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PERES, Louise Manha. Inteligéncia computacional e légica fuzzy na classificacio da
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RESUMO

A classifica¢do da qualidade da carne suina é de extrema importincia, uma vez que a partir
desta podemos avaliar direta e indiretamente as acdes tomadas na cadeia produtiva. Inumeros
sdo os padrdes de classificagdo descritos na literatura, ndo havendo consenso entre eles no que
se refere a quantidade de classes nem tampouco em relacdo aos limiares entre classes. E estes
limiares sdo rigidos, ou seja, para uma amostra ser classificada ela tem que se encaixar
numericamente nos limiares maximo e minimo de uma classe e por isso ¢ comum haver
amostras que nao se enquadram em nenhuma classe devido aos fatores intrinsecos e
extrinsecos que afetam a qualidade da carne, sendo nesta ocasido denominadas amostras nao
factiveis. "Qual padrdo escolher para classificar a qualidade tecnoldgica da carne?" e "O que
fazer para classificar uma amostra quando ela ndo se enquadra em nenhuma classe?". As
solugdes para esta problemdtica sdo apresentadas nos dois artigos que compdem esta tese.
ARTIGO [I. "Meta-recommendation of pork quality standards" - através da meta-
recomendacdo, utilizando o algoritmo de arvore de decisdo J48 obtivemos resultado de
maximo desempenho para o meta-modelo, considerando as medidas de acuricia, coeficiente
kappa, verdadeiro-positivo, falso-positivo, precisao, revocacao e F-measure (média ponderada
entre precisdo e revocacao). Sendo assim, é notdria a contribui¢do destes resultados para
direcionar com confiabilidade o padrdo de qualidade de carne suina mais adequado a qualquer
dataset em estudo. ARTIGO II: "Fuzzy approach for classification of pork into quality
grades: coping with unclassifiable samples" - quando classificamos as amostras com a 16gica
classica, segundo os limiares rigidos dos padrdes descritos, facilmente encontramos amostras
nao factiveis. Em fun¢do disto, muitos lotes de carne podem ser direcionadas para nichos de
mercados ndo condizentes com suas caracteristicas tecnoldgicas. Os resultados encontrados
nesse artigo foram relevantes, pois a porcentagem de amostras nio factiveis foi reduzida
consideravelmente quando utilizada a légica fuzzy em comparagdo a légica cldssica. Com este
trabalho conseguimos preencher satisfatoriamente vérias lacunas da classificacdo da qualidade
da carne suina. Inicialmente fizemos a meta-recomendacdo do padrio mais adequado ao
dataset e na sequéncia aplicamos a ldgica fuzzy para aumentar a porcentagem de amostras

classificaveis. Assim, € notdria a contribui¢do da logica fuzzy como uma ferramenta vidvel e



confidvel para comercializar produtos carneos estrategicamente em funcio de sua classe de

qualidade.

PALAVRAS-CHAVE: Aprendizado de maquina. Arvore de decisdo. Classes. Factiveis.

Meta aprendizado. Padroes.



PERES, Louise Manha. Computational intelligence and fuzzy logic in the pork quality
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ABSTRACT

The pork quality classification is extremely important, since it allows us to directly and
indirectly evaluate actions taken in the production chain. There are innumerous classification
standards described in the literature, but no consensus about the quantity of classes and their
threshold values. Moreover, the thresholds are inflexible, meaning that for a sample to be
classified it has to fit numerically into the maximum and minimum thresholds of a class.
However, it’s common to have samples that do not fit in any class due to intrinsic and
extrinsic factors that affect the pork quality, being in this occasion named infeasible samples.
In this scenario, the questions "Which standard to choose in order to classify the pork
quality?" and "What to do in order to classify a sample when it doesn’t fit into any class?"
arise. The solutions for these problems are presented in the two papers contained in this
thesis. PAPER I. "Meta-recommendation of pork quality standards” - With the meta-
recommendation, using the decision tree algorithm J48, we obtained maximum performance
for the meta-model, considering the measures of accuracy, kappa coefficient, true-positive,
false-positive, precision, recall and F-measure (weighted average between precision and
recall). Thus, the contribution of these results is notorious for a reliable definition of the most
adequate pork quality standard to any dataset under study. PAPER II: "Fuzzy approach for
classification of pork into quality grades: coping with unclassifiable samples” - When we
classify samples with the classical approach, according to the inflexible thresholds of the
described patterns, we can easily find infeasible samples. As a consequence, many meat
batches can be targeted to market niches that do not match with their technological
characteristics. The results found in this article were relevant, since the percentage of
infeasible samples was considerably reduced when using fuzzy logic in comparison to
classical logic. Therefore, we were able to satisfactorily fill many gaps of the pork quality
classification. We initially made the meta-recommendation of the most appropriate pattern to
the dataset and subsequently applied the fuzzy logic to increase the percentage of classifiable
samples. Hence, the contribution of the fuzzy logic is notorious as a viable and reliable tool to

strategically market meat products in function of its quality class.
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1 INTRODUCAO

Em 2017, o Brasil foi o quarto maior produtor e exportador de carne suina,
produzindo 3.731 mil toneladas e exportando 19,6% da produgdo. J4 o consumo per capita de
carne suina no pais foi de 14,4 kg (ABPA, 2017). Em face da importancia do mercado da
carne suina e do seu valor como alimento, a cadeia produtiva estd cada vez mais preocupada
com sua qualidade.

A qualidade da carne € dependente da interacdo dos fatores intrinsecos e
extrinsecos aos animais (RAMOS, GOMIDE, 2007), sendo sua caracterizacdo bastante ampla,
abrangendo aspectos sensoriais (cor, suculéncia, sabor, odor, maciez), tecnolégicos (pH,
capacidade de retencdo de dgua) e nutricionais (quantidade de gordura, perfil dos 4cidos
graxos, grau de oxidacdo, porcentagem de proteinas, vitaminas e minerais) (WARRIS et al.,
1996; FAO, 2015).

Existem vdérios padroes de qualidade da carne suina descritos na literatura e
ha grande variacdo entre as classes, seja em quantidade e/ou limiares, os quais se apresentam
fixos para cada pardmetro avaliado.

Assim, a meta-recomendacdo de padroes de qualidade de carne torna-se
interessante, pois a escolha € fundamentada em modelo matematico, conferindo maior
eficiéncia de classificacdo. A indicacdo do padrio mais adequado € realizado com a
abordagem de meta-learning, apoiada pelo algoritmo de classifica¢do arvore de decisao.

Entretanto, apesar da meta-recomendacdo do padriao de qualidade mais
adequado, inevitavelmente constata-se a presenga de amostras nao factiveis (infeasibles),
visto que a definicdo da qualidade tem comportamento ndo exato, ou seja, nao apresenta
limiares rigidos, o que dificulta sua classificacao.

Para elucidar esse problema de amostras infeasibles, podemos fazer uso da
l6gica nebulosa (a qual serd reportada neste trabalho como 16gica fuzzy). Esta abordagem tem
a capacidade de combinar a imprecisdo associada aos eventos naturais, onde ndo existem
somente respostas extremas (permitindo o meio termo, exemplo, graus de qualidade) e
juntamente com a programacao computacional das maquinas que permitem produzir sistemas
de respostas inteligentes (COX, 1994).

Logo, a meta-recomendacdo e aplicacdo da logica fuzzy para as amostras

infeasibles podem ser consideradas como importantes ferramentas de gestdo para apoiar
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tomadas de decisdo e/ou avaliacdo de processos (TRZESNIAK, 1998), principalmente por
permitir uma defini¢do mais precisa da qualidade da carne.

Com este trabalho, objetivou-se fazer a meta-recomendacdo do padrido de
qualidade de carne suina mais adequado ao conjunto de dados em questdo e para as amostras
ditas infeasibles, aplicar a l6gica fuzzy, tornando possivel classificar maior porcentagem de

amostras € com mais precisao.
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2 HIPOTESE

v' A meta-recomendagio € eficiente na indica¢do do padrio de qualidade de carne mais
adequado para um determinado conjunto de dados através do algoritmo de
classificacdo arvore de decisdo (J48).

v O uso dos principios da lI6gica fuzzy auxilia na identificacéo de amostras infeasible.

3 OBJETIVOS

3.1 GERAL

v Avaliar a eficiéncia de indica¢do do padrao de classificacdo de qualidade da carne
suina mais adequado utilizando a meta-recomendacdo e classificar as amostras ditas

infeasibles valendo-se da logica fuzzy.

3.2 OBJETIVOS ESPECIFICOS

v’ Apurar a capacidade da meta-recomendagdo de identificar o padrdo de qualidade de
carne suina mais adequado para um dataset utilizando o algoritmo de classificagao
arvore de decisao (versao J48).

v’ Testar a l6gica fuzzy com abordagem fop-down para classificar as amostras de carne
suina comparada a logica cldssica e abordagem fuzzy bottom-up e algoritmos de

machine learning.
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4 REVISAO

A revisdo da tese foi organizada de modo a facilitar a compreensdo dos
temas que norteiam os dois artigos que a compdem.

O primeiro artigo tem foco em inteligéncia computacional com €nfase em
meta-learning € machine learning. J4 o segundo artigo tem sua esséncia na logica fuzzy e suas

diferentes abordagens (top-down e bottom-up) (Figura 1)

FIGURA 1 - Organizacgdo da revisao da tese.

INTELIGENCIA COMPUTACIONAL LOGICA FUZzY
ALGORITMOS DE MACHINE LEARNING Abordagem Top Down

Abordagem Bottom-up

Decison Tree (Arvore de Decisdo)
Naive Bayes
Artificial Neural Network (Redes Neurais Artificiais)
Support Vector Machines
Random Forest
Fuzzy Chi / Fuzzy W

META-LEARNING J

Fonte: O AUTOR

4.1 QUALIDADE DA CARNE

A qualidade da carne ndao possui uma defini¢cdo tnica (COMA; PIQUER,
1999; FAO, 2014), por isso torna-se fundamental compreender e considerar as preferéncias

regionais dos consumidores.
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Genericamente, a percep¢do de qualidade ao nivel do consumidor estd
vinculada ao preco, aparéncia da embalagem, cor, corte, teor de gordura e satisfacdo apds a
degustacdo (suculéncia, maciez e sabor), de modo a interferir na fidelizacio ou ndo ao
produto (DAGUER, 2009).

Os fatores que resultam na qualidade estdo relacionados com os atributos
sensoriais (cor, sabor, odor, maciez, marmoreio), nutricionais (dcidos graxos, aminoacidos
essenciais, vitaminas e minerais), higi€nicos (contamina¢do por microrganismos patogénicos)
e tecnoldgicos (pardmetros fisico-quimicos: pH, capacidade de retencdo de 4gua, oxidagdo
lipidica, entre outros) (RODRIGUES, 2007).

Atributos sensoriais e tecnoldgicos sdo analisados em conjunto muitas vezes

por estarem fortemente correlacionados, como poderemos constatar na sequéncia.

4.1.1 Transformacdes post mortem e qualidade de carne

Prontamente, apds o abate dos animais, se iniciam muitas mudancgas
bioquimicas que ocorrem no periodo post mortem e que resultam na transformagdo do
musculo em carne, caracterizado pelo estabelecimento do rigor mortis € da maturacio natural
da carne. Assim, o principal evento bioquimico que ocorre durante o estabelecimento do rigor
mortis € a acidificacdo muscular, ou seja, alteracdo do pH (ZIMERMAN, 2008).

Com a morte do animal, ndo cessam repentinamente nos musculos todas as
suas fungdes, por algum tempo se mantém no musculo os mesmos mecanismos aerébicos do
animal vivo (ARIMA, 2002).

Apds cessar o suprimento de oxigénio, o metabolismo muscular energético
torna-se anaerdbio, havendo producdo de apenas 8% de ATP em comparagdo ao metabolismo
aerobico (ROCA, 2015) e aumento da sintese e concentracdo de lactato (MORAES, 2004).

Ao se esgotar a reserva de fosfocreatina inicia-se o declinio do nivel de ATP
no musculo, pois as reservas de energia sdo degradadas rapidamente quando no metabolismo
anaerdbico, exaurindo primeiro a creatinafosfato, seguida pelo glicogénio (que se degrada até
acido lético e produz moléculas de ATP) e outros carboidratos e, finalmente o ATP (ROCA,

2015).
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N

Devido a glicélise e a hidrdlise do ATP para obtencdo de energia para
mantenca da atividade muscular, geram-se fons H', caracterizando a queda inicial do pH, que
ocorre antes da transformagao do piruvato em lactato (LAWRIE, 2005).

