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Abstract

Rapid and accurate determination of the nutrient contents in wolfberry (Lycium barbarum L.) is of great
significance for identifying the quality and origin of the fruit. Compared to traditional chemical analysis
methods, hyperspectral remote sensing has the advantages of high speed and low cost. In this study, the dried
fruits of wolfberry (cultivar ‘Ningqi No. 7’) taken from the Huinong, Yinchuan, Zhongning, and Tongxin
regions of Ningxia, China, in 2020 were selected as samples. Two methods, the variable importance measure
(VIM) under random forest and the successive projection algorithm (SPA), were applied to select the
hyperspectral characteristic variables. The test set coefficient of determination (R*p), root mean square error
of prediction (RMSEP), and relative percent deviation (RPD) for different pre-treatments and characteristic
variable selection methods were compared. Finally, the optimal estimation models of partial least squares
regression (PLSR) for the contents of eight nutrients in wolfberry were established. The results were as follows:
(1) The variation trends of the original hyperspectral reflectance curves of wolfberries from different yield areas
and harvest dates were similar, and the spectral characteristic absorption bands were significantly enhanced
after first-order differential transformation. (2) After extracting the characteristic bands using SPA, the RPD
values were all above 2.0, and the estimation performance was significantly better than that of the full bands.
(3) The optimal estimation model for total sugar (TS), crude protein (CP), and Ca was found to be SG-MSC-
SPA-PLSR; the optimal estimation model for Lycium barbarum polysaccharide (LBP), Mn, and Zn was found
to be SG-2"D-SPA-PLSR; and the optimal estimation model for Cu and Fe was found to be SG-1*D-SPA-
PLSR. The results have important reference value for the quality evaluation and origin traceability of wolfberry.
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Introduction

Woltberry (Lycium barbarum L.) is a deciduous shrub of Lycium L. in Solanaceae. This berry has been
cultivated for more than 600 years in northwest China (Chen ¢t 4/., 2013). The dry and mature fruits of
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wolfberry are used in traditional Chinese medicine and can nourish the liver and kidney, reduce thirst due to
internal heat (Chinese Pharmacopoeia Commission of the People’s Republic of China, 2020), reduce blood
sugar (Zou ez al., 2010), and exert anti-cancer effects (Mao ez al., 2011). In recent years, wolfberry has become
popular in Europe and North America as a medicine and functional food, and many commercial products
named after wolfberry have entered the health food market (Potterat, 2010). However, there are great
differences in the medicinal quality of Lycium barbarum obtained from different yield arcas. Therefore, the
accurate and rapid acquisition of nutrient contents in Lycium barbarum is of important reference value for
identifying the origin and quality of the berry.

However, the traditional chemical analysis method is time-consuming and complicated. Hyperspectral
remote sensing technology has the advantages of being multi-band (350-2,500 nm) and offering high resolution
results (3-10 nm). The diffuse reflection spectra obtained via hyperspectral remote sensing technology contain
abundant information on the structure and composition of reflectors (Pu and Gong, 2003), thereby providing
an effective method to obtain the contents of crop nutrients. As early as the 1960s and 1970s, researchers from
the United States Department of Agriculture (USDA) performed detailed spectroscopic measurements of
plant leaves, successfully revealing the characteristics of the 42 sub-absorption bands of chlorophyll, protein,
water, and other notable leaf contents in the 400-2,400 nm band range (Curran, 1989). For more than half a
century, with the rapid development of stoichiometry and the great improvements in the detection accuracy of
hyperspectral instruments, studies on the use of hyperspectral technology in the agriculture and food fields have
become increasingly based on multi-spectrum, multi-mode, and multi-platform technology. Especially in
recent years, a combination of hyperspectral analysis and partial least squares regression (PLSR) has been widely
used in crop quality estimation. Ye e a/. (2020) estimated the nitrogen content of Fuji apple trees in Aomori,
Japan, at different scales of leaf and canopy. Grieco ¢t al. (2022) established a model to accurately estimate the
nitrogen, phosphorus, and potassium concentrations in barley HEB-25 leaves from Halle, Germany. Ouyang
et al. (2021) studied and identified the contents of caffeine, tea polyphenols, free amino acids, and chlorophyll
in matcha from eastern China. Caporaso ef a/. (2022) established a model to effectively estimate the volatile
compounds of Arabica and Robusta in commercial roasted coffee beans.

In terms of the hyperspectral inversion of nutrient contents in wolfberry, several scholars
(Fatchurrahman ez 4l.,2021; Li ez al., 2017; Wang et al., 2016) have studied and established estimation models
for total sugar (TS), Lycium barbarum polysaccharide (LBP), vitamin C, total antioxidants, phenols,
anthocyanins, soluble solid content, and total acidity. However, studies on the hyperspectral estimation of
crude protein (CP) and mineral elements mainly focused on herbage (Duranovich ez 4/., 2020), rice (Liu ez al.,
2014), wheat (Hu ez 4l.,2021), avocado (Kidmper ez a/., 2020), orange (Osco ez al., 2020), nuts (Bai ez al., 2018),
etc., with few reports on wolfberry.

