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Abstract

Calibration in Urban Building Energy Modeling

Naeim Rashidfarokhi

This thesis work tries to study the annual calibration process for building
performance simulations. The bottom-up modelling is a tool to predict energy
consumption in Urban Building Energy Modeling (UBEM) which is a common
approach to find the most appropriate retrofitting strategies or to monitor energy
use for a group of buildings (an archetype), a neighbourhood or a city. To do this, one
needs to have local climate data for a site, building geometries, construction
assemblies, usage schedules and HVAC system information for each building in that
site. But many parameters can be uncertain or completely unknown and not all of
them are equally influential. Therefore, the aim is to find representative values for
affecting but unknown parameters. To do this, first a modeller needs to identify which
parameters affect the thermal behaviour (energy usage) of buildings. Later instead of
considering one value for each parameter, the modeller should define distributions for
those parameters based on experience. The idea is to perform enough number of
random simulations from parameter ranges to find the most representative areas of
each influential parameter. In this study, two methods are identified to be useful for
sensitivity analysis, Morris and RDB-FAST. Later a brute-force search calibration
process is developed to find a good representative average set of parameters for a
group of buildings, based on their annual energy consumption. In the end, to reduce
the computational complexity of the calibration process an intuitive approach based
on normal transformation of calibrated parameters is used to recalibrate the
parameter ranges. The study shows that by starting from calibration with a low
number of simulations, the sampling from the result of a recalibration can reduce the
percentage of deviation between measurement and simulation and increase the
number of matches for parameter combinations in comparison with the sampling
from only one calibration process.
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Nomenclature

APE Absolute Percentage Error

BEM Building Energy Modeling

BPS Building Performance Simulations

CLT Central Limit Theorem

DHN District Heating Network

EPC Energy Performance Certificate

LHS Latin HyperCube Sampling

LLN Law of Large Numbers

MCMC Monte Carlo Markov Chain

SA Sensitivity Analysis

UBEM Urban Building Energy Modeling
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1 Introduction

Global warming phenomenon, with its consequences as climate change, has made it inevitable for
human beings to take actions and reduce fossil fuel energy consumption. In addition to industry
and transportation, a major target sector in human societies which consumes a considerable
amount of energy is the building energy sector.

According to the International Energy Agency (IEA) to achieve net-zero emissions by 2050
[1], close to half of buildings in developed countries and one-third of buildings elsewhere in the
world should be retrofitted by 2030.

This ambitious goal demands decision making tools for municipalities and local energy providers,
in the building sector, with the ability of predicting spatial and/or temporal building energy con-
sumption in a city. Such a tool can be used for:

• the comparison of different energy saving scenarios to identify more beneficial renovating
strategies for existing buildings in an urban scale,

• and to provide a bigger picture for energy management by locally storing, producing and
distributing it in a network with less possible amount of energy loss.

In this regard, there are two major categories of models to gain knowledge about the energy
ecosystem in a city:

1. Top-down approaches which provide a total and high-level statistical overview, trend or
correlation of energy consumption in a city with respect to population or other activities.
These models essentially do not work with technical aspects of buildings. Hence, in absence
of a large measured energy dataset with hour, month or annual resolutions for all buildings
in a city, they can not depict details of the energy ecosystem or predict possible savings
for different retrofitting strategies, see [2].

2. Bottom-up approaches, as engineering models, are based on simulation of each building
with a dynamic thermal model. In principle, the same concept to simulate energy perfor-
mance of a building but in a large scale (neighborhood, district or city) should be applied.

Figure 1 provides an overview of the two above approaches of Urban Building Energy Model-
ing (UBEM). The bottom-up modelling provides a tool for simulation of buildings at large scales.

Figure 1: Schematic of the UBEM approaches, see [3]
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Growing number of sensors and rapid increase of computational power has created new op-
portunities for bottom-up modelling. But, because technical and some specific data is rarely
available for all buildings (envelope parameters, equipment characters, etc.), bottom-up models
face challenges to tackle unknown simulation parameters.
Simulation of a building needs two categories of parameters, geometric and non-geometric ones.
These parameters:

• geometric: correct building body dimensions and orientations,

• non-geometric: construction materials for external surfaces including roof, walls, windows,
etc, electrical and mechanical parameters related to ventilation and thermal systems and
internal loads simplified as maximum heat emission from occupants, lights and electrical
devices with respect to some schedules such as constant or hourly varying.

To simulate a large number of buildings in urban scale (UBEM), beside the data accessibility
problem, it is not practical to use individual parameters for each building. Therefore a clustering
approach is usually applied to categorize buildings into different archetypes.

An archetype is defined to represent a group of buildings which are similar to each other with
respect to some energy related parameters. This similarly among buildings in one archetype is
enough to cover their thermal performance simulations with one set of common parameters. Any
new parameter with an important impact on building thermal simulation can impose defining
another archetype (for building thermal behaviour see Building physics). In other words, first,
buildings need to be classified into different archetypes or groups and then characterized with a
set of average representative values for all buildings in that archetype or group.

In Building Performance Simulations (BPS), lack of reliable input data is usually compensated
with the judgement of a modeler in a deterministic assumption (with one value). But in UBEM,
applying the same approach for all thermal models propagates the assumption error into an
urban scale. Non-geometric parameters are the common source of uncertainty such as occupant
related parameters but, geometric parameters due to lack of knowledge or natural deterioration
can be uncertain as well, examples are infiltration rate, window’s U-value, etc.

In addition, application of a deterministic assumption for an uncertain related energy parameter
in UBEM means having the same behaviour for all buildings in an urban scale which leads to
ignoring a considerable diversity for that parameter and consequently an unrealistic simulation
result. An example can be temperature setpoints or number of people or electrical devices in
buildings. To solve the problem with deterministic approaches, probabilistic approaches are sug-
gested with possible calibration methods.

This thesis-work is concerned with Physics-based molding of UBEM under bottom-up approaches.
The work is inspired by the annual calibration of probabilistic parameters introduced by Cerezo
et al., see [2] but with some differences explained in Section 3.
The study aims to identify influential parameters and to highlight high probability areas of pa-
rameter ranges.
To achieve this the following objectives are addressed:

• suitable Sensitivity Analysis (SA) methods for building energy analysis,

• annual calibration of parameters based on a brute-force search comparative algorithm fed
with random values from defined ranges of unknown parameters.
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2 Theoretical background

As mentioned in Section 1, an archetype is a simplification to address many similar buildings
in one place. As a result, a compromise or balance between accuracy and complexity of models
(including computational resources) is achieved.

The quality of the results in the Physics-based approach in UBEM, depends on finding the
most representative parameters for an archetype as a group of buildings. To provide a repre-
sentative value for an uncertain or unknown parameter, deterministic or stochastic approaches
based on probability distribution of parameters are in use, see Probability distributions. This is
called characterization of an archetype. But before expanding characterisation approaches, the
classification of buildings into the best representative groups or archetypes is vital.

One way of classification of buildings is based on energy related properties of buildings, avail-
able for all of them, such as building application (residential, commercial, office, etc), renovation
age, type of heating systems, statistical characteristics of a population, etc, see [2]. Window to
wall ratio, floor area and shape topology can also be used as classification indicators if the 3D
construction of models does not have a good level of details.
But, except the typical energy properties mentioned above, measured energy data with good
time resolution and the characteristics of the problem at hand can determine relevant indicators
for building classification as well. This leads to customized grouping of buildings for a specific
area or a city. In this respect, Pasichnyi et. al [4] studied the classification of buildings for
two scenarios. First, the future effects of mass retrofitting plans to improve energy efficiency for
buildings connected to District Heating Network (DHN) and second estimating power demand
for electrical-based heated buildings in order to release their demand from the distribution power
grid in Stockholm city, if needed.

In the first case, they used building usage, age and having district heating connection as the
only source of energy. By this set of properties, they classified all buildings into three archetypes
(two multi-residential groups and one office group). For the second scenario, a balance point
between complexity and applicability of the model, by try and error, was derived. The complex-
ity of such a model lies in the usage of different appliances working with electricity in addition
to district heating to provide energy for buildings combined with or without other sources like
fossil fuels, biofuels, natural gas, etc. At last, six different archetypes were developed to cover
the diversity of all buildings for the second scenario, see [4].
At this point, after any suitable approach to classify buildings, energy simulation parameters
for each archetype should be defined. Table 1 shows typical approaches for characterization of
archetypes with respect to uncertain parameters.

