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RESUMO

Este trabalho aborda aplicagdes de modelagem, metodologias sistematicas e confidveis
de otimizagao por busca global, além de outras ferramentas computacionais. Espera-se
que métodos de inteligéncia computacional existentes, codificados em uma ferramenta
apropriada para a aplicacdo da engenharia de processos assistida por computador,
resultem em resultados numéricos Uteis para a modelagem e otimizacdo de diferentes
processos, incluindo-se os processos biotecnologicos (foco deste trabalho). Assim,
diferentes tipos de metodologias, apropriadas para aplicacdes em computador, foram
aqui estudadas. Os métodos propostos foram aplicados e avaliados ao desenvolvimento
e otimizacdo de meios de cultura para o processo fermentativo do microrganismo
Clostridium novyi tipo B, além dos processos de fermentagdo alcoolica e hidrolise
enzimatica de bagaco de cana, associados a producdo de bioetanol (1G e 2G). Desta
forma, foi avaliado o potencial de aplicacdo destas técnicas computacionais aos sistemas
biotecnoldgicos, em diversas abordagens. Mais especificamente, foram realizadas:
classificagdo (“clustering”) de sistemas em regides cineticamente semelhantes para a
producao de etanol celulosico (Etanol 2G) utilizando 16gica Fuzzy; estimagdo por busca
global de parametros cinéticos do modelo para uma fermentagao alcoodlica utilizando o
algoritmo Simmulated Annealing (SA) (Contribui¢des ao projeto tematico FAPESP
2011/51902-9); formulacdo e otimizagdo do meio de cultura economicamente viavel
para o Clostridium novyi tipo B utilizando a modelagem de dados por neuro-fuzzy
seguido de busca global da composicdo de meio que maximize a produtividade
utilizando também o algoritmo SA como ferramenta de busca global (esta etapa do
projeto foi realizado em parceria com a empresa farmacéutica veterinaria Vallée S.A).
As ferramentas computacionais apresentadas neste trabalho se mostraram altamente

efetivas para a modelagem e otimizagdo dos bioprocessos estudados."

Palavras-Chave: Inteligéncia computacional, l6gica Fuzzy, Simmulated annealing, redes

neurais, neuro-Fuzzy, bioprocessos, estimativa de parametros, modelagem.



ABSTRACT

This work deals with modeling applications, systematic and reliable optimization
methodologies of global search, and other computational tools. It is expected that
existing computational intelligence methods, encoded in an appropriate tool for the
application of process engineering assisted by computer, can lead to useful numerical
results for the modeling and optimization of different processes, including
biotechnological processes (focus of this work). Thus, different types of methodologies
suitable for computer applications, were studied here. The proposed methodologies
were implemented and evaluated for the development and optimization of culture media
for the fermentation process of Clostridium novyi type B, besides the fermentation
process and enzymatic hydrolysis of bagasse associated with the production of
bioethanol (1G and 2G). Thus, the potential application of these computational
techniques was evaluated to biotechnological systems in different approaches. More
specifically, it was performed:  Classification of biotechnological systems (
"clustering") in kinetically similar regions to produce cellulosic ethanol (2G ethanol)
using fuzzy logic; estimation by global search of kinetic parameters to an alcoholic
fermentation model using Simmulated Annealing algorithm (SA) (Contributions to the
thematic project FAPESP 2011 / 51902-9); formulation and optimization of
economically viable culture media for Clostridium novyi type B using neuro-fuzzy data
modeling followed by global search which maximize productivity, also utilizing SA
algorithm as a search engine (this step of the project was conducted in partnership with
the veterinary pharmaceutical company Vallée SA). The computational tools presented
in this work were highly effective for modeling and optimization of the bioprocesses

studied.

Keywords: Computational intelligence, Fuzzy logic, Simmulated annealing, neural

networks, neuro-Fuzzy, bioprocesses, parameter estimation, modeling.
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1.CAPITULO 01: INTRODUCAO
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Problemas de elevado nivel de complexidade computacional tém sido um desafio
constante para pesquisadores dos mais diversos campos de estudo. Uma das areas mais
estudadas atualmente ¢ a de sistemas computacionais inteligentes. As pesquisas sobre
sistemas computacionais inteligentes visam a resolu¢do de problemas combinatorios,
estocasticamentel ou ndo, e tém se caracterizado, nos ultimos anos, pela tendéncia em
buscar inspiragdo na natureza, onde existem inumeros exemplos de processos que
podem ser ditos “inteligentes”. Embora ndo se possa afirmar que solugdes tiradas desses
processos sejam todas “Otimas”, ndo ha a menor duvida de que os processos naturais,
em particular os relacionados diretamente com os seres vivos, sdo bem concebidos e

adequados ao nosso mundo (Chen et al., 2015).

Figura 1: O Particle swarm optimization (PSO) é um dos exemplos de algoritmo baseado em fenémenos

naturais

O algoritmo Recozimento Simulado, mais conhecido na literatura como Simulated
Annealing (Kirkpatrick et al., 1983), ¢ também um desses algoritmos. Seu objetivo
principal ¢ encontrar o minimo global de uma funcdo, que caracteriza sistemas grandes

e complexos, e ¢ motivado por uma ideia simples: “para otimizar um sistema muito

1 De modo aleatério e ndo deterministico.
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grande e complexo, ao invés de sempre avancar no sentido descendente, procure
prosseguir no sentido descendente na maior parte do tempo” (Musharavati ¢ Hamouda,
2012). Ele foi idealizado a partir do algoritmo (Metropolis et al., 1953) que, por sua vez,

usa técnicas de Monte Carlo para simular o processo inerente a esse algoritmo.

Outro exemplo sdo as redes neurais, que sdo baseadas no cérebro humano, o qual ¢
composto por cerca de 100 bilhdes de neurdnios, que sdo conectados entre si de maneira
complexa através de sinapses. Essa complexa conectividade ¢ responsavel pelas
caracteristicas atribuidas a inteligéncia. Com o desenvolvimento da Inteligéncia
Artificial (Al) surgiu a ideia de representar, por meio de determinados programas, o
funcionamento do processo de aprendizagem do cérebro humano. A tentativa de simular

a rede neural do cérebro deu origem a chamada Rede Neural Artificial (RNA).

Assim, ¢ imprescindivel o aprimoramento na utilizagdo de métodos computacionais
que resolvam problemas complexos e em larga escala relacionados a Engenharia
Quimica e demais areas. Desde muito tempo, tais ferramentas sdo usadas na rotina de
empresas, centros de pesquisa e universidades para automatizar os calculos e fornecer
um maior numero de resultados em menos tempo. Quando se trata de milhares de contas
e inimeros tratamentos estatisticos ndo ha como se usar lapis e papel. Qualquer erro,
como uma simples soma errada, ou um expoente que falta, leva a decadéncia de todo o

resultado final.

Dessa forma, a finalidade da realizagdo deste trabalho ¢ demonstrar, de maneira
pratica, que a utilizacdo de modelagem de processos e buscas globais por ferramentas
heuristicas podem proporcionar resultados que venham a aperfeicoar os processos

conhecidos.

Portanto, foi avaliado o potencial dessas técnicas computacionais nas diversas
abordagens que abrangem os sistemas biotecnologicos. Os sistemas e técnicas avaliados
foram: (i) realizacdo de clusterizagdo de sistemas em regides cineticamente semelhantes
para a produgdo de etanol celulésico (Etanol 2G), utilizando loégica Fuzzy
(Contribuigdes ao projeto tematico FAPESP/BIOEN 2008/56246-0); (ii) estimagdo de
parametros cinéticos do modelo de equacdes de fermentacdo alcoolica (Etanol 1G)
(Monod-Levenspiel) por busca global, utilizando o algoritmo Simmulated annealing
(SA) (Contribui¢des ao projeto tematico FAPESP 2011/51902-9); (iii) formulagdo e

otimizagdo do meio de cultura economicamente viavel para a produgdo de toxina do
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Clostridium novyi tipo B, utilizando a modelagem de dados por Neuro-Fuzzy seguido de
busca global da composi¢do de meio que maximize a produtividade de toxinas pelo
microrganismo (L+/mL). Essa etapa do projeto foi realizada em parceria com a empresa

farmacéutica veterinaria Vallée S.A.
Esta Tese de Doutorado esta estruturada da seguinte forma:
e Capitulo 01: INTRODUCAO (este capitulo);

e Capitulo 02: REVISAO BIBLIOGRAFICA GERAL: Aborda as técnicas de
inteligéncia computacional e as aplicacdes de interesse neste trabalho, isto €,

producdo de etanol e vacina para uso veterindrio;

e Capitulo 03: CLASSIFICACAO DE DADOS DO PROCESSO DE
HIDROLISE ENZIMATICA DE BAGACO DE CANA-DE-ACUCAR:
UMA ANALISE DE “CLUSTERS” NEBULOSOS (artigo publicado no
SINAFERM 2013);

e Capitulo 04: ESTIMATIVA DE PARAMETROS CINETICOS DE
FERMENTACAO POR S. Cerevisiae VISANDO A PRODUCAO
INDUSTRIAL DE ETANOL 1G (Artigo em preparagao);

e Capitulo 05: INTELIGENCIA COMPUTACIONAL APLICADA A
OTIMIZACAO DO PROCESSO DE PRODUCAO DE VACINA
INATIVADA DE CLOSTRIDIUM NOVYI TIPO B, UTILIZANDO
SIMULTANEAMENTE NEUROFUZZY E SIMULATED ANNEALING.
(Artigo publicado pela Applied Biochemistry and Biotechnology ISSN
0273-2289 — Al).

e APENDICE 1: Integragio EMSO/MATLAB: utilizagio pelo software
EMSO do algoritmo Simulated Annealing em Matlab, aplicado a

fermentagao de etanol 1G.

e APENDICE 2: Modeling the Kinetics of Complex Systems. Artigo sobre a
aplicagdo da classificacdo de dados do processo de hidrélise (apresentada no
capitulo 3) a modelagem da hidrélise enzimatica do bagaco de cana-de-

agucar.
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2.CAPITULO 02: REVISAO
BIBLIOGRAFICA

33



2.1.TECNICAS COMPUTACIONAIS

2.1.1. Método de Monte Carlo

O Método de Monte Carlo (MMC) teve sua denominagdo originada do uso da
aleatoriedade e da natureza repetitiva das atividades realizadas nos cassinos de Monte
Carlo, em Monaco (Rai et al., 2009), onde a roleta era um gerador de nimeros
aleatorios. O nome MMC surgiu em 1940, durante o projeto Manhattan (Rezvani e
Bolduc, 2014), quando Jon Von Neuman e S.M. Ulam consideraram utilizar o método
em pesquisa para construcdo da bomba atomica, durante a Segunda Guerra Mundial
(Atanassov e Dimov, 2008). O MMC ¢ uma técnica baseada no uso de numeros
aleatdrios e estatistica para resolu¢do de problemas de diversas areas, que podem variar
desde a pesquisa operacional, simulacdes econdmicas e previsdo de comportamento de

sistemas biologicos (Sminchisescu e Welling, 2011).

Essa ¢ uma técnica matematica computadorizada que possibilita levar em conta o
risco em analises quantitativas e tomadas de decisdo (Gariazzo et al., 2015).
Comumente ela ¢ usada por profissionais de uma grande variedade de campos, como
financas, gerenciamento de projetos, energia, industrias, engenharia, pesquisa e
desenvolvimento, seguros, petroleo e gas, transportes, meio ambiente e biotecnologia

(Rezvani e Bolduc, 2014).

O MMC fornece ao tomador de decisdo uma gama de resultados possiveis e as
probabilidades de ocorréncias desses resultados de acordo com a agdo escolhida como
decisdo (Tempo e Ishii, 2007). Ela mostra as possibilidades extremas, os resultados das
decisdes mais ousadas e das mais conservadoras e todas as possiveis consequéncias das

decisdes mais moderadas (Sminchisescu e Welling, 2011).

Desde a sua introdugdo, na época da Segunda Guerra Mundial, a simulagcdo de
Monte Carlo tem sido usada para modelar uma variedade de sistemas fisicos e

conceituais (Schadd et al., 2012).

Entre os métodos probabilisticos baseados em MMC, um algoritmo que se destaca ¢

conhecido como Simulated Annealing (KIRKPATRICK, et al. 1983), que, na verdade, ¢
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uma modificagdo do algoritmo de Metropolis-Hastings (1970), transformando-o em um

algoritmo de otimizagao.

2.1.2. Método simulated annealing

Nesta secdo serd apresentada a meta-heuristica Simulated Annealing (SA) com
maiores detalhes, uma vez que essa foi a técnica, baseada no método de Monte Carlo,
utilizada para solucionar problemas em estudo neste trabalho. Conforme apresentado
por Dolan et al. (1990), o método pertence a classe de algoritmos ndo especializados,

aplicaveis na resolucdo de problemas de otimiza¢do combinatoria.

A meta-heuristica® Simulated Annealing é um algoritmo baseado nos processos de
recozimento de solidos, desenvolvido por Metropolis et al. (1953). A analogia com a
otimiza¢do combinatoéria foi introduzida por Kirkpatrick et al. (1983) e aperfeigoada por

Cerny (1985).

No processamento tradicional de metais, um método para melhorar a qualidade do
metal é aquecé-lo a altas temperaturas, depois, lentamente, esfrid-lo em ciclos
repetitivos. Esse método ¢ chamado de recozimento. O que fisicamente acontece ¢ que
quando esse processo ¢ realizado, o recozimento remove os defeitos do cristal, pois a
energia potencial média por 4&tomo ¢ diminuida durante o recozimento (Boykov et al.,
2001). Entdo o processo pode ser considerado um regime de minimizagdo de energia
macroscopica, o que levou a um processo andlogo chamado Simulated Annealing, que

quer dizer recozimento simulado (Yao ef al., 1999).

O SA pode ser utilizado na solugdo de diversos problemas de otimizacdo
combinatoria. Muitos problemas de otimizagdo de processos biotecnologicos sdo de
natureza combinatoria e, portanto, candidatos naturais a solu¢do por essa técnica.
Alguns exemplos incluem problemas de formulagcdes de meios de cultura complexo
para microrganismos e células. No entanto, existem poucos trabalhos a respeito da
utilizagdo dessa técnica na solucdo de tais problemas. Um exemplo ¢ que em seu

trabalho Subrahmanyam et al. (2001), buscaram resolver um problema de monoémeros

2 Uma meta-heuristica ¢ um método heuristico para resolver de forma genérica problemas de otimizagdo
(normalmente da area de otimizagdo combinatoria).
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que dao o maior numero de pontos de ligacao usando Simulated annealing, de modo a

imitar a complexacdo dos mondmeros funcionais com molde na mistura de monomeros.

Outro trabalho em que houve utilizagao deste algoritmo foi aquele desenvolvido por
Forbes et al. (2001), referente a predicdo de fluxos metabolicos microbiais, no qual foi
proposto um método de solucdo particionada que tira proveito da relagdo quase linear
entre fluxos e isotopomeros. Simulated Annealing ¢ o método de Newton-Raphson

foram usados para os componentes nao lineares.

Como visto, esse algoritmo procura encontrar uma solucao 6tima para problemas de
otimiza¢do combinatdria explorando novas areas no espago de solugdes do problema,
interativamente (Musharavati e Hamouda, 2012). O desempenho dessa técnica pode ser
avaliado pelo valor encontrado para a funcdo objetivo, observando o numero de

iteragdes necessarias para atingir um resultado 6timo global (Pinto et al., 2009).

A Tabela 1 mostra a forma geral o pseudocodigo do método Simulated annealing,
projetado para aplicagdes gerais, em que os principais parametros do método sdo as
variaveis do modelo, Xj, a funcdo objetivo, f, as temperaturas instantaneas e iniciais do
sistema, T e TO, o nimero maximo de iteragdes do modelo, Ny.x, a funcdo de geragao
de probabilidade, e os vizinhos, R (x1). As respostas do modelo sdo as fungdes f1, € Xp. A
temperatura inicial e o numero maximo de iteragdes sdo valores arbitrarios definida
antes do inicio das iteragdes. O fator temperatura de decomposi¢do (o) ¢ um valor

constante ou uma fun¢do a = f (T) pertencente ao intervalo (0; 1) ".

Com o uso do algoritmo citado, pode-se obter como resultado o valor minimo ou
maximo de uma funcdo previamente modelada. Assim, por exemplo, se o sistema
modelado descreve o crescimento de um microrganismo em fun¢do dos componentes do
meio de cultura, podemos utilizar o algoritmo SA para maximizar a resposta de

crescimento microbiano em funcao da composi¢ao do seu meio de cultura.
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Tabela 1: Pseudocddigo do simulated annealing

f,=+00;
Xo_Solucao inicial;
f=t(X0); Xm=Xo
=0 — Numero de Iteragdes;
T=T" —Temperatura inicial do sistema;
enquanto i < N, faca:
Xi=Xm
X =R(xi);
Se f(xj)<f(x;) entdo:
X =X;3 Fn=F(x;);
termina se;
se nao:
Af=(x))-1(x;); P(f)—unif.[0:1];
se P(f)<e(- Af/T) entdo:
Xor=Xj3 Fr=f(x;);
termina se;
termina se;
T=T.o; i=i+1
Se f,>f,, entdo:
£6=Li3 X6=Xm3
termina se;

termina enquanto;

Fonte: (Zheng et al., 2006)
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2.1.3. Redes neurais artificiais

O cérebro humano ¢ considerado o mais fascinante processador baseado em
carbono existente, sendo composto por aproximadamente 10 bilhdes de neurdnios.
Todas as fungdes e movimentos do organismo estdo relacionados ao funcionamento
dessas pequenas células (Swain et al., 2014). Os neurdnios estdo conectados uns aos
outros através de sinapses, e juntos formam uma grande rede, chamada REDE
NEURAL (Kreutzberg, 1996). As sinapses transmitem estimulos através de diferentes
concentragdes de Na+ (Sodio) e K+ (Potéssio), e o resultado disto pode ser estendido
por todo o corpo humano (Swain et al., 2014). Essa grande rede proporciona uma
fabulosa capacidade de processamento e armazenamento de informagao (Abbod et al.,

2001).

