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Abstract (word count max. 250)

Background

Carcass evaluation is a key process to ascertaivalne and the quality characteristics of the
animal at slaughter. In addition to being the Hasenonetary transactions between livestock
producers and meat processors, in some countrieg\aluation also helps to determine the
market allocation of cuts. Recent advances in moasive techniques are being tested for
their potential to improve classification and graglsystems in the meat industry.

Scope and Approach

In this review, global grading and classificatiaragtices for pig, sheep and beef carcasses
are discussed along with the latest technologieaébpments in objective carcass
measurement. We discuss a number of studies pregiioarketable attributes such as yield
(lean and saleable meat yield), eating qualitylattes (inter- and intramuscular fat, meat and
fat colour) and carcass dimensions (skeletal stractibeye area). Technologies based on x-
ray, nuclear magnetic resonance, video image asalysrasound, bioelectric impedance and
spectroscopy are discussed, along with recent denednts and their possible future
adoption.

Key findings and conclusions

DEXA and magnetic induction technologies have bmmnmercialised for the sheep and pig
industries, respectively. X-ray technologies andaigs in VIA systems could go beyond
grading to improve yield and cut dimension predics. Some technologies could improve
process efficiencies through cut sorting and enghibbotic cutting, while also enabling
improved value-based payment systems. Howevege tre challenges associated with their
implementation in meat processing plants and fursearch and development is required in

some areas.
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1. Introduction

Evaluation of carcass characteristics is a keygs®an order to ascertain the quality and the
value of the animal at slaughter. Classificatiostsgns are those which aim to place a carcass
into a class based on descriptors, while gradints @ sort the carcass based on merit,
thereby grading has a value element (Allen, 200@ch@ll, 2019). The grading appraisal is
the basis for transactions between livestock preduand meat processors and in some
countries, the evaluation helps to determine theketallocation of different cuts (Allen,
2009). However, the system used is country depdénagh some systems based on yield
prediction, and others that include quality chagastics. A good value-based payment
system can lead to the transfer of more accurate pignals throughout the supply chain
where there are clear financial incentives for piazds to breed animals with attributes that
are desired by consumers (Allen, 2009).

Subjective evaluation based on standards was dhtngt point for classifying carcasses, but
in an attempt to improve consistency and accuracyg,move towards advanced value-based
systems, some countries have introduced objectik@ss measurement (OCM). Studies
have been conducted on OCM prediction of both feaat yield (LMY) and saleable meat
yield (SMY). LMY is defined as the percentage l@anscle tissue in a carcass while SMY,
in modern and practical terms, is defined as thatimenmed to a specification whereby it is
ready for the point of sale. As SMY is specificatdependant (i.e. market) and includes
variation in quantities of lean and fat and may afelude bone, it is more difficult to
standardise than LMY. However, some developmengsadiction systems have taken place.
Eating quality OCM differs as it is a multicomponaittribute (tenderness, juiciness and
flavour) as perceived by the consumer (Allen, 2a0.8)some predictive technologies for
objectively measured tenderness have been studéethase are discussed in the later

sections.
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Due to the ¥ industrial revolution, the rate of advancemen®@M technologies and
commercial uptake has accelerated in recent yaatsas the meat industry‘s requirements
and willingness to adopt new technologies. Thidrigen by the need for automation and
improved process efficiency, which require an ustérding of the composition and
characteristics of the carcass earlier in the me@arsaiah, Biswas and Mandal, 2020).
Another fundamental driver is to reward producersahimals that more closely align with
market/consumer demand. A detailed review of sé@@@M technologies for meat: Dual x-
ray absorptiometry (DEXA), Computed Tomography (QWlagnetic Resonance Induction
(MRI), and Ultrasound (US) can be found in Sch8langer, Kongsro, Baulain and Mitchell
(2015). Further, Narsaiah et al (2020) provide weraew of broader applications of
nondestructive methods for carcass and meat ew@iyathich in addition to grading
attributes also considers contamination, diseadestimage evaluation. The objective of this
review is to describe more recent advances in O€Mrtologies that align with current
global practices and therefore could soon emergée¢o improvements in existing
commercial objective grading systems or complemgragstems for subjective grading.
Furthermore, we broaden the scope to developmemiher non-commercialised
technologies that have limited studies completedheat applications but could have future
potential. In doing so, we aim to provide insigttbi future developments that could have an

impact on the meat industry.

2. Carcass grading and classification
A thorough and historical review of global gradengd classification systems can be found

by Polkinghorne and Thompson (2010). In this segtiee provide a brief summary,
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outlining recent developments, of the classificatmd grading schemes of the countries with
large production and export markets.

Carcass evaluation emerged as the quality contedied for the commercial transactions
between livestock producers and meat processorsag€ses are now rarely sold to retailers
as a whole; the carcasses are broken down interelift cuts and sorted to meet the demands
of various markets and retailers. Better knowleoigearcass quality and composition can
lead to better allocation of cuts to markets adogytb their specific demands. Carcass
guality covers several factors that can affecfftitgre visual and sensory characteristics of
the meat, whereas carcass evaluation usually nveaiadbles related to the yield of a carcass.
Attributes such as marbling, fat depth and covelr, temperature, hanging method, tropical
breed content, hormonal growth promoters, textame,lean and fat colour relate to carcass
quality. Yield determination focuses on maturitye enuscle area, weight, sex, fat level and
carcass conformation. Depending on the countrytgpel of animal, the specifications for
carcass classification and grading will vary. A soany of the different grading systems and
the measured attributes can be found in Table fioMsobjective technologies are already in
use in carcass evaluation systems and these amaisad in Figure 1 and discussed in later
sections.

Beef carcass classification systems can be divitedhose which include eating quality
grade and those which focus on carcass yield etratusdAmong the countries without eating
guality grades are the European Union (EU), mosh@MERCOSUR countries and South
Africa (Table 1). The EU implemented the EUROP 6ifgsation System in 1981 under the
European Economic Community Regulations (EEC) N®8181 and No. 2930/81 which
ensured uniform classification and price reporfmmgthe member states. This system focuses
on carcass yield estimation by visual assessmeheatarcass shape known as conformation

(from superior to poor) and subcutaneous fat c@fvem low to very high) with 5 categories
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of each. It has been shown that the current EUR@#iryg system does not indicate
marbling and additional indicators for palatabiktyould be applied in the European beef
industry (Liu et al., 2020).

