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ABSTRACT: Objective To realize the non-destructive identification of minor damage of mangoes by
hyperspectral imaging technology. Methods The hyperspectral images of intact and damaged mangoes were
collected in the range of visible and near infrared wavelengths, and the corresponding regions of interest (ROI) were
extracted to obtain the hyperspectral data of the samples. The spectral preprocessing method by comparing various
preprocessing methods. The competitive adaptive reweighted sampling (CARS) and successive projections algorithm
(SPA) were used to extract characteristic wavelengths from the preprocessed spectra, respectively. With the extracted
characteristic wavelengths, a multiple linear regression (MLR) model and a partial least squares regression (PLSR)
model were established, respectively. Results The multiplicative scatter correction (MSC) was selected as the
spectral preprocessing method. The CARS-MLR model had the best performance in identifying mangoes minor

damage, calibration set correlation coefficient was 0.881, prediction set correlation coefficient was 0.821, calibration
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set root mean square error (RMSEC) was 0.146, prediction set root mean square error (RMSEP) was 0.236, and the

accuracy was 97.14%. Conclusion Hyperspectral imaging technique can be used to identify minor damage of

mangoes surface effectively.
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Table 2 Performance comparison of PLSR and MLR models
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CARS-PLSR 51 0.878 0.152 0.819 0.235 70 3 95.71
CARS-MLR 51 0.881 0.146 0.821 0.236 70 97.14
SPA-PLSR 10 0.865 0.158 0.815 0.241 70 4 94.29
SPA-MLR 10 0.867 0.155 0.816 0.239 70 3 95.71
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