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A retrofit decision support approach for improving energy efficiency and

indoor environmental quality in buildings

Ehsan Asadi, Ph.D.

University of Coimbra, MIT-Portugal Program, 2013

Retrofitting of existing buildings offers significant opportunities for reducing
global energy consumption and greenhouse gas emissions. This is being considered as
one of the main approaches to achieve sustainability in the built environment at relatively
low cost and high uptake rates. Although there are a wide range of retrofit technologies
readily available, methods to identify the most suitable set of retrofit actions for particular
projects are still a major technical challenge. Such methods can be categorized into two
main approaches; models in which alternative retrofit actions are explicitly know a priori
and models in which alternative retrofit actions are implicitly defined in the setting of an
optimization model.

This thesis focuses on using modeling and optimization techniques to assess
technology choices in the built environment. Firstly two multi-objective optimization
models using a classical optimization technique, namely Tchebycheff technique are
developed. The functionality of the proposed models is discussed through the application
on a residential building. The results verify the practicability of the approaches and

highlight potential problems that may arise. Afterward a multi-objective optimization
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model based on the Genetic Algorithm Integrating Neural Network (GAINN) approach is
developed. The benefits of this approach with respect to the classical optimization models
are its rapidity and computational efficiency. This model is used for the optimization of
the energy consumption, retrofit cost and thermal comfort in a school building. The
results from the optimization show the impact of each objective function on the
building’s overall performance after retrofit and more importantly illustrate the trade-off
between different objectives. Finally, the proposed methodology highlights the
improvements added to the GAINN methodology by use of a multi-objective genetic

algorithm.
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Uma metodologia de apoio a decisdo na requalificacdo de edificios para melhorar a

eficiéncia energética e a qualidade ambiental interior

Ehsan Asadi, Ph.D.

Universidade de Coimbra, Programa MIT-Portugal, 2013

A requalifica¢do de edificios existentes representa uma importante oportunidade
de redugdo do consume energético e das emissdes de gases de efeito de estudo. E
qualificada como uma das abordagens com mais capacidade para alcancar a
sustentabilidade do ambiente construido com custos controlados e boas probabilidades de
sucesso.

Embora haja disponivel uma vasta gama de tecnologias de requalificagdo de
edificios, a escolha doss métodos para seleccionar o conjunto mais adequado de medidas
de requalificacdo a aplicar a um edificio ¢ ainda um grande desafio.

Os métodos devem ser categorizados em duas classes; modelos nos quais as
medidas a implementar sdo explicitamente conhecidas a priori € modelo em que as
medidas vao ser implicitamente definidas em conjunto num processo de optimizagao.

Esta tese foca-se na utilizagdo de modelos e de técnicas de optimizagdo para
avaliar as escolhas de tecnologias para proporcionar um ambiente mais sustentavel nos
edificios. Primeiro sdo desenvolvidos dois modelos, usando uma técnica classica de

optimizacao (Tchebycheff). A funcionalidade dos modelos propostos ¢ avaliada através

XV



da sua aplicagdo ao caso de um edificio residencial. Os resultados obtidos permitem
verificar a aplicabilidade da abordagem utilizada e identificar potenciais problemas que
resultam da sua aplicagdo.Seguidamente foi desenvolvido um modelo de optimizagao
multi-objectivo baseado em Algoritmos Genéticos integrados com Redes Neuronais
Artificiais (GAINN). Os beneficios desta abordagem relativamente as técnicas cldssicas
de optimizagdo, sdo a sua rapidez e eficiéncia computacional. Este modelo foi usado para
a optimizacdo do consumo energético, dos custos de requalifica¢do e do conforto térmico
de um edificio escolar. Os resultados do processo de optimizagdo mostram o impacto de
cada fun¢do objectivo no desempenho global do edificio e, mais importante, ilustram as
situacdes de compromisso entre os diferentes objectivos. Finalmente a metodologia usada

permite realcar as melhorias conseguidas, relativamente a metodologia GAINN, pela

introducao de um algoritmo genético multi-objectivo.
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CHAPTER 1
INTRODUCTION

Summary:
What is the current situation of energy consumption in the building sector?
What are the motivations behind this research?

What are the research goals?

27



28



1.1 Context

Chapter 1: Introduction

1.1 CONTEXT

The energy sector faces significant challenges that everyday become more acute.
The current energy trends raise great concerns about the ‘‘three Es’’ that are the
environment, the energy security and the economic prosperity, as defined by the
International Energy Agency (IEA-ISO 2007). The building sector is among the greatest
energy consumers, using large amounts of energy and releasing considerable amounts of
CO;. In the United States in 2010, buildings accounted for 41% of the total primary
energy consumption (Figure 1-1) and 74% of the electricity consumption (DOE 2012).
About 40% of CO, emissions, 54% of SO,, and 17% of NOx are produced in the U.S.

because of building-related energy consumption.

Primary Energy Consumption by sectorinU.S. in 2010

Residential
22%

Figure 1-1 Primary energy consumption by sector in U.S. in 2010 (DOE 2012)

A similar situation is also observed in the European Union (EU), where the
building sector uses 40% of the total final energy consumed (Figure 1-2) and releases

about 40% of the total CO, emissions. In the last ten years (1999-2009), EU-27
29



Chapter 1 Introduction

dependency on imported energy has grown, reaching 53.9% in 2009. This represents an
increase of 9 percentage points from 1999 (EUROSTAT 2011). As a consequence, the
cornerstone of the European energy policy has an explicit orientation towards the
conservation and rational use of energy in buildings as the Energy Performance of

Buildings Directive (EPBD) 2002/91/EC (EC 2002) and its recast (EC 2010) indicate.

Final Energy Consumption by sectorin EU-27 in 2009

Other
3%

Household
21%

Figure 1-2 Final energy consumption by sector in EU-27 in 2009 (EUROSTAT 2011)

However, this is not a concern of only the EU, since other organizations
worldwide put significant efforts towards the same direction. The International
Organization for Standardization (ISO) provides another sound example through the
related standards that it has published based on the work of its Technical Committee (TC)
163 for the thermal performance and energy use in the built environment (e.g. ISO 7730
2005). Moreover, the Centre Européen de Normalisation (CEN) recently introduced

several new CEN standards in relation to the EPBD (e.g. prEN 15271).
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1.1 Context

Most European countries have succeeded in reducing energy consumption of new
dwellings by more than 50% without increasing their building cost, and therefore energy
efficiency has achieved great acceptance among building owners (Kaklauskas et al.
2006). These buildings represent about 20% of the building stock but consume only 5%
of the energy. Therefore, it is essential to pay even more attention to existing buildings.

Today, it is practically feasible to reduce the energy needs in many existing
buildings and, consequently, total energy demands at a national level. Therefore,
concentration on improving the energetically poor building stock has great potential.
Besides, the cyclical nature of the construction industry, the fact that the built
environment is aging at a fast rate, the overall reduction in new building construction and
the increasing awareness for sustainability, open new opportunities for expanding the
retrofit and reconstruction of buildings (Shaurette 2008).

A recent report by the Construction Management Association of America
(CMAA) and FMI Corporation (consulting and investment banking Co.) outlined a set of
challenges that may cause construction markets to change direction in the near future.
The first challenge indicated that aging infrastructure in nearly every market segment is
at or beyond its current useful life. It represents trillions of dollars that are necessary to
spend over the next 10 to 20 years to upgrade and replace these assets (Agostino, Mikulis
& Bridgers 2007). These asset upgrades include change in use, upgrade of mechanical or
electrical systems, restoration of deteriorated building envelopes, repair of structural
damage, renovations to reduce serviceability problems, changes to satisfy government
mandates, repair of original construction and corrections to previous renovation errors.

All these actions would contribute to rationalize the energy consumption in buildings.

31



Chapter 1 Introduction

1.2 PROBLEM STATEMENT

Even if all future buildings were to be built so that their electrical energy and heat
energy demands were very low, it would still only mean that the increase in energy
demands would be reduced. It would not reduce the present demands. For many years to
come, only measures taken in existing buildings will have a significant effect on the total
energy demands in the building stock.

When designing new buildings, only relatively limited additional investments are
often needed to make them very energy-efficient. On the other hand, it is more difficult
and costly to bring about substantial energy savings in existing buildings, though it is
nearly always possible to identify a number of measures that are both energy-saving and
cost-effective. However, both in designing new buildings and carrying out measures in
existing buildings, it is extremely important that the solution applied and the measures
taken are well founded and correctly chosen (Abel & Elmorth 2007). In other words,
when buildings are subject to retrofit, it is very important to select the optimal strategy at
that very moment, since if other solutions are chosen and implemented it will just be
possible to change the building at a later occasion at a much higher cost.

The works involved in retrofit are usually of complex and heterogeneous nature
that require various specialties to be integrated in highly wvariable conditions.
Furthermore, a thorough building's retrofit evaluation is quite difficult to undertake,
because a building and its environment are complex systems regarding technical,
technological, ecological, social, comfort, esthetical, and other aspects, where every sub-
system influences the total efficiency performance and the interdependence between sub-

systems plays a critical role (Kaklauskas, Zavadskas & Raslanas 2005).
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1.3 Research goals

There are a number of models and methods developed to assess conditions and
support decisions pertaining to building retrofit. These methodologies can be categorized
into two main approaches, the models in which alternative retrofit actions are explicitly
known a priori and the models in which alternative retrofit actions are implicitly defined
in the setting of an optimization model. The most common a priori approach is one in
which the decision maker (DM) assigns weights to each criterion, the weighted sum of
the criteria then forming a single design criterion. It is then possible to find the single
design solution that optimizes the weighted sum of the criteria. However, this does not
provide the designer with information about how sensitive each criterion is to changes of
the other criteria.

The second approach solves this problem and enables to grasp the trade-offs
between the objective functions helping to reach a satisfactory compromise solution.
However, so far, relatively little attention has been paid to tackling building retrofit
decision support with multiple objective analysis (Juan et al. 2009a). Therefore, this
research focuses on using multiple objective optimization models and methods to assess
technology choices in the built environment.

Accordingly, the problems addressed by this research can be stated as:

e A problem of society in terms of rational energy consumption;

e A problem of different organizations facing retrofit of buildings;

e A problem of designing effective decision support approaches for building
retrofit;

e A problem of integrating new regulations for buildings with retrofit strategies.
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Chapter 1 Introduction

1.3 RESEARCH GOALS

The general objective of this thesis is to develop a decision support approach

based on multi-objective optimization techniques to assist stakeholders involved in

building retrofit activities, providing the basis for a well-informed decision process taking

into account all the feasible alternatives and objectives at stake without being confined to

a small set of predefined scenarios. The specific goals are the following:

Identify a set of retrofit actions and renewable energy solutions suitable for
retrofitting existing buildings;

Investigate the adequacy of the application of multi-objective optimization
techniques to the problem of the improvement of energy efficiency and Indoor
Environmental Quality (IEQ) in existing buildings;

Develop an innovative multi-objective optimization methodology(s) to tackle this
problem;

Develop fully operational decision support approach(s) based on multi-objective
optimization techniques;

Quantitatively assess the application of innovative retrofit actions and renewable
energy solutions for building retrofit scenarios as well as the trade-offs between
the objectives;

Explore the potential of the methodology(s) and the decision support approach(s)

through the application to representative Portuguese buildings as case studies.

1.4 METHODOLOGY

This thesis focuses on using multi-objective modeling and optimization

techniques to assess technology choices in the built environment. First, the research

identifies a set of retrofitting actions and renewable energy solutions suitable for
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1.5 Thesis structure

retrofitting existing buildings in Portugal. This sets of alternatives will then be used as an
input to multi-objective optimization models to quantitatively compare the performances
of different options according to multiple evaluation axes and categories of constraints,
namely energy savings, retrofit cost, and thermal comfort. A representative set of
Portuguese buildings including a residential and a school building are used to explore the
possibilities offered by the decision support approach in a practical setting and highlight

the practicability and potential problems that may arise in each proposed model.

1.5 THESIS STRUCTURE

The core of the thesis is divided into 3 chapters besides Introduction and
Conclusion chapters, which correspond to the 6 publications that have come out of this
research: 4 published and 2 in the process of being published (Asadi et al. 2013a; 2013b;
2013; 2012a; 2012b; 2011).

Chapter 2 provides an overview of recent research and development in the field of
building retrofit as well as the application of retrofit technologies to the existing
buildings. The systematic approaches to building condition assessment and proper
selection of effective retrofit measures are also discussed in this chapter. In particular,
this chapter provides an overview on the state-of-the-art on existing building retrofit
decision support approaches.

