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SUMMARY:  

A more precise knowledge of the as-built thermal performance of our buildings’ fabric is of prime 

importance for the ongoing tendency to more stringent building performance demands. The methods 

that are commonly used for on-site thermal characterisation, such as the average method and linear 

regression technique, are based on stationary boundary conditions. As the latter are never 

encountered on site in practice, the methods’ validity depends on outdoor weather conditions. This 

paper examines the practical applicability of different in-situ thermal characterisation methods based 

on simulated data for an insulated cavity wall. Common semi-stationary methods are compared with a 

more advanced dynamical data analysis method, giving special attention to the reliability of the 

methods’ estimation results when confronted with data sets of limited measurement time spans and 

different measurement periods throughout the year. From this research, it can be stated that the use of 

semi-stationary methods for the characterisation of an insulated south-faced cavity wall can lead to 

accurate results in realistic measurement time spans when applied during winter months. The methods 

become less reliable when the temperature difference across the wall decreases. The dynamic method 

showed to be less sensible to the measurement period, provides more accurate results and needs 

shorter measurement time spans. The analysis itself however, showed to be more time consuming. 

1. Introduction  

A precise knowledge of the actual thermal performance of our buildings’ fabric is of prime importance 

in the debate on energy efficient dwellings. Currently, the building envelope is assessed by a 

performance label in the design phase based on calculated thermal resistances of the consisting 

building components. Some studies, however, show that these theoretical values do not necessarily 

correspond with the as-built thermal performance of the building elements (Hens et al. 2007), (Lowe 

et al. 2007). The differences can among others be attributed to the applied materials that differ from 

the designated ones, poor detailing and/or workmanship issues and physical phenomena such as 

thermal bridging, wind washing, air looping, etc. The on-site thermal characterisation of building 

components is therefore an important step to bridge this gap between theory and reality.  

The methods that are commonly used for in-situ characterisation, such as the average method and 

linear regression technique, are based on the linear steady state relationship between the thermal 

resistance of, the heat flux through and the temperature difference over the studied element. Yet, 

steady state boundary conditions are never encountered on site in practice and the methods require 

averaged data as an approximation for measurements under stationary conditions. For the methods to 

be valid, the averages should be taken over a sufficiently long period of time, which limits the 

practical applicability of the methods, as one wants as shortest measurement time spans as possible. 

Besides, the methods are dependent of the measurement period throughout the year: they are not valid 

when the heat flow through the element is negligible when compared to the heat storage in the wall. 

This means that small temperature differences between outside and inside boundary conditions, 



 

 

 

 

typically occurring during the summer period, result in small fluctuating heat flows around zero and 

jeopardize the R-estimates of the semi-stationary analysis methods. In contrast with the quasi-

stationary methods, more advanced dynamical data analysis techniques exist. The latter take 

advantage of the dynamic boundary conditions, as dynamics are an express condition for the 

functioning of the method. The use of dynamic parameter estimation in the field of thermal 

characterisation is rather new and the question can be raised whether they perform better than the 

quasi-steady state methods.  

2. Methodology  

This paper examines the practical applicability of different in-situ thermal characterisation methods. 

Common semi-stationary methods are compared with a more advanced dynamical data analysis 

method, giving special attention to the reliability of the methods’ estimation results when confronted 

with data sets of limited measurement spans and different measurement periods. Ideally, however 

rarely the case, a good thermal estimation is independent of the measurement period throughout the 

year, i.e. in winter or summer, and results from short measurement terms. Most methods are 

accompanied by limiting conditions regarding the applicability and validity of the test method, 

however, these are not literally translated into a minimum test duration or delimited test period 

throughout the year. This paper aims to give an idea about those values in the case of a south-faced 

insulated cavity wall by applying the studied methods on various measurement data sets of this wall. 

The measurement data is generated by simulations in HAFMFEM, a finite element model based on the 

standard partial differential equations of heat, air and moisture transfer in porous building materials, 

developed at the KU Leuven. First the applied characterisation methods studied are presented, then the 

particularities about the wall’s properties and simulation assumptions are described.   

2.1 In-situ thermal characterisation methods 

2.1.1 Average method 

The International Standard ISO 9869 (1994) proposes an average method for the estimation of the 

thermal resistance of building elements from in-situ measurements. The method departs from the 

principle that the R-value can directly be obtained by measuring the heat flow rate through an element, 

together with the surface temperatures on both sides of the element in steady state conditions. 

