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ETF KPCA 5 KLPP K Wilks it =B =5
=R BRI IR NS £ R ot

B OB, A, TEE, 220

CGHFERE R S AW TR, % FH 471000)

W OE: NSO EES R, Z R T —FZ 5 04T (kernel principal component analysis, KPCA)
5% R ER R (kernel locality preserving projections, KLPP) & Wilks A Ziit & 5 DL & FIRFEI KRR, fEit
FERE EX R S AN A . B, FEREE 5 N 300 N EFEEEARM Z VO E, EH = AR N IEETE R
JEGE G RE A B B AR AR 2 8, JRIE ) SG (Savitzky-Golay) ST dE T FIg FiAbEE . SRJG, X PALEE G A2 66
TEEHE 73 AR KPCA. KPCA+KLPP. KPCA+Wilks A 4iil 8. KPCA+KLPP+Wilks A Ziil-& 4 Fh 7 L4 BURFIE IR
WRFRE R ST . #3E, FRRIE SO BAC M /IN BRI  F 0T B AR REAE e 36 U K i 1 A A 3 AT M =5 4
BT 300 MAEA XA F] 14> 300 47 RFAE B KOG EAE BE . T3, 18 A Fisher )7 43 #7 (fisher discriminant
analysis, FDA) XHRFEJE &G B 5 BESEAT BB 7T 4 @b A, BT 431 FD (fisher discriminant) A% & . EHAT 4 4>
R HI A EE J1IEE] 99% 1) FD AF EAE NS MR A R &, &5, HSCFRENL (support vector machine, SVM) &
LT 44 FD A&, 3 A5 BUXT R T 4 FhRe4E 32 U 4K 7 V5 1) FDA+SVM %00 45 5, L IE #2243 51 9 92.00%.
96.00%- 94.67%. 100%. ZEHRFEH, FrRHEH KPCA+KLPP+Wilks A 48t 5 55 Bl& A5 E U 1 R B S R BE 5 A 20080
D= RTINS RAR TR, HEERAE R G DOCEER MG BRE, SCULT 5 MR 2 &= B 20 . & AR N e 4
T =42 b 1S e B =2 A B B4 Al A e BT B it — 5 O SRt

KRR RO FIAISAT BR G LA BIERS M
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I EAAC R S = 4 5O e pE R I ST S T AT
T s R U R [ 7 R R () 5 e 1 A AT
s 7 B A B KOG IE R E I B R AR
R MEF. HEH. frBmM4EER CERBEEH
PRI F BN, =4 5 B e % 07 BT kb J AL LY
AT ZOGIEAL B . OGRS, Bt ar Bl
TR = YRS BT R EAT B 22 A P o )

REAE B R = 4 5 e i 500 o0 A7 1 S g™, 32
I NS BATTIE MBI AL Tk . AT I SR O )
FHIESHON IR AR 6 1S B 34T RAE,  FF R H X L 24k
AT IR R, BIZ RN TT V5 BE T AN FRFAE Z TR 4F
TERI I FERR R, 5CH e 24 12 U T St 3R A9 v 4
Bln AR e R, IX M5 VR AT DU RICE S 248 K o HE AN )L
T 2 ) TR R AR AR, R TR a2 v A A 1 02K
FE4e B T RGO, A, 2= o 20T i i B R 4y
VRS T WG IR TH B A AR A AR @
PCA (principal component analysis) 5%t 17 6 1% #5 1iF
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FEMOANFEYE, SCBL ARG S 173 S0 ) . {H PCA
FEBEAT Z2 00 480N ORI AN PEAR, DAL, 3T Hods B
Yk J7 1% 3 —FF KPCA ( kernel principal component
analysis) 5 KLPP (kernel locality preserving projections)
Je Wilks A G v 5 5 51 Rl & (¥ 55 AE 3 K 42 s s B4,
ZITIEF] DA RO RSO BHE TR/ M, RS 2 E
{10 %0 HERA 2

AR KPCA 5 KLPP & Wilks A 4t it & 7 5 il
B ITENE N 22 = R PO B R AR B A SR U ;]
FDA (fisher discriminant analysis) &y ) 2 % Jii) 455 70 4y
AW #J5iaf SVM (support vector machine) %772
PR 2 A PP AT A KR . 1% = 4RO IR R IR I K
FEIURIE AL BE 84 R e i BRI U AR, B RESLEL
B A P I IR S0

1 #MR5RE

1.1 # #®

EHOT R . 2 dbRt. BRSNS
ZEATIRE . B 22 SRR 60 MEA, M
BEMLESE 45 DN BONGREE, T8 15 A A R4
WG 225 AMFEAS,  MASEILTT 75 AR
1.2 ¢

TG (VR4 FH 5256 55 A Il 1 98 ok i A, Ak
GERY Je E BV RE SO OCHR [26], FEEAE S H 0
x 1R

x 1 TOENIENEEBHRSY

Table 1 Main components and parameters of fluorescence
spectrometer
# 14 Component 75 Model FKE Specification
F T
Uiﬁﬁfgﬂﬁed LSB—XI150AUV OW, 7.5A, 20V,
WA : +0. 5nm
xenon lamp
WOR FAEAL WORIER: 200~800 nm,
Excitation single ~ SmartFluo—Pro—DZ—J #%&: 5nm, WHKEE M
spectrometer #: +1 nm
. . 1800gmm’, 400nm,
Yl Raster SmartFluo—Pro—DZ—L hil
CCD #u# by REFTEHE: 200~800 nm,
CCD detector SmartFluo—Pro—DZ—P HH: Snm