Chapter 3 is devoted to the development of two multi-objective optimization
models using classical optimization methodologies, namely a Tchebycheff programming
technique. The first approach uses a thermal model of the building, based on the
methodology of the Portuguese building thermal code (RCCTE 2006), to assess existing
building thermal performance. The second approach uses TRNSYS simulation software

for energy and comfort assessment. In this chapter, both models are used to find different
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Chapter 1 Introduction

trade-offs between energy savings and retrofit costs in the first approach, and thermal
comfort besides the already mentioned objectives in the second approach, for retrofitting
a residential building in Coimbra, Portugal.

Chapter 4 presents a multi-objective optimization model based on the GAINN
approach to assess technology choices in a building retrofit project. This approach
combines the rapidity of evaluation of Artificial Neural Network (ANN) with the
optimization power of Genetic Algorithms (GAs) in combinatorial problems. The
benefits of this approach with respect to the classical optimization models are its rapidity
and computational efficiency. A school building in Coimbra is used as a case study to
demonstrate the practicability of the proposed approach and highlight potential problems
that may arise.

Finally, Chapter 5 provides a summary of conclusions, comments on the

limitations of the models, and outlines the prospects for future work.
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CHAPTER 2
STATE-OF-THE-ART ON EXISTING BUILDING RETROFIT

Summary:

What are the key phases in building retrofit?

Is there any systematic approach toward building retrofit?
What are the main objectives of building retrofit?

What are the different methodologies for the assessment of building retrofit actions?
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2.1 Introduction

Chapter 2: State-of-the-art on existing building retrofit

2.1 INTRODUCTION

The retrofit of existing buildings offers many challenges and opportunities. The
main challenge is that many uncertainties are at stake, such as climate change, services
change, human behavior change, government policy change, etc., all of which directly
affect the selection of retrofit technologies and hence the success of a retrofit project. The
sub-systems in buildings are highly interdependent. Different retrofit measures may have
different impacts on distinct building sub-systems due to these interdependencies, which
make the selection of retrofit technologies very complex. Dealing with these uncertainties
and system interactions is a considerable technical challenge in any building retrofit
project. Other challenges may include financial limitations and barriers, perceived long
payback periods, and interruptions to operations of buildings. The willingness of building
owners to pay for retrofits is another challenge if there is no financial support from the
government, particularly since the issue of “split incentives” is often a key factor because
the retrofit cost generally falls to the building owner whereas the benefit often flows
primarily to the tenants. On the other hand, building retrofit offers great opportunities for
improved energy efficiency, increased staff productivity, reduced maintenance costs and
better indoor comfort. It may also help to improve a nation’s energy security and
corporate social responsibility, reduce exposure to energy price volatility, create job
opportunities and make buildings more livable (Ma et al. 2012).

According to Ma et al. (2012) the overall process of a building retrofit can be
divided into five major steps (Figure 2-1). The first phase is the project setup and pre-
retrofit survey. In this phase the building owners, or their agents, first need to define the

scope of the work and set project targets. The available resources to frame the budget and
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Chapter 2 State-of-the-art on existing building retrofit

program of work can then be determined. A pre-retrofit survey may also be required in

order to better understand the building operational problems and the main concerns of

occupants.

(Phase | ) (Phase 1 ) (Phase 1 ) (Phase v \ (Phase \Y )
Project Setup Energy Identification of Site Validation and
and pre-retrofit Auditing and Retrofit actions Implementation Verification
Survey Zerfornance «Energy saving &Commissioning «Post
« Define scope ssessment and other *Site measurment

of the work; *Energy objective implementation; and

«Set project auditing; functions «Test and verification
targets; «Select estimation; commisioning. (M&V);

« Determine performance «Economic *Post
available indicators; analysis; occupancy
resources; *Building *Risk Survey.

« Pre-retrofit performance assessment;
survey. assessment & *Prioritize/Asse

diagnostics. ss retrofit
actions.
\. /L /L J L /L J

Figure 2-1 Key phases in a sustainable building retrofit program

The second phase comprises an energy audit and performance assessment (and

diagnostics). Energy auditing is used to analyze building energy data, understand

building energy use, identify areas with energy waste, and propose no cost and low cost

energy conservation measures (ECMs). Performance assessment is employed to

benchmark the building energy use by means of selected key performance indicators or
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2.2 Building retrofit — methodologies and strategies

green building rating systems. Diagnostics can be used to identify inefficient equipment,
improper control schemes and any malfunctions in the building operation.

The third phase is the identification of Retrofit Actions (RAs). By using
appropriate energy models, economic analysis tools and risk assessment methods, the
performance of a range of retrofit alternatives can be assessed quantitatively. The retrofit
actions can then be evaluated in terms of the selected energy-related and non-energy-
related objectives such as the increase in retrofitted building market value.

The fourth phase is site implementation and commissioning. The selected retrofit
measures will be implemented on-site. Test and commissioning is then employed to tune
the retrofit measures to ensure the building and its service systems operate in an optimal
manner. It is worth noting that the implementation of some retrofit measures may
necessitate significant interruptions to the building and occupants operations.

The final phase is validation and verification of energy savings. Once the retrofit
measures are implemented and well-tuned, standard measurement and verification
methods can be used to verify energy savings. A post occupancy survey is also needed to
understand whether the building occupants and building owners are satisfied with the
overall retrofit result.

This chapter aims at providing an overview of recent research and development in
the field of building retrofit as well as the application of retrofit technologies to existing
buildings. The systematic approaches to building condition assessment and proper

selection of effective retrofit measures are also presented herein.

2.2 BUILDING RETROFIT — METHODOLOGIES AND STRATEGIES

A systematic approach for the improvement of building energy efficiency in its

operational phase follows five general steps:
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Chapter 2 State-of-the-art on existing building retrofit

e Identification of existing building condition (Building condition assessment),
e Identification of the objective functions for building retrofit (Objectives in
building retrofit),
e Identification of retrofit actions (Building retrofit technologies),
e Assessment of each option and/or strategy performance against defined objectives
(Assessment methodologies),
e Measurement and verification of energy savings.
Figure 2-2 illustrates this systematic approach for identifying, determining and
implementing the best retrofit measures for existing buildings based on the above

mentioned steps.

2.2.1 Building condition assessment

Existing buildings tend to undergo performance degradations, change in use, and
unexpected faults or malfunctions over time (Heo, Choudhary & Augenbroe 2012).
These events often result in significant deterioration of the overall system performance,
inefficient operation and unacceptable thermal comfort conditions. In a building retrofit
project, building condition assessment is used to benchmark building energy use, identify
system operational problems, assess IEQ, and identify no cost or low cost energy

conservation measures.
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Figure 2-2 A systematic approach for the building retrofit process
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In the last two decades, the development of building performance assessment
tools has been very active. This is reflected in that a set of building rating tools are in the
public domain, such as LEED, BREEAM, CASBEE, HKBEAM, GBTool, Green Star,
NABERS, etc. These rating tools provide a framework on how to evaluate and improve
building energy and environmental performance. Although these rating tools vary in
scope, criteria, structure and format, the rating process is usually conducted via
benchmarking the assessed building against a set of prescribed quantitative and
qualitative performance indicators (PIs) of diverse objectives (Chau, Burnett & Lee
2000).

Through examination of the difference between Pls, the performance of the
building can be quantified. A detailed comparison of a variety of building rating tools can
be found in Haapio et al. (2008) and Reed et. al. (2009).

There is a wide range of research specifically focused on the development and
application of appropriate models and strategies for building performance assessment and
diagnostics. Conti et al. (1994) summarized three approaches to evaluate building energy
performance, including a computational-based approach relying on input data from
energy audits, a performance based approach through analysis of building utility bills,
and a measurement-based approach with in situ measurement procedures. Most largely
used approaches in practice are the two first ones because they are less expensive than
those based on measurements. On the contrary, reliability is the main advantage of
measurement-based approaches: they rely on the observation of the real behavior of the
building (not on design) and allow detecting the influence of building design, operation,
comfort conditions and climate on the building energy performance (Mejri, Barrio &

Ghrab-Morcos 2011).
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Poel et al.(2007) provided an overview of the methods and softwares that can be
used to perform building energy audits and assess buildings in a uniform way, perform
demands and savings calculations, provide owners with specific advice for measures to
improve energy performance, and issue an energy performance certificate for existing
buildings. Mejri et al. (2011) presented the application of model identification techniques
for energy performance assessment of occupied buildings. Dascalaki et al. (2011) stated
that building typology can be adopted as a tool for estimating the energy performance of
residential buildings. It can be employed for initial energy advice activities to give
building owners a quick overview of building energy performance. Song et al. (2008)
developed an easy-to-use tool for fault detection and diagnosis of building air-
conditioning systems. In the decision-aiding tool presented by Caccavelli and Gugerli
(2002) a diagnosis package was used to evaluate the general state of office buildings with
respect to deterioration, functional obsolescence, energy consumption and indoor
environmental quality.

For a particular project, the appropriate performance assessment method and
diagnostics tool should be selected by taking into account the client requirements,
experience of energy services companies, major retrofit focus, etc.

Therefore, for the sake of this thesis, the author developed a systematic approach
for indoor air quality assessment of buildings (2011; 2013). Details of the mentioned
method are presented in Appendices C and D. In terms of energy assessment, specifically
for the first proposed multi-objective approach which uses a thermal model to assess
building and retrofit actions, the author developed a MATLAB function based on

RCCTE - Portuguese Regulation for the characteristics of thermal behavior of buildings.

45
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2.2.2 Objectives in building retrofit

The objectives for building retrofit can be either quantitative or qualitative and

can be divided into four main categories depicted in Figure 2-3. (Kolokotsa et al. 2009).

MMain Objectives

Global
Environment

Environment

Figure 2-3 The main objectives for building retrofit (Kolokotsa et al. 2009)

More specifically, regarding energy use (primary or final), the following objectives have
been utilized:
e Heating and cooling load for conditioned buildings (D’Cruz & Radford 1987;
Bouchlaghem 2000);
e Normalized annual energy consumption and energy use for heating in kWh/m*
(Rey 2004; Zhu 2006);
e Annual electricity use in kWh/m? (Rey 2004);
e Embodied energy (Chen et al. 2006);
e Energy and time consumption index (ETI) (Chen et al. 2006);
e Energy savings due to building retrofit in kWh/year (Gholap & Khan 2007; Asadi
et al. 2012a)

Regarding costs, the following objectives have been used:
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Direct costs and initial investment costs (Rosenfeld & Shohet 1999);

Cost of retrofit (Asadi et al. 2012a);

Economic life span (Rosenfeld & Shohet 1999);

Annual on-going maintenance charges(Rosenfeld & Shohet 1999; Rey 2004);
Annual on-going charges (Rey 2004);

Net present value (NPV) of the energy investment (Martinaitis, Kazakevicius &
Vitkauskas 2007);

Internal rate of return (IRR) of the energy investment (Martinaitis, Rogoza &
Bikmaniene 2004);

Cost of conserved energy (CCE) (Martinaitis, Rogoza & Bikmaniene 2004);

Life cycle cost (LCC) (Wang, Zmeureanu & Rivard 2005);

As far as global environment is concerned, the objectives usually set are:

Annual emissions GWP (global warming potential in kgeqCO,/m?) (Rey 2004);
Reduction potential of global warming emissions (Alanne 2004);

Life cycle environmental impact (Wang, Zmeureanu & Rivard 2005);
Acidification potential in kgepSO»/m* (Alanne 2004; Rey 2004)

Water use (Alanne et al. 2007).

Indoor environmental quality and comfort have been subcategorized for the evaluation of

thermal sensation, visual comfort, indoor air quality and acoustic comfort. More

specifically, regarding thermal comfort, the following objectives and indicators have been

used:

PMV-PPD thermal comfort indices based on ISO-7730 standard (ISO 7730:
2005);
Dry resultant temperature for unconditioned buildings (Bouchlaghem 2000);

Indoor temperature and humidity (Jaggs & Palmer 2000);
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e Discomfort hours during summer or winter (Roulet et al. 2002);

e Daily overheating (Rey 2004);

e Effective draught temperature index (Rutman et al. 2005);

e Summer thermal discomfort severity index, which indicates the severity of
excessive mean radiant temperature during summer (Becker, Goldberger &
Paciuk 2007);

e Total percentage of cumulative time with discomfort (Asadi et al. 2012b).