Esse sistema nervoso ¢ formado por um conjunto muito complexo de neuronios
(Figura 02). Nos neur6nios, a comunicac¢do ¢ alcancada através de impulsos, quando um
impulso ¢ recebido, o neurénio o processa, e passado um limite de acdo, dispara um
segundo impulso que produz uma substancia neurotransmissora que flui do corpo
celular para o axdnio (que, por sua vez, pode ou ndo estar conectado a um dendrito de
outra célula) (Kordylewski et al., 2001). O neur6nio que transmite o pulso pode
controlar a frequéncia de pulsos aumentando ou diminuindo a polaridade na membrana
pos-sinaptica. Eles tém um papel efetivo na determinacdo do funcionamento,
comportamento e do raciocinio do ser humano. Ao contrario das redes neurais
artificiais, redes neurais naturais ndo transmitem sinais negativos, sua ativacao ¢ medida
pela frequéncia com que emite pulsos, frequéncia esta de pulsos continuos e positivos
(Mitra e Hayashi, 2000). As redes naturais ndo sao uniformes como as redes artificiais,
e apresentam uniformidade apenas em alguns pontos do organismo. Seus pulsos ndo siao
sincronos ou assincronos, devido ao fato de ndo serem continuos, o que a difere de redes

artificiais (Rao e Kamat, 1996).
Os principais componentes dos neuronios sao:

e Os dendritos, que tem por funcdo receber os estimulos transmitidos pelos outros

neuronios;
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e O corpo de neurdnio, também chamado de soma, que ¢ responsavel por coletar e

combinar informagdes vindas de outros neuronios;

e E finalmente o ax6nio, que ¢ constituido de uma fibra tubular que pode alcangar

até alguns metros, e € responsavel por transmitir os estimulos para outras

células.
Figura 2: Figura esquematica do neur6nio humano.
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Assim, baseando-se neste sistema complexo humano, as redes neurais artificiais
tiveram seus estudos iniciados, originalmente, na década de 40, pelo neurofisiologista
Warren McCulloch, do MIT?, e pelo matematico Walter Pitts, da Universidade de
Illinois, os quais, dentro do espirito cibernético, fizeram uma analogia entre células
nervosas vivas e o processo eletronico num trabalho publicado sobre "neurdnios
formais" (Mcculloch e Pitts, 1990; Kay, 2001; Mira, 2008). O trabalho consistia num
modelo de resistores variaveis e amplificadores representando conexdes sinapticas de

um neurdnio bioldgico (Mcculloch e Pitts, 1990).

Desde entdo, mais enfaticamente a partir da década de 80, diversos modelos de

redes neurais artificiais t€ém surgido com o propoésito de aperfeicoar e aplicar essa

3 Massachusetts Institute of Technology (MIT): O Instituto de Tecnologia de Massachusetts ¢ um centro
universitario de educagdo e pesquisa privado localizado em Cambridge, Massachusetts, nos Estados
Unidos.
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tecnologia. Algumas dessas propostas tendem a aperfeigoar mecanismos internos da
rede neural para aplicagdo na industria e negdcios, outras procuram aproxima-las ainda

mais dos modelos bioldgicos originais.

Por exemplo, no trabalho desenvolvido por Riesenberg e Guthke (1999), foram
modificadas estratégias tradicionais de controle do processo fermentativo por decisoes
tomadas a partir de aplicagdo do controle de estatistica multivariada, redes neurais
artificiais, controle Fuzzy e supervisdo baseada no conhecimento (sistemas

especialistas), para obten¢do do cultivo de Escherichia coli em alta densidade celular.

Assim, as redes neurais artificiais (RNA’s) sdo, portanto, um algoritmo
computacional de uma rede de neurdnios artificiais. Sendo assim, um neuronio artificial
¢, por outro lado, um modelo matematico inspirado em um neurdnio real. (Passos,

2005).

Como visto, os neurdnios biologicos estdo conectados em uma rede complexa e
dinamica (Figura 03). Essas redes biologicas de interconexdes apresentam
caracteristicas desejaveis em sistemas artificiais, como por exemplo: exibem capacidade
de aprendizado; ndo precisam ser programadas; possuem capacidade de acdo paralela,
ou seja, capaz de realizar varias funcdes ao mesmo tempo; sdo pequenas, compactas e
dissipam pouca poténcia (Zanetti et al., 2008). Estas caracteristicas podem ser
desenvolvidas em algoritmos computacionais, utilizando-se de um modelo matematico
que leva em conta os conexionismos para lidar com a manipula¢do de dados, resolvendo

problemas complexos (Borg et al., 2014).
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Figura 3: Representacdo das entradas e saidas das RNA’s.

X,I:,__.‘:-- Wf

X, == w, > g() —v

X, c0——=w

Cada neuro6nio recebe suas entradas com os pesos associados, vindas de outros
neuronios ou de estimulo externo. A fungdo de ativacdo ¢ usualmente um somatério
agindo nas entradas da rede. Os valores bias” sdo adicionados ao somatdrio das entradas
com pesos. O estado de ativacao do neuronio ¢ determinado pela funcdo de saida ou de
transferéncia e geralmente ¢ uma fun¢ao sigmoidal. Uma regra de propagacdo consiste
das fungdes de ativagdo e de transferéncia (saida). Esta saida do neurdnio trafega pelas
sinapses até a proxima célula. Portanto, uma rede neural artificial (RNA) ¢ formada por
um conjunto de neurdnios dispostos em uma ou mais camadas, conectados por ligacdes

de pesos variados (Passos, 2005).

2.1.4. Logica Fuzzy

Seres humanos sdo capazes de lidar com processos bastante complexos, baseados
em informagdes imprecisas ou aproximadas. A estratégia adotada pelos operadores
humanos ¢ também de natureza imprecisa e geralmente possivel de ser expressa em
termos linguisticos. A Teoria de Conjuntos Fuzzy e os Conceitos de Logica Fuzzy
podem ser utilizados para traduzir, em termos matematicos, a informagdo imprecisa
expressa por um conjunto de regras linguisticas. Se um operador humano for capaz de
articular sua estratégia de acdo como um conjunto de regras da forma “se-entdo”, um

algoritmo passivel de ser implementado em computador pode ser construido como

4 . . . . .

- A camada de entrada deve possuir uma unidade especial conhecida como bias, usada para aumentar
os graus de liberdade, permitindo uma melhor adaptagdo, por parte da rede neural, ao conhecimento a
ela fornecido.
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ferramenta de controle. O resultado ¢ um sistema de inferéncia baseado em regras, no
qual a Teoria de Conjuntos Fuzzy e Logica Fuzzy fornecem as ferramentas matematicas

para se lidar com as tais regras linguisticas.

As primeiras nog¢des da logica dos conceitos “nebulosos” (Fuzzy) foi desenvolvida
por um légico polonés chamado Jan Lukasiewicz (1878-1956), que, em 1920,
introduziu conjuntos com graus de pertinéncia (0, %2 e 1) que, mais tarde, foram
expandidos para um numero infinito de valores entre 0 e 1 (Pearson, 1962). A primeira
publicacdo sobre logica Fuzzy foi em 1965, quando recebeu este nome (Zadeh, 1965).
Seu autor foi Lotfi Asker Zadeh, docente em Berkeley, Universidade da Califérnia.
Zadeh criou a logica Fuzzy, concordando os fundamentos da logica classica e os
conjuntos de Lukasiewicz, definindo os graus de pertinéncia. Ele observou que recursos
tecnologicos, baseados na légica booleana, ndo eram suficientes para automatizar
atividades relacionadas a problemas de natureza industrial, bioldgica ou quimica. Entre
1970 e 1980, as aplicagdes industriais da logica Fuzzy aconteceram com maior
importancia na Europa. Especificamente, em 1974, o Professor Ebrahim Mamdani
(Mamdani e Assilian, 1975) conseguiu controlar uma maquina a vapor com tipos
diferentes de controladores aplicando o raciocinio Fuzzy. E, apos 1980, o Japao iniciou
seu uso com aplicagdes na industria. Algumas das primeiras aplicagdes foram em um
tratamento de agua feito pela Fuji Electric, em 1983, e pela Hitachi em um sistema de
metr6 inaugurado em 1987 (Hu et al., 2001). Por volta de 1990 ¢ que a logica Fuzzy
despertou um maior interesse em empresas dos Estados Unidos (Moran, 1992; Nass,
1992). Devido ao desenvolvimento e as inumeras possibilidades praticas dos sistemas
Fuzzy e ao grande sucesso comercial de suas aplicacdes, a logica Fuzzy ¢ considerada
hoje uma técnica standard® e tem uma ampla aceitagdo na area de controle de processos

industriais.

A definicdo de um conjunto nebuloso (Fuzzy) A, definido no universo de discurso
U, ¢ caracterizada por uma fun¢do de pertinéncia pA, a qual mapeia os elementos de U

para o intervalo [0, 1] (Zadeh, 1965).
nA:U=>[0, 1]

Assim posto, a fun¢do de pertinéncia associa com cada elemento x pertencente a U

um numero real pA(x) no intervalo [0,1], que representa o grau de possibilidade de que

5 Padriao
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o elemento x venha a pertencer ao conjunto A, i. €., 0 quanto ¢ possivel para o elemento

X pertencer ao conjunto A.

. . . ’ .7 6 1: P
Um conceito relacionado com conjuntos nebulosos ¢ o de varidvel® linguistica.
Desse modo, uma variavel linguistica pode assumir um valor linguistico dentre varios

outros em um conjunto de termos linguisticos (Zadeh, 1965).

Formalmente, uma variavel linguistica ¢ caracterizada pela quintupla (X, T(X), U,
G, M), onde X ¢ o nome do conjunto de termos, U o universo de discurso, G uma
gramatica para gerar os termos T(X), e M o significado dos termos linguisticos,

representados através de conjuntos nebulosos.

Variaveis linguisticas podem também conter modificadores (também linguisticos)
que alteram seu valor. Exemplos de modificadores validos sdo: “muito”, “pouco”, “ndo
muito”, “mais” ou “menos”. Assim, um valor valido para a varidvel linguistica peso
seria ndo muito pesado e nao muito leve. Existem também conectivos que podem ser
aplicados a essas variaveis. Os conectivos and (e) e or (ou) sdo equivalentes a operacdes

de unido e interseccdo de conjuntos, respectivamente, podendo dar origem a conjuntos

complexamente definidos, porém representados linguisticamente de maneira simples.

2.1.1.1.  Agrupamento de dados

O agrupamento de dados numéricos (do inglés, clustering of numerical data) forma
a base de muitos algoritmos de classificacdo e de modelagem de sistemas. O proposito €
identificar agrupamentos naturais de um conjunto de dados para produzir uma
representacdo concisa do comportamento do sistema. Uma técnica bastante atraente
para o agrupamento de dados € aquela associada a logica nebulosa (Fuzzy), chamada de

técnica FCM (do inglés, Fuzzy C-Means).

Trata-se de uma técnica de agrupamento de dados em que cada ponto de dados
pertence a um cluster’, até certo ponto, o que ¢ especificado por um grau de pertinéncia.
Tal técnica foi introduzida originalmente por Jim Bezdek (1981) como uma melhoria
nos métodos de agrupamento usados antes desse (Nelles, 1998). Ele fornece um método

que mostra como agrupar pontos de dados que povoam algum espago multidimensional

6 Entende-se por variavel um identificador que pode assumir um dentre varios valores.
7 ~
Aglomeracdo.
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em um numero especifico de diferentes clusters. Existem técnicas a serem utilizadas

quando esse numero de clusters nao € conhecido (Cinque et al., 2004).

A técnica consiste em minimizar uma fun¢do de residuos de modo a agrupar, da
melhor forma possivel, o conjunto de dados segundo o grau de pertinéncia. O algoritmo
FCM trabalha executando os passos apresentados a seguir (Ahmed et al., 2002;
Dembele e Kastner, 2003): Sdo escolhidos os centros dos clusters aleatoriamente, e,
para cada ponto do conjunto de dados, ¢ calculada a distancia a cada centro através da

equacao:

Equagao |

Di=(u@-c,) Y w()-c,)

Onde “() ¢ um ponto da amostra, / ¢é o nimero de clusters ¢ ¢ é o centro
escolhido. Depois disso, ¢ calculado o grau de pertinéncia para cada ponto (em relagdo a

cada cluster), através da equacao:

Equacdo Il

Y (p2/D3)

1
My =<
I=1
Sendo # ¢é o grau de pertinéncia, cuja somatéria deve ser 1, v é o expoente de
ponderacdo, que estd entre 1 e o, que, quando ndo se tem conhecimento prévio, 2 ¢ uma
boa estimativa, e C é o numero de centros. ApoOs essa etapa, ¢ calculado o centroide de
cada cluster, ajustando cada centro de cluster a esse centroide, que pode ser obtido

através da equagao:

Equacao Ill

=

RS
=

&
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Sendo N o nimero de dados existentes. Os centros sdo modificados até que a

fungdo objetivo seja minimizada. A fungdo objetivo é representada por / na equagio:

Equagao IV

> ullu e,V Y w)-c,)

1 i=1

I =

C
j=

A Figura 04 resume esses passos em forma de algoritmo, indicando também a etapa

em que ocorrem as iteragdes.

A execucdo desses passos ¢ bastante extensa e mecanica, devido a quantidade de
iteragdes que podem ocorrer. Assim, pacotes computacionais como o MATLAB
oferecem fung¢des com o algoritmo FCM acoplado, facilitando a utilizagdo dessa técnica

(MATHWORKS, 2012).
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Figura 4: Fluxograma simplificado do algoritmo FCM.
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2.1.1. Redes Neuro-Fuzzy

Fonte: Acervo pessoal.

O sistema Neuro-Fuzzy ajusta a teoria de redes neurais (Smith, 1992), (Lin e Lee,
1991) com a dos conjuntos Fuzzy (Zadeh, 1965), (Zimmermann, 1985). Os processos de

treinamento de redes neurais permitem que esse sistema “aprenda” novas informagdes a
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partir de um conjunto de dados. Por outro lado, a teoria de conjuntos Fuzzy admite que
esses sistemas representem o conhecimento armazenado em uma forma acessivel aos

seres humanos.

Esses sistemas constituem-se mais comumente de sistemas hibridos incorporados,
uma vez que essa classe de sistemas hibridos faz evidenciar mais ainda as vantagens de
cada técnica utilizada (Lei et al., 2007). Existem trés classes basicas de hibridizagao:
incorporada, auxiliar e sequencial. As figuras 5, 6 e 7 exemplificam cada um dessas

classes.

O sistema hibrido Neuro-Fuzzy apresenta-se como uma alternativa particularmente
interessante na modelagem de sistemas, uma vez que consegue extrair o aprendizado
das redes neurais com as vantagens do nivel de interpretabilidade da 16gica Fuzzy (Jiang

e Adel, 2008).

Figura 5: Sistema Hibrido Incorporado (Mitra e Hayashi, 2000).
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Figura 6: Sistema Hibrido Auxiliar (Mitra e Hayashi, 2000)
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Figura 7: Sistema Hibrido Sequencial (Mitra e Hayashi, 2000).
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E valido ressaltar que o Unico sistema hibrido em que nao ¢ possivel a separagao
entre dois subsistemas ¢ o incorporado, evidenciando, assim, um maior grau de

hibridizacao (Kofman et al.).

A ideia bésica ¢ programar um sistema de inferéncia Fuzzy através de uma
arquitetura distribuida de tal forma que os paradigmas de aprendizado, comuns as Redes

Neurais, possam ser aproveitados nessa hierarquia hibrida.

Como exemplo, temos o fato de que os sistemas Fuzzy se mostram ineficientes na
determinagdo e composi¢ao das fungdes de pertinéncia por si so. J& redes neurais nao
aceitam inclusdao de conhecimento prévio na sua inicializagdo, ou seja, torna-se dificil
determinar qual estrutura obtém o melhor modelo para determinado problema (Nava e

Ieee, 1998).
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Dessa maneira, os sistemas Neuro-Fuzzy que aliam a capacidade de aprendizado das
redes neurais artificiais com a facilidade de interpretagdo linguistica dos sistemas Fuzzy
estdo sendo amplamente utilizados. Vale ressaltar algumas caracteristicas importantes

desses sistemas:

1. A possibilidade de realizar a integracdo de conhecimentos de maneira
implicita e explicitamente;

2. A aplicabilidade de diversos algoritmos de aprendizado utilizados pelas
Redes Neurais;

3. Facilita a interpretacdo e o entendimento do conhecimento, principalmente

pelo fato de a extra¢do do conhecimento dar-se através de regras Fuzzy.

