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Abstract

The main objective of this study was to validate an easy
to use in-situ measurement protocol for a dynamic co-
heating test. Indeed, regular co-heating test are not
always suitable for the construction sector (mainly due to
its duration). To achieve this, a significant number of
measurements would have been necessary, under multiple
conditions (climate, building types, protocols). As this
was not practically feasible, simulations were used to
produce virtual experiments, allowing the analysis of a
wider variety of datasets than if real data would have been
needed. Despite the limitations of such simulations, e.g.
limited infiltration and thermal bridge modelling, the in
situ measurement protocol CoDy was successfully
developed and validated with actual in situ measurements.

Key Innovations

Envelope measurements performance protocol :
o reliable, short and easy to install
o applicable for externally insulated house

Practical Implications

Building simulation have been used to develop CoDy, a
new dynamic co-heating test to measure the heat loss
coefficient (HLC) of a building. In this study, a simple
simulation software was used (CAPSOL). Despite its
limitations, it allowed the development of a protocol
applicable in the field, as demonstrated by real in situ
measurements (not discussed in this paper).

Introduction

In order to achieve carbon neutrality in the construction
sector, as targeted by the Energy Performance of
Buildings Directive and the Green Deal, the need has
arisen to estimate the energy performance of a building
during the design phase but also to verify its actual as-
built energy performance. The actual energy performance
of buildings is determined by the combined performance
of the building’s envelope, its services, and its users.

In the present work, we focus on the building’s envelope.
The actual envelope performance can potentially differ
from theoretical values due to many factors, including
quality of execution, thermal bridges, and wind-washing.

The heat losses through the building envelope can be
measured and summed up in a single coefficient: the heat-
loss coefficient or HLC [W/K]. It includes losses both due
to transmission and infiltration.

The HCL can be measured by performing a "co-heating"
test, the principle of which is very simple. Using an
electrical heating system, the building is maintained at a
temperature above the external temperature. The heat loss
coefficient is directly derived from the total heat input and
the mean inside-outside temperature difference. Although
currently in the process of being standardized, this test
hasn't been widely adopted in the construction sector,
mainly due to its duration: typically, two to three weeks
are needed to yield accurate results.

Shorter protocols are available e.g. ISABELE (Thébault
and Bouchié, 2018) and QUB (Mangematin et al., 2012)
protocols. These are based on different ways to collect and
analyse data. The CoDy protocol presented in this study
is comparable to the ISABELE protocol developed and
published by CTSB but is adapted to externally insulated
house, the typology most representative for a new Belgian
construction.

The following paragraphs explain the main steps of these
protocols, i.e., 1/ data collection and 2/ data analysis. The
main characteristics of these two steps are specified for a
co-heating test, the ISABELE and the QUB method.

Methods

HLC is the result of a test done following a protocol. A
protocol is a combination of a data collection process and
a data analysis process.

During the data collection, there are two main ways to
heat the building:

e Stationary: by thermostatically controlling the
temperature inside the building,

e Dynamically: by periodically varying the heating
power.

To analyse the data collected, in this paper, we apply the

following analysis methods:

e Linear models,

o Autoregressive with exogenous input models (ARX),
e State space models (RC network) solved using

differential equations.

The degree to which the collected data reflects the actual
building's characteristics depends on the building
typology and the applied methodology for data collection.
The ability to explicitly extract these characteristics from
the data depends on the applied analysis method. Hence,
the needed duration of the test depends on the building
typology, the applied data collection, and the applied
analysis method. The following table gives a short
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overview of the main characteristics of the protocols
mentioned in the introduction.

Table 1: Main characteristics of published protocols.

Ch -
e.are'ic Co-heating ISABEL QuUB
teristics
Duration 2 weeks 4 days 2 days (night)
Data acquisition | Stationary Dynamically Dynamically
. Li
Data analysis |ne§r RC network RC network
regression
Domestic
scale Internally
Typology detached |n;gLeist§d Not specified
buildings

The following sections details the methodology used to
develop the CoDy test, an easy-to-use protocol for the
construction sector (reliable, short and easy to install) for
the targeted typology, i.e. externally insulated houses.

The need to test a wide range of data collection processes
make on-site physical measurements difficult and time-
consuming. Numerical simulations provided a useful
alternative, especially as this allowed different protocols
to be tested under identical circumstances.

