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Non-deterministic calibration of district scale building energy
models using clustering and surrogate techniques ™
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bSchool of Mechanical and Materials Engineering, University College Dublin (UCD), Belfield, Dublin 4, Ireland

Abstract

Prediction of building energy use, when performed at urban scale, is influenced by the
choice of modelling approach, as well as the quality of available data. In the case of data
scarcity, one of the main limitations of current urban scale building energy simulation mod-
els, is the use of deterministic approaches to specify modelling inputs for entire classes of
buildings. This modelling approach is characterised by three major shortcomings: first, data
uncertainties are not comprehensively considered; second, a rigorous method of identifica-
tion of groups of buildings to be populated by similar modelling parameters is not specified;
and third, strategies to calibrate the developed energy models are missing. Considering these
challenges, the current paper presents a non-deterministic calibration method for groups
of buildings. The methodology utilises four techniques: (i) the use of clustering to identify
building groups and associated representative buildings within the urban context; (ii) the ap-
plication of an automatic building energy modelling approach to simulate buildings within
these groups; (iii) the application of data-driven models, used as emulators of the dynamic
simulation engine, in a computationally efficient manner; and (iv) the exploitation of a non-
deterministic Bayesian calibration framework to identify sets of representative parameters for
the building clusters. Datasets, based on 2646 buildings from the city of Geneva, Switzerland,
are used as a case study. Validation with measured data, shows that energy consumption and
energy intensity predictions when considered at an aggregated scale, are within +/- 5%. On
an individual building basis, the validation error is within +/- 20 % for approximately 70% of
the buildings.

Keywords: Data-driven models,district scale energy models,

non-deterministic modelling, emulators,Bayesian calibration, clustering
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Nomenclature
60 Model discrepancies LHS  Latin Hypercube Sampling
€m0 Measurement error MAPE Mean Absolute Percentage Error
€r() Residuals MCMC Markov Chain Monte Carlo
10 Simulation function MLR  Multiple linear regression
A Length parameter N Number of predictions
[ Mean value N( Normal distribution
o Precision parameter Ny Number of buildings
D() Hyperparameters ny Number of variations
o Variance N Number of simulations
Z(0 Covariance OEFEB One Emulator For Each Building
00 Modelling parameters OEFEC One Emulator For Each Cluster
¢0 Observed physical system OEFRB One Emulator For Each Representa-
ACH  Air Change per Hour [-] tive Building
ANN  Artificial Neural Network p Predicted value
BEM  Building Energy Model P0 Posterior distribution
C Cluster p0 Prior distribution
c0 Kernel function PCA  Principal Component Analysis
DDM  Data-Driven Model R? Coefficient of Determination
DHW  Domestic Hot Water [m?/s] RMSE Root Mean Squared Error
fo Emulator function RNF  Random Forest
GLR  Generalised linear regression SSpps Residual Sum of Squares
GpP Gaussian Process SStor Total Sum of Squares
HVAC Heating Ventilation and Air Condition-  gy/ps Support Vector Machine
ng X Independent variable
I Identi‘q.f matrix y Metered value
K h/.[od(.alllng pararr?eter 0 Observed variable
L0 Likelihood function

1. Introduction

Increasing urbanisation in the coming years is expected to place additional demands on city

environments, including infrastructure, air quality, natural resources and living standards [1].

% * Corresponding author  Email address: giovanni.tardioli@iesve.com (Giovanni Tardioli)

Preprint submitted to Elsevier September 9, 2020



Worldwide, city authorities are addressing urbanisation burdens by activating transition pro-
grammes toward efficient organisation of mobility, resources and the built environment [2].
Central to these is energy, where several cities have set ambitious emissions and energy con-
sumption abatement targets as horizons to shape future built environments [3]. In this con-
text, buildings play an important role being one of the major contributors to energy consump-
tion in cities [4, 5]. Short and long-term energy strategies for the building sector increasingly
require detailed information on building energy use at a high spatial and temporal resolution
[6-9] to facilitate scenario evaluation, policy assessment and future planning [10-19].

Data analysis ([20-23]) and large scale simulation [6, 24-28] are receiving attention as ways
to assess building energy needs at an urban scale. In this context, building data may be af-
fected by high heterogeneity in quality, accuracy and quantity. Furthermore, data scarcity re-
sulting from privacy protection schemes, economic interests or technological barriers [29, 30]
compounds these challenges. Data problems affect building energy simulation as well. On
the one hand, further integration of data techniques in simulation work flows [31] is expected
to increase in the coming years. On the other hand, missing data, stochasticity, uncertainties
related to important modelling parameters, together with building heterogeneity, complex
interconnected physical phenomena, computational overheads, and requirements of ded-
icated software architectures, challenge traditional building energy modelling approaches
[32]. Large validation errors have been recorded for urban scale modelling especially at dis-
aggregated level [33, 34].

Building energy models to reliably predict energy consumption require a process of cal-
ibration [35-37]. To date, however, the majority of building calibration studies focus at the
individual building level [38]. Model calibration is a time-consuming task that involves expert
knowledge and extensive metered datasets [39]. Automatic methods for parameter screening
and adjustment have been proposed, but such approaches remain confined to single build-
ing applications [40-43]. There are few studies which propose solutions for urban scale model
calibration.

For urban scale studies, when single building data are missing, input values derived from
national standards, representative buildings, normative values, literature or expert knowledge
[44-46] are often used for buildings falling into the same typology and period of construction

[47].



One limitation associated with these classification methods is that they do not analyse
multiple building features in parallel, nor do they deploy quality indices for the assessment
of the best partitioning strategy among buildings. Accurate building grouping is still an open
research question. Advanced data-mining techniques, such as clustering, can identify groups
of buildings, screen multiple features in parallel and, therefore, enable a more comprehensive
analysis of building characteristics [48-50].

Once building groups are identified, deterministic simulation methods based on the use
of single values of modelling parameters, cannot correctly represent energy distributions and
modelling uncertainties for entire groups of buildings [51]. Non-deterministic methods, have
been used to better represent uncertainties within model calibration [52, 53] suggesting dis-
tributions of modelling parameters rather than fixed figures. Among these methods, Bayesian
calibration plays an important role, being able to take into account expert knowledge, un-
certainties of input parameters, model inaccuracies and measurement errors [54]. Bayesian
calibration has been extensively considered at an individual building level [43, 55]. When
used at an urban scale, Bayesian methods require adaptation to be applied for entire groups
of buildings [56].