1.3 RABIERE

TG HLE P 30 min. #8722 FAEA JEF
Je BN B T AR R 47 9 S B0 1R SERT WE R I K
Jul 350~750nm, K 5nm, K S KEE 500~
800 nm, HK 0.4nm, It 81 MK KA 751 4K HHK
KPS 1A RE AR 52 B = 4 0k O 1 4 T B
2.5 min.
14 RACHIETLIE

Xt 300 AN B 25 FREACR A = 4E 53R, 153 300
A 81x751 WIBARHIFE . R AR GIE i 22 24 R = 1)
M P AR T, DR T R A G B HE AT AL EE
K = ARV R EUHTY, i SG (savitzky-golay)
P T R AT R A FEOY 48 SR ) 3 B vk
KRR mE 1R,

Ak # FRBURHIE A B PRHURHIEBUR B ISR %)l
T INCT
> KPCA KPCA | FDA SVM
-+KPCA+KLPP KPCA+KLPP—( FDA SVM
VNS A ;
Hopm| | H HEE §
KPCA+Wilks A KPCA+Wilks A| | [-—1]
: - o= - SVM
Tl ite gite | AT
KPCA+KLPP+ KPCA+KLPP+
T Wilks AZEi Wilks AGt 1T DA SYM

VE (Note): SG My savitzky-golay, KPCA ¥ kernel principal component analysis, KLPP >}y kernel locality preserving projections, FDA A fisher discriminant

analysis, SVM 4 support vector machine, T [A].

Bl E&25EARAER

Fig.1

1.5 4FEHEEN
1.5.1 #3EMSYe7rik

BB IEAEZ DB m, FERANECN n EE £
X=X, X ER™ . AR AR X I JE 1 BT o(x),
e 4 0y 4 2 A JUR AR ©(X)=[o(xy), 0(xp), -, 0(x,)]0
KPCA+KLPP+Wilks A i1l &7 iRl & 5k m B 2@
TR A€ R™ ¥ v 4 25 (B 50 ©(X) #8352 2] d(d<m) 4
], R Y R R Y=, 0] R

Main methods and flow chart

Y=A"®(X).

KPCA e84 i 42038 1 4 Joy R A AE A28 7 |) ORH5F ,
FEARRMERR PR ST 55 B 2 B AT R AF e
B A, M) KPCA B HARERE Frpea N

1 1
FKPCA(A) = max —YYT = max —ATq)(X)(DT(X)A ( 1 )
n n

i n RoRFEAAN L
KLPP 574 G898 OR A7 B dfs DAL Ja B AR el #g, - [RIS
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REDLECAIL A, KLPP (0BRSS Fyyer 9 _ .
|M|

Frpp(A) = min ATOX)LOT(X)A @)
K L AR H R . R RE K, ER™
Kij = K(xlaxj) = p(x;)- ¢(xj) = ¢T(xi)¢(xj) (3)
PR WA R L
K(x,y) = exp(—|lx = y|/5) 4
NP O E Tk, A
[6e) = )" = (B0x) = Pe ) (@) — B(x)
= (" (x) — " (x))(b(x;) — P(x;))
=" (x)d(x) — " (x)p(x)) — " (x))P(x;)
+ ¢T(xj)¢(xj)
=K.-K,-K;+K;;=2-2K;; 5
KPCA-KLPP &k H b RN
F = FKLPP(A) - FKPCA(A) = AT(D(X)L(DT(X)A
- %ATCD()_()Q)T(}_()A
st.ATA =1 (6)
A s t RIRA R, T NRAIRE,
K B H BB NHER (6), WTER):
L(A, 1) = tr(A"®(X)LO"(X)A - %ATQD(X)(DT(X)A)
~AATA-T) @)
O tr(-) AR . 3 (7) XF A F A 55k 545
g—j = OX)LO"(X)A +(ATDX)D"(X))"
- %@(X’)(DT()_()A - %(Ach()_()d)T()_())T -21A
=20X)LO"(X)A - %(D(X)(DT(X)A —21A=0 (8

a—L=AAT—I=0 D)
oA

M Z, 4A=0X)Z. N (8) Al itk A
OX)LO"(X)D(X)Z - %CD(}_()CDT()_()(D()_()Z = 10(X)Z
aom
430 (10) Wil A 0 (X) AT 15
OPTX)DX)LD'(X)D(X)Z - %@T(X)(D()_()(DT(X)@(X)Z
= 10T(X)OX)Z an
EeSHIEIEC
KLRZ—%KKZ:ARZ (12)
K K2 O FIAZHRE . W] KPCA-KLPP 5351 H AR
R (6) B E AN (12).
Wilks A Suit & B A 50 AN [FAE A o R &N AR S )
HIAEAPY, Hit s

Ko DA RS R A R AN B E, M
SRR B 2,

AMEBUNR R B A 2 5. @il sk (12)
$iMERLRZ — L RRAVEFE RO SURAL A3 5] 4y, 7.
2 T ECH L REE 1R 1, £, XA 1 AL 0
FE T=[t,, t,,..., t,] OGN N Wilks A Giih i, FE M
Wilks A M NBIRBATHET , AP BRiE H T d ANRFAE )
BHRAELE Tt t,..., 1], A CX)HHUKRLEL A

Y =AT0X) = T,0"X)dX)=T,"K (14)
o Y R 1A B 4

KPCA i\ KLPP [f A8 5, I8 5 IR E =
Vi) ] B 8 o i e 5 A 2 i) 10 88 A 43 ) AR i 30 30 408 45 4 »
BN Wilks A Goit s AT HEP, REOE 18 )5 2Epkik Hi
RRAE % K L F S R
1.52  RIEHIBAFIER RIRIBEAE

