
Felt 0.005 0.19 837 960

Window

Glass 0.003 0.9 750 2500
Air 0.013 0.0262 1005 1.17
Glass 0.003 0.9 750 2500

Yc demand per unit floor area. The objective here is to quantify the uncer-

tainty in Yh and Yc given uncertainty in controllable input parameters as well

as the uncertainty that arises from occupants' stochastic behaviour, due to un-

controllable parameter ω (from an analyst view point), encoded and inherent

in the model described earlier. The parameters are assumed to be independ-

ent and characterized by normal and uniform distributions (Table 6.2). The

assignment of particularly these type of distributions and the respective values

for their parameters (e.g. mean, standard deviations, lower and upper bounds)

is based on the measured material properties documented in Clarke [178] and

processed for the uncertainty characterisation in Macdonald [105] [179]. As

per these studies, a variability of 30% in thermal conductivity values and of

10− 12% in specific heat measurements and the other properties around their

base case values (as noted in Table 6.1) have been assumed. The proposed

EmUSA framework (sections 4.3-4.4) has been extended and a pre-step of Mor-

ris sampling and screening (subsection 3.3.1) is included, before the conduct

of mean and variance GPs training, for the purpose of qualitatively singling

out the most influential parameters out of initial fifty-nine parameters. Then,

the proposed framework has been applied and the GP metamodels for Yh and

Yc are constructed using Algorithm 1 and subsequently used within Algorithm

2 to conduct sensitivity analysis for each output variable.
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Table 6.2: Thermophysical properties of construction layers : thickness t(m), thermal conductivity λ(W/(mK)), specific heat
capacity C(J/(kgK)), density ρ(kg/m3), thermal emittance ε and solar absorptance α. In brackets of Surface and Material
columns, a number of parameters (in total 59) considered to be uncertain. “N” denotes Normal distribution with mean and
standard deviation and “U” denotes Uniform distribution with lower and upper bounds.

Surface Material t λ C ρ ε α

Wall(22)

Brick(6) N(0.1,0.01) N(0.84,0.261) N(800,90) N(1700,301) U(0.85,0.95) U(0.25,0.89)
Insulation(4) N(0.0795,0.008) N(0.034,0.011) N(1400,298) N(35,5) - -
Concrete(6) N(0.1,0.01) N(0.51,0.16) N(1000,89) N(1400,258) U(0.85,0.95) U(0.56,0.69)
Plaster(6) N(0.013,0.0013) N(0.4,0.12) N(1000,120) N(1000,120) U(0.85,0.95) U(0.3,0.5)

Ground(22)

Foam(4) N(0.1327,0.013) N(0.04,0.012) N(1400,168) N(10,1.2) - -
Concrete(6) N(0.1,0.01) N(1.13,0.339) N(1000,120) N(2000,240) U(0.85,0.95) U(0.6,0.8)
Screed (6) N(0.07,0.007) N(0.41,0.123) N(840,101) N(1200,144) U(0.9,0.95) U(0.7,0.75)
Flooring(6) N(0.03,0.003) N(0.14,0.042) N(1200,144) N(650,148) U(0.88,0.92) U(0.76,0.8)

Roof(12)

Clay
tiling(6)

N(0.025,0.0025) N(1,0.3) N(800,96) N(2000,600) U(0.85,0.95) U(0.6,0.82)

No mass Thermal Resistance = 0.15
Felt(6) N(0.005,0.0005) N(0.19,0.057) N(837,100) N(960,288) U(0.88,0.92) U(0.8,0.89)

Window(2)

Glass(2) 0.003 N(0.92,0.01) 750 2500 solar transmittance U(0.74,0.84)
Air 0.013 0.0262 1005 1.17
Glass 0.003 N(0.92,0.01) 750 2500 solar transmittance U(0.74,0.84)

Infiltration rate(1) (air changes per hour) N(0.4,0.15)
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6.2 Results and Discussions

6.2.1 Parameter screening

Following Morris screening method described in subsection 3.3.1, a qualitat-

ive analysis has been conducted to identify the most influential parameters

out of fifty-nine considered uncertain parameters. With a number of element-

ary effects (= 10) to be computed for each parameter and for the total of

fifty-nine parameters, a total 600 runs (samples obtained according to Mor-

ris sampling) of BPS model of multizone house have been conducted. Morris

screening method is applied on this input-output dataset and the µ-σ (mu-

sigma) plots for the heating and cooling demands are obtained (Figures 6.4

and 6.5). A mu-sigma plot qualitatively compares the parameters on account

of their means and standard deviations obtained from elementary effects dis-

tribution. A number of elementary effects (=10 assumed for this study) are

actually a number of samples drawn from the elementary effect distribution for

that parameter and these realisations when conducted determine the element-

ary effect distribution. Mean µ parameter accounts for the main or individual

effect and sigma σ parameter for the interaction effect due to the impact of

a combined variation in two or more interacting parameters on the model

output. A high value for these parameters indicates higher influence on the

output variable of interest. Table 6.3 describes the short annotations that are

used for the parameters in these plots.

