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There is a growing interest in characterising the thermal performance of building envelopes when exposed to
realistic weather and indoor conditions. In this study, data from a full-scale test of four uninsulated concrete
panels is analysed using (1) a steady-state model as per the standard average method, (2) a dynamic lumped
resistance—capacitance model with a stochastic method, and (3) a dynamic distributed capacitance model based
on an analytical solution. These have been favoured over purely data-driven methods, since their physical
formulation allows the characterisation of thermal capacity alongside the usual thermal resistance. The models
are applied to different data subsets, sampling times and campaign lengths. For the sole estimation of thermal
resistance, winter conditions with constant indoor heating allow campaign lengths around 72 h. For a strong
indoor-outdoor temperature difference (e.g. 10 °C) steady-state models provide reliable estimates, and lumped
capacitance models are found to suit lower temperature differences or less stable conditions. However, for
estimating thermal capacity, fluctuating indoor and outdoor temperatures are preferred and only the distributed
capacitance model provides consistent estimates for different time steps and data subsets. The present work
might be helpful in establishing future guidelines for the use of dynamic methods with physical interpretation,
presenting a case study of a simple well-known wall facing a variety of winter and summer conditions. It might
also provide a basis for further research, extending the application of these models to more complex multi-layer
walls and/or for the assessment of design scenarios including thermal insulation.

1. Introduction remains widely used due to its simplicity but requires quasi-steady-state

conditions with a large and sustained temperature difference between

In the global context of climate emergency, the implementation of
energy saving measures in buildings is regarded as a pressing inter-
vention for reducing greenhouse gas emissions [1]. In the last two de-
cades, the European Union has increased thermal insulation
requirements and introduced mandatory energy simulations for the
certification of new buildings [2]. However, many studies have high-
lighted a ‘performance gap’ between simulation outputs and actual en-
ergy performance of buildings, drawing particular attention to the
thermal performance of building envelopes [3-5]. Recent years have
seen a growing interest on the in situ characterisation of building en-
velopes through non-destructive measurements. However, the charac-
terisation of physical properties from monitored data is far from
straightforward. The average method as standardised in ISO 9869-1 [6]

interior and exterior, which is often unfeasible. As an alternative, a
growing number of dynamic analysis methods have been developed in
recent years, although their application remains mostly within the ac-
ademic field. Reviews of current assessment methods for the thermal
performance of building walls are provided in [7-9]. Many of these
methods require the control of indoor air temperature through devices
mounted over the wall [10,11] or a specific sequence of indoor condi-
tions, e.g. heating with constant power followed by a cooling phase
[12,13] or a triangular temperature sequence [14].

Data analysis methods can be classified in accordance to the greyness
of their underlying models [15]. White-box models are based on prior
knowledge from building physics, and the experimental data is expected
to validate this previously formulated model. On the contrary, black-box
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models are purely data-driven, and aim at finding the functional relation
between inputs and outputs without consideration for the physical
interpretation of the model. The latter comprise response factors [16],
conduction transfer functions (CTF) [17] and autoregressive models
(ARX [18] or ARMAX [19]), along with more recent machine learning
and deep learning algorithms, such as random forests [20] or artificial
neural networks (ANN) [21,22]. A major drawback of black-box models
is that, given their dependence on training data, they cannot predict
dynamic thermal response for hypothetical scenarios in which the wall
assembly is physically modified (e.g. addition of internal or external
insulation), which is of great interest for energy-focused renovations.

Grey-box or hybrid models, combining physical interpretation with
statistical methods, have become very popular in recent years for both
whole building [23-26] and building envelope [27-29] assessment.
They are commonly articulated as resistance-capacitance (RC) net-
works, where the thermal capacitance of the envelope assembly is
lumped at one or more nodes. Such models are able to describe the
thermal response of thermal systems at high time resolution [30], and
can be articulated in deterministic [31] or stochastic [27] form. Ac-
cording to Yu et al. [32], deterministic models appear to work better for
prediction and control, while stochastic models would be more suitable
for the characterisation of thermal systems.

Models with fully physical representation consider that thermal
capacitance is distributed along the whole thickness of the wall. Most
applications of distributed capacitance models are formulated in the
frequency domain, where Fourier or Laplace transforms allow the use of
the elegant quadrupole equations in ISO 13786 [33]. However, their
application is often limited to sinusoidal temperature variations of a
single frequency, typically 24 h [34-36], representing either theoretical
or highly controlled laboratory conditions. Extensions to this method
have been proposed to overcome this limitation, such as the addition of
further discrete sinusoidal frequencies [37] or a phasor approach
covering the continuous frequency range [38]. Time domain methods
are superior in terms of practical application and physical interpreta-
tion, but analytical solutions of the heat equation have not yet found
their application in the building field [39,40], so current distributed
capacitance methods are based on numerical solutions for equivalent
homogeneous walls [41-44].

In most literature works, the use of dynamic methods is aimed at
obtaining a quicker and/or more robust estimation of the thermal
resistance of the wall. However, model parameters may contain poten-
tially valuable information on the dynamics of the wall, which is often
not evaluated or reported. The present research focuses on the use of in
situ analysis methods for building envelopes to estimate not only steady-
state thermal resistance but also thermal capacitance. For this purpose,
the application of three physically interpretable models is investigated:
(1) a steady-state model based on the standard average method, (2) a
lumped capacitance model within a stochastic framework, and (3) a
distributed capacitance model with an analytical solution for step
response functions in the time domain. Whereas he first two models are
sourced from standards and literature, the specific formulation and
application of the distributed capacitance model is a novelty of this
study. The performance of these models is investigated and compared
for a variety of typical seasonal weather and indoor conditions, moni-
toring campaign durations, and time steps chosen for analysis. This work
attempts to cast light on the different characterisation of thermal ca-
pacity in lumped and distributed capacitance models and its practical
implications.

Heat flux and temperature data are sourced from a full-scale test
aimed at the dynamic thermal characterisation of four concrete panels of
differing formulation. The experimental set-up is described in Section 2.
The analysis methods and their underlying models are described in
Section 3. Results and a comparative evaluation are presented in Section
4, in which the influence of the time step chosen for analysis and the
duration of the monitoring campaign are also assessed. Finally, a dis-
cussion on the findings and the main conclusions of the study are
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presented in Sections 5 and 6.
2. Experimental set-up

The data in this study is sourced from a blind test performed in the
context of the Eco-Binder project [45] assessing the thermal perfor-
mance of four different formulations of concrete. One of the panels is
made from conventional concrete with Ordinary Portland Cement (OPC)
as a binder, while the three others are concrete samples from different
manufacturers using Belite-Ye’elimite-Ferrite (BYF) binders of lower
carbon footprint. With the aim of characterising their dynamic thermal
performance when exposed to realistic outdoor and indoor exposure
conditions, panels of identical geometry were produced and subse-
quently installed in the Kubik experimental facility at Tecnalia’s head-
quarters near Bilbao (43°17' N 2°52' W) [46,47]. The building is exposed
to an oceanic climate (Cfb in the Koppen-Geiger classification) repre-
sentative of Western Europe [48].