For visual comfort, the assessment objectives can be:

Daylight availability (Radford & Gero 1980b);

Lighting and visual comfort (e.g. EPIQR method, see (Bluyssen & Cox 2002; Rey
2004));

Daylight factor (Rey 2004);

Discomfort glare severity indicator, which indicates the annual severity of
excessive discomfort glare (Becker, Goldberger & Paciuk 2007).
Indoor air quality is generally assessed via:
e (CO; concentration index (Doukas et al. 2007);
e Maximum ratio between the mean concentration of a contaminant over the
occupancy period and the contaminant’s threshold limit value for short-term or
long term exposure (Blondeau, Sperandio & Allard 2002);
e Ventilation rates (Blondeau, Sperandio & Allard 2002).
Acoustic comfort objectives include:
e Noise level at workplace in db (Rey 2004);
e Noise rating index (Rutman et al. 2005).
Some other descriptors not included in the previous list, but suitable for the assessment of

quality of indoor environment are:
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Operative temperature (T,) and Equivalent Temperature (Tequi), for thermal
comfort. The percentage of permanence of indoor thermal conditions inside the
comfort band defined in an adaptive comfort chart (ISO 15251: 2007), where T, is
depicted versus the outdoor mean running temperature. It is a suitable indicator of
the performance of buildings without mechanical systems to provide comfortable
conditions for occupants;

Average illuminance level in the working/activity plan (ISO 8995: 2002), as
regards visual comfort;

Percentage of people dissatisfied (PD) with indoor air quality (IAQ). It can be
calculated from the concentration of CO, using the expressions presented in (CEN
1998);

Noise equivalent level Lacq during the working period, in db(A);

Reverberation T of the room along the frequency spectrum of noise;

Sound transmission index (STI).

These objectives are, in general, competing, in the sense that it is impossible to

find a global solution to optimize all of them simultaneously. For this reason, several

decision aid approaches have been developed for addressing the mentioned problem,

namely based on multi-criteria and multi-objective models. An overview of these

approaches is presented in section 2.2.4.

2.2.3 Building retrofit technologies

According to Ma et al. (2012) the retrofit technologies can be categorized into

three groups: supply side management, demand side management, and change of energy

consumption patterns, i.e. human factors. Figure 2-4 illustrates major possible retrofit

technology types that can be used in building applications.
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Figure 2-4 Main categories of building retrofit technologies (Ma et al. 2012)

The retrofit technologies for supply side management include electrical system
retrofits and the use of renewable energy, such as solar hot water, solar photovoltaic
(PV), wind energy, geothermal energy, etc., as alternative energy supply systems to
provide electricity and/or thermal energy for buildings. In the last years, there has been an
increasing interest in the use of renewable energy technologies as building retrofit

solutions due to the increased awareness of environmental issues.
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The retrofit technologies for demand side management consist of strategies to
reduce building heating and cooling demand, and the use of energy efficient equipment
and low energy technologies. The heating and cooling demand of a building can be
reduced through retrofitting the building envelope (addition or improvement of
insulation, change of color, placement of heat-insulating door and window frames,
increase of thermal mass, building shaping, super insulated building envelopes, etc.) and
the use of other advanced technologies such as air tightness.

Low energy technologies may include advanced control schemes, natural

ventilation, heat recovery, thermal storage systems, etc.

2.2.4 Assessment methodologies

In the building retrofit, the assessment phase involves the evaluation of retrofit
actions versus the selected objective functions mentioned in section 2.2.2 with respect to
logical, physical and technical constraints concerning building retrofit strategies.

Therefore, the assessment procedure is an iterative procedure influenced by the
objectives, the alternative actions, and set of constraints. This iterative procedure is
illustrated in Figure 2-5.

The methodologies for assisting decision making in the appraisal of retrofit actions
according to multiple, generally conflicting and incommensurate, evaluation aspects may
be distinguished into two main approaches (Figure 2-6), according to the distinction
made above of models in which alternatives are explicitly known a priori and alternatives
are implicitly defined in the setting of an optimization model. These approaches are

subcategorized and analyzed in the following sections.
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Figure 2-5 The iterative decision support process (Alanne 2004)

2.2.4.1 Alternatives explicitly known a priori

In this category there is a relatively small list of alternatives to choose from. In
general an impact matrix is developed in close cooperation between the problem owners
and experts, who express in a given scale the performance of each alternative for each
evaluation criterion. Several methodological approaches may then be used to combine
this information with the decision maker’s preferences in order to reach a final
recommendation that establishes a good compromise between the evaluation criteria.
Multi-criteria Decision Analysis Approaches

Traditionally, the selection of energy alternatives and retrofit actions was based
only on cost optimization. The need to incorporate the environmental and social impacts
of different alternatives and viewpoints of different actors in the analysis promoted the
use of Multi-Criteria Decision Analysis (MCDA) methods. A wide range of MCDA
methods have been applied in the energy planning area (Diakoulaki, Antunes & Martins

2005).
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Figure 2-6 Categorization of methodological approaches for building retrofit

In an MCDA approach, it is necessary to define the problem clearly, identify the
actors involved in the decision making process and their values, develop a coherent set of
evaluation criteria and establish realistic alternatives. An MCDA method is selected to
aggregate the performance of each alternative according to the set of criteria using the
preferences elicited from the DM through technical parameters. Most MCDA methods
require weighting of the criteria, although the meaning of weights may be very different
from method to method. The application of MCDA methods may provide a selection of
the best alternative, a ranking of the alternatives or a sorting of the alternatives in pre-
defined ordered categories of merit. The most representative MCDA methods may be
included into the broad classifications of methods developing an overall synthesis value
(e.g., multi-attribute value/utility function approaches, AHP) and outranking based

approaches (e.g., ELECTRE, PROMETHEE).
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Blondeau et al. (2002) used a combination of multiple attribute utility theory
(MAUT) and outranking methods to determine the most suitable ventilation strategy for a
university building, i.e. to ensure the best possible indoor air quality and thermal comfort
of the occupants, and the lower energy consumption in case of increased diurnal or
nocturnal ventilation and/or air conditioning. It was shown that the results of the analysis
were strongly dependent on the definition of the overall utility function. On the other
hand, outranking methods allow to best fit the DM’s way of thinking but their results are
not always as clear as the ones obtained with MAUT approaches.

Roulet et al. (2002) used principal component analysis, as well as a multi-criteria
ranking method based on ELECTRE III and IV algorithms, to develop a method for
ranking office buildings (ORME: office rating methodology) according to an extended
list of parameters, including energy use for heating, cooling and other appliances, impact
on external environment, indoor environment quality, and cost.

Outranking methods are also used by Rey (2004). The ELECTRE III method is
used to rank office building retrofitting strategies.

EPIQR (Energy Performance Indoor Environmental Quality Retrofit Methods for
Apartment Building Refurbishment) (Jaggs & Palmer 2000) and TOBUS (Tool for
Selecting Office Building Upgrading Solutions) (Caccavelli & Gugerli 2002) are other
tools using MCDA techniques for aiding the selection of building retrofit actions. The
TOBUS method aimed at offering a tool for selecting office building’s retrofit solutions
with respect to multiple criteria. One of the key elements to reach this goal was an
assessment of the degree of physical degradation, extent of any degradation, extent of the
necessary work to retrofit the building and costs.

Kaklauskas et al (2005) used multi-variant design and MCDA to prioritize and

rank the alternative solutions for the retrofit of a building envelope. The alternatives’
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significance, utility degree and priority were extracted using this methodology and, as a
consequence, the strongest and weakest points of the retrofit were revealed. Zavadskas et
al. (2008) considered some of the problems associated with assessing the retrofit
effectiveness of apartment buildings in urban areas. They offered a new approach based
on multiple criteria complex proportional assessment (CORPAS) to determine the retrofit
effectiveness of houses considering both expected energy savings and the increase in the
market value of the renovated buildings.

Alanne (2004) combined MCDA and a multi-objective knapsack model to support
building retrofit. MCDA was used to extract the utilities of the retrofit actions proposed,
as well as the total utility versus the selected criteria. The utility scores obtained are then
used as weights in a knapsack optimization model to identify the actions that should be
undertaken, through the maximization of the objective function (that is utility score
achieved by selecting the retrofit action, specified by environmental value and
functionality) subject to budget constraints.

Simulation-based Approaches

Simulation-based approaches are either simplified (analytical methods) or detailed
(numerical methods) using powerful simulation programs. The simplified methods are
the degree-day method, the variable-base degree-day method, the bin method and the
modified bin method (Al Homoud 2001).

In the simulation-based process, a basic model of the building is developed using
simulation tools. Then, through an iterative procedure, a series of recommendations are
defined using the best construction practice (Horsley, France & Quatermass 2003). These
recommendations may include increase of insulation, change of glazing, etc.

There are a number of detailed building energy simulation packages, such as

EnergyPlus, eQuest, DOE-2, ESP-r, BLAST, HVAC-SIM+, TRNSYS, etc. A detailed
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comparison of the capabilities of 20 building energy simulation packages can be found in
(Crawley et al. 2008).

For example, TRNSYS was used by Santamouris et al. (2007) to investigate the
energy saving potential of green roofs in a nursery school in Greece. EnergyPlus was
used by Becker et al (2007) to assess specific factors of building design elements
(window orientation, glazing type, thermal resistance of walls, etc.) and 20 ventilation
strategies for schools’ energy consumption and efficiency. Zmeureanu (1999) employed
DOE-2 to develop an energy rating system for existing houses and estimate the energy
savings potential that could be obtained by retrofitting the studied houses.

Although many sophisticated energy simulation programs are valuable to study
the impacts of different ECMs on building performance, the iterative trial-and-error
process of searching for a better solution is time-consuming and ineffective because of
the inherent difficulty in exploring a large design space.

The main problem when employing MCDA techniques is that they are applied
upon a set of predefined alternative courses of action. In case that a limited number of
such alternatives have been defined, there is no guarantee that the solution finally reached
is the optimal one. Also, the selection of a representative set of alternatives is usually a
difficult problem, while the final solution is heavily affected by these predefined
alternatives. On the opposite case, i.e. when numerous alternatives are defined, the
required evaluation and selection process may become extremely difficult to handle. In
any case, however, the MCDA approach limits the study to a potentially large but
certainly finite number of alternatives, when the real opportunities are enormous
considering all the available retrofit actions that may be employed (Diakaki, Grigoroudis

& Kolokotsa 2008).
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2.2.4.2 Alternatives implicitly defined in a mathematical model

Decision support for improving energy efficiency in buildings problems are also
tackled using multi-objective optimization models stated as mathematical programming
models with multiple competing objective functions to be optimized. In these models the
set of feasible solutions is implicitly defined by a set of constraints.

Multi-objective Programming Approaches

The modeling of real-world problems generally requires the consideration of
distinct axes of evaluation of the merits of potential solutions. Namely in engineering
problems, aspects of operational, economic, environmental and quality of service nature
are at stake. Therefore, mathematical models must explicitly address these multiple,
incommensurate and often conflicting aspects of evaluation as objective functions to be
optimized. In addition, multi-objective programming (MOP) models enlarge the variety
of potential solutions to be considered and enable to grasp the trade-offs between the
objective functions helping to reach a satisfactory compromise solution. The essential
concept in multi-objective optimization is the one of non-dominated (efficient, Pareto
optimal) solutions, that are feasible solutions for which no improvement in all objective
functions is simultaneously possible; in order to improve an objective function it is
necessary to accept worsening at least another objective function value. In real-world
problems, a high number of non-dominated solutions are likely to exist. (Figure 2-7)
illustrates this concept for a maximization problem for two objectives fl (e.g. energy
savings) and f2 (e.g. investment cost savings). Solution B is better than solution C as it
provides higher energy savings and higher investment cost savings. Solution C performs
better than solution D, as despite equal investment cost savings C achieves higher energy
savings than D. However, when comparing B and E, neither can be said superior.

Although solution E saves more money, it provides lower energy savings than solution B.
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Solution B dominates solutions C and D, whereas a non-dominance relation cannot be
established between solutions E and B. Solution A, on the other hand, is not dominated

by any other solution and thus is called non-dominated or Pareto-optimal. All solutions

on the dashed frontier are non-dominated.
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Figure 2-7 Illustrative example of Pareto optimality in the objective space

Although it is the essential concept in MOP, the concept of non-dominated
solution is a “poor” one, in the sense that it lacks discriminative power for decision
recommendation purposes. Non-dominated solutions are not comparable between them,
so no solution naturally arises as the “final” one. The fact that multi-objective
optimization enables the characterization of the non-dominated front and the trade-offs at
stake between the objective functions is one of its main advantages. However, it is then
necessary to reach a final compromise solution, from the set of non-dominated solutions,
for practical implementation or a reduced set of non-dominated solutions for further
screening. For this purpose, methods generally combine techniques to compute non-
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dominated solutions with mechanisms to incorporate the DM’s preferences into the
decision aid process.

Pareto optimization was introduced in the building area in the 1980s by Radford,
Gero and D’Cruz (1980b; 1980a; 1983; 1987), and it is now widely used in building
design and less in retrofit optimization.