A forma de implementacao basica das redes neuro-Fuzzy ¢ de que os algoritmos de
aprendizado das redes neurais possam ser aproveitados nesses sistemas hibridos para
ajustar os parametros do Sistema de Inferéncia Fuzzy (FIS) (Baharani et al., 2014). Na

figura 8, esta representada a estrutura de um sistema de inferéncia Neuro-Fuzzy:

Figura 8: Arquitetura bdsica de um sistema Neuro-Fuzzy. Fonte: (Shi e Shimizu, 1992)

ENTRADA CAMADA ESCONDIDA  SAIDA
Pesos antecedentes Pesos consequentes
Baixo
X,
Médio
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- S1
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X, .
Médio
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O método hibrido gera caracteristicas fundamentais, vistas, em cada técnica
geradora, em separado, aliando-se e adaptando-se a classe de problemas a serem
resolvidos. As caracteristicas de responsabilidade Fuzzy dos sistemas hibridos aqui

estudados se dividem em:

e Modelo Fuzzy
e Formato das fungdes de pertinéncia
e Particionamento do Espaco do espaco de Entrada e Saida

e M¢étodo de Defuzzificagao

Ja tratando das Redes Neurais Artificiais, sabe-se que elas irdo lidar com as

seguintes caracteristicas:

e Tipo de Aprendizado
e Identificacdo da estrutura

e Identificacdo dos parametros

Existem véarias configuragdes para cada uma das caracteristicas supracitadas (seja
Fuzzy ou de Redes Neurais). O conjunto de métodos utilizados para formar a rede
neuro-Fuzzy desejada ira gerar um tipo de sistema Neuro-Fuzzy diferente. Os mais
conhecidos e utilizados sdo: ANFIS (Adaptative Network based Fuzzy Inference
System) (Jang, 1993), FSOM (Fuzzy Self-Organized Map) (Vuorimaa, 1994),
NEFCLASS (Neuro Fuzzy Classification), (Ichihashi et al., 1996) NEFCON (Neuro-
Fuzzy Control) (Rao e Kamat, 1996) e NEFPROX (Neuro-Fuzzy Function
Aproximation) (Nauck e Kruse, 1999).

Segundo Shi e Shimizu (1992), vale evidenciar as vantagens e desvantagens da
utilizacdao dos sistemas Neuro-Fuzzy. Primeiramente, tratando das vantagens, podemos

citar:
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e A logica Fuzzy prové uma interface de alto nivel, de rapida computagio e
amigavel de programar, permitindo que o projetista se concentre nos
objetivos funcionais em vez dos detalhes matematicos. As redes neurais
artificiais sdo convenientes para a extragdo de conhecimento através do
aprendizado.

e O desenvolvedor ndo precisa ter conhecimento prévio do processo, levando a
uma facil adaptacdo aos diferentes processos.

e Os modelos Neuro-Fuzzy tém a capacidade de lidar melhor com o problema
de ruido nos dados do que as redes neurais artificiais puras.

e Possui  capacidade de  autoaprendizado,  auto-organizacdo e
autodirecionamento, aproximando a capacidade humana do processo de

tomada de decisdo.

Em se tratando de desvantagens, podemos citar dois aspectos:

e O sistema deve trabalhar com um numero reduzido de entradas, j4 que um
nimero maior demanda um esfor¢o computacional maior. Além disso, pode
ocorrer uma explosdo combinatoria de regras geradas (alta quantidade de
iteracdes necessarias, inviabilizando o calculo ou o tempo necessario para o
calculo ser extremamente grande).

e Ha limitagcdo na capacidade de alterar sua estrutura pelo elevado nimero de

regras.

2.1.SISTEMAS BIOTECNOLOGICOS EM ESTUDO

2.1.1. Fermentacao alcodlica

2.1.1.1. Aspectos gerais

Os primeiros usos praticos do etanol no Brasil deram-se entre meados dos anos 1920
e inicio dos anos 1930. Mas somente nos anos 1970, com a crise do petroleo, ¢ que o
Brasil passou a usar macicamente o etanol como combustivel, com a criagdo do

programa Pro-Alcool (Dhere, 1989).
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O Pré-Alcool foi um programa do governo brasileiro para substituigdo dos carros
movidos por gasolina pelos movidos a etanol. Em 1973, o mundo passou por uma crise
do petrdleo, devido a Guerra do Yom Kipur® (Rowley, 1989). O preco do barril do
combustivel natural subiu expressivamente, gerando grandes consequéncias na
economia mundial. No Brasil, viviam-se os anos do Regime Militar, que comecara em
1964 (Choi, 2010). Entre 1968 e 1973, o pais passou por um tempo de grande
crescimento econdomico colocando-se entre as economias mais desenvolvidas do
planeta. Esse periodo ¢ chamado de Milagre Econdmico (Rosillo-Calle, 1986; Veloso et

al., 2008).

Foi justamente com a crise mundial do petroleo, em 1973, que chegou ao fim essa
fase de grande crescimento econdmico (Veloso et al., 2008). Assim, como 0s outros
paises, o Brasil também sofreu os efeitos da crise do petréleo (um problema que
prejudicou a continuidade do crescimento econdmico). Dessa forma, os governantes da
época langaram, em 14 de novembro de 1975, o Programa Nacional do Alcool, o Pro-

Alcool (Veloso et al., 2008; Cerqueira Leite ef al., 2009).

Criado pelos engenheiros Lamartine Navarro Jinior e Cicero Junqueira Franco e
pelo empresario Maurilio Biagi, o programa contava com os projetos do fisico José
Walter Bautista Vidal e do engenheiro urbano Ernesto Stumpf, que desenvolveram o

motor a alcool (Rosillo-Calle e Hall, 1987).

O objetivo era substituir gradativamente a frota de carros movida por combustiveis
derivados do petréleo por motores que funcionavam com recursos naturais, caso do
alcool. Preocupados com os impactos da primeira crise do petrdleo e com possiveis
novas crises, os idealizadores do Pro-Alcool acabaram por desenvolver uma tecnologia

pioneira no Brasil. (Da Costa ef al., 2010).

O governo da época, por sua vez, incentivou a medida empenhando-se na producao
de etanol no pais e fornecendo subsidios. Assim, o Brasil ficou menos dependente da
gasolina mundial e reduziu em 10 milhdes o nimero de carros no pais que eram

movidos pelo derivado do petroleo. (De Oliveira, 1991).

® Conhecida pelos nomes de “Quarta Guerra Arabe-Israelense”, “Guerra do Ramad3”, “Guerra de
Outubro” e “Guerra Arabe-Israelense de 1973”, a Guerra do Yom Kippur ocorreu entre Israel e um grupo
de nagdes sob a liderancga da Siria e do Egito. O combate deu-se entre os dias 6 e 26 do més de outubro
de 1973.
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Foi utilizada a cana de agucar como substrato para a produgdo do etanol, no periodo,
devido aos baixos precos com que o agucar se encontrava. Dessa maneira, o Brasil
conseguiu resguardar-se da nova crise do petrdleo, que abalou o mundo, em 1979,
devido ao corte na venda e distribuicao desse item por parte do segundo maior produtor
mundial, o Ird, em meio a revolucao fundamentalista pela qual passou o pais em 1979.
(Rowley, 1989). O projeto entrou em fase de estagnagdo e recessao quando o prego do
petrdleo passou por processo inverso: queda no preco do barril de petrdleo aliada a alta
do agucar no mercado exterior, tornando-se mais vantajoso as usinas a produ¢do do

agucar. (Rosillo-Calle, 1986).

O ressurgimento da exploracdo do alcool como combustivel deu-se em meados dos
. . 9 r
anos 2000 com o surgimento da tecnologia flex’, que ¢ comum de se encontrar no

mercado atualmente. (Cerqueira Leite ef al., 2009).

O veiculo de combustivel flex mais comum disponivel no mercado mundial utiliza
etanol como segundo combustivel (Samanez et al., 2014). Através de um sensor ¢
detectada a combinacdo do combustivel, e ajusta-se a inje¢ao de acordo com a mistura
(Oih Yu et al., 2010). Dessa forma, pode-se usar tanto alcool quanto gasolina, ou uma
mistura dos dois em qualquer propor¢do. No caso dos carros brasileiros, o ajuste da
injecdo ¢ realizado através de um software automotivo, desenvolvido por engenheiros

brasileiros (Oih Yu et al., 2009).

2.1.1.2. Matéria-prima: substrato

O élcool etilico pode ser obtido a partir de vegetais ricos em acgucar, classificados
como sacarineos, amilaceos e celulésicos, sendo que, entre eles, estdo a cana-de-agtcar,
a beterraba, extratos da mandioca, do arroz, do milho, e da celulose proveniente dos

eucaliptos. (Morimura ef al., 1997).

Grande parte do alcool produzido no Brasil ¢ obtida através da cana-de-agucar.
Embora existam diferentes matérias-primas para a sua producao, todas elas derivam do

mesmo processo, a fermentagdo alcodlica, que consiste numa reacdo anaerobica,

9 . T . . ;. .
Tecnologia que possibilita que os carros rodem com os dois tipos de combustiveis, etanol ou gasolina,
independentemente da proporg¢do da mistura.
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realizada por micro-organismos que degradam parcialmente a glicose obtendo como

produto final alcool etilico e didxido de carbono (Figura 09).

Na fermentagdo alcoodlica (ver figura 09), as duas moléculas de acido piravico
produzido sdo convertidas em 4alcool etilico (também chamado de etanol), com a
liberacdao de duas moléculas de CO2 e a formacao de duas moléculas de ATP (Murai et

al., 1998).

Figura 9: Rota fermentativa para a producdo de etanol

2 NAD 2 ADP + 2P
2 NADH, 2ATP
Acido pirdvico q_A_' Acido pirdvico
(3C) (3C)
Co, Co,
Etanol Etanol
(C.H,0H) (C.H.OH)

Esse tipo de fermentacdo ¢ realizado por diversos micro-organismos, destacando-se
os chamados “fungos de cerveja”, da espécie Saccharomyces cerevisiae (Adachi et al.,
1998). O homem utiliza os dois produtos dessa fermentacao: o alcool etilico empregado
ha milénios na fabricacdo de bebidas alcoolicas (vinhos, cervejas, cachagas etc.), € o gas
carbonico importante na fabricagdo do pao, um dos mais tradicionais alimentos da
humanidade. Mais recentemente, tratando-se de historia da humanidade, tem-se

utilizado esses fungos para a producao industrial de alcool combustivel.
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2.1.1.2.1. Matérias de origem sacarinica

Introduzida no periodo colonial, a cana-de-agucar ¢ a principal fonte de matéria
prima sacarinica existente no Brasil, transformando-se, assim, em uma das principais
culturas da economia brasileira. O Brasil ndo ¢ apenas o maior produtor de cana, mas
também o primeiro do mundo na producao de agucar e o segundo maior produtor de
etanol (perdendo apenas para os Estados Unidos), e conquista, cada vez mais, o
mercado externo com o uso do biocombustivel como alternativa energética. (Martinez et

al., 2013). A figura 10 ilustra a rota de produgdo de etanol por via sacarinica.

Figura 10: Rota de produgdo de etanol por sacarose

CHo0H
CH,OH —0
CH,OH
H QH . HO ——H
e 1 .
OH H/ .-
HC 0 H—71—0H
H OH L OH H——OH
Sacarose CH30H CH20H
T — Frutose
1 1
H H Gas Carbonico

Etanol

2.1.1.2.2. Matérias de origem amilacea

As matérias primas de origem amildcea sdo as que contém o amido em sua
composi¢ao. Sendo esse um polimero complexo, ndo apresenta sabor, sendo insipido ao
paladar. Também ¢ impossivel fermenta-lo, mas € possivel transforma-lo em agucares e

depois submeté-los a fermentacao alcodlica. (Bannai e Oe, 2010).
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Os amidos podem ser hidrolisados por via quimica ou fisica (4cidos, calor e pressao)
ou por via enzimatica. Os hidrolisados por enzimas sdo os mais importantes amidos
modificados comerciais. Parte desses hidrolisados s3o dextrinas, ainda insipidas e pouco
fermentesciveis, e parte sdo acucares derivados de amido, como a maltose e a glicose

(Nunez et al., 2013). A figura 11 ilustra a rota de producao de etanol por via amilécea.

Figura 11: Rota de producgdo de etanol por amido

H—C—C—0—H + O=C=0

H H (Gds Carbnico

Etanol
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2.1.1.2.3. Matéria de origem celuldsica

No Brasil, apesar de possuir-se uma grande produg@o de etanol a partir da sacarose
de cana-de-agucar, a producdo de alcool de fontes alternativas de substrato pode ser
interessante, principalmente se associada a industria ja existente. (Pandey, Soccol,

Nigam e Soccol, 2000).

O etanol de segunda geracao, como também ¢ conhecido o etanol produzido através
de matérias primas celulosicas, pode ser obtido ndo s6 do bagago e da palha de cana-de-
acucar, mas também de palha de milho, palha de trigo, palha e casca de arroz, cavacos e
restos de madeira, ou seja, quaisquer residuos que contenham celulose, como papel, e

ainda residuos urbanos.

O bagago de cana-de-acticar pode ser convertido a etanol por meio do processo
chamado de hidrolise enzimatica, em que a celulose ¢ convertida em aglcares
fermentesciveis. Para que ocorra a hidrdlise enzimatica, primeiramente a biomassa
lignoceluldsica precisa ser previamente tratada, aumentando a acessibilidade ao ataque
enzimatico. (Pandey, Soccol, Nigam, Soccol, et al., 2000; Girio et al., 2010). A figura

12 ilustra a rota de produc¢ao de etanol por rota celuldsica.

Figura 12: Rota de produgdo de etanol por fonte celulésica

CHO
CELULOSE
H=——1—0H
HO —t—H
H =——t—0H
Hidrdlise
H=——0H
OH
GLICOSE GLICOSE GLICOSE Crigon
Glicose
L Fermentacdo
i
H—C—C—O0—H + O=C=0
lll |‘|1 Gés Carbdnico

Etanol
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2.1.2. Micro-organismos: matérias-primas e processos

2.1.2.1. Saccharomyces cerevisiae

Os processos de fermentagdo ja eram utilizados pelo homem hé cerca de dez mil
anos. Muitas bebidas eram fabricadas pelos antigos egipcios, germanos e israelitas.
Embora as bebidas alcodlicas sejam diferenciadas por suas propriedades, tais como suas
matérias primas e diferentes teores alcodlicos, todas elas tém uma origem basica
comum, isto ¢, todas derivam de um processo bioquimico denominado fermentagdo
alcoodlica. A fermentagdo alcodlica ¢ um tipo de reagao quimica realizada pela acdo de
micro-organismos (leveduras) sobre os agtcares, produzindo etanol e gas carbonico.

(Ferreira Filho e Horridge, 2014).

O micro-organismo do fermento, denominado Saccharomyces cerevisiae, ¢
responsavel pela produgdo das enzimas fundamentais para o processo de fermentagdo
alcodlica. (Morimura et al., 1997). A Saccharomyces cerevisiae ¢ uma espécie de
levedura (Lindegren et al., 1945), e talvez a levedura mais util, tendo sido fundamental

para vinicultura, panificacdo e fabricag@o de cerveja, desde os tempos antigos.

Acredita-se que tenham sido originalmente isolados a partir da pele de uvas (pode-se
ver a levedura como um componente da pelicula branca fina sobre a pele de alguns
frutos de cores escuras, tais como as ameixas). (Lindegren et al, 1945). E um dos
organismos eucariotas, modelo mais intensivamente estudado na biologia molecular e
celular, assim como a Escherichia coli como o modelo de bactéria (procariota). E o
micro-organismo que traz o tipo mais comum de fermentacdo. Células de S. cerevisiae
sdo redondas a ovoides, com 5-10 m de didmetro, as quais se reproduzem por um

processo de divisdo conhecido como brotacao. (Swanson e Clifton, 1948).

2.1.3. Producao de etanol no Brasil

O etanol (C2H50H) ¢ uma substancia pura, constituida por uma molécula formada
por dois atomos de carbono, cinco de hidrogénio ¢ um grupo hidroxila. Existem dois

tipos de etanol: o anidro e o hidratado. A diferenca entre os dois se deve a concentragao
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de agua em sua composi¢do. O anidro tem o teor de dgua equivalente a 0,5%, enquanto

o hidratado apresenta teor de 5%. (Luchi e Trindade, 1982).

O processo industrial usado convencionalmente produz o etanol hidratado, que ¢
vendido nos postos de combustiveis para ser usado em veiculos automotores. Ja a
producao do etanol anidro requer um procedimento adicional e especifico para a retirada

do excesso de agua. (Cerqueira Leite et al., 2009).

O alcool anidro, entre outras aplicacdes, ¢ usado para a producdo de gasolina C,
substancia produzida a partir da mistura entre a gasolina A (gasolina pura) e de etanol.
Nessa mistura, a quantidade de 4lcool anidro varia de 20% a 25%. Tanto a gasolina A
quanto o 4lcool anidro ndo podem ser vendidos diretamente ao consumidor final.

(Marjotta-Maistro e Barros, 2003).

Uma diversidade de espécies vegetais pode ser usada para a producdo de etanol. No
Brasil, o material mais utilizado ¢ a cana-de-agucar, apresentada também como uma
alternativa para a geracdo de eletricidade a partir do residuo em forma de bagaco. Cada
tonelada de cana-de-actcar produz 140 kg de bagaco de cana (Kiatkittipong et al.,
2009).

