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ABSTRACT 
Energy efficiency and greenhouse gases emissions 
reduction in buildings are considered as significant 
challenges in the engineering community. Great 
attention is being focused on the reduction of 
energy consumption in buildings both for economic 
and environmental factors. Heating, Ventilation 
and Air Conditioning (HVAC) systems are among 
the primary targets for implementing energy 
efficiency measures in buildings since they 
represent the biggest share of the energy 
consumption in buildings. With this in mind, one of 
the main goals is to optimise the operation of the 
existing HVAC systems while maintaining 
adequate indoor conditions in terms of comfort. 
Modelling and simulation of HVAC components 
and systems are gaining great attention for the 
optimisation of HVAC operations, thanks to recent 
developments in model and simulation 
methodologies and software and the advantages 
brought forward by them. These new developments 
enable HVAC simulation models to actively 
support building’s operations by providing a 
reliable test bed on which experiments can be 
carried out to avoid doing so on the physical 
system and its associated risks. Although modelling 
approaches seem to be converging to a structured 
framework depending on the particular application, 
the calibration of such models remains an open 
research area. This paper aims to improve an 
automated calibration methodology developed in 
previous works by using concepts from machine 
learning field and the Preisach’s model of 
hysteresis. 

The calibration methodology developed in this 
research work is implemented in existing and 
validated models in a way that the information 
required for the initial setup (pre-calibration) of the 
model is minimal. Afterwards, the tool 
automatically calibrates the models by using real 

data from the facility. A detailed case study with 
real data is also presented. 

INTRODUCTION 
Due to the energy composition of buildings 
represent more than 40% of total energy consumes 
in EU and US, energy efficiency and greenhouse 
gases emission reduction in buildings are 
significant challenges presently faced by the 
scientific community. Considerable effort is 
concentrated on the reduction of energy 
consumption in buildings both for economic and 
environmental factors included in the EU2020 
objectives (Delegation of the European Union to 
the United States, 2010). Since heating ventilation 
and air conditioning (HVAC) systems constitute 
around 50% (the biggest share) of the energy 
consumption in buildings (Pérez-Lombard, Ortiz, 
& Pout, 2008), they are among the main targets for 
implementing energy efficiency measures in 
buildings. With this in mind, one of the main goals 
is to improve the efficiency of the existing HVAC 
systems while maintaining adequate comfort levels 
in the conditioned environment. Energy 
inefficiencies in HVAC systems are common place; 
this is due to the presence of unnoticed failures in 
one or more of its components. A compensation 
made by the control algorithms of other elements 
belonging to the same AHU ensures that comfort 
conditions are well maintained even if energy is 
wasted and the faulty behaviour remains unknown 
for a long period until detailed analysis are carried 
out. In many cases, faults may be very difficult to 
identify and localise. 

Different fault detection and diagnosis (FDD) 
methodologies have been developed, mostly based 
on expert knowledge to help identify the faulty 
condition and its source (Katipamula & Brambley, 
2005). They define a set of modes under which the 
system can be considered faulty operating and then, 
develop and tune a set of rules that make possible 
to detect the existence of the fault and possibly help 
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diagnosing its origin (House & Vaezi-Nejad, 2001). 
A new trend in FDD is using accurate models of 
the HVAC systems that provide a base line for 
optimal operation supporting the detection of 
deviation from this optimum (Isermann, 2005). 
However, the accuracy on the models is not an easy 
goal to reach in any engineering field. In the 
HVAC system case, most of the existing calibration 
research present “how to” guides to try to adjust a 
theoretical simplified model by using measured 
data and computer modelling tools (Liu & Liu, 
2011).  

This paper proposes an improved, simplified and 
automated procedure based on that idea. Using data 
from a real building management system (BMS) 
and first principle models implemented in Modelica 
language (Febres, Sterling, Ignacio, & Keane, 
2013) this work introduces a novel calibration 
approach for a heating coil which is based on the 
Preisach’s hysteresis model (Mayergoyz, 1986; 
Tan, Venkataraman, & Krishnaprasad, 2001) and 
linear neural network (LNN) principles (Orr, 1996). 