Calibration methods for groups of buildings should consider methods to reduce compu-
tational overheads and test different simulation strategies. Emulators, acting as a proxy of
simulation engines, reduce computational time. Most of the literature to date considers lin-
ear regression or Gaussian Processes [57] as emulators of the simulation engine in Bayesian
calibration studies. Linear models may not be the most accurate predictive approaches and
Gaussian Processes are computationally expensive for large datasets and for high dataset di-
mensionality. The use of alternative machine learning techniques, such as neural networks
(NN) and support vector machines (SVM), as part of urban scale non-deterministic calibra-
tion frameworks is missing from research to date. These methods offer an attractive trade-off
between prediction accuracy, computational time and scaling capabilities. From a modelling
point of view, building emulators could be developed using different surrogate strategies and
at different levels of aggregation and simplification, such as: one emulator for each building
or one emulator for the entire cluster of buildings. Studies which compare different surrogate
strategies are also missing.

The overall aim of the current paper is to investigate a combination of clustering tech-
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niques and Bayesian calibration methods for the identification of the most representative
ranges of modelling parameters for entire building clusters. In particular, the specific ob-

jectives of this research are as follows:

¢ to develop and test a Bayesian calibration framework to populate large clusters of build-

ing energy models with appropriate parameter distributions;

e to investigate the inclusion of machine learning techniques in an urban scale Bayesian

calibration framework which act as a proxy of dynamic building simulation engines;

¢ to study and validate different emulator modelling structures (surrogate techniques)

applied to clusters of buildings within the Bayesian framework.

The structure of the paper is as follows. In Section 2, the state of the art of large scale
modelling techniques and Bayesian calibration is presented with focus on the role of data
driven models (DDM) as emulators. In Section 3, an overview of the research methodology
is presented with tools and methods used in the current work. Section 4 describes an urban
district case study, where results of the proposed approaches are presented and discussed.

Section 5 outlines conclusions and future work.

2. Literature Review

Most of urban scale modelling studies are based on deterministic approaches to evaluate
energy use of a large number of buildings [6, 25, 33]. Deterministic methods, considering
only a fixed number of values of modelling parameters, fail to accurately represent energy
use distributions and modelling uncertainties associated with urban scale analysis [51]. In
such applications, metered building consumption is mostly used to validate the models by
results comparison, but not to inform and support the calibration procedure. In these cases,
the simulation model is influenced by either expert knowledge assumptions, input data or
modelling uncertainties. Urban scale building energy models require a process of calibration
before being used as reliable decision support tool. Manual calibration in data-rich scenar-
ios shows high levels of accuracy [58], however, it is a time demanding procedure [39, 59].
As such, it may be not feasible for a large number of buildings without investing substan-

tial resources. In most of the cases, manual calibration is a result-driven or evidence-based
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procedure, where the energy modeller tunes selected parameters to achieve defined results
[35]. Alternatives to manual calibration are non-deterministic approaches such as Bayesian
methods or optimisation techniques, iterative approaches, evidence based techniques and
signature methods [39]. Among these different modelling solutions, Bayesian methods offer
interesting possibilities, such as: to take into account various sources of uncertainties, to in-
clude expert knowledge in the calibration process and to use information of metered data to
lead the calibration process.

Bayesian calibration has been used to calibrate simulation models in a variety of different
research fields, and to intrinsically take into account uncertainties related to the modelling
approach ([60-64]). It relies on the Bayes theorem (Eq. 1). The theorem states that the most
likely distribution of a variable can be inferred considering its prior distribution and its likeli-

hood evaluated with comparison to metered data:

P©O,ply) =p@,¢)-L(y0,¢) ey

where P(6,¢|y) is the posterior distribution of the modelling parameters, p(, ¢) is the prior
distribution of the parameters and L(y|0, ¢) is a likelihood function.

Table 1 summarises a literature review of applications of Bayesian methods in the building
energy modelling sector. The table focuses only on large scale studies. It provides informa-
tion regarding scale of application, building typology, type of emulator, building grouping
technique and target parameters. Generally, Bayesian methods are mostly applied at single
building level: for additional information the interested reader is redirected to [55, 57, 65-70].

With reference to Table 1, the majority of urban scale studies focus on the residential sec-
tor ([51, 56]. In these studies, Bayesian methods and group modelling approaches are ap-
plied to entire classes of buildings. Building grouping is performed considering simple filter-
ing (classification) techniques based on categorical variables such as period of construction,
building typology and building final use. Buildings in the same classes may have very differ-
ent properties (i.e., energy consumption, energy intensities, geometric properties, etc.). More
advanced grouping methods such as clustering allow to analyse many building features in
parallel and to define building groups based on similarities.

Clustering methods have received particular attention because they enable for a finer seg-

mentation of the building stock compared to traditional classification procedures. Clustering
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does not impose particular weights on some variables producing an un-biased grouping out-
come. Once groups are identified, group modelling solutions, such as the identification of
modelling parameters by Bayesian methods, can be applied. Nevertheless, to the extent of
the authors knowledge, there are no studies which investigate the use of Bayesian approaches

on building groups identified by clustering techniques.



Table 1: Bayesian calibration applied at large scale: literature review

Ref. Scale Typology Emulators Resolution Classification Target variables [units]
Annual- Heating set point [°C], cooling set point [°C], infiltration [ACH], occupant density
(51] City Residential Linear monthly none [people/ m?], equipment power density [W/ m?], domestic hot water [m3/(s x m2)]
Window U-value [W/m2K], wall U-value [W/m2K], infiltration [AC H], windows-wall ratio
[56] District Residential GP Yearly none (north)[-], windows-wall ratio (south)—, temperature set point [°C], appliances heat load
Wim?
Appliances heat load [W/mZ], lighting heat load [W/mZ], gross floor area [mZ], windows
[71] Building Commercial Linear Annual none wall ratio [m?], aspect ratio, height [m], infiltrations [ACH], cooling COP[-], cooling set
stock point [°C], heating set point [°C], wall U value [W/(m?K)], roof U value [W/(m?K)]
Heating set point [°C], fraction of space heating [-], windows wall ratio [-], heating COP
[72] 35 flats Residential GP Daily Cat. var. %, air leakage at 50 Pa [Is- m?], wall U value [W/(m?K)], windows U value [W/(m2K)]
Heating set point [°C], fraction of space heating [-], windows wall ratio [-], heating COP
(73] Schools Educational MLR Annual Cat. var. %, air leakage at 50 Pa [Ls- m?], wall U value [W/(m?K)], windows U value [W/(m?K)]
Housing Heating set point [°C], fraction of space heating [-], windows wall ratio [-], heating COP
(74] stock Residentials B Annual none %, air leakage at 50 Pa [Is- m2], wall U value [W/ [mZK)], windows U value [W/ [mZK)]
lighting intensity [W/m?], appliance intensity [W/m?2], occupants intensity [W/m?],
air change ratio [times/hour], air conditioning COP, length of cabinet [m], COP
35 super-
[75] p Commercial - Annual none refrigerators[-], defrost heater capacity [W/m], circulation fan capacity [W/m], anti-sweat
markets heater capacity [W/m], cabinet lighting capacity [W/ml], air infiltration ratio, air velocity
of air curtain [v/s]
2182
[75] Residential - Monthly none Cooling COP|[-],Infiltration [AC H],Internal Gain [W/m?], Cooling set point temperature
apartments

[°C], life style factor []



For large scale urban energy studies scalability and computational time is paramount as
well as accuracy. Table 1 shows that the majority of the research studies related to Bayesian
methods employ Gaussian processes (GP) or linear methods acting as proxy of the simulation
engine [55-57, 67, 69, 76]. Gaussian processes, offer the advantage to fit the training data
and to define confidence intervals for predictions. Time requirements for training of a GP
emulator is often high [65]. For large datasets or for high dimensionality of the dataset, the use
of GP emulators is computationally expensive and prohibitive. Data pre-processing is often
considered to reduce the dimensionality of the dataset applying variable reduction methods
such as PCA (Principal Component Analysis) [43], or limiting the investigation to subset of
informative metered data [70].