As shown in Table 1, due to the lack of detailed documentation and measurement for existing
buildings, many of the non-geometric parameters with stochastic behaviour are uncertain or
unknown. Among them, the last six rows as their peak values and schedules1 to be used in
energy models are called internal loads. These parameters show human related factors which
dramatically affect building energy demands, especially in residential buildings, but Cerezo et al.
showed that in an annual average or total energy demand for a district, with a reasonably low
resolution, the last six parameters does not typically have a large effect and can be characterized
deterministically, see [2].

1At the annual scale, uncertainties due to schedules does not have a relevant impact on thermal performance
of buildings.
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Table 1: Applicability of deterministic and probabilistic approaches to different type of parame-
ters

Parameters Deterministic approach Probabilistic approach
Envelope (wall, roof, slab, win-
dow, skylight, door) construction
details such as size, orientation
and thermal properties for mate-
rials (geometric type)

X X

HVAC system properties such as
temperature setpoints, heat re-
covery efficiency, fan efficiency,
heat pump COP, etc

- X

Infiltration rate - X
Domestic Hot Water - X
Occupancy rate - X
Lighting - X
Electrical devices - X
Schedules for occupancy X X
Schedules for Lighting X X
Schedules for devices X X

The impacts of parameters in Table 1 on energy demand are different, especially when different
temporal resolutions such as annual, monthly or hourly are of interest. While a modeler can
characterize all types of internal loads and their schedules with one constant value in a determin-
istic way for annual, monthly or hourly simulation, the realistic energy consumption and power
demand need to consider them in a probabilistic way to cover the diversity of building usage by
different people, especially in hourly simulations in an urban scale.

All or any of the parameters in Table 1 can be assigned in a deterministic or probabilistic
way2 but in any case, the selected approach for a parameter can be in a simple or customized/-
calibrated manner, see Table 2. While the first two deterministic methods use single values for

Table 2: The nature of assigned values and their source in each method type, see [2]

Deterministic approach (single value) Probabilistic approach (distribution/range)
Simple type Customized type Simple type Calibrated type

Literature, national
building code, stan-
dards, modeler’s
judgement

Building surveys,
individual parame-
ters

A distribution
based on litera-
ture and building
surveys

Manipulation of a
distribution based
on a learning set of
metered data

uncertain parameters3, the two second probabilistic methods use a range of values or distribution
for them. The last probabilistic method can use Bayes theorem or optimization techniques to

2Practically, geometric parameters can also be uncertain but, to do a useful and feasible modeling and for
convenience, they are the minimum requirement in a model.

3Certain parameters are always and simply represented by a single value in energy modeling.
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find areas with higher likelihood in parameter ranges, see Probability and likelihood.

The validation of accuracy for all approaches in Table 2 needs measured data. Based on the
resolution of measured energy data, the results of UBEM simulations can be used in different
time steps such as yearly, monthly, etc. In the same manner, the resolution of spatial simulations
can differ from block, neighborhood, district or a whole city (with respect to the study at hand
such as testing energy efficiency policies against energy supply strategies in a district). But there
are other challenges.

In a Building Energy Modeling (BEM) attempt, Yousefi et al. [5] studied the influence of
occupants’ lifestyle on energy performance of one single multi-family building by using input
from surveys (the deterministic customized approach). They showed in their study that the
occupants’ behaviour can affect the strategy of choosing materials for envelope renovation. In
this type of study, unknown parameters should not represent more than one building therefore
the modeler seeks a solution for that particular building.

In the case of UBEM, to calibrate uncertain parameters the more similar buildings in the training
set the better calibration can be done, since otherwise there is a risk of biased results. In other
words, the calibrated parameters should be generalized enough to represent all similar buildings
(as an example in an archetype, block or neighbourhood).
On the other hand, running more random simulations from parameter ranges guarantees to not
miss any influential part of unknown parameter distributions. But, this poses another problem
which is the need for intensive computational resources. Many studies have tried to address this
issue by surrogate modeling or metamodeling techniques, such as [6].

In general, a model is the representation of a phenomenon in the real world or nature while
a metamodel or surrogate model can be a model of that model, i.e a simplification of an actual
model. A metamodel can be a mathematical equation or a set of equations to relate input data to
outputs to show the original model’s behaviour. So a metamodel tries to highlight the properties
of the main model.

In BPS and UBEM, instead of simulating all possibilities for individual buildings with differ-
ent parameter choices, a statistical meta-model can be used to predict the behaviour of a bigger
portion of buildings or parameter changes. This technique helps to reduce the number of simula-
tions and hence the time and resources for computations. Østerg̊ard et. al [7] showed that among
six popular meta-modeling techniques namely as: linear regression with ordinary least squares
(OLS), Random Forest (RF), Support Vector Regression (SVR), Multivariate Adaptive Regres-
sion Splines (MARS), Gaussian Process Regression (GPR), and Neural Network (NN), GPR
performs better with respect to accuracy, efficiency, ease-of-use, robustness, and interpretability.

In a study, Nagpal et. al [6] applied RF and NN to reduce the number of simulations for calibra-
tion of unknown parameters. Instead of running hundreds of thousands simulations, (brute-force
simulations) to form a joint distribution from passed parameters and then later raw-sampling
from them, they used machine learning algorithms to estimate trends from passed parameters
with much lower numbers of simulations. These trends are based on the behaviour of simula-
tions (buildings’ thermal modelling results) with each combination of parameters in comparison
with measured energy data for buildings in the training set. They claim that the RF model
performs better than NN, especially when the number of unknown parameters are higher. This
methodology yields accurate estimates 500 times faster than brute-force simulation cases but
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when envelope building parameters are known.

This thesis investigates two stages, Figure 2, in UBEM that addresses uncertainty of input
parameters; sensitivity analysis with Morris and RDB-FAST methods and annual calibration of
selected uncertain parameters based on the interpretation of Bayes theorem proposed by Cerezo
et al, see [2].

Figure 2: Typical steps in UBEM engineering approach with highlighted objectives of this study.

2.1 Sensitivity analysis or what-if analysis

Sensitivity analysis is the process of identifying how changes of independent variables as inputs
may impact a dependent variable as the output or behaviour of a system under a given set of
assumptions.
To do the analysis three parts should be known:

a. variables or the set of parameters to vary within a specified range,

b. how to vary the parameter(s),

c. and the objective variables in the output to observe.

Sensitivity analysis in total, and consequently in building energy analysis, can be divided into
two approaches, local analysis and global analysis.
Local sensitivity analysis (or differential sensitivity analysis) is the investigation of changes
around a base case (a specific building state) with respect to uncertain inputs while the global
analysis investigates the impact of uncertain inputs over the whole input space, see [8]. There-
fore, global analysis is a computational heavy task in comparison with local analysis because the
investigation domain is much broader than local analysis and sampling techniques are needed to
generate combinations of inputs.
In Global sensitivity analysis (GSA), the contribution of changes in the output with respect to
changes in an input quantifies by averaging the other inputs instead of fixing them, see [9].

The global sensitivity analyses can be divided to four main categories:

a. regression methods such as: Standardised Regression Coefficients (SRC) for linear models
or Standardized Rank Regression Coefficient (SRRC) for nonlinear models,
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b. screening-based methods such as: Morris method,

c. variance-based methods such as: Fourier Amplitude Sensitivity Test (FAST) and Sobol
methods,

d. and meta-modelling approaches such as: Multivariate Adaptive Regression Splines (MARS)

These methods need generation of samples. Usually, for regression (a) and meta-model (d) ap-
proaches, Latin Hypercube Sampling is very popular while for screening (b) and variance-based
(c) methods other sampling schemes such as ‘Saltelli’4 are used.

To run a sensitivity analysis in UBEM, the same typical steps can be followed as for thermal
performance analysis for one building, see [8], which are:

• define the input variables with their corresponding probability distributions as continuous
uniform ranges to have equally probable samples,

• create and run building energy models with samples and collect simulation results,

• run sensitivity analysis based on inputs (samples) and outputs (results corresponding to
samples from simulated energy models),

• and finally present the results by help of scatter, bar, pie chart, box or spider plots.

Usage, advantages and disadvantages of different approaches in sensitivity analysis:

A. When a current state of a building, with all parameters affecting the energy performance,
is defined local sensitivity analysis can be used. In fact the study is around how and to
what extent the building reacts when a parameter changes over its entire domain, while all
other parameters are kept fixed at their initial mode. This type of One Factor At a Time
(OFAT) study has the advantages of being easy to interpret the results and cheap in terms
of simulation runs. But it only covers a limited input space around a base case and it does
not provide any information about how input changes interact with each other. A major
drawback of this approach is that the local analysis result can be misleading if the model
is of unknown linearity [10] and variation of input parameters affect each other.

