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Abstract

The present study deals with a calibration of a white-box
Building Energy Model (BEM) by using an optimization
technique. The studied building is a multi-residential
building which consists of 41 apartments having from 1
to 3 bedrooms. The energy consumption data are collected
by digital meters installed for each building apartment. As
the calibrated energy model will be used for the purpose
of energy load prediction as well as for fault detection and
diagnosis (FDD) at building and apartment levels, the
energy model considers many parameters. Even after a
reduction step, i.e., selecting the most influent parameters
by a sensitivity analysis (i.e. work presented in a separate
paper: Part | — Cluster-Based Sensitivity Analysis), the
total number of parameters for the optimization-based
calibration is still large. Moreover, the white-box energy
model simulation is quite expensive in terms of
computational time. Therefore, the meta-modeling
technique (e.g., Radial Basis Function network, Kriging
model) is employed to reduce the computational cost of
the white-box energy model simulation. The evolutionary
algorithm, implemented within the Cenaero’s in-house
design space exploration and multi-disciplinary
optimization platform, called Minamo, is used to figure
out the global optimum of the constrained optimization
problem.

Key Innovations

e A white box energy model of a multi-residential
building is calibrated by using an optimization
technique.

e Evolutionary algorithm is used for the optimization
with the assistance of a meta-modeling technique.

Practical Implications

In case of white box energy model calibration, different
types of parameters of building energy model should be
considered, e.g., physical properties parameters and
occupant related parameters.

Introduction

Today, building performance simulation can be found in
different applications. The dynamic simulation approach
is often used to evaluate the building energy performance
at design stage of a new construction. This numerical
technique can also be used by energy audits to estimate
the potential energy savings from retrofit measures or
from changing building operation strategies (Monetti et

al., 2015). Its application is also found in building
commissioning activities or to detect and to diagnose
building system failures and/or anormal operations.

In the framework of the TPEE project, co-financed by
Thomas & Piron Batiment and the ERDF (European
Structural and Investment Funds Regulations) 2014-2020,
an energy toolbox is developed for multi-residential
buildings ~ which are  both  simulated with
OpenStudio/EnergyPlus and 10T equipped, to forecast
their energy needs and to detect and diagnose faults in
their energy systems. To do so, the building energy model
must be calibrated accordingly. As the building energy
model is based on more than 1200 parameters, a
preliminary step consists in applying a sensitivity
analysis, to identify the most influent parameters on
which the calibration should focus (the sensitivity
analysis work is presented in a separate paper: Part | -
Cluster-Based Sensitivity Analysis). The objective of a
BEM calibration is to obtain a numerical model as close
as possible to the real building and/or system. The main
steps of a calibration process are the following (Li et al.,
2018):

Produce a calibrated simulation plan.

Collect data.

Input data into simulation software and run model.
Compare simulation model output to measured data.
Refine model until an acceptable calibration is
achieved.

Different methods could be used to perform building
energy model calibration including manual calibration,
and automated calibration. The optimization-based
calibration belongs to the category of automated methods.
This kind of method is recently becoming more common
in calibration applications (Monetti et al., 2015). While
the manual calibration refers to the manual adjustment of
the building energy model inputs, by comparing
numerical simulation outputs and the actual measured
data, according to the professional knowledge to
minimize the discrepancy between the numerical model
and the real building, the optimization-based calibration
takes the building energy model calibration as a
mathematical optimization process, and automatically
tune the model input parameters according to certain
constraints to minimized the difference between
simulated value and measured data.

According to Fabrizio and Monetti (2015), optimization-
based calibrations are usually built on the coupling
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between a building simulation software (e.g., EnergyPlus
(Crawley etal., 2001), TRNSYS (Klein, S.A. etal, 2017),
etc.) and an optimization program which employs
optimization  algorithm.  The  optimization-based
calibration could be performed with (O’Neill et al., 2012)
or without (Larochelle Martin et al., 2019; Monetti et al.,
2015) the assistance of a meta-model. Monetti et al.
(2015) applied an optimization-based approach for
calibrating a building energy model by coupling
EnergyPlus (Crawley et al., 2001) and GenOpt (Wetter,
2001) which acted as an optimizer. The optimization-
based calibration was conducted on a test building (total
gross floor area of 162 m?) for a short-term monitoring
period. The method was applied to a detailed dynamic
building energy model rather than to a simplified building
model. As recommended by the authors, this automated
approach was preferred to a manual approach for the
possibility of including a higher number of parameters
and changing simultaneously more than one parameter. In
another study (Li et al., 2018), the residential building
thermal performance model was also calibrated by
coupling a building energy simulation software, i.e.,
TRNSYS, and an optimization program, i.e., GenOpt. The
calibration process within the mentioned study was
divided into two steps according to two categories of
building calibration parameters which are:

e Physical properties parameters: these parameters are
constant physical parameters, relatively stable values
over a period of time and will not change with
occupant behavior fluctuation.

e Occupant behavior related parameters: these
parameters are highly correlated with the occupant's
behavior and fluctuate with the change of occupant’s
behavior at different times of the day.

