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A B S T R A C T   

Accurate estimation of chlorophyll content is important for diagnosing the physiological and phenological status 
of vegetation. Establishing the relationship between vegetation indices (VIs) and leaf chlorophyll content using 
remote sensing is crucial for large-scale earth observation. However, existing VIs for estimating chlorophyll 
content generally suffer from the saturation effect or depend on specific scenarios, resulting in insufficient 
estimation accuracy. Based on the physical mechanism of light-vegetation interaction, this study innovatively 
proposes the absorption triangle and reflectance triangle in the spectral space to construct the chlorophyll- 
sensitive Sentinel-2 Triangular Vegetation Index (STVI). The STVI uses the Sentinel-2 multispectral instrument 
(MSI) bands to improve the accuracy of chlorophyll content retrieval by enhancing the relationship with the 
chlorophyll content and mitigating the saturation effect. Simulated data, measured data, and open data sets were 
used to test the accuracy and stability of the STVI and 11 classical VIs for retrieving the chlorophyll content using 
different spectral data types, different winter wheat growth stages, and different vegetation coverages. The re
sults showed that the STVI was more sensitive to the chlorophyll content than the classical VIs and provided the 
best goodness-of-fit in multiple scenarios. The STVI represents a powerful tool for large-extent chlorophyll 
content retrieval and a novel approach for scientific research in related fields.   

1. Introduction 

The leaf chlorophyll content (Chl) is a highly sensitive proxy for 
external environmental stress (Houborg et al., 2011), photosynthetic 
capacity (Gitelson et al., 2014, 2006), and the vigor and metabolic ac
tivity (Zarco-Tejada et al., 2001) of crops. Chlorophyll reflects the 
growth status of crops and the material and energy exchange between 
crops and the outside world (Gitelson and Merzlyak, 1998; Ptushenko 
et al., 2014; Velichkova and Krezhova, 2019). In remote sensing, the Chl 
is an important indicator of plant growth status (He et al., 2018; Wu 
et al., 2008; Zhang et al., 2019). Previous studies have shown that 
remote sensing plays a unique and essential role in large-scale earth 
observation by establishing physical mechanisms between the observed 
signals at the canopy scale and the physicochemical parameters of 

vegetation on the Earth’s surface and deriving empirical statistics 
(Clevers and Kooistra, 2012; (Daughtry et al., 2000); Feret et al., 2008; 
Gitelson et al., 2014; (Sims and Gamon, 2002); Wu et al., 2008; Zhang 
et al., 2019). Vegetation indices (VIs) are widely used in remote sensing 
to retrieve Chl due to their simplicity, convenience, and high compu
tational efficiency (Croft et al., 2014; Verrelst et al., 2015). However, 
crop canopy reflectance signals are affected by intrinsic factors, such as 
biochemical parameters (pigment content, water content, etc.) and 
biophysical parameters (leaf angle distribution (LAD), leaf area index 
(LAI), etc.), and external factors, such as atmospheric effects, soil 
background, illumination geometry, and imaging geometry (Goel, 1988; 
Jacquemoud et al., 2009; Penuelas and Filella, 1998; Xing et al., 2019; 
Zhang et al., 2020). 

Numerous remote sensing studies were conducted on VIs to reduce 
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the influence of non-photosynthetic components on Chl retrieval. The 
normalized difference vegetation index (NDVI) and simple ratio vege
tation index (SR) exploit the difference between the high absorption in 
the red band by chlorophyll in healthy vegetation and the high reflec
tance in the near-infrared (NIR) band by leaf cells to extract vegetation 
information (Birth and McVey, 1968; Rouse et al., 1974). However, in 
high vegetation coverage areas, the absorption in the red band is satu
rated (Sims and Gamon, 2002), resulting in a nonlinear relationship 
between most VIs and biochemical parameters, such as Chl. The red 
edge region is highly sensitive to the Chl (Curran et al., 1990; Li et al., 
2017), and the red edge position shifts toward the long wave direction 
when the crop has a high Chl and exhibits vigorous growth (Curran 
et al., 1990, 1991; Dash and Curran, 2004; Horler et al., 1983). There
fore, the red edge band (Curran et al., 1991; Horler et al., 1983) has been 
widely used in chlorophyll-sensitive VIs to improve the nonlinear re
lationships resulting from the saturation effect. Examples include the red 
edge chlorophyll index (CIre) (Gitelson et al., 2005), red edge NDVI 
(NDVIre) (Gitelson and Merzlyak, 1994), normalized difference red edge 
simple ratio (NDRSR) (Slater and Jackson, 1982), MERIS terrestrial 
chlorophyll index (MTCI) (Dash and Curran, 2004), red edge simple 
ratio (RSR) (Gitelson et al., 2005), and the Vogelmann red edge index 
(VREI1) (Vogelmann et al., 1993). Several studies have shown that the 
green band is less prone to saturation in areas of high Chl (Buschmann 
and Nagel, 1993; Datt, 1998, 1999; Gitelson and Merzlyak, 1994, 1996). 
Therefore, VIs, including the green, red, red edge, and NIR band,s have 
significantly improved the sensitivity to the Chl and reduced the satu
ration effect (Gitelson and Merzlyak, 1994; Gitelson et al., 2005; Kim 
et al., 1994; Vogelmann et al., 1993; Zhang et al., 2020). These indices 
include the green normalized difference vegetation index (GNDVI) 
(Gitelson and Merzlyak, 1998), green atmospherically resistant index 
(GARI) (Gitelson et al., 1996), and modified chlorophyll absorption ratio 
index (MCARI) (Daughtry et al., 2000). Gitelson et al. used the differ
ence in the reflectance between the blue band and red band to correct 
the atmospheric effect on the green band (Gitelson et al., 1996) and 
developed the red edge normalized vegetation index (MRENDVI) (Sims 
and Gamon, 2002) This index reduced the variability of photosynthet
ically active radiation caused by the soil background, atmospheric ab
sorption, and other non-photosynthetic components (Gitelson et al., 
2020; Wu et al., 2008). Haboudane et al. used soil adjustment factors to 
compensate for the effects of non-photosynthetic components (e.g., soil 
background) on vegetation albedo (Huete, 1988; Rondeaux et al., 1996) 
and established the transformed chlorophyll absorption in reflectance 
index/optimized soil-adjusted vegetation index (TCARI/OSAVI) 
(Haboudane et al., 2002; Rondeaux et al., 1996). 

Research on VI-based Chl retrieval has achieved great success; 
however, most indices lack universality and stability in complex appli
cation scenarios, such as different remote sensing data sources, plant 
types, crop growth periods, and vegetation coverage (Gitelson et al., 
2021, 2020; Sun et al., 2021; Xing et al., 2019). First, remote sensing 
data sources based on different platforms affect the applicability of VIs. 
The observation height of field ASD sensors is generally 1.3 m, and the 
closer the instrument is to the ground, the purer the pixels are in the field 
of view. In contrast, spaceborne sensors are hundreds or even thousands 
of kilometers away from the earth’s surface, and the images have a large 
number of mixed pixels (Xing et al., 2019). Compared with multispectral 
signals recorded by spaceborne sensors, hyperspectral signals collected 
by ASD sensors have a narrower bandwidth and more bands, compli
cating the relationship between multispectral VIs and hyperspectral 
field measurements. Due to mixed pixels and the differences in spectral 
and spatial resolutions, the accuracy of Chl inversion based on VIs with 
hyperspectral and multispectral remote sensing data sources is variable 
(Dash and Curran, 2004). Second, the biophysical and biochemical pa
rameters of crops vary significantly at different growth stages. These 
changes in the external morphological structure and internal chemical 
composition lead to substantial differences in the vegetation canopy 
spectrum, affecting the general applicability of VIs (Pei et al., 2017; 

Yuping et al., 2008). For example (Avetisyan and Cvetanova, 2021), the 
Chl and LAI trend increased and then decreased during the growth 
period of winter wheat (Yu, 2018). VIs are highly sensitive to changes in 
the Chl during the rising stage when the individual winter wheat plants 
are small and the soil background contributes significantly to the canopy 
spectral reflectance. As the winter wheat plants grow, the contribution 
of the green leaves to the canopy spectral reflectance increases, but the 
absorption of incident light by the photosynthetic components becomes 
saturated, leading to a gradual decrease in the sensitivity of VIs to the 
Chl. Eventually, the saturation effect increases, making it impossible to 
use VIs to reflect a high Chl. 

