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Abstract

Current model predictive control (MPC) applications
for residential space heating typically rely upon ac-
curate building models, obtained via extensive data
acquisition and/or experts’ knowledge. However, in
the context of older residential buildings, one needs
to rely upon sparse, publicly available data. There-
fore, the aim of this paper is to come up with an
estimate of the parametric uncertainty of building
controller models in case neither detailed informa-
tion about the building thermal properties nor ex-
perts’ knowledge is available. In addition, the im-
pact of this uncertainty on the optimal space heating
strategy is investigated. The results show that the
considered approach gives rise to rather large para-
metric uncertainty. The obtained variation in model
parameters is shown to markedly affect the optimal
space heating control, both in terms of dynamic ef-
fects (i.e., peak demand and timing) and yearly en-
ergy use, thereby indicating the need for improved
data acquisition and/or dedicated control strategies
that operate robustly under uncertainty.

Key innovations

Data-driven, worst case estimation of the paramet-
ric uncertainty of building models based on sparse,
publicly available data.

Practical implications

This contribution highlights that the lack of infor-
mation about the thermal performance of older res-
idential buildings gives rise to non-negligible uncer-
tainty on building energy simulation models and on
controller models derived therefrom. To cope with
this, improved data acquisition and/or dedicated ro-
bustified control strategies are needed.

Introduction

Model predictive control is gaining widespread atten-
tion as an advanced control strategy for residential
heating systems, and heat pumps in particular, since
it can systematically improve thermal comfort with
simultaneous energy and/or cost savings, as well as

enable the provision of services to the rest of the en-
ergy system (Serale et al. (2018); Drgoňa et al. (2020);
Oldewurtel et al. (2010); Avci et al. (2013); Bianchini
et al. (2016)).

The performance of any MPC strategy is dependent
on the accuracy of the mathematical model describing
the thermal loads and the forecasts of disturbances,
such as weather and user behavior. Deviating model
parameters and inaccurate predictions are shown to
result in increased energy costs and comfort violations
if not properly accounted for (Bengea et al. (2011);
Oldewurtel et al. (2010, 2012)). Nevertheless, the un-
certainty on the building model parameters in MPC
is only occasionally explicitly addressed (Oldewurtel
et al. (2010); Maasoumy et al. (2014); Tanaskovic
et al. (2017); Nagpal et al. (2020)). The main rea-
son is that current research often employs accurate
physics-based building models, obtained via exten-
sive data acquisition combined with experts’ knowl-
edge, for which the feedback mechanism of the reced-
ing horizon implementation of MPC offers sufficient
robustness against the small remaining uncertainties.

In contrast, in case of a large-scale implementation
of MPC, a lack of information is plausible, espe-
cially if also the older, existing building stock is in-
volved. In that case, the parametric uncertainty of
the controller model can become non-negligible, and
additional measures might be necessary (Ioannou and
Itard (2015)). However, precisely because of the lack
of information, a scientifically sound characterization
of the building model and associated parametric un-
certainty, as well as an assessment of the impact of
the uncertainty, is a challenging task. In this con-
text, one may opt for statistical, data-driven building
characterization methods (De Jaeger et al. (2021)),
which leverage publicly available data, to generate
high-quality controller models.

Given the aforementioned challenges and trends, the
aim, and main novelty, of this paper is to come
up with a substantiated, data-driven estimate of the
parametric uncertainty when deriving a physics-based
building controller model, to be used in MPC, start-
ing from publicly available data (i.e., location, geom-
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etry and construction year). Since neither detailed,
building-specific information on the thermal proper-
ties nor experts’ knowledge is incorporated, this can
be seen as a worst-case assessment. In addition, this
paper investigates the impact of the obtained varia-
tion in model parameters on the energy demand pro-
file determined by optimal control, and on the re-
sulting yearly energy use, via a Monte Carlo analy-
sis. This is a first step in assessing the importance
of building model parametric uncertainty regarding
MPC performance.

The following research questions will be answered.
RQ1 What statistical variation in the parameters of
a building controller model is to be expected when
merely starting from publicly available data?
RQ2 How does the optimal energy demand profile,
and related to that, the yearly energy use alter for
this variation in building model parameters?

