Inverse modelling to predict and characterize indoor climates
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ABSTRACT: Computational research on monumental buildings yields three problems regarding current
building models: tedious modelling, relatively long simulation times, difficult to characterize the building by
models parameters. A simplified building model with physical meaning is developed which is capable of
simulating indoor temperature and humidity. The parameters of the model are identified by an optimization
algorithm which fits the output of the model to measurements. The method consisted of: developing
simplified building models based on insights from a literature review; fitting the models to a 17th century
castle’s indoor climate; based on three criteria the best performing model is chosen and validated. The
validation consisted of: residual analysis; applying the chosen model to a 16th century Cathedral, a parameter
analysis. Concluding: inverse modelling is applied successfully to reproduce the free floating indoor climate
of monumental buildings; characterization of the building remains a challenge.

1 INTRODUCTION

timum parameters. Therefore, we focus on Linear
Time Invariant models, specifically state space models, to ensure simulation speed.
The article is structured as follows. Section 2
elaborates on the methodology, section 3 presents
the results: 3.1 deals with state space performance,
3.2 with simplified model development and assessment and section 3.3 deals with model validation.
Section 4 provides a discussion and section 5 presents the conclusions.

Monumental buildings and their collections are important assets that form our cultural heritage. Unfortunately, they are exposed to all kinds of agents of
deterioration including incorrect temperature and incorrect relative humidity (Michalski 1994). Computational research is conducted to relate deterioration
to the indoor climate (Martens 2012). Moreover, it’s
important to consider the monumental building itself
(Michalski 2004). Especially moisture needs constant attention (Conrad 1996). Finally, effects of
climate change on the cultural heritage for the years
2000 until 2100 are researched (Huijbregts et al.
2012).
Computational modeling and simulation plays a
vital role in performing research on the built cultural
heritage. Given the aforementioned context, three
problems are identified with respect to current building modeling: (i) detailed modeling of the buildings
requires much effort: monumental buildings are old
and protected. Therefore, blueprints are hard to find
and destructive methods to obtain building material
properties are often not allowed; (ii) simulation run
times are long due to long simulation periods (up to
100 years with time step 1 hour) and detailed physical models; (iii) detailed models obstruct an easy
characterization of the building.
A simplified building model with physical meaning is desired which is capable of simulating temperature and humidity in which the parameters are
identified from measurements by inverse modeling.
The simplified model is needed for the prediction of
indoor temperature and indoor humidity and for
building characterization. Inverse modeling implies
many repetitive simulations in order to find the op-

2 METHODOLOGY
2.1 Data acquisition
Measured outdoor climate data are provided by the
Royal Netherlands Meteorological Institute:
temperature, relative humidity and global irradiance
on the horizontal plane.
Indoor measurements of Amerongen Castle’s
king’s chamber are used for model development and
selection (Fig. 1, left). Amerongen Castle is situated
in the center of the Netherlands. It is a 17th century
building, surrounded by a moat, with massive walls
varying from 0.7 to 1.5 m thick. The building covers
five floors. The main building materials are brick,
wood and slate roof covering. The king’s chamber is
located on the second floor and has windows oriented to the south and to the east. The indoor climate is
free floating. One adjacent room is not free floating
but has limited heating (set point 10°C).
Indoor climate measurements of St. Bavo’s
Cathedral’s south transept are used for model
validation (Fig. 1, right). St. Bavo’s Cathedral is situated in Belgium. The measurements are performed
in the south transept. The influence of solar irradi101

ance and the massive construction make the measurement data particularly valuable for model validation.

The input Pe of the hygric model is calculated from
measurements of outdoor relative humidity RHe and
outdoor temperature Te according to (Künzel 1995).
The solar inputs Irradi on vertical planes are calculated from global irradiance on the horizontal plane
(Perez et al. 1987). Other climate data as precipitation and wind, are excluded to keep the amount of
parameters at a minimum. This is an important aspect since more parameters lead to a higher uncertainty in parameter estimation (Ljung 1999).
2.3 Inverse modelling
Inverse modeling is the inverse of traditional modeling. In traditional modeling, the system is known
and the output is unknown. By modeling the system,
the output can be simulated. In inverse modeling the
output is known, e.g. measured, but little is known
about the system’s parameters. The goal is to find
the parameter set minimizing the error between the
simulation result and measurements, formulated as
an objective function. If the solution space includes
multiple minima the goal is to find the global minimum, called global optimization.
The optimization process is repeated with different solvers. Although Genetic Algorithms (GA) gain
popularity by researchers (Huang & Lam 1997,
Wang & Xu 2006a, Xu & Wang 2007), it is known
that such Evolutionary Algorithms only find a nearoptimum solution. However, GA can be used to find
an approximate solution and set this as the new initial value (Maeder et al. 2004, Babu & Murty
1993).Then the process is repeated with the PatternSearch algorithm to search the global solution
space thoroughly and eventually the process is repeated with fmincon, a local solver, to check the solution or improve it. These algorithms are included
in MATLAB’s Global Optimization Toolbox and
Optimization Toolbox.