On the other hand, countries like Australia, Canddpan, South Korea and USA have
grading systems that, in addition to yield, incluitual and/or eating quality attributes
(Table 1). The Australian system grades the catassd on standards for meat and fat
colour, quantity of marbling, eye muscle areafatband the maturity of the carcass as
defined by AUSMEAT (AUSMEAT, 2018). An additiona)stem developed by Meat &
Livestock Australia and known as Meat Standardgralia (MSA) (MLA, 2016), is a
predictive eating quality model based on consuraesary data, which aims to grade
individual cuts according to a cooking method. Trnisthod has recently been described as
the ‘Gold Standard’ of eating quality grading faeh (Mitchell, 2019). The ability of the
MSA system to predict eating quality outside of tkaka has been demonstrated through EU
research projects (ProSafeBeef and ProOptiBeef)raather countries (France, Poland,
Ireland, Northern Ireland, Japan, South Korea, Meatand, the USA and South Africa)
(Bonny et al., 2018). Recently, the ability of M&A system to grade meat quality in Poland
was successfully demonstrated in a study wherebgHPconsumers categorised the eating
quality grades of grilled beef at 6 mm and 25 miokiess (Pogorzelski et al., 2020). The
ability of more countries to grade for eating gtyalising a standardised method could
become a reality with the recent establishmenntarhational standards for eating quality.
The International standards for carcass assesamdrdonsumer testing have been accepted
by the United Nations Economic Commission for Ee&rgNECE) Bovine Language
Standards and through the work of the Internatidest Research 3G Foundation, training

on beef eating quality grading systems can be aedeglobally. The goal is to develop an
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international predictive model of beef palatabi(iocquette et al., 2020; Polkinghorne,
2019).

With regard to sheep carcasses a similar appraeoeef classification is followed by most
countries (Table 1). In Europe and South Africaeghearcasses are classified following the
same characteristics as in bovine: carcass weaghkt,conformation and fat cover. In
Australia, the AUS-MEAT system also adds the depttine GR site (110mm from the
carcase midline over the 12th rib) and the MSAldithes certain standards (in terms of
carcass weight, fat class, GR depth, pH and ageimg)categorises the carcasses according
to their dentition. The MSA system also includes dppropriate cooking methods for each
cut, however development in the MSA EQ gradingsfogep is far less extensive than the
beef system (Pannier, Gardner, O'Reilly, & PethfK.8).

In most countries, pig carcasses are classifiedrdow to a lean meat yield estimation
mainly based on measures of carcass weight anli¢khess. Only the Japanese Meat
Grading Association (JMGA) have a secondary gragdessment for pig carcasses. This is
based on drip, texture, meat and fat colour andhmax In the EU, pig carcasses must be
classified, based on the lean meat yield of theass; according the SEUROP scale under
EC regulation No 1249/2008, which was updated agjieandatory for plants processing
more than 150 carcasses per week as an annuajaver@ommission Delegated Regulation
(EU) 2017/1182.

The next sections review technological developmetish have been applied recently or

have potential to be applied to the classificaiod grading of sheep, beef and pig carcasses.

3. Latest developmentsin non-invasive methods for the deter mination of body and

car cass composition:
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3.1. X-ray based technologies
X-ray technologies are based on the different desyod attenuation of the x-rays as a
consequence of the different densities of the lmadgass tissues (lean muscle, bone, fat). In
the following sub-sections the most employed xtsmhnologies by the meat industry will be

discussed.

3.1.1. Computed Tomography (CT)
In the late 1960s, Dr Godfrey Hounsfield deduced than x-ray beam was passed from all
directions onto an object, getting all the inforroatfrom all the x-ray transmissions will lead
to the observation of the object’s internal stroethis was the origin of computed
tomography (CT). Since then, four generations ofs€dnners have been developed. In the
current CT systems, the x-ray source rotates amdttienuation, after passing through the
object, is measured by stationary ring detectbrss enabling the generation of 3D images
after data processing by a computer. The tissuggakst: fat, muscle, and bone, all have
different mass attenuation coefficients that amastformed into CT numbers or Hounsfield
units (HU). The HU increases with increasing densitch that fat, water and bone have
average HU units of -50 to -100, 0 and 700-300§peetively, whereas muscle usually
ranges between 0-140 (Scholz et al., 2015).
The first applications of CT scanning in meat-pradg animals were for estimating the
body composition of live pigs (Kolstad and Vang&®96; Font-i-Furnols et al., 2015). With
recent technologies and chemometrics, values grddiction accuracy have improved (as
defined by the coefficient of determinatiof &d/or root mean square error). Coefficients of
determination (B are as high as 0.98-0.99 for protein, moistudtfat) while the root mean
square errors of prediction (RMSEP) are 0.63, &rx81.14 for protein, moisture and fat

percentages, respectively (Font-i-Furnols, CaraBamar, & Gispert, 2015). Today, CT is
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recognised as the ‘Gold Standard’ in determinirggltMY of carcasses. As such, it is
recognised under EU Commission Regulation (EC) B4912008 as one of the calibration
methods for other online classification deviceshsa ultrasound, optical probes and
magnetic induction (Olsen, Christensen, & Niels#1, 7). Research has focused on new
applications beyond being a calibration tool. Aewsh in Table 2, CT has been applied for
the determination of carcass composition (Matikalet2016; Navajas et al., 2010),
intramuscular fat (IMF) (Clelland et al., 2018; Fotrurnols, Brun, & Gispert, 2019; Font-I-
Furnols et al., 2014; Lambe et al., 2017) and aigtts (Font-I-Furnols et al., 2014). Other
studies on CT scanning include the prediction bafal lean weights from primal cuts of
growing pigs (R=0.994 and 0.993 for fat and lean, respectivel@ré&bus, Sainz, Oltjen,
Gispert, & Font-i-Furnols, 201%ut Font-i-Furnols et al. (2019) found that intramusecudht
(IMF) prediction from CT images of live pigs had anem to low accuracy (RMSEP=0.56-
0.66). However, more recently, Font-i-Furnols e{2020) found out that CT was a suitable
technology for determining pig carcass compositiefore slaughter. Another recent
application has been the creation of a 3D modeapas from the live animal for delineating
the anatomy of porcine organs, skeleton and mufidiesYu, Gangsei, & Kongsro, 2019). In
sheep meat research, the use of CT scanning hasppked in a genome-wide association
approach whereby CT-measured productivity traiteevegudied for their association with

molecular polymorphisms in UK Texel sheep (Garzarddadez et al., 2018).

Even though CT scanning is a good tool with théitglid differentiate between tissues of
interest in the animal, carcass or primal cutgelage several limitations to its application
and these present challenges for it being an @rhathod. Some overlap may appear in
animals as some tissues have similar HU, such asmaay tissue and fat, skin and meat and

fat and marrow (Olsen et al., 2017; Scholz et28115). It is important to note that differences
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in the operating protocols and manufacturers/badretanners can present problems when
comparing the results from different experimentsug; standardisation of these protocols
and selecting the mass attenuation coefficieréssential. There is a need to further
standardise the HU to reduce uncertainty in CTlte$QIsen et al. 2017). This could be
achieved by developing phantoms that mimic theeckffit tissue densities and then adjust the
settings per HU depending on the outcome. But gutnthat harmonisation there will still

be more sources of uncertainty such as the imagmsé&uction by the software (dependent
on the brand) and the image post processing usdddsify the pixels into the desired tissues
(Olsen et al., 2017).

