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Abstract
Sabina vulgaris is a group tree species in Mu Us Sandy Land. Understanding the growth status of Sabina
vulgaris has guiding value for vegetation change monitoring. Chlorophyll is an important indicator to
characterize the growth status of plants, and its content changes are important for analyzing the
physiological growth status of plants and guiding the precise planting of plants. In this paper, the spectral
re�ectance and chlorophyll content of Sabina vulgaris were measured by SVC HR-1024 portable ground
feature spectrometer and SPAD502 chlorophyll instrument, and the relationship between ground feature
spectral characteristics and chlorophyll content of Sabina vulgaris was studied. The results show that
there is a correlation between the vegetation index and chlorophyll, the effect of NDVI is the best, the
bands with the highest correlation are the combined bands of 470nm-500nm, 610nm-680nm, and
740nm-840nm, and the wavelengths with the highest correlation are (660,790); Vegetation index, red-edge
parameters, and chlorophyll have a certain correlation. The �tting effect of the model established by
vegetation index is better than that established by red-edge parameters, and the highest R2 is 0.97;
Among the three modeling methods, the model �tting effect of partial least squares is the best, R2 is >
0.91, and the disadvantage is that the processing process is complex; The processing method of the
univariate linear regression model is the simplest, but the disadvantage is that the accuracy of the model
is unstable, R2 is between 0.1-0.9, so the multivariate linear regression model is the most suitable of the
three methods(R2>0.8).

Introduction
In recent decades, with climate change, population increase, unreasonable land use, and other factors,
deserts and sandy land increased sharply. Due to the harsh sandy environment, which is not conducive to
plant growth, there are fewer and fewer vegetation types that can survive in the sandy area for a long
time. Sabina vulgaris is a desert plant in Mu Us sandy land that has survived long-term natural evolution.
Sabina vulgaris is an evergreen shrub with �ne branches, growing obliquely upward, and many smelly
leaves and branches. It grows in clusters in �xed and semi-�xed sandy land1. Its growth characteristics
determine that it has great canopy density in desert plants and adapts to the transpiration characteristics
of sandy land, forming a unique community landscape in Mu Us sandy land.

Chlorophyll can absorb, re�ect and transmit light energy at the same time2. The change of its content can
characterize the growth status of vegetation and is directly related to plant aging and stress3–4. The
visible light band of plants is a signi�cant band for chlorophyll absorption5, so chlorophyll and vegetation
spectrum can be used to monitor plant growth.

In previous studies, the mathematical models of Vegetation Spectrum and chlorophyll are mostly used to
estimate plant growth in a large area. In terms of crops, they are mainly used for crop monitoring, crop
yield estimation, or pest control monitoring to assess crop growth, aging and stress in advance6–8. With
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the development of remote sensing technology, hyperspectral remote sensing is applied to more and
more �elds.

In the 1960s, the US Department of Agriculture (USDA) pointed out that there were about 42 absorption
bands related to vegetation leaf structure, pigment content, and nutrient elements in the range of
400~2400nm through detailed measurement and analysis of the spectral data of dried and mashed
leaves of multiple vegetation types, This makes it possible for future generations to estimate the
vegetation growth status and composition employing remote sensing. After that, researchers began to
carry out spectral vegetation growth monitoring and continuously improve it9.

In the 1980s, Miller et al. De�ned the maximum value of the �rst-order differential spectrum in the range
of 660-750nm as the "red-edge" position. Since then, scholars at home and abroad began to study the
relationship between the content of chlorophyll and other pigments and the displacement of the "red-
edge"10.

The changes of red-edge position and red-edge slope are mainly related to the changes in plant
chlorophyll content. It will generally cause spectral changes near the 700nm band of vegetation. When
the leaf water shortage reaches the wilting coe�cient, the position of the red-edge will shift red11. When
the content of plant chlorophyll increases, the amplitude and peak area of the red-edge will also increase,
The position of the red-edge tends to move towards the long wave direction12. The red-edge parameters
of green vegetation can not only describe the phenological changes of observed vegetation and various
physiological and biochemical parameters but also calculate the red-edge position, red-edge amplitude,
and other parameters through the �rst-order differential value of its spectral re�ectance in the range of
680-750nm. Therefore, it has great application value in vegetation spectral chlorophyll growth
monitoring.

