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ABSTRACT 

Over the last two centuries, the world’s population has increased significantly from 1 

billion in 1800 to 7.4 billion in 2018. The world’s energy use (150 TWh in 2018) tracks 

the global population trend. By 2060, both population and energy use are expected to 

reach 10.2 billion and 280 TWh, respectively. 

Buildings consume 40% of the global energy representing more than 35% of CO2 

emissions. Studies show that most of the current buildings will still be in use 30 years 

from now. The academic and industry communities focusing on global energy issues 

agree that the development of new knowledge to increase the efficiency of the current 

building energy technologies is essential. However, the introduction of new and 

sustainable energy technologies requires significant investment in both time and 

resources to move from current energy technologies to new ones, particularly in existing 

buildings. 

Energy efficiency measures (EEM) in existing buildings provides short-and-medium-

term solutions. New knowledge must still be developed and implemented in current 

building energy systems aimed at reducing the energy use by introducing minimal 

changes in their physical infrastructure (lowering costs). In other words, existing 

building energy systems operation must be optimised. 

In most buildings, the heating, ventilation and air conditioning (HVAC) systems 

consume 50% of building energy. Apart from being considerably expensive, HVAC 

system suffer from systematic operational inefficiencies and faults that can be corrected 

via low-cost EEM thus making HVAC systems an ideal target for the EEM 

implementation. These measures could include continuous commissioning, control 

system optimisation, building insulation improvement, occupancy load redistribution, 

occupant behaviour optimization and fault detection and diagnosis (FDD). 
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There is a new trend of developing and using computational models of HVAC systems 

to support the implementation of EEM’s including model-based FDD and control 

optimisation. In addition, such computational models and simulation provide excellent 

tools to evaluate the feasibility of EEM from both technical and economical 

perspectives as they provide a technology framework to carry out multiple test scenarios 

at low cost and high accuracy. 

One of the main challenges when developing computational models to support EEM’s 

for HVAC systems is in the calibration process required to guarantee the necessary 

accuracy of the computational models. Air handling units (AHU) comprise a significant 

component of HVAC systems and current modelling and calibration approaches for 

AHU models are not accurate enough and/or demand excessive computational 

resources particularly for fault detection and diagnosis applications. 

In this thesis, a systematic methodology for the automated calibration of AHU 

computational models for use in FDD is investigated that requires a minimum dataset 

and produces a trade-off between (model) accuracy and (calibration) complexity. The 

most relevant calibration methodologies for AHU models are reviewed, and one, based 

on physical models and machine learning techniques, is proposed. This methodology is 

implemented along with a first principle-based modelling library to produce a tool that 

facilitates the automation of the workflow from AHU system modelling and simulation 

to the model calibration. 

The proposed methodology is demonstrated in a real AHU located at roof level on the 

fifth floor in Cork School of Music, in Ireland as part of the IERC-funded EMWiNS 

project. The main contribution of this thesis to the EMWiNS project was to develop 

and provide accurate calibrated computational models of the psychrometric processes 

occurring in the AHU specifically focusing on temperature changes. These 

computational models enabled model-based FDD which was compared with a standard 

AHU Performance Assessment Rules (APAR) implementation. In addition, a tool 

(CAL4AHU) was systematically developed which allows the automated calibration of 

the computational models that represent these psychrometric processes. 

The computational models and the automated calibration approach are assessed using a 

recognised validation methodology based on statistical tests. The case study included 

two model-based FDD methods using qualitative and quantitative approaches. 

Experiments and the necessary data collection designed to test the CAL4AHU are 

described for the AHU under study. The proposed calibration methodology and the 

associated computational models performed excellently, detecting and isolating a set of 

faults common in the operation of industrial grade AHUs. 
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1 CHAPTER 1 INTRODUCTION 

This chapter establishes the background of the thesis, describing the most relevant ideas 

about model calibration for building simulation and, more particularly, for fault 

detection and diagnosis in buildings. It starts introducing the thesis’ context followed by 

an overview of the global energy efficiency problem and how buildings and heating, 

ventilation, and air conditioning systems play a very important role in its solution. Then, 

some sections are dedicated to present a technical solution known as fault detection and 

diagnosis and how computational models are used to support this solution. Thereafter, 

the attention is focused on the calibration of these models as well as the existing 

necessity of efficient and computationally cheap calibration methodologies. Then, the 

problem statement and the proposed solution are presented. An introduction to the 

projects related to this thesis is then presented. The chapter ends with the thesis’ 

structure. 

1.1 BACKGROUND 

It is well known that world’s population is dealing with a severe problem of inefficient 

use of the energy. It is not a recent problem. The tendency of using fossil products as 

the primary source of energy has increased significantly since the industrial revolution, 

especially in industrialised countries. This causes two critical problems. On the one 

hand, fossil fuels are limited, and they will be exhausted before expected, leaving the 

society without its main source of energy. On the other hand, the negative impact in the 

environment generated by industries that use this type of fuel is high, particularly when 

we examine the carbon dioxide (CO2) emission. 
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Buildings play a significant role in this problem as they are the major energy users in 

most of the societies. For solving this problem, new and sustainable technologies have 

been introduced. However, one of the dilemmas that these innovative technologies face 

is the fact that companies (countries and people) need to invest notable among of time 

and resources in order to move from the old technologies to the new ones, especially in 

existing construction. Furthermore, studies show that most of the current buildings will 

still be in use in 30 years now, so an important part of the energy industry community 

agrees that the development of new knowledge to increase the efficiency of the ongoing 

technologies (implemented in existing buildings) must be carried out. 

Consequently, energy efficiency in existing buildings represents a short-and-medium-

term solution. New knowledge should be developed and implemented in the ongoing 

building energy systems, reducing the energy use by introducing minimal changes in 

their structure. In other words, the building’s operation should be optimised. 

If we divide the building into systems or subsystems, this idea can be applied in either 

the whole building or any of its subsystem. In most buildings, the heating, ventilation 

and air conditioning (HVAC) system is usually the biggest energy user, becoming the 

ideal target for the implementation of energy efficiency measures that can result in 

energy savings. These savings can be achieved by applying different measures, such as 

continue commissioning (CC), fault detection and diagnosis (FDD), control system 

optimization, building isolation improvement, occupancy load redistribution and 

occupant behaviour optimization. However, any measure should be evaluated – 

technical and economically – before its implementation in order to estimate their 

feasibility. Since the feasibility test can be performed theoretically (cheaper and normally 

faster than experimentally), computational models and simulation provide us with 

excellent tools for the task at hand. 

One of the main challenges when using computational models of HVAC systems is the 

calibration process required to guarantee the desired accuracy. That is why an 

automatable calibration methodology signifies a very powerful and useful tool, 

particularly for modellers that are not interested in the calibration process but rather the 

numerical results obtained from computational simulations. However, most of the 

HVAC computational models (and their theoretical equivalents) lack such calibration 

possibility, especially when real measured data is used in the process. This thesis fills this 

gap for HVAC secondary systems by proposing a novel automated calibration for air 
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handling unit models using real data. In addition, the thesis shows how the proposed 

calibration methodology and the resulting calibrated models fit in with one of the key 

solutions for the energy efficiency problem in buildings, fault detection and diagnosis. 

1.2 ENERGY EFFICIENCY 

As mentioned before, the world is facing an energy crisis because in most countries the 

main source of energy comes from fossil fuels and the supply of such is not reliable. It 

implies two issues that we should point out: 

 First, even if the fossil fuels natural deposits could last decades (Figure 1-1) (BP 

Company, 2014; The Colorado River Commision of Nevada, 2002), these 

resources are limited and non-renewable. This poses a serious question about 

what would happen when the resources exhaust; 

 Second, the high negative impact in the environment that this type of fuel 

generates. Despite the existing debate about global warming (Meinshausen et al., 

2009; Hansen et al., 2000; Wigley, 1991), the unwanted health problems 

affecting population due to the greenhouse gasses (GHG) emissions as 

consequence of fossil fuels use are significant (Mukhopadhyay & Forssell, 2005; 

Mcmichael, 2000; Lvovsky et al., 2000). 

 

Figure 1-1. World Reserves of Fossil Fuels. Based on current levels of consumption and 

estimated total reserves (BP Company, 2014) 
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This problem started centuries ago. We can indicate the 18th century as the beginning of 

the issue when the industrial revolution increased notoriously the use of coal in 

industrialised nations (Hubbert, 1949). Since that time, innovative technologies and 

methods have been developed in order to obtain several types of fuel from fossil 

materials. In doing so, fossil fuels have become the main (and in some cases, almost the 

unique) source of energy in most industrialised countries(Mitsubishi Company, 2011). 

Figure 1-2 shows that for more than two centuries the tendency has been the same, a 

substantial increment in carbon emissions caused by the use of fossil fuel products (U.S 

Department of Energy, 2014). 

 

People and governments realised the problem and are taking preventive measures 

(International Energy Agency, 2014; Levine et al., 2007; United Nations, 1998). Efforts 

have been concentrated on developing new technologies that substitute fossil fuels by 

renewable sources as the main source of energy (International Energy Agency, 2014). 

Other measures focus on adopting regional and global policies targeting efficient use of 

the energy (Prindle et al., 2007). The impact of such measures will be realised in the 

long-term; however, short-and-medium-term solutions should be investigated, especially 

if the GHG emissions problem is considered. A feasible solution is to optimise the 

existing resources taking into considerations economic aspects to avoid a significant 

economic impact in its implementation. Ideally, such implementations will carry both 

benefits, a reduction in the GHG emissions and a financial saving due to reduced 

energy consumption. This efficient use of energy, known simply as Energy Efficiency, 

Figure 1-2. Global Fossil Fuel Carbon Emissions (U.S Department of Energy, 2014) 
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together with the renewable energy technologies represent a very complete solution to 

the problem (Prindle et al., 2007; Ionescu et al., 2015). 

1.3 ENERGY EFFICIENCY IN BUILDINGS 

The building sector plays an important role in the high energy consumption problem 

representing the biggest share of energy use in the world (Figure 1-3) (U.S. Energy 

Information Administration, 2012; United Nations, 2009; Cheng et al., 2008). Electricity 

usage in residential buildings has remained for four decades above 35% of the whole 

usage in member countries of the organisation for economic co-operation and 

development (OECD) and reached this amount during 2010 in non-OECD countries 

(Figure 1-4) (International Energy Agency, 2013; U.S. Energy Information 

Administration, 2012; Price et al., 2006). Furthermore, these figures are expected to 

keep growing in the near future (International Energy Agency, 2013) due to the 

redistribution and growth of the population and industries both of which translate into 

higher energy use in the buildings sector (Price et al., 2006). 

Figure 1-3. Final energy use by sector, 2010 
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The inefficient use of energy in buildings is a problem that spans the whole building 

lifecycle including the design, construction, operation and disposal stage (Howe, 2010; 

Cheng et al., 2008; Pérez-Lombard et al., 2008; Herzog & LaVince, 1992). If we 

consider that most of the actual buildings will still be in use in 30 years (International 

Energy Agency, 2013; Szalay, 2007) and that energy inefficiency in those buildings 

causes up to 45% of energy waste, the buildings sector qualifies as the ideal sector to 

apply energy efficiency measures (Howe, 2010; Cheng et al., 2008). 

1.4 HEATING, VENTILATION AND AIR CONDITIONING SYSTEMS AND 

FAULT DETECTION AND DIAGNOSIS AS PART OF THE SOLUTION 

Although inefficiencies can be found in the whole building lifecycle, the most significant 

waste of energy occurs during the operation stage (Herzog & LaVince, 1992; Piette et 

al., 2001; Pinho, 2015). Many interacting agents are involved during this stage, making 

the analysis of building operation a complex task. For this reason, studying separately 

each agent simplifies the process of applying energy efficiency principles in such 

systems. Thus, an approach to introduce energy efficiency measures in buildings is to 

analyse every subsystem independently. Although improvements have to be carried 

through every energy wasting system, a starting point is represented by the heating, 

ventilation and air conditioning systems. The HVAC systems are a priority since figures 

(Figure 1-5) show that they generate the largest end-use of energy in buildings (Pérez-

Lombard et al., 2008). Furthermore, these systems are well known to be highly 

inefficient and could represent a 5%-20% of annual energy saving if failures are 

detected and fixed (Roth et al., 2003; Moore, 2014). 

Figure 1-4. Buildings electricity use, last four decades (International Energy Agency, 2013) 
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HVAC system inefficiencies have several root causes such as design problems, 

malfunctioning and/or unnoticed faults in one of the parts of the system – valves, coils, 

fans, boilers, and pumps. Oversized components and error in the design of the control 

system are very common causes of energy waste. In both cases, even if the system is 

working as designed, the energy is not efficiently used. On the other hand, 

malfunctioning components and unnoticed faults cause energy waste during the periods 

that such problems remain unaddressed. This period can be very long since a well-

designed control system compensates the fault and, consequently, there is no 

perceptible change in the environmental conditions of the served space. For instance, to 

maintain the temperature in a room at the desired set-point, a cooling coil can be 

activated to counter the effect of a stuck valve in a heating coil. Another cause of long 

periods of energy waste may be that the building commissioning plan is not appropriate 

for the particular building, this includes, faulty design or implementation of the building 

management system (BMS), low frequency in the commission schedule and, in the case 

of large buildings, lack of a systematic procedure for checking the HVAC elements for 

appropriate functioning. 

Fault detection and diagnosis (FDD) is a set of methodologies and tools that solves this 

problem by identifying the existence of failures and isolates their root cause in order to 

understand which component of the system is defective (Isermann, 2005). 

Figure 1-5. End-use energy in buildings (Pérez-Lombard et al., 2008). 
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Therefore, if the implementation is possible and feasible, the FDD ideas should be 

included in any policy that pretends to reduce energy waste and prioritises the energy 

efficiency in HVAC systems (and consequently in buildings). In order to make the FDD 

tools useful in this sector, they have to expose the problem as soon as possible 

(Isermann, 1997), and thus helping the building manager to efficiently take the relevant 

measures to avoid any delay that can cause energy waste. This means that an FDD tool 

used in HVAC systems must check for any faulty behaviour as frequently as possible, 

implying that FDD based on human expertise, for example, scheduled human 

commissioning approach, is not the best solution as it is economically and practically 

unfeasible when the assessed HVAC system is formed by thousands of components. 

That is why, in the case of HVAC systems, we need to turn our attention to automated 

solutions where the human intervention is minimal. 

Although the human/expert intervention is still needed in this type of implementation – 

confirming the fault in situ and taking the appropriate decision to solve the technical 

problem – the commissioning cost is notably reduced as the task of checking the system 

is carried out not by a human but a computer. In addition, the implementation of an 

automated and computer-based solution is usually a software which can be integrated 

directly in the building management system (Kastner et al., 2005; Kumar et al., 2001). 

1.5 MODEL-BASED FDD AND THE CALIBRATION/ACCURACY 

PROBLEM 

A number of fault detection and diagnosis methodologies for buildings have been 

developed during the last decades, mostly based on expert knowledge (Katipamula & 

Brambley, 2005a). They define a set of modes under which the system can be in faulty 

operation and then, develop and tune a set of rules able to detect the existence of the 

fault and to diagnose its origin. 

A new trend in FDD is the use of accurate models (Isermann, 2005; Kumar et al., 2001; 

Sterling et al., 2014b) of the HVAC systems that may run in real-time (Salsbury & 

Diamond, 2001), providing a baseline for optimal operation, which allows detecting of 

deviation from this optimum. 

(Hill, 1995) presents a case study of models used for FDD in HVAC systems. Despite 

the models are widely used for HVAC system simulation (Clark, 1985), Hill highlighted 
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the importance of the calibration and validation of this models thus they can be used 

for FDD. 

In order to obtain accurate results, models have to be correctly calibrated, which means 

models’ parameters must be determined and rectified to emulate an expected behaviour. 

From the calibration point of view, detailed models 1are flexible and can be finely 

calibrated due to the considerable number of parameters they have (Haines & Myers, 

2010). Usually, there is no generic and systematic methodology to calibrate this type of 

model, particularly when a regression from real data is needed. In addition, this type of 

models is often impractical for real-time applications due to the elevated computational 

resources needed for simulation (Wang et al., 2012; Liddament, 1999).  

Alternatively, there are the non-detailed models. As the detailed models, they may be 

built based on first principles, i.e. physical quantities are computed by using well-known 

laws of physics such as mass and energy balance relations, avoiding empirical or fitted 

parameters (Stanley, 2010; Computational Physics Inc., 2014). This approach provides 

an initial insight into the modelled system based on a minimal set of parameters. Having 

a reduced set of parameters eases the calibration reducing its computational cost. 

However, they usually do not offer the accuracy needed for some real-time applications 

such as model-based fault detection and diagnosis (Wang et al., 2012). The problem can 

be tackled by two means. On the one hand, detailed models could be simplified so the 

accuracy is partially reduced but the required resources for calibration and simulation 

decrease, this approach is used in reduced-order modelling (Dong et al., 2013). On the 

other hand, the accuracy of the non-detailed models could be increased, for example, by 

generating a new model from coupling the non-detailed model with a data-driven 

model; however, computational resources and complex calibration methods are needed. 

This concept is exploited in system dynamics modelling and grey box techniques 

(Nassif et al., 2008; Cervantes, 2006). 

In both cases, there must exist a compromise between accuracy and complexity 

reflected in computational cost and calibration issues. Nevertheless, when improving 

non-detailed models, both the development and the usage of models require an 

understanding of the physical principles in which they are based but not the 

 

1 In this thesis, the main distinction between detailed and non-detailed is the model complexity defined by 
the number of the calibration parameters and the degree of modelling details (including the number of 
modelled subsystems, the mathematical simplifications and physics assumptions). 
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mathematics behind the theoretical assumptions required for model reduction. Because 

of this, this research work is focused on this approach. 

1.6 PROBLEM STATEMENT 

Current modelling and calibration approaches for air handling unit models are not accurate enough or 

demand too many computational resources for fault detection and diagnosis applications. A systematic 

methodology that requires a minimum dataset and produces a trade-off between accuracy and complexity 

is needed. 

Table 1-1 summarises this problem. 

1.7 RESEARCH QUESTION 

Once the problem is understood the question is: 

How can a non-detailed first principle-based model of an air handling unit be improved to reach the 

accuracy that fault detection and diagnosis requires, but at the same time the computational cost and the 

calibration complexity can be handled? 

1.8 PROPOSED SOLUTION 

To answer this question, this thesis develops an automated calibration procedure for a 

library of simplified first principle models of HVAC components typically found in an 

air handling unit. Both the calibration methodology and the modelling library constitute 

a tool that is suitable for model-based FDD, and in general, for a number of real-time 

applications. The models are implemented in such way that can be used as a standalone 

Table 1-1. Current approaches for Air Handling Units 

 Non-detailed Detailed 

Accuracy Not enough for FDD Appropriate for FDD 

Calibration 
Minimal set of parameters 
is required. Parameter 
with a physical meaning 

Parameters based on 
mathematical 
assumptions are required. 
Usually, parameters 
physically meaningless 

Computational cost for 
simulation Low High 
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and reusable library. Furthermore, the proposed calibration methodology is not limited 

to be used with the developed models, therefore, the general concepts can be used for 

other modelling libraries. 

The proposed calibration has three advantages: 

 It is component independent, i.e. it is a generic calibration suitable for the most 

common air handling unit components; 

 Since it is based on the grey box approach, the methodology is easily automated; 

 With a computationally cheap analysis of the calibration parameters, an initial 

fault detection and diagnosis can be performed manually; 

A brief overview of the proposed solution is shown in Figure 1-6. It comprises three 

steps. Firstly, the development of the first principle models based on energy and mass 

balance equations is carried out. The equations represent the interaction between 

different mediums (mainly water and air) in the components of the air handling unit. 

The second step is focused on the model calibration methodology that is the core of 

this research work. The methodology presents a novel calibration procedure based on 

the Preisach’s model of hysteresis (Tan et al., 2001)(Mayergoyz, 1986) and machine 

learning approach. The calibrated models are validated using statistical validation 

metrics. Finally, the calibrated models are used (and implemented) for model-based 

fault detection and diagnosis applications. 

1.9 RESEARCH PROJECTS 

Due to the industry orientation of this thesis, the research was initially embedded in the 

framework of the international research project, Energy-Monitoring Wireless 

 

Figure 1-6. Proposed solution overview 
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Networked System (EMWiNS) which was supported by the International Energy 

Research Centre (IERC) (International Energy Research Centre, 2011). The 

involvement in this project was thoroughly discussed to accommodate the research 

work in the best interest of the thesis, the university and the project itself. 

As consequence of the importance of this project and the networking generated from it, 

the Informatics Research Unit for Sustainable Engineering (IRUSE, 2010) was one of 

the participants in the IEA-EBC-Annex 60 (International Energy Agency, 2012) in 

which this author was actively involved. Demonstration activities have been carried out 

and a pilot building has been included for the development of the practical activities and 

validation of the methodology proposed in this report. 

In addition, the clean room in the NUI Galway New Engineering Building (NUIG, 

2012) was the demonstrator for an IRC New Foundations project named Short-Term 

Energy Monitoring and Analysis, STEMA. The models and calibration methodology 

developed in this thesis were used in this project. 

1.9.1 EMWiNS 

This project aimed to systematically develop a tool to support the embedded 

monitoring and fault isolation that forms the basis for automated continuous 

commissioning of HVAC systems in buildings. This tool was deployed in a wireless 

monitoring and control (sensor/actuator) network. This thesis work was related to the 

following tasks: 

• T 2.1: Initial Development of Modelica RO HVAC models 

• T 2.2: Development of initially validated Modelica RO HVAC Models 

• T 2.3: Validation of Modelica RO HVAC Models 

• D 2.1 - Initial Modelica RO HVAC Models 

• D 2.2 - Initially validated Modelica RO HVAC Models 

• D 2.3 - Validated Modelica RO HVAC Model 

1.9.2 IEA-EBC-Annex 60 

The objectives of Annex 60 are to develop and demonstrate next-generation 

computational tools that allow building and community energy grids to be designed and 
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operated as integrated, robust, performance-based systems. This thesis work is related 

with the activity 1.4 “workflow automation tools” that will develop free open-source 

Python packages to automate the workflow of developing and using Modelica and FMI 

models and co-simulators. 

1.9.3 STEMA 

This project aims at the development and testing of a low-cost wireless short-term 

monitoring tool for air handling units aiming at obtaining valuable data for model 

calibration and model-based fault detection and diagnosis of air handling units. 

The developed tool allows engineers to go on site, deploy the sensors, collect the data 

(and run tests if necessary), develop models, calibrate models and perform fault 

detection and diagnosis in the unit. 

This thesis work was related to the following developments: 

 Model Calibration Module: this tool automates, based on this research work, the 

calibration of Modelica model of the air handling unit so simulated data matches 

sensor data; 

 Model-Based FDD Module: this will leverage the powerful Raz’r general 

purpose diagnosis algorithm to produce fault diagnosis in the air handling unit. 

Although in the beginning, the unit will be fully instrumented with the wireless 

sensor network, the Raz’r algorithm is capable, provided it has a calibrated 

model, to perform diagnosis with minimum data. 
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1.10 THESIS STRUCTURE 

CHAPTER 1: INTRODUCTION 

Chapter 1 provides the social, economic and environmental context and background for 

this thesis with a particular focus on global climate and energy impacts especially in 

relation to buildings and the essential role that innovative engineering solutions provide 

in supporting energy efficiency measures in buildings. 

CHAPTER 2: LITERATURE REVIEW 

Chapter 2 provides an introduction to the continuous commissioning framework 

followed by an explanation of the most relevant FDD techniques used in HVAC 

systems. An overview of the most used FDD approaches is presented, emphasising that 

model-based methods provide a deeper insight of the real system -compared with the 

other methods, and usually ease the fault diagnosis. The need for models that possess 

high accuracy and low computational cost is discussed by introducing the 

accuracy/calibration problem for HVAC system and air handling unit (AHU) models. 

A review of the modelling approaches is given in order to understand and evaluate the 

different options a modeller can utilize when developing HVAC system models. 

Finally, the most relevant research work related to the automated calibration of HVAC 

system models is presented, describing the possible alternatives that are being 

investigated to solve the issue of calibrating HVAC system models. 

CHAPTER 3: METHODOLOGY 

Theoretical first principle models are presented in Chapter 3. This includes models of 

components that can be found in a typical AHU, namely mixing box, cooling coil, 

heating coil and humidifier models. 

Explanation of the theoretical base of the proposed approach and focus on the control 

element model is given. This includes a description of the Preisach’s model and the core 

idea behind the model simplification to obtain a linear model (a linear neural network) 

and how Preisach’s model is used to model the mechanical control elements (dampers 

and valves) including: 

 How the first principle models are pre-calibrated by using the manufacture data 

sheet and the simulation models; 
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 The necessity (and its solution) of solving the inverse problem in those pre-

calibrated models; 

 How the valve/damper model is calibrated using ML techniques; 

 And the coupling process of the calibrated models. 

Finally, a description of the proposed methodology consisting of number of steps to be 

followed and how each of these steps are implemented in an innovative software 

architecture. 

CHAPTER 4: VALIDATION 

Chapter 4 provides the characterisation of the case study including: 

 EMWiNS - Energy Monitoring Wireless Networked Systems 

 The unit: AHU09 

 Sensors and data acquisition system 

 Mode-based operation philosophy 

 Data collection and pre-processing 

 Experiments for data collection 

This chapter describes how the proposed methodology was implemented and presents 

an initial verification of the calibrated models. The adopted approach for model 

validation is described along with the validation results. 

CHAPTER 5: IMPLEMENTATION 

In order to illustrate the validity of the proposed calibration methodology in real case 

applications, Chapter 5 presents the results obtained in EMWiNS project regarding the 

proposed FDD solutions. These include: 

 APAR 

 Quantitative diagnostics 

 Qualitative diagnostics 

 Model-based FDD for AHU. 

CHAPTER 6: CONCLUDING REMARKS 

Chapter 6 provides a summary of the main conclusions reached during the course of 

this thesis including the thesis outcomes and recommendations for future work. 
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2 CHAPTER 2 LITERATURE REVIEW 

This chapter presents the background of the thesis, reviewing the most relevant 

research works regarding: 

 Continuous commissioning in buildings; 

 Fault detection and diagnosis for heating, ventilation and air conditioning 

systems; 

 Methodologies for implementing fault diagnosis; 

 Model-based approaches for fault detection and diagnosis; 

 Calibration for models used in fault detection and diagnosis. 

The chapter intends to answer three questions: what problem this thesis is tackling, 

why this problem should be solved and how the problem may be addressed. The 

main topic and the primary aim of each section are presented in Figure 2-1. In the 

figure, sections are grouped according to the thesis question to which they are more 

closely related. 
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2.1 CONTINUOUS COMMISSIONING 

The term Continuous Commissioning™ (CC), trademarked by Texas Engineering 

Experiment Station (Texas A&M University System), is defined by (Liu et al., 2002) 

as: 

“An ongoing process to resolve operating problems, improve comfort, and optimise 

energy use for existing commercial and institutional buildings and central plant 

facilities” 

 

Figure 2-1. Chapter structure. CC: continuous commissioning; FDD: fault detection and diagnosis; 

and HVAC: heating, ventilation, and air conditioning. 
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Also, the IEA ECBCS Annex 40, in its final report (Visier, 2004b), differentiates four 

types of commissioning: initial commissioning, retro-commissioning, re-

commissioning and on-going (continuous) commissioning. The later defined as: 

“A commissioning process conducted continually for the purposes of maintaining, 

improving and optimizing the performance of building systems after initial 

commissioning or retro-commissioning” 

Figure 2-2 illustrates the four types of commissioning and when they should be 

implemented. Both initial and retro-commissioning are first time commissioning, but 

they differ as the first is performed in new buildings while the second in existing 

constructions were no documentation from previous commissioning exists. 

Although continuous commissioning and re-commissioning are both implemented 

after the initial commissioning or retro-commissioning, they should not be confused. 

Re-commissioning is just a verification (usually, to document or improve part of the 

system) that is carried out every time it is scheduled but not continually while CC is 

mainly focused on the continuous optimisation of the heating, ventilation and air 

conditioning (HVAC) systems operation. 

CC consists of a set of measures to be continuously applied on the HVAC system 

and subsystems in order to improve the comfort and reduce the energy use in 

operating buildings (Zhu et al., 2001). When these measures are implemented 

 

Figure 2-2. The four different types of commissioning (Visier, 2004b; Bruton et al., 2014). 
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properly, energy use of HVAC systems can be reduced 20% - 30% without 

generating discomfort (MIT Energy Initiative, 2015; Harrell, 2009, 2008; Jagemar & 

Olsson, 2007; Liu et al., 2002). Such savings are relevant since HVAC systems 

represent between 50% and 80% of the energy used in buildings (Xiao & Wang, 

2009; Pérez-Lombard et al., 2008; SEAI HVAC Special Working Group, 2008). 

2.1.1 Importance of building commissioning 

Researchers from the IEA Annex 40 (Visier, 2004b) summarised the importance of 

commissioning as a way of saving energy in buildings highlighting the three main 

reasons why commissioning is being investigated and will continue to be developed 

in the coming years: 

 Global community and governments have increased the pressure to reduce 

energy waste in buildings since the global warming became a relevent 

environmental problem; 

 For many companies, commissioning is an opportunity for business as energy 

use reduction may represent substantial economic savings; 

 After becoming an essential part of new buildings and existing constructions, 

building management systems (BMS)2 are starting to make their way to the 

residential scenario. Consequently, commissioners can take advantage of such 

systems when developing new commissioning solutions or improving the 

existing ones. 

In addition, researchers from the Annex 40 considered that the main obstacles for 

adopting commissioning as a standard practice in buildings are “lack of awareness, lack 

of time and too high costs”. In fact, according to (Xiao & Wang, 2009), there is a small 

but still significant part of building professional community that thinks that too 

much effort has to be put to implement commissioning measures from the first 

phase of the building life and see unclear the benefits of it. Therefore, the 

development of commissioning should be accompanied by actions to increase the 

 

2 BMS defined as a computer-based (software and hardware) system deployed in buildings that 
controls and monitors the building’s mechanical and electrical systems such as HVAC systems, 
lighting, fire systems, and security systems. 
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awareness of commissioning, reduce implementation costs and prove the benefits of 

its implementation. 

(Djuric & Novakovic, 2009) justify the necessity of commissioning in buildings by 

referring to three aspects: 

Operational:  Many buildings do not perform as designed due to poor construction, 

faulty equipment, incorrect setpoints and/or configurations of the 

control systems and inadequate operating measures (Haves et al., 

2001; Hyvarinen & Karki, 1996); 

 Faulty operation is very common in HVAC systems due to poor 

maintenance and component deterioration (Xiao & Wang, 2009; 

Wang & Xiao, 2004); 

 Existing BMS are not capable of providing a fault diagnosis of the 

monitored system and, in many cases, the fault detection is not even 

performed (Hyvarinen & Karki, 1996; Neumann et al., 2010; Bruton 

et al., 2014). 

Legislative:  Governments started to create regulations to force building 

community stakeholders (users, owners, contractors, etc.) to use and 

implement commissioning solutions for energy efficiency in buildings 

(Sterling, 2015; Djuric & Novakovic, 2009); 

 Energy efficiency in buildings has become a global matter, which can 

be grasped from the proliferation of relevant legislation in different 

countries as summarised in Table 2-1 (Sterling, 2015). 

Benefits:  Between 5-20% of total energy used can be saved when full 

commissioning of existing buildings is carried out (Rajinder Jagpal, 

2006; Neumann et al., 2010; Friedman, HannahPiette, 2001); 

 A high rating in energy performance certifications may be a direct 

source of profit for building owners as it positively influences the 

building value (Poel et al., 2007); 

 When the appropriate commissioning measures are applied, 

operational and maintenance costs decrease, thermal comfort 

increases and (as a consequence of improved maintenance service) the 

building owner’s liability is reduced (Djuric, 2013). 
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2.1.2 The problem of the identification process in CC implementation 

Conventionally, the term “commissioning” has been understood as a one-time 

process by which a building’s systems are deeply inspected and adjusted. In buildings 

where no legislation obliges to perform this inspection and adjustment, building 

owners play a key role since they have to perceive the (economic) benefit of the 

commissioning in order to authorise it. According to (Xiao & Wang, 2009), many 

professionals in the HVAC field have recognised the benefits from lifecycle 

commissioning, including implementation of energy saving measures from the design 

phase, lower amount of energy used during the operation phase, fault detection and 

diagnosis, safer and healthier indoor conditions, long-term occupancy satisfaction, 

etc (Finnerty et al., 2018). 

In (Liu et al., 2002), the authors proposed that CC implementations should be carried 

out in two phases. During the first phase, the CC project is developed. Buildings and 

facilities are identified and characterised in order to include (or discard) them in the 

project. Also, the project scope is defined in this phase, identifying the potential 

measures to be taken and their implementation cost and projected savings. The 

Table 2-1. Overview of legislative regulations dealing with energy efficiency in buildings (Sterling, 

2015) 

Country/ 
Region 

Code/Standard Type Compliance 

EU 
EU Energy Performance of Buildings 
Directive (EPBD) Code N/A 

US 

International Energy Conservation 
Code (IECC) 

Code 
Prescriptive & 
performance 

ASHRAE standard 90.1 Standard Prescriptive & 
performance 

Leadership in Energy and 
Environmental Design (LEED) 

Certification 
Prescriptive, 
performance & 
outcome 

UK 
Building Regulations Code 

Prescriptive & 
performance 

EPBD Energy Performance 
Certificate 

Mandatory 
certification 

Performance 

Ireland 
Building Regulations Code 

Prescriptive & 
performance 

Building Energy Rating 
Mandatory 
certification Performance 
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second phase consists of the CC project implementation and verification, i.e. the 

specific measures are identified (and applied) and their performance is evaluated. 

Therefore, one of the main technical issues in CC is to recognise the specific 

measures that must be taken. To do that, a problem identification process must be 

performed in the systems. Once the existing problems are identified, i.e. detected and 

diagnosed, the appropriate decision can be taken to tackle them. The problem 

identification can be addressed by dividing the HVAC system into subsystems. The 

“Continuous Commissioning Guidebook” of the Federal Energy Management 

Program (Liu et al., 2002), differentiates five subsystems where CC should be 

applied: air handling unit (AHU) systems, water/steam distribution, central chiller 

plants, central heating plants, and thermal storage systems. The next section reviews 

the most relevant aspects of problem identification in HVAC systems, especially in 

AHU since this subsystem typically account for the major share (over 40%) of energy 

used in buildings (ASHRAE, 2005) while they tend to have more faults than any 

other of the subsystems (Wiggins & Brodrick, 2012; Lee et al., 1996; Feng et al., 

2005). 

2.2 FAULT DETECTION AND DIAGNOSIS 

Fault3 detection and diagnosis (FDD) is a subfield of control engineering that deals 

with a system’s problems. It consists in a set of methodologies and tools that 

identifies the existence of failures and isolates their root cause in order to understand 

which component of the observed system is defective (Venkatasubramanian et al., 

2003c; Isermann, 2005). 

In his book, (Gertler, 1998) suggests three task that FDD systems should follow: 

 Fault detection: “the indication that something is going wrong in the 

monitored system”; 

 Fault isolation: “the determination of the exact location of the fault (the 

component which is faulty)”; 

 

3 For this literature review, fault means any building deficiency responsible for a malfunction that may 
cause thermal discomfort and/or energy waste. 
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 Fault identification: “the determination of the magnitude of the fault”. 

The last two tasks make up fault diagnosis. However, most real FDD 

implementations do not perform the identification because this task may not justify 

the effort it involves, consequently only detection and isolation are carried out in 

most practical systems (Gertler, 1998). In the following pages, the term “diagnosis” 

will refer to just the “isolation” task, unless otherwise stated. 

2.2.1 FDD for heating, ventilation and air conditioning systems 

FDD ideas have been implemented in different fields for several decades, especially 

in aerospace, automotive, manufacturing, nuclear and national defence industries 

(Vachtsevanos et al., 2006). However, FDD technologies did not become an active 

research area for building’s HVAC systems until the late 1980s and early 1990s (Yu et 

al., 2002; Le et al., 2005; Huang et al., 2006; Han et al., 1999). 

One of the most relevant research work during the 1990s was the International 

Energy Agency (IEA) Annex 25 (Liddament, 1999), which was focused on “Real-

Time Simulation of HVAC Systems for Building Optimisation, Fault Detection and Diagnosis”. 

Most of the project’s achievements (Hyvärinen, 1997) are wrapped in the Building 

Optimization and Fault Diagnosis Source Book (Hyvarinen & Karki, 1996). The 

book contains a deep discussion of building optimisation and FDD methods and 

presents a detailed study of typical faults in HVAC systems in buildings. In order to 

address the FDD problem, the researchers consider two different approaches. The 

first, called optimising building use, is based on monitoring a whole building or large 

system (e.g. the entire HVAC system) in which faults are detected and diagnosed. 