The use of alternative 'lightweight’ approaches (linear models), characterised by low train-
ing and prediction times, has been recently presented [68]. Although linear models have sim-
ple structures and for this reason short training and prediction times, they may not be the
most accurate models.

Speed of calculation, flexibility in the exploration of high data dimensionality, data-volume
scalability and prediction accuracy are fundamentals pre-requisite for urban scale modelling
approaches. The use of non-linear machine learning techniques (such as neural networks,
support vector machines or random forests) as emulators of dynamic simulation engines have
not been comprehensively studied as part of urban scale non deterministic calibration meth-
ods.

In this research, the way emulators (i.e., GLM, SVM, NN, RNF) are deployed is indicated
as surrogate strategy. This can be performed in various ways: training one emulator for each
building [51] or one emulator for a group of buildings [56]. There are no studies which com-
pare the use of different surrogate strategies on the same case study. This gap has already been
identified by the research community in recent studies [56]. In addition, recently, it has been
highlighted ([68]) that there is limited research which aims to assess the accuracy of different
surrogate strategies and emulators.

The overall contribution of the present work is to develop a large scale Bayesian calibra-
tion framework to identify modelling parameters for clusters of similar buildings in an urban
context testing different surrogate strategies and modelling techniques. Therefore, the objec-

tives of the presented work is threefold. First, clustering algorithms are used to identify groups
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sharing similarities in terms of several building features to achieve a finer segmentation of the
urban building stock. Second, different machine-learning techniques are employed as emula-
tors of urban scale dynamic simulations and their performance are evaluated and compared.
Third, different surrogate strategies are adopted in a large scale Bayesian calibration frame-

work and compared.

3. Methodology

The methodology involves the use of a work-flow as shown schematically in figure 1, and
in more detail in figure 2. The input of the method is a set of building stock data available
from the city case study. The output are distributions of modelling parameters characterising
entire groups of building energy models. A description of the main steps of the methodology

are provided in the following sections.

. . . Bayesian
U.rbén Clustering Modelling Emulation yesta
building Calibration
stock data v, ,b‘gi’ Ve =
&gt | S il
L 5: 4’;: 8”» s @ ulll
R | T RS
G e = . b
”y,; - ~ 7 * Il- | Ill .
i 2 Y. ; Modelling
l L parameters
Sets of clusters and Energy models at Emulators of of groups of
representative an urban scale building energy buildings
buildings models
Figure 1: Overview of the research methodology from city data to modelling parameters
Validation
7
[
>
(] - .
) : = Parametric | Surrogate | Bayesian
§ Clustering AUSB.EMA. Simulation modelling Calibration
g‘ 1 2 3-6 4 5

{

Figure 2: Overview of the research methodology in terms of work-flow
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3.1. Clustering

A methodology, exploiting the combination of building classification, clustering analysis and
predictive modelling techniques for the identification of representative buildings and build-
ing clusters, was developed by the authors as part of previous research work ([50]). A short
summary of the methodology follows: (i) starting from multiple urban-scale datasets, classi-
fication techniques based on categorical variables (i.e., period of construction, final use and
building typology) are used; (ii) four clustering algorithms (kmeans, hierarchical agglomera-
tive, divisive and partitioning around medoids) are applied to identify building clusters and
representative buildings. (iii) Normalisation techniques to process the input data are applied
and multiple validation indices are evaluated to recommend the best segmentation of the
building dataset in terms of numbers of clusters; (iv) post application of predictive modelling,
using a random forest approach, facilitates the incorporation of a larger portion of building
stock in the established clusters with high classification accuracy. The outcome of this steps

are a number of building clusters and associated representative buildings (medoids).

3.2. Modelling

The clustering outcome (representative buildings and building within the same cluster) is for-
warded to an automated urban scale building energy modelling approach, here after called
AUSBEMA. The automated approach uses building data of the city case study to generate in-
put files for dynamic simulation using EnergyPlus. A Python script maps and replicates the
EnergyPlus simulation template (idf file). To achieve this, the model uses data including the
geo-location of a building, 3D model of the city and information from different sources. Multi-
level spatial analysis is achieved by defining spatial boundaries in terms of buildings included
in the analysis, thereby facilitating analysis at group, district or city level. AUSBEMA is able to
account for the urban environment in terms of building surroundings and building adjacen-
cies and shading scenarios of the target building. Table 2 summarises the main properties of
the automated modelling approach AUSBEMA. The outcomes of this step are a set of energy

models of the buildings in the case study.
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Table 2: Automated Urban Scale Building Energy Modelling Approach (AUSBEMA) main features

Geometry Parsed from CityGML using building geo-location such as
building ID. Data are filtered in roofs, external walls and ground sur-
faces. Roofs and ground surfaces data are converted in BEM inputs;
external walls data are further processed to define storeys, floors and
ceilings. Glazing surfaces and shapes are generated defining initial
geometry values and populating surface data using a window to wall
ratio.

Thermal zones and boundary conditions Implemented with a
multi-zone modelling approach. A thermal zone for each storey is
defined using geometry information. Surfaces are linked to each
thermal zone as well as the definition of internal gains, schedules,
Heating Ventilation and Air Conditioning (HVAC) and set points.

Constructions and materials A database of materials and construc-
tions properties are generated using information derived by different
urban datasets. Building constructions and materials are selected
automatically based on the period of construction of the building
used as classification variable.

‘ Hnmx and cei hngx
Roof
Ground

External walls

database  library geometry Inputfile

Building adjacencies Adjacencies are detected processing CityGML
data and building relative positioning. This allows the definition of
different boundary conditions. The script is able to handle complex
boundary scenarios such as partial adiabatic adjacencies, internal
walls, adiabatic ceiling and floors definition and to modify wind, sun
and ground exposure accordingly.

