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W OE TEIREERLGES R &ER A (local linear embedding, LLE) B8 T3 21 461 (near infrared
spectroscopy, NIRS) iE EASRIEAL ., 524 F 2 J6 5 B AR /= % J7 = (monte carlo uninformation variable elimi-
nation, MCUVE) Fli& £ 4% 52 55 15 (successive projections algorithm, SPA) DL F P #4855 114 725 2 fifi 128 R s
TF NIRS JU472 B 158 s ftk/N 3 1] 13 (partial least squares regression, PLSR) 1 LLE-PLSR ] T & 4
FERL OGS & BB A . 49R3RW] . MCUVE JrikBERE AR IR IUE B8 &, (R AT DLER Sy il i) T 00
Ji 5 LLE-PLSR AJ LA733 Lt PLSR J7 55 i iff 1) 2 18 43 A 8 5 MCUVE 454 LLE-PLSR J& — R G 20

il R TIT 5

R LLLAMEHE; SRR UR BACR TR
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ELLAMGIE S BT R V2 T3 e dh i e A e B 03
Brs BB SRR dBEY, ARG, AEmR S T A
LRA IR 0T RTT, NIRS G fib 44T 7 vk 0 20
b ST AL TR AR ST, R, ARy i B R AL X TR
5 NIRS (4 Hrie H HA R E LA R X [FEF, NIRS R
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B RIS e B S R G R MG IE R . R, 78
SEAPHTRRERIS . AT AR IS AU DG 15 R THBR S
B B AR IC ORI E R R R T, X R AT AR
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2 2% (artificial neural network, ANN) F1 3 45 ] & [#] 19
(support vector regression, SVR) 28 ¢ 5] A NIRS 6
REAL R, AR SR X Uy kb, BRI bt R A A
FER R B Z IR 45 R A — AL, PR g B A
MRS, Sk, BT R R e 25 & PLSR 7 ikl F
NIRS [ o HrlE w2

ALAELL NIRS AP T-B, R R iR i A A2 e 7
X AT AR R MR LE . 454 PLSR ik, X AWAE G
TEM 2 i 2N I PR B 2 i AT R R AT SRR
el 4l & LLE-PLSR J5 e B A4k il NIRS 5 f 347 A B
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2.1 HHEWIE

g R A B AT IR UE . B 1 AP
NIRS ( T % #h #il-: http: //software. eigenvector. com/Data/
Corn/corn. mat) , FHELE& T 80 NAWIAE I NIRS L) Kk
a KAy SR RO RER NS . 2ARAZEAR
[F A LT A0 e 3% (M5, MP5 FiI MP6) #4756 1% R . LA
MP6 JEREAES R AR (1 NIRS L K 459 v 1 & By & 12t o B 5%
g l) ) 4L 2 o University of Copenhagen $2 4L 1) 245 Fr
NIRS %5415 LA KA R (18 P 043 5 B GO . Wedp)le),
AHCRR 310 A4S, FEAMTERACIRIEAT 1B GG R R4 AL
VEFE R 7398.3~10507.0 cm™ ', RAEMIFFE A 8 em ™', BEMH
KS(Kennard-Stone) §:H:4- B I3 - MR AR eI 2+ 1 10
Hetls) o3 e E R NI IE SR . PZH I R AL T F R Nk 1 BT
o

Table 1 Statistical composition of sample sets

R REIESE LTS
n FiLE FI{E S.D.* n otk FHE S.D.*
ek 53 62. 826~66. 472 64. 711 0. 838 27 63. 247~65. 903 64. 666 0. 801
YRR 206 4.610~9. 382 7.463 1.279 104 4.715~9. 768 7.359 1. 330

an=REAR; °S. D. =Rl

2.2 RBHIETALE

K] PLSR Jy i g a7 [l AR, SR A I 48 A N7 A A
SRS T2 R i TN e ) . PLSR R0 ) R %00 i
SRR A UBIE (MCCV) 454y F AR E .