For this so-called stepwise calibration method, the

physical properties parameters were firstly calibrated, and

then the occupant behavior related parameters. For the
step of tuning building physical parameters, the authors
suggested that the influence of occupant behavior related
parameters should be excluded. Indeed, during the period
from 00:00 am to 5:00 am, most of the people in the
residential buildings are in sleep state, and the variation
of building energy consumption caused by occupant
behavior tends to be stable. Therefore, the building energy
consumption data within this period can be used to
calibrate the building physical parameters. Afterward, the
occupant-related parameters will be adjusted to finish the

Building Energy Model (BEM) calibration. Another

stepwise calibration method was also employed by Lam

et al. (2014) for matching energy use between a BEM and

a 2-story 2 262m: office building. For this study, the

authors present different steps for calibrating an

EnergyPlus whole building model as follow:

o First, the design-case occupancy schedules will be
replaced by the “real” or “learned” occupancy
schedules generated from a data mining study.

e Then, the interior/exterior electric equipment will be
calibrated using an inverse calibration procedure.

e Finally, the HVAC system parameters and control
were calibrated.

As noted by the authors, HVAC systems should be
calibrated after other input parameters and systems are
calibrated, because most of these inputs will influence the
HVAC system performance. An optimization-based
calibration assisted by meta-models is carried out by
Zheng and Eisenhower (2013). The research obtained
satisfactory results for calibrating a BEM of a two-story
office building (with a gross area of approximately 3 437
m?) based on the total electricity consumption of the
building.

From the literature review, the calibration in general and
the optimization-based calibration in particular, have been
often carried out for commercial buildings, public
buildings or single-family buildings, few research focus
on the BEM calibration of a multi-residential building.
Within this study, the main elements of an optimization-
based calibration of a multi-residential building, which
consists of 41 apartments, having from 1 to 3 bedrooms,
will be presented. The calibration process will be carried
out with the assistance of a meta-model (also called
surrogate model).

A complete calibration procedure would consist in tuning
different kinds of BEM parameters (e.g., building
physical  properties, occupant behavior related
parameters, HVAC system and control parameters, etc.)
in one or several steps for bridging the gap between the
numerical model and the real building in terms of thermal
comfort and energy consumption. The current paper will
serve as an introductive presentation of BEM calibration
by adjusting only a group of parameters identified as the
most influencing on the heating energy consumption of
building apartments. Indeed, The complete building
model consists of about 1200 parameters. Considering
that within the duration of the TPEE project, the
calibration step will be iterated regularly (to perform fault
detection and diagnosis algorithms on a regular basis), it
is important to reduce the computation time, and so the
number of parameters to be calibrated. Therefore, the first
part of the calibration methodology consists in a
sensitivity analysis (details are available in the first part
of the paper: Part | - Cluster-Based Sensitivity Analysis),
to determine the parameters to focus on for the second part
of the methodology, which is the calibration. The present
paper details this calibration step of the parameters that
most influence the heating energy consumption of
building apartments (i.e. setpoint temperature, infiltration
design flow rate, design radiator power). Later in the
TPEE project, the building energy model will also be
calibrated on the electricity consumption and thermal
comfort. The quality of the calibration process will be
evaluated by comparing the heating consumption of each
apartment for the real building and the numerical model.
At the time of this study, the heating consumption data
were not available for all apartments of the building,
therefore only a group of apartments whose measured
data are available, are studied.
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Within this study, EnergyPlus will be used for building
energy simulation while Minamo (Sainvitu et al., 2010),
i.e., Cenaero’s in-house design space exploration and
optimization platform, will be used as the optimization
software. For BEM calibration study, the objective
function of the optimization problem is always the
difference between measured data and simulated ones.
The quality of the calibrated model is then evaluated by
two statistical indices, i.e., NMBE (Normalized Mean
Bias Error) and Cv(RMSE) (Coefficient of variation of
the Root Mean Square Error). The NMBE measures how
closely simulated data correspond to monitored data and
can be computed by the equation (1):