Figure 1. Used case studies: Amerongen Castle [left] and St.
Bavo’s Cathedral [right].

The indoor temperature and relative humidity are
measured with combined humidity and temperature
sensors. The relative humidity sensors have an absolute accuracy of ±2% RH from 10 to 90% RH and
the temperature sensors have an accuracy of ±0.5 °C
from 0 to 40 °C (Sensirion 2012). The sensors inside
the buildings are placed at a height of 1-2 m above
floor level. To obtain uniform room conditions, sensors are placed at the best possible locations avoiding the influence of air flow through the opening of
doors and windows and heat loss through external
walls (Huijbregts et al. 2012).
2.2 Hygrothermal model development
The developed simplified model is a lumped building model. Based on the literature research (Kramer
et al. 2012), different lumped model structures are
developed which represent a building zone. The ordinary differential equations are derived from these
RC-networks and transformed into state space matrices. State space models are Linear Time Invariant
(LTI) models. A consequence is that the ODEs’ parameters are fixed coefficients. A linear model is often sufficiently accurate to describe the system dynamics (Ljung 1999).

2.4 Performance validation
To quantify a model’s accuracy, three performance
criteria are used: the Mean Squared Error (mse),
Mean Absolute Error (mae) and Goodness of Fit
(fit). The mse is calculated according to,

(1)

∑

The first equation is known as state equation where
x(t) is the state vector and u(t) is the input vector.
The second equation is referred to as the output
equation. A is the state matrix, B is the input matrix,
C the output matrix and D the direct transition matrix.
Thermal model inputs used: outdoor temperature
(Te [°C]); solar irradiation on vertical planes oriented
on north, east, south and west (IrradN, IrradE, IrradS,
IrradW [W/m2]); fixed temperature node (Tfixed [°C]).
Hygric model inputs used: outdoor vapor pressure
(Pe [Pa]) and fixed vapor pressure node (Pfixed [Pa]).

(2)

and the mae is calculated according to,
∑

|

|
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and the fit is calculated according to,
100 ∙ 1

4

where = measured signal; = simulated signal;
= average measured signal; N = number of samples.
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is the Euclidean length of the vector , also
known as the magnitude. Equation (4) therefore calculates in the numerator the magnitude of the simulation error and in the denominator, it calculates how
much the measured signal fluctuates around its
mean. Consequently, the goodness of fit criterion is
robust with respect to the fluctuation level of the
signal.

3.2 Hygrothermal model development
The developed thermal models are presented in Figure 3. The ability of these models to reproduce the
indoor climate of a whole building zone is assessed.
Two variants are tested of all these thermal models:
variant (a) and variant (b). The variation is the capacitance on which the input solar irradiance is
placed: Cw (walls), Ci (indoor air) or Cint (interior).
The variable Gfast represents fast heat losses, e.g.
ventilation and transmission through glazing. The
variable Tfixed represents ground contact or a connection to another steady temperature zone.

3 RESULTS
3.1 Simulation speed and accuracy
The simplified hygrothermal building model consists
of a set of Ordinary Differential Equations. The
ODEs of the model are usually solved by an algorithm, e.g. the ode23 algorithm in the MATLAB environment which is a variable step-size solver. However, the step size is in the order of seconds resulting
in long simulation times for longer simulation periods. On the contrary, if the ODEs are transformed
into a state space model structure according to Equation 1, the simulation step size can be increased for
building simulations to 1 hour. A comparison of the
simulation run time between ode23 and state space
for model 1 in Figure 3 is given in Table 1.
Table 1. Calculation time [s] of model 1 (top in Fig. 3) solved
as state space or ode23 for different simulation periods.
1month
1 year
10 years
100 years
[s]

[s]

[s]

[s]

ode23

5

89

̴ 900*

̴ 9000*

state space

0.016

0.016

0.050

0.45

* Obtained by extrapolation.

