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Identification of honey by NIR spectroscopy technology
based on KPCA and LSSVM

TAN Ai-ling, BI Wei-hong
(Institute of Information Science and Engineering, Yanshan University , Qinhuangdao 066004 , China )

Abstract: For the rapid identification of common plant honey and Chinese medicine nectar plant honey,a novel quali-
tative identification method combined Kernel Principal Component Analysis ( KPCA ) and Least Square Support Vector
Machine (1.SSVM)is proposed. The presented method uses Fourier transform NIR spectrophotometer to collect the
spectral data of locust, leonuri and coptis honey. The KPCA algorithm is used to extract nonlinear features. Then a
LSSVM classificaion model based on Error Correcting Output Code ( ECOC)is designed and grid search method is
used to determine the optimal model parameters. To unknown honey samples,the optimal model has the best identifi-
cation capability with a accuracy of 96. 67% . Experimental results indicate that the proposed qualitative analysis
method based on KPCA and LSSVM can distinguish the honey of common and Chinese medicine nectar plant.

Key words: NIR spectroscopy ; kernel principal component analysis ; least square support vector machine ; honey ; Chi-
nese medicine nectar plant
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Fig.1 near infrared spectra of three kinds of honey samples
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Fig.2  score plot of the top three principal

components for honey samples
%1 PCA fu KPCA & Jk 470 8k F 3 1
Tab.1 comparison of PC accumulative ratio of
contribution between PCA and KPCA method

PC1 PC2 PC3 PC4 PC5
PCA/% 86.75 93.12 95.13 96.78 98.23
KPCA/% | 92.12 96.98 98.54 99.46 99.98
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Fig.3  tuning parameter y and ¢ to identify

the optimal LSSVM model
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Tab.2 identification results of three methods
Jrik YL/ % IR/ %
PCA +SVM 91.11 86. 67
KPCA +SVM 95.56 95.56
KPCA + LSSVM 97.78 95.56
4 & ®
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