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Abstract .

In this study, honey peaches from three provinces were analyzed by near infrared spectroscopy analysis

technique, and the effectiveness of principal component analysis-linear discriminant analysis ( PCA-LDA), discriminant

partial least squares (DPLS) and support vector machine (SVM) for spectral data recognition was compared. The results
showed that the precision and recall rate of SVM were 94. 47%. The SVM method was obviously better than PCA-LDA and

DPLS, and it was more suitable for traceability of honey peach origin.
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Fig.1 Original near infrared spectra of the honey peach sam-

ples
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Fig.2 Near-infrared spectra of the samples after pretreatment
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Table 1 Contribution rate and cumulative contribution rate of the

WG

top 10 principal components

ERIY TTER (%) RIT T (%)
1 65.81 65.81
2 17.78 83.59
3 9.45 93.04
4 2.86 95.90
5 1.49 97.39
6 1.23 98.62
7 0.42 99.04
8 0.27 99.31
9 0.19 99.50
10 0.16 99.66
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Fig.3 Scores of the first and second principal components
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%5.F 5 53 Hr

testdata_predictlabel = PcaldaPredict ( score , ncomp,
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testdata_predictlabel = DplsPredict (model , testdata ) ;
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Fig.4 Schematic diagram of cross-validation and grid search
parameter optimization in support vector machine

(SVM)
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Table 2 Support vectors, support vector coefficients and displacement terms of SVM

QY x by,
PAI/iN VL9 vs IHZR VLI vs fRAE
1 42.07 0 0.39,0.43,---,0.44
: : : : 2.83
21 87.50 0 ~0.35,-0.30,++-,-0.50
AR AR vs VLS AR vs f 2
1 -82.74 402.33 0.33,0.35,---,0.40
: : : : -2.26
17 -427.19 0 0.26,0.20, -+ ,0.39
Fizgc tEE vs TLI6 R vs INAR
1 -512.00 0 0.10,0.05,---,0.00
: : : : -2.45
8 -221.66 -160.96 0.36,0.36,---,0.78
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[ traindata, testdata ] = DataNormalize ( traindata
testdata) ;
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[ bestacc, bestc, bestg ] = SvmCgForClass ( traindata
_label , traindata) ;

%3.#E3r SVM ALY

model =SvmTrain ( traindata_label , traindata , bestc,
bestg) ;
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testdata_predictlabel = SvmPredict ( testdata_label
testdata , model ) ;
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%3 PCA-LDA .DPLS 1 SVM FiERERES B EE tential of near infrared spectroscopy ( NIRS) to trace apple origin:

Table 3 Precision and recall rate of principal component analysis-

linear discriminant analysis ( PCA-LDA ), discriminant
partial least squares( DPLS) and SVM methods
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A At 0.00 21.40 78.60
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bicyz: 0.80 0.00  99.20
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