In the next section, the methodology to convert pub-
licly available information into a building controller
model is explained, as well as the set-up of the opti-
mal control problem in which the building controller
model will be incorporated. Subsequently, nine exist-
ing buildings are presented as case studies for which
the parametric uncertainty is determined. Next, the
obtained variation in building model parameters, and
in energy use, is discussed and compared for these
nine dwellings. Finally, the conclusions are drawn.

Methods

Figure 1 summarizes the workflow of the paper.

0. Building address

Location, geometry, construction year

1. Building thermal quality data

Distribution of U-values of external wall, roof, ground floor and

windows, and of window-to-wall ratio

Probabilistic building envelope characterization method

by De Jaeger et al. (2021)

2. Building construction

Set of possible constructions in terms of materials and layer

thicknesses

3. Building controller model

Set of possible RC parameters of reduced order

building controller model

Probabilistic approach to allocate building parameters

by De Jaeger et al. (2018)

Theoretical reduced order RC modelling approach

by Reynders et al. (2014)

Optimal control

4. Energy use

Set of possible optimal energy demand profiles and

associated yearly energy use

RQ1

RQ2

Focus of this paper

Figure 1: The workflow of the paper.

1. Extracting building thermal quality data

To be able to answer the first research question, the
publicly available data need to be transformed into a

building controller model. This can be achieved via
following procedure.

Based on the building location, geometry and con-
struction year (where the latter two characteristics
can be derived from the building address based on
geospatial and cadastral data), information on the
building thermal properties can be obtained with the
help of the probabilistic building envelope character-
ization method developed by De Jaeger et al. (2021).
This method generates distributions of the U-values
of the external walls, roof, ground floor and windows,
as well as of the window-to-wall ratio (WWR), by ap-
plying a quantile regression method on the Flemish
energy performance certificates database, which con-
tains building envelope thermal quality data of Flem-
ish single-family dwellings. The correlations between
the different variables are included by building mul-
tivariate distributions from the distinct marginal dis-
tributions, and by subsequently drawing correlated
samples of the U-values and WWR on building level.
These correlated samples can be seen as possible re-
alizations of a specific dwelling with a fixed location,
geometry and age.

Since this paper focusses on building models to
be used in advanced controllers for residential heat
pumps, only the realizations with a sufficiently low
nominal heat demand1 are considered (i.e., Q̇nom <
15 kW), restricting the considered domain of the ob-
tained distributions.

2. Converting building thermal quality data
to building construction

In order to be able to derive a building controller
model, the obtained U-values and WWR need to be
converted to material layers composing the building
envelope. Following De Jaeger et al. (2018), we de-
rive the building construction, in terms of materi-
als and layer thicknesses, by gradually adjusting an
initial (heavy-weight) construction, representative for
Flemish buildings, with predefined upgrades until the
targeted U-values are reached. More specifically, for
the roof and for the ground floor, these adjustments
imply gradually adding insulation. For the wall, first,
the thickness of the heavy masonry composing the in-
ternal walls is increased up to a maximum value, after
which a non-ventilated air cavity is provided between
the internal and external walls; finally, if needed, an
insulation layer with appropriate thickness is added
between the internal walls and the air cavity. For the
windows, the most appropriate glazing out of a list of
discrete options is chosen.

This conversion process is repeated for the domain of
the distribution of the U-values and WWR obtained
in the previous step, leading to a set of possible con-
structions for a dwelling with a fixed location, geom-
etry and age.

1The nominal heat demand is quantified following NBN EN
12831 (NBN (2017)).
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3. Converting building construction to build-
ing controller model

The building controller model can be obtained based
on the specified construction, by using a theoretical,
physics-based modeling approach. In this paper, the
approach of Reynders et al. (2014) is used, resulting
in a reduced order RC model, with a model structure
as shown in Figure 2.

The model represents a residential dwelling with two
thermal zones: a day zone, consisting of all rooms in
which the occupants are active during the day, and a
night zone, mainly consisting of the bedrooms. Figure
2 shows all states representing the building structure,
being the temperatures – in both zones (indicated by
either ’D’ or ’N’) – of the indoor air, Ti, of the ex-
ternal walls (or of the combination of the external
walls and roof in case of the night zone), Tw, of the
interior walls, Twi and of the floors, Tf . Also the as-
sociated thermal capacities and resistances (same in-
dices) are shown. The windows are not represented by
an individual state, because of their negligible ther-
mal mass compared to the massive building struc-
ture; as such, the resistance Rinf,win not only refers
to the heat losses via infiltration/ventilation, but also
to the transmission losses via the windows and doors.
Also the external boundary conditions are included
in Figure 2, being the ambient and ground temper-
ature. Note that the heat inputs, emitted by low-
temperature radiators, solar gains and internal gains
are not explicitly shown; they are all distributed over
the capacities of all different states by using distribu-
tion coefficients (Reynders et al. (2014)).