The second, a component-oriented approach, deals with the detection of faults in 

individual components, devices or systems. Both approaches, nevertheless, lead to 

the utilisation of the same methods of detection and diagnosis, which are essentially 

based on the use of mathematical models of the process to understand any deviation 

of the monitored system from its expected behaviour. 

During the late 1990s and early 2000s, the IEA Annex 34 (Rajinder Jagpal, 2006) 

used Annex 25’s results to continue to study the utilisation of the FDD 

methodologies for building energy efficiency. The Annex general scope was “to work 

with controls manufacturers, industrial partners and building owners and operators 
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to demonstrate the benefit of computer-aided fault detection and diagnostic systems” 

and the main technical objective was to develop FDD tools for HVAC systems in 

buildings, which were close to commercial products (Dexter & Pakanen, 2001; 

Rajinder Jagpal, 2006). Most of the FDD solutions implemented in Annex 34 follow 

a similar approach to Annex 25’s, which is based on the use of computational models 

as a reference when detecting and diagnosing faults. The researchers point out two 

important aspects regarding those models. First, the model computational demands 

should be modest if the FDD tool is to be embedded in the real system because 

most BMS implementations have relatively low processing capabilities available. And 

second, the number of parameters required for setting up the model must be kept to 

a minimum since most of those parameters are collected manually, which demands 

specialist knowledge and usually is extremely time-consuming.  

More recently, the IEA Annex 40 (Visier, 2004b, 2004a) and the Annex 47 

(Choinière & Natascha Milesi-Ferretti, 2014; Neumann et al., 2010) included the 

FDD technology developed in previous annexes in a more generic building energy 

optimisation framework. In both projects, the researchers conclude, from two 

different points of view, that FDD in HVAC systems is an essential part of building 

commissioning. The Annex 40 considers that computational models form the basis 

of FDD tools for monitoring routine operation, concluding that commissioning is 

then a natural application of models for two reasons:  

 “FDD methods can be applied to commissioning, including active functional 

performance testing” and; 

 “Models used in the design are a quantitative representation of intended 

performance and hence provide a baseline to compare measured 

performance during commissioning”.  

The study carried out by Annex 40 is focused on building performance, while in 

Annex 47 the focus is the energy (hence economic) savings. A complete 

methodology for commissioning savings calculation is presented in Annex 47. The 

discussed FDD tools and case studies illustrate the potential for improved building 

performance, showing that the tools provide features that help to identify and realise 

potential savings (from 5% to 15% of the building’s total energy savings). 
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In addition, experts from the Annex 47 conclude that “automation is still uncommon 

in the commissioning process” and “automation of the (existing) tools and thereby a 

reduction of labour cost connected to on-going commissioning (continuous 

commissioning) is crucial for a wider application”. Finally, they sustain that 

automation is an essential feature for reducing costs and increasing efficiency in CC, 

making automated fault detection and diagnosis an ideal supporting tool for 

continuous commissioning. 

In order to estimate the potential benefits of implementing FDD and optimised 

control systems in commercial buildings, the U.S Department of Energy completed a 

detailed study (Roth, 2005) to assess “(1) the commercial building control market, (2) 

the energy impact of buildings faults, (3) the energy-saving potential of control and 

diagnosis, and (4) the commercial potential of control and diagnosis approaches”. 

The study initially considered more than 100 faults that can occur in commercial 

building HVAC, lighting and water heating systems. However, based on the 

estimated annual energy usage impact of each fault, they identified a reduced subset 

of the initial list to perform the final evaluation. Duct leakage and leaving the HVAC 

and lighting systems on when the served space is unoccupied are identified as the 

major problems, accounting for about two-thirds of the total energy impact of faults. 

After evaluating five FDD methodologies and four optimisation control approaches, 

the researchers conclude that including diagnosis within advanced control systems 

offers a much more effective tool to deal with existing buildings, especially from the 

energy performance point of view, implying up to 20% of energy savings. 

In addition, (Roth, 2005) presents a deep discussion about non-energy benefits 

offered by the controls and diagnosis approaches they studied, highlighting the four 

most common among them: “(1) ensuring adequate outdoor air intake, (2) improved 

occupant comfort, (3) notable peak demand reduction, and (4) decreased 

maintenance cost”. 

2.2.2 Automation of FDD 

Originally, FDD was a process performed manually. A human expert analysed a 

number of signals from the monitored system, then based on his or her previous 

knowledge of the system and expertise, the expert decided whether a fault was 
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occurring, and in some cases a diagnosis could be done, especially when physical 

inspection was carried out (Vachtsevanos et al., 2006). 

Nowadays the FDD process is changing. As in many other fields, computers are 

taking over the task in order to make the processes more efficient, accurate and 

cheaper (Rotman, 2016). For this thesis, only automated fault detection and diagnosis 

(AFDD) methods are considered because they provide economic and technical 

advantages when implemented in HVAC systems where, usually, human expertise is 

expensive and the number of the components of the system could be unmanageable 

for a human expert. 

The automation of FDD for HVAC systems is an open research area. Even though 

BMS installation has become a common practice in new and some existing buildings, 

usually these systems do not provide automated -nor continuous- FDD, they just 

include limited alarm indicators for very specific types of faults, without diagnosing 

the root cause of these alarms (Djuric & Novakovic, 2009). Moreover, due to the fact 

that an alarm raises only when the corresponding operation signal reaches its critical 

value, they do not detect hidden faults during what appears to be normal operation 

of the HVAC systems, i.e. when no alarm critical levels are breached (Bruton et al., 

2014). 

A good example of these faults is the temperature compensation carried out by the 

control system in air handling units with at least one heating coil and one cooling 

coil, as shown in Figure 2-3. The heating coil valve is stuck in the open position but 

the BMS receives this valve position signal directly from the control system, i.e. this 

signal is not measured but estimated, making the stuck problem undetectable when 

reading the BMS indicators. Furthermore, the control system keeps the thermal 

conform in the served zone by opening the cooling coil valve, making the fault 

unnoticeable when looking at indoor conditions. In addition, no alarm goes off since 

the monitored signals (the supply and the return temperatures) are not above/below 

their critical values. In conclusion, this fault is completely undetectable for existing 

BMS because there is not thermal discomfort in the served zone, no alarm is raised, 

and the BMS indicates that the HVAC system is operating normally. 
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The responsibility of supervising and maintaining HVAC systems in a building 

typically lies on internal (building managers) or external (third-party contractors) 

personnel. On average, the number of systems to be supervised outnumbers this 

personnel by 20 to 1 (Bruton et al., 2014). That is why faults are attended just when 

discomfort is noticed by occupants, a BMS alarm is persistently activated, or 

equipment breakdown occurs (normally noticeable by occupants’ discomfort). This 

means that the system wastes energy during the period between problem occurrence 

and its addressing. 

In addition, current BMS implementations provide information about de system 

operation that usually is not clear nor comprehensive for building managers that are 

not specialised on the particular BMS (Sterling, 2015). This non-user-friendly 

information and the lacking of personnel highly qualified encumber the managers’ 

attempts to continuously perform FDD (Wang et al., 2012). 

2.2.3 Automated FDD for air handling units 

Air handling units are commonly found in any HVAC system of commercial and 

institutional buildings. They usually operate to control the temperature and humidity 

conditions inside the building, affecting significantly the building energy usage and 

the indoor environmental comfort. According to (Li, 2009), AHUs usually have poor 

 

Figure 2-3. Example of undetectable faults in an AHU 
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maintenance when compared with HVAC primary systems due to: (1) unlike the 

primary systems, AHUs are typically assembled systems which components are 

manufactured by different companies; (2) AHUs are usually designed for a specific 

building; and (3) compared with the primary systems, AHUs are relatively 

inexpensive. 

One of the most relevant research works in automated fault detection and diagnosis 

(AFFD) for AHU in Ireland is the project carried out by the Innovation for Ireland’s 

Energy Efficiency Research Centre (I2E2 Research Centre, 2011). Some results from 

this project were published in (Bruton et al., 2013). The authors presented the 

development of an AFFD tool based on expert knowledge (APAR4 approach (Schein 

et al., 2006)) and showed results of its beta testing phase on 26 AHUs across 

commercial and industrial buildings in Ireland. They quantify and validate the annual 

cost saving on 18 units, which reaches €157,000 per annum. The researchers 

conclude that in most of the case studies, the faults that cause the energy waste were 

diagnosed by the developed tool, though no problem was identified using the 

traditional daily maintenance practices of the companies (owners of the investigated 

buildings). 

In (Bruton et al., 2014) the authors suggest that AFDD tools should be developed 

attending necessities for different user profiles. Following this idea, they proposed 

the implementation of AFDD in AHU as a continuous commissioning tool which 

carries out fault detection and diagnosis in real-time. The tool provides information 

that is collected and displayed. However, the level of detail and type of data to be 

shown depend on the user’s necessities. In this way, the BMS operator would not 

receive unwanted and incomprehensible information but the one that he or she really 

needs. For example, building owners could know how much a fault is costing; 

information for building managers would be enriched with technical specifications at 

management level so they can make better decisions; and when technicians are 

required, the system would provide only technical information about the fault, so 

they can properly tackle the occurring problem. In addition, the authors emphasise 

 

4 Air handling unit performance assessment rules (APAR) is a fault detection tool that uses a set of 
expert rules derived from mass and energy balances to detect faults in air handling units (Schein et al., 
2006). 
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how this approach could be a solution for the problem posed by the building owner 

necessity of knowing the real cost of faults and fault correction measures, deeply 

discussed by (Lee & Yik, 2010). 

An example of an automated FDD solution with a similar perspective is the 

European project HIT2GAP (HIT2GAP, 2015). This project intends to fill the gap 

between the energy usage projections, made during the designing and construction 

phases of the building, and the actual use during the operation stage. The project 

focuses on HVAC systems, offering an open platform that allows BMS companies to 

develop modules (known as apps in HIT2GAP context) compatible with the main 

framework. In this way, developers can include their apps in the system, enhancing 

the energy efficiency by improving existing features or introducing new ones. 

Also, the project involves the self-awareness concept5 (Sterling, 2015). The 

HIT2GAP platform provides enriched information about the system by making use 

of computational model calculations. Based on those calculations, the platform 

makes predictions that are used to adjust operational parameters (e.g. control system 

parameters, temperature set-points, system schedule, etc.) in order to increase the 

HVAC system performance. This self-adjustment capability is accompanied by 

AFDD (based on model results). Then, the information provided by the AFFD 

system and the models is presented in a comprehensive format according to the 

particular user platform. 

(Bruton et al., 2014) discuss and emphasise the use of AFDD as a decision support 

tool. The level of automation for this application varies from a low level where the 

user just receives information about the system’s state and occurring faults, then he 

or she must take decisions based on that information, to a very high level where the 

human intervention is reduced to minimum, e.g. only when a physical component 

needs to be replaced. For instance, (Doukas et al., 2009) developed a tool that uses 

rule sets to verify the current state of the system and can automatically readjust the 

system parameters. The tool has a decision unit that is capable of: (1) interaction with 

 

5 A self-aware building is a building that is not necessarily highly automated but support optimal 
operation without adding overhead to the facility manager by incorporating four characteristics: (1) 
performance prediction; (2) automated reaction of building systems to predicted performance; (3) 
AFFD; and (4) support of the facility manager tasks with information suitable to their typical skill set. 
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the sensors for determining the current energy profile of the system; (2) applying 

expert and intelligent system techniques to decide what is the appropriate 

intervention according to the actual system’s state; and (3) communication with the 

controllers and actuators in order to carry out the chosen intervention. 

One point in common about the mentioned AFFD solutions is the use of models as 

a reference, which provides insights into the expected behaviour of the system. They 

undertake the FDD process by comparing the real state of the system with the state 

predicted by models. These and others FDD approaches will be discussed in the next 

section. 

2.3 FDD PROCESS AND METHODS CLASSIFICATION 

From a general point of view, a practical and convenient classification of the FDD 

methods is made attending the a priori knowledge (available in advance) of the system 

and how the methods make use of it to detect and diagnose the faults. That is why 

understanding the information transformations or mappings that are carried out 

during the FDD process is an important aspect when classifying FDD methods. 

The operation of a diagnostic system can be seen as a decision-making process that 

goes through different mappings, from the initial measurement space to the final 

 

Figure 2-4. Mappings in a diagnosis process 
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class space containing the diagnosis information (Figure 2-4) (Isermann, 1997; 

Venkatasubramanian et al., 2003c). The measurement space is constituted by the 

measurements taken from the system under study, assuming that there is no known 

fault in these measurements. This space is the input space for the whole FDD 

system. Usually, the information obtained from the measurement space can be 

simplified and/or enriched by using the a priori knowledge of the process with the 

purpose of extracting the useful information for diagnosis. This improvement 

generates the feature space. Once this space is obtained, a search strategy must be 

applied to diagnose the faults. The first mapping in the search process (from the 

feature space to the decision space) is typically designed to extract raw information 

about the possible faults by making use of optimisation and classification techniques. 

Because the decision space does not necessarily provide explicit information about 

which the failure in the system is, a final mapping is required in the search process. 

Hence, this final mapping is focused on making the information understandable and 

providing the user with a clear knowledge about the cause of the problem. This 

knowledge is contained in the class space that usually is a set of all possible faults that 

may occur in the system. 

Then, FDD approaches can be classified according to the way they transform the 

input space (measurement space) into an understandable output space (class space). 

Since the type of transformations contained in the search strategy strongly depends 

on the characterization of the feature space (which is defined by the type of a priori 

knowledge at hand), many authors classify the FDD methods attending the a priori 

knowledge (of the system under study) used to detect and diagnose faults (Figure 

2-5) (Katipamula & Brambley, 2005a; Li & Wen, 2013; Venkatasubramanian et al., 

2003c, 2003a, 2003b). 
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Both model-based approaches use a priori knowledge to identify differences 

(residuals) between a model calculation/simulation results and actual operation 

measurements (Figure 2-6). The residuals contain the characteristic parameters for 

FDD, which are extracted to provide the feature space. Then, statistical analysis is 

usually used for generating the decision and the class spaces. Some of these 

approaches use models based on first principles or expert knowledge. Although these 

models provide an insight into the process under study, they usually represent a 

challenge when trying to match simulation results with real operational 

measurements. This issue is discussed deeper in section 2.4. 

A sub-classification of the model-based methods may be done attending the type of 

models used as the baseline reference. Quantitative models are based on 

 

Figure 2-5. FDD methods classification 

 

Figure 2-6. Model-based FDD scheme (Yu et al., 2002) 
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mathematical relationships -usually between inputs and outputs of the system- that 

represent the physics of the system providing measurable information; and 

qualitative models consist of a set of rules -usually in form of if-else statements- 

derived from expert knowledge based on the underlying physics. 

Process history based approaches do not need knowledge about the process per se, 

they derive behavioural models from measured data, actually, a considerable amount 

of historical process data (Katipamula & Brambley, 2005a). However, they are not 

generalizable and usually provide a poor insight into the process even if the resulting 

models can fit the data properly (Li, 2009). 

Although there are methods that can be included in one of these three main 

categories, most of them take ideas from different approaches and cannot be 

classified as a particular type. However, this classification scheme is useful for 

contrasting FDD methods in order to assess strengths and weaknesses (Table 2-2). 
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Table 2-2. Strength, weakness and suitability of the FDD approaches (Katipamula & Brambley, 

2005a) 

Quantitative model 
based 

Qualitative model based Process history based 

 Strength  
 Models based on 
physical or engineering 
principles; 
 Good output 
estimation when models 
are well formulated; 
 Normal & faulty 
operation can be modelled, 
making the diagnosis easier 
to carry out; 
 The transients in a 
dynamic system can be 
modelled. 

 Suited for well 
instrumented environment 
and noncritical processes; 
 Simply to develop and 
apply; 
 Intuitive, providing the 
ability to reason even under 
uncertainty; 
 Precise knowledge of 
the system is not required 
in some methods. 

 Best option when 
theoretical models are 
poorly developed; 
 Suited where good 
training data are 
inexpensive (to obtain); 
 Understanding the 
physics of the system is not 
required for black-box 
models; 
 Computational costs 
are manageable. 

 Weakness  
 Models can be complex 
and computationally 
intensive; 
 Developing models 
requires a significant effort; 
 The model’s inputs are 
not always readily available; 
 Poor judgment or input 
errors caused by extensive 
user input. 

 Specific for a particular 
system (or process); 
 Especially in complex 
systems, finding a complete 
set of rules and ensuring all 
they are always applicable is 
not an easy task; 
 Most of the methods 
depend on the expertise of 
the modeller. 

 Grey-box models 
requires both knowledge of 
the system and expertise in 
statistics (or similar); 
 Models cannot be used 
for behaviours beyond the 
range of training; 
 A significant amount of 
training data is required; 
 Specific models for 
specific systems. 

 Suitability  
Detailed physical models 
are unlikely to become as 
the method of choice due 
to the weakness list 
presented, but simplified 
physical models still are a 
good option 

When more rigorous 
methods cannot be used 
(because cost, time or 
physical limitations), 
qualitative approaches may 
represent the best way to 
meet analytical needs. 

Where no other methods 
can be implemented (e.g. 
limited access to the real 
system). 
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Following the classification considered above, Table 2-3 summaries the most relevant 

papers regarding each approach. 

  

Table 2-3. FDD methods literature review 

Reference Description 
Quantitative model based 
(Salsbury & 
Diamond, 2001) 

Model-based feedforward control used in FDD for HVAC 
systems 

(Bendapudi & 
Braun, 2002) 

Literature review about detailed models of vapour compression 
equipment to be used in FDD 

(Norforda et al., 
2002) 

Two methods for FDD in an air handling unit are presented. 
One of them based on first principles models and the other one 
based on semi empirical correlations of divers’ signals of the real 
system. 

(Yu et al., 2003) Developing of a fin-tube heating coil model for supporting 
quantitative model based FDD 

Qualitative model based 
(Dressler & Struss, 
1996) 

Automated FDD using the consistency-based approach 

(Struss, 1997) An introduction to qualitative modelling to used it in faults 
diagnosis purpose 

(Febres et al., 2013) Development of models of the main components in an air 
handling unit for use them in consistency based and rule-based 
approaches 

(Müller et al., 2013) Describes the basics and first test results of a model-based 
approach using qualitative modelling to perform FDD on 
HVAC systems 

(Sterling et al., 
2014b) 

An intuitive introduction from qualitative HVAC models to on-
line diagnosis using a qualitative approach 

Process history based 
(Huang et al., 2006) Describes a grey box model for FDD in an air handling unit 

using real data and neural networks 
(Reddya et al., 2003)  Comparing the suitability of four different chiller performance 

models to be used for on-line automated FDD. Black-box 
multivariate polynomial models, artificial neural network models, 
the generic physical component model approach, and the 
lumped physical Gordon-Ng model are studied 

(Morisot & Marchio, 
1999) 

ANN performance with training on simulation data is evaluated 
on a VAV system. Artificial faults are introduced in the real plant 
to simulate standard faults occurring in building HVAC system 

(Tudón-Martínez et 
al., 2010) 

A comparison of FDD systems based on DPCA method and 
ANN under the same experimental data 
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2.4 THE MODEL-BASED APPROACHES AND THE ACCURACY PROBLEM 

A number of FDD methodologies have been developed for HVAC systems, mostly 

based on expert knowledge6 (Katipamula & Brambley, 2005b). However, a new trend 

in model-based FDD is using accurate models (Isermann, 2005; Kumar et al., 2001; 

Sterling et al., 2014b) of the HVAC systems that may run in real time (Salsbury & 

Diamond, 2001), providing a baseline for optimal operation and supporting the 

detection of deviation from this optimum. 

When accurate models are used, the model calibration plays a vital role in the FDD 

process. In his thesis, (Hill, 1995) presents the use of computational models for FDD 

in HVAC systems. Despite the fact that Hill uses “validated” models (Clark, 1985), 

he highlights the importance and difficulty of the calibration and validation processes 

for these models in order to be used for FDD purposes. On the one hand, models 

must be accurately calibrated since they are used as a reference when diagnosing. On 

the other hand, a typical HVAC system involves many parameters that usually are 

supplied by the HVAC system manufacturer or taken from the system design 

documentation, which do not guarantee that the model performance would match 

the actual system’s behaviour unless additional information is included, e.g. operation 

data from the real system. 

In order to obtain accurate results, an appropriate model calibration must be 

performed, understanding calibration as the process of determining and rectifying a 

model’s parameter values to more closely emulate an expected behaviour. Based on 

the number of parameters to be determined, two model types can be distinguished: 

detailed models and non-detailed models. 

Usually, a detailed model is a fully-descriptive law-driven model and avoids any 

assumption and fitting parameters, so a considerable number of parameters need to 

be determined. This makes detailed models flexible, from the calibration point of 

view. Unfortunately, there is not a generic and systematic methodology to calibrate 

detailed models. In addition, these models are often impractical for real-time 

 

6 Expert knowledge approaches define a set of modes under which the system may be considered to 
be in faulty operation and then, develop and tune a set of rules that allows to detect the existence of a 
fault and possibly help diagnosing its origin. 
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applications, hence real-time FDD, due to the elevated computational resources 

needed for their simulation and calibration (Liddament, 1999; Wang et al., 2012; Hill, 

1995). 

The non-detailed models are normally based on physics laws and experimental results 

(typically not theoretically validated), and a number of assumptions are used. The 

non-detailed models, despite losing calibration flexibility, offer the possibility of 

having an initial estimation of the physical system’s performance by using a minimal 

set of parameters. This reduced set of parameters eases the calibration process and 

reduces simulation computational costs when compared with more detailed models. 

However, they usually do not offer the accuracy needed for some applications such 

as quantitative model-based FDD (Wang et al., 2012). 

Consequently, neither detailed models nor non-detailed models fulfil the model 

requirements for model-based FDD: (1) models need to be accurate; (2) and the 

corresponding simulations and calibration procedures have to be computationally 

cheap. Table 2-4 summaries this problem. 

The problem may be tackled in two ways. On the one hand, detailed models could be 

simplified so the accuracy is partially reduced but the required resources for 

calibration and simulation decrease. This approach is used in reduced-order 

modelling (Dong et al., 2013). On the other hand, the accuracy of non-detailed 

models could be increased, for example, by generating a new model by coupling an 

existing non-detailed model with a linear regression model. However, more 

computational resources and complex calibration methods are needed. This concept 

is exploited in system dynamics modelling and grey box techniques (Cervantes, 2006; 

Nassif et al., 2008). 

Table 2-4. Model requirements for model-based FDD 

Model Type Accuracy Computationally cheap 

Detailed Suitable Unsuitable 

Non-detailed Unsuitable Suitable 
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In both approaches, there must exist a compromise between accuracy and 

complexity reflected in computational cost and calibration efforts. The advantage of 

improving non-detailed models is that both the development and the usage of the 

models do not require an understanding of the mathematics behind the theoretical 

assumptions but the physical principles in which they are based on. In order to 

understand this approach, the next section provides an overview of the most 

common modelling approaches. 

2.5 MODELLING -AND CALIBRATION- APPROACHES 

Since the adopted modelling approach intrinsically determines the calibration 

methodology to be used, it is important to understand the differences between the 

approaches used for HVAC system and AHU modelling, i.e. white, black and grey 

box approaches (Figure 2-7). 

2.5.1 White box models 

These are based on mathematical equations derived from physical and chemical laws 

of conservation, i.e. mass and energy balance. This approach is widely used for 

HVAC and AHU modelling mainly because the equations that represent the 

 

Figure 2-7. White, black and box approaches (Amara et al., 2015) 
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relationship between inputs and outputs can be used to directly understand the 

indoor conditions. 

White box models of HVAC systems usually result in dynamic, nonlinear and high 

order models. As (Yu et al., 2002) suggests, the complexity of the model can be 

alleviated by dividing the whole system model into sub-models, typically attending 

the real system configuration. The sub-model processes are linked to fluid flow and 

heat/mass flow transfer between interfacing sub-models, which can be ruled by mass 

and energy conservation principles (Homod, 2013). These models and sub-models 

typically are developed as differential equations (Bourdouxhe et al., 1998), however, 

they can be readily transformed to state space representation (Herzog et al., 2013) or 

transfer functions (Tashtoush et al., 2005) in case the calibration procedure is to be 

performed after the transformation. 

An example of white box modelling is the article from (Lemort et al., 2008). They 

model the heat exchangers based on the conservation of energy and applied thermal 

balance equations. For instance, the heating coil is characterised as a SISO7 model as 

it assumes that the temperature of the outgoing air is equal to the surface 

temperature of the heat exchanger and the humidity rate remains constant. However, 

for the cooling coil, condensation is considered, resulting in a MIMO8 model that 

considers mass flow rate, humidity and temperature of the air as non-constant 

variables. 

Based on first principles, (Tashtoush et al., 2005) present a complete set of models of 

the components typically found in an AHU. The authors describe a methodology for 

deriving a dynamic model of an AHU that consists of a zone, heating coil, cooling 

and dehumidifying coil, humidifier, ductwork, fan, and mixing box. Particularly, the 

article is focused on the control strategies applied to reduce the energy use and 

improve the quality of the indoor environment. The resulting models prove to be 

especially useful for studying control strategies that require knowledge of the 

dynamics of the unit. 

 

7 SISO: single-input and single-output. 
8 MIMO: multiple-input and multiple-output 
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An important source of information for HVAC system modelling is the user’s guide 

of HVACSIM+ (Clark, 1985). It contains several models of HVAC components 

found in the primary and the secondary systems. Most of them are white models 

based on mathematical equations derived from empirical models and first principles. 

For the case of AHU, a rich set of models can be used for each component, finding 

detailed and non-detailed models as well as dynamic and steady-state models. 

2.5.2 Black box models 

The main idea of this approach is to fit a transfer function to a given input/output 

dataset of a real system, i.e. data from the real system containing input/output 

samples is used to find the parameters that describe the model behaviour. Since this 

model is defined in terms of its inputs and outputs, knowledge about its internal 

operation is not required and, consequently, its parameters do not have any physical 

meaning. The mathematical representations of this type of models include statistical 

models e.g. single and multivariate regression, autoregressive exogenous (ARX), 

autoregressive moving average exogenous (ARMAX), ARIMA, finite impulse 

response (FIR), Box Jenkins (BJ), and output error (OE) models; and machine 

learning models (Lu, 2002; Wang et al., 2007; Chow et al., 1997; Lam et al., 1997) 

such as fuzzy logic models, data mining algorithms, artificial neural network (ANN), 

Chi-squared automatic interaction detector (CHAID), classification and regression 

tree (CART), and support vector machine (SVM). See Table 2-5 for some 

representative examples of black box modelling. 

Usually, HVAC systems are difficult to model following the white box approach due 

to their complex nature and the detailed information required from the real system 

that commonly is not available. For these cases, the black box is the simplest solution 

if operational data is available, however, black-box models must be recalibrated when 

working conditions change in the real system. Furthermore, outside the range of the 

calibration data, the prediction capability of black box models is usually poor. Hence, 

even if the calibration data must not be detailed, it has to contain representative 

samples of the real system operation (Homod, 2013). 
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2.5.3 Grey box models 

Grey box models are in between white and black box models (see Figure 2-7). The 

grey box approach uses physics models to determine partially or totally the structure 

of the model and makes use of measured data and statistical analysis to estimate part 

or all of the parameters that define the model. Thus, this approach requires a 

considerable level of expertise in physical modelling and in parameter estimation 

techniques. However, grey box models have great potential for control and FDD as 

they offer a good balance between accuracy and computational cost (Cervantes, 

2006). 

When knowledge about the physical processes of the HVAC system is completely 

available, grey box models are generated using first principle equations, then 

advanced parameter estimation techniques complete the model characterisation by 

estimating the model parameters (Figure 2-8.a). An example of this methodology is 

Table 2-5. Black box approaches 

Reference Modelled Methodology 
Statistical models 
(Mustafaraj et al., 2011) The thermal behaviour of 

an open office in a 
modern building 

ARX model and neural network 
based nonlinear autoregressive 
model with external inputs 
(NNARX) 

(Penya et al., 2011) Load forecasting in air-
conditioned non-
residential buildings 

The ARX model, ARIMA 
model, Bayesian networks and 
ANN 

(Barbosa & Mendes, 
2008) 

Whole-building 
hygrothermal model 
(including HVAC system) 

Time series regression of the 
internal and external variables 

(Yiu & Wang, 2007) MIMO model for AHU ARX and ARMAX structures 
(Elmahdy & Biggs, 
1979) 

Finned tube heat 
exchanger 

Multiple linear regression using 
real heat transfer data 

Machine learning 
(Pal & Mudi, 2008) Control system for AHU Adaptive neuro-fuzzy method 
(Chen et al., 2006) Thermal comfort Fuzzy adaptive network (FAN) 
(Kusiak et al., 2010) Building energy load Comparison using CART, 

CHAID, SVN and ANN 
(Chen et al., 2011) Ground-source heat 

pump 
Backpropagation algorithm of 
multiple-layers network 

(Lixing et al., 2010) HVAC cooling load SVR and ant colony algorithm 
(ACO) 

(Tang, 2010) Energy usage of AHU ANN with a clustering 
algorithm for the input space 
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(Braun et al., 1989) that presents effective models for cooling towers and cooling 

coils introducing the concept of air saturation specific heat. Based on the same idea, 

(Wang et al., 2004) present the development of a simple hybrid (grey box) model for 

predicting the performance of chilled water cooling coils or exchangers in a steady-

state. In (Andersen et al., 2000), the authors model a residential building and its 

HVAC system using this approach, they use statistical methods for estimating the 

parameters and validating the model, while physical knowledge is used to define the 

model structure. 

In cases where the physical processes are not clearly described, white box models 

may be combined with black box models to define the structure of the whole model. 

Models resulting from such combination are called grey box models. The idea is to 

start with a first principle-based model that does not completely represent the real 

system. Then a black box model is added to modify a particular set of parameters or 

variables to improve the performance of the entire model. Figure 2-8.b shows the 

scheme of the approach when modifying the input of the system model. 

(Leephakpreeda, 2008) applies this concept to efficiently determine the indoor 

comfort temperature for HVAC systems under dynamical environments. A 

combination of detailed building energy simulation (BES) models with real enegery 

usage data used to train an artificial neural network is presented in (Sterling et al., 

 

Figure 2-8. Grey box approach: a) the white box model completely represents the system; b) a 

black box model is added to complete the system representation. 
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2014a). Authors conclude that the approach has the advantage of being able to 

extract relevant information from the BES model while at the same time producing 

an accurate model with a clear applicative view. A similar methodology is followed in 

(Sterling et al., 2012) in order to improve the control strategy of the HVAC system in 

a swimming pool facility. 

In (Bradford et al., 2000), the authors present a component-based modelling 

algorithm able to predict the operation of individual HVAC components (including 

chillers, cooling towers or air-cooled condensers, constant or variable flow water 

systems, and constant or variable flow air-handling units) using a blend of empirical 

and physical models. Efforts were taken to identify the minimum amount of 

historical data needed to calibrate the model to provide an accurate prediction of 

system performance. The calibrated component-based model is a supporting tool for 

activities such as scenario testing, fault detection and diagnostics, and optimal 

supervisory control. The article discusses the models, model performance observed 

during use on actual buildings, the data requirements for calibration, and the uses and 

benefits of such a tool. They propose to use the models as a supporting tool for 

FDD systems based on the idea that such systems normally include two independent 

modules. In the first one, the data from the system is pre-processed to provide 

expected values that would indicate non-faulty conditions. The pre-processed data is 

then passed to the second module where actual values are compared to expected 

values and detection and diagnosis is performed. The component-based model 

provides several outputs that can be compared to actual values in an FDD system. 

2.6 AUTOMATED CALIBRATION 

Using calibrated simulation models for supporting energy calculation in buildings is 

not a new practice and have been employed for many years. By the early 1960s, 

HVAC companies calculated dynamic heat transfer in buildings manually, however, 

at the end of this decade the first computer program to predict thermal performance 

in buildings, the National Bureau of Standards Load Determination (NBSLD), was 

available (National Institute of Standards and Technology, 1974). As (Ayres & 

Stamper, 1995) explain, during the 1970s two of the most important building 

simulation programs -currently in use- were developed, named DOE2 (Hirsch, 2012) 
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and TRNSYS (Thermal Energy System Specialists LLC, 2016). Also, in this decade 

the building simulation research community grew considerably and started to put a 

notable effort in reconciling simulation results to measured data, defining the origins 

of the calibration for building simulation models using real data (IBPSA-USA, 2012; 

Coakley et al., 2014).  

From that moment, a number of researchers have investigated the calibration 

process for building and HVAC system models (Liu & Liu, 2011; Chow et al., 1997; 

Clarke et al., 1993; Bou-Saada, 1994; Soebarto, 1997; Subbarao, 1988; Coakley, 2013). 

In his doctoral thesis, (Cervantes, 2006) describes this process as an “art form that 

inevitably relies on user knowledge, statistical expertise, engineering judgment, and 

plenty of trial and error analysis”. It means, that more than three decades have passed 

and no generic (and systematic) calibration methodology for HVAC models has been 

developed. 

A general modelling and calibration procedure proposed by (Yu et al., 2002) tries to 

provide the modeller with a methodology with which suitable models for FDD in 

HVAC systems can be generated (Figure 2-9). This methodology comprises three key 

steps. Firstly, there is the hierarchical modelling step that, based on the object-

oriented modelling approach, divides the whole building model into three 

hierarchical levels: global building models, domain (rooms) models and sub-domain 

(components) models. Each of these levels contains several modules that essentially 

 

Figure 2-9. Scheme of general modelling for fault detection and diagnosis (Yu et al., 2002) 
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are sub-system models. Secondly, the parameterization step that consists in choosing 

the appropriate parameters to characterise the system for FDD application. Finally, 

the tuning step involves the calibration/tuning process of the models using data 

from the BMS following the hierarchical procedure. 

Two of the most significant documents that may be considered as guidelines for 

building and HVAC model calibration are the ASHRAE Guideline 14 (ASHRAE, 

2002) and the International Performance Measurement and Verification Protocol 

(U.S. Department of Energy, 2002). Though they try to fill a need for a standardised 

set of energy (and demand) savings calculation procedures, they do not offer a 

proper systematic calibration guidance for the practitioners, either qualitative or 

quantitative. 

Although there is not a generic methodology for addressing the calibration problem 

for HVAC system models, there are a number of publications that study systematic 

methods. The advantage of having such methodologies is that, usually, they can be 

expressed as an algorithm, allowing their implementation as a computer program. In 

this way, the calibration process becomes automated.  

A complete and powerful AFDD tool can be developed by combining automated 

model-based fault detection and diagnosis techniques with computational models 

able to perform model calibration automatically, thus virtually removing the necessity 

of human intervention in the process of diagnosis in HVAC system in buildings. 

While there are some good reviews about building energy model calibration (see 

(Fabrizio & Monetti, 2015; Coakley et al., 2014; Pérez-Lombard et al., 2008)), no 

comprehensive review article for HVAC system model calibration was found. Hence, 

the following pages summarise the major developments related to automated 

calibration of building’s HVAC system simulation models over the recent years. 

2.6.1 Optimisation-based methods 

Typically, optimisation techniques are used during the system’s design phase to find a 

set of characteristics that minimise cost and maximise performance attending some 

intrinsic limitations. However, optimisation methods may be used for other than 

minimising or maximising, for instance, they provide a mean to meet a set of targeted 
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(expected) values. In fact, this is the goal of the calibration process, to find the values 

of the model parameters that make the model outputs match to measured data. 

Based on this idea, (Cacabelos et al., 2015) propose and validate a calibration 

methodology using project data and different components and subroutines from the 

simulation environment TRNSYS in combination with the optimisation tool 

GenOpt (Wetter, 2001). They use GenOpt to calibrate the simulation model by 

means of an iterative process where the value of infiltrations is varied between 

acceptable levels up to the root mean square error of the energy use is within the 

permissible range (ASHRAE, 2002). 

Another approach, mainly focused on the control system, is proposed by (Wemhoff, 

2012). The author provides a methodology to tune the parameters that define the 

proportional-integral-derivative controller found in HVAC systems for both energy 

saving and improving the comfort conditions. He discusses a simple calibration 

methodology that performs successive optimisation over the set of proportional, 

integral, and derivative coefficients, reducing the energy use of the system. However, 

the methodology is highly dependent upon the type of system (e.g. highly dynamic 

versus minimally dynamic), concluding that more work is required to automatically 

classify the system.  

Using a nonlinear least squares optimisation technique, the calibration of the whole 

HVAC system found in an Archetype Sustainable House of the Toronto and Region 

Conservation Authority (TRCA-ASH) located in Vaughan, Ontario, Canada was 

carried out by (Afram & Janabi-Sharifi, 2015). The researchers divide the system into 

subsystems such as energy recovery ventilator, air handling unit, buffer tank, radiant 

floor heating system, ground source heat pump and zone whose models can be 

calibrated separately and combined to obtain the model of the full system. Another 

component-oriented method is presented in (Vakiloroaya et al., 2014). They work 

just on one HVAC system component, a finned-tube condenser coil. In this study, 

the frontal area of the condenser coil is maintained as a constant, while other 

geometrical parameters of the thermal and economic performance of the system are 

varied and investigated. The authors developed a mixed heuristic–deterministic 

optimisation algorithm, implemented on TRNSYS, to determine the synthesis and 

design variables that influence the cost and energy efficiency of each configuration. 
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The mathematical models of two commonly used expansion valves in HVAC 

systems, the electronic expansion valve and the thermostatic expansion valve, are 

presented and analysed in (Hariharan & Rasmussen, 2010). Both static and dynamic 

nonlinear models are addressed in the article. They use two optimisation algorithms, 

nonlinear least squares-based optimisation and Simplex search, in order to estimate 

the parameters. The data was collected using a limited number of sensors that 

includes non-expensive mass flow meters, proving the capability of the proposed 

methods to identify critical model parameters of HVAC models when available data 

is limited. 

