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Abstract 

The continual increase in global energy consumption has resulted in a series of consequences, 

such as energy shortage, fuel price growth as well as severe environmental issues. The organic 

Rankine cycle (ORC) has attracted growing interest and has been considered to be a promising 

technology for converting low-grade heat sources into electricity, such as industrial waste heat 

recovery, geothermal power, biomass and solar thermal energy. 

Although a few suppliers dominate the ORC international market, New Zealand holds 

considerable potential in this niche because of its strong history of geothermal developments. 

Therefore, an industry-led research and development initiative, AGGAT, was proposed and 

championed by the Heavy Engineering Research Association (HERA). This program was 

devoted to providing a readily available platform for its membership to facilitate relevant 

research and development of low enthalpy geothermal and waste heat recovery field. 

As an essential part of the AGGAT program, my work focused on exploring new design 

methodologies to facilitate the design of ORC systems, especially knowledge-based 

approaches. Based on comprehensive investigations and gradually deepening into the ORC 

design field, some tangible contributions have been achieved.  

Firstly, a detailed literature review was conducted to examine state-of-the-art ORC design 

methodologies with a particular emphasis on computer-aided design (CAD) methods and tools. 

It covered four technical aspects, namely, computer-aided molecular design (CAMD), 

modeling and simulation tools, optimization-based approaches, and knowledge-based 

approaches. These techniques could significantly facilitate the development of ORC systems. 

On top of that, new research trends were pointed out in order to pursue a more efficient and 

intelligent ORC design. 

Secondly, a new online Expert Design Tool (EDT) was proposed and implemented to perform 

process design and performance assessment for ORC systems at the early conceptual stage of 

design. Being a critical deliverable of the AGGAT program, the EDT was well structured and 

developed due to software integration of seven kinds of software or database. It combined all 

initial design considerations into one online platform and could produce comprehensive 

information related to ORC process design and analysis. Ten modules were developed on the 

basis of the expertise and judgment of experts in the AGGAT program. A preliminary EDT 
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version was deployed online. The EDT was validated against a real ORC plant, and the results 

proved that the online EDT was easy to use and could generate reliable information related to 

ORC design to support designers or researchers decision-making process.  

Thirdly, a new case-based reasoning (CBR) approach was proposed to make the best use of 

existing ORC plant designs. The complete workflow was formulated into essential processes 

including problem analysis, case representation, case base establishment, similarity measure, 

attribute weighting, and basic CBR steps. In addition, in order to further improve the 

performance of standalone CBR-based approach, a new hybrid intelligent approach combining 

rule-based reasoning (RBR) and CBR was proposed. It was hypothesized and proved that these 

two intelligent knowledge-based approaches could achieve improved design schemes with 

noticeable increases in ORC performance. These approaches were proved to be feasible and 

effective in making the best use of the expertise of designers and existing ORC plant designs 

systematically, to support decision-making and facilitate the development of ORC systems. 

It is worth noting that the significant contribution of this thesis was to apply artificial 

intelligence (AI) technologies to the ORC design field, i.e., the CBR-based approach and the 

hybrid intelligent approach combing RBR and CBR. Such AI techniques have the potential to 

transform the ORC design domain.  
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1.1 Prologue 

Low enthalpy geothermal exploitation and waste heat recovery are considered as emerging 

fields and are showing substantial growth opportunities. New Zealand holds considerable 

capability in this niche market because of its strong history of geothermal developments. 

According to Habib et al. (2015), NZ companies presented their clear aspiration to intensify 

efforts in clean energy development and to identify clean technology options for heavy 

engineering. It is well-known that the organic Rankine cycle (ORC) technology can be applied 

to low enthalpy power generation, but only a few suppliers dominate the international market. 

It is a challenge as well as an opportunity for NZ companies to contribute to.  

Therefore, Above Ground Geothermal and Allied Technologies (AGGAT), an industry-led 

research and development initiative, was championed by the Heavy Engineering Research 

Association (HERA) of New Zealand. The AGGAT program was devoted to providing a 

readily available platform for its membership to facilitate relevant research and development 

of low enthalpy geothermal and waste heat recovery field. 

My Ph.D. project was an essential part of this research program, which involved the modeling, 

simulation, performance assessment, and optimization of organic Rankine cycles. Moreover, 

based on the research conducted, an Expert Design Tool (EDT) needed to be developed to 

combine relevant outcomes into an online platform which could assist engineers or researchers 

in carrying out preliminary design exercises and performance evaluation for energy conversion 

into electricity using ORC technology. 

In order to explore the gap between academia and industry on ORC design, a detailed 

investigation was conducted in Chapter 2 to review state-of-the-art ORC design methodologies, 

primarily focusing on computer-aided design (CAD) methods. It covered several aspects, such 

as computer-aided molecular design (CAMD), modeling and simulation tools, optimization-

based approaches, and knowledge-based approaches. Based on this, the research scope and 

primary objectives were identified to guide the following research.  

Timely access to relevant information was significantly important to engineers and designers 

especially in the initial project phase, and the internet was considered to be a powerful platform 

for collaboration information sharing (Varma et al., 1996). An online ORC design tool would 

remain general and accessible to as many users as possible. As being a critical deliverable of 

the AGGAT program, the EDT was well structured and developed thanks to software 

integration of seven kinds of software or database, namely Python, Flask, CoolProp, MySQL, 
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HTML/CSS and JavaScript (JS). The design and implementation of the EDT were described 

in detail in Chapter 3 and Chapter 4, respectively. 

With the significant advancement of artificial intelligence (AI), there had been some dramatic 

revolutions happening so far in many technological fields, such as computer vision, natural 

language processing (NLP), visual reality (VR), machine learning (ML), robotics, and 

autonomous driving (J. Liu et al., 2018). Considering the popularity and benefits reaped from 

AI in the above-mentioned fields, there was a great scope for widening the utilization of AI in 

the ORC domain. 

In order to address the above problem and explore how to utilize AI technology to solve a 

practical industry problem, a new approach based on case-based reasoning (CBR) was 

proposed in Chapter 5. The complete workflow was presented along with the essential 

processes of case representation, case base establishment, similarity measure, attribute 

weighting, and basic CBR steps. In order to further improve the performance of this CBR 

approach, a hybrid intelligent approach was presented to combine rule-based reasoning (RBR) 

with the CBR process in Chapter 6. These approaches are feasible and effective to make the 

best use of the expertise of designers and existing ORC plant designs systematically. They are 

both meaningful attempts to support decision-making and facilitate the development of ORC 

systems. 

1.2 Background 

Over the past several decades, the global energy demand has been continually increasing, 

which has brought about a series of consequences including energy shortage, fuel prices growth, 

along with severe environmental issues such as global warming, climate change, air and water 

pollution, and ozone layer depletion (Qiu, 2012).  In order to alleviate the dependency on fossil 

fuel, more concerns have been focused on alternative renewable energy sources, such as 

biomass, geothermal, solar thermal, and industrial waste heat. However, it is difficult to 

efficiently convert the low-grade thermal energy from these sources into electrical power by 

the conventional steam cycle power generation technologies (H. Chen et al., 2010). 

Conventional steam Rankine cycles have been widely used to exploit the medium to high 

temperature (230 - 650 ℃) heat sources since the 1970s, while a considerable amount of low-

grade energy (30 - 230 ℃) is still wasted in gas, liquid or solid form due to the lack of cost-

effective technologies (D. Wang et al., 2013).  
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For the efficient conversion of low-grade heat into electricity, various thermodynamic cycles 

have been proposed and studied, such as organic Rankine, supercritical Rankine, Kalina, 

Goswami, and trilateral flash cycles (H. Chen et al., 2010). Amongst the different technologies 

in development, the ORC is characterized by its simple structure, high reliability, and easy 

maintenance, compared with the Kalina cycle's complex system structure, the trilateral flash 

cycle's complicated two-phase expansion, and the supercritical Rankine cycle's high operating 

pressure. Moreover, it is convenient to combine the ORC with other thermodynamic cycles, 

including the thermoelectric generator, fuel cell, internal combustion engine, microturbine, 

seawater desalination, and Brayton cycle in order to make the best of the energy resource (Bao 

& Zhao, 2013). Therefore, ORCs play potentially a significant role in low-temperature 

applications such as industrial waste heat recovery, geothermal power, or solar thermal energy 

(Dickes et al., 2015).  

1.2.1 Organic Rankine Cycle 

The concept of ORC appeared from the early 19th century, while the ORC conversion power 

systems became a substantial niche market until the 21st century (Bronicki, 2016). Although it 

has a tremendous potential to generate electric power using ORC technology, the worldwide 

installed electricity capacity of ORC is only about 1.3 GW (A Rettig et al., 2011). This amount 

indicates the proportion contributed by ORC systems accounts for about 0.024 % of the total 

(Brown et al., 2015). Thus, it is supposed to be a promising way to broaden the applications of 

ORC in order to improve energy sustainability and efficiency. 

ORCs apply the similar working principle and components to the conventional steam Rankine 

cycle and can be utilized for the conversion of heat into mechanical work employing an organic 

refrigerant as working fluid (WF) instead of water/steam. The principal and typical components 

include an evaporator, expander, condenser, and pump. A schematic diagram of a basic ORC 

(BC) is illustrated in Figure 1-1.  

The flow process across the ORC components is described as follows (Rahbar et al., 2017): 



5 

 

 

Figure 1-1 Schematic diagram of a basic ORC layout (Note: WF, working fluid) 

• Process 1-2: The low-pressure organic fluid, currently in a liquid state, is pressurized 

when passing through a pump. 

• Process 2-3: The organic fluid is vaporized in an evaporator when heated by a low-

grade heat source, 5. 

• Process 3-4: The high-pressure vapor organic fluid passes through an expander in which 

its thermal energy is converted into the mechanical energy of shaft, which is connected 

to a generator. 

• Process 4-1: The low-pressure vapor is then condensed in a condenser using a cooling 

medium (air or water), 7. 

1.2.2 Heat Sources 

It is a significant and distinct advantage of ORC power systems that this technology applies to 

virtually any external thermal energy source, with temperature differences between the heat 

source and sink ranging from approximately 30 to 500 ℃ (Colonna et al., 2015). The 

temperatures of these renewable energy sources can vary greatly, and the typical temperature 

ranges are listed in Table 1-1 (Brown et al., 2015; Colonna et al., 2015) 

Table 1-1 Typical heat sources and temperature range for different ORC applications 

 Geothermal Waste heat Solar Biomass 

Temperature range (℃) 80-180 170-500 80-450 250-350 

Temperature is a crucial parameter of heat sources for ORC power systems because it has an 

essential influence on the selection of working fluid, and consequently on both the energy 

recovery efficiency and the heat exchanger design. In addition, capacity is another crucial 

characteristic of heat sources, which represents the maximum thermal energy that heat sources 
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can supply to generate electricity. For a particular heat source, it is determined by the mass 

flow rate and temperature difference between the inlet and outlet (Zhai et al., 2016b). 

1.2.3 Working Fluids 

Hundreds of compounds can be employed as working fluid candidates of ORC, including 

hydrocarbons, aromatic hydrocarbons, ethers, perfluorocarbons, CFCs, alcohols, siloxanes, 

and inorganics (Bao et al., 2013). Generally, working fluids can be categorized into three types 

depending on the slope of their saturation vapor curves in a temperature-entropy (T-s) diagram: 

a dry fluid with a positive slope, a wet fluid with a negative slope, and an isentropic fluid with 

a nearly vertical slope (H. Chen et al., 2010), as shown in Figure 1-2. Wet fluids like water 

usually need to be superheated in order to avoid damage to turbine blades during the expansion 

process, while many organic fluids, which may be dry or isentropic, do not need superheating.  

 

Figure 1-2 Three types of working fluids: dry, wet and isentropic (H. Chen et al., 2010) 

The saturation vapor curve is one of the essential characteristics of working fluids, and it may 

affect the fluid applicability, cycle efficiency, and arrangement of related equipment in a power 

generation system. Therefore, working fluid selection has a critical influence on the ORC 

performance and safe operations. Many relevant studies have been carried out, and abundant 

literature is available (Quoilin et al., 2012; Hærvig et al., 2016; H. Yu et al., 2016). Although 

working fluid selection is subject to a number of constraints which depend on specific 

applications, several essential criteria should be considered (Colonna et al., 2015): 

• Nontoxic, non-flammable, noncorrosive, and cost-effective; 

• Characterized by a low or zero global warming potential (GWP) and ozone depletion 

potential (ODP); 
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• Thermally stable and compatible with all the containing and sealing materials up to the 

cycle’s maximum temperature; 

• Possibly a good lubricant, featuring excellent heat transfer properties. 

1.2.4 ORC Configurations 

Although basic ORC systems have been widely used in many different cases because of the 

simplicity and high reliability, various modifications to the basic ORC layout have been 

proposed in order to improve the ORC recovery performance (Branchini et al., 2013; Lecompte 

et al., 2015). There are some typical arrangements such as recuperation, superheated cycle, 

thermal oil loop, supercritical conditions, regenerative cycle, and their combinations. In this 

thesis, three more typical configurations are taken into account besides BC described in 

subsection 1.2.1. They are recuperative ORC (RC), thermal oil ORC (TOC), and dual-source 

ORC (DSC).  

BC resembles the ideal Rankine cycle including only an expander, an evaporator, a condenser, 

and a pump; subcritical or supercritical conditions can be achieved, depending on the pump 

outlet pressure. Concerning RC, a recuperator is introduced based on BC to recover part heat 

from the turbine outlet and warm the working fluid entering the evaporator. Concerning TOC, 

an extra thermal oil loop is utilized between heat source and ORC cycle to prevent 

decomposition of working fluid due to local overheating (G. Yu et al., 2013). TOC is a standard 

solution for high-temperature ORC systems, for example, biomass applications (Drescher & 

Brüggemann, 2007). In some cases, there are two or more heat sources; for instance, the 

geothermal fluid is usually separated in an above-ground separator into a stream of steam and 

a stream of brine. The low-temperature heat source can be employed to preheat the working 

fluid via a preheater while another heat source with higher temperature provides the enthalpy 

for the working fluid evaporating and superheating (Doty & Shevgoor, 2009). 

1.3 Project Aims 

ORC design is such a broad topic, and this project mainly focuses on computer-aided design 

methods. This section indicates the motivations and scope of relevant research activities 

involved in this project, and also informs research objectives in the following section. These 

aims address the gaps in the literature on ORC design and bring about new approaches to 

facilitate the development of ORC systems. 
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The first aim is to carry out research associated with developing a novel online design tool, 

including its structure design, working principle, component modeling, integration method, 

and online deployment. Although there are some available tools, they are not suitable for our 

purpose. Industry and academia still lack a feasible, reliable, and accessible one for early-stage 

feasibility assessment in a user-friendly manner. The new tool specifically caters to the needs 

of general users on an online platform and involves all initial design considerations of ORC 

process design and analysis. 

The second aim is to explore how to apply AI technology to ORC design and development. To 

the best of my knowledge, it remains an open question regarding this advanced technology’s 

application in this field. The emphasis is placed on how to exploit the expertise of ORC 

designers and existing ORC plant designs systematically and efficiently. Some mature AI 

techniques would be sifted through and adapted in order to facilitate the implementation in the 

context of ORC design. 

1.4 Project Objectives 

Several clear research objectives have been identified according to the above research aims. 

They can guide further research activities, and they are as follows.  

(1) Investigate state-of-the-art ORC design methodologies to find the gap between the 

technical status and industrial demands. Identify potential technical options and pave the 

way for the EDT development and the AI application. 

(2) Design a software integration platform to incorporate different component models and 

relevant technical information, such as process configurations, materials, and components, 

control strategies, especially a comprehensive thermodynamic properties database, into an 

online environment. 

(3) Implement the EDT according to the structure design, and combine essential modules into 

an integrated environment.  Complete its online deployment and validate this online tool’s 

feasibility, reliability, and functionality. 

(4) Put forward a new CBR-based approach to make the best use of existing ORC plant 

designs. Collect enough typical ORC plant cases to build up a case base and formulate 

appropriate essential steps to implement the whole workflow. 

(5) Propose a hybrid intelligent approach combining rule-based reasoning and case-based 

reasoning to further improve the performance of standalone CBR approach. A rule base 

needs to be established based on the rules extracted from different resources. 
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1.5 Thesis Structure 

Following this chapter, the papers consisting of this thesis will be exhibited with a similar form 

as they appear in publications or manuscripts except for minor adjustments of content in order 

to match the thesis format and structure. An outline of these papers is given in Table 1-2. They 

will be followed by a conclusions chapter which summarizes all relevant research outcomes 

presented in the papers along with significant recommendations for future research.
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Table 1-2 Summary of the papers in this thesis 

Chapter Summary Thesis objective Novelty 

2 

Investigated state-of-the-art ORC design methodologies in 

order to identify potential technical options and pave the way 

for the EDT development and the AI application.  

1 
A comprehensive review of computer-aided 

design methods and tools for ORC design. 

3 

Chose suitable software and constructed an integration 

platform to encapsulate different component models, property 

database, and relevant expertise. 

2 
The EDT was a novel online expert design tool 

for early-stage feasibility assessment. 

4 

Developed the EDT, deployed it online, and tested its 

capability to act as an available, reliable, and accessible tool 

for early-stage feasibility assessment. 

3 

The implementation and deployment of the 

EDT which could produce accurate results and 

technical advice based on user’s inputs. 

5 

Proposed a new CBR-based approach to make the best use of 

existing ORC plant designs and described the detailed 

implementation procedure. 

4 
It was the first meaningful attempt to apply 

CBR technology to ORC design. 

6 

Proposed a hybrid intelligent approach combining rule-based 

reasoning and case-based reasoning to further improve the 

performance of the CBR approach. 

5 
Further improvement of CBR-based approach 

in order to achieve better performance. 
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2.1 Prologue 

This chapter was written as a full journal paper which would be submitted to Renewable and 

Sustainable Energy Reviews. The objective of this work is to comprehensively investigate 

state-of-the-art ORC design methodologies with a particular emphasis on computer-aided 

methods and tools and to gain new insights into this field to guide the following research.  

The continual increase in global energy demand has resulted in a series of consequences and 

severe environmental issues. As a result, renewable and sustainable energy has attracted more 

attention in the past two decades. ORC technology is considered to be a promising solution to 

convert low or medium temperature heat sources into electricity. However, ORC design and 

optimization is still challenging because of the enormous design options, along with the 

iterative design process. A typical ORC design and optimization procedure is outlined in the 

present work, along with the significant challenges. To address them, a comprehensive 

investigation is conducted to examine state-of-the-art ORC design methodologies with a 

particular emphasis on computer-aided design (CAD) methods and tools. The reviewed studies 

are mainly associated with four technical aspects, including computer-aided molecular design 

(CAMD), modeling and simulation tools, optimization-based approaches, and knowledge-

based approaches. The implementation of these novel techniques significantly facilitates the 

development of ORC systems. In order to pursue a more efficient and intelligent ORC design, 

the prospects of enhancing CAD approaches are pointed out in terms of six aspects. Among 

them, AI techniques have the potential to transform the ORC design domain. 

2.2 Introduction 

During the past several decades, global energy demand has been continually increasing due to 

the growing population and rising living standards (Ibrahim et al., 2014). Such expansion has 

caused a series of consequences, including power shortage, fuel price increase, and severe 

environmental issues, such as air pollution, acid precipitation, climate change, and ozone layer 

depletion (Qiu, 2012; Bao et al., 2013). In order to address these challenges, two main methods 

are available: (1) enhancing the development and utilization of renewable energy like wind, 

solar, biomass, and geothermal, (2) improving the energy efficiency of current energy 

conversion systems (Mahmoudi et al., 2018).  

According to a Siemens’ report (2014), about 50% of the fuel consumption is wasted as heat 

because of the limitations of energy conversion processes. The low-grade heat energy comes 

from different sources, such as the industrial and household waste heat, gas and steam turbines 
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exhaust gas, internal combustion engines exhaust gas, solar radiation, geothermal energy, and 

biomass heat (Rahbar et al., 2017). They could be converted into electricity via ORC 

technology. Thus, this technology has a great potential to promote energy efficiency, reduce 

CO2 emissions, and enhance sustainability (Siemens, 2014) due to its some desirable features 

such as simple structure, high reliability, low cost, and easy maintenance (Bao et al., 2013). 

Extensive research and development activities have been observed due to the increase of 

relevant literature from 2000 onwards in the ORC field, as shown in Figure 2-1. The data 

derived from Web of Science (WoS) and Scopus depict a dramatic increase trend in the number 

of ORC publications, especially after 2008, which indicates the growth of the scientific and 

technical interest in ORC power systems. 

 

Figure 2-1 Number of publications on ‘organic Rankine cycle’ in WoS and Scopus from 2000 to 2017 

ORC research mainly concentrates on six aspects, namely, applications of ORC, working fluids,  

design and optimization, expansion machines, cycle configuration, and dynamics and control 

(Imran et al., 2018). The distribution of ORC publications across these major research areas is 

shown in Figure 2-2, where the data comes from Imran et al. (2018). The topic of applications 

of ORC accounts for the most substantial proportion, 42.15%, while publications related to 

design and optimization of ORC systems have a relatively small share, 15.65%. 

 

Figure 2-2 Distribution of ORC publications in terms of core research areas 
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There have been a number of review papers published in the recent five years, as summarized 

in Table 2-1, covering different aspects of the ORC technology. However, regarding ORC 

design and optimization, there are very few review articles besides Linke et al. (2015) which 

reviewed emerging approaches addressing working fluid selection as well as the design, 

optimization, integration, and control of ORC systems. With the advancement and innovation 

of current technology, it is of considerable significance to investigate the state-of-the-art ORC 

design methodologies. Thus, this chapter aims to provide an overview of available ORC design 

methods and tools with a particular emphasis on computer-aided approaches. This work could 

help to not only understand the status quo but also identify the new research trends. 

This chapter is structured as follows: Section 2.3 describes a typical procedure of ORC design 

along with the current challenges faced. Section 2.4 outlines the definition of CAD and how it 

can help ORC design, focusing on four aspects, namely, CAMD, modeling and simulation tools, 

optimization-based approaches, and knowledge-based approaches. Section 2.5 points out the 

prospects of CAD methods for ORC design, followed by the conclusions from this work. 

2.3 ORC Design 

2.3.1 ORC Design Evolution 

Design is the practice of creating an original solution to a practical problem by integrating 

principles, resources, and components (Narayan et al., 2008). In the context of ORC, the overall 

design goal is to maximize the system performance for a given heat source and heat sink (Linke 

et al., 2015). ORC design has been evolving over time, and can be roughly divided into three 

phases, as indicated in Figure 2-3.  

    

Figure 2-3 Illustration of ORC design evolution in terms of different design levels
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Table 2-1 Review papers on the ORC technology published in the recent five years 

Reference Review highlights Recommendations for future research  

Lecompte et al. 

(2015) 
• A comprehensive overview of ORC architectures 

• Performance evaluation criteria and boundary conditions 

• Assess additional complexity of advanced architectures 

• Conduct more experimental studies 

Colonna et al. (2015) 
• History of ORC power systems development 

• State-of-the-art technical options and applications 

• Future scenarios of the ORC technology 

• Waste heat recovery from automotive engines 

• Supercritical cycle configuration, WF selection, fluid dynamics of 

expanders and pumps 

Linke et al. (2015) • Emerging systematic approaches for WF selection, optimization, 

operation and control, and ORC integration 

• Relationship between molecular structures and properties 

• Combination of energy and exergy analysis 

• Accurate dynamic models for control purpose 

Modi and Haglind 

(2017) 
• Zeotropic fluid mixtures used in different applications 

• Ammonia-water power systems 

• Combine thermodynamic models with part-load/economic 

• Cycle efficiency/net power output on mixtures properties 

• Novel HEX and expander designs for zeotropic mixtures 

Tartière and Astolfi 

(2017) 
• Current state and new trends of ORC market 

• ORC plants database including more than 700 projects 

• Supercritical cycle to match heat source temperature gradient 

• Multiple combination of WF, expander or cycle layouts 

Rahbar et al. (2017) • Comprehensive review on WF selection, applications, cycle 

configurations, and expansion machines 

• Expander design, modeling and experimental testing 

• Multi-stage expander with high expansion ratios/efficiencies 

• Multi-objective optimization (MOO) 

Mahmoudi et al. 

(2018) 
• Review studies on ORC applications for WHR 

• Discuss different factors’ impacts on system performance 

• Optimize compositions and mass fractions of mixture fluids 

• Multi-objective optimization for operational parameters 

Park et al. (2018) • Detailed analysis of up-to-date experimental data 

• Investigate more than 200 scientific works 

• Improve ORC equipment sizing for optimum operation 

• Develop and test ORCs for high-temperature applications 

Liu et al. (2018) • Void convective heat transfer correlations/fraction models  

• Theoretical basis, approaches, and tools for ORC off-design simulation 

• Azeotropic properties of WFs, charge-sensitive modeling, and control 

strategy orienting dynamic simulations 

• Online identification and modeling for real-time operations 

Imran et al. (2018) 
• Analyze studies (2000-2016) via a bibliometric approach 

• Cover different aspects, such as core research areas, journals, citations, 

authorship pattern and affiliations 

• ORC applications, WF selection, and expander technology 

• Cycle configuration, design and optimization, and dynamics and control 

Pethurajan et al. 

(2018) 
• Comprehensive review on various cycle configurations, ORC 

applications, WF selection, and turbine selection 

• ORC applications in different processes, thermal energy storage system, 

new WFs, expander design, CHP 

• Solar desalination and hydrogen production 

Note: CHP, combined heat and power; HEX, heat exchanger; OTEC, ocean thermal energy conversion; WHR, waste heat recovery; WF, working fluid
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Phase 1: Separated design at component level (before ~2010). Due to environmental concern 

over climate change and rising fuel prices, more commercial ORC plants were built after 1995 

and the cumulative installed power capacity kept increasing gradually (Colonna et al., 2015). 

During phase 1, different aspects of ORC design were dealt with separately, such as expander 

design, working fluid selection, cycle configuration, and operating condition optimization. 

Phase 2: Systematic design at cycle level (~2010 to ~2025). In order to secure an optimal design 

at cycle level, considerable research efforts have been directed at streamlining the design 

process, devising systematic design methodologies, making use of existing information, and 

improving strategies for rapid convergence to the final design. CAD methods play a dominant 

role during this phase. 

Phase 3: AI dominated design at flowsheet level (after ~2025). The ORC design field will be 

transformed in the near future because of the significant advancements of AI technology. Based 

on a powerful knowledge base and reasoning capability, AI approaches could handle ORC 

system integration with complex background processes at flowsheet level. 

2.3.2 ORC Design Procedure 

Generally, a typical ORC design and optimization process includes problem analysis, working 

fluid and cycle configuration selection, and system optimization (Astolfi et al., 2017), as 

illustrated in Figure 2-4.  

Problem analysis is the first and essential step to scope a design problem. A problem statement 

should be formulated to facilitate the following design and optimization process, generally 

including five aspects which were summarized from Jaluria (2007) and listed in Table 2-2. 

Depending on a particular application, many considerations have to be taken into account, not 

only nominal performance criteria, but also economic factors, environmental concerns, off-

design and dynamic behaviors, and even ORC volume or weight (Astolfi et al., 2017). 

Theoretically, the final design option should satisfy all specified requirements associated with 

safety, environmental, economic, material, and other considerations. 

The suitable selections of both working fluid and cycle configuration are critical to a successful 

and reliable ORC design. In Figure 2-4, an enumerative method is adopted to examine the 

various combinations of working fluid and plant layout. It might be time-consuming if there 

are a large number of design options. For each combination of working fluid and cycle 

configuration, a chosen optimization algorithm should be performed to search the optimal 
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design option in terms of one objective function or more. Optimization variables also need to 

be well defined with linear or nonlinear constraints. 

 

Figure 2-4 Schematic diagram of the ORC design and optimization process (Note: WF, 

working fluid; PL, plant layout) 

Table 2-2 Considerations at the problem analysis stage 

Aspect Description 

Requirements 
Desired outputs with allowable variations (e.g., 

performance criteria, life span, weight, or size) 

Given quantities 
Fixed parameters (e.g., heat source, heat sink, 

material, dimension, or geometry) 

Optimization variables 
Adjustable parameters (e.g., working fluid, 

component, operating conditions) 

Constraints 
Limitations arisen from material, cost, availability, 

or space (e.g., maximum pressure and temperature) 

Additional considerations Safety issues, environmental concerns, etc. 

2.3.3 Current Challenges 

In the global ORC market, ORMAT, Turboden, and Exergy are leading suppliers who account 

for 62.9%, 13.4%, and 11.1% of the total installed capacity, respectively (Tartière et al., 2017). 
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Their products mainly focus on the MW power range and very few ORC plants are running in 

the kW power range (Vélez et al., 2012; Quoilin et al., 2013). These companies possess a great 

deal of in-house knowledge gained from decades of ORC engineering experience (Budisulistyo 

& Krumdieck, 2017), but the technical information is usually kept in secret and rarely released 

to the public. On the other hand, most commercial ORC plants adopt a simple architecture: 

subcritical, single evaporation pressure level, pure working fluid, and possible use of a 

recuperator (Quoilin et al., 2013). Some attempts have been made to contribute to ORC design, 

for example, the AGGAT program, which was devoted to providing a readily available 

platform to facilitate relevant research and development in low enthalpy geothermal and waste 

heat recovery field (Habib et al., 2015; Proctor, 2016; Dong et al., 2017). More discussions 

related to the ORC design and optimization come from academia, based on small-scale ORC 

prototypes. According to Landelle et al. (2017), more than 100 ORC prototypes had been built 

around the world for validation or model data-feeding purpose, and a large number of studies 

had been conducted and published based on these test benches. 