1N
_Z (S._M.)
NMBE = Mt — = (1)
— N .
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Where

e M; is the measured value of it point

e S is simulated value corresponding to the i point.

e N isthe number of measured points

The closer the NMBE value is to zero, the better. Due to
error compensation effect (positive and negative values
contribute to reduce final NMBE), the NMBE is not the
only index to analyze the goodness-to-fit of the calibrated
model. It is often associated with the analysis of
Cv(RMSE) which is calculated by the equation (3):

N(s.—M;)2
Cu(RMSE) = % [HLEM” 3)

According to the ASHRAE Guideline 14-2002, the
acceptance criteria for a BEM calibration are:

e NMBE < 5% and Cv(RMSE) < 15% for monthly data
calibration

e NMBE < 10% and Cv(RMSE) < 30% for hourly data
calibration

Surrogate-Based Optimization within Minamo

The Cenaero’s in-house multi-disciplinary optimization
tool, Minamo, relied on a genetic algorithm. The latter is
a class of mathematical optimization approaches that
imitates natural biological evolution in which the process
of inheritance, mutation, selection, and crossover is
utilized to determine the best solution. The likelihood of
converging to a suboptimal solution (local minima) is
reduced in this method because the search considers a
population of solutions and not a descent along a gradient
(Eisenhower et al., 2012). This explains why this kind of
algorithms requires a large number of function
evaluations. Moreover the optimization using whole-
building energy model is often challenging due to the
computationally expensive nature of the simulations as
well as discontinuities that are often found in the cost
surface (Wetter & Wright, 2003). As a result, an
approximation of the function to be evaluated, called a
meta-model (or surrogate model), is often used rather than
the function itself in order to circumvent this issue. This
approach, called Surrogate-Based Optimization (SBO),
consists of several major components as shown in Figure
1.

e DoE (Design of Experiments) generation: This first
step consists in randomly generating a set of points
(each point (or individual) represents a set of
optimization parameters or variables) sufficiently well
distributed in the design space, illustrated by the blue
circles on the Figure 1.

e DoOE evaluation: The objective function and the
constraints, which are denoted respectively fand g, are
then evaluated in each of these individuals. The
evaluation outputs constitute a database which is used
in order to build f and § meta-models of the objective
function and of the constraints which can be evaluated
at low computational cost.

e Meta-model training: different meta-modeling
techiques could be used to build subtitution models of
the objective function and of the constraints.

e A Genetic Algorithm (GA) is then applied to the new
optimization problem whose objective function and
constraints are f and g. The best individual(s)
obtained, represented by the orange circles in Figure
1, are then evaluated by means of the real function f
and the real constraints g and are added to the initial
database created during the DoE evaluation step. The
iterative enrichment of the initial database makes it
possible to improve the quality of the meta-models
which will therefore become more accurate from
iteration to iteration (so-called online process). During
each iteration, we therefore proceed with the
optimization of new meta-models as well as with the
evaluation and addition to the database of the best
individual(s). This process is repeated until the stop
criterion is reached. This is usually a number of
iterations set in advance.

As explained above, when optimizing the meta-model, the

best point(s) obtained can be added to the database. When

several points (usually two) are simultaneously added to
the database, this is called a "multi-point" strategy

(Beaucaire et al., 2019). We will use this strategy to

accelerate the convergence of the optimizer towards the

admissible zone where all the constraints are respected.
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Figure 1: Diagram of meta-model-assisted optimization
implemented in Minamo.

For the current study, the function objective of the
optimization problem is defined by the equation (4):
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f = S."[(NMBE)? + (Cv(RMSE))?]  (4)

Where Ngyt is the number of apartments which are
considered for the calibration. NMBE and Cv(RMSE)
calculated for each apartment are considered as
optimization constrains with upper bounds are of 5% and
of 25%, respectively. As NMBE could be negative, its
lower bound is set to -5%.