O pH € elementar para a qualidade da carne, apresentando influéncia em
muitos parametros da qualidade, sendo que a sua velocidade de declinio e o valor final apds o
sacrificio dos animais afetam os parametros sensoriais e tecnoldgicos da carne (ZIMERMAN,
2008).

Alguns fatores interferem normalmente na queda do pH muscular. Dentre os
fatores intrinsecos, destacam-se o tipo de fibra muscular (brancas: glicoliticas de contracdo
rapida e anaerdbicas / vermelhas: oxidativas de contragdo lenta e aerdbicas), velocidade da
decomposi¢do das reservas de glicogénio, inativacdo das enzimas da cadeia respiratoria que
atuam como receptoras de hidrogénio, dentre outros; e a exemplo dos extrinsecos, 0 manejo
pré-abate (da propriedade até o abate), temperatura de resfriamento, maturacao, entre outros
(ARIMA, 2002; MANTESE, 2002; MAGANHINI et al., 2007; LUDTKE, 2012).

Outro parametro de relevancia para a qualidade da carne € a capacidade de
retencdo de 4gua (CRA) e sua definicdo se refere a habilidade da carne em reter 4gua durante
a aplicacdo de for¢a (compressdo, drip loss, cisalhamento) ou tratamento externo (cocgao,
etc). Esta habilidade de reter 4gua depende basicamente das condi¢cdes em que se realiza a
mudanca de pH durante a transformacgao post mortem do musculo em carne, ou seja, se o pH
se aproxima mais ou menos do ponto isoelétrico das proteinas (HUFF-LONERGAN, 2005;
SILVA SOBRINHO et al., 2005; ROCA, 2015 ). Tal parametro desperta o interesse de muitos
estudos por influir no aspecto da carne antes do cozimento e no seu comportamento durante o
processo de cocg¢do, visto que apresenta correlagdo com a suculéncia da carne e derivados
(PARDI et al., 2001).

Em decorréncia da queda do pH post mortem, hé alteracdo da estrutura das
fibras musculares, havendo desnaturacdo e perda de solubilidade das proteinas musculares, de
maneira a influenciar na perda da capacidade de atrair 4gua destas proteinas. E esta condi¢ao
denomina-se efeito de carga neutra (ROCA, 2015).

A 4gua estd no musculo sob trés formas: imobilizada, ligada ou livre. Quando
na forma imobilizada as moléculas de dgua se unem, perdendo a forca entre suas ligacdes a
medida que se distanciam dos grupos reativos de proteinas. Quando ligada, a molécula de dgua
apresenta-se fortemente associada a grupos reativos de protefnas. Nestas condi¢des, mesmo sob

pressOes externas, a dgua persiste no musculo. E, na forma livre, a ligagdo entre as moléculas de
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dgua se da por forcas superficiais, sendo esta encontrada em maior porcentagem no misculo
(ANNE, 2011).

A CRA ¢ menor em pH que varia de 5,2-5,3, que corresponde ao ponto
isoelétrico das proteinas miofibrilares. Todavia, quando o pH est4d acima do ponto isolétrico,
passa a ter excesso de cargas negativas, as quais determinam a repulsdo dos filamentos,
deixando maior espaco para as moléculas de dgua, aumentando a capacidade de retencdo de

4gua (GOMIDE; RAMOS; FONTES, 2013) (Figura 2).

FIGURA 2 - Capacidade de reten¢do de d4gua em funcdo do pH.
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Fonte: Adaptado de GOMIDE; RAMOS; FONTES (2007).

Ja o atributo da cor é um dos que mais interferem na comercializacido da
carne, visto que a grande maioria dos consumidores considera o aspecto visual como fator
preponderante para efetuar ou ndo a compra do produto, sendo a “medida” de qualidade mais
6bvia para o consumidor (SARANTOPOULOS, PIZZINATTO, 1990).

A cor da carne estd vinculada ao tipo de fibra muscular predominante, a
quantidade de proteinas pigmentadas, citocromo, hemoglobina e mioglobina, sendo esta
ultima encontrada em maior quantidade na carne e a principal responsdvel pela cor

(MANCINI; HUNT, 2005).
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A mioglobina tem um grupo heme, o qual contém uma molécula de ferro,
que se liga ao oxigénio para transportd-lo ao organismo. O ferro contido no grupo heme se
liga ao oxigénio, e pode assumir vérias formas quimicas, logo a quantidade de mioglobina e o
estado de oxidacdo do ferro conferem a cor final da carne (RAMOS; GOMIDE, 2007).

A mioglobina pode se apresentar na forma reduzida de coloragdo vermelho
purpura, de oximioglobina com colora¢do vermelho brilhante, e metamioglobina de coloragao

marrom (SWATLAND, 2004) (FIGURA 3).

FIGURA 3 — Interconversdes da mioglobina redox na superficie de carnes.
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Fonte: Adaptado de VITALE (2015).

Além da forma da mioglobina, deve-se também considerar a capacidade de
retencdo de dgua, ja que a luz € refletida ndo somente na camada externa da carne, mas
também dentro do tecido muscular (ADZITEY; NURUL, 2011).

Muitos fatores afetam a cor da carne, além do pH e da CRA, a exemplo das

condicdes de abate (manejo pré-abate, susceptibilidade do animal ao estresse, etc), falta de
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higiene no abate e no manuseio dos cortes durante a desossa (maximizando a probabilidade de
contamina¢cdo microbiana), temperatura de armazenamento, intensidade e tipo de luz nas
gondolas, dentre outros (GALLO, 2006).

Utilizando os parametros de pH, capacidade de retencdo de dgua e cor, é
possivel caracterizar a qualidade da carne suina em classes, segundo algumas metodologias
propostas. Estas classificacOes apesar de compartilharem da mesma ideologia, por
considerarem o pH, CRA e/ou cor para classificar a qualidade da carne, apresentam falta de
consenso quando referem-se ao limiares e quantidade de classes.

A resultante bioquimica dessas classes € importante para a inddstria da

carne, pois, dependendo da classe, a comercializacdo deve ser diferenciada (in natura,

elaboracdo de produtos - cozidos ou curados) (COMA; PIQUER, 1999).

4.1.2 Classes de qualidade da carne suina

Considerando a variabilidade da qualidade da carne suina, muitos padrdes
de classificacdo da qualidade foram propostos ao longo do tempo a fim de mensuré-la
(ADORNI; BIANCHI; CAGNONI, 2001; BAUER et al., 2013)

Algumas variacdes independentes ocasionam uma avaliagdo imprecisa da
qualidade da carne, embora grande parte destas possam ser explicadas pela correlacio
evidente entre os principais parametros que compdem os padrdoes de qualidade (pH,
capacidade de retencdo de dgua e cor) (WARRISS; BROWN, 1987; VAN LAACK et al.,
1994), sendo essa uma interpretacdo para o fato que a maioria dos padrOes descritos na
literatura fazerem uso destes parametros.

Ha certa divergéncia entre os padrdes de qualidade descritos, pois estes
variam em quantidade de classes e limiares (TABELA 1), como as classes RFN, PSE, RSE,
PFN e DFD.



23

TABELA 1 — Levantamento de padrdes de qualidade da carne suina e suas classes - DFD
(dark, firm, dry); DE (dark, exudative); DNE (dark, non-exudative); PE (Pale, exudative);

PEE; (Pale, extremely exudative); PFN (Pale, firm, non-exudative); PNE (Pale,

non-

exudative); PSE (Pale, soft, exudative); RE (red, exudative); REE (red, extremely exudative);
RFN (red, firm, non-exudative); RNE (reddish, non-exudative) and RSE (red, soft,

exudative).
pH Perda de agua L*
ANO REFERENCIA CLASSE
45' 24h DL* FPW* Minolta Hunter
PSE >5,0 >58
RSE 5.0 52-58
1993 KAUIFMAN PFN .0 s 58
RFN <5,0 52-58
DFD <5,0 <52
Extremely PSE <59 >5,0 >53
PSE <59 >2,0 >53
Likely PSE <59 >2,0
Normal <2,0
DFD >6,0
DNE >2,0 <47
1994 SfjaTlOS RNE <2,0 >47 <56
' PNE 2.0 >56
DE >2,0 <47
RE 2,0 47< L*<56
REE 5,0 47< L*<56
PE >2,0 >56
PEE >5,0 >56
PSE <5,5 >5,0 >50
1996 VANLAACK RSE <59 >5,0 43-49
etal RFN 5,4-6,0 <5,0 43-49
DFD >6,0 <2,0 <43
PSE <6,0 >5,0 >50
1997 WARNER RSE <6,0 >5,0 42-50
et al. RFN <6,0 <50 42-50
DFD >6,0 <5,0 <42
PSE >6,0 >50
1999 JOO RSE >6,0 <50
ctal RFN <6,0 <50
DFD <6,0 <43
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PSE >6 >50
1999 VAN LAACK
et al. RSE >6 <0
RFEN <6 <50
PSE >6 >50
2000 JO? RSE >6 <50
et al. REN 56 243
DFD <6 <43
PSE >53
MAGANHINI
2007 ot al. Normal 45< L*<53
DFD <45
PSE <6,0 >80 >50
PFN <6,0 <80 >50
FAUCITANO
2010 ot al. RSE <6,0 >80 43-48
RFN <6,0 <80 43-48
DFD >6,0 <40 <42
PSE <6 >5 >50
2012 BARBIN
ot al. RFN <6 <5 44-50
DFD >6,0 <5 <44

*DL (% - drip loss), FPW (mg - filter paper wetness)

Diante deste cendrio de classes de qualidade, € inevitdvel ndo associd-las
aos termos de melhor ou pior qualidade, entretanto devemos reiterar a afirmacdo de
BAUTISTA; RINCON (2010): "(...) é fundamental considerar a aptidao da carne".

Por exemplo, a matéria-prima poderd ser destinada para consumo in natura,
elaboragdo de produtos cozidos ou curados, em funcdo de suas caracteristicas de qualidade,
logo, tudo € uma questdo de direcionamento de nichos de mercado

A classe RFN (red, firm e non- exudative) detém as caracteristicas de
qualidade desejdvel para a carne suina fresca, tipicamente descrita pela colora¢do rosa-
avermelhada, de textura firme e livre de exsudato na superficie do corte cdrneo. Essas
caracteristicas sdo de extrema importincia no momento da compra, influenciando fortemente
na decisdo de compra e fidelizacdo ao produto (BUEGE, 2001; XING et al.; 2007).

Ja as classes PSE (Pale, soft, exudative) e DFD (dark, firm, dry) sdo
exemplos extremos de qualidade da carne e, além desses extremos, existem as classes
intermedidrias, como PFN (Pale, firm, non-exudative) e RSE (red, soft, exudative)
(SCHEIER, 2014). Essas classes resultam em carnes de aspecto pouco atrativo e por esse
motivo, podem ser discriminadas no momento da compra ou como matéria-prima, no caso de

elaboragdo de produtos (VILJOEN; KOCK; WEBB, 2002).
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O fator mais comum que resulta em carnes PSE ou DFD ¢€ o estresse ante
mortem, o qual afeta diretamente o comportamento da queda do pH muscular, influenciando o
pardmetro de CRA e por consequéncia a coloracdo (SHAW; TUME, 1992).

A exposicdo de animais ao estresse agudo imediatamente antes do abate
pode ocasionar carnes de qualidade PSE. Situa¢des estressantes, de maneira geral, aceleram a
velocidade da glicdlise, aumentando além do normal a concentragdo de 4cido latico no
musculo, resultando em pH mais baixo (= <5,5) em 45 minutos post mortem.

A combinacdio de pH baixo e elevada temperatura da carcaca,
imediatamente apds o abate, leva a desnaturacdo das proteinas musculares, assim reduzindo a
capacidade de retencdo de dgua e consequentemente torna sua coloracdo mais clara (HUFF-
LONERGAN; SOSNICKI, 1988).

