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RESUMO

CONCEICAO, Aline Rabello, M.Sc., Universidade Federal de Vicosa, marco de 2024.
Imagens termograficas de carcacas bovinas para predicao da temperatura e pH
do Longissimus thoracis. Orientadora: Erica Beatriz Schultz.

Objetivou-se predizer a temperatura e o pH do Logissimus thoracis de carcacas
bovinas com base em imagens termograficas e no peso da carcaga quente. Imagens
térmicas de 102 carcacgas de carne bovina foram usadas para extrair caracteristicas
de temperatura. O algoritmo de aprendizado de maquina, Random Forest foi
ajustado para a predicdo. As predicbes da temperatura Logissimus thoracis da
carcaca quente foram obtidas com um coeficiente de determinacéo (R2) de 0,06, erro
de raiz quadrada média (RMSE) de 2,13 e erro absoluto médio (MAE) de 1,55. O
peso da carcaga contribuiu para a predicdo da temperatura da carcaca resfriada,
especialmente com imagens obtidas as Oh (R? = 0,68, MAE = 1,12 e RMSE = 1,34) e
24h (R = 0,78, MAE = 1,02 e RMSE = 1,22). Ambos os modelos apresentaram
precisdo e exatiddao. O pH Logissimus thoracis da carcaga quente foi predito com
precisdo e exatidao usando dados extraidos de imagens as Oh (R? = 0,82, MAE =
0,11, RMSE = 0,13). Da mesma forma, o pH as 24h na carcaca resfriada foi predito
com dados de imagens capturadas as Oh e o peso da carcaca quente (R2 = 0,70,
MAE = 0,19, RMSE = 0,24). Assim, este estudo demonstra a viabilidade de prever o
pH e a temperatura do Longissimus thoracis de carcagas bovinas usando recursos
de imagens termograficas e o peso da carcaga quente.

Palavras-chave: Aprendizado de maquina, Carne bovina, Precisao, Termografia.



ABSTRACT

CONCEICAOQ, Aline Rabello, M.Sc., Universidade Federal de Vicosa, March, 2024,
Thermographic images of bovine carcasses for predicting the temperature and
pH of the Longissimus thoracis. Adviser: Erica Beatriz Schultz.

This study aimed to predict the temperature and pH of Logissimus thoracis of beef
carcasses based on thermographic images and hot carcass weight. Thermal images
of 102 beef carcasses were used to extract temperature features. The Random
Forest machine learning (ML) algorithm was fine-tuned for prediction. Accurate
predictions of hot carcass temperature were achieved with a coefficient of
determination (R?) of 0.06, root-mean-square error (RMSE) of 2.13 and mean
absolute error (MAE) of 1.55. Carcass weight played a considerable role in predicting
chilled carcass temperature, particularly with images taken at 0 h (R? = 0.68, MAE =
1.12, and RMSE = 1.34) and 24 h (R2 = 0.78, MAE = 1.02, and RMSE = 1.22). Both
models exhibited precision and accuracy. The pH of the hot carcass was successfully
predicted with precision and accuracy using data extracted from images at Oh (R? =
0.82, MAE = 0.11, RMSE = 0.13). Similarly, the pH of the cold carcass could be
predicted using data from images captured at 0 h and the weight of the hot carcass
(R2 = 0.70, MAE = 0.19, RMSE = 0.24). Thus, this study demonstrates the feasibility
of predicting pH and temperature using features from thermographic images and hot
carcass weight.

Keywords: Accuracy, Beef, Machine learning, Thermography
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1. Introducao geral

A adocao de tecnologias na produg¢do animal é uma alternativa viavel para
atender a demanda em quantidade e qualidade por produtos de origem animal. As
tecnologias permitem a otimizagdo da producéo e a rastreabilidade dos processos.
Na cadeia produtiva da carne a modernizagao prové melhorias ao bem-estar animal,
a preservacao do meio ambiente e a seguranca alimentar. Isto pois, a maioria dos
métodos de avaliagdo e monitoramentos tradicionais demandam tempo, mao-de-
obra e sdo invasivos.

Nos frigorificos, o pH e a temperatura das carcagcas sdo os parametros de
maior significAncia para a qualidade da carne no post mortem. O pH pés
resfriamento interfere nas caracteristicas organolépticas da carne, como suculéncia,
tenacidade e cor (WEN-SONG et al.,, 2019). O monitoramento da temperatura
durante o resfriamento € importante para assegurar o declinio do pH e evitar a
proliferacdo de microrganismos deteriorantes. Tradicionalmente estes parametros
sdo monitorados de forma manual, por um profissional com o auxilio de um pHmetro
e de um termbémetro.

Devido a importancia destes parametros € emergente que um método
automatizado seja implementado para o monitoramento do pH e temperatura da
carcaga, de modo a reduzir o contato humano com o produto, o potencial risco de
contaminacao e os custos com mao de obra. O uso das imagens se destaca como
uma das tecnologias mais promissoras na producao animal por ser ndo invasiva,
rapida, obtida em tempo real e com bom custo-beneficio (OLIVEIRA et al., 2021).

Algumas tecnologias adotadas na avaliagdo das carcacas sdo: as cameras
RGB (red, green, blue) e/ou tridimensionais e termograficas para analise de video
imagem, absorciometria de raio-x de dupla energia (DEXA), ultrassonografia,
tomografia computadorizada e ressonancia magnética (SILVA et al., 2020). As
cameras convencionais e termograficas se destacam devido ao baixo custo e
portabilidade. Segundo Pabiou et al. (2011) o uso de cameras nos frigorificos, em
pontos estratégicos da linha de processamento, permite a extragcdo de
caracteristicas das imagens, como composi¢ao tecidual, marmoreio e temperaturas.



As imagens geradas por termografia infravermelha (TIV) tém o potencial de
tornar 0 monitoramento das temperaturas mais preciso, uma vez que sao geradas
temperaturas meédias com base em um maior numero de pontos que o método
tradicional de afericdo. Portanto, poderia ser utilizada para o monitoramento da
temperatura das carcacgas. E baseado na estreita relagcao entre a temperatura e o pH
no pré rigor mortis, & possivel que uma técnica que funcione para a temperatura
também possa ser usada para o pH. A automatizacdo dos monitoramentos nos
frigorificos permite a aquisicdo de maior volume de dados, havendo perspectiva de
aumento na adesao de tecnologias, a fim de garantir a qualidade da carne.

Um dos desafios para a implementagdo das tecnologias em industrias € a
necessidade de processamento e armazenamento do grande volume de dados
coletados, para gerar informagdes. Para este fim, destacam-se as ferramentas de
inteligéncia artificial, como os algoritmos de aprendizado de maquinas
supervisionado, com grande capacidade analitica. Os algoritmos aprendem tarefas
por meio do treinamento e teste com base no conjunto de dados. O desempenho
deles pode ser avaliado por métricas de erro, como o erro médio absoluto (MAE) e a
raiz quadrada do erro médio (RMSE), e coeficiente de determinacao (R?). Ajustes
podem ser realizados para viabilizar a implantagcado das tecnologias aos ambientes,
uma vez que a adaptabilidade é importante na produgédo animal.

A motivacao deste trabalho foi a auséncia de estudos que utilizem a TIV em
carcacas bovinas para predizer a temperatura interna e o pH. Para isto, realizamos
uma breve revisdo sobre os pontos que foram cruciais para o desenvolvimento da
pesquisa, como a importancia do pH e da temperatura, o uso de imagens na ciéncia
da carne e o aprendizado de maquinas supervisionado. O objetivo foi predizer a
temperatura interna e o pH do Longissimus dorsi de carcagas bovinas a partir de
atributos de imagens termogréficas superficiais associadas ao peso da carcaca

quente.



