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ABSTRACT
The overall dynamic properties of building envelopes
are among the most influencing factors of building per-
formance. In order to assess accurately the overall per-
formance of a building it is necessary to assess with
good accuracy these characteristics in situ. This means
that the test protocol has to be carried out under non
controlled weather and usage conditions that induce
unknown thermal loading on the wall under test. We
present a methodology able to address this issue based
only on standard temperature measurements. The ap-
proach consists in trying to identify all-at-once both
the sought parameters and the unknown thermal load-
ings. The problem is set as an non-linear optimization
problem.

INTRODUCTION
Applications such as diagnostics in view of
retrofitting, energy services or evaluation in the
mark of performance-based contracts rely on the
ability to accurately predict a building’s performance
using a calibrated model. For this, collecting data on
the real building during operation is necessary. In
order to use the predictive capabilities of dynamic
simulation tools, one must collect data able to provide
accurate and detailed information about the intrinsic
building characteristics. However, the measurements
obtained in situ can also be dependent on perturbing
factors related to weather and usage conditions.
Assessing the building characteristics is only possible
if the influence of weather and occupancy conditions
on the measured data can be eliminated. On the
other hand, the instrumentation level that can be
effectively used on-site must comply with cost and
implementation constraints.
One way to eliminate the influence of perturbing fac-
tors is to try to identify all-at-once not only the sought
parameters but also the actual conditions in which
the measurements were made. This paper presents a
case where this approach has proved successful. The
aim here is to determine the thermal properties of
a building’s envelope using on-site temperature mea-
surements. The measurements are not intrusive: only
the surface temperature evolution throughout a given
observation period is needed. The test protocol is com-
pletely passive: the measuring is done under real op-

eration conditions, the building under study is subject
to unknown thermal loads due to outside weather con-
ditions and occupants’ behaviour.
From an energy-performance point of view, the main
influencing wall properties are the conductivity and
heat capacity coefficients. In a normalized construc-
tion process, material properties are usually measured
and certified by the provider. The situation is very dif-
ferent in the case of existing buildings under evalua-
tion in view of retrofitting, where even the constitu-
tive materials of the envelope can be unknown. In all
cases, even when the constitutive materials are clearly
identified, material properties are associated with large
uncertainty intervals (Clarke et al., 1990; Domı́nguez-
Muñoz et al., 2009) which can be worse when the con-
struction process raises the risks of a bad implementa-
tion. Uncertainties on the overall heat resistance of the
envelope produce large uncertainties on the building’s
total energy consumptions (De Wit, 1997; Lomas and
Eppel, 1992; MacDonald, 2002).
The identification of material thermal properties is
usually done using active methods. This class of meth-
ods rely on the measurement of the temperature re-
sponse of a test specimen subject to a known thermal
loading. For instance, the standard Hot Box test used
for the rating of building materials fails into this cat-
egory of methods (ASTM, 2005). In this method, the
test specimen is placed between two insulated cham-
bers where the temperature is kept constant. When
the temperatures and heat fluxes reach equilibrium, the
measurement of the temperature at both sides and the
amount of heat prescribed on the guarded face give
access to the whole-wall thermal resistance. The dy-
namic Hot Box test or the flash method and its variants
are based on a measurement under dynamic loading.
They give additional access to the dynamic properties
like heat capacity. The main drawback of these meth-
ods is that they make use of a sophisticated apparatus
and are thus not suitable for field tests.
On-site characterization of wall thermal properties is
mainly done in a qualitative way. Infrared techniques
can be used for the detection of defects on the in-
sulation layer (Åkerblom, 2008; Ribarić et al., 2009;
Balaras and Argiriou, 2002), but such techniques are
today unable to provide quantitative information de-
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spite some efforts in this direction. Larbi Youcef et al.
(2008) for instance describe a method to determine
the thickness of the insulation layer based on infrared
measurements on the inside surface of the wall. Bison
and Grinzato (2008) also make use of infrared mea-
surements to determine the wall conductivity and dif-
fusivity with a variant of the flash method applied to a
semi-infinite body.
To be suitable for a large-scale use on site, a test proto-
col to measure envelope characteristics should be easy
to implement, non intrusive (no drilling of the wall
for example) and fast (short measurement period). It
should be based on robust sensor technology and be as
low-cost as possible.
The methodology described here tends to meet most of
these requirements. It enables to identify the whole-
wall conductivity and heat capacity based on a short
period measurement of surface and ambient tempera-
tures at both sides of the wall under test. The measure-
ment data are processed with a numerical procedure
able to determine all-at-once both the sought thermal
properties and the thermal loading received by the wall
during the measurement. This makes the protocol suit-
able for on-site testing under unknown weather and us-
age conditions.

