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“Whose woods these are I think I know. 

His house is in the village, though;  

He will not see me stopping here 

To watch his woods fill up with snow. 

 

My little horse must think it queer 

To stop without a farmhouse near 

Between the woods and frozen lake 

The darkest evening of the year. 

 

He gives his harness bells a shake 

To ask if there is some mistake. 

The only other sound's the sweep 

Of easy wind and downy flake. 

 

The woods are lovely, dark, and deep, 

But I have promises to keep, 

And miles to go before I sleep, 

And miles to go before I sleep.”  

 

Robert Frost 
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Abstract 

 

Energy demand is projected to rise in the following decades due to population growth, and then with 

fossil fuels being the biggest contributor to global warming and climate change, efforts need to be 

made to foster an environment where sustainability is assured for future generations. Lignocellulose 

biomass is one of the most available and underused biological raw material available to man, and 

recently the concept of biorefinery has been gaining momentum in worldwide research.  

In this context, this Master Thesis is based on the collaborative development of a computer-aided 

platform whose objective is to optimize lignocellulose conversion pathways to heat, power and bio-

based products – considering thermoeconomical objectives.  

The optimization follows a master-slave structure, with an evolutionary algorithm and a mixed integer 

linear programming optimizer respectively. Within the scope of the computational platform, the present 

work develops the integration methodology for unit process technologies. The methodology retrieves 

optimization parameter data from previously developed unit process technology models, and 

integrates the data in the optimization. It serves as a bridge between the master and slave 

optimizations. 

The highlight of this work is laying the foundation for the further development of the optimization 

platform. As such, a demonstration of the currently developed optimization framework is done 

considering different levels of available biomass inputs. The optimization results show a predominance 

of synthetic natural gas production with lowest cost and highest efficiency for larger scales of input. 

For lower inputs, productions of electricity or methanol are optimum.  

This work is fruit of collaboration between Instituto Superior Técnico (IST) in Lisbon, Portugal and 

École Polytechnique Federale de Lausanne (EPFL) in Lausanne, Switzerland. 

Key words: biorefinery, lignocellulose, master-slave optimization, evolutionary algorithm, MILP, 

Wood2Chem  
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Resumo 

 

É previsto que a procura energética mundial nas próximas décadas venha a aumentar devido ao 

crescimento populacional, este facto paralelo ao maior impacto dos combustíveis fósseis no 

aquecimento global e mudanças climáticas, impõe que medidas sejam tomadas para criar 

sustentabilidade ecológica para as gerações futuras. A biomassa de origem lignocellulósica é uma 

das mais disponíveis e sub-utilizadas matérias primas biológicas disponíveis ao homem, e 

recentemente o conceito de biorefinaria tem ganho relevância a nível mundial em investigação 

científica.  

Neste contexto, o trabalho relativo a esta tese de mestrado está baseado no desenvolvimento 

colaborativo de uma plataforma computacional cujo objectivo será optimizar cadeias de conversão de 

lignocellulose em calor, potência e produtos bio-químicos – considerando objectivos termo-

económicos.  

A optimização segue uma estrutura de mestre-escravo, com um algoritmo evolucionário e um 

optimizador mixed integer linear programming respectivamente. No panorama computacional, o 

âmbito do presente trabalho é o desenvolvimento da metodologia referente à integração de modelos 

de unidades tecnológicas. Esta metodologia extrai parâmetros de optimização de modelos de 

unidades processuais, e integra-os na optimização. De certo ponto de vista, esta metodologia serve 

como ponte entre a optimização mestre e escrava. 

A parte relevante deste trabalho é criar a fundação para o subsequente desenvolvimento da 

plataforma de optimização. Dito isto, uma demonstração do processo é desenvolvida considerando  

diferentes níveis de biomassa disponível. Os resultados mostram uma predominância em produção 

de gás natural sintético para elevadas escalas de biomassa. Para as menores escalas, produções de 

electricidade e metanol são óptimas. 

Este trabalho é fruto da colaboração entre o Instituto Superior Técnico (IST) em Lisboa, Portugal e a 

École Polytechnique Federale de Lausanne (EPFL) em Lausanne, Suiça. 

Palavras chave: biorefinaria, lignocellulose, optimização, algoritmo evolucionário, MILP, 

Wood2Chem.   
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1. Introduction 

1.1. Background and Motivation 

There is a high scientific, economic and social significance in optimizing biomass conversion 

pathways. In a scientific point of view, and according to several authors (Marquardt et al., 2010; Kamm 

& Kamm, 2004a; King, Inderwildi, & Williams, 2010) the optimal conversion of biomass through 

biorefineries into highly value added products, while minimizing waste generation and environmental 

impacts, is an essential and challenging task. To face this task, it is necessary to develop 

methodologies and tools for the design, synthesis and integration of biorefinery concepts for the 

generation of products and energy. Marquardt et al., (2010) goes further to state that only a systems 

approach will allow for the identification of the optimal product portfolio and the business opportunities, 

adding to the research and development of better and more profitable biomass conversion. 

The development of Biorefinery concepts is expected to have a very important social and economic 

impact on modern societies in a similar way to renewable energy development. Broadly, this 

represents a paradigm shift from a highly centralized chemical industrial production to a decentralized 

one, impacting in job creation, freight reduction and local value creation. Furthermore, biomass being 

a relatively well distributed resource, its widespread use should considerably reduce geopolitical 

issues related to oil supply and CO2 emission policies (Maréchal & Hungerbühler 2012). 

In this context the conversion of lignocellulose biomass has recently been gaining attention globally, 

with lignocellulose biorefineries being touted for succeed (Kamm et al, 2007), an apparent fact with all 

the research and development in recent years (Floudas et al, 2012). Although the development of 

non-food based biofuel (or second generation biofuel) is pushing this initiative, a lot of other equally 

suitable product alternatives exist (Zhang 2008), and are being considered in an economical and 

environmental point of view (Santiba et al, 2011). 

1.2. Thesis Objective 

Biomass can be used nowadays in a different range of important products and subsequent 

applications, namely: in industrial applications as sources of heat and/or power generation (via gas 

burning in engines or turbines); can be made into fuel additives for transportation with methanol or as 

a fuel itself as biodiesel; can be converted into several bio-based products, usable in a wide array of 

different industries, etc. For more examples, check Bozell et al (2007) and Werpy et al (2004). 

With so many different products and applications, it becomes hard to identify the best conversion 

pathways for biomass. Not to mention, that the recent biorefinery industry still has a long way to go 

before it can achieve large enough production scales to rival the established oil refineries. Thus, with 

profitability and environmental performance as objectives in mind, the aim of this Master Thesis is to 

support the development a computer aided process tool, utilizing optimization algorithms, to identify 

the best alternatives for the conversion of lignocellulose biomass. On the economic standpoint, 

equipment investment and operation costs will be looked at, as well as product and resources market 
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prices to evaluate profitability. Although not integrated on the present work, on the environmental 

standpoint, the most important aspect to consider will be the emission of CO2 which will serve as a 

value adding parameter when comparing with the oil refining process. 

This computer aided tool, or software framework, is part of larger plethora of work that is being 

developed by the Laboratoire d'Energétique Industrielle (LENI) at the École Polytechnique Federale 

de Lausanne (EPFL), whose main project is called the Wood2Chem and its objective is to develop a 

computer aided decision support platform for the systematic methodology in the design of 

lignocellulose biomass conversion pathways. A detailed description can be found in section 2.4. 

The objective of the thesis work is then to define a methodology for the integration of unit process 

models (e.g. boiler model, gasifier model, synthetic natural gas production model) and define an initial 

approach to multi-objective optimization. 

The integration of unit process models is one of the crucial necessities of the Wood2Chem project, as 

it provides the parameter characterization for the optimization. For instance, consider that it is required 

to produce an amount of electricity from wood – the conversion depends on what alternatives are 

available, and these alternatives are defined by unit process models. As such, from an optimization 

point of view, these are the parameters. This methodology is explained in section 4.6. 

The multi-objective optimization (described in chapter 4) is done using a master-slave dynamic, with 

an evolutionary programming algorithm as the master and a mixed integer linear programming 

algorithm as the slave. This optimization is done in a platform called OSMOSE (described in section 

2.5) and it is capable of analyzing the thermo-economic and environmental optimum conversion 

pathways for lignocellulose biomass.  

Thus, in conclusion the goal of this thesis work is to develop a process systems engineering approach, 

using computer aided optimization, to find lignocellulose conversion pathways considering economic 

restrictions. This thesis work will consequently serve as the groundwork for the development of a 

larger project called Wood2CHem.  

1.3. Methodology followed 

The work developed was organized in the following steps: 

1) Objective definition and conceptualization – this is the first step in any problem solving, 

understanding what exactly is the goal and scope of the work. The initial objectives for the work 

were discussed, and it was settled that the focus of the work should be in the integration of unit 

process models. The concept of “layer” (similar to a storage activity in supply chain network
1
) 

developed in OSMOSE was adapted from the PhD work of Leda Gerber as a conceptual and 

technical mechanism to develop the optimization framework. The unit process characterization 

                                                      
1
 A storage activity in a supply chain activity graph allows the storage of materials which later can be converted to 

products or other materials via a recipe. In this case however, a layer is more akin to a storage activity with the 
key difference of not allowing “storage” of material at the end of the optimization i.e. everything that comes in 
must be removed; or a many-to-many storage activity.  
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methodology took some time develop, since it required advanced knowledge of the computer tools 

and language (OSMOSE, Vali, Energy Technologies, Ampl, Matlab, etc). Environmental impact 

characterization and definition as an optimization objective was firstly part of the scope of the 

project, but due to lack of data in later stages, it was subsequently abandoned. The methodology 

of integration can, in principle, be applied for the impact data. This is considered a challenge for 

further development.  

2) Revision of related concepts – it was important to develop an understanding of the concepts 

being used in the work. The purpose was not a deep and technical knowledge, but enough so a 

general picture of the whole system can be drawn. Also, depending on what the situation 

demands, knowing where and how to get more information. As result, an appropriate but not 

extensive literature review was conceived. 

3) Introduction to the computer tools – a certain level of familiarity with how OSMOSE works and 

the associated markup language it uses to describe models (called Energy Technologies) was 

needed to understand and develop the framework. This was developed with the use of simple and 

single model cases in Vali, Energy Technologies and OSMOSE. No work had been established in 

the master optimization or parameter integration as of yet. 

4) Optimization framework – this step involved detailing the optimization framework for the 

conversion of lignocellulose, describing the slave optimization and the unit process unit process 

characterization methodology. The simple cases being worked on previously became increasingly 

complex as more data was introduced. The work in this step was applying the layer (or storage 

activity) concept from previous work and adapting to the present optimization purposes, i.e. to 

optimize several unit process models. This work was solely developed in the slave optimization 

(see section 4.5). Cost parameterization and minimization objective was also explored for smaller 

models (boiler and syngas group – see sections 5.2 and 5.3). 

5) Model database integration – LENI has several unit process models developed and databases 

with their optimal plant configurations, cost results and flow sheets identified. A method for their 

integration into the framework was created, called the unit process characterization methodology. 

This was developed for the base case of the synthetic natural gas model, developed by Martin 

Gassner (see sections 5.4 and 4.6) and then generalized for a specific format of unit process 

model data. 

6) Framework test and result analysis – in this final step the framework was tested using a multi-

objective optimization algorithm for different levels of biomass using parallel processing at EPFL 

servers (BELLATRIX) to reduce the computational time. In this step was also when the master 

optimization was tackled. Understanding how it worked created a dilemma due to the different 

optimization methodologies in the slave and master optimizations and adjustments had to be 

made for a proper “fit” (see section 4.6.3). The configuration of the model in the BELLATRIX 

servers was also a challenge, as was waiting 24 to 48 hours for the result of each optimization.  
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1.4. Document Structure 

This thesis has the following structure: 

1) Introduction - This chapter presents the motivation and context of the work, followed by a 

definition of the goal of this work and the methodology that was followed. 

2) Thesis Context – It’s important to provide a background and context for this Thesis. The focus in 

this chapter is in justifying the development of renewables and biorefineries. Firstly a review of the 

world energy background and future prospect is provided based on a recent study by Ruehl & 

Giljum (2011), followed by the implications of the Kyoto protocol in the EU, narrowing down on 

renewable energy, introducing biorefineries and their current status. The last part of this chapter is 

dedicated to describing the Wood2CHem project as well as the OSMOSE platform that’s going to 

be used in its development. 

3) Theory and Literature Review – In this chapter an exposition is provided on the concepts to be 

used when addressing the problem to be solved. Although not directly cited on the present work, it 

is important to define the Biorefinery and Lignocellulose concepts. In this chapter, the Biorefinery 

is defined according to several authors and some consensus is found between them, followed by a 

brief historical context on their development. Lignocellulose feedstock and pretreatment processes 

are explored superficially, leaving out secondary refining and environmental analysis, as they’re 

not part of the work. Another important section is dedicated to the analysis of computer aided 

optimization and the benefits it brings to large industrial scale projects. Some recent applications 

and state of the art is also looked at. Evolutionary multi-objective optimization is also reviewed and 

proposed as a tool for this project. Lastly some recent developments from the EPFL Laboratoire 

d’Energétique Industrielle (LENI) are also looked at and framed with the present development. 

4) Optimization Methodology – The framework defined for the optimization is described in this 

chapter, exploring the master and slave optimization and their behavior. The unit process 

characterization methodology is also defined, highlighting its importance for the overall framework. 

5) Platform Process Models – This chapter reviews and describes all the models integrated in the 

framework, from the single electrical generation system, to the complex synthetic natural gas 

database.  

6) Framework Application – In this chapter the results of the optimization are presented and 

discussed to illustrate the optimization capabilities. A section dedicated to describing a step-by-

step optimization is also provided. 

7) Conclusion – The final chapter groups all the important information about the project and 

discusses the challenges and future direction for the Wood2Chem project. 
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2. Thesis Context 

2.1. World Energy Background 

There are several challenges that the world is currently facing. The increase in global population, 

expected to rise from 6.9 billion in mid-2011 to 9.3 billion by 2050 (UN Department of Economic and 

Social Affairs, 2011) is subsequently going to increase overall demand for food, water and energy. 

This global rise in demand will push for economic growth, increasing the already large gap with 

environmental sustainability. Thus, actions need to be strategically taken to bridge this gap, and one of 

the solutions is the effective use of technology, especially in the energy sector with renewable 

energies.  

The current energy requirements of the world are largely met by fossil fuels (see Figure 1), but the 

limited deposits of these fossil fuels coupled with the environmental problems and climate change has 

prompted society to look for sustainable resources as alternatives to meet the increasing demand for 

energy.  

According to data from Ruehl & Giljum (2011) from 2011 to 2030 the world’s primary energy 

consumption is projected to increase by 36%, and the major contribution will come from non-OECD
2
 

countries. The demand for fossil fuels has been and is expected to grow until 2030 (namely gas and 

coal – see Figure 1). The largest growth until 2030 is estimated to come from renewable energy 

sources.  

 

Figure 1 - Industrialization and growing power demand
3
 (Ruehl & Giljum, 2011) 

                                                      
2
 Countries who signed the Convention on the Organization for Economic Co-operation and Development, a full 

list can be found at: http://www.oecd.org/general/listofoecdmembercountries-
ratificationoftheconventionontheoecd.htm. Non-OECD countries include all the BRIC countries (Brazil – Russia – 
India – China). 
3
 Non-OECD energy consumption in 2030 is 61% above the 2011 level; Energy used for power generation grows 

by 49% from 2011 to 2030, primary energy used directly in industry grows by 31%; Fastest growing fuels are 
renewables (with biofuels) with growth averaging 7.6%, nuclear at 2.6% and hydro at 2%. Among fossil fuels gas 
grows at 2%, coal at 1.2% and oil at 0.8%. (All growth rates are from 2011 to 2030 given per annum) 

http://www.oecd.org/general/listofoecdmembercountries-ratificationoftheconventionontheoecd.htm
http://www.oecd.org/general/listofoecdmembercountries-ratificationoftheconventionontheoecd.htm
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Environmental concerns and energy security are the first two drivers for growth in renewable energy 

systems. The others main industry drivers are mandates and policies, and they differ significantly 

between regions. Conditions for the EU will be analyzed next. 

The next section provides a brief overview of the current state of the policies in effect in the European 

Union, followed by a brief outlook of the renewable energy generation and the important role of 

biorefineries. Afterwards, a description of the Wood2Chem project and the OSMOSE platform will be 

provided. 

2.2. Kyoto Protocol in the EU 

Current greenhouse gas (GHG) emissions are being strongly monitored since the Kyoto protocol 

entered in effect in 2005 and as of 2011, 191 countries have signed and ratified the protocol (UN 

Framework Convention on Climate Change, 2010), taking an important step towards their reduction. 

Under the Kyoto Protocol, EU state members have committed to reducing their collective emissions in 

20% when comparing with 1990 levels by 2020. The EU is making good progress towards achieving 

this target. In 2010, combined greenhouse gas emissions from its 27 Member States were 15% below 

the 1990 value (see Figure 2), while in the same period the economy (measured by GDP) grew by 

46% (European Commission 2012). 

 

Figure 2 - EU-27 GHG emissions 1990-2010
4
 (Jol et al. 2012) 

                                                      
4
 “The increase in emissions in 2010 was partly driven by the economic recovery from the 2009 recession in many 

European countries, which had itself caused substantial emission reductions in 2008 and 2009 in all Member 
States. Final energy demand increased by 3.7 % in 2010, outpacing the increase in economic output (2.0%). In 
2010 the winter was also colder than in the previous year, leading to increased demand for heating and higher 
emissions from the residential and commercial sectors. The continued strong increase in renewable energy use 
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Table 1 shows the GHG equivalent contribution from each Member State from 1990 to 2010. The 

overall trend is dominated by Germany and the United Kingdom, accounting for about a third of the 

total, achieving 483 million tons of CO2-equivalents reduction since 1990. They are followed by France 

and Italy as the third and fourth largest emitters in 2010. Portugal on the other hand, is quite a small 

player in this regard. The same trend can also be seen for other countries like Spain, Ireland, Italy and 

Greece. After 2005, and the enforcement of the Kyoto protocol, there has been a considerable 

decrease until 2010 (Jol et al. 2012). 

Table 1 - Overview of Member State contributions to EU GHG emissions from 1990 to 2010 (Tg CO2-

equivalents)
5
 (Jol et al. 2012) 

 

2.3. Renewable Energy and Biorefineries 

Looking onwards, the scenario is ideal for the emergence of renewables as a strong growth candidate 

in the energy sector. Despite this, renewables have a major challenge and a key limiting growth factor 

which is the affordability of government subsidies. Continued technological cost reductions are 

required to keep the subsidy burden at an acceptable level as renewables scale upwards. In Europe, 

renewable energy growth slowed because of the subsidy burden, especially in light of the recent 

                                                                                                                                                                      
and the improved carbon intensity of fossil fuels — underpinned by strong gas consumption — prevented the 
increase in GHG emissions from being higher.” (European Environmental Agency 2011) 
5
 The values take into account GHG-equivalents from the following source and sink categories: Energy, Industrial 

Processes, Solvent and Other Product Use, Agriculture, Land-Use/Forestry, Waste and Other. 
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austerity measures experienced in some countries and overall financial crisis (Frankfurt School UNEP, 

2012). 

In spite of the EU’s set of challenges, renewable energy supply in the rest of the world is set to grow 

over the next few years, especially in bio based products (Ruehl & Giljum 2011). As it has been 

continuously discussed at the World Economic Forums of 2007 - 2013, industrial biorefineries have 

been identified as one of the potential solutions that may help mitigate the threat of climate change 

and satisfy the increasing demand for energy, fuels, chemicals and materials. 

In a broad sense, biorefineries are facilities that convert biomass – biological materials from living or 

recently living organisms – into fuels, energy, chemicals and materials (see Figure 3). To date, this 

industry is still in a nascent state, with most second generation biorefinery plants (using cellulosic 

material) only expected to be ready for large-scale commercial production in the next few years (King 

et al. 2010). 