The reasons for the low stability and accuracy of Chl retrieval by VIs 
in complex scenes are two-fold. First, VIs suffer from the saturation ef
fect for a high Chl. Second, the photosynthetically active radiation is 
variable due to the excessive contribution of non-photosynthetic com
ponents (LAI, LAD, soil background) to the spectral reflectance (Gitel
son et al., 2020; Wu et al., 2008). Therefore, enhancing the sensitivity of 
VIs to the Chl while suppressing the effect of the non-photosynthetic 
components is an effective solution to improve the accuracy and sta
bility of Chl retrieval by VIs in complex scenes (Wu et al., 2008; Zhang 
et al., 2020). 

Past studies have shown that triangular VIs improved the retrieval 
accuracy of the Chl and attenuated the saturation effect by enhancing 
the linear relationship between the VIs and the biochemical and bio
physical parameters (Broge and Leblanc, 2001; Hunt et al., 2011; Xing 
et al., 2019). The multispectral instrument (MSI) onboard Sentinel-2 
includes 13 spectral bands in the visible, near-infrared, and 
short-wave infrared regions, including four red edge bands, making it 
highly suitable for agricultural remote sensing (Clevers et al., 2017; 
Herrmann et al., 2011; Revill et al., 2019). The Chl retrieval accuracy 
can be improved substantially by developing a new 
chlorophyll-sensitive index using these bands. The objectives of this 
study are (1) to establish a new VI for Chl estimation using Sentinel-2 
bands; (2) to estimate the Chl with the proposed VI and validate its 
accuracy with different datasets; (3) to compare the VI’s performance 
with 11 classical VIs. 

2. Materials and methods 

2.1. Data acquisition 

2.1.1. Data overview 
Four datasets were used in this study, including the PROSAIL simu

lated dataset (PSD21), the publicly available datasets Angers03 (Feret 
et al., 2011), and two winter wheat field experiment datasets conducted 
in ShunYi in 2016 (SY16) and in XiaoTangShan in 2019 (XTS19). PSD21 
was used for correlation analysis between the VIs and the Chl and 
sensitivity analysis. Angers03 was used to compare the accuracy of Chl 
retrieval by VIs using hyperspectral and multispectral data. XTS19 was 
used to compare the applicability of the VIs to retrieve the Chl in 
different growth periods of winter wheat, and SY16 was used to compare 
the applicability of the VIs to retrieve the Chl of winter wheat for 
different vegetation coverages using Sentinel-2 satellite images. 

2.1.2. Field experiment dataset 
Study Sites: China is the largest wheat producer globally, with winter 

wheat production accounting for 98% of the total wheat production in 
the country (Nie et al., 2019). Two field experiments were conducted on 
winter wheat. One research site was located in Shunyi District, Beijing 
(116◦31′E to 116◦53′E, 40◦08′N to 40◦14′N), and the other site was 
located at the Xiaotangshan National Precision Agriculture Demonstra
tion Base, Changping District, Beijing (116◦26′E, 40◦11′N). Both sites 
are located in a warm-temperate semi-humid continental monsoon 
climate region, with an average annual precipitation of 507.7 mm, an 
average annual temperature of 13.8 ◦C, and a silt-clay loam soil. The 
field investigation experiment of winter wheat in Shunyi was carried out 
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in 2016 (Xing et al., 2019); 24 large fields covering more than several 
hectares with uniform winter wheat growth were selected as the fixed 
sampling units, and field measurements were carried out at five main 
growth stages: tillering stage (April 7), jointing stage (April 20), heading 
stage (May 3), filling stage (May 18), and milk stage (June 9). The pure 
pixels of winter wheat could be obtained from Sentinel-2 images because 
the fields were large enough and the sampling points were in the center 
of the fields. The winter wheat experiment was conducted in Xiao
tangshan in 2019 (Qian et al., 2020). The wheat varieties in the test area 
were "Lunxuan 167′′ with a semi-compact plant type and good grain 
gluten quality and "Jingdong 18′′ with a compact plant type and inter
mediate grain quality. Field measurements were obtained in 32 treat
ment plots with a fertilizer gradient in four critical growth periods of 
winter wheat: jointing stage (April 15), heading stage (April 25), flow
ering stage (May 10), and filling stage (May 20). The plots were 10 m ×
15 m in size and received a normal water supply. The following fertilizer 
stress treatments were applied: N0 treatment, no fertilization from green 
to mature stage; N1 treatment, base fertilizer (Sept 2018) 97.5 kg /hm2 

and jointing stage (April 2019) top fertilizer 97.5 kg/hm2; N2 treatment, 
195 kg/hm2 basal fertilizer (Sept 2018) and 195 kg/hm2 topdressing at 
jointing stage (April 2019); N3 treatment, base fertilizer (Sept 2018) 
292.5 kg/hm2 and jointing stage (April 2019) 292.5 kg /hm2 

topdressing. The plots were too small to obtain Sentinel-2 images 
synchronically. 

Canopy spectral measurement: The winter wheat canopy spectra in 
the two study areas were measured using an ASD FieldSpec spectror
adiometer (Analytical Spectral Devices, Inc., Boulder, CO, USA). The 
spectral range was 350–2 500 nm with a spectral interval of 1 nm. The 
spectral data were acquired between 10:30 and 14:00 (Beijing time) 
under clear and cloudless conditions with low wind. Five 1 × 1 m2 

samples were obtained in each sample plot using a diagonal configura
tion. The spectrometer with a field of view of 25◦ was located 1.3 m 
above the canopy and was oriented vertically downward. Calibration 
with a standard reference plate was conducted at each sampling point 
before the measurement. The spectral data measurements were repeated 
20 times at each sampling location, and the data of the 5 sample points 
in the plot were averaged to represent the canopy spectral data of the 
image pixels in the sample area. 

Plant measurements: The LAI was obtained, and fresh leaves were 
sampled synchronously after the canopy spectral measurement. The LAI 
was measured with an LAI-2200 plant canopy analyzer (Li-COR Bio
sciences, Inc., Lincoln, NE, USA). The diagonal observation method was 
used to measure the LAI at the four corners of the 1 × 1 m2 sample plot. 
Measurements were obtained 4–5 times at each point, and the average 
value represented the LAI of the sample plot. The total Chl consisted of 
the chlorophyll a (Chla) and chlorophyll b (Chlb) contents. The Chl was 
determined using the following method. The test samples were obtained 
using a 0.25 cm2 punch; they were divided into two parts. One part was 
used to measure the dry weight, and the other was soaked in 95% 
ethanol solution at 25 ℃ for 48 h until it turned white. Subsequently, the 
absorbance values of the solutions in the visible light wavelengths of 
440, 646, and 665 nm were measured using a UV765PC spectropho
tometer (Shanghai Precision Scientific Instrument Co., LTD, Shanghai, 
China). The Chl was calculated as follows (Ren et al., 2020; Zhou et al., 
2017, 2019): 

Chla(mg /L) = 12.21 ∗ A663 − 2.81 ∗ A646 (1)  

Chlb(mg /L) = 20.13 ∗ A646 − 5.03 ∗ A663 (2)  

Chl(mg / g) = [(Chl(mg /L) + Chl(mg /L)) ∗ Vs(ml)]
/[

Wdry leaf (g) ∗ 1000
]

(3)  

Chl
(
μg

/
cm2) =

[
Chl(mg / g) ∗Wdry leaf (g) ∗ 1000

]/
Larea

(
cm2) (4)  

where A646 and A663 are the absorbance values of the leaf pigment 

extraction liquid at 646 nm and 663 nm, respectively; VS(ml) is the 
volume of the extraction liquid; Wdry leaf (g) is the leaf dry weight; Larea is 
the leaf area. 

