EA4E 6 2
20254E 11 A

ok ok R o R

Journal of Huazhong Agricultural University

Vol.44 No.6
Nov. 2025,59~66

T2, AR, Il 25 IR TR 20D G5 1 B AR M S IR 5T [T ] AR el K224, 2025, 44(6) : 59-66.

DOT1:10.13300/j.cnki.hnlkxb.2025.06.006

B FHEIE L0 ) B R SRR
&Y RRRAL AW |T L R, TR, KBTS

1. e I 38 F BE S UK R T i A TR IT R BN TAEBT L 8 /2T A S B RAT LT, 232038;
2. R AL K F FAA AP R A BT 5 FRA A 4B E 8RR E, A8 2300365 3. S8 R LA IR, A2 230001

mE

AR T BRI, PR IRETH 9% 8 A 4, AT 32 h 25 T RO ZLADE IS 45 & -2 i 2 O 2R

LU ) PR R S i, DARALE W] AT B SRS RS B o DU B AS VU L RUAS T R AL SR AR
WAL 28 NPT 4, 2R RGOSR 2 A G AR AR AR FE OGS B R BIER KB R PR
WA 4K (ant colony optimization, ACO) 8.7k 5 210 AF & T A LAk i 25 A 2 M 01 43 BT A BR 2% > BL (extreme
learning machine , ELM ) J7 ¥ #4 £ B 2% 3 BRI PR 0 A8 S50 R SR ACO #1045 B i BRI IR A ¢
FRFIE P AR D, F B IR 10 A5 S 1) ELM B AR R (%) 1E 4 0 51 %k 97.5% . WFIR 4 SRR, JLF i
LT AN LS B A2 T2y o [ P J2 B8 7 XA S A Hh B 8 B R 4 S R (L

KA
mESES S571.1  XERERIRES A

BENEN G KW AR R BERE T s K
AR A2 2 — 1 B L SR S B R Ak, R
AR AR O, AL IR 2 B R K E PR
EECH T ST BRI 5 5 5 AR IR R 2
e A TR = i T S L 1 2 L R
YIRAE G LB AT I E Iy s 44 %5 A R e
I TR REAAR . BRI, Bk 2= B 3 T 28 2 DL OEIE 1l
Hb A LR B S YRR E X FIE S E e
JEARARLYE | by 255 I 1) Joi 2 10 455 38 A 5 24 1) ok
TE RPN . A% iy i s 25 e L ) i
AR R, IS IR 2 B VI OE . (G50 0 SRS I b
PEA 5 B MO PP AR T 1 5 32 i A
RE , PSS R = v AR M5 B M EER,
PRI, e — bt 26 0L 1) 43 A 12 A S I R %
by B VA S A E AT o

i LA E], BN R T 280k o b
HOR LA B2 0 EZ R I AT AN 4E5%E . Yuan
SR T 8 5 2 0G0 4 i R B A A
PEAT TP o Ly S0P F ORI T 1 230 4 7 i if
58 7 E RS AR R s S PR . AR

Wk H 9. 2025-07-10

WANT LT AN s fbFi i BAS Mo Em iR ; WAk
MEHRS  1000-2421(2025)06-0059-08

M, 36 7 V30 TR A 2% FERT A K . IR Z0AMGE
(NIRS) H AR EA P Teit s R s, S AEAR L
5 SRk AR B I N AL G RE R ko
SR TR B BRAERR AR ) LR L AT M
WSRE AR T C—H.O—H . N—HAH S—H%
SN E SHGRIES  XEFESERET
R it A2 2H AR A [, AT RE 8% Ji It H: P 98 Ak 2 45
g B, EAT, AR NIRS FE47 25 - b 2 3915 19 BF
ROA WA N ZHEE T T L5 MR E .
MAINIRS B Skt a2 g &, LTI TR
PRI AT , ATy UL SCHRIC 2K

LR & 5% (simulated annealing, SA) J&—Fh
BT RACSE R R Tk itttk oo s kB 07
O G 1 By FEHL R 2R A B AR GE R G R Y H
SRALAHIS . XA R b, SA 3232 e A i il H A R
BT, DA 32 AR 1 dme/ NI EE (Bl H b pR R, ok 512
PERE 2R . 75 SABIEBFT R, B KRR
B E N 20, AEEA RIFM R RET . C
7z 0 T S AT M A AR I i B 25 RN 2 5 Ak T
BT ok B A Ak B ¥ (particle swarm optimiza-

AW 5K E W &0 H (2021YFD1601102) 5 %8 #04% b K 2% A5 44 A 5T A1) 37 5 % U8 ) T 4 1 31 00 50 50 =5 JF ik &
(SKLTOF20220127) ; %88 w1 HARBLEAIF T 5 5 301 H (2022AH051590) 5 #E g TR H-R159 H (2023A314)

