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Introduction

Methods commonly used to measure meat quality parameters such as pH, cooked meat
toughness and water-holding capacity are time-consuming and require either the sample
or a portion of it to be destroyed during assessment.  As a result, meat quality is
rarely assessed in an industrial setting, as the sacrifice of valuable product is seen as
untenable.  Also, the demand for meat is inelastic and largely perceived to be unaffected
by product quality except in the case of extreme quality defects such as cold shortened,
dark, firm and dry or pale, soft and exudative meat.  Invention of a non-invasive
method of assessing meat quality would allow for classification of carcasses or cuts
into quality categories, removal of poor quality product from discerning markets,
selection of animals on the basis of meat quality and objective substantiation to
guarantee product quality (Rosenvold et al. 2009).

Of technologies studied, that of estimating meat quality using light reflectance has
been the most promising.  Light with wavelengths in the visible (VIS) and near-infrared
(NIR) region (400 to 700 and 700 to 2500 nm, respectively) has shown particular
promise, giving r values between NIR measurements and Warner-Bratzler shear force
(WBSF) values greater than 0.8 (Mitsumoto, Maeda, Mitsuhashi & Ozawa 1991; Park,
Chen, Hruschka, Shackelford & Koohmaraie 1998).  Dian et al. (2008) used VIS and NIR
reflectance of peri-renal fat to differentiate the carcasses of pasture-fed and
concentrate-fed lambs and Liu et al. (2004) showed that tough and tender chicken
breast could be differentiated based upon VIS-NIR spectra.  NIR technology exists
commercially for the laboratory assessment of meat fat, water and protein content,
with laboratory-grade NIR technology best used to assess the chemical composition of
minced or ground meat as it is calibrated for a homogenized product (Ripoll et al.
2008; Sierra et al. 2008).  Moisture, fat and water have also been successfully predicted
in whole pork using VIS-NIR (400 to 1700 nm) (Chan et al. 2002) and fat in whole beef
(Rødbotten et al. 2000).

Although Prieto et al. (2009) recently provided an excellent review of the application
of NIR spectroscopy to predict meat and meat product quality that focused on the
relationship between NIR and muscle chemistry, the current review will focus on the
commercial applicability of visible, NIR and infra-red (IR) spectroscopy to determine
the quality of whole beef primals, particularly the m. longissimus thoracis, which is
used for quality grading of beef carcasses in Canada.  This review will provide a
summary of the state of the technology and its commercialization to date and describe
what further research is required for commercialization of this promising technology to
occur.
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Measurement of colour, pH and water-holding capacity

Although many studies have purported to use NIR spectra, most spectral measurements
have generously included visible (VIS) or infrared spectra (IR).  Prevolnik et al. (2009)
used artificial neural network technology to use VIS-NIR spectra (400 to 2500 nm) to
predict pork pH and colour and obtained a prediction model that had at best an R2 of
0.45 for the test data set.  Rosenvold et al. (2009) used VIS-NIR spectra (400 to 1700
nm) to predict whole muscle pH (R2 = 0.84), pre-rigor glycogen content (R2 = 0.70), and
post-rigor water-holding capacity (R2 = 0.68).  Andrés et al. (2008) found a very strong
relationship between VIS-NIR spectra and meat beef pH (R2 = 0.97), beef lightness (R2

= 0.82) and beef redness (R2 = 0.51) but did not see a relationship with cooking loss (R2

= 0.20).  Leroy et al. (2003) also found strong correlations between NIR reflectance
(833 to 2500 nm) and L* (R2

cv = 0.83 to 0.85) and a* (R2
cv = 0.73 to 0.75) but the

correlation with drip loss (R2
cv = 0.38 to 0.54) was not as strong.  Prediction of beef

colour by light spectroscopy is poor if the visible wavelength region is not included
(Prieto et al. 2008).  Myoglobin structural changes are best observed between 450 and
600 nm, with isobestic absorbance of all chemical states at 525 nm (Cox and Hollaway
1977).  Light spectroscopy should readily differentiate meat on the basis of pH because
the optical properties of skeletal muscle changes with acidity, with the path difference
of a depth of fibre increasing as acidity increases (Swatland 2002).  Mitsumoto et al.
(1991) obtained correlations between NIR spectra (1100 to 2500 nm) and pH ranging
from 0.58 to 0.74. Although most studies have incorporated both VIS and NIR light, VIS
light alone has been shown to indicate lightness (L*) and drip in pork, with correlation
coefficients of 0.82 and 0.76, respectively (Swatland 1998).