B. Global sensitivity analysis methods evaluate output changes with respect to parameter (in-
put) variations by varying all of them over their entire ranges at the same time. Thus, they
are able to provide qualitative and/or quantitative measures by ranking input parameters
even for non-linear models.
The characters of four groups of global analysis methods in BEM are:

a. regression methods are the mostly used sensitivity methods in building performance
analysis. In this class among many indicators such as t-value, F-value and change of
R2 (see R2, t-value and F-value), the sensitivity indexes SRC and SRRC after Monte
Carlo sampling are widely used for sensitivity purposes in buildings, see [8]. This
method is computationally cheaper than other global methods and the results are
easy to interpret, but they are not very powerful with correlated inputs. This class of
global methods, because of their statistical nature in contrast with other classes, can
be used for not only simulation-based studies but also for observational studies.

4Source code to Saltelli’s scheme: https://salib.readthedocs.io/en/latest/modules/SALib/sample/saltelli.html
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b. the most important screening-based method in building performance studies is the
Morris method. The main usage of this method is to identify a few important inputs
among a large number of parameters but with low computational cost. The problem
with this method is that it only provides qualitative measures and identifies important
parameters without any measure to show to what extent each parameter affects the
output.
Morris method provides two sensitivity indices:

• mu value (µ) as the effect of each parameter on the output,

• and sigma value (σ) as the interaction of each parameter with other parameters
or nonlinear effect of the model,

The total effect of a parameter on the output can be calculated as the sum of the two
effects above under a term as mu-star µ∗, see [8].
Morris method performs best when the number of most influential parameters is low
compared with the total number of parameters, see [11].

c. In direct contrast, variance-based methods can quantify the effect of each parameter
on output, i.e. they can compute each parameter’s share on the uncertainty of the
output.
They provide two sensitivity indices:

• the ‘first order effect’ measures the effect of corresponding input on the output,

• and the ‘total order effect’ represents the total output variance which is a com-
bination of ‘first order effect’ and the interaction of the corresponding parameter
with other parameters (known as ‘higher-order effects’).

In the process of finding critical parameters for UBEM calibration, the solo effect of
each parameter on the energy performance of the building (output) is important. But
the final interaction of each parameter not only on the output but also with other
parameters should be considered.

This class of methods can deal with nonlinear but non-additive5 models with the
cost of much higher computational resources compared to other global methods. The
two well-known methods in this class are Fourier Amplitude Sensitivity Test (FAST)
and Sobol where Sobol is more powerful in terms of identifying all interaction effects
and more computationally expensive,

d. and the final class of global methods are meta-models which first make a meta-model
by regression methods and solve it by variance-based methods. In the case of a pure
variance-based method like Sobol (c), there are needs for many detailed building en-
ergy simulations. But using a regression technique, or any other machine learning
technique to estimate some input and output in the first step of meta-modeling, can
reduce the number of simulations considerably. Some well-known methods in this
class are Multivariate Adaptive Regression Splines (MARS), Gaussian Process (GP)
and treed Gaussian process (TGP), see [8].

5An additive model is a nonparametric regression model, meaning that there is no predefined form to predict
a relation between the data, but the form is derived from the relation of data itself. As additive in word means
‘something which is added’, a predictor as a form is added to the model based on sample data. On the other
hand, a non-additive model is a parametric model with its own significance.
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All sensitivity analysis methods mentioned above provide discrete values as sensitivity
indices while it is possible to provide variations (intervals) for indices by applying boot-
strapping, in order to have robust results.

Now, which method should be used?
When input parameters are correlated, it can cause collinearity which means they are aligned ob-
jects or they are in a line or row. This phenomenon prevents the parameters from independently
showing their effect on the output of a model. Similarly in sensitivity analysis for building energy
performance, collinearity makes large variances for some regression coefficients. Thus in presence
of correlated parameters, regression methods such as SRC or t-value index cannot be used. In this
case, other methods such as ‘conditional variable importance from random forest’ [8] can be used.

To choose appropriate SA methods, Kristensen et al. [12] studied the performance of local,
Morris and Sobol analyses combined with two BEM models with hourly and monthly calcula-
tions. They found, regardless of provided input parameter resolutions such as monthly or hourly
to BEM models, all methods could find similar clusters of sensitive parameters for linear models
but with different rankings, knowing the fact that a complicated model such as Morris and Sobol
can work with non-linear models as well.

To investigate the effectiveness of different sensitivity analyses with respect to non-linearity
and level of uncertainty in energy related parameters and computational cost, Menberg et al.
[13] compared Morris, linear regression and Sobol methods. They found the result of all three
methods in good agreement. And compared with the computational expensive analysis Sobol
(which can find higher order effects and parameters’ interactions) Morris method could provide
basic information about parameter interactions as well.

On the other hand, the choice of distribution type for uncertain parameters with the highest
impact on an energy simulation depends completely on the purpose of the simulation, see [2].
When the purpose of the simulation is to compare different design options, a uniform distribution
is more suitable for building’s unknown parameters. If the purpose is to simulate the thermal
performance of an existing building with respect to unknown parameters, normal distributions
may suit better for most of the variables, see [8].
Since the idea in calibration is to find a value close to reality for a parameter in a given range with
similar probabilities, a uniform distribution works better. This is because no more information
exists to form a normal distribution and the parameter value is completely unknown or highly
uncertain.

For uniform unknown parameter distributions (called non-informative parameters), Morris method
can cluster and rank sensitive parameters similar to Sobol method but with much lower compu-
tational cost, see [12]. Therefore in this study, sensitivity analysis starts with Morris analysis.
Note that for the Morris method, one can consider the two main approaches proposed by Morris
(1991) and the extended version by Campolongo (2003).

In the original version, µ and σ indexes are determining factors as the former index measures
the overall effect of a parameter on the final output and the latter estimates the ensemble of the
second and higher-order effects in which the parameter is involved, i.e. interaction with other
parameters or nonlinear effects, see [11]. In the extended version, Campolongo et al. introduced
a revised version of µ namely as µ∗ as the mean of the absolute values of the elementary effects
(see Statistical definitions). This version is very successful in finding influential parameters when
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there is a non-monotonic model to analyze, i.e. when the positive and possible negative effects
can cancel each other out and we want to avoid it. This helps to have only one measure as µ∗

to detect the overall influence of each parameter on the output, see [14].

To find which approach of Morris analysis suits in this study, four possible cases can happen:

• low µ and low σ shows little influence of input parameter on output and little interaction
with other parameters,

• low µ and high σ shows little influence of input parameter on output but either a high
nonlinear relationship with the output or high iterations with other inputs,

• high µ and low σ shows a parameter is influential and has a linear relation with output
and no important interactions with other input parameters,

• and finally high µ and high σ shows an influential parameter with either a high nonlinear
relationship with the output or high iterations with other inputs.

In terms of prioritization of influential parameters, when parameter ranges are large and non-
linearity interactions exist among parameters the usage of µ∗ is misleading. In this respect,
Menberg et al. [13] observed instability of Morris method with commonly used measures for
parameters and proposed to use the absolute median of elementary effects (χ∗) instead of the
absolute mean value of elementary effects (µ∗).

SALib package [15] provides all three measures (σ, µ, µ∗) and since the result of Morris analysis
is qualitative [11], µ∗ can serve as a sign of nonlinearity and higher order of interactions among
parameters. But since the first objective of this study is to detect the influential input parame-
ters on the output, µ factor is used to find parameters with high effects.

Later in this study, sensitivity analysis continued with a Random Balance Design (RBD) exten-
sion of FAST analysis. Fourier Amplitude Sensitivity Test is a popular variance-based method.
Nguyen et al. [16] found that the results of FAST and Sobol methods have consistency. By using
a periodic sampling approach and a Fourier transformation to decompose the variance of an
output for a model into partial variances, the method determines the contribution and effect of
each parameter on the output by looking at the corresponding variance for each input parameter,
see [17]. In other words, the method not only finds the ranking for the input parameters, but
also quantifies the magnitude of effect for each parameter on the output.

The periodic sampling approach can be done in traditional search-curve based sampling, simple
random sampling or random balance design sampling, see [9]. The latter approach which is
of interest in this work, RDB, significantly reduces the computational cost of the analysis by
efficiently taking samples from parameters’ input space, see [18].