AL FRAE 3] 5 A4 300 A4S 81x751 I =4E5¢ 6ok
TERIEH RS, S AT H 60 S = 4E 5 66 B
% R BH KA I8 5 > 4 860 (81x60) x751 MR
B, K S B0 B R KA SR8 14 24 300
(81x300) x751 1% RERS,

43957 Fl KPCA. KPCA+KLPP. KPCA+Wilks A %t
it & . KPCA+KLPP+Wilks A 4t it & 4 FhE kb F &
JE AR RE, PR Bt TR R IA B 99% R IR KA AR
TER S Ko B RS AE A S K F ROR D K B 9F
1 ANBARFERE CH R = 1 B T fE —2 ), F4 51
4 FhEVRACEZAE R, SRS R R STk R IA 2] 99% 1
R WA AR i KB

W IR 4 B 045 B RRE SO B K N B K,
67 LS 7 ) AR I A S I K o' T A R AR B 8 AT 1)
B, &, 1300 MEAH, H KPCA 5 KPCA+Wilks
A GEt BT & AFE) 1A 300%320 4R AFHE R AE N IR 44
YT CHAR RIS R H KPCA+KLPP 5 KPCA+
KLPP+ Wilks A G il & 777455 2] 14 300x500 [1)451E
FEREVE N IR f = 4E 5O EUR R AESE
1.6 (7R ARERIE

FDAPS VR LR E 328070, T2 20 21 FBRURAS
. (HATLARIH FDA BT R RS, AR = i) 2 5
1= Bl & A B n] 4% FD (fisher discriminant) 7% &,
A S AR R A N 1) o, 3 s A s R v

W R = 4 5 R (R AE S A FDA Sk 4,
AR EIRLA TRHEE K ZE RS BN FD TR, EHR
T BE SIEF) 99% K FD A8 &, A A% RIS
5= I N A B 720 SR B e RN E N 1=
1.7 SFREMESE

SVM A DLIE i B 56 4 S5 G A0 i S5 38 s 4 2= ), M
T AR DRAR 4 23 () P O e A, R Ah, T8 /INBE AR ) J ) i e
F, SVM BB RIFRIZBERPY,
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1% o8 BN 4% 17 3£ 28 # (radial basis function, RBF)
) SVM TR AR KIFEA & 5t n] DU SVM B AU A 1R 4T
(I RCRET, Rk, #$ RBE /E N SVM K. AT
i SVM I 5500 &5 RSN AERf, >R FH A 48 2R E A o8 i
Az E S, KA K #1538 XEHIE (K-fold cross validation,
KCV) ST IR ISR 4 SR i Y, b i I a g .

2 GR55R

2.1 FeiEmALE

XTRER[H) 5 AR 22 A e i g AT AL EE, 1R
o, B2 N 2 A RO B AL B . TR
B, R IEHAR BB T, TP
RO BR T B, R H 0T SG Ab 5 2 v 4R F
g X RN AL BRI GG T AR 5, A 4T
T TAEM AT .

800

(=N = ~ ~3
(=} W f=3 w
(=] (=] =} (=]

K5 K Emission wavelengths/nm
A
=]

500
350 400 450 500 550 600 650 700 750

WUR I K Excitation wavelengths/nm

a. TiALEE A
a. Before pretreatment

800

D N ~ -
[=3 W [=3 w
(=] (=] (=] (=]

R %K Emission wavelengths/nm
b
(=]

500
350 400 450 500 550 600 650 700 750

WK % K Excitation wavelengths/nm

b. FAETR A
b. After pretreatment

B2 WG LETUEAE RALER
Fig.2 Fluorescence spectra of Anhui spearmint before and after
pretreatment

2.2 B KRR TR

FIF 5 /N7 1 B8 22 A T UR = 458 S0 ) gk AT
KRERAER . Rk, 7B BB G 56 S g 4T
FRIEVR A SR, ik OB s s A s B, e
Jii B M S ) AR 2R

X5 AN = b B 22 A AL B S ) = 4 58 S EdE 43 i H
KPCA. KPCA+KLPP. KPCA+Wilks A 4iit&. KPCA+
KLPP+Wilks A Giit 8455 4 MpE AR 1.5.2 H45 HT7

FIHEATRAE PR AR B, A5 B R R B K B R 2. A
KPCA+KLPP+Wilks A 4t i} & 53545 B ) % i A< 5 A
KLk 3 B
R2 4 MFEHER KRR ERESER
Table 2 Feature wavelength extraction and characterization results
of four methods

, e PN FAEP K
W R mERshr TERE
WARrS K3 K -
. o . . Feature wavelength
Feature extraction Feature excitation Feature emission .
characterization
methods wavelength number wavelength number results
KPCA 8 40 300%320
KPCA+KLPP 10 50 300%500
+Wi 4
KPCA+Wilks A 5t 8 40 300320
T
KPCAYKLPP* 10 50 300500

Wilks A Giit&

—— R IEF A Corrected samples
o k)i Selected wavelength

8x10¢ 1
7x10¢
6x10°
5x10¢
pao} F
3x10°

2x10¢ 1

65 & Fluorescence intensity/a.u.

v
K

1x10°

ol . . . . . .
500 550 600 650 700 750 800
RS K Emission wavelengths/nm
a. IS A

a. Emission wavelength distribution

% 58 /¥ Fluorescence intensity/a.u.