Water-holding capacity is an important indicator of meat quality because low water-
holding capacity is associated with poor processing functionality.  Water-holding capacity
has been of most interest as it pertains to pork quality, as the regular occurrence of
pale, soft, exudative pork has prompted methods to measure its severity and effect on
subsequent meat eating quality.  Moisture of meat homogenates can be readily determined
by laboratory NIR technology with R2 greater than 0.7 using a first or second derivative
prediction equation (Ripoll et al. 2008; Barlocco et al. 2006); however, the estimation
of moisture or water-holding capacity in fresh meat using NIR is generally accepted to
be poor with R2 values ranging from 0.001 to 0.58 (Prieto et al. 2009).  Chan et al.
(2002) was able to estimate the moisture content and water-holding capacity of whole
pork with R2 values equal to 0.69 and 0.51, respectively.

Estimation of sensory tenderness and Warner-Bratzler shear force

Warner-Bratzler shear force has been used to estimate the toughness of meat since the
1930’s as it is less expensive than sensory testing.  Although used to replace sensory
testing, the relationship between Warner-Bratzler shear force and sensory assessment
of toughness is not an R2 of 1, meaning that they are not perfectly related.  As to why
the relationship between the two measures is not perfect is unknown, although the
machine may be more sensitive than sensory panelists.  Raw colour has also been used
to estimate beef eating quality with some success with the BeefCam System, a modular
addition to the Computer Vision System, which is a video imaging analysis system (Vote
et al. 2003; Wyle et al. 2003).  The Computer Vision System has only been able to
identify tough beef and has not been able to stratify beef by tenderness (Wyle et al.
2003), and Vote et al. (2003) found that up to 36% of carcasses that were certified
tender were actually unacceptably tough.  Goñi et al. (2007) found that a regression
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equation including chroma (C) and redness (a*) described 41% of the shear force
variation of beef m. longissimus dorsi texture index, which was calculated from scores
for juiciness, hardness, cohesiveness, and shear force.  Wheeler et al. (2002) found
that neither the BeefCam nor the colour of beef were as accurate as slice shear force,
a method of estimating cooked beef toughness similar to Warner-Bratzler shear force,
for estimating the toughness of beef.  In fact, in the study of Wheeler et al. (2002),
predicting tenderness using a colorimeter was more accurate than using the prototype
BeefCam.  This is not unexpected because colour has been shown to account for 15 to
23% of the variation in beef eating quality (Wulf and Page 2000).

The use of VIS-NIR may offer a more accurate estimate of sensory toughness than
Warner-Bratzler shear force because the absorption spectra of VNIR is related to both
the chemical composition of the meat, such as the fat content and myoglobin state,
and the optical scattering, which is determined by the physical state of the proteins
and the texture of the meat surface (Xia et al. 2007).  Xia et al. (2007) found that the
scattering coefficients were more strongly related to Warner-Bratzler shear force than
the absorption coefficients, suggesting that meat structural properties were more
influential than myoglobin chemical state at indicating beef toughness.  The potential
advantage of VIS-NIR was supported by the work of Yancey et al. (2010), who used
VIS-NIR wavelengths to predict WBSF of cooked beef m. longissimus thoracis.  Yancey
et al. (2010) found that the 2nd derivative of the original absorbance data gave the
best prediction equation, which had an r of 0.80 to 0.86 (R2 = 0.64 to 0.74).  In fact,
these authors found that VIS-NIR predicted consumer overall impression and consumer
perception of tenderness more closely than WBSF, implying that VIS-NIR may be the
most efficacious measurement of the two because it may capture subtle variations in
protein functionality and moisture (Yancey et al. 2010).

