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Non-destructive D etemn mation of Sugar Content in A pple by Near Infrared
Spectoscopy w ith Sm ilarity Evaluation Canb ned w ith Local RegressionM ethod

XA A-ln', 7ZHOU X i-qi, YE Huajin’, ZHANG Xue-feng, CHEN Y ingbin’
(L Electronic InHmaton College Hangzhou D anziUn wersity H angzhou 310018 Chmna
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Abstract A novel beal regressbnm ethod canbined w ith s ilarity evaliation for near infrared spec-
trawas proposed In thismethod the sinilarity evaliation based on Bayesian statistics was utilized
to canpare the N R spectra The calbraton subsetswere hen selected to construct hemodel by par
til kast square method according to the sinilarity The sugar content of app le samples was pred cted
wih themodel Them ean values of he standad erw1s of valdation( SEV) and predicton(SEP) for
the partial least square local regression method based on Bayesian statistics( B-PLS) were 0. 57 and
0. 61, respectively Those for he partial least square local regression method based on M ahalanob is
distance(M -PLS) were 0.59 and 0. 64 respectively and those for the partal least square global re-
gression method( G-PLS) were 0. 65 and 0.7Q respectively. The results showed that B-PLS could
accurately predict the sugar content in app le and its perfomance was superior to that of G-PLS and a
little superior to that of M-PLS Thus the proposed method possesses h gher accuracy canpared w ith
G-PLS and could be widely applied n the rapd and nondestructve analysis of nternal qualities such
as he sugar contentofapple Furthemore them ethod coul provide a new tool for near nfrared a-
nalysis

Key words near nfrared spectrg sinilarity local regressbn  sugar content apple

B e 7 2 M2 BERIE R, TR T BRI 2, e e B A AT BE a2 g, Mk
SEHUT R OO 240 A A TR B AR LA A T T S T Y M e b
A H BRI, DIFRG Al Pt SR, HOB IRt S A7 RO ZE 57, @S0 73 Hr i

: 2010- 07- 14 : 2010- 08- 24
863 ( 2009A A(MZ129)
(1974-), s s s , Tel 0571- 86919135, E-mail alnx @ hdu. edu. cn



1174 29

EE S PR AR TR VRIS BB AT B IOHE R, H T RIS T 2R R Ay
T %O R I N S LE B R SR ER 5 AR T B AR 0L 1T B S R AR, R
(7] B DURE it 7 SR PR =) PR R AT TN, F 9 1) B — R b T U B 50 A DI W A 2 o
BE LR E S T4, JERA AR 5 U STAL A Y

Xt W A AT BEAT ARAUYE S W £ T vERR AR B 70 #2079k 0 RO 3o 500 e AT SOt 1290,
3 T BR A sz i) R S VR AR SCR M Bayesian MBS L1 Ik 1 PR AR 3 L 4040
18 SR OEUE (AR BME, 7R3 BRI Z0AN 6T e b 38 3R ST SoG AR LIRS IE 748, S7JR) # i £/
TR, AT TUAE S E R T AR % AR T AR AR R T T R ) i /) 3R SRR
PR, SR T PIAE
1

I.1 Bayesian
RILZ AR NA B r(n, n, on), B 2 RoR o MBS (BK) R DRI
HAENFRE A r(m) JEEES ZE AT (1) For:
Ar=r(m,) —r(m>) =e(mi)— e(ms) (1
e(m ) RAUARII R 55, — BB e IR bRiE 3550 A1 e 2K
BRI BRSO 2 28 ArHSFEME, 0 WA N (Q 250 % Wik TSE T
T=%1m%u/+m+m3 (2

BERSAT R ( 3) A B P it S AL 2 H oo BROL I, MU B P2k i E St B E 9] R
Z MBI e A e S i B B =
Ho . T: 0
) (3)
H, . TZ0
ST T= 0fftiih, BN THITT2 = 2/n, MHARHEE o=[2h, 30 FR 9% KBS, #p (T |
H)M p(T VH )32 NQ 2m)0HRN= (3/2/n, 2/n)504, B4 EAUE 2 %80 (LR ) /T
i (4)FR

:p(T IHO): 4_]. ° - ef%((’T if%) (4)
p(T 1Hy) [%-J 26_%(T-3E)2
4
Xt TG T AL S AL T IS (5) 30T 1HA:
p(Ho | T) o 218
POR= )= o (5)

WA POR > 1 WIHESZ Ho, JOEIEAIAL 75 I SR ASARABLIKD, DRI O 4% AR AU 52 5 5 A Bl
BeAR A SCE 5 POR FIMOGIE &5 HLL I LA B e B DI R ) TR IERE i R 5K (5)
) o ARFNEL, R BRI BT UM ASCEECRE R AR I 1050061, DL
1025 D sk BES - ME s RZE AR 3% R Al 524815 oo 0.011 1
1.2