O I I I I I I I 1
350 400 450 500 550 600 650 700 750
WO I K Excitation wavelengths/nm

b. WA A 12

b. Excitation wavelength distribution
B 3 3 F KPCA+KLPP+ Wilks A %eit 5 894540k Kk
LA A
Fig.3 Feature wavelength selection distribution map based on
KPCA + KLPP + Wilks A statistics

ST RENFEAR,  FZRFAE SR B K /N BRI 7 4 3
X JSE R AR AIE 2 3 38 K 10 Y B A B R R O B e BRAT )
A2 X+ 300 MEEA, B KPCA 5 KPCA+Wilks A 4t
THE 2 BT IE AT S5 2] 1 4 300x320 F4FAERE FEAE N BT
M =R NHAR RS R KPCA+KLPP 5 KPCA+
KLPP+Wilks A 4t il & 2 P 7 v 0] %43 2] 1 4> 300x500
FAVRFAIE RE AR D BT = 4 e B (1) R AR 45 5 .
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23 EHRBEMAEENRE Tﬁ%ﬁﬁﬁﬁ&w
K FDA SHERE ik = 4u7 n Bs R 4E 45 B b pre
BEMARE 2R E R, ARAT M FD & &,
4+ b
3t qI o

w

W FERT 4 A R TFF 5 RE J1IE F) 99% 1 FD & & (A4
FD A2 81 #6871 WA 3) 1E9 SVM 256 2 (g A
[, BT

I ZREEFEA 2 | Training set sample categories

R3 FAENFHERKREG AN RAYET 4 4> FD TEFI75E 2
Table 3 Discriminant ability of the first four FD (fisher
discriminant) variables corresponding to different feature 15 = 60 T T
wavelength methods % VI ZRHERE A 5 Training set sample number
FRIESEIR T i a. YIZ5sE
Feature extraction methods FDI FD2 FD3 FD4 a. Training set
KPCA 61.96 19.78 12.31 5.21 3
KPCA+KLPP 5760 2341 1191 618 557 0
KPCA+Wilks A Ziit& 67.07 14.24 10.97 7.02 §
KPCA+KLPP+Wilks A Ziil &  82.01 9.54 6.09 2.35 24t
g
<
24 KRBT 5I5E 7.
Kbk th i) 4 4> FD A2 EAEy SVM AR I A 7] . &
4 AN [A) RS AL 3R U7 32508 L 4 A 7R ) 7 56 ) 45 ﬁz
FlanE 4~K 7 Bros. &
—*— REHReal category 20 10 20 30 40 50 60 70 80

o T2 )| Forecast category WA EERE A 5 Test set sample number
b. Mk 4E
b. Test set
B 5 AT KPCA+KLPP 7 k699l 4 & 5K R 554 R
Fig.5 Identification results of training set and test set based on
KPCA-+KLPP method

IR HEFE A Training set sample categories

2 —+— A JIReal category
5 o T | Forecast category
2n 5 r Q o Y U
2t 3 3]
5]
2
g E‘ 4 @ o o o
1 . . . . g
0 50 100 150 200 250 1
I ZREERE ARG 5 Training set sample number ED ;
a. L%k £
a. Training set E
Sr o) ;IK? 2t 3
b3
o
ol .
4t ® O 50 100 150 200 250
= IIZEEREAY S Training set sample number

a. Y&

a. Training set

w

o}

I

PR HERE A Test set sample categories

0 10 20 30 40 50 60 70 80 3t
B LA G 5 Test set sample number
b. P AE 2
b. Test set I

B4 AT KPCA 7kt 4 E5nRELHNLER
Fig.4 Identification results of training set and test set based on

(=]

10 20 30 40 50 60 70 80
WA HEFE A4 5 Test set sample number

WK EEFE A 5| Test set sample categories

KPCA method b. YIRS
) o = - b. Test set
A, 5T R R K STV ) SVM R B6 5 KPCASWike A G315 260 45
: : - Gt T F RIS EE
X L (R IR 5 IE B 2 53 N 92.00% 97.78%- 95.11%- Wﬁlﬁsﬁ 5@1; 7 -
e - 4 P 2N S
100%, MR IE#ZR 35109 92.00%- 96.00%- 94.67%- Fig.6 Identification results of training set and test set based on

100%. KPCA+Wilks A statistic method
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—— FL3 2 Real category
o Tl & Al Forecast category

é 5r B

2

S

()

= 4 TR

3

o

g3 A

=

5

=

Sz

2 AR

&

&

=0 50 100 150 200 250
I ZR4EFE AR 95 Training set sample number

a. IR

a. Training set

TR FEA 2 51| Test set sample categories

0 10 20 30 40 50 60 70 80
AR EEFE A 5 Test set sample number

b. Wik
b. Test set

B 7 AT KPCA+KLPP+ Wilks A 43t & 7 ik 69 %%
SRS S LS
Identification results of training set and test set based on
KPCA+KLPP+Wilks A statistic method

Sof b4 BT AT 4n, i KPCA+KLPP 1E A4S AE R E 5
A A KPCA 77 725 R 4 1E A R I 92.00% $2 &
96.00%. 1XE KA KPCA J7ri AN R T $0d i 4 i o 22

5, ZEET RIS W KLPP A] DA AR B i 5
EEE B RS BAF LAMAE . Bk, KPCA+KLPP J7
EAERIIE A JR 77 215 BRI R B R EE T FEAR B R
S E. i KPCA+Wilks A 4t it & AE R AE R By 1=
A I KPCA JEMRAEEIER TR 92.00% HEEZE 94.67%.
X 3t B A# ] KPCA+Wilks A 481t & J7 12 Eb AU M3 il KPCA
J7 ¥ 9 g H ) AR B A i e ) SE 5. f ] KPCA+KLPP+
Wilks A Gt it & AF A RFAE$E U7 725 L AUE A KPCA 7%
MAASEIETZE N 92.00% F2 =12 100%. HHUEAT WL, KLPP
A Wilks A it &30 E— 2 FE X KPCA @47 dduist
e, 3 T U RG] LA R AR AR AR SR GE 70 ] AR T,
Re I LB B MU RE S, 3mSR,
It, KPCA+KLPP+Wilks+tFDA+SVM J¥ # fl & 1t J7 v
AT DAE R B 25 7 7 1 ) S it ) A 25 s