Por outro lado, quando os animais estdo expostos ao estresse cronico antes
do abate pode ocorrer carnes DFD, visto que o elevado gasto energético ante mortem
minimiza consideravelmente as reservas de glicogénio. Logo, a baixa producdo de 4cido
lactico, resulta em pH elevado (= >6,0). A carne que tem pH final alto tende a ter cor mais
escura e a superficie relativamente seca (HUFF-LONERGAN; LONERGAN, 2005;
MAGANHINI et al., 2007; ADZITEY; NURUL, 2011).

As carnes PSE e DFD sao perfeitamente adequadas para consumo humano,
apesar do aspecto menos atraente ao consumidor quando na forma in natura. Logo, o
emprego dessas carnes para elaboracdo de produtos cdrneos € uma questio de aptiddo,
segundo as caracteristicas tecnologicas.

A carne PSE apresenta grande perda da capacidade de retencdo de dgua,
acarretando maior perda de peso e consequentemente menor rendimento tecnoldgico por
ocasido da industrializa¢do. Ja a carne DFD exprime comportamento inverso, com elevada
capacidade de reten¢do de dgua, sendo portanto inadequada para a elaboracdo de salame e
presunto cru (TERRA; FRIES, 2000).

As classes intermedidrias RSE e PFN foram incluidas no processo de
classificacdo da qualidade da carne devido a inconsisténcia do comportamento dos parametros
de capacidade de retencdo de dgua e de cor em relacdo as carnes PSE ou DFD (VAN
LAACK et al., 1996). Apesar de muitos estudos, ndo foi possivel esclarecer os mecanismos
responsdveis pela ocorréncia de carne suina RSE e PFN (KAUFFMAN, 1993). Mas, ao fazer
uma compilacido dos resultados descritos na literatura, podemos propor algumas explicacdes

para as classes em questdo.
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Ao comparar carnes PSE e PEN, verificou-se que o pH final de carnes nao
difere entre elas (FAUCITANO et al., 2010), entretanto carnes PFN possuem Valor de R
inferior as carnes PSE (VAN LAACK et al.; 1994).

O Valor de R permite mensurar a velocidade de deplecao do ATP apds a
primeira hora de abate por meio da relacio [MONOFOSFATO DE IOSINA]/ [TRIFOSFATO
DE ADENOSINA]. Quanto maior o Valor de R, maior serd a deple¢dao de ATP (Se >1,05:
carne susceptivel a anomalia do tipo PSE / Se <1,05 até 0,8: carne normal).

Ao comparar carnes PFN e RFN, uma possivel explicacio para a
diferenciacdo entre ambas pode ser devido a maior desnaturagdo das proteinas miofibrilares
nas carnes PFN, resultando em capacidade de retencao de dgua inferior em comparacdo a uma
amostra RFN. Sob essas condi¢Oes, a perda de mioglobina via exsudado é maximizada,
justificando a carne PFN ser mais palida que uma carne RFN.

XING et al. (2007), usando espectroscopia visivel, verificaram menor
refletancia em 560 nm para amostras do grupo FN (firm, non-exudative - PFN e RFN) em
comparacgdo com o grupo SE (soft e exsudativa - PSE e RSE). De acordo com BRONDUM et
al. (2000) e LIU et al. (2010) a menor refletincia a 560 nm pode ser explicada pela
concentracdo de mioglobina na amostra, logo, o grupo FN parece ter maior concentracao de
mioglobina.

J4 as carnes RSE possuem as mesmas caracteristicas que a PSE, exceto pela
coloracdo. Teoricamente, podemos presumir que a carcaca RSE foi refrigerada rapidamente
apo6s o abate, ocasionando "escurecimento” da carne (L* inferior ao da carne PSE).

Nestas condi¢des, a luz ndo € tdo severamente dispersa quanto em condi¢des
mais severas (PSE), portanto, a carne RSE parece mais vermelha, apesar do nivel similar de

desnaturagdo proteica em relacao as amostras PSE (FEINER, 2016).

4.2 MOTIVACAO PARA O ARTIGO 1: "META-RECOMMENDATION FOR PORK QUALITY STANDARD"

E nitida a dificuldade de padronizar a qualidade da carne suina em funcio
dos distintos padrdes descritos em literatura, porém, sem um consenso mundial de qual seria
mais adequado.

Assim, vislumbramos uma alternativa para essa problemdtica, inspirados

nos principios de meta-learning em associagdo com machine learning, ou seja, ao invés de
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testar varios algoritmos e recomendar o algoritmo mais adequado para resolver o problema de
classificagdo, optamos por utilizar diretamente o algoritmo arvore de decisdo (J48), mas
utilizando os meta-features no lugar dos pardmetros tipicos de qualidade de carne (pH, CRA e

L*).

4.2.1 Inteligéncia Computacional

"Como fazer as maquinas compreenderem as coisas?" (MINSKY, 1968).

A resposta para essa pergunta surgiu em meados de 1950, época em que se
desenvolveu umas das ciéncias mais recentes: a Inteligéncia Artificial (IA). Atualmente
também referida como Inteligéncia Computacional (IC) (GOLDSCHMIDT, 2010).

Existem muitas definicdes para a IC, dentre elas a descricdo feita por
Coppin (2004) - "... envolve o uso de métodos baseados no comportamento inteligente de
humanos e outros animais para resolver problemas complexos" e Goldschmidt (2010) -
“Ciéncia multidisciplinar que busca desenvolver e aplicar técnicas computacionais que
simulem o comportamento humano em atividades especificas".

E por que € importante que as maquinas compreendam as coisas?

Os humanos sdo influenciados por elementos externos, sujeito a emocgdes,
pressoes, dentre outros fatores, interferindo diretamente a execucao das tarefas, sendo assim,
se houver uma "ferramenta" que ndo sofra influéncia do meio, certamente serd mais precisa e
amplamente aplicada. E este é o caso da IC, que se defronta com o conhecimento de forma
consistente € permanente, sem interferéncia externa, mas permitindo a interacdo maquina-
homem ou maquina-ambiente (GOLDSCHMIDT, 2010). Por essa razao, independente dos
campos de aplicacdo da IC (agropecudria, hospitais, industrias, frigorificos, transporte, etc) é
notéria sua crescente utilizagcdo (LANZILLOTTI; LANZILLOTTI, 1999; STATHAKIS;
VASILAKOS,2006; VENDITE; ALONSO, 2007; WANG, 2010; VASQUEZ VILLALOBOS
et al., 2015; KAMRUZZAMAN et al., 2016).

A maneira eficiente com que as implementagdes de IC auxiliam ou até
substituem o homem em tarefas de aprendizagem, diagndstico, predicdes, reconhecimento de
padrdes, automacao de processos, controle de qualidade, dentre outros que contribuem para o

cenario descrito acima (QUAGLINI et al., 1998).
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A IC se divide em varias subareas (FIGURA 4), entretanto, neste trabalho,

iremos apenas abordar machine learning, meta learning e 16gica fuzzy.

FIGURA 4 - Areas relacionadas a inteligéncia computacional.
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Fonte: Adaptado de MONARD; BARANAUSKAS (2000).
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4.2.1.1 Machine learning

O aprendizado de méquina (do inglés, machine learning - ML) visa elucidar
problemas do mundo real através do desenvolvimento de modelos matemadticos, os quais sao
gerados a partir de diversos algoritmos e técnicas computacionais (ROZA, 2016).

Esses modelos devem permitir que o computador adquira conhecimento de
forma automadtica a partir de exemplos histdricos, aperfeicoando seu desempenho em
determinada tarefa. Chamamos de exemplo histérico um conjunto de dados de determinadas
caracteristicas  (parametros), o qual deve descrever o problema em questdo
(GOLDSCHIMIDT, 2010).

O aprendizado computacional pode ser feito de algumas maneiras, uma
delas € a inducgdo, onde, o aprendiz aprende a partir dos exemplos externos fornecidos a ele.
Pode-se denominar de aprendiz um algoritmo de aprendizado, que por sua vez, estdo

divididos em supervisionado e nao supervisionado (FIGURA 5).

FIGURA 5 - Hierarquia do aprendizado de maquina
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Fonte: VOLPI (2015)

Aprendizado ndo supervisionado: onde os dados sdo classificados por
similaridade entre si, ou seja, se agrupam em um mesmo grupo (cluster) e quando diferentes,

organizam-se em grupos distintos (DUDA; HART, STORK, 2001).
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Aprendizado supervisionado: trabalha-se com o registro dos valores das
varidveis de saida, sendo estas as varidveis que se deseja predizer a partir dos dados
existentes, de modo que representam a resposta para algum problema (KOTSIANTIS;
ZAHARAKIS; PINTELAS, 2007).

Dentre os algoritmos de aprendizado supervisionado, podemos destacar
Decison Tree (Arvore de Decisdo), Naive Bayes, Artificial Neural Network (Redes Neurais
Artificiais), Support Vector Machines (SVM), Random Forest (RF), entre outros (BREIMAN,
2001; KAVZOGLU; COLKESEN, 2009; GOKGOZ; SUBASI, 2015; TARAVAT et al,
2015; LIU et al., 2016).

4.2.1.1.1 Arvore de decisio

As arvores de decisdo sdo extensamente utilizadas como algoritmo de
classificacdo, visto que a representacdo do conhecimento é simples, através da construcao de
classificadores, facilitando a compreensdao dos resultados (KINGSFORD; SALZBERG,
2018). Estas sdo representacdes simples do conhecimento e, correspondem a um meio
eficiente de construir classificadores que predizem classes baseadas nos valores de parametros
de um conjunto de dados (GOLDSCHMIDT, 2010).

A constru¢do do modelo de classificag@o inicia-se analisando um conjunto
de exemplos de treinamento para os quais os rétulos das classes sdo conhecidos.
Posteriormente, estes sdo aplicados para classificar exemplos anteriormente ndo vistos. Vale
ressaltar que quanto maior for a qualidade dos dados de treinamento, mais precisa serd a
precisdo da tomada de decis@o ao selecionar a classe (KINGSFORD; SALZBERG, 2018).

Constroem-se as arvores de decisdo a partir de uma sequéncia ordenada de
perguntas, € as perguntas subsequentes, dependem das respostas das perguntas anteriores e
esta sequéncia de perguntas termina quando hé previsao de uma classe.

A arvore de decisdo é composta por raiz, né interno (n6 de decisio), ramo e
folha (FIGURA 6).

A raiz € o conjunto total dos dados a serem classificados, apds segue o nd
interno (n6 de decisdo), que testa um atributo, seguido pelo ramo descente que coincide com o

possivel valor do parametro e, por fim, a folha, que representa a classe do parametro (SONG;
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YING, 2015). Logo, a regra de classificacao de um parametro é dada pelo caminho percorrido

da raiz até a folha.

FIGURA 6 — Estrutura de uma arvore de decisiao
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Fonte: Adaptado de MONARD; BARANAUSKAS (2003)

4.2.1.2 Meta-learning

Pensando em recomendacdo de sistemas, por exemplo, classificar a
qualidade da carne através de algoritmo de classificacdo, remete a divida que foi enunciada
por Rice (1976): "Qual € o algoritmo que mais provavelmente tem o melhor desempenho
para o meu problema?"

Uma alternativa seria avaliar isoladamente cada um dos algoritmos
disponiveis, analisar os resultados e por fim recomendar o algoritmo que obteve melhor
desempenho. Todavia, essa é uma abordagem cara, em relacdo ao gasto de tempo e recursos
computacionais. Mas existe uma outra alternativa para tal tarefa, uma solucio automatica para
selecdo de algoritmos e que supera as desvantagens citadas acima e que se denomina meta-

learning (MtL) (CUNHA; SOARES; CARVALHO, 2018).
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O MtL produz um meta modelo, que pode ser visto como um meta
conhecimento, capaz de explicar porque certos algoritmos podem ser melhores que outros em
datasets com caracteristicas especificas, sendo assim, o meta modelo pode ser usado para
predizer o algoritmo mais adequado para resolver uma tarefa de um novo dataset (SERBAN

et al., 2013) (FIGURA 7). E a obtencao do meta-modelo pode ser descrita em 3 passos:

1° - Aquisicao dos dados para formacao dos datasets.

