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Summary 

As stated in the Energy Roadmap 2050, the EU has set itself a long-term goal of reducing 

greenhouse gas emissions by 80%, which equates to 95% of 1990 levels, by 2050. District 

heating and cooling systems have great potential to aid this goal as they can use and store 

energy powered by renewables and then distribute it to buildings and industrial sites. 

These high-level policies are boosting the share of renewable energy sources in future 

heating and cooling supply. 

However, low-grade renewable energy such as thermal energy from solar, industrial 

processes, etc. in a community is not always sufficient to provide for the seasonal heating 

demand, including space heating and domestic hot water (DHW). Therefore, it is 

beneficial to use seasonal thermal energy storage (STES) for the low-grade heat so that 

the excessive heat in the summer season can be used in the winter season.  

Since a STES integrated DHC system consists of more than one type of supply source, 

such a system is often complex. As such, interactions and uncertainties are not common 

nature, and pose challenges in designing such a system. Building performance simulation 

(BPS) methods can play an important role in assisting the design processes as they 

provide the possibility to quantifiably compare proposed design options and to take 

uncertainties into account.  

Modeling and simulating a DHC system can be conducted via a variety of tools. In 

addition, previous researchers have developed a wide variety of models with different 

model complexity levels for each subsystem of a STES integrated DHC system. However, 

it is still common in the BPS field to bypass some of the initial verification, validation 

and testing (VV&T) steps and focus directly on the programed model phase. This 

common practice reveals that a systematic QA procedure is often not used in the BPS 

field. Therefore, this PhD research aims to develop a modeling and simulation approach 

that employs a whole life cycle VV&T procedure to support the decision-making process 

in the design optimization of STES integrated DHC systems. 
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A systematic whole life cycle VV&T procedure originally developed by researchers from 

other disciplines was chosen as a starting point. The applicability of such a procedure in 

this new context is investigated in this research. The corresponding VV&T techniques 

and their relevance to this research are explored through a use case. In addition, an 

approach to select the appropriate model complexity is developed in this research. The 

approach comprises three parts, namely: (1) initial settings, (2) selecting model 

complexity, and (3) final decision making. The iterative model selection process ensures 

that a more complex model is selected only when the performance indicator is sensitive 

to the parameters with uncertain values and if no decision can be made from the results 

obtained by the simplest model set. A higher complexity should not be selected if the 

uncertainty is small (or does not exist) or is not influential. 

Two use cases demonstrate the usability of the selected VV&T procedure with the 

integration of the developed modeling and simulation approach. In the first use case 

(Chifeng case), the viability of implementing a STES to reducing CO2 emission of an 

industrial park is investigated. The second use case (ATES-DHC TU/e case) explores 

the effect of future scenarios on an existing ATES integrated district heating and cooling 

system on the campus of Eindhoven University of Technology (TU/e). The developed 

modeling and simulation approach is integrated in the processes of model development 

for each case. Furthermore, in collaborating with industries through PDEng and master 

thesis projects, several applications have implemented (part of) the developed modeling 

and simulation approach and tested its usability. 

The outcome of this research shows that the developed modeling and simulation 

approach to select the appropriate model complexity is able to guide the user through 

the model development in a modeling and simulation study. It also proves that different 

model complexities may be required for different purposes, even if applied in the same 

case study using the same assumptions for input variables and parameters. For those 

cases that require more complex models, the outcome of the validation study of the 

proposed approach also implies that under the same confidence interval, no sufficient 

decision can be made by applying simpler models.  
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It can be concluded that as a whole life cycle QA method, the VV&T embedded 

modeling and simulation procedure, can successfully provide confidence in the final 

decision by ensuring the quality of the outcomes of each process in the life cycle of a 

modeling and simulation task. The chosen VV&T procedure is useful for the QA of BPS 

studies and thus should be employed. In the modeling development processes, applying 

the developed modeling selection approach results in more efficient models and more 

effective use of the models. 
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Chapter 1 Introduction 

This thesis presents a modeling and simulation approach which was developed to be used for design 

optimization of new generation district heating and cooling (DHC) systems; more specifically, seasonal 

thermal energy storage (STES) integrated DHC systems. This chapter presents the background 

knowledge, motivations, the scope and the need for this research. This chapter starts by introducing 

technologies and characteristics of the new generation district heating and cooling systems. The research 

was further motivated by considering the aspects concerned with adopting BPS methods to aid in the design 

optimization of such systems. The related topics include (1) the opportunities for BPS in designing a new 

generation DHC system, (2) the necessity of a systematic QA procedure, (3) the importance of 

incorporating model complexity and uncertainty into a modeling and simulation approach, and (4) the 

definition of model complexity adopted in this research. Further, the aim and objectives of this research 

are discussed in this chapter. The research methodology to achieve the objectives is summarized before the 

outline of the thesis is provided. 

 

1.1. Background and motivation 

1.1.1. State of the art of the district heating and cooling system 

technologies 

In Europe, the heating and cooling demand, including space heating & cooling and 

process heating & cooling, accounts for 50% of the total final energy demand. As shown 

in Figure 1-1, space heating and space cooling represent around 30% of the total heating 

and cooling demand in all sectors. In the residential sector the number is much larger, 

reaching almost 80%, (Fleiter et al. 2017). Though the space cooling demand is a rather 

small share compared to the heating demand, this demand has grown quickly in the last 
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decades (Buffa et al. 2019). Installed cooling units increased by six times in the period of 

1990 – 2010 (Pezzutto et al. 2016). In addition, rise of the cooling demand in the 

residential sector in EU has been estimated to be three times higher in 2050 compared 

to 2006 (European Commission. Joint Research Centre. 2011). To reduce primary energy 

demand and CO2 emissions, district heating and cooling has been recognized as a 

promising technology due to its ability to effectively utilize energy sources, including 

renewable energy sources (RES). The key technologies and characteristics of DHC are 

provided below. 

 
Figure 1-1 The share of heating and cooling demand of the total final energy demand in the EU28 in 2015 

(Fleiter et al. 2017) 

District heating (DH) is one part of urban energy infrastructures. It connects buildings 

in a neighborhood, town, city or even countrywide through a network of pipes to provide 

space heating and domestic hot water. District heating was first introduced in United 

States in the 1880s, and a few decades later it was commercially implemented in Europe. 

Figure 1-2 shows the development of generations of DH systems. The first generation 

of DH systems used high temperature steam as a heat carrier and delivered steam via 

concrete pipes to consumers. After half a century of development, pressurized hot water 

(> 100 oC) took the place of steam in the second generation of DH systems as it improved 

energy efficiency and reduced fuel needs. The district heating systems of the first two 
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generations served large apartments and service sector buildings. These buildings 

generally have an annual heating demand level of 200-300 kWh/m2 in cities (Lund et al. 

2014). High temperature (≥ 90 oC) radiators were the most commonly used heating 

terminals.  

 
Figure 1-2 The concept of district heating systems in different generations (Lund et al. 2014) 

Due to the international oil crises in 1970’s, energy prices increased dramatically and 

boosted district heating development, especially in Nordic countries. The crisis also 

contributed to a renovation of district heating system technologies. The third generation 

of district heating systems then emerged in 1980s and were focused on improving energy 

security and energy efficiency on the supply side. Various supply sources, such as biomass, 

coal, gas and waste, were considered to replace oil. However, pressurized hot water was 

retained as the heat carrier but the distribution temperature (below 100 oC) was lower 

than in the first two generations.  
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Generally, “District or community scale” is defined as 100-1000 neighboring buildings 

with peak power consumption in the order of 10-100 MW (Best, Flager, and Lepech 

2015). Areas dominated by single or double residential units with a central source capacity 

less than 10 MW are considered as low heat density areas. Operating DH systems in low 

heat density areas (also referred to as sparse areas) requires higher distribution costs 

(Reidhav and Werner 2008) compared to high heat density areas. However, the fourth 

generation in this line of development of district heating systems are generally highly 

energy efficient and able to exploit energy diversity in heating generation. They also 

provide the possibility to serve more areas that were previously believed to be inefficient 

in utilizing DH systems. The fourth generation of DH system (4GDH) is labeled as a 

low-temperature distribution network. This generation makes it possible to connect some 

areas with low heat density (e.g. areas with low energy buildings) to DH networks. They 

also provide flexibility on the utilization of renewable energy sources (RES) and low-

grade supply sources, such as heat recycled from chillers or industrial surplus. Sharing 

heat among end-users is also possible in 4GDH by integrating DH into smart energy 

systems. In addition, implementing an integrated smart energy system provides an 

opportunity to achieve an optimal design solution for the overall energy system (i.e., 

electricity, gas, heating and cooling). 

District cooling provides space cooling and process cooling primarily to commercial and 

public buildings. The implementation of DC in the industrial sector and the residential 

sector has been increasing in recent years. Like the development of district heating, DC 

systems can be understood through the technology’s generations . Table 1-1 lists the 

development of DC systems in generations. It can be concluded that both DH and DC 

tend to utilize diversity of supply sources in a highly environmentally friendly way. 
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Table 1-1 District cooling in generations (Lund et al. 2014; Tredinnick and Phetteplace 2016) 

Generations 
Cooling energy 

carrier 
Technology 

Time of 

development 

1st generation Refrigerant 

Centralized condensers 

and decentralized 

evaporators 

Late 19th century 

2nd generation Chilled water Large mechanical chillers 1960s 

3rd generation 

Chilled water 

Deep sea/lake 

water 

Diverse cold supply 

including absorption 

chillers, mechanical 

chillers (with heat 

recovery), natural cooling 

from lakes, excess cold 

streams, and cold storage 

1990s 

4th generation 

Chilled water 

Deep sea/lake 

water 

Wastewater 

Collected cooling coil 

condensate, captured 

rainwater, grey water, 

treated sewage effluent, 

sea water 

Future trend 

 

In addition to the four defined generations of DH and DC systems, the concept of the 

fifth-generation district heating and cooling system (5GDHC) has been proposed 

recently. Similar to the 4GDH and 4GHC systems, 5GDHC systems are capable of 

utilizing RES in low-temperature distribution networks. Importantly, the main 

improvement offered by the 5GDHC technology is its ability to provide heating and 

cooling simultaneously. The distribution network of a 5GDHC system does not consist 

of supply pipes and return pipes, but rather warm pipes and cold pipes (Buffa et al. 2019). 

5GDHC systems work at near-ground temperatures, between 0 oC to 30 oC. 

Decentralized heat pumps and underground seasonal thermal energy storage (STES) are 

essential components in 5GDHC systems (Boesten et al. 2019). Both 4GDH/C and 

5GDHC are the state-of-the-art DHC technologies. As such, the term new generation DHC 

is adopted in this research to represent the most advanced and future DHC technologies. 
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New generation DHC systems offer multiple choices for energy sources, including fossil 

fuels, waste heat, renewable thermal energy including solar thermal energy, geothermal 

energy, biomass, etc. To get full use of these benefits, Church (2015) recommends 

selecting energy supply sources according to the ranking of energy “usefulness”. Figure 

1-3 illustrates the rank in energy selection priorities. This approach suggests a DHC 

system planner or designer should first consider recycling energy, where allowed, from a 

source that would normally be disposed of as a pollutant, such as municipal solid waste 

or sawdust from a lumber mill. The next priority level refers to the sources which are less 

harmful but still reject a considerable amount of heat to surrounding environment. An 

example here might be the industrial waste heat from some cooling procedures in melting 

metals, making cement or even food processing that requires first reaching a relatively 

high temperature and then cooling down at some point. The level 2 energy sources are 

available directly as heat and do not need extra energy conversion equipment. From level 

3 in the energy selection priorities list, additional conversion technologies are always 

required. The following two levels of energy sources include direct utilization of 

renewable energy sources (e.g. solar thermal, geothermal, wood chips, switchgrass, etc.) 

or sources manufactured from renewable sources, such as biodiesel or heat pumps. 

Finally, the fifth level is fossil-based fuels, which are considered to be “non-renewable” 

energy sources. Such fuels still have a place in modern DH systems, either by serving 

peak hours or as a cogeneration source for both heat and electricity. The most practical 

example is the use of a combined heat and power (CHP) plant. 
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Figure 1-3 Energy Sources available in DHC systems (Church 2015) 

New generation DHC systems encourage the use of thermal energy storage (TES) to 

resolve the discrepancy between heating demand and low-grade heating sources in both 

the short term and long term. TES and generation systems can be centralized and 

decentralized. Thus, the energy flow interaction between generation and distribution 

networks, and even among buildings themselves, can be bidirectional in order to share 

energy (Ancona et al. 2015). In short, more system components and interactions are 

involved in new generation DHC systems.  

1.1.2. Building performance simulation in designing new 

generation DHC systems 

Since DHC infrastructures tend to be more complex than previous generation methods, 

designers face challenges in the implementation of new technologies. A district heating 

system using surplus heat from industrial processes or from cooling processes in 

commercial buildings requires detailed dynamic performance investigation and planning 

because the surplus heat is not controlled from the demand side, even if it were available 

during the whole year (Lund et al. 2014). The complexity of implementing new generation 
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DHC systems is also increased since their main supply sources are renewable energy 

sources. Compared to traditional fossil fuel-based technologies, one major characteristic 

of RES is that although there are a wide variety of sources, their use is dependent on local 

availability. Therefore, designers have to develop solutions to identify potential supply 

sources and subsequently dispatch them to end-users on a case by case basis. Sometimes 

novel technologies have to be implemented. For example, in low heating density areas, 

DHC systems need to implement low-temperature district heating technology that is still 

in the development stage in order to be economically competitive. Furthermore, the 

fluctuating production from RES requires storage or alternative supply sources as well as 

superior management compared to the management required for traditional supply 

sources. The consideration should also be included in the design of new generation DHC 

systems. 

As a consequence of the increasingly complex infrastructures in new generation DHC 

systems, traditional methods of designing DHC systems become more and more 

inapplicable. Thus, analyzing the performance of new generation DHC systems requires 

computational tools to model defined systems in order to answer design questions. A 

wide range of modelling and simulation tools are available to analyze the performance of 

district heating systems (Allegrini et al. 2015). They are capable of conducting simulation, 

operation and investment optimization in different resolutions and horizons in terms of 

time and geographical scale (Connolly et al. 2010). These approaches can be classified in 

two groups according to the objectives. One group is energy planning tools (e.g. 

EnergyPLAN, energyPRO, HOMER) designed to support decision making regarding 

recognizing energy flows and comparing different design solutions. These planning tools 

usually adopt macroscopic models for national and regional scale. The other group is 

dynamic simulation tools, such as TRNSYS, IDA ICE and Modelica, which are usually 

used to analyze community energy systems (Connolly et al. 2010). In addition, in these 

modeling and simulation tools, an even broader range of models are implemented. 

However, at present, few studies have clarified how to choose a proper model for the 

purpose of the analysis (Mavromatidis et al. 2019). Furthermore, to deal with the highly 
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complex infrastructures in new generation DHC systems, further modeling challenges 

are introduced to understand the internal mechanisms of a new generation DHC system 

and properly interpret simulation results (Mavromatidis et al. 2019). These challenges 

relate to several phases of a modeling and simulation study, from the purpose definition 

to the results interpretation and decision support. As such, there is a clear need for a 

systematic procedure for quality assurance throughout the entire life cycle of modeling 

and simulation studies regarding the STES integrated DHC systems. 

1.1.3. The necessity of a systematic procedure for quality 

assurance  

Quality assurance (QA) is a key consideration to properly model and simulate STES 

integrated DHC systems. The QA activities in modeling and simulation (M&S) tasks 

include a variety of validation, verification and testing (VV&T) techniques. Many 

researchers have revealed that VV&T processes should be conducted throughout the 

entire M&S life cycle (Balci 1994; van der Heijde and Elnawawy 1992; Petty 2010). It is 

crucial to start employing VV&T in the very first step of an M&S task, which is the 

problem formulation. Without a well-formulated problem, the M&S task may end up 

answering the wrong question even though the simulation results have sufficient accuracy. 

However, it is still common in the BPS field to bypass some of the initial VV&T steps 

and focus directly on the programed model phase (Hensen and Lamberts 2019). This 

common practice reveals that a systematic QA procedure is often not used in the BPS 

field. Fortunately, several such procedures were developed by researchers from other 

disciplines. The following provides an overview of these procedures. 

Banks (2010) described a M&S study as a four-phase cycle: model, implement, execute, 

and analyze. The phases and their related technologies are depicted in Figure 1-4. 

Validation and verification activities were emphasized in the analyze phase, noted by 

VV&A (verification, validation and accreditation). The VV&A techniques were only 

adopted to deal with model uncertainty and serve to ensure a representative model of the 

system. Validation and verification activities and techniques were not integrated in other 



Page | 10 
 

phases. Moreover, the phase that defines the purpose of M&S study was not included in 

the procedure. 

 
Figure 1-4 Phases in M&S development cycle and their related technologies (Banks 2010), adapted from 

(Starr and Orlov 1999) 

Petty (2008) explained validation and verification as comparing activities. Figure 1-5 

illustrates the idea of describing the comparison relationship between two phases of a 

M&S study as a validation or verification activity. The term simuland represents the real-

world item of interest, which could be an object, a process, or a phenomenon. Compared 

to the previous procedure described by Banks, Petty’s procedure covers more phases of 

a M&S study. It explicitly depicts a requirements analysis process that specifies the 

requirements of the model, i.e., the scope/components/phenomenon that must be 

modeled, and the required accuracy. However, this procedure did not include the actual 

steps of performing verification and validation. 
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Figure 1-5 Validation, verification and accreditation in a simulation project (Petty 2008) 

Regarding the different validation and verification methodologies/technologies as well 

as when to use them, both Banks and Petty referred to Osman Balci’s VV&T embedded 

simulation life cycle (Balci 1990), as shown in Figure 1-6. Balci’s procedure illustrates 

how VV&T activities are integrated throughout the M&S processes, instead of 

conducting VV&T activities as a phase of the M&S process. More than 40 VV&T 

techniques were explained in (Balci 1994) and examples their implementation in each 

phase of the simulation life cycle was provided through case studies in (Balci 1998). 

Although the case studies were in the field of operations research using discrete M&S, 

the procedure was developed for the implementation of M&S studies in general, which 

would certainly include BPS. Nevertheless, Petty also claimed that the implementation of 

Balci’s procedure may slightly differ with types of simulation projects (2008). Therefore, 

it would be useful to explore the usability of Balci’s VV&T procedure in this research. 
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Figure 1-6 Validation, verification and testing processes in the life cycle of a simulation study (Balci 1990) 

 

1.1.4. The importance of properly choosing model complexity 
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The choice of right model complexity or the best model is not only a concern in modeling 

and simulating a new generation DHC system, but rather a common issue in the general 

modeling and simulation field. A commonly acknowledged principle of selecting model 

complexity is Occam’s razor, attributed to the English philosopher William of Ockham, 

which states that “entities should not be multiplied without necessity” (Brooks and 

Tobias 1996). In relation to modeling, this means do not use over-complicate models if 

it is not necessary for the purpose. 

The consequence of not properly choosing the model complexity can be explained using 

Figure 1-7. In general, a lower complexity level means that more 

assumptions/simplifications are included in models, yet these assumptions cannot be 

readily seen (Keirstead, Jennings, and Sivakumar 2012). The lack of certainty regarding 

the assumptions can lead to a large abstraction error. On the other hand, more complex 

models require more data, which is not always available. The lack of data increases input 

uncertainty which leads to a large discrepancy between the prediction and the case in 

reality. In addition, as previously mentioned in Section 1.1.2, a model should be evaluated 

according to its purpose. Thus, the ultimate goal of choosing model complexity is to find 

a fit-for-purpose model which would cause the smallest overall prediction error. 

 
Figure 1-7 The relationship between model complexity and input uncertainty and their impact on the overall 

prediction error, adapted from (Alonso 1968) by (Gaetani 2019) 



Page | 14 
 

1.1.5. Definition of model complexity 

As previously mentioned, choosing an appropriate model complexity level for an 

intended analysis is essential but challenging in modeling new generation DHC systems. 

The definition of model complexity can be different for different areas and there is no 

widely accepted definition in the modeling and simulation society (Du 2016). In this 

research, model complexity is defined as the combination of “level of detail” and 

“computational complexity”. Following Brooks and Tobias (1996), “level of detail” refers 

to the components and connections (between related components) that exist in the real-

world system and are those that are represented by the model; “computational complexity” 

is defined as the difficulty in computing a function, which often relates to the nature of 

the connections. Models are often described as being detailed when they present most of 

the components and connections of the investigated system. In general, to describe a 

specific system, a data-driven model has a lower model complexity level (CL) than a 

physics-based model since a data-driven model often contains less variables and treats 

the investigated system as a whole rather than describing each individual component in 

the system. However, when the system itself is complex, e.g. the new generation DHC 

system, it can be represented by a high CL model which is only computationally complex 

but is not detailed. Such a representation is possible if the model contains many variables 

but omits many system components and connections. As such, it is not fair to compare 

the complexity level of models describing different systems or subsystems (system 

components). Therefore, in this research, CL of models are defined and reviewed at the 

subsystem level. 

1.2. Research aim and research objectives 

This PhD research aims to develop a modeling and simulation approach that employs a 

whole life cycle VV&T procedure to support the decision-making process in the design 

optimization of new generation district heating and cooling systems, more specifically 

STES integrated DHC systems. It is clear that at present there is a lack of a strategic 

approach in choosing the fit for purpose model complexity to support decision making 
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in designing a STES-integrated DHC system. This lack is to some extent due to the 

general lack of attention in employing quality assurance and related techniques over the 

entire life cycle of a modeling and simulation task in the BPS field. To bridge the 

knowledge gap, the following objectives of this research were defined: 

• Investigate the applicability of applying a modeling and simulation validation, 

verification and testing (VV&T) procedure from other disciplines; 

• Develop a fit for purpose modeling and simulation approach to select model 

complexity in the design optimization of STES integrated DHC systems; 

• Assess the validity of the developed modeling and simulation approach; 

• Demonstrate the usability of the approach through use cases to show how the 

approach can support in the evaluation of the system performance for different 

design options and scenarios. 

1.3. Research methodology 

The methodology of developing and testing the modeling and simulation approach 

consists of four steps: 

• Review the quality assurance (QA) and related validation, verification, and 

testing (VV&T) techniques in the BPS field and other related fields. The 

outcomes of this step are the identification of current issues in QA of BPS, a 

chosen VV&T embedded modeling and simulation procedure from a different 

discipline, and a preliminary analysis of the applicability of the chosen procedure 

through a use case. 

• Develop the fit for purpose modeling and simulation approach to select the 

appropriate model complexity. This step is to fill the gap in the applicability of 

the chosen procedure that was identified in the previous step. The approach is 

applied to the first use case which contributes to the development of the 

approach. 
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• Evaluate the validity of the developed approach for the selection of the fit for 

purpose model through two experiments. The first experiment uses different 

performance indicators (PI) compared to the first use case to demonstrate that 

the appropriate model complexity can be different with different PIs. The other 

experiment compares the results produced by using the developed approach 

against the results from the combinations of all model complexities. 

• Demonstrate and test, using two use cases, the usability of the VV&T embedded 

modeling and simulation procedure with the integration of the developed 

approach to select the fit for purpose model. 

1.4. Thesis outline 

Chapter 2 provides an overview of simulation tools and models for designing DHC 

systems. Two groups of simulation tools were examined regarding their scope and typical 

applications. Furthermore, this chapter provides a review of the commonly adopted 

models for different components/subsystems that are relevant to this research. The 

models were categorized according to model complexity level.  

Chapter 3 presents the current status of quality assurance and related VV&T techniques 

in the BPS field. It is found that an orderly procedure is required for the whole life cycle 

QA in the BPS field. To accommodate this necessity, a systematic procedure embedding 

verification, validation and testing (VV&T) techniques from a different discipline is 

introduced in this research. Challenges in applying such a procedure are identified. 

Chapter 4 introduces the developed approach to select the model complexity for the 

design optimization of a STES integrated DHC system. The approach is depicted in a 

flowchart form and the processes are explained through the application of a case study. 

This chapter also includes the restrictions in applying the approach. 

Chapter 5 discusses the validity of the developed modeling and simulation approach for 

the STES integrated DHC in the design phase. The requirements of modeling and 

simulation tools for the implementation of the developed approach are listed and a 

simulation toolchain is designed accordingly. In addition, two tests are described in this 
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chapter to demonstrate the validity of the model complexity selection procedure and the 

decision-making procedure. 

Chapter 6 presents two use cases to demonstrate the usability of the VV&T procedure 

with the integration of the developed modeling and simulation approach. In the first use 

case (Chifeng case), the viability of implementing a STES was investigated with the goal 

of reducing CO2 emission of an industrial park. The second use case (ATES-DHC TU/e 

case) explored the effect of future scenarios on an existing ATES integrated district 

heating and cooling system on the campus of Eindhoven University of Technology 

(TU/e). The usefulness of the approach is also discussed in this chapter. 

Chapter 7 provides the main conclusions, limitations and suggestions for future work. 
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Chapter 2 Modeling and simulation 

methods for DHC in the design 

phase 

This chapter presents a literature review of existing modeling and simulation tools for district heating and 

cooling systems. Two groups of simulation tools, i.e. energy planning tools and dynamic simulation tools 

were examined regarding their scope and typical applications. Furthermore, this chapter provides a review 

on the commonly adopted models for different components/subsystems that are of most relevance to this 

research. The models were categorized according to model complexity. 

 

2.1. Overview of modeling methods and simulation tools for 

district heating and/or cooling system 

Modelling and simulating a DHC system can be conducted via a variety of approaches, 

which can be categorized according to many criteria. Valdimarsson (1993) classified 

models of district heating systems in four categories, namely by ‘type’ (microscopic or 

macroscopic), by ‘method’ (dynamic or steady-state), by ‘approach’ (physical/white-box 

or black-box) and by ‘usage’ (design or operation). The classifications are straightforward, 

except for the ‘type’ category. Here, the concepts “microscopic” and “macroscopic” 

define whether DHC systems are studied in detail in both time and space (microscopic), 

or whether the entities of DHC systems are lumped into several model blocks 

(macroscopic). In other words, a macroscopic model describes a district heating system 

from the heating supplier’s point of view, whereas a microscopic model presents a district 

heating system from the consumer’s point of view (Valdimarsson 2008). Olsthoorn et al. 
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(2016) considered DH system models as deterministic models and stochastic models. 

Deterministic models represent physical phenomena such as the degree-day method or 

energy balance equations, whereas stochastic models mainly use mathematical 

approaches, e.g., statistical regression and artificial neural networks. As such, simulation 

tools in which these different models are embedded also have many categories and should 

be applied to different simulation purposes. Tools for energy planning and dynamic energy 

simulation are the two main categories. 

2.1.1. Energy planning tools 

Energy planning tools are designed to analyze how to integrate renewable energy into 

current energy systems from the technical, economic and social points of view. Energy 

planning tools often focus on the analysis of large-scale energy schemes, e.g., national, 

regional or even global. These tools usually use steady state methods or stochastic models, 

since these two methods consume much less computational resources and require less 

data input. In addition, given that the spatial scale considered in energy planning tools 

are large, the models adopted in energy planning tools are usually macroscopic models. 

Most energy planning tools not only consider building energy sectors (heating, cooling, 

electricity), but also industrial use and transportation. In terms of long-term scenario 

analysis, time spans are typically 20-50 years. It is important to note that energy planning 

tools were not originally developed to investigate the performance of DHC systems. 

However, since DHC systems have received growing interest as a possible measure to 

approach a low carbon emission society, most energy planning tools have embedded 

DHC systems as one component.  

A well-known energy planning tools is EnergyPLAN, developed and maintained by 

Aalborg University in Denmark. It can model all thermal, renewable, storage/conversion, 

transport and relevant costs (Aalborg University n.d.). It balances production with 

demand for all sectors under certain optimization strategies. It operates on an hourly 

basis for a whole year analysis. Other energy planning tools focus on local community 

level, such as HOMER (HOMER Energy LLC 2009). HOMER is a simulation and 
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optimization tool that focuses on the operation of a hybrid microgrid. HOMER simulates 

a period of one year with a time-step of one minute to one hour. It allows users to 

simulate different type of energy resources and systems, including solar PV, wind, 

batteries, diesel generators, biomass, hydro, combined heat and power, hydrogen, etc. 

There also some energy planning tools that are specifically designed for district heating 

projects. For example, the energyPRO tool (EMD International A/S 2019) is used to 

investigate a single thermal or CHP power plant and can also integrate other RES 

generation and energy storage technologies to supply district heating. Compared to 

EnergyPLAN, energyPRO is designed to model and optimize the operation of smaller 

and local energy systems and plants with a higher level of detail. Jensen et al (2013) 

applied both EnergyPLAN and energyPRO to analyze the integration of TES with a heat 

pump and electrical boiler in a regional energy system and a local energy system. The 

results showed disagreements between the simulation results from the two tools on the 

potential of some proposed techniques because the TES in EnergyPLAN could not be 

charged by a heat pump or electric boiler.  

2.1.2. Dynamic simulation tools 

The other type of simulation tool for DHC systems is dynamic simulation tools, which 

can be used for detailed DHC systems energy modelling. Dynamic simulation tools 

simulate the performance of an energy system by breaking it down into individual 

components. They typically simulate a given designed DHC systems in hourly/sub-

hourly time-steps for one year. This type of tools normally deals with DHC systems at 

the community level, which is a much smaller spatial scale than used by energy planning 

tools. The models used in dynamic simulation tools usually fall in the type of microscopic 

models. Many commercial software or general programming tools can be used to conduct 

dynamic simulation for DHC systems, e.g., TRNSYS, Modelica, MATLAB/Simulink, etc. 

However, most of them are not primarily simulation tools for DHC systems. According 

to the different ways of conducting building energy simulation, dynamic simulation tools 

for DHC systems can be further categorized as (1) district energy simulation tools, 
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which are designed to model and control energy supply and distribution of a DHC system 

with the lack of building energy models, and (2) holistic simulation tools, which offer 

the possibility to integrate building thermal models into the district energy system models. 

2.1.2.1. District energy simulation tools 

As mentioned above, district energy simulation tools are meant for detailed energy 

system simulation. They are not capable of simultaneously simulating building demands 

and district heating distribution networks and generation. At present, the common 

approach is to simulate building demands externally and then import these results as an 

input to heat exchangers between distribution networks and consumers (buildings) to 

represent the amount of heat required (Papillon & Paulus, 2013; Vaillant Rebollar, Himpe 

& Janssens, 2014). Typical examples of tools that can be used for district energy 

simulation are the Transient System Simulation Tool (TRNSYS) (University of 

Wisconsin-Madison 2013) IDA Indoor Climate and Energy (IDA ICE) (EQUA 1998).  

TRNSYS was originally developed in 1975 to simulate a solar hot water system and has 

been subsequently used as an extensible software tool to simulate thermal and electrical 

systems in general. The source code (mostly written in FORTRAN) of each component 

model is provided with the software to enable the possibility of modification by end users. 

However, some researchers have claimed that modifying the source codes is challenging 

(Elia et al. 2017) and developing a new component in TRNSYS requires great effort and 

deep knowledge of computer programming (Giraud, Paulus, and Baviere 2014). In 

addition, TRNSYS does not include pressure governing models for hydraulic systems, 

which may limit its application in modeling and simulating DHC systems.  

IDA ICE is a detailed building performance simulation tool. It physically models a 

building with a dynamic multi-zone method to analyze the energy consumption and 

indoor thermal climate of a building. IDA ICE uses an equation-based modelling 

language called Neutral Model Format (NMF), which makes the expansion of new 

models and the modification of existing models easier than through imperative 

programming languages such as FORTRAN. Several studies have been conducted to 
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extend the scope of IDA ICE from the single building level to district level (Kräuchi et 

al. 2014; Weissmann, Wörner, and Hong 2017). A number of model components have 

been developed, such as distribution pipe segments, heat generation devices, borehole 

thermal energy storage, to model district heating systems. However, as a common 

restriction of district energy simulation tools, building energy use is simulated separately 

in IDA ICE and imported to the system model as profiles. 

2.1.2.2. Holistic simulation tools 

Holistic simulation tools are capable of simulating the entire district energy systems 

simultaneously. The modeling and simulation tasks are realized either in a single 

simulation environment or in a co-simulation environment by coupling two or more 

simulation software. The majority of the holistic simulation tools to model and simulate 

district energy systems are developed using the Modelica language. Modelica is an acausal 

equation-based programming language. Different domains including mechanical, 

thermodynamic, hydraulic, biological, and control applications can be described and 

connected by models in Modelica (Fritzson 2011). The code in Modelica is highly 

reusable, and therefore effort for the development of new models in Modelica is 

significantly less than is required in TRNSYS or MATLAB/Simulink. Several open-

source Modelica libraries oriented in district-level applications have been developed 

through the IEA EBC Annex 60 project, such as the Buildings library developed at 

Lawrence Berkeley National Laboratory (Wetter et al. 2014), the AixLib library 

developed at RWTH Aachen (Müller et al. 2016), the IDEAS library developed at KU 

Leuven (Baetens et al. 2015), and the BuildingSystems library developed at Berlin University 

of the Arts (Nytsch-Geusen et al. 2013).  

Several simulation environments support simulations using the models from these 

Modelica libraries. The most commonly adopted simulation environment is a commercial 

software named Dymola (Dynamic Modeling Laboratory) (Dassault Systemes 2019). 

There are also free and open-source simulation environments such as OpenModelica 

(Open Source Modelica Consortium 2019), JModelica.org (Modelon AB 2019). Apart 
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from the Modelica simulation environments, co-simulation environments that are able 

to integrate several environments offer greater potential for modeling DHC systems. By 

coupling different simulators, the implementation and modeling efforts can be 

significantly reduced by reusing the existing models and simulation schemes from 

different simulators. Common issues of co-simulation environments are the runtime 

management and data management, which are taken care of by a runtime infrastructure 

(RTI) (Molitor et al. 2014). Typical co-simulation environments for district energy 

systems are BCVTB (Wetter and Haves 2008), mosaik (Schütte, Scherfke, and Tröschel 

2011), and MESCOS (Molitor et al. 2014). All three co-simulators provide the possibility 

to integrate Modelica models with other simulators. BCVTB links the Modelica modeling 

and simulation environment Dymola with other simulators (e.g., EnergyPlus for building 

energy simulation, MATLAB/Simulink for scientific computing, Radiance for lighting 

analysis, etc.) through a Ptolemy II software environment. Mosaik is written in Python 

and the co-simulation with Modelica-based models can be conducted based on the 

Functional Mock-up Interface (FMI) standard. MESCOS integrates Modelica models by 

converting Modelica-based models to C-Code to enable parallel computation. 

2.1.3. Concluding remarks 

Section 02.1 provides an overview of modeling approaches and simulation tools for 

designing DHC systems. A variety of modeling approaches are available to represent a 

DHC system. Different criteria can be used to categorize these modeling approaches. 

Two types of modeling and simulation tools that implement these modeling approaches 

were reviewed. Energy planning tools often focus on large-scale district energy analysis (for 

a city, region, country or even global). Therefore, the models implemented in energy 

planning tools usually use steady state methods or stochastic models and fall into the type 

of macroscopic models. Dynamic simulation tools are normally employed in DHC systems 

at community or even smaller scales. Dynamic microscopic models are incorporated in 

dynamic simulation tools.  
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In the current research, due to the relatively small scale of the investigated DHC systems, 

dynamic simulation tools were of interest. Since dynamic simulation tools deal with the 

DHC systems at subsystem and component level, different modeling approaches for 

STES integrated DHC systems are examined at subsystem level in the next section. 

2.2. Literature review on modeling STES integrated DHC 

systems at subsystem level 

In this section, widely adopted models to represent the subsystems in a STES integrated 

DHC system are reviewed. The considered subsystems are the building energy subsystem, 

the STES subsystem and the energy generation subsystem. There are several ways to 

categorize models. Since the main focus of this research was to determine model 

complexity, the models reviewed in this section were categorized according to their 

complexities. 

2.2.1. Modeling building energy use in DHC systems 

In order to effectively analyze the performance of DHC systems, reliable information of 

building heating and cooling energy use is required. Normally, the temporal resolution of 

such information is hourly or sub-hourly. In addition, an increasing number of DHC 

applications is concern spatial scales larger than an individual building. Obtaining such 

information from the real world can be a great challenge, since this requires 

measurements on a relatively high temporal resolution and large spatial scales. Sometimes, 

however, no measurements are available. Therefore, modeling and simulation is 

commonly adopted to estimate or predict building heating and cooling energy use for 

DHC system applications. The modeling approaches can be categorized into three 

groups, i.e., data-driven models, reduced-order models and physics-based models. The model 

complexity level (CL) increases from data-driven models to physics-based models. 

2.2.1.1. Data-driven models (CL 1) 

Data-driven models, also known as black-box models, are a group of models developed 

based on historical measurements. As the name “black-box” indicates, data-driven 
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models are mainly constructed through statistical and mathematical approaches and do 

not represent any physical phenomena of building energy use. Therefore, a great 

advantage of data-driven models is that they are capable of fast calculation at high levels 

of accuracy. However, since the models are derived from data, an extensive set of 

historical data is required to “train” a model. The model accuracy is then subject to the 

quality of the training data. In addition, due to the necessity of the training data set, a 

common disadvantage of data-driven models is that a re-training process is required 

when buildings are changed (e.g. geometry, location, properties of building materials, etc.). 

The most common data-driven models for building energy modeling at 

district/community level are statistical regression models. With the growing interest on 

machine learning algorithms, other supervised learning models, such as decision trees 

(DT), artificial neural networks (ANN) and support vector machine (SVM), etc. are also 

applied in predicting building energy consumptions at district/community level. 

Statistical regression models use regression techniques to determine the relationship 

between an output/response with input(s)/predictor(s). The accuracy of a statistical 

regression model is evaluated according to goodness of fit. Statistical regression models 

can be further divided into simple regression models and multiple regression models. The 

difference between simple regression models and multiple regression models is the 

different number of inputs. The general form of simple regression models is: 

𝑦 = b𝑥 + a Equation 2.1 

where x is the independent variable, y is the dependent variable, and a and b are the 

regression coefficients. Multiple regression models take the following forms: 

Multiple linear: 𝑦 = b1𝑥1 + b2𝑥2 + ⋯ + b𝑛𝑥𝑛 + a Equation 2.2 

Polynomial: 𝑦 = b1𝑥1 + b2𝑥2
2 + ⋯ + b𝑛𝑥𝑛

𝑛 + a Equation 2.3 

In Equation 2.2, x1 to xn represent n independent variables used as model inputs, b1 to 

bn and a are the regression coefficients. 
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Hirst et al (1986) proposed a simple regression model by regressing the billing data into 

a weather-independent constant coefficient and a weather-dependent coefficient based 

on Heating Degree Days (HDD). Another simple regression model is the energy 

signature model (also known as the change point model), first described by Kissock 

(1994). The change-point model for heating and cooling energy use is graphically 

illustrated in Figure 2-1. Although the two models were originally developed for single 

building applications, researches have successfully implemented both models at the 

district level (Eriksson, Akander, and Moshfegh 2020; Kipping and Trømborg 2018; 

Tereshchenko et al. 2019). 

  
(a) (b) 

Figure 2-1 Change-point model for heating energy use (a) and cooling energy use (b) (Kissock, Haberl, and 

Claridge 2003) 

Catalina et al (2013) proposed a multiple regression model in polynomial form to predict 

building heating consumption. The model consists of three inputs (dependent variables) 

that were derived from building information, including thermal properties of building 

envelop, area of glazing on the building façade, heat loss area and heated volume, air 

change rate and indoor heating set-point. The model presented a very good accuracy (R2 

0.974) in representing the training data. The validation study showed that an average error 

of less than 20% was found in comparison with measured data (not in the training set). 

As for other aforementioned machine learning models, concepts, detailed technical 

features and their applications can be found in (Dalipi, Yildirim Yayilgan, and 

Gebremedhin 2016; Wei et al. 2018), and are therefore not discussed in this research. The 
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pros and cons of those models are summarized in Table 2-1 according to the review 

conducted by Wei et al. (2018). 

Table 2-1 Pros and cons of different data-driven models for the prediction of building energy consumption 

Model Pros Cons 

Artificial Neural 

Network 

• Able to learn relationship 

among inputs 

• Relative high fault tolerance 

and robustness 

• Challenging in choosing a 

proper architecture and 

learning rate 

• Usually case-dependent 

Supportive Vector 

Machine 

• Simple training process 

required a few inputs 

• Easy to generalize 

• Low calculation efficiency 

Decision Tree 
• Do not require complex 

computational knowledge 

• Could not manage time-

series data and nonlinear data 

Genetic Algorithm 

• Able to deal with 

sophisticated data 

• Provide Multi-objective 

solutions 

• May not get an optimal 

solution 

• Low calculation efficiency 

 

2.2.1.2. Reduced-order models (CL 2) 

Reduced-order models can be seen as a simplification of physics-based/white-box 

models. Among others, resistance-capacitance (RC) building thermal network models 

(also called lumped parameter models) are the most recognized reduced-order models to 

predict building energy consumption (Zhao and Magoulès 2012). As its name indicates, 

a RC model describes a building based on an analogy with an electrical circuit, where 

electric resistances and capacitances represent the thermal resistance and capacitance of 

building material layers. Figure 2-2 presents an example of a RC model that consists of 

five resistances and one capacitance. Since reduced-order models require fewer inputs 

and have higher computational efficiency compared to white-box models, they are widely 

adopted to predict building energy consumption at district or even urban level. The main 

drawback of reduced-order models is their relatively low model accuracy (Hong et al. 

2020). 
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Figure 2-2 The equivalent RC network of a 5R1C model (EN ISO 2008) 

To improve the accuracy of RC models, grey-box models were developed. Grey-box 

models combine simple physical information from RC models with information from 

historical data, and they therefore keep a physics-based structure while reducing level of 

detail through statistical methods. The parameters (resistances and capacitances) are 

calibrated against historical data to minimize the error between the model prediction and 

historical data. It is worth noting that the calibrated parameters do not reflect physical 

characteristics of the investigated building. As grey-box models integrate statistical 

methods, they also inherit the weakness of data-driven models, i.e., the need for re-

training when changes are made to buildings. 

2.2.1.3. Physics-based models (CL 3) 

Physics-based models (also known as white-box models) are fully descriptive law-driven 

models. Physics-based models could capture the full dynamic of building performance. 

The development of physics-based models would require a considerable amount of 

information and high-level knowledge on building physics. The common practice of 

predicting building energy consumption through physics-based models is to develop 

models through well-developed modeling and simulation tools. The most widely used 

tool is EnergyPlus (U.S. DOE BTO 2020) which is a free, open-source simulation engine. 
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EnergyPlus can provide in-depth analysis on complex building systems. EnergyPlus 

supports co-simulation with other simulation engines based on the FMI standard, and 

therefore is capable of connecting building models with district energy system models. A 

common drawback of physics-based models is that conducting simulation using physics-

based models at district level could be rather computationally expensive.  

2.2.2. Modeling seasonal thermal energy storage  

Compared with other components in DHC systems, the energy performance of STES 

depends more on the interaction with other subsystems. The amount of heat and 

temperature of the heat carriers during charging and discharging periods greatly 

influences the storage efficiency. Moreover, and especially for underground STES, energy 

performance is also significantly influenced by geographic characteristics and site 

properties, e.g., thermal conductivity of the soil, underground water, flow velocity, 

outdoor temperature etc. The relationship between the system fluid temperatures and the 

ground temperatures is strongly dependent on ground thermal conductivity. In the long 

term, the ground density and specific heat capacity also have an effect. Take borehole 

thermal energy storage as an example. The borehole thermal resistance defines the steady-

state relationship between the system fluid temperature and the temperature at the 

borehole wall. The resistance depends on the dimension of the borehole thermal energy 

storage and the thermal properties of the grout material. These variations influence the 

specific power of the borehole heat exchanger (in watt per meter of borehole length), 

which varies from 10 W/m to 120 W/m according to information extracted from 

borehole-STES projects from the US and from European countries (Philippe et al. 2009). 