Morris measures (µ and σ) aid in understanding the model behaviour as

well as to compute the qualitative ranking of influential parameters. Sanchez

et al. [118] introduced an indicator σ
µ

to detect the underlying model behaviour

with respect to the parameters that causing the variations in model output.

The three lines on the mu-sigma plots are the slope lines representing slope

values (sigma/mu) less than 0.1, between 0.1 and 1 and greater than 1. A solid

line (slope ≤ 0.1) represent a linear response of model output to its inputs i.e.

the parameters lying in the region below this line exhibit linear impact. This

is because the deviations in elementary effect are so small that all the effects

are very close to their mean or are constant depicting linear response with

respect to the parameter. The parameters in the the region between the solid

line and dot-dash line (i.e. slope between 0.1 and 1) have monotonic to almost
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Figure 6.4: mu-sigma plot : Heating demand

Figure 6.5: mu-sigma plot : Cooling demand
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Table 6.3: The uncertain parameters' annotations and their descriptions

Annotation Description
PolyC Wall insulation (polystyrene) Conductivity
PolyT Wall insulation Thickness
ConcC Wall Concrete block Conductivity
BrickC Brickwork Conductivity
BrickSA Brickwork Solar Absorptance
InfilRate Infiltration Rate
ConcT Wall Concrete block Thickness
GypC Gypsum plastering Conductivity
BrickT Brickwork Thickness
WindowST Window Solar Transmittance
FoamC Ground insulation (urea formaldehyde foam) Conductivity
FoamT Ground insulation (urea formaldehyde foam) Thickness
ConcD Wall Concrete block Density
ConcS Wall Concrete block Specific heat capacity
ClayTileSA Clay Tile roofing Solar Absorptance
BrickTE Brickwork Thermal Emittance

monotonic and nonlinear response. Because there are low to high deviations in

effects (+ve/-ve) resulting into monotonically increasing or decreasing effect

of parameter on the model output. The parameters in the region represented

by the line with slope more than one exhibit most diverse behaviour of non-

linearity, non-monotonicity and non-additivity on the model output, as the

elementary effects deviate highly from their mean.

In case of heating demand, the parameters wall insulation conductivity

PolyC and thickness PolyT (having high values for both mean and standard

deviations) have highest impact on the model outcomes. Qualitatively, they

tend to have monotonic and nonlinear impact on the heating demand. Con-

versely, the window transmittance WindowST and inflitration rate InfilRate

having lower and linear response to the heating load predictions than PolyC

and PolyT. On the other hand, brickwork and concrete conductivity having

more nonlinear impact on the output. In case of cooling demand, again the

wall insulation conductivity PolyC and a new parameter brickwork solar ab-

sorptance BrickSA dominate the cooling load predictions. The latter is due to

the increased solar gains in summer season as uncertainty in solar absorptance

is crucial and affects predictions when cooling demands are high due to result-

ing variations in longwave radiations. The other parameters ground insulation
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conductivity FoamC, InfilRate, WindowST and PolyT indicating monotonic

and nonlinear trend due to their respective uncertainties. From this qualitat-

ive analysis and plots, a total of eight most influential and common (to both

heating and cooling demand output variables) input variables have been selec-

ted for further extensive quantification and decomposition of uncertainties in

output variables. The impact of parameters BrickC, BrickSA, PolyT, PolyC,

ConC, FoamC, WindowST and InfilRate is further investigated to quantit-

atively identify their dominating effects on the load predictions (subsection

6.2.3).