The aim of the present study was to evaluate the application potential of hyperspectral technology for
the detection of nutrient contents in Lycium barbarum and solve the time-consuming, labor-intensive, and
high-cost issues of traditional chemical analysis methods. We used the wolfberry cultivar ‘Ningqi No. 7 as
experimental materials. The hyperspectral and chemical analysis data of ‘Ninggi No. 7’ collected in a laboratory
were used to study the spectral response characteristics of TS, LBP, CP, Mn, Cu, Fe, Zn, and Ca with a
combination of different pre-treatments and characteristic variable selection methods. Based on the above
study, the overall aim was to establish optimal partial least squares regression models for the eight nutrients and
provide a fast, accurate, and low-cost method for the quality identification of Lycium barbarum.
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Materials and Methods

Study site

Ningxia Hui Autonomous Region (104°17'-107°40" E, 35°14'-39°23' N) is located in the inland of north
central China. This region’s unique light, heat, and soil moisture conditions are conducive to the
photosynthesis, sugar accumulation, and fruit coloration of wolfberry, making this region one of the most
important wolfberry cultivation and high-yield areas in China. The region’s reputation can be described as
follows: “the Yellow River is rich in Ningxia, and the Lycium barbarum is the best in the world”. The yields and
sales of wolfberry in Ningxia account for more than 60% of sales in China. Zhongning County of Ningxia,
which is known as “the hometown of Chinese wolfberry”, has Lycium barbarum with excellent medicinal
quality. The efficacy of Lycium barbarum was recorded as early as the Ming Dynasty medical text
"Compendium of Materia Medica", and wolfberry is the only cultivar listed in the 2020 edition of Chinese
Pharmacopoeia (Chinese Pharmacopoeia Commission of the People’s Republic of China, 2020). In 2020,
Lycium barbarum was selected as part of the mutual recognition protection list in the “China-EU agreement
on geographical indications”, indicating that the quality of Lycium barbarum was recognized by the
international market, and the international influence of the fruit was improved. In recent years, with the rapid
development of the wolfberry industry in Ningxia, a new pattern of “one core and two belts” has formed. This
pattern takes the Zhongning County as its core area and radiates throughout Qingshui River Basin and both
sides of the Yellow River. The spatial distribution of sampling points at the study site is shown in Figure 1.
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Figure 1. Study site and sampling point distribution
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Sampling and drying

The cultivar used in this study was ‘Ningqi No. 7’, and the sampling points were located in the main
yield areas of wolfberry in Ningxia, including Huinong, Yinchuan, Zhongning, Tongxin and Yuanzhou. The
sampling period encompassed the summer fruit maturity period of Lycium barbarum in 2020 (June 18th, June
19th, June 28th, June 30th, July 6th, July 7th, July 8th, July 10th, July 16th, July 17th, July 23rd, July 24th, and
August 3rd). The locations of sampling points in different batches were the same. We selected plants of similar
ages and randomly took samples from the upper, middle, and lower parts of the canopy. Then, we put the
samples into envelopes, stored them in a refrigerator, and quickly transported them to the laboratory.

To reduce the interference of external factors on the detection of nutrient contents of Lycium barbarum,
a traditional Na,COj solution was not used to soak the wax layer on the surface of fresh fruit during the drying
process. The whole process involved natural drying. After the fresh fruits were naturally dried to a constant
weight, the stems and bad fruits were removed and then placed in a 60 °C oven to continue drying. When the
moisture content of the wet basis of Lycium barbarum was less than 13%, drying was considered completed
(El-Sebaii and Shalaby, 2013). Then, we used a high-speed crusher to crush the samples into powder and bagged
and stored the powder in a dry container to prevent moisture return. Ultimately, we obtained 25 bags of
samples, each about 250 g,

Hyperspectral measurement and chemical analysis

The dried fruit samples of Lycium barbarum were divided into two parts usinga 90 x 90 mm petri dish.
One part was about 10 mm thick and had a smooth and uniform surface for spectral measurement, while the
other part was used for nutrient analysis. The pulverized wolfberries reduced the effects of texture and shadow
on the reflectance of the dried fruit surface, making the samples more suitable for studying the spectral response
characteristics of different nutrients based on the mechanism. Spectral measurements were carried out indoors
usingan SR-3500 portable spectrometer (Spectral Evolution Inc., Haverhill, MA, USA). The wavelength range
of the SR-3500 was 350-2,500 nm with a resolution of 3.5 nm in the 350-1,000 nm range, 10 nm in the 1,000-
1,900 nm range, and 7 nm in the 2,100-2,500 nm range. The instrument was preheated for 30 min before
measurement. During the measurements, the probe was oriented vertically downward at a height of about 10
cm from the sample surface. The vertical height of the light source was placed at about 30 cm from the surface,
and the zenith angle was about 15°. A white reflectance panel (5 x 5) was used to calculate the reflectance for
cach spectral measurement, and the process was carried out in a darkroom with a 100 W halogen tungsten
lamp. Each sample was repeated 5 times, and the arithmetic mean was taken as the actual reflectance.