2° - A partir dos datasets faz-se a extracdo dos meta-features utilizando meta-
descritores, ja descritos em literatura (MANTOVANI et al., 2015) e cada dataset passa
a representar uma instancia, que por sua vez € composta pelos meta-features

(Exemplo: valores maximos e minimos, Kurtosis, Skewness, entre outros).
3° - O conjunto de instancias representa a meta-base, que apds utilizar alguns dos

algoritmos  disponiveis, gera o meta-modelo, capaz de fazer as

predi¢des/recomendagdes para dada tarefa/problema.

FIGURA 7 — Processo de meta-learning
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Fonte: Adaptado de CUNHA; SOARES; CARVALHO (2018)
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4.3 MOTIVACAO PARA O ARTIGO 2: "FUZZY APPROACH FOR CLASSIFICATION OF PORK INTO

QUALITY GRADES COPING WITH UNCLASSIFIABLE SAMPLES"

Ap6s a recomendacgdo do padrdo mais adequado para classificar a qualidade
da carne, passamos a uma segunda instancia de resolu¢@o de problemas, que sdo as amostras
que ndo se enquadram em nenhuma classe, denominadas de ndo factiveis (infeasible). E o

caminho para solucionar este problema € a logica fuzzy.

4.3.1 LOGICA Fuzzy

A identificacdo precisa dos "defeitos" de qualidade ¢ fundamental para
classificar corretamente a matéria-prima e destind-la ao mercado mais adequado para seu uso
final (XING et al., 2007; CHMIEL; SELOWINSKI, 2016).

Mas, apesar da criacdo de novas classes para tentar solucionar o problema
de amostras ditas ndo factiveis, o mesmo ainda persiste, pois os intervalos dos pardmetros sao
estabelecidos por conjuntos rigidos (crisp), o que torna dificil a classificagdo de amostras que
ndo se encaixam perfeitamente no intervalo esperado do parametro, sendo uma transicao
abrupta entre uma classe e outra.

Neste caso, muitas vezes para solucionar problemas que se mostram
imprecisos e com dualidades se faz necessdria a utilizagdao de sistemas complexos. Baseado
neste raciocinio, juntamente com a logica classica, desenvolvida por Aristoteles, Lofti Asker
Zadeh criou em 1965 o conceito Fuzzy Sets e publicou o artigo intitulado Fuzzy Sets no
Journal Information and Control, o qual foi responsdvel por tornar a légica fuzzy (nebulosa)
conhecida mundialmente (AGUADO; CANTANHEDE, 2010; RIGNEL et al., 2011,
SANT'ANNA, 2015).

Segundo Cox (1995), a ldgica fuzzy € capaz de combinar a imprecisdo
associada aos eventos naturais e o poder computacional das maquinas para produzir sistemas
de resposta inteligentes, robustos e flexiveis.

Devido ao desenvolvimento e as indmeras possibilidades préticas dos

sistemas “fuzzy”, além do grande sucesso comercial de suas aplicacdes, a logica “fuzzy” €
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considerada hoje uma técnica “standard” e tem uma ampla aceitacdo na area de controle de
processos industriais (ABAR, 2004).

Existe uma gama de atividades empresariais em que € possivel a aplicacdo
de logica fuzzy, dentre elas estd o controle de qualidade e a classificacdo de produtos (VON
ALTROCK, 1996).

A ldogica fuzzy permite o desenvolvimento de sistemas que representam
decisdes humanas, onde a ldgica cldssica (booleana) e a matemdtica convencional sdo
insuficientes ou ineficientes nas tomadas de decisdo (VON ALTROCK, 1996).

A principal diferencga entre a l6gica classica (crisp) e a logica fuzzy estd no
intervalo que cada uma delas tem como valores verdadeiros ou valores respostas, enquanto a
l6gica cléssica propde que esses valores sejam verdadeiros ou falsos, a l6gica fuzzy propde
que isso seja uma questdo de grau (grau de pertinéncia), de forma que somente a resposta
contido ou ndo contido ndo satisfaz, entdo se busca saber o qudo contido ou o qudo ndo

contido esta determinado elemento (KLIR, 1995) (FIGURA 8).

FIGURA 8 — Funcao de pertinéncia a um dado conjunto fuzzy.
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Fonte: SALOMAO (2007)

Conforme Marro et al. (2010), pode-se considerar a légica fuzzy como um
conjunto de principios matemdticos para a representacdo do conhecimento baseado no grau de
pertinéncia dos termos (graus de verdade) e estes conjuntos fuzzy que classificam os
elementos de um dado universo, sdo menos rigidos do que aqueles utilizados na teoria

cldssica, visto que eles admitem graus parciais de pertinéncia.
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A compreensdo do que € o grau de pertinéncia, pode ser observada pela
expressao da Figura 9. Na expressdo (b), o intervalo de pertinéncia € [0,1], onde O significa
que um elemento ndo pertence a um determinado conjunto, 1 significa completa pertinéncia
ao conjunto, e valores entre 0 e 1 representam graus parciais de pertinéncias, logo, um
elemento pertence a um conjunto com um certo grau de pertinéncia, fazendo com que uma
determinada sentenga possa ser parcialmente verdadeira e parcialmente falsa (MARRO et al.,

2010).

FIGURA 9 — Representacdo grafica e equacdo matematica sob o ponto de vista da 16gica

classica (a) e da logica fuzzy (b).
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Fonte: SANCHEZ (2009); MARRO et al. (2010).

Na légica fuzzy utilizam varidveis linguisticas, cujos valores sdo nomes de
conjuntos fuzzy, cuja principal funcdo € fornecer de uma maneira sistemadtica a caracteriza¢ao
aproximada de fendmenos complexos ou mal definidos (BRITO, 2015), como exemplo,
idade, qualidade, altura, etc.

Os valores das varidveis linguisticas sdo obtidos por intermédio de uma
linguagem especifica, construidas a partir de termos primdrios (alto, baixo, pequeno, médio,
grande, zero, por exemplo), conectivos 1dgicos (e; ou), delimitadores (como parénteses) e
modificadores (“sindbnimo” de qualificadores do conjunto fuzzy), a fim de alterar a intensidade

em que certo elemento que fagca parte de um determinado conjunto, ou seja, “atuam” na
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modelagem de sistemas fuzzy da mesma forma que advérbios e adjetivos atuam em uma
sentenca (GANGA et al., 2011; BRITO, 2015).

Os modificadores, também referidos como hedges, podem ser:
intensificadores - muito, extrememente, diluidores - pouco, mais ou menos e aproximadores -
em torno, aproximadamente, quase, etc.

Assim, o uso das varidveis linguisticas e dos modificadores faz com que a
modelagem do sistema fuzzy pode apresentar algo muito mais préoximo do mundo real

(MORAES, 2015) (FIGURA 10).

FIGURA 10 - Esquema de varidvel linguistica e modificadores na légica fuzzy

I Variavel linguistica: Qualidade da carne.

I Conjuntos fuzzy: Ruim, Boa, Excelente, etc.

—{ Modificadores: Extremamente, Muito, Razoavelmente, Pouco, etc.
_A

Fonte: O AUTOR

E as etapas para modelar um sistema légico fuzzy sdo a fuzzificacdo do
conjunto de entrada de dados crisp, inferéncia e defuzzificagdo/agregacdo para saida de dados
crisp (FIGURA 11).

Apo6s apresentar as entradas exatas, a primeira etapa € a fuzzificagdo, onde
os numeros reais de entrada serdo transformados em valores fuzzy, que corresponde a
transformacgdo dos dados de entrada iniciais em suas respectivas varidveis linguisticas e relata
também de especialistas da drea em questdo para atribuicdo de valores relacionados aos graus
de pertinéncia para cada uma das varidveis em estudo, contribuindo assim para maior precisao
nos resultados (PINHO, 1999; ] ANE, 2004).

Em seguida, na etapa da inferéncia fuzzy fazendo uso das regras pré-
estabelecidas, as quais geralmente sdo fornecidas por especialista, relacionard as possiveis
variaveis entre si, determinando os valores de saida em resultados linguisticos O processo de
inferéncia € formado pelo conjunto de regras Se-Entao, que sdo os dois componentes: de

agregacdo (se) e de composi¢do (entdo) (VON ALTROCK, 1996; ABREU, 2014).
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Por fim, a defuzzificagdo compreende ao processo de conversdo de um
conjunto fuzzy em uma unica saida crisp (COX, 1995) e € essa saida que dird o que € mais
pertinente, exemplo a indicacdo de uma classe de qualidade de carne.

Mas para que se obtenha essa Unica saida crisp é preciso realizar a
agregacao, ou seja, combinar todas os resultados das regras aplicadas anteriormente. Existem
diversos métodos para encontrar essa combinagdo de resultados, dentre os métodos, podemos

destacar o centro de gravidade, média do valor maximo e média ponderada dos maximos.

FIGURA 11 - Esquema de formacdo do raciocinio Fuzzy.
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Fonte: Adaptado de COX (1995), TANSCHEIT (2015).

As vantagens da logica fuzzy comparada a abordagem crisp (conjuntos
nitidos, bem definidos) sdo que a naturalidade de sua abordagem a torna conceitualmente facil
de ser entendida, a flexibilidade e tolerancia a dados imprecisos, pode ser construida com base

na experiéncia de um especialista, simplificar a solu¢do de um problema e aquisi¢do da base
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de conhecimento, proporciona um rapido protétipo dos sistemas e € baseada em linguagem
natural, base da comunicacdo humana (JANG; GULLEY, 1997).

Adicionalmente, sistemas baseados em légica fuzzy sdo mais faceis de
entender, manter e testar, sdo robustos e operam com falta de regras ou com regras
defeituosas. A utilizacdo da légica nebulosa proporciona um ripido protétipo dos sistemas
(SILVA, 2008).

Em contrapartida, a 16gica fuzzy possui algumas desvantagens, como
necessidade de muita simulacao/teste para o ajuste fino destas fungdes, pois a especificagio
das func¢des de pertinéncia € trabalhosa, ndo hd uma definicdo matematica precisa, tem grande
dificuldade no estabelecimento de regras consistentes, pois, para tal ha a necessidade da
captura do conhecimento de um especialista e/ou de dados histdricos, além de sua natureza
heuristica, a potencial explosdo combinatéria de regras e antecedentes e incapacidade de
aprendizado (SILVA et al., 2008, DEMASI; CRUZ, 2002).

A lbgica fuzzy tem tido aplicabilidade nas mais diversas dreas do
conhecimento como ferramenta para tomada de decisdo, avaliacdo e classificagdo. Muitos
trabalhos ja foram reportados na literatura, como exemplo: CADENAS et al. (2004) e
BRACARENSE (2013) para otimizacdo da dieta de animais, PONCIANO et al. (2012) para
avaliacdo do desempenho de animais, FERREIRA et al. (2007) prevém o estro de vacas
leiteiras, FERREIRA et al. (2010) para prever a temperatura retal de frangos de corte,
OLIVEIRA et al. (2005), PERISSINOTO et al. (2009) e NASCIMENTO et al. (2011)
estimam as condi¢des conforto térmico de animais por meio de indice, PONCIANO et al.
(2011), ABREU et al (2014) avaliacdao do ambiente de animais de produ¢ao, DAVIDSON et
al. (1998), LANZILLOTTI; LANZILLOTTI (1999) e TAN et al. (1999), JAYA et al. (2003),
LAZIM; SURIANI (2009) avaliacdao sensorial de alimentos e bebidas, VASQUEZ—
VILLALOBOS (2015) determinagdo de vida util sensorial de produtos, ALFONSO (2013)
estudo de preferéncia de consumidores de carne, RAPTIS et al. (2000) classificam a idade de
vinhos, ALONSO et al. (2007) criam um indice para predizer o risco de malignidade de
tumores de ovdario, BENINI et al. (2011) previsdo da compactacdo do solo e VIDAL et al.

(2012), controle de plantas industriais, etc.
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Abstract

Pork quality classification could be supported by different reference standards widely re-
ported in the literature. However, the decision for a standard suitable to a collected dataset
remains a challenge. In order to automatically recommend a proper standard among the
current ones toward outlining a good classification, it is proposed a meta-learning approach
for recommending. Meta-learning has emerged from machine learning research field to solve
the algorithm selection problem, and now, fashioned to deal with pork quality standard
in a straightforward way. Using the J48 Decision Tree (DT) algorithm to build the meta-
recommender, we exposed the applicability and advantages from the usage of a suitable
standard for classifying pork quality.