6.2.2 Gaussian Process Emulation of the S-BPS outputs

For this extended case study, following the operational procedure (as described

in section 5.2.1) for training of GPs, the values of 0.9876 and 0.7027 were ob-

tained as predictivity coefficient for mean and variance GP of heating demand

at 50× 1000 training combination of design points vs S-BPS repetitions. For

cooling demand, these values stand at 0.9909 and 0.9573 respectively. Accord-

ing to Eq. 4.10, for this pair of GPs trained on multizone house dataset, the

proportion of test observations that lie inside the 95% CI predicted by the GP

emulators are 0.96 (mean), 0.99 (variance) and 0.88 (mean), 0.99 (variance)

for heating and cooling demands respectively. This plausible pair of GPs is

further employed for predicting mean and variance of energy demands Yh and

Yc.

The GP regression curves for the computed energy demands' mean with

respect to each of eight parameters are shown in Figures 6.6 and 6.7 together

with the testing dataset, plotted for the convenience by varying only one para-

meter at a time but employing the GP trained on eight dimensional input

space. Each GP curve is an interpolation curve that predicts mean energy

demand value (black circles) and variance (red bars in Figures 6.6 and 6.7)

around due to the uncertainty in emulation itself.

The regression curves allow us to understand the individual or main effect of

input variables on the load predictions. In decreasing order of their individual

effects: 1) the uncertainty in wall insulation thickness (PolyT) and conduct-

ivity (PolyC), complying with the underlying heat conduction physics (with

heating load decreasing and increasing as insulation thickness and conductiv-

127



ity increases respectively), results in a variation of approximately 50 to 35 and

25 to 55 kWh/m2 respectively, 2) the infiltration rate InfilRate and wall brick-

work solar absorptance BrickSA show relatively moderate effect, both leading

to a variation between 37 and 45 kWh/m2, although in reverse order. This

is in accordance with the underlying building physics resulting into the heat

losses due to convection for InfilRate and heat gains due to increased short

and longwave radiations for BrickSA inside the building envelope. 3) the wall

brickwork BrickC and concrete block ConcC conductivity show partly nonlin-

ear effect and positive trend in heating load also with a moderate variation

of 38 to 42 kWh/m2, 4) the window solar transmittance WindowST being

relatively less influential to the load predictions and 5) the ground insulation

conductivity FoamC having negligible impact. These findings also verify the

qualitative analysis reported in previous section 6.2.1 with PolyC and PolyT

having highest impact relative to InfilRate and BrickSA; BrickC and ConcC

showing non-linear behaviour; WindowST being the lowest and FoamC with

near to zero value for the main effect (mean of respective Elementary effects).

In cooling season, PolyC and BrickSA showing the highest impact on cool-

ing load predictions but interacting against each other resulting into the vari-

ation between 2 to 8 kWh/m2. This is again complying the underlying phys-

ics with BrickSA raising the cooling demand due to increased heat gains and

PolyC tending to lower it down by loosing heat through the walls simply be-

cause of increased in conductivity. The next four uncertain parameters PolyT,

WindowST, FoamC and InfilRate driving moderate variations between 4 to

5.5 kWh/m2 in cooling loads with PolyT and WindowST driving the posit-

ive change while FoamC and InfilRate on the negative side. The brickwork

BrickC and concrete block ConcC conductivity having lowest but partly non-

linear impact on the cooling demand. These again confirm the qualitative

analysis results obtained in previous section 6.2.1.
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Figure 6.6: Main / Individual effect plots : Heating demand
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Figure 6.7: Main / Individual effect plots : Cooling demand
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Figure 6.8: Comparison of S-BPS simulated random values within GP pre-
dicted credible intervals at test data for heating (a) and cooling (b) demand

6.2.3 Uncertainty Quantification using the GP emulator

The capability of the trained GP emulator pair to statistically reproduce un-

certainty in the outputs of the S-BPS within the same input-space is assessed

by considering the credible intervals introduced in (4.27) for α = 0.05 (i.e.

95% CI). A test dataset with 1000 replicates of the S-BPS at a collection of

50 randomly selected input points is generated. Some 94.6% and 93.1% of the

simulator's random response values [at each test point] for heating and cooling

demands lie within the 95% CI predicted by the pair of (mean and variance)

GPs (Figure 6.8), suggesting that this new GP emulator trained on extended

study dataset can be used with confidence.

