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Abstract

This article uses a two-step fast and accurate method-
ology to retrieve the thermal diffusivity of a wall
based on in-situ measurement. To cut the compu-
tational burden of the inverse problem, the first steps
consists in searching the optimal experiment design
among the sequence of observations. A reduced se-
quence of three days is identified guaranteeing to es-
timate the unknown parameters with maximum ac-
curacy. Then, a reduced order model based on modal
identification method is developed to cut the compu-
tational cost of the direct problem numerical model.
Here the robustness of the a priori reduced order
model is evaluated for a case different from the origi-
nal one used for its construction. The case study is an
existing building with wall composed of granite. The
efficiency of the approach is evaluated, highlighting
very a satisfying reliability of the calibrated model
with a computational cost reduced by 5 .

Key Innovations

� Methodology to search for an optimal reduced
sequence of observation of three days to solve the
parameter estimation problem with accuracy

� Reduced Order Model based on Modal Identifi-
cation Method to compute the temperature and
its sensitivity with a reduced computational cost

� Fast, accurate and reliable solution of parameter
estimation problem of wall material properties

Practical Implications

Development of a reliable and universal methodology
to estimate material properties of wall based on semi-
destructive on-site measurement.

Introduction

With the nowadays environmental issues, it is essen-
tial to retrofit existing buildings. For this several
building simulation program may be used [1]. How-
ever, for such building, the uncertainties on the input
parameters are important [2]. Particularly, the ther-
mal properties of the material composing the walls
require to be known precisely since they influence
significantly the building energy efficiency and the

retrofitting actions.

By carrying on-site measurement, parameter estima-
tion problems can be solved by minimizing a cost
function between the direct problem and the observa-
tions to retrieve the unknown parameters. However,
such inverse problems suffer of computational bur-
den. Two reasons among others can be given. First,
inverse problem requires several (between tens to hun-
dreds) computations of the so-called direct problem.
Thus, when using models based on detailed diffusion
process, the computational cost and order (or degree
of freedom) of the numerical model are crucial. The
second reason arises from the inverse problem para-
dox. The accuracy of the retrieved parameter in-
creases with the size of the (time) observations [3].
However, the computational cost of the direct prob-
lem rises with the time horizon of the experimental
observations. So, a compromise is needed to lower
the computational burden of inverse problems.

This issue has been answered in [4] by proposing a
fast and accurate approach to estimate thermal dif-
fusivity of existing walls. It is based on a two-step
methodology. First, the computational cost of the di-
rect problem is decreased by building a reduced order
model (ROM) based on the a posteriori Modal Iden-
tification Method (MIM) [5, 6, 7]. Such a posteriori
feature requires preliminary computations of the solu-
tion to build the ROM. Then, the D-optimum criteria
is employed to find the optimal reduced sequence of
three days of observation to solve the parameter es-
timation problem [8]. The efficiency of the approach
has been demonstrated in [4] to retrieve the thermal
diffusivity of a monitored building wall located in the
South-West of France.

However, the efficiency relies on the universality of
the a posteriori MIM ROM: is the model reliable for
cases different from the original configuration? In
other words, is it possible to estimate the thermal
diffusivity for a wall of different length and proper-
ties and for different boundary conditions? The aim
of this article is to investigate this aspect. Thus, the
methodology is evaluated on a complementary case
study for a building located in the West region of
France. The studied wall is made of different mate-
rial, namely granite with lime coat, and has a different
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length. The MIM model is used as built in [4]. No
further computations are realized to build the model
and its robustness will be evaluated.

The article is organized as follows. First Section de-
scribes the physical problem by formulating the gov-
erning equations. The reduced order model is also
presented to compute the temperature and its sensi-
tivity to the unknown parameter. The OED method-
ology is outlined to search for the reduced sequence of
observations. Second Section presents the case study
and the results of the parameter estimation problem.

Methodology

Physical problem

The mathematical model is based on the heat diffu-
sion process in wall of length L occurring over the

time interval Ω t
def
:=
[

0 , t f

]
. It is formulated by the

following differential equation:

∂T

∂t
= α

∂ 2T

∂x 2
, (1)

where α
[
m 2 . s−1

]
is the homogeneous thermal dif-

fusivity of the wall. The temperature is measured
according to time at both inside and outside surfaces
of the wall. Thus, Dirichlet boundary conditions
are assumed:

T (x = 0 , t ) = T∞ , L ( t ) , (2)

T (x = L , t ) = T∞ , R ( t ) . (3)

Furthermore, the initial condition is known by a given
function of x fitted using the measurement.