Segundo dados da Confederacdo da Agricultura e Pecuaria do Brasil (CNA), o
Brasil ¢ o segundo maior produtor mundial de etanol, perdendo apenas para os Estados
Unidos. A cana-de-agucar ¢ a espécie vegetal que sustenta a producdo de etanol
brasileiro, enquanto o etanol dos Estados Unidos ¢ produzido a partir do milho (Nunez

etal.,2013).

O etanol tem algumas vantagens em comparacdo aos combustiveis fosseis, como o
fato de poluir menos (Furtado ef al., 2011). Contudo, outras etapas da cadeia produtiva
do etanol devem ser levadas em conta. Um exemplo ¢ a produg¢do do vinhoto, ou

vinhaga, um subproduto do processo de producao do etanol (Tsao et al., 2012).

Na produ¢do de um litro de etanol, sdo usados 13 litros de 4gua, dos quais 12 litros
sao vinhoto. Ao ser despejado nos corpos hidricos, o vinhoto torna a agua impropria
para o consumo humano, além de afetar gravemente a fauna e a flora do ambiente
aquatico. Porém, o vinhoto pode ser usado para a produgdo de biogas, o que reduziria o
impacto dessa etapa do ciclo produtivo do etanol. (Moreira Da Silva e Cardoso, 2013).

Também o uso de vinhaga representa importantes aportes de matéria organica e de
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potassio e fosforo, respectivamente causando o aumento da fertilidade do solo
reduzindo a captacdo de dgua para irrigagdo, reduzindo também o uso de fertilizantes
quimicos e, consequentemente, os custos decorrentes dessa pratica. (Motizuki Lopes et

al., 2014).

2.1.4. Clostridium novyi

O Clostridium novyi € descrito como causador da hepatite necrotica dos ovinos e
bovinos, conhecida como "black disease". E descrito também como causador de

gangrena gasosa proveniente de ferimentos. (Amimoto et al., 2007).

Segundo Skarin et al. (2011), as principais caracteristicas desse micro-organismo
sdo: bastonete grande (medindo 5 a 10 um de comprimento e 1 a 1,5 pm de didmetro),
como pode ser observado na figura 13, forma esporo oval central ou subterminal,
acapsulado, possui flagelos peritriquios (moveis sob condigdes de anaerobiose), gram
positivo quando jovens, mas tornando-se gram varidveis em culturas apds varios
repiques ou longos periodos de cultivo e com distribuicdo mundial, estando presente

principalmente no solo. (Belyi e Aktories, 2010).

Figura 13: Bastonetes de Clostridium novyi.
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O Clostridium novyi ¢ anaerdbio estrito, fastidioso, sendo dificil cultivé-lo. O
crescimento pode ser melhorado com a adicao de glicose, sangue ou cérebro no meio de
cultura (Ziegler et al., 2008). As coldnias sdo achatadas, com bordas irregulares que se
espalham na superficie do agar como um filme e possui crescimento transparente como
demonstrado na figura 14 (Wei et al., 2008). Em crescimento em meios sélidos com
sangue, ha presenca de hemolise, apos 48 a 72 de incubagdo (Diaz et al., 2005). No
meio contendo carne cozida, o crescimento ¢ lento, e a carne torna-se rosea. A gelatina ¢
liquefeita e o soro coagulado, mas ndo digerido. As colonias, quando crescidas em meio
contendo gema de ovo, produzem uma zona de precipitagao opalescente (Reacdo de
Nagler), devido a producao de lecitinase (gama toxina) pelo C. novyi tipo A e devido a
beta toxina do tipo B e D. A fermentagdo de carboidratos ¢ varidvel. A grande maioria

produz acido e gas a partir da glicose, mas ndo fermentam a lactose. (Brett et al., 2005).

Figura 14: Col6nia de Clostridium novyi em meio agar.

O C. novyi estéa dividido em 4 tipos (A, B, C e D), sendo o tipo D reconhecido como
Clostridium haemolyticum de acordo com a producdo das toxinas (Alfa, Beta, Gama e
Delta). (Batty e Walker, 1964). O Clostridium novyi Tipo B (tipo em estudo no presente
trabalho) produz as toxinas alfa e beta (menor quantidade). Nesse micro-organismo, a
producdo da toxina alfa estd ligada a presenca de bacteridéfagos especificos. Com a
auséncia desses bacteridéfagos, apenas a toxina beta ¢ produzida, semelhante ao C. novyi

tipo D (C. haemolyticum). (Eklund et al., 1974).

A principal forma de combate as doengas causadas pelo C. novyi € a vacinagdo. Em
geral as vacinas contra esse micro-organismo possuem em sua constituicao toxoides ou

toxoides e bacterinas (Amimoto et al., 2007).
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3.CAPITULO 03: CLASSIFICACAO DE

DADOS DO PROCESSO DE
HIDROLISE ENZIMATICA DE

BAGACO DE CANA-DE-ACUCAR:

UMA ANALISE DE “CLUSTERS”
NEBULOSOS
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RESUMO

A modelagem da hidrélise enzimatica de materiais lignocelulésicos ¢ provavelmente
um dos temas mais desafiadores em engenharia de (bio) reatores até o presente. A
complexidade do sistema com relagdo ao substrato torna dificil o uso de um tnico
modelo para todas as distintas condi¢des de hidrdlise. Pode-se pensar, neste ponto, na
combinag¢do dos atributos de diferentes modelos em um sistema “global” para calculo da
velocidade de hidrolise que incorpore os atributos de modelos ajustados para distintas
condig¢des de hidrélise. Para tanto, um passo inicial no sentido deste desenvolvimento ¢
a andlise de dados experimentais para se mapearem dados para distintas condi¢des de
hidrélise a classes pré-definidas, correspondendo a cada um dos modelos. O intuito
principal deste trabalho consiste no tratamento dos dados experimentais de Carvalho
(2011) de modo a se mapearem dados de porcentagem de lignina no substrato solido e
carga de celulose no reator a regides cineticamente semelhantes. Utilizou-se a técnica

associada a logica nebulosa chamada técnica FCM (do inglés, “Fuzzy C-Means”).

Palavras-chave: bagaco de cana-de-agucar, hidrdlise, modelagem, “fuzzy”, classificagdo.
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ABSTRACT

The modeling of the enzymatic hydrolysis of lignocellulosic materials is probably
one of the most challenging issues in engineering (bio) reactors to the present. The
complexity of the system with respect to the substrate makes it difficult to use a single
model for all different hydrolysis conditions. One might think this point, the
combination of attributes of different models in a "global" system to calculate the rate of
hydrolysis which incorporates the attributes of adjusted models for different hydrolysis
conditions. To this end, an initial step in this development is the analysis of
experimental data to delineate data for different hydrolysis conditions pre-defined
classes, corresponding to each of the models. The main purpose of this work consists in
treating the experimental data Carvalho (2011) to delineate data lignin percentage in the
solid substrate and ballast load on the cellulose to kinetically similar regions. We used
the technique associated to the fuzzy logic technique called FCM (English, "Fuzzy C-
Means").

Keywords: Sugarcane bagasse, hydrolysis, modeling, "fuzzy" classification.
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3.1.INTRODUCAO

Hé4 muito tempo se questiona até quando teremos matéria prima para suprir a
demanda energética mundial, contudo ninguém chega a uma resposta definitiva.
Enquanto isso, ela ¢ consumida, e uma possivel escassez acaba por se tornar um motivo

de preocupacao ascendente.

Para solucionar os problemas de demanda energética em uma sociedade que, cada
vez mais, ¢ dependente da tecnologia, buscam-se alternativas para as matérias-primas
tradicionais, como o carvao, o petréleo e, inclusive, a sacarose para produgdo de etanol.
Uma possibilidade, que ha algumas décadas ¢ pesquisada, ¢ o etanol de segunda

geracdo, como ¢ chamado o etanol proveniente de fontes lignoceluldsicas.

No caso brasileiro, o etanol de primeira geracdo ¢ produzido a partir da sacarose
extraida da cana-de-actcar, que tem grande produtividade no territorio nacional
(CONAB, 2012). Contudo, a produgdo gera muitos residuos, tanto liquidos como
solidos. Entre os residuos solidos estd o bagaco da cana-de-agicar, que nio ¢
completamente consumido na integracdo energética da industria sucroalcooleira. Sendo
assim, uma das soluc¢des para o grande volume de residuos ¢ a utilizagdo do bagago
como matéria-prima para a produgdo de etanol de segunda geracdo. Com isso, aumenta-
se também a produtividade, j& que a produgdo de etanol sera aumentada sem se

incrementar a area plantada.

Assim, apesar de o pais possuir uma grande produg@o de etanol a partir da sacarose
de cana-de-agucar, a producdo de alcool de fontes alternativas de substrato pode ser

interessante, principalmente se associada a industria ja existente. (Pandey, Soccol,

Nigam e Soccol, 2000)

O bagago de cana-de-acticar pode ser convertido a etanol por meio do processo
chamado de hidrdlise enzimatica. Para a hidrdlise enzimatica, primeiramente a biomassa
lignocelulosica precisa ser previamente tratada, aumentando a acessibilidade ao ataque

enzimatico. (Hamelinck et al., 2005; Girio et al., 2010)

Carvalho (2011) realizou o ajuste de modelos cinéticos de hidrolise enzimatica para

a obtencao de glicose a partir de diferentes substratos ligno-celuldsicos, tendo, com isso,
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definido equagdes de velocidade especificas para os diferentes tipos de substrato

(equagoes do tipo Michaelis-Menten e Chrastil).

Devido a complexidade de um sistema desse tipo, torna-se dificil a utilizacdo de um
unico modelo global para as diferentes condi¢gdes de hidrélise. Uma ideia interessante €
combinar os atributos dos diferentes modelos “locais” ajustados por Carvalho (2011)
em um sistema global para calculo da velocidade de hidrolise (incorporando os modelos
ajustados para as distintas condi¢des de hidrdlise). Para tanto, um passo inicial no
sentido desse desenvolvimento torna-se a analise dos dados experimentais de Carvalho

(2011).

Assim, o objetivo deste trabalho foi efetuar a classificagdo em “clusters” dos dados
experimentais de Carvalho (2011). Essa analise consistiu em agrupar entidades cujos
valores dos principais atributos sdo proximos entre si (no presente caso, porcentagem de
lignina no substrato soélido e carga de so6lidos no reator). Essa classificagdo torna-se
importante para determinar as regides cineticamente semelhantes. O agrupamento de
dados numéricos forma a base de muitos algoritmos de classificacdo e de modelagem de
sistemas. Uma técnica bastante atraente para o agrupamento de dados ¢ aquela
associada a légica nebulosa chamada de técnica FCM (do inglés, “Fuzzy C-Means”)

(Bezdec, 1981).

3.2.MATERIAIS E METODOS

Através dos dados experimentais obtidos por Carvalho (2011) de concentragdo de
glicose em fun¢do do tempo, para diversos ensaios de hidrolise, com distintos substratos
ligno-celulosicos (papel filtro; bagaco explodido tratado com NaOH 4%, baixa e alta
carga; bagaco tratado com H2SO4 1% e com NaOH 4%, baixa e alta carga), obtiveram-
se dados de porcentagem de lignina no substrato solido e carga de celulose no reator.
Com esses dados em maos, trabalhou-se com o agrupamento dos dados através da
funcdo FCM do “software” MATLAB (licenca disponivel no Departamento de
Engenharia Quimica da UFSCar).
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A funcdo de linha de comando FCM comec¢a com uma estimativa inicial para os
centros de “cluster”, que sdo destinados a marcar a posicdo média de cada “cluster”. A
estimativa inicial para esses centros de “cluster” ¢ provavelmente incorreta, mas a
funcdo FCM iterativamente produz movimentos dos centros de “cluster” para o local
correto dentro de um conjunto de dados. Essa iteragdo ¢ baseada na minimizagdo de
uma fungdo objetivo que representa a distancia de qualquer ponto de dados fornecido a
um centro de “cluster”, ponderada pelo grau de pertinéncia daquele ponto. O comando
FCM gera uma lista de centros de “cluster” e varios graus de pertinéncia para cada

ponto de dados.

3.3.RESULTADOS E DISCUSSAO

Primeiramente foram plotados dados de porcentagem de celulose no reator em
funcdo do percentual de lignina, durante o processo de hidrélise (ao longo do tempo),
para os ensaios realizados por Carvalho (2011). Os dados para os cinco diferentes tipos

de substratos lignocelulésicos sdo apresentados numerados de um a cinco na figura 15.

Através da funcdo FCM, calcularam-se os centros dos clusters. A figura 16 ilustra o
processo de convergéncia associado a minimizagdo da fungdo objetivo representando a

distancia de qualquer ponto de dados fornecido a um centro de “cluster”.

A figura 17 mostra os centros de “cluster” obtidos e a pertinéncia preponderante de

cada ponto em relacdo aos agrupamentos.

O que se observa ¢ que os “clusters” agrupam, de forma coerente, os pontos de
dados: parte dos dados referentes a substratos semelhantes (bagaco de cana explodido a
vapor e tratado com NaOH, alta e baixa carga de celulose no reator) podem ser
agrupados em um mesmo “cluster”, enquanto dados referentes ao final de experimentos
para substratos inicialmente menos recalcitrantes (bagago de cana explodido a vapor e
tratado com NaOH) podem ser incorporados em “clusters” primordialmente associados
a dados para substrato mais recalcitrante (bagaco de cana tratado com H2S0O4 e NaOH,

com baixa carga de celulose), porque se tornam cineticamente semelhantes.
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As informagoes retornadas pelo FCM poderdo ser usadas para gerar um sistema de
inferéncia (nebuloso) que represente o comportamento do sistema (velocidade de
hidrolise em funcdo das condi¢cdes de hidrdlise) usando regras do tipo: se a carga €
baixa ou alta e a lignina € pouca, a velocidade segue modelo cinético 1; se a carga ¢
baixa e a lignina ¢ média, a velocidade segue modelo cinético 2; se a carga ¢ alta e a

lignina ¢ média, a velocidade segue modelo cinético 3; etc.

Figura 15: Dados de conversdo de celulose pela hidrélise enzimatica (1. Papel filtro, para fins de
comparagao; 2. Bagaco de cana explodido a vapor e tratado com NaOH, com baixa carga de celulose no
reator; 3. Bagaco de cana explodido a vapor e tratado com NaOH, com alta carga de celulose; 4. Bagaco
de cana tratado com H2S04 e NaOH, com baixa carga de celulose no reator; 5. bagaco de cana tratado

com H2504 e NaOH, com alta carga de celulose)
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Figura 16: Fungdo Objetivo
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3.4.CONCLUSAO

Através da analise FCM, pode-se efetuar a classificacdio em “clusters” dos dados
experimentais. Esta analise consistiu em agrupar entidades cujos valores dos principais
atributos sao proximos entre si (no presente caso, porcentagem de lignina no substrato
solido e carga de solidos no reator). As informagdes retornadas pelo FCM podem ser
usadas para gerar um sistema de inferéncia (nebuloso) que represente o comportamento

do sistema (velocidade de hidrolise em fungdo das condigdes de hidroélise).
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JUNE 2016
ABSTRACT

Ethanol is a green fuel that, in addition to its economic importance, has major
social, political, and environmental impacts. The aim of this work was to evaluate
the effectiveness of global minimization using the simulated annealing (SA)
technique for determining the kinetic parameters of an alcoholic fermentation
model. The minimization was performed using experimental data reported in the
literature, considering first a fed-batch cultivation model and then a simple batch
process. Minimization was performed of the function describing the difference
between the experimental and simulated curves, and the results obtained
demonstrated the effectiveness of the SA technique. Compared with classical local
search methods, for large parameter spaces the use of the SA technique appears to
offer a useful alternative for solving the problem addressed here and others of a

similar nature.

Keywords: Fermentation, Ethanol, Simulated annealing, Modeling, Process

Simulation.

4.1.INTRODUCTION

4.1.1. Production of ethanol in Brazil

There are two types of ethanol: anhydrous and hydrated. The difference between

them is due to the proportion of water present. Anhydrous alcohol has a water content

of 0.5%, while the hydrated form contains 5% water (Luchi and Trindade 1982). The

conventional industrial process produces hydrated ethanol, which is sold at gas stations

for use in motor vehicles. The production of anhydrous ethanol requires an additional

procedure to remove excess water (Cerqueira Leite, Verde Leal et al. 2009).

Amongst other applications, anhydrous ethanol is used to produce type C gasoline,

which is a mixture of type A gasoline (pure gasoline) and ethanol. The amount of

anhydrous alcohol in this mixture ranges from 20% to 25%.
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Various plant species can be used to produce ethanol. In Brazil, the most widely
used is sugarcane, which also provides an alternative way of generating electricity using
the waste bagasse. Each ton of sugarcane produces 140 kg of bagasse (Kiatkittipong,
Wongsuchoto et al. 2009). According to data provided by the Brazilian Confederation
of Agriculture and Livestock (CNA), Brazil is the world's second largest ethanol
producer, after the United States. Brazilian ethanol production is based on sugarcane,
while in the US ethanol is produced from maize (Nunez, Oenal et al. 2013).

There are several advantages of ethanol, compared to fossil fuels, including the fact
that it leads to less pollution (Furtado, Gaya Scandiffio et al. 2011). However, other
stages of the ethanol production chain need to be considered, such as the formation of

vinasse as a byproduct of the process (Tsao, Campbell et al. 2012).