Imagery: Sentinel-2A and Sentinel-2B were successfully launched on 
June 23, 2015 and March 07, 2017 respectively. Multispectral images of 
the Shunyi pilot area were acquired simultaneously with the field 
measurements on April 10 and 20, May 3 and 13, and June 9, 2016 by 
the Sentinel-2A satellite. The atmospherically corrected images were 
downloaded from Google Earth Engine (GEE) (Gorelick et al., 2017) 
(https://code.earthengine.google.com/). Spectral bands for multispec
tral instrument (MSI) onboard Sentinel-2A are shown in Table 1 
(https://sentinels.copernicus. 
eu/web/sentinel/user-guides/sentinel-2-msi/resolutions/radiometric). 

2.1.3. Publicly available dataset 
In addition to the two field survey data sets obtained in 2016 and 

2019, this study also used the Angers03 publicly available datasets 
(http://opticleaf.ipgp.fr/), which have been widely used in remote 
sensing studies (Feret et al., 2011; Hosgood et al., 1995; Jin and Wang, 
2019). The Angers03 dataset consists of physicochemical parameters 
and leaf ASD spectral information for 43 plants and was collected by the 
National Institute for Agricultural Research (INRA), Angers, (France). 
The Angers03 dataset has missing values and outliers (Feret et al., 2008; 
Hosgood et al., 1995; Zhou et al., 2019). We used linear regression 
analysis between the VI data and the Chl to compensate for the small 
number of anomalous samples that were outside of the 95% confidence 
interval. Finally, 261 Angers03 samples met the requirements of this 
study. 

2.1.4. Simulated dataset 
The PSD21 was generated in this study using the PROSAIL-D model 

to facilitate sensitivity analysis and determine the regression relation
ship between the VIs and the Chl. PROSAIL-D (Jacquemoud et al., 2009) 
is the result of the coupling of the leaf-level radiative transfer model 
PROSPECT-D (Feret et al., 2008; Jacquemoud and Baret, 1990; Qiu 
et al., 2018) and the canopy bidirectional reflectance model 4SAIL 
(Jacquemoud et al., 2009). The models were obtained from http://te
ledetection.ipgp.jussieu.fr/prosail/. The number of model simulations 
was 2000, and the parameters settings of the PROSAIL-D model are 
listed in Table 2. The characteristics of the four datasets are described in 
Table 3. 

2.2. Vegetation indices 

2.2.1. Classical vegetation indices selected in this research 
In this study, 11 representative VIs widely used in Chl retrieval were 

Table 1 
Spectral Bands for Multispectral Instrument (MSI) Onboard Sentinel-2A.  

Band Number Central wavelength 
(nm) 

Bandwidth 
(nm) 

Spatial 
resolution (m) 

Band1-Coastal aerosol 442.7 21 60 
Band2-Blue 492.4 66 10 
Band3-Green 559.8 36 10 
Band4-Red 664.6 31 10 
Band5-Vegetation Red 

Edge 1 
704.1 15 20 

Band6-Vegetation Red 
Edge 2 

740.5 15 20 

Band7-Vegetation Red 
Edge 3 

782.8 20 20 

Band8-NIR 832.8 106 10 
Band8a-Vegetation 

Red Edge 4 
864.7 21 20 

Band9-Water vapor 945.1 20 60 
Band10-SWIR-Cirrus 1373.5 31 60 
Band11-SWIR 1613.7 91 20 
Band12-SWIR 2202.4 175 20  
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selected and classified into three categories according to the charac
teristics of the VIs: normalized indices, ratio indices, and multi-band 
indices. The calculation formulas of the VIs for hyperspectral and mul
tispectral data are listed in Table 4. 

2.2.2. The proposed vegetation index 
The physical mechanism underlying the proposed vegetation index 
The spectral reflectance and emission characteristics of vegetation 

are determined by chemical and morphological properties (Boochs et al., 
1990; Zhao, 2013). The high absorption of visible light by Chl and the 
scattering of NIR light by the leaf cells can be used to extract vegetation 
information (Birth and McVey, 1968; Rouse, 1973; Rouse et al., 1974) 
and estimate the Chl. The MSI onboard Sentinel-2 has 13 high-resolution 
spectral channels, including 4 red-edge bands, providing the possibility 
of high-precision Chl retrieval (Clevers et al., 2017; Herrmann et al., 
2011; Revil et al., 2019). Triangular VIs attenuate the saturation effect 
by enhancing the linear relationship between the VIs and the 
biochemical and biophysical parameters (Broge and Leblanc, 2001; 
Hunt et al., 2011; Xing et al., 2019). The proposed chlorophyll-sensitive 
Sentinel-2 Triangular Vegetation Index (STVI) replaces the traditional 
single band with the area of the triangles whose vertices are the 
reflectivity of multiple bands as the minimum calculation unit. The STVI 
exploites the advantage of triangular vegetation index and utilizes the 
rich information in the red-edge bands of the MSI to improve the 
sensitivity, attenuate the Chl saturation effect, and enhance the linear 
relationship with Chl. 

The establishment of the absorption triangle and reflection triangle 

The PROSPECT model is based on plant leaves and considers re
flected, absorbed, and transmitted light, while the PROSAIL model and 
remote sensors are based on light reflected and absorbed by the vege
tation canopy and bare soil. In the spectral space, the part above the 
vegetation reflectance spectrum obtained from the PROSAIL model is 
absorbed light, and the part below the reflectance spectrum is reflected 
light. We propose two triangles. The absorption triangle (AT) is located 
in the light-absorption region and reflects the light absorption capacity 
of pigments (especially Chl). The reflection triangle (RT) is located in the 
reflected light region and represents the light reflection capacity. The 
triangular vertices are particularly important because first, the area of 
the AT (SAT) is highly sensitive to a change in the Chl and insensitive to 
blade structure factors. Second, the area of the RT (SRT) is less sensitive 
to a change in the Chl than SAT and sensitive to blade structure factors. 
Thus, there is a strong contrast between the absorption and reflection 
characteristics. The values of SAT and SRT are similar. 