The chemical analysis indices of Lycium barbarum included total sugar (TS), Lycium barbarum
polysaccharide (LBP), crude protein (CP), Mn, Cu, Fe, Zn, and Ca. TS was assayed by direct titration method
reference to GB/T 18672-2014 Appendix B of the Chinese national standards (CNS) (Li ez 4/, 2017). LBP
was assayed by phenol-sulfuric acid method reference to GB/T 18672-2014 Appendix A of CNS (Yu et 4L,
2017). CP was assayed by Kjeldahl method reference to GB 5009.5-2016 of CNS (Tian ez 4/., 2022). Mn was
assayed by flame atomic absorption spectrophotometry (FAAS) at 279.5 nm reference to GB 5009.242-2017
of CNS (Wang ez al., 2021). Cu was assayed by FAAS at 324.8 nm reference to GB 5009.13-2017 of CNS
(Wangetal, 2021). Fe was assayed by FAAS at 248.3 nm reference to GB 5009.90-2016 of CNS (Wang ez al.,
2021). Zn was assayed by FAAS at 213.9 nm reference to GB 5009.14-2017 of CNS (Wang ez al., 2021). Ca
was assayed by FAAS at 422.7 nm reference to GB 5009.92-2016 of CNS (Wang ¢ al., 2021). The mean,
maximum (Max), minimum (Min), standard deviation (SD), and coefficient of variation (CV) in different sets
are shown in Table 1.
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Table 1. Basic nutrient contents of Lycium barbarum samples
Samples Indices TS LBP* CcP? Mn® CuP Feb Zn® Ca’
Mean 52.83 427 14.52 7.96 7.25 52.16 12.69 0.84
Max 62.40 5.78 17.20 14.50 11.00 87.40 20.40 1.10

(Tno_t;ls) Min | 4180 | 3.10 1200 | 4.10 2.00 1650 | 7.60 0.57
B SD 496 0.68 1.54 2.48 222 1585 | 292 0.13
Cv 0.09 0.16 0.11 031 031 0.30 0.23 0.16

Mean 51.95 4.38 14.61 7.58 7.51 49.98 1291 0.86
Max 62.40 5.78 17.20 12.80 10.20 79.50 20.40 1.10

Training set

(n=17) Min 41.80 3.10 12.00 4.90 3.40 16.50 7.60 0.57
SD 5.03 0.65 1.48 2.09 1.77 15.94 2.94 0.14

(9)% 0.10 0.15 0.10 0.28 0.24 0.32 0.23 0.16

Mean 54.70 4.04 14.31 8.79 671 56.80 12.21 0.80

Test set Max 61.20 5.28 16.70 14.50 11.00 87.40 17.40 1.05
(n=8) Min 46.00 3.14 12.70 4.10 2.00 32.40 9.20 0.67
SD 423 0.69 1.65 3.00 2.89 14.61 2.80 0.11

Ccv 0.08 0.17 0.12 0.34 0.43 0.26 0.23 0.14

Notes: %, ® and € represent the units of ‘g-100g™”, ‘mgkg™ and ‘g-kg ", respectively. CV is dimensionless.

Hyperspectral data processing method

The built-in DARWin SP software of the SR-3500 was used to extract the original spectral reflectance
(OR). The R 4.1.2 “prospectr” package was used for data pre-processing. This package integrates many
functions that are practical in near-infrared and infrared spectroscopy applications and can be used for spectral
data pre-processing and the selection of representative samples or spectra. First, the original spectral data were
smoothed using the Savitzky—Golay (SG) filter. The data were then subjected to first-order differential (1¥D),
second-order differential (2"D), multivariate scattering correction (MSC), and standard normal variable
transformation (SNV).

Estimation model of nutrient contents

Modelling method

The twenty-five samples were divided into a training set with 17 samples and a test set with 8 samples.
The pre-treated spectral reflectance data of the full bands and characteristic bands were used to establish the
models. The partial least squares regression models of total sugar, Lycium barbarum polysaccharide, crude
protein, Mn, Cu, Fe, Zn, and Ca contents were established using the R 4.1.2 “PLS” package.

PLSR was proposed by Swedish statistician Herman Wold (Wold, 1966) in 1966 and integrates the
advantages of three analysis methods: ordinary multiple linear regression, principal component analysis, and
canonical correlation analysis. This method can accurately solve the problems of multicollinearity between
independent variables, fewer samples than variables, and complex calculations (Yu ez 4/, 2015).

Characteristic band

Hyperspectral data are multidimensional and contain a large amount of redundant data. By extracting
the characteristic wavelengths, the interference of irrelevant information can be reduced, and the prediction
ability of the model can be improved. In this study, we used the variable importance measure (VIM) under
random forest and the successive projection algorithm (SPA) to select the characteristic bands.