Schedules and internal gains Representative schedules are created
from literature data and from normative values. Schedules of equip-
ment, lights, infiltration, occupancy, heating and cooling uses, water
uses and set points are imported automatically into the input file us-
ing the building typology as classification variable. Internal gains are
modelled based on library data and the definition of internal gains
intensities.

schedules Input file

Shading objects The definition of shading objects for a target build-
ing is based on a selective approach. The proximity of an object to
one building is evaluated using geo-referenced information of each
building and evaluating a distance measure between one target and
the surrounding buildings. The model selects shadings evaluating a
distance matrix of the target building and the surrounding construc-
tions.

Domestic hot water and HVAC systems The structure of the DHW
supply system and the connections with the demand side are defined
automatically using tag-names for the definition of objects enabling
the automatic interconnection of the parts of the systems. HVAC sys-
tems are defined starting from templates and enriching the input file
with information of the demand side for each thermal zone of the
building.
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3.3. Parametric simulation for design of experiments

The experimental design, in term of number of different modelling scenarios, is performed
using parametric simulation. The energy models of the buildings, classified as per results of
clustering and generated by AUSBEMA, are used into a parametric simulation tool.

Initially, parametric variables are selected and defined. This step may involve sensitivity
analysis or the identification of important variables considering previous studies from the lit-
erature. Model variations are generated using a parametric tool. This requires the definition
of the initial distribution of modelling parameters. Upper and lower limits may be defined
using normative inputs, expert knowledge, realistic values for the typology of buildings un-
der analysis, or directly using measurements. The total number of simulations is given by

equation 2:

K
Ns=Np- ] nk )
k=1

where Ns is the number of simulations, K is the total number of variables, n is the number
of values the variable k can have, N}, is the number of buildings considered in the analysis.
Equation 2 can be rewritten as Equation 3, if the number of parameter variations is the same

for all the parameters.

Ns=Np-nX 3)

The number of simulations can grow very quickly, if a large number of calibration pa-
rameters and relative variations are selected or if the number of buildings considered in the
analysis is high. To reduce the number of simulations a Latin Hypercube Sampling (LHS) [77]
approach is used ([78]). The parametric simulation should allow to comprehensively explore
the range of values of the modelling parameters, since the predictive models are able to pro-
vide the most accurate predictions in those ranges. The output of this passage will be a large

set of simulation results which will be used for the training of the emulators.
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Figure 3: Emulator selection process. LHS: latin hypercube sampling.

3.4. Surrogate strategies

Emulators, also known as meta-models [39], are predictive approaches used to fit simulation
outputs [79]. Their training differs from standard regression methods, as they are trained with
simulated data rather than actual measurements. The main objective of the emulators is to
map the dynamic behaviour of a simulation engine. They are employed when simulation is
computationally expensive or when a large number of simulations are required (e.g., auto-
matic calibration or optimisation studies).

With reference to Figure 3, a multi-step approach is performed to select emulators: firstly,
simulation results, are gathered in a database; secondly, emulators are trained and selected;
finally, the accuracy of the emulators is evaluated and best performing models are chosen.
After the parametric simulation, the available results are split in two components of different
sizes for training and testing: in this application, a larger portion is used for training (70%) and
the remainder used for testing (30%). A 10-fold cross validation technique (Figure 3) is used
to prevent over-fitting, efficiently exploring the information of the dataset and auto-tuning
algorithmic parameters [80].

In this study, four widely used predictive models are employed as emulators of the dy-
namic simulation software: generalised linear models (GLM) [81-84], artificial neural net-
works (NN) [85-88], support vector machines (SVM) [89-92] and random forests (RNF) [87,
93-95]. With reference to Figure 3, the best models from each algorithm family are selected,
the accuracy of the predictive models is manually evaluated on a totally unseen dataset (test-

ing dataset: 30% of the overall dataset). Model accuracy is evaluated using three quality
14



One emulator One emulator for the One emulator for the
for each building entire cluster representative building

Figure 4: Surrogate strategies

measures: mean absolute percentage error (MAPE)[96-99], root mean square error (RMSE)
[86, 97, 100, 101] and coefficient of determination (R?) [102]. An analytical description of the

quality measures follows:

Yi—Ppi

-100 4)

Vi

1 N
MAPE=—}"
N i3

where MAPE is the mean absolute error, N is the total number of predictions, y is the actual

value of measurement i and p is its predicted value;

%)

where RMSE is the root mean squared error, N is the total number of predictions, y is the
actual value of measurement i and p is its predicted value;
SSres _ Zf\il (yi_pi)2

_ =1- (6)
SStot N yi-p?

R’=1

where SS;; is the residual sum of squares and SS;,; is the total sum of squares N is the total
number of predictions, y is the actual value of measurement i and p is its predicted value
and y is the mean value. Visualisation techniques are used to further judge the quality of the
emulators, such as actual versus predicted value plots.

Three surrogate strategies are adopted. They are characterised by different deployment

time and data requirements. Figure 4 shows the three strategies.
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3.4.1. One emulator for each building (OEFEB)

For this approach, one energy model for each building in the cluster and one emulator for
each building is required. In terms of computational time and resources for development
this is the most demanding approach. An emulator for each building is trained using the
simulation outcomes. In this case, each emulator is able to perform predictions only on one

building therefore each building emulator is required in the Bayesian framework.

3.4.2. One emulator for each cluster (OEFEC)

In this approach, one energy model for each building in the cluster is required to conduct the
calibration process. Only one emulator is developed for the entire cluster of energy models.
As in the OEFRB approach, one emulator is trained in order to recognise differences across
buildings in the same cluster using whole-building features (i.e., volumes, heating surfaces).
Compared to the OEFRB method, the predictive model is trained with the results of all the

building energy models and not only the representative building.

3.4.3. One emulator for representative building and a scaling solution (OEFRB)

Representative buildings identified by clustering are used as a medium to identify modelling
information for all the buildings in the same cluster. Only one emulator derived from the
representative building of each cluster and its energy model are considered in the analysis.
Whole-building variables (i.e., volume and heating surface) of all the buildings in the cluster
are adopted to generate a scaling solution (regression function) and to predict the consump-
tion distribution of the buildings in the clusters starting from the consumption of the repre-
sentative building. Therefore, a regression method is trained to recognise differences among
buildings in terms of consumption and to predict consumption values based on whole build-

ing features.