Quantitative sensitivity analysis to determine the triangle vertices 
The MSI has four red edge bands with high temporal and spatial 

resolution, enabling a detailed analysis of the AT and RT vertices. The 
extended Fourier amplitude sensitivity test (EFAST) (Saltelli et al., 1999; 
Wang et al., 2013; Xie et al., 2018), a global sensitivity analysis method, 
is used to filter the bands of the MSI and provide a quantitative basis for 
triangle vertex selection. The EFAST method combines the advantages of 
the Sobel method and Fourier amplitude sensitivity test. It is robust, 
computationally efficient, and requires only a small sample size. The 
method provides all first effects and the total order effect (Saltelli et al., 
1999); the former only considers the contribution of a single factor, 
whereas the latter considers the interaction between different factors. 
The sentinel-2 MSI band response function was used to convert the 
PSD21 hyperspectral curve into a multispectral format, and the EFAST 
method was used to quantify the sensitivity of the four main parameters 
(Chl, LAI, N content, and soil moisture (Psoil)) with the highest contri
bution. The experimental results in Fig. 1 show that the green, RE1, and 
red bands are most affected by the Chl. The contribution of the three 
bands to the first effects is 94%, 71%, and 94%, and that of the total 
effects is 93%, 43%, and 93%, respectively. Thus, they are used as 
vertices of the AT. The vertices of the RT are selected from the RE2, RE3, 
NIR, RE4, and B9 because the distance between the two triangle areas 
should be as small as possible. After several trials, the vertices of the RT 
were determined from the RE2, RE3, and RE4. The SAT and SRT were 
calculated as follows based on the multispectral and hyperspectral 
bands, SAT− MSI and SRT− MSI were multispectral equations (MSI), and 
SAT− MSI and SRT− MSI were hyperspectral equations: 

SAT − MSI = 0.5 ∗ [(665 − 560) ∗ (RE1 − Green) − (705 − 560) ∗ (Red − Green)]

= 0.5 ∗ [105 ∗ (RE1 − Green) − 145 ∗ (Red − Green)]
(5)  

SAT − HS = 0.5 ∗ [105 ∗ (R705 − R560) − 145 ∗ (R665 − R560)] (6)  

SRT − MSI = 0.5 ∗ [(865 − 740) ∗ (RE3 − RE2) − (783 − 740) ∗ (RE4 − RE2)]

= 0.5 ∗ [125 ∗ (RE3 − RE2) − 43 ∗ (RE4 − RE2)] (7) 

Table 2 
Parameter settings for PROSAIL-D model used for canopy reflectance modeling.  

Model Parameters Valuesa  

Leaf chlorophyll content (Chl, 
μg/cm2) 

Normal distribution of μ=45, 
σ=12  

Leaf carotenoid content (LCar, 
μg/cm2) 

25% of Chl 

PROSPECT- 
DB 

Leaf structure parameter (N) Normal distribution of μ=1.5, 
σ=0.15  

Leaf mass per area (LMA, g/ 
cm2) 

0.009  

Equivalent water thickness 
(EWT, cm) 

0.01  

Brown pigments (Cbrown) 0  
Leaf area index (LAI) Normal distribution of μ=4, 

σ=1.4  
Leaf angle distribution (LAD) Spherical  
Soil moisture parameter (Psoil) Normal distribution of μ=0.5, 

σ=0.15 
4SAIL Solar zenith angle (SZA, ◦) 30  

View zenith angle (VZA, ◦) 10  
View azimuth angle (VAA, ◦) 90  
Fraction of diffuse incident 
radiation 

0.23  

Hot spot effect 0.01 

athe normal distribution is used instead of the equidistant distribution to 
improve the simulation of the random distribution of the parameters, where μ is 
the mathematical expectation, and σ is the standard deviation of the parameters. 

Table 3 
The description of the four data sets.  

Data Sets Biochemical parameters of vegetation Spectral Data Multiple growth stages 

Parameters n Min Mean Max SD Leaf Level Canopy Level Image data 

Angers03 Chl 261 7.005 35.605 106.718 21.005 √    
SY16 LAI 114 0.960 4.280 8.160 1.670  √ √ √ 

Chl 14.080 56.470 101.230 17.360 
PSD21 LAI 2000 0.761 4.016 7.170 1.075  √   

Chl 8.116 44.879 78.250 11.724 
XTS19 LAI 112 0.479 1.763 3.803 0.769  √  √ 

Chl 24.241 57.369 81.731 13.052  
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SRT− HS = 0.5 ∗ [125 ∗ (R783 − R740) − 43 ∗ (R865 − R740)] (8)  

where Green, Red, RE1, RE2, RE3, and RE4 are bands 3, 4, 5, 6, 7, and 8A 
of the MSI, with center wavelengths of 560, 665, 705, 740, 783, and 865 
nm, respectively. 

The relationship between the Chl and the triangle area 
The spectral reflectance of chlorophyll at a Chl of [10:10:80] 

μg /cm2is simulated by the PROSAIL model to determine the relationship 
between SAT, SRT, and the Chl, as shown in Fig. 2. The following results 
are obtained: (1) As the Chl increases, the reflectance of the green and 
red bands decreases, and the position of the red edge moves in the long- 
wave direction. Thus, the three vertices of the AT converge, and the area 
of the triangle decreases. This finding indicates that the SAT is negatively 
correlated with the Chl, but we cannot quantify the absorption capacity 
of the vegetation pigments in the visible spectrum. (2) As the Chl in
creases, the reflectance of the NIR band remains constant, the position of 
the red edge moves towards the long wave direction, the three vertices 
of the RT diverge, and the area increases. Thus, the SRT is positively 

correlated with the Chl. (3) SAT is more sensitive than SRT to a change in 
the Chl, demonstrating the accuracy of using the two triangles. 

Establishment of the STVI and its response to the Chl 
It is necessary to consider which combination of SAT and SRT can 

maximize the sensitivity of the STVI to Chl and minimize its sensitivity 
to blade structure factors. Meanwhile, the ability of triangular vegeta
tion indices to minimize the saturation effect should be exploited to 
enhance the linear relationship between the STVI and Chl. In this study, 
the normalized SAT and SRT and their ratios were used in the STVI; they 
are denoted as STVINorm (Eq. (9)) and STVIRatio (Eq. (10)), respectively. 
The scatter plots between the Chl and the SAT , SRT ,STVINorm, and 
STVIRatio based on the PSD21 are shown in Fig. 3. The following results 
are obtained: (1) A good exponential relationship is observed between 
SAT and Chl (R2=0.917). The relationship is better at a high than a low 
Chl. However, the linear relationship between SRT and Chl has a much 
lower R2 value (R2=0.677). (2) STVINorm has a good linear relationship 
with Chl (R2=0.892), and the data points are evenly distributed on both 
sides of the fitting line. STVIRatio has a good logarithmic relationship 
with Chl (R2=0.881), indicating a saturation effect for a low Chl. (3) In 

Table 4 
Vegetation indices used for chlorophyll content retrieval in this research.  

Classification NO Name Hyperspectral equations Multispectral equations (MSI)a 

Normalized 
Vegetation 
Indices 

1 Green Normalized Difference Vegetation 
Index (GNDVI) (Gitelson and Merzlyak, 
1998) 

(R750 − R550)

(R750 + R550)

(RE2 − Green)
(RE2 + Green 

2 Red edge NDVI (NDVIre) (Gitelson and 
Merzlyak, 1994) 

(R750 − R705)

(R750 + R705)

(RE2 − RE1)

(RE2 + RE1)

3 Normalized Difference Red edge Simple 
Ratio (NDRSR) (Gitelson et al., 2005) 

(R872 − R712)

(R872 + R712)

(NIR − RE1)

(NIR + RE1)

4 Red Edge Normalized Vegetation Index 
(MRENDVI) (Sims and Gamon, 2002) 

(R750 − R705)

(R750 + R705 − 2 ∗ R445)

(RE2 − RE1)

(RE2 + RE1 − 2 ∗ B1)
5 MERIS Terrestrial Chlorophyll Index 

(MTCI) (Dash and Curran, 2004) 
(R742 − R702)

(R702 + R661)

(RE2 − RE1)