The building model RC parameters are related to the
building construction as follows. The thermal capac-
ities, representing the active thermal mass, are de-
termined by the material layers within the insulation
barrier. In line with this, the thermal resistances of
the external walls and ground floor are split in two
components: an internal resistance (index 1) up to,
but excluding, the insulation layer, and an external
resistance (index 2). For the internal walls, the ther-
mal resistance is taken equal to 50% of the total re-
sistance of the wall, since the thermal mass is equally
accessible from both sides. Finally, the UA-values of
the windows and doors are combined with the ventila-
tion and infiltration losses to represent an additional
thermal resistance.

By repeating the model identification for the whole
set of possible constructions, the resulting set of RC
parameters may be interpreted as a statistical char-
acterization of the building controller model.

To summarize the whole conversion process, Table
1 clarifies the relation between the probabilistic U-
values and WWR, and the RC parameters of the
building controller model, illustrating the probabilis-
tic character of the latter.

4. Using building controller model to deter-
mine energy use via optimal control

To understand how the variations in building con-
troller model parameters translate to variations in op-
timal energy use, a Monte Carlo analysis (MCA) is
performed. As such, an optimal space heating strat-
egy is determined for a large set of possible building
controller models that may be representative for a
specific dwelling with a fixed geometry, location and
age.

The formulation of the considered optimal control
problem (OCP), aiming at guaranteeing thermal
comfort at minimal energy use, is shown below.

min
ut

n∑
t=1

((
1T
n · ut

)
·∆t + c · st

)
s.t. Tt+1 = fRC (Tt,ut,dt,∆t) ∀t = 1...n

Tzone,t + st ≥ T zone,t ∀t = 1...n

Tzone,t − st ≤ T zone,t ∀t = 1...n

1T
n · ut ≤ umax,t ∀t = 1...n

where 1n is an all-ones vector of size n

In this OCP, ut represents the thermal power in-
puts delivered by the heating system to the low-
temperature radiators in the day and night zone dur-
ing time step ∆t, in order to keep the temperature of
each zone Tzone,t in between its comfort limits T zone,t

and T zone,t. The imposed thermal comfort require-
ments can not always be satisfied, especially during
mid-season and summer months, when, e.g., over-
heating can occur if no cooling system is present. To
prevent the model from becoming infeasible in these
cases, the comfort constraints are relaxed with the
help of a slack variable st that is penalized in the ob-
jective function at a very high cost c. The heat inputs
are in turn limited by a maximum power bound, taken
equal to the nominal heat demand of the building; as
such, the heating system is assumed to be ideal, with
a 100% efficiency and perfect modulation. The final
important constraint is set by the building dynamics,
determining the temperatures Tt+1 of all states rep-
resenting the building structure based on the building
RC model fRC , the preceding building temperatures
Tt, the heat inputs ut, the disturbances dt (such as
weather and occupant behavior), and the length of
the time step ∆t.

The optimization considered in this paper spans a
whole year, with an additional week for initializa-
tion purposes2. The time step is equal to one hour.
Perfect predictions of the disturbances are assumed,
resulting in a theoretical bound on the performance
that any real controller can achieve3. For the weather

2For the one-week initialization problem, cyclic boundary
conditions are imposed.

3Note that the absence of a receding horizon approach with
closed-loop disruptions is why the considered implementation
is referred to as optimal control, rather than as MPC.
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Figure 2: The model structure of the reduced order RC model, where a residential building is modeled as two
zones (a day and night zone), represented by nine states (adapted from Reynders et al. (2014)).