Rosenvold et al. (2009) also found that Warner-Bratzler shear force was less sensitive
than VIS-NIR in predicting beef toughness.  Rosenvold et al. (2009) obtained an R2 of
0.58 between VIS-NIR (400 to 1700 nm) measurements and Warner-Bratzler shear force
values of whole beef strip loin. These authors suggested that the low linear relationship
was due to the Warner-Bratzler shear force measurements being less sensitive than the
VIS-NIR reflectance (Rosenvold et al. 2009); however, one reason may be that the
VIS-NIR measurement was made on the m. longissimus lumborum (LL) before the sample
for pre-rigor shear force was removed from each LL.  Removing a piece of muscle from
pre-rigor muscle would have caused significant contracture due to calcium being released
from the sarcoplasmic reticulum during cutting.  This contraction would have changed
the structure of the meat considerably from that on which the VIS-NIR spectral analysis
was performed, causing the VIS-NIR to appear to underestimate the toughness.  This
hypothesis is supported by the results of Rosenvold et al. (1996), which showed that
the VIS-NIR underestimated shear force value for the very tough beef, which is what
pre-rigor beef would be.  Andrés et al. (2008) obtained a similar R2 of 0.65 between
VIS-NIR spectra and Warner-Bratzler shear force, suggesting the sampling irregularity
of Rosenvold et al. (2009) modified the linearity of the relationship only slightly.  Xia et
al. (2007) found a linear relationship between VIS-NIR and Warner-Bratzler shear force
similar to that of Rosenvold et al. (2009) as well, finding an R2 = 0.59 between the two
measurements.  Liu et al. (2003) found that they could achieve R2 values between
Warner-Bratzler shear force and VIS-NIR spectra (400 – 1100 nm) that ranged from
0.18 to 0.72 depending on the number of days post mortem, which in this instance
were 2 and 14 days, respectively.  To achieve this increase in relatedness, the data
were corrected for multiplicative scatter and the mean centre and the second derivative
was used.
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Ripoll et al. (2008) found positive linear relationships between Warner-Bratzler shear
force of cooked whole beef strip loin (R2 = 0.74), sensory tenderness ratings (R2 =
0.98)  and VIS-NIR reflectance (408 – 2492.8 nm) of a minced portion of the strip loin
using Partial Least Squares analysis.  Relationships between the VIS-NIR spectra of
minced beef and the toughness of whole beef are usually poor, but the strong
relationships observed in the Ripoll et al. (2008) study most likely indicative of an
overwhelming influence of muscle fat content on the toughness of the strip loin muscles
studied, and this was substantiated by a strong correlation between intramuscular fat
and sensory toughness (Ripoll et al. 2008).  Because of this, any estimation of tenderness
may need an estimation of marbling to be included so that intramuscular fat content is
considered in the prediction equation.

Price et al. (2008) found that VIS-NIR could be used to sort tough beef from tender.
These researchers used the Field Spec Pro Jr. (Analytical Spectral Devices Inc., Boulder,
Colorado), a unit that operates at wavelengths from 400 to 2500 nm.  This unit has a
fibre-optic contact probe for transmitting and receiving light to the surface of the
meat (Price et al. 2008).  The unit has 3 internal detectors: a 512 channel silicon
photodiode array, a thermoelectrically-cooled indium gall ium arsenide and a
thermoelectrically-cooled extended indium gallium arsenide that measure at 350-1000,
1001-1670 and 1671-2500 nm respectively (Price et al. 2008).  The light source is a 20
W halogen bulb with a diffuse reflection probe with 35 ° geometry and a measuring area
of 1 mm2 (Price et al. 2008).  This unit was highlighted pictorially by Rust et al. (2008)
and was able to correctly classify carcasses as tough and examination of a sub-set of
the carcasses used in the Rust et al. (2008) study showed that the Field Spec Pro Jr
correctly classified 92.9% of the known tough carcasses (Price et al. 2008).

