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GERONIMO, Bruna Caroline. Identificacdo e classificacdo de wooden breast em
frangos de cortes por métodos ndo destrutivos. 2017. 76 f. Dissertacédo
(Mestrado em Ciéncia de Alimentos) — Universidade Estadual de Londrina, 2016.

RESUMO

O objetivo desse estudo foi identificar e classificar peitos de frango com a miopatia
wooden breast (WB) utilizando o Sistema de Visdao Computacional (CVS),
informacéo espectral do infravermelho proximo (NIR) e caracterizar os parametros
fisico-quimicos e tecnolégicos de peitos de frango normal (N) e WB. Um total de 80
peitos (pectoralis major muscle) foi coletado em abatedouro comercial de aves e
selecionados 40 como N e 40 como WB. Foram obtidas informagdes espectrais
utiizando NIR e CVS. Posteriormente, os peitos N e WB de frango foram
caracterizados por medidas fisicoguimicas e tecnoldgicas. Combinando analises de
imagens com o modelo de classificacdo da Maquina de Vetores de Suporte (SVM)
usando recursos de intensidade e imagem de textura extraidos de fotos de peitos de
frango, 91,83% foram corretamente classificados como N ou WB. Em comparacéo, o
uso de informacgdes espectrais do NIR alcancou 97,5% de precisdo. Em relacéo as
caracteristicas fisicoquimicas e tecnolégicas, o WB de frango apresentou um
aumento de 2,21% de umidade e 106,67% do teor de lipidios, e uma diminuicédo de
14,41% e 13,04% do teor de proteina e cinzas, respectivamente. Além disso, WB
aumentou em 9,96%, 64,19% e 23,28% para L *, a * e b *, respectivamente; 1,91%
para pH e 106,06% para perda de agua por cozimento. A forca de cisalhamento dos
peitos de frango cru foi 49,51% mais rigido e, ap6s o cozimento, foi 31,79% mais
macio do que os peitos de frango N. CVS e NIR podem ser aplicados como métodos
rapidos e ndo destrutivos para identificacdo e classificacdo de WB de frango em
abatedouros.

Palavras-chave: Algoritmos. Imagem hiperespectral. Processamento de Imagens.
Aprendizado de Maquina.



GERONIMO, B.C. Identification and classification of Wooden Breast in broilers
by non-destructive methods. 2017. 76 p. Dissertation (Master’s degree in Food
Science) — Universidade Estadual de Londrina, Londrina, 2017.

ABSTRACT

The aim of this study was to identify and classify chicken breasts with Wooden Breast
(WB) myopathy using a Computer Vision System (CVS), spectral information from
the near infrared (NIR) and to characterize physicochemical and technological
parameters of Normal (N) and WB. A total of 80 breasts (pectoralis major muscle)
was collected in commercial poultry slaughterhouse and selected 40 as N and 40 as
WB. Spectral information using the NIR and CVS was obtained. Subsequently, N and
WB of chickens were characterized by physicochemical and technological measures.
Combining image analyses with Support Vector Machine (SVM) classification model
using intensity and textural image features extracted from pictures of chicken breast,
91.83% were correctly classified as N or WB. In comparison, using NIR spectral
information allowed for 97.5% of accuracy. Regarding the physicochemical and
technological characteristics, WB of chicken showed an increase of 2.21% of the
moisture and 106.67% of the lipid content, and a decrease of 14.41% and 13.04% of
protein and ash contents, respectively. In addition, WB increased 9.96%, 64.19% and
23.28% for L *, a * and b *, respectively; 1.91% for pH and 106.06 % for cooking loss.
The shear force of raw WB of chicken was 49.51% hardness and, after cooking, was
31.79% softer than N chicken breast. CVS and NIR spectroscopy could be applied as
a fast and non-destructive method for identification and classification of WB of
chickens in slaughterhouses.

Keywords: Algorithms. Hyperspectral Image. Image processing. Machine learning.
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1 INTRODUCAO

A produgdo de aves no Brasil tem apresentado altos indices de
crescimento. Os fatores associados a alta qualidade, sanidade e custo séo
imprescindiveis para que o Brasil seja atualmente o maior exportador mundial. De
acordo com a Associacao Brasileira de Proteina Animal (ABPA), o pais exportou 4.384
mil toneladas de carne de frango em 2016, conferindo sua lideranca neste quesito.
Atualmente, o Brasil € o segundo maior produtor de aves com 12.900 mil toneladas
de producédo no ano de 2016, sendo os EUA o maior produtor mundial com 18.261 mil
toneladas/ano. Ainda, de acordo com ABPA, o Parané foi responséavel por 35,85 %
das exportacdes da carne de frango e o consumo foi de 41,1 kg per capita/ano. Devido
a exceléncia destes produtos, o Brasil tem conquistado os mercados mais exigentes,
sendo os principais importadores a Unido Europeia, Europa, Oceania, Oriente Médio,
Africa, América e Asia (ABPA, 2016).

Nos ultimos 20 anos, tem sido observado um aumento na preferéncia
pela carne do peito de frango. Para atender a crescente busca pelo consumidor,
principalmente de paises ocidentais, a selecdo genética foi direcionada para escolha
de aves com alto desenvolvimento e rendimento de peitos e pernas (PETRACCI et al.,
2015). Desta forma, para atender a crescente demanda, ha interesses em alcancar
maior peso da ave em menor tempo, possibilitando a realizacdo do abate com menor
idade (HAVENSTEIN et al., 2003; PETRACCI et al., 2015), além de melhorar a taxa
de converséo alimentar e reduzir a taxa de mortalidade sem reducéo da qualidade da
carne ofertada. O aumento pela preferéncia do consumidor esta associado ao baixo
custo, propriedades dietéticas e nutritivas, diversidade e facilidade de preparo e ao
fato de que a producédo e consumo de aves ndo confrontam com fatores de ordem
cultural ou religioso (VALCESCHINI, 2006; PETRACCI et al., 2015).

Nos ultimos 30 anos, a intensa selecdo genética associada a uma
alimentacao de alta energia possibilitou a obtengao de frangos com maior rendimento
da carcacga, em particular, aumento do rendimento dos peitos de frangos e aumento
da taxa de crescimento (HAVENSTEIN et al., 2003; PETRACCI et al., 2015; MUTRYN
et al., 2015).

Entretanto, tais avancos tém contribuido para a incidéncia de

anomalias na carne de peitos de frangos, comportamentos fisiol6gicos anormais, com
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consequente danos ao tecido muscular que refletem na reducdo da qualidade da
carcaca (SHIMOKOMAKI et al., 2006; MUTRYN et al., 2015; PETRACCI et al., 2015).
Dentre as anomalias que provocam alteracées na aparéncia, reducdo da qualidade
tecnologica e nutritiva, com consequente aversao dos consumidores esta o wooden
breast (WB) recentemente reportado na Finlandia, Europa e EUA (KUTTAPPAN et al.,
2012a; SIHVO et al., 2014; MUDALAL et al., 2015, MUTRYN et al., 2015) e também
no Brasil. Devido as alteracées macroscopicamente visiveis (SIHVO et al., 2014), h4
interesses em desvendar a etiologia dessas alteracbes para reduzir a incidéncia e
diminuir seu impacto a economia, visto que o0s peitos de aves afetados sao
normalmente rejeitados pelos consumidores ou encaminhados para fabricacdo de
produtos processados (MAZZONI et al., 2015; MUDALAL et al., 2015; TROCINO et
al., 2015) gerando perdas econdmicas significativas.

A deteccdo de peitos de frangos afetados por esta anomalia é
realizada a partir alteracdes macroscopicas na aparéncia com visualizacdo de areas
palidas, presenca de liquido viscoso e dureza tatil, conforme avaliada a partir da
medida por palpagcdo manual dos peitos de frangos (SIHVO et al., 2014). Corresponde
a uma medida de natureza subjetiva depende da sensibilidade e conhecimento do
analista e, portanto, é suscetivel ao erro.

As metodologias para rapida e precisa medicdo da qualidade dos
alimentos séo ferramentas necessérias para otimizar as linhas de inspec¢éo industrial
(BARBIN et al., 2013). O uso da espectroscopia de infravermelho préximo (NIR) é uma
técnica ndo destrutiva, eficiente e de rapida mensuracédo das matrizes complexas dos
alimentos (ALEXANDRAKIS et al., 2012). E possivel analisar e estimar as
concentracbes dos componentes quimicos presentes na carne, tais como lipidios,
proteinas, umidade e carboidratos, sendo possivel comprovar sua habilidade em
predicdo destes constituintes a partir de modelos de regressédo (BARBIN et al., 2013).

A partir do sistema de visdo computacional € possivel realizar a
analise de imagens digitais para gerar um padrdo de inspecdo da qualidade dos
alimentos. Seu uso destaca-se pela simplicidade, baixo custo e o tempo necessario
para obtengcdo dos resultados (BARBIN et al.,, 2016), apresenta consisténcia nos
dados obtidos e eficiéncia podendo ser utilizado para inspecédo visual de produtos
alimenticios (LU et al., 2000).