Keywords: Classification; Computational intelligence, Decision tree, Machine learning,
Meta-learning

1. Introduction

Meat quality evaluation is essential for the food industry, mainly due to consumers
demand to owe superior quality of meat and its products (Elmasry et al., 2012). Furthermore,
determining the meat quality is fundamental to allow it to be correctly targeted to specific
market niches (Sosnicki et al., 2003). In this scenario, meat quality is a term used to
describe several meat properties resulting from the interaction between the ante-mortem
and post-mortem muscle metabolism (Maltin et al., 2003; Durkin et al., 2009; Sima et al.,
2015). Among them, water holding capacity, colour, lipid composition, oxidative stability,
nutritional value, taste, texture and safety has been the most explored (Osério and Osoério,
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2000; Andersen et al., 2005). However, some of them are based on subjective evaluation by
a specialist (Hofmann, 1994).

Some few parameters have the capability to describe and carry meaningful importance
to define and evaluate meat quality, such as pH, drip loss and color (Lee et al., 2000).
Indeed, Channon et al. (2001) suggested that, in addition to ultimate pH, other meat quality
attributes may be required to provide a useful model for the industry concerning sort out
pork into different classes of eating quality. For this reason, most of the meat quality
standards described in the literature use a combination of just these three parameters.

There is no consensus about the criteria used to measure the pork quality (Cazedey et al.,
2016). The literature regarding pork quality standards addresses three, four or five classes
with different thresholds. (Kusec et al., 2007) exposed a plurality of criteria to classify
pork quality and the literature related to pork quality standards are manifold, for instance:
Kauffman et al. (1993); Santos et al. (1994); Van Laack et al. (1996); Warner et al. (1997);
Flores et al. (1999); Van Laack and Kauffman (1999); Channon et al. (2000); Joo et al.
(2000); Du and Sun (2006); Maganhini et al. (2007); Faucitano et al. (2010); Barbin et al.
(2012); Bauer et al. (2013); Tomovic et al. (2014).

This multitude of grading models reflects a lack of standardization , where a given sample
could be classified differently depending on the chosen pork quality standard Cazedey et al.
(2016). Furthermore, a sample could not be feasible according to a specific standard, once
its features do not match the proposed attribute threshold.

The pork quality is a key to the modern food industry and for the competitive market
(Du and Sun, 2006). In this way, considering the regional variations of pork standards, a
question arises: “What is the adequate technological quality standard to classify a given
pork sample?”.

An answer to this question may come from Machine Learning (ML). The ML algorithms
are able to build a classification model supported by the knowledge extracted from the
dataset example. In other words, it is possible to comprehend and recommend a suitable
solution for a specific problem. This type of solution has been widely applied in food research
area (Kodogiannis et al., 2014; Liu et al., 2015; Barbon et al., 2016b,a; Caballero et al., 2016;
Kamruzzaman et al., 2016; Mohareb et al., 2016; Sanz et al., 2016).

To recommend an adequate pork quality standard for classification requires depth knowl-
edge about the dataset and the available standards. Meta-learning has recently emerged from
machine learning research field to solve the selection problem assessing the data with the
most profitable solution Campos et al. (2016). Initially supporting classification tasks, the
Meta-learning follow the premise that an algorithm can be superior to another in a dataset
while inferior to this competitor in another dataset (Wong, 2016). Thus meta-learning ap-
proach is a tool that typically tries to predict the applicability of different classification
algorithms on a dataset (Reif et al., 2012), suggesting which algorithm to use in certain
cases to achieve better results (de Souza et al., 2001). By making an analogy to the prin-
ciples of meta-learning, we propose the use of meta-recommendation of the most suitable
pork quality standard through the decision tree algorithm (DT).

The DT classification algorithm has been chosen because they are among the most
traditional and powerful ML methods (Marsland, 2015) presenting some advantages such as
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low computational cost, can deal with missing values and irrelevant features (Harrington,
2012). Also, the model obtained from DT algorithm is easily understandable unlike many
‘black-box’ solutions such as the ANN (Barbon et al., 2016b).

The main objective of this paper is to provide a model capable of recommending a
suitable standard to qualify pork among (XXX) based on meta-learning. With an adequate
model, the number of classified samples is maximized, the demand of parameters to perform
a test is checked and the confidence of classification result enhanced.

2. Materials and Methods

Meta-learning have been applied to recommend (Soares et al., 2004; Soares and Brazdil,
2006; Campos et al., 2016), or optimize ML algorithms parameters. Meta-learning methods
are grounded in modelling the knowledge and experience previously acquired on different
problems to recommend one solution for a new problem Campos et al. (2016). The meta-
knowledge is represented by a meta-model, in our case a DT, that captures the relation be-
tween a set of characteristics (also called meta-features) from these datasets. When a meta-
learning solution is applied to a recommendation problem, we build a meta-recommendation
model. In this sense, to create a meta-recommender to classification standard for a new
dataset of pork samples, it was followed the steps presented in Figure 1.

Decision Tree
Algorithm

Meta-Features
Extraction

Original Datasets Meta-dataset Meta-model
(traditional quality parameters) (Storing the Meta-knowledge) (Predictor)

Figure 1: Overview of meta-learning approach to build a meta-recommendation system

The first step is to group several different datasets owing to describe the vast possibility
of samples types according to all standards. In our work, this step is depth described in
Section 2.1. Considering the dataset, the second step is extracting meta-features from these
original datasets composed of the traditional quality parameters. The meta-features are
features based on Information Theory and Statistics as described in Section 2.3. The meta-
dataset is obtained from meta-features and used to induce a machine learning algorithm; we
employ a DT. This induction is described in Section 2.4.

After these step, the meta-model could be used with a new dataset for recommending a
suitable standard owing to reduce the number of unclassifiable samples automatically and
further classification enhancements.

2.1. Pork Quality Standards

Pork samples were obtained from ten different slaughters, amounting to 1301 longissimus
dorsi at lumborum muscle. The parameters such as pH (pHu), water holding capacity

3
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(WHC') and color (lightness - L* value) of each sample were measured 24 hours after the
slaughter.

The pHu was measured 24 hours post mortem using a Testo 205 pH-meter. The WHC
was obtained by the Pressing Method (PM) proposed by Hamm (1960) and adapted by
Wilhelm et al. (2010) and the L* value was determined with a Minolta R portable colorime-
ter (model CR-10 colorimeter with illuminant D65 and 8° angle of inclination - Tokyo, JP)
after blooming for 30 minutes (CIELab, 1976).

We used different methodologies to measure WHC and L* values when compared to
Kauffman et al. (1993) - and Faucitano et al. (2010) standards. Thus, the parameters
values were standardized by means of mathematical transformations and it made possible
the comparison among the pork quality standards.

Where DL and FPW are drip loss and filter-paper wetness methodologies, respectively.

DL = 0.100707 - PM (1)
DL = —0.36 4 0.064 - FPW (2)

H(L) = 10vVY (3)

o (L02-x)-Y
H(a) =17.5 NG (4)
Hpy—7. Y2 (0.847 - Z) 5)

VY

2.2. Original Datasets

In this work, we used real and synthetic datasets. The real-life dataset was composed of
1,301 samples from ten different acquisitions. Unfortunately, this dataset does not include
examples able to match into all the classes described in the pork quality standards due to
the variability of meat quality as intrinsic and extrinsic factors (Joo et al., 2013). Real-life
datasets could not present samples concerning each class proposed by the literature, further
present a great difference of their number causing an imbalance learning problem. The
imbalanced learning problem compromises the performance the most learning algorithms
because most of them assume or expect a distribution of balanced classes in the training
set. Thus, these algorithms fail to represent the distributional characteristics of the data
correctly and, hence, provide unfavourable class accuracy (He and Garcia, 2009).

A possible solution to this problem of dataset imbalance would be collecting more data,
but this would not guarantee we would get samples of all classes. To overcome this drawback,
it was created an additional synthetic dataset supported by literature to explore a vast
variety of samples setup balancing the examples amount from each class.

The synthetic dataset was created executing 130 random generation, where each one was
composed of 1000 samples grounded by the intervals of six different standards (Kauffman

4



123 et al., 1993; Van Laack et al., 1996; Warner et al., 1997; Van Laack and Kauffman, 1999;
12« Faucitano et al., 2010; Barbin et al., 2012) (Table 1). The real-life and synthetic dataset are
s available onlinel.

Table 1: Standards and parameters for classification of pork quality

Standard Class pH. WHC L~
FPW DL CieLab HunterLab
PSE - - >5.0 - >5H8
RSE - - >5.0 - 52-58
Kauffman et al. (1993) PFN - - <5.0 - >58
RFN - - <5.0 - 52-58
DFD - - <5.0 - <52
PSE <5.5 - >5.0 >50 -
Van Laack et al. (1996) RSE <59 ] =50 43-49 i
RFN 5.4-6.0 - <5.0 43-49 -
DFD >6.0 - <2.0 <43 -
PSE <6.0 - >5.0 >50 -
Warner et al. (1997) RSE <60 ) =50 42-50 i
RFN <6.0 - <5.0 42-50 -
DFD >6.0 - <5.0 <42 -
PSE - - >6.0 >50 -
Van Laack; Kauffman (1999) RSE - - >6.0 <50 -
RFN - - <6.0 <50 -
PSE <6.0 >80 >4.76 >50 -
PFN <6.0 <80 <4.76 >50 -
Faucitano et al. (2010) RSE <6.0 >80 >4.76 43-48 -
RFN <6.0 <80 <4.76 43-48 -
DFD >6.0 <40 <2.2 <42 -
PSE 5.45 4+ 0.08 - 70+ 15 53.1%x1.7 -
Barbin et al. (2012) RFN 559 +£0.15 - 3.8 £06 47.2+ 28 -
DFD 6.11 £ 0.19 - 06+£02 392+19 -

DL (drip loss); FPW (filter-paper wetness); - DFD (dark, firm, dry); PFN (pale, firm,
non-exudative); PSE (pale, soft, exudative); REN (red, firm, non-exudative); RSE (red, soft,
exudative)

thttp:/ /www.uel.br /grupo-pesquisa/remid



126

127

128

129

130

131

132

133

134

135

136

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

2.3. Meta-dataset and Meta-features

Meta-dataset is the repository used to support the induction of a meta-model (or pre-
dictor). This repository is composed of meta-features and a target related to their best
match. Thus, each dataset (real-life or synthetic) had their meta-features extracted and
assessed to the best pork quality standard among six possibilities (exposed in Table 1. The
identification of most adequate standard was performed observing the greatest number of
classified samples with minimal bias when compared all the standards over a given dataset.
In Figure 2 is possible to observe the creation of the meta-dataset from original datasets.

For instance, a dataset N with 1,000 samples, classified with Kauffman et al. (1993) had
376 hits, Van Laack et al. (1996) - 378, Warner et al. (1997) - 385, Van Laack and Kauffman
(1999) - 339, Faucitano et al. (2010) - 341 and Barbin et al. (2012) - 400, so, the dataset was
labeled as Barbin et al. (2012), indicating Barbin et al. (2012) is the most suitable standard
to classify the dataset observed. And this process was made to label all the datasets.

I I I
Sample| pH |WHC| L* |

Sample H |WHC| L* P
P P Identification
S1 5.8 5.1 44
So 5.4 5.2 46 | Standard 1 | | Standard 2 | | Standard 3 | —
%9 5.5 5.3 44 | Standard 4 | | Standard 5 | | Standard 6 |
%%, SN, | 53 | 50 | 45
OO’ Q, L e T L R
\‘D”/)%\p i .r ;
% ; Meta-Dataset |
%, |
7 K E Meta-feature 1 | Meta-feature 2 | ... | Meta-feature d | Standard
> Meta-features Extraction > ;
; 100 52 2.2 2 ,
132 256 1.8 3 le

Figure 2: Meta-dataset construction with identification of best standard and meta-features

The meta-features extracted was grounded in statistical moments (mean, standard devi-
ation, skewness and kurtosis), information theory (entropy) and simple descriptive informa-
tion (maximum and mininum values) of original parameters (pH, WHC, L*) as suggested
in literature Mantovani et al. (2015); Campos et al. (2016).