Again, in studies where NIR is being investigated as a predictor of meat toughness,
visible light is usually included in the range of spectra used.  In fact, in these studies,
the effectiveness of visible and NIR reflectance cannot be separated.  Bowling et al.
(2009), found that visible and NIR light were equally effective at predicting the toughness
of whole beef strip loin, but were not additive, meaning that there was no advantage
to combining reflectance from the two light regions together for prediction purposes.
Visible light alone has been found to be effective at sorting strip loins on the basis of
tenderness (Shackelford et al. 2005).  In fact, the BeefCam, a module that links to the
Computer Vision System (CVS), uses the Commission Internationale de l’Eclairage (CIE)
L*, a* and b* reflectance, which is within the visible light spectrum, to estimate beef
toughness (Bowling et al. 2009).

NIR has also been correlated to beef eating quality measures without the influence of
VIS light.  Tender beef has been associated with reduced reflectance values in the
1150 to 1300 nm range and from 1400 to 2500 nm (Hildrum et al. 1994; Ripoll et al.
2008). Rust et al. (2008) however found that spectral values beyond 1500 nm were not
relevant to beef toughness and formulated their prediction algorithm using spectra from
400 to 1500 nm.  Additionally, correlation of NIR spectra from 833 to 2500 nm to
Warner-Bratzler shear force was low (R2

cv = 0.12 to 0.25) in the study by Leroy et al
(2003), who had a sample size of 184 with a mean shear force of 40.7 + 9.5 N on day 8
post mortem, indicating that this NIR region may not be influential in separating carcasses
on tenderness that are relatively uniform.  Naganathan et al. (2008) also found that
spectra from wavelengths greater than 1400 nm were not related to beef toughness
but that those from 1000 to 1400 were, with key wavelengths identified at 1074, 1091,
1142, 1176, 1219, 1365, 1395, 1408, and 1462 nm.  These authors implicated interference
from water as negating the meaningfulness of the wavelengths greater than 1400 nm
as that is the region in which water absorbs the most light (Barlocco et al. 2006).
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These authors also concluded from supporting literature that light absorption at 1219
nm was due to fat, at 1365 and 1395 nm were due to protein and at 1408 and 1462 nm
were due to water.  Rødbotten et al. (2000) found correlation (r) values between NIR
(1100 to 2500 nm) was not strongly correlated to Warner-Bratzler shear force or
sensory assessment of beef toughness, achieving r values of up to 0.68 for shear
force and between 0.34 and 0.51 for sensory.  Park et al. (1998) examined NIR from
1100 to 2498 nm and obtained an R2 value of 0.67 between specific NIR wavelengths
and Warner-Bratzler shear force and could predict Warner-Bratzler shear force with an
accuracy of 89%.  The key wavelengths in the Park et al. (1998) study were 1854,
1688, 1592 and 2140 nm, suggesting that key indicators of beef tenderness may exist
at wavelengths greater than 1400 nm.

Byrne et al. (1998) found very strong correlations between NIR spectra from 750 to
1098 nm and 14 day aged Warner-Bratzler shear force, realizing r values of 0.83 and
0.89 and 0.45 and 0.67 for 24 and 48 h post mortem readings, respectively.  Byrne et
al. (1998) had less success predicting sensory tenderness than Warner-Bratzler shear
force, observing r values of 0.48 and 0.49 and 0.71 and 0.80 for NIR readings made 24
and 48 h post mortem, respectively.  These results suggest that the spectra between
750 and 1098 nm may be most indicative of myofibrillar toughness, but not
representative of other factors such as juiciness, which can influence the perception
of tenderness by a sensory panel.

Because of the strong correlation between marbling, subcutaneous fat and beef
tenderness, carcasses with a certain amount of marbling may be able to be guaranteed
tender (Ripoll et al. 2008).  Yancey et al. (2010) found that cooked m. longissimus
thoracis was liked the least when the muscle was from carcasses that graded Select
than from those graded Low Choice, Top Choice and Prime.  Estimation of beef
tenderness using light spectroscopy may be important then for adding value to beef
from carcasses with decreased marbling (Rust et al. 2008; Shackelford et al. 2005).
This ability may become increasingly important as consumer market preferences move
from highly marbled to lean beef and recent research has indicated that sorting lean
carcasses according to tenderness may be possible using VNIR (Shackelford et al.
2005) .