Desta forma, destaca-se a importancia de desenvolver uma técnica

objetiva com precisédo para verificar a ocorréncia e caracterizacdo desta anomalia.
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Assim sendo, o objetivo deste trabalho foi identificar e classificar os peitos de frango
com a miopatia WB utilizando o Sistema de Visdo Computacional (CVS) e informacéao
espectral do infravermelho proximo (NIR) e caracterizar os parametros fisico-quimicos
e tecnoldgicos de peitos de frango normal (N) e WB.
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2 OBJETIVOS

2.1 Objetivo Geral

Identificar e classificar os peitos de frango com a miopatia WB
utilizando o Sistema de Visdo Computacional (CVS) e informacdo espectral do
infravermelho proximo (NIR) e caracterizar os parametros fisico-quimicos e

tecnologicos de peitos de frango normal (N) e WB.

2.2 Objetivos Especificos

e Utilizar os algoritmos Maquina de Vetores de Suporte (SVM), Perceptron
Multicamadas (MLP), Arvore de Decisdo J48 e Floresta Aleatéria (RF) do
Sistema de Visao Computacional (CVS) para identificar e classificar os peitos
de frango em N ou WB.

e Obter informacdes espectrais por Espectrofotometria de Infravermelho Proximo
(NIR) da area cranial dos peitos de frango para classifica-los utilizando a

Andlise de Componentes Principais (PCA).

e Caracterizar os peitos de frango N e WB por meio de medidas fisicas (pH, cor
pelo sistema CIELab e textura), quimicas (teor de umidade, proteina, lipidios,
cinzas) e tecnolégicas (capacidade de retencdo de agua (CRA) e perda de

agua por cozimento.

e Propor modelos preditivos para identificacdo e classificacao de peitos de frango

com a miopatia WB em linhas de abatedouros comerciais.

e Propor uma arvore de decisdo utilizando o algoritmo J48 constituida por
andlises ndo destrutivas e de rapida mensuracdo para predizer a classe dos

peitos de frango em N ou WB.
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3 REVISAO BIBLIOGRAFICA

3.1 Aspectos Gerais e Caracteristicas de Wooden Breast em Frangos

O primeiro relato sobre wooden breast (WB) foi descrito por Sihvo et
al. (2014) que corresponde a uma anomalia observada em frangos de corte que afeta
0 pectoralis major muscle e, ocasionalmente, o pectoralis minor muscle. E facilmente
reconhecido no peito de frango devido a alteracdo macroscépica no musculo que
apresenta uma dureza rigida e palpavel. Pode ser observado sob a parte mais
espessa do musculo um fluido translucido, amarelado e viscoso, coloracéo palida e,
alguns casos, acompanhada por white striping (SIHVO et al., 2014). As fotografias
dos peitos de frango N e com WB com aparéncia de abaulamento, dureza palpavel,

palidez e fluido viscoso de coloracéo clara sdo apresentadas na Figura 1.

Figura 1 — Fotografias de peitos de peitos de frango: (1) Normal; (2) Wooden breast.

Fonte: Sihvo et al. (2014)

Em geral, as lesGes observadas nos peitos de frango WB ocorrem na
regido superficial dos peitos e estdo associadas a fragmentacgéao das fibras musculares
e hipoxia muscular com consequente inflamacao dos musculos que podem ser
observados a partir da histologia e, ainda, na presenca de linfécitos T que confirmam
a ocorréncia do processo inflamatério (MUTRYN et al., 2015; MAZZONI et al., 2015).
Os peitos de frango WB apresentaram em quantidades variaveis a distrofia muscular
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(degeneracao das fibras musculares), de moderada a severa, acumulo de tecido
conjuntivo intersticial (ou fibrose) (KUTTAPPAN et al.,, 2013; SIHVO et al., 2014;
RUSSO et al., 2015;) e de gordura intramuscular (ou lipidose) (TROCINO et al., 2015).

A degeneracao das fibras musculares ocasiona mudangas estruturais
do mdasculo, tais como, a reducdo do conteudo proteico e aumento da umidade
(MAZZONI et al., 2015). Esta anomalia influencia negativamente a aceitacdo do
consumidor devido as alteragdes na aparéncia, propriedades tecnoldgicas e nutritivas
(KUTTAPPAN et al., 2012a; MAZZONI et al., 2015; MUDALAL et al., 2015).

Os fatores que podem influenciar a incidéncia do WB dos frangos de
cortes, tais como gendtipo, género e regime alimentar, desde o nascimento até o abate
foram acompanhados e analisados por Trocino et al. (2015). Observaram que apenas
0 género masculino exerceu maior influéncia na incidéncia da anomalia e estes
frangos apresentaram maior peso final e melhor conversdo alimentar quando
comparados com as fémeas. Kawasaki et al. (2016) observaram também que os
frangos de cortes (Figura 2) apresentaram diferencas perceptiveis entre as aves N e
as afetadas pela anomalia WB.

Segundo Sihvo et al. (2016) os peitos de frango foram avaliados e
classificados macroscopicamente como N e WB conforme o grau de severidade
(graus de dureza muscular) e localizacéo (focal ou difuso). No peito de frango WB foi
observada manifestacdo focal na regido cranial ou caudal, consisténcia rigida e
coloracéo pélida, enquanto que na manifestacdo difusa foi observado sob o musculo
inteiro e ambas também poderiam apresentar simultaneamente o white striping (WS)
(Figura 3). Ainda, foi observado que a incidéncia da anomalia WB foi influenciada pelo
tempo de abate nas idades de 10, 18, 24, 35 e 42 dias. Com 10 dias de idade, néo foi
verificado a incidéncia da anomalia, sendo que os primeiros casos foram de ocorréncia
focal, ou seja, com menor grau de severidade e observados em 28 % do total de aves
com 18 dias. Em aves com faixa etaria de 24 a 42 dias foi constatado que os WB de
frango apresentaram manifestacdo difusa, ou seja, com grau mais severo. Desta
forma, observaram que o WB iniciou focalmente apés 10 dias de idade, menor grau
de severidade com 18 dias e maior grau de severidade e difusdo com idade entre 24
e 42 dias.
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Figura 2 — Posicao da ave normal em repouso (figuras a e ¢) e mantidas com a cabeca
acima da coluna vertebral. Posi¢do da ave afetada pelo Wooden breast em repouso
(figuras b e d) com a coluna vertebral mantida acima da cabeca e as asas abertas
para manter o equilibrio.

Fonte: Kawasaki et al. (2016)

Figura 3 — Peitos de frango: (1) Normal; (2) Wooden breast com manifestagéo focal e
(3) Wooden breast com manifestagéo difusa e severa.

Fonte: Sihvo et al. (2016)

A expressao dos genes e sequéncia de RNA dos peitos de frangos N
e WB foi investigado por Mutryn et al. (2015) nos quais detectaram a existéncia de
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mais de 1500 genes diferentes em peitos de frango WB. Observaram que os peitos
apresentaram hipoxia localizada, estresse oxidativo e calcificacdo intramuscular. Tais
resultados evidenciaram que houve uma superproducdo do peptideo decorina,
provocando enrijecimento do musculo devido ao aumento de liga¢des cruzadas do
colageno (cross-linking) (VELLEMAN & CLARK, 2015; ABASHT et al., 2016). Além
disto, os peitos de frango com WB apresentaram elevados niveis de histamina,
confirmando a ocorréncia de processos inflamatorios (ABASHT et al., 2016).

Os peitos de frango WB foram identificados utilizando biomarcadores
associados ao estresse oxidativo (ABASHT et al., 2016). Para reduzir a incidéncia do
estresse oxidativo com consequente reducao da incidéncia do WB recomendaram a
adicao de vitamina C na suplementacao dos frangos de linhagem comercial. Ainda,
segundo os autores, os peitos com WB apresentaram degeneragdo muscular, baixos
niveis de glicogénio muscular (aproximadamente 1,7 vezes menor quando comparado
com peitos de frango N), alterando a taxa de glicose e processos bioquimicos que
contribuiram para o enrijecimento dos tecidos musculares dos peitos de frango
afetados pela anomalia.

Os peitos de frango WB foram avaliados por Sundekilde et al. (2017)
utilizando a espectroscopia de ressonancia magnética nuclear (NMR) e observaram
gue os peitos de frango WB apresentaram maior contetdo de gordura intracelular.
Ainda, foi detectado que os peitos WB apresentaram baixos niveis de carnosina,
anserina e creatina no muasculo, sendo que a carnosina e anserina (dipeptidios
compostos por f—alanina e histidina), exercem atividades antioxidantes e sua reducéo
contribuiu com a formacao do colageno com ligacdes cruzadas. Os baixos niveis de
creatina das aves afetadas pela anomalia, possivelmente foi devido ao
comprometimento das vias geradoras de energia na formacéo de adenosina trifosfato
(ATP).

Os peitos de frango WS sé&o descritos por Kuttappan et al. (2012b) e
Kuttappan et al. (2013a) como uma anomalia degenerativa e foram classificados
conforme a intensidade que ocorre ao longo do musculo e em trés categorias
denominadas de normal (sem estriagdo), moderado (estriacdo < 1 mm) e severo
(estriacdo > 1 mm) (Figura 4). Sendo que segundo Kuttappan et al. (2013b) os peitos
WS apresentaram diferentes niveis de triglicerideos, colesterol e perfil de acidos
graxos quando comparados com peitos de frango N. A medida que o grau de

severidade de peitos de frango WS torna-se significativa ocorre também o aumento e
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acumulo da gordura intramuscular (KUTTAPPAN et al., 2013a; ALNAHHAS et al.,
2016). Kuttappan et al. (2013a) avaliaram a incidéncia de peitos de frango WS e
observaram que foi positivamente correlacionada com frangos com maior taxa de
crescimento. Esta incidéncia foi avaliada por meio da visualizagéo das linhas brancas
na musculatura do peito da ave e mesma direcao das fibras musculares (KUTTAPPAN
et al., 2013a).

