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Introduction 

 

Although not yet valorized at slaughter, meat quality is an important attribute. For meat industry, 

technological meat quality determines production efficiency and final product quality. For consumers, 

sensory meat quality is an important decision criterium at purchase. Most of the lab-based methods used 

to measure meat quality such as intramuscular fat, drip loss, colour measurements, pH, shear force are 

often destructive, time-consuming and labor-intensive. In order to enable a valorization of meat quality, 

an online estimation of meat quality with a fast, minimal- or non-invasive method or at least 

classification in different quality classes is needed. Furthermore, more information on meat quality will 

also enable further optimization of farm (such as diet, breeding programs) and slaughter management. 

(Hyper)spectral imaging is a promising technique (Kucha et al, 2017; Cheng et al, 2017, Reis et al, 

2018), as the spectral reflectance of objects is determined by a combination of chemical and physical 

properties. Spectral data have a reflectance spectrum on one point, whilst hyperspectral images also 

include spatial information, and represent the reflectance spectrum of every pixel in the image. By using 

multivariate analysis, also more than one quality parameter may be estimated using the same single 

measurements. The aim of this study was to evaluate the possibility of using hyper spectral technologies 

to estimate a set of meat quality parameters with sufficient accuracy using multivariate models.  

 

Material & Methods 
 

The meat samples (n=119) used for this trial were part of a study in which the effect of different sire 

lines on meat quality was evaluated (Kowalski et al, 2018). Measurements were performed on 

Longissimus dorsi (LD) which was collected and sliced 24 hours after slaughter. The 2 slices for 

hyperspectral scanning originated from different parts of the LD, and were stored frozen at -20°C and 

thawed at 4°C before scanning. Reference measurements for fresh meat quality were drip loss (EZ-drip 

loss method, duplicate (Christensen, 2003)), CIE L*a*b* color measurements (L/a/b24,triplicate),  pH1 

(35’ after slaughter, single) and pH24 (ultimate, triplicate) were determined the day after slaughter. At 

scanning, colour (L/a/bscan, eight fold), and pH (pHscan, triplicate) (Meat pH Meter™, Hannah 

Instruments) were determined on the same samples that were used for hyperspectral scanning. Reference 

measurements on other stored samples were  intramuscular fat content (IMF, duplicate), cooking loss 

(duplicate) and Wartner-Bratzler shear force (ten fold).( Boccard et al., 1981) 

Two push broom line scanners were tested, both from Specim (Finland, Oulu), the FX10e™ (VNIR, 

400-1000 nm, 224 spectral bands, line resolution 1024 pixels) and the FX17e™ (NIR, 900-1700 nm, 

224 spectral bands, line resolution 640 pixels). In order to determine the spatial (2D) mask of the Region 

Of Interest (ROI) in the hyperspectral scan, white and dark corrections on the raw signal data were 

applied, artefacts were removed, and with threshold operations, the background was removed and 

sample borders were eroded to remove unwanted border effects (Matlab 2019b™, Mathworks, USA, 

Natick). The spectra in the pixels of ROI were averaged to determine the typical spectrum of the sample, 

the “fingerprint”. These spectra were then combined and averaged per animal/muscle and linked to the 

reference measurements using the Eigenvector PLS toolbox™ 8.7 for Matlab. In order to avoid 

overfitting of the data, 1/3th was kept apart for validation (selected by the Kennard-Stone algorithm). 

Partial Least Squares (PLS) was used as machine learning regression method. In order to remove 

unwanted spectral effects, preprocessing was applied. Model accuracy was then evaluated based on R², 

Root Mean Square Error (RMSE) for calibration, cross-validation, and prediction, and RPD (Standard 

deviation of the reference parameter in the calibration dataset divided by the RMSEP, which is the 

RMSE for the validation dataset). A higher RPD implies a more useful model. 

 

 



Results & Discussion  

 

Useful correlations were found for the FX10e camera for CIE color values (L*, a*, b*), IMF and drip 

loss; and for the FX17e camera for L*, a*, IMF, drip loss and pHscan. Correlations with R² Prediction  

above 0.3, with potential to improve, are shear force, pH24, pHscan for FX10e and shear force, pH24, b* 

for the FX17e camera. For pH and colour, improvement of prediction accuracy can be seen when 

reference measurements are performed at the same time and same slice as scanned. Therefore, it can be 

hypothesized that further optimisation of prediction models for fresh meat quality (24 hours) can be 

achieved by scanning these fresh instead of stored samples. For further improvement, a wider range of 

reference data is needed improve the results, as seen in: Barbin et al, 2012,  drip has a R² prediction  of 

0.89, an RMSEP of 0.87 with a similar workflow, but samples were handpicked by trained experts from 

different quality categories to have a wide range of variation, and the same samples were scanned and 

used for reference, avoiding inter-muscular variation. Huang et al, 2014, found an R²pred of 0.85 for 

IMF, but RMSEP was higher (0.55). To have a wider range of IMF, only samples with great differences 

in backfat thickness were selected, which clarifies some of the differences in our results compared to 

other studies. For data processing, methods using Artificial Neural Networks (ANN) can give better 

results, in some cases combining spatial and spectral info (Zhou et al, 2019).  
 