GENERAL PROBLEM DESCRIPTION
Typically, the thickness of building envelopes is small
compared to the other two dimensions, so that the heat
transfer can be assumed one-dimensional (see figure
1). This 1D representation is used here: the model and
identification technique are thus valid far from any dis-
continuities of the envelope and are not able to handle
links between adjacent walls or thermal bridges.
The inside surface (x = x1) exchanges heat by con-
vection with the adjacent air layer and by longwave
radiation with the surrounding walls. We assume that
the inside air temperature and the radiative tempera-
ture of internal walls are constant in time. The global
exchange can thus be modelled as an equivalent con-
vective exchange with a medium at temperature T1,
which can be easily measured.
The outside surface of the wall is in contact with the
ambient air at temperature T2 and exchanges heat by
convection. Heat is also exchanged by longwave ra-
diation with the outside environment and the sky. Fi-
nally, this surface can also receive shortwave radiation,
directly or not.
Heat is exchanged by conduction between the outside
and inside boundaries. The speed of this exchange de-
pends on the diffusivity λ of the wall, that is the ratio
between the conductivity k and the heat capacity C.
The methodology presented in this paper aims at de-
termining the two parameters {k,C}, which are neces-
sary to describe the transient behaviour of the wall. In
the case of a wall made of multiple layers, the method-
ology identifies a unique pair of equivalent thermal pa-
rameters. The thermal resistance of the wall is given

Figure 1: Simplified model of a wall

by the ratio between the thickness and the conductiv-
ity, while the overall thermal transmittance is the in-
verse of this value.

STATE-PARAMETER ESTIMATION
THE NUMERICAL MODEL
Based on the above-mentioned assumptions, the tem-
perature evolution within the wall can be computed us-
ing the following parabolic equation:





C
∂θ

∂t
− ∂

∂x
k
∂θ

∂x
= 0

[0, L]×
[0, T ]

−k
∂θ(x1, t)

∂x
+ α1θ(x1, t) = α1T1(t) [0, T ]

k
∂θ(x2, t)

∂x
+ α2θ(x2, t) = Φ(t) [0, T ]

θ(x, 0) = θi(x) [0, L]
(1)

In this equation, k is the equivalent overall con-
ductivity (W.m−1.K−1), C is the heat capacity
(J.K−1m.−3), x ∈ [x1, x2] and t ∈ [0, T ] being the
space and time variables respectively. The coefficient
α1 is a heat exchange coefficient characterizing the
convective transfers between the inside boundary of
the wall and the ambient air at temperature T . The
function Φ represents the total thermal loading im-
pinging on the external surface (x = x2). It is the
sum of three terms:

Φ = g + αvT2 + αrT∞,

where g is the total shortwave radiation, αv is the
convective coefficient characterizing the transfers be-
tween the outside boundary of the wall and the ambi-
ent air at temperature T2 and αr is a coefficient char-
acterizing the radiative heat transfer between the out-
side boundary and the surrounding environment at an
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equivalent temperature T∞. This simplified represen-
tation of longwave radiation results from the lineariza-
tion of the corresponding term, justified by the small
temperature differences that are usually observed. The
coefficient α2 = αr + αv (W.m−2.K−1) is the sum
of the corresponding convective and radiative coeffi-
cients. θi is the initial temperature distribution.
Given the properties k, C, α1 et α2 and the data
T (t), Φ(t) and θi(x), equation (1) has a unique so-
lution. The equation is solved using a finite element
discretization in space and an implicit scheme for time
integration. Note that other computation techniques
such as finite differences could have been used. The
only requisite is that the tool used for the computa-
tions give access to the temperature values at sensor
locations, i.e. for x = x1 and x = x2.