MODELS 
This research work is focused on non-variable air 
volume air handling units. In this paper we present 
our methodology and its results for a heating coil. 
However, the idea can be apply in other typical 
components, as such mixing box, cooling coil and 
humidifier. The key of our approach is modelling 
the component under study as two separated 
elements: a heat exchanger and a mechanical 
control element (Figure 1). In this paper, the heat 
exchanger is the heating coil itself and the 
mechanical control element is the valve which 
controls the hot water mass flow rate. 

 
Figure 1. Heating coil model with the heat 

exchanger and the mechanical control element 

The Coil 
The coil model calculates the outlet steady-state 
conditions in both, water and air sides, using 
equations derived from the conservation of energy 

principles and the definition of effectiveness in the 
classical eff-NTU method given by equations (1), 
(2) and (3). For further information about this 
model see (Febres et al., 2013) and (ASHRAE, 
2009). 

Q = Ca*(TaO-TaI)  (1) 

Q = Cw*(TwI-TwO) (2) 

Q = eff*min(Ca, Cw)* (TwI-TaI) (3) 

The Valve 
Physical valves (and dampers) present non-linear 
hysteresis behaviour. Preisach’s model of 
hysteresis in its discrete version (Tan et al., 2001) 
can be seen as a linear combination of the nonlinear 
functions  (named hysteron) if the non-negative 
restriction of the coefficients � is removed (Figure 
2). In addition, if we fix the parameters (� and � in 
Figure 2) that define the hysteron function, the 
Preisach’s model can be considered as a LNN 
where each hysteron is a neuron and the 
coefficients are the weights. In this way, LNN 
training techniques can be used in the calibration 
process of the valve model in which the hysteresis 
behaviour is taken into account. 

 
Figure 2. Discrete Preisach’s model of hysteresis. 
Top: discrete relay hysteron ��,�. Bottom: linear 

combination of a finite number of hysterons  

GENERAL PROCEDURE 
The proposed methodology is presented in this 
section. Figure 3 shows a general overview of the 
whole procedure including development of the 
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models for both, coil and valve, and the automated 
calibration methodology. First, the theoretical 
models have to be formulated for both, the heat 
exchanger and the valve. Second, the formulated 
models need to be implemented in the form of 
computational models (step 1 in figure).Third, a 
pre-calibration process for the coil is carried out 
(step 2 in figure). Finally, the fine calibration is 
done in steps 3 to 5. This paper is mainly focused 
on the calibration steps 3-5 in Figure 3. A deep 
discussion on steps 1 and 2 are out of the scope of 
this paper, however, a brief description is provided 
below. For further information on steps 1 and 2 
please refer to (Febres et al., 2013). 

Data Collecting 
In order to use the proposed methodology, data 
must be collected from the facilities. Two sources 
of data are needed. First, the manufacturer data-
sheets will be used in step 2 for pre-calibration. 
Second, operation data from the data-collecting 
framework (normally the BMS) is used to perform 
final calibration on the models. 

Model Formulation 
For the purposes of this research work models are 
developed as previously stated. The heating coil is 
based on first-principle mass and energy balance 
equations while the valve is an adaptation of 
Preisach’s hysteresis model in its discrete version 
incorporating LNN concepts. 

Step 1. Models implementation 
The coil model, based on first principle equations, 
is implemented in Modelica by using only the 
Modelica standard library. The valve model is 
implemented in Python. 

Step 2. Coil pre-calibration 
As mentioned, coil models are calibrated using 
manufacturer information. The information in the 
manufacturer’s data sheet is used as model 
parameters in the Modelica models and the 
numerical solver finds and fixes the internal 
parameters that define the pre-calibrated model. 