2.6.2 Bayesian calibration approach 

From a deterministic point of view, the evaluation of a calibration process is carried 

out by specifying the parameters that define the model, performing the simulations, 

and comparing proprieties of the simulated data with their measured counterparts. 

This approach has been widely used for computer model calibration, yet, it is not 

easily scalable, and the calibrated models are able to reproduce the real system only in 

a restricted set of scenarios. According to (Dejong et al., 1996), in addition to the 

lacking of generalisability, “a shortcoming of these exercises (methods) is that they 

do not involve realistic specifications of uncertainty regarding the parameterization 

of the model in question”. Bayesian calibration methods can be applied to naturally 

incorporate these uncertainties in the calibration process, including the remaining 

uncertainty over the fitted parameters (Coakley, 2013; Kennedy & O’Hagan, 2001), 

improving notoriously the scalability of the resulting calibrated model. 

An illustration of Bayesian calibration is given by (Li et al., 2015). The authors 

propose a lightweight Bayesian calibration of dynamic models that accounts for 

model parameter uncertainties. Initially, a regression model is built to represent the 

dynamic model using parameter screening and multiple linear regression. Given this 

regression model and prior probability distributions of its input parameters, a 

Bayesian calibration method is developed to provide the posterior distributions. The 

proposed methodology may be applied to most building operation and retrofit 

analysis when only utility bills are available, but additional measurements can also be 

considered to incorporate more valuable information. However, this method highly 
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relies on the experience of the modeller while facilitating the input-tuning automated 

process. 

In his doctoral thesis, (Yan, 2013) develops a calibration methodology for HVAC 

system models based on Gaussian Process regression and using information from 

commissioning projects of twenty buildings in the University of Pennsylvania. The 

calibrated models are used to predict building cooling and heating usage and to 

evaluate the impact of parametric variability of system control related variables. In 

addition, in (Yan & Malkawi, 2013), the authors conclude that this methodology can 

be further extended to support advanced FDD tools since Gaussian Processes not 

only give predictive means but also a measure of confidence in predictions, which 

provides extra information for decision-making applications such as FDD. 

2.6.3 System simplification and meta-modelling 

A building’s energy use depends on many factors, such as building characteristics, 

occupancy and operational schedules, type and configuration of HVAC system and 

other aspects. This means that a building detailed model will be defined by a 

considerable number of parameters, which may represent a shortcoming. Though 

results from detailed models may be more accurate, the parameter estimation must 

be accurate as well, otherwise, the (estimated) outputs would not match the expected 

values. This issue is addressed by system simplification. In a simplified model, the 

influence of each parameter on the model outputs can be measured with relative 

ease. Consequently, modellers are able to easily adjust (and readjust) those 

parameters based on the fundamental system characteristics and physical laws, (Liu et 

al., 2004). 

Another issue that a modeller has to deal with when calibrating detailed models is the 

excessive amount of computational resources required if optimisation or Bayesian 

approaches are applied. This problem is caused by the high number of parameters 

involved in the iterative processes of finding a minimum (or maximum) and studying 

the stochastic effect of each parameter. Furthermore, if the amount of measured data 

is not enough, different system configurations can be found, leading to a suboptimal 

“solution” in many cases (Coakley et al., 2014). 
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One form of system simplification is the meta-modelling approach. A meta-model is 

typically defined as a model of another model. Therefore, meta-modelling could be 

used to simplify a complex model to make it more computationally operable. 

Following this idea, (Eisenhower et al., 2012) propose a methodology able to 

perform sensitivity and uncertainty analysis of a model defined by about 1000 

parameters, which is a huge number when compared with the previous research 

works in the field (accordingly to the article, tens of parameters). They “extend 

traditional sensitivity analysis in order to decompose the pathway as uncertainty 

flows through the dynamics, which identifies which internal or intermediate 

processes transmit the most uncertainty to the final output”. The methodology starts 

by discretising the parameter space, assuming an exponential distribution and using a 

Monte-Carlo based technique (Macdonald, 2002). Then, about 3000 simulations are 

performed using every possible point found in the discretised space. Finally, a 

response surface model (the meta-model) is fitted to the simulated data, resulting in a 

calibrated model that is computationally cheaper than the original one. 

Also, model simplification can be performed by generating clusters of similar sub-

models and dealing just with the reduced number of clusters. An implementation of 

this idea is found in (Liu et al., 1998). Based on graphic signatures, (Wei et al., 1998) 

present a calibration method for AHU models using whole building cooling and 

heating energy usage data. The authors consider that buildings may usually be treated 

as two zones: interior and exterior zones. This is based on results obtained from 

more than five years of simulation data using a building simulation program that 

includes this simplification (Liu, 1997). More recently, and applying the same 

clustering idea, (Liu et al., 2004) introduce the concept of “system consolidation” in order 

to group similar AHUs and simplify, even more, a building model. The AHU 

consolidation aims at effectively simulating several or all AHUs as a single larger 

AHU. For that, they establish four rules: “(1) the consolidated AHUs should be the 

same type; (2) the consolidated AHUs should serve similar zones; (3) the AHUs 

should have similar minimum outside air intake ratios and the same outside air 

control; and (4) the zones served by the AHUs must have similar occupancies, 

similar peak loads and similar load profiles”. Finally, the authors conclude that the 

proposed methodology not only reduces the computational resources required for 

whole building simulations but provides insights about faults present in the AHUs. 
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2.6.4 Regression analysis 

System parameter estimation is about building mathematical models of dynamical 

systems using measured input-output data. In statistics, this process is known as 

regression and there are two main subdivisions of regression problems: parametric 

and nonparametric. In parametric regression, the fundamental structure of the model 

is known while the defining parameters values are unknown but capable of being 

estimated from the input-output dataset. Typically, the parameters and variables have 

meaningful interpretation -physical meaning- in any given parametric problem. The 

distinguishing characteristic of nonparametric regression is that there is no or very 

little a priori knowledge about the form of the real system model. Normally, this 

implies the use of many free parameters that have no physical meaning in relation to 

the real system, and consequently, it requires larger sample sizes than parametric 

regression as the data must supply enough information for estimating the model 

structure as well (Orr, 1996). 

In (Scotton, 2012), the parametric approach is used in order to identify HVAC 

models that will be employed by intelligent control algorithms which guarantee 

human comfort indoors, energy saving and less CO2 emissions at the same time. 

Three mathematical models, based on first principle physical laws, are proposed for 

CO2 concentration, temperature and humidity, for a room in a teaching building at 

KTH Royal Institute of Technology in Stockholm, Sweden. Scotton uses the 

prediction error method (Ljung, 2001) to estimate the unknown parameters as the 

models are ARMAX systems of some order. 

(Rana et al., 2015) propose a novel method of occupancy estimation for HVAC 

system control making use of a nonparametric model. Their approach is based on 

learning the functional relationship between information collected from the 

occupants’ phones (from microphones and accelerometers) and occupancy. To learn 

this relationship, they use a support vector regression model with radial basis 

function kernel. The authors perform experiments with real subjects achieving 

acceptable (more than 90%) accuracy in the experimental results. 

If a model has parametric and nonparametric components, it is called semiparametric 

model. For instance, (Aswani et al., 2012) proposed a parameter estimation method 
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for HVAC system models taking advance of the properties that this type of model 

offers. The proposed methodology allows for the estimation of the heating load from 

occupancy, equipment, and solar heating using only temperature measurements. 

More specifically, the authors do not model heating directly from parameters such as 

solar effects, equipment, or occupants; they assure it is not restrictive because the 

proposed framework may be extended to the case in which these are modelled. The 

benefit of not modelling these effects is a simplification of the dynamics of the 

system from which they define the control strategy. Hence, they do not need to 

explicitly model the heating load effects; rather those effects have a non-parametric 

representation. In contrast, the physical effects comprise the parametric portion of 

the model. They conclude that the major advantage of using the proposed 

semiparametric models for HVAC modelling is the fact that the heating load can be 

estimated from only temperature measurements, which are already available from 

thermostats. 

2.6.5 Artificial neural networks and other machine learning techniques 

From the standpoint of machine learning, artificial neural networks are a set of 

algorithms and models inspired in natural neural networks and are used to estimate 

or represent real systems that may depend on a large number of parameters and 

generally have unknown structure. An example of this approach is the study carried 

out by (Teeter & Chow, 1998). This article describes a conventional and reduced-

ordered functional link neural network approach to perform the HVAC thermal 

dynamic system identification. The authors use real data to generate a calibrated 

model that emulates the real system (including the dynamics) and is part of an 

intelligent controller coupled to the real system. They conclude that the use of neural 

networks for identification and control provides a means of adapting a controller on-

line to minimise a given cost index (associated with the performance of the system). 

In addition, they agree that the proposed model demonstrates the ability to learn 

changes in the system dynamics and to accurately predict future behaviour. 

A dynamic artificial neural network is used for modelling, calibration and 

optimisation of HVAC systems in (Kusiak & Xu, 2012). One of the challenges when 

using neural networks is the determination of the parameters that will be included in 

the model, i.e. the elimination of parameters with less importance to the model to 
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enhance comprehensibility, scalability, and often the accuracy of the resulting 

models. They tackle this issue by combining correlation analysis with the boosting 

tree algorithm. Once the relevant parameters are selected, a multi-layer perceptron 

ensemble algorithm is used to build the calibrated predictive models as, according to 

the authors, “it outperforms other algorithms including the chi-squared automatic 

interaction detector, classification and regression tree algorithm, support vector 

machine, multi-layer perception, boosting tree, random forest, and multivariate 

adaptive regression spline algorithms”. Finally, the control optimisation process is 

performed to reduce the system energy use, reaching around 30% of energy saving. 

(Jahedi & Ardehali, 2012) apply wavelet-based artificial neural network for energy 

efficiency enhancement of HVAC systems. In this article, the application of classical 

controllers is considered as an unsatisfactory practice for HVAC systems, since such 

systems are non-linear and the control variables such as temperature and relative 

humidity of the zone are coupled. That is why, the authors focused on developing, 

calibrating and simulating a wavelet-based artificial neural network for self-tuning of 

a proportional-derivative controller for a decoupled HVAC system model with 

variable air volume and variable water flow responsible for controlling temperature 

and humidity of a zone, where thermal comfort and energy use of the system are 

evaluated. They conclude that decoupling control law works satisfactorily and, as a 

result, the performance of the decoupled HVAC system is enhanced, while 

improving occupant thermal comfort (quantified by a cost function). In addition, the 

enhancement in the energy efficiency of the HVAC system is accomplished due to 

substantially lower use of energy during the transient operation. 

For years, artificial neural networks have proven to be a powerful tool for modelling 

in many research areas including energy efficiency in HVAC systems. Despite many 

advantages, “classical” neural networks still have some weaknesses, like local minima 

solution and the issue of defining the network structure when hidden layers are 

required. Another machine learning technique called support vector machine 

(originally support vector network) (Cortes & Vapnik, 1995), overcomes those 

disadvantages. The technique was developed initially to solve the classification 

problem, but it has been used, more recently, for regression and density estimation 

problem. In (Kumar & Kar, 2009), a sophisticated form of the technique, called least 
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square support vector machine, is used to perform non-linear HVAC model 

computations. The researchers successfully predict the predicted mean vote index 

and the psychrometric variables, parameters widely used in HVAC applications. 

Finally, they conclude that the proposed models are more or equally robust than 

conventional models, but computations are performed much faster with the former. 

In (He et al., 2014), another machine learning approach is employed to construct and 

calibrate an HVAC system model using data collected by the BMS of a commercial 

building. Three computational intelligence algorithms are applied to solve (calibrate) 

a non-parametric model, a multi-layer perceptron neural network that emulates the 

HVAC and the control systems. The three chosen algorithms were: the evolutionary 

algorithm, particle swarm optimisation, and harmony search. Both the harmony 

search algorithm and particle swarm optimisation were found to be particularly 

suitable for on-line optimisation because of their computational speed and quality of 

solutions. The authors conclude that energy savings may be achieved by optimising 

the settings for the supply air pressure and the discharged air temperature set points. 

2.7 SUMMARY 

In this chapter, a review of key research works was presented in order to understand 

the role of this thesis and how it fits into the global panorama of energy efficiency in 

buildings. Three questions were placed: what problem this thesis is tackling, why 

should this problem be solved and how may the problem be addressed. 

2.7.1 Why  

Section 2.1 illustrates the importance of continuous commissioning (CC) as the 

correct implementation of CC provides considerable benefits as operating cost, 

energy use and environmental impact can be reduced without losing thermal comfort 

in buildings. In addition, this section shows that CC will be present in the energy 

efficiency community in the coming years since (i) international energy agencies and 

other worldwide organizations are promoting CC as part of the solution to the global 

problem of energy used in buildings, and (ii) a considerable amount of money has 

been and will be invested in the development of new CC solutions and the 

improvement of the existing tools. 
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Section 2.2 goes more into detail about one of the essential parts of the 

implementation of CC solutions: the fault detection and diagnosis (FDD) presenting 

the following aspects: 

 FDD tools can save a substantial amount of energy in buildings when they 

are integrated with new or existing building management systems; 

 Air handling units are the best target for FDD implementation as they 

represent the biggest profile of energy waste in buildings; 

 Automation of FDD solutions reduced implementation cost and improve the 

scalability of the system. 

2.7.2 What 

In section 2.3, an overview of the most common FDD approaches is presented, 

emphasising that model-based methods provide a deeper representation of the real 

system -compared with the other methods- and usually ease the fault diagnosis 

process. However, models used in this approach require high accuracy and usually 

should be computationally cheap. This issue is discussed in section 2.4 introducing 

the accuracy/calibration problem for HVAC systems and AHU models. 

2.7.3 How 

Once the necessity of accurate and computationally cheap models was presented, 

section 2.5 offers a review of the modelling approaches in order to understand and 

evaluate the different options that a modeller may have when developing HVAC 

system models. The following statements summarise this section: 

 If only the system design information is available, white box models will be 

the best solution; 

 If no information about the real system is available but measured data can be 

obtained from the building management system, black box models offer the 

best performance; 

 Grey box models usually are more useful than white and black box models 

because they provide insights about the real system configuration and can be 

accurate. However, they need both measured data and a priori knowledge of 

the real system; 
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 Either black or grey box approaches allow the use of statistical analysis to 

calibrate the models. Consequently, systematic calibration methodologies can 

be applied. 

Finally, section 2.6 describes the most relevant research works related to automated 

calibration of HVAC system models. This section presents the possible alternatives 

that are being investigated to solve the issue of calibrating HVAC system models, 

proving again that an important part of the research community is putting 

considerable efforts into the problem being addressed in this thesis. 

2.7.4 Proposed approach 

Based on the review of existing scientific literature on HVAC model calibration as 

well as numerous case studies, an approach has been developed which aims to 

formalise a systematic methodology that tackles the accuracy/complexity problem. 

The proposed calibration methodology incorporates a number of the more effective 

techniques highlighted in the literature review (see Figure 2-10).The methodology is 

meant to be used for automated calibration intended for supporting the 

methodical development of an automated model-based FDD framework for 

air handling units.  

In terms of AHU characterisation techniques, the adoption of the grey box approach 

was deemed to be very important. A number of studies have illustrated that this not 

only provides the resulting models with a greater degree of accuracy, but also reduces 

 

Figure 2-10. Overview of the adopted approach 
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the amount of calculation resources required for calibration. In this thesis, the grey box 

is a combination of a first principle-based (FP) model and an artificial neural network 

(ANN). The FP model allows to consistently use data typically provided by the 

manufacturers of AHU components to carry out a pre-calibration process. The pre-

calibrated model together with the ANN constituted a model that can be finely 

calibrated and does not required significant amount of computational resources during 

the calibration process. Furthermore, the robustness of the calibration is clearly increased 

as it is focused on the ANN which is one of the most studied and used models within 

the machine learning field. 

The use of ANN for AHU is not new. However, this research work introduces an 

ANN derived from a physics model of hysteresis, making the resulting grey box 

model both physically meaningful and machine learning calibratable. This is 

especially useful for model-based applications such as FDD, where the supporting 

models must provide insight into the observed system. In addition, machine learning 

techniques enable easy automation of the calibration and re-calibration at real-time 

required in HVAC FDD for continuous commissioning in buildings. 

To summaries, this thesis presents a novel methodology (presented in Chapter 3 

Methodology) that addresses the accuracy/calibration problem for HVAC system 

models by adopting the approach of improving non-detailed models (Figure 2-10). 

Simple models based on first principles are combined with sophisticated artificial 

neural networks, resulting in a set of grey-box models that can be finely calibrated 

based on advanced statistical and machine learning techniques using information 

from manufacturer technical datasheet and real data. 
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3 CHAPTER 3 METHODOLOGY 

This chapter describes an automated calibration methodology that supports the 

systematic development of an automated model-based fault detection and diagnosis 

(FDD) framework for air handling units (AHU). Usually, the development of an 

automated FDD tool comprises three basic steps as shown in Figure 3-1. First, the 

development of the underlying models is carried out. In this thesis, the model 

development was performed at component level, and based on first principles. 

Consequently, models of individual components (typically found in air handling 

units) were developed based on energy and mass balance equations representing the 

energy interaction between different mediums (mainly water and air). The model 

development is underpinned by a necessary compromise between simplicity and 

accuracy with reduced computational effort and the possibility to have sub-hourly 

simulations down to the minute. To fulfil these requirements, Dymola/Modelica was 

chosen as the technology framework to develop the mentioned models. Even though 

Modelica is not specially developed for AHU system simulations, many energy 

efficiency research groups use the language and several libraries for building 

components including the heating, ventilation and air conditioning (HVAC) 

equipment have been developed recently (Burhenne et al., 2013). In fact, 

international entities, such as the International Energy Agency (IEA) and the 

International Building Performance Simulation Association (IBPSA), have put a 

significant effort to situate Modelica as the standard modelling language due to the 

flexibility and the multi-domain features the language offers. Consequently, among all 

the available technology frameworks, Dymola/Modelica seems to be the best option 
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to allow this thesis to be a direct contribution to the scientific community related to 

the topic of this thesis. 

The second step is the model calibration, performed to achieve the model accuracy 

required in model-based FDD applications. The goal is that the developed models 

can represent accurately the real system’s behaviour in terms of the medium state 

variables, including but not restricted to mass flow rate, temperature and humidity. 

The importance of this accuracy resides in the application for which the models are 

designed: model-based fault detection and diagnosis applied to mechanical/efficiency 

failures. These models should support not only fault detection but also fault isolation 

and diagnosis all in (near) real-time, which requires the models to be not only 

accurate but computationally efficient. To properly diagnose faulty behaviour, 

according to the model-based methodology, the developed models must represent 

accurately the free-fault (nominal, ideal) behaviour of the system and its physical 

components, so that differences between the real system and the calibrated models 

can be detected and isolated at component-level. Once this isolation has taken place, 

the component models can be used to diagnose the root of the system fault, which is 

the third step in Figure 3-1. 

In the context of automated fault detection and diagnosis applications, current 

calibration approaches for air handling unit models are not accurate enough, demand 

too much time and computational resources, or/and require human intervention. A 

 

Figure 3-1. AFDD methodology overview 
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technology framework and a systematic, and easy to automate, methodology that 

requires a minimum data-set and produces an effective compromise between 

accuracy and efficiency is needed. To fulfil this need, this chapter presents a novel 

calibration methodology of AHU component models and the theoretical basis on 

which it is based. 

Figure 3-2 depicts the roadmap of the proposed methodology. The figure will be 

used along this chapter to put the key subsections in context. The four main aspects 

are presented, namely model formulation, data collection, Modelica development, 

and Python development. Model formulation refers to the theoretical formulation of 

all models required to implement the proposed methodology. Data collection 

contains all the activities related to the data gathering, including the data required to 

set up the formulated models as well as the data needed for further developments. 

Finally, Modelica and Python developments comprise the actions to be taken in 

order to realise the proposed methodology.  

 

Figure 3-2. Roadmap of the proposed calibration methodology 
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3.1 AHU FIRST PRINCIPLE MODELS  

Normally, an air handling unit is a mode-switching hybrid system. This means that it 

is a system that operates in multiple operation modes depending on the prevailing 

external environmental conditions and the requirements of the zone being served by 

the unit at any given time. During these operation modes, the control system, 

typically embedded in the BMS, handles each component of the AHU to satisfy the 

required conditions in the zone (usually thermal comfort conditions) at the given 

environmental conditions. 

A typical AHU is comprised of a combination of the following components: heat 

and mass exchangers (cooling/heating coils, heat recoveries, mixing boxes, 

(de)humidifiers, etc.), flow movers, filters, ducting, sensors and controllers. This 

thesis is centred on the heat and mass exchangers since they are among the major 

energy consumers in a building thus their malfunctioning may cause significant 

energy waste. 

In this thesis, the following is assumed: 

 Filters have negligible effects on air temperature and humidity;  

 Fans cause fixed increments in the air temperature and have no effect on the 

air moisture content (humidity ratio); 

 No operational fault related to the sensors and control systems is occurring. 
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Figure 3-3 shows a schematic of a real AHU (the case study of this thesis). This unit 

comprises the following heat and mass exchange components: 

 Mixing box (MB): serves to recover heat from exhaust air by mixing a 

fraction of it with fresh air from outside (sensible and latent heat exchanger);  

 Heating coil (HC): is used to control temperature by heating the air (sensible 

heat exchanger); 

 Cooling coil (CC): is used to control both temperature and humidity 

(dehumidifying mode) by cooling the air (sensible and latent heat exchanger); 

 Humidifier (H): serves to control humidity by adding water vapour to the air 

(sensible and latent heat exchanger). 

It is worth noting that even though this research work deals with a specific AHU, 

several AHU configurations can be found in the market. Nevertheless, this chapter 

shows that the proposed methodology may be easily adapted to other configurations. 

 

 

 

Figure 3-3. Schematic of the case study 
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The major contribution of this thesis is related to the second step in Figure 3-1, the 

calibration process. However, the first principle-based models were developed to 

produce a complete tool that, based on the proposed calibration methodology, 

automatically generates AHU calibrated models suitable for model-based FDD 

applications. Consequently, a Modelica library containing the models of the 

components most commonly found in an AHU was implemented. The following 

sub-sections describe the physics behind the models implemented in Modelica. 

3.1.1 Mixing box  

The model is represented by equations describing the mixing of air streams under 

steady and adiabatic conditions. It is based on the model presented by (Tashtoush et 

al., 2005) which assumes that no frictional losses occur across the converging section. 

Figure 3-4 shows the input and output variables of the proposed model with the 

nomenclature used in the equations. 

 

 

Figure 3-4. Mixing box model and nomenclature 
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The modelling equations are as follow: 

 𝑚𝑓𝑙𝑜𝑤 , = 𝑚𝑓𝑙𝑜𝑤 , + (1 − 𝐷𝑎𝑚𝑝𝑃𝑜𝑠) × 𝑚𝑓𝑙𝑜𝑤 ,  ( 1 )

 𝑚𝑓𝑙𝑜𝑤 , + 𝑚𝑓𝑙𝑜𝑤 , = 𝑚𝑓𝑙𝑜𝑤 , + 𝑚𝑓𝑙𝑜𝑤 ,  ( 2 )

 𝑇 , × 𝑚𝑓𝑙𝑜𝑤 , = 𝑇 , × 𝑚𝑓𝑙𝑜𝑤 , + 𝑇 , × (1 − 𝐷𝑎𝑚𝑝𝑃𝑜𝑠) × 𝑚𝑓𝑙𝑜𝑤 ,  ( 3 )

 𝑇 , = 𝑇 ,  ( 4 )

 𝑊 , × 𝑚𝑓𝑙𝑜𝑤 , = 𝑊 , × 𝑚𝑓𝑙𝑜𝑤 , + 𝑊 , × (1 − 𝐷𝑎𝑚𝑝𝑃𝑜𝑠) × 𝑚𝑓𝑙𝑜𝑤 ,  ( 5 )

 𝑊 , = 𝑊 ,  ( 6 )

3.1.2 Heating coil 

In this work, only coils with unmixed water-air configuration are considered. The 

basic model of these coils is depicted in Figure 3-5, along with the input and output 

variables that define the model equations.  

 

 

Figure 3-5. Heat exchanger coil model and nomenclature 
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This model is based on ε – NTU method widely used by ASHRAE and published in 

the heat exchangers section of the heat transfer chapter from the book of 

fundamentals (ASHRAE, 2009). In this method, the heat transfer rate between both 

fluids is driven by the temperature difference between the inlet flows and the 

effectiveness of the heat transfer. The heat exchanger effectiveness (ε) is defined as 

the ratio of the actual heat transfer rate to the maximum possible heat transfer rate if 

there were an infinite surface area (a dimensionless quantity). The effectiveness 

depends upon which fluid is the minimum fluid, i.e. the fluid with the smaller heat 

capacity rate (𝐶 = 𝑚𝑓𝑙𝑜𝑤 × 𝑐𝑝, [W/K]). In consequence, the effectiveness depends 

on the geometry of the heat exchanger, construction materials, mass flow rates of 

passing fluids and coil configuration (counter, cross, parallel flow). The effectiveness 

is given by: 

 𝜀 =
𝐶 × 𝑇 , − 𝑇 ,

𝐶 × 𝑇 , − 𝑇 ,

 ( 7 )

where the subscripts 𝑖𝑛, 𝑜𝑢𝑡, 𝑚𝑎𝑥 and 𝑚𝑖𝑛 are for input, output, the minimum fluid 

and the maximum fluid (the one that is not the minimum fluid) respectively. 

The heat transfer rate 𝑄 in [W] is now defined by: 

 𝑄 = 𝜀 × 𝐶 × (𝑇 , − 𝑇 , ) ( 8 )

where the subscripts 𝐻 and 𝐶 are for hot and cold fluid respectively. 

By heat conservation principles, the heat transfer rate in the heat exchanger is also 

equal to the heat absorbed or released by one the passing fluids (air or water), which 

is represented by: 

 𝑄 = 𝐶 × (𝑇 , − 𝑇 , ) ( 9 )

 𝑄 = 𝐶 × (𝑇 , − 𝑇 , ) ( 10 )

Output temperatures can be calculated using Equations ( 9 ) and ( 10 ) if 𝑄 is 

obtained from Equation ( 8 ). However, since the state variables (including the 

temperature) of the outlet fluids are unknown, the effectiveness cannot be calculated 

from Equation ( 7 ). 



 

65 
 

Alternatively, expressions that relate the heat exchanger effectiveness to another 

dimensionless parameter, referred to as the number of transfer units (𝑁𝑇𝑈), are 

used. The value of 𝑁𝑇𝑈 are determined by: 

 𝑁𝑇𝑈 =
𝑈 × 𝐴

𝐶
  ( 11 )

where 𝑈 is the overall heat transfer coefficient in [W/(K∙m2)] and Ah is the heat 

transfer area in [m2]. 

In addition, the expressions that relate 𝜀 to 𝑁𝑇𝑈 usually take the form  

 𝜀 = 𝑓(𝑁𝑇𝑈, 𝐶 ) ( 12 )

where 𝐶 = 𝐶 /𝐶  

For this thesis’ implementation, only the most used 𝜀 − 𝑁𝑇𝑈 relationships are 

considered, i.e. Equations( 13 ), ( 14 ) and ( 15 ). Due to their high effectiveness, 

counterflow and crossflow represent the most common pipe-duct with unmixed 

fluid configuration for heat exchanger coils typically found in an air handling unit. To 

make the model generic, parallel flow is included although it is more uncommon. 

Counterflow 

 𝜀 =

⎩
⎨

⎧
1 − 𝐵

1 + 𝐶 × 𝐵
 𝑖𝑓 𝐶 < 1

𝑁𝑇𝑈

1 + 𝑁𝑇𝑈
 𝑖𝑓 𝐶 = 1

 ( 13 )

where 𝐵 = exp (−𝑁𝑇𝑈 × (1 − 𝐶 )) 

Crossflow 

 𝜀 = 1 − exp −𝑁𝑇𝑈 . ×
1 − 𝑒𝑥𝑝(−𝐶 × 𝑁𝑇𝑈 . )

𝐶
 ( 14 )

Parallel flow 

 𝜀 =
1 − 𝐴

1 + 𝐶
 ( 15 )

where 𝐴 = exp[−𝑁𝑇𝑈 ⋅ (1 + 𝐶 )] 
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Since water and air do not mix and no condensation in the air side is assumed, the 

mass flow rate and the humidity ratio do not change from input to output, resulting 

in the following equations: 

 𝑚𝑓𝑙𝑜𝑤 , = 𝑚𝑓𝑙𝑜𝑤 ,  ( 16 )

 𝑚𝑓𝑙𝑜𝑤 , = 𝑚𝑓𝑙𝑜𝑤 ,  ( 17 )

 𝑊 , = 𝑊 ,  ( 18 )

 

NTU calculation 

As mentioned above, the number of transfer units is calculated using Equation ( 11 ). 

However, no method for determining the 𝑈 × 𝐴  factor has been shown. For 

simplicity, this thesis presents a method for the calculation of the thermal resistance, 

𝑅 (Equation ( 19 )) – the inverse of 𝑈 × 𝐴  – instead of working with this factor 

directly. 

 𝑅 =
1

𝑈 × 𝐴
 ( 19 )

(Holmes, 1982) proposed some approximation formulas for the thermal resistance of 

heating and cooling coils. Holmes performed a curve fit of the thermal resistance of 

different coils, considering heating and cooling coils with low, nominal and high 

efficiency. The thermal resistance curve as a function of the face velocity of each 

fluid is described by: 

 𝑅(𝑉 , 𝑉 ) = 𝑎 × 𝑉 + 𝑎 × 𝑉 + 𝑎  ( 20 )

where 𝑎 , 𝑎 , 𝑎  and 𝑏 are the dimensionless constants to be found; and 𝑉 is the 

face velocity of the subscripted fluid (1: air and 2: water). 

Typical values for the curve constants (when using the International System of Units) 

are shown in Table 3-1. 
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Usually, the face velocity of the water is not measured in the system and cannot be 

calculated due to the restricted access to the real system´s specification. For these 

cases, this research work proposes a simplified version of the Holmes´ original 

correlations. The simplified correlation depends on the mass flow rates of the fluids 

instead of their face velocities. 

The first simplification is made by determining the first-order Taylor approximation 

around the nominal (design) operation point, 𝑉 , , 𝑉 , , resulting in the following 

expression: 

 𝑅 ≈ 𝑅 = 𝑅 + 𝑓 (𝑉 ) + 𝑓 (𝑉 ) ( 21 )

where 𝑅 = 𝑅 𝑉 , , 𝑉 ,  is the thermal resistance at the nominal operation point of 

the coil (from Equation ( 20 )); 

and 𝑓 (𝑉 ) =
, , ,

× 𝑉 − 𝑉 , = 𝑎 × 𝑏 × 𝑉 × 1 −
,

 

A second reduction is then made by introducing a new correlation. The ratio of 

convective heat transfer, 𝑟, is defined as the ratio between the thermal resistance 

from the water side and the thermal resistance from the air side. 

 𝑟 =
𝑅

𝑅
=

𝑎 × 𝑉 + 𝑔 (𝑎 )

𝑎 × 𝑉 + 𝑔 (𝑎 )
 ( 22 )

where 𝑅  and 𝑅  respectively are the air side and the water side thermal resistances; 

and the unknown functions 𝑔  and 𝑔  indicate the part of the constant 𝑎  (see 

Equation ( 20 )) which might be attributed to the convective heat transfer. 

Table 3-1. Typical values for the coefficients of the thermal resistance curve 

 𝑎  𝑎  𝑎  𝑏 
Heating coil     
Low efficiency 1.32 0.44 0.49 0.8 
Nominal coil 1.10 0.20 0.38 0.8 
High efficiency 0.68 0.20 0.38 0.8 
Cooling coil     
Nominal coil 1.025 0.208 0.326 0.8 
High efficiency 0.596 0.217 0.286 0.8 
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Equation ( 23 ) is obtained assuming 𝑔 (𝑎 ) + 𝑔 (𝑎 ) = 𝑎  and combining 

Equation ( 20 ) and Equation ( 22 ): 

 𝑟 =
𝑅 − 𝑎 × 𝑉 + 𝑔 (𝑎 )

𝑎 × 𝑉 + 𝑔 (𝑎 )
=

𝑅

𝑎 × 𝑉 + 𝑔 (𝑎 )
− 1 ( 23 )

Assuming that the thermal resistances depend mainly on turbulence and depend only 

weakly on heat diffusion, the influence of the constant term, 𝑎 , in Equation ( 20 ) 

can be neglected (Wetter, 1999). Thus, the ratio of convective heat transfer may be 

calculated at the nominal operation point as: 

 𝑟 ≈
𝑅

𝑎 × 𝑉 ,

− 1 ( 24 )

If Equation ( 21 ) and Equation ( 24 ) are combined and arranged, the following 

expression can be obtained: 

 
𝑅

𝑅
= 1 + 𝑏 × (1 − 𝜑 (𝑉 ) + 𝑟 × 𝜑 (𝑉 )) ( 25 )

where 𝜑 (𝑉 ) =
,

×  

The ratio of convective heat transfer, r, can be considered as a calibration parameter 

and there are many ways for determining its value. It can be adjusted using 

experimental data, calculated as an approximation function of known values (e.g. 

mass flow rates and temperatures), or just fixed to a constant value. For this research, 

the ratio of convective heat transfer is assumed constant. The grey-box based 

calibration methodology, explained in the next section, alleviates the inaccuracy 

introduced by fixing 𝑟. 

Finally, if the fluid densities are assumed constant, the face velocities can be replaced 

by the fluid mass flow rates –measured directly or calculated indirectly– using the 

following expression: 

 
𝑉

𝑉 ,
=

𝑚𝑓𝑙𝑜𝑤

𝑚𝑓𝑙𝑜𝑤 ,
 ( 26 )
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3.1.3 Cooling coil 

Typically, cooling coils found in air handling units are meant for both cooling and 

dehumidifying the supplied air, which assumes of no condensation in the air side 

invalid. (Ding et al., 1990) presented a model for water-air cooling coils based on the 

same 𝜀 − 𝑁𝑇𝑈 method described in the previous section. The cooling coil model 

developed in this thesis is based on Ding´s model as his work was intended for 

simulations where reasonable accurate models and low computational cost were 

required, i.e. it represents an optimal trade-off between accuracy and complexity 

(Bourdouxhe et al., 1998). 

In the model, the air-side surface of the coil is assumed fully wet (wet regime) or fully 

dry (dry regime). Both regimes are described simultaneously but only the one leading 

to the maximum cooling capacity is considered for further calculations (model output 

estimation) according to: 

 𝑄 = max (𝑄 , 𝑄 ) ( 27 )

where max () function returns the maximum value between its arguments and the 

subscripts dry and wet are for the dry and the wet regimes respectively. 

For the calculation of the heat transfer flow in the dry regime, the same coil model 

presented in the heating coil section is used. However, some additional assumptions 

must be made to describe the coil when fully wet. 

During the wet regime, the air is assumed to be a fictitious perfect gas, whose 

enthalpy is fully determined by its actual wet bulb temperature. Then the cooling 

capacity is calculated with the following equation: 

 𝑄 = 𝜀 × 𝐶 × 𝑇𝑤𝑏 , − 𝑇 ,  ( 28 )

where 𝑇𝑤𝑏 (in [K]) is the wet bulb temperature. 

The heat exchanger effectiveness 𝜀 in Equation ( 28 ) is determined the same 

equations used for the heating coil, namely Equations ( 15 ), ( 13 ) and ( 14 ). 
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However, the heat capacity of the air is calculated considering the specific heat 

capacity, 𝑐𝑝 , of a fictitious gas (saturated air instead of the real air) which is defined 

by: 

 𝑐𝑝 =
ℎ , − ℎ ,

𝑇𝑤𝑏 , − 𝑇𝑤𝑏 ,
 ( 29 )

where ℎ is the enthalpy, in [J/kg]. 

In order to determine the air outlet conditions, Ding proposed to treat the coil as a 

fictitious semi-isothermal heat exchanger. One of the fluids interacting in this heat 

exchanger is the air. The other is a fictitious fluid of infinite capacity flow rate, whose 

uniform temperature is supposed to correspond to the average temperature of the 

external surface of the coil which is assumed to be at the water temperature. Hence, 

enthalpy and humidity ratio of the outlet air are defined by the following expressions: 

 ℎ , − ℎ , = 𝜀 × ℎ , − ℎ  ( 30 )

 𝑊 , − 𝑊 , = 𝜀 × 𝑊 , − 𝑊  ( 31 )

where the subscript 𝑠𝑢𝑟𝑓 refers to the saturated air at the temperature of the external 

surface of the coil; and 𝑖𝑠𝑜 refers to the isothermal heat exchanger. 