3.5. The Bayesian framework

For each surrogate strategy, selected predictive algorithms are used in the Bayesian frame-
work as emulators of the dynamic simulation engine. The output of Bayesian methods are

the most likely posterior distributions of modelling parameters. Measurements of a physical
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process can be analytically described as [103]:

y) =0(x) +em(x;)  i=1,.,n @)

where y(x;) indicates the value of the observation, x; indicates the set of independent vari-
ables considered in the analysis, { (x;) the actual physical system and ¢,, (x;) the measurement

error. Equation 7 can be re-written as:

yx) =nx;,0) +6(x;) +em(x))  i=1,..,n €))

where the physical system has been substituted by the outcome of a simulation method (dy-
namic or not) n(x;, ) for variables x; and simulation parameters 6. §(x;) indicates the model
inaccuracies or discrepancies between the actual physical process and the model. Model dis-
crepancies are assumed to be dependent only to model inputs. The random observation error
is considered to follow a Gaussian distribution €, (x;) = N(0, 0?,1). If the simulation process is
too time consuming and a large number of simulations are required for the calibration anal-
ysis, emulators can be included in the process to substitute the dynamic simulation method.

Considering the use of emulators in the modelling approach, equation 8 is re-written as:

yx) = f(x;,0)+0(xp) +em(x;) i=1,.,n 9)

Traditionally, model emulator and model discrepancies are modelled with a Gaussian pro-

cess defined as follows:

fxi,0)=N(2),  6(x;)=N(us Zs) (10)

The Gaussian process emulator offers the advantage of a perfect fit on the training dataset.
Nevertheless, GP emulators training is computationally demanding. When the size of the
simulation is large, due to the number of buildings, the number of simulations to perform
or the number of modelling calibration parameters, other 'lightweight’ emulators may be in-

troduced as suggested in [65]. Regression algorithms do not offer a perfect fit on the training
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dataset. Hence, a residual error is considered as follows:
y(x) = f(x;,0) +e,(x) +6(x) +em(x;)  i=1,..,n an

where f(x;,0) is a regression function of variables x; and modelling parameters 0. €,(x;) is
the regression error in terms of residuals introduced to take into account the limit of the
regression approach. The regression error is considered to follow a Gaussian distribution
€,(x;) = N(0,02), where o indicates the variance of the residuals of the predictive approach:
such assumption can be verified analysing the residual distribution. The model discrep-
ancy 6(x;) is modelled as an unbiased Gaussian distribution us = 0 and covariance matrix

X5 = C(x, x) evaluated using a squared exponential kernel:

1
cij=exp —XZws(xis—xjs)z (12)
N
The matrix and its elements are defined once the hyper-parameters (¢ = (1,0)), A (length
parameter) and w (precision) are set for all the set of independent variables.
All the observations are assumed to form a joint Gaussian distribution. The model can be
written as:

y=NWw), p=fx0), IZ=Is5+(03+0)I] (13)

where p is the mean value of the regression function and X is the total covariance matrix.
The Bayes’s rule states that the posterior distribution for design parameters 6 and hyper-

parameters ¢, conditioned on the data y is defined as:

PO,$ly) =p6,¢)-L(y10,$) (14)

The prior probabilities p are generated defining distribution of the modelling parameters and

hyper-parameters. The likelihood function is defined as:

1
L(yl6,¢) = |21V exp -5 [(y-w'z y-w] (15)
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3.5.1. Markov Chain Monte Carlo sampling

Non-linear phenomena govern the dynamic simulations and the subordinate emulation pro-
cesses. It is impractical to derive an analytical expression of the posterior distributions of the
modelling parameters and hyper-parameters especially in case of high data dimensionality
[104]. Estimates of the distributions of the parameters can be generated as a chain of sam-
ples using a Markov Chain Monte Carlo (MCMC) approach whose convergent distribution is
the posterior distributions of the parameters. In this study, the Metropolis-Hasting algorithm
acts as a random walk through the parameters space [105]. At each iteration, the algorithm
evaluates the probability ('probability of move’) of a sample to be accepted as new stage in
the random walk. This is done evaluating the ratio of a distribution, proportional to the target
probability distribution, between the previous step and the suggested new point [106]. Con-
sidering the law of large numbers, the ratio is compared to a random number generated from
a uniform distribution (7, € (0,1)) and accepted only if it is greater than the number [107].
The algorithm requires an initial phase of convergence to the actual posterior distributions,
therefore a number of samples are initially discarded as they are not representative of the

distribution ('burn in samples’).

3.6. Parametric simulation of calibrated parameters

A set of posterior distributions describe the most likely values of the modelling parameters.
As such, posterior distributions are sampled to generate parametric simulations for valida-
tion purposes. A scripting approach is required to sample from the posterior distributions
and to generate a finite set of simulations. This is practically achieved by developing a code
capable to modify the parametric simulation file changing its definition and calling the set of

parameters from external text files.

3.7. Validation

Results of parametric simulations, generated from the identified posterior distributions of the
modelling parameters, are used to estimate the accuracy of the results by comparison with
metered data. Validation is performed for each of the surrogate strategy, comparing simu-

lated and actual data in terms of total building consumption and energy index distribution
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for the urban case study. An analysis of the performance achieved at single building level is

conducted to understand which modelling technique provide the best results.

4. Case Study and Results

4.1. Case study

A district (Meyrin) of the city of Geneva (CH) is considered in this research work to test and
validate the presented methodology. Figure 5 shows the location of the district within the city
boundaries. The district, as defined in the cadastral database of the city, is comprised of ap-
proximately 3370 buildings. An open data repository, SITG (Le systeme d’information du ter-
ritoire a Geneve)[108]), provides building information through a web portal. Several datasets
store information of the building stock. Figure 6 describes the typologies of buildings within
the district. The majority of the buildings are residential (mostly multifamily buildings) and
other typologies which include a variety of small units (e.g., garages, verandas, spaces < 20m?,
etc). A smaller percentage is covered by commercial, services and mixed use buildings. In
terms of period of construction, the majority of the buildings were constructed during the
years 1960 to 1980. In terms of building energy use, the datasets provide building consump-
tion as the sum of heating and domestic hot water requirements. Figure 7 shows a comparison
between the energy consumption distribution normalised by the number of buildings for the
district and from a larger data sample (of about 9000 buildings) from the overall city. The
distribution of the total consumption is characterised by a right skewed distribution. When
compared to the distribution of the larger sample of buildings from the city the two distribu-
tions follow similar trends in terms of total consumption and energy index suggesting that the
energy analysis of the district is quite representative of the metered consumption of the city.
A 3D CityGML model of the city (LOD2) was used in parallel with the automated urban
scale modelling approach AUSBEMA presented in Section 3.2 to translate the geometry of the
buildings as inputs to the energy models. A bird-eye view of the district and the associated 3D
model representation is provided in Figure 8. The modelling approach creates a multi-zone
model for each building under analysis. Input parameters for the initial characterisation of
the input files are gathered from the available datasets of the city. Values from the literature

and from expert knowledge have been utilised in the case of missing data. Weather data time-
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Figure 5: The district case study GIS overview. Map data: ©OpenStreetMap contributors. Building data: SITG.
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Figure 6: Left: building typologies in Meyrin. Right: buildings period of construction in Meyrin.
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series are collected from a meteorological station which is approximately 3km away from the

Meyrin (Geneva Jonction [109]).