The results demonstrate the simulation time savings
of the state space approach. The state space simulation is thousands of times faster. But does it influence the simulation accuracy? Figure 2 shows the
simulation result for the model solved in both ways.
The state space output coincides with the ode23 output accurately. Therefore, the state space approach
with time steps of 1 hour may be used confidently
for building simulations of monumental buildings
which are free floating.

Figure 3. Developed simplified thermal models, model 1 at the
top and model 5 at the bottom. Hygric models are identical, but
with vapor pressure as input and excluding solar irradiation.

The hygric models’ structure is identical, with the
vapor pressure being the driving force and excluding
solar irradiance as input. Consequently, the hygric
model has only two inputs being the outdoor vapor
pressure Pe and the fixed vapor pressure Pfixed.
The models’ outputs are fitted by the optimization
procedure to indoor measurements of Amerongen
Castle’s king’s chamber. Model performance is assessed by the three criteria mse, mae and fit (Equations 2-4). See Table 2 for thermal performance and
Table 3 for hygric performance.
Thermal model 2 without Tfixed is also fitted to
the king’s chamber showing a significantly worse fit
than thermal model 2 including Tfixed. Thermal model 3a is considered to be the simplest model structure

Figure 2. State space model versus ode23 simulation accuracy.
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reproducing the thermal indoor climate accurately. It
is able to reproduce the indoor climate sufficiently
accurate with a mse of only 0.63°C for a simulation
period of 8 months. Therefore model 3a is chosen to
be the best thermal model structure and will be validated.

(5)

Table 2. Thermal models’ performance (fitted to indoor measurements of king’s chamber). Model 3a is chosen.
model

mse [°C2]

1a

-

-

-

1b

-

-

-

2a

0.92 / 4.05*

0.75 / 1.72*

78.37 / 54.57*

2b

0.86 / 3.97*

0.72 / 1.70*

79.00 / 55.00*

3a

0.63

0.61

82.11

3b

0.86

0.72

79.01

4a

0.95

0.76

84.35

4b

0.95

0.76

84.32

5a

0.96

0.76

84.29

5b

0.69

0.65

86.68

mae [°C]

•

fit [%]

These ODEs are transformed into state space matrices A, B, C, D to form the state space structure.
3.3 Validation
3.3.1 Residual analysis
The part of the measured signal which is unexplained by the model forms the residuals. Hence,
(6)

* Without fixed temperature node.

where = residuals; = measured signal; = simulated signal. Possible reasons for the remaining residuals are measurement errors, erroneous modeling
of inputs, missing inputs, over simplified model.
The residual analysis consists of two tests: The
whiteness test and the independence test. The whiteness test is used to analyze the autocorrelation between the residuals. Ideally, the residuals only consist of measurement errors as white noise and the
autocorrelation is within acceptable limits. If the
model fails on the whiteness test, there is a strong
indication that inputs are missing. The independence
test is used to analyze the cross correlation between
residuals and inputs. A significant cross correlation
indicates that the influence of input on output is
not correctly described by the model. This denotes
an incorrect model structure.
Figure 4 shows the autocorrelation and cross correlation for the models. Both models’ autocorrelation exceed the tolerated bandwidth. This is an indication of missing inputs. However, Ljung states that
less attention should be paid to the autocorrelation
function if no error model is included (Ljung 1999).
To verify this, a state space model including error
model is fitted using MATLAB’s System Identification Toolbox. Although the goodness of fit is only
0.33% higher, the auto correlation fits within the tolerated band width. This is an indication that the autocorrelation results from a missing error model and
not primarily from missing inputs. The cross correlation of both models is within the tolerated bandwidth for all used inputs: this shows that the models’
structures are correct.