3 & i

WHFCEBGR R . 2. dEat. RIgEATTZR 5 A

Fig.7

W =BT . B, TEREER 2 H =400
O T A 5 o AR O T s BEAT AL B SRS, R
KPCA+
KLPP ( kernel locality preserving projections) , KPCA+
Wilks A GtitH, KPCA+KLPP+Wilks A Stit 4 Fosidadt T
FIREKSEI . #45, H FDA (fisher discriminant analysis)
R R N B e, IR SVM (support
vector machine) FEAISZHL T S ANFEHLBI 2 FHHIL R X
NSRRI =45 OIS T R B 22 Fr A B A ot
BOE [ ARl WP EAS IR

1) 24T R KPCA+KLPP+Wilks A 4iit& )5 5 fil
H 1 Z G5O RA R I K S DUR NG o 1@ X) 4 FpAS [
FRAE DA SR BRI AT X L5 R, IR IR i K BB
W e 0% B SOt D G B TR G B, RIEFEG =
24 €71 O 7 Y = WY = e B o T 1

2) W FDA BLiE & AR - ) 2 R G R, 13
] 5314 FD AR & . EFEAT 4 > Rt A 5 RE J7ik 2] 99%
1) FD (fisher discriminant) A8, LI A by % ) 455 704 4
A, PRI 7 S R BT

3) BT KPCA+KLPP+Wilks A Giit& 5 1)
SE TG HUE R AR A SR IR AT FDA AR JH ] 43 1
FD B &, RIHME T SVM KRy, %) IEff R n]ik
) 100%, SKBLT 5 A 22 AF IR 20 .

KPCA ( kernel principal component analysis) ,

(& £ X #]

(11 FRA, ETFE, TR, 5 Fl. BAEEE R 246
B S K H[I]. HEZEE, 2019, 33(4): 435-445.

LI Minsheng, CUI Yuhong, WANG Aina, et al. Investigation

and analysis into cultivated and wild mentha haplocalyxbriq[J].

Chinese Pharmaceutical Affairs, 2019, 33(4): 435-445. (in

Chinese with English abstract)

2] #hiRaER, B, B, % W2 FHWIEER KLY
A i SR Sk R (0], R E R, 2021(23): 20-23.
HAN Zhangiang, HUO Lei, LI Pengwei, et al. The function of
mentha spicata and its application in animal production[J].
China Feed, 2021(23): 20-23. (in Chinese with English abstract)

3] E=E=E, BRaEm, #EH, 5. W 2F Wb RpTHI]. o
W, 2022, 47(4): 117-121.

WANG Yingying, CHEN Xinpei, DONG Ying, et al. The

preparation of Mentha spicata L. seasoning oil[J]. China

Condiment, 2022, 47(4): 117-121. (in Chinese with English

abstract)

[4] SAMH V, AMIN N, DERICK M, et al. Prediction of essential
oil content in spearmint (Mentha spicata) via near-infrared
hyperspectral imaging and chemometrics[J]. Scientific reports,
2023, 13(1): 4261.

[51 /%5, e, BRI, S5 TP =490061
(¥ 7% 45 € B[] D61 SE 5O A B, 2020, 40(12):
3854-3859.

LU Xianyong, HE Wenxuan, CHEN Haocong, et al.
Identification model of camellia oil based on 3D fluorescence
spectra of vegetable oils[J]. Spectroscopy and Spectral Analysis,
2020, 40(12): 3854-3859. (in Chinese with English abstract)


https://doi.org/10.1038/s41598-023-31517-8

278

Flk T2 (http://www.tcsae.org)

2024 4

(6]

(7]

(8]

(9]

[10]

(1]

[12]

[13]

[14]

XUEJT,SHIY L, YEL M, et al. Near-infrared spectroscopy
for rapid and simultaneous determination of five main active
components in rhubarb of different geographical origins and
processing[J]. Spectrochimica Acta Part A: Molecular and
Biomolecular Spectroscopy, 2018, 205: 419-427.

BRA, FFRE, B, & BT =40 0B R r
2 MR EGR BT L[], ek S 5 6% 4, 2020, 40(6):
1763-1768.

FAN Fengjie, XUAN Fenglai, BAI Yang, et al. Pattern
recognition of traditional Chinese medicine property based on
three-dimensional fluorescence spectrum characteristics[J].
Spectroscopy and Spectral Analysis, 2020, 40(6): 1763-1768.
(in Chinese with English abstract)

RERBIE, Espfh, KB, AF. UM k-8 I s
A B Lo AR 8 AT [T]. B RS, 2022, 43(4):
270-276.

KANG Chaodi, WANG Shouwei, ZHANG Yingying, et al.
of
chromatography-tandem mass spectrometry[J]. Food Science,
2022, 43(4): 270-276. (in Chinese with English abstract)
DENG C H, YAO N, WANG B, et al. Development of
microwave-assisted extraction followed by headspace single-

Quantitative analysis adulterants in beef by liquid

drop microextraction for fast determination of paeonol in
traditional Chinese medicines[J]. Journal of chromatography,
A: Including electrophoresis and other separation methods,
2006, 1103(1): 15-21.