2.2 Calibration with Bayes theorem

Cerezo’s interpretation, see [2], from Bayesian calibration starts with considering a vector of im-
portant but uncertain parameters, θ, each defined as a uniform distribution, ready for stochastic
sampling. Taking a number of samples to perform building energy modeling yields simulation
results named as vector y. Later, measured energy data as vector d is used to identify the right
area of distributed parameters in the initial ranges with respect to an Absolute Percentage Error
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(APE) named as α parameter. The APE should be satisfied by a maximum threshold for mea-
sured data d and simulation results y. In this way, the method modifies the initial probabilistic
ranges and gives different weights of importance to different parts of distributed parameters.

Figure 3: Bayesian calibration, Cerezo et al. [2] interpretation.

Figure 3 shows the schematic process of calibration where vector x represents known determin-
istic parameters, θ

′
represents calibrated parameters, α is the maximum allowable APE between

simulation and measurement values such that: | y(θ) − d |< α and β is the percentage of all
buildings which must pass the APE evaluation based on α.

In their test case, Cerezo et al. [2] consider four uncertain parameters and five number of
samples yields 625 equally likely combinations. To find calibrated parameters for a block of
buildings, they simulate each building with all 625 combinations. The definiation of APE to
check the deviation of simulated energy consumption with the annual metered data for each
building is:

APE =
|EUImes − EUIsim|

EUImes
×100%,

while EUI is the annual Energy Use Intensity for each building.

At this point, any combination of parameters with an APE lower than 5% is saved as cali-
brated ones. They use a value called β (considered as 85%) as the ratio of passed buildings with
at least one passed simulation to check the accuracy of the model, i.e. parameter selection and
range definition for selected parameters.
Later by making a joint distribution of all calibrated parameters, they use it to pick 100 random
samples and simulate unseen buildings in another block as a validation set. Finally the closest
result for each building is presented.

Note that the calibration of probabilistic parameters in Cerezo et al. [2] is performed for all
buildings disregarding of the archetypes. In other words, they characterize the buildings into
four archetypes, mainly to cover the diversity of the deterministic unknown parameters, but they
do not perform a separate, customized calibration for each archetype, which may average out
details and be the source of losing some accuracy in the results, see [2].

The calibration of unknown parameters in UBEM needs metered energy in buildings, d, from
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the population of a particular archetype, a block of buildings, etc. for validation and calibration.
This is for transforming the vector θ as samples from prior distribution to θ

′
as accepted prior

samples namely posterior distribution. In fact, the Bayes rule is used to calibrate the initial
uniform distribution of parameters by highlighting areas with higher likelihood. Since Bayes
theorem is in the core of this calibration procedure, reviewing it helps to understand this type
of calibration better.

When the probability of an event is dependent on the probability of another event, a condi-
tional probability exists and one way of figuring this situation is Bayes’ theorem. The theorem
looks at these two events with respect to their relationship. So:

• first we know that the probability of having both events A and B is commutative:
P (A ∩B) = P (B ∩A),

• while conditional probability can be written as:
P (A | B) = P (A ∩B) / P (B),

• we can rewrite the equation as:
P (A ∩B) = P (A | B) . P (B) which is called the multiplication rule,

• and similarly:
P (B | A) = P (B ∩A) / P (A) so: P (B ∩A) = P (B | A) . P (A),

therefore: P (A | B) . P (B) = P (B | A) . P (A),

• which gives the theorem as:

P (A | B) =
P (B | A) . P (A)

P (B)
(1)

• which means:
Posterior-distribution = (likelihood x prior-distribution) / probability of evidence

Elements of Equation (1) for a building energy calibration can be written as:

P (θ | d) =
P (d | θ) . P (θ)

P (d)

where:

• P(θ | d) is the probability of all parameters given the fact that energy calculations with
those parameters fall in the range of measured data (d) with respect to APE term called
α. Finding this probability is the goal of the calibration process and is called the posterior
join distribution of calibrated parameters (θ

′
),

• P(d | θ) is the likelihood as the chance of reaching a measured energy, reasonably can be
explained given a set of parameters θ. This probability function is not available in the
calibration process here and replaced by an aggregated error analysis, shown in Equation
(2). In fact, the APE term α is used here to find the magnitude or frequencies for each
sample parameter. The logical expression replaced with likelihood term is the boolean
function below:

P (d | θ) =

{
1, if ε (y(θ), d) < α,
0, otherwise

(2)
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which is pretty convenient because the good combinations directly fall in the APE margin
to form a joint distribution in the next step.

Looking at P(θ | d) ∝ P (d | θ) . P (θ), intuitively, the peak of posterior distribution or
calibrated parameters is between the peak of prior and the peak of likelihood and since the
probability of prior distribution is uniform, the maximum likelihood estimation replaced
by binomial expression in Equation (2) is decisive for the shape of posterior distribution.

Also if the number of buildings with measured data (d) increases the likelihood term,
P(d | θ), decreases and as a result the posterior distribution becomes narrower, see [19].
This shows the importance of having enough measured data, the more the better, for sim-
ilar buildings in order to find the right weight of different areas in parameter distributions.

Also the other two terms can be explained as:

• P(θ) as the prior probability of parameters is a uniform distribution to provide equal
chances for all values in that range,

• and finally, P(d) as the evidence is the probability of having a particular energy consump-
tion for a building.

But, in comparison with the explained calibration process presented in Figure 3, a more com-
plicated method can use a metadata modeling technique combined with one of the Monte Carlo
variants as Chong et al. [20] introduced. Schematically, after collecting measured data and
sensitivity analysis, they map the inputs of their Gaussian process (GP) model to the outputs of
interest to generate a posterior distribution. Later by (Monte Carlo Markov Chain) MCMC sam-
pling, they test the accuracy and convergence of the results. This type of calibration, including
a metamodeling is out of the scope of this study, see Figure 4.

Figure 4: Bayesian calibration procedure, modified by Chong et al, see [20].
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3 Methodology

This thesis work is divided into two parts, sensitivity analysis (2.1) to identify the most influential
parameters on energy use in any case study and annual calibration development (2.2) based on
Cerezo’s procedure [2] with a few methodological differences as:

• first, the characterization of buildings is an initial step before the calibration process and
is not performed in this work,

• second, the discretization of parameter ranges does not have any arbitrary name as Cerezo’s
work calls it ”sampling size”. In other words, in practice, 4 parameters are not sampled
5 times to generate 625 combinations, but each range of parameter is sampled 625 times
with Latin HyperCube Sampling (LHS) technique in the first place, see Random number
generators. So, LHS is in the center and this thesis uses different number of simulations for
two multi-residential buildings to check the validity of the implemented code and to run
some tests,

• and the third difference lies in the generation of the joint probability distribution from all
acceptable parameter combinations. This work relies on covariance matrix generation to
produce correlated random samples from the joint distribution, see [21], while Cerezo et
al. [2] do not mention their sampling technique.

This study uses two similar multifamily buildings for both sensitivity analysis and calibrating
of the parameters named as buildings 9 and 10, with 24 and 15 meters height correspondingly.
Later to test the accuracy of the calibrated parameters, beside buildings 9 and 10 an additional
unseen building named as building 12 with 24 meters height is used, see Figure 5.

Figure 5: Buildings 9, 10 and 12 located at Stockholm, Bromma.

The target indicator in this study is total Energy Use Intensity (EUI) which is the combination of
heating loads (without hot water) and electricity for building services. Cooling loads are zero for
residential buildings in Energy Performance Certificate (EPC) documents and hence neglected
from simulation results.

The study is conducted for five unknown parameters with ranges specified in Table 3, while
to show the sensitivity results a made up code is used for easier representation of priorities. The
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Table 3: Unknown parameters with probability ranges for sensitivity and calibration.

Variable
names

Envelope
leak

Window to
wall ratio

Internal load
multiplier

Area based
flow rate

Temperature set-
point (Winter)

Distribution range 0.4 to 2 0.2 to 0.4 0.5 to 2 0.3 to 0.6 19 to 22
Codes 1 2 3 4 5

implementation6 in this study works upon a code developed in UrbanT research group at SEED,
ABE, KTH with the calculation engine Energyplus, see Building energy calculation methods.