However, ORC design is still challenging because it involves many different aspects such as 

working fluid screening, cycle configuration, component selection and sizing, operating 

condition optimization, modeling and simulation, control strategy, and even integration with 

background processes for a given heat source. In addition, there is not any available standard 

associated with the ORC design or implementation process (Taylor, 2015). During the design 

and optimization procedure, various design decisions should be made to secure an optimal 

ORC design (Linke et al., 2015). These design decisions interact with each other and exert 

direct or indirect impacts on ORC performance. They are identified and shown in Figure 2-5.  

 

Figure 2-5 Main design decisions during the ORC design process  
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Therefore, the biggest challenge of ORC design derives from the need to explore enormous 

design alternatives, which mainly result from three facets, including heat sources, working 

fluids, and cycle configurations. Many different heat sources can be exploited using the ORC 

technology while they possess quite different characteristics, for example, temperature profiles 

and operation constraints. There is a wide range of working fluid candidates available. Their 

thermodynamic properties have an appreciable influence on the plant layout, component design, 

cycle efficiency, and capital cost. Various cycle configurations are applicable, including more 

emerging complex and innovative architectures, and they result in different installation costs 

and system efficiencies.  

Also, ORC design is an iterative procedure, like any other engineering design. Inaccurate 

assumptions or false design decisions at the early stage may compromise the achievement of 

good design, even leading to a failure. The lack of reliable efficiency/cost correlations and 

accurate estimations of heat transfer coefficients also exert a negative influence on the 

reliability of ORC design. Thus, designers or researchers may encounter highly complex 

situations in order to explore plenty of design options of ORC systems, which usually requires 

customized solutions rather than commercial off-the-shelf standard products.  

The rapid examination of such a wide variety of design variables and operation constraints 

requests suitable computer-aided technology which is capable of dealing with the comparison 

and optimization of enormous ORC design options within a reasonable computational time 

(Linke et al., 2015). This technology is promising to explore empirical know-how utilizing the 

potent processing power of modern computers. 

2.4 Computer-Aided Design (CAD)  

With the increasing availability and functionality of digital computers, computer-aided 

technology has become an indispensable part of the design practice. This technology played a 

significant role in the advancement of mechanical engineering and have been expanding its 

influences over other engineering domains. The CAD can be defined as the interactive usage 

of computer systems to facilitate the creating, analysis, modification, or optimization 

throughout a design procedure (Narayan et al., 2008). It is now being employed throughout the 

whole engineering process from conceptual design and detailed engineering to dynamic 

analysis of components and performance evaluation, and can bring many tangible benefits, 

such as (Narayan et al., 2008): 

(1) Productivity improvement. It helps to reduce the time required to synthesize, analyze, and 
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optimize due to visualization. The improved productivity results in lower design cost and 

shorter lead times. 

(2) Quality enhancement. It allows a thorough design analysis within a short time and conduct 

accurate calculations and check to avoid design errors. These factors lead to improvements 

in quality and accuracy. 

(3) Flexibility and standardization in design. The interactivity of CAD enables the flexibility 

of customized design. It also provides a common basis for design, analysis, drafting, and 

documentation in case of reuse and management. 

In the ORC design field, research and development efforts have been devoted to computer-

aided tools and methods with reasonable success in the past few years, but the usage of CAD 

is quite limited, not in a systematic context, compared to the widespread application of similar 

tools in other technological areas (Linke et al., 2015). Therefore, there is still great potential to 

expand CAD-related development and utilization. 

2.4.1 Computer-Aided Molecular Design (CAMD) 

The selection of working fluids is vital for a successful ORC design because of its considerable 

impact on the process thermodynamics and economic performance. A preferable working fluid 

must match a particular application with suitable thermo-physical properties and possess 

adequate thermal stability in the desired temperature range (H. Chen et al., 2010). Hundreds of 

substances can be used as working fluid candidates, including hydrocarbons, aromatic 

hydrocarbons, perfluorocarbons, chlorofluorocarbons, siloxanes, ethers, alcohols, and some 

inorganics (Bao et al., 2013). Typically, the desirable properties of working fluids are low cost, 

toxicity, flammability, viscosity, liquid specific heat, ozone depletion potential (ODP), global 

warming potential (GWP), as well as high vapor density, latent heat, conductivity and thermal 

stability (H. Chen et al., 2010; Bao et al., 2013; Quoilin et al., 2013). 

Numerous studies have been conducted to address the selection of ORC fluids from a 

predefined dataset of available options, which hugely limits the opportunities to identify novel 

and improved working fluid candidates (Papadopoulos et al., 2010). CAMD methods have been 

proven to be helpful in predicting and designing molecules with preferred properties, and have 

been widely used in the chemical product design field, including polymers, refrigerants, 

industrial solvents, pharmaceutical compounds, and ionic liquids (Ng et al., 2015). They are 

usually used in the pre-design stage of a chemical product to screen and select potential 
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molecular structures, resulting in a significant reduction of the related costs along with 

considerable improvement of process performance (Papadopoulos et al., 2010).  

The successful implementation of CAMD depends on not only the mechanism to generate and 

evaluate a large number of molecular structures but also the accurate property prediction 

models to connect molecular properties with structural descriptors (Linke et al., 2015). 

Regarding the property prediction models, there are three types available at different levels, 

namely, computational chemistry method, equations of state (EoS) and group contribution (GC) 

methods (Linke et al., 2015). Among them, GC methods are more practically suitable at the 

process scale with acceptable computational efficiency. An underlying assumption of the GC 

methods are that a molecule’s properties can be predicted by the number of occurrences of 

various functional groups (Austin et al., 2016). The specification of desired properties acts as 

the design objectives and constraints to allow the systematic examination of feasible functional 

groups’ combinations to determine a molecule with favorable properties (Papadopoulos et al., 

2010). Therefore, a CAMD approach combining GC with numerical optimization algorithms 

is promising to select or design suitable working fluids for ORC design. The properties 

considered as performance criteria were summarized from (Papadopoulos et al., 2010) in Table 

2-3. Stijepovic et al. (2012) explored the relationships between these properties and ORC 

economic and thermodynamic performance criteria from a theoretical and analytical viewpoint.  

Table 2-3 Target properties for the ORC working fluids design 

Aspect Properties 

Thermodynamic 

Density, Latent heat of vaporization, Liquid heat 

capacity, Viscosity, Thermal conductivity, Melting 

point temperature, Critical temperature 

Environmental ODP, GWP 

Safety Toxicity, Flammability 

Process-related 
Efficiency, Maximum operating pressure, Mass 

flowrate, Critical pressure 

Traditionally, process design and molecular design are treated as two separate problems, which 

may lead to low efficiency or suboptimal solution for a target design problem. The concept of 

integrated process and molecular design approach has been proposed and applied in order to 

expand the applicability of CAMD techniques (Bardow et al., 2010). As a result, a single 

CAMD-based optimization formulation could allow the working fluids and process systems to 

be optimized simultaneously. The comparison of this integrated approach with a traditional 

ORC optimization process is illustrated in Figure 2-6.  
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Figure 2-6 Integrated CAMD-based approach (right) compared with traditional ORC optimization process (left) 

(Note: NLP, Non-linear programming; MINLP, mixed-integer non-linear programming) (White et al., 2017) 

CAMD-based ORC design has become a hot topic after 2010, the main publications are 

reviewed and compared in Table 2-4. Papadopoulos et al. (2010; 2012) proposed the first 

approach to the systematic design and selection of pure working fluids for ORC based on 

CAMD and process optimization techniques. Both novel and conventional candidates were 

identified based on relevant economic, operating, safety, and environmental indicators. Besides, 

Lampe et al. (2012; 2014; 2015) presented a two-stage framework CoMT‒CAMD to solve the 

integrated process and fluid design problem based on GC methods using the PC-SAFT model. 

Some studies were conducted to expand and promote these CAMD approaches, for instance, 

improving optimization algorithms (Schilling et al., 2017a), incorporating more ORC 

performance indicators (Schilling et al., 2017c, 2017b; Schilling et al., 2018), or applying to 

working fluid mixtures (Papadopoulos et al., 2013; Oyewunmi et al., 2014; Molina-Thierry & 

Flores-Tlacuahuac, 2015). 

Using zeotropic mixtures as working fluids has been proven to be an effective way to promote 

the ORC performance. Some work has been done for the selection of the type/composition of 

the working fluid mixtures associated with the ORC operating conditions optimization, such 

as Papadopoulos et al. (2013), Oyewunmi et al. (2014), and Molina-Thierry and Flores-

Tlacuahuac (2015). Also, it is worthwhile to note that some work on mixture design without 
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applying CAMD methods have been reported. Zhai et al. (2018) presented a zeotropic mixture 

active design method to provide preliminary design guidelines for mixture working fluids 

without massive calculation or blind trial. 

The development of accurate and reliable property prediction models is essential for both pure 

fluids and fluid mixtures. Different molecular EoS have been implemented to improve the 

prediction accuracy of working fluid properties in the CAMD methods, such as SAFT-VR Mie, 

and SAFT-γ Mie, besides the above-mentioned PC-SAFT. PC-SAFT is based on a perturbed-

chain model, representing molecular subgroups as hard spheres, while SAFT-VR Mie and 

SAFT- γ Mie use heteronuclear fused chain models where a Mie pair potential is used to 

describe the interaction between segments (van Kleef et al., 2019). Both PC-SAFT and SAFT- 

γ Mie are compatible with GC methods. Oyewunmi et al. (2014; 2016) investigated the 

selection of working-fluid mixtures and component mixing ratios for an ORC system, 

employing the SAFT-VR Mie EoS to predict the thermodynamic state properties and phase 

behavior of the fluid mixtures. White et al. (2017) developed a MINLP optimization framework 

which combined SAFT-γ Mie with an ORC thermodynamic model and applied it to three 

industrial WHR applications. White et al. (2018) then included component sizing models, cost 

correlations, and thermo-economic evaluations into the previous framework.  

2.4.2 Modeling and Simulation Tools 

Modeling and simulation are essential for systematic design and analysis, optimization of 

operating conditions, component sizing, or control strategy of ORC applications. Mathematical 

modeling of ORCs allows their behaviors to be examined without the expense of experimenting 

on a real system. Further understanding of the behaviors enables more value to be extracted 

from operating ORC systems by implementing optimization and control techniques (Proctor, 

2016). Despite some existing exemplary applications, modeling and simulation of ORC 

systems are still challenging, especially dynamic modeling for transient behaviors and off-

design conditions (Ziviani et al., 2014).  

In order to accurately model an ORC system, three premises should be well addressed. They 

are (1) reliable heat transfer correlations for heat exchangers; (2) accurate models of the 

expansion machine; and (3) a property database for estimating working fluid thermodynamic 

and transport properties (Ziviani et al., 2014). 
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Table 2-4 Summary and comparison of main CAMD-based ORC design studies 

Reference 
Property 

model 
WF optimization criteria 

Process optimization 

criteria 

Optimization 

algorithm 
Remarks 

Papadopoulos et 

al. (2010; 2012) 
GC+EoS 

Density, Latent heat of vaporization, Liquid 

heat capacity, Viscosity, Flammability, 

Toxicity, Thermal conductivity, Melting 

point, Critical temperature, ODP, GWP 

Economic, safety, 

operating, and 

environmental criteria 

Two-stage, multi-

objective optimization, 

simulated annealing 

The first CAMD-based approach 

considering multiple criteria; pure 

WFs 

Lampe et al. 

(2012; 2014; 

2015) 

PC-SAFT 

+QSPR 

Optional objective functions (optimization 

variables: segment number, segment 

diameter, and van der Waals attraction) 

Optional objective 

functions 

Two-stage, single 

objective optimization, 

NLP solver 

A holistic framework CoMT‒

CAMD; pure WFs; simultaneous 

optimization; structure mapping 

Papadopoulos et 

al. (2013) 
GC+EoS 

Exergetic efficiency, thermal efficiency, flammability of each fluid 

(constraints: mixture maximum and minimum flash points, mixture 

azetropic concentration) 

Two-stage, multi-

objective optimization; 

simulated annealing 

Optimization-based CAMD method 

for binary WF mixtures; Nonlinear 

sensitivity analysis 

Hattiangadi 

(2013) 
PC-SAFT Net output power Net output power 

Two-stage, single 

objective optimization, 

genetic algorithm 

Based on the CoMT‒CAMD 

framework; pure siloxanes; 

automotive heat recovery 

Oyewunmi et al. 

(2014; 2016) 

SAFT-VR 

Mie 

Thermodynamic properties and phase 

behavior of the fluid mixtures 

Power output, thermal 

efficiency, expansion 

ratio, cost, 

superheating 

N/A 

Selection of WF mixtures and 

concentrations from an economic 

and thermodynamic point of view 

Molina-Thierry 

and Flores-

Tlacuahuac 

(2015) 

GC + EoS 

Change of the enthalpy of vaporization at the cycle high pressure level, 

specific net work output, first and second law efficiency, heat transfer 

areas in evaporator and condenser 

Single objective 

optimization, MINLP 

solver 

A simultaneous approach to 
optimize organic components and 
their composition of mixtures as 

well as ORC process 

Palma-Flores et 

al. (2015) 
GC + EoS 

Enthalpy of vaporization, Liquid heat 

capacity, ratio of the two, weighted sum of 

the two, standard Gibbs energy of formation 

Thermal efficiency 

Two-stage, single 

objective optimization, 

MINLP solver 

Synthesize new pure fluids with 

tailored properties for WHR; 

consider feasibility of molecular 

structures 

Roskosch and 

Atakan (2015) 

Cubic Peng-

Robinson 

equation 

Critical pressure, critical temperature, 

acentric factor and two coefficients for the 

temperature-dependent isobaric ideal gas 

heat capacity. 

COP (coefficient of 

performance), VHC 

(volumetric heating 

capacity) 

NLP algorithm from 

OpenOpt 

A reverse engineering approach, 

WFs can be selected or synthesized 

based on optimization results 
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(Continued Table 2-4) 

White et al. 

(2017; 2018) 
SAFT-γ Mie 

Thermal conductivity, dynamic viscosity, 

surface tension, normal boiling temperature, 

critical temperature, critical pressure, critical 

(molar) volume, and the acentric factor 

Power output,  

economic assessment 

OAERAP outer- 

approximation 

algorithm to solve 

MINLP problem 

Formulate a MINLP optimization 

framework using SAFT- γ Mie EoS 

for WHR applications 

Schilling et al. 

(2017a) 
PC-SAFT 

Thermodynamic properties, transport 

properties, GWP, flammability 

Any objective 

functions based on 

equilibrium properties 

Multi-objective 

optimization 

combining CoMT and 

outer-approximation 

Based on the CoMT‒CAMD 

framework to solve the integrated 

ORC design problem in one stage 

Schilling et al. 

(2017c, 2017b) 
PC-SAFT 

Thermodynamic properties, transport 

properties, GWP, flammability 

Thermodynamic 

objective functions, 

economic criteria  

 

Multi-objective 

optimization 

combining CoMT and 

outer-approximation 

An integrated thermo-economic 

framework of ORC process, 

equipment and WF based on 

CoMT‒CAMD 

Schilling et al. 

(2018) 
PC-SAFT 

Thermodynamic properties, transport 

properties, GWP, flammability 

Thermodynamic 

objective functions, 

time-series aggregation 

Multi-objective 

optimization 

combining CoMT and 

outer-approximation 

An iterative algorithm combining 1-

stage CoMT-CAMD with time-

series aggregation 

van Kleef et al. 

(2019) 
SAFT-γ Mie 

Thermodynamic properties, critical and 

transport properties 

Thermodynamic and 

economic objectives 

Multi-objective 

optimization 

A CAMD-based ORC design 

framework that simultaneously 

considers both WF selection and 

thermo-economic performance 

Note: CoMT‒CAMD, continuous-molecular targeting−computer-aided molecular design; PC-SAFT, perturbed-chain statistical associating fluid theory; QSPR, quantitative 

structure−property relationship; N/A, not available; MINLP, mixed-integer non-linear programming; NLP, non-linear programming



 

26 

 

The introduction of suitable computer-aided methods and tools can significantly facilitate the 

ORC modeling and simulation. Some commercial simulation software is available for the 

simulation and analysis of ORCs. A non-exhaustive list is summarized in Table 2-5. These 

software packages incorporate many pre-designed object-oriented libraries, where the 

equations are already implemented, and users only need to connect the components properly 

and set the relevant parameters in the software environment according to their specific 

applications. These software packages can generate reliable and professional simulation results 

depending on users’ familiarity level and proper model construction. Some work has been 

reported using these commercial software packages, as shown in Table 2-5. It is worth pointing 

out that most of the packages are general process simulator for all engineering field, not 

especially focusing on ORC design and simulation, and they can seldom perform component-

level modeling and simulation.  

On the other hand, many researchers have dedicated their efforts to developing special 

simulation tools for ORC systems with reasonable success. Concerning the choice of 

developing software for the ORC modeling, it mainly depends on the type of analysis (steady-

state or dynamic), and the coding level necessary to implement the details of the components 

(Ziviani et al., 2014). Popular developing software and property databases are summarized, as 

shown in Table 2-6. A phenomenon has been observed that many researchers conducted their 

studies related to ORC modeling and analysis based on MATLAB and REFPROP. Besides, 

Modelica is dominant in ORC dynamic modeling area as an open-source and component-level 

modeling tool. 

Casella and Leva (2003, 2006; 2013) proposed an open-source Modelica library ThermoPower 

based on first principle models for the dynamic modeling of power plants and energy 

conversion systems. The library used an external database FluidProp to compute the fluid 

properties and was validated against experimental data coming from a laboratory drum boiler. 

It was refined by adding more reusable ORC component models in their recent work. 

Quoilin et al. (2014) presented an ongoing project to develop ThermoCycle, an open Modelica 

library for the dynamic simulation of small-scale thermodynamic cycles and thermal systems. 

Numerical methods had been applied in order to enhance the robustness and simulation speed. 

The components package of the library provided a set of models from the primary cell model 

to higher-level components commonly used in thermal systems. The finite volume approach 

was selected as a general method to simulate fluid flows, and working fluid properties were 

computed using the property database CoolProp. 
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Table 2-5 List of commercial process simulation software available for ORC systems 

Note: The information in this table comes from the websites of these software suppliers.

Software Supplier Model Type Property Source Summary Reference 

Aspen Plus AspenTech Steady state Aspen Properties 
Conceptual design, optimization, and performance monitoring of chemical 

processes. 
(Ghasemi et al., 2013) 

Aspen 

HYSYS 
AspenTech Steady state 

Dynamic 
Build-in 

Process design, simulation, performance modelling, and optimization for 

the energy industry. 
(Panesar et al., 2017) 

VMGSim VMG Steady state 

Dynamic 
VMGThermo 

Gibbs-based process simulation for design, troubleshooting and 

optimization of the oil, gas, or chemical processes.  

(Proctor, 2016; Proctor et al., 

2016; Lie, 2017; Lie et al., 2018) 

SimSci 

PRO/II 
AVEVA Steady state Build-in 

Performance optimization by improving process design and operational 

analysis and performing engineering studies. 
(Capata & Hernandez, 2014) 

Chemcad Chemstations 
Steady state 

Dynamic 

DIPPR 

DECHEMA 

Steady-state simulation and dynamic analysis of continuous chemical 

processes from lab scale to full scale. 
(Baronci et al., 2015) 

Simcenter 

Amesim 
Siemens Dynamic 

REFPROP 

CoolProp 

Multi-domain system modeling and analysis, ready-to-use multi-physics 

libraries combined with application and industry-oriented solutions 
(Antonelli et al., 2015) 

EcosimPro 
Empresarios 

Agrupados 

Steady state 

Dynamic 
REFPROP 

Design, modeling, simulation, and optimization for 0D or 1D multi-

disciplinary continuous-discrete systems with an ORC simulation toolkit. 
(Jacob et al., 2017) 

AxCycle SoftInWay Steady state 
REFPROP 

CoolProp 

Design, analysis and optimization for various thermodynamic cycles, such 

as Brayton, Rankine, etc. 
(Dickes et al., 2016) 

Cycle-

Tempo 
Asimptote Steady state FluidProp 

Flow sheeting for the thermodynamic analysis and optimization of energy 

conversion systems. 

(Hattiangadi, 2013; Heberle & 

Brüggemann, 2015) 

IPSEpro SimTech 
Steady state 

Dynamic 
REFPROP 

Design and performance analysis of energy systems; Monitoring and 

optimizing plant operations. 
(Al-Weshahi et al., 2014) 

EBSILON 

Professional 
STEAG Steady state REFPROP 

Simulating thermodynamic cycle processes; Engineering, designing and 

optimizing energy and power plant systems. 
(Javanshir & Sarunac, 2017) 

TIL Suite 
TLK-Thermo 

GmbH 

Steady state 

Dynamic 
TILMedia Suite 

Design, simulation, and optimization of large and complex thermodynamic 

systems based on the Modelica language.  
(Milcheva et al., 2017) 

Dymola 
Dassault 

Systèmes 
Dynamic 

REFPROP 

CoolProp 

Modeling and simulation of integrated and complex systems for 

automotive, aerospace, robotics, process and other applications 
(Wei et al., 2008) 

https://www.tlk-thermo.com/index.php/en/software-products/tilmedia-suite
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Table 2-6 Popular developing software and property database for ORC modeling 

Type 
Software/ 

database 
Summary Reference 

Code-

based 

MATLAB 

A matrix-based programming language, plenty 

of toolboxes and external interfaces, powerful 

visualization 

(Ibarra et al., 2014; 

Bahamonde et al., 2015; 

Pezzuolo et al., 2016) 

EES 

General equation-solving program, build-in 

thermodynamic and transport property 

database 

(Lemort et al., 2009; Quoilin et 

al., 2010) 

Python 
Open source, object-oriented programming 

language, plenty of add-on libraries 

(Ziviani et al., 2016; Dong et 

al., 2017) 

Library-

based 

Simulink 

Block diagram environment for multi-domain 

simulation and model-based design, integrated 

with MATLAB 

(Manente et al., 2013; Mazzi et 

al., 2015) 

Modelica 

Open source, modeling dynamic behaviors of 

technical systems, more than 1600 model 

components and 1350 functions, free or 

commercial libraries available 

(Casella et al., 2013; Quoilin et 

al., 2014; Adrian Rettig & 

Müller, 2015) 

Property 

database 

REFPROP 

147 pure fluids, 5 pseudo-pure fluids, 121 

predefined mixtures, mixtures with up to 20 

components 

(Lemmon et al., 2013) 

CoolProp 

Open-source, 122 pure or pseudo-pure fluids, 

Fully-featured wrappers and high-level 

interface 

(Bell et al., 2014) 

FluidProp 

Standard interface to six thermodynamic sub-

libraries including different fluids or mixtures, 

free version available 

(Colonna et al., 2012) 

Pierobon et al. (2014b) presented a simulation tool DYNDES which coupled steady-state and 

dynamic models to provide an integrated platform for the optimal design of power generation 

systems. The dynamic simulation module interacted with the multi-objective optimization 

(MOO) module through shared files and Modelica scripts in order to predict the dynamics of 

the complete system in a predefined transient scenario. The ThermoPower library was used to 

build component models. 

Dickes et al. (2016) created an open-source library, ORCmKit (ORC modeling kit), for the 

steady-state simulation and analysis of ORC power systems. ORCmKit included both 

component-level and cycle-level models with different complexity level and could simulate 

different ORC configurations. These features allowed a wide range of modeling possibilities. 

It provided different interfaces for three programming languages, i.e., MATLAB, EES and 

Python, and calibration tools for empirical and semi-empirical models as well as complete 

documentation. 
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Ziviani et al. (2015b, 2015a; 2016) developed a general ORC simulation tool named ORCSim, 

which was developed in Python language based on ORCmKit. Both CoolProp and REFPROP 

had been included in this tool to cover the most common ORC applications in terms of working 

fluids and their mixtures, as well as hot and cold source fluids. Four cycle configurations were 

implemented, i.e., a basic ORC with/without regenerator and an ORC with liquid-flooded 

expansion with/without regenerator. This tool allowed users to select a cycle configuration and 

the desired type of models for each component because of the modularity of coding.  

Pezzuolo et al. (2016) presented a versatile computer tool ORC-PD to perform the fluid 

selection and ORC process design with an optional objective function. The optimization was 

performed considering 81 fluid candidates as well as a wide range of operating conditions: 

subcritical or transcritical cycles, with regenerator or not, and with the thermal oil loop or not. 

This tool had been fully implemented in the MATLAB environment, and the fluid 

thermodynamic properties could be acquired from both REFPROP and CoolProp databases. 

Poles and Venturin (2017) created a relatively simple simulation tool for estimating the 

operating conditions of an ORC system and its efficiency. The RC architecture was considered 

in a cogeneration system. This tool could perform the simulation of steady-state solutions, but 

only one working fluid, MDM, was taken into account. Simplified component models were 

implemented, and a hybrid optimization approach was adopted. The tool was created as a 

Scilab toolbox and must be run in Scilab environment. 

In addition, timely access to technical information is quite essential to engineers and designers, 

especially in the initial project phase. The internet is considered to be a convenient way to 

collaborate and share information globally. A web-based ORC design tool would be preferable 

and accessible to as many users as possible. Turboden (2015) provided an online power 

calculator which allowed users to calculate the output power and efficiency for a basic ORC 

by selecting a heat source and setting process operating conditions. However, this tool has been 

withdrawn from the website because of unknown reasons. Geothermal Development 

Associates (GDA) (2018) provided an online process simulation tool which incorporated five 

models for different types of geothermal power plants, and two of them are created for the 

binary cycle. Dong et al. (2017) presented a novel web-based tool EDT to aid engineers or 

researchers in carrying out preliminary design exercises and performance evaluation for ORC 

systems. This online tool could provide relevant technical information as well as practical 

recommendations for ORC conceptual design. 
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2.4.3 Optimization-Based Approaches 

A general ORC design optimization problem can be defined as: Given a heat source stream 

and ambient conditions, how to determine the optimal working fluid, cycle configuration, and 

operating conditions which maximize the ORC performance regarding chosen performance 

indicators? (Linke et al., 2015). Earlier works mainly focus on working fluid selection and the 

numerical optimization of operating conditions, now researchers begin to consider process 

configurations as a design variable along with components design, and off-design and dynamic 

behaviors (Branchini et al., 2013; Toffolo et al., 2014; Liu et al., 2017). 

In order to solve the ORC design optimization problem, several decisions should be made in 

advance, including optimization variables, objective function(s), component models and 

simulation tools, and optimization algorithm. Empirical knowledge is quite helpful to make 

these decisions, for instance, the determination of optimization variables because in some cases 

they should be bounded using linear constraints or nonlinear constraints. A set of independent 

decision variables should be well specified in correspondence with a particular optimization 

problem. From a perspective of the best design practice, typically pressure drops, evaporator 

subcooling temperature difference, thermal loss of heat exchangers, expander mechanical 

efficiency, and generator electric efficiency should be fixed by designers, and a list of 

optimization variables are generally suggested, namely, the condensation temperature 

(pressure), cycle maximum pressure, superheating degree, pinch-point temperature difference 

in heat exchangers, outlet temperature of the heat source and heat sink (Astolfi et al., 2017). 

The selection of objective functions is critical to the achievement of the optimal ORC design. 

Different performance criteria may lead to quite different solutions. Typically, they can be 

categorized into two classes, thermodynamic or economic criteria. Table 2-7 exhibits the main 

objective functions examined in the public literature. Many works related to the ORC 

optimization have been conducted from a thermodynamic point of view because this analysis 

could generate accurate results even without sophisticated efficiency correlations and cost 

functions (Astolfi et al., 2017). In the reviewed publications, net power output, thermal 

efficiency, and exergy efficiency are the most popular performance criteria.  

Without a doubt, economic feasibility is a common consideration of any process systems. More 

than ten economic indicators are listed in Table 2-7. However, it is still a challenging task to 

obtain accurate information on the equipment cost and the fixed capital cost related to the 

exploitation of a particular heat source (Astolfi et al., 2017). As a result, ∑UA and APR become 
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alternatives based on the assumptions that the cost of heat exchangers is proportional to their 

surface area and heat exchangers dominate the capital cost of an ORC especially for the system 

utilizing low-temperature heat sources (Budisulistyo et al., 2017).  

Pintarič et al. (2006) investigated the problem of selecting the most suitable economic criteria 

for the design of chemical process systems. The authors concluded that the maximization of 

the NPV with a discount rate equal to the minimum acceptable rate of return (MARR) was 

probably the most appropriate indicator. Their further work (Pintarič & Kravanja, 2015) 

confirmed that NPV would be the most appropriate economic objective for single- and multi-

objective optimization because this criterion could establish suitable compromises between the 

process profitability and the long-term sustainable cash flow generation. 