The four concrete panels were installed side by side on the east-
facing facade of Kubik, partially forming the external envelope of a
large non-partitioned space in the second floor of the building (Fig. 1).
The remainder of the facade of this room is a large glazed area oriented
to the south and east. The panels have dimensions of 638 mm (width) x
3650 mm (height) x 200 mm (thickness). To mitigate the effects of
thermal bridges at the edges of each panel, 50 mm wide extruded
polystyrene inserts were placed all around the perimeter of each panel,
including junctions between panels, and sealed with polyurethane foam
insulation. After the placement of the concrete panels and the perimeter
insulation, an external render and a reflective paint coating were applied
on site with a trowel and roller brush. The raw concrete constitutes the
internal finish to the room side and no further insulation was applied
over the panels, to facilitate the identification of the thermal properties
of the concrete.

Monitoring equipment was placed at two different heights within
each panel (Fig. 2). Heat flux (gs) was monitored with transducers
(Phymeas Type 7, measuring area 90 x 90 mm, accuracy + 5%) placed
in direct contact with the internal surface of the wall. Temperatures
were monitored using RTD sensors (Heraeus M222 in 4-wire connection,
accuracy + 0.1 K) over the internal surface of the concrete panel (T)
and the external surface of the concrete panel (T,) embedded in a
groove behind the external render. External ambient temperature (T.)
was recorded from the weather station of Kubik (Vaisala WXT520, ac-
curacy + 0.3 K), and indoor ambient temperature (T;) was monitored
using a combination of temperature sensors placed at different heights
to measure air stratification (Heraeus M222 in 4-wire connection, ac-
curacy + 0.1 K). All signals were sampled every second and 60 s aver-
ages were recorded onto a programmable logic controller (PLC).

Test conditions at the Kubik test facility are determined by the
external weather and the interplay with HVAC systems and use sched-
ules of the building, as opposed to the controlled climate of laboratory
tests. The top plot in Fig. 3 presents ambient temperatures monitored
over the whole length of the experiment, providing boundary conditions
for the test. External temperature readings show marked day-night cy-
cles as well as a clear seasonal variation from winter to summer. Internal
air temperatures were controlled by means of fan coil units installed at
ceiling level, delivering warm or cool air as required. A variety of indoor
conditions were set over the duration of the experiment:

e Phase 1, with free-floating temperature in winter (no heating).

e Phase 2, a heating period with a set point temperature of 21 + 1 °C,
replicating typical indoor comfort conditions.

e Phase 3, a heating period with a set point temperature of 25 + 1 °C at
the top end of the comfort range, aimed at exacerbating heat flow
across the experimented wall.

e Phase 4, a sequence switching to free-floating, then cooling (set point
17 £+ 1 °QC), heating (set point 25 + 1 °C) and back to cooling (set
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Fig. 2. Location of monitoring devices within internal elevation (left) and vertical section (right).
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Fig. 3. Boundary temperatures (top) and heat flux (bottom) monitored at the experiment.

point 17 + 1 °C), aimed at capturing the transient thermal perfor-
mance of the wall.

Phase 5, a cooling period aimed at capturing the summer perfor-
mance of the wall with a set point temperature of 17 & 1 °C (albeit it
is seldom achieved due to the limited cooling power and the high
solar aperture of the room).

Phase 6, with free-floating temperature in summer (no cooling),
where the internal air is primarily heated by solar radiation through
the large glazed surfaces of the room.

Table 1 indicates the duration and ambient conditions for the whole
length of the experiment and within each of the indoor temperature
settings described above.

Heat flux measurements tracked during the whole length of the
experiment are plotted in the bottom graph of Fig. 3. A positive sign
indicates outwards heat flow (consistent for Phases 1, 2, 3 and 6), while
a negative sign indicates inwards heat flow. During Phases 4 and 5 heat
flow frequently changes direction, which is consistent with expectations
from ambient temperatures in the above plot. Overlaid to these clear
seasonal trends, significant day/night variations in heat flow can be
observed. Heat fluxes follow a similar shape for all four concrete for-
mulations, albeit magnitudes differ slightly (concrete B presenting
highest heat flows and concrete D lowest).

The scatter plots in Fig. 4 reveal a strong correlation between indoor-
outdoor temperature difference (horizontal axis) and heat flux (vertical
axis), which is especially pronounced when daily averages are consid-
ered (solid dots). Hourly averages (hollow dots) are affected by dynamic

Table 1

storage effects, showing that instant values of heat flux and temperature
difference are decoupled due to the heat absorbed or released by the
concrete. All four formulations of concrete show a very similar behav-
iour. The slope of the correlation is indicative of the thermal trans-
mittance (more conductive for concrete B), while the dispersion of the
points around the correlation line is associated with thermal capaci-
tance. Fig. 4 graphically demonstrates that most inertial effects are
short-termed and have low impact over the daily cycle (solid dots).

3. Models and methods

The thermal properties of the concrete panel are inferred from
temperature measurements at both surfaces (Ty, Ti.) and heat flux
measured at the internal surface (gy), which is exposed to the room
(Fig. 2). The assessment is limited to the concrete panel, excluding po-
tential sources of distortion from convective and radiative effects. The
underlying physical models considered in this study and their corre-
sponding parameter estimation methods are described below.

3.1. Steady-state model

The steady-state model assumes constant boundary temperatures at
internal and external surfaces (T, Ty ), with a resulting heat flux q that is
constant and uniform along the thickness of the wall. A linear rela-
tionship between temperature gradient and heat flux is characterised by
the thermal resistance R as per Eq. (1). However, stable boundary
temperatures are not representative of typical service conditions of

Conditions along whole experimental campaign (top row) and phases of varying indoor temperature settings.