Table 3 shows the results of the hygric models.
Hygric model 2 is considered to be the simplest
model structure reproducing the hygric indoor climate accurately. It is able to reproduce the king’s
chamber humidity with a fit of 86%. Therefore model 2 is chosen for further validation.
Table 3. Hygric models’ performance (fitted to indoor measurements of king’s chamber). Model 2 is chosen.
model

mse [Pa2]

mae [Pa]

fit [%]

1

4440

51

82.76

2

3023

45

85.77

3

3016

45

85.79

4

3023

45

85.77

5

3019

45

85.78

The ODEs of the selected models are given by
Equation (5). From top to bottom: the first equation
describes the temperature change of the building envelope, i.e. the walls; the second equation describes
the temperature change of the indoor air; the third
equation describes the temperature change of interior parts; the fourth equation describes the partial vapor pressure change of the building envelope; the
fifth equation describes the partial vapor pressure
change of the indoor air. These equations result in a
3rd-order thermal model and 2nd-order hygric model.
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3.3.2 Case study
The simplified hygrothermal model is fitted to indoor climate measurements of St. Bavo’s Cathedral.
Recall that the hygric model’s input Pe is calculated
from measured Te and RHe. Consequently, the hygric
model’s output is simulated indoor vapor pressure
Pisim. Because RH is more relevant for object and
building conservation, simulated indoor relative humidity RHisim is calculated from Tisim and Pisim. The
figures below show the results of the inverse modeling procedure in time plots: the entire simulation period in Figure 5 and a detail view in Figure 6.
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Figure 5. Thermal performance [top] and hygric performance
[bottom] for St. Bavo’s Cathedral (period = 6 months).
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Figure 6. Thermal performance [top] and hygric performance
[bottom] for St. Bavo’s Cathedral (period = 2 weeks).
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Figure 5 shows that seasonal dynamics are reproduced very well by the simplified model. Figure 6
shows that the model also reproduces the diurnal
dynamics accurately.

20

Figure 4. autocorrelation and cross correlation functions of
models fitted to king’s chamber measurements. The gray area
represents the tolerated bandwidth.
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Figure 7 shows the cumulative distribution function of the thermal and hygric errors. Recall that the
measurement accuracy of the T-sensor is ±0.5°C and
the measurement accuracy of the RH-sensor is ±2%.
It shows that 80% of the thermal errors are within
±0.5°C and 70% of the hygric errors are within ±2%
RH. Moreover, both distribution functions are symmetrically positioned around zero indicating that the
residuals are unbiased.
1
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Figure 8. Thermal parameters for St. Bavo’s Cathedral.
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Figure 7. Cumulative Distribution Function of simulation errors for case study St. Bavo Cathedral.
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Table 4 shows the thermal and hygric performance expressed in mse, mae and fit (Equations 24). To show the influence of sun irradiation, the
model has also been fitted to St. Bavo´s Cathedral
indoor measurements excluding solar input. The results are indicated in Table 4 by *. This demonstrates unambiguously that sun irradiation influences
the thermal indoor climate significantly and should
also be included in simplified building models.

1,E+00
1,E-01
1,E-02
1,E-03
1,E-04
1,E-05
1,E-06
1,E-07
1,E-08

Table 4. Models´ performance expressed in three criteria (fitted
to measured indoor climate of St. Bavo’s Cathedral).
mse
mae
fit
thermal model

0.74* /0.17°C2
2

hygric model
1870 Pa
* without sun irradiation.

0.69*/0.32°C
32 Pa

Figure 9. Hygric parameters for St. Bavo’s Cathedral.

81*/91%

4 DISCUSSION

86%

The thermal and hygric models are presented in state
space form resulting in fast simulations (100y, time
step 1h → 0.5s on i5 processor 2.4 GHz). Hudson &
Underwood (1999) used state space for their building model, but implemented the model in Simulink
which uses a 4th order Runge-Kutta solver yielding
simulation times equal to the ode23 algorithm. It is
shown that the state space model achieves the same
accuracy with a time step of 1 hour as the ode23 algorithm with a small variable time step.
Fast simulations are crucial for the feasibility of
the optimization process: the optimization algorithm
repeats the simulation thousands of times to identify
the optimum parameters. With the state space model,
this optimization only takes ̴ minutes. The best results have been obtained by: using Genetic Algorithm to determine feasible initial values, using di-