In Figures 6.9-6.10, the probability density functions (PDFs) are compared,

at some random test points, computed by Monte Carlo Simulation, the S-BPS

outputs (in red) and outputs from the GP emulator (in blue); this latter by

simulating stochastic observations with (4.26) using GP emulators for fd(X)

and V (X) with regard to this extended case study. In Figure 6.11 the cu-

mulative distribution functions (CDFs) of predicted energy demands from the

GP emulator are compared with those of the S-BPS simulations, again ob-

tained using Monte Carlo Simulation. A single CDF in these plots represent

variation in prediction due to occupants' stochastic behaviour [aleatory un-

certainty] and their spread represents uncertainty in predictions due to input
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Figure 6.9: Uncertainty propagation comparison between GP predicted (blue)
and S-BPS simulated PDFs (red) for heating demand

parameters [epistemic uncertainty]. Figures 6.9-6.11 offer numerical evidence

that the proposed framework enables us to confidently reproduce the under-

lying PDFs and CDFs obtained with the S-BPS, at a small fraction of the

computational cost, since once the GP emulators have been constructed, S-

BPS runs are no longer required for subsequent uncertainty analyses.

In both the cases of heating and cooling demand (Figure 6.11), the collect-

ive spread of CDFs (35 and 7 kWh/m2 difference in magnitude for heating

and cooling respectively) is more than the spread of an individual one (2 and

1.5 kWh/m2 difference in magnitude for heating and cooling respectively) -

illustrating that epistemic uncertainty due to design and physical properties

inputs plays a more dominant role than the aleatory uncertainty due to oc-

cupants' behaviours. This is expected in both the cases, given the nature of

multizone house case study enclosing the large heated volume where the total
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Figure 6.10: Uncertainty propagation comparison between GP predicted (blue)
and S-BPS simulated PDFs (red) for cooling demand
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Figure 6.11: Comparison of GP predicted (left) and S-BPS simulated (right)
CDFs for heating (top) and cooling (bottom) demand

Figure 6.12: Comparison between S-BPS Simulated and GP predicted means
of heating (left) and cooling (right) demand replicates in Figures 6.11
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heat balance is dominated by internal heat storage and exterior heat transfer

components than the stochastic internal gains due to a couple residing in the

house. Finally, the quantitative comparison between the means of heating and

cooling demand replicates presented in Figure 6.12 underline how accurate the

GP emulator's predictions are. Having demonstrated that the GP emulator is

an acceptably accurate means for accelerating stochastic building performance

simulations, we proceed now to decompose the total uncertainty in predictions

into its component parts by computing sensitivity indices for our extended case

study.

6.2.4 Uncertainty decomposition using the GP emu-

lator : Sensitivity analysis

The total uncertainty in energy demand prediction is decomposed using the

individual and total effect indices of (4.47) and (4.48). The individual effect

indices account for the impact of input variables and the total effect index

includes that of occupants' behaviour. The index scale is between 0 and 1,

with highly influential factors having values close to unity. Table 6.4 reports

these indices, computed for both small (500) and large (20000) input sample

sizes.

In the case of heating demand, and as discussed earlier, epistemic uncer-

tainty due to wall insulation thickness PolyT and conductivity PolyC domin-

ates the uncertainty in predictions, at the individual index values of 0.0771

and 0.8428 respectively. During heating season envelope heat losses (and thus

impact of uncertainty in insulation thickness and conductivity) dominates the

energy balance, much more so than occupants' behaviour, since occupants are

relatively less likely to open windows (to avoid excessive heat losses) and to

lower shades (thus reducing useful transmitted solar heat gains) during the

heating season.

For cooling demands, the parameter BrickSA related to heat radiation com-

ponents is dominant than aleatory uncertainty due to occupants' behaviour,

as heat radiations from numerous exterior (and interior walls) components

(for this multizone house) are more likely to be dominant than the occupants'

interaction with the building envelope, as explained above in the previous sec-

tion 6.2.3. Again, these quantitative analysis results highly corroborate with
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both the qualitative analysis results (Figures 6.4 and 6.5) and the underlying

emulation results (Figures 6.6 and 6.7), all indicating PolyC and PolyT being

the most influential parameters for heating demand and PolyC and BrickSA

for cooling demand predictions.
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Table 6.4: Sensitivity indices quantifying the impacts of input parameters and occupants' behaviour on the heating and cooling
energy demand predictions. S1, S2, S3, S4, S5, S6, S7 and S8 are the individual effects due to BrickC, BrickSA, PolyT, PolyC,
ConcC, FoamC, WindowST and InfilRate respectively and STw total effect due to occupants' behaviours

Output variable Sample size Sensitivity indices
S1 S2 S3 S4 S5 S6 S7 S8 STw

Heating demand
Small (500) 0.1353 0.1527 0.1466 0.7158 0.0739 0.0728 0.0790 0.1096 0.0010