T (x , t = 0 ) = T ini(x ) . (4)

The so-called observable field T s is defined as follows:

T s : (x s , t ) 7−→ T
(
x s , t

)
, s ∈

{
1 , . . . , N s

}
,

(5)
where N s is the number of points of interests. In our
case, it corresponds to the temperature at sensor lo-
cations x s. For the sake of efficiency, a dimensionless
version of the problem is formulated and implemented
in the numerical algorithms.

Sensitivity functions

The sensitivity function θ(x , t , α ) of the unknown
parameter α is defined. Its governing equation is ob-
tained by differentiating Eq.(1):

∂θ

∂t
= α

∂ 2θ

∂x 2
+

∂ 2T

∂x 2
, (6)

with the following boundary and initial conditions:

θ(x = 0 , t ) = 0 , (7)

θ(x = L , t ) = 0 , (8)

θ(x , t = 0 ) = 0 . (9)

Note that the sensitivity of the observable field at the
location x s is θ s(x s , t ) . The model, described in
“Physical problem” and “Sensitivity functions” sec-
tions, which computes the temperature field and its
sensitivity at the points of interests x s is denoted as
Large Original Model (LOM).

MIM reduced order model

A reduced order model is built for the direct problem
(1) and its sensitivity (6) based on the Modal Iden-
tification Method [5, 6, 7]. Based on the state-space
representation of the physical problem, the following
reduced model is formulated as:

Ẋ T = α · F ·X T + α ·G ·Q , (10)

Ẋ θ = α · F ·X θ + F ·X T + G ·Q ,(11)

Ỹ T = H T ·X T , (12)

Ỹ θ = H θ ·X θ . (13)

It enables to compute the unknown reduced vectors
X T ∈ M

(
RN r × 1

)
and X θ ∈ M

(
RN r×1

)
,

where N r is the order of reduction of the model.
Generally, it varies between 5 to 20 depending
on the problem. Note that X T and X θ have
no specific physical meaning. Using the trans-
formation carried by Eqs.(12) and (13), accurate

approximations T̃ and θ̃ of the temperature and
its sensitivity are obtained at the point of interests
x s . Results are concatenated in matrices Ỹ T

and Ỹ θ . Note that the temperature (or sensitivity)
outside x s cannot be computed with the MIM model.

Other matrices have the following dimensions:
F ∈ M

(
RN r×N r

)
is assumed as diagonal. And the

matrices G ∈ M
(
RN r×2

)
, H T ∈ M

(
RN s×N r

)
and H θ ∈ M

(
RN s×N r

)
are fulled.

The construction of the model is carried out by mini-
mizing the differences between the reduced model and
the complete model through the following cost func-
tion J rom :

J rom

(
N r , F , G , H u , H θ

)
def
:=

N s∑
i=1

∫ t f

0

(
T̃ s ( t ) − T s ( t )

T s ( t )

) 2

+

(
θ̃ s ( t ) − θ s ( t )

θ s ( t )

) 2

dt .

The minimization is realized before solving the pa-
rameter estimation problem, using a PSO algorithm.
It determines the order of the reduced model N r as
well as matrices F , G , H T and H θ .
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Parameter estimation problem

Optimal reduced sequence

The solution of the parameter estimation problem can
be limited by the computational burden. Indeed, sev-
eral computations of the direct problem are required.
The longer is the time horizon of the experimental
campaign, the better is the accuracy of the retrieved
parameters [3]. However, the computational time of
the direct problem becomes higher. Thus, a compro-
mise is required. For this, a reduced sequence of three
days of experiments Ω oed

t is searched among all the
experimental campaign:

Ω oed
t

def
:=
[
t ini , t ini + 3

]
, (14)

where t ini

[
d
]

is the beginning of the reduced se-
quence. So, the following measurement plan Π is in-
troduced:

Π =
{
t ini

}
,

The search of the optimal measurement plan Π ◦ is
done by maximizing the D-optimum criteria [3, 9]

Π ◦ = arg max
Π

Ψ ,

where Ψ is the determinant of the Fisher matrix F :

Ψ
def
:= detF( Π ) ,

and

F def
:=

1

σ 2

N s∑
i = 1

∫
Ω oed

t

θ s
(
t
) 2

dt ,

with σ is the measurement uncertainty. Using the a
priori value of the unknown parameter, the method-
ology enables to determine the optimal reduced se-
quence of measurement that maximize the parameter
estimation accuracy. With this approach, the solu-
tion of the inverse problem is done for a reduced se-
quence Ω oed

t ⊂ Ω t to cut the computational efforts.