Then, with the in-depth study on the inversion of vegetation physical and chemical parameters, many
scholars found that when using a single band for vegetation parameter inversion, there is often great
uncertainty in the inversion results due to the in�uence of external environmental factors such as
underlying surface. Therefore, the research on vegetation index has become a hot spot, and the
establishment accuracy of the plant growth monitoring model has been improved13. After the
establishment of the vegetation index was relatively perfect, scholars began to improve the prediction
method of the model. From univariate linear analysis to multiple linear regression model, and then to
principal component analysis, Mouazen compared principal component regression (PCR), partial least
squares regression (PLSR), and backpropagation neural network (BPNN) Through the evaluation of the
measurement accuracy of extractable forms such as selected soil properties by the three calibration
methods, it is found that PLSR is superior to principal component analysis in model �tting accuracy, and
the follow-up study of PLSR has become an ideal method for model establishment14.

After that, spectral research was no longer limited to crops, and scholars began to turn their research
direction to grassland and vegetation. It not only monitors grassland degradation and weed invasion, but
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also quantitatively analyzes the spectral characteristics of degraded grassland species, effectively
classi�es weed species, and inverses the proportion of weeds, vegetation coverage, and plant height15; To
solve the problem of mixed pixels in vegetation inversion, Li Zhe et al.16 proposed an object-oriented multi
endmember spectral mixing analysis method to study vegetation from the perspective of time scale and
vegetation coverage level change, effectively reducing the amount of calculation and endmember change
of mixed pixels, and the inversion value and accuracy are very high.

Although Chinese scholars have also begun to study the spectral characteristics of sandy plants in recent
years, there are monitoring and mathematical models of sandy vegetation growth. Most studies focus on
the analysis of spectral characteristics of different plant species in order to identify plant species by
remote sensing monitoring and save manpower and material resources17–18; Or study the spectral
characteristics of plants and environment in different succession stages in an ecosystem, or study the
spectral characteristics of indicator species in grassland degradation, or establish a spectral model of
forage quality. The above studies are to intervene in the pest control or stress of plant species in
succession degradation stage in advance, curb water and soil loss and prevent the deterioration of the
environment19–21.

The important reason for sand damage in Mu Us sandy land is the low vegetation coverage. On the one
hand, we can prevent and control the existing vegetation diseases and insect disasters and ensure their
normal growth to protect the sandy ecological environment from deterioration. On the other hand, we can
further plant according to the vegetation growth characteristics of local constructive plants, and carry out
vegetation protection in advance during the critical period of the growth of Sabina vulgaris, It can further
improve the harsh environment of Mu Us sandy land. Therefore, the study of spectral characteristics of
Sabina vulgaris can quickly evaluate and monitor it and plays an important reference role in the
evaluation of regional ecological and social value. This study starts with the spectral characteristics and
chlorophyll of Sabina vulgaris, and uses the inversion model to monitor the growth characteristics of
Sabina vulgaris, to provide an important reference for ecological environment investigation and
comprehensive evaluation.

Study Area
The Mu Us Sandy Land is located at 37°27 '- 39°22 'N, 107°20' -111°50 'E22. The total area is about
4×104km2. The Midwestern part of Mu Us Sandy land is a wavy plateau with the highest altitude of
1,600m23. Dunes of various types in The Mu Us Sandy Land account for 77% of the total area, and
mobile dunes account for 47% of the total area24. The annual rainfall �uctuates greatly, increasing from
250mm to 440mm from northwest to southeast. Most of the precipitation is concentrated in summer, and
the intensity of precipitation is the highest in August, which usually lasts for several days to more than
ten days. Therefore, it is easy to cause drought and �ood disasters, and drought is more frequent25. The
annual average temperature is 6.0-9.0°C, the average temperature in January is -8.7-12°C and the average
temperature in July is 20-24°C. The annual average temperature is 7.6°C, and the potential evaporation is
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2,100-2,500mm. The main type of soil in Mu us sandy land is chestnut soil, which is alkaline and lacks
organic matter and nutrients. Northwest desert steppe - steppe - southeast forest-steppe. Grasslands
account for 90% of the total area. Most of the vegetation grows on sandy girders. Vegetation types
mainly include sandy vegetation, meadow vegetation, halophytic vegetation, and marsh vegetation,
among which the sandy vegetation accompanying all kinds of sandy land has the largest area26.