THE INVERSE PROBLEM
We assume that the following measurements are avail-
able over a time period of length T : the surface tem-
perature θd1 at x = x1, the surface temperature θd2 at
x = x2 and the ambient air temperatures T d

1 and T d
2

at both sides. Note that all these measurements can be
obtained in a not intrusive way (no drilling of the wall
is necessary).
The identification procedure will consist in determin-
ing the unknown parameters k and C based on these
measurements. If the measured data were only depen-
dent on these sought parameters, the situation would
be a little simpler. But in real testing conditions on-
site, the total heat impinging on the outside surface
is unknown, as well as the convective-radiative coef-
ficients α1 and α2. One could argue that there exists
techniques to measure the heat loading Φ. It would be
possible for instance to make use of a fluxmeter placed
on the surface of the wall. However, measuring a heat
flux with this kind of device can be tricky, and the cost
of a sufficiently accurate sensor is relatively high.
Thus, we consciously choose the situation where Φ2

is an unknown. The problem consisting in iden-
tifying unknown loadings (the right hand side of
this equation) based on partial measurements is of-
ten termed state identification, because it enables to
reconstruct the entire state of the system. This prob-
lem was treated by the authors in the one and three-
dimensional cases for the heat conduction (Nassiopou-
los and Bourquin, 2010; Bourquin and Nassiopoulos,
2011). The methodology presented here aims at iden-
tifying all-at-once the wall parameters (here, the ther-
mal properties) and the unknown loadings during the
experiment.
Back to equation (1), one can notice that two other pa-
rameters are also unknown: the radiative-convective
coefficients α1 and α2. The literature gives abundant
information about the values of these coefficients de-
pending on air speed and temperature conditions. Still,
the actual values of these coefficients are extremely
difficult to assess. In such a situation, two questions

should be explored. Is the solution of the identifica-
tion problem sensitive to these unknown parameters?
If yes, is it possible to identify these unknown param-
eters based on the available measurements? We’ll see
in the sequel that for α1 the answer to the first question
is positive and this can cause some troubles.
The last unknown in equation (1) is the initial tem-
perature θi(x). Even if it is possible to identify both
boundary and initial conditions in a state identifica-
tion framework (Bourquin and Nassiopoulos, 2011),
attempts to identify θi when the thermal parameters
are unknown were a failure. Using the temperature
values at the first timesteps of the measured data, one
can only obtain an extremely coarse estimation of θi
as an affine function connecting the two surface tem-
peratures at t = 0. The consequence of this is that the
measured data are perturbed by the error in the initial
temperature as long as this error has not significantly
decayed. Even if this will not presented here, there ex-
ists possible strategies to cope with the propagation of
this error in the data.
To sum up, the identification problem is the following:
based on the data

{θd1(t), θd2(t), T d
1 , T

d
2 },

find
{Φ, k, C,α1}.

This problem can be set as an optimisation problem
consisting in minimizing a functional measuring the
gap between the measured data and the response of
the model. To simplify notations, we will hereafter
note ϑd = {θd1(t), θd2(t), T d

1 } and u = {Φ, k, C} re-
spectively.
The problem under study is an inverse heat transfer
problem, and belongs to a class of problems that has
been extensively studied in literature (see for instance
Alifanov (1994), Beck et al. (1985) et Özisik and Or-
lande (2000)). They are ill-posed in the general case,
and need some kind of regularization to be solved
(Engl et al., 1994).
The functional measuring the gap between the data and
the model’s response can for instance be

J(u) =
1

2

2�

j=1

� T

0

�
θ(xj , t)− θdj (t)

�2
dt

+
�

2
�u�2V

(2)