(RE1 + Red)
Ratio Vegetation 

Indices 
6 Red edge Chlorophyll Index  

(CIre) (Gitelson et al., 2005) 
R835

R740
-1 NIR

RE2
-1 

7 Red edge Simple Ratio (RSR) (Gitelson 
et al., 2005) 

R872

R712 

NIR
RE1 

8 Vogelmann Red Edge Index (VREI1) ( 
Vogelmann et al., 1993) 

R740

R720 

RE2

RE1  

Multi-band 
Vegetation 
Indices 

9 Transformed Chlorophyll Absorption in 
Reflectance Index/Optimized Soil- 
Adjusted Vegetation Index 

(CCII=
TCARI
OSAVI

) (Wu et al., 2008) 

3 ∗ [(R700 − R670) − 0.2 ∗ (R700 − R550) ∗ (R700/R670)]

(1 + 0.16) ∗ (R800 − R670)/(R800 + R670 + 0.16)
3 ∗ [(RE1 − Red) − 0.2 ∗ (RE1 − Green) ∗ (RE1/Red)]

(1 + 0.16) ∗ (NIR − Red)/(NIR + Red + 0.16)

10 Green Atmospherically Resistant Index 
(GARI) (Gitelson et al., 1996) 

R800 − [R550 − γ(R490 − R670)]

R800 + [R550 − γ(R490 − R670)]
(γ = 1.7)

NIR − [Green − γ(Blue − Red)]
NIR + [Green − γ(Blue − Red)]

(γ = 1.7)

11 Modified Chlorophyll Absorption Ratio 
Index (MCARI) (Daughtry et al., 2000) [(R700 − R670) − 0.2(R700 − R550)]

(R700

R670

)

[(RE1 − Red) − 0.2(RE1 − Green)]
( RE1

Red

)

aThe multispectral equations are based on the multispectral instrument (MSI) onboard Sentinel-2, which includes 13 spectral bands in the visible, near-infrared, and 
short-wave infrared regions. 

Fig. 1. Global sensitivity analysis of the main parameters of the PROSAIL model.  
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the two-dimensional plot of SRT vs. SAT, the higher the slope of the 
straight line, the higher the Chl is, as shown in Fig. 3e: STVI
Norm1>STVINorm2>STVINorm3>STVINorm4; STVIRatio1>STVIRatio2>STVIR

atio3>STVIRatio4. (4) According to the definition of STVINorm and 
STVIRatio, the lines of STVINorm and STVIRatio pass through the origin. 
The STVINorm is positively correlated with the Chl in the range of [− 1,1]. 
When STVINorm is close to 0, the Chl is intermediate (close to 40~50 
μg /cm2); when STVINorm tends to 1, the Chl is high, and when STVINorm 
approaches − 1, the Chl is low. The value range of STVIRatio is 0~∞. The 
STVIRatio is highly sensitive to the Chl for the points close to the SRT 
coordinate axis, whereas the STVINorm values increase with an increase 
in the slope. Therefore, saturation may occur when STVINorm is used for 
the retrieval of the Chl and other vegetation parameters. The STVIRatio is 
less affected by saturation; however, noise, the soil background, and 
other interference factors can affect the STVIRatio. 

After comparing the performances of the STVINorm and STVIRatio, we 

decided to use the STVINorm, namely, the normalized form of Eq. (9): 

STVINorm =
SAT − SRT

SAT + SRT
(9)  

STVIRatio =
SRT

SAT
(10)  

2.3. Validation strategy 

Four datasets were used to compare the accuracy and applicability of 
Chl retrieval of the STVI and the classical VIs in different scenarios. Each 
dataset was randomly divided into a training dataset (66.7%) and a 
validation dataset (33.3%). Based on the distribution characteristics of 
the scatter plot, the best-fit linear or nonlinear models describing the 
relationship between the VIs and the Chl were established using the 
training datasets, and the validation datasets were used to test the model 

Fig. 2. Schematic diagram of the relationship between SAT , SRT , and the Chl, and the reflectance triangle (RT1, RT2, RT3) and absorption triangle (AT1, AT2, AT3) 
for Chls of [10,40,70] ug/cm2. The plot in the lower right corner depicts the trend of SAT and SRT with the Chl. 

Fig. 3. The scatterplots between Chl and SAT , SRT , STVINorm, and STVIRatio using the PROSAIL Simulated Dataset (PSD21).  
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accuracy. The coefficient of determination (R2), root mean squared error 
(RMSE), and standard root mean squared error (NRMSE) of the fitted 
equation were used as the accuracy evaluation indicesAkhtar et al., 
2009; Behdani et al., 2016; Chatterjee and Bandopadhyay, 2012; Peng 
et al., 2017); they are defined in Eqs. (11)– ((13). It is generally accepted 
that the model fit is excellent if 0.1 < NRMSE, good if 0.1 ≤ NRMSE 
< 0.2, average if 0.2 ≤ NRMSE < 0.3, and poor if NRMSE ≥ 0.3 (Peng 
et al., 2017; Rinaldi et al., 2003). It is assumed that the measured Chl is 
normally distributed, i.e., the data are clustered around the mean value. 
The model has high prediction accuracy when the intersection of the 1:1 
line and the fitted straight line between the measured and predicted Chl 
is near the mean value. Since the VIs had different value ranges, they 
were normalized before the sensitivity analysis (Eq. (14)). The all first 
effect of the extended Fourier amplitude sensitivity test (EFAST) was 
used as the quantitative evaluation index of VIs sensitivity to Chl, and 
the greater the all first effect, the stronger the VIs sensitivity to Chl. At 
the same time, the standard deviation (SD) of the normalized VIs was 
used as an auxiliary sensitivity evaluation indicator. The larger the SD, 
the greater the dispersion of the VIs with Chl variation is, and the 
stronger the sensitivity of the VI is to the Chl (Zhang et al., 2020), see 
Eq. (15). The data simulation, preprocessing, and statistical analysis 
were performed in Matlab R2019a (The Math Works, Inc., Natick, MA, 
USA). 

R2 = 1 −
∑n

i=1

(yi − ŷ)2

(yi − y)2 , i = 0, 1,…, n (11)  

RMSEy⌢, y =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
m

∑m

i=1

(

y⌢i − yi

)2
√

, i = 0, 1,…, n (12)  

NRMSEy⌢, y=
RMSEy⌢, y

y
(13)  

Norm VIs =
VIsi − VIsmin

VIsmax − VIsmin
, i = 0, 1,…, n (14)  

SD =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
m

∑m

i=1
(xi − x)2

√

, i = 0, 1,…, n (15)  

where yi, ŷi, and y are the measured value, predicted value, and the 
average of the measured Chl respectively; VIsmax and VIsmin are the 
maximum and minimum values of the VIs, respectively; xi and x are the 
normalized and mean values of the VIs, respectively. 

3. Results 

3.1. Comparison of the sensitivity of the VIs to the chlorophyll content 
using PSD21 

Sensitivity is an important indicator to evaluate the response of VIs to 
a change in the Chl. The higher the sensitivity of the VI to the Chl, the 
higher the accuracy of the retrieved Chl is. A Chl of [5:5:80] μ /cm2 was 
used as the input into PROSAIL and the other parameters were the 
default values of the model to compare the variation trend of indices 
with Chl (Fig. 4a-b). The sensitivity of VIs to Chl was quantitatively 
analyzed using all first effects in the Extended Fourier Amplitude 
Sensitivity Test (EFAST) (Fig. 4c). The IDEAL line is an auxiliary line that 
varies linearly with Chl in Fig. 4a-b. In Fig. 4a, Ten VIs, including CCII, 
GARI, GNDVI, NDRSR, NDVIre, MRENDVI, MCARI, STVI, MTCI, and 
CIre plotted above the IDEAL line, indicating that they were more sen
sitive to a low Chl than a high Chl. Two indices (RSR and MTCI) plotted 
below the IDEAL line, showing that they which more sensitive to a high 
Chl than a low Chl. The 12 VIs were divided into 2 categories according 
to the curve’s slope. The first group was the VIs sensitive to a low- 
moderate Chl, which included CCII, GARI, GNDVI, NDRSR, NDVIre, 
and MRENDVI. However, as the Chl increased, the slope of these VIs 
decreased, indicating that they became progressively less sensitive to a 
high Chl content, and saturation occurred. The second category was the 
VIs that were globally Chl-sensitive, including MCARI, STVI, VREI1, 
CIre, RSR, and MTCI. They showed a linear relationship with the Chl, 
indicating no significant saturation effect for the Chl, and the curves 
were close to the IDEAL line. Among the second group of VIs, MTCI, and 
RSR showed a gradual increase in the slope with increasing Chl. MCARI, 
CIre, and VREI1showed a gradual decrease in the slope over the full 
range of the Chl, i.e., their sensitivity to the Chl gradually decreased 
with the increasing Chl. Unlike the single trend of the other 11 VIs, the 
slope of the STVI showed an increasing and decreasing trend and peaked 