Figura 4 — Peitos de frangos white striping classificados conforme o grau de
severidade: (A) Normal, (B) Moderado e (C) Severo

Fonte: Kuttappan et al. (2013a)

Os peitos de frango WS segundo Kuttappan et al. (2013b) foram
visualizados a partir da sorologia e hematologia e detectaram que os peitos de frango
WS ndo apresentaram processo inflamatério, enquanto que os peitos de frango WB
segundo Sihvo et al. (2014) caracterizaram os WB de frango por histologia das fibras
musculares e detectaram a ocorréncia do processo inflamatério. Mudalal et al. (2014)
observaram gue os peitos de frango WB apresentaram maior dano muscular do que
0s peitos de frango WS e, portanto, propuseram que os peitos de frango WS
ocorreram no primeiro estagio da degenerag¢do muscular e a incidéncia de WB ocorre
em estagio mais avangado.

Trocino et al. (2015) descreveram que devido as alteracdes
tecnoldgicas e de aparéncia dos peitos de frango WB e WS severo observados em
abatedouros, estes peitos sdo muitas vezes encaminhados para elaboragéo de

produtos derivados. A possibilidade de ocorréncia isolada de WB e simultanea de WB
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com WS foi investigada por Soglia et al. (2016) no qual observaram que a composi¢cao
qguimica dos peitos de frango apresentou diferencas significativas. Os peitos de frango
com WB e WS analisados por Soglia et al. (2016) apresentaram lesdes histologicas
severas, com lipidose, fibrose e degeneracdo das fibras. Além disto, apresentaram
maior rigidez nas medidas de textura, maior pH final, menor capacidade de retencéo
de agua, maior umidade e menor valor nutritivo quando comparados com peitos de
frango N.

Algumas estratégias podem ser utilizadas para controlar a ocorréncia
destas anomalias (WB e WS), tais como alimentac&o de baixa energia e reducéo da
taxa de crescimento (KUTTAPPAN et al., 2012c). Segundo Butzen et al. (2013), o0 uso
da restricdo alimentar pode reduzir a taxa de crescimento inicial sem reduzir a
qualidade da carne e desempenho dos frangos de cortes. Tais estratégias podem ser
interessantes aos produtores e industrias abatedoras devido a aceitacdo pelo
consumidor e qualidade da carne. Entretanto, podem gerar custos e impactos na
economia devido ao maior tempo para alojamento nos aviarios para adquirir o ganho

de peso ideal para abate e comercializacgao.

3.1 Bioquimica e Composi¢do Quimica de Carnes

Fatores como a idade, espécie, género, restricdo alimentar e atividade
do animal, tipo de corte, armazenamento e processo de cocc¢ao no qual a carne é
submetida influenciam diretamente na composicao da carne. A composi¢cao quimica
da carne de frango é constituida de 74,76 % de agua, 23,09 % de proteina, 1,24 % de
lipideos e 1,02 % de cinzas (DAMODARAN et al., 2010).

As fibras musculares individuais das carnes sdo constituidas por
miofibrilas (ESKIN & SHAHIDI, 2015) que séo revestidos pelo epimisio. Estes séo
organizados por um conjunto de feixes que séo revestidos pelo perimisio. O conjunto
destes feixes musculares sdo separados pelo tecido conjuntivo denominado de
endomisio (BANKS, 1992). No interior das fibras musculares encontra-se o
sarcoplasma, sendo constituido por mitocondria, enzimas, glicogénio, adenosina
trifosfato, creatina e mioglobina (ESKIN & SHAHIDI, 2015).

As miofibrilas sdo responsaveis pelo processo de contracdo muscular
e sdo separadas pelo reticulo sarcoplasmatico (ESKIN & SHAHIDI, 2015) e tabulos T

(transversos) (COSTANZO, 2014). As mifibrilas contém filamentos grossos e
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filamentos finos, dispostos longitudinal e transversalmente denominados de
sarcoméros. Os filamentos finos (denominados de linhas A) séo constituidos por trés
proteinas (actina, tropomiosina e tropomina) sensiveis aos ions Ca?* as quais
participam do processo de contracdo muscular. Os filamentos grossos séo feixes de
moléculas de alto peso molecular, sendo que a miosina possui um sitio de ligacao de
actina e um sitio que se liga ao ATP que é responsavel pela sua hidrolise
(COSTANZO, 2014).

Apés abate do animal, com a instalagdo do rigor mortis, ocorre a perda
de sangue (devido a sangria), diminuicdo das reservas de glicogénio e como
consequéncia, ocorre acumulo do lactato devido a auséncia do sistema circulatorio
para remoc¢do e queda do pH post-mortem. Devido a reducdo do pH, as enzimas
envolvidas no processo da sintese de ATP sdo inativadas, na auséncia de ATP ocorre
a formacdo do complexo quimico actomiosina, com contracdo muscular irreversivel,
perda de elasticidade e rigidez (ESKIN & SHAHIDI, 2015, RAMOS & GOMIDE, 2017).
A instalagdo do rigor mortis em frangos ocorre em aproximadamente uma hora,
entretanto, esta duracao € influenciada por diversos fatores, tais como, a espécie do
animal, aspectos genéticos, reserva inicial de glicogénio, fatores de estresse e
temperatura em que ocorre 0 processo post-mortem (DRANSFIELD & SOSNICKI,
1999).

3.2  Histologia Muscular dos Peitos de Frango

A selecdo genética para obtencdo de frangos de cortes de rapido
crescimento tem acarretado na formacdo de fibras musculares com maior secao
transversal, na reducao do capilar sanguineo com fornecimento reduzido de sangue,
além de diminuir o espaco entre o tecido conjuntivo e fibras musculares que resultam
em hipertrofia muscular (DRANSFIELD & SOSNICKI, 1999).

A partir da histologia dos peitos de frango afetadas pela anomalia
verificou-se que as fibras musculares apresentaram uma fibrose consideravel, sendo
esta uma das possiveis causas da rigidez do musculo WB (SIHVO et al., 2014;
VELLEMAN & CLARK, 2015). Ainda, além da fibrose, os peitos de frango WB
apresentaram fibras musculares com degeneracdo moderada a severa e variacdo do
didmetro, inflamacéo celular e acimulo de gordura intramuscular (Figura 5) (SIHVO
et al., 2014; BROT et al., 2016).
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Figura 5 — Fotografias de peito de frango: (1) Normal; (2) com Wooden breast (WB);
Histologia do peito de frango: (3) Distribuicdo das fibras musculares do peito de frango
normal com fibras de tamanho uniforme; (4) Distribuicdo das fibras musculares do
peito de frango WB; (5) Fibras musculares degeneradas do peito de frango WB; (6a)
Agregacdo de células mononucleares do peito do frango WB; (6b) Células
mononucleares identificadas com o anticorpo CD3 e (7) Tecido conjuntivo do peito de
frango em forma compacta e rica em colageno.

Fonte: Sihvo et al. (2014)
3.3  Propriedades Funcionais das Carnes

3.3.1 Qualidade da carne

Segundo Becker (2002) a qualidade pode ser definida por meio de
medidas subjetivas e objetivas. A primeira corresponde ao atendimento as
expectativas do consumidor em relacdo a seguranca, caracteristicas sensoriais,
valores éticos e religiosos, ndo sendo possivel mensurar objetivamente. Enquanto que
a segunda corresponde aos atributos mensuraveis de forma objetiva, sendo este o
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conceito predominante para a ciéncia da carne. De acordo com Ramos e Gomide
(2017) a qualidade da carne engloba as caracteristicas da carne como um todo, desde
aos aspectos sensoriais até a auséncia de anomalias e patdégenos.

Os fatores como aparéncia, aroma, perda por cozimento, maciez,
valor nutritivo e propriedades fisico-quimicas, em particular, o teor de umidade,
gordura e proteinas sao determinantes para a qualidade e aceitabilidade das carnes
(RAMOS & GOMIDE, 2017). Dependendo do teor destes ha impactos econémicos
devido as implicagBes tecnologicas e redugcdo das propriedades funcionais e
sensoriais. As principais propriedades funcionais da carne, como a textura,
capacidade de retencéo de agua e cor (SHIMOKOMAKI et al., 2006) séo prejudicadas
em frangos devido a ocorréncia de WB (SOGLIA et al., 2016).

3.3.2 Aparéncia

A aparéncia das carnes € um fator decisivo na compra e aceitabilidade
pelo consumidor (RAMOS & GOMIDE, 2017). E a partir da aparéncia visual que os
consumidores selecionam e avaliam a qualidade da carne e seus produtos (QIAO et
al., 2002; PETRACCI & FLETCHER, 2002). Desta forma, a cor é a principal
caracteristica do produto e a responsavel pela apresentacdo, sendo determinante
para o consumidor na hora da escolha ou compra (SHIMOKOMAKI et al., 2006).