4.1.2. Mathematical modeling of bioprocesses

4.1.2.1. Basics

Fermentation systems are highly sensitive to changes in the operating conditions.
The attainment of maximum yields requires maintaining the operating conditions inside
the fermenter close to preestablished values (Munack 1989). Furthermore, the
complexity, efficiency, and reliability of current industrial systems continually increase,
requiring the development of new tools for process monitoring and control. In this
respect, mathematical models are important for optimizing, monitoring, and controlling

bioprocesses (Cosenza, Mannina et al. 2009).

Independent of the area of interest (such as chemistry, biology, physico-chemistry,
biochemistry, engineering, psychology, or economics), mathematical modeling of
processes seeks to identify a set of relationships between variables that is able to
satisfactorily describe the process with the required accuracy (Almeida and Palharini

2012).
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4.1.2.2. Monod model

Many unstructured and unsegregated models are available to describe fermentations,
considering the quantification of cell growth rates, substrate consumption, product
formation, and other related parameters (Kurganov, Dorozhko et al. 1976). In most
cases, these models are based on determining the specific growth rate of the
microorganism and product formation, while also considering the decrease in the

maximum specific rate by means of inhibition and restriction terms (Goldbeter 1974).

One of the most widely used models is the Monod model (Golterman 1991,
Carstensen, Harremoes et al. 1995), which describes the specific growth rate as a
function of the limiting substrate concentration(s). According to this model, the specific

cell growth rate is given by (Babloyan.A and Nicolis 1972):
Model 1. Model proposed by Monod.

d_X _ Pmax X5

dt Ks+ S Eq. 1

where:

d . . ) .
d—)t(: Difference between the final (X) and initial (Xo) concentrations of biomass,

according to time (g.L™".h™");

U o0rs Maximum specific growth rate (h");

X: Biomass concentration at time # (g.L™);
S: Substrate concentration at time ¢ (g.L'l);
Ks: Substrate saturation constant of the Monod model (g.L™").

Several studies have found that inhibition by ethanol only affects y,,y, with no effect
on Kg (Nashed and Girton 1958, Bultmann, Szabo et al. 1993). Levenspiel (1980)
reported a generalized mathematical equation to describe cell growth, containing a

product inhibition term, which also considered the effect of the limiting substrate (Ky):
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Model 2. Model proposed by Levenspiel (1980).

uz("m—”'s).@— P )n Eq.2

Kg+S Pmax

In Eq. 2, Py 1s the product concentration at which microbial growth ceases. Cell
growth becomes non-viable at ethanol concentrations higher than indicated by this
parameter. For concentrations of P much lower than P,,,, the Levenspiel (1980) model

becomes reduced to the Monod model (Levenspiel 1980).

The reactor model used in this study was described by Daré (2008) in his Master’s
thesis, considering an ethanol production process (as used in industrial plants)
employing the classical batch mode. The process is divided into two steps. In the first
step, the cultivation involves a fed-batch operation starting with an inoculum that
occupies a volume of approximately one third of the total volume of the fermenter tank,
with the must being fed at a constant rate until the vat is full. The second batch stage is

then initiated and is continued until complete exhaustion of the fermentable sugars.

The models found in the literature are reasonably accurate in describing the behavior
of alcoholic fermentations (considering cell growth, substrate consumption, and product
formation) during the final batch step. However, such models do not provide
satisfactory fits to the experimental data during the initial step (semi-continuous or fed-
batch), because at the beginning of the feeding there is rapid substrate consumption,
with consequent production of ethanol without any observed cell growth (which only
starts after a certain period of must feeding). It is as if the cells present two different
growth kinetics behaviors during the course of the fermentation process. In order to
explain this cell behavior observed in industrial processes, Daré (2008) proposed the

model described below for the alcoholic fermentation process.

In the Melle-Boinot process, the yeast is recovered from the fermented wine after
the end of each batch and, after treatment, is recycled to the process for use in new
batches. During the step of treating the yeasts in the presence of oxygen, the cells
derived from the centrifugation step of the previous batch, denoted type 2 (X3), are
transformed into type 1 cells (X;), which do not grow due to the absence of substrate.
During the treatment step, the type 1 cells that comprise the inoculum remain for a long
time in the absence of substrate, in a condition of starvation that alters their

physiological state. Eq. 3 is used to describe the transformation of X, to X;:
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02
X, 3 X, + Product of degradation Eq. 3

Xi: Starved cells;

Xy: Cells derived from centrifugation of the fermented wine, which consume sugar,

grow, and produce ethanol.

4.1.2.3. Fed-batch ethanol production step

When the feeding of the must into the vat is started in the initial fed-batch step, in
the presence of substrate the transformation of the type 1 cells (X;) to type 2 cells (X3)

starts again, according to the stoichiometry shown in Eq. 4.
X=X, Eq. 4

At the beginning of this step, there is rapid consumption of substrate and
simultaneous production of ethanol, without any observed cell growth. Hence, the
hypothesis is that the type 1 cells consume the substrate rapidly to generate energy
(ATP), producing ethanol due to the oxidative metabolization of hexose sugars during
glycolysis. Meanwhile, the energy produced (ATP) in this process is not used for cell
growth. It is exclusively used in restructuring the cellular machinery, or in a new
physiological change, considered in the model as a transformation of the type 1 cells to
type 2 cells, which once again have the ability to grow and produce ethanol, while at the

same time consuming the substrate.

The rate of transformation of the type 1 cells to type 2 cells, rtx», is given by Eq. 5:

Ky +Cyy
2 o k2+CX1

Iy, = Ty, Eq.5

Cell death can occur during the production step, as described by Eq. 6:

kg
X, 3 Xony Eq. 6

where X,ny represents non-viable type 2 cells.
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The stoichiometry and kinetics of ethanol production can be described by Eqgs. 7
and 8 for the type 1 cells, and by Egs. 9 and 10 for the type 2 cells.

sgplp Eq.7
‘;';11 = -1 = kp.Cxg Eq.8
S)g)y1X2+p2P Eq.9

According to the proposed model, unlike the X, cells, the X, cells are able to grow,

consuming the substrate and producing ethanol (P) and more X; cells, according to Eq.
9.
The rate of growth of the X, cells is given by Eq. 11.

ry, = t.Cxz Eq. 11

Considering that ethanol inhibition of the growth of the type 2 cells follows the

Levenspiel (1976) model, the following expression is valid:

n
L (1 - C—”) Cxa Eq. 12

Having presented the hypotheses of the reaction model and the reaction equations,

there now follows a presentation of the systems of mass balance equations that

constitute the modeling of the process.
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4.1.2.4. Fed-batch step

Model 3. Mass balance for the type 1 cells.

dCXl _ kl'CXI
- = kd CXl
dt k2+CX1

Model 4. Mass balance for the type 2 cells.

dCx, _ k. CXl _F
At ptCxs + u. Cx, sz
Model 5. Mass balance for ethanol.
dc

P_P1 k Cx1 + Yp/x2. 1. sz__ Cp

Model 6. Mass balance for the substrate.

dc w.C X2
T =7 e = C9) =y Gy = 5=

Model 7. Overall mass balance.
av

_ PM
& =2 (Fy+ k)

4.1.2.5. Batch step

Model 8. Mass balance for the type 1 cells.

dCx1 _ kl.C;(nl

SEED R
dt ko+Cx1q d- X1

Model 9. Mass balance for the type 2 cells.

Model 10. Mass balance for ethanol.

dc
_P = p1.kp. Cx1 + Yp/x2. 4. Cxy

Eq. 13

Eq. 14

Eq. 15

Eq. 16

Eq. 17

Eq. 18

Eq. 19

Eq. 20
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Model 11. Mass balance for the substrate.

dc .C
2= —ky. Cy1 — £oX2 Eq. 21

Yx2/s

Daré (2008) fitted this model to experimental data obtained for pilot scale
cultivations using different vat feeding conditions. The equations of the proposed
mathematical model (or resulting from mass balance) were integrated using the fourth
order Runge-Kutta-Gill method with variable steps (Cheng and Lin 2012). The model
parameters were estimated using the Marquardt (1963) algorithm. However, the results

presented by Daré¢ (2008) for parameter estimation were not completely conclusive.

4.1.3. Estimation of model kinetic parameters

The procedures used for parameter estimation are critical for the application of
mathematical models. The design, optimization, and advanced control of chemical,
physical, and biological processes depend on the model parameter values obtained by
fitting of the experimental data (Dette, Melas et al. 2005). It is shown here that many
difficulties in estimating parameters can be overcome using heuristic optimization

techniques, such as the simulated annealing global optimization method.

During the development of the model, variables that could not be measured (or for
which measurement was difficult) could be defined using the model equations. In order
to evaluate these variables (model parameters) and improve the reliability of the model,
the values of the parameters could be calculated from the available experimental data by
minimization of an objective function that weights the distances between the model

predictions and the experimental results.

Iterative procedures should normally be used to minimize the objective function.
However, care must be taken concerning: (a) the size of the parameter search space; (b)
the existence of local minima; (c) the continuity of the objective function; and (d) the
sensitivity of the objective function to each of the model parameters (Parthasarathy and

Balaji 2008).
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In the case of linear models, the confidence region of the parameter estimates is
described by a hyper-ellipsoid in the parameter space, with the estimated values of the
model parameters located in the center of the hyper-ellipsoid. The assumption of an
elliptical shape of the confidence region often provides a poor approximation (Murino,
Trucco et al. 1998). Nonetheless, elliptical approximations of confidence regions are

widely used, due to the simplicity of the method (Marin and Salmeron 1996).

4.1.3.1. Simulated annealing

Optimization procedures are of great interest in contemporary industry, given the
importance of avoiding losses or the need for reworking, and the possibility of higher
yields at lower costs. In the case of fermentation processes, the use of kinetic parameters

is extremely important to ensure consistent modeling.

In a carefully constructed model of a system, optimization algorithms are used to
achieve a higher yield. Simulated annealing is a probabilistic tool widely used for global
optimization when the search space is very large. The algorithm, based on processes for
annealing of solids (Metropolis, Rosenbluth et al. 1953), tries to find an optimal
solution in combined optimization problems by iteratively exploring new areas in the
solution space of the problem (Musharavati and Hamouda, 2012). The performance of
this technique can be assessed by the value found for the objective function, observing

the number of iterations required to achieve a global optimum result (Pinto et al., 2009).

Table 1 shows the general form of the pseudocode of the simulated annealing
method, where the main parameters are the model variables, Xj, the objective function,
f, the instantaneous and initial temperatures of the system, T and TO, the maximum
number of iterations of the model, Ny, the probability generation function, and the
neighbors, R(xi). The responses of the model are the functions f, and x,. The initial
temperature and the maximum number of iterations are arbitrary values defined before
the start of the iterations. The temperature decay factor (a) is a constant value or a

function a = f (T) belonging to the interval (0; 1).
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Table 2. Simulated annealing pseudocode.

fb=+o0;
x0—Initial solution;
fm=£(x0);
[=0 — Number of iterations;
T=TO0 —Initial temperature of the system;
if 1 < Nmax then:
Xj=R(x0);
I=1+1
If f(xj)<f(x0) then:
xm=x0;fm={(x0);

end if;

if not:
Af=1(xj)-1(x0);P(f)—unif.[0:1];
if P(f)<e”(- Af/T) then:

xm=x0;fm=£(x0);

end if;

end if;

T=T.q;

If fb<fm then:
fb=fm;xb=xm;

end if;

end when;

In their work, Eftaxias, Font et al. (2002) evaluated the performance of simulated
annealing for the determination of nonlinear kinetic parameters, compared to the
classical Levenberg-Marquardt algorithm. Both methods were tested in determination
of kinetic parameters using a set of three kinetic models of progressively greater

complexity, and both models achieved convergence.

82




Another approach based on simulated annealing was proposed by El-Naggar,
AlRashidi et al. (2012) to obtain the parameters of an ideal solar cell model.
Comparative studies of different techniques demonstrated the effectiveness of the

approach adopted.

In the present work, the use of simulated annealing involved minimization of the
error function, employing the experimental data of Daré (2008), with simulation using

the probabilistic heuristic model also described by Dar¢ (2008).

4.2. MATERIALS AND METHODS

4.2.1. Model

The alcoholic fermentation simulations were performed using the model proposed

by (Daré¢ 2008), described above.

4.2.2. Simulated annealing algorithm

Minimization of the ERROR function (Table 2) was performed using code for the
simulated annealing algorithm implemented in Matlab. A new point was generated
randomly for each iteration of the simulated annealing algorithm. The distance of the
new point to the current point (or the extent of the search) was based on a probability
distribution with a scale proportional to the temperature. The algorithm accepted all new
points that reduced the objective function, as well as (according to a certain probability)
points that increased the objective function. By accepting points that increased the
objective function, the algorithm avoided becoming trapped in local minima in the
initial iterations and was able to explore globally for better solutions. The simulated
annealing pseudocode is given in Table 2. The experimental data used were from the

cultivations performed by Daré (2008).

83



Table 2. Error function to be minimized.

ERROR = [Curve generated by the model simulation — Curve for the experimental

4.3. RESULTS AND DISCUSSION

The results of the simulations are presented in Figures 18-25.
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Figure 19. Linear confidence region for culture P15.
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Figure 23. Linear confidence region for culture P.7.5-7.5A.

x104
5,

—~
~
1
—
s 0 -
N—
Y,
AL il
2L il
3L i
_4 L —
-5 !
-600 -400 -200 200 400 600
K2 (g.L"1)
Figure 24. Culture P.7.5-7.5B.
Ewolution of Cx Evolution of Cs (g/L)
160 T T T T 70 T T T
cx simulated cs simulated
1401 — © — Cx experimental [| 60r /Q = — © — cs experimental
120 i 50 ;
/ N
5w O | e )° AN ]
7/ N
60 \K 1 20F , N E
S 4 \
40 Sao ~ 1 10}, IS} \\\ E
2 ‘ L ST -o - —e--%--6-0 o ‘ ‘ ‘ ‘ ‘ L e®
0 1 2 3 4 5 6 7 8 0 1 2 3 4 5 6 7 8
Time (h) Time (h)
Evwolution of Cp (g/L) Evolution of V (L)
90 T T T T 40 T T T
~
80| / 1 a0l |
/ o--©0®°
= 70F , 7/ 4
El / / S 20f 1
& 6o} g g i
[ . S
50%6\\ SO o i or 1
~__7 © cp simulated Volume simulated
© — © — Volume experimental
40 . . . . . n n 0 . . . . n n n
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
Time (h) Time (h)

87



Figure 25. Linear confidence region for culture P.7.5-7.5B.
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Table 3 shows the parameter values obtained by error minimization using the

simulated annealing technique.

Table 3. Kinetic parameter values for the pilot plant cultures.

h h h g.L.h g.L gL
P-15-15 0.08 1.57 0.06 6.00 0.60 1.00 0.27
P-5-5 A 0.16 1.97 0.02 14.92 8.89 74.98 0.32
P-7.5-7.5A 0.13 1.42 0.07 89.98 8.85 74.98 0.47
P-7.5-7.5B 0.07 1.23 0.01 2.58 6.06 20.00 0.04
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Figure 26. Boxplot of Mm, Kp, Kd, K1, K2, Ks; and n.
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It can be seen from the graphs shown in Figures 18, 20, 22, and 24, produced using
simulated annealing error minimization, that the simulation curves closely followed the
experimental points. Figures 19, 21, 23, and 25, constructed using the tool implemented
in Matlab, provide information on the confidence intervals for the kinetic parameters (in

pairs).

Figures 18, 20, 22, and 24 show that all the pilot plant cultures presented similar
concentration profiles, for the range of experimental feed conditions studied. Good
agreement was obtained between the simulated and experimental results for the cell
profiles. The substrate concentration profiles presented differences that were more
significant, which could be attributed, amongst other factors, to the lack of homogeneity
of the medium. Greater differences were found for the ethanol concentration profiles,

which could also be attributed to the difficulty in collecting homogeneous samples.

Table 3 presents the kinetic parameters of the proposed model determined from
fitting of the model to the experimental values obtained for the pilot plant cultures. The

graph in Figure 26 shows the variation of the estimated kinetic coefficients, from which
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it can be seen that there was acceptable variability between the values obtained for the

different cultures, with greater variation only for K1 and Ks.

4.4. CONCLUSIONS

The meta-heuristic simulated annealing technique was used to search for the
optimum parameters of the Monod-Levenspiel model, considering a single output. All
the parameters were determined simultaneously, avoiding the need to use previously
established values, as frequently required in the case of parameter spaces with large
dimensions when classical local search algorithms are used (such as the Marquardt
algorithm). Satisfactory results were obtained, although it is possible that the global

search method could be refined using local search procedures.
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Abstract Clostridium novyi causes necrotic hepatitis in sheep and cattle, as well as gas
gangrene. The microorganism is strictly anaerobic, fastidious, and difficult to cultivate in
industrial scale. C. novyi type B produces alpha and beta toxins, with the alpha toxin being
linked to the presence of specific bacteriophages. The main strategy to combat diseases caused
by C. novyi is vaccination, employing vaccines produced with toxoids or with toxoids and
bacterins. In order to identify culture medium components and concentrations that maximized
cell density and alpha toxin production, a neuro-fuzzy algorithm was applied to predict the
yields of the fermentation process for production of C. novyi type B, within a global search
procedure using the simulated annealing technique. Maximizing cell density and toxin pro-
duction is a multi-objective optimization problem and could be treated by a Pareto approach.
Nevertheless, the approach chosen here was a step-by-step one. The optimum values obtained
with this approach were validated in laboratory scale, and the results were used to reload the
data matrix for re-parameterization of the neuro-fuzzy model, which was implemented for a
final optimization step with regards to the alpha toxin productivity. With this methodology, a
threefold increase of alpha toxin could be achieved.
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Introduction

Clostridium novyi causes necrotic hepatitis of sheep and cattle, known as “black disease.” It
also causes gas gangrene following wounds [1]. The main characteristics of this microorgan-
ism are the following: large rods (measuring 5 to 10 um in length and 1 to 1.5 pum in diameter)
(Fig. 1); central or subterminal oval spores; non-capsulated; peritrichously flagellated (mobile
under anaerobic conditions); gram-positive when young, but becoming gram-variable after
subculturing several times or after long culture periods; and global distribution, being pre-
dominantly present in the soil [2, 3].