 

Table 1 Model accuracy variables for meat quality traits based on FX10e and FX17e (R², Root Mean Square Error 

(RMSE) for calibration, cross-validation, and prediction, and RPD for FX) by FX10e and FX17e 
Camera FX10e       FX17e       

Variable R²  

Cal 

R² 

CV 

R²  

P 

RMSE 

C 

RMSE 

CV 

RMSE 

P 
RPD R²  

Cal 

R² 

CV 

R²  

P 

RMSE 

C 

RMSE 

CV 

RMSE 

P 
RPD 

L*24 0.72 0.57 0.46 1.55 1.955 1.64 1.82 0.56 0.41 0.43 1.66 1.95 2.45 1.03 

a*24 0.79 0.54 0.38 0.59 0.91 0.89 1.44 0.51 0.37 0.49 0.76 0.87 0.98 1.11 

b*24 0.60 0.38 0.20 0.53 0.67 0.73 1.15 0.25 0.14 0.16 0.70 0.75 0.74 1.09 

L*Scan 0.88 0.84 0.71 0.99 1.13 1.10 2.57 0.81 0.74 0.59 1.18 1.39 1.69 1.62 

a*Scan 0.87 0.82 0.75 0.42 0.50 0.52 2.25 0.73 0.65 0.76 0.55 0.63 0.57 1.87 

b*Scan 0.78 0.67 0.62 0.43 0.54 0.42 2.22 0.49 0.43 0.23 0.63 0.67 0.49 1.82 

Drip loss 0.62 0.41 0.60 1.21 1.64 1.32 1.57 0.62 0.55 0.32 1.23 1.35 1.72 1.17 

pH1 0.37 0.20 0.10 0.15 0.17 0.20 0.95 0.25 0.18 0.25 0.17 0.18 0.17 1.20 

pH24 0.47 0.40 0.43 0.08 0.09 0.09 1.28 0.45 0.34 0.23 0.09 0.10 0.09 1.33 

pHScan 0.78 0.48 0.51 0.03 0.06 0.06 1.18 0.72 0.53 0.28 0.04 0.05 0.05 1.45 

IMF 0.75 0.51 0.66 0.33 0.47 0.41 1.64 0.72 0.65 0.65 0.37 0.42 0.36 2.00 

Shear force 0.64 0.45 0.36 6.85 8.74 7.02 1.64 0.38 0.26 0.32 8.27 9.15 8.86 1.20 

Cooking loss  0.11 0.03 0.05 2.05 2.16 2.56 0.70 0.02 0.00 0.04 2.18 2.24 1.72 1.29 

 

Conclusions 
 

The use of hyperspectral cameras to estimate meat quality seems promising for a number of quality 

traits. Although the spectra for FX10e (400-1000 nm) have a different wavelength range compared to 

FX17e (900-1700 nm), both cameras show good prediction accuracy for colour, IMF and drip loss at 

scanning. Also prediction of pH at scanning and shear force shows potential. Optimisation of reference 

parameter range of samples scanned, applying the scanning procedure on fresh meat samples instead of 

stored samples and further steps in data analysis may further improve model predictions.  

 

Acknowledgement 
 

This study was financially supported by Flanders Innovation & Entrepreneurship (VLAIO).  

 

References 

 
Barbin et al 2012, Analytica Chimica Acta, 719,30-42;  Boccard et al, 1981). Livestock Production Science, 8(5), 

385–397; Cheng et al, 2017, Meat Science, 123, 182-191; Christensen, L. B. (2003). Meat Sci., 6, 469–477; Galvao 

et al. 2005, Talanta, 67:4, p736-740; Hanson, et al,1963, Biochemical Journal, 89, 101–102; Huang et al, 2014, 

Talanta, 119, 385-395 ; Kowalski et al, 2018, BAMST proceedings, 7-8; Kucha et al, 2018. Sensors, 18:2,377; 

Reis et al, 2018, Meat Science, 144, 100-109; Zhuo et al, 2019, Compr Rev in Food Science and Food Safety 18, 

1793-1811. 