The meta-dataset was composed of 140 instances (one from each dataset), 21 meta-
features and the suitable dataset according to the identification process. The next step was
to induce the meta-model to perform the predict a standard from a new dataset.

2.4. Meta-model

J48 Decision Tree (Quinlan, 1993) was selected to build the meta-model. This algorithm
was chosen due generate a user-friendly model supporting an ease comprehension. A DT
model is characterized by branches related to a given feature and threshold started from a
root node, and each leaf node represents a class label (e.g. pork quality standard). The
first division of the DT occurs from the root node and the choice of the meta-feature that
represents this is the one that presents the highest gain of information and this occurs
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because of the higher the gain of information, the more efficient the division (Quinlan, 2014).
The path from root node to leaf represent classification rules. An important advantage
of J48 is related to the determination of hierarchical relationship from the meta-features,
automatically selecting the ones that best explain the problem.

The environment used to create the meta-model was WEKA 3.8 (Witten and Frank,
2000). It was used the standard hyper-parameters in the algorithm considering the full
training set as classifier model.

3. Results and Discussion

The obtained meta-model to meta-recommend the adequate pork quality standard was
able to perform its task with a high level of performance. The accuracy of 100% showed hit of
all suitable standards for real and synthetic datasets. The coefficient of agreement (Kappa)
presented maximum value, demonstrating the trustworthiness of the model performance and
validating the interpretation of the result as legitimate and not by chance (Cohen, 1960).
The 140 instances were correctly classified and confirm the robustness and precision of the
meta-recommendation model generated. Furthermore, the meta-features selected were able
to distinguish each standard in the literature to perform the recommendation.

Another important achievement was a concise DT as possible to see in Figure 3. The ob-
tained DT was not complex, since based on only 4 meta-features it is possible to recommend
a pork quality standard.

<-1.73

Van Laack or Cauft »
Kauffman (1999) au (;ngzr; )e al.

<-54.79  >54.79

Barbint et al. Faucitano et al. Van Laack et al. Warner et al.
(2012) (2010) (1996) (1997)

Figure 3: Decision Tree (J48) to indicate the most suitable pork quality standard

We verified that the root node was represented by the meta-feature L* Kurtosis, fol-
lowed by the intermediary nodes (WHC' Skewness, Entropy and L* Maximum) and each
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leaf presented the most appropriate standard to classify the pork quality for the dataset in
this study.

The choice of the L* parameter may be surprising at first, since the determination of
meat quality is usually associated with the sum of all meat quality characteristics, such as
WHC and color, which are directly affected by muscle pH (Pearce et al., 2011). But if we
look at Table 1, some standards do not use pH to classify pork quality, using only WHC
and L*

Possible explanations for pH not be chosen as the most important meta-feature of DT
is that it does not appear as a parameter of the quality classification in all standards.

There is also the idea of cause and consequence, due to the fact there is high correlation
between pH and L* (Boler et al., 2010; Wyrwisz et al., 2012; Kim et al., 2016).

Considering a hypothetical situation in which the pH decreases during postmortem
metabolism, the WHC' will be smaller, since the pH condition of the meat approaching
the isoelectric point of the myofibrillar proteins provides a situation of neutralization of the
positive and negative charges, reducing the intracellular space , resulting in greater amount
of exudate on the surface of the meat (Lawrie, 2006; Bowker and Zhuang, 2015). This alter-
ation of the myofibrillar structure affects the light scattering properties and the pork gets
lighter (Hughes et al., 2014). Moreover, the opposite is also true.

Some insights about the pork standard behaviour were obtained observing the DT struc-
ture. The most recent standards (Barbin et al. (2012) and Faucitano et al. (2010)) are
differentiable with a split of L* maximum, concerning only the L* defined threshold. On
the other hand, the former standards (Kauffman et al. (1993); Van Laack et al. (1996); ?7)
could be identified observing just the entropy meta-feature of a given dataset.

Therefore, DT main advantages in meta-recommending the most suitable pork quality
standard are: easy interpretation of the results, robustness (even in the presence of noise),
standardization for the choice of pork quality classification (Tan et al., 2005).

4. Conclusion

Meat quality evaluation is essential for the food industry. However, a question arises:
“What is the adequate technological quality standard to classify a given pork sample?”. This
question could be answered by the use of a meta-recommendation solution from Machine
Learning.

Using meta-features extracted from the original datasets of samples quality evaluation
we could build a DT meta-model capable of addressing in all experimental cases a right one
standard among six pork quality standards. Furthermore, some peculiarities and assump-
tions of the current literature models could be made. Thus, our proposal contributes to the
choice of the most suitable standard towards presenting more reliable results concerning the
majority classification of the samples.
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Meat classification methods are commonly based on quality parameters standardized by numeric ranges.
However, some animal samples from different production chains do not match the current grades proposed.
These unclassifiable samples are not capable to fit into a standard created by crisp range of values due to being
infeasible toward its definition. An alternative to handle this kind of sample classification is the fuzzy logic,
which could deal with uncertainty and ambiguity degree like human reasoning. In this work, we compare the
traditional classification method and fuzzy approaches with the objective to handle the infeasible samples. This

was compared to traditional pork standards using eleven real-life datasets with a total of 1798 samples described
by pH, water holding capacity and/or L* value. The results demonstrated that traditional classification could not
predict the unclassifiable samples. On the other hand, the fuzzy approaches improve significantly the number of
classified samples. Performance of the fuzzy approaches were compared with several machine learning algo-
rithms, but no significant statistical difference was observed. Finally, a real-life study case was explored,
highlighting some advantages and further achievements of the fuzzy modeling.

1. Introduction

Meat quality has been increasingly important as a large supply
chain, and it raises concerns of demanding consumers (We glarz, 2010;
Campos et al., 2014).

The widely used parameters concerning pork quality are pH, water
holding capacity (WHC), color and firmness. These parameters are de-
termined according to standards, which differ from each other as a
combination of subjective and objective measurements that vary ac-
cording to the markets (USA, 2003). The pH is one of the most im-
portant factors in the conversion from muscle to meat (Dutson, 1983).
WHOC refers to the meat ability to retain water during the application of
force (compression, drip loss, shear) or external treatment (Huff-
Lonergan and Lonergan, 2005; Silva Sobrinho et al., 2005) and influ-
ence meat succulence. And meat visual aspect, e.g. color intensity, also
covers important features for quality evaluation as it is related to initial
product choice and acceptability. Hence, color feature has a straight-
forward relation to consumer perceptions (Fletcher, 1999). There is a

* Corresponding author.

high variation in pork quality (Bauer et al., 2013), since variations have
been observed between quality parameters. Thus, some experiments led
to an inaccurate evaluation of the pork quality (Warriss and Brown,
1987; Van Laack et al., 1994).

Several quality standards have been proposed to evaluate pork in
the industry: Barbin et al. (2012) and Tomovic et al. (2014) include
three classes of pork quality, Warner et al. (1997) and Joo et al. (2000)
propose four classes, Kauffman et al. (1993) and Faucitano et al. (2010)
propose five classes, while Bauer et al. (2013) suggests 8 classes. The
main classes described in the literature are PSE (pale, soft, exudative),
PFN (Pale, firm, non-exudative), RSE (red, soft, exudative), RFN (red,
firm, non-exudative) and DFD (dark, firm, dry), resulting from the
combination of pH, WHC and/or L* value.

However, even with several classification standards proposed, pork
meat classification remains a challenge due to the strict values (crisp-
ness) of each quality parameter. For example, in the study of Faucitano
et al. (2010), 14% of loins evaluated could not be classified according to
the quality criteria used, being considered infeasible samples, because
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these did not match the standard’s parameters. Infeasible samples could
be simply discarded, or manually converted, when possible (Chen and
Li, 2010).

The problem persists even for new standards proposed (Adorni
et al,, 2001). All the proposed classifications are formed by rigid
thresholds that are different from each standard, and use classical logic
to deal with the pork samples. In other words, if a pork sample does not
match a given quality class, it cannot be classified, becoming an in-
feasible sample. This fact increases the difficulty to classify a sample
that does not adjust in the expected parameter interval.

Classical set theory establishes crisp limits. Therefore, an element
may or may not belong to a determined set. In fuzzy sets, there is a
membership degree of each item to a determined set, that makes a
gradual transition between full membership and no membership
(Jensen and Shen, 2008; Coutinho et al., 2015).

There have been several approaches to deal with this issue. The
most prominent are using the fuzzy logic (Moore and Lodwick, 2003),
that has been a valuable tool in the study of various physical and bio-
logical phenomena (Sunita and Deo, 2012). The fuzzy logic kernel is
capable of modeling the uncertainty, handling quantitative data with
ambiguity degree like human reasoning (Lodwick, 2002; Vasquez-
Villalobos et al., 2015). Much of the research to date has been in the use
of interval mathematics in fuzzy set theory, in particular, fuzzy ar-
ithmetic and fuzzy interval analysis (Lodwick, 2002).

Nowadays, one of the most used implementations of fuzzy algo-
rithms is Fuzzy Rule-Based System (FRBS) package from R. This solu-
tion was applied with success for storage time prediction of pork meat
in comparison to sophisticated machine learning (ML) solutions as
Random Forest (RF), Artificial Neural Networks (ANN) and Support
Vector Machine (SVM) and the results showed that, although RF was
the best one, FRBS also presented significant performance, reaching
93.93% of accuracy (Barbon et al., 2016).

In the current study, we propose to evaluate three different im-
plementations of four pork quality grading standards according to
Kauffman et al. (1993), Warner et al. (1997), Joo et al. (2000) and
Faucitano et al. (2010). These standards are based on pH, WHC and L*
value. The fuzzy models were built for each grade, and the classification
results compared against the classical logic aiming to improve the
capability of the pork quality standard to handle the infeasible samples.

There are several methods to fuzzy logic modeling (Hiillermeier,
2015). We investigated three model constructions: classical logic, fuzzy
top-down and fuzzy bottom-up approaches. Classical logic is based on
the grade’s rule composed of crisp limits. Top-down is a manual fuzzy
classification model designed by human experts, where the limits and
degrees need to be designed by adapting the crisp limits. Bottom-up is
the fuzzy classification model induced by a ML supervised approach,
also called as data-driven. In this last method, the relationships, limits
and degrees between dependent and independent parameters are ob-
tained automatically based on labeled datasets.

Therefore, we introduced the fuzzy modeling to pork quality as-
sessment capable of enhancing the number of samples classified. This
was accomplished through fuzzy classification of the infeasible samples
obtained from crisp grade.

2. Materials and methods
2.1. Pork quality standards

Our classification experiments were based in four standards already
described in the literature: Kauffman et al. (1993), Warner et al. (1997),
Joo et al. (2000) and Faucitano et al. (2010), using the pH, WHC and/or
lightness (L* value) parameters (Table 1).

Pork samples (n = 1798) were collected and pH, WHC and lightness
(L*) parameters were measured in the longissimus dorsi at lumborum
muscle, between the penultimate and last ribs of the left half of cooled
carcasses (2 *+ 2°C) 24 h after slaughter.

Computers and Electronics in Agriculture 150 (2018) 455-464

Table 1

Pork quality standards used in the experiments PSE (pale, soft, exudative); PFN
(pale, firm, non-exudative); RSE (red, soft, exudative); RFN (red, firm, non-
exudative); DFD (dark, firm, dry).

Standard Class pHu WHC L
Kauffman et al. (1993) PSE - >5 > 58
RSE - >5 52-58
PFN - <5 > 58
RFN - <5 52-58
DFD - <5 <52
Warner et al. (1997) PSE <6 >5 > 50
RSE <6 >5 42-50
RFN <6 <5 42-50
DFD >6 <5 <42
Joo et al. (2000) PSE - >6 >50
RSE - 26 <50
REN - <6 243
DFD - <6 <43
Faucitano et al. (2010) PSE <6 >4.76 > 50
PFN <6 < 4.76 > 50
RSE <6 >4.76 43-48
REN <6 < 4.76 43-48
DFD >6 <22 < 42

Ultimate pHu was measured 24 h post mortem using a Testo 205 pH-
meter; WHC was measured by pressing method (PM) proposed by
Hamm (1960) and adapted by Wilhelm et al. (2010), while L* value
(lightness) was acquired with a Minolta R portable colorimeter (model
CR-10 colorimeter with illuminant D65 and 8° angle of inclination -
Tokyo, JP) after blooming for 30 min (CIE, 1978).

