F29% HAM

2009 4F 4 H

R E . 0253-2239(2009)04-1117-05

DL S
ACTA OPTICA SINICA

e T el AMY) Fisher 433518 51 450

BB AR5
(

g
o R M B A B O R YT 2 B R Lo
WITT FOM 3100085 * R 5T

[}1— KHI Em%l A ;%2 jlj T\\ 1

\ \,”1
i SR
ol K2, VL95 B 5L 210095
A3 s R A [ 05 20 3k 1 8 A a1 A

S HL
FER B oMt o S50 45 28 2 W1 A 57 9 TR 331 R 5 BB AR e b 6T 5% W 4 R it R 2 47 E 8 DU L 7 E A B R A TR E A R
B AL 5 73 B P B A8 OB B T AT
HESES

FEE P2 — P ] X A5 0 SRRk R AT A TR B A T R . E S R o R [R)JRURL A R Ol 3 437 5 = A R
BENT 96. 8%, I H A AN EEAR S8 17 B0 0E A9 R B ME R R IR B T 93.5% . ARSLIGESE TR PCA il Fisher iR
0657. 33

B 2% AR A AT AT 2T A0 3 SR 4R L il g A 23 2 (principal component analysis. PCA) SRS T 20 4~ 4
=1

A7 2% M JEURE SRR Y Fisher 1850 08 B0 B & 25 10 508 Atk
ik
KEE S A OB RN b B EIE

XEAFRIREG A doi: 10.3788/A0S20092904.1117

Cheng Hao'

Ye Yang'

Recognition for Raw Material Cultivar of Manufactured Tea With Fisher
Zhou Jian'
Liu Xu!

Discriminant Classification With Principal Components Analysis

Wang Liyuan'
Lu Wenyuan'
' Research Center for Tea Germplasm and Improvement, National Center for Tea Improvement ,
Abstract

He Wei*
Tea Research Institute, Chinese Academy of Agriculture Science, Hangzhow , Zhejiang 310008, China

* Nanjing Agricultural University; Nanjing, Jiangsun 210095, China

1

A new method for recognition of raw material cultivar of manufactured tea with Fisher discriminant
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classification using near infrared spectra. In this study, spectra of samples with different raw material cultivar
=]

=

(Longjing43* and other cultivar) were collected. 20 principal components were obtained by PCA. 8 Principal
min JT
=)

components by step wise was used to establish the Fisher function for discriminant classification to recognize the raw
material cultivar of manufactured tea. The result showed that the function performed well in recognition of raw
Key words

material cultivar of manufactured tea. The accuracy for recognition was 96. 8% in calibration set. 93. 5% was

obtained for unknown samples in test set. The result proved that it was feasible to recognize the raw material cultivar
with combined analysis of PCA and Fisher discriminant classification using near infrared spectra.
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Table 1 Sample amount of raw material cultivar

in calibration set and test set

Sample Sample
Raw t in amount
amoun
material . . . Total /piece
. calibration in test
cultivar . ;
set /piece set /piece
Longjing43 /piece 21 12 33
Other cultivar/ piece 42 19 61
Total /piece 63 31 94
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Fig. 1 Near infrared absorbance spectra of all samples
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Table 2 Wilks A and F value of the 8 principal components when they were selected to establish Fisher’s discriminant function

PC; PCy; PCy, PC, PCig PCy, PC; PC,
().rde‘r fF)r entermg- the 1 9 3 4 5 6 7 3
discriminant function
Wilk A statistic 0.582 0. 506 0. 446 0.392 0. 361 0. 331 0. 309 0. 287
F Statistic 86. 657 11.759 11. 224 11.927 5.843 4,816 4,086 4,019
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Table 3 Classification of samples in calibration set with

established Fisher’s discriminant function

Actual Group  Predicted Group Total
Result 1 2
Amount 1 20 1 21
2 1 41 42
% 1 95. 2 4.8 100.0
2 2.4 97.6 100. 0
Correctly 96. 8

classified /%
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Table 4 Classification of samples in test set with established Fisher’s discriminant function

Original set F, F, Predicted set Original set F, F, Predicted set
1 1 8.030 2.097 1 17 2 —5.139 2. 141 2
2 1 —0.182 —1.686 1 18 2 —8.227 —2.849 2
3 1 0.936 —1.059 1 19 2 —8.505 —0.720 2
4 1 0. 580 —0.416 1 20 2 —2.295 —0.113 2
5 1 —0.371 0.456 2" 21 2 —3.417 —0.617 2
6 1 2.939 1. 747 1 22 2 —1.574 2.202 2
7 1 3.908 —1.105 1 23 2 —5.275 —2.264 2
8 1 —0.461 —3.784 1 24 2 —9.099 —3.887 2
9 1 4. 381 0.262 1 25 2 —3.931 —1.152 2
10 1 4.116 —0.081 1 26 2 —7.279 —1.604 2
11 1 1.926 0. 384 1 27 2 2.914 —0.966 1"
12 1 2.761 —0.134 1 28 2 —4.240 —1.943 2
13 2 —6.092 1. 000 2 29 2 —5.042 —0.203 2
14 2 —7.072 0.052 2 30 2 —6.475 —4.,207 2
15 2 —4.722 —1.916 2 31 2 —4.712 —1.202 2
16 2 —2.948 —0.129 2
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