The VIM indicates the contribution of each independent variable to the dependent variable. Here, we
chose the mean decrease accuracy (MDA) as the evaluation indicator. MDA is a measure of the reduction in
the accuracy of random forest predictions caused by changing the value of a variable into a random number.
The higher the value, the greater the importance of the variable (Han e 4/, 2016). We ranked the results from
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large to small according to importance and took the first 15 values as the characteristic variables. The built-in
function “importance ()” in the R 4.1.2 “randomForest” package was used to select the variables.

The SPA uses variable projection operations in the data matrix to find the combination of spectral
characteristic variables with the least amount of redundant information and the lowest collinearity. This
method can extract a selection of variable data from a large number of original spectral data matrices to
summarize most spectral information. This method also can avoid spectral information overlap to the greatest
extent and improve modelling speed by reducing the amount of calculations and simplifying the model
structure (Aratjo et al., 2001). The optimal combination of characteristic bands was determined according to
the minimum root mean square error of prediction (RMSEP). We used the MATLAB 6.5 SPA toolkit (Aratjo
et al., 2001; Galvio et al., 2001) to select the characteristic variables.

Model accuracy test

The coefficient of determination (R*), root mean square error (RMSE), and relative percent deviation
(RPD) were used for model accuracy evaluation. R? represents the stability of the model. The closer R*is to 1,
the better the stability of the model and the higher the degree of fitting. Here, RMSE is used to test the
prediction ability of the model, where the smaller the RMSE, the stronger the prediction ability of the model.
RPD is the ratio of the sample’s standard deviation to the root mean square error, which is used to evaluate the
prediction ability of the model. When RPD < 1.4, the model cannot predict the sample; when 1.4 < RPD <
2.0, the model prediction accuracy is general and the sample can be roughly predicted; when RPD 2> 2.0, the
model has excellent prediction ability (Bellon-Maurel ez al., 2010; Rossel ez al., 2006). The flow chart of the

nutrient content estimation model is shown in Figure 2.
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Results

Hyperspectral characteristics and transformation

The original hyperspectral reflectance curves of Lycium barbarum were largely similar between different

yield areas and harvesting periods (Figure 3a).
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Figure 3. The original spectral curve and different pre-treatment spectral curves of the Lycium barbarum
samples: (a) Original spectral reflectance, (b) SG smoothing, (c) SG-1*D, (d) SG-2™D, (e) SG-MSC, and
() SG-SNV

The curve slope was higher, and the reflectance rose rapidly, ac 530-780 nm range of visible light. There

was a peak region observed at 850-1,320 nm under near-infrared light, and the reflectance ranged from 65% to
85%. There were absorption peaks observed near 1,000 and 1,200 nm, as well as reflection peaks near 1,119
and 1,311 nm, which were mainly related to the second-order frequency doubling of the C—H bond stretching
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vibration (Khodabux ez 4/., 2007). The reflectance dropped rapidly at 1,320-1,450 nm and flattened at 1,450-
1,875 nm (with 40%-60%), before showing fluctuating and decreasing trends. There were absorption peaks
observed near 1,465, 1,723, 1,935,2,105, and 2,310 nm. The peak region near 1,465 nm was related to the first-
order frequency doubling of the O—H bond stretching vibration (Aernouts ez al., 2011). The characteristics of
the Lycium barbarum spectral curve found in this study were consistent with the results of Mu ez /. (2021) for
the dried fruits of wolfberries from Ningxia, Qinghai, Gansu, and Xinjiang of China. In addition, similar
conclusions were reported by Zhang ez 4/. (2020) who used hyperspectral analysis and predicted the contents
of total phenols, total flavonoids, and total anthocyanins in the dried fruits of black goji berry (Lycium
ruthenicum Murr.) in the Ningxia and Xinjiang yield areas.

Due to the influence of light source intensity, noise, and instrument performance, the original spectral
data need to be pre-processed before use. SG smoothing can effectively reduce noise. The smoothing effect is
determined by the number of smoothing points. The eleven points of the SG first-order polynomial were used
for smoothing. After smoothing, the random noise in the regions of 838-1,023 and 1,735-2,500 nm was
significantly improved (Figure 3b). Then, the data were processed via first-order differentiation (Figure 3c),
second-order differentiation (Figure 3d), multivariate scattering correction (Figure 3e), and standard normal
variable transformation (Figure 3f). This different combination of pre-processing methods was able to reduce
the heterogeneity of the spectral curves of different Lycium barbarum samples, enhance the quality of spectral
data, and improve the modelling accuracy. Spectral differential transformation can eliminate baseline and
background interference, distinguish overlapping peaks, and improve spectral resolution and sensitivity; MSC
can correct the baseline drift of the diffuse reflectance spectrum and effectively suppress the noise caused by
sample heterogeneity; SNV can eliminate the scattering effect caused by the uneven particle size and
distribution of the sample.

Based on the reflection and absorption characteristics of the Lycium barbarum spectrum, the positions
of the absorption peaks did not change compared to the original spectral curve after MSC and SNV processing.
After first-order differential transformation processing, the characteristic absorption bands were more
prominent. There were especially strong absorption peaks near 1,160, 1,353, 1,422, 1,557, 1,685, 1,898, 2,038,
and 2,246 nm, as well as strong reflection peaks near 566 nm. Overall, the heterogeneity of the spectral curve
was significantly improved.