Solution of the inverse problem and its relia-
bility

The parameter estimation problem aims at determin-
ing the unknown parameter p which is the thermal
diffusivity of the wall. A distinction is carried be-
tween the so-called a priori parameter, denoted by
p apr , corresponding to the knowledge one has on the
unknown parameter (before the parameter estimation
problem). It comes from preliminary studies, litera-
ture references or standards. It is also used as initial
guess in the algorithm to solve the inverse problem.
The solution of the parameter estimation problem is
p ◦ and verifies:

p ? = min
Ω p

J ( p ) ,

where J is the cost function defined using the least
square estimator and the reduced model:

J : p 7−→
N s∑
i=1

∫ t f

0

(
T̃ s ( p , t ) − T m

s ( t )

) 2

dt ,

(15)

where the super-script m stands for the experimen-
tal observations of the field. The minimisation of the
cost function is realized using the Gauß algorithm
[3, 10] detailed in [4] for the given problem. The algo-
rithm operates until a maximum number of iterations
is attained. Two additional criteria are defined along
the iterations k , evaluating the relative magnitude
changes of the cost function and candidate parame-
ter:

γ 1 > η 1 & γ 2 > η 2 , (16)

γ 1
def
:=

∥∥∥ J( p k+1 ) − J( p k )
∥∥∥

2∥∥∥ J( p k )
∥∥∥

2

, (17)

γ 2
def
:=

∥∥∥ p k+1 − p k

∥∥∥
2∥∥∥ p k ∥∥∥

2

. (18)

where η 1 and η 2 are user defined values.

To evaluate the reliability of the solution of the in-
verse problem, several metrics are used. First, the
residual evaluates the accuracy of the model predic-
tion (using a given value of the unknown parameter)
compared to the experimental observations:

ε 2
def
:=

√√√√ 1

N s N t

N t∑
n= 1

N s∑
s= 1

(
T (x s , tn ) − T m

s ( tn )
) 2

,

(19)
whereN t is the number of measurements. The second
criteria is the computational efforts evaluated in the
Matlab� environment with a computer equipped with
Intel i7 CPU and 32 GB of RAM. The dimensionless
computational time is defined by:

t ?cpu

def
:=

t cpu

t cpu , ref
, (20)

where t cpu

[
s
]

is a measured time and subscript ref
stands for a reference value.

Case Study

After presenting the methodology to reduce the com-
putational time of the parameter estimation problem
without loosing accuracy, investigations are carried
out for a real case study.

Description

The case is a 154 m 2 old house built at the end of the
XIX th century, located in Pluvigner, France. The
monitored wall is oriented West and has a length of
50 cm . It is composed of mixture of granite and
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lime coat. It is not known if the sensors are in con-
tact with stone or coat. The air zone on the inside
part of the wall is not heated. Three sensors have
been settled by drilling the wall obliquely and filling
the remaining gap with insulation to avoid additional
thermal perturbation. Two additional sensors have
been placed on the inside and outside surface of the
wall. An illustration of the case with the sensor posi-
tion is given in Figure 1. Experimental observations
have been obtained for 36 days starting from Decem-
ber 1 st of 2009. Thus, Ω t =

[
0 , 36

]
days . The

initial condition is given by a fitted first order poly-

nomial: T ini = 14.19 ·
(

1 − x

0.946

) [ ◦C ] . The

results of the measurement campaign are shown in
Figure 2. The uncertainties have been evaluated by
propagation, considering both measurement and sen-
sor positions ones. Complementary information can
be found in [4] since the same experimental design
has been employed and in [11] since the campaign has
been carried out within the framework of the French
BATAN project.

observations

granite +

lime coat

Figure 1: Picture of the sensors on the outside and
inside part of the wall (top). Schematic illustration
of the sensor position (bottom).