Sampling techniques

The design of experiments is the sampling plan in the
parameters design space. This is a very important
ingredient of the SBO approach, especially when the
function evaluations are computationally expensive,
because it must gather as much information as possible.
The qualities of surrogate models are mainly influenced
by the choice of these initial sample points. The challenge
is in the definition of an experiment set that will maximize
the ratio of the model accuracy to the number of
experiments, as the latter is severely limited by the
computational cost of each sample point evaluation
(Sainvitu et al., 2010). Various DoE techniques are
available in Minamo allowing an efficient and systematic
analysis of the design space. Besides classical space-
filling techniques, such as Latin Hypercube Sampling
(LHS), Minamo’s DoE module also offers Centroidal
Voronoi Tessellations (CVT) and Latinized CVT
(LCVT).

Figure 2: Example of DoE generations using different
sampling methods (from left to right: LHS, CVT, LCVT).
Figure 2 presents three samplings generated by three
different DoE techniques being available in Minamo. The
LCVT strategy (far-right diagram) allows a better
distribution of points, by combining the advantages of the
two previous methods. The last sampling technique is
then used to generate the DoE for the current study.

Meta-modeling techniques

Different approaches are available in Minamo for creating
a meta-model, defined for all points in the design space,
from a set of points evaluated by the true objective
function and its constraints. For this study we will
consider two different surrogate models which are
interpolation methods, i.e., the auto-Tuned Radial Basis
Function (TRBF) network and the Gaussian Process
Regression (or Kriging model) (Beaucaire et al., 2019).
RBF meta-models are linear models expressed as follow:

§(x) = X wih(llx — ¢l 07) ®)
Where n is the number of points in the database, the meta-
model 7 is defined as a linear combination of n radial
basis functions, w; are the weights, h is called the hidden
unit function or the basis function, c¢; and o denote,
respectively, the centers and the widths of the basis
functions. The parameter o is controlling the smoothness

of the interpolation. The objective of the meta-model
training step is to find the weights w; minimizing the error
between the real outputs and those predicted by the
model.

The mathematical form of a Kriging model is expressed
as follow:

) = plx) +Z(x) (6)
where x is an m-dimensional vector (m design
parameters). The “global trend” H(X) approximates
globally the design space. The second term of the
equation above, Z(x), represents the local deviation from
the global trend. More details about Minamo’s surrogate
models could be found in Beaucaire et al. (2019).

In Minamo, the reliability assessment of a surrogate
model is performed through a Leave-One-Out (LOO)
cross validation (Meckesheimer et al., 2002). In order to
assess the reliability of the approximate model at each
design iteration, the correlation coefficient or Pearson’s
coefficient R is calculated by using the Leave-One-Out
cross-validation technique. The correlation coefficient is
computed by the following equation:
n¥icy fivi=Xis fiXieq Vi

I - 0 3t v~ )
Where fi and yi (i=1, .., n) denote respectively, the real
values and the predicted ones for the n sample points. R
always takes a value between -1 and 1 and measures the
degree to which two variables are linearly related. A value
of R = 1.0 indicates a perfect fit. During the optimization
process, it is important to monitor the quality of the
surrogate models.

Building energy simulation & calibration
parameters

The building studied in this paper is a new multi-
residential building, located in Belgium, composed of 41
apartments (including one triplex) having from 1 to 3
bedrooms. The heat production for space heating and
domestic hot water (DHW) preparation is ensured by a
central gas boiler of 160 kW. Two thermal storage tanks
with a total volume of 1.5 m?® are used as buffers between
production and consumption of DHW. Each building
apartment has been equipped with an individual double
flow controlled mechanical ventilation system. The
building 3D sketch is shown in Figure 3

R= ()

Figure 3: 3D sketch of the studied building.

As real local weather data are not available at the time of
the study, typical meteorological year data are therefore
used for building energy simulation and so the calibration
process. Moreover, only a group of apartments (i.e., 16
apartments) will be chosen to perform the BEM
calibration instead of all 41 appartements due to the lack
of measured data. The BEM calibration performed
winthin this study is only relied on the apartment heating
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energy consumptions, which are obtained by digital
meters installed within building apartments. Only three
parameters (per apartment) related to heating energy
consumption (identified from sensitivity analysis step
presented in Part | — Cluster-based Sensitivity Analysis)
will be tuned to obtain the calibrated model. As three
parameters will be adjusted for each apartment by
calibration process, this makes a total of 48 parameters to
be simultaneously tuned by the optimizer. The calibration
is performed for a short period of one week. The three
parameters to be tuned for each apartment during
calibration process are:

e Heating setpoint temperature schedule

o Infiltration design flow rate

o Nominal heating power of radiators

For this study, the daily schedule of heating setpoint
temperature would be the same for different days for each
apartment and could be graphically presented as in Figure
4. What would be adjusted of this schedule is the setpoint
higher value (Thigh) corresponding to heating setpoint
temperature between 7:00 am and 10:00 pm. This value
will vary between 15°C (lower bound) and 24 °C (upper
bound) during the calibration process.

