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ABSTRACT 

 

Nowadays it is clear that crude oil is an exhaustive raw material and energy 

feedstock, whose reserves decreases annually. However, it is still one of the main 

raw material and energy feedstock in the world. This situation makes necessary to 

develop and industrialise new transformation processes to replace the crude oil as 

the main raw material. 

An important technological alternative solution is based on the use of biomass 

as the alternative to fossil sources. These technologies are grouped in the concept of 

Biorefinery. This concept includes all the transformation processes, analogous to 

the petroleum refinery, that are able to produce final marketable products using 

biomass as feedstock. An important biorefinery process is the transformation 

process of Bioethanol To Olefins (BTO process). The BTO process, which is the case 

of the study of the present research work, is a catalytic transformation carried out 

over an acid zeolite treated catalyst. The BTO process transforms raw material 

obtained from alternative sources to petroleum, into key products for the 

petrochemical synthesis, biofuels and plastics like the olefins C3-C4. 

An important step towards the industrialisation of this type of processes is the 

development of advanced and optimised control strategies. The main operating 

variables of the BTO process are the temperature, the water content in the feed and 

the space-time. Moreover, the more important the effect of the catalyst deactivation 

becomes the longer is the life of the catalyst. In order to improve the production of 

olefins and make the process economically profitable, it is important to develop 

optimised operation strategies for the process. Both the production rate and the 

catalyst deactivation rate will fluctuate according to the operational conditions. 

And the fact that both improvement objectives, the production rate and the catalyst 

lifespan, fluctuate in opposite way depending on the operational conditions, 

difficult the optimal control strategy. 

This work is centred in the modelling and optimisation of the BTO process, 

with the main goal of maximizing the total production of olefins per space-time 



 Intelligent modelling and optimisation strategies for the BTO process 
(Bioethanol-To-Olefins) 

 

  VIII

 

while at the same time the catalyst lifespan and therefore each production step is 

prolonged. Both modelling and optimisation methodologies are based on 

computational intelligence techniques. And therefore, the proposed strategy could 

be used for any new and unknown chemical processes, properly characterized with 

a representative set of experimental data, but in early experimental stages, saving 

costs and time. 

Soft-computing modelling techniques such as Artificial Neural Networks and 

Support Vector Machines have been used to model the BTO process. Two 

modelling approaches have been used, a global modelling and a hybrid strategy 

which combines soft-modelling techniques with knowledge-based models. In both 

cases, experimental data of the BTO process and augmented synthetic data 

generated with a knowledge model of the process have been used during the 

modelling procedure. The obtained model has been compared with a well-known 

mechanistic model of the process, which has been used as a contrast method. 

In order to optimise the operational conditions of the process, three main 

dynamic optimisation strategies are proposed. The first one is the optimisation of 

constant set-points, which is the first proposed operation policy, is one the most 

common control policy in the chemical industry. The second proposed scenario is 

the operation using optimised fixed-shape temperature trajectories. And the third 

proposed strategy is the use of dynamically generated trajectories of all the 

operating variables generated by the optimised Artificial Neural Networks. These 

three operation strategies have been optimised using evolutionary algorithms as 

optimisation technique. During the optimisation procedures, the catalyst 

deactivation is dynamically considered, being its lifespan extension one of the 

optimisation objectives. The obtained results are compared with the operation of 

the BTO process with constant set-points optimised at zero time of stream. 

Finally, the operational conditions are analysed in the last chapter. Different 

scenarios depending on the cost of the catalyst regeneration phase are presented. 

The translation of the most suitable operational condition depending on this cost is 

also studied and presented. 
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LABURPENA 

 

Gaur egun, gero eta argiago dago, petrolioa lehengai eta energia iturri agortua 

dela, zeinen erreserbak urtero gutxitzen baitira. Hala ere, energia iturri eta lehengai 

nagusienetariko bat izaten jarraitzen du mundu osoan. Egoera horrek eraldaketa, 

prozesu berrien eta industrializazioaren garapena beharrezkoa bihurtzen du; 

petrolioa, lehengai gisa, ordezkatu ahal izateko. 

Biomasa erabiltzea fosilen energia iturriak ordezkatzeko alternatiba on bat 

izango litzateke. Teknologia hauek bio-findegi kontzeptuaren inguruan biltzen 

dira. Kontzeptu honek biomasa eraldatzeko prozesu guztiak hartzen ditu barne, eta 

petrolio findegien antzera, bio-findegiak biomasa lehengai gisa erabiliz merkatuko 

produktuak ekoizteko gai dira. Bioetanoletik olefinerako eraldaketa prozesua (BTO 

prozesua, Bioethanol-To-Olefins) bio-findegiko prozesu garrantzitsu bat da. BTO 

prozesua, ikerketa lan honen aztergaia dena, zeolita katalizatzaile azido baten 

bidez egindako transformazio katalitikoa da. Prozesu honek, petrolioaren 

lehengaien iturri alternatiboak, industri petrokimikoan erabiltzen diren oinarrizko 

produktuetan, bioerregaietan eta plastikoetan eraldatzen ditu, hala nola, C3-C4 

olefinetan. 

Prozesu mota hau industrializatzeko urrats garrantzitsua, kontrol-estrategia 

aurreratuak eta optimizatuak garatzea da. BTO prozesuaren eragiketa-aldagai 

nagusiak: tenperatura, ur edukiak sarrera jarioan eta espazio-denbora dira. 

Gainera, katalizatzaileen desaktibazioaren eragina katalizatzaileen bizi-

iraupenarekin handitzen da. Olefinen ekoizpena hobetzeko eta prozesua 

ekonomikoki errentagarria izateko helburuarekin, prozesuarentzat optimizatutako 

operazio estrategiak garatzea oso garrantzitsua da. Produkzio-ratioa eta 

katalizatzailearen desaktibazioa eragiketa-baldintzen arabera fluktuatzen dute. 

Hobekuntzaren bi helburuak, produkzio-ratioa eta katalizatzailearen bizitza 

erabilgarria, eragiketen baldintzen arabera kontrako noranzkoko fluktuazioak 

dituztenez, kontrol estrategia optimo bat garatzea zaila egiten du. 
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Lan hau BTO prozesuaren modelizazio eta optimizazioan oinarritua izan da; 

izan ere, olefinen ekoizpen osoa espazio-denboran maximizatzea da, aldi berean 

katalizatzaileen bizitza baliagarria luzatuz, eta beraz prozesuaren ekoizpen faseak 

aldi berean luzatzea. Erabilitako modelizazio eta optimizazio metodologiak, 

adimen konputazionaleko tekniketan oinarritzen dira. Hori dela eta, lan honetan 

proposatutako estrategia edozein prozesu kimiko berri edo oraindik 

ezezagunentzat erabil daiteke, beti ere datu esperimentalen arabera behar bezala 

karakterizatua badago. Honen bidez, esperimentazioaren lehen fasetan garapen eta 

denbora aurreztea lor daiteke. 

BTO prozesuaren modelizazioan Soft-Computing modelizazioko teknikak, hala 

nola Neurona Artifizialeko Sareak eta Support Vector Machines, erabili dira. 

Horrez gain, bi modelizazio planteamendu erabili dira, modelaketa globala eta 

estrategia hibridoak, soft-computing teknikak ezagutzaren modeloekin bateratzen 

dituena. Bi kasuetan, modelizazio prozesuan datu esperimentalak eta prozesuaren  

modelo ezagun batekin sortutako datu sintetikoak erabili dira. Azkenean lortutako 

modeloa, prozesuaren modelo ezaguna eta aurretik balioztatutako modelo baten 

kontra balioztatu da. Ezagutza modelo hau kontraste-metodo gisa erabili da. 

Prozesuaren baldintza operatiboak optimizatzeko hiru optimizazio dinamikoko 

estrategiak proposatu dira. Lehena, operazio kontsigna konstanteko optimizazioan 

ardazten da. Lehenengo eragiketa hau industria kimikoan ohikoenetakoa da. 

Bigarren optimizazio estrategiak profil finkoekiko tenperatura-ibilbideak 

optimizatzen ditu. Eta hirugarren proposamena, eragiketa-aldagai bakoitzerako 

Neurona Artifizialeko Sare optimizatu batek sortutako ibilbide dinamikoak 

erabiltzea da. Eboluzio algoritmoak optimizazio teknika bezala erabili dira hiru 

estrategia operatibo hauek optimizatzeko. Horrez gain, optimizazio prozesuan 

zehar, katalizatzailearen desaktibazioa dinamikoki kontsideratu da; bizitza 

erabilgarria luzatzea optimizazio helburuetako bat izanik. Lortutako emaitzak, 

eragiketa baldintza konstanteekin, zero-denborara optimizatuta, lortzen diren 

emaitzekin kontrastatu egin dira. 

Amaieran, lortutako eragiketa baldintzak, azken kapituluan aztertu dira. 

Katalizatzaileen birsortze kostuaren arabera eszenatoki desberdinak proposatzen 

dira eta birsorkuntza kostu horretan oinarritzen den eragiketarik egokienak 

aztertzen dira.   
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RESUMEN 

 

Actualmente está claro que el petróleo es una materia prima y fuente de energía 

exhausta, cuyas reservas decrecen anualmente. Sin embargo, sigue siendo una de 

las principales fuentes de energía y materia prima en todo el mundo. Esta situación 

hace necesario el desarrollo e industrialización de nuevos procesos de 

transformación que permitan reemplazar el petróleo como materia prima. 

Una tecnología alternativa se basa en el uso de biomasa como alternativa a 

fuentes de materia prima fósiles. Estas tecnologías se agrupan dentro del concepto 

de Biorefinería. Este concepto incluye todos los procesos de transformación de 

biomasa, que de forma análoga a las refinerías de petróleo, son capaces de producir 

productos de mercado usando la biomasa como materia prima. Un importante 

proceso de biorefinaría es el proceso de transformación de Bioetanol a Olefinas 

(proceso BTO; Bioethanol-To-Olefins). El proceso BTO, que es el caso de estudio del 

presente trabajo de investigación, es un proceso de transformación catalítica llevada 

a cabo sobre un catalizador ácido de zeolita. Este proceso transforma la materia 

prima obtenida de fuentes alternativas al petróleo, en productos claves para la 

síntesis petroquímica, biocombustibles y plásticos como las olefinas C3-C4. 

Un paso clave hacia la industrialización de este tipo de procesos, es el desarrollo 

de estrategias de control avanzadas y optimizadas. Las principales variables de 

operación del proceso BTO son la temperatura, el contenido de agua en la 

alimentación y el tiempo espacial. Además, el efecto de la desactivación del 

catalizador es más importante cuanto mayor sea la vida útil del catalizador. Con el 

objetivo de mejorar la producción de olefinas y hacer el proceso económicamente 

rentable, es muy importante el desarrollo de estrategias de operación optimizadas 

para el proceso. Tanto el ratio de producción como la desactivación del catalizador 

fluctúan en función de las condiciones de operación. El hecho de que los dos 

objetivos a mejorar, el ratio de producción y la vida útil del catalizador, fluctúen en 

sentido contrario en función de las condiciones de operación, dificulta el desarrollo 

de una estrategia de control óptima. 

El presente trabajo se ha centrado en el modelado y optimización del proceso 

BTO, siendo el objetivo principal maximizar la producción total de olefinas por 
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tiempo-espacial, al igual que la vida útil del catalizador y por tanto prolongando al 

mismo tiempo las etapas de producción. Tanto la metodología de modelado como 

la de optimización están basadas en técnicas de inteligencia computacional. Por 

tanto, la estrategia propuesta en el presente trabajo puede ser usada para cualquier 

proceso químico nuevo o aún desconocido, que está debidamente caracterizado por 

un conjunto de datos experimentales. Logrando en las primeras etapas de 

experimentación un ahorro de coste y tiempo para su desarrollo. 

Técnicas de modelado Soft-Computing como Redes Neuronales Artificiales y 

Support Vector Machines han sido usadas durante el modelado del proceso BTO. 

Además, se han empleado dos enfoques de modelado, un  modelado global y una 

estrategia híbrida que combina técnicas de soft-computing con modelos de 

conocimiento. En ambos casos, durante el proceso de modelado se han usado datos 

experimentales y datos sintéticos generados con un modelo de conocimiento 

existente del proceso. El modelo finalmente obtenido ha sido comparado frente a 

un modelo de conocimiento previo existente y validado que ha sido usado como 

método  de contraste. 

Para la optimización de las condiciones de operación del proceso, se han 

propuesto tres estrategias dinámicas de optimización. La primera consiste en la 

optimización de consignas de operación constantes. Esta primera política de 

operación es una de las más comunes en la industria química. La segunda 

estrategia de optimización se centra en el uso de trayectorias de temperatura con 

perfiles fijos optimizados. Y la tercera propuesta se centra en la generación para 

cada variable de operación de las trayectorias generadas por una Red Neuronal 

Artificial optimizada. Las tres estrategias de operación han sido optimizadas 

empleando algoritmos evolutivos como técnica de optimización. Además, durante 

el proceso de optimización, la desactivación del catalizador es considerada 

dinámicamente, siendo la extensión de su vida útil uno de los objetivos de 

optimización. Los resultados obtenidos han sido comparados con la operación del 

proceso BTO en condiciones de operación constantes optimizadas a tiempo cero. 

Finalmente, las condiciones de operación obtenidas han sido analizadas en el 

último capítulo. Se proponen diferentes escenarios en función del coste de 

regeneración del catalizador y se analiza la traslación de punto de operación más 

adecuado en función de este coste de regeneración.  
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INTRODUCTION 

 

Nowadays it is clear that crude oil is an exhaustive raw material and energy 

feedstock, whose reserves decreases annually. However, it is still one of the main 

raw material and energy feedstock in the world and will continue being for the 

following decades (Festel et al. 2014). Several governments are pushing for the 

production of alternatives raw materials. The European Union has stablished as 

one of its objectives for 2020 that the 10% of all petrol and diesel transport fuels will 

have to be from bioresources (Festel et al. 2014). 

In nature, 170 billion tons of biomass are produced per year, from which only 3-

4% is used. Therefore a large part is available to be used as raw material for the 

production of intermediate chemicals (case of BTO process) and biofuels (Huber & 

Corma 2007). The production of biofuels is increasing all-over the world in recent 

years. Figure 1 shows the world biofuels (Ethanol and Biodiesel) production trend 

(Solgaard et al. 2011; Food and Agricultural Policy Research Institute 2011). As it 

can be seen the production of biofuels has increased in the last years and is 

expected to continue growing in the future.  

However the substitution of petroleum-based hydrocarbons and derived raw 

materials is still a distant goal. The alternative technology necessary to induce the 

change, is still under study with recent advances in the optimisation and industrial 

scalability of biomass transformation processes (Jong & Jungmeier 2015). In this 

context, the price of alternative non petroleum-based products is a decisive factor 

for the acceptance of them by the markets. A competitive production costs is 

imperative to extend the biofuels as an alternative to fossil sources (Festel et al. 

2014). 
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Figure 1. World biofuels production trends (Food and Agricultural Policy Research Institute 2011). 

 

These alternative technologies are grouped in the concept of Biorefinery. Figure 

2 shows the equivalence of the biorefinery with the traditional refinery processes. 

The biorefinery concept groups all the transformation processes, analogously to the 

petroleum refinery, able to separate biomass resources as lignocellulosic into their 

building blocks to be converted into value added final marketable products such as 

biofuels, energy and/or other (bio)products and chemicals intermediate products 

used as raw material for other secondary processes (Koçar & Civa 2013).  

0,00

50,00

100,00

150,00

200,00

2007 2009 2011 2013 2015 2017 2019 2021 2023 2025

B
ill

io
n

s 
o

f 
lit

re
s 

Ethanol production trend 

Canada

India

Chine

EU

Brazil

USA

0,00

5,00

10,00

15,00

20,00

25,00

30,00

2007 2009 2011 2013 2015 2017 2019 2021 2023 2025

B
ill

io
n

s 
o

f 
lit

re
s 

Biodiesel production trend 

Indonesia

Argentina

Brazil

USA

EU



 
Chapter 1: Introduction  

   

 29  

 

 

Figure 2. Biorefinery concept. 

Currently, several countries are promoting the use of biorefinery renewable 

products. For example, the European Union has set the objective of a 10% of 

biofuels used for transportation by 2020 and the United Stated has set a target of 

136 billion litres of biofuels by 2022 (Landolina & Maltsoglou 2017).  In this context, 

for transportation, the biofuels is expected to supply up to the 27% of the world fuel 

demand by 2050 (International Energy Agency 2011). 

In order to develop economically viable biorefinery processes, it is necessary to 

implement new advanced biorefineries with multiproduction purposes and not 

only focused in biofuels.  However, this requires the development of optimal 

biomass transformation processes in order to minimize the feedstock requirements, 

maximizing the production per feedstock unit and strengthening economic viability 

of the final marketable products. Thus the process automation and expertise in the 

chemistry, catalysis and engineering areas is necessary for the future 

implementation of cost-effective hydrocarbon biorefineries (Jong & Jungmeier 2015) 
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or for the adaptation of the existing petrochemical refineries to process biomass 

derived feedstocks (Huber & Corma 2007).  

Although the current relatively low petroleum prices will delay the 

implementation of advanced new generation of biorefinery industries, an expected 

revenue of US$10-15 billion facilitate the implementation of a global chemical 

industry for the production of biobased products. (Jong et al. 2012).  

 

1.1. Context and motivation 

In this context the most promising biorefinery processes are not still completely 

developed and installed (Jong & Jungmeier 2015). Therefore new research works 

are required to scale-up optimally the biomass transformation processes from 

laboratory to industrial scale. The development of new tools to accelerate the 

implementation and optimisation of chemical processes, and specially biomass 

conversion processes, are necessary. It is very important the scientific development 

in this research area looking for the future post-petroleum society in order to 

advance in a sustainable society and to reduce the current dependency on the 

petroleum and its derivate product. Important efforts are being made to reduce the 

dependence on oil, and increasing the production bioethanol from sustainable 

sources as the lignocellulosic biomass fermentation (Mosier et al. 2005). 

Most recent research works are focused in the design of experiments for a rapid 

research advances in different chemical processes (Rodemerck et al. 2004),  new 

catalytic material designs (Serra et al. 2007; Valero et al. 2009; Soltanali et al. 2014) 

or design, control and scheduling of multi-product chemical processes (Koller & 

Ricardez-sandoval 2017). These previous works are mainly focussed on the 

minimization of the experimentation, estimating the relationships between the 

catalyst composition and their catalytic performance for the process production 

objectives; or in the whole catalyst performance optimisation to maximise the 

desired production objective. However, they do not consider the dynamic 

optimisation of the operational conditions of chemical processes. Only Koller and 

Ricardez-Sandoval (2017) explore a semi-dynamic optimisation of constant step set-

points for each sub-product production region.    

The dynamic optimisation of the operational conditions in complex chemical 

processes is a different research topic with important improvement possibilities. In 
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complex chemical processes with different kinetic reactions taking place at the same 

time, the selection of the optimal operational conditions is critical for both 

maximising the total production and also to select the most suitable catalyst for 

each process. 

 Biorefinery systems involve complex processes still under study which future 

implementation depends on their optimisation to obtain final marketable products 

with reasonable prices. Therefore, the biorefinery future implementation and 

scalability depends on the research and development of optimised biomass 

transformation processes. 

 

1.2.  Scope of the research and case of study (BTO process) 

An important biorefinery process is the transformation process of Bioethanol To 

Olefins (BTO process). This is a key process in the concept of sustainable refinery, 

incorporating biomass (or derivatives) as an alternative feedstock to petroleum. The 

Bioethanol-To-Olefins (BTO) process, which is the case of the study of the present 

research work, is a catalytic transformation carried out over an acid zeolite treated 

catalyst (HZSM-5 zeolite treated with alkali NaOH diluted solution (Gayubo, 

Alonso, Valle, Andrés. T. Aguayo, et al. 2010) in order to obtain high yields and 

selectivity of hydrocarbons. One of the main objectives of the catalyst design was to 

maximise the production lump of the olefins (propene and butenes). The BTO 

processes transform a raw material obtained from alternatives sources to 

petroleum, into key products for the petrochemical synthesis, biofuels and plastics 

like the olefins C3-C4. 

The olefins (alkenes) are rarely produced in the nature, normally are produced 

in the petrol processing at the cracking process or from a catalytic process of 

alkanes (Dossumov et al. 2012). The growing demand of olefins is facing difficulties 

with the petrol feedstock and with technological limitations of the thermal steam 

cracking units (main process for the obtainment of olefins). An optimal BTO 

process has good short-term viability perspectives, as the MTO process 

(transformation of methanol into olefins) which is rapidly being installed to obtain 

olefins from natural gas. The production of olefins has a great interest for the 
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industry related to several petrochemical processes with the objective of 

maximising the production of propylene (Alonso 2008). 

 

Figure 3. Transformation scheme of bioethanol into the product lumps of Ethylene, Olefins, Gasoline 
and Light paraffins (Gayubo et al. 2011). 

Obtaining olefins from biomass is included in the sustainable refinery concept 

because the biomass is a renewable resource, easily exploitable, and with no effect 

on the global warming process. The CO2 emitted during its combustion is nearly 

equal to the quantity that the biomass initially eliminates from the atmosphere, 

which supposes as previously introduced, a zero effect on the global warming. This 

point is increasingly important and in the focus of the environmental policy of most 

countries of the world in order to reduce the “greenhouse effect”. 

Figure 3 shows the transformation scheme followed in the BTO process. The 

bioethanol, obtained from the biomass is nearly completely transformed into 

ethylene in a dehydration process. Next, the catalyst provides the necessary 

activation energy to transform the ethylene in three main groups of intermediate 

products. The products are grouped in four product lumps: the ethylene which is 

the main process reactant, the lump of olefins which as previously stated is the 

desired product, and the lumps of gasoline and light paraffins. The objective of the 

BTO process is to maximise the production of olefins. The total production depends 

on the used catalyst, which were designed to stimulate the production of olefins 

and on the operational conditions of the reactor in which the reaction is being 

carried out. Depending on the operational conditions, the correlation between the 

produced product lumps will vary.  The final production will depend on variables 

as the reaction temperature, the water content or the feeding composition (Bi et al. 

2011). 

Bioethanol 
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Therefore, it is important to take into account that depending on the selected 

catalyst, the operational conditions that will maximise the desired production goal 

will be different (Inaba et al. 2007; Sousa et al. 2016).  

The BTO process, as many processes in the current chemical and petrochemical 

industry and many new processes within the sustainable biorefinery, are carried 

out in fixed bed catalytic reactors. Depending on the objective, the reactors are 

charged with selective and highly active catalysts. However, during the reaction, 

some catalyst are disable due to their poisoning (or other causes) in a linear or 

exponential way, or following an unknown function within the deactivation 

mechanism.  

One of the key points for the implementation of this type of processes is to 

perform an advanced process control by adjusting the temperature or other 

operating variables to counteract the effect of catalyst deactivation extending its 

lifespan. Due to the fact that the optimal operating points to counteract the 

deactivation of the catalyst in a commercial plant are limited, because its 

dependence of multiple variables, it is necessary to develop advanced optimisation 

strategies of the operational conditions that guarantee specific production 

objectives without exceeding the operation limits to avoid an irreversible 

deactivation of the catalyst. Therefore, it is very important to have models of the 

process that allow carrying out simulations or its uses within the controller itself. 

An important inconvenient in the search of the optimal operational conditions 

is the fact that the kinetics of the main chemical reaction and the kinetic of the 

catalyst deactivation (to prolong its lifespan) works in an inverse way the one form 

the other. Therefore, it is necessary to find an equilibrium between the process set-

points that maximise the production of olefins and the process operation that 

rapidly or irreversibly deactivate the catalyst. 