3.1 The accuracy of the matched cases

In this study, a transformation technique called t-SNE, see [22] is used to visualize and examine
the clustering of the matched cases. When the range of parameters are selected by experience,
any combination of samples can represent an actual state of a building. But when values of
parameters have no physical meaning or abnormal, there should be a mechanism to detect them
as anomaly cases to exclude them from the calibration process.
Considering the fact that the range of calibrated parameters and their size can vary for different
archetypes of buildings, t-SNE plots produced for four perplexities (5, 30, 50, 100) with three
learning rates (100, 200, 400). The method uses ‘exact’ approach for calibrated sample sizes less
than 100 and it uses Barnes-Hut approach for bigger sample sizes and the number of iterations
is 5000 for any case. For more information, Check the robustness of the results with t-SNE.

3.2 Effective number of simulations

While, the goal in the calibration process is to accurately trim the uniform distributions of
unknown parameters and identify influential areas, but it is ideal to do it efficiently i.e. with
the least possible number of measured data and the least number of random samples and as
a result fewer simulations. In this thesis, finding the minimum number of buildings to repre-
sent calibrated parameters for an archetype is not studied. But finding an optimum number of
simulations is studied. To do this, a statistical term as Effective Sample Size (ESS) is considered.

In a statistical study, an EES or the ‘right size’ to represent a target population [23] ensures
that a scientific question gets answered correctly. In general and in Bayesian statistics, by Monte
Carlo as the sampling technique more samples are needed to avoid clustering and to reach ran-
domness. The reason is that Monte Carlo causes the drawn samples to be correlated. This means
that the effective sample size could be lower in the absence of correlation in order to represent
a population. For Monte Carlo, with a sufficiently large amount of samples, one can distinguish
the normal distribution in the sample set known as Central Limit Theorem (CLT) and where
the mean value of the sample set locates known as Law of Large Numbers (LLN), see [23]. But
LHS by stratification,covers an input domain with a lower number of samples and CLT is not
valid, see [24].

In UBEM, the idea with the ‘right size’ of sampling from uniform distributions is to reduce
the number of samples and as a result the number of simulations for each building. But the
sampling resolution should be fine enough to not miss possible influential values (sub-ranges

6Link to the developed code: https://github.com/naeimrf/Thesis-Calibration
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in the defined range of each parameter). Bayesian calibration method tries to highlight these
areas by tuning the frequency of discrete samples based on validating simulation outputs with
measurements. A smaller or bigger number of simulations can affect either the accuracy of the
results or unnecessarily increases the usage of computational resources. With LHS as sampling
technique the amount of sampling points should satisfy LLN, so that the mean value of sample
points gets close enough to the mean value of a parameter range, see [23].

In general and as a rule of thumb, 30 sample points is a starting point in some statistical
applications. Chong et al. [20] used this idea to generate 30 samples for their Gaussian Pro-
cess after sensitivity analysis. But in this study, with no surrogate model and with only a pure
Bayesian approach, more than 100 samples is considered as a starting point for sampling from
parameter distributions. This number may increase with respect to the APE value (α) and the
parameter distribution sizes, since if a lower APE between simulations and measurements is
needed, more combinations should be examined from uncertain parameter ranges to find better
matches (assuming that ranges are selected carefully by experts).

4 Result

Both sensitivity analysis and calibration of uncertain parameters are performed with 4 number
of simulations: 1267, 252, 510 and 1020.

4.1 Sensitivity analysis

The purpose of running sensitivity analysis with different simulation runs is to observe when
the results from different sensitivity methods become stable. Table 4 summarizes the priority of
different parameters based on different sensitivity analysis.

Table 4: Parameter ranks with two methods and different number of simulations.

Runs/Sensitivity method Morris analysis RDB-FAST analysis
126 simulations 5, 2, 1, 4, 3 5, 2, 1, 4, 3
252 simulations 4, 1, 5, 3, 2 4, 2, 5, 1, 3
510 simulations 2, 5, 4, 1, 3 4, 2, 5, 1, 3
1020 simulations 5, 4, 2, 1, 3 5, 4, 2, 1, 3

Looking at Table 4, it is seen that RDB-FAST is able to identify similar ranks after around 250
simulations. Since the first three parameters in this method are similar, one can roughly expect
to get accurate results with simulations between 250 to 500 for each building, see Figure 6 & 7.

On the other hand, the results from Morris method (Table 4) do not follow any similar pattern
until 500 simulations. This is because, all five parameters have considerable effect on the energy
consumption of the case study and they are highly correlated (see σ value in Figure 8). Therefore
only considering an index µ with a low number of simulations could be misleading.
In addition, the high correlation among all parameters or non-linearity between parameters and
the output, see Figure 9, prevents that Morris method can identify the right ranks based on µ∗.

7Please note that Morris analysis needs to have a multiplier of ’number of parameters + 1’ for simulation runs,
i.e. if you have 5 parameters you need (5+1) × natural number of simulations. Ex: 6 × 21 = 126
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Figure 6: RDB-FAST result with 510 simulations

Figure 7: Morris result with 510 simulations.

Figure 8: Sensitivity metrics for Morris method in case of each parameter on the output.

Going back to Table 4, after 1020 simulations both methods can identify similar ranks but for a
lower number of runs this is usually not true. The reason is that Morris method is a screening
based method which performs best when the number of influential parameters in the model is
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Figure 9: Parameter ranking with Morris’s µ∗ and 510 simulations.

small compared with the total number of parameters. The way it works is that, Morris analysis in
nature is a combination of many local sensitivity runs. Saltelli et al. [11] calls it a composition of
individual random experiments around input values when the impact of changing one parameter
at a time is evaluated (One Factor At a Time). It means the model output for original inputs are
first evaluated and then ‘n’ number of random points (by increasing or decreasing) around each
point is selected for screening. This is defined in the SALib package by num resamples. The
output is re-evaluated for these new points and an ‘elementary effect’ is calculated by dividing
the change in the output by the change in the input. Finally, the ‘n’ elementary effects are
aggregated into an average µ and a standard deviation σ.

On the contrary, RDB-FAST is a variance based method which is able to capture the effect
of parameters on the output of a model as well as any possible interactions of parameters by
decomposing the output variance using Fourier transformation. The FAST method including its
variant RDB highlights the importance of correlation within parameters and the index values
confirms this as the sum of all indices is roughly 0.35 which means that 65% of the variance is
explained by interaction between parameters, see Figure 6.

While the two methods are different in nature, for a good number of samples, their results
show consistency to identify important parameters although their parameter ranking could be
different, as we see for 510 runs in Table 4.

4.2 Calibration

Five uncertain parameters (Table 3) with four numbers of simulations (Table 4) are tested for
buildings 9 and 10. Table 5 shows the number of passed combinations of parameters for two
APE qualifications as 1% and 5%.

The results in Table 5 imply a good selected range for all influential parameters. As the number
of simulations increases (as well as simulation time8), the number of passed cases grows accord-
ingly. This is more obvious in column ‘All buildings’ under α < 5%. Figure 10 shows all passed

8Intel Xeon E312xx, CPU(s): 4, Thread(s) per core: 1
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Table 5: Number of passed simulations with respect to absolute percentage error (α)

Simulations
per building

Building 9 Building 10 All buildings Time for
simulations8α < 1% α < 5% α < 1% α < 5% α < 1% α < 5%

126 5 36 4 33 9 69 1.5h
252 24 80 18 80 42 160 2.5h
510 31 160 33 144 64 304 5h
1020 61 321 57 272 118 593 10h

cases for 126 simulations per building.

Figure 10: Visualization of Absolute Percentage Error (α < 5) between simulations and mea-
surements for buildings 9 and 10 where the lowest APE for building 10 is 0.14%.

Now, a covariance matrix from joint distribution of the passed cases (69 out of 252 simulations) is
created. The reason behind this approach is that by sampling from uncertain parameters at the
same time, we’re simultaneously interested in the effect of change of uncertain variables and we
are looking for a relationship among them. Figure 11 shows a grid plot of all relations between
pairwise parameters with their possible linear (Pearsonr index) and nonlinear (Spearmanr index)
relations.

Looking at Figure 11 the decrement of correlation between envelope leak and window to wall
ratio shows that as one of them decreases, the other one can increase to meet the same energy
consumption in the buildings 9 and 10. On the other hand, an increment of correlation (positive
relation) between the internal load multiplier and area based flow rate might be due to a low
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Figure 11: Pairwise illustration of relations between uncertain parameters with a first glance of
calibrated parameters on the diagonal. (based on 126 simulations)

number of samples to catch the right relation. Figure 12, with more number of simulations,
shows a negative relation between these two parameters.

