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Abstract. An accurate on-site measurement of the intrinsic thermal performance of the
building envelope is a strong leverage to promote quality management and energy performance
contracting. The building sector expects on-site measurements of the Heat Transfer Coefficient
to be as short as possible and highly accurate. Perturbation measurement methods analysed
by RC models have been shown to be promising with accurate results within 2 days. However,
stochastic RC model calibration is highly dependent on expert knowledge. In particular, model
initialisation jeopardises the calibration success if not carefully chosen a priori and all the more
so with second or higher order models. This paper proposes and assesses a novel automated
initialisation procedure for RC models. After having brought to light that the capacitance
initialisation is critical to the calibration success, the paper shows how first-order models are
almost always highly identifiable. The first-order model estimated parameters then serve as
initial values for all second and higher order models. This novel procedure is in 78 % of the
156 cases tested better than or similar to expert knowledge initialisation. The results are very
encouraging and suggest a successful integration in a global RC model calibration and selection
workflow for a fully automated process.

1. Introduction

According to the latest IPCC report [1], the 2020—2030 decade is critical in removing the
constraints to achieve highly efficient buildings. To that effect, accurately measuring the actual
thermal performance, for example the Heat Transfer Coefficient (HTC) of the building envelope
could be beneficial to the building sector. It would promote quality management and favour the
implementation of energy performance contracting in a Measurement and Verification approach
for building retrofits.

An on-site measurement of the thermal performance is expected by the building sector to last
less than a few days and to be highly accurate [2]. Existing methods rely on on-site measurements
and use an appropriate model to infer an estimation of the thermal performance, such as
the HTC. Such models include steady-state models, linear dynamics input-output models (i.e.
ARX) and grey-box models [3]. The shortest measurement protocols are based on perturbation
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methods such as [4] and [5]. Grey-box models are then preferred to exploit the collected data,
either with first-order models [5] or RC model selection and calibration [4].

A major constraint of RC model calibration is that they need fine tuning and expert
knowledge [3, 6]. In particular, for the RC model selection procedure to succeed at fitting
a given dataset, the models in the set need to be robust and the number of models need to be
sufficient to cover a wide variety of envelope dynamics and insulation levels [6]. However, the
larger the model set, the more tedious it becomes to calibrate all models and then proceed to
model selection. With larger model sets, the calibration process encounters a two-sided curse:
model calibration may fail because the model in question is not appropriate to the data or it may
fail because the initial parameter values were too far from the actual values and the algorithm fell
in a local maximum. The result is identical but the latter can be avoided by proper parameter
initialisation.

Brastein et al [7] show indeed how a randomised initial guess of the model parameters

is a way of assessing the identifiability of a model with respect to a certain dataset. Each
initial guess is followed by a parameter estimation. An identifiable parameter is unambiguously
identified regardless of its initial value. This model validation being purely visual, it cannot be
automatically applied. Rivera et al [8] used ten different RC models and found that parameter
initialisation was critical to the estimation problem, depending on whether the model was
identifiable or not. Initial values close to the actual values tended to fasten the estimation. To
circumvent this issue, the authors chose initial values within a 50-150% range of an approximated
physical value. This solution however relies again on expert knowledge and a prior calculation.

For an HTC measurement method to be widely deployable, automated model calibration and
selection becomes a priority. To this end, this paper proposes to tackle the issue of parameter
initialisation and moves a step closer towards fully automated RC model selection and validation.

The work presented is part of the Sereine project, that aims at developing and assessing
the practical limits of a 24-hour test for the estimation of the Heat Transfer Coefficient of a
building envelope. The method relies on a 24- to 48-hour measurement protocol based on a
binary heating signal [10]. The collected data are exploited by a set of 26 RC models that range
from 15 to 6™-order models as well as up to 3 boundary conditions.

This paper focuses in particular on the capacitance initialisation as it was found highly
critical to the calibration success. It establishes first the relative advantage of having expert
knowledge-based parameter initialisation over default values. Then, it shows why and how the
estimated parameters of a first-order model are favourably used as initial values for higher-order
RC models.