The figure below summarizes the 4 main steps of the

methodology, which will further be detailed in the
following paragraphs.

1. To test different data collection processes, different
excitations (heating curves) were simulated on 3
buildings, over a period of 60 winter days.

2. To test different data analysis processes, virtual data
subsets (extracted from the 60 days) were analysed
with different mathematical models to calculate the
HLC.

3. Then, each protocol was evaluated based on its
accuracy and reproducibility.

4. Finally, the best protocol was applied on 6 real
buildings, to validate it.

[ Heating HH l” L\”‘! N
‘\ excitation ¥ W M '
1— x
( Base Regulation High level
Typol
“ vpology model level insulation insulation
— X
‘ Duration 2 days 5 days 10 days
2 < X
Mathematic Linear  ARX ODE  SDE
_ model
3 | Protocols selected based on accuracy and reproducibility
4 { Application on real building

Figure 1: Methodology
Data collection using simulations
The following section explains the 3 virtual building
models implemented and the 3 excitations (heating

curves) tested. These models were created with CAPSOL
and were simulated during a winter period of 60 days.

The modelled building was based on an experimental
building located on the BBRI site. On the one hand, this
ensured the model was realistic, and on the other hand,
this allowed real measurements to be used to benchmark
the quality of the CAPSOL model.

As shown in the figure below, the building represents a
one storey residential building, with 3 bedrooms, kitchen,
bathroom and living room (+/- 225 heated m?). Floor and
ceiling are in contact with unheated spaces (ventilated
cellar and attic).
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Figure 2: Layout of the multizone CAPSOL model of the
experimental house.

This building is quite old, and thus two other models were
developed, in which wall composition and infiltration
rates were modified to represent more recent buildings. In
the first variant, thermal properties were modified to
barely meet the Belgian EPB regulations, while the
second variant easily exceeds them. The average U-values
and infiltration rates for all 3 building models are given in
the following table.

Table 2: Characteristics of simulated models

Typolo Average U-value n50
ypology [W/m2K] [1/h]
Base model - X2 0,63 375
Regulation-level
insulation - PEB 0,45 12
High level
insulation - HPE 0,33 06

The infiltrations have been modelled as a constant air
change rate depending of airtightness indicator (n50).

During an in-situ measurement, all intended ventilation
openings must be closed or sealed, and internal lights and
appliances must be switched off. Consequently,
ventilation losses and internal heat gain were set to zero
in the CAPSOL models.

The exterior climate was based on the on-site weather
station during the winter of 2017-2018. This data included
exterior temperature, diffuse and direct solar radiation.

The 3 typologies were also simulated without any solar
gains. Through this theoretical configuration, the
disruptive impact of the solar heat gains during the data
analysis could be assessed.

The heat input in these models is regulated according to
the excitation that is being executed. Based on the
literature (Thébault and Bouchié, 2018; EBC Annex 58;
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Jack; Godfrey,
excitations were tested:

1980)), the 3 following types of

Pcst: For this excitation, the heating power is maintained
at a constant level during the whole test.

PRBS: In this excitation the heating input is controlled by
a PRBS signal (Godfrey, 1980). This has 2 consequences:
firstly, the heat input is randomly determined to be either
100% or 0% at any moment, in such a way that the
building is only heated 50% of the time. Secondly, the
heating power is fully uncorrelated, both from the exterior
temperature and previous heating inputs. According to the
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literature, this should result in lower uncertainty on the
identified HLC during the data analysis. Multiple variants
exist for this signal. 3 have been tested in this study.
ON-OFF: In this excitation the heating system is turned
on at 100% during the first 48h of the test and is then
turned off for the following 48h.

