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Building on previous work
A methodology is developed based on previous work and
is further extended to fit the specific research objectives
of this study. In particular, Reddy et al. (2007) provide an
extensive framework for building model calibration and
give initial insights into automated calibration in building
energy models. Raftery et al. (2011) proposed an
‘evidence-based’ methodology, which clarifies the
importance of different data sources and the need for
evidence when iterative changes are made to reliably
calibrate a model. Eisenhower et al. (2012) suggest the
use of meta-models for optimisation, essential with large
models of existing buildings. More recently, Yang &
Becerik-Gerber (2015) compared HVAC related energy
consumption and considered several energy conservation
measures to achieve a higher calibration accuracy.
Similarly, Yin et al. (2016) describe the calibration of a
building model using system performance metrics and
energy use, although for a short term and on a small scale.
Whereas, Sun et al. (2016) present an automated
calibration approach to tune energy models at a monthly
basis through pattern recognition implemented in a webbased building energy retrofit toolkit. Finally, there is also
an interest in calibrating models towards environmental
performance. Roberti et al. (2015) calibrated historic
building energy models with measured indoor air and
surface temperatures. Such approaches improve model
accuracy, but coincidently increase their complexity.

Abstract
Typically, automated calibration is performed using
yearly or monthly energy use, masking energy at a higher
level of granularity. In this paper, an automated
calibration process extended the state of the art, by
utilising meta-model based multi-objective optimisation
to minimise differences between predicted and measured
energy use at a higher level of data granularity. This
resulted in a 5-13% monthly average increase of
calibration accuracy. It clarified how different
convergence criteria in data granularity can mask energy
end-uses and can lead to inaccurate calibration results.
Several automated calibration limitations were identified;
manual calibration for full-scale building models is a
necessary pre-processing step; objective convergence is
not always guaranteed; the meta-model introduced model
error when exporting calibrated parameters to the firstprinciple model; and finally, tight control and
understanding of variable input parameters is essential.

Introduction
A calibration methodology is employed to mitigate the
discrepancy between predicted and measured energy use
of an existing building. It describes the use of automated
model calibration at different levels of data granularity,
with the aim of understanding its effects on model
calibration accuracy.
Purpose of calibration
Determining the necessary level of data granularity for
model calibration depends on its intended use. Typically,
calibrated models are seen as obtaining the highest level
of accuracy for determining energy savings, proposed as
option D by the IPMVP (EVO, 2009). However, this
depends on the type of savings to be made and
implemented measures to make these savings. If these are
fairly straightforward or easy to estimate, calibration
simulation might not be the best solution, as calibrating
energy models is a time-consuming and therefore costly
process, therefore any improvements in its efficiency and
efficacy is helpful in reducing costs. Finally, calibrated
simulation is usually applied for multifaceted energy
management programs affecting many systems, where
energy use data for calibration is available (EVO, 2009,
p. 22).

The issue with calibration
The calibration of building energy models is an
underdetermined problem and its accuracy depends,
among others, on the granularity of operational data used
for model creation and comparison. A model is
‘calibrated’ when predictions are within a certain range of
the measured data, according to ASHRAE (2013) this is a
5% and 10% mean bias error (MBE) for the months and
hours respectively. In addition, the coefficient of variation
root mean square error CV(RMSE) should be less than
15% and 30% at the month and hourly level respectively.
However, it remains questionable if a model calibrated
within this range, is an accurate model, as the ranges can
mask higher levels of data granularity by solely
representing total energy use. Therefore, not taking into
account energy end-uses, individual end-uses may not
necessarily abide to the same statistical criteria, for
example lighting energy use may be significantly over
predicted, while chiller energy use is under predicted, as
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a total however, they can balance each other out, and still
fall within the range to be considered calibrated.
Inherently, the input parameters determine the amount of
energy used. As such, their assumptions need to be
supported by collected building design and
commissioning information as much as possible. A larger
uncertainty arises when such information is not available,
increasing the number of solutions and likelihood of
having more calibrated models. There will be many
models, among those calibrated, that are less accurate at a
higher level of data granularity.