 

1.3.  Memory structure 

The proposed methodology for the optimisation of the operational conditions of 

the BTO process can be divided into separate tasks: the modelling and the 

optimisation procedure itself. Thus, this memory is clearly divided in two main 

goals. First the modelling procedures with the followed methodology for an 
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advanced modelling of the BTO process are presented. Secondly, the optimisation 

methodologies tested in order to achieve the optimisation goals and the integration 

of the previous developed model in the optimisation procedure is presented. 

Figure 4 shows this division along all the thesis structure in order to clearly 

explain the organisation and the research carried out in this work. As it can be 

observed in the diagram, the work and the memory structure is initially divided 

between the modelling and optimisation procedure and joined for the final 

optimisation where the model previously developed is used within the 

optimisation procedure. 

Chapter 1 exposes the context and motivation of the work. It presents the BTO 

process and its importance for a future sustainable society, especially within the 

current concern about the global warming. In this context, it is exposed the 

optimisation necessities of the biorefinery processes in order to do it 

industrialisable and economically viable. 

Next, in the Second Chapter, the current state of the art for the modelling and 

optimisation of chemical processes, giving especial attention to advanced 

modelling and optimisation techniques, is presented. 

Based on the current state of the art, in the Chapter 3 the research objectives and 

the initial research hypothesis are presented. From this hypothesis, specific 

objectives which have guided this work, have been drawn. 

Chapter 4 presents the material and methods used along the work. The 

experimental setup with the experimental data used along the research work to 

model and optimise the BTO process is exposed. Moreover, in this chapter a well-

known mechanistic kinetic model of the BTO process is presented and the 

additional synthetic data generated with it. This model will be used during the 

experimentation for control purposes. Finally, the main principles of the used 

modelling and optimisation techniques and the both methodologies followed for 

the modelling and optimisation procedures of the chemical process are presented. 

Chapters 5 and 6 exposed the obtained results during the modelling and 

optimisation procedures respectively. The results obtained with each modelling 

technique and optimisation strategy presented in Chapter 4 are exposed. 
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Finally, Chapter 7 presents the conclusions obtained from the previously 

presented results for both modelling and optimisation procedures applied to the 

BTO process. Moreover, from the obtained results additional conclusions are 

extracted for the operation of the BTO process looking for a future industrial scale-

up. Finally, the future work and possible new research lines are presented. 
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STATE OF THE ART 

 

Having reliable and accurate models of chemical processes in general, and 

particularly for the BTO process, it is very important to design, optimise and/or 

simulate control systems. Depending on the needed features such as the accuracy 

or the computational cost of the models, optimisation strategies could be integrated 

in the controller itself to simulate and estimate the behaviour of the process. 

The mathematical modelling of a chemical reactor consists of obtaining the set 

of equations that represent physically and chemically the system. Depending on the 

methodology employed to build it, two types of mathematical models can be 

distinguished: 

 Empirical models 

 Mechanistic models 

The first one is based on the results obtained from several tests carried out 

within a specific applicability range. These models relate the behaviour of the 

respond of the systems for the corresponding inputs, without taking into account 

the reason or explanation of that behaviour. On the other hand, the mechanistic 

models, more difficult to develop, imply to model the chemical and physical 

processes that take place inside the reactor, being necessary the expert knowledge 

of the process. This type of modelling generally implies high mathematical 

complexity and a huge number of parameters. Thus, mechanistic models may 

include some simplifications why becoming semi-empirical models. Figure 5 shows 

this fact, where the arrows mean jumps in the complexity of the model description. 

Therefore, the final model can be more or less “mechanistic”. 
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Figure 5. Modelling steps for a chemical reactor. 

A mathematical model that completely represents the behaviour of the process 

should have the following equations: 

 Physical and/or chemical equilibrium equations 

 State-space equations 

 Energy balances 

 Mass balance or design equations 

However, the computational cost of a complete model of the process can be too 

much for they use for optimisation or control purposes.  

Next subchapters present the most recent advances in the modelling 

(subchapter 2.1) and optimisation of chemical processes (subchapter 2.2), focusing 

on advance modelling and optimisation techniques used with complex chemical 

processes. 
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2.1.  Kinetic modelling of chemical processes 

The development of computational sciences, especially in the last few years, has 

caused a revolution in the context of the engineering of chemical reaction, 

permitting a notable decrease in the experimental costs for the development of new 

processes and products, such as the case of the BTO process. The increase of the 

scale up to an industrial level, the simulation of the reactor and the optimization of 

the process, require the knowledge of a rigorous kinetic model. However, the 

complexity of the mechanisms of catalytic reactions along with the importance of 

physical transport phenomena, combined with the limitations of the experimental 

techniques as well as computational methods for the management and analysis of 

these data, greatly hamper this work (Happel et al. 1990; Atias & de Lasa 2004; 

Pekar 2004).  

Several works are centred in the kinetic modelling, being this one the main 

difficulties to obtain the desired complete global model of the process. These works 

are based in established on the one hand on methodologies to develop 

comprehensive models, introducing a complete chemical and physical phenomena 

description (Marin & Yablonsky 2011). And on the other hand they use different 

simplifications based in lumps based reaction scheme proposals to obtain models 

with the enough compromise between the physical meaning and the accurate 

significant (Gayubo, Alonso, Valle, Andrés T. Aguayo, et al. 2010; Gayubo et al. 

2011; Gayubo et al. 2012; Pérez-Uriarte, Ateka, Aguayo, et al. 2016; Pérez-Uriarte et 

al. 2017; Toch et al. 2015).  

However, the mathematical models of chemical processes are usually complex 

in their resolution so, even the simplified semi-empirical models, they generate 

very high response times to be used in approaches based on Intelligent Control 

techniques (Jin 2011; Liu et al. 2014; Shi et al. 2016).  

Due to the complexity of some chemical processes, a new alternative quite 

extended is to obtain the desired models using artificial intelligence based 

techniques in the modelling procedures (Cunill et al. 2010). Several techniques such 

as Artificial Neural Networks are increasingly being used or even linear regression 

(LR) based methods for simple processes. Cunill (2010) states that the use of these 

types of techniques is being very effective, it is even the only possible modelling 
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methodology if we are working with complex processes, multiphasic and/or with 

complex kinetic reactions or unknown reactions (such as the BTO process). The use 

of these techniques reduces significantly the computational cost of the obtained 

models, making it possible the optimisation procedures and their directly use in the 

process control systems. 

 

2.1.1.  Soft-modelling techniques 

Several computational intelligence based techniques have also been used to 

identify and model complex chemical processes (Kajero et al. 2017). The most 

interesting ones are:  

 Artificial Neural Networks (ANN) 

 Support Vector Machines (SVM) 

The ANN are used in thousands of applications with successful results due to 

their learning ability to assimilate high non-linear and time dependent behaviours 

(Al-Asheh et al. 2007). In addition to their learning capability, it is important to take 

into account their less computational cost when, once trained, the neural models 

estimate the behaviour of the process. Their execution time is usually significantly 

lower than those of the mathematical models of chemical processes. Another 

advantage of neural modelling is that they simplify the modelling procedures of 

the processes, reducing the research times and exhibiting at many cases better 

performance that the conventional control and modelling techniques (Norgaard et 

al. 2003; Azarpour et al. 2015).  

Last decades, ANN have been widely used for modelling complex systems. As 

“black-box” models, it is no necessary to have a deep and expert knowledge of the 

process to be modelled. ANN learn from input-output type databases the relation 

between the input variables and the system outputs. They are considered as 

universal approximators, being tolerant to fails and noises that appear in the 

training datasets (Hornik et al. 1989). However, it is necessary to keep in mind that 

this and the other previously mentioned advanced modelling techniques follows 

the rule of “garbage in-garbage out”, inherent to all black-box type modelling 

techniques. This expression wants to denote that the quality of the training datasets 
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employed to implement the models directly and irredeemably affect to the quality 

and accurate of the developed model (Papadokonstantakis et al. 2005). 

In most of the analysed research studies, three layer structure ANN have been 

used: the input layer, the output layer and only one hidden layer. It has been 

demonstrated that using only one hidden layer long enough, it can be 

approximated any continue function of n real variables with the desired accuracy 

(Cybenko 1989; Hornik et al. 1990). 

As previously mentioned, due to their characteristics, ANN provide good 

results when modelling complex processes. Ghadirian and Zekri (2011) tested the 

performance of neural networks with both single input - single output (SISO) and 

multiple input – multiple output (MIMO) nonlinear dynamic systems with 

successful results. Using the resulting model for simulation tasks with the desired 

accuracy and estimation times (Ghadirian & Zekri 2011). The ANN, using different 

configurations, are capable of modelling all kinds of systems from static systems of 

a single variable to multivariable systems (MIMO) or dynamical systems, both 

linear and nonlinear systems (Jagannathant & Lewis 1996; Pollard et al. 1992; 

Narendra & Parthasarathy 1990). These techniques are already present in industrial 

sectors such as supply chains, manufacturing industries and several practical 

applications such as sales forecasting techniques for different objectives, vehicle 

routing, materials planning or manufacturing flow management (Ko et al. 2010). 

Thus, the ability of ANN for modelling, identification and control systems has been 

widely demonstrated throughout the literature. 

In the specific field of chemical processes the ANN have been also used with 

satisfactory results to predict parameters (soft-sensors) of the production processes 

as the pH in a continuous flow stirred-tank reactor or to estimate the viscosity of 

the product; to model steady state reactors; or for the interpretation of biosensor 

data (Bhat et al. 1990; Bhat & McAvoy 1990; Gonzaga et al. 2009). These research 

works, were using a global modelling approach where the whole process or reactor 

was modelled by using a unique neural network. However, analysing the literature 

it has been observed that many of the neural models successfully used in the 

modelling of chemical reactors are hybrid neural models “Neural Networks-

Knowledge Models”, also known as “grey-box” type models, which in contrast 

with “black-box” models maintain some fundamental knowledge about the process 

that is being modelled.  
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These models enable a later simpler reactor scalability (Tian et al. 2001; Hosen et 

al. 2011). This type of models separates and models on the one hand the most 

unknown or complex kinetic or thermodynamic reactions of the chemical 

processes, while maintains in the hybrid model the well-known part of the 

mathematical model which is easier to resolve and with much lower computational 

cost (see Figure 6) (Galvan et al. 1996; Molga 2003; Azarpour et al. 2015).  

Balance equations
(Mathematical model)

Kinetic model
(ANN)

k K + 1

 

Figure 6. Example diagram of a hybrid neural model of a chemical reactor. 

Several authors have addressed the problems of chemical process modelling 

using global neural networks with satisfactory results following specific objectives. 

Several complex chemical processes and reactors have been modelled with 

simulation purposes, such as a catalytic hydrogenation of 2,4-dinitrotoluene 

performed in multiphase stirred tank reactor (Molga 2003), an industrial fixed-bed 

catalytic ethylene oxide reactor (Rahimpour et al. 2011) or expanded granular 

sludge bed biochemical reactors (Yi-Fan et al. 2017). Also less complex but more 

commonly used batch type reactors have been modelled, or complex kinetic models 

can be modelled (Hough et al. 2017).  

It is being used the leave-one-out cross-validation approach to obtain the 

optimal neural structure in order to estimate the output concentrations from several 

input parameters and previous outputs of the process (Kashani & Shahhosseini 

2010). These implemented neural models are able to present better results than the 

well-known mechanistic models, and they are successfully used in different 

nonlinear control and optimisation strategies (Mujtaba et al. 2006). With a similar 

approach, a polymerization semi-batch reactor is modelled using a multi-stage 
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modelling approach (Yang et al. 1999). Given that a semi-batch reactor works in 

two different ways, one as a purely batch reaction and a second one as a semi-batch 

reaction, several neural models are implemented for each process with the multi-

stage approach. The global model is a stacked neural network in which each neural 

model, developed individually, assimilates the dynamic of each stage of the 

process. With this approach, chemical processes with differentiated dynamic 

behaviours can be successfully and more easily modelled. Other authors have 

modelled polymerization reactors in a global way with different ANN structures, 

such as the recurrent real-time learning networks or the more common multilayer 

recurrent networks, and obtaining also successful results (Meert & Rijckaert 1998).  

ANN have been also used to model, not only one reactor but also ring reactors 

or networks of chemical reactors. The methanol production of a ring reactor is 

predicted by neural models which are able to assimilate the complex dynamics of a 

group of reactors (Fissore et al. 2004). Other modelling approaches looking for 

future control applications are presented in the literature. An interesting one is the 

use of ANN to identify the state space non-linear model of an industrial plant 

(Zamarreño & Vega 1998). The obtained models can be easily linearized, facilitating 

the application of the conventional control theory.   

The previously exposed models of different types are successfully used for 

control purposes, an important application is the Model Predictive Control (MPC) 

strategy (Yu & Gomm 2003; Lightbody et al. 1994; Fissore et al. 2004; Sadeghassadi 

et al. 2018) or fuzzy controllers (Marulanda et al. 2007). In both cases the neural 

models are used to predict the future behaviour of the process either in an offline 

mode or even in an online simulation approach. 

It is clear that the ANN have been successfully employed for the modelling and 

control of different several types of reactors and chemical processes. In the 

reviewed works the authors always try to model the complete behaviour of a 

specific reactor or process, looking for the relationships between the inputs or the 

principal components of the inputs parameters and the outputs of process, 

generally the output yield of the process or the selectivity of the chemical reaction 

with the desired product.  

ANN have been also used with different purposes within the chemical 

engineering. Some of the most important applications found are the experimental 
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design (Serra et al. 2007; Serna et al. 2008) in the research of new materials to reduce 

experimentation time and efforts (cost) or the modelling of catalytic materials 

looking for the optimal catalyst composition (Rodemerck et al. 2004; Corma et al. 

2005). These works use the neural networks to estimate the catalyst composition 

and/or material properties or applied treatments to possible catalyst in order to 

obtain the best performance of the process or catalyst. 

Other techniques such as Gaussian Processes and SVM have been also widely 

used in the literature. A specific implementation of the SVM, known as Support 

Vector Regressors (SVR) has been used to model complex systems. The SVR are 

based in SVM algorithms with some modifications and extensions in order to be 

used as a regression technique (Smola & Schölkopf 2003; Basak et al. 2007). 

Different algorithms based on the SVM are used in several applications such as 

financial markets predictions (Yang et al. 2002), in wind speed prediction for wind 

farms (Salcedo-Sanz et al. 2011; Santamaría-Bonfil et al. 2016; Hu et al. 2016) or in 

the electrical industry in which this technique is widely used for short-term, annual 

and long-term load forecasting (Kavousi-Fard et al. 2014; Wang et al. 2012; Hong 

2011).  

In the field of chemical engineering, SVM based techniques have obtained in 

some applications with similar accuracy to those obtained using ANN based 

approaches (Balabin & Lomakina 2011). They have been successfully used in batch 

chemical processes using SVM, to build local models around each identified local 

domain and obtaining a global multi-model capable to predict the output product 

concentration (Jin et al. 2015). Good results have been also obtained to model 

different chemical parameters within chemical processes as adsorption influential 

parameters or the product quality, and using the estimated information for process 

monitoring, optimization and quality control (Lee et al. 2005; Ghaedi et al. 2014; 

Chitralekha & Shah 2010). The modelling of the whole chemical reactors or 

industrial plants have been also carried out using SVR models to predict the 

process output variables (Bansal et al. 2012; Adib et al. 2013) as well as to model the 

chemical activity of the processes that are being carried out in the chemical reactors 

(El-Atta & Hassanien 2017). Also in the petrochemical industry these techniques 

have been used in recent years (Ahmadi & Pournik 2016). 
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2.2.  Optimisation of chemical processes  

The novelty of the BTO process also makes necessary the study of the most 

suitable operational conditions for it. Therefore, this will be the second objective of 

this research work. 

The dynamic optimisation of chemical processes at design stages (Kazempour 

et al. 2017) or to respond to disturbances has been previously approached. Some 

optimisation examples show, for example, the optimisation of yeast fermentation 

processes in order to optimise the temperature of the reactor (Ławryńczuk 2011) or 

in biomass fermentation processes for a bioethanol production plant (Ochoa et al. 

2010). Relevant works have also been carried out in which the deactivation of the 

catalyst has been taken into account in a discrete pseudo-dynamic optimisation 

(Kordabadi & Jahanmiri 2005; Kordabadi & Jahanmiri 2007). In these research 

works, the optimisation is simply carried out for three or six different states of the 

activity. In a similar way, some works optimise the processes including the effect of 

the catalyst deactivation but in a discrete way for a few piecewise of constant 

profiles (Løvik et al. 1998; Løvik et al. 1999).  

The difficulty to tackle simultaneously two different process dynamics hinder 

the dynamic optimisation of complex processes such as the catalytic processes. 

Simple processes and processes with slow deactivation rates can be approached in 

a discrete way (Løvik et al. 1999). However, in the case of the BTO process, the 

catalyst deactivation can be very fast (few hours or minutes) depending on the 

operational conditions, and even a complete irreversible deactivation could 

happen. Previous research works, have studied the behaviour of the similar 

catalytic transformation processes of biomass into olefins with different constant 

set-points and the most suitable constant set-points have been outlined (Pérez-

Uriarte, Ateka, Gamero, et al. 2016). 

 

2.2.1. Evolutionary optimisation 

In the context of complex and intertwined kinetic reactions, the search of the 

parameters and operational conditions that allows reach specific production 

objectives give rise to optimisation problems in which the calculation of an analytic 
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solution can present some difficulties if using conventional search techniques 

(Yüzgeç et al. 2009). These techniques require characteristics of the process or from 

the optimisation problem, such as gradients, Hessians or linearities, to approach the 

optimum solution. On the contrary, stochastic search techniques, as the 

Evolutionary Algorithms (EA), solve complex optimisation problems by using 

stochastic rules. 

The EA are inspired on the principles of the biological evolution (Goldberd 

1989; Holland 1975). Using properties like the parents selection, the crossovers and 

the mutations, these techniques have obtained very good results solving complex 

optimisation problems due to their ability to converge to global optima avoiding 

being trapped in local solutions (Mitra et al. 1998). 

In the field of chemical engineering, these algorithms have been frequently 

employed for the design, optimisation and optimal control of chemical reactors and 

plants (Kordabadi & Jahanmiri 2005; Angira & Babu 2006; Ghahraloud et al. 2017). 

The use of these optimisation procedures is not limited to the operational strategy 

and also includes the design of the chemical reactors itself and the development of 

catalytic materials. The combination of soft-computing techniques, such as the EA 

and ANN have been successfully used for the design of new optimised catalyst that 

improve the selectivity and therefore the production of the desired chemical 

compound (Serra et al. 2007; Valero et al. 2009); and also to design and guide the 

experimental set-up of new catalyst in order to experimentally explore the most 

promising areas (Holeňa & Baerns 2003; Rodemerck et al. 2004). 

Some examples of the optimisation of the operational and feeding conditions 

using and comparing these techniques can be found in the optimisation of the feed 

flow rate in fermentation processes with fed-batch reactors (Yüzgeç et al. 2009; 

Yüzgeç 2010) or to optimise the operational conditions of industrial scale reactor 

(Yee et al. 2003) or chemical plants (Rajesh et al. 2001), both looking for pareto-

optimal sets of operating conditions. The multi-objective optimisation is present in 

several examples of previous research works. Most of them using several objective 

functions to weigh up depending on the global objective to maximise specific 

productions or the selectivity of concrete product lumps with conflicting effects. 

Other authors, search for optimal constant set-points for the production region of 

each product lump (Koller & Ricardez-sandoval 2017). 
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One of the main problems when performing a dynamic optimisation of a 

process or reactor, is the amount of time spent in complete a process simulation. 

Each evaluation of the cost function may require from minutes to hours of 

calculation time, and when using EA hundreds of evaluations are generally needed 

(Ong et al. 2004). Knowledge models describing chemical engineering processes use 

to be non-linear and with very high computational costs, that is why surrogate 

models are commonly used to simulate the real process during its optimisation 

(Nascimento et al. 2000; Laguna & Martí 2002; Muñoz López et al. 2018). Artificial 

Neural Networks (ANN) are becoming very popular as modelling technique for 

process simulation in evolutionary optimisations due to their flexibility and good 

performance (Nascimento et al. 2000; Laguna & Martí 2002; Farshad et al. 2011; 

Gueguim Kana et al. 2012; Shi et al. 2016; Hough et al. 2017). In addition, the EA 

have been also used in combination with ANN in neuro-evolution approaches to 

evolve the neural weighs and structures to obtain the best surrogate models in 

order to be used during the optimisation procedures (Dragoi et al. 2013; Kajero et 

al. 2017). 

Several studies present modelling and optimising studies of chemical reactors 

and process operation using soft computing techniques (Angira & Babu 2006; Chen 

et al. 2004; Kordabadi & Jahanmiri 2007; Babu & Angira 2006; Wei et al. 2015; 

Ghahraloud et al. 2017). Also in industrial scale different soft computing techniques 

are increasingly being used with very good results (Velez-Langs 2005; Braik et al. 

2008; Oduguwa et al. 2005). However, these studies do not consider dynamically 

the catalyst deactivation kinetic. There are only some approaches to optimise 

reactor operation at different discrete activity levels or constant set-point 

optimisation procedures. 

 

2.2.2. Conclusions 

The results obtained with ANN are clearly successful. Also those obtained with 

other soft-computing techniques such as SVM. These techniques present promising 

characteristics in order to be used in the modelling of the BTO process. 

However, the novelty and complexity of the BTO process, whose complete 

behaviour is still currently under investigation, hinders its modelling using soft 

computing techniques. The resulting model should adequately reproduce the 
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dynamics of the process, which is the result of both the kinetics of the process itself, 

and the kinetics of deactivation of the catalyst. Therefore, it must be taken into 

account the two behaviours simultaneously. 

The modelling and optimisation of chemical processes as the BTO process, has 

been carried out in previous scientific works. But simultaneous modelling of the 

kinetics of the main chemical reaction and the catalyst deactivation kinetics is still 

one of the main problems to obtain a computationally less costly model of the BTO 

process. 

Therefore, a new strategy to obtain a process model that allows a reduction in 

the times for the design of the operation strategies and/or the actual control 

systems is needed. 

The second objective of this research work is the optimisation of the operational 

conditions of the BTO process. The chemical studies of the operational conditions of 

chemical processes are usually performed at zero time on stream, and thus they do 

not take into account the effect of the catalyst deactivation. This is due to the fact 

that in many chemical processes, such as fermentation processes, the deactivation 

kinetic is inexistent or negligible.  

Currently, the operation of the BTO process has no an advanced nor optimised 

control to improve and maximise the production of olefins. The common operation 

is limited to stablish constant operational conditions, that will not be changed, and 

procced with the chemical reaction. Therefore, for the BTO and similar processes as 

the DTO process (Dimethyl ether To Olefins), the optimisation procedures 

performed are restricted to the optimisation of the operating variables at zero 

reaction time (Oar-Arteta et al. 2015; Pérez-Uriarte, Ateka, Gamero, et al. 2016; 

Sousa et al. 2016) and/or constant set-points (Oar-Arteta et al. 2015; Pérez-Uriarte, 

Ateka, Gamero, et al. 2016; Da Ros et al. 2017). If the catalyst is deactivated due to 

the accumulation of coke or other causes, the production phase is stopped and a 

catalyst regeneration phase is performed, after which it starts a new production 

phase. Therefore the objective is to promote the catalyst selectivity of the desired 

product lump at zero time. This strategy is more useful with chemical processes 

without catalyst or when the catalyst stability is so high that the deactivation 

kinetic does not affect the production in the short-time.  
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However, in the present case of study (BTO process), depending on the 

operational conditions the catalyst deactivation rate varies significantly (Alonso 

2008). And the operational conditions needed to maximise the production of olefins 

at zero time are the same which provoke the fastest catalyst deactivation (Alonso 

2008; Gayubo et al. 2012). Therefore, with a dynamic optimisation of the operational 

conditions, the desired production could be significantly improved, looking for 

equilibrium between maximising the production without inducing a rapid catalyst 

deactivation or even an irreversible catalyst deactivation. 