{£7" %%, E-mail : rgx@hnnu.edu.cn
BFMEH RIEAT, E-mail : zzz@ahau.edu.cn



60 LRI I NI <3 4

944 %

tion, PSO) V2 — B AR X 35 850 44 DL Ak H AR B0 T
B B RS R AR A S AT Y K R RS E
VE B FRZS [ AR SR i B — i, NS KL RERE S
T YRR AT Ak, IFAR 8 00 Ak 5 1k 1 Jit B o i) A8 )
LA Bl R TE R — A Ee A B R4 Ry S L L
B AR A2 3 R R AR R A R
W HEAL AL (ant colony optimization, ACO ) 357 & —F
BT WORE F AR AT N RO L R
FATTIE T W 6 AT R I, & G 0 A I
— DRI RS, BT LU AL R (E B ROk
AR A 13 12 0 MR 0 SRR R ) ) 455 S8 R B3 b
il ok TR B AR, LI BR R S BT
e, AR BT AEM AR (teratively variable sub-
set optimization, IVSO) J2& i Wang 2517 41 i i) — Fif
DT AR R 7 K 5 1, R R T R /> AR AR A (1 [
I ZR R e A — AP O BB R T A IR
AT A B ) e DL B S X Bl R EOE AR K &
i, A B 3 ol 5% i B 3 2 b 22 LA Bk g0
LDA J&—F0 o NHI ML 2= > B, T 28R
ST S R R ik BN T 2 R A, S
it S 5 T LA A R R B 3 ELMJE—
Tl P [P 2 T I P 2 I 25, v IR T S A 2R I 4%
1 YN 25 B 4% A5 Bk 5, B AT B B T A 4R R 3 i
TR,

AWETE LA Z B8 U HE 22 s W P 22 1k R
R AL 75 1% 28 BT R 4, 38 08 NIRS 45 4
SAPSO.ACO 5 IVSO S5 57k L B 2 41 531 43 #r
(linear discriminant analysis , LDA) F1#% FR 2% >J HL (ex-
treme learning machine , ELM) J7 % , F¥ % Hb 3 537
SRS, LLIB S B RS 7 DY A R ) 4 At
B AT B SR 7 04 R
1 MHBEFE
1.1 R dre

IS 72 XA SR T A () 85 0 1) B 2%
DUV HE 22 980 4% | 150 R 4 Ak RS RN I L 7 1 45 A5 B
AEARLAY BE S 7™ i, B 0 R TR T 5 B VR 45l i
A RN ) 22 gk 1 20l A PR W) I R e Ak R
A A B2 /] A AL 220 25l A BR A w] L H 3t
1206y, BEAh 2RI 306y o O 1B DR PRASAE: it Y S5
W HARAFAE — 20 CUKAE Y, Bhite— 254307
1.2 KR

Hornerl0GT # Android £ g T-#L , R IIAE Hy £

ARABRA ] s NIR-S-R2 BRI LT AMETEAL, I &
75 InnoSpectra 23 7] ; AR224CN #l 24 B i 1 K,
g B AR A FR 23 7] s BD/BC-203KMD (E) 74
LA, SEM A B A PR 7] s BHL-125B A H
PR TR, AR A IR A E]
1.3 HiZEESIHKE

ARG 1 4 A 5 e S 1) 18 NIRS 3R 4 2
ZEREROEIE(E B, R NIRS Tk 37 v ) HitE 47 1
Qb B 38 R IR K B 3 AR RS SR ) Bk T
fAT Ao AT ARG AN K B 5 43 i 29 75
58.26.5 mm, NP K/NS BARAHIT . 76k 4T,
FICIEAL AL 10 min, Z 5T GETHLAVIE T
ifie, il 0 5 A T . R R R
BL AR HE A T 1 19 48 7 2 B B R AR R, I X
SRAE R Y S S B S A I TR E . R
TR I A B S R BE L 5 A ST AR
FE, Z )5 LA S IR AR AL B 1 - B (B AR iz i )
RIETEEE . 15BN ERE DL CSV A% A 75 fE
FHLH, PR A B AL A T AR
1.4 StifsbE

FE NIRS 73 B, % [ 46 S i 5 4 10 Ak 34 B
FHETF % B T A, B o AT Y AR SR R T
TG REAY f5 B I B NIRS 25 5 52 #7535
BLe R A i 2, Y T Savitzky-Golay (SG) -
TR TRUAD 3 XS A R O O R AT A B, DA SR
A R A RRAE R RS . SG M i 21 2 Oy A
R sl g 11 rf R S50 AT fe/ N 3R M5 B LA 1Y
— B8, F T bR SRR B 4
FE b B R ARG TE 5 SG AL FEGIE UL 1, & 1A
AR 2 2 A A B B AN [R] A R I i 0, 9
b 38 B 1] L 1 P i e TR AR v 5, R
SG AL R b T M AR LR RS | i P A B s
AR TSGR
1.5 1REIMHEBEIFEM

SR VEAfY A M P AR A M B A L A R
T £E F) TE B ) 51 2R (correct discrimination rate , CDR)
e VTAR B ) TIOR8 ) o — R UL, — AT B H
TSRS R A7 55 8 1) CDRAE (A2 H Cop o), 1
WHEINENT