BIO-BASED CHEMICALS & 
MATERIALS

BIOENERGY

BIO-BASED 
PRODUCTS

SUCCININC ACID POLYLACTIC ACID

BIOFUEL

BIOMASS

BIOREFINERY

HEAT POWER

BIOETHANOL & 
BIODIESEL

 

Figure 3 – Biorefinery concept 

There are also spillover effects and potential synergies to consider from this activity. In agriculture, for 

example, new economic opportunities will emerge from the rising demand for biomass. In the 

chemicals industry, bio-based innovative products outside the conventional petroleum-based product 

family trees will confer an advantage to entities who manage to find the right molecules and insert 

them into existing or new value chains. In the automotive and aviation industries, corporations are 

looking at biofuels as an important means to reduce the greenhouse gas emissions of their fleets so 

as to comply with regional or national regulations. Meanwhile, power generation corporations are 

making high investments in the expansion of their renewable power generation assets, with biomass 

coming third after solar and wind investments (King et al., 2010). 
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Most bio-fuel
6
 producing countries or regions have set a mix of mandates and subsidies to support 

their national industries to increase fuel supply security, for example CO2 reduction mandates or local 

farm revenue subsidies. Figure 4 from King et al. (2010) shows the targets for mandates and subsidies 

for the five major world regions.  

The leading countries in the biofuels industry are the United States and Brazil. In the US the focus is 

set on increasing efficiencies from first generation biofuel production. Brazil has been having 

increased successes from flex-fuel vehicles that can run on mixtures of bioethanol and gasoline, as 

well as heavily promoting its sugar cane industry. While not producing in the same levels as the 

previous countries, the European Union has set ambitious goals for the development of renewables in 

transportation. Despite these goals, the pace of the development has not been in the same scale as 

the US or Brazil due mainly to the lower number of biorefineries being established comparatively. The 

cause for this is in the fragmented nature of the EU’s research and development efforts and 

insufficient funding and resources (King et al. 2010). 

 

Figure 4 – Worldwide Mandates, Subsidies and Policy status on Biofuels for five major world regions.
7
 

(King et al. 2010) 

Despite the great relevance of bio-based products for many industries, experts still see numerous 

technical, strategic and commercial challenges that need to be overcome before any large-scale 

commercialization of the industry can succeed. Biorefineries will have to employ the best possible 

technologies for fermentation, gasification and chemical conversion and also for pre-treatment and 

storage to ensure that the value of bio-based products break-even. This will require the concerted 

action of many non-traditional partners – such as grain processors, chemical companies, and 

technology players – to cover all aspects of the complex biomass value chain, from feedstock 

production to end-user distribution (King et al. 2010, p.6). 

                                                      
6
 Bio-fuel is the most widely used product from biomass conversion, although there are several other options that 

can be used and several more that are in research at the moment. Some recent examples are plastics (Shen et 
al. 2009), carbon fibers (Sudo & Shimizu 2003) and succinic acid (Liu et al. 2008). 
7
 (*) denotes a key feedstock. 
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It is in this perspective that this master thesis is based on one of these technological efforts, called 

Wood2Chem, which is a framework platform in development capable of performing multi-scale 

process design to synthesize wood conversion chains into products and energy. The following section 

is largely based and a synthetized version of the Wood2CHem project proposal article written by 

Maréchal & Hungerbühler (2012). 

2.4. Wood2Chem Project 

Wood2CHem is a framework platform with the purpose of performing multi-scale process design to 

synthesize conversion chains of wood, especially lignocellulose feedstock, into marketable products 

and energy services (Maréchal & Hungerbühler 2012). It is currently being developed in a partnership 

between the Safety and Environmental Technology (S&ET) group in Eidgenössische Technische 

Hochschule Zürich (ETHZ) and the Industrial Energy Systems Laboratory (LENI) of École 

Polytechnique Fédérale de Lausanne (EPFL). 

The purpose of this framework will be to serve as an advanced decision support platform by using 

process modeling, multi-objective optimization and process integration techniques. Moreover, it will 

allow the systematic generation and comparison of wood conversion chains based on thermo-

economic and life cycle environmental impact assessment criteria. When comparing with conventional 

approaches based on predefined scenarios, this approach aims not only to solve the material flow 

synthesis problem but also the heat and power integration problem. The scope of the analysis will 

adopt a multi-scale approach that will allow the formulation of the problem with the appropriate level of 

detail in order to generate conversion chains while integrating the available process model details.  

As an example, there are considerable compounds that can be derived from lignocellulose feedstock, 

each of which can come from several alternative synthesis routes. Thus, to determine an optimal mix 

of products and a Bio-refinery process structure given a set of constraints – for example low 

investment and operation costs while minimizing environmental impacts, or the maximization of profit 

and efficiency – one has to evaluate and compare several important possible process configurations. 

This can be done by using a process system engineering approach based on process integration and 

mathematical multi-objective optimization.  

The Wood2CHem project is organized in three main work packages (see Figure 5). The first targets 

data structuring and the development of a wood conversion process models database. These models 

will be used as building blocks for the Bio-refinery system design. The second work package aims at 

developing the process modeling methodology to systematically develop the required environomic 

(that combines thermochemical conversion, economic assessment and environmental assessment) 

models of the building blocks of wood conversion chains. The third package will study the use of the 

process system engineering methods to systematically generate wood conversion chains. It will also 

study the most adequate solving methods based on the use of multiple objective optimization and 

propose appropriate system assessment methods.  



11 
 

In its final stages the project will realize a case study to illustrate the capabilities of the Wood2CHem 

platform and organize two workshops to communicate its results and ambitions and gather feedback 

from end users (e.g. wood industry, forest owner and chemical industry).  

 

Figure 5 - Organization of the Wood2Chem project (Maréchal & Hungerbühler 2012) 

The work involved in this thesis is inserted in the second work package, with the development of a 

process modeling methodology that will make the models (developed in work package 1) interact to 

generate the environomic results of lignocellulose conversion chains. 

LENI-EPFL will lead the developments of the work packages 1 and 3, while work package 2 will be the 

responsibility of S&TE-ETHZ. The project will also benefit from synergetic interactions with other 

ongoing projects in development at LENI-EPFL. One example is the SunCHem project which aims at 

developing an innovative and highly integrated third generation biofuel production process. Another is 

the BTL project which is being done in collaboration with the Comissariat à l’Energie Atomique (CEA) 

in Grenoble, France that aims to compare the second generation biofuel production process (Maréchal 

& Hungerbühler 2012). The biggest advantage of such collaboration lays in the valuable knowledge, 

thermo economic and environmental models that will be provided for the process model database 

that’s going to be used in Wood2CHem.  

The first work package will be the first step in the project and thus will serve as the groundwork for all 

subsequent work packages. Here’s where there will be an identification of the most interesting 

chemicals and fuels that can potentially be produced from lignocellulosic feedstock, as well as list the 

synthesis routes needed to produce them. This list of products and processes will serve as the starting 

point of the platform, and as the project is developed they will be enriched and updated. Additionally 

the platform will also include a superstructure of conversion and purification technologies linking 

lignocellulosic feedstock to a desired chemical compound and a list of these technologies will also be 

made in this work package.  

The second work package will focus in developing a database containing the thermo economic and 

environmental models of the unit process operations, defined in the previous work package, to be later 

integrated in the various conversion chains of lignocellulosic feedstock. These models will be the result 
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of a detailed process systems design approach and validated with experimental data, if it’s available. If 

unavailable, the process will be roughly modeled based on its energetic and material flows.  

Another aspect that will be focused on in this package will be the environmental sustainability 

considering the following metrics: the holistic environmental benefit for normal process operation and 

substance/process hazard identification for evaluation of the harm potential in accidental scenarios. 

Also, several life cycle impact assessment (LCIA) methods will be considered covering diverse 

environmental impacts, which is necessary in order to overcome the methodology specific weighting of 

environmental impacts. Some of the methods include the resource use oriented cumulative energy 

demand (CED), the greenhouse gases effect oriented global warming potential (GWP), the “distance-

to-political-target” principle oriented ecological scarcity (ES2006), the human health, eco systems 

quality and resources damage oriented Eco-Indicator 99 (EI99), the newer ReCiPe version and the 

Environmental Performance Strategy Map.  

In the third work package, the methodology that will be used to identify the optimal Bio-refinery 

configuration will be defined. It will be based on user-defined data and the models database created in 

the previous work package. In particular it will focus on defining the process synthesis sequences and 

the process optimization strategy including mass and energy integration models. The methodology will 

be based on multi-objective optimization and a superstructure of solving procedures considering the 

economic, the efficiency and the environmental impact assessment indicators with the aim of 

systematically generating Pareto optimal wood conversion chains. This package will also study the 

possibility of solving multi period problems in order to take into account the highly seasonal availability 

of the feedstock and demands. Afterwards a study of the extension of the models to account for plant 

location of the Bio-refinery, the possible pretreatment options and the impact of the supply chain will 

be made.  

The next section is a description of the OSMOSE platform which will be used in the second work 

package to develop the process system methodology. The work developed on this master thesis will 

serve as a first generation modeling of the methodology. 

2.5. OSMOSE Platform 

OSMOSE is an acronym for “OptimiSation Multi-Objectifs de Systemes Energetiques integres” or 

translated, multi-objective optimization of integrated energy systems. It is a platform for the study and 

design of complex integrated energy systems. The software is being developed in the Laboratory for 

Industrial Energy Systems (LENI) in the Ecole Polytechnique Fédérale de Lausanne (EPFL), in 

Lausanne, Switzerland. The project was motivated by the need for a flexible and high performance 

research tool for the study and design of energy systems (Palazzi et al. 2010). 

The general scope of the software is to help the user develop and compute technology models that 

combine (a) thermodynamic computations, (b) power and energy integration and (c) economic or 

environomic aspects. OSMOSE also allows (i) optimization of the models developed, (ii) sensitivity 

analysis and (iii) data analysis of the results. 
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OSMOSE was first developed in 2007 as an optimization software which was based on the 

association of genetic algorithms and energy integration. This combination allowed the optimization of 

thermodynamic processes and a rational use of energy simultaneously (LENI 2007). 

Evolutionary or Genetic algorithms are a powerful and increasingly used methodologies that allows 

multi-objective optimization. Their search for the optimum is inspired from genetics: semi-random 

individual generations of a solution are used in order to evaluate the objective functions. This type of 

evolutionary algorithm is extremely powerful when applied to non-linear optimization problems, 

because they allow the exploration of a large solution space and are not constrained by discontinuities 

in the objective functions. Therefore, the use of genetic algorithms and energy integration techniques 

allow the optimization of the system at two levels: the best energy recovery and the best value of a 

chosen objective (LENI 2007). 

OSMOSE was built under Matlab and its original goal was to establish the communication between the 

models, built with Vali and Easy2 (now replaced by AMPL), and the optimizer MOO: 

1) MOO – Multi-Objective Optimization, implementation of genetic algorithms, developed at LENI by 

A. Molyneaux and G. Leyland; (LENI 2007) 

2) Vali – Thermodynamic and chemical processes modelization software, developed by Belsim SA; 

3) Easy2 (now AMPL) – energy integration software, under development at LENI. 

Currently, OSMOSE has a Life Cycle Assessment module consisting in indicators quantifying 

environmental impact. The system to be optimized can also be modeled by using a Matlab function 

(Dubuis et al. 2009). The result from the optimizer can be shown in the form of a Pareto curve (see 

Figure 6). 

 

Figure 6 – Example of a Pareto curve resulting from OSMOSE (Dubuis et al. 2009) 

The interaction with OSMOSE is done using a markup language
8
 called Energy Technologies (ET) 

that was developed for describing models. ET is platform-, programming language- and software-

independent language, meaning the syntax can be used to describe models written with any software 

or programming language, each having different ways of defining variables, parameters, inputs or 

                                                      
8
 Markup language as defined by TechTerms.com (2011) is “a computer language that uses tags to define 

elements within a document. It is human-readable, meaning markup files contain standard words, rather than 
typical programming syntax. While several markup languages exist, the two most popular are HTML and XML.”   
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outputs. In a complete programming language, syntax needs to be coupled with semantics
9
 to have 

any meaning, in this case they are provided by platforms, namely OSMOSE. OSMOSE uses Energy 

Technologies to connect models and to query them by sending input parameters and recovering 

results (Bolliger 2012). 

The term model refers to a set of equations and constraints that represent the behavior of an energy 

conversion technology and more generally, a combination of physical, thermodynamic and chemical 

phenomena. Interpreted by Energy Technologies however, a model is a black box which is connected 

to the outside through material and energy streams. The internal behavior of the model can be 

accessed and controlled through the model’s parameters (see Figure 7). The advantages of using a 

black-box model instead of a fully defined Vali model are two: first it allows the connection of different 

models, even built with different software or programming language; and second the communication 

between models and the computation tools, like the optimizer MOO, is direct (Bolliger 2012).  

 

Figure 7 – Illustration of Energy Technologies description of a generic model with method interfaces 

(Bolliger 2012) 

A model thus, can be created for a specific technology, for example a steam gasifier, which has a dry 

wood material stream and electricity energy stream as inputs, and produces synthetic natural gas and 

heat as outputs. Some examples of parameters of the model can be the temperature of the steam 

entering the reactor, the temperature of the stream exiting the reactor and the heat recovered in the 

gas cooling.  

Another aspect of the ET models is that each model can be linked to a particular computational 

method that allows different studies to be performed (see Figure 7). These methods interfaces require 

additional sets of data to be included in the model description. For example, the costing method 

calculates cost indicators based on different aspects (e.g. engineering costs, land costs, maintenance 

costs, operation costs, grassroot costs) in function of the equipment size and resources consumption 

                                                      
9
 Semantics is what gives meaning to syntax, in programming languages semantics are usually defined by 

axiomatic rules and functions. 
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(Bolliger 2012). Some examples of method interfaces frequently used are: i) energy integration and 

pinch analysis; ii) costing; iii) environmental impact; iv) life-cycle analysis.  

The work to be developed is based on using the Energy Technologies language to create a platform 

for the interaction between models. As an example consider the following system: conversion of 

lignocellulose wood to either heat or electricity using two main conversion pathways (Figure 8). The 

first pathway simply burns the wood by means of a boiler model, which receives wood and produces 

heat. The secondary pathway produces electricity (and heat as co-product) from syngas – this 

pathway involves the interaction between the models of a steam and air dryer, followed by a steam 

and air gasifier and finally a gas turbine or an engine to produce electricity. In this instance, we can 

define points of aggregation, layers (or storage activity) which are of consistent composition and/or 

represent the same entity, which can come from and be distributed to distinct sources – see examples 

of dry wood and syngas in Figure 8. It is a simple concept to grasp theoretically, the difficulty was 

integrating it in the OSMOSE optimization platform. 

Steam dryer ELECTRICITY & HEAT

ELECTRICITY & HEAT

ELECTRICITY & HEAT
HEAT

Boiler

Air dryer

Steam 
gasifier

Air gasifier

Gas turbine

Gas engine

Lignocellulosic 
wood

Dry wood Syngas
HEAT

ELECTRICITY & HEAT

HEAT

 

Figure 8 - Example of a lignocellulose conversion to produce heat and electricity 

Continuing the previous example, given a demand of heat and electricity, OSMOSE has to optimize 

the conversion pathways with the objective to minimize costs. The result can be for example the use of 

a steam dryer, air gasifier and gas turbine to satisfy the electricity demand, but the heat demand may 

not be fulfilled so the boiler also has to be used. 

This example illustrates the basic setups that are possible to develop and the mechanics that this 

framework has in performing the slave optimization. The framework has the capability to incorporate 

several unit process technologies and through an evolutionary optimization algorithm, taking into 

account cost and production objectives, draw a Pareto curve of all the possible optimal solutions.  

This framework will be used as a first building block for the process optimization methodology 

corresponding to the second work package for the Wood2Chem project. 

The next chapter introduces the literary concepts referenced in the work.  
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3. Theory and Literature Review 

3.1. Introduction 

Recent environmental impact studies show that the combustion of fossil fuels is the primary cause of 

global warming. Between 2000 and 2008, emission grew at a rate of 3.4% per year, comparatively 

higher from the 1% per year verified throughout the 1990s (Davis & Caldeira 2010). Besides the 

attention this has brought to the energy industry, it has also put an increasing pressure on the 

chemical industry to look for alternative sources for production. A recent trend of research is based on 

Biotechnology –  "the application of scientific and engineering principles to the processing of materials 

by biological agents" (Gavrilescu & Chisti 2005). 

Terrestrial biomass is a source for use in biotechnology, a resource available on an annual and 

renewable basis, either by natural processes or as a by-product of human activity. Biomass is also 

considered considerably more complex than fossil raw materials, due to their wide variety of 

composition of low and high molecular weight products, e.g. sugars, lipids, cellulose, hemicellulose, 

chitin, starch, lignin and proteins (Kamm et al, 2010).  

Biomass as defined by the US Congress (2000) is “any organic matter that is available on a renewable 

or recurring basis, including dedicated energy crops and trees, agricultural food and feed crop 

residues, aquatic plants, wood and wood residues, animal wastes, and other waste materials.”  

By far, the biggest contributor to the composition of biomass is carbohydrates (or saccharides), which 

represent about 75% of all annual biomass, in which only 5% is used, and the rest decays and 

recycles along natural pathways (See Figure 9). “Thus, carbohydrates, a single class of natural 

products are – aside from their traditional uses for food, lumber, paper, and heat – the major 

biofeedstocks from which to develop industrially and economically viable organic chemicals and 

materials to replace those derived from petrochemical sources” (Kamm et al. 2010). Thus, biomass 

consists of a complex composition of different types of carbohydrates produced by photosynthesis. 

Sugars are the simplest form of carbohydrates. Glucose, being a sugar, is an easily digestible 

carbohydrate.   

 

Figure 9 – Distribution of types of natural products in biomass. (adapted from Birgit Kamm et al., 2010) 

Plant biomass is made from other substances besides carbohydrates, such as lignin, proteins, flavors 

and aromatic essences, each with very different chemical structures. The majority of the plant 
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structure however, is made up of more complex polymer chains of C6 or C5 molecules
10

 (Naik et al. 

2010). Typical plants grown for food production, such as corn kernels, wheat grain, rice and sugar 

typically contain around 50 to 67% starch (Naik et al. 2010). Starch is a complex carbohydrate 

composed mainly by amylose and amylopectin, both of which are glucose polymers.  

Plant biomass, more specifically food-based biomass which is very rich in sugar and starch, was the 

first to be used to produce bio-ethanol through a pre-treatment, fermentation and hydrolysis process 

which came to be known as first generation biofuel. The problem here was the competition it created 

with the food industry and the subsequent rise in food prices. Other problems were the risks of 

deterioration of organic quality and mineral contents of the soil, leading to its long-term degradation 

(Centre de Recherche en Ingénierie du Papier 2010). 

The purpose of this work is to create a framework for the design of optimal lignocellulose biorefinery 

conversion pathways. Lignocellulose is the non-food part of biomass that has been developed as the 

second generation biofuel, and it has a lot of potential as an alternative source for chemicals 

production. It is essential then, that in this literature review, the definitions of biorefineries and 

lignocellulose biomass become clear. The following sections introduce us to biorefineries and then 

develop the concept of lignocellulose. Afterwards, the importance of computer aided optimization is 

discussed and recent developments are looked at, moving on to analyze and review evolutionary 

multi-objective programming. 

3.2. Brief History of Biomass Conversion  

The conversion of biomass into energy or fuel has a long history, starting at 1860 when Nikolaus 

August Otto invented the Otto engine using ethanol. Later in the first decades of the 20
th
 century when 

Rudolf Diesel invented the diesel engine, it is believed he made it run on peanut oil. Henry Ford’s 

Model T car was also firstly designed to run on hemp-derived ethanol (Western New York Energy, 

2008; National Biodiesel Board, 2012).  

The first large scale utilization of renewable resources was during the 19
th
 and beginnings of the 20

th
 

century and it was largely focused on pulp and paper production from wood
11

. This period was also of 

great importance for the development of the technology associated with sugar refining, starch 

production, oil milling, separation of proteins as feed and the extraction of alfalfa
12

. (Kamm et al. 2010, 

p.11) 

After the 1930’s, with the large-scale exploration of crude oil, biofuel use declined considerably. Its use 

was only worthwhile when circumstances forced a partial replacement of petroleum, as was the case 

during the Second World War, when gasoline was used in combination with alcohol derived from 

potatoes or grain. The other time when biofuels surfaced was during the oil crisis in late 1970’s, when 

                                                      
10

 Referring to C6H12O6 and C5H10O5 molecules. 
11

 The production of wood was mostly through the saccharification of wood, nitration of cellulose for guncotton 

and viscose silk was also developed, as well as the production of soluble cellulose for fibers, fat curing and the 
production of furfural for Nylon (Kamm et al. 2010). 
12

 Other processes like wet grinding of crops and biotechnological processing of ethanol, acetic acid, lactic acid 

and citric acid were also beginning their development during this period (Kamm et al. 2010). 
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the high oil prices forced governments to seek alternative means of increasing energy security. In 

1977 the Brazilian scientist Parente invented and submitted a patent for the first industrial process to 

convert biomass into biodiesel, but it took another decade until an Austrian company built the first pilot 

plant (Berkeley Biodiesel 2013). 