Searching for the reduced sequence of obser-
vation

Before identifying the unknown thermal diffusivity of
the wall, investigations are being conducted to find
an optimal reduced sequence of 3 days of observation.
To apply the OED methodology, the direct problem
and sensitivity functions are computed using a priori
values of the unknown parameter. The a priori value
is given by the French standards and is reported in
Table 1. The model used is based on a central finite-

0 4 8 12 16 20 24 28 32 36

-1

3

7

11

15

0 4 8 12 16 20 24 28 32 36

-1

3

7

11

15

Figure 2: Time evolution of the boundary conditions
(top) and the observations inside the wall (bottom)
for the whole measurement campaign.

differences numerical scheme with explicit variable-
step and variable-order solver for the time integra-
tion [12]. A large order model is employed to guar-
antee the choice of the sequence. The D-optimum
criteria is computed for each sequence of 3 days in
Ω t. Results are illustrated in Figure 3. The optimal
reduced sequence starts for t ini = 14 days and we
have Ω oed

t =
[

14 , 17
]
days . One can note that it

corresponds to high magnitude of sensitivity coeffi-
cients, ensuring a good practical identifiability of the
unknown parameter. Inversely, the worst period is
for t ini = 25 days .

Since those results depend on the a priori value of
the unknown parameter, a complementary paramet-
ric study is realized. Hundred additional computa-
tions of the D-optimum criterion are done for a pri-
ori values of the thermal diffusivity in the interval[

0.34 , 1.45
]
· 10 6 m 2 . s−1 . It corresponds to a rel-

ative deviation of 30 % of the standard values. Fig-
ure 4 highlights that the initial day of the reduced
sequence is relatively stable at t ini = 14 days . For
thermal diffusivity lower than 0.88 m 2 . s−1 , the re-
duced sequence for parameter estimation should start
at t ini = 11 days .

Given the results of the OED methodology, the pa-
rameter estimation procedure is performed for the re-
duced sequence of 3 days , starting at t ini = 14 days .
Results of the parameter estimation problem will con-
firm the validity of this choice. The time evolution of
the boundary conditions and observations with their
uncertainties are given in Figure 5.
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Figure 3: Variation of the D-optimum criteria accord-
ing to the starting date of the reduced sequence (top).
Time evolution of sensitivity functions (bottom).

0.7 0.8 0.9 1 1.1 1.2 1.3 1.4 1.5

11

12

13

14

Figure 4: Variation of the initial day of the reduced
sequence according to the a priori value of the un-
known parameter.

Parameter estimation using the MIM reduced
order model

The parameter estimation problem is solved using
the MIM reduced model combined with the gradi-
ent based algorithm. As mentioned previously, the
MIM ROM has been built in [4] for four values of
the unknown diffusivity α . The order of the ROM is
N r = 17 . In other words, no additional computa-
tions are carried to build the MIM ROM.

The initial guess used in the inverse algorithm is the
a priori one given by the French standards and re-
ported in Table 1. As noted in Figure 6, the algo-
rithm requires around 10 iterations to solve the in-
verse problem. The first criteria to be verified is the
one of the cost function. In 3 iterations, the algo-
rithm already founds a good estimate of the unknown
parameter. The estimated value of the thermal dif-
fusivity is given in Table 1. It is slightly different

14 14.5 15 15.5 16 16.5 17

-0.5

1

2.5
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5.5

7

8.5

10

11.5

14 14.5 15 15.5 16 16.5 17

-0.5

1

2.5

4

5.5

7

8.5

10

11.5

Figure 5: Time evolution of the boundary conditions
(top) and the observations inside the wall for the op-
timal reduced sequence (bottom). The grey shadow
corresponds to the measurement uncertainty.

from the standard one with a relative deviation of
34 % . Figure 8 highlights a small residual between
the calibrated model and experimental observations.
Moreover, the residuals have no signature indicat-
ing a successful estimation. The comparison between
the model predictions and the experimental data is
shown in Figure 7. There is a very satisfying agree-
ment between the results. The numerical predictions
are within the range of uncertainties. The calibrated
model has a precise prediction of the physical phe-
nomena. Note that, the differences with the model
using a priori (standards) values of thermal diffusiv-
ity are very singular. As remarked in Table 1, the
residual is lower for the case with estimated diffusiv-
ity. The stability of the results has been verified by
changing the a priori value of the unknown parame-
ter, i.e., the initial guess in the algorithm.