as; lighting-, equipment- and occupancy schedules based
on collected operational data. More specifically, Wi-Fi
data and swipe-card access data was collected to build
typical occupancy schedules, whilst retaining measured
uncertainty as a parameter within the model. Furthermore,
it makes use of a seasonality factor, to account for the
differences of use throughout the seasons, significant in
university buildings. This allowed for the automated
adjustment of schedules to improve model accuracy at an
hourly level.
Data granularity
Data was organised according to a data hierarchy, at the
top-level, energy can be aggregated for the whole
building. However, a building consists of floors, zones
and spaces and has distribution boards that provide
electricity to these parts, disaggregating energy use by
different end-uses. Measured data was compared from
building components was juxtaposed with their virtual
representation in the model at the zone, floor and building
level, at different levels of temporal- and hierarchical data
granularity, as illustrated in Table 1.

Methodology
A calibration methodology was developed in order to
determine if a higher level of data granularity increases
model calibration accuracy, in particular it did this
through the use of meta-model based optimisation (i.e.
automated calibration) of a full-scale existing university
building. A meta-model is a simplified model of the firstprinciple energy model based on a mathematical relation
between the inputs and outputs from Monte Carlo
simulation, approximating component functions of the
building model. A flowchart for the methodology is
shown in Figure 1.

Modelling, sampling and simulation
After collecting and synthesising building information,
input parameters were established to create a virtual
representation of the building. All building spaces were
included in the model. OpenStudio (1.14) is used as a
graphical interface for the EnergyPlus (8.6) simulation
engine. Both are open-source software with an
increasingly supportive community, they allow good
integration with other software tools, have additional
integrated features, such as scripting to pre- and postprocess simulations.
Input parameter standard deviation were set at 20% for all
samples variables, to understand parameter influences.
Ideally, uncertainty of parameters is defined based on
collected information or previous. Each sample of inputs
is exported to a separate simulation file, and then
simulated using EnergyPlus on a computer cluster. 3000
simulations were run in order to analyse the variance in
predictions. The more simulations, the more accurate the
meta-models become in predicting new data.
Input sampling, the parametric simulation process and file
generation was set-up in the Python programming
language. For sampling, use is made of pyDOE (pyDOE,
2017), an experimental design package for Python, with
which Latin-hypercube designs were created. The use of
Python allowed a lot of flexibility, it introduced
uncertainty within input schedules and allowed for easy
control of output parameters and direct integration with
analysis and data visualisation.

Figure 1: Calibration methodology.

The calibration methodology builds upon previous
research, which typically makes use; (1) sensitivity
analysis, to understand the impact of input parameter
assumptions on the output (prediction), and (2) parametric
simulation, a pre-requisite for performing global
sensitivity analysis and training the meta-models. In
addition, it introduces; (3) the training of several metamodel based on 3000 EnergyPlus simulations, these metamodels are then employed for optimisation through a
genetic algorithm approach to minimise differences
between predicted and measured energy use. Finally, (4)
the calibration process introduced variability in the
deterministic model by sampling static parameters, such

Table 1: Types and levels of data granularity in building modelling and measurements.
Granularity type
Low to high level of granularity
Temporal
year
>
month
>
day
>
Hierarchical
total
>
end-use
>
component
>
Spatial
building
>
floor
>
zone
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hour
sensor

first-principle energy modelling software, it is important
to determine its accuracy, which is dependent on the
number of simulations and input parameters that make up
the training data. The statistical error measures; mean
absolute error (MAE), mean squared error (MSE) and
coefficient of determination (r2) were used to test metamodel prediction accuracy.