A ocorréncia de WB ocasiona mudancas na coloragdo dos peitos de
frango, com observacdes de regides com coloracao palida quando comparados com
peitos de frango N (SIHVO et al., 2014). Estas alteracdes provocam aversao perante
aos consumidores, visto que, a despigmentacao da carne esta associada com a perda
de frescor e qualidade (MANCINI & HUNT, 2015).

3.3.3 pH e capacidade de retencéo de agua

O pH final das carnes é diretamente influenciado pelo acumulo do
acido latico durante a instalacdo do rigor mortis e desempenha papel fundamental na
capacidade de retencdo de agua (CRA) e textura (maciez e suculéncia). Altos valores
de pH estédo correlacionados com a coloracdo escura e baixa perda de agua por
cozimento, enquanto que baixos valores de pH estédo correlacionados com coloracéo

de menor intensidade, baixa capacidade de retencdo de agua (CRA) e
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consequentemente com maior perda de agua por cozimento (RAMOS & GOMIDE,
2017).

Além disso, a CRA ¢ influenciada por diversos fatores, tais como a
idade, espécie e raca do animal (LAWRIE, 2005) e corresponde a capacidade de reter
a agua que esta contida em sua estrutura (SHIMOKOMAKI et al., 2006), durante corte,
prensagem, aquecimento e trituracdo (SARCINELLI et al., 2007) néo fluindo no tecido
mesmo quando submetido a tais processos. A &gua retida na matriz alimenticia
comporta-se como agua pura, sendo facilmente removida no processo de secagem
(DAMODARAN et al., 2010). De acordo com Soglia et al. (2016) os peitos de frango
com WB possuem menor CRA e afetam diretamente as caracteristicas sensoriais da
carne, tais como cor, textura (SARCINELLI et al., 2007) e suculéncia, conferindo a
carne maior rigidez e baixo valor nutritivo devido a exudagdo (PARDI et al., 2001).
Ainda, a carne que apresenta menor CRA pode perder maior peso durante o
armazenamento devido a perda de umidade (SARCINELLI et al., 2007).

3.3.4 Textura

A textura de um alimento corresponde ao conjunto de caracteristicas
geométricas e de superficie que sdo identificadas por receptores tateis, mecanicos,
auditivos e visuais (ABNT, 1993) ou seja, corresponde a resposta do senso tactil ao
estimulo fisico resultante do contato fisico entre o corpo e o alimento (RAMOS &
GOMIDE, 2017). Segundo Bourne (2002) que considera os alimentos conforme a
aceitacao de textura pelo consumidor, estes podem ser divididos em trés categorias,
sendo como critica, importante e minima. A primeira categoria inclui aqueles alimentos
cuja a textura foi considerada um fator determinante na qualidade, sendo que a carne
se encontra nesta categoria.

Os fatores como raca, género, idade, teor de gordura, quantidade de
tecido conjuntivo, compactacado dos componentes miofibrilares (relacionado ao rigor
mortis e encurtamento pelo frio) entre outros influenciaram diretamente na maciez da
carne (RAMOS & GOMIDE, 2007; RAMOS & GOMIDE, 2017). Os frangos com rapido
crescimento apresentaram fibras musculares com maior se¢éo transversal (diametro),
gue por sua vez, poderiam influenciar na textura da carne e conferir maior rigidez. Por

exemplo, um frango de rapido crescimento com 55 dias de idade apresentou fibras



24

com area de 2,755 um2 enquanto que um frango com crescimento lento com a mesma
idade apresentou fibras com area de 1,946 um?2 (DRANSFIELD & SOSNICKI, 1999).
Os peitos de frango WB apresentam maior teor de colageno (SOGLIA
et al., 2016), sendo este outro fator determinante na textura da carne. Um animal mais
jovem possui maior concentracdo de colageno em seu musculo, entretanto, devido as
ligacbes peptidicas serem labeis ao calor, a carne torna-se mais macia quando
comparada com os animais mais velhos (LAWRIE, 2005). A medida que a ave
envelhece, a solubilidade do colageno diminui, aumentando o contetdo de piridinolina
(PYR) e forca de cisalhamento devido ao aumento do numero de ligacdes cruzadas
(CORO et al., 2002). O aumento do nimero de ligacbes cruzadas intermoleculares
do colageno aumentou a estabilidade e resisténcia ao calor, influenciando diretamente
na textura da carne (LIGHT et al., 1985). O rapido crescimento das aves proporciona
um aumento na sintese de colageno e consequente diminuicdo de ligacdes cruzadas,
tornando a carne mais macia (CORO et al., 2002), porém, o rapido crescimento dos

frangos poderia ser uma das possiveis causas da ocorréncia de WB.

3.4  Espectroscopia de Infravermelho Préximo (NIR) e Andlise de Imagem Digital

As metodologias para rapida e precisa medicdo da qualidade dos
alimentos séo ferramentas necessarias para otimizar as linhas de inspecéo industrial
(BARBIN et al., 2013). O uso da espectroscopia de infravermelho préximo (NIR) é uma
técnica ndo destrutiva, eficiente e de rapida mensuracédo das matrizes complexas dos
alimentos (ALEXANDRAKIS et al., 2012). E possivel analisar e estimar as
concentracbes dos componentes quimicos presentes na carne, tais como lipidios,
proteinas, umidade e carboidratos, sendo possivel comprovar sua habilidade em
predicdo destes constituintes a partir de modelos de regresséao (BARBIN et al., 2013).

O espectrofotdmetro pode fornecer informacgdes devido as vibragbes
das combinacbes e ligagcbes das moléculas, tais como C-H, O-H e N-H nos
comprimentos de ondas de 1.100 a 1400 nm, 1.450 nm e 1.460 a 1.570 nm,
respectivamente, abrangendo uma diversidade de componentes quimicos presentes
nos alimentos (MURRAY & WILLIAMS, 1987; SHENK et al., 1992; ALEXANDRAKIS
et al., 2012). Permite a mensuracao simultanea de diversos componentes alimenticios
(PREVOLNIK et al.,, 2011). A espectroscopia possibilita a caracterizacdo dos

constituintes das matrizes alimenticias por meio da extracdo das informacdes de
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amostras heterogéneas (GOWEN et al.,, 2008; RAVN et al.,, 2008) e a carne é
altamente heterogénea devido a diferenca das fibras musculares e caracteristicas
fisicas e quimicas (BARLOCCO et al., 2006).

O NIR tem despertado interesses por ser uma alternativa aos métodos
convencionais que normalmente sdo mais demorados e necessitam de componentes
altamente prejudiciais ao meio ambiente e ao analista, como por exemplo, a utilizacéo
de solventes organicos para determinacao de lipidios nos alimentos (PREVOLNIK et
al., 2011).

Devido a heterogeneidade da superficie da carne ocasionada pela
presenca de fibras musculares, tecido conjuntivo e gordura intramuscular
(BARLOCCO et al.,, 2006), a aquisicdo de imagens, tratamento e analise tem
despertado interesses por possibilitar a verificacdo de uma area superficial maior do
que a abrangida pelo do colorimetro. A andlise de imagens destaca-se pela
simplicidade, baixo custo e o0 tempo necessario para obtencdo dos resultados
(BARBIN et al., 2016), apresenta consisténcia nos dados obtidos e eficiéncia podendo
ser utilizado para inspecdo visual de produtos alimenticios (LU et al., 2000).

Ressalta-se que o uso do NIR e obtencdo de imagens digitais de
peitos de frango com WB com finalidade de classificacdo e predicdo ainda néo foi

descrita.

3.5 Arvore de Decisdo

Para classificacéo e predicdo de um conjunto de dados selecionados
com atributos de maior ganho de informacdo (LAST & ROIZMAN, 2013) tem sido
utilizado a arvore de decisdo como um método estatistico de facil implementacéo
(RUSSEL & NORVIG, 2004) e facil interpretacdo (DUDA et al., 2001). Na arvore de
deciséo, o atributo selecionado para iniciar uma classificacéo e predicdo de amostras
€ denominado de raiz (localizado no topo da arvore), os atributos localizados abaixo
da raiz recebem a denominacao de n6 (DUDA et al., 2001), os valores para tomada
de deciséo sao denominados de ramos e as classes recebem a denominacao de
folhas (GAMA, 2004).

Para iniciar a classificacdo das amostras, o algoritmo estabelece um
determinado valor para o atributo raiz e a partir deste, ocorre uma diviséo binaria para

predicdo, ou seja, aqueles que possuem valor maior que o limiar e aqueles que
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possuem valor menor ou igual ao limiar estabelecido pelo algoritmo. De acordo com o
valor correspondente ao atributo, ha a possibilidade de obtencdo da classe de
imediato, ou ainda, prosseguir com os testes referentes aos atributos subsequentes
até obter a classificacdo e predi¢cao apropriada a amostra (DUDA et al., 2001).

Dentre os algoritmos utilizados para inducdo da arvore de decisao,
esta o algoritmo J48. Este algoritmo testa um Unico atributo em cada né de acordo
com o ganho de informacgéo e executa uma validacao cruzada do método a partir dos
dados de treinamento, executando uma sequéncia de testes (MOHANTY et al., 2010).
Na validacéo cruzada, os dados informados para treinamento do modelo preditor séo
compartilhados para testa-lo e o desempenho final é obtido pela média dos
desempenhos de cada teste executado (BRAGA et al., 2000).