Figure 12: Pairwise illustration of relations between uncertain parameters with 252 simulations
(left) and 510 simulations (right)

Now the question is how many simulations would be enough to be sure about the accuracy of a
calibration process?
Looking at Figure 13, which shows the histogram and density of calibrations with different num-
bers of simulations, it seems the calibration process with Cerezo’s interpretation is not able to
catch the most influential part of uncertain parameters with the number of simulations/searches
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under 500. This is because of the differences between density distribution results with 126 and
252 simulations and the similarities between 500 and 1020.

Figure 13: Calibrated parameters for buildings 9 and 10 with different numbers of simulations.
First column (126, 252) and second column (510 and 1020). Prior distributions are plotted with
dashed lines.

Looking at the cases with 510 and 1020 simulations, it seems when enough combinations of pa-
rameters exist, calibrated parameters start to form a more similar density distribution.
But before continuing, a doubt about the randomness of the sampling process raises a question,
if any possibility of accidental matches among passed simulations exist? t-SNE technique is used
to visualize the results and to identify any outlier.

Figure 14: t-SNE technique to reduce dimensionality of 5 calibrated parameters. The left figure
shows 304 passed cases for 510 simulations and the right figure shows 593 passed cases for 1020
simulations). As learning rate (X-axis) increases, all passed simulations for both buildings (two
colors in each figure) converge into one point which is due to the building similarities and no
outlier among passed simulations due to realistic parameter ranges.

Since the two buildings are very similar (can be classified in one archetype) their calibrated
parameters gather in one cluster and more importantly with no outlier as the sign of no blind
match, there is no accidental match in the result. see Figure 14 for a perplexity such as 200 and
a learning rate such as 30. If there were many buildings in different archetypes distinct clusters
could form and if the range of unknown parameters were very big and unrealistic, the existence
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of any outlier (as matched parameter) would be possible.

Note that cluster sizes for parameters in the t-SNE plot do not have any meaning because
t-SNE defines distances as regional variations for each parameter (variable or cluster), therefore
relative sizes of calibrated parameters do not project in the cluster in t-SNE plots. In fact, t-SNE
tends to expand denser regions of data (clusters) and contracts sparse ones, see [22]. This fact
is valid for the distances among clusters as well.

Back to the results, the observation in Figure 13 regarding the minimum number of simula-
tions to sufficiently strengthen the joint probability distribution can be tested by taking 100
samples from the calibrated parameters for new simulations.
The same set of buildings 9 and 10 plus an unseen but similar building named 12 are simulated
with 100 samples from posterior distributions. Table 6 shows the percentage of the matched
results with the prior and posterior (calibrated) distributions with respect to α < 5%.

Table 6: Percentage of passed simulations with respect to APE value (α < 5%) before and
after calibration (posterior samples are taken based on covariance matrix of passed cases in prior
distributions).

Building number
(vertical)/number of

simulations(horizontal)

Simulations with prior
distributions

100 simulations with
posterior distributions
based on:

126 252 510 1020 126 252 510 1020
9 29% 32% 31% 32% 75% 79% 40% 78%
10 26% 32% 28% 27% 22% 25% 63% 8%
12 - - - - 32% 36% 64% 15%

Total 27% 32% 30% 29% 43% 47% 56% 34%

The first impression from the results in Table 6 is that more simulations do not necessarily
improve the result of calibration. Looking at the results for buildings 9 and 10, simulations with
prior (samples from the uniform ranges) distributions keep a similar percentage of matches for
both buildings. Note that this result can be expected if buildings are similar (belong to the same
archetype) and the unknown parameters and their ranges are selected carefully. On the other
hand, 100 simulations with posterior distributions (calibrated parameters) do not match 100
percent even with calibrated parameters based on 500 simulations or more. Therefore the reason
for calibration should be seen in reducing the overall APE and reaching an acceptable result
with lower number of simulations. Comparing the deviation of simulations with measurements,
shown as percentage of error in Figure 10 and Figure 15 for 126 simulations, the overall APE
reduces from 35% to 20%.
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Figure 15: Distribution of matches (100 simulations per buildings 9, 10 and 12) with calibrated
parameters based on 126 simulations (up-left), 252 simulations (up-right), 510 simulations (down-
left) and 1020 simulations (down-right). The results are shown in posterior section of Table 6.

Looking at Figure 15, it seems that the sampling for buildings 9 and 10 in posterior distributions
is in favour of building 9. This is more obvious with the case 1020 where even for the unseen
building 12, the number of matches with calibrated parameters is much fewer than the case with
510 simulations. One reason could be the higher similarity between buildings 10 and 12 as their
constructions are even more similar than building 9, see Figure 5, and the appearance of this
result could be due to neglecting an important parameter in the simulations.

But if we compare the results with prior distributions in Table 6, it shows no biased behaviour
and both buildings 9 and 10 have similar number of matched cases, in addition the number of
matches for building 10 and 12 based on calibrated parameters with 510 simulations rejects the
idea of biased calibrated parameters, see Figure 15.

This inconsistency shows that like any other iterative method which works with random numbers,
sampling technique or starting point affects the results. Here, after the calibration the results of
multiple runs are different. Either there is still a systematic problem about the iterative process
or the number of iterations is not enough. A test is conducted by two samplings from calibrated
results with 50 simulations instead of 100 simulations. Building 10 is put to test with these two
runs each with 50 samples generated separately from posterior distributions based on 252 initial
simulations. Figure 16 shows that the number of matched cases is improved from 25%, see Table
6, to 37% (combination of both runs). As expected, the results are dependent on the sampling
technique from the covariance matrix based on the rvs method for the normal distribution in the
stats.norm package. As already done for sampling from uniform distributions, an improvement
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here is to switch from rvs sampling to LHS for the posterior distributions.

Figure 16: Two runs with 50 simulations of building 10 with posterior distributions, each 50
samples generated separately from covariance matrix based on calibrated parameters with 252
prior distributions.

By changing the sampling technique for posterior side from rvs to LHS, the result of simulation
with calibrated parameters based on 1020 simulations shows a significant improvement for build-
ings 10 and 12, see Figure 17 and compare it with Figure 15.

Figure 17: The result of simulations with LHS from posterior distributions based on 1020 prior
sampling.

So far based on these results, to answer the first question about the number of required simu-
lations for an accurate calibration without any metamodeling, with respect to available compu-
tational resources, between 200 to 500 simulations per building could be enough. If not enough
passed simulations yield even with a low number of simulations (such as 126), then parameter
ranges should be revised, assuming that all parameters in the model are based on a sensitivity
analysis.
But a proposal here is to calibrate an already calibrated range for a finer resolution, i.e. instead
of having 510 simulations to reach the posterior distributions, 2, 3 or 4 consecutive calibrations
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with 126 simulations are tested. Note that this idea deals with the prior distributions to find the
calibrated parameters at first and then uses 126 random samples from the posterior distributions
to recalibrate them n times, each time from the previous round. Table 7 shows the percentage
of matches and the maximum APE for 4 calibration rounds.

Table 7: Recalibration of posterior distributions with 126 sampling and α < 5%

Building 9 Building 10 Total match
casesmatch max APE match max APE

Calibration with prior distributions 29% 33% 26% 35% 27%
Recalibrate posterior round 1 48% 13% 55% 16% 51%
Recalibrate posterior round 2 56% 13% 44% 15% 50%
Recalibrate posterior round 3 50% 15% 48% 19% 49%

Looking at Table 7, while the number of matches increases for both buildings the maximum APE
in the whole range of simulations decreases as well. Figure 18 shows the kernel distribution of
ranges in each round and Figure 19 shows APE for all simulations in the consecutive calibration
process.

Figure 18: Calibrated distributions based on 126 sampling for buildings 9 and 10, from the prior
distributions (up-left) to the last recalibration in round 3 (down-right). Prior distributions are
plots with dashed lines.

By looking at Table 7, it seems after one recalibration (round 1) the results are converged and
more recalibration rounds do not improve the results any more. As expected in real life, the
kernel distributions of influential calibrated parameters should eventually take a normal form
considering the fact that they are influential. Since if a parameter distribution after calibration
does not depart far from its first prior uniform distribution, then it means a value in any area
of the distribution has similar effect on the energy consumption and therefore that parameter is
not influential and can be considered deterministically, see [2].