2. Revisao de literatura

2.1. Influéncia da temperatura e do pH das carcacas na qualidade da

carne

Nos bovinos a conversao do musculo em carne ocorre nas primeiras 24h post
mortem, devido a ac¢ao da via glicolitica, que em anaerobiose produz energia (ATP) e
acido latico a partir do glicogénio (WARRISS, 1990). O acumulo de lactato e ions
hidrogénio resulta na reducdo do pH, de 7 no musculo para 5,3-5,8 na carne
(SMULDERS et al., 1992). A taxa de declinio do pH pode variar devido o tipo de fibra
muscular, ou seja, a quantidade de fibras glicoliticas e oxidativas (HAMBRECHT et
al., 2005). Por exemplo, carcagas de bovinos precoces confinados com dietas de
alto grao tém maior quantidade de fibras glicoliticas e por isto o pH reduz mais
rapidamente nas primeiras horas post mortem. Ao contrario dos animais mais velhos,
que devido o metabolismo das fibras oxidativas, a queda do pH é lenta nas primeiras
horas (WARRISS, 1990).

Outros fatores intrinsecos aos animais podem modificar a taxa de declinio do
pH, como a raga do animal (SHACKELFORD et al., 1994) e a quantidade de
glicogénio muscular (IMMONEN e PUOLANNE, 2000). Fatores ambientais também
moldam o comportamento do pH das carcacas, como as condicbes do ambiente da
maturacao sanitaria, a estimulacao elétrica e o resfriamento (MARSH et al., 1987).

A taxa de resfriamento e o declinio do pH pré rigor mortis sao determinantes
da qualidade da carne (HAMOEN, VOLLEBREGT e VAN DER SMAN, 2013). A
temperatura por proporcionar o ambiente ideal para a reducéo do pH, e o pH por ser
determinante dos aspectos intrinsecos da carne, como coloragdo, maciez e sabor,
0s quais séo decisivos no momento da escolha do consumidor (WEN-SONG et al.,
2019). Além disto, o resfriamento inicial & essencial para a seguridade alimentar, ja
que o pH (7) e a temperatura (38°C) da carcaca logo apds o abate € um ambiente
propicio para a proliferagdo de microrganismos patogénicos e deteriorantes.

Entretanto, as reagdes enzimaticas responsaveis pela conversdao do musculo
em carne sao desaceleradas em baixas temperaturas, o que pode causar a reducao
da glicélise anaerdbica e da taxa de declinio do pH (AALHUS et al., 2002). Ja é bem
estabelecido na literatura que a qualidade final da carne depende da janela entre pH
e temperatura no post mortem (HAMOEN, VOLLEBREGT e VAN DER SMAN, 2013).
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De modo que, o resfriamento inicial das carcagas deve ser lento pois temperaturas
mais amenas favorecem a redugédo do pH (BENDALL, 1973). Segundo Hannula e
Puolanne (2004) o pH deve ser inferior a 5,7 antes que a temperatura atinja 7°C.

A taxa de resfriamento pode variar devido ao peso e ao acabamento da
carcaca (MAPLES, LUSK e DESCASCAR, 2018), e dentro de uma mesma carcaca
devido a localizagdo anatémica do musculo (STOLOWSKI et al., 2006) e gordura
subcutanea. Quanto maior a massa e a éarea superficial da carcaca maior a
quantidade de energia a ser transferida durante o resfriamento (HIPPE et al., 1991).
O mesmo ocorre com a quantidade de gordura, que funciona como isolante térmico,
dificultando a troca de calor com o meio. Musculos mais profundos, carcagas
pesadas e gordas podem passar pelo evento caracterizado por Warner et al. (2009)
como alta temperatura (acima de 35°) e baixo pH (menor que 6) devido a maior
dificuldade de se resfriarem.

Maples, Lusk e Descascar (2018) relatam que tem se tornado constante a
dificuldade dos frigorificos em resfriar as carcacas de modo efetivo em 24h devido
ao aumento da massa delas nas ultimas décadas. Isto pois, as condicbes de
resfriamento foram padronizadas a muitos anos atras, quando as carcagas eram
mais leves e mais magras. Em suinos, Kaliszan et al. (2005) constatou que a taxa de
resfriamento das carcacas leves tem comportamento exponencial, enquanto 0s
musculos mais profundos de grandes carcacas tém decaimento sigmoide da
temperatura. Isto ilustra a diferenca da taxa de resfriamento das carcacas em
decorréncia da musculosidade.

Warner et al. (2009) demonstrou uma estreita relacdo entre temperaturas
demasiadamente altas e baixo pH no pré rigor mortis com a maciez da carne.
Relataram reducéo da forca de cisalhamento nos primeiros 10 dias, e desnaturagéao
das proteinas responsaveis pelo amaciamento por envelhecimento ap6s os 30 dias
(WARNER et al., 2009). No entanto, a maior problematica envolvida no resfriamento
lento das carcagas, ndo é o pH ou a maciez, e sim a proliferacdo de micro-
organismos patogénicos devido a alta temperatura. Por outro lado, métodos de
resfriamento acelerados reduzem a proliferacdo, mas podem causar encurtamento
de sarcomero, principalmente em animais com maior quantidade de fibras oxidativas
(OLSSON et al.,1994.), o que prejudica a maciez da carne (MARSH, 1977). Na
tentativa de evitar este fendmeno, Savell, Mueller, Baird (2005) orientam que
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enquanto o pH estiver maior que 6,2 a temperatura da carcaca deve estar maior que
10°C.

Além dos danos a qualidade da carne ja citados, existem as preocupacoes de
cunho econémico quanto aos métodos de resfriamento, como o consumo de energia
pela industria, perda de peso da carcaca e a regulamentagdo quanto as exigéncias
dos mercados exportadores (ZHANG et al.,, 2019). A inadequagdo da janela
pH/temperatura resulta em maior contaminacdo microbioldégica, em reducdo da
desnaturacao proteica, que é responsavel pelo amaciamento da carne, e em carne
DFD (dark, firm and dry), caracterizada por ser seca, dura, escura e com alta
capacidade de retengcédo de agua (MALTIN et al., 2003, OFFER et al., 1989).

Em decorréncia dos diversos fatores que podem alterar o comportamento do
pH e causar a deterioracdo da qualidade da carne é emergente que técnicas de
monitoramento individualizado do pH e temperatura sejam desenvolvidos. Uma vez
que, tradicionalmente nos frigorificos eles sdo mensurados de forma manual por um
profissional, com auxilio de um termdédmetro e de um pHmetro, por meio de
amostragem e contato direto com o produto. Esta etapa tem como objetivo verificar
se o resfriamento e a redugédo do pH foram efetivos e se o produto estd adequado
para comercializagdo. Por exemplo, a Unido Europeia exige temperatura maxima de
7°C e pH 5,8 das carcacas apés 24h de resfriamento antes de encaminhadas para o
processamento (JAMES, 1996; BOWATER et al.,, 2001). Entretanto, o atual
monitoramento no Brasil € pouco preciso, pois ndo € realizado em toda as carcagas,
demorado e invasivo, o que contribui para a contaminacéo bacteriana.

Uma alternativa vidvel para driblar estes desafios € a implementacdo de
tecnologias nos frigorificos, que permitam a obtencdo destes parametros de forma
agil e remota, reduzindo o contato humano com o produto e aumentando a
confiabilidade dos dados, j4 que permitiria 0 monitoramento em todas as carcacgas.
Além disto, as novas técnicas devem permitir a classificacdo das carcacas de acordo
com a legislagéo vigente no pais ou exigéncia do mercado exportador.

2.2. Uso de imagens nas avaliacoes de qualidade da carne
As tecnologias ndo destrutivas ja tém sido amplamente utilizadas na pecuaria,
com intuito de automatizar processos, reduzindo os custos com mao de obra e
otimizando a tomada de decisdo. Dentre elas, as tecnologias de obtencdo de
imagens RGB tém sido aplicadas na obtencao de biométricas corporais, avaliacées
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de qualidade da carne e saude animal. O aprendizado de maquinas tem contribuido
para viabilizar o uso destas, pois facilita o processamento e utilizagdo dos dados
obtidos. Como a visdo computacional, que € uma ferramenta eficaz na predicéo e
classificacao dos fenotipos dos animais conforme revisado por Oliveira et al. (2021).

