FA2E 5 o o 5 06 i o W Vol 42,No. 5,ppl1433-1438
2022 4% 5 A Spectroscopy and Spectral Analysis May, 2022

HEH F PLS-GRNN B = 4 f T £1 4 S 78 48 T fF 3%

Famm'. #h B ZEE BAMR . FRE THET. KERD

Lo RERDL R LS (5 B TR b, MIETTA TR 55 9 5 BAL BT 0 S 00 3, U VT IRJKEE 150028
2. MERUET R 2 i TR e, BIBIT MUK 150028

# E SMERIEIRREIMESEY FRMABLIIAE =50, 2HES F XM EEEA, KR
FRPE B SR E . B BV SRS BRI ik E A f AL F R 2 BAER 2. STt Bk
SR AR 7 L R ) B R s T SR A T, B — b R T T AT AN S B A BT R SR R 2 A A R i L
W T 7= R e LR I R AR . K LI BRI AR = 4R B ORAE DRI 449 A4S, FIA 105 CHERE L BLIR
SE R AR B BRI 2 00 0 2 R S K 43 B SR g I Ak 24 B . R I3 1 BuchiNIRMaster {8 B |25 50
LLAMEIE AR S RE 8 IR . BRI R R B R T I bR R REAS ARG 2 A O i o B AT R
W b 3 X F 43 M e /N 2SR BOCR B G o 230012k FKS 1 SPXY R S 5 B AE LKA A () 20 43 1Y) e A AR A )
C N SANCR S (B URAR ) N A e O S ST 0 S N 1 BN NI O S N R [ B N
% GPLSYXF 4 000~10 000 em ™' 4 3 JF 47 REAE SR I, A3 H K 4. 28 1 5T B U 109 4 iE W e s B2 43 30
4 904~5 200, 4 304~4 600 fl 4 304~4 600 cm ™', fiJF HE . FAAL S & &= ) SCENE A2 R 45 (GRNND i
AT, S 7 U0 48 BB AR dE s dR/NPUEE RIS, 4R EEAT B, SR PLS OGS B in e 4t SRIER 7
3531 GRNN $ii AZE i, 3 3 58 356 TE 0 36 35 1 16 9 45 S B0% 0 N F spread {H. # S EZH 5 & &
PLS-GRNN Fi il #i#1, Jf 5% i) PLS A1 BP SEAIX] 1, & 3 PLS-GRNN #ERIZCR AL, HoK 4. & A5
FIURS U7 B AE R? 4» 3124 0. 976 9, 0.940 2 1 0. 911 1, RMSEP 4} 5|4 0. 091 2, 0. 383 4 1 0. 113 4, RSD
Gy R 0,792, 0.83% M 8. 530 . ELHR NG I 1 TR 158 28 AH X B A Lo AR AR AL VT 2 A o TT PRV B 2 )9 . S0
FBIALT PLS-GRNN I £1 40 56 3% 43 47 I F ORD 5 TR W2 W AT 19, RB 48 FH °F S Br A= 7™ 2ok 782 o 1 3 o

KB ST LGS DRI B/ TR ) S Il U [ 4
HESES: 0657.3  XEIRIRMG: A DOI: 10. 3964/j. issn. 1000-0593(2022)05-1433-06

KA, JE vk 2 92 B A= 7 2o R DR R 0 e o 45 1 7 R
CI— I 2T A 6 if% (near-infrared spectroscopy. NIR) £ R B J&
L P R . Z A R BT B T S AR LR G 45
TR R TR G . 408 2 T A AR AL 3T A5 DEa s B IGE A A = o B b i R MRS L ARk . NIR fE
P, PR, BRFEE, TEATEF LR, W4 KA SRR T TR A RTE L R AR gl it R
RIE L FE & S B ROk, R WAL S Y. SO B LLAN BT EMIEE H R & s Leeson™ 2B 5T T 3 21 48 6 3 43
WA Te bR REA K EET . 8T W (274 . K BT v A 0 Sk 1 A 3 i 5 Fontaine™™ 45 5% F I 41 40 O 33 1 T
Oy BERR . EAER L BOKMEAEY . WIS MRS KAk g, ISR R R R Y B R LAY SR AL 40 40 S ORI
A BTFIIR T 7w . R R BT R AR A A TR R T A R A e 3T S N T SO A K
Az 7 A T R R B ARG 0 R A HLE B B o RO Z0ANE R A TR AL . R TR SE BT A
DA B9 SR BRI i AR A A iR L @R RER R Z R TR E AN TR 4. W SEbRA 7 4 BB SR

&L TmRATEEA B EGIEAZ . BAER 4. e B2 o3 Al I A8 A o ARk E) R L T P 2 5 e R ROR

W is HER: 2021-04-14, 8T HHE: 2021-10-14

EE&TH: HFAKFFEGH LY H(32072259) . B4 [ AFHA 24T H (LH2020C06 1) % B)