In order to store and extract heat seasonally and to reduce the investment cost, it is 

beneficial to build underground STES on a relatively large scale with a minimal volume 

of 20,000 m3. Large scale STES projects are also more efficient in terms of both technical 

feasibility and financial viability. Large scale STES usually take two to five years to reach 

‘design’ operating conditions (Schmidt and Miedaner 2012). Therefore, long-term 

performance assessment is required, which makes the design and performance analysis 

of underground STES systems a considerable challenge. As previously stated, 
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representing the dynamic interaction with other DH system components is also crucial. 

Then in this respect, computational simulation is possibly the only way to assist in the 

design process under the challenges. 

The typical forms of underground STES are borehole thermal energy storage (BTES), 

aquifer thermal energy storage (ATES) and cavern thermal energy storage (CTES). The 

last form of underground STES is technically feasible but not commercialized due to 

high investment costs (Cabeza et al. 2015; Johnson et al. 2019). In this regard, the focus 

of the review is on modeling approaches of STES is BTES and ATES. 

2.2.2.1. Borehole thermal energy storage 

Various models have been reported to represent the performance of different types of 

underground STES. This subsection presents an overview of underground STES models 

specifically used for borehole thermal energy storage. Borehole thermal energy storage 

consists of a number of borehole heat exchangers (BHE), which transfer heat between 

heat carrier and the soil. Several BHE models are available. Ranking according to model 

complexity level, the models can be categorized as analytical models (CL 1), response function 

models (CL 2), and numerical models (CL 3). 

Analytical models (CL 1) 

Analytical models describe a BHE as either a line source or a cylinder source, providing 

the temperature response to a uniform heat pulse. Analytical models are often applied on 

a single borehole. Infinite line source (ILS) models are the simplest analytical models for 

BHE. ILS models treat the BHE as an infinite line source that continuously generates 

heat from time zero. Thermal conduction is the only heat transfer process considered in 

ILS models. The ILS model was first developed by Whitehead (1927) and further 

developed by Ingersoll and Plass (1948) and Carslaw and Jaeger (1959). Mogensen (1983) 

modified the ILS model to better represent a U-tube BHE. Infinite cylinder source (ICS) 

models share the same principle with ILS models. The only difference, as indicated by 

their names, is that the heat source is assumed to be a cylinder with an infinite length 

instead of an infinite line. ICS models have different forms according to the material 
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inside the cylinder (borehole). Readers are referred to (Carslaw and Jaeger 1959) for 

detailed descriptions and applications of the different forms. One common drawback of 

ILS and ICS models is that they treat the heat transfer from the BHE to the surrounding 

ground in only one dimension, i.e., the radial direction. The axial temperature gradients 

are neglected, although these would start to be significant when BHEs are operated for 

longer than a year (Spitler and Bernier 2016). Finite line source (FLS) models should be 

used when the design period is greater than a year. FLS models provide the temperature 

response to a finite line source with a length of L and located at a distance of D from the 

ground surface. FLS models can also evaluate the thermal influence of one borehole on 

another. FLS models come in several forms and their use depends on whether they are 

to be applied on single or multiple boreholes. In the case of multiple boreholes, FLS can 

also have different forms if the boreholes have different values for H and/or D. For 

BTES applications, boreholes often have the same length and are buried at the same 

depth. In this respect, the FLS model developed by Claesson and Javed (2011) would be 

the best fit. 

Response function models (CL 2) 

As illustrated above, analytical models provide the solution of a constant heat injection 

or extraction load on BHEs. However, in practical applications of BHEs, especially for 

BTES, the heat injection or extraction load often changes over time. To better represent 

the time-varying heat load, response function (g-function) models based on the 

superposition principle were developed. The application of the superposition principle 

was first introduced by Claesson and Dunand (1983). The superposition principle deals 

with the linear heat conduction equation and boundary condition while neglecting 

nonlinear terms in ground heat transfer, such as freezing/thawing, groundwater flows, 

radiative heat exchange at the surface, etc. Superposition can be applied both temporally 

and spatially.  

The analytical g-function model, originally developed by Eskilson (1987), is the most 

widely used g-function model for borehole fields. The g-function converts the 

temperature response of the borehole field into a dimensionless form in response to a 
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step heat input. It is only valid for time-steps longer than three to six hours for a typical 

borehole, which is larger than the normal time-step (one hour) in building performance 

simulation. The original g-function model has been further improved by Yavuzturk and 

Spitler (1999) to manage short time steps and also to take into consideration the thermal 

capacitance and resistance of individual borehole elements.  

TRNSYS has already implemented several borehole field models using g-function models. 

The most common model, especially for BTES, is the Duct Heat Storage (DST) model. 

The DST model treats the thermal process in a BTES as two parts, i.e., a global problem 

that deals with the heat transfer between the boreholes and the surrounding ground, and 

a local problem that deals with the heat transfer around the pipes in the boreholes. The 

DST model adopts the spatial superposition principle to solve the heat transfer in BTES. 

A limitation of the model is that it is only applicable for cylinder-shaped BTES with a 

vertical symmetry axis and uniformly placed ducts (Hellström 1989). It adopts a steady-

flux regime which considers a constant heat injection/extraction rate. Thus, the DST 

model ignores the dynamics of the heat exchange between the borehole wall and the heat 

carrier fluid. It also overestimates the long-term temperature response (Picard and Helsen 

2014). In order to simulate user-defined borehole configurations and obtain short-term 

and long-term accuracy for yearly-based simulations, Picard and Helsen (2014) developed 

a hybrid step-response model (HSRM) for borehole field heat exchangers in Modelica. 

Another advantage of the HSRM model over other models is the possibility of 

implementation in multiple borehole simulations.  

Numerical models (CL 3) 

Numerical models discretize the borehole field in two dimensions or three dimensions 

using finite volume methods (FVM) or finite element methods (FEM). In this respect, 

numerical models are able to account for the exact borehole geometry, groundwater flow 

effect and transient heat transfer effect. Besides, the nonlinear thermal transfer problems 

could also be solved by numerical models. Due to the high computational cost, pure 

numerical models are often applied for a single borehole with a short simulation period 

instead of yearly simulations, and for borehole fields. Readers are referred to (Bauer et al. 
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2011; Bouhacina, Saim, and Oztop 2015; Li and Zheng 2009; Muraya, O`Neal, and 

Heffington 1996) for some examples of modeling a BHE using numerical methods.  

2.2.2.2. Aquifer thermal energy storage 

ATES systems are open-loop systems where the heat carrier (groundwater) is extracted 

from and reinjected into the underground aquifer. In the case of ATES, heat carrier and 

storage media are the same, i.e., groundwater. The heating and cooling energy are 

exchanged through convection using wells in ATES, which results in a higher heating 

capacity than by conduction using boreholes in BTES systems. An ATES system consists 

of at least two wells; a warm well and a cold well. Large systems often consist of several 

warm wells and cold wells. The basic principle of ATES is simple. Cold water is extracted 

from cold well(s) when the user demands cooling. Then the water is reinjected to the 

warm well(s) with a higher temperature. When heating is required, the warm water from 

the warm well(s) is pumped out and then reinjected to the cold well(s) at a lower 

temperature. As an open-loop system, models for ATES generally account for heat and 

mass transfer to examine energy and/or hydrogeological performance. To solve the heat 

and mass transfer in ATES, models often consist of governing equations for fluid flow 

based on Darcy’s law and a governing equation for energy balance. Since the governing 

equations are complex partial differential equations (PDE), they are not solvable by 

analytical methods, unless for drastically simplified problems. Semi-analytical models (CL 

1) may be applied in preliminary design phases, or can be used with limited scope when 

particular simplifications are assumed (Tsang 1983). For most cases, especially for the 

purposes of designing new ATES systems, numerical models (CL 2) are recommended 

(Pinel et al. 2011).  

Semi-analytical models (CL 1) 

As illustrated above, semi-analytical models for analyzing heat and mass transfer in an 

ATES commonly require several assumptions to simplify the problem. In general, these 

models assume that the injection/production well fully-penetrates a homogeneous and 

anisotropic aquifer. The aquifer is assumed to be infinite along the horizontal and has a 
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uniform thickness. Besides, the thermal properties of the aquifer are set to be spatial and 

temporal invariant and temperature independent (Doughty et al. 1982; Li, Yang, and Yeh 

2010; Nordbotten 2017). The models were developed to simulate the temperature 

distribution in an ATES for steady-state flow (Doughty et al. 1982) and/or for transient 

flow (Li et al. 2010). In addition, a part of the “Steady-flow model” developed by 

Doughty et al (1982) was applied in solving the thermal recovery efficiency for ATES 

systems (Bloemendal and Hartog 2018). The thermal recovery efficiency was defined as 

the ratio between extracted and injected thermal energy. As shown in Figure 2-3, the 

model described by Bloemendal and Hartog treated the ATES as a storage cylinder with 

a hydrological volume of Vin, which equaled the yearly injection/extraction volume. To 

solve the thermal recovery efficiency for ATES systems, Bloemendal and Hartog’s model 

only requires the weighted average temperature difference between the extraction and 

injection and the yearly injection volume Vin. The temperature distribution in an ATES 

system was not of interest. 

 
Figure 2-3 The simplified presentation of a thermal and hydrological storage cylinder for an ATES system 

(Bloemendal and Hartog 2018) 

 

Numerical models (CL 2) 

As previously mentioned, numerical models are commonly adopted in designing new 

ATES systems, especially for cases when the effect of groundwater flow and/or 
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buoyancy on the heat and mass transfer of ATES cannot be neglected. Most of the 

numerical models available to simulate ATES systems were originally developed by 

hydrogeologists to analyze groundwater flow and heat transfer in porous media (Lee 

2010). The most commonly adopted models/tools are HST3D (Kipp 1997) using a finite 

difference method (FDM), MODFLOW (Langevin et al. 2017) using an FDM, and 

FEFLOW (DHI Group n.d.) using a FEM. It should be noticed that unlike HST3D and 

FEFLOW, which simulate ground-water flow and heat and solute transport together, 

MODFLOW is a groundwater flow model that only solves ground-water flow. A separate 

modeling and simulation tool, MT3DMS (Bedekar et al. 2016), is required to solve the 

heat/solute transport. The applications of the abovementioned models/tools in 

designing ATES integrated district cooling and/or heating systems can be found in the 

following studies (Abuasbeh, Acuña, and Palm 2018; Calj 2010; Sakaguchi and 

Anbumozhi 2015; Sommer 2015; Sommer et al. 2015; Todorov et al. 2020). These studies 

largely focused on the evaluation of ATES systems, and in all of these studies the district 

heating and/or cooling demand from buildings were treated as predetermined input 

profiles. One of the main reasons for this simplification on the building side is the limited 

capability of these tools to integrate building performance simulation tools (Bozkaya et 

al. 2017). 

In recent years, efforts have been made by researchers from the BPS field to integrated 

ATES models in BPS tools. Tugores et al. (2015) developed an ATES model in Modelica 

based on a one-dimension FVM. The ATES model was coupled with a low-order 

building energy model from the BuildingSystems Modelica library and other models for 

heat production and distribution. The coupled model was applied to analyze the technical 

feasibility of combining an ATES system with an absorption heat transformer to supply 

heating to 50 buildings on the university campus of Berlin-Charlottenburg. Moreover, a 

co-simulation environment was developed using TRNSYS, MATLAB and COMSOL 

(COMSOL Inc. 2019) to dynamically simulate an ATES-integrated building (Bozkaya, Li, 

and Zeiler 2018). The authors implemented the co-simulation environment to analyze 

the impact of the thermal imbalance between building heating and cooling demand on 
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the thermal potential of the ATES. It is worth noting that ATES was modeled as a single 

well configuration in both BPS applications. In other words, the interactions between 

cold and warm wells were not included. 

2.2.3. Modeling heating/cooling generation 

A large variety of energy sources can be applied in a modern district heating/cooling 

system. An overview of the different energy sources and relevant technologies are 

described in Section 1.1.1. To avoid irrelevant information, the review on modeling 

heating and cooling generation was focused on the generation sources that were 

investigated in the case studies, i.e., solar thermal energy through solar collectors and 

industrial waste heat. 

2.2.3.1. Solar thermal collectors 

The application of solar thermal energy in district heating systems is usually in the form 

of large solar collector arrays. The solar thermal collectors can be modeled analytically or 

empirically. The following introduces an analytical model and some empirical models.  

Empirical models (CL 1) 

Empirical models are retrieved from standardized test methods for assessing the thermal 

performance of solar collectors. The most commonly adopted test procedures are 

described in several standards, i.e., the ASHRAE standard ANSI/ASHRAE 93-2010 

(ASHRAE 2010) and the ISO standard 9806:2017 (CEN/TC 312 2017). The latter 

standard replaced a previous European standard EN12975-2:2006 for the testing 

methods of thermal solar systems and components. The collector models vary based on 

the test method. For the collectors that test according to the steady-state test protocol 

(ISO 9806 and ASHRAE 93), the specific useful heat gain rate (the actual extracted 

thermal power per gross area of the collector) is calculated in Equation 2.4: 

�̇� = 𝜂0 ∙ 𝐺 − 𝑎1(𝜗𝑚 − 𝜗𝑎) − 𝑎2(𝜗𝑚 − 𝜗𝑎)2 
Equation 2.4 

where: 
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η0 is the collector efficiency at zero temperature difference between the collector 

and the ambient 

G is the global hemispherical solar irradiance, W/m2 

a1 is the heat loss coefficient at zero temperature difference between the 

collector and the ambient, W/(m2K) 

a2 is the temperature dependence of the heat loss coefficient, W/(m2K2) 

ϑm is the mean temperature of the heat transfer fluid, oC 

ϑa is the ambient temperature, oC 

The model described in Equation 2.4 assumes that the solar radiation incidence is nearly 

normal, and therefore the incidence angle modification is not included. Moreover, the 

test condition stipulates that the wind speed should be within the range of 2-4 m/s, and 

thus the wind speed effect is also excluded. It should be noticed that this model is only 

suitable for glazed collectors. The quadratic coefficient a2 equals zero according to 

ASHRAE standard 93, and thus the model could be also applied for unglazed collectors. 

A more comprehensive collector model described in ISO 9806 is presented in Equation 

2.5: 

�̇� = 𝜂0,𝑏 ∙ 𝐾𝑏(𝜃𝐿 , 𝜃𝑇) ∙ 𝐺𝑏 + 𝜂0,𝑏 ∙ 𝐾𝜃𝑑 ∙ 𝐺𝑑 − 𝑐1 ∙ 𝑢 ∙ 𝐺 − 𝑐1 ∙ (𝜗𝑚 − 𝜗𝑎)

− 𝑐2 ∙ (𝜗𝑚 − 𝜗𝑎)2 − 𝑐3 ∙ 𝑢 ∙ (𝜗𝑚 − 𝜗𝑎) + 𝑐4

∙ (𝐸𝐿 − 𝜎 ∙ 𝑇𝑎
4) − 𝑐5

𝑑𝜗𝑚

𝑑𝑡
 

Equation 2.5 

where: 

η0,b is the maximum collector efficiency based on beam radiation 

Gb is the direct (beam) radiation, W/m2 

Gd is the diffuse radiation, W/m2 

c1 is the heat loss coefficient at zero temperature difference between the 

collector and the ambient, W/(m2K) 

c2 is the temperature dependence of the heat loss coefficient, W/(m2K2) 
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c3 is the wind speed dependence of the heat loss coefficient, J/(m3K) 

c4 is the long wave irradiance dependence of the heat loss coefficient 

c5 is the effective thermal capacitance, J/(m2K) 

c6 is the wind speed dependence of the zero-loss efficiency, s/m 

Kb(ϑL,ϑT) is the incidence angle modifier (IAM) for beam radiation 

Kϑd is the IAM for diffuse radiation 

EL is the long wave irradiance (λ > 3 µm), W/m2 

Ta is the ambient temperature, K 

The collector model based on the quasi-dynamic test method can be applied on both 

glazed and unglazed collectors. The heat loss coefficients are identified by applying a 

multiple linear regression (MLR) on the measured data. 

These models share the common strengths and weaknesses of empirical modeling 

approaches. The empirical models are capable of accurately representing collectors even 

with complex shape and geometry, such as evacuated tube collectors. However, the 

derived models are only accurate for the specific collector and cannot be applied to other 

collector types (CIBSE 2015). 

Analytical model (CL 2) 

CIBSE AM11 (2015) describes an analytical model specifically for flat-plate solar 

collectors. The useful heat gain Qu (in Watts) is given by: 

𝑄𝑢 = 𝐴𝑎𝑏𝑠𝑆 − 𝐴𝑐𝑈𝐿(𝑇𝑚 − 𝑇𝑎) 
Equation 2.6 

where: 

Aabs is the area of the absorber, m2 

Ac is the area of the collector, m2 

S is the absorbed solar irradiance, W/m2 
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UL is the overall U-value of the collector, W/(m2K) 

Tm is the mean temperature of the heat transfer fluid, K 

Since flat plate solar collectors have one or more layers of glass covers above the absorber, 

the absorbed solar irradiance S cannot be simply treated as the total solar radiation (the 

sum of direct/beam solar radiation, diffuse solar radiation and the solar radiation 

reflected from the surroundings) corrected to the normal of the collector. S should be 

further corrected to account for the transmittance of the glass cover τ and the 

absorptance of the absorber α. The correction is done by multiplying the (τα) product by 

the three solar irradiance terms. The overall collector U-value UL consists of three 

components, accounting for the heat losses through the top, edge and the back of a 

collector. The mathematical equations to calculate UL are given in (CIBSE 2015). 

2.2.3.2. Industrial waste heat 

As illustrated in Section 1.1.1, several heat sources regarding industrial waste heat (IWH) 

can be recovered to supply space heating and/or domestic hot water in DH systems. The 

heat sources vary in temperature from hot flue gases or electric induction at more than 

400 oC to low-temperature (lower than 100 oC) industrial processes such as food 

preparation and refrigeration exhaust from chillers (Church 2015; Sipilä 2016). Since the 

waste heat sources cover a large variety of industries with an even greater number of 

processes, it is usually not practical to model the entire industrial process for the 

application of IWH in DH systems. Industrial waste heat is often described as hot fluid 

with a constant temperature and a constant flow rate (Fang et al. 2013; Guo et al. 2017; 

Woolley, Luo, and Simeone 2018; Xia, Zhu, and Jiang 2016; Ziemele et al. 2018). 

However, the temperature of the heat carrier from industrial processes could fluctuate 

greatly in reality, as shown for the example of IWH from the slag-flushing process in a 

steel plant by the solid line in Figure 2-4. The slag-flushing water temperature varied from 

50 oC to 75 oC. In the particular application, the assumption of a constant temperature 

and flow rate was still valid due to the actual delivery temperature was controlled by 

boilers. In addition, the delivery temperature was stabilized due to the thermal inertia of 
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the large DH system (serving 3.2 million m2 heating area in 2015) (Li et al. 2016). As such, 

the assumption of the IWH source as a stable input should be implemented with caution 

for cases when IWH are directly connected to the other subsystems and/or when the 

DH network is small. 

 
Figure 2-4 Temperature of the slag-flushing water from blast furnace on 15th of February 2015 (Li et al. 2016) 

2.3. Concluding remarks 

This chapter provides an overview of simulation tools and models for designing DHC 

systems. Dynamic simulation tools are of interest in this research since they are most 

suitable for use in a smaller spatial scope (community level) than the energy planning 

tools. A literature review on modeling the main subsystems in a STES integrated DHC 

system was presented in Section 2.2. The models for each subsystem vary greatly in 

complexity levels. Choosing a fit-for-purpose model can be a great challenge. In addition, 

to execute the simulation, different models may require different tools which are difficult 

or even impossible to couple together.
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Chapter 3 Quality assurance of 

modeling and simulation in the 

design phase 

Quality Assurance (QA) is of the utmost importance in modeling and simulation tasks, which is also 

true for building performance simulation studies. Verification and validation of building performance 

simulation tools are an important aspect of QA for building performance simulation (BPS). The following 

sections examine the state-of-the-art of Validation, Verification, and Testing (VV&T) techniques in 

the BPS field for the purposes of quality assurance of a modeling and simulation task. Challenges, 

requirements, and limitations are then identified.  

 

3.1. Quality assurance in modeling and simulation in general 

When we try to solve a problem with modeling and simulation (M&S), we first need to 

abstract the real-world problem into a model, and then implement simulation experiments to 

repeat the observations of the model. Analysis of the observations then takes place with 

the aim of drawing conclusions and making decisions to solve the real-world problem in 

question. Although a scientific method, M&S can be understood as including the art of 

collecting data/information based on users’ incomplete knowledge of a real-world system 

and prediction of the behaviors of the system to solve a problem. The art of M&S 

includes selecting the right data sets, choosing the right methods and technologies to 

format data and transforming them into a model for further investigation. It is a highly 

creative process that requires extensive background knowledge and skills (Thalheim 

2012). Modeling often requires users’ ingenuity in order to overcome potential pitfalls 
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that may arise in any phase of a simulation study, thereby threatening the success of the 

simulation study. As such, quality assurance for each phase is the key to a successful study 

using M&S. 

Quality assurance is a term applied in many disciplines and thus has different definitions. 

In general, QA refers to a standardized method to provide confidence that a product or 

service fulfills the customers’ requirements. In terms of M&S, QA is defined as “the 

procedural and operational framework put in place by the organization managing the 

modeling study, to assure technically and scientifically adequate execution of all project 

tasks included in the study, and to assure that all modeling-based analysis is reproducible 

and defensible(National Research Council 1990)”(National Research Council 1990). QA 

is crucial to all phases of a simulation study (Van der Heijde and Elnawawy 1992)(Van 

der Heijde and Elnawawy 1992), from identification of relevant design aspects from the 

real-world problem under investigation to model development and implementation, 

ending in results interpretation and decision making. In other words, it is likely even more 

important to implement validation, verification and testing techniques from the first step 

of an M&S task, which is problem formulation, to ensure the following phases of the 

M&S task address the right question. 

The definition of validation, verification, and testing are explained as follows. Sargent 

(1979) defined verification as the process of determining if “the simulation model behave[s] 

as a model builder believes”. Verification ensures that the transformation process from 

one form to another is within sufficiency accuracy. A verified model/tool indicates that 

the model/tool can correctly produce a solution for the mathematical equations 

described in the developer’s conceptual model. Verification deals with “building the 

model right” (Boehm 1981) but it does not ensure a correct and accurate representation 

of the real world. Validation is defined as the process of determining if “the simulation 

model adequately represent the system for the objective(s) it was developed” (Sargent 

1979) In contrast with verification, model validation deals with “building the right model” 

(Boehm 1981). The process of performing verification and validation is called testing 

(Balci 1994) In this research we refer to the whole validation, verification and testing 
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processes as VV&T. It is worth noting that the VV&T processes are not one-way actions, 

but are rather based on comparisons (Petty 2010) and may lead to a return to an earlier 

phase if any error is detected.  

3.2. State-of-the-art of validation, verification and testing 

techniques in building performance simulation  

3.2.1. Introduction of building performance simulation 

Building Performance Simulation (BPS) has played an important role in building design 

since it was first implemented in around 1960s. BPS has been around almost as long as 

personal computers, and as the power of computers has grown so has the power of BPS. 

It is now fast becoming a powerful tool in analyzing physical processes in buildings. In 

the early work, the main utilization of BPS focused on simple calculations, such as 

psychrometric calculations, heating and cooling load calculations and simple energy 

analysis for systems and equipment (Kusuda 1999). Thanks to the development of 

computational techniques in both software and hardware, BPS is gaining the power to 

undertake increasingly complex tasks. Over time, BPS tools have integrated theories from 

diverse domains including physics, mathematics, material science, biophysics and human 

behavioral, environmental and computational sciences (Hensen and Lamberts 2011). 

BPS has become a technology that provides the possibility to quantifiably compare 

proposed design options and to explore operational robustness at the design stage. 

Although the current generation of BPS tools has the ability to undertake non-trivial tasks, 

they are still significant improvements to be made. Enormous extra potential of BPS is 

yet to be recognized. The requirements of high-integrity BPS should include the 

availability of parameterizing models to fit-for-purpose describing problems, the 

capability of readily exchanged and understood models on a task basis, the possibility of 

supporting the detailed representation of multi-domain interactions where indicated 

(Clarke 2015). 

3.2.2. VV&T in BPS 
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The last two decades have witnessed a growing interest in quality assurance (QA) of 

building performance simulation (Donn 1999; Hensen 2012). Verification and validation 

of BPS tools are an important part in the QA of BPS (Hensen et al. 2004). Great 

contributions have been made to establish standardized procedures to validate and verify 

BPS tools. One of the early projects is the PASSYS project formed by the commission 

of the European Communities in 1986 (Jensen 1995). The PASSYS project proposed a 

methodology for validating a single physical process and the whole model to increase 

confidence in modeling passive solar heating systems. The principle of PASSYS 

methodology is illustrated in Figure 3-1. Another widely adopted validation methodology 

is the Building Energy Simulation Test (also known as BESTEST) and Diagnostic 

Method conducted by International Energy Agency (IEA). The project aimed to develop 

practical implementation procedures and data for an overall IEA validation methodology 

for building envelopes (Judkoff and Neymark 1995). On the basis of IEA BESTEST, 

several research projects developed or improved methodologies for validating BPS tools. 

Some examples are listed below. The ANSI/ASHRAE Standard 140 was the first 

standard in the world that described a method for testing building energy simulation tools 

(ASHRAE 2001). Joint efforts from a working group of experts under IEA Solar Heating 

and Cooling (SHC) Programme Task 34 and IEA Energy Conservation in Buildings and 

Community Systems (ECBCS) Programme Annex 43 contributed to an extension of 

multi-zone non-airflow test cases to the IEA BESTEST (Neymark and Judkoff 2008). 
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Figure 3-1 The PASSYS validation methodology for component and whole model validation (Jensen 1995) 

The following provides an overview of VV&T techniques in the BPS field. As previously 

mentioned, the QA of BPS is mostly focused on the correctness of models and tools at 

present. Therefore, the VV&T techniques for evaluating the accuracy of BPS tools are 

presented. VV&T techniques that are commonly adopted in BPS can be categorized into 

the following three types: analytical verification, comparative testing and empirical 

validation (Judkoff and Neymark 2006; Judkoff, Wortman, and Burch 1983; Ryan and 

Sanquist 2012). 

3.2.2.1. Analytical verification 

Analytical verification tests numerical solutions. In analytical verification, outputs from a 

program, subroutine, algorithm, or software object are compared to results from a known 

analytical solution or a generally accepted numerical method for isolated heat transfer 

under very simple, highly constrained boundary conditions (Judkoff et al. 2008). Such 

assumptions could be that thermal conduction in a wall is one-dimensional, or the air in 

a thermal zone is isothermal. Analytical verification is useful in detecting major errors in 

code. The main disadvantage of analytical verification is that it can only be applied to 

very simplified cases for which the analytical solutions can be derived. Besides, most of 
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the BPS tools contain assumptions of parameters that are not explicit to users. Therefore, 

it is difficult to ensure that the settings of parameters are exactly the same between BPS 

tools and analytical solutions. This disadvantage limits the application of analytical 

verification technology to the initial development of individual building energy model 

components. Thus, it provides little help in validating the overall model for building 

performance simulation studies. 

3.2.2.2. Comparative testing 

Comparative testing, also referred as intermodal comparison (Lomas et al. 1997) and code-

to-code comparisons (Judkoff, Wortman, and Burch 1982), is a VV&T technique that 

compares calculated results from a program to itself or to other programs. Comparative 

testing does not require data from a real building and thus inputs can be fully controllable 

and external errors can be easily eliminated. However, due to the lack of data from the 

real world, results from comparative testing may most likely be reliable if several 

simulations based on totally different modeling methods agree with each other. 

3.2.2.3. Empirical Validation 

In empirical validation, calculated results from a program, subroutine, algorithm, or 

software object are compared to monitored data from a real building, test cell, or 

laboratory experiment. A typical empirical validation process (as illustrated in Figure 3-2) 

is structured in the following steps: defining the purpose to select the type of component 

and a model with an appropriate level of detail, developing a physical experimental plan 

and implementing on-site, processing the measurements, performing simulation, 

analyzing results including uncertainty assessment on both measurements and 

predictions. Empirical validation is a powerful methodology to identify poorly performed 

simulation tools. However, the process can be complicated because uncertainties exist in 

both measurements and simulation tools/algorithms themselves. To address these 

complications and improve accuracy and controlled level of measurements, data has to 

reach an extremely high level of detail, which is normally expensive, time consuming and 
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technically complex. Furthermore, most software implementations have internal 

assumptions that are not explicit to users. 

 
Figure 3-2 A typical structure of the empirical validation methodology (Jensen 1995) 

Calibrated simulation 

In case an error is identified through the evaluation of the accuracy of BPS tools/models, 

specifically when implementing the empirical validation technique, the calibrated simulation 

technique can be adopted to improve model validity and reduce discrepancy with reality. 



Page | 48 
 

This technique applies changes in various parameters to an existing tool/model so that 

the amended model predictions closely match the observations of the real-world system. 

The typical purposes of using calibrated simulation are as follows: 

• To bridge the gap between the environmental-controlled test cell and the more 

complex real-world issues (Clarke, Strachan, and Pernot 1993). 

• To provide building management services with optimal control strategies (Tian 

and Love 2009) and implementing model predictive control algorithm (Hilliard 

et al. 2016). 

• To determine energy savings due to the implementation of energy conservation 

measures (ECMs) (ANSI/ASHRAE 2002) 

Calibration techniques 

The techniques of calibrated simulation mainly fall into one of the four categories as 

proposed by Clarke et al. (1993) and refined by Reddy (2006):  

• Calibration techniques based on manual, iterative, and pragmatic 

intervention. This category includes trial and error approaches that manually tune 

parameters largely based on users’ knowledge of the investigated building and/or 

system. The calibration is performed iteratively for either the whole simulation 

period (normally a year) or a short tuning period (one month in the hot period, 

one month in the cold period and one month in between is recommended) 

(Kaplan et al. 1990; Koran, Kaplan, and Steele 1992). Simple monthly or diurnal 

time-series plots (as shown in Figure 3-3) are commonly adopted to compare 

measured and simulated performance to determine if any error occurs (Reddy 

2006). 
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(a) (b) 

Figure 3-3 Example of a monthly (a) and a diurnal (b) time-series plot for comparing measurements and 

simulations in calibrated simulation (Pedrini, Westphal, and Lamberts 2002) 

• Calibration techniques through a suite of informative graphical comparative 

displays. For the simple two-dimensional scatter plots and time-series plots, 

information can be overwhelming if too many data points are presented at the 

same time. Some comprehensive and informative graphical techniques can be 

helpful in highlighting the differences in the comparison between measurements 

and predictions. The common plots include scatter plots (ANSI/ASHRAE 

2002), carpet plots (Raftery and Keane 2011), three-dimensional comparative 

plots (ANSI/ASHRAE 2002; Haberl and Abbas 1998a), boxplots 

(ANSI/ASHRAE 2002; Haberl and Abbas 1998b). Another comparative 

graphical technique is calibration signature, developed by Wei et al. (1998) and 

further modified by Claridge et al. (2003). It is defined as a normalized plot of 

the difference between measurements and predictions over a specific 

temperature range. Figure 3-4 depicts an example of a calibration signature. The 

calibration signature would show a horizontal line at 0% if the simulation is 

perfectly calibrated to match the measurements. 
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Figure 3-4 Example of a calibration signature (Fabrizio and Monetti 2015) 

• Calibration technologies based on special tests and analytical procedures. 

This category of calibration technologies is based on analytical and test 

procedures to isolate individual energy flows. The period for monitoring energy 

flows can be short-term (a couple of days) or long-term (a few weeks to a few 

months) according to different techniques. Techniques include the intrusive blink-

test, in which groups of end-use loads are switched on and off in a planned 

sequence for three to five days (Manke, Hittle, and Hancock 1996). The whole 

monitoring period of the blink-test varies from a few weeks (Soebarto 1997) to 

a couple of months (Shonder, Hughes, and Thornton 1998) according to 

building types. Short-term energy monitoring test refers to a test protocol to 

systematically gather measurements and analyze the difference between the 

measurements and simulation results. The test protocol consists of a co-heating 

period when building indoor temperature is kept constant by a highly-controlled 

system to estimate heat losses through building envelope, and a cool-down 

period when the temperature is free-floating to estimate the effective thermal 

time constant of the tested building (Manke et al. 1996; Subbarao 1988). The 

short-term energy monitoring test and the intrusive blink-test can be combined 

in calibrated simulation studies (Soebarto 1997). 
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• Calibration technologies based on automatic procedures with analytical and 

mathematical methods. The previous three categories of calibration 

technologies are mainly done manually by users, which can be expensive and 

time-consuming, and the performance of calibration is largely dependent on the 

users’ experience and knowledge. This category of calibration technologies 

includes all approaches that are conducted in an automatic manner. The two 

main groups of methods that fall into this category are optimization-based 

technologies and alternative modeling approaches. Typical optimization-based 

technologies applied in the calibrated simulation in building energy modeling 

studies include optimization using quite widely adopted genetic algorithms (GA) 

(Chantrelle et al. 2011; Lu et al. 2015; Ramos Ruiz and Fernández Bandera 2017), 

a relatively new evolutionary optimization technique named particle swarm 

optimization algorithms (PSO) (Delgarm et al. 2016; Zhang, Yuan, and Cheng 2019), 

optimization through machine learning methods (New et al. 2018; Sanyal et al. 2014), 

Bayesian calibration (Heo, Choudhary, and Augenbroe 2012; Manfren, Aste, and 

Moshksar 2013; Muehleisen and Bergerson 2016), etc. Besides physical models, 

alternative modeling approaches such as Artificial Neural Network (ANN) (Neto 

and Fiorelli 2008; Roldán-Blay et al. 2013)and Meta-Modeling techniques 

(Eisenhower et al. 2012; Manfren et al. 2013) are also explored by researchers to 

predict building energy consumption. Both ANN and Meta-modeling techniques 

aim to reduce a detailed building energy model to a simple mathematical model. 

The two alternative modeling approaches are often combined with optimization-

based technologies in what requires much fewer input parameters and 

computational time, and thus often leads to efficient optimization results. In 

addition, the lower number of parameters is often key to achieving a successful 

optimization of a design (Eisenhower et al. 2012). 

Statistical indices 

To quantify how the predictions of the models deviate from the measurements, proper 

statistical indices should be applied. Commonly, the mean bias error (MBE) and the 
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coefficient of variation of the root-mean-square error (Cv(RMSE)) are used in calibrating 

building energy models (ANSI/ASHRAE 2002; IPMVP New Construction 

Subcommittee 2003). MBE is calculated as the sum of the difference between the 

measurements and simulated data at the simulated time intervals. 

MBE = 

∑ (𝑦𝑠𝑖𝑚,𝑖 − 𝑦𝑚𝑒𝑎,𝑖)𝑛
𝑖=1

𝑛 − 𝑝

∑ y
mea,i

n
i=1

 

Equation 3.1 

 

where: 

ysim,i is the simulated data point at the time interval i 

ymea,i is the measured data point at the time interval i 

n is the number of data points, e.g., n=12 if is used for monthly calibration 

p number of regression parameters 

MBE should be interpreted with caution since positive and negative errors will cancel 

each other out. Therefore, the Cv(RMSE) is introduced to assist the assessment. The 

root-mean-square error (RMSE) or root-mean-square deviation (RMSD) represents the 

quadratic mean of the differences between the measurements and simulated data. The 

Cv(RMSE) is the RMSE normalized by the mean value of the measurements. The 

Cv(RMSE) is calculated as shown in Equation 3.2 and Equation 3.3 

RMSE = √
∑ (y

sim,i
-y

mea,i
)

2
n
i=1

n
  

Equation 3.2 

Cv(RMSE) = 
RMSE

y̅
mea

  Equation 3.3 

where: 

ȳmea is the mean value of the measurements 

n is the number of data points 

The limit threshold is defined slightly differently among standards/protocols (Fabrizio 

and Monetti 2015). Table 3-1 lists the threshold limits regulated in ASHRAE Guideline 
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14 (ANSI/ASHRAE 2002) and International Performance Measurements and 

Verification Protocol (IPMVP New Construction Subcommittee 2003). 

Table 3-1 Threshold of statistical indices for calibrating building energy models 

Indices 

Standards 

Hourly calibration Monthly calibration 

MBE Cv(RMSE) MBE Cv(RMSE) 

ASHRAE Guideline 

14 

±10% 30% ±5% 15% 

IPMVP ±5% 20% ±20% - 

3.2.3. Current issues in QA of BPS 

In addition to verifying and validating BPS tools, QA of BPS should also ensure that an 

intended simulation study is adequate for a certain purpose. The Chartered Institution of 

Building Services Engineers (CIBSE) recommends the QA of BPS should include that 

the M&S task is carried out by the right tool with best-practice methods and procedures 

and should be auditable and repeatable (Parand 2015). However, systematic verification 

and validation procedures for testing the whole life cycle of a simulation study are seldom 

employed in the BPS field (Donn 1999). The majority of the verification and validation 

applications in the BPS field focus on the programed model phase (Hensen and Lamberts 

2019). Besides, validation and verification are sometimes not well distinguished when 

applied in BPS research (Fumo 2014). Since QA is of utmost importance in any modeling 

and simulation task from any domain, it is worth investigating and learning from other 

fields. This research, therefore, aims to introduce a systematic simulation procedure 

which embeds verification, validation and testing (VV&T) techniques from other 

disciplines into the field of BPS. As described in Section 1.1.3, the VV&T embedded 

M&S procedure developed by Balci (1990) was selected. 

3.3. Applying a VV&T embedded simulation procedure from the 

field of operations research 

As previously mentioned, VV&T techniques are crucial and should be continuously 

employed over all processes of an M&S task to ensure the quality of the whole M&S task. 
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Such an elaborate VV&T procedure is presented in Figure 3-5 according to Balci (1990). 

The life cycle of a simulation study is composed of 10 phases, 10 processes and 13 

credibility assessment stages. Shaded round-corner rectangles represent the phases in the 

life cycle. The ten phases can be categorized into three groups. The problem definition phases 

include the first four phases from communicated problem to system and objective 

definition. The model development phases consist of the circular set of activities in the life 

cycle. The decision support phases are composed of the simulation results phase and 

integrated decision support phase. The processes, representing the relationship between 

phases, are depicted in dashed arrows. The solid arrows refer to the credibility assessment 

stages where VV&T activities take place. It is worth noting that the direction of the dashed 

arrows should not be interpreted as an indicator of strictly sequential processes. It rather 

implies the direction of the development in the life cycle of a simulation study. Any 

quality deficiency detected by a VV&T activity can lead to a return to an earlier phase or 

even the need to start anew. The following provides an overview of the processes and 

the credibility assessment stages. The corresponding VV&T techniques and how they are 

relevant to this research are also introduced.  

3.3.1. Problem definition phases and related VV&T techniques 

3.3.1.1. Problem formulation 

Normally, studies are initiated by a decision maker and the problem is communicated to 

an analyst (problem solver/consultant/researcher) for further investigation. However, 

the communicated problem is rarely specific enough for the analyst to start working on 

a solution. Therefore, the immediate first step is problem formulation to reorganize the 

problem by identifying the root causes, define possible design options and decision 

makers along with their objectives, constraints and reactions. Along with the process of 

problem formulation, several VV&T techniques can be applied to assure the right question 

is to be answered. The corresponding VV&T techniques are audit, cause-effect graphing, 

desk checking, face validation, inspections, reviews and walkthroughs (Balci 1998). 

VV&T techniques such as inspections, walkthroughs and reviews have similar processes 
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with slightly different focuses. Inspections and walkthroughs concentrate on correctness 

assessment whereas the review is a higher-level technique and focuses on ascertaining the 

tolerable levels of quality. In this research, the three similar techniques are implemented 

through monthly progress presentations to supervisors and colleagues. In the formulated 

problem VV&T stage, cause-effect graphing is used to identify the potential root causes 

of the communicated problem and identify possible design aspects regarding the root 

causes. An example of applying the cause-effect graphing technique is depicted in Figure 

3-6. Face validation is used to present the products to people knowledgeable about the 

system under study. In this research, face validation is realized through meetings that 

involve industrial and academic partners.  



Page | 56 
 

 
Figure 3-5 Validation, verification and testing processes in the life cycle of a simulation study (Balci 1990) 
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Figure 3-6 Applying the cause-effect graphing technique in the Chifeng case to identify possible design 

aspects of the investigated problem 

3.3.1.2. Investigation of solution techniques 

Once a problem is clearly formulated, an investigation of all alternative solution techniques 

should be conducted to solve the formulated problem. It should be emphasized that the 

solution techniques refer to the methods, and should be distinguished from the 

solution/techniques regarding the design aspects. Such solution techniques can be rule 

of thumb methods, analytical solutions, experimental methods, modeling and simulation 

methods, etc. Advantages and disadvantages of all possible solution techniques have to 

be weighed against each other to find the best solution techniques. Among all the 

qualified solution techniques, the analyst should select the one with the highest benefits-

cost ratio. It is crucial that the selected solution technique is approved by decision makers. 

Along with the process of the investigation of solution techniques, the feasibility assessment 

of simulation is conducted to ensure the high quality of the M&S task. All the VV&T 

techniques used in the formulated problem VV&T stage except for cause-effect graphing 

can be applied in the same way in this credibility assessment stage. Here, we assume that 

simulation is the selected solution technique resulting from the investigating process and 
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it has passed the feasibility assessment. The following processes in the life cycle of a 

simulation study are then to be initiated. 

3.3.1.3. System investigation 

Before formulating a model (set), the characteristic of the system should be investigated. 

Here system is defined as the entity that contains the formulated problem. According to 

Balci’s VV&T procedure (1990), six major system characteristics are defined, namely: (1) 

change, (2) environment, (3) counterintuitive behavior, (4) drift to low performance, (5) 

interdependency, and (6) organization. The definition of each characteristic is described 

extensively in the literature and so will not be detailed here. The following explains what 

the system characteristics mean in the BPS field. The change relates to the dynamics of the 

investigated system. In other words, if the system schematic will be different over a 

period of time. For example, for a STES integrated DHC system, the heating and/or 

cooling supply sources may be different between seasons. Or, for occupant behavior, the 

presence of occupants can change over time. The environment refers to all the inputs that 

significantly influence the system. It can be the patterns that the fluctuation of 

temperature of the heating/cooling source or occupancy presence in the building. 

Apparently, change and environment are often related with each other in the BPS field. 

In addition, it is common that the influence of the inputs on the system is not clear in 

the beginning of the M&S task. Therefore, it is essential to investigate the frequency and 

the magnitude of the changes (in environment), which may greatly influence the model 

formulation. The counterintuitive behaviors of a system are of more significance than the 

behaviors of the system that are known. Systems with counterintuitive behaviors have to 

be represented by a black-box model or other forms of mathematical models. Most of 

the models in the BPS field are white-box models based on physics, where system 

behaviors are completely understood. The counterintuitive behavior of system in BPS 

may be relevant for agent-based occupant behavior models or data-driven models for 

building energy. The drift to low performance characteristic is normally not considered in 

building energy modeling and simulation tasks. However, if economic aspects are 

considered, e.g., global costs and/or operating costs are selected as performance 
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indicators, then the deterioration of system components is incorporated in the analysis 

as maintenance costs for repair or to replace the components. The interdependency and 

organization characteristics of the system should be examined to determine if it is necessary 

to decompose the system into several subsystems. The previously stated system 

characteristics can then be examined on a subsystem level to decrease the complexity of 

the investigated system and save effort in the system investigation process. The VV&T 

techniques that can be applied in the credibility assessment of this process are the same 

as the stage of feasibility assessment of simulation, which are audit, desk checking, face 

validation, inspections, reviews and walkthroughs. 