Start date End date Length (days) Ext. daily temperature (°C) Int. daily temperature (°C)

min. mean max. min. mean max.
Total 2017-12-01 2018-08-25 268 0.0 14.2 26.7 11.7 21.4 33.7
Phase 1 2017-12-01 2017-12-19 18 3.8 8.1 14.6 11.7 14.3 17.1
Phase 2 2017-12-21 2018-01-17 27 6.1 10.3 16.3 19.7 20.4 21.0
Phase 3 2018-01-19 2018-04-17 88 0.0 10.1 19.7 19.5 24.1 25.2
Phase 4 2018-04-19 2018-04-27 9 11.7 17.0 22.9 16.7 19.5 21.5
Phase 5 2018-04-29 2018-07-31 92 9.1 18.4 23.8 16.1 18.2 20.7
Phase 6 2018-08-02 2018-08-25 23 18.1 21.6 26.7 26.3 31.3 33.7
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Fig. 4. Heat flux as a function of indoor-outdoor temperature difference: hourly averages (hollow dots), daily averages (solid dots).

envelope assemblies, which face a continuously changing external
weather. The average method, standardised in ISO 9869-1 [6], aims at
filtering out the dynamics of the system by measuring a sufficiently large
number K of time steps k. The standard also provides a set of criteria to
estimate whether the campaign length is sufficient to obtain a reason-
able estimate of R using Eq. (2).

T, —T
— st se 1
R 1

Zszoqsi‘k

The average method is widely used because it is simple and easy to
implement, but it is affected by many drawbacks. Firstly, in order to get
robust results and limit the influence of systematic errors [49], a large
and stable temperature difference needs to be maintained, avoiding
dynamic effects such as temperature peaks induced by solar radiation.
Hence, in practice, winter conditions are advisable and heating to a
constant set point temperature is often necessary [8]. The required
campaign length depends on the boundary conditions, as well as the
thermal characteristics of the assembly, and tends to be longer than for
other methods [50]. Moreover, as the model is aimed at filtering out the
dynamics, no indication of thermal capacity is provided [51].

(2)

3.2. Lumped capacitance model

Lumped capacitance models dissociate thermal resistance and ca-
pacity, so that the thermal system can be described by a set of ordinary
differential equations (ODE). An electrical analogy is often used, rep-
resenting the thermal model as a Cauer circuit with electric resistors and
capacitors [52]. For building walls, the physical system is often repre-
sented using a state-space model where measured boundary tempera-
tures are the input variables, heat flux is the output variable, and the
state variables are unmeasured intermediate temperatures at the lumped
capacitances. The parameters of the model are a series of thermal re-
sistances R and lumped thermal capacitances C. Assuming one-
dimensional heat transfer, the heat balance at each lumped capaci-
tance node n has the form of an ODE in continuous time as shown in Eq.
(3). The full set of equations can be written into a matrix formulation,
and once solved, the heat flux at the internal surface for each discrete
time step k can be estimated from the temperature of the node closest to
the internal surface as per Eq. (4).

dTn — Tn—l - Tn +Tn+1 - Tn

Cy
dt R, 1,

3

Rn.n+l

Gsik = (Toix — Tix) ()]

Riia

In this study, estimations of thermal parameters are obtained using a
stochastic state-space model with a single lumped capacitance. The



B. Arregi et al.

system equation for each node is formulated as a linear stochastic dif-
ferential equation (SDE) in continuous time (Eq. (5)), where the state T¢
relates to the temperature at the lumped thermal capacitance, and w¢ is
an additive noise term (a Wiener process increasing its variance with
time [53]). The observation equation (Eq. (6)) is formulated in discrete
time, with a measurement error e assumed as a white noise process.

_|Ta(t) = Te(t) | Teo(t) — Te(2)
dTc(1) = CRo + CR(1— ¢) dt +dwc(1) 5)
Gsik = Lo — Ty + e (6)

R¢

A model with a single lumped capacitance has been adopted in this
study for the sake of simplicity, aimed at limiting the total number of
parameters required to describe the system. Models of two or more
lumped capacitances can be implemented by formulating a set of system
equations, one per each lumped capacitance, as per Eq. (3).

This model describes the dynamic thermal performance of the wall
using three parameters: the thermal resistance R, a lumped thermal
capacitance C, and a parameter ¢ (termed accessibility in [54])
describing the location of the lumped capacitance within the thermal
resistance of the wall. These parameters have been estimated through
the maximum likelihood method through an extended Kalman filter,
using the CTSM-R toolkit [55].

3.3. Distributed capacitance model

Lastly, a distributed capacitance model is formulated assuming the
concrete as a thermally homogeneous layer with thermal resistance and
capacity uniformly distributed along its thickness. While this is not
strictly true (most construction products contain non-homogeneities, in
this case reinforcement bars), the model provides a reasonable balance
between complexity and representativeness.

The heat equation is a partial differential equation (PDE) in the time
domain [39]. For a homogeneous layer of distributed capacitance, an
analytical solution can be formulated based on infinite decay times
expressed as a convergent summation. The analytical solution described
in Eq. (7) and Eq. (8) has been derived and adapted from previous works
[30,39,56,57]. Let us assume that the wall is at a uniform and stable
temperature, and u(t) is a step excitation at t = 0 causing an instant
temperature increase of AT at one boundary, while the opposite
boundary remains at the same temperature. We can then define
analytical step response functions describing transient heat flux at the
internal surface as a response to such step excitations either at the in-
ternal (Eq. (7)) or at the external surface (Eq. (8)). The equations contain
a steady-state term related to thermal resistance R, and a transient term
consisting of a sum of decaying components.

Continuous time

5/R —
— hS,ll (qSl from ATS])
Nz 4R — —— hgje (qsi from ATge)
1S
=
o 3R —
2
2
& 2IR —
o
5]
A 1R
0 I I T
0 0.1CR 0.2CR 0.3CR 04CR 0.5CR

t[s]
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The analytical step response functions of Eq. (7) and Eq. (8) are
graphically shown in Fig. 5. While the long-term response is solely
dependent on thermal resistance R, the length of the transient period
depends on the product of thermal capacity C and resistance R. In the
experiment, boundary temperatures (T, x and T, ) and heat fluxes (g x)
are recorded as a series of discrete values. Provided that these represent
average values at each time bin k (spanning one hour in this study), the
input can be regarded as a series of instant temperature steps at each
time step k. The impact of each step on heat flux can be calculated from
bin averages of the step response function (Fig. 5 right), thus eluding the
problem of an infinite value at t = 0. Since the system is linear, the
response ¢ of the wall to any arbitrary time-varying boundary con-
ditions Ty;x and T,.x can be obtained as a convolution sum of previous
temperature increments.

Within the distributed capacitance model, the dynamic thermal
performance of the wall is described using only two parameters with
direct physical significance: the thermal resistance R and the distributed
thermal capacity C. Given the simplicity of the model, these can be
obtained through a straightforward optimisation routine minimising
deviation between prediction and measurement.