A avicultura brasileira tem grande importancia mundial, sendo o peito
de frango um dos cortes de maior impacto econdmico devido a sua proporcao e peso.
A ocorréncia da miopatia WB compromete a qualidade e aceitabilidade do peito de
frango ofertado. Desta forma, destacam-se a importancia e necessidade de
caracterizar os peitos de frangos WB e desenvolver métodos rapidos e nao destrutivos
com o uso de NIR e CVS para identificar e classificar estes peitos em uma linha de
abatedouro avicola visto que ainda ndo ha o emprego destas técnicas de analises
para esta finalidade. A aplicacao pratica do método na inspecao de corte ainda na
linha de producéo, possibilitara obter resultados rapidos e eficientes, e ainda, podera
tornar-se fonte de referéncia e pesquisa, instigando a estudos posteriores que

desvendem a etiologia da miopatia.
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4 MATERIAL E METODOS

O item MATERIAL E METODOS sera contemplado na descricdo do
Artigo Cientifico intitulado “Rapid Identification and Classification of Wooden Breast in
Chicken by Computer Vision and Near-Infrared Spectroscopy, and Physicochemical
and Technological Characterization” e submetido para publicagdo em um periédico

cientifico da area de Ciéncia de Alimentos.
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5 RESULTADOS E DISCUSSAO

O item RESULTADOS E DISCUSSAO sera contemplado na
descricdo do Artigo Cientifico intitulado "Rapid Identification and Classification of
Wooden Breast in Chicken by Computer Vision and Near-Infrared Spectroscopy, and
Physicochemical and Technological Characterization" e submetido para publicacao

em um periédico cientifico da area de Ciéncia de Alimentos.
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Abstract The aim of this study was to identify and classify chicken breasts with wooden
breast (WB) myopathy using a computer vision system (CVS) and spectral information
from the near infrared (NIR) spectroscopy to characterize the physicochemical and

technological parameters of normal (N) and WB of chicken. A total of 80 pectoralis
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major muscle samples were collected from a commercial poultry slaughterhouse, with
40 of each type. Spectral information was obtained by CVS and NIR. N and WB of
chickens were characterized by physicochemical and technological measurements.
Combining image analyses with a support vector machine (SVM) classification model
using intensity and textural image features extracted from pictures of chicken breast,
91.83% of chicken breasts were correctly classified as N or WB. In comparison, the
use of NIR spectral information showed 97.5% of accuracy. Regarding the
physicochemical and technological characteristics, WB of chicken showed increases
of 2.21% and 106.67% in moisture and lipid contents and decreases of 14.41% and
13.04% in protein and ash contents, respectively. In addition, WB showed 9.96%,
64.19%, and 23.28% increased values for L*, a*, and b*, respectively; 1.91% for pH,
and 106.06% for water holding capacity. The shear force of raw WB of chicken was
49.51% hardness, and after cooking was 31.79% softer than N chicken breast. CVS
and NIR spectroscopy can be applied as a rapid and non-destructive methods for

identifying and classifying WB of chickens in slaughterhouses.

Keywords Algorithms. Broilers. Hyperspectral Image. Image processing. Machine

Learning.

Introduction

In recent years, the occurrence of wooden breast (WB) in broilers has been reported
and is associated with the rapid growth and development of breasts, but its etiology
remains unclear (Sihvo et al. 2014; Mudalal et al. 2015; Mutryn et al. 2015). To meet

the growing demand for chicken meat, mainly from western countries, genetic
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improvement is used as an important solution for the poultry industry to obtain high-
yielding broilers (Fletcher 2004; Petracci et al. 2015). However, this has led to an
increased incidence of chicken breast myopathy in Europe, the USA, and Brazil and is
associated with the rapid growth and development of chicken breast (Kuttappan et al.
2012; Sihvo et al. 2014; Mudalal et al. 2015; Mutryn et al. 2015).

WB is characterized by reduced meat quality related to undesirable changes
in visual aspects, technological characteristics, and nutritive properties (Sihvo et al.
2014; Trocino et al. 2015; Soglia et al. 2016; Mazzoni et al. 2015). Chicken breast
affected by WB myopathy shows substantial hardness, pale areas, and superficial
viscous fluid and can be accompanied by white striping (WS) (Sihvo et al. 2014). In
addition, the breast shows alterations in chemical and technological characteristics,
such as increased moisture and lipid contents and reduced protein content and water
holding capacity (Mudalal et al. 2014; Sihvo et al. 2014; Mazzoni et al. 2015; Trocino
et al. 2015; Soglia et al. 2016). The identification and characterization of WB in broilers
at the slaughterhouse are based on visible appearance and hardness of chicken breast
(Sihvo et al. 2014) and depend on the sensitivity, training, and knowledge of the
analyst.

The use of rapid, non-destructive, and accurate analytical methods in food
quality inspection has increased among industry professionals seeking to optimize
quality inspection lines and reduce measurement time and costs. These methods
include near-infrared spectroscopy (NIR) and digital image analysis. NIR corresponds
to a nondestructive, efficient, and rapid technique for measuring complex food matrices
such as moisture, carbohydrate, lipid, and protein contents from regression models

(Alexandrakis et al. 2012; Barbin et al. 2013).
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Previous studies have reported the successful use of NIR spectral
information for predicting quality through rapid and simultaneous determination of food
components (Ignat et al. 2014; Ye et al. 2014), particularly in chicken breast (Barbin et
al. 2015; Wold et al. 2017). The use of NIR is an alternative to conventional analytical
methods, which generally require chemicals that are harmful to the environment and
analysts, such as the use of organic solvents to extract lipids (Prevolnik et al. 2011).
In contrast, digital image analysis solutions have been widely employed because of
their flexibility, simplicity, low-cost, and reduced processing time. An example of this
flexibility was explored in Barbin et al. (2016) through automatic broiler breast color
measurements in larger and trustful areas in contrast of colorimeter. NIR-based
analysis involves large groups of tones and combination bands related to desired
response information (Porep et al. 2015). Commonly, multivariate analysis is used to
extract information from NIR, which can also be employed for modeling the studied
problem. This model evaluates characteristics extracted from a sample based on its
spectral properties and can be used to predict new samples using the project system
(Galasso et al. 2017).

A computer vision system (CVS) is a computing implementation of an
automate image analysis solution for sample analysis from the acquisition to decision
step. Sun (2016) described CVS as a fast, robust, objective, non-destructive, and
reliable method, and may be a low-cost alternative for laboratory analysis. In some
applications, it is possible to simulate the human technician’s visual inspection using a
CVS (Sun 2016). Features extracted from images are often used for classification and
prediction models to identify samples from different classes or predict quality

parameters. Some approaches include linear methods and non-linear machine
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learning algorithms, such as SVM, multilayer perceptron (MLP), decision trees, and
random forest (RF) (Campos et al. 2016).

Therefore, considering the impact of WB myopathy on the quality and
acceptability of chicken breast, the aim of this study was to identify and classify chicken
breasts with WB using a CVS and spectral information from the NIR region by using
linear and nonlinear algorithms and characterize the physicochemical and

technological parameters of N and WB of chickens.

Material and Methods

Chicken Breast Selection

Eighty pectoralis major muscle samples were obtained from a commercial processing
plant located in the state of Parana, Brazil. Broilers from a single flock of Cobb fast (48
days of age and 3.1 kg live weight) were slaughtered according to standard commercial
slaughtering practice, including electrically stunning, bleeding, scalding, defeathering,
evisceration, cooling, and deboning. Chicken breasts were selected by an expert as N
(n =40) and WB (n = 40) as described by Sihvo et al. (2014). Normal breasts presented
soft and palish pink characteristics and WB were identified by manual palpation with
substantial hardness, visual appearance on the surface, and accompanied by viscous
material and pale areas. The samples were placed in separate plastic bags and
transported under refrigeration to the laboratory. After acquiring image information
using a CVS and NIR, chicken breasts were stored at 4 °C to determine the

physicochemical and technological parameters.
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Computer Vision System

An image acquisition system model Doc L-Pix (Loccus Biotecnologia, Sdo Paulo,
Brazil) was used to acquire images of N and WB of chicken. The equipment consists
of a standard illumination and image acquisition system controlled by L-PIX IMAGE
7.1 software. Images were stored with 1600x1200 pixels in png format. Overview of

the proposed CVS is presented in Fig. 1.

Image Acquisition and Segmentation

After image acquisition, the meat portion was segmented from the background (Step
1). Image segmentation steps are presented in Fig. 2. Contrast enhancement was
applied to the segmented region to accentuate the visual texture aspects typically
present in WB of chicken. Image features were extracted from the processed image
(Step 2) and used to describe the occurrence or non-occurrence of WB myopathy by
applying a machine learning model (Step 3).

For chicken breast segmentation, we applied illumination normalization (Step (2) in
Fig. 2), as described by Barbin et al. (2016), to attenuate the effect of incident light
spots. This technique uses a combination of the original image’s brightness information
combined and its reverse intensity representation to mitigate the visual effect of
incident spotlights. Next, the difference between V and H channels from hue,
saturation, and value (HSV) images was used to separate the sample from the

background. Pixels not related to the sample were removed from the image. A
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threshold was established to create a mask for segmentation of the sample from the
background using Otsu’s thresholding.