Large (20000) -0.0299 -0.0172 0.0771 0.8428 -0.0257 -0.0301 -0.0290 0.0046 0.0010

Cooling demand
Small (500) -0.2860 0.2232 -0.2672 0.3099 -0.2789 -0.2863 -0.2964 -0.2351 0.0130

Large (20000) -0.0083 0.5032 0.0065 0.3714 -0.0073 0.0035 0.0162 0.0129 0.0130
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Figure 6.13: Sensitivity Tornado plots for heating (a) and cooling (b) demand

Figure 6.13 illustrates the combined sensitivity analysis of energy demands

as a tornado plot. The tornado plots further reinforce the parameter screening

(subsection 6.2.2) and sensitivity analysis (subsection 6.2.4; table 6.4) results

showing that the occupancy stochastics, brick (BrickC) and concrete (ConcC)

conductivities leading to negligible variation in energy demands. For both out-

put variables, the input variables insulation conductivity (PolyC), infiltration

rate (Infilrate), brick solar absorptance (BrickSA) and insulation thickness

(PolyT) are the common variables that result into highest possible variation

in energy demands. In fact, the tornado sensitivity analysis results are also

consistent in their ranking of importance (with the ones in Figures 6.4 and 6.5)

and as well as on how the input variables correlate with the output variable

(Figures 6.6 and 6.7). The heating demand is positively correlated with the

insulation conductivity and infiltration rate (5th percentile falling left of me-

dian) and negatively with the brick solar absorptance and insulation thickness

(5th percentile falling right of median) (Plot a) of Figure 6.13). The polar-

ity of correlation for these same input variables is reverse for cooling demand

(Plot b) of Figure 6.13). The foam conductivity (FoamC) and window trans-

mittance (WindowST) exhibiting moderately negative and positive respective

impact on the cooling demand while negligible on the heating demand.

Figures 6.14 and 6.15 (top rows) show the convergence of indices values for

the emulator evaluations at different sample sizes, ranging from 500 to 20,000.

We consider 0.05 as the convergence threshold for the width of the 95% cred-

ible interval CIindices, below or close to which the index value is deemed to
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Table 6.5: Comparison of computational runs between Classical and EmUSA
framework for the extended study

Classical Emulator based
Training Sensitivity Analysis

Simulator runs 20× 104 5× 104 -
Emulator runs - - 0.05 to 2× 104

be stable. In the case of heating demand (Figure 6.14), for the main effect

index of wall insulation conductivity PolyC, the index value converges rapidly

(at a small sample size of 3,000) near the threshold, while the other indices

values approach the threshold (at values of around 0.2) at large sample sizes

of 20,000. The bottom rows of the figures show the convergence of the actual

credible intervals around indices values obtained via bootstrapping, demon-

strating the trend for convergence at large sample sizes. For cooling demand,

the significance of performing convergence study for sensitivity indices com-

putation is prominent, as there is a change in dominance from wall insulation

conductivity PolyC to brickwork solar absorptance BrickSA when the indices

are computed at large sample sizes. From upper row in Figure 6.15, the con-

vergence for all the parameters has been achieved quite rapidly at sample size

of 5000. And from lower row in Figure 6.15, the change in dominance from

PolyC to BrickSA is visible and stable at the sample size 6000 and onwards.

For the present extended case study example with 8 input parameters and

20,000 samples (large sample sizes at which indices converge as shown), the

number of simulator runs that we need in our proposed Emulation based Un-

certainty and Sensitivity Analysis (EmUSA) framework is a fraction (50,000 /

200,000 = 0.25) of that required by the standard approach (see Table 6.5), as

the emulation framework only requires simulator runs to train GPs, which can

then be employed to conduct sensitivity analyses at a low computational cost.

Consequently, the HPC machine computation time reduces to a manageable

c.1 day, in contrast to the more than half a weeks' time that is required by a

classical approach (see Table 6.6). In this way, it is possible to complete an

entire UQ study for the extended case of multizone house using our proposed

EmUSA framework within a single day.
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Figure 6.14: Convergence of main (left) and total (right) effect sensitivity
indices of design and physical properties input variables for heating demand
at distinct sample sets of increasing size. The top row shows the convergence of
the width of index credible interval and bottom row shows the actual credible
interval (Eq. 4.49).

