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Research progress on application of hyperspectral imaging technology in
meat quality of livestock and poultry
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ABSTRACT: Food safety is not only related to our health, but also affects social stability. Good food safety testing is
not only a key step to prevent toxic food from entering the human body, but also an important measure to maintain social
stability. In order to improve the time-consuming and laborious status of traditional livestock and poultry meat quality
detection methods, food safety detection methods are becoming diversified. Many high and new technologies have been
introduced, including hyperspectral imaging (HSI). With its strong detection and resolution ability, it can quickly and
nondestructive detect the internal quality information of food. The spectral curve formed by the toxic residues attached
to the food surface is different from the normal curve, and the change of internal quality can also be reflected by the
spectral curve. From the perspective of livestock and poultry meat quality and safety, this paper summarized the
application of hyperspectral imaging technology in livestock and poultry meat safety detection from 3 aspects: Chemical
index, physical attribute and edible safety index, and summarized the methods of pretreatment, variable screening and

modeling. The shortcomings exposed in the application of hyperspectral imaging technology in the detection of livestock

EEWH: FxARRFEES T (51701133), R AR 41 H (v2021033)

Fund: Supported by the National Natural Science Foundation of China (51701133), and the Graduate Innovation Fund (y2021033)

MBEEE: UUTE, W, BIEEz, FENR 10 R m R SRR N TS . E-mail: suse2021@126.com

*Corresponding author: HU Xin-Jun, Ph.D, Associate Professor, No.188, University Town, Lin-gang Economic and Technological Development
Zone, Yibin 644005, China. E-mail: suse2021@126.com



%214 WO, A ROCIE R BRI T 8 & A dh TR 8405

and poultry meat products were summarized, and the future development direction was prospected, which provides a
scientific basis for the detection of various components in livestock and poultry meat products, and provides a new
reference for prolonging the shelf life of various livestock and poultry meat products and meat products.
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Table 1 Detection of volatile base nitrogen in different meat qualities by hyperspectral imaging technology

PR b A Fi P /nm HEAR ghR SCIHk A

B4 700~750 BP-ANN HER R 99% [22]
B e 400~1000 PLSR Rp=0.92, R.=0.92 [23]
A 400~1000 LSSVM Rp=0.948, RMSEP=1.96, RPD=3.12 [24]
A 400~1000 2DPCA Rp=0.955, RMSEP=1.86 mg/100 g [25]
FW 400~1000 PLSR Ry=0.866 [26]
N XA 470~1000 BP-ANN Ry=0.8030, R.=0.9054 [27]
WA 400~1000 PLSR Rp=0.921, R=0.999 [28]
5 Ay 350~1000 PLSR Ry=0.859, RMSEP=1.060 mg/100 g [29]

P 414 400~1000 PSO-LS-SVM R,=0.955, RMSEP=1.093 [30-31]
g 320~1100 SVR SERHER) 2K 85.13% [32]

SR 22 W 45 432545 (back-propagation artificial neural network classifier, BP-ANN); #/N "3 SZ F5 ] it #l(least squares support
vector machine, LSSVM); 4k & #4357 #7(2D principal component analysis, 2DPCA); i F#E LAk 14 fin Fee /1N — 3 7 35 1] & ML (particle
swarm optimization and the least squares support vector machine, PSO-LS-SVM); #JJ7#R % 2% (root mean square error for prediction, RMSEP);

FIATIMAW 2 (residual prediction deviation, RPD),
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Fig.2 Measured and predicted pH values for validation sets by PLS methods using 4 models
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Fig.3 Beef marbling image extracted manually
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Fig.4 Prediction results of MLR model for chicken tenderness
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