The operation resulted in a rough binary meat mask, representing the region of interest
(ROI) (Fig. 2, Step (5)). At the end of Step (6), a morphological erode operation was
performed to separate small connected regions, such as undesired ruler’s contours. A
small connected regions removal algorithm (Step (7)) was used to eliminate possible

remaining noisy areas.

Contrast Enhancement and Feature Extraction

The normalized, segmented, and filled images were subjected to the contrast limited
adaptive histogram equalization (CLAHE) (Zuiderveld 1994), as shown in Fig. 2, Step
(9). This technigue was performed to increase the contrast between the meat region
and the visual appearance of WB myopathy. The CLAHE technique uses two
parameters: window size, corresponding to the length of blocks that subdivide the
image for equalization, and clip limit, which determines a limit for contrast
enhancement. For images with 1600 x 1200 resolution, we suggest a window size of
[64, 64] and clip limit of 0.07.

Features extracted from images provide useful information for automatic classification
as described by Nixon and Aguado (2012) and can be used to describe the visual
appearance of chicken breast to differentiate N and WB of chicken. In this study, we
used features from two groups: intensity and texture.

The color information of an image follows a probability distribution as described by Li
et al. (2015). Thus, their distribution moments were used as image features for

classification. Grayscale metrics were chosen to explain the occurrence of WB, as the
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output from the presented image processing framework corresponded to an improved
grayscale enhanced image. In this manner, the moments of the color of the first and
second order (mean and standard deviation) were extracted directly from the intensity
representation. We also calculated entropy, a statistical measure of randomness, to
characterize the texture and contrast of the grayscale image (Gonzalez and Woods
2010; Balaji et al. 2015; Campos et al. 2016a). Furthermore, from the histogram
(frequency distribution of pixels values), we extracted the standard deviation, kurtosis,
and skewness values (second, third, and fourth statistical moments).

Texture features are important characteristics used to identify visual repetition patterns
(such as WB striations), objects, or regions of interest in an image and are applied in
a wide variety of image classification (Haralick et al. 1973). Local binary patterns (LBP)
were used as a texture descriptor of local images (Ojala et al. 2002). It encodes the
local texture in a binary vector by comparing a grayscale pixel and its neighbors. We
adopted 10 values from the rotationally invariant features of LBP (Ojala et al. 2002).
Table 1 summarizes all image features used to build the supervised classification

models.

Identification and Classification Approaches of N and WB of Chickens

A supervised machine learning algorithm was used to classify chicken breasts into N
and WB categories. A machine learning model learns how to associate meat surface
visual aspects with a categorical response, and can then be applied to predict new
samples. A total of four classification approaches were evaluated in this study. Our
choice was based on evaluating techniques belonging to algorithms in different families

and their wide use in different classification tasks. Thus, the experiments were
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performed using SVM, MLP atrtificial neural network, J48 decision tree, and RF
ensemble classifier method.

SVM is a machine learning algorithm proposed by Vapnik (1995). SVM belongs to the
class of kernel based methods, for which the main idea relies on finding a hyperplane
that best separates a problem’s classes. SVMs are highly flexible for evaluating
multiple types of problems (Papadopoulou et al. 2013; Deka and Raghavendra 2014;
Sun 2016) and were originally used for binary classification tasks. In our experiments,
the e1071 R package for SVMs induction was used.

Another frequently applied algorithm is MLP feed forward networks, an important class
of artificial neural networks (ANN) (Livingstone 2008). ANN simulate brain synapses
and knowledge learning using linear and non-linear relationships (Sun 2016). The
RSNNS R package was utilized for MLP computation.

Considering its simplicity, the J48 algorithm, a decision tree technique and version of
the C4.5 technique (Quinlan 1993), was developed by Weka software (Hall et al. 2009).
The classification model is built by successive partition of input space into smaller
problems. A wrapper for Weka J48 implementation was employed in our experiments
using the RWeka package.

The RF method is an ensemble learning approach proposed by Breiman (2001). The
term ensemble refers to the combination of many simple, or weak, learners in a set, in
RF case, to combine many decision trees into a forest, naming the technique. The
randomForest R package was used in this study.

Each described classification model was performed 50 times using different training
and testing dataset configurations. A holdout approach with 70% of the dataset was
used for training. To evaluate the performance of the classification models, accuracy

and F-measure were used. Accuracy refers to overall system performance and is
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defined as the number of instances correctly classified among all cases. The F-score
is defined as the harmonic mean between precision and recall. Precision is defined as
the rate of true positives of a class X, among all instances classified as X. It shows the
class agreement of data labels with positive labels predicted by a trained classifier.
Recall or sensitivity measures the effectiveness of a classifier to identify positive labels
(i.e., problem’s classes). For each class, recall is defined as the number of true positive
predicted cases divided by the number of instances belonging to the referred class.

We used weights equal to one for both precision and recall in F-measure calculation.

Decision Tree

The decision tree corresponds to a flexible statistical method of easy implementation
used to solve class prediction problems. Moreover, the decision tree is easily
interpretable because the prediction model has a tree structure with a clear decision
and classification. The attribute selected to initiate the prediction of samples is defined
by the root node. Sequentially, binary division occurs for a decision node with two or
more branches. Finally, below the decision node is the classification and prediction of
samples defined by leaves nodes (Russell and Norvig 1995; Duda et al. 2012).

The decision tree was built to better understand the image features and use a practical
model for application in a commercial broiler slaughterhouse to classify chicken
breasts into N or WB. The J48 algorithm was selected in WEKA software and used to
select input fast and non-destructive parameters such as color measurements (L*, a*,
and b*) and pH values to develop a prediction model. In addition, the model was
developed by different training (70%) and testing (30%) datasets. Finally, performance

was evaluated by determining the prediction model accuracy.
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NIR Spectroscopy Measurements

The absorbance spectra of N and WB of chicken were obtained in the NIR range of
1150-2150 nm using a portable MicroNIR 2200 spectrometer (JDSU Corporation,
Santa Rosa, CA, USA) with a linear variable filter (LVF) as the dispersing element. For
absorbance measurements, a collar was attached to the sensor to provide an optimal
focal distance of 3 mm from the chicken breast to the spectrometer. The equipment
was calibrated using a 99% diffuse reflectance standard.

Spectral information was acquired on the surface of N and WB of chicken skinless at
25 °C, as described by De Marchi et al. (2011), at three different locations on the
surface of each sample: cranial, middle, and caudal of the pectoralis major muscle.
Before each measurement, the lens was cleaned with 70% ethanol and distilled water

and dried using soft paper.

Spectral Data Processing

Spectral data of the N and WB of chicken obtained from the MicroNIR were analyzed
using the Unscrambler software (Version 9.8, Camo Software AS, Oslo, Norway). The
model for identifying and classifying chicken breasts was developed using principal
component analysis (PCA), which corresponds to a multivariate statistical method
used to reduce the dataset without the loss of useful information (Park et al. 2001). In
addition, the stepwise regression method was used by selecting wavelengths as
predictors to classify N or WB of chickens. Linear discriminant analyses (LDA) with full
cross-validation were used to classify chicken breasts using the selected wavelengths

as predictors.
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Physicochemical Measurements

Color Analysis and pH - Color was measured 24 h post-mortem on the bone-side
surface of chicken breast by a Minolta chromameter CR-400, illuminant D65 (Minolta
Camera Corp., Meter Division, Ramsey, NJ, USA) and the results were reported for
lightness (L*), redness (a*), and yellowness (b*) according to the Commission
Internationale de I'Eclairage colour system (Commission Internationale de I'Eclairage,
1978). pH was measured 24 h post-mortem using a contact pH-meter (Testo 205,

Lenzkirch, Germany).

Chemical Composition - Moisture, protein, ash, and lipid contents were determined on
the cranial part of the pectoralis major muscle according to the Association of Official
Analytical Chemists (1990) in triplicate. Moisture content was determined after oven
drying at 105 °C for 16 h. Crude proteins were determined by the Kjeldahl method,
which involved quantifying total nitrogen with a conversion factor of 6.25. Ash content
was estimated by incineration at 525 °C. In addition, lipid content was determined using

the Soxhlet method by petroleum ether extraction.

Technological measurements

Water Holding Capacity (WHC) - WHC was determined 24 h post-mortem according
to Hamm (1961) and modified by Carvalho et al. (2017). Cubes from the cranial area
of approximately 2.0 g were placed between filter paper and pressed under 10-kg
acrylic plates for 5 min. WHC was determined using the equation: 100 — [(Wi — W{/Wi)

x 100], where Wi and Wf were the initial and final weights, respectively.
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Cooking Loss (CL) - CL was determined as described by Honikel (1998) with minor
modifications. After 24 h post-mortem, cubes from the cranial area were weighed (75
+ 5 g) and placed in sealed packages and then cooked until the internal temperature
reached 75 °C. CL was obtained using the following equation: 100 - [(Wi- W{f/Wi) x

100], where Wi and Wf were the initial and final sample weights, respectively.