Methods
Acquisition of spectral data. Spectral data was measured by SVC HR-1024 portable ground object
spectrometer produced by Spectra Vista, USA. The spectral range was 350-2,500nm, the number of
channels was 1024, and the spectral resolution was: 3.5≤nm within 350-1,000nm, ≤8.5nm within 1,000-
1,850nm, ≤6.5nm within 1,850-2,500nm, minimum integration time 1ms, signal acquisition method is
Bluetooth transmission27.

The �eld measurement of plant spectrum is greatly affected by the solar altitude Angle, so clear and
cloudless weather should be selected for measurement, and the measurement time is from 10:00 to
14:0028. Spectral measurement of ground objects in the study area was carried out in early May and mid-
July 2019, and dark current collection and whiteboard calibration were required before measurement. In
case of obvious weather changes such as strong wind halfway, it is necessary to calibrate again with a
whiteboard, and it is necessary to calibrate again with a whiteboard every time the location is changed.
To ensure the accuracy of the test results, the samples were randomly sampled. A total of 70 groups of
Samples were measured with 5 replicates per group 350 times. Among them, 55 groups were used for the
model establishment and 15 groups were used for model veri�cation. During measurement, the
measurement time of each spectral data was set as 5s, and the measurement height was 50cm from the
probe to the ground object, The top view of spectral data acquisition is shown in �gure.1a, Monitoring
range of spectrometer probe �gure.1b. The identi�cation of Sabina vulgaris refer to �ora of China and
“Chinese Virtual Herbarium”, the number of Sabina vulgaris is LZD0000136.

Determination of chlorophyll content. Chlorophyll was measured by SPAD (Soil Plant Analysis
Development Unit) 502 chlorophyll meter produced by KONICA MINLTA, Japan. SPAD502 chlorophyll
meter will not cause any damage to plants.The selected plants were measured in the area with a diameter
of 22cm around the center of Sabina vulgaris during spectral measurement. 560 measurements in total,
Chlorophyll was measured repeatedly for 8 times in each treatment plot, and its average value was taken
as the value of chlorophyll SPAD at this point, Corresponding to spectral data.

Fusion of spectral data. Firstly, the software SVC HR-1024 of the ground object spectrometer is used to
eliminate the bands with large variations in the spectral curve data of the study area. The normal spectral
curve should have no intersection and be smooth. Then, the SIG File Overlap/Matching function of the
software is used to match the data. Finally, the SIG File Merge function is used to Merge the data and
output the data to Excel format.
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Smoothing of spectral data. Due to the difference in the response of the band to the energy during the
measurement of spectral data, the spectral curve always has noise, so the data curve needs to be
smoothed to eliminate the small amount of noise contained in the signal. Commonly used smoothing
method has moving average method, static average method, moving average method includes three-
point smoothing method, �ve-point smoothing method, nine-point smoothing method, etc... The �ve-point
smoothing method was used in this paper 27, The comparison before and after smoothing is shown in
Figure 2.

Resampling of spectral data. The resampling of spectral data is to ensure the accuracy of the spectral
data prediction model established in the later stage29. ENVI5.1 is used to resample spectral data. The
resampling interval is 10nm.

First-order differential processing. After �rst-order differential processing of spectral data can eliminate
the systematic error of different data, better eliminate the impact of noise on data, more prominent
spectral characteristics of vegetation. The data after �rst-order differential processing is shown in Figure
3, the �rst-order differential formula is shown in Table 1.

R λi =
R λi+1 − R λi

Δλi
× R

1
Where R (λi) is the �rst-order differential spectrum of wavelengths λi+1 andλi. R(λi) and R(λi+1) are the
original spectral re�ectance at i and i+1. Δ(λi) is the wavelength difference between λi+1 and λi.