Given that the optimal operating set-points to counteract the catalyst 

deactivation are limited in an industrial chemical plant, due to the dependency on 

multiple variables, it is necessary to develop an operational optimisation strategy 

flexible enough to guarantee different production objectives specified by the 

producers or clients. The relation between the operating variables and the catalyst 

deactivation can hinders the development and implementation of traditional 

strategies. Thus, it is necessary the search and development of new strategies for 

both optimisation and control of biorefinery processes using computational 

intelligence based on techniques, in order to maximise and prolong the production 

steps, minimising the catalyst regeneration stops and prolonging the total catalyst 

lifespan. 
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RESEARCH OBJECTIVES 

 

The present research work has the objective of developing a modelling and 

optimisation strategy based on computational intelligence techniques to be applied 

on the catalytic transformation of bioethanol into olefins (BTO process). The main 

goal is to maximise the total production of olefins per space-time while at the same 

time the catalyst lifespan and therefore each production step is prolonged. 

However, the proposed strategy could be used for any new or unknown chemical 

processes, properly characterized with a representative set of experimental data, 

but in early experimental stages, saving costs and time.  There the following 

hypothesis is performed: 

HYPOTHESIS: 

The online or offline optimisation of the BTO process using soft computing techniques 

based on surrogate models, will permit to prolong the catalysts lifespan and to maximise the 

olefins production; reducing the production stops and the requirements of the catalyst 

regeneration phases. 

The global objective is therefore, twofold: 

O1. Soft-Modelling of the BTO process 

The first sub-goal is the modelling of the BTO process using computational 

intelligence based models such as ANN or SVR. The obtained model of the process 

should show similar goodness of fit than the knowledge based mathematical 

models but with much less computational cost. The reduction of the estimation 

times is expected to make possible the use of the model for optimisation and 

intelligent control strategies. 

O2. Design of the optimisation strategy 

The second sub-goal is the design of an optimisation strategy based on the 

computation intelligence based techniques able to perform a dynamic optimisation 
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of the operational conditions of the processes with the objective of maximizing the 

total production and of extending the catalyst lifespan. 

The current studies about operation and optimisation of the BTO process are 

based on the operation of the process at zero time or constant operation based 

strategies, which do not able to reach to the desired objectives. This fact can be 

explained due to the effect that the catalyst deactivation has over the total 

production. The operational conditions that are able to slow down the catalyst 

deactivation process are inverse to those required to maximise the production at 

zero time (elevated temperatures). 

The modelling and optimisation strategy proposed is expected to make easier 

and faster the analyses of new processes whose chemical reaction kinetics are still 

under study and those for which no complete knowledge based mathematical 

model is available. Any research advance and conclusion in the biorefinery context 

is expected to be relevant to obtain industrial scale and economically viable 

productions of bioproducts. 
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MATERIALS AND METHODS 

 

This chapter presents the materials and methodologies used to develop the 

presented research work. First the experimental setup and data used for the 

modelling procedure are presented. Next the mechanistic model, used for control 

and contrast purposes is presented and explained. And finally the methodologies 

and techniques used for the modelling and optimisation procedures are explained. 

The modelling methodology including the modelling techniques and the statistical 

analysis for the model selection and validation procedures are presented. In the 

optimisation procedures, three different optimisation and process operation 

strategies are presented with the selected optimisation procedure. 

Both modelling and optimisation procedures have been implemented using the 

programming package MATLAB© (version 8.0, 2012b, Mathworks Company) and 

the libSVM library (Chang & Lin 2011) for the alternative Support Vector 

Regression. Simulation and optimisation have been carried out in a PC with an 

Intel® Core© i5-2467M CPU at 1.6 GHz and 4.0 GB of physical memory (RAM). 

 

4.1.  Resources: BTO Case of Study 

4.1.1. Mechanistic Model 

During the work a previously developed and validated mechanistic model of 

the BTO process will be used. An implementation of this model, which includes 

both main reaction kinetics and the deactivation kinetic, is used for contrast 

purpose during the comparative study of the new developed surrogated models.  

The kinetic model proposed by (Gayubo, Alonso, Valle, Andrés T. Aguayo, et 

al. 2010; Gayubo et al. 2012) according to the kinetic scheme of Figure 7 has been 

chosen and it will be considered as the mechanistic model (MECH). In this model 

four component lumps of commercial interest are considered: ethylene (E), lump of 

gasoline (G) (butane and C5+), lump of propylene and butenes (O), and lump of 
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light paraffins (P) (C4−). Ethylene is considered the starting reactant given that 

ethanol dehydration is complete under all the operating conditions studied. 

 

 

Figure 7. Transformation of ethanol into ethene (BTE process) and into olefins (BTO process) and 
other hydrocarbons on acid catalysts (Alonso 2008). 

The kinetic equations of the main reactions (at zero time on stream) are: 

(−𝑟𝐸)0 =  (((𝑘1 + 𝑘2 + (𝑘2 + 𝑘4)𝑋𝑂)𝑋𝐸) − 𝑘6𝑋𝐺) ·  𝜃 (1) 

(𝑟𝑂)0 = (𝑘1𝑋𝐸 + (𝑘2 − 𝑘4)𝑋𝑂𝑋𝐸 − 𝑘3𝑋𝑂 + 𝑘6𝑋𝐺) · 𝜃 (2) 
(𝑟𝐺)0 = (𝑘3𝑋𝑂 + 2𝑘4𝑋𝐸𝑋𝑜 − 3𝑘6𝑋𝐺) · 𝜃 (3) 
(𝑟𝑃)0 =  (𝑘5𝑋𝐸 + 𝑘6𝑋𝐺) · 𝜃 (4) 

Where ri is the formation rate of i component at zero time on stream and at any 

time.  The parameters ki represents the kinetic constants of i step in the kinetic 

scheme of the model at T temperature. These parameters are expressed using the 

equation of Arrhenius, which is reparametrized to redefine the kinetic constants to 

be calculated as: 

𝑘𝑖 =  𝑘𝑖
∗ exp [−

𝐸𝑖

𝑅
(

1

𝑇
−

1

𝑇∗
)] 

(5) 

being k*i the kinetic constant of i step at the reference temperature T* of 573 

K, which is the lower temperature within the experimental data range. R represents 

the constant of gases and Ei the activation energy of each i step in the kinetic 

scheme. 
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Table 1. Kinetic constants and the corresponding activation energies for the main kinetic reaction and 
deactivation process. 

Kinetic constants 

k1* 0.626 ± 0.052 (g/(gcatalysth)) 

k2* 6.208 ± 0.517 (g/(gcatalysth)) 

k3* 2.068 ± 0.230 (g/(gcatalysth)) 

k4* 6.042 ± 0.731 (g/(gcatalysth)) 

k5* 0.018 ± 0.003 (g/(gcatalysth)) 

k6* 0.016 ± 0.003 (g/(gcatalysth)) 

kw* 0.230 ± 0.007 

kd* 0.361 ± 0.030 (h-1) 

kdw* 0.238 ± 0.023 

Activation energies 

E1 96.85 ± 3.140 (kJ/mol) 

E2 70.60 ± 3.977 (kJ/mol) 

E3 54.43 ± 4.229 (kJ/mol) 

E4 59.81 ± 4.647 (kJ/mol) 

E5 148.30 ± 7.536 (kJ/mol) 

E6 130.40 ± 6.238 (kJ/mol) 

Ew 24.35 ± 1.210 (kJ/mol) 

Ed 74.70 ± 2.17 (kJ/mol) 

Edw 8.941 ± 0.300 (kJ/mol) 

Parameters 

nd 1.845 ± 0.077 

 

Table 1 shows the values of the kinetic constants for a reference temperature 

(573 K) and the corresponding activation energies, for the main kinetic reactions 

and the deactivation kinetic by coke deposition. The function θ(XW) quantifies the 

attenuation of individual reaction rates due to the presence of water in the reaction 

medium according to the expression: 

𝜃 = exp(−𝑘𝑊𝑋𝑊) (6) 

where 𝑋𝑊, is the water content in the reaction medium, which is calculated as 

the sum of the water fed together with ethanol, XW0,and that formed by ethanol 

dehydration, XWf.  
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The content of formed water is given by: 

𝑋𝑊𝑓 =
18

28
(

𝑔𝐻2𝑂/𝑚𝑜𝑙𝐸𝑡𝑂𝐻

𝑔𝐶2=/𝑚𝑜𝑙𝐸𝑡𝑂𝐻
) = 0.643 (

𝑔𝐻2𝑂

𝑔𝐶2= 𝑖𝑛 𝑡ℎ𝑒 𝑓𝑒𝑒𝑑
) 

(7) 

 

It should be taken into account that the mass of ethylene equivalent in the 

reactor feed equals the mass of the organic components in the reaction. 

Furthermore, the mass conservation equation for each i component lump 

considering plug flow in the fixed bed reactor, expressing the longitudinal 

coordinate as dimensionless, ζ, is: 

(𝛿𝑋𝑖)

𝛿𝑡
=

(1 − 𝜀)𝜌

𝜀

𝑅 · 𝑇

𝑀̅
(𝑟𝑖)0 (

𝑚0

𝐹𝐸𝑂
) 𝑎 −

𝑢

𝑍

𝛿𝑋𝑖

𝛿𝜁
 

(8) 

where the activity a is defined as the ratio between the reaction rates at t and 

zero time on stream: 

𝑎 =
𝑟𝑖

(𝑟𝑖)0
 (9) 

The deactivation kinetic by coke of the catalyst considers that coke formation 

occurs in independently of reaction medium concentration, according to the 

expression: 

𝑑𝑎

𝑑𝑡
= −𝑘𝑑𝜃𝑑𝑎𝑛𝑑 

(10) 

The term kd is the kinetic constant for the deactivation by coke formed at 

temperature T. In the same way as for the kinetic constants of the main kinetic 

reaction, the deactivation kinetic constants are calculated with the reparametrized 

equation of Arrhenius (equation (5)) from the deactivation kinetic constant kd* at the 

reference temperature T*.   

Finally, θd quantifies the attenuating effect of the water in the reaction medium 

on deactivation by coke according to an exponential expression: 

𝜃𝑑(𝑋𝑊) = exp(−𝑘𝑑𝑊𝑋𝑊) (11) 

being the term kdW the kinetic constant for the deactivation by coke formed from 

the water content in the feed. 
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It is therefore a multivariable process with strict operating restrictions. The 

possible operational conditions are bounded based on the physical-chemical 

properties of the process. In fact, for the temperature (T), 573 K is the inferior bound 

where the complete dehydration of the ethanol happens and 673 K is the upper 

bound to avoid an irreversible deactivation of the catalyst. The variable XW will 

range between 0.0821 and 4.8889 gwaterg−1, and W/FEO will range between 0.068 and 

1.525 gcatalysth(gethanol)−1 respectively. Please note that those intervals have been used 

in previous works (Gayubo, Alonso, Valle, Andrés T. Aguayo, et al. 2010; Gayubo 

et al. 2012). 

 

4.1.2. Experimental Data 

This study analyses the olefin composition (XO, propylene and butenes) as the 

main reaction product, taking into account the following main variables and 

disturbances (Gayubo, Alonso, Valle, Andrés T. Aguayo, et al. 2010): 

 Operating variables:  

o T: reaction temperature (K). 

o XW: mass fraction of water based on the equivalent mass of ethylene 

in the reactor feed (gwaterg−1). 

o W/FEO: space-time (gcatalysth(gethanol)−1). 

 Disturbances: 

o  a: catalyst activity. The activity has been considered as a disturbance 

that quantifies the rate of catalyst reversible deactivation by coke 

deposition. 

The experimental data were obtained, in previous works (Gayubo, Alonso, 

Valle, Andrés T. Aguayo, et al. 2010; Gayubo et al. 2012), in an automated device 

equipped with an isothermal fixed bed reactor connected on-line to a gas 

chromatograph (Hewlett Packard 6890 Series II) and a micro-GC (Varian CP) for 

the analysis of the reaction products. The reactor consists of 316 stainless steel with 

a 9 mm of internal diameter and 10 cm of total effective length located within a 
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stainless steel chamber heated by electrical resistances. The bed is a mixture of a 

HZSM-5 catalyst with an alkali treatment of 10 min and inert sand in order to 

ensure an isothermal bed and the plug flow under low space-time conditions. The 

experiments have been obtained under the following operating conditions: 

temperature, between 573 and 673 K; pressure, 1 atm; space-time, up to 

1.53 (gcatalyst)h(gethanol)−1; particle size of the catalyst, between 0.3 and 0.63 mm; feed 

(ethanol + water) flow rate, 0.16 cm3min−1 and 30 cm3min−1 of N2; water content in 

the feed, up to 75 wt%; and time on stream, up to 31 h. 

Table 2 summarizes the experimental dataset used in this work. The full set of 

experimental data is available in Annex 1. Details about the reaction equipment, 

catalyst preparation and experimental methodology can be found in previous 

works (Gayubo, Alonso, Valle, Andrés T. Aguayo, et al. 2010; Gayubo et al. 2012). 

Two types of experiments are distinguished according to the reaction temperature: 

experiments at constant temperature (Tconst) and dynamic experiments with a 

temperature ramp (Tramp). The purpose was to have the greatest quantity of 

information about the process dynamics with the minimum number of 

experiments. 

Each of the experimental sample is a data vector featuring the conversion of 

olefins at certain operating conditions. The small number of samples with respect to 

the variety of experimental operating conditions greatly hinders the modelling 

process because of the dependence of the modelling techniques 

(Papadokonstantakis et al. 2005) with the quality of training data. 

 

  



 
Chapter 4: Materials and Methods  

 

 65  

 

 

 

 

 

T
a

b
le

 2
. 

S
u

m
m

a
ry

 o
f 

th
e 

ex
p

er
im

en
ta

l 
d

a
ta

. 

 

O
u

tp
u

t 

sa
m

p
le

s 

(X
O

) 

1
1 

1
6 

1
6 

1
8 

2
0 

1
1 

1
4 

1
6 

1
6 

2
7 

1
6 

1
6 

1
6 

1
6 

1
6 

1
6 

1
6 

D
u

ra
ti

o
n

 

[h
] 

1
3

.5
 

1
4

.2
 

1
4

.2
 

6
 

2
0

.4
5 

9
.5

 

1
2

.4
5 

1
5

.1
 

1
5

.1
 

3
0

.5
 

6
.8

3 

2
2

.0
8 

1
5

.1
 

1
5

.1
 

2
5

.7
5 

2
7

.5
6 

2
8 

W
/F

E
O

 

[g
ca

ta
ly

st
h

(g
e
th

a
n

o
l)

-1
] 

0
.2

3
5 

0
.2

3
5 

0
.4

6
9 

1
.1

0
8 

0
.1

3
2 

0
.1

6
3 

0
.2

3
5 

0
.2

3
5 

0
.4

6
9 

0
.7

6 

0
.0

6
8 

0
.1

3
2 

0
.2

3
5 

0
.4

6
9 

0
.4

6
9 

0
.6

7
1 

1
.5

2
5 

X
W

 

[g
w

a
te

rg
-1

] 

0
.0

8
21

  

1
.6

4
3 

1
.6

4
3 

4
.8

8
8 

0
.0

8
21

 

0
.0

8
21

 

0
.0

8
21

 

1
.6

4
3 

1
.6

4
3 

4
.8

8
8 

0
.0

8
21

 

0
.0

8
21

 

1
.6

4
3 

1
.6

4
3 

0
.0

8
21

 

1
.6

4
3 

4
.8

8
8 

T
 s

lo
p

e
 

[K
/m

in
] 

                    

0
.5

 

T
 

[K
] 

5
7

3 

6
2

3 

6
4

8 

6
7

3 

5
7

3
-6

4
8 

  

T
co

n
st

 

T
ra

m
p
 

  



 Intelligent modelling and optimisation strategies for the BTO process 
(Bioethanol-To-Olefins) 

 

  66

 

 

 

 

 

 

T
a

b
le

 2
. 

S
u

m
m

a
ry

 o
f 

th
e 

ex
p

er
im

en
ta

l 
d

a
ta

. 

 

O
u

tp
u

t 

sa
m

p
le

s 

(X
O

) 

1
1 

3
2 

1
9 

1
4 

1
6 

1
9 

3
8

8
 

D
u

ra
ti

o
n

 

[h
] 

3
.3

 

1
6

.5
 

6
 

4
.3

3 

2
.9

7 

7
.8

3 

T
O

T
A

L
: 

2
3

 e
xp

e
ri

m
e

n
ts

  

W
/F

E
O

 

[g
ca

ta
ly

st
h

(g
e
th

a
n

o
l)

-1
] 

0
.1

3
2 

0
.2

3
5 

0
.2

3
5 

0
.4

6
9 

0
.1

1
7 

0
.0

6
8 

X
W

 

[g
w

a
te

rg
-1

] 

0
.0

8
21

 

0
.0

8
21

 

1
.6

4
3 

1
.6

4
3 

1
.6

4
3 

0
.0

8
21

 

T
 s

lo
p

e
 

[K
/m

in
] 

0
.5

 

0
.6

 

0
.7

 

T
 

[K
] 

5
7

3
-6

7
3 

5
7

3
-6

7
3 

  

T
ra

m
p
 

 

  



 
Chapter 4: Materials and Methods  

 

 67  

 

 

4.1.3. Synthetic Data 

The previously presented experimental data will be used to fit different models 

using soft-computing based techniques. However, during the modelling procedure 

it was noticed that the small number of samples with respect to the variety of 

experimental operating conditions and the characteristics of the available 

experimental runs, was not able to provide to the model with the necessary 

dynamic information about the BTO process. The experimental data is limited to 

short-time experiments where the catalyst deactivation has a relatively low 

influence on the final olefins conversion rate. Only 6 experiments, out of 23, 

represent the evolution of the process more than 16 hours. And in many of the 

experimental runs (10 of 23 experiments), the catalyst deactivation and therefore its 

effect over the production is minimal (less than a 25%) due to its short duration.   

However, optimizing the operational conditions, several operational conditions 

are simulated in order to extend the production times and catalyst lifespan, and 

therefore prolonging the prediction horizon to analyse different scenarios 

describing different operational conditions. This type of behaviour is not 

represented in the experimental dataset. Moreover, the dataset does not contain any 

experiment that considers the dynamic behaviour of XW and W/FEO and few ones 

for the T. So it is probably that in order to train an empirical model capable to 

assimilate the dynamics of the process for long-term estimations more training data 

may be required. 

Therefore, in addition to the experimental data, and in order to provide the 

model with more dynamic information about the process, 20 additional 

experiments with different operational conditions have been simulated. These 

additional data have been generated using the well-known mechanistic model (see 

subchapter 4.1.1). 

These augmented data generated on extended operational conditions will 

provide the trained models with the necessary dynamic information about the 

behaviour of the process in long-term experiments (more than 60 hours) with new 

dynamic operational conditions of all variables and not only for temperature 

ramps.  In addition, these new data will provide more information about the effect 

of the catalyst deactivation over the total production of olefins.  This effect becomes 



 Intelligent modelling and optimisation strategies for the BTO process 
(Bioethanol-To-Olefins) 

 

  68

 

critical in long-term cycles and varying operational conditions of the production of 

olefins.  

Figure 8 shows as an example, some of the new generated synthetic operational 

conditions that will be used to train the final models. The new dataset composed by 

43 experimental conditions (the 23 original experimental conditions and 20 

additional “dynamic” operational conditions) have been simulated by the 

mechanistic model and treated hereafter as the synthetically generated 

experimental data. 
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4.1.4. Soft-Modelling techniques 

According to the literature one of the most promising soft-modelling techniques 

is the ANN, and therefore this technique has been selected for the modelling 

procedure. However, modelling techniques as the Support Vector Machines (SVM) 

have also been tested due to their promising results in the modelling and 

identification of complex processes. Additionally, and for contrast purposes, a 

Linear Regression (LR) technique has been used to fit the process data. 

Using the process data previously presented and the commented modelling 

techniques (ANN, SVR and LR), the modelling of the BTO process has been 

addressed. Nevertheless, in addition to the main operating variables of the process, 

another variable that has a significant effect over the behaviour of the process is the 

activity of the catalyst. Moreover, the influence of this variable is determinant and 

increases with the production time. However, the activity is a non-measurable 

variable and therefore no experimental data is available for the modelling 

procedure. Therefore, to the previously presented global modelling technique, 

hybrid modelling approaches will be included in order to be able to assimilate the 

deactivation and to identify both main kinetic and deactivation kinetic reactions of 

the BTO process.  

Thus, a hybrid modelling approach is also proposed, using soft computing 

techniques such as ANN to model the main process kinetic and a knowledge model 

for the catalyst deactivation (see subchapter 5.1.4 for more details). 

Next subchapters present each modelling technique used to model the BTO 

process in this work. 

 

4.1.4.1. Artificial Neural Networks  

ANN are commonly used in the modelling of complex systems. This is due to 

their successful results in the resolution of problems with stochastics and non-linear 

characteristics, and because of their great learning capacity from previous 

experiences and generalization ability. 
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They are classified within the category of “Black-Box” modelling techniques. 

This means that the model parameters have not a real physical interpretation. The 

model parameters only correlate the inputs of the model with the corresponding 

outputs. Therefore it is not necessary a deep knowledge of the process which 

allows faster progress in some research areas. 

ANN use the structural principles of the biological brains to design intelligent 

systems, and trying to emulate the low level performance of brains. The artificial 

processing units are called nodes or neurons. These are equivalents to the biological 

neurons, and try to emulate their behaviour and operation. They transmit the 

values received in their inputs to their outputs, going from one neuron to another. 

The data processing that is carried out in each neuron is local and depends mainly 

on the data input values and the weights that are associated in each connexion 

between neurons. 

 

Figure 9. Data (X) processing example carried out by the ANN (Brierley 1998). 

Figure 9 shows the operation of neurons to process the data received in their 

inputs. In this small neural network, the output 𝑓(𝑥) consists of the sum of the 

entries (which are the outputs of previous neurons), weighted by weights 

associated to each neural connexion, and applying the activation function 

corresponding to the current node. Therefore, the output of the ANN are the next: 

𝑓(𝑥) = 𝑓1(𝑥) +  𝑓2(𝑥) (12) 

 being, 

𝑓1(𝑥) = 𝐶 · 𝑡𝑎𝑛ℎ(𝐴𝑥 + 𝐵) (13) 
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The weights associated to each connexion (A, B, C), are used to weight up the 

inputs of each node of the network. These values will be fitted during the network’s 

training procedure in order to minimize an error function between the estimates 

generated by the model for an input vector and the objective or real output 

corresponding to those input vector. 

Each neuron has an activation function such as the one that can be seen in 

equation (13), and which is applied to the weighted addition of inputs. In this 

example, the activation function is the hyperbolic tangent, but different function 

types can be used. These functions can be different between neurons and normally 

the output neurons of the networks used to use linear activation functions. 

However, the election of these functions depends of the specific use case in each 

modelling problem. Next, Figure 10 shows the most commonly used activation 

functions. 

 

Figure 10. Commonly used activation functions (Brierley 1998). 

The structure of the ANN is composed of a variable number of nodes (neurons) 

organized in different layers that process the inputs in parallel inside each of this 

layers.  
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Figure 11. Structure of a basic ANN (Brierley 1998). 

Figure 11 shows the three layer types in which can be divided the neural 

structure: 

 Input layer: it corresponds with the input to the neural network, and it is 

where the input data vectors are connected. 

 Hidden layers: they are the processing core of the neural network. It can be 

one or several hidden layers with a variable number of neurons in each one. 

 Output layer: it is the output of the neural network, it corresponds with the 

outputs of the model. 

Depending on the existing connections between these layers or between 

themselves, neural networks are classified as static or dynamic networks. Static 

networks (see Figure 12) has no recurrent loops and therefore their outputs are 

obtained only from the available inputs and following feedforward connections 

(Demuth et al. 2010). 



 Intelligent modelling and optimisation strategies for the BTO process 
(Bioethanol-To-Olefins) 

 

  74

 

 

Figure 12. Example of a feedforward ANN structure (Demuth et al. 2010). 