Diakaki et al. (2008) developed a MOP model to find alternative measures for
improving energy efficiency in buildings. Following this work, (Diakaki et al. 2010)
extended the model to the building design phase, which allows obtaining global optimal
solutions. This has been accomplished through weight coefficients that are set to define
the relative importance of the objectives according to the DM’s preferences.

The complexity of the decision problem resulting from the consideration of its
combinatorial nature and multiple objectives has led researchers to use genetic
algorithms, usually coupled with simulation tools. Wright et al. (2002) used a multi-
objective genetic algorithm to find the trade-off between the energy cost and occupant
thermal comfort for the design of a single zone HVAC system. Hamdy et al. (2011)
proposed a MOP approach based on GA to tackle the problem of designing low-emission
cost-effective dwellings, minimizing the carbon dioxide emissions and the investment
cost for a two-story house and its HVAC system. Juan et al.(2009b) developed a GA
based decision support system to help DMs conduct housing condition assessment and
identify optimal retrofit actions considering the trade-off between cost and quality.
Chantrelle et al. (2011) used a genetic algorithm coupled to TRNSY'S to develop a multi-
objective tool for the optimization of renovation operations, with an emphasis on building
envelopes, heating and cooling loads and control strategies.

A main drawback of GA is the high burden whenever it is necessary to make a

large number of calls to an evaluation function involving a high computational cost. In
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building applications, these evaluations are generally estimated by an external simulation
program such as Computational Fluids Dynamics (CFD) or other simulation packages. If
accurate results are required, each evaluation can be time consuming, and thus the
complete computational process becomes extremely unattractive (Magnier 2008).

Genetic Algorithm Integrating Neural Network (GAINN) is one of the solutions
to the above mentioned problem. The main idea of GAINN is to benefit from the rapidity
of evaluation provided by ANN as well as the optimization power of the GA. The
procedure is to first use an ANN to approximate the system being studied, and then use
this ANN within the GA as the objective function. The outcome is a drastic reduction of
the simulation time, while keeping an acceptable quality and reliability in the solution
process.

GAINN was first used in building engineering for the optimization of chillers
control (Chow et al. 2002). This study introduced the methodology to the building field,
and proved its efficiency in terms of accuracy and reduction of the total optimization
time. Later, GAINN has been successfully applied in other studies, such as Zhou (2007),
combined with CFD, and Conraud (2008), combined with ESP-r.

Recently this approach was used by Magnier et al.(2010) using a simulation-based
ANN to characterize building behavior, and then the ANN model was combined with a
multi-objective GA to optimize thermal comfort and energy consumption in designing a
residential building. The considered variables were divided into HVAC system-related
variables and building envelope-related variables. HVAC related variables were heating
and cooling temperature set points, relative humidity set points, supply air flow rate, and
thermostat delays. Regarding building envelope, windows size, and building thermal

mass were considered for optimization. Although this combined approach can be utilized
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for building retrofit actions selection, no usage of GAINN approach has been founded in
the literature.

Summary of key developments from previous studies are presented in Table 2—1.
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Chapter 2 State-of-the-art on existing building retrofit

Table 2—1 Summary of key findings

sayonosddy vaIW

Reference Assessment methodology Criteria / objectives Major retrofit actions/
improvements
Gustafsson (2001) mixed integer linear programming- Life cycle cost (LCC) Fenestration retrofits

Blondeau et al. (2002)

Roulet et al. (2002) (ORME)

Caccavelli et al. (2002)
(TOBUS)

Rey et al. (2004)

Kaklauskas et. al. (2005)

Zavadskas et al. (2008)

Zhao et al. (2009)

MILP
combinatorial & outranking methods
multi-criteria ELECTRE

MCDA (N/A)

ELECTRE III

MCDA and multi-variant design

multiple criteria complex
proportional assessment -COPRAS

multi index comprehensive
evaluation, AHP, post-evaluation
thought and successful degree
evaluation method

Comfort index, TAQ index,
economic index

energy use, discomfort
hours,

Thermal comfort, IAQ,
lighting, noise.

Environmental,
Sociocultural & economic
criteria

Price, mechanical strength,
reliability, thermal
transmission, air leakage,
longevity, duration of works,
waterproof-ness, pay-back
period, guarantee period
Energy savings, increase in
market value

Energy savings, heat
comfort, heat cost reduction,
degree of satisfaction

Ventilation strategy (ventilation
only actions, air conditioning
actions)

N/A

Envelope protection, passive &
hybrid cooling techniques, heating
system, controls in AHU, energy
recovery system, low energy office
equipment, water saving
Stabilization strategy, substitution
strategy, double-skin fagade
strategy

Window options

Envelope, Heating system,
Replacing sewage pipes, electrical
equipment.

Heat metering and temperature
regulation, building envelope, heat
source and network
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sayonosddy

Pasnq uonvinulg

sayonoddy

dONW

Zmeureanu et al. (1999)

Florides et al. (2002)

Zurigat et al. (2003)

Diakaki et al. (2008)

Chantrelle et al. (2011)

Simulation based (DOE-2)

Simulation based (TRNSYS)

Simulation based (TRNSYS)

MOP (compromise programming,
global criterion method, goal
programming)

MOP (GA coupled with TRNSYS)

Energy savings

Energy consumption, life-
cycle savings.

Peak cooling load

Building load coefficient,
material cost

Energy consumption, cost,
thermal comfort, life-cycle
environmental impact

Envelope, air infiltration.

Natural & controlled ventilation,
solar shading, glazing, orientation,
thermal mass, building shape
Envelope insulation, space
ventilation, shading, glazing,
artificial lighting, evaporative
cooling

Window, wall insulation material
and thickness

Building envelope, control strategy
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2.3 CONCLUSION

In this chapter an overview of recent research and development related to

improvement of energy efficiency and evaluation of different retrofit technologies for

building applications is provided. The major findings from previous studies are:

A large number of innovative technologies and energy efficiency measures for
building retrofit exist. The main issue is to identify those that will prove to be the
more effective and reliable in the long term.

The building retrofit assessment procedure is an iterative procedure influenced by
the objectives, the alternative retrofit actions, and the sets of constraints.

The methodologies involving multiple evaluation aspects of potential solutions
for decision support in the assessment of retrofit action may be distinguished into
two main approaches: approaches in which alternatives are explicitly known a
priori and approaches in which alternatives are implicitly defined within an
optimization model.

Appropriate problem structuring methods, selection of evaluation criteria,
definition of representative alternative courses of action and preference elicitation
techniques are essential in MCDA approaches to select the most effective retrofit
strategies.

MCDA approaches consider that a list of predefined intervention solutions is
given for which the performance in multiple (quantitative or qualitative) criteria is
known at the outset. In case a small number of such solutions have been defined,
there is no guarantee that the solution finally reached is the best one (from the

DM’s perspective). On the other hand, when a large number of solutions are
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defined the required evaluation and selection process may become extremely
difficult to handle.

Recently more attention has been paid to the use of MOP techniques for the
problem of improving energy efficiency in buildings. These approaches based on
comprehensive mathematical models aim at providing a thorough characterization
of the trade-offs between different objectives.

The use of GA to deal with MOP models for building retrofit decision support has
gained an increasing relevance due to its ability to deal with complex
mathematical models and avoid being trapped in local non-dominated solutions.
A major drawback of the application of GA in building efficiency improvement is
the high number of calls to the evaluation function associated with physical
parameters, which is generally estimated by an external simulation program such
as CFD or other simulation software. If accurate results are required, each
evaluation can be time consuming and thus the complete computational process
becomes extremely unattractive.

GAINN is one of the techniques to deal with this problem by approximating the

system under study by an ANN whose results are then used within the GA.

Based on this extensive literature review, the thesis therefore focuses on using

multi-objective optimization models to quantitatively assess technology choices in a

building retrofit project. The proposed models take into account all feasible combinations

of choices without being confined to a small set of predefined scenarios in building

retrofit.

The thesis uses classical optimization methodologies, namely Tchebycheff

programming coupled with a thermal model at the first step and then a simulation
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program to assess passive retrofit actions for a residential building in use. Then the thesis
focuses on the use of a multi-objective optimization model based on GAINN approach.
This model not only improves the optimization efficiency but also makes the

methodology closer to real-world scenarios.
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CHAPTER 3
MULTI-OBJECTIVE OPTIMIZATION OF A RESIDENTIAL
BUILDING USING A TCHEBYCHEFF OPTIMIZATION
TECHNIQUE

Summary:

What are the different components of a multi objective optimization model for buildings
retrofit?

What are the retrofit actions considered in this study?

What are the approaches considered for building and retrofit actions assessment?

What is the optimization approach used to tackle the problem in this study?

What are the results from the application of the methods to a real world case study?
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3.1 Thermal model-based multi-objective optimization

Chapter 3: Multi-objective Optimization of a residential building
using a Tchebycheff optimization technique

This chapter presents two multi-objective optimization models to assess
technology choices in a building retrofit project: thermal-model based and simulation-
based approaches. Both models are tackled using a Tchebycheff optimization technique.
These models are able to take into account all feasible combinations of choices, without
being confined to a small set of predefined scenarios in building retrofit. To this end, an
actual residential building is used to illustrate the feasibility of the proposed approaches
and highlight potential problems that may arise in each one. A wide decision space is
considered, including alternative materials for the external walls insulation, roof
insulation, different window types, and installation of a solar collector in the existing
building. The DM is offered solutions corresponding to different trade-offs between
energy savings and retrofit costs in the first model, and thermal comfort besides the
already mentioned objectives in the second model. A solution to obtain a desired

efficiency label at minimum cost can also be identified.

3.1 THERMAL MODEL-BASED MULTI-OBJECTIVE OPTIMIZATION

In this section a multi-objective model is presented to obtain satisfactory
compromise retrofit actions according to the DM’s preferences. This model is applied to

a real-world case study and the results are discussed.

3.1.1 Multi-objective optimization problem

The development of a multi-objective optimization model for buildings retrofit
strategies requires the definition of appropriate decision variables, objective functions
and constraints, and finally the selection of appropriate solution techniques. The decision
variables reflect the total set of alternative measures that are available for retrofitting of a
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building (e.g. windows, insulation material, etc., see §2.2.3). The objectives to be
achieved (e.g. minimum retrofit cost, maximum energy savings, etc., see §2.2.2) are
defined using the appropriate linear or non-linear mathematical formulation. Moreover,
the set of feasible solutions is delimitated with respect to logical, physical and technical
constraints concerning the decision variables. Constraints can also be added to enforce

acceptability thresholds for the objective functions of the problem.
3.1.2 Decision variables

The set of retrofit actions in this step concerns combinations of choices regarding
external wall insulation materials, roof insulation materials, windows, and installation of
solar collector to the existing building. Therefore, four types of decision variables are
defined concerning the alternative choices regarding:

e the external wall insulation materials;

e the roof insulation materials;

e the windows type;

e the solar collector type.
For simplicity, it is assumed that only one retrofit action from each four set of actions
may be selected for the building retrofit.