The second term in the functional is the so-called
Tikhonov regularization term, � a small positive con-
stant. This term gives local convexity to the functional
to cure the ill-posed nature of the problem. The opti-
mization problem consists in finding the unkwnowns
u in some function space U that minimizes J :

inf
u∈U

J(u) (3)

Note that the measurements of the ambient air temper-
ature T d

1 and T d
2 do not appear in J . This is due to
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the special role of these measurements. As a matter of
fact, the ambient air temperatures are not outputs but
inputs in the model represented by equation (1). How-
ever, the measured temperature T d

1 will be used in the
algorithm to obtain, each time this is needed, the solu-
tion of (1); the measured temperature T d

2 will be used
to initialize the value of Φ in the iterative algorithm.

OPTIMIZATION ALGORITHM
Equation (1) is non-linear with respect to the parame-
ters k, C and α0. The minimization problem described
above is thus non-linear. A descent algorithm designed
for this class of problems, namely the Levenberg-
Marquardt algorithm, will be employed here. It is
based upon successive minimizations of a linearized
functional around successive linearization points. The
minimization of the linearized functionals will be ob-
tained with the adjoint method that gives access to the
gradient by solving an equation of same structure than
the direct model.
The first order linearization of the functional is ob-
tained by introducing a small perturbation of the un-
knowns around a point u0. The linearization writes

J(u0 + δu) ∼ J �
u0
(δu) + J(u0) (4)

with

J �
u0
(δu) =

1

2

2�

j=1

� T

0

�
θ(xj , t)+

δθ(xj , t)− θdj (t)
�2

dt

+
�

2
�δu�2V

(5)

where δθ is the solution of the sensitivity equa-
tion, obtained as a linearization of (1) around u0 =
{Φ2,0, k0, C0}





C0
∂δθ

∂t
− ∂

∂x
k0

∂δθ

∂x
= [0, L]×

δΦ− δC
∂δθ

∂t
+

∂

∂x
δk

∂θ

∂x
[0, T ]

−k0
∂δθ(x1, t)

∂x
+ α1δθ(x1, t) = [0, T ]

δk
∂θ(x1, t)

∂x

k0
∂δθ(x2, t)

∂x
+ α2δθ(x2, t) = [0, T ]

−δk
∂θ(x2, t)

∂x

δθ(x, 0) = 0 [0, L]

(6)

The Levenberg-Marquardt algorithm consists in solv-
ing, at each iteration n, the minimization problem for
u = un + δu

J �
un

(un+1 − un) = inf
u∈U

J �
un

(u− un) (7)

Each iteration thus entails a minimization sub-process
that can also be iterative. Here, the conjugate gradi-
ent method was applied for this sub-process. To ob-
tain the gradient of J �

un
(u − un) that is needed, the

following adjoint problem is solved, according to the
well-known adjoint method (Lions, 1968):





−C
∂p

∂t
− ∂

∂x
k
∂p

∂x
=

2�

j=1

�
θ(xj , t) [0, L]×

+δθ(xj , t)− θdj (t)
�
δxj [0, T ]

−k
∂p(x1, t)

∂x
+ α1p(x1, t) = 0 [0, T ]

k
∂p(x2, t)

∂x
+ α2p(x2, t) = 0 [0, T ]

p(x, T ) = 0 [0, L]
(8)

where δxj is the Dirac function that is equal to 1 at xj

and 0 everywhere else. The descent directions are then
obtained as functions of θ and p:

∇J =
�
p(x1, t),

−
� T

0

� L

0

∂θ

∂x

∂p

∂x
dx dt,

−
� T

0

� L

0

∂θ

∂t
p dx dt

�
(9)

The computations to obtain this relation are not pre-
sented here to avoid introducing bothersome details.
The interested reader can refer to a forthcoming publi-
cation.
To summarize, the algorithm employed here consists
in the following steps:
Initialization: u1

0.
n-loop: At each iteration n ≥ 1 :
• Initialization: � = 0, u0

n = u�+1
n−1.

