Vol 41,No. 5, ppl441-1445

.5 oW ¥ 5 Ot i 4 oW
1 H May, 2021

Spectroscopy and Spectral Analysis

BEEVNHRFEIFEEMHEE NIR EE5 TP EIMNH

BRAEA, WA, SR, HAHY

Lo MEbRE TR 2 A2 e, T8 HEbk 541004

2. KRB b 05 S AR S O CREAR BTG . )04 Rk
3. JEEB MR BE . )TV BN 535011

Ao JTINAER 2 BE R BL 2 2. AR T

541004

511300

OE RJTIELLAN ONIR) S i PR i AR 52 B %k i il 2 1 5 9 2 BEAS 0 . F 90 3435 1) & AL (SVMD AR B 2
2IHLCELM) 2 HL 27 2 5 B (e R A0 7 b 9 S T . &5 AW 2 BT BOR . il S 878 & SVMI(LV-SVM)
BUFNE AL it ELM(LV-ELMD AL, 3 iof 9 19 A2 fek DS BRI WL 6 2 ) Q2 MO 196 fle s » 52 B B 40 o 4 A
P& 2% 21 RS B0 RS R AL . I8 T A — S HE— WAL, R 2 b 4R R AR 2 Sz il 28 19 B2 i) NIR 43
M By, B2 508 ShFE i = 2k B 20 00 1 45 4 s T 25 2R o 25 UE S MR AS X Y AT G I - SR s
PEARAR T R T 03 R R A AT B BT AN . LV-SVM gt B {7 88 10 36 11E 58 T0 48 7 AR TR 22 S 6. 797, X R 4 i)
R TR XY 5 R 22 0 8. 384 LV-ELM g R I 1 ) 36 3iF A8 T50IN 24 O A 250 6. 118+ b o f) 00 3o 2 50 00 1y
TR ZE Dy 7. 837, 5 MMM e/ R (PLS) J7 ik A L8, LV-SVM #1 LV-ELM 77 i £ 4% 5 47 19 B 45
o BGUE TIR AR REHLAR 2] N IE TR LD E B AT R R B OEE . 5 AR BN TS ] 2 B A o v 45 A

oy R

XKW NIR 6% WimE; A SVM; ELM; AR H AR

FESES: 0433.3 XERFRIZED : A

5 "

W 5 A 5 O B4R B O A 7 R R B A R
KARFIANTHGERE Bk M 2 3 52 8 AT %00 G T .
JERCAT AR TR OBt 2 — IR Ry R %, B 2 AL A
Wi, BB R R AR TR D AR AR RE A
EZRS o T AR IR BRI Ly i . A [ A
S M B S B AT AR — R ZE S A TN MEEE B A
{1 6 00 2 2 LU B B 1Y 2 6 2 9 R T Al 2 A T AR
A RR G, AL AR A S G . R RE R
A b2 TS 3 00 A T 0 TR AR T B J .
R A 8% i 1) 6] 6 10 28 5o R v S T G S TR N T — S £
BEANGA) T T HE PR B AR AR S I T B R .
s 3Rl bR A 0 e AR oA S S ol e P 5 A G LA
R A2 E L

WA B 2020-06-23, {&iT HER: 2020-10-08

DOI: 10. 3964/j. issn. 1000-0593(2021)05-1441-05

BEE AL B H AR A &R, 6 YA £ A 32 B H
Tl . &, EEHE. EYESRS8CT ., 3T s
(NIR) S LG Pk o i . TGk . SERT ek . £ 41 4 [ i
O3 M7 B 5 A B S ATl A AT O S 4T A 6 T Y 43 o
BREZARELEDRER, TR HF I R¥ T ENHR
FIR A . ST 264E, NIR 4347 BOR 78  ah A7 Mk 0 B 32 i s T
B R T LT A 6T S BT R AT 4 R TR A T R
SRR, W T A (MLR) R /h — e vk (PLS) 4
BB S BT  T B AR BB B E AR T R R
P A RE TSR AR RS BT  TIH — R AL i 2
YT A0 IR AL(SVMD L M 2% CANND | # [ 2
SJHLCELM) 5, JHF NIR J6i A 76 i 4041 7 T BUAS B
T (R T AR . B 0% 4 oo A5 R TOUIN RS B 1) R A SR RE T HLAR
2 3 J7 B AE NIR G347 o iy w47

