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Study on fast discrimination of peanut frostbite by
near-infrared spectroscopy
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ABSTRACT: Objective To establish a model for rapid identification of peanut frostbite based on near infrared
spectroscopy. Methods Moving window average (WMA), standard normal variate correction (SNV) and first
derivative (FD) were used to improve the quality of spectral signal; elimination of uninformative variables (UVE),
competitive adaptive reweighted sampling (CARS) and their combined algorithms were used to screen characteristic
wavelengths; then, a peanut frostbite classification model based on the support vector machine classification
algorithm (SVC) was constructed. Results UVE-CARS algorithm was the best method to filter the feature
wavelength, 7 feature wavelengths were selected, and the accuracy of the model was 95%. Conclusion The
identification accuracy of this model is high, which provides a feasible technical scheme for the rapid and
non-destructive identification of peanut frostbite, and provides a reference for the development of peanut quality
color sorter based on the filter near-infrared technology.
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Fig.2 Near infrared spectra of peanut samples
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