Table 1: The dependency of the RC parameters on the U-values and WWR, illustrating their probabilistic
character.
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data (i.e., ambient temperature and solar heat gains),
measurement data of the year 2016 of the Vliet test
building of the KU Leuven Laboratory of Building
Physics, located in Leuven (Belgium), are used. For
the occupancy behavior (i.e., internal heat gains and
comfort requirements in terms of setpoint temper-
atures for different zones), profiles characterizing a
four-person household are generated with the help of
the StROBe toolbox of Baetens and Saelens (2016).

Case study

To maximize insight, the statistical characterization
of a building controller model and its subsequent ap-
plication in an optimal control problem is repeated
for multiple dwellings for which the main character-
istics determining the thermal quality (i.e., geometry
and construction year) are sufficiently different.

Nine buildings of varying age (old (<1950), ageing
(1950-1990) or more recent (>1990)) are selected
from the suburban residential areas of the City of
Genk in Flanders (Belgium). For each building type
(i.e., terraced, semi-detached and detached), three
buildings are selected with a varying floor area, rang-
ing from small, over medium, to large. Their main
characteristics are summarized in Table 2.

As a final remark, it should be noted that all build-
ings are assumed to have the same air infiltration rate
of 0.4 h−1; this assumption is based on the fact that,
in case of renovation, the decrease of infiltration is
compensated by the introduction of mechanical ven-
tilation, which is assumed to result in a similar total

air change rate.

For each dwelling in Table 2, 100 correlated samples
of the U-values and WWR are generated, leading to
100 possible building controller models per considered
dwelling.

Results and discussion

In this section, the uncertainty of the building model
parameters derived from publicly available data is de-
termined, together with its impact on the optimal
space heating strategy. Since the different uncer-
tain variables have different orders of magnitude, the
whole assessment is done in terms of the standardized
coefficient of variation (CV)4.

RQ1 - Variation in building model parameters

Figure 3 and 4 respectively show the distributions
of the U-values and WWR, and the resulting set of
RC parameters for the nine considered dwellings; in
order not to overload Figure 4, only the most im-
portant uncertain parameters characterizing the day
zone are shown. To be able to analyze the results,
first, a proper understanding of the uncertainty on
the building thermal properties is needed, followed
by an in-depth assessment of how this uncertainty
propagates into the model parameters.

When comparing the thermal properties of the dif-
ferent dwellings, an interesting trend can be observed
(Figure 3). Because of the imposed cap on the nom-

4The coefficient of variation is equal to the ratio of the stan-
dard deviation to the mean, and serves as a unit-independent
statistical measure of the dispersion of a variable.
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Table 2: Overview of the main characteristics of the nine studied dwellings. The label refers to the building type,
size, and age, and will be used throughout the paper.

label
building

type
[-]

net floor
area
[m2]

protected
volume

[m3]

ground floor
area
[m2]

façade
area
[m2]

roof
area
[m2]

construction
year
[-]

T S O terraced (T) 129 (S) 406 87 80 95 <1950 (O)
T M O terraced (T) 193 (M) 531 97 92 116 <1950 (O)
T L A terraced (T) 244 (L) 844 145 116 161 1950-1990 (A)
SD S A semi-detached (SD) 155 (S) 546 96 171 101 1950-1990 (A)
SD M A semi-detached (SD) 210 (M) 692 105 140 122 1950-1990 (A)
SD L O semi-detached (SD) 275 (L) 742 200 226 154 <1950 (O)
D S A detached (D) 163 (S) 559 94 202 112 1950-1990 (A)
D M O detached (D) 260 (M) 716 139 181 187 <1950 (O)
D L R detached (D) 301 (L) 752 151 167 173 > 1990 (R)

inal heat demand, the total heat loss coefficient of
transmission (i.e., the total sum of the UA-values of
the building), presented in the last plot of Figure 3,
spans approximately the same range for all consid-
ered dwellings (although terraced dwellings can have
slightly smaller heat losses because of the smaller to-
tal loss area). These similar UA-values break down
in small buildings with a large range of admissible
U-values, or in larger, renovated buildings, for which
only the lowest U-values are allowed. Due to this
effect, the nine considered dwellings can also be in-
terpreted as nine cases of increasing confidence about
the building thermal quality. This is confirmed by
Table 3 and Figure 5. Figure 5 clearly shows that
this effect predominantly manifests itself for the U-
value of the external walls (CV 0.30–0.61) and roof
(CV 0.43–0.99). For the U-value of the ground floor
(CV 0.31–0.49), the tendency is less clear, since the
low probability of invasive floor renovations leads to
more similar distributions for all dwellings, which is
confirmed by Figure 3. Also for the windows (CV
0.23–0.30), the difference in uncertainty is less pro-
nounced, since window glazing can only have a lim-
ited number of discrete U-value options; the signif-
icantly lower absolute value of the CV of the U-
value of the window compared to the other U-values,
on the other hand, can be explained by the signifi-
cantly higher average U-value for windows compared
to opaque parts.