• �-loop: At each iteration � ≥ 1 :
– Compute θ = θ(u�

n) satisfying (1).
– Compute δθ = δθ(u�

n − u0
n) satisfying (6).

– Compute pn = p(θn) satisfying (8).
– Compute the descent direction d� =

F (θ, p).
– Compute the optimal step ρ� such that
J �
un

(u�
n + ρ�d� = minρ J �

un
(u�

n + ρd�).
– Update the unknowns: u�+1

n = u�
n + ρ�d�

– If �u�+1
n −u�

n� < e�, then break the �-loop.
• u0

n+1 = u�+1
n .

• If �u0
n+1 − u0

n� < en, then break the n-loop.
In the above relations, � · � stands for the norm in the
control space U in which is sought the set of unknowns
u. In most cases, choosing Φ1

0 = α2T d
2 for the initial-

ization proved successful for a good convergence.

Results
The results below show numerical evidence of the
performance of the approach described so far. The
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Figure 2: Measurements T d
1 and T d

2 used for the nu-
merical example

test protocol is the following. First, a direct simu-
lation with known arbitrary sources and thermal pa-
rameters, obtained using the TRNSYS code (TRN-
SYS16 (2006)), is done. The values of the resulting
temperature fields on sensor locations are recorded:
they are presented on figure 2. These measurements
are then used as data for the reconstruction algorithm,
and the results of the reconstruction are compared
to the prescribed target functions. The wall evalu-
ated here is a 0.25m brick wall with an additional
layer of 0.2m of insulation material. The equiva-
lent thermal properties are k = 0.08W/(m.K) and
C = 1017×1094 = 1.1×106 J/(K.m3). The coeffi-
cient α1 is set to 3.1W/(m2.K) and the coefficient α2

to 7W/(m2.K). The temperature response of the wall
is recorded over a period of 24 hours. The weather
conditions that were simulated in the TRNSYS code
are those corresponding to Paris location on the Me-
teonorm database, on an average day of march.
The model equation (1) and its corresponding adjoint
equation (8) are discretized in space with P1 finite el-
ements. An implicit Euler scheme is used for time in-
tegration for both equations. The time interval is split
into 100 time-steps.
Figure 3 shows the result of the reconstruction of the
boundary source Φ. The figure shows the target (solid
line) and reconstructed (dotted line) functions. The
perfect match between these curves shows the great
accuracy in the reconstruction of the loading term. The
two figures 4 and 5 show the evolution of the recon-
structed coefficients k and C throughout the iterations
of the Levenberg-Marquardt algorithm. Twenty itera-
tions are enough to obtain the parameters with a rela-
tive error less than 1%.
The usefulness of any inverse procedure can only be
assessed thoroughly in the case when the data are
contaminated with measurement errors. As a matter
of fact, no experimental set-up can supply noise-free
measurements. In what follows, a random noise dis-

Figure 3: Reconstruction of the unknown thermal
loading Φ2 at x = x2

Figure 4: Evolution of k throughout iterations in the
n-loop

Figure 5: Evolution of C throughout iterations in the
n-loop
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turbance is added to the original data. The disturbance
is added numerically assuming white noise with Gaus-
sian distribution of variance σ2. The noise to signal
ratio (or measurement error) is given by

η =

�
�ϑd − ϑ∗�2

�ϑ∗�2

�1/2

(� · � denotes the norm in L2(0, T )m).
Figures 6 and 7 show the relative reconstruction er-
ror versus the noise to signal ratio. The relative re-

construction error is computed by
�

(kr−k∗)2

(k∗)2

�1/2
and

�
(Cr−C∗)2

(C∗)2

�1/2
for k and C respectively, where the

superscript r denotes the reconstructed values while
the superscript ∗ the actual ones. The points on both
figures are close to a straight line with slope 1 in a
log-log representation. This means that the quality of
the reconstruction is equal to the quality of the mea-
sure. The only limitation on the parameter identifica-
tion comes from the error measurements.