REGUEIRO J, SANCHEZ-GONZALEZ C, VALLVERDU-
QUERALT A, et al. Comprehensive identification of walnut
polyphenols by liquid chromatography coupled to linear ion
trap—Orbitrap mass spectrometry[J]. Food Chemistry, 2014, 152:
340-348.

s, TKE, JHREAE, SF. R A B AR O
OORE 1 v 00 5 N T e B 1 23 (0], B Rk, 2017,
38(8): 179-183.

ZHANG Wei, ZHANG Yong, YIN Zhenhua, et

Determination of the active ingredients in cultured cordyceps

al.

militaris by ultrasound-assisted ionic liquid microextraction
coupled with reversed phase liquid chromatography[J]. Food
Science, 2017, 38(8): 179-183. (in Chinese with English
abstract)

RTBH, ATEE, BB, S SR A AEEUA G R RO
1 P e A B A b 2R YA A 0. e B A
2020, 48(10): 1400-1408.

WU Ziyang, HE Fei, LI Hehe, et al. Determination of phenolic
active compounds in light-aroma Baijiu by solid phase
extraction-high  performance liquid chromatography[J].
Chinese Journal of Analytical Chemistry, 2020, 48(10): 1400-
1408. (in Chinese with English abstract)

MA J M, FAN S F, YANG L Q, et al. Rapid screening of 420
pesticide residues in fruits and vegetables using ultra high
performance liquid chromatography combined with quadrupole-
time of flight mass spectrometry[J]. Food Science and Human
Wellness, 2023, 12(4): 1064-1070.

CHEN J Y, CHEN X W, LIN Y Y, et al. Authentication of
dark brown sugars from different processing using three-

[15]

[16]

[17]

[18]

[19]

[20]

(21]

[22]

(23]

dimensional fluorescence spectroscopy[J]. LWT-Food Science
and Technology, 2021, 150: 111959.

e T, MRE, RWAH. SHREHEARER LR ET
v B BB 5E (D). T I BAR 2y, 2021, 23(11):
2025-2030.

GUO Yining, YANG Zhenqing, ZHU Binggqi. Application of
three-dimensional ~ fluorescence  technique for quality
evaluation of traditional Chinese medicine: A review[J].
Modern Chinese Medicine, 2021, 23(11): 2025-2030. (in
Chinese with English abstract)

Tk, =&, XRE, ST EMAR RS =401
B FE[0]. FH258F, 2017, 40(5): 1146-1149.

RENS. BTG ROR KRR M S RIBEE[D]. KE: KEH
T K%, 2023.

LU Ming. Identification of Japonica Rice Seeds Based on
Spectral Technology[D]. Changchun: Changchun University of
Science and Technology, 2023. (in Chinese with English
abstract)

CHENG P F, WANG S C, ZHU Y P, et al. Application of three-
dimensional fluorescence spectroscopy in smart agriculture —
detection of oil pollutants in water[J]. International Journal of
Pattern Recognition and Artificial Intelligence, 2023, 37(3):
2355004.

FLEEHT, BRI, BRbEE, % 245000k ai M
B3 43 A A0 SRR A LR Il SRR TR AL T]. ik e S
S, 2021, 41(11): 3474-3479.

KONG Deming, CHEN Hongjie, CHEN Xiaoyu, et al.
Research on oil identification method based on three-
dimensional fluorescence spectroscopy combined with sparse
principal component analysis and support vector machine[J].
Spectroscopy and Spectral Analysis, 2021, 41(11): 3474-3479.
(in Chinese with English abstract)

Rels, EES). B AL DT SR TH LS H
W7, 2009, 26(8): 2832-2835.

WU Xiaoting, YAN Deqin. Analysis and research on method
of data dimensionality reduction[J]. Application Research of
Computers, 2009, 26(8): 2832-2835. (in Chinese with English
abstract)

MULLER M, JIMENEZ J, ANTONINI M, et al. Combining
chemical sequential extractions with 3D fluorescence
spectroscopy to characterize sludge organic matter[J]. Waste
Management, 2014, 34(12): 2572-2580.

NG, AR, WEE, S FETIREE S ER AL RE
fi ey 5 TS T W B A D], Rl AR 2741, 2021, 37(1):
223-232.

LI Xiaozhan, MA Benxue, YU Guowei, et al. Surface defect
detection of Hami melon using deep learning and image
of the Chinese
Agricultural Engineering (Transactions of the CSAE), 2021,
37(1): 223-232. (in Chinese with English abstract)

JATE, ROCEE, ERE AR T ORM 2GR EOGIE R K
JHEZH 3R], R TR, 2022, 38(10): 310-316.
ZHOU Bo, ZHU Wenkui, WANG Zhaogai, et al. Identification

of tobacco materials

processing[J]. Transactions Society of

based on terahertz time-domain

spectroscopy[J]. Transactions of the Chinese Society of


https://doi.org/10.1016/j.saa.2018.07.055
https://doi.org/10.1016/j.saa.2018.07.055
https://doi.org/10.1016/j.foodchem.2013.11.158
https://doi.org/10.1016/j.fshw.2022.10.024
https://doi.org/10.1016/j.fshw.2022.10.024
https://doi.org/10.1016/j.lwt.2021.111959
https://doi.org/10.1016/j.lwt.2021.111959
https://doi.org/10.1016/j.lwt.2021.111959
https://doi.org/10.1016/j.lwt.2021.111959
https://doi.org/10.1016/j.wasman.2014.07.028
https://doi.org/10.1016/j.wasman.2014.07.028
https://doi.org/10.11975/j.issn.1002-6819.2021.01.027
https://doi.org/10.11975/j.issn.1002-6819.2021.01.027
https://doi.org/10.11975/j.issn.1002-6819.2021.01.027
https://doi.org/10.11975/j.issn.1002-6819.2022.10.037
https://doi.org/10.11975/j.issn.1002-6819.2022.10.037
http://www.tcsae.org

519 3

B A

#F KPCA 5 KLPP X Wilks Gt 18 2= & = 4E 0O LB R TR L5 55 51 /3

279

(24]

[25]

[26]

[27]

(28]

[29]

[30]

Agricultural Engineering (Transactions of the CSAE), 2022,
38(10): 310-316. (in Chinese with English abstract)

B, M. 3T PCA 5 Wilks #E I () #7537 2 % 1
THEBEFEN]. AR 4R, 2007, 28(5): 849-852.

