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Abstract: The hyperspectral data of apples were obtained by using near-infrared hyperspectral imaging technology,
and the indexes of sugar content and acidity were detected nondestructively. For the characteristics of large amount of hyper-
spectral data and information redundancy, standardization (SS), standard normal variate (SNV), Savitzky-Golay smoot-
hing filtering (SG) and multiplicative scatter correction (MSC) were used to preprocess the spectra of apples. According to
the characteristic of hyperspectral images with many bands, successive projections algorithm (SPA), competitive adaptive
reweighted sampling (CARS) algorithm and random frog (RF) algorithm were used to select the characteristic wavelengths

of apples. Support vector machine ( SVM ) model,

7S B #9:2023-06-21 convolutional neural networks ( CNN ) model and
E2TH WA “RE” S TSRS -1 H (2022€04039) quantitative spectral data analysis based on deep learning
TEERE N PIRZE(1980-) , B LT RAMN, W+ 87, FENH (DeepSpectra) model were used to predict the sugar-acid

AT i R S5 B AR WEAL T 98, (E-mail ) banzhaojun @ ratio of apples. The results showed that the prediction ac-

zust.edu.cn curacy of DeepSpectra model was 93.70% , which had high
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accuracy and could be used to predict the sugar-acid ratio of apples. In this study, hyperspectral imaging technology and

DeepSpectra model were combined to realize the non-destructive detection of the sugar-acid ratio of apples.
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Fig.2 Spectral images of all apples
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Fig.3 Frequency histogram of sugar-acid ratio of apples
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Table 1 Descriptive statistical data of soluble solids content, titratable acid content and sugar-acid ratio of apples
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Fig.4 Spectral images of apples after pretreatment
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Table 2 Effects of partial least squares regression (PLS) models based
on spectra processed with different pretreatment methods
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Fig.5 Feature wavelengths extracted by successive projections algorithm ( SPA)
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Fig.7 Feature wavelengths extracted by random frog ( RF) algorithm
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Table 3 Comparison of PLS models based on characteristic wavelengths extracted by different extraction methods

- S TR KIESE i 4

(%) R RMSEC R RMSEP
PLS 462 100.00 0.791 7 0.604 1 0.794 9 0.599 7
SPA-PLS 20 4.33 0.814 6 0.586 0 0.795 3 0.609 1
CARS-PLS 34 7.36 0.854 4 0.552 3 0.835 0 0.574 0
RF-PLS 30 6.49 0.772 0 0.622 1 0.750 3 0.647 2
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Table 4 Comparison of different prediction models

HERl RE RMSEC R’ RMSEP
PLS 0.854 4 0.500 8 0.8350  0.5240
SVM 0.890 5 0.462 4 0.8744  0.4650
CNN 0.941 0 0.4155 09282 04304
DeepSpectra 0.945 2 0.387 4 09370 04270
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