In some cases, the commonly used performance criteria are not suitable because of the 

occurrence of off-design and dynamic behaviors, or the need to consider different quantities, 

like weight or volume (Astolfi et al., 2017). Pierobon et al. (2013) employed a multi-objective 

optimization algorithm to design an ORC system for an offshore platform, considering thermal 

efficiency, total volume, and NPV. The authors extended their research by integrating the 

requirements on dynamic performance into the system design procedure (Pierobon et al., 

2014b), and considering CO2 emissions and the total weight of the system (Pierobon et al., 

2014a). Martelli and Capra (Martelli et al., 2015; Capra & Martelli, 2015) proposed a numerical 

optimization approach based on the hybrid derivative-free algorithm PGS-COM for 

simultaneously determining the most profitable design and part-load operation of CHP ORCs. 

Imran et al. (2019) presented a multi-objective optimization study for heavy-duty vehicles 

applications by minimizing the cost, volume, and mass, and maximizing the net power output 

of an ORC unit. 

As observed in Table 2-7, some criteria are of apparent conflicts of interest, for example, 

efficiency improvement vs. capital cost, as well as environmental concerns vs. economic 

indicators. Multi-objective optimization has become an essential method for decision-making 

over the last decade as it explicitly takes into account several conflicting performance criteria. 

This method examines interactions between these objectives and generates a set of Pareto-

optimal solutions to enable a compromise process design (Burger et al., 2014). Several cases 

discussed above applied the multi-objective optimization method. More similar works will not 

be presented here. The ORC design and optimization could be coupled with CAMD, which 

will lead to the formulation of a CAMD-based optimization, as discussed in subsection 2.4.1. 
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Table 2-7 Objective functions reported in the scientific literature 

Category Objective function Description Reference 

Thermodynamic 
criteria 

Net power output Expander power output deducting power consumption (Pezzuolo et al., 2016; Han et al., 2017) 

Thermal efficiency Net power output /input thermal power (Branchini et al., 2013; Pezzuolo et al., 2016) 

Exergy efficiency Net power output/heat source exergy (Pezzuolo et al., 2016) 

Recovery efficiency Net power output/maximum available thermal power (Branchini et al., 2013; Xia et al., 2018) 

Specific power Net power output/heat source mass flow rate  (Branchini et al., 2013; Han et al., 2017) 

VFR Turbine volumetric flow ratio (Branchini et al., 2013; Han et al., 2017) 

BWR Back work ratio (Quoilin et al., 2013) 

MFR Fluid-to-heat source mass flow ratio (Branchini et al., 2013) 

Economic 
criteria 

∑UA Heat exchangers surface index (Branchini et al., 2013) 

APR Total heat transfer area/net power output (Zhang et al., 2011; Budisulistyo et al., 2017) 

Total capital cost Overall plant investment cost (J. Wang et al., 2013; Liu et al., 2017; Han et al., 2017) 

NPV Net present value (Pezzuolo et al., 2016) 

IRR Internal rate of return (Pintarič et al., 2006) 

IP Profitability index (Pezzuolo et al., 2016) 

ROI Return on investment (Karimi & Mansouri, 2018) 

PBP Payback period (Pezzuolo et al., 2016; Xia et al., 2018) 

LCOE Levelized cost of electricity (Zhang et al., 2011; Pezzuolo et al., 2016; Han et al., 2017) 

SIC Specific investment cost (Quoilin et al., 2011b; Han et al., 2017; Xia et al., 2018) 

Other criteria 

Off-design Dynamic behaviors, part load (Pierobon et al., 2014b) 

Volume Total volume of system (Pierobon et al., 2013) 

Weight Total weight of system (Pierobon et al., 2014a) 

AER Annual emission reduction (Pierobon et al., 2014a; Xia et al., 2018) 
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Toffolo (2014) proposed a novel synthesis/design optimization algorithm to determine the optimal 

topology and design parameters for ORC systems. This hybrid algorithm organized in two levels, 

the upper evolutionary algorithm, and the lower sequential quadratic programming (SQP) algorithm. 

A HEATSEP method was used in the upper level to automatically synthesize a basic cycle 

configuration, i.e., the definition of the topology and the heat loads of the heat exchanger network. 

Toffolo et al. (2014) extended their work to further consider economic merits and off-design 

behaviors. Wang et al. (2013) and Feng et al. (2015a) employed the NSGA-II (Non-dominated 

Sorting Genetic Algorithm II) to perform multi-objective optimization for ORC systems design and 

performance evaluation. Linke et al. (2015) provided a comprehensive summary of the optimization 

methods used in the ORC design field. A noticeable observation was that global search algorithms 

such as genetic algorithm, simulated annealing or particle swarm optimization were more popular 

than deterministic optimization algorithms. Systematic design and optimization approaches were 

emerging and appealing because they could simultaneously consider the design parameters together 

with structural design alternatives associated with multiple working fluids, multiple integrated 

cycles, and multiple pressure levels. 

2.4.4 Knowledge-Based Approaches 

ORC design is a knowledge-intensive procedure which needs to deal with highly complex situations. 

Knowledge-based design can help as a non-traditional design methodology based on experience, 

informal approaches or heuristics, information on existing systems, and current practice (Jaluria, 

2007). Although more and more ORC plants or prototypes have been built and commissioned, little 

attention has been paid to exploit the expertise of designers and existing ORC design cases which 

could provide valuable information related to ORC design and operation. 

Moreover, with the significant advancement of Artificial Intelligence (AI), some dramatic 

revolutions have been brought about so far in many technological sectors, such as computer vision, 

natural language processing, visual reality, machine learning, robotics, and autonomous driving  (J. 

Liu et al., 2018). Considering the very widespread applications and benefits reaped from AI in those 

fields, there is a great scope for widening the utilization of AI in the ORC domain. Some mature AI 

techniques, such as rule-based reasoning (RBR) and case-based reasoning (CBR), can be applied to 

build design automation or decision support systems.  

Some attempts have been made to address the gap in this aspect, and the reviewed studies are listed 

in Table 2-8. As early as the 1990’s, Ramakumar et al. (1992) proposed a knowledge-based design 

approach to minimizing the total capital cost for integrated renewable energy systems. This approach 
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aimed to perform the resource-need matching by proper rules of assignment for resource-need 

combinations based on economics, the quality of energy needed, and the characteristics of the 

resource. More recently, Law et al. (2016) developed a knowledge-based system (KBS) for the 

selection and preliminary design of equipment for low-grade waste heat recovery in the process 

industry. This system processed commonly available plant data to select the most appropriate 

technology from a range of programmed options, including heat exchangers, heat pumps, and ORCs. 

Case study testing showed that the system could successfully produce viable design solutions which 

were technically, economically, and environmentally feasible. 

Table 2-8 Summary of reviewed knowledge-based approaches potentially related to ORC design  

Reference Approach Remarks 

Ramakumar et 

al. (1992) 
RBR 

Minimize total capital cost for integrated renewable energy systems using 

proper rules of assignment for resource-need combinations 

Law et al. 

(2016) 
RBR 

Select the most appropriate technology for low-grade waste heat recovery 

and perform the preliminary design of equipment 

Dong et al. 

(2019) 
CBR 

A CBR-based approach to support decision-making for ORC design; 

implemented using Python language integrating with CoolProp database 

Batres et al. 

(2007) 

An upper ontology for 

ISO 15926 

ISO 15926 was an evolving international standard that defined 

information models for long-term data integration, sharing, and exchange 

Morbach et al. 

(2009) 

An upper ontology 

(OntoCAPE) for CAPE 

Designed to be extensible to support different process systems; applied in 

several areas, including modeling, simulation, and process design 

Kontopoulos 

et al. (2016) 

An ontology-based 

decision support tool 

Aid non-technical consumers to select a domestic solar hot water system 

tailored to their needs 

Kultsova et al. 

(2017) 

Ontology+CBR+RBR 

+QR 

An ontology-based approach to intelligent support of decision-making in 

the management of large-scale systems; CBR dominated the reasoning 

process while RBR and QR for adaptation and revision respectively 

Yılmaz et al. 

(2016) 
ANN 

ORC thermal efficiency was estimated based on evaporator temperature, 

condenser temperature, subcooling temperature and superheating 

temperature 

Massimiani et 

al. (2017) 
ANN 

Developed an ANN-based thermodynamic model to optimize a small-

scale ORC with multiple objectives 

Yang et al. 

(2018) 

ANN-based prediction 

model, genetic 

algorithm 

Conduct performance prediction and parametric optimization for an ORC 

system; genetic algorithm involved to increase prediction accuracy 

Luo et al. 

(2019) 

ANN-GC, property 

prediction method 

Achieve improved accuracy for critical pressure and boiling temperature; 

Inputs are molecular groups, while outputs are thermodynamic properties 

Huster et al. 

(2019)  

ANN-based WFs 

selection 

Integrate thermodynamic and transport properties via ANNs based on 

CoolProp database; solve the design problems with MAiNGO; multi-

objective global optimization 

Schweidtmann

et al. (2019) 

A surrogate-based 

optimization 

framework 

Fully-automated WF selection and simultaneous deterministic global 

process design, using ANNs instead of the EoS in the optimization 

problem; ANNs were trained using accurate thermodynamic and transport 

property data from the Helmholtz EoS 

Palagi et al. 

(2019) 

Feedforward, recurrent 

and LSTM networks 

Compared the prediction performance of these ANNs for dynamics of an 

ORC system; LSTM architecture achieved the best degree of accuracy 

Note: CAPE, computer-aided process engineering; QR, qualitative reasoning; ANN, Artificial neural network; LSTM, long short-term memory  
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Dong et al. (2019) proposed a CBR-based approach to support decision-making in the ORC design 

process based on Landelle et al. (2017) database. The complete workflow was formulated, such as 

case representation, case base establishment, similarity measures, attribute weighting, and basic 

CBR steps. This approach was fully implemented in the Python language, integrating the CoolProp 

database to provide relevant properties of working fluids. A case study resulted in an improved ORC 

design scheme. The authors are working on combining RBR with the current approach to promote 

the utilization of the expertise of designers.  

A knowledge base could consist of relevant information on ORC systems, cycle configurations, 

working fluids, and current practice, as well as the experience gained by designers over time and 

various so-called “rules-of-thumb” or heuristics. Landelle et al. (2017) released an extensive open-

access database containing more than 100 experimental ORC systems collected from about 175 

scientific references. The authors applied clear and consistent performance criteria to discriminate 

the data set of the various ORC applications. Tartière and Astolfi (2017) built an exhaustive database 

of commercial ORC plants involving more than 700 projects from 27 manufacturers. The data was 

cross-validated with publications and testimonies. These two databases are qualified information 

sources. However, more pieces of information related to working fluid selection, ORC design, 

operation and optimization are distributed throughout the public literature. 

The establishment of a knowledge base involves knowledge representation, an essential concept of 

knowledge-based engineering (KBE) which derives from the application of AI and knowledge 

engineering techniques in CAD domain (Verhagen et al., 2012). The forms of knowledge 

representation should be both flexible and robust in nature due to the diversity and complexity of 

engineering design (Chandrasegaran et al., 2013). The interoperability of KBSs also requires a 

formal protocol for knowledge representation. Generally, an ontology is useful to structure 

miscellaneous information via a sophisticated indexing mechanism. For a particular domain, an 

ontology can be defined as a highly structured interpretation of concepts covering the processes, 

objects, and attributes of that domain as well as all their pertinent complex relationships (Li et al., 

2008). One of the advantages of ontologies was that they could be processed by the so-called logic 

reasoners or inference engines to allow hidden relationships between concepts to be discovered 

(Batres, 2017). 

The research of ontologies in engineering has been increasing continually since the early 1990s. 

There is an impressive increase of publications on ontologies in engineering domains after the year 

2001, up to about 3,000 in the year 2016 corresponding to a share of 200 in chemical engineering 

domain (Batres, 2017). Batres et al. (2007) developed an upper ontology for ISO 15926, which 
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defined basic classes and relations from which domain-specific classes and relations could be 

defined. Also, Morbach et al. (2009) presented an ontology named OntoCAPE specially developed 

for computer-aided process engineering. Ontology-based approaches were presented by 

Kontopoulos et al. (2016) and Kultsova et al. (2017) to support decision-making for different 

engineering systems. Batres (2017) provided a comprehensive review of the use of ontologies in 

process systems engineering. A number of ontologies outlined focused on different aspects, 

including product design, process design, HAZOP analysis, modeling, control, and monitoring and 

maintenance.  

However, to the best of authors' knowledge, there is no ontology available to represent the 

knowledge of the ORC domain. Many relevant concepts still lack formal terminology and explicit 

definitions so that knowledge reuse and sharing are hampered to some extent. The industry and 

academia are expecting a viable ontology to facilitate knowledge reuse and sharing, along with 

intelligent system development. A feasible and practical approach is to develop an application-

specific ontology for the ORC domain within the framework of an upper ontology, for example, 

OntoCAPE, but the identification of relevant concepts and their relationships will be a substantial 

challenge which needs more methodological supports from KBE or AI field. 

Recently, some advanced AI techniques began to be applied in the ORC design field. As shown in 

Table 2-8, ANN was used to perform the thermal efficiency estimation (Yılmaz et al., 2016) and 

thermodynamic optimization (Massimiani et al., 2017) of ORC systems. Yang et al. (2018) built an 

ANN-based ORC model to predict the ORC performance and optimize operating conditions. Palagi 

et al. (2019) investigated the prediction performance of different ANNs for the dynamic behaviors 

of a small-scale ORC system. Other studies focus on ANN-based property prediction methods and 

have proved that ANN could produce accurate and reliable results in an efficient manner (Luo et al., 

2019; Huster et al., 2019; Schweidtmann et al., 2019).  

2.5 Prospects of CAD in ORC Design 

Currently, the thermal efficiency of commercial ORC plants ranges from 8% to 24% strongly related 

to the temperature of heat source, while the efficiency of most small scale ORC applications does 

not exceed 10% (Landelle et al., 2017). The average specific cost of commercial ORC units is 

between $1410/kW and $1580/kW, including equipment and direct engineering costs, while small 

ORC units have a relatively higher cost per kW (Tartière et al., 2017). The popularization of ORC 

systems across a range of power outputs and heat source temperatures highly depends on further 

performance improvement and cost reductions, which could be achieved through adopting novel 
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working fluids, innovative cycle architectures, high-performance equipment (e.g., turbines and heat 

exchangers), and systematic design and optimization. Definitely, CAD technology can contribute 

more to these aspects than what it has involved in. New trends and future R&D in this field are 

pointed out as follows. 

(1) Novel working fluids. Various working fluid selection criteria have been proposed from 

different perspectives, as mentioned above. Unfortunately, there is not a “perfect” working fluid 

matching all the criteria. In consideration of its significant impacts on ORC design, performance, 

and cost, a new generation of tailored working fluids is appealing. Hopefully, CAMD can 

become a tremendous technical booster. Before that, we need to fully understand the role of 

working fluid selection. More work is needed to determine the relationships between molecular 

structures and fundamental thermodynamic properties, which involves increased combinatorial 

complexity and advanced molecular models. Thus, these molecular models combining accurate 

process models can ensure that the potential solutions are both optimum and realistic for a given 

design problem.  

(2) Dynamic modeling and simulation. Most ORC applications, except geothermal energy and 

WHR from continuous industrial processes, actually do not work at their nominal conditions 

because of variable heat source characteristics along with the changes of the ambient 

environment. Therefore, dynamic modeling and simulation should play a more significant role 

in both ORC systems design and optimization as well as control strategy design in order to 

promote reliability and operability. In some cases, real-time optimization of operating conditions 

can lead to considerable performance improvement. Since ORC market is a niche one, 

commercial software companies have limited interest in the development of specific ORC 

modeling and simulation tools. Modelica has shown its vast potential for ORC dynamic 

modeling due to its open-source feature, object-oriented nature, and capability of both 

component-level and process-level modeling. 

(3) New cycle architectures and components. It has been proven that innovative cycle architectures 

can promote ORC efficiency, for example, supercritical cycle, cascaded cycle, or multiple 

evaporation pressures, but their feasibility is challenged by the increased complexity and costs. 

Thus, thorough technical and economic assessments are necessary. The expansion device is the 

core component of an ORC system, and its performance strongly correlates with that of the 

whole system, while heat exchangers account for the largest share of the total equipment cost. 

The challenges lie in how to improve the efficiency of expanders as well as the heat transfer 

coefficient of heat exchangers. CAD possesses the powerful capability to contribute to 
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mechanical design and computational fluid dynamics (CFD) analysis which will help to come 

up with novel expander design and more efficient heat exchanger structures. 

(4) Integrated or simultaneous optimization. The selection of objective functions is essential for 

the achievement of the desired design option since different choices will bring about entirely 

different results. Multi-objective optimization is becoming the mainstream of ORC design 

optimization, simultaneously considering several objectives associated with thermodynamics, 

economics, and/or environmental concerns, in which conflicting performance criteria can be 

examined and compromised to yield a set of Pareto-optimal solutions. More studies should be 

conducted to compare and identify optimum performance indicators or their combinations for a 

target problem to facilitate the selection of objective functions. The integrated ORC process and 

molecular design approach is promising to allow working fluids and ORC systems to be 

optimized simultaneously, but this method is subject to the advancement of CAMD technology. 

Research on search and optimization algorithms will enable more efficient searching in specific 

design space to determine the global optimum solution.  

(5) Systematic design methodology. Regarding ORC design, the ideal situation is to formulate a 

single design optimization problem, simultaneously considering all relevant concerns and other 

constraints. Extensive research efforts should focus on improving systematic design 

methodology, to be specific, streamlining the ORC design procedure and devising a 

comprehensive, generalized, and well-organized framework. CAMD methods, modeling and 

simulation tools, and optimization algorithms will be indispensable modules consisting of this 

framework, while knowledge-based approaches can dominate the overall design process, 

responsible for knowledge base management, reasoning, and support of decision-making. It is 

worthwhile to mention that there is a great demand for computational efforts because of the 

exploration of the enormous design options combined molecular and process design. 

(6) Artificial intelligence application. A domain-specific ontology is essential for the development 

of knowledge-based systems. Undoubtedly, it will significantly facilitate knowledge integration, 

sharing, and exchange. Besides RBR, CBR, and ANN, other mature AI techniques can be 

introduced into the ORC design field, for instance, machine learning which is potential to 

overcome the bottleneck of knowledge acquisition. AI techniques have exhibited their capability 

in the acquisition, modeling, utilization, and management of different kinds of knowledge. 

Although there are still many open questions for using AI in ORC design such as processing the 

experimental data, analyzing existing ORC cases, and extracting design rules from the scientific 

literature, some successful applications in other technological sectors could be referred to.  
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2.6 Conclusions 

ORC technology has been considered to be a promising solution to convert low and medium 

temperature heat sources into electricity and has been applied in different fields, including 

geothermal exploitation, WHR, biomass, and solar thermal power generation. Despite these 

applications and increasing scientific publications, the ORC design and optimization is still 

challenging because of the need to explore enormous design options along with the iterative design 

process.  

The ORC design and optimization process is facing several significant challenges. Computer-aided 

technology is capable of dealing with the comparison and optimization of enormous ORC design 

options within a reasonable computational time thanks to the potent processing power of modern 

computers. A comprehensive investigation is conducted to examine state-of-the-art ORC design 

methodologies which can facilitate the ORC design and optimization, with a particular emphasis on 

computer-aided methods and tools. The reviewed studies are mainly associated with four technical 

aspects, including CAMD, modeling and simulation tools, optimization-based approaches, and 

knowledge-based approaches. It is worth noting that AI-based methods have been emerging with 

reasonable success in this field, such as RBR, CBR, and ANN. 

The applications of these novel methods such as CAMD, integrated design, and knowledge-based 

approaches cast light on the challenging ORC design problem and significantly facilitate the 

development of ORC systems. In order to pursue a more efficient and intelligent ORC design, 

extensive research should focus on six aspects, namely, novel working fluids, dynamic modeling 

and simulation, new cycle architectures and components, integrated or simultaneous optimization, 

systematic design methodology, and artificial intelligence application.  
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3.1 Prologue 

This chapter was written as a conference paper which was presented at the 38th New Zealand 

Geothermal Workshop. Some revisions have been made to fulfill the objective 2 identified in 

Chapter 1. The emphasis is placed on the structure design and software integration of the Expert 

Design Tool (EDT).  

The industry and academia are calling for a feasible, reliable, and accessible tool to perform process 

design and performance assessment for ORC systems at the early conceptual stage of design. In this 

chapter, an online engineering tool EDT is proposed to meet this demand. The EDT architecture is 

well designed to incorporate the relevant expertise for working fluid selection, equipment selection, 

and performance assessment. In addition, the development of EDT is associated with different 

software. ORC component models are created in Python language, and the fluid properties are 

obtained from CoolProp database. Flask is utilized to build the web framework, and HTML/CSS 

and JavaScript are used for building a user-friendly graphical user interface (GUI) while MySQL 

database is employed to store material data. Consequently, software integration into an online 

platform is explored as a critical task. The EDT has been validated against a real ORC plant, and the 

results proved that the EDT had the capability to provide reliable results and technical advice. The 

implementation of EDT will be beneficial to the development of low-grade thermal energy 

applications based on ORC technology.  

3.2 Introduction  

Conventional steam Rankine cycles have been widely used to exploit the medium to high 

temperature (503 K - 923 K) heat sources since the 1970s, while a considerable amount of low-

grade energy (303 K - 503 K) is still wasted in gas, liquid or solid form due to the lack of cost-

effectiveness (D. Wang et al., 2013). It is difficult to efficiently convert the low-grade thermal 

energy from these sources into electrical power by the conventional steam cycle power generation 

technologies. For the sake of conversion of low-grade heat into electricity, various thermodynamic 

cycles including the organic Rankine cycle, supercritical Rankine cycle, Kalina cycle, Goswami 

cycle, and trilateral flash cycle have been proposed (H. Chen et al., 2010). Amongst the different 

technologies in development, ORC is characterized by simple structure, high reliability, and easy 

maintenance, compared with the Kalina cycle's complex system structure, the trilateral flash cycle's 

difficult two-phase expansion and the supercritical Rankine cycle's high operating pressure (Bao et 

al., 2013). Therefore, ORCs have been playing a significant role in low-temperature applications 

such as industrial waste heat recovery, geothermal power or solar thermal energy (Dickes et al., 
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2015). Moreover, it is convenient to combine ORCs with other thermodynamic cycles, such as the 

thermoelectric generator, fuel cell, internal combustion engine, microturbine, seawater desalination 

system, Brayton cycle, and gas turbine-modular helium reactor in order to make the best use of 

energy (Bao et al., 2013).  

Despite these benefits, modeling, simulation, and optimization of ORC systems can be challenging 

and remain a key focus of ongoing research (Wei et al., 2008; Quoilin et al., 2011a; Ayachi et al., 

2014). As for many other technologies, related research is essential for design, sizing, or control 

purposes of ORC applications. The purpose of developing the EDT is to set up an online engineering 

framework to aid engineers and researchers to carry out preliminary design exercises and 

performance evaluation for energy conversion into electricity using ORC technology. It is a critical 

deliverable of AGGAT program, which is an industry-led research and development initiative being 

championed by HERA. The primary objective of AGGAT is to enhance the manufacturing 

capability of ORC products in New Zealand via heavy engineering companies thereby contributing 

to NZ’s presence at the international market of low enthalpy products. This program is devoted to 

providing a readily available platform for its membership to facilitate relevant research and 

development in low enthalpy geothermal and waste heat recovery field.  

The EDT is an interactive tool which should incorporate the expertise and judgment of experts with 

domain-dependent knowledge, which involves turbines, heat exchangers, control systems, materials, 

working fluids, and process configurations. Therefore, intensive collaboration and communication 

between involved researchers are essential in order for the development of EDT. On top of that, in 

order to integrate the relevant ORC design information including empirical knowledge, equipment 

information, pre-defined process correlations, evaluated literature data, and experimental results into 

an online platform, the EDT needs a well-programmed infrastructure for technical information 

storage, retrieval, and usage. This tool can provide engineers or designers with timely access to 

relevant data and information during the early conceptual stage of design from an enriched 

repository of technical information and give advice on technical decision-making.  

3.3 ORC Design Tool Status Quo 

The design of ORC systems is challenging because it is an iterative procedure and involves many 

different aspects such as working fluid screening, cycle layout, component selection and sizing, 

modeling and simulation, operating conditions optimization, and control strategy for a given heat 

source. There are various considerations and design decisions which have to be taken into account, 

not only nominal performance criteria, but also economic factors, environmental concerns, off-
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design and dynamic behaviors, and even ORC volume or weight (Astolfi et al., 2017). As a result, 

enormous design options need to be examined in order to obtain an optimal ORC design. It is an 

effective and efficient approach to develop ORC systems using a feasibility design tool because a 

lot of time and costs can be reduced. Some available methods and tools have been emerging to 

facilitate ORC design in recent years, mainly focusing on modeling and simulation for decision 

support purpose during the ORC design process. A brief review was provided to exhibit their state 

and utilization. 

3.3.1 Commercial Modeling Software 

There is commercial software available for the simulation and analysis of ORCs, such as VMGSim, 

Aspen Plus, SimSci PRO/II, Chemcad, and AMESim. These software packages incorporate pre-

designed object-oriented libraries, where the equations are already implemented, and users just need 

to connect the components properly and set the relevant parameters in the software environment 

based on their applications. Proctor (2016) built and validated a steady-state model for a commercial 

geothermal ORC plant using VMGSim in order to explore the influence of disturbances, control 

scheme design, and process optimization. 

These packages are usually powerful multidisciplinary platforms for multi-domain system modeling 

and analysis instead of focusing on the thermodynamic cycle simulation or specific ORC design. 

They can produce rigorous and professional simulation results depending on users’ familiarity level 

and proper model construction. But for the users whose purpose is to perform early-stage feasibility 

assessment, for example, examining their heat sources, possible process configurations or potential 

investments in order to apply ORC systems, a non-commercial or open-source feasibility expert 

design tool is needed. 

3.3.2 Offline Design Tool 

Towards this objective, some researchers devoted their efforts to developing specific simulation 

tools for ORC. These attempts have been made with reasonable success, which provides a good 

starting point for further research. These tools usually offer special supports to different ORC 

applications in terms of process configurations, component models, and working fluid property 

calculations. 

Quoilin et al. (2014) presented an ongoing project to develop an open Modelica library, 

ThermoCycle, for the dynamic simulation of small scale thermodynamic cycles and thermal systems. 

The components package of the library provided a set of models from the primary cell model to 
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higher-level components commonly used in thermal systems. Rettig and Müller (2015) described a 

prototype of a prediction tool based on the above mentioned ThermoCycle library. The main 

functionality of this tool was to study the performance of an autonomously operated ORC system, 

including automated start-up and shut-down procedures. Dickes et al. (2016) created an open-source 

library, ORCmKit, for the steady-state simulation and analysis of ORC power systems. ORCmKit 

included both component-level and cycle-level models and could simulate different ORC 

configurations. Ziviani et al. (2016) developed a general ORC simulation tool named ORCSim 

which was developed in Python language. ORCSim included a set of component models and could 

simulate ORC systems at both component and cycle level. Pezzuolo et al. (2016) proposed a versatile 

computer tool (ORC-PD) which was able to perform the fluid selection and plant layout optimization 

of ORC units with a chosen objective function, for example, maximizing the net power output for 

given heat source type and temperature.  

These offline tools mainly focus on either steady-state simulation or dynamic simulation, based on 

their respective model libraries and must be run under a particular software environment.  In addition, 

most of them are still in-house, and external users have no access to them. 

3.3.3 Online Design Tool 

Timely access to relevant data and information is essential to engineers or designers, especially at 

the early conceptual stage of design (Varma et al., 1996). The internet is considered to be a powerful 

platform for information sharing. Thus, an online ORC design tool will remain universal and 

accessible to as many users as possible.  

Turboden (2015), a major supplier of ORC systems, provided an online power calculator on its 

website. The calculator allowed users to select a heat source among a pre-determined list and set 

process operating conditions. It was a simple tool for preliminary evaluation of a basic ORC and 

could calculate the output power and thermal efficiency. 

Geothermal Development Associates (GDA) (2018) developed a similar online calculation tool 

which included two models for the binary cycle. However, the ranges of heat source temperature 

and flow rates were restricted, and it was just suitable for large scale geothermal power plants. There 

were only four working fluid options, i.e., isobutane, isopentane, R134a, and R245fa, to allow some 

degree of comparative modeling.  

  



 

45 

 

3.4 EDT Design 

The aforementioned tools offer separate aspects of ORC design and provide a valuable reference for 

the development of EDT. The EDT is an ideal framework which is quite distinct from the 

commercial software packages or other currently available tools for ORC process design and 

analysis because it caters specifically to the needs of general users on an online platform. The EDT 

is attempting to integrate expertise from researchers and real factual data derived from experimental 

rigs to perform the relevant decision-making process and provide with technical recommendations 

based on the information calculated. The following part of this chapter outlines the design efforts 

and preliminary results from EDT development so far. 

3.4.1 Conceptual Design 

As mentioned above, the ORC design process involves several different aspects. The EDT intends 

to cover all of them, namely, working fluid screening, cycle configuration, component selection and 

sizing, modeling and simulation, process optimization, economic analysis, material selection, and 

control system design. The EDT conceptual design was conducted to clarify its infrastructure and 

guide the implementation procedure, as shown in Figure 3-1.  

Corresponding to these aspects considered, different functional modules were identified to construct 

the online EDT and fulfill the complete functionality. The online EDT consists of four main parts, 

including the EDT backend, web framework, graphical user interface (GUI), and material database. 