EZBIN: L7 HF, 1966 4E4, WA R @l A= TH LS 5 B TR e 0% e-mail: hsdwlq@163. com
* W HAEE e-mail: zhangyanrong 5@163. com



1434 ik 56 4

842 %

AT B R K S Ih I T A P2 4k SRR RE AL, R4S
Tk AR P S BRI AR R SR . 0 R P K 4 . B R R
15 = A R A B ST 3T PLS-GRNN i 35 41 41 43 B 4
B, DIARE A T Sebroin Lol A P A I, KRR TS
B AW 2 S POm . T R SR A T RE K LI AR

1SR

1.1 #HREFENE

A5 B A R 52 B0 A AR ORI B
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Fig. 1 Near infrared spectra of soybean meal samples
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Table 1 Comparison of statistical results of
various noise reduction methods
ESL RS perc err
IV Z W (db6., 2 SRR . penalty BIfE)  0.9999  0.0005
2 RSN 0.9998  0.0016
Z JLHLS R IE 0.9997  0.090 4

o o 1E A AR AR 0.9985 0.1110
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5 R RO S T NS F0E i TR) R LR, T R AR
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Table 2 Modeling results of two sample
set partitioning methods
- e IE & ERIES
ik i R?  RMSEC R’ RMSEP RSD/%
K4 0.9224 0.2391 0.9173 0.2429  2.11
KS HEM 0.9147 0.5717 0.9106 0.5112 1.10
g5 0.8758 0.1540 0.8399 0.178 8 16.83

KA 0.906 4 0.243 2 0.896 4 0.2519  2.20
HEAM 0.9331 0.498 3 0.908 2 0.5223 1.13
g5 0.8524 0.1610 0.8919 0.1450 13.10
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Table 3 Sample partition results

I BEH  RME O RKRME WE bREZ
it HEASE s % % /% Y

KEIE4E 278 9.79 12.82  11.437 0.646 7

Koy

SRR 80 9. 97 12.76  11.510 0.603 5
REIE4E 278 41.2 50.9  46.374 1.4947
EHR -
BURIE:S 80 41.4 49.2  46.436 1.577 7
12 IE 4R 278 0. 44 2.49 1. 044 0.352 1
g}

Bm4E 80 0.45 2,41 1.107 0.3518
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AW 5T K F X 6] W &% /)y = 3¢ % C(interval partial least
squares, iPLS) #EATHRFAF I BE AR BT g 423 IX 18] 43 9 4
20, 30, 40 F1 50 KK 4 T8 ¥ 43 IF 0 4 — A~ F X 1] g 37 PLS
BB, R — 2 I B T SR B /Y A2 B9 HE 1Y U 25 RM-
SECV VR ¥R ARl b5 /ME X R 19 F X 18] BRI Sy fie A A
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Table 4 iPLS waveband selection results of moisture

for different subinterval number

ZHAR R TR R E A B/ om ! R? RMSECV
20 4 904~5 200 0.9269  0.242 4
30 5 204~5 400 0.9241  0.246 8

K5y .
10 5216~5 364 0.9136  0.2626
50 4 844~4 960 0.9215  0.250 9

x5 BEERIPISAEFXEHKBREFRSER
Table 5 iPLS waveband selection results of protein

for different subinterval number

SRR TR BRI E/om T R RMSECV
20 4 304~14 600 0.9396  0.5108

30 4 404~4 600 0.9299  0.549 7

BRI 40 4 456~4 604 0.9287  0.5540

50 4 484~4 600 0.930 6 0.546 7

#x6 [REFIPLSAEFXEHEREFER
Table 6 iPLS waveband selection results of fat

for different subinterval number

SRR F IR IR B em ™! R? RMSECV

20 4 304~4 600 0.875 9 0.170 2
T i 30 5 604~5 800 0. 869 9 0.174 0
" 40 4 304~4 452 0.872 3 0.172 7
50 4 204~4 360 0.8727 0.172 6
Dotted line is RMSECV (8 LV's) for global model
Italic numbers are optimal LVs in interval model
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Fig. 2 iPLS modeling results of 20 subintervals for moisture

Dotted line is RMSECV (8 LV's) for global model
Italic numbers are optimal LVs in interval model
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Fig. 3 iPLS modeling results of 20 subintervals for protein

Dotted line is RMSECV (8 LV's) for global model
Italic numbers are optimal LVs in interval model
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Fig. 4 iPLS modeling results of 20 subintervals for fat
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Fig. 5 Structure of GRNN
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Fig. 8 Predictive effects of PLS-GRNN models for moisture, protein and fat