Table 6.6: Comparison of computational expense on HPC between Classical
and EmUSA framework for the extended study (One simulation run bench-
mark = 90 seconds)

Classical Emulator based
Training Sensitivity Analysis

Simulator runs 4.17 days 1.04 days -
Emulator runs - - 15 to 20 minutes
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Figure 6.15: Convergence of main (left) and total (right) effect sensitivity
indices of design and physical properties input variables for cooling demand at
distinct sample sets of increasing size. The top row shows the convergence of
the width of index credible interval and bottom row shows the actual credible
interval (Eq. 4.49).
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6.2.5 Computational savings in Sensitvity Analysis un-

der EmUSA framework

The proof-of-principle (2-input model) and an extended study (59-input model,

effectively only 8 most sensitive parameters after screening for an extensive

UQ) have reported 96% and 75% savings, when compared to classical UQ

framework [not employing a metamodel], respectively in the computation cost

of performing sensitivity analysis using proposed EmUSA framework. The

proof-of-principle study is focussed only on the modulation of heat conduction

and shortwave irradiance due to the respective uncertainties in insulation thick-

ness PolyT and window transmittance WindowST along with the stochastic

occupants' behaviour with window, shade and lighting enabled. The extended

study, on the other hand, enables modulation in convective and longwave ra-

diative phenomena by a way of accounting for the uncertainties in infiltration

rate InfilRate and brick solar absorptance BrickSA in addition to the heat con-

duction modulation due to uncertainties in envelope material conductivities.

Given the systematic and sequential enabling of increased complexities of

underlying BPS model during these studies, the computational savings using

proposed EmUSA framework falls by a little more than twenty percentage

points for a factor of four increase in dimensionality of input parameter space

from that of proof-of-principle study benchmark (i.e. 2-input case). This

outcome on scaling of computational savings depending upon the model com-

plexities may allow an uncertainty analyst to gauge the computational load

required when the model complexity and / or dimensionality of input space

varies on the lines of benchmarks assessed from these studies. The nature of

scaling of computational savings, for instance a linear (e.g. forty percentage

points fall) or an exponential (e.g. eighty percentage points fall) for 16 in-

puts (a factor of eight increase in dimensionality) case or the any other, is

still a potential topic for further investigation when using proposed EmUSA

framework.

6.3 Conclusions

The purpose of this extended study was to demonstrate the applicability and

computational efficiency of EmUSA framework to support the quantification
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and decomposition of both epistemic and aleatory uncertainties for the models

of increasing complexity. From these results we conclude that:

• The pair of fitted GP emulators for this extended study successfully

emulate the behaviour of the stochastic building performance simulator

(S-BPS) at the chosen test design points, with predictivity coefficient

Q2 > 0.95, (falls short by small for heating demand variance GP).

• The proposed GP Emulator-based UQ framework, requiring simulator

runs only to fit the emulators, is moderately computationally efficient

(for this extended case); reducing the computational cost to a low frac-

tion (0.25) of its classical counterpart, as simulator runs are required

only for training the emulator which subsequently computes at a low

cost.

• The effects of uncertainties in wall insulation conductivity PolyC and

thickness PolyT on heating demand are more significant than those

arising from stochasticity in occupants' behaviours; as these behaviours

are relatively constrained during the heating season.

• In case of cooling demand, the effects of uncertainties arising from brick-

work solar absorptance BrickSA and wall insulation conductivity PolyC

dominate the stochasticity in occupants' behaviours, as the larger heated

volume enclosed by the multizone building involving numerous heat stor-

age and transfer components; resulting into acceleration of short- and

long-wave radiation phenomena which dampen the occupants' interac-

tion to restore their thermal comfort, leading to negligible or low impacts

on cooling demand.
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Chapter 7

Conclusions, Future works and

Recommendations

This thesis attempts to make a contribution to the knowledge in an inter-

disciplinary field of Building Simulation and Uncertainty Quantification in

terms of providing efficient means to effectively account for the uncertainties

that lead to the performance gap between the simulated building performance

and its measurement. To this end, this thesis develops a strategy to deal with

the uncertainties arising from both epistemic and aleatory sources in the build-

ing energy performance predictions. Particularly, this thesis has attempted to

answer following questions that specifically hinder a straightforward conduct

of Uncertainty and Sensitivity Analysis for complex building energy perform-

ance simulation.

7.1 Answers to the Research Questions

Q . Are the existing metamodelling / emulation techniques sufficient

enough to abstract the building energy performance phenomena and

to accelerate the computation of uncertainties in energy predictions?