Clostridium novyi is strictly anaerobic, fastidious, and difficult to cultivate. Growth rates
can be increased by the addition of glucose, blood, or brain to the culture medium [4]. The
colonies are flat with irregular borders, spreading over the agar surface in the form of a film
and showing transparent growth [5], as in Fig. 2. When grown in solid media with blood,
hemolysis occurs after around 48-72 h of incubation [6]. In media containing cooked meat,
growth is slow, the meat becomes rose-colored, the gelatin is liquefied, and the serum is
coagulated but not digested. Colonies grown in media containing egg yolk develop an
opalescent precipitation zone (the Nagler reaction), due to the production of lecithinase
(gamma toxin) by C. novyi type A or beta toxin by C. novyi types B and D. The fermentation
of carbohydrates is variable, with acid and gas produced from glucose, while lactose is not
fermented [7].

C. nowyi is divided into four types (A, B, C, and D), with type D recognized as
Clostridium haemolyticum, according to the production of toxins (alpha, beta, gamma,
and delta) [8]. C. novyi type B (the organism studied in the present work) produces
alpha and (to a lesser extent) beta toxins. In this microorganism, the production of
alpha toxin is linked to the presence of specific bacteriophages. In the absence of
these bacteriophages, only beta toxin is produced, in a similar way as C. novyi type D
(C. haemolyticum) [9].

The main method for combating diseases caused by C. novyi is vaccination. These vaccines
normally contain toxoids (or toxoids and bacterins) in their composition [1].

The cultivation of C. novyi is difficult, as reported in the literature and observed in
laboratory scale tests. The latter showed that the fermentation time could be about
100 h or more, and that toxin might or might not be produced in sufficient amounts
for vaccine production. Very large variations were found in fermentation time and
toxin production.

Fig. 1 Rods of Clostridium novyi
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Fig. 2 Colonies of Clostridium
novyi on agar medium

Objectives
General Objective

The aim of this work was to test different culture medium components and their concentrations
in order to maximize productivity of the alpha toxin of C. novyi type B.

Specific Objective

The specific objective of the study is to identify the best culture medium for growth of C. novyi
by maximizing cell density, toxin production and (ultimately) toxin productivity, utilizing
computational techniques and laboratory scale tests to confirm the results.

Neuro-Fuzzy Systems

Neuro-fuzzy networks are systems that endeavor to combine the advantages of fuzzy logic and
artificial neural networks (ANNSs), hence reducing deficiencies and errors associated with the
individual use of either technique [10]. The methods can be complementary, because while
fuzzy logic assumes previous knowledge of the problem [11], the basic characteristics of
artificial neural networks are their ability to learn and adapt starting from a set of input and
output data, without any prior knowledge of the system [12].

Fuzzy Logic and Neural Networks

Fuzzy logic was proposed as a way of addressing the constant emergence of uncertainties in a
system that it is desired to optimize, because vague and uncertain expressions, common to
human thinking and communication, are not accepted by traditional logic [13].

Fuzzy theory emerged in 1965, when Lofti A. Zadeh published the article entitled Fuzzy
Sets in the journal Information and Control [14]. One of the great advantages of fuzzy logic is
the ability to use the properties of fuzzy sets to translate linguistic terms employed in natural
language into mathematical expressions [11].

Zadeh [15] proposed the flexible association of elements with the various sets comprising a
system, creating the notion of degree of membership [16]. In this way, an element could belong
partially or wholly to a given set, and belong to more than one fuzzy set, with different degrees
of membership [17, 18]. Fuzzy modeling (or control) uses human experience to generate a set
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of norms able to translate logical reasoning, representing the mathematical model of a system
by means of linguistic variables and a series of rules of the type IF... THEN [19].

Artificial neural networks are systems structured in a computational approach based on
connections, where the nodes of the neural network are interlinked to form a mesh. The
original inspiration for this technique emerged from examination of the structures of the brain,
notably the neurons [20, 21]. The most important property of neural networks is the ability to
learn from their environment in order to improve performance. This is achieved by means of
an iterative process for tuning the weights of the connections, known as training [22, 23]. The
network must respond in the most correct way, by means of the generalization effect, to any
other stimuli presented to it in a phase subsequent to the training, denoted testing [24, 25].

Neuro-Fuzzy Hybrid Systems

The neuro-fuzzy hybrid system offers an especially interesting alternative for the modeling of
systems, because it can extract the learned content of neural networks, with the advantages of
the interpretation capability of fuzzy logic [26].

There are three basic classes of hybridization: embedded, auxiliar, and sequential. Neuro-
fuzzy applications usually employ embedded hybrid systems, since this class of hybrid system
makes the best use of the advantages of the two component techniques [27, 28]. It should be
pointed out that the only hybrid system in which it is not possible to separate the two
subsystems is the embedded system, reflecting its greater degree of hybridization [29].

Neuro-fuzzy systems that combine the learning ability of ANNs with the linguistic inter-
pretation capacity of fuzzy systems are becoming more widely adopted. These systems possess
several important characteristics, such as the applicability of various learning algorithms used
by neural networks and the improved ability to interpret and understand knowledge, mainly
because the extraction of knowledge is achieved by means of fuzzy rules [30].

The basic form of implementation of neuro-fuzzy networks is that the learning algorithms
of the neural networks are used to adjust the parameters of the fuzzy inference system (FIS)
[31]. The structure of a neuro-fuzzy system is illustrated in Fig. 3.

The hybrid method employs fundamental characteristics of each separate technique, com-
bining and adapting them to the class of problem to be solved. The contributions of the fuzzy
function of the hybrid system are partitioning of the input and output spaces, fuzzy modeling,
and defuzzification. The artificial neural network function, in turn, concerns the type of
learning, identification of the structure, and identification of the parameters.

There are various possible configurations for each of the characteristics listed above (fuzzy
and neural network). The set of methods employed creates a specific type of neuro-fuzzy
system. The most widely used are the following: ANFIS (Adaptative-Network-based Fuzzy
Inference System) [32], FSOM (Fuzzy Self-Organized Map) [33], NEFCLASS (Neuro Fuzzy
Classification) [34], NEFCON (Neuro-Fuzzy Control) [35], and NEFPROX (Neuro-Fuzzy
Function Approximation) [36].

As pointed out by [37], it is important to evaluate the advantages and disadvantages of the
use of neuro-fuzzy systems.

Simulated Annealing

Process optimization is one of the most important issues in modern industries, due to the need
to maximize productivity, while avoiding losses and minimizing costs. The simulated
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INPUT HIDDEN LAYER QUTPUT

Previous weights Consequent weights

Low

Xy
Medium

High
S1

Input Fuzzification Rules Consequent Defuzzification

Fig. 3 Basic architecture of a neuro-fuzzy system

annealing technique is a probabilistic tool that is widely used for global optimization when the
search space is very extensive. The original inspiration for the algorithm were processes of
reheating solids [38]. The analogy with combinatorial optimization was introduced by
Kirkpatrick et al. [39] and refined by Cerny [40].

The algorithm tries to find the best solution to problems involving combinatorial optimi-
zation, iteratively exploring new areas of the solution space [41]. The stop criterion for the
algorithm is the value found for the objective function, observing the restriction of a maximum
number of iterations [42, 43].

Figure 4 shows the general form of the pseudocode of the simulated annealing
method, designed for general applications, in which the main parameters of the
method are the variables of the model, x;, the objective function, f, the instantaneous
and initial temperatures of the system, T and T°, the maximum number of iterations of
the model, N, the probability generation function, and the neighbors, R(x;). The
responses of the model are the functions f, and X,. The initial temperature and the
maximum number of iterations are arbitrary values defined prior to initiation of the
iterations. The temperature decay factor (&) is a constant value or a function x= f(T)
belonging to the interval (0;1).

In this work, the data matrix with the formulation of the culture media used in the
cultivations of C. novyi type B was the input for a neuro-fuzzy system, while the
output were the respective cell concentrations and productivities with respect to the
alpha toxin. A global search was then performed in order to find components of the
culture medium, and their concentrations, that could maximize microbial growth and
the production of alpha toxin.
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Fig. 4 Simulated annealing f s —
pseudacode 3 09:‘ . . minimizing
Xo—Initial solution; problem

£2=f(X0): X=X
i=0 — Number of iterations:
T=T? —Initial temperature of the system;
While i <N, then:
X; =Xm
X=R(x;);
If f(x;)<f(x;) then:
X=X 3m=1(X;):
end;
If not:
Af=f(xj)-f(xi);P(t)—»unjf‘[O:I];
If P(f)<e”(- Af/T) then:
xm=xj ;f;11=f(xj);
end;
end;
T=T.a; i=1+1
If f,>f,, then:
szfm;xbzxm;
end;
end.

It is important to comment here on the motivation for using neuro-fuzzy techniques in the
context of the present work. Previous works did not use these techniques with similar goals.
Usual techniques as optimal design of experiments are the most commonly used [44, 45]. In
this sense, the presented approach is innovative.

Methodology
Microbial Cultures

Strain Used

The microorganism used in the fermentations was C. novyi FD470, provided by the Technol-
ogy and Vaccines Laboratory (LTV) of Vallée S/A.

Selection of Culture Medium

Selection of the components of the culture media used for C. novyi was based on cultures
already tested in the R&D laboratory at Vallée S/A. Documented historical data for the culture
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medium formulations provided values for toxin production (quantified in terms of log L+/mL),
in different times (t); selection of the media was based on experience with cultures of other
Clostridium species produced by Vallée S/A.

Quantification of Toxin

Quantification of the product (toxin) can be achieved by means of toxin production tests
employing the in vitro cytotoxicity method developed and standardized by Lima et al. [46].

Medium Optimization Procedure

Firstly, a culture medium composition data matrix was constructed using fermentations with
8 L of medium in a Bioflow® benchtop fermenter using the following parameters for all
fermentations:

* Agitation speed 50 rpm

* Aecration with nitrogen 1 vvm for 30 min before initiation of fermentation

* NaOH Added automatically to maintain pH 7.5

* HCI Added automatically to maintain pH 7.5

The culture media used as inputs for the neuro-fuzzy network are shown in Table 1.

Table 1 Culture medium formulation input data matrix

Quantity (g/L)

Component Chauvoei LTV29 Thioglycolate fluid LTV0s LTV103
Component 01 +1 +1 -1 +1 +1
Component 02 -1 +1 -1 +1 -1
Component 03 +1 +1 -1 +1 0
Component 04 +1 +1 -1 +1 -1
Component 05 +1 +1 -1 +1 +1
Component 06 +1 +1 0 +1 +1
Component 07 -1 ! +1 ! -1
Component 08* -1 +1 -1 ! -1
Component 09* -1 +1 -1 +1 -1
Component 10 -1 -1 +1 -1 -1
Component 11 -1 -1 0 -1 +1
Component 12 -1 -1 +1 -1 -1
Component 13 -1 -1 +1 -1 -1
Component 14 -1 -1 +1 ! !
Component 15 -1 -1 -1 0 +1
Component 16 -1 -1 -1 -1 +1
Component 17 0 0 0 0 0

* Volume fraction (mL/L)
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The presentation of quantities for the substrates (components) is done comparatively. An
average concentration value (in regard to all the different culture media in Table 1) was
considered as reference for each component (C;**®). Besides, their maximum (p;"*) and
minimal (p;™") concentration values were taken into account (again, for each component).
So, the quantity of each component in a specific culture medium is presented as being +1, 0, or
—1 considering the following:

G™ + 0.17 x (p™-p™) < G< p™ , Ciis presented as + 1
Ci™8-0.17 x (p;™™—p;™") <C;<C;™ 4 0.17 x (p;"™™~ p;™"), C;ispresentedas0
p™ < Ci< G - 017 x (p™-p™) , Ciis presented a s — 1

1

In summary, for presenting this part of the industrial data from Vallée, the components of
the culture medium were classified in three levels:

e +1: for high concentration of substrate (component) i,
* 0: for an average composition of said substrate, and
* —1: when the said substrate is in minimal amounts in the culture medium.

It is important to stress that this classification is only for presenting the quantities for the
substrates (components) in each culture medium (the levels +1, 0, and —1 are not weights of
the neuro-fuzzy network).

Chauvoei media is used industrially by Vallée S/A. Thioglycolate fluid is a commercial
medium. The LTV29 medium was formulated using design of experiments (DOE) methodol-
ogy, considering maximization of cellular density, according to the scheme shown in Fig. 5, for
each individual LTV-NX experiment.

The LTVO05 and LTV103 media were produced using simulated annealing optimization
with the output of the neuro-fuzzy model. For initialization of the procedure, the data matrix of
the three other media previously described (Chauvoei, Thioglycolate fluid and LTV29) was
employed. For generating the LTVO05 medium, the objective function was the optical density
of the system. For generating LTV103, on the other hand, production of alpha toxin was
considered.

As the final output data for neuro-fuzzy network, a data matrix was constructed with all
values of toxin production (log L+/mL) (Table 2) and time (Table 3), in order to generate a
table for productivity (Table 4), which was to be ultimately maximized. Maximizing cell
density, toxin production, and productivity is in fact a multi-objective optimization problem

— Maximum OD Analyses (OD,
[Glucose], L+)
\
l, 10% 10% — [ —_ m \

- 3

PS1 PS2 PS3 377 (VWK

medium

Fig. 5 Laboratory process for production of Clostridium novyi
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Table 2 Output data matrix for toxin production (log L+/mL)

Log L+/mL
Chauvoei media LTV29 Thioglycolate fluid LTVO05 LTV103
2.045 1.491 1.47 1.037 1.62

and could be treated by a Pareto approach [47]. Nevertheless, the approach chosen here was a
step-by-step one, i.e., using a global mono-objective algorithm (simulated annealing).

The GENFIS2 (Generates a Sugeno-type FIS using Subtractive Clustering) function,
implemented in Matlab®, was used to generate the fuzzy inference system (FIS) by means
of diffuse subtractive clustering. As described in the introduction, the fuzziness lie on
representing the mathematical model of the system by means of linguistic variables and a
series of rules of the type IF... THEN. For our particular scientific question, the rules are of the
type:

IF (Concentration of component X1) is (Low, Medium or High) and (Concentration of
component X2) is (Low, Medium or High) and ... (Concentration of component X17) is (Low,
Medium or High) THEN (Objective function) is (Low, Medium or High).

The neuro-fuzzy system was subsequently generated using the ANFIS (Adaptive Neuro-
Fuzzy Training of Sugeno-type FIS) function, also implemented in Matlab®. Nodes and links
of our neuro-fuzzy network are similar to those presented in Fig. 3. As we described in the
introduction, the basic form of implementation of neuro-fuzzy networks is that the learning
algorithms of neural networks are used to adjust the parameters of the fuzzy inference system
(previous weights and consequent weights of the neuro-fuzzy system).

The function ANFIS uses a hybrid learning algorithm to tune the parameters of a Sugeno-
type fuzzy inference system (FIS). The algorithm uses a combination of the least-squares and
back-propagation gradient descent methods [48] to model a training data set. The main
identification parameters used are described in Table 5.

The defuzzification method utilized by function anfis is the centroid, for which the output is
the center of gravity of the distribution function for the output variable.

After data modeling, the simulated annealing global search algorithm was applied, using a
function implemented in Matlab®.

Validation of the Optimization

The culture medium composition generated from the optimization procedure was tested in a
10 L bioreactor in order to validate the results.

Table 3 Output data matrix for time (h)

Time (h)
Chauvoei media LTV29 Thioglycolate fluid LTVO05 LTV103
99.83 46.5 30 20 30
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Table 4 Output data matrix for productivity ((log L+/mL)/h)

Productivity ((Log L+/mL)/h)

Chauvoei media LTV29 Thioglycolate fluid LTVO05 LTV103
0.02 0.03 0.05 0.05 0.05
Results

Constructing the Data Matrix

Firstly, tests employing DOE methodology were performed, which generated the LTV29
medium (see Figs. 6 and 7).

The next step involved investigation of new media for inoculation and cultivation of
C. Nowyi, aiming to maximize cell density, but this time modeling the system using neuro-
fuzzy and optimizing with simulated annealing. Figure 8 shows the cellular growth results for
cultures performed with four media generated by the computational optimization procedure.

The results of the experiments using the media obtained from the optimization were
employed to generate (again using computational optimization) another three culture media
(medium 5, medium 6 and medium 7), of which medium 5 (LTV05) showed the best
performance (as shown in Fig. 9, also including new results obtained with media 3 and
LTV29 for comparison purposes).

It should be noticed that the lag phase was considerably reduced as a result of the
computational intelligence procedure employed. These results were used to re-model the
system, with the output in this case being the production of alpha toxin, hence generating
the LTV103 medium from the simulated annealing global search.