YIN Yong, TIAN Xianliang. Study of drink identification
method using electronic nose based on PCA and Wilks rule[J].
Chinese Journal of Scientific Instrument, 2007, 28(5): 849-852.
(in Chinese with English abstract)

wKE, REES, UM, JE T O R R BRSO i
B AN 5 A T[], THSEHLN T S 5, 2022, 39(5): 115-
124, 131.

ZHANG Xuelei, XU Jinxue, ZHU Pengyan. Research on fault
detection method based on modified kernel locality preserving
projections[J]. Computer Applications and Software, 2022,
39(5): 115-124,131. (in Chinese with English abstract)

TEE, B, BE, & SEREE K 3D ZOLRIES
B/NPELRAE 5 IR TR [T]. AL HUAR, 2022, 53(5):
392-399.

YU Huichun, LI Ying, YIN Yong, et al. Wavelet packet
characterization of 3D fluorescence characteristic Information
of gas in storage room and early warning method of apple
spoilage[J]. Transactions of the Chinese Society for
Agricultural Machinery, 2022, 53(5): 392-399. (in Chinese
with English abstract)

Rk, BE, TEE, % ZER0O0LESME /Ny
fif Bl Fisher 53 73 B K SCRF IR B LR 4 75 0], & dh
2, 2024, 45(1): 198-203.

REN Yongjie, YIN Yong, YU Huichun, et al. Identification of
perilla based on three-dimensional fluorescence spectra using
wavelet packet decomposition, Fisher discriminant analysis
and support vector machine[J]. Food Science, 2024, 45(1): 198-
203. (in Chinese with English abstract)

XEnE, B, TEER, % 2ZERIUTHREE DB
RE RN 3D ZOUHFIESS BRI IR 58 B [ 7], D e 5
HiE 34T, 2023, 43(9): 2967-2973.

LIU Ruimin, YIN Yong, YU Huichun, et al. Extraction of 3D
fluorescence feature information based on multivariate
statistical analysis coupled with wavelet packet energy for
monitoring quality change of cucumber during storage[J].
Spectroscopy and Spectral Analysis, 2023, 43(9): 2967-2973.
(in Chinese with English abstract)

W, BRH, TER, % FHCHEAUR 3D RICHRHER
Ko/ Nl AL R B I S IOTIE vk 7). B bR, 2022, 43(21):
63-69.

LI Jianmeng, YIN Yong, YU Huichun, et al. Feature
wavelength selection of three-dimensional fluorescence data of
tomato storage room gas based on wavelet packet
decomposition for early warning of its spoilage[J]. Food
Science, 2022, 43(21): 63-69. (in Chinese with English abstract)
FLEEN], FMSE, R, S5 = 4E5O66 I H
R i R O O 25 R B ). 6 % 50 4 i, 2020,
40(9): 2791-2797.

KONG Deming, LI Yumeng, CUI Yaoyao, et al. Correction
methods  of three-dimensional

rayleigh scattering of

fluorescence spectra of spilled oil on sea[J]. Spectroscopy and

(31]

(32]

[33]

[34]

[35]

[36]

[37]

[38]

Spectral Analysis, 2020, 40(9): 2791-2797. (in Chinese with
English abstract)

KR, B, BEFF, 5 MK ZO6HE R AR
A A 7K 73 9 30PRSI AR D). Aok TR A R, 2021,
37(15): 121-128.

ZHANG Xiaodong, DUAN Chaohui, MAO Hanping, et al.
Tomato water stress state detection model by using terahertz
spectroscopy technology[J]. Transactions of the Chinese
Society of Agricultural Engineering (Transactions of the CSAE),
2021, 37(15): 121-128. (in Chinese with English abstract)

250, Bk, WRE, % T WEKPCA S5IRMES: ]I
AFAETNI]. 7745 B S EERAR, 2020, 18(10): 34-41.
XIANG Li, DUAN Lian, CHEN Jing, et al. Short-term power
load forecasting based on WEKPCA and deep learning[J].
Electric Power Information and Communication Technology,
2020, 18(10): 34-41. (in Chinese with English abstract)
WeE, EHE, oo HET MEWMA 19 H &M KLPP 1k
28V R R A U [J/OL). #H3ie 5 M A, [2024-03-01].
http://kns.cnki.net/kems/detail/44.1240.TP.20230511.1653.
030.html.

GUO Jinyu, WANG Xia, LI Yuan. Fault detection of nonlinear
process based on adaptive KLPP of MEWMA[J/OL]. Control
Theory & Applications, [2024-03-01]. http://kns.cnki.net/kcms/
detail/44.1240.TP.20230511.1653.030.html. (in Chinese with
English abstract)

BN, BRE, Hei, & BENESUA 3D RIGRIER:
E e 43 J 40 J O T B D4R 0], D1 22 5061 4 i, 2021,
41(2): 558-564.

LI Mengli, YIN Yong, YUAN Yunxia, et al. Feature selection
of 3D fluorescence data based on storage room gas and
preliminary early warning of banana spoilage[J]. Spectroscopy
and Spectral Analysis, 2021, 41(2): 558-564. (in Chinese with
English abstract)

B, EMIT, WK, FET RSN amh T
B 5 SRR IE 7R R TR 22, 2019, 35(17):
293-300.