Devido a importdncia do peso corporal para a tomada de decisdo, por
exemplo sobre o ponto ideal de abate, o uso de imagens para extracdo de
biométricas corporais € uma alternativa substituta as balangas, que facilita 0 manejo
e contribui para o bem-estar animal. Fernandes et al. (2020) demonstraram o bom
desempenho dos sistemas de visdo computacional na predicdo do peso de suinos, e
Cominotte et al. (2020) em bovinos. Outra vantagem deste sistema € que ele permite
a avaliacao de caracteristicas externas da carne, como cor e gordura (SHI et al.,
2021). Conforme veremos, modelos estatisticos modernos e algoritmos de
aprendizados de maquinas contribuiram para a adaptacdo e desempenho das
técnicas de imagens em diversos ambientes.

Echegaray et al. (2022) enfatizam a emergéncia do desenvolvimento de
sistemas inovadores e eficientes que minimizem o desperdicio e facilitem o
abastecimento mundial de alimentos. Além disto, destacam que a individualidade
dos animais e heterogeneidade dos ambientes € um desafio para a automatizacéo
dos frigorificos. Por isto, os sensores oticos séo preferidos nas linhas de
processamento, seja para avaliagdes, inspec¢des ou predi¢cdes. Eles proporcionam
medi¢cdes em tempo real, maior volume de dados, menor subjetividade, e maior
seguranca alimentar (HOFFMANN et al., 2013; OLIVEIRA et al., 2021).

Uma imagem digital € uma matriz estruturada finita formada por pixels, que
codifica cores e luz para cada ponto (FERNANDES, DOREA e ROSA, 2020;
GONZALES e WINTZ,1987). Através do processamento da imagem digital é
possivel equalizar, filtrar ou transforma-la com o objetivo de extrair informacdes. A
extracdo de informacdes da imagem produz o que chamamos de descritores que
podem ser, por exemplo, areas, volume e comprimentos. Apds a aquisicao de dados
da imagem é possivel compilar todas as informagdes com intuito de construir um
banco de dados, que em conjunto com ferramentas de inteligéncia artificial realizara
predicdes, classificacdes e/ou descricdes (CORREA, 2015).

Dentre os sensores 6ticos, as cameras digitais padrao sao as mais utilizados
na zootecnia de precisdao (ECHEGARAY et al., 2022), devido a portabilidade, baixo
custo e facilidade de processamento das imagens. Daniel et al. (2020) propuseram

13



um sistema de classificacdo automatico de carcagas bovinas por meio de imagens e
inteligéncia artificial. O sistema é composto por uma cémera de alta resolugéao,
processadores, e sensor registrador de temperatura, umidade e peso na linha de
processamento. Foi obtido alta precisédo e velocidade de classificagdo 10x superior a
de um especialista humano, entretanto, devido a alta resolu¢cdo da camera, exige-se
também alta capacidade analitica e de processamento (DANIEL et al., 2020).
Também motivados em reduzir custos e facilitar analises, Ruedt, Gibis e Weiss
(2020) desenvolveram um método de quantificacao de iridescéncia (coloracao de
arco-iris) na carne apenas com uma camera digital e um software de cédigo aberto.
A técnica proposta demonstrou concordancia com a analise sensorial, podendo ser
implementada em substituicdo ou adicdo a tradicional (RUEDT, GIBIS e WEISS,
2020).

Outras ferramentas tecnoldgicas também tém sido testadas para fenotipagem
e avaliagbes de produtos carneos, como os dispositivos de imagens 3D, sensores
hiperespectral no infravermelho préximo (NIR) e termografia infravermelho.
Adamczak et al. (2018) scanearam em 3D carcagas de frango em diversas secgdes
transversais, o que permitiu testar qual a area com maior correlacdo e estimar o
peso do peito de forma precisa. Em bovinos de corte, foi utilizado um Kinect na
obtencdo das imagens tridimensionais para obter peso vivo e peso da carcaca
quente (COMINOTTE et al., 2023). Devido a alta variabilidade da acuracia dos
modelos aplicados, os autores alegam que a técnica é util apenas quando aplicada
em lotes para obter o peso médio.

A maioria dos estudos encontrados com tecnologias na qualidade da carne se
baseiam no uso do NIR. Isto pois, os dados espectrais sdo reflexo da composicao
quimica, e por isso a técnica de eletroscopia de infravermelho é a recomendada
para deteccao de frescor da carne e grau de contaminacao e degradacao (SHI et.
al., 2021). Imagens hiperespectrais tem potencial em prever de forma n&o destrutiva
atributos de qualidade da carne bovina fresca de forma precisa, como cor, pH e
maciez (ELMASRY,SUNe ALLEN 2012, WU et al, 2012). Segundo
ElMasry, Sun e Allen (2012) o sistema carece apenas de melhorias na velocidade de
coleta e no processamento das imagens para que possa ser implementado nas
linhas comerciais.

Mais recentemente, Savoia et al. (2020) testou a viabilidade de
implementagdo de espectrdmetros portateis, Vis-NIRS e Micro-NIRS nos
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abatedouros para prever caracteristicas de qualidade da carne. As coletas foram
realizadas nas carcagas bovinas antes do inicio da desossa, no Longissimus dorsi, e
foi possivel predizer a cor e a perda por gotejamento. Os autores destacam que o
NIR pode contribuir para avancos no melhoramento genético, ja que realiza
previsoes de fenotipos explorados na bovinocultura de corte (SAVOIA et al., 2020).

Outra variavel de grande relevancia para a industria da carne é a temperatura.
Esta também pode ser extraidas durante o processamento das imagens térmicas, as
quais sao geradas por dispositivos capazes de captar carga infravermelha sem
contato, 0 que permite extrair temperaturas proporcionais as do corpo imageado
(WARRIS et al., 2006). A TRI ja é utilizada na saude de bovinos em diagnésticos de
inflamacdes locais, como mastite (COLAK et al., 2008) e claudicacées (ALSAAQOD e
BUSCHER, 2012), estado térmico (HOFFMANN et al., 2013) e eficiéncia produtiva
(MONTANHOLI et al., 2009).

Ha décadas pesquisadores investigam o potencial dessa técnica, aplicada
nos animais como indicador de depreciacao futura a qualidade da carne. Schaefer et
al. (1989) e Weschenfelder et al. (2013) realizaram medi¢cdes com TRI em suinos
com objetivo de prever variagdes na qualidade da carne, e concluiram que a técnica
pode indicar o estado fisiolégico do animal e ajudar a predizé-lo. De modo similar,
Cuthbertson et al. (2020) realizaram em bovinos, mensurando a temperatura ocular
dos bovinos por TRI nas fazendas de origem. A TRI indicou os animais de
comportamento mais reativo, € que consequentemente sdo mais susceptiveis a
reducéo da qualidade da carne.

O uso da TRI diretamente nas carcagas, nas linhas de processamento, ainda
é pouco estudado. Em suinos, Costa et al. (2007) capturaram imagens
termograficas dos pernis e concluiram apenas que € uma técnica Uutil para a
identificagdo de bons pernis para maturagdo a seco. Em bovinos, um estudo
exploratério de Hite et al. (2020) relataram que a TRI permite rapida coleta de
imagens ao longo da linha de processamento e as correlacdes positivas encontradas
entre a TRI e a temperatura por data loggers apontaram que a técnica auxilia na
predicao do resfriamento das carcacas. Corréa (2019) correlacionaram a TRI das
carcacas nos tempos 0h, 12h e 24h com os paréametros laboratoriais qualitativos da
carne, e devido a influéncia da temperatura em alguns deles, afirmaram que a
técnica pode auxiliar na classificagdo das carcacas.
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Devido a escassez de trabalhos ndo foram encontradas recomendacdes
assertivas sobre o real potencial da TRl como indicador direto de qualidade da carne
e da carcaca. Para isto devem ser realizadas pesquisas com bancos de dados
extensivos a heterogeneidade das carcacas bovinas mundiais, e métodos de
processamento abrangentes que gerem informagdes a partir dos dados e permitam
a tomada de decisdo. Além disto, € emergente validagcées nos frigorificos que
confirmem a adaptabilidade da tecnologia ao ambiente e a velocidade das linhas de

processamento.