Table.1 Red-edge Parameter

Red-edge Parameter de�nition

The red-edge area(Sr) Sum of �rst-order differentials in the range 680~760nm

The red-edge
position(Dr)

Wavelength corresponding to the maximum �rst-order differential in the
range of 680~760nm

The red keep out
appearance

value(Rp)

A maximum �rst-order differential in the range of 680~760nm

Statistical analysis and modeling.  Selection of vegetation index.   The correlation between spectral data
and chlorophyll of cypress in sandy land was analyzed by MATLAB R2012a software. The selected
vegetation index and its calculation formula are shown in Table 2:

Table.2  Vegetation index calculation method29

( ) [ ( ) ( ) ]
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Vegetation index A formula to calculate

RVI R800/R680

DVI R800-R680

NDVI (R800-R680)/ (R800+R680)

mSR (R750-R445)/ (R705+R445)

mNDVI (R750-R705)/ (R750+R705-2R445)

Extraction of optimal spectral index wavelength combination.    The original spectral data of 350-2500nm
band were selected, and the re�ectance of any composition was analyzed by normalized vegetation index
(NDVI), ratio vegetation index (RVI) and difference vegetation index (DVI), and the correlation between
chlorophyll and re�ectance was analyzed by MATLAB R2012a. The formula is as follows 30:

NI Rλ1
, Rλ2

= Rλ1
− Rλ2

/ Rλ1
+ Rλ2

2

RI Rλ1
, Rλ2

= Rλ1
/Rλ2

3

DI Rλ1
, Rλ2

= Rλ1
− Rλ2

4
Mathematical modeling. The prediction model of chlorophyll content was established by unary linear
regression, multiple stepwise linear regression, and the partial least square method. The unitary linear
regression model has small input and output, and the calculation method is convenient and simple,
which is completed by Origin201730. The multiple stepwise linear regression model selects one of the
most important independent variables into the regression equation according to the weight of each data
involved in modeling. It is widely used in the spectral prediction model and completed by SPSS2631. The
partial least square method is also widely used in the �eld of spectroscopy. Through the analysis of
multiple independent variables and dependent variables, the correlation between them can be maximized
in the modeling process, which is completed by MATLAB R2012a. To verify the accuracy of the model
and make the model more accurate, 70 groups of data were divided into 55 groups of prediction model
data and 15 groups of validation model data.
The accuracy evaluation of the hyperspectral prediction model is mainly based on the determination
coe�cient and total root means square difference. R2 is related to the stability of the model, that is, if the

( ) | | | |

( )

( )
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value of R2 is large, the stability of the model is better; Moreover, RMSE is related to the prediction ability of
the model: the smaller the value of RMSE, the higher the accuracy of the established model and the

stronger the prediction ability 32.

Extracting optimal vegetation index from structural equation model. The structural equation model is
developed from linear equation. Its principle is to use the Bayesian estimation method to hypothetically
guess the data and various indicators through previous empirical theory, and extract the relationship
between unmeasurable information from the measured information. From the previous retrieval, the
structural equation is mainly used to estimate and test the relationship between some non directly
measurable variables in psychology, management, and economics33.

In this study, the structural equation model is mainly used to screen vegetation index. Different vegetation
indices have different representations of vegetation chlorophyll and spectrum. For example, normalized
vegetation index overcomes the disadvantage of ratio vegetation index, limits the value to [-1,1], and can
eliminate most of the changes in irradiance conditions related to solar angle, terrain, cloud shadow, and
atmospheric conditions. However, in areas with dense vegetation, The normalized vegetation index will
tend to supersaturation early, and can not timely re�ect the growth process from yellow to dry in the
process of vegetation growth34. Therefore, the vegetation index selected in the �nal modeling has a great
impact on the accuracy of modeling.

In this study, according to the �ve vegetation indexes for establishing linear regression, three indexes and
red-edge parameters are randomly selected to establish the structural joint equation model, and �nally,
the vegetation index most suitable for establishing the mathematical model is selected.