Analysis
Differences between predicted and measured energy use
need to be compared on a detailed level. Differences are
compared using statistical variables the CV(RMSE) and
normalised mean bias error (NMBE), as proposed by
Bou-Saada and Haberl (1995) and used by (Chaudhary,
et al., 2016; Kim & Park, 2016; Sun, et al., 2016; Yang &
Becerik-Gerber, 2015; Kim, et al., 2017), see equations
(1) and (2).
∑𝑛𝑖−1(𝑚𝑖 − 𝑠𝑖 )
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Mathematical optimisation
After constructing and validating the meta-models, they
were used for optimisation (i.e. automated calibration),
minimising the difference between predicted and
measured energy use at different levels of data
granularity. Optimisation using a meta-model is
significantly faster than using building energy modelling
software. Computation times of the larger first-principle
models were over 20 minutes to run for a yearly
simulation on a personal laptop, while the meta-model
computes a new sample in a fraction of a second. The
added benefit of fast computation times is that different
optimisation techniques and their variables were quickly
investigated.
Meta-model based optimisation aims to find calibrated
models by adjusting the variable input parameters within
their range of uncertainty. When the outputs or
predictions of the meta-model closely resemble (fit
certain criteria) measured data, the combinations of input
parameters are stored and improved iteratively to get even
an even closer match between predictions and
measurements. This iterative process uses the Nondominated Sorting Genetic Algorithm-II (NSGA-II), an
evolutionary optimisation algorithm, used to solve multiobjective optimisation problems by finding sets of
solutions. It is a popular and proven method for building
performance optimisation. Evins (2013) reviewed the use
of optimisation algorithms in the context of building
simulation and found that more than half of the reviewed
works used a Genetic Algorithm. The distributed
evolutionary algorithms in Python (DEAP) library
developed by Fortin et al. (2012) was used for
implementing the NSGA-II multi-objective optimisation.
Final parameters of the GA were; probability of mutation
= 0.6, independent probability of attribute mutation =
0.05, probability of mating individuals = 0.8. Population
size and no. of generations varied per meta-model. The
objective function minimised the RMSE between
predictions and measurements, shown in equation (3).
Weights were introduced based on amount of energy use
by normalising measured energy use, meaning that the
more energy use for an objective the higher the weight
and importance to minimise.

Meta-model development and optimisation
The base case building energy model was simulated for a
range of uncertain input parameters, resulting in a range
of outputs, in optimisation these are referred to as the
search space (possible inputs parameters, created from the
design of experiments) and solution space (possible
outputs). With enough samples (sets of input parameters),
the relationship between inputs and outputs can be
mathematically represented and new samples can be
predicted without using the building energy simulation
software. This mathematic representation can be
classified as supervised learning, where the inputs and
outputs are the training data, used to fit an estimator to
predict future data for new samples. An estimator is a rule
for calculating an estimate based on the training data
(inputs and outputs), i.e. it is the method or machine
learning algorithm used to calculate new predictions, also
known as a meta-model or surrogate model.
A meta-model is thus a simplified model of the energy
model based on a mathematical relation between the input
and outputs from Monte Carlo simulation, approximating
component functions of the building model 𝑓(𝑥). A metamodel can be created using different techniques,
Eisenhower et al. (2011) and O’Neill & Eisenhower
(2013) use Support Vector Machines (SVM) using
Gaussian kernels, whereas Peles et al. (2012) and Mara &
Tarantola (2008) use orthonormal polynomials for static
parameters and stochastic processes (Ahuja & Peles,
2013). For the case study, use is made of generalised
linear regression and artificial neural networks (nn) for
supervised learning. The Limited-memory BFGS
optimisation algorithm was used in the artificial neural
network training process. Although other techniques,
such as support vector regression, Gaussian process
regression, principal component regression are available,
a comparison of these techniques was not in the scope of
this research.
Meta-models were constructed using Python with open
source libraries available for implementing different
estimators, specifically scikit-learn 1 (Pedregosa, et al.,
2011) and Keras2 (as a gateway to Tensorflow) were used.
Since the relationship is only an approximation of the
1

min(𝑓𝑜𝑏𝑗 =
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𝑛

𝑛

∑ 𝑤𝑖 (𝑝𝑖 −𝑚𝑖 )2 ) (𝑅𝑀𝑆𝐸)
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𝑖=0

where pi are predictions, mi measurements and wi weights.
Case study
A university building, referred to as ‘CH’, was used as a
case study. Originally built around the early 1900’s, it
2