Full-band modelling

Taking the transformed full-band spectral data as the independent variable and the measured data of
Lycium barbarum nutrient content as the dependent variable, we established partial least squares regression
estimation models. The accuracy of full-band PLSR models in reflecting the contents of eight nutrients under
different pre-treatment combinations is shown in Table 2. Overall, the model predicted (RPD > 1.4) TS and
CP, while the other six nutrients could not be predicted. The spectral data smoothed by the SG filter offered
better prediction accuracy for TS and CP. Specifically, the model prediction ability for TS was average (R’p =
0.731, RPD = 1.827), while that for CP was strong (R’p = 0.820, RPD = 2.087). Compared to the original
spectral reflectance model, the RPD values of TS and CP increased by 55.25% and 4.60%, respectively.

Characteristic band selection

To reduce the complexity and enhance the interpretability of the model, we used variable importance
measure (VIM) and the successive projection algorithm (SPA) to select the characteristic bands. The band
distribution maps are shown in Figure 4. The red dots represent RPD 2 2.0, the blue dots represent 1.4 < RPD
< 2.0, and the black dots represent RPD < 1.4. According to the distribution of red dots and blue dots, among
the eight nutrients in Lycium barbarum, the sensitive bands of organic matter were mainly found in the 355-
390 nm range of violet light, the 455-487 nm range of blue light, the 533-558 nm range of green light, the 622-
667 nm range of red light, the 784-994 nm range of near-infrared short-wave light, and the 1,119-1,363 and
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1,881-2,485 nm range of near-infrared long-wave light. The sensitive bands of mineral elements were mainly
observed in the 361-455 nm range of violet light, the 455-492 nm range of blue light, the 492-577 nm range of
green light, the 577-597 nm range of yellow light, the 597-615 nm range of orange light, the 622-774 nm range
of red light, and the 1,314-2,495 nm range of near-infrared long-wave light.

Table 2. Accuracy of the full-band PLSR model with different pre-treatments for the contents of eight
nutrients in Lycium barbarum

Pre-treatments Indices TS* LBP? CP? Mn' Cu® Feb Zn® Ca“
R%p 0.628 0.242 0.816 0.169 0516 0.331 0.689 0.414
OR RMSEP 2.750 0.680 0.720 2.900 2.060 13.200 2.150 0.096

RPD 1.177 0.949 1.995 0.301 0.951 0.964 0.405 1.117
R%p 0.731 0.264 0.820 0.169 0.540 0.331 0.689 0.415
SG RMSEP | 2.560 0.650 0.700 2.900 2.170 13200 | 2.150 0.096
RPD 1.827 0.868 2.087 0.301 0.854 0.964 0.405 1.118
R’p 0.610 0.138 0.563 0.092 0.399 0.468 0.297 0.377
SG-1"D RMSEP | 2.730 0.690 1.100 3.860 2.490 13.000 | 2.460 0.089
RPD 1.412 0.679 1.106 0.285 0.464 0.993 0.925 0.755
R*p 0.068 0.119 0.214 0.114 0.240 0.027 0.162 0.038
SG-2D RMSEP | 4.990 0.670 1.470 3.110 2.650 18.200 | 2.700 0.130
RPD 0.526 0.478 0.541 0.382 0.304 0.435 0.713 0.558
R*p 0.621 0.130 0.690 0.212 0.048 0.354 0.347 0.587
SG-MSC RMSEP | 2.820 0.700 1.020 3.020 3.010 13.700 | 2.540 0.076
RPD 1.282 0.699 0.945 0.166 0.413 0.846 0.212 0.837
R%p 0.623 0.131 0.687 0.170 0.058 0.354 0.356 0.594
SG-SNV RMSEP | 2.810 0.670 1.020 3.050 3.000 13.600 | 2.530 0.078
RPD 1.292 0.713 0.963 0.153 0.456 0.842 0.225 0.720
Notes: %, > and © represent the units of ‘g100g ™", ‘mg-kg ™ and ‘gkg?, respectively. R*p and RPD are dimensionless
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Figure 4. The characteristic bands of TS (), LBP (b), CP (c), Mn (d), Cu (¢), Fe (f), Zn (g), and Ca (h) in
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Optimal estimation models of nutrient contents

The RPD values for combinations of different pre-treatments and different characteristic variables for
nutrient prediction models are shown in Figure 5. Compared to the full band estimation model (Table 2), after
feature selection, the number of independent variables involved in modelling was significantly reduced, and the
estimation performance was improved. The RPD values of TS and CP increased by 383.81% and 371.56%,
respectively, while the RPD values of LBP, Mn, Cu, Fe, Zn, and Ca, which were unable to be predicted with
the full band, reached more than 2.0 after selecting characteristic variables and showed strong estimation
performance. In addition, compared to the VIM method, the overall accuracy was significantly improved after

SPA band selection.