The minimal bounds of the CV ranges for all U-
values are of the same order (∼ 0.3) as the values re-
ported in literature for older buildings (Ioannou and
Itard (2015)), and as such, can be roughly consid-
ered as expected values of the uncertainty for existing,
(partly) renovated, heavy-weight dwellings. It should
be stressed that these expected values are worst case
estimates, since the followed approach relies upon
very limited building-specific information.

When converting the U-values of the different con-
struction elements into RC parameters for a partic-
ular dwelling, the uncertainty is affected by the dif-
ferent processing operations. First, the uncertainty

is altered due to the conversion of U-values into UA-
values describing the heat transfer with the surround-
ings. This operation only has an impact in case of a
variable area (i.e., for the external walls and windows
due to the variable WWR); otherwise, the mean and
standard deviation are simply scaled by the same fac-
tor. Next, the split up of the heat transfer by setting
apart the material layers inside and outside the in-
sulation barrier further impacts the CV. Finally, an
inverting operation is needed, since the heat transfer
coefficients are related to the inverse of the R and C
parameters. However, the inverting operation is not
considered here, since it results in distorted distri-
butions with increased skewness due to exacerbated
outliers, thereby making the analysis more difficult.

For the external walls, the CV of the UA-value is
slightly increased compared to the U-value due to the
impact of the WWR, resulting in a variation between
0.31 and 0.62 (see Table 3). The internal resistance
1/RwD1 and the capacitance 1/CwD are hardly im-
pacted by this uncertainty, with a CV in the order of
10−2. This is to be expected, since the large differ-
ences in U(A)-values are mainly attributed to differ-
ent insulation levels of the exterior, whereas the inner
parts don’t change much when converting U-values
to layers and materials with the method of De Jaeger
et al. (2018). Hence, the uncertainty is mainly trans-
ferred to the external resistance 1/RwD2, as can also
clearly be seen in Figure 5. Remarkably, the con-
version from U to 1/R results in an even higher CV
for all nine cases, with values ranging from 0.40 to
0.93. For the analogous resistances and capacitances
in the night zone, similar and even more pronounced
effects are visible, since here, also the uncertainty of
the U-value of the roof is incorporated.

For the ground floor, the uncertainty of the U-values
does not affect the internal resistance 1/RfD1 (CV =
0), since the corresponding material layers, tiles and
screed, are fixed. The external resistance 1/RfD2,
on the other hand, has a mildly varying CV ranging
from 0.22 to 0.32, which is a clear decrease compared
to the CV of the U-value.
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U external walls U roof U ground floor U windows

WWR
Heat loss coefficient

transmission

[-
]

Figure 3: The distribution of the U-values, window-to-wall ratio and heat loss coefficient of transmission for the
nine considered dwellings.

1/RwD2 1/RfD2 1/Rinf,winD 1/CwD

Figure 4: The distribution of the inverse of the most significant uncertain RC parameters characterizing the day
zone of the nine considered dwellings.

Finally, for the windows and doors, the CV of the
UA-value is increased compared to the U-value due
to the varying WWR, resulting in a CV in the range
of 0.35 up to 0.46. This uncertainty is then absorbed
by the resistances 1/Rinf,winD and 1/Rinf,winN , re-
sulting in a CV between 0.14 and 0.21, and 0.14 and
0.22, respectively. This reduction in CV is due to the
fact that Rinf,win does not only account for trans-
mission losses via windows and doors, but also for
infiltration losses, which are assumed to be known.

The key takeaway from the analysis above is the in-
sight in how the uncertainty on the building thermal
properties propagates into the building model param-
eters for the different construction elements. It should
nevertheless be stressed that these insights depend on
i) the underlying input data (being the energy perfor-
mance data of the Flemish building stock), ii) the sub-
sequent processing (being the methods of De Jaeger
et al. (2018) and De Jaeger et al. (2021)), and iii) the
imposed building model structure (being the 9-state
reduced order RC model developed by Reynders et al.