The available heating power was adapted to the
particulars of each case study and each excitation. To
conclude: 18 virtual datasets of 60 days were generated.
Figure 3 displays a few days of each virtual datasets.
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Figure 3: Virtual datasets generated with CAPSOL. The different heating tests are arranged in the columns, the applied
heating power and the indoor temperature for building typology X2, PEB and HPE are arranged in the rows. The last
two rows depict the assumed weather data. For each excitation (Pcst, PRBS, ON-OFF) two simulations were made, one
with and one without solar irradiation.
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Data analysis

To gauge the impact of test duration, from each virtual
dataset subsets of 2, 5 of 10 days were created. Each of
these virtual data subsets was then analysed using 3
analysis methods: the linear, the autoregressive and the
state space models. These methods serve to assess the
parameters of a simplified model that represents the
building’s behaviour during the test. Although slightly
different for each analysis method, these simplified
models are based on a simplified heat balance equation
that, based on the measurement’s conditions and
assuming latent heat effects are neglected, can be written
as (Bauwens and Roels, 2015):

C; 20 = Doyt Do+ Doyt i @
o« HLC
where:
e Cj is the effective averaged heat capacity of the
dwelling [J/K]
o T;is the average indoor temperature [K]
o @ is the heat flux (gain or loss) [W]
- Ph: heating system - sol: solar gains

- tr: transmission - inf: infiltration

Some of these heat flux can be described by the following
physical equations:
Dso1 = gA . lsol 2)
@tr = Htr . (Te — T|) (3)
Dint = Hint . (Te —Ti) (4)
where:
gA is the building's solar heat gain factor [m?]
Isol is the solar radiation [W/m?]
Teis the outdoor temperature [K]
Hy is the heat loss trough transmission [W/K]
Hint is the heat loss trough infiltration [W/K]
We briefly discuss the simplified models considered in
each analysis method:

1. Linear models
If the steady state is considered as reached, equation (1)
becomes:

0=®py+gd . I+ HLC . (Te - T)) (5)
Note that, even if the implementation of a regular co-
heating (as described in CEN-TC89 draft standards) aims
to take measurements under a stationary state, this is
never the case (e.g. because of the variability of the
outside temperature). However, if the measurement time
is long enough (>15 days), the stationary state can be
approached by considering daily averages, thereby
filtering out most of the system dynamics. Under these
conditions, a linear regression (LR) provides an estimate
of the performance of the envelope (HLC) and of the solar
aperture (gA).

2. Autoregressive with exogenous input models
AutoRegressive with eXogenous input (ARX) methods
are multiple linear regression models that consider past
data. Indeed, the amount of heating required to maintain
the temperature at time t depends on the conditions
(indoor temperature, sunshine,) at time t-1, t-2, ...,t-p.

In that method, for a shift of order p, we have p
coefficients @;, @,,...,®@,. For example, the heat flux
from the heating system can be written as follow:

¢1Pht_1 + ¢2Pht_2 + b + q)ppht—p (6)
A concise notation is:

®(B)Ph @)

A model of an ARX method with Ph as the output, is then
written:
®pn(B)Ph = wri(B)Ti + wre(B)Te + wiso(B)lsor  (8)
Then the model is solved as explained by EBC Annex 58
and the performance of the envelope (HLC) and the solar

aperture (gA) are provided by the following transfers
functions:

_ wise(1)
9A = Ppp(1) ©)
_ (D) _ —wre(®)
T8 opp(1) and Hr = ®pp(1) (10)
HLC = AHp; + (1 — A)Hy, (11)

Where, A is a Lagrange multiplier used to minimise the
variance of the HLC.

In this study, different model orders are considered:
ARXO0, a zero-order model that represents a simple linear
regression (stationary) model, and ARX2, where the
model order p is increased until time t-p refers to 2 hours
back in time. Hence, model order p of ARX2 will vary
with data sampling time.

3. State space models (RC network)

In building physics, RC models link the thermal variables
of the building by a network composed of resistances and
capacitances (e.g. multi-zone model). This implies that,
usually, the parameters have a direct physical
interpretation. This allows the use of prior physical
knowledge of the building to be incorporated into the
model (Bauwens and Roels, 2015). For our purpose, very
simple RC models are used. Figure 4 represents some RC
models developed and tested.

In the model R2C2gA, R; and R, are, respectively the
thermal resistances of the walls and the losses through
infiltration. C; and C,, are, respectively, the heat capacity
inside the building and of the external walls. Ti, Tw and Te
are, respectively, the indoor temperature, the temperature
of the wall and the outdoor temperature.

For this model, the HLC is therefore the inverse of the
sum of both resistances.
1
HLC = (Ri+Re)
The following equations are the mathematical expressions
of the R2C2gA model.