Fig. 4. The relationship between the normalized VI value and the chlorophyll content using the PROSAIL Simulated Dataset (PSD21).  
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at 25 µg/cm2 of Chl in Fig. 4b; thus, the STVI was more sensitive to a 
low-medium Chl than to a high Chl. 

Table 5 lists the results of the quantitative accuracy evaluation. The 
SD of STVI (0.320) was the largest, followed by RSR (0.308), VREI1 
(0.306), and CIre (0.306). It was 3.896%~19.850% higher than that of 
the classical VIs. Based on the SD, the STVI showed the largest dispersion 
degree to the Chl. In the global sensitivity analysis based on EFAST 
method, STVI has the largest all first effects on Chl with 0.874, followed 
by CCII (0.870), RSR (0.853), and CIre (0.849). It was 0.448% 
~18.369% higher than that of the classical VIs. 

3.2. Correlation between VIs and chlorophyll content using PSD21 and 
angers03 

Leaf spectral reflectance is determined by the biochemical compo
sition of leaves; however, canopy spectral reflectance is related to the 
internal biochemistry of the leaf and external factors, such as leaf size, 
leaf density, leaf inclination, soil background, and mixed pixels. 
Regression relationships were established between the VIs and the Chl 
using the canopy spectral reflectance from the PSD21 (Fig. 5) and the 
leaf spectral reflectance from Angers03 (Fig. 6). The relationship be
tween most VIs and the Chl is nonlinear (CCII, GARI, GNDVI, NDRSR, 
NDVIre, MRENDVI, and MTCI); these VIs showed a saturation effect. 
Some VIs had a linear relationship with the Chl (CIre, MCARI, RSR, 
VERI1, and STVI); these VIs had no significant saturation effect over the 
entire range of the Chl, which was consistent with the results of the 
sensitivity analysis (Fig. 4). According to the scatterplot characteristics, 
the VIs were classified into 3 categories. VIs in the first category VIs 
(CCII, GARI, GNDVI, NDRSR, NDVIre, and MRENDVI) had an expo
nential relationship with the Chl; thus, they are suitable for low Chl 
scenarios. The values of the VIs increased slowly, and saturation 
occurred at a higher Chl (>40 μg /cm2). In contrast, the only VI in the 
second category (MTCI) had a logarithmic relationship with the Chl, 
making it suitable for high Chl scenarios. At a high Chl, MTCI increased 
slowly, and saturation occurred at low Chl (<40μg /cm2). VIs in the third 
category (CIre, MCARI, RSR, VERI1, and STVI) had a linear relationship 
with the Chl and were sensitive to the Chl in the full range of values. 
These VIs did not exhibit a saturation effect; thus, they are suitable for 
the full range of Chl. The distribution of the values in the scatterplot was 
spindle-shaped. 

The first group of VIs was normalized difference VIs, except for GARI 
and CCII, which were multi-band VIs. They generally exhibit saturation 
effects at a high Chl, although green or red edge bands were used instead 
of the NIR or red bands. Except for MCARI and STVI, the third type of VIs 
were ratio VIs, with a combination of NIR and red edge bands or two red 
edge bands. This finding implies that ratio type VIs may have advantages 
over other types of VIs for Chl inversion. The STVI (R2= 0.892) exhibited 
the best fit among VIs with linear relationships. Its R2 was 0.450%−

13.921% higher than the other VIs. The top three VIs with nonlinear 
relationships included CCII (R2 =0.918), MRENDVI (R2 =0.912), and 
MTCI (R2 =0.908). Compared to these three VIs, the STVI was in the 4th 
position, and its R2 value was 1.794% to 2.915% lower. In summary, the 
STVI proved sensitive to the Chl in the entire range and had the best-fit 
linear relationship with the Chl for canopy spectral reflectance, indi
cating that it was not prone to saturation. 

Next, we established the regression relationship between the VIs and 

the Chl based on the leaf horizontal spectral reflectance of Angers03, 
and evaluated the accuracy of the Chl retrieval . The hyperspectral in
formation was converted to multispectral information using the MSI 
band response function of Sentinel-2 to test the applicability of the VIs to 
hyperspectral and multispectral data. 

Accuracy evaluation of VIs for the retrieval of the leaf-level Chl using 
hyperspectral and multispectral data 

Overall, VIs sensitive to a low Chl showed higher accuracy. Angers03 
contained low Chl samples with a mean Chl of 35.605 μg /cm2. The re
sults in Fig. 4 show that VIs sensitive to a low-moderate Chl (CCII, GARI, 
GNDVI, NDRSR, NDVIre, and MRENDVI) were more suitable for the 
Angers03-based Chl inversion. The modeling results (Table 6) and 
validation results (Fig. 6) confirm this conjecture. Among the five 
indices with the best fit in Table 6 and Fig. 6, three were VIs sensitive to 
a low Chl (NDRSR, NDVIre, and MRENDVI), and two were VIs sensitive 
to the global Chl (STVI and VERI1). In the tests based on the hyper
spectral data, the prediction accuracy results of the top 3 VIs were close, 
including MRENDVI (modeling R2=0.957, validation RMSE=4.649 μg/ 
cm2), NDRSR (modeling R2=0.956, validation RMSE=4.672 μg/cm2), 
and STVI (modeling R2=0.953, validation RMSE=4.680 μg/cm2). In the 
tests based on the multispectral data, the NRMSE of the 12 VIs was in the 
range of [0.131, 0.206], indicating a good fit. The MRENDVI 
(R2=0.961) had the highest accuracy in the modeling set, followed by 
the STVI (R2=0.955). The STVI (RMSE=4.581 μg/cm2) had the best fit 
in the validation set (Fig. 6l), and its RMSE was lower than that of the 
other VIs by 1.463%− 36.604%. 

Comparison of the applicability of VIs for the retrieval of leaf-level 
Chl using hyperspectral and multispectral data 

Overall, the R2 values of the fitted equation between the VIs and the 
Chl content were generally higher for multispectral than hyperspectral 
data. The greater the overlap between the hyperspectral data points 
(blue) and multispectral data points (brown) in Fig. 6, and the closer the 
regression line was to the 1:1 line, the more applicable the VI was to both 
hyperspectral and multispectral data. The STVI was most applicable to 
both data types, with the smallest slope difference (1.090%) between the 
regression equations of the hyperspectral and multispectral data. VIs 
with excellent applicability performance included NDVIre (1.185%), 
RSR (1.218%), and VREI1 (2.605%); those with good applicability 
performance were GNDVI (3.797%), GARI (4.272%), NDRSR (4.587%), 
MRENDVI (5.997%), CCII (9.837%), and MTCI (11.613%); MCARI 
(23.509%) and CIre (84.726%) showed poor applicability. The reason 
for the higher accuracy of the MCARI and CIre for multispectral data was 
that noise signals were filtered out, and the influence of extreme values 
in the reflectance spectrum on the VI calculation was reduced when the 
Angers03 hyperspectral data were converted into multispectral data 
using the Sentinel-2 MSI band response function. In summary, the STVI 
performed well for both hyperspectral and multispectral data at the leaf 
level, and MRENDVI and STVI had the two highest prediction accuracies 
for Chl for hyperspectral and multispectral data, respectively. 