In addition, medical CT devices are not currentiygbical on-line in meat processing due to
cost, operational speed and safety issues. Systersisbe operated in lead-lined rooms to
protect operators from radiation leakage, and @ag®xpensive to replace. The gantry
aperture is usually <1m in diameter which preclustesning entire beef sides over a certain
weight.Nonetheless, there are recent developments aimethaiving the usefulness of CT
in the meat industry. An online CT unit for apptioa on meat cuts (0.5m aperture) has been
developed which removes the safety concerns faratipg CT because the unit is contained.
The unit works at a speed of up to 600 sampletigar and has no cooling requirement. It
could be developed for multiple applications in flo®ing hall such as automated sorting of
high-value cuts based on eye-muscle area, impriswathing accuracy or intramuscular fat
prediction (DTI, 2017). Another potential commet@gplication is the use of CT to predict
IMF with high precision (R=0.86, RMSE=2.01) (Cook & Anderson, 2017) and & haen
demonstrated to predict IMF more accurately thanMISA marbling score 20.89 v 0.81)
(Anderson, Cook, Williams, & Gardner, 2018). Thaatd offer the ability to objectively
determine some parameters of eating quality priedicin the same trial, algorithms were

devised to enable automation tasks by locatingipearcass locations. Described as an
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opportunity that could offer the meat industry aagtum leap’, approaches are being devised
to test CT scanners from the aviation industryni@at industry application (Seaton, 2017)
which could overcome many hurdles associated withree CT. It is evident that a lot of
research has been devoted to CT use in meat prodaetimal studies over the last decades.
It remains the most promising technology for detaation of lean, fat and bone portions and
for providing 3D images of meat cuts so if futuexelopments can operate at line speed,
vertically and address safety concerns, it coulgelafuture role in carcass grading, beyond

being a calibration tool.

3.1.2. DEXA
Dual x-ray absorptiometry (DEXA) couples the x-raformation acquired at two energy
levels (high and low) and was initially designed ttee measurement of bone mineral density.
The main parameter collected after the scan iglifference (ratio) between the attenuation
from the high- and low-intensity x-ray, the so edlR-value. The individual pixels are
divided into two types: pixels from soft tissue (m@ne) and pixels with bone. The R-value is
used to determine the fat content from the fornmekrthe bone content from the latter,
whereas the lean content is estimated as a differeatween the two (Pomar, Kipper, &
Marcoux, 2017). Bone mineral content and bone maindgnsity can also be obtained.
Due to its high accuracy, DEXA has been repeatesky for compositional studies in live
pigs, carcasses and cuts (Bernau et al., 2015; érdfernandez-Figares, Forster, & Scholz,
2012). In general, the use of DEXA for predictiftgsp body or carcass composition has
been deemed to be accurate and effective (MacGlede 2017).
Several research studies have elucidated the p@ssibrmation that can be gained from
DEXA such as the estimation of body compositiohva calves (MacGhee et al., 2017) and

to predict the lean and fat of the 9™rlb cut in beef (Prados et al., 2016). Lopez-Casngto



260 al. (2017c) estimated via linear regression the,lé&t and bone content from beef carcasses
261 (R®=0.88, 0.95, 0.53, respectively) and primal cutagi®EXA. When the authors used

262  partial least square regression for the predictiom coefficients increased to 0.98. The lean
263  prediction for most of the primal cuts had>R0.94 whilst for fat, the Rwere > 0.91

264  excluding the fore-shank. The prediction of totadl #aleable yield of beef carcasses has been
265 recently evaluated in 316 half-carcasses by thesaoup (Loépez-Campos et al., 2017b).
266  The accuracy of prediction of total carcass leahfanwas higher (R=0.98) than saleable

267 yield of the loin, rib and chuck fRrom 0.7 to 0.97).

268  As with CT, standardised processes are requireshmparison of two different DEXA

269 instruments for the estimation of body composiiio7 live pigs showed significantly

270 different lean, fat and bone predictions betweestriments (Losel, Kremer, Albrecht, &

271  Scholz, 2010). Therefore, inter-comparisons regaipeior cross validation in order to be

272  able to make the data from particular studies coaipe. In addition, the accuracy will be

273  affected by species related and other factors. |3coemer-Ricker, Wenczel,

274  Pappenberger, and Bernau (2013) compared the aganfrthe same DEXA instrument for
275 the estimation of fat and meat in different spe@dspigs, 93 lambs and 34 calves). Not

276  surprisingly, predictive accuracy was higher fag darcass than fam vivo animals, and

277  generally was also higher in pigs, followed by lanaind then calves. DEXA estimation of
278  body compositionn vivowas strongly affected by the content of the gastiestinal tract,

279  being much higher in ruminants than in non-rumisanich as pigs. In another species-

280 related study, using the same device, Lopez-Campals (2017a) presented a comparison of
281 the DEXA accuracy for carcass composition in 23€fIséeers, 104 cows, 155 lambs and 212
282  pigs using the same instrumentation and proce@®MSE for fat percentage was the lowest

283  in cows (0.0987) and highest in lamb (0.1478), ekimilar for steers and pigs (0.1160,
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0.1133, respectively). In the case of lean, theelVRMSE was for steers (0.0913), followed
by pigs (0.0954), cows (0.1182) and lambs (0.2085).

Another issue is the beam hardening effect, wheexXample using thick and/or very dense
samples, the lower energy photons are attenuatédrdy the higher energy ones contribute
to the beam resulting in artefacts on the imagstully by Kipper, Pomar, Marcoux, and
Radunz Neto (2015) showed that the thickness ot saaples affected the percentage of fat,
soft tissue and lean mass estimated by DEXA bunditdaffect the estimation of fat mass. It
must be noted that the level of water in fat-fiesues could also present a problem when
using DEXA technologies as this ratio is considdeelde constant and changes in body
weight are an important factor (Pomar et al., 20E@y example, drip loss from the carcass is
a factor to be considered, especially at commesaibn, depending on the post-mortem
time of analysis.

Prediction of LMY by DEXA has reached commercidisa in the lamb industry with

several units being installed in New Zealand andtrglia and recent studies have
demonstrated that it is a superior method for fatigtion in sheep carcasses than standard
GR measurements which are used in Australia witdgesults for fat (=0.91,
RMSE=1.91%) when compared to CT determination (@aghton et al 2020). Much of the
development work was conducted through the Advahoszstock Measurement
Technologies (ALMTech) programme in Australia, aggcally and phenotypically diverse
subset (n=559; 2-4 mm GR tissue depth, 10.9 - 89 3ot carcass weight (HCW)) of
carcasses were selected and CT scanned for calibcdtDEXA which resulted in Rof

fat%, lean% and bone% of 0.89, 0.74 and 0.71 aodme&an square errors of 1.42, 1.69, and
0.80, respectively (Gardner et al., 2016). Trimroets were also CT-scanned and algorithms
were derived to predict the cut-weight, with DEX#tienating the weight of most

commercial cuts with an®R0.85 (Williams et al., 2017). This could offepessors the
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ability to predict the weight of commercial cutsgprto bone-out and therefore allow sorting
according to market demand (Williams et al., 2017).

The application of DEXA to predict fat percentagédeef has also been assessed. When
using a prototype DEXA system in a shipping coregibl beef carcasses were CT and
DEXA scanned to determine a DEXA value to predi€tf@t%. DEXA estimates described
88% of the variation in whole carcass CT fat% (RMSE1) (Gardner et al., 2017). DEXA
has been proven as an effective method for therdetation of LMY in sheep, and future
work on a large data set could lead to improved EM&lues for beef. Commercially, it has
also been successfully coupled with robotics faomated cutting of sheep carcasses,
leading to accurate cutting, the possibility of hoyed yield on higher value cuts and a
reduced incidence of operator injuries. Howeves,df5stem often requires a large footprint
and must be constructed in lead-lined rooms fdf sédety. Furthermore, it provides LMY
information on the chilled carcass so in countwsch require conformation scores on a hot
carcass for grading, other systems will be requikahetheless, DEXA has potential to
provide information about market specific traitsaantain cuts and to inform robotic systems
so it could become a more common technique to gradmsses based on LMY. However,
it's uptake will be processor specific as decisitmsvest in the technology will be based on
factors such as throughput (i.e. payback timefrafaejory space, if automated cutting is

desired and governance of grading in that country.