Assuming availability of 7 alternative types of external wall insulation material, J
alternative types of roof insulation material, K alternative types of window, and L

alternative types of solar collector, binary variables xF"V4% with i = 1,...,1; x]ROF with j =

L...J; x/™Nwith k = 1,....K; and x¢with [ = 1,...,L are defined as follows:

EWAL _ {1, if insulation material type i is selected (3.1
0, otherwise
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(ROF _ {1, if insulation material type j is selected (3.2)
7 0, otherwise

Y WIN _ {1, if window type k is selected (3.3
k 0, otherwise

£5€ = {1, if solar collector type lis selected (3.4)
L 0, otherwise

3.1.3 Objective functions

3.1.3.1 Energy savings

The general procedure for estimating the energy savings, ES, from a retrofit
project is based on the calculation of the difference between the pre-retrofit energy
consumption predicted from a model and the post-retrofit energy consumption (Krarti

2000):

ES = Epre = Epost (3.5)

where
* Epre - the energy use predicted from a pre-retrofit model of the facility
[kWh/year];
® Epost - the energy used in the facility after implementing the retrofit actions
[kWh/year].
Therefore, it is important to develop a model for the building before estimating the
retrofit energy savings. To limit the computational time, a simple thermal model of the
building is developed based on current methodology of the Portuguese building thermal

code (RCCTE), which is based on ISO-13790 (2007).
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In general, the energy sources in a building are used for space heating, cooling
and domestic hot water (DHW) systems and for electric lighting (in this specific model
electric lighting is not considered). The building energy needs (E) are calculated using

equation (3.6):

E = Qic + Quc t Qac (3.6)

where

e (Q;. - Annual energy need for space heating [kWh/year];

e (,.— Annual energy need for space cooling [kWh/year];

e (.- — Annual energy need for domestic hot water [k Wh/year].
A steady-state yearly-based calculation methodology is used here to estimate the heating
and cooling needs of residential buildings, as well as the domestic hot water needs. The
heating needs are obtained applying a degree-days method and the envelope heat balance
for the heating season. The cooling needs are obtained from the average difference
between the indoor-outdoor temperature and the envelope heat balance during the cooling
period. The DHW needs are obtained applying the average daily reference consumption
and the annual number of days of DHW consumption.
Energy need for heating

The annual building energy need for space heating, Q;.(x) (x denotes the vector of

the decision variables defined in §3.1.2), for conditions of continuous heating, is

calculated according to equations (3.7 — 3.14):

Qic(x) = Q¢(x) + Qy — qu(x) (3.7)
Qe(®) = Qext (%) + Qepu + Qpt (3.8)
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where

Qext(.x) ES 0.024‘. DDH. BLCext(x)

AEWAL AROF
BLCoyt(x) = +
ext §=1 xlEWALdi/),i Z§=1 x]ROFdj/;{j

K
+ Ayin Z Up. x/ ™V
k=1
Qeny = 0.024.DDy. Uppyy- Aenu
th = 0.024‘. DDH.z lIIm. Bm
m
Q, = 0.024. (0.34.ACH.AP.Pd).DDH

(0.720.4,.M.q;)

+ <M.Gsouth.ZX0.Ae_k.x,KV’N )]
o

qu(x) = Naq

Coefficients:

T — Losses to non-heated spaces reduction coefficient [kWh/year];
Y — Linear heat flux transmission coefficient [W/(m.°C)];

X, —Orientation coefficient for the different facade orientations;

Parameters:

Q¢(x) — Total heat loss by the building envelope [kWh/year];
Q, — Total heat loss by air renovation [kWh/year];

Qgu(x) — Total heat gains (internal + solar heat gains through

[kWh/year];

(3.9)

(3.10)

(3.11)

(3.12)

(3.13)

(3.14)

glazing)

Qext (x) — Total heat loss through zones in contact with outdoor (walls, glazing,

roofs and pavements) [kWh/year];
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® (Q.nu — Total heat loss through zones in contact with non-heated spaces (walls,
glazing, roofs and pavements) [kWh/year];

e (Qp — Total heat loss through linear thermal bridges [kWh/year];

e DDy — Heating degree-days [°C.day];

e BLC,y:(x) — Building load coefficient [W/ °C];

o Agwas — Exterior wall surface area [m’];

e d; — Thickness of the external wall insulation type i [m];

e A; - Thermal conductivity of the external wall insulation material type i
[W/(m.*C)];

e Apor - Roof surface area [m?];

e d; - Thickness of the roof insulation type j [m];

e J; - Thermal conductivity of the roof insulation material type j [W/(m.°C)];

e Ayn — Windows surface area [m?];

e U, — Window type k thermal transmission coefficient [W/(m?.°C)];

e A,y — Area of building envelope elements in contact with non-heated spaces
[m];

e Ugyy, — Thermal transmission coefficient of elements in contact with non-heated
spaces [W/(m>.°C)];

e B — Floor or wall interior linear perimeter for envelope in contact with the soil or
interior length of thermal bridge [m];

e ACH — Air changes per hour [h™'];

e Ap— Net floor area [m?];

e Py—Floor to ceiling height [m];

® 144 — Heat gains utilization factor for heating season;

e M — Heating season duration [Months];
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e ;i — Internal heat gains [W/m®];
¢ Ggyun — Average monthly solar energy that reaches a south oriented vertical
surface [kWh/(m”.month)];
e A.- Effective glazing area for the different windows orientations [m?].
Energy need for cooling

The annual cooling needs are obtained applying the following equation:

Que(*) = (1= Narrer)-(Q1() + Q2 + Q3+ Qu(x)) (3.15)
01 (%) = 2.928. BLC s (¥). (8, — 25) + BLCyyy (%). [(cr. IT) /1] (3.16)
Q; = 2.928.(0.34. ACH. A,. Py) (6, — 25) (3.17)
Q3 = 2.928.4,,.q; (3.18)
Q4(0) = ) I Ay FsFy iy gy verct!™ (3.19)
where:
Coefficient

e [ — Shading factor;

e F; — Glazing factor;

e [y, — Correction factor for movable shading devices for cooling calculation;
® g,.er — Effective total solar energy transmittance of glazing;

e Ir— Total average solar radiation intensity for each orientation [kWh/m?];

e «a — Exterior envelope solar radiation absorption coefficient;

Parameters:

e 0,,— Average outdoor temperature in the cooling season ["C];
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® Tarres — Heat gain utilization factor for cooling season;
e h, — Thermal conductivity of external building envelope, that is equal to 25
[W/m?°C];
e (Q; — Total heat gains through building envelope [kWh/year];
e Q,' — Total heat transfer due to air infiltration [kWh/year];
e Qs — Total internal heat gains [kWh/year];
e Q4 — Total heat gains through glazing [kWh/year].
Energy needs for water heating

The DHW needs are obtained applying the following equations:

Q
QaC(x) = (r]_a - Esolar(x) - Eren) (3.20)
a
B Myos X 4187 X nd X AT
Ca= 3600000 (3.21)
L
Esolar(x) = Z Elwl.xfc (3.22)
1
where:
Coefficient:

e 1, — DHW system efficiency;
Parameters:
e M,ys — Average daily consumption of DHW [L/day];
e nd- Total number of days with DHW consumption;
e AT — Difference of temperature to heat the water [°C];

e ES°!(x)- Total energy contribution from solar collector type 1 [kWh/year];

1 This term is a negative heat gain, as the average outdoor temperature is always less than indoor air set-
point temperature in cooling season (Annex I, RCCTE).
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e FE,., — Total energy contribution from other renewable sources [kWh/year];
e (Q,4c — Annual DHW heating needs [kWh/year];

e (.- Total energy supplied with conventional systems for DHW [kWh/year].

3.1.3.2 Retrofit cost

The investment cost for the retrofit of building is simply calculated by adding the

cost terms corresponding to retrofit actions as follows:

I J
ReCost(x) = Apyas z CEWAL yEWAL | AROFZ CROF oF (3.23)
L 4

=1
K L
N R LT
k=1 =1

where:

CEWAL _cost in [€/m” ] for external wall insulation material type i;

C]-ROF - cost in [€/m* ] for roof insulation material type j;

CY¥™_ cost in [€/m? ] for window type k;

e (;C- cost for solar collector type L.

3.1.4 Model and solution techniques

Using the decision variables, objective functions and constraints developed above,

the multi-objective programming model is formulated:
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Min Z,(x) = ReCost(x)
Max Z,(x) = ES(x)

S.t.
I
leﬁWAL -1
i=1
]
Zx]ROF =1
=
K
WIN _
X =1 (3.24)
k=1
L
lesc =1
=1

xEWAL € (0,1} Vi€ {1,2,..,1}
x°F e {01} Vv je {1,2,...]}
x¢™ e {01} V ke {1,2,..,K}

x;¢ € {01} Vvie {1,2,..,L}

A Tchebycheff programming technique has been developed in MATLAB
(Mathworks 2010) to tackle this multi-objective optimization model. To apply
Tchebycheff programming, the decision model is rearranged to aggregate the two
objective functions. In this method weighting vectors p are used to define different
weighted Tchebycheff metrics (Steur 1986). As a first step, the ideal solution Z* should

be computed (in the following equation, S denotes the feasible solutions set):

Z; = max {Z;(x)|x € S} if Z; to be maximized
(3.25)
Z; = min{Z;(x)|x € S} if Z; to be minimized
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The problem is then formulated in a way to compute the solutions closest to Z*,

according to the Tchebycheff metric:

Min {a}

S.t.

@ (2,00~ 7)) (Z—)

1

a> (23— 2,(0) <§—2>

]
ROF _
Z Xjo = (3.26)

=1
xE"A e (0,1} Vi€Ee {1,2,..,1}
xF e {01} Vje (12,..,]}
x¥/™ e {0,1} V ke {1,2,..,K}

x;¢ € {01} Vie {1,2,..,L}

In this formulation, p; and p, are two constants representing the weight of each
objective. These weights can be changed to obtain different compromise solutions. For
strictly positive weight values this formulation yields solutions that are non-dominated
(efficient, Pareto optimal): for each of these solutions there is no other solution able to

improve one of the objectives without worsening the other objective.
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3.1.5 Model application on a residential building

This section is aimed at illustrating how this approach can be used to provide
decision support for selecting a satisfactory compromise solution based on the MOP
model. The building under study is a semi-detached house (one family) building, situated
in central region of Portugal (Figure 3-1 and Figure 3-2), for which the number of degree
days, the heating season duration, the average temperatures and the corresponding solar
radiations were extracted from the national regulation RCCTE. The building has one
ground floor and a basement. Its total pavement area and average height are equal to 96.6

m? and 2.47 m, respectively.

Figure 3-1 The case study: view of the single-family house

80



3.1 Thermal model-based multi-objective optimization

Basemenf Ground loor
] |
Z///////////% _Vf/{///l ZgﬁW%ﬁf/ﬁfmfﬁ%ﬁm—Wl
% Room 4 % N % § R 2 g -
2 g 7 #4 o % Room 1

% éj Q% Kitchen % § ﬂgj
////////////////////////////////////////////’, 74 7///////2/, % % e asmm'n%
_ - 5
% f////////////////////é %W// | - ////Z % g’”»wyw"w/w}”g g,ma«mrmmv A

A . o 7 % .

Living room % L L’///% % Room 3 %

/ A } ’ —
] e — "

Figure 3-2 Schematic plan of basement and ground floor of case study

The building has a concrete structure. The walls are in concrete with no thermal
insulation; the window frames are wooden with single glass. Its main fagade is oriented
toward south-east. The construction characteristics of the building under study are

presented in Table 3—1 to Table 3—3.

Table 3—1 Glazing characteristics

Orjentation Area [m?] U [W/m’K] g(%)

Northwest ~ 0.89 3.40 0.88
Northwest ~ 0.89 3.40 0.88
Southeast  0.89 3.40 0.88
Southeast 1.60 4.60 0.88
Southeast  0.59 6 0.88
Southwest  0.89 3.40 0.88
Northwest ~ 0.89 3.40 0.88
Southwest ~ 1.27 3.90 0.88
Southwest  1.27 3.90 0.88
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Table 3—2 External wall characteristics

Orientation Area [m’] U [W/m>K] Exterior color

Southeast 15.38 2.13 Light color
Southwest  11.11 2.13 Light color
Northwest ~ 5.76 2.13 Light color
Northeast ~ 23.70 1.70 Light color
Southwest ~ 16.22 1.70 Light color
Northwest ~ 10.50 1.70 Light color
Southeast 12.10 2.37 Light color
Southwest ~ 13.72 2.37 Light color
Northwest  14.14 2.37 Light color
Northeast 1.32 2.37 Light color

Table 3—3 Internal wall characteristics

Description Area [m’] U [W/m’K]
Internal wall 4.05 1.79
Internal wall 2.18 2.15
Internal wall 4.35 1.47
Neighboring house 11.52 2.00
Neighboring house  10.25 2.00
Internal pavement ~ 58.73 1.71

According to the Portuguese regulations, internal temperatures for heating and

cooling periods have been set to 8;; = 20°C and 8;; = 25°C, respectively. Temperature
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rise for heating water has been set to 45°C. In addition, the internal heat gain per unit of
floor area is set to 4 (W/m?).

For heating, cooling and hot water supply, electricity is taken into account as the
source, while solar energy is only considered for hot water supply.

After introducing the required data into an excel spreadsheet, the developed
program imports the data into MATLAB automatically for further analysis, including
prediction of the building energy use before retrofit.

The summary of results from energy analysis of the building before retrofit is

reported in Table 3—4.

Table 3—4 Building energy analysis before retrofit

Building performance indicators

Estimated global annual primary energy need for heating, cooling and 12.89 [kgoe/(myear)]

water heating

Existing building total energy need 31641.58 [kWh/year]
Existing building Energetic Classification C
Existing building CO, emission 1.4945 [TCO,lyear]

The decisions regarding the building retrofit are related to the alternative choices
regarding:

e the external wall insulation materials (56 different types);

e the roof insulation materials (16 different types);

e the windows type (21 different types);

e the solar collector type (10 different types).

Different retrofit actions and their related characteristics are extracted from CYPE

rehabilitation price generator (CYPEingenieros 2010) and presented in Appendix B.1.
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After the energy analysis of the building, the non-dominated solutions to the MOP
problem that optimize each objective function individually are computed (solutions S1
and S2 in Table 3—5) using the function bintprog in MATLAB’s optimization toolbox.
The components of the ideal solution, which is the initial reference point, are displayed in
bold italic. Besides, the row numbers of corresponding retrofit actions leading to the S1
and S2 solution, as well as the building energy classification after implementing the

related retrofit action package, are reported in Table 3—35.