3.3. Comparing the applicability of VIs to winter wheat at different growth 
stages using XTS19 

The biophysical and biochemical parameters of crops vary consid
erably at different growth stages, and changes in the external morpho
logical structure and internal chemical composition lead to large 

Table 5 
Accuracy evaluation results of the sensitivity of the normalized VIs to the Chl.   

Clre GARI GNDVI MCARI MTCI NDRSR NDVIre MRENDVI RSR CCII VREI1 STVI 

Average 0.510 0.751 0.711 0.588 0.423 0.695 0.695 0.692 0.476 0.239 0.527 0.568 
SD 0.306 0.277 0.283 0.304 0.305 0.286 0.286 0.287 0.308 0.267 0.306 0.320 
All first effects of Chl 0.849 0.738 0.785 0.841 0.789 0.825 0.792 0.830 0.853 0.870 0.839 0.874 
Ranka 4 12 11 5 10 8 9 7 3 2 6 1 

aRank is a comprehensive evaluation based on the all first effects of Chl. 
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differences in the vegetation canopy spectrum. The winter wheat 
experiment in XiaoTangShan in 2019 (XTS19) was used to analyze the 
applicability of VIs in different crop growth periods. XTS19 contained 
112 samples in four growth periods. The Chl increased and then 
decreased throughout the winter wheat growth stage. The average Chl of 
the samples was 57.369 μg/cm2, and those in the jointing stage, heading 
stage, flowering stage, and filling stage were 50.961, 61.468, 63.139, 
and 54.523 μg/cm2, respectively. The regression equations between the 
VIs and the Chl in different growth periods are listed in Table 7 (n = 75), 
and the validation results of the model are shown in Fig. 7 (n = 37). The 
range of the NRMSE of the 12 VIs was [0.144, 0.173], less than 0.2. The 
range of the Chl at the intersection point of the fitted line and the 1:1 line 
was [55, 60] μg/cm2, which was close to the mean Chl of 57.369 μg/ 

cm2, demonstrating high model accuracy. The top 5 VIs in terms of ac
curacy were STVI, MRENDVI, CCII, NDRSR, and NDVIre, and MRENDVI, 
CCII, NDRSR, and NDVIre were VIs with low-moderate Chl sensitivity 
(Fig. 4). In addition, the STVI (RMSE=8.381 μg/cm2) had the highest 
Chl retrieval accuracy (Fig. 7); its RMSE was 0.957%− 16.715% lower 
than that of the other VIs. 

The accuracy of the Chl retrieval models based on single growth 
period samples of winter wheat using XTS19 is shown in Table 8 Due to 
the fact that there are few samples of single growth stages in XTS19 
(Jointing stage (n = 29), Heading stage (n = 31), Heading stage (n = 24), 
Filling stage (n = 28)), it was impossible to establish an independent 
regression equation for single growth stages. Therefore, the regression 
equations established by multi-growth period samples of winter wheat 

Fig. 5. Relationship between VIs and chlorophyll content at the canopy level using the PROSAIL Simulated Dataset (PSD21), n = 2000. Linear equations (blue line) 
and nonlinear equations (red line) are shown for VIs with nonlinear relationships with the chlorophyll content (* indicates statistical significance at 0.05, ** indicates 
statistical significance at 0.01). 
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in Table 7 were used to verify the Chl retrieval accuracy in the single 
growing period. The range of the NRMSR for the Chl retrieval in 
different growth stages was [0.116, 0.197], less than 0.2, indicating 
excellent model performance. MRENDVI, CCII, and STVI provided the 
best performances for the combined growth stages. CCII and STVI had 
higher retrieval accuracies in the jointing stage, heading stage, and 
flowering stage and lower accuracies in the filling stage than other VIs. 
In addition, VIs sensitive to growth stage changes included GNDVI and 
VREI1, both of which performed poorly in the first 3 growth stages and 
had higher precision in the filling stage, ranking 1st and 2nd, respec
tively. In summary, MRENDVI, CCII, and STVI exhibited excellent 

accuracy for winter wheat Chl retrieval. The STVI had the highest ac
curacy in mixed samples of different growth stages (Fig. 7), while 
MRENDVI had the highest accuracy in samples of single growth stage 
(Table 8). 

3.4. The applicability of the VIs to different lai levels using sentinel-2 
images 

Leaf Chl retrieval is highly dependent on the canopy reflectance 
signal. The Chl is often coupled with biophysical parameters such as the 
LAI, and it is difficult to remove the effect of the LAI. In this experiment, 

Fig. 6. Calibration results of the retrieval of the leaf-level chlorophyll content by different vegetation indices using Angers03. The scatter plots show the measured 
and predicted chlorophyll content values in blue for hyperspectral data and in brown for MSI-based multi-band data. The black line is the 1:1 line, n = 87 (the rank is 
based on the RMSE and NRMSE; * indicates the statistical significance at 0.05, ** indicates the statistical significance at 0.01). 
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we used SY16 ground survey data and Sentinel-2 image data to inves
tigate the applicability of the VIs for Chl retrieval for different LAI values 
scenarios. SY16 consisted of 114 samples obtained in 4 growth stages, 
and the average Chl was 56.730 μg/cm2; 64 samples with LAI>4 had an 
average Chl of 63.718 μg/cm2; 50 samples with LAI≤4 had an average 
Chl of 47.780 μg/cm2. The R2 of the regression equation between the VIs 
and the Chl based on the Sentinel-2 image data was in the range of 
[0.003, 0.389] (Table 9). The accuracies of the models were generally 
lower than those established based on ground hyperspectral data, which 
was attributed to the geometry of the MSI and imaging conditions (at
mospheric effect, soil background, and mixed pixels). Table 9 shows that 
the CCII, STVI, NDVIre, MTCI, and CIre performed relatively better for 
Chl retrieval using image data. The MRENDVI had the worst perfor
mance with an R2 of only 0.003. The slopes of the fitted equations of the 
measured and predicted Chl in Fig. 8 are in the range of [− 0.008, 
0.506], less than 1. The range of the Chl for the intersection of the fitting 
line and the 1:1 line in Fig. 8 is [60, 70] μg/cm2, which is higher than the 
mean Chl of 56.730 μg/cm2, indicating that all 12 VIs overestimated the 
Chl. More points were above than below the 1:1 line. 

The NRMSE of the MRENDVI was 0.354, greater than 0.3, indicating 
a poor goodness-of-fit (Fig. 8), and the bad and deviating performance of 
MRENDVI was caused by the difference in spectral and spatial resolu
tions between Sentinel-2 image data and ground ASD data. Especially 
the difference between the two in B1 band (443 nm). Whereas the 
NRMSE of the other 11 VIs were in the range of [0.239,0.286]∈

[0.2,0.3], indicating that their models had moderate goodness-of-fit. For 
the Chl retrieval models based on satellite images, MTCI 
(RMSE=12.484 μg/cm2), STVI (RMSE=12.513 μg/cm2), and CCII 
(RMSE=12.716 μg/cm2) had the best performances. The STVI and MTCI 
had similar accuracy, with a difference in the RMSE of 0.232%. 