3.1.3. Others
There are other x-ray based technologies that begre used for compositional
determinations in meat products. Transmission gadjhy, the simplest x-ray approach, has
been used to estimate total fat and salt contemhins (de Prados et al., 2015). Frisullo,

Marino, Laverse, Albenzio, and Del Nobile (2010¢disnicro-CT for the rapid estimation of
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IMF in five different commercial cuts obtaining higorrelations (R> 0.92) with chemical
fat content.

Hoban et al. (2016) utilised small angle x-ray w@atg synchrotron technology for the
determination of ovine meat quality. The authorsfib that this technology could moderately
determine myofibrillar characteristics related witleat tenderness and to evaluate the
differences of IMF in ovine carcasses.

Recent advances in x-ray technologies have focosedcreasing image resolution, or
utilising robotics (rotating x-ray) and enablinggsle contrast x-ray imaging (PCl). PCI
provides complementary information in addition emeentional attenuation-based imaging
and allows for enhanced tissue characterizatiash ag quantification of protein, lipid, and
water content within each 3D voxel (Willner et 2016). However, these applications have

not yet reached commercialisation.

3.2.  Nuclear Magnetic Resonance (NMR) based technologies

3.2.1. Magnetic Resonance Imaging (MRI)
Magnetic resonance imaging (MRI) is based on NM®& iamolves transforming the signal
information into 3D grey scale images. MRI is basadspatial localization of the NMR
signal by a Fourier transformation. MRI images gegaerated by classifying the tissues
according to the relaxation times of protong éhd T,). These two constants provide
different intensities of images: while white matebrighter than grey matter in-Weighted
images, it is darker inzfweighted images (Carabus, Gispert, & Font-I-Fuisn2016). The
former acquisition is performed first, and onlytiloes not give enough contrast, the T
weighted acquisition is performed as it requiregsykr sequences. There are two types of

MRI scanners: low and high field. Low field scaméilso known as open scanners) operate
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at around 0.23 T (Tesla), while high-field onesdlmsed MRI) can operate up to 3 T. Better
and more rapid resolutions are obtained with cldd&d. The tissue structures present in
meat — muscle, fat, and connective tissue — caexbeptionally well differentiated using
MRI in a volumetric way (Baulain, 1997). The vastjority of the literature using MRI in
animal science is focused on live pigs, scannieditle animal at selected points (loin,
thorax region, ham) and obtaining the correlatiite body components (Bernau et al.2015;
Kremer et al., 2012). Recently, Bernau, Schwaiitemer-Rucker, Kreuzer, and Scholz
(2018) used MRI to analyse different body compositraits (including testis volume) in live

pigs and compared them to boar taint indicafarsirosterone, skatole, and indole levels)

post-slaughter. It was found that entire boarslaeger testis volumes and belly fat and these
were associated with higher levels of androsterone.

Both closed and open MRI have a maximum bore dianwt70 cm (wide bore MRI),
although most instruments have 60 cm diameter.tDtigese size constraints, beef carcasses
cannot be analysed if they have not been previauglynto primals. Lee et al. (2015) used
MRI in beef cuts purchased from a local marketlisewve if prediction of marbling was
accurate. The results showed a strong correlagbnden the chemically measured IMF and
the MRI determination (&0.986). The authors also pointed out the potentialof MRI to
measure the distribution of IMF. This would be attegeous as there is no analytical method
that can do this. As previously mentioned, IMFusrently assessed, both subjectively and
objectively, in some countries on the rib-eye crasgion and this only serves as an indicator
of marbling throughout the muscle. Therefore, aeaive method that could determine IMF
would be favourable for eating quality grading. piessthe good resolution and accuracy of
MRI, there have been limited experiments on meattduhe size constraints, the high cost of

the instrument and the longer times for data adipnis when compared to other devices.



381 The most important advances in MRI have been irsdifisvare, increasing the scan speed
382 and the image quality. In the USA, a high-field MRI7T has been approved, doubling what
383 was available previously (Fornell, 2016). Anotharavation came from researchers at the
384  University of Aberdeen who developed a Fast Figldli@g MRI, which is described as

385 being like a hundred MRI's at once (Abdn, 2017)eTiit, which is based on the deliberate
386  switching of magnetic fields, was developed throtlghEU Horizon 2020 programme under
387 the project IDentIFY. By switching magnetic fieldgposed to constant frequency in

388 standard MRI, very detailed images are achieved.first commercial application is for

389 medical imaging but it serves as an example oathe@ncements in the field. Similar to CT,
390 commercialisation of MRI for meat grading will orthe likely if several hurdles such as cost,

391 safety, resolution at high speed and ability tdys®larger animals are addressed.

392 3.2.2. Magnetic Resonance Spectroscopy and Quantitative Magnetic

393 Resonance

394 NMR can also be used for spectroscopy applicationthis process, magnetic resonance
395 spectroscopy (MRS) aims to separate and measteeetiift metabolites on the basis of the
396 variation in resonance frequencies of nuclei witfedent magnetic environments (Baulain,
397  1997). In animal science, the hydrogen proton istrfrequently used bdtP and™*C have
398 also been employed to give insight into energy baism. A low field and more affordable
399 MRS is the time domain (TD)-NMR, that has been sasfully applied to small samples
400 (~15g) of meat for fast prediction of quality chatexistics (Pereira et al., 2013). In addition,
401 it was recently reported that TD-NMR has the pogtaf being applied as a beef eating
402 quality grading instrument as it provided good éinpredictions for fat (0.88), moisture
403 (0.79) and drip loss (0.79) and a promising coti@hawith tenderness (0.58) (Webster,

404  2019).
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Quantitative magnetic resonance (QMR) is a relftimew non-invasive and non-imaging
method that is still in the evaluation phase fonfanimals. The difference from MRI is that
the scan takes place at once in the whole bodyrentime domain signal rather than the
spectrum, is processed directly (Mitchell, Ramsgacholz, 2012). One of the advantages of
QMR results is that they are not dependent on yiedtion of the fat-free tissue, as opposed
to DEXA, although an underestimation of fat contesnd occur (Bosy-Westphal & Muller,
2015). QMR has been successfully employed for asspshanges in body composition of
piglets (Mitchell et al., 2012) but as this is afehe less explore technologies for meat

application, further research is required.