2.3. Aprendizado de maquinas: Random Forest

As ferramentas de inteligéncia artificial (IA) consistem em aprender por meio
dos dados, interpreta-los e utilizar deste aprendizado para realizar objetivos
especificos. A IA é fundamentada em experiéncias, ideias, razdes e algoritmos.
Compde, portanto, a IA o aprendizado de maquinas, deep learning, planejamento
automatizado e gestdo do conhecimento (GERON, 2019). Na producdo animal as
principais ferramentas de IA utilizadas sao o aprendizado de maquina (AM) e o deep
learning.

O AM da aos computadores a capacidade de aprender sem de fato serem
programados (MAHESH, 2019). Este é formado por algoritmos supervisionados e
nao-supervisionados que podem descrever padrdes, reduzir a dimensionalidade de
dados, realizar predicdes e classificacdes (GERON, 2019). Os algoritmos de AM nio
supervisionado sdo compostos pelas técnicas de analise de agrupamento, reducao
de dimensionalidade, aprendizado de regras por associagdo e deteccdo de
anomalias e novidades (GERON, 2019). Os algoritmos supervisionados serédo
detalhados pois sdo mais usuais nas pesquisas de producao animal.

O objetivo do AM supervisionado é usar os preditores (inputs), para obter as
respostas (outputs). Ou seja, os dados inseridos treinam o algoritmo para fornecer
uma resposta, que pode ser obtida por regressao, para respostas quantitativas, ou
classificacao, para qualitativas (HASTIE et al., 2009). O AM supervisionado se inicia
com o estudo da problematica, organizacdo do banco de dados e selecdo do
modelo. Os modelos de regressdo sao treinados e testados com um banco de
dados, para em seguida serem capazes de fornecer previsbes baseadas em novos
dados. Um exemplo pratico do AM supervisionado sdo os sites que dao uma
recomendacdo baseada no histérico do usuario. E importante destacar que néo
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existe um algoritmo perfeito para um determinado problema, os modelos devem ser
testados quanto a adaptabilidade as variaveis preditoras disponiveis, ao ambiente e
a natureza do problema (MAHESH, 2019).

O Random Forest (RF) é um dos algoritmos mais poderosos e populares do
AM supervisionado, sendo encontrados estudos nas diversas areas de
conhecimento, como economia, medicina, geografia, entre outros. Isto pois, a
combinacao de arvores classificadoras, torna o algoritmo rapido, preciso e néo
produz sobreajuste (LIU, WANG & ZHANG, 2012). O RF pode realizar predicao
(regressao) e classificagdo, onde as variaveis respostas assumem valor numérico e
binario, respectivamente.

Ao realizar predicbes ele se baseia na construcdo de diversas arvores
aleatérias de decisdo, o que reduz a variancia da previsao fornecida por uma unica
arvore e fornece uma previsao final a partir da média da floresta. O que resulta em
uma previsdo mais precisa, devido a aleatoriedade de cada arvore e ao conjunto de
preditores, evitando o sobreajuste (GENUER et al., 2020). Ele pondera a utilizacao
das variaveis preditoras de acordo com as de maior importancia para o
desempenho, sendo que nenhuma variavel € ignorada ou retirada do modelo, como
acontece em outros algoritmos, como o Gradient Boosting (HASTIE et al., 2009).
Além disto permite a identificagdo e construgdo do grafico de importdncia das
variaveis (GERON, 2019).

O RF é de facil utilizagdo pois sdo poucos os parametros a serem ajustados
para a otimizacao, sendo mitry e ntree os principais (GENUER et al., 2020). O mitry,
representa o numero de varidveis a serem amostradas em cada divisao (nd), e € o
mais importante, uma vez que o numero de variaveis pode modificar o desempenho
do modelo. O ntree representa 0 numero de arvores, e quanto mais arvores, melhor
o desempenho. Entretanto, quanto mais arvores maior o tempo de processamento
do RF, por isso o numero de arvores deve ser decidido a partir do momento que
adicionar arvores ndao melhorar o desempenho do modelo (GENUER et al., 2020;
RANDOM FORESTS, 2018). E esta é uma das desvantagens do RF, a velocidade
de processamento pode ser reduzida em um grande conjunto de dados e numero de
arvores.

O desempenho dos modelos de AM deve ser avaliado com a métrica
adequada aos dados e ao proposito de uso do modelo. Por exemplo, a escolha da
métrica de erro deve acordar com a distribuicdo esperada dos erros (HODSON,
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2022). Chai e Draxler (2014) afirmam que uma combinagdo de métricas pode ser
utilizada para obter uma melhor avaliacdo do desempenho dos modelos. Além disto,
€ importante revisar na literatura quais as métricas mais utilizadas tanto para
algoritmo quanto para o objetivo do estudo. Por fim, a partir dos valores
encontrados, afinamentos e ajustes nos hiperparametros podem ser realizados para
a validacao e implantagdo do modelo.

O coeficiente de determinacao (R?), o erro médio absoluto (MAE), a raiz
quadrada do erro médio (RMSE) sao frequentemente utilizados em analises de
regressao, sendo o R? o preferido. Ele expressa, de 0 a 1, o quanto a variavel
resposta € determinada pelas variaveis independentes (CHICCO, WARRENS e
JURMAN, 2021). Ja nas métricas RMSE, MSE e MAE, o 0 representa o limite
inferior, o ajuste perfeito do modelo, e ndo existe limite superior, o valor é crescente
quanto pior o desempenho do modelo. O que é um desafio para interpretacao, ja
que ndo ha um valor limite que determine até onde o modelo tem desempenho
satisfatério. Por exemplo, um R?=0,8 indica um modelo com boa acuracia preditiva,
ao passo que um MAE=0,8 por si s6, sem ter acesso a outros dados, ndo indica
nada. As métricas de erro citadas ndo permitem interpretacdo apenas pelo valor,
sem conhecer os dados e a unidade de medida, nem comparacéo entre estudos
feitos com dados diferentes (CHICCO, WARRENS e JURMAN, 2021).

N&o existe uma regra para quais medidas de avaliacao devem ser utilizadas
nas analises, mas é estabelecido uma preferéncia por uma combinacao delas (CHAI
e DRAXLER, 2014). Entretanto os estudiosos reforcam que é impossivel afirmar
sobre a qualidade geral do modelo apenas com base nos valores das métricas,
deve-se avaliar o objetivo do estudo e a unidade de medida das variaveis
independentes.

