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Non-destructive detection of cucumber seeds vigor based on hyperspectral
imaging
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Abstract: To detect the cucumber seeds rapidly, precisely and nondestructively, the cucumber seeds were subjected
to three different gradient aging treatments of O h, 36 h, and 72 h. The seeds were detected using visible light spectra with
wavelengths ranging from 400 nm to 1 000 nm. The three pretreatment methods of multiplicative scatter correction (MSC) ,
Savitzky-Golay ( S-G) and standard normal variate (SNV) were compared. The result showed that the effect of standard nor-
mal variate method was optimal. It was dimensionality-analyzed from two aspects: feature extraction and feature selection.
Principal component analysis and continuous projection algorithm were used to compare the correct classification rate under
each principal component number, and the optimal principal component number was chosen. The nine, twelve and thirteen
characteristic wavelengths were selected by successive projection algorithm (SPA), and the optimal wavelength was select-

ed by comparing the correct classification rate to 12. Finally, the extracted optimal principal component and the selected op-

timal feature wavelength were used as the input of the
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support vector machine, and the linear kernel function and

RI3% H ( BE2016323) the radial basis kernel function were selected, respective-
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nalysis model was established. The classification accuracy of all models was above 97.3%, the SPA-SVM ( based on RBF

kernel function) had the best effect, and the correct classification rate reached 98. 6%. It can be seen that the use of hyper-

spectral image technology combined with SPA-SVM can effectively identify the vigor of cucumber seeds.
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Fig.2 Mean hyperspectral curve of cucumber seeds with differ-

ent vigor gradients
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