The identified parameters for St. Bavo’s Cathedral
are shown in Figure 8 and Figure 9 for the thermal
and hygric model respectively. The ODEs of the
models (Equation 5) show a capacitance Cx on the
left of the equal sign and the remaining variables Gx
on the right of the equal sign. Consequently, the
identified parameters are a ratio of the variable and
its connected capacitance, i.e. Gx/Cx.
Due to the large differences between indoor air
capacitance Ci and envelope capacitance Cw, the resulting parameters’ magnitude vary accordingly in
the range of 1e+1 to 1e-12 for the thermal model and
the hygric model’s parameters vary in the range of
1e-1 to 1e-10. This makes physical interpretation
and applicability for characterization difficult.
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that the identified parameters are a ratio Gx/Cx. Other
researches concerning inverse building modeling assumed foreknowledge of certain parameters
(Mathews et al. 1991), additionally measured specific signals, e.g. heat loads (Jiménez et al. 2008,
Lundin et al. 2004, Penman 1990, Wang & Xu
2006b) or steady state situations eliminating the capacitance Cx (Norlén 1990). This allows for the identification of individual parameters rather than a ratio.
The widely used approach of measuring heat loads is
no solution since many monumental buildings are
free floating. Secondly, identified parameter values
are difficult to verify since they represent the effective part: the theoretical value, i.e. apparent value,
for thermal capacitance of the envelope, which results from calculations including all envelope walls,
deviates significantly from the effective heat capacitance (K. A. Antonopoulos & Koronaki 1998, 1999,
Mathews et al. 1991). Be aware that the identification results are effective parameters rather than apparent parameters making verification difficult.

rect search algorithm PatternSearch to search with
generous solution space between lower and upper
bounds of parameters, using fmincon towards the
end of the optimization process to check or fine-tune
the optimum. Because PatternSearch is a gradient
free algorithm, it is able to handle unsmooth and
discontinuous solution spaces. Since fmincon is gradient based, it finds the optimum efficiently and is
preferred in the final stage. Wang and Xu (2006a,
2006b) and Xu & Wang (2007) have used Genetic
Algorithm to find their parameters and proclaim GA
to be the best optimization algorithm for the task.
Literature agrees that GA will only find a near optimal solution. It is found in this research that GA can
search a vast solution space very efficiently, however, the so called ‘near optimal’ solution is often unsatisfying. Furthermore, since it is a stochastic algorithm, the solution will vary every time the
algorithm is executed. Also Ljung (1999) recommends PatternSearch above GA.
A state space model is a Linear Time Invariant
model. Therefore the parameters in the model are
fixed coefficients. This is a challenge if used for inverse modeling: the indoor climate is influenced by
time varying processes, e.g. use of sun blinds, internal heat and moisture sources by people. Furthermore, nonlinear processes are unlikely to be reproduced correctly, e.g. opening and closing of doors.
This research shows that monumental buildings’ indoor climates can be reproduced properly with the
state space model: many monumental buildings are
not used intensively and therefore little time varying
processes occur. Secondly, many monumental buildings are characterized by high capacities and are
therefore fairly insensitive to time varying disturbances, e.g. as is the case with St. Bavo’s Cathedral.
This research shows that including a fixed temperature node Tfixed in the model is a simple, yet effective method for modeling ground contact of monumental buildings since these buildings often lack
floor insulation.
Since solar irradiation is a dynamical process, the
following approach is applied for modeling solar irradiance: four signals are used as input, each representing solar irradiance on a vertical wall with orientations north, east, south and west. St. Bavo’s
Cathedral has been simulated with and without sun
irradiation. The result shows unambiguously that solar irradiation should be taken into account and that
the used modeling approach gives accurate results.
The simplified hygrothermal model is used for
the simulation of indoor temperature and humidity.
Additionally, it is desired for an easy characterization of the building by the identified parameters. The
latter turns out to be very challenging for two main
reasons. Firstly, this research assumes the absence of
any foreknowledge of certain variables. Referring to
the capacitances on the left side and remaining parameters on the right side in the ODEs, this implies

5 CONCLUSION
A new simplified hygrothermal building model in
state space form is presented with an inverse modeling technique to identify its parameters. Results
show that the simplified 3rd-order thermal and 2ndorder hygric models are capable of reproducing the
case studies’ indoor climates accurately.
Moreover, the state space model results in fast
simulations. This is essential for the optimization
process: the optimization time is in the order of
minutes. GA is recommended to find initial values,
PatternSearch to search globally and fmincon to
check or fine tune the optimum.
Characterization by and validation of the parameter values is challenging: additional measurements
are required to identify individual parameters and
parameter values are effective values, not apparent
values.
The fixed temperature and fixed vapor pressure
node are important aspects in the model’s structure
and improve model performance significantly. Also
the modeling of sun irradiation performs correctly.
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