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. INTRODUCTION

The quality of red meat, including its colour, texture, and flavor, significantly influences consumer satisfaction, thus
necessitating the quantification of these attributes prior to consumption to meet consumers’ expectations [1]. As
consumers become more conscious of food quality due to higher living standards, aligning meat quality according
to their preferences requires robust meat quality control strategies [2]. Conventional methods, including chemical,
instrumental, and sensory techniques are destructive, time-consuming and inefficient for online application. In
contrast, hyperspectral imaging (HSI) is a rapid, non-invasive technique that has proven to be a promising technology
for meat quality evaluation [3], combining spatial and spectral information. The main aim of this study was to
investigate the potential of using visible (Vis) and near-infrared (NIR) HSI to predict beef sensory and technological
traits, alongside the development of robust PLS-R calibration models to relate spectral information and quality
attributes.

Il MATERIALS AND METHODS

A total of 30 crossbred heifers (17-22 months old) were slaughtered in a commercial abattoir, and their carcasses
subjected to three different suspension techniques (conventional achilles hung, hip tied, and hip hung [4] were
applied to alternating carcass sides). Four steaks of 2.54 cm thickness (Figure 1), were removed from four muscles
per side (longissimus thoracis et lumborum, semimembranosus, semitendinosus and triceps brachii) and blast-
frozen (-19°C) 13-14 days, post mortem. Meat image acquisition was performed on both cut surfaces of thawed
steaks (n=240, Steak 3) using a custom designed Vis-NIR HSI line-scan system (DV Optics, Padova, Italy) in the
range of 400-1700nm. Following meat image acquisition, technological meat quality analysis (pH, thawing loss,
colour) was conducted on the same steaks (Steak 3) and sensory evaluation (7-9 highly trained panellists) was
carried out on adjacent steaks (Steak 2 and Steak 4). The Vis-NIR HSI system used in this study, captures 121
spectral bands (A) with the spatial size of 780%466 [X, Y] in the visible range (400-1000nm) and 161 bands with
spatial size of 320 x 466 [X, Y] in the near-infrared range (900-1700nm). A white (~99%) and black reference were
used for the image correction. The correction process was followed by the identification of region of interest (ROI) in
the tested samples to ensure valid spectral data extraction. For the identification of ROI, a masking technique was
applied, where the mask was obtained by subtracting a low-reflectance band from a high-reflectance band and then
segmented at a threshold between 0.20 and 1. The ROl image (width x length x wavelengths) for each sample was
unfolded to a 2D structure ((width x length) x (wavelengths)), and within each sample mean spectrum of each cutting
surface was calculated, generating two spectra per sample (one per cutting surface). A final mean spectra was then
computed by averaging the two cutting surfaces spectra, resulting to one spectrum per sample.
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Figure 1 Four beef steaks obtained from each muscle for the study

For the prediction of beef sensory and technological traits, Partial Least Squares Regression (PLS-R), combined
with various preprocessing methods, including Standard Normal Variate, Detrend, Savitzky-Golay 1st derivative
and 2nd derivative, was used. The analysis was carried out using the “mdatools” package (R Studio Team, 2022).
Samples were randomly split by muscle into Training and Testing sets. A Venetian blind algorithm with ten single
folds was employed to calculate the mean square error of the cross-validation (RMSEcv) and the cross-valiation
determination coefficient (R%v) was used to evaluate the PLS models, followed by external validation on the
Testing set, using the cross validation determination of the external validation (R2xt) for evaluation.
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L. RESULTS AND DISCUSSION

Table 1 summarizes the statistics of the best prediction models of technological and sensory traits for the tested
beef samples. Table 1 illustrates that R2 values for sensory traits were lower than those for pH, thawing loss, L*, a*
and b*. The highest R2.xt values, among the technological traits were achieved for thawing loss, L*, and b* value.In
particular, the PLS-R models achieved reliable predictions for pH (R2ext= 0.74, RMSEex=0.08) thawing loss (RZext=
0.84, RMSEex=0.01), L* (R2xt= 0.86, RMSEex= 1.30) and b* (R2x= 0.80, RMSEex= 0.76), whereas predictions for
a* were inadequate, likely due to the narrow variability of a* values.These results align with previous research
findings on beef colour [5-7] and pH-related studies [7,8]. For sensory traits, although the PLS-R predictions showed
lower performance values (R%xt= 0.47-0.51, RMSEext= 0.64-0.88), grouping samples through the developement of
classification models according to their measured attributes, could improve their coefficients of determination [9].

Table 1. Best fitting statistics of prediction for technological and sensory traits on beef samples

Trait Pre-treatment nC R%, RMSE. R%: RMSEq:
pH S-G 1% derivative & SNV-D 10  0.78 0.07 0.74 0.08
Thawing loss (%) S-G 1% derivative & SNV-D 12 0.86 0.01 0.84 0.01
Colour L* None 8 0.85 1.33 0.86 1.30
Colour a* S-G 1t derivative & SNV-D 5 0.51 1.16 0.48 0.93
Colour b* None 4 0.83 0.80 0.80 0.76
Initial tenderness S-G 2™ derivative 7 0.47 0.56 0.47 0.64
Chewiness None 11 0.53 0.76 0.51 0.88

Overall

tenderness S-G 1% derivative 11 049 0.67 0.51 0.73

SNV-D: Standard Normal Variate — Detrend, S-G 1% derivative: Savitzky-Golay first derivative, S-G 2" derivative: Savitzky-
Golay second derivative, nC: number of components in the PLS-R model, R?.a= coefficient of determination for calibration,
RMSE_cai= root mean square error for calibration, R2ex= coefficient of determination for external validation, RMSEexi= root
mean square error for external validation

Iv. CONCLUSION

This study confirms the potential of Vis-NIR HSI to predict certain beef quality traits such as pH, thawing loss, and
colour. The variations in muscle types and suspension methods have contributed to increase data variability,
enhancing the model’s’ versatility. However, predicting beef sensory traits was less precise, suggesting that Vis-NIR
HSI although promising, requires further improvements. Despite this, the study provides initial chemometric models
for sensory traits assessed by trained panels, offering valuable insights for future strategies to improve beef sensory
attributes.
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