Among them, the EDT backend is the core which performs most of the design tasks. GUI is the user 

interface to complete the interactions between users and the online EDT while the web framework 

defines the software framework to support the development of web-based applications. The material 

database is relatively standalone, which provides the EDT with useful information related to 

materials and can be visited separately. 

In order to choose the suitable software to develop the EDT, some popular software packages have 

been examined as listed in Table 3-1. Free and open-source software is preferable in order to enable 

public access to the online EDT without any additional software requirements or limitations. With 

respect to the web framework, Flask matches our requirement since the EDT is a relatively small 

application. Based on these observations, Python, CoolProp, and Flask were determined to be critical 

development tools.  
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Figure 3-1 Conceptual design of the online EDT 

Table 3-1 Available software packages for the EDT development 

Type Name Advantages Disadvantages 

Programming 

language 

Python 

Free and open-source, object-oriented 

programming language, plenty of add-on 

libraries, better portability 

Not integrated, need to 

install separate packages 

MATLAB 

A matrix-based programming language, plenty 

of toolboxes and external interfaces, powerful 

visualization 

Non-free, not open, 

proprietary algorithm  

Property 

database 

CoolProp 
Free and open-source, various fully-featured 

wrappers and high-level interface 

Only Helmholtz energy 

EoS included 

REFPROP 
Three kinds of EoS, some exclusive pure fluids, 

better support to mixtures 
Non-free 

Web 

framework 

Flask 

Micro-framework, lightweight and modular 

design, built-in development server and fast 

debugger, unit testing support 

Need support from third-

party libraries 

Django 

A full-stack framework, authentication, URL 

routing, template engine, object-relational 

mapper, database schema migrations 

Complicated for a small 

application 
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3.4.2 EDT Structure 

Based on the needs of industry and the conceptual design results, ten modules have been arranged 

to be incorporated into the online EDT. The basic structure of this design tool is illustrated in Figure 

3-2. The development is still ongoing, and the online EDT will keep updating regularly. Most of 

these modules have been developed so far, and some are still in progress.  

 

Figure 3-2 Basic structure of the online EDT (Note: HEX, Heat exchanger) 

In the current EDT, four typical ORC cycle configurations are included, such as basic ORC, 

recuperative ORC, thermal oil ORC, and dual-source ORC, which have been introduced in Chapter 

1. Their corresponding thermodynamic models are at the core of the whole tool. The working fluid 

module is indispensable to the selection of suitable fluids as well as the calculation of 

thermodynamic and transport properties. Expansion machines and heat exchangers are two kinds of 

critical equipment in ORC systems. However, the development of component models is challenging 

and time-consuming. More time and efforts are needed to develop all planned component models.  

Furthermore, the online EDT incorporates control module, economic module, and material module 

to support the decision-making process and provide practical advice based on users’ concerns. The 

GUI module is responsible for the acquisition of users’ inputs as well as the presentation of design 

results. On top of that, the web framework needs to be well designed and established in order to 

enable extensive access to general users.  
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3.4.3 Software Integration 

The online EDT is an interactive tool which executes applicable decision-making processes and 

performance assessment to facilitate ORC design. Due to the advancement of software engineering, 

the desired functionality can be achieved. As observed in Figure 3-1, the online EDT involves seven 

kinds of software or database, namely, Python, CoolProp, Flask, JavaScript (JS)/HTML/CSS, and 

MySQL. They are briefly summarized as follows. 

Python is characterized by a general-purpose interpreted, interactive, object-oriented, and high-level 

programming language (Van Rossum, 2007). There are plenty of optional packages for Python 

applications. Among them, NumPy and SciPy are necessary for the development of online EDT 

because simulating ORC cycles requires a numerical solver in which the equations of mass and 

energy balance, heat transfer, pressure drops, mechanical losses, etc. are implemented. In addition, 

Matplotlib, a Python 2D plotting library, is so critical as to produce high-quality figures in complex 

interactive environments. 

The CoolProp database currently provides thermophysical data for 122 pure and pseudo-pure 

working fluids. Its code is written in C++ to utilize modern C++ language features and the 

functionalities inherent in object-oriented programming (Bell et al., 2014). Moreover, fully-featured 

interfaces have been developed for most programming languages of technical interest, including 

Microsoft Excel, Labview, MATLAB, Python, C#, and EES. 

Flask is a lightweight web framework for Python based on Werkzeug and Jinja2. It includes a built-

in development server, unit testing support, and is fully Unicode-enabled with RESTful request 

dispatching and WSGI compliance. Flask enables users to focus on web applications or services 

without having to handle such low-level details as protocols, sockets, or process/thread management.  

HTML (HyperText Markup Language) is the standard markup language for creating web pages and 

web applications. With CSS (Cascading Style Sheets) and JavaScript, it forms a triad of cornerstone 

technologies for the World Wide Web. Web browsers receive HTML documents from a web server 

or from local storage and render them into multimedia web pages. HTML describes the structure of 

a web page semantically and includes cues for the appearance of the document. 

MySQL is an open-source, reliable, and flexible relational database management system which is 

widely used for the development of web-based applications. MySQL is written in C and C++ and 

has a high-speed thread-based memory allocation system. It supports standard structured query 

language (SQL) and is easy to use. MySQL is presently developed, distributed, and supported by 

Oracle Corporation. 
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These development tools not only take responsibilities for different tasks but also collaborate to 

support each other in terms of relevant data. Figure 3-3 depicts their relationships. To be specific, 

Python is the principal programming tool to develop the EDT backend, with an emphasis on the 

thermodynamic cycle models and component models. The CoolProp database is integrated into the 

EDT backend in order to efficiently provide accurate fluid property data. Flask acts as a 

communication bridge to connect the EDT backend with the GUI which is created using HTML/CSS 

and JavaScript. In addition, material related information is stored in a MySQL database which can 

be accessed by Python programs to retrieve material properties and recommend suitable materials 

for equipment design. 

 

Figure 3-3 Relationships of different software/database for the EDT development 

Different development tools should be appropriately organized to fulfill their roles. Relevant data 

could be accessed and exchanged conveniently between them. Consequently, software integration 

into an online platform needs to be explored and carefully addressed as a crucial task in order to 

ensure the feasibility, compatibility, and functionality of this online tool. For example, an essential 

process of web framework development is to pack all the models into different functions which can 

be called by Flask and to make sure that users’ inputs and calculation results can be transferred 

correctly. In addition, the defaults and ranges of users’ inputs are set in Flask, and then the 

parameters can be checked when users are inputting. In addition, during the EDT development, the 

compatibility with popular browsers has been taken into consideration and tested in order to ensure 

the same presentations on computer screens. 

3.4.4 Modeling Framework 

The regular need of most industrial entities is to evaluate the feasibility of ORC exploiting a given 

heat source (geothermal brine, exhaust gas, etc.). Their concerns mainly focus on the potential 

installed capacity and heat duty as well as a preliminary instruction on the type and size of ORC 

components. In order to meet these demands, a set of reliable models should be built. The modeling 

framework is illustrated in Figure 3-4. A precise observation is that the thermodynamic models, 
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integrated with the CoolProp database, play a dominant role in the online EDT. The results generated 

by the thermodynamic models provide the elementary thermodynamic parameters for other modules, 

such as economic module, control module, optimization module, working fluid selection, expander 

module, and heat exchanger module.  

 

Figure 3-4 Modeling framework of the online EDT 

The backend of the EDT consists of all the above modules which were implemented in Python 3.4 

environment. The CoolProp database is combined with the thermodynamic models so that the 

properties of working fluids can be easily retrieved from the database during the calculation process. 

The thermodynamic models conduct calculations and cycle analysis based on the first and second 

laws of thermodynamics according to users’ inputs which specify the operating conditions for a 

chosen process configuration. Both energy and exergy analysis is necessary. From a more broad and 

comprehensive perspective, the method of energy analysis in conjunction with exergy analysis can 

obtain a better understanding of the thermodynamic characteristics (Kaşka, 2014).  

Four expansion machines are popular in ORC applications, namely scroll expander, screw expander, 

radial turbine, and axial turbine, depending on their power scales. The radial turbine model has been 

completed so far, which can perform a preliminary component design after obtaining relevant 

thermodynamic parameters from the ORC cycle model.  

Concerning heat exchanger models, three kinds of heat exchangers, including highly finned tube, 

plate, and shell & tube, are taken into account.  Among them, highly finned tube heat exchanger 

models have been completed and validated for the condenser and evaporator, both co-current and 

counter-current types. 

An economic model has been developed to conduct a preliminary economic assessment. The net 

power output calculated by the cycle model is used to estimate the capital cost of an ORC plant. 

And the profitability of the investment is then estimated with two economic indicators, including 

the net present value (NPV), and internal rate of return (IRR). 
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With respect to working fluid selection, a list containing more than 50 candidates is predefined with 

the support of the CoolProp database. A further screening can be performed based on the inlet 

temperatures of the heat source and cooling medium with a designated pinch temperature. The aim 

is to narrow the scope of working fluids corresponding to a user-specific case. 

The control module is comprised of control strategy and control valve sizing. The usual control 

scheme for each ORC cycle configuration is presented for reference. Control valve sizing is realized 

using empirical correlations based on thermodynamic parameters for both liquid and vapor valves.  

Optimization module has not been implemented at this moment. The current EDT solves the cycle 

model under the specified operating conditions while after introducing the optimization algorithm, 

the solving process will be iterative to search the optimal operating conditions for a given 

performance indicator. 

3.5 EDT Validation 

The EDT was validated against an existing 250 kW ORC unit exploiting the geothermal heat from 

an underground hot spring in Chena, Alaska (Aneke et al., 2011). This ORC plant was redesigned 

to work with geothermal brine based on the PureCycle 200 product designed for waste heat recovery. 

The most critical aspect was a single-stage centrifugal compressor which ran in reverse as a radial 

inflow turbine. A non-flammable refrigerant R134a replaced R245fa of the PureCycle 200 to act as 

the working fluid because of the low temperature geothermal in the Chena hot spring. The brine 

temperature was only 73.30 °C with a flow rate of 33.30 kg/s. R134a was vaporized at a temperature 

of 57 °C in the evaporator. The detailed working parameters of this ORC unit are shown in Table 3-

2 (Holdmann & List, 2007). Among them, turbine efficiency is defined as 𝜂𝑡𝑢𝑟 = 𝑊𝑒𝑙/𝑊𝑖𝑠, where 

𝑊𝑒𝑙 refers to the electrical power generated by a turbine and 𝑊𝑖𝑠 is the isentropic power calculated 

for a reversible adiabatic machine. The following chapters also apply this definition. 

These parameters were applied to the EDT, and its results were exhibited in Table 3-3 to compare 

with the factual data. Moreover, as a reliable benchmark, VMGSim was used to build an ORC model 

running under the same operating conditions. The VMGSim results were also shown in Table 3-3. 

This table indicated that the EDT results were very close to the real plant data with a maximum 

relative difference of around 1.7 %, while the VMGSim model achieved better results with relative 

differences no more than 1%. That means the EDT can produce quite accurate results which are at 

the similar level as the commercial software. The differences could derive from the inaccuracy of 

working fluid properties as well as the rational assumptions for ORC cycle modeling. The validation 

results justified the EDT’s capability to generate reliable results. 
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Table 3-2 Specifications of the Chena ORC unit 

Parameter Value 

Refrigerant R134a 

Heat source type Hot spring water 

Heat source inlet temperature  73.30 °C 

Heat source mass flow rate 33.30 kg/s 

Gross power 250.00 kW 

Pump power 40.00 kW 

Turbine inlet pressure 16.00 Bar 

Turbine outlet pressure 4.39 Bar 

Turbine efficiency 80.00 % 

Cooling water inlet temperature 4.44 °C 

Cooling water outlet temperature 10.00 °C 

Table 3-3 Comparison of results from EDT and existing plant data 

Parameter 
Chena plant 

data 
EDT results 

Difference
†
 

(%) 

VMGSim 

results 

Difference
‡
 

(%) 

Heat source information 

Composition Hot spring water Water -
*
 Water - 

ORC power plant description 

Gross power (kW) 250.00 253.20 1.28 251.5 0.60 

Net power (kW) 210.00 211.53 0.73 211.1 0.52 

Thermal efficiency (%) 8.20 8.31 1.34 8.14 -0.73 

Working Fluid 

Working fluid R134a R134a - R134a - 

Mass flow rate (kg/s) 12.20 12.25 0.41 12.17 -0.26 

Evaporator 

Heat transferred (kW) 2580.00 2544.67 -1.37 2593.0 0.50 

Condenser 

Heat transferred (kW) 2360.00 2320.49 -1.67 2370.0 0.42 

Mass flow rate (kg/s) 101.00 99.36 -1.62 100.0 -0.99 

Expander selection 

Expander type 
Single-stage 

radial turbine 

Single-stage 

radial turbine 
- 

Single-stage 

radial turbine 
- 

Economic Analysis 

Initial investment (kUSD) - 634.58 - - - 

NPV (kUSD) - 670.76 - - - 

IRR (%) - 21.79 - - - 

* ‘-’ stands for ‘not available’; 
† 

This difference results from the comparison of the EDT with the ORC plant;
  

‡ 
This difference results from the comparison of the VMGSim model with the ORC plant. 
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Besides the proper operating parameters, the EDT also provided reasonable advice for expander 

selection along with a preliminary economic analysis, as shown in Table 3-3. The total capital cost, 

NPV, and IRR calculated by the economic model were 634.58 kUSD, 670.76 kUSD, and 21.79 % 

respectively. 

In addition, the EDT can assist users in assessing the performance of a wide range of working fluid 

candidates for given operating conditions. Theoretically, all the working fluids incorporated in 

CoolProp can be examined by the EDT. In this manner, working fluid selection for Chena ORC unit 

was performed under the exact operating conditions given in Table 3-2. Besides the constraints from 

the heat source and cooling water, additional limitations were imposed to determine suitable 

candidates, including the temperatures of working fluid before and after evaporator/condenser, and 

the vapor quality after the redial turbine which should be no less than 95 % to avoid liquid droplets 

erosion of the turbine blades.  

The results showed that R152A and R1234ze(E) might be two alternatives to R134a for the Chena 

plant, while other fluids failed to meet the specific requirements to exploit the low-temperature 

geothermal energy. Figure 3-5 indicates that R152A resulted in the most power, up to 224 kW with 

the highest thermal efficiency of 8.54 %. Regarding the safety and environmental aspects, the data 

of the three refrigerants are listed in Table 3-4. R1234ze(E) possesses the shortest atmospheric 

lifetime and the lowest GWP value, although its safety class may be an issue, while R134a is the 

safest refrigerant which is non-toxic and non-flammable. 

In summary, the above discussions prove that the EDT has the capability to deliver reliable results 

in terms of not only thermodynamic parameters but also technical advice on working fluid selection, 

component selection, and economic analysis. 

 

Figure 3-5 ORC net power and thermal efficiency of suitable working fluids  
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Table 3-4 Safety and environmental properties of alternatives (Mota-Babiloni et al., 2016) 

Working fluid Safety class Atmospheric lifetime ODP GWP 

R134a A1 13.8 years 0 1300 

tR152A  A2 1.4 years 0 124 

R1234ze(E) A2L 16.4 days 0 4 

3.6 Conclusions 

The ORC technology has attracted increasing interest in converting low-grade heat sources into 

electricity. However, the design of ORC systems is still challenging because it is an iterative 

procedure and involves many different aspects. The EDT is an ideal framework to meet this 

demand because it tries to integrate domain-specific expert knowledge into an online platform 

in order to perform the relevant decision-making process and provide with practical advice. 

The conceptual design of the online EDT identified ten functional modules and seven kinds of 

software/database to fulfill the complete functionality of the EDT. During the development of 

the EDT, software integration was examined as a critical task in order to ensure the feasibility, 

compatibility, and functionality of this tool. The EDT has been validated against the factual 

data from the Chena ORC plant. The results proved its capability to provide reliable results and 

reasonable technical advice on working fluid selection, component selection, and economic 

analysis.  

EDT development is ongoing. Currently, most of the planned modules have been completed, 

and a preliminary EDT version has been deployed online. Internal tests are being conducted, 

and modifications will be made according to the feedback. At the next stage, more optional 

types of ORC components will be developed, validated, and combined with the online EDT, 

such as the axial turbine, shell & tube heat exchanger and plate heat exchanger. Optimization 

algorithms and decision-making process will be explored and refined so as to provide the most 

practical and optimal design results in terms of optional performance indicators. The online 

EDT is intended to be an available, reliable, and accessible tool to perform preliminary design 

exercises and performance evaluation for low-grade energy conversion into electricity using 

the ORC technology.   
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4.1 Prologue 

This chapter was written as a conference paper which was presented at the 27th European 

Symposium on Computer Aided Process Engineering. Some modifications have been made to 

fulfill the objective 3 identified in Chapter 1. The emphasis is placed on the EDT 

implementation, including modeling, GUI development, and deployment of the EDT.  

In this chapter, a novel online design tool EDT is proposed to encapsulate expertise for working 

fluid selection, equipment selection, and performance evaluation. The aim of developing the 

EDT is to build an online application to aid engineers or researchers in carrying out preliminary 

design exercises and performance assessment for energy conversion into electricity using ORC 

technology. The architecture and working principle of the online EDT are presented. The 

development of different modules is described in detail. Currently, a preliminary EDT version 

has been deployed online and can provide relevant calculation results as well as practical 

recommendations for conceptual ORC design. The EDT is intended to be an available, reliable, 

and accessible tool for early-stage feasibility assessment which does not require substantial 

investment in engineering hours and software.  

4.2 Introduction 

Over the past several decades, the organic Rankine cycle (ORC) has attracted increasing 

interest and has been considered to be a promising technology for converting low-grade heat 

sources into electricity. The ORC is characterized by its simple structure, high reliability, and 

easy maintenance (Bao et al., 2013). Therefore, the ORC has potentially a significant role in 

low-temperature applications such as industrial waste heat recovery, geothermal power, and 

solar thermal energy.  

The ORC design for different applications is generally related to the cycle configuration, 

working fluid selection, component selection, modeling and simulation, and process 

optimization for a specific ORC system. A specific design tool is beneficial to complete these 

tasks at the early conceptual stage of design, and engineers or researchers can use it to carry 

out preliminary design exercises and performance assessment. Modeling, simulation, and 

optimization of ORC systems, especially modeling, are often time-consuming. Using a 

feasibility design tool is an effective and efficient approach to the development of ORC systems 

since a lot of time and costs could be reduced.  
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In addition, the ORC design is an iterative procedure. There are plenty of design decisions 

which have to be made under various constraints or limitations. This means that enormous 

design options need to be examined in order to obtain an optimal ORC design. Some available 

methods and tools have been emerging to facilitate ORC design in recent years, mainly 

focusing on modeling and simulation for decision support purpose during the ORC design 

process. Industry and academia need a feasible, reliable, and accessible tool to perform the 

aforementioned tasks. 

The purpose of developing the EDT is to meet this demand. The EDT incorporates the expertise 

and judgment of experts with domain-dependent knowledge, such as turbine design, heat 

exchangers, control systems, materials/fluids selection, and cycle configurations. Furthermore, 

the online EDT is a critical deliverable of the AGGAT program, which is an industry-led 

research and development initiative being championed by the HERA of New Zealand. The 

AGGAT program is devoted to providing a readily available platform for its memberships to 

facilitate relevant research and development of low enthalpy geothermal and waste heat 

recovery field. 

4.3 EDT Implementation 

The EDT holds a specific framework to satisfy the needs of external users since it tries to 

combine all initial design considerations into one online platform and produce comprehensive 

information related to ORC process design and analysis. The EDT is attempting to integrate 

expertise from researchers, such as heuristics, evaluated data, and process correlations, as well 

as real data derived from experimental rigs in order to augment the decision-making process 

and provide technical recommendations.  

4.3.1 EDT Structure 

Considering the needs of users and feasibility, ten modules have been planned to be included 

in the online EDT. The basic architecture of the EDT is illustrated in Figure 4-1. Each aspect 

of ORC design can be covered by these modules, namely, working fluid selection, 

thermodynamic models, expander, heat exchanger, control, economic, material, optimization, 

GUI, and web framework. All these modules were developed on the basis of the expertise and 

judgment of experts in AGGAT program. 

The thermodynamic models integrating with the CoolProp database are the core of the whole 

application and includes four typical ORC process configurations, while the equipment 
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modules are related to the two critical components in ORC systems, expanders, and heat 

exchangers. Furthermore, the online EDT involves control scheme recommendation, control 

valve sizing, material selection, economic analysis, and optimization algorithms to generate 

useful information for users. It can produce detailed analysis and practical advice based on 

users’ inputs. The GUI enables a user-friendly interface to facilitate users’ operation and 

interaction. On top of that, the web framework needs to be well designed and built in order to 

allow access for general users.  

 

Figure 4-1 Basic structure of the online EDT (Note: HEX, Heat exchanger) 

4.3.2 EDT Development Tools 

The development of online EDT involves several types of software/databases, including 

Python, CoolProp, Flask, MySQL, HTML/CSS, and JavaScript. To be specific, three 

development tools are employed to develop EDT backend. The key thermodynamic cycle 

models and ORC equipment models are built in the Python language which is also be 

responsible for numerical equation solving, the fluid properties are obtained from the CoolProp 

database, while Flask is utilized to build the web framework which takes responsibility of 

connecting the EDT backend with the GUI which is developed using HTML/CSS and 

JavaScript. In addition, the MySQL database is utilized to store material data. Different 

development tools must be appropriately organized to ensure that relevant data could be 
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accessed and exchanged conveniently between them. As a result, software integration into the 

online platform should be explored and carefully addressed as a crucial task in order to ensure 

the feasibility, compatibility, and functionality of this online tool. 

4.3.3 EDT Working Principle 

EDT is an online application that means any user who has access to the internet can visit it. 

The basic working principle is shown in Figure 4-2.  

 

Figure 4-2 Schematic diagram of the online EDT 

The GUI is the front end of the online EDT. When users visit the EDT website via a particular 

browser, they are asked to choose one process configuration, and then the input page with 

necessary operating parameters appears. Users can either fill particular values or simply use 

the defaults. After clicking the calculation button, the request is submitted to the webserver and 

Flask checks all the inputs which should be within the pre-defined ranges and transfers them 

to the EDT backend to execute related calculations based on the corresponding thermodynamic 

model. Next, Flask also returns all the results, such as a variety of data and figures, to the GUI 

and the local browser will show a technical report resulting from the received information in a 

result page. The material database is relatively standalone, which provides the EDT with 

necessary information related to materials and can be visited separately. 

Unlike general static webpages, the online EDT is a dynamic web-based application because it 

provides not only pre-defined and pre-edited contents but also the data and information 

generated during the EDT execution based on the inputs of end-users. The basic idea behind 

dynamic pages is to use server-side scripting to create these pages when they are requested by 

a user. Therefore, the contents displayed in the webpages may change over time, depending on 

the information submitted by the user via the input page. 



 

60 

 

4.3.4 Equipment Modules 

Expansion machines and heat exchangers are two kinds of critical equipment in ORC systems. 

Equipment modules incorporate not only component models but also component selection 

logic, which performs the logical decision-making process for selecting appropriate equipment 

for desired results. A typical selection logic for expander machines is illustrated in Figure 4-3. 

As mentioned above, the expertise and judgment in the EDT are provided by the AGGAT 

researchers, and this one is from HEERF Ph.D. scholar Choon Wong as a research outcome. 

The expander selection process demonstrates that the decision mainly depends on the nominal 

power range and expansion ratio.  

 

Figure 4-3 Selection algorithm for expander machines 

On top of that, the development of equipment models is challenging and time-consuming. 

Currently, the highly finned tube heat exchanger and radial turbine models have been built. 

More time and efforts are needed to complete all planned component models. The modeling 

for the former is described here as an example.  

The highly finned tube heat exchanger was modeled based on a series of correlations from 

Abbas et al. (2015). The correlations were employed to calculate the thermal resistances and 

pressure drops in the direction of heat flow from the fins side to the tube side. The coding for 

highly finned tube condenser and evaporator in two types, co-current and counter-current have 

been completed and validated against Abbas’s Excel calculator. A simplified flowchart for co-

current evaporator is illustrated in Figure 4-4.  
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Figure 4-4 Flowchart of the co-current highly finned tube evaporator 

Table 4-1 shows the results of the counter-current condenser calculated by the Python model, 

while Table 4-2 indicates the ones generated by the Excel calculator. They are performed under 

the same conditions, i.e., inlet temperature of cooling medium Tc_in = 20 °C, inlet temperature 

of working fluid Th_in = 71 °C, mass flow rate of cooling medium m_cm = 30 kg/s and mass 

flow rate of working fluid m_wf = 2.5 kg/s. Where Q is overall heat transfer at each pass, hi is 

the heat transfer coefficient at the inner side, ho is the heat transfer coefficient at the outer side, 

U is the overall heat transfer coefficient, A is the contact area, x is the outlet vapor quality of 

working fluid for each pass, x_avg is the average vapor quality of working fluid for each pass 

and Tc_out is the outlet temperature of cooling medium. These results are quite close, with 

relative deviations less than 1%, which indicates these heat exchanger models can produce 

consistent and reliable results and are suitable for the EDT application. 

Table 4-1 Results of the counter-current condenser calculated by the Python model 

Pass No. 
Q 

(J) 

hi 

(W/(m²·K)) 

ho 

(W/(m²·K)) 

UA 

(W/K) 
x x_avg 

Tc_out 

(°C) 

Pass 1 
1st group 4773.48 965.91 53.50 123.49 0.4569 0.7285 34.82 

2nd group 5299.85 926.88 53.26 120.49 0.3816 0.6908 29.76 

Pass 2 
1st group 1972.12 552.80 52.77 87.23 0.1746 0.3157 24.15 

2nd group 1941.77 476.63 52.65 78.67 0.1035 0.2426 22.06 
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Table 4-2 Results of the counter-current condenser generated by the Excel calculator 

Pass No. 
Q 

(J) 

hi 

(W/(m²·K)) 

ho 

(W/(m²·K)) 

UA 

(W/K) 
x x_avg 

Tc_out 

(°C) 

Pass 1 
1st group 4776.63 965.55 53.52 123.51 0.455 0.7273 34.80 

2nd group 5301.10 925.83 53.28 120.46 0.379 0.6893 29.74 

Pass 2 
1st group 1968.06 550.16 52.78 86.97 0.173 0.3137 24.12 

2nd group 1921.48 470.03 52.42 77.81 0.104 0.2411 22.04 

4.3.5 Other Modules 

Except for the central thermodynamic models and equipment models, other modules shown in 

Figure 4-1 are also indispensable to achieve the full functionality of the online EDT.  

Regarding the working fluid module, the CoolProp database is vital to support the whole EDT 

with thermodynamic properties of potential working fluids. In addition, a working fluid list 

containing more than 50 candidates is predefined in this module. A further screening algorithm 

can be performed based on the inlet temperatures of the heat source and cooling medium as 

well as an optional pinch temperature. Thus, the scope of potential working fluids is narrowed 

to ease users’ choice.  

An economic model has been developed to carry out a preliminary economic assessment. The 

assumptions used in this model are shown in Table 4-3. The net power output calculated by the 

thermodynamic model is used to estimate the capital cost of an ORC plant. Then the potential 

profitability of the plant is predicted using two economic indicators, i.e., the net present value 

(NPV) and internal rate of return (IRR). 

Table 4-3 Assumptions used in the economic model 

Assumptions Value 

Specific investment cost  $3000/kW 

Plant lifetime 20 years 

Electricity price $0.083/kWh 

O&M cost $0.013/kWh 

Annual electricity price escalation 3.0% 

Discount rate 10.0% 

The control module consists of two parts: control strategy and control valve sizing. A control 

scheme is recommended for each ORC cycle configuration. Typically, two basic control loops 

are necessary: (1) superheating control on the turbine inlet stream by manipulating the working 
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fluid flow rate; (2) pressure control on the turbine inlet stream by manipulating the heat source 

flow rate. Control valve sizing is conducted to recommend suitable valve type, CV value, and 

valve size based on a set of empirical correlations for both liquid and vapor valves.  

The material database is established to provide material properties needed by the EDT, for 

example, thermal conductivity and to recommend suitable materials for ORC equipment 

according to the characteristics of a specific heat source/cooling medium. The database 

contains 44 types of materials widely used in the process industry. The material module is 

relatively standalone, which can be visited separately. 

Optimization module aims to optimize the operating conditions for a given performance 

indicator and have not been completed so far. The current EDT solves the cycle model under 

certain operating conditions specified by users. After introducing the optimization algorithm, 

the EDT solving process will be iterative to search the optimal operating conditions for a 

chosen objective function. 

4.3.6 GUI Development 

Users interact with the online EDT via a GUI which is designed to provide a concise and user-

friendly interface for different level users. Even if some users have not any background 

knowledge about ORC, they could also explore this tool by using the defaults. HTML/CSS and 

JavaScript are the primary tools used to develop the GUI. HTML can describe the content of 

web pages while CSS contains versatile pre-defined styles for web pages, including the design, 

layout, and variations in display for different devices and screen sizes. In addition, JavaScript 

is used to realize some specific interactions, for instance, when changing the inlet temperature 

of heat source or cooling medium, the working fluid list will update automatically but remain 

the default value “R245fa” if it is still in the new list.  