O uso de tecnologias inteligentes promete otimizar a criagdo animal, isto pois,
elas tém alta capacidade de armazenamento e de processamento dos dados. O que
tem sido utilizado na resolugcédo de problemas e auxiliado na tomada de decisao dos
produtores, por meio da integracdo com mecanismos de notificacdo remotos
(NEETHIRAJAN, 2020). Acreditamos que além de reduzir custos e aumentar a
eficiéncia, estas tecnologias possam auxiliar na compreensdo de mecanismos

complexos, como a conversao de musculo em carne.
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ABSTRACT

This study aimed use of infrared thermography images (IRT) to predict the
temperature and pH of Longissimus thoracis (LT) of bovine carcasses. A total of
102 beef carcasses were used to measure the average temperature of the front
surface, rear surface, LT and the whole carcass with IRT, and the temperature
and pH of the LT. The Random Forest machine learning algorithm was optimized
for prediction. It was possible use IRT to predict temperature of longissimus
thoracis bovine with R? values ranging 0.06 to 0.78 and MAE 1.12 to 1.67. For
initial temperature was R? of 0.06 and ultimate temperature with R? values 0.26
and 0.17. The inclusion of hot carcass weight parameter enhanced to the
prediction ultimate temperature with the image obtained of hot carcass with an
R? of 0.68 and chilled carcass of 0.78. The prediction of muscle pH with thermal
images showed R? values ranging from 0.26 to 0.82 and MAE 0.10 a 0.82. The
combination of hot carcass weight contributed to predicted muscle ultimate pH in
the carcass with R? value of 0.70. It is concluded that it is possible use
thermographic images as a tool to predict the initial and ultimate pH and
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temperature longissimus thoracis of beef carcasses. When combined with hot
carcass weight parameter may exhibit even greater efficiency in

predicting ultimate pH and temperature in LT of carcass.

Keywords: Accuracy, Beef, Machine learning, Thermal image.

1. Introduction

The evaluation of carcass temperature and pH are decisive for meat
quality attributes, such as color, tenderness, and flavor, as they influence the
kinetics of biochemical reactions and the conversion of muscle tissue into meat
(Savell, Mueller & Baird, 2005). Slow chilling of carcasses affects enzymes such
as phosphorylase, which are involved in the functioning of the glycolytic pathway,
the accumulation of lactate, and the decline in pH. Additionally, it influences the
proliferation of pathogenic and spoilage microorganisms (Mohrhauser, Lonergan,
Huff-Lonergan, Underwood & Weaver, 2014). On the other hand, accelerated
chilling mitigates microbial proliferation, but can slow reactions of the glycolytic
pathway, cause sarcomere shortening and reduce meat tenderness (Marsh,
1977).

In this context, the European Union establishes a minimum ultimate
temperature of 7°C from the cold room and a maximum ultimate pH of 5.8 for
beef carcasses (DIPOA-DSA/SDA Joint Circular No. 8/2023). As well as Savell,
Mueller and Baird (2005) recommend if the pH is higher than 6.2, then the
temperature of the carcass must be kept above 10°C. Therefore, to meet the
market, the meat industry needs to monitor the temperature and pH of the bovine
carcass. However, traditional monitoring is laborious, as it's done manually on
Longissimus thoracis (LT), using a thermometer and a pH meter. Furthermore,
it's necessary handling on carcass, which contributes to contamination of the final

product.

As alternative to automate processes, new technologies have been
implemented in slaughterhouses, with emphasis on the use of images, for their
remote monitoring capacity and provide big data. (Echegaray et al. 2022). The
use of infrared thermography (IRT) cameras has been studied in livestock farming
since the last century (Hurnik, Webster & DeBoer, 1985), as these devices can

capture infrared radiation proportional to body temperature (Warriss, Pope,
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Brown, Wilkins & Knowles, 2006). The technique allows measure the surface
temperature without contact, as showed by Wu, Liang, Wang, Wu and Sun (2022)
being IRT compared to traditional methods is an alternative for large-scale

measurement and evaluation of meat quality.

Cuthbertson et al. (2020) pointed that the body temperature data from
cattle obtained by IRT are indicator of changes in the temperament of animals
and it's a potential predictor of carcass quality. In addition, Costa et al. (2007)
evaluated the implementation of IRT on the pig slaughter line, and although they
found no relationship between surface temperature and pork quality, they
indicated that the technique is suitable for other purposes on the production line,
such as selecting legs for processing. For predicting the pH of beef, Savoia et al.
(2020) obtained satisfactory results using infrared spectrometers, which, due to
their similarity to IRT, may indicate its potential for predicting pH. Recently,
Ferreira et al. (2024) showed that it's possible use ocular IRT as a tool to

predicted ultimate pH in bovine carcass.

However, the use of thermographic images and machine learning (ML) to
predict and evaluate carcasses remains unexplored. The thermographic image
data associated with ML (artificial intelligence tool) enables regression and
classification. Among the ML algorithms, Random Forest (RF) show attention
because easy programming, requires few adjustments and work well for high-
variance and multicollinearity (Hastie, Tibshirani & Friedman, 2009). For
predictions, RF weighting the predictor variables according to the importance, the
number of variables in each split (mtry) and number of trees (ntree) are the main
parameters to be adjusted. After, relies on the construction of several random
decision trees, that reduces the variance of the prediction and provides a final
prediction from the average of the forest (Genuer, & Poggi, 2020), and ML
performance could be evaluated using coefficient of determination (R?), the mean

absolute error (MAE), the root mean square error (RMSE) metrics.

In view of the potential of IRT and artificial intelligence tools, there are the
lack of studies associated these techniques for predicted parameters on the
bovine carcasses. Therefore, the objective of study was evaluated hot or chilled
bovine carcass infrared thermography data using RF to predict initial or ultimate

temperature and pH of Longissimus thoracis of bovine carcasses.
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2. Materials and Methods
2.1. Data collection

The experiment was conducted by collecting data from the carcasses of
62 F1 Red Angus X Nelore cattle and 40 Nelore cattle at approximately 14 months
of age and slaughtered at the Frigorifico Escola of the Federal University of
Vigosa (UFV) between 2021 and 2022.

After the stages of humane slaughter, the left 72 carcasses were weighed,
and the initial pH (pH.Oh) and temperature (T°.0h) were collected by gold
standard. The temperature was measured using a meat thermometer at the
thirteenth rib in the Longissimus thoracis at a depth of 2.5 cm. The pH was
obtained using a Hanna model HI99163 portable meter at the same location. At
the same time, the surface lateral views of 72 hot carcasses were imaged using
a Flir C5 thermographic camera, with an emissivity of 0.95, positioned 317 cm

from the carcass and 140 cm from the ground using a tripod.

In accordance with Brazilian legislation, the carcasses underwent sanitary
maturation in a cold room for 24 hours at 4°C. The ultimate pH (pH.24h) and
temperature (T°.24h) were recorded by the gold standard, and surface image of

chilled carcass was taken, following the same methodology.
2.2. Image processing

The hot and chilled carcass images were uploaded after data collection
(Figure 1a). We obtained the images in JPG and pixel matrix in absorbance and
pre-processed them using the Thermimage package in R 4.1.2 software (R Core
Team. 2021) to extract the thermographic features. The raw2Temp function was
used to convert absorbance (JPG) into temperature (°C), with a 160 x 120pixel

resolution.

ImageJ software was then used to extract the features, which are the
average surface temperatures of the areas of interest. These were obtained by
manually marking out the region of interest, as shown in Figure 1b. By circling an
area, the software allows the average temperature of the pixels contained in the

region to be obtained. The average temperature of the Longissimus (LT) was
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obtained in the region of a 6 cm radius circle positioned in the region of this
muscle. The average front temperature (FT) and average hind temperature (HT)
temperatures were obtained by delimiting the front and hind regions of the
carcass, respectively. Finally, the average carcass temperature (AT) was
extracted by delimiting the entire area of the carcass. For hot carcass features

used Oh and chilled 24h. A description of the data set is shown in Table 1.
2.3. Statistical analysis

Pearson's correlation coefficient was estimated to explore the relationship
between pH and temperature measured by the traditional method, hot carcass
weight (HCW) and the attributes extracted from the thermographic images, at a
5% significance level. The correlations were classified as low (0.00 - 0.29),
moderate (0.30 - 0.59) and high (0.60 - 0.99) (Callegari-Jacques, 2003).