3.3.2. Model development phases and related VV&T techniques 

The model development phases contain all activities depicted in the circle in Figure 3-5, 

from system and objectives definition to experimental model. Six credibility assessment 

stages are included, namely model qualification, communicative model VV&T, 

programmed model VV&T, experiment design VV&T, data VV&T, and experimental 

model VV&T. It is noteworthy that unlike the relationship between the credibility 

assessment stages and problem definition phases, the credibility assessment stages in the 

model development phases do not correspond one-to-one to the processes in the life 

cycle. The credibility assessment stages in the model development phases are more 

tedious and stretch across several processes. Therefore, it is essential to follow a 

structured approach to guide the credibility assessment stages in the model development 

phases. The main concept behind the use of a structured approach is to control model 

complexity to ensure the credibility of the entire model development processes (Balci 

1998). Several structured approaches, also refer to modeling methodologies, were 

reviewed by Nance (1994) in terms of their contributions to the model development 

processes. The comparison among the early approaches is depicted in Figure 3-7. The 

early approaches, prior to 1981, are mainly related to modeling activities in software 

engineering and programming. In addition, the early approaches only contribute to a part 

of the model development phases. However, to achieve a successful M&S task, especially 

for large and complex models, a structured approach that is capable of covering all model 
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development phases is of great importance. In operations research, the conical 

methodology undertakes this responsibility and emphasizes simulation model 

documentation (Nance 1987). The conical methodology is especially useful for the 

development and deployment of new models. Fortunately, however, in the BPS field 

many models have already been successfully developed, so there is no call for the conical 

methodology to be used for this end. The VV&T techniques described in section 3.2.2 

are extremely helpful in ensuring the correctness of the developed models/tools. But 

unfortunately, in the BPS field, little guidance is available to determine which model 

should be selected for what purpose. 

3.3.3. Decision support phases and related VV&T techniques 

The decision support phases consist of the simulation results phase and the integrated 

decision support phase. The simulation results are interpreted by analysts and presented 

to the decision makers. VV&T techniques for presenting results are required to justify 

the interpretation and communication of the simulation results as having sufficient 

accuracy. The VV&T techniques recommended by Balci are informal VV&T techniques, 

including audit, consistency checking, desk checking, face validation, inspections, reviews, 

and walkthroughs (Balci 1994). These VV&T techniques, as illustrated through a few 

application examples in section 3.3.1, heavily rely on human sources and subjectivity. 

Therefore, visual aid would be particularly beneficial in communication with decision 

makers. Specially for the BPS field, the simulation results are generally in a time series, 

which are not easy to present. In addition, if uncertainties and confidence levels are to be 

included in the analysis, which should be the case, the presentation of results is even more 

challenging. The informative graphical comparative display techniques, originally 

developed for calibrated simulation, can be implemented to ensure an effective 

interpretation of the simulation results to the non-modelers. 

3.4. Concluding remarks 

Quality Assurance (QA) is of utmost importance in modeling and simulation tasks. The 

QA activities in M&S tasks include a variety of validation, verification and testing (VV&T) 
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techniques. Many researchers have revealed that VV&T processes should be conducted 

throughout the entire M&S life cycle. It is crucial to start employing VV&T in the very 

first step of an M&S task, which is the problem formulation. Without a very well-

formulated problem, the M&S task may end up answering a wrong question even though 

the simulation results have sufficient accuracy. 

In regarding the BPS field, QA has become a topic of growing interest in the last two 

decades. VV&T techniques in the BPS field are reviewed in this chapter. The most 

commonly adopted VV&T techniques are analytical verification, comparative testing, and 

empirical validation. Calibration techniques and relevant statistical indices for calibrated 

simulation and are also illustrated as an extension of the empirical validation technique. 

It is very unfortunate that most of the current VV&T techniques in the BPS field focus 

on the correctness of models and/or tools, because this focus neglects to pay sufficient 

attention to the whole life cycle of the modelling and simulation study. In addition, it is 

still common to not report uncertainties or confidence levels in the simulation results. 

There is a clear need for an orderly procedure for the whole life cycle QA in the BPS 

field. 

To accommodate this necessity, a systematic procedure embedding verification, 

validation and testing (VV&T) techniques from operations research is introduced in this 

research. The processes, phases, and credibility assessment stages are illustrated through 

a life cycle of a simulation study. The corresponding VV&T techniques and how they 

can be implemented in the BPS field are described. The informal VV&T techniques, 

which heavily rely on human sources and subjectivity, can easily be applied in the problem 

definition phases and decision support phases in the BPS field. However, when reviewing 

the VV&T techniques for the model development phases and exploring their applicability 

in the BPS field, a lack of a structured approach in determining model complexity is 

discovered. Several structured approaches (modeling methodologies) are available in the 

field of software engineering and operations research. They are helpful in new model 

development rather than existing models. Unfortunately, the latter application is more 

common in the BPS field. In short, the problem definition phases and decision support 
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phases of Balci’s VV&T procedure could be directly applied in this research; an approach 

to select model complexity in design optimization of STES integrated DHC system was 

yet missing. Such an approach was proposed by this research and the development of the 

approach is described in Chapter 4. 
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Figure 3-7 The coverage of early modeling methodologies in the model development phases (Nance 1994). SPLs: Simulation Programming Languages, SSLs: 

System Specific Languages, EAS: Entity Attribute Set 
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Chapter 4 The developed modeling 

and simulation approach to choose 

model complexity for DHC in the 

design phase 

Validation and verification are crucial in modeling and simulation studies for quality assurance. 

Therefore, one of the objectives of this research is to investigate the applicability of applying a modeling 

and simulation validation, verification and testing (VV&T) procedure from a different discipline. The 

investigated procedure was proposed by Balci for the field of operation research. When applying the 

procedure to this research, a challenge emerged; there is no structured approach to identify the most 

appropriate model complexity. Therefore, an approach to select model complexity in the design 

optimization of a STES integrated DHC system is proposed in this chapter. 

 

4.1. Overview of the approach 

A modeling and simulation approach is developed to select model complexity in the 

design optimization of a STES integrated DHC system. The approach is meant to extend 

the VV&T procedure by integrating an approach to select a fit-for-purpose model. 

The developed approach for selecting a fit-for-purpose model is presented symbolically 

through a flowchart in Figure 4-1. The definition of the symbols follows the guideline 

stated in ISO 5807 (International Organization for Standardization 1985). An oval shape 

indicates the start or end of the entire process. A rectangular shape 

represents a normal process. A diamond shape shows a decision under 
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certain conditions. A parallelogram indicates data input and output for a 

process. A database is represented by a cylinder. A rectangular with double-

struck vertical edges indicates a subprocess that represents a sequence of 

actions embedded within a larger process. The solid arrows describe the 

sequence of the processes. The dashed arrows refer to external data 

requirements. 

The developed approach is applied after the system investigation process defined in 

Balci’s VV&T procedure. The developed approach can be divided into three steps. In 

Step 1, the initial settings for a modeling and simulation study are set according to the 

previously defined problem. First, several design options are defined for the investigated 

system according to the problem recognized by a decision maker. Constraints, 

requirements and performance indicators (PIs) are derived from the system and 

objectives definition phase. The constraint here can be seen as related to some limitation. 

The limitation may be from lack of information at the time when the simulation study is 

conducted. This information is used to determine the minimum model complexities from 

the database of available models. Next, parameter values are gathered in order to execute 

the selected model(s). Step 1 is described further in detail in Section 4.2 through a case 

study. 
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Figure 4-1 A structured approach to choose model complexity in the design optimization of STES integrated 

DHC systems 
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Figure 4-2 The structure of STEP 3 to analyze the influence of interactions among subsystems on decision 

making 

Step 2, described in Section 4.3 states the processes of determining model complexity 

for each subsystem of the investigated system. This is an iterative step. This step can be 
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further separated in two paths as illustrated by the doted box Step 2A and Step 2B in 

Figure 4-1. Step 2A represents the processes when the simplest model(s) is sufficient 

enough to make efficient decisions. This path starts with the parameters and inputs 

gathered from Step 2A-I. The first process of Step 2A is to check if all the parameter 

values are known and confidence in the value can be assumed for the subsystem m. If 

the answer is yes, then a simulation experiment can be set up and executed (II). 

Otherwise, high-low values for the uncertain parameters are applied (III). The high-low 

values are determined according to either literature or real-world experience. The 

uncertain parameters and inputs are examined one-factor-at-a-time (OFAT). The rest 

remain default, which can be a mean value or a design value. For example, let’s assume 

three parameters (A, B, C) are uncertain for a case under investigation. Each parameter 

is assigned a high value and a low value, i.e., Ahigh, Alow, Bhigh, Blow, Chigh, Clow. Apart from 

that, each parameter has a default value, say Adef, Bdef, and Cdef. The parameter setting for 

the high-low value experimental design can be defined as shown in Table 4-1. Six 

simulation experiments would be conducted for this case in substep II. 

Table 4-1 Parameter setting for the high-low value experimental design 

No. 

Parameter 
EXP1 EXP2 EXP3 EXP4 EXP5 EXP6 

A Ahigh Alow Adef Adef Adef Adef 

B Bdef Bdef Bhigh Blow Bdef Bdef 

C Cdef Cdef Cdef Cdef Chigh Clow 

After designing the experiments, the simulations would be executed accordingly. Then, 

results are processed (IV) and it is determined if a decision can be made (V). This path is 

then repeated for each subsystem. Step 2B illustrates the processes when no effective 

decision can be made by adopting the simplest models of one or several subsystems. 

Influential uncertain parameters and inputs are then identified throughout the high-low 

value simulation experiments (VI) conducted in Step 2A. Among the influential 

uncertain parameters, if there exists any epistemic uncertainty that can be reduced (VII), 

then simulations are executed using the new inputs. The reduction of epistemic 

uncertainty may be achieved when more is known about the uncertain parameter values 
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as a project proceeds or a more accurate measurement can be conducted after 

communicating with decision maker(s). Epistemic uncertainty can also be caused by the 

simplification or representation of the real world during the model formulation process. 

This part is addressed separately in the developed approach since model selection is the 

core of the approach. Therefore, if the epistemic uncertainty (excluding the model’s part) 

cannot be reduced further (VIII), then the database of available models should be 

consulted and if a more complex model for the subsystem is available, it should be 

applied and then the processes of Step 2 should be conducted again. The iterative 

processes of Step 2 either stops effective decision(s) that can be made for all subsystems 

or reveals that model complexity cannot be increased further. 

Step 3 (Section 4.4) states the final decision-making process, which involves an analysis 

of the interaction among subsystems. Since the processes in Step 2 perform simulations 

using the OFAT method regarding parameter uncertainties and model complexities, the 

interactions are neglected. Therefore, in the last step of the developed modeling and 

simulation approach, a full factorial experiment of the influential uncertain parameters is 

performed by adopting the model complexity selected from Step 2. Decision(s) is(are) 

then checked to determine agreement or otherwise with the one(s) resulting from Step 

2.  

The implementation of the developed modeling and simulation approach is described in 

further detail through a case study in Section 4.2 to Section 4.4. 

4.2. Initial settings 

The potential of implementing a STES heated by industrial waste 

heat and solar thermal energy in a district heating system is explored 

to boost RES use and thus reduce fossil energy use in Chifeng city 

in Inner Mongolia Province, China. The system investigated in the 

case study consists of an industrial waste heat subsystem (IWH) from a copper plant, a 

solar thermal subsystem (STS), a borehole thermal energy storage subsystem (BTES) 

working as a STES, and a heating user subsystem (HU) including six building blocks 

Start

c1=cmin,1

 
cM=cmin,M

End

Yes

No
cffp,m=cm

No

r=0

m=1

Yes

cm=cmin,m

Yes

No
m=m+1

cm=cmin,m

No

No

Yes

cffp,m=cm

Yes

No Yes

Yes

No



Page | 70 
 

performing as heat consumers. The system delivers heat to end-users during the heating 

season (from 16th of October to 15th of April). During the non-heating season (16th of April 

to 15th of October), the BTES is charged by the solar thermal production and the 

industrial waste heat. The energy is retained for later use during the colder winter months. 

Details of the system description can be found in Section 6.1. 

4.2.1. Define design options and performance 

indicator 

As illustrated in the previous section, the initial setting step starts 

after the system investigation process. Potential design options are 

derived from the results of investigating system characteristics. 

Depending on the phase of the case, the number of potential design options varies. If 

the case is in the early design stage, the system investigation process may result in a large 

number of potential design options. A prescreening study can be helpful to filter out the 

design options which have no significant influence or improvement on the PIs. If the 

case is in the detail design phase or renovation phase, the potential design options can be 

limited. 

Case Study 

As for the Chifeng case, a prescreening of the design space was conducted to investigate 

the sensitivity of different design options on the system performance. The design space 

reduced from 32 to 4. Details of the prescreening study can be found in Appendix E. 

Two designs are used in this chapter to explain how the approach can be used 

methodologically. The two designs differ in the sizing of the BTES (in terms of the 

storage volume). The Ref design D1 of the case study has a 500,000 m3 BTES and the 

RefBTES0.5 design D3 has a 250,000 m3 BTES. An IWH subsystem is in situ as a backup 

supply source in case the water temperature is unable to meet the design condition. 

As mentioned in Section 4.1, the performance indicator is determined by the purpose of 

the case study. The purpose of the design optimization is to minimize the use of the IWH 
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subsystem in the heating season. Therefore, the operational hours of the IWH subsystem 

are chosen as the performance indicator. 

4.2.2. Choose the minimum model complexity for 

each subsystem based on PIs 

Once objectives have been defined for a simulation study and 

corresponding design options have been developed, constraints and 

requirements can be derived and performance indicators can also be defined accordingly. 

This information is the basis for choosing the minimum model complexity for each 

subsystem. The following describes the process for choosing the minimum model 

complexity for each subsystem investigated in the case study described in the previous 

subsection. 

Case Study 

Subsystem 2: industrial waste heat (IWH) 

The industrial waste heat subsystem (IWH) connects the heat source from the industrial 

process in the copper plant to the district heating system through a heat exchanger. The 

heat exchanger provides hydraulic separation between the investigated district heating 

system and the industrial process in the copper plant. There is no influence on the 

industrial process caused by the connected district heating system, and thus it is not 

necessary to model the industrial process. Only the flow rate and the temperature of the 

water inlet (to the heat exchanger) and the properties of the heat exchanger matter for 

the investigated system. The flow rate of the inlet water to the heat exchanger (the 

industrial process side) is constant all year round. Therefore, the main goal of the IWH 

subsystem model is to model the temperature of the water inlet to the heat exchanger on 

the industrial process side. The simplest way to model the water temperature from the 

industrial process is by assuming a constant value based on the information obtained 

from the project design team.  
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4.2.3. Gathering Parameters for the subsystem 

model 

The following in this subsection states the parameters and input 

variables for each subsystem of the investigated case study. For the 

modeling of the HU subsystem, the required parameters include the 

physical properties of the investigated building (thermal properties of building envelopes, 

building geometry) and mechanical system. The input variables are the usage of the 

building (lighting schedules and loads, equipment schedules and loads, occupancy 

schedules and loads, etc.) and other time-varied environmental parameters (weather in 

this case). The parameters were obtained partially through fieldwork and the rest were 

derived from literature. The thermal properties of the building envelopes were set to 

comply with the building code in the year of construction, which resulted in uncertainties 

of the thermal properties of the building envelopes. Details can be found in Section 6.1.2. 

As for the subsystem STS, IWH, and BTES, most of the parameters were obtained from 

the design documents. Table 6-5 lists the design parameters of the subsystems IWH, 

BTES, and STS. The temperature of the IWH subsystem varied greatly as shown by 

observing the measurements. It is known that the efficiency of solar collectors can be 

uncertain due largely to measurement errors and the curve fitting procedure (Facão and 

Oliveira 2006; Sabatelli et al. 2002). 

Some of the parameters could not be obtained directly, for example, the thermal 

conductivity and specific heat capacity of the soil. A thermal response test was conducted 

to determine the thermal properties of the soil for the modeling of the BTES subsystem. 

The procedure to determine the parameters and the results can be found in Figure 6-4 

and Table 6-6 respectively. The results show a difference in the thermal conductivity and 

specific heat capacity of the soil between the two drilled boreholes. This difference was 

also considered for further investigation in the research. 

4.3. Determining model complexity 
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The iterative step of determining model complexity is performed for each of the 

subsystems. For illustration, only the IWH subsystem is explained in this section. 

4.3.1. Identify uncertain parameters and inputs 

During the previous step, i.e., gathering parameters and inputs, 

uncertainties were found for the inlet water temperature (denoted 

by TIWH) of the IWH subsystem. The inlet water temperature from 

the source side was measured on-site. The default value is the design value. The high and 

low values are the upper and lower boundary if 5% of the measured values are considered 

as outliers. Thus, the top 2.5 % and the bottom 2.5% are removed to obtain the high-

low values. The values are listed in Table 4-2.  

Table 4-2 High-low values of the uncertain parameters for the IWH subsystems 

Parameters Unit Default value High value Low value 

Industrial waste heat subsystem 

TIWH oC 70 83.3 49.83 

4.3.2. The iterative processes of determining 

model complexity 

Following the flowchart of the developed approach, the uncertain 

parameters and inputs are examined one-factor-at-a-time (OFAT). 

In other words, in each experiment, the first uncertain parameter is examined and the 

other uncertain parameters retain default values. Error bar plots are used to visualize the 

results in the substep V. Each bar contains two simulation results, either the result from 

the high value of the specific uncertain parameter or the result from the low value of the 

same parameter. The two results are represented by the two short lines at the top and the 

bottom of each bar. The line connecting the two short lines graphically represents the 

range of uncertainty. Figure 4-3 illustrates typical relationships between two designs when 

conducting substep V. The ideal relationship is depicted in Figure 4-3 (a). The lengths of 
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each bar are relatively small and there is no overlap between them. In this case, we can 

confidently conclude that design 2 has a higher PI value than design 1. On the contrary, 

when the lengths of each bar are large and overlap with each other as shown in Figure 

4-3 (b), the answer of the substep V will be “no” and further investigation is required. 

The situation becomes tricky in the two bottom figures in Figure 4-3. For the case in 

Figure 4-3 (c), even though the two error bars are almost the same, the length of each 

bar is relatively small. In some cases, the PI may not be sensitive to the variation in the 

uncertain parameter for the two designs. Confidence in this conclusion can be gained 

through, for example, demonstrating that the PI is much more sensitive to another 

uncertain parameter. Alternatively, it can be shown that the difference between the 

designs cannot significantly influence the PI regardless of the uncertainty of the 

parameter. As for the situation shown in Figure 4-3 (d), the length of the error bars is 

quite large, but the overlapping region is very small relative to the uncertainty range. If 

the uncertainty range is acceptable, then a decision can probably be made with confidence 

by considering the influence of all the uncertain parameters. 
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(a) (b) 

(c) (d) 
Figure 4-3 Examples of the typical relationship between two designs in the step 2A-V 

Case Study 

Figure 4-4 shows the influence of the uncertainties in TIWH on the operational hours of 

the IWH subsystem in the heating season for different designs using the high-low values. 

It shows that the two bars are almost the same. Moreover, the uncertainty ranges of the 

IWH subsystem for the two designs are large and overlap with each other, which is similar 

to the situation shown in Figure 4-3 (b). Thus, we cannot decide which design is better. 

Therefore, the answer of the substep V is “no”. Since the results show that the TIWH is 

very influential and no more new knowledge is available about TIWH to reduce the 
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epistemic uncertainty, the next step is to check if increasing the model complexity is 

possible for the IWH subsystem (substep VIII). 

Figure 4-4 Influence of the uncertainties in TIWH on the operational hours of IWH subsystem in the heating 

season for different designs using the high-low values; a decision cannot be made 

Four models are available for the IWH subsystem. The simplest one (denoted by cm,2=1) 

only uses a constant value for the IWH input temperature. More complex ones assign 4-

hour (cm,2=2) or hourly profiles (cm,2=3) for the IWH input temperature. The final model 

complexity level (cm,2=4) is to generate a one-year-long hourly profile by randomizing an 

80-day measured IWH input temperature. The procedure is repeated ten times to take 

uncertainties into consideration. The method used to determine the minimum repetition 

number can be found in Appendix D. High-low values of IWH input temperature are 

applied. Results are then checked to see if a decision can be made. If not, then the model 

complexity is increased. Four iterations are conducted in total. The results of the different 

models are shown together in Figure 4-5. It is clear to see that by applying the most 

complex IWH model, the uncertainty reduces dramatically, and the bars are totally 
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detached. Therefore, the model complexity for the IWH subsystem was decided to be 

cm,2=4. 

Figure 4-5 Influence of the uncertainties in TIWH on operational hours of the IWH subsystem in the heating 

season predicted by different IWH models; 1: constant temperature, 2: 4-hour profile, 3: 1-hour profile, 4: 

hourly, random 

4.4. Final decision making 

Model complexities are decided through the previous steps as 

illustrated in the previous section. However, as stated in section 4.1, 

the interaction among subsystem was not considered by the OFAT 

method in the model selection process. Thus, if any of the subsystems use a more 

complex model, a final decision-making step is required. In the final decision-making 

process (Step 3), a full factorial experimental design on the uncertain parameters is 

adopted to analyze the influence of interactions among subsystems. To illustrate the 

results and support decision making, a box plot is used.  
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Figure 4-6 introduces four examples of the typical relationship between two designs in 

box plots. The simplest relationship between two data sets is shown in Figure 4-6 (a). 

The uncertainties of both data sets are relatively small, and the two boxplots do not 

overlap with each other. If a high PI value is preferred, then one can confidently draw 

the conclusion that design 2 performs better than design 1. Figure 4-6 (b) depicts a 

slightly more complex situation. The median values of design 1 and design 2 are the same 

as in Figure 4-6 (a). However, the spread of both designs is larger and overlaps a bit with 

each other. The maximum value of design 1 falls between the minimum and the 25th 

percentile of design 2. The boxplot indicates that among all possible scenarios, for at least 

75% of the scenarios, design 2 performs better than design 1. The relationship between 

the top 25% percent of scenarios for design 1 and the bottom 25% of scenarios for 

design 2 is unclear. A more complicated relationship between the performance of the 

two designs can be found in Figure 4-6 (c) and (d). The median value of design 2 in 

Figure 4-6 (c) is higher than design 1. But the top 50% (above the central thick black line) 

of design 1 shares the same range of the bottom 75% of design 2. It is not possible to 

decide which design performs better in the form or boxplots. As for the one depicted in 

Figure 4-6 (d), the two designs have a similar median value but the spread of the data for 

design 2 is larger than for design 1. If the uncertainties are considered unacceptable, then 

it is necessary to increase the model complexity level. On the other hand, if the 

uncertainty ranges are considered not sensitive to the PI, which is similar to the situation 

in the previous section for the error bar plots (Figure 4-3 (c)), there is a strong possibility 

that the difference in the designs could not influence the PI. In short, if the box plots are 

completely detached from each other, the decision(s) can be made with confidence. For 

other situations, a further investigation to understand the relationship between different 

data groups is required. The following discusses the result analysis and decision making 

by means of statistical tests. 
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(a) (b) 

  
(c) (d) 

Figure 4-6 Examples of the typical relationship between two groups of results described in boxplots 

Several statistical testing methods are available to determine if one sample 

(design+scenario) performs better than the other(s). There are three aspects that need to 

be taken into consideration when choosing a proper testing method, namely: the 

distribution of the data, the dependency between groups and the number of groups that 

needs to be compared. Table 4-3 lists the possible statistical testing methods along with 

their requirements. The listed testing methods are nonparametric (distribution-free) tests. 

It is worth noting that the word distribution-free does not necessarily mean the distribution 

of a population is completely unknown. The dependency refers to the relationship 

between the samples (design+scenario). If all samples are randomly selected and there is 

no correlation between the samples, then a testing method for dependent samples should 

be applied. Otherwise, if the samples are matched with each other, e.g., the different 

designs are evaluated under the same scenarios, then a testing method for independent 

samples should be applied. 
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Table 4-3 Different statistical testing methods to determine if one group performs better than the other(s) 

Testing method 
Dependent 

(matched-pairs) 
Number of groups 

Mann–Whitney U 

test 
Independent 2 

Wilcoxon signed-

rank test 
Dependent 2 

Kruskal-Wallis Test Independent 3 or more 

Friedman’s test Dependent 3 or more 

 

Case Study 

Returning to the case study, since the model complexity of the IWH subsystem increases, 

r equals 2. Therefore, an analysis of the influence of interactions among subsystems is 

required, as stated in Step 3. Full factorial experiments on all the uncertain parameters 

were conducted. The combination of the parameters can be seen in Table 6-9. These 

simulations were based on the model complexity that was selected through Step 2. 

Figure 4-7 illustrates the total uncertainty in the operational hours of the IWH subsystem 

between the two designs. It is clear that the boxplot of the design D1: Ref is completely 

detached from the boxplot of the design D2: RefBTES. The whole spread of the design D1 

falls below the one of D2. Therefore, we could conclude that the design with a bigger 

storage volume is preferred in terms of reducing the operational hours of the IWH 

subsystem. 
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Figure 4-7 Total uncertainties in operational hours of the IWH subsystem in the heating season for different 

designs 

4.5. Concluding remarks 

This chapter introduced an approach to select the model complexity for a design 

optimization study. The developed approach guides the user through the credibility 

assessment stages including experiment design VV&T, data VV&T, and experimental 

model VV&T. The approach is depicted in a flowchart form and the processes are 

explained through the application of a case study. The approach comprises three parts, 

namely: (1) initial settings, (2) selecting model complexity, and (3) final decision making. 

The iterative model selection process ensures that a more complex model is required only 

when the performance indicator is sensitive to the parameters with uncertain values and 

if no decision can be made from the results obtained by the simplest model set. A higher 

complexity should not be selected if the uncertainty is small (or does not exist) or is not 

influential. 
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There are some restrictions of the developed approach. A model typically consists of one 

or more equations. Variables and parameters are the quantities appearing in the equations 

(Bard 1974). Therefore, the logical sequence of initializing a simulation study is to first 

choose a model and then gather information on the variables and parameters that the 

chosen model requires. However, this is not always the case in real-world projects. The 

minimum model complexity largely depends on the information at hand. Besides, the 

choice of model complexity is sometimes also restricted by the available simulation tools. 

Complex models usually require more information about the modeled subject. More 

knowledge of inputs is also needed. Increasing model complexity would reduce 

uncertainty only if no more new information is needed
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Chapter 5 The validity of the modeling 

and simulation approach for DHC in 

the design phase 

The validity of the developed modeling and simulation approach for the STES integrated DHC in the 

design phase is discussed in this chapter. Firstly, the requirements of modeling and simulation tools for 

the implementation of the developed approach are listed and a simulation toolchain that was designed 

accordingly is presented. In addition, the developed approach was implemented in a test to show the validity 

of the approach when the model selection procedure does not include an increase in model complexities. 

Finally, the developed approach was further validated by comparing it with full factorial simulation 

experiments on model complexity using the same case study as in Section 6.1. 

 

5.1. Selected tools in implementing the modeling and 

simulation approach 

This research focuses on supporting the design optimization of STES integrated DHC 

systems through modeling and simulation. Modeling and simulation tools have to meet 

certain requirements. Firstly, (requirement 1) the tool should be capable of addressing 

the demand side and supply side of the system at the same time. This requirement 

narrows the choice range to multi-disciplinary tools. These tools can be used to analyze 

the interactions among buildings, multi-source thermal energy supplies, the use of RES, 

and seasonal thermal energy storage. In other words, tools that only contain detailed 

building-level models (e.g., EnergyPlus) and those applied for regional and national 

energy systems (e.g., EnergyPLAN) are out of this research’s scope. Nevertheless, quite 
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a few computational tools are available to model and simulate district heating and cooling 

system. As reported in (Allegrini et al. 2015), these models vary a lot in data requirements, 

physical domains and model complexities.  

The developed modeling and simulation approach contains a model complexity selection 

process, and therefore (requirement 2) requires the modeling and simulation tool for 

the system to be able to provide models with different model complexity, or to be flexible 

in modifying existing models and building new models. In addition, the developed 

modeling and simulation approach very likely involves iterations of simulation 

experiment designs. It is a process of gathering desired information, executing simulation 

model(s) and interpreting results. The effort increases along with the increasing model 

complexity level. The number of runs for conducting a stochastic model or a parametric 

study can easily go up to some dozens or even higher. Therefore, (requirement 3) the 

modeling and simulation tool should be able to run simulations in batch, either on its 

own or through other general-purpose programming languages/computing 

environments.  

According to the aforementioned requirements, Modelica/Dymola was selected as the 

modeling and simulation environment to model and simulate systems of interest in this 

research. Dymola (Dynamic Modeling Laboratory) is a commercial modeling and 

simulation environment for the open-source Modelica language, which is an object-

oriented, equation-based language to model multi-discipline physical systems (Dassault 

Systemes 2019). Modelica/Dymola stands out as it enables the development of highly 

reusable and exchangeable dynamic system models.  

To further improve the effectiveness and reduce personal errors, a simulation toolchain 

was designed. The simulation toolchain can be used to set up a series of simulation and 

post-processing results. Figure 5-1 depicts the simulation tools used in the toolchain 

MATLAB was used to set up simulation experiments (e.g., for parametric study in 

determining the high-low values for building thermal properties). System models were 

developed in Dymola and executed by directly calling Dymosim, a stand-alone program 
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to perform simulation, as an m-function from MATLAB. Results of selected variables 

were stored in .mat files and plots were generated in MATLAB to visualize the results. 

 
Figure 5-1 Simulation toolchain 

5.2. Testing the model complexity selection procedure 

The developed modeling and simulation approach was introduced in Chapter 4. The 

steps that were followed in the developed approach are explained extensively through a 

test where two subsystems required more complex models. The model selection 

procedure in the developed approach was further tested to show the usability in a test 

where model complexity did not need to be increased. The same case study was applied 

in this test. The only difference is that the decision maker in this test was interested in 

the performance of the Solar Thermal subsystem. Therefore, the performance indicator 

was QSTS representing the heating energy produced from the STS subsystem. Since only 

the output changed, the same design of simulation experiments applies in this test. 

Uncertain inputs were again the building thermal properties RCDH, the input temperature 

of the IWH subsystem TIWH, the efficiency factors of the solar collectors SolColeff, and the 

soil properties Soilp. The uncertainties caused by the uncertain inputs were assessed 

through the high-low value testing. Figure 5-2 depicts the results of the high-low value 

test. It is apparent from the graph that the uncertainty ranges on QSTS from the 

subsystems HU, BTES and STS were very small (1~2 MWh). As for the IWH subsystem, 

the differences that resulted from the uncertain parameter were much larger at around 

20 MWh. In addition, the relationship between the designs D2 and D4 was a bit complex 

and is similar to that shown in Figure 4-3. The remaining designs were completely 
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detached from each other. Nevertheless, as described in Section 4.3.2, the overlapping 

region (1.3 MWh) for the designs D2 and D4 was relatively small compared to the overall 

uncertainty range (around 20 MWh) caused by the uncertainty parameter of the IWH 

system. Therefore, we could confidently make a decision and choose a design. In terms 

of a higher QSTS, the designs with 3,000 m2 solar collectors (D2 and D4) performed better 

than the designs with fewer solar collectors (D1 and D3). Between the two designs (D2 

and D4), the STS subsystem in the design with a smaller storage (D4) provided more 

heating energy. 

 
Figure 5-2 Uncertainty range in heating energy produced from the STS subsystem (QSTS) in the heating season 

for different designs using the high-low values for uncertain parameters of the four subsystems 

In short, this test shows that decision could be made by adopting the minimum model 

complexity for all subsystems following the developed modeling and simulation 

approach. It is assumed that it was not necessary to use more complex models. The 

models were selected based on the high-low value test, which varied uncertain inputs one 

at a time and kept the other uncertain inputs as average values.  
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5.2.1. Reliability test 

To further prove the reliability of the previous test, a full factorial simulation experiment 

was conducted considering all possible combinations of values for all the uncertain inputs. 

This reliability test adopted the same method described for the STEP 3 Final decision 

making in the developed approach. STEP 3 is not necessary for the normal 

implementation of the developed approach when model complexity remains minimum. 

However, the same method can be adopted to further test the reliability of the approach 

under the same circumstance. 

As shown in Table 6-8, each uncertain input has two values, which are the same as 

defined in the high-low value test. Details of the values can be found in Appendix A for 

the thermal properties of building materials and Table 6-8 for the rest parameters. Each 

design consists of 16 variations. The total simulation number is 64. 

Figure 5-3 illustrates the total uncertainties of QSTS for the four designs caused by all the 

combinations of the uncertain parameters. The two box-and-whisker plots of the designs 

with more solar collectors (D2 and D4) are higher than the two with less solar collectors 

(D1 and D3). Both the boxes and the distances between the upper and lower whiskers 

of the designs with more solar collectors (D2 and D4) are bigger. The designs with more 

solar collectors (D2 and D4) have higher absolute values and larger ranges. This reflects 

that the designs with more solar collectors (D2 and D4) were more sensitive to the 

uncertain parameters. The median value (the red central mark) of the design D4: 

STS3BTES0.5 was close to the upper whisker of the design D2: STS3. This means that in 

around 50% of the scenarios design D4: STS3BTES0.5 performed better than D2: STS3. 

From the boxplot we can tell that the two designs with more solar collectors (D2 and 

D4) performed better in terms of larger QSTS. However, it is not straightforward to decide 

which design is better when the number of solar collectors is the same. Statistical testing 

is required to further analyze the results. 
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Figure 5-3 Total uncertainties in heating energy produced from the STS subsystem in the heating season for 

different designs 

A multiple comparison test was performed using Friedman’s ANOVA and the 

Bonferroni method to check whether the groups of data were significantly different from 

each other. Figure 5-4 visualizes the result of the multiple comparison test. The circle 

represents the mean of the ranks for a group of data (design). The bars extending outside 

of the circle represent the interval. From the graph we can see that none of the interval 

bars overlap. This means the means of ranks for each group (design) are significantly 

different. In the favor of a higher QSTS, the design D4 ranks highest, followed by D2, D3, 

and D1. 
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Figure 5-4 Mean of the ranks and comparison intervals for the four designs 

Overall, the tests presented in this section serve to test the validity of the model 

complexity selection procedure in the developed approach. The test described in this 

section and the case study in Chapter 4 illustrate the application of the model complexity 

selection procedure in two scenarios: one when minimum model complexity is enough 

for the purpose and one when model complexity needed to be increased to make a 

reliable decision.  

5.3. The developed approach vs full factorial simulation 

experiments on model complexity 

The developed approach is meant to be used to choose the fit-for-purpose model to 

support decision making under uncertainties. To avoid conducting full factorial 

simulation experiments and running all model complexity combinations, the approach 

adopts the high-low value test and only increases model complexity when necessary. To 

validate the decision-making procedure, this research conducted simulation experiments 

for all possible model complexity combinations for the case described in Chapter 4 and 
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Section 6.1. Since the purpose of the design optimization is to minimize the use of the 

IWH subsystem in the heating season, the operational hours of the IWH subsystem was 

chosen as the performance indicator. Different model complexity levels were varied for 

the IWH subsystem and the HU subsystem. The contribution of the STS subsystem on 

the selected PI was relatively small, and therefore model complexity levels were not varied 

in this validation study. As for the BTES subsystem, only one model complexity level 

was available in the selected simulation tool. Therefore, the model complexity of the 

BTES subsystem was also fixed in this test. In the end, nine model complexity 

combinations were then considered to model the system, as listed in Table 5-1. M 

represents the different models. The number (1, 2, 3) next to ‘M’ represents different 

model complexities for the building. The larger the number, the more complex the model. 

The same applies to the IWH models, denoted by the number following the underscore 

(_). 

Table 5-1 Definition of the names of the simulation experiments for different model complexity 

combinations 

 

 Complexity 

  
  

  
  

C
o

m
p

le
xi

ty
 

HU 

IWH 

One zone per 

building_1Ele 

One zone per 

floor_1Ele 

One zone per 

building_4Ele 

Constant 

temperature 
M1_1 M2_1 M3_1 

4-hour fixed 

profile 
M1_2 M2_2 M3_2 

1-hour random 

profile 
M1_3 M2_3 M3_3 

 

Figure 5-5 depicts the simulation results of the experiments adopting the nine model 

complexity combinations as defined in Table 5-1. The results show that uncertainty 

ranges of the operational hours of the IWH subsystem are much larger for the constant 

value IWH models (M*_1) and the 4-hour fixed profile IWH models (M*_2).  
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Friedman’s test with the Bonferroni method for post-hoc test was adopted to compare 

different design options. For the M*_1 and M*_2, the confidence level had to be smaller 

than 82% to show as significantly different among the four designs. For M*_3, the 

confidence level could be 95%. When the relevant confidence levels were applied, the 

results of all the simulation experiments revealed that the design D2: STS3 was the best, 

followed by the design D1: Ref, D4: STS3BTES0.5 and D3: RefBTES0.5. The ranking of the 

designs was consistent with the result obtained by implementing the developed approach, 

which is illustrated in Section 6.1 These full factorial simulation experiments on model 

complexity further confirm that the developed simulation and modeling approach is valid 

in obtaining results with the fit for purpose model. The approach can be applied with 

confidence and can avoid overcomplication in model development. 
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M1_1 M2_1 M3_1 

   
M1_2 M2_2 M3_2 

   
M1_3 M2_3 M3_3 

Figure 5-5 The simulated operational hours of the supplemented IWH subsystem for different design options 

simulated by different model complexity combinations 

Table 5-2 shows the simulation time for each model complexity combination. The 

difference in simulation time between the one element one zone per building models 

(M1_*) and the one element one zone per floor models (M2_*) is much larger than the 

difference between M2_* and M3_*. The simulation time for the M2 building model 

with the detailed profile IWH model was around six to nine times as much as the other 

models. The main reason not only regards the model complexity. It is also because the 

model combination happened to trigger frequent events on the temperature controller 

of the solar thermal system. It is also worth noting that all the simulations were conducted 

in a computer with an Intel® Core™ i7-4700MQ CPU @ 2.40GHz and 8GB RAM. The 

CPU is a quad-core processor with hyper-threading technology (HTT). Dymola counts 
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the number of cores as two per core for the processor with HTT. All the simulations 

were executed in parallelization mode with 8 cores in this case. 

Table 5-2 Simulation time vs. model complexity 

HU 

IWH 

One zone per 

building_1Ele 

One zone per 

floor_1Ele 

One zone per 

building_4Ele 

Constant value 

12/28 

mins 
64 cases 

20/47 

mins 
64 cases 

21/47 

mins 
64 cases 

19 hours 36 hours 36.5 hours 

4-hour fixed 

profile 

14/30 

mins 
64 cases 

23/48 

mins 
64 cases 

25/60 

mins 
64 cases 

21 hours 38 hours 40 hours 

Detailed profile 

14/38 

mins 
320 cases 

1.5/6 

hours 
320 cases 1.5 hours 320 cases 

130 hours 1.5 month 480 hours 

 

5.4. Concluding remarks 

The validity of the developed modeling and simulation approach was tested and 

discussed in this chapter. Two tests are described in this chapter to test the validity 

of the model complexity selection procedure and the decision-making procedure. 

The Chifeng case with a different performance indicator from the test illustrated in 

Chapter 4 demonstrated the scenario when only running the high-low value test with 

the simplest model set was sufficient to make a reliable decision. It demonstrates that 

different model complexities may be required for different purposes even when 

applied in the same case study using the same assumptions for input variables and 

parameters. The second test described in section 5.3 shows the validity of the 

decision-making procedure. By comparing it with results from all model complexity 

combinations, we concluded that further increasing model complexity did not 

change the decision made by the fit-for-purpose model set. The results also imply 

that under the same confidence interval, no sufficient decision can be made by 

applying simpler models.
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Chapter 6 Demonstration of the 

modeling and simulation approach 

for DHC in the design phase 

Two use cases are described this chapter to demonstrate the usability of the VV&T procedure Balci with 

the integration of the developed modeling and simulation approach. In the first use case (Chifeng case), 

the viability was investigated of implementing a STES to reducing CO2 emission of an industrial park. 

The second use case (ATES-DHC TU/e case) explored the effect of future scenarios on an existing 

ATES integrated district heating and cooling system on the campus of Eindhoven University of 

Technology (TU/e). In accordance with Balci’s VV&T procedure, each of the use cases is presented in 

three subsections, namely: problem definition, model development, and decision support. The developed 

modeling and simulation approach (as described in Chapter 4) is integrated in the processes of model 

development for each case. Furthermore, this chapter presents a few case studies from collaborations with 

industries that were used to develop and test the approach. Finally, this chapter is concluded with a 

discussion on some reflections from the case studies. 

 

6.1. Reducing CO2 emissions by implementing a STES in a 

retrofitted the DH system of an industrial park (Chifeng case)1 

 
 

1 This use case is largely inspired by a collaboration with the department of building science and 
technology in Tsinghua University. Detailed design and future planning of the living laboratory 
regarding the Chifeng case can be found in (Guo et al. 2020). 
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China is witnessing a rapid expansion of its building stock, resulting in ever increasing 

energy demands. Currently, space heating is responsible for the largest part of the energy 

use of households and offices. Therefore, the Chinese government has developed a 

national heating reform to improve building energy efficiency. As part of an effective 

approach to improving total energy efficiency, development of district heating systems 

has grown exponentially since 2005 (National Bureau of Statistics of China 2015) In 

addition, the government has set a target of increasing the share of non-fossil energy of 

the total primary energy consumption to 15% by 2020 and to 20% by 2030 (The 13th 

Five Year Plan for the development of renewable energy). One of the key objectives is 

to use RES to substitute 150 million metric tons of energy from fossil fuels in the heating 

and domestic sector (National Development and Reform Commission 2016) Chifeng 

City in Inner Mongolia Province has been chosen by the government as one of pilot cities 

to boost RES use. 

Chifeng City is one of the first cities to have installed a district heating system in China. 

A large part of the heat was supplied by small capacity, neighborhood coal-fired boilers. 

In recent years, many of these boilers were shut down due to their low efficiencies and 

their high (polluting) emissions. However, as a result of urbanization, the demand for 

district heating in Chifeng City has increased every year. In alignment with the national 

objectives, the local authority of Chifeng City planned to introduce more renewable 

energy sources in the district heating system. Therefore, it was essential for the city to 

evaluate alternative (renewable) heat sources.  

Since 2013, one of the new heat sources of the district heating system is a copper plant 

located in the south of Chifeng City. The plant produces a significant amount of waste 

heat as a result of its industrial processes; the excess heat has a total power of 20 MWth. 

This excess heat is serving a residential area (of 11 thousand residents) and the office 

buildings of the copper plant. 

6.1.1. Problem definition 

6.1.1.1. Problem formulation 
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Aligned with the objectives, the local authority of Chifeng City would like to know 

what are the possible solutions to meet the CO2 target by 2030 in the building heating sector 

of Chifeng City? 