When users visit the online EDT, a set of parameters should be specified in the input page to 

determine the operating conditions for a chosen cycle and employ the corresponding 

thermodynamic model to produce calculation results. After the EDT solves the cycle model 

and completes relevant calculations, the results of different modules will be exhibited in turn 

in a technical report. In order to present the results more efficiently and clearly, necessary 

diagrams are included in the technical report. For instance, it is an essential function to visualize 

the temperature values and vapor quality for each pass in the evaporator and condenser. 

Dynamic plotting is achieved by using the Matplotlib package in Python. 
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4.3.7 Web Framework and Deployment 

Flask is a lightweight web framework for Python. It is an appropriate tool for the EDT 

application to build the web framework, which is just like a bridge connecting the GUI and the 

internal models. An essential process for this task is to pack all the models into different 

functions which can be called by Flask and make sure that users’ inputs and calculation results 

can be transferred correctly. In addition, the defaults in the input page are set in Flask, and the 

inputs check is done by Flask. Moreover, the plotting function is actually realized in Flask 

where it is convenient to use the data generated by different modules.  

Online deployment is a crucial step for the EDT, and many issues have to be addressed. The 

EDT is developed on Windows operating system, but web servers usually adopt UNIX or Linux 

system. In order to establish the Python and Flask running environment on a web server, web 

server configuration and compatibility problem must be well solved. In addition, port 5000 is 

the default one during the development stage, while for a formal online application port 80 can 

be a better choice because port 5000 is often blocked by most firewalls. Furthermore, during 

the development of the EDT, the compatibility with current popular browsers has been taken 

into consideration and tested in order to ensure the same display effects. 

4.4 Case study 

Table 4-4 Operating conditions and assumptions for a basic ORC system 

Input parameters Values 

Type of heat source Exhaust gas 

Inlet temperature of heat source 400 °C 

Mass flow rate of heat source 2.0 kg/s 

Pressure of heat source 1.0 Bar 

Type of cooling medium Air 

Inlet temperature of cooling medium 20 °C 

Pressure of cooling medium 1.0 Bar 

High pressure of ORC system 21.0 Bar 

Low pressure of ORC system 3.0 Bar 

Turbine efficiency 85 % 

Pump efficiency 85 % 

Pinch temperatures 5 K 

Superheat temperature 3 K 
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Based on the above description of the EDT implementation, conducting a case study is a 

convenient way to demonstrate the capability and functionality of this tool. Given a basic ORC 

system, the operating conditions and underlying assumptions have been specified in Table 4-

4. When accessing the EDT website via a particular browser, we choose the basic ORC cycle 

configuration, then an input page with dialog boxes and the corresponding cycle diagram will 

emerge, as shown in Figure 4-5.  

 

Figure 4-5 Input page of the online EDT for a basic ORC 
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The parameters are input according to the specifications in Table 4-4. These parameters 

determine the operating conditions for the chosen cycle and employ the corresponding 

thermodynamic model to produce relevant results. If an input is out of the set range of a specific 

parameter, an error message will arise to indicate the rational range. In addition, we choose 

R245fa as the working fluid and use the default materials. If more material selection knowledge 

needed, there is a separate link to the standalone material database.  

After that, click the “Generate technical report” button and the online EDT will call the 

corresponding model and present all relevant results in a result page in a few seconds. The 

results contain plenty of information related to the simulated ORC system and are divided into 

different sections. Figure 4-6 depicts the essential parameters in the summary section. 

 

Figure 4-6 Summary of essential parameters 

Figure 4-7 shows a process flow diagram for the chosen basic ORC. It indicates the temperature, 

pressure, and mass flow rate of each stream, and all the information comes from the solved 

thermodynamic model. 

 

Figure 4-7 Process flow diagram for a basic ORC 
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The online EDT performs preliminary equipment design for heat exchangers and expanders. 

Figure 4-8 and Figure 4-9 present the design results for a highly fined tube evaporator and a 

condenser, including their schematic diagrams, the temperature, vapor quality curves, and the 

main parameters. Figure 4-10 shows the 1D geometry design results for a radial turbine. 

 

Figure 4-8 Preliminary design results for a highly finned tube evaporator 
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Figure 4-9 Preliminary design results for a highly finned tube condenser 

With respect to other EDT modules in the online EDT, Figure 4-11 exhibits a feasible control 

scheme and recommended control valves for the basic ORC system while Figure 4-12 shows 

the recommended material groups for heat exchangers based on the given heat source and 

cooling medium. 
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Figure 4-10 1D geometry design for a radial turbine (Courtesy of Lei Chen from HERA) 

 

 

Figure 4-11 Control scheme and valve sizing for the basic ORC 
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Figure 4-12 Recommended material groups for heat exchanger design 

4.5 Conclusions 

ORC has been considered to be a promising technology to convert low-grade heat sources into 

electricity. However, the modeling, simulation, and optimization of ORC systems are still 

challenging due to the lack of available, reliable, and accessible tools at the early design stage 

for ORC feasibility assessment in a user-friendly manner.  

In this chapter, a novel Expert Design Tool is proposed, and the implementation process is 

described in detail, including the structure, development tools, working principle, different 

modules, GUI development, web framework, and online deployment. A case study is 

conducted to demonstrate the capability and functionality of this tool. The results prove that 

the online EDT is easy to use and can generate sufficient information related to ORC design to 

support designers or researchers decision-making process. 

The development of the EDT is ongoing. Most of the modules have been developed as 

described above, and a preliminary version of the EDT has been successfully deployed online. 

During the development of EDT, software integration is examined in order to ensure the 

feasibility, compatibility, and functionality. Currently, internal tests are being conducted, and 

modifications will be made according to the feedback. At the next stage, more optional types 

of ORC components will be developed, validated, and combined with the online EDT.  
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5.1 Prologue 

This chapter has been published in Industrial & Engineering Chemistry Research and is 

included in the thesis. The format and layout of this journal paper have been adjusted. 

Over the past several decades, the organic Rankine cycle (ORC) has been considered to be a 

promising technology for converting low-grade heat sources into electricity. ORC design is a 

knowledge-intensive procedure with a variety of design variables and operational constraints 

that usually needs large-scale and expert interventions. Computer-aided tools for systematic 

ORC design have been emerging for decision support in recent years. However, it remains an 

open question regarding how to systematically exploit existing ORC plant designs to provide 

more valuable information for new ORC systems design and operation. Case-based reasoning 

(CBR) technology is feasible and suitable to facilitate this exploitation. In this chapter, a new 

CBR-based approach to ORC design is proposed. The complete workflow is described in detail, 

along with the essential processes of case representation, case base establishment, similarity 

measure, attribute weighting, and basic CBR steps. The leave-one-out cross-validation method 

is employed to evaluate the performance of this CBR model. Moreover, an example is 

conducted to demonstrate how this approach works. The approach results in an improved 

design scheme with noticeable increases in the net power output, thermal efficiency, and exergy 

efficiency, up to 3.17 %, 5.88 %, and 6.80 % respectively. Therefore, the new approach is a 

feasible and effective way to make use of existing ORC plant designs systematically. The 

implementation of the CBR approach is a meaningful attempt to support decision-making and 

facilitate the development of ORC systems. 

5.2 Introduction 

According to the International Energy Outlook 2016 reference case, world energy consumption 

will increase by 48 % between 2012 and 2040 (Conti et al., 2016), which leads to continuous 

increases in fuel prices and environmental challenges, such as air pollution, climate change, 

and ozone layer depletion. Consequently, there is a growing interest in how to effectively 

exploit low-grade thermal energy because of its abundance (Ziviani et al., 2014). Statistical 

investigations indicate that low-grade waste heat accounts for more than 50 % of the total heat 

generated in the industry (C. Chen et al., 2016). Among the currently available technologies, 

the ORC has been considered to be a practical and promising solution to convert low-

temperature heat sources into electricity due to its simple structure, high reliability, and easy 

maintenance, which is preferable to the Kalina cycle's complex system structure, the trilateral 
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flash cycle's difficult two-phase expansion and the supercritical Rankine cycle's high operating 

pressure (Bao et al., 2013).  As a result, ORC systems have been applied successfully in 

different fields, including geothermal exploitation, waste heat recovery (WHR), biomass and 

solar thermal power generation (Rahbar et al., 2017; Landelle et al., 2017; Tartière et al., 2017). 

The design of ORC systems usually involves several different aspects, including working fluid 

identification, cycle configuration, component selection and sizing, and operating condition 

optimization for a given heat source. A variety of design variables and operational constraints 

entail a flexible design of ORC that usually requires customized solutions rather than 

commercial off-the-shelf standard products (Astolfi et al., 2017). Therefore, ORC design is a 

knowledge-intensive procedure which deals with highly complex situations and typically needs 

large-scale and expert interventions. Only a few professional and experienced engineers or 

researchers can complete the sophisticated design task, and most of the decisions need to be 

made by expert designers based on their experience, backed by simulation results.  

Decision-making support methods, for example, computer-aided technology, are helpful to 

explore empirical know-how and deal with the evaluation of an enormous range of design 

options (Tsoka et al., 2004). Computer-aided tools for systematic ORC design have been 

emerging in the past few years. Papadopoulos et al. (2010; 2012, 2013) proposed the first 

approach to the systematic design and selection of optimal working fluids for ORC based on 

computer-aided molecular design (CAMD) and process optimization techniques. This 

approach utilized group contribution methods (GCM), i.e., correlation-based equation of state 

(EOS), to calculate desired working fluid properties and generate optimum candidates. 

Schilling et al. (2017a) presented a similar approach named the continuous-molecular targeting 

(CoMT)-CAMD method for integrated design of the ORC process and choice of working fluids 

in a single optimization problem. Different molecular EOS were implemented to improve the 

prediction accuracy of working fluid properties in the CAMD process, such as the perturbed-

chain statistical associating fluid theory (PC-SAFT) (2017a; 2017c, 2017b), SAFT-VR Mie 

(Oyewunmi et al., 2016), and SAFT-γ Mie (White et al., 2017; van Kleef et al., 2019), while 

Luo et al. (2019) proposed an artificial neural network (ANN)-based property prediction 

method to achieve improved accuracy and reduced computational time. Toffolo et al. (2014) 

argued for the optimal selection of cycle configuration, working fluid and operating parameters 

using the Heatsep method, taking into consideration thermodynamic, economic and off-design 

behavior. Flores-Tlacuahuac et al. (2015; 2017) proposed a simultaneous solution approach to 

the selection of the type and composition of the organic mixtures and the operating conditions 
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of the Rankine cycle for a given fixed process flowsheet configuration. Pezzuolo et al. (2016) 

developed a versatile tool for working fluid selection and ORC unit design from 81 fluid 

candidates and for a wide range of operating conditions. Bahamonde et al. (2015) proposed an 

integrated design method for automotive mini-ORC applications to optimize the 

thermodynamic cycle and preliminary component design simultaneously. Law et al. (2016) 

developed a knowledge-based system for the selection and preliminary design of equipment 

for low-grade waste heat recovery. The equipment options included various heat exchangers, 

heat pumps, and ORCs. In addition, some optimization-based approaches have been proposed 

to aid the exploration of the design options for ORC process configuration and operating 

conditions (Linke et al., 2015). Different optimization algorithms have been employed, such as 

genetic algorithms (J. Wang et al., 2013; Larsen et al., 2013), simulated annealing (Victor et 

al., 2013), and particle swarms (Clarke & McLeskey, 2015). 

The aforementioned computer-aided tools facilitate the ORC design process with reasonable 

success and provide a good starting point for further research, although they either focus on 

one or two aspects of ORC design or aim at a specific ORC application. However, it remains 

an almost unanswered question about how to systematically exploit existing ORC plant designs 

which result from designers’ knowledge and experience and can provide valuable information 

related to ORC design and operation. Landelle et al. (2017) released an extensive open-access 

database containing more than 100 experimental ORC systems collected from about 175 

scientific literature references. They applied clear and consistent performance criteria to the 

data set of the various ORC applications. Tartière et al. (2017) built an exhaustive database of 

commercial ORC plants involving more than 700 projects. The information on 27 

manufacturers was cross-validated with publications and testimonies. However, Landelle et al. 

(2017) and Tartière et al. (2017) only displayed the current state and new trends of state-of-

the-art ORC systems based on data analysis of their databases, and did not discuss how to 

explore the valuable databases further. In order to fill this research gap and promote the 

utilization of ORC systems data, a new design approach based on case-based reasoning (CBR) 

is proposed to support decision-making in ORC design. The study focuses on small-scale 

subcritical saturated cycles and aims to conceptually prove the feasibility of this new approach.  

This chapter is structured as follows: Section 5.3 is the backbone that provides a detailed 

methodology description of the new CBR-based design approach. Section 5.4 outlines the 

evaluation of the CBR model, and Section 5.5 performs a case study to demonstrate how the 

CBR-based approach works, followed by further discussion and the conclusions from this work. 
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5.3 Methodology 

5.3.1 Case-Based Reasoning (CBR) 

With the advancement of artificial intelligence (AI), many available AI techniques such as rule-

based reasoning (RBR) and model-based reasoning (MBR) can be applied to build design 

automation or decision support systems. However, difficulties also have been encountered 

when formalizing such generalized design experiences as rules, logic, and domain models 

(Maher & Pu, 2014). Therefore, CBR has been regarded as an alternative to assist engineers 

and designers with decision support. The concept of CBR derives from the works of Roger 

Schank (1983) on the role of dynamic memory, which coordinates past situations with current 

situations to enable generalization and prediction. It is an approach which solves a new problem 

by using previous cases and experiences similar to the new one (Kolodner, 2014). The 

underlying assumption of CBR is that a similar problem could be solved by a similar solution. 

Over the years, research on CBR has brought about a large number of applications in a variety 

of domains ranging from business, design, medicine, and education to law (Goel & Diaz-

Agudo, 2017). This approach has several competitive features (Avramenko & Kraslawski, 

2007), namely:  

• CBR requires a case base instead of an explicit domain model. 

• Significant features identified are used to represent a case. 

• The case base is easy to maintain by adding or removing cases. 

• CBR systems possess a learning ability by acquiring new cases.  

As shown in Figure 5-1, a typical CBR cycle can be described by the following four processes 

which have come to be known as the “4 REs” (Aamodt & Plaza, 1994): 

• Retrieve: The query case is compared with prior cases, and the most similar case(s) is 

retrieved from the case base. Indexing schemes and similarity metrics are used for this 

retrieval process. 

• Reuse: The solution resulting from the retrieved cases is used as a suggested solution 

to the target problem.                       

• Revise: The suggested solution is evaluated and revised, if necessary. 

• Retain: If the solution is adopted, this new problem-solving experience can be retained 

into the case base. 
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Figure 5-1 Typical CBR cycle (Goh & Guo, 2018) 

5.3.2 Overall Description 

On the basis of the CBR cycle, a complete ORC design approach is proposed, as shown in 

Figure 5-2. This approach has been fully implemented in a Python programming environment, 

where the CoolProp database (Bell et al., 2014) was integrated to provide the thermodynamic 

properties of working fluids. 

 

Figure 5-2 Workflow of this CBR approach 

When designing a new ORC system, it is necessary to carefully investigate the heat source and 

cooling medium along with other technical constraints, as well as both environmental and 

safety issues (Astolfi et al., 2017). After detailed analysis, ORC design requirements are formed. 

These are mainly heat source and cooling medium characteristics and various constraints. Then 

the problem is compared with the cases in the case base in terms of similarity, and all the cases 

are ranked according to their similarity scores. The similar cases are retrieved, combined, and 

reused as a suggested solution. Next, the optimization algorithm is performed to find the 

optimal design options on account of an optional performance indicator, such as net power 
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output, thermal efficiency, and exergy efficiency. An ORC thermodynamic model is used during 

this process. Finally, the confirmed case is retained into the case base and can be used for 

further preliminary component design. The major blocks in the workflow diagram will be 

discussed further in the following subsections.  

5.3.3 Problem Analysis 

When designers face a new ORC project, the first thing they do is to analyze the design problem 

carefully. A detailed description of the heat source and the cooling medium is required, and all 

the technical constraints should be evaluated, as well as other plant design constraints (Astolfi 

et al., 2017). Figure 5-3 shows the details of these aspects involved in the problem analysis. 

The ORC design requirements are generated based on the problem analysis and have to be 

satisfied during the following design procedure. 

 

Figure 5-3 Considerations at the problem analysis stage 

The minimum permissible temperature of the heat source is an important constraint. For 

geothermal applications, there is a reinjection temperature limit to prevent the salts dissolved 

in the brine from precipitating. According to Rossi (2013), a good recommendation for this 

temperature limit is 70-75 ℃. For WHR application, a minimum outlet temperature needs to 

be examined to avoid condensation of acid and corrosive compounds in the flue gas. Regarding 

the working fluid selection, it depends highly on the application, especially the heat source 

characteristics (H. Yu et al., 2016). The selection needs to consider several factors, not only 

the thermodynamic properties but also thermal stability, material compatibility, cost, ozone 

depletion potential (ODP), global warming potential (GWP), flammability, toxicity, and other 

technical limits on different components (Astolfi et al., 2017).  
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5.3.4 Case Representation 

A case is an instance in a problem-solving process. Case representation in CBR is primarily 

the problem of deciding what contents should be stored in a case, finding an appropriate 

structure to describe a case, and examining how the case base should be organized and indexed 

for further effective retrieval and reuse (Aamodt et al., 1994). Therefore, case representation is 

fundamental and critical to a CBR system because the reasoning capabilities of CBR are mainly 

dependent on the structure and contents of cases (El-Sappagh & Elmogy, 2015).  

Although there is not a consensus as to precisely what information should be included in a case 

within the CBR community (Avramenko et al., 2007), two practical measures can be 

considered: functionality and ease of acquisition of the information (Kolodner, 2014). In a CBR 

system, a case acts as a problem-solving episode which usually contains two parts: a problem 

and the corresponding solution, but sometimes there is no such a priori distinction (Avramenko 

et al., 2007). Using attribute-value pairs is a relatively simple way to represent a case. For an 

ORC design case, 30 attributes were chosen as indicated in Table 5-1. They can be categorized 

into numerical and nominal types in terms of their values, and these attributes focus on several 

aspects, such as general information, characteristics of the heat source and cooling medium, 

working fluid and component information, and ORC performance indicators. Seven of them 

belong to the problem part, and 20 to the solution part. Accordingly, all problem parts in a case 

base form a problem space while solution parts form a solution space. A case from Muhammad 

et al. (2015) is also listed in Table 5-1 as an example.  

5.3.5 Case Base 

A case base is a collection of cases for performing a reasoning task (Richter & Weber, 2016). 

The open-access database released by Landelle et al. (2017) focuses on experimental 

prototypes which are designed for specific applications and are more diverse than standard 

industrial ORC systems. It provides valuable information to implement the proposed CBR 

design approach. Thus, a case base was established based on Landelle’s database. In this 

database, some systems with variable expanders or working fluids were considered to be 

different ORCs. The information on these ORCs was also not complete, and many parameters 

were missing. The case independence and information integrity were examined to build a 

typical case base. Eventually, 73 cases were selected to form the final case base.  
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Table 5-1 Case representation for ORC design 

Category No. Attribute 
Problem/

solution 
Value type 

Example (Muhammad 

et al., 2015) 

General information 

0 Case Number N/A* Numerical 42 

1 Year N/A Numerical 2015 

2 Country N/A Nominal South Korea 

3 Application Problem Nominal WHR** 

Heat source 

4 Type Problem Nominal Water 

5 Inlet temperature (℃) Problem Numerical 122.0 

6 Mass flow rate (kg/s) Problem Numerical 0.00565 

Cooling medium 
7 Type Problem Nominal Water 

8 Inlet temperature (℃) Problem Numerical 8.95 

Working fluid 

9 Type Solution Nominal R245fa 

10 Mass flow rate (kg/s) Solution Numerical 0.52 

11 Superheating (℃) Solution Numerical 10.3 

12 Maximum temperature (℃) Solution Numerical 111.7 

13 Minimum temperature (℃) Solution Numerical 11.2 

14 High pressure (Bar) Solution Numerical 10.4 

15 Low pressure (Bar) Solution Numerical 1.24 

Expander 

16 Type Solution Nominal Scroll 

17 Rotational speed (rpm) Solution Numerical 3455.5 

18 Pressure ratio Solution Numerical 8.285 

Pump 
19 Type Solution Nominal Gear 

20 Hydraulic power (kW) Solution Numerical 0.045 

Evaporator 
21 Type Solution Nominal PHE*** 

22 Area (m²) Solution Numerical 6.5 

Condenser 
23 Type Solution Nominal PHE 

24 Area (m²) Solution Numerical 5.38 

Other devices 
25 Recuperator Solution Nominal No 

26 Additional device Solution Nominal Liquid tank 

Cycle performance 

27 Carnot efficiency Solution Numerical 0.3211 

28 Thermal efficiency Solution Numerical 0.0466 

29 Output power (kW) Problem Numerical 1.016 

* N/A stands for not available. 

** WHR stands for waste heat recovery.  

*** PHE stands for plate heat exchanger. 

Figure 5-4 shows the distribution of missing values in the whole case base. The attribute 

number is defined in Table 5-1. The average percentage of missing values for the 30 attributes 
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is 20.6 %; meanwhile, for the 73 cases, it is 19.7 %. Some attributes, however, are missing 

more values, for example the condenser area is missing 69.9 % of the values. A missing value 

can be imputed with a provided constant, or using the statistics (mean, median or most frequent) 

of each attribute in which the missing value is located. However, the imputation may bring 

about a negative impact on model accuracy to some extent because it uses non-validated values. 

In order to alleviate the influence of missing data, some methods have been investigated 

carefully and implemented, including attribute weighting, attribute selection for similarity 

measure, and the voting method for the combination of retrieved cases. They will be discussed 

in subsections 5.3.7, 5.3.8 and 5.3.9. 

 

Figure 5-4 Distribution of missing data in case base (black blocks indicate the missing data) 

 

Figure 5-5 Heat source temperature corresponding to ORC output power for 73 cases 

(Landelle et al., 2017) 
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Figure 5-5 depicts a map of heat source temperature and ORC output power from different 

applications to exhibit the distribution of these essential attributes of 73 cases. WHR (28 cases) 

and WHR ICE (Internal Combustion Engine, 12 cases) occupy about 55 % of total cases, and 

15 cases do not indicate their application type. The cases mainly focus on the small power 

range, and the cases below 10 kW account for 80 % of total cases. In addition, the heat source 

inlet temperatures mainly concentrate in the range of 60 ℃ - 200 ℃. 

5.3.6 Similarity Measure 

The similarity measure is utilized to highlight commonalities over pairs of problem attributes 

in cases so that the solutions of prior cases can be reused to find a solution to the query case 

(López, 2013). Similarities can be regarded as estimates of the utility of their solutions to the 

new problem. The similarity is usually defined as a value in [0, 1], with 1 being the maximum 

similarity.  Similarity can be calculated on two levels: first, at the local level (i.e., attributes), 

taking into account the values of each attribute, and second, at the global level (i.e., cases), 

combining the local similarity scores using attribute weights (López, 2013).  

Given m attributes for the problem part and n attributes for the solution part, a case 

 ( 1,2,..., )iC i k  in the case base can be indexed by 
1 2 1 2( , ,..., , , ,..., )i m nC p p p v v v  where 

 ( 1,2,..., )jp j m  denotes the value of a problem attribute and  ( 1,2,..., )lv l n  depicts the 

value of a solution attribute. Correspondingly the query case can be presented by 

1 2( , ,..., )mN p p p . Regarding numerical attributes, the local similarity function for attribute pj 

is defined as (Xiong & Funk, 2006): 
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Considering nominal attributes, the local similarity function for attribute pj is defined as: 
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Then the global similarity score is computed by the following function: 
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where wj denotes the weight of the attribute pj. 
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5.3.7 Attribute Weighting 

Conventional CBR systems normally assign a fixed weight for each attribute during the 

retrieval process. This weighting approach depends highly on domain-specific knowledge, and 

it is less effective in some scenarios where the number of cases or the relevance of attributes 

changes significantly (Goh et al., 2018). Therefore, a machine learning algorithm named 

Random Forest was employed to conduct the attribute weighting because of its popularity and 

ability to evaluate attribute importance. 

Breiman (2001) proposed Random Forest as an ensemble learning algorithm which was robust 

to overfitting. Out-of-bag estimates are utilized to monitor error, strength, correlation, and 

attribute importance. The importance of an attribute is evaluated by investigating how much 

prediction error increases when the out-of-bag data of that attribute is permuted while all others 

are left unchanged.   

In the present work, the Random Forest algorithm was used to model the problem part and 

solution part of all cases in the case base. Among the seven problem attributes, the mass flow 

rate was removed because there was too much missing data for this attribute. Regarding the 

solution part, we mainly focused on the nominal attributes related to working fluid and 

components. The Random Forest model established the relationships between the problem 

attributes and solution attributes. The importance of an attribute indicated the degree of this 

problem attribute’s influence on solution attributes. Therefore, the weights of the problem 

attributes were assigned according to their importance value produced by the Random Forest 

algorithm. As shown in Figure 5-6, the output power accounts for the most significant 

percentage, up to 35.6 %, following by the cooling medium inlet temperature 25.4 % and the 

heat source inlet temperature 24.8 %, while the three other nominal attributes, i.e., application, 

heat source, and cooling medium type only occupy 5.6 %, 5.4 %, and 3.3 %, respectively. 

These categorical attributes are difficult to deal with for machine learning algorithms. Thus, a 

binarization method was conducted to take each category value and turn it into a binary vector 

before applying the Random Forest algorithm. 

5.3.8 Case Retrieval 

The retrieval process plays a prominent role in the CBR cycle and actively interacts with case 

representation and similarity measure (Richter et al., 2016). The purpose of this process is to 

obtain a list of similar cases that can be useful to provide a solution to the target problem. Thus, 

the following tasks should be performed (Aamodt et al., 1994; López, 2013): 
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Figure 5-6 Weights of problem attribute assigned according to their importance 

• Identify relevant problem attributes. 

• Search the case base following a particular strategy. 

• Match retrieved cases according to a similarity measure. 

• Rank and select the best cases for further processes 

For the ORC design, six problem attributes were identified for the similarity measures, namely, 

application, heat source type, heat source inlet temperature, cooling medium type, cooling 

medium inlet temperature, and output power, while heat source mass flow rate was removed 

since it missed a large proportion of values and correlated with output power. A simple 

sequential retrieval strategy was adopted because it was easy to implement and efficient for a 

relatively small database. To be specific, the query case was compared with each case in the 

case base one by one regarding problem attributes, and both the local and global similarity 

scores were calculated by using Eq. (5-1) or Eq. (5-2) and Eq. (5-3). After that, the cases were 

ranked according to their global similarity scores.  

5.3.9 Case Reuse 

The reuse of the retrieved cases mainly involves two aspects (Aamodt et al., 1994):  

• What are the differences between the query case and the retrieved cases?  

• What part of the retrieved cases can be transferred to the query case?  

In other words, the primary task in this process is to identify the differences between the query 

case and the retrieved cases and adapt the solution part of retrieved cases to form a suggested 

solution for the query case. In the context of ORC design, the differences mainly focus on the 
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value differences of numerical attributes in the case representation. Different methods were 

adopted to produce the solution part of the query case. For the numerical attributes, the values 

of the best-matched case were used, while for the nominal attributes, the majority voting 

method was performed to combine the most similar three cases, because there might be missing 

data in a single case. If two or more out of three values were the same for a specific attribute, 

the majority value was confirmed as the value of this attribute in the solved case. If three values 

were all different, the value of the best-matched case was adopted. 

5.3.10 Case Revision 

The task of case revision is to evaluate the suggested solution and revise it if it is unsuitable 

for the query case. For an ORC design case, the numerical attributes of the solution part are 

sensitive to the changes in design requirements and operating conditions. Thus, their values 

produced in the reuse process are not accurate due to the differences between the query case 

and the retrieved cases. To solve this issue, a Sequential Quadratic Programming (SQP) 

optimization algorithm was employed to find the optimal operating conditions, and an ORC 

thermodynamic model was called to calculate and update these values.  

Actually, the ORC system optimization is a non-linear programming (NLP) problem, which 

consists of continuous variables describing the thermodynamic system, such as evaporation 

pressure, condensation pressure, heat source outlet temperature, and superheating degree. The 

SQP algorithm used the Han-Powell quasi-Newton method for constrained nonlinear 

optimization, supporting both equality and inequality constraints (Kraft, 1988). Mathematically, 

the optimization problem can be defined as (Kraft, 1988):  

max
𝑋∈𝑅𝑛

 {𝑓(𝑋)}                                                            (5-4)    

subject to: 

gr(𝑋) = 0, r = 1, …, me;                                                  (5-5) 

gr(𝑋) ≥ 0, r = me + 1, …, m;                                               (5-6)   

Xlow ≤ 𝑋 ≤ Xup                                                               (5-7) 

where the problem function f : 𝑅𝑛
          
→  𝑅1 and g : 𝑅𝑛

          
→  𝑅𝑚 are assumed to be continuously 

differentiable. There are totally m equality or inequality constraints, and a lower bound Xlow 

and an upper bound Xup could be specified for each optimization variable. 
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The initial values, boundaries, and constraints were identified according to the literature and 

experts’ advice and were listed in Table 5-2. Typically, the optimization algorithm could 

produce a series of case candidates on the basis of considerable combinations of several 

optimization variables and result in the optimal operating conditions for the target problem. 

