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Abstract

Taking Zunyi black tea as the research object, the Black tea grade discrimination based on visi-
ble-near infrared spectroscopy technology was used, and the discrimination effect of the identifi-
cation model on black tea was examined. Firstly, the obtained raw spectral data are preprocessed by
8 methods such as SG-Smoothing method, multivariate scattering correction method, detrending
method and so on. Comparing these eight spectral preprocessing methods, the results show that the
partial least squares discriminant model is the best spectral preprocessing method. Then, the com-
petitive adaptive re-weighting algorithm, combined with the competitive adaptive re-weighting al-
gorithm and the moving window method of continuous projection algorithm is used to filter the
spectral characteristic wavelength variables of the entire spectral region, to establish a partial
least squares identification model. After comparing the evaluation indexes of model quality, the
results show that the partial least squares method of the SG-smoothing pre-processed spectral
data combined with the competitive adaptive re-weighting algorithm is the best way to select the
characteristic wavelength and establish the identification model. This method can identify the
grade of black tea more accurately and quickly.
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1. 518

FEFE 2000 4 B F AR TR 2 -, BILAE O 2l A 1 5 5% b o 272 o B AL ST Ok}, 2 B el A 5 .
FRBEIAER NAR B RAEM PTG, e RUEAR A N AR I A IEL [ 2 B, SR REAE — B A2 T b R AR AR IR &
R[] B, RETENZM B EETE R R R R R R AT TR,
PO SERA T 2 BIVPA A S A RO DL B AR IR A 2 LR R AR

AL - LA R SRR BA TR R s RRASEIR S [2]. W, FE A AOE I EA] fE
231 min PW5ER. AR K T DA S MR SRAG  ZBL AT LU e £ AR 4, T BRI T
BRI RZRE T WA, RN SLERAG, e, EEMELF[3] [4] [5]. Mt
LLAMGERAR MBI AR L, Bt Schulz ZF[6]F FITZL ANl £ R S & fh fie /N — ik oAb 4 e b 2k £
Py R A0t B, AR WIIE LD ANl AT A gk b o 2 B A E WIS BT s BRa (7R A v o A Fid
BOTVEX RS HEAT AL BE, R I foe /N — VAR SRR, B TR B S BT TIAL B U7 1 R LA R
I ER R T LR R B IR /NS5 A5 [8 R AL £ A il 45 & i die /N —3RVE 73 Bl S 1 R eI+
Kt B B B KR RS K LR T B E RN, RS A

ASCA I ZLAMERE SR AN SR LL AT 40, SR P 22 R AN R (6 1 FiAL 27 ¥20) e
SEGUFIHHITZN . TR RE 2 3E HIUE LA TE 0 M 2 S5 G A AR B 5 2%, DAIK 3 i (AR AR s S A
A FRFE B KSR BUTE AT OGS Bt Fe 4, 55 PRtk e DR A 20 2% S ORI IR o 1 ) 26 S A 2
MAFRIIEED, NAZREFPVRIRE T —FpRIE . = SR8 1.

2. M55
2.1. ISR
Avantes 2\ 5 4 72 1] Avaspec-2408 FrifE A ik A%, Wl & i 2y 400~1000 nm, SR KA 1 i i R B
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Figure 1. System diagram of the experimental instrument

B 1 KRR ARGRER

2.2. BEmHIERIIERE

SCIGRE SN TRR NARY, RMERSS N M=, ARG 40 AR, IR 120 4
BEAS o 8 AP REASR FE MUY B 2R REAS,  TOE B4R 2.2 om, 157 0.4 om (SR LA . A 1 /N Sz 06 R 22,
U = AT AT A 2 AR IE, SO T RSk SRR R AR BE S 2.4 em. R R SOREE S MR AR
SHEAFEACK AR 3 YO, PA 3 YOG REEE 1 P B AR N R A 1S A AR A% 301 1 Eu il 43 R IE4E(90
U B ) RO AE (30 I FE M) (35 1)

Table 1. The experimental samples

=1 OEEEAR

LLRER AR KIESE subIES
Hongcha level Number of samples Calibration set Prediction set
—% level 1 (C1) 40 30 10
2% level 2 (C2) 40 30 10
=2 level 3 (C3) 40 30 10

2.3. RiETESE

FESEIR T, TN AL, FF S URLFE B0 &5 5 (R 208 RO oG 1S SR 2R I5E RS, ORI A
Je MR FEASOR, AT 5 M G AU B IR I ke M. AT BRGSOy, RS RERRLL, SLIR
K FH 22 P Ak B 7 2O0S TS R AT RN . SRR FH ) TlA B 7 V2 7% 30131 (Moving Average
Smoothing). = # I F- 1 (Gaussian Filter Smoothing). = {f I % 71 (Median Filter Smoothing). #:£3°F
75 (SG Smoothing). % 7T HS 1 IE (Multiplicative Scatter Correction). Zi#(De-Trending). A IF 2328 #
(Standard Normal Variate). 1E3Z{% 5% 1E(Orthogonal Signal Correction).