Nomenclature
BFGS Broyden-Fletcher-Goldfarb-Shanno optimisation algorithm

HTC Heat Transfer Coefficient (W/K): overall or whole-building heat transfer of the
building envelope towards exterior as defined in the ISO 13789 standard [9]

PRBS Pseudo-Random Binary Signal

2. Methodology

2.1. RC model calibration: 3 strategies for parameter initialisation

As other perturbation methods, the Sereine method is based on the exploitation of the
measurement data by a set of RC models. The parameter estimation procedure uses a BFGS
algorithm [11]. As any minimisation algorithm, each parameter and state can be initialised as
to favour convergence. In literature, parameter initialisation is based either on default values or
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Default value strategy ~ Expert knowledge-based strategy Two-stage strategy
(0) &) )
Init. to default 1e8 Initialisation with expert knowledge a/ Default initialisation C,;, = C.p,. for model Ti

JIK Example: 5e6 J/K for low thermal inertia —> Estimated parameter C;
b/ Adjustment of initialisation: C;;, = C;

Figure 1. Three strategies for parameter initialisation: strategy (0) serves as control, strategy
(1) is expert-knowledge based and strategy (2) uses the estimated parameter values from the
calibration of first-order model t; to initialise all remaining models.
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on expert knowledge [7,8], hereafter respectively called strategy (0) and strategy (1), such as in
Figure 1.

The novelty brought by this work, strategy (2) in Figure 1, is to use the estimated parameter
values of the first order RC model ti and use this value as an initial values for the calibration of
all higher-order models. This strategy is hereafter called the two-stage strategy (2).

Second and higher order models have several capacitance and resistance parameters that need
initialisation and a single initial value is concededly insufficient. A ratio is therefore used to slit
the single initial values Cinit or Hinit to all capacitances and conductances.

Let us again underline that this paper does not assess initialisation of conductances but
focuses on capacitance initialisation. The latter has indeed been found more critical to the
success of the calibration process.

As for the RC model denomination, visible in the results section, they imply the ad hoc RC
model structure: each t- represents a temperature node; node t; for the indoor air, t, for a
wall, tm for an internal thermal mass and tp, for a boundary temperature. Each node has a
capacitance and is separated of other nodes by a resistance.

2.2. Assessing the impact of the two-stage initialiation procedure

The final objective of the paper is to assess the performance of the two-stage parameter
initialisation strategy (2) in terms of stability of the estimation. By stability is meant that
the calibration algorithm vyields similar values regardless of the parameter initialisation. It is
somehow a measure of the practical identifiability of the model, except only the maximum
likelihood values are looked at.

First, the initial overall capacitance Cinit is adjusted according to the two-stage strategy
described in Section 2.1. Then, the actual parameter initial values are shuffled around the GCinit
according to a fractional factorial design, as illustrated in Figure 2. Ranging 50-150 % around
Cinit and Hinit, 13 parameter combinations are tested, resulting in 13 model calibrations and
therefore 13 parameter estimation.

A stable and highly identifiable model will show equal estimations for all capacitance and
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Figure 3. Flowchart of the performance assessment of the two-stage adjustment strategy (2)

resistance parameters regardless of the initialisation, e.g. regardless of the initial values from
the factorial design. Some models however will show a higher sensitivity to the initial value.
Among the 13 parameter estimations, some model calibrations will therefore produce more or
less estimation outliers, depending on the initialisation strategy. A strategy is therefore deemed:

e more stable than another if lower number of outliers;
e equally stable than another if identical number of outliers;
¢ less stable than another if higher number of outliers.

As illustrated in Figure 3, to assess the performance of the two-stage initialisation strategy
(2), the grading approach compares sequentially the respective performances of strategies (2)
compared to (1) and then (2) compared to (0). The grading approach is applied on all RC
models and on all 6 datasets, reaching a total of 156 grades.