3.3. Bioelectromagnetic Methods: Bioelectrical Impedance Analysis (BIA),

Total-body electrical conductivity (TOBEC) and Magnetic I nduction (M1)
The electromagnetic properties of the animal, caead meat are highly correlated with the
fat tissue content and therefore bioelectromagmeticnologies could be applied to
understand the animal or carcass composition. Adipissue has lower water content and
ions than any other tissue in the animal, henseatpoorer conductor of electricity.
Bioelectrical Impedance Analysis (BIA) involves giag contacts on the animal and
measuring the reactance (capacitance) and ressfeesistive) that are used to calculate
impedance. Total-body electrical conductivity (TAGBEliffers from BIA in that it does not
involve the use of electrodes but a surroundingisaitilised instead, generating a
radiofrequency electromagnetic field that is abedrim proportion to body conductivity
(Allen & McGeehin, 2001). Based on the same prilegiMagnetic Induction (MI) measures
the small perturbations of a variable magnetidfeilie to the passage of a body through it

(Ellis, 2001).
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BIA has been used to predict free-fat mass in bwffalves obtaining high accuracy
(R*=0.967) (Sarubbi, Baculo, & Balzarano, 2008). Maeently, Silva et al. (2018) obtained
good prediction of carcass composition in younggaaing BIA. When combined with
other parameters such as carcass length, and saadswveight, it accurately predicted
carcass fat weight @R0.94), intermuscular fat weight #8.95) and chemical fat content
(R?=0.86).

TOBEC accurately predicted the lean meat percentaelgeef leg primals and pork carcasses
(RSD=2.08 % and RSD=1.97 %, respectively) (AlleM&Geehin, 2001). It can also be
used for body composition prediction (fat free l@aa protein mass) in live animals with
high accuracy (R=0.94) (Simeonova, Todorov, & Schinckel, 2012). &iini et al. (2012)
used MI equipment (Lenz Fat-Analyzer™) to predie kean content of hams obtaining high
accuracy (R=0.90), while a lower accuracy {R0.80) was found for pork bellies using an
updated version (HAM-Inspector 11™) of the aforeened equipment (Daumas, Monziols,
Rodriguez, Alvarez-Garcia, & Causeur, 2019).

Despite the high accuracy and relative safety {eatagnetic field is really low), the use of
TOBEC and MI by the meat industry is scarce anchigdocused on ham grading and the
estimation of chemical lean in boxed manufacturedmn(Allen & McGeehin, 2001). The

two main reasons slaughterhouses might have nesiad on these technologies are that the
tunnel is horizontal and also too small to fit aokhbeef carcass (Allen & McGeehin, 2001).
However, the EU recently approved the use of MISE{JROP grading of pig carcasses in
Spain and Poland (GMSteel, 2018). The system (gmM§®s been designed for slaughter
plants as it is upright (vertical), contactless aad process 900-1000 carcasses per hour.
Using multiple transmitter coils to generate a aile and low intensity magnetic field, the
lean meat yield can be calculated due to the @iffees in the dielectric properties of fat and

bones compared to lean in a certain range of frecjes. The system obtained a RMSEP of



453  1.94% for the prediction of LMY in pig carcasseBdwing a trial on 130 carcasses in Spain.
454  The concept is based on the use of contactless kketasure the dielectric properties of the
455  carcass. In the calibration trials, the system ptedlicted the LMY and weights of primal
456  cuts. The prediction error obtained for the LMY wag% for the ham, 1.98% for the belly,
457  1.74% for the shoulder and 2.15% for the loin.dditon, the unit could predict the weight
458 in the primal cuts with prediction errors for thentm of 372g, 2579 for the belly, 1489 for the
459  shoulder and 255g for the loin. While the technglbgs been successfully developed and
460 commercialised for pig carcasses, it would be e#ting if future studies assess its

461  applicability to sheep and beef carcasses.

462 3.4. Ultrasound (US)

463  Ultrasound (US) is based on the reflection of soamergy when it encounters any physical
464  material. There are two types of applications, asradestructive diagnostic tool (>1MHz)
465 or as a processing technology (~20-100 kHz). Fetldtter, high-intensity US (10-1000

466 Wicnr) is employed, while high frequency (>100 kHz) lavtensity (<1 W/cm) US is used
467 as a non-destructive analytical tool for qualityrol.

468 High correlations between the US measurementsehivil animal with corresponding

469 measurements on the carcass have been found dgerirea in cattle (Rip to 0.92) (Scholz
470 et al., 2015), subcutaneous fat in shegpufiRto 0.95) (Silva, 2017) and IMF in pigs*(&
471 1o 0.92) (Carabus et al., 2016). Table 3 showsahge of US applications including

472  prediction of carcass and quality characteristogenetic improvement in pigs, sheep and
473  cattle.

474 A Danish company, Frontmatec Smoerum A/S (formlenigwn as Carometec A/S, Smorum,
475 Denmark), launched in 1994 the first 3D automatid&idevice (Autofom™) that allowed

476  the on-line grading of pig carcasses by LMY prestidrom hundreds of backfat thickness



477  and muscle thickness measurements. It was autddosese in France, Hungary and the
478 UK (Carometec, 2017). The recently improved versibthe model (Autofom™ |[Il) has now
479 been authorised as a grading system in Belgiumpiaeg Ireland, Finland, Germany, Italy,
480 Poland, Spain and Sweden. Outside the EU, Chdi €&G418), used the Autofom™ III to

481  predict primal and commercial cut weights in pigcegses. Calibration models for deboned
482  shoulder blade, shoulder picnic, loin, belly, amgnhdemonstrated?®f 0.77 to 0.86 but

483  other groups of cuts did not perform as well (spdreback rib, jowl, false lean, and

484  diaphragm cuts resulted irf R 0.34). Nonetheless, as demonstrated and discbys@Hoi et
485 al. (2018), the Autofom™ lll is more accurate thisnpredecessor (Autofom™ 1) and

486  demonstrates that technologies are advancing t@wamoroved accuracies.

487  Within ultrasound imaging, there is a direct relaship between sound frequency and image
488  quality. Shorter wavelengths give better resolytlmrt longer ones are needed to reach more
489  depth in the tissue. The current focus is on traosdimprovement so that they become

490 smaller and easier to use.

491  Even though this technology is very advanced iis gggitable on-line due to wet skin after
492  the scalding process ensuring good acoustic cgnthetsame technology cannot be

493 implemented on beef or sheep carcass due to aepoiollowing de-hiding which would

494  impede proper access of the sound energy (AlledQRAddis et al. (2020) tried to predict
495  hind-leg muscles weight of yearling dairy-beef sdegith ultrasound measurements of EMA
496  obtaining low percentage of variability explain@®0%). Therefore, it is likely that

497  applications on sheep and beef will only be usefulive animals, while it is a successful pig

498 carcass grading technology.