http://scikit-learn.org/
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recently had a major refurbishment on all floors. CH
provides 4585 m2 of office accommodation, library,
lecture rooms and other facilities over basement, ground
floor and six upper floors. CH is located in London, the
United Kingdom. The building structure exists of a
combination of cast concrete floors and brick walls.
External walls have been insulated on the inside with a
thermal lining composite board, fixed to the brickwork. In
addition, secondary glazing has been added behind the
single glazing at every window, where double glazing is
fitted to the ground floor skylights. Heating and cooling
to all offices, meeting rooms, comms rooms and learning
spaces is provided by a VRV multi split system with heat
recovery. Heating to the circulation and lavatory spaces is
provided by two condensing boilers located within the
basement boiler house, hot water for heating is served to
radiators located within the staircases. Figure 2 shows the
existing building and its virtual representation.

are not available, even though they will affect the model
in different ways. Changing equipment power density in
one space with space conditioning opposed to one without
will have a different effect on heating and cooling loads,
whilst calibrating equipment energy use. Under this
rationale, it becomes clear that a higher level of data
granularity can support in developing a more accurate
model, but that a lack of information can cause these
parameter changes mask the real situation. The initial
model, before the base case is fully developed, is prone to
include modelling errors, several iterations were
necessary to bring the model closer to reality. Manual
calibration is essential in the calibration context to
understand why models are predicting different results
from those measured, and it identifies if a building is
being operated as expected. Choices made in changing
input parameters for this case study are not extensively
described, but some significant changes are highlighted
which drastically affected the accuracy of the model:
 The air-handling unit on the ground floor was
observed to be out of order and was therefore also
disabled within the model, this air handling unit
should have been providing fresh tempered air to three
spaces in the basement according to design
documentation.
 Out-of-hours baselines were calculated based on
analysing available lighting and equipment
consumption on several floors and were determined to
be 65% and 30% respectively, reflected in the model.
 The systems in CH use a similar amount of energy
throughout the week, with a similar pattern during the
weekday and weekend day. The heating and cooling
schedules assume low occupancy during weekend
days, but it was clear that systems were still operating
at the standard operation strategy seven days a week.
 The systems were on almost continuously throughout
the day and night at nearly the same baseload. To
replicate this, the heating and cooling set-point
allowed for some night-time conditioning.
 A monthly adjustment factor was introduced to
account for large deviations in measured electricity
use between the months, due to large variations in
measured occupancy levels.
These model adjustments brought the model predictions
closer to the actual energy consumption in the building. A
further refinement of the model was however limited due
to the following:
 Heating and cooling could not be separated as the
VRF systems provide both electrical heating and
cooling, which made it impossible to fully understand
the underlying behaviour of system energy use. In
addition, heating and cooling set-points are set
individually for each room, making it difficult to
represent this behaviour in the model.
 Electrical heating is available through zip taps and in
the showers and could not be distinguished from
measured equipment energy use, but is likely to be a
large contributor to total equipment energy use.
 Material properties were determined during the
walkthroughs and based on previous assessment of the

Figure 2: CH existing and modelled building.

Operational data
Operational data was collected for the case study building,
both for directly comparing built models with measured
energy use and indirectly for informing the model by
identifying typical patterns of use, analysing performance
of systems and other building specifications. Energy use
data at a sub-hourly level was obtained from the metering
system, which disaggregated electricity use per floor for
different end-uses. In addition, Wi-Fi data and swipe card
access data was used to determine occupancy presence
within the building and inform typical use patterns. In
total, around 30 sub-meters were logging data, where any
gaps in the energy management system were captured by
using short-term monitoring.

Calibration and data granularity
Manual calibration rationale
With manual calibration changes made to a model can
should be based on evidence, but this is sometimes
difficult when not enough data is available to justify
making a change to the model. For example, if a large
under prediction of equipment energy use is identified,
there are then several options for changing the model to
align to the measured data. Equipment energy use is
determined by multiple input parameters or even energy
end-uses (i.e. in a real building, this is typically the fan
coil fans, equipment such as laptop and desktops, electric
water heaters, etc.). There is then no basis for changing
one parameter over the other when detailed measurements
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physical structure, but no detailed design
specifications were available. However, a recent
refurbishment introduced internal insulation and
secondary glazing to the building, for which some
detailing is available.
 Labelling of electrical meters for lighting and
equipment were unclear and could therefore not be
disaggregated on each floor, some indications of their
trends were however identified and used as a basis for
the establishing separate lighting and equipment
baselines.
Differences after manual calibration and measured energy
use are shown in Figure 3.