At the start of the 1990’s the use of renewable resources for non-food production started receiving 

attention from industry and politicians. Thus the integration of biomass refinery technology and 

processes started to gain emphasis on research and development. Here was when the term 

“biorefinery” was first established, and the first biorefinery projects were focused on the fabrication of 

fuels, solvents, chemicals, plastics and food (Kamm et al. 2010, p.11) (see Figure 10). 

 

Figure 10 – Early developments of biofuels (Kokossis & Yang 2010) 

Also during the last decade of the 20th century, when concerns about global warming and climate 

change started to emerge, national and regional legislation started to push the industrialization of 

biorefineries. At the same time several biorefineries started being built in Europe, and in 2003 when 

the EU adopted its biofuels directive, it set a reference value of 5.75% for the market share of biofuels 

in renewable energy in the transport sector by 2010. Under the directive 2009/28/EC the EU council 

promoted a 10% minimum target for the share of biofuels in petrol and diesel consumption in 

transportation by 2020. European Commission, (2009)  stated that: “In the near future, additional 

national legislations, subsidies or mandates are expected to promote the establishment of second-

generation pilot biorefineries (…) while experts estimate that cellulosic biofuels will be fully commercial 

on a large scale in five to 10 years” (King et al. 2010, p.15). 

Since then, there have been many hybrid technologies developed from different fields
13

, and 

biorefinery systems based on cereals, lignocellulose, grass and alfalfa are currently being developed. 

“Biorefineries are of interest ecologically, economically, and to businesses, governments and 

politicians. National programs, bio based exchange of information is increasing, for example as a 

result of a series of international congresses and symposia” (Kamm et al. 2010, p.12). A few examples 

are: 

                                                      
13

 A few examples are bioengineering, biotechnology, polymer chemistry, food science and agriculture. 
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1) BIO World Congress on Industrial Biotechnology and Bioprocessing (Biotechnology Industrial 

Organization 2013); 

2) Biomass conferences (National Renewable Energy Laboratory, 2013; Overend & Chornet, 1999); 

3) The Green and Sustainable Chemistry Congress (American Chemical Society 2013); 

4) The World Economic Forum Report on Biorefineries (King et al. 2010). 

“The biorefinery industry is gathering pace, with most second-generation plants expected to be ready 

for large-scale commercial production in a few years. Furthermore, the landscape of active players 

consists mainly of relatively small technology players, but also an increasing number of large 

multinational companies willing to invest in sustainable energy. Nonetheless, a number of technology 

clusters, networks and partnerships are developing, often composed of partners with complementary 

expertise along the biomass value chain, particularly with regard to second-generation technologies” 

(King et al. 2010, p.15). 

3.3. Biorefineries – Definition and Concept 

A biorefinery as defined by NREL (2009) is “a facility that integrates biomass conversion processes 

and equipment to produce fuels, power, and chemicals from biomass.”  Another similar definition from 

IEA, (2007) describes biorefining as the “sustainable processing of biomass into a spectrum of 

marketable products and energy”. This last definition developed from the International Energy Agency 

Task 42 “Biorefineries” (Sonnenberg et al. 2007), is the most widely accepted, because of its all-

encompassing character (Luguel, Annevelink, & Burel, 2011; see Figure 11). 

 

Figure 11 – Schematic representation of the biorefinery concept (Luguel et al. 2011) 

A concept development by King et al. (2010) adapted from the NREL considers that a biorefinery its 

built on three different “platforms” to promote different product routes: 

1) Biochemical Platform; 

2) Thermochemical Platform; 

3) Micro-Organism Platform. 

The first platform is the Biochemical, based on fermentation processes of sugars from biomass 

sources. For example the production of bioethanol goes through a fermentation stage of the sugars 

from the carbohydrate feedstock, followed by distillation and dehydration to remove the water to 

produce ethanol. The Thermochemical Platform focuses on the gasification of the feedstock, for 
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example for the production of syngas. The third platform is the Micro-Organism Platform, where algae 

biofuels are cultivated and extracted as either raceway-type in ponds or as photobioreactors. The 

advantage to using algae is due to their significant amounts of proteins, carbohydrates and other 

nutrients, being able to simultaneously produce biodiesel, animal feed, biogas and electrical power 

(Wiley et al. 2011). According to (Chisti 2008) biodiesel produced from algae has even better 

performance than land derived bioethanol. This concept of the three platforms is summarized in the 

figure below (Figure 12). 

 

Figure 12 – The Biorefinery Concept according to the three “platform” concept
14

 (King et al. 2010) 

Recently, and building from the IEA definition, Wagemann et al. (2012), defined “a biorefinery is 

characterized by an explicitly integrative, multifunctional overall concept that uses biomass as a 

diverse source of raw materials for the sustainable generation of a spectrum of different intermediates 

and products (chemicals, materials, bioenergy/biofuels), allowing the fullest possible use of all raw 

material components. The co-products can also be food and/or feed. These objectives necessitate the 

integration of a range of different methods and technologies.”  

The concept of a biorefinery encompasses a wide array of technologies that transforms biomass 

feedstocks (e.g. wood, grass, corn) firstly to their basic components (e.g. proteins, cellulose, 

triglycerides, carbohydrates) and afterwards to value added products (e.g. biofuels, heat, electricity. 

chemicals). A biorefinery is thus, a facility or network of facilities that integrates this conversion 

processes and equipment. The biorefining process is considered analogous to the oil refining process, 

where multiple fuels and products are made from crude petroleum. According to Wagemann et al. 

(2012), the biorefinery process chain is composed essentially from the pre-treatment and preparation 

of biomass, as well as the separation of biomass components – called primary refining – and the 

subsequent conversion and processing steps – called secondary refining (see Figure 13). 

                                                      
14

 The three “platform” concept is adapted from a model devised by the National Renewable Energy Laboratory 

by King et al. to include a microorganism platform. This concept demonstrates how any number of conversion 
processes can take place within one biorefinery, analogous to today’s oil refinery. 
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Figure 13 - Schematic illustration of the biorefinery process chain (Luguel et al. 2011) 

Primary refining consists in transforming the biomass feedstock in what we call platforms or also 

intermediates (e.g. cellulose, starch, sugar, vegetable oil, lignin, plant fibers, biogas, synthesis gas), 

and it includes the pre-treatment and conditioning of the biomass. This first step usually takes place at 

the biorefinery, but one or more pre-treatment/conditioning processes can also be carried out in a 

decentralized location depending on where it’s needed and the cost versus benefit associated. 

Secondary refining encompasses all further conversion and processing from the intermediates to final 

products. All by-products from both processes can be used to re-supply energy or, if applicable, 

processed further into food or feed (Wagemann et al., 2012). 

 

Figure 14 – Basic principles of a phase III biorefinery (Kamm et al., 2004) 

According to Kamm et al, (2010), one other important aspect of the biorefinery family are the phase 

type biorefinery. Phase I biorefinery consists of a single feedstock through a single process to result in 

one product, for example a dry milling ethanol plant that uses grain as feedstock. It has a fixed 

processing capability, producing fixed amounts of ethanol having little to no flexibility in processing. A 

phase II biorefinery also uses a single feedstock but has more flexibility by being able to manufacture 
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several end-products. Third phase or phase III biorefineries has even more flexibility by being able to 

use several feedstocks and convert them to a variety of end products (see Figure 14). Phase III type 

biorefineries are the most advanced as they allow a mix of various agricultural feedstocks, and thus 

they can produce higher-value chemicals while producing ethanol. There are 4 main types of phase III 

biorefineries in research and development (Fernando et al, 2006). 

Kamm et al (2004) defined the four main systems of phase III biorefinery types for classifying 

biorefineries: 

1) Lignocellulose feedstock biorefinery – uses lignocellulose feedstock and produces a wide variety 

of products (see Figure 15a); 

2) Whole crop biorefinery – uses whole crop raw materials such as cereals or maize (see Figure 15b 

and Figure 16a); 

3) Green biorefinery – uses nature-wet biomasses such as green grass, alfalfa, clover, or immature 

cereal (see Figure 16b); 

4) Two platforms concept – biorefinery that includes the sugar platform and the syngas platform from 

different types of biomass (see Figure 17). 

Lignocellulose feedstock biorefinery is considered by (Kamm et al. 2010) as the system that will 

probably achieve most success. There are two main reasons for this, on one hand, the supply of raw 

material is optimum (e.g. straw, reed, grass, wood, paper-waste) and on the other, the products have 

a constant demand considering either as competition on the petrochemical or as main development in 

the biobased product market. More of this system is explored in the next section. 

 

Figure 15a – Lignocellulosic feedstock biorefinery (left); Figure 15b – Whole-crop biorefinery based on 

dry milling (right) (Kamm et al., 2007) 
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Figure 16a – Whole-crop biorefinery based on wet milling (left);  Figure 16b – Green biorefinery system 

(right) (Kamm et al. 2007) 

 

Figure 17 – Sugar platform and the syngas platform (Kamm et al. 2007) 

3.4. Lignocellulose Biorefineries 

3.4.1. Lignocellulose feedstock 

The term “lignocellulose” was introduced by Edward John Bevan (1856 – 1921) and Charles Frederick 

Cross (1855 – 1935). They described lignocellulose as one of five natural cellulose types, assuming a 

chemical bond between lignin and cellulose. There are three main chemical blocks that compose 

lignocellulose feedstock when considering the higher molecular weight substances: cellulose, 

hemicellulose and lignin. The lower molecular weight substances include ash and extractive 

substances (see Figure 18 and Figure 19). Lignocellulosic biomass is considered as the non-food 

fraction of biomass, and it encompasses several diverse types of plants and “waste” from food 

production such as wood, grass, agricultural residues and olive tree biomass among many others 

(Handki 2008). For this reason it is considered as a second generation biofuel feedstock, as it doesn’t 

have the disadvantages of competing with the food industry. 
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Figure 18 – Lignocellulose structure containing cellulose, hemicellulose and lignin (Zhang 2008) 

 

Figure 19 – Chemical-technical major groups of lignocellulosic feedstock (Kamm et al. 2010) 

Lignocellulose biomass is the most abundant renewable biological resource on earth, with yearly 

production values of approximately 2 billion tons (Reddy & Yang, 2005 ; Zhang & Lynd, 2004), where 

only 3% are used in non-food areas, such as the paper and pulp industries (Kamm & Kamm 2004b). 

Also, current worldwide cellulose consumption is threefold higher than steel consumption and equals 

cereal consumption (Das & Singh 2004). 

Lignocellulose also has a lower cost than most other comparable feedstock like crude oil, natural gas, 

corn kernels and soy oil. For example, while crude oil prices can vary from $40 to $80 per barrel 

corresponding to $7.1 to $14.2 per Gigajoule. Comparatively lignocellulose price range can go from $0 

(as waste) to $3 per Gigajoule. (Zhang 2008) 

As an easily available raw material, lignocellulose can be found in several sources such as woods, 

fast-growing lumbers, old forests and timbers, recovered paper and straw. The varied sources are 

summarized in the following table (Table 2). 

 

Lignocellulose Feedstock 

low-molecular-mass substances 

organic 

extractive 
substances 

inorganic 

ash 

high-molecular-mass substances 

polysaccharides 

cellulose hemicellulose 

lignin 
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Table 2 – Placement of lignocellulosic feedstock (Kamm et al. 2010) 

Source Examples 

Existing landscape 

species 
Softwood, hardwood, reed grass, switch grass, dry grasses 

Fast growing 

plantations 
Poplar, willow, wood grass, eucalyptus, sudan grass 

Landscape 

conservation 

Old Forest, residual wood and under-wood from forestry, switch grass, dry grasses, hay, 

straw 

Process 

lignocelluloses 

Straw, corn stover, press cake from crop drying plant, ethanol plants and oil mills, by-

products from cereal mills, whole crop refineries, paper mill and pulp industry 

Used materials and 

waste 
Timber, used wood, recovered paper, cellulosic municipal solid wastes 

 

These source groups are important as reference because the supply of lignocellulose varies according 

to regional differences. Lignocellulose supply from fast growing plantations and process 

lignocelluloses are expected to grow the fastest because due to their higher relative abundance. In 

Europe, for example, landscape conservation policies might be a detriment to their higher supply 

(Kamm et al. 2010). 

Among the many potential large-scale industrial biorefineries, the lignocellulose feedstock based is the 

one receiving the most attention in recent years. The reason for this, on one side is the high availability 

of raw material (e.g. straw, reed, grass, wood, paper-waste) and on the other the products have a 

considerable market, competing with the large and arguably declining petrochemical industry (Kamm 

et al. 2007). As previously described, lignocellulose material consists of three primary chemical 

fractions: cellulose, hemicellulose and lignin, whose conversion from primary refinement can be 

defined by the following equations (see Equations (1 to (4 from Kamm et al., 2004a). After secondary 

refinement there are a host of products that can be obtained, Figure 20 and Figure 21 show an 

overview.  
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                                                   (1) 

                           (2) 
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          (       )                (       ) (4) 

 

 

Figure 20 – Lignocellulosic feedstock biorefinery overview (Kamm et al., 2004a) 
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Figure 21 – Generalized process stages in lignocellulose bioconversion into value added bioproducts 

(Kuhad & Singh 2007) 

3.4.2. Primary Refinement - Pretreatment 

The first crucial stage in lignocellulose biorefining is the primary refinement, and within it, the 

pretreatment and conditioning of the lignocellulose biomass. It is in this stage that the separation of 

cellulose, hemicellulose and lignin happens. The goals of pretreatment are to breakdown the lignin 

structure and disrupt the cellulose structure (see Figure 22).  

 

Figure 22 – Schematic of the role of pretreatment in the conversion of biomass to fuel (Kumar et al. 2009) 

There are several physical, chemical, biological, thermal and combination of methods used for pre-

treatment of lignocelluloses. The choice in selecting these lies in their ability to provide higher yield 

and incur lower costs, as well as other factors, such as their compatibility with overall processes. 

(Kamm et al. 2010) 

There have been several approaches for developing low-cost pretreatments over the years, (Yang & 

Wyman 2008) explores their impact on downstream and upstream processing, on costs, implications 

on waste treatment and co-products. There is also a description of a few promising pretreatment 

alternatives such as sulfuric acid dilution, controlled pH treatment, ammonia fiber expansion and 

recycle percolation, and lime pretreatment. A comparison between these methods experimented on 
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corn stover revealed that sugar quantities released were different among them. Ammonia fiber 

expansion and a flow through with vapor at 200ºC (steam explosion) had the best conversion rate, 

although for the other methods the results were quite similar. The conclusion from this study 

suggested that although a key impact of pretreatment on corn stover could not be perfectly correlated, 

a key finding was that with the use of enzymes, sulfur dioxide and lime pretreatment were the most 

cooperative.   

Menon & Rao (2012) does a comprehensive description of the advances in recent pretreatment 

technologies, alongside an enzymatic hydrolysis and fermentation methods description for the 

production of ethanol. The pretreatment methods considered are the physical, physico-chemical
15

 , 

chemical
16

 and biological (using microorganisms). The last one being considered very promising, 

having several advantages by including no chemical requirements, lower energy inputs, and 

undemanding and friendly environmental working conditions. It not yet perfect as it faces challenges in 

application such as: slow pretreatment times, careful control of growth conditions for the organisms, 

large spaces for treatment and the undesirable consumption of hemicellulose and cellulose during the 

process (Eggeman & Elander 2005). The conclusion from the analysis is a comparison of the most 

promising pretreatment technologies meant for ethanol production, in terms of factors such as yield. 

Byproduct generation, cost among others. Also identified are the advantages and disadvantages of 

each. 

In the same article, related to secondary refinement, the role of cellulases
17

 as enzymatic catalyzers 

for the cellulose hydrolysis process
18

 are analyzed as well as the fermentation into ethanol. Still 

according to Menon & Rao (2012),  enzymatic methods are considered to have significant advantage 

over acid based hydrolysis methods, and they are one of the more researched methods.  

Kamm et al. (2010) on chapter 3 (Vol II), provide several pre-treatment alternatives. The focus 

although is on chemical pulping and enzymatic methods. There is also a listing of isolation and 

application areas, as well as product family trees for lignin, hemicellulose, xylose, furfural and 

cellulose. 

3.5. Computer aided process engineering 

As written by Maréchal & Hungerbühler (2012), the biorefinery concept gathers several important and 

very diverse fields of research: biofuel production, process systems engineering, biomass chemistry, 

biochemistry, biotechnology, agronomy and environmental science. This highly interdisciplinary 

dimension of this concept brings difficult challenges in aggregating and developing an overview of the 

field (King et al. 2010). To add to this, the enormous variety (see Figure 23) of pre-treatment, 

conversion and separation processes available for transformation of biomass makes it even harder to 

                                                      
15

 Steam explosion, ammonia fiber explosion (AFEX), ammonia recycle percolation (ARP), microwave-chemical 

pretreatment and liquid-hot water pretreatment. 
16

 Acid pretreatment (use of sulphuric acid mostly), alkaline pretreatment (use of sodium, potassium, calcium and 

other bases) and green solvents (recently developed using ionic liquids).  
17

 Cellulases are produced by micro-organisms such as fungi and bacteria, but their role is enzymatic. 
18

 Characterizing the saccharification of cellulose and hemicellulose (with hemicellulase) which happens after the 

pretreatment of lignocellulose. 
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find an optimal conversion path (Kokossis & Yang 2010).  Therefore the use of a systematic computer 

aided approach has become a necessity, as described by several authors (Dimian 2007; Kokossis & 

Yang 2010; Tay & Ng 2012; Jr et al. 2007), to explore all the possible conversion pathways from wood 

to chemicals and energy taking into account mass and energy integration, economic potential, 

environmental impacts, resource availability and corresponding supply chains. Kokossis & Yang 

(2010) highlights and discusses the role of systems technology to foster innovation, support 

computational experimentation and how it can be useful to complex and large problems typically found 

in chemical industrial facilities.  

 

Figure 23 – Model of a biobased product flow-chart for biomass feedstock (Kamm et al. 2007) 

There have been several techniques and countless articles devoted to the synthesis and design of 

biorefinery configurations. Jr et al. (2007) developed a mathematical optimization framework to 

evaluate the profitability of different production routes and product portfolios while maximizing 

stakeholder value. The framework formulated the problem as a MILP-NLP problem, although the 

conclusion is that an alternative formulation using genetic algorithms with general disjunctive 

programming might have solved the problem more efficiently. 

Tay et al (2011) implemented a “fuzzy” mathematical programming technique, considering both 

economic performance and environmental impact to synthesize a sustainable and integrated 

biorefinery concept. This approach is useful for considering two conflicting objective variables, and it’s 

very common in the case of biorefinery integration to have to consider maximizing economic variables 

while minimizing environmental impacts. 

Ojeda et al. (2011) analyzed and implemented in a case study the integrated use of sugar cane 

bagasse for second generation biofuel using computer aided processes for exergy and lifecycle 

analysis using Aspen and SimaPro software. This is an example of a work that uses different tools for 
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an independent application, SimaPro for lifecycle analysis, Aspen-Hysys for process heat integration 

and the energy-exergy problem. The disadvantage in this method is that no direct correlation during 

the solving process exists linking the environmental variables as part of the process. The lifecycle 

analysis is done after the exergy study to compare different outcomes. 

Another technique developed by Tay & Ng (2012), based on pinch analysis, called multiple-cascade 

automated targeting approach (MCAT), allows for the identification of performance targets based on 

different optimization objectives. The study was done for the maximization of the economic 

performance of a gasification-based biorefinery, and is currently limited to gasification-based chemical 

synthesis processes. 

Vlysidis et al (2010) introduced a framework considering the re-use of waste streams, the conversion 

of glycerol to succinic acid, optimal feedstock selection all the while incorporating everything in a life 

cycle analysis simultaneously. 

Santiba et al (2011)  presented a multi-objective optimization model for the optimal planning of a 

biorefinery, considering optimal selection of the feedstock, processing technology and product mix. 

The objectives selected were profits and environmental impacts, and the model is a linear 

programming problem.  

Besides the design of the actual configuration of the biorefinery, there is a wide range of research 

regarding the selection of biomass feedstock and the optimization of their respective supply chain.  