The convergence and robustness of the optimization algorithm have been testified by changing 

initial values and testing different design cases. Currently, three performance indicators are 

available to be chosen as the objective function, including net power output, thermal efficiency, 

and exergy efficiency. 

Table 5-2 Initialization, boundaries, and constraints on the optimization algorithm 

Category Variable name Description Reference 

Initialization 

Evaporation pressure From CBR results  

Condensation pressure From CBR results  

Heat source outlet temperature 
Up to applications, for 

geothermal 70-75 ℃ 

(Rossi, 2013) 

Superheating degree From CBR results  

Boundary 

Evaporation pressure 1 Bar < Phigh < 30 Bar 
(Quoilin et al., 2013; 

Roedder et al., 2016) 

Condensation pressure 1 Bar < Plow < 30 Bar 
(Quoilin et al., 2013; 

Roedder et al., 2016) 

Heat source outlet temperature Ths,min < Ths,out < Ths,in  

Superheating degree 0 ≤ Tsh ≤ 50 ℃  

Constraint 

Pressure relationship Plow < Phigh  

Turbine inlet vapor fraction  For wet working fluid, xtur,in = 1  (Bao et al., 2013) 

Turbine outlet vapor fraction xtur,in > 0.85 
(Bao et al., 2013; 

Pezzuolo et al., 2016) 

Evaporator pinch point Ths,pp > Ttur,in - Tsh + Tpp  

Condenser pinch point Tcon,out > Tcm,pp + Tpp  

Meanwhile, different ORC thermodynamic models can be called according to the process 

configuration in terms of the existence of recuperator and/or thermal oil loop. These models 

were developed based on mass balance and energy balance and played a significant role in the 

optimization procedure. The pressure drop and heat loss to the environment were not 

considered in the present work, while other underlying assumptions are shown in Table 5-3. 

Regarding the expander efficiency, fixed values derived from scientific literature were applied 

to turbines and volumetric expanders in order to simplify the relevant calculations. In addition, 

the CoolProp database (Bell et al., 2014) is responsible for thermodynamic properties of 
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working fluids, such as specific entropy, specific enthalpy, heat capacity, critical temperature, 

and critical pressure. 

Table 5-3 Basic assumptions of the ORC thermodynamic models 

Variable name Value 

Turbine efficiency 85% 

Volumetric expander efficiency 70% 

Pump efficiency 75% 

Generator efficiency 96% 

5.3.11 Case Retention 

After the case revision process, the new problem-solving experience can be retained into the 

case base if the proposed solution is a success. Thus, case retention is also a learning process. 

It involves the selection of suitable features, case structure, indexing method, and integration 

with the case base (Aamodt et al., 1994). Based on the optimization results which provide the 

optimal operating conditions, the ORC thermodynamic model can generate sufficient 

thermodynamic parameters of the ORC cycle to supplement the new case, especially the 

numerical attributes. Then, a new case is formulated in the form of case representation and 

retained into the case base for further retrieval. The solution part of this new case provides a 

potential solution to the target problem. Its attribute of ‘country’ is assigned a value ‘new case’ 

and can be differentiated if necessary, for example occupying a smaller voting weight than real 

cases. Along with the increase in the number of cases in the case base, the CBR system would 

conduct case retrieval more efficiently and produce more accurate results than using the current 

case base.  

5.3.12 Preliminary Component Design 

Aiming at the target problem, the aforementioned processes generate an optimal design scheme 

regarding a chosen performance indicator, including working fluid identification, cycle layout, 

component selection, and operating conditions. Furthermore, preliminary component design 

can be implemented, mainly focusing on heat exchangers and turbine sizing. The 

thermodynamic states of the working fluid at the inlet/outlet of each component are calculated 

under the optimized operating conditions. They provide the necessary specifications required 

for the sizing calculations. Models of commonly used components have been built and are 

called according to the results of component selection. The preliminary component design 
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results incorporate more detailed information, which supplements the tested solution to support 

decision-making during the ORC design procedure, especially at the early stage of design.  

5.4 CBR Model Performance Evaluation 

Section 5.3 elaborates upon the proposed CBR-based approach. It is worthwhile noting that 

similarity measures are crucial to bridge the problem space and solution space, and in this case, 

they are distance-based measures (defined by Eq. (5-1) and Eq. (5-2)), as illustrated in Figure 

5-7. The scatter diagrams result from Principal Component Analysis (PCA) of the case base. 

A similarity score implies the extent of the appropriateness of a prior case’s solution for solving 

the target problem.  

However, there is another direct way to evaluate appropriateness. Utility measures can feasibly 

tackle this issue. They calculate utilities by comparing the solution parts, and the utility score 

is also considered to be an indicator of the utility of a solution to the target problem (Xiong, 

2011). In the present work, this concept of ‘utility’ was used to evaluate the CBR model. Leave-

one-out cross-validation was utilized since it was a quasi-standard evaluation method (Richter 

et al., 2016). The evaluation was done by taking one case as the query case and using others as 

test cases each time, then going through the whole case base. In addition, utility calculations 

applied the same equations, i.e., Eq. (5-1) or Eq. (5-2) and Eq. (5-3). As mentioned in 

subsection 5.3.10, the numerical attributes in the solution part were more sensitive to the 

differences between the query case and the retrieved ones and the values were updated in the 

revision process. Thus, other nominal attributes involving working fluid and component types 

were the focus of validation to evaluate the utility of the ORC model. 

 

Figure 5-7 Simplified schematic illustration of the CBR-based approach 
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The average similarity/utility score was defined as the average of the biggest similarity/utility 

score each run during the leave-one-out cross-validation. The average similarity score was an 

estimate of matching a similar case situation in the case base for a specific problem, while the 

average utility score indicated the degree of appropriateness of the suggested solution for 

solving the target problem. The leave-one-out cross-validation showed that the average utility 

score (0.73) was much smaller than the average similarity score (0.94), which mainly resulted 

from missing data in the solution part. For the missing data, the local utility score for the 

corresponding attribute was zero so that there was a negative influence on the global utility 

score. The validation results show that the CBR model can provide a reasonable solution to a 

target problem despite a relatively small average utility score, but the utility may increase as 

more complete cases are added into the case base. 

5.5 Case Study 

5.5.1 Case Description 

A case study is conducted in order to demonstrate the CBR approach. It is a real ORC system 

described in Kaşka (2014). The ORC system is used to recover the waste heat released by a 

natural gas burning furnace via a semi-closed water loop. Thus, in this case, the water in liquid 

form is the heat source of the ORC system instead of exhaust gas. In addition, R245fa is used 

as the working fluid. After problem analysis, the basic design requirements are listed in Table 

5-4. In addition, there is a constraint on heat source outlet temperature in case too much heat is 

removed, leading to a negative impact on the furnace. The evaporator pinch point temperature 

derived from Kaşka (2014) is 6.8 ℃, and it is assumed to be 3.4 ℃ for the condenser. 

5.5.2 CBR Implementation 

The design requirements are used to form a query case, which is compared with each case in 

the case base, and the similarity calculation is performed. Based on the assessment from the 

Random Forest algorithm, the weights are assigned to each attribute in the problem part. As 

discussed in subsection 5.3.7, the output power accounts for the most significant percentage 

when calculating the similarity, and the inlet temperatures of cooling medium and heat source 

follow it. After that, the three most similar cases are selected and combined, and the similarity 

scores are 0.933, 0.855, and 0.816 respectively. Table 5-5 depicts the data combination during 

the case reuse process. Although there are missing data in the first case and the third case, the 

final results are complete and are not affected by the missing data. As shown in Table 5-5, the 
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results only incorporate these attributes related to working fluid and component selection 

because other numerical attributes are subject to the changes in design requirements and 

operating conditions and will be updated in the following stage. 

Table 5-4 Basic design requirements of a real ORC system (Kaşka, 2014) case study 

Variable name  Value 

Application type Waste heat recovery 

Heat source type Water 

Heat source inlet temperature  122.4 ℃ 

Heat source inlet pressure 3.2 Bar 

Heat source mass flow rate 16.23 kg/s 

Cooling medium type Water 

Cooling medium inlet temperature 27 ℃ 

Cooling medium inlet pressure  2 Bar 

Heat source outlet temperature ≥ 86 ℃ 

Nominal power capacity 250 kW 

Table 5-5 Combination of significant attributes in the case reuse process for the case study 

Attribute  First case Second case Third case Combined case 

Similarity score 0.933 0.855 0.816 N/A 

Working fluid R245fa R245fa R245fa R245fa 

Expander type Radial Turbine Axial Turbine Radial Turbine Radial Turbine 

Evaporator type N/A Shell & Tube N/A Shell & Tube 

Condenser type N/A Shell & Tube N/A Shell & Tube 

Pump type N/A 
Centrifugal 

Multistage 

Centrifugal 

Multistage 

Centrifugal 

Multistage 

Recuperator No No No No 

Finally, after investigating and comparing the combinations of the four optimization variables, 

i.e., evaporation pressure, condensation pressure, heat source outlet temperature, and 

superheating degree, the SQP optimization algorithm finds the optimal operating conditions 

for the given design requirements and constraints. In this case, the net power output is chosen 

as the objective function. All the values of the numerical attributes in the suggested solution 

are updated to form the final new case. Table 5-6 exhibits the significant attributes in the 

solution part of this new case as well as the literature values. Percentage difference (%) is 

defined as:  



 

90 

 

 100%CBR literature

literature

Value Val
Percentage differenc

ue

Value
e =

−
                       (5-8) 

Table 5-6 indicates that the results produced by the proposed CBR approach are very close to 

the real data from Kaşka (2014). The working fluid ‘R245fa’ is from the combined results, and 

its mass flow rate is smaller by less than 1 %. The main differences are in pressures and 

superheating. The evaporation pressure increases from 10.8 to 10.98 bar, and condensation 

pressure decreases from 2.1 to 2.03 bar while the superheating degree jumps from 0 to 0.88 ℃. 

These changes lead to noticeable increases in the net power output, thermal efficiency, and 

exergy efficiency, up to 3.17 %, 5.88 %, and 6.80 %, respectively. Therefore, the CBR 

approach provides a better solution for the ORC plant, which can achieve more power output 

by adjusting these operating conditions. The results manifest the capacity and reliability of this 

approach for a given ORC design problem. 

Table 5-6 Comparison of numerical attributes in the tested solution with the original values 

Variable name 
Literature value  

(Kaşka, 2014) 
CBR approach 

Absolute 

difference 

Percentage 

difference (%) 

Working fluid R245fa R245fa N/A N/A 

Working fluid flow rate (kg/s) 11.06 10.95 -0.11 -0.99 

Heat source outlet temp. (℃) 86.2 86.0 -0.2 -0.23 

Evaporation pressure (bar) 10.8 10.98 0.18 1.67 

Condensation pressure (bar) 2.1 2.03 -0.07 -3.33 

Cooling medium outlet temp. (℃) 32.1 31.1 -1 -3.12 

Superheating degree (℃) 0 0.88 0.88 N/A 

Net power output (kW) 262.2 270.5 8.3 3.17 

ORC thermal efficiency (%) 10.2 10.8 0.6 5.88 

ORC exergy efficiency (%) 48.5 51.8 3.3 6.80 

Figure 5-8 illustrates the T-s diagram of the ORC system running under the optimal operating 

conditions. Increasing high pressure and superheating along with decreasing low pressure 

could contribute to the increment of the area covered by the ORC cycle in the T-s diagram. 

Consequently, more heat would be recovered from the heat source.  
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Figure 5-8 T-s diagram of the ORC system 

5.5.3 Preliminary Component Design 

Table 5-5 shows the recommendations for component selection to help designers choose 

suitable components for a target design problem. Among these components, the expander is a 

critical component of an ORC system. The selection of an expander depends highly on the 

power range of an ORC plant and the working fluid properties (Astolfi, 2017). In this case, a 

radial turbine is recommended. The preliminary design results for this turbine are presented in 

Figure 5-9 and Table 5-7 as an example. The geometric parameters are calculated based on 

design correlations (Moustapha et al., 2003), which have been integrated into the Python 

program. 

 

Figure 5-9 1D geometry design of a radial turbine (Courtesy of Lei Chen from HERA)  
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Table 5-7 Preliminary design results for a radial turbine 

Variable name Value 

Output power 292 kW 

Pressure ratio 5.41 

Rotor inlet radius (r4) 159 mm 

Rotor hub outlet radius (r6h) 47.8 mm 

Rotor shroud outlet radius (r6t) 63.3 mm 

Rotor inlet width (b4) 4.67 mm 

Rotational speed 10504 rpm 

5.6 Further Discussion 

Section 5.3 elaborates upon the details of the proposed CBR-based approach, then leave-one-

out cross-validation is utilized to evaluate the performance of the CBR model, and a case study 

is conducted to show the capacity and reliability of this approach for a given ORC design 

problem. Some considerations are summarized and discussed further as follows. 

(1) This new approach has been fully implemented in the Python language, and the CoolProp 

database is integrated to provide the thermodynamic properties of working fluids. This in-

house routine can run smoothly and produce robust results in only a few seconds under the 

Python environment on a standard desktop computer. A graphical user interface could be 

developed further in order for more convenient interaction with users.  

(2) Using attribute-value pairs is a typical way to represent a case. Thirty attributes are 

identified to represent an ORC case which can be divided into a problem part and a solution 

part, which involve several aspects, such as general information, characteristics of the heat 

source and cooling medium, working fluid and component information, and ORC 

performance indicators. There are two practical criteria to choose suitable attributes: 

functionality and ease of acquisition of the information. 

(3) The case base incorporates 73 ORC design cases chosen from Landelle’s database 

(Landelle et al., 2017) based on their independence and information integrity. The case base 

mainly focuses on small-scale subcritical saturated cycles. The missing data have a negative 

influence on the performance of the CBR model, which is evaluated using the leave-one-

out cross-validation. Supplementing the cases and adding more complete cases into the case 

base are beneficial to mitigate this influence. 
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(4) Similarities can be regarded as estimates of the utility of their solutions to the new problem. 

Similarity measures adopt different functions for numerical and nominal attributes. The 

Random Forest Algorithm is utilized to assign weights to different attributes according to 

their importance. The results show that numerical attributes are considerably more critical 

than other nominal attributes in the problem part; thus, they are assigned bigger weights 

corresponding to their importance. 

(5) Regarding the case study, the proposed approach provides technical advice for working 

fluid and component selection and generates a series of thermodynamic parameters under 

the optimal operating conditions. The results show that increasing high pressure and 

superheating along with decreasing low pressure are conducive to achieve more power 

output, which means this approach provides a better solution for the target ORC plant.  

(6) The proposed approach was developed based on the typical CBR cycle, which was the basic 

structure. The whole workflow from problem analysis to preliminary component design 

was explored and formulated. Three points could be novel to the conventional CBR 

approach. Firstly, the methods to tackle missing data in the case base, including attribute 

weighting, attribute selection for similarity measure, and the voting method. Secondly, the 

Random Forest Algorithm is employed as an attribute weighting method. Finally, the SQP 

optimization algorithm and ORC models are introduced into the case revision stage to 

determine an optimal design option. 

(7) This work proves conceptually that the CBR approach is feasible and reliable to facilitate 

the development of ORC systems. The current case base and routine aim to support the 

design of small-scale subcritical saturated cycles with a heat source temperature range of 

60 ℃ - 200 ℃ and a power range of 0 kW - 300 kW. Adding more real ORC cases out of 

the ranges in the case base will extend the applicable scope of this approach. 

(8) Currently, three objective functions are available, including net power output, thermal 

efficiency, and exergy efficiency. Economic indicators are not included because some 

reported cost correlations in literature are inaccurate and usually have serious deviations, 

especially for customized small-scale ORC systems instead of standard industrial products. 

Indeed, economic feasibility is a common concern of designers and would be examined at 

the next stage. 

  



 

94 

 

5.7 Conclusions 

This paper proposes a CBR-based approach to ORC system design, which can generate an 

optimized design scheme to a given design problem and allow designers to obtain sufficient 

valuable information to support the decision-making during the design procedure. Based on 

the above discussion, it is safe to draw a conclusion that the new approach is a feasible and 

effective way to make use of existing ORC plant designs systematically, and the 

implementation of CBR is a meaningful attempt to support decision-making and facilitate the 

development of ORC systems, especially at the early stage of design. It provides an optimal 

solution, including working fluid, cycle configuration, component selection and sizing, and 

operating conditions for a given design problem, based on CBR, the ORC thermodynamic 

model, and the SQP optimization algorithm. It can produce the final results in a few seconds, 

which will help designers to improve their work efficiency. As more complete ORC design 

cases are added into the case base, the performance of the approach will be improved further. 
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6.1 Prologue 

This chapter was written as a full journal paper which would be submitted to Industrial & 

Engineering Chemistry Research. The objective of this work is to further improve the 

performance of the CBR-based ORC design approach. 

The ORC has attracted increasing interest in converting low-grade heat sources into electricity 

over the last several decades. ORC design usually needs large-scale expert interventions 

because it is a knowledge-intensive procedure with a variety of design variables and operational 

constraints. Some specific decision support tools for systematic ORC design have been 

emerging in recent years. Moreover, some dramatic revolutions based on AI have been 

incurring in many technological sectors. However, the utilization of AI in the ORC domain is 

still an almost untouched field. In this chapter, a new hybrid intelligent approach combining 

RBR and CBR is proposed to facilitate ORC systems design. The complete workflow and its 

implementation are described in detail, along with the essential processes of RBR, CBR, result 

combination, and the optimization algorithm. The ORC thermodynamic model used in this 

approach is presented and validated against a real ORC plant. A case study is conducted for 

the same plant and results in an improved design scheme with noticeable increases in the net 

power output, thermal efficiency, and exergy efficiency, up to 7.25 %, 10.78 %, and 11.13%, 

respectively. This case study indicates that the new approach is an effective way to make the 

best use of the expertise of designers and existing ORC plant designs systematically. The 

combination of RBR and CBR is a meaningful attempt to support decision-making and 

facilitate the development of ORC systems. 

6.2 Introduction 

In the past several decades, the world energy consumption has been continually increasing 

beyond sustainable limits, which has resulted in a series of consequences including energy 

shortage and severe environmental issues such as global warming, climate change, air and 

water pollution, and ozone layer depletion (Qiu, 2012). In order to alleviate the dependency on 

fossil fuel, more attention has been focused on alternative renewable energy sources. However, 

it is difficult to efficiently convert low-grade thermal energy into electricity by the conventional 

steam cycle technology (H. Chen et al., 2010). Conventional steam Rankine cycles have been 

widely used to exploit medium to high temperature (503 K – 923 K) heat sources since the 

1970s, while a considerable amount of low-grade energy (303 K – 503 K) is still wasted in gas, 

liquid or solid form due to the lack of cost-effectiveness (D. Wang et al., 2013).  
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For the conversion of low-grade heat into electricity, various thermodynamic cycles have been 

proposed, including the organic Rankine cycle (ORC), supercritical Rankine cycle, Kalina 

cycle, Goswami cycle, and trilateral flash cycle (H. Chen et al., 2010). Amongst them, the ORC 

is characterized by its simple structure, high reliability and easy maintenance, which is 

preferable to the Kalina cycle’s complex system structure, the flash cycle’s difficult two-phase 

expansion and the supercritical Rankine cycle’s high operating pressure (Bao et al., 2013). 

Moreover, it is convenient to combine the ORC with other thermodynamic cycles, such as a 

thermoelectric generator, fuel cell, internal combustion engine, microturbine, seawater 

desalination system, and/or gas turbine-modular helium reactor in order to make the best of the 

energy source (Bao et al., 2013). Therefore, the ORC has been considered to be a practical and 

promising solution to convert low-temperature heat sources into electricity and has been 

applied in different fields, including geothermal exploitation, waste heat recovery (WHR), 

biomass and solar thermal power generation (Rahbar et al., 2017; Landelle et al., 2017; Tartière 

et al., 2017).  

As the commissioning of more ORC systems and constant technological advancement, relevant 

research and development activities are more active over time (Colonna et al., 2015). The 

growth of the scientific and technical interest in ORC power systems can be observed by the 

increase of scientific literature in this field, as shown in Figure 6-1. The data from the Web of 

Science (WoS) and Scopus exhibit a dramatic increase trend in the number of relevant 

publications, especially after 2008. According to Imran et al. (2018), the publications mainly 

focus on six core research areas, namely applications of the ORC technology, working fluids, 

expansion machines, cycle architecture, design and optimization, and dynamics and control of 

ORC systems. Figure 6-2 depicts their distribution across these categories, and the publications 

related to ORC design account for a relatively small proportion, only about 5%.  

 

Figure 6-1 Number of publications on ‘organic Rankine cycle’ in WoS and Scopus from 2000 to 2017 
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Figure 6-2 Distribution of ORC publications in terms of core research areas (Imran et al., 2018) 

6.3 Computer-Aided Tools for Decision Support of ORC Design 

The design of ORC systems is a knowledge-intensive procedure which involves several aspects, 

such as working fluid selection, cycle configuration, component selection and sizing, and 

operating condition optimization for some given design requirements. A variety of design 

variables and operational constraints entail a flexible design of ORC that usually requires 

customized solutions rather than commercial off-the-shelf standard products (Astolfi et al., 

2017). Therefore, ORC design typically needs large-scale and expert interventions. Only a few 

professional and experienced engineers can complete the sophisticated design task, and most 

of the decisions need to be made by expert designers based on their experience, backed by 

simulation results.  

Computer-aided technology for decision support is helpful to explore empirical know-how and 

conduct the evaluation of an enormous range of design options (Tsoka et al., 2004). Some 

researchers dedicate themselves to developing specific tools for ORC modeling and simulation. 

Quoilin et al. (2014) developed an open Modelica library, named ThermoCycle, for the 

dynamic simulation of small scale thermodynamic cycles and thermal systems. The 

components package of the library provided a set of models from the primary cell model to 

higher-level components commonly used in thermal systems. Rettig and Müller (2015) 

presented a prototype of a prediction tool based on ThermoCycle library. The main 

functionality of this tool was to evaluate the performance of an autonomously operated ORC 

system, including automated start-up and shut-down procedures. Ziviani et al. (2015b; 2016) 

proposed a general ORC simulation tool named ORCSim which was developed in Python 
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language with a particular emphasis on the ORC with liquid-flooded expansion. Dickes et al. 

(2016) described ORCmKit, an open-source library, for the steady-state simulation and 

analysis of ORC power systems. ORCmKit included both component-level and cycle-level 

models and could simulate different ORC configurations. Dong et al. (2017) put forward an 

online ORC design tool with expertise for equipment selection and performance assessment to 

aid engineers or researchers in carrying out preliminary design exercises and provide practical 

recommendations on technical decision-making. In addition, some optimization-based 

approaches have been proposed to aid the exploration of the design options for ORC process 

configuration and operating conditions (Linke et al., 2015). Different optimization algorithms 

have been employed, such as genetic algorithms (J. Wang et al., 2013; Larsen et al., 2013), 

simulated annealing (Victor et al., 2013), and particle swarms (Clarke et al., 2015). 

Meanwhile, computer-aided tools aiming at systematic ORC design have been emerging in 

recent years. Papadopoulos et al. (2010; 2012) proposed a systematic approach to the design 

and selection of optimal working fluids for ORC systems based on CAMD and process 

optimization techniques. An optimization algorithm utilized desired working fluid properties 

as performance measures to generate optimal candidates. Schilling et al. (2017a) presented a 

similar approach based on the continuous-molecular targeting – computer-aided molecular 

design (CoMT-CAMD) method for integrated design of the ORC process and choice of 

working fluids in a single optimization problem. Toffolo et al. (2014) argued for the optimal 

selection of cycle configuration, working fluid, and operating parameters using the Heatsep 

method, taking into consideration thermodynamic, economic and off-design behavior. 

Pezzuolo et al. (2016) developed a versatile tool (ORC-PD) for working fluid selection and 

ORC unit design from 81 fluid candidates and for a wide range of operating conditions. 

Bahamonde et al. (2015) proposed an integrated design method for automotive mini-ORC 

applications to optimize the thermodynamic cycle and preliminary component design 

simultaneously.  

The above computer-aided tools facilitate the ORC design process with reasonable success and 

provide a good starting point for further research. However, little attention has been paid to 

exploit further the expertise of designers and existing ORC design cases which could provide 

valuable information related to ORC design and operation. Moreover, with the significant 

advancement of Artificial Intelligence (AI), some dramatic revolutions have been brought 

about so far in many technological sectors, such as computer vision, natural language 

processing, visual reality, machine learning, robotics, and autonomous driving  (J. Liu et al., 
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2018). Considering the widespread applications and benefits reaped from AI in above-

mentioned fields, there is a great scope for widening the utilization of AI in the ORC domain. 

Actually, some available AI techniques, such as RBR and CBR, can be applied to build design 

automation or decision support systems. Law et al. (2016) developed a knowledge-based 

system for selection and preliminary design of equipment for low-grade waste heat recovery. 

The equipment options included heat exchangers, heat pumps, and ORC. In essence, this 

system was RBR-based, but its functionality was relatively simple, and many initial parameters 

were required to be estimated to run it. The authors (Dong et al., 2019) presented a new CBR-

based approach to ORC design to exploit existing ORC plant designs systematically, which 

produced an improved design scheme. In order to improve this approach and promote the 

utilization of expertise of designers and existing ORC design cases, a new hybrid intelligent 

approach combining RBR and CBR is proposed to support decision-making in ORC design. 

This study focuses on the small-scale subcritical saturated cycle and aims to prove the 

feasibility of this new approach conceptually. 

The rest of this article is structured as follows: section 6.4 is the backbone of the chapter that 

elaborates upon the methodology of the new hybrid intelligent approach. Section 6.5 outlines 

the evaluation of the ORC model, and section 6.6 presents a case study to demonstrate how the 

proposed approach works, followed by the conclusions from this work. 

6.4 Methodology 

6.4.1 Overview 

RBR and CBR are two popular methods used in intelligent systems. The combination of them 

has been reported in some publications (Chan, 2005; Kumar et al., 2009; Sharaf-El-Deen et al., 

2014; Avdeenko & Makarova, 2017; Goh et al., 2018), which shows the potential effectiveness 

of this hybrid approach. Theoretically, RBR and CBR are complementary because rules usually 

represent general knowledge of a domain, whereas cases represent specific knowledge 

encompassed in prior situations (Prentzas & Hatzilygeroudis, 2007). Moreover, the hybrid 

approach is close to the way of human being thinking. For example, when solving a complex 

problem, an expert usually formulates his solution by combining general knowledge (i.e., 

theory) and specific knowledge (i.e., experience).  

The workflow of the proposed approach to the ORC design is shown in Figure 6-3.  This 

approach has been fully implemented in a Python programming environment, where the 
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CoolProp database (Bell et al., 2014) is also integrated to provide the thermodynamic properties 

of working fluids. This in-house Python routine can run smoothly and produce robust results 

in only a few seconds on a standard desktop computer. 

 

Figure 6-3 Workflow of the hybrid intelligent approach 

When designing a new ORC system, it is necessary to carefully analyze the heat source and 

cooling medium along with other technical constraints, as well as both environmental and 

safety issues (Astolfi et al., 2017). After detailed analysis, ORC design requirements are 

obtained. These mainly involve heat source and cooling medium characteristics and various 

constraints. Then, the CBR and RBR processes are conducted in parallel, and they yield their 

results, respectively. The results are combined according to some pre-defined rules. Next, an 

optimization algorithm calls ORC thermodynamic models to find the optimal case in terms of 

an objective function, including net power output, thermal efficiency, and exergy efficiency. 

Finally, the new case is saved to the case base and also can be used for further preliminary 

component design. The significant steps in the workflow will be discussed in detail in the 

following subsections. 

6.4.2 Problem Analysis 

Problem analysis is the first step for a new ORC design so that it is essential and crucial. All 

the relevant issues should be carefully investigated, including the heat source and cooling 

medium characteristics and various technical constraints, along with other environmental and 

safety concerns (Astolfi et al., 2017). Figure 6-4 shows an overview of the details of these 

aspects involved at this stage. Among them, some parameters need to be specified in advance, 

such as the heat source and cooling medium characteristics, and some technical constraints 

have to be satisfied during the whole design process, while others belong to changeable design 

variables which can be adjusted in order to achieve a satisfactory design scheme. After the 
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problem analysis, ORC design requirements are obtained. For the hybrid intelligent approach 

proposed, eight basic parameters should be provided by users, as shown in Table 6-1. 

 

Figure 6-4 Considerations at the problem analysis stage  

Table 6-1 Basic input parameters needed for the proposed approach 

Group Input parameter 

General information Application type 

Heat source 

Type 

Inlet temperature  

Inlet pressure 

Mass flow rate 

Cooling medium 

Type 

Inlet temperature 

Inlet pressure  

6.4.3 RBR Implementation 

Facts and rules are perhaps the essential considerations when solving a problem both in daily 

life and under more complex circumstances. Facts refer to the widely held axioms, and rules 

define all the interdependencies among facts. Rules have been regarded as a simple and 

intuitive yet powerful way of knowledge representation because of their high expressive nature, 

which facilitates comprehension of the represented knowledge (Ligeza, 2006). The basic form 

of a rule is as follows (Prentzas et al., 2007):  

if  <conditions> then <conclusion> 

where <conditions> defines when this rule can be applied, and <conclusion> represents the 

effect of applying the rule, it can be a conclusion, decision or action. The conditions of a rule 

can be formulated with logical operators such as AND, OR, NOT, etc., thus forming a logical 

formula. A rule will be fired, and its conclusion is derived if all the conditions are met.  
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Rule-based reasoning mimics the reasoning procedure of a human expert in solving a 

knowledge-intensive problem (Grosan & Abraham, 2011). A typical rule-based system is 

comprised of five components: a knowledge base, inference engine, user interface, knowledge 

acquisition facility, and explanation facility (Abraham, 2005). The basic architecture is 

indicated in Figure 6-5.  