Optimizing Toxin Productivity

The final (complete) data were modeled using a neuro-fuzzy system with the data
matrices shown in Tables 1 and 4 as the input and output, respectively. Optimization
was performed using the simulated annealing algorithm to obtain the formulation
variables that maximized toxin productivity, hence generating the culture medium
formulations described in Table 6.

Three fermentations were performed for each of the proposed culture media, using
a Bioflo 110 fermenter containing 10 L of optimized medium. The productivity results
(Table 7) showed that the LTVCO1 culture medium resulted in greatest productivities

Table 5 Main identification parameters

Number of membership functions for each input: 3

Membership functions type: Gbellmf (generalized bell function)
Training method: Hybrid

Defuzzification method: Centroid
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Fig. 6 Optimization route using T
PO iy ot DOE
65 media
@ * LTV29 medium
* Reduction of lag
4 m@edia - phase to 30-40 h
1 medium

of alpha toxin by C. novyi and would therefore be most suitable for use on an
industrial scale.

Discussion

Compared to our initial process conditions (Chauvoei media), which resulted in a long culture
time (about 100 h) and low alpha toxin productivity (0.02 (log L+/mL)/h), the optimized
system (LTVCO1) provided a significant improvement, with a culture time of 12 h and an
alpha toxin productivity of 0.06 (log L+/mL)/h. Considering the Thioglycolate fluid commer-
cial medium, the time of 30 h was necessary to get 0.05 (log L+/mL)/h of alpha toxin
productivity.

Besides, the computational tools presented in this work proved to be highly
effective for the modeling and optimization of the biotechnological system tested,
obtaining more effective results than those obtained by conventional techniques such

N

15 27 30 31 32 12s 33 34 a4

Tiene [h)
—a=—Glucase [mg/mL) 00 {500 nm|

Fig. 7 Cellular growth (ODg() and glucose consumption (mg/mL) curves for the culture performed with LTV29
medium
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Time (h)

=f=Medium 1l =—=pedium2 =8=Medium3 ==——pMedium4

Fig. 8 Growth curves using the media obtained by computational optimization

as optimal design of experiments (LTV29, with time of 46.5 h necessary to get 0.03
(log L+/mL)/h). And the computational time does not matter for this problem. Neuro-
fuzzy modeling and simulated annealing optimization need little time (minutes) to be
performed.

It is also important to say here that other optimization techniques, such as genetic algorithm
(GA), can also be used for optimizing fermentation media. Pal et al. [49], for example,
presented a study on the production of a biosurfactant from Rhodococcus erythropolis where
ANNSs coupled with GA were used for media optimization. ANN-GA-optimized media gave
about a 3.5-fold enhancement in biosurfactant yield. So, result obtained here (threefold

140 -
120
100

80

OD(600nm)

6.0

40 -

20

00 T T T T

0 2 4 6 g 10 12 14 16
Time (h)

== Medium 3 —t—Medium 5 =& Medium 6 e tiedium 7 e | TV29 Medium

Fig. 9 Microbial growth curves obtained using the media generated by computational optimization
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Table 6 Media generated using the proposed optimization method

Quantity (g/L)

Component LTVCo1 LTVC02 LTVCO03
Component 01 +1 +1 +1
Component 02 +1 +1 +1
Component 03 +1 +1 +1
Component 04 +1 +1 +1
Component 05 +1 +1 +1
Component 06 +1 +1 +1
Component 07 +1 +1 +1
Component 08* 0 +1 +1
Component 09* -1 -1 -1
Component 10 ! -1 !
Component 11 0 -1 +1
Component 12 -1 -1 -1
Component 13 -1 -1 -1
Component 14 -1 -1 -1
Component 15 -1 -1 -1
Component 16 -1 -1 -1
Component 17 0 0 0

* Volume fraction (mL/L)

enhancement in alpha toxin productivity) is as good as this previous result using ANNs/GA. In
this sense, we infer that our methodology can be used to solve other type of microorganism-
production problems.

Conclusions

The computational tools presented in this work proved to be highly effective for the
modeling and optimization of the biotechnological system tested. Compared to the
initial process conditions, which resulted in a long culture time and low alpha toxin
productivity, the optimized system provided a significant improvement. Often, adjust-
ments costs are made through pragmatic cuts and without many criteria in major
company expense rubrics. However, these cost optimizations can occur in a more
rigorous and effective manner. Thus, in situations that require results with a high level
of precision and minimum investment to achieve this goal, the use of computational

Table 7 Experimental productiv-

ities obtained using the optimized (Log L+/mL)h

media
LTVCO1 LTVC02 LTVCO03
0.06 0.03 0.02
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tools can be very attractive. In the present case, this methodology succeeded in
substantially reduce the number of experiments to be performed, achieving better
productivity than originally obtained using design of experiments.
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6.APENDICE 1: INTEGRACAO COM O
SOFTWARE EMSO
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6.1.INTRODUCAO

O software EMSO (Environment for Modeling, Simulation, and Optimization,
interface demonstrada na Figura 57), foi criado a partir de um projeto chamado
Ambiente Livre para Simulagdo, Otimizacdo e Controle de Processos (ALSOC),
coordenado pela Universidade Federal do Rio Grande do Sul. O projeto ALSOC ¢ um
trabalho para aproximacdo da academia com a industria através da padronizagdo e
distribuicao, gratuitamente, de especificacdes e ferramentas de software entre

universidades e empresas consorciadas (Soares e Secchi, 2003).

Figura 36: Interface do simulador EMSO
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Resdy. Mode: Text Editor Mode: processor speed |

De acordo com Soares e Secchi (2003), a programag¢dao no EMSO ¢ composta

por trés entidades principais:

= Models;
= Devices;

= Flowsheets.

126



Segundo Soares e Secchi (2003) na linguagem do EMSO, um Model consiste na
abstragdo matematica de um equipamento real e/ou de uma parte de um processo. Cada
modelo pode conter pardmetros, varidveis, equagdes, condi¢des iniciais e até outros
submodelos. Models podem ser baseados em outros modelos ja existentes e
funcionalidades extras podem ser adicionadas. Assim, os conceitos de programagao
modular e heranga (compartilhamento de atributos e métodos pelas classes) sdo

suportados na criagdo de modelos.

Um Device ¢ uma instancia de um modelo, ou seja, a realiza¢do especifica de
um tipo de modelo, e representa algum dispositivo real do processo em analise. Assim,
um Unico modelo (Model) pode ser utilizado para representar varios Devices diferentes,
que possuem a mesma estrutura, porém parametros e especificagdes diferentes. Devices
podem ser conectados entre si para formar um Flowsheet, que ¢ uma abstragdo do

processo em andlise. (Soares e Secchi, 2003).

6.2.0BJETIVOS

O objetivo deste trabalho foi simular o modelo proposto por Daré (2008)
utilizando o simulador de processos orientado a equacdes EMSO comunicando com o
MATLAB através de fungao especifica para realizagao de busca global dos pardmetros

do modelo.

6.3.MATERIAIS E METODOS

6.3.1. Simulador

O simulador EMSO possui sua estrutura orientada a equagdes. Esse simulador
tem uma linguagem a modelagem orientada a objeto o que permite a insercao de novos

modelos para a sua biblioteca interna. (Cunha et al., 2009).
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6.3.2. Interface Emso MATLAB

Transferiram-se ao MATLAB todos os parametros (Tabela 12) e variaveis e
dados experimentais do modelo de fermentacdo implementado no EMSO através da
funcdo do EMSO implementada em MATLAB emso2ml.m. A fun¢do emso2ml.m
importa todos os parametros e variaveis do modelo implementado no EMSO,

possibilitando o ajuste dos parametros no MATLAB.

Tabela 10: Parametros ajustados no MATLAB

Parametros Significado
Hmax Velocidade especifica maxima de crescimento celular
Kp Constante de formagdo de produto
Kd Constante de morte celular
K1 Constante do modelo transformagdo das células do tipo 1 em células do tipo 2
K2 Segunda constante do modelo de transformagdo das células do tipo 1 em células do tipo 2.
Ks Constante de saturagdo
n Parametro do modelo de Levenspiel (1976)

A fung¢do utilizada para os ajustes dos parametros calcula o erro com os dados
experimentais, assim como descrito no capitulo 3 desta Tese de doutorado. Esse valor €
otimizado por minimizagdo, realizando, assim, a busca global dos parametros pelo
algoritmo Simulated Annealing. Os parametros ajustados no MATLAB foram

retornados ao EMSO para realiza¢do da simulagao.
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6.4.RESULTADOS

Os resultados das simula¢des sdo demonstrados nas figuras 2 a 4.

Figura 37: Resultado da simulagdo no EMSO para a producdo de células CX1 e CX2, com parametros do
modelo ajustados no MATLAB.

=6 cx2
-8 ox1

150 4

100 4

50 4

0.00 @

0.00 200 400 6.00 8.00

Figura 38: Resultado da simulagdo no EMSO para a producéo de etanol, com parametros do modelo
ajustados no MATLAB.
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Figura 39: Resultado da simulagdo no EMSO para o consumo de substrato, com parametros do modelo
ajustados no MATLAB.
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Abstract Lignocellulosic biomass is mainly composed of cellulose, hemicellulose, and lignin.
Fuzzy logic, in turn, is a branch of many-valued logic based on the paradigm of inference
under vagueness. This paper presents a methodology, based on computational intelligence, for
modeling the kinetics of a complex reactional system. The design of a fuzzy interpolator to
model cellulose hydrolysis is reported, within the perspective of applying kinetic models in
bioreactor engineering. Experimental data for various types of lignocellulosic materials were
used to develop the interpolator. New experimental data from the enzymatic hydrolysis of a
synthetic substrate, on the other hand, were used to validate the methodology. The accuracy of
the results indicates that this is a promising approach to extend the application of models fitted
for specific situations to different cases, thus enhancing their generality.

Keywords Cellulose - Clustering - Enzymatic hydrolysis - Enzyme kinetics - Fuzzy interpolator-
Lignin

Introduction

Recently, lignocellulosic materials such as sugarcane bagasse and other agricultural wastes
have been used as raw material for various products. The worldwide search for renewable
energy sources makes the use of lignocellulosic biomass waste a promising alternative to
produce bioethanol fuel on a large scale and at a competitive cost.

One of the most popular alternatives for production of bioethanol in industrial scale is the
biochemical route, based on the fermentation of the sugar monomers of cellulose and
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hemicellulose. Two techniques may be used for obtaining fermentable sugars from lignocel-
lulosic materials—acid and enzymatic hydrolyses.

Acid chemical hydrolysis has well-known drawbacks—generation of toxic products
and corrosiveness of the medium, requiring the use of more costly reactors. Moreover, it
is necessary to recover the acid for making the process economically viable. In general,
when concentrated acids are used, the monosaccharides released by hemicellulose are
degraded due to the fact that the hemicellulose fraction is hydrolyzed more rapidly than
the fraction of cellulose. The sugars present in hemicellulose are exposed for a longer
time in the reaction medium, which results in their degradation (for instance, to furfural).
On the other hand, hydrolysis with dilute acid requires the use of high temperatures. For
this reason, a relatively high amount of soluble sugars and lignin is degraded, leading to
inhibition during the fermentation process [1].

In the enzymatic hydrolysis, cellulose is broken down by a pool of cellulolytic
enzymes, and there is no formation of by-products due to the specificity of enzymes
(resulting in a high yield of fermentable sugars). However, it is necessary to pretreat
the biomass, to improve its digestibility, and to use high concentrations of enzymes
for achieving high conversions of the cellulose, which makes the process more costly
[2].

Enzymatic hydrolysis of cellulose yields glucose, which can be further fermented to
provide ethanol. It can be operated under mild conditions, avoiding the formation of
byproducts which can inhibit the fermentation, such as hydroxymethylfurfural [3], conse-
quently leading to a reduction of the cost of separation of the products [4].

The presence of lignin and hemicellulose hinders the access of cellulases to their
substrate; this can reduce significantly the efficiency of the hydrolysis. Therefore,
there is a need for pretreatments that weaken the interaction between the main
components of the lignocellulosic material. Pretreatments aim at partially separating
lignin and hemicellulose from the cellulose matrix and disrupting the crystalline
structure of cellulose. The result is increased accessibility to cellulose particles, as a
consequence of the solubilization and/or partial degradation of hemicellulose and
lignin [5]. To be considered effective, a pretreatment must meet the following
requirements: avoiding the need of reducing the particle size of the biomass, limiting
the formation of degradation products that inhibit the microbial fermentation, and
minimizing the energy demand. Various types of processes have been used for the
pretreatment of lignocellulosic materials [1]. The processes described in the literature
include physical processes, such as steam explosion and thermal hydrolysis; chemical
processes, such as weak acid and alkaline hydrolysis; biological processes using fungi
to solubilize the lignin; finally, a combination of processes, as steam explosion
catalyzed by adding H,SO4 or CO, [6, 7]. However, the most common methods are
based on the use of alkali, acid hydrolysis, steam explosion, and hot water, all with
the purpose of breaking the associative structure of lignocellulose [8—10].

For the enzymatic hydrolysis to be efficient, it is necessary to optimize the reaction
conditions since the yield of hydrolysis is governed by several factors such as the type of
pretreatment of the substrate, inhibition of enzymatic activity by end products of the biodeg-
radation, ineffective adsorption of enzymes (on lignin, for instance) thermal stability of
enzymes, duration of the hydrolysis, pH, concentration of substrate in the medium, and
agitation speed [11].

In enzymatic hydrolysis processes, there are some important phenomena that finally
control the overall rates of reaction. For hydrolyses in batch-stirred reactors, the overall
reaction rate is determined by the rates of three events occurring in sequence: (a) the rate
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of (external) mass transfer of the enzyme, (b) the rate of diffusion/adsorption of the
enzyme on the substrate surface, and (c) the rate of the cellulase catalytic action. After a
first initial stage, the overall reaction rate is subject to (internal) diffusion and adsorption
of the enzyme on the solid substrate. Most authors do not consider the external mass
transfer resistances. The adsorption of enzymes and the formation of enzyme-substrate
complexes are considered crucial steps in this process. Adsorption of cellulase on the
insoluble cellulose has been described as reversible, irreversible, and semireversible
(thus, literature is inconclusive on this subject [12]).

Modeling the enzymatic hydrolysis of lignocellulosic materials is probably one of
the most challenging subjects in bioreactor engineering science. The challenges of this
problem can be grouped into three classes—the complexity of the substrate, the action
of the enzymes, and the enzyme-substrate interactions. There are different approaches
for this modeling. Zhang and Lynd [13] grouped kinetic models of the enzymatic
hydrolysis of biomass according to the level of detail of their description of the
substrate and/or of the activities of the different enzymes that are acting. According to
these authors, models can be classified as nonmechanistic, semimechanistic, function-
ally based, and structurally based.

Engineering practice for design and optimization of the hydrolysis bioreactor has
been based mainly on different empirical and semi-empirical approaches (nonmecha-
nistic and semimechanistic models), including simple kinetic equations [14]. The most
common semimechanistic approach is based on pseudohomogeneous Michaelis-Menten
models, i.e., despite being actually a solid, the substrate is treated as a soluble
reactant, characterized by its concentration. Bezerra and Dias [15] investigated the
kinetics of one exoglucanase in the presence of cellobiose using different enzyme/
substrate (Avicel) ratios. It was found that the cellulose hydrolysis rate followed a
pseudohomogeneous Michaelis-Menten model that takes into account competitive
inhibition by cellobiose. A second class of semimechanistic rate equations pictures a
system closer to the real one, considering that the substrate is in solid form and that
the soluble enzyme has to adsorb to (and desorb from) it. Carrillo et al. [16] studied
the kinetics of the hydrolysis of pretreated (with sodium hydroxide) wheat straw using
different concentrations of a commercial cellulase (Novozymes A/S). Initial rates of an
equation derived from a Michaelis-Menten mechanism were measured, assuming solid
substrate and soluble enzyme. The initial rate of hydrolysis can be expressed as a
function of the initial enzyme concentration in a modified Michaelis-Menten model.

Finally, in Chrastil’s semimechanistic model [17, 18], all time constants of the rate
of product formation are ranked, taking into account that in a heterogeneous system
the time curves depend strongly on rate-limiting phenomena such as enzyme (internal)
diffusion and adsorption.

Many kinetic rate equations were developed for model substrates such as Avicel,
CMC, or Solca Floc. However, real substrates do not show the same characteristics as
pure cellulose. These substrates may not represent well the hydrolysis of biomass,
where cellulose is combined with other components (hemicellulose and lignin).
Carvalho et al. [19, 20] investigated the kinetics of the enzymatic hydrolysis of three
cellulosic substrates (added to the bioreactor in low and high loads)—filter paper
(FP), used as a delignified substrate model, steam-exploded sugarcane bagasse (SB),
and acid treated SB. The latter two were also treated with 4 % NaOH. Kinetic models
were fit for these different lignocellulosic substrates, and different functional forms of
the rate equations (Michaelis-Menten-like and Chrastil equations) were tested for
different types of substrates.
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However, due to the complexity of the reactional system, it becomes difficult to
use a single semimechanistic kinetic model for the different hydrolysis conditions that
appear while the reaction proceeds. An interesting idea would be to combine the
attributes of the different “local” models adjusted by Carvalho et al. [19, 20] in a
“global” system, calculating the rate of hydrolysis (incorporating models fitted for
different hydrolysis conditions). A first step towards this development is the classifi-
cation of the experimental data from Carvalho [19, 20] into an adequate number of
clusters. This classification is important for determining kinetically similar regions.