Barbosa-Póvoa (2012) provides an overall and comprehensive review on the current progresses and 

challenges in process industry supply chains. The author, backed by several other authors (Shah 

2005; Grossmann 2004; Sargent 2005), defends the use of a systems approach when considering the 

optimization of the efficiency and responsiveness of supply chains. Such a concept is worth analyzing 

in this context, especially concerning the optimization of the overall system for lignocellulose 

conversion, by including the effects of the supply chain. Although this is not the objective of the work, it 

is of interesting importance for a later development. 

Concerning supply chains in a bio-context, Elms & El-Halwagi (2009) developed a systematic 

procedure for scheduling and operation of flexible biodiesel plants accounting for a variety of 

feedstocks. 

You et al (2012) addressed optimal design and planning of ethanol supply chains under economic, 

environmental and social objectives using a multi-objective mixed-integer linear programming model 

(MO-MILP). The MO-MILP was solved using an epsilon-constraint method resulting in two optimal 

Pareto curves showing the tradeoff between the objectives.  

Another method using MILP from Marvin et al (2012) explores the optimal biomass processing facility 

location and capacity looking from a supply chain perspective. The location selection method is of 

interesting note, by using the U.S. Department of Energy biomass resource database, a resource 

availability map of U.S. was drawn, which when interlaced with a map of the candidate sites and 
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added to the optimization increases the efficacy of the analysis. This is of some importance for the 

centralized versus decentralized concept that biorefineries have developed in recent years (You & 

Wang 2011). 

You & Wang (2011) discuss the optimal design and planning of biomass-to-liquids (BLT) supply chains 

under environomic and environmental criteria, using an MILP algorithm and the epsilon-constraint 

method. Of important notice are the multiple distributed or centralized processing networks for 

biomass conversion and transportation that need to be taken into account. 

Wang et al. (2013) proposes a multi-objective, mixed integer nonlinear programming model for the 

optimization of hydrocarbon biorefineries under economic and environmental criteria. Of note, the 

MINLP model simultaneously determines the technology selection (the same concept on this work), 

operation condition, flow rate of each stream, energy consumption of each unit, economic 

performance, environmental impacts, and equipment sizes. 

3.6. Evolutionary multi-objective optimization 

In recent years, evolutionary multi-objective optimization (EMO) has become a popular and useful field 

of research and application. Evolutionary optimization algorithms use a population based approach 

where more than one solution can be obtained in a single iteration, while evolving new populations 

with a better solutions in every iteration (Deb 2001). 

Evolutionary algorithms mimic nature’s evolutionary principles to constitute search and optimization 

procedures. They start their search with a population of initial solutions, usually created at random with 

a user defined upper and lower bound on each variable. Afterwards, the procedure enters into an 

iterative operation of updating the current population creating new populations by the use four main 

operators: selection, crossover, mutation and elite-preservation. The operation stops when one or 

more pre-specified termination criteria are met. They are different from classical optimization 

methodologies in a few ways: (Deb 2001) 

Coello (2006) provides an historical overview of the development of evolutionary multi-objective 

optimization. The author also discusses the advantages of using evolutionary algorithms for multiple-

objective problems: i) while other mathematical programming techniques are usually susceptible to the 

shape of the Pareto front (when it’s concave or disconnected) evolutionary methods don’t suffer the 

same issues; ii) another disadvantage from traditional methods is that they require differentiability of 

the objective functions and constraints; iii) most of other methods only generate a single solution from 

each run, requiring several runs to generate the several elements of the Pareto optimum. 

Zitzler et al. (2000) provide a comparison of various evolutionary approaches to multi-objective 

optimization. By using different test functions particular to a certain feature, that causes different 

difficulties in evolutionary optimization, it was possible to create a hierarchy of the algorithms. 

Fazlollahi et al. (2012) in a multi-period study on energy system optimization (ESO) compares the 

resolution using the epsilon-constraint, integer cut constraints (ICC) algorithm and evolutionary 
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algorithm. The author concludes that the evolutionary method is more effective at finding a Pareto 

optimal set and nearby solutions, and that it also handles multi-objective optimization better than the 

other methods. Another advantage pointed out is the possibility of using parallel computing in 

evolutionary algorithms to decrease computation time. 

The next year Fazlollahi & Maréchal, (2013) introduced a simultaneous multi-objective and multi-

period optimization, integrating biomass, process design and energy integration techniques for sizing 

and operation of poly-generation technologies. The objectives are cost and CO2 impact minimization 

using multi-objective evolutionary algorithms (EMOO) and mixed integer linear programming (MILP). 

This represents a step forwards for the method and the opportunities for its application and 

development in the future. 

3.7. Chapter conclusion 

Gassner & Maréchal, (2007), define the methodology for the optimal conceptual design of 

thermochemical fuel production processes from biomass. The methodology described therein in 

decomposing of the problem in several parts is the concept behind using the master-slave optimization 

in the present work.   

Gerber et al, (2012a), in her extensive research of energy conversion systems in urban areas, defines 

the basis for the computational framework and optimization problem – especially in defining the 

objectives that are being used in this work. She also develops the theme of a superstructure and how 

it can be practically connected to the optimization. The superstructure is an important concept for this 

thesis work, because it is closely tied with the unit process unit process characterization methodology. 

Although a full superstructure is not tackled in this work, it will be an interesting development in the 

future of the project, and the unit process unit process characterization methodology was developed 

for that goal in the future. 

The present thesis follows up on the past work done at LENI, from the development of the OSMOSE 

platform, the evolutionary algorithm, the optimization methodology and the superstructure, including 

the previously cited works of Fazlollahi et al. (2012) and Fazlollahi & Maréchal, (2013). The innovative 

part of this work, from the optimization angle, is to adapt these methodologies, which have so far been 

applied to the optimization of a single unit process model, to several competitive unit processes. The 

concept of an optimum pathway is used to describe the desired solution from the optimization. 

However, since there are multiple objectives involved, there will be several optimum solutions, or 

several optimum pathways to consider. Thus, the results from the optimization will be provided, on the 

present work, in the form of a Pareto curve. 

The following chapters describe the optimization methodology, the unit processes involved and the 

results from optimization. 
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4. Optimization Methodology 

4.1. Introduction 

As mentioned before the purpose of the Wood2Chem platform is to model the production design of a 

lignocellulose biorefinery and select optimum production pathways according to external conditions 

(e.g. raw material prices, available biomass) and objective criteria (e.g. cost, efficiency, environmental 

impact). This purpose is translated into an optimization problem which considers the unit process 

model data (e.g. boiler, gasifier, and turbine) as parameters and unit model capacity sizing as 

variables
19

.  

The major scope of the present work within the Wood2Chem project is the development of a unit 

process characterization methodology. This methodology is fundamental for providing the parameter 

data of the framework optimization. A preliminary optimization framework is also developed (see 

chapter 6 for application), but might be subject to changes as the framework evolves. 

The next section will define the scope of the optimization, followed by a definition of the computational 

framework – going through the master and slave optimization and the unit process characterization 

methodology.  

4.2. Optimization problem definition 

According to the general definition
20

, a pathway is “a route to, or way of access to; way of reaching or 

achieving something”.  

Referring to Figure 24, imagine that there are three alternatives for processing lignocellulose wood: 

burning it in a boiler to produce heat (pathway 1); make electricity with a gas turbine after steam drying 

and gasifying the wood (pathway 2); or combust the biogas from the wood in an engine for electricity 

following gasification and air drying (pathway 3). Consider as well only two products – heat and 

electricity – and imagine they can be produced in the final process of each pathway: pathway 1 

produces only heat; pathway 2 simultaneously produces heat and electricity; and pathway 3 produces 

only electricity. 

The choice of best path is dependent on what evaluation criteria is used, which can be cost, 

environmental impact or thermodynamic efficiency. This is the main purpose of the optimization, i.e. 

selecting an optimum pathway according to pre-defined criteria. 

Each pathway has different efficiencies, costs and environmental impacts – these are associated with 

the unit process models composing each pathway (e.g. boiler, gasifier, and turbine). For this example 

assume this data is given
21

 and it represents the parameters of the optimization. If the optimization is 

done on the basis of cost, maybe pathway 2 is selected. If efficiency is selected, maybe pathway 1 or 

                                                      
19

 Unit capacity sizing will be represented by a set of unit process multipliers (see section 4.6). 
20

 With reference to a dictionary. 
21

 In the actual framework the recovery of this data is the purpose of the unit process characterization 
methodology. 
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3 is selected, whichever the most efficient. Simply put, parameters define the outcome of the 

optimization and they are associated with individual unit processes.  

Steam dryer

Boiler

Air dryer

Steam 
gasifier

Air gasifier

Gas turbine

Gas engine

Lignocellulosic 
wood

HEAT Pathway 1 

Pathway 2

Pathway 3

HEAT

ELECTRICITY

ELECTRICITY

 

Figure 24 – Example of a production pathway design system 

There is also another essential consideration that needs to be taken when discussing pathway 

systems – exchange situations, e.g. path from an air dryer to a steam gasifier and then to a gas 

engine; or producing electricity from a gas engine and heat from boiler – since these simultaneous 

usages of multiple “parallel” units are considered as pathways.  

This is where the concept of layers (or storage activities) comes in (see Figure 25). Layers allow the 

interchange and combinatorial nature of different unit process technologies in the same optimization 

problem. Although a simple theoretical concept, the actual usefulness of this concept lies in the 

OSMOSE’s optimizations programming code, which is not included in this work. Among other 

essential functions, such as cost calculations and heat integration, layers manage to avoid the 

unnecessary creation of extra unit process models to depict extra pathway combinations. 

Steam dryer

Boiler

Air dryer

Steam 
gasifier

Air gasifier

Gas turbine

Gas engine

Lignocellulosic 
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Dry wood Syngas
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Figure 25 – Example of a production pathway design system with layers 
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In this case, allowing the correspondence between units has allowed the number of combinations to 

become 55, each being a pathway in its own right
22

. This is how complexity in these pathway systems 

rises from a larger number of unit processes due to their combinatorial nature. 

The fact of there being two objectives signifies the generation of a 2 dimensional range of equally 

optimal solutions. This is characteristic of a Multi-Objective optimization problem. This optimization 

problem will be solved based on an evolutionary algorithm – the master – with the support of a mixed 

integer linear programming algorithm – the slave, used mainly to calculate the master’s evaluation 

criteria. The specifics will be explained in sections 4.4 and 4.5. 

Another major aspect of the optimization to consider is the unit process characterization methodology. 

In order to grasp its purpose let’s consider again Figure 25. Each pathway has its unit process models 

which have parameters and it was mentioned that these were given for that example. Actually the unit 

process models were developed independently / externally and as optimization models themselves. 

This means that the data provided for the unit process models is given in the form of Pareto curves, 

the result of a two-objective optimization problem. 

For example, the synthetic natural gas model has several possible and distinct configurations to 

convert wood. These combinations depend on several process specific variables, such as the use of 

torrefaction or pyrolysis, or the use of a steam or oxygen blown gasification – these smaller unit 

processes are not integrated, a general SNG unit process is actually integrated. These Pareto curve 

have several optimal points, and each represent a different choice of production technologies or 

configurations, as well the resulting cost, efficiency and thermic flows of that choice. This data is 

parameter information for an SNG unit process that is included in the optimization. 

The difficulty in this integration is to consider all the points from that unit process Pareto curve, since 

each represents a distinct configuration of internal variables with equally optimal results. Is it better to 

use torrefaction or pyrolysis? One has higher cost while the other higher efficiency, both are optimal – 

it should depend on our framework optimization’s objectives. Unfortunately, in the optimization 

framework, due to the way the OSMOSE platform is established
23

, each unit process can only 

describe one state of process i.e. one set of configurations or a single Pareto point. This was one of 

the major challenges of this characterization methodology and details on how this was overcome can 

be found in section 4.6. 

Thus, the basic function of the characterization methodology is to “load” these sets of parameters (or 

Pareto points) to the optimization framework. The characteristics and parameters of these unit process 

models can be consulted in chapter 5. 

Having defined the general problem to be optimized, as well as the need for a characterization 

methodology, the following section will describe the computational framework developed, framing the 

                                                      
22

 3 (steam, air or both) dryer x 3 (steam, air or both) gasifier x 3 (turbine, engine or both) x 2 (with or without 
boiler) + 1 (case with only boiler). 
23

 It’s actually due to the way the platforms syntax, Energy Technologies, is established and operates with the 
software. 
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master and slave optimizations together with the unit process characterization methodology in a single 

framework.  

4.3. Computational framework  

The computational framework in use builds from the works of Gassner and Maréchal (2009) and 

Gerber et al, (2012a). The framework in use is part of the OSMOSE platform and operates under 

Matlab. The methodology addresses the optimal thermo-economic process design for thermochemical 

fuel production from biomass characterized by an optimization problem, whose objective is to choose 

different pathways that minimize simultaneously the costs, the impacts or maximize the 

thermodynamic efficiencies. This is by essence a Mixed Integer Non-Linear Programming (MINLP) 

multi-objective optimization (MOO) problem. It is solved following a two-stage decomposition 

methodology where a master problem and a slave sub-problem are defined.  

Figure 26 represents the overall computational framework built under OSMOSE. The Master and 

Slave optimizations are part of the OSMOSE platform
24

. The unit process characterization developed 

in this dissertation work and its methodology provides the process parameters used in the Slave 

optimization. The framework has three main stages, the master optimization, the unit process 

characterization and the slave optimization, processing in that order with a cyclic nature. Each specific 

stage is detailed in the following sections.  

In a simplified manner, firstly the master optimization generates an initial group of pathways (more 

correctly individuals as will be explained next) from a given set of data (e.g. decision variables – 

demand and price). The price variables are used in the unit process characterization methodology to 

select between different model configurations (or Pareto points) as mentioned in the previous section 

and their role is explained at the beginning of section 4.6. The parameter data from the models and 

the demand variables are then used by the slave optimization. The demand variables are used in the 

slave optimization for calculating the optimum pathway according to overall cost (this is will based on 

CAPEX plus OPEX – see section 4.5.3 for further explanation on demand variables and their 

relationship with virtual supply)
25

. These results are then sent back to the master optimization, and the 

master optimization selects the best, eliminates the weakest, and “breeds” a new population of 

improved pathways and the cycle repeats itself. As this is an iterative process, it stops when a 

convergence threshold is reached. 

This chapter provides a theoretical version of the framework which, by itself, might be difficult to grasp. 

Thus, the recommendation is to refer to the application section 6.3 for insights on the practical and 

step-by-step nature of the framework. The following section 4.4 overviews the master optimization, 

section 4.5 discusses the slave optimization and section 4.6 describes the unit process 

characterization.  

                                                      
24

 But they have to be independently configured – the configuration data for both the master and slave can be 
consulted in section 6.3. 
25

 The efficiency objective is controlled in the master optimization – more in section 4.4. 
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Figure 26 - Optimization framework implemented in OSMOSE 

4.4. Master optimization 

4.4.1. Brief overview of evolutionary algorithms 

To perform an evolutionary optimization, the following aspects must be defined:  

 Objectives;  

 Initial population size;  

 Maximum number of evaluations;  

 Decision variables. 

In general terms, an evolutionary algorithm is a population-based algorithm where individuals evolve 

towards a certain goal by means of operations on the population that produce new individuals and 

remove the old. The operations change the decision variables associated with each individual. 

An individual (defined in the next section for the present work) is a representation of a possible 

solution to an optimization problem. It contains the information of where the solution lies in the 

decision space of the problem and about the solution’s degree of optimality. A population is a group of 

individuals. Operators are mathematical operations on the population.  

The optimization, in simple terms, pushes the individuals towards a feasible boundary, or Pareto front, 

in order to get an optimum group of individuals, called Pareto points (see Figure 27). 
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Figure 27 – Behavior of individuals and the Pareto curve 

4.4.2. Evolutionary Algorithm – Queuing Multi-Objective Evolutionary Optimizer 

The evolutionary algorithm developed by Leyland (2002) at LENI and used in several energy related 

applications (e.g. Molyneaux et al. 2010) is the main optimizer for the framework previously proposed. 

It is a queuing multi-objective evolutionary (QMOO) algorithm which works with a population of 

potential solutions, each representing a different trade-off between objectives. 

The QMOO uses cluster analysis techniques to identify separate optimum simultaneously, preserving 

diversity and aiding the convergence of difficult to find optimum. Once normal dominance relations no 

longer discriminate sufficiently between population members, certain individuals are chosen and 

removed from the population through careful choosing, ensuring the continuity of convergence 

throughout the optimization. 

The base operation of the algorithm is to pass the individual through a series of “queues”, with various 

states: 

1. Creation – the main process of initializing a new individual with initial values, which afterwards 

is assigned. 

2. Assignment – assignment of parameters to the individual (price and demand variables), if the 

individual is the initialization phase, the assigning process chooses random parameter values 

from a range of allowed values. Once assigned, the individual is queued for evaluation. 

3. Evaluation – the individuals objective function values are evaluated (namely the cost and 

thermal efficiency), followed by a grouping and ranking states. 

4. Grouping – an individual is assigned a group and the group keeps track and defines the range 

of variation in the decision variables. Grouping depends on the objective function criteria and 

the optimizer’s algorithm. 

5. Ranking – the individuals are ranked according to the evaluation, and the highest become 

eligible to be “parents” for new individuals. 

6. Removal – individuals found to be “lacking” (e.g. duplicate of another individual, very low rank) 

it is “killed” and removed from the group. 
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These states are sequentially run for the individuals during the master optimization. 

Before starting the algorithm certain optimization parameters need to be set, i.e. initial population size, 

decision variable interval, maximum number of iterations, number of groups and objectives. 

Within the scope of the present optimization framework, an individual is a collection of data or 

parameters (or more simply just series of numbers), which until assignment (state 2) consists of 

decision variables (i.e. biomass, prices and demands) and after the unit process characterization and 

slave optimization consists of objective criteria (i.e. cost and efficiency) and associated unit process 

multipliers (these are essentially the previously defined pathways – explained in section 4.5) in 

addition to the previous data.
 26

 

Referring to Figure 28, in the current framework states 1 and 2 are run at initialization and an initial 

population (defined by the user) is created and the decision variables are assigned according to an 

interval range (defined by user). At this point, each individual only has a set of decision variables 

associated (i.e. a set of prices and demand variables). For example state 1 generates 100 individuals, 

individual 1’s state 2 assigns 3 variables – e.g. price of biomass, 0.05 cents/kg; demand of electricity, 

50 MW; demand of heat, 25 MW. Individual 2 has other values for the same three set of decision 

variables.  

The price data of the individual is sent to the unit process characterization methodology, and the 

demand variables are sent the slave optimization. The process characterization methodology retrieves 

data from technology models, updates their economic parameters and uses the price data to “shuffle” 

between different process configuration alternatives, selecting the best to be sent to the slave 

optimization. When the slave optimization receives the data from the unit process characterization 

methodology, the MILP optimization starts operating. 

The slave optimization provides, for each individual, a value for cost and efficiency relative to the input 

from the unit process characterization methodology and demand/biomass variables as well as the 

multiplier for each unit process (these basically say which processes are in operation for the calculated 

cost and efficiency). The cost and efficiency are then sent back to the evolutionary algorithm and each 

individual is evaluated (state 3) according to these two objectives and the cycle continues. A more 

detailed and technical review of the evolutionary algorithm’s operation can be consulted in the work by 

Leyland (2002).  

                                                      
26

 From this point on the term individual is used interchangeably with pathway for simplicity, although the reader 
must remember that the individual has several additional parameters besides the pathway.  
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Figure 28 – Queuing multi-objective evolutionary optimizer framework 

 

4.4.3. Initial input data and logic behind the optimization 

Each iteration of the evolutionary algorithm produces new pathways from the old, improving them and 

pushing them towards the Pareto optimum. This improvement occurs through changing the decision 

variables defined for the optimization – which are demand and price. 

An important point that needs mentioning is that this optimization calculates the optimum pathway in 

function of an input of available lignocellulose. Given an amount of lignocellulosic biomass, the system 

will construct a Pareto front of pathway combinations whilst trying to balance two conflicting objectives.  

Given an initial input of available biomass, the master decision variables – product demand, product 

and raw material prices, together with the objectives, initial population size and maximum number of 

evaluations – allow the evolutionary algorithm to begin its optimization. An initial population is 

generated, assigned decision variables and every individual goes through the unit process 

characterization and slave optimization to become a solution. Afterwards these solutions are returned 

to the master optimizer and the algorithm proceeds with operations on the population (evaluation, 

grouping, ranking, removal and new creations), keeping this cyclic nature until converging through a 

threshold of optimum, or reaching a maximum number of evaluations. 