Finally, the effectiveness of the fictitious heat exchanger is defined by: 

 𝜀 = 1 − exp(−𝑁𝑇𝑈) ( 32 )

3.1.4 Humidifier 

Only the steam humidifier is considered in this thesis since it is the most common 

type of humidifier found in a typical AHU. The model is based on the steam spray 

humidifier model published in the HVACSIM+ user´s manual (Clark, 1985). In this 

model, the humidity of the outlet air is controlled by injecting moisture at high 

temperature. The model can predict the state variables (temperature, mass flow rate, 

and humidity ratio) of the air, assuming the pressure remains constant. An overview 

of the model configuration is presented in Figure 3-6. 
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The outlet air temperature is calculated as the weighted average of both incoming 

fluids temperatures using the following equation: 

 𝑇 , =
𝐶 , × 𝑇 , + 𝐶 , × 𝑇 ,

𝐶 , + 𝐶 ,
 ( 33 )

where C is the heat capacity coefficient and 𝐶 , = 𝑚𝑓𝑙𝑜𝑤 , × 𝑐𝑝 ,  

Since the value of the outlet temperature from Equation ( 33 ) is affected by small 

variations of the 𝐶 values, the specific heat capacity of the air is now described as a 

variable that depends on the inlet air humidity ratio: 

 𝑐𝑝 , =
𝑐𝑝 + 𝑐𝑝 × 𝑊 ,

1 + 𝑊 ,
 ( 34 )

where 𝑐𝑝  and 𝑐𝑝 , in [J/(kg∙K)], are the specific heat capacity of the dry air 

and the specific heat capacity of the water vapour, respectively. 

 

Figure 3-6. Humidifier model and nomenclature 

Parameters:
• cp

Humidifier
mflowin,1

Tin,1
Win,1

mflowin,2
Tin,2

Where:
mflow: mass flow rate [kg/s]
T: temperature [K]
W: humidity ratio [kg/kg]
cp: specific heat capacity [J/(kg∙K)]

Subscripts:
in,1: input 1 [air stream]
in,2: input 2 [moisture]
out,1: output 1 [air stream]

mflowout,1
Tout,1
Wout,1
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A first outlet humidity ratio is calculated in Equation ( 35 ) assuming that all the 

entering steam is absorbed by the air (Equation ( 36 )) 

 𝑊 , = 𝑊 , +
𝑚𝑓𝑙𝑜𝑤 , × (1 + 𝑊 , )

𝑚𝑓𝑙𝑜𝑤 ,
 ( 35 )

 𝑚𝑓𝑙𝑜𝑤 , = 𝑚𝑓𝑙𝑜𝑤 , + 𝑚𝑓𝑙𝑜𝑤 ,  ( 36 )

Finally, the computed humidity ratio is limited either by the saturation humidity ratio 

(at atmospheric pressure) times a saturation efficiency. 

3.1.5 Fan 

For this model, the mass flow rate inside the model is assumed to be constant. Heat 

is transferred from the fan to the circulating air. This heat transfer is represented by 

an increment in the air temperature. The fan model schematic is shown in Figure 3-7. 

 

  

Figure 3-7. Fan model and nomenclature 

Fan
mflowin,1

Tin,1
Win,1

Where:
mflow: mass flow rate [kg/s]
T: temperature [K]
W: humidity ratio [kg/kg]
dTinc : temperature increment [K]

Subscripts:
in,1: input [air stream]
out,1: output [air stream]

dTinc

mflowout,1
Tout,1
Wout,1
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Since the air temperature variation is always non-negative, no condensation is 

assumed. Hence, the model correlations take the following form: 

 𝑇 , = 𝑇 , + 𝑑𝑇  ( 37 )

 𝑚𝑓𝑙𝑜𝑤 , = 𝑚𝑓𝑙𝑜𝑤 ,  ( 38 )

 W , = W ,  ( 39 )

3.1.6 Dynamics of the models 

A notable physical simplification in the dynamics of the models has been assumed as 

they are meant for fault detection and diagnosis of mechanical/efficiency failures. In 

such FDD application, the data gathered from the real system is usually filtered by a 

steady-state filter thus the FDD analysis is performed only for steady-state scenarios, 

which makes modelling the dynamics of the supporting models pointless. 

 

Figure 3-8. First order filter with single time constant 

Parameters:
• τ

Tout,ss
Wout,ss

Where:
T: temperature [K]
W: humidity ratio [kg/kg]
τ : time constant [s]

Subscripts:
out,ss: steady-state output
out: dynamic output

Tout
Wout
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The simplification is because, in a typical AHU, the response time, 𝜏, of the unit is 

defined by the response time of the coil models, since the coils’ response time are, at 

least, an order of magnitude less than the unit´s actual 𝜏. However, in order to add 

additional functionality to the models (e.g. to emulate the real system during the 

validation of an FDD tool), the dynamics were modelled.  

One of the simplest ways to include the dynamic behaviour into the coil models is 

filtering the output of the steady-state model with a single time constant model, as 

shown in Figure 3-8. The changing variables (temperature and humidity) are input 

into a first-order transfer function (Bourdouxhe et al., 1998) whose 𝜏 is determined 

by the time that the water takes to pass along the coil. That means the mass 

contained in the coil (provided by the manufacturer or calculated from the geometry 

parameters) and the mass flow rate will define the response time of the model, 𝜏. 

3.1.7 Setting up the models 

Models presented in the previous sections must be set up, i.e. their thermal 

parameters must be determined. Usually, specifications of the modelled system are 

needed to initially set up first principle-based models. This information should 

contain the geometry dimensions and the material characteristics of the real system 

components to determine the thermal parameters of the model. The system 

specifications can be gathered directly from real system measurements or from the 

manufacturer datasheets (if available). However, in-situ measurements are not always 

feasible as the AHUs may be installed in inaccessible places or even if accessible the 
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unit is not easily manageable, so geometry specifications of its components cannot be 

measured. In addition, information found in the manufacture datasheet is not 

standardised, i.e. different manufacturers offer different types of information in their 

datasheets. That is why an indirect but more flexible9 procedure to compute the 

thermal parameters of the AHU component models is proposed in this thesis. 

First, a set of the most common parameters found in the manufacturer datasheets is 

used as starting point for the modelling task. That is why models were developed 

under the premise that the data needed to run any simulation must be available in 

most of the commercial datasheets. Table 3-2 shows the proposed dataset needed to 

set up the developed models. This data contains information about the nominal 

values (an operation point) of the AHU state variables. 

In addition, a common set of physical parameters including specific heat capacities of 

involved fluids, atmospheric pressure, and the saturation efficiency are also required. 

As shown in Table 3-2, the mixing box model does not require manufacturer data, 

i.e. only the mentioned physics parameters are required. The humidifier is modelled 

in such a way that the information presented in Table 3-2 may be used directly. 

However, in the cases of the coil models, the information taken from the datasheets 

must be manipulated to determine the main parameter required by these models, the 

thermal resistance. 

In this thesis, the calculation of the thermal resistances relies on a built-in feature of 

Modelica. Simulation environments based on Modelica language allow the user to 

“free” the values of the parameters, so they are computed during the simulation 

initialisation using the start values of the model variables. It means that Modelica 

simulators can adjust the freed parameters to match an operation point. Since the 

models were simplified so only a global thermal resistance is required, an operation 

point with the inputs and outputs of a model (Table 3-2) is enough to determine the 

model parameters. 

 

9 The flexibility is consequence of the possibility of using datasheets from a very wide range of 
manufacturers 
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The minimal dataset proposed in this thesis was decided based on physical 

practicalities and limitations found during the implementation of the case study. The 

approach of using a minimal common dataset makes the models more flexible as 

most of the real system models may be set up using the corresponding manufacturer 

datasheet. 

In addition, the modelling assumptions presented in Table 3-3 allowed the 

development of computationally cheap models. However, the introduced 

simplifications decrease the accuracy of the simulation models. That is why the 

developed models should be improved from the accuracy point of view if they are to 

be used in model dependent applications, without increasing significantly the 

computational cost nor decreasing the gained flexibility. 

Table 3-2. Manufacturer datasheet values needed as parameters for model setup 

Component Parameter 

Mixing Box No data required (ideal mixture is 
assumed) 

Heating Coil Nominal air input temperature 
Nominal air output temperature 
Nominal air mass flow rate 
Nominal water input temperature 
Nominal water output temperature  
Nominal water mass flow rate 
Mass contained in the coil 

Cooling Coil Nominal air input temperature  
Nominal air input relative humidity 
Nominal air output temperature  
Nominal air output relative humidity 
Nominal air mass flow rate 
Nominal water input temperature 
Nominal water output temperature  
Nominal water mass flow rate  
Mass contained in the coil 

Humidifier Maximum steam mass flow rate 
Nominal steam temperature 

 



 

77 
 

To achieve this goal, this thesis extends the first principle-based models presented in 

previous sections and proposes a methodology of calibration based on machine 

learning (ML) techniques. 

Table 3-3. Main assumptions made during the development of the first principle models. 

Component Component assumption Global assumption 
Mixing box  Ideal mixture; 

 Steady and adiabatic conditions; 
 No frictional losses occur across the 
converging section. 

 The response time 
of the whole unit is 
defined by the response 
time of the coils; 
 Only coils include 
dynamics; 
 Dynamics in coils 
are modelled by filtering 
the output of the steady-
state model with a single 
time constant model. 

Heating coil  Unmixed water-air configuration; 
 Based on ε – NTU method; 
 No condensation in the air side; 
 Thermal resistance computed as a 
first-order Taylor approximation around 
the nominal of the equation proposed by 
(Holmes, 1982); 
 Thermal resistance depends mainly on 
turbulence and only weakly on heat 
diffusion; 
 Fixed ratio of convective heat transfer; 
 Fluid densities assumed constant. 

Cooling coil  Air side surface of the coil is fully wet 
(wet regime) or fully dry (dry regime). 
Only the regime with maximum cooling 
capacity is considered; 
 Dry regime: same assumptions than 
heating coil; 
 Wet regime: condensation; air is a 
fictitious perfect gas; and the coil is a 
fictitious semi-isothermal heat exchanger 

Humidifier  Based on the HVACSIM+ steam 
spray humidifier model; 
 Pressure remains constant; 
 All the entering steam is absorbed by 
the air. 

Fan Represented as an ideal source of air mass 
flow with a fixed increment in the 
temperature. 
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3.2 METHODOLOGY FOR MODEL CALIBRATION 

The proposed calibration methodology is performed component by component10 

using data collected from the BMS. Each component is modelled as a combination 

of two sub-models, namely the heat exchanger, described in Section 3.1, and the 

control element (Febres et al., 2015). This division is based on the grey-box 

modelling approach that usually combines fundamental models and data-driven 

models. In this thesis, the control element, although based on physic fundaments, is 

treated as a linear neural network (Orr, 1996). This allows the use of advanced 

training algorithms during the calibration process. 

 

10 Without loss of generality, this thesis presents how the proposed methodology is used to calibrate 
each component model individually and then the whole AHU model generated using the calibrated 
component models. However, the methodology may be applied to calibrate the whole AHU model 
directly. In this case, the unit model must include the AHU control strategy, so the state of the system 
is known, i.e. it is possible to know which of the components is operating at any time. 

 

Figure 3-9. Example of the component division into heat exchange and control element 

+

Control signal

Air inlet Air outlet

Water outlet Water inlet

Heat exchanger (coil)
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Figure 3-9 shows the heating coil model as an example of this grey-box model. The 

following sub-sections describe the control element model and explain how it is used 

to finely calibrate the component models. 

3.2.1 Control element model 

In each AHU component, the temperature and humidity of the conditioned air are 

controlled by actuators (valves or dampers) that adjust the mass flow rate of the 

cooling/heating fluid (water or air in this thesis). A control signal, generated by the 

BMS, determines the physical position of the actuator, controlling the amount of 

heat or mass transferred to/from the air and, consequently, the temperature and/or 

the humidity of the outlet air. 

Although the conditioned air velocity is typically monitored in real AHU 

implementations, the mass flow rate of the cooling/heating fluid is rarely measured, 

and the inclusion of mass flow sensors is unfeasible. Fortunately, the actuator 

position controlling the mass flow rate can be inferred from the BMS signals (within 

certain accuracy determined by the measurement system). For this reason, the air 

mass flow rate is assumed to be known; and the water mass flow rate is defined as a 

function of the controlling signal (damper or valve position). 

Consequently, without loss of generality, the water mass flow/controlling signal 

correlation may be defined by Equation ( 40 ). 

 𝑚𝑓𝑙𝑜𝑤 = H(𝑥) × 𝑚𝑓𝑙𝑜𝑤  ( 40 )
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where 𝑚𝑓𝑙𝑜𝑤  and 𝑚𝑓𝑙𝑜𝑤  represent the mass flow rate when the actuator is 

in the fully open position and the outlet mass flow rate respectively; 𝑥 is the control 

signal (0 ≤ 𝑥 ≤ 1); and H(𝑥) is a generic function that H: [0, 1] → [0,1]. 

Hysteresis and the Preisach´s model 

Hysteresis is a behaviour shown by physical systems and processes because of losses 

in energy transformation. In the case of mechanical actuators that control mass flow 

rates, such as valves and dampers, these energy losses are caused by a high degree of 

static friction within the element. Hence, the hysteresis effect normally appears when 

the actuator moves in the direction opposite to its actual movement, e.g. when a 

valve that is opening starts closing, and vice versa. Thus, the state of the actuator will 

depend on the actuator´s history and the current control signal (see Figure 3-10). 

To model the actuator hysteresis, function H(𝑥) in Equation ( 40 ) may be defined 

following several approaches, e.g. using on-off hysteresis, linear hysteresis and non-

linear hysteresis. In this research work, a hysteresis model based on the mathematical 

model developed by (Preisach, 1935) is used and extended as it may be calibrated by 

means of machine learning techniques if some modifications are introduced. This 

allows the development of a systematic methodology to calibrate an AHU model 

based on efficient and validated algorithms, resulting in a technology framework able 

 

Figure 3-10. Hysteresis effect compared to the ideal (linear) behaviour. 
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to provide accurate models that are suitable for simulations where the computational 

cost plays a key role. 

One of the most used scalar models of hysteresis was proposed by the physicist 

Ferenc Preisach in 1935 (Preisach, 1935) to represent scalar ferromagnetism. It has 

also been applied to model hysteresis in porous-media filtration as well as other 

hysteresis phenomena (Visintin, 2005). There are two versions of Preisach’s model 

namely continuous and discrete versions. In this thesis, only the discrete model is 

discussed as it is the base of the proposed calibration methodology11.  

The idea behind Preisach´s model, in its discrete form, is simple yet valuable. The 

model represents any hysteresis function as a linear combination of elemental relay 

 

11 For the continuous version, the author recommend (Mayergoyz, 1986) as complementary reading. 

  

Figure 3-11. Discrete Preisach’s model of hysteresis. Top: linear combination of a finite number of 

hysterons. Bottom: discrete relay hysteron hn. 
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functions (Figure 3-11). This elemental function, usually called hysteron and 

considered as the simplest representation of hysteresis, can only take one of two 

values, either 0 or 1. The hysteron function behaviour is such that the output value is 

maintained unchanged until the input crosses certain thresholds (𝛼 and 𝛽 in Figure 

3-11). Consequently, the parameters that define the Preisach’s model are the 

coefficients of the combination (𝜇) and the hysterons’ thresholds. These parameters 

may be adjusted to control the accuracy of the model.  

Figure 3-12 shows an example of the hysteresis loop of a Preisach´s model with 

uniformly distributed hysterons at different levels of discretisation (coarse: 𝑛 = 5, 

medium: 𝑛 = 20, fine: 𝑛 = 100). By increasing the number of hysteron functions 

and fitting their parameters, the Preisach´s model could represent any hysteresis 

loop, as may be inferred from the figure. The gained accuracy brings the burden of 

an additional number of calibration parameters since each added hysteron has three 

parameters to be determined (𝜇, 𝛼 and 𝛽 in Figure 3-11). However, if the threshold 

parameters (𝛼 and 𝛽) of each hysteron and the number of hysteron, 𝑛, are fixed, the 

model takes the form of a linear neural network (LNN)12 whose neurons and weights 

 

12 In here, the term linear neural network is what in statistics and linear algebra is known as linear model 
which is defined as a linear combination of a finite set of fixed functions. 

 

Figure 3-12. Example of discrete Preisach’s model of hysteresis with hysterons uniformly 

distributed at different degrees of discretization 
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are represented by the hysteron, ℎ , and the coefficients of the linear combination, 

𝜇, respectively, allowing the use of machine learning techniques during the 

calibration (training) process. 

The discussion about the relationship between the modified Preisach´s model 

proposed by the author and the LNN model (along with the advantage of the 

approach) is extended in the incoming sections. However, before this discussion, a 

description of the data required to calibrate the LNN is needed. 

3.2.2 Time-dependent data 

Usually, linear neural networks, as the one depicted in Figure 3-13.a), are not suitable 

for representing time-dependent processes where the actual output does not only 

depend on the current input but also on the previous values of the output, as is the 

case with the hysteresis phenomena. This issue is normally addressed by 

reformulating the model as an auto-regressive neural network (Rojas, 1996; Dietz, 

2010), where the outputs, appropriately delayed, are input back into the model, as 

shown in Figure 3-13.b). However, the discrete Preisach’s model does not require the 

delayed output values since the hysteron function is defined in such a way it keeps 

track of the previous output values (Figure 3-11). Nevertheless, the data utilised for 

training (calibration) purpose must be treated correctly if the ML algorithm used for 

training the LNN is a non-iterative algorithm (based on linear algebra). The following 

sections cover the key aspects about how the calibration data, also indistinctly called 

training dataset in this thesis, is generated and how it is used to calibrate the AHU 

model. 
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3.2.3 Raw data collection 

To follow the proposed methodology, information and measurement data from the 

facility under study must be gathered. Two sources of data are needed. On the one 

hand, there is the information required to set up the first principle models, already 

discussed in Section 3.1 (Setting up the models). On the other hand, data at different 

 

Figure 3-13. a) General architecture of an LNN with n neurons. b) Auto-regressive LNN. 
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operational conditions (defined by the signals indicated in Table 3-4) of the real 

system must be gathered in order to apply ML techniques to calibrate the models. 

The best scenario to obtain this data is where the AHU is monitored at component 

level, i.e. all the variables required in Table 3-4 can be read from the BMS directly. 

That is the case in most of the recent BMS implementations. Nevertheless, this level 

of monitoring is not typically found in older BMS’s. In those cases, heat losses in the 

duct must be assumed negligible even though this assumption would not be valid 

when the real sensors are placed away from the position assumed by the 

computational model. This will not affect the accuracy of the resulting AHU model 

since it shall be calibrated (fitted) using real data; however, model output values at 

component level should be treated with caution and further interpretation should be 

done taking account this deviation, e.g. introducing stochastic inference into the 

methodology. 

Finally, it is worth noting that Table 3-4 does not specify notable features about the 

data to be used for calibration, e.g. sampling time, measurement duration, and sensor 

accuracy. Ideally, these signals should: 

1. Be sampled at a frequency that the system dynamics is captured, if needed; 

2. Contain information about most of the operation states of the systems; 

3. Be measured using sensors with an accuracy adequate for the final application 

(in our case, FDD). 

Table 3-4. Operational data needed for model calibration 

Component Signal 

Mixing Box Damper control signal 
Air input temperature  
Air input relative humidity 
Air output temperature  
Air output relative humidity 
Air mass flow rate 

Coils & humidifier Valve control signal  
Air input temperature 
Air input relative humidity (not required for heating coil) 
Air output temperature 
Air output relative humidity (not required for heating coil) 
Air mass flow rate 
Water input temperature 
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Conditions 1 and 3 are normally fulfilled by most of the BMS as the conditions are 

part of most maintenance protocols. However, condition 2 requires storing data 

from different seasons of the year, which is not a widespread practice. This thesis 

assumes that condition 2 is not satisfied, so the calibration problem becomes an ill-

posed optimisation problem solved in incoming sections. 

3.2.4 Training dataset 

As mentioned before, the calibration process is centred on the control element 

model which is an LNN derived from the discrete form of Preisach’s hysteresis 

model. In the machine learning community, the calibration process of an LNN is 

typically called supervised learning and the data used for this task is named training dataset 

(Orr, 1996). This dataset contains samples (or examples) constituted by pairs of an 

input object (usually a value or a vector) and the corresponding desired output value. 

In the case of the proposed model of the control element, each input-output paired 

sample is a tuple consisting of the opening (control) signal value and the desired 

position of the actuator. The desired position is actually the output of the function 

H(𝑥) in Equation ( 40 ) and may be calculated if values of the actual mass flow rate 

of the cooling/heating fluid were known (e.g. by installing flow meters). 

Even though values of the opening signal can be taken directly from the BMS in 

most cases, the mass flow rate of the cooling/heating fluid is typically not monitored 

and measuring this variable would be a very invasive practice. Fortunately, values of 

the mass flow rate can be computed using the first principle-based models presented 

in Section 3.1 and the raw data described in the previous section. 
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Assuming the models have been set up (pre-calibrated) using the data from the 

manufacturer data sheet, the mass flow rate values may be calculated solving the 

inverse problem for the (pre-calibrated) heat exchanger model (Febres et al., 2014a). 

In some cases, Modelica solver implementations can solve the inverse problem by 

solving the equations in such a way that inputs can be calculated from output values. 

The user only provides a system of equations with the same number of equations 

and unknown variables. However, a unique solution is not guaranteed, especially for 

models that include a high non-linearity. For instance, where complex combinations 

of if-then-else statements are used. To provide a generic solution, this thesis makes 

use of some concepts taken from discrete control theory (Ogata, 2010) and 

numerical analysis (Gautschi, 2013). 

Consider the system in Figure 3-14: 

• The plant P is the heat exchanger model; 

• The block C is the controller; 

• The signal U is the fluid mass flow rate; 

• The controlled variable Y is the output variable from the component model; 

• The reference signal R is the measured (and expected) value of the output 

variable taken from the measured data. 

The idea, in the control system shown in Figure 3-14, is to find U so the error (the 

difference between R and Y) is within a fixed tolerance for every value of R, 

assuming the controller C is proportional. Finding U is the equivalent of solving the 

inverse problem for the plant P given a desired output R. Table 3-5 shows the 

equivalent variables of U and Y (or R) for each component model. 

 

Figure 3-14. Controlled system diagram 
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Finding U requires an iterative procedure depicted in Figure 3-15, which can be 

summarised as follows: 

1. An empty vector U* is defined with length equal to the number of samples 

used for the model calibration; 

2. One sample (operation point) from the calibration dataset is taken. The 

corresponding output variable is used as the reference signal R and the rest of 

the operation point variables as the model parameters. The plant is controlled 

until the error, between Y and R, goes below the tolerance; 

Table 3-5. Fluid mass flow rate and output variables for each component 

Component Mass flow rate(U) Output variable (Y) 

Mixing box Air mass flow rate Outlet air temperature 

Heating/cooling coil Water mass flow rate Outlet air temperature 

Humidifier Steam mass flow rate Outlet air humidity 

 

Figure 3-15. Computation of the mass flow rate of the cooling/heating fluid 
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3. Once this happens, the current value of the control signal U is stored in U*; 

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

Finally, the training dataset can be generated by pairing the opening (control) signal 

values and the desired position of the actuator (calculated with Equation ( 40 ) and 

the resulting mass flow rate). 

Ideally, the training dataset should contain the same number of independent samples 

as degrees of freedom the control element model has. In some applications, the data 

collection is restricted by some aspects, for instance, sensor resolution and the 

possibility of running experiments on the real system. Consequently, the training 

dataset is smaller than its ideal minimum, making the calibration process an ill-posed 

problem. This thesis overcomes this limitation by applying advanced machine learning 

techniques (Orr, 1995; Lawson & Hanson, 1974), described in the following sub-

sections. 

3.2.5 LNN and how to use the training dataset 

One of the advantages of dealing with LNN is that linear algebra methods can be 

applied, keeping the mathematics relatively simple and the computational cost usually 

low. Among the linear algebra methods used in supervised learning applications, one 

of the most popular (and simple) is the least squares approach (Orr, 1996). This 

approach is a set of well-known regression techniques frequently used for fitting 

linear models. Even though this thesis work had been developed by applying a more 

complex version of the ordinary least squares (OLS), a brief introduction to OLS is 

presented in order to understand the role of the training dataset and how it should be 

used. (Orr, 1996) offers a more extended introduction to LNN and OLS, but if a 
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deeper analysis of the least squares problem is required, (Lawson & Hanson, 1974) 

may be consulted. 

A linear model of a function y(x) may be represented by a linear combination of a 

finite set of basis functions (called neuron in the LNN case and hysteron in a 

Preisach´s model) with fixed parameters, as Equation ( 41 ) shows: 

 𝑦∗(𝐱) = 𝜇 × ℎ (𝐱) ( 41 )

where: 

• 𝑦∗(𝐱) is the model that represents 𝑦(𝐱); 

• 𝜇  is the i-th coefficient of the linear combination, often known as the weight 

of the LNN; 

• ℎ (𝐱) is the i-th (fixed) function (represented by the hysteron in the discrete 

Preisach´s model); 

• 𝐱 (bolded) is the input object of the modelled function, in this thesis, a 

vector; 

• 𝑛 is the number of basis functions in the linear combination. 

Table 3-6 shows the equivalent, in this thesis´s context, of each variable used in 

Equation ( 41 ). 

 

The idea behind the least squares principle is to fit y*(x), i.e. to find μ’s values, to 

minimise its deviation from y(x), over the training dataset. This leads to an 

Table 3-6. Equivalent table of the linear model elements 

Element Linear algebra Machine learning Actuator model 

y*(x) Linear model LNN Preisach´s model 

y(x) Modelled function Learned function Desired position 

μi Coefficients Weights Coefficients 

hi(x) Basis function Neuron Hysteron 

x Input object Input object Control signal 
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optimisation problem whose cost function, C, (the function to be minimised) is 

expressed in Equation ( 42 ): 

 𝐶 = (𝑦∗(𝐱 ) − 𝑦 )  ∀ (𝐱 , 𝑦 ) ∈ 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝐷𝑎𝑡𝑎𝑆𝑒𝑡 ( 42 )

where 𝐱  and 𝑦  respectively are the input and the output values taken from the 𝑖  

input-output sample pair of the training dataset; and 𝑚 is the number of samples 

available in the training dataset. 

The ability of a linear model to fit a specific training dataset, i.e. to minimise 𝐶 in 

Equation ( 42 ), mainly derives from the capacity of choosing different values of the 

coefficients 𝜇. However, the use of particular basis functions may improve the 

capability of the model to represent non-linear behaviours13. Normally, the basis 

functions are chosen from a limited function space, commonly known as function 

family. When enough information about the modelled entity is available, the basis 

function can be chosen recognising the nature of the input object space and the 

singularities to be represented. That is why in this thesis, the chosen basis function is 

the hysteron (since hysteresis is to be modelled) and its defining parameters (lower 

and upper threshold values) are uniformly distributed along the input space (real 

values in the range [0, 1]) having regard to the resolution of the instrument used to 

measure and collect the data contained in the training dataset. 

If linear algebra methods (and concepts) are applied, the solution of the optimisation 

problem posed by the OLS in Equation ( 42 ) is given by the following equation, 

typically called normal equation ((Lawson & Hanson, 1974) may be consulted for a 

mathematical proof): 

 𝝁 = (𝑨 × 𝑨) × 𝑨 × 𝐲 ( 43 )

 

 

 

 

13 Core idea of kernel-based models (Schölkopf & Smola, 2002) 
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where: 

𝝁 = (𝜇 𝜇 … 𝜇 ) is a vector that contains the 𝜇 values that minimise 

𝐶; 

𝐲 =

𝑦
𝑦
…
𝑦

 are the samples of the modelled function; 

𝑨 is an (𝑛 × 𝑚) matrix, usually called design matrix. 

The 𝑖  row and the 𝑗  column of the design matrix is defined by: 

  𝑨 =

ℎ (𝐱 ) ℎ (𝐱 ) ⋯ ℎ (𝐱 )

ℎ (𝐱 ) ℎ (𝐱 ) ⋯ ℎ (𝐱 )
⋮ ⋮ ⋱ ⋮

ℎ (𝐱 ) ℎ (𝐱 ) ⋯ ℎ (𝐱 )

 ( 44 )

The design matrix is a crucial aspect, not only in the solution of the OLS problem, as 

Equation ( 44 ) shows, but for any other method derived from the ordinary least 

squares idea. That is why a final note about the time dependency of this matrix and 

the training dataset should be mentioned. 

Since the proposed linear model is meant to represent a hysteresis phenomenon (a 

time-dependent phenomenon), the design matrix must be constructed considering 

the time dependency of the training dataset. In practice, this means that the design 

matrix is built row by row using the training dataset in the same order that the 

samples were gathered. In other words, the 𝑖  row of the matrix is generated using 

the 𝑖  collected sample, even though the rows are interchangeable once the whole 

matrix has been constructed. 

3.2.6 Implementation of the least squares 

In the previous section, an introduction of one of the simplest versions of the least 

squares method was presented. However, the actual version implemented in this 

research work is more complex and requires further consideration. In this section, 

the key ideas of the proposed approach and some references with a deeper 

description of those ideas will be introduced. 
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Ridge regression 

In many real applications, including this thesis, the least squares approach leads to an 

ill-posed optimisation problem, where the solution is not unique since the available 

information about the real system is insufficient. In fact, OLS provides one of the 

possible solutions, the one with the lowest bias. That means the calibrated model will 

fit the data that was used during the calibration (the training dataset) but there is no 

guarantee that the model will be able to fit new data (not included in the training 

dataset). The ability to fit new data is usually reflected in the model variance as it is a 

metric of how sensitive the calibrated model is regarding the particularities of the 

training dataset. The higher the variance is, the more sensitive the model. This 

sensitivity may be reduced by lowering the degrees of freedom of the model, i.e. 

restricting the model capability of adaptation to a specific training dataset. 

There are some ways to directly decrease the degrees of freedom of a linear model. 

For instance, some basis functions can be removed. However, in cases where there is 

no way of knowing how a modification will affect the variance of the modified 

model, a better approach is to reduce the flexibility indirectly. This can be done by 

introducing an additional term, usually called the regularisation term, to the cost 

function (Equation ( 42 )). This idea, initially proposed by (Tikhonov & Arsenin, 

1977), is known as ridge regression. This regularisation term is given by: 

 𝐶 = 𝜆 × (𝜇 + 𝜇 + ⋯ + 𝜇 ) ( 45 )

where 𝐶  is the regularisation term and 𝜆 > 0 is the regularisation parameter. 

Regularisation parameter 

Adding the regularisation term to the Equation ( 42 ) leads to a new optimisation 

problem defined by the following cost function: 

 𝐶 = 𝐶 + 𝐶  ( 46 )

where 𝐶 and 𝐶  are taken from Equations ( 42 ) and ( 45 ), respectively. 
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Minimising Equation ( 46 ) is the equivalent of minimising Equation ( 42 ) subject to: 

 (𝜇 + 𝜇 + ⋯ + 𝜇 ) ≤ 𝜁 ( 47 )

where 𝜁 ≥ 0 is a tuning parameter as 𝜆 is in Equation ( 46 ) 

Additionally, the 𝜇 values that solve the regularised optimisation problem cannot be 

calculated using Equation ( 43 ) anymore. A slightly modified version of the later is 

used: 

 𝝁 = (𝑨 × 𝑨 + 𝜆̇̇𝑰 ) × 𝑨 × 𝐲 ( 48 )

where In is the identity matrix of size n. 

Non-negative least squares 

With the intention of applying the idea of regularisation –to reduce the set of 

possible solutions by lowering the degrees of freedom of the model– this thesis takes 

advantage of how the discrete Preisach’s model represents the hysteresis. The 

hysteresis found in the actuators under study presents monotonic behaviour. 

Increasing the control signal (input) would increase the actuator position (output), 

and vice versa. To guarantee that the discrete Preisach´s model will represent the 

monotonic performance, the non-negative restriction in the μ’s values is introduced. 

This restriction leads to a specific least squares case, the non-negative least squares 

(NNLS). The added restriction increases the complexity of the model. However, the 

degrees of freedom are reduced (as wanted) and a more realistic solution may be 

derived from the NNLS problem. 

The optimisation problem posed by the NNLS is to minimise the cost function in 

Equation ( 42 ) subject to: 

 𝜇 ≥ 0 ∀ 𝑖 = 1, 2, 3, … , 𝑛 ( 49 ) 

There is no analytical method that provides a solution to this problem as in the 

previous cases (Equations ( 43 ) and( 48 )). However, numerical methods and 

algorithms have been developed. (Chen & Plemmons, 2009) offers an introductory 

discussion about some active-set methods and iterative approaches. This research 

work uses the active-set algorithm proposed by (Lawson & Hanson, 1974). The 

algorithm was initially introduced in 1974 and is considered the first method that 
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consistently solves the NNLS problem. Even though the method finds the solution 

iteratively, the convergence is guaranteed as the authors proved in their publication 

(Lawson & Hanson, 1974); consequently, no stopping criteria is required. Lawson 

and Hanson’s method was deliberately chosen as it can be implemented with relative 

ease and using more complex methods offers no significant advantage. The 

pseudocode of this algorithm 

 

 

Inputs: 

o 𝑨, design matrix 
o 𝐲, outputs vector from the training dataset 

Output:  

o 𝝁 , solution of the optimisation problem 

Initialisation: 

o ℙ =  ∅ 
o 𝕊 = {1, 2, 3, … , 𝑛} 
o 𝝁 = 𝟎 
o 𝐰 = 𝑨 × (𝐲 − 𝑨 × 𝝁) 

Main loop: 𝐫𝐞𝐩𝐞𝐚𝐭 𝑖𝑓 𝕊 ≠ ∅ 

o Let 𝑗 be the index of max (𝐰) in 𝐰 
o Include 𝑗 in ℙ and remove it from 𝕊 
o Let 𝑨ℙ be the design matrix associated with only the variables in the 

passive set ℙ 
o 𝐬ℙ = ((𝑨ℙ) × 𝑨ℙ) × (𝑨ℙ) × 𝐲; 𝐬𝕊 = 𝟎 
o 𝐫𝐞𝐩𝐞𝐚𝐭 𝑖𝑓 min(𝐬ℙ) ≤ 0 

 𝛼 = min
∈ℙ

𝝁

𝝁 𝐬
 

 𝝁 ≔ 𝝁 + 𝛼 × (𝐬 − 𝝁) 
 𝐬ℙ = ((𝑨ℙ) × 𝑨ℙ) × (𝑨ℙ) × 𝐲; 𝐬𝕊 = 𝟎 

o 𝝁 = 𝐬 
o 𝐰 = 𝑨 × (𝐲 − 𝑨 × 𝝁) 
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3.2.7 Heating coil calibration 

To illustrate the component calibration process, this subsection presents a case study, 

the heating coil included in the AHU depicted in Figure 3-16 and the corresponding 

datasets, one for the calibration and other for validation. Both datasets correspond to 

one-day operation data. The calibration dataset was gathered during autumn 

operation while the validation dataset during winter operation. The datasets 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 3-16. The 

calibration dataset was used to follow the calibration procedure previously described. 

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 consisting of an audio laboratory of around 50 m2, where 

strict conditions of temperature and humidity should be met. The building is in the 

city of Cork in the Republic of Ireland. 

Model development 

The coil model used in this subsection was described in Section 3.1 subsection 

Heating coil. For the valve model, the input space was uniformly discretised into 60 

 

Figure 3-16. Heating coil case study 
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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 3-7. 

Heat exchanger set-up 

Figure 3-17 shows the measured outlet air temperature, the simulated outlet air 

temperature and the error between both for the pre-calibrated coil. These results are 

taken from one-day simulation corresponding to the validation dataset (03/01/2012) 

Table 3-7. Heating coil 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/(kgK)) 1006 

Water specific heat capacity (J/(kgK)) 4186 
Atmospheric pressure (Pa) 101325 

 

 

Figure 3-17. Simulation results using parameters in Table 3-7. Measured in blue, simulated in 

green and error in red 
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during the working hours of the heating coil. For this simulation, parameters from 

Table 3-7 were used and the valve model was assumed linear with no hysteresis 

behaviour. 

Getting the optimal control signal 

A tolerance of 0.1 ℃ in the error between 𝑅 and 𝑌 in Figure 3-14 and the calibration 

dataset from 12/09/2012 were used to find optimal control, 𝑼∗. The entire process 

took almost four minutes. Figure 3-18 shows the valve opening signal from the BMS 

in blue and the resulting optimal control signal 𝑼∗ in green. 