The relationship between NIR and visible NIR (VNIR) measurements performed early
post mortem coincident with grading and the toughness of the meat after ageing is
not well understood.  Byrne et al. (1998) found that NIR spectra could be used to
predict the overall acceptability of beef tenderness whether measured at 24 or 42
hours or 7 or 14 days post mortem.  Whether an early measurement is indicative of a
quality after ageing or not has yet to be determined and warrants investigation (Park
et al. 1998).

The predictability of WBSF by VIS-NIR is limited by the size of the dataset from which
the predictive algorithm is drawn and by the amount of variability within the data set,
as predictive accuracy increases as data variability increases (Prieto et al. 2009).
Also, in most cases, reflectance (R) values are transformed into absorbance values
using log (1/R) in order to linearize the relationship between the absorbing substance
and the absorption spectrum (Hruschka 2001).

Scientific Contributions Cont’d..
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Commercialized Products

ASD Inc., Colorado, a company that specializes in light technology, has commercialized
a visible-NIR system (Field Spec Pro Jr, 400 to 2500 nm) that identifies US Select beef
carcasses that will produce a tender longissimus muscles (Rust et al. 2008).  This
technology was based upon the research results of Shackelford et al. (2005) and
consists of a computer backpack worn by a worker with a laptop strapped in front of
the worker.  Reflectance of beef rib eye is then measured using a hand-held fibre-optic
probe connected to the computer backpack unit.  Although an effective unit, it appears
unwieldy, heavy and supplying adequate power to the unit in an abattoir environment
could be a challenge.  Also, the fibre-optic probe must contact the meat surface in
order to accurately assess the VNIR spectra, a distinct disadvantage in Canadian federal
plants, for which such contact represents potential bacterial contamination.

Another technology, the “Goldfinch”, is currently in the final stages of commercialization
and it has been successful at guaranteeing that beef rib sections are tender but cannot
as yet differentiate the toughness within the tender product category.  This technology
draws from the results of Naganathan et al. (2008) and Cluff et al. (2008).  The
“Goldfinch” is a large, rifle-like apparatus that covers the rib eye face and uses NIR
hyperspectral images captured between 965 and 1625 nm with a diffuse-flood lighting
system.  Using this technology, the accuracy of prediction was demonstrated to be
77% using an early prototype (Naganathan et al. 2008).  Hyperspectral imaging is a
combination of video imaging and light spectroscopy as it provides both spatial and
spectral resolution (Naganathan et al. 2008).  In this way, a reflectance spectrum can
be attached to each pixel of the image and then related to the physical characteristics
of the object from which the image was taken.  At publication, this technology was
using InGaAs sensors, which are not as well developed as CCD sensors that are commonly
used in other VNIR systems and they produce ‘dead pixels’ that require removal prior to
analysis of the image (Naganathan et al. 2008).  Beef hyperspectral data is then
discriminated statistically using canonical methods (Naganathan et al. 2008).  This
system uses data from key wavelengths identified in Naganathan et al. (2008) that
have been correlated to beef quality to identify tough beef in order to guarantee
tender product.

The system used by Cluff et al. (2008) was slightly different and incorporated a VIS-
NIR light source that was a 250 W quartz tungsten halogen lamp (Oriel Instruments,
Stratford, Connecticut).  Light output was stabilized with a light intensity controller.
The light was focused with a fiber optic cable (600 ìm internal diameter), which produced
a beam of light that had a diameter of 1.6 mm.  Hyperspectral images were captured
using a high performance CCD camera (model C4880-21-24A, Hamamatsu Photonics
System, Bridgewater, New Jersey).  The camera was cooled to -40 °C to improve signal
to noise ratio.  The camera produced images that were 256 x 256 pixels with a spectral
resolution of 4.54 nm within the 410 to 1086 nm range.  Only a narrow 30 x 0.2 mm
beam of the meat surface was imaged and so 10 images were acquired every 1 mm over
a 10 mm length.  Cluff et al. (2008) identified seven wavelengths that were regressed
into a prediction equation using stepwise regression techniques: 501, 510, 646, 651,
927, 1005 and 1023.  At wavelengths 501 and 510, the full scattering width at half
maximal was important whereas at the remaining wavelengths, the slope at the full
scattering width at half maximal was important, indicating that the optical scattering
of the light was the most important feature for predicting beef toughness.  Using this
algorithm, these researchers were able to predict Warner-Bratzler shear force values
with an R of 0.67.
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Future Work