The same outlier counting grading principle is applied to the first strategy comparison
between the default and the expert knowledge-based strategies, except the results are illustrated
by the self-explanatory +, = or —— symbols.

2.3. Case study: description of the 6 datasets

To assess the 3 initialisation strategies, the convergence of parameter estimations is analysed
over 6 different datasets. The datasets come from measurement campaigns in 4 houses as to
cover a variety of insulation levels and thermal inertia. Three different heating signals were
applied as to assess the convergence of the estimation procedure regardless of the measurement
procedure: two are pseudo-random binary signals from [10] and the third is an ISABELE signal
[4]. All datasets can be considered highly informative and favour practical identifiability.

¢ House IOB of the INCAS platform: 2 datasets based on both PSA. This house is highly
insulated (HTC = 64 W/K) and has low thermal inertia;

e House IMA of the INCAS platform: repeated PSA2 tests. This house is highly insulated
(HTC =94 W/K) and has an insulating brick structure. Its thermal inertia is medium;

® One-storey house in Mozé (HTCtiarget = 141 W/K) and two-storey house in Brest
(HTCtarget = 124 W/K) are both recently built and are insulated on the inside. They
have higher thermal inertia than the houses of the INCAS platform. The Brest house has
a significantly higher thermal inertia. The measurement protocol in these houses was the
ISABELE procedure [4].
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The data itself is collected via the Sereine measurement kit. Basically, it relies on the
measurement of an equivalent outdoor temperature to serve as boundary condition and relies
on heating power and indoor temperature sensors. Fans ensure homogeneity of the indoor
temperatures. A detailed description of the Sereine kit can be found in [10].

3. Results

The first tested strategy was to assess whether expert knowledge enhanced the convergence and
interpretability of the estimated parameters through enhanced estimation stability. Results are
reported in Table 1.

Overall, 98% of all tests show identical or enhanced stability, among which 83% have a more
stable convergence (= in Table 1). It can be concluded that adapting the prior initialisation
to a physical expert knowledge-based value is beneficial. As for the only 3 less stable results,
reported as — in Table 1, they might be explained by (1) either a random failure of the algorithm,
since these failures are not consistent with the neighboring models (most probable hypothesis),

Table 1. Stability assessment when expert knowledge is used for parameter initialisation
(strategy (1)): —when less stable, = when behaviour identical and + when enhanced stability

Model Model name I0B I0B IMA IMA Mozé Brest
order PSA1 PSA2 PSA2 PSA2 ISA ISA
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Figure 4. Strategy (2) overall assessment: 74 % of all 156 tests show identical or better stability
than expert-based initialisation

or (2) an unfit model for the given data, probably poorly identifiable.

Interestingly, the Brest dataset gives more often identical behaviours (output = in Table 1)
between default (108 W/K) and expert-knowledge (1.5x 107 W/K) initialisation values. This
is very likely due to the fact that the estimated final capacitance values are fairly close to the
expert initial value and to the default value. There is therefore in the case of Brest almost
no practical identifiability issue. This also suggests that default initialisation of capacitance
parameters is more likely to fail when it differs by more than a factor of 10.

Noteworthy is the behaviour of the first order models. Whether the prior value of the
capacitance is given by default or priorly estimated by expert-knowledge, the algorithm almost
certainly converges towards the same final values. This indicates that first order models are
highly identifiable with the given datasets.

That the first order models have a high practical identifiability regardless of the measurement
protocol and regardless of the initialisation values, motivates the two-stage initialisation
procedure of strategy (2). Model t; estimated capacitance and conductance are used as output
of the first stage of the initialisation procedure of strategy (2).

Figure 4 shows how the t; adjusted strategy influences the stability of the parameter
estimation:

¢ stability is enhanced or similar to using the default initialisation in 98 % of all tests;

e stability is better or similar to expert-knowledge based initialisation in 74 % of all tests,
among which 11.5 % show a better performance with strategy (2) than strategy (1);

e inversely, 15.5 % of all tests perform equally or worse than the default strategy.