Control element calibration 

The model was calibrated (trained) using the proposed algorithm and the data shown 

in Figure 3-18. The valve calibration process took around 10 seconds. The resulting 

hysteresis loop of the valve model is presented in Figure 3-19. The figure shows how 

the valve has hysteresis behaviour for opening signal below 40% and gets a constant 

value over 40%. It could be interpreted as the valve gets stuck for opening signal 

 

Figure 3-18. Data used to calibrate the valve. Opening valve signal from BMS in blue and optimal 

control signal in green 
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values higher than 40%. However, in this case, it is caused because no data was 

available in the calibration (training) dataset for values above 40%. 

Calibrated grey-box 

Finally, the component model is generated by coupling the heat exchanger and the 

valve models. A simulation of the calibrated component model using the validation 

dataset is shown in Figure 3-20. The outlet air temperature simulated, and the 

corresponding measured values are presented. 

 

Figure 3-19. Hysteresis loop of the valve 

 

Figure 3-20. Calibrated component model simulation. Measured in blue, simulated in green, and 

error in red 
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Table 3-8 shows the comparison between the outlet temperature of the heating coil 

calculated using the linear model of the valve and the proposed model. Two metrics 

are used for the comparison, namely the coefficient of variation of the root square 

error (CV-RMSE) and the normalised mean square error (NMSE). On the one hand, 

Figure 3-20 (proposed methodology) shows a significant improvement over Figure 

3-17 (linear valve model). 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 3-8, 

it can be observed that the calibrated model is far better than the linear model 

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. 

3.2.8 Generating the AHU model 

Once the calibration of each component is performed (by pre-calibrating the heat 

exchanger model and using Lawson and Hanson’s method for the actuator model), 

the whole AHU model must be assembled. This approach guarantees that the 

 

Table 3-8. CV-RMSE and NMBE for pre-calibrated and calibrated model 

Calibration dataset 

CV-RMSE 
Linear model 0.5511 % Improvement: 

78.75 % Proposed model 0.1171 % 

NMBE 
Linear model -0.4216 % Improvement: 

91.20 % Proposed model -0.0371 % 
Validation dataset 

CV-RMSE 
Linear model 0.7523 % Improvement: 

70.32 % Proposed model 0.2233 % 

NMBE 
Linear model -0.6497 % Improvement: 

92.38 % Proposed model 0.0495 % 
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calibration complexity increases linearly when a new component is added. In this 

phase, the real system configuration and schematics are considered to generate the 

unit model. In this phase, no further calibration is carried out as the fine calibration 

was done at component level. Validation results of a case study of a whole unit will 

be presented in next chapter. 

3.3 AUTOMATED METHODOLOGY 

The methodology described in the previous section is meant to be implemented as 

an automated calibration tool. This section presents the proposed methodology as a 

  

Figure 3-21. Overview of the proposed methodology 

M
id

dl
ew

ar
e 

  .Modelica
implementation

Python 
implementation

Modelica solver

Calibration 
process

Coupling

If available

If no manufacturer 
info is available

Inverse problem

Data collection

Modelica development Python development

Model formulation

S
te

p 
1

S
te

p 
2

S
te

p 
3

S
te

p 
4

S
te

p 
5

Manufacturer
data-sheet

BMS Data

Control signal

Initial set up 
information 

Heat exchanger:
First principles

Control element:
Preisach + LNN

Heat 
exchanger 

model
Hysteresis

model

Pre-calibrated
heat 

exchanger

Training data 
set

Calibrated 
hysteresis 

model

Calibrated 
component 

model



 

102 
 

number of steps to be followed and how these steps are implemented in a computer 

system. The schematic in Figure 3-21 shows an overview of the whole procedure and 

the relationship between each step. For validation purposes the methodology was 

implemented in specific computational tools; however, the ideas presented in this 

thesis can be easily ported to many other computational technology frameworks.  

Step 1 - Model implementation 

As mentioned above, the proposed calibration procedure focuses on the actuator of 

every component. To do that, each component is divided into two sub-models, a 

heat exchanger and a control element. Heat exchanger models are based on first 

principles while the control element is an LNN (derived from a hysteresis model). 

First principle-based models have been implemented using Modelica language since 

it is a modelling language that, with its declarative nature and block-oriented 

approach, allows multi-domain simulation. In this way, modellers do not have to 

concentrate their work on coding but only in the theoretical definition of the models. 

Although Modelica is a powerful tool for modelling physical systems, it has some 

limitations if it is used as a coding tool, especially if compared with standard 

programming languages (C, C++, Java, Python, etc.). That is why the control 

element model, an LNN, was coded using Python. Python is easy to learn and, with a 

very gradual learning curve, allows users to quickly prototype their ideas in a 

computer program by making use of third-party numerical and scientific packages, or 

directly coding a piece of software. 

Step 2 - Heat-exchanger pre-calibration 

Table 3-2 shows the data required to pre-calibrate the heat exchanger model. Here, 

the term pre-calibration refers to the initial model set-up that allows running 

simulations with a certain degree of accuracy. Since the parameter values used in this 

step are taken from the real system (usually from the manufacturer datasheet), the 

models should offer a fairly “good” accuracy but insufficient for FDD applications. 

In other words, information showed in Table 3-2 is the minimal dataset required to 

make the models useable but not necessarily accurate. 
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Step 3 - Generating the training dataset 

To improve the component model accuracy and fine-tune the model for specific 

applications, the control element model must be calibrated. Before carrying out the 

actuator calibration, the training dataset (the data used during the calibration process) 

is generated. The process of how to build the set of input-output paired samples has 

been described in Section 3.2 (Raw data collection); however, some considerations 

about this process implementation must be mentioned. 

Generating the training dataset requires iteration. This task can be easily performed 

making use of any programming language that allows scripting. Usually, Modelica 

IDEs provide modellers with a scripting tool. However, Modelica scripts are not 

powerful enough to complete the task at hand. Since Python has been chosen to 

implement part of the component models, Python is also used for generating the 

training dataset. The drawback of using an external scripting tool (instead of the 

Modelica built-in one) is the necessity of a middleware to allow the communication 

between Modelica and the external tool (in our case, Python programs). This 

middleware was developed as part of this thesis work (Febres et al., 2014b) since no 

middleware that allows the communication in simulation time (in-line) was available 

when this thesis work started. In addition, the developed Python/Modelica interface 

eases the calibration process of the control element (next step) as the calibration 

algorithm was, also, implemented in Python. 

Step 4 - Control element calibration 

As stated before, the component calibration model is completed by the control 

element model calibration. With this purpose in mind, a methodology based on 

machine learning techniques has been proposed. Python offers powerful and easy-to-

use standard libraries to deal with linear algebra equations and matrices, which 

facilities the implementation of the proposed methodology, the non-negative least 

squares method presented in the section “Implementation of the least squares”. In 

consequence, the approach adopted by this thesis (the Lawson and Hanson’s 

algorithm (Lawson & Hanson, 1974)), although mathematically advanced and 

powerful, does not represent a big challenge from the programming point of view. In 

addition, the algorithm requires data, generated in Python, from the previous step. 
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Hence, to facilitate the communication between the control element model and the 

calibration tool, the Lawson and Hanson’s algorithm was coded using Python 

standard libraries. 

Step 5 - Model coupling 

Finally, the heat exchanger and control element models are coupled using the 

Python-Modelica interface developed for this thesis work. With this, the component 

model is generated. However, the final goal is to model the whole AHU. To 

accomplish this, the component calibration procedure, shown in Figure 3-21, shall be 

repeated for each component of the AHU under study. Once every calibrated 

component model is generated, they are assembled per the configuration and 

location of the component in the real system. 

3.4 SUMMARY 

In this chapter, the thesis methodology has been presented. The basis of a novel 

approach to automatically calibrate AHU models was introduced. This methodology 

provides a trade-off between accuracy and computational cost, as will be 

demonstrated in the case study in Chapter 4 Validation, making the resulting 

calibrated models suitable for real-time applications such as fault detection and 

diagnosis. 

The methodology is based on the grey-box modelling concept, where a model is built 

from two sub-models, a white box model –with mathematical equations usually 

derived from physics laws– and a black box model –whose parameters may not have 

any physical meaning. In this thesis, the white box models are based on first 

principles of energy and mass conservation. They are meant for representing the 

active elements (heat and mass exchangers) of an AHU. The white box models are 

“pre-calibrated” using a minimal set of information normally available in the 

manufacturer datasheet. In order to increase the accuracy of the heat exchanger 

models, without increasing their computational cost, a black box model completes 

the component model. The black box model represents the actuator of each element 

and is based on a modified version of the discrete Preisach´s model of hysteresis. 

With the modifications and considerations this thesis proposes the Preisach´s model 
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becomes a linear neural network. This allows the use of advanced machine learning 

techniques to finely calibrate the model. 

The heat exchanger models were implemented in Modelica. As result of this 

implementation, a Modelica library containing models of the components most 

commonly found in an AHU was developed. The control element model was 

implemented in Python since this programming language offers the balance between 

computational power and programming sophistication needed for the task at hand.  

Because the component model is constituted by two sub-models that were developed 

in two different computational tools, a communication interface between Modelica 

and Python was also developed. 

In Chapter 4 Validation, the methodology is applied in a real case scenario and the 

results are validated against real data. 
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4 CHAPTER 4 VALIDATION 

This chapter describes the validation of the proposed calibration methodology of the 

simulation model used to support fault detection and diagnosis (FDD) solutions in a 

real air handling unit (AHU). 

Section 4.1 describes the EMWiNS project as most of the model development and 

calibration carried out in this thesis were essential for this project. In addition, most of 

the data used for the proposed methodology validation was generated within EMWiNS. 

The main demonstration unit is characterised, i.e. the unit´s structure, installed sensors, 

 

Figure 4-1. Roadmap of the proposed calibration methodology 
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data acquisition system and operation of the unit are discussed. The experiments 

performed for calibration and validation purposes are also described. 

Section 4.2 offers the main results of applying the proposed calibration methodology. 

Furthermore, an initial verification of the calibrated models is presented in this section. 

As in Chapter 3 Methodology, Figure 4-1 is used in section 4.2 to relate the 

methodology roadmap with the key subsections. 

To formally formulate the validation plan of the calibrated models, section 4.3 

introduces the tools and techniques used during the validation process. Then the 

simulation data is validated versus measured data. The proposed validation 

methodology is applied, and results of each verification test are presented. 

4.1 CASE STUDY: THE EMWINS PROJECT 

4.1.1 EMWiNS - Energy Monitoring Wireless Networked Systems 

EMWiNS was a project supported by the International Energy Research Centre (IERC) 

aimed to systematically develop a tool to support the embedded monitoring and fault 

detection and diagnosis that forms the basis for automated continuous commissioning 

of air handling units in buildings. This was a collaborative Irish project carried out by 

the partners presented in Table 4-1. 

Table 4-1. EMWiNS partners and their key role 

Partner Role in EMWiNS 
Computer Science, University College 
Cork (UCC) 

Coordinator. Development of a library of 
diagnostic models from Modelica AHU 
models. Development of APAR and 
quantitative FDD engines 

Civil Engineering, National University 
of Ireland Galway 

Development of validated/calibrated 
Modelica based AHU models. 
Development of qualitative FDD engine 

Nimbus Centre for Embedded 
Systems Research, Cork Institute of 
Technology 

Design and definition of wireless-
network-based diagnostic system, 
including EMWiNS sensor deployment 

Civil and Environmental Engineering, 
UCC 

Development of a test-bed for the project 
in a suitable building, which includes AHU 
systems to evaluate and demonstrate the 
embedded diagnostics approach. 
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EMWiNS involved six stages in the development of two model-based FDD solutions, 

qualitative and quantitative approaches, which can be used to detect and diagnose 

various faults that occur in an AHU. The stages of model-based diagnosis development 

and execution in the EMWiNS project are presented in Table 4-2 along with the 

corresponding contribution of this research work for each stage. 

As presented in Table 4-2, the main contribution of this thesis to the EMWiNS project 

was to provide an accurate implementation of the psychrometric processes involving 

Table 4-2. EMWiNS stages and this thesis contribution 

Stage Description Contribution 
1 Identifying the nominal (ideal) and fault 

modes of the individual and integrated 
components that comprise an AHU’s 
utilising APAR as the baseline 

Technical knowledge of how an AHU 
and its components work. Specifically, 
this includes the description of the 
active component presented in section 
3.1 and the AHU control strategy 
described in section Mode-based operation 
philosophy 

2 Representing the ideal/fault modes in 
terms of psychrometric processes (e.g. 
Heating, Cooling, Mixing, 
Humidification, De-humidification 
etc.) 

Mathematic formulation of the physics 
the represent an AHU’s components 
presented in section 3.1. The 
mathematical models developed in this 
thesis allow to represent both ideal and 
faulty behaviour 

3 Determining the required physical 
measurement infrastructure (e.g. 
temperature, humidity, airflow etc.) and 
effective data transformation 
middleware needed to support the 
rapid/distributed development and 
calibration of the AHU energy models 
that adequately capture the 
psychrometric process 

Section 3.2 presents a minimal set of 
signals required to calibrate the models. 
The mentioned section explains how 
the data must be handled to be used for 
calibration. In addition, a set of 
experiments are proposed in 
Experiments for data collection to generate 
the calibration data 

4 Developing initial and calibrated 
simulation models of the 
psychrometric processes that underpin 
the AHU nominal and fault modes 
using the Modelica modelling language 

Modelica models able to emulate 
nominal and fault modes, along with a 
novel automated calibration 
methodology described in section 3.2 

5 Transforming the calibrated Modelica 
models into mathematical abstractions 
that can be used in the development 
and execution of both Qualitative and 
Quantitative Fault Detection and 
Diagnosis models 

Technical support on how the 
mathematical models are formulated 
and the physics on which they are 
based. In the quantitative FDD case, 
the models developed in thesis were 
used directly 

6 Comparison of the performance of 
Qualitative and Quantitative Diagnosis 
models against an implementation of 
the APAR rules 

Collaborative publication with the 
FDD teams 
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temperature changes as this is the baseline on which model-based diagnosis can be 

compared with typical rule-based implementations such as air-handling unit 

performance assessment rules (APAR), along with a tool that allows to automatically 

calibrate the simulation models that represent the mentioned processes. 

Finally, it is worth noting that EMWiNS represents a suitable test case for the 

methodology presented in this thesis. The project deals with model-based FDD which 

is a real-time and highly model-dependent application. This makes the role of the model 

performance (in terms of accuracy and computational cost) a key aspect. The calibration 

methodology proposed in this thesis aims at filling the existing lack of an automated 

tool for calibration of AHU models meant to be used in real-time applications where 

the model accuracy plays a significant role. Each EMWiNS stage (Table 4-2) allows 

testing the developments produced in this research work, from the theoretical 

formulation and technical implementation of the models to the calibration of the 

computer models. Figure 4-2 shows the proposed methodology and the corresponding 

stages used to test individual developments. 

 

Figure 4-2. Testing the proposed methodology trough EMWiNS stages 
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4.1.2 The unit: AHU09 

The Cork School of Music is on the city centre of Cork City overlooking the River Lee 

on Union Quay. The building is approximately 12,000 m2 in area, spread out over five 

floors, and it functions as a centre of musical excellence locally, nationally and 

internationally. The building consists of a large variety of area types ranging from the 

450-seat rehearsal hall and “Black Box” theatre, to staff and student common rooms, a 

music library, live recording suites, offices, classrooms and lecture theatres amongst 

others. 

The air handling unit AHU09 (see Figure 4-3) within the Cork School of Music 

provides the main test bed for EMWiNS and this thesis. The unit, located at roof level 

on the fifth floor, serves a single room, the Audio Lab situated on the third floor of the 

school. The supply section of the unit comprises a fresh air intake and mixing section; 

attenuator; panel and bag filters; cooling coil; heating coil; humidifier; fan section; and 

distribution ductwork. The return section of the unit includes an attenuator; fan section; 

exhaust air and mixing section. 

In conjunction with the EMWiNS project, AHU09 required a very high specification of 

equipment, more so than a typical AHU. This level of sophistication allows the relevant 

signals of the AHU to be logged on a one-minute basis. The correct collection of this 

data had a significant impact for this thesis and the project as it is used to (i) accurately 

 

Figure 4-3. AHU09 as situated on the roof of the School of Music in Cork 
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calibrate the AHU simulation models and (ii) perform model-based fault detection 

diagnostic at real-time (revisit Section 3.2.3). 

4.1.3 Sensors and data acquisition system 

Sensors initial implementation 

An initial survey was conducted on the AHU09 to ascertain the existing data points that 

could be retrieved from the unit, including temperatures, humidity and control signals 

(valve and damper positions); and to set up the storage of these signals. Figure 4-4 and 

Table 4-3 detail the information that was available from AHU09 on the initial survey. 

Data logging for each of these points was carried out at one-minute intervals14. In 

addition, the data from the AHU09 outstation was dumped into a database, every 12 

hours. Therefore, significant detailed capturing of the available data from AHU09 was 

achieved on a continuous basis. 

 

14 To avoid modification in the existing control system and data synchronisation problems, we used the 
same sampling time that the monitoring system was using before EMWiNS implementation.  

 

Figure 4-4. Initial instrumentation on AHU09 
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During the first phase of the project, the data logging for all the data initially available 

was set up. This required, among others, the following two tasks to be completed in 

conjunction with the building management system (BMS) installed in the building: 

 Development of a program strategy to deliver one-minute interval values for 

each monitoring point associated with AHU09; 

 Setup scheduled events on the BMS PC located in the Cork School of Music to 

record data from the AHU09 outstation every 12 hours. 

In addition, a CO2 sensor was installed and commissioned (not shown in the Figures). 

The pre-existing space air quality transmitter was redundant, so the project collaborators 

estimated that this CO2 sensor would give more information. 

Sensor deployment 

Even though the monitoring system provided enough data for operation and control 

purposes, additional sensors had to be installed as they were required for the model 

calibration and FDD processes. Consequently, new sensors were deployed as a wireless 

monitoring and control (sensor/actuator) network. 

Table 4-3. List of monitored sensors/actuators of the initial implementation on AHU09 

Data Point Measuring Unit 

1 Cooling coil inlet temperature [ºC] 
2 Cooling coil outlet temperature [ºC] 
3 Heating coil outlet temperature [ºC] 
4 Supply air temperature [ºC] 
5 Return air temperature [ºC] 
6 Fresh air intake temperature [ºC] 
7 Fresh air intake control damper position [%] 
8 Cooling coil control valve position [%] 
9 Heating coil control valve position [%] 
10 Humidifier control valve position [%] 
11 Supply air humidity [%] 
12 Return air humidity [%] 
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This component-level monitoring enabled the relevant parameters in each section of the 

unit to be logged as in one-minute time-stamped data for all the original 

instrumentation with the addition of 12 other sensor/actuator signals as per Figure 4-5 

and Table 4-4. 

 

Figure 4-5. Final instrumentation on AHU09 
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Table 4-4. List of monitored sensors/actuators of the additional implementation on AHU09 

Data Point Measuring Unit 

13 Chilled water supply temperature (primary) [ºC] 
14 Hot water supply temperature (primary) [ºC] 
15 Post return fan temperature [ºC] 
16 Mixed air temperature [ºC] 
17 Cooling coil inlet humidity [%] 
18 Cooling coil outlet humidity [%] 
19 Heating coil outlet humidity [%] 
20 Post return fan humidity [%] 
21 Mixed air humidity [%] 
22 Fresh air intake humidity [%] 
23 Supply fan flowrate [m3/s] 
24 Return fan flowrate [m3/s] 
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The information from each of the 24 data points was configured in the same manner as 

the original points and as such were dumped to a database, every 12 hours.  

Table 4-5 shows the signals required to implement and validate the proposed calibration 

methodology. The table indicates with a “” the signals that were not available before 

the project deployment. After EMWiNS all the required signals were available.  

Data gathering system 

Data logging related to AHU09 was set up in the following manner: 

 24 individual data points across AHU09 (sensors and actuators) to have enough 

information to perform FDD at component level; 

 Program strategy for one-minute interval values for each measuring point 

associated with AHU09; 

 Scheduled events on the BMS PC record data from the controller every 12 

hours to verify no problem has occurred in the data storage system; 

 Spreadsheets retrieving the archived one-minute plots every 30 days (performed 

locally and manually) to distribute the one-month data among the project 

partners. 

To illustrate the gathering process, Figure 4-6 shows a simplified diagram of the data 

retrieval setup as AHU09. 

Table 4-5. Comparison of the signal required for calibration. : installed : unavailable 

Component Signal Initial setup EMWiNS 

Mixing Box 

Damper control signal    
Air input temperature    
Air input relative humidity   
Air output temperature    
Air output relative humidity   
Air mass flow rates (inlet and outlet)   

Coils & 
humidifier 

Valve control signal    
Air input temperature   
Air input relative humidity (not 
required for heating coil)   

Air output temperature  
(:humidifier)  

Air output relative humidity (not 
required for heating coil)   

Air mass flow rate   
Water input temperature   
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In order to retrieve the data from AHU09 for distribution to the project members, a 

visit to the Cork School of Music was required to manually retrieve the database 

information in a CSV file format from the BMS PC. The approximate size of each CSV 

containing 30 days of data is 200MB. 

Once retrieved, this data could then be uploaded to a server to which all EMWiNS 

collaborators have access. This process had to be undertaken every three weeks as the 

database would overwrite itself every 30 days due to storage limitations. 

This form of data collection was functional and produced usable logs. However, some 

minor issues were detected. These included: 

 The loss of data if the BMS was switched off; 

 Collection of datasets was a manual process; 

 The requirement for manual manipulation of the data files to remove redundant 

data to reduce the overall file size; 

 The manual investigation of the file to ensure the timestamps for the individual 

points matched up and there were no data gaps; 

 Faults in data collection were only recognised when a manual retrieval and 

examination were performed, and therefore significant scope for lost data 

existed; 

 The storage of data was limited to the BMS PC´s capacity. 

 

 

Figure 4-6. Simplified data retrieval system on AHU09 
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Data collection improvement 

To avoid some of the above issues, the researchers proposed different options to 

provide a more robust data retrieval and storage solution. Three options were deeply 

examined by the project team: 

 Web Services: data is automatically transferred over an HTTP or HTTPS 

connection to a remote database at scheduled intervals. 

 Duplicate software installed in the BMS: a copy of the BMS software would 

be installed on a PC with remote access to the content storage management. 

Table 4-6. Strength/weaknesses of the BMS integration solutions 

Approach Pros Cons 

W
eb

 s
er

vi
ce

s 

 Data will be available for 
interrogation 
 Quicker recognition of issues 
 Off-site data storage provides a 
level of redundancy 

 Cost of hosting a database 
server, ranging from cheap shared 
hosting services to dedicated cloud 
servers. The selection is largely 
based on the performance required. 
 BMS being turned off will still 
cause data loss, therefore auxiliary 
software could be installed to force 
PC start-ups every X hours 

B
M

S 
so

ft
w

ar
e 

co
py

 

 Data will be available for 
interrogation 
 Quicker recognition of issues 
 Off-site data storage provides a 
level of redundancy 
 The installed software could 
have its own, remotely accessible 
and independent SQL Database 

 Cost of BMS license, 
maintenance and future upgrades 
 New PC/server 
 Not a generic solution (vendor 
specific) 
 Dependent on good 
bandwidth/connectivity 
 Scalability issue as database size 
increases 
 Data transfer from site is not 
automatic and will require some 
maintenance to connect database 
files after they are uploaded 
 Full data replication will require 
a specialist to open firewall ports for 
SQL 

O
P

C
 s

er
ve

r 

 Data will be online and 
available for interrogation 
 Quicker recognition of issues 
 Single programmable interface 
for all PLC’s 
 Greater potential for reuse 
across BMS’s 

 Cost of OPC drivers as required 
by sites PLC’s 
 Some legacy PLC’s may not 
have an associated OPC driver 
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 Open platform communications (OPC) server15: connect the controllers and 

sensors directly to a remote database with a web-based user interface via a 

standards-based OPC protocol. 

Since the analysis of each of the above approaches is not a scope of this thesis, only the 

chosen approach (OPC server) is briefly described. Nevertheless, Table 4-6 provides a 

summary of the strength/weaknesses on which the researchers based their choice. 

OPC server 

An OPC server is a software application that acts a protocol converter. It is also 

commonly referred to as an OPC Driver. An OPC server will connect to a database or 

user interface and translate the data into a standards-based OPC format that can be 

interrogated. An OPC server could “talk” directly to the controllers and/or database, as 

Figure 4-7 shows. 

 

One of the main points in favour of the OPC server implementation was the fact that 

the server provides a live data feed while also enabling the retrieval of historical data via 

a web interface which all project members would be able to access directly at any time. 

The OPC server was also the most generic solution in that it could be easily adapted to 

function on different BMS configurations. The AHUs at the Cork School of Music 

were monitored and controlled via a specific vendor BMS system. However, if a facility 

 

15 Former Object Linking and Embedding for Process Control. 

 

Figure 4-7. OPC server implementation 
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had a different BMS provider, the OPC server solution could be ported relatively easily 

and would maintain the same level of functionality. Moreover, the portability of the 

proposed data server implementation is particularly useful for data-dependent 

applications such as the model calibration methodology proposed in this thesis. 

In addition to the installation of the OPC server, the data needs to be extracted from 

this interface, stored remotely and made accessible for all intervening parties via a web 

interface. Figure 4-8 shows the architecture used for the integration with the BMS’ 

content storage management. On-site, a compatible OPC server software was installed 

and configured to extract the relevant sensor data (from the AHU09) at one-minute 

intervals. An OPC connector was installed which acts as an OPC client that listens for 

new data events and extracts and input this data to the NiCORE platform (Nimbus 

Centre, 2010). 

 

The NiCORE platform, developed by one of the project members at Cork Institute of 

Technology, was used as the integration platform in EMWiNS. NiCORE is an 

integration and computational platform built around the concepts of event-driven 

architectures combined with dynamic service composition and invocation principles. 

From EMWiNS perspective, NiCORE provides a scalable, distributed and extensible 

platform that enables firstly the collection of sensor data from both BMS and wireless 

sensor networks (EMWiNS deployment); secondly provides computing resources to 

process those measurements into meaningful quantities and finally make this processed 

information available to other applications built on top of the platform as the model 

calibration framework proposed in this thesis. The platform offers an abstraction layer 

via standard based API’s (web services, IMQP etc.), between the sensor/actuator 

subsystems and the applications that require access to these layers. NiCORE stores the 

data in a relational database, which also includes mappings between physical sensors, 

 

Figure 4-8. BMS integration solution 
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data types, and OPC tags. Web-based interfaces were developed to enable the partners 

to access the extracted data remotely to support the modelling & calibration and 

diagnosis module development. The GUI developed for EMWiNS includes, among 

others, the features presented in Table 4-7. In addition, the table shows how the 

features impact on the development of this thesis. 

Diagnosis outputs are processed offline. However, diagnosis engines direct integration 

will be available in the future via the NiCORE’s standards-based API provided to 

visualise in real-time fault detection and diagnosis for the AHU under test. 

NiCORE in this thesis 

NiCORE platform was one of the core technologies used to apply and validate the 

calibration methodology proposed in this thesis. On the one hand, all data required for 

calibration and validation was directly retrieved from NiCORE platform via its web-

based GUI. The retrieved data was verified and synchronised automatically by 

NiCORE. On the other hand, the developed models were included in the platform to 

support the model-based FDD engine. The models were calibrated off-line and 

translated to the built-in language of NiCORE. As the diagnosis engines, the 

Table 4-7. Key features of NiCORE GUI and their benefits for this thesis. 

NiCORE features Benefits 
Quick view of current data and status 
view 

Data for calibration was accessible and 
updated at any time 

Graphing functionality for evaluating 
historical data 

Visual analysis of the data which avoids 
the use of corrupted information 

Implementation of AHU performance 
assessment (APAR) rules on live data 

An initial estimation of the status 
(OK/faulty) of the system allow to discard 
data useless for calibration 

Export functionality to excel and other 
diagnosis engine formats 

Data was available in .csv format, a format 
handled by most data-dependent tools 
(including the ones used in this research 
work) 

BMS style visualisation where the 
schematic of the AHU 9 is shown and 
the live data is overlaid to allow a 
remote view of the AHU status 

Since there were sensors not only for 
calibration purposes, a visual interface 
with the AHU’s schematic helps to 
discriminate any problem related to the 
signals used in this thesis 

Access from any web enabled device The data was accessible from any PC by 
signing in the NiCORE platform via any 
internet browser 

Visualisation of fault notification and 
diagnosis messages as generated by 
the FDD engines 

Once the models were calibrated, the 
FDD engine used them to provide fault 
reports accessible form NiCORE 
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development related to the models and calibration will be integrated via NiCORE’s 

API, which will save time and effort expended to translate the models. In addition, the 

API will allow on-line calibration, making the models and, consequently, the FDD 

engine adaptive. Figure 4-9 shows how NiCORE is related to the development of this 

thesis. 

4.1.4 Mode-based operation philosophy 

Part of this thesis work was to model the control strategy as this information is vital to 

properly interpret the data collected from the unit. That is why this section describes the 

operation philosophy of the unit. The description is focused only on the temperature 

control strategy as no other type of control, such as humidity or CO2, was considered 

during EMWiNS project. Only the main control loop (temperature control) was 

considered to validate the FDD developments as dehumidification and CO2 control 

 

Figure 4-9. Relationship between NiCORE and the proposed calibration methodology 
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loops were inactive most of the operation time. However, experiments were run for all 

the components and data was collected during regular operation time to apply and 

validate the proposed calibration methodology. Studying other operation loops is out of 

the scope of this thesis. However, validating this thesis’ developments in more complex 

systems (all control loops activated) shall be explored in further research works. 

Usually, an AHU is a mode-switching hybrid system, i.e. the unit is a system that can 

operate in multiple modes and switch between these modes either through continuous-

valued or discrete-valued signals provided by the monitoring system. 

Typically, there are two primary operation modes: (i) when the return air temperature16 

(sensor 5 in Table 4-3 and Figure 4-4) is above its set-point (ASP) and (ii) when the 

return air temperature is below its set-point (BSP). The operation based on these modes 

can be summarised as follows: 

If ASP, the BMS shall: 

1. Modulate the valve opening signal of the heating coil towards the fully closed 

position; coded as CHC in Figure 4-10. 

2. Modulate the mixing dampers from the minimum fresh air position to the full 

fresh air position (usually, fully open); OMC in Figure 4-10. 

3. Modulate the valve opening signal of the cooling coil towards the fully opened 

position; OCC in Figure 4-10. 

If BSP, the BMS shall: 

1. Modulate the opening signal valve of the cooling coil towards the fully closed 

position; CCC in Figure 4-10. 

2. Modulate the mixing dampers from the full fresh air position to the minimum 

fresh air position; CMD in Figure 4-10. 

3. Modulate the opening signal valve of the heating coil towards the fully opened 

position; OHC in Figure 4-10. 

In both cases, the BMS should check every step in the order above presented. If one of 

the steps is already completed, the BMS continues with the next step. An exception 

occurs when the fresh air temperature rises and cannot be used for cooling. In this case, 

 

16 In some AHU implementations, the controlled variable is the supply (entering to the served zone) air 
temperature. In that case, the described operation philosophy remains valid 
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the mixing damper goes to the minimum fresh air position. This behaviour is showed in 

Figure 4-10. 

 

Consequently, there are six possible control actions (states):  

1. CHC: Closing heating coil valve. 

2. OMD: Opening mixing damper. 

3. OCC: Opening cooling coil valve. 

4. CCC: Closing cooling coil valve. 

5. CMD: Closing mixing dampers. 

6. OHC: Opening heating coil valve. 

Figure 4-11 is the finite-state machine equivalent to Figure 4-10. The state diagram 

describes the relationship between the operation states mentioned above and 

summarised the mode-based operation of the AHU.  

 

Figure 4-10. Operation modes of the AHU (MDmin: Minimum fresh air position for mixing 

damper) 
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In addition, Table 4-8 summarises AHU operation considering the control signals 

(valves and damper positions) and their derivatives. 

 

 

  

Figure 4-11. Finite-state machine showing key relationships governing mode transitions 

Table 4-8. Operation of AHU in terms of key temperature and control settings (HC: heating coil, 

CC: cooling coil, MD: Mixing damper) 

State 
Temperature 
condition 

Valve or damper position Position derivative 
HC MD CC HC MD CC 

CHC ASP (0,1] 0 0 - 0 0 
OMD ASP 0 (min,1) 0 0 + 0 
OCC ASP 0 1 (0,1] 0 0 + 
CCC BSP 0 1 0 0 0 - 
CMD BSP 0 (min,1) 0 0 - 0 
OHC BSP (0,1] 0 0 + 0 0 
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Also, AHU control systems typically include additional modes to deal with specific 

situations. Table 4-9 shows the most relevant additional modes. 

 

Finally, it is worth noting that the mode-based operation is not captured directly by the 

first principle-based models presented in Chapter 3 Methodology. The control strategy 

was modelled separately and then included in the FDD engine. The main reason for this 

is that the control system implementation depends on the specific AHU and the 

physics-based models developed in this research work are non-specific-context models. 

In general, the proposed calibration methodology does not depend on the specific 

implementation of the control system. However, if no experiment may be performed in 

the real unit, the control strategy must be considered during the data collection to know 

the actual mode of the unit at any time, so the data can be used properly17. 

4.1.5 Data collection and pre-processing 

To generate the data required to calibrate and validate the models, on-site experiments 

were conducted in the physical unit (AHU09). Since the gathered data must capture the 

hysteresis behaviour of the control elements (valves and dampers), the experiments 

were set up swapping the entire range of the controlling variable values (opening 

position). The required signals were recorded by the BMS using one-minute time step. 

The experiments consist in an incremental opening of the valve or damper with 10% 

steps, starting at 0%, and waiting time of 10 minutes between changes as shown in 

Figure 4-12. Once reached 100% opening the valve or damper is incrementally closed, 

 

17 For instance, each component is calibrated using only data gathered when the component’s control 
signal is modulating 

Table 4-9. Additional operation modes 

Mode Occurs when: 
Start-up/Shutdown The AHU is starting or shutting down 

Defrosting Control 
The outdoor temperature falls below frosting 
temperature 

Supply low limit temperature 
control 

The supply air temperature falls below its set-point 

Air quality control The return air CO2 level rises above its set-point. 

Humidity Control 
The return air humidity is above the humidification 
demand set-point 
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in steps of 10% and waiting time of 10 minutes between changes until it reaches 0% 

opening. This process was performed twice during the corresponding experiment day. 

The next sections offer a deeper explanation of these experiments. 

Since the FDD engines work with the steady-state version of the models, the calibration 

data had to be filtered. Consequently, the well-known moving window steady-state 

detector was used for this task. The algorithm uses the standard deviation of the 

moving window in order to detect system steady-state and calculates it in a recursive 

fashion (Kim et al., 2008). 

Generating the training dataset 

The process of delivering the data required to calibrate the models, called training 

dataset, was presented in section 3.2. However, another aspect of this is how NiCORE 

framework contributes in this process. Figure 4-13 shows an overview of the process of 

generating the training dataset. The figure may be summarised as follows: 

 Initially, the data from the sensor network is collected by NiCORE platform. 

This includes data from the initial implementation and EMWiNS deployment; 

 Valves and dampers control signals are accessed by NiCORE; 

 Sensor and control signals are synchronised by NiCORE and then the data is 

filtered using the mention steady-state detector; 

 Data presented in Table 4-5 is retrieved from the steady-state synchronised 

database in NiCORE. The retrieved data is divided into sensor signals and 

control signals. 

 Sensor data is used to solve the inverse problem described in Training dataset in 

section 3.2; 

 

Figure 4-12. Examples of the control signal during experiments 
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 Finally, the control signal and the output of solving the inverse problem are put 

together to deliver the training dataset constituted by pairs of an input value 

(control signal) and the corresponding desired output value. 

4.1.6 Experiments for data collection 

This subsection outlines the test scenarios used to collect data for calibration, validation 

and diagnostics analysis. Because the AHU may operate in multiple nominal (free-fault) 

and faulty modes, the test scenarios (linked to a specific mode) under which data is 

collected must be defined. 

The proposed experiments are summarised in Table 4-10. One of the key aspects of all 

the experiments is the way the control signal is mapped, i.e. the range of the possible 

values of the control signal is swept. In this way, capturing the hysteresis behaviour of 

the control element is guaranteed18. Thus, the experiments were designed to emulate the 

 

18 Valid in this thesis as the hysteresis is represented by the discrete Preisach’s model which can be fully 
determined by the hysteresis loop (the envelope curve of the hysteresis) 

 

Figure 4-13. Delivering the training dataset 
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normal and faulty behaviours of the AHU’s components so the FDD tool may be 

tested and to generate data suitable for model calibration and for validation of this 

thesis methodology. 

Normal operation (no humidity control) 

In this experiment, the goal is to obtain relevant information about the modes on which 

only sensible heat is added to the air. Thus, it is important to avoid modes where 

humidity is being controlled since it can override the temperature control functions. 

This data will be labelled as the “normal” operation of the unit. It should be noted that 

this condition must be implemented in conjunction with all subsequent experiments to 

ensure that the obtained data is comparable. 

