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Abstract 

In our previous free paper for the Annex58 ST3, we demonstrated how inverse modelling 

techniques can be applied to free floating historical buildings. Measurement data of the outdoor 

and indoor climate were used to identify the parameters of a simplified building model (state 

space model). Both the indoor temperature and humidity were reproduced with the identified 

model. In this paper, the inverse modelling technique is applied to a climate chamber: a data set 

was constructed for the free floating situation and a data set was constructed for the conditioned 

situation, in which a floor heating system is used to control the indoor temperature. The study is 

limited to a thermal model, but extents the inverse modelling approach towards conditioned 

buildings. 

Introduction 

Forward modelling is normally used for the modelling of buildings. Blueprints may be used to 

extract all necessary data to provide a comprehensive set of inputs for building simulation 

software, e.g. building zones, building elements, material properties, internal gains, solar 

irradiance, etc.  The building model is then used for simulating some output, e.g. the indoor 

climate, as a result of some time series of inputs, e.g. the outdoor climate. So the system, i.e. the 

building, and the inputs are known, but the output is simulated. 

 

In inverse modelling, the building is unknown and the inputs and the outputs are known via 

measurements. Sometimes, the required structure of the building model is known, but the 

numerical values of the parameters are unknown. This model structure is then repeatedly 

simulated and an optimization algorithm will find the best parameter values that result in the 

smallest offset between simulation and measurement. Inverse modelling may be applied in the 

following cases: a simulation model is needed, but the building is insufficiently known; a 

simplified model is needed for control; a simplified model is needed for characterization by a 

limited set of overall effective parameters (e.g. the complete heat loss coefficient UA [W/K]).  

 

The inverse modelling procedure has been developed for free floating historical buildings [1]: 

several simplified model structures have been simulated as state space models and their 

performance have been compared. A simplified, third order model was found to be suitable to 

reproduce the indoor temperature as a result from outdoor temperature and solar irradiance, and 
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a second order model was found to be most suitable to simulate the indoor vapour pressure. The 

thermal and hygric models are shown in Figure 1.  

 

 

Figure 1. The thermal model (top) and hygric model (bottom) used for reproducing the hygrothermal 

indoor climate of free floating historical buildings [1]. 

This study deals with the extension towards conditioned situations, but limited to temperature. 

The climate chamber in the Building Physics and Services laboratory of the Eindhoven 

University of Technology has been used to create data sets suitable for inverse modelling. Both 

a free floating data set and a data set in which the floor heating is intermittently set to a constant 

surface temperature (conditioned situation) are constructed.  

Measurements 

The climate chamber is located in the laboratory of the Building Physics and Services Unit at 

the second floor of the Vertigo building in Eindhoven. Figure 2 shows the exterior of the 

climate chamber. The envelope is well insulated with an Rc-value of 5 m
2
K/W. An Air Handling 

Unit (AHU) is attached to provide ventilation air. The AHU can heat, cool, humidify and 

dehumidify the supply air, but these features were not used in this study. The indoor 

temperature of the climate chamber is influenced by the outdoor temperature via the ventilation 

air, the temperature of the surrounding laboratory and the floor heating system. Therefore, these 

inputs were measured: T outdoor (Te), T in the laboratory (Tlab), T in the climate chamber (Ti) 

and T of the inlet air (Tinlet), see Figure 3. The ventilation was set to 300 m
3
/h resulting in an 

Air Exchange Rate (ACR) of 1.5 h
-1

. The sensors signals were logged every minute. The 

accuracy of the temperature sensors is +/- 0.2°C. 
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Figure 2. The climate chamber is located in the laboratory of the BPS unit. 

 

Figure 3. The measurement setup comprises four sensors: Te, Ti, Tlab, Tinlet and Tfloor. 

Two experiments were conducted: (i) a free floating experiment in which the indoor 

temperature is influenced by the outdoor temperature, via the ACR of 1.5 h
-1 

, and the 

temperature of the surrounding laboratory; (ii) a conditioned experiment in which additionally 

the floor temperature is set to 30°C (set point for the surface temperature of the floor heating 

system) , intermittently with periods of 8 hours, i.e. the floor heating system’s surface 

temperature is set to 30°C for 8 hours, the next 8 hours are free floating. This cycle is repeated 6 

times. 

 

The measurement results are shown in Figure 4 and  Figure 5 for the free floating and 

conditioned situation, respectively. The free floating data set shows that the indoor temperature 

Ti has a low excitation, challenging the application of inverse modeling. However, Ti is clearly 

influenced by both Tlab and Tinlet. The latter is significantly different than Te, because the air 

is heated on its way from outside, thru the duct system into the climate chamber. The inputs for 

the simplified building model are Tinlet and Tlab, and the output is Ti. 
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Figure 4. Measurement data of the free floating situation from 31 Oct. to 6 Nov. 2013. 