seasonal variation factor per month. Four meta-models
were created, by training them on the variable input
parameters and energy use outputs. These models predict
energy use at different levels of data granularity as
follows:
 Meta-model M1: yearly end-uses
 Meta-model M2: monthly energy use
 Meta-model M3: monthly energy end-uses
 Meta-model M4: monthly energy end-uses plus
typical weekday and weekend day per end-use
A significant amount of data for training the model is
important to ensure accuracy of the meta-model.
However, to avoid overfitting, the dataset was split in
75% training data and 25% test data. In addition, the
dropout regularisation technique was used to ignore
randomly selected neurons during training. The metamodel developed for predicting energy end-uses on a
monthly (and yearly) basis used artificial neural networks
as they outperformed the accuracy achieved using partial
least squares regression. Meta-models were achieving r2
> 0.98 and MAE of less than 1%.
Mathematical optimisation
After training of the meta-models, they are employed for
optimisation. Figure 4 shows the minimisation of three
objectives of yearly energy end-uses, L&P, systems and
gas. After about 300 generations the objectives are
minimised towards zero.

Figure 3: NMBE and CV(RMSE) based on hourly electricity
use (excl. gas) calculated per month, and totals above, orange
line indicates ASHRAE criteria for calibration.

A negative mean bias error indicates that the model under
predicts measured energy use, the graph indicates the
hourly variation per month, whereas the total numbers for
the whole year are given by the values on top of the graph.
In this case, the hourly NMBE for March, April and May
differ by more than 20% where the total hourly NMBE
criteria according to ASHRAE is 10%. All months taken
together, the percentage difference comes down to 17.37%, which falls outside of the criteria. The
CV(RMSE) based on hourly data per month is given on
the right, with the total yearly CV(RMSE) per month on
top as 24%, which is higher than the 15% set by
ASHRAE. On a monthly basis the hourly error is given,
where most are high than 30%. Indicating that some
further calibration would be necessary to achieve a
‘calibrated’ model.

Figure 4: Minimisation of energy between meta-model M1
predictions and measurements for yearly end-uses.

M2 is used to minimise differences between monthly
energy use predictions and measurements. Optimisation
achieved differences of less than <1% CV(RMSE)
monthly, significantly below typical calibration criteria.
However, M3 and M4 predict monthly energy uses,
whereas M4 also predicts energy use for a typical
weekday and weekend day for these end-uses, which are
an additional 24 hours for two days for three end-uses.
Minimisation of energy end-uses for both meta-models
stabilise before reaching zero. Due to the large number of
objectives, it is unable to find a more generic solution to
the problem. For M3, only L&P and some months for
systems energy use were decreasing during the first few
generations. M4 also included the typical days as
objectives for minimisation, but similarly these were not
being minimised. The mathematical optimisation using
meta-models M3 and M4 were not able to minimise their
objectives. One reason could be that there are too many
objectives to be minimised by the genetic algorithm and
therefore it has difficulty in finding input parameter
combinations that improve the fitness and/or the potential

Meta-model development
Meta-models were created based on the inputs and
outputs from 3000 parametric simulations. In total, 85
input parameters were varied, including system
efficiencies, equipment densities for lighting and
appliances and people density in different space types,
parameters that determine when windows are opened,
heating and cooling set-point temperatures, DHW hot
water use, natural and unwanted infiltration rates, and a
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solutions lie available lie outside of the solutions space
that the meta-model is able to predict. Although
uncertainty analysis of the outputs showed that
measurements mostly fall within the solution space with
regards to monthly energy use, a combination of input
parameters might not exist that satisfies better replications
of measured energy use.

predicting specific objectives of, for example M1 will be
less accurate. Even though the initial manually calibrated
base case performed within the calibration criteria, the
optimised meta-models M2 to M4 minimise the
difference between predictions and measurements.