3.4. Assessment of model quality

The following criteria introduced in [58] have been adopted for
model validation:

1. Simplicity: Smaller models are preferable, limiting the number of
parameters insofar as reasonable.

2. Identifiability: Models should allow the determination of their pa-
rameters uniquely from the data.

3. Fit to the data: Models should be able to explain most of the vari-
ance in the data.

4. Internal validity: The model should remain reliable when exposed
to new conditions (test data) different than those used for parameter
estimation (training data).

5. External validity: Results obtained with the models should not
conflict with previous knowledge or experience without a well
justified explanation.

6. Dynamic stability: For dynamic models, transients effect induced
by temporary variations in input variables should fade out over time.

The models proposed in this study pursue simplicity by character-

Discrete time
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Fig. 5. Step response functions for distributed thermal capacitance in continuous time (left) and discrete time (right).
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ising thermal performance through a very restrained set of parameters
(1 to 3). The steady-state model has thermal resistance (R) as its only
parameter. The distributed capacitance model adds a uniformly
distributed thermal capacitance (C) describing dynamic thermal per-
formance. Finally, the lumped capacitance model has 3 parameters:
thermal resistance (R) and a thermal capacitance (C) lumped at a fixed
position (¢) within the wall thickness.

Identifiability of the thermal performance of building walls is closely
linked to the boundary conditions, particularly temperature difference
[8]. Each assessment method has been applied over the whole moni-
tored period (December 2017 to August 2018) as well as over each of the
constituting months. The latter have been selected as subsets of the data
with similar duration but varying exposure conditions. Model identifi-
ability is assessed by checking whether parameters can be obtained for
all or most months, are consistent among different months, and meet the
convergence criteria of the relevant estimation method. The assumption
of constant thermal properties for each concrete sample is necessary for
preserving the linearity of the models and has been considered a
reasonable simplification. In reality, there is some affection by temper-
ature and moisture content, which might result in variations of thermal
resistance and capacitance over different seasons and even over different
depths within the wall.

For assessing the fit of the model estimates within the measured data,
two complementary metrics have been used: the coefficient of deter-
mination R? and the coefficient of variation of the root mean square
deviation CV(RMSD). These indicators are well known [59] and have
been applied in other research works in the field [60,61]. The former
measures the fraction of the variance that is explained by the model
(with a value of 1 indicating a perfect fit to the data). The latter is a
measure of the average deviation between model estimates and pre-
dictions, with lower values (close to zero) indicating a more accurate
model.

Regarding internal validity, the consistency of the parameter esti-
mations is initially assessed by tracking their variability among monthly
estimations. This allows for testing the sensitivity of the parameter es-
timates to seasonal weather patterns and indoor conditions. For a further
assessment of the prediction capability of each model when exposed to
new conditions, the coefficient of variation of the root mean squared
error CV(RMSE) is adopted as a metric. This is equivalent to the CV
(RMSD), except predictions are made over a different dataset than the
one used for fitting the model, again under the assumption of time-
invariant thermal properties.

The external validity of the models is assessed through a plausibility
check of the results, contrasting the obtained parameters (thermal
resistance and capacitance) with values in literature. This is feasible
since the parameters of the selected models have direct physical inter-
pretation. Thermal conductivity estimates (in units of W/m-K) are ob-
tained dividing panel thickness by thermal resistance. Volumetric heat
capacities (in units of J/m>K) are obtained dividing lumped and
distributed thermal capacitances (which are areal values) by panel
thickness. Further parameters of interest, such as thermal diffusivity and
effusivity, can also be readily obtained from these values.

The choice of models built on algebraic or differential equations al-
lows a direct evaluation of dynamic stability. This is performed by
formulating the continuous-time response of the system (heat flux
through the internal surface) to a step increase in temperature at each
side, and checking that values converge over time towards the steady-
state assumption.

4. Results and analysis
4.1. Parameter estimation and identifiability
Thermal resistance estimates obtained with the steady-state model

are listed in Table 2. Omitted values did not met the convergence criteria
stated in the standard [6]. When considering the whole set of data, only
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Table 2
Total and monthly thermal resistance estimates obtained with the steady-state
model.

Phases Concrete A Concrete B Concrete C Concrete D
Total 1-6 - - R =0.1265 -
m2K/W
Dec 1,2 R =0.1269 R = 0.0909 R =0.1233 R =0.1361
m2K/W m?K/W m?K/W m?K/W
Jan 2,3 R =0.1260 R = 0.0992 R =0.1280 R=0.1374
m?K/W m?K/W m?K/W m?K/W
Feb 3 R=0.1262 R =0.1050 R =0.1301 R =0.1388
m2K/W m2K/W m2K/W m?K/W
Mar 3 R =0.1266 R =0.1006 R=0.1271 R =0.1375
m?K/W m?K/W m?K/W m?K/W
Apr 3-5 - R = 0.0952 R =0.1285 -
m?K/W m?K/W
May 5 - - R =0.1157 -
m?K/W
Jun 5 - - - -
Jul 5 - R =0.1438 R =0.1411 -
m?K/W m*K/W
Aug 6 R =0.1296 - R =0.1297 R =0.1595
m?K/W m?K/W m?K/W

one of the four concrete formulations meets the validity criteria.
Monthly and annual estimates are presented in the top left plot of Fig. 6,
including those that did not meet the convergence criteria (white bars
with lighter contour). Monthly estimates obtained in winter (with high
temperature differences between the boundaries) are reasonably
consistent, especially for concretes A and D, but summer estimates
diverge considerably for most cases (even those that comply with
convergence criteria, e.g. July for concrete B or August for concrete D).
Possible reasons for this divergence are discussed in Section 5.

The lumped capacitance model provides estimates of thermal resis-
tance R along with two additional parameters: the lumped thermal
capacitance C and its relative location within the wall ¢. The data is
shown in Table 3 and presented in the plots of the middle column from
Fig. 6. Thermal resistance values are relatively consistent, particularly in
winter conditions, when a high temperature difference is maintained.
However, a high variation among months is observed for the lumped
thermal capacitance C and its relative position ¢. Moreover, both pa-
rameters appear to be correlated, as higher estimates of C are obtained
when the estimated position ¢ is closer to the external face of the wall (e.
g. May for concretes A and D, June for concrete B).

Lastly, Table 4 and the plots in the right column of Fig. 6 present
estimates obtained with the distributed capacitance model. The esti-
mates obtained through the optimisation are those leading to the lowest
divergence between model estimates and measured values. Valid esti-
mates of R could not be obtained for the months without a clear tem-
perature difference (May to July). The estimates obtained for the
remainder of the months are very close to the values obtained with the
lumped capacitance model. For thermal capacitance, estimates obtained
with the distributed capacitance model are much more consistent among
the different months than for the lumped capacitance model. Indeed,
estimates of C obtained with the lumped capacitance model should be
regarded as effective heat capacitances rather than true heat capaci-
tances: this is further discussed in Section 5.