Hrr, B2 PR A S EUE BT g5 G, n] DL BROGIE i m i & A AR AG[9]: 2 Tl
SR TE A2 8 4y B D B 0 v DG EOE S HDGIRIUE B, IEBRBURL A AT AN 5L SRR W
SN[V = 2R B U e [10], DA m i pfE e bt 2983 R IE R ) T ARME IE AR B AR A 3 IS 1
S, SR IH BRSSO G IR AR [11]; AniE IR ] DLBR BAE AR AT AN 5], R BUN S 061
HHEHIFMI[12]; IERRAE 5 IR RE R MR B sl 0 7S AL A Fi0ill B 77 A AL i A f P [13]
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Sy MTRIAS B2 8] SRR OG0T, SR T R R B S R . PR AL AR B AR DS . BBk, PLSR
RVFBLEMEE R TRASE, X0 T4 &8 8] 1) 22 5 AH I B AR s/ 0 8] )51 o) @ — MR
fiE R TT 5 o

DURE P 7 1) [l AR 2R 4

Y=XB+¢ 1)

A Y @ nx I RMIE R &, X & nxk Frigit5ERE, B2 k<1 EH R E A E, o2& nx1 B
R A [14] .

ARTCRFH LS SN B TR E A DS R B RS . AR SE R AL RS . MIE AR AR iR 2%
RMSEC. Filll&#4 77 f 1% % RMSEP. Hrf, MOCREGE, 7RGz /N, A S0 1 RE R AT -

3. B{RE S
3.1 FRFRHAFRAR - LS HEAFE
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Figure 2. The visible-near infrared spectrum curves of three different grades of Black tea

2. 3N ANEIFRILFRT I - LI5S L

3.2. AETALIE PLSR EELLEE

ILLAM GG TR, ST B 2 B2 BT | Rl SRR . GRS R R T,
N TR AR LUFIE PR AR AR A, BRI R, W TR A . AR SCR A R A [ (1 i
AEBETTVER SR AR U B AT AL B, R SL T AN AR FE 5 N ) PLSR B, BRI R A AR T
HJjvk. WA R ik 2 o LLE W, ST SG-smoothing T b 2 fr 45 A4 2R i
of, LS e E BB RE) 5 9(0.9854), 1475 HRi% 2 (RMSEP) £ 1ik(0.2882). Ak, f#if SG-smoothing
S G RIBAE AT 5 SR
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Table 2. The PLSR/SVMR model of different pretreatment
2. FEITALLIE PLSR/SVMR B 4%

YIZREAR TR A
oA B 7772 Calibration set Predication set
Pretreatment methods 5 5
R: RMSEC R; RMSEP
BRI SG Smoothing 0.9892353 0.0847141 0.985372 0.1004048
% JCHUR R IE MSC 0.9592933 0.2179308 0.928403 0.2881965
FH{E P Median Filter Smoothing 0.9024838 0.3418428 0.689631 0.6115478
%0 F 1 Moving Average Smoothing 0.9384855 0.2715044 0.6706 0.6410697
=73 Gaussian Filter Smoothing 0.9722419 0.1293897 0.96002 0.1560798
% De-Trending 0.8912079 0.3100288 0.80169 0.4247900
P IE A2 #e Standard Normal Variate 0.9555639 0.0112498 0.9307313 0.0141579
IEZ{Z 5K 1E Orthogonal Signal Correction 0.7995838 0.3176799 0.7067301 0.3845197

3.3. FHER KRV

331 ETEEREEENFERKERE

L FIE (SPA) IR I i e s 46 I o B BN TURAS B AR S ARk fpe /M AR B 2 TR R L e, A
i A] DUIE A5 FH LA S5 4 5 SR R 2 B AR D5 B, IS B E & [15].