Some quality standards consider different methodologies for WHC
and L*. Hence, WHC was also converted, as Kauffman’s and Faucitano’s
standard used pressing method (PM) and filter paper wetness (FPW),
respectively. This conversion was carried out in order to compare re-
sults from different classification standards. Normalized drip loss (DL)
parameter was performed using Egs. (1) and (2) as proposed by Peres
et al. (2011). L* was converted from HunterLab to CIELabx for Kauff-
man’s standard as exposed in Egs. (3)—(5). In these equations, Y re-
presents the luminance, X and Z are the chromatic values (Billmeyer
and Hammond, 1990).

DL = 0.100707-PM (@)

DL = —0.36 + 0.064-FPW (2

H(L) = 10JY 3)

_ (1.02-X)-Y

H(a) =175 7\/? @
Y—(0.847-Z)
Hpb)=7——""7-2

® g ®)

2.2. Organization of the experiments and datasets

Three classification approaches were performed (Fig. 1): classical
logic (Experiment 1), top-down considering fuzzy logic (Experiment 2)
and fuzzy bottom-up and ML algorithms (Experiment 3). Experiment 1
was performed to obtain the classification and the number of un-
classified samples. Experiment 2 was carried out to observe the beha-
vior of fuzzy top-down approaches (designed by a specialist) for clas-
sifying all real-life datasets, mainly the unclassified samples observed in
Experiment 1. Finally, Experiment 3 was carried out to observe the
capacity to deal with the infeasible samples using ML algorithms.

For the three aforementioned experiments, we considered two da-
taset profiles: eleven real-life and four synthetic datasets. In total there
were fifteen datasets, eleven real-life and four synthetic datasets
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Fig. 1. Methodology overview for evaluating the contribution of the fuzzy approach.

Table 2
Statistical descriptions (average and standard deviation) of the real and syn-
thetic datasets.

Dataset Total pH WHC L
Avg Sd Avg sd Avg sd
Real-life
D1 73 5.56 0.15 3.34 0.35 52.92 3.35
D2 306 5.78 0.36 2.88 0.54 53.80 3.21
D3 405 5.68 0.16 2.71 0.44 52.44 2.62
D4 117 5.52 0.13 3.17 0.43 50.39 2.56
D5 54 5.86 0.24 2.94 0.59 50.36 231
D6 44 5.74 0.09 4.99 2.41 55.09 2.83
D7 48 5.56 0.13 4.97 215 56.44 4.63
D8 144 5.58 0.11 3.30 0.38 54.45 3.35
D9 70 5.86 0.06 3.62 1.50 52.12 2.33
D10 40 5.54 0.15 3.45 0.42 52.20 3.66
D11 - Study case 497 5.75 0.22 3.74 2.23 47.35 3.82
Total 1798
Synthetic
D12 - Faucitano 1000 4.17 2.96 6.45 4.30 49.22 12.86
D13 - Joo 1000 - - 6.20 4.19 45.54 14.72
D14 - Kauffman 1000 - - 5.57 4.12 54.70 11.22
D15 - Warner 1000 4.50 3.13 6.02 4.17 45.69 11.36
Total 4000
(Table 2).

The real-life samples were obtained from pigs slaughtered in com-
mercial slaughterhouses and then analyzed in laboratory to obtain the
information of pHu, WHC and L* value. These datasets needed to be
labeled in order to induce the ML algorithms and further analysis. In
this way, the feasible samples of the real datasets were labeled by
classical logic from Experiment 1.

The meat quality has an association with handling pre and post-
slaughter factors. Thus, it is expected that the real-life dataset is im-
balanced, once it does not include the same number of samples for each
class, neither instances of all the classes considered.

The imbalance can significantly compromise the performance of the
ML algorithms, providing an unsatisfactory classification accuracy (He
and Garcia, 2009).

A possible solution to this problem would be to collect more sam-
ples, but as previously mentioned, we cannot control or guarantee that
samples of all classes will be obtained. As an alternative, we create
synthetic datasets for each grading standard.

We randomly generate samples, defining their feature values within
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the thresholds established by each grading standard, as well as covering
all classes and with a balanced number of samples for each class
(Table 2).

2.2.1. Classical logic

In Experiment 1, it was applied the conventional algorithm based on
IF-THEN conditions by implementing ranges of standards. These algo-
rithms were used only over the real-datasets for each standard, ac-
cording to the particular parameter limits. For instance, the Algorithm 1
is the implementation of Warner’s grading standard.

Algorithm 1. Warner’s grading algorithm implemented by classical
logic approach

1: forDatasetdo

2 if pH < 6 and L+ > 50 and WHC > 5then

3: class « PSE

4 else

5: ifpH < 6 and (L* > 42 and L* < 50) and
WHC > 5then

6: class < RSE

7: else

8: ifpH < 6 and (L* > 42 and L* < 50) and
WHC < 5then

9: class < RFN

10: else

11: ifpH > 6 and L+ < 42 and WHC < 5then

12: class <« DFD

13: else

14: class « FALSE

15: end if

16: end if

17: end if

18: end if

19: end for

In this approach, an element is true or false, so there is no inter-
mediate situation (Goldschmidt, 2010). The sets and rules are rigid,
which for real-life scenarios could be a disadvantage.

The main objective of Experiment 1 was to classify the samples in
order to create the golden model and identify infeasible samples for
further analysis. Those unclassified samples were used in Experiment 2
toward evaluating the prediction of fuzzy approaches and exposing
their advantages over the classical logic ones.
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2.2.2. Fuzzy top-down

Experiment 2 was designed to evaluate the fuzzy top-down ap-
proach over infeasible samples, whose model is built by a human spe-
cialist (Miiller, 2015). Thus, we created four fuzzy models (from each
standard) and perform the classification of the real-life datasets. We
aimed at comparing the classified samples focusing on golden model
matching and infeasible handled capability of fuzzy modeling.

Fuzzy top-down was implemented in R environment,' supported by
FRBS package from R. We manually designed the parameters, linguistic
terms, membership function (MF) and rules from each standard. On the
other hand, it would be possible to build the model using the ML ap-
proach, which was done as described in Section 2.2.3 to the fuzzy
bottom-up approach.

The settings defined for the fuzzy top-down approaches are avail-
able in Table 3. The inference model adopted was MANDANI due to the
straightforward creation of IF-THEN rules in comparison to TSK-type.
This approach requires linear representations of rules based on a matrix
modeling. The FRBS method offers alternatives as first, last and mean of
maxima in addition to the Modified Centre of Gravity (COG). As fuzzy
intersection operators, which are usually referred to as T-norm, we
apply the minimum T-norm (MIN). This definition follows the state-
ment of the real unit interval [0,1] for the system of true values,
changing the classical logic (0 or 1) to a degree of pertinence. The fuzzy
union norm (S-norm) was defined as maximum S-norm (MAX). This
parameter indicates a mapping between fuzzy MF in the interval [0,1].
Finally, we defined the defuzzification method as Weighted Average
Method (WAM) owing to best fit to our standard. The defuzzification
process aggregates all fuzzy outputs and extracts a single value as the
entire system output (Shaw, 2013).

The MF was designed considering the range of values described in
each standard for any single parameter. Fig. 2 shows an example of MF
designed from Warner’s standard for the parameters: pH, WHC, L* and
the class for defuzzification. Each color in the Fig. 2 corresponds to a
MF toward representing a fuzzy level. The IF-THEN rules (Table 4) were
established based on the restrictions proposed by the Warner’s grading
standard. The designed MF illustrates the advantage of fuzzy logic
system concerning the ability to capture the partial membership in a set
and associate it as a rule. This is not possible with classical logic method
(Bezdgk, 2014).

However, this approach has some drawbacks, such as the need for
parametrization to fine-tune models, requiring expert knowledge and/
or historical data (da Silva, 2008). To deal with these disadvantages and
apply the most recent classification techniques based on ML algorithms,
including fuzzy modeling by ML, we performed Experiment 3.

2.2.3. Fuzzy bottom-up and machine learning

In Experiment 3, we evaluated the fuzzy bottom-up approach where
several ML algorithms with R environment (similarly to Experiment 2),
were used to induce models for each grading standard from the syn-
thetic dataset. We used the synthetic dataset due to the requirement of
supervised ML approach that demands at least some samples from each
class of a given problem. Our real-life dataset did not comply with this
requirements.

The algorithms and corresponding packages used to implement each
ML algorithm are summarized in Table 5.

3. Results and discussion

Experiment 1 (Section 3.1) presents the performance of the classical
logic. Experiment 2 (Section 3.2) reports the top-down approach
modelled by a human specialist. On the other hand, the models built in
Experiment 3 (Section 3.3) were used to evaluate the performance
between fuzzy and other ML.

1 https://www.r-project.org/.

Computers and Electronics in Agriculture 150 (2018) 455-464

Table 3
Configuration of the inference parameters to design
the fuzzy top-down models.

Parameter Value
Model MAMDANI
T-norm MIN
S-norm MAX
Defuzzification WAM

3.1. Experiment 1: Classical logic

The total number of samples and the percentage of samples classi-
fied by classical logic over the real-life datasets (D1-D10) are presented
in Table 6. In decreasing order, the grading standard that obtained
better percentage of classified samples was Joo et al. (2000), followed
by Kauffman et al. (1993), Faucitano et al. (2010) and Warner et al.
(1997).

Joo et al. (2000) and Kauffman et al. (1993) use only WHC and L*
parameters, while Faucitano et al. (2010) and Warner et al. (1997)
involve all three parameters (pH, WHC and L*). Once few parameters
are analyzed, the proposed grading standard turn to be simple, ob-
taining less infeasible samples. However, the classification could be
imprecise.

Although, the standards with only two parameters (WHC and L")
classified more samples and presented high classification results, we
still consider that the pH parameter is also relevant. The pH is an im-
portant predictor of meat quality that influences WHC and L* para-
meters (Sabow et al., 2015), thus being correlated.

Another relevant question is the range of parameters for the classes
defined by each standard. Joo’s standard (Joo et al., 2000) considered
four quality classes and classified 100% of the samples. Notwith-
standing, Warner et al. (1997) proposed the same 4 classes, but
achieved fewer classified samples. The difference between these au-
thors is the range of parameter values.

Joo’s standard (Joo et al., 2000) covers a wide boundary for the
values of the parameters, differently from that observed for other
grading standards investigated. For example, regarding the parameter
L* in Warner et al. (1997), PSE class is within the range L* > 50, RSE
and RFN classes are in the range 42 > L*>50, and DFD class between
L*<42. Thus, L* values such as 50 and 42 would not be assigned, but
could occur in real samples. This fact occurs for other Warner’s standard
parameters. Moreover, it can be observed in Kauffman et al. (1993) for
the parameters WHC and L* and in the standard proposed by Faucitano
et al. (2010) for the parameter L*.

In this sense, it is possible to justify the lower percentage of samples
classified by those grading standard in comparison to Joo et al. (2000).
It is known that a standard is created by the observation and mea-
surement of quality parameters considering some peculiarities such as
consumer and industry demands. In this way, there is not a best or
worst standard, but rather, a standard developed for a specific scenario.

3.2. Experiment 2: Top-down

In the top-down approach built by the use of fuzzy logic, as de-
scribed in Section 2.2.2, Joo et al. (2000) presented the lowest number
of infeasible samples (i.e. achieved 100% of classified samples for all
real-life datasets considered). However, the percentage of classified
samples improved significantly for Faucitano et al. (2010) (99.02%),
Kauffman et al. (1993) (98.57%) and Warner et al. (1997) (68.75%)
when compared to the classical approach. These results could be ob-
served in Tables 6 and 7.

We evaluated the fuzzy logic (top-down) accuracy over the feasible
samples obtained from classical logic (Table 8) and Warner’s standard
reached 100% for all datasets, but it is important to consider the number
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Fig. 2. Membership functions considering the Warner’s grading standard for the parameters: pH, WHC, L* value and the class for defuzzification.