The master decision variables are defined by a limited interval, where they can alternate usually 

between two logically feasible values. During the optimization, as new and improved individuals are 

created, variables such as demand and price will continually change in the interval. These changes 
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directly translate to a better solution for the new individuals, and this concept of interval will be used to 

define the slave optimization’s virtual supply (section 4.5.3). 

The main idea of the decision variables interval is that the convergence of optimum will be based on 

the values they have in the last surviving individuals. For the demand variables this means that 

through the process of renewal and elimination of individuals they will converge to an optimum 

demand. Although a concept like optimum demand might not make much sense, what it will represent 

at the end will actually be the optimum production for each product, for a given fixed amount of 

lignocellulose. For the price variables, applying the same idea, at the end of the optimization they will 

represent the optimum internal price chargeable for that product so as to keep costs at minimum and 

efficiency at maximum. 

The previously mentioned idea is a little hard to grasp but essential to understand the overall logic in 

the optimization framework. This idea will be mentioned again the following two sections and made 

explicit in the step-by-step application in chapter 6. The following section discusses the slave 

optimization. 

4.5. Slave optimization 

The slave optimization is solved using Mixed Integer Linear Programming (MILP), considering a cost 

minimization objective. The optimization calculates the optimum sizing of the unit processes in order to 

satisfy the demand, taking into account the defined available lignocellulose. The optimum sizing is 

given through the decision variables called multiplication factors. 

The first stage of the slave optimization is the pre-processing, or basic loading of data. In this stage 

the fundamental importance is given to unit process parameter loading. This subject is better 

described in the unit process characterization section of this chapter. 

In the master optimization, every individual had variables that defined it, namely demand and price 

variables. The price variables are sent to the unit process characterization methodology while the 

demand variables are sent directly to the slave optimization. The solution of each individual or 

pathway is provided by the slave optimization in the form of multiplication factor or sizing units – and it 

is in this optimization that the actual pathway is defined. The concept is addressed in section 4.5.2. 

The key instrument in this optimization inherited from the master are the demand variables. The slave 

optimization functions with the logic of fulfilling a given fixed demand, and fixed input, while changing 

the capacity, and at the same time minimizing costs. Since the demand variables are generated at the 

master level, this sometimes creates situations of unfeasibility. This occurs for situations when the 

optimizer is trying to fulfill more demand than available biomass – this situation is addressed in section 

4.5.3 with the concept of virtual supply. 

After the optimization is carried out, the results given are of multiplication factors, which need to be 

transformed into cost and efficiency values to be sent back to the master. This is done in the post-
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processing stage of the optimization. In this stage special attention needs to be taken to the non-linear 

growth of capital asset sizing, following the works of Ulrich (1984). 

The general overview of unit processes present in the slave optimization are discussed in chapter 5 

and Figure 35. 
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Figure 35 - Unit process models integrated in framework 

 

 

4.5.1. Pre-processing 

The pre-processing (refer to Figure 26) in the slave optimization receives the demand decision 

variables from the master optimization and the unit process data. Although there is differentiation in 

the framework between the unit process characterization methodology and the pre-processing – to 

highlight the fact that this is custom development – computationally, the stages defined in the 

characterization methodology actually take place at the same time as the slave optimization pre-

processing stage. It is a sort of “booting up” of the slave optimization, where all the data needed is 

loaded. 

4.5.2. Unit process sizing 

The optimum production is the goal of the master optimization, in the slave optimization this is 

translated through unit process model sizing (or multipliers as previously mentioned). The sizing tells 

which unit processes were used to fulfill product demand, in effect revealing the pathway chosen. The 

sizing can be based on cost data, efficiency or environmental impact parameters.  
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The sizing itself of a unit process model is given by multiplication factors. Consider Figure 29’s 

example, where an SNG co-production model is defined with a reference input of 10 MW of biomass 

and a reference output of 3 MW of electricity and 6 MW of SNG. The available lignocellulose is defined 

as being 20 MW, and the demands of electricity and SNG are defined as 6 MW and 12 MW 

respectively. In this simple case the unit process would only need to double its reference size to 

accommodate the supply and demand. Thus, in this example, the multiplication factor would be 2 (3x2 

for electricity and 6x2 for SNG). 

SNG co-production
Unit Technology 

Model
(MW)

Reference input biomass = 10
Reference output electricity = 3

Reference output SNG = 6

Lignocellulose
(MW)

SNG Demand
(MW) 

Electricity 
Demand 

(MW)

20

6

12

Multiplication factor = 2
 

Figure 29 - Example of multiplication factors 

Another aspect to consider in the slave optimization is the virtual supply. The virtual supply was 

created to fulfill a convergence need of the model. It is explained in the following section. 

4.5.3. Demand variables and the virtual supply 

Consider that there is 20 megawatt of available lignocellulose, the same as in the previous example. 

Now imagine that we have 4 product demands that we need to fulfill – electricity, synthetic natural gas, 

methanol and Fischer Tropsch fuels. The products are defined by their demand decision variables, 

defined in the master optimization (although not a decision variable, the available lignocellulose is also 

defined there). They are set to vary in an interval between zero and the amount of available 

lignocellulose (in this case, 20 megawatt). Although this is being considered as an example, the 

demand decision variables are always set to vary between 0 and the maximum available biomass – 

this done as the optimization logic in order to provide every product a chance to maximize the 

outcome. For instance, it could be possible that the 20 megawatt of lignocellulose would be better 

converted entirely into 20 megawatt of electricity and none of the other products. This interval 

definition allows these possibilities, and it never makes sense to have product demand variables larger 

than the available lignocellulose. This information is then sent to the slave optimization.  

During the first cycle of the framework optimization
27

, the slave optimization receives the 20 megawatt 

of available lignocellulose and sets a random value between 0 and 20 megawatt for each of the 

demand variables – for the sake of this example let us consider that every demand was randomly 

chosen to be 10 megawatt. The slave optimization receives this information and optimizes with the 

                                                      
27

 In the first cycle there are no previous values for the variables for the evolutionary algorithm to make 
operations. Thus in this first cycle, these variables are created randomly within the defined interval. Afterwards the 
algorithm’s operations in every cycle change these variables with new individuals, and they in turn, change the 
slave optimization, which provides the solution for each individual. 



44 
 

following logic – for the 20 megawatt of available biomass, the 4 product demands are attempted to be 

fulfilled. The slave thus tries to fulfill the 4 demands types (i.e. Electricity, SNG, MeOH and FT fuels) of 

10 megawatts, meaning an aggregate of 40 megawatt of demand. But the available lignocellulose is 

only 20 megawatt, how then can it hope to fulfill double of its the value, without even considering 

efficiency losses? By itself this would be unfeasible – in practice what happens is the optimization 

results in non-convergence. To overcome this slight hiccup, a virtual supply is created (see Figure 32). 

Still considering the previous example, the slave optimization tries to fulfill the demand that ranks 

higher in terms of cost and efficiency, and when its unable to fulfill the rest due to lack of 

lignocellulose, gives up. The virtual supply works as a fictitious or exterior supply to force the 

optimization to converge. Consider Figure 30, which illustrates the example we’ve been discussing. 

Imagine that the slave optimization decided that the optimum was to produce 6 megawatt of electricity, 

7 of synthetic natural gas and 4 of methanol. The rest is provided by virtual supply. 

The virtual supply has multiplication factors associated, defining its size. The concept is similar as 

previously explained but the reference is always defined for 1 MW, thus the multiplication factor is the 

direct indication of the supply used (Figure 31). The virtual supply has no interaction with the unit 

process models, and this is useful for separating the different demands in the post-processing, which 

will be explained afterwards. 

Platform Technologies
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Figure 30 - Example of virtual supply in slave optimization 
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Figure 31 - Example of multiplication factors in virtual supply 

To avoid any problems, such as the virtual supply satisfying the entire demand, its costs are set very 

high, and they are not considered for the calculations regarding the optimization objectives. 

After the optimization has had several iterations, the initially randomly selected demand variables will 

“converge” to an optimum value. This will occur because they will be directly linked to the cost and 

efficiency objectives. The master optimization, in order to improve the objectives defined, will keep 

changing the populations’ variables, and thus, after several iterations, the demand variables will start 

converging to an optimum level for cost and efficiency. This is the reason for selecting an interval 

ranging from zero and the available lignocellulose – this allows the optimization the freedom to select 

any potential product or combination of products as optimum.  

Although they are defined as “demand” variables, for the sake of the traditional MILP nomenclature, 

they actually represent the optimum production. 

4.5.4. Mathematical model 

Considering a 1 to 1 relationship, i.e. no combinatorial scenarios and no storages in the form of layers, 

the logic of the slave optimization can be described as the following MILP: 

          (    ) (5) 

             

 (   )    (6) 

 ( )    (7) 

        

 X and Y are the vector decision variables for the problem: 

 X = x1, x2, … , xn – where xi is the multiplication factor for unit process i and n is the number of 

unit process models; 

 Y = y1, y2, … , ym – where yi is the multiplication factor for the virtual supply i and m is the 

number of virtual supply models. 

 f(X, MY) is the total cost function that associates the X and Y multiplication factors with the 

respective unit process cost. Each unit process has a reference total cost associated, that was 

calculated in the Pareto integration methodology. The M stands for a very high cost factor, which is 
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purposely associated with the virtual supply in order to promote the use of the X multiplication 

factors; 

 g(X, Y) is the total output function that associates with the X and Y multiplication factors with the 

respective outputs of the unit process; 

 D is the total demand variable, which is defined in the master optimization; 

 h(X) is the total input function that associates the X multiplication factors with the respective inputs 

of the unit process. The virtual multiplication factors Y are only defined as having outputs, as they 

don’t associate with unit processes; 

 S is the total supply variable, the main parameter here being the lignocellulose, but there can be 

others. 

This model is for descriptive purposes in order to define the concept of virtual supply and multiplication 

factors within a Mixed Integer Linear Programming model. It is a simple optimization problem as it is 

defined. The actual optimization used by OSMOSE, although following the general idea of this model, 

is done a little differently, using layers, units and processes entities which are defined in the OSMOSE 

programming code. For more information regarding this optimization, see the work of Bolliger (2012) 

under energy integration. 

4.5.5. Post-processing 

Each individual in the master optimization runs the slave optimization iteratively in order to calculate 

the required multiplication factors. These multiplication factors are afterwards used in a post-

processing phase for cost and objective calculation for evaluation in the master. 

Post processing in the optimization has three major operations: capital cost scaling, total operation 

and investment cost calculation and total efficiency calculation. 

Capital cost scaling 

Considering the works of Ulrich (1984) in process design and economics, the capital costs of chemical 

installations scale non-linearly as the input increases. The optimization, however, linearly scales the 

cost factors, thus scale corrections are done to ensure the non-linearity of the capital cost scaling.  

Based on the cost regression estimated from the works of Gassner & Maréchal (2012) on the SNG 

model (Figure 32), the capital costs of processes scaling is estimated according to the CFB-O2 

regression. 

If the sizing of the unit process after optimization is superior to 20 MW, the regression factor 0,73 with 

a coefficient of determination of 0,98 is applied for scaling: 
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If it is lower than 20 MW the regression factor applied is 0,6 with a coefficient of determination of 0,99: 

                                        (
                     

         
)
   

 (9) 

 

Figure 32 - Cost correlation for two exemplary process configurations (Gassner & Maréchal 2012) 
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Total operation and investment cost calculation 

After the capital scaling, the post-processing calculates the total investment and operation cost for all 

unit process models. The operation cost considered from the unit processes is only the fixed part, the 

maintenance and labor. The actual operation costs come from the resources that are defined by the 

amount used, times the price. For instance, the lignocellulose amount is already defined, as is the 

price. For other resources the procedure is similar. It is important to mention that the cost calculation 

defined here is only for the unit process models, as the virtual costs are not considered. 

                      ∑  

 

   

                      (10) 

                    

  ∑  

 

   

 (                                    )

  ∑              

 

   

 

(11) 

                                                      (12) 

 

Total efficiency calculation 

Finally the energetic efficiency calculation is realized through the following formula: 

                            
                                         

                                       
 
 ( )

 ( )
 

 

(13) 

The energetic efficiency and total cost values are sent to the master optimization for evaluation. The 

master optimization evaluates these objectives and performs operations on the population in order to 

improve these objectives. What eventually happens is that, once one objective is improved, the other 

will decrease. This duality in objectives is what will give rise to the Pareto curve, which in essence is a 

trade-off curve between two objectives. 

When the number of evaluations (or iterations) is reached or the algorithm has neared an optimum 

threshold (predefined in the algorithm), the optimization framework finishes and a Pareto curve is 

displayed as result. 

4.6. Unit process characterization methodology 

The search for the optimum pathway is done by comparing the results amongst several alternative unit 

process models (e.g. Synthetic Natural Gas, Methanol, Hydrogen). These unit process models were 

built by several PhD students in the Wood2Chem project. Some examples include the works of Gerber 

et al. (2012), Gerber et al. (2011) and Peduzzi et al. (2013).  

These unit processes were previously optimized, according to different technological configurations, 

product outcome, and other specific factors. This means that the availability of unit process data is in 
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the form of optimization results, namely Pareto fronts similar to the outcome this framework. The unit 

processes are optimized for two conflicting objectives, for combinations of cost, efficiency or 

environmental impact.  

One of the central developments in this master dissertation is the unit process characterization 

method. This method integrates the unit process data in the framework as parameter data for 

optimization. The important aspect is the methodology of this method, which can later be adapted to 

suit various needs or changed/improved depending on future demands. 

The major challenge of this methodology lays in the fact that the optimization framework only allowed 

one state or one set of conditions to define a unit process. For unit process data given in Pareto fronts, 

where each point had a distinct state and configuration, this proved problematic, because all the data 

needed to be included in the framework optimization. 

The reasoning in this methodology is to evaluate all the points in a curve or several sets of curves, to 

find the best candidate to represent the unit process – according to a single predefined criterion. The 

criteria chosen to leverage efficiency and cost is the economic breakeven. To avoid creating a static 

best point from the rich selection of data, price variables from the master are used as degrees of 

freedom. 

4.6.1. Price decision variables 

The aim is to have the best candidate point change every iteration with the help of price decision 

variables sent from the master optimization – in this manner, although indirectly, the entire Pareto front 

of the unit process model is covered in the optimization.  

There are also two types of prices to consider. One are the prices which are decision variables, they 

are related to the final product pricing. Other prices are the raw material prices which are also 

introduced in the framework but are not decision variables. These raw material prices are static, and 

should be updated reflecting the current worldwide conditions. They are used to update the operating 

costs of the unit process alternatives to better reflect the present situation. For instance, a previous 

configuration which used to dominate because of efficiency and high reliance on cheap electricity 

might be overthrown by another configuration that, although less efficient, generates electricity from 

heat from rising electricity prices. 

The master price decision variables defined in the master optimization serve three functions in the 

Pareto integration methodology: provide degrees of freedom for the unit process Pareto data analysis, 

serve as internal price indicator, update the operating cost calculation of the model. 

Provide degrees of freedom for the unit process Pareto data analysis 

Every unit process Pareto curve – being the optimal tradeoffs of either different technologies or 

different configurations of the same technology – has optimal solutions that consider different levels of 

the pre-defined objectives. It is then, imperative to evaluate most of them, if not all, in the optimization, 

instead of a static point. 
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The best point evaluation is done considering an economic breakeven, which depends on the price of 

raw material (variable costs), the price of the product and the fixed capital costs (Equation (24)). By 

having the prices as decision variables in the master, we make them change in every iteration 

(according to the best interests of the algorithms population ranking), affecting the breakeven and 

consequently the best candidate point. This degree of freedom allows the best candidate point in each 

individual to have the potential to be different. This creates one possible manner of “dipping our 

hands” in the database and mixing things up in order to evaluate the best options for our framework 

optimization.  

Other criterion besides economic breakeven might also be considered, potentially even with the 

interaction of other decision variables. The importance is the method in which this is being done, and 

not the actual choice of criterion. 

Serve as internal price indicators for the unit process models 

As the optimization carries on, the master product price decision variable will converge to an optimum 

price. That price will represent the optimum at which a particular unit process configuration will be 

chosen and contribute to the overall optimization’s cost minimization and efficiency maximization. This 

means that, for that product, it will be the minimum price that the product could, theoretically, be sold 

for. 

Update the operating cost calculation of the model 

The operating cost calculated on the Pareto points of the unit process model needs to be updated to 

account for economic changes (e.g. update on the price of biomass). Thus, a recalculation of the 

operation cost needs to be elaborated for these models.  

4.6.2. Methodology 

There are 3 main steps that compose the unit process characterization methodology: data extraction, 

cost recalculation and best point selection. The overall schematic is shown in Figure 33. 

Data 
extraction

Unit process characterization methodology

Cost 
recalculation

Model data
Best point 
selection

Pre-
processing 

File

Slave 
optimization

Price decision 
variables

 

Figure 33 - Unit process characterization methodology 

This entire process occurs during the pre-processing stage of the slave optimization, as this is a 

means of loading all the necessary data to the slave optimization. 

The first step of the methodology is extracting the information from the unit process data. Then a 

recalculation is done on the cost data for update. Afterwards a best point is selected, according to the 
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economic breakeven – see below. Following that, the information is stored in a pre-processing file to 

be used in the slave optimization. 

Data Extraction 

In a unit process model with data given in Pareto points, every point has several internal parameters 

defined, such as how much the input/output was or what was the cost. But it also has all the 

associated thermodynamic information of the process: the thermodynamic efficiencies, the 

temperatures, pressures, quality of streams, lower heating values of streams, etc. These internal 

parameters are also called tags. As the optimization only requires the frontier data of the model, its 

correct definition must first be undertaken and only the frontier description is taken into account.  

As an example, consider Figure 34 which shows the overall unit process model of the Methanol 

production. There are several internal sub-processes associated that aren’t required for pathway 

optimization, because the information they provide is only related to the internal behavior of the model. 

The frontier data we can extract from this model are: Biomass (going in); MeOH (going out); Electricity 

(going in and out), Waste Production and Waste Heat (going out), Steam and Oxygen (going in). The 

information of how much is going in or out can be provided by the respective tags associated with the 

Pareto points provided. 

In this model, there are 1153 tags of information encompassing different internal parameters of the 

unit process model. Each tag is associated with 105 Pareto points, contemplating the Pareto curve. 

The Synthetic Natural Gas unit process is composed of a database of different configurations, having 

circa 124 Pareto curves. Due to these relative high amounts of data, it becomes necessary to filter 

only the essential data tags for the pathway optimization. This is done by retrieving only the essential 

frontier tags from the model – as shown below.  The important tags to select are the ones which have 

external contact from the model (e.g. biomass, MeOH, electricity). As a requirement, before every unit 

process integration, a careful analysis of the unit process flows is required. 

 

Figure 34 - Methanol Heat Integration Model (Peduzzi et al. 2013) 
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Cost recalculations 

A cost recalculation is necessary for present date update, to account for the changing economic 

conditions. This is done because the unit process models are optimized in a different time frame. And 

here is where the price data provided by the master decision variables are used according to the three 

uses previously defined.  

The recalculation is done for the operating costs, which encompass all the input materials for the unit 

process model (see Equation (14)). They are usually comprised of labor (Equations (15) and (16)), 

maintenance (Equation (17)), lignocellulose (Equation (18)) and electricity costs (Equation (19)), but 

can change depending on the model specificities (some unit processes may have additional raw 

material requirements e.g. oxygen, diesel for energy/heat, etc.). 

To complement these calculations, the yearly costs (Equations (20) and (21)) and the cost per kWh 

(Equations (22) and (23)) are also updated. 

Operation cost calculations 
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 4,56 is a scaling factor to take shifts into account, from LENI estimates; Annual Salary is a slave optimization 
parameter, see Table 12. 
29

 Nº of operators is a slave optimization parameter, see Table 12; Input Lignocellulose is a tag from the model. 
30

 Yearly maintenance costs are estimated by LENI to be 5% of total capital cost; Total capital cost is retrieved as 
a tag from the model. 
31

 Lignocellulose price and year hours are parameters of the slave optimization. 
32

 If net electricity > 0, it was produced, hence price used is the producer price. If negative, it was consumed, thus 
the price used is the bought (or grid) price. 
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Overall cost calculation 
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Best point selection 

The best point evaluation is done through the use of the economic breakeven calculation (Equations 

(24) and (25)). The selection is done with the point having the highest breakeven.  
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Breakeven provides an evaluation considering operating cost and production (in the variable cost), the 

investment cost, the interest rate and lifetime (in the annualized investment cost) and the exterior 

price. This is the reason why this evaluation criterion was selected for comparison between the various 

points. 