In contrast, the dynamic neural networks the outputs are not only estimates 

from current input data. As can be seen in Figure 13, the output is obtain from 

current inputs but also from previous neural outputs of the network or other 

network variables.  

 

Figure 13. Example of a NARX ANN structure (Demuth et al. 2010). 

Finally, a training process is needed in order to fit the weights of the ANN. This 

point is the most important in the learning capability of the networks. It exist 

several methods and training algorithms to update iteratively each weight to 

reduce an error calculated from available output data or from previously seen 

patterns. All of them can be classified as supervised or non-supervised learning 

methods. 
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In the supervised learning methods, the ANN is fed with information about bot 

inputs and its corresponding outputs. The training algorithm will fit the neural 

weights with the final objective of minimizing the error between the network 

output and the real output data. During the training process several correlated 

input-output data are used to fit the weight until an acceptable error measurement 

is reached. 

In contrast, in the non-supervised learning methods, the ANN receive only 

information about the inputs. These inputs contain patterns which the network has 

to learn, recognizing new patterns based on previously processed experiences. 

 

4.1.4.2. Support Vector Machines 

The SVM represent another widely known “black box” modelling technique. 

SVM are a set of supervised learning algorithms originally designed for solving 

classification problems. With certain modifications, they are being used in recent 

times with great success for time series regression and estimation applications 

(Smola & Schölkopf 2003). 

The original SVM search for hyperplanes capable of separating the input-output 

vectors in an optimal form. The objective is to maximize the distance (margin) from 

the nearest vectors to the hyperplane. In order to achieve this objective, these points 

are usually projected to a space of superior dimensionality. The vector form by the 

nearest points to the hyperplane is called support vector. 

The Support Vector Regression (SVR) is a specific type of SVM which consist of 

a non-linear mapping of the input-output training data to a higher dimensional 

space in which a linear regression could be performed. Figure 14 graphically shows 

the transformation from a non-linear feature space (X) to a higher dimensional 

space (φ(X)) where the modelling problem is transform and now can be solve as a 

liner regression. 
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Figure 14. Graphical explanation of the transformation to a higher dimensional feature space (SVR). 

 

4.2.  Soft-Modelling methodology 

In order to obtain the desired model, an iterative methodology with different 

modelling techniques has been followed. For each modelling technique several 

structures and hyperparameters have been tested until the most suitable model has 

been found and finally validated. Next the modelling methodology used to design, 

select and train the soft-computing based model is presented. 

The same modelling methodology has been applied with each modelling 

technique. The proposed method consists of an iterative methodology modifying 

the structure or the hyperparameters of the models. These parameters will be 

different depending on the selected techniques. In the case of ANN, for each global 

iteration the number of layers and the neurons in each layer has been updated. For 

the SVM based models several kernel functions with different hyperparemeters for 

each one have been tested. Figure 15 shows the followed modelling methodology 

based on the leave-one-out cross-validation (LOOCV) technique. 

After the data division step (subchapter 4.2.1), the model design procedure, 

based on the LOOCV will be carried out (subchapter 4.2.2). Within this modelling 

procedure the model structure and hyperparameters will be updated until the best 

LOOCV performance is reached.  
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During the design and training procedure the LOOCV average error, calculated 

over the validation experiments (see subchapter 4.2.1) at each iteration will be used 

to compare the model structures. This average error is calculated using different 

performance metrics. The main error performance metric used in this procedure for 

the comparison of the model structures has been the mean absolute percentage 

error (MAPE) and the root mean squared error (RMSE) (Equations (15) and (17)). 

Nevertheless, along the process of modelling and also for the model comparison 

other goodness-of-fit indicators as the mean absolute error (MAE), the maximum 

error (MAX) and a hit rate (HITS) are used (Equations (14) - (18)). Particularly, the 

HITS considers a hit whenever a model prediction leads a maximum estimation 

error lower than the experimental error (0.02 gog−1). This experimental error, which 

is needed in the hypothesis testing for model discrimination, was estimated by 

repeating several experiments at the same experimental conditions according to 

(Gayubo, Alonso, Valle, Andrés T. Aguayo, et al. 2010; Gayubo et al. 2012). 

𝑀𝐴𝑋 = max
𝑖𝜖[1,…,𝑛]

|𝑓(𝑋𝑖) − 𝑁𝑁(𝑋𝑖)| (14) 

  

𝑀𝐴𝑃𝐸 =
100

𝑛
∑

|𝑓(𝑋𝑖) − 𝑁𝑁(𝑋𝑖)|

𝑓(𝑋𝑖)

𝑛

𝑖=1

, 𝑤ℎ𝑒𝑟𝑒 𝑓(𝑋𝑖) ≠ 0 (15) 

  

𝑀𝐴𝐸 =
1

𝑛
∑|𝑓(𝑋𝑖) − 𝑁𝑁(𝑋𝑖)|

𝑛

𝑖=1

 (16) 

  

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑓(𝑋𝑖) − 𝑁𝑁(𝑋𝑖))2

𝑛

𝑖=1

 (17) 

  
𝐻𝐼𝑇𝑆 = #{𝑖 ∈ 1, … , 𝑛 ∶ 𝑁𝑁(𝑋𝑖) ∈  [𝑓(𝑋𝑖) − 𝜀, 𝑓(𝑋𝑖) + 𝜀]}, 

where 𝜀 is the experimental error. 
(18) 

  
These types of techniques for model building try to test the generalization 

capability of a model structure (Kashani & Shahhosseini 2010).  

Finally, once the model structure and/or its hyperparameters have been 

selected and properly validated, the final model is trained with all the available 

data except for the test dataset which is used to estimate the final goodness-of-fit of 

the trained model (see subchapter 4.2.3). 
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4.2.1. Data Division 

The first step of the methodology is the data division to generate three different 

datasets that will be used during the modelling and validation procedure. In this 

point the test dataset is already separated from the training and validation datasets 

to keep totally unseen by the fitted models until the last model validation step. 

Once the data is correctly divided, an iterative procedure to select the best model 

structure and its hyperparameters is carried out. 

Consequently, the available data has been divided into training, validation and 

test datasets. The training and validation datasets are used for the selection of the 

model structure, training algorithm, kernel functions or hyperparameters. The first 

one is used to train several models with different structures, using different 

training algorithms or kernel functions and different hyperparameters. The 

validation dataset consists of the excluded experiments from the training at each 

LOOCV iteration and it is used to calculate the validation error that is used in the 

early stopping concept to avoid the overfitting. The training is stopped if the 

validation error increases in a sufficiently high number of consecutive iterations. 

Finally, the test dataset will be used to obtain the goodness-of-fit of the model. 

 

4.2.2. Model Design and Selection 

As previously introduced, the model design and selection will be done 

following the LOOCV iterative procedure. Figure 16 shows this procedure, which is 

divided in the training step of each model and the resultant model selection step. 

For each modelling technique (see subchapter 4.1.4 Modelling techniques) several 

combinations of their corresponding hyperparameters with different structural 

models (see subchapter 4.2.2.1 Structural models) will be set up for the training 

procedure. Once trained, the obtained combinations of model structures and model 

hyperparameters will be compared using the LOOCV average errors. Those with 

the best performance measurements will be selected combination. 
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Model Training

Model Selection

Training & Validation datasets

Fitted model

New hyperparameters

LOOCV procedureLOOCV procedure

 

Figure 16. Scheme of the LOOCV procedure for the selection of model structure and its 
hyperparameters. 

This iterative procedure has been carried out in order to select the model 

structure and parameters that better fits the process. The LOOCV technique 

consists of setting aside a set of experiments (representing unique operational 

conditions) from the model training phase and only using them for the validation 

phase. All the process is repeated until every single set of experiments is used in the 

validation stage. Figure 17 graphically represents the LOOCV training procedure. 

As can be seen, in each training step a different validation dataset is keep out from 

the training and used to calculate a LOOCV validation error. Once all individual 

datasets have been used for the validation the global LOOCV mean error is 

calculated, using this measure to compare the generalization ability of the tested 

structures one with each other. Therefore, the whole iterative training procedure is 

repeated modifying the structure or the hyperparameters of the proposed model 

until the best model structure and parameters are found. Note that the test dataset 

is keep unseen by the modelling technique in the whole LOOCV procedure. 
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4.2.2.1. Structural models 

In addition to the internal topology, structure and/or hyperparameters of the 

models, which will depend on the selected modelling technique, another point that 

should be taken into account in the modelling procedure is the external structural 

model. It has been to be selected which information will dispose the model to 

estimate the desired outputs. It must be defined the input-outputs vectors of the 

models. 

Therefore, all the LOOCV based modelling methodology has been carried out 

with different input-output structures for each modelling technique and training 

parameters. Next, the main structural models extracted from the literature are 

presented. However, several variants of some of them have been also tested during 

the modelling procedure. 

 FIR (Finite Impulse Response): It is the simplest model. The estimations 

depend only on previous input variables. 

 

Figure 18. FIR structural model scheme. 

 ARX (AutoRegressive with eXogeneous inputs): The estimations of these 

type of models depends from previous both inputs and outputs of the 

process. A variant of this structure are the Non-Linear AutoRegressive 

models with eXogeneous inputs (NARX). These structures have obtained 

very good results identifying non-linear systems. 
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Figure 19. NARX structural model scheme. 

These two structural models are the most used ones with satisfactory results 

(Meert & Rijckaert 1998; Molga 2003; Mujtaba et al. 2006; Rahimpour et al. 2011). 

Therefore, several configurations of these structures have been implemented and 

tested. Table 3 shows the best input-output vector configurations found during the 

modelling procedure. The first four ones and modifications of them were initially 

implemented with satisfactory results. However, later it was observed that for long-

term production estimations it is necessary to provide the model with information 

about the catalyst deactivation. Note that the information about the activity data is 

not available because is a non-measurable data and therefor initially was not 

included as a possible input. Thus the activity was included as new inputs of a 

neural network implemented in an hybrid neural model (see subchapter 5.1.4).  

 Moreover to the classification between the FIR and NARX structures, some of 

these configurations have more or less input/output memory in order to improve 

the capability of the model to assimilate the dynamic behaviour of the process. 

Other configurations includes more information about the process such the time 

vector or the activity level of the catalyst and its past evolution.  
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Table 3. Examples of some of the most important tested input-output configurations. 

Type Input Vector 
Output 
Vector 

 

FIR Xw(k), T(k), W/FE0(k) XO (k) 
 

FIR Xw(k-1), Xw(k), T(k-1), T(k), W/FE0(k-1), W/FE0(k) XO (k) 
 

NARX Xw(k-1), Xw(k), T(k-1), T(k), W/FE0(k-1), W/FE0(k), XO(k-2), XO(k-1) XO (k) 

NARX 
Xw(k-1), Xw(k), T(k-1), T(k), W/FE0(k-1), W/FE0(k), t(k-2), t(k-1),  

XO(k-2), XO(k-1) 
XO (k) 

 

NARX Xw(k), T(k), W/FE0(k), XO(k-3), XO(k-2), XO(k-1) XO (k) 

NARX 
Xw(k-1), Xw(k), T(k-2), T(k-1), T(k), W/FE0(k-1), W/FE0 (k), Δt(k-1), 

Δt(k), a(k-1), a(k), XO(k-2), XO(k-1) 
XO (k) 

NARX 
Xw(k-1), Xw(k), T(k-1), T(k), W/FE0(k-1), W/FE0(k), a(k-1), a(k),  

XO(k-2), XO(k-1) 
XO (k) 

 

NARX Xw(k), T(k), W/FE0(k), 𝑋𝑂̂ (k-3), XO(k-2), XO(k-1) XO (k) 

NARX 
Xw(k), T(k-1), T(k), W/FE0(k), t(k-1), t(k), a(k), XO(k-3), XO(k-2),  

XO(k-1) 
XO (k) 

NARX 
Xw(k), T(k), W/FE0(k), a(k-3), a(k-2), a(k-1), a(k), XO(k-4), XO (k-3),  

XO (k-2), XO (k-1) 
XO (k) 

 

FIR Xw(k), T(k), W/FE0(k), a(k-3), a(k-2), a(k-1), a(k) XO (k) 

 

Other important structural models used in the literature are the ARMAX, SSIF 

type models. In both cases it is necessary to know the target variable in order to 

introduce into the model the current deviation. Therefore, for long-term estimation 

procedures or for offline optimisation purposes these models cannot be used. 

However, they have good features for control purposes and online optimisation 

procedures. 

 ARMAX (AutoRegressive Moving Average with eXogeneous inputs): One 

of the most complete structural models, as ARX models, their estimates 

from previous inputs and outputs of the system and they incorporate as 

model inputs the estimation error committed in some previous steps. 
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Figure 20. ARMAX structural model scheme. 

 SSIF (State Space Innovations Form): This model type is completely 

different from the previous ones. This one works in the state space and it is 

an alternative to the classical input/output characterization. 

 

 
Figure 21. SSIF structural model scheme. 
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4.2.2.2. Model Design and Comparison 

As previously presented, during the modelling stage, and using the LOOCV 

procedure, several combinations of modelling technique, model hyperparemeters 

and structural models will be tested. Figure 22 shows the modelling techniques that 

will be tested for their capability for both description and prediction of the 

behaviour of the BTO process. The selected model must be able to predict with the 

desired accuracy in both situations. Otherwise it will be rejected. If several 

combinations meet the requirements, following the parsimonious method, the 

solution with the least complexity and requiring the least number of variable and 

hyperparameters will be selected. 
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Figure 22. Model design and selection procedure based on prediction capability. 
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Linear Regression (LR) based modelling technique, will be consider as the most 

simple and with lower computational cost solution for the modelling problem. 

Next the SVM and ANN will be trained and tested following the soft-modelling 

methodology. And finally, if it is necessary, a hybrid modelling approach will be 

implemented with the most promising modelling technique (SVM or ANN). 

Finally, the obtained models with each modelling technique will be compared 

and analysed by their capability to predict the BTO process. For this purposes, a 

synthetic test dataset generated by the mechanistic model will be used. This new 

and unseen test dataset includes both complex dynamic trajectories and long-term 

experimental conditions such as the ones that will appear in reality. 

 

4.2.3. Model Validation 

Once the most suitable model structure and hyperparameters have been 

selected following the cross-validation procedure, the final model should be 

validated. Figure 23 shows the final step of the followed modelling methodology. 

The final model with the selected model structure and hyperparameters is trained 

with the completed training dataset and validated with the already unseen test 

dataset in order to test its generalization capability. 

Model Validation

Model Set-up

Best model Structure & parameters

Tested model
Test dataset

Training dataset

 

Figure 23. Final validation of the selected models. 

As previously exposed, the performance metrics exposed in the Equations (14) - 

(18) will be used. Finally, the mechanistic model implemented following the kinetic 

scheme proposed by Gayubo et al. (2010; 2012) will be used as contrast method. 

Table 4 presents the error analysis for this model and therefore the values that will 
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be used as modelling objective. The obtained results in the modelling procedure by 

the new models will be compared with the results provided by this mathematical 

model. Additionally, the coefficient of determination (R2) between the original data 

and the estimated data will be also used with an equivalence analysis that will be 

performed in order to completely validate de proposed soft-modelling approach. 

And finally, an equivalence test will be used to compare the final fitted model with 

both the well-known mechanistic model and with the real experimental data. To 

this end, the Two One-Sided Test (TOST) approach has been selected (Robinson et 

al. 2005). 

 
Table 4. Error analysis of MECH model. 

 MAE (gog-1) RMSE (gog-1) MAPE (%) 

MECH 0.0263 0.0323 15.7886 

 

 

4.3.  Optimisation methodology 

The second objective is to identify the best operation policy to maximise the 

total production. The current operation of chemical processes use to be limited to 

constant control set-points optimised at zero time of stream. This simple strategy is 

the optimal one for simpler processes and for those processes where their catalyst is 

maintain stable and do not significantly deactivate.  However, for processes as the 

BTO where the catalyst deactivation significantly influences into the final 

production or if the catalyst regeneration costs are very high, the optimal operation 

strategy should take into account the catalyst deactivation.  

In the present work the process behaviour, taking into account the effect of 

catalyst deactivation, is simulated under each proposed operational conditions 

within the optimisation procedure. The aim of the optimisation problem is to obtain 

optimal operational conditions for the BTO process in order to maximize the Total 

Production of Olefins per Space-Time (TPOST). In this way, the olefins production, 

given by the Equation (19), defines the objective function to be maximized. 

max(𝑇𝑃𝑂𝑆𝑇) = max
𝑇,𝑋𝑊 ,𝑊𝐹𝐸0

−1

∫ 𝑅𝑂(𝑇, 𝑋𝑊, 𝑊𝐹𝐸0
−1)𝑑𝑡

𝑡𝑓

0

𝑊𝐹𝐸0
−1  

(19) 
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The term Ro represents the yield of olefins per equivalent ethylene feed. Please 

note that the stopping criteria and therefore the definition of tf constant in the upper 

bound of the integral can be reached by two ways: 

 The activity is not below 0.10. The catalyst involves a major process cost; 

therefore to maximize the production per amount of catalyst we have set a 

lower bound on the activity in order to reduce total production costs. 

 The olefins conversion rate does not decrease below 0.10. This ensures that a 

stable production is maintained. 

If any of the above criteria is violated, it is consider that the production has 

reached its maximum span and should be stopped to proceed with a catalyst 

regeneration phase. Moreover, the following variables are the main drivers of the 

process behaviour. These operating variables are the optimising variables: 

 Operating variables: 

T: reaction temperature (K). 

Xw: mass fraction of water based on the equivalent mass of ethylene in 

the reactor feed, gwaterg-1 

WF-1EO: space-time, gcatalysth
-1(gethanol) 

 Activity level: 

a: catalyst activity. The activity has been considered as a disturbance 

that quantifies the rate of catalyst deactivation by coke. 

The temperature is the dominant operating variable of the process. For this 

reason three different strategies have been proposed and compared to generate the 

temperature profiles in the first and second strategies, and the dynamic profiles for 

each operating variable in the third option. These three proposed optimisation 

strategies use the Equation (19) as fitness function. Namely, the process is 

simulated under the conditions given by each solution until one of the termination 

condition happens and retrieving the total olefins production (TPOST).  

Therefore, during the optimisation procedure it is necessary to simulate the 

process behaviour hundreds of times with each different combination of the 
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optimisation parameters. Due to this necessity of performing a huge quantity of 

simulations of the BTO process, these have to be done with a model with a limited 

computational cost. Otherwise each optimisation procedure could be prolonged for 

moths, delaying possible future developments.  

The use of surrogated models for the simulation of the process is therefore 

necessary. In the case of the BTO process, its simulation during the optimisation 

procedure will be carried out using the soft computing based models previously 

explained. Due to their characteristics, these modelling approaches present 

significantly less computational costs. However, in order to fully assess that the 

obtained results optimising the operational conditions with a black-box type model 

to guide the procedure are correct without running the corresponding experimental 

runs, the whole optimisation procedure will be carried out using the previously 

explained mechanistic (MECH) model. This model is a well-known model of the 

BTO process and is recognized by the scientific community. 

 

4.3.1. Constant optimisation 

The first optimisation strategy is to search for the best constant set-point 

combination that maximizes the total production of olefins (TPOST). This strategy 

is commonly used in the industry and in this work has been used, with the 

optimisation at zero time of stream (see subchapter 4.3.4), as control method for 

comparing purposes. It is assume the hypothesis that a dynamic optimisation of the 

operational conditions will obtain significantly better results than maintaining 

constant set-points, although they were optimised. Therefore the constant set-

points (Equation (20)) will be used for contrast purposes.  

𝑓0(𝑡) =  𝛽 (20) 

 

4.3.2. Dynamic optimisation 

The second strategy is focused on considering different trajectory types for the 

temperature and their effect over the production of olefins. Several trajectories have 

been proposed for the temperature. The most representative ones can be seen in 

Equations (21) - (29).  
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𝑓1(𝑡) =  𝛼𝑡 +  𝛽, (21) 
 

𝑓2(𝑡) =  𝛼𝑒𝛾𝑡 +  𝛽, (22) 
  

𝑓3(𝑡) =  𝛼 tan−1(𝛾𝑡) +  𝛽, (23) 
  

𝑓4(𝑡) =  𝛼 ln(𝛾𝑡 + 1) +  𝛽, (24) 
  

𝑓5(𝑡) =  𝛼𝑡2 +  𝛽, (25) 
  

𝑓6(𝑡) =  𝛼𝑡3 +  𝛽, (26) 
  

𝑓7(𝑡) =  𝛼𝑎−1 +  𝛽, (27) 
  

𝑓8(𝑡) =  𝛼𝑎−2 +  𝛽, (28) 
  

𝑓9(𝑡) =  𝛼𝑎−3 +  𝛽. (29) 
  

The above trajectories have up to three parameters that should be optimised: α, 

β and γ. These trajectories drive the process temperature set-point until the 

maximum admissible temperature of the process is reached. The parameter β 

always represents the intercept of the above trajectories, being as consequence their 

feasible values depending on the physical-chemical properties of the process. In 

fact, in this case, 573 K is the inferior bound where the complete dehydration of the 

ethanol happens and 673 K is the upper bound to avoid the irreversible 

deactivation of the catalyst. 

On the other hand, α and γ could be freely adjusted. Preliminary results suggest 

that α and γ always reach their optimum values in the interval [0; 5] so in this work 

the [0; 10] interval has been set. 

Furthermore, the variables XW and WF-1E0 will always being considered as 

constants and will be also optimised. In particular, XW will range between [0.0821; 

4.8889] and WF-1
E0 will range between [0.068; 1.525] respectively. Please note that 

those intervals have been chosen as the ones used to adjust the mechanistic model 

(Gayubo, Alonso, Valle, Andrés T. Aguayo, et al. 2010; Gayubo et al. 2012). 
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The generated solutions of each iteration within the optimisation procedure are 

real vectors containing XW and WF-1E0 operating variables and the parameters of the 

proposed temperature trajectories. 

 

4.3.3. Dynamic neural optimisation 

The third optimisation strategy consists of the use of Artificial Neural Networks 

to directly generate a dynamic operating profile for each of the operating variables 

and not only for the temperature. This third strategy has been chosen due to the 

complexity (14n) of testing each possible combination of the proposed trajectory 

profiles (see subchapter 4.3.2) for the three main operating variables. 

The optimisation procedure will be used in this case to directly train the 

weights matrices and bias vectors of an ANN with the topology shown in Figure 

24. Therefore, in this case, the generated solutions of the optimisation procedure are 

formed by real vectors containing the weights and biases of the ANN that generates 

the dynamic trajectories of each operating variable. During the optimisation 

procedure, these matrices and vectors defining the mapping computed by the ANN 

are updated in order to define the ANN that generates each control trajectory that 

maximizes the TPOST. This ANN receives as inputs the operational conditions of 

the process (T, XW, WF-1E0) for the previous time step and the current catalyst 

activity level (a). The output of the network is the current set point for each 

variable. Different neural structures have been trained and tested with one hidden 

layer and with different number of neurons in it (from 4 to 8). In this point the 

recommendations previously stated in the literature have been followed (Molga 

2003), testing up to 2N neurons in the hidden layer, being N the number of inputs 

of the neural network. 
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Figure 24. Feed-Forward ANN topology for generating the trajectories of each operating variable. 

 

4.3.4. Optimisation at Zero Time of Stream 

The study of the processes at zero time of stream is the standard optimisation 

procedure to study the operational conditions for catalytic processes. Thus, this 

procedure will be used as a contrast method for the proposed optimisation 

strategies. 

In contrast to the proposed optimisation strategies, this option does not take 

into account the catalyst deactivation rate. The optimisation consist on searching for 

the best constant operational conditions that maximise the conversion rate for 

olefins at zero time on stream, independently to the behaviour of the process under 

the selected set-points. 