Required steps: 

1. Attempt to schedule the experiment when the outdoor humidity will be as low 

as possible. The weather forecast can be used; 

2. Raise the humidification demand set-point as high as possible. This is done to 

prevent the system from entering a de-humidification mode that bypasses the 

temperature control; 

3. Set the minimum fresh air position of the dampers to 30%; 

4. Check that all actuators are working correctly. 

If the humidity control of the AHU can be deactivated from the BMS directly, the first 

and second steps can be ignored. 

Table 4-10. Experiments for data collection 

Experiment 
Duration 
[hours] 

Control signal 
MB CC HC H 

Normal 
operation 10 [0.3, 1.0] [0.0, 1.0] [0.0, 1.0] [0.0, 1.0] 

Mixing box 
(MB) 6 

from 0.2 to 
1.0 – steps 
of 0.1 

[0.0, 1.0] [0.0, 1.0] [0.0, 1.0] 

Cooling coil 
(CC) 

7.5 [0.3, 1.0] 
from 0.0 to 
1.0 – steps 
of 0.1 

[0.0, 1.0] [0.0, 1.0] 

Heating coil 
(HC) 7.5 [0.3, 1.0] [0.0, 1.0] 

from 0.0 to 
1.0 – steps 
of 0.1 

[0.0, 1.0] 

Humidifier (H) 7.5 [0.3, 1.0] [0.0, 1.0] [0.0, 1.0] 
from 0.0 to 
1.0 – steps 
of 0.1 
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Duration of the experiment. This experiment is expected to run for 10 hours and 

during (or close to) occupancy hours (not at night) and will provide a benchmark of the 

operation of the system. 

Mixing box (stuck dampers) 

In this experiment, the goal is to generate the data needed for the mixing box model 

calibration. In addition, the gathered data is to be used to emulate a fault in the mixing 

box of the AHU. This requires the return air dampers and fresh air dampers to be fixed 

in different known positions. 

Required steps: 

1. The humidity control must be deactivated as in the normal operation 

experiment to ensure the data is comparable to the one generated during the 

“normal” operation; 

2. Check that all actuators are working correctly; 

3. Set up an incremental opening of the dampers with 10% steps and waiting time 

of 10 minutes between changes. Once reached 100% (fully open) the dampers 

shall be incrementally closed, in steps of 10% and waiting time of 10 minutes 

between changes until it reaches the minimum position. This step will be 

repeated allowing as many sweeps as time allocated for the experiment permits. 

Duration of the experiment. This experiment is expected to run for 6 hours as it 

accounts for two complete sweeps, up and down (from dampers minimum 

position=20% to 100% open), of the dampers position, with steps of 10% and settling 

time of 10 minutes19. This is needed to characterise properly the curves relating dampers 

opening with air temperature/humidity changes across the mixing box. 

Cooling coil (passing/stuck valve) 

This experiment is meant to generate the data needed for the cooling coil model 

calibration. In addition, the collected data is to be used to emulate a fault in the cooling 

coil of the AHU. This requires the actuator on the cooling coil valve to be manually set 

to different opening positions while the BMS continues to work as usual (not 

information about the real position of the valve is fed back to the BMS). 

 

19 As the system’s dynamics was not properly measured, a long settling time was used to capture dynamics 
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Required steps: 

1. The humidity control must be deactivated as in the normal operation 

experiment to ensure the data is comparable to one generated during the 

“normal” operation; 

2. Check that all actuators are working correctly; 

3. Set up an incremental opening of the valve with 10% steps, starting at 0%, and 

waiting time of 10 minutes between changes. Once reached 100% opening the 

valve shall be incrementally closed, in steps of 10% and waiting time of 10 

minutes between changes until it reaches 0% opening. This step will be repeated 

allowing as many sweeps as time allocated for the experiment permits. 

Duration of the experiment. This experiment is expected to run for 7.5 hours as it 

accounts for two complete sweeps, up and down (from 0% to 100%), of the valve 

position, with steps of 10% and settling time of 10 minutes. This is needed to 

characterise properly the curves relating valve opening with air temperature/humidity 

changes across the cooling coil. 

Heating coil (passing/stuck valve) 

In this experiment, the goal is to generate data to emulate a fault in the heating coil of 

the AHU and to calibrate the heating coil model. This requires the actuator on the 

heating coil valve to be manually set to different opening positions while the BMS 

continues to work as usual. 

Required steps: 

1. The humidity control must be deactivated as in the normal operation 

experiment to ensure the data is comparable to one generated during the 

“normal” operation; 

2. Check that all actuators are working correctly; 

3. Set up an incremental opening of the valve with 10% steps, starting at 0%, and 

waiting time of 10 minutes between changes. Once reached 100% opening the 

valve shall be incrementally closed, in steps of 10% and waiting time of 10 

minutes between changes until it reaches 0% opening. This step will be repeated 

allowing as many sweeps as time allocated for the experiment permits. 
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Duration of the experiment. This experiment is expected to run for 7.5 hours as it 

accounts for two complete sweeps, up and down (from 0% to 100%), of the valve 

position, with steps of 10% and settling time of 10 minutes. This is needed to 

characterise properly the curves relating valve opening with air temperature changes 

across the heating coil. 

Humidifier (passing/stuck valve) 

In this experiment, the goal is to emulate a fault in the Humidifier of the AHU. This 

requires the actuator on the Humidifier control valve to be manually set to different 

open positions while the BMS believes it is set at a different opening. 

Required steps 

1. The humidity control must be deactivated as in the normal operation 

experiment to ensure the data is comparable to one generated during the 

“normal” operation; 

2. Check that all actuators are working correctly; 

3. Set up an incremental opening of the valve with 10% steps, starting at 0%, and 

waiting time of 10 minutes between changes. Once reached 100% opening the 

valve shall be incrementally closed, in steps of 10% and waiting time of 10 

minutes between changes until it reaches 0% opening. 

Duration of experiment. This experiment is expected to run for 7.5 hours as it 

accounts for two complete sweeps, up and down (from 0% to 100%), of the valve 

position, with steps of 10% and settling time of 10 minutes. This is needed to 

characterise properly the curves relating valve opening with air temperature/humidity 

changes across the humidifier. 

Final notes about data collection experiments 

Although the presented experiments were carried out within EMWiNS projects, in units 

already running it may be not possible. On the other hand, it was assumed that the 

studied system is fault-free operating, which is not necessarily true. The calibration 

methodology developed in this research work shall be further extended to address these 

limitations. In this thesis, the experiments are needed, thus the procedure is not 

currently a plug-n-play for existing systems. Thus, a re/retro-commissioning is needed 

(or at least the facility must be doing continuous commissioning). From this standpoint, 
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APAR approach represents a more suitable solution as it may be applied in faulty units 

without running the presented experiment. 

4.2 MODEL CALIBRATION 

4.2.1 Models implementation 

 

The development of the models and their mathematical formulation was explained in 

Chapter 3 Methodology. To illustrate how the simulation experiments were set up in the 

Modelica development environment, Dymola, Figure 4-14, Figure 4-15 and Figure 4-16 

are included. The “PyCom” block is part of the communication tool that allows the 

real-time interaction between Python and Dymola. The block may be set up as a 

receiver (receives data from Python), a sender (send data to Python) or a control 

element (for synchronisation purpose), which allows communication between the first 

principles models in Dymola with the Preisach’s model of hysteresis in Python. 
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Figure 4-14. Dymola diagram of the Mixing Box simulation experiment. 

 

Figure 4-15. Dymola diagram of the Heating/Cooling Coil simulation experiment. 
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For the implementation of the control element model, the input space of the valve and 

damper (ℝ ∈ [0, 1]) was discretised into 50 partitions of equal lengths (i.e. steps of 

0.02, or 2% of the range) resulting in 50 values of 𝛼 and 𝛽, the threshold parameters of 

the hysterons (see Figure 3-11 in Control element model in section 3.2). As stated in the 

proposed methodology, a neuron is needed per each possible (𝛼, 𝛽) pair. Consequently, 

the resulting number of neurons (hysterons or relays) is given by the combination , 

i.e. 1275 hysterons. In addition, a bias unit is added as standard practice in neural 

networks, having a total neuron count of 1276. This degree of discretisation was chosen 

as a trade-off between expected accuracy and computational resources needed by the 

training algorithm of the network. For this thesis work, 2% a fifth of the data 

calibration precision (10%).20 

All simulations were performed using a personal computer with a 2.8 GHz dual-core 

processor and 8 GB in RAM. Dymola 2013 FD01 (64-bit) and Python 2.7 were used to 

generate the results. 

 

20 In here, the data precision is defined by the length of the steps used during the proposed experiments 
(see section Experiments for data collection) 

 

Figure 4-16. Dymola diagram of the Humidifier simulation experiment. 
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4.2.2 Nominal condition data 

 

The model development was driven by the specific application needs which include the 

best use of the AHU manufacturer’s data for setting up the models. This criterion eases 

the use of the models since the manufacturer’s data is the first source of information a 

modeller will have at hand. This information is often provided as a set of values for 

interacting variables for one operation scenario, usually defined by the nominal 

conditions of the component. The models developed in this thesis are such that 

manufacturer’s data is used as parameters input when setting up the models. By using 

the manufacturer’s data as model parameters, we ensure an initial tuning of the model 

under the nominal conditions provided by the manufacturer. 

Manufacturer information and physical quantities used as parameters for each 

component model are presented in Table 4-11. The temperature increment, due to the 

heat transferred by the fan, is assumed to be 1.65 ºC. 
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4.2.3 Optimal control signal computation 

 

Following the proposed methodology, the tolerance (𝜀) of the error between R and Y 

was fixed at 0.1% of the expected value Y (see Training dataset in section 3.2). 

Determining the optimal control signal was carried out iteratively using the bisection 

method. 

Table 4-11. Model parameters and physical quantities 

Model parameter Cooling coil Heating coil 
Nominal air input 
temperature [°C] 

25.0 6.3 

Nominal air input relative 
humidity [%] 50.0 - 

Nominal air output 
temperature [°C] 

13.8 18.8 

Nominal air output relative 
humidity [%] 88.0 - 

Nominal air mass flow rate 
[m3/s] 

1.35 1.35 

Nominal water input 
temperature [°C] 

6.0 82 

Nominal water output 
temperature [°C] 12.0 71 

Nominal water mass flow rate 
[kg/s] 

0.97 0.47 

Physical quantity 
Air specific heat capacity 
[J/(kgK)] 

1006 

Water specific heat capacity 
[J/(kgK)] 

4186 

Atmospheric pressure [Pa] 101325 
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Figure 4-17 shows the optimal control signal calculated for all the components. Note 

that, for the humidifier ((d) in the figure), the control signal from the BMS does not 

follow the same pattern as the other components. This is due to a sensor problem 

occurring during the humidifier experiment day. Particularly, the air temperature sensor 

at the component outlet provided incorrect readings. In consequence, the data used to 

calibrate the humidifier model was collected during a regular day, i.e. no experiment was 

carried out during this day. This implies that the humidifier model would not be 

necessarily reliable outside of the range of data within which it was calibrated as the 

extrapolation capabilities of the model was not explored. Finally, another anomaly (an 

inverse peak in the green line) is presented in the cooling coil ((b) in the figure) due to 

possible errors when collecting the calibration data, although the anomaly does not 

affect the calibration results (see next section). 

 

Figure 4-17. Optimal control signal calculation. Signal from BMS in blue. Calculated optimal values in 

green. (a): Mixing box. (b): Cooling coil. (c): Heating coil. (d): Humidifier 
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4.2.4 Control element calibration 

 

The calibration of the hysteresis model corresponding to each control element was 

performed using the proposed algorithm, an active set algorithm (presented in 

Implementation of the least squares section 3.2) that efficiently solves the non-negative linear 

least square problem. 

Figure 4-18 shows the hysteresis loop for each component after calibration. Various 

aspects can be observed in the graphs such as the actual opening of the loop, the value 

where the signal starts to increase and the value where it stops increasing. The plots 

offer a limited but useful information about the condition of the control elements. For 

example, on the top-left graph, the mixing box damper presents a very wide loop, which 

usually is a sign of malfunctioning due to the damper wear. Also, bottom-right graph, 

the output of the humidifier valve gets a constant value proximally over 70% opening 

 

 

Figure 4-18. Control element hysteresis loop (normalised). (a): Mixing box. (b): Cooling coil. (c): 

Heating coil. (d): Humidifier 
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(0.7 in the figure), which may be interpreted as the valve gets stuck for opening values 

higher than 70%. However, in this case, it is because no calibration data was collected 

for values above 70%, as can be seen in Figure 4-17 (d). 

4.2.5 Coupling the component models 

 

Once calibrated, each hysteresis model (in Python) is coupled with the corresponding 

heat exchanger model (in Dymola). This coupling is made using the Python/Modelica 

interface. Using the same interface, the resulting model (hysteresis + heat exchanger) of 

each component are coupled accordantly to the real system configuration, resulting in a 

single calibrated model of the whole AHU. 

 

 

Figure 4-19. Outlet air temperature for one validation day. (a): Mixing box, (b): Cooling coil, (c): 

Heating coil and (d): Humidifier. Simulated in blue (line) and measured value in red (dashed) 
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The calibrated AHU model was simulated to generate the simulation data to be used for 

validation purpose. These simulations were run using the validation dataset collected 

from the proposed experiments (Experiments for data collection section 4.1) in the real 

system. 

The simulated and measured outlet air temperatures for each component corresponding 

to one of the validation days (13/09/2012) are presented in Figure 4-19. 

4.2.6 Initial verification 

Two of the most common metrics used to quantify the goodness of a simulation model 

performance are the coefficient of variation of the root-mean-square error, CV-RMSE, 

and the normalised mean bias error, NMBE (ASHRAE, 2002). However, for this thesis, 

the use of these errors is avoided since the variable of interest (the variable used to 

calculate errors) is temperature. On the one hand, Celsius’ scale is an interval scale that 

should not be used to calculate those types of errors as they require non-negative values 

to guarantee an average above zero. On the other hand, using an absolute scale such as 

Kelvin’s degrees would lead to small and unrealistic values of the CV-RMSE and 

NMBE since the norm variable would have large values when compared with the 

absolute errors. To overcome this inconvenient and provide an initial verification, the 

chosen metric was the normalised root-mean-square error, NRMSE as it is normalised 

using a positive difference. The NRMSEs of the output temperature for each 

component are presented in Table 4-12. Those errors are calculated after assembling all 

components that were previously calibrated. Results show that the deviation of the 

Table 4-12. NRMSE for the output temperature for each component 

NRMSE 
[%] 

Mixing 
box 

Cooling 
coil 

Heating 
coil 

Humidifier 

Day 1 9.49 6.21 8.55 8.69 

Day 2 17.73 9.94 12.18 12.65 

Day 3 13.36 11.49 12.93 13.77 

Day 4 8.23 8.55 12.97 14.36 

Day 5 7.58 7.69 10.74 12.84 

Mean 11.28 8.78 11.47 12.46 
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output in the cooling coil is compensating the error from the mixing box, especially on 

day 2. In general, the output temperature of the unit (output of the humidifier) presents 

an averaged NRMSE lower than 13% which can be interpreted as a maximum averaged 

deviation of 1.3°C when the range of the output values is 10°C. Although this result is 

not a formal validation, it provides a first insight into the validity of the calibration 

methodology, which allows proceeding with the proposed validation procedure. 

4.3 SIMULATION MODEL VALIDATION 

To understand the approach adopted to validate the calibrated models, the meanings of 

verification and validation within the context of this thesis are introduced. In addition, it 

is important to mention that the applicability of the proposed methodology is restricted 

to the validation of computer models, i.e. models implemented as computer programs 

(software) meant for simulating, and consequently predicting, the behaviour of real 

systems. Hence, the word model will refer to a computer model, unless otherwise 

stated. 

Usually, a model is designed to support users in making decisions about the real system 

represented by the model. In this sense, decision makers base their decisions on results 

obtained from a model simulation, as in the case of model-based FDD. That is why 

ensuring the “correctness” of a model is an essential part of the model developer´s 

work. This issue is undertaken by carrying out the verification and validation processes. 

The accepted definitions of verification and validation in this thesis are those offered by 

the US Department of Defense´s instruction number 5000.61 (Department of Defense, 

2009): 

Verification: “The process of determining that a model or simulation implementation and its 

associated data accurately represent the developer’s conceptual description and specifications” 

Validation: “The process of determining the degree to which a model or simulation and its associated 

data are an accurate representation of the real world from the perspective of the intended uses of the 

model” 
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(Pace, 2004) proposes some questions that should be answered when verifying and 

validating models, which helps to understand and apply the concepts: 

From these definitions, one may conclude that verification and validation need to be 

performed for each intended use of a model. For instance, if the purpose of a model is 

to support the users in making different types of decisions, the validity of the model 

must be determined regarding each decision. 

In order to define the applicability domain of the model, a considerable amount of sets 

of experimental conditions (SEC)21 are normally required. Furthermore, a model may be 

valid for one SEC and invalid for others. If the accuracy of a model is within the 

“acceptable” range of accuracy, i.e. the accuracy required for the model´s intended 

purpose, the model is considered valid for a specific SEC. Consequently, the model's 

output variables of interest (the variables observed when the user makes decisions) and 

their acceptable range of accuracy need to be specified. 

Since the validation and the development of a model are carried out simultaneously, an 

acceptable range of accuracy should be specified very early in the model development 

process (or, preferably, before starting the development). If the variables of interest are 

random variables, properties of the distribution function (usually means and variances) 

are studied to determine the model´s validity, instead of using the variable of interest 

directly. 

Determining a model´s validity, i.e. performing model verification and validation, is 

generally considered to be an iterative process and is usually part of the (total) model 

 

21 A set of experimental conditions contains the specific values for the model´s variables that define the 
domain of specific applicability. 

 Intuitive question Extended version (Pace, 2004) 

Verification Did the modeller develop the 

model properly? 

“Have the model and simulation been built 

so that they fully satisfy the developer’s intent 

(as indicated in specifications)?” 

Validation Did the modeller develop the 

proper model? 

“Will the model or simulation be able to 

adequately support its intended use? Is its 

fidelity appropriate for that?” 
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development and calibration processes, which implies that several versions of a model 

are developed before obtaining a satisfactory model (Sargent, 2015). 

4.3.1 Adopted approach 

The validation approach adopted in this thesis is based on the methodology proposed 

by (Sargent, 1999). This section introduces the basics and definitions required to 

understand the methodology. See (Sargent, 2004) for a deeper description. One of the 

key characteristics of Sargent´s methodology is that the model verification and 

validation are part of the development process. The methodology is depicted in Figure 

4-20. 

Consider the model development process presented in Figure 4-20: 

 The problem entity is the system or phenomena to be modelled. Inferences 

and assumptions about the problem entity are derived by conducting computer 

experiments on the computerised model in the experimentation phase. The 

problem entity studied in this thesis is the AHU described in section 4.1; 

 

Figure 4-20. Simplified version of the development process of a simulation model (Sargent, 2015) 
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 The conceptual model is the mathematical/logical/graphical representation of 

the problem entity formulated for a specific purpose. The conceptual model is 

developed through an analysis and modelling phase. The conceptual models 

used in this research work were proposed and defined in section 3.1; 

 The computerised model is the implementation of the conceptual model on a 

computer. This model is developed during the computer programming and 

implementation phase. Section 4.2 describes the main conditions under which 

the computerised model used in this thesis was developed. 

(Sargent, 2015) establishes the relationship between the development process and the 

model verification & validation activities (see Figure 4-20). To complete the idea 

described in Figure 4-20, the following definitions are provided: 

Conceptual model validation: determining that the inferences and 

assumptions obtained from the experimentation phase are “valid” and, 

consequently, the model represents “reasonably” the problem entity for the 

intended purpose of the model; 

Computerised model verification: assuring that the conceptual model is 

correctly implemented as a computer model (usually, as a piece of software). 

Operational validation: determining that the behaviour of the model's variable 

of interest has a satisfactory range of accuracy (when compared with the 

modelled system) for the intended purpose and over the domain of intended 

applicability of the model; 

Data validity: ensuring that the data required for the conceptual model 

formulation, model implementation, model evaluation and testing, and 

experiments phase are adequate and correct. 

To illustrate how these concepts were applied in this thesis, Table 4-13 shows the most 

relevant sections related to each concept. 
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4.3.2 Model development process 

As mentioned before, the model validation process is strongly affected by the intended 

purpose or use of the model. This implies that the model should be built for a specific 

purpose. Furthermore, according to the principle of parsimony, the model should be as 

simple as possible and yet accomplish the intended purpose with the desired level of 

accuracy (Vandekerckhove et al., 2015). The models developed in this research work are 

a mixture of a structural model based on first principles and an empirical model built 

(calibrated) from data (see Chapter 3 Methodology). Consequently, obtaining a validated 

simulation model implies an iterative process. Following the adopted approach (Sargent, 

1999), this iterative process is presented in the flowchart of Figure 4-21. 

The flowchart in Figure 4-21 provides the steps to be followed in order to develop a 

valid model. The workflow can be summarised as follows: 

1. The analysis of the problem entity is carried out to formulate a conceptual 

model. The model should have only the accuracy required to satisfy the 

intended use, sometimes referred to as model fidelity; 

2. The validation of the conceptual model is performed; 

3. Steps 1 and 2 are repeated until the conceptual model is accepted; 

4. The previously validated conceptual model is implemented on a computer 

through the programming and implementation process; 

5. The computerised model is verified; 

6. Steps 4 and 5 are repeated until the computerised model is accepted; 

7. Operational validation is performed on the verified computerised model. When 

conducting operational validity, the required changes may be in either the 

conceptual model or in the computerised model; 

8. Steps 2-7 are repeated until a valid simulation model is generated. 

Table 4-13. Verification & validation activities 

Conceptual model validation 
Section 3.1: AHU first principle models 
Section 3.2: Methodology for model calibration 

Computerised model verification Section 4.2: Model calibration 
Operational validation Section 4.3: Simulation model validation 

Data validity 
Section 3.2: Methodology for model calibration 
Section 4.1:Case study: The EMWiNS Project 
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Details about different concepts and techniques of conceptual model validation, 

computerised model verification, and operational validity can be found in the following 

literature (Naylor et al., 1967; Carson, 2002; Sargent, 2011; Liu et al., 2011; Pace, 2004). 

The following section is focused on the operational validity since the validation results 

reported in this chapter are those obtained from the operational validation process. 

4.3.3 Operational validity 

The operational validity analysis adopted by this thesis is based on the approach 

proposed by (Barlas, 1996). Barlas’ methodology is a multi-step validation procedure 

meant for model validation of dynamical systems. The methodology assumes that the 

system to be modelled is observable, i.e. the inputs and the variables of interest 

(typically called “outputs”) of the system can be measured directly. Consequently, the 

model-generated behaviour may be compared to the observed behaviour of the real 

system, assessing the “behaviour validity” of the model (Duggan, 2016). 

 

Figure 4-21. Flowchart of the development process of a simulation model (Sargent, 2015) 
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Contrary to “pure” regression models (Orr, 1996), models of dynamical systems usually 

do not exploit formal or systematic estimation/calibration procedures that assure a 

minimum mean squared error over the data available for the estimation/calibration 

(Ullah, 2008). Therefore, the use of point-based metrics, such as the coefficient of 

determination, the sum of squared errors and the mean squared error, have the 

possibility of providing incorrect results (Sucullu, 2014). As an alternative, (Barlas, 1996) 

proposed a pattern-oriented procedure appropriate for validation of dynamical systems 

models, which considers two different types of systems. 

For systems that involve transient highly non-stationary behaviour, Barlas proposed 

to use graphical-oriented measures such as the amplitude of peak, time between two 

peaks, minimum value, slope and the number of inflexion points. 

For steady-state simulation results, a six-step statistical procedure is proposed: 

1. Trend comparison and removal; 

2. Comparing the periods; 

3. Comparing the means; 

4. Comparing the variations; 

5. Testing the phase lag; 

6. Overall summary measure. 

1. Trend comparison and removal 

To fulfil the statistical stationarity assumption (Barlas, 1996), trends in the data shall be 

removed. Low-order trends presented in Table 4-14 are used to avoid any loss of 

significant partner-related information. If there is no significant difference in trends 

between the two datasets (measured and simulated data), the trend components can be 

Table 4-14. Trend fitting and removal. t denotes time index, y input time-series, y0 fitted curve, 

and y’ de-trended curve 

Trend Fitting formula Removal formula 

Linear y0 = b0 + b1*t y’ = y - b1*t 

Quadratic y0 = b0 + b1*t + b2*t2 y’ = y - b1*t - b2*t2 

Exponential y0 = b0*eb1*t y’ = y - b0*(eb1*t – 1) 
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removed. Otherwise, a model revision is required. Table 4-14 shows the proposed 

trends and the corresponding trend-fitting and trend-removal formulas. 

Trend components can be safely removed when all the removal formula parameters 

deviate less than 10%. 

2. Comparing the periods 

An autocorrelation function test can detect significant errors in the periods. The 

autocorrelation of a time series 𝑋 , as a function of the time lag, is given by: 

𝑟(𝑘) =
[( )( )]

( )
, for lag 𝑘 = 1,2,3 … < 𝑁 

where 𝑁 is the number of samples in 𝑋 , E[∙] is the expected value operator and 𝑣𝑎𝑟(∙) 

is the variance operator. 

If 𝑟 (𝑘) belongs to the simulation output and 𝑟 (𝑘) to the actual (observed) one, then 

the following null hypothesis may be used to compare both set of data: 

𝐻 : 𝑟 (𝑘) − 𝑟 (𝑘) = 0, ∀𝑘  

and the corresponding alternative hypothesis, 

𝐻 : 𝑟 (𝑘) − 𝑟 (𝑘) ≠ 0, 𝑓𝑜𝑟 𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝑘  

Now consider the difference 𝑑 = 𝑟 (𝑘) − 𝑟 (𝑘). The standard error (𝑆𝐸 ) of 𝑑  is 

given by: 

𝑆𝐸(𝑑 ) = 𝑣𝑎𝑟 𝑟 (𝑘) + 𝑣𝑎𝑟 𝑟 (𝑘)   

Since 𝑑 = 0 under 𝐻 , the confidence interval {−2 ∗ 𝑆𝐸(𝑑 ), 2 ∗  𝑆𝐸(𝑑 )} is 

constructed. If 𝑑  falls outside the interval (at least for one 𝑘), 𝐻  is rejected. 

In order to calculate 𝑆𝐸(𝑑 ), (Barlas, 1996) proposes the following approximation for 

the estimation of the variances: 

𝑣𝑎𝑟 𝑟(𝑘) =
∗( )

∑ (𝑁 − 𝑖) ∗ 𝑟(𝑘 − 𝑖) + 𝑟(𝑘 + 𝑖) + 2 ∗ 𝑟(𝑘) ∗ 𝑟(𝑖)   

This test is particularly useful when the compared datasets show a periodic behaviour. 
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In summary, for comparing periods the following steps must be followed: 

1. Calculate the autocorrelation 𝑟 (𝑘) and 𝑟 (𝑘); 

2. Calculate 𝑑 ; 

3. Calculate 𝑣𝑎𝑟 𝑟(𝑘) ; 

4. Calculate 𝑆𝐸(𝑑 ); 

5. If −2 ∗ 𝑆𝐸(𝑑 ) < 𝑑 < 2 ∗  𝑆𝐸(𝑑 ) then accept the model results, else revise 

the model. 

3. Comparing means 

The “per cent error in the means”, 𝐸 , can be defined as follows: 

𝐸 =
| ̅ ̅|

̅
  

where 𝑆̅ and �̅� are the means of the simulated and actual data, respectively. 

When the model has no systematic error, 𝐸  rarely exceeds 5% (Duggan, 2016). 

4. Comparing variations 

The “per cent error in the variations”, 𝐸 , is defined as follows: 

𝐸 =
| |

  

where 𝑠  and 𝑠  are the standard deviation of the simulated and actual data, 

respectively. 

According to (Duggan, 2016), even if the model has no systematic error, 𝐸  can be as 

large as 30%.  

5. Testing the phase lag 

Cross-correlation measures the similarity of two time-series as a function of time-shift 

between them. So, the cross-correlation function provides an estimate of a potential 

phase lag between the actual and simulated data. The occurrence of the maximum lag at 

time 0 indicates that the phases match, and at any other value indicates that the two 

series are out of phase. The cross-correlational function quantity max-min (peak to peak 

amplitude) is larger than 0.80 in the presence of a systematic phase lag (Duggan, 2016). 
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The cross-correlation function is given by: 

𝐶 (𝑘) =
∑ ( ̅)∗( ̅)

∗
, for lag 𝑘 = 1,2,3 … < 𝑁 

6. Overall summary measure 

As mentioned, traditional single value (point-oriented) statistics do not provide strong 

metrics for output evaluation of dynamic simulation models. However, it is still desired 

to identify with single value summary statistics. As the last step, and only when all other 

validity tests have passed, a discrepancy coefficient 𝑈 can be determined as a single 

summary measure: 

𝑈 = , where 𝑠  is the standard deviation of the time series 𝐷 = 𝑆 − 𝐴 . 

Models without systematic errors may have 𝑈 values as high as 0.70, as 𝑈 is a point 

prediction measure, whereas system dynamics models are pattern-oriented (Duggan, 

2016). 

7. Graphical-oriented measures 

Visual comparison approaches complete the analysis and comparison of the datasets. 

For transient model outputs, which are in fact encountered on a significant portion of 

system dynamics projects, no general statistical tests are applicable (Barlas, 1996). In the 

case of the calibrated models developed shown in the case study, the following four 

graphical measures are reported: 

 Maximum value of the output; 

 Minimum value of the output; 

 Time between max and min; 

 Overall change (difference between the initial and final value of the transient 

phase). 

4.3.4 Model validation guideline 

In order to carry out the validation process, the needed functions were implemented in 

Python (see Appendix A Validation functions (Python code)). The code provides the 

functionality required to calculate and determine all the statistics and graphical measures 

used during the model validation procedure. However, some manual work is still 
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required, e.g. inputting the data, choosing the most suitable trend curve, identifying the 

transient and the steady-state parts of the data, etc. This section provides a step-by-step 

guide of the validation procedure. 

Step 0: Load and prepare the data for the behaviour-oriented analysis. Real and simulated 

datasets are loaded from a comma separated value file. The data shall be input in the 

correct format, i.e. as time series with the same sampling time. The loaded data is then 

prepared by splitting it into the transient and steady-state parts. This process is 

performed manually. 

Step 1: Trend regression and normalisation. Steady-state parts of the two time-series 

(measured and simulated datasets) are processed to determine, among of the proposed 

low-order trends, their appropriate trend. If there is no significant difference between 

the two trends, the trend components can be removed, and two new de-trended time-

series are generated. Otherwise, a model revision is required. Then the resulting datasets 

are normalised. 

Step 2: Comparing periods. The primary period is determined manually by analysing the 

autocorrelation curves of both time series. A comparison of the primary period is 

particularly useful when the data shows a periodic behaviour. The main result from this 

step shall be the result of the autocorrelation test. A Python script calculates the 

autocorrelation coefficients and the appropriate confidence intervals, so the test is 

carried out automatically. 

Step 3 & Step 4: Comparing the means and the variations. Two Python functions 

automatically calculate the metrics corresponding to these two steps. Thresholds 

proposed in the previous section are used to decide about the model validity. 

Step 5: Testing the phase lag. Phase lag between the two time-series is computed using the 

cross-correlation function implemented in the code. Results from this step indicate 

whether the analysed data series are in phase or not. The cross-correlational function 

quantity 𝑚𝑎𝑥 − 𝑚𝑖𝑛, along with a threshold, is used to identify the presence of a 

systematic phase lag. 

Step 6: Overall summary measure. The discrepancy coefficient is computed using the 

corresponding Python function. Discrepancy coefficient can take large values if the 

previous steps of the procedure are passed successfully. 
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Step 7: Graphical-oriented measures. The transient parts of the data series are compared. 

Four functions are implemented to calculate the following metrics: (i) minimum levels, 

(ii) maximum levels, (iii) time duration between maximum and minimum observations, 

and (iv) overall change. 

4.3.5 Reporting the verification results 

The results of the operational validity will be summarised in a summary table as Figure 

4-22 shows, along with the corresponding comments and conclusions. 

 

  

 

Figure 4-22. Summary table for operational validity 

Metric  Actual  Model  Diff  Error

Trend slope  -  -
Autocorrelation test  -  -
Mean
Standard Dev.
Phase lag  -  -
U(discrepancy)  -  -

Max. value
Min. value
Time between max. and min.
Overall change

Graphical measures

Multi-step validation

Pass / not pass
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4.3.6 Results 

Figure 4-23 to Figure 4-27 show the validation results. Data collected between 2012 and 

2013 was used as validation data. Due to webserver access limitation and incorrect 

positioning of some sensors, useful data is limited to three months (mainly winter). 

Furthermore, the final validation data contains five days of regular operation of the 

AHU during these moths. The proposed validation methodology was applied to each 

dataset. 

Each figure presents the raw data on top-left plot, the measured data in blue and the 

simulated in green. The top-right plot represents the removed trends (linear for all 

datasets). In the period comparison graph, the validation boundary is in red while the 

hypothesis function is in dark bars. Finally, the bottom-right chart depicts the cross-

correlation function used to estimate the phase lag between the actual and simulated 

data. 

 

 

Figure 4-23. Validation results for the 13/09/2012 
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Figure 4-24. Validation results for the 14/09/2012 

 

Figure 4-25. Validation results for the 09/01/2013 
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.  

 

Figure 4-26. Validation results for the 06/02/2013 

 

Figure 4-27. Validation results for the 01/06/2013 
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Table 4-15 to Table 4-19 show all the pattern-oriented metrics used to validate the 

calibrated models and, consequence, the calibration methodology. Summarising the 

information presented in the tables and previous figures: 

 The removed trends for all the exanimated days are linear with a slope around 0. 

No significant difference in the calculated trends was noticed (less than 10% of 

parameter deviation), thus it was not required to recalibrate the models; 

 The calibrated model passed the autocorrelation hypothesis test; 

 The error in the means of the simulated and measured data did not exceed the 

suggested threshold of 5% for any of the datasets; 

 The difference between the variance of the simulated and measured data did not 

exceed the suggested threshold of 30% for four of the five datasets. It is worth 

noting that the results from the 09/01/2013 (Table 4-17), where the deviation 

in the variance overpasses the suggested limited, were calculated using only one 

and a half hour of data due to a technical problem in the communication 

between the actuator and controller of the heating coil valve (making this data 

unreliable); 

 Only the dataset from the 01/06/2013 (shown in Table 4-19 and Figure 4-27) 

present phase lag. However, this lag only 2 minutes which may be neglected; 

 None of the discrepancy coefficients calculated exceeds the suggested limited; 

 Amount all the graphical measures calculated for all the datasets only one seems 

to have an unacceptable value, the deviation percentage of the overall change in 

the 09/01/2013 dataset. Though, it does not represent a real issue if the 

absolute deviation is compared with the mean value of the measured data 

instead of comparing it with the overall change of the measured data. 

Except for the variance error mentioned above, the calibrated models were successfully 

validated following the proposed multi-step validation methodology. 
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Table 4-15. Summary table for operational validity (13/09/2012) 

 

Metric  Actual  Model  Diff  Error

Trend slope 0.00 0.00  -  -
Autocorrelation test  -  -
Mean 291.71 291.95 -0.24 0.08
Standard Dev. 1.96 1.78 0.18 9.07
Phase lag (k=0)  -  -
U(discrepancy)  -  -

Max. value 298.06 297.75 0.31 0.10
Min. value 289.53 288.30 1.23 0.42
Time between max. and min. -111.00 -65.00 -46.00 41.44
Overall change 8.53 9.45 -0.92 10.76

Multi-step validation

Graphical measures

0.84
0.28

Pass

Table 4-16. Summary table for operational validity (14/09/2012) 

 

Metric  Actual  Model  Diff  Error

Trend slope -0.01 -0.01  -  -
Autocorrelation test  -  -
Mean 295.72 294.81 0.91 0.31
Standard Dev. 0.68 0.64 0.04 5.35
Phase lag (k=0)  -  -
U(discrepancy)  -  -

Max. value 295.75 294.85 0.90 0.31
Min. value 291.81 290.40 1.41 0.48
Time between max. and min. 224.00 216.00 8.00 3.57
Overall change 3.94 4.45 -0.51 12.94

Multi-step validation

0.70
0.39

Pass

Graphical measures
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Table 4-17. Summary table for operational validity (09/01/2013) 

 

Metric  Actual  Model  Diff  Error

Trend slope -0.01 0.00  -  -
Autocorrelation test  -  -
Mean 294.69 293.61 1.08 0.37
Standard Dev. 0.29 0.53 -0.24 84.15
Phase lag (k=0)  -  -
U(discrepancy)  -  -

Max. value 295.00 294.88 0.12 0.04
Min. value 293.85 292.41 1.44 0.49
Time between max. and min. 32.00 40.00 -8.00 25.00
Overall change 1.15 2.47 -1.32 114.52

Graphical measures

Multi-step validation

0.68
0.48

Pass

Table 4-18. Summary table for operational validity (06/02/2013) 

 

Metric  Actual  Model  Diff  Error

Trend slope 0.00 -0.01  -  -
Autocorrelation test  -  -
Mean 295.20 296.26 -1.05 0.36
Standard Dev. 0.87 0.89 -0.03 3.30
Phase lag (k=0)  -  -
U(discrepancy)  -  -

Max. value 297.66 297.02 0.64 0.21
Min. value 291.81 289.94 1.87 0.64
Time between max. and min. 287.00 289.00 -2.00 0.70
Overall change 5.85 7.08 -1.23 21.08

Graphical measures

Multi-step validation

0.76
0.34

Pass
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4.4 SUMMARY 

This chapter described a formal validation of the calibration methodology presented in 

Chapter 3 Methodology. Firstly, a real case scenario related to the EMWiNS was 

characterised. Secondly, the calibration methodology was applied to an AHU under 

study in the EMWiNS project. Finally, based on a statistical test approach, the calibrated 

models were validated against real data. 