Result
Analysis of spectral characteristics of Sabina vulgaris. The spectral curve of Cypress on sandy land
conforms to the spectral characteristics of general green plants (Fig. 4). Green plants are mainly affected
by various pigments (chlorophyll, lutein, carotenoid, etc.) contained in leaves in the visible light band,
among which chlorophyll plays the most important role35. Due to the strong absorption of pigments to
electromagnetic waves and other radiation in this band, the re�ection and transmission of leaves are very
low. In the 420nm-450nm blue waveband and the 620nm-780nm red waveband, chlorophyll strongly
absorbs radiation waves and easily forms absorption valleys. The re�ection between these two
absorption valleys is relatively reduced and forms re�ection peaks, which makes plants appear green. If
the normal growth of plants is inhibited in some form in the visible band, the decrease of chlorophyll
content will increase the re�ection of plants in the blue-green band and reduce the absorption.

The curve obviously shows the characteristics of "�ve grains and four peaks" of green plants. The main
characteristics of vegetation spectrum are "Red Valley" and "green peak" in a visible light band; The red-
edge appears between 680-760 nm, which is a diagnostic spectral feature of vegetation, and the Red
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Valley forms high re�ection in this band; There is a small re�ection peak near the wavelength of 800 nm,
namely "green peak". With the increase of chlorophyll, the spectral curve will shift to the right.

In the near-infrared band, the main in�uencing factor of green plants is the cell structure inside the leaves.
In this band, the absorption energy of leaves is low, but the re�ection and transmission are similar. High
re�ection is formed in the 680-1300nm spectrum.

In the infrared band, the transmission of plants is very small, and the absorption and incidence are
similar. The main in�uencing factor is the water content in plant cells. Generally, two main water
absorption bands are formed in the band centered at 1400nm and 1900nm.

Extraction of optimal spectral index wavelength combination. In the correlation analysis between the ratio
of original spectral re�ectance of the two bands, the vegetation index, the improved RVI, NDVI, mNDVI
with chlorophyll, the RVI performed best (Fig. 5), and blue to yellow indicated a high negative correlation
to high positive correlation. In the ratio vegetation index, the highest correlation is in the combined band
of 610-680nm and 700-940nm, and the highest correlation is in the combined band of 350-430nm and
650-690nm in the improved red-edge ratio vegetation index. In NDVI, the highest correlation was found in
the combined bands of 470 nm-500 nm, 610 nm-680 nm, and 740 nm-840 nm. The correlation between
NDVI and chlorophyll was 0.95. Through comparative analysis, it was found that the band with the
highest correlation between NDVI and chlorophyll was (660,790), the best ratio vegetation index was
(630,720), and the best improved red-edge ratio vegetation index was (360,450). Therefore, in the follow-
up monitoring, we can focus on the band with better performance to monitor the growth of Sabina
vulgaris.

Selection of optimal index. In this study, according to the �ve vegetation indexes for establishing linear
regression, three indexes and red-edge parameters are randomly selected to establish the structural joint
equation model, and �nally, the vegetation index most suitable for establishing the mathematical model
is selected. Among the �ve vegetation indices selected in this study, NDVI has a close relationship with
chlorophyll and has a signi�cant characterization of chlorophyll, which is consistent with the previous
research results. Similarly, the characterization of chlorophyll by RVI and mNDVI is also signi�cant. In
previous studies, the disadvantage of NDVI is that it is not suitable for areas with large vegetation
coverage, while the disadvantage of RVI is that it is not suitable for measurement areas with too sparse
vegetation and soil impact. The Sabina vulgaris in this study belongs to tree species with unsaturated
vegetation coverage. At the same time, the selected measurement area and experimental design during
measurement also minimize the error of ground soil on this measurement, Therefore, in this study, their
characterization of chlorophyll is more obvious(�gure. 6b, �gure. 6c ), and they are the preferred indexes
in the follow-up modeling.

However, the characterization of mSR is relatively unstable. When DVI and mNDVI establish equations,
the characterization of the relationship between mSR and chlorophyll is signi�cant(�gure. 6a ), but it has
a negative correlation with the characterization of chlorophyll when RVI and NDVI establish
equations(�gure. 6c ). This is because the in�uence ways of the structural equation model are divided
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into direct in�uence and indirect in�uence. In all indicators of establishing a structural equation model,
The relationship between indicators and indicators is interactive. It can be seen from the �gure that
among the equations established by mSR, RVI, and NDVI, RVI and Dr have an obvious characterization
effect, which will indirectly affect the direct characterization effect of mSR on chlorophyll. Therefore, the
characterization of chlorophyll is unstable, but the above mNDVI, RVI, and NDVI are also indirectly
affected by other factors, However, the performance is still obvious and stable, so the three are the best
indexes for modeling(�gure. 6).