The cost function, given by the Equation (30), defines the new objective function 

to be optimised in this optimisation procedure; which consist on the TPOST at zero 

time of stream (a = 1).  
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max(𝑇𝑃𝑂𝑆𝑇𝑎=1) = max
𝑇,𝑋𝑊 ,𝑊𝐹𝐸0

−1
(

𝑅𝑂(𝑇, 𝑋𝑊, 𝑊𝐹𝐸0
−1)

𝑊𝐹𝐸0
−1 )

𝑎=1

 
(30) 

 

The present work is on the hypothesis that disregarding the catalyst 

deactivation causes the resulting operational conditions will deactivate it too early 

decreasing the total production and increasing the catalyst regeneration costs. 

 

4.3.5. Evolutionary optimisation 

These three presented optimisation strategies, and the current optimisation 

method at zero time of stream, have been implemented and solve using the same 

optimisation technique. Due to the incremental complexity of the problem, from a 

simple optimisation problem (constant set-points) to a numerically complex 

problem with almost a hundred of optimising variables (dynamic neural 

optimisation), the evolutionary algorithms have been selected to resolve the 

optimisation problem. 

Each individual of the evolutionary algorithm is a solution for the 

corresponding optimisation strategy. And each evaluation of an individual implies 

the simulation of the complete behaviour of the process under the proposed 

solution. 

One of the problems of the evolutionary optimisation techniques is the 

computational cost. During the searching procedure the fitness functions of the 

problem will be run hundreds of times. Thus, when the computational cost of the 

fitness function is quite high, the evolutionary optimisation can be unable to 

resolve the problem in acceptable times.  

Therefore, it is commonly used in the literature the use of surrogate models of 

the processes being optimised. Surrogate models based on soft-computing 

techniques are able to maintain an acceptable equivalence with the real objective 

but with much less computational cost. Thus, they can be integrated in the fitness 

function of the optimisation problem to simulate the behaviour of the process with 

a reduced error. In this work the previously presented neural model will be used as 

surrogate model of the BTO process. 
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4.3.5.1. Evolutionary Algorithms 

The Evolutionary Algorithms (EA) are soft computing techniques that with 

their robust and adaptability capabilities are used to solve non-linear, highly 

dimensional and complex engineering problems (Oduguwa et al. 2005). They form 

a branch of artificial intelligence especially dedicated to solve optimisation 

problems. Inspired in the biological evolution process, the EA are able to adapt to 

the changing nature of the reality finding solutions that standard optimisation 

techniques are unable to reach. 

The main EA can be classified in the families show in Figure 25. Being the 

Genetic Algorithms (GA) the first one to be developed, each group has been 

oriented to solve more specific optimisation problems.  

 

Evolutionary Algorithms
(EA)

Evolutionary 
Strategies

(ES)

Evolutionary 
Programming

(EP)

Genetic 
Algorithms

(GA)

Genetic 
Programming

(GP)

 

Figure 25. Classification families of the Evolutionary Algorithms. 

 

All of them have some basic characteristics in common. Figure 26 shows these 

common concepts present in all EA and which are inspired in the genetic evolution 

processes of the biological organism: 

- Population: the population is composed by a number of possible solutions 

or Individuals for the optimisation problem. The initial population use to 

be randomly generated with different genesis operators.  

- Individuals: each individual of the population represents a unique codified 

solution to the optimisation problem. Each of these candidates can be 
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encoded as a real, integer or binary values of vectors or matrices, also called 

Chromosomes. 

- Fitness evaluation: the individuals are evaluated using the defined fitness 

function of the optimisation problem to stablish the aptitude of each one. 

Based on this fitness value, the reproduction possibilities (selection as 

parents) may be different.  

- Parent Selection: from the total population using different selection 

operators and strategies a number of Parents are selected to take part in the 

evolution to the next generation. Depending on the evolution strategy or the 

previously presented EA family type, all individuals take parts in the 

evolution or only the selected ones. 

- Crossover / Mutation: the previously selected parents will be modified 

using the recombination operators of Crossover and Mutation in order to 

generate new Offsprings. Crossover operators will exchanges genetic 

material between two or more parents to generate one or more new 

offsprings. The mutation operator will produce a modification in the genetic 

material of a specific chromosome to generate the new offsprings. Usually, 

the mutation operator is needed to prevent a premature convergence of the 

algorithm in local optimums, randomly exploring new search areas. 

- Generational replacement: finally, the initial population is replaced by a 

new one, composed of the evolved individuals (offsprings and also, in some 

cases, parents). Depending on the EA type and additional operators, such as 

the elitism, a complete new population replace the whole initial population 

or only part of it. For example, using the Elitism operator, one or more of 

the best solutions (parents or offsprings) of each generation is maintained 

from one generation to the following one.  In addition, some algorithms 

maintain stable the size of the population while other ones modified it 

depending on their evolution strategy. 

- Restrictions: in all the previous evolution steps, the restrictions coming 

from the optimisation problem can be included in order to limit or restrict 

the possible searching space or valid solutions (individuals).    



 
Chapter 4: Materials and Methods  

 

 97  

 

POPULATION
(Fitness evaluation)

Parent
Selection

Crossover
Mutation

Generational 
replacement

(Fitness evaluation)

INDIVIDUALS: CANDIDATES/SOLUTIONS

PARENTSOFFSPRINGS

NEW INDIVIDUALS

 

Figure 26. Basic principles of the Evolutionary Algorithms. 

Although all the EA families previously presented have in common these 

principles, each of them applies them in a different way. 

The GA were developed by John Holland in 1975 at the University of Michigan 

(Holland 1975) to solve search and optimisation problems. This type of EA 

generates the new individuals using the crossover and mutation operators and 

creates the population for the next generation on the basis of the fitness of each 

individual. 

The GP uses the same principles used by the GA but applied to the evolution of 

computer programs. The main difference is the codification of each individual to 

represent a solution. The computer programs are represented using tree structures 

and each solution represents specific branches and tree nodes. 

The ES groups several of optimisation algorithms using the same evolution 

principles of crossover and mutation but following different strategies to represent 

the population, each individual or to perform the generational replacement. In this 

type of algorithms is common that each individual generates an offspring by 

mutation. A successful example of these types of algorithms is the Covariance 

Matrix Adaptive – Evolution Strategy (CMA-ES) and several of its variants, which 

have been successfully used in several real-world applications. The CMA-ES uses 

the adaptation of the covariance matrix of the selected best individuals to generate 

the new population. 

Finally, the EP are similar algorithms to the ES but their evolution capabilities 

are oriented to the mutation procedures with uniform probability and often with 
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adaptive strategies. The populations for each new generation are selected using a 

combination of n best parents and m best offsprings. 

In the present work, the GA have been selected to solve the exposed 

optimisation problem. Table 5 summarizes the principal parameters of the EA 

implemented. First, a random initial population of 50 individuals is generated. The 

generated individuals are real vectors containing the optimizing variables. These 

are the constant operation set-points for the first optimisation strategy (see 

subchapter 4.3.1); XW and WF-1E0 operating variables and the parameters of the 

proposed temperature trajectories for the second optimisation strategy (see 

subchapter 4.3.2); or real vectors containing the weights and biases of the ANN that 

generates the dynamic trajectories of each operating variable (see subchapter 4.3.3). 

Each individual of the population is evaluated using the MECH model or a 

surrogated model of the BTO process to simulate the whole process and estimate 

the TPOST (Equation (19)). 

The 4-Tournament procedure has been chosen as selection operator of the EA. 

After the selection of the parents, the crossover and mutation operators are used to 

create the next generation. For the crossover operator the arithmetic crossover has 

been chosen and the adaptive operator, meeting the existing bounds and 

constraints, as mutation operator. Finally, following the Elitism criteria the best 

solution of each generation is maintain in the new generation. 

Table 5. Main parameters of the EA used to optimise the trajectories. 

Parameters Value 

Individuals Vector of real numbers 

Population 50 individuals 

Generations 100 generations 

Fitness Operator Olefins Production 

Genesis Operator Random initialization 

Selection Operator 4-Tournament 

Crossover Operator Arithmetic crossover 

Mutation Operator Adaptive mutation 

Crossover Probability 0.8 

Elitism True 
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MODELLING OF THE BTO PROCESS 

 

In this chapter the modelling of the BTO process using several soft computing 

techniques is detailed. The novelty of the BTO process, whose complete behaviour 

is still currently under investigation, difficult the modelling using these type of 

techniques. However, the optimisation and future scalability to industrial scale 

reactors of this process requires from surrogated models that accelerate the 

development of advanced and optimized control strategies for this and other 

biorefinery processes. 

In the specific case of the BTO process, the resulting model should adequately 

reproduce the dynamics of the process, which is the result of both the kinetics of 

the process itself, and the deactivation kinetics of the catalyst which promotes the 

reaction. Therefore, it must be taken into account the two behaviours 

simultaneously. 

The model design and training procedure for global models, using the LR, SVM 

and ANN modelling techniques, has been performed using the experimental data 

(see section 4.1.2 Experimental Data). Instead, the hybrid approach has been carried 

out using the synthetic data (see section 4.1.3 Synthetic Data) to provide to the 

model with dynamic information about the catalyst deactivation.  

 

5.1.  Modelling results 

5.1.1. Linear Regression 

The Linear Regression (LR) modelling procedure has been selected for contrast 

purposes. The objective has been to test if a linear regression based modelling 

technique was enough to assimilate the behaviour of the BTO process. 

The Regression toolbox of the MATLAB® software has been used to adjust 

different linear models with the previously presented model structures: BASE, 

DYN, REC and TEMP. Two different algorithms have been used to adjust the 
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regression parameters of the linear models: the QR decomposition method and the 

least absolute shrinkage and selection operator (LASSO) regression method. 

Table 6 shows the average estimation error obtained during the LOOCV 

procedure for all the real experiments. The linear model fitted with the QR 

decomposition method shows significantly better results than the LASSO 

regression algorithm. Some models as the BASE and DYN models presents similar 

performance compared with the SVM based models (see subchapter 5.1.2). 

However, they show poorer results than the results obtained with the ANN (see 

subchapter 5.1.3). 

Table 6. Estimation average errors with the LOOCV procedure for all real experiments with LR based 
models. 

 QR decomposition LASSO regression 

 RMSE  
(golefinsg-1) 

MAPE 
(%) 

RMSE  
(golefinsg-1) 

MAPE 
(%) 

BASE 0,0374 26,2407 0,1860 120,713 

DYN 0,0373 25,2303 0,1870 118,578 

REC 0,0494 39,0553 0,1346 72,2540 

TEMP 0,0517 41,5084 0,1210 64,8448 

 

Figure 27 and Figure 28 shows the process performance under two real 

experimental conditions with a constant temperature experiment and a variable 

temperature experiment respectively. In these examples and for all experimental 

data the BASE and DYN models fit better to the experimental data than the REC 

and TEMP structures, especially for variable temperature experiments. 
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Figure 27. Example of the LR based model performance for a constant temperature experiment. 

 

Figure 28. Example of the LR based model performance for a variable temperature experiment. 
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5.1.2. Support Vector Regression 

In order to define the most suitable SVR based model, the previously presented 

methodology has been applied. A grid search of the main SVR parameters has been 

performed in order to select the hyperparameters that provide the best estimates. 

The hyperparameter selection has been carried out following the LOOCV 

modelling technique previously explained. All the available data for training and 

validation (but not the test dataset which is maintained unseen by the model 

during the training procedure) have been used during the structure selection 

procedure to select the best combination of hyperparameters. 

Figure 29-Figure 31 show the variation of the maximum estimation error (MAX) 

generated based on the main SVR parameters. These parameters are gamma (γ), 

cost (C) and nu (ν). The parameters are faced to each other in order to drawn in X-Y 

graphs to identify the parameter areas that minimizes the MAX estimation error. 

These areas are refined with a new search using a finer mesh in order to identify 

the best solutions. It is observed that the best hyperparameter values are located in 

ranges with low values near the left-bottom corner of the figures, between 1 and 7.5 

for C, 1 and 3.25 for ν and 1 and 6 for γ approximately.  

By checking the numerical results the best solutions of γ, C and ν are around 

0.01, 1 and 0.02 respectively. These values have been used for the SVM based 

modelling of the BTO process. 
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Figure 29. Effect of the c and γ parameters on the SVM based model estimates. 

 
Figure 30. Effect of the c and ν parameters on the SVM based model estimates. 
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Figure 31. Effect of the γ and ν parameters on the SVM based model estimates. 

In Table 7, the mean estimation results (average of all the experiments) obtained 

for SVR based models are shown. The SVR model presents a mean error of 15.06 

percentage points higher than the MECH model in terms of MAPE when using 

both the constant and ramp temperature profiles.  

Table 7. Estimation mean errors obtained for all real experiments with SVR based model. 

 RMSE  
(golefinsg-1) 

MAE  
(golefinsg-1) 

MAPE  
(%) 

HITS  
(%) 

Tconst 0.0349 0.0321 21.2654 28.9726 

Tramp 0.0432 0.0376 28.2638 28.4158 

Total 0.0382 0.0342 24.0039 28.7182 

 

Note that these important differences in terms of MAPE are not so 

representative in terms of RMSE or MAE since the absolute values of olefin ratio 

conversions have low absolute values. However, the differences in terms of the 

goodness-of-fit between SVR based models and the MECH model is high enough to 

discard this type of technique to model the BTO process. Figure 32 and Figure 33 

show two examples of the estimation capability of SVR based model for both 
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constant and ramp experiments. As can be seen, this model is unable to correctly 

follow neither the experimental data nor the data generated by the MECH model. 

 
Figure 32. Example of the SVR based model performance for a constant temperature experiment. 

 
Figure 33. Example of the SVR based model performance for a variable temperature experiment. 
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5.1.3. Artificial Neural Networks 

As previously stated, based on the recommendations made by the literature 

regarding the modelling of chemical processes, various neural structures (see 

section 4.2.2.1 Structural models) have been implemented and iteratively improved. 

In this process, the sensitivity of each input on the model estimates has been 

analysed. Therefore, starting from simple networks, the neural model has been 

improved incorporating different variables in order to achieve reasonable values of 

the estimation error. Figure 34 shows the most representative implemented 

structural models. The starting point was the BASE structure, whose estimates are 

based only on the current values of the input variables. From this first structure, 

new structures have been created: DYN in which past values of these variables are 

included to provide the network with dynamic information, or REC network in 

which previously estimated output values are included as an inputs in a recurrent 

loop. TEMP further develops the NARX structure of REC including the reaction 

time in order to incorporate the catalyst deactivation effect and its influence on the 

conversion of olefins. In this manner, information about the transformation rate is 

also provided to the model and its possible influence on the model estimates is 

checked.  

Moreover, several variants of these structures have been tested with more or 

less memory of the process previous behaviour until the best combination of 

memory structure and dynamic information of the process has been set. More 

neural structures have also been tested with unsuccessful results, such as the 

BASEREC structure (see Figure 34). This network combines the input data of the 

BASE network with the recurrent loop with the previously estimated output 

values. However, this type of networks has provided poorer results than the finally 

selected structures.  

For each structural model different internal structures have been tested, 

changing the number of hidden layers, the number of neurons of each layer and the 

output activation function. The size of the input and output layers come 

determined by the inputs of the model structure and the desired output of the 

model (XO) respectively. The LOOCV procedure has been repeated several times 

and performed with 1 to 3 hidden layers, trying structures from 1 to 25 nodes in the 

hidden layers for each structure. 
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Figure 34. Most promising studied ANN configurations. 

Additionally to modifying the neural structure, different activation functions 

have been tested. The objective has been to test if the use of non-linear activation 

functions improves the obtained results. Therefore three different output transfer 



 Intelligent modelling and optimisation strategies for the BTO process 
(Bioethanol-To-Olefins) 

 

  110

 

functions have been tested (see Figure 35): the linear (purelin), the log-sigmoid non-

linear function (logsig) and the hyperbolic tangent sigmoid function (tansig). 

 
Figure 35. Transfer function during the training procedure. 

The best results have been found just with one hidden layer, the use of two or 

three hidden layers makes more complex the model without any improvement. 

Additionally, according to the literature, only one hidden layer is enough to 

approximate any continue function of n real variables (Cybenko 1989; Hornik et al. 

1990). 

Figure 36 to Figure 39 show the cross-validation average performance result 

with each structure. As can be seen, in near all the cases the best results are 

obtained with a reduced number of hidden neurons.  In a first stage the average 

error decreases until the minimum value is obtained with the most suitable neural 

structure. Any other training procedure with a higher number of hidden neurons 

increases the cross-validation error measurement. 

Table 8 shows the selected internal topology for each neural structure obtained 

with the LOOCV procedure. For all the structures the use of the hyperbolic tangent 

sigmoid function reduces the required number of hidden neurons. In some cases 

the best structure seems to be enough with just one hidden neuron. However, these 

structures present in all the cases the highest generalization error. While the 

structures trained with linear and log-sigmoid functions obtain similar results and 

significantly lower generalization error comparing to the hyperbolic tangent 

sigmoid function. The best internal topology with linear transfer functions appears 
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to be between 5 to 7 hidden neurons. The log-sigmoid function presents a larger 

range which goes from 5 hidden neurons with BASE and REC structures to 24 

hidden neurons with the TEMP structure. 

Table 8. Resume of the best internal topology for each structure and transfer function. 

Structure Linear Log-sigmoid 
Hyperbolic  

tangent sigmoid 

BASE 3-7-1 3-5-1 3-4-1 

DYN 6-5-1 6-10-1 6-3-1 

REC 8-5-1 8-5-1 8-1-1 

TEMP 10-6-1 10-24-1 10-1-1 
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In addition to the selection of the ANN structure and internal topology, another 

very important aspect with a clear influence on the final results is the training 

functions. During the training process, the network weights are initialized, and 

then adjusted iteratively using the training functions to minimize the mean square 

error (MSE) between estimates and target values. 

Table 9 shows the training algorithms used in the present work. Most of them 

use gradient-based techniques to determine how to adjust the network weights. 

The speed and performance of the training will vary depending on the used 

training algorithm. 

Table 9. Training algorithms used during the neural training procedures. 

Training algorithm 

Bayesian regularization 

Scaled conjugate gradient backpropagation 

Random order incremental training with learning functions 

Levenberg-Marquardt backpropagation 

Cyclical order incremental training with learning functions 

Polak-Ribiere conjugate gradient backpropagation 

Gradient descent with momentum and adaptive lr backpropagation 

Powell-Beale conjugate gradient backpropagation 

Resilient backpropagation 

Fletcher-Powell conjugate gradient backpropagation 

BFGS quasi-Newton backpropagation 

Gradient descent with adaptive lr backpropagation 

One step secant backpropagation 

Batch training with weight bias learning rules 

Gradient descent with momentum backpropagation 

Sequential order incremental training with learning functions 

Gradient descent backpropagation 

 

Once selected the number of hidden neurons, the same LOOCV procedure has 

been used to select the most suitable training function. Table 10 to Table 13 show 

the LOOCV average results with each training function for each model structure 

and used transfer function. Huge differences can be found between the algorithms, 
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with average errors that range from 8,94 % (Bayesian Regularization) with the DYN 

structure to 137,32 % (Gradient descent with momentum backpropagation) in term 

of MAPE with TEMP type structure. It is significant that for both BASE and DYN 

model structures and independently to the used transfer function, the best training 

algorithm seems to be the Bayesian regularization. However, for the REC and 

TEMP structures the most suitable training function it is not so clear. In these two 

cases the cross-validation errors increase with all training functions and different 

algorithms seems to be the best option depending on the used transfer function. 

Therefore, the best combination of model structure and training function results 

to be the BASE and DYN models with the Bayesian regularization with both linear 

or log-sigmoid output transfer function. Note that the differences in terms of RMSE 

and MAPE when comparing with different model structures and training 

algorithms are significant (Table 10 - Table 13) and in some cases have risen up to 

143 %. 
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Figure 40 shows the model architecture that seems to present the best results. 

Table 14 shows the resume of the RMSE and MAPE LOOCV average values for all 

experimental sets when being represented by the model structures in Figure 34 

with the selected structure and training function. The results for linear and log-

sigmoid output functions are only presented, being this one the best option. The 

used of the hyperbolic tangent sigmoid function as output transfer function has 

been discarded due to its poor results. Note that the optimum internal topology for 

each structure is also indicated.  

W/FEO

T

XW

b

b

W/FEO (k)

XW (k)

T (k)

Input 
Layer

3

Hidden 
Layer

5

Output 
Layer

1

XO (k)

 
Figure 40. Neural model architecture (BASE) pre-selected for the BTO process. 

Based on these initial results, the BASE model with 7 nodes in the hidden layer 

(3–7–1) and the DYN model with 10 nodes in the hidden layer (6–10–1) present the 

best possible alternatives in terms of RMSE and MAPE average values when 

following a cross validation methodology. Both solutions present very close 

average errors for both lineal and log-sigmoid activation functions. BASE and DYN 

represent neural model structures that use as input variables the main variables 

affecting the conversion of olefins. The result are feedforward type ANN, using 

non-linear activation functions and with a dynamic structure dependent on the 

current and past values of the input variables in the case of DYN model, and a 

more simple network depending just on the current values of the input variables 
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(BASE model). The other two alternatives, REC and TEMP structures, have been 

discarded due to their poor results with all tested combinations of hidden neurons, 

output transfer function type and training algorithm. 

Table 14. Resume of cross-validation estimation average errors for the main implemented models. 

Output function 
ANN structure 

(internal topology) 
RMSE 

(golefinsg-1) 
MAPE 

(%) 

Linear 

BASE (3-7-1) 0.0198 10.34 

DYN (6-5-1) 0.0195 9.95 

REC (8-5-1) 0.0374 24.47 

TEMP (10-6-1) 0.0389 24.25 

Log-sigmoid 

BASE (3-5-1) 0.0201 10.50 

DYN (6-10-1) 0.0180 8.94 

REC (8-5-1) 0.0295 19.30 

TEMP (10-24-1) 0.0347 22.49 

 

Table 15 shows the results obtained by the BASE and DYN models, and those 

obtained with the MECH mechanistic model when estimating the production of 

olefins for experiments carried out at Tconst and Tramp as detailed in Table 2. The 

neural models present better results than those obtained by the mechanistic model 

both in terms of RMSE, MAE and MAPE when using both Tconst and Tramp 

conditions. In addition, it uses much lower estimation time which will allow its use 

for the optimization and control of industrial applications of olefin production. 

Indeed, the BASE and DYN neural models reduce the estimation times up to 65 

times compared to the mechanistic model. 
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Table 15. Estimation mean errors obtained for all experiments with MECH, BASE and DYN models. 

Models  
RMSE 

(golefinsg-1) 
MAE 

(golefinsg-1) 
MAPE 

(%) 
HITS 

(%) 

MECH 

Tconst 0.0313 0.0248 13.9927 53.7117 

Tramp 0.0337 0.0285 18.3752 36.7088 

Tconst+Tramp 0.0323 0.0263 15.7886 46.6494 

BASE 

Tconst 0.0146 0.0122 7.0798 81.8518 

Tramp 0.0293 0.0249 16.3678 52.7319 

Tconst+Tramp 0.0204 0.0172 10.7142 70.4570 

DYN 

Tconst 0.0134 0.0113 6.5122 83.5839 

Tramp 0.0253 0.0202 12.7224 64.2817 

Tconst+Tramp 0.0181 0.0147 8.9423 76.0309 

 

Finally, in order to validate the fitted neural models and to test its 

generalization capability, several completely new operational conditions have been 

simulated with the mechanistic knowledge model to prepare an additional test 

dataset. Therefore, the neural models with the designed structure, topology and 

training functions are trained with the complete training dataset used in the 

LOOCV procedure and validated with the new and unseen test dataset. The fitted 

models show test MAPE and RMSE values of 11.88 % and 0.0338 golefinsg−1 

respectively for the BASE structure and 15.11 % and 0.0425 golefinsg−1 for DYN neural 

structure. Table 16 shows that the DYN model reaches better performance than the 

BASE model for the experimental training data. However, the BASE model with the 

log-sigmoid output activation function presents the best results for the test dataset 

and for the global performance. It seems that the BASE model with linear output 

activation function is not flexible enough to outperform DYN model structures. 