The communicated problem stated above is vague in problem boundary definition as 

well as in the objectives and constraints of decision makers. Therefore, to formulate the 

problem more clearly, this research identified the root causes of the problem, which are 

1) DH demand in Chifeng is increasing by two to three million m2 heated area every year; 

2) fossil fuel based heat generation should be reduced or even eliminated in the near 

future; 3) the potential of using industrial waste heat (IWH) to supply DH is not fully 

realized. The problem is then restated to compare design solutions to maximize the use 

of RES to cover certain DH demand. The Jinjian copper plant was identified by the local 

authority as a pilot for further investigation. Seasonal discrepancy was found when 

matching the DH demand and the RES generations. Therefore, STES integrated in the 

DH, powered by IWH and/or STS, was proposed by the design team as a promising 

technology. The final formulated problem of the Chifeng case is: 

Compare different design options for retrofitting the DH system, while making use of the IWH 

from the Jinjian Copper Plant to increase the proportion of RES in the total DH consumptions. 

Potential design options include sizing and control of the STES, sizing and control of 

the STS, sizing and temperature level of the IWH, and length and insulation level of the 

piping network. 

6.1.1.2. Investigation of solution techniques 

The available solution techniques that were investigated in this research include 1) rule 

of thumb for sizing system components; 2) experimental analysis; and 3) modeling and 

simulation. The main pros and cons of the investigated solution techniques for the 

Chifeng case are listed in Table 6-1. According to the requirements and objectives of the 

study, modeling and simulation was proposed as the solution technique.  
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Table 6-1 The main pros and cons of the investigated solution techniques for the Chifeng case 

Solutions Pros Cons 

1) Rule of thumb Could provide a range on 

component sizing and initial cost 

Could not assess system 

performance under different 

conditions 

2) Experimental Could provide results under 

controllable conditions 

Too costly for long term 

experiments 

Could not test all possible solutions 

3) Simulation Able to test all possible solutions 

within the time limit 

Extra measurements need to be 

conducted for some of the required 

inputs 

 

6.1.1.3. System investigation 

System investigation was conducted to understand the characteristics of the system and 

the objectives of the simulations. As stated in the problem formulation step, the Jinjian 

copper plant, located in the south of Chifeng City, Inner Mongolia, China (42°15’N 

118°53’E), possesses a significant amount of industrial waste heat as a result of its 

industrial processes. According to the regulation formulated by the district heating 

service provider, the DH system of Chifeng can only operate for six months (October to 

April the next year) every year. A considerable amount of heat was released into the 

environment during the non-heating season. Therefore, in 2016, the construction of an 

STES and solar thermal systems began as part of a living lab that aimed to exploit the 

full potential of the waste heat from Jinjian Copper Plant. Figure 6-1 shows the position 

of each system component for the pilot project. The excess heat from the copper plant 

still serves as the main heating supply source. Three hundred and thirty-six solar thermal 

collector panels with a total effective area of 1002 m2 represent another heat source, 

which contributes 0.42 GWh of annual heating production.  
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Figure 6-1 Design sketch of the project 

Among the available STES technologies, aquifer thermal energy storage (ATES) and 

borehole thermal energy storage (BTES) are the most promising technologies (Lee 2013). 

Although ATES systems have shorter payback times than BTES systems, it is not always 

possible to realize an ATES system due to geological conditions. In the case of Chifeng 

City, a viability study showed that the soil is not favorable for an ATES system. Therefore, 

BTES was the chosen STES technology for the living lab. A borehole thermal energy 

storage with a volume of 0.5 million m3 is located directly below the solar field. Located 

next to the storage body is a dedicated machine room containing all the mechanical 

equipment, i.e., heat exchangers, pumps, valves, control system and auxiliary components. 

Figure 6-2 shows one of the configurations of the living lab in the non-heating season 

and in the heating season. The system of the living lab consists of a circulation loop and 

three main subsystems. The subsystems are an industrial waste heat recovery system, a 

solar thermal system and a borehole thermal energy storage system. The supply-storage 

system is connected to the buildings of the copper plant, which forms the fourth 

subsystem of the Chifeng case. Each subsystem is connected to the circulation loop via 

a heat exchanger.  

In the non-heating season, the BTES is charged by industrial waste heat and solar thermal 

sources. The heat carrier fluid returns to the industrial waste heat subsystem (IWH1) after 

charging the BTES. The IWH source (IWH1) is waste steam with a temperature of about 
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130oC. It provides the majority of heat injected into the BTES. In the heating season, the 

heat carrier fluid runs in a reverse direction. The return heat carrier fluid from the heating 

demand side flows through the BTES to extract heat. The solar thermal subsystem 

further increases the temperature of the heat carrier fluid. The heat carrier fluid then 

serves as heating supply for the heating demand side. Therefore, the heating supply 

temperature at the heating demand side highly depends on the outlet temperature of the 

BTES subsystem. Another IWH source (IWH2) is connected to the pilot system as a 

back-up heat source. 
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(a) (b) 
Figure 6-2 System diagram for (a) non-heating season and (b) heating season. 

Investigation on design options 

A prescreen study on the potential design options was conducted to further specify the 

final design space. As described in the problem formulation process, the potential design 

options contain the insulation level of the distribution pipes, solar thermal collector area 

and buffer tank sizing, and the size of the BTES. 

Two pipe insulation levels of the demand side heating distribution pipes are taken into 

consideration in the design space, i.e., a poor insulation level according to the current 

situation (China Academy of Building Research 1986) and a good insulation level 

according to current building design code (Ministry of Housing and Urban-Rural 
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Development 2010). According to the standards, the average thermal conductivities of 

the pipe insulation materials were 0.0369 W/(m·K) and 0.02724 W/(m·K) for the two 

insulation levels, respectively. The length of the supply and return pipes is assumed to be 

500 meters each.  

Two solar collector areas and four buffer tank sizes were considered. Table 6-2 shows 

the parameter setting regarding the design options of the solar thermal subsystem. The 

buffer tank was designed to stabilize the outlet temperature of the solar thermal system. 

Besides the reference case, another BTES size was considered in the design space. The 

second design option regarding the BTES is half of the BTES size in the reference case. 

As shown in the previous results, the BTES subsystem covered the largest proportion of 

the total district heating consumption. By reducing BTES size, one can identify if the 

BTES is fully used or not. 

Table 6-2 Parameter setting for different design options of the solar thermal subsystem 

Design options Solar collector area m2 Buffer tank (short term storage) 

volume m3 

STSref 

1000 

0.5 

STS0T1 1 

STS0T2 2 

STS3T2 
3000 

2 

STS3T3 3 

 

Details of the results of the prescreening study can be found in Appendix E. The 

conclusion of the prescreening study is that the system performance is not sensitive to 

the insulation level of the distribution pipes and the size of the buffer tank. Thus, these 

two design variants can be removed in further analysis. Four design options remain, 

which vary in the size of the BTES and the area of the solar collectors. 

6.1.2. Model development of the Chifeng case 
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6.1.2.1. STEP 1 Initial Settings 

Define the design space 

After the system investigation step, four designs were selected as the 

design space. The differences between them are in the size of the 

BTES and the area of the solar collectors. The first design is D1: 

Ref which has 1000 m2 solar collectors and 500,000 m3 BTES. Design D2: STS3 has 3000 

m2 solar collectors and the size of the BTES is the same as in design D1. Design D3: 

RefBTES0.5 and design D4: STS3BTES0.5 has the same size of solar collectors as D1 and D2 

respectively but the BTES is 250,000 m3
, which is half the size of the ones in D1 and D2. 

Choose the minimum model complexity 

As the whole system consists of four subsystems, the model for the system also splits 

into four sub models; namely, (1) the heating user sub model (HU), (2) the industrial 

waste heat sub model (IWH), (3) the borehole thermal energy storage sub model (BTES), 

and (4) the solar thermal sub model (STS). Figure 6-3 presents the layout of the modeled 

system showing the connections of the sub models in Dymola. The grey box shows 

model components to control the operation of the back-up IWH subsystem (IWH2). 
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Figure 6-3 Layout of the modeled system in Dymola, dashed lines represent control signals, solid lines 

represent fluid connections 

The minimum model complexity for each subsystem was chosen based on the 

performance indicators, constraints and requirements derived from the objectives.  

Subsystem 1: heating user (HU) 

The heating user subsystem (HU) represents the heating consumer of the investigated 

system. According to the design of the system, only space heating is covered by the 

system. Domestic hot water is provided by separate electric boilers and is thus out of the 

scope of this case study. However, the type of heating system in the buildings and the 

way that the heating system is controlled determine if the HU subsystem should be 

modeled simultaneously with the rest of the supply & storage sub-systems or if it can be 

pre-calculated and imported into the system model as a fixed input profile. A pre-

calculated input profile normally represents the heating demand of a heat consumer over 

a certain period. This situation occurs when heat consumers have the ability to control 

the heating system on the consumer side to maintain a certain indoor temperature (e.g. 

like a gas boiler or a heat pump). However, this is not the case for this case study (nor 

for most of the Chinese residential buildings). As the heat suppliers regulate the heating 

network supply temperature according to the outdoor temperature, the flow rate is kept 

constant. For old buildings (especially those constructed in the last century), office 

buildings and residential buildings, the radiators are not equipped with valves in rooms 

that allow occupants to adjust the flow, which is different from the heating systems in 

the Netherlands. The indoor room temperature cannot be controlled by occupants and 

thus overheating and underheating occurs quite often. Occupants therefore adapt their 

thermal comfort by adjusting clothes and opening or shutting windows. This means that 

the heating consumption that a user consumes does not correspond to the heating 

demand. Therefore, it is necessary to model the heating load dynamically and 

simultaneously considering the interaction with the other subsystems. The room heating 

unit (radiator in this case) must also be modeled dynamically instead of adopting an 

idealized heating unit. A constraint of modeling the HU subsystem is that no historical 
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measurements on heating consumption of the buildings are available, so a data-driven 

model cannot be developed. This constraint limits the options for the building heating 

load models to law-driven models (also called physical models). Based on the 

requirements and constraints listed above, the simplest model for the HU subsystem can 

be chosen. The choice of the radiator model is either to consider modeling the 

convection (with radiation) or to represent it with an idealized heater that provides heat 

with a predefined efficiency. Since this case requires a dynamic radiator model, the former 

modeling method is chosen. The radiator model is realized by the RadiatorEN442_2 

model component in the Modelica Buildings Library. As for modeling the building’s 

thermal energy, the simplest model that satisfied the requirements and the constraints is 

the reduced-order RC model with one element. This model integrates the thermal mass 

of all building envelopes into one RC-chain, as described in Section 0. Occupant-related 

inputs were modeled through deterministic models. 

Subsystem 2: industrial waste heat (IWH) 

The minimum model complexity selected for subsystem 2 is to assume a constant value 

of the water temperature from the industrial process. The value was decided based on 

the information obtained from the project design team. The process of selecting the 

minimum model complexity for subsystem 2 is described extensively in Section 4.2.2 

therefore will not be repeated here.  

Subsystem 3: solar thermal (STS) 

The main functional components of the solar thermal subsystem are a buffer tank and a 

cluster of U-tube solar collectors. The buffer tank is connected in such a way that warmer 

water remains on the top of the tank and cooler water remains on the bottom. The tank 

is stratified in order to avoid swirling of water. In addition, the tank can reach the 

designed temperature for output very quickly by taking advantage of the naturally formed 

thermal layers, since the whole tank does not need to be heated. This requires a stratified 

tank model instead of just a mixing volume. The simplest stratified tank model is a one-

dimensional multinode stratified storage tank model. As for the solar thermal collector 
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model, the instantaneous fluid temperature before and after transferring heat in the 

collector is of interest. The simplest way to describe a solar thermal collector is by 

introducing a collector efficiency to the intercepted solar energy on the collector. The 

collector efficiency is calculated by least squares fitting through a standard test. The fitted 

curve function is usually provided by a standardized test report for a specific solar 

collector. 

Subsystem 4: borehole thermal energy storage (BTES) 

STES cannot produce energy by itself. The energy performance of a STES mainly 

depends on its own operating condition and on interaction with other system 

components. The amount of heat and temperature of the heat carriers during charging 

and discharging periods greatly influences the storage efficiency. Moreover, and especially 

for BTES, energy performance is also significantly influenced by geographic 

characteristics and site properties, e.g., thermal conductivity of the soil, underground 

water, flow velocity, outdoor temperature, etc. The relationship between the system fluid 

temperatures and the ground temperatures is strongly dependent on ground thermal 

conductivity. In the long term, the ground density and specific heat capacity also have an 

effect. For the borehole thermal energy system in this case study, the borehole thermal 

resistance defines the steady-state relationship between the system fluid temperature and 

the temperature at the borehole wall. The resistance depends on the dimension of the 

borehole thermal energy storage and the thermal properties of the grout material. These 

variations influence the specific power of the borehole heat exchanger (in watt per meter 

of borehole length), which varies from 10 W/m to 120 W/m according to information 

gained from borehole-STES projects from the US and European countries (Philippe et 

al. 2009). Long-term performance assessment is required since large scale STES usually 

takes two to five years to reach ‘design’ operating conditions (Schmidt and Miedaner 

2012). As previously stated, representing the dynamic interaction with other DH system 

components is also crucial. Considering the aforementioned requirements, the simplest 

BTES model is the hybrid step-response model (HSRM) (Picard and Helsen 2014) which 
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is able to simulate user-defined borehole configurations and obtain short-term and long-

term accuracy for yearly-based simulations. 

Main model components and their related libraries for each subsystem are listed in Table 

6-3.
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Table 6-3 List of model components for each subsystem 

Component Model name Library 

Solar Thermal Subsystem 

Pump Buildings.Fluid.Movers.FlowControlled_m_flow Buildings v5.1.0 

Tank IDEAS.Fluid.Storage.StorageTank_OneIntHX IDEAS v1.0.0 

Solar collector Buildings.Fluid.SolarCollectors.ASHRAE93 Buildings v5.1.0 

Heat exchanger Buildings.Fluid.HeatExchangers.ConstantEffectiveness Buildings v5.1.0 

Solar thermal controller IDEAS.Controls.ControlHeating.Ctrl_SolarThermal_Simple IDEAS v1.0.0 

Borehole Thermal Energy Storage Subsystem 

Borefield IDEAS.Fluid.HeatExchangers.GroundHeatExchangers.Borefield.MultipleBoreHolesUTube IDEAS v1.0.0 

Pump Buildings.Fluid.Movers.FlowControlled_m_flow Buildings v5.1.0 

Heat exchanger Buildings.Fluid.HeatExchangers.ConstantEffectiveness Buildings v5.1.0 

Industrial Waste Heat Subsystem 

Heat exchanger Buildings.Fluid.HeatExchangers.ConstantEffectiveness Buildings v5.1.0 

Valve IDEAS.Fluid.Actuators.Valves.Simplified.ThreeWayValveSwitch IDEAS v1.0.0 

Mass input Buildings.Fluid.Sources.MassFlowSource_T Buildings v5.1.0 

Valve control Modelica.Blocks.Interfaces.BooleanInput Modelica v3.2.2 

District subsystem 

Thermal zone Buildings.ThermalZones.ReducedOrder.RC.OneElement Buildings v5.1.0 

Equivalent air temperature Buildings.ThermalZones.ReducedOrder.EquivalentAirTemperature.VDI6007WithWindow Buildings v5.1.0 

Infiltration Modelica.Fluid.Sources.MassFlowSource_T Modelica v3.2.2 

Radiator Buildings.Fluid.HeatExchangers.Radiators.RadiatorEN442_2 Buildings v5.1.0 

Pump Buildings.Fluid.Movers.FlowControlled_m_flow Buildings v5.1.0 

Weather data reader Buildings.BoundaryConditions.WeatherData.ReaderTMY3 Buildings v5.1.0 
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Gathering Parameters 

To perform a building energy simulation through a law-driven model, a number of 

parameters are required. The parameters include physical properties of the investigated 

building (thermal properties of building envelopes, building geometry) and mechanical 

systems. The input variables are the usage of the building (lighting schedules and loads, 

equipment schedules and loads, occupancy schedules and loads, etc.) and other time-

varied environmental parameters (weather in this case) in the case study. The parameters 

are obtained mainly through fieldwork. The buildings were built in the 1980s. Thermal 

properties of building envelopes were taken from the building code in place in the year 

of construction. Some of the architectural drawings were lost. For the ones without 

drawings, the dimensions of building geometries were measured manually on-site.   

Design documents provided the parameters for the IWH, BTES and the STS subsystems, 

as displayed in Table 6-5. Two common input variables for the three subsystems are the 

flow rate and the temperature of water in the inlet of each subsystem. The flow rate of 

the inlet water was 47 m3/h and was kept constant during system operation. The 

temperature of the inlet water depended on the subsystem connected in the upper stream 

of the whole system. 

Table 6-4 lists some general information about the investigated buildings. The schedules 

and loads for lighting, equipment and occupancy were taken from the design standard 

(Ministry of Housing and Urban-Rural Development of China 2015). The weather file is 

derived from Chinese Standard Weather Data (CSWD), developed by the Department 

of Building Science and Technology at Tsinghua University and China Meteorological 

Bureau (2005).  

Design documents provided the parameters for the IWH, BTES and the STS subsystems, 

as displayed in Table 6-5. Two common input variables for the three subsystems are the 

flow rate and the temperature of water in the inlet of each subsystem. The flow rate of 

the inlet water was 47 m3/h and was kept constant during system operation. The 
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temperature of the inlet water depended on the subsystem connected in the upper stream 

of the whole system. 

Table 6-4 General building properties 

Buildings  Total area (m2)  Storeys  WWR1  

Office 1  4230  3  0.34  

Dormitory1  2988  4  0.30  

Multi-use building  10390  6  0.26  

Laboratory  913  3  0.25  

Office 2  495  2  0.17  

Dormitory 2  217  1  0.10  

 

Table 6-5 Design parameters of the subsystems IWH, BTES and STS 

Parameters Value  Parameters Value  

Industrial waste heat (IWH)  Distribution network 

Capacity 32.4 GWh/year  Supply 

temperature 

55 oC 

Nominal flow rate 47 m3/h (secondary 

loop)  

Return 

temperature  

45 oC  

300 m3/h (primary loop)  Circulating flow 

rate  

30 m3/h  

Borehole thermal energy storage (BTES) Solar thermal system (STS) 

Storage type Single U-tube borehole  Area of 

collectors 

1002 m2  

Storage volume 519,615 m3  Tilt angle  55o 

Storage capacity 2944 MWh/year  Azimuth angle 8o (0o for south-

facing) 

Number of boreholes 468  Capacity  0.416 GWh/year  

Drilling depth 80 m  Buffer tank 

volume 

0.5 m3 

Borehole diameter 150 mm    
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The soil thermal properties (thermal conductivity λsoil and specific heat capacity csoil) 

cannot be obtained directly. The soil thermal properties were determined through a 

thermal response test. Two test boreholes were drilled on the exact location. The thermal 

responses of the boreholes were evaluated during injection of constant heating power. 

Thermal conductivity and specific heat capacity of the soil were determined through the 

procedure shown in Figure 6-4. Table 6-6 lists the calculated soil parameters according 

to the thermal response test. These values were used in the BTES models. 

Start

Measurements 

from thermal 

response test

Extract input data (ṁ, 

Tin) from 

measurements

i=0, Set λ0soil, c0soil

Run simulation

  |Tout_sim   Tout_meas |

reach the minimum 

value?

Yes

λsoil = λi, 

csoil = ci 

λi = λ0soil, 

ci = c0soil

No, i = i+1

Tune λi, ci

 
Figure 6-4 Calculation procedure to determine soil properties for the STES subsystem 
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Table 6-6 Calculated soil parameters according to the thermal response test 

1# BH 2# BH 

λsoil ρcsoil λsoil ρcsoil 

W/m·K 106J/m3·℃ W/m·K 106J/m3·℃ 

1.6204 1.875 1.3514 1.941 

 

During the parameter gathering step, uncertainties of parameters for each subsystem are 

identified as described in Section 4.2.3. Table 6-7 gives an overview of the uncertain 

parameters. 

Table 6-7 List of uncertain parameters for each subsystem 

Subsystems Parameters 

Heating user subsystem (HU) 

Thermal properties of the building envelope, including 

the 

specific heat capacity (c), thermal conductivity (λ) and 

density (ρ) 

Industrial waste heat subsystem 

(IWH) 
Inlet temperature of the industrial waste heat (TIWH) 

Solar thermal subsystem (STS) 
Peak solar energy efficiency (η0), heat gain coefficient 

factors (a1 and a2) 

Borehole thermal energy storage 

subsystem (BTES) 

Thermal conductivity of the soil (λsoil) and the grout 

(λgrout) 

 

6.1.2.2. Model validity 

The validity of the BTES submodel 

The validity of the borehole thermal energy storage model was evaluated through an 

inter-model comparison study and an empirical validation test. The results of the inter-

model comparison study show small differences between the HSRM Modelica model 

from the IDEAS library (Picard and Helsen 2014) and the TRNSYS-DST model (Type 

557) (Hellström 1989) in terms of the simulated injected/extracted heat and outlet water 
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temperature for single borehole cases. The differences for the borefield cases were 

slightly larger but still less than 13% for the injected/extracted heat and less than 4oC for 

the average hourly outlet water temperature. As for the empirical validation test, two 

statistical indices, namely MBE and Cv(RMSE), were adopted to demonstrate the 

discrepancy between the simulation and the measurements. For the hourly heating energy 

injection to the BTES, the values were -4.9% for MBE and 9.7% for Cv(RMSE). All of 

the values were lower than the thresholds in IPMVP (2012), which are ± 5% for MBE 

and 20% for Cv(RMSE). The result of the empirical validation test further enhances the 

credibility of the BTES model. Details of the validation study and results analysis can be 

found in Appendix F. 

The validity of the HU submodel 

The HU submodel was validated by comparing the calculated peak heating load to the 

corresponding design figures of the HU subsystem. According to the simulation results, 

the annual heating demand for the whole district was 3.4 GWh. Peak heating load per 

area varied from 53 W/m2 to 149 W/m2 (67 W/m2 on average) for different buildings, 

which was consistent with the corresponding design parameters (70 W/m2) provided by 

the design team of the living laboratory. 

The validity of the STS submodel 

The simplified solar collector model was validated with the ASHRAE93 solar thermal 

collector model from the Modelica Buildings Library. The ASHRAE93 solar thermal 

collector model was developed according to the ASHRAE93 test standard. The main 

difference between the two models is that the ASHRAE93 model considers an incidence 

angle modifier (IAM). The simulated annual heat generation from the ASHRAE93 model 

and the simplified solar collector model were 4.4 MWh and 4.8MWh respectively. The 

relative difference was 9.5%, which could have impacted the final simulation results. 

Therefore, the influence of the IAM was considered relevant and implemented as a 

parameter uncertainty for further analysis. 

The validity of the IWH submodel 
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The IWH submodel represents the IWH heat source as hot water temperature and flow 

rate, which greatly depend on the measurements in this case. Therefore, no specific 

validation was performed for the IWH submodel. The variance of the parameters was 

addressed in the sensitivity analysis in STEP 2. 

6.1.2.3. STEP 2 Determining model complexity 

Uncertain parameters 

In the heating user subsystem, the uncertain parameters are the 

thermal properties of the building materials. Unlike the constant 

values that are commonly assumed by most BPS tools, the thermal conductivity, density 

and specific heat capacity of the building materials are not stable. They can be influenced 

by many factors, such as the materials’ temperature, moisture, age, etc. (MacDonald 2002). 

This research addresses this issue with the uncertainty analysis method proposed by 

Hopfe (2009). Normal distribution is assigned to all the parameters for the thermal 

properties of the building materials, which cover thickness (d), specific heat capacity (c), 

thermal conductivity (λ) and density (ρ) for the external and internal walls, roof and floor. 

Each uncertain parameter is assigned a mean value (µ) and a standard deviation (δ) 

derived from the literature (Clarke, Yaneske, and Pinney 1990; Hopfe 2009; MacDonald 

2002). Details of the thermal properties can be found in Appendix A. Following Hopfe’s 

method (2009), Latin Hypercube Sampling (LHS) (McKay, Beckman, and Conover 

1979)(McKay, Beckman, and Conover 1979) was used to generate input samples for the 

uncertainty analysis. The sample size of 100 was found to be sufficient for the study. 

Details of how the minimum sample size was determined can be found in Appendix C. 

To further perform the high-low value sensitivity analysis, a 95% confidence interval was 

applied to determine the high and low set of values for the thermal properties based on 

the 100 sampling results. 

The other uncertain parameters and input variables for the IWH, STS and BTES 

subsystems were identified and are listed in Table 6-8. The inlet water temperature 

(denoted by TIWH) of the IWH subsystem from the source side was measured on-site. 
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The default value was the design value. The high and low values were the upper and 

lower boundary if 5% of the values are considered as outliers. Thus, the top 2.5 % and 

the bottom 2.5% were removed to obtain the high-low values. As for the STS subsystem, 

the solar collector efficiency can be uncertain mainly due to measurement errors and the 

curve fitting procedure (Facão and Oliveira 2006; Sabatelli et al. 2002) The uncertainty 

affects the peak solar collector energy efficiency η0 and the two heat gain coefficient 

factors a1 and a2 required in the second-order 3-parameter model that is used in this case 

study. The range of overall uncertainty can be around 15% as stated by the literature 

(Facão and Oliveira 2006) This value can be higher or lower than the default value. In 

addition, since the solar collector type adopted in this case study is tubular, it is possible 

that the efficiency of the solar collector exceeds η0 in the morning and afternoon when 

the sun position is low (incidence angle is beyond 0o). This is due to the cylindrical design 

of tubular solar collectors, which reflect solar radiation onto each other when the sun is 

not perpendicular to the surface of the solar array. This effect is normally addressed by 

Incidence Angle Modifier (IAM). However, IAM was not included in the model adopted 

in this case. IAM differs from product to product and therefore an assumption made in 

this case study was to set IAM to 1.1 as a fair assumption. Thus, the high values and the 

low values for the solar collector efficiency parameters were +25% and -15% against the 

default values. The uncertain parameters for the BTES subsystem were the thermal 

conductivity of the soil and the grout. Since the backfilling material was the soil dug from 

the ground, the thermal conductivity of the grout was set as the same value as the soil. 

The high value and the low value were the calculated soil thermal conductivity for the 

two drilled boreholes from the soil thermal response test, as shown in Table 6-6. 
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Table 6-8 High-low values of the uncertain parameters for the IWH, STS, BTES subsystems 

Parameters Unit Default value High value Low value 

Industrial waste heat subsystem 

TIWH oC 70 83.3 49.83 

Solar thermal subsystem 

η0 1 0.675 0.844 0.5738 

a1 1 -3.5122 -2.634 -4.039 

a2 1 -0.0214 -0.0161 -0.0246 

Borehole thermal energy storage subsystem 

λsoil and λgrout W/(m·K) 1.465 1.6204 1.3514 

Apply the high-low values (OFAT experiments) 

Following the flowchart of the developed approach, the uncertain parameters and 

inputs were examined one-factor-at-a-time (OFAT). The RC values were treated as a 

parameter set, as were the solar efficiency parameters. According to the 

experimental design illustrated in Table 4-1 eight simulation experiments were 

conducted. Step 2 was repeated four times, one time for each of the subsystems. 

Figure 6-5 shows the uncertainty range of each subsystem during operational hours 

of the IWH subsystem in the heating season for different designs using the high-low 

values. Different color bars represent different designs. For the subsystems HU, STS 

and BTES, the results from the designs with larger BTES (D1 and D2) were lower than 

the ones with smaller BTES (D3 and D4). The bars were completely detached from 

each other, similar to the situation illustrated in Figure 4-3 (a). However, when the 

BTES size was the same and the area of solar collectors varied, the results were quite 

close, i.e., comparing D1 and D2 or comparing D3 and D4. Similar to the situation in 

Figure 4-3 (c), the variation caused by the uncertain parameters of these three 

subsystems were small compared to the variation caused by the uncertainties in the 

IWH subsystem. Therefore, we can conclude from here that further investigation is 
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required for the IWH subsystem whereas action for the other three subsystems is 

not necessary. 

Figure 6-5 Influence of the uncertain parameters of each subsystem on the operational hours of IWH 

subsystem in the heating season for different designs using the high-low values 

As described in Section 4.3.2, model complexity of the IWH subsystem can be and 

needed to be increased. Results depicted in Figure 6-6 compares the influence of the 

uncertainties in TIWH on the PI for the four designs by different models for the IWH 

subsystem. By increasing the model complexity to cm,2=4, which represents the model 

generating a one-year-long hourly profile by randomizing an 80-day measured IWH input 

temperature, the uncertainty reduced dramatically for all the four designs. Then the 

uncertainties from the IWH subsystem arrived at the same situation as the other three 

subsystems. No more action was required in terms of changing model complexity for the 

IWH subsystem. 
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Figure 6-6 Uncertainty range caused by TIWH on operational hours of the IWH subsystem in the heating 

season for the four designs predicted by different IWH models 

6.1.3. Decision support-STEP 3 Final decision 

making 

Since the IWH subsystem eventually required a higher model 

complexity than the initial one, the analysis on subsystem 

interaction was required. Full factorial experiments on all the uncertain parameters were 

conducted. The parameter variations settings are listed in Table 6-9. The values for each 

variation were the same as in the OFAT experiments. The first three parameters had two 

values each and the IWH input temperature had 10 different inputs. Each design 

consisted of 80 variations. Total simulation number was 320 for the four designs. These 

simulations were based on the model complexity that was selected through Step 2. 
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Table 6-9 Parameter variations for the evaluation of total uncertainty 

Parameter Value Variations 

RC values High High High High Low Low Low Low 

Peak solar collector 

energy efficiency and 

heat gain coefficient 

Low Low High High Low Low High High 

Soil properties Low High Low High Low High Low High 

IWH input 

temperature 
10 profiles 

Figure 6-7 illustrates the total uncertainty in the operational hours of IWH subsystem 

among the four designs. It is clear that the boxplots of the design D1: Ref and D2: STS3 

are completely detached from the boxplots of the design D3: RefBTES and D4:STS3BTES0.5. 

The whole spreads of the design D1: Ref and D2: STS3 lay below the ones of D3: RefBTES 

and D4:STS3BTES0.5. Therefore, the designs with a bigger storage volume are preferred in 

terms of reducing the operational hours of IWH subsystem. However, similar to the 

situation of Figure 4-6 (c), the relationship between the designs with the same storage 

volume was unclear. Therefore, the Friedman test, a statistical testing method, was 

adopted to conduct a deeper investigation into the results. The Friedman test is a non-

parametric statistical test to detect differences between several related samples (Friedman 

1937) It can be used to check if any group of samples rank consistently lower or higher 

than the other group. A critical p value is needed to decide whether the result is 

statistically significant. Here, p value is set to be 0.05. A smaller p value indicates that at 

least one group-sample median is significantly different than the others. In order to 

identify which groups are significantly different from each other, a post-hoc test is needed. 

This research applies the Bonferroni Method (Bonferroni 1936) which is the only 

available post-hoc test method for non-parametric tests. 
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Figure 6-7 Total uncertainties in operational hours of the IWH subsystem in the heating season for different 

designs 

Figure 6-8 shows the mean of the ranks for each group (design) and the comparison 

intervals based on a critical p value of 0.05. The circle symbols represent the mean of the 

ranks for each group. The interval is represented by a line extending out from the symbol. 

Two group means are significantly different if their intervals are disjointed; they are not 

significantly different if their intervals overlap. In terms of minimizing operation hours, 

design D2: STS3 ranks first, followed by the other three designs. However, the 

differences between design D1 and D2 are not so significant. Therefore, the final decision 

on which design to choose lay in the stakeholder’s hands and could be influenced by 

other performance indicators, for example the operational costs or investment costs, 

which were not considered in the analysis. 
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Figure 6-8 Mean of the ranks and comparison intervals for the four designs 

6.2. Effect of future scenarios on an existing district heating 

and cooling system (ATES-DHC TU/e case)2 

To demonstrate the implementation of the VV&T procedure and the developed 

modeling and simulation approach, another use case is illustrated. This use case explored 

the effect of future scenarios on an existing district heating and cooling system located 

on the campus of Eindhoven University of Technology (TU/e). TU/e has aquifer 

thermal energy storage (ATES) installed on the campus, which is one of the largest ATES 

in Europe (Behi et al. 2014). The ATES is integrated in the district heating and cooling 

system (DHC) of the university to provide heating and cooling to the connected buildings 

2 This use case was partly inspired by a collaboration with a PDEng thesis project in the same 
research group of the author. Details regarding the operations of the ATES-DHC system and the 
operation strategies of the Atlas building can be found in (Kyrou 2019). 
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on the TU/e campus. The operational principle of the ATES is depicted in Figure 6-9. 

The ATES-DHC system provides direct cooling (~ 9 oC) from the cold wells and low-

temperature heat (~ 15 oC) for the evaporators of heat pumps from the warm wells. The 

groundwater acts as the heat transfer fluid in this system. The ATES-DHC system is 

managed by the Real Estate Management (Dienst Huisvesting) of TU/e. Nineteen 

buildings are currently connected to the ATES-DHC system for heating and cooling. 

Figure 6-9 The operational principle of an aquifer thermal energy storage, adapted from (Bonte 2013) 

An imbalance issue occurs to the ATES-DHC system on the TU/e campus due to the 

high cooling demand from laboratories and office buildings. However, according to the 

Dutch policy on ATES systems, an annual balance between heat and cold extraction 

from the subsurface is required for a high-quality and reliable ATES system (DUTCH 

ates 2016). Therefore, two cooling towers operates in the TU/e’s system all year round 

to actively balance the ATES system. The operation of the cooling towers results in an 

electricity consumption of 310 MWh annually (based on the 2018 measurements). Since 

the cooling towers are mainly operated in winter when heating is dominated, the 
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additional electricity consumption of the cooling towers results in a reduction of the 

coefficient of performance (COP) of heating supply from 20 to 13 (Meulen 2019). 

Since the university has the ambition to be fifty percent energy neutral in 2030, the 

university is actively pursuing energy savings in order to achieve their ambition. The 

operation of the cooling towers to balance the ATES system clearly hinders the 

realization of the university’s sustainability ambition. Thus, the Real Estate Management 

of the university is pursuing solutions to reduce the use of the cooling towers and achieve 

a thermally balanced ATES system. Several solutions have been investigated in previous 

research. Behi et al. proposed to install a centralized CO2 Trans-critical heat pump to 

cover peak heating demands and replacing the cooling towers. The implementation of 

the centralized heat pump would have resulted in 612 tons of CO2 emission reduction 

and energy cost saving of €152,700 per year (Behi et al. 2014). Kyrou investigated the 

potential contribution of reducing the use of the cooling towers by connecting the newly 

renovated Atlas building to the ATES-DHC system. Results showed that the annual load 

of the cooling towers could be reduced by 11%, leading to a saving of €5,000 per year on 

the operational cost of the cooling towers (Kyrou 2019). The above research projects did 

not consider the effect of future scenarios, which is the aim of this case study. 

6.2.1. Problem definition 

As Balci (1994) states, in the life cycle of a simulation study all simulation studies start 

with a communicate problem identified by a decision maker. In this case, the Real Estate 

Management team of TU/e would like to know  

if the capacity of the ATES-DHC system on the TU/e campus is large enough considering 

future scenarios and taking the sustainability ambition of TU/e into account.  

In the previously stated communicated problem, two aspects were not clear and specific 

enough for further analysis, i.e.., future scenarios and sustainability ambition of TU/e. A 

problem formulation process is required to translate the initial communicated problem 

into formulated problem(s) to enable specific research to be conducted. Future scenarios 

mainly refers to future climate change, i.e. global warming. As illustrated in the previous 
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paragraphs, the ATES system has higher cooling demand than heating demand. As 

climate trends tend towards a warmer future, cooling demand will increase, thereby 

exacerbating the balancing issue. Besides, a cooling tower can only operate when the 

outdoor temperature is lower than the operation temperature, in this case (6 oC) since a 

cooling tower uses evaporative cooling to exchange heat from water to the outdoor air. 

The future climate change will therefore reduce the operational hours of the cooling 

towers. Thus, as for the sustainability ambition of TU/e, the ‘real’ requirement is not to 

increase or even reduce the use of cooling tower.  

Summing up the problem formulation process, the problem can be formulated as follows: 

Without increasing the use of cooling tower, is the capacity of the ATES on TU/e campus 

enough under future climate change?  

To be more specific on the capacity of the ATES, what would be the effect of the future scenarios 

on the temperature of the ATES? 

Since the formulated problems require predicting heating and cooling energy needs from 

the ATES-DHC system to the buildings on campus according to future climate change, 

and the temperature of the ATES is of interest as one of the outputs, simulation is the 

only possible technique to conduct the investigation. 

Further investigation of the studies system was then conducted. Firstly, the future climate 

scenario was investigated. The Royal Netherlands Meteorological Institute (Koninklijk 

Nederlands Meteorologisch Instituut in Dutch, also referred as KNMI) regularly creates 

new climate scenarios based on the same sources as the Intergovernmental Panel on 

Climate Change (IPCC). The KNMI climate scenarios can be seen as a translation of the 

global IPCC scenarios to the Netherlands and therefore they have a comparable 

appearance cycle of approximately six years. The most recent are the KNMI’14 scenarios, 

which are based on the 5th IPCC Assessment report (IPCC 2013). The four KNMI’14 

scenarios differ in the extent to which the global temperature increases (‘Moderate’ and 

‘Warm’) and the possible change of the air circulation pattern (‘Low value’ and ‘High 

Value’). The KNMI’14 climate scenario WH was chosen for the investigation. The WH 
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scenario has a ‘Warm’ global temperature increase and ‘High Value’ of the change in the 

air circulation pattern. The reason for choosing the WH scenario out of the four 

KNMI’14 climate scenarios is that WH scenario has the hottest summers, and therefore 

the largest demand for cooling. Key figures of the chosen climate scenario are listed in 

Table 6-10.  

Table 6-10 Key figures of the KNMI’14 climate scenario WH in 2050 

Key figures Temperature rise (oC) 

Global temperature +2 

Mean temperature in winter +2.7 

Mean temperature in spring +2.1 

Mean temperature in summer +2.3 

Mean temperature in autumn +2.3 

To implement the climate scenario in predicting heating and cooling demand of TU/e 

campus, this research adopted the KNMI time series transformation tool (KNMI 2014) 

to generate time series consistent with the chosen scenario. The transformation tool 

applied a pragmatic linear percentile scaling (Bakker and Bessembinder 2012) to 

transform a historical time series, the daily average temperature of Eindhoven between 

1981-2010 in this case, into a time series (2036-2065) representative of the climate 

scenario.  

In addition to the future climate scenario, a couple of buildings have been or will be 

renovated in recent and coming years. The main building of the TU/e (Atlas) has been 

renovated and commended as the world’s most sustainable education building according 

to the BREEAM building certification system. The Atlas building has been connected to 

the ATES-DHC system since its operation in the beginning of 2019. Three more 

buildings (Gemini-Zuid, Gemini-Noord, and Laplace) are going to be renovated on a 

phased basis from 2021-2025. The energy performance requirement for these three 

buildings have been designed to be the same as in the Flux building (Meulen 2019). 
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Figure 6-10 The schematic of the connections among the buildings, wells, cooling towers, and the central 

ring of the ATES-DHC system on the TU/e campus 

As a part of the system investigation, the operation details of the ATES-DHC system were 

also reviewed. The ATES-DHC system consists of three cluster of cold wells and three 

cluster of warm wells. Each cluster contains eight wells. At the time of the research, two 

clusters of cold wells and two clusters of warm wells were in operation, which amounts 

to 32 wells in total. Each well is equipped with a submerged borehole pump to extract 

groundwater from the aquifer and two injection valves to inject water to the aquifer. The 

buildings on the TU/e campus are connected to the ATES-DHC system through two 

central distribution rings, one warm ring and one cold ring, as depicted in Figure 6-10. 

Different from conventional district heating and cooling networks in which heat carriers 

always run from heating or cooling supply sources to the end users in the supplying pipes 

and return in the opposite direction in the returning pipes, the flow direction in the 

central rings are actually bi-directional and determined by pressure setting for the rings 

and the buildings. As such, heating and cooling is available all year round (Snijders and 

van Aarssen 2003). For each end user (building), a delivery station is equipped to get 

Two cooling 
towers

Two central 
distribution rings

Cold wells Warm wells

… 
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heating and cooling energy from the rings. The delivery station normally includes pumps, 

valves, heat exchanger and/or heat pumps, and other mechanical components. The main 

components of the delivery station in cooling and heating operation mode are shown in 

Figure 6-11 and Figure 6-12. The temperature in the cold wells and the cold ring ranges 

from 8 oC to 11 oC annually with an annual average temperature of 9 oC according to the 

measurement of the year 2016. The temperature in the warm wells and the warm ring is 

14 oC to 16 oC with an annual average of 15.1 oC. Temperatures of the distribution 

network are monitored on an hourly basis at the connection point between the central 

rings and the clusters of wells. Therefore, the extraction temperature can be seen as the 

well temperature, and the injection temperature can be seen as the temperature in the 

rings at the specific position. 

6  
Figure 6-11 ATES system schematic of the cooling operation mode including the building demand side 

(Kyrou 2019) 
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Figure 6-12 ATES system schematic of the heating operation mode including the building demand side 

(Kyrou 2019) 

The pressure in the two rings is kept constant (250 kPa) to prevent groundwater from 

degassing and cavitation in pumps. Therefore, the modeling of the system does not 

consider calculating pressure during the simulation. 

In summary, the ATES-DHC TU/e case investigated if the current capacity of the 

ATES-DHC system was sufficient considering the effect of the future climate change 
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without increasing or even reducing the use of the cooling tower. The most extreme 

climate scenario KNMI’14-WH was adopted to represent the worst scenario. The 

buildings to be renovated also needed to be considered in the analysis. Pressure of the 

system is not necessary to be included in the models due to the constant pressure in the 

rings. 

6.2.2. Model development of the ATES-DHC TU/e case 

6.2.2.1. STEP 1 Initial Settings 

Define the design space 

Based on the outcome of the system investigation, the following 

designs regarding how buildings are connected to the ATES-DHC 

system on TU/e campus were taken into account for the analysis. 

The design D0 - Baseline represents the current system configuration under the 2050 (the 

period of 2035-2065) climate scenario. The design D1 – AddAtlas represents the situation 

when the newly renovated Atlas building is added to the current system configuration. 

In addition, the design D2 – BldRenovation includes Atlas and the other three buildings 

(i.e.., Gemini-Noord, Gemini-Zuid, and Laplace) to be renovated in the 2021-2023 

period. 

In addition, two operational strategies of the cooling towers were considered. One is the 

As is design to represent the current operation status. The mass flow rate of the cooling 

towers was kept the same as current and operational hours of the cooling tower were 

compensated with outdoor temperature changes. As illustrated in section 6.2.1, the 

cooling tower can only operate when outdoor temperature is lower than 6 oC. This also 

means that with the trend of temperature rising in the future, the time that the cooling 

towers can be operated will decrease, which will also result in a decrease in the electricity 

consumption of the cooling tower. The As is designs considers this situation and adapts 

the flow rate of the pump to compensate the loss in the operation hours of the cooling 

towers. Another operational strategy BalanceCT is to balance heating and cooling energy 

extracted from the ATES annually. Table 6-11 a summary of the designs. 
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Table 6-11 Definition of the designs investigated for the ATES-DHC TU/e case 

Designs Buildings connection Cooling tower operation 

D0-1 
Baseline, current system configuration as in 

2016 and 2017 

As is, current cooling tower 

operation status as in 2016 and 

2017 

D1-1 AddAtlas, add the Atlas building 

As is, current cooling tower 

operation status as in 2016 and 

2017 

D2-1 
BldRenovation, renovate another three 

buildings and add to the system 

As is, current cooling tower 

operation status as in 2016 and 

2017 

D0-2 
Baseline, current system configuration as in 

2016 and 2017 

BalanceCT, Balance heating and 

cooling annually 

D1-2 AddAtlas, add the Atlas building 
BalanceCT, Balance heating and 

cooling annually 

D2-2 
BldRenovation, renovate another three 

buildings and add to the system 

BalanceCT, Balance heating and 

cooling annually 

Define the performance indicators 

Three performance indicators are defined in this case study. The temperatures of the 

warm and the cold wells are used to check if the predicted results are within the desired 

range which is 14-16 oC for the warm wells and 8-11 oC for the cold wells. It is worth 

noting that the intention of adopting this performance indicator is not for the 

comparison of designs. The annual electricity consumption of the cooling towers is used 

to compare the performance among designs. 