Now, there is a paradigm shift from deterministic to stochastic simulation of

building energy performance with the advent of coupling stochastic occupants'

behaviour 1 to the deterministic heat storage and transfer phenomena result-

1for instance, can also be related to the ever changing climate resulting into the uncertain
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ing into a increasingly complex system of thermal energy flows in buildings.

Increase in complexity, also comes at the cost of high computation expense.

Since the computation of uncertainties involve Monte Carlo simulations of

underlying computational S-BPS model, this requires the metamodel / emu-

lator to be parsimoniously and plausibly structured but at the same time

fast enough to accelerate the computation of uncertainties. Objective I ad-

dressed in Chapter 4 section 4.1 first establishes a selection strategy for the

metamodelling technique that would be suiting the emulation needs of ab-

stracting stochastic building performance. After evaluating these techniques

against the laid out criteria, Gaussian Process Regression (GPR) stands out

fulfilling the requirements of plausible abstraction and at the same time al-

lowing the acceleration in quantification and decomposition of uncertainties in

load predictions.

Q . How good is then the GPR to emulate the deterministic and

stochastic heat transfer phenomena occurring inside the buildings?

GPR methodology allows to emulate the two superimposed phenomena by

a way of distinctly representing the mean and variance component of the

stochastic building performance response. The modelling procedure is flexible

enough to configure occupants' variability into the emulator constructing pro-

cedure. Moreover, unlike other techniques, GPR provides uncertainty bounds

due to the emulation procedure itself. Objective II addressed in Chapter 4

section 4.3 presents the developed mathematical framework behind the emu-

lation of S-BPS response. The pair of metamodel is then validated (for its

parsimony and plausibility) using the test simulation datasets by employing

a predictivity coefficient validation measure (section 4.2.1). The correspond-

ing computational framework (section 4.5) and methodology workflow (section

4.6) present the operating procedure of Gaussian Process Emulation based Un-

certainty and Sensitivity Analysis framework, demonstrating its readiness for

the future extensions.

Q . How good is then the proposed EmUSA framework in propaga-

tion of epistemic and aleatory uncertainties and decomposition of

weather
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the total uncertainty in energy predictions?

Using a relatively simple use case of a small monozone office building with

2-uncertain input parameters setting but enabling stochastic phenomena re-

lated to occupants' behaviours, the pair of fitted GP emulators is successful

enough in emulating and capturing the behaviour of the stochastic building

performance simulator with predictivity coefficient (> 0.95), (except for a

small number of moderate exceptions). The framework is efficient in reducing

the computational expense of Monte Carlo propagation and quantification of

epistemic and aleatory uncertainties to a small fraction (0.0375) of its clas-

sical counterpart for this monozone office case. Objective III addressed in

Chapter 5 using variance based decomposition technique (developed in section

4.4 for stochastic case) demonstrates with this proof-of-concept the decompos-

ition of the total uncertainty in heating and cooling energy load predictions.

Q . How about preparedness and practical applicability of EmUSA

framework for the uncertainty problems of increasing scope and

complexity in building and urban simulation?

Objective IV addressed in Chapter 6 demonstrates the fit-for-purpose of

the new EmUSA framework to handle the enlarged scope (accounting for ad-

ditional uncertain variables for instance, thermophysical properties of con-

struction materials) and increased complexity (greater degrees of occupants'

interaction freedom e.g. use of lights), although only at building scale. The

framework has been proven to be readily extensible to incorporate a parameter

screening step for the purpose of segregating the most influential input para-

meters from the non-influential ones. Then, the whole framework methodology

of emulation, uncertainty propagation, quantification and decomposition has

been applied to the practical case of multizone residential model considering

the most influential parameters obtained after the parameter screening step.

For this extended study, although the computational efficiency of the EmUSA

framework has fallen from that of proof-of-principle study, as that is expec-

ted given the scope and complexity of the extended case but still results in

reducing the total computational cost to a low fraction (0.25) of its classical

counterpart.

This thesis was indeed technique rather than application focused. The
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application focus is also highly important and this could be considered more

fully in future work; likewise, clarifying the scope of applicability of developed

technique in this broader real-world decision making context.

7.2 Future Works

This foundational research work on Emulation based Uncertainty Quantifica-

tion for S-BPS can be of potential for following three (but not limited to) lines

of research:

Acceleration in computation intensive tasks

Bayesian calibration [133, 134, 135, 140] and optimisation [136, 137] studies

in BPS often suffer from a curse of high computation costs as they entail a

detailed exploration of input space through Monte Carlo based parametrisa-

tion. And these studies assume underlying BPS being a deterministic one

without the stochastic occupants' behaviours. Given the already expanded

scope of the EmUSA framework to emulate both the deterministic processes

and as well as the stochastic perturbations to it, the profound integration

of this work therefore would possibly enable more comprehensiveness and rig-

orousness in future advanced studies on bayesian calibration and optimisation.

