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Discrimination of abalone (sub)species
basing on near-infrared spectroscopy and machine learning
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(1. College of Science. China Agricultural University, Beijing 100193, China;

2. College of Environmental and Biological Engineering, Putian University, Putian 351100, China)

Abstract To study the rapid classification of abalone (sub) species, near-infrared spectroscopy combined with
machine learning method was used. The spectra of three (sub) species abalone samples were obtained by portable
near-infrared spectrometer MicroNIR™ 1700. The spectra was divided into training set and testing set, which were 180
and 93 spectra, respectively. The CART method was applied to build a decision tree model and its criterion was Gini
impurity. Cross validation was used in the model to control the depth of decision tree model. The accuracy rate of the
training set was 90.00% . The final accuracy rate of the testing set reached 90.32% . The combination of NIRS and

chemometric method was proposed in this study as a fast and new method for the classification of different abalone

(sub) species.
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Fig.1 The near-infrared spectra of abalone samples
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Fig. 2 Classification of abalone by CART
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