4.2. Fit to the data

The goodness of fit of the three models is evaluated by assessing their
coefficient of determination R? and the coefficient of variation of the
root mean square deviation CV(RMSD), as described in Section 3.4.
Monthly values obtained with hourly resolution for all four concrete
panels are presented in the plots of Fig. 7. Generally, the four concrete
formulations appear to follow an analogous pattern, and the response of
each model is very dependent on the exposure conditions. The steady-
state model, as expected, shows poor prediction capabilities for
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Fig. 6. Thermal resistance (top) and capacitance (bottom) estimates obtained with the steady-state model (left), the lumped capacitance model (centre) and the
distributed capacitance model (right) for each month: dotted lines indicate overall period, vertical bars indicate monthly estimates (hollow bars and missing months

did not meet convergence criteria).

obtaining hourly estimates. Even for the best results, obtained for
months with cold external temperatures, most of the variance remains
unexplained according to R? values. In these conditions, both dynamic
models (lumped and distributed capacitance) achieve a much better fit
with R? close to 1. However, in the months with lowest temperature
difference (June and July) all models fail in achieving a valid CV
(RMSD), indicating poor accuracy in such conditions.

4.3. Internal validity

The reliability of a model is not guaranteed by a good prediction
capability over the sampling period (training data), but is best assessed
by testing the model when facing new conditions outside the sample
(test data). For this purpose, a cross validation has been performed by
selecting three subsets of the dataset with varying exposure conditions:
February 2018 (controlled indoor temperature and greatest heat flow),
April 2018 (lower temperature gradient and heat flow reversals), and
August 2018 (free-floating temperature with solar heating). Results
obtained for the three investigated models (obtained with a one-hour
time step) are presented in Table 5.

For the steady-state model, high values of CV(RMSD) and CV(RMSE)
can be attributed to the non-inclusion of dynamic effects, and there is no
significant difference for predictions within and outside the sample. The
lumped capacitance model tends to predict worse outside the sample,
especially if the new data presents different exposure conditions. Poorest
cross validation results are obtained when the model is trained in
winter/spring conditions (February or April) and tested in summer
conditions (August), or vice versa. Cross validation is better between
February and April, which share a period of artificial indoor heating. In
contrast, the distributed capacitance model appears to extrapolate suc-
cessfully into exposure conditions different to the training data, possible
due to its greater physical significance. The only exception is concrete D,
which shows a disparity between February-April and August akin to the
results obtained with the lumped capacitance model. Possible causes are
discussed in Section 5.

4.4. External validity

A plausibility check is performed on thermal conductivity and
volumetric heat capacity estimates obtained with each model, by (1)

tracking variability of estimates among different months, and (2)
comparing such estimates with values in literature. The calculation
procedure for obtaining the estimates is described in Section 3.4. The
steady-state model is not included since it does not provide heat capacity
estimates. In Fig. 8, estimates obtained using the lumped and distributed
capacitance models for thermal conductivity (horizontal axis) and
volumetric heat capacity (vertical axis) are graphically presented,
together with ranges obtained from literature. Regarding the latter,
different concrete formulations can result in a broad range of thermal
conductivity and heat capacity values [62,63] (region AC in Fig. 8).
Despite the relatively wide availability of studies on the thermal con-
ductivity of concrete and cement-based materials, only a limited number
among these provide heat capacity measurements [64]. Measurements
for a set of mediumweight concretes performed by Cavalline et al., [65]
show a much more constrained variance (region MWC in Fig. 8).

Heat capacity estimates obtained with the distributed capacitance
model appear much more consistent among them than those obtained
with the lumped capacitance model. The only exception is the August
measurement for concrete D (on the left of the scatter plot), which is
later discussed in Section 5. Furthermore, thermal conductivity and heat
capacity estimates obtained with the distributed capacitance model
agree well with values from material testing studies.

4.5. Dynamic stability

Fig. 9 presents the dynamic response in continuous time assumed
from each of the three models. The plot is built on the parameters fitted
for Concrete C, since all three models converged well for the overall data
(Tables 2-4). The transient response hg represents the heat flux through
the internal surface (gy;) responding to a unit step temperature excitation
over the internal (AT;) or external (AT,.) surface.

Dynamic stability is achieved in all cases, with all values converging
over time towards the steady-state assumption, which corresponds to
the thermal transmittance. When the temperature excitation is on the
opposite side, the heat flux response is initially zero and grows gradually
towards the equilibrium value. When the temperature excitation is on
the same side, the heat flux response experiences an instant peak and
then decreases towards the equilibrium value.
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Table 3
Total and monthly thermal resistance, lumped capacitance and its relative
location estimates obtained with the lumped capacitance model.
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Table 4
Total and monthly thermal resistance and distributed capacitance estimates
obtained with the distributed capacitance model.