O 251 ~---upperbound-——
: I
-lg 20 Thlgh
V
g- Tlo l Tlow
w

Iq—J 15 lower bound

10— T T ‘

0 7 22 5
Time [h]

Figure 4: Heating setpoint temperature schedule of the
apartment

In an EnergyPlus model, the infiltration design flow rate
is a schedule-based parameter. For the current study, a
constant averaged value of this parameter is considered to
be tuned for the calibration process. The value of
infiltration design flow rate for each apartment will be
varied from 0.001 to 0.1 m%/s. A large variation of this
tuning parameter is considered for taking into account the
natural ventilation which is potentially caused by large
openings (e.g. window, door) of the apartment. Regarding
design radiator power, the heating design capacity per
floor area is considered varying from 40 W/m? to 100
W/m?2,

Results & discussion

Two SBO processes, based on a DoE of 100 points using
LCVT method as sampling technique and considering
NMBE and Cv(RMSE) criteria in their optimization
specifications, were performed for the BEM calibration
for this study. One is based on a TRBF meta-model and
the other one is based on a Kriging meta-model. Two-
phases optimization procedure, which performs first 50

iterations (SBO iteration is described in Figure 1) with
one point evaluated per iteration and then 50 iterations
with a multi-point strategy (i.e., two points evaluated per
iteration), were applied for both processes. The BEM
calibration results were found very similar (almost
identical) for both SBO strategies. Hereafter, the results
obtained by SBO with a TRBF meta-model are presented
and discussed.

Quality from 'Leave-one-out' method on objective function
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Figure 5: Quality of metal-model (TRBF) representing
the objective function at the end of the SBO process.

The quality of the surrogate model (TRBF) which
represents the objective function, expressed by the
equation (4), evaluated at the end of SBO process is good.
The Pearson coefficient value obtained by LOO cross
validation procedure for this surrogate model is of ~ 0.94
as shown in Figure 5.

Table 1: Values of NMBE and Cv(RMSE) before and
after calibration.

Apartment NMBE Cv(RMSE)

Before After Before After
A01 -65.1 -2.6 66.3 17.2
A02 60.3 -3.4 61.9 17.7
All 51.4 -5.6 77.6 61.4
Al2 41.2 -5.8 44.3 21.0
Al3 33.5 0.8 43.4 33.3
Al4 44,1 -6.6 45.2 23.8
Al5 475 5.6 54.6 38.7
BO1 29.1 35 61.8 61.9
B02 53.9 3.1 67.2 48.4
B11 20.4 5.6 29.4 35.8
B12 71.8 -1.7 73.3 25.9
C02 52.3 -0.5 67.1 48.4
C13 -31.5 6.1 58.9 62.5
C23 55.9 -5.2 84.7 70.4
C24 60.2 -6.4 81.2 57.7
C32 44.6 -8.8 71.2 53.6

By using the meta-modeling technique, the computational
time for GA-based optimization process could be
substantially reduced. Within the current study, about 250
evaluations of BEM are initially performed during DoE
evaluation step to create its meta-model. As each
evaluation takes about 10 mins/CPU, this DoE evaluation
process (cf. Figure 1) takes in total ~6 hours with a bloc
of 10 CPUs. The GA-based optimization applied to the
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meta-model is very fast and does not take a lot of time.
However, the results obtained by this step have to be
evaluated with the real BEM (10 mins/evaluation), and
this happens for 100 times (i.e. 100 iterations) for the
current study. Therefore, the optimization phase take in
total ~18 h. The sum of two these processes is of 24 hours.
With the same GA parameters, i.e. the number of
generation of 100 and the population zize of 200, the
number of BEM evaluations which has to be done for the
optimization without meta-model is of 20 000
evaluations. With a blocs of 10 CPUs, these evaluations
will last for ~333 hours.