Impact of data granularity
The best ‘individual’ or set of parameters (calibrated
models) was exported for each meta-model (M1 to M4) to
the first-principle software (EnergyPlus), which created
their respective first-principle based model (C1 to C4).
These are compared for yearly energy use, monthly
energy use and monthly energy end-uses in Figure 5,
Figure 6 and Figure 7 respectively. The graphs highlight
the importance of calibrating energy models at a high
level of data granularity when employing automated
calibration.
With manual calibration, it is up to the modeller to
understand how changes in inputs affect the output,
however for automated calibration it is also necessary that
results are analysed at a high level of data granularity,
including end-uses and hourly variation. In contrast, the
automated calibration arbitrarily adjusts parameters to
minimise towards the objectives, therefore C1 is not well
suited at predicting monthly energy use (see Figure 7) and
vice-versa C2 is not well suited at predicting yearly
energy end-uses (see Figure 5).

Figure 7: NMBE between monthly predictions from metamodels (M2-M4), first-principle models (C1-C4) and base case
model (B) against measurements, each boxplot representing 12
data points.

At each level of data granularity, the meta-models
perform better than their respective first-principle models
due to the inherent model error (i.e. accuracy of the metamodel in predicting values). This error is due to the
trained meta-model is ultimately a simplified
representation of the first-principle software. However,
the use of meta-models was essential in order to perform
optimisation, due to run time limitation of the full-scale
building models. This model error is especially important
when meta-models are used in conjunction with firstprinciple model for predicting energy saving measures in
for example retrofit projects.
Finally, typical weekday energy use for L&P and systems
is compared, shown Figure 8. Parametric simulation
included a horizontal offset of the lighting, equipment and
occupancy profiles. The profiles, although adjusted, do
not align more accurately with the measurements, at least
not for the typical day profiles of energy use. The base
case has the smallest error on an hourly basis for the
models C1 to C3, but not so, for C4. This was unexpected
because models C1 to C3 are likely to change on an hourly
basis as their minimisation focusses on a lower level of
data granularity. However, C4 included objectives for
minimising the difference on an hourly basis. As such, the
non-convergence of typical week and weekend days were
due to the limited input variability. In other words, the
input parameters only change in magnitude, whereas the
profiling was allowed to change both in magnitude
change its offset (horizontal positioning in time). This

Figure 5: NMBE between total yearly energy end-uses for the
two meta-models (M1, M3 and M4), first-principle models (C1C4) and base case model (B) and measurements.

Note here that their respective meta-models M1 and M2
are not able to predict these values as they are trained to
only predict their specific objectives. M3 and M4 can
however predict monthly energy end-uses, which
aggregate to yearly energy end-uses or monthly energy
use by taking the sum. As such, M3 and M4 can be seen
as multi-purpose meta-models, although their accuracy in

Figure 6: NMBE between monthly
prediction from meta-models M3 and
M4, first principle models (C1-C4)
and base case model (B) against
measurements, each boxplot
representing 12 data points for the
monthly normalised mean bias error.
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however meant that if the initial shape was not at least
somewhat similar, it would not be able to converge to the
measured energy use profile.