X S A M R SR ) B TR A A I 1 NIR O %
RSP, SRR SVM I ELM Jy vk 45 A& V8 245 i 4 R ik

ELWAB: EXARESIEETH (61505037), 794 H{ R B33 410 H (2018GXNSFAA050045) , J7 4R 4 ¥ 3 5 A% & 4F B3 A A 2850 H
(2019KQNCX213), J7Z< 44 4 3 = A G 1 L35 H (2020 WCXTD008) ¥% Bl

PEZ B : PRAE ST, 1983 4F 4, HbRHE TR 2 3 2 e 4%
* T8 IHAEH e-mail: shy2002021(@163. com

e-mail: hzchengut@ foxmail. com



1442 i 2% 5 61 43 Hr

CEENE o

FTHERE . TIIEWIRN Jy 12 19 2 500t b s s 2 B 16K 5 8 Ak
B, 254 1 SRR AR AL B, LK BI4R 5 NIR 61 43 47
KRR E . 5% R PLS Jr ik gE A7 Xf L, 95 1 A2 1 Bl o
24 5] D R AR LA SE BT R LT

ISR

1.1 HmRES®EN

W e 174 Gy WKy A RE . R H R B T A T
AR (GB/T 5009. 5—2003) il & B A HE S O & i, fEA
NIR G347 18 2 AL S8 . A R i 0 3R BT 43 & i d /)
9 46.55% , F KA A 73.35% , SFEHIMH K 60.00% , kil
R H 4. 97% ., {3 ] FOSS NIR Systems 5000 ¢l %1 5% %
TSR SR M MERY R REA A T LA 63 . s AN i 5. A&
— AR DU A — R s, T ORI RO 1Y AR IE
TR R (251 °C, BN 45% 1% RH 1R
T BB AN E O RGO AR R S D 3 3l
32 %k, BAREERE R 1 000~2 500 nm, Hi% 5 HE R
H9 2 nm., R RCHE 28 AR AL B . T BR OB ISR R
B 174 ASUiEREA A NIR SE3E & 1 BiR .

1.14
1.0
0.9 1
0.8 1
0.7 1
0.6 1
0.5 1
0.4
0.3

0.2 1
0.14

Absorbance

0.0 T T T T |
1000 1300 1 600 1900 2200 2 500
Wavelength/nm

B 1 174 4~y R B A B NIR ik
Fig. 1 NIR spectra of 174 coffee powder samples
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Table 1 The statistic data of coffee protein content for 6.118, XN Y Ry & 0. 908,
the calibrating, validating and testing sets
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Table 2 The NIR model prediction results for coffee protein

based on the LV-SVM, LV-ELM and PLS methods
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Latent Variable Machine Learning Methods Applied for NIR Quantitative
Analysis of Coffee

HEN Hua-zhou'?, XU Li-li*, QIAO Han-li"*, HONG Shao-yong"*
. College of Science, Guilin University of Technology, Guilin 541004, China

C
1
2. Center for Data Analysis and Algorithm Technology, Guilin University of Technology, Guilin 541004, China
3. College of Marine Sciences, Beibu Gulf University, Qinzhou 535011, China

4. School of Data Science, Guangzhou Huashang College, Guangzhou 511300, China

Abstract Near-infrared (NIR) spectroscopy rapid detection technology was used to determine protein content in instant coffee.
Support vector machine (SVM) and extreme learning machine (ELM) was applied for validating their practicality in modeling
analysis. We proposed the latent variable SVM (LLV-SVM) and latent variable ELM (LV-ELM) methods combined with latent
variable analysis technique. Thetuning of latent variables and the optimization of the key parameters in machines were joint
in-one so that the data dimension reduction and the selection of machine parameters can be both accomplished in one single
modeling process. The calibrating-validating-testing mechanism was used for sample division. The NIR analytical models were
trained based on the calibrating sample set. The model prediction results were generated and saved as a 3D box as they were
determined by the simultaneous tuning of the latent variable and the machine parameter. Then the joint optimization of model
parameters was selected in the way of predicting the validating samples. Further, the optimal model was evaluated by the testing
samples. The optimal LV-SVM model gave the validating root mean square error as 6. 797; the corresponding testing root mean
square error as 8. 384. The optimal LV-ELLM model obtained the validating root mean square error as 6. 118. The corresponding
testing root means square error as 7. 837. Compared with the common partial least square method, the LV-SVM and LV-ELM
methods have better prediction results, which verified the application advantages of the latent variable machine learning method
in near-infrared quantitative analysis. This proposed method is expected for further application in content detection of other kinds

of coffee.
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