13 % 452 1 4 i A A Vol. 13 No. 2
202241 A Journal of Food Safety and Quality Jan., 2022

EFEM, ROFK, BT, HF %, @iEe, kO, & 4L
Ch b R B R B AT R A w], dbat 100016)

B OE: B & inasMe stk (near infrared reflectance spectroscopy, NIRS )RS I i S5 I 4% .0
DIROR R S BT )ik, a3k R TR M P4 M 2% (radial basis function neural network, RBFNN)ff
Jrk, A HeEE T 2 THURE IE (multiple scatter calibration, MSC). Frifi IFE A48 #i(standard normal variation,
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AR, G T A RS, ST TR A D /N 3R 7 3 (partial least squares, PLS)E A | 45 5R
R % RBENN FeZith PLS Jr i RIACRHTAF, 55 A1) PCA-RBFNN BRIAALL, ASBEFER TR
ICA-RBFNN R 25 JL 0 iy, #5700 N7 B0 IREE A9 AH S R4 R /2 0.87, THIAR (W 2% (root mean square error of
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Rapid determination of oligopeptides content in collagen peptide powder by
near infrared reflectance spectroscopy
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ABSTRACT: Objective To establish a method for the rapid determination of the core functional components
oligopeptides content of collagen peptide powder by near infrared reflectance spectroscopy (NIRS). Methods
Radial basis function neural network (RBFNN) was adopted to establish the NIRS detection models, the spectral
preprocessing methods were compared between multiple scatter calibration (MSC) and standard normal variate
(SNV). Principal component analysis (PCA) and independent component analysis (ICA) were combined to extract
feature information, optimize input variables, expansion coefficient and other parameters, and establish the detection
model of oligopeptide content. At the same time, in order to compare the advantages and disadvantages of the
method, the corresponding partial least squares (PLS) model was also established. Results The nonlinear RBFNN
models were better than the essentially linear PLS model and the proposed ICA-RBFNN was more efficient than the
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conventional PCA-RBFNN. the correlation coefficient (R) and the root mean square error of predicition (RMSEP) of

the model was 0.87 and 1.71%, respectively. Conclusion The established model is accurate and the NIRS method is

promising for determination the oligopeptides of collagen peptide powder quickly and efficiently.

KEY WORDS: near infrared reflectance spectroscopy; oligopeptides content; radial basis function neural network;

principal component analysis; independent component analysis
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Fig.1 Calculation structure diagram of RBFNN
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Table 1 Content of oligopeptides of collagen peptide powder
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Fig.2 Original spectrum of near infrared reflectance (a) and spectrum after SNV processing (b)
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