Table 1: Synthesis of the results of the parameter es-
timation problem

Parameter value

a priori estimated

α
[
10 6 m 2 . s−1

]
1.0 1.34

ε 2(x 1 )
[ ◦C ] 0.25 0.16

ε 2(x 2 )
[ ◦C ] 0.15 0.08

ε 2(x 3 )
[ ◦C ] 0.19 0.17

ε 2

[ ◦C ] 0.35 0.25
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Figure 6: Evolution of the criteria on the cost func-
tion (top) and estimated parameters (bottom) accord-
ing to the iteration of the optimization algorithm.

Reliability of the calibrated model

Since the parameter estimation problem has been
solved for a reduced sequence of 3 days , the reliability
of the model is evaluated for the 36 days of the ex-
perimental campaign. The computations are carried
with the MIM ROM for both a priori and estimated
parameter. Figure 9 provides a comparison of the
model predictions with the observations. For the sake
of clarity, only the last four days of the experimental
campaign are presented. The curves are overlapped
indicating a satisfying agreement between the numer-
ical predictions and the experimental data. The pre-
dictions remain in the uncertainty of the experiments,
for both a priori and estimated parameter cases. The
normalized probability density function of the error
between prediction and measurement is given in Fig-
ure 10 for the three sensors. The error is lower than
the measurement uncertainties. It confirms the good
reliability of both models. However, the model pre-
dictions with the estimated parameter are better at
x 2 since the deviation of its probability is lower and
it is nearer to zero. In addition at x 3 , the probability
is more centered to 0 for the calibrated model, which
indicates a better agreement with the experimental
data. The errors of both model with experimental
data are presented in Table 2. The calibrated model
improves the reliability of the predictions.

The global methodology proposes a reliable approach
to determine the thermal properties of an existing
wall with accurate observation of the phenomena. It
is based on some assumptions on the physical model.
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2

3.5
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Figure 7: Comparison of the model predictions com-
puted with a priori p apr and estimated p ◦ parameters
with the experimental observations of the three sen-
sors. The grey shadow corresponds to the measure-
ment uncertainty.

0 0.5 1 1.5 2 2.5 3

-0.2

0

0.2

0.4

0.6

Figure 8: Residual between the calibrated model and
the experimental observations for the three sensors.

First, the heat transfer is assumed as one-dimensional
with a constant thermal diffusivity. Latent effect or
temperature dependency are neglected. The model
has been elaborated considering a one-layer wall. The
complexity of the model can be increased by re-
vising those assumptions. The methodology should
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Table 2: Synthesis of the reliability of the model pre-
dictions.

Parameter value

a priori estimated

ε 2(x 1 )
[ ◦C ] 0.12 0.10

ε 2(x 2 )
[ ◦C ] 0.14 0.08

ε 2(x 3 )
[ ◦C ] 0.17 0.15

ε 2

[ ◦C ] 0.25 0.19

be reliable due to the promising preliminary results
[5, 6, 7, 8].

In addition, the methodology implies a precise ex-
perimental design. Robin boundary conditions are
prevented to avoid three additional uncertain param-
eters: the inside and outside surface transfer coeffi-
cients as well as the radiative property (emissivity) of
the wall. Thus, Dirichlet boundary conditions are
obtained by using sensors on the inside and outside
wall surfaces. Three additional sensors are drilled into
the wall. They have to be set carefully to reduce as
possible the measurement uncertainties and the per-
turbation of the transfer. Last, the design is intrusive
and requires the good will of the building occupants.

In terms of computational cost, the following results
are measured. The LOM and MIM ROM require
185 s and 36 s to compute the direct problem, re-
spectively. It corresponds to a ratio t ?cpu = 0.19 ,
highlighting the reduction of the computational cost
by using the reduced order model. Note that the
computational burden of the inverse problem has also
been reduced by using the MIM ROM. Assuming the
same order of iterations (here 11), the use of the LOM
to solve the parameter estimation problem problem
would require 34 min instead of less than 7 min with
the ROM.