some of the time-intense tasks. As such, automated
calibration was employed by developing meta-models
based on the first-principle model using a genetic
algorithm for mathematical optimisation. It proved to
introduce an extra level of complexity, but decreased the
time needed to run simulations drastically, particularly
useful for large models which take a long time to run. In
terms of effectiveness, the automated calibration process
was found to have some limitations; convergence is not
always guaranteed, analysing retrofit options with the
meta-model is limited to the initial variable parameters
and the meta-model introduces model error when feeding
back calibrated parameters to the first-principle model. It
was also evident that ultimately some form of manual
calibration is necessary to ensure that the initial set up of
the model is a reasonable representation of the actual
situation. It is realised that this manual calibration will
have a significant effect on the final accuracy of also the
automated calibration models, affecting the underlying
differences between calibrating at different levels of data
granularity. Nevertheless, it was evident that using this
higher level of data could only improve a model’s
accuracy. However, ultimately automated calibration or
optimisation can only find calibrated models within the
initial search (possible input ranges) and solution space
(possible outputs), computed during parametric
simulation. When measured data is ‘out of bounds’ of the
predicted solutions space, the optimisation will not be
able to converge at a higher level of data granularity (as
long as input parameters values are within the same
bounds as during parametric simulation). This is
dependent on the base case model and the amount of
variability or uncertainty defined in its input parameters,
increasing their uncertainty will increase the number of
solutions, which will increase the likelihood of
convergence. Ideally, the uncertainty in variables is
limited, a smaller uncertainty implies a higher level of
confidence of the value of occurrence. This means that
initial manual calibration of the base case model is
essential and will largely determine the effectiveness of
the automated calibration process to find calibrated
solutions. Most information on the physical aspects of a
building can be found in the design specifications,
typically collated in O&M manuals. Construction
materials, systems, operational strategies (although not
always implemented), lighting specifications etc. are
described, but actual occupancy, the amount of small
power equipment and when and how people interact with
building systems and components retain much uncertainty
in the modelling process. This was limited by utilising
occupancy data from Wi-Fi and swipe card access,
analysing operational performance and system
characteristics and through building inspection, all of
which are relatively time-consuming tasks. Many
solutions or configurations of input parameters or
scheduling of operational processes can accurately fit the
final measurements, but with an increasing level of data
granularity, the wrong solutions become filtered out.

Figure 8: Electricity use for a typical weekday for L&P and
Systems, comparing measurements with predictions from the
input parameters of the four calibrated meta-models at
different levels of data granularity.

The masking of energy end-use is in particular apparent
for M2 (or C2), which performs well in predicting total
monthly energy use, but not monthly energy per end-use.
Whereas M1 (or C1) accurately predicts yearly energy
end-uses, it is masking underlying monthly energy enduses as shown in Table 2.
Table 2: Average absolute percentage difference for 12 months
between models and measured energy use, as follows:
𝑛

1/𝑛 ∙ ∑

|1 − 𝑚𝑜𝑑𝑒𝑙𝑖 /𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑𝑖 |

𝑖−1

Model
C1
C2
C3
C4

L&P
15
13
9
8

Systems
15
22
10
9

Gas
54
56
53
56

Total
11
4
7
4

Calibration at a higher level of data granularity (i.e.
monthly end-uses) resulted in a 5-13% monthly average
increase of calibration accuracy. This was calculated by
calculating the absolute percentage difference between
measured and calibrated energy use per month for the
different models, and then comparing the total average
between C1 and C2 to C4. On a monthly basis, this is a
significant percentage, exacerbated when manual
calibration does not focus on this level of data granularity,
as was the case in this research. However, it should be
noted that defining the ‘base-model’ or manually
calibrated model prior to automated calibration has a
much more significant effect on model accuracy.

Discussion
The calibration of an energy model is a complex and timeconsuming process, automated calibration can alleviate
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Conclusion
An automated calibration process extended the state of the
art, by utilising meta-model based multi-objective
optimisation to improve the accuracy of a model to
represent a real building. It showed that calibration at a
higher level of data granularity increased monthly average
increase calibration accuracy by 5-13%. However, the
automated calibration process has some major limitations;
convergence when using optimisation is not always
guaranteed, analysing retrofit options with the metamodel is limited to the initial variable parameters and the
meta-model introduces model error when feeding back
calibrated parameters to the first-principle model.
Furthermore, the rigidity of the input space and system
operation is a real limitation within automated calibration,
as such, manual calibration remains an essential part of
the process. Although the parametric simulation did allow
for variation in the schedules for occupancy, equipment,
lighting and heating and cooling, this variation was not
sufficient to allow for the necessary flexibility for hourly.
It remains that extensive knowledge of the building, its
services and operation is key to improving model
accuracy, initial assumptions will have a significant
influence on the efficacy of the automated calibration
process. Wi-Fi data was essential in understanding the
presence of occupants and also helped in establishing the
lighting and equipment load profiles. However, there was
insufficient data available on the performance of the VRF
system. Although electricity for system was collected, it
was unclear how much was used for cooling or heating
and where it was used. This resulting in significant
uncertainty with regards to the operation of this system
and its effect on total energy use.
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