The studied HVAC system is an AHU installed in The School of Music of Cork, in 

Ireland. The unit was characterised and modelled following the proposed methodology. 

A detailed study of the existing sensors and data collection system was carried out in 

order to specify the modification and/or extension to the monitoring system required 

to implement the proposed methodology. In addition, a complete set of experiments 

was designed and implemented on the AHU to collect the data to be used for the 

calibration and validation. Along with the experiments, the pre-processing and 

preparation data procedure was described. 

After the case study was presented, the calibration methodology was described step by 

step. Based on the theoretical models formulated in Chapter 3 Methodology, the 

models were coded in Modelica and Python. Modelica models, based on first principles, 

were used to simulate the main physics of each component of the AHU, i.e. energy and 

mass balance law for heat and mass exchangers. These models are pre-calibrated based 

Table 4-19. Summary table for operational validity (01/06/2013) 

 

Metric  Actual  Model  Diff  Error

Trend slope 0.00 -0.01  -  -
Autocorrelation test  -  -
Mean 294.58 294.73 -0.15 0.05
Standard Dev. 0.54 0.42 0.12 22.90
Phase lag (k=2)  -  -
U(discrepancy)  -  -

Max. value 295.52 295.10 0.42 0.14
Min. value 292.70 292.30 0.40 0.14
Time between max. and min. 295.00 296.00 -1.00 0.34
Overall change 2.82 2.80 0.02 0.71

Graphical measures

Multi-step validation

0.60
0.46

Pass
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on the information found in the AHU technical datasheet and using the capability of 

Modelica in calculating the model parameters from operation points. Python was used 

to model the control elements of the components, namely valves and dampers. Python 

allows implementing the machine learning concepts on which the calibration 

methodology is based, which is not straightforward in Modelica. Both Modelica and 

Python models were coupled using a simulation-time interface developed in this thesis. 

This Modelica-Python interface was also used to finally assemble the whole AHU 

model. To verify the models and before formally validating them, simulation results and 

real data from five days were compared. Acceptable errors were obtained, i.e. the 

maximum deviation obtained for each component and the whole AHU does not exceed 

the threshold specified by the FDD team. 

Following the initial verification, the formal validation was performed. The adopted 

approach is a multi-step methodology based on statistical tests meant for model 

validation of dynamic systems. A detailed guideline of the adopted validation was 

presented along with a result reporting form. The calibrated models passed all tests, i.e. 

they were successfully validated following the proposed multi-step validation 

methodology. 

As the calibrated models are meant for model-based FDD, Chapter 5 Implementation 

completes the validation of calibration methodology by presenting a real FDD 

application where the accuracy of the model, and consequently the calibration, played a 

critical role. Two FDD approaches based on the calibrated models are implemented for 

the AHU introduced in Chapter 5 Implementation and compared with a rule-based 

approach. 
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5 CHAPTER 5 IMPLEMENTATION 

To illustrate the validity of the proposed calibration methodology in real applications, 

this chapter presents the results obtained in EMWiNS regarding the proposed fault 

detection and diagnosis (FDD) solutions. Two model-based FDD methods were under 

study. One that uses qualitative models and other that uses quantitative models (see 

section 2.2 Fault detection and diagnosis). Both qualitative and quantitative models were 

built and calibrated as part of this thesis work. In addition, a comparison between these 

two methods and the traditional air handling unit performance assessment rules 

(APAR) is presented. Part of the results presented in this section may be found in 

(Sterling et al., 2014b), a collaborative work, in which the author of this thesis was 

strongly involved. 

The calibration methodology proposed in this thesis was used to automatically calibrate 

the models that support the mentioned FDD algorithms. Both solutions are derived 

from the first principal-based models developed in this thesis and employ generic 

diagnosis algorithms that isolate and identify faults that may occur frequently causing 

significant reduction of the system´s performance, such as passing heating- and cooling-

coil valves, and stuck dampers. 

Overview 

In most of the current practice, air handling unit (AHU) diagnostics are coded by 

experts for each specific unit, exploiting knowledge about the specific structure of the 

system and the nominal and, possible, faulty working modes of its components. Such 

code is usually structured as a set of rules and/or a computer program applying the 

rules given observations about the system behaviour. Although this approach provides a 

solution for a specific AHU, it implies inevitable high efforts required to adapt or re-
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write the diagnostic program for a new system or to introduce changes in an existing 

diagnostic system due to changes in the unit. The set of rules must be reviewed to 

determine which part still applies and what should be modified or produced newly since 

the code captures the application of expert knowledge of a specific AHU. This leaves 

both the structure of the plant and the knowledge about the physics of its components 

implicit.  

To overcome this limitation, model-based diagnostics is based on an explicit 

representation of the functional behaviour of the components and about the structure 

of the system under study, which determines how the components interact with each 

other (see Figure 5-1). In the considered application, the AHU model (covering both 

the nominal and faulty behaviours) is generated starting from the library of generic 

component models (mixing box, heating and cooling coils, and humidifier) and the 

representation of the plant topology. This model is then exploited by diagnosis 

algorithms. These algorithms are sufficiently generic that they are not plant-specific nor 

even domain-specific. In this way, diagnostics tailored to the specific AHU require only 

the specification of the system structure, i.e. they are generated instead of being 

programmed. 

 

Figure 5-1. Generating FDD system 
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The existence of a generic model-based diagnosis algorithm was crucial for the 

approach adopted in the EMWiNS project, and consequently for this thesis. For this 

research work, two diagnostics approaches where developed and compared: quantitative 

(continuous) model-based diagnosis (CMBD) and qualitative model-based diagnosis 

(QMBD). Such algorithms are based on consistency inferences. This concept was 

introduced in Chapter 2 Literature review and is extended in the following sub-section. 

Diagnostics inference 

Consistency-based diagnosis performs fault detection and isolation following a two-

stage process: (1) discrepancy (residual) analysis and (2) fault isolation. 

In the first stage, the presence of discrepancies between the observed behaviour 

(obtained via sensor outputs 𝑌) and the expected behaviour 𝑌_𝑠 (calculated via 

simulation and computer models), is verified. A discrepancy is defined in terms of a 

residual. Formally, a residual is a real-valued measure 𝑅(𝑌, 𝑌 ) of the difference between 

real (𝑌) and simulated (𝑌_𝑠) system output at time 𝑡. 

For some threshold 𝜖 > 0, if there is no discrepancy, |𝑅(𝑌, 𝑌 )| < 𝜖. An anomaly 

occurs when |𝑅(𝑌, 𝑌 )| ≥ 𝜖. The definition of appropriate thresholds is a domain-

dependent process. 

The approach adopted to perform the residual analysis, for the FDD application at 

hand, is that of computing residuals for every sensor available in the system. It is 

possible then to define a conflict corresponding to each residual. Intuitively, a conflict 

occurs when a set of components do not behave properly at the same time, given the 

system description and the observations of the actual state of the system. In other 

words, a single conflict implies that at least one component related to the conflict must 

be faulty, in the sense that it behaves differently than the model representing the correct 

behaviour. Consequently, fault detection consists in computing every possible conflict. 

During the second stage, the faulty components are to be localised (fault isolation), i.e. 

separating correctly operating components from the misbehaving ones, this means 

searching for consistency of correct operation and any arbitrary kind of deviating 

behaviour. Particularly, minimal fault localisations, i.e. the minimal set of faulty 

components which suffices to explain a symptom, are of practical interest since there is 

no need to assume additional components to be misbehaving. As a conflict means that 
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at least one of the components is not ok, and, therefore, a diagnosis should include a 

component from each conflict, the use of a model of the nominal behaviour suffices to 

generate diagnostic hypotheses, and, therefore, unknown faults can be diagnosed. A 

deeper explanation of consistency based diagnosis may be found in (Dressler & Struss, 

1996; Struss, 2008). 

The implementation of this thesis within EMWiNS allowed comparing the two 

methods in an empirical fashion. The main differences between the methods under 

study are how the residuals are generated and how they are used to perform the fault 

isolation. 

Model requirements 

It is convenient to mention the requirements of the supporting models before going 

into the diagnostics system implementation since those requirements defined most of 

the development specification in which this thesis is based. 

To follow the approach depicted in Figure 5-1, the simulation models had to satisfy the 

following requirements: 

 Strictly component-oriented modelling: the library was to be organised around 

the component types with models that may be parameterised and constitute the 

AHU. Each component model must be an entity subjected to diagnosis; 

 Models should be able to reproduce the faulty behaviour, with a parameter 

characterising the fault, such as the opening of a passing valve; 

 The whole AHU model had to be configured strictly according to the real 

physical interconnections in the plant. Computational artefacts that link certain 

variables that are not really interacting directly via a physical connection must be 

avoided. This includes using the concept of connectors in Modelica language to 

represent the physical interactions between components, rather than 

connections via single variables as implemented in another simulation 

environment such as Matlab/Simulink; 

 The component models in the library were to be formulated in a context-

independent manner and must not rely on implicit assumptions about the 

presence and correct functioning of other components, even though they may 

exist in most standard configurations. This is relevant for two reasons: it enables 
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the re-use of the component models for different plants, and it is a precondition 

for the adequacy of the models in fault situations. 

The proposed model-based FDD approaches, along with the APAR method, are 

described in the following sub-sections. To provide an insight into each approach, and 

before presenting the results obtained from the whole AHU, preliminary results of the 

methods applied in a single component, the heating coil, are presented. 

5.1 APAR 

As mentioned before, the model-based FDD investigated in EMWiNS were to be 

compared with one of the traditionally used methods, APAR. To understand APAR 

methodology, this subsection presents the first results obtained in EMWiNS when the 

method was applied to the heating coil. These results were kindly shared by Dr 

Dominic O’ Sullivan (Lecturer & Researcher at the University College Cork), who 

oversaw most of the APAR development. A deeper description of the this APAR 

implementation may be found in Appendix B APAR implementation. 

Preliminary results 

Results were generated considering the data collected during the 13th of February 2013. 

The heating coil experiment proposed in sub-section 4.1.6 was run during this day. The 

coil control valve position opened by 10% every 10 minutes from 0% up to 100% and 

then closed back to 0% open in the same way. This process was performed twice. To 

emulate a fault, the value for the valve position was assumed and stored at 0% open 

(closed position), so heating seems to be occurring across a closed coil. 

A C++ program was developed to support the examination of the collected data. This 

program provided the functionality to manipulate and analyse the data. The program 

initiates by storing all the variables of interest from the input data file (a comma-

separated values file) into an array. This includes temperatures and control valve 

positions, as required by the APAR engine. Then, the selected data is steady-state 

filtered and the AHU working mode (free cooling, heating and/or cooling) determined 

for every sample. Once the mode has been determined, the corresponding rule set is 

applied, and a rule array is generated based on the results of rule examination. 
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To illustrate how the results of the APAR examination are presented and interpreted, 

Figure 5-2 depicts a sample of the results output from the analysis of the experimental 

dataset. The output has six columns that contain the following information: 

 FaultType: This indicates whether a rule has been triggered: 

o Off: Unit is switched off; 

o OK: No issues, unit in steady-state; 

o Unsteady: Unit unsteady therefore rules are not applied; 

o Warning: Rule has been triggered but not for sufficient time to indicate a 

fault; 

o Fault: Rule has been triggered for 30 consecutive samples (minutes) 

indicating a fault. 

 Timestamp: This indicates the time of the event; 

 Mode: Indicates the mode of operation at a given time; 

 Mode Text: A text description of the mode of operation at a given time; 

 Rule: The rule to which the FaultType refers; 

 Source: Indicates this output is coming from the APAR Engine. 

At 11:48 on the 13/02/2013 the control valve positions for the heating coil, cooling coil 

and mixing dampers are at 0%, 98.9% and 100% open, respectively. This means the unit 

is working in the free cooling mode using only the outdoor air (coded as Mode 3), 

which corresponds to the value indicated in the results output above. 

Corresponding to the Mode 3, there is a set of rules that should be examined. In this 

case, these rules were coded as 8 – 14 and 25 – 28. All other rules are given a FaultType 

of OK. Each of the applicable rules is evaluated sequentially. Since the previous thirty 

minutes of data (not presented in Figure 5-2) indicated warnings for rules 8 – 14 and 

rule 25, a Fault message is given at 11:48 for each of them. 
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Table 5-1 gives some of the relevant variables that were obtained from the AHU on the 

experiment day at 11:48. These figures will be used to demonstrate the calculations on 

two of the faulty rules, namely 10 and 11. 

Rule 10 states: 

|𝑇 − 𝑇 | > 𝜀   

Using the values in the table: 

|11.16 −  13.97| > 1.7 => The rule condition is satisfied, then a warning is triggered. 

Rule 10 indicates an inconsistency between the outside air temperature (𝑇 ) and the 

mixed air temperature (𝑇 ). As the unit is in Mode 3 and therefore using 100% outside 

air (µ ), the mixed air temperature should closely match the outside air temperature. As 

this is not the case, the rule has been triggered. 

 

Figure 5-2. APAR examination at 11:48 on the 13/02/2013 
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Rule 11 states: 

𝑇 > 𝑇 + ∆𝑇 + 𝜀   

25.69 > 13.97 + 1.23 + 1.7 => The rule condition is satisfied, and a warning is 

triggered. 

Rule 11 indicates an inconsistency between the supply air temperature (𝑇 ) and the 

mixed air temperature. As the unit is in Mode 3, which is a cooling mode, the unit’s 

supply air temperature should not be higher than the mixed air temperature after 

passing through the unit when the supply fan (∆𝑇 ) and threshold parameter (𝜀 ) are 

considered. As such, the rule condition has been satisfied and a warning is triggered. 

The other rules examined under the Mode 3 operate in an analogous manner using the 

same variables. 

A new output file is generated providing extended information about the fault messages 

that are generated by the APAR Engine. Figure 5-3 shows the result output file for rules 

10 and 11. As may be seen in the figure, the APAR results analysis does not give a 

specific diagnosis but instead, it provides a number of possible explanations for the rule 

being triggered. The greater the number of rules triggered at any given time, the greater 

 

Figure 5-3. Fault results analysis for rules 10 and 11 

Table 5-1. Variable samples at 11:48 

Data Variable Value 

Outside Air Temperature 𝑇  11.16 

Fresh Air Damper Position µ  100.00 

Cooling Coil Valve Position µ  98.98 

Heating Coil Valve Position µ  0.00 

Space Air Temp Setpoint 𝑇 ,  19.00 

Post Return Fan Temperature 𝑇  23.10 

Mixed Air Temperature 𝑇  13.97 

Post Supply Fan Temperature 𝑇  25.69 

Temperature Rise Across the Supply Fan ∆𝑇  1.23 

Temperature Rise Across the Return Fan 𝛥𝑇  0.99 

Threshold parameter for measurement errors 𝜀  1.70 
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the number of possible explanations. Therefore, APAR will only provide a general 

indication that there is an issue with the unit. 

Although two of the plausible causes for Rule 11 (“Leaking Heating Coil Valve” and 

“Stuck Heating Coil Valve”) reflect the issue that is occurring on the AHU during the 

examined period (i.e. the fault was detected), it requires an AHU expert to observe the 

data in more detail and, in some cases, to inspect the unit itself to provide the specific 

diagnosis. 

5.2 QUANTITATIVE DIAGNOSTICS 

Overview 

The quantitative model-based FDD (CMBD) was carried out making use of the Lydia-

NG inference system (Feldman et al., 2013). It includes its own modelling language 

which differs only in minor syntactic ways from a Modelica language. To port the 

Modelica library, a simple parser-translator was developed. Figure 5-4 presents a code 

fragment of the heating coil model developed in Modelica and the corresponding Lydia-

NG equations generated by the parser-translator. From the comparison is clear that in 

the Lydia-NG syntax variable types must be declared when they are assigned. In 

contrast, Modelica variable declaration is included in a specific section of the code 

before the use. Beyond this, there is no significant difference in the Lydia-NG and 

Modelica models, syntactically. In fact, Lydia-NG and simplified Modelica models are 

semantically identical. 

Any programming language, able to deal with plain text files, may be used for 

developing a parser-translator from Modelica to Lydia language. 

The preliminary results presented in this sub-section is the outcome of a collaborative 

work between Prof Gregory Provan (Professor at the University College Cork, 

Department of Computer Science) and his collaborators, Dr Raymond Sterling (Senior 

Researcher at NUIG) and the author of this thesis. Most of the theory regarding the 

CMBD method was provided by Prof Provan. 
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Diagnostics Inference 

As stated before, the main difference between the two model-based FDD approaches 

considered in this research work is how they perform the fault isolation. This sub-

section introduces the main ideas behind the CMBD engine, in the case under study, 

implemented in the Lydia-NG. This system makes an inference to isolate a fault when 

an anomaly is detected during system monitoring. It is assumed that monitoring is 

performed on an on-going basis. 

 

Figure 5-4. Modelica and Lydia-NG equations for heating coil model 
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The CMBD engine takes a statistical approach to perform inferences. It uses statistical 

hypothesis ranking instead of hypothesis acceptance/rejection, thereby using standard 

statistical inference to first identify the anomalies that are significantly different than 

nominal (without resorting to fixed thresholds), and then using Bayesian methods to 

identify the most-likely fault given the fault assumptions identified from the significant 

anomalies (Feldman et al., 2013). 

Residuals are computed for every system sensor output. An anomaly is triggered if a 

residual value exceeds its threshold at any time step. In this case, a residual (𝑅) is the 

squared difference between actual (𝑆) and predicted (𝑆 ) value of the variable of 

interest, i.e. 𝑅 = (𝑆 − 𝑆 ) . 

The basic idea of the CMBD method (depicted in Figure 5-5) is to perform multiple 

simulations for various hypothesised states of the system. Then, the output of these 

multiple simulations is processed and combined into a single diagnostics output. That is 

why the simulation models must be able to emulate faulty behaviour, preferably by 

adjusting the values of the model parameters. It is important to highlight that this is not 

needed for most QMBD approaches. 

 

Figure 5-5. Overview of the diagnostics method used by CMBD (Feldman et al., 2013) 
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The diagnosis engine is triggered only when an anomaly is detected. The abstract steps 

of the diagnosis of the heating coil are as follows: 

Having all the input variables required by the simulation model, the CMBD engine 

computes the off-coil temperature and compares the prediction to the data obtained 

from the temperature sensor. Now, if this comparison is non-zero22, the engine 

manipulates the variables related to the possible faults (in this case the valve position) 

until the predicted temperature matches the measured one (more precisely until the 

difference of the predicted and measured temperatures is minimised). This is all 

performed numerically. Notice that the position of the valve is a percentage value 

between 0% and 100%. Thus, the CMBD engine needs some strategy in sampling this 

space as it implements a generate-and-test approach, i.e. it probes in the space of all 

fault-related variables and computes the residual for each probe. 

Once the actual position of the valve is known, the fault is isolated in the diagnosis. In 

the case of the hydraulic valve the probability that the valve is stuck at a certain position 

is obtained as the difference between the set position (input) and the identified actual 

value. 

Preliminary results 

To establish a fair comparison, the CMBD solution was tested on the same data-set 

used to illustrate APAR functionality in the previous section, i.e. the data collected 

during the experiment performed on the 13th of February 2013. Particularly, the same 

sample at 11:48 was used. The inference steps followed to compute a diagnosis given 

the sample scenario, is described: 

 At 11:48 hours, the off-coil temperature is 24.46 ºC; 

 Given all other inputs (valve position, hot water temp, flow-rate, etc.) the OK 

model predicts that the temperature should be 11.18 ºC; 

 From the collected data, the heating coil valve position is given at 11:48 hours 

to be 0% open (it is worth noting that this value was “forced” to emulate a fault, 

the actual value corresponds to 40% open); 

 

22 In practice, this difference should be greater than a threshold as it will always be non-zero because of 
sensor noise, calibration error in the models and modelling approximations. 
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 Given both temperature values, simulated and predicted, the residual (squared-

error) is computed as 176.36. 

Once the anomaly is detected, the diagnostics engine is triggered (for more detail about 

the followed steps see Appendix C CMBD fault isolation): 

 Generate Diagnostic Assumptions: A set of plausible assumptions that might 

explain the anomaly is generated. The CMBD engine proposes valve settings of 

40% and 45% open; 

 Simulate Predicted System Performance: Simulation for valve position 40% 

yields a predicted temperature of 25.70 ºC, and for valve position 45%, the 

predicted temperature is 27 .10 ºC; 

 Residual Analysis: The squared-error residuals for valve openings of 40% and 

45% are 1.54 and 6.97, respectively; 

 Candidate Selection: The smallest residual is assumed, i.e. it is decided that the 

valve is stuck at position 40% open; 

 System State Estimation: The CMBD calculates that there is a 15% probability 

that the valve is stuck at position 40% and this is the maximum probability 

output. Consequently, the most-likely computed diagnosis is that the valve is 

stuck at position 40% open. 

The diagnosis based on the quantitative approach is much more precise when compared 

with APAR results. CMBD solution not just provides an insight into the occurring 

problem, as APAR does, it offers a more detailed information about the fault. In fact, in 

the heating coil case, this solution estimated the position at which the valve could be 

stuck. With this, a prognosis can be performed and accurate information about money 

and energy wasted provided. 

5.3 QUALITATIVE DIAGNOSTICS 

The nature of diagnosis is to detect, localise, and identify the origin of significant 

deviations from nominal behaviour. Usually, model-based FDD methods make use of 

measured data and simulation models. Unfortunately, uncertainties interfere in the FDD 

process, in fact, sensors may be inaccurate, system models inaccurate, and the data noisy 

due to environmental influences. From the qualitative point of view, the objective of 

the diagnosis is to identify the causes of faults that leads to qualitatively deficient 
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performance. Consequently, models that capture qualitative deviation, rather than 

numerical models of the absolute behaviour are used. The steps required to produce 

and run a qualitative diagnostics (QMBD) solution are described in the following sub-

sections. 

Overview 

Regarding the qualitative approach adopted in EMWiNS, there are three layers 

(described in more detail in Appendix D Consistency-based diagnosis with qualitative 

deviation models) of development activities, as depicted in Figure 5-6:  

 Generating the basis for the domain-specific solution, which consists in 

producing a library of AHU component models that qualitatively capture the 

behaviour of the components in nominal and failure modes; 

 Adapting the solution to a specific system, which means generating a diagnosis 

model of the AHU under study using the structural information about the 

system and the diagnosis library; 

 On-line diagnosis based on the diagnostic system model, which involves 

generating the residuals (called deviations in the qualitative approach) and 

performing the diagnosis. 

 

Creating the qualitative component library requires the transformation of the Modelica 

models into diagnostics models. The diagnostics models are formulated in relative, 

rather than absolute terms. They capture the deviation of the actual variables from their 

nominal values, i.e. the values provided by the model in which all components are 

performing as expected (OK mode). 

 

Figure 5-6. Workflow of the qualitative FDD approach 
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Results presented in this sub-section were produced after a collaborative work between 

Prof Peter Struss and his collaborators at the Technical University of Munich, Dr 

Raymond Sterling (Senior researcher at NUIG) and the author of this thesis. Most of 

the theory about the qualitative model-based approach was kindly provided by Prof 

Struss. 

Diagnostics Inference 

Using the equations presented in Figure 5-7, a set of ordinary differential equations can 

be transformed into a set of relations on qualitative deviations (and the qualitative 

abstraction of the actual values). The function sign returns the sign (+, 0, -) of the 

argument. Operators ⊕, ⊗ and ⊝ are the addition, multiplication, and subtraction 

operators of interval arithmetic, respectively. Figure 5-9 shows the equations resulting 

from transforming the heating coil model. 

It is important to mention that, in practice, the function sign in Figure 5-7 is replaced by: 

𝛥𝑥 =
0, |𝑥 − 𝑥 | < 𝜀

𝑠𝑖𝑔𝑛(𝑥 − 𝑥 ), |𝑥 − 𝑥 | ≥ 𝜀
  

where 𝜀 is a threshold that usually depends on the specific FDD application. 

 

Figure 5-7. Equations used to generate the heating coil qualitative model 
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To complete the model transformation, the model is automatically converted in an 

efficient data structure representing a finite relation, depicted in tables (a), (b), (c) and 

(d) in Figure 5-8. Table (a) maps the deviations from the temperature sensors (𝛥𝑇 , 

𝛥𝑇 ) into a deviation of the flow rate (𝛥𝑚𝑓𝑙𝑜𝑤) Tables (b), (c) and (d) represent the 

 

Figure 5-9. Heating coil model transformation 

 

Figure 5-8. Qualitative representation of the heating coil and the faulty behaviour 
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three diagnosis modes, OK mode, Valve Stuck_closed and Valve Passing, respectively. 

Specifically, they compare the control signal (Cmd) to the deviation of the flow rate 

value (𝛥𝑚𝑓𝑙𝑜𝑤). The combination of 𝛥𝑚𝑓𝑙𝑜𝑤 and Cmd provides the diagnosis of the 

component. 

To illustrate how a diagnosis can be inferred from tables in Figure 5-8, the following 

analysis is offered: 

Table (a) depicts the resulting relation on the three deviation variables, i.e. all 

solution tuples (𝛥𝑚𝑓𝑙𝑜𝑤,𝛥𝑇 ,𝛥𝑇 )  of the energy balance equation in Figure 

5-9. For instance, the first three rows of the table indicate that, if the mass flow 

shows no deviation, a deviation of the incoming air temperature is propagated 

to the output air temperature. 

On the other hand, a positive deviation of the output air temperature in 

combination with no deviation in the input air temperature implies a positive 

deviation in the mass flow rate (shown in the last but one row). This reveals a 

fault in the heating coil as an unfaulty coil should not produce a deviation in the 

water flow. 

From table (c), it may be observed that a stuck closed valve leads to a negative 

deviation of the mass flow rate if the command signal Cmd to the valve is 

“open” (coded as “+” in the tables). In addition, if the control signal commands 

the valve to be shut, a stuck closed valve would cause no deviation in the water 

flow. A similar analysis may be done to study the OK mode and the passing 

valve fault presented in tables (b) and (d). 

With respect to their use for diagnosis, tables (b), (c), (d) along with table (a) 

allow inferring the system status provided that the temperature deviations and 

the control signal are known. Note that this does not require the water flow to 

be observable as its deviation is used as a linking variable between tables, and 

not actual value is used. 

Finally, it is important to highlight that a qualitative representation of one mode 

does not exclude the possibility of reaching any other mode with the same 

combination of inputs/outputs. For instance, second rows of tables (a) and (d) 

have same values but belong to a different mode. 
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Preliminary results 

As in the quantitative case, where CMBD system was examined employing the same 

data used to investigate the APAR solution, the results presented in this sub-section are 

generated from the experimental data gathered on the 13th of February 2013. 

Specifically, the same sample, taken at 11:48, is analysed. 

For the system under study, the heating coil, a threshold of 2°C was chosen to produce 

temperature deviations in the domain of signs (‘-’, ‘0’, ‘+’). This value was defined 

considering the temperature sensor accuracy and the model uncertainties. The threshold 

value is a specific-context variable, so different orders of magnitudes of the deviations 

may be generated by the implemented solution, which can take arbitrary sets of interval 

boundaries as an input. 

Table 5-2 shows both the sensor data and the predicted values. Using the 2ºC threshold, 

both deviations are calculated. Although the inflow air temperature deviation is 0, the 

outflow air temperature deviation is positive, which triggers a diagnosis event. 

 

The computed deviation pattern forms the input to the diagnosis runtime system 

(Figure 5-6). The deviation patterns will be checked for consistency with the possible 

modes. In the simple case restricted to one component presented in Table 5-2, the 

input/output temperature deviations (0, +) match only one row of table (a) in Figure 

5-8, which indicates that the deviation of the water flow is positive. That means the 

valve is leaking as the only table with a positive deviation of mass flow rate is table (d), 

the one representing the passing valve mode. Note that although it is not possible to get 

a full detailed diagnosis, isolation was carried out without information about the control 

signal and running only one simulation. 

Table 5-2. Deviations between sensor data and model data 

 𝑻𝒂𝑰[ºC] 𝑻𝒂𝑶[ºC] 

Sensor data 11.18 24.46 

Model prediction 11.83 11.83 

Deviations 0 + 
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5.4 MODEL-BASED FDD FOR AHU 

This sub-section presents the main results produced in ENWiNS, regarding the 

exanimated model-based FDD methods. Most of these results were published in 

Energy Procedia Journal (Sterling et al., 2014b). 

From the experiments detailed in sub-section 4.1.6, four 24-hour datasets were 

compiled to compare the three diagnosis techniques, the APAR method as the 

reference baseline and both model-based approaches investigated in ENWiNS. The 

description of the dataset is presented in Table 5-3. 

 

Figure 5-10 shows the diagnosis hourly performed on the AHU. The mentioned FDD 

techniques were used to detect and isolate the occurring faults represented by each of 

the four datasets (scenarios). These results are summarised in Table 5-4. 

In the first scenario, the nominal dataset, all three approaches report that no fault was 

occurring as expected. 

In the second scenario, faulty cooling coil, both the quantitative and qualitative 

approaches identified an issue in the cooling coil. However, the APAR approach did 

not identify any faults. APAR failed to identify the existing fault as the cooling coil valve 

being at the closed position makes the diagnosis engine decides that the unit was in 

heating mode and therefore rules associated to the cooling coil were not applied. This is 

a shortcoming of the APAR set. 

Table 5-3. Datasets (scenarios) used for FDD method comparison 

Scen. Dataset Fault Description 

1 
Nominal 
data No fault 

Nominal condition where no fault is occurring 

2 
Faulty 
cooling 
coil 

Passing 
valve 

The value of the coil control valve is reported as being 
0% open when, in fact, it is opening in steps of 10% 
every ten minutes up to 100% open and then closing in 
steps of 10% every ten minutes 

3 
Faulty 
heating 
coil 

Passing 
valve 

The value of the coil control valve is reported as being 
0% open when, in fact, it is opening in steps of 10% 
every ten minutes up to 100% open and then closing in 
steps of 10% every ten minutes 

4 
Faulty 
mixing 
box 

Stuck 
damper 

The value of the mixing damper position is reported as 
being modulated between 20% and 100% depending on 
the system demand when, in fact, the damper is 100% 
open all the time 
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In the third scenario, faulty heating coil, all three approaches identify a fault related to 

the heating coil in the unit. However, the qualitative method also isolated a fault 

occurring in the mixing section of the AHU, which was not identified by the other 

approaches. The mixing box fault was occurring as result of a broken actuator arm 

connecting the servomotor to the recirculating damper. It is worth noting that the 

qualitative approach allowed to identify simultaneous faults while the other approaches 

did not. 

In the fourth scenario, the stuck mixing damper, each of the three approaches identifies 

a fault with the mixing section of the unit. However, the qualitative method also 

identified a fault related to the pre-heat coil of the unit, which was not present at the 

time, giving a false positive diagnosis. 

It should be noted that for a given scenario, the APAR approach identified some 

possible faults of which only one or two were related to the faulty component. In this 

regard, expert knowledge is required to furtherly investigate the fault, so an isolation of 

 

Figure 5-10. FDD for AHU 
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the actual issue can be made. In both, model-based approaches, the fault messages are 

targeted at specific components and therefore, they provide superior resolution in the 

fault diagnosis when compared to APAR. 

Maintenance efforts are the key issue encumbering the broad application of the APAR 

method. APAR was developed for single-duct variable or constant volume systems with 

heating and cooling coils, and economiser capabilities. As such the extension of the 

system and the inclusion of components (or operational modes such as humidity 

control) would represent a significant challenge to implementation within the APAR 

framework. Similar reasoning could be applied to the changes in the sensor network and 

in the control strategy. 

5.5 SUMMARY 

The developments of this thesis have been implemented to support FDD in HVAC 

systems. The innovative calibration methodology developed in this research work, along 

with the corresponding calibrated models, have been validated in an industrial scenario 

within the EMWiNS project. The models were assessed for both quantitative (CMBD) 

Table 5-4. Diagnosis techniques results. CMBD: quantitative approach. QMBD: qualitative 

approach 

 

Scenario Data set APAR CMBD QMBD Comments

1
Nominal: 
no fault

No fault 
identified

No fault 
identified

No fault 
identified

No fault identified by none of the three 
approaches.

2
Faulty 
cooling 
coil

No fault 
identified

1 fault 
identified 
during 7 
separate time 
periods

 2 possible 
faults 
identified 
during 5 
separate time 
periods

No fault identified by APAR as the cooling coil 
being 0% made the engine think that the unit 
was in heating mode and therefore rules related 
to the cooling coil were not applied.

CMBD and QMBD both correctly identified an 
issue with the cooling coil.

3
Faulty 
heating 
coil

6 possible 
faults 
identified 
during 3 
separate time 
periods

1 fault 
identified 
during 6 
separate time 
periods

4 possible 
faults 
identified 
during 3 
separate time 
periods

APAR identified a number of possible faults 
including an issue with the heating coil.

CMBD correctly identified a fault on the heating 
coil.

QMBD correctly identified a fault on the heating 
coil and also correctly identified a fault in the 
mixing section of the AHU.

4
Faulty 
mixing 
box

4 possible 
faults 
identified 
during 5 
separate time 
periods

2 possible 
faults 
identified 
during 7 
separate time 
periods

2 possible 
faults 
identified 
during 6 
separate time 
periods

APAR identified a number of possible faults 
including an issue with the mixing dampers.

CMBD correctly identified a fault on the mixing 
dampers but incorrectly identified an additional 
fault on the pre-heat coil. The pre-heat coil is the 
first component downstream of the mixing box.

QMBD correctly identified a fault on the mixing 
dampers.
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and qualitative (QMBD) model-based FDD. The main advantages of the model-based 

approaches are the adaptability to different plants and to specific plant changes. A brief 

description of the steps involved in adapting the CMBD and QMBD is presented 

below. 

 Structural changes: For QMBD, these changes will have to be reproduced in 

the model which would need to be compiled and recalibrated. The diagnosis 

model structure is a 1:1 mapping of the model and as such only minor 

adaptation is needed. However, if the changes involve variables used for 

diagnosis, the variable mapping between model and diagnosis framework must 

be modified and tested with new datasets. For CMBD, since this approach uses 

the first principle-based models developed in Modelica, any change in the 

Modelica model will be reflected in updated diagnostics that can be computed; 

 Parameter changes: Recalibration of the models is in principle the only 

requirement. In the case these parameter changes impact the accuracy of the 

model, the QMBD tolerances of the diagnosis framework might have to be 

adjusted, and the CMBD residual analysis would need updating; 

 Sensor changes: Similar consideration to the case of structural changes should 

be taken in the case of adding new sensors or modifying the position of existing 

ones. In the case that existing sensors are to be replaced with new ones with 

different precision, the steps for the parameter changes are to be followed; 

 Changes in the control system: The plant model and diagnosis framework are 

in principle not affected by changes in the control strategy. 

This adaptability makes model-based diagnosis a viable approach to fault detection and 

diagnosis in air handling units. 

Both model-based diagnostics approaches produced very similar results in terms of 

diagnostics power and robustness of the solutions. The main difference is the time at 

which the highest amount of computational resources is needed. For the QMBD 

approach, this is at setup time to generate the qualitative diagnostic’s models. In the 

case of the CMBD, more computer power is needed during operation time as a higher 

amount of simulations must be run for each diagnostics event.  

Finally, the benefits of FDD in buildings are economic and environmental rather than 

being safety-related, considering the fact HVAC systems are rarely critical systems. 
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Consequently, hourly FDD frequencies have been proved to be satisfactory in building 

applications; there is little scope for extending the models to include dynamic 

behaviour. Although in an early stage, there exists scope for Modelica models to 

become the de-facto standard in energy modelling of building components as shown by 

the recently finished International Energy Agency Annex 60. Within this context, one of 

the key issues for model use during operation (e.g. for model-based FDD) is the 

development of calibrated models that represent in a computational cost-effective 

manner the expected normal behaviour of the systems. 
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6 CHAPTER 6 CONCLUDING REMARKS 

6.1 THESIS OUTCOMES 

This thesis presented a theoretical framework and implementation of the use of 

advanced optimisation and modelling techniques to support fault detection and 

diagnosis (FDD) applications in the operation of AHU’s. 