Phases Concrete A Concrete B Concrete C Concrete D Phases Concrete A Concrete B Concrete C Concrete D
Total 1-6 R = 0.1265 R =0.1019 R =0.1288 R = 0.1390 Total 1-6 R =0.1268 R =0.1030 R =0.1291 R = 0.1396
m?K/W m?K/W m?K/W m?K/W m?K/W m?K/W m?K/W m?K/W
C=159589 C=730527 C=160069 C = 218183 C=294768  C=342227 C=303268 C=284316
J/m?K J/m?K J/m?K J/m?K J/m?K J/m?K J/m?K J/m?K
¢ = 0.3577 ¢ = 0.8132 ¢ =0.3371 ¢ = 0.4902 Dec 1,2 R =0.1293 R = 0.0952 R =0.1268 R =0.1387
Dec 1-2 R =0.1292 R = 0.0949 R =0.1265 R =0.1386 m?K/W m?K/W m?K/W m?K/W
m?K/W m?K/W m?K/W m?K/W C = 276371 C=332126 C=289003 C = 281856
C = 153079 C = 229637 C=170727 C=143534 J/m?K J/m?*K J/m?K J/m?K
J/m?K J/m’*K J/m?K J/m’*K Jan 2,3 R =0.1261 R =0.1006 R =0.1286 R =0.1375
¢ = 0.3656 ¢ = 0.4582 ¢ = 0.3805 ¢ = 0.3249 m?K/W m?K/W m?K/W m?K/W
Jan 2-3 R = 0.1259 R =0.1003 R =0.1284 R =0.1374 C=298359  C=374501 C=324347  C=308251
m?K/W m?K/W m?K/W m?K/W J/m?K J/m’*K J/m?K J/m?K
C=181795 C=291228 C=188449 C=177683 Feb 3 R =0.1256 R =0.1052 R =0.1296 R =0.1379
J/m?K J/m?K J/m?K J/m?K m?K/W m?K/W m?K/W m?K/W
¢ = 0.4169 ¢ = 0.5151 ¢ = 0.3659 ¢ = 0.3655 C=297155 C=2335847 C=306147  C = 303467
Feb 3 R =0.1252 R = 0.1049 R = 0.1294 R =0.1378 J/m?K J/m?K J/m?K J/m?K
m?K/W m?K/W m?K/W m?K/W Mar 3 R =0.1275 R =0.1023 R =0.1283 R =0.1383
C = 275140 C = 482063 C=205448  C = 206434 m?K/W m?K/W m?K/W m?K/W
J/m?K J/m’*K J/m?K J/m’*K C=302464 C=361963 C=321428 C =306182
¢ = 0.5806 ¢ = 0.7251 ¢ = 0.4442 ¢ = 0.4409 J/m?K J/m?K J/m?K J/m?K
Mar 3 R =0.1272 R =0.1018 R = 0.1280 R =0.1382 Apr 3-5 R =0.1286 R = 0.1005 R =0.1287 R=0.1413
m2K/W m?K/W m2K/W m?K/W m2K/W m?K/W m?K/W m%K/W
C=1208490 C=462349 C=194224 C=187324 C = 298461 C=345064 C=307194 C =287795
J/m2K J/m?K J/m%K J/m?K J/m?K J/m?K J/m2K J/m2K
¢ = 0.4755 ¢ = 0.7087 ¢ = 0.3905 ¢ = 0.3928 May 5 - - - -
Apr 35 R =0.1283 R = 0.0995 R =0.1283 R = 0.1403 Jun 5 - - - -
m?K/W m?K/W m?K/W m?K/W Jul 5 - - - -
C=146436 C=387010 C=159100 C = 207960 Aug 6 R = 0.1305 R = 0.0956 R =0.1319 R = 0.1606
J/m?K J/m’*K J/m?K J/m’*K m?K/W m?K/W m?K/W m?K/W
¢ = 0.3141 ¢ = 0.6537 ¢ =0.3277 ¢ = 0.4678 C=1283225 C=2358432 C=294418 C=251517
May 5 R =0.1247 R =0.1015 R =0.1230 R = 0.1520 J/m?K J/m?*K J/m?K J/m?K
m?K/W m?K/W m?K/W m?K/W
C= C=135738 C=222929 C=
1680603 J/ J/m?K J/m?K 1689656 J/ using a range of different time steps (from 5 min to 24 h) and assessing
m’K $=0.2761 ¢ = 0.4698 m’K the effect of this choice on the obtained parameter estimates. The three
¢ = 0.9329 ¢ =0.9416 . .
Jun 5 R — 0.0956 R — 0.1290 R — 0.1256 R — 0.0979 subsets of the data previously used for cross validation (February,
m2K/W m2K/W m2K/W m2K/W August and April 2018) have been selected for this analysis, since they
C=380289 C= C=1222002 C= are representative of different exposure conditions.
J/m’K 169112537/ m?K 1700924 J/ Fig. 10 presents parameter estimates obtained for each model and
¢ =0.6149 ;lK 0.9379 ¢ =0.4708 ;lK 09115 concrete formulation as a function of the chosen time step. Thermal
Jul 5 R = 01029 R— 0:1326 R — 01346 R— 0:1124 resistance estimates obtained with the three models are very close to
m?K/W m?K/W m?K/W m?K/W each other, excepting a slight deviation of the steady-state model for
C = 250908 C = 282839 C=167605  C=331497 some concretes (B, D) in April. The choice of the time step does not seem
J/m’K J/m’K J/m’K J/m’K to affect estimates of thermal resistance, except for a slight but anom-
Az 6 i _ g:‘l‘gig ﬁ _ g:ggiz ;/; _ g:?gig ﬁ _ g:?gzg alous increase in the estimates provided by the distributed capacitance
m2K/W m2K/W m2K/W m2K/W model in August at a time interval of 6 h. However, regarding thermal
C=86631J/ C=216776 C=139756  C = 127097 capacitance, results from the lumped and distributed capacitance
m’K J/m’K J/m’K J/m’K models present significant differences (steady-state models discard heat
¢ = 0.2282 ¢ = 0.4053 ¢ =0.3011 ¢ =0.3134

4.6. Impact of discrete time step

For characterising the thermal performance of thermal envelope
components, temperature and heat flux measurements are usually
recorded at fixed intervals. Typically, a fine time resolution (e.g. in the
range of seconds) is adopted for monitoring sample measurements, and a
smaller resolution (e.g. in the range of minutes) is used for storing mean
measurements within each time bin. Later, the collected data is further
resampled for analysis, averaging monitored values at even coarser
resolution (e.g. in the range of hours). Heat transfer phenomena in
building walls are usually slow-responding [39], and a balance must be
sought between reliability and computational requirements. In this
study, an hourly time step has been initially adopted for analysis for the
dynamic methods using lumped and distributed capacitance models
(estimates from steady-state models are unaffected by the choice of time
step, since they work from an average of the whole dataset). In this
section, a further analysis is performed by fitting these same models

capacity). Estimates obtained with the distributed capacitance method
are rather consistent among different time steps, and particularly around
time intervals in the range of one hour. In contrast, the lumped capac-
itance method yields different capacity estimates in function of the time
step chosen.

Comparing the values for the estimates obtained for different
months, the relative thermal performance of the four concrete samples
seems to differ more as time goes on. All models agree on a relatively
consistent thermal resistance of concrete A and C among the 3 months
assessed. However, thermal resistance of concrete D seems to increase,
while that of concrete B decreases. Thermal capacitances obtained with
the distributed capacitance method show a corresponding opposite ef-
fect: relatively constant capacity for concretes A and C, a decrease for
concrete D, and an increase for concrete B. A possible explanation is
presented in Section 5.

4.7. Impact of campaign duration

This section assesses the campaign time required for fitting each of
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Fig. 7. Assessment of goodness of fit of the studied models with hourly resolution.