However, since steady state conditions are never encountered on a site in practice, the method assumes 

that the mean values of the heat flow rate and temperatures over a sufficiently long period of time give 

a good estimate of these values in stationary conditions, leading to equation (1) 

𝑅 =
∑ ∆𝑇       

 
   

∑ 𝑞 
 
   

 (1) 

Where R  total thermal resistance of the element ((m².K)/W)  

 ΔTsi/se,j   difference between the internal and external surface temperature of reading j (K) 

 qj     heat flow rate of reading j (W/m²) 

 

The assumption of averaging data equalling steady state data results in a valid method only if (1) the 

thermal properties of the materials and the heat transfer coefficients are constant over the range of 

temperature fluctuations occurring during the test and if (2) the change of amount of heat storage in 

the element is negligible when compared to the amount of heat going through the element. Besides 

these general conditions, the norm formulates additional criteria which determines, during the course 

of the measurements, when sufficient data has been recorded. These criteria include minimum test 

durations and minimum deviations between the subsequently obtained R-estimates computed after 

each measurement. According to the International Standard, the recording measuring interval is 



 

 

 

typically 0,5h to 1h. In this paper, the average method is applied on (simulated) hourly measured data 

sets.  

2.1.2 Average method with correction for thermal storage 

The International Standard ISO 9869 provides criteria, indicating when sufficient data recordings for 

the average method have been obtained. If these criteria are not fulfilled, a correction procedure needs 

to be applied. The latter involves a rectification of the heat flow rates according to the thermal storage 

capacities of the element and is relevant for structures of high R-value and high thermal mass. The 

adjustment results from the assumption that all the heat flux measured at the interior surface passes 

through the test element. Strictly speaking, this will only be the case if the temperature profile 

throughout the element remains the same during the test. Equation (2) represents the adjustments to 

the measured heat flux at each data point, involving internal and external thermal mass factors for the 

structure concerned.  

∑𝑞 −
𝐹 𝛿𝑇 + 𝐹 𝛿𝑇 

∆𝑡
 (2) 

Where Δt the interval between readings (s) 

 Fi/e internal/external thermal mass factor, relying on reasonable estimates of the thermal 

mass and resistance of the various layers of the structure 

 δTi the difference between internal temperature averaged over the 24h prior to reading j 

and internal temperature averaged over the first 24h of the analysis period (K) 

 δTe the difference between external temperature averaged over the 24h prior to reading j 

and external temperature averaged over the first 24h of the analysis period (K) 

 

In this paper, hourly data is used as an input for the analysis procedure. According to the standard, the 

correction often permits a shorter measurement time. 

2.1.3 Simple linear regression method 

In essence, the simple linear regression technique fits a straight line through a set of points in such a 

way that the sum of the squared vertical distances between the points of the data set and the fitted line 

are as small as possible. To retrieve the R-value out of heat flux and surface temperature 

measurements, the stationary linear correlation between q and ΔT is assumed, as is the case for the 

average method. Equation (3) represents the equation of the resulting regression line approaching the 

relationship between the dependent variable q and the explanatory variable ΔT.  

𝑞 =
1

R
 . ∆𝑇     + 𝑐 (3) 

In contrary to the other methods, daily averages will be used for the application of the linear 

regression technique, for this permits to cancel out short-term effects of thermal mass (Bauwens et al. 

2012). Theoretically, the regression line should go through the origin, which in practice will rarely be 

the case. Therefore, in this paper, this is forced by fixing the constant c at zero.  

2.1.4 Dynamic parameter analysis 
 

In contrast to the quasi-stationary analysis methods that are commonly used for in-situ thermal 

characterisation, this paper includes the application of a more advanced dynamic analysis technique. 

Essentially, dynamic parameter estimation is a way of inverse modelling: the method estimates the 

parameters of a physical model by tuning the behaviour of this model to the observed behaviour of the 

physical object, both subject to the same boundary conditions. The assumed physical models, or so 

called grey-box models consist of a set of continuous stochastic differential equations formulated in a 

state space form. The use of grey-box models is an approved method for identifying systems in a lot of 



 

 

 

 

domains and is explored for modelling the heat dynamics of buildings and reported already in 

(Madsen & Holst 1995) and (Andersen et al. 2000). 

The state space model structure used in this paper for modelling the insulated cavity wall is derived 

from the resistance capacitance model represented in FIG 1. The model’s input variables are the in- 

and external surface temperatures Tsi/e of the wall, while the internal heat flux q serves as observation 

variable or output. This means that similar measurements as for the quasi-stationary methods are 

required. A third-order model is considered, meaning that the thermal mass of the wall is lumped to 

three capacitances. The state variables Twi of the model represent the internal temperatures of those 

thermal capacitances. The estimation parameters of the model are the three capacities Cwi and the four 

linking thermal resistances Rwi. The total resistance R of the wall equals the sum of the individual 

model resistances. Note that the latter are not necessarily equally distributed over the wall: the 

identification procedure determines the values of the model resistances and controls the location of the 

capacities in the modelled wall. The model’s parameters are estimated using the Continuous Time 

Stochastic Modelling (CTSM) toolbox implemented in the statistical software R (Rune et al. 2013).  

