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Research on the detection model of sugar content in different position of

citrus based on the hyperspectral technology
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Abstract: Hyperspectral techniques were used to study the sugar con-
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tent of different parts of citrus, and the sugar content detection mod-
els with hyperspectral information of calyx, stem and equator part
were established respectively. The results showed that the model es-

tablished by calyx was better than that of stem and equator. The de-
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tection models of partial least squares regression (PLSR), principal
component regression (PCR), and stepwise multivariate linear re-
gression (SMLR) were established respectively, and the results of
these three models were close. The PLSR model was found to the
best among them, after Norris derivative pretreatment methods were
applied, the prediction correlation coefficient (r,.) and the root
mean square error of prediction ( RMSEP) were 0. 950 and
0.636 °Brix. This result inclined that it was feasible to use the hyper-
spectral technology to detect the sugar content in different parts. The
study indicated that the calyx part could be the prior choice for the
sugar content detection site in the citrus quality testing, and the con-
clusion has great significance for the way of citrus place in the actual pro-
duction. Moreover, the PLSR method was used to establish the model of
hyperspectral information and average sugar content in calyx, stem and e-
quator part. The highest prediction 7, and RMSEP of models was in the
calyx and only to be 0.913 and 0.621 °Brix, which was not excellent e-
nough. Therefore, it was limited to predict the citrus average sugar
content with the hyperspectral information of a certain part.
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The acquisition of the transmission spectra of
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Figure 1

citrus by hyperspectral imaging system
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Figure 2 Different positions of citrus used to collect spectra
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Figure 3 The spectra of citrus obtained by

hyperspectral imaging
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Table 1

The measurement of the SSC quality parameter

KA YR/ °Brix SEI{H/°Brix AR 22/ Brix B3 25/ %

i 10.1~15.0 12.607 1.480 11.74
R 9.8~13.0 11.304 0.871 7.71
IR 10.1~14.0 12.153 1.215 10.00
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Table 2 The modeling effects by different spectral prepro-

cessing methods application for SSC detection

K IESE T
T Ak H 7 %
rer RMSEC/°Brix rpe  RMSEP/°Brix
Raw 0.932 0.705 0.834 0.985
MSC 0.923 0.744 0.897 0.802
SNV 0.926 0.730 0.887 0.842
First derivative 0.909 0.754 0.892 0.828
Second derivative 0,926 0.732 0.912 0.759
Savitzky-Golay 0.920 0.739 0.918 0.753
Norris derivative 0.971 0.461 0.950 0.636
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Table 3 The results of different models for

SSC determination

PG Al RIS FRIES
W R7 S Y A ret  RMSEC/°Brix  rj. RMSEP/°Brix
0,971 0.461 0.950 0.636
PLSR A 0.830 0.611 0.753 0.654
i 0.935 0.574 0.883 0.660
wE 0,935 0.673 0.869 0.964
PCR BAE 0.846 0.590 0.731 0.737
FRiE - 0.947 0.520 0.867 0.761
B 0.937 0.678 0.929 0.692
SMLR  H4f  0.906 0.482 0.811 0.585
AR 0.910 0.663 0.905 0.592
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Table 4 The results of PLSR models for SSC determination

. . BIE4E IS

o I A7 - .

7 eal RMSEC/ Brix 7 pre RMSEP/°Brix
i 0.930 0.529 0.913 0.621
Ly 0.947 0.485 0.868 0.647
IS 0.917 0.568 0.892 0.604
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