However, the use of a non-linear output activation function provides to the BASE 

model the necessary dynamism to improve the results by only adding a little extra 

complexity to the model; while push to the DYN model to overfit the training data. 

Although being dynamic, the BTO process is a relatively slow process. Thus, the 

BASE neural networks have been able to outperform dynamic models within the 

experimental operational range. Figure 41 shows the experimental and model 

results, which shows a good level of agreement with a coefficient of determination 

(R2) of 0.8526 for the BASE model shown in Figure 40. The conclusion is that the 

soft-modelling (BASE) estimates both the real experimental data and the test 

simulated data with the desired accuracy and faster than the mathematical model. 
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These results are similar to those obtained by other related works. To the author’s 

knowledge, there are not any other research on the same process, but in similar 

processes very promising results were obtained following the same neural 

modelling procedure for other kind of chemical reactors (Kashani & Shahhosseini 

2010). Feedforward neural networks have been successfully used to model other 

catalytic processes and the catalyst performance (Holeňa & Baerns 2003). However, 

the studied research contributions related to the BTO process are based on 

mechanistic models based on reaction kinetics. The developed neural model 

outperforms this mechanistic model which presents a 15.7886 % of MAPE error and 

a R2 of 0.8055 when comparing with the experimental data (Gayubo, Alonso, Valle, 

Andrés T. Aguayo, et al. 2010; Gayubo et al. 2012). In addition, the literature 

presents several chemical and biological complex processes that have been 

modelled successfully using neural models with similar neural structures (Dach et 

al. 2016; López et al. 2017; Mikulandrić et al. 2014) and with similar performance 

(Nair et al. 2016). 

 
Table 16. Validation average errors with BASE and DYN models for Train, Test and Total datasets. 

Output function 
ANN  

structure 

MAPE (%) R2 

Train Test Total 

Linear 
BASE 10.271 17.562 0.7626 

DYN 9.452 12.410 0.8517 

Log-sigmoid 
BASE 10.714 11.887 0.8526 

DYN 8.942 15.110 0.8341 
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Figure 41. Regression curve of the model BASE (3-5-1) for the entire dataset. 

Figure 42 and Figure 43 show, as an example, the simulated and experimental 

results of four experiments (two using temperature ramps experiments and two 

with constant temperature). It can be clearly observed that the mechanistic (MECH) 

and neural network (BASE and DYN) models show a similar and satisfactory level 

of agreement. Thus, the ANN model has proved to be a powerful model structure 

in view of assimilating and generalizing the system dynamics. 
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Figure 42. Comparison between the simulation and experimental results of olefins concentration 
when using constant temperature conditions. The simulation results correspond to a mechanistic 
model (MECH) and neural networks based model (ANN). 
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Figure 43. Comparison between the simulation and experimental results of olefins concentration 
when using temperature ramps. The simulation results correspond to a mechanistic model (MECH), a 
neural networks based model (ANN). 

 



 
Chapter 5: Modelling of the BTO process 

 

 

 127  

 

5.1.4. Hybrid Neural Model 

A key point to understand the BTO process is the evolution of the activity of the 

catalyst used to promote the process. The catalyst deactivation rate is a non-directly 

measurable effect of the accumulation of coke by the catalyst, blocking their active 

centres. Therefore is not possible to obtain experimental data in order to be used in 

the modelling procedure to incorporate information about the deactivation. 

However, due to the relevance of the deactivation rate increase with the production 

time, it can be interesting to introduce this information in the model (especially for 

long-term estimations). 

In order to provide the model with the information of both kinetics of the 

process (the main reaction and the deactivation kinetic), a hybrid modelling 

approach has been selected. The hybrid models, also known as grey-box models, 

combine black-box type models with traditional knowledge-based mathematical 

models. Usually the most complex or unknown parts of the system is modelled 

using the selected soft-computing technique while for the well-known parts 

knowledge models are used. 

Therefore, Hybrid Neural Networks models (HNN) combine elements of 

knowledge models with ANN to model the unknown and most complex parts of a 

process (Molga 2003). 

Figure 44 shows the conceptual scheme of the proposed hybrid model. It is a 

combination of a well-known part of the knowledge model to estimate the kinetic 

of the catalyst deactivation, with a neural network based model to assimilate the 

kinetic of the main reaction taking into account the information of the catalyst 

deactivation. As the previous models, the neural network will receive information 

from the main process variables and, depending on the neural structure type, 

previously generated estimations (see Figure 45). Additionally, the neural network 

receives as new input the activity rate in each time step, generated by the kinetic 

catalyst deactivation knowledge model. The model of the deactivation kinetic 

estimates the activity value based on the temperature and the water content in the 

feed. 
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Figure 44. Conceptual scheme of the hybrid modelling approach with ANN. 

In addition, for this new hybrid modelling approach the synthetic dataset, 

which increase the dynamic information about the BTO process provided to the 

model, will be used during the training procedure (see subchapter 4.1.3). These 

new data will provide to the trained models the necessary dynamic information 

about the behaviour of the process in long-term experiments. 

Using the new dataset, in order to select the most suitable neural structure for 

the new hybrid neural model, the previously explained LOOCV procedure has 

been used. Figure 45 shows two model structures proposed for the HNN model. 

These structures are based on the BASE and REC type models, taking into account 

the previously obtained results (see subchapter 5.1.1). The model MOD 1 is based 

on the REC type structure with the main process variables (T, XW and W/FE0) as 

inputs, the activity (a) and the previous values of the olefins conversion rate (XO). 

For the activity the current and several previous values are provided to the neural 

network. The model MOD 2 is based on the BASE structure including data about 

the current and past activity values. Finally, as in the previous modelling 

procedure, both structures have been tested using two output activation functions; 

linear and log-sigmoid functions. The hyperbolic tangent sigmoid activation 

function has been discarded due to the poor results obtained in the previous 

modelling procedure. 
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Figure 45. Model structures proposed for the hybrid modelling approach. 

Figure 46 and Figure 47 shows the LOOCV average MAPE errors when 

applying the LOOCV procedure for MOD 1 and MOD 2 with both linear and non-

linear log-sigmoid output activation functions and with one hidden layer with from 

1 to 25 neurons. All of them reach to a minimum error value before reaching to 25 

hidden neurons. In the case of the MOD 1, with both linear and log-sigmoid 

activation function, the best results are obtained with relatively high neurons; 22 

and 23 hidden neurons respectively. In contrast, MOD 2 presents the best results 

with 11 and 20 hidden neurons with the linear and log-sigmoid activation function 

respectively. 

Once selected the best neural structure, the most suitable training function has 

been selected. From the previously tested training algorithms (see Table 9) the most 

promising ones have been selected. Those which have obtained the best results in 

the first modelling procedure:  

 Bayesian Regularization 

 Levenberg-Marquardt backpropagation 

 Polak-Ribiere conjugate gradient backpropagation 

MOD 1 

X
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(k) 
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 Powell-Beale conjugate gradient backpropagation 

 Fletcher-Powell conjugate gradient backpropagation 

Table 17 shows the results of the LOOCV procedure carried out with each of the 

selected training algorithms. In all cases, for both MOD 1 and MOD 2 models, and 

with both linear and log-sigmoid activation functions, the best results are obtained 

by the Bayesian Regularization algorithm. In the comparison of the output 

activation function, the best performance measurements are obtained with the log-

sigmoid functions. They obtain a mean cross-validation MAPE errors of 4.36 % and 

3.8 % for the MOD 1 and MOD 2 models respectively. In contrast, using the linear 

function the results obtained by the proposed models are slightly worse but still 

present good performance. The MOD 2 presents slightly better results than MOD 1 

even than not having the feedback loop of olefins conversion rate (XO). 

 

  



 
Chapter 5: Modelling of the BTO process 

 

 

 131  

 

 

 

F
ig

u
re

 4
6

. 
N

eu
ra

l 
st

ru
ct

u
re

 s
el

ec
ti

o
n

 w
it

h
 t

h
e 

L
O

O
C

V
 p

ro
ce

d
u

re
 f

o
r 

th
e 

M
O

D
 1

 t
y

p
e 

m
o

d
el

 w
it

h
 l

in
ea

r 
a

n
d

 l
o

g
-s

ig
m

o
id

 

o
u

tp
u

t 
tr

a
n

sf
er

 f
u

n
ct

io
n

s.
 

 

 

F
ig

u
re

 4
7

. 
N

eu
ra

l 
st

ru
ct

u
re

 s
el

ec
ti

o
n

 w
it

h
 t

h
e 

L
O

O
C

V
 p

ro
ce

d
u

re
 f

o
r 

th
e 

M
O

D
 2

 t
y

p
e 

m
o

d
el

 w
it

h
 l

in
ea

r 
a

n
d

 l
o

g
-s

ig
m

o
id

 

o
u

tp
u

t 
tr

a
n

sf
er

 f
u

n
ct

io
n

s.
 

   
  



 Intelligent modelling and optimisation strategies for the BTO process 
(Bioethanol-To-Olefins) 

 

  132

 

 

 
T

a
b

le
 1

7
. 

C
o

m
p

ar
is

o
n

 o
f 

th
e 

L
O

O
C

V
 a

v
er

a
g

e 
re

su
lt

s 
o

b
ta

in
ed

 f
o

r 
th

e 
m

o
st

 s
u

it
ab

le
 t

ra
in

in
g

 a
lg

o
ri

th
m

s 
fo

r 
b

o
th

 M
O

D
 

1
 a

n
d

 M
O

D
 2

 m
o

d
el

s.
 

L
in

e
a

r 

R
M

S
E

 

(g
o

le
fi

n
sg

-1
) 

0
,0

1
0

2
8

9 

0,
02

95
11

 

0,
52

00
31

 

0,
46

13
02

 

0,
42

19
72

 

0
,0

0
9

0
2

1
 

0
,0

1
7

7
6

5
 

0
,0

4
1

2
0

1
 

0
,0

3
4

3
5

0
 

0
,0

4
4

9
1

8
 

M
A

P
E

 

(%
) 

5
,5

1
5

0 

16
,9

5 

27
5,

93
 

21
2,

40
 

23
9,

22
 

4
,5

6
3

0
 

9
,0

9
5

0
 

2
1

,8
0

6
 

1
7

,6
5

6
 

2
6

,2
5

7
 

L
o

g
-s

ig
m

o
id

 

R
M

S
E

 

(g
o

le
fi

n
sg

-1
) 

0
,0

0
8
7
2
4 

0,
03

03
01

 

0,
03

01
22

 

0,
03

48
87

 

0,
03

79
31

 

0
,0

0
7

9
3

7
 

0
,0

2
8

1
7

4
 

0
,0

3
2

2
0

1
 

0
,0

2
8

6
8

4
 

0
,0

4
1

3
2

7
 

M
A

P
E

 

(%
) 

4
,3

6
1
0 

16
,3

8 

16
,4

70
 

17
,6

9 

19
,9

6 

3
,8

0
1

0
 

1
4

,6
4

5
 

1
7

,4
2

3
 

1
5

,2
8

5
 

2
1

,8
6

7
 

T
ra

in
in

g
 a

lg
o

ri
th

m
 

B
a

y
es

ia
n

 R
eg

u
la

ri
z

a
ti

o
n

 

L
ev

en
b

er
g

-M
a

rq
u

ar
d

t 
b

a
ck

p
ro

p
a

g
at

io
n

 

P
o

la
k

-R
ib

ie
re

 c
o

n
ju

g
at

e 
g

ra
d

ie
n

t 
b

a
ck

p
ro

p
a

g
at

io
n

 

P
o

w
el

l-
B

ea
le

 c
o

n
ju

g
at

e 
g

ra
d

ie
n

t 
b

a
ck

p
ro

p
a

g
at

io
n

 

F
le

tc
h

er
-P

o
w

el
l 

co
n

ju
g

at
e 

g
ra

d
ie

n
t 

b
a

ck
p

ro
p

a
g

at
io

n
 

B
a

y
es

ia
n

 R
eg

u
la

ri
z

a
ti

o
n

 

L
ev

en
b

er
g

-M
a

rq
u

ar
d

t 
b

a
ck

p
ro

p
a

g
at

io
n

 

P
o

la
k

-R
ib

ie
re

 c
o

n
ju

g
at

e 
g

ra
d

ie
n

t 
b

a
ck

p
ro

p
a

g
at

io
n

 

P
o

w
el

l-
B

ea
le

 c
o

n
ju

g
at

e 
g

ra
d

ie
n

t 
b

a
ck

p
ro

p
a

g
at

io
n

 

F
le

tc
h

er
-P

o
w

el
l 

co
n

ju
g

at
e 

g
ra

d
ie

n
t 

b
a

ck
p

ro
p

a
g

at
io

n
 

M
o

d
e

l 

M
O

D
 1

 

M
O

D
 2

 

 

 

 



 
Chapter 5: Modelling of the BTO process  

 

 133  

 

Table 18 shows the resume of the RMSE and MAPE LOOCV average values for 

all training data sets when being represented by the model structures in Figure 45 

with the selected structure and training function. From these results, the log-

sigmoid function has been selected as the most suitable output activation function. 

The MOD 2 models seem to obtain the best solution, with an internal topology of 7-

20-1, the log-sigmoid output activation function and using the Bayesian 

regularization as the training algorithm. 

Table 18. Resume of the Cross-Validation results for the selected structures. 

Output  
function 

HNN structure 
(internal topology) 

RMSE 
(golefinsg-1) 

MAPE 
(%) 

Linear 
MOD 1 (11-22-1) 0,010289 5,515 

MOD 2 (7-11-1) 0,009021 4,563 

Log-sigmoid 
MOD 1 (11-23-1) 0,008724 4,361 

MOD 2 (7-20-1) 0,007937 3,801 

 

Once the neural structures and their hyperparameters, such as the activation 

functions or training functions, have been selected, the next step has been the 

model validation. The selected hybrid neural structures have been trained with all 

the available data except the test dataset. These experimental conditions have been 

maintained unseen for the models in the whole training and structure selection 

procedure.  

Table 19 shows the goodness-of-fit of the selected models. Both models present 

similar training and test results. The training MAPE average errors are 0.70 % and 

0.37 % for MOD 1 and MOD 2 models respectively. As test MAPE errors, MOD 1 

and MOD 2 show a 3.26 % and 3.63 % average error respectively. In terms of RMSE 

for the test dataset, show an average error of 0.0088 golfinsg-1 and 0.0066 golfinsg-1 

respectively. These absolute errors are lower than the experimental error, which 

was determined as 0.02 golfinsg-1 (see section 4.2). Therefore, it can be conclude that 

both model structures are suitable and perform very similarly. Finally, in Figure 48 

and Figure 49, and Figure 50 and Figure 51 the regression curves of both models for 

the training and test datasets are presented. In all cases, the models show a good 

level of agreement with a coefficient of determination (R2) always over 0.98. They 

obtain a 0.9991 and 0.9856 with MOD 1 model for training and test data 

respectively and 0.9998 and 0.9918 respectively for MOD 2 model. 
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Figure 48. Regression curve of the model MOD 1 (11-23-1) for the training dataset. 

 
Figure 49. Regression curve of the model MOD 1 (11-23-1) for the test dataset. 
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Figure 50. Regression curve of the model MOD 2 (7-20-1) for the training dataset. 

 

 

Figure 51. Regression curve of the model MOD 2 (7-20-1) for the test dataset. 
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Table 19. Goodness-of-fit of the models for the Test dataset. 

Output 
 function 

HNN  
structure 

MAPE (%) R2 

Training Test Trainining Test 

Log-sigmoid 
MOD 1 0.7074 3.2692 0.9991 0.9856 

MOD 2 0.3732 3.6343 0.9998 0.9918 

 

The current training and validation datasets, combine the original short-term 

experimental conditions with new data of the process behaviour that prolong the 

necessary forecasting horizons of the models of those presented in the original 

experimental data (see section 4.1.2). Despite to this fact that hinders the modelling 

objectives, the obtained models are able to show a satisfactory level of agreement. 

Additionally, the results obtained for the original experimental conditions are even 

better than any previous result. Table 20 shows the goodness-of-fit of the developed 

hybrid models for the original experimental conditions simulated by the 

mechanistic models. The average errors in terms of MAPE and RMSE are 0.93% and 

0.002223 golefinsg-1 respectively for the MOD 1 model; and 0.48 % and 

0.001155 golefinsg-1 respectively for the MOD 2 model. 

Table 20. Goodness-of-fit of the hybrid models to the original operational conditions. 

Output 
function 

HNN structure 
(internal topology) 

RMSE 
(golefinsg-1) 

MAPE 
(%) 

Log-sigmoid 
MOD 1 (11-23-1) 0.002223 0.9372 

MOD 2 (7-20-1) 0.001155 0.4831 

 

The level of agreement with the original operational conditions is impressively 

closed. Figure 52 and Figure 53 show the regression curves of MOD 1 and MOD 2 

models for those operational conditions. They present a coefficient of determination 

of 0.9983 and 0.9994 respectively. 
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Figure 52. Regression curve of the model MOD 1 (11-23-1) for the simulated data of the original 
operational conditions. 

 

Figure 53. Regression curve of the model MOD 2 (7-20-1) for the simulated data of the original 
operational conditions. 
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Since the training and validation procedure has been performed over the 

synthetic experimental data (see section 4.1.3), an additional analysis has been 

carried out to test if the fitted models are able to reproduce the real behaviour of the 

BTO process with the same level of agreement than the mechanistic model. Table 21 

shows the goodness-of-fit of the hybrid neural models and of the mechanistic 

model to the original experimental data. All of them present similar average error 

measurements, with MAPE average error of 15.7886 %, 15.8684 % and 15.9145 % for 

the MECH, MOD 1 and MOD 2 models respectively. The estimations made by the 

HNN models over the real data present only 0.0798 (MOD 1) and 0.1259 (MOD 2) 

percentage points higher errors than the MECH model. 

 
Table 21. Model comparison for all the available real experimental data. 

Models 
RMSE 

(golefinsg-1) 
MAE 

(golefinsg-1) 
MAPE 

(%) 
HITS 
(%) 

MECH 0.0323 0.0263 15.7886 46.6494 

MOD1 0.0324 0.0264 15.8684 44.5876 

MOD2 0.0325 0.0265 15.9145 45.8762 

 

Finally, as an example, Figure 54 presents the estimations of the MOD 1 and 

MOD 2 neural model, which have obtained similar results, for two different sets of 

experiments with complex trajectories of the operating variables. On the top panel 

continue temperature variations are tested and on the bottom panel both 

temperature and the water content on the feed are changed simultaneously. These 

results show the capacity of the HNN models to properly assimilate and reproduce 

the BTO process dynamics even with simultaneous changes in the process 

variables. 
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Figure 54. HNN model estimations for the evolution of the BTO process for an experimental run with 
complex trajectories for the variables T (top panel) and T and XW (bottom panel). 
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5.2.  Model Comparison 

In order to compare the developed models, the behaviour of the BTO process 

under several new operational conditions has been simulated using the MECH 

model. These new test dataset has been used to compare all the previously 

developed models under the same operational conditions for both description and 

prediction of the dynamic behaviour of the BTO process. This new test dataset 

includes complex and extended experiments, where several operating variables are 

change simultaneously during the simulation. The objective is to test the behaviour 

of the models under these types of complex operational conditions that will appear 

in reality (see section 4.2.2.2). 

Some models such as the first ANN based models, have shown very good 

results to describe the process behaviour under the constant experimental 

operational conditions. They have been properly validated and tested, and their 

generalization capability analysed within that initial experimental operational 

conditions. However, the optimisation procedure requires estimates with higher 

prediction horizons and with varying temperature profiles where these models are 

unable to provide acceptable estimates. The previous models are unable to correctly 

estimate the behaviour of the process when the catalyst lifespan is prolonged. These 

models need additional information, such as the activity data provided to the 

Hybrid based models, to be able to assimilate the real process dynamics. 

 Figure 55 shows the model design procedure carried out during the modelling 

of the BTO process (see section 4.2.2.2). Two critical aspects are analysed, the ability 

of each model to describe the experimental data and for long-term predictions of 

the BTO process dynamic behaviour. As previously presented, LR and SVM based 

models are not able to properly represent the behaviour of the process. Whereas, 

the ANN obtain acceptable results to describe the experimental data, they cannot 

properly predict the behaviour of the process when the catalyst is being 

deactivated. This aspect is critical for the optimisation step, because the obtained 

model must be able to correctly simulate the process behaviour during the 

complete catalyst lifespan. 
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   On the other hand, the hybrid modelling approach based on ANN, the HNN 

models, have been able to successfully predict the process behaviour in both 

situations. 
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Figure 55. Prediction capability of the trained models. 

 This fact occurs because the optimisation objective is to extend the catalyst 

lifespan and to maximize the total production. In order to achieve these objectives it 

is necessary to prolong the simulation time of the process considerably higher. In 

this situation, the influence of the deactivation kinetic which previously was not so 

critical, takes relevance and becomes one of the principal drives of the process. 

Therefore, the first optimisation results were not satisfactory because the error 

committed by the surrogate models become significant when the catalyst 

deactivation was prolonged. Additionally, the longer the production step is, the 

higher the effect of the catalyst deactivation over the total production of olefins, and 
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the base initial models (LR, SVM and ANN) did not take into account the catalyst 

activity rate. 

Table 22 shows the performance comparison of the most relevant models for the 

new test dataset for model comparison (see section 4.2.2.2). Those models, such as 

the hybrid models MOD 1 and MOD 2, which use the information about the 

catalyst lifespan to predict the behaviour of the BTO process present significantly 

better results than any other model proposal. On the one hand, MOD 1 and MOD 2 

models, with 3.26 % and 3.63 % of MAPE average error respectively, overcome the 

performance of the ANN based model in more than 15 percentage points. On the 

other hand, ANN based model, with 18.73 % of MAPE error presents better results 

than those models based on LR and SVR techniques. 

Table 22. Goodness-of-fit comparison for the best trained solution with each modelling technique for 
the same unseen operational conditions. 

Model 

TEST dataset 

RMSE 
(golefinsg-1) 

MAPE 
(%) 

LR 0.041145 22.6240 

SVR 0.050961 25.0852 

ANN 0.044700 18.7394 

HNN MOD 1 0.008801 3.2692 

HNN MOD 2 0.006634 3.6343 

Figure 56 and Figure 57 show, as an example, the behaviour of the process 

under different operational conditions included in the new test dataset. The 

important changes of each operating variable produce regimen changes in the 

process dynamics that each model should detect. As can be seen, only the hybrid 

models are able to follow the behaviour of the process with the desired accuracy.  
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Figure 56. Comparison of the presented model’s performance under new complex and unseen 
operational conditions. 
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Figure 57. Comparison of the presented model’s performance under new complex and unseen 
operational conditions. 
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Finally, Figure 58 and Figure 59 show the behaviour of each model under new 

unseen operational conditions with different prediction horizons. Different 

experiments with 20, 70, 200 and 450 hours as prediction horizons have been 

simulated. In all of them, the hybrid models are the only ones able to estimate the 

dynamics of the BTO process. Specifically, the MOD 2 hybrid model, which 

presents the best performance measurements, seems to be the best option in all the 

cases. 

This model (HNN MOD 2) seems to be most promising solution. It is able to 

successfully estimate the complex operational conditions where several operating 

variables change simultaneously; in some cases with contrary effects on production. 