Clustering of numerical data forms the basis of many classification algorithms for prepro-
cessing experimental data. The purpose here is to identify natural groupings in a set of data in
order to improve the representation of the system behavior. A popular technique for grouping
data is associated with fuzzy logic, and is known as fuzzy C-means (FCM), as described in the
“Theory” section of this paper.

The aim of this paper is to develop a fuzzy interpolator for kinetic modeling based
on simple models to obtain a “global” model (combining these simple models),
covering a broad range of hydrolysis conditions. The present paper intends to assess
how the interpolation of simple semimechanistic models adheres to experimental data
of enzymatic hydrolysis of cellulosic substrates. Three kinetic models were consid-
ered—pseudohomogeneous Michaelis-Menten, modified Michaelis-Menten, and
Chrastil models, all previously fitted by Carvalho et al. [19, 20].

Materials and Methods
Fuzzy Interpolator Design

Experimental data from Carvalho [19, 20], of hydrolysis with different lignocellulosic
substrates (filter paper; exploded bagasse treated with 4 % NaOH, low and high load;
bagasse treated with 1 % H,SO,4 and 4 % NaOH, low and high load), were grouped
using the FCM clustering technique. The data were clustered into different classes, so
that each different class matches a different kinetic model. For clustering, the vari-
ables used were percentage of cellulose load in the reactor and lignin content
(percentage) with regard to the substrate composition.

Initially, Carvalho [19, 20] carried out filter paper studies in 250-mL Erlenmeyer flasks, in a
total reaction volume of 20 mL, with 0.5 FPU mL_lsoluﬁon, at pH 4.8, in 50 mM sodium citrate
buffer. The experiments were run using a refrigerated incubator (Marconi MA-832) with
agitation set at 250 rpm at 50 °C. The initial substrate concentration of 3.85 % (Weeliulose!
Wiotal) Was considered. For the exploded sugarcane bagasse treated with 4 % NaOH, hydrolysis
experiments were also performed in 250-mL Erlenmeyer flasks, with a liquid volume of
30 mL, by adding 0.85 FPU mLﬁlsoluﬁom at pH 4.8, in 50 mM sodium citrate buffer. The
initial percentage of 2.9 % (Weellulose/Wiotal)> COTTresponding to a potential glucose concentration
0f 33.33 gG1ucose L oution, Was taken into account. Also, an assay was performed by setting
the initial substrate at 6.54 % (Weellulose/Wiotal)s cOITesponding to a potential glucose concen-
tration of 77.77 gGiucose L 'sotution- FOI the bagasse treated with 1 % H,SO, and delignified
with NaOH 4 %, similar procedures were carried out. For the determination of glucose
concentration from samples taken during the hydrolysis assays, an enzymatic kit was used
by Carvalho [19, 20]. To calculate the cellulose load in the reactor and the lignin content with
regard to the substrate composition along time, taking into account the initial chemical
characterization of the substrates (for cellulose, lignin, hemicellulose, and ashes) and the
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consumption of cellulose along time in each experiment of Carvalho [19, 20], the following
calculations were performed:

100 x remaining cellulose (g)
Wrotal (g)

(1)

% of cellulose in the reactor =

100 x lignin (g)
lignin (g) + remaining cellulose (g) + hemicellulose (g) + ashes (g)

(2)

lignin content =

Based on the clustering, a fuzzy interpolator was generated for the interpolation of
different simple semimechanistic models (those presented in Table 1). The study was
conducted using the software MATLAB.

The command line function fem of MATLAB starts with an initial estimate for the cluster
centers, which will be the average position of each cluster. The initial estimate for these cluster
centers is probably incorrect. Furthermore, the function fcm calculates, for all data points, 1
degree of membership with regard to each cluster. By iterative updating the position of these
cluster centers and the degree of membership of each data point, the function fem iteratively
moves the cluster centers within a dataset. These iterations are based on minimizing an
objective function that represents the distance from any given data point to a cluster center,
weighted by the degree of membership of that point.

The information returned by FCM was used to build a fuzzy inference system by creating
membership functions to represent the fuzzy qualities of each cluster. The classification was
used to generate an inference algorithm to represent the system behavior (rate of hydrolysis
according to the conditions of hydrolysis) using a minimum number of fizzy rules. The
predictions of the “global” model proposed here were compared with experimental data of
enzymatic hydrolysis of a synthetic (cellulosic) substrate.

Table 1 Semimechanistic kinetic models and kinetic parameters used to develop the fuzzy interpolator for the
enzymatic hydrolysis of lignocellulosic materials [19, 20]

Model Equation Parameters

V xS : ! min!
Model 1 ' ' V= e BT Vinax: 0.09 g L™ min
Pseudohomogeneous Michaelis-Menten K, 4511 gL
(MM) model, with inhibition—studies ”

originated with filter paper Kp413 gL
V S . -1 e |
]E/izsgi)—zhomogeneous MM with CE Z:axg(.)/; OgSL%IL o
competitive inhibition 1
K;:591 gL
— K E S g Ee |
Viodiiod MM Model wih inibiton " RRE ;;02020 (3)2 :l;]
K;:20.18 g L™
Model 4 P=P,[1—exp(—k'Eq)]" Poo: 3333 g L
Chrastil K:249E7L g min’
Eo:783 gL
n: 0.33
Model 5 P0:77.77 gL'
Chrastil b k:496E-8 L g ' min'
Eo:13.05g L™
n: 0.30
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Validation Test
Enzyme

The commercial complex of cellulases Accellerase® 1500, from Tiichoderma reesei,
donated by Genencor ® (Palo Alto, CA, USA), was used. According to the manu-
facturer, this complex contains multiple enzymatic activities, different exoglucanases
and endoglucanases, beta-glucosidase, and hemicellulase. This complex operates at
50 °C and pH 4.8. In long-term experiments, 50 °C is a good choice to minimize
temperature inactivation. To determine the complex overall activity, the method of
total reducing sugars (TRS) was applied, making use of 3,5-dinitrosalicylic acid
(DNS) and Whatman filter paper no. 1 [21-23].

Enzymatic Hydrolysis of a Synthetic Substrate

Two cellulosic materials were used to compose a synthetic substrate—qualitative filter paper
(Satelit, Brazil) and in natura sugarcane bagasse (Saccharum officinarum), donated by the
Center for Sugarcane Technology (CTC), Piracicaba, SP, Brazil.

The synthetic substrate was prepared from the in natura sugarcane bagasse and the filter
paper with a ratio of 1:1 (w/w). This was done in order to obtain a substrate with a lignin
percentage between 0 and 20 % (12 %) in order to validate the model interpolator (since this is
a new condition, different from Carvalho’s [19, 20]).

Experimental Conditions

The hydrolysis experiment was carried out in Erlenmeyer flasks with 50 mL of
50 mM sodium citrate buffer, at pH 4.8 and 20 FPU g_lceuulose of Accellerase®
1500, corresponding to 1.2 FPU mL ' ution. The experiment began with the addition
of 4.32 g of synthetic substrate (50 % of paper filter—50 % of sugarcane bagasse) in
order to obtain an initial concentration of potential glucose of 66.66 g L~'. The
synthetic substrate was hydrolyzed at 50 °C and 250 rpm for a total time of 72 h.
Experiments were run in triplicate.

Sugar Quantification

Glucose and cellobiose were determined by high performance liquid chromatography (HPLC)
using a Shimadzu SCL-10A chromatograph with a refractive index detector Shimadzu RID-
10A, column Aminex HPX-87H (300%7.8 mm, Bio-Rad) with 0.005 mol L! H,SO, as
mobile phase at a flow rate of 0.6 mL min ' and oven temperature of 45 °C.

Theory

FCM is a technique for grouping data where each data point belongs to all clusters,
but in a different intensity—which is specified by the degree of membership of this
point to each cluster. Such a technique was originally introduced by Bezdek [24] as
an improvement in prior methods [25]. Here, the number of cluster is predefined.
There are other techniques that can be used when the number of clusters is not
previously known [26].
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The FCM algorithm performs the steps listed in the following [25, 27, 28]:

1. Centers of the clusters are chosen randomly, and for each point in the dataset the distance
to each center is calculated by Eq. (3).

. T .
ij = (u(l)—c/-) Z (u(z)—cj) (3)
where u(i) is a data point, j is the number of clusters, and ¢ is the chosen center.
2. After that, the degree of membership of each data point (for each cluster) is calculated,
using Eq. (4).

= @

C Bl
2 /2 )T
> (05/03)

=1

where 1 is the degree of membership, v is a weighting exponent, between 1 and oo (when
there is no prior knowledge, 2 is a good estimate [25, 27, 28]), and C is the number of
centers.

3. After this step, the centroid is computed for each cluster, which can be obtained from

Eq. (5.

-

Hiti
=1 (5)
z

Cj =

M=

i=1

N represents the number of existing data. The centers are modified until an objective
function, represented by / in Eq. (6) is minimized.

1=3" 3" (i) =) (ulh) —¢)) (6)

=1 =1

Results and Discussion

Clustering of numerical data forms the basis of many classification and system
modeling algorithms. Initially, natural groupings (clusters) from experimental data of
Carvalho [19, 20] were identified. Figure 1 shows the experimental dataset, percentage
of cellulose in the reactor versus percentage of lignin with regard to the substrate
composition, during the hydrolysis processes, i.c., along time, to determine the centers
of the clusters. It is worth noticing that although we refer to the variable time, the
time itself is not an input variable for grouping the dataset (only percentage of
cellulose in the reactor and percentage of lignin). The data are for the five different
lignocellulosic substrates previously mentioned (filter paper (1); exploded bagasse
treated with 4 % NaOH, low (2), and high load (3); bagasse treated with 1 %
H,SO,4 and 4 % NaOH, low (4) and high load (5)) (Fig. 1).
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Fig. 1 Percentage of cellulose in the reactor versus percentage of lignin with regard to the substrate composition,
during the hydrolysis processes, for the experimental data of Carvalho [19, 20]. The data are for five different
lignocellulosic substrates (filter paper (/); exploded bagasse treated with 4 % NaOH, low (2) and high load (3);
bagasse treated with 1 % H2SO4 and 4 % NaOH, low (4) and high load (5))

We use MATLAB to show the experimental data graphically, where the Y-axis
represents the percentage of cellulose load in the reactor (%) and the X-axis the
percentage of lignin with regard to the substrate composition (%). In MATLAB,
invoking the command-line function fem, it was possible to find five clusters in this
dataset (until the objective function, objFcn, was no longer decreased). Function fem
returned a vector containing the coordinates of the five cluster centers, other vector
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Fig. 2 First output for the clustering process. Empty triangle Center of the cluster for filter paper; asterisk center
of the cluster for exploded bagasse treated with 4 % NaOH (low percentage of cellulose); multiplication symbol
center of the cluster for exploded bagasse treated with 4 % NaOH (high percentage of cellulose); empty circle
center of the cluster for bagasse treated with 1 % H2SO4 and 4 % NaOH (low percentage of cellulose), positive
symbol center of the cluster for bagasse treated with 1 % H2SO4 and 4 % NaOH (high percentage of cellulose)
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Fig. 3 Second output for the clustering process

containing the membership degrees for each one of the data points, and a history of
the objective function along the iterations.

After running fcm function, two results were obtained due to the initial random choice of
the cluster centers. The two possible outputs are shown in Figs. 2 and 3.

The first output was selected (Fig. 2) since each different cluster center is associated with a
different hydrolysis substrate (filter paper (A); exploded bagasse treated with 4 % NaOH, low
(*) and high (X) load; bagasse treated with 1 % H,SO,4 and 4 % NaOH, low (O) and high (+)
load), providing a more intuitive response.

1.2 e

Degree of membership

0 05 1 1.5 2 25 3 35 4 45 5 55 6 65 17

Cellulose in the reactor (%)

Fig. 4 Membership functions for determining the degree of membership (for cellulose load). Each cluster center
corresponds to the maximum degree of membership (=1) of a particular linguistic value (for the linguistic
variable cellulose load). The straight lines connecting the data points (cluster centers) characterize intermediate
degrees of membership within two adjacent linguistic values
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Fig. 5 Membership functions for determining the degree of membership (for lignin content). Each cluster center
corresponds to the maximum degree of membership (=1) of a particular linguistic value (for the linguistic
variable lignin content). The straight lines connecting de data points (cluster centers) characterize intermediate
degrees of membership within two adjacent linguistic values

In addition to the figures, the program also provides the coordinates of the cluster
centers, which were then used in the creation of functions for determining the degree
of membership for the two inputs, cellulose load in the reactor and lignin content, as
shown in Figs. 4 and 5.

Each cluster center corresponds to the maximum degree of membership (=1) of a particular
linguistic value (for the linguistic variables cellulose load and lignin content).

As one can see in Figs. 4 and 5, some maximum degree of memberships (=1) were very
close to each other, making it suitable to fuse some linguistic values. The final membership
functions are shown in Figs. 6 and 7.
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Degree of membership

0.2

0 05 1 1.5 2 25 3 35 4 45 5 5.5 . 6 6.5 7
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Fig. 6 Final membership functions to determine the degree of membership (for cellulose load)
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Fig. 7 Final membership functions to determine the degree of membership (for lignin content)

For input variable percentage of cellulose in the reactor, the left trapezoidal membership
function in Fig. 6 was assigned the linguistic value “low load”, and the function on the right
was assigned the value “high load”. For the input variable percentage of lignin (Fig. 7), in turn,
the triangular function on the left was assigned the value “low lignin,” the central trapezoidal
region, “medium lignin”, and the right, “high lignin.”

With the equations of the straight lines (linear equations) associated with the linguistic
values of the linguistic variables, a fuzzy inference system was generated representing the
system behavior (rate of hydrolysis depending on the conditions of hydrolysis) using a
minimum number of rules. These rules are:

Rule (1) If the percentage of cellulose is low or high and the percentage of lignin is low, the
hydrolysis rate follows kinetic model 1.

7 7
65 65
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55 " 55
—_~ |
S 5 . 5
5 45 - 45
g 4 - 4
o35 35
D . .
= 5]
= AN “a 3
g 25 b3 O . 25
E "a
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© s 15
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05 05
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0 2 4 6 8 10 12 14 16 18 20 22 24
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Fig. 8 Experimental data (percentage of cellulose in the reactor and percentage of lignin with regard to the
substrate composition) for the validation experiment, in relation to cluster centers
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Fig. 9 Potential glucose concentration profiles. Comparison of experimental and simulated data for synthetic
substrate. Error bars are standard errors of independent triplicate experiments. Operating conditions are 50 °C,
pH 4.8, enzyme concentration of 1,200 FPU L sotution and initial potential glucose concentration of 66.66

1
Epotential_glucose L solution

Rule (2)
Rule (3)

Rule (4)

If the percentage of cellulose is low and the percentage of lignin is medium, the
hydrolysis rate follows kinetic model 2.
If the percentage of cellulose is high and the percentage of lignin is medium, the
hydrolysis rate follows kinetic model 3.
If the percentage of cellulose is low and the percentage of lignin is high, the
hydrolysis rate follows kinetic model 4.
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Fig. 10 Product concentration profiles. Comparison of experimental and simulated data for synthetic substrate.
Error bars are standard errors of independent triplicate experiments. Operating conditions are 50 °C, pH 4.8,
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Rule (5) If the percentage of cellulose is high and the percentage of lignin is high, the
hydrolysis rate follows kinetic model 5.

In these rules, the kinetic models 1-5 are:

Kinetic model 1  Pseudohomogeneous Michaelis-Menten (MM) model, with inhibition stud-
ies originated with filter paper.

Kinetic model 2 Pseudo-homogeneous MM with competitive inhibition.

Kinetic model 3 Modified MM Model with inhibition.

Kinetic model 4 Chrastil model.

Kinetic model 5 Chrastil model b.

Validation Test

Figure 8 shows the experimental data for percentage of cellulose in the reactor and percentage
of lignin with regard to the substrate composition for the validation experiment (in relation to
cluster centers).

Figures 9 and 10 show the comparison of the “global” model predictions compared to
experimental data of enzymatic hydrolysis of the synthetic (validation) substrate, which was
not used in the processes of clustering and model building. The simulated responses shown in
these figures, provided by the integrator, were built initially considering the relevance of
models 2, 3, 4, and 5. With the progress of the experiment, the interpolator gently tended to
consider mainly Chrastil model 4.

Figure 10 compares the glucose simulated by the fuzzy interpolator (“global” model)
and glucose obtained experimentally for a total time of 120 h of hydrolysis. It can be
seen that between 0 and 15 h, the interpolator represents the experimental data very well.
However, within the interval between 15 and 45 h, the interpolator response does not
adhere perfectly to the experimental data due to the higher standard error associated with
the experimental measurements of glucose concentration within this interval. Finally,
after 45 h, the experimental and simulated data increased gradually up to ~33 g L', until
hydrolysis is completed. A major advantage in using this interpolator is that retuning of
the parameters of the simple “local” models is not necessary.

Conclusion

The presented results support the idea that a fuzzy interpolator for enzymatic hydrolysis of
lignocellulosic materials can be an important modeling tool and a feasible methodology for
representing the process in a robust and reliable way. Other important factor to be noticed is
that this methodology can be applied for enzymatic hydrolysis of lignocellulosic materials
different from sugar cane bagasse, such as soy hulls and sugar cane straw. After “local”
kinetic models are adjusted and characterized for the lignocellulosic materials, it is possible
to develop a fuzzy interpolator for kinetic modeling based on simple models for obtaining a
“global” model covering a broad range of hydrolysis conditions.
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