Figure 6: Reconstruction error on k versus measure-
ment error

Figure 7: Reconstruction error on C versus measure-
ment error

The last point concerns the modelling assumptions for

the inverse problem. It was mentioned earlier that the
result of the identification procedure is not sensitive to
the convective-radiative coefficient α2. Figures 8 and
9 show the reconstruction error on the parameters k
and C respectively versus the error in the values of α1

and α2, in the case where none of these parameters
is reconstructed. They show that the identification re-
sult is not sensitive to the value of α2: the error stays
low even with values of α2 very far from the true val-
ues, for a ratio α1/α∗ ranging from 0.5 to 2. On the
contrary, the identification result is very sensitive to
α1, both for k and C. This is a main drawback of the
method presented here, because this exchange coeffi-
cient is difficult to assess in real conditions. Investi-
gations are going on to find a way to circumvent this
difficulty.

Figure 8: Reconstruction error on k versus error in
parameter α1 and α2, in case none of them is recon-
structed

Figure 9: Reconstruction error on C versus error in
parameter α1 and α2, in case none of them is recon-
structed

Experimental validation
In order to test the methodology in real conditions, an
experimental apparatus was designed and built. The
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apparatus is inspired from the hot box test. It consists
of two chambers where the temperature variations are
controlled. They are situated at both sides of the test
specimen which consists of a fragment of wall built in
a metal frame. Several test specimens can be tested
with thickness ranging up to 30 cm. An infrared cam-
era was placed: it will be used to verify the homo-
geneity of the temperature field over the test speci-
men. Figure 10 shows a photo of the whole test bed.
Unfortunately, at the time this article was written, the

Figure 10: Test bed built for the experimental valida-
tion of the methodology and one of the test specimens
(on the right)

experimental data were not yet obtained for technical
reasons. They will be presented during the conference
and in a forthcoming academic paper.

CONCLUSION
The paper presents a methodology to assess on-site the
dynamic thermal properties of a wall, under unknown
weather and usage conditions. The approach consists
in trying to identify all-at-once not only the param-
eters of interest but also the different loadings under
which the measurements were obtained. Numerical
simulations showed that the methodology can be ap-
plied successfully to identify the conductivity k and
the heat capacity C using the measurements of the two
surface temperatures at both sides and the inside ambi-
ent air temperature. The necessary instrumentation is
thus very low-cost and easy to implement as it makes
use of standard sensor technology only.
In this kind of problem, the set of unknowns and the
measurements needed in order to identify this set de-
pends on observability results. It would be useful to
use the results on this concept in order to develop tools
able to a priori determine the number and position of
sensors in a context similar to the one presented here.
This will be the topic of a future work.
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J. M., and Carillo-Andrés 2009. Uncertainty in
the thermal conductivity of insulation materials. In
Eleventh International IBPSA Conference.

Engl, H. W., Hanke, M., and Neubauer, A. 1994. Reg-
ularization of Inverse Problems. Kluwer Academic
Publishers.

Larbi Youcef, M. H. A., Mazioud, A., Bremond, P.,
Ibos, L., Candau, Y., Piro, M., and Filloux, A. 2008.
A non destructive method for diagnosis of insulated
building walls using infrared thermography in real
situation. In Thermosense XXX, Proc. of SPIE, vol-
ume 6939.

Lions, J.-L. 1968. Optimal control of systems gou-
verned by PDEs. Dunod.

Lomas, K. J. and Eppel, H. 1992. Sensitivity analy-
sis techniques for building thermal simulation pro-
grams. Energy and Buildings, 19:21–44.

MacDonald, I. A. 2002. Quantifying the effects of un-
certainty in building simulation. PhD thesis, PhD
Thesis, University of Strathclyde.

Proceedings of Building Simulation 2011: 
12th Conference of International Building Performance Simulation Association, Sydney, 14-16 November. 

- 2331 -



Nassiopoulos, A. and Bourquin, F. 2010. Fast three-
dimensional temperature reconstruction. Comput.
Methods Appl. Mech. Engrg., 199:3169–3178.
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