Table 1 presents the value of NMBE and Cv(RMSE)
before and after calibration. These statistical indices were
computed based on the daily heating consumption data,
obtained by building energy simulation and from digital
meters, of each apartment during the calibration period
(i.e., from 2020-01-13 to 2020-01-19). The absolute
values of NMBE vary between 0.5% and 8.8%. The
maximum value of absolute NMBE situates between 5%
and 10% which are respectively NMBE upper bound for
hourly and monthly calibration according to ASHRAE
Guideline 14-2002. These acceptable NMBE values for
daily calibration for all studied apartment could be
illustrated by Figure 6. Within this figure, the sum of
heating consumption during one week computed by the
default BEM (in blue) is vastly different compared to the
real total heating consumption of the apartment (in
orange). After calibration, the total heating consumption
obtained by numerical simulation (in green) are very
closed to the measured data for all studied apartments.

B after calibration
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s measured

1254
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Figure 6: Weekly (or total) heating energy consumption
of all investigated apartments.

Regarding Cv(RMSE), the value is lower than 25% for
some apartments and higher than 25% for some other
apartments (cf. Table 1). For the value higher than 25%,
the calibration quality will be considered as not good for
daily scale. As it can be found in Figure 7, daily heating
consumption obtained by calibrated model follow quite
well the measured data of the apartment A01, for which
the calculated Cv(RMSE) is of 17.2%. In Figure 8, The
mismatching in terms of heating consumption between
calibrated model and the real building data is more
important for the apartment C23 whose Cv(RMSE) is of
70.4%.
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Figure 7: Daily heating energy consumption of
apartment AOL.

Indeed, with the current tuning approach, i.e., identical
heating setpoint temperature schedule and identical
infiltration design flow rate for different days of
calibration period, the BEM cannot be well calibrated for
the apartments whose heating consumption data are too
dispersed. Figure 9 presents the data distribution for daily
heating energy consumptions which are obtained by
digital meters. For each apartment, the data are distributed
into 4 groups (so-called quartile groups), 25% of data are
placed in each group. The lines dividing the groups are
called quartiles. Taking the apartment C23 as an example,
the maximum and the minimum values are 1 and 35 kWh,
respectively. 50% of data for this apartment are below 18
kWh and 50% above. Basically, the apartment with a
large difference between maximum and minimum values
of daily heating consumptions are hard to be well
calibrated by the current tuning approach. Another
additional observation is that the apartment with an
extremely low minimum value of daily heating
consumption, e.g., C24, C32, C13, B02 and C23, cannot
be well calibrated neither. In addition to the limitations
above, the use of standard weather data (i.e. Typical
Meteorological Year) for BEM calibration probably make
it hard to get a good calibrated model.
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Figure 8: Daily heating energy consumption of
apartment C23.
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Figure 9 : Data distribution for daily heating
consumption.

Conclusion

This paper presents the second step of a general
calibration methodology. The first step of this
methodology is a parameter sensitivity analysis, whose
objective is to identify the most influencing parameters on
the building energy consumption. The details of the
sensitivity analysis step are presented in a separate paper
(Part 1 — Cluster-Based Sensitivity Analysis). This paper
focus on the usage of an evolutionary algorithm
optimization for doing the BEM calibration of a multi-
residential building. The optimization was assisted by a
meta-model. Two different meta-models which are the
TRBF network and the Kriging model were considered
within this study.

Due to the lack of measured data, only a group of 16
apartments, instead of all 41 apartments of the building,
were considered for the BEM calibration. The BEM is
calibrated for a short period of one week based on the
daily heating energy consumption collected by digital
meters installed for each apartment. By using
optimization-based calibration, the performance gap
between building energy model and real building is
reduced. The computation cost is sustantially reduced
thanks to the assistance of surrogate-models whose
quality, evaluated by LOO cross validation technique, is
good. However, the current tuning approach presents a
limitation for obtaining a good Cv(RMSE), which is an
important statistical index for evaluating the BEM
calibration quality, when the measured data are dispersed.
This could be explained by the fact that the variation of
hourly setpoint schedule between different days is not
considered in the current paper. Another tuning approach,
or even a dynamic optimization, should be considered for
taking into account the variation of schedule-based tuning
parameters for improving the calibration quality. Another
limitation is that the calibrated BEM was not validated for
a test period out of the calibration week.A complete
calibration procedure should be carried out with all
important parameters selected from the sensitivity
analysis which is presented in the first part of this study
(Part | — Cluster-Based Sensitivity Analysis). Later in the
TPEE project, the building energy model will also not
only be calibrated on the energy consumptions (electricity

consumption and heating energy consumption) but also
on the building thermal comfort. The calibrated BEM
should be also validated by using additional data which
are not used for the calibration.
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