Choose the minimum model complexity 

Model of the building heating and cooling energy 

There were 15 buildings connected to the ATES-DHC system on the TU/e Campus in 

the years 2017 and 2018. Among these buildings, the student sports center (SSC) and the 

Aurora (AUR) are only connected for heating. The Kennispoort (KP) building only 

requires cooling from the ATES DHC system. The system supplies both heating and 

cooling for the other twelve buildings. Measurements are available on an hourly basis for 
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heating and cooling energy extracted from the ATES for each building. However, due to 

the large unit used in recording the hourly measurements, more than 80% of the data are 

recorded as zero. Therefore, daily heating and cooling energy data is used to develop a 

data driven model, i.e.., energy signature model, for each building. By reviewing the 

correlations between daily heating/cooling energy per area and daily average outdoor 

temperature for each building, decisions were made for each model, e.g.., if separating 

weekdays and weekends was necessary. Figure 6-13 shows examples of a building in 

which daily heating energy per area during weekdays is different from weekends (the 

Metaforum case) and a building with similar patterns during weekdays and weekends (the 

Differ case). This was how all data sources were determined. Table 6-12 and Table 6-13 

show the summary of the data sources for heating and cooling of each building connected 

to the ATES DHC system. 

(a) (b) 
Figure 6-13 Daily heating energy per area over daily average outdoor temperature during weekdays and 

weekends for (a) Metaforum and (b) Differ 
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Table 6-12 Data sources for energy signature for heating 

BLD Name SSC AUD CE AUR MF VRT ST 

Separate weekdays/ weekends N N N N Y Y N 

Source Year 2017 2017 2017 2017 2017 2017 2017 

BLD Name DIF CA FLX CYC 
GEM-

Z 
GEM-

N 
LG 

Separate weekdays/ weekends N N Y N Y N N 

Source Year 2017 2017 2017 2017 2017 2017 2018 

Table 6-13 Data sources for energy signature for cooling 

BLD Name AUD CE MF VRT ST DIF CA 

Separate weekdays/ 
weekends 

N Y Y Y Y Y Y 

Source Year 2018 2018 2017 2018 2018 2017 2018 

BLD Name 
FLX CYC 

CYC-
P 

GEM-
Z 

GEM-
N 

LG KP 

Separate weekdays/ 
weekends 

Y N Y Y Y Y Y 

Source Year 2017 2018 2018 2018 2017 2018 2017 

Using the measurements for each building listed in Table 6-12 and Table 6-13, energy 

signature models were made in the form shown below: 

𝑄
𝐻

= {
𝑝

1𝐻
𝑇 + 𝑝

0𝐻
  , 𝑇 < 𝑏𝑝

𝐻

𝑄
𝐻0

  , 𝑇 ≥ 𝑏𝑝
𝐻

Equation 6.1 

𝑄
𝐶

= {
𝑄

𝐶0  
 , 𝑇 ≤ 𝑏𝑝

𝐶

𝑝
1𝐶

𝑇 + 𝑝
0𝐶    

, 𝑇 > 𝑏𝑝
𝐶

Equation 6.2 

bp represents balance point temperature for energy signature models. T is daily average 

outdoor temperature. H represents heating and C represents cooling. Take heating as an 

example. When daily average outdoor temperature is less than bpH, the daily heating 
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energy is calculated through a first-order polynomial regression model. When daily 

average outdoor temperature is no less than bpH, the daily heating energy is equal to QH0. 

The balance point temperature was determined by minimizing the sum of the RMSE of 

the two fitted curves. 

No measured data was available for the Spectrum building and the four (soon to be) 

renovated buildings (Atlas, Gemini-Noord, Gemini-Zuid, and Laplace). Therefore, the 

model described above could not be directly used for these buildings. The Spectrum 

building has laboratories which consume a significant amount of cooling energy based 

on the historical measurements in 2012 and 2013 (annually data). This demand accounts 

for around 30% of the annual cooling energy of the whole campus. Since no daily 

measurements were available, the daily profile of the Spectrum building was assumed to 

be the same as for the Cyclotron-process (CYC-P), which is also for laboratory use. A 

ratio of annual cooling energy of the Cyclotron-process to the annual cooling energy of 

the Spectrum building was applied to the daily profile. For the Atlas building, the data 

for heating and cooling energy required from the ATES-DHC system was obtained 

through research from Kyou (2019) that investigated operation strategies of the Atlas 

building using a building performance simulation method and to investigate reducing the 

imbalance in the ATES on TU/e campus. The best and the baseline operation strategies 

of the Atlas building were selected for further investigation in this case. Energy signature 

models are then developed use the previously stated simulation data. Regarding the other 

three buildings that to be renovated in 2021-2025, as stated in Section 6.2.1, energy 

performance requirement for these three buildings were designed to be the same as the 

Flux building. Therefore, the models were obtained by normalizing the energy signature 

models of the Flux building by building area and then multiplying them by the building 

area of each of the three buildings, respectively. 

Model of the ATES 

As previously stated in the problem definition processes, the temperature of the ATES 

is of interested. The minimum complexity of the aquifer model was to model the 

injection/production well cluster as a cylinder with an infiltration volume equal to the 
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annual storage volume (Bloemendal and Hartog 2018). The aquifer was assumed to be 

homogeneous with uniform heat capacity combining the effect of both solid and fluid 

part of the aquifer (Doughty et al. 1982).  

Buoyancy flow was neglected since the temperature difference between the injection and 

the original fluids are small. According to the measurements of the year 2016, the 

monthly average temperature difference between the injection and the original fluids was 

less than 0.4 oC for the warm wells and the annual average was 0.17 oC. The number was 

slightly higher for the cold wells, which were 0.02 - 1.9 oC for the monthly average 

temperature difference and 0.5 oC for the annual average. Therefore, the fluid density can 

be assumed to be constant and the flow direction in the aquifer can be assumed to be 

steady radial. 

The heat losses due to groundwater flow is negligible when the velocity is lower than 25 

meters per year (Bloemendal and Olsthoorn 2018). The groundwater flow in the aquifer 

is 15-20 meters per year measured from several drilled wells on the TU/e campus 

(Snijders and van Aarssen 2003). 

According to the assumptions above, each cluster of wells of the ATES could be modeled 

as a cylinder consisting of N segments with the same volume, as illustrated in Figure 6-14. 

Here, the volume of the “cylinder” Vin was equal to one-third of the annual storage 

volume, i.e., the three clusters of warm wells are assumed to be the same and the same 

assumption applies for the three clusters of the cold wells. The flow direction between 

segments is one-dimensional (radial). In each segment, the specific heat capacity was cp_a, 

representing the overall heat capacity of the aquifer. The fluid flows in and out are 

groundwater, which has a steady density and specific heat capacity that do not vary 

against time or temperature. The boundary temperature Tbou was assumed to be constant 

and equalto the annual average outdoor temperature (Kusuda and Achenbach 1965). 

Since the simulation study was conducted for a 30-year situation to avoid sudden 

temperature changes between adjacent years, three-year average outdoor temperatures 

were used and a monotonic interpolation using Steffen’s method (1990) applied to 

smooth the change between values. 
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cp_a, Vin
mbou, cp_w, Tbou

mout, cp_w, Tout

 
Figure 6-14 The conceptual model of the aquifer 

Each of the N volume segments of a well-cluster was modeled as an instantaneously 

mixing volume using the Buildings.Fluid.MixingVolumes.MixingVolume component from 

the Buildings Modelica library (version 6.0.0). The model did not include potential and 

kinetic energy. Pressure drop was also not considered. Figure 6-15 depicts the concept 

of the fluid flows in and out of the ith volume segment of a well-cluster. The subscript i_in 

denotes the fluid flows between the (i-1)th and the ith volume segment and i_out denotes the 

fluid flows between the ith and the (i+1)th volume segment. When i is 1, then i_in represents 

the boundary condition bou. When i is N, i_out represents the outflow of the well cluster 

denoted by the subscript out. 

mi_out, cp_w

 Ti_outmi, cp_a, 
Ti

mi_in, cp_w

Ti_in

 
Figure 6-15 The conceptual model of the ith volume segment of a well-cluster, i=1,2,..,N 

The mass and energy balance of the ith volume segment are described by Equation 6.3-

Equation 6.7. The internal energy U and enthalpy H is assumed to be the same. 
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𝑑𝑚𝑖

𝑑𝑡
= 𝑚𝑖_𝑖𝑛 + 𝑚𝑖_𝑜𝑢𝑡 Equation 6.3 

𝑑𝑈𝑖

𝑑𝑡
= 𝐻𝑖_𝑖𝑛 + 𝐻𝑖_𝑜𝑢𝑡 Equation 6.4 

𝐻𝑖_𝑖𝑛 = 𝑚𝑖_𝑖𝑛𝑐𝑝_𝑤(𝑇𝑖 − 273.15) Equation 6.5 

𝐻𝑖_𝑜𝑢𝑡 = 𝑚𝑖_𝑜𝑢𝑡𝑐𝑝_𝑤(𝑇𝑖+1 − 273.15) Equation 6.6 

𝑈𝑖 = 𝑚𝑖𝑐𝑝_𝑎(𝑇𝑖 − 273.15) Equation 6.7 

where 

m - mass, kg; cp_a - specific heat capacity of aquifer, J/(kg·K); 

t - time, s; T - temperature, oC; 

U - internal energy, J; in - fluid flows in from the previous segment; 

H - enthalpy, J; out - fluid flows out of the ith segment. 

cp_w - specific heat capacity of water, J/(kg·K);    

 

6.2.2.2. Model validity 

The validity of the building heating and cooling energy submodel 

Heating and cooling energy extracted from the ATES for each building was calculated 

using the energy signature model presented in the previous section with the measured 

daily outdoor temperature of Eindhoven (KNMI n.d.) for the years 2012, 2013, 2017, 

and 2018. The relative differences between the simulation and measurements for heating 

ranged from -8.4% to 11.5% and -8.8% to 0.2% for cooling. The impact of the 

discrepancy between simulation and measurements on the performance indicator were 

unknown. Therefore, the influence of the discrepancies was addressed in the form of 

parameter uncertainties. 

The validity of the ATES submodel 

Since the aquifer was modeled as a composition of N segments, the influence of the 

segment number had to be investigated to achieve a reasonable representation of the 
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spatial distribution of the temperature in the aquifer. In this case study, five simulation 

experiments were set to determine the segment number. Results showed that 20 

segments were enough to represent the aquifer in this case study. In addition, the 

simulated monthly average temperature in the cold wells and the warm wells were 

compared against the measurements for the entire year of 2016. The median values of 

the differences between the simulation and measurements were 0.05 oC for the cold wells 

and 0.04 oC for the warm wells. Annual thermal energy and electricity consumption of 

the cooling towers were also compared against measurements from 2016 and 2017. For 

the electricity consumption, the values of the MBE were around ±8% for 2016 and 2017. 

The values of the MBEs for the thermal energy were -9.6% for 2016 and 2.4% for 2017. 

All were within the IPMVP criterion (±20%). 

Details of the validation studies for the building heating and cooling energy submodel 

and the ATES submodel can be found in Appendix G. 

6.2.2.3. STEP 2 Determining model complexity 

Uncertain parameters 

Uncertain parameters of the building heating and cooling subsystem 

and the ATES subsystem are listed in Table 6-14. High-low values 

for the uncertain parameters were identified. For the building heating 

and cooling subsystem, the high-low values of the uncertainties were defined according 

to the discrepancy between the regression of the measurements and the associated 

measured data as depicted in Section 6.2.2. As for the ATES subsystem, four uncertain 

parameters were identified, i.e., the volume of a warm/cold cluster Vin, the initial 

temperature of the warm wells Tini_warm and the cold wells Tini_cold, and the specific heat 

capacity of the aquifer cp_a. As described in the Section Model of the ATES, Vin was equal 

to one third of the annual storage/extracted volume of the ATES. However, this value 

varied due to the changes in heating and cooling demand caused by the variation in the 

outdoor temperature under the future climate scenario. As for the initial well temperature 

Tini_warm and Tini_cold, the starting point of the simulation was unknown due to the future 
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climate scenario. The high-low values were decided using the temperature range of the 

cold and warm wells examined in 2016. The specific heat capacity of the aquifer was also 

quite important since it influences the heat transfer in the aquifer. However, no data was 

found. Therefore, high and low values were applied according to other researchers who 

studied aquifers in the Netherlands and reported in literature. 

Table 6-14 Uncertain parameters and their values of the ATES-DHC TU/e case 

Parameter Unit 
Default 

Value 

High 

value 

Low 

value 
Source 

Building heating and cooling subsystem 

Heating demand 

QH 
- 0 +11.5% -8.4% 

Validated model and 

measurements Cooling demand 

QC 
- 0 +0.2% -8.8% 

ATES subsystem 

Volume of a 

warm/cold 

cluster Vin 

m3 6.35e+05 7.32e+05 6.35e+05 Precalculated data 

Initial 

temperature of 

the warm wells 

Tini_warm 

oC 15.16 16 14 
Measurements of 

2016 

Initial 

temperature of 

the cold wells 

Tini_cold 

oC 8.4 11 8 
Measurements of 

2016 

Specific heat 

capacity of the 

aquifer cp_a 

kJ/(kg·K) 2.4 2.6 2.4 

(Bozkaya et al. 2017; 

Dickinson et al. 2009; 

Sommer 2015) 

Apply the high-low values (OFAT experiment) 

The influence on the performance of the ATES-DHC system caused by the uncertain 

parameters was analyzed through OFAT simulation experiments. Figure 6-16 depicts the 

influence of the uncertainties in QH and QC on the annual electricity consumption of the 

cooling towers. The influence of the uncertainties in QH and QC was very small as 
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represented by the length of the bars depicted in the figure. The differences caused by 

the high-low values ranged from 0.01 MWh to 10 MWh (95% confidence level) with a 

median value around 1 MWh for the cases of QH (as shown in Figure 6-16 (a)) and 0.005 

MWh to 7 MWh (95% confidence level) with a median value around 0.5 MWh for the 

cases of QC. However, the influence from the future climate scenario was much more 

significant. As can be observed from Figure 6-16, the annual electricity consumption of 

the cooling towers varied greatly among different years. For the 21st year and 23rd year, 

the annual electricity consumptions almost doubled compared to most of the other years. 

The difference between the years which had the largest and smallest annual electricity 

consumptions was around 220 MWh for both the cases of QH and QC. Even though the 

results did not reveal any significant difference among the three designs, considering that 

the overall difference caused by the uncertainties in QH and QC was not comparable to 

the variance caused by the future climate scenario, we concluded that the uncertainty in 

QH and QC can be excluded in further investigation. 
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(a) 

(b) 

Figure 6-16 Influence of uncertainties in building heating (a) and cooling (b) demand on the predicted annual 

electricity consumption of the cooling towers on TU/e campus under the 30-year future climate scenario 

As for the ATES subsystem, the influence of the uncertain parameters Vin, Tini_warm, Tini_cold, 

and cp_a on the annual electricity consumption of the cooling towers are listed in Table 

6-15. A 95% confidence interval was used to assess the influence. For the designs when 

the cooling towers are operated as is, denoted by the designs D*-1 in the table, the upper 

points (q0.975) were at the same scale as the ones for QH and QC. However, the median 

values were much smaller, which shows that the overall influence of the uncertainties 

from the ATES subsystem when the cooling towers were operated as is is even weaker 
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than the uncertainties in the building heating and cooling subsystem. On the other hand, 

as for the designs denoted by the designs D*-2, which represented the cooling towers 

operating to balance the annual energy, the influence was stronger for the parameter Vin 

and cp_a. The median value of the differences caused by the uncertainties in these two 

parameters were the same as the upper points (q0.975) respectively in designs D*-1. The 

upper points (q0.975) of the cases of Vin and cp_a with the designs D*-2 were almost one 

fourth of the influence of the climate scenario. 

Table 6-15 Differences in the annual electricity consumption of the cooling towers caused by the uncertain 

parameters of the ATES subsystem for the designs with different cooling tower operation strategies with a 

95% confidence interval, unit: MWh 

Parameters 
D*-1 D*-2 

q0.025 median q0.975 q0.025 median q0.975 

Volume of a warm/cold cluster Vin 0.003 0.3 7 0.3 7 44 

Initial temperature of the warm wells 

Tini_warm 
0 2e-04 20 0 9e-04 33 

Initial temperature of the cold wells 

Tini_cold 
0 2e-04 8 0 7e-04 6 

Specific heat capacity of the aquifer cp_a 0.004 0.2 4 0.2 4 41 

Take the case of cp_a when the cooling towers were operated to balance the annual energy 

as an example to illustrate the influence on the annual electricity consumption of the 

cooling towers. As shown in Figure 6-17, the length of the bars is more visible than the 

ones in Figure 6-16. The bars of the BldRenovation design D3-2 are completely detached 

from the other two designs except for the data in 25th year, which can be treated as an 

outlier. The bars of the Baseline design D0-2 and the AddAtalas design D1-2 still overlap 

a lot. However, since the Atlas building only accounts for 0.2% heating energy and 0.1% 

cooling energy of the whole campus (here only counts the buildings that are connected 

to the ATES-DHC system), the small influence is considered reasonable. 
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Figure 6-17 Influence of uncertainties in the specific heat capacity of the aquifer cp_a on the predicted annual 

electricity consumption of the cooling towers on TU/e campus when cooling towers were operated to 

balance the annual heating and cooling energy under the 30-year future climate scenario 

All in all, the minimum model complexity was enough to make a decision on the design 

option comparison. For the designs when the cooling towers were operated As is (D*-

1), the uncertainties in the parameters of the building heating and cooling energy 

subsystem and the ATES subsystem did not have a significant influence on the 

performance indicator, and thus the variations of the uncertainties were ignored in the 

final decision making. The influential parameters (Vin and cp_a) were retained in the next 

step of the investigation for the designs when the cooling towers were operated to 

balance annual thermal energy (D*-2). 

6.2.3. Decision support-Comparison of design 

options 

According to the previous section, decisions can be made by 

adopting the minimum model complexity in the Step 2A-V. No 
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Figure 6-18 and Figure 6-19 the predicted annual average water temperature in wells for 

the designs D*-1 and D*-2 under the future climate scenario. Overall, both the 

temperatures of the warm and the cold wells were still within the desired range as 

indicated in the range of the y axes of the figures. For the designs when the cooling 

towers were operated As is (D*-1), the temperatures of the warm wells was around 15.5 

oC and the variation caused by the future climate scenario and the uncertain parameters 

was small (less than 0.2 oC). The differences among the three designs were not significant 

for the temperature of the warm wells. The variation of each design for the temperatures 

of the cold wells were much bigger. However, as illustrated in Figure 6-16, the variance 

only arose from the future climate scenario. In addition, when the cooling towers were 

operated to balance the annual energy, the temperatures of the warm wells decreased 

compared to the designs D*-1 and the ranges were larger. This is because the cooling 

towers were operated with a larger flow rate in the balance mode and drew more water 

from the warm wells. Consequently, the temperatures of the cold wells also decreased 

and the ranges became smaller compared to the designs D*-1. The median value of the 

temperatures of the cold wells was almost 1 oC lower than the designs when the cooling 

towers were operated As is. The ranges dropped from around 2 oC to 1.3 oC. The 

variation of the cold wells’ temperature narrowed, which also means that the influence 

of the climate on the temperature of the cold wells reduced in the balance mode. 
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(a) 

(b) 

Figure 6-18 Predicted annual average water temperature in the warm wells (a) and cold wells (b) for different 

designs under the future climate scenario when cooling towers were operated as is 
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(a) 

(b) 
Figure 6-19 Predicted annual average water temperature in the warm wells (a) and cold wells (b) for different 

designs under the future climate scenario when cooling towers were operated to balance the annual energy 
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Figure 6-20 shows the predicted annual electricity consumption for the designs D*-1 and 

D*-2 under the future climate scenario. Obviously, building renovation had no significant 

effect on the annual electricity consumption of cooling towers if they were operated as 

the current situation, which can be expected from the previous study on the uncertain 

parameters. When the cooling towers were operated to balance annual thermal energy in 

the aquifer, the box and whiskers of the results for the design D2-2 appeared lower 

compared to the Baseline design D0-2. Building renovation seems beneficial in reducing 

the electricity consumption of cooling towers. Since the boxes were still overlapped, this 

statement requires further investigation. 

Statistical testing was applied to further confirm the conclusion from the observation of 

the boxplots. Each design was compared to the Baseline design D0-1 or D0-2. Therefore, 

only two groups of data were tested each time. The sample was independent due to the 

different sample size of the groups. The data points of designs D1-* and D2-* were 

doubled compared to the Baseline design D0-1 and D0-2 due to the two operation 

scenarios of the Atlas building. Therefore, a Wilcoxon rank sum test (equivalent to the 

Mann-Whitney U-test) was selected to perform the hypothesis testing. The alternative 

hypothesis states (H1) that the median of Baseline designs (D0-1 or D0-2) is greater than 

the designs D1-* and D2-*. In other words, the designs D1-* and D2-* can reduce the 

annual electricity consumption of cooling towers. The significance level α is 0.05. The p-

value of the hypothesis testing can be found in Table 6-16. Only the design D2-2 had a 

p-value less than α, which means only design D2-2 can reduce the annual electricity 

consumption of cooling towers. The results from the hypothesis testing further confirm 

the previous conclusion from observing the boxplots. 
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(a) 

(b) 
Figure 6-20 Predicted annual electricity consumption of cooling tower for three designs under the future 

climate scenario when cooling towers were operated as is (a) and when cooling towers were operated to 

balance thermal energy annually (b) 
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Table 6-16 Hypothesis testing of the annual electricity consumption of cooling towers 

Design D1-1 D2-1 D1-2 D2-2 

p-value 0.85 0.42 0.84 4.0e-08 

Accept 

H1 

No No No Yes 

 

Figure 6-21 presents a better view showing the benefits of building renovation on the 

reduction of the electricity consumption of the cooling towers. Each boxplot represents 

the difference in annual electricity consumption of the cooling towers between the design 

D2-2 and the Baseline design D0-2 in each year of the 30-year operation. The results show 

the reductions were around 10% to 15% except for the 25th year which can be treated as 

an outlier. 

 
Figure 6-21 Relative electricity consumption of cooling towers for the design D2-2 when cooling towers 

were operated to balance thermal energy annually 

 

6.3. Practical applications 
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With the help of several master and PDEng (Professional Doctorate in Engineering) 

thesis projects, the usability of Balci’s VV&T procedure with the integration of the 

developed modeling and simulation approach was assessed and improved.  

6.3.1. Dienst Huisvesting TU/e project- design of thermal energy 

balancing strategies for the ATES-DHC system on TU/e 

campus 

The Dienst Huisvesting TU/e project aimed to design options for the Real Estate 

Management of TU/e (Dienst Huisvesting) to achieve a thermally balanced ATES-DHC 

system on the TU/e campus, while reducing the use of cooling towers and contributing 

to the university’s targets for future CO2 emissions reductions (Kyou 2019). Two design 

options were evaluated in the project. The first option assessed the contribution of the 

recently renovated Atlas building to the thermal balance of the ATES-DHC system. The 

second design option explored the possibility of exchanging the heat from the ATES 

with drinking water through heat exchangers and/or heat pumps.  

The Dienst Huisvesting TU/e project applied Balci’s VV&T procedure to find fit-for-

purpose approaches to assess the two design options. Figure 6-22 depicts the main 

consideration/activities of each process according to Balci’s procedure for the first 

design option regarding the renovation of the Atlas building. Details regarding the 

analysis of each process can be found in Kyrou’s PDEng thesis report (Kyou 2019). The 

Dienst Huisvesting TU/e project shows that Balci’s VV&T procedure was successfully 

implemented to effectively draw conclusions that could be used by the decision maker, 

i.e., Dienst Huisvesting TU/e. One of the limitations of the project regarding the effects

of climate change scenarios inspired the design options of the second use case in this 

PhD research. 
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Figure 6-22 The fit-for-purpose approach for the design of the operation strategies of the Atlas building in 

relation to the ATES system balancing (Kyou 2019) 

6.3.2. Brainport Smart District project - design of a robust 

concept for the heating system of the Brainport Smart 

District 

The goal of the Brainport Smart District (BSD) project was to assist the energy design 

team of BSD to assess the feasibility of different heating system technologies to reflect 

the principals and initial ideas of BSD (Barcelos 2019). 

The design approach of the BSD project was greatly inspired by Balci’s VV&T procedure, 

especially the problem definition phase. Since the BSD project started in the planning 

phase of BSD, there was no clear requirements for the heating system in BSD. Therefore, 

following Balci’s VV&T procedure, a problem formulation process was conducted to 

translate the general principles and goals of BSD to the requirements of the heating 

system and to further define the key performance indicators. As another outcome of the 

problem formulation process all possible heating technologies that could potentially 
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fulfill the requirements and their related heat sources were listed (as shown in Figure 

6-23). Later on, in the system investigation process, similar to the prescreening study in 

this PhD research, an initial comparison of the heating technologies was conducted to 

select a list of “best-fit heating solutions for BSD. The short-listed heating solutions were 

evaluated in a more detailed manner using EnergyPRO. 

 
Figure 6-23 Overview of the considered heating solutions in the BSD project (Barcelos 2019) 

In summary, a great challenge that Barcelos’s PDEng project faced was the unclearly 

defined requirements of the BSD’s heating system. Balci’s VV&T procedure successfully 

guided the problem definition phase of the BSD project and thus provided the means to 

overcome the challenge. 

6.3.3. The Engie projects 

Engie (previously named Cofely), acting as an outside resource and reviewer of the PhD 

research, provided inputs and guidance on the development of a structural modeling and 

simulation approach to support the decision-making process in the design optimization 

of seasonal thermal energy storage (STES) integrated district heating and cooling (DHC) 

systems. Through several meetings and an interview survey, engineers from Engie 

supported this research in identifying the most relevant design aspects and challenges in 
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designing such systems. Based on these discussions, the focus of this research was 

decided to be the early design phase regarding projects of STES integrated DHC systems. 

The identified challenges led the author to develop a structural modeling and simulation 

approach that employs a whole life cycle validation, verification and testing (VV&T) 

procedure to support the decision-making process. 

Furthermore, a collaboration with Engie in supervising two master thesis projects 

contributed to the development of the approach. Jasper Hofstede's project (Hofstede 

2016) explored the potential of using the simulation tool Dymola to evaluate the 

possibility of storing energy inside a business park to lower the power peak on the grid 

connection. In Alexandros Papageorgiou's project (Papageorgiou 2019), the usability of 

several VV&T techniques regarding the purpose definition phase and model 

development phase were tested in the evaluation of different operation strategies of a 

STES integrated energy system for a multi-functional building. Feedback from Engie and 

the graduation committee on the ATES model developed in the later master project 

provided useful insights into the development of the ATES model in the second use case 

of this PhD research. 

6.4. Discussion and concluding remarks 

This chapter presented two use cases to demonstrate the implementation of the 

developed modeling and simulation approach in Balci’s VV&T simulation procedure.  

The first use case investigated the usability of the VV&T simulation procedure with the 

integration of the developed approach on a retrofitted district heating system. Since the 

majority of the retrofitted system (the heating supply subsystems and the thermal storage 

subsystem) were newly built and no previous measurements of the building heating 

energy use were available, the project phase of this case can also be considered as an early 

design phase. A common restriction of the cases in the early design phase is that many 

input parameters to establish a M&S task are not yet decided. Large uncertainties can 

result from the lack of information about the input parameters, which would pose 

challenges in decision making. The demonstration of the first use case showed that the 
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challenge was successfully tackled by deploying a set of fit-for-purpose models selected 

by the developed modeling and simulation approach. Three of the four subsystems were 

modeled with their minimum model complexity level that fulfilled the objectives of the 

investigated system. Only the IWH subsystem required an increase of its model 

complexity level. It should be noted that the detailed profile model for the IWH 

subsystem indeed requires more information than the simpler models, i.e., hourly 

measured water temperature of the heat source in a period of time (80 days in this case). 

Based on the simulation results, the conclusion could be drawn that increasing the 

number of solar collectors by a factor of 3 showed statistical significance in achieving 

fewer operation hours of the supplementary waste heat source. However, the absolute 

differences between the designs with different numbers of solar collectors were only 

around 30 hours, which is less than 3% of the annual operational hours of the IWH 

subsystem. The decrease in operation hours by only increasing the number of solar 

collectors may not be beneficial if investment costs and operation costs were taken into 

consideration. 

The second use case tested the developed approach in the operational phase of a 

system/project. One major difference between the two use cases is the availability of 

historical measurements. With historical measurements on the energy use of the buildings, 

the minimum model complexity of the building heating and cooling subsystem could be 

reduced to a data-driven model. Compared to physical white-box models, data-driven 

models normally require much less computational time and model preparation time. For 

the second use case, preparing the simple data-driven model, including analyzing the 

measured data set, select and validate the model, took a couple of days, whereas preparing 

a white-box model can inevitably take a few weeks. In addition, by applying the simple 

model, the risk of decreasing fidelity that results from a great number of unknown input 

parameters of the white-box model can also be avoided. By implementing the developed 

approach, the simple data-driven model for the building heating and cooling subsystem 

was considered to be sufficient to provide simulation results and make decisions with 

confidence. From the results, it can be concluded that the ATES would have enough 
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capacity considering the effect of future scenarios even when the cooling towers were 

operated as in the current situation. If the cooling towers were operated to annually 

balance the thermal energy use, 10% to 15% annual electricity consumption reduction 

could be expected solely by retrofitting three more buildings on campus. The simulation 

results imply that all the uncertain parameters for the building and the ATES subsystem 

were not as sensitive as the future climate scenario to the well temperatures and the 

electricity consumption of the cooling towers. However, it should be noted that the 

results were subject to the predictions of the adopted future climate scenario.  

In collaborating with industries through PDEng and master thesis projects, several 

applications implemented (part of) the developed modeling and simulation approach and 

tested its usability. The Dienst Huisvesting TU/e project evaluated the applicability of 

Balci’s VV&T procedure on the same system as in the second use case but for a different 

design purpose. Results reflected that conclusions can be successfully drawn by following 

the VV&T procedure and are useful for the decision maker. The BSD project exploited 

the VV&T procedure and investigated its potential in the project planning phase. It was 

found that the procedure for the problem definition phase was especially useful as a 

guideline to identify the requirements of the M&S study and to define design solutions 

with limited information. The Engie projects mainly assisted as early explorations of the 

simulation tool Dymola and model development. These practical applications, in one way 

or another, contributed to the development of the final approach. 

The demonstration of the two use cases and the practical applications confirm the 

usability of the VV&T modeling and simulation procedure from Balci with the 

integration of the developed modeling selection approach. As a whole life cycle QA 

method, the VV&T embedded modeling and simulation procedure can successfully 

provide confidence in the final decision by ensuring the quality of the outcomes of each 

process in the life cycle of a modeling and simulation task. It then can be concluded that 

the chosen whole-life cycle VV&T procedure is useful for the QA of BPS studies and 

should be employed. In the modeling development processes, applying the developed 
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modeling selection approach results in more efficient models and more effective use of 

the models.
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Chapter 7 Conclusion and future work 

This chapter draws the main conclusions from the implemented VV&T embedded modeling and 

simulation procedure, the developed approach to select model complexity, and the demonstration of use 

cases. limitations and suggestions for future work are also discussed in this chapter. 

 

7.1. Main conclusions 

A systematic procedure embedding VV&T techniques from operations research is 

introduced in this research. Four objectives were defined to meet the aim of this research. 

The following sections discuss whether the objectives were achieved. 

7.1.1. The applicability of the whole life cycle VV&T procedure 

The applicability of the VV&T procedure was analyzed by implementing the procedure 

in the first use case. The corresponding VV&T techniques and how they can be 

implemented in the BPS field are described. The VV&T procedure describes a life cycle 

of a simulation study that consists of three groups of phases; problem definition phases, 

model development phases, and decision support phases. The preliminary analysis 

showed that the problem definition phases and decision support phases of the selected 

VV&T procedure can be directly applied in this research. Theses VV&T techniques are 

useful in assuring the right question is to be answered. In addition, by implementing the 

relevant VV&T techniques, the results can be interpreted with sufficient accuracy and 

effectively communicated to the decision makers. Another important finding from the 

preliminary analysis is the discovery of a lack of a structured approach in selecting the 

appropriate model complexity in the QA of the model development phases.  
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7.1.2. The development of a fit for purpose modeling and 

simulation approach to select model complexity 

The fit for purpose modeling and simulation approach to select the appropriate model 

complexity was successfully developed and was shown to be able to guide the user 

through the model development in a modeling and simulation study. The approach 

comprises the following three parts:  

1. Initial settings, where design options and requirements of the model are defined; 

2. Determining model complexity, where model complexity for each subsystem of the 

investigated system is determined through this iterative step; 

3. Final decision making, where the interaction between subsystems is analyzed.  

A local sensitivity analysis technique (the OFAT method) was applied to quickly identify 

the influential uncertain parameter(s) for each subsystem in the model selection process. 

The iterative model selection process ensures that a more complex model is required only 

when the performance indicator is sensitive to the parameters with uncertain values and 

if no decision can be made from the results obtained by the simplest model set. A higher 

complexity should not be selected if the uncertainty is small (or does not exist) or is not 

influential. 

The last part, final decision making, is to analyze the influence of interactions among 

subsystems. In addition, the results are presented with uncertain ranges by applying a full 

factorial experimental design on the uncertain parameters. As a visual aid technique, a 

box plot is useful to illustrate the results and support decision making. 

7.1.3. The validity of the developed modeling and simulation 

approach 

Two tests were conducted to test the validity of the model complexity selection approach. 

The first test used the same case study illustrated in Chapter 4 but with a different 

performance indicator. This test case demonstrated that different model complexities 
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may be required for different purposes even when applied in the same case study using 

the same assumptions for input variables and parameters. 

The second test compared the results obtained from the implementation of the 

developed approach with the results from all model complexity combinations. The 

results from the second test confirmed that further increasing model complexity did not 

change the decision made by the fit-for-purpose model set. The results also imply that 

under the same confidence interval, no sufficient decision can be made by applying 

simpler models. 

7.1.4. The usability of the developed modeling and simulation 

approach 

The usability of the developed modeling and simulation approach was demonstrated with 

the two use cases and several projects. As a whole life cycle QA method, the VV&T 

embedded modeling and simulation procedure can successfully provide confidence in 

the final decision by ensuring the quality of the outcomes of each process in the life cycle 

of a modeling and simulation task. It then can be concluded that the chosen whole life 

cycle VV&T procedure is useful for the QA of BPS studies and should be employed. In 

the modeling development processes, by applying the developed modeling selection 

approach, an analyst/modeler can use less computational time and model preparation 

time yet still retain the credibility of the final decision. In addition, one can also avoid the 

risk of decreasing fidelity that results from overly complex models. Therefore, the 

developed modeling and simulation approach is mostly suitable for studies in the early 

design phase that require initial insights on comparing different design solutions. As such, 

creating a digital twin of the investigated system is not the intention of the research. 

It should be emphasized that in the design optimization of a STES integrated DHC 

system, the focus of the model selection in a modeling and simulation task should be the 

ability to make a decision with confidence rather than solely reducing uncertain ranges in 

results. 

7.2. Limitations and future work 
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This research focused on the input uncertainties, and the model uncertainties were not 

directly or extensively addressed. Model uncertainties were partially overcome by 

carefully choosing the minimum model complexity for each subsystem. This is done by 

deriving requirements and defining performance indicators from the identified objectives 

and corresponding design options. Validating the selected models against measurements 

or results from other simulation tools can also contribute to reducing model uncertainties. 

However, high quality measurements are not always available, especially for a complex 

system like a STES integrated DHC system. 

There are some restrictions of the developed approach. A model typically consists of one 

or more equations. Variables and parameters are the quantities appearing in the equations 

(Bard 1974). Therefore, the logical sequence of initializing a simulation study is to first 

choose a model and then gather information on the variables and parameters that the 

chosen model requires. However, this is not always the case in real-world projects. The 

minimum model complexity largely depends on the information at hand. Besides, the 

choice of model complexity is sometimes also restricted by the available simulation tools. 

In this research, the complexity level of model was defined in a qualitative way and only 

applied to distinguish the general categories of the different model approaches, such as 

data-driven models and physical-based models, and analytical models and empirical 

models. It was thus difficult to compare the CLs of individual models within each 

category. Appendix A explores the possibility of quantifying the CL of models that are 

developed using objective-oriented languages. In this research, this quantification 

method is applicable to the Modelica models. Researchers have also developed methods 

and indices to quantify CL of models in general (Brooks and Tobias 1996; Du 2016). It 

would be valuable to quantify CL of models, but the applicability of the previously 

mentioned methods requires further research. 

It was noted that the developed modeling and simulation approach to select the fit for 

purpose model complexity was mostly suitable for studies in the early design phase. It 

would be valuable to extend the application scope of the approach to other phases (e.g. 

detailed design phase and operation phase) for STES integrated DHC systems. 
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Uncertainty analysis techniques based on Monte Carlo (MC) simulations and 

optimization through robustness assessment approaches could be interesting options to 

be explored for future work. 

The developed approach is currently implemented in a simulation toolchain using 

MATLAB for setting up simulation experiments and Dymola for modeling and 

simulating the systems. The scripts coded in MATLAB allow users to run simulation 

experiments in batches, but not fully automated. At present, Dymola has to be used to 

compile the model in advance, which means if a more complex model is required, users 

have to manually compile the new model and start the script again. However, there is 

potential to fully automate the approach. A Python package named buildingspy can be 

used to run Modelica simulations using Dymola. Further work is required to transform 

the MATLAB codes to Python codes. 

In conclusion, it should be noted that the developed modeling and simulation approach 

to select the appropriate model complexity is highly adaptable with the development of 

new models and tools. No matter what new features would be added to the approach 

(e.g., fully automation), the ultimate goal of choosing model complexity should always be 

minimizing the overall prediction error regarding the investigated purpose. Moreover, 

quality assurance should always be concerned throughout the entire life cycle of a 

modeling and simulation study, from formulating the problem to making the final 

decisions.
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Appendices 

Appendix A. Quantifying the complexity levels of models using 

objective-oriented languages 

To specify the differences between the models that use objective-oriented languages, a 

model complexity quantification method was adopted in this research. Taking the models 

for buildings as an example, three models were used to test the validity of the developed 

approach. They are all reduced-order models. The complexities of the models differed in 

two aspects, namely the number of thermal zones and the number of elements 

representing (the envelope of) a thermal zone. The simplest building model (CL1) treated 

a building as one thermal zone and the entire building envelope (except for windows) 

was represented by one resistance (R) and one capacitance (C). The CL1 model had 7 Rs 

and 2 Cs. The next level of complexity (CL2) increased the number of thermal zones. 

The number of elements remained the same, but the building was divided into three 

thermal zones; one zone for the top/middle/ground floor. The CL2 model had 21 Rs 

and 6 Cs in total. The most complex building model (CL3) adopted in this research 

represented the building envelope with four elements; exterior wall, roof, floor and 

interior wall respectively. Each building had one thermal zone. The CL3 model had 115 

Rs and 97 Cs in total. 

The differences in model complexities among the models described above are quite clear. 

However, quantifying the model complexities of other subsystems was not as 

straightforward as it was for the building models. Since the system was modeled in 

Modelica, which is an objective-oriented language, model complexity can be quantified 

by the following two metrics defined in (Popovics and Monostori 2016).  

1. M1: highlights the number of modeled objects 
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2. M2: determines the number of connections among the modeled objects.  

Table A-1 presents the model complexity metrics for the models of a single building with 

three model CLs. The differences in complexity between the three models can be seen 

in the differences in the number of Rs and Cs. The numbers of Rs and Cs of CL2 were 

two times higher than CL1. CL3 has 4.5 times more Rs and 15 times more Cs than CL2. 

As for the model complexity indices shown in Table A-1, the component number (M1) 

of CL3 is about two times as much as of CL2 and 1.6 times for the connection number 

(M2). CL2 has 1.5 times more components and 1.7 times more connections than CL1. 

 

Table A-1 Quantification of model complexity for the models of a single building with different levels of 

detail 

 One zone per 

building_1Ele (CL1) 

One zone per 

floor_1Ele (CL2) 

One zone per 

building_4Ele (CL3) 

M1: component 

number 

53 135 266 

M2: connection 

number 

64 174 282 

 

The model complexities of other subsystem models can also be quantified In this way, 

see Table A-2. The numbers of model components (M1) of the whole system 

implementing the three DH models (CL1, CL2, and CL3) are 673, 1165, and 1951. The 

numbers of connections (M2) are 1149, 1809, and 2457. 

Table A-2 Quantification of model complexity for the models of the four subsystems 

 
HE 

STS BTES IWH Auxiliary 
CL1 CL2 CL3 

M1: component 

number 
325 817 1603 104 130 15 84 

M2: connection 

number 
392 1052 1700 300 182 21 

123 
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Appendix B. Thermal properties of materials considered for the 

uncertainty analysis 

Exterior Wall 

 
d 

(m) 

λ 

(W/m·K) 

ρ 

(kg/m³) 

c 

(J/kg·K) 

Reference 

renders and 

screeds 

μ  0.02 0.787 1481 904 (MacDonald 

2002) 

σ  - 0.341 390 125 (MacDonald 

2002) 

clay bricks 

μ  0.37 0.789 1720 837 (MacDonald 

2002) 

σ  - 0.261 301 90 (MacDonald 

2002) 

renders and 

screeds 

μ  0.02 0.787 1481 904 (MacDonald 

2002) 

σ  - 0.341 390 125 (MacDonald 

2002) 
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Floor 

 
d (m) λ 

(W/m·K) 

ρ 

(kg/m³) 

c 

(J/kg·K) 

Reference 

asphalt 

μ  0.003 1.05 2146 1232 (MacDonald 

2002) 

σ  - 0.308 266 431 (MacDonald 

2002) 

renders and 

screeds 

μ  0.03 0.787 1481 904 (MacDonald 

2002) 

σ  - 0.341 390 125 (MacDonald 

2002) 

dense eps slab ins 

μ  0.09 0.025 30 1400 (Clarke et al. 

1990) 

σ  - 0.00875 21 378 (Clarke et al. 

