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Research on rapid discrimination for internal mold detection in peanuts
based on near-infrared hyperspectral image
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ABSTRACT: Objective To investigate the feasibility of using near-infrared hyperspectral imaging technology
combined with machine learning methods to construct a fast and non-destructive identification model for internal
mold in peanuts with normal appearance but different degrees of mildew inside. Methods A dataset consisting of
100 peanuts with internal mold and 100 healthy peanuts were gathered, and their near-infrared hyperspectral images
were collected. Support vector machine (SVM) combined with several spectral preprocessing methods was

established for internal mold discrimination in peanuts. The Monte Carlo-uninformative variable elimination
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(MC-UVE) method was used to find effective feature wavelengths for mold discrimination. Results

By combining

Savitzky-Golay convolution smoothing method and the second-order derivative spectral preprocessing method with

SVM, the overall identification accuracy for severe internal mold discrimination reached 95%, with an average

identification accuracy of 88% for peanuts with different degrees of internal mold. Based on MC-UVE screening, the

discrimination model constructed using 10, 5, and 3 feature wavelengths achieved overall identification accuracies of

90%, 85%, and 82%, respectively. Conclusion The experimental results demonstrate that the combination of

hyperspectral technology and machine learning provides a feasible solution for the rapid and non-destructive

discrimination of internal mold in peanuts. The selection of feature wavelengths provides a reference for the

development of moldy peanut sorting machine systems based on photoelectric principles.

KEY WORDS: internal mold peanuts; near-infrared hyperspectral; support vector machine; Monte Carlo-uninformative
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Fig.l Schematic diagram of the degree of internal mold in peanuts
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Fig.2 Acquisition and processing of hyperspectral imaging of peanuts
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Table 1 Evaluation of internal mold discrimination models in
peanuts based on different spectral pre-processing methods
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Fig.3 Histogram of overall model recognition accuracy
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Table 2 Statistical indicators for the recognition accuracy of
peanuts mold discrimination model
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Table 3 Evaluation of internal mold discrimination models in peanuts based on feature wavelength screening
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5 1402.46., 1408.08, 1413.7, 2017.66, 2151.45 85
3 1408.08, 2017.66, 2151.45 82
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