—a—TS -—-&-—LBP -4 CP —v—Mn
[ Cia el melhpadFieneaiTy
RPD=2.0

RPD

BCHNCARCNC LI CA

Figure 5. The RPD values of different pre-treatment combination models for nutrient contents

According to R’p (Figure 6), RMSEP (Table 3) and RPD (Figure 5) values under the different pre-
treatments and SPA characteristic band modelling, the spectral data indicate stronger response characteristics
to LBP, Mn, Cu, Fe, and Zn after SG-1"D and SG-2"D transformation. The R*p was mainly concentrated at
0.763-0.938. Compared to the models without transformation, the RMSEP decreased by 14.88%-57.44%, and
the RPD increased by 28.09%-890.51%. The spectral data after SG-MSC transformation were more sensitive
to TS, CP, and Ca, with the R*p mainly concentrated at 0.897-0.963. Compared to the models without
transformation, the RMSEP decreased by 22.34%-63.95%, and the RPD increased by 3.10%-186.67%.

The model with the largest RPD value (Figure 5) was selected as the optimal estimation model for each
nutrient content. The optimal estimation models for TS, LBP, CP, Mn, Cu, Fe, Zn, and Ca are shown in Figure
7, and the selected characteristic bands are shown in Table 4. The results showed that the optimal estimation
model for TS was SG-MSC-SPA, with R*p, RMSEP, and RPD values of 0.9751, 0.686, and 6.2, respectively.
The most sensitive bands were 355-384 nm in violet light, 670 nm in red light, and 1,426 and 1,891-2,495 nm
in near-infrared light. The optimal LBP estimation model was SG-2"D-SPA, and its R>p, RMSEP, and RPD
values were 0.921,0.206, and 3.16, respectively. The most sensitive bands were 357 nm in violet light and 1,193,
1,493, and 1,752-2,129 nm in infrared long-wave light. The optimal estimation model for CP was SG-MSC-
SPA, and its R*p, RMSEP, and RPD values were 0.954, 0.387, and 4.457, respectively. The most sensitive bands
were 355-384 nm in violet light, 784 nm in near-infrared short-wave light, and 1,119 and 1,891-2,495 nm in
near-infrared long-wave light.
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Figure 6. The R” of different pre-treatment combination models for nutrient contents

Table 3. The RMSEP under different pre-treatment combination models for nutrient contents

Pre-treatments TS LBP* CP? Mn" CuP Fe® Zn® Ca*

VIM 2.94 0.60 0.66 3.14 1.65 14.00 1.95 0.13

SPA 1.72 0.36 0.85 2.89 1.30 10.10 1.21 0.086
SG-VIM 321 0.59 0.96 2.96 1.68 14.10 2.00 0.093
SG-1"D-VIM 2.76 0.70 1.15 3.17 2.72 18.10 2.82 0.087
SG-2"D-VIM 4.35 0.71 1.20 1.84 3.00 18.70 3.38 0.15

SG-MSC-VIM 2.15 0.73 0.96 3.02 2.89 14.10 2.36 0.074
SG-SNV-VIM 3.29 0.77 0.98 2.98 3.15 9.21 2.36 0.066
SG-SPA 2.14 0.40 0.47 2.45 1.80 11.70 1.97 0.067
SG-1"D-SPA 1.32 0.26 0.38 1.58 0.83 5.88 1.03 0.035
SG-2"D-SPA 1.72 0.21 0.66 1.23 1.44 592 0.88 0.031
SG-MSC-SPA 0.69 0.58 0.39 2.18 1.98 10.20 2.33 0.037
SG-SNV-SPA 1.01 0.59 0.37 2.38 1.84 9.43 1.99 0.047

Notes: %, ® and € represent the units of ‘g-100g™”, ‘mgkg™ and ‘g-kg ", respectively.