Figure 8: 3D building model (CityGML) of the Meyrin district case study. Map data: ©Cesium.

The residential multi-family buildings (326 buildings), the largest class and typology in the
district, are considered in the following steps of the analysis. Modelling values have been gath-
ered from normative guidelines relative to building energy modelling standards in Switzer-
land. In particular, normative SIA 380/4, SIA 382/1, SIA 385/2 ([110]) are considered. A di-
rect engagement with experts of the Department of Planning, Housing and Energy (DALE),
allowed the modelling parameters to be refined and integrated. In addition, the following re-
search works [111, 112] were consulted for the initial characterisation of the models. A sum-
mary of the modelling parameters used to characterise the energy models are shown in Table
3.

The district case study is served by a district heating network facility which connects a
large portion of the buildings under analysis and provides the necessary heating demand. The
remaining buildings in the district case study generally employ centralised boiler systems for

heating and DHW production.

4.2. Clustering results

The full set of results related to clustering has been presented elsewhere by the authors [50].

In this section, a summary of the results is presented. The use of the methodology, described
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Table 3: Initial modelling parameters organised by period of construction

Name Units Period of construction

Before 1919 1946 1961 1971 1981 1991 2001

1919 1945 1960 1970 1980 1990 2000 2005
U-values ext-wall W/Km? 1.40 1.8 1.35 1.20 0.63 0.48 0.29 0.21
U-values roof WIKm? 1.30 1.20 1.18 0.85 0.54 0.46 0.29 0.21
U-values ext-ground ~ W/Km? 1.48 1.30 1.27 0.85 0.55 0.46 0.29 0.21
U-values int part. WIKm? 1.86 1.44 1.40 1.40 0.65 0.56 0.29 0.21
U-values windows WIKm? 3.50 3.50 3.30 3.30 2.50 2.50 1.40 1.40
Infiltration ACH 1.5 1.2 1 0.95 0.85 0.65 0.55 0.45
Occupancy mzlperson 30 30 30 30 30 30 30 30
Lighting intensity WIm? 3.5 35 35 35 35 35 3.5 3.5
Equipment intensity ~ W/m? 15 15 15 15 15 15 15 15
DHW efficiency % 0.75 0.75 0.8 0.8 0.85 0.85 0.9 0.9
Water use m3/s 1-10°  1.10° 110 110  1.107°  1.107° 1.107° 1.107°
Heating set point °C 20 20 20 20 20 20 20 20

in Section 3.1, allows the classification of a large portion of the building stock of the city case

study (13500 buildings) into clusters. A total of 67 clusters were identified.

For the smaller number of buildings of the district case study, a total of 14 clusters and rep-

resentative buildings can classify and represent the population of 326 buildings considered in

this analysis as shown in Figure 9.
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Figure 9: Clustering classification of the buildings within the district case study. Map Data ©OpenSreetMap contrib-

utors.

Clustering results and information of the building stock are forwarded to AUSBEMA to

generate single building energy models classified in groups following the results of the clus-

tering analysis.
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4.3. Parametric Simulation

The parametric simulator used in this research work is JE+ [113]. Parameter screening and
sensitivity analysis conducted in related literature work are used to define important build-
ing parameters affecting building energy consumption. Seven calibration parameters are se-
lected as inputs with high impact on building energy consumption [51, 55, 71, 114-120]. Table
4 provides information of the selected parameters, their range of variation and the sampling
technique adopted and the literature references where the parameters have been previously
considered. The set up of the experiment follows an initial definition of the variation of the se-
lected modelling parameters. Uniform distributions were selected to define the initial ranges
of variation. The spectrum of variation is selected to ensure that the training of the emulators
can examine the dynamic behaviour of the simulation engine at different energy consump-

tion levels.

Table 4: Definition of experiment: parameters, distributions, variation ranges, increments, sampling strategy and
literature references.

Name Units Distribution Range Increment  Sampling Reference
Lighting intensity W/m? uniform eIR: (1-10) 1 LHS [71,114-116]
Occupancy density m2/person uniform e IR: (1-50) 10 LHS [71, 114, 116]
Infiltrations ACH uniform e€IR: (0.1-1.5) 0.1 LHS [71,114-118]
Heating set point temp. C uniform e€IR: (17-23) 1 LHS [71, 114, 115, 118-120]
DHW use m3/s uniform  €IR: (0.5-1076-1.5-1075) 0.1 LHS 51, 55]

DHW sys. efficiency % uniform €IR: (0.7-0.95) 0.05 LHS [51, 55, 115]

4.4. Surrogate strategies: analysis and selection of the emulators

The results of the parametric simulations are collected in a database which is used for the
training of the predictive algorithms (emulators: nnet, svm, glm, rnf) using different surrogate
strategies as defined in Section 3.4 (OEFRB,OEFEB,OEFEC). The selection of the best emula-
tors for the three surrogate strategies is achieved by evaluating the predictive performance
metrics presented in Section 3.4.

To the authors knowledge, the OEFRB (one emulator for each representative building)
has not previously been used in the context of meta-modelling therefore assessment of the
predictive and modelling capabilities is required. The regression algorithm, trained only with
representative building information and using whole building variables as a scaling approach,

is characterised by large accuracy errors. The average MAPE is 26.89, the RMSE is 91150 kWh
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and the coefficient of determination is 0.93. Considering this, to improve the quality of the
predictive approach, iterative increments of the number of buildings information sampled
from the district case study and merged with representative buildings information is provided

to the learning framework.
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Figure 10: Top: OEFRB performance for increasing number of buildings information as percentage of total number
of buildings in the district. Bottom: OEFEB random sampling for a selected number of informative buildings. (Nnet:
neural networks; svm: support vector machines; glm: generalised linear models; rnf: random forests)

Figure 10 shows how increments of the number of buildings used as sources of informa-
tion for the training of the predictive models generate lower MAPE, suggesting that it is pos-
sible to achieve more accurate predictions after the inclusion of a certain number of explana-
tory buildings from the district under analysis. An analysis of the results allows the percent-
age of total buildings, which provides a good trade-off between prediction accuracy and total
number of energy models, to be identified. In this case study, a random selection of 20% of
the total number of buildings of the district is able to improve substantially the accuracy of

the predictive model. This requires the development of additional building energy models for
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the selected percentage of buildings.

For each percentage considered, a large number of random samples are selected to assess
if some set of buildings are more explanatory than others. Figure 10 shows that the accuracy of
the predictive method can have a large range of variation. This is related to two main factors:
(i) the type of predictive algorithm and (ii) the subset of building sampled from the district to
populate the training dataset.