The Random Forest (RF) algorithm (Hastie, Tibshirani & Friedman, 2009)
was used to build the initial and ultimate pH and temperature prediction models;
initial temperature (T°.0h) of Longissimus prediction with the features of the hot
carcass images, ultimate temperature (T°.24h) of Longissimus prediction with the
features of the chilled carcass images, ultimate temperature (T°.24h) of
Longissimus prediction with the features of the chilled carcass images, and initial
pH (pH.Oh) of Longissimus prediction with the features of the hot carcass images,
ultimate pH of Longissimus prediction with the features of the hot carcass images
and ultimate pH (pH.24h) prediction (pH.24h) of Longissimus with the features
of the chilled carcass images. In addition, these same models were re-run adding

HCW to the predictor variables.

The database was randomly divided into 70% for training and 30% for
testing. The model was optimized based on the hyperparameters (Mtry, ntree and
nodesize) extracted by reducing the root-mean-square error (RMSE) using the
cross-validation method (5-folds), and the importance of the variables in the final
model was calculated. The relative importance of each variable in the model's
performance is provided by R and corresponds to the extent to which the tree
nodes use the feature (Géron, 2022).

We determined that if a variable represents more than 60% of the

importance in the model, a simple linear regression will be fitted using the least
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squares method, which will have its fit assessed by the coefficient of

determination (R?). The regression can be described as:

y=a+px
The predictive performance of the final models was assessed by the R?,
RMSE and mean absolute error (MAE) obtained by equations 1, 2 and 3,

respectively.
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Where n is the number of samples, y; is the observed value, y; is the average of

the observations, y; is the predicted value of the ith observation.
3. Results and Discussion

The correlations between the variables measured traditionally and those
extracted from the images were calculated (Table 2) to visualize the association
between them and to aid interpretation of the predicted results. The metrics
extracted from the images of the hot carcass were less correlated with the
traditional measurements than those of the chilled carcass metrics. Of these, only
LT.0h was significant, correlating with ultimate (0.265) and final temperature
(0.223).

However, all the metrics from the chilled carcass images correlated with
the traditional measurements at 24 h and HCW. Ultimate pH and temperature of
Longissimus on the bovine carcass had moderate correlations with the
thermographic variables, with LT°.24h having the highest values (pH.24h = 0.328
and T°.24h = 0.498). The LT metric was taken from the region of the carcass

corresponding to where pH and temperature were measured, which may explain
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its better performance. The correlation values indicate that the higher the
temperature obtained from the image, the higher the pH.24h and T°.24h from the

traditional method.

HCW showed a high positive correlation with ultimate temperature of
Longissimus on the bovine carcass (0.754), which is consistent with the literature
and suggests that this variable is a determining factor in the cooling rate of
carcasses. Hippe, Field, Ray, and Russell (1991) found that light, lean carcasses
cool faster than heavier, fatter carcasses because of the thermal protection of the

fat and the greater surface area of heavier carcasses slow down cooling.

Horcada, Juarez, Valera and Bartolomé (2019) reported that heavier
carcasses resulted in a higher ultimate pH. However, in our study, no significant
relationship was found between HCW and ultimate pH. According to the carcass
weight classification used by Horcada, Juarez, Valera and Bartolomé (2019), the
carcasses used would be considered light. In this category, they found a positive
correlation between pH and pre-slaughter IRT, indicating that the higher the
animal's temperature, the higher the ultimate pH. This was not the case in our
study because pH.24h and T°.0h did not correlate. This comparison can be made
because the pre-slaughter animal temperature is proportional to that of the

carcass immediately after slaughter.
3.1. Temperature prediction

Because of the importance of carcass cooling, it needs to be monitored
efficiently, so predicting the temperature of the carcasses using thermographic
images, as well as allowing non-contact visual assessment on the processing
lines (Echegaray et al., 2022), reducing contamination and allowing cooling

conditions to be adapted to the demands of the carcass and market requirements.

The predictions of initial (T°.0h) and final (T°.24h) temperature of
Longissimus on the bovine carcass from the metrics extracted from the
thermographic image of hot carcass were not accurate (R? < 0.2, RMSE < 2.0°C,
MAE < 1.7°C) (Figure 2 a and c). All the variables included in the models were
significant for the predictions. The most important variables in both models were
the same. The Longissimus region stood out (b = 34%, d = 32%) because it is

where the temperature is traditionally measured. This was followed by AT (b =
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27%, d =25%), FT (b = 20%, d = 23%), and HT (b = 18%, d = 19%) (Figure 2 b
and d).

The R? numerically expresses the dispersion of the data around a straight
line (Tedeschi, 2006). R? < 0.2 illustrates dispersed data (Figure 2), indicating that
the model explained less than 20% of the total variation. Thus, the prediction is
inaccurate. Predictive accuracy can be obtained using error metrics, and in these
models, the errors were less than 2°C, equivalent to 5.68% of the average initial
temperature (T°.0h) and 24.1% of the average ultimate temperature (T°.24h)
(Table 1).

The error obtained in predicting the T°.0h was low in relation to the
average, and the model can be used because a 5% variation in predicting the
T°.0h does not compromise the monitoring quality. However, we do not
recommend the model for predicting the T°.24h because 24% is a high variation,
especially for the final temperature. Failure to adapt the temperature to the
requirements of the export market could lead to the carcass being disqualified for
export. In addition, the temperature after cooling plays an important role in

microbiological control, especially in the marketing of chilled meat.

The prediction of ultimate temperature (T°.24h) of Longissimus on the
bovine carcass using chilled carcass surface images was also inaccurate (R? =
0.26, MAE = 1.45, RMSE = 1.8) (Figure 2 e). Unlike the models that used hot
carcass images as predictors, in this one, the variable with the most significant
contribution was the forequarter temperature (31%). Compared to others, this
region had the lowest average temperature (Table 1), which can be explained by
the lower muscularity of the area, which contributes to faster cooling. Therefore,
the coldest region of the carcass was the best predictor of T°.24h. The other
variables, HT, LT, and AT contributed 27%, 24%, and 18%, respectively. This
model, like the others shown in Figure 2, illustrated scattered data, and only 26%
of the variability in the data was explained by it. The error, although smaller, is
more than 17% in relation to the average T°.24h. Therefore, due to the low
precision, low accuracy, and the importance of T°.24h for meat quality, we do not

recommend using this model.
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To improve the accuracy and precision of the models, we included hot
carcass weight (HCW) as a variable, and it became the most important predictive
variable, even though it did not contribute to improving the model's performance,
as shown in graph (a) (Figure 3). When T°.0h was predicted using the features of
the surface thermal hot carcass images and HCW, there was no improvement in
precision or accuracy (R? = 0.06, RMSE = 2.13, MAE = 1.55) (Figure 3 a). The
relative error remained at approximately 5%, suggesting that this model can be
used. HCW and LT closely contributed to performance at 28% and 27%, while
AT, FT, and HT had 23%, 13%, and 9%, respectively. Compared to the other
models in which the weight had an importance above 60%, its contribution was
lower in our model. Consequently, the performance of this forecast was lower
than others. We believe that HWC did not improve the performance of the T°.0h
predictive model, as no reports in the literature indicate that HCW influences initial
carcass temperature. However, as previously mentioned, HCW controls the
cooling rate, and the high correlation between it and T°.24h confirms this

relationship (Table 2).

The prediction of utlimate carcass temperature using thermographic
features and HCW was accurate. The model performed better with the images
taken at 24 h (R* = 0.78, MAE = 1.02, and RMSE = 1.22) (Figure 3 e). Dangeti
(2017) stated that algorithms with R? above 0.70 show good fit and accuracy. In
addition, the relative error was 10% in relation to the average T°.24h. It is
therefore possible to measure the T°.24h accurately and precisely from
thermographic images. With the data from the images at 0 h, (R*> = 0.68, MAE =
1.12 and RMSE =1.34) (Figure 3 c), the results were also considered satisfactory
due to the complexity of predicting the temperature after cooling based on the
images and HCW. Despite the lower R? compared to the E model (Figure 3), the

error was only 0.1°C higher, which we consider low.