Moreover, it is able to predict the process behaviour with the desired accuracy for 

long-term estimations of more than 400 hours, when the catalyst deactivation rate is 

the main driver of the process. The model has been able to correctly identify the 

dynamics of the BTO process from the training data, and that is why it is able to 

predict with the desired accuracy both complex and long-term operational 

conditions. 
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Figure 58. Comparison of the presented model’s performance under new operational conditions with 
different prediction horizons. 
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Figure 59. Comparison of the presented model’s performance under new operational conditions with 
different prediction horizons. 
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5.3.  Model Validation 

Once defined and selected the most suitable model structure and 

hyperparameters, a final analysis of the goodness-of-fit of the selected HNN model 

is performed. Due to the manner it is trained, the errors of the HNN model cannot 

follow a Gaussian distribution. In fact, the p-value of a Shapiro–Wilk test is 

1.028826e-10. Please note that the alternative hypothesis of the Shapiro–Wilk test is 

that errors do not follow a Gaussian distribution. On these conditions, an F test 

should not be used to assess the goodness-of-fit of the model. The Kolmogorov-

Smirnov test (K-S) (Sheskin 2007) has been selected due to its simplicity and 

availability. Table 23 presents the results of this test and the mean estimation error 

of the olefins conversion rate for both the real data and the simulated test dataset. 

Table 23. Results of the goodness-of-fit analysis of the HNN model. 

HNN MOD 2 
K-S  
test 

RMSE  
(golefinsg-1) 

MAPE  
(%) 

Experimental data 0.1016 0.032520 15.9145 

Simulated data (MECH) 0.7510 0.006634 3.6343 

 

The null hypothesis of the K-S test (two-sample case) is that both samples in 

comparison belong to the same distribution. For the MOD 2 model, and for both 

real experimental data and simulated data, the results of the K-S test do not reject 

the null hypothesis. Therefore, it cannot be stated that both samples are 

significantly different. However the results are not conclusive and it is not possible 

to assure that there are no differences between the distributions.  

To assess the goodness-of-fit of the Hybrid model, it should be compared if the 

model estimates agree both with the result of the Knowledge Model and the Real 

Measurements. To this end, a Two One-Sided Test (TOST) approach (Robinson et 

al. 2005) will be used. TOSTs method works by building a region of similarity using 

expert knowledge, or other procedures based on scientific knowledge, where both 

samples could be consider equivalent (Walker & Nowacki 2011). In this particular 

case, the region of similarity is naturally defined by the experimental error. 

After the region of similarity is defined, two one side confidence intervals for a 

statistic are tested whether they lies within the region of similarity. In this case, the 
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null hypothesis is rejected and it can be concluded that both samples come from the 

same population. The use of this method provides more trustworthy results than 

other tests like Kolmogorov–Smirnov or Anderson-Darling. Please note that the 

null hypothesis of these methods is that two samples are drawn from the same 

population. Therefore, they can only assess the dissimilarity of the two samples but 

never the similarity. On the other hand, as it has been explained before, TOST 

methods have as null hypothesis that the samples come from different populations 

allowing to conclude the existence of the equivalence. 

The TOST method has been used to test the equivalence between the 

estimations generated by the HNN MOD 2 model and the MECH knowledge 

model (simulated data). Figure 60 shows the region of similarity and the confidence 

intervals of the equivalence test for real measurements and for the test simulated 

dataset. In both cases the confidence intervals are inside the defined region of 

similarity. Therefore, it can be concluded that the estimations generated by MOD 2 

model are equivalent to those generated by the MECH model for both real and 

simulated data. 
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Figure 60. Region of similarity and Confidence interval of the TOST test for Real Measurements (top 
panel) and for the Test simulated data (bottom panel). 
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5.4.  Conclusions 

The modelling of the BTO process has been carried out following the defined 

methodology and using several modelling techniques. With each of them, several 

model structures, internal topologies and model hyperparameters have been tested 

during the modelling procedure. 

Figure 61 shows the neural network structure fixed using the modelling 

methodology as the best model for the BTO process. It uses as inputs the main 

operating conditions of the process (T, XW, W/FE0) and the actual and previously 

calculated catalyst activity levels (a) to compute the main kinetic reaction of the 

BTO process and calculate the output of the model, which is the olefins conversion 

rate (Xo). Therefore, there is a hybrid model that includes the knowledge model of 

the deactivation kinetic to provide the neural model, which will resolve the main 

kinetic reaction of the process, with information about the catalyst activity state at 

each time step. The hybrid modelling approach has shown to be the best option due 

to the influence of the catalyst deactivation, especially for long-term estimations. 

The selected model (HNN MOD 2) is equivalent to the mechanistic model 

(MECH), being it estimations indistinguishable from the real experimental data or 

from the simulated data generated by the MECH model. HNN MOD 2 (7-20-1) 

presents a coefficient of determination of 0.9918 for the test dataset and a 

discrepancy with the mechanistic model, which is the contrast method, of 0.1259 

percentage points.  

It can be concluded that the HNN MOD 2 (7-20-1) model exhibits very similar 

performance to the mechanistic model while requiring much lower computational 

cost. Both MECH and HNN models have been run several times with different 

operational conditions and over the same machine (see chapter 4), in order to 

measure their average calculation times. The HNN MOD 2 (7-20-1) model presents 

estimation times more than 50 times lower than the mechanistic model.  
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Figure 61. Feed-Forward NN topology of the hybrid model MOD 2 for main kinetic reaction of the 
BTO process. 
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OPTIMISATION STRATEGIES 

 

In the following subchapters the results obtained for each optimisation strategy 

are presented. Additionally, two different models will be used during the 

optimisation procedure in order to simulate the behaviour of the BTO process. The 

results obtained using the mechanistic and a neural model (used as surrogate 

model) of the process will be compared to analyse if the last one is able to reach to 

similar results than as those obtained with the computationally more expensive 

mechanistic model. The surrogate neural model used in the optimisation is the 

previously developed Feed-Forward ANN based hybrid model that combines the 

kinetic model of the catalyst deactivation, used to calculate the evolution of the 

catalyst activity, with an ANN that describes the process kinetics to obtain light 

olefins (see subchapter 5.1.4).  

 

6.1.  Optimisation results 

6.1.1. Optimisation at zero time of stream 

As previously exposed, the optimisation at zero time of stream has been carried 

out using the equation (30) as the cost function of the optimisation algorithm. 

Figure 62 shows the behaviour of the BTO process under the best operational 

conditions found in order to maximise the conversion rate of olefins at zero time on 

stream. Note that this optimisation procedure, does not take into account the 

catalyst deactivation in the search for the best operational conditions. As can be 

seen, the temperature is near to the superior limit in order to avoid an irreversible 

deactivation of the catalyst. This provoke a maximum conversion rate but with a 

fast catalyst deactivation. In contrast, the water content in the feed (Xw) is minimal 

which also explain the rapid catalyst deactivation, while the space-time (WF-1E0) 

presents also a reduced value according to the selected temperature and water 

content. 
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Figure 62. BTO process performance under the operational conditions obtained when optimising the 
conversion rate of the olefins at zero time on stream. 

The maximum production reached with these operation conditions is 66.27gog-

1catalyst. However, the relatively fast catalyst deactivation will increase the catalyst 

regeneration costs and the risk of the irreversible deactivation of it, working at the 

superior limit of the temperature. 

 

6.1.2. Constant and dynamic optimisation 

The first and second optimisation strategies assessed consist on finding the 

optimum constant set-points and dynamic trajectories of the temperature profiles, 

taking into account the catalyst deactivation.  

Table 24 and Table 25 summarizes the average and best TPOST (results of 

Equation (20)) for the main temperature trajectories (Equations (21)–(29)) and for 

constant set-points (trajectory f0(t), Equation (20)) obtained using the mechanistic 

model and the neural surrogate model respectively. Being the optimisation 

procedure stochastic, the optimisation algorithm with each trajectory type has been 

launched 50 times to guarantee its convergence. 
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At first sight, near all proposed trajectory functions achieve noticeable better 

results than the contrast method (trajectory f0(t)). In both cases the best trajectory 

seems to be f8(t) and f9(t) closely followed by trajectories f1(t). The standard 

deviation of the production is quite low in near all cases, when comparing to the 

standard deviation of the standard normal distribution, suggesting that the method 

converges systematically to a single set of operational conditions. When comparing 

both tables, these results are repeated independently to the model used to simulate 

the BTO process during the optimisation procedure. Although, there are slight 

differences in the absolute results for each trajectory profile type, the main 

conclusions comparing the trajectories are equal. 

Table 24. Comparison of the mean production results for the best operating conditions when 
repeating several times the evolutionary optimisation using the MECH model. 

MECH 
TPOST (gog-1

catalyst) 

Best TPOST μ TPOST σ 

f0 (t) 73.761 70.259 2.381 

f1 (t) 86.584 81.911 0.830 

f2 (t) 82.509 80.596 1.271 

f3 (t) 81.548 78.030 2.227 

f4 (t) 75.591 73.346 1.891 

f5 (t) 82.004 80.347 1.347 

f6 (t) 78.861 74.206 1.758 

f7 (t) 82.380 81.053 0.782 

f8 (t) 89.973 88.215 1.412 

f9 (t) 88.670 86.287 1.731 
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Table 25. Comparison of the mean production results for the best operating conditions when 
repeating several times the evolutionary optimisation using the HNN surrogate model. 

HNN 
TPOST (gog-1

catalyst) 

Best TPOST μ TPOST σ 

f0 (t) 69.963 66.101 2.832 

f1 (t) 83.247 80.477 0.891 

f2 (t) 81.086 79.806 0.853 

f3 (t) 79.994 75.523 2.286 

f4 (t) 72.493 69.516 1.607 

f5 (t) 82.139 80.108 1.540 

f6 (t) 65.837 65.596 0.106 

f7 (t) 72.157 69.476 1.689 

f8 (t) 86.578 84.742 1.477 

f9 (t) 86.747 82.424 6.313 

 

Figure 63 and Figure 64 use a Notched Box Plots (John M. Chambers 1983) to 

present the best solution of each global iteration for each trajectory type (constant, 

polynomial, exponential, logarithmic and trajectories inverse to the activity). The 

boxes represent for those trajectories the first and third quartile of the production of 

olefins (TPOST). The central line crossing the boxes represents the median value 

and the whiskers represent 1.5 times the interquartile distances. The white points 

represent outlier values. 

The notches around the median value represent a 95% confidence interval. So, if 

two notches do not overlap, there is “strong evidence” that those median values are 

statistically different (John M. Chambers 1983). Following this rule, it seems that 

trajectories inverse to catalyst deactivation (f8(t) and f9(t)) provide the best options 

to maximize the total production. Although, given that their notches overlap, they 

might be indistinguishable one from the other. Anew, the conclusions obtained 

following this rule, is the same independently to the model used during the 

optimisation. In both cases, f8(t) and f9(t) provided the best solutions, closely 

followed by the f1(t) trajectory. This trajectory profiles (f1(t)) provide solutions 

slightly worse but with a significantly lower variability.  
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Figure 63. Comparison between the different results for the proposed temperature trajectory functions 
using the MECH model. 

 

Figure 64. Comparison between the different results for the proposed temperature trajectory functions 
using the HNN surrogate model. 

In order to fully assess the operational trajectories that achieve the highest 

olefins production, it is needed to make a Multiple Comparison Test as ANOVA 

with Tukey’s HSD post-hoc. Please note that pairwise comparison should not be 

made in order to avoid the Multiple Comparisons Problem (Demšar 2006; Garcia & 

Herrera 2008). To do a Multiple Comparison Test, first a Shapiro–Wilk test (S-W) 

should be made in order to assess if a parametric test (as an ANOVA test) could be 

made.  



 Intelligent modelling and optimisation strategies for the BTO process 
(Bioethanol-To-Olefins) 

 

  160

 

Table 26 shows that some of the productions of olefins variables do not follow a 

Gaussian distribution (those with score lower than 0.05) and therefore a non-

parametric test should be used. Given that the experimental values obtained from 

several repetitions are paired, a Friedman test with Nemenyi post-hoc should be 

used (Demšar 2006; Myles Hollander et al. 2014). 

Table 26. Results of the Shapiro-Wilk test over the production of olefins for each trajectory. 

Trajectory 
S-W (MECH) S-W 

(HNN) 

f0 (t) 0.0012 7.297 x 10-8 

f1 (t) 4.8550 x 10-9 2.2 x 10-16 

f2 (t) 1.4420 x 10-6 2.2 x 10-16 

f3 (t) 0.0876 0.0012 

f4 (t) 7.8487 x 10-7 7.456 x 10-8 

f5 (t) 0.0005 2.2 x 10-16 

f6 (t) 0.0007 0.2902 

f7 (t) 0.0929 0.3300 

f8 (t) 0.0033 0.1970 

f9 (t) 0.0098 5.17 x 10-4 

 

Figure 65 graphically represents the results of the Friedman test with Nemenyi 

post-hoc. As can be seen, the p-value of the Friedman test is significant (when 

comparing all the trajectories) so that there is at least one trajectory that is 

statistically different from the others. This fact is repeated for both optimisation 

procedures, using the MECH model (left panel) and with the HNN neural model 

(right panel).  
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Figure 65. Results of the Friedman test (p-value) and the Nemenyi post-hoc over the different 
trajectories (Left panel: MECH model; Right panel: HNN model). Linked are the trajectories that are 
not statistically different attending to the results of the post-hoc test. 

The Nemenyi post-hoc presents quite similar results in both cases. On the left 

panel five main groups can be observed. f0(t) and f4(t) are grouped together, being 

statistically indistinguishable. Next, solutions provided by f6 and f3(t) form a second 

group, the f5 form a group by itself and f1(t), f2(t), f7(t) are grouped together. And 

finally, the best operational conditions are provided by the f8(t) and f9(t) trajectories, 

with results that are statistically indistinguishable. On the right panel, three main 

groups can be observed. Anew, f8(t) and f9(t) form a group by themselves, being 

significantly different from the other trajectories and obtaining the best results. 

Next, solutions f1(t) and f5(t), and f2(t) and f3(t) form two differentiable groups 

respectively. Finally, the poorer results are obtained by the trajectories f4(t), f7(t), 

f0(t) and f6(t), which form all them a group by itself. These results confirm the 
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previously exposed observation. Trajectories inverse to the catalyst deactivation 

rate (f8(t) and f9(t) trajectories) obtain the best results and there are no evidences of 

the existence of significant differences between them. Additionally, linear 

trajectories (f1(t)) present closed results to the previous ones, but statistically 

significantly worse than them. 

Finally, Figure 66 and Figure 67 show the behaviour of the process when using 

the trajectory inverse to the catalyst deactivation f8(t) (Equation (28)). This is the 

best solution obtained by the optimisation procedure using fixed-shape 

temperature profiles. The obtained best solutions with both models (MECH in 

Figure 66 and HNN in Figure 67) are quite similar; with the same temperature 

profiles and similar values for all operating variables of the process. The maximum 

production (TPOST) has been 89.97 gog
-1catalyst for the MECH model and 86.57 gog

-

1catalyst for the HNN model. The temperature profiles slowly grow while the activity 

slowly decreases reaching the upper bound quite late in time (more than 700 h). 

Moreover, the amount of feed water (XW) is quite high. These are the main factors 

that allows the production as long as 797 h (729 h using the neural model in the 

optimisation) due to the fact that water competes with the coke for the active 

centres of the catalyst attenuating the deactivation. Finally, the space-time (WF-1EO) 

is moderately high looking for the maximum conversion of olefins for that 

particular conditions of water and temperature variables. In the same way, the best 

production obtained using f9 trajectory (Equation (29)) is obtained with similar 

operational conditions. Using convex temperature profiles which slowly grows, 

and using high amount of water in the feed in order to extend the catalyst lifespan. 
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Figure 66. BTO process performance under the best solution (f8) provided by the evolutionary 
optimisation using temperature trajectories (MECH model). 

 
Figure 67. BTO process performance under the best solution (f8) provided by the evolutionary 
optimisation using temperature trajectories (HNN model). 
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6.1.2.1. Conclusions 

The results for the dynamic optimisation of the temperature trajectories seem to 

be conclusive. The best solution capable to maximise the production of olefins, 

while extending the catalyst lifespan, are the temperature trajectories inverse to the 

catalyst deactivation. The slow increase of the temperature counteracts the loss of 

the catalyst activity and therefore the desired production of olefins. At the same 

time, in order to avoid an early fast catalyst deactivation, the water content in the 

feed is near to the maximum. 

Additionally, it has been demonstrated that the use of surrogated neural 

models during the optimisation procedures is very satisfactory. The neural 

structure is able to optimise the process estimating the dynamic behaviour of the 

process even for long-term prediction scenario. The productions estimated by the 

neural models are slightly lower than those obtained by the mechanistic model. 

However, the obtained conclusion and the best operational conditions are 

equivalents to those obtained using the contrast method (MECH model based 

optimisation, but with a significantly lower computational cost (up to 50 times 

lower). 

Therefore the presented optimisation methodology is valid to search for the 

optimum areas with a considerably lower computational cost. 

 

6.1.3. Dynamic neural optimisation 

The dynamic neural optimisation consists in optimising dynamically and 

simultaneously all the operating variables (T; XW; W/FE0) and not only the 

temperature profiles. Due to the computational complexity of the previously used 

optimisation procedure, in this case, an ANN based approach has been selected to 

automatically generate all the operating profiles. 

Table 27 shows the results obtained with different number of hidden neurons to 

generate the trial profiles for the three operating variables. Anew, being the 

optimisation procedure stochastic, the whole optimisation procedure has been 

launched 50 times to guarantee its convergence. 
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The previously presented solutions have been obtained with fixed-shape 

temperature profiles, and those really improve the final production. In this case, 

using the operational profiles directly generated by the evolved neural network, the 

results are even better. The results with 5 or more hidden neurons clearly 

overcome, at first glance, the previous obtained results. Nevertheless, the obtained 

standard deviation seems to be quite high, so deeper analyses are needed. 

Table 27. ANN training results for the implemented neural structures. 

Hidden  
neurons 

TPOST (gog-1
catalyst) 

Best TPOST μ TPOST σ 

n = 4 101.425 86.693 8.436 

n = 5 98.329 87.547 7.350 

n = 6 101.729 94.825 4.591 

n = 7 100.52 90.615 7.686 

n = 8 101.585 89.403 6.729 

 

Figure 68 shows a Notched Box Plot to present the obtained solutions of each 

global iteration during the optimisation procedure. It seems that the trajectories 

provided by the ANN structures with 5 hidden neurons or more are statistically 

similar between them and with relatively high standard deviations which increases 

the size of the represented notches approaching to worse solutions. 

 
Figure 68. Comparison between the different results for the proposed neural structures. 
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Anew, the same previously used procedure will be used to fully assess the 

optimisation strategy that obtained better solutions. First, a Shapiro–Wilk test 

should be made in order to assess if a parametric test (as an ANOVA test) could be 

made. Table 28 shows that at least one of the solutions does not follow a Gaussian 

distribution. Therefore the Friedman test with Nemenyi post-hoc will be used.  

 
Table 28. Results of the Shapiro-Wilk test over the production of olefins for the proposed neural 
structures. 

Trajectory  

n= 4 0.0091 

n= 5 0.0100 

n= 6 0.0959 

n= 7 0.0012 

n= 8 0.1624 

 

Moreover, the solutions obtained with f8(t) and f9(t) temperature profiles (Table 

24) will be included in this test in order to analyse if the new solutions obtained 

using ANN are statistically distinguishable from the previously obtained solutions 

for fixed-shape temperature profiles. 

Figure 69 graphically represents the results of the Friedman test with Nemenyi 

post-hoc. As can be seen, the p-value of the Friedman test is significant (when 

comparing the trajectories f8(t) and f9(t), and those profiles generated by the ANN) 

so there is at least one solution that is statistically different from the others. The 

Nemenyi post-hoc presents three differentiable groups. The ANN with 4 hidden 

neurons (n4) and the trajectory f9(t) form a first group. The ANN structures with 5, 7 

and 8 hidden neurons (n5; n7; n8) which results are all of them statistically 

indistinguishable from each other and also indistinguishable from f8, form the 

second group. This second group overcome the results of the previous one (n4; 

f9(t)). And the best operational conditions are provided by the ANN structure with 

6 hidden neurons (n6) which results are statistically different from the others.  
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Figure 69. Results of the Friedman test (p-value) and Nemenyi post-hoc over the solutions generated 
by ANN and trajectories f8 and f9. Linked trajectories are not statistically different attending to the 
results of the post-hoc test. 

In order to fully assess that when only optimising the temperature trajectories, 

that are solutions as f8(t), are able to obtain solutions indistinguishable or not from 

those obtained by ANN with 6 hidden neurons, a deeper analysis has been carried 

out. The complete optimisation procedure for both of them has been repeated 150 

times, and a new statistical analysis has been performed. Figure 70 shows 

graphically in a Notched Box Plot that both solutions seem to be statistically 

different. In this case, to compare the two samples, the Wilcoxon signed rank test 

has been selected (David F. Bauer 1972; Myles Hollander et al. 2014). The result (p-

value < 2.2000 x 10-16) confirms that the dynamic solutions obtained by the ANN 

with 6 hidden neurons are significantly better than those obtained optimising only 

the temperature profiles. 
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Figure 70. Comparison between the different results obtained with ANN (n6) and f8 temperature 
profiles. 

Finally, Figure 71 shows the behaviour of the BTO process (Figure 71a) under 

the best solution found by the evolutionary optimisation using an ANN to generate 

the best trajectories for each operating variable (Figure 71b, Figure 71c and Figure 

71d). The best solution was found using the third optimisation strategy with 6 

neurons in the hidden layer of the ANN. The obtained maximum TPOST has been 

101.729 gog
-1catalyst. This solution provides a 37.91 % higher olefins production than 

using constant set-points, which is one of the reference operational strategy (f0(t)). 

A slow increase of the temperature profile at the begining and the relatively low 

ranges of temperature over the whole operation are able to maintain a low 

deactivation rate. Moreover, a high amount of water in the feed (XW), counteracts 

the catalyst deactivation. These two aspects are the main factors that maximize the 

catalyst lifespan and extend its life for more than 500 h. Moreover, these slow 

changes in the temperature have two good operational properties: the amount of 

power needed is bounded and avoids the occurrence of hot spots in the catalyst. 

Moreover, the space-time (WF-1E0) grows up to obtain the maximum conversion rate 

of olefins in the reactor output for that particular condition of water and 

temperature variables. 
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The evolved neural networks have been able to find different trajectory types 

for each operational variable that maximize the production objective. These 

trajectories have been able to detect simultaneous regimen changes in all the 

operational variables (as that observed in Figure 71 at time 103 h) that allow an 

increase of the production. These necessary regimen changes in the trajectories of 

the control variables are very difficult to detect using standard techniques with no 

previous knowledge about the process. On the other hand, ANN training 

techniques show a relatively high standard deviations (Table 27) compared with 

the second optimisation strategy (Table 24). This can be explained due to the fact 

that the search space is infinitely higher than in the case of using fixed-shape 

temperature trajectories. 

These regimen changes, that allow the maximisation of the production, are also 

seen in the best solutions provided by ANN based optimisation. Figure 72 shows 

the behaviour of the process under the best solution provided by the ANN with 8 

hidden neurons. The production profile is similar to the previous one with a 

regimen change after 220 hours of production. In this case the effect is clearly notice 

in all the operating variables, which change their previously followed trend. Once 

again, the water content in the feed start at its maximum possible value in order to 

counteract the catalyst deactivation. And the space-time grows up according to the 

other process variables. Finally, the temperature profile is completely different to 

the previous one (Figure 71) but maintaining the average within a similar range. 
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6.2.  Comparison and discussion 

As previously stated, the standard optimisation procedure to study the best 

operational conditions for catalytic processes will be used as contrast method for 

the proposed optimisation strategies (see section 4.3.4).  

The best operation at zero time of stream (see section 6.1.1) provokes a very fast 

catalyst deactivation which may increase the total production costs, as well as 

increasing the effect of the irreversible deactivation of the catalyst. As can been seen 

in Figure 62, due to a faster catalyst deactivation, the production stopping criteria 

(tf) is reached in a relatively early time when comparing with the solutions obtained 

with fixed-shape temperature trajectories or with dynamic trajectories for each 

operating variable taking into account the catalyst deactivation. 