The mathematical reason behind this approach is the Sequential Bayesian updating, see [25].
In presence of a good sensitivity analysis and carefully selected ranges for probabilistic param-
eters, by a high chance even a small number of iterations can provide enough samples to form
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Figure 19: APE based on 126 sampling for buildings 9 and 10, from the prior distributions
(up-left) to the last recalibration in round 3 (down-right).

a strong joint probability distribution to represent the most probable areas of unknown param-
eters. But to remedy the course search grid, another calibration can be used, i.e. the previous
posterior distribution can be used as the current prior distribution. In this context, Equation
(1) can be reconsidered from:

posterior ∝ prior × likelihood

to:
revised posterior ∝ current posterior × new likelihood (3)

This recursive Baysian updating, Equation (3), only needs the current posterior information to
find the next one. In other words using only the previous state to find the next one makes it a
Markovian model, see [25].

After training the final calibrated parameters, they can be used to simulate unseen buildings
for testing. Please note that all the procedures explained above should be applied on a good
number of buildings with measured data to reach the most representative values of unknown
parameters in an archetype.

5 Discussion

The results of this work are divided into two sections:

• finding reliable sensitivity analysis methods to identify the most influential unknown pa-
rameters on energy consumption of buildings,
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• and developing a calibration method to find meaningful combinations of those parameters
in order to explain the thermal behaviour of buildings.

For the first part, two suitable sensitivity methods (Morris and RDB-FAST) are implemented.
From the reviewed studies and the results in this work, Morris, as a screening method, should be
used when there are many uncertain or completely unknown parameters involved. The method is
computationally cheap and can prioritize parameters while it can, to some extent, predict a level
of interaction for parameters as well. But its result in the presence of few, highly correlated and
influential parameters could be misleading, especially for an analysis based on a small number
of simulations.

On the other hand, RDB-FAST as a variance-based method can measure the level of impor-
tance for parameters accurately, no matter how many parameters are involved in the model and
how much they are correlated (order of interactions among parameters). In this sense, when
having results for both methods (Morris and RDB-FAST), the results from the latter should be
prioritized.

For the second part, I have developed a calibration method based on Cerezo’s interpretation
of Baysian calibration. The main challenges here are to use enough measured data (from build-
ings) and to do enough simulations for them. This work focuses on the second part and since
it is a brute-force method, it is important to find an optimum number of simulations to secure
the accuracy of the results while using computational resources wisely. As shown in the results,
I have expected that increasing the number of simulations for each building does not necessarily
increase the percentage of matched cases. What matters most is that with any selected number
of simulations the number of passed cases should be enough to create a strong joint probability
distribution and as a result to make a representative covariance matrix9 for that joint distri-
bution. I have seen that the thermal behaviour of buildings can be explained even with a low
number of simulations when parameters and their uniform ranges in the first place are selected
correctly. This case opens a door for recalibrating already calibrated parameter ranges.
In other words, I can suggest starting the calibration process with a low number of simulations
to see the number of passed cases. If not enough passed combinations of parameters exist then
the thermal model, parameters and their ranges, should be revised.

While 500 to 1000 simulations are routine in previous brute-force algorithms for calibration,
for a group of similar buildings (classified as an archetype) and based on the result in this work,
100 to 200 simulations should be enough, if it provides a strong joint probability distribution.
Then another Bayian inference considerably bolds the right parts of parameter ranges with the
highest probability of affecting energy consumption.

I have also noticed that while the LHS method has been the technique to sample from the prior
uniform distributions, using the same technique for the posterior side is very beneficial com-
pared with a method like rvs in the scipy package10. To use LHS with posterior distributions,
first they should be transformed to a normal distribution. The reason is that prior distribu-
tions are continuous uniform ranges and simply LHS works but without a transformation a joint
probability distribution with discrete data points cannot be used as a sample source for LHS.
Intuitively in the real life, due to the law of large numbers, many stochastic distributions take
normal form. In calibrated ranges, this normal form is around a central value with a possible

9Covariance matrix used to generate random samples from calibrated parameters after the calibration process.
10Link to online source: https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.norm.html
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bias to left or right, completely depends on the lower and upper bounds selected by the modeller.

The calibration in this study is based on annual measurements, i.e. the target variable has
yearly resolution and relies only on a single value for different types of energy sources as pur-
chased heat, electricity, gas, etc. for each building. While, for the big picture, this methodology
is sufficient to estimate parameters for overall retrofitting strategies but it lacks finer information
about the thermal behaviour of a building, see [26]. For example, in case of predicting seasonal
power demand or monthly energy usage for energy network management, annual calibration
cannot be used. The reason is that (even for a building with a low APE between its annual
measured data and its simulated model based on calibrated parameters) aggregation of errors
based on deviation from the real situation of a building tends to average out. Therefore, this
work, in the presence of measured data for validation, must be continued to monthly and even
hourly calibration.

6 Conclusion

The goal of this thesis is to understand and to implement the steps of making a realibable rep-
resentative thermal model for buildings. UBEM is a tool for parametric studies of retrofitting
strategies or monitoring energy usage in urban scale.
But thermal models in UBEM need predefined reliable input and there are many unknown param-
eters which only some of them are important with respect to their effect on energy consumption
of buildings and these parameters can vary in different building scenarios.

To deal with the uncertain or unknown parameters, two alternatives exist, defining them de-
terministically with a single value based on some assumptions, experience, national code or
literature or by defining them stochastically as a distribution between two bounds with equal
probabilities. The first approach is the source of discrepancy as it oversimplifies a variety of
possibilities in real life into one possibility. The second approach improves the thermal models’
results but it can even perform much better if we eliminate the low probable parts of parameter
ranges by identifying and keeping the higher probable parts, this is called calibration.

In this work, to identify important parameters, sensitivity analysis methods Morris and RDB-
FAST are found to be the most suitable with respect to their results and computational cost.
Most often, electrical and mechanical system design such as setpoint temperatures and coeffi-
cient of performance, internal loads and their operational parameters, infiltration rate and even
geometric values such as window to wall ratio and U-values are unknown. Among all influential
parameters, the most source of inaccuracy in thermal building simulations is the uncertainty in
infiltration rates, equipment loads and occupants behavior.

For the calibration, the work developed in this thesis is based on brute-force sampling of un-
known parameters and validated with annual energy data. But it is computationally expensive
and needs hundreds of thousands of simulations. Therefore the focus is to find a way to calibrate
parameters with much less simulations but with an acceptable accuracy of the results. This
work shows that in the presence of careful selection of important parameters and distribution for
them, a lower number of simulations can be used for annual calibration as well.
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7 Appendix

7.1 R2, t-value and F-value

R2 is a coefficient to show how linearly a variable-change can be explained by another variable-
change, i.e it provides a measure to find a possible existing correlation between two variables.
While this coefficient can determine the strength of relation between two variables (correlation
coefficient) it does not mean causation. R2, as the coefficient of determination, is the square
of the correlation coefficient, which among different correlation coefficients one can mention the
most famous one as Peasrson’s R.

The t-value and F-value are the results of t-test and F-test. The t-test is used when testing
the result of restriction on one parameter in BEM is on focus, i.e. to test the hypothesis, if
the parameter is sensitive in building energy performance. In contract, the F-test is used for
restrictions on multiple parameters, usually to compare variances of two variables.
In general, the t-test is used to compare the mean of a sample-data to population mean. In
this context, the larger the t-value the more different the sample-data is from the average of
population. This is especially useful when the sample size is small or if the population standard
deviation is unknown, see [23].
In UBEM, the higher the absolute value of t, F or change of R2 is the more important the
corresponding variable.

7.2 Building physics

Building Physics is the study of heat and mass transportation (air and moisture) through building
materials and within buildings themselves. A building should provide a comfortable indoor
environment with the least possible energy consumption (high energy efficiency) to decrease the
environmental impacts on nature. Calculation of building energy consumption needs information
about building location and climate, geometry and construction elements, ventilation and thermal
systems and controls, infiltration rate and finally internal loads and operational profiles, see [6].

7.3 Building energy calculation methods

Occupied or unoccupied buildings may need to meet some specific thermal conditions, ventila-
tions, lightings and noise reductions. To fulfill these requirements energy is used. It is desirable
to estimate the quantity of energy necessary to heat, cool, ventilate and light up buildings. Dur-
ing time, some methods have been developed to calculate the energy consumption, especially for
residential buildings.

In total, one can divide the methods to:

• roughly estimation, manual methods such as degree-day and Bin methods,

• and elaborated, comprehensive simulation methods such as heat balance, weighting factor
and thermal network methods.