% 7 PLS-GRNN 5 PLS, BP B3 B xf Lt

Table 7 Comparison of modeling effects between 3

4 it

PLS-GRNN and PLS, BP

SRR BET% R? RMSEP  RSD/% % PLS-GRNN i FI F & M1 B 2 41 45 & &0 2040 6 %
PLS 0.917 3 0.242 9 2.11 3T o R /IN I B TR S 1) O 3% B0 I AT IPLS KR AE U Bt 4R B
Koy BP 0.957 2 0.124 8 1.08 M K 43« 2R BRI i U 0 i A AR IR B 4y 0 4 904~
PLS-GRNN 0.976 9 0.091 2 0.79 5 200, 4 304~4 600 Fl 4 304~4 600 cm ', Wb T HIEITTA
PLS 0.910 6 0.511 2 1.10 G, AR THRIP IR G 48, 8 THIRE, #77T
EAR BP 0.9219 0.4409 0.95 SO =45 & ) PLS-GRNN BB R, 5 PLS £k o455 7Y
PLS-GRNN 0.940 2 0.383 4 0. 83 1 BP A28 FE R 1, % B PLS GRNN KB A 0 A T
PLS 0.8919 0.145 0 13.10 KA B TR B U7 R 00 A XE AR oE 22 RSD 43 i R
JiE W BP 0.909 3 0.115 3 10. 80 0.79%, 0.83% Al 8.53% . BF%¢ % BH 3L F PLS-GRNN it
PLSGRNN 09111 01184 899 LL A AT P T S M TR FT AT 0+ 06 P T 9Bk
FERL R SR . R TSR AR R
B R 7=
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Research on Detection of Soybean Meal Quality by NIR Based on
PLS-GRNN

WANG Li-qi' , YAO Jing', WANG Rui-ying' , CHEN Ying-shu', LUO Shu-nian* , WANG Wei-ning* , ZHANG Yan-rong'*
1. School of Computer and Information Engineering, Harbin University of Commerce, Heilongjiang Provincial Key Laboratory
of E-commerce and Information Processing, Harbin 150028, China

2. School of Food Engineering, Harbin University of Commerce, Harbin 150028, China

Abstract Soybean meal is a by-product of soybean oil extracted from soybean after proper drying and heat treatment. It is the
main raw material for making livestock feed, and its quality determines the nutritional value. There are many problems with
existing soybean meal quality detection methods, such as the use of toxic chemical reagents, complex operation, long analysis
time, so they cannot meet the needs of rapid detection and control in the production process. This paper proposes a multi-
component detection method of soybean meal quality based on near infrared spectroscopy for on-line detection and control of
product quality. 449 soybean meal samples were collected from the soybean oil processing line. The chemical values of moisture,
protein and fat were determined by 105 °C oven method, Kjeldahl nitrogen determination method and Soxhlet extraction method,
respectively. The diffuse reflectance spectra of samples were collected by the Swiss Buchi NIRMaster Fourier Transform near-
infrared spectrometer. Firstly, the Mahalanobis distance method was used to remove abnormal samples, and then the spectral
denoising was processed by various methods. The results show that the wavelet denoising effect is the best. KS and SPXY
algorithms were used to determine the optimal sample partition of different components. In order to investigate the NIR
absorption characteristics of soybean meal components, eliminate spectral redundancy and reduce the computational complexity of
the model, interval Partial Least Squares (iPLS) was used to extract the features from the whole spectrum of 4 000~ 10 000
em '. The optimized characteristic absorption bands of moisture, protein and fat were 4 904~5 200, 4 304~4 600 and 4 304~
4 600 cm ', respectively. Finally, a Generalized Regression Neural Network (GRNN) model was established to predict the
component contents of soybean meal. In order to reduce the input variables and the network scale improve the operation speed,
PLS was used to reduce the dimension of spectral data, and the principal factor score was extracted as the input variable of
GRNN. The PLS-GRNN prediction models of soybean meal multi-component contents were established by optimizing the smooth
factor spread through the cross-validation and compared with the classical PLS and BP models. The results show that the PLS-
GRNN models are good, the prediction determination coefficients (R*) of moisture, protein and fat are 0. 976 9, 0. 940 2 and
0.911 1. the Root-Mean-Square Errors of Prediction (RMSEP) are 0.091 2, 0.383 4 and 0.113 4, the Relative Standard
Deviations (RSD) of prediction are 0.79 %, 0.83 % and 8.53 % . respectively. Although the prediction error for fat is
relatively large, it is also within the available range of the model evaluation criteria. The results show that the near infrared
spectroscopy analysis based on PLS-GRNN is feasible to detect soybean meal quality and can be used for quality monitoring in the

actual production process.

Keywords  Soybean meal quality; Near-infrared spectroscopy (NIR); Interval partial least squares (iPLS); Generalized

regression neural network (GRNN)
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