CTSM uses maximum likelihood estimation to identify the unknown parameters for the given model 

structure.  
 

 
 

 

FIG 1. Representation of the studied insulated cavity wall and its thermal properties (top) and 

representation of the 3
rd

 order resistance capacitance model used in the dynamic parameter analysis 

(bottom) 

2.2 Case study 

In this paper, an insulated south-facing brick cavity wall is observed, as depicted in FIG 1. The 

measurement data for the in- and external surface temperatures and for the internal heat flux through 

the wall are simulated in HAMFEM, a finite element model based on the standard partial differential 

equations of heat, air and moisture transfer in porous building materials, developed at the KU Leuven 

(Janssen et al. 2007). A refined mesh of 201 nodes is used. The thermal properties used for the one-

dimensional simulations are represented in FIG 1. The goal value for the total thermal resistance of the 

cavity wall is calculated from the simulation’s input properties and adds up to 3.82 (m².K)/W. A 

simulation with the length of one year and a calculation time step of one minute is performed for the 

typical moderate climate of Uccle (Belgium). Irradiance and outdoor air temperature data with a time 

resolution of 1 minute is obtained by Meteonorm v6.1 based on the period of 1981-2000. Other 

climate data is obtained with a time resolution of 1 hour and is interpolated to minutely data. For the 

inside boundary conditions, a constant indoor air temperature of 20°C is maintained during the whole 

year. This implies heating during the winter months and cooling during summer. The measurement 

output, e.g. surface temperatures and heat flux, are calculated at each minute of a whole year. This data 

is averaged to an hourly data set for the application of the average method, the average method with 

correction for thermal storage and for the dynamic parameter estimation method. For the simple linear 

regression method, daily averaged data is used.  



 

 

 

3. Results 

For comparison of the different analysis techniques, various data sets are considered: (1) data sets with 

different lengths ranging from 1 to 30 days and (2) data sets starting on the 1
st
, 2

nd
, …, till the 30

th
 of 

January, April and July. The resulting estimates for the thermal resistance of the cavity wall are 

represented in FIG 2. The charts with heading January contain the results of the data sets with a 

starting day in January. The charts with heading April and July respectively contain the results of the 

data sets with a starting day in April and July. From here the data sets with a starting date in January 

will be denoted as the data sets in January, while they partly encompass data points in February. 

Analogous denotations will be used for April and July. The results are plotted in function of the length 

of the dataset. So, in January, there are 30 data points corresponding to a data set length of, for 

example, 20 days, notably the data set ranging from the 1
st
 of January till the 20

th
 of January, till the 

data set ranging from the 30
th 

of January till the 18
th
 of February. In fact, the different data sets are a 

moving window advancing with a step of one day, repeated for different window lengths. The results 

for the different analysis methods are ordered vertically, with a repetition of the results of the average 

method as a reference. Remark that the boundaries of the y-axis are adjusted for the results of the 

reference method in January and April and that some data points corresponding to the other methods 

or to July fall outside the boundaries of the graph.  

Looking at the results of the average method, it can be seen from FIG 2 (first line) that in January all 

estimates of R lie within a 5%-accuracy band around the goal value for data sets with a length of 20 

days or longer. All R-estimates resulting from data sets of minimum 7 days already satisfy the required 

accuracy of 10%. In April, the requisite length of the data sets for obtaining the defined accuracies of 

5% or 10% increases to approximately 25 and 10 days respectively.  In July, no meaningful estimates 

of R are acquired. This phenomenon of poorer estimates for warmer periods can be explained by the 

validity of the averaging method only in stationary conditions: the method assumes that the mean 

values of the heat flow rate and temperatures over a sufficiently long period of time give a good 

estimate of these values under steady state conditions. This assumption is no longer justified when the 

heat storage in the element is large compared to the amount of heat going through the element. 

Typically, the heat flow rate in summer is limited due to the small temperature differences between the 

in- and outside environment. For the studied case, cooling is allowed and larger negative temperature 

differences can be maintained during hot periods when compared to a situation without cooling. The 

latter situation would involve fluctuating small positive and negative heat flows through the element 

during the summer period. This situation is even less favourable than the studied one and implies 

worse results than those represented.  