Afterwards, the data from the unit process Pareto point selected is used to generate the unit process 

parameters that will be sent to the slave optimization. These operations are compiled in a Matlab file 

and used as a pre-processing file in the slave optimization. Appendix 1 provides the technical version 

of this section. 
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4.7. Chapter conclusion 

Referring back to Figure 26, the framework described has three main components, the master 

optimization, the unit process characterization methodology and the slave optimization. Each was 

described as was the interactions between them and considerations for the optimization were also 

discussed. 

Reviewing, at first in the master optimization a number of decision variables are set for demand and 

price for the multi-objective master optimizer. The master is solved using an evolutionary algorithm 

developed by Leyland (2002). The price variables are sent to the unit process characterization 

methodology and the demand variables are sent to the slave optimization. 

Afterwards, in the unit process characterization methodology, a superstructure of the different 

technological pathways is built and the thermo-economic models are incorporated in the framework. 

The energy and mass flow data are used to compute a slave optimization which calculates the 

combined production by minimizing the operating and capital costs. This optimization is solved as a 

Mixed Integer Linear Programming (MILP) sub-problem, where the decision variables are the demand 

rates of the different products in the superstructure. Afterwards, the model sizing are used in a post-

processing phase to estimate the cost and evaluate the performance of the pathway.  

The results are then sent to the master optimizer for iterative solving. When the algorithm, using the 

gap criteria, has converged, a Pareto curve is generated to display the results. 

In an overall description, the framework produces a Pareto front of optimal pathways for a pre-

determined amount of biomass, considering cost minimization and efficiency maximization. 

The main focus of this present work was the development of the unit process characterization 

methodology, which provides the unit process model data being used in the optimization. There were 

three main steps in the methodology: data extraction, cost recalculation and best point selection. Each 

was described, as were the calculations done in the respective steps. 

The next chapter provides a definition of the unit process models and the next an application of the 

framework optimization. 
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5. Platform process models 

5.1. Introduction 

This chapter describes the unit process models in the platform, from the simple boiler model to the 

complex SNG database and the unit process characterization methodology applied to them. 

The unit process models used in this platform are based on the works developed by PhD students at 

LENI, ETHZ and Wood2Chem partner institutions. These models are usually created using Belsim’s 

VALI
33

 or Aspen software, and optimized using a master and slave framework similar to the one used 

and described in the previous chapter (see Gassner et al., 2009, Peduzzi et al., 2013, among others). 

The results, and all associated information, are available in the form of Pareto point results. The 

models used in this platform are optimized for minimization of cost, environmental impact or 

maximization of efficiency. 

As mentioned the highlight of this work is the unit process characterization methodology, as this is the 

focus of this thesis. This methodology allows these models to be integrated in the optimization 

framework. The clearest contribution of this methodology came through the integration of the SNG unit 

technology result database. This database, result from the works of Gassner & Maréchal (2012) that 

provided several combinations of process configurations and technology, resulting in over 120 Pareto 

curves. Figure 35 illustrates an overview of the different unit process models that were integrated: a 

single unit model; a syngas model based on the interaction of several unit models; the single Pareto 

point of the FT process; a Pareto curve in the MeOH process; and finally, the integration of the SNG 

database, composed of over 120 Pareto curves. As it stands, there are no flow exchanges between 

the different models, although this might change in the future. 

In every unit process there is a different output, that may be measurable in cubic meters, kilograms or 

watts (in the case of electricity). To make the results comparable, and to create a uniform 

measurement of the material streams within the framework, it was decided that kilowatt would be the 

overall unit to represent them. The conversion of kilogram and cubic meter units to kW is made using 

the respective substance’s lower heating value (LHV) and specific weight. 

The following sections describe each of the technology model integrated following the order shown in 

Figure 35. 

                                                      
33

 VALI is a flowsheeting software produced by the Belgium company Belsim – the initial unit process models 

were optimized using this software.   
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Figure 35 - Unit process models integrated in framework 

 

5.2. Boiler model 

A boiler is a closed vessel in which water or other fluid is heated. The fluid does not necessary boil. 

The heated or vaporized fluid exits the boiler for use in various processes or heating applications, 

including central heating or boiler-based power generation. 

The boiler model was the first to be integrated and tested in this framework. The unit process models 

are integrated using a LENI developed programming language called Energy Technologies (Bolliger 

2012). This language is used throughout the framework to describe the models. This process model is 

an adaptation from a VALI model. This model was adapted using a pre-defined system state
34

 

optimized in the VALI software. 

As it is not part of the scope of this description to elaborate on the model’s programming code, a 

broader overview is considered. Figure 36 represents an overview of the boiler unit process model, 

with boundary interactions. There is a material wood stream entering the model while an energy heat 

stream leaves it. Internally there are parameters (or tags – total capital cost, maximum internal 

temperature, heat transfer, etc.) defined for the model.  

                                                      
34

 A fully defined system state, where all the variables are known.  
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Figure 36 - Schematic representation of the Boiler model 

Each unit process model has reference parameters, which define the model. For example, the 

reference input wood can be 15 megawatt and the heat produced 12 megawatt – all other scaling is 

done according to the reference values of a model. For the reference frontier definition, the boiler has 

the parameters defined in Table 3. 

Table 3 – Reference values for biomass boiler 

 Value 

Input 9,519 kW of biomass 

Output 
6,080 kW from convection 

2,297 kW from radiation 

Capital Cost 8,061,400 USD 

Maintenance Cost 403,070 USD per year 

 

For the output, there are two hot streams, one for the heat transferred through radiation and another 

through convection. From the Input and Output defined, the efficiency is 88 per cent. The boiler cost 

was estimated using cost functions from Ulrich (1984). 

5.3. Syngas model 

Syngas, or synthesis gas, is a fuel gas mixture consisting primarily of hydrogen, carbon monoxide, and 

some traces of carbon dioxide. The name comes from its use as intermediates in creating synthetic 

natural gas (SNG) and for producing ammonia or methanol (Beychok 1975). Syngas is also used as a 

intermediate in producing synthetic petroleum for use as a fuel or lubricant via the Fischer-Tropsch 

process and previously the Mobil methanol to gasoline process. Syngas is combustible and often used 

as a fuel of internal combustion engines. It has less than half the energy density of natural gas. 

Production methods include steam reforming of natural gas or liquid hydrocarbons to produce 

hydrogen, the gasification of coal, biomass and in some type of waste-to-energy gasification facilities. 

The Syngas group was initially comprised of several technology models, as shown in Figure 37. After 

optimizing the group several times, it became clear that the preferred method for the production of 
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Syngas – according to the supplied models and cost minimization objectives – was through the use of 

an air dryer and a steam gasifier. The gas turbine was used in larger scales, while the engine was 

preferred in smaller scales.  

Steam dryer
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Boiler

Air dryer

Steam 
gasifier

Air gasifier

Gas turbine

Gas engine
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Figure 37 - Initial configuration of the Syngas group 

The syngas boiler was added specifically to provide heat for this system, not allowing heat exchange 

between the industrial boiler, because such an integration is unfeasible. The models also consumed 

electricity, but it was assumed that the electricity produced is used for the system itself, thus not 

requiring external sources. 

Each unit process has cost calculations and recalculations. These calculations are relevant for the pre-

processing and post-processing of the slave optimization (see Figure 38). The total cost calculations 

are post-processing steps applied to all unit technologies. 

Resources Products

Post-processing
The investment costs are recalculated  for 
the calculated multiplication factor and 
scaled for non-linearity.

Pre-processing
The investment costs are calculated for a 
default size and sent to the model.

Unit Process Model
- Includes investment costs and specific 
costs (e.g. Maintenance and labour)

- Investment costs are scaled linearly 
during the slave optimization

 

Figure 38 - Cost calculation structure in a unit process 
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The following parameters are defined as the reference process definitions (see Table 4 to Table 7). 

Table 4 – Reference values for the air dryer Table 5 – Reference values for steam gasifier 

 Value  Value 

Input 

18,904 kW of Biomass 

2,842 kW of Heat 

166 kW of Electricity 

Input 
22,872 kW of Dry Biomass 

2,204 kW of Heat 

Output 
18,297 kW of Dry biomass 

2,089 kW of Excess heat 
Output 22,838 kW of Syngas 

Capital Cost 293,830 USD Capital Cost 5,673,900 USD 

Maintenance Cost 14,691 USD per year Maintenance Cost 283,695 USD per year 

 

Table 6 – Reference values for biogas engine Table 7 – Reference values for biogas turbine 

 Value  Value 

Input 14,877 kW of Biogas Input 12,196 kW of Biogas 

Output 
5,000 kW of Electricity 

6,345 kW of Heat 
Output 

3,046 kW of Electricity 

7,271 kW of Heat 

Capital Cost 7,304,700 USD Capital Cost 9,279,100 USD 

Maintenance Cost 365,235 USD per year Maintenance Cost 463,955 USD per year 

 

5.4. Synthetic natural gas (SNG) model 

Synthetic natural gas is a fuel gas that can be produced from fossil fuels such as lignite coal or 

biofuels. In this case, this is a renewable natural gas or bio-synthetic natural gas, which is a biogas 

that has been upgraded to a quality similar to fossil fuel natural gas. A biogas is a methane gas 

obtained from biomass by anaerobic digestion with fermentation or bacteria. It is composed mainly of 

methane, carbon dioxide and small amount of hydrogen sulphite.  

The Integration of the Synthetic Natural Gas (SNG) database, created by Gassner & Maréchal, (2009) 

is one of the developments of this work. The models in the Wood2Chem project are also developed in 

this manner, so besides integrating the database, a working methodology had to be developed. 

The current technology relies on oxygen gasification in high temperatures and high pressure. 

Gasification of wood is an endothermal process where solid macromolecules are broken into mainly 

hydrogen, carbon monoxide, hydrocarbons, tars and ash. The model studies two main different types 

of gasifiers: an indirectly heated, steam blown fast internally circulating fluidized bed (FICFB) 

gasification operating at around 850ºC and atmospheric pressure; and another directly heated, steam-

oxygen blown, pressurized circulating CFB gasification operating at around 800ºC. Further information 

about the production process can be reviewed in the corresponding work (Gassner & Maréchal 2009). 
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The SNG database has circa 124 different configurations, each a Pareto curve, each curve containing 

from 70 to 90 points and each with over 500 tags of information (reminder – tags are internal 

parameters of unit processes). The challenge was to include the analysis of all these points for the 

optimization. Besides this integration, a cost recalculation was also necessary to update the 

operational costs for current working conditions.  

The strategy formulated to tackle this challenge was the creation of an integration methodology. The 

methodology was described in chapter 4. Figure 39 represents the unit characterization methodology 

from the unit process viewpoint, connecting it with the cost calculation processing description from 

Figure 38. 
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Figure 39 - Overview of Unit process characterization methodology 

The possible configurations were separated into 4 main groups: the circulating fluidized bed with 

oxygen feed (CFBO2); the fast internally circulating fluidized bed (FICFB); the pressurized fast 

internally circulating fluidized bed (pFICFB); and the pressurized fast internally circulating fluidized bed 

with a gas turbine (pFICFBgt).  

The SNG process superstructure for the circulating fluidized bed configuration can be viewed in Figure 

40. The dashed line boxes represent the alternatives for different process sections, while the dotted 

line indicates an optional unit. A frontier analysis indicates the relevant inputs of wood, oxygen and 

outputs of synthetic natural gas and carbon dioxide (Gassner & Maréchal, 2012).  

Since there are several different configurations for this unit process model,  standard reference values 

cannot be given, although the reference input for the study was always 20 megawatt. 

The bulk of the work done on this model is based on the programming code which can be consulted in 

Appendix 1. 
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Figure 40 - SNG circulating fluidized bed with oxygen process superstructure (Gassner & Maréchal 2009) 

5.5. Methanol model 

Methanol, also known as methyl alcohol, wood alcohol, wood naphtha or wood spirits, is a chemical 

with the formula CH3OH, often abbreviated MeOH). Methanol is produced in a catalytic industrial 

process directly from carbon monoxide, carbon dioxide and hydrogen – syngas. 

The process consists of an indirectly heated fast internally circulating fluidized bed (FICFB) gasifier, 

torrefaction, or an entrained flow gasifier configuration. Further process information may be consulted 

in the respective work (Peduzzi et al. 2013). The model is designed completely from Lignocellulosic 

wood to methanol. 

The MeOH process, developed by Peduzzi et al. (2013) consists of a single Pareto curve to be 

integrated. This process consumes lignocellulosic wood, oxygen and electricity, while producing 

MeOH and CO2. Electricity can either be consumed or produced according to configurations (Figure 

34). The reference size considered is 20 MW for input biomass. 

5.6. Fischer-Tropsch fuels model 

The Fischer-Tropsch process is a collection of chemical reactions that convert a mixture of carbon 

monoxide and hydrogen into liquid hydrocarbons. The process, a key component of gas to liquids 

technology, produces a synthetic lubrication oil and synthetic fuel, typically from coal, natural gas, or 

biomass (Leckel 2009). The feedstock for a Fischer-Tropsch process is a source of carbon, usually in 

the form of a gas, in our case syngas – although the gasification process is included in the model. 

The FT process was based on a single Pareto point, resulting from a single objective optimization. Its 

integration was straightforward, since many developments for complicated scenario extraction were 

bypassed. This kind of integration was the original method for creating a Matlab model, where one 

point result Tags were manually introduced. The integration methodology simplifies and automates 

this process.  

This process receives Lignocellulosic wood, oxygen and electricity as either coming in or out as 

resources and sends out FT crude fuels as a product. In a later stage these fuels will be used for a 

variety of processes. 
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Table 8 – Reference values for FT process model 

 Value 

Input 

20,000 kW of biomass 

310 kW of oxygen 

2,176 kW of Electricity 

Output 9,909 kW of crude FT fuel 

Capital Cost 31,975,000 USD 

Maintenance Cost 1,598,750 USD per year 

 

5.7. Chapter conclusion 

These models define the optimization parameters of the framework. Although from different types of 

data sources (i.e. VALI model, Pareto curves) these models can be integrated by following the unit 

process characterization methodology. This methodology is appropriate for the Pareto style data, the 

VALI model data usually defines a single state, and as such, is manually integrated with the creation 

of a unit process using Energy Technologies language. 

The main restraint through these integrations, as previously discussed, is the fact of only one state 

being represented in the unit process model. Since Pareto results have many different states and 

configurations, they are indirectly included in the optimization between iterations. 

The various unit processes described in this chapter (with the exception of the SNG) are included to 

test the framework, and thus have no significance or actual impact in the final model utilization for the 

Wood2Chem framework. It is expected that further models to be integrated in the platform be similar to 

the SNG database, “feeding” to a SNG layer which then can be used for other processes. 

The main purpose of this framework is not to explore these initial transformations, which are already 

well researched, but to development an understanding of later stages and increased possibilities 

between different substances in later processes. 

As this is still a work in progress, most unit processes presented here are incomplete, and serve as 

examples of further optimization-wise and integration-wise possibilities for the further development of 

the framework. 

The next chapter presents the application of the current state of the framework with results and 

analysis to further cement the understanding of the capabilities and challenges to overcome. 
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6. Framework Application 

6.1. Introduction 

The Wood2Chem platform has the potential to have considerable impact in the context of renewable 

energy systems, aiding in the analysis of ever larger amounts of products and production pathways for 

lignocellulose-based raw materials. This framework – which is built as a basis for that platform – aims 

to provide a consistent working methodology to optimize several alternative pathway systems. 

This chapter provides a practical application for the platform, firstly describing the input values 

considered, followed up by a step-by-step explanation of the process and analysis of the results.  

The aim of this application chapter will be to explore the pathway optimization patterns of the 

framework as the level of available biomass varies.  

The following section begins the application with a definition of the optimization by providing input 

values. Afterwards a section of step-by-step optimization example will be provided, which is useful as 

a reference with chapter 4. Afterwards a section for results and analysis is considered. 

The final section discusses some considerations to be taken for the development of the platform and 

serves as conclusion for this chapter. 

6.2. Input values 

To perform the optimization, input values must be provided to the framework. The main parameter that 

must be provided is the available lignocellulosic biomass, which will be the basis for the optimization. 

For the purposes of this application, a small range of input biomass will be considered: 

Table 9 – Input Biomass variable 

Input Biomass (MW) 

1 2 5 10 20 40 60 80 100 

 

The decision variables set for the optimization are divided in two main categories, price variables and 

demand variables.  

Demand variables, defined in megawatt and set to vary between 0 and the input lignocellulosic 

biomass – Table 10.The reason for considering this interval is related to the nature of the optimization, 

as it was explained in the virtual supply section. In sum, every product demand requires the potential 

alternative of being fully supplied by the biomass at the exclusion of all alternatives. By defining such 

an interval, this alternative is provided to the optimization. 
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Price variables, defined in US Dollar per megawatt hour – Table 11. 

Table 10 – Demand decision variables Table 11 – Price decision variables 

Variable Interval (MW) Variable Interval (USD/MWh) 

Electricity [0 ; Input Biomass] Electricity bought [10 ; 200] 

Synthetic Natural Gas [0 ; Input Biomass] Electricity produced [10 ; 200] 

Methanol [0 ; Input Biomass] Synthetic Natural Gas [10 ; 200] 

Fischer-Tropsch fuels [0 ; Input Biomass] Methanol [10 ; 200] 

 

The definition of each interval in the price decision variable is related to the use each one will have in 

the framework. The realistic price changes were considered to go from 10 – 200 USD/MWh
35

. There 

were two reasons for not allowing values higher than 200 USD/MWh: they are unlikely, thus adding 

unnecessarily to the computation time; and the focus of the analysis is trying to find lower prices, not 

higher.  

Besides the input biomass and the decision variables, other optimization constants are defined: 

Table 12 – Additional parameters 

Variable Value 

Marshall and Swift Index
36

 1536.5 

Interest rate
37

 6% 

Discount period 20 years 

Plant availability
38

 90 % 

Operators
39

 4 p/shift 

Operator salary
40

 60’000 USD/year 

Maintenance costs 5%/year of Capital cost 

Biomass price
41

 65 USD/MWh 

Biodiesel price
42

 126 USD/MWh 

Maximum multiplication 

factor
43

 
200 

 

                                                      
35

 The electricity price, viewed at http://swissgrid.ch on the 6
th
 of July 2013 was 14,53 cents USD/kWh; Synthetic 

Natural Price, viewed at http://epp.eurostat.ec.europa.eu on the 15
th
 of June 2013 was 5,32 cents USD/kWh; 

Methanol, viewed at http://emsh-ngtech.com on the 15
th

 June 2013 was 9,1 USD/kWh. 
36

 Retrieved for 2012 
37

 Interest rate and discount period: estimates from LENI, based on previous works. 
38

 Plant availability refers to the yearly hours that the plant is considered to be functioning, meaning ninety percent 
of the 8760 total yearly hours. Source: estimate from LENI, based on previous works. 
39

 Full time operation requires three shifts per day. With a working time of five days per week and 48 weeks per 
year, one operator per shift corresponds to 4,56 employees. For a plant size of 20 MW; Source: estimate from 
LENI, based on previous works. 
40

 Source: estimate from LENI, based on average Swiss salary. 
41

 Source: biomassenergycentre.org.uk accessed on the 5th June 2013. 
42

 Source: www.extension.iastate.edu accessed on the 14
th

 June 2013. 
43

 The maximum multiplication factor defines the size each process unit can have above its sizing definition. It is 
an upper limiting scaling factor. It was set purposefully high so it won’t be considered a limiting factor when 
considering the optimal pathway calculation.  

http://swissgrid.ch/
http://epp.eurostat.ec.europa.eu/
http://emsh-ngtech.com/
http://biomassenergycentre.org.uk/
http://www.extension.iastate.edu/
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Each optimization was done considering total cost and total energetic efficiency objectives as 

previously defined in the post-processing section. The initial population size was set to 100 and 5000 

was the maximum number of evaluations. 

The optimization was realized on the EPFL’s Bellatrix cluster, which is a Sandy Bridge based cluster 

available to the EPFL community since January 1
st
, 2013. The cluster is composed by

44
 424 compute 

nodes, each with 2 Sandy Bridge processors running at 2.2 GHz, with 8 cores each and 32 GB of 

RAM, for a total of 6784 cores. 