Adaptable framework for Temporal emulation in BPS

The scope of this thesis work has been constrained to simulate annual building

energy demands. Given that the employed GP emulation technique already

operates on multidimensional input space, it readily allows flexibility for its

extension to consider time as another additional dimension (following and ad-

apting Conti et al. [180]) and then make fast and accurate dynamic building

performance predictions using “temporal” emulator. This is of particular im-

portance when conducting sensitivity analysis of the effect of time-evolving and

uncertain (current/short- and future/long-term) weather data on the building

energy performance predictions.

Scaling up of uncertainties from building to urban scale

The current development of the framework is rigorous and comprehensive in
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addressing the varying type (epistemic and aleatory) and nature (simple design

parameters to complex thermophysical properties) of uncertainties, however

only at building scale. For its enlarged scope to handle the building archetypes,

EmUSA framework can be considered as a suitable candidate for the dynamic

national housing stock energy simulation platform (e.g. EnHub developed in

Sousa [181]) as EmUSA facilitates the use of Latin hypercube sampling to

assign values to the parameters of given archetype and hence, it could then

also emulate the energy dynamics of national housing stock. In order to ad-

dress the challenge of accounting for uncertainties at urban scale, the EmUSA

framework would then be required to account for the mutual shading effects of

neighbouring buildings while developing the UQ framework for urban energy

performance predictions (can be called EmUSA for Urban). This would re-

quire then the adaptation of EmUSA methodology for the simulation of urban

energy flows and interactions between them (for instance, developing a similar

emulator for urban energy micro-simulation platform CitySim - developed by

Robinson et al. [182]). In addition to Urban Climate variability, the other

uncertainties due to lack of information about existing buildings, household

composition, installed HVAC systems, etc. may also play significant role in

urban scale building energy performance predictions.

7.3 Recommendations

In terms of the wider applicability, the EmUSA framework can support, through

a rigorous quantification and decomposition of uncertainties:

• Load and energy use prediction: More reliable load and energy use pre-

diction, and the associated sizing of HVAC plant and renewable energy

technologies.

• New building design: The more robust design of building envelopes and

systems.

• Renovation design: The identification of parameters yielding the greatest

potential performance improvements, identified through sensitivity ana-

lysis and the decomposition of uncertainties, and their corresponding

design.

149



150



Appendix

Prior Informations used for GP emulation.

For the present work we use a Matern covariance function (see equation 4.3)

with parameter ν = 3/2 (as it is the most interesting case for machine learning

that the Gaussian process to be less rough / dynamic and the obtained random

/ sample functions are smooth and differentiable [144]). Table 7.1 shows the

distributions used for the hyperparameters of these functions. Table 7.2 dis-

plays the values for the hyperparameters in the mean and covariance functions.

We use two distinct length scale parameter setting of covariance structure for

respective two inputs - wall insulation thickness and window transmittance.

For the log-variance emulators the uniform hyper-priors are used for the noise

variance with small (0.001) value. The hyperpriors for the length scales and

signal variances are log-Normal and uniform, respectively. We use a linear

function for the mean prior mean functions for log-variance target variable.

Unlike log-variance variables, we have fixed noise variances while fitting GP to

mean variables as they are known following equation 4.20 from the predictions

of GP fitted to log-variances. The length scales and signal variances both

are assigned loggaussian priors. We use constant, linear and squared mean

structures as prior mean functions for mean target variable.
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Table 7.1: GP prior distribution settings for hyperparameters

Function Hyperparameter GP target variable
mean log-variance

Heating Cooling Heating Cooling

prior covariance
signal variance loggaussian loggaussian uniform uniform
noise variance fixed fixed uniform uniform
length scale loggaussian loggaussian loggaussian loggaussian

Table 7.2: GP prior value settings for hyperparameters

Hyperparameter GP target variable
mean log-variance

Heating Cooling Heating Cooling
signal variance σ2

Y 0.1 0.1 0.01 0.1
length scale l [1/10, 1] [1/10, 1/10] [1/1000, 1/10] [1/1000, 1/10]

prior mean m(X) 50 50 0.4 1
prior covariance k(X,X′) 100 100 1 1
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