(2014)). In order to further consolidate the presented
results, a more differentiated assessment is recom-
mended, where the uncertainty on the U(A)-values
and derived model parameters is further explored for
different U-value distributions, and for other building
model structures.

RQ2 - Variation in optimal energy demand
profile and yearly energy use

Figure 6 illustrates how the different realizations of
the detached, midsize, old dwelling result in different
energy demand profiles for a particular day (start of
January). The different model realizations entail dif-
ferent estimates of the time constants of the building,
thereby requiring a different heat supply to the radi-
ator system, both in terms of timing, and in terms
of peak demand. The difference in peak demand be-
tween the considered 100 possible dwelling realiza-
tions exceeds 4 kW for the shown 24h-profile.

The yearly energy use for the 100 dwelling realiza-
tions of the D M O case ranges from 9757 kWh to
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Table 3: The coefficient of variation of the U-values and window-to-wall ratio, the UA-values, and the RC
parameters for the nine considered dwellings.
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Figure 5: The coefficient of variation of the U-values
and of (the inverse of) the derived RC parameters for
the nine considered dwellings.

26702 kWh, resulting in a CV of 0.22. For the other
considered dwellings, the CV is higher; their variation
in yearly energy use is summarized in Figure 7.

The substantial variation in resulting space heating
control strategies, both in terms of dynamic effects
and total yearly energy use, is a first indication that
the obtained uncertainty characterization is not ac-
curate enough to be directly used for deterministic
building level control, and that additional data acqui-
sition (e.g., via experts or learning) narrowing down
the range of feasible model parameters, and/or an
adapted control strategy explicitly accounting for the
uncertainty, is needed. This will be further investi-
gated in future research; this follow-up work will first
assess in more detail the impact of the uncertainty
on the MPC performance in terms of thermal com-
fort and cost by considering a closed loop receding
horizon approach correcting for model mismatch by
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Figure 6: 24h-profiles of the indoor temperature TiD

and heat input Q̇D (averaged over 1 hour) for the
day zone for five dwelling realizations of the detached,
midsize, old dwelling; the blue shaded area indicates
the range of solutions spanned by all possible dwelling
realizations.

state updates. Subsequently, it will be investigated to
what extent the detrimental effects can be alleviated
by an adapted, robustified control strategy that is in-
corporating the uncertainty characterization derived
in this paper.

Summary and conclusion

For older residential buildings, a lack of informa-
tion about the building thermal properties hampers
the construction of accurate building simulation or
controller models. As a worst case estimation, this
work investigates the uncertainty if building con-
troller models for model predictive control applica-
tions are derived based on sparse, publicly available
data.
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Figure 7: The distribution of the optimized yearly en-
ergy demand for space heating for the nine considered
dwellings.

The proposed approach first uses the method of
De Jaeger et al. (2018) to determine distributions of
the building thermal properties based on statistical
data of the energy performance of the Flemish resi-
dential heavy-weight building stock. A detailed com-
parison of the results for nine disparate, (partly) ren-
ovated dwellings shows that the proposed approach
results in rather large distributions for the thermal
properties. A coefficient of variation in the order of
0.3 is observed as a minimal bound for all U-values
for all considered dwellings. The uncertainty on the
U-values of the ground floor and windows is found to
fluctuate around the same value, whereas the uncer-
tainty on the U-values of the external walls and roof
can vary considerably.

The obtained building thermal properties are subse-
quently converted into a 9-states reduced order RC
model. Since the exact set of building model param-
eters depends on the imposed building model struc-
ture, the most important takeaway is the insight in
how the uncertainty on the building thermal prop-
erties propagates into RC model parameters, rather
than exact values for the parametric uncertainty. It is
observed that the uncertainty is predominantly trans-
ferred to the external resistances containing the insu-
lation layer; more specifically, for the ground floor and
windows, the coefficient of variation decreases when
moving from U to 1/R, whereas for the external walls
and roof, it increases.

Finally, the derived uncertainty is shown to affect the
optimal control strategy, both in terms of dynamic
effects and yearly energy use, thereby indicating the
need for improved data acquisition and/or dedicated
control strategies under uncertainty; this will be more
detailedly investigated in future research.
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