16 NIRS Z3#r b, JRAG OGS &8 S5 FE R AR TR R (5
B IFERREE . SRS U RS T R TIRERR, FF
FHTAL B A I R o 23 501 2R o0k Ceentering) | % 4k
IH—4k (vector normalization, SNV) . ZICHEL S 1IE (multi-
plicative scatter correction, MSC) . H.lyMb 455 Savitzky-Go-

lay(SG) 3Rk F L) K Fr oo b 456 /NI 3R 5 (wavelet derivative,
WD) A 3y T T TIUAL By XA RRS B (5
2.3 REMTFM ISR

AP AN 8 A £ 45 28 L IE 1 7 #1522 (root mean
square error of cross-validation, RMSECV) | ¢ IFE 4 2% & %X
(correlation coefficient of calibration, R.). Fjll¥) 5 #E {% 2%
(root mean square error of prediction, RMSEP) F1 7 il #H &
F 4 (correlation coefficient of prediction, R,), TEAZ IF 5 AU
HIPEFR e, SR RMSECV Ml R 15 M $5 b5 s 7ERER
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3.1 NGB IR AL

T4 3 Ty 15 (R TR DI 1 AR 1 T AR B e e M LA
EERE N, SNV MSC 133 T4k 8 Jy vk o] AR IE 4%
VA S HBUR X ST AR BRG] 1) 22 53 LA T Tl A 43
22 Jr AURAE K s J6iE centering b IR LAVH BR AL 4% 15
WINE W RERE 2 — B FEOT LA BRE0/r 2e kol 2 1k
T S A X ARSI s 5 /NSRS AT AT BR
SCRBETE A2, T HLA] LU e TR 25 ARG RS,
3 2 IR ARG TRAL 31 7 1 RS RURG 2 2 e, AR 2
dal L, T RRAEEE, RO AES A /NS B TR 3
Tk AR TR BRI EE R . SRR GTE A B, BRI
RMSECV #45 2] T K& A%, 43 A M 0.239 i1 0.516 FEAK N
0. 086 1 0. 325, R, 4> %Iy 0.879 F1 0. 919 #2 &5 5| 0. 984
0. 967, XFF ARG, bl A/ Nk § 2 — i m
b HE Ty

Table 2 Comparison of the results obtained
by different preprocessing methods

BYIGERD 2 GEIER)

Btk [;%i RMSECV  R. m}%ﬁz RMSECV ~ R.
It 9 0.239  0.879 8 0.516  0.919
LA 15 0.109  0.974 6 0.352  0.961
FKiH—1k 13 0.119  0.969 5 0.337  0.965
ZICHRIE 13 0.118  0.969 5 0.337 9.964
e +—mese 7 0.138  0.958 5 0.356  0.960
Fu b HNESE 15 0.086  0.984 8 0.325  0.967

3.2 ZEMEFENIERE

NIRS KRB HEZ . i H o T R p B, o5
WA KA AYREA . NIRS 3 Hir v, 51 A5 T A A e A B0 25
RPN FENRZ —RICRCIEFE B T, Mk, 7edsr
ZICRIERERI  JHERAAR A5 B AL AT DL AL AL IR A
TR T L AT DA R Tfy JEE RS A 79 T T A R R 1Y T
T30 38 I AL AR A PR SRR AL S 35 B P TR R A
KOER . Uik L BB, 275 21 08 Eff A9 1 IE B
A, 2R i MCUVE J5 k. SPA J5 ik L & MCUVE-SPA
D7 IER PR AR A T AR R v . R P T 45 SR Ak 3 P
Ne

HiZE 3 AR, @A RLik)s. X T WA, kA
MCUVE J5 &80 45 3 1 fe 4 09 B 25 5. RMSEP 3 51 i
0. 145 F1 0. 327 [F&AK >~ 0. 089 I 0. 324, R, 435 0. 983 F
0. 969 #5247 0. 994 F1 0. 970, FAAZHESr HIFH 700 AT 404
W/ 1N g 200 A1 3405 i SPA J7 3% M H 5 MCUVE R4S & 1977
EEERR 2, EEFE N MCUVE J5 s 76 R e v p i

KM PLSR J5ik» T SPA J5 iR G IR 5k . 5]
75 AR L . PLSR J5 kA By HoA — 5 BT IR .