Table 3—35 Non-dominated solutions that optimize individually each objective function
(Refer to Appendix B.1 for RAs characteristics)

Solution ReCost ES EWAL ROF WIN Solar Energy

© (kWh/year) insulation  insulation  type collector  classification
S1 1791 15263 46 1 1 6 C
S2 5901 25539 56 17 15 8 B

The non-dominated solution that minimizes the Tchebycheff distance (that is,
minimizes the largest deviation) to the ideal solution is then computed for different
combinations of objective function weight coefficients, which makes the construction of
an efficient frontier possible. Table 3—6 shows the objective functions values for the
scenarios at an equally spaced number of p values. As the weight coefficient of the
energy saving objective increases, the solution to problem (3.26) approaches and finally
reaches (when p; = 0, p, = 1) its optimal solution. On the other hand, as the weight
coefficient of the retrofit cost objective function increases, the solution approaches its

optimal solution.
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Table 3—6 Solutions obtained applying Tchebycheff programming with different
weights (Refer to Appendix B.1 for RAs characteristics)

ReCost ES EWAL ROF  Window  Solar Energy
Pi P2 (€) (kWh/yr) insulation insulation Type Collector Classification
1.00 0.00 1791 15263 46 1 1 6 C
095 0.05 1814 19316 48 6 1 6 B-
090 0.10 1834 20229 35 6 | 6 B-
085 0.15 1848 20766 36 6 | 6 B-
0.80 0.20 1865 21165 37 6 1 6 B-
0.75 025 1884 21473 26 6 | 6 B-
0.70 030 1902 21765 26 8 1 6 B-
0.65 035 1922 22010 27 8 | 6 B-
0.60 0.40 1941 22306 26 7 2 6 B-
0.55 045 1961 22551 27 7 2 6 B-
0.50 0.50 1983 22769 27 9 2 6 B-
0.45 0.55 2005 22876 27 10 8 6 B-
0.40 0.60 2057 23025 33 10 8 6 B-
035 0.65 2108 23126 53 10 2 6 B-
030 0.70 2117 23158 53 10 8 6 B-
025 0.75 2245 23339 53 9 15 6 B-
020 0.80 2361 23511 54 8 2 6 B-
0.15 0.85 2395 23712 54 10 8 6 B-
0.10 090 2729 24047 54 17 15 6 B-
0.05 095 3043 24564 54 10 8 7 B
0.00 1.00 5901 25539 56 17 15 8 B

The values from Table 3—6 were used to construct the plot shown in Figure 3-3,
displaying some of the points that lie on the non-dominated solution frontier. Choosing
each solution from this frontier will lead to different energy classification of the building
according to RCCTE. In terms of retrofit actions, we can note that in the left hand side of
the curve a small increase of retrofit cost can lead to improvement of energy

classification of the building from C to B- On the right hand side, the situation is more
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difficult, and to improve energy classification of the building from B- to B, a large
amount of investment is required. This case highlights the major advantage of a multi-
objective formulation, which is to provide a thorough understanding of the trade-offs
between the competing objectives, and bring the potential of each investment into focus.
In the current case the building owner could be easily convinced to slightly increase the
amount of investment from €1791 to €1814 in order to improve energy classification of
the building by one level.

Figure 3—4 demonstrates how the objective values change in relation with the
specific value of the weights. This figure clearly shows the competitive nature of the
objective functions. As the weight on energy saving (p,) increases, the set of actions

leading to higher energy savings and at the same time higher cost have been selected.
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Figure 3-3 Results of multi-objective optimization of retrofit cost and energy savings
(Refer to Appendix B.1 for RAs characteristics)
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Figure 3-4 Objective functions variation with the corresponding weights.
3.1.6 Discussion

This section presented a thermal-based multi-objective mathematical model to
provide decision support in the evaluation of technology choices for the building retrofit
strategies. The model allows explicitly for simultaneous consideration of all available
combinations of alternative retrofit actions. It also allows for the consideration of logical,
physical and technical constraints. The result of the application of Tchebycheff
programming technique, employed for the solution of model under study, shows the
feasibility of this methodology to find well balanced strategies for retrofitting of
buildings to be presented to a DM in the context of a decision support process.

However, since retrofit action assessment is based on the developed thermal
model of the building which is based on the current methodology of RCCTE, the model
is not able to perform a detailed analysis of building. Therefore, it does not allow for
consideration of all desired objective functions such as thermal comfort. Moreover, this
thermal code is developed for residential buildings, so application of the model for other

types of building is not adequate.
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3.2 SIMULATION-BASED MULTI-OBJECTIVE OPTIMIZATION

Following the previous thermal-based multi-objective optimization model, this
section aims to extend that initial modelling approach. The extended approach
incorporates also thermal comfort as an additional objective function. Moreover, the
model is not constrained to buildings of a particular type, since the simulation program is
used for building and its retrofit actions assessment.

This section is organized as follows. The problem formulation and the
optimization approach are presented in section 3.2.1. The application of the model to the
previous case study is described in section 3.2.2, which is followed by a discussion of the

results.

3.2.1 Optimization approach

The scheme of the proposed simulation-based optimization approach is illustrated
in Figure 3-5. The scheme is a combination of TRNSYS 16, GenOpt 3.0.3 and optimizer
under MATLAB environment. TRNSYS (2009) is a transient system simulation program
with a modular program structure that was designed to solve complex energy systems
problems. GenOpt is an optimization program for the minimisation of a cost function that
is evaluated by an external simulation program (Wetter 2009). In this work the capability
of GenOpt for parametric runs is used only to perform automatic simulation of the
building.

In this scheme a model of the building before retrofit is firstly created in
TRNSYS. Then, using this model and GenOpt results are obtained for the
implementation of each retrofit action.

Finally, an optimizer developed in MATLAB was run to evaluate potential
solutions. A Tchebycheff programming procedure developed in the previous section is

used to tackle the multi-objective optimization problem.
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Figure 3-5 Optimization framework

3.2.2 Formulation of the optimization problem

Definition of the multi-objective optimization (MOO) problem for buildings
retrofit strategies requires the definition of appropriate decision variables, objective
functions and constraints, and finally the selection of appropriate solution computation

techniques.

3.2.2.1 Decision variables

The set of retrofit actions in this section is the same as the previous case study,
namely decision variables concerning combinations of choices regarding external walls
insulation material, roof insulation material, window types and installation of solar
collector in the existing building. For further information regarding the decision variables

refer to section 3.1.2.
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3.2.2.2 Objective functions

The objectives of this optimization model are to minimize Retrofit Cost and Total
Percentage of discomfort hours, and maximize Energy Savings due to the implementation
of retrofit actions.

Retrofit Cost (ReCost)

As it is mentioned in section 3.1.3.2, the overall investment cost for the building
retrofit, ReCost(x) (x denotes the vector of all decision variables defined in Section 3.1.2)
is calculated by adding individual retrofit action costs (Expression 3.23)

Energy Savings (ES)

As in section 3-1-3-1, the general procedure for estimating the energy savings,
ES, from a retrofit project is based on the calculation of the difference between the pre-
retrofit energy demand predicted using a model and the post-retrofit energy demand.
However, in this section E,,.. (the building energy demand before retrofit) and E, . (the
building energy demand after implementing the retrofit actions) are derived from

building simulation with TRNSYS.

E = Epeat + Ecoot + Epnw (3.27)
in which Ej.,; is the annual energy demand for space heating [kWh/year], E.,,; IS the
annual energy demand for space cooling [KWh/year], and Epyy, is the annual energy
demand for domestic hot water system [kWh/year].

The computation of Epes is made using the individual effects computed for space

heating, space cooling and domestic hot water (3.28-3.30).
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— EWAL EWAL ROF
Eheat(x) - Z Eheat,l Z Eheat}

X (3.28)

where Epre2% represents total energy demand [kWh/year] for space heating after

implementation of external wall insulation material type i, Ejiqy; ; represents total energy
demand [kWh/year] for space heating after implementation of roof insulation material
type j and E,‘fgg{_k represents total energy demand [kKWh/year] for space heating after
implementation of window type k. All the mentioned energy demands are predicted by

the simulation model.

cool(x) Z Efggff' Frab + Z EfoooI;]
(3.29)
WIN WIN
+ z Ecoolk Xk

where EEWAL is total energy demand [kWh/year] for space cooling after implementation

cool,i

of external wall insulation material type i, Ex; ; is total energy demand [kWh/year] for

space cooling after implementation of roof insulation material type j and Egggyk

[kWh/year] is total energy demand for space cooling after implementation of window

type k. All the mentioned energy demands are predicted by the simulation model.

Eppw (x) = Z Epfw,- % ¢ (3.30)

where ng,w,l represents total energy demand [kKWh/year] for domestic hot water system

after implementation of solar collector type | and is predicted by the simulation model.
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Thermal Comfort (TPMVD)

The metric used to assess thermal comfort is the predicted mean vote (PMV),
based on Fanger’s model (Fanger 1970). PMV is representative of what a large
population would think of a thermal environment, and is used to assess thermal comfort
in standards such as ISO7730 (2005) and ASHRAE 55 (2004). It ranges from -3 (too
cold) to +3 (too warm), and a PMV value of zero is expected to provide the lowest
percentage of dissatisfied people (PPD) among a population (Figure 3-6). In this study,
an absolute value of 0.7 for PMV, the upper limit of the less exigent comfort category in
ISO 7730, is considered as the borderline of the comfort zone. So, in order to maximize
thermal comfort, the total percentage of cumulative time with discomfort ([PMV| >0.7)
over the whole year, that from now on will be mentioned as “total percentage of

discomfort hours (TPMVD(X))”, should be minimized. The TPMVD(X) is also predicted

by TRNSYS.
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Figure 3-6 Thermal comfort of the human body as a whole (ISO 7730 2005)

92



3.2 Simulation-based multi-objective optimization

3.2.3 Multi-objective optimization approach

The decision variables, objective functions and constraints developed above, lead

to the formulation of the multi-objective programming problem (3.31):

Min Z;(x) = ReCost(x)
Max Z,(x) = ES(x)
Min Z;(x) = TPMVD(x)

S.T.
I

Z xEWAL = 1

K
Z i _ 1 (3.31)

=
xEAl e (01} V i€ {1,2,..,1}
xF e (0,1} v je{12../}

[

x/™Ne {01}V ke {1,2,..,K}
x;¢€ {01} vIeE{12,..,L}

Problem (3.31) is a combinatorial multi-objective problem, in which the objective
functions including retrofit cost, energy savings and total percentage of discomfort hours
are conflicting.

The model has been implemented in MATLAB and a Tchebycheff programming
procedure has been developed to tackle the multi-objective optimization.

To apply Tchebycheff programming, the decision model is rearranged to

€C_ 9

aggregate the three objective functions. In this method weighting vectors “p” are used to
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define different weighted Tchebycheff metrics. As a first step, the ideal solution A
should be computed, as follows:

Z; =max{Z;(X)| X € §} if Z; to be maximized (3.32)

Z; =min{Z;(X)| X € S} if Z; to be minimized (3.33)

The problem is then formulated in a way to compute the solutions closest to Z*

according to weighted metrics. The (weighted) Tchebycheff metric minimizes the largest

(weighted) deviation to the ideal solution. Therefore, the problem for three objective

functions is formulated as follows:

Min (a)
S.T.
~ (P
@« 2 (Zx) = Z) |
1

a > (23 — Z,(x) (Z—i)

a« = (Z;(x) — Z3) (Z—Z)

foWAL _ 1 (3.34)
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xEWAl e (0,1} vV i€ {1,2,..,1}
xF e {01} Vv je{12,..,]}
x¢™e {01}V ke{1,2,..,K}
x;¢€e {01} vIeE{12,..,L}

In this formulation, ((p1, p2, P3) € A are constants representing the weight of each

objective, where:

3
A= {(p1,p2p3) € R®|p; 2 O:z:pi = 1} (3.35)
i=1

For strictly positive weight values this formulation yields solutions that are non-
dominated (efficient, Pareto optimal): for each of these solutions there is no other feasible
solution able to improve one of the objectives without worsening, at least, one of the
other objectives. These weights can be changed to obtain different compromise solutions.
In this work weights have been used to sample the entire decision space and provide the
DM a sub-set of non-dominated solutions that is representative of different trade-offs at
stake in different regions of the decision space, thus avoiding an exhaustive computation.
For this purpose, weights have been changed with a given step, while
respecting p,, P2, p3 € A. The aim is to offer the DM usable information for actual
decision purposes; for instance, grasping that in a certain region of the decision space it is
necessary to sacrifice cost a significant amount to gain just a small amount in the energy

savings objective function.