Mathematical model. Univariate linear regression model. The univariate linear regression analysis was
conducted on the spectral data and chlorophyll (Fig. 7). According to the �tting results, the best �tting
effect is the normalized vegetation index, with R2 above 0.9. According to the conclusions of previous
researchers, NDVI itself is used to monitor the vegetation growth status. At the same time, NDVI can also
eliminate the error impact of atmospheric radiation, so it is more suitable for this study, The results are
also satisfactory; The worst effect is the difference vegetation index, R2 is only 0.16;

However, except for the difference vegetation index, the correlation between other vegetation indexes and
chlorophyll is about 0.6, in which the correlation coe�cient R2 of mSR and RVI is > 0.7, because the
applicable condition of RVI itself is "the ratio of scattering of green leaves in the near-infrared band to
chlorophyll absorption in the red band"37. It can be seen that RVI itself is more suitable for studying the
spectrum of green plants, Therefore, the effect is ideal when it is used for the correlation between green
plant spectrum and chlorophyll; Similarly, mSR corrects the specular re�ection e�ciency of leaves. The
original vegetation index RVI based on mSR is more suitable for this study, so the �tting effect of mSR in
this study is also ideal. Although mNDVI is an improved value of NDVI, it is only very sensitive to small
changes in leaf canopy, gap segments and senescence38. In previous studies, it is also mostly used for
�ne agriculture, vegetation monitoring, and vegetation stress detection. mNDVI is selected because it is
suitable for vegetation monitoring. However, according to the linear �tting results, the research used for
Sabina vulgaris is not ideal. The subsequent mNDVI should be more used for spectral monitoring of
broad-leaved tree species or monitoring with high vegetation coverage.

Multiple stepwise regression model analysis. Advantages of multiple stepwise regression analysis: the
regression equation includes all independent variables that have a signi�cant impact on the dependent
variable, and does not include the regression equation of independent variables that have no signi�cant
impact on the dependent variable. Stepwise regression analysis is a regression analysis method based
on this principle. Its essence is to derive an algorithm skill for studying and establishing the optimal
multiple linear regression equation based on multiple linear regression analysis. It mainly uses the
principle of regression analysis, adopts the double test principle, and gradually introduces and eliminates
independent variables to establish the optimal regression equation39.

In this study, vegetation index and red-edge parameters were used as independent variables and
chlorophyll content as dependent variables. Two multivariate linear stepwise regression models were
established by SPSS26. The regression equation is constructed as shown in Table 3. According to Table
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3, the �tting degree of the model constructed by vegetation index is much higher than that constructed by
red-edge parameters, and its RMSE is also relatively small, so the accuracy of its prediction model is high.
But generally speaking, the accuracy of multivariate stepwise regression model is higher than that of
univariate linear regression model.

Table 3
Multiple stepwise regression model equation

parameter Model Model accuracy Test model accuracy

R2 Rmse R2 Rmse

vegetation index y=-0.542+5.063NDVI+7.373RVI 0.938 0.194 0.934 0.124

Red-edge parameter y=-5.962+0.19Rp+23.114Dr 0.885 0.183 0.820 0.194

Partial least squares regression model. The partial least squares regression models of different leaf
coverage areas were established by programming with MATLAB R2012a and taking vegetation index and
red-edge characteristic parameters as inputs respectively. For the accuracy of the results, three indexes
mNDVI, RVI, and NDVI with the best characterization of chlorophyll were selected from 3.3 to establish
the partial least squares regression model, and the three vegetation indexes and red-edge parameters
were used as inputs respectively. The results are shown in Table 4. Compared with multiple stepwise
regression analysis, the partial least squares regression model has higher accuracy than the multiple
stepwise regression model, the correlation coe�cients of vegetation index and red-edge parameter model
have increased, while Rmse has decreased and is less than 0.1. The �tting effect of the model with
vegetation index as input is higher than that of the prediction model, As a model, the effect is better.

Based on the above three modeling methods, the model accuracy established by partial least square
method is better than univariate linear regression model and multivariate linear regression model, and the
�tting effect is the best.