6.3. Step-by-step process 

Considering Figure 26 of the overall framework, a step by step guide of the optimization process is 

described in this section. 

Initial Data 

Considering an input biomass of 20 MW for this description, every demand decision variable is defined 

in an interval between 0 and 20 MW. The price variables continue as they were defined in the previous 

section, between 10 and 200 USD/MWh, as are the additional parameters. 

Master optimization 

After the initial definitions, the master optimization goes through the first state and creates an initial 

population of 100 individuals. State 2 assigns to each individual randomly generated decision 

variables. For example, consider Table 13 and Table 14 as examples of possible values for the 

demand decision variables at this stage. On the next iterations, the creations of new individuals will 

take into account the parent and group data of the individuals. The algorithms for the decision variable 

attributions can be consulted in the respective work bibliography. 

Table 13 – Example of an individual’s initial demand variable composition 

 
Input 

Biomass 

Electricity 

demand 

Synthetic Natural Gas 

demand 

Methanol 

demand 

FT fuels 

demand 

Individual 1 20 MW 15 MW 5 MW 10 MW 20 MW 

Individual 2 20 MW 19 MW 16 MW 2 MW 1 MW 

Individual 3 20 MW 0 MW 3 MW 1 MW 2 MW 

Individual n (…) (…) (…) (…) (…) 

 

The decision variables values and the input biomass are sent to the pre-processing of the slave 

optimization while the price decision variables are sent to the Unit process characterization 

methodology. It is only after the slave optimization has finished, that the next master optimization 

states can be run. 

 

                                                      
44

 Check source material for further hardware and server architecture information - 
http://scitas.epfl.ch/resources/bellatrix/. 

http://scitas.epfl.ch/resources/bellatrix/
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Table 14 – Example of an individual’s initial price variable composition 

 Electricity bought Electricity produced SNG Methanol 

Individual 1 70 USD/MWh 140 USD/MWh 190 USD/MWh 150 USD/MWh 

Individual 2 160 USD/MWh 90 USD/MWh 50 USD/MWh 55 USD/MWh 

Individual 3 180 USD/MWh 180 USD/MWh 80 USD/MWh 110 USD/MWh 

Individual n (…) (…) (…) (…) 

 

Unit process characterization 

In the unit process characterization methodology, firstly there is data extraction from the models, and 

then a cost recalculation followed up by a best point selection. For the SNG unit process (which is 

composed of a database of Pareto curve data), there is a large amount of information which is 

extracted. Table 15 shows some of the data extracted from a single Pareto point (belonging to one of 

120 Pareto curves – each with an average of 80 points) of the pFICFB technology type. 

Table 15 – Example of extracted data from a single point from a SNG technology 

pFICFB 

Technology 

Input 

Wood 

Input 

Biodiesel 

Output 

SNG 

Total Electricity 

Balance
45

 

Energetic 

Efficiency 
TGRC

46
 Other 

Point 1 20MW 146kW 12.7MW (621.8kW) 0.76 25MUSD (…) 

(…)        

 

This is usually frontier data, but other specific internal tags such as lower heating values or mass flows 

are also important for analysis, and thus are also usually retrieved. This data is afterwards used in cost 

recalculation, resulting in operating costs, seen in Table 16 and investment cost / breakeven 

calculations, seen in  

 

Table 17. The formulas used in these calculations are defined in section 4.5.2. 

Table 16 – Example of operating cost calculation results 

pFICFB 

Technology 

Labor 

Costs 

Maintenance 

Costs 

Wood 

Costs
47

 

Electricity 

Costs 

Biodiesel 

Costs 

Operating 

Costs 

Point 1 1.094MUSD 1.25MUSD 10.25MUSD (0.69MUSD) 0.14MUSD 12 MUSD 

(…)       

 

                                                      
45

 Negative net electricity consumption means electricity was produced in this configuration, thus the costs which 
will considered will be negative according to the sale value. 
46

 Total Grass Roots Cost 
47

 The highest cost in any biorefining operation is the cost of the wood involved, as can be seen from this 
example.  

 



67 
 

 

Table 17 – Example of investment cost and breakeven calculation results 

pFICFB 

Technology 

Annualized 

Investment 

Costs 

Total Yearly 

Costs 

Total Cost per 

MWh 
Variable Cost Breakeven 

Point 1 2.18 MUSD 14.18 MUSD 142USD/MWh 120USD/MWh 3.95 MW 

(…)      

 

These calculations are realized for all points in all models (the SNG model has around 9600 points) 

the best point is selected as the one having the best breakeven. The same process is performed in all 

models of the framework with data in the form of Pareto curves or points. 

Since the external price for SNG, together with the bought and produced electricity prices are 

variables, they change throughout the optimization – affecting the breakeven calculation and allowing 

a wider selection of best points from the model. 

Slave optimization 

This integration process is then compiled in the pre-processing of the slave optimization. The slave 

optimization calculates the optimum pathway for each individual – see Figure 41 for example of 

individual 1’s optimization, looking at it through a black-box perspective. 

Platform Technologies

Electricity
SNG

MeOH
FT fuels

Input Biomass
20 MW SNG Demand 

Variable
5 MW

MeOH 
Demand 
Variable
10 MW

FT fuels 
Demand 
Variable
20 MW

Electricity 
Demand 
Variable
15 MW

1

5

2

1

Virtual Supply

19

8

0
14

 

Figure 41 - Example of a slave optimization for individual 1 

The slave optimization calculates the multipliers for each technology, according to the cost objective 

and presents these as results. The multipliers allow the identification of the optimal pathway for the 

minimization of cost while attempting to supply the required demand. Figure 42 presents an example 

of such results when considering the overall system presented in chapter 5. 
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Gas turbine
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FICFB
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pFICFB

pFICFBgt

SNG

SNG GROUP
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process

MeOH

FT fuelsFT process
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of SNG output)

Mult = 0

Mult = 0.16

Mult = 0.08

No heat considered

Mult = 0.5Mult = 0
Mult = 0

Mult = 0.43

Mult = 0.33

Mult = 0.33

2.5kW of 
Electricity

4kW of 
SNG

(assuming ref. Pareto point of 12 kW of 
MeOH output)

(assuming ref. Pareto point of 12 kW of 
FT fuels output)

2kW of 
MeOH

1kW of 
FT fuels

Electricity

 

Figure 42 – Example of multiplication factor (Mult) results for individual 1
48

 

Post-processing 

Afterwards, individual 1 goes through a post-processing phase where cost is scaled and total cost and 

efficiency are calculated. This is done for fixed costs and operational costs, keeping in mind that the 

fixed costs require non-linear scaling corrections.  

Imagine that if from the previous SNG example, Point 1 is selected as the point with the best 

breakeven (see Table 16 and  

 

Table 17). Then producing 12.7 MW of SNG would cost 14.18 million USD annually, 2.18 million USD 

of which would be the fixed investment and 12 million USD would be the operation cost. But the slave 

optimization decided that only 5 MW of SNG is worth producing.  

For the fixed costs – since 12.7 MW cost 2.18 million USD of fixed capital cost, 5 MW would cost 0.86 

million USD (see Table 18). Although calculating it this way is simple, it is not in agreement with the 

cost scaling models defined by Ulrich (1984) – where the relation in cost is not scaled linearly, thus it is 

required that these values are corrected. 

                                                      
48

 The multipliers for the VALI models were estimated using the reference values provided in chapter 5. For 
simplicity all unit process models reference input was considered 20 MW of biomass, thus 0.43+0.33+0.16+0.08 = 
1. 
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In order to use the correction equations ((6) and (7)) from chapter 5, we would need to know the 

multiplication factor. Since the reference output is 12.7 MW and the actual output is 5 MW, it is easy to 

calculate the actual multiplication factor of 0.3937 (This does not conflict with Figure 42 because that 

pathway calculation can be done for a different Pareto point. This multiplication factor is for this 

particular point). Since the reference input is 20 MW, the actual input would 7.874 MW through the 

multiplication factor. Since the actual input is lower than 20, it means the formula to be used is (6) – 

providing 14.29 million USD as the scaled capital cost, which annualized using formula 8 results in 

1,25 million USD, which is significantly higher than the previous estimation. 

For the operational costs – they are calculated linearly with the multiplication factor and the reference 

values for operational cost. 

Other than the fixed and operational cost corrections, the post processing also calculates the overall 

cost and efficiency for the results the slave optimization. Considering other costs for electricity, 

methanol and FT fuels, the following table exemplifies the total calculations done (Table 18). 

Table 18 – Example of total cost calculation in post-processing phase 

 Electricity SNG Methanol FT fuels Total 

Investment Cost 0.5 million USD 1.25 million USD 1 million USD 1 million USD 4.25 million USD 

Operational Cost 1 million USD 4.73 million USD 1,5 million USD 1 million USD 9.73 million USD 

Produced 2.5 MW 5 MW 2 MW 1 MW 13.98 million USD 

   

Efficiency is calculated considering the total amount of production over the input raw materials – for 

simplicity considering that the only raw material was 20 MW of wood, and total production was 

2.5+5+2+1 = 10.5 MW we would have an efficiency of 52.5 percent. 

Results 

The process described up to this point is common to all individuals, each with different results of cost 

and efficiency due to the different variables  attributed. This is the solution for each individual 

considered. This information is sent back to the master optimization for the next states described in 

chapter 4 – evaluation, grouping, ranking, removal and new creation, depending on highest ranked 

individuals. If we draw a graph of the individuals, considering cost and efficiency as axis, we would 

have Figure 43 as an illustration of the master optimization’s progress.  

In the initial stages, the individuals will be far from their optimum positions, but as the framework 

iteratively develops (and the evolutionary algorithm performs operations on the population), they grow 

towards the optimum position. 
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Total Cost

Overall Efficiency

Pareto Curve

 Other Individuals

Individual 1

13,84 MUSD

52,5 %

 

Figure 43 - Individuals and the Pareto curve 

6.4. Results 

The optimization for the input data shown in section 6.2 was realized for several instances of input 

biomass. The following graphs shown here represent the various Pareto curves, the optimum 

productions (demand variables) and the price variables. The data is shown with red highlights for 

discussion. 

The only data missing from this analysis are the multiplication factors, due to data retrieval problems 

from the Bellatrix and OSMOSE interaction. The retrieval required a recompute process in OSMOSE 

which couldn’t be run at the time due to programming bugs which couldn’t be solved. The solution was 

to manually retrieve the data in the master optimization files. Since the multiplication factors are 

calculated in the slave optimization and aren’t directly available in the master they have to be 

recomputed to be retrieved. It is left as one of the challenges to be overcome for the framework.   

The results presented here are for the 1 MW, 20 MW and 100 MW, the other simulations are omitted 

from here due limited scope of this analysis. They can be found in the Appendix 2. 

Pareto Result for 20 MW optimization 

For the 20 megawatt input lignocellulose, the resulting Pareto curve has the graph shown in Figure 44. 

The curve is represented in a graph that has the total annual cost (given in million US dollars) in the xx 

axis and the efficiency in yy axis. A rough outline of a curve can be observed in the graph, resembling 

the shape of a logarithm. The relation between the objectives in this graph can be explained quite 

simply by considering that the higher the efficiency of the pathway, the greater the costs. And past 

certain levels of efficiency, it becomes increasingly costly to improve. 

In this graph, there are three main groups of points to consider as interesting, marked in red. Group 1 

considers a lower end of individuals, where the cost in lowest, around 2.5 million USD and an 

efficiency of 20 to 30 per cent. Group 2 considers two points of high efficiency, where the values come 

close to 75 per cent, but where the costs are also very high, around 14 to 15 million USD. Group 3 

shows an intermediate group of points where a compromise between the two is reached, with costs 

ranging around 6 to 8 million USD and efficiencies from 60 to 70 per cent. 
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Figure 44 - Pareto Result for 20 MW optimization 

Demand variables for 20 MW optimization 

The graph in Figure 45 shows a cumulative value for the demand variables (or optimum production) 

for the population shown in the previous graph (Figure 44) drawn in function of total annual cost (given 

in million US dollars) in the xx axis and demand value (given in megawatt) in the yy axis. The legend 

also identifies each product by a different color. 

As it has been previously discussed, the demand variable will define the optimum production for the 

different individuals. As there is certain independence in the optional products in the framework (SNG 

is only produced from its own specific model, MeOH as well, etc) this graph effectively shows the 

optimum pathway on a broad level. 

Continuing the analysis from the previous graph, group 1 of points was the lower cost and lower 

efficiency group of points in the Pareto curve. On a production variable side, the optimum product for 

these points is considered to be electricity and some methanol. Since the efficiency is low, at more or 

less 20 to 30 per cent, the production resultant is around 1 megawatt of electricity and 200 kilowatt of 

MeOH. Since we’re dealing with 20 to 30 percent efficiencies, the total biomass intake was between 4 

and 6 megawatt. 

Group 2 identifies the higher efficiency points, with 14 to 15 million USD in costs. The optimum 

production in this case is mostly synthetic natural gas with cumulative production ranges of 14 to 15 

megawatt of total production. With efficiencies ranging from 70 to 80 per cent, this configuration 

maximizes the maximum available lignocellulose. 

Group 3, the previously identified as the intermediate group with costs ranging from 6 to 8 million USD 

has 4 to 6 megawatt cumulative production of mostly synthetic natural gas. With efficiencies ranging 

from 60 to 70 per cent, the biomass used will be in the ranges of 6 to 10 megawatt. 

1 

3 

2 
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Figure 45 - Demand variable result for 20 MW optimization 

Price variables for 20 MW optimization 

The price variables oscillate between the individuals, although general tendencies can be noticed for 

each product (Figure 46). The electricity produced ranges in the 0.15 USD/kWh for the lower costs 

and varies between 0.10 to 0.15 USD/kWh afterwards. The synthetic natural gas maintains a steady 

0.10 USD/kWh for most of the costs. Methanol oscillates between 0.10 USD/kWh to 0.20 USD/kWh, 

although its production isn’t very significant. The bought electricity price has no clear trend, which is 

expected, since it is supposed to simulate the variability of external electric prices.  

For the rest of the optimization, it is unfeasible to consider them all in this chapter, thus, we will look at 

the optimizations for the lowest end, 1 megawatt and the highest 100 megawatt and analyze the 

results. 

  

3 

2 

1 
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Figure 46 - Price variables for 20 MW optimization: (a) producer electricity; (b) synthetic natural gas; (c) 

methanol price; (d) grid electricity 

Pareto Result for 1 MW optimization 

For this case (Figure 47), a different Pareto curve is displayed, while the first one seems to 

encompass a single logarithmic functional, this one appears to be a concatenation of 3 logarithmic 

functions. The points of interest in this case are highlighted in red, where the curves appear to break 

and change. Group 1 is the lower end, with low costs, of about 200 thousand USD with 30 per cent 

efficiency rate. Group 2 is higher end, with above 70 per cent efficiency rates and between 2 to 2.5 

million USD in costs. Group 3 seems an interesting point with 40 per cent efficiency and close to 1.5 

million USD in costs. 

 

Figure 47 - Pareto Result for 1 MW optimization 

Demand variables for 1 MW optimization 

Observing the production levels (Figure 48), we can notice three main products, electricity, methanol 

and synthetic natural being produced for different levels of costs and efficiency. Until 30 per cent 

efficiency (group 1) electricity is preferred, up to a level of 100 kilowatt. Group 3 is the point until which 

methanol is preferred, up to 300 kilowatt with 40 per cent efficiency. Group 2 is top tier where synthetic 

2 

1 

3 
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natural gas is produced up to 700 kilowatt with around 70 per cent efficiency and total cost of 2.3 

million USD. 

 

Figure 48 - Demand variables for 1 MW optimization 

Price variables for 1 MW optimization 

Just as for the 20 megawatt case, the price (Figure 49) for producer electricity also centers on 0.15 

USD/kWh. Synthetic natural gas however, is more expensive, with values going from 0.10 to 0.20 

USD/kWh. Methanol prices fluctuate a lot, going from 0.10 USD/kWh to 0.20 USD/kWh, as does the 

electricity buying price. 

  

2 

1 

3 
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Figure 49 - Price variables for 1 MW optimization: (a) producer electricity; (b) synthetic natural gas; (c) 

methanol price; (d) grid electricity 

Pareto Result for 100 MW optimization 

For the 100 megawatt optimization (Figure 50), there are two main groups of interest, a lower end with 

50 to 60 per cent efficiency and around 15 million USD and a higher end with 70 to 80 percent 

efficiency and 60 million USD cost. 

 

Figure 50 - Pareto Result for 100 MW optimization 

Demand variables for 100 MW optimization 

For these groups, there are two main levels of productions, both with synthetic natural gas. The first 

group has about 10 to 20 megawatt, while group 2 has high 70 megawatt level productions (Figure 

51). 

1 

2 
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Figure 51 - Demand variables for 100 MW optimization 

Price variables for 100 MW optimization 

  

  

Figure 52 - Price variables for 100 MW optimization: (a) producer electricity; (b) synthetic natural gas; (c) 

methanol price; (d) grid electricity 

The electric price in this case (Figure 52) is lower than the previous cases, centering on 0.10 

USD/kWh. The price of synthetic natural gas is higher than the 20 megawatt case but lower than the 1 

megawatt case. The prices of methanol fluctuate a lot, but since the production doesn’t have much 

2 

1 
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presence, it is not significant. The grid electricity price also varies consistently amongst the different 

individuals.  

6.5. Analysis 

The three scenarios presented are discussed in the following points: 

a) SNG production wins 

It is noticeable that as the efficiency is maximized, synthetic natural gas is preferred for production. 

While with low efficiency, electricity is preferred, this can be observed especially well in the production 

profile for 1 MW. This behavior can be explained considering the following points:  

 Firstly, there are many configurations / alternatives for synthetic natural gas than there are of 

the other models, this creates a vastly larger choice array for SNG solutions; So it is far likelier 

that better alternatives are present in SNG and “beating out” other static and fixed solutions. 

 Secondly, the efficiencies of the electricity and MeOH models is much inferior than the SNG, 

which has configurations that allow efficiencies up to 75 per cent, making synthetic natural gas 

the main contender. In this case of course, even the costs can’t make up the difference except 

for very small scales as previously mentioned. 

 The small amounts of electricity always being produced are likely co-products of the SNG 

process, but since the multiplier information is not available there is no way to be sure. 

b) FT fuels overlooked 

FT fuels model is very costly on the capital side
49

 compared to the synthetic natural gas and methanol, 

reason why it is usually overlooked. And since there is only one alternative, it further adds to the 

damage. If more variety of the model data and different configurations can be integrated, it can 

become an interesting part of the framework. As it stands however, it always loses to the SNG. There 

is also no way to further add value to FT fuels, since theoretically they can be further processed and 

have better usefulness as transport fuels.  

c) Trends in prices  

The first possibility to consider when looking at prices is a random distribution, since there is no clear 

trend in prices. This might be occurring because they are not directly tied to the objectives – they 

neither influence the cost nor the efficiency. The only influence they have is to alternate between 

configuration choices in the unit process characterization methodology – through the use of 

breakeven.   

It was regarded that the price variables would give an indication of internal cost price of the 

technologies, so it was expected that they would decrease as the scale would go up, which is not what 

is verified. Regardless, some trends may be extracted for each price, although their significance is 

questionable. 

                                                      
49

 Although this is not mentioned in the work, it is data from the programming part. 
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The price of electricity decreases as the scale of production increases. There is a noticeable drop in 

prices from the 1 megawatt to 20 megawatt and further more on the 100 megawatt optimizations. This 

shows the effect of scale in the production. 

SNG price has a curious behavior, it is lowest for 20 megawatt, increasing for 100 megawatt and being 

highest on 1 megawatt. One explanation could lie on the fact of the adaptation of cost correction used 

in the post processing, as it was assumed. As the scale increases even further from the optimal 20 

megawatt, the corrections apply less and less, creating an effect and increasing overall cost for the 

SNG. 

Methanol prices oscillate significantly, but its presence is only significant for the 1 megawatt scenario. 

In that case, although oftentimes the price spikes, there is a general trend from 0.05 USD/kWh to 0.10 

USD/kWh.  

The grid electricity prices were meant to oscillate, so as to provide varied scenarios for cost and 

efficiency. In this framework, due to the predominance of the SNG model, which sometimes also 

produces electricity, reduces the effect that this variable has on the framework. 

6.6. Further Work 

Since this is a first step in the development, further work still has to be developed to improve the 

optimization. They can be summarized in the following points: 

a) Develop a superstructure of unit process models, and integrate them in the framework. With 

this, there will be considerably more alternatives to examine and a richer analysis to develop. 