499 3.5. VideolmageAnalysis (VIA)



500 VIA systems are based on the differences in ligtensity received by a video camera (e.g.
501 fat from lean meat). In a detailed review by Craigt al. (2012), the evolution and

502 development of VIA for beef carcass evaluatiorh@oughly discussed. VIA technology can
503 be divided into two groups; a hand-held VIA systehich can be used for quality grading
504 (typically IMF), rib-eye area, colour and fat thrdss measured at the quartering site of the
505 carcass and whole-carcass VIA systems which casasarcass attributes related to yield or
506 composition (fat cover, conformation). In 2007, th®@DA approved the first VIA hand-held
507  systems to determine rib-eye area, marbling samiglze quality grade at the":23" rib

508 (Woerner & Belk, 2008). Recent studies have asdebseability of the VGB2000 to grade
509 beef carcasses in other countries and adapt itiffeent grading location on the carcass.
510 For example, Schulz and Sundrum (2019) demonstth&dvith some software

511 modifications, the VGB2000 could grade for marblingserman beef carcasses (n=354)
512  with a regression coefficient fRof 0.78 (grading at the left and right side at1tiff rib). The
513 same system has recently been assessed for ity ebpredict MSA marbling score, fat

514 thickness and rib-eye area (Langbridge, 2018).MiAesystem correlated with an expert
515  plant grader for marbling 6R0.682), fat thickness (R0.689) and rib-eye area{R0.782).
516 The MIJ-30 grading camera (Meat Image Japan, Japampther VIA system for grading
517 quality attributes. Kuchida, Sakaguchi, Kano, Gatag Komine (2018) tested the ability of
518 this device to measure IMF percentage and rib-eg& @btaining a high correlation with

519 visual grade scores {R0.964 and R=0.926, respectively).

520 In Europe, Oceania and South America, whole-careéssystems from four different

521 companies have been adopted for beef grading: V@8 ZE+V GmbH), VIAscan (Cedar
522  Creek), BCC-2.1 (Carometec A/S) and MAC-S (Normss)aThe first three systems were
523 tested by Allen and Finnerty (2000) on 7247 beedasses. These systems (VBS 2000,

524  VIAScan and BCC 2.1) were able to predict EUROMaonation and fat classification
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scores and saleable meat yield with acceptableacgulhe percentage of confirmation
classifications within one subclass from the suibjeganel was 95.4, 97.0 and 94.2 for the
VBS2000, BCC2 and VIAScan, respectively, whilediass was lower at 74.6, 80.4 and
72.0%. SMY was predicted with an error reportedra®SD of 1.12-1.2% between the three
systems (Allen, 2009). Craigie et al. (2012) caited the median%of the commercially
available VIA systems according to the availablad&he authors reported that for the
prediction of saleable meat yield, fat percentagg@one percentage, the coefficients of
determination were 0.70, 0.80 and 0.82, respegtiiesh abattoirs were the first to adopt
automated grading by VIA in 2004 following calibmat trials conducted under EU
Regulations (EU 2017/1182, p.19) and many EU camtrave since conducted their own
authorisation trials. There have also been rettetg on the upgraded model of the Danish
BCC-2, now known as the BCC-3, which is comprisk8 pillars containing up to 40
cameras. The no-contact system can operate atiawaus line speed of 520 half
carcasses/h. The system is currently installedun European slaughter-plants and a South
American plant while it undergoes assessment alitar@i#on. A test on 86 carcass sides in a
Danish plant demonstrated the ability of the systempredict the weight of the pistol cut,
inside, knuckle and rump from veal with predictemors of 0.910 kg, 0.280 kg, 0.191 kg
and 0.162 kg, respectively (Esberg, Christensebadridsen, 2019).

Whole carcass VIA instruments have also been dpeelspecifically for sheep carcasses.
Rius-Vilarrasa, Biunger, Maltin, Matthews, and Ro&€@09) used the E+V VBS2000 to
predict dissected primal meat yields obtainifg@m 0.86 to 0.97. Using VIAscan,
Einarsson, Eythorsdottir, Smith, and Jonmundss@h4Ppredicted lean meat yields in the
leg, loin and shoulder with a?R0.61, 0.31 and 0.47, respectively.

VIA systems are, therefore, useful tools to predastass conformation in a consistent way

and can be successfully applied under harsh emmiegats such as abattoirs. It can be
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installed in-line, speed is adequate for the medstry requirements and it is non-intrusive
such that measurements can be done without comitidcthe carcass. The main drawback is
that the information provided only comes from tléeenal (visible) surface of the carcass or
side. This is important if carcass compositioroibé estimated, as conformation and fat class
are not considered good predictors of compositi@naigie et al., 2012) or intramuscular fat
(Liu et al., 2020). Fat content is especially dilk for VIA, as it is the most variable
component and is deposited in several locatiotisarcarcass with the proportions in
different locations being dependant on breed, meturity and diet (Craigie et al., 2012) and
due to VIA only determining the subcutaneous fatecpit loses accuracy as the fat depth
increases (Allen, 2009).

Incorporation of ‘time of flight’ (TOF) technologgresents another opportunity to improve
accuracy and resolution of the cameras of VIA systelTOF provides 3D imaging using an
infrared light source that illuminates the objeati@ detector receives the reflected light, so
the depth information is added to the image. Iitadles, a significant amount of research is
required to prove the capabilities of the techn@sgNonetheless, TOF cameras have been
proposed to be used as part of multi-sensor equip(each as CT) to improve computer
aided surgery (Pycinski, Czajkowska, Badura, Judz & Pietka, 2016) so their application
could be emerging. In addition, as the technologig fis fast evolving, and with that, the

availability and cost of technologies is improving.

3.6. Optical and Spectroscopic Probes
In the 1980s several optical probes were develbpsdd on the difference in reflectance of
fat and muscle. The Fat-O-Meater (FOM) was crebtedksearchers in the Danish Research
Meat Institute and in New Zealand the Fat Depthcladr, which later became the Hennessy

Grading Probe (HGP) was developed. Both probes wmganally designed for use on pig



574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

carcasses and are still used by the pig industrg.recent conference, a new probe model
based on fibre optical sensors and near infraregitested on pig carcasses obtaining
accurate predictions of lean meat ratio (Sun, Léfay, Xu, & Xie, 2017). There is some
research on the use of these probes on sheepsesdatopkins et al., 2013), but as with all
methods based on predicting carcass compositiom $rtdbcutaneous fat depths, they are less
accurate on beef and sheep than on pig carcasssgfmain reasons. Firstly, the
subcutaneous fat depot is a higher proportiontaf trarcass fat in pigs than in ruminants, so
the part-whole relationship is weaker in the latg&zcondly, the subcutaneous fat layer is less
even in ruminants, a situation that is made woyshkitbe removal, whereas the skin of pig
carcasses is generally left on, preserving the raeea layer. In the case of lamb carcasses,
the generally lower fat depth range has been lggtdd as a potential drawback for the use
of these probes. However, Kongsro, Roe, Kvaal, vaistand Egelandsdal (2009) observed
high prediction accuracies using the HGP on lambasses; fat and muscle weights were
predicted with B=0.93 and 0.85, respectively. When compared t@tReknife, no
improvements in accuracy were found (Siddell, Mal,eboohey, van de Ven, & Hopkins,
2012) and it has also been reported that in theegtistate, the variation from the HGP is too
high to be implemented in lamb abattoirs (Fowlealgt2017).

In relation to meat quality, near-infrared (NIR)XdaRaman spectroscopy probes have been
studied extensively. However, both spectroscomhbrigues have shown high variability
when predicting shear force, witlf Ralues ranging from 0.01 to 0.74 (Berri et al.1 2D

NIR spectroscopy has also been used as a reseaitdb predict sensory traits with better
accuracy. Nonetheless, we cannot assert that datrepcopic techniques are good predictors
of sensory traits for several reasons: intensi@fescused in sensory assessment are narrow

and thus the accuracy is reduced, the samplesltedtethe probe will not be the same as



598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

the ones tested by the consumers, and the samplEnpa great amount of heterogeneity
due to the nature of the muscle, animal maturity laneed (Berri et al., 2019).