Step 3. Getting the optimal control signal 
With the purpose of calibrating the valve, the 
optimal values of the water mass flow rate have to 
be found. Those values are so that the difference 
between the simulated and measured outlet air 
temperatures is zero or is kept within a fixed 
tolerance for every sample used to calibrate the 
model. In other words, getting the optimal values is 
solving the inverse problem for the heat exchanger. 

In some cases Modelica tools can solve the inverse 
problem calculating input variables given the 
output variables, however, this is not necessary true 
in models that include a high non-linearity, e.g. 
where complex combinations of if-then-else 
statements are used. 

To provide a generic solution, this paper proposes 
to consider the problem as a control problem. 
Consider the control system shown in Figure 4, if 
the plant � is the heat exchanger element, we have: 

• The control signal 	 is the water mass 
flow rate: 

• The controlled variable is the output of the 
plant 
 which for our case is the simulated 
outlet air temperature; 

• The reference signal � is then the 
measured outlet air temperature.  

The main idea is then to find 	 so ���� is within a 
fixed tolerance � for each � taken from the 
calibration data set. The set of 	 is stored in a 
vector �∗. 

 
Figure 3. Proposed Methodology 

 
Figure 4. Typical control system diagram 
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Finding 	 requires an iterative procedure as shown 
in Figure 5 and that can be summarized as follows: 

1. �∗ is initialized as an empty vector with length 
equal to the number of samples used for the 
model calibration; 

2. One sample from the calibration data set is 
taken and used as the reference signal � for 
controlling the process until the error between 

 and � is below the tolerance; 

3. Once this happens, the current value of the 
control signal 	 is stored in �∗; 

4. Repeat steps 2 and 3 until every sample is 
used. 

Although the pre-calibrated model was 
implemented using Modelica, the process described 
above was implemented in Python using a 
Python/Modelica middleware developed for co-
simulation purposes by (IRUSE, n.d.). Since the 
process involves the use of both, Python and 
Modelica, this task is in the middle space between 
Modelica development and python development in 
Figure 3. 

Step 4. Valve pre-calibration 
The valve model, as previously stated, is based on 
the Preisach’s model of hysteresis and the LNN 
approach. Making some assumptions, the 
Presiach’s model in its discrete version can be 
considered as a linear combination of a nonlinear 
function (hysteron) which typically is the non-ideal 
relay function. If the non-negative restriction in the 

coefficients of the combination � is removed and 
the quantity and parameters of the hysteron are 
fixed, this hysteresis model becomes linear. In this 
linear model, the LNN training techniques can be 
used in order to find those coefficients which 
represent the weights of the network. 

For this paper, the valve pre-calibration process 
was performed using a supervised learning 
algorithm. The training set is defined by input-
output paired values of � and �∗, where � is the 
valve opening signal taken from the BMS 
calibration data set and �∗ is the optimal control 
signal found in step 3. 

Step 5. Coupling models 
The final step in the calibration process is coupling 
both, the Modelica model of the heating coil and 
the Python model of the valve. Since the coil model 
is implemented in Modelica and the valve model in 
Python, the coupling utilises the same 
Python/Modelica interface used in step 3. 

CASE STUDY 
The case study is a heating coil included in the air 
handling unit (AHU) shown in Figure 6 and two 
real data sets; namely calibration data and 
validation data. Both data sets correspond to one 
day operation data. The calibration dataset was 
taken during autumn operation while the validation 
data set was taken during winter operation. The 
data sets were extracted directly from the BMS and 
correspond to one-minute resolution data from each 
of the heating coil sensors shown in the squared 
zone in Figure 6. The calibration data set was used 
to follow the calibration procedure previously 
mentioned. All simulations were done using a 
personal computer with a 2.8 GHz dual-core 
processor and 8 GB in RAM. Dymola 2013 FD01 
(32-bit) was the Modelica IDE and Spyder 2.1.9 
was the Python IDE used in this paper. 