3.2.4 Model application on a residential building

The same building as described in section 3.1.5 was selected to apply the
developed model. To reduce the execution time of simulation, a simplified model is used
to represent the house as a single zone. A one year simulation was run in TRNSYS to

determine the heating, cooling, domestic hot water demands as well as PMV values. Type
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109 and Type 56 were used for the weather condition and building definition in
TRNSYS. Some of the parameters (besides the building characteristics) introduced in
Type 56 of TRNSYS were: 2 occupants with the activity level of 1 met (1 met = 58.15
W/mz) in the room; total internal heat gain due to equipment and lighting equal to 4
W/m?; infiltration rate of 0.9 air changes/hour.

In this work, PMV values are also calculated by TRNSYS, using a constant
metabolic rate 1 met, a constant air velocity of 0.1 m/s, and a clothing factor equal to 0.5
clo in summer, 0.9 clo in winter, and 0.8 during the rest of the year. A summary of the

results from the energy analysis of the building before retrofit is reported in Table 3—7.

Table 3—7 Building performance before retrofit

Building performance indicators

Total annual heating demand 216.35 [kWh/(mzyear)]
Total annual cooling demand 4.95 [kWh/(m’year)]
Total annual DHW demand 52.33 [kWh/(m®year)]
Total annual energy consumption 273.63 [kWh/(m’year)]

A list of alternative retrofit actions is presented in Appendix B.2. Typical retrofit
actions including different external wall insulation materials, roof insulation materials,
window types and solar collectors have been introduced in the list aiming at improving
the building energy savings and thermal comfort in a cost effective manner.

After energy analysis of the building, the non-dominated solutions to the MOO
problem that individually optimize each objective function are computed (solutions S1,
S2 and S3 in Table 3—38) using the modified function bintprog in MATLAB’s
optimization toolbox. The components of the ideal solution (the individual optima to each
objective function), which is the initial reference point, are displayed in bold italics. That

is, the reference point in the objective function space consists in the individual optima to
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the multiple objective functions, which cannot be attained simultaneously since the
functions are conflicting. Table 3—38 also indicates the solution configuration that is the
identification of the corresponding retrofit actions leading to each solution.

When retrofit cost is optimized independently of the other objective functions,
the external wall and roof insulation material, window and solar collector with minimum

cost are selected; however, this results in minimum energy savings.

Table 3—8 Non-dominated solutions that optimize each objective (Refer to Appendix
B.2 for RAs characteristics)

Solution  Type of ReCost(€)  ES(kWh/year) TPMVD EWAL ROF WIN SC
solution

S1 [min] ReCost 2843.15 9065.06 83.79 1 7 1 1

S2 [max] ES 7245.52 12792.15 93.07 24 18 3 4

S3 [min] TPMVD  4374.83 12284.48 82.69 16 1 2 1

On the other hand, when the energy savings objective is individually optimized,
the external wall and roof insulation material and window with the minimum thermal
transmittance are selected. Furthermore, a solar collector with the highest area and energy
efficiency is selected. However, the retrofit actions combination results in a significant
increase of the retrofit cost. Surprisingly, the total percentage of discomfort hours (total
percentage of time with [PMV| >0.7) has also increased, even comparing with the
building before retrofit, which can be justified through the selection of the roof insulation
and a window with minimum thermal transmittance (maximum thermal resistance), so
higher indoor temperatures lead to a high percentage of discomfort hours.

Finally, when the “total percentage of discomfort hours” over the whole year is
optimized, another solution configuration is obtained, which leads to an energy savings

objective function not far from its optimal value but at a significantly lower cost.
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As stated earlier, a Tchebycheff programming approach has been used to compute
compromise non-dominated solutions displaying different trade-offs between the
objective functions, thus sampling the non-dominated frontier. The non-dominated
solution that minimizes the Tchebycheff distance to the ideal solution (taken as the
unreachable reference point) is then computed for different combinations of objective
function weight coefficients using a modified version of the bintprog function in
MATLAB, which makes the construction of the non-dominated frontier possible. As the
first step, the first two objective functions (retrofit cost and energy savings) are
considered simultaneously, and then the third objective (total percentage of discomfort
hours) is added. This stepwise procedure intends to make a better constructive use of the
2D and 3D graphical representation of non-dominated frontier in order to unveil and
further discuss the corresponding solutions and trade-offs at stake between the competing
objectives.

Figure 3-7 shows the non-dominated solutions for the first two objectives. Figure
3-8 demonstrates how the objective values change in relation with the specific value of
the weights (each point depicts the compromise obtained for a different combination of
weight values). This figure clearly shows the competitive nature of objective functions
energy savings and retrofit costs. As the weight on energy savings (p,) increases, the set

of actions leading to higher energy savings and at the same time higher cost are selected.
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Figure 3-7 Multi-objective solutions for the building retrofit strategies (two objective
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formulation.
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After adding the third objective function (TPMVD), the compromises
corresponding to different weight coefficient values are illustrated in Figure 3-9 and
Table 3—9. For intermediary values of the weight coefficients, several solutions are
obtained that favour each objective function at a higher or lower level depending on the
specific values that have been selected. From Figure 3-9 it is seen that solutions leading
to more energy savings or higher retrofit cost do not necessarily lead to a lower
percentage of discomfort hours, and accordingly better thermal comfort. This case
highlights the advantage of a true multi-objective optimization model, which is able to
provide the DM a thorough understanding of the decision situation, namely concerning

the trade-offs at stake and shedding light on the potential of each investment option.

3.2.5 Discussion

This section described an optimization methodology based on a combination of
TRNSYS, GenOpt and a multi-objective optimization approach developed in MATLAB.
The proposed approach was applied to a real world case study, and the results
demonstrate its practicability to provide decision support in an actual setting. This allows
explicitly for the simultaneous consideration of all available combinations of alternative
retrofit actions. Besides, as TRNSYS is used for building condition assessment and
retrofit actions evaluation, the consideration of different objective functions became

possible.
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Figure 3-9 Compromise solutions for different weights: retrofit cost vs energy saving (al)
and discomfort hours(a2), Energy saving vs retrofit cost (b1), and discomfort hours (b2),
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Table 3—9 Sample of non-dominated solutions obtained using Tchebycheff
programming (Refer to Appendix B.2 for RAs characteristics)

pl p2 p3 ReCost(€) ES(kWh/year) TPMVD(%) EWAL ROF WIN

(@)

S
1 0 0 2843 9065 83.79 1 7 1 1
09 0.1 0 2843 9065 83.79 1 7 1 1
09 0 0.1 2843 9065 83.79 1 7 1 1
08 02 0 2843 9065 83.79 1 7 1 1
0.8 0.1 0.1 2843 9065 83.79 1 7 1 1
08 0 02 2843 9065 83.79 1 7 1 1
07 03 0 3163 11017 83.77 10 7 1 1
07 02 0.1 2843 9065 83.79 1 7 1 1
0.7 0.1 02 2843 9065 83.79 1 7 1 1
07 0 03 2843 9065 83.79 1 7 1 1
06 04 O 3163 11017 83.77 10 7 1 1
06 03 0.1 3163 11017 83.77 10 7 1 1
06 02 02 2843 9065 83.79 1 7 1 1
0.6 0.1 03 2843 9065 83.79 1 7 1 1
06 O 04 2843 9065 83.79 1 7 1 1
0.5 0.5 0 3163 11017 83.77 10 7 1 1
0.5 04 0.1 3163 11017 83.77 10 7 1 1
0.5 0.3 02 3163 11017 83.77 10 7 1 1
0.5 02 03 3163 11017 83.77 10 7 1 1
0.5 0.1 04 2843 9065 83.79 1 7 1 1
0.5 0 0.5 2843 9065 83.79 1 7 1 1
04 06 O 3243 11363 83.72 11 7 1 1
04 05 0.1 3163 11017 83.77 10 7 1 1
04 04 02 3163 11017 83.77 10 7 1 1
04 03 0.3 3163 11017 83.77 10 7 1 1
04 02 04 3163 11017 83.77 10 7 1 1
04 0.1 0.5 2843 9065 83.79 1 7 1 1
04 0 0.6 2843 9065 83.79 1 7 1 1
0.3 07 0 3324 11611 83.71 12 7 1 1
0.3 06 0.1 3243 11363 83.72 11 7 1 1
0.3 0.5 02 3243 11363 83.72 11 7 1 1
0.3 04 03 3163 11017 83.77 10 7 1 1
0.3 0.3 04 3163 11017 83.77 10 7 1 1
0.3 02 05 3163 11017 83.77 10 7 1 1
0.3 0.1 0.6 2843 9065 83.79 1 7 1 1
0.3 0 0.7 2843 9065 83.79 1 7 1 1
02 08 0 3404 11801 83.69 13 7 1 1
02 07 0.1 3404 11801 83.69 13 7 1 1
02 06 02 3324 11611 83.71 12 7 1 1
02 05 0.3 3324 11611 83.71 12 7 1 1
02 04 04 3243 11363 83.72 11 7 1 1
02 03 0.5 3243 11363 83.72 11 7 1 1
02 02 06 3163 11017 83.77 10 7 1 1
02 0.1 0.7 3163 11017 83.77 10 7 1 1
02 0 0.8 2843 9065 83.79 1 7 1 1
0.1 09 0 3707 12185 83.68 15 7 2 1
0.1 0.8 0.1 3707 12185 83.68 15 7 2 1

102



3.3 Conclusion

0.1 0.7 02 3570 12065 83.71 14 7 2 1
0.1 06 03 3570 12065 83.71 14 7 2 1
0.1 0.5 04 3486 11949 83.69 14 7 1 1
0.1 04 05 3404 11801 83.69 13 7 1 1
0.1 0.3 0.6 3324 11611 83.71 12 7 1 1
0.1 02 07 3243 11363 83.72 11 7 1 1
0.1 0.1 0.8 3163 11017 83.77 10 7 1 1
0.1 0 09 2843 9065 83.79 1 7 1 1
0 1 0 7246 12792 93.07 24 18 3 4
0 09 0.1 6754 12770 91.64 24 16 2 4
0 0.8 02 6754 12770 91.64 24 16 2 4
0 0.7 03 6690 12709 89.06 24 3 2 4
0 0.6 04 6690 12709 89.06 24 3 2 4
0 0.5 0.5 6690 12709 89.06 24 3 2 4
0 04 0.6 6421 12647 86.82 24 2 2 4
0 0.3 0.7 6421 12647 86.82 24 2 2 4
0 02 08 6421 12647 86.82 24 2 2 4
0 0.1 09 6228 12522 83.69 24 1 2 4
0 0 1 4375 12284 82.68 16 1 2 1

3.3 CONCLUSION

Both the thermal-based and simulation-based multi-objective mathematical
models presented above allow explicitly for simultaneous consideration of all available
combinations of alternative retrofit actions. They also allow for the consideration of
logical, physical and technical constraints. Like any other multi-objective optimization
problem, the search space, and therefore the set of non-dominated solutions, depends on
the alternative retrofit actions considered and the constraints that may be imposed to
allow their combination.

The result of the application of Tchebycheff programming, which has been
employed for the analysis of the models under study, shows the feasibility of this
methodology to find well balanced strategies for retrofitting of buildings to be presented
to a DM in the framework of a decision support process.

However, the thermal-based model is not able to perform a detailed analysis of
the building. Therefore, it does not allow for consideration of all desired objective

functions such as thermal comfort. Moreover, this thermal code is developed for
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residential buildings, so application of the model for other types of building is not
adequate.

Simulation-based model solved the above mentioned problems by using TRNSY'S
as building simulation and retrofit assessment engine.

However, the further consideration of all the possibilities that the DM has
available for building retrofit (e.g., HVAC systems and renewable energy sources), as
well as all the objectives that he/she may wish to optimize (CO, emission, social
objective, etc.) may lead to a combinatorial explosion of the decision space, thus making
the solving procedure extremely difficult and time-consuming.

In this case, other optimization techniques, namely evolutionary multi-objective
algorithms may become necessary for tackling the problem. Besides, using
approximation methodologies like neural network modelling of the building in the

optimization part would be of interest.
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CHAPTER 4
MULTI-OBJECTIVE OPTIMIZATION OF A SCHOOL BUILDING
USING THE GAINN APPROACH

Summary:

What are the main advantages of the GAINN approach in comparison with previous

methodologies?

What is the main framework for the proposed approach based on the GAINN

methodology?