 

Figure 5. Measurement data of the conditioned situation from 6 Dec. to 10 Dec. 2013. 

The data set of the conditioned situation shows the additional input Tfloor, which represents the 

surface temperature of the floor heating system. The surface temperature clearly shows the 

intermittent control with periods of 8 hours in which the set point for the surface temperature is 

30°C and 8 hours in which the floor heating is switched off. It is clearly visible that the surface 

temperature of the floor heating system dominantly influenced the indoor temperature. 

State space models 

The State Space representation of the simplified model is used for optimum simulation speed 

resulting in a fast identification. State Space models are Linear Time Invariant (LTI) models. A 

linear model is often sufficient to accurately describe the system dynamics and, in most cases, 

one should first try to fit linear models [2]. State Space models are models that use state 

variables to describe the system dynamics by a set of first order differential equations. To 

understand the concept of State Space, think of the system as spanning a space where the axes 
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(i.e. dimensions, i.e. orders) represent the state variables. Even if some of the systems 

differential equations are higher order, they should be converted to multiple first order 

equations. The state of the system can be represented as a vector within that space.  The system 

of first order differential equations can be represented according to:  

 

  ̇( )    ( )    ( )  

  ( )    ( )    ( ) 

 

 

The first part of equation (1) 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.  

 

The main advantage is that the calculation speed is very high, especially compared to solving 

the differential equations with a variable step algorithm (e.g. ode23 in MATLAB). To show this 

advantage, a first order RC-network is simulated as a State Space model and with the ode23 

routine for different simulation periods. The results are shown in Table 1. The results show the 

huge advantage of the State Space model regarding simulation time. 

 

Table 1: calculation time of State-Space and ode23 for different periods in MATLAB. 

Simulation period (hourly steps): 1month 1 year 10 years 100 years 

ODE23 simulation time [s] 5 89 ±900
a
 ±9000

a
 

State-Space simulation time [s] 0.016 0.016 0.050 0.45 

a
 obtained by extrapolation. 

Inverse modelling  

Inverse modelling is the inverse of traditional modelling. In traditional modelling, the system is 

known and the output is unknown. By modelling the system, the output can be simulated. In 

inverse modelling, the output is known (e.g. measured), but little is known about the systems 

parameters. The objective is to identify the parameter values of the model by repeatedly trying 

different parameter values and comparing the simulated output with the measured output.  

 

The goal is to minimize the simulation error according to, 
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The process of finding the parameter set which minimizes the objective function is called 

optimization. If the solution space includes multiple minima, the goal is to find the global 

minimum, called global optimization.  

 

There are many different solvers, each having advantages and disadvantages. One important 

aspect is whether a solver is gradient based or gradient free. Gradient based solvers are the most 

efficient in finding quickly a minimum. However, the solution space should be smooth and 

continuous. If not, the solver fails. The second aspect is whether the solver handles constraints 

or it is only intended for unconstrained problems. The inverse problem in this study is a typical 

example of a constrained problem since all variables are not allowed to be negative. Moreover, 

constraining the problem helps in finding the global minimum since it scales down the solution 

space. The third aspect is whether a solver is deterministic or stochastic: all solvers are 

deterministic except for the Genetic Algorithm.  

 

To maximize the speed of the optimization process, see Figure 6, all calculations which do not 

need to be repeated are executed in the initialization step: preparing climate data, include 

measured data, set constraints and set initial values. Then the optimization algorithm determines 

the parameter set, the first time it’s the initial value vector, and passes the parameter set to the 

function file: the function file includes the model and simulates the model with the given 

parameter set and calculates the objective function by comparing the simulated output with the 

measured data. The objective function is passed to the Global Optimization Algorithm which 

calculates the new parameter set which is likely to minimize the objective function. 

 

 

Figure 6. Applied work flow for optimization process. 

 

Subsequently, the identified building model can be used: (i) for simulations with other outdoor 

climate files; (ii) to assess the influence of adding insulation by adjusting a parameter; (iii) to 
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assess the energy performance with different climate installations by coupling the identified 

building model to HVAC models. 

Performance assessment 

This section deals with the performance assessment of the model. The performance of the model 

relates to two things:  

 

i) how accurately can the measured signal be reproduced 

ii) how accurately can the parameters be identified (not included in this paper) 

 

This implies a contradiction. Usually, the rule holds that a higher order model with more 

parameters yields a higher accuracy. On the other hand, more parameters result in a higher 

uncertainty in parameter identification [2]. 