If the correction for the storage effects, as formulated in ISO 9869, is applied on the data (second 

line on FIG 2) an improvement of the estimation results in January and April are found compared to 

the average method. In January all results lie in the accuracy band of 10% and 5% for data sets of two 

and three days or longer respectively. In April, the required data set length reduces to 5 and 13 days for 

characterising a 10% and 5% accurately estimated R-value. The applied adjustments correct the 

measured data for the fact that not all the heat flux measured at the interior surface passes through the 

test element. For this cavity wall, an element with high R-value and high thermal mass, FIG 2 

endorses the technique’s potentials to shorten the required measurement time span for accurately 

characterising. Yet, it needs to be noticed that the thermal mass factors rely on estimates of the thermal 

mass and resistance of the various layers of the structure, which are exactly known for the studied 

wall. In reality, accurate thermal properties will often not be known and the improvement of the 

correction can be less effective. Besides that, by looking at the results for July, it is seen that the 

correction is not able to solve the problems when the measurements include small heat flow rates 

fluctuating around zero. 



 

 

 

 

 

FIG 2. Comparison of the different analysis techniques regarding the data set length and period. The 

dotted lines and grey areas correspond to the 5% and 10% accuracy band. 
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The results for the linear regression method (third line on FIG 2)  applied on daily averaged data 

points are similar to the results of the average method. As the same assumptions are made for both 

techniques, this may not surprise.  

Finally, the results for the dynamic parameter estimation method are studied. At first sight, it is seen 

from FIG 2 (fourth line) that the estimation method achieves a fast and accurate convergence to the 

goal value in January and April. Nevertheless, some data points are missing because the estimation 

procedure did not converge to a parameter set that fits the adopted differential equations and 

observations. Next to that, a lot of solitary outliers are located outside the boundaries of FIG 2’s graph. 

Yet, there is no stratification from the goal-value to these outliers, as it is for the other methods. This 

encourages the presumption that the outliers are due to unsatisfactory model assumptions. Contrary to 

the other methods, the application of the dynamic parameter estimation technique is not 

straightforward: initial values for the model parameters and model states have, among others, to be 

assumed and can affect the estimation results. The reliability of the assumed initial values and 

retrieved estimates can be examined by a set of post processed evaluation criteria. With this 

information reapplication of the estimation procedure with adapted initial values can still lead to 

correct R-estimates. However, this assessment procedure is not automatised and has not been applied 

for the series of dynamic estimations in this paper. Looking at the results for July, it is remarked that 

the presence of small heat flow rates does affect the dynamic estimation procedure too. Nevertheless, a 

denser cloud around the goal value is remarked. Further investigation should tell whether the 

application limitations due to limited heat flow rates are less tight than for the other methods.  

4. Conclusions and discussion 

To evaluate the reliability of the different methods in more detail, the standard deviation of the R-

estimates is investigated for the different analysis methods as a function of the length of the 

measurement time span. 

 

FIG 3.  Standard deviation of R-estimates for a certain data set length and for each analysis method. 

The dotted lines and grey areas correspond to a deviation of 5% and 10% of the goal value. 

The results are summarised in FIG 3. The graph represents the mean deviation from the goal value for 

the considered data points. Comparison of the semi-stationary results in January and April learns that 

the average method and the linear regression method with daily averages attain a similar accuracy for 

their results. The accuracy improves when the correction for the storage effects is applied, yet in 

contrast to real situations, in this study precise information about the thermal properties was present 

for the calculation of the in- and external thermal mass factors. The standard deviations for the 

dynamic estimation method show an irregular development for the shorter data set lengths. This is due 



 

 

 

 

to the presence of large individual outliers. The presence of outliers disappears from a certain data set 

length, +/-15 days in January and +/-7 days in April. The question raises whether an individual 

assessment of the model assumptions could avoid outliers for shorter data set lengths. A look on the 

results of July learns that the average method, with or without a correction for thermal storage, is not 

valid in the presence of small heat flows. The linear regression methods appears to perform well, 

however, FIG 2 shows a convergence to a wrong value. The dynamic estimation method shows the 

smallest mean deviation from the goal value, however, the confidence intervals of the obtained results 

are larger in summer than in winter and do barely reach the defined accuracy band. 

In general, it can be stated that the use of semi-stationary methods for the characterization of an 

insulated cavity wall can lead to accurate results in realistic measurement time spans, i.e. +/-5 till 7 

days, when applied during the winter months. The dynamic estimation method is less sensible for low 

heat flow rates, provides more accurate results and, when individually assessed, in shorter 

measurement periods. One can question whether the additional time consumed on evaluation and 

reapplication of the method is worth the reduction in measurement time and the improved accuracy. 

However, the possibilities of a dynamic analysis procedure reach far beyond those of the stationary 

techniques. Where the latter are limited to the estimation of stationary parameters, the dynamic 

method is not. One can imagine the identification of a thermal resistance that includes it’s temperature 

dependency or the identification of an R-value including dynamic effects as wind washing or air 

looping around the insulation layer, etc. As these dynamic phenomena do occur in practice, the 

potentials of the dynamic estimation method should be further investigated, for the possibility to 

characterise and quantify dynamic effects on the thermal performance of building components would 

be a significant improvement for in-situ characterisation. 
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