 

Figure 6-5 Architecture of a typical expert system 

The knowledge base incorporates all relevant facts and rules derived from domain experts or 

other reliable sources. The inference engine is used to retrieve appropriate information from 

the knowledge base and to generate answers, predictions, or suggestions, just like a human 

expert does. Two inference strategies commonly used are backward chaining and forward 

chaining. The former starts with conclusions and works backwards to the supporting facts while 

the latter operates oppositely. The explanation facility records how the system arrives at a 

particular conclusion in order to facilitate users’ understanding of the reasoning process. The 

knowledge acquisition facility allows users to capture and store knowledge conveniently and 

efficiently. The user interface is used for the ease of interaction between the system and users. 

In the context of ORC design, in order to implement rule-based reasoning, a knowledge base 

should be established first to represent the general knowledge regarding the ORC design. At 

this stage, more than 30 rules have been extracted from different sources, including the 

expertise of experts, textbooks, and journal papers so as to testify to the feasibility of RBR 

implementation. Pyknow (2018) is employed to implement these rules and reasoning procedure 

as the development tool, which is a pure Python knowledge-based inference engine. The 

incorporated rules mainly involve five aspects, namely working fluid screening, expander 

selection, heat exchanger selection, cycle configuration, and other technical constraints, as 

shown in Table 6-2. These rules are not exhaustive and can be added to and refined further but 

act as a rule base. 
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Table 6-2 Rules extracted and incorporated into the current implementation 

Group No. Rule content Reference 

Working fluid 

screening  

1 0.6*Ths,in < Tcrit < 1.4*Ths,in (Quoilin et al., 2013; Zhai et al., 2016a) 

2 Tboil > Tamb (Bao et al., 2013; Roedder et al., 2016) 

3 Tmelt < Tamb (Quoilin et al., 2013; Roedder et al., 2016) 

4 Pcon > Pamb (Quoilin et al., 2013; Roedder et al., 2016) 

5 Peva < 30 Bar (Quoilin et al., 2013) 

6 Dry or isentropic type is preferable (Bao et al., 2013; Quoilin et al., 2013) 

Expander 

selection 

7 If Wexp  < 10 kW,  then Scroll expander 
(Landelle et al., 2017; Rahbar et al., 2017; Park et 

al., 2018) 

8 If 10 kW ≤ Wexp < 100kW, then Screw expander 
(Landelle et al., 2017; Rahbar et al., 2017; Park et 

al., 2018) 

9 If 100 kW ≤ Wexp < 500 kW, then Radial turbine (Rahbar et al., 2017; Astolfi, 2017) 

10 If Wexp ≥ 200 kW, then Axial turbine (Rahbar et al., 2017) 

Heat exchanger 

selection 

11 If heat source = gas, then evaporator = Finned tube HEX (Astolfi, 2017) 

12 If heat source = liquid, then evaporator = Shell & tube HEX (Astolfi, 2017) 

13 If cooling medium = gas, then condenser = Finned tube HEX (Astolfi, 2017) 

14 If cooling medium = liquid, then condenser = Shell & tube HEX (Astolfi, 2017) 

15 If application = Geothermal or WHR, then recuperator = Yes (Astolfi, 2017) 

16 If recuperator = Yes, then recuperator = Finned tube HEX (Astolfi, 2017) 

17 If Wnet < 50 kW, then all HEX = Plate HEX (Astolfi, 2017) 
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(Continued Table 6-2) 

Cycle 

configuration 

18 Default cycle = single-pressure subcritical saturated cycle (Astolfi, 2017) 

19 Default pump = Multistage centrifugal pump (Astolfi, 2017) 

20 If application = solar or biomass, then heat transfer loop (Zhai et al., 2016b; Astolfi et al., 2017) 

21 If Ths,in > 450 ℃, then steam Rankine cycle (Zhai et al., 2016b; Rahbar et al., 2017) 

22 If Wnet ≥ 10 MW, then multi-pressure levels cycle (Astolfi, 2017) 

23 If application = Geothermal AND Ths,in ≤ 180 ℃, then ORC (Pezzuolo et al., 2016; Zhai et al., 2016b) 

24 
If application = Geothermal AND 180 ℃ < Ths,in < 235 ℃, then single 

flash or double flash cycle 
(Pezzuolo et al., 2016) 

25 If application = Geothermal AND Ths,in ≥ 235 ℃, then dry steam cycle (Pezzuolo et al., 2016) 

Technical 

constraints 

26 If application = Geothermal, then 70 ℃ < Ths,out < 75℃ (Astolfi et al., 2017) 

27 
If application = WHR AND heat source = Exhaust gas, then Ths,out > 

120 ℃ 

(Quoilin et al., 2013; Lecompte et al., 2015; Astolfi 

et al., 2017) 

28 If heat transfer loop, then 150 ℃ ≤ Toil ≤ 320 ℃ 
(Quoilin et al., 2013; Pezzuolo et al., 2016; Guercio 

& Bini, 2017) 

29 If heat transfer loop, then 5 Bar ≤ Poil ≤ 7 Bar (Guercio et al., 2017) 

30 Steam fraction at turbine outlet > 0.85 (Bao et al., 2013; Pezzuolo et al., 2016) 

31 If application = Geothermal, then 80 ℃ ≤ Ths,in ≤ 300 ℃ (Quoilin et al., 2013) 

32 If heat source is liquid, then 5 ℃ ≤ Tpp ≤ 15 ℃  (Zhai et al., 2016b) 

33 If heat source is gas, then Tpp ≤ 30 ℃  (Zhai et al., 2016b) 

34 If working fluid type = wet AND expander = turbine, then superheating  (Bao et al., 2013) 
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Rule-based reasoning is conducted according to input parameters and these rules. For example, 

regarding the working fluid screening, an original list derives from CoolProp database which 

encapsulates pure and pseudo-pure fluid equations of state and transport properties for 122 

components. Thus, the relevant rules will be used to narrow the scope of potential working 

fluids.  

For the selection of expander, the power output of expander is a significant factor. It is 

estimated using Eq. (6-1): 

exp , , ,( )hs p hs hs in hs out thW m c T T =   − 
                                       (6-1) 

Where �̇�ℎ𝑠and 𝑐𝑝,ℎ𝑠 indicate the mass flow rate and specific heat capacity of the heat source, 

while 𝜂𝑡ℎis the typical thermal efficiency of ORC. 

Furthermore, the technical constraints are essential to determine the operating conditions of an 

ORC system. They should be complied with during the RBR and the other following processes. 

After finishing rule-based reasoning, some recommendations will be generated, such as 

suitable expanders, heat exchangers, and cycle configuration. 

6.4.4 CBR Implementation 

For RBR, a significant drawback is the presence of knowledge acquisition bottlenecks. A 

typical way to acquire domain-specific knowledge is to interview experts, which usually 

encounters difficulties, for example, the fact that experts cannot clarify their reasoning patterns, 

besides the unavailability of experts (Prentzas et al., 2007). Therefore, the introduction of CBR 

counteracts the disadvantage of RBR to some extent because of several competitive features 

(Avramenko et al., 2007), namely: 

• CBR requires a case base instead of an explicit domain model. 

• Significant features identified are used to represent a case. 

• The case base is easy to maintain by adding or removing cases. 

• CBR systems possess a learning ability by acquiring new cases.  

CBR solves a new problem by using previous cases and experiences similar to the new one 

(Kolodner, 2014). The underlying assumption of CBR is that a similar problem could be solved 

by a similar solution. Over the years, studies on CBR have led to a large number of applications 

in a variety of domains ranging from business, design, medicine, education to law (Goel et al., 
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2017). A typical CBR cycle can be described by the following four processes, which are known 

as the “4 REs” (Aamodt et al., 1994), as shown in Figure 6-6: 

• Retrieve: The query case is compared with prior cases, and the most similar case(s) 

is(/are) retrieved from the case base. Indexing schemes and similarity metrics are used. 

• Reuse: The solution provided by the retrieved cases is used as a suggested solution to 

the target problem. 

• Revise: The suggested solution is evaluated and revised, if necessary. 

• Retain: If the solution is adopted, this new problem-solving experience will be retained 

into the case base. 

 

Figure 6-6 Typical CBR cycle (Dong et al., 2019) 

Considering the implementation of CBR, the first essential task is to build a case base, which 

is a collection of cases. Landelle et al. (2017) released an extensive open-access database 

containing more than 100 experimental ORC systems collected from about 175 scientific 

literature references. The database focused on experimental prototypes which were designed 

for specific applications and were more diverse than standard industrial ORC systems. It 

provided plenty of information to build a case base for CBR implementation. The case 

independence and information integrity were examined to ensure typicality. Eventually, 73 

cases were selected to form the final case base. 30 attributes were identified to represent an 

ORC case, as indicated in Table 6-3. They focus on several aspects, such as general background 

information, characteristics of the heat source and cooling medium, working fluid and 

component information, and ORC performance indicators. A case acts as a problem-solving 

episode which generally contains two parts: a problem and a corresponding solution. Seven of 

the attributes belong to the problem part, and 20 to the solution part. These attributes can also 

be categorized into numerical and nominal types in terms of their values. A complete case from 



 

108 

 

Mu et al. (2014) is listed in Table 6-3 as an example. In the case base, the heat source inlet 

temperatures of the cases mainly concentrate in the range of 60 ℃ - 200 ℃, and they focus on 

a small power range. Explicitly, the cases below 10 kW account for about 80% of total cases. 

Table 6-3 Case representation in the case base 

Group NO. Attribute Problem/solution Value type 
Example (Mu 

et al., 2014) 

General information 

1 Case Number - * Numerical 1 

2 Year - Numerical 2015 

3 Country - Nominal China 

4 Application Problem Nominal WHR 

Heat source 

5 Type Problem Nominal Water 

6 Inlet temperature (℃) Problem Numerical 60.75 

7 Mass flow rate (kg/s) Problem Numerical 8.333 

Cooling medium 
8 Type Problem Nominal Water 

9 Inlet temperature (℃) Problem Numerical 14.75 

Working fluid 

10 Type Solution Nominal R134a 

11 Mass flow rate (kg/s) Solution Numerical 0.94 

12 Superheating (℃) Solution Numerical - 

13 Maximum temperature (℃) Solution Numerical 53.6 

14 Minimum temperature (℃) Solution Numerical 19.45 

15 High pressure (Bar) Solution Numerical 13.5 

16 Low pressure (Bar) Solution Numerical 4.6 

Expander 

17 Type Solution Nominal Screw 

18 Rotational speed (rpm) Solution Numerical 2000 

19 Pressure ratio Solution Numerical - 

Pump 
20 Type Solution Nominal 

Centrifugal 

Multistage 

21 Hydraulic power (kW) Solution Numerical 0.81 

Evaporator 
22 Type Solution Nominal Shell & Tube 

23 Area (m²) Solution Numerical 16.13 

Condenser 
24 Type Solution Nominal Shell & Tube 

25 Area (m²) Solution Numerical 11.63 

Other devices 
26 Recuperator Solution Nominal No 

27 Additional device Solution Nominal Liquid tank 

Cycle performance 

28 Carnot efficiency Solution Numerical 0.156932 

29 Thermal efficiency Solution Numerical 0.034 

30 Output power (kW) Problem Numerical 6.54 

* ‘-’ stands for ‘not available’. 
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When performing the CBR, the design requirements which form the problem part of the query 

case are compared with the cases in the case base in terms of similarity measures. After that, 

all the cases are ranked according to their similarity scores, and the most similar cases are 

retrieved for the following processes. The similarity score can be regarded as an estimate of 

the utility of a case’s solution to the new design problem. It is usually defined as a value in (0, 

1], with 1 being the maximum similarity.  Similarity can be calculated on two levels: firstly, at 

the local level (i.e., attributes), taking into account the values of each attribute, and secondly, 

at the global level (i.e., cases), combining the local similarity scores on account of attribute 

weights (López, 2013). 

6.4.5 Result Combination 

Problem analysis yields a specific description of a new ORC design problem, then RBR and 

CBR are conducted in parallel. On the one hand, RBR produces a working fluid list derived 

from the CoolProp database based on the screening rules, along with the recommendations for 

component selection and cycle configuration. On the other hand, CBR finds the most similar 

cases from the case base based on the similarity measures defined, and these cases can offer 

feasible solutions to the ORC design problem. The purpose of results combination is to make 

the best use of the advantages of these two approaches. To be specific, it is to identify the 

differences between RBR results and CBR results and combine them to form a suggested 

solution for the query case.  

The RBR results mainly focus on nominal attributes, while the CBR results provide more 

information about the ORC design and operating conditions despite the existence of missing 

data. Different methods can be adopted to combine the results for different attributes. For the 

numerical attributes, such as the high pressure, low pressure, and superheating, the values of 

the best-matched case are used. If one of those values is missing, an imputation resulting from 

the statistics (mean, median or most frequent) of that attribute is utilized. Whereas for the 

nominal attributes, except for the working fluid, the majority voting method is performed to 

combine the RBR results and the most similar two cases. If two or more out of three values are 

the same for a particular attribute, the majority value is confirmed as the value of this attribute 

in the suggested solution. If three values are all different, the RBR result is adopted. With 

respect to the working fluid attribute, if the working fluids used in the most similar two cases 

are not included in the list of RBR results, they will be added into the list so as to explore which 

one is the most suitable for the target problem.  
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6.4.6 Optimization algorithm 

The combined results provide a potential solution for the target problem, but the numerical 

attributes of the solution part are not accurate enough due to the differences between the query 

case and the retrieved cases. For an ORC design case, the values of these numerical attributes 

are sensitive to the changes in design requirements and operating conditions. It will be more 

reliable to calculate them using an ORC thermodynamic model, which is the core of the 

optimization algorithm. Different ORC thermodynamic models can be called according to the 

cycle configuration in terms of the existence of a recuperator and/or thermal oil loop. The 

combined results provide a set of initial values for the following optimization algorithm.  

The Sequential Quadratic Programming (SQP) algorithm (Kraft, 1988) was employed to 

optimize the operating conditions. The SQP algorithm used the Han-Powell quasi-Newton 

method for constrained nonlinear optimization, supporting both equality and inequality 

constraints. Five optimization variables were taken into consideration, namely working fluid 

type, evaporation pressure, condensation pressure, heat source outlet temperature, and 

superheating degree for a chosen objective function which had three options, including net 

power output, thermal efficiency, and exergetic efficiency. Typically, the optimization 

algorithm could search considerable combinations of these optimization variables according to 

a particular strategy, and bring about the optimal operating conditions for the target problem. 

In order to ensure the algorithm could find the optimal solution in a specific design space, the 

initial values, boundaries, and constraints were identified according to the literature and experts’ 

advice, and are listed in Table 6-4. The convergence and robustness of the optimization 

algorithm have been testified by changing initial values and testing different design cases. 

6.5 ORC Model Validation 

The ORC thermodynamic model has a critical influence on the accuracy and reliability of the 

final results because it is the core of the optimization procedure. The model performs the energy 

and exergy analysis based on the first and second laws of thermodynamics. The schematic 

diagram of a basic ORC system is used to demonstrate the modeling and validation, as shown 

in Figure 6-7. There are four components in the cycle, including an evaporator, a condenser, 

an expander, and a pump. Each different state of the streams is numbered in the diagram. In 

addition, the CoolProp database (Bell et al., 2014) is responsible for thermodynamic properties 

of working fluids, such as specific entropy, specific enthalpy, heat capacity, critical 

temperature, and critical pressure. 
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Table 6-4 Initialization, boundaries and constraints on the optimization algorithm 

Category Variable name Description Reference 

Initialization 

Evaporation pressure From combined results  

Condensation pressure From combined results  

Superheating degree  From combined results   

Heat source outlet temperature 
Up to applications, for geothermal 

70-75 ℃ 
(Rossi, 2013) 

Boundary 

Evaporation pressure 1 Bar < Phigh < 30 Bar 
(Quoilin et al., 2013; 

Roedder et al., 2016) 

Condensation pressure 1 Bar < Plow < 30 Bar 
(Quoilin et al., 2013; 

Roedder et al., 2016) 

Heat source outlet temperature Ths,min < Ths,out < Ths,in  

Superheating degree 0 ≤ Tsh ≤ 50 ℃  

Constraint 

Pressure relationship Plow < Phigh  

Turbine inlet vapor fraction  For wet working fluid, xtur,in = 1  (Bao et al., 2013) 

Turbine outlet vapor fraction xtur,out > 0.85 
(Bao et al., 2013; 

Pezzuolo et al., 2016) 

Evaporator pinch point Ths,pp > Ttur,in - Tsh + Tpp  

Condenser pinch point Tcon,out > Tcm,pp + Tpp  

 

Figure 6-7 Schematic diagram of a basic ORC system 

The assumptions for ORC modeling used in the present work are listed below. 

 Each unit process of the cycle is regarded as a steady-state and adiabatic process. 

 Pressure drop, heat, and friction losses in the pipes and components are neglected. 

 Potential and kinetic energy of all streams is neglected. 
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 The isentropic efficiency of the expander, pump, and generator are 85%, 75%, and 95% 

respectively. 

The basic equations used when modeling the cycle are described by Eq. (6-2) – (6-9) (Feng et 

al., 2015b; Liu et al., 2017). The power consumed by the pump Wpump is defined as:  

                                        
2, 1

2 1

( )
( )

wf is

pump wf

pump

m h h
W m h h



−
= − =                                            (6-2) 

The heat transferred from the heat source to the ORC system in the evaporator is expressed as: 

, 3 2 5 6( ) ( )hs in wf hsQ m h h m h h= − = −                                              (6-3) 

The power generated by the expander Wexp is calculated by: 

    exp 3 4 exp 3 4,( ) ( )wf wf isW m h h m h h= − = −                                         (6-4) 

The heat transferred from the cycle to cooling medium in the condenser is considered as: 

, 4 1 8 7( ) ( )cm out wf cmQ m h h m h h= − = −                                          (6-5) 

The net power output Wnet is defined as: 

    expnet g pumpW W W=  −                                                    (6-6) 

Then the thermal efficiency of the ORC system is expressed as: 

   
,

net
th

hs in

W

Q
 =                                                                (6-7) 

If the exergy rate of a state point is defined by: 

     0 0 0[( ) ( )]i i iE m h h T s s= − − −                                                  (6-8) 

where hi and si are the specific enthalpy and specific entropy of the working fluid at each state 

point respectively, while h0 and s0 are the corresponding values at the base state. Thus, 

, 5 6 , 5 6 0 5 6[ ( )]

net net net
ex

ex in hs in

W W W

E E E m h h T s s
 = = =

− − − −
                             (6-9) 

The above ORC model has been validated against several ORC systems, with less 5% 

difference with respect to net power output and thermal efficiency. One of them was a real 

ORC plant described in Kaşka (2014), which provided detailed process data and facilitated the 

following comparison. This system was employed to recover the waste heat released by a 

natural gas burning furnace via a semi-closed water loop. Thus, the water in liquid form acted 
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as the heat source of the ORC system. In order to facilitate the comparison, the same operating 

conditions summarized in Table 6-5 were imposed on this model, and the corresponding results 

were listed in Table 6-6, where the percentage difference was defined as:  

 100%new literature

literature

Value Val
Percentage differenc

ue

Value
e =

−
                     (6-10) 

Table 6-5 The operating conditions of a real ORC plant (Kaşka, 2014) 

Variable name  Value 

Heat source type Water 

Heat source inlet temperature  122.4 ℃ 

Heat source inlet pressure 3.2 Bar 

Heat source mass flow rate 16.23 kg/s 

Cooling medium type Water 

Cooling medium inlet temperature 27 ℃ 

Cooling medium inlet pressure  2 Bar 

Pinch point 6.8 ℃ 

Superheating 0 ℃ 

Working fluid R245fa 

Working fluid mass flow rate 11.06 kg/s 

Table 6-6 Comparison of the ORC model with a real ORC plant 

Variable name 
Literature value 

(Kaşka, 2014) 
ORC model 

Absolute 

difference 

Percentage 

difference (%) 

Pump inlet temp. (℃) 34.9 34.7 -0.2 -0.57 

Pump outlet temp. (℃) 35.4 35.2 -0.2 -0.56 

Turbine inlet temp. (℃)  92.9 93.0 0.1 0.11 

Turbine inlet pressure (Bar) 10.8 10.8 0 0.00 

Turbine outlet temp. (℃) 51.3 50.2 -1.1 -2.14 

Heat source outlet temp. (℃) 86.2 86.1 -0.1 -0.12 

Heat source outlet pressure (Bar) 2.6 3.2 0.6 23.08 

Cooling medium outlet temp. (℃) 32.1 32.0 -0.1 -0.31 

Cooling medium flow rate (kg/s) 104.0 105.9 1.9 1.83 

Net power output (kW) 262.2 261.2 -1.0 -0.38 

Thermal efficiency (%) 10.2 10.5 0.3 2.94 

Exergy efficiency (%) 48.5 50.1 1.6 3.30 
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Table 6-6 indicates the results of the ORC model are very close to the real data. Most of them 

are less than 3.3 %, except there is a more significant error in the heat source outlet pressure, 

which results from the neglect of pressure drop in the evaporator. Other differences mainly 

derive from the calculation/resolution errors in the thermodynamic properties of working fluid.  

The ORC model has also been validated against other ORC plants, with less 5% difference 

with respect to net power output and thermal efficiency. Therefore, the validation results show 

that this model is accurate and reliable enough for the purpose of preliminary ORC design and 

performance evaluation. 

6.6 Case Study 

6.6.1 Case Description 

A case study is an intuitive way to demonstrate the hybrid intelligent approach. The same ORC 

system from Kaşka (2014) was utilized.  R245fa acted as the working fluid which absorbed 

heat from the water loop instead of exhaust gas. After problem analysis, the basic design 

requirements were shown in Table 6-7. A constraint was also imposed on the heat source outlet 

temperature to prevent the ORC system from removing too much heat and leading to a negative 

impact on the furnace. The evaporator pinch point temperature derived from Kaşka (2014)  was 

6.8 ℃, and it was assumed to be 3.4 ℃ for the condenser. 

Table 6-7 Basic design requirements of a real ORC system (Kaşka, 2014) case study 

Variable name  Value 

Application type Waste heat recovery 

Heat source type Water 

Heat source inlet temperature  122.4 ℃ 

Heat source inlet pressure 3.2 Bar 

Heat source mass flow rate 16.23 kg/s 

Cooling medium type Water 

Cooling medium inlet temperature 27 ℃ 

Cooling medium inlet pressure  2 Bar 

Heat source outlet temperature ≥ 86 ℃ 

Nominal power capacity 250 kW 
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6.6.2 Results Comparison and Discussion 

The above design requirements in Table 6-7 were input into the integrated RBR and CBR 

implementation (in Python environment) to conduct the ORC design. The critical results 

produced at different stages of the hybrid approach were listed in Table 6-8. Regarding the 

rule-based reasoning, if any condition was met against the design requirements, the 

corresponding rule would be fired, and its conclusion part would be derived. The process 

should keep going until no more rules could be fired. The conclusions of the fired rules formed 

RBR results, which mainly focused on nominal attributes, such as working fluid selection and 

component selection. In this case, 16 working fluids from CoolProp database met with the 

requirements and were chosen. Considering the CBR, all the cases in the case base were 

compared with the query case and were ranked in terms of the similarity scores. The two most 

similar cases were listed in Table 6-8.  

Table 6-8 Major results on different stages of the hybrid intelligent approach for the case study 

Variable name RBR result 1st case 2nd case 
Combined 

result 

Optimized 

result 

Application WHR WHR WHR WHR WHR 

Working fluid 16 types incl. 

R245fa 

R245fa R245fa 16 types incl. 

R245fa 

R1233zd(E) 

Process layout Subcritical 

saturated cycle 

Subcritical 

saturated cycle 

Subcritical 

saturated cycle 

Subcritical 

saturated cycle 

Subcritical 

saturated cycle 

Expander Radial 

Turbine 

Axial 

Turbine 

Radial 

Turbine 

Radial 

Turbine 

Radial 

Turbine 

Evaporator Shell & Tube Shell & Tube  - * Shell & Tube Shell & Tube 

Condenser Shell & Tube Shell & Tube  - Shell & Tube Shell & Tube 

Recuperator Yes No No No No 

Pump Centrifugal 

Multistage 

Centrifugal 

Multistage  

- Centrifugal 

Multistage 

Centrifugal 

Multistage 

Additional device - - Liquid tank - - 

Output power (kW) 250 241.2 201.2 241.2 281.2 

Working fluid mass 

flow rate (kg/s) 

- 11.85 7.37 11.85 10.56 

Evaporation pressure 

(Bar) 

- 14.4 22.62 14.4 9.08 

Condensation pressure 

(Bar) 

- 2.51 2.6 2.51 1.76 

Superheating (℃) - 1.7 - 1.7 21.8 

Thermal efficiency (%) - 7.94 - 7.94 11.3 

Exergy efficiency (%) - - - - 53.9 

Turbine speed (rpm) - 12386 14966 12386 10342 
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After that, the RBR results and CBR results were combined according to the combination rules 

described in subsection 6.4.5. Next, the SQP optimization algorithm was used to obtain the 

optimal operating conditions for a given objective function. In this case, the net power output 

was chosen as the objective function. Finally, relevant numerical attributes were calculated by 

the ORC thermodynamic model based on the optimal operating conditions and were shown in 

Table 6-8 as the optimized results, which worked as the final solution to the target problem. 

Table 6-8 indicates that the optimized results contain complete information for supporting 

decision-making in the ORC design procedure, not only related to working fluid selection and 

component selection but also operating conditions. In addition, the reasoning processes and 

intermediate results are transparent and traceable. These features can facilitate the development 

of ORC systems. Figure 6-8 illustrates the T-s diagram of the ORC system running under the 

optimal operating conditions. Increasing high pressure and superheating along with decreasing 

low pressure could contribute to the increment of area covered by the ORC cycle in the T-s 

diagram. Consequently, more heat would be recovered from the heat source and be converted 

into electricity. 

 

Figure 6-8 T-s diagram of the ORC system 

Table 6-9 compares the optimized results generated by this proposed approach with the original 

values and the ones produced by the CBR-based approach, where the percentage difference is 

defined same as Eq. (6-10). A different working fluid R1233zd(E) is recommended instead of 

R245fa. Compared with the real ORC plant, the hybrid approach can produce more power, up 

to 7.25 %, with a lower mass flow rate and lower system pressures. The thermal efficiency and 
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exergy efficiency also increase by 10.78 % and 11.13 % respectively. Even compared with the 

CBR approach, the new approach achieves appropriate improvements of about 4% in net power 

output, thermal efficiency, and exergy efficiency. The facts justify that this proposed approach 

generated a better solution for the real ORC plant, which can generate more output power by 

adjusting the operating conditions.  

Table 6-9 Comparison of results produced by proposed approach with CBR approach and original values 

Variable name 
Proposed 

approach 

Literature value 

(Kaşka, 2014) 

Percentage 

difference* 

(%) 

CBR approach 

(Dong et al., 2019) 

Percentage 

difference** 

(%) 

Working fluid R1233zd(E) R245fa - R245fa - 

Working fluid flow rate (kg/s) 10.56 11.06 -4.52 10.95 -3.56  

Heat source outlet temp. (℃) 86.0 86.2 -0.23 86 0.00  

Evaporation pressure (bar) 9.08 10.8 -15.93 10.98 -17.30  

Condensation pressure (bar) 1.76 2.1 -16.19 2.03 -13.30  

Cooling medium outlet temp. (℃) 31.1 32.1 -3.12 31.1 0.00  

Superheating degree (℃) 21.8 0 - 0.88 - 

Net power output (kW) 281.2 262.2 7.25 270.5 3.96  

Thermal efficiency (%) 11.3 10.2 10.78 10.8 4.63  

Exergy efficiency (%) 53.9 48.5 11.13 51.8 4.05  

* This percentage difference results from the comparison of the proposed approach with the ORC plant. 

** This percentage difference results from the comparison of the proposed approach with the CBR approach. 

Concerning the safety and environmental properties, the data of these two refrigerants are listed 

in Table 6-10. R1233zd(E) is nonflammable and of low toxicity with much shorter atmospheric 

lifetime and lower GWP. Therefore, R1233zd(E) is an ideal alternative to R245fa in this case 

in terms of thermodynamic, safety, and environmental aspects. 

Table 6-10 Safety and environmental properties of alternative (Miyoshi et al., 2016) 

Working fluid Safety class Atmospheric lifetime ODP GWP 

R245fa B1 7.6 years 0 858 

R1233zd(E) A1 26 days 0 1 

Actually, the optimization algorithm investigated and compared considerable combinations of 

optimization variables for each working fluid in the list produced by the screening rules. Table 

6-11 shows the optimized results for all 16 working fluids. Seven of them can produce more 

electricity than R245fa. These second-best solutions are available for further exploration in 

terms of different concerns. It is worthwhile to note that the current results are achieved mainly 
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based on the thermodynamic assessment. When other considerations, such as environmental, 

safety, and economic factors, are involved, the final results may quite different. 