Texture - Shear force (SF) was measured in the cranial area of the chicken breasts
(raw and cooked) according to Honikel (1998) with minor modifications. Chicken breast
cuts were placed in separate plastic bags and heated until the internal temperature
reached 75 °C. Next, raw and cooked chicken breast were cut into 2 x 1 x 1 cm
rectangular pieces. SF was obtained using the texturometer Micro Stable Systems TA-
XT2i (Stable Micro Systems, Godalming, Surrey, UK) and samples were sheared
perpendicularly to the fibers with a Warner Bratzler shear blade. Testing conditions
were: pretest speed 10.0 mm/s, test speed 5.0 mm/s, posttest speed 10.0 mm/s, and

distance 20 mm as described by Wilhelm et al. (2010).

Statistical Analyses - The physicochemical (moisture, ashes, proteins and lipids, color,

and pH) and technological (WHC, CL, and SF) parameters of N and WB of chicken

were compared by applying Student's t-test using Statistica 8.0 software (StatSoft,

Tulsa, OK, USA).

Results and Discussion

Computer Vision System
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To examine different training/testing compositions and thus provide a more realistic
evaluation scenario, induction was performed as described. Table 2 presents a
summary of the performance results obtained using the four classifiers during the
experiments ordered by accuracy. As shown, SVM showed superior performance with
an accuracy above of 90%. The higher F-measure values for all classification
techniques indicate that the predictive task could be explained by the image features.
A holdout sampling approach was used, which consisted of randomly picking 70% of
the data for training and the remaining cases for testing trained classifiers.

Fig. 3 shows a boxplot representation of the induced models’ accuracies.
SVM was the only model without outliers. Both MLP and J48 presented narrow boxes,
indicating stability, but also presented outliers in contrast to the previous statement.
RF showed similar behavior as SVM, but with lower accuracy and the presence of
outliers.

SVMs were first projected to deal with binary classification problems and
high dimensional data, thus achieving the best results overall. However, because of
the manipulation of the kernel function to explore non-linear relationships in the data,
the resulting model may lack in interpretability. The generated hyperplane equation did
not reveal the relationships between image features and WB myopathy.

ANN are very powerful and flexible tools for modeling diverse types of
problems. In fact, MLPs are universal function approximators (Hornik et al. 1989) and,
in our experiments achieved a performance rate very similar to that of SVM. However,
in this approach, a satisfactory performance result lies in the proper choice of network
architecture, which may be determined by extensive experimentation. Additionally, the
resulting model does not give clear information regarding how to explain features

combined to model the task.
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The RF bagging approach combines many weak, simpler classifiers in an
ensemble. The use of bootstrap sampling to compose each forest’s classifier makes
this technique robust against unbalanced (which was not our case) and noisy data.
However, the aggregation of many models makes ensemble comprehension a difficult
task. Each tree predictor uses different cases for its construction, limiting the
understanding of relationships among image features and WB occurrence.

The choice of a proper classification algorithm depends on the application
to be developed and its requirements. In this study, we compared different techniques
based on diverse theoretical foundations to analyze their behavior for N and WB of
chicken identification and classification.

All identification and classification models shared the same training and test
sets during the evaluation rounds, and misclassification rates for each chicken breast
were measured independently of each classifier. Fig. 4 shows the misclassification rate
obtained when considering all tested classification approaches. The number of
misclassifications of an instance was normalized by the cases to which the sample
belonged in the evaluation sets.

In this sense, chicken breast 34 deserves special attention, as it belongs to
the N class. As shown in Fig. 4, all classifiers presented higher misclassification rates
in predicting this specific sample. In fact, in 20 of 50 repetitions, this instance was
chosen in testing sets, and nearly no predictors could correctly classify this sample.
Some visual aspects were observed in the corresponding picture (Fig. 5) comparing
chicken breast 34 image before and after contrast enhancement.

High levels of striations were observed in the sample. Image texture
features describe this type of characteristic as a repetition pattern, i.e., visual

properties of WB myopathy. Therefore, the classifier models interpreted chicken breast
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34 as a case of WB of chicken, justifying the high error rates obtained. It is important
to consider that the source of information form a CVS is the visual appearance, which
may be adversely affected by external factors, such as inappropriate illumination or
sample handling. In the last case, skin regions not removed from carcasses may be
interpreted as striations or repetition patterns. Image acquisition is one of the most

challenging steps of a CVS and affect the system’s performance.

Decision Tree

The physicochemical and technological parameters of N and WB of chickens were
used to build an alternative tool for assessing WB myopathy in chicken breast. Using
this decision tree algorithm, it is possible to observe which of the properties separate
according to the N and WB of chickens. In this manner, a decision tree was constructed
using information from non-destructive and fast acquisition techniques, such as pH
value and color measurements (L *, a *, and b*). For this model, the L* (luminosity)
was the attribute showing the highest gain of information, followed by pH (Fig. 6).

An accuracy of 88.75% was achieved for cross-validation. The
implementation of the decision tree in industrial lines may enable rapid prediction of
quality and optimization of product inspection. The classification of samples as N or
WB of chickens would not require specialized technicians, sophisticated instruments,

and the use of harmful reagents and reduces time and costs.

Near-Infrared Spectroscopy

Spectral Characteristics of N and WB of Chickens
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Spectral information has been used in previous studies to predict the quality of chicken
breast (Barbin et al. 2015; Wold et al. 2017). Each molecular combination results in
different absorptions in the NIR electromagnetic range such as C-H, O-H, and N-H at
wavelengths of 1100-1400, 1450, and 1460-1570 nm, respectively (Williams and
Norris 1987; Shenk 1992; Alexandrakis et al. 2012).

Loadings of the third principal component (PC3) of the N and WB of
chickens showed noise in the data and, therefore, only the first two principal
components (PC1 and PC2) were considered for wavelength selection (Fig. 7).

PCA scores (Fig. 8) of the first two principal components of N and WB
chicken breasts samples accounted for 97.1% of the variation among the evaluated
samples. In addition, spectral data obtained from the N and WB of chicken was
effective for identifying and separating the samples.

According to Table 3, N and WB of chickens showed significant differences
in the chemical composition such as increased moisture and lipid contents and
decreased total protein content. Therefore, these results agree with those of previous
studies (Wold et al. 2017) and confirm that the occurrence of the WB myopathy alters
the chemical attributes of chicken breast which can be distinguished in the NIR range.

The best separation among chicken breast was obtained using the
information from the cranial area rather than the middle and caudal regions of the
sample. The spectral information in the NIR range provided satisfactory separation
between samples from two classes, in part because of differences in quality
parameters between these classes. This observation agrees with previous findings
reporting that the cranial area of the muscle is more severely affected by WB myopathy

(Sihvo et al. 2014, Sihvo et al. 2017).
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Successful results were obtained from NIR spectroscopy aiming to identify
chicken breast affected by WB myopathy, and, therefore is a fast and useful tool that
can be applied in chicken slaughtering lines. Using the stepwise regression method,
compared to PCA, some essential wavelengths were selected for classifying N or WB
of chickens. Among the MicroNIR 2200 electromagnetic range (1150-2150 nm), 6
wavelengths were identified, corresponding to 1281.05, 1378.85, 1452.2, 1639.65,
1835.25, and 1941.2 nm.

Classification of N and WB of chickens showed 97.5% accuracy, and only
two chicken breasts samples were improperly classified (from a total of 80 chicken
breasts). In contrast, cross-validation showed a lower accuracy of 96.3% and three
chicken breasts were misclassified. However, among these samples, two were also
improperly classified by the other methods investigated in this study. Thus, these
samples can be considered as analytical outliers. Therefore, both ratings were
considered satisfactory for classifying the samples into N or WB of chickens. More

importantly, better results were obtained compared to the CVS approach.

Physicochemical and Technological Parameters of N and WB of Chickens

The chemical composition of N and WB of chickens showed significant differences
between classes (Table 3). WB of chicken showed a moisture content that was 2.21%
higher than that of N chicken breast. The same results were observed by Soglia et al.
(2016), who reported the chemical composition of N, WB, WS, and WB/WS
(simultaneous occurrence of abnormalities on the same broiler breast). The higher
moisture observed in WB of chickens indicates possible edemas associated with

inflammatory conditions (Mazzoni et al. 2015; Sihvo et al. 2014).
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WB of chicken also showed a 106.67% higher lipid content than N chicken
breast. Previous studies showed histopathological changes as degeneration of muscle
fibers and increased intramuscular lipids due to accumulation of adipocytes at the
perimysium, which may explain the increased lipid content on the affected pectoralis
major muscle (Mazzoni et al. 2015; Mudalal et al. 2015; Soglia et al. 2016; Trocino et
al. 2015; Velleman and Clark 2015).

Proteins content is an important characteristic of meat and influences meat
nutritional properties, appearance, and texture (Xiong 2004; Mudalal et al. 2014). WB
of chicken showed 14.41% lower protein content than N chicken breast, similar results
were observed by Mudalal et al. (2014) and Soglia et al. (2016). The significant
reduction in protein content was associated with a reduced fiber number and muscle
tissue degeneration, particularly myofibrillar and sarcoplasmic proteins (Mudalal et al.
2014; Sihvo et al. 2014). Sihvo et al. (2014), suggested that WB and WS can occur on
the same chicken breast, and Kuttappan et al. (2013) categorized WS abnormalities
as normal, moderate, or severe depending on the degree of WS. It was previously
reported that as the severity of the condition increased, protein content was
dramatically reduced (Mazzoni et al. 2015).