JR PRI AR i A B AR R A 5 AR TN R i AR ACL RO it 1 D S A 10 R A 1 B S 57 R P[] ) A R
AR SCHR AR A DU o 55 00 P v 2%t DYl R AL, DA R A i e R AE T A, S R e —fe
SR HEATIE VAT B, ST SR AR e A A AT P
2

ST R AR E 1R



12

1175

ek A, L

M 30 A FEINAE b BRI

(

v

FERUR A FAR L

PEZ

T

v

v

A

FRIFESD § BIRIE T3

JEF Bayesian Jrif A5

|

S 1 T PR B TR A B R AR
Shi RIE TR, FHEREMS
Y Bayesian JrikAHSE

v

SRR RIT 30 4N oR RHE
i, XFEE R

)

AR R L 2R
BRI, FRSFE-SH

i

A | R E TR R AR 1t PR A IF -4 2 7 e ¥
T/ ey I/ FeAR 2R 5 3 F Bayesian i £ JFA MR 5 3 F Bayesian J5
) ¥ PEAER S T AR B O g A E RS D BB
i R SRR K45 7 AR {6 PR B RLTRU X 47 7 AR 30 SRR TIIMET R A PR ERR SRR
WA T SASEA T I ATTx ATTx
v < ]
R 2 FORIR RO o Xt 2 R R B AL 7 0 0 BT A
L SMHT 30 AR TIAE B a9 TN |[€—— | REER 09 B BOH 17 55 2%
i 5 MR b S, FRBETSH BOF(H
» BB —A < = )
1
Fig 1 Fbw chart of experment

2.1

B P IRERCN BRI AU LA 24N R SER T 20094 108 ERIE 11 H T AARHE 3 Rk
PR 7y 3R, B4 1000 REN, Hid 1/33kE AK,
B REEIRE o B EAR S5m0y, Hodh — 00 R J5 2 d 58 OGRS SRAE A B a2, 8 4 — bk

RUR 15 dJEREDEIE I #EAT HEEED &

1 G IR B30 2190 o AT A (R e R, 5 SupN IR-1100) 43¢ H k1
G2H: MEP K 600~ 1100 nm, GG -PIJIRECN 51k, XA PER 6 m, REFE YL JBES

PP HRTERR AL, ELIN B r ST RERE S B I ) 2R T

E AR RS O E AU AT, SR SO (HARZ W, RS PR-32a) 801 R K
BERE (ATVEPEREYD ) BEEEVERR et inaR 1 PIRPSESRBE BEPE PR 2R 00, Wil 2fs

R Bl BRI ZEA G ARE FEPET JEAT SRR, T B R R 4

1/3R AN, HRICRAUE X

1
Tablk 1 Statstical results of the brix naure n app ks
Sample Number M ax inum M inmum M ean
Fujiappl 527 11. 40 21. 65 15. 65
Q nguan appl 471 11. 80 19. 80 15. 75
245+ A 133 B
. 1754 . 951
< o
E E
Z 105 2 571
354 194
T 5% % 38 %8 8 8 E s s ss8s88s
g g 2 8 8 B 8 2 8 8 S 8 82 8 848 858 2 9
I | i i T 1 T 7T 1717 1 7107
R EEEE =2 55888945 ¢s
2 HE 2 8 &8 K E 2 K = 8 8 T EREg X4
Brix Brix
2 (A) (B)

Fi 2 Bri distrbutons or Fuji apple(A)

and Q nguan apple(B)

iR
AR



1176 29

2.2

K FIAR RIS Ao S i 30N IR dh,  FREHOG ;RIS B s e Ao DIHL b 2 2
HE,  HILAAMGHE FNEET Hh
3

3.1

H i S R sOERE I E 3A s B 0.6
AL RS BRSO B A B R L TR IR,
CLEARBARE T S50 HT 75 AR T HEAT AL B, DA
ML T, ASCRH— SEEHER Z AR
KFERDGIEW E 3B~ B E 3R, AR AE 02
600~ 700 nm fA7E R R W, 7E 850 nm ft
T L 59T G (S5, 1% Ab A C—H kI i, 00 =
RIETHEIMAEYRISEER, £ 950 nm BT A7 o o o - T o
FE W (R IR0, iz Ab oy O—H BRI IR g, % Wehai
K TR F AN BRI G Y (A0bE S VAR
=S

FE AR R ' 1 5 B P R O AT
FEAAPE UURC, 9 2% H 5 AR R b S5 A Bl A% TE T
ol FEAFIRE S S B e o' T AR o
JE 89. 877~ 90. 015 (X F1| Hi AHALL B £ K (W AT 20
ANEAE ), U BATIIIRE S5 B e e AR
B RUEA MG 2 F N, SR A R R Y
BEAT 2 BT AT B8 B SRS R i
3.2

0.8

0.4+

A/AU

0.02

0.01

0.00-

A/ AU

-0.01+

I Bayesian ULV 57775, i POR % Y e
S BRUAEL MR P10 % 51 5 4R 3 A A0
S, SFRSIRAE TS R R R 3
BB BTRRIE B, SR TINGE R N R oW B
PGS IO G B 8 5 B0 /= 3 J )
L5 BUBE 8 T2 0 55 Bayesian 77 1 H1 4
R, 3F HES I S IR BT