The AHU serves a facility consistent of an audio 
laboratory of around 50 m2, where strict conditions 
of temperature and humidity should be met. The 
building is located in the city of Cork in Republic 
of Ireland. 

Step 1. Models development 
As mentioned the coil model was taken from 
(Febres et al., 2013). For the valve model the input 
space was discretized into 60 partitions of equal 
lengths resulting 1830 relay units and 1830 
coefficients which are found with the calibration 
process.  

Manufacturer information and physical quantities 
used as coil parameters for this work are presented 
in Table 1. 

 

 
Figure 5. Getting optimal control signal 
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Table 1. Model parameters 

Manufacturer Data-Sheet 

Nominal air input temperature (°C) 6.3 

Nominal air output temperature (°C) 18.8 

Nominal air mass flow rate (m3/s) 1.35 

Nominal water input temperature (°C) 82 

Nominal water output temperature (°C) 71 

Nominal water mass flow rate (kg/s) 0.47 

Physical Quantities 

Air specific heat capacity (J/(kg⋅K)) 1006 

Water specific heat capacity (J/(kg⋅K)) 4186 

Atmospheric pressure (Pa) 101325 

 Step 2. Coil pre-calibration 
Figure 7 shows the measured outlet air temperature, 
the simulated outlet air temperature and the error 
between both of them for the pre-calibrated coil. 
These results are taken from one day simulation 
corresponding to the validation data set 
(03/01/2012) during the working hours of the 
heating coil. For this simulation, parameters from 
Table 1 were used and the valve model was 
assumed linear with no hysteresis behaviour. 

Figure 7. Simulation results using parameters in Table 1. 
Measured in blue, simulated in green and error in red 

 Step 3. Getting the optimal control signal 

 A tolerance of 0.1	� in the error between � and 
 
and the calibration data set (12/09/2012) were used 
in order to find �∗. The whole process took 223.68 
seconds. Figure 8 shows the valve opening signal 
from the BMS in blue and the resulting optimal 
control signal �∗ in green. 

Figure 8. Data used to calibrate valve in step 4. Opening 
valve signal from BMS in blue and optimal control signal 

in green 

Step 4. Valve pre-calibration 
Taking advantage of the LNN techniques the 1830 
coefficients (weights) were found. For this purpose, 
the model was trained using a supervised algorithm 
(Orr, 1996) and the data shown in Figure 8 
obtained in the previous step. The valve training 
process took 10.61 seconds. In Figure 9, the 
resultant valve model curve is presented. It is clear 
how the valve has hysteresis behaviour for opening 
signal below 40% but gets a constant value over 
40%. It could be interpreted as the valve gets stuck 
for opening signal values higher than 40%; 
however, in this case it is caused due to the fact that 
no data is in the calibration (training) data set for 
values above 40%. 

 
Figure 6. Air Handling Unit and Heating Coil schematic 
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Figure 9. Hysteresis behaviour of the valve 

Step 5. Coupling models 
The resulting pre-calibrated models from steps 2 
and 4 were coupled by using the Python/Modelica 
interface. A simulation of the calibrated model 
(pre-calibrated coil and pre-calibrated valve) using 
the validation data set was done. The outlet air 
temperature simulated and the corresponding 
measured values are presented in Figure 10. 

Figure 10. Simulation results coupling pre-calibrated 
models. Measured in blue, simulated in green and error 

in red 

Two of the most common metrics used to qualify 
the goodness of the models in calibration processes 
are the coefficient of variation of the root-mean-
square error, CV-RMSE and the mean bias error, 
NMBE (ASHRAE, 2002). However, in this paper 
we have  

to be careful due to the variable under study is a 
temperature in Celsius’ scale. This scale is an 
interval scale which should not be used to calculate 
those types of errors which require non-negative 
values ensuring an average above zero. In order to 
avoid this inconvenient the Kelvin’s scale was 
used, however, the limits of validation presented in 
(ASHRAE, 2002) are not so useful since the 
arithmetic mean of the measured samples is too 
high. Instead, our results and conclusions are 
focused on the improvement from the pre-
calibrated model to the calibrated one. (See Table 
2) 