The optimal estimation model for Mn was SG-2"D-SPA, and its R*p, RMSEP, and RPD values were
0.869, 1.23, and 2.037, respectively. The most sensitive bands were relatively dispersed but mainly located in
the 408 and 447 nm range of violet light; 475 nm range of blue light; 512 nm range of green light; and 1,219,
1,432-1,617,and 2,027-2,301 nm range of near-infrared long-wave light. The optimal estimation model for Cu
was SG-1"D-SPA, and its R*p, RMSEP, and RPD values were 0.938, 0.825, and 3.194, respectively. The most
sensitive bands were found in the 375 nm range of violet light, 890 nm range of near-infrared short-wave, 1,850-
2,491 nm range of near-infrared long-wave light. The optimal estimation model for Fe was SG-1¥D-SPA, and
its R*»p, RMSEP, and RPD values were 0.849, 5.88, and 2.322, respectively. The most sensitive bands were least
numerous among the eight nutrients near the 1,314, 1,502, and 2,485 nm range of near-infrared long-wave
light. The optimal estimation model for Zn was SG-2"D-SPA, and its R*p, RMSEP, and RPD values were
0.916, 0.881, and 3.376, respectively. The most sensitive bands were relatively dispersed but mainly located in
the 380 nm range of violet light, 468 and 485 nm range of blue light, 1,024 nm range of near-infrared short-
wave light, and 1,424 and 2,223 nm range of near-infrared long-wave light. The optimal estimation model for
Cawas SG-MSC-SPA, and its R*’p, RMSEP, and RPD values were 0.948, 0.0366, and 3.515, respectively. The
most sensitive bands were in the 674 nm range of red light and 1,656-2,495 nm range of near-infrared long-
wave light.
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Figure 7. The optimal PLSR prediction model for each nutrient: (a) TS, (b) LBP, (c) CP, (d) Mn, (¢) Cu,
(f) Fe, (g) Zn, and (h) Ca
Table 4. Characteristic bands used in the optimal prediction model of each nutrient
Items | Optimal models Optimal bands(nm)
TS SG-MSC-SPA- 355, 361, 384, 670, 1,426, 1,891, 1,918, 2,250, 2,273, 2,341, 2,385, 2,412, 2,446, 2,483,
PLSR 2,495
SG-2"D-SPA-
LBP PLSR 357, 1,193, 1,493, 1,752, 1,884, 1,935, 2,055, 2,105, 2,129
SG-MSC-SPA-
CP PLSR 355, 361, 384,784, 1,119, 1,891, 1,930, 2,123, 2,250, 2,300, 2,413, 2,485, 2,495
SG-2"D-SPA-
Mn PLSR 408, 445, 475,512, 1,219, 1,432, 1,581, 1,617, 2,027, 2,110, 2,160, 2,192, 2,270, 2,301
SG-1¥D-SPA-
Cu 375, 890, 1,850, 1,943, 2,155, 2,177, 2,327,2,491
PLSR
SG-1¥D-SPA-
F 1,314, 1,502, 2,4
e PLSR 3 5 85
SG-2"D-SPA-
Zn PLSR 380, 468, 485, 1,024, 1,424, 2,223
SG-MSC-SPA-
Ca 674, 1,656, 1,892, 1,929, 2,213, 2,297, 2,446, 2,495
PLSR
Discussion

Hyperspectral estimation qf organic matter content

Although the basic trends for the spectral curves of Lycium barbarum from different yield areas were
similar, genuine differences in nutrient contents still represented the main reason for changes of reflectance in
the same band. Sugar plays an important role in achieving the medicinal quality of Lycium barbarum, with TS
and LBP recognized as the most important medicinal contents. Several scholars have used near-infrared
spectroscopy and PLSR to predict the contents of TS and LBP in Lycium barbarum in different regions of
China. The R* values of the prediction set were 0.942 (Li e al., 2017) and 0.938 (Wang ez al., 2016),
respectively. Compared to previous studies, the prediction accuracy of TS was improved in our work by 3.5%,
and the prediction accuracy of LBP was basically the same. Scholars have also evaluated the TS and LBP
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contents in other crops via hyperspectral analysis and successfully predicted the TS contents of tobacco (R* =
0.67-0.86, RMSE = 4.28%-17.06%) (Soares ¢t al., 2019), Lolium perenne L. (R* = 0.58, RMSE = 34.40 mg/g)
(Shorten et al.,2019), and transverse sections of apple (R* = 0.81, RPD = 2.20) (Lan ¢t al., 2021), as well as the
LBP contents of chrysanthemum (R* = 0.93, RPD = 3.73) (He ez 4/., 2018), licorice (R* = 0.9119, RMSEP =
0.4350) (Zhanger al., 2015), and lily (R* = 0.9455, RMSEP = 0.9098) (Huang ez al., 2020). Compared to the
above studies, our models showed better performance in TS and LBP. Crude protein is one of the most
important indices for Lycium barbarum quality evaluation. Compared to previous hyperspectral studies on rice
(R*=0.917) (Liu ez al., 2014) and forage grass (R* = 0.78) (Duranovich e 4/., 2020), the prediction accuracy
of CP was improved by 4.0% and 22.31%, respectively, under our models. The spectral absorption
characteristics in the near-infrared region might be related to the N-H and N=H bond vibrations in protein
(Smith ez al., 2020).

Under the action of visible near-infrared spectrum energy transfer, the frequency doubling absorption
of the stretching vibrations of different combination modes of Lycium barbarum organic functional groups
(such as C-H, C-O, O-H, and N-H) formed the fingerprint characteristics of spectral recognition. In
previous studies, three main reasons were given for differences in the hyperspectral estimation performance of
organic matter contents in crops: (1) each chemical substance has various forms—for example, the protein in
chloroplast is not necessarily the same as that in cytoplasm (Curran, 1989); (2) most organic substances in
crops, such as protein, starch, cellulose, and sugar, contain common molecular bonds (such as O-H and C-
H), and the absorption peaks overlap; and (3) the spectral data quality can differ in various ways such as the
strength of the light source, indoor and outdoor application scenarios, the materials of the dispersion
components, and the spectral range and resolution of the detector.