Table.4 partial least squares regression equation

parameter Model accuracy Test model accuracy

R2 Rmse R2 Rmse

vegetation index 0.971 0.094 0.982 0.037

Red-edge parameter 0.914 0.091 0.938 0.043

Discussion
As important sand �xing vegetation in �xed and semi-�xed sandy land, Sabina vulgaris is of great
signi�cance in preventing wind and �xing sand and improving the ecological environment. Taking Mu Us
Sabina vulgaris as the research object, the spectral data were measured in the study area, and the
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chlorophyll content of Sabina vulgaris was measured. During measurement, compared with ordinary
broad-leaved trees, the chlorophyll content of Sabina vulgaris is generally low. Firstly, the leaf type of
Sabina vulgaris is coniferous40, and secondly, the measurement principle of the chlorophyll meter is more
suitable for broad-leaved trees41. In the measurement process, even if the leaves are covered with small
holes, there will be some gaps in them, or the leaves will be arti�cially integrated into a cluster, At this
time, the instrument will also have measurement error and data error because the leaves are too thick.
Therefore, the spectrophotometer method will continue to be used to measure chlorophyll content in
subsequent experiments.

In this paper, three modeling methods are used to predict the chlorophyll content of Sabina vulgaris, and
the model veri�cation results are ideal. The modeling results show that the three modeling methods are
feasible to predict the chlorophyll content of Sabina vulgaris and monitor its growth by using spectral
characteristic parameters. The univariate linear �tting effect is unstable, which mainly depends on the
selection of vegetation index, and different plants have different sensitivity to vegetation index42, so
univariate linear �tting is not recommended; The �tting effects of multiple stepwise regression analysis
and partial least squares method are good, but the modeling process of partial least squares method is
more complex43, so it is more appropriate to �nally choose multiple stepwise regression analysis for
modeling.

Among the three methods, the red-edge parameters are the data extracted by the �rst-order differential of
the original spectrum. Although the data processed by the �rst-order differential can better reduce human
interference and strengthen its absorption effect on water44–45, this study focuses more on the modeling
of visible light band and chlorophyll, Therefore, the accuracy of the model established by vegetation
index is higher than that of red-edge parameters, which is more stable and universal for the model
established with chlorophyll.

In most of the past articles on plant hyperspectral characteristics and chlorophyll, in the models
established by the spectral characteristics of all plants and different chlorophyll contents, the value of the
determination coe�cient has reached more than 0.8, which shows that a good correlation can be
established between the spectral characteristics of color plants and chlorophyll through the analysis of
vegetation index46–48. The signi�cance of this correlation lies in: A model for inversion of green plant
growth can be established through the change of plant chlorophyll content. Through the analysis of
model data, any change of green plants in the growth process can be determined, achieving the purpose
of timely prevention and control of diseases and pests and human regulation.

Due to the differences in a growth environment and internal factors, the spectral re�ectance curves of
different vegetation types are not the same, but they are in the form of "�ve grains and four peaks".
Therefore, this study is not only applicable to Sabina vulgaris, but also applicable to other vegetation. The
extraction of vegetation index from the original spectral re�ectance of vegetation is helpful to highlight
the spectral characteristics of vegetation and establish the model. However, the preferred vegetation
index in this paper is common, but this method has certain limitations and does not have universality.
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With the change of operation mode and measurement conditions, the wavelength of the preferred
vegetation index will also change. Therefore, this paper chooses to use the structural program model to
optimize the best vegetation index for subsequent modeling.

In fact, in previous studies, the structural equation model is mostly used to study the deep-seated
correlation between dependent variables and independent variables, and can also be used in the
mathematical modeling part of this paper. However, the author believes that although the structural
equation model can mine the deep-seated correlation, the structural equation model is more complex in
modeling and analysis, The purpose of this study is to �nd a model with a good �tting effect between
spectrum and chlorophyll and relatively good operation. Therefore, structural equation model has not
been applied to the model establishment of this study. However, based on the advantages of the
structural equation model, the selection of the optimal index for mining this paper is very appropriate. At
the same time, the author compares the mNDVI, RVI, and NDVI indexes screened out by the structural
equation model with the unselected mNDVI and mSR (adding the NDVI with high accuracy in each
modeling at the same time). The results are indeed the screened mNDVI The higher accuracy of RVI and
NDVI shows that it is feasible to screen indexes with higher accuracy by structural equation model.