Table 5
CV(RMSD) within training data (values in brackets) and CV(RMSE) outside training data (for cross validation).
Training data Test data Test data Test data
Steady-state model Lumped capacitance model Distr. capacitance model
Feb 2018 Apr 2018 Aug 2018 Feb 2018 Apr 2018 Aug 2018 Feb 2018 Apr 2018 Aug 2018
Conc. A Feb 2018 (0.1447) 0.6060 0.6329 (0.0319) 0.1094 0.1928 (0.0453) 0.0762 0.0613
Apr 2018 0.1523 (0.5852) 0.6055 0.0496 (0.0823) 0.1678 0.0515 (0.0687) 0.0531
Aug 2018 0.1456 0.5941 (0.6180) 0.1014 0.1874 (0.0613) 0.0596 0.0751 (0.0440)
Conc. B Feb 2018 (0.1591) 0.6211 0.6733 (0.0260) 0.0608 0.1256 (0.0532) 0.1294 0.1059
Apr 2018 0.1970 (0.6597) 0.7108 0.0323 (0.0560) 0.1197 0.0717 (0.1163) 0.0684
Aug 2018 0.2215 0.6797 (0.7284) 0.0887 0.1489 (0.0340) 0.1150 0.1326 (0.0463)
Conc. C Feb 2018 (0.1536) 0.5928 0.6558 (0.0260) 0.0785 0.1685 (0.0289) 0.0537 0.0338
Apr 2018 0.1539 (0.5940) 0.6576 0.0310 (0.0707) 0.1593 0.0296 (0.0531) 0.0378
Aug 2018 0.1535 0.5924 (0.6552) 0.0665 0.1452 (0.0351) 0.0343 0.0628 (0.0223)
Conc. D Feb 2018 (0.1629) 0.6286 0.7626 (0.0179) 0.0602 0.1673 (0.0267) 0.0926 0.1878
Apr 2018 0.1695 (0.6066) 0.7186 0.0197 (0.0589) 0.1563 0.0367 (0.0842) 0.1527
Aug 2018 0.2039 0.5940 (0.6749) 0.1022 0.1708 (0.0466) 0.1478 0.1753 (0.0410)
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Fig. 8. Scatter plot of thermal conductivity and heat capacity obtained from the lumped and distributed models, compared to values in literature (region AC: all
concretes in [62,63], region MWC: middleweight concretes in [65]).

the models and the impact of campaign length on the parameter esti- assessment are adopted for this analysis. Results obtained for different
mates. In order to find the effect of exposure conditions, the same sub- campaign durations (from one day up to one month) are presented in
sets of the data previously used for cross validation and time step Fig. 11. The steady-state and the lumped parameter models can provide
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Fig. 9. Step response functions in continuous time, when models are fitted for
the data of concrete C within the overall experimental period.

estimates from just 24 h of data, although these are not always reliable.
In contrast, the distributed capacitance model requires a longer
campaign length (7-10 days depending on exposure conditions) but
appears to provide more stable estimates. For February, the dataset with
the strongest temperature difference, all three models agree on thermal
resistance estimates after 2-3 days of test duration. For April, the
average method is less stable and diverges towards the end of the month
when conditions become more dynamic (Fig. 3). At the beginning of
August, while the wall is heating up (Fig. 3), the average method un-
derestimates thermal resistance. Lumped and distributed capacitance
models yield almost identical estimates for thermal resistance. The
former can provide a result with a short test duration, but its reliability
depends on the stability of test conditions (2-3 days appear to be enough
for February and April). The latter requires a longer time to converge but
provides very reliable estimates. Thermal capacitance values obtained
through the two dynamic methods show an interesting divergence. Es-
timates from the lumped parameter method fluctuate as the campaign
progresses, and values obtained at different months also differ notably.
In contrast, the distributed capacitance model, despite requiring longer
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time to converge, provides much more consistent estimates both within
each month and among different data subsets.

5. Discussion

Monitoring conditions with high temperature difference (cold out-
door temperatures and constant indoor heating, e.g. February in Fig. 10)
resulted in more robust estimations of thermal resistance and lower
requirements for campaign length, in agreement with findings from
previous studies [51,66]. The steady-state model performed well in such
situations but did not meet the validity criteria of the standard [6] when
conditions were more dynamic. Indeed, when considering data from the
overall experimental campaign, summer measurements distorted the
whole set of data for 3 out of 4 concrete formulations. This confirms that,
for the application of the steady-state model, a short campaign with a
high temperature gradient is preferable over extending this campaign
with an additional period of less suitable conditions. Beyond tempera-
ture difference, stability of conditions is also required by the steady-state
model: thermal resistance was underestimated when the wall absorbed
heat (beginning of August, Fig. 11), and overestimated when the wall
released heat (end of April, Fig. 11). This is consistent with observations
from a previous study for a much better insulated wall [67]. The single
lumped capacitance model applied in this study provided results for all
subsets of data, but thermal resistance estimates did not seem reliable
for periods when heat flux is low and frequently changes direction, e.g.
June and July in Table 3 and top centre chart of Fig. 6. Furthermore,
despite the method achieving a good fit, thermal capacitance estimates
varied both among different data subsets (bottom row of Fig. 6) and
when different time windows and time steps were adopted within a
dataset (Fig. 10 and Fig. 11). Lastly, the distributed capacitance model
did not converge for the most challenging conditions (low and alter-
nating heat flow, May-July in Table 4), but when estimates were pro-
vided, these were consistent for both thermal resistance and capacitance
among different data subsets (Fig. 6), time steps (Fig. 10) and campaign
lengths (Fig. 11).

Results from lumped and distributed capacitance models diverge
mostly in the first instants of the transient process (Fig. 9), and thus
discrepancies among these methods would be more significant in
exposure conditions with fast frequencies, e.g. rapid changes in
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Fig. 10. Thermal resistance (top row) and capacitance (bottom row) estimates obtained with each model for different time intervals.
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Fig. 11. Thermal resistance (top row) and capacitance (bottom row) estimates obtained with each model for different campaign durations.