Table 3 Comparison of the prediction results by PLSR models

with different variable selection methods

B B GERD) 2 5 GRS
nt  RMSEP R, nt  RMSEP R,
None 700 0.145 0.983 404  0.327  0.969
MCUVE 200 0.089 0.994 340 0.324 0.970
SPA 36 0.171 0.977 19 0.337  0.967
MCUVE-SPA 33 0.216 0.962 32  0.339 0.967

an=number of variables

3.3 EEFENHRESHNBHE

75 NIRS Zp#r b i TR 2 240 AR B AR AT A
AR R SRS AR SN 2x 5 G i L S i 2H 70 7
B E EZ ] AR Lt . Rk, 78 NIRS fE i
it EGIAARLMERIRIE T ¥k o RS PLSR fE— @ 2% Enl L)
FOEARZPER R . HARARL MR 7™ 5 RPERIE T A A
REAH 2 AR B 0 TR TEL . WAZBTEE RS BT I R R A O A 2R e
fiE s B AR PR IEALRY

435K i LLE-PLSR 1 MCUVE-LLE-PLSR Jy i # 57,
FRLRIERIERR BRI A5 RN ER 4 PR o e LLE
Fediid ferh . B BHC e M d HEATIUAL . Horb & 4RSS
B d HFERAAELERL, ko Fd SHURE R RS R %55
XTI & A d BEAT I DU R A 1 R,
Horh P 1) ety LLE-PLSR BRI 28 & Fl d LA id
L B 1) A MCUVE-LLE-PLSR ## $ 241 £
Md kit FERZmE, B 1o R iE s LLE-PLSR 574
TSR R R d AR R R AL BB 1 (D O i R A gy
MCUVE-LLE-PLSR #BIth 28 £ fl d {ifeid 7. 5 ufk
SRR RMSECV . RMSECV Btag /MBS X W 1Y & i d
B as . 1511 (@)X /M) RMSECV {i .,

Table 4 Comparison of the predicted
results for the PLSR models

. W GERD) 2l GEPERLD)
Modeling method
RMSEP R, RMSEP R,
LLE-PLSR 0.117 0. 989 0. 280 0.978
MCUVE-LLE-PLSR 0. 082 0. 995 0. 266 0. 980

F AR TR R RMSEP M1 R, . IR H AR,
X TFEM AT PR B9 2 B 5, SR MCUVE-LLE-PLSR
32 7t LLE-PLSR BUAFRYTINSER s 5 MCUVE-PLSR A
F(5 3 i7R) » RMSEP 4351 0. 089 1 0. 324 &% A 0. 082
F10. 266, TIAH I 225045 51 H 0. 994 F1 0. 970 $E5H] 0. 995
i1 0. 980,
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Fig. 1 The optimization process of k and d for LLE dimension reduction in different PLSR models
(a): LLE-PLSR model for starch; (b): MCUVE-LLE-PLSR model for starch;
(¢): LLE-PLSR model for active component; (d): MCUVE-LLE-PLSR model for active component
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Variable Selection Methods Combined with Local Linear Embedding
Theory Used for Optimization of Near Infrared Spectral
Quantitative Models

HAO Yong', SUN Xu-dong', YANG Qiang®
1. College of Machanical and Electronic Engineering, East China Jiaotong University, Nanchang 330013, China
2. College of Machanical and Electronic Engineering, Rizhao Polytechnic, Rizhao 276826, China

Abstract Variables selection strategy combined with local linear embedding (LLLLE) was introduced for the analysis of complex
samples by using near infrared spectroscopy (NIRS). Three methods include monte carlo uninformation variable elimination
(MCUVE), successive projections algorithm (SPA) and MCUVE connected with SPA were used for eliminating redundancy
spectral variables. Partial least squares regression (PLSR) and LLLE-PLSR were used for modeling complex samples. The results
shown that MCUVE can both extract effective informative variables and improve the precision of models. Compared with PLSR
models, LLE-PLSR models can achieve more accurate analysis results. MCUVE combined with LLE-PLSR is an effective mod-

eling method for NIRS quantitative analysis.

Keywords Near infrared spectroscopy (NIRS); Monte carlo uninformation variable elimination (MCUVE); Successive projec-

tions algorithm (SPA); Local linear embedding (LLE)
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