Hyperspectral estimation of mineral element content

Mineral elements are indispensable components of enzymes, active proteins, vitamins, and hormones in
the human body. These clements play an important biological role in the metabolism, growth, and
development of the body (Shenkin, 2004). They also directly or indirectly affect the accumulation of secondary
metabolites of Chinese medicinal materials (Konieczynski e 4/., 2016). The geographical indication of mineral
elements is also an important indicator for the origin tracing of Lycium barbarum. Accurately acquiring the
contents of mineral elements has important reference value for improving the quality of Lycium barbarum.
Previous studies have shown that mineral nutrients do not absorb light energy in the visible near-infrared region
(Manley, 2014). Therefore, visible near-infrared spectroscopy cannot be directly used to detect mineral
content. However, the indirect prediction of inorganic content becomes possible when the inorganic content
is combined with molecules containing covalent bonds (usually N-H, S-H, O-H, C-H, C-0, or C=C)
(Manley, 2014; Ruano-Ramos ez 4., 1999).

Several scholars have predicted the mineral element contents in crops via hyperspectral analysis. For
example, Kamper ez a/. (2020) predicted the contents of 14 mineral nutrients in Hass avocado fruit, finding
that the Ca in flesh (R* = 0.53, RPD = 1.71) and skin (R? = 0.68, RPD = 1.57) offered the best performance.
Bai et al. (2018) predicted the contents of Fe (R* = 0.75, RPD = 1.46), Mn (R*=0.71, RPD = 1.84), and Zn
(R*=0.62,RPD = 1.37) in Canarium indicum nuts. Hu ez 4/. (2021) predicted the contents of Ca (R* = 0.70)
and Zn (R* = 0.77) in wheat kernels and flour. Osco ez /. (2020) predicted the contents of Cu (R* = 0.861)
and Zn (R* = 0.855) in Valencia orange leaves. Compared to previous studies, the prediction performance of
Mn, Cu, Fe, Zn, and Ca improved in our work by 22.4%, 8.9%, 13.2%, 7.1%-47.7%, and 35.4%-78.9%,

respectively.
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Characteristic variable modelling

Due to the large amount of hyperspectral data, the high implied correlation between bands will lead to
multicollinearity problems and distort the model. Therefore, determining how to select sensitive bands has
long been the focus of hyperspectral inversion. In terms of modelling, we evaluated the spectral response
characteristics of different nutrients in both full bands and characteristic bands. Because the group is selective
in the absorption of the spectrum, not all spectra are highly correlated with the chemical indices being
measured. Due to the excessive number of spectral variables and the presence of irrelevant spectral information,
the robustness and accuracy of the full-band model were not ideal. By extracting characteristic bands, on the
one hand, the information redundancy of independent variables was reduced, and the interpretability of the
model was enhanced. On the other hand, these results have important reference value for the future
development and popularization of production-oriented special equipment. In recent years, with the
development of unmanned aerial vehicle (UAV) hyperspectral technology and deep learning methods, the
development of chemometrics has ushered in a new era. With the coming era of artificial intelligence, we should
give full play to the advantages of intelligent algorithms and high-performance instruments to facilitate the
future development of hyperspectral technology and thereby improve the timeliness and accuracy of crop
quality prediction.

Conclusions

In this study, we took Ningxia Hui Autonomous Region as the research area and the summer dried fruit
of Lycium barbarum as the experimental materials. Hyperspectral remote sensing technology was used to
obtain indoor spectral data for the samples. Two characteristic variable selection methods were used to extract
the bands, and PLSR prediction models for the contents of eight nutrients were established. The conclusions
of the study can be summarized as follows. (1) The original hyperspectral reflectance curves of Lycium
barbarum from different yield areas and harvesting periods were similar in their overall variation trends. After
first-order differential transformation, the heterogeneity of the spectral curve was improved. There were strong
absorption peaks observed at the 1,160, 1,353, 1,422, 1,557, 1,685, 1,898, 2,038, and 2,246 nm range of near-
infrared long-wave light. There was also a strong reflection peak near 566 nm for green light. (2) Among all
nutrients, the inversion accuracy of the full band PLSR model was generally insufficient and could only predict
the contents of TS and CP. However, the PLSR model established based on characteristic variables had RPD
values above 2.0, indicating strong prediction performance. Compared to the VIM feature selection method,
the overall accuracy of the PLSR prediction model established using SPA feature bands for each nutrient was
improved. (3) Based on the PLSR model performance of different pre-treatment combinations, we found that
the reflectance after SG-MSC-SPA conversion had the strongest prediction ability for TS, CP, and Ca, with
RPD values of 6.2, 4.457, and 3.515, respectively. The reflectance after SG-2"D-SPA conversion, however, had
the strongest prediction ability for LBP, Mn, and Zn, with RPD values of 3.16, 2.037, and 3.376, respectively,
and the reflectance after SG-1"D-SPA conversion had the strongest prediction ability for Cu and Fe, with RPD
values of 3.194 and 2.322, respectively. The future work will focus on the real-time quality analysis method of
Lycium barbarum based on hyperspectral remote sensing in the field. The combination of ground-based
hyperspectral imaging, UAV and satellite remote sensing will further improve the quality monitoring efficiency
and provide decision-making for the optimal harvest period of Lycium barbarum.
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