YIN Yong, WANG Yanfang, GE Fei, et al. E-nose information
drift correction method for identifying vinegar based on no-
load data[J].
Agricultural Engineering (Transactions of the CSAE), 2019,
35(17): 293-300. (in Chinese with English abstract)

WEE, HES, MRT, & T SYM MXELEKES S
R FEEREF R R (B30 [J] R LR
AR, 2018, 34(8): 192-199.

PAN Chunhua, XIAO Deqin, LIN Tanyu, et al. Classification
and recognition for major vegetable pests in Southern China

Transactions of the Chinese Society of

using SVM and region growing algorithm[J]. Transactions of
the Chinese Society of Agricultural Engineering (Transactions
of the CSAE), 2018, 34(8): 192-199. (in Chinese with English
abstract)

HUANG W C, LIU HY, ZHANG Y, et al. Railway dangerous
goods transportation system risk identification: Comparisons
among SVM, PSO-SVM, GA-SVM and GS-SVM[J]. Applied
Soft Computing, 2021, 109: 107541.

XA, kB, 24, % BN ERIES A R


https://doi.org/10.11975/j.issn.1002-6819.2022.10.037
https://doi.org/10.3321/j.issn:0254-3087.2007.05.016
https://doi.org/10.3321/j.issn:0254-3087.2007.05.016
https://doi.org/10.3969/j.issn.1000-386x.2022.05.018
https://doi.org/10.3969/j.issn.1000-386x.2022.05.018
https://doi.org/10.11975/j.issn.1002-6819.2021.15.015
https://doi.org/10.11975/j.issn.1002-6819.2021.15.015
https://doi.org/10.11975/j.issn.1002-6819.2021.15.015
https://doi.org/10.1016/j.asoc.2021.107541
https://doi.org/10.1016/j.asoc.2021.107541

280 A TR Chttp://www.tcsae.org) 2024 4E

HLASE 2 6] {50 25 AR (1) %5 00 0 B [0]. fh gk, 2022, 85(2): Identification of note paper by differential raman spectroscopy
259-263, 246. based on support vector machine[J]. Chemistry, 2022, 85(2):
LIU Jintong, ZHANG Lanze, JIANG Hong, et al. 259-263, 246. (in Chinese with English abstract)

Spearmint three-dimensional fluorescence data feature extraction and
identification based on KPCA and KLPP and Wilks statistics

YIN Yong , XU Feifan , YU Huichun , YUAN Yunxia
(College of Food and Bioengineering, Henan University of Science and Technology, Luoyang 471000, China)

Abstract: This study aims to rapidly and accurately identify the origin of spearmint. A feature wavelength extraction was
proposed to combine the sequential fusion of Kernel Principal Component Analysis (KPCA) with Kernel Locality Preserving
Projections (KLPP) and Wilks' A statistics. Effective discrimination was realized among the five origins of spearmint. Firstly,
the three-dimensional fluorescence data was collected from the 300 spearmint samples in five locations. The interferences of
Rayleigh and Raman scattering were removed from the original spectra by triangular interpolation. Savitzky-Golay (SG) was
used to smooth and then eliminate the noise. Secondly, the preprocessed three-dimensional fluorescence spectrum matrix was
merged into the data matrix, according to the emission wavelength. KPCA, KPCA + KLPP, KPCA + Wilks A statistics, and
KPCA + KLPP + Wilks A statistics were used to extract the feature wavelengths of the three-dimensional fluorescence
spectrum matrix after preprocessing. Among them, KPCA and KPCA + Wilks A statistics were used to extract 40 wavelengths
of feature emission and eight wavelengths of feature excitation, respectively. KPCA+KLPP and KPCA + KLPP + Wilks A
statistics were to extract 50 wavelengths of feature emission and 10 wavelengths of feature excitation, respectively. Thirdly, the
spectral values of feature emission wavelength were converted into row vectors, according to the wavelength order of feature
excitation. Four 300-row spectral matrices of feature wavelength were then obtained from the 300 samples. Furthermore, Fisher
discriminant analysis (FDA) was applied to the spectral matrix of feature wavelengths for data separable fusion for the
separable fisher discriminant (FD) variables. The first four FD variables were selected with a cumulative discriminant ability of
99% as the input vectors of the discriminant model for the spearmint origins. Finally, the support vector machine (SVM) was
used to analyze the four FD variables. The FDA + SVM identification model showed that there was a four-feature wavelength
extraction. The correct rates for the training set were 92.00%, 97.78%, 95.11%, and 100%, respectively, and the correct rates
for the test set were 92.00%, 96.00%, 94.67%, and 100%, respectively. The results show that both KLLPP and Wilks A statistics
improved the performance of KPCA. The sequential fusion significantly improved the overall feature extraction, in order to
better remove the redundant information of spectral data for the high correct of identification. Therefore, the sequential fusion
of KPCA + KLPP + Wilks A statistics + FDA + SVM can be expected to effectively identify the origin of spearmint. The
extraction of feature wavelength with sequential fusion of KPCA + KLPP + Wilks A statistics can effectively reduce the
redundancy of three-dimensional fluorescence spectral data for the informative features of the original fluorescence data. Better
identification was achieved in the five kinds of spearmint origins. In addition, these research findings can lay a foundation for
the subsequent quantitative analysis of the important components in spearmint by three-dimensional fluorescence spectroscopy.
Keywords: fluorescence spectrum; discriminant analysis; model; spearmint; kernel principal component analysis
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