TEARSZIGH, FIF MATLAB H4ufiE 43 5 M FE P S OGS I K, A ie AR &
HEwmE R, WE 3 FTLEH, I T ASMEERK, BRI A e N R R K B, o
4 413.266, 429.733, 439.133, 443.243, 446.177 #1955.601 nm. BHitt, 5 IAGE S B (1057 AN ERY)
B HOAHEL, BB S BORD T 99.43%, KKfEifl 7R,

80
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Figure 3. The characteristic wavelength extracted by SPA
(& 3. SPA R ER4FAER K&

3.3.2. ETEHMHEENEMNEENEFERCEE

TG FIE MU L (CARS) A& —Fh: Tk IR SCHHME IR 1) “ & AA7” SF R 2 R A i fe /> — 3fe ]
JH (partial least squares regression, PLSR)J7VEMIFHER KM . B, MHZERERY R EMEIE
EHIEPEFEAR, AT PLSR bR, KA EMFEIARBMALEAERS], EFEFREIMEAN LS
PLZBRZR GME/INMAAS R . B B 1048 B 40t 32 98 FR £ 7 72 (Exponentially Decreasing Function, EDF),
el AR K AR B A 1 338 SR 92 (Adaptive Reweighted Sampling, ARS)KE#FeH K, 14T PLSR Z#¥,
DA %638 BLA fie /N8 5 FR AR 2 45 78 (Root Mean Square Error of Crossvalidation, RMSECV). AH 5 (% K
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A A R BT B AR IE B K AR R [16] [17]

fEizs . I MATLAB 4w i CARS F2/7#EBOGIE B s FIRHE K . Kl 4 242HL CARS [HI4F
IEB KA BRI, B 4R N BRI NSRRI LR NEIF LR, BEERERE
PIHEIN, FEAE K E R R 3 M TUZHT 218, Ko AR S HE U A0S R B R R JoRlE PR I
Pl 4(b)H 7 A A2 ELIGIF 35 7 R 5% 22 I R A B s e A AR A B L . RTLAER Y, 7 1~17 UCRAE I 2
H, RMSECV MMEAWT NI, RUGHIEL R LR TR SO RMERTR. R, 7E 17 UCRHE,
RMSECV WMELIZHTIE N, RALETRES R R T SR SRR HEERE, KA FE RMSECV H
M. B 4(c) AR B i i AR & i K AR B A R B . AN TR ) il 2 AR R AN AR A
EIEARE, MR FEO R AR B A, bR S 0T B B D 58 LIRSS 5 AR R 2 AR A
M B RFR AR RFERAE BRI, A RE RS L. iR YE RMSECV /MR, 4eREEIR
oy 17 B, AZHRES R ZEIA B A, SRR BRSO 2000 1R 17 UCRFEE, RETETIE
TR R DAy SR A e ) S AT AR B YR D 5 B A TR S U T B4 RN S BB RO AR 228K, A AR
AN ONEVEES et ibipii
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Figure 4. The characteristic wavelength extracted by CARS
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3.3.3. ETESRMEHBERMNEMNEZE A EER B EENHER %R

BRI TE 4 HIE NN CARS HE 1 kR el AR &, SR )5 R IESHBER AL SPA B IRFEHE
PR, CARS HIETLAHBRILL MG R, FRVERRILE EE R, SPA Bykn] H TRMERFEFEA AL 4L
[18].

eV B T Y R E K an B A s . | 5 AT, JEat TR IR R AR T 11 MNMRFIEE K, 4
N 415.026. 426.794. 429.733. 431.497. 439.721. 445,50, 456.732. 702.249. 823.613. 947.358. 997.753
nm. AT NEURIL, 7EP KL 450 nm~700 nm 2 (8] ARFESE K, T3 X A 3R 19 61 ik
X (8], X FRIIZLAFARE I 2 RSO RFAE3EA T S 204 )

80
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Figure 5. The characteristic wavelength extracted by CARS + SPA
[ 5. CARS + SPA 1R EVHHIER <[

3.3.4. ETBaE OHFHER KX ELESEF

MWPLSR &4 € [ A 1 96 FEAE, sl el 1 96, IR o 1 v B A i ol db AT e e, SR e ik
# RMSECV {EL /M X (8] e R AL BL

AR B FE LB E D 90~190 [IYE R, B I SEEEIRIRG O 10, AEANEI T 1 98 B T g Y SR dn ot
YR I B S MBS R 45 SR 3 s AT LAY, % N 5EREN 180, EEMEACR I, 1AF] 92%.