1990) 

renders and 

screeds 

μ  0.03 0.787 1481 904 (MacDonald 

2002) 

σ  - 0.341 390 125 (MacDonald 

2002) 

blast-furnace slag 
μ  0.1 0.16 400 - (Hopfe 2009) 

σ  - - - - - 

reinforced 

concrete 

μ  0.12 1.68 2310 840 (MacDonald 

2002) 

σ  - 0.54 225 90 (MacDonald 

2002) 
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Roof 

 
d (m) λ 

(W/m·K) 

ρ 

(kg/m³) 

c 

(J/kg·K) 

Reference 

asphalt 

μ  0.003 1.05 2146 1232 (MacDonald 

2002) 

σ  - 0.308 266 431 (MacDonald 

2002) 

renders and 

screeds 

μ  0.02 0.787 1481 904 (MacDonald 

2002) 

σ  - 0.341 390 125 (MacDonald 

2002) 

aerated concrete 

μ  0.25 0.267 676 915 (MacDonald 

2002) 

σ  - 0.229 304 241 (MacDonald 

2002) 

renders and 

screeds 

μ  0.025 0.787 1481 904 (MacDonald 

2002) 

σ  - 0.341 390 125 (MacDonald 

2002) 

 

Interior Wall 

 
d 

(m) 

λ 

(W/m·K) 

ρ 

(kg/m³) 

c 

(J/kg·K) 

Reference 

renders and screeds 

μ  0.02 0.787 1481 904 (MacDonald 

2002) 

σ  - 0.341 390 125 (MacDonald 

2002) 

lightweight 

blockwork 

μ  0.12 0.258 695 981 (MacDonald 

2002) 

σ  - 0.04 147 399 (MacDonald 

2002) 

renders and screeds 

μ  0.02 0.787 1481 904 (MacDonald 

2002) 

σ  - 0.341 390 125 (MacDonald 

2002) 

 

Glass 
 

d (m) λ (W/m·K) ρ (kg/m³) c (J/kg·K) Reference 

clear float 3MM 
μ  0.003 1.294 2509 820 (MacDonald 2002) 

σ  - 0.69 105 50 (MacDonald 2002) 
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Appendix C. Determining the minimum sample size for the 

uncertainty analysis of thermal properties of the building 

materials 

Following Hopfe’s method (2009), Latin Hypercube Sampling (LHS) (McKay et al. 1979) 

was used to generate input samples for the uncertainty analysis. The function lhsnorm in 

Matlab was adopted for the Latin hypercube sample from a normal distribution. 

Different sample sizes (25, 50, 100, 150, 200, 300) were studied to determine the 

minimum sample size. The sampling was carried out five times to reduce the stochasticity 

in the sampling generation process. Therefore, 4125 (825 times 5) simulations were 

conducted. The results are shown in Figure C-1. Each bar in Figure C-1 (a) contains five 

numbers, representing the variation of the median value of building heating energy 

among the five sampling runs. The circle represents the median value among the five 

numbers in each bar. The length of the bars significantly decreases when the sample size 

changes from 50 to 100. When the sample size is beyond 100, both the median value and 

the bar length do not change much. In addition, the right side of the figure depicts how 

the five numbers for each sample size deviate from each other. A similar trend can be 

observed. Therefore, the results indicate that the sample size of 100 is sufficient for the 

uncertainty analysis in this study. It is worth noting that for the sake of saving 

computational time the study on determining the minimum sample size was conducted 

on the building thermal energy model with an idealized heating system, which was thus 

not connected to the DH-STES system. 
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(a) (b) 
Figure C-1 Variation of the median value (a) and the standard deviation of the median value (b) of building 

heating energy among the five sampling runs in different sample sizes 

 

                

           

 

   

   

   

   

 

 
 
 
   
 
  
 
 
  
  
  

 
 
 

                

           

 

   

   

   

   

 
 
 
   
 
  
 
 
  
  
  

 
 
 



Page | 166 
 

Appendix D. The development of the 1-hour random profile model 

of the IWH subsystem and the determination of the 

minimum simulation repetition number 

This section presents how the 1-hour random profile model of the IWH subsystem was 

developed. The model, denoted by cm,2=4, was used in the first use case (see section 6.1 

and section 4.3) and in the simulation experiments in the validation section 5.3. The 

model was developed based on the measured inlet water temperature of the IWH 

subsystem. The measurements that were adopted in developing the model covered 80 

days, starting from the 15th of September, 2016 and ending on the 3rd of December, 2016. 

Figure D-1 depicts the measured inlet water temperature of the IWH subsystem for each 

day during the upper mentioned period. As can be seen from Figure D-1, the temperature 

distribution of each day varied greatly from each other. Therefore, each of the 80 profiles 

was considered as a different type. A number from 1 to 80 was assigned to each of the 

80 profiles to represent the different types. To extrapolate the 80-day profile to a year, 

365 random numbers from the uniform distribution between 1 and 80 were generated to 

assign the 80 types of measured water temperature to each day of a year. The random 

number generation was then repeated for n times to take into account the stochasticity 

of the model. 
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Figure D-1 Hourly measured inlet water temperature of the IWH subsystem for each day, from 2016/09/15 

to 2016/12/03 

The simulation repetition number n was determined by applying hypothesis testing 

approaches (Feng, Yan, and Wang 2017). Firstly, since the population distribution of the 

simulated performance indicator, operational hours of the IWH subsystem in a heating 

season is unknown, a goodness-of-fit test was conducted to estimate the hypothetical 

population distribution of the simulated operational hours. An assumption was made 

that the population probability distribution could be estimated through 100 simulation 

runs with the stochastic model. As shown in Figure D-2, a normal distribution 

N(1179.4,1584.4) was used to fit the simulated operational hours of the IWH subsystem 

in the heating season. The null hypothesis (H0) to be tested can be stated as the 100 samples 

X is subject to the cumulative distribution function of the normal distribution 

N(1179.4,1584.4). The χ2 statistic Z was used for the test. For this case, p(Z0) is 0.9769, 

which is larger than the threshold to accept H0 (0.05). This implies that the simulated 

operational hours can be represented by a normal distribution with a mean µ of 1179.4 

and a variance σ2 of 1584.4. 
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Figure D-2 Fit normal distribution to the simulated operational hours of the IWH subsystem in the heating 

season 

 

Following the method of Feng et al (2017), the simulation repetition number nr can be 

calculated as follows: 

n𝑟 ≥ (
𝜇𝛼

2
𝜎0

𝐶
)

2

 
Equation 

D-1 

where: 

𝜇𝛼
2
 is upper α/2 quantile of the standard normal distribution N(0,1) 

C is a tolerable deviation from the mean of the population distribution 

Table D-1 lists the calculated simulation repetition number nr with different values of C 

and α. It is obvious that a larger repetition number nr is required when the tolerable 

deviation decreases and when the confidence interval (1-α) increases. In this case, the 

simulation repetition number nr was determined to be 10. With a confidence level of 97.5% 
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and lower, the model can assure the simulated operational hours of the IWH subsystem 

in the heating season are within the range of ± 2.5%µ (1150-1209 hours) with simulation 

runs. 

Table D-1 The simulation repetition number nr with different values of C (range of operational hours) and 

α 

C 

α 

± 10%µ 

(1061-1297) 

± 5%µ 

(1120-1238) 

± 2.5%µ 

(1150-1209) 

± 2%µ 

(1156-1203) 

± 1%µ 

(1168-1191) 

0.1 1 2 5 8 32 

0.05 1 2 7 11 44 

0.025 1 3 10 15 58 
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Appendix E. Prescreening of design options for the Chifeng case 

The potential design options for the Chifeng case includes 32 system designs. The 

following work shows the prescreening step to reduce the design space. Six scenarios 

were considered for the prescreening step to ensure the generalization of screened design 

options. 

Different building insulation levels and weather conditions were considered as scenarios 

for the performance assessment. The current building insulation level is labeled the as is 

scenario. The U value of external walls is 1.28 W/m2K and the U value of windows is 

3.26 W/m2K. Another scenario for building insulation level, labeled current regulation, is 

covered considering possible renovations in the future. The current regulation scenario is 

set to examine buildings in which the thermal properties are in compliance with the 

current design standard for energy efficiency of public buildings (Ministry of Housing 

and Urban-Rural Development of China 2015). As regulated in the standard, U values of 

external walls, floors, windows and roofs are 0.43 W/m2K, 0.43 W/m2K, 2.3 W/m2K, 

0.35 W/m2K, respectively. The weather condition scenarios cover standard weather, 

extreme weather and mild weather. The weather files are derived from Chinese Standard 

Weather Data (CSWD), developed by the Department of Building Science and 

Technology at Tsinghua University and China Meteorological Bureau (2005). The 

weather files are developed for use in simulating building heating and air conditioning 

loads and energy use, and for calculating renewable energy utilization. The typical year 

data (standard), extreme years for maximum solar radiation (extreme) and minimum solar 

radiation (mild) for Chifeng city are adopted. 

Table E-1 Scenario definition 

No. 1 2 3 4 5 6 

Building 

Insulation 

As is As is As is Current 

regulation 

Current 

regulation 

Current 

regulation 

Weather Standard Extreme Mild Standard Extreme Mild 

 

1. Pipe insulation 
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Figure E-1 depicts the total district heating consumption (including distribution losses 

through the pipes) in the heating season for the six scenarios. Different symbols in Figure 

E-1 represent the two design options of pipe insulation levels. The values next to the 

symbols show the peak power for the design options under different scenarios. By 

improving the distribution pipe insulation level to meet the requirements in the current 

design code, the total district heating consumption throughout the whole heating season 

decreases by 20-40 MWh. 

 
Figure E-1 Total district heating consumption (including distribution losses through the pipes) in the heating 

season 

Figure E-2 depicts the hourly peak power of district heating consumption supplied by 

the Industrial Waste Heat subsystem for the six scenarios. The result clearly shows that 

very little difference is caused by improving the pipe insulation level. The difference 

ranges from 0 kW to 20 kW. In other words, the peak power of district heating 

consumption supplied by the Industrial Waste Heat subsystem is not sensitive to the 

change in the distribution pipe insulation level. Similar phenomena can be observed for 

the total district heating consumption supplied by the Industrial Waste Heat subsystem 

in the heating season, as shown in Figure E-3. The change in the IWH subsystem does 

not contribute to the reduction of the total district heating consumption. 

        

         

 

   

    

    

    

    

    

 
 
 
   

 
  
 
 
  
  
  

 
 
 

    
    

    

    
    

    

    
    

    

        

    

              
   

               



Page | 172 
 

The influence of improving the demand-side distribution pipe insulation level on the 

total DH consumption covered by BTES and STS subsystem can be revealed from 

results in Figure E-4 and Figure E-5. The total DH consumption covered by BTES and 

STS subsystem is also not sensitive to the change in distribution pipe insulation level. 

Specifically, for the STS subsystem, there is almost no difference between the two design 

options. 
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Figure E-2 Hourly peak power of district heating consumption supplied by the Industrial Waste Heat 

subsystem 

 
Figure E-3 Total district heating consumption supplied by the Industrial Waste Heat subsystem in the heating 

season 
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Figure E-4 Total district heating consumption supplied by the Borehole Thermal Energy Storage subsystem 

in the heating season 

 
Figure E-5 Total district heating consumption supplied by the Solar Thermal subsystem in the heating season 

In summary, pipe insulation would not influence the results significantly, and is therefore 

is removed for further consideration. 

 

2. Solar thermal collector area and buffer tank sizing 

        

         

 

   

    

    

    

    

    

 
 
 
   

 
  
 
 
  
  
  

 
 
 

        

    

        
    

        

    

        
    

              
   

               

        

         

 

   

    

    

    

    

    

 
 
 
   

 
  
 
 
  
  
  

 
 
 

            
            

              
   

               



Page | 175  

Figure E-6 and Figure E-7 depict the hourly peak power of district heating consumption 

supplied by the Industrial Waste Heat subsystem for the six scenarios. Figure E-6 shows 

the peak power throughout the whole heating season and Figure E-7 shows the peak 

power which covers 90% of the total heating period. The results show no influence by 

only changing the buffer tank sizes, except for scenario 1. By increasing solar collector 

area, the peak power of district heating consumption supplied by the Industrial Waste 

Heat subsystem reduces by 10%-20% if district heating demand needs to be met 100% 

of the time. If 10% of the time is allowed to be considered as an extreme situation that 

is considered unnecessary to cover, then the reduction in DH consumption covered by 

the IWH subsystem increases to 36%. More heating demand can be covered by IWH 

instead of fossil-fuel based heating generations outside of the studied district. Therefore, 

the total carbon emission in the heating sector of Chifeng city can be reduced. 
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Figure E-6 Hourly peak power of district heating consumption supplied by the Industrial Waste Heat 

subsystem during the whole heating season 

 
Figure E-7 Hourly peak power of district heating consumption supplied by the Industrial Waste Heat 

subsystem for 90% of the heating season 

Figure E-8 depicts the total district heating consumption supplied by the BTES 

subsystem in the heating season for the five design options in six scenarios. Again, only 

changing the buffer tank size has no influence on the total district heating consumption 

supplied by the BTES subsystem. Therefore, the design options regarding the solar 
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thermal subsystem remain only two out of five, i.e., 1000 m2 solar collector field with 0.5 

m3 buffer tank and 3000 m2 solar collector field with 2 m3 buffer tank. 

 
Figure E-8 Total district heating consumption supplied by the BTES subsystem in the heating season 

3. Borehole seasonal thermal energy storage sizing 

Figure E-9 and Figure E-10 depict the hourly peak power of district heating consumption 

supplied by the Industrial Waste Heat subsystem for the two BTES sizes in the six 

scenarios. Figure E-9 shows the peak power throughout the whole heating season and 

Figure E-10 shows the peak power, which covers 90% of the total heating period. Results 

reveal that by decreasing BTES size, the peak power of district heating consumption 

supplied by the IWH subsystem that covers 90% of the total heating period increases 

160-170 kW for all scenarios. 
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Figure E-9 Hourly peak power of district heating consumption supplied by the Industrial Waste Heat 

subsystem during the whole heating season 

 
Figure E-10 Hourly peak power of district heating consumption supplied by the Industrial Waste Heat 

subsystem for 90% of the heating season 
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Figure E-11 Total district heating consumption supplied by the IWH subsystem in the heating season 

Figure E-12 shows the total district heating consumption supplied by the STS subsystem 

in the heating season for different BTES size and STS size in six scenarios. The results 

show no difference between the reference case (blue circle) and the case in which only 

the BTES size is reduced (red cross). This indicates that the performance of the solar 

thermal system is not influenced by BTES sizing. 
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Figure E-12 Total district heating consumption supplied by the STS subsystem in the heating season 

Summary 

System performance is not sensitive to distribution pipe insulation level and the size of 

the buffer tank can thus be removed in further analysis. The design space is then reduced 

to four design options. 
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Appendix F. Validation of the BTES submodel 

The system is equipped with various sensors in order to perform measurements during 

operation of the system. The volumetric flow rate and the water temperature were 

monitored and logged on a minute-basis in the distribution pipes connecting the different 

system components. The positions of the sensors are shown in the system scheme in 

Figure F-1. Each black dot represents a sensor. Temperatures (Tin1, Tout1) are measured 

in the main supply and return pipes, as well as in separate pipes before the hydraulic 

manifold (Tout2). The system operational measurements were performed from 28-Aug-

2016 until 18-Apr-2017. 

 
Figure F-1 The scheme of the BTES subsystem with the position of sensors 

Validation through inter-model comparison 

The following section presents the (simulation) experimental design of the inter-model 

comparison of the two BTES models. Two BTES models are compared, i.e., the DST 

model implemented in TRNSYS and the HSRM model implemented in IDEAS Modelica 

library. Two groups of cases were tested under different parameters to analyze the effect 

of borehole heat exchangers’ aggregation. The first experimental group (EXP 1, 2 and 3) 

was designed to test a single borehole. The other experimental group was for a borehole 

field with 468 boreholes. Different operational conditions were considered for each case, 

the preheating operation (inject heat in the first year), the summer operation (inject heat 

under the desired condition) and the winter operation (extract heat). Table F-1 lists the 

parameters of the simulation experiments. Since the TRNSYS-DST model does not allow 

Heat 
Exchanger 

ṁ, Tin1 Tout1 

Tout2 
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multiple storage modules to be connected, the overall control method was chosen to 

operate the BTES subsystem for the inter-model comparison. 

Table F-1 Parameter settings for inter-model comparison on BTES models 

No. Initial 

Tsoil (oC) 

Number of 

the 

boreholes 

Inlet water 

temperature 

(oC) 

Flow Rate 

(kg/s) 

Notes 

EXP 1 12 1 75 0.167 injection, first year 

EXP 2 40 1 75 0.167 injection, desired 

condition 

EXP 3 55 1 25 0.167 extraction 

EXP 4 12 468 75 13 injection, first year 

EXP 5 40 468 75 13 injection, desired 

condition 

EXP 6 55 468 25 13 extraction 

 

Figure F-2 depicts the simulated outlet water temperature (as shown in Figure F-2 (a)) 

and the injected heat (as shown in Error! Reference source not found. (b)) by the two m

odels for the case EXP 1. Blue lines represent simulation results obtained by the 

TRNSYS model and the yellow lines represent simulation results obtained by the 

Modelica model from the IDEAS library. Results from both models show the outlet 

water temperature increased rapidly in the beginning of the heat injection. With 75 oC 

water injected into a single borehole, the outlet water temperature increased by 50 oC and 

reached 62 oC within the first 24 hours. It then gradually increased to 67 oC by the end 

of the heating season.  

As for the comparison between the two models, the TRNSYS model predicted higher 

outlet temperature and thus less injected heat. The difference in aggregated injected heat 

was 5% and the coefficient of variance of the root mean square error (Cv(RMSE)) of 

injected heat was 6.5%. As shown in Figure F-2 (c), for the first few hours only, the 

TRNSYS model predicted much higher outlet temperature than the Modelica model 

from IDEAS library. Then, the difference reduced to 1 oC after 8 hours of operation. 

The average hourly temperature difference of the entire heating season was 0.4 oC.  
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(a) (b) 

 
(c) 

Figure F-2 The comparison of the two models on outlet water temperature (a) and injected heat (b) for EXP 

1 during a non-heating season and outlet water temperature during the first 24 hours (c) 

Figure F-3 depicts the simulated outlet water temperature and the injected heat for the 

case EXP 2. This case represents heat injection for a single borehole under desired 

operational conditions. Similar phenomena can be found as in the case EXP 1. Due to a 

higher initial soil temperature, the outlet water temperature rose more slowly and the 

amount of injected heat was less compared to the first-year-injection case (EXP 1). The 

outlet water temperature reached around 71 oC for both models. The difference in the 

simulation results between the two models was also smaller. The difference in aggregated 

injected heat was 4% and the Cv(RMSE) of injected heat was 5.8%. The average hourly 

temperature difference of the entire heating season was 0.2 oC.  
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(a) (b) 
Figure F-3 The comparison of the two models on outlet water temperature (a) and the injected heat (b) for 

EXP 2 

As for the single-borehole heat extraction case, initial soil temperature was assumed to 

be 55 oC, based on design documents. Stored heat was extracted with a 25 oC water inlet. 

As shown in Figure F-4 (a), outlet water temperature declined drastically in the first four 

hours. Water temperature dropped from 55 oC to 33 oC. The prediction by the TRNSYS 

and the Modelica models was that as the heat extraction proceeded, outlet water 

temperature slowly reduced to 28 oC and 29 oC, respectively. 

  

(a) (b) 

Figure F-4 The comparison of the two models on outlet water temperature (a) and the extracted heat (b) for 

EXP 3 

 

Regarding the borehole field cases, the differences between the two models were more 

significant than in the single borehole cases. In addition, contrary to the single borehole 

cases, the TRNSYS model predicted lower outlet water temperature and a greater amount 
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of injected heat for the borehole field experiments. Take the preheating operation as an 

example, the predicted outlet water temperature and the injected heat are shown in Figure 

F-5. What can be seen in this figure is the rapid increases of the outlet water temperature 

predicted by the Modelica-IDEAS model. The TRNSYS model predicted a much slower 

rise in outlet water temperature in the first few days and a slightly faster rise in the rest 

of the running time. The difference in aggregated injected heat predicted by the two 

models was 12% and the Cv(RMSE) of injected heat was 12.5%. The average hourly 

temperature difference was 3.6 oC. The indices measuring the differences between 

simulation results from the two models for the other two cases are listed in Table F-2.  

  
(a) (b) 

Figure F-5 The comparison of the two models on outlet water temperature (a) and the injected heat (b) for 

EXP 4 

 

Table F-2 Differences between simulation results from the two models for the borehole field cases 

Cases Aggregated 

injected/extracted heat 

(%) 

Cv(RMSE) of 

injected/extracted heat 

(%) 

Average hourly 

temperature (oC) 

EXP 4 - first-year 

injection 

12 12.5 -3.6 

EXP 5 - injection 

under desired 

condition 

12 13.0 -2.2 

EXP 6-extraction 11 11.9 1.6 
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In short, for the single borehole cases, the difference in simulated injected/extracted heat 

was around 5%. The difference in simulated outlet water temperature was much larger 

in the first eight hours, and then reduced to less than 1 oC. The average temperature 

differences were less than 0.5 oC for the three single borehole cases. For the borehole 

field cases, the difference in simulated injected/extracted heat was larger than in the 

single borehole cases but less than 13%. The TRNSYS model predicted lower 

temperature and larger injected/extracted heat. The differences in average hourly 

temperature were less than 4 oC for the three borehole field cases. The results reflect that 

the two models treat the thermal response in borefields differently. 

Empirical validation 

To further assess the credibility of the BTES model, an empirical validation test was 

conducted. The test used the calculated soil parameters to simulate the BTES 

performance and compared the results with measurements. The model for the empirical 

validation test consisted of a timetable component to read inputs, a pump component, a 

BTES component and a temperature sensor component for output. The timetable 

component was used to read the measured flow rate and temperature as inputs. The 

pump component describes an ideal mass source with a prescribed mass flow rate and 

prescribed temperature defined in the timetable component. The HSRM model 

implemented in IDEAS Modelica library was adopted to model the BTES. Finally, the 

fluid temperature leaving the borefield was obtained through the temperature sensor 

component and compared with measurements. 

Figure F-6 (a) compares the simulated and measured outlet water temperature from the 

BTES subsystem throughout the 233-day operation. The time interval is one minute, in 

compliance with inputs. There are several periods when one or more temperature sensors 

were defective. The defection periods were days 5-10, 14-15, 16-17, 21-22, 61-62, 101-

103, and 209-213. Data from the defection periods were excluded for comparison, and 

thus lines in Error! Reference source not found.(a) are discontinuous. The results show t

hat the model succeeded in simulating the pattern of the fluctuation across the 

measurements except for the first five days of operation. The discrepancies between the 
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simulation and measurements reach up to 20 oC in the first five days. However, it is worth 

noting that the system is under commissioning operation in the first five days, therefore 

the measurements may not be reliable. The differences mainly range from 0 oC to 3 oC. 

This range covers more than 80% of the data points. The model predicted higher 

temperatures than the measurements throughout the entire system operation period 

except for several spikes. The sudden drops in outlet water temperature occurred when 

the copper plant was under maintenance, and thus no IWH source was available at that 

time. The model predicted more significant changes when maintenance occurred. Figure 

F-6 (b) displays the variation in temperature difference by means of a boxplot. The 

central mark in red represents the median, and the bottom and the top edges of the blue 

box indicate the 25% and 75% percentiles. The whiskers extend to the largest datum 

within the 1.5 interquartile range (IQR) above the 75% percentile and the lowest datum 

within the 1.5 IQR below the 25% percentile. All other data beyond the range between 

the whiskers are considered as outliers and are not shown in the boxplot. The differences 

between the simulation and the measurements reduced after 110 days of operation. The 

median of the temperature differences was 2.0 oC in the first 110 days and reduced to 0.8 

oC for the following period.  

  
(a) (b) 

Figure F-6 Comparison between simulation and measurements of outlet water temperature (a) and the 

variation in temperature difference (b) 

Figure F-7 provides the correlation between simulated and measured injected heating 

energy on an hourly basis. As expected, most points fall below the diagonal line (in black), 
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which indicates that the simulated injected heating energy is smaller than the 

corresponding measurements. This is simply because the model predicts higher outlet 

water temperature. The other variances affecting the injected heating energy, the flow 

rate and the inlet water temperature, are the same as for the measurements. A simple 

linear regression was performed, shown by the orange line in Figure F-7. The square of 

the correlation coefficient (r2) is 0.974, which indicates the measurements and the 

simulation results have a strong linear relationship. Thus, the precision of the model 

prediction in injected heating energy is quite high. The regression function is shown in 

Figure F-7. If predicted heating energy from the BTES subsystem is of interest, then the 

results can be modified by applying the inverse of the regression function. 

 
Figure F-7 Correlation between measured and simulated hourly injected heating energy 

This study adopts the strictest thresholds for hourly calibration from the International 

Performance Measurements and Verification Protocol (IPMVP) (IPMVP Committee 

2002). As listed in Table 3-1, IPMVP defines the thresholds as ±5% for the MBE and 

20% for the Cv(RMSE). For the hourly heating energy injection to the BTES, the values 
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are -4.9% for MBE and 9.7% for Cv(RMSE). All of the values are lower than the 

threshold in IPMVP (2012).  

The discrepancy between the measured and the simulated data may be caused by two 

main reasons; simplifications and assumptions during modeling, and/or uncertainties in 

measurements. The following content gives an insight into the measurement uncertainty. 

The measurements used for the test covered 7 months and 21 days, from 28-Aug-2016 

to 18-Apr-2017. Figure F-8 shows the measured water temperature in the six separate 

return water pipes (Tout2 in Figure F-1) before the manifold. Due to page limitation and 

for a better visualization, only the data of two typical weeks in the third month and two 

typical weeks in the sixth month are presented here. Water temperature did not distribute 

evenly among the six parallel storage partitions. The differences between the highest and 

the lowest were around 5 oC in the first three months and reduced to 1 oC from the fifth 

month of system operation. The average value of the temperature differences among the 

six pipes was about 1.5 oC. 

  
(a) (b) 

Figure F-8 The maximum, minimum and average water temperature measured in the separate pipes before 

the manifold 
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Appendix G. Model validity of the ATES-DHC TU/e case 

Validation of the building heating and cooling energy model 

Heating and cooling energy extracted from the ATES for each building is calculated using 

the energy signature model with measured daily outdoor temperature of Eindhoven 

(KNMI n.d.) for the years 2012, 2013, 2017, and 2018. Error! Reference source not f

ound. shows the comparison between the measured and the simulated results for annual 

heating and cooling energy. Noted that not all buildings are included in the data showed 

in Figure G-1. It only includes the data for the buildings for which both measurements 

and predictions are available. From the comparison, we can tell that the differences 

between the measured and the simulated annual heating and cooling energy are small. 

The differences compared to the measurements for heating range from -8.4% to 11.5% 

over the years. For cooling, the differences are from -8.8% to 0.2%.  

  
(a) (b) 

Figure G-1 Comparison between measured and simulated annual (a) heating and (b) cooling energy  

Figure G-2 depicts the predicted annual heating and cooling energy extracted from the 

ATES for the WH 2050 scenario over a 30-year time period. Heating energy is presented 

in orange and cooling in blue. It is clear to see that the ATES system provides more 

cooling than heating. The imbalance increases throughout the 30-year time period, which 

is not a favorable situation for the ATES system.  
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Figure G-2 Predicted annual heating and cooling energy extracted from the ATES for the WH 2050 scenario 

From the data in Error! Reference source not found., we can see that the predicted a

nnual cooling energy extracted from the ATES has a sudden drop in 2051 and the annual 

heating energy peaks at the same time. This phenomenon results from the climate data 

that was tranlated into the future climate scenario. The daily average temperature of 1996 

was used to calculate the climate of 2051. As depicted in Figure G-3, the daily average 

temperature of 1996 is lower than the year of 1995 and 1997, which leads to a similar 

situation as 2051. The low temperature in both summer and winter results in a lower 

cooling demand and a higher heating demand. 
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(a) 

 
(b) 

Figure G-3 Daily average temperature distribution in summer (a) and winter (b) in 1995, 1996 and 1997 

 

Figure G-4 and Figure G-5 show the comparison of the predicted annual heating and 

cooling energy with the measurements from the previous years. It is noted that the 

measurements shown in these two figures are slightly different from the ones displayed 

in Figure G-1. The measured data in Figure G-4 and Figure G-5 contain all buildings that 
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are measured in that year. From Figure G-4, we can find that the median value of the 

predicted annual heating energy for the WH climate scenario is similar as in 2017 and 

2018. It ranges from 6.0 GWh to 8.2 GWh. Predicted annual cooling energy for the WH 

climate scenario ranges from 11.2 GWh to 14.7 GWh.  

 
Figure G-4 Annual heating energy provided by ATES for the TU/e campus, measured data for the years 

2012, 2013, 2017 and 2018; predicted for the WH climate scenario 

 
Figure G-5 Annual cooling energy provided by ATES for the TU/e campus, measured data for the years 

2012, 2013, 2017 and 2018; predicted for the WH climate scenario 

It is worth noting that the predictions for the annual cooling energy in the WH climate 

scenario are significantly higher than the measured data for the years 2012, 2013, 2017 
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and 2018. However, it does not necessarily mean the temperature in the 2036-2065 period 

will be higher than the current situation. Actually, summer in 2018 is warmer than most 

of the predicted summer in the WH 2050 climate scenario. This can also be reflected in 

the annual cooling energy as shown in Figure G-6. The prediction shown in Figure G-6 

exclude the data of the Spectrum building to remain consistent with the measurements 

in 2018. In this way, the measured annual cooling energy in 2018 is similar to the median 

value of the prediction for the WH climate scenario. 

 
Figure G-6 Annual cooling energy provided by ATES for the TU/e campus, comparing the measured data 

of 2018 and the predicted for the WH climate scenario excluding the Spectrum building 

Validation of the ATES model 

As described in Section 6.2.2, the aquifer is modeled as N segments of instantaneously 

mixing space with the same volume size. There is no temperature distribution in each 

segment. Therefore, the number of segments should be carefully decided to achieve a 

reasonable representation of the spatial distribution of the temperature in the aquifer. A 

simulation experiment was conducted to analyze the influence of the segment number. 

Measurements of weather data and energy extracted from the ATES in the year 2016 are 

adopted in the simulation. The studied segment numbers are 1, 5, 20, 50 and 100. Figure 

G-7 shows the simulated average temperature in the aquifers with different segment 
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numbers. It is clear that by increasing the segment number, the amplitude of the average 

temperature in the aquifer increases. The temperature from February to August decreases 

and increases during the rest of the year when the segment number increases. However, 

when the segment number reaches 20 and higher, the influence of the segment number 

on the average temperature in the aquifer becomes insignificant.  

Figure G-8 depicts the distribution of the hourly average temperature difference between 

the simulation experiments with adjacent segment numbers, i.e., the difference between 

1-segment and 5-segment (ΔT5,1), the difference between 5-segment and 20-segment 

(ΔT20,5), etc. The sizes of the boxes and the distances between the whiskers decreases 

along with the increase of the segment numbers. The absolute difference in hourly 

average temperature in the aquifers caused by the increase of segment number is smaller 

than 0.1 oC when the segment number is 20 and above. The box-and-whisker plots 

further confirm that 20 segments are enough to represent the aquifer. 
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(a) 

 
(b) 

Figure G-7 The simulated average temperature in the cold aquifer (a) and the warm aquifer (b) with segment 

number of 1, 5, 20, 50,100 
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(a) 

 

 
(b) 

Figure G-8 The distribution of the hourly temperature differences in the cold aquifer (a) and the warm aquifer 

(b) caused by the increase of the segment number 

The simulated monthly average temperature in the cold wells and the warm wells are 

compared against measurements, as depicted in Figure G-9. The absolute differences 

between the simulation and measurements range from 0.05 oC to 1.2 oC for the cold wells 
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with a median value of 0.3 oC. For the warm wells, the absolute differences between the 

simulation and measurements are smaller than the ones for the cold wells. The absolute 

differences range from 0.04 oC to 0.6 oC with a median value of 0.2 oC.  

 
(a) 

 

 
(b) 

* Measurements were collected for the entire year of 2016 

Figure G-9 Comparison of simulated and measured* monthly average temperature in the cold wells (a) and 

warm wells (b) 

It is worth noting that the amount of water extracted from the cold and warm wells varies 

along with the heating and cooling demand of the buildings. In the warm months (from 

May to September) when cooling demand is high, the amount of water extracted from 

the cold wells is much larger than in the cold months (October to March). The water 
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extracted from the warm wells works in the opposite way. Therefore, the difference 

between the simulation and the measurements has a different effect on the prediction of 

the heating energy removed by the cooling towers and the power consumption of the 

cooling towers. This makes it more reasonable to assess the weighed difference between 

the simulation and measurements. Table G-1 lists the weights for the difference between 

simulated and measured monthly average temperature of the cold and warm wells based 

on the ratio of the measured monthly volume of the extracted water flow of each month 

to the maximum measured monthly volume of the extracted water flow of 2016. The 

maximum measured monthly volume of the extracted water flow occurred in September 

for the cooling application and December for the heating application. 

Table G-1 Weights for the difference between simulated and measured monthly average temperature of the 

cold and warm wells 

Month Jan. Feb. Mar. Apr. May. Jun. Jul. Aug. Sep. Oct. Nov. Dec. 

Cold 0.03 0.02 0.02 0.12 0.49 0.70 0.94 0.93 1.00 0.18 0.05 0.02 

Warm 0.84 0.97 0.97 0.58 0.19 0.03 0.02 0.02 0.03 0.41 0.84 1.00 

 

In Figure G-10, the absolute differences between the simulated and measured monthly 

average temperature and the ones that applied the weights listed in Error! Reference s

ource not found. are displayed. For the cold wells, the biggest discrepancy between the 

simulation and measurement happens in November (which is 1.2 oC) but the weight is 

only around 0.05. The weighted temperature difference for the cold wells in November 

then decreases to 0.05 oC. The same applies the monthly temperature difference in 

October, December, January, February and March. The weighted temperature 

differences are less than 0.05 oC. By applying the weights, the median of the differences 

between the simulation and measurements reduced to 0.05 oC with an average of 0.2 oC 

for the cold wells and a median value of 0.04oC with an average of 0.15 oC for the warm 

wells. 
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(a) 

 
(b) 

* Measurements were collected for the entire year of 2016 

Figure G-10 The absolute (diagonal strips) and the weighted (solid) difference between the simulated and 

measured* monthly average temperature in the cold wells (a) and warm wells (b) 

Table G-2 listed the measured and simulated annual thermal energy and electricity 

consumption of the cooling towers for the year 2016 and 2017. Mean Bias Error (MBE) 

is used to assess the validation and calibration performance of the model. Equation 3.1 

defines how MBE is calculated according to the International Performance Measurement 

and Verification Protocol (IPMVP Committee 2002). In the same report, the acceptance 

criterion of MBE is set to be ±20% for monthly calibration. The number of regression 

parameters p is 2 for the electricity consumption. As for the thermal energy, p equals 0 
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since no regression has been performed. As listed in Error! Reference source not f

ound., the MBE of electricity consumption and thermal energy of the cooling towers in 

both 2016 and 2017 ranges from -9.6% to 2.4%, which are within the IPMVP criterion 

of ±20%. 

Table G-2 Measured and simulated annual thermal energy and electricity consumption of the cooling towers 

 
Electricity consumption (MWh) Thermal energy (MWh) 

2016 2017 2016 2017 

Measured 241.06 178.35 5634 4187 

Simulated 224.58 189.90 5096 4289 

Mean Bias Error 

(MBE) 
-8.2% 7.8% -9.6% 2.4% 

 

Overall, the discrepancy between the simulated monthly average temperature and the 

measurements is quite small. The simulated results follow the same trend as the 

measurements. The MBE of monthly electricity consumption and thermal energy of the 

cooling towers are within the range of ±20% suggested by IPMVP. Therefore, it can be 

concluded that the model is valid to predict the temperature in the wells and the annual 

electricity consumption of the cooling towers. 



Page | 202 
 

References 

Aalborg University. n.d. “EnergyPLAN: Advanced Energy System Analysis Computer 
Model.” 

Abuasbeh, Mohammad, José Acuña, and Björn Palm. 2018. Aquifer Thermal Energy Storage-
Insight into the Future. Stockholm. 

Allegrini, Jonas, Kristina Orehounig, Georgios Mavromatidis, Florian Ruesch, Viktor 
Dorer, and Ralph Evins. 2015. “A Review of Modelling Approaches and Tools for 
the Simulation of District-Scale Energy Systems.” Renewable and Sustainable Energy 
Reviews 52:1391–1404. 

Alonso, William. 1968. “Predicting Best with Imperfect Data.” Journal of the American 
Planning Association 34(4):248–55. 

Ancona, M. A. A., L. Branchini, A. De Pascale, and F. Melino. 2015. “Smart District 
Heating: Distributed Generation Systems’ Effects on the Network.” Pp. 1208–13 
in Energy Procedia. Vol. 75. Elsevier B.V. 

ANSI/ASHRAE. 2002. ASHRAE Guideline 14-2002 Measurement of Energy and Demand 
Savings. Atlanta, GA, US: American Society of Heating, Refrigerating and Air-
Conditioning Engineers (ASHRAE). 

ASHRAE. 2001. ASHRAE STANDARD 140-2001, Standard Method of Test for the 
Evaluation of Building Energy Analysis Computer Programs. Atlanta, GA: American 
Society of Heating, Refrigerating, and Air- Conditioning Engineers. 

ASHRAE. 2010. ANSI/ASHRAE 93-2010 - Methods of Testing to Determine the Thermal 
Performance of Solar Collectors. 

Baetens, R., R. De Coninck, F. Jorissen, D. Picard, L. Helsen, and &. D. Saelens. 2015. 
“OpenIDEAS-an Open Framework for Integrated District Energy Simulations.” 
Pp. 347–54 in Proceedings of BS2015: 14th Conference of International Building Performance 
Simulation Association. Hyderabad, India: IBPSA. 

Bakker, A. and J. Bessembinder. 2012. Time Series Transformation Tool: Description of the 
Program to Generate Time Series Consistent with the KNMI’06 Climate Scenarios, TR-326. 
De Bilt, Netherlands: KNMI. 

Balci, Osman. 1990. “Guidelines for Successful Simulation Studies.” Pp. 25–32 in 
Proceedings of the 1990 Winter Simulation Conference, edited by O. Balci, R. P. Sadowski, 
and R. E. Nance. New Orleans, LA, USA. 

Balci, Osman. 1994. “Validation, Verification, and Testing Techniques Throughout the 
Life Cycle of a Simulation Study.” Annals of Operations Research 53:121–73. 

Balci, Osman. 1998. “Validation, Verification, and Testing.” Pp. 335–93 in Handbook of 
Simulation: Principles, Methodology, Advances, Applications, and Practice, edited by J. Banks. 
New York: John Wiley & Sons, Inc. 

Banks, Catherine M. 2010. “Introduction to Modeling and Simulation.” Pp. 1–24 in 
Modeling and Simulation Fundamentals. Hoboken, NJ, USA: John Wiley & Sons, Inc. 

Barcelos, J. G. Alrutz. 2019. “Design of a Robust Concept for the Heating System of the 
Brainport Smart District.” Technische Universiteit Eindhoven, Eindhoven. 

Bard, Yonathan. 1974. Nonlinear Parameter Estimation. 4th ed. London, UK: Academic 
Press. 



Page | 203  

Bauer, D., W. Heidemann, H. Müller-Steinhagen, and H. J. J. G. Diersch. 2011. “Thermal 
Resistance and Capacity Models for Borehole Heat Exchangers.” International 
Journal of Energy Research 35(4):312–20. 

Bedekar, Vivek, Eric Morway, Christian Langevin, and Matthew Tonkin. 2016. MT3D-
USGS Version 1: A U.S. Geological Survey Release of MT3DMS Updated with New and 
Expanded Transport Capabilities for Use with MODFLOW. Reston, VA. 

Behi, Mohammadreza, Seyed Aliakbar Mirmohammadi, Alexander B. Suma, and Björn 
E. Palm. 2014. “Optimized Energy Recovery in Line with Balancing of an ATES.” 
Pp. 1–10 in Volume 2: Simple and Combined Cycles; Advanced Energy Systems and 
Renewables (Wind, Solar and Geothermal); Energy Water Nexus; Thermal Hydraulics and 
CFD; Nuclear Plant Design, Licensing and Construction; Performance Testing and Performance 
Test Codes; St. Baltimore, Maryland, USA: American Society of Mechanical 
Engineers. 

Best, Robert E., Forest Flager, and Michael D. Lepech. 2015. “Modeling and 
Optimization of Building Mix and Energy Supply Technology for Urban Districts.” 
Applied Energy 159:161–77. 

Bloemendal, Martin and Niels Hartog. 2018. “Analysis of the Impact of Storage 
Conditions on the Thermal Recovery Efficiency of Low-Temperature ATES 
Systems.” Geothermics 71(September 2017):306–19. 

Bloemendal, Martin and Theo Olsthoorn. 2018. “ATES Systems in Aquifers with High 
Ambient Groundwater Flow Velocity.” Geothermics 75(March):81–92. 

Boehm, Barry W. 1981. Software Engineering Economics. 1st ed. Upper Saddle River, New 
Jersey: Prentice Hall. 

Boesten, Stef, Wilfried Ivens, Stefan C. Dekker, and Herman Eijdems. 2019. “5th 
Generation District Heating and Cooling Systems as a Solution for Renewable 
Urban Thermal Energy Supply.” Advances in Geosciences 49:129–36. 

Bonferroni, Carlo E. 1936. Teoria Statistica Delle Classi e Calcolo Delle Probabilità. Florence: 
Seeber International Library. 

Bonte, Matthijs. 2013. “Impacts of Shallow Geothermal Energy on Groundwater Quality 
- A Hydrochemical and Geomicrobial Study of the Effects of Ground Source Heat 
Pumps and Aquifer Thermal Energy Storage.” Vrije Universiteit Amsterdam, 
Amsterdam, Netherlands. 

Bouhacina, Benamar, Rachid Saim, and Hakan F. Oztop. 2015. “Numerical Investigation 
of a Novel Tube Design for the Geothermal Borehole Heat Exchanger.” Applied 
Thermal Engineering 79:153–62. 

Bozkaya, Basar, Rongling Li, Timilehin Labeodan, Rick Kramer, and Wim Zeiler. 2017. 
“Development and Evaluation of a Building Integrated Aquifer Thermal Storage 
Model.” Applied Thermal Engineering 126:620–29. 

Bozkaya, Basar, Rongling Li, and Wim Zeiler. 2018. “A Dynamic Building and Aquifer 
Co-Simulation Method for Thermal Imbalance Investigation.” Applied Thermal 
Engineering 144:681–94. 

Brooks, R. J. and A. M. Tobias. 1996. “Choosing the Best Model: Level of Detail, 
Complexity, and Model Performance.” Mathematical and Computer Modelling 24(4):1–
14. 



Page | 204 
 

Buffa, Simone, Marco Cozzini, Matteo D’Antoni, Marco Baratieri, and Roberto Fedrizzi. 
2019. “5th Generation District Heating and Cooling Systems: A Review of Existing 
Cases in Europe.” Renewable and Sustainable Energy Reviews 104:504–22. 

Cabeza, L. F., I. Martorell, L. Miró, A. I. Fernández, and C. Barreneche. 2015. 
“Introduction to Thermal Energy Storage (TES) Systems.” Pp. 1–28 in Advances in 
Thermal Energy Storage Systems. Elsevier. 

Calj, Ruben Johannes. 2010. “Future Use of Aquifer Thermal Energy Storage below the 
Historic Centre of Amsterdam.” Delft University of Technology. 

Carslaw, H. S. and J. C. Jaeger. 1959. Conduction of Heat in Solids. 2nd ed. Oxford: 
Clarendon Press. 

Catalina, Tiberiu, Vlad Iordache, and Bogdan Caracaleanu. 2013. “Multiple Regression 
Model for Fast Prediction of the Heating Energy Demand.” Energy and Buildings 
57:302–12. 

CEN/TC 312. 2017. ISO 9806:2017 - Solar Energy — Solar Thermal Collectors — Test 
Methods. 

Chantrelle, Fanny Pernodet, Hicham Lahmidi, Werner Keilholz, Mohamed El Mankibi, 
and Pierre Michel. 2011. “Development of a Multicriteria Tool for Optimizing the 
Renovation of Buildings.” Applied Energy 88(4):1386–94. 

China Academy of Building Research. 1986. JGJ26-86 Design Standard for Energy Efficiency 
of Residential Buildings (Heating Section). Beijing: The ministry of environmental 
protection and urban-rural derelopment of the People’s Republic of China. 