Nepr
N,

Horfr, Nepg A IE /S50 FE A 19 15 80 £ 185, N,

SRy B AE /B FE AR Y SR b R B ¥ R Matlab

Cop= X 100% (1)




4 6 3

1B 8% 45 FET RO LLAGE Y B2 P R 5T 61

% 5% Absorbance

3
900 1100 1300 1500
Ji+/mm Wavelength

1700

2 56 Absorbance

0.30}

0.25
900 1100 1300 1500

#/mm Wavelength

1700

1 HEREHLEE AL SG s E LR (B)
Fig.1 Original spectrum of the sample(A) and spectrum after SG pretreatment(B)
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Fig.3 Characteristic wavelength selection operation statistics chart
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Table 1 Optimization results of different feature wavelength selection methods

ik PeRAAL AR E AR R EE
Method Wavelength Optimal objective BEFR K /nm Selected wavelength
ctho number function value

985.61, 1029.38, 1033.11, 1189.16, 1254.42, 1272.79, 1284.21, 1294.44, 1 326.04,
SA 20 0.003 7 1358.37, 1403.39, 1406.65, 1416.42, 1436.90, 1477.34, 1593.51, 1618.39,
1625.30, 1689.31, 1695.03

1024.41, 1067.65, 1083.57, 1094.54, 1151.19, 1199.75, 1 276.22, 1 297.85,

PSO 13 0.003 1 o o
1322.67, 1422.90, 1532.59, 1679.75, 1 697.88

957.80, 978.05, 1060.28, 1 083.57, 1214.97, 1497.30, 1574.41, 1615.42, 1 640.03,

°C .
ACO 10 0.003 7 1697 88

901.49, 905.36, 937.43, 941.26, 961.61, 965.41, 985.61, 989.39, 1060.28, 1 121.19,
1211.47,1228.96, 1232.44, 1247.50, 1262.47, 1272.79, 1284.21, 1 291.04,
1294.44, 1315.93, 1333.88, 1343.93, 1358.37, 1399.04, 1403.39, 1406.65,
IVSO 58 0.308 2 1409.91, 1413.17, 1430.45, 1454.01, 1477.34, 1480.50, 1483.66, 1 503.57,
1506.70, 1509.82, 1526.40, 1545.94, 1565.30, 1568.34, 1574.41, 1584.49,
1587.50, 1590.51, 1593.51, 1599.51, 1603.50, 1609.47, 1615.42, 1631.21,
1642.97, 1646.87, 1649.79, 1655.63, 1664.35, 1679.75, 1695.03, 1697.88

2.3 ETFRiEFENEFXMIEWRERERGE PR BERRAE 19 LDA A1 ELM 43 258 70 45 11 4% 0 L 3=
T SA . PSO ACO MIIVSO B EMAL SG fiihh 2. F245 R BIR , FER IELE TN EE b G ELM #&
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Fig.4 Feature wavelength visualization diagram
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Table 2 Discrimination accuracy of classification

models constructed based on spectral features

and different chemometric approaches

3 : /0 Sl /0
o SH Rkt /70 SR
Calibration set Prediction set
Model Parameter
(n=280) (n=40)
SA-ELM nn=32 100.00 97.5
PSO-ELM nn=13 97.50 95.0
ACO-ELM nn=16 100.00 97.5
IVSO-ELM nn=9 100.00 97.5
SA-LDA PC=5 90.00 87.5
PSO-LDA PC=3 93.75 90.0
ACO-LDA PC=3 93.75 92.5
IVSO-1.LDA PC=2 96.25 92.5
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Geographical traceability of dark tea based on miniature
near infrared spectroscopy
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Abstract A rapid identification method for geographical traceability of dark tea based on the minia-
ture near-infrared spectroscopy combined with chemometrics was proposed to provide transparent and reli-
able traceability information about the areas of producing dark tea, standardize the order of tea market and
protect rights of consumers. The miniature near-infrared spectrometer was used to collect spectral informa-
tion in situ of dark tea including the An-tea in Anhui Province, Tibetan tea in Ya' an City of Sichuan Prov-
ince, Anhua dark tea in Hunan Province, and Chin-brick tea in Hubei Province. The simulated annealing
algorithms, particle swarm optimization algorithms, ant colony optimization (ACO) algorithm, and itera-
tive variable set optimization method combined with linear discriminant analysis and extreme learning ma-
chine (ELM) method were used to construct a geographical traceability classification model for dark tea.
The results showed that the accuracy of the ELLM prediction model based on the 10 characteristic wave-
length information related to the geographical traceability of dark tea extracted with ACO was 97.5%. It is
indicated that the combination of the miniature near-infrared spectroscopy and chemometric methods has
good practical value for the geographical traceability of dark tea from major production areas in China.

Keywords miniature near infrared spectroscopy; chemometric algorithms; dark tea; geographical

traceability ; ant colony optimization (ACO )
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