The degree-day method, heating or cooling degree-day with different modifications, is based on
average conditions and does not take into account day to day weather conditions, solar effects
and equipment’s temperature in a building. In its original form, it assumes that when the av-
erage daily outdoor temperature equals a base value (originally 18.C) the solar heat gain and
internal loads compensate for heat loss through the building structure. This type of calculation,
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nowadays, can only be used for rough estimation of energy consumption of a building in different
geographical locations, see [27].

The Bin-method achieves reduction of the error in degree-day method by sorting outdoor long-
term measurement temperature for weather conditions to ‘n’ number of discrete bins. The
procedure groups temperature-hours with respect to their occurrence. Later it considers a sim-
plified occupant hourly schedule in one week to estimate the internal loads. In order to apply
the effect of internal loads, the number of hours in each bin are then shifted to two groups of
occupied and unoccupied hours by using the simplified schedule. The desired conditions inside a
building for two states of presence and absence of internal loads can be calculated as a function
of outdoor temperature, namely known as load profiles. Finally, the result yields by calculation
of load for each bin with respect to load profiles multiplied by corresponding hours for that bin,
see [27].

The simulation methods are computer-based which define the thermal behaviour of a building,
its systems and a central plant as mathematical models. They use weather conditions, building
body descriptions and internal loads as input. The calculation of thermal zones (sensible loads
and air temperature in each zone) are the input for systems to find the amount of hot or cold
water or air and the results of the systems are inputs for calculation of the central plant. This
sequential approach is the base of most building software today. First the loads in each zone
are calculated for every hour, followed by the amount of medium to cover the internal set point
temperatures. At last the central plant summarizes power and energy needs in systems for the
whole simulation period.

Three different approaches to model a building are:

• the heat balance method seeks an equilibrium among all energy flows at each point (thermal
zone). A set of energy equations for each zone air, interior and exterior surfaces (wall, roof,
floor, windows) are solved but with respect to algorithms for weather conditions and solar
radiations. Figure below reproduced from [27] illustrates the heat balance method on an
exterior wall, named j, at time θ:

where on each surface heat balance should be satisfied (W/m2) but the conduction heat
flux on exterior and interior surfaces can be different if steady-state heat transfer is not
achieved (transient heat flux through the wall). EnergyPlus program lies in this category,

• the weighting factor method also known as the transfer function method is developed to
be a faster method than heat balance. It uses some coefficients called weighting factors to
approximate the response of a thermal zone to a unit heat pulse,

II



• and the thermal network method can be considered as an extended-refined version of the
heat balance method. It can decretize a building into a network of nodes with intercon-
necting energy flows in form of conduction, convection, radiation and/or air flow. While
the heat balance method usually defines one node to represent a thermal zone, an exterior
or an interior surface, a thermal network can define a set of nodes like mesh points inside
one thermal zone or on different surfaces. This method can provide more accurate results
with more computational cost. ESP-r program lies in this category, see [27].

7.4 Random number generators

As a single number, a random number is a positive number drawn from a set of equally uniform
probable values and as a sequence of random numbers they should be also independent of each
other. There are two main approaches to generate random numbers in a computer:

• Pseudo-Random Number Generators (PRNGs), which are basically algorithms to produce
a set of numbers or precalculated lists that look like they are random numbers. These
generators are usually very efficient and fast and if the starting point of a sequence of
random numbers is known, it is possible to regenerate the exact set again in a later time
(deterministic). These methods are periodic and the whole sequence of numbers will finally
start over but still are very suitable for modeling and simulation software,

• true Random Number Generators (TRNGs), which are usually connected to physical phe-
nomena such as atmospheric noise, a radioactive source decay, etc. A given set of random
numbers with this approach are not reproducible (nondeterministic) and it usually takes
much longer time than pseudo approaches to produce true random numbers. These meth-
ods are non periodic.

Classified under (PRNGs), Quasi-Random Number Generators (QRNGs) produce uniform sam-
ples with low discrepancy among distributed points. The low discrepancy is the measure of
uniformity which makes these generators fail many statistical tests for randomness. It is impor-
tant to know that their goal is not to generate true randomness but to evenly distribute samples
such that no large gaps or clusters form. In fact, the goal is to spread the points with maximum
possible coverage of the sample region. Among the generators in this class, one can name: Hal-
ton and Sobol. On the other hand, Latin HyperCube is not quasi in terms of minimizing the
discrepancy among samples but it produces a sparse uniform distribution over the domain, see
[28]. In this study, Latin HyperCube sampling is the main random number generator.

7.5 Probability and likelihood

Probability quantifies expectation of an outcome, likelihood quantifies trust in a model. In
probability, we consider some underlying process which has some randomness or uncertainty
modeled by random variables (as a distribution) and we want to find the chance of any sample’s
occurrence. In likelihood we observe something that has happened, and try to figure out what
underlying process would explain that observation, see [29]. So, the problems connected to these
two concepts are inverse to each other.

7.6 Probability distributions

A probability distribution describes all the possible values that a random variable can take
within a given range. This range will be bounded between the minimum and maximum possible
values, but precisely where the possible value is likely to be plotted on the probability distribution
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depends on a number of factors. These factors include the distribution’s mean (average), standard
deviation, skewness, and kurtosis. (From Wikipedia)

7.7 Statistical definitions

A quick reminder to common terms and definitions in statistics:

• The median is the middle of an ordered set of numbers, for set 6, 11, 7 the median is 11,

• The mean (µ) is simply the average of a set of numbers, example: (6+11+7)/3 = 24/3 = 8,

• Variance is the average of the squared differences from the mean and it is the measure of
how spread a data set is, example: σ2 = [(6−8)2 + (11−8)2 + (7−8)2]/3 = [4 + 9 + 1]/3 =
14/3 = 4.666666667,

• Standard deviation is the square root of variance, example: σ =
√

(4.666666667) =
2.160246899 which is the measure of how spread out numbers are, 2.16 units around 8,

• Confidence intervals are the lower and upper bounds of a distribution. If you do your
experiment many times, you can expect to see the same results in the same bound and as
if you examine the whole population. Confidence level is the percentage area under the
distribution curve as the sampling domain between the intervals, see [23],

• Quantile is a place where a sample set is divided into equal sized subgroups or in a continu-
ous form as probability distribution into areas with equal probability. Median is a quantile
which divides a sample set into two subgroups, see [23],

• Probability density function is a mathematical expression which can be used to calculate
the probability of observations in a data set, see [30],

• The law of large numbers says as the sample size increases, the mean value for the sample
set tends to the average of the population.

7.8 Check the robustness of the results with t-SNE

In random sampling within probability ranges of parameters for energy simulations, there is a
risk to have some combinations which, although accidentally yield results close to measured data
but they may not be very feasible. To identify parameters in such combinations, t-Distributed
Stochastic Neighbor Embedding (t-SNE) is used to reduce the dimensionality of the parameters
for the results.

t-SNE is a nonlinear dimensionality reduction technique which is used for visualization of data,
such as mapping data points for hundreds of variables into 2 or 3 dimensional spaces but by
keeping the relationship among data points. This technique is a stochastic method and its out-
put can be slightly different for multiple runs yet it is helpful to identify outliers for each type
of parameter in calibrated ranges. In other words, for one or a group of buildings in a specific
archetype, it is expected to see the calibrated parameters in a distinct cluster. If a calibrated
datapoint is being separated from its cluster type, it can be more considered as an accidental
sample rather than a true value to represent a building parameter in the real world.

t-SNE technique needs tuning, i.e. it has hyperparameters such as:
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• perplexity which is about guessing how many close neighbors each point might have, see
[31]. Scikit-learn documentation suggests a value between 5 to 50 and the default is 30.
This value should be selected according to the size of joint distribution of calibration data
in UBEM and to get meaningful results, the perplexity should be smaller than the number
of points, see [22],

• learning rate which plays an important rule in the final shape of clusters of data after
dimensionality reduction. Scikit-learn suggests a value between 10 to 1000 and the default
is 200 while a too low value produces dense clouds with outliers and a too high value
produces equidistant points in a ball shape, see [22],

• method-type which by default uses Barnes-Hut algorithm based on distances between each
point and other points accumulated in groups. This method has running time as O(NlogN)
with some acceptable errors. In contrast, the ‘exact’ method considers the distances be-
tween one point and all other points but has running time as O(N2),

• and among others, the number of iterations which is used for optimization with a default
value of 1000.
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