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Non-destructive detection of Zea mays L. seed maturity based on
multimodal fusion
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(Beijing Key Laboratory of Big Data Technology for Food Safety, Beijing Technology and Business University,
Beijing 100048, China)

ABSTRACT: Objective To achieve accurate and non-destructive detection of Zea mays L. seed maturity by
applying hyperspectral imaging technology combined with multimodal fusion methods. Methods Hyperspectral
images of high and low maturity Zea mays L. seeds were acquired. The cascade algorithm of bootstrapping soft
shrinkage and successive projections algorithm (BOSS-SPA) was used for feature wavelength extraction, while the
gray-level co-occurrence matrix method (GLCM) was used for image texture feature extraction. Five feature
parameters—energy, entropy, correlation, homogeneity and contrast were selected to integrate the spectra with the image

data in a feature level fusion. Results The partial least squares-discriminant analysis (PLS-DA) and least squares

YRS EER: 2024-11-11

HEEWH: FZEHEAH IR H2018YFD0101004-03); FEF HRFI# R4 H(61807001)

F—1EE: YN (2004—), 2, FLMFI ALY . E-mail: xsd_1128@163.com

HRIEIEE: BREPE(979—), &, Ht, BlE#R, U5 bR EH I . E-mail: chen.yy@163.com



172 B il 2 A iR A I A 4

%16 &

support vector machine (LS-SVM) were used to establish a Zea mays L. seed maturity classification model. The use of

Savitzky-Golay convolution smoothing-standard normal variable transformation (SG-SNV) was identified as the best

spectral preprocessing method, and the 11 wavelengths extracted using the BOSS-SPA method showed good modelling

performance, and the overall recognition accuracies of the model test set based on the fused data of the spectral images

all reached over 95%. Conclusion Hyperspectral technology combined with multimodal feature fusion method is

expected to provide a practical reference method for non-destructive detection of Zea mays L. seed maturity.

KEY WORDS: hyperspectral imaging; Zea mays L. seed maturity; multimodal fusion; characteristic wavelength

extraction; texture feature extraction
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Table 2 Zea mays L. seed maturity classification model results
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