(12)

dr; — (Tw—T}) + Pph + gA.lsol (13)
dt R;i.C;i Ci Ci
dﬂ _ (Ti_Tw) (Te—Tw) (14)
dt  RiCw Re.Ce

Equations (13) and (14) must be solved using an
optimization tool to identify the parameters R;, Re, Ci and
Cuw, based upon the measurements of Ti, Te, lsol and ®@ph.
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R1C1gA R2C2gA

Figure 4: Names and physical representations of some
of the RC models used.

The RC model is fitted so that the calculated indoor
temperature matches the measured one. In most case, a
good fit indicates that the RC model is an accurate
representation of the actual building envelope. It can then
be assumed that the true HLC of the envelope is correctly
estimated by the parameters of the RC model (as shown
in (12)).

In this paper, two different techniques are used to estimate
the physical model parameters:

e A deterministic approach : using python and solving
Ordinary Differential Equation (ODE) by minimizing
the Root Mean Square Error (RMSE).

e A stochastic approach : using CTSM-R and solving
Stochastic  Differential  Equation (SDE) by
maximizing the likelihood function.

Moreover, bounds are given to limit the search space of
the optimization. The choice of bounds is an equilibrium
between allowing the optimizer enough space to find an
optimal solution (too restrictive bounds may prevent
finding the optimal value) and sufficiently constraining
the problem (too large bounds lead to larger optimization
time and the optimum values may be missed due too large
search space).

For each RC model, default bounds are given when the
model is defined according to the thermal information's
available for the considered building.

Any optimizer needs initial values of the parameters to
start the process. One of the problems of the gradient
methods is the risk of finding a local optimum rather than
a global one. To cope with this shortcoming, a multi-start
procedure is used: it simply consists in starting the
optimization several times, with different initial
conditions, to possibly find several local optimums. The
best of all local optimums is then retained as the global
optimum.

For a given model with a multi-start procedure or for a
given set of experimental data solved by several RC
models, all these optimizations can give a good fit. In such
a case, the retained solution is the one with the lowest
RMSE value for deterministic approach, and the highest
maximum likelihood for the stochastic approach.

Best protocol selection

The goal of this test protocol is to confirm whether a
building has achieved the designed performance. It is thus
necessary to define a reference value for the simulated
models, so that the quality of the protocol can be gauged.
This section details how this reference value was defined,
and the indicators used to compare it with the "virtually"
measured value.

The reference value is calculated under stationary
conditions and can be decomposed in 2 terms: the
transmissions losses and the infiltration losses.

HLC = Hyy + Hyny = w (15)
Under a steady state simulation, @, + @, is the heat
input necessary to maintain the building at a fixed internal
temperature. However, it should be noted that this
reference value is dependent on the boundary conditions.

Indeed, if the thermal bridges are neglected, @, becomes:
Dy = X UiA (T, — T,) (16)
where:

e U is the U-value of surface i [W/m2K]

e Ajisthe area of surface i [m?]

However, often the building is subjected to multiple
differing exterior temperatures. Ground and air
temperature at least are different in most cases. If only
those two environments are considered (exterior (e) and
ground (g)), equation (16) becomes:

d)tr = UeAe(Ti - Te) + UgAg (Ti - Tg) (17)
which can be written as:
_ (Ti=Ty)
Her = UeAe + UgAg 25 (18)
The HLC is thus not an intrinsic characteristic of the
building but dependent on the temperature levels of the
neighbouring environments.

The reference value for the simulated buildings was
defined by means of a steady-state simulation in the
absence of solar radiation and with fixed temperatures.
Since this reference value is only applicable for those
exact temperature conditions, the calculation was
executed at least twice with a different temperature for the
unheated adjacent rooms. This way, the reference HLC-
value can be interpolated for other values.

When comparing with the HLC virtually measured, the
reference value will be selected according to the average
neighbouring temperature during the simulated period. To
put this HLC value in perspective, 2 criteria were defined:

1. Accuracy : the deviation between the vitually
measured value and the reference value, proportional
to the reference value.

2. Reproducibility: the deviation between the reference
value and both the smallest and the largest of the
virtually measured values, over several sets of data.

Experimental validation

The use of simulations made it possible to analyse
multiple variants with relative ease. However, since
building simulations have limitations, the selected
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protocol has also been implemented on 6 in situ
measurements during the winter 2019-2020. Details about
the experimental validation are not explained in this
paper.