For example, repeating random sampling of the same percentage (20%) as shown in Figure
10, it is possible to achieve in some cases an error equal to MAPE 10% (SVM). Predictive mod-
elling families achieve different levels of error, with SVM and NNET being the most accurate
models. Considering the results shown in Figure 10, for each family of emulators, it is pos-
sible to select the most accurate methods. Thus, these models are included in the Bayesian
calibration framework.

For all the surrogate strategies, accuracy measures are assessed in the test dataset (out-
of-sample testing) for each of the 14 clusters and for each emulator typology. Results are
presented in Figure 11. The barcharts show the performance metrics in terms of RMSE MAPE
and R? for each building cluster and for each emulator.

In terms of prediction accuracy and surrogate strategies, the OEFEB approach produces
the most accurate emulators followed by the OEFEC and lastly the OEFRB method.

Figure 12 provides detailed information about the accuracy achieved in the three differ-
ent surrogate strategies in terms of MAPE. Results of the predictive accuracy of each selected
emulator are shown in Table 5 organised by cluster number.

For the OEFEB technique, the RMSE ranges between about 2480 kWh and 16800 kWh for
the most accurate predictive algorithms. The MAPE ranges between 1.6 and 3.7 and coeffi-
cient of determination ranges between 0.998 and 0.983. NNET exhibits the best predictive
performance for most of the clusters for this surrogate strategy.

For the OEFEC modelling techniques, the accuracy is lower with the MAPE ranging from
1.6 to 7.2. The RMSE ranges from 3368 kWh to 30701 kWh. NNET performs better and in
some instances SVM outperforms the other approaches. RNF performs well in all the clusters
analysed however it is less accurate than NNET and SVM. GLM had the worst performance
across the testing datasets.

The OEFRB approach achieved the worst results with MAPE and RMSE higher than in the
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previous cases. The coefficient of determination is still high (94%-95%) suggesting that the
results are equally spread in terms of underestimation and overestimation.

Visualisation of predicted versus simulated results facilitates the understanding of the be-
haviour of each algorithm in terms of over or under estimations at different levels of energy
consumption. An example is provided in Figure 13. Linear models were found to have strong
under or over estimation for low and high level of consumption compared to the other meth-
ods. This skewed behaviour is not easy to assess by only quality indices. NNET, SVM and RNF
perform well over the entire spectrum of energy consumption.

Residuals of the emulators are assumed to follow a Gaussian distribution as outlined in
Equation 11. This property is tested for each emulator. Generally emulators respect the as-
sumption. This was somewhat expected given the high values of the coefficient of determi-
nation in the testing dataset. This is not always valid for linear models which tend to generate
skewed distribution compromising the initial modelling assumptions.

In terms of computational requirements, GLM are the emulators with the lowest com-
putational overhead. They require less time for model training and for the prediction phase
when included in the MCMC framework. SVM and RNF have similar computational time cost
both for training and in the prediction phase. NNET are the most accurate predictive meth-
ods across many building clusters and surrogate strategies, however, they require the highest

computational time in the prediction phase.
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Table 5: Best emulator performance for each building cluster

Cluster number 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Emulator OEFEB NNET NNET NNET NNET NNET NNET NNET NNET NNET NNET NNET NNET NNET NNET
MAPE_OEFEB 3 2.1 2.2 2.4 29 2.2 2.5 1.9 2.5 2.2 3.2 2.3 2 2.2

RMSE_OEFEB 12322 7720 7956 5091 9712 3274 16501 2879 2561 8940 6430 4419 7376 4245
R2_OEFEB  0.996 0.996 0.996 0.997 0.997 0.997 0.997 0.997 0.997 0.996 0.997 0.997 0.996 0.997
Emulator_OEFEC NNET NNET SVM SVM NNET NNET NNET NNET NNET SVM NNET SVM NNET SVM
MAPE_OEFEC 6.8 3 7.2 4 1.5 2.4 3.8 4.2 3.2 5.8 1.6 5.9 3.1 4.9
RMSE_OEFEC 19907 10854 30701 9570 5899 3368 17509 5662 3485 29704 3964 14975 10789 9978
R2_OEFEC 0.997 0.996 0.953 0.99 0.997 0.995 0.999 0.991 0.987 0.966 0.999 0.972 0.993 0.986
Emulator_OEFRB SVM NNET NNET NNET GLM NNET SVM NNET NNET NNET GLM NNET GLM NNET
MAPE_OEFRB 582 126 167 153 9.1 22.1 148 201 215 177 152 139 152 10.6
RMSE_OEFRB 139913 48091 63333 31865 31919 35024 78338 28927 25049 68579 31445 30496 54739 21470
R2_OEFRB  0.946 0.956 0.956 0.956 0.956 0.956 0.946 0.956 0.956 0.956 0.956 0.956 0.956 0.956

4.5. Posterior distributions and parametric simulation

The best emulators are included in the Bayesian calibration framework. The full Bayesian
framework presented in Section 3.5 has been used for the OEFEC and OEFRB method, the
framework has been modified to work with single emulators for the OEFEB surrogate strat-
egy. Markov Chain Monte Carlo sampling is initiated with 15000 iterations and using a burn
in sample of 25%. Once the prior distribution of the modelling parameters and the hyper-
parameters are defined, the framework converges to the posterior distribution. An example
of the results obtained from this process is reported in Figure 14 for the set of modelling pa-
rameters considered and for a cluster of building in the district.

The results are quite informative for energy modelling. Generally the calibration frame-
work is able to generate skewed distribution refining the prior distribution of the modelling

parameters.

4.6. Model Validation

Results of the parametric simulation were evaluated for each building and for each surrogate
strategy in each cluster. Figure 15 shows the comparison of the metered consumption of the
buildings and the outcome of the simulations.

Results for the OEFEB method show high accuracy in terms of validation. The calibration
framework is capable of generating and characterise models which recreate the energy use

distribution in terms of total consumption and energy index of the district. The simulated
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outcomes represent the ranges of building total consumption representing both very large
energy consumers as well as smaller energy consumers. In terms of percentage error, the
majority of the buildings generate results with error for the majority in the range of +20% dis-
tributed over a nearly Gaussian shaped distribution. There are a few outliers which generate
larger discrepancies for which investigation or additional building data is required to reduce
errors. The aggregated sum of the consumption for the set of buildings under analysis is 73716
MWh. The sum of the simulation for each building provides an estimate of 74318 MWh. This
means that at an aggregated level the model has an error equal to 2.3% (326 buildings).

The OEFEC method produces good results overall with distribution in terms of total build-
ing consumption and energy index which accurately match the metered values. In terms of
single building results the validation error seems to be well centred on 0 and the error follows
a quasi-Gaussian distribution. The model performs worse than the OEFEB approach with er-
rors at single building level spread over a larger range of variation. At an aggregated level, the
simulation outcome is equal to 67715 MWh which corresponds to a 8.2% of error.