The possibility of predicting the ultimate LT temperature with the hot
carcass images is a great advantage for slaughterhouses. Only with these
images and the HCW would it be possible to obtain the initial and final
temperatures and, therefore, the individual cooling rate. Dmijisa et al. (2022)
argued that segregating the carcasses by size and fat for colling could result in
uniformity in meat quality, as it would mitigate the different cooling rates.
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In the T°.24h prediction models, the variable that contributed most to the
predictions was HCW (d = 60% and f = 74%), followed by LT (d = 11% and f =
8%), AT (d =8% and f = 8%), HT (d = 10% and f = 6%), and FT (d = 10% and f =
5%) (Figure 3). As mentioned above, there is a proportional relationship between
the surface area and the heat dissipation rate of a carcass, which justifies the

more significant contribution of HCW to the modeling.

As a result of the high relative importance of HCW (greater than 60%) for
predicting T°.24h, we fitted a simple linear regression (Graphic 1), where HCW
was used to predict T°.24h values. The R? obtained indicates that 57% of the

variability in T°.24h can be explained by the model.

Thermography is considered a valuable tool for predicting poor meat
quality in cattle (Cuthbertson et al., 2020). Thus, this technique has the potential
for implementation in slaughterhouses because the dataset is larger, which would
contribute to improved performance of prediction models. In addition, a
preliminary study by Hite, Blair, Underwood, and Grubbs (2020) showed that a
FLIR camera could capture images of carcasses during the slaughterhouse
process and assess their cooling. Further studies should be conducted to
reconcile thermography and carcass weighing with the Random Forest algorithm
in slaughterhouse industry environments to modernize traditionally invasive and

time-consuming monitoring.
3.2. pH prediction

The prediction of initial pH (pH.0Oh) of Longissimus on the bovine carcass
using hot carcass thermographic images was precise (R? = 0.82, MAE = 0.11,
RMSE = 0.13) (Figure 4 a). The predictor variables contributed similarly, which
indicates the importance of all of them for the performance obtained. AM stood
out with 28%, followed by LT and FT at 24% and HT at 23% (Figure 4 b). Using
the same evaluation criteria as in Section 3.1, the model showed excellent
predictive performance, explaining 82% of the total variation and high accuracy
because the error was less than 2% in relation to the average pH.Oh (Table 1).
Hamoen, Vollebregt, and Van Der Sman (2013), in their pH predictive model

based on metabolism, obtained a relative error of 2.5%. De Marchi, Penasa,
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Cecchinato, and Bittante (2013) reinforced the ability of visible and near-infrared

(vis—NIR) in beef cuts to predict pH with a relative error of 2.49%.

However, the prediction of the ultimate pH (pH.24h) of Longissimus on the
bovine carcass did not have good precision and accuracy, with the worst
performance using surface thermal images of hot carcass (R?=0.26, MAE = 0.82,
RMSE = 0.87) (Figure 4 c). In addition to the high dispersion of the data around
the straight line, the error was greater than 14% in relation to the average pH.24h
(Table 1). Thus, we do not recommend using it. In this case, the contributions of
the variables were also close, with percentages of 29%, 27%, 23%, and 21% for
LT, FT, HT, and AT, respectively (Figure 4 d). The prediction of the final pH with
the features of the images at 24 h, despite its low accuracy (R* = 0.33, MAE =
0.21, RMSE = 0.32) (Figure 4 e), had good accuracy, with a 4.5% error in relation
to the average pH.24h (Table 1). AT and FT had 32% contributions to the model,
and HT and LT had 19% and 16% contributions, respectively (Figure 4 f).

We included HCW as a predictor variable based on its relationship with the
cooling rate and pH decrease to improve the model performance. As previously
suggested, increased carcass mass and fat finishing imply slower cooling,
accelerating the reduction in pH (Mohrhauser, Lonergan, Huff-Lonergan,
Underwood & Weaver, 2014). Moreover, heavier carcasses have a lower initial
pH (Djimsa et al., 2022). The prediction of pH.Oh was accurate (R? = 0.81) with
subtle improvements in the accuracy, with reductions in the MAE and RMSE from
0.11 and 0.14 to 0.10 and 0.12, respectively (Figure 5 a). Weight was the most
important variable, with a 40% contribution, followed by AT, HT, LT, and FT, with
18%, 14%, 14%, and 13%, respectively (Figure 5 b). Owing to the high
explanatory power of the model and a relative error of less than 2%, the pH.Oh
predictions are considered accurate. Therefore, the technique has the potential

for implementation as a replacement for traditional pH measurement.

In contrast to the results obtained in the prediction of temperature (Figures
2 and 3), the models for predicting initial pH at O h had the best accuracy (R? >
0.80), with and without the inclusion of HCW (Figures 4 and 5). This result
indicates the better efficiency of the technique in hot carcasses. The prediction of
pH.24h with the images at 0 h had better precision and accuracy when HCW was
added to the model (R? = 0.70, MAE = 0.19, RMSE = 0.24) (Figure 5 c), which
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became the most important variable, with a 28% contribution. The other variables
maintained their order of importance in the model without the HCW, where LT is
the main contributor, at 20%, followed by FT, HT, and AT, with 19%, 19%, and
15%, respectively (Figure 5 d). The error relative to the average pH.24h is 3.6%,
and we believe that owing to the complexity of predicting the final pH based only
on thermographic images and the HCW, the model had excellent predictive
performance. This indicates the technique's potential for implementation in
slaughterhouses, where the database would be expanded, and the model's error

would be reduced.

The models shown in Figure 5 have improved performance owing to the
inclusion of the HCW. However, the model that predicted pH.24h with the images
at 24 h remained inaccurate with HCW included (R? = 0.36, MAE = 0.21, RMSE
= 0.32) (Figure 5 e). This does not affect our recommendations regarding the
technique's potential because the previous model (Figure 5 c) predicted pH.24h.
However, it does reinforce our theory about the superiority of predicting pH using
images of hot carcasses. Regarding the line in slaughterhouses, predicting pH at
24 h with data from images taken at 0 h is more valuable than with images at 24
h because it is possible to predict the final and initial pH only with the 0 h images
and the HCW (Figure 5 a and c).

Other studies have sought to explore technologies for monitoring pH, such
as Dixit, Al-Sarayreh, Craigie and Reis (2021) who used hyperspectral images of
meat from different species and muscles. They were successful in finding a global
model for predicting meat pH but encourage more studies to be carried out on
other muscle groups and species. Hamoen, Vollebregt and Van Der Sman (2013)
with the aid of a pH sensor adapted a model describing the biochemistry of post-
mortem meat with temperature data to predict the final pH and concluded that it
is a reliable tool for assessing meat quality. We believe that thermographic
cameras are a viable alternative for slaughterhouses due to their portability, easy
adaptation to slaughter lines and low cost (Mohrhauser, Lonergan, Huff-

Lonergan, Underwood & Weaver, 2014).