The ash content of WB of chicken was 13.04% lower than in N chicken
breast. Similar results were reported by Mazzoni et al. (2015), with the reduction in
mineral content attributed to the occurrence of muscular dystrophy when membrane
damage occurred, with consequent loss of cellular liquids.

WB of chicken showed higher ultimate pH post-mortem compared with N
chicken breast (Table 4), similar results were obtained by Mudalal et al. (2014) and
Trocino et al. (2015). This result demonstrated that the muscle degeneration process

decreases the glycolytic potential, reducing lactic acid content and modifying
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acidification during post-mortem of pectoralis major muscle affected by WB myopathy
(Berri et al. 2001; Mudalal et al. 2014; Sihvo et al. 2014). For the color of meat,
pectoralis major muscle affected by WB myopathy showed significantly higher values
for L*, a*, and b*. Therefore, the appearance of WB of chicken was altered, with more
pale areas and yellow color, as previously reported by Mudalal et al. (2015), Sihvo et
al. (2014) and Trocino et al. (2015).

During the cooking process, structural changes in actin and myosin occur
because of myofibrillar proteins denaturation, reducing the amount of water in the
muscle tissue of meat (Bertola et al. 1994). The decreased water content is highly
correlated with the reduction of myofibrillar protein content. Therefore, the higher value
for cooking loss observed in WB of chicken can be explained by the occurrence of
degeneration and consequent reduction in protein content, particularly myofibrillar
protein (Mudalal et al. 2014; Sihvo et al. 2014). In addition, the WHC of WB of chicken
was 106.06% lower than in N chicken breast. Previous studies reported that lower
WHC in WB of chicken can be associated with a higher ultimate pH post-mortem
exhibited in the affected pectoralis major muscle (Mudalal et al. 2015) and reduced
protein content, particularly myofibrillar protein (Petracci et al. 2013).

As a result of muscle atrophy associated with variable amounts of interstitial
connective tissue accumulation or fibrosis, raw WB of chicken showed 49.51% greater
hardness (shear force) than N chicken breast, in agreement with the results of Sihvo
et al. (2014) and Trocino et al. (2015), who found that the pectoralis major muscle
affected by WB myopathy showed greater hardness consistency. In contrast, after
cooking, WB of chicken was 31.79% softer (Table 3). Histological evaluation reported
by Sihvo et al. (2014), Trocino et al. (2015), and Velleman and Clark (2015), revealed

structural changes in WB of chicken, such muscle degeneration of muscle fiber
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associated with fat intramuscular accumulation or lipidosis. This could be explained as

the fat content directly influences the softness of meat.

Application of CVS Approaches, NIR Spectroscopy, and Physicochemical and

Technological Parameters to Identify and Classify WB of Chicken

CVS approaches, NIR spectroscopy, and physicochemical and technological
measurements were performed in order to propose a rapid and non-destructive
technique for identifying and classifying N and WB of chicken. In relation to CVS
results, superior performance was achieved using the SVM algorithm with an accuracy
of 91.83%. NIR spectroscopy showed higher performance, with an accuracy of
97.50%. Therefore, successful accuracy was obtained for both nondestructive and fast
techniques and proved to be a potential method to be implemented in chicken
slaughter lines to predict the quality, identify and classify as N or WB of chickens.
The application of NIR spectroscopy in the food industry has some
advantages, although there are limitations to its use such as lower sensitivity for
identifying the smaller constituents of food. It is recommended that for each food group,
a method of application of NIR spectroscopy should be developed, as each type of
food is composed of a complex food matrix. In addition, calibration procedures require
more time, and the choice of spectral data processing is complex (lwamoto and
Kawano 1992). In contrast, CVS results are influenced by the quality of images and
standardization of ambient lighting. Otherwise, they may generate inadequate results
and be interpreted with errors (Shearer and Holmes 1990). Thus, both NIR
spectroscopy as CVS have advantages and disadvantages, and their implementation

is strictly related to the specialist knowledge and solution set up.



518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

55

Conclusions

The occurrence of WB myopathy in broilers caused visual, technological, and
physicochemical changes in chicken breasts. Among them, chicken breasts affected
by WB myopathy showed significant color changes with increased L*, a*, b*, and pH
values. Texture analyses revealed that raw WB of chicken presented consistent
hardness values, but after cooking was softer than N chicken breast. In addition, WB
of chicken showed increased moisture and lipid contents, reduced mineral and protein
contents, and inferior technological quality with reduced water holding capacity. To
identify this myopathy, we applied two different rapid, nondestructive, and accurate
methods. NIR spectroscopy and CVS approaches showed high accuracy in identifying
and classify of WB myopathy, and both systems can be successfully implemented in

chicken slaughtering lines to classify chicken breast based on this specific condition.
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Figure 1 Overview of the proposed Computer Vision System.
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Figure 2 Performed image processing steps in the CVS evaluation
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Figure 3 Overall algorithms’ performance
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Figure 4 Misclassification rate per sample using SVM, MLP, RF and J48. The error for each instance was normalised by the number

of cases it belonged to test sets.
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Figure 5 Chicken breast 34, belonging to the Normal class and misclassified in almost all cases, by all classification techniques

tested.
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Figure 6 Decision tree from non-destructive and fast techniques of chicken breast meat quality
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Figure 7 Loadings plot of the first two principal components for spectral data of WB and N chicken breast
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Figure 8 Score plot of the first two principal components for spectral data of WB and N chicken breast
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Table 1 List of all image features used in the proposed approach for Wooden Breast assessment

72

No. Type Name Description
1 Intensity Meanlinten Mean value of intensity image
2 Intensity Stdinten Standard deviation of intensity image
3 Intensity Entropyinten Entropy of intensity image
4 Intensity StdHistinten Standard deviation of intensity image histogram
5 Intensity KurtHistinten Kurtosis of intensity image histogram
6 Intensity ShewHistinten Skewness of intensity image histogram
7-16 Texture LBP Vector of Local Binary Patterns (LBP) rationally invariant features




Table 2 Performance metrics of algorithm

. Accuracy F-Measure
Algorithm
Mean Std mean Std
SVM (%) 91.83 5.39 91.80 5.42
MLP (%) 90.67 4.34 90.60 4.42
RF (%) 87.83 4.82 87.75 4.89
J48 (%) 85.25 5.72 85.04 5.98

Std standard deviation

SVM Support Vector Machines
MLP Multilayer Perceptron

RF Random Forest



Table 3 Chemical composition of normal (N) and wooden breast (WB) of chicken

Parameters N wB
mean Std Mean Std
Moisture (%) 74.98° 0.59 76.642 1.21
Lipids (%) 1.20b 0.40 2.482 0.64
Protein (%) 24.708 1.59 21.14b 1.80
Ash (%) 1.152 0.09 1.00b 0.14

Std standard deviation

ab Different letters on the same line were statistically different according to Student’s t- test (p <0.01).
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Table 4 Effect of normal (N) and wooden breast (WB) myopathy on physical and technological parameters

Parameters N wB
Mean Std mean Std
pH 5.74P 0.11 5.852 0.16
L* 56.12b 241 61.712 2.13
a* 1.62° 0.74 2.662 0.85
b* 5.97b 1.83 7.362 2.01
CL (%) 16.48P 2.81 33.962 4.77
WHC (%) 65.992 3.62 62.44° 3.93
SF of raw chicken breast (Newton) 12.24b 1.70 18.302 6.52
SF of cooked chicken breast 37.522 12.17 25.59P 5.93

CL cooking loss, WHC water holding capacity, SF shear force

Std standard deviation

ab Different letters on the same line were statistically different according to Student’s t- test (p <0.01).
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6 CONCLUSOES

e A miopatia WB provocou alteracdes na aparéncia e nos parametros fisico-
quimicos e tecnoldgicos dos peitos de frangos. Os peitos de frangos com WB
apresentaram alteracdes nos parametros fisicos como aumento de pH, textura
com maior rigidez no cru e maciez no cozido e alteracdes na cor com
visualizacdo de é&reas palidas e amareladas. Além disto, apresentaram
alteragbes nos parametros quimicos como aumento no teor de umidade e
lipidios, e reducédo do teor de cinzas e proteinas. Em relacdo aos parametros
tecnoldgicos, os peitos de frangos WB apresentaram menor capacidade de

retencdo de agua e maior perda de agua por cozimento.

e O algoritmo Maquina de Vetores de Suporte (SVM) apresentou melhor
desempenho para identificacdo e classificacdo dos peitos de frango WB com
91,83% de acurécia, seguido pelo Perceptron Multicamadas (MLP), Floresta
Aleatéria (RF) e Arvore de Decis&o (algoritmo J48) com acuracias de 90,67%,
87,83% e 85,25%, respectivamente.

e A arvore de decisdo utilizando as andlises ndo destrutivas e de rapida
mensuracdao como medidas de cor (L*, a* e b*) e pH permitiu solucionar e

prever as classes de peitos de frango N e WB com 88,75% de acuracia

e Os dados espectrais para identificar e classificar os peitos de frangos N e WB
apresentaram 97,5% de acuracia.

e As medidas de NIR e CVS como medidas rapidas e ndo destrutivas para
identificar e classificar os peitos de frangos N e WB apresentaram acuracia
satisfatoria e podem ser implementadas sob condi¢des especificas nas linhas

de abatedouros comerciais.