Figure 73 compares the best solution obtained with each optimisation strategy. 

The optimisation carried out at zero time on stream (blue dotted line) is able to 

obtain 66.27 gog
-1

catalyst, reaching the stopping criteria in 25.3 hours. In contrast the 

constant optimisation (orange line), which has been carried out taking into account 

the catalyst deactivation, reaches to the stopping criteria in 49 hours, but is able to 

improve the previous production in a 11.15 %. The solutions provided by both 

dynamic (black line) and fixed-shape temperature trajectories (green dotted line), 

are able to extend the catalyst lifespan up to 500 hours and 800 hours respectively. 

However, the maximum production is obtained using the dynamic trajectories of 

all operating variables generated by the ANN. These operation trajectories are able 

to obtain a 53.48 % and a 35.75 % higher production than the production obtained 

with zero time optimisation procedures respectively. However, the proposed 

dynamic operation may suppose a challenge for plant control instrumentation. 
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Figure 73. Comparison of the production results obtained with each optimisation strategy. 

Therefore, the best solution in order to maximise the TPOST and to extend the 

catalyst lifespan has been obtained by the trajectories generated by the ANN. 

However, a key point to optimise the production of olefins will be cost of the 

needed catalyst and its regeneration and maintenance costs after each production 

step. Depending on these two costs, it will be more or less interesting to extend the 

catalyst lifespan in order to continue the production step or to carry out shorter 

production cycles with more catalyst regeneration processes. Moreover, 

maintaining constantly the maximum temperature as is needed to maximize the 

production at zero time of stream, involves higher energy costs. 

 

6.3.  Study of the operational conditions 

The implemented optimisation strategies make special emphasis to the 

temperature because it is a dominant operating variable. Therefore, during the 

optimisation procedure the optimisation of the temperature trajectories has been 

one of the main objectives to maximize the total production of olefins. However, 

the behaviour of the water content in the feed and the space time of the process 
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have also an important influence in the extension of the catalyst lifespan which is 

the secondary optimisation objective. 

Therefore, to analyse the effect of these two operating variables, a grid search 

study has been performed. The optimisation procedure has been repeated several 

times using the temperature trajectory f8(t) for each fixed value of the water content 

in the feed using a grid mesh. The grid for the XW variable has been defined as in 

the previously used operational limits, between [0.05, 5] and with a step of 0.05 

gwaterg-1. For each XW value of the grid, the optimal parameters of the temperature 

profile and the optimal WF-1E0 values in each case have been searched using the 

previous optimisation methodology. 

Finally, this study will be used to analyse different optimal solution depending 

on the catalyst regeneration costs after each production step. 

 

6.3.1.  Catalyst lifespan extension 

On the one hand the effect of the temperature in the catalyst deactivation rate is 

clear, even arriving to the irreversible catalyst deactivation when using to high 

temperatures. Thus, as can be seen during the optimisation procedure, the best 

operational conditions maintain intermediate values of the temperature, starting 

with relatively low temperatures (above the minimum necessary for the process to 

take place the transformation of the bioethanol into olefins), and once the catalyst 

deactivation has started, the temperature increases gradually in order to maximise 

the production, warranting a minimum production of olefins during the 

production cycle. 

On the other hand, a key to extend the catalyst lifespan is the water content in 

the feed. The presence of water in the feed of the reactor implies that the water 

molecules compete with coke for the active centres of the catalyst, avoiding the 

accumulation of coke and thus it will attenuate the catalyst deactivation. The 

optimisation procedure has been carried out maintaining similar temperature 

profiles while changing the XW within the grid search. The results show how the 

average production times for each cycle of the best solutions increases with the XW. 

Figure 74 shows how the increment of the water content extends the catalyst 

lifespan, resulting larger production cycles. Please note that, thought the grid reach 

the value of 5.0 gwaterg-1, the experimental data only reach up to 4.888 gwaterg-1. 
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Figure 74. Effect of the water content in the feed in the catalyst lifespan extension. 

Additionally, the optimal water content in the feed and space-time show a 

correlation between them in order to reach the optimisation objectives. Figure 75 

shows the distribution of the solutions for each XW value and its corresponding WF-

1E0 in order to maximize the production of olefins and extend the catalyst lifespan. 

As can be seen, there exist a relation between both variables, obtaining the best 

solutions with a specific combination of these two variables.  
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Figure 75. Optimisation results for each fixed XW value. The red line represents the relation between 
XW and the space-time with the maximum TPOST. 
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The best solutions (with the maximum TPOST) for each XW values are obtained 

with space-time values that follow an exponential relation depending on the XW 

value. Figure 76 shows that the best solutions (with TPOST higher than 80gog-

1catalyst) are obtained following the next exponential relation: 

𝑊𝐹𝐸0
−1 = 𝑎 · exp(𝑏 · 𝑋𝑊), (31) 

being the constant parameters a and b, 0.113 (0.1127, 0.1132) and 
0.4898 (0.4893, 0.4903) respectively. 

 

Figure 76. Correlation of WF-1EO values for the best solutions for each XW values. 

The Figure 77 clearly shows that the maximum production value that can be 

reached for each quantity of water in the feed moves through the possible values of 

space-time. These maximum values fit with the previously shown Equation (31) 

that relates the Xw and the space-time.  
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Figure 77. TPOST maximum values for each combination of XW and W/FE0 values. 

Finally, Figure 78 shows the results of performing another optimisation 

procedure for the temperature profiles, following the exponential relation for each 

XW value. For each value of XW and its corresponding WF-1E0 value of equation (31), 

the temperature trajectory is optimised in order to maximise the TPOST. As can be 

seen, as previously exposed the best solutions are obtained with high values of 

water in the feed due to the extension of the catalyst lifespan. 
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Figure 78. Comparison between the best optimisation results obtained for each XW value. 

 

6.3.2.  Effect of the catalyst regeneration cost 

The optimisation procedure has been carried out with the objective of 

maximising the total production and of extending the catalyst lifespan to the 

maximum because the catalyst is one of the main costs of the process. However, 

depending on the cost derived from each regeneration phase of the catalyst, the 

optimal operational conditions must be modified. Therefore, an optimisation 

procedure has been performed following the same grid search strategy to study the 

operating variables and changing the catalyst regeneration costs. The following cost 

function (IC) has been defined to be maximised: 

max(𝐼𝑐) = max
𝑇,𝑋𝑊 ,𝑊𝐹𝐸0

−1
   𝑛𝐶 · 𝑇𝑃𝑂𝑆𝑇 − 𝑛𝐶 · exp (𝑃𝑖) (32) 

 

The TPOST is calculated using the same estimation previously used (Equation 

(19)). The parameter 𝑛𝐶 represents the total production cycles that can be carried 

out in 800 hours, which has resulted to be the lifespan extension limit. Finally, for 

each production cycle a regeneration phase must be carried out. The penalization 

function of this regeneration procedure has been pondered for 14 different costs 
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following an exponential equation. Figure 79 shows the evolution of the estimated 

regeneration costs for each regeneration pause. This cost will be used during the 

optimisation procedure and it is defined for 14 penalization indexes (Pi = [-3:10]).  

 

Figure 79. Cost of each regeneration procedure depending on the selected penalization index (Pi). 

 

Therefore, for each Pi and XW values (using the previous presented grid) a 

complete optimisation procedure has been carried out, optimising simultaneously 

the temperature trajectories (following the f8 profile) and the space-time. 

Figure 80 and Figure 81 show that depending on the catalyst regeneration costs 

the optimal operational conditions move from large production steps, extending 

the catalyst lifespan as large as possible, to short production cycles with many 

production regeneration cycles when the catalyst regeneration costs decreases 

below a minimum. Figure 80 shows that for the penalization index 3 onwards the 

total production increases significantly to avoid an elevated number of costly 

regeneration phases. In the same way, Figure 81 shows that with the increment of 

the regeneration cost the number of cycles is reduced drastically.  
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Figure 80. Average TPOST for several optimisation procedures using the proposed penalization 
indexes. 

 
Figure 81. Total number of production-regeneration cycles depending on the penalization index. 
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Figure 82. Best operational conditions (XW and WF-1EO) for each XW value and penalization index. 

In addition, the optimal relation previously founded, between the water content 

in the feed and the space-time changes depending on the costs of the regeneration 

costs. Figure 82 shows that the relation between both variables is maintained 

following an exponential equation which changes in function of the penalization 

costs. The “colorbar” represents the penalization indexes. Notice that optimisation 

procedures with high Pi (Pi > 3) obtain the same solution curves as those obtained 

for only 1 production cycle (see Figure 78). 

Finally, Figure 83 shows the distribution of the operating variables XW and WF-

1EO depending on the regeneration costs. Please note that, in this figure, the value of 

the optimization cost function (Ic) has been normalized in the interval [0, 1]. If the 

regeneration costs are too high, the operational conditions move to the maximum 

possible space-time and water content in order to extend to the maximum the 

catalyst lifespan and reduce the required number of regeneration phases. This 

method produces longer production steps with the maximum possible TPOST. 

However, if the regeneration cost is negligible, the optimal operational conditions 

move to short production cycles with the minimum or no water content in the feed 

and the minimum space-time.  
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Figure 83. Results of the grid search (XW) for each penalization index. Top: Normalized IC results 
distribution for XW. Bottom: Normalized IC results distribution for WF-1E0. 
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6.4.  Conclusions 

The optimisation of the BTO process has been carried out following the defined 

simulation based methodology. Two optimisation procedures have been launched 

simultaneously. The first one has been carried out using the mechanistic model to 

estimate the behaviour of the process. And the second one with a significantly less 

computational cost (up to 50 times lower), has been carried out using the 

previously validated neural model of the BTO process.  

The conclusions achieved by both procedures have been equivalents. On the 

one hand, it has been demonstrated that temperature trajectories inverse to the 

catalyst deactivation, where the temperature slowly increases, maximise the 

production of olefins per space-time. These temperature profiles are able to reach 

olefin’s productions of almost 90 gog-1catalyst per production cycle. On the other hand, 

using dynamic operational conditions for all the operating variables (temperature, 

space-time and water content in the feed) and not only for the temperature control, 

increases even more the total production, reaching TPOST of 101.72 gog-1catalyst per 

production cycle.  

Statistical analyses have confirmed that there exist significant differences 

between the proposed operational strategies. These results obtained using the 

dynamic trajectories of all operational variables are significantly better than those 

obtained with fixed temperature profiles or constant set points. The artificial neural 

networks have been able to dynamically calculate the optimum trajectories. 

Additionally, further analyses of the operational conditions have been 

performed. Two aspects have been studied using a grid search methodology, the 

catalyst lifespan extension and the evolution of the best operational conditions 

depending on the catalyst regeneration costs. It has been confirmed the previous 

conjecture that the water content in the feed attenuate the catalyst deactivation 

extending the catalyst lifespan and therefore the extension of the production cycles. 

Moreover, an exponential relation between the optimal values of water in the feed 

and the space-time has been observed. This exponential relation is maintained with 

changes although the regeneration costs changed. 

It can be concluded that with elevated costs of the catalyst regeneration phase, 

the optimal operational conditions are those capable of extending the catalyst 
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lifespan, obtaining large production cycles. In these cases, the temperature is 

maintained in intermediate values which slowly rise during the process in order to 

increase the production of olefins. The water content rises to the maximum possible 

in order to attenuate the catalyst deactivation and the space-time, following the 

exponential relation, also rises to the maximum value. 

In contrast, with negligible regeneration costs, the temperature is maintained 

with similar values during all the process in order to maximise the conversion rate 

of the lump of olefins. However, the water content and the space-time decrease to 

the minimum in order to obtain short production cycles still maintaining an 

acceptable production of olefins. 
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CONCLUSIONS AND FUTURE WORK 

 

This chapter will exposed the main conclusions and the future work derived 

from the presented work. The main conclusion is that a new methodology based in 

soft-computing techniques has been able to identify the most suitable operational 

conditions of the Bioethanol-To-Olefins (BTO) chemical process. This methodology 

can be easily extrapolated to other biorefinery or chemical processes. 

The improvement and optimisation of complex processes, such as the BTO 

chemical process, can be successfully performed using soft-computing based 

methodology for the knowledge extraction and in the search of the most suitable 

operational conditions in order to maximise the selected optimisation objectives. 

 

7.1.  Conclusions and contributions 

7.1.1.  Modelling of the BTO process 

Soft-computing modelling techniques such as Support Vector Machines and 

Artificial Neural Networks have been used for the modelling of the BTO process. 

The training dataset has been composed by experimental data of the process 

obtained in a laboratory scale reactor. Moreover, during the modelling procedure, 

additional simulated data have been included in the training datasets, as synthetic 

experimental data, in order to provide the models with additional information of 

the process dynamics.   

Two modelling approaches have been explored. The soft-modelling of the 

process and a hybrid model structure that combines soft-modelling techniques with 

knowledge-based models. 

The hybrid neural network based modelling approach has been able to 

successfully identify and reproduce the dynamics of the process. The model 

structure identified as HNN 2, combines the catalyst deactivation knowledge 
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model with a neural model of the main kinetic reactions to calculate the olefins 

conversion rate (XO). 

This model has been compared with a well-known mechanistic model of the 

process, which has been used as a contrast method. The Two One-Sided Test 

equivalence test has been used for the model validation. According to this test, the 

estimations of the fitted neural model are indistinguishable from both the 

mechanistic model and also from the experimental data. The discrepancy of the 

neural model with the mechanistic model is of 0.1259 percentage points; and the 

coefficient of determination (R2) for the test dataset of 0.9918. 

 

7.1.2. Optimisation of the operational conditions 

Three different evolutionary optimization strategies have been carried out in 

order to maximize the total production of olefins at the reactor output, while 

extending the catalyst lifespan. All of them improve the production of olefins when 

comparing with the optimisation of the process at zero time on stream (the 

commonly used optimisation strategy).  

The optimisation with constant set-points improves the production of olefins in 

a 11.15 %; the optimisation using fixed-shape temperature trajectories in a 35.75 %; 

and the operation using dynamically generated trajectories of all the operating 

variables (temperature, water content and space-time) generated by the optimised 

ANN improves the production results in a 53.48 %. 

On the one hand, the use of dynamic temperature profiles instead of constant 

values, significantly improves the process total production. Several temperature 

profile functions have been proposed, being the linear profiles and the trajectories 

inverse to the catalyst deactivation the best options to maximize the total 

production of olefins, achieving productions 21.97 % higher than maintaining 

constant set-points (current operation strategy). 

On the other one, Artificial Neural Networks (ANN) trained using an 

evolutionary algorithm have been able to successfully generate the best solutions 

for the main control trajectories of the BTO process, by defining their most 

convenient curve form and shape defining parameters. This optimisation strategy 

improves the total production up to 37.91 % of higher production than the reference 
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operational strategy (constant set-points), surpassing the use of fixed temperature 

profiles in 15.94 percentage points. 

According to the Friedman and Wilcoxon tests, there exist significant 

differences between the solutions provided by the ANN and those using fixed 

temperature profiles, specially comparing with constant operational conditions. 

Some fixed temperature profiles, as trajectory functions inverse to the catalyst 

deactivation, obtain similar results comparing with ANN generated profiles. In this 

point, it can be stated that the dynamic optimisation of the temperature profiles is 

enough to obtain near optimum solutions for the present optimisation problem 

with similar performance as optimising the three operating variables. However, a 

deeper analysis has confirmed the existence of significant differences between 

solutions provided by ANN and those that only use optimised temperature 

trajectories. 

Finally, the study of the operational conditions exposed that depending on the 

catalyst regeneration cost the optimised solutions move to different operational 

conditions. With high costs the solutions try to extend the catalyst lifespan, with 

high quantity of water in feed and high values of space times and maintaining 

intermediate or slow increments of the temperature. These conditions result in long 

production cycles and a minimum number of regeneration phases. In contrast, 

when the catalyst regeneration costs are negligible, the best solutions appear as a 

combination of rapid production cycles with a considerable number of production 

cycles. In these cases, both the best values of water content and space-time get 

changed maintaining an exponential relationship. 

 

7.1.3. Actual contributions 

The main contributions of the presented work are summarized below: 

- An empirical model based on Artificial Neural Networks of the BTO 

process has been presented. A hybrid approach, including a knowledge-

based model of the deactivation of the catalyst, has demonstrated to be 

equivalent in terms of RMSE (variability) to the experimental error of the 

data.  
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- Optimal operational strategies that maximise the production of the BTO 

process while extending the catalyst lifespan have been presented. 

During the optimisation procedure, the effect of the catalyst deactivation 

has been taken into account due to the relevant effect that the 

deactivation has in the process performance and thus in the optimal 

operation strategy. 

-   A study of the effect that the catalyst regeneration cost has in the 

operational conditions has been carried out. The evolution of the 

operational conditions as a function of this cost has been presented.  

Finally, the presented contributions can be bundled in a methodology based on 

soft computing techniques for the study of optimal operational conditions for 

complex and unknown processes in general and particularly, for biomass catalytic 

transformation processes. 

 

7.2.  Future work and research lines 

From the presented work, some future improvement possibilities have been 

identified specially for the optimisation procedures. The use of straight line 

programs (Alonso et al., 2009) or similar automatic modelling techniques could be 

used to search for the best trajectories or the introduction of a more complete fitness 

function to take into account the operational cost, the time to regenerate the 

catalyst, the energy cost, etc.  

Additionally, the current optimisation procedure takes into account the catalyst 

reversible deactivation. However, depending on the process being optimised, some 

catalyst also presents an irreversible deactivation after each regeneration phase. 

Depending on the operational conditions both reversible and irreversible 

deactivation rates will change in a different way. Therefore, a new optimisation 

research line, that considers both deactivation types, should be analysed. 

Finally, future developments will be necessary to develop robust controllers 

capable of faithfully following the dynamically optimised variable trajectories. A 

possible new research line could be the integration of the presented optimisation 

methodology in an advanced control strategy which includes an online 

optimisation of the operational conditions and the online model update. 
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NOMENCLATURE 

 

a: activity, Eq. (9). 

E, G, O, P: ethylene, lump of gasoline (butane and C5+), lump of propylene + 

butenes, and lump of light paraffins (C4−), respectively. 

Ei, EW: activation energy of i step in the kinetic scheme, and parameter that 

relates kW parameter to temperature, kJ/mol. 

Edi, EdW: activation energy of kinetic constant for deactivation by coke formed 

from i component, and parameter that relates kdW parameter to temperature, 

kJ/mol FEO mass flow rate of ethanol in the feed, gh−1. 

ki, ki∗: kinetic constant of i step in the kinetic scheme, at temperature T and at 

T*reference temperature (573 K) respectively, gethanolg−1catalysth−1. 

kdi, kdi*: kinetic constant for deactivation by coke formed from i component, at 

temperature T and at T* reference temperature (573 K) respectively, h−1. 

kW, kW*: parameter that quantifies the resistance to the formation of i component 

in the corresponding reaction step due to the presence of water in the reaction 

medium, at temperature T and at T* reference temperature (573 K), dimensionless. 

kdW, kdW*: parameter that quantifies the formation of coke due to the presence of 

water in the reaction medium, at temperature T and at T* reference 

temperature(573 K) respectively, dimensionless. 

𝑀̅: average molecular weight of organic components, kg mol−1. 

m0: mass flow rate of organic components, g h−1. 

nd: exponent in Eq. (10). 

R: constant of gases, kJ mol−1K−1. 
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(ri)0, ri: rate of formation of i component at zero time on stream and at any time 

on stream, gi componentgethanolh−1g−1organic componentsg−1catalyst. 

T: temperature, K. 

t: time on stream, h. 

u: gas linear velocity, m h−1. 

Xi: weight fraction of i component by mass unit of organic components. 

XE, XG, XO, XP: weight fraction of ethylene, lump of gasoline (butane and C5+), 

lump of propylene + butenes, and lump of light paraffins C4−, respectively, by 

mass unit of organic components. 

XW, XW0, XWf: water/organic component mass ratio in the reaction medium, in 

the feed, and that formed, respectively. 

Z: total length of the reactor, m. 

ε: bulk porosity. 

θ(XW), θd(XW): functions for quantifying the effect of water in the reaction 

medium on the reaction rates in the kinetic scheme and on the kinetics of 

deactivation by coke, respectively. 

ρ: catalyst density, kg m−3. 

Ζ: dimensionless longitudinal coordinate of the reactor (z/Z). 
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ANNEX A: MODELLING DATA 

 

This annex presents the difference between the original experimental data and 

the synthetically generated data using the mechanistic model.  

Figure A. 1 to Figure A. 3 show the operational conditions available in both 

datasets for a discrete catalyst activity level for each of the principal operating 

variables (temperature, water content in the feed and space-time). Red points 

represent the experimental data available for the different activity levels, while the 

blue ones represent the synthetic data for the same activity levels.  

As can be seen, the synthetic data explore new operational areas where the 

constant original experimental conditions do not provide information about the 

process behaviour. Moreover, these new data present dynamic operational 

conditions that provide new information about the process dynamics. 

 
Figure A. 1. Temperature experimental (red) and synthetic (blue) data used in the modelling 
procedure at discrete catalyst deactivation states. 
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Figure A. 2. Experimental (red) and synthetic (blue) data of the water content used in the modelling 
procedure at discrete catalyst deactivation states. 

 
Figure A. 3. Experimental (red) and synthetic (blue) data of the space-time variable used in the 
modelling procedure at discrete catalyst deactivation states. 
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ANNEX B: OPTIMISATION RESULTS 

 

This annex presents the best results obtained in the optimisation of the 

operational conditions of the BTO process. The complete results obtained using 

each operational strategy and proposed trajectory types are shown.  

Figure B. 1 to Figure B. 10 show the behaviour of the BTO process with the best 

operational conditions found using constant set-points (Figure B. 1) and fixed-

shaped temperature trajectories. For each trajectory the best solution found using 

during the optimisation procedure the mechanistic model and the hybrid neural 

model are presented in the top and bottom figures respectively. 

Finally, the best solutions found using the neuroevolution strategy in order to 

generate dynamic trajectories for each of the operating variables are presented. 

Figure B. 11 to Figure B. 15 show the behaviour of the BTO process and the 

operational conditions for each tested number of hidden neurons (n = 4 to n = 8).    
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Figure B. 1. BTO process performance and operational conditions for the best solution obtained with 
constant set-points f0 (Top: MECH solution; Bottom: HNN solution). 
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Figure B. 2. BTO process performance and operational conditions for the best solution obtained with 
the fixed-shape temperature trajectory f1 (Top: MECH solution; Bottom: HNN solution). 
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Figure B. 3. BTO process performance and operational conditions for the best solution obtained with 
the fixed-shape temperature trajectory f2 (Top: MECH solution; Bottom: HNN solution). 
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Figure B. 4. BTO process performance and operational conditions for the best solution obtained with 
the fixed-shape temperature trajectory f3 (Top: MECH solution; Bottom: HNN solution). 
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Figure B. 5. BTO process performance and operational conditions for the best solution obtained with 
the fixed-shape temperature trajectory f4 (Top: MECH solution; Bottom: HNN solution). 
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Figure B. 6. BTO process performance and operational conditions for the best solution obtained with 
the fixed-shape temperature trajectory f5 (Top: MECH solution; Bottom: HNN solution). 
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Figure B. 7. BTO process performance and operational conditions for the best solution obtained with 
the fixed-shape temperature trajectory f6 (Top: MECH solution; Bottom: HNN solution). 
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Figure B. 8. BTO process performance and operational conditions for the best solution obtained with 
the fixed-shape temperature trajectory f7 (Top: MECH solution; Bottom: HNN solution). 
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Figure B. 9. BTO process performance and operational conditions for the best solution obtained with 
the fixed-shape temperature trajectory f8 (Top: MECH solution; Bottom: HNN solution). 
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Figure B. 10. BTO process performance and operational conditions for the best solution obtained with 
the fixed-shape temperature trajectory f9 (Top: MECH solution; Bottom: HNN solution). 
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