China Meteorological Bureau, Climate Information Center, Climate Data Office and 
Tsinghua University, Department of Building Science and Technology. 2005. China 
Standard Weather Data for Analyzing Building Thermal Conditions. Beijing: China 
Architecture Industry Press. 

Church, K. 2015. “Energy Sources for District Heating and Cooling.” Pp. 121–43 in 
Advanced District Heating and Cooling (DHC) Systems, edited by R. Wiltshire. 
Woodhead Publishing. 

CIBSE. 2015. AM11 Building Performance Modelling. 2nd ed. edited by J. Parker and K. 
Butcher. London, UK: The Chartered Institution of Building Services Engineers. 

Claesson, Johan and Alain Dunand. 1983. Heat Extraction from the Ground by Horizontal 
Pipes - a Mathematical Analysis. Stockholm, Sweden: Spangbergs Tryckerier AB. 

Claesson, Johan and Saqib Javed. 2011. “An Analytical Method to Calculate Borehole 
Fluid Temperatures for Time-Scales from Minutes to Decades.” ASHRAE 
Transactions 117(2):279–88. 

Claridge, D. E., N. Bensouda, S. U. Lee, G. Wei, K. Heinemeier, and M. Liu. 2003. Manual 
of Procedures for Calibrating Simulations of Building Systems. submitted to the California 
Energy Commission Public Interest Energy Research Program, Report 
HPCBS#E5P23T2b. 

Clarke, J. A., P. P. Yaneske, and A. A. Pinney. 1990. The Harmonisation of Thermal Properties 
of Building Materials. Vol. 2. Garston, UK. 

Clarke, JA A., PA A. Strachan, and C. Pernot. 1993. “An Approach to the Calibration of 
Building Energy Simulation Models.” ASHRAE Transactions 99:917–27. 

Clarke, Joe. 2015. “A Vision for Building Performance Simulation: A Position Paper 



Page | 205  

Prepared on Behalf of the IBPSA Board.” Journal of Building Performance Simulation 
8(2):39–43. 

COMSOL Inc. 2019. “COMSOL Multiphysics.” 
Connolly, D., H. Lund, B. V. Mathiesen, and M. Leahy. 2010. “A Review of Computer 

Tools for Analysing the Integration of Renewable Energy into Various Energy 
Systems.” Applied Energy 87(4):1059–82. 

Dalipi, Fisnik, Sule Yildirim Yayilgan, and Alemayehu Gebremedhin. 2016. “Data-Driven 
Machine-Learning Model in District Heating System for Heat Load Prediction: A 
Comparison Study” edited by S.-M. Chen. Applied Computational Intelligence and Soft 
Computing 2016:3403150. 

Dassault Systemes. 2019. “Dymola.” 
Delgarm, N., B. Sajadi, F. Kowsary, and S. Delgarm. 2016. “Multi-Objective 

Optimization of the Building Energy Performance: A Simulation-Based Approach 
by Means of Particle Swarm Optimization (PSO).” Applied Energy 170:293–303. 

DHI Group. n.d. “FEFLOW.” 
Dickinson, J. S., N. Buik, M. C. Matthews, and A. Snijders. 2009. “Aquifer Thermal 

Energy Storage: Theoretical and Operational Analysis.” Géotechnique 59(3):249–60. 
Donn, Michael. 1999. “Quality Assurance-Simulation and the Real Worlk.” P. 8 in 

Proceedings of BS 1999. Kyoto, Japan: IBPSA. 
Doughty, Christine, Göran Hellström, Chin Fu Tsang, and Johan Claesson. 1982. “A 

Dimensionless Parameter Approach to the Thermal Behavior of an Aquifer 
Thermal Energy Storage System.” Water Resources Research 18(3):571–87. 

Du, Jing. 2016. “The ‘Weight’ of Models and Complexity.” Complexity 21(3):21–35. 
DUTCH ates. 2016. “Dutch Policy on ATES Systems.” 1–13. Retrieved (https://dutch-

ates.com/wp-
content/uploads/2016/09/DutchPolicyOnATESSystems092016.pdf). 

Eisenhower, Bryan, Zheng O’Neill, Satish Narayanan, Vladimir A. Fonoberov, and Igor 
Mezić. 2012. “A Methodology for Meta-Model Based Optimization in Building 
Energy Models.” Energy and Buildings 47:292–301. 

Elia, Campana Pietro, Zhang Yang, Lundblad Anders, Li Hailong, and Yan Jinyue. 2017. 
“An Open-Source Platform for Simulation and Optimization of Clean Energy 
Technologies.” Energy Procedia 105:946–52. 

EMD International A/S. 2019. “EnergyPRO.” 
EN ISO. 2008. 13790: Energy Performance of Buildings–Calculation of Energy Use for Space 

Heating and Cooling (EN ISO 13790: 2008). Brussels, Belgium. 
EQUA. 1998. “IDA ICE.” 
Eriksson, Martin, Jan Akander, and Bahram Moshfegh. 2020. “Development and 

Validation of Energy Signature Method – Case Study on a Multi-Family Building 
in Sweden before and after Deep Renovation.” Energy and Buildings 210. 

Eskilson, P. 1987. “Thermal Analysis of Heat Extraction Boreholes.” Lund University. 
European Commission. Joint Research Centre. 2011. 2020-2030-2050-Common Vision for 

the Renewable Heating & Cooling Sector in Europe. 
Fabrizio, Enrico and Valentina Monetti. 2015. “Methodologies and Advancements in the 

Calibration of Building Energy Models.” Energies 8(4):2548–74. 



Page | 206 
 

Facão, J. and Armando C. Oliveira. 2006. “Experimental Uncertainty Analysis in Solar 
Collectors.” International Journal of Ambient Energy 27(2):59–64. 

Fang, Hao, Jianjun Xia, Kan Zhu, Yingbo Su, and Yi Jiang. 2013. “Industrial Waste Heat 
Utilization for Low Temperature District Heating.” Energy Policy 62:236–46. 

Feng, Xiaohang, Da Yan, and Chuang Wang. 2017. “On the Simulation Repetition and 
Temporal Discretization of Stochastic Occupant Behaviour Models in Building 
Performance Simulation.” Journal of Building Performance Simulation 10(5–6):612–24. 

Fleiter, Tobias, Rainer Elsland, Matthias Rehfeldt, Jan Steinbach, Ulrich Reiter, Giacomo 
Catenazzi, Martin Jakob, Cathelijne Rutten, Robert Harmsen, Florian Dittmann, 
Philippe Rivière, and Pascal Stabat. 2017. Profile of Heating and Cooling Demand in 2015, 
Heat Roadmap Europe D3.1 Report. Karlsruhe, Bermany. 

Friedman, Milton. 1937. “The Use of Ranks to Avoid the Assumption of Normality 
Implicit in the Analysis of Variance.” Journal of the American Statistical Association 
32(200):675. 

Fritzson, Peter. 2011. Introduction to Modeling and Simulation of Technical and Physical Systems 
with Modelica. Hoboken, NJ, USA: John Wiley & Sons, Inc. 

Fumo, Nelson. 2014. “A Review on the Basics of Building Energy Estimation.” Renewable 
and Sustainable Energy Reviews 31:53–60. 

Gaetani, Isabella. 2019. “A Strategy for Fit-for-Purpose Occupant Behavior Modelling 
in Building Energy and Comfort Performance Simulation.” Technische Universiteit 
Eindhoven, Eindhoven, The Netherlands. 

Giraud, Loic, Cedric Paulus, and Roland Baviere. 2014. “Modeling of Solar District 
Heating: A Comparison Between TRNSYS and MODELICA.” in Proceedings of the 
EuroSun 2014 Conference. Aix-les-Bains, France: International Solar Energy Society. 

Guo, Fang, Xudong Yang, Luyi Xu, Ignacio Torrens, and Jan Hensen. 2017. “A Central 
Solar-Industrial Waste Heat Heating System with Large Scale Borehole Thermal 
Storage.” Procedia Engineering 205:1584–91. 

Guo, Fang, Xiaoyue Zhu, Junyue Zhang, and Xudong Yang. 2020. “Large-Scale Living 
Laboratory of Seasonal Borehole Thermal Energy Storage System for Urban 
District Heating.” Applied Energy 264:114763. 

Haberl, J. S. and M. Abbas. 1998a. “Development of Graphical Indices for Viewing 
Building Energy Data: Part I.” Journal of Solar Energy Engineering 120(3):156–61. 

Haberl, J. S. and M. Abbas. 1998b. “Development of Graphical Indices for Viewing 
Building Energy Data: Part II.” Journal of Solar Energy Engineering 120(3):162–67. 

van der Heijde, Pal K. M. and Osman A. Elnawawy. 1992. Quality Assurance and Quality 
Control in the Development and Application of Groundwater Models. Washington, DC: U.S. 
Environmental Protection Agency. 

Hellström, Göran. 1989. Heat Storage in the Ground Duct Ground Heat Storage Model, Manual 
for Computer Code. Lund, Sweden: University of Lund. 

Hensen, Jan L. M. 2012. “Evaluation through Computational Building Performance 
Simulation.” Pp. 223–33 in Enhancing Building Performance, edited by S. Mallory-Hill, 
W. F. E. Preiser, and C. G. Watson. Oxford, UK: Wiley-Blackwell. 

Hensen, Jan L. M., Ery Djunaedy, Marija Radošević, and Azzedine Yahiaoui. 2004. 
“Building Performance Simulation for Better Design: Some Issues and Solutions.” 



Page | 207  

Plea 2004 (May 2014):1185–90. 
Hensen, Jan L. M. and Roberto Lamberts. 2011. Building Performance Simulation for Design 

and Operation. Oxon: Spon Press. 
Hensen, Jan L. M. and Roberto Lamberts. 2019. “Building Performance Simulation - 

Challenges and Opportunities.” Pp. 1–10 in Building Performance Simulation for Design 

and Operation, edited by J. L. M. Hensen and R. Lamberts. Abingdon, Oxon ; New 

York, NY : Routledge. 
Heo, Y., R. Choudhary, and G. A. Augenbroe. 2012. “Calibration of Building Energy 

Models for Retrofit Analysis under Uncertainty.” Energy and Buildings 47:550–60. 
Hilliard, Trent, Lukas Swan, Miroslava Kavgic, Zheng Qin, and Simon Dewolf. 2016. 

“Using Building Simulation Software to Quantify the Savings of a Model Predictive 
Sontrol Implementation.” P. 9 in Proceedings of the IBPSA-Canada eSim Conference. 
Hamilton, Canada: IBPSA-Canada. 

Hirst, Eric, Richard Goeltz, and Dennis White. 1986. “Determination of Household 
Energy Using ‘Fingerprints’ from Energy Billing Data.” International Journal of Energy 
Research 10(4):393–405. 

Hofstede, J. M. 2016. “Reducing Power Peaks from Renewable Energy Sources on the 
Grid Connection.” Eindhoven University of Technology , Eindhoven. 

HOMER Energy LLC. 2009. “HOMER.” 
Hong, Tianzhen, Yixing Chen, Xuan Luo, Na Luo, and Sang Hoon Lee. 2020. “Ten 

Questions on Urban Building Energy Modeling.” Building and Environment 
168:106508. 

Hopfe, Christina Johanna. 2009. “Uncertainty and Sensitivity Analysis in Building 
Performance Simulation for Decision Support and Design Optimization.” 

Ingersoll, L. R. and H. J. Plass. 1948. “Theory of the Ground Pipe Heat Source for the 
Heat Pump.” Heating Piping and Air Conditioning 20:119–22. 

International Organization for Standardization. 1985. ISO 5807:1985 Information Processing 
— Documentation Symbols and Conventions for Data, Program and System Flowcharts, 
Program Network Charts and System Resources Charts. 

IPCC. 2013. Climate Change 2013: The Physical Science Basis. Contribution of Working Group I 
to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change. edited by 
T. F. Stocker, D. Qin, G.-K. Plattner, M. Tignor, S. K. Allen, J. Boschung, A. 
Nauels, Y. Xia, V. Bex, and P. M. Midgley. Cambridge, United Kingdom and New 
York, NY, USA: Cambridge University Press. 

IPMVP Committee. 2002. International Performance Measurement and Verification Protocol 
Concepts and Options for Determining Energy and Water Savings Volume I. Oak Ridge, TN, 
US: U.S. Department of Energy. 

IPMVP New Construction Subcommittee. 2003. International Performance Measurement & 
Verification Protocol: Concepts and Options for Determining Energy Savings in New 
Construction. Vol. III. Oak Ridge, TN, US: U.S. Department of Energy. 

Jensen, Linn Laurberg, Rasmus Lund, and David Connolly. 2013. The Potential of 
Implementing Thermal Energy Storage in an Energy System with a High Share of Wind Power. 
Report. Aalborg, Denmark. 

Jensen, Søren Østergaard. 1995. “Validation of Building Energy Simulation Programs: A 



Page | 208 
 

Methodology.” Energy and Buildings 22(2):133–44. 
Johnson, Samuel C., F. Todd Davidson, Joshua D. Rhodes, Justin L. Coleman, Shannon 

M. Bragg-Sitton, Eric J. Dufek, and Michael E. Webber. 2019. “Selecting Favorable 
Energy Storage Technologies for Nuclear Power.” Pp. 119–75 in Storage and 
Hybridization of Nuclear Energy. Academic Press. 

Judkoff, R. and J. Neymark. 1995. International Energy Agency Building Energy Simulation Test 
(BESTEST) and Diagnostic Method. Golden, Colorado. 

Judkoff, R., D. Wortman, and J. Burch. 1983. “Measured Versus Predicted Performance 

of the SERl Test House : A Validation Study.” National Heat Transfer Conference. 
Judkoff, R., D. Wortman, B. O’Doherty, and J. Burch. 2008. Methodology for Validating 

Building Energy Analysis Simulations. Springfield, VA: U.S. Department of Commerce 
National Technical Information Service. 

Judkoff, Ron and Joel Neymark. 2006. “Model Validation and Testing: The 
Methodological Foundation of ASHRAE Standard 140.” ASHRAE Transactions 
112(2):367–76. 

Judkoff, Ronald, David Wortman, and Jay Burch. 1982. Empirical Validation of Building 
Energy Analysis Simulation Programs: A Status Report. Washington, D.C.: U.S. 
Department of Energy. 

Kaplan, M. B., J. McFerran, J. Jansen, and R. Pratt. 1990. “Reconciliation of a DOE2.1C 
Model with Monitored End-Use Data for a Small Office Building.” ASHRAE 
Transactions 96(1):981–993. 

Keirstead, James, Mark Jennings, and Aruna Sivakumar. 2012. “A Review of Urban 
Energy System Models: Approaches, Challenges and Opportunities.” Renewable and 
Sustainable Energy Reviews 16(6):3847–66. 

Kipp, Kenneth L. 1997. Guide to the Revised Heat and Solute Transport Simulator: HST3D 
Version 2. Vols. 97–4157. Denver, CO. 

Kipping, Anna and Erik Trømborg. 2018. “Modeling Aggregate Hourly Energy 
Consumption in a Regional Building Stock.” Energies 11(1):78. 

Kissock, John Kelly. 1994. “Modeling Commercial Building Energy Use with Artificial 
Neural Networks.” Pp. 1290–95 in Intersociety Energy Conversion Engineering Conference, 
1994. American Institute of Aeronautics and Astronautics Inc, AIAA. 

Kissock, John Kelly, Jeff S. Haberl, and David E. Claridge. 2003. “Inverse Modeling 
Toolkit: Numerical Algorithms.” Pp. 425–34 in ASHRAE Transactions. Vol. 109 
PART 2. 

KNMI. 2014. KNMI’14 Climate Scenarios for the Netherlands. 
KNMI. n.d. “KNMI - Uurgegevens van Het Weer in Nederland.” Retrieved October 8, 

2019 (https://www.knmi.nl/nederland-nu/klimatologie/uurgegevens). 
Koran, William E., Michael B. Kaplan, and Timothy Steele. 1992. “DOE-2.1C Model 

Calibration with Monitored End-Use Data.” Pp. 3.165-3.176 in Proceedings from the 
ACEEE 1992 Summer Study on Energy Efficiency in Buildings. Washington, D.C.: 
American Councle for an Energy-Efficient Economy (ACEEE). 

Kräuchi, Ph, M. Kolb, Th Gautschi, U. P. Menti, and M. Sulzer. 2014. 
“MODELLBILDUNG FÜR THERMISCHE AREALVERNETZUNG MIT 
IDA-ICE.” Pp. 160–65 in Proceedings of the 5th German-Austrian IBPSA Conference , 



Page | 209  

edited by C. A. van Treeck and D. Müller. Aachen, Germany: IBPSA. 
Kusuda, T. and P. R. Achenbach. 1965. Earth Temperature and Thermal Diffusivity at Selected 

Stations in the United States. Gaithersburg MD, US: National Bureau of Standards. 
Kusuda, Tamami. 1999. “Early History and Future Prospects of Building System 

Simulation.” Pp. 3–15 in Building Simulation ’99, edited by N. Nakahara, H. Yoshida, 
M. Udagawa, and J. Hensen. Kyoto, Japan: International Building Performance 
Simulation Association – IBPSA. 

Kyou, Evangelos. 2019. “Design of Thermal Energy Balancing Strategies for the ATES 
System on the TU/e Campus: Investigating Operation Strategies of the Atlas 
Building and Future Design Solutions for the ATES System.” PDEng Thesis, 
Technische Universiteit Eindhoven, Eindhoven, Netherlands. 

Kyrou, Evangelos. 2019. “Design of Thermal Energy Balancing Strategies for the ATES 
System on the TU/e Campus: Investigating Operation Strategies of the Atlas 
Building and Future Design Solutions for the ATES System.” Eindhoven 
University of Technology, Eindhoven, Netherlands. 

Langevin, Christian D., Joseph D. Hughes, E. R. Banta, Richard G. Niswonger, Sorab 
Panday, and A. M. Provost. 2017. Documentation for the MODFLOW 6 Groundwater 
Flow Model. Reston, VA. 

Lee, Kun Sang. 2010. “A Review on Concepts, Applications, and Models of Aquifer 
Thermal Energy Storage Systems.” Energies 3(6):1320–34. 

Lee, Kun Sang. 2013. “Underground Thermal Energy Storage.” Pp. 15–26 in Underground 
Thermal Energy Storage. London: Springer London. 

Li, Kuang-Yi, Shaw-Yang Yang, and Hund-Der Yeh. 2010. “An Analytical Solution for 
Describing the Transient Temperature Distribution in an Aquifer Thermal Energy 
Storage System.” Hydrological Processes 24(25):3676–88. 

Li, Yemao, Jianjun Xia, Hao Fang, Yingbo Su, and Yi Jiang. 2016. “Case Study on 
Industrial Surplus Heat of Steel Plants for District Heating in Northern China.” 
Energy 102:397–405. 

Li, Zhongjian and Maoyu Zheng. 2009. “Development of a Numerical Model for the 
Simulation of Vertical U-Tube Ground Heat Exchangers.” Applied Thermal 
Engineering 29(5–6):920–24. 

Lomas, K. J., H. Eppel, C. J. Martin, and D. P. Bloomfield. 1997. “Empirical Validation 
of Building Energy Simulation Programs.” Energy and Buildings 26(3):253–75. 

Lu, Yuehong, Shengwei Wang, Yang Zhao, and Chengchu Yan. 2015. “Renewable 
Energy System Optimization of Low/Zero Energy Buildings Using Single-
Objective and Multi-Objective Optimization Methods.” Energy and Buildings 89:61–
75. 

Lund, Henrik, Sven Werner, Robin Wiltshire, Svend Svendsen, Jan Eric Thorsen, Frede 
Hvelplund, and Brian Vad Mathiesen. 2014. “4th Generation District Heating 
(4GDH): Integrating Smart Thermal Grids into Future Sustainable Energy 
Systems.” Energy 68:1–11. 

MacDonald, Iian. 2002. “Quantifying the Effects of Uncertainty in Building Simulation.” 
University of Strathclyde, Glasgow, United Kingdom. 

Manfren, Massimiliano, Niccolò Aste, and Reza Moshksar. 2013. “Calibration and 



Page | 210 
 

Uncertainty Analysis for Computer Models - A Meta-Model Based Approach for 
Integrated Building Energy Simulation.” Applied Energy 103:627–41. 

Manke, J. M., D. C. Hittle, and C. E. Hancock. 1996. “Calibrating Building Energy 
Analysis Models Using Short Term Test Data.” Pp. 369–78 in Proceddings of the 1996 
American Society of Mechanical Engineers international solar energy conference. San Antonio, 
TX: American Society of Mechanical Engineers, New York, NY (United States). 

Mavromatidis, Georgios, Kristina Orehounig, L. Andrew Bollinger, Marc Hohmann, 
Julien F. Marquant, Somil Miglani, Boran Morvaj, Portia Murray, Christoph Waibel, 
Danhong Wang, and Jan Carmeliet. 2019. “Ten Questions Concerning Modeling 
of Distributed Multi-Energy Systems.” Building and Environment 165(August):106372. 

McKay, M. D., R. J. Beckman, and W. J. Conover. 1979. “A Comparison of Three 
Methods for Selecting Values of Input Variables in the Analysis of Output from a 
Computer Code.” Technometrics 21(2):239. 

Meulen, M. M. W. 2019. Management Review 2018, Long-Term Agreement on Energy Efficiency 
TU/E. Eindhoven, Netherlands. 

Ministry of Housing and Urban-Rural Development. 2010. JGJ26-2010 Design Standard 
for Energy Efficiency of Residential Buildings in Severe Cold and Cold Zones. Beijing: China 
Architecture and Building Press (in Chinese). 

Ministry of Housing and Urban-Rural Development of China. 2015. Design Standard for 
Energy Efficiency of Public Buildings. Beijing, China: China Architecture Industry Press. 

Modelon AB. 2019. “JModelica.Org.” 
Mogensen, P. 1983. “Fluid to Duct Wall Heat Transfer in Duct System Heat Storages.” 

in Proceedings of International Conference on Subsurface Heat Storage in Theory and Practice. 
Stockholm, Sweden: Swedish Council for Building Research. 

Molitor, Christoph, Stephan Gross, Jakob Zeitz, and Antonello Monti. 2014. 
“MESCOS—A Multienergy System Cosimulator for City District Energy Systems.” 
IEEE Transactions on Industrial Informatics 10(4):2247–56. 

Muehleisen, Ralph T. and Joshua Bergerson. 2016. “Bayesian Calibration-What, Why 
And How.” Pp. 677–83 in 4th International high performance buildings conference at Purdue. 
West Lafayette, IN: Curran Associates, Inc. 

Müller, D., M. Lauster, A. Constantin, M. Fuchs, and P. Remmen. 2016. “AIXLIB-AN 
OPEN-SOURCE MODELICA LIBRARY WITHIN THE IEA-EBC ANNEX 
60 FRAMEWORK.” Pp. 3–9 in Proceedings of Central European Symposium on Building 
Physics CESBP 2016 / BauSIM. Dresden, Germany: IBPSA. 

Muraya, N. K., D. L. O`Neal, and W. M. Heffington. 1996. “Thermal Interference of 
Adjacent Legs in a Vertical U-Tube Heat Exchanger for a Ground-Coupled Heat 
Pump.” ASHRAE Transactions 102(2):836. 

Nance, Richard E. 1987. “Conical Methodology: A Framework for Simulation Model 
Development.” Simulation Series 19(1):38–43. 

Nance, Richard E. 1994. “The Conical Methodology and the Evolution of Simulation 
Model Development.” Annals of Operations Research 53:1–45. 

National Bureau of Statistics of China. 2015. China Statistic Year Book 2015. China Statistic 
Press. 

National Development and Reform Commission. 2016. The 13th Five-Year Plan on 



Page | 211  

Renewable Energy Development. National Development and Reform Commission 
(NDRC). 

National Research Council. 1990. Ground Water Models: Scientific and Regulatory Applications. 
Washington, DC: The National Academies Press. 

Neto, Alberto Hernandez and Flávio Augusto Sanzovo Fiorelli. 2008. “Comparison 
between Detailed Model Simulation and Artificial Neural Network for Forecasting 
Building Energy Consumption.” Energy and Buildings 40(12):2169–76. 

New, Joshua, Jibonananda Sanyal, Bob Slattery, Anthony Gehl, William Miller, and 
Aaron Garrett. 2018. “Big Data Mining for Assessing Calibration of Building 
Energy Models.” International Journal of Computer & Software Engineering 3(2). 

Neymark, J. and R. Judkoff. 2008. International Energy Agency Building Energy Simulation Test 
and Diagnostic Method (IEA BESTEST); Multi-Zone Non-Airflow In-Depth Diagnostic 
Cases. Golden, Colorado. 

Nordbotten, Jan Martin. 2017. “Analytical Solutions for Aquifer Thermal Energy 
Storage.” Water Resources Research 53(2):1354–68. 

Nytsch-Geusen, Christoph, Jörg Huber, Manuel Ljubijankic, and Jörg Rädler. 2013. 
“Modelica BuildingSystems − Eine Modellbibliothek Zur Simulation Komplexer 
Energietechnischer Gebäudesysteme.” Bauphysik 35(1):21–29. 

Olsthoorn, Dave, Fariborz Haghighat, and Parham A. Mirzaei. 2016. “Integration of 
Storage and Renewable Energy into District Heating Systems: A Review of 
Modelling and Optimization.” Solar Energy 136:49–64. 

Open Source Modelica Consortium. 2019. “OpenModelica.” 
Papageorgiou, Alexandros. 2019. “Operation Optimization of an ATES System for a 

High-Tech Industrial Building Title: Operation Optimization of an ATES System 
for a High-Tech Industrial Building.” Eindhoven University of Technology, 
Eindhoven. 

Papillon, Philippe and Cédric Paulus. 2013. “Design and Recommandations for 
Decentralized Solar District Heating Systems in France.” Pp. 3352–59 in Proceedings 
of BS2013: 13th Conference of International Building Performance Simulation Association. 
Chambéry, France. 

Parand, Foroutan. 2015. “Quality Assurance.” Pp. 5–18 in AM11 Building performance 
modelling, edited by J. Parker and K. Butcher. London, UK: The Chartered 
Institution of Building Services Engineers. 

Pedrini, A., F. S. Westphal, and R. Lamberts. 2002. “A Methodology for Building Energy 
Modelling and Calibration in Warm Climates.” Building and Environment 37(8–
9):903–12. 

Petty, Mikel D. 2008. “Verification and Validation.” Pp. 121–49 in Principles of Modeling 
and Simulation. Hoboken, NJ, USA: John Wiley & Sons, Inc. 

Petty, Mikel D. 2010. “Verificatin, Validation and Accreditation.” Pp. 325–72 in Modeling 
and simulation fundamentals: Theoretical underpinning and practical domains, edited by J. A. 
Sokolowsk and C. M. Banks. Hoboken, New Jersey: John Wiley & Sons, Inc. 

Pezzutto, Simon, Reza Fazeli, Matteo De Felice, and Wolfram Sparber. 2016. “Future 
Development of the Air-Conditioning Market in Europe: An Outlook until 2020.” 
Wiley Interdisciplinary Reviews: Energy and Environment 5(6):649–69. 



Page | 212 
 

Philippe, M., D. Marchio, S. Hagspiel, P. Riederer, and V. Partenay. 2009. “Analysis of 
30 Underground Thermal Energy Storage Systems for Building Heating and 
Cooling and District Heating.” Pp. 1–8 in The 11th International Conference on Thermal 
Energy Storage. Stockholm. 

Picard, Damien and Lieve Helsen. 2014. “A New Hybrid Model For Borefield Heat 
Exchangers Performance Evaluation.” Proceedings of the 10th International Modelica 
Conference 857–66. 

Pinel, Patrice, Cynthia A. Cruickshank, Ian Beausoleil-Morrison, and Adam Wills. 2011. 
“A Review of Available Methods for Seasonal Storage of Solar Thermal Energy in 
Residential Applications.” Renewable and Sustainable Energy Reviews 15(7):3341–59. 

Popovics, Gergely and László Monostori. 2016. “An Approach to Determine Simulation 
Model Complexity.” Procedia CIRP 52:257–61. 

Raftery, Paul and Marcus Keane. 2011. “Visualizing Patterns in Building Performance 
Data.” Pp. 9–15 in Proceedings of Building Simulation 2011. Sydney: International 
Building Performance Simulation Association (IBPSA). 

Ramos Ruiz, Germán and Carlos Fernández Bandera. 2017. “Analysis of Uncertainty 
Indices Used for Building Envelope Calibration.” Applied Energy 185:82–94. 

Reddy, T. Agami. 2006. “Literature Review on Calibration of Building Energy Simulation 
Programs: Uses, Problems, Procedure, Uncertainty, and Tools.” ASHRAE 
Transactions 112 PART 1:226–40. 

Reidhav, Charlotte and Sven Werner. 2008. “Profitability of Sparse District Heating.” 
Applied Energy 85(9):867–77. 

Roldán-Blay, Carlos, Guillermo Escrivá-Escrivá, Carlos Álvarez-Bel, Carlos Roldán-
Porta, and Javier Rodríguez-García. 2013. “Upgrade of an Artificial Neural 
Network Prediction Method for Electrical Consumption Forecasting Using an 
Hourly Temperature Curve Model.” Energy and Buildings 60:38–46. 

Ryan, Emily M. and Thomas F. Sanquist. 2012. “Validation of Building Energy Modeling 
Tools under Idealized and Realistic Conditions.” Energy and Buildings 47:375–82. 

Sabatelli, V., D. Marano, G. Braccio, and V. K. Sharma. 2002. “Efficiency Test of Solar 
Collectors: Uncertainty in the Estimation of Regression Parameters and Sensitivity 
Analysis.” Energy Conversion and Management 43(17):2287–95. 

Sakaguchi, K. and V. Anbumozhi. 2015. “Case Studies on Sustainable Use of Ground 
Source Heat Pumps.” Pp. 103–55 in Sustainability Assessment of Utilising Conventional 
and New Type Geothermal Resources in East Asia. Jakarta: ERIA. 

Sanyal, Jibonananda, Joshua New, Richard E. Edwards, and Lynne Parker. 2014. 
“Calibrating Building Energy Models Using Supercomputer Trained Machine 
Learning Agents.” Concurrency and Computation: Practice and Experience 26(13):2122–
33. 

Sargent, Robert G. 1979. “Validation of Simulation Models.” Pp. 497–503 in Proceedings 
of the 11th conference on Winter simulation - Volume 2, edited by H. J. Highland.  San 
Diego, CA: IEEE Press. 

Schmidt, Thomas and Oliver Miedaner. 2012. Solar District Heating Guidelines: Storage Fact 
Sheet 7.2. Stuttgart, Germany. 

Schütte, Steffen, Stefan Scherfke, and Martin Tröschel. 2011. “Mosaik: A Framework for 



Page | 213  

Modular Simulation of Active Components in Smart Grids.” Pp. 55–60 in 2011 
IEEE 1st International Workshop on Smart Grid Modeling and Simulation, SGMS 2011. 

Shonder, John A., Patrick Hughes, and Jeff W. Thornton. 1998. “Using Calibrated 
Engineering Models To Predict Energy Savings In Large-Scale Geothermal Heat 
Pump Projects.” ASHRAE Transactions 104(1):11. 

Sipilä, K. 2016. “Cogeneration, Biomass, Waste to Energy and Industrial Waste Heat for 
District Heating.” Pp. 45–73 in Advanced District Heating and Cooling (DHC) Systems. 
Woodhead Publishing. 

Snijders, Aart L. and Martijn M. van Aarssen. 2003. “Big Is Beautiful ? Application of 
Large-Scale Energy Storage in the Netherlands.” Pp. 83–88 in 9th International 
Conference on Thermal Energy Storage-Futurestock. Warsaw, POLAND. 

Soebarto, Veronica I. 1997. “Calibration of Hourly Energy Simulations Using Hourly 
Monitored Data and Monthly Utility Records for Two Case Study Buildings.” in 
Proceedings of the 4th international IBPSA conference. Prague, Czech Republic. 

Sommer, Wijbrand. 2015. “Modelling and Monitoring of Aquifer Thermal Energy 
Storage-Impacts of Heterogeneity, Thermal Interference and Bioremediation.” 
Wageningen University. 

Sommer, Wijbrand, Johan Valstar, Ingo Leusbrock, Tim Grotenhuis, and Huub Rijnaarts. 
2015. “Optimization and Spatial Pattern of Large-Scale Aquifer Thermal Energy 
Storage.” 

Spitler, J. D. and M. Bernier. 2016. Vertical Borehole Ground Heat Exchanger Design Methods. 
J.D. Spitler and M. Bernier. 

Starr, Stuart H. and Robert Orlov. 1999. “Simulation Technology 2007 (SIMTECH 
2007).” Phalanx 32(3):26–35. 

Steffen, M. 1990. “A Simple Method for Monotonic Interpolation in One Dimension.” 
Astronomy and Astrophysics 239:435–50. 

Subbarao, K. 1988. PSTAR: Primary and Secondary Terms Analysis and Renormalization: A 
Unified Approach to Building Energy Simulations and Short-Term Monitoring. Golden, CO 
(United States). 

Tereshchenko, Tymofii, Dmytro Ivanko, Natasa Nord, and Igor Sartori. 2019. “Analysis 
of Energy Signatures and Planning of Heating and Domestic Hot Water Energy 
Use in Buildings in Norway.” P. 06009 in E3S Web of Conferences. Vol. 111. EDP 
Sciences. 

Thalheim, Bernhard. 2012. “The Science and Art of Conceptual Modelling.” Pp. 76–105 
in Transactions on Large-Scale Data- and Knowledge-Centered Systems VI, edited by A. 
Hameurlain, J. Küng, R. Wagner, S. W. Liddle, K.-D. Schewe, and X. Zhou. Berlin, 
Heidelberg: Springer Berlin Heidelberg. 

Tian, Zhen and James A. Love. 2009. “Energy Performance Optimization of Radiant 
Slab Cooling Using Building Simulation and Field Measurements.” Energy and 
Buildings 41(3):320–30. 

Todorov, Oleg, Kari Alanne, Markku Virtanen, and Risto Kosonen. 2020. “A Method 
and Analysis of Aquifer Thermal Energy Storage (ATES) System for District 
Heating and Cooling: A Case Study in Finland.” Sustainable Cities and Society 
53(November 2019):101977. 



Page | 214 
 

Tredinnick, S. and G. Phetteplace. 2016. “District Cooling, Current Status and Future 
Trends.” Pp. 167–88 in Advanced District Heating and Cooling (DHC) Systems. 
Woodhead Publishing. 

Tsang, C. F. 1983. “AQUIFER STORAGE SIMULATION-IN THEORY AND IN 
PRACTICE.” in International conference on subsurface heat storage in theory and practice. 
Stockholm, Sweden. 

Tugores, Carles Ribas, Henning Francke, Falk Cudok, Alexander Inderfurth, Stefan 
Kranz, and Christoph Nytsch-Geusen. 2015. “Coupled Modeling of a District 
Heating System with Aquifer Thermal Energy Storage and Absorption Heat 
Transformer.” Pp. 197–206 in Proceedings of the 11th International Modelica Conference, 
edited by P. Fritzson and H. Elmqvist. Versailles, France: Modelica Association and 
Linköping University Electronic Press. 

U.S. DOE BTO. 2020. “EnergyPlus.” 
University of Wisconsin-Madison. 2013. “A TRaNsient SYstems Simulation Program.” 
Vaillant Rebollar, Julio Efrain, Eline Himpe, Arnold Janssens, and Urban Planning. 2014. 

“Performance Assessment of District Heating Substations Based on Dynamic 
Simulations.” Pp. 317–24 in The 14th International Symposium on District Heating and 
Cooling. Stockholm, Sweden. 

Valdimarsson, Páll. 1993. “Modelling of Geothermal District Heating Systems.” PhD 
Thesis, University of Iceland. 

Valdimarsson, Páll. 2008. “General Guidelines in Geothermal District Heating Design.” 
Pp. 388–93 in Workshop for Decision Makers on Direct Heating Use of Geothermal Resources 
in Asia. Tianjin, China. 

Wei, G., M. Liu, and DE Claridge. 1998. “Signatures of Heating and Cooling Energy 
Consumption for Typical AHUs.” Pp. 387–402 in Proceddings of the Eleventh 
Symposium on Improving Building Systems in Hot and Humid Climates. Fort Worth, TX. 

Wei, Yixuan, Xingxing Zhang, Yong Shi, Liang Xia, Song Pan, Jinshun Wu, Mengjie Han, 
and Xiaoyun Zhao. 2018. “A Review of Data-Driven Approaches for Prediction 
and Classification of Building Energy Consumption.” Renewable and Sustainable 
Energy Reviews 82:1027–47. 

Weissmann, Claudia, Patrick Wörner, and Tianzhen Hong. 2017. “Analysis of Heating 
Load Diversity and Application in a District Heating System.” Pp. 18–27 in 
Proceedings of the 15th IBPSA Conference. San Francisco, CA: IBPSA. 

Wetter, Michael and Philip Haves. 2008. “A MODULAR BUILDING CONTROLS 
VIRTUAL TEST BED FOR THE INTEGRATION OF HETEROGENEOUS 
SYSTEMS.” Pp. 69–76 in Proceedings of the 3rd SimBuild Conference. Berkeley, CA: 
IBPSA. 

Wetter, Michael, Wangda Zuo, Thierry S. Nouidui, and Xiufeng Pang. 2014. “Modelica 
Buildings Library.” Journal of Building Performance Simulation 7(4):253–70. 

Whitehead, S. 1927. “Determining Temperature Distribution: A Contribution to the 
Evaluation of the Flow of Heat in Isotropic Media.” Electrician 225–26. 

Woolley, Elliot, Yang Luo, and Alessandro Simeone. 2018. “Industrial Waste Heat 
Recovery: A Systematic Approach.” Sustainable Energy Technologies and Assessments 
29(June):50–59. 



Page | 215  

Xia, Jianjun, Kan Zhu, and Yi Jiang. 2016. “Method for Integrating Low-Grade Industrial 
Waste Heat into District Heating Network.” Building Simulation 9(2):153–63. 

Yavuzturk, Cenk and Jeffrey D. Spitler. 1999. “A Short Time Step Response Factor 
Model for Vertical Ground Loop Heat Exchangers.” ASHRAE Transactions 
105(2):475–85. 

Zhang, Yong, Li-juan Yuan, and Shi Cheng. 2019. “Building Energy Performance 
Optimization: A New Multi-Objective Particle Swarm Method.” Pp. 139–47 in 
Advances in Swarm Intelligence, edited by Y. Tan, Y. Shi, and B. Niu. Cham: Springer 
International Publishing. 

Zhao, Hai-xiang and Frédéric Magoulès. 2012. “A Review on the Prediction of Building 
Energy Consumption.” Renewable and Sustainable Energy Reviews 16(6):3586–92. 

Ziemele, Jelena, Roberts Kalnins, Girts Vigants, Edgars Vigants, and Ivars Veidenbergs. 
2018. “Evaluation of the Industrial Waste Heat Potential for Its Recovery and 
Integration into a Fourth Generation District Heating System.” Energy Procedia 
147:315–21. 

 



Page | 216 
 

Curriculum Vitae 

Luyi Xu was born in Tianjin, China. After obtaining a bachelor degree in Constructional 

Environment and Equipment Engineering in 2011 at Tianjin University in Tianjin, China, 

she studied HVAC Engineering at the same university. In 2014 she graduated within the 

Built Environment Research Lab on the air distribution in aircraft cabins. Prior to joining 

the PhD program at Eindhoven University of Technology, she worked as a project 

engineer at the consulting firm Built Environment (Tianjin) Science and Technology Ltd. 

From August 2015, Xu started a PhD project at Eindhoven University of Technology, 

Unit of Building Physics and Services. Her PhD project was about a modeling and 

simulation approach to support the decision-making process in the design optimization 

of seasonal thermal energy storage integrated district heating and cooling system. 

To date, Luyi Xu has (co-)authored 8 journal papers, 6 conference papers and 1 

profession magazine paper. Since August 2020, she is employed as a postdoc at Delft 

University of Technology. 

 



Page | 217  

Publication List 

Peer-reviewed journal publications  

Luc, K. M., Li, R., Xu, L., Nielsen, T. R., & Hensen, J. L. M. (2020). Energy 

flexibility potential of a small district connected to a district heating system. Energy 

and Buildings, 225, 110074. 

Xu, L., Torrens Galdiz, J. I., Guo, F., Yang, X., & Hensen, J. L. M. (2018). 

Application of large underground seasonal thermal energy storage in district 

heating system: A model-based energy performance assessment of a pilot system 

in Chifeng, China. Applied Thermal Engineering, 137, 319–328. 

Guo, F., Yang, X., Xu, L., Torrens Galdiz, J. I., & Hensen, J. (2017). A central 

solar-industrial waste heat heating system with large scale borehole thermal 

storage. Procedia Engineering, 205, 1584–1591. 

Huang, J., Zhou, C., Zhuo, Y., Xu, L., & Jiang, Y. (2016). Outdoor thermal 

environments and activities in open space: An experiment study in humid 

subtropical climates. Building and Environment, 103, 238-249. 

Duan, R., Liu, W., Xu, L., Huang, Y., Shen, X., Lin, C.-H., … Sasanapuri, B. 

(2015). Mesh type and number for the CFD simulations of air distribution in an 

aircraft cabin. Numerical Heat Transfer, Part B: Fundamentals, 67(6). 

Liu, S., Xu, L., Chao, J., Shen, C., Liu, J., Sun, H., … Nan, G. (2013). Thermal 

environment around passengers in an aircraft cabin. HVAC and R Research, 19(5).  

Han, X., Pei, J., Liu, J., & Xu, L. (2013). Multi-objective building energy 

consumption prediction and optimization for eco-community planning. Energy 

and Buildings, 66, 22–32. 



Page | 218 
 

Xu, L., Liu, J., Pei, J., & Han, X. (2013). Building energy saving potential in Hot 

Summer and Cold Winter (HSCW) Zone, China-Influence of building energy 

efficiency standards and implications. Energy Policy, 57, 253–262. 

 

Journal publications under review 

Xu, L., Guo, F., Hoes, P., Yang, X., & Hensen, J. L. M. Investigating energy 

performance of large-scale seasonal storage (0.5 million m3) in the district heating 

system of Chifeng city – Measurements and model-based analysis of operation 

strategies. Applied Energy. 

 

Journal publications in preparation 

Xu, L., Hoes, P., & Hensen, J. L. M. A systematic whole life cycle quality 

assurance method to evaluate performance of new generation district heating and 

cooling system with BPS tools.  

Xu, L., Hoes, P., & Hensen, J. L. M. A simple method to assess the effect of 

future scenarios on an existing district heating and cooling system with aquifer 

thermal energy storage.  

 

Professional magazine articles 

Torrens Galdiz, J. I., Xu, L., & Hensen, J. (2016). Modelica for design of building 

and district energy systems - IEA EBC Annex60: Research projects 

demonstrating the benefits/utilization of Modelica. Bouwfysica, 2016(2), 28–35. 

 

Peer-reviewed conference papers 



Page | 219  

Xu, L., Torrens Galdiz, J. I., Guo, F., Yang, X., & Hensen, J. (2017). Model-based 

energy performance assessment of the world largest underground seasonal 

thermal energy storage in a pilot district heating system in Chifeng City. In 

Proceedings of the 4th Sustainable Thermal Energy Management International Conference 

(SusTEM 2017), 28-30 June 2017, Alkmaar, The Netherlands (pp. 410–419).  

Trân Quâc, C. K. V., Xu, L., Torrens Galdiz, J. I., & Hensen, J. L. M. (2017). 