Table 4
IF-THEN rules for Warner’s grading standard.
1 IF pH is low AND WHC is high AND L* is high THEN Class is PSE
2 IF pH is low AND WHC is high AND L* is medium THEN Class is RSE
3 IF pH is low AND WHC is low AND L* is medium THEN Class is RFN
4 IF pH is high AND WHC is low AND L* is low THEN Class is DFD
Table 5
Machine learning algorithms used in the experiments and corresponding R packages.
Algorithm Description R package
Decision Tree (J48) A Decision Tree widely applied to represent series of rules that lead to a class or value (Medeiros et al., 2014; Sharma and RWeka
Jain, 2013).
Naive Bayes (NB) Classification method based on probability and statistic used in several real-life scenarios (Ma et al., 2016; Manikandan and naivebayes

Ramyachitra, 2014).
Random Forest (RF) Combination of decision tree predictors that provides more accurate predictions (Breiman, 2001; Scornet et al., 2015). RandomForest

Support Vector Machine (SVM) A statistical learning theory algorithm, very popular in supervised ML and food quality solutions (Kavzoglu and Colkesen, el071
2009; Wang, 2005).

Fuzzy-RBS Chi (Chi) A well known method of soft computing, based on fuzzy concepts and Chi’s technique (Riza et al., 2015) frbs

Fuzzy-RBS W (Ishibuchi) Ishibuchi’s technique using weight factor which allows the development of systems that represent human decisions (Riza frbs
et al., 2015)

Table 6 Table 7
Samples classified by classical logic (%). Percentage of classified samples by the top-down approach.
Total Faucitano (%) Joo (%) Kauffman (%) Warner (%) Total Faucitano (%) Joo (%) Kauffman (%) Warner (%)

D1 73 84.93 100.00 100.00 12.33 D1 73 98.63 100.00 100.00 24.66
D2 306 75.16 100.00 100.00 5.88 D2 306 99.02 100.00 100.00 18.30
D3 405 85.19 100.00 100.00 16.05 D3 405 100.00 100.00 100.00 29.14
D4 117 72.65 100.00 100.00 44.44 D4 117 100.00 100.00 100.00 59.83
D5 54 70.37 100.00 100.00 24.07 D5 54 100.00 100.00 100.00 55.56
D6 44 97.73 100.00 97.73 31.82 D6 44 100.00 100.00 97.73 65.91
D7 48 95.83 100.00 97.92 47.92 D7 48 100.00 100.00 100.00 68.75
D8 144 93.75 100.00 100.00 6.94 D8 144 100.00 100.00 100.00 18.75
D9 70 87.14 100.00 91.43 30.00 D9 70 100.00 100.00 98.57 57.14
D10 40 77.50 100.00 100.00 30.00 D10 40 100.00 100.00 100.00 40.00
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Table 8
Accuracies and total of classified samples (in the brackets) using the top-down
approach for each grading standard.
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of samples classified. The standards proposed by Joo et al. (2000) and
Faucitano et al. (2010) predicted 7 datasets with 100% of accuracies
and the lowest performance were 93.18% and 72.09%, respectively. The
worst prediction was obtained by Kauffman et al. (1993) with a max-
imum accuracy of 99.15% and minimum of 65.12%.

It is observed that the top-down modeling overcomes the classical
logic for all standards and datasets (Fig. 3). We did not represent gra-
phically the Joo’s standard, once both approaches obtained a complete
sample classification.

Even with an important improvement by the use of fuzzy logic,
there are still infeasible samples. These samples could indicate the oc-
currence of extrinsic factors from samples, like measurement errors,
problems in acquisition technique or device calibration.

Method [ Classical [i}] Top-Down

Faucitano (%) Joo (%) Kauffman (%) Warner (%)
D1 100.00 (62) 100.00 (73) 97.26 (73) 100.00 (9)
D2 100.00 (230) 100.00 (306) 92.48 (306) 100.00 (18)
D3 99.71 (345) 100.00 (405) 98.52 (405) 100.00 (65)
D4 100.00 (85) 100.00 (117) 99.15 (117) 100.00 (52)
D5 100.00 (38) 100.00 (54) 98.15 (54) 100.00 (13)
D6 72.09 (43) 93.18 (44) 65.12 (43) 100.00 (14)
D7 100.00 (46) 95.83 (48) 78.72 (47) 100.00 (23)
D8 100.00 (135) 100.00 (144) 84.03 (144) 100.00 (10)
D9 83.61 (61) 97.14 (70) 90.62 (64) 100.00 (21)
D10 100.00 (31) 100.00 (40) 92.50 (40) 100.00 (12)
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Fig. 3. Classified samples by the classical and the top-down approaches using the grading standards proposed by Faucitano, Kauffman and Warner over the 10 real-

life datasets (D1-D10).
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Nemenyi test. Algorithms that are not significantly different (« = 0.05) are connected.

3.3. Experiment 3: Bottom-up

In Experiment 3, we apply some traditional ML algorithms in
comparison to fuzzy bottom-up approaches. It was calculated their
classification performance from the labeling obtained in Experiment 1
(by the classical logic approach). Before that, we considered a synthetic
dataset capable to deal with supervised ML algorithms, as described in
Section 2.2.3. In order to analyze the accuracies, Fig. 4 shows the
boxplots using the ML algorithms (Fuzzy-CHI, Fuzzy-W, J48, NB, RF and
SVM) for each grading standard. As we can see, there is no ML algo-
rithm that outperforms the other ones. Each algorithm can provide
significant performance for a specific grading standard. Although the
RF algorithm appeared to obtain a superior accuracy, this fact was not
corroborated by the statistical analysis.

The accuracy allows us to compare the algorithms by applying the
Friedman’s statistical test with significance level at « = 0.05. The null
hypothesis here states that the performances of the classification model
are equivalent regarding the accuracy per algorithm. Any time the null
hypothesis is rejected, the Nemenyi posthoc test is applied, stating the
performance of two different models are significantly different whether
the corresponding average ranks differ by at least a Critical Difference
(CD) value, as previously proposed in Demsar (2006).

Different algorithms are connected when significance difference is
not observed between them (a = 0.05 and CD = 4.31) (Fig. 5). Lower
rank values indicate the best performance, while higher values indicate
the opposite.

Thus, according to the results, no significant differences were ob-
served when comparing J48, NB, RF, SVM and fuzzy approaches. This
suggests there is no best algorithm to induce a predictor in our scenario
when considering accuracy. In this case, we could employ any algo-
rithm or consider alternatives to select an option based on ML.

It was possible to observe the improvement of the classification task
by the use of the fuzzy top-down (Experiment 2) and bottom-up
(Experiment 3) approaches. Both techniques tackle the infeasibility
issue successfully, but some features need to be considered when select
top-down or bottom-up approaches.

Top-down approach requires a specialist and spend more time on
creation, considering that it is a manual design of ML and rules. On the
other hand, this approach demands only the parameters, intervals and
related classes of a standard.

Bottom-up approaches, based on modeling a dataset by the ML al-
gorithms, require few seconds to go through the design without a fuzzy
specialist (or other algorithms). However, it is based on a labeled da-
taset composed of all classes. This fact demands a high-quality
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Table 9
Faucitano’s fuzzy top-down unlabeled samples attributes and their membership degree values.
pH WHC L* pH.low pH.high WHC.low WHC.medium WHC.high L"low L*.medium L"high
6.03 3.50 41.79 0.48 0.52 0 1.00 0 1 0 0
6.24 3.68 41.10 0.38 0.62 0 1.00 0 1 0 0
5.71 4.76 41.68 0.64 0.36 0 0.50 0.50 1 0 0
6.04 5.72 41.39 0.48 0.52 0 0.02 0.98 1 0 0
6.00 4.76 41.42 0.50 0.50 0 0.50 0.50 1 0 0
5.96 3.50 41.79 0.52 0.48 0 1.00 0 1 0 0
6.29 3.56 40.01 0.36 0.64 0 1.00 0 1 0 0

dataset already classified (tagged) to cope with the supervised re-
quirement of these ML approaches. Beyond that, real-life datasets
commonly do not comprehend all classifications established by the
standards, failing with this bottom-up requisite.

In this way, we recommend the use of the top-down approach, once
its drawbacks could be minimized by the use of frameworks from
Matlab,” R and other fuzzy sites. It is possible to download the modeling
of the standards proposed by Kauffman et al. (1993),Warner et al.
(1997), Joo et al. (2000) and Faucitano et al. (2010) which is im-
plemented in R (as described in Section 2.2.2 and is hosted in our public
repository).”

3.4. Faucitano’s standard study case

As described in the Section 1, Faucitano et al. (2010) reports that
14% of the samples were infeasible. In ownership of the original dataset
from Faucitano et al. (2010) (Table 2 - D11), we perform the classifi-
cation task of the 497 samples through the classical logic and fuzzy
logic (top-down) approach (Experiments 1 and 2, respectively).

By predicting the samples with fuzzy logic we reached an expressive
result, where only 7 samples (1.40%) remained unclassified.

Analyzing the heat map in Fig. 6, it is possible to verify the MF
degree of the unclassified samples by classical logic. When drawn by
red or white lines it is possible to observe a high confidence, positive or

2 https://www.mathworks.com/.
3 http://www.uel.br/grupo-pesquisa/remid/.
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negative, respectively. Contrarily, the reddish colors represent a low
confidence in the parameter for that sample. The pH parameter was the
less confident parameter for classification. WHC and L* value para-
meters were as majority to define the sample class.

Even based on the MF degree of the parameters, it was not possible
to classify 7 samples, which are presented in Table 9.

In order to define the meat quality class, we must consider the in-
trinsic and extrinsic factors to the animals and their influences on the
main quality characterization parameters (pH, WHC and L*value).
However, in general, when a meat sample presents a high final pH, and
therefore is above the isoelectric point of myofibrillar proteins it con-
figures a higher WHC due to the natural spacing of these proteins
(Beringues, 1999).

As a consequence of the higher WHC, occurs a large retention of
intracellular water. When a beam of light is placed on it, less light re-
flects and a darker flesh obtains lower (L*). The light scattering from
meat surface is probably due to differences in refractive indices of the
sarcoplasm and myofibrils (Adzitey and Nurul, 2011). And when the pH
of meat approaches the isoelectric point of myofibrillar proteins, the
WHC reduces and the L* value increases, leaving the meat with lighter
coloration.

By studying the pH, WHC and L* value parameters of each infeasible
sample, we recognize abnormal behaviors for muscle biochemistry. The
biochemical inconsistencies may be the result of a failure during the
extraction of the parameters. In this case, even the fuzzy approach did
not cope with the classification of some samples, but this fact is not
considered a fail, but rather samples compromised that should be put
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apart from the experiment.
4. Conclusions

There are many methodologies for assessment of pork quality, all of
them using parameters established by rigid thresholds. In this way,
when the grading is performed some samples are not classified with the
combinations of ranges proposed for each parameter. These samples
cannot be classified, and traditionally are discarded.

In order to address these issues, we proposed the use of fuzzy logic
due to the capability to deal with uncertainty and ambiguity degree like
human reasoning. We perform two kinds of modeling: top-down (by
human design) and bottom-up (built by ML).

Considering the grading infeasibility, even though it was re-
commended the top-down approach, the question:“Hence, which class
could we assume?” could be answered by both approaches.In practice,
the fuzzy model provides better conditions for the industry, addressing
the pork for fresh consumption (different niche markets) or elaboration
of products (dried, fresh, cured, fermented, cooked and emulsified) by
improving the classification of the samples. Codes are available for
download from the research group webpage.*

For future works, it is expected to merge several grading standards
in a “fuzzy machine” to enhance the advantages of each method. Our
hypothesis is based on the confidence of each parameter, adjusting the
membership function (boundaries and format) from the lesser reliable
by data fusion using different standards.
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7 CONCLUSAO GERAL

Ao finalizar esta tese, podemos visualizd-la como uma ferramenta de apoio
ao monitoramento e desenvolvimento da qualidade da carne suina, em funcdo da meta-
recomendacdo do padrio de classificacio de carne suina mais adequado e redugdo na
quantidade de carnes infeasible.

Os resultados oferecidos por estas ferramentas (meta-recomendagao e logica
fuzzy) permitem informar com precisao os indices de qualidade para os interessados (6rgaos
de pesquisa, propriedades, frigorificos e centros de distribui¢ao), possibilitando rastrear onde
estdo as falhas no sistema e assim viabiliza a busca por solucdes eficientes para garantir a

qualidade da carne suina do comego ao final da cadeia produtiva.