In addition, LAI had a great influence on Chl retrieval, accuracy tests 
were conducted separately for samples with LAI≤4 and LAI>4. It was 
found that the VI-based Chl retrieval models were sensitive to LAI 
changes; the results are listed in Table 10. The accuracies of the CCII 
(RMSE=10.170 μg/cm2) and STVI (RMSE=10.234 μg/cm2) were higher 
for lower LAI values (LAI≤4), whereas the accuracy of MTCI 
(RMSE=14.455 μg/cm2) was higher for higher LAI values (LAI>4). 

In summary, MTCI and STVI exhibited better performance for Chl 
retrieval based on satellite image data without separating the LAI into 
groups. The model accuracy was higher for CCII and STVI when LAI≤4 
and for MTCI when LAI>4. 

4. Discussion 

4.1. Sensitivity analysis results 

This study innovatively proposed the AT and RT in the spectral space 
based on the physical mechanism of light-vegetation interaction and 
established the Chl-sensitive STVI, normalized VI. To the best of our 
knowledge, this is the first application of a triangular VIs to retrieve 
vegetation information related to biochemical composition. Triangular 
VIs can improve retrieval accuracy by clarifying the relationship be
tween the VI and the physicochemical parameters to mitigate the satu
ration effect. The experimental results demonstrated that the STVI was 
sensitive to the Chl in the entire range (Fig. 4), had the best-fit linear 
relationship with the Chl (Fig. 5), and outperformed classical VIs in 
several application scenarios (Fig. 6, Fig. 7, Fig. 8). There are two rea
sons for the high sensitivity of the STVI to the Chl. (1) The STVI is based 
on the triangular areas (SRT and SAT) rather than single-band reflec
tance. The latter approach is prone to the saturation effect, whereas the 
magnitudes of the SRT and SAT depend on the Chl as long as the spectral 
reflectance corresponding to any of the triangular vertices do not reach 
the saturation absorption point of the Chl. (2) The SAT is highly sensitive 
to the Chl and weakly sensitive to blade structure factors, and the SRT has 
the opposite sensitivity. The combination of the SRT and SAT in the 
normalized form enhanced the sensitivity of the STVI to the Chl and 
reduced the interference of the blade structure factors. The sensitivity 
analysis showed that the CIre, RSR, and VREI1 had a better fit linear 
relationship with the Chl than the STVI (Table 5). However, unlike the 
trends of the other 11 VIs, the STVI showed an increase followed by a 
decrease (based on the all first effects of Chl of the normalized VIs as a 

Table 6 
Fitted equations and R2 values of the relationship between the VIs and the chlorophyll content using Angers03.   

Hyperspectral data  Multispectral data  

Name Equationa R2 Rank Equation R2 Rank 

CIre y = 7.6206x-7.2687 0.550** 12 y = 457x+14.336 0.928** 9 
GARI y = 3.2194e4.272x 0.923** 7 y = 2.5607e4.3901x 0.911** 11 
GNDVI y = 3.0158e4.4142x 0.907** 10 y = 2.6829e4.5494x 0.898** 12 
MCARI y = 88.047e− 9.628x 0.876** 11 y = 74.945x+2.8162 0.928** 8 
MTCI y = 29.229x-3.3942 0.909** 9 y = 11.669x+8.1936 0.938** 7 
NDRSR y = 187.76x2+64.087x+3.9521 0.956** 2 y = 5.4069e4.2491x 0.948** 5 
NDVIre y = 5.7585e4.3067x 0.947** 5 y = 5.3243e4.272x 0.948** 4 
MRENDVI y = 183.29x2–44.604x+13.946 0.957** 1 y = 5.2689e3.6659x 0.961** 1 
RSR y = 16.756x-13.52 0.946** 6 y = 21.389x-19.338 0.949** 3 
TCARI
OSAVI 

(CCII) y = 36.818ln(x)− 0.7287 0.916** 8 y = 126.37e− 2.53x 0.927** 10 

VREI1 y = 112.31x-113.01 0.947** 4 y = 26.297x-28.133 0.946** 6 
STVI y = − 44.41x2+37.905x+93.571 0.953** 3 y = − 36.737x2+45.112x+92.264 0.955** 2 

ax and y in the equations refer respectively to the VI value and the Chl, n = 174 (rank is based on R2. 
*indicates the statistical significance at 0.05. 
**indicates the statistical significance at 0.01). 

Table 7 
Regression equations between VIs and chlorophyll content in all growth periods 
using XTS19.  

NO Name Equationa R2 Rank 

1 CIre y = 73.646x+28.65 0.609** 7 
2 GARI y = 68.375x+7.2426 0.606** 8 
3 GNDVI y = 93.198x-5.8464 0.584** 9 
4 MCARI y = 24.669x+42.328 0.359** 12 
5 MTCI y = 3.2054x+30.321 0.616** 6 
6 NDRSR y = 73.955x+7.529 0.629** 4 
7 NDVIre y = 73.115x+8.3073 0.627** 5 
8 MRENDVI y = 80.262x-2.7332 0.656** 2 
9 RSR y = 3.9953x+33.196 0.521** 10 
10 TCARI

OSAVI 
(CCII) y = − 153.78x+80.719 0.631** 3 

11 VREI1 y = 6.8116x+28.556 0.505** 11 
12 STVI y = 32.729x+52.498 0.685** 1 

ax and y in the equations refer respectively to the VI value and the Chl. (n = 75, 
the rank is based on R2. 
*indicates the statistical significance at 0.05. 
**indicates the statistical significance at 0.01). 

B. Qian et al.                                                                                                                                                                                                                                    



Agricultural and Forest Meteorology 322 (2022) 109000

12

sensitivity indicator), indicating that it was more sensitive to the Chl 
than the other VIs. 

4.2. Suitability and accuracy of vegetation indices in different application 
scenarios 

This study analyzed the suitability and accuracy of the proposed 
STVI and classical VIs for Chl retrieval using simulated datasets, 
measured datasets, and publicly available datasets in several scenarios: 

different data types (hyperspectral data, multispectral data, and satellite 
data), different winter wheat growth stages (jointing stage, heading 
stage, flowering period, filling stage, and mixed growth stages) and 
different vegetation coverages (LAI≤4 and LAI>4). The following re
sults were obtained: (1) The STVI did not exhibit significant saturation 
and had a good fitting linear regression relationship with the canopy- 
level Chl (Fig. 5), which was supported by the verification test of VIs 
retrieval of chlorophyll content under different LAI values (Table 10) 
and different growth periods of winter wheat (Table 8). And the 

Fig. 7. The chlorophyll content inversion accuracy of the VIs in mixed samples of different winter wheat growth stages. The scatterplots show the measured and 
predicted Chl. The blue line shows the results for the entire growth period, and the black line is the 1:1 line, n = 37. (The rank is based on the RMSE and NRMSE. * 
indicates the statistical significance at 0.05, ** indicates the statistical significance at 0.01). 
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responses of the 12 VIs to the Chl were consistent with the sensitivity 
analysis results (Fig. 4). (2) The differences between the VIs for Chl 
retrieval using hyperspectral data and multispectral data were relatively 
small (Table 6, Fig. 6). The difference was attributed to the discrepancy 
between the central wavelength of the multispectral bands and the 
wavelengths in the VI equations using hyperspectral data. The 
MRENDVI and STVI achieved the highest goodness-of-fit for hyper
spectral data and multispectral data, respectively. (3) The accuracy of 
the Chl retrieval models based on single growth period samples and 
multi-growth period samples of winter wheat differed significantly 
(Table 7, Table 8, Table 9, Fig. 8). For the multi-growth period samples, 
the STVI obtained the best goodness-of-fit (Table 7, Fig. 8). For the