Table 6-11 Optimized results for each working fluid candidates 

Working fluid 
Net power output 

(kW) 

Evaporation 

pressure (Bar) 

Condensation 

pressure (Bar) 
Superheating (℃) 

R1233zd(E) 281.2 9.08 1.76 21.8 

cis-2-Butene 278.7 12.49 2.81 21.8 

R1234ze(Z) 274.9 11.78 2.38 21.8 

trans-2-Butene 274.0 13.30 3.06 21.8 

R142b 271.4 18.35 4.39 21.8 

1-Butene 270.7 15.83 3.85 21.8 

IsoButene 268.3 16.22 3.95 20.2 

R245fa 267.6 10.98 2.03 0.88 

n-Butane 266.8 13.48 3.17 1.41 

R114 259.5 12.50 2.82 0 

Neopentane 259.0 9.87 2.25 0 

IsoButane 258.9 17.66 4.50 2.58 

R124 258.9 21.01 4.98 21.8 

R236EA 257.1 13.75 2.77 0 

R236FA 251.4 16.95 3.61 7.98 

RC318 231.3 18.05 4.10 0 

6.7 Conclusions 

Computer-aided tools can facilitate the ORC design procedure and provide decision support 

for ORC designers or researchers. This paper proposes a hybrid intelligent approach for 

decision support for ORC systems design, which can generate an optimal design scheme for a 

target design problem and also provide valuable information to support the decision-making, 

especially at the early design stage. This new approach has been fully implemented in an in-

house Python routine which can run smoothly and produce robust results in only a few seconds 

under the Python environment on a standard desktop computer. 

The ORC thermodynamic model plays a vital role in the optimization procedure, and it 

produces results very close to the real data. The case study indicates this hybrid intelligent 

approach can generate a better solution to the target ORC plant, compared with both the real 

ORC plant and the CBR approach, and provides relevant information related to working fluid, 

cycle configuration, component selection and sizing, and operating conditions. The current rule 

base and case base focus on the design of small-scale subcritical saturated cycles with a heat 
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source temperature range of 60 ℃ - 200 ℃ and a power range of 0 kW - 300 kW. Adding more 

rules and real ORC cases out of these ranges will extend the applicable scope of this approach 

and provide more complete and accurate information. 

The present work proves conceptually that this approach is feasible and effective to make the 

best use of the expertise of designers and existing ORC design cases. The combination of RBR 

and CBR is a meaningful attempt to support decision-making and facilitate the development of 

ORC systems.  
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7.1 Conclusions from the Project 

This research work focused on exploring new computer-aided design methodologies to 

facilitate the design of ORC systems, especially knowledge-based approaches. Based on a 

comprehensive investigation of state-of-the-art computer-aided ORC design methods and tools, 

a novel online Expert Design Tool was proposed and implemented. Furthermore, a significant 

contribution is to attempt to apply AI technologies to the ORC design field, i.e., the CBR-based 

approach and the hybrid intelligent approach combing RBR and CBR. The significant 

achievements of this work are as follows. 

(1) A comprehensive literature review was conducted to examine state-of-the-art ORC design 

methodologies with a particular emphasis on CAD methods and tools. The reviewed studies 

were mainly associated with four technical aspects, namely, CAMD, modeling and 

simulation tools, optimization-based approaches, and knowledge-based approaches. The 

application of these techniques significantly facilitated the development of ORC systems. 

In order to pursue a more efficient and intelligent ORC design, the prospects of enhancing 

CAD approaches were pointed out in terms of six aspects, i.e., novel working fluids, 

dynamic modeling and simulation, new cycle architectures and components, integrated or 

simultaneous optimization, systematic design methodology, and AI application. 

(2) An online expert design tool, EDT, was proposed to perform process design and 

performance assessment for ORC systems at the early conceptual stage of design. The EDT 

held a well-designed framework to satisfy the needs of external users because it combined 

all initial design considerations into one online platform and could produce comprehensive 

information related to ORC process design and analysis. Ten modules were identified to be 

incorporated into the online tool. In addition, the EDT development involved seven kinds 

of software or database. Consequently, software integration was explored as a critical task 

in order to ensure the feasibility, compatibility, and functionality of this online tool. The 

EDT was validated against a real ORC plant, and the results proved that it had the capability 

to provide reliable results and technical advice. 

(3) Based on the EDT conceptual design, the implementation of this online tool was presented, 

including the development of different modules and GUI as well as the online deployment. 

All the modules were developed on the basis of the expertise and judgment of experts in 

AGGAT program. The thermodynamic models, integrated with the CoolProp database, 

played a dominant role in this online tool. The EDT working principle was also described 

in detail to clarify the complete framework. Currently, a preliminary EDT version had been 
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deployed online. In addition, a case study was conducted to demonstrate the capability and 

functionality of this tool. The results proved that the online EDT was easy to use and could 

generate reliable information related to ORC design to support designers or researchers 

decision-making process.  

(4) A new CBR-based approach to ORC design was put forward to make the best use of 

existing ORC plant designs. The complete workflow was formulated into essential 

processes including problem analysis, case representation, case base establishment, 

similarity measure, attribute weighting, and basic CBR steps. The leave-one-out cross-

validation method was employed to evaluate the performance of this CBR model. Moreover, 

a case study was conducted to demonstrate how this approach worked. This approach 

resulted in an improved design scheme with noticeable increases in the net power output, 

thermal efficiency, and exergy efficiency, up to 3.17 %, 5.88 %, and 6.80 % respectively. 

The CBR-based approach was the first meaningful attempt to support decision-making and 

facilitate the development of ORC systems applying AI technology. 

(5) In order to further improve the performance of standalone CBR-based approach, a new 

hybrid intelligent approach combining RBR and CBR was proposed to facilitate ORC 

systems design. The complete workflow and its implementation were presented in detail, 

along with the essential processes of RBR, CBR, result combination, and the optimization 

algorithm. A rule base was established based on the rules extracted from different resources. 

The ORC thermodynamic model used in this approach was described and validated against 

a real ORC plant. A case study was conducted for the same plant and resulted in an 

improved design scheme with noticeable increases in the net power output, thermal 

efficiency, and exergy efficiency, up to 7.25 %, 10.78 %, and 11.13%, respectively. This 

indicated that the new approach was an effective way to systematically make use of the 

expertise of designers and existing ORC plant designs.  

In summary, as a critical deliverable of the AGGAT program, the online EDT was well 

designed and implemented thanks to the software integration of seven kinds of 

software/database. The online EDT is intended to be an available, reliable, and accessible tool 

to perform preliminary design exercises and performance evaluation for low-grade energy 

conversion into electricity using the ORC technology. On top of that, in order to apply AI 

technologies in this domain, two new intelligent knowledge-based approaches were proposed 

and have been proved that they can achieve improved design schemes with noticeable increases 

in ORC performance. 
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7.2 Recommendations for Future Research 

The online EDT has been proved to be an ideal framework to facilitate ORC design and enable 

users to use in a convenient manner. More efforts could be made to integrate the relevant ORC 

design information, including empirical knowledge, component models, pre-defined process 

correlations, evaluated literature data, and experimental results. Some work, for example, 

component modeling, could be challenging and time-consuming. 

The two knowledge-based approaches conceptually demonstrated that applying AI 

technologies could lead to improved ORC design schemes in a more efficient and intelligent 

way. Adding more rules and real ORC cases out of the current ranges will extend the 

application scope of these approaches and generate more abundant and accurate information. 

In addition, the expander efficiency highly depends on two aspects, expander type and power 

scale. If applying a correlation to replace the fixed efficiency assumption in ORC 

thermodynamic models, it will be more reasonable and achieve more accurate results. 

A further exploration should be made to develop a domain-specific ontology for the ORC field. 

Then this ontology could be used to extract rules or cases from scientific literature with the 

help of machine learning, such as reinforcement learning or statistical machine learning. If this 

scenario was realized, the hybrid intelligent approach would be potential to be put into practice 

based on the enriched rule base and case base. 

The popularization of ORC systems is up to further performance improvement and cost 

reductions. This aim could be achieved through adopting novel working fluids, innovative 

cycle architectures, systematic design and optimization, and high-performance equipment (e.g., 

turbines and heat exchangers). CAD technology can contribute more to these aspects than what 

it has involved in because of its considerable advantages. The investigation in Chapter 2 

identified six research trends in this field. It is worth emphasizing them briefly. 

(1) Novel working fluids. In consideration of working fluids’ crucial impacts on ORC design, 

performance, and cost, a new generation of tailored working fluids is appealing. CAMD is 

hopeful of becoming a tremendous technical booster. More work is needed to determine 

the relationships between molecular structures and fundamental thermodynamic properties.  

(2) Dynamic modeling and simulation. Dynamic modeling and simulation should play a more 

significant role in both ORC systems design and optimization as well as control strategy 

design in order to promote reliability and operability. Modelica has shown its vast potential 

for ORC dynamic modeling due to its open-source feature, object-oriented nature, and 
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capability of both component-level and process-level modeling. 

(3) New cycle architectures and components. Innovative cycle architectures can promote 

ORC efficiency, but their feasibility is challenged by the increased complexity and costs. 

Thus, thorough technical and economic assessments are needed. CAD possesses the 

powerful capability to contribute to mechanical design and CFD analysis, which will help 

to come up with novel expander design and more efficient heat exchanger structures. 

(4) Integrated or simultaneous optimization. Multi-objective optimization is becoming the 

mainstream of ORC design optimization. More studies should be conducted to compare 

and identify optimum performance indicators or their combinations for a target problem to 

facilitate the selection of objective functions. The integrated ORC process and molecular 

design approach are promising to allow working fluids and ORC systems to be optimized 

simultaneously.  

(5) Systematic design methodology. Extensive research efforts should focus on improving 

systematic design methodology, streamlining the ORC design procedure and devising a 

comprehensive, generalized, and well-organized framework. CAMD methods, modeling 

and simulation tools, optimization algorithms, and knowledge-based approaches will be 

indispensable modules consisting of this framework.  

(6) Artificial intelligence application. A domain-specific ontology will significantly facilitate 

knowledge integration, sharing, and exchange. Besides RBR, CBR, and ANN, other mature 

AI techniques can be introduced into the ORC design field, for instance, machine learning, 

which is potential to overcome the bottleneck of knowledge acquisition.  
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Appendix 

A. Process Data in the ORC Thermodynamic Model 

As described in Chapter 3, the ORC thermodynamic model plays a dominant role in the whole 

online EDT. Moreover, they are fundamental to the CBR-based approach and hybrid intelligent 

approach. In order to provide complete information for reference, this appendix includes 

relevant thermodynamic parameters, especially the mass and energy balance data generated 

during the validation processes in Chapter 3 and Chapter 6. The validations only involve the 

basic ORC layout. 

1. VMGSim Model Used in Chapter 3 

The ORC model was built in the VMGSim environment, as shown in Figure 1. Besides the 

parameters listed in Table 3-3, the compete process flow data is exhibited in Table 1. 

 

Figure 1 ORC model in the VMGSim environment 

Table 1 Process flow data generated by the VMGSim model 

Streams S8 S9 S2 S5 Hot_water S4 Cold_water S6 

Vapor Fraction (%) 0.00 0.00 1.00 1.00 0.00 0.00 0.00 0.00 

Temperature (℃) 10.9 12.5 57.3 15.9 73.3 54.9 4.4 10.0 

Pressure (Bar) 4.39 16 16 4.39 1 1 1 1 

Mass flow rate (kg/s) 12.17 12.17 12.17 12.17 33.3 33.3 100 100 

Energy (kW) -68.2 -39.6 2552.7 2301.2 -56967 -59560 -200193 -197823 

Based on the data in Table 1, a basic energy balance can be calculated as: 
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Heat provided 

by heat source 
= 

Turbine power 

output 
+ 

Heat transferred to 

cooling medium 
– 

Pump power 

consumed 

2593 kW = 251.5 kW + 2370 kW - 28.5 kW 

2. Chena ORC Unit in Chapter 3 

The ORC model used in the online EDT was built in the Python environment, as depicted in 

Figure 2. The process data of ORC model for Chena ORC Unit is shown in Table 2.  

 

Figure 2 Schematic diagram of a basic ORC layout 

Table 2 Process data generated by the ORC model in Chapter 3 

Streams S1 S2 S3 S4 S5 S6 S7 S8 

Vapor Fraction (%) 0.00 0.00 1.00 1.00 0.00 0.00 0.00 0.00 

Temperature (℃) 11.7 13.3 57.9 11.8 73.3 55.1 4.44 10 

Pressure (Bar) 4.39 16 16 4.39 1 1 1 1 

Mass flow rate (kg/s) 12.25 12.25 12.25 12.25 33.3 33.3 99.36 99.36 

Enthalpy (J/kg) 215948 218316 426045 405375 306952 230535 18763 42118 

Based on the data in Table 2, a basic energy balance can be calculated as: 

Heat provided 

by heat source 
= 

Turbine power 

output 
+ 

Heat transferred to 

cooling medium 
– 

Pump power 

consumed 

2544.7 kW = 253.2 kW + 2320.5kW - 29.0 kW 

3. Real ORC Plant in Chapter 6 

The ORC model used in the hybrid intelligent approach was the same one in the online EDT, 

as depicted in Figure 2. The process data of ORC model for the real ORC plant is shown in 

Table 3. 
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Table 3 Process data generated by the ORC model in Chapter 6 

Streams S1 S2 S3 S4 S5 S6 S7 S8 

Vapor Fraction (%) 0.00 0.00 1.00 1.00 0.00 0.00 0.00 0.00 

Temperature (℃) 34.7 35.2 93.0 50.2 122.4 86.1 27 32 

Pressure (Bar) 2.1 10.8 10.8 2.1 3.2 3.2 2.0 2.0 

Mass flow rate (kg/s) 11.06 11.06 11.06 11.06 16.23 16.23 105.93 105.93 

Enthalpy (J/kg) 245926 246810 471877 446086 514086 360712 113372 134271 

Based on the data in Table 3, a basic energy balance can be described as: 

Heat provided 

by heat source 
= 

Turbine power 

output 
+ 

Heat transferred to 

cooling medium 
– 

Pump power 

consumed 

2489.3 kW = 285.3 kW + 2213.8 kW - 9.8 kW 
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Pintarič, Z. N., & Kravanja, Z. (2006). Selection of the economic objective function for the 

optimization of process flow sheets. Industrial & Engineering Chemistry Research, 

45(12), 4222-4232.  

Poles, S., & Venturin, M. (2017). Numerical Simulation of an Organic Rankine Cycle. 

Retrieved from http://www.openeering.com/node/80 

Prentzas, J., & Hatzilygeroudis, I. (2007). Categorizing approaches combining rule‐based and 

case‐based reasoning. Expert Systems, 24(2), 97-122.  

Proctor, M. (2016). Modelling, Control and Optimisation of Geothermal Organic Rankine 

Cycle Power Plants. (Doctoral dissertation). University of Auckland,  

http://www.openeering.com/node/80


 

140 

 

Proctor, M., Yu, W., Kirkpatrick, R. D., & Young, B. R. (2016). Dynamic modelling and 

validation of a commercial scale geothermal organic rankine cycle power plant. 

Geothermics, 61, 63-74. doi:10.1016/j.geothermics.2016.01.007 

Pyknow. (2018). Retrieved from https://pyknow.readthedocs.io/en/stable/index.html 

Qiu, G. (2012). Selection of working fluids for micro-CHP systems with ORC. Renewable 

Energy, 48, 565-570.  

Quoilin, S., Aumann, R., Grill, A., Schuster, A., Lemort, V., & Spliethoff, H. (2011a). Dynamic 

modeling and optimal control strategy of waste heat recovery Organic Rankine Cycles. 

Applied Energy, 88(6), 2183-2190.  

Quoilin, S., Declaye, S., Legros, A., Guillaume, L., & Lemort, V. (2012). Working fluid 

selection and operating maps for Organic Rankine Cycle expansion machines. Paper 

presented at the Proceedings of the 21st international compressor conference at Purdue. 

Quoilin, S., Declaye, S., Tchanche, B. F., & Lemort, V. (2011b). Thermo-economic 

optimization of waste heat recovery Organic Rankine Cycles. Applied Thermal 

Engineering, 31(14-15), 2885-2893. doi:10.1016/j.applthermaleng.2011.05.014 

Quoilin, S., Desideri, A., Wronski, J., Bell, I., & Lemort, V. (2014). ThermoCycle: A Modelica 

library for the simulation of thermodynamic systems. Paper presented at the 

Proceedings of the 10th International Modelica Conference; March 10-12; 2014; Lund; 

Sweden. 

Quoilin, S., Lemort, V., & Lebrun, J. (2010). Experimental study and modeling of an Organic 

Rankine Cycle using scroll expander. Applied Energy, 87(4), 1260-1268. 

doi:10.1016/j.apenergy.2009.06.026 

Quoilin, S., Van Den Broek, M., Declaye, S., Dewallef, P., & Lemort, V. (2013). Techno-

economic survey of Organic Rankine Cycle (ORC) systems. Renewable and 

Sustainable Energy Reviews, 22, 168-186.  

Rahbar, K., Mahmoud, S., Al-Dadah, R. K., Moazami, N., & Mirhadizadeh, S. A. (2017). 

Review of organic Rankine cycle for small-scale applications. Energy Conversion and 

Management, 134, 135-155.  

Ramakumar, R., Abouzahr, I., & Ashenayi, K. (1992). A knowledge-based approach to the 

design of integrated renewable energy systems. IEEE Transactions on Energy 

Conversion, 7(4), 648-659.  

https://pyknow.readthedocs.io/en/stable/index.html


 

141 

 

Rettig, A., Lagler, M., Lamare, T., Li, S., Mahadea, V., McCallion, S., & Chernushevich, J. 

(2011). Application of organic Rankine cycles (ORC). Paper presented at the World 

Engineers’ Convention. 

Rettig, A., & Müller, U. C. (2015). A performance prediction tool for ORC applications based 

on MODELICA. Paper presented at the 3rd International Seminar on ORC Power 

Systems, Brussels, Belgium. 

Richter, M. M., & Weber, R. O. (2016). Case-based reasoning: Springer. 

Roedder, M., Neef, M., Laux, C., & Priebe, K.-P. (2016). Systematic fluid selection for organic 

rankine cycles and performance analysis for a combined high and low temperature 

cycle. Journal of Engineering for Gas Turbines and Power, 138(3), 031701.  

Roskosch, D., & Atakan, B. (2015). Reverse engineering of fluid selection for thermodynamic 

cycles with cubic equations of state, using a compression heat pump as example. Energy, 

81, 202-212. doi:10.1016/j.energy.2014.12.025 

Rossi, N. (2013). Testing of a new supercritical ORC technology for efficient power generation 

from geothermal low temperature resources. Paper presented at the ASME ORC 

Conference. 

Schank, R. C. (1983). Dynamic memory: A theory of reminding and learning in computers and 

people (Vol. 240). 

Schilling, J., Eichler, K., Pischinger, S., & Bardow, A. (2018). Integrated design of ORC 

process and working fluid for transient waste-heat recovery from heavy-duty vehicles. 

In 13th International Symposium on Process Systems Engineering (PSE 2018) (pp. 

2443-2448). 

Schilling, J., Lampe, M., Gross, J., & Bardow, A. (2017a). 1-stage CoMT-CAMD: An 

approach for integrated design of ORC process and working fluid using PC-SAFT. 

Chemical Engineering Science, 159, 217-230.  

Schilling, J., Tillmanns, D., Lampe, M., Hopp, M., Gross, J., & Bardow, A. (2017b). Integrated 

thermo-economic design of ORC process, working fluid and equipment using PC-

SAFT. In Computer Aided Chemical Engineering (Vol. 40, pp. 1795-1800): Elsevier. 

Schilling, J., Tillmanns, D., Lampe, M., Hopp, M., Gross, J., & Bardow, A. (2017c). Integrating 

working fluid design into the thermo-economic design of ORC processes using PC-

SAFT. Energy Procedia, 129, 121-128.  



 

142 

 

Schweidtmann, A. M., Huster, W. R., Lüthje, J. T., & Mitsos, A. (2019). Deterministic global 

process optimization: Accurate (single-species) properties via artificial neural networks. 

Computers & Chemical Engineering, 121, 67-74.  

Sharaf-El-Deen, D. A., Moawad, I. F., & Khalifa, M. (2014). A new hybrid case-based 

reasoning approach for medical diagnosis systems. Journal of Medical Systems, 38(2), 

9.  

Siemens. (2014). Waste heat recovery with organic Rankine cycle technology. Retrieved from 

https://www.siemens.com/press/pool/de/feature/2014/energy/2014-04-orc/brochure-

siemens-orc-module-e.pdf 

Stijepovic, M. Z., Linke, P., Papadopoulos, A. I., & Grujic, A. S. (2012). On the role of working 

fluid properties in Organic Rankine Cycle performance. Applied Thermal Engineering, 

36, 406-413. doi:10.1016/j.applthermaleng.2011.10.057 

Tartière, T., & Astolfi, M. (2017). A World Overview of the Organic Rankine Cycle Market. 

Energy Procedia, 129, 2-9.  

Taylor, L. J. (2015). Development of a low temperature geothermal organic rankine cycle 

standard. (Master's thesis). University of Canterbury, Christchurch, New Zealand.  

Toffolo, A. (2014). A synthesis/design optimization algorithm for Rankine cycle based energy 

systems. Energy, 66, 115-127. doi:10.1016/j.energy.2014.01.070 

Toffolo, A., Lazzaretto, A., Manente, G., & Paci, M. (2014). A multi-criteria approach for the 

optimal selection of working fluid and design parameters in Organic Rankine Cycle 

systems. Applied Energy, 121, 219-232.  

Tsoka, C., Johns, W., Linke, P., & Kokossis, A. (2004). Towards sustainability and green 

chemical engineering: tools and technology requirements. Green Chemistry, 6(8), 401-

406.  

Turboden. (2015). Organic rankine cycle power calculator. Retrieved from 

http://www.turboden.eu/en/rankine/rankine-calculator.php 

van Kleef, L. M., Oyewunmi, O. A., & Markides, C. N. (2019). Multi-objective thermo-

economic optimization of organic Rankine cycle (ORC) power systems in waste-heat 

recovery applications using computer-aided molecular design techniques. Applied 

Energy, 251, 112513.  

https://www.siemens.com/press/pool/de/feature/2014/energy/2014-04-orc/brochure-siemens-orc-module-e.pdf
https://www.siemens.com/press/pool/de/feature/2014/energy/2014-04-orc/brochure-siemens-orc-module-e.pdf
http://www.turboden.eu/en/rankine/rankine-calculator.php


 

143 

 

Van Rossum, G. (2007). Python Programming Language. Paper presented at the USENIX 

Annual Technical Conference. 

Varma, A., Dong, A., Chidambaram, B., Agogino, A. M., & Wood III, W. H. (1996). Web-

Based Tools for Engineering Design. Paper presented at the Fourth International 

Conference on Artificial Intelligence in Design. 

Vélez, F., Segovia, J. J., Martín, M. C., Antolín, G., Chejne, F., & Quijano, A. (2012). A 

technical, economical and market review of organic Rankine cycles for the conversion 

of low-grade heat for power generation. Renewable and Sustainable Energy Reviews, 

16(6), 4175-4189.  

Verhagen, W. J. C., Bermell-Garcia, P., van Dijk, R. E. C., & Curran, R. (2012). A critical 

review of Knowledge-Based Engineering: An identification of research challenges. 

Advanced Engineering Informatics, 26(1), 5-15. doi:10.1016/j.aei.2011.06.004 

Victor, R. A., Kim, J.-K., & Smith, R. (2013). Composition optimisation of working fluids for 

organic Rankine cycles and Kalina cycles. Energy, 55, 114-126.  

Wang, D., Ling, X., Peng, H., Liu, L., & Tao, L. (2013). Efficiency and optimal performance 

evaluation of organic Rankine cycle for low grade waste heat power generation. Energy, 

50, 343-352.  

Wang, J., Yan, Z., Wang, M., Li, M., & Dai, Y. (2013). Multi-objective optimization of an 

organic Rankine cycle (ORC) for low grade waste heat recovery using evolutionary 

algorithm. Energy Conversion and Management, 71, 146-158.  

Wei, D., Lu, X., Lu, Z., & Gu, J. (2008). Dynamic modeling and simulation of an Organic 

Rankine Cycle (ORC) system for waste heat recovery. Applied Thermal Engineering, 

28(10), 1216-1224.  

White, M. T., Oyewunmi, O. A., Chatzopoulou, M. A., Pantaleo, A. M., Haslam, A. J., & 

Markides, C. N. (2018). Computer-aided working-fluid design, thermodynamic 

optimisation and thermoeconomic assessment of ORC systems for waste-heat recovery. 

Energy, 161, 1181-1198. doi:10.1016/j.energy.2018.07.098 

White, M. T., Oyewunmi, O. A., Haslam, A. J., & Markides, C. N. (2017). Industrial waste-

heat recovery through integrated computer-aided working-fluid and ORC system 

optimisation using SAFT-γ Mie. Energy Conversion and Management, 150, 851-869.  



 

144 

 

Xia, X. X., Wang, Z. Q., Hu, Y. H., & Zhou, N. J. (2018). A novel comprehensive evaluation 

methodology of organic Rankine cycle for parameters design and working fluid 

selection. Applied Thermal Engineering, 143, 283-292. 

doi:10.1016/j.applthermaleng.2018.07.061 

Xiong, N. (2011). Learning fuzzy rules for similarity assessment in case-based reasoning. 

Expert systems with applications, 38(9), 10780-10786.  

Xiong, N., & Funk, P. (2006). Building similarity metrics reflecting utility in case-based 

reasoning. Journal of Intelligent & Fuzzy Systems, 17(4), 407-416.  

Yang, F., Cho, H., Zhang, H., Zhang, J., & Wu, Y. (2018). Artificial neural network (ANN) 

based prediction and optimization of an organic Rankine cycle (ORC) for diesel engine 

waste heat recovery. Energy Conversion and Management, 164, 15-26. 

doi:10.1016/j.enconman.2018.02.062 

Yılmaz, F., Selbaş, R., & Şahin, A. Ş. (2016). Efficiency analysis of organic Rankine cycle 

with internal heat exchanger using neural network. Heat and Mass Transfer, 52(2), 351-

359. doi:10.1007/s00231-015-1564-9 

Yu, G., Shu, G., Tian, H., Wei, H., & Liu, L. (2013). Simulation and thermodynamic analysis 

of a bottoming Organic Rankine Cycle (ORC) of diesel engine (DE). Energy, 51, 281-

290.  

Yu, H., Feng, X., & Wang, Y. (2016). Working fluid selection for organic Rankine cycle (ORC) 

considering the characteristics of waste heat sources. Industrial & Engineering 

Chemistry Research, 55(5), 1309-1321.  

Zhai, H., An, Q., & Shi, L. (2016a). Analysis of the quantitative correlation between the heat 

source temperature and the critical temperature of the optimal pure working fluid for 

subcritical organic Rankine cycles. Applied Thermal Engineering, 99, 383-391.  

Zhai, H., An, Q., & Shi, L. (2018). Zeotropic mixture active design method for organic Rankine 

cycle. Applied Thermal Engineering, 129, 1171-1180. 

doi:10.1016/j.applthermaleng.2017.10.027 

Zhai, H., An, Q., Shi, L., Lemort, V., & Quoilin, S. (2016b). Categorization and analysis of 

heat sources for organic Rankine cycle systems. Renewable and Sustainable Energy 

Reviews, 64, 790-805.  



 

145 

 

Zhang, S., Wang, H., & Guo, T. (2011). Performance comparison and parametric optimization 

of subcritical Organic Rankine Cycle (ORC) and transcritical power cycle system for 

low-temperature geothermal power generation. Applied Energy, 88(8), 2740-2754. 

doi:10.1016/j.apenergy.2011.02.034 

Ziviani, D., Beyene, A., & Venturini, M. (2014). Advances and challenges in ORC systems 

modeling for low grade thermal energy recovery. Applied Energy, 121, 79-95.  

Ziviani, D., Woodland, B. J., Georges, E., Groll, E. A., Braun, J. E., Horton, T. W., De Paepe, 

M., & van den Broek, M. (2015a). Development of a general organicRankine cycle 

simulation tool: ORCSIM. Paper presented at the 28th International Conference on 

Efficiency, Cost, Optimization, Simulation and Environmental Impact of Energy 

Systems. 

Ziviani, D., Woodland, B. J., Georges, E., Groll, E. A., Braun, J. E., Horton, T. W., De Paepe, 

M., & van den Broek, M. (2015b). ORCSim: a generalized Organic Rankine cycle 

simulation tool. Paper presented at the 3rd International Seminar on ORC Power 

Systems. 

Ziviani, D., Woodland, B. J., Georges, E., Groll, E. A., Braun, J. E., Horton, W. T., van den 

Broek, M., & De Paepe, M. (2016). Development and a Validation of a Charge 

Sensitive Organic Rankine Cycle (ORC) Simulation Tool. Energies, 9(6), 389.  

 