Conclusion

A methodology is applied successfully to find the
thermal diffusivity of a wall composed of granite
and lime coat, and based on in-situ measurement in
an existing building. It consists in (i) solving the
parameter estimation problem over a reduced se-
quence of three days determined with the D-optimum
criteria and (ii) computing the direct problem and
its sensitivity functions (to solve the inverse problem
or perform numerical predictions) using a MIM
reduced order model. The a posteriori MIM model
built for another type of building in [4] is re-used for
this study. Indeed, this model has been constructed
for a material which is composed of a mixture of
lime stones and clay mortar and which was manufac-
tured with vernacular traditional architecture. The
boundary conditions are also different, coming from
a another geographical region. Here, the robustness
of the model is shown for a configuration different
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32 33 34 35 36
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Figure 9: Comparison of the model predictions com-
puted with a priori p apr and estimated p ◦ parameters
with the experimental observations for the last days
of the experimental campaign. The grey shadow cor-
responds to the measurement uncertainty.

from the original one. It highlights the universality
of the ROM. The overall method shows a satisfying
reliability of the calibrated model with a compu-
tational cost reduced by 5 and thus validates the
procedure. Moreover, the results obtained with the
diffusivity given by the French standards show also a
good agreement with slightly better residuals for the
MIM model. These good results can be explained by
the fact that the thermo-physical properties of the
considered material change very slightly over time
since they are not sensitive to moisture loads. As a
consequence, using diffusivity from French standards
could be not adequate for more complex materials
while the method based on the MIM model could
still be effective.

An interesting perspective is to develop similar
procedure as in [4], which includes thermal depen-
dent diffusivity in order to obtain a larger range
of admissible walls for the method and test it with
experimental data.
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Figure 10: Probability density function (pdf) of the
error between the prediction and the experimental ob-
servations for each sensor position.

Acknowledgment

JB will sincerely appreciate comments, suggestions,
and constructive criticism that could help him to
produce something much better in the future.

References
[1] N. Mendes, M. Chhay, J. Berger, and D. Dutykh.

Numerical methods for diffusion phenomena in
building physics. PUCPress, Curitiba, Brazil,
2016.

[2] C. Cornaro, V. Adoo Puggioni, and R. Maria
Strollo. Dynamic simulation and on-site mea-
surements for energy retrofit of complex historic
buildings: Villa mondragone case study. Journal
of Building Engineering, 6:17–28, 2016.

[3] J. V. Beck and K. J. Arnold. Parameter Esti-
mation in Engineering and Science. John Wiley
and Sons, New York, 1977.

[4] J. Berger and B. Kadoch. Estimation of the
thermal properties of an historic building wall
by combining modal identification method and

optimal experiment design. Building and Envi-
ronment, 185:107065, 2020.

[5] M. Girault and D. Petit. Resolution of linear in-
verse forced convection problems using model re-
duction by the Modal Identification Method: ap-
plication to turbulent flow in parallel-plate duct.
International Journal of Heat and Mass Trans-
fer, 47(17-18):3909–3925, 2004.

[6] M. Girault and D. Petit. Identification methods
in nonlinear heat conduction. Part I: Model re-
duction. International Journal of Heat and Mass
Transfer, 48(1):105–118, 2005.

[7] M. Girault and D. Petit. Identification meth-
ods in nonlinear heat conduction. part ii: inverse
problem using a reduced model. International
Journal of Heat and Mass Transfer, 48(1):119 –
133, 2005.

[8] A. Jumabekova, J. Berger, A. Foucquier, and
G.S. Dulikravich. Searching an optimal experi-
ment observation sequence to estimate the ther-
mal properties of a multilayer wall under real cli-
mate conditions. International Journal of Heat
and Mass Transfer, 155:119810, 2020.

[9] D. Ucinski. Optimal Measurement Methods
for Distributed Parameter System Identification.
CRC Press, New York, 2004.

[10] M. Necati Ozisik and H. R.B. Orlande. Inverse
Heat Transfer: Fundamentals and Applications.
CRC Press, New York, 2000.

[11] R. Cantin, J. Burgholzer, G. Guarracino,
B. Moujalled, S. Tamelikecht, and B.G. Royet.
Field assessment of thermal behaviour of histor-
ical dwellings in france. Building and Environ-
ment, 45(2):473 – 484, 2010.

[12] L.F. Shampine and M.W. Reichelt. The MAT-
LAB ODE suite. SIAM J. Sci. Comput., 18(-
):1–22, 1997.

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
2350

 
 

https://doi.org/10.26868/25222708.2021.30702


	Abstract
	Key Innovations
	Practical Implications
	Introduction
	Methodology
	Physical problem
	Sensitivity functions
	MIM reduced order model

	Parameter estimation problem
	Optimal reduced sequence
	Solution of the inverse problem and its reliability


	Case Study
	Description
	Searching for the reduced sequence of observation
	Parameter estimation using the MIM reduced order model
	Reliability of the calibrated model

	Conclusion
	Acknowledgment