Table 2. CV-RMSE and MBE for pre-calibrated 
and calibrated model 

Calibration data set 

CV-
RMSE 

Pre-
calibrated 

0.5511 
% Improvement: 

78.75 % 
Calibrated 

0.1171 
% 

NMBE 

Pre-
calibrated 

-0.4216 
% Improvement: 

91.20 % 
Calibrated  

-0.0371 
% 

Validation data set 

CV-
RMSE 

Pre-
calibrated 

0.7523 
% Improvement: 

70.32 % 
Calibrated 

0.2233 
% 

NMBE 

Pre-
calibrated 

-0.6497 
% Improvement: 

92.38 % 
Calibrated  

0.0495 
% 

On one hand, pre (Figure 7) and post (Figure 10) 
calibration figures of the whole model show the 
significant improvement brought by the automated 
calibration process. In the figures, a substantial 
reduction in the absolute error can be perceived in 
almost all the points. On the other hand, by looking 
at Table 2, it can be seen how calibrated model is 
far better than pre-calibrated one regarding to CV-
RMSE and NMBE, which means a substantial 
decrease in the deviation of the results and a 
considerable reduction in the average of the error 
between the simulation-predicted data and the 
utility data used either for calibration or validation. 

CONCLUSIONS 
In this paper, an automated calibration 
methodology for heating coil models using real 
data and Modelica models is presented. This 
methodology can be used for the most common 
components in a typical air handling unit, provided 
the two part (heat exchanger and mechanical 
control element) separation can be done. These 
calibrated models are suitable for real-time 
applications of controls and fault detection and 
diagnosis as well as hardware in the loop 
simulations. 

The resulting valve curve has the advantage that it 
can directly be used directly for fault detection and 
diagnosis. In particular, as mentioned above, with a 
simple look at the curve generated in this work, the 
presence of a stuck could be detected. The same 
observation can be done for other typical faults in 
valves (e.g. passing valves). This detection could 
be automatized by using a simple classifier, for 
example a semi-supervised learning machine 
algorithm. In addition, if the calibration learning 
process is done in real-time, the tool could be used 
as a supporting FDD system in which no human 
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intervention would be required providing a 
continuum air handling unit commissioning system. 

Using the proposed methodology it is possible to 
reduce simulation errors beyond the limits 
suggested by international guidelines like 
(ASHRAE, 2002) but because the Kelvin’s scale 
was used, we preferred to highlight the 
improvement from the pre-calibrated to the 
calibrated model which was also noticeable. 

FUTURE WORK 
Next step in this research is to extent the 
methodology to the other air handling unit 
components, principally to the mixing box, the 
cooling coil and the humidifier. Then the 
automated continuum commissioning idea will be 
developed taken account the most frequent faults 
presented in an air handling units. 

An exhaustive study of different real cases will be 
done in order to determine the feasibility and 
accuracy of the models for FDD. In particular, a set 
of experiments under faulty conditions will be 
carried out on the facility in order to compile 
comparative data for running FDD algorithms. 

NOMENCLATURE 
Coil model 
eff 
Q 
C 
T 

effectiveness 
heat transfer 
specific heat capacity 
temperature 

[1] 
[W] 
[J/kg⋅K] 
[°C] 

 
Optimal control signal 
� 
	 
 
�∗ 

 
 
� 
 
� 
� 

Preisach’s model coefficients 
control signal  
water mass flow rate 
optimal control signal 
output of the plant 
simulated outlet air temperature 
reference 
measured outlet air temperature 
opening valve signal 
error tolerance 

[1] 
[Kg/s] 
 
[Kg/s] 
[°C] 
 
[°C] 
 
[%] 
[°C] 

Subscripts 
a air 
I input 
O output 
w water 

Functions 

min(⋅, ⋅) smallest value between arguments 
��,� relay hysteron 
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