B 5 A OIS M s P SR S SRR P M 08 A SOR AN B 77 i, E e
S B R RS6 S0 0 S ATHE R 00 RT) K— ST ™ e B (ke IE T4 o R 806 B,
FITARM, FIA 206 BEGFTTRIGIFILACBIAL AR AIORILIR 4 U7 L BURE £5 U B 32 A7
ST

5 BIRE 30 IR RPN B R AT HE 42 T 30MHIRE MR BB T Bayes ian 01
VP 7 VAR i/ TR MUY ( B-PLS) MO T2 IE M2 (SEC) 052 THORiB Rl % (SEV )
0.57 %t 30/ (R RRG LT TN AMHT, ST S48 MO BURR R 22 (SEP) 3 0.6k JET T [RpE
B 0 /D R (M -PLS) B FAS SECO 0.55 19 SEV 9 0.59 305 TIRE R ) SEP
99064 UL T Bayesin M OUPE S A 72 S 0 i 3 5 DRI RG5O, T 595 15
I BB i — R
3.3

9 TAET BayesiankH DU A4 H0J5 a1 T 400 4 o i/ = AT T Lo, SOt
AR PERE (TR T, RS MO IR MBI B0 2R R B/ T ( G-PLS) REIESERY SEC



12

1177

N O0.68 KR SEV N 0.65 304 £
TEES) SEP N 0.70 KiZd R5H T
Bayesian /7 % [~ 35 J&) f AR 284 45 47 LL
BT, R AR 56 4R 1) T4 SEV /M T
SRR I AR 1 SEV, U0 RA R SRR A £l
T AR AR

K H Bayesian Jaj 55 5 284 1 4 Ja 5 7Y ]
I 23T 30N FFIRE S, AR5 DU o B2 Y =
FAES TOME 5k 2 70 A WK 4 B 47
w, A AT A BE SRR ZE R, T
LM B L T ARACL I 23 A 1) S S A R g AT
TR, T 22 R 2N T AR AR,
Wt BAAE SIEBR B A SR AR A b A SR AR A B
HHEEMUER P Bayesian 3 38 4 1) T
MARHE ZE (SEP)/NT 43 R A AY 1) 0 A 14
7=, AU IR AR ) E R AL T AR
Rt

[1]  WANG JS LAILH, TANGY Q Datam ining of bxic chen cak

ng 1999 5(11): 252- 262
[2] . M]. 2
[3] ) , ,

[ 4] ) , , ,
(1. , 2009 28(12):

Near Infrared Spectwosg 2000, 8(1): 1-9

[6] DAVIES AM C FEARN T. Quantitative analysis via near infrared databases
near i frared and constituent data-deux( CARNAC-D) [ J].
[7] WANG Z ITAKSSON T, KOWALSKIBR. Nev appwach for distancem easurenent n bcallyw eghted regresson[ J].

AnalChem, 1994 66(2): 249- 260

[ 8] CENTNER V, MASSART D . Optmization nn bcally weighted regresson| J|. Anal Chen, 1998 70(19): 4206- 4211
[J] , 2008 36(8):

[9] ; .
1093- 1096

1460- 1463
[ 5] BERZAGH IP, SHENK J§ W ESTERHAUSM O. Local predicton with near infrared mu ltt product databases| J].

Prediction residual

2.04
.
1.0 ] e o g
N . 0 LI
B.D . § . aD ® .
0.0 o . o o . .; ;
"
8 . f oe
104 o 0 - o |
: oo, .
/o
-2.0 A
-3.0 *
T T T T T 1
0 10 20 30 40 50
Sample
4

Fi. 4 Residual of local and gbbal regression models
for san ple predicton
O bcalmodel * gbbalmodel

, 2007 1
[M]. : , 2005

JN ear Infrared Spectos¢ 2006 14(6): 403- 411

[10] ATKESON C G, MOORE A W, SCHAAL S Locall weighted karning| J]. Artificial Intelligence Rey 1997,

5: 11-73

[11] GANF, YER Y. New approach on sin ilarity analysis of chrom atographic fingeprint of herbalm edicine| J].

ogr A, 2006 1104(1/2): 100- 105

[12] NIKOLOVA N, JAWORSKA ] Approaches to measure chemical sin ilarity——a review[ J]. QSAR Canb Sci

22(9/10): 1006- 1026

[13] PRESSS ] Bayesian statstics Principles models and applications|M ].
[14] ASIM E 1655- 05 Standawd practices br infrared m ultivariate quantitative analysis[ S].
[15] KENNARD RW, STONE L A. Computer aided design of experments| J|. Technometrrs 1969, 11(1):

United States 2005 10

stucture patterns and QSAR[ J]. M okcularM odeF

can parison analysis using restuctured

11(1/

JChran o

USA, Nev Yok W iley& Sons Ing 2002

137- 148



