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Abstract: In order to investigate an effective method for rapid discrimination of plum fruits at different maturity levels, plum fruits were
used as the research object of this study, and spectral information (420~1000 nm) of plum fruits at different maturity levels (unripe, mid-ripe,
ripe, over-ripe) was collected using hyperspectral imaging technology. A combination of smoothing and standard normalized variate (SNV) was
applied to pretreat spectral data. Then, the partial least squares method(PLS) model was established for comparing the accuracy of different
discriminant models, through using the pre-treated full spectrum (FS) data, the principal components extracted by the principal component
analysis (PCA) method, and the feature wavelengths extracted by the successive projection algorithm (SPA) technique as input variables. The
results revealed that the model established by FS-PLS had the highest discriminative accuracy and the accuracy rate reached 91.88%. However,
considering the amount and complexity of the experimental calculations, the accuracy rate of the model established by SPA-PLS was the best
with the comprehensive accuracy reaching 91.25%. This study provides a new theoretical basis for discriminative detection of plums maturity.
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Fig.2 Hyperspectral imaging system
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Fig.5 Full band PLS prediction results
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Table 1 Discriminating results of PLS mode

4K PLS AR Fm 4 % BHIA RABIA TRAE /Y% A EYA
) A B4 60 12 80.0
R - 87.50
Fom & 20 1 95.0
) A% 4R 60 8 86.7
F 3 = 85.85
Fom & 20 3 85.0
) A B4 60 1 98.3
PR f 99.15
Fom & 20 0 100
N RIES 60 0 100
it gt ) 97.50
TRom & 20 1 95.0
BAR 320 26 91.88
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Table 3 Predicting results of the PLS model based on the principal components

E R4 PLS A2 Fm 45 R BHN RPN RANE /Y% LA R R B /%,
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Rt 7',‘ 83.35
Fm & 20 2 90.0
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3 N 85.00
Fm & 20 1 95.0
. RIEE 60 11 81.7

AR ﬂ% 83.35
T & 20 3 85.0
. REE 60 11 81.7

it gk ‘ 83.35
T & 20 3 85.0

BAR 320 60 81.25
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Table 4 Predicting results of PLS model based on the characteristic wavelengths
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