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Multi-features Identification Method of Electronic Nose Data
Based on KECA + FDA for Chinese Liquors

YIN Yong SHEN Xiaopeng YU Huichun
(College of Food and Bioengineering, Henan University of Science and Technology, Luoyang 471023, China)

Abstract; The identification of six kinds of Chinese spirits, including similar quality using electronic
nose is a complex and difficult work. In order to enhance the correct identification rate of six kinds of
Chinese liquors using electronic nose (E-nose), a Fisher discriminant analysis (FDA) method based on
kernel entropy component analysis ( KECA) was introduced. Based on this method, the influence of
different features combination representation types of E-nose signals on the discrimination result of six
kinds of Chinese liquors was studied in-depth. Firstly, integral value (INV) , variance ( VAR) , relative
steady-state average value (RSAV) , average differential value ( ADV) and wavelet energy value (WEV)
of E-nose signals were extracted as five kinds of feature values, and the FDA result of each single feature
showed that the identification result based on INV, AVRS and WEV was superior to that of the other two
features, respectively. Thus the features INV, AVRS and WEV were selected as subsequent analysis
features. Then, for the features of INV, AVRS and WEV, when the E-nose signals were represented by
random combinations based on two features or three features combination, FDA results displayed that the
identification results of multi-features combinations were better than that of single feature, especially the
three features combination was the best. Finally, on the premise of combining the three features to
represent electronic nose signals, and the discrimination result of six kinds of Chinese liquors was deeply
investigated by an introduced KECA + FDA. When the radial basis function ( RBF) was selected as
kernel transform function, with the help of a measuring method of matrix similarity based on Euclidean
distance, the characteristic parameter of RBF was defined, which was 16.860 8. And the correct
identification rate of the test set samples was from 79.92% of FDA up to 100% of the KECA + FDA.
Meanwhile, the discrimination result of KECA + FDA was better than that of BP neural network and
support vector machine. This indicated that the KECA + FDA method can effectively improve the

identification ability of the six kinds of Chinese liquors; at the same time, it also provided a feasible
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pattern recognition method for the identification of complex samples such as Chinese liquors by electronic

nose in the future.

Key words: Chinese liquors; electronic nose; kernel entropy component analysis; Fisher discriminant

analysis; multi-features identification
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