Future iterations of VNIR technology should use polarization, as that enables protein
structural differences to be measured such as sarcomere length (Luc et al. 2008),
which could further enhance the accuracy of a predictive algorithm.  There is also the
potential of predicting collagen solubility in whole muscle, which would be of value in
separating beef toughened due to animal age (Mitsumoto et al. 1991; Young et al.
1996) and could supplant age estimation using ossification.  Regression involving spectral
data from 1072 and 1082 nm was shown by Young et al. (1996) to be related to
collagen solubility in lamb (r = 0.91) and could potentially be applicable to beef.  NIR
may also be useful for predicting total collagen content of beef as well, because
Mitsumoto et al. (1991) found a correlation between collagen content and NIR
reflectance optical density of 0.74, a relationship that was not found by Young et al.
(1996) in lamb.  The sex of animal studied should also be tightly controlled as sorting
data for animal sex as improved correlations between NIR and sensory toughness of
beef (Hildrum et al. 1994).  Also, post mortem management of beef studied also needs
to be controlled as freezing of beef has been found to improve the correlation between
NIR and sensory toughness of beef, as freezing may enhance the difference between
tough and tender beef (Hildrum et al. 1994).

Literature Cited

Andrés, S., Silva, A., Soares-Pereira, A. L., Martins, C., Bruno-Soares, A. M. and Murray,
I. 2008.  The use of visible and near infrared reflectance spectroscopy to predict
beef M. longissimus thoracis et lumborum quality attributes.  Meat Science 78:
217-224.

Barlocco, N., Vadell, A., Ballesteros, F., Galietta, G. and Cozzolino, D. 2006.  Predicting
intramuscular fat, moisture and Warner-Bratzler shera force in pork muscle using
near-infrared reflectance spectroscopy.  Animal Science 82: 111-116.

Bowling, M. B., Vote, D. J., Belk, K. E., Scanga, J. A., Tatum, J. D. and Smith, G. C.
2009.  Using reflectance spectroscopy to predict beef tenderness.  Meat Science
82: 1-5.

Byrne, C. E., Downey, G., Troy, D. J. and Buckley, D. J. 1998.  Non-destructive prediction
of selected quality attributes of beef by near-infrared reflectance spectroscopy
between 750 and 1098 nm.  Meat Science 49: 399-409.

Chan, D. E., Walker, P. N. and Mills, E. W. 2002.  Prediction of pork quality characteristics
using visible and near-infrared spectroscopy.  Transactions of ASAE 45: 1519-1527.

Cluff, K., Naganathan, G. K., Subbiah, J., Lu, R., Calkins, C. R. and Samal, A. 2008.
Optical scattering in beef steaks to predict tenderness using hyperspectral imaging
in the VIS-NIR region.  Sensing and Instrumentation for Food Quality 2: 189-196.

Cox, R. P. and Hollaway, M. R. 1977.  The reduction by dithionite of Fe(III) myoglobin
derivatives with different ligands attached to the iron atom.  European Journal of
Biochemistry 74: 575-587.

Cozzolino, D. and Murray, I. 2004.  Identification of animal meat muscles by visible and
near infrared reflectance spectroscopy.  Lebeensmittel-Wissenschaft Und-
Technologie-Food Science 37: 447-452.

Dian, P. H. M., Andueza, D., Jestin, M., Prado, I. N. and Prache, S.  2008.  Comparison
of visible and near infrared reflectance spectroscopy to discriminate between pasture-
fed and concentrate-fed lamb carcasses.  Meat Science 80: 1157-1164.

Scientific Contributions Cont’d..