Results

Protocol selection based on virtual data

This section discusses the results for HLC obtained by
applying different data collection processes, and
analysing virtual data with various duration and sampling
times with different mathematical models:

e Excitations: Pcst, PRBS, ON-OFF (with and without
solar irradiation)

¢ Analysis methods: 5 RC models, and 2 ARX models:
a stationary simple linear regression (“ARX0”),
essentially a zero-order ARX model, and an ARX
model that considers time steps up to two hours back
in time (“ARX2”), thereby rendering the model order
dependent on the sampling time.

e Duration: 2,5 and 10 days

e Sampling time : 5, 10, 30 or 60 min (for ARX models)
and 5 min (for RC models)

e Typologies : X2, PEB, HPE

The resulting values assessed for the HLC are depicted in

Figure 5 (ARX models), and in Figure 6 (RC models). The

building typology clearly impacts the results: it is more

difficult to obtain an accurate and reproducible result as

the insulation quality of the building increases. With

regard to the ARX models, the following can be noted:

200

150

X2 100
50

200
150
PEB 100

HPE 1490 -

Hin W/K »

1. The choice of sampling time generally has a very
limited impact (5, 10, 30 or 60 min) on the results.
Only for a test duration of 2 days, the ARX2 model
shows more variation.

2. A stationary simple regression model clearly is not
suited to analyse dynamic heating experiments. This
is illustrated in Figure 5: for the PRBS and ON-OFF
excitations results for ARX0 show a very large
spread, and consistently overestimate the HLC for
test durations of 5 days and more. Given a constant
heating power, however, the simple regression model
performs as well as a higher-order ARX model.

3. The static heating experiment Pcst seems to lead
ARX models to consistently underestimate the HLC
(Figure 6, left column). When solar gains are avoided
(Figure 6, second column) results are very consistent
within the 20% bound around the reference value.

4. Combining a PRBS test with an ARX2 models leads
to consistent results, especially when there are no
solar gains, but more importantly, also when there are
(Figure 6, third and fourth column).

5. Comparing PRBS and ON-OFF tests, results seem to
benefit from a signal that toggles on and off more
frequently (PRBS).

6. Analysing a PRBS signal with ARX2 models
consistently lead to results that lie within the 20 %
bound around the reference value. In this scenario, 2
days suffice to obtain a reliable result. Only for very
well-insulated building should we consider to extend
the test with some more days.
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Figure 5: Reliability plots: each point marks the assessment of the HLC based on different datasets (duration and
sampling time) and given different modelling assumptions (stationary simple linear regression, and an ARX model that
considers time steps up to two hours back in time). Rows represent the studied building typologies X2, PEB and HPE
(see Table 2 and Figure 2) and columns represent the simulated excitations (see Figure 4). A thick horizontal line
indicates the calculated reference value for HLC, and two dashed horizontal lines mark a 20% interval around it.
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Figure 6: Reliability plots RC models: each point marks the assessment of the HLC based on different datasets
(duration and sampling time) and given different models (R1C1, R1C1gA, R2C2, R2C2gA, R2C2gARd). For each
typology, excitation, test duration, sampling time and model, a white circle highlights the result generated by the
maximum likelihood model. Again, rows represent the studied building typologies X2, PEB and HPE, and columns

represent the simulated excitations. A thick horizontal line indicates the calculated reference value for HLC, and two
dashed horizontal lines mark a 20% interval around it.

A similar analysis can be observed with regard to RC
models (Figure 6). Moreover:

7. RC models generally show good potential, and
become more robust when applying the multi-start
approach described above.

8. Although a very useful statistical tool, the maximum
likelihood criterium does not necessarily indicate
those models that lead to the most accurate
assessment of the HLC (Figure 7 marks these
maximum likelihood models with white circles).

Impact of algorithm applied to fit RC models

The previous section illustrated that RC models seem to
generate reliable results, especially in the case of tests
with dynamic heating power signals. As discussed above,
different techniques can be applied to estimate the
physical model parameters: a deterministic approach,
solving ODEs by minimizing the RMSE, and a stochastic
approach, solving SDEs by maximizing the loglikelihood
function. This section studies the influence of the
algorithm used to solve RC models. First, 5-day PRBS
tests were simulated on building models that exhibit
varying characteristics (details about these simulations
are not explained in this paper). Then, the deterministic
approach and the stochastic approach were applied on
each of them.