Combining spectroscopic and imaging techniques asdHyperspectral or Multispectral
Imaging (HSI or MSI respectively) offers promisa¢dman, Sun and Allen, 2011). These
devices have the ability of generating an actualgenwith a spectral range for each of the
pixels. Naganathan et al. (2016) have recentlyldeee a prototype of HSI camera to be
used on the ribeye surface of hanging carcassses@mmercial setup. The device was used
on 274 beef carcasses and was able to predict &hrearwith an accuracy of 86.7% (using
101 carcasses for validation). In addition, oth&i Bnd MSI devices such as MKII
(Frontmatec) and Tenderspec are have been evalTdtedVKIl was able to predict IMF
from 400 lamb loins (24 h postmortem) with a ro@am square error of 0.8% (Gardner,
2018). In a proof-of-concept study on the appicradf the Tenderspec to predict tenderness
and IMF in Australian beef, 95% accuracy was adien identifying carcasses certified as
tender. In addition, marbling scores derived frova S algorithms were more highly
correlated to IMF than subjectively determined M®Arbling scores (Calkins, 2019).
Therefore, hurdle technologies or advances in acguof technologies could lead to spectral

techniques for prediction of eating quality atttésiin an abattoir.

4. Future Directions

Technologies from other industries (e.g. medicinaweation) are likely to lead to
developments which could be applied within the nreddistry. A small summary of the

future directions for each of the non-invasive roehdiscussed in this review is presented in
Figure 2. Apart from the advances already dis@isséhe previous sections, there are others
that in the future could also generate an impad¢hemeat industry. An emerging

biomedical imaging methodology based on the mick@spectrum and the dielectric
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properties of soft tissue is being developed; tdkahinique is called microwave tomography
(MWT) (Semenov, 2009). This technology, as oppdsedray based technologies and in
line with NMR, uses non-ionizing radiation to olotémographic projection sets. MWT has
the potential to be used in medical imaging foedgon of different tissue malignancies
(Semenov, 2009) but it has also been explored asaging technology for industrial
processes (Wu & Wang, 2017). Golnabi, Meaney, andsen (2016) studied the conjoint
use of MRI and MWT to obtain increased accuradyreast 3D images. This technology is
still under development and with no real timingvaimen it would be available as a
commercial medical device.

The University of Pennsylvania School of Veterinktgdicine in partnership with the
imaging technology company 4DDI have developedoatio CT scanner that collects a full
360 degrees of high-resolution medical imageswvef fiorses using two robotic arms (Hocter,
2016); this could overcome the issue of the raginoof carcass size especially for beef with
current CT. In 2016, the company MB Telecom instdits first aircraft scanner which can
scan an entire aircraft in about 6-8 minutes (Gi2816). The x-ray scanner is mounted on a
crane boom that beams a triangle of radiation ditnwugh the plane, while a robotic device
pulls the aircraft through the scanning area aradie to scan objects as small as coins.

As the rate of technology advancement increasess ik great opportunity for the meat
industry to evolve.

Objective carcass measurement, when performedatetyrcould lead to more accurate
payment systems for producers driving improvemantseeting market or consumer
requirements. In addition, data collected couldibed to inform other systems such as
robotic sorting and cutting or traceability techomks, leading to overall improved process
efficiencies. A recent study by Toohey, van de \@1g Hopkins (2018), consulted with 65

red meat processors to gather their perspectivamttive measurement and found that 88%
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considered online measurement to have a role ifutbee. However, technology adoption
will be case dependent as various factors playthcsuitability of technologies per
processor and factory and the grading methodolsgd in that country. Understanding the
hurdles to technology adoption and variations betwgrocessors in the meat industry is
therefore critical. If technologies are to be widatlopted as cited by Coleman (2013), who
conducted interviews with 63 processors in Ausdralew projects on OCM need to consider
the cost of plant changes, the on-site expertisegeration and maintenance, workforce
requirements in remote areas and the cost of tigustiaff. Increased competitiveness
amongst technology manufacturers could lead taaagost reductions in future decades
(Esberg et al., 2019) however, the pay-back beotétditional prediction accuracy will also

be a consideration.

5. Conclusions

Grading and classification systems vary betweemtms, with some based on yield or
quality or both. A combination of both yield andadjty measurement will most accurately
describe the true value of the carcass, with obveslystems offering potential to improve
accuracy. In addition, systems may become morestens globally with the establishment
of international standards. Collaboration on a glatale, coupled with advancements in
technology, could lead to genuine value based miarkeystems where there are clear and
transparent pricing signals between consumers gottlipers. By more accurately describing
the carcass, selection for phenotypic traits amdir@te payment systems will direct
genotypic selection. The rate of technology advaresd has increased as has the meat
industry’s level of innovation and technology adopt Several decades ago, VIA and optical

probes were introduced into carcass evaluatioresystWhole carcass VIA offers a rapid,



671 on-line and safe objective method for EUROP gradifdY and SMY or hand-held VIA

672 devices can be used for quality grading; howevesrlimited by only providing an external
673 view of the carcass. In the last decade, DEXA wé&®duced for sheep and is currently being
674 assessed for beef. The technique allows for rapilihe prediction of LMY but is not

675 suitable for every processor as it requires subistapace, investment and stringent safety
676  protocols. In addition, it is commonly applied betcold carcass, whereas other techniques
677 like VIA, US and MI can be applied earlier in thegess to the hot carcass. These challenges
678 could be addressed as more companies innovateasublose with equipment in the aviation
679 sector, however they are not yet suited to thacadtine set-up of meat processing plants.
680 Ultrasound and magnetic induction have been comaieed for LMY prediction in pigs.

681 Ultrasound has been successful in predicting LMYigs and has been opted for by large
682  processors with justified throughput, in favoumoptical probes which still require manual
683  operation. However, ultrasound accuracy is depdamategood contact with the animal,

684  which limits its adoption in beef and sheep whogergor is less smooth and prone to air

685 bubbles which impede transmission. It will be iet¢ing to see if recent innovations in

686 magnetic induction can be translated to the begfsheep sectors as this no-contact,

687  continuous, vertical on-line technique has beenvshio accurately predict LMY and primal
688  weight in pigs.