The work required for this will be: i) develop the unit process models (done at LENI or ETHZ 

as part of the Wood2Chem project); ii) develop the overall superstructure (mapping the 

alternatives, and connecting the processes); iii) integrate the processes using the developed 

unit characterization methodology (as described in this work and Appendix 1). 

b) Solve the recomputation problem in Bellatrix/OSMOSE. Due to this problem, the pathway 

results were not retrievable, i.e. the slave optimization results weren’t retrievable. As this is a 

technical error (bug), this problem needs to be checked with OSMOSE programmers to figure 

out where the error may lie. 

c) Create a revenue layer in OSMOSE to better connect the master and slave optimizations, 

instead of using the virtual supply. Through a revenue layer, the optimization instead of 

minimizing cost, could maximize profit, and work with that logic instead of forcing a fulfillment 

of fixed demands. Furthermore, this development would also add a more direct significance 

to the price variables. This would require a redefinition of the master optimization variables, 

and logic. The development would have to be made through programming in OSMOSE. 

  



79 
 

7. Conclusion 

The growing levels of the population, creating a “domino-effect” on the rise of global demand of 

energy, will create a conflict with the already challenging concepts of environmental sustainability and 

climate change. Renewable energies are a potential solution for this problem and despite the 

challenges they are faced with, bio-fuels and bio-based products are predicted to be the fastest 

growers in the following years.  

In this context, the work developed in this master thesis is the cooperative development of a 

technological initiative called Wood2CHem, a decision support platform that will optimize the design 

and process systems of lignocellulose conversion pathways into bio-based products and services. The 

main purpose of this thesis work was to develop the unit process characterization methodology that 

will serve as a building block for that project. The methodology of the work was based on 6 steps: 

objective definition and conceptualization; revision of related concepts; introduction to computer tools; 

optimization framework development; unit process technology and database integration; and 

framework test and result analysis.  

The thesis context introduced the world energy background, heralding the increase in global energy 

consumption and the role of renewables in fulfilling that demand. Awareness on environmental 

concerns in the form of the Kyoto protocol was discussed, as well as recent advances in renewables 

and a definition of the biorefinery concept was given. The Wood2Chem project was described, as was 

the OSMOSE platform in which the work is done. 

The theory and literature review developed the concept of biorefineries and lignocellulose 

biorefineries, as well as providing a brief history of their development. Another important aspect which 

was discussed was the advantage of using computer aided process engineering and evolutionary 

multi-objective optimization for biorefineries from scientific literature. The resulting analysis shows how 

the work developed on this thesis has the foundation of previous research developed at EPFL. 

The optimization problem was defined, encompassing the computational framework and the master 

and slave structure. The development centered on a lignocellulose optimization framework which 

identifies the best pathway of lignocellulose utilization in a superstructure of alternative models. The 

purpose of this work was to develop a methodology for the parameterization of these models. The 

description of the master and slave optimization was provided, as was the model characterization 

methodology.  

The models currently integrated in the optimization framework are described, from the simple unit 

process models to the synthetic natural gas database. An application of the framework was developed 

exploring the cases of 20 to 100 megawatt input biomass. A step-by-step guide to the optimization 

behavior was described. The results showed a high dominance of synthetic natural gas as most 

thermally efficient and lowest costing. Further work regarding the optimization was also summarized. 
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There are several future possibilities and developments for this work after this. Integer cut constraints 

to list the best ranked pathways is already developed as of the first semester of 2014, as well as some 

initial thrusts into an overall superstructure. There is also considerable research being developed in 

analyzing succinic acid alternatives from lignocellulose as it has a relatively higher potential on the 

revenue side. 

Additional further improvements of the framework may lie in the logistic side, since it becomes 

complementary to the processual work being developed. Azcue (2013) developed a comprehensive 

model for the supply chain optimization of residual forestry biomass for Portugal. According to his 

optimization model, the operational costs of the biomass power plants were taken as a heuristic, 

considering the examples of other power plants in the country. The present work can take that model a 

little farther and provide more accurate and not only scalable costs, internal process-related 

information, but also other alternative products that could, in theory be produced. 
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Appendix 1 – Unit process characterization methodology 

The following a technical overview of the Unit process characterization methodology (also defined as 

Pareto result integration methodology), describing its development with the integration of the SNG 

database. 

The Integration of the Synthetic Natural Gas (SNG) database, created by Gassner & Maréchal, (2009) 

is one of the highlights of this work. Since that database provided MOO optimization results in the form 

of Pareto curves, integrating them as part of the pathway optimization was a crucial task to develop. 

Most of the models in development in the Wood2CHem are also developed in this manner, so besides 

integrating this database, a working methodology had to be developed. 

Pareto Results
Integration 

Methodology
Technology 

Model

 

Figure 53 – General block schematic of optimization framework 

The SNG database has circa 120 different configurations, each a Pareto curve, each curve containing 

from 70 to 80 points and each with over 500 tags of information. The challenge was to include the 

analysis of all these points for the optimization. Besides this inclusion, a cost recalculation was also 

necessary to update the cost model for current working conditions. 

The strategy formulated to tackle this challenge was the creation of a methodology: select only the 

necessary tags; identify the Tag structure in the optimization result; create a pre-Energy Integration 

model file to fulfill several functions – tag extraction, cost recalculation, best point selection and 

updating of the technology model. 

Since it isn’t feasible to directly include all the Pareto points in an optimization – as it would greatly 

hamper the computation time of the optimizer – what was decided was to indirectly analyze all 

combinations according to certain degrees of freedom. What the methodology does is, pre-

computationally (in the Pre-EI Function) extract all the necessary tags and analyze them in order to 

find the best point, (according to a pre-defined criteria) and include this point as a model in the 

optimization. 

Since the EMOO optimizer is iterative, the degrees of freedom are chosen as variables, thus allowing 

a new best point to be chosen in each iteration. This way, theoretically, all the points of the Pareto 

curve are part of the optimization. A better description can be found in the optimization chapter.   

The main idea in this methodology is to create a method to extract and pick the best point of a Pareto 

curve before the main optimization actually happens.  
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The methodology can be divided in three main steps: 

1. Identify model tags for extraction; 

2. Align Tag structure organization;  

3. Create the pre-EI model file 

We shall look at each of these steps in detail. 

Resource

TECHNOLOGY MODEL

Product

Resource costs included in 
resource model Technology model only has 

intrinsic costs

TECHNOLOGY POST-EI

Results

TECHNOLOGY PRE-EI

Pareto Results

1. Identify model tags 
for extraction

2. Align tag structure 
organization

3. Create the pre-EI 
model file

- Extract Tags
- Recalculate Costs
- Find best point

Update model

- Initially has no tags defined
- Optimizes like a normal 
Matlab model

- Costs rescaled according to 
specific criteria

 

Figure 54 - Structure of integration methodology and model processing 

Identify model tags for extraction 

It is essential that a correct analysis of the model is performed. For the purposes of this optimization, 

only the frontier interactions of the model are important, as the model itself is already optimized. Take, 

for example, the model of MeOH developed by Peduzzi, Tock & Boissonnet (2013) as seen in Figure 

55. There are several sub-processes happening inside, which are not important for our analysis. What 

is important however, is that we identify the frontier interactions – Biomass (in), MeOH (out), Electricity 

(in and out), Waste Production and Waste Heat (out), Steam and Oxygen (in).  

After the identification of these streams what we need are the model tag names. These are defined in 

the model by their creator, and should primarily be obtained from them. For example, in the same 

model the tag names were: Energy_Wood; Energy_MeOH; w_tot_without_o2
50

, etc. 

Besides the model’s frontier tags, we also need the tags associated with the results of the model’s 

specific optimization (usually cost and efficiency), so these must be extracted as well.  

                                                      
50

 Keep in mind that, as of the latest version of Matlab, there are differences between upper and lower case 
letters. 
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Figure 55 - Methanol Heat Integration Model (Peduzzi et al. 2013) 

Align Tag structure organization 

In normal conditions, the tags should be stored in an o.mat structure variable (result from a MOO 

optimization) in a particular manner. In that o variable, the tags should be ordered in an 

o.Results.Tags or o.Model.Results.Tags path. Most of the time however, this does not seem to be the 

case. 

This path structure is important for the next step, extraction in the Pre-EI file creation. The extraction 

function
51

 is defined to get the Tags in that path system, applicable for the SNG database and most 

models.  

For a select few models, however, this does not happen, so an alignment is necessary. This can be 

done in the following ways: 

a) Rewrite the extraction function to accommodate the different structures; 

b) Re-organize the o.mat file; 

To illustrate, we will look at the alignment processes of MeOH and H2, as their resolution might be 

useful for future reference.  

The MeOH process divided the model information in one o.mat variable and the tags in another 

Tags.mat variable. The problem with the Tags.mat variable was the arrangement in a structure array 

accessible only by name
52

. This complicated the creation of an automated method for tag retrieval, 

because: i) there was no clear way to numerically access the tags (numerical access facilitated 

automation functions); ii) the path access name couldn’t be a pointer variable – it couldn’t be accessed 

using an automated string variable with the name of the tag – further complicating programming a 

                                                      
51

 Called extract_db_inventory. 
52

 Check Cell vs. Struct Arrays documentation in Matlab. 
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retrieval. The solution to this problem came in re-writing the extraction function to manually retrieve 

every tag
53

. 

H2 had a different Tag value organization. Normally the values for each tag are stored in 

o.Results.Model.Tags.Value (or sometimes o.Results.Tags.Value) and the Value cell has the 70 to 80 

Pareto curve points stored as a double variable. This way they are easily extracted referencing the 

point number (e.g. o.Results.Model.Tags.Value(x), x being the point number). In this model however, 

the points were separated in a different format. They were scattered in an 

o.Results(x).Model.Tags.Value, x being the point number. This invalidated the extraction method 

defined by the extraction_db_function. The solution here came from re-organizing the o.mat file with a 

script to transform o.Results(x).Model.Tags.Value to o.Results.Model.Tags.Value(x)
54

. 

Create the pre-EI model file 

In this step we perform all the operations related to the tags, from extraction, cost calculation, point 

evaluation, point selection and model update. This function extracts the tags to a new structure 

variable, used within the function, where all the calculations can be done and then used to update the 

model file.  

This stage encompasses smaller steps, used every time a pre-EI model function is created: 

a) Identify the physical location of the o.mat file 

Firstly, the location of the file where the model tags are needs to be defined. For smaller models this is 

done automatically, by retrieving the location of the model – defined in services.m – and creating a 

path with the pre-defined folder name. So in case the folder name is changed for whatever reason, 

that change should also be updated here.  

It’s here that the concept of scenario is created. A scenario is just a model configuration, or 

specifically, each o.mat file included for integration. There are also two other things to do in this step 

besides defining the location of the o.mat files. One, we add the functions path (extra functions used in 

this file for extracting, selecting best point, etc). Two, we add the file path to the new variable we are 

going to create (called db, short for database). The o.mat file paths are stored in db.Scenarios(j).File . 

This is used for the extraction function to know from what paths to get the files from (check Listing 1). 

                                                      
53

 Check extract_db_function in the MeOH functions folder. 
54

 The script file can be found on the H2_LTO folder. 
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Listing 1 – Pareto integration methodology Matlab code (part 1) 

%-----DEFINITION OF DATABASE LOCATION 
path = osmose_getTag(o,'@services.model_location','Value'); 
dbdir = fullfile(path,'SNG_database'); 
dbfunctionsdir = fullfile(dbdir,'functions'); 
datadir = fullfile(dbdir,'data'); 

  
%-----add functions to matlab path 
addpath(genpath(char(dbfunctionsdir))); 

  
%-----WHAT FILE TO LOOK FOR SCENARIOS TO CONSIDER 
datasets = 'db_scenarios_all'; 

 
%-----WHAT SCENARIOS TO GET THE TAGS FROM 
scenario_id = 'db_scenarios_CFBO2'; 

 

%-----EXTRACTION OF DATABASE FILE NAMES 
files = 

strcat(char(datadir),'/',textread(char(fullfile(datadir,datasets)),'%s','

delimiter','\n')); 
scenarios = tex-

tread(char(fullfile(datadir,scenario_id)),'%s','delimiter','\n'); 
j=1; 
for i=1:length(files) 
    for k=1:length(scenarios) 
        scenariod_index = strfind(char(files(i)),char(scenarios(k)));% 

strfind 
        if ~isempty(scenariod_index) 
            db.Scenarios(j).File = files(i); %creates a file substructure 

for each scenario with the file location 
            c = textscan(char(scenarios(k)),'%s',4, 'delimiter', '/'); 
            db.Scenarios(j).ScenarioID = c{1}{3};%adds a ScenarioID to 

each scenario (ex:CFBO2_nodh) 
            sprintf('%f',i); 
            j=j+1; 
        end 
    end 
end  

b) Insert the tags to be extracted 

In this step we define the tags to be extracted from the model. These tags were defined in steps 1) 

and 2). They can be grouped in type of tag, although this is not obligatory, it helps organize tags if they 

are too numerous. They should be stored in db.Shortlist_Tags so the extraction function knows what 

tags to get (check Figure XX). 
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Listing 2 – Pareto integration methodology Matlab code (part 2) 

%-----WHAT TAGS TO GET FROM DB? 
tags_mass_flow = {'m_FAME','ADV_O2_IMP','m_CO2_pure'}; 
  
tags_energy_flow = {'Energy_Wood','Energy_FAME','Energy_SNG',... 
    'Energy_DH','w_o2_imp','w_steam','w_tot','w_tot_without_o2'}; 
     
tags_energy_intensive = {'LHV_drywood','LHV','DH_Tsupply','DH_Treturn'}; 
  
tags_energy_efficiencies = {'eff_en','eff_ex','eff_en_SNGeq',... 
    'eff_en_SNGpartial','eff_en_Epartial','eff_en_Qpartial'}; 
  
tags_costs = {'TGRC_USD'}; 
  
% group tags in a list for extraction from database 
db.Shortlist_Tags = [tags_mass_flow tags_energy_flow ... 

tags_energy_intensive tags_energy_efficiencies tags_costs];  

c) Extract the necessary tags to a new structure variable 

The extraction process in pre-EI calls up an auxiliary function called extract_db_inventory located in 

the functions folder. What this function does is, according to the location of the model and the tags 

defined, extracts and stores the tags in db.Tags. 

Listing 3 – Pareto integration methodology Matlab code (part 3) 

% Energy Technology Coding 
fprintf('extracting tags from files:\n'); 
for i=1:length(db.Scenarios) 
    k=0; 
    fprintf('%i) %s\n',i,char(db.Scenarios(i).File)); 
    load(char(db.Scenarios(i).File)); 
    for j=1:length(db.Shortlist_Tags) 
        tag_id = 

find(strcmp(char(db.Shortlist_Tags(j)),[o.Results.Tags.TagName])); 
        if ~isempty(tag_id) 
            k=k+1; 
        db.Scenarios(i).Tags(k).ModelTagName = 

o.Results.Tags(tag_id).ModelTagName; 
        db.Scenarios(i).Tags(k).TagName = o.Results.Tags(tag_id).TagName; 
        db.Scenarios(i).Tags(k).DisplayName = 

o.Results.Tags(tag_id).DisplayName; 
        db.Scenarios(i).Tags(k).Unit = o.Results.Tags(tag_id).Unit; 
        db.Scenarios(i).Tags(k).Value = o.Results.Tags(tag_id).Value; 
        db.Scenarios(i).Dim = size(o.Results.Tags(tag_id).Value); 
        end 
    end 
end  

d) Make new cost calculations 

Here is where all the calculations regarding costs are done. The purpose of this step is to update the 

costing values and to change the evaluation rules for the scenarios. 

The variable costs are related to the resources, especially for wood and electricity. Operating costs are 

calculated and from that, using the optimized investment costs from the model, we calculate the total 
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cost per year. Dividing this value over the annual production, we get the total cost per kWh of product. 

Adding prices to this analysis, we can calculate the breakeven point for each Pareto point. 

These calculations are evaluating the many Pareto points in the scenarios. The evaluation is used to 

select the best point according to a certain criteria. The information of point, in the form of Tags is 

used to create a technology model. In order to accommodate this, new cost tags are created to 

accommodate these new calculations
55

. 

e) Identify the best point 

The best point selection is done according to a tag common to all points in all scenarios. It could be, 

for example, efficiency or cost. In order to make the selection taking into account both the cost and 

efficiency we can consider using the total cost divided by the production
56

 (called total cost per kWh). 

In order to incorporate degrees of freedom in the scenarios search criteria, we can also use the price 

of the product and calculate the breakeven, and then use it as the evaluation criteria. 

The best point search is done with an auxiliary function called find_point_db that searches through all 

the points and finds the best according to the maximization or minimization of a given tag. 

Listing 4 – Pareto integration methodology Matlab code (part 4) 

%-----WHAT TAG TO BASE BEST POINT SEARCH?-------------------------------- 

  
tag_target = osmose_getTag(o,'services.tag_target','Value'); 
tag_objective =osmose_getTag(o,'services.tag_objective','Value'); 

 
%------FIND BEST POINT--------------------------------------------------- 

  
db = find_point_db(db,char(tag_target),char(tag_objective)); 

  

f) Update model with new tags    

The model update is done with a simple osmose_updateTags function, but certain things must be paid 

in mind when doing so. It’s always a good practice to write the model name of each tag before sending 

them, as it can be really frustrating if the tags end up in another model. 

Other final touches and operations are also done at this point, such as checking the flow of the net 

electricity and naming the scenario that had the best point selected. Also, if needed, the results from 

the tags and the new cost calculations can be extracted in an excel file in the form of a table. 

                                                      
55

 The example is too long to show here. For reference check the SNG_CFBO2_preEI from line 77 (operations 
cost calculations) to 270.   
56

 We can assume this because the input is always constant. 
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Listing 5 – Pareto integration methodology Matlab code (part 5) 

%------EXCEL EXTRACTION IF NEEDED 
%extract_matrix_db(db,db.Shortlist_Tags,'matrix'); 

  
%------CHECKING ELECTRICITY FLOW 
elec_value = find_tag_in_scenario(db.DecisionTag,'w_tot_without_o2'); 

  
if elec_value>0 
    elec_in_out = 'in'; 
else 
    elec_in_out = 'out'; 
    w_id = find_tag_id_in_scenario(db.DecisionTag,'w_tot_without_o2'); 
    db.DecisionTag.Tags(w_id).Value = db.DecisionTag.Tags(w_id).Value*(-

1); 
end 

  
%------UPDATING THE EXTRACTED TAGS 
Tags = db.DecisionTag.Tags; 

  
%add model name to tags 
for i=1:length(Tags) 
    Tags(i).ModelTagName = {'sng_CFBO2'}; 
end 

  
%find out where is sng_CFBO2 
for i=1:length(o.Model) 
    x = strcmp(char(o.Model(i).TagName),'sng_CFBO2'); 
    if x == 1 
        sngID = i; 
    end 
end 

  
%point_Id = db.DecisionTag.Point_Id; 
scenario_Id = db.DecisionTag.Scenario_Id; 
scenario_name = db.Scenarios(scenario_Id).ScenarioID; 

  
i=length(Tags); 
i=i+1; 
Tags(i).ModelTagName = {'sng_CFBO2'}; 
Tags(i).TagName = {'scenario_name'}; 
Tags(i).DisplayName = {'chosen scenario'}; 
Tags(i).Value = {scenario_name}; 
Tags(i).Unit = {'-'}; 
Tags(i).Status = {'CST'}; 

  
i=length(Tags); 
i=i+1; 
Tags(i).ModelTagName = {'sng_CFBO2'}; 
Tags(i).TagName = {'elec_in_out'}; 
Tags(i).DisplayName = {'electricity in or out'}; 
Tags(i).Value = {elec_in_out}; 
Tags(i).Unit = {'-'}; 
Tags(i).Status = {'CST'}; 

      
%update tags 
o.Model(sngID) = osmose_updateTags(o.Model(sngID),Tags);  
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Appendix 2 – Framework Application Optimization Results 

Optimization results – 1 MW input biomass 
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Optimization results – 2 MW input biomass 
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Optimization results – 5 MW input biomass 
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Optimization results – 10 MW input biomass 
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Optimization results – 20 MW input biomass 
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Optimization results – 40 MW input biomass 
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Optimization results – 60 MW input biomass 
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Optimization results – 80 MW input biomass 
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Optimization results – 100 MW input biomass 

 

   

   

 