23



CMSA News April, 2011

24

Goñi, M. V., Beriain, M. J., Indurain, G. and Insausti, K. 2007.  Predicting longissimus
dorsi texture characterist ics in beef based on early post-mortem colour
measurements.  Meat Science 76: 38-45.

Hildrum, K. I., Nilsen, B. N., Mielnik, M. and Næs, T. 1994.  Prediction of sensory
characteristics of beef by near-infrared spectroscopy.  Meat Science 38: 67-80.

Hruschka, W. R. 2001.  Data analysis: wavelength selection methods.  In: Near-Infrared
Technology in the Agricultural and Food Industries.  Williams, P. and Norris, K., eds.
American Society of Cereal Chemists, St. Paul, MN, pp 39-58.

Leroy, B., Lambotte, S., Dotreppe, O., Lecocq, H., Istasse, L. and Clinquart, A. 2003.
Prediction of technological and organoleptic properties of beef Longissimus thoracis
from near-infrared reflectance and transmission spectra.  Meat Science 66: 45-54.

Liu, Y., Barton, F. E., Lyon, B. G., Windham, W. R. and Lyon, C. E. 2004.  Two-dimensional
correlation analysis of visible/near-infrared spectral intensity variations of chicken
breasts with various chilled and frozen storages.  Journal of Agricultural and Food
Chemistry 52: 505-510.

Liu, Y., Lyon, B. G., Windham, W. R., Realini, C. E., Pringle, T. D. D. and Duckett, S.
2003.  Prediction of color, texture, and sensory characteristics of beef steaks by
visible and near infrared reflectance spectroscopy.  A feasibility study. Meat Science
65: 1107-1115.

Luc, C., Clerjon, S., Peyrin, F., Lepetit, J. and Culioli, J. 2008.  Sarcomere length
determination using front-face fluorescence polarization.  Meat Science 80: 814-
818.

Mitsumoto, M., Maeda, S., Mitsuhashi, T., and Ozawa, S. 1991.  Near-infrared
spectroscopy deteremination of physical and chemical characteristics in beef cuts.
Journal of Food Science 56: 1493-1496.

Naganathan, G. K., Grimes, L. M., Subbiah, J., Calkins, C. R., Samal, A. and Meyer, G. E.
2008.  Partial least squares analysis of near-infrared hyperspectral images for beef
tenderness prediction.  Sensing and Instrumentation for Food Quality and Safety 2:
178-188.

Park, B., Chen, Y. R., Hruschka, W. R., Shackelford, S. D. and Koohmaraie, M. 1998.
Near-infrared reflectance analysis for predicting beef longissimus tenderness.  Journal
of Animal Science 76: 2115-2120.

Prevolnik, M., Èandek-Potokar, M., Noviè, M. and Škorjanc, D. 2009.  An attempt to
predict pork drip loss from pH and colour measurements or near infrared spectra
using artificial neural networks.  Meat Science 83: 405-411.

Price, D. M., Hilton, G. G., VanOverbeke, D. L. and Morgan, J. B. 2008.  Using the near-
infrared system to sort various beef middle and end muscle cuts into tenderness
categories.  Journal of Animal Science 86: 413-418.

Prieto, N., Andrés, S., Giráldez, F. J., Mantecón, A. R. and Lavín, P. 2008.  Ability of
near infrared reflectance spectroscopy (NIRS) to estimate physical parameters of
adult steers (oxen) and young cattle meat samples.  Meat Science 79: 692-699.

Prieto, N., Roehe, R., Lavín, P., Batten, G. and Andrés, S.  2009.  Application of near
infrared reflectance spectroscopy to predict meat and meat products quality: a
review.  Meat Science 83: 175-186.

Ripoll, G., Albertí, P., Panea, B., Olleta, J. L. and Sañudo, C.  2008.  Near-infrared
reflectance spectroscopy for predicting chemical, instrumental and sensory quality
of beef.  Meat Science 80: 697-702.

Rødbotten, R., Nilsen, B. N. and Hildrum, K. I. 2000.  Prediction of beef quality attributes
from early post mortem near infrared reflectance spectra.  Food Chememistry 69:
427 – 436.