At the same time, as sandy vegetation, the spectral characteristics of Sabina vulgaris are the same as
those of general green plants, so the results of this paper are also applicable to other desert plants.

Conclusion
In this paper, the spectral re�ectance and chlorophyll content of Sabina vulgaris were measured by SVC
HR-1024 portable ground object spectrometer and SPAD502 chlorophyll meter. The data were post-
processed by MATLAB R2012a, SPSS26, and other software, and the ground object spectral
characteristics, characteristics of chlorophyll content, and the relationship between them were studied.
The results show that:

(1) The spectral curve of Sabina vulgaris has a re�ection peak at 570nm in the visible band, an
absorption Valley at 680nm, and an obvious re�ection platform in the near-infrared band, which is in line
with the spectral characteristics of green plants;

(2) There is a correlation between the vegetation index and chlorophyll in the original spectral
composition of Sabina vulgaris. The effect of the normalized index is better than that of the speci�c
value vegetation index and improved red-edge ratio vegetation index. The combined bands of 470-
500nm, 610-680nm, and 740-840nm have the highest correlation, and the wavelength with the highest
correlation is (660,790);

(3) There is a certain correlation between vegetation index, red-edge parameters, and chlorophyll. The
�tting effect of the model established by vegetation index is better than that established by red-edge
parameters. The model �tting degree R2 of normalized vegetation index is as high as 0.93 and the red-
edge parameter R2 is 0.78;
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(4) Among the three modeling methods, partial least squares have the highest accuracy, R2 > 0.9, and are
the most stable. The disadvantage is that the processing process is complex; The processing method of
a univariate linear regression model is the simplest, but the disadvantage is that the accuracy of the
model is not high, which has a great relationship with the selection of vegetation index. Sometimes the
results are not objective, in which the lowest R2 is 0.16 and the maximum R2 is 0.99; The R2 of multiple
linear regression remains between 0.88-0.94, so the multiple linear regression model is the most suitable
among the three.
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Figures

Figure 1

Top view of measured spectral data (a), schematic diagram of spectral data, and chlorophyll content
measurement. In Fig. B, position a is the probe position of the spectrometer, and elliptical area B is the
area that can be monitored by the probe. The probe is 50cm away from the canopy of Sabina vulgaris.
When measuring chlorophyll, it must be within the range that can be monitored by the probe. Therefore,
the radius of the chlorophyll monitoring area is 28.86cm.
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Figure 2

Comparison of spectral smoothing effect. The red dotted line is before smoothing, and the black solid
line is after smoothing. The impact of noise in the 1800-2500 nm band is obvious. After smoothing, the
noise error is reduced and the accuracy of data is enhanced.
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Figure 3

Spectral data after �rst-order differential processing strengthens the change of absorption valley or
re�ection peak at each place.
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Figure 4

The spectral curves of Sabina vulgaris and other green plants (taking Iris tetorum as an example) show
the law of "�ve grains and four peaks". The difference is the wavelength positions of "absorption Valley"
and "re�ection peak". In the �gure, it is obvious that the re�ectivity of Iris tetorum is higher than Sabina
vulgaris at each band.
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Figure 5

Correlation analysis between original band spectrum and chlorophyll: RVI (a), DVI (b), NDVI (c), and blue
to red indicates high negative correlation to high positive correlation.

Figure 6



Page 23/23

Analyzes the relationship between chlorophyll and NDVI RVI DVI mSR mNDVI, red-edge amplitude, red-
edge area, and red-edge position by using structural equation model. The solid line and dotted line
represent positive coe�cient and negative coe�cient respectively; The thickness of the arrow indicates
the size of the standardized path coe�cient; The R2 value represents the proportion of variance
interpretation of each endogenous variable.

Figure 7

Univariate linear regression analysis, �tting of MSR and chlorophyll content (a), �tting of mNDVI and
chlorophyll content (b), �tting of RVI and chlorophyll content (c), �tting of NDVI and chlorophyll content
(d), �tting of DVI and chlorophyll content (e).