What are the main results from the implementation of the proposed approach on the case

study?
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Chapter 4: Multi-objective Optimization of a school building
using the GAINN approach

This chapter presents a multi-objective optimization model based on the GAINN
(Genetic Algorithm Integrating Neural Network) to quantitatively assess technology
choices in a building retrofit project. This model combines the rapidity of evaluation of
Artificial Neural Network (ANN) with the optimization power of GA. The benefits of
this combined approach with respect to the classical optimization models previously
presented (Chapter 3) are its rapidity and computational efficiency.

This model is able to take into account all feasible combinations of choices,
without being confined to a small set of predefined scenarios in building retrofit. A
school building is used as a case study to demonstrate the practicability of the proposed
approach and highlight potential problems that may arise. A wide decision space is
considered, including alternative materials for the external walls insulation, roof
insulation, different window types, and solar collectors, as in previous chapter, but also
HVAC system. The study starts with the single objective optimization of energy
consumption, retrofit cost, and thermal discomfort hours. It then moves to multi-objective
optimization. The single objective analysis focusses on the building’s characteristics and
performance; whereas the multi-objective analyses are concerned with the interaction

between different objectives, and assessing their trade-offs.

4.1 DESCRIPTION OF THE OPTIMIZATION APPROACH

The optimization framework of this step is summarized in Figure 4-1. It is divided
in three sequential steps. First, a model of the existing building is created in TRNSYS
and validated using utility bills. Then, using this model, a database of simulation cases is

created and used to train and validate the ANN. After training and validation, the ANN is
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able to perform fast evaluations of the building performance, with a good accuracy and
without oversimplifying the problem. Finally, a multi-objective genetic algorithm

(MOGA) is run using the ANN to evaluate potential solutions.

TRNSYS (Building Artificial Neural

Datab: .
Simulation) atabase Network to be trained
and validated
4
L
i G i

Artificial Neural Genetic Optimal
Network (Validated) Algorithm B

Figure 4-1 Optimization framework (Magnier & Haghighat 2010)

Although not much exploited specially in building retrofit, the integration of an
ANN within a genetic algorithm is not a new idea. GAINN was first used in building
engineering for the optimization of chillers control (Chow et al. 2002). This study
introduced the methodology to the building field, and proved its efficiency in terms of
accuracy and reduction of the total optimization time. Later, GAINN has been
successfully applied in other studies, such as Zhou (2007), combined with computational
fluids dynamics to aid ventilation system design and operation in an office apace, with
the goal of achieving satisfactory thermal comfort and IAQ with minimum energy cost.
Conraud (2008) used GAINN combined with the simulation program ESP-r to assess the
optimal configuration for a building in terms of energy and indoor environment
performance. These studies confirmed that numerical optimization using a combination
of an ANN and a GA can be efficient for building applications, which can save a

significant amount of computation time. However, all of these studies were based on an
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aggregative handling of multiple objectives (i.e., the objectives are aggregated into a
single function to be optimized) and did not fully exploit the GAINN methodology
(Magnier 2008).

Recently GAINN was used by Magnier et al. (2010) using a simulation-based
ANN to characterize building behavior, and then the ANN model was combined with a
multi-objective GA to optimize thermal comfort and energy consumption in a residential
building design.

In this phase of the thesis, the GAINN methodology is used to quantitatively
assess technology choices in a building retrofit project. This approach is used to explore
the trade-offs between energy consumption, retrofit cost and thermal discomfort hours for
a typical school building in Portugal.

The remainder of this chapter is organized as follows. The modules in the
proposed approach are discussed in detail in this section. The application of the model to
the retrofit of a school building is described in section 4.2. Finally, section 4.3

summarizes conclusions and limitations of this approach.

4.1.1 Building simulation

The building is simulated using TRNSYS (version 16) software. The “Multi-zone
Building” Type 56 of TRNSYS is used to simulate the thermal behavior of the building.
Due to the complexity of a multi-zone building the parameters of Type 56 are not defined
directly in TRNSYS input file. Instead, a so-called building file (*.bui) is assigned

containing the required information (TRNSY'S 2009).

4.1.2 Parametric runs

In order to create a database for ANN training, parametric runs have to be
executed. In order to automate TRNSYS runs, GenOpt (version 3.0.3) (2009) is used.

109



Chapter 4 Multi-objective Optimization of a school building using the GAINN approach

GenOpt is an optimization program for the minimization of a cost function that is
evaluated by an external simulation program. When associated with TRNSYS, GenOpt
can automatically generate building (.bui) and deck (.dck) files based on the chosen
templates, run TRNSYS with those files, save results and restart again.

By using GenOpt, there is no need to write all deck and building files by hand,
and therefore a significant amount of time is saved. More importantly, the risk of

mistakes while writing the files is significantly lowered.

4.1.3 Design of experiments

In order to reduce the size of the training database while keeping the sample
representative, Latin Hypercube Sampling (LHS) is used. LHS is one of the most
common methods used to generate a small and representative sample of a population, for
specified numbers and ranges of variables. Studies have shown that using LHS, a number
of cases greater than twice the number of parameters is sufficient to correctly sample the
search space (McKay 1988).

The principle of LHS is simple and can be illustrated as in Figure 4-2. For a 2-
variable problem with a search space conceptualized as a square, the LHS method takes
one and only one point per each column and per each row. The complete sample is
therefore relatively small but remains representative of the whole search space. In this
study, LHS is computed in MATLAB, using the Model-Based Calibration Toolbox
(version 4.1). The Space-filling design style with LHS sampling designs from MATLAB

Design Editor in the Model-Based calibration toolbox is used to create the experiment.

110



4.1 Description of the optimization approach

Variable A

Variable B

Figure 4-2 Illustration of LHS for a 2-variable problem
4.1.4 Artificial neural network

ANNSs are information processing systems that are non-algorithmic, non-digital,
and intensely parallel (Caudill & Butler 1993). They learn the relationship between the
input and output variables by studying previously recorded data. An ANN resembles the
biological neural system, composed by layers of parallel elemental units, called neurons.
The neurons are connected by a large number of weighted links, over which signals or
information can pass. Basically, a neuron receives inputs over its incoming connections,
combines the inputs, performs generally a non-linear operation, and then outputs the final
results. The most known, simple and used network arrangement is the feed-forward
model. In this model, the neurons are placed in several layers. The first one is the input
layer, which receives inputs from outside. The last layer, called output layer, supplies the
result evaluated by the network. Between these two layers, a network can have none, one
or more intermediate layers called hidden layers.

Figure 4-3 shows a three-layer feed-forward neural network with input, hidden,

and output layers, which is the model used in this thesis. Each node in the input layer
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represents the value of one independent variable while the output nodes indicate the

dependent variables.

EWAL

ROF

HVAC

Input layer Hidden layer Output layer

Figure 4-3 ANN architecture

MATLAB computing environment is chosen to generate the neural network
model from the data using the neural network toolbox (version 7.0). It will be trained
using a first sample from LHS, and checked for validation using a second and smaller

sample.

4.1.5 Multi-objective optimization

Simultaneous optimization of energy consumption, retrofit cost and thermal
discomfort hours falls in the ambit of multi-objective optimization. There is no unique
solution to this multi-objective optimization problem, but a set of non-dominated solution

or Pareto optimal solutions. This multi-objective problem is of combinatorial nature
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because of its structure and decisions to be made, and it is nonlinear due to the building
energy and comfort calculations. Therefore, a multi-objective genetic algorithm (MOGA)
is selected to characterize the Pareto optimal (non-dominated) front in this thesis.

Once trained and validated, the ANN will be used as the evaluation function for
energy consumption and thermal discomfort estimation within the MOGA. The GA
toolbox (version 5.1) in MATLAB 1is used for optimization using the ‘gamultiobj’
function to identify the set of non-dominated solutions.

MATLAB’s ‘gamultiobj’ function uses a controlled elitist GA (a variant of
NSGA-II (Deb 2001)). Like any other GA, this is based on the evolution of a population
of individuals, each of which is a solution to the optimization problem. In this work, an
individual represents the result of a retrofit project carried out on a building. To use a
genetic analogy, each individual is represented by a chromosome whose genes
correspond to a number of the individual’s characteristics, as in Figure 4-4.

An elitist GA always favours individuals with better fitness value (rank). A
controlled elitist GA also favours individuals that can help increase the diversity of the
population even if they have a lower fitness value. It assigns a fitness level and ranks
individuals in the objective function space on the basis of the degree of non-dominance or
dominance depth. The elitist selection mechanism emphasizes current best solutions in
subsequent generations without applying any operators to them. Controlled elitism
therefore maintains a balance between exploitation and exploration of the objective

function space (Srinivas & Deb 1994).

113



Chapter 4 Multi-objective Optimization of a school building using the GAINN approach

An Individual A Chromosome
EWAL, ROF|. . WIN|,.HVA L5C
= a solution ‘1 ﬂl ‘I\L ‘1 1 * ‘
= a retrofitted building
A gene: WIN,
Represented by window option

A gene: EWAL,
external wall
insulation option

Figure 4-4 A solution to an optimization problem, as presented by a chromosome

4.1.6 Decision variables

The decision variables reflect the total set of alternative measures that are
available for retrofitting of a building (e.g. windows, insulation materials, etc.). The set of
retrofit actions in this step concerns combinations of choices regarding external wall
insulation material, roof insulation material, windows, installation of solar collector and
different HVAC systems to the existing building. Therefore, five types of decision
variables are defined concerning the alternative choices regarding:

e the external wall insulation materials;

e the roof insulation materials;

e the windows type;

e the solar collectors type;

e the HVAC systems.

For simplicity, it is assumed that only one retrofit action from each five sets of
actions may be selected for the building retrofit.

Assuming availability of / alternative types of external wall insulation material, J

alternative types of roof insulation material, K alternative types of windows, L alternative
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types of solar collector, and M alternative types of HVAC system, integer decision

variables xEWAL  xROF yWIN 5SC and xHVAC are defined as follows:
xEWAL: external wall insulation material type identifier 4.1)
xROF: roof insulation material type identifier 4.2)
xWIN: window type identifier (4.3)
x5¢: solar collector type identifier (4.4)
xHVAC: HVAC system type identifier 4.5)

A list of alternative retrofit actions applied in this study is based on a CYPE
rehabilitation price generator database (CYPEingenieros 2010) and presented in
Appendix B.3. This list includes 24 different external wall insulation materials, 18 roof

insulation materials, 3 windows types, 4 solar collector and 4 HVAC systems.
4.1.7 Objective functions

4.1.7.1 Energy consumption

The energy consumption of the building will be directly assessed by TRNSYS.
The total energy consumption, EC, consists in energy consumption for space heating
(QHEAT), space cooling (QCOOL) and sanitary hot water (QSHW) systems. SHW
production by solar collector (QSC) is subtracted from the total energy consumption.
Moreover, energy consumption for lighting is not included because this is not expected to
significantly change as a result of the implementation of the considered retrofit actions.
After training the neural network model, the MOGA uses the ANN model to calculate

energy consumption.
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4.1.7.2 Retrofit cost

The overall investment cost for the building retrofit ReCost(X) (X denotes the
vector of all decision variables defined in section 4.1.6) is calculated by adding individual

retrofit action costs as follows:

ReCost(X) = Agwa. CEWAL(X) + Agor. CROF(X)
+ Awin-CYIN(X) + CSC(X) + CHVAC(X) (30

Where:
AgwaL — exterior wall surface area [m’];
CEWAL _ cost in [€/m?] for selected external wall insulation material;
Agor - roof surface area [m*];
CROF_ cost in [€/m?] for selected roof insulation material;
Ayy - windows surface area [m’];
CWIN_ cost in [€/m?] for selected window;

C5¢- cost for selected solar collector [€];

CHVAC_ cost for selected HVAC system [€].

The RAs corresponding costs (CEWAL, CROF CWIN ¢SC CHVACY are extracted
from RAs characteristics tables presented in Appendix B.3. A MATLAB function using

expression 4.6 is written and incorporated in MOGA to estimate retrofit cost objective

function.

4.1.7.3 Total percentage of discomfort hours (TPMVD)

As mentioned in chapter 3, an absolute value of 0.7 for PMV, the upper limit of
the less exigent comfort category in ISO 7730, is considered as the borderline of the
comfort zone. Therefore, in order to maximize the thermal comfort, the total percentage

of cumulative time with discomfort ([PMV| >0.7) over the whole year during the
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occupancy period, TPMVD(X), should be minimized. The total percentage of discomfort
hours is also predicted by TRNSYS. After training the neural network model, the MOGA

uses the ANN model to estimate TPMVD.

4.2 MODEL APPLICATION ON A SCHOOL BUILDING

The case study was chosen on the basis of four criteria:

e Potential to influence energy savings on a national level;

e Geographical accessibility (proximity to Coimbra, Portugal);

e Cooperative building managers;

e Availability of building drawings and documentation.

Regarding the first criterion, it should be noted that commercial buildings are
most suitable for achi