Table 2 shows the results in detail. There is a striking consistency with results in Table 1,
especially regarding less or equally stable outcomes: tests where the outcome is equally or less
stable than the default strategy were previously already equally or less stable. This tends to
support the hypothesis that the issue is model related, meaning that the model calibrated is
unfit for explaining the data.

Similarly to Table 1, first-order models do not gain in stability with strategy (2) because
there are highly identifiable with the given datasets. As both Figure 4 and Table 2 suggest, the
higher-order models gain from the implementation of strategy (2).

4. Discussion
This paper proposed an assessment of two parameter initialisation strategies: (1) either expert
knowledge-based (2) or a two-stage initialisation where a first-order model is first calibrated and
its capacitance estimation used for initialisation of all other models.

The results were found to be consistent with what the literature suggested. When models
are highly identifiable, here the first-order models, parameter initialisation is not an issue and
parameter estimation is highly stable. This means that regardless of the initial values, the final
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Table 2. Detailed stability assessment of strategy (2): -1 less stable than default strategy,
0 stability identical to default strategy, 1 better than with default 2 same stability as expert
knowledge based strategy 3 better stability than all other strategies

Model order Model name IOB1 I1I0OB2 IMA1 IMA 2 Mozé Brest
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estimation are almost always identical. In addition, as suggested in Rivera et al [8], expert-
knowledge based initialisation favours indeed a stable parameter estimation.

This work went a step further by proposing an automated capacitance initialisation by a
two-step methodology: a first-order model is initialised by a default value, calibrated and
its parameter estimation is used to initialise all remaining models. The results showed that
this methodology performs in overall better or equally to the expert-based strategy. It means
therefore that expert knowledge is no longer needed for stable parameter estimation. The new
two-stage initialisation can therefore be considered as a practical step towards automated RC
model calibration.

We expect the two-stage initialisation procedure to be useful not only for RC model
calibration from Sereine data but actually from any data. The procedure is neither data
dependent nor sensor dependent. Whether it works as accurately as shown in this paper on
less informative datasets is admittedly not established. However, successful model calibration
from lowly informative data cannot be expected in general. If the quality of the data is unknown,
the two-stage initialisation can still be helpful in the sense that it rules out, with high confidence,
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the possibility that the issue is algorithm-related.

Although not properly tested in this work, the calibration algorithm used in project Sereine
makes it possible to change the default initialisation of the first-order model. It might be overkill
in most cases given that the first-order models were found highly identifiable. Yet, in the authors
experience, setting lower default values comes in useful when applied to small volume dwellings
or flats.

As for the failed parameter estimations, although a first analysis suggested that some models
remain poorly or non-identifiable with one or more datasets, an additional analysis would help
uncover the specific reasons for the enhanced initialisation to have failed. This could lead to
new improvements of the calibration code.

Finally, this work studied how initialisation strategies influences the stability of parameter
estimation but tackled neither the issue of physical interpretation of the estimations nor the
outcome of BIC or likelihood ratio model selection. Some high-order models may show a better
stability, but if they are never interpretable or never relevant regarding the data, it makes no
sense to use them in an automated model calibration and selection procedure.

5. Conclusion and research prospects

The objective of the work was to tackle the issue of parameter initialisation as to move
towards automatic model calibration and selection. Two strategies were tested: (1) expert-
based parameter initialisation and (2) a two-stage initialisation methodology where a first-order
model estimation serves as parameter initialisation for all other RC models.

The two-stage initialisation method showed in almost all cases an equally or better stability
of the parameter estimation. This work showed therefore a path which avoids relying on expert-
knowledge and marks a step towards automation of RC model calibration.

Further research includes at least a deeper analysis of the few failed estimations as well as a
practical identifiability and interpretability analysis of the higher-order models to simplify the
model selection process to the only relevant RC models.
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