Scientific Contributions Cont’d..



CMSA News April, 2011

Rosenvold, K., Micklander, E., Hansen P. W., Burling-Claridge, R., Challies, M., Devine,
C. and North, M.  2009.  Temporal, biochemical and structural factors that influence
beef quality measurement using near infrared spectroscopy.  Meat Science 82:
379-388.

Rust, S. R., Price, D. M., Subbiah, J., Kranzler, G., Hilton, G. G., Vanoverbeke, D. L. and
Morgan, J. B. 2008.  Predicting beef tenderness using near-infrared spectroscopy.
Journal of Animal Science 86: 211-219.

Shackelford, S. D., Wheeler, T. L. and Koohmarie, M. 2004.  Development of optimal
protocol for visible and near-infrared reflectance spectroscopic evaluation of meat
quality.  Meat Science 68: 371-381.

Shackelford, S. D., Wheeler, T. L. and Koohmaraie, M. 2005.  On-line classification of
US Select beef carcasses for longissimus tenderness using visible and near-infrared
reflectance spectroscopy.  Meat Science 69: 409-415.

Sierra, V., Aldai, N., Castro, P., Osoro, K., Coto-Montes, A. and Oliván, M. 2008.
Prediction of the fatty acid composition of beef by near infrared transmittance
spectroscopy.  Meat Science 78: 248-255.

Snyder, H. E. 1968.  The study of myoglobin derivatives in meat samples by reflectance
spectrophotometry.  In: Proceedings of meat industry research conference, pp 21-
31. Chicago, IL: American Meat Institute Foundation.

Swatland, H. J. 1989.  A review of meat spectrophotometry (300 to 800 nm).  Canadian
Institute of Food Science and Technology  22: 390 – 402.

Swatland, H. J. 1998.  Meat quality variation in the robotic sorting of pork loins.
Journal of Animal Science 76: 2614-2618.

Swatland, H. J. 2002.  Effect of acidity on optical properties of isolated skeletal
muscle fibers. Microscopy and Microanalysis 8 (Suppl. 2): 240-241.

Vote, D. J., Belk, K. E., Tatum, J. D., Scanga, J. A. and Smith, G. C. 2003.  Online
prediction of beef tenderness using a computer vision system equipped with a
BeefCam module. Journal of Animal Science 81: 457-465.

Wheeler, T. L., Vote, D., Leheska, J. M., Shackelford, S. D., Belk, K. E., Wulf, D. M.,
Gwartney, B. L. and Koohmaraie, M. 2002.  The efficacy of three objective systems
for identifying beef cuts that can be guaranteed tender.  Journal of Animal Science
80: 3315-3327.

Wulf, D. M. and Page, J. K. 2000.  Using measurements of muscle color, pH, and
electrical impedance to augment the current USDA beef quality grading standards
and improve the accuracy and precision of sorting carcasses into palatability groups.
Journal of Animal Science 78: 2595-2607.

Wyle, A. M., Vote, D. J., Roeber, D. L., Cannell, R. C., Belk, K. E., Scanga, J. A.,
Goldberg, M., Tatum, J. D. and Smith, G. C. 2003.  Effectiveness of the SmartMV
prototype BeefCam System to sort beef carcasses into expected palatability groups.
Journal of Animal Science 81: 441-448.

Xia, J. J., Berg, E. P., Lee, J. W. and Yao, G. 2007.  Characterizing beef muscles with
optical scattering and absorption coefficients in VIS-NIR region.  Meat Science 75:
78-83.

Yancey, J. W. S., Apple, J. K., Meullenet, J.-F. and Sawyer, J. T. 2010.  Consumer
responses for tenderness and overall impression can be predicted by visible and
near-infrared spectroscopy, Meullenet-Owens razor shear, and Warner-Bratzler shear
force.  Meat Science 85: 487-492.

Young, O. A., Barker, G. J. and Frost, D. A. 1996.  Determination of collagen solubility
and concentration in meat by near infrared spectroscopy.  Journal of Muscle Foods
7: 377-387.

Scientific Contributions Cont’d..

25