temperature. The superior consistency obtained for the distributed
capacitance model can be attributed to its underlying physical model,
which captures the performance along the whole frequency spectrum.
Another distributed capacitance model by Cucumo et al. [41] also
yielded consistent results for both thermal resistance and capacitance
among different periods. Masy [54] applied a single lumped capacitance
model, analogous to the one in this study, in a theoretical study based on
a 24 h sinusoidal excitation, and also found the model quick to compute
but less reliable at high frequencies. Indeed, a single lumped capacitance
model is limited to one exponential decay mode (or time constant) as
apparent from Fig. 9, which might make the model prone to overfit as
the parameters must be ‘tuned’ to suit the specific exposure conditions.
This behaviour can be observed in the results obtained in summer
conditions (Table 3), when occasionally the position of the lumped
capacitance is ‘shifted’ towards the external side (¢ > 0.9) with capac-
itance values in the region of 1.7 MJ/m?K (e.g. May and June for Con-
crete D), which are useful for fitting the data but not physically
congruent. Estimations tend to be more reliable if the thermal capaci-
tance is placed closer to the centre of the wall (¢ ~ 0.5), but even so,
thermal capacitance estimates are lower than those obtained with the
distributed capacitance method. Capacity values obtained from the
lumped capacitance method are defined by some authors as ‘effective
heat capacities’ [36,68,69]. The findings from the present study appear
to indicate that such effective heat capacities are frequency-dependent
(vary according to the exposure conditions of the training data), and
thus have weaker physical sense than the ones estimated with the
distributed capacitance model, which relate to the true physical heat
capacity of the wall. A number of experimental [27,70] and theoretical
[28,71] studies concluded that models with two lumped capacitances
can acceptably reproduce the dynamic response of a wall over the whole
range of frequencies encountered in practice. Multiple lumped capaci-
tance models might be regarded as an intermediate step between a single
lumped capacitance and a distributed capacitance. While the addition of
more lumped capacitances might achieve a better fit to the data, it also
requires a higher number of parameters to describe the system (2n + 1,
where n is the number of lumped capacitances) resulting in a loss of
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simplicity and physical interpretability compared to distributed capac-
itance models.

When choosing the discrete time step considered for dynamic anal-
ysis, values around 1 h were found to be optimum for this wall. A finer
resolution did not appear to improve predictions, and coarser sampling
times (in the range of 6 to 24 h) caused non-convergence problems in the
lumped capacitance method and unreliable estimates with the distrib-
uted capacitance method. These behaviours could be explained by the
fading-out of transient effects in a timeframe of about 6 h (Fig. 9), so that
sampling times above this figure would not adequately capture dynamic
effects.

The monthly analysis also revealed interesting variations on
parameter estimates (Fig. 11). Concretes A and C yielded similar esti-
mates on their thermal resistance and capacitance along the whole
experimental campaign. In contrast, towards the end of the campaign
thermal resistance appeared to slightly decrease for concrete B, while it
would have increased for concrete D. The three models studied agree on
this behaviour, hinting at the assumption of time-invariant thermal
properties not holding in this case. It is known that thermal conductivity
is dependent on both temperature and moisture content [72], with a
higher influence from the latter for concretes in usual building exposure
conditions [73]. The replacement of water with air in the pores leads to a
lower overall heat capacity and thermal resistance, and vice versa.
Thermal capacitance estimates from the distributed capacitance method
seem to confirm this reciprocal relation: August estimates of C increase
for concrete B and decrease for concrete D. Parameter variations might
therefore be attributed to real physical changes in the moisture content
of the samples. This highlights the importance of in situ thermal per-
formance tests (to complement lab measurements) covering a variety of
exposure conditions.

Gori and Elwell [49] investigated the propagation of systematic
measurement errors on thermal resistance estimates for a steady-state
and a lumped capacitance model. They found the relative error to be
dependent on the temperature difference between internal and external
exposure conditions. For steady-state models (average method) the
systematic measurement error was highly amplified for low temperature
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differences, to the extent of rendering the obtained estimates unreliable.
Dynamic lumped capacitance methods led to lower systematic errors in
all cases, and especially for low temperature differences, suggesting that
these would allow measurements to be performed outside winter con-
ditions and/or without the need of continuous space heating. Models
with two lumped capacitances led to more consistent estimates of
thermal resistance than those with a single lumped capacitance. It would
be interesting to extend the formulation and application of analogous
error propagation methods to heat capacitance estimates and to the
distributed capacitance model proposed in the present study.

When drawing general conclusions from this study, it should be
noted that the assessed wall has a particular configuration, consisting of
a single quasi-homogeneous layer with no insulation. Building walls
built in Europe in the last 40 years, and especially in recent times, are
likely to include at least some thermal insulation. Precisely, the high
thermal conductance (low R value) might explain why inertial effects
are so short-lived (Fig. 9) despite the massive character (high C value) of
the wall. It can be drawn from the horizontal axis of Fig. 5 that the
duration of the transient response is a function of the product of thermal
capacitance and resistance CR, which would be much longer in the
presence of thermal insulation. Hence, optimum time steps for analysis
and required campaign durations would depend not only on exposure
conditions but also on wall characteristics, and particularly, on their
thermal insulation values. A replication study on a well-insulated wall
would thus provide a useful counterpoint to this work.

6. Conclusions

The in situ thermal performance of four uninsulated concrete panels
of different formulation was monitored from December 2017 to August
2018. Three different methods were used for the characterisation of
thermal performance, ranging from more widespread to more novel: (1)
the average method in ISO 9869-1 [6] based on a steady-state model, (2)
a stochastic method based on a resistance—capacitance (RC) lumped
capacitance model, and (3) an analytical method based on a distributed
capacitance model. The lumped and distributed capacitance models
were chosen for their superior physical interpretation over data-driven
dynamic methods. An analysis was performed for the influence of
exposure conditions, time steps and campaign lengths on thermal
resistance and capacitance estimations.

If the ultimate aim is the estimation of thermal resistance (and thus
long-term cumulated heat flow through the walls), optimum test con-
ditions are those that maximise heat flux by maintaining a steady dif-
ference between indoor and outdoor temperatures. For strong
temperature differences (e.g. over 10 °C), simple steady-state models
provided suitable results in a timeframe of 72 h (the minimum required
by [6]). When the temperature difference was moderate (in the range of
5 °C) or included shifts in the direction of heat flow, lumped capacitance
models provided reliable results without the need of extending
campaign lengths over 72 h. If characterisation of thermal capacity is
also sought (for predicting dynamic short-term response of the walls),
optimum test conditions are those where both indoor and outdoor
temperatures fluctuate. The steady-state method is unsuitable for this
purpose since it does not give any indication of thermal capacity.
Capacitance estimates obtained from lumped models were dependent on
the specific data subset and the time step selected from analysis, and
might not be extrapolated to exposure conditions that differ from the
training data. Findings from this study suggest that a distributed
capacitance model can provide physically consistent estimates for both
thermal resistance and thermal capacitance.

The particularities and limitations of this study comprise the
simplicity and prior knowledge of the wall assembly, as well as a long
measurement campaign covering a wide range of indoor and outdoor
conditions over different seasons. While the assumption of a single ho-
mogeneous layer allows the successful application of a distributed
capacitance method, most wall assemblies have a more complex
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configuration, including layers of different thermal mass and insulation
characteristics. Future research might investigate the extension of the
analytical distributed capacitance method presented in this study to
multi-layer walls with or without thermal insulation.
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