The OEFRB method presents good results overall. The modelling approach is able to
recreate the distribution of the total consumption of the buildings in the district case study
as well as the distribution in terms of energy index. This approach presents the larger er-
rors in terms of single building distribution and the results show that compared to the other
two methods the building scale validation accuracy is the poorest. Nevertheless, errors are
equally distributed following a Gaussian distribution. For this reason, at an aggregated level
the model provides quite low simulation errors: the total simulation provides a value of 72246
MWh which is equal to approximately 2% of error.

Figure 16 shows the validation process for a larger sample of buildings not included in
the previous analysis. Buildings outside the boundaries of the district and part of the city
case study are selected to test the reliability of the calibration process. Specifically, a total
number of 2646 multi-family buildings are first modelled using the automated modelling ap-
proach and thus characterised considering the identified parameters. Results of clustering
techniques in terms of cluster membership are available for each building considered in this
analysis. Therefore, it is possible to use the distributions of the parameters identified dur-
ing the calibration process for buildings falling in the same clusters. Parametric simulation

is repeated for each building. The final results are visualised for comparison in terms of total
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Table 6: Percentages of buildings within error ranges for the three proposed approaches.

-100 -90 -80 -70 -60 -50 -40 -30 -20 -10 O 10 20 30 40 50 60 70 80 90
-90 -80 -70 -60 -50 -40 -30 -20 -10 0 10 20 30 40 50 60 70 80 90 100

OEFEB % 0.0 0.0 0.1 0.2 0.6 2.7 5.8 8.9 13.0 19.1 13.6 12.0 9.8 5.9 4.7 3.2 1.5 1.0 0.7 0.3
OEFEC % 0.0 0.0 0.1 0.3 0.7 2.9 6.3 10.3 14.517.514.811.2 8.6 4.93.32.01.40.60.4 0.2
OEFRB % 0.0 0.0 0.2 0.2 0.7 2.7 6.1 9.4 13.217.8 144 11.4 8.7 5.3 43 2.3 1.6 0.6 0.6 0.5

Method Range

consumption, energy index and error at single building level.

In terms of total distribution, all the three proposed techniques are able to generate sim-
ulated distributions which correctly match the metered data. The energy index distribution
is well mapped by the three proposed approaches. All of them are able to correctly match
the average value of the distribution and the overall shape in terms of minimum and maxi-
mum value. The metered energy index exhibits a distinctive peak distribution corresponding
to its mean. It is not unusual to detect the exact same value of consumption in the metered
consumption database for different buildings. This generates differences with the simulated
values which are not rounded or approximated in fixed ranges.

In terms of single building errors, the three techniques produce good results with distribu-
tion centred on zero. The OEFEC method produces the closest Gaussian-shaped distribution
compared to the other two techniques, which follow nearly-triangular distributions.

Table 6 summarises the percentage of buildings with a validation error within a specific
range. The percentage of buildings with errors in the range of +/- 30% for the OEFEB method
is 76.4, for the OEFEC approach 76.9, for the OEFRB is 74.9. Overall, across the range of values,
all the methods present a small overestimation of the building energy consumption.

At an aggregated level, all the methods perform well with error 0.75% for the OEFEB method,
2.5% for the OEFEC and 1.34% for the OEFRB approach on a total consumption of 580.03
GWh.
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5. Conclusions

An approach that utilises Bayesian theory for model calibration has been evaluated on build-
ing energy models generated by an automated urban energy modelling approach and grouped
by the means of clustering algorithms. The research shows the possibility of conducting build-
ing energy model calibration at a district/city scale using such non-deterministic methods.
In addition, the study underlines the possibility of exploiting limited available data from the
building stock to infer distributions of building modelling parameters for building clusters
and, therefore, to characterise groups of building energy models. In terms of urban scale mod-
elling, the possibility of identifying modelling parameters from a limited number of buildings
is important. This allows to partially overcome problems of data scarcity at an urban level and
provides a scaling solution for large scale application.

The inclusion of machine learning techniques in the Bayesian calibration framework showed
interesting results. Alternative predictive algorithms to the traditional Gaussian process were
considered as emulators of a dynamic simulation engine. Different families of predictive
models showed the possibility to reach high levels of prediction accuracy with errors related
mostly to the family of emulators and surrogate strategy adopted. The use of accurate em-
ulators is key to obtain reliable results. It is fundamental however to generate manageable
emulators with reduced training and prediction times. This issue is important, especially,
when the number of buildings to be included in the analysis is large or the dimensionality of
the datasets is high. The analysis of the prediction capability of the emulators showed bet-
ter results for non-linear approaches such as neural networks and support vector machines,
when compared to more traditional algorithms such as linear models. Linear models showed
poor quality and skewed behaviour. A recommendation arising from the results of the current
research is that the coefficient of determination alone should not be considered as totally re-
liable quantifier for quality assessment of the emulators. Results show that it is not capable
of providing information for specific under or over estimations. To overcome these issues,
the adoption of multiple accuracy measures and visualisation of the results is recommended.
The quality and shape of the residuals of the models should be always assessed (and ideally
be Gaussian shaped) to validate the hypothesis related to the use of the Bayesian framework.

The adoption of various surrogate modelling techniques showed the flexibility of the Bayesian

36



framework for different modelling approaches. Results are affected by the modelling solution
adopted. Nevertheless, all the results obtained in this study are well aligned or surpass in ac-
curacy the results showed in the current literature [34]. In terms of quality of the results, it
is possible to achieve high level of accuracy utilising the single building emulator technique
(OEFEB) as shown in this paper and in [51]. However, the limited amount of single building
data may be not sufficient to create informative modelling parameters and therefore to ex-
tend the results to a larger group of buildings. For this reason, the OEFEB method, lacks of
flexibility. Moreover at single building level, other calibration approaches may be preferred.
Overall, the results showed better performance for the methods when applied at an aggre-
gated scale, with small errors for the majority of the modelling solutions. The quality of the
results at aggregated level and single building level do not seem to be related. While for small
single building errors the aggregated error is expected to be small, this is not the case for large
single building errors; when aggregated errors tend to eliminate each other and for this rea-
son to provide accurate results overall if the model does not present particular bias. Therefore,
error assessment at single building level is always important for urban scale studies.

Future work is required to test similar approaches for urban building energy model cali-
bration at a higher temporal resolution. Emulators can be trained at a finer temporal granular-
ity with high accuracy, as shown in [32], however, a series of additional research issues need
to be considered. Additional data problems, reliability of the urban scale energy modelling
approach, temporal dependency of calibration parameters, computational requirements for
core calibration are only a few of the many modelling burdens to overcome before accurate
automated calibration can be successfully performed at high time resolution and at an ur-
ban scale. In this context, the authors believe that integration of data-driven techniques in

traditional building energy modelling workflows can be key to address these challenges.
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