4. Conclusion
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It is possible to predict the ultimate temperature and pH of Longissimus
thoracis with hot and chilled beef carcasses using thermographic image features
and the hot carcass weight. However, its necessary to improve predictions of
initial temperature with IRT associated or not with the hot carcass weight. We
recommend validating these results with more data to assess the feasibility of

large-scale slaughterhouse use and its adaptation to the environment.
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Figure 1: (A) Thermographic image of % of the left carcass at Oh; (B) sketch of the
delimitations drawn on the pre-processed image in Imaged software. AT: Average
thermographic temperature of the carcass (°C); LT: Thermographic temperature of the
circle of the carcass (°C); HT: Thermographic temperature of the hind of the carcass (°C);
FT: Thermographic temperature of the front of the carcass(°C).
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Table 1. Descriptive statistics of the variables’

Min. Average Max. sd?
HCwW 74.40 123.50 171.80 22.75
pH.Oh 5.92 6.54 7.07 0.24
T°.0h 29.30 35.10 39.90 2.11
T°.24h. 3.60 8.29 11.60 2.04
pH.24h 5.33 5.79 6.90 0.56
AT°.0h 16.20 24.70 29.44 1.92
LT°.0h 17.99 24.41 29.47 1.94
BT°.0h 19.18 25.56 29.62 1.81
FT°.0h 16.37 24.56 29.62 1.93
AT°.24h 2.31 8.42 12.12 2.11
LT®.24h 12.12 7.48 11.30 2.33
BT°.24h 4.65 10.24 13.82 2.07
FT°.24h 2.11 8.07 12.13 2.14

" HCW: hot carcass weight (kg) at Oh; pH.Oh: carcass pH at Oh; T°.0h: carcass
temperature at Oh (°C); T°.24h: carcass temperature at 24h (°C); pH.24h: carcass pH at
24h; AT°.0h: Average thermographic temperature of the carcass at Oh (°C); LT°.0h:
Thermographic temperature of the circle of the carcass at Oh (°C); HT°.0Oh:
Thermographic temperature of the hind of the carcass at Oh (°C); FT°.0 h: Thermographic
temperature of the front of the carcass at Oh (°C); AT°.24h: Average thermographic
temperature of the carcass at 24h (°C); LT°.24h: Thermographic temperature of the circle
of the carcass at 24h (°C); HT°.24h: Thermographic temperature of the hind of the
carcass at 24h (°C); FT°.24h: Thermographic temperature of the front of the carcass at
24h (°C). 2Standard Deviation.
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pH.Oh
T2.0h
T2.24h
pH.24h
AT2.0h
LTe.0h
BT.0h
FT2.0h
AT2.24h
LT2.24h
BT2.24h
FT2.24h

Table 2. Pearson's correlation coefficients between features of surface image and initial
and ultimate temperature and pH.

HCw!
0.213*
0.335*
0.754*
0.179
0.027
0.102
-0.020
0.049
0.442*
0.469*
0.363*
0.493*

pH.Oh
0.202*
0.221*
0.200*
-0.021
0.122
0.044
0.039
0.154
0.188
0.099
0.169

T2.0h
0.465*
0.132
0.150
0.265*
0.075
0.111
0.231
0.271
0.159
0.256

T2.24h
0.220*
0.172

0.223*
0.074

0.103

0.455*
0.498*
0.373*
0.489*

pH.24h
0.146
0.134
0.094
0.110
0.327*
0.328*
0.312*
0.320*

AT2.0h
0.716*
0.755*
0.781*
0.037
0.050
0.064
0.040

LT2.0h
0.828*
0.855*
0.170
0.188
0.153
0.172

BT2.0h
0.902*
0.032
0.034
0.038
0.021

FT2.0h
0.050
0.060
0.052
0.045

AT2.24h

0.986* LT2.24h

0.976* 0.940* BT%24h
0.994* 0.980* 0.965* FT224h

"HCW: hot carcass weight (kg); pH.Oh: carcass pH at Oh; T°.0h: carcass temperature at
Oh (°C); T°.24h: carcass temperature at 24h (°C); pH.24h: carcass pH at 24h; AT°.0 h:
Average thermographic temperature of the carcass at Oh (°C); LT°.0h: Thermographic
temperature of the circle of the carcass at Oh (°C); HT°.0h: Thermographic temperature
of the hind of the carcass at Oh (°C); FT°.0 h: Thermographic temperature of the front of
the carcass at Oh (°C); AT°.24h: Average thermographic temperature of the carcass at
24h (°C); LT°.24h: Thermographic temperature of the circle of the carcass at 24h (°C);
HT°.24h: Thermographic temperature of the hind of the carcass at 24h (°C); FT°.24h:
Thermographic temperature of the front of the carcass at 24h (°C). *p-value < 0.05.
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Figure 2: Temperature prediction using features' from thermographic images and the importance of the features in the
corresponding models (b,d,f). a: Temperature prediction at Oh using data from thermographic images at Oh. c:
Temperature prediction at 24h using data from thermographic images at Oh. e: Temperature prediction at 24h using data
from thermographic images at 24h. 'AT2.0h: Average thermographic temperature of the carcass at Oh (°C); LT2.0h:
Thermographic temperature of the Longissimus of the carcass at Oh (°C); HT2.0h: Thermographic temperature of the hind
of the carcass at Oh (°C); FT°.0h: Thermographic temperature of the front of the carcass at Oh (°C); AT?.24h: Average
thermographic temperature of the carcass at 24h (°C); LT®.24h: Thermographic temperature of the circle of the carcass
at 24h (°C); HT®.24h: Thermographic temperature of the hind of the carcass at 24h (°C); FT?.24h: Thermographic
temperature of the front of the carcass at 24h (°C).
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Figure 3: Temperature prediction using features' from thermographic images and weight (kg), and the importance of the
features in the corresponding models (b,d,f). a: temperature prediction at Oh using data from thermographic images at Oh
and weight. c: temperature prediction at 24h using data from thermographic images at 24h and weight. e: temperature
prediction at 24h using data from thermographic images at Oh and weight.

1AT?.0h: Average thermographic temperature of the carcass at Oh (°C); LT.0h: Thermographic temperature of the circle
of the carcass at Oh (°C); HT®.0h: Thermographic temperature of the hind of the carcass at Oh (°C); FT°.0h: Thermographic
temperature of the front of the carcass at Oh (°C); AT?.24h: Average thermographic temperature of the carcass at 24h
(°C); LT?.24h: Thermographic temperature of the circle of the carcass at 24h (°C); HT®.24h: Thermographic temperature
of the hind of the carcass at 24h (°C); FT°.24h: Thermographic temperature of the front of the carcass at 24h (°C); HCW:
hot carcass weight.
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Graphic 1. Relationship between hot carcass weight HCW and ultimate temperature (
T9.24h)
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Figure 4: Prediction of pH using features® from thermographic images and the importance of the features in the
corresponding models (b,d,f). a: prediction of pH at Oh using data from thermographic images at Oh. c: prediction of pH
at 24h using data from thermographic images at Oh. e: prediction of pH at 24h using data from thermographic images at
24h. AT?.0h: Average thermographic temperature of the carcass at Oh (°C); LT°.0h: Thermographic temperature of the
circle of the carcass at Oh (°C); HT?.0h: Thermographic temperature of the hind of the carcass at Oh (°C); FT°.0h:
Thermographic temperature of the front of the carcass at Oh (°C); AT?.24h: Average thermographic temperature of the
carcass at 24h (°C); LT?.24h: Thermographic temperature of the circle of the carcass at 24h (°C); HT®.24h:

Thermographic temperature of the hind of the carcass at 24h (°C); FT2.24h: Thermographic temperature of the front of
the carcass at 24h (°C).
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Figure 5. Prediction of pH using features® from thermographic images and weight (kg), and the importance of the features
in the corresponding models (b,d,f). a: Prediction of pH at Oh using data from thermographic images at Oh and weight. c:
Prediction of pH at 24h using data from thermographic images at Oh and weight. e: Prediction of pH at 24h using data
from thermographic images at 24h and weight.

1 AT?.0h: Average thermographic temperature of the carcass at Oh (°C); LT2.0h: Thermographic temperature of the circle
of the carcass at Oh (°C); HT2.0h: Thermographic temperature of the hind of the carcass at Oh (°C); FT2.0h: Thermographic
temperature of the front of the carcass at Oh (°C); AT?.24h: Average thermographic temperature of the carcass at 24h
(°C); LT2.24h: Thermographic temperature of the circle of the carcass at 24h (°C); HT?.24h.: Thermographic temperature
of the hind of the carcass at 24h (°C); FT2.24h: Thermographic temperature of the front of the carcass at 24h (°C); HCW:
hot carcass weight (kg).
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