Results (Figure 7) of both methods are extremely close
and under evaluate the reference value, the deterministic
method being even a little closer to the reference value
than the stochastic one.

O Reference
M Determinist
M Stochastict

HLC (W/K)

Basic model

270° Rotation

180 ° Rotation

90° Rotation

Wood structure

Low air Tightness

High Air Tightness 87

Figure 7: Comparison between the deterministic and
stochastic approach to identify the HLC of a simulated
building.

For each case study, RC models presented in Figure 4
were evaluated, and the best model was selected
according to the Log-likelihood for Stochastic method
and RMSE for Deterministic method. Table 3 shows
detailed results for the "basic model” case. Most models
give very close HLC. The same RC model
(R2C2gARgRd) was selected by the deterministic and
stochastic algorithm. It is interesting to note that this was
the best model for most of the cases. Larger differences
between the two identifications methods could be
identified with more complex RC models (more
parameters), but the low order models used here (mostly
order 2) give sufficiently accurate results for the pursued

objective.
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Table 3: HLC, Log-likelihood, RMSE
for the "basic model" case

RC Model Stoc. LOGLIK Det. RMSE
structure HLC (Optimisation HLC (Optimization
variable of variable of
Stochastic deterministic
method method)
R3C2gARg 84,2 472,7 87,3 4,46E-02
R3C2gA 84,1 470,4 86,8 4,57E-02
R2C2gARg 84,8 468,4 88,0 4,57E-02
R3C3gA 95,9 468,0 66,9 5,26E-02
R2C2gA 84,7 466,1 87,5 6,62E-02
R1C1gA 83,6 421,6 86,1 2,70E-01
Conclusion

This work would not have been possible without the use
of virtual data. Simulations allowed us to test a lot of
protocols on different typologies, while also giving us a
first idea of the reproducibility of these measurements.
However, more complex simulations should be developed
to better represent the impact of the infiltrations.
Moreover, more typologies and building configurations
should also be modelled, to better evaluate the
reproducibility of the selected protocol.

Based on the analysis of the data generated through
simulations, a constant power excitation, with a perfect
protection against solar gains, combined with a ARX2 or
RC model leads to the best reproducible results.
Unfortunately, it is almost impossible to implement this
during experimental measurements. An intermediary
solution would be to avoid as much sunlight as possible
during the measurement, e.g. by using solar shading.
However, the results for the same excitation with sunlight
do not show reproducible results for RC model and do not
show accurate results for ARX2 model. Using the
intermediary excitation could lead to unstable results.

When the excitations with sunlight are considered, the
PRBS combined with an RC model offers the most stable
option.

Knowing that the results improve in the absence of
sunlight, it seems essential to limit the impact of the sun
during measurements.

The following protocol, called CoDy, was thus defined:

Data collection :

e Heating system must be controlled according to a
PRBS excitation,

e Sun impact must be limited using sunscreen and/or
by taking measurements during the winter period,

e Duration is fixed to 5 days but could vary between 2
to 10 days (increase/decrease the duration as the
performance of the envelope increases/decreases),

e  Measurement frequency of 5 min.

Data analysis :

e Use RC model: the best RC model and sampling time
must be defined during the analysis.

Depending on the typology, the deviation could vary, on

average, between [-3%; -7%]. The largest observed

deviation during the winter period is about [-23%; 20%]

for a highly insulated house, reduced to [-23%, 10%] for

regulation level insulation and reduced to [-16%, 5%] for
a poorly insulated house.

Finally, the selected protocol was applied on 6 new
houses, the results of the experimental campaign were
consistent with the values predicted by calculation. It
should be noted however that, for these 6 cases, the
calculated HLC under evaluated the measured HLC by
approximately 14%. For virtual data, the uncertainty
associated with each protocol was evaluated by the
reproducibility. However, reproducibility would be
difficult to implement in an experimental approach. Thus,
a confidence interval should be associated to the
measured HLC. An intermediate method bridging the one
proposed by CSTB in the ISABELE method (Thébault
and Bouchié, 2018) and the one proposed by the Building
Energy Research Group of the Loughborough University
(Jack et al., 2018), is currently investigated and should
improve measurement's reliability.
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