 

To be able to compare and rate how accurately the model can reproduce a measured 

temperature, three performance criteria are used: the MSE (Mean Squared Error), MAE (Mean 

Absolute Error) and FIT (goodness of FIT).  

 

The MSE is calculated according to, 

     
 

 
∑(    ) 
 

   

  

where    is the measured signal and   is the simulated signal. 

The MAE is calculated according to, 

     
 

 
∑|    |

 

   

  

The Goodness of Fit is calculated according to, 

         (  
    (    )

    (    ̅ )
)  

    ( ) is the Euclidean length of the vector  , also known as the magnitude. The above 

equation therefore calculates in the numerator the magnitude of the error between measured and 

simulated signal. This is divided by the denominator, calculating how much the measured signal 

fluctuates around its mean. Consequently, the Goodness of Fit criterion is robust with respect to 
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the fluctuation level of the signal. All three are used independently in several studies, e.g. [3], 

[4], [5]. However, [6] stresses the strength of using the three together. For example, the MSE 

gives more weight to bigger errors. Consequently, it is a good criterion to express the amount of 

big errors. The MAE expresses the overall mean error. 

Results for the free floating climate chamber 

We proceed with the thermal modeling. Kramer et. al tested several model structures to 

reproduce the hygric and thermal indoor climate of free floating historical buildings. The best 

structure for the thermal part is shown in Figure 1. This model has been used as starting point 

with some modifications: due to the absence of solar irradiation in the BPS Laboratory, this 

input is removed; the input Te (outdoor temperature) is changed to Tinlet (the temperature of 

the supply air into the climate chamber); Tfixed is changed to Tlab (the temperature of the 

surrounding laboratory); the conductance Gfast is removed because of the absence of windows.    

 

The resulting thermal model is shown in Figure 7 featuring three capacitances. 

 

Figure 7. The thermal network used for the climate chamber in the free floating situation. 

 

The ODEs of the thermal network are: 
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The State Space matrices of the thermal model are: 
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The result of the inverse modelling method is shown in Figure 8 (simulation, not one-step-ahead 

prediction) and the residuals in Figure 9. The performance is quantified by the three criteria 

MSE, MAE and Goodness of Fit in Table 2. 

 

Figure 8. Simulation result of inverse modelling method for the free floating situation. 
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Figure 9. Residuals of free floating situation. 

The results show that the very simplified model is well capable to reproduce the climate 

chamber’s dynamics. In essence, it is the same model as developed in Kramer et. al [1], without 

solar irradiation and without Gfast. No error model has been used and the result shows the 

simulation output, so the residuals are not white noise. However, the MSE, MAE, Fit and 

residuals show that the model performs very good. 

 

Table 2. Performance assessment of the model of the conditioned climate chamber.  

 
MSE MAE FIT 

 
[°C

2
] [°C] [%] 

Thermal model 0.010 0.077 93.13 

Results for the conditioned climate chamber 

For the conditioned situation, the same model as in the free floating situation has been used, but 

with an additional input: the floor heating system’s surface temperature is connected to the 

indoor air temperature (Ti) via a resistance. This is the most simplified way of modelling the 

floor heating’s influence on the indoor air temperature. The thermal network model for the 

conditioned situation is shown in Figure 10. 
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Figure 10. The thermal network model for the conditioned situation in which the floor’s surface 

temperature is connected to the indoor temperature via a resistance. 

Figure 11 shows the simulation result of the conditioned situation. The highly simplified model 

is well capable of reproducing the dynamics of the climate chamber with active floor heating 

system. 

 

Figure 11. Simulation result of inverse modelling method for the conditioned situation. 

 

Figure 12. Residuals of conditioned situation. 

Figure 12 shows the residuals and Table 3 shows the performance criteria MSE, MAE and FIT. 

Again, the model lacked a disturbance model and the output is the simulation output, not the 

one-step-ahead. So, the residuals are clearly not white noise. However, the figures show that the 

model may well be used for simulation.   
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Table 3. Performance assessment of the model of the conditioned climate chamber. 

  MSE MAE FIT 

 

[°C
2
] [°C] [%] 

Thermal model 0.049 0.169 83.53 

Conclusions 

Simplified thermal and hygric models have been used for inverse modelling of free floating 

historical buildings. This study extents the application of inverse modelling towards conditioned 

buildings. The study is limited to temperature and the conditioning is limited to heating. Despite 

the very simplified representation of the climate chamber and it’s floor heating system, the 

results are very promising. Future work should focus on extending the inverse modelling 

method towards cooling, (de)humidifying. The latter requires also the extension towards hygric 

models including conditioning. 
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