Model-based assessment of retrofit strategies for the extension of a small district 

heating system. In Charles S. Barnaby and Michael Wetter (Ed.), Proceedings of the 

International Building Performance Simulation Association Building Simulation Conference 

(pp. 1405–1417). San Francisco: IBPSA. 

Xu, L., Torrens Galdiz, J. I., & Hensen, J. L. M. (2017). Comparison of Two 

Simulation Methods for the Technical Feasibility of a District Heating System 

Using Waste Heat from a Copper Plant with Thermal Storage. In Charles S. 

Barnaby and Michael Wetter (Ed.), Proceedings of the International Building Performance 

Simulation Association Building Simulation Conference (pp. 940–948). San Francisco: 

IBPSA.  

Huang, J., Zhuo, Y., Xu, L., & Zhou, C. (2014). Microclimate and outdoor leisure 

activities in China’s residential communities: The Wuhan experiment. In Indoor 

Air 2014 - 13th International Conference on Indoor Air Quality and Climate. Hong Kong: 

ISIAQ. 

Liu, Y., Zhou, C., Li, Y., Zhang, J., Xu, L., Liu, S., … Li, H. (2014). A fast and 

simple tool to assess indoor environment quality of residential buildings at the 

stage of schematic design. In Indoor Air 2014 - 13th International Conference on Indoor 

Air Quality and Climate. Hong Kong: ISIAQ. 

Xu, L., Liu, J., Pei, J., & Han, X. (2013). Effect of building energy efficiency 

standards on HVAC system consumption in Hot Summer & Cold Winter (HSCW) 



Page | 220 
 

Zone, China. In Proceedings of the 11th REHVA World Congress & 8th 

international Conference on IAQVEC (CLIMA 2013). Prague, Czech Republic. 

 



Page | 221  

Acknowledgment 

To me, the PhD process is like a journey in search of a treasure. The initial research plan 

is the path one chooses/designs for the treasure-hunt journey. For several times, I was 

asked, by colleagues and master students, that how reliable was the initial research plan. 

I always reply with the universal answer, “It depends.” Indeed, there are many forks in 

the road and many factors can potentially alter the decisions. The factors include the 

coverage of the topic, the work style of the supervisors and the PhD candidate 

himself/herself, the engagement of new ideas, the condition of the working space, just 

to name a few. But whatever paths one chooses, whatever decisions one makes, one will 

always gain from the process. It’s a process of learning, exploring, and reflecting. It’s a 

process filled with events that are unexpected, complicated, and mentally challenging, 

and they attract me and motivate me to complete the PhD journey. For all the gains from 

my PhD journey, I would like to express my gratitude to several people. 

I’m extremely grateful to my first promotor, prof.dr.ir. Jan L.M. Hensen. Thank you for 

giving me the opportunity to join the Building Performance group as a PhD candidate. 

You always encourage me and remind me to think of the purpose of a research or a 

project. Thank you for sharing your knowledge and experiences of both research and 

personal life. I have learned a lot from you. Thank you for being such a great teacher. 

I also wish to thank Professor Qingyan Chen and Professor Junjie Liu. Without your 

recommendations and the training you provided during my Master study, I could never 

get started with my PhD. 

The completion of my thesis would not have been possible without the support of my 

daily supervisors. Thank you Ignacio Torrens for your patience in the first two years of 

my PhD study. I’ve learned many skills in project management. And your warmly 

encouraging words always help me build up my confidence. Many thanks to dr.ir. Pieter-

Jan Hoes for the critical feedbacks and insightful suggestions in our weekly meetings and 

in reviewing my thesis. I really appreciate that you always point out the most crucial 

aspect of my research. 



Page | 222 
 

I would like to express my appreciation to my doctoral committee members, Prof. Laura 

Itard, Prof. Bauke de Vries, Prof. Wim Zeiler, and our dean, Prof. Theo Salet. Thank you 

for your time and your valuable feedback. 

The main work of this thesis is based on the NWO-JSTP Smart Energy in Smart Cities 

project. I am grateful to all the collaboration partners, Tsinghua University, ENGIE BV, 

Chifeng Heran Energy Conservation Services Co. Special thanks to Professor Xudong 

Yang and Dr. Fang Guo from our academic partner Tsinghua University. Thank you for 

realizing the demonstration system and sharing the monitoring data. 

Thanks should also go to all participants of IEA EBC Annex 60. Annex 60 brought me 

to the world of the Modelica language. The expert meetings and the workshops renewed 

my knowledge of building performance modeling methods and provided sufficient 

exercises to learn modeling with Modelica. 

I would also like to extend my gratitude to all my colleagues in the Building Performace 

group and others who work(ed) on the 6th floor. Thank you Isa, for your creative way of 

thinking, your idea of starting the Lunch Club, and your accompany on many trips. Thank 

you Rajesh, for sharing your experiences and for your time to answer my tons of 

questions. Thank you Rongling, for being a warm-hearted friend and for our many long 

talks about everything. Thank you Zahra for always being there whenever I need a friend. 

Thank you for our Lunch Club members Antía, Christina, Marie, Shikha, Vojta, for 

making every day’s lunchtime such a special and enjoyable moment. Thanks to all who 

create a friendly and collaborative work environment: Adam, Ádám, Afaq, Agata, Antía, 

Asit, Benjamin, Bin, Cao Yang, Chang, Christos, Chul-Sung, Dmitry, Evangelos, Fotis, 

Huiqing, Indra, Johann, Juliette, Marcel, Mohamed, Oindrila, Olga, Parisa, Pei, Yi, Raul, 

Samuel, Sanket, Toon, Zhizhuo, ZiXiao. Thank you all for being not just great colleagues 

but also fantastic friends. 

I would like to recognize the help of our secretaries, Léontine, Ginny, Monique, Nathaly, 

and Daniëlle. Thank you all for taking care of the formalities, arranging great unit events 

and birthday celebrations, and creating some cozy spaces among offices.  



Page | 223  

I would like to take this opportunity to thank the students that I supervised during the 

five-year at TU/e. I appreciate this supervisory experience which strengthens my skills in 

time management, supervision, communication, and many more. Thank you Jasper 

Hofstede, Marius Lazauskas, Carine Trân, Sultan Çetin-Öztürk, Luís Carvalho, 

Francesco Abbracciavento, Davy Verduijn, Alexandros Papageorgiou, Samir Ahmed, 

Roy Botman, Soheil Alavirad, and Sandeep Kesarapu. 

Thanks to Duncan for proofreading this thesis and your great advice on academic writing. 

Before working with you on writing, I can never imagine that one day I would use 

enjoyable to describe my writing experience. 

Many thanks to my childhood friends, Hedi, Jingxian, and Yuan. Thank you for always 

being there whenever I am down. A quote to you from Elizabeth Foley: “The most 

beautiful discovery true friends make is that they can grow separately without growing 

apart.” Look forward to meeting you again. 

Thanks to my family. Thank you Māma and Bàba, I couldn’t have gone through the PhD 

journey without your continuous support. Special thanks to my husband Yanbin and my 

little one Celine. Thank you for bringing joy and love to my life. 

 

 

 

Luyi Xu 



Bouwstenen is een publicatiereeks
van de Faculteit Bouwkunde,
Technische Universiteit Eindhoven.
Zij presenteert resultaten van
onderzoek en andere activiteiten op
het vakgebied der Bouwkunde,
uitgevoerd in het kader van deze
Faculteit.

Bouwstenen en andere proefschriften van de 
TU/e zijn online beschikbaar via: 
https://research.tue.nl/



Reeds verschenen in de serie
Bouwstenen

nr 1
Elan: A Computer Model for Building 
Energy Design: Theory and Validation
Martin H. de Wit
H.H. Driessen
R.M.M. van der Velden

nr 2
Kwaliteit, Keuzevrijheid en Kosten: 
Evaluatie van Experiment Klarendal, 
Arnhem
J. Smeets
C. le Nobel
M. Broos 
J. Frenken
A. v.d. Sanden

nr 3
Crooswijk: 
Van ‘Bijzonder’ naar ‘Gewoon’
Vincent Smit
Kees Noort

nr 4
Staal in de Woningbouw
Edwin J.F. Delsing

nr 5
Mathematical Theory of Stressed 
Skin Action in Profiled Sheeting with 
Various Edge Conditions
Andre W.A.M.J. van den Bogaard

nr 6
Hoe Berekenbaar en Betrouwbaar is 
de Coëfficiënt k in x-ksigma en x-ks? 
K.B. Lub
A.J. Bosch

nr 7
Het Typologisch Gereedschap: 
Een Verkennende Studie Omtrent 
Typologie en Omtrent de Aanpak 
van Typologisch Onderzoek
J.H. Luiten
 
nr 8
Informatievoorziening en Beheerprocessen
A. Nauta
Jos Smeets (red.)
Helga Fassbinder (projectleider)
Adrie Proveniers
J. v.d. Moosdijk

nr 9
Strukturering en Verwerking van 
Tijdgegevens voor de Uitvoering 
van Bouwwerken
ir. W.F. Schaefer
P.A. Erkelens

nr 10
Stedebouw en de Vorming van 
een Speciale Wetenschap
K. Doevendans

nr 11
Informatica en Ondersteuning 
van Ruimtelijke Besluitvorming
G.G. van der Meulen

nr 12
Staal in de Woningbouw, 
Korrosie-Bescherming van 
de Begane Grondvloer
Edwin J.F. Delsing

nr 13
Een Thermisch Model voor de 
Berekening van Staalplaatbetonvloeren 
onder Brandomstandigheden
A.F. Hamerlinck

nr 14
De Wijkgedachte in Nederland: 
Gemeenschapsstreven in een 
Stedebouwkundige Context
K. Doevendans
R. Stolzenburg

nr 15
Diaphragm Effect of Trapezoidally 
Profiled Steel Sheets: 
Experimental Research into the 
Influence of Force Application
Andre W.A.M.J. van den Bogaard

nr 16
Versterken met Spuit-Ferrocement: 
Het Mechanische Gedrag van met 
Spuit-Ferrocement Versterkte 
Gewapend Betonbalken
K.B. Lubir
M.C.G. van Wanroy



nr 17
De Tractaten van 
Jean Nicolas Louis Durand
G. van Zeyl

nr 18
Wonen onder een Plat Dak: 
Drie Opstellen over Enkele 
Vooronderstellingen van de 
Stedebouw
K. Doevendans

nr 19
Supporting Decision Making Processes: 
A Graphical and Interactive Analysis of 
Multivariate Data
W. Adams

nr 20
Self-Help Building Productivity: 
A Method for Improving House Building 
by Low-Income Groups Applied to Kenya 
1990-2000
P. A. Erkelens

nr 21
De Verdeling van Woningen: 
Een Kwestie van Onderhandelen
Vincent Smit

nr 22
Flexibiliteit en Kosten in het Ontwerpproces: 
Een Besluitvormingondersteunend Model
M. Prins

nr 23
Spontane Nederzettingen Begeleid: 
Voorwaarden en Criteria in Sri Lanka
Po Hin Thung

nr 24
Fundamentals of the Design of 
Bamboo Structures
Oscar Arce-Villalobos

nr 25
Concepten van de Bouwkunde
M.F.Th. Bax (red.)
H.M.G.J. Trum (red.)

nr 26
Meaning of the Site
Xiaodong Li

nr 27
Het Woonmilieu op Begrip Gebracht: 
Een Speurtocht naar de Betekenis van het 
Begrip 'Woonmilieu'
Jaap Ketelaar

nr 28
Urban Environment in Developing Countries
editors: Peter A. Erkelens 
 George G. van der Meulen (red.)

nr 29
Stategische Plannen voor de Stad: 
Onderzoek en Planning in Drie Steden
prof.dr. H. Fassbinder (red.)
H. Rikhof (red.)

nr 30
Stedebouwkunde en Stadsbestuur
Piet Beekman

nr 31
De Architectuur van Djenné: 
Een Onderzoek naar de Historische Stad
P.C.M. Maas

nr 32
Conjoint Experiments and Retail Planning
Harmen Oppewal

nr 33
Strukturformen Indonesischer Bautechnik: 
Entwicklung Methodischer Grundlagen 
für eine ‘Konstruktive Pattern Language’ 
in Indonesien
Heinz Frick arch. SIA

nr 34
Styles of Architectural Designing: 
Empirical Research on Working Styles 
and Personality Dispositions
Anton P.M. van Bakel

nr 35
Conjoint Choice Models for Urban 
Tourism Planning and Marketing
Benedict Dellaert

nr 36
Stedelijke Planvorming als Co-Produktie
Helga Fassbinder (red.)



nr 37 
Design Research in the Netherlands
editors: R.M. Oxman 
 M.F.Th. Bax 
 H.H. Achten

nr 38 
Communication in the Building Industry
Bauke de Vries

nr 39 
Optimaal Dimensioneren van 
Gelaste Plaatliggers
J.B.W. Stark
F. van Pelt
L.F.M. van Gorp
B.W.E.M. van Hove

nr 40 
Huisvesting en Overwinning van Armoede
P.H. Thung 
P. Beekman (red.)

nr 41 
Urban Habitat: 
The Environment of Tomorrow
George G. van der Meulen 
Peter A. Erkelens

nr 42
A Typology of Joints
John C.M. Olie

nr 43
Modeling Constraints-Based Choices 
for Leisure Mobility Planning
Marcus P. Stemerding 

nr 44
Activity-Based Travel Demand Modeling
Dick Ettema

nr 45
Wind-Induced Pressure Fluctuations 
on Building Facades
Chris Geurts

nr 46
Generic Representations
Henri Achten

nr 47
Johann Santini Aichel: 
Architectuur en Ambiguiteit
Dirk De Meyer

nr 48
Concrete Behaviour in Multiaxial 
Compression
Erik van Geel

nr 49
Modelling Site Selection
Frank Witlox

nr 50
Ecolemma Model
Ferdinand  Beetstra

nr 51
Conjoint Approaches to Developing 
Activity-Based Models
Donggen Wang 

nr 52
On the Effectiveness of Ventilation
Ad Roos

nr 53
Conjoint Modeling Approaches for 
Residential Group preferences
Eric Molin

nr 54
Modelling Architectural Design 
Information by Features
Jos van Leeuwen

nr 55
A Spatial Decision Support System for 
the Planning of Retail and Service Facilities
Theo Arentze

nr 56
Integrated Lighting System Assistant
Ellie de Groot

nr 57
Ontwerpend Leren, Leren Ontwerpen
J.T. Boekholt

nr 58
Temporal Aspects of Theme Park Choice 
Behavior
Astrid Kemperman

nr 59
Ontwerp van een Geïndustrialiseerde 
Funderingswijze
Faas Moonen



nr 60
Merlin: A Decision Support System 
for Outdoor Leisure Planning
Manon van Middelkoop

nr 61
The Aura of Modernity
Jos Bosman 

nr 62
Urban Form and Activity-Travel Patterns
Daniëlle Snellen

nr 63
Design Research in the Netherlands 2000
Henri Achten

nr 64
Computer Aided Dimensional Control in 
Building Construction
Rui Wu

nr 65
Beyond Sustainable Building
editors: Peter A. Erkelens
 Sander de Jonge
 August A.M. van Vliet
co-editor: Ruth J.G. Verhagen

nr 66
Das Globalrecyclingfähige Haus
Hans Löfflad

nr 67
Cool Schools for Hot Suburbs
René J. Dierkx

nr 68
A Bamboo Building Design Decision 
Support Tool
Fitri Mardjono

nr 69
Driving Rain on Building Envelopes
Fabien van Mook

nr 70
Heating Monumental Churches
Henk Schellen

nr 71
Van Woningverhuurder naar 
Aanbieder van Woongenot
Patrick Dogge 

nr 72
Moisture Transfer Properties of 
Coated Gypsum
Emile Goossens

nr 73
Plybamboo Wall-Panels for Housing
Guillermo E. González-Beltrán

nr 74
The Future Site-Proceedings
Ger Maas
Frans van Gassel

nr 75
Radon transport in 
Autoclaved Aerated Concrete
Michel van der Pal

nr 76
The Reliability and Validity of Interactive 
Virtual Reality Computer Experiments
Amy Tan 

nr 77
Measuring Housing Preferences Using 
Virtual Reality and Belief Networks
Maciej A. Orzechowski

nr 78
Computational Representations of Words 
and Associations in Architectural Design
Nicole Segers

nr 79
Measuring and Predicting Adaptation in 
Multidimensional Activity-Travel Patterns
Chang-Hyeon Joh

nr 80
Strategic Briefing
Fayez Al Hassan

nr 81
Well Being in Hospitals
Simona Di Cicco

nr 82
Solares Bauen:
Implementierungs- und Umsetzungs-
Aspekte in der Hochschulausbildung 
in Österreich
Gerhard Schuster



nr 83
Supporting Strategic Design of 
Workplace Environments with 
Case-Based Reasoning
Shauna Mallory-Hill

nr 84
ACCEL: A Tool for Supporting Concept 
Generation in the Early Design Phase 
Maxim Ivashkov

nr 85
Brick-Mortar Interaction in Masonry 
under Compression
Ad Vermeltfoort

nr 86 
Zelfredzaam Wonen
Guus van Vliet

nr 87
Een Ensemble met Grootstedelijke Allure
Jos Bosman
Hans Schippers

nr 88
On the Computation of Well-Structured 
Graphic Representations in Architectural 
Design 
Henri Achten

nr 89
De Evolutie van een West-Afrikaanse 
Vernaculaire Architectuur
Wolf Schijns

nr 90
ROMBO Tactiek
Christoph Maria Ravesloot

nr 91
External Coupling between Building 
Energy Simulation and Computational 
Fluid Dynamics
Ery Djunaedy

nr 92
Design Research in the Netherlands 2005
editors: Henri Achten
 Kees Dorst
 Pieter Jan Stappers
 Bauke de Vries

nr 93
Ein Modell zur Baulichen Transformation
Jalil H. Saber Zaimian

nr 94
Human Lighting Demands: 
Healthy Lighting in an Office Environment
Myriam Aries

nr 95
A Spatial Decision Support System for 
the Provision and Monitoring of Urban 
Greenspace
Claudia Pelizaro

nr 96
Leren Creëren
Adri Proveniers

nr 97
Simlandscape
Rob de Waard

nr 98
Design Team Communication
Ad den Otter

nr 99
Humaan-Ecologisch 
Georiënteerde Woningbouw
Juri Czabanowski

nr 100
Hambase
Martin de Wit

nr 101
Sound Transmission through Pipe 
Systems and into Building Structures
Susanne Bron-van der Jagt

nr 102
Het Bouwkundig Contrapunt
Jan Francis Boelen

nr 103
A Framework for a Multi-Agent 
Planning Support System
Dick Saarloos

nr 104
Bracing Steel Frames with Calcium 
Silicate Element Walls
Bright Mweene Ng’andu

nr 105
Naar een Nieuwe Houtskeletbouw
F.N.G. De Medts



nr 106 and 107
Niet gepubliceerd

nr 108
Geborgenheid
T.E.L. van Pinxteren

nr 109
Modelling Strategic Behaviour in 
Anticipation of Congestion
Qi Han

nr 110
Reflecties op het Woondomein
Fred Sanders

nr 111
On Assessment of Wind Comfort 
by Sand Erosion
Gábor Dezsö

nr 112
Bench Heating in Monumental Churches 
Dionne Limpens-Neilen

nr 113
RE. Architecture
Ana Pereira Roders

nr 114
Toward Applicable Green Architecture
Usama El Fiky

nr 115
Knowledge Representation under 
Inherent Uncertainty in a Multi-Agent 
System for Land Use Planning
Liying Ma

nr 116
Integrated Heat Air and Moisture 
Modeling and Simulation
Jos van Schijndel

nr 117
Concrete Behaviour in Multiaxial 
Compression
J.P.W. Bongers

nr 118
The Image of the Urban Landscape
Ana Moya Pellitero

nr 119
The Self-Organizing City in Vietnam
Stephanie Geertman

nr 120
A Multi-Agent Planning Support 
System for Assessing Externalities 
of Urban Form Scenarios
Rachel Katoshevski-Cavari

nr 121
Den Schulbau Neu Denken, 
Fühlen und Wollen
Urs Christian Maurer-Dietrich

nr 122
Peter Eisenman Theories and 
Practices
Bernhard Kormoss

nr 123
User Simulation of Space Utilisation
Vincent Tabak

nr 125
In Search of a Complex System Model
Oswald Devisch

nr 126
Lighting at Work:
Environmental Study of Direct Effects 
of Lighting Level and Spectrum on
Psycho-Physiological Variables
Grazyna Górnicka

nr 127
Flanking Sound Transmission through 
Lightweight Framed Double Leaf Walls
Stefan Schoenwald

nr 128
Bounded Rationality and Spatio-Temporal 
Pedestrian Shopping Behavior
Wei Zhu

nr 129
Travel Information:
Impact on Activity Travel Pattern
Zhongwei Sun

nr 130
Co-Simulation for Performance 
Prediction of Innovative Integrated 
Mechanical Energy Systems in Buildings
Marija Trcka

nr 131
Niet gepubliceerd

˙

�



nr 132
Architectural Cue Model in Evacuation 
Simulation for Underground Space Design
Chengyu Sun

nr 133
Uncertainty and Sensitivity Analysis in 
Building Performance Simulation for 
Decision Support and Design Optimization
Christina Hopfe

nr 134
Facilitating Distributed Collaboration 
in the AEC/FM Sector Using Semantic 
Web Technologies
Jacob Beetz

nr 135
Circumferentially Adhesive Bonded Glass 
Panes for Bracing Steel Frame in Façades
Edwin Huveners

nr 136
Influence of Temperature on Concrete 
Beams Strengthened in Flexure 
with CFRP
Ernst-Lucas Klamer

nr 137
Sturen op Klantwaarde
Jos Smeets

nr 139
Lateral Behavior of Steel Frames 
with Discretely Connected Precast Concrete 
Infill Panels
Paul Teewen

nr 140
Integral Design Method in the Context 
of Sustainable Building Design
Perica Savanovic

nr 141
Household Activity-Travel Behavior: 
Implementation of Within-Household 
Interactions
Renni Anggraini

nr 142
Design Research in the Netherlands 2010
Henri Achten

nr 143
Modelling Life Trajectories and Transport 
Mode Choice Using Bayesian Belief Networks
Marloes Verhoeven

nr 144
Assessing Construction Project 
Performance in Ghana
William Gyadu-Asiedu

nr 145
Empowering Seniors through 
Domotic Homes
Masi Mohammadi

nr 146
An Integral Design Concept for
Ecological Self-Compacting Concrete
Martin Hunger

nr 147
Governing Multi-Actor Decision Processes 
in Dutch Industrial Area Redevelopment
Erik Blokhuis

nr 148
A Multifunctional Design Approach 
for Sustainable Concrete
Götz Hüsken

nr 149
Quality Monitoring in Infrastructural 
Design-Build Projects
Ruben Favié

nr 150
Assessment Matrix for Conservation of 
Valuable Timber Structures
Michael Abels

nr 151
Co-simulation of Building Energy Simulation 
and Computational Fluid Dynamics for 
Whole-Building Heat, Air and Moisture 
Engineering
Mohammad Mirsadeghi

nr 152
External Coupling of Building Energy 
Simulation and Building Element Heat, 
Air and Moisture Simulation
Daniel Cóstola

´



nr 153
Adaptive Decision Making In 
Multi-Stakeholder Retail Planning 
Ingrid Janssen

nr 154
Landscape Generator
Kymo Slager

nr 155
Constraint Specification in Architecture
Remco Niemeijer

nr 156
A Need-Based Approach to 
Dynamic Activity Generation
Linda Nijland

nr 157
Modeling Office Firm Dynamics in an 
Agent-Based Micro Simulation Framework
Gustavo Garcia Manzato

nr 158
Lightweight Floor System for 
Vibration Comfort
Sander Zegers

nr 159
Aanpasbaarheid van de Draagstructuur
Roel Gijsbers

nr 160
'Village in the City' in Guangzhou, China
Yanliu Lin

nr 161
Climate Risk Assessment in Museums
Marco Martens

nr 162
Social Activity-Travel Patterns
Pauline van den Berg

nr 163
Sound Concentration Caused by 
Curved Surfaces
Martijn Vercammen

nr 164
Design of Environmentally Friendly 
Calcium Sulfate-Based Building Materials: 
Towards an Improved Indoor Air Quality
Qingliang Yu

nr 165
Beyond Uniform Thermal Comfort 
on the Effects of Non-Uniformity and 
Individual Physiology
Lisje Schellen

nr 166
Sustainable Residential Districts
Gaby Abdalla 

nr 167
Towards a Performance Assessment 
Methodology using Computational 
Simulation for Air Distribution System 
Designs in Operating Rooms
Mônica do Amaral Melhado

nr 168
Strategic Decision Modeling in 
Brownfield Redevelopment
Brano Glumac

nr 169
Pamela: A Parking Analysis Model 
for Predicting Effects in Local Areas
Peter van der Waerden

nr 170
A Vision Driven Wayfinding Simulation-System 
Based on the Architectural Features Perceived 
in the Office Environment
Qunli Chen

nr 171
Measuring Mental Representations 
Underlying Activity-Travel Choices
Oliver Horeni

nr 172
Modelling the Effects of Social Networks 
on Activity and Travel Behaviour
Nicole Ronald

nr 173
Uncertainty Propagation and Sensitivity 
Analysis Techniques in Building Performance 
Simulation to Support Conceptual Building 
and System Design
Christian Struck

nr 174
Numerical Modeling of Micro-Scale 
Wind-Induced Pollutant Dispersion 
in the Built Environment
Pierre Gousseau



nr 175
Modeling Recreation Choices 
over the Family Lifecycle
Anna Beatriz Grigolon

nr 176
Experimental and Numerical Analysis of 
Mixing Ventilation at Laminar, Transitional 
and Turbulent Slot Reynolds Numbers
Twan van Hooff

nr 177
Collaborative Design Support:
Workshops to Stimulate Interaction and 
Knowledge Exchange Between Practitioners
Emile M.C.J. Quanjel

nr 178
Future-Proof Platforms for Aging-in-Place
Michiel Brink

nr 179
Motivate: 
A Context-Aware Mobile Application for
Physical Activity Promotion
Yuzhong Lin

nr 180
Experience the City:
Analysis of Space-Time Behaviour and 
Spatial Learning 
Anastasia Moiseeva

nr 181
Unbonded Post-Tensioned Shear Walls of 
Calcium Silicate Element Masonry
Lex van der Meer

nr 182
Construction and Demolition Waste 
Recycling into Innovative Building Materials 
for Sustainable Construction in Tanzania
Mwita M. Sabai

nr 183
Durability of Concrete
with Emphasis on Chloride Migration
Przemys�aw Spiesz

nr 184
Computational Modeling of Urban 
Wind Flow and Natural Ventilation Potential 
of Buildings 
Rubina Ramponi

nr 185
A Distributed Dynamic Simulation 
Mechanism for Buildings Automation 
and Control Systems
Azzedine Yahiaoui

nr 186
Modeling Cognitive Learning of Urban
Networks in Daily Activity-Travel Behavior
Sehnaz Cenani Durmazoglu

nr 187
Functionality and Adaptability of Design 
Solutions for Public Apartment Buildings
in Ghana
Stephen Agyefi-Mensah

nr 188
A Construction Waste Generation Model 
for Developing Countries
Lilliana Abarca-Guerrero

nr 189
Synchronizing Networks:
The Modeling of Supernetworks for 
Activity-Travel Behavior
Feixiong Liao

nr 190
Time and Money Allocation Decisions 
in Out-of-Home Leisure Activity Choices 
Gamze Zeynep Dane

nr 191
How to Measure Added Value of CRE and 
Building Design 
Rianne Appel-Meulenbroek

nr 192
Secondary Materials in Cement-Based 
Products:
Treatment, Modeling and Environmental 
Interaction
Miruna Florea

nr 193
Concepts for the Robustness Improvement 
of Self-Compacting Concrete: 
Effects of Admixtures and Mixture 
Components on the Rheology and Early 
Hydration at Varying Temperatures
Wolfram Schmidt

�¸



nr 194
Modelling and Simulation of Virtual Natural 
Lighting Solutions in Buildings
Rizki A. Mangkuto

nr 195
Nano-Silica Production at Low Temperatures 
from the Dissolution of Olivine - Synthesis, 
Tailoring and Modelling
Alberto Lazaro Garcia

nr 196
Building Energy Simulation Based 
Assessment of Industrial Halls for 
Design Support
Bruno Lee

nr 197
Computational Performance Prediction 
of the Potential of Hybrid Adaptable 
Thermal Storage Concepts for Lightweight 
Low-Energy Houses 
Pieter-Jan Hoes

nr 198
Application of Nano-Silica in Concrete 
George Quercia Bianchi

nr 199
Dynamics of Social Networks and Activity 
Travel Behaviour
Fariya Sharmeen

nr 200
Building Structural Design Generation and 
Optimisation including Spatial Modification
Juan Manuel Davila Delgado

nr 201
Hydration and Thermal Decomposition of 
Cement/Calcium-Sulphate Based Materials
Ariën de Korte

nr 202
Republiek van Beelden:
De Politieke Werkingen van het Ontwerp in 
Regionale Planvorming
Bart de Zwart

nr 203
Effects of Energy Price Increases on 
Individual Activity-Travel Repertoires and 
Energy Consumption
Dujuan Yang

nr 204
Geometry and Ventilation:
Evaluation of the Leeward Sawtooth Roof 
Potential in the Natural Ventilation of 
Buildings
Jorge Isaac Perén Montero

nr 205
Computational Modelling of Evaporative 
Cooling as a Climate Change Adaptation 
Measure at the Spatial Scale of Buildings 
and Streets
Hamid Montazeri

nr 206
Local Buckling of Aluminium Beams in Fire 
Conditions
Ronald van der Meulen

nr 207
Historic Urban Landscapes:
Framing the Integration of Urban and 
Heritage Planning in Multilevel Governance
Loes Veldpaus

nr 208
Sustainable Transformation of the Cities:
Urban Design Pragmatics to Achieve a 
Sustainable City
Ernesto Antonio Zumelzu Scheel

nr 209
Development of Sustainable Protective 
Ultra-High Performance Fibre Reinforced 
Concrete (UHPFRC):
Design, Assessment and Modeling
Rui Yu

nr 210
Uncertainty in Modeling Activity-Travel 
Demand in Complex Uban Systems
Soora Rasouli

nr 211
Simulation-based Performance Assessment 
of Climate Adaptive Greenhouse Shells
Chul-sung Lee

nr 212
Green Cities:
Modelling the Spatial Transformation of 
the Urban Environment using Renewable 
Energy Technologies
Saleh Mohammadi



nr 213
A Bounded Rationality Model of Short and 
Long-Term Dynamics of Activity-Travel 
Behavior
Ifigeneia Psarra

nr 214
Effects of Pricing Strategies on Dynamic 
Repertoires of Activity-Travel Behaviour
Elaheh Khademi

nr 215
Handstorm Principles for Creative and 
Collaborative Working
Frans van Gassel

nr 216
Light Conditions in Nursing Homes:
Visual Comfort and Visual Functioning of 
Residents 
Marianne M. Sinoo

nr 217
Woonsporen:
De Sociale en Ruimtelijke Biografie van 
een Stedelijk Bouwblok in de Amsterdamse 
Transvaalbuurt 
Hüseyin Hüsnü Yegenoglu

nr 218
Studies on User Control in Ambient 
Intelligent Systems
Berent Willem Meerbeek

nr 219
Daily Livings in a Smart Home:
Users’ Living Preference Modeling of Smart 
Homes
Erfaneh Allameh

nr 220
Smart Home Design:
Spatial Preference Modeling of Smart 
Homes
Mohammadali Heidari Jozam

nr 221
Wonen:
Discoursen, Praktijken, Perspectieven
Jos Smeets

nr 222
Personal Control over Indoor Climate in 
Offices:
Impact on Comfort, Health and Productivity
Atze Christiaan Boerstra

nr 223
Personalized Route Finding in Multimodal 
Transportation Networks
Jianwe Zhang

nr 224
The Design of an Adaptive Healing Room 
for Stroke Patients
Elke Daemen 

nr 225
Experimental and Numerical Analysis of 
Climate Change Induced Risks to Historic 
Buildings and Collections
Zara Huijbregts

nr 226
Wind Flow Modeling in Urban Areas Through 
Experimental and Numerical Techniques
Alessio Ricci

nr 227
Clever Climate Control for Culture:
Energy Efficient Indoor Climate Control 
Strategies for Museums Respecting 
Collection Preservation and Thermal 
Comfort of Visitors
Rick Kramer

nr 228
Fatigue Life Estimation of Metal Structures 
Based on Damage Modeling
Sarmediran Silitonga 

nr 229
A multi-agents and occupancy based 
strategy for energy management and 
process control on the room-level
Timilehin Moses Labeodan

nr 230
Environmental assessment of Building 
Integrated Photovoltaics:
Numerical and Experimental Carrying 
Capacity Based Approach
Michiel Ritzen 

nr 231
Performance of Admixture and Secondary 
Minerals in Alkali Activated Concrete:
Sustaining a Concrete Future 
Arno Keulen 



nr 232
World Heritage Cities and Sustainable 
Urban Development: 
Bridging Global and Local Levels in Monitor-
ing the Sustainable Urban Development of 
World Heritage Cities 
Paloma C. Guzman Molina 

nr 233 
Stage Acoustics and Sound Exposure in 
Performance and Rehearsal Spaces for 
Orchestras: 
Methods for Physical Measurements
Remy Wenmaekers

nr 234
Municipal Solid Waste Incineration (MSWI) 
Bottom Ash:
From Waste to Value Characterization, 
Treatments and Application
Pei Tang

nr 235
Large Eddy Simulations Applied to Wind 
Loading and Pollutant Dispersion
Mattia Ricci

nr 236
Alkali Activated Slag-Fly Ash Binders: 
Design, Modeling and Application
Xu Gao

nr 237
Sodium Carbonate Activated Slag: 
Reaction Analysis, Microstructural 
Modification & Engineering Application
Bo Yuan

nr 238
Shopping Behavior in Malls
Widiyani

nr 239
Smart Grid-Building Energy Interactions:
Demand Side Power Flexibility in Office 
Buildings
Kennedy Otieno Aduda

nr 240
Modeling Taxis Dynamic Behavior in 
Uncertain Urban Environments
Zheng Zhong 

nr 241
Gap-Theoretical Analyses of Residential 
Satisfaction and Intention to Move 
Wen Jiang

nr 242
Travel Satisfaction and Subjective Well-Being: 
A Behavioral Modeling Perspective 
Yanan Gao

nr 243
Building Energy Modelling to Support 
the Commissioning of Holistic Data Centre 
Operation
Vojtech Zavrel

nr 244
Regret-Based Travel Behavior Modeling:
An Extended Framework
Sunghoon Jang

nr 245
Towards Robust Low-Energy Houses: 
A Computational Approach for Performance 
Robustness Assessment using Scenario 
Analysis
Rajesh Reddy Kotireddy

nr 246
Development of sustainable and 
functionalized inorganic binder-biofiber 
composites
Guillaume Doudart de la Grée

nr 247
A Multiscale Analysis of the Urban Heat 
Island Effect: From City Averaged 
Temperatures to the Energy Demand of 
Individual Buildings
Yasin Toparlar

nr 248
Design Method for Adaptive Daylight 
Systems for buildings covered by large 
(span) roofs
Florian Heinzelmann

nr 249
Hardening, high-temperature resistance and 
acid resistance of one-part geopolymers
Patrick Sturm



nr 250
Effects of the built environment on dynamic 
repertoires of activity-travel behaviour
Aida Pontes de Aquino

nr 251
Modeling for auralization of urban 
environments: Incorporation of directivity in 
sound propagation and analysis of a frame-
work for auralizing a car pass-by
Fotis Georgiou

nr 252
Wind Loads on Heliostats and Photovoltaic 
Trackers
Andreas Pfahl

nr 253
Approaches for computational performance 
optimization of innovative adaptive façade 
concepts
Roel Loonen

nr 254
Multi-scale FEM-DEM Model for Granular 
Materials: Micro-scale boundary conditions, 
Statics, and Dynamics
Jiadun Liu

nr 255
Bending Moment - Shear Force Interaction 
of Rolled I-Shaped Steel Sections
Rianne Willie Adriana Dekker

nr 256
Paralympic tandem cycling and hand-
cycling: Computational and wind tunnel 
analysis of aerodynamic performance
Paul Fionn Mannion

nr 257
Experimental characterization and nu-
merical modelling of 3D printed concrete: 
Controlling structural behaviour in the fresh 
and hardened state
Robert Johannes Maria Wolfs

nr 258
Requirement checking in the building indus-
try: Enabling modularized and extensible 
requirement checking systems based on 
semantic web technologies
Chi Zhang

nr 259
A Sustainable Industrial Site Redevelop-
ment Planning Support System
Tong Wang

nr 260
Efficient storage and retrieval of detailed 
building models: Multi-disciplinary and 
long-term use of geometric and semantic 
construction information
Thomas Ferdinand Krijnen

nr 261
The users’ value of business center concepts 
for knowledge sharing and networking be-
havior within and between organizations
Minou Weijs-Perrée

nr 262
Characterization and improvement of aero-
dynamic performance of vertical axis 
wind turbines using computational fluid 
dynamics (CFD)
Abdolrahim Rezaeiha

nr 263
In-situ characterization of the acoustic 
impedance of vegetated roofs
Chang Liu

nr 264
Occupancy-based lighting control: Develop-
ing an energy saving strategy that ensures 
office workers’ comfort
Christel de Bakker

nr 265
Stakeholders-Oriented Spatial Decision 
Support System
Cahyono Susetyo

nr 266
Climate-induced damage in oak museum 
objects
Rianne Aleida Luimes

nr 267
Towards individual thermal comfort:
Model predictive personalized control of 
heating systems
Katarina Katic



nr 268
Modelling and Measuring Quality of Urban 
Life: Housing, Neighborhood, Transport and 
Job
Lida Aminian

nr 269
Optimization of an aquifer thermal energy 
storage system through integrated model-
ling of aquifer, HVAC systems and building
Basar Bozkaya

nr 270
Numerical modeling for urban sound 
propagation: developments in wave-based 
and energy-based methods
Raúl Pagán Muñoz

nr 271
Lighting in multi-user office environments: 
improving employee wellbeing through 
personal control
Sanae van der Vleuten-Chraibi

nr 272
A strategy for fit-for-purpose occupant 
behavior modelling in building energy and 
comfort performance simulation
Isabella I. Gaetani dell’Aquila d’Aragona

nr 273
Een architectuurhistorische waardestelling 
van naoorlogse woonwijken in Nederland: 
Het voorbeeld van de Westelijke Tuinsteden 
in Amsterdam
Eleonore Henriette Marie Mens

nr 274
Job-Housing Co-Dependent Mobility 
Decisions in Life Trajectories
Jia Guo

nr 275
A user-oriented focus to create healthcare 
facilities: decision making on strategic 
values
Emilia Rosalia Catharina Maria Huisman

nr 276
Dynamics of plane impinging jets at 
moderate Reynolds numbers – 
with applications to air curtains
Adelya Khayrullina

nr 277
Valorization of Municipal Solid Waste 
Incineration Bottom Ash - Chemical Nature, 
Leachability and Treatments of Hazardous 
Elements
Qadeer Alam

nr 278
Treatments and valorization of MSWI 
bottom ash - application in cement-based 
materials
Veronica Caprai

nr 279
Personal lighting conditions of office 
workers - input for intelligent systems to 
optimize subjective alertness
Juliëtte van Duijnhoven

nr 280
Social influence effects in tourism travel: air 
trip itinerary and destination choices
Xiaofeng Pan

nr 281
Advancing Post-War Housing: Integrating 
Heritage Impact, Environmental Impact, 
Hygrothermal Risk and Costs in Renovation 
Design Decisions
Lisanne Claartje Havinga

nr 282
Impact resistant ultra-high performance 
fibre reinforced concrete: materials, compo-
nents and properties
Peipeng Li

nr 283
Demand-driven Science Parks: The Per-
ceived Benefits and Trade-offs of Tenant 
Firms with regard to Science Park Attributes
Wei Keat Benny Ng

nr 284
Raise the lantern; how light can help to 
maintain a healthy and safe hospital 
environment focusing on nurses
Maria Petronella Johanna Aarts

nr 285
Modelling Learning and Dynamic Route and 
Parking Choice Behaviour under Uncertainty
Elaine Cristina Schneider de Carvalho



nr 286
Identifying indoor local microclimates for 
safekeeping of cultural heritage
Karin Kompatscher

nr 287
Probabilistic modeling of fatigue 
resistance for welded and riveted bridge 
details. Resistance models and estimation 
of uncertainty.
Davide Leonetti

nr 288
Performance of Layered UHPFRC under 
Static and Dynamic Loads: Effects of steel 
fibers, coarse aggregates and layered 
structures
Yangyueye Cao

nr 289
Photocatalytic abatement of the nitrogen 
oxide pollution: synthesis, application 
and long-term evaluation of titania-silica 
composites
Yuri Hendrix

nr 290
Assessing knowledge adoption in post-
disaster reconstruction: Understanding the 
impact of hazard-resistant construction 
knowledge on reconstruction processes of 
self-recovering communities in Nepal and 
the Philippines
Eefje Hendriks

nr 291
Locating electric vehicle charging stations: 
A multi-agent based dynamic simulation
Seheon Kim

nr 292
De invloed van Lean Management op de 
beheersing van het bouwproces
Wim van den Bouwhuijsen

nr 293
Neighborhood Environment and Physical 
Activity of Older Adults
Zhengying Liu

nr 294
Practical and continuous luminance 
distribution measurements for lighting 
quality
Thijs Willem Kruisselbrink

nr 295
Auditory Distraction in Open-Plan Study 
Environments in Higher Education
Pieternella Elizabeth Braat-Eggen

nr 296
Exploring the effect of the sound environ-
ment on nurses' task performance: an 
applied approach focusing on prospective 
memory
Jikke Reinten

nr 297
Design and performance of water resist-
ant cementitious materials– Mechanisms, 
evaluation and applications
Zhengyao Qu



Spine width choice of paper duplex printed on:
90 grams HVO WIT # pages : 100 x 5.95 = spine width in mm 
90 grams BIOTOP # pages : 100 x 6.40 = spine width in mm
90 grams G-PRINT # pages : 100 x 4.70 = spine width in mm

BOUWSTENEN 
Dissertation

matte laminate

book size 170 x 245 mm

DEPARTMENT OF THE BUILT ENVIRONMENT

DEPARTMENT OF THE BUILT 
ENVIRONMENT

29
8

New generation district heating and cooling (DHC) systems 
have great potential to reduce greenhouse gas emissions as 
they can use and store energy powered by renewables and then 
distribute it to buildings and industrial sites. The use of seasonal 
thermal energy storage (STES) are encouraged in new 
generation DHC system to resolve the discrepancy between 
seanonal heating/cooling demand and low-grade heating 
sources. Since a STES integrated DHC system consists of more 
than one type of supply source, such a system is often complex. 
As such, interactions and uncertainties are not common nature, 
and pose challenges in designing such a system. Building 
performance simulation (BPS) methods can play an important 
role in assisting the design processes as they provide the 
possibility to quantifiably compare proposed design options 
and to take uncertainties into account. 
However, it is still common in the BPS field to bypass some of 
the initial verification, validation and testing (VV&T) steps and 
focus directly on the programed model phase. This common 
practice reveals that a systematic QA procedure is often not 
used in the BPS field. Therefore, this PhD research aims to 
develop a modeling and simulation approach that employs a 
whole life cycle VV&T procedure to support the decision-making 
process in the design optimization of STES integrated DHC 
systems. in the modeling development processes, applying the 
developed modeling selection approach results in more 
efficient models and more effective use of the models.
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