689 The requirement to accurately describe the caioassler to utilise other outcomes of

690 Industry 4.0 such as robotics, I0T (internet ohgs), data traceability and increased

691 competitiveness, may accelerate the adoption @obibe carcass measurement in the future.
692  Another driver will be accurately determining tregieg quality of beef for improved

693 consumer satisfaction and consistency in palatghiiorder to compete in a competitive

694  protein market. This could see countries whichenity do not grade for quality introduce



695

696

697

698

699

700

additional grading steps. However, the ability adgessors to avail of technologies to

facilitate these changes will be case dependant.
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Appendix

Relevant L egislation and Regulations

Commission regulation (EC) No 1249/2008 of 10 Deleen?008 laying down detailed rules
on the implementation of the Community scales lierdlassification of beef, pig and sheep
carcases and the reporting of prices thereof. ®etd 10 Jan 2019 https://eur-
lex.europa.eu/eli/req/2008/1249/0j

Commission Delegated Regulation (EU) 2017/118200A@ril 2017 supplementing
Regulation (EU) No 1308/2013 of the European Pawiat and of the Council as regards the
Union scales for the classification of beef, pigl @heep carcasses and as regards the
reporting of market prices of certain categoriesatasses and live animals. Retrieved 31
March 2020. https://eur-lex.europa.eu/legal-
content/EN/TXT/?qid=1585621409583&uri=CELEX:3201 72R2

Council Regulation (EEC)No 1208/81 of 28 April 198dtermining the Community scale for
the classification of carcases of adult bovine atsmAccessed 31 March 2020 https://eur-
lex.europa.eu/LexUriServ/LexUriServ.do?uri=CONSLEE31R1208:19910429:EN:PDF

Commission Regulation (EEC) No 2930/81 of 12 Octd$81 adopting additional
provisions for the application of the Communitylsdar the classification of carcases of
adult bovine animals. Accessed 31 March 2020 liteps:
lex.europa.eu/LexUriServ/LexUriServ.do?uri=CONSLEE31R2930:19910730:EN:PDF




Tables

Table 1. Characteristics of carcass classificadioth grading schemes from main livestock producasiseaporters

Country Australia Brazil Canada Europe South Africa USA
Scheme AUSMEAT MSA - Canada EUROP USDA
Beef Carcass Cut-based Carcass Sex Animal Type Carcass weight Sex
weight Quality weight Quality Carcass weight Quality Sex Quality
Sex Carcass Sex Conformation Sex Dentition (12" rib)
Dentition weight Dentition Maturity Conformation Colourand  Conformation Marbling
Grain fed Sex Fat cover Colour Fat cover brightness Fat cover Maturity
Optional: Tropical muscle Firmness
Maturity breed Colour fat Firmness and Yield
Meat Hanging covering Carcass
colour method Yield and Fat colour weight
Fat colour HGP marbling on 12 Kidney,
Marbling Ossification rib pelvic and
Fat Marbling Carcass heart fat
thickness Rib fat weight External fat
Eye muscle thickness Ribeye area Ribeye area
area pH Fat thickness Ribeye area
Hump height Intramuscular Rib thickness
Meat colour* fat Fat thickness
Ageing time
Cooking
method
Sheep Carcass Carcass weight - Carcass weight Carcass weight - Carcass weight Quality+Yield
weight Dentition Age Age Sex Flank fat
Sex Fat class Sex Conformation Dentition streakings
Dentition Depth at GR Quality Fat cover Conformation Maturity
Fat class Hanging Maturity Fat cover Conformation
Depth at GR method Fat thickness
pH Muscling
Ageing Fat cover




Cooking colour

method Flank
muscles
colour
Yield
Fat thickness at
12" rib
Pig Carcass - Not official Lean Yield Carcass weight Sex Sex Sex
weight Own industry  Carcass Weight Lean meat Primary grade  Classes Carcass weight
Sex classifications Fat depth content Carcass Carcass weight Backfat
Fat thickness Carcass weight Meat thickness
at P2 weight Backfat percentage Muscling
Fat thickness Fat thickness
thickness Secondary grade
Drip
Texture
Meat colour
Fat colour
Marbling

*MSA measured but removed from EQ prediction (MI2816)



Table 2. Recent research on the application ofdCdatcass characteristics and quality traits

Objective Application Results Reference
2_ .
Composition In vivo lambs R —0.92, 0.74 and 0.85 for fat, bone and muscle wigigh Matika et al., 2016
respectively
. : e . Clelland et al., 2018; Kongsro &
Measurement of IMF In vivo lambs and pigs  Regressmefficient of 0.51-0.71 (lambs) and 0.18 (pigs) Gjerlaug-Enger, 2013
Carcass composition Heifers and Steers ’-0R97 for meat, fat and bone Navajas et al., 2010

Meat content compared to A better predictor of the meat content than the BBR

Suckling bulls

EUROP classification in suckling bulls (r=0.7 vs. r=0.55)

. Holstein bulls and Re* of 0.88 and 0.98 for cut weight and fat, respetyiv
Cut weight and fat steers rib section R:?=0.60 for IMF
IMF Pigs R’=0.17 (all muscles), £=0.42 (sirloin), R?=0.07 (ham)
IMF Lambs Good correlation (r=0.71) IMF v Soxhlet

IMF Lamb cuts IMF prediction reached only modenzkies (R=0.36)

Holl6, Barna, & Nuernberg,
2014

Font-I-Furnols et al., 2014

Font-I-Furnols et al., 2019

Anton, Zsolnai, Hollo, Repa, and
Hollo, 2013
Lambe et al., 2017




Table 3. Recent research on the application adsdinnd (US) on live animals and carcasses

Objective

Animal

Results

Reference

High value cuts weight
Genetic evaluation of

Ultrasound measured traits
Carcass and muscle weight

Yield of valuable cuts

Hot carcass weight and GR fat

depth
Yield grades

Chemical composition of
carcass

Fatty acid synthase gene
polymorphisms

Carcass characterisation

Marbling
Carcass merit

IMF

Bradford steers

Nellore beef

Pelibuey ewes

Pig carcasses

Crossbred lambs

Angus steers

Nellore beef

Qinchuan cattle

Mediterranean
light lambs

Pig carcasses

Hereford and
Simmental cattle

Pigs

2R.36 (striploin weight)

Ribeye area, backfat thickness and rump cap fasuned with US
have potential for genetic improvement

2=051-0.66 (carcass weight)?£0.44-0.57 (muscle weight)
2=R.98 (belly muscle thickness)?&0.93 (loin %)

R =0.33-0.71 (hot carcass weigk),38-0.74 (fat depth GR)
Higher Ribeye Area lopi&d grades

R=0.94 (proteirf) R?=0.74 (faty, R*=0.96 (water)

Two SNPs associated with US catcaits

US measurements used for characterisation

R=0.811 (IMF from insidecaas US)

Only in Hereford cattle US measurements more rigdittan manual
measurements (Fat thickness, longissumus mus@eaacemarbling
score).

R up to 0.92

Cardoso et al., 2020
Abreu et al., 2019
Chay-Canul et al. 2019

Janiszewski et al., 2019
Massender et al. 2019
Armstrong et al., 2018

Castilhos et al., 2018
Raza et al., 2018

Esqatesdt al., 2017

Ludwiczak et al., 2017
Su et al., 2017

Carabus et al., 2016

3US rump fat thickness in addition to shrunk bodyghieand hip heighfUS rump fat thickness in addition to shrunk bodyglieand age



Figure 1. Current commercialised technologies for grading pigs, sheep and cattle carcasses
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Figure 2. Future directions of objective carcass measurement technologies



Highlights:

* A summary of global beef, sheep and pig grading practicesis provided

* International standards for beef grading could lead to improved eating quality

« Grading for both eating quality and yield can lead to improved value based systems
* Recent commercia advancesin VIA, DEXA and magnetic induction are discussed
» Perspectives on future directions for objective carcass measurement are provided