This theoretical framework is suitable for almost real-time FDD solutions supported by 

first principle-based models. This is the case where computational models are 

intensively used to emulate the real system, providing the baseline for the detection and 

diagnosis of faulty behaviour. Particularly, this thesis focussed on (i) the development of 

grey-box models of the main AHU components suitable for model-based FDD; and (ii) 

the corresponding calibration methodology based on machine learning, along with its 

(iii) validation guideline. Regarding these aspects, the main contributions of this thesis 

are as follows: 

 Development of grey-box models for the components typically found in an 

AHU. Individual models were developed for mixing boxes, heating coils, 

cooling coils/dehumidifiers and humidifiers. Each component is modelled as a 

combination of a first principle model and a machine learning model. First 

principles are used to represent the energy and mass exchange phenomena of 

the component, while a hysteresis model emulates the component’s control 

element, typically a valve or a damper; 

 Demonstration of models’ suitability for the task at hand, i.e. model-based FDD 

for AHU. On the one hand, they are able to accurately simulate the modelled 
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system. On the other hand, they require a reduced amount of computational 

power, both for calibration and for simulation; 

 Development of a novel theoretical model of AHU control elements (valves 

and dampers) based on the Preisach’s model of hysteresis. An extension of the 

original model, in its discrete version, was introduced in Chapter 3 

Methodology. The extended model allows the use of machine learning 

techniques to perform the calibration of the component model. For this 

purpose, this thesis adopted a non-negative Ordinary Least Squares (OLS) 

method based on active-set algorithms, which guaranteed the calibrated model 

behaviour is physically meaningful in the studied operation range; 

 Adoption of a component-based approach for the calibration of the entire 

AHU. In this way, each component model can be calibrated individually and 

then assembled to simulate the whole unit. This approach has the advantage of 

making the calibration process computationally cheaper than a calibration 

performed over the whole unit in which the number of parameters is huge, 

resulting in an intractable problem in some cases. Furthermore, the calibration 

at component level shown to be more effective for model-based FDD as it 

provides the FDD engine with more accurate information about intermediate 

signals (in-between component signals); 

 Formulation, implementation and verification of a calibration methodology for 

AHU models. The methodology is centred on the proposed grey-box models 

and model-based FDD. Each method and the steps to be followed were 

presented in this thesis, allowing its replicability and reusability. Apart from the 

methodology per se, the main outcomes related to this aspect are the calibrated 

models which were validated and successfully used in a real case scenario; 

 Development of a minimum data-set suitable for implementing the 

methodology. Sensors and data collection of the AHU were investigated as they 

play a key role in model-based applications, particularly for FDD. In order to 

implement the proposed calibration, this thesis described the procedure to be 

followed regarding sensors and measurement network which includes the BMS. 

In addition, Chapter 3 Methodology offers a description of how the data must 

be formatted and manipulated; 

 Validation of propose model. Since most of the developments of this thesis are 

aimed at model-based applications, the validation of the calibrated models is a 
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crucial aspect. Based on a well-stablished multi-step statistical approach, a 

validation methodology for the resulting calibrated models was proposed. The 

methodology does not only serve for the model validation, but for the 

verification of the calibration methodology (validity of the calibrated models 

implies the verification of the calibration process). To make the methodology 

available for further developments, Chapter 4 Validation presents the guidelines 

for model validation. 

 Demonstration of the methodology in a relevant scenario. The calibration 

methodology developed in this research work, along with the corresponding 

calibrated models, were implemented in an industrial scenario. The models were 

tested for both quantitative and qualitative model-based FDD. 

6.2 CONCLUSIONS, DISCUSSION & FURTHER WORK 

This section presents this thesis conclusions (in bold). Each conclusion is then followed 

by its corresponding discussion and possible further work. 

One of the main advantages of model-based FDD approaches are the 

adaptability to different plants and to specific plant changes. 

This adaptability makes model-based diagnosis a viable approach to FDD for AHU. 

The main difference between the studied approaches is the time at which the highest 

amount of computational resources is needed. While the qualitative approach requires 

more resources during the generation of the qualitative diagnostic’s models, the 

quantitative method needs more computer power during operation time as a higher 

amount of simulations must be run for each diagnostics event. It was found that the 

benefits of FDD in AHU are more economic and environmental rather than being a 

safety issue considering the fact HVAC systems are rarely critical systems. It is expected 

that in future work the FDD engine and the proposed calibration methodology will be 

implemented together so the calibrated model and the FDD models (qualitative and 

quantitative) are produced simultaneously without the overhead of producing them 

separately. 

The grey-box modelling approach on which this thesis is based offers an 

effective trade-off between model accuracy and the resources required for the 

model calibration needed in real-time applications such as FDD. 
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The proposed model, consisting of a first principle model coupled to a neural network, 

allows an initial model to be easily calibrated with manufacturer’s technical information 

which offers modellers a good insight into the real system behaviour. The grey-box 

modelling approach alleviates the necessity of having a considerable amount of good 

quality data from the real system operation. In addition, taking advantage of the fact the 

models proposed in this research work are based on neural networks, other machine 

learning methods could be used for FDD. 

Lawson and Hanson’s method for solving non-negative OLS problems proved to 

be suitable for the task at hand. 

To implement the aforementioned models, this thesis initially formulated the calibration 

problem as an OLS problem derived from the training process of a neural network. 

While OLS offers a satisfactory solution regarding coding effectiveness and 

generalisation capabilities, the method must be extended due to its limitation in 

capturing physical constraints of the hysteresis phenomenon. For instance, it is strictly 

monotonic in behaviour. This thesis adopted an algorithm based on the active-set 

approach as it is a natural extension of OLS. 

Although the calibrated models and calibration methodology were validated and 

verified, respectively, the calibration methodology must be tested in other real 

scenarios. 

A statistical analysis should be carried out to investigate the number and variety of AHU 

topologies on which the calibration methodology should be tested to be validated. Once 

the validation scenarios are defined, model validation should be performed for all of 

them, based on the guidelines presented in Section 4.3. The guidelines should be 

adapted and/or extended for future research in order to include new statistical tests to 

make the methodology more scalable and reusable (e.g. to deal with more complex 

AHU topologies). In addition, it is important to highlight the fact that this validation 

must be considered as an indivisible part of the entire calibration methodology which is 

an iterative process of model development, calibration and validation. 

One of the main limitations of the proposed calibration methodology is the fact 

that experimental tests need to be performed in order to collect the required 

data. 

In cases where the studied system is an AHU installed in a new construction, the need 

for experiments does not represent an issue since they may be run as part of an initial 
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commissioning. Neither existing buildings that run continuous commissioning would 

represent a problem as the required data is usually available. Nevertheless, retro-

commissioning or re-commissioning must be performed in those constructions where 

the required data is not available. Consequently, a feasibility study must be carried out, 

from both economic (cost-benefit analysis) and technical viewpoints. That is why, part 

of the future work must be focused on integrating this feasibility assessment as part of 

the presented methodology, particularly in the data collection procedure. 

Another problem encountered by the author was that typically existing AHUs do 

not have any sensor apart from the ones used for control purposes. 

In this regard, this research work proposed additional sensors be installed in order to 

ease the modelling, calibration and FDD of the system. In further research works, this 

may be addressed adopting a different approach. For instance, virtual sensors and other 

machine learning techniques will allow reducing the number of extra sensors to be 

installed. 

As in many other applications where the data plays a crucial role, data collected 

from the real system must be filtered and prepared, so it may be used for 

calibration and FDD. 

This thesis applied pre-processing methods suitable for a limited number of real cases. 

Consequently, further work should be carried out on this topic. The next step should be 

the development of a more generic and scalable methodology for data collection and 

processing meant for the models and the calibration proposed in this research work. 

To make the generation of the calibrated models completely automated, 

additional work is needed. 

It is expected that the model development and the calibration are fully integrated into 

one tool able to communicate with the FDD engine. When this research work 

commenced, no Modelica co-simulation tool was well developed. Therefore, the author 

developed a simulation-time interface for Dymola and Python. Although this interface 

fulfilled this thesis’ needs, it is not suitable for further developments. Consequently, the 

development of the first principle-based models should be moved/ported to a more co-

simulation-oriented format. More recently, the functional mock-up interface (FMI) 

(Bastian et al., 2011) has become a mature technology, and stable FMI compatible tools 

are available. The author strongly suggests following the FMI standard to fully integrate 

the first principle models into the calibration framework (developed in Python). 
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Since only a limited set of HVAC components were modelled for this research 

work, further investigation must be carried out regarding the first principle 

models in order to make the proposed calibration methodology more scalable. 

During his thesis development, new modelling libraries for buildings have become 

available. These libraries include AHU components models that can be adapted and 

integrated into the developments of this thesis. This will be particularly useful when 

modelling components that were not investigated within this research work, or if the 

dynamics must be considered (e.g. when the size of the system increases so the inertia is 

not neglectable anymore). Furthermore, models based on enthalpy equations shall be 

evaluated since this type of models were not studied in this research work due to 

modelling constraints stablished by the FDD developers. 

The proposed calibration methodology strongly depends on the data collected 

from the real system and, consequently, on the sensors and monitoring system. 

Although this thesis is focus on modelling and calibration, the presented developments 

must be extended by considering explicitly the measurement system uncertainties so the 

results can be compared more robustly, either among themselves or with reference 

values given in a specification or standard. This must include a rigorous study of the the 

uncertainties due to the sensor positioning. For that, the author suggests to carried out 

the uncertainty analysis following the guide to the expression of uncertainty in measurement 
23(GUM) developed by the International Bureau of Weights and Measures. 

From the economic viewpoint, there is no clear indicator of the benefits of this 

thesis’ developments. 

A cost-benefit analysis must be completed to evaluate the exploitation potential of this 

research work as no economic feasibility assessment was done in this thesis (mandatory 

if a higher technology readiness level is desired). 

 

 

 

23 Found in: https://www.bipm.org/en/publications/guides/gum.html 
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A. APPENDIX A VALIDATION FUNCTIONS (PYTHON CODE) 

# -*- coding: utf-8 -*- 
""" 
Created on Fri May 13 08:25:56 2016 
 
@author: jesus febres 
""" 
import numpy as np 
import pylab 
from dymola import dataFile 
 
def normalise(y_o, y_s): 
    """Normalising function. 
     
    Rescaling the range of arguments to scale the range in [0, 1]. 
     
    Args 
    y_o (array): Observed (measured) dataset. 
    y_s (array): Simulated dataset. 
     
    Returns 
    y_o_normalised, y_s_normalised (array): Normalised datasets. 
    """ 
    y_min = min(y_o.min(), y_s.min()) 
    y_ptp = max(y_o.ptp(), y_s.ptp()) 
    y_o_normalised = (y_o - y_min) / (y_ptp - y_min) #observed 
    y_s_normalised = (y_s - y_min) / (y_ptp - y_min) #simulated 
    return(y_o_normalised, y_s_normalised) 
 
def trend(t, y_o, y_s, typ='linear', ax=None): 
    """Trend comparison and removal. 
     
    Takes two data arrays as input and calculates their trends (among three  
    types of trends). The trend types may be linear, quadratic and 
exponential. 
    The trend is removed from the input data and new de-trended arrays are   
    returned along with a plot object in case graphical visualisation is  
    required. 
             
    Args 
    t (array): Independent variable (time) 
    y_o (array): Observed (measured) dataset. 
    y_s (array): Simulated dataset. 
    typ (str): Trend to be removed. Defaults to 'linear'. 
        'linear' for linear trend. 
        'quadratic' for quadratic trend. 
        anything else for exponential trend. 
    plot (bool): Defaults to False 
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        True for plotting the trend curves. 
     
    Returns 
    y_o_detrended, y_s_detrended (array): Detrended datasets. 
    """ 
    # Linear fitting 
    if typ == 'linear': 
        a_o = np.polyfit(t, y_o, 1) #observed coefficients 
        a_s = np.polyfit(t, y_s, 1) #simulated coefficients 
        p_o = np.poly1d(a_o) - a_o[1] #observed trend 
        p_s = np.poly1d(a_s) - a_s[1] #simulated trend 
    # Quadratic fitting 
    elif typ == 'quadratic': 
        a_o = np.polyfit(t, y_o, 2) #observed coefficients 
        a_s = np.polyfit(t, y_s, 2) #simulated coefficients 
        p_o = np.poly1d(a_o) - a_o[2] #observed trend 
        p_s = np.poly1d(a_s) - a_s[2] #simulated trend 
    # Exponential fitting 
    else: 
        y_aux = np.log(y_o + (1 - min(y_o))) 
        a_o = np.polyfit(t, y_aux, 1) #observed coefficients 
        y_aux = np.log(y_s + (1 - min(y_s))) 
        a_s = np.polyfit(t, y_aux, 1) #simulated coefficients 
        p_o = lambda x: np.exp(np.poly1d(a_o)(x)) - np.exp(a_o[1]) 
#observed trend 
        p_s = lambda x: np.exp(np.poly1d(a_s)(x)) - np.exp(a_s[1]) 
#simulated trend 
    # Removing the trend 
    y_o_detrended = y_o-p_o(t) 
    y_s_detrended = y_s-p_s(t) 
    # Plot 
    if not ax==None: 
        ax.plot(t, p_o(t), t, p_s(t)) 
    # Results 
    diff_slope = a_o[0] - a_s[0] 
    E_slope = 100 * abs(diff_slope/a_o[0]) 
    return(y_o_detrended, y_s_detrended, a_o[0], a_s[0], diff_slope, 
E_slope) 
 
def cross_corr(x, y, k=1): 
    """Cross-correlation function. 
 
    Returns the cross-correlation of two discrete-time sequences, x and y, 
    as a function of the time lag, k, between them. 
    Assumption: x and y must have the same length 
     
    Args 
    x (array): Time-series. 
    y (array): Time-series. 
    k (int): Lag. 
     
    Returns 
    r (float): Cross-correlation at k lag. 
    """ 
    N = len(x) 
    k = min(abs(k), N-1) # 0 <= k < N 
    num = sum((x[:N-k]-x.mean()) * (y[k:]-y.mean()))/N 
    den = x.std()*y.std() # x.std() computes the standard deviation of x 
    r = num/den 
    return(r) 
     
def auto_corr(x, k=1): 
    """Auto-correlation function. 
 
    Returns the auto-correlation of a discrete-time sequence, x, 
    as a function of the time lag, k.  
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    Args 
    x (array): Time-series. 
    k (int): Lag. 
     
    Returns 
    r (float): Auto-correlation at k lag. 
    """ 
    if k==0: 
        r = 1.0 #by definition 
    else: 
        r = cross_corr(x, x, k) 
    return(r) 
     
def var_autocorr(r, k=1): 
    """Auto-correlation variance function. 
 
    Returns the variance of the auto-correlation of a discrete-time 
sequence, x, 
    as a function of the time lag, k.  
     
    Args 
    r (array): Sequence of auto-correlation. 
    k (int): Lag. 
     
    Returns 
    var (float): Variance at k lag. 
    """     
    N = len(r)+1 
    N_max = N-1-k #maximum i at which to calculate f_aux 
    f_aux = lambda i: (N - i) * (r[abs(k-i)] + r[k+i] - 2*r[k]*r[i])**2 
    var = sum([f_aux(i) for i in range(N_max)]) / (N*(N+2)) 
    return(var) 
     
def comparing_periods(y_o, y_s, ax=None): 
    """Comparing the periods. 
 
    An autocorrelation function test is run to detect significant errors 
    between the periods of observed and the simulated datasets.  
     
    Args 
    y_o (array): Observed (measured) dataset. 
    y_s (array): Simulated dataset. 
    plot (bool): Defaults to False 
        True for plotting the tested variable and the confidence 
boundaries. 
        False for not plotting. 
     
    Returns 
    H0 (bool): Test result (True=passed & False=failed). 
    """ 
    lags = range(len(y_o) - 1)  
    r_o = np.array([auto_corr(y_o, lag) for lag in lags]) 
    r_s = np.array([auto_corr(y_s, lag) for lag in lags]) 
    N_max =  int(len(y_o)/2) + 1 #maximum lag at which to calculate the 
variances 
    lags = range(N_max) 
    var_o = np.array([var_autocorr(r_o, lag) for lag in lags]) 
    var_s = np.array([var_autocorr(r_s, lag) for lag in lags]) 
    d = (r_o-r_s)[lags] 
    d_SE = np.sqrt(var_o + var_s) 
    d_SE_approx = np.array([(2.0/len(lags))**0.5 for lag in lags]) 
    H0 = all(abs(d) <= 2*d_SE) 
    # Plot 
    if not ax==None: 
        ax.bar(lags, d) 
        ax.plot(lags, 2*d_SE, 'r-', lags, -2*d_SE, 'r-') 
        ax.plot(lags, 2*d_SE_approx, 'g-', lags, -2*d_SE_approx, 'g-')   
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    return(H0) 
     
def comparing_means(y_o, y_s): 
    """Comparing the means. 
 
    Comparing per cent error in means of y_o and y_s. 
     
    Args 
    y_o (array): Observed (measured) dataset. 
    y_s (array): Simulated dataset. 
     
    Returns 
    E_m (float): Percent error. 
    """ 
    m_o = y_o.mean() # x.mean() computes the mean of x 
    m_s = y_s.mean() 
    diff_m = m_o - m_s 
    E_m = 100 * abs(diff_m / m_o) 
    return(m_o, m_s, diff_m, E_m) 
     
def comparing_variations(y_o, y_s): 
    """Comparing the variances. 
 
    Comparing per cent error in variances of y_o and y_s. 
     
    Args 
    y_o (array): Observed (measured) dataset. 
    y_s (array): Simulated dataset. 
     
    Returns 
    E_v (float): Percent error. 
    """ 
    std_o = y_o.std() # x.std() computes the standard deviation of x 
    std_s = y_s.std() 
    diff_std = std_o - std_s 
    E_v = 100 * abs(diff_std / std_o) 
    return(std_o, std_s, diff_std, E_v) 
     
def testing_phases(y_o, y_s, ax=None): 
    """Testing the phase lag. 
     
    The cross-correlation function is used to estimate a potential phase 
lag 
    between the observed and simulated data. 
     
    Args 
    y_o (array): Observed (measured) dataset. 
    y_s (array): Simulated dataset. 
    plot (bool): Defaults to False 
        True for plotting the cross-correlation function. 
        False for not plotting. 
     
    Returns 
    r (array): Cross-correlation vector. 
    """ 
    ks = range(len(y_o)-1) 
    r = np.array([cross_corr(y_o, y_s, k) for k in ks]) 
    lag = r.argmax() 
    r_max = r.max() 
    # Plot 
    if not ax==None: 
        ax.bar(ks, r) 
    return(r, lag, r_max) 
     
def discrepancy_coefficient(y_o, y_s): 
    """Discrepancy coefficient function 
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    A sum of squares type calculation is used for comparison of the 
observed and simulated data. 
    This function takes values between 0 and 1, where 0 indicates the 
highest similarity 
     
    Args 
    y_o (array): Observed (measured) dataset. 
    y_s (array): Simulated dataset. 
     
    Returns 
    U (float): Discrepancy coefficient. 
    """ 
    E = y_o - y_s 
    U = E.std() / (y_o.std() + y_s.std()) 
    return(U) 
     
def validate(t, y_oo, y_ss, plot=False, printResults=False): 
    if plot: 
        fig, axs = pylab.subplots(2, 2) 
        axs[0, 0].plot(t, y_oo, t, y_ss)     
        iijj = [(0,0), (0,1), (1,0), (1,1)] 
        titles = ['Data', 'Removed trend', 'Period comparison', 'Phase 
test'] 
        xlabels = ['time', 'time', 'lag', 'lag']  
        ylabels = ['Temperature [K]', 'Temperature [K]', '', ''] 
        y_min = min(y_oo+y_ss) 
        y_max = max(y_oo+y_ss) 
        y_range = y_max-y_min 
        ylims = [[y_min-y_range/2.0,y_max+y_range/2.0], [-
2.0*y_range,2.0*y_range], [-1,1], [-1,1]] 
        for ij, title, xlabel, ylabel, ylim in zip(iijj, titles, xlabels, 
ylabels, ylims): 
            axs[ij].set_title(title, y=0.85) 
            axs[ij].set_xlabel(xlabel) 
            axs[ij].set_ylabel(ylabel) 
            axs[ij].set_ylim(ylim)      
    # Multi-step validation 
    y_o, y_s, slope_o, slope_s, diff_slope, E_slope = trend(t, y_oo, y_ss, 
'linear', None if not plot else axs[0, 1]) 
    H0 = comparing_periods(y_o, y_s, None if not plot else axs[1, 0]) 
    m_o, m_s, diff_m, E_m = comparing_means(y_o, y_s) 
    std_o, std_s, diff_std, E_v = comparing_variations(y_o, y_s) 
    r, lag, r_max = testing_phases(y_o, y_s, None if not plot else axs[1, 
1]) 
    U = discrepancy_coefficient(y_o, y_s) 
    # Graphical measures 
    y_o_max = max(y_oo) 
    y_s_max = max(y_ss) 
    y_max_diff = y_o_max-y_s_max 
    y_max_error = 100*abs(y_max_diff/y_o_max) 
    y_o_min = min(y_oo) 
    y_s_min = min(y_ss) 
    y_min_diff = y_o_min-y_s_min 
    y_min_error = 100*abs(y_min_diff/y_o_min) 
    t_o_max2min = 1.0*min(range(len(y_oo)), key=y_oo.__getitem__) - 
max(range(len(y_oo)), key=y_oo.__getitem__) 
    t_s_max2min = 1.0*min(range(len(y_ss)), key=y_ss.__getitem__) - 
max(range(len(y_ss)), key=y_ss.__getitem__) 
    t_max2min_diff = t_o_max2min-t_s_max2min 
    t_max2min_error = 100*abs(t_max2min_diff/t_o_max2min) 
    y_o_range = y_o_max-y_o_min 
    y_s_range = y_s_max-y_s_min 
    y_range_diff = y_o_range-y_s_range 
    y_range_error = 100*abs(y_range_diff/y_o_range) 
     
    if printResults: 
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        text = ['%s, %s, %s, %s, %s, %s' % ('Metric', 'Actual', 'Model', 
'Diff', 'Error', 'Comments')] 
        text.append('%s, %s, %s, %s, %s, %s' % ('Multi-step validation', 
'', '', '', '', '')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('Trend slope', slope_o, 
slope_s, diff_slope, E_slope, '-')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('Autocorrelation test', H0, 
'', '-', '-', '-')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('Mean', m_o, m_s, diff_m, 
E_m, '-')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('Standard Dev.', std_o, 
std_s, diff_std, E_v, '-')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('Phase lag (k=%s)' % lag, 
r_max, '', '-', '-', '-')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('U(discrepancy)', U, '', '-
', '-', '-')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('Graphical measures', '', 
'', '', '', '')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('Max. value', y_o_max, 
y_s_max, y_max_diff, y_max_error, '-')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('Min. value', y_o_min, 
y_s_min, y_min_diff, y_min_error, '')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('Time between max. and 
min.', t_o_max2min, t_s_max2min, t_max2min_diff, t_max2min_error, '')) 
        text.append('%s, %s, %s, %s, %s, %s' % ('Overall change', 
y_o_range, y_s_range, y_range_diff, y_range_error, '')) 
        results = '\n'.join(text) + '\n' 
#    fig.show()     
    return(H0, E_m, E_v, r, U, None if not plot else fig, None if not 
printResults else results) 
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B. APPENDIX B APAR IMPLEMENTATION 

 INTRODUCTION 

This information was taken from Annex 3 of EMWiNS final technical report which 

outlines an implementation of the air handling unit performance assessment rules or 

APAR as defined in the paper “An Expert Ruleset for Fault Detection in Air-Handling 

Units”.  The ruleset was coded in C++ and the following sections detail this 

implementation. 

 PROGRAM STRUCTURE 

B.2.1. Functions 

The program uses a number of functions to aid the implementation of the APAR 

ruleset. These are namely: 

 double stringToDouble(string x) 
o reads a string value, converts the contents of the string to a double and 

returns the double value 
 

 double stringToInt(string x) 
o reads a string value, converts the contents of the string to a double and 

returns the double value 
 

 double minimum(double x, double y) 
o reads two double values and returns the lowest value of the two 

 
 double maximum(double x, double y) 

o reads two double values and returns the highest value of the two 
 

 double standDev(double array[], int size) 
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o reads an array and an int value and returns a double value of the standard 
deviation of int values of the array 
 

 int determineMode(double freshAirDamperPosition, double 
coolingValvePosition, double reheatingValvePosition, double 
supplyAirVelocity) 

o reads a number of doubles for the various control component positions and 
outputs the mode as an int value of 0, 1, 2, 3, 4, or 5 based on the inputs, 0 
indicates the unit is off while 1 – 5 indicate the mode of operation as per the 
APAR ruleset 
  

 bool determineState(double freshAirDamperPosition, double 
frostValvePosition, double coolingValvePosition, double 
reheatingValvePosition) 

o reads  a number of doubles and returns a bool of 1 if all the inputs are above 
a threshold value and returns a bool of 0 if one of the inputs is above the 
threshold 
 

 string returnModeText(int x) 
o reads an int value x and depending on the value of x returns a string which 

is a text description of the mode of operation of the AHU 
 

 int variablePosition(string array[], string x) 
o reads an array and a string value, then searches through the array for the 

string value and returns the array position of the string if it is present in the 
array.  

B.2.2. Flow 

 The program initially asks the user to enter a file name to use. (CSV files must 

be in the same directory as the program). The files that work with the program 

are CSV versions of the 24-hour scenario files 

 The program then reads the CSV file into a 2D vector array 

 A file “possible_causes.csv” is then also read into a 2D vector array (this 

information will be used to determine probable causes of any faults triggered). 

 A number of constants, variables and arrays that are employed throughout the 

program are then defined and initialised.   

 The user is then asked to enter a file name for two CSV files which will contain 

the results of the state determination and fault detection. 

 The positioning in the array for the variables required by APAR is determined 

by utilising a for loop and the function variablePosition. 
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 Based on the values returned by the variablePosition function variables 

required by the APAR ruleset are assigned from the 2D vector array.  

 The program then determines the mode of operation of the AHU and then 

checks if the unit in steady state or not. 

 If the system is in a steady state and based on the determined mode, the 

program then applies the specific ruleset as dictated by APAR.  

B.2.3. Assigning variables for APAR 

 

A for loop is utilised to populate an array with the first row of data that is found in the 

input file. This takes the headings for each of the columns and places it in an array 

called headingArray. The variablePosition function is employed to search the 

headingArray for a specific string in order to determine its position within the array. 

This returns an int value which is assigned to a variable whose name ends in VP to 

signify it contains a “Variable Position”. 
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A further for loop is employed to assign the correct values from the CSV data input file 

to the required APAR variables by incrementing an int i each time the loop runs 

through. The appropriate value within the data array is then assigned to the relevant 

variable via the stringToDouble function, which utilises the results of the variable 

positioning as described above. Once these variables have been assigned the 

determineMode function is called which returns an int value to the unitMode variable. 
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B.2.4. Determining the steady state 

Four arrays are defined to the determination of the 15-minute moving window standard 

deviation that is employed to determine whether the system is in steady state or not. A 

for loop is utilised to set the arrays to zero before commencing the assignment of values 

to the arrays. An if statement is then used to ensure that there are 15 values available for 

the determination of the standard deviation. A further for loop is then employed to 

assign the previous 15 minutes data into the relevant arrays. These arrays are then 

passed to the standDev function to determine their standard deviation. Once the 

standard deviation of the individual arrays has been determined the values are then 

passed into the determineState function. The Boolean value unitState is equal to 1 if 

the system is steady or 0 if the system is unsteady. The results of this check are output 

to a file called “state_result.csv”. 
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B.2.5. Applying the rules 

An if statement is then used to check that the unit is in steady state by looking at the 

unitState variable. When this is equal to 1 the statements inside the if statement will 

execute. A series of if-else statements then follows which examine the unitMode 

variable and depending on its value will execute the relevant ruleset. If the system is 

unsteady (i.e. unitState is 0) then none of the rulesets will be applied. 
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B.2.6. Reporting results 

 

A for loop goes through the ruleArray[] for each of the 28 rules in the APAR ruleset.  

If one of these rules has been triggered the ruleArray[] value will be equal to 1. As a 

result, a string variable called FaultType will be given a value of “Warning” and an array 

ruleCounter[j] for that specific rule will be incremented by 1.  

If one of these rules has not been triggered the ruleArray[] value will be equal to 0. 

As a result, the string variable faultType will be given a value of “OK” and the array 

ruleCounter[j] for that specific rule will be reset to 0. 

 If the array ruleCounter[j] reaches a value of 30, indicating the presence of a 

“Warning” for 30 consecutive minutes for a specific rule the string variable faultType 

will be given a value of “Fault” and the array ruleCounter[j] for that specific rule will 

then be reset to 0. 

The result for each rule, at each examined timestamp, is output to a CSV file containing, 

the faultType message, the timestamp, the unitMode value, the rule examined and the 

source of the data.  



 

226 
 

If a faultType of “Fault” is detected a further output to a separate CSV file is 

generated. This output file contains, the faultType message, the timestamp, the 

unitMode value, the rule examined and the source of the data. This is then followed by 

a list of possible causes for the fault message. This is achieved by a for loop search 

through the causesArray[][] to determine which possible causes could have resulted 

in the rule being triggered. This information is then output to the CSV file. 
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C. APPENDIX C CMBD FAULT ISOLATION 

 ACKNOWLEDGE 

Information presented in this appendix was taken from the document “Model-based fault 

detection and diagnosis of AHUs” prepared as an internal report by the members of 

EMWiNS project (including the author of this thesis). 

 CMBD FAULT ISOLATION 

This appendix describes the process followed in EMWiNS project to generate a 

diagnostics model for the quantitative MBD approach. 

Next, it is shown an algorithmic 

framework for computing 

diagnoses. The basic idea of the 

CMBD diagnostic library (shown in 

Figure C-1) is to perform multiple 

simulations for various hypothesised 

health states of the system. The 

output of these multiple simulations 

is then processed and combined 

into a single diagnostic output  

 

 
Figure C-1. CMBD Diagnostics Inference Process 
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The CMBD is implemented in the Lydia-NG diagnostic library. This library consists of 

the following building blocks: 

 Generator of Diagnostic Assumptions: A diagnostic assumption is a set of 

hypothetical assignments for the health or fault state of each component in the 

system. The “all nominal” diagnostic assumption assigns healthy status to each 

component. Lydia-NG allows one nominal and one or more faulty states per 

component. Given an anomaly identified by the monitoring process, Lydia-NG 

will identify diagnostics assumptions that might account for the observed 

anomaly; 

 Simulation Engine: Given a diagnostic assumption, Lydia-NG can solve the 

system of equations to compute values for one or more observable variables. 

The values of these observable variables are also referred to as a prediction. 

Lydia-NG has an ODE-solver that has been validated to produce simulation 

results identical to the selected Modelica solver (Dassl); 

 Residual Analysis Engine: A prediction is compared to the sensor data by a 

residual analysis engine. This engine combines the individual discrepancies in 

each sensor data/predicted variable pair to produce a single real value that 

indicates how close the prediction of the simulation engine is to the sensor data 

obtained from the plant. A simulation that results in all predicted values 

coinciding with the measured ones will result in the residual being zero. The 

data structure containing predictions, their corresponding sensor data, and the 

computed residual is called a diagnostic candidate or simply candidate; 

 Candidate Selection Algorithm: Not all candidates generated by the residual 

analysis engine are used for computing the final system health. The candidate 

selection algorithm discards each candidate whose residual is larger than the 

residual of the “all nominal” candidate; 

 System State Estimation Algorithm: Lydia-NG uses the set of candidates that 

is computed by the candidate selection algorithm to compute an estimate for the 

health of each component. This is done by the system state estimation 

algorithm. Finally, Lydia-NG computes the components with the highest 

probability of failure. These are reported as the isolated fault. 
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D. APPENDIX D CONSISTENCY-BASED DIAGNOSIS WITH 

QUALITATIVE DEVIATION MODELS 

 ACKNOWLEDGE 

Information presented in this appendix was taken from the document “Model-based fault 

detection and diagnosis of AHUs prepared as an internal report by the members of 

EMWiNS project (including the author of this thesis). 

 QUALITATIVE MBD MODEL (QMBD) 

First, it is introduced the qualitative representation corresponding to an ODE, which is 

called a qualitative differential equation (QDE). 

Definition (Qualitative differential equation--QDE) Given an ODE dx/dt = f(x), a Qualitative 

QDE corresponding to it is specified in terms of a d/dt = g(), where: 

 Each continuous derivative dx/dt is replaced by a qualitative derivative d/dt 

with values of (+,0,-); note that this holds for all orders of derivatives. 

 Each variable x is replaced by a qualitative variable  with a finite set of 

qualitative values. 

Definition (Qualitative System Description). A Qualitative System Description SD is made up 

of (Q, H), where, Q is a QDE model and H is a health vector, such that for each hj  H 

there is a corresponding subset of equations j   from the QDE model equations. 

Definition (Qualitative MBD Model) A Qualitative MBD Model is specified in terms of a 

qualitative system description together with a set of qualitative inputs. 
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 QUALITATIVE DEVIATION MODELS 

In order to formalise the intuition of reasoning about deviating system behaviour as 

presented in Section 5.3, deviation models are used, i.e. the qualitative deviation of a 

variable x is defined as: 

Dx:= sign(xact - xnom) (1) 

Equation (1), captures whether an actual (observed, assumed, or inferred) value is 

greater, less or equal to the nominal value. The latter is the value to be expected under 

nominal behaviour, technically: the value implied by the model in which all components 

are in OK mode. 

Qualitative deviation models can be obtained from standard models stated in terms of 

(differential) equations by canonical transformations, such as  

a + b = c Þ Da ⊕ Db = Dc  (2) 

a * b = c Þ (aact ⊗ Db) ⊕ (bact ⊗ Da)  ⊝ (Da ⊗ Db) = Dc  (3) 

Equations (2) and (3) , ⊕,⊗,⊝ are addition, multiplication, and subtraction operators 

of interval arithmetic. For strictly monotonic functions, i.e. df/dt > 0 or df/dt < 0, 

equation (4) is obtained 

Df(x) =Dx and Df(x) = -Dx  (4) 

respectively. If functions are piecewise monotonic, this holds for sections in which the 

derivative does not change its sign. 

Within these limitations, by using the above transformation, a set of ordinary 

differential equations can be transformed into a set of relations on qualitative deviations 

(and the qualitative abstraction of the actual values). They can be considered as a model 

capturing a kind of qualitative sensitivity analysis. It is important to observe that they 

are stated independently of the reference value.  

D.3.1. From Modelica models to fault diagnosis 

EMWiNS aims not only at automating the generation of tailored diagnostic systems 

based on a library of diagnostic models. Work to automate the steps of generating this 

library based on a library of numerical (Modelica) models was also carried out.  
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In this section, it is presented the description of the complete workflow and system 

modules required to build a diagnostic solution for a class of plants and to deploy it for 

a single plant and run it on-line, which is illustrated in Figure D-2. 

Producing the general solution 

This step involves the production of a library of Modelica models and its 

transformation into a diagnostic model library (top row in Figure D-2). The 

transformation is carried out for each component type and it comprises two steps: 

 Deriving a deviation model: This is done for each model of a behaviour mode 

(nominal or faulty) of a component. It can be done manually, but also by an 

automated procedure. If M(x) is a Modelica model of a component behaviour 

mode, then the deviation model is the aggregation of M(xact), M(xref), and 

Dx=xact= xref. 

 Abstracting the deviation model to a qualitative model stated in the domain of 

signs. For this step, a module has been implemented in EMWiNS that 

automates the abstraction of Modelica models for an arbitrary set of intervals 

specifying the required discretization, which includes the abstraction to signs. 

Deployment of an application 

Producing an application based on this, requires  

 The configuration and calibration of a Modelica model of the correct behaviour; 

 The component structure of the plant can be extracted from this Modelica 

model and forms the input to the automated model composition based on the 

diagnostic library. The latter is part of the functionality of the tool Raz’r; the 

extraction of the component structure from Modelica has not yet been realised 

in EMWiNS, but is expected to be straightforward; 

On-line diagnosis 

At runtime,  

 Qualitative deviations are generated by computing the difference between the 

real data (currently for steady state only) and the predictions generated by the 

OK model of the plant (implemented in Modelica) and determining deviations 

based on given thresholds. The adaptation of this module requires determining 
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the appropriate thresholds (reflecting the accuracy of the model, of the sensors, 

and noise), and specifying the mapping between data fields and model variables. 

The resulting qualitative deviations of dependent variables (and zero deviations 

for the exogenous variables) provide the observations processed by the runtime 

diagnosis engine. 

 The runtime diagnosis engine is produced by the code generator from the Raz’r 

module by compiling the consistency-based diagnosis algorithm and the 

diagnostic plant model into very compact C-code. The output is the set of all 

minimal combinations of component faults that are compliant with the abstract 

observations. 

 

Figure D-2. QMBD steps 

 