Table 3. The best wave band and related results obtained by SG-smoothing pre-processed spectral data under MWPLS
7% 3. SG-smoothing AR EHINIEHIEA MWPLS TRIBHIFIERBRREXLER

RS Je R Flem™ F K7 % (Rank) TR 72 (RMSEP) e RERY)
90 798.5~843.5 6 0.4411836 0.7138322
100 770.5~854.5 6 0.3622627 0.8085771
110 772.5~853.5 6 0.3518059 0.8193895
120 777.5~859.5 6 0.3594466 0.8111282
130 779.5~871.5 7 0.2815012 0.8835243
140 777.5~893.3 7 0.2473274 0.9096269
150 760.5~881.5 7 0.2347383 0.9182303
160 755.5~841.5 8 0.3506788 0.8176704
170 752.5~892.5 8 0.288771 0.8939719
180 754.5~894.5 8 0.2189412 0.9289605
190 749.5~840.5 9 0.3357593 0.834475
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3.4. ETHHERKNEEERLER

S Ja AT SPA. CARS. CARS-SPA Al MWPLSR 52925 7 10k (3540 ol 4 Bl AN 4= I B B b AT
PLSR M8, Z5Ra5E 4 P, tHERWTAL, @ PUF BRI R K H , FRC TR B R T
CARS S35 R 126 48 (1) AR AL U8 & Ja 37 PR 2R 0 28 SR S AR , T B AH 5% R £k 1) 1 0.9907358 LA . CARS,
SPA #RFIL MK S, (HEAE BRI @ HAAESNE, — BOR UL BCE AR N 1% FL A B AR 1 8OR
YT, SPA FIRFIEB K S 4EH7E 400 nm /245 11 900 nm; CARS + SPA & inHk i 5 AR K th K3 40 4 o
£ 400 nm /24 s [FIAFER) MWPLSR FITie £EHRFIE B BCA 754.5 nm~894.5 nm; LA b = Ff 75 v Bk izt fR 4 Ak
WA R S8 A 55 B 400 nm 3 1000 nm B, BT AASRE RIS BEASOGIE RIS B . 11 CARS B8k
R 200 MK S e BB R T AN 400 nm #1000 nm B, RS S IR E LIS AL RE R FI(E B . 48
Lo HTR Y, CARS SVEEBIN AN TARER LG HEIFH S NG
Table 4. The PLSR model of different selection method of characteristic wavelength
= 4. TREFHIER KBYIEF S /AR PLSR 1%

YZREEA T EA
AR I K 3 7 A5 Calibration set Prediction set
Variable selection algorithm Variable

R? RMSEC (%) R’ RMSEP (%)

SRR SPA 6 0.9107638 0.243908 0.9060008 0.255425

s 4V BOE N IR CARS 200 0.9921178 0.07249 0.9907358 0.079443
SPA + CARS 11 0.9561416 0.170604 0.94577 0.191747™

MWPLS 180 0.9289605 0.2189412 0.9573071 0.1687067

3.5. HREHNE

R R REA TR 30 fr A i OGS BRI T AR 08, 30 b FEd P& Al —. = =
RIREA S 5 10 3o 70T 6 TN, AR T A S 0 S AR A LS AR S AT LA, 49 B RSB S FME
(ARG R B RS )X H) 0.9907358, &M TS IS T L 2), BRI ET .

y =0.6275 * (sin(x - pi)) - 0.06078 * ((x - 10)?) + 5.947 .
3 |R-Square = 0.9904554

W& Predicted value

1 2 3
K SE{H True value

Figure 6. Distribution of true and predicted values of tea grade identification model

Bl 6. FMHFREANRBMESESHMED 5
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4, 4Eig

246K ] AvaSpec-2408 FRifEBELF H AL, AT 3 AR SR IMLL AT W, - IE 404 e Hds, KA
8 PN [] (1 AL B 75 v A TR G i K, SRS 18 H SPA, CARS, CARS-SPA Fl MWPLSR iX 4 Fhi &
M7 i TRAL B S5 61 Bt e 4 . A BI LR T 4 RPN AR A 5 R, ORI 4 PR RS T AR LF Y
TIRCR, HANEEAE R R EIER] 17 0.9 BLE.

o CARS HEAITM L H LA, RZ. RMSEP 43724 0.9907358. 0.079443, FLJF[AE CARS Bhik 1)
AREKEEE S, RERNRE FEREAGIEER, T CARS-PLSR A F AT 255 41 45l
FITRMAEAY . SPA 5 CARS-SPA RFIE KBk 7572 EAR AR RAR FE LR T il Bdm 4L B, (Heg TH
PRI (A7 RO B AR SE B, ANBESE A RIA KBS B, 7E 460~700 nm 3% BIEHFHERE K £, FTLAH R
EARBEIE AL . MWPLS J7VERIE T BASOGRE S, (EHL R R RERIA R — & D B Rk
EE, MR ZRE, el iR, (HrERT W, - ST ZLAN i XIS B /N R I, Ak
P B AR R, B — MR, g EATR, BT - 246 CARS-PLSR f57%Y
AT X %A 555

£ E&WA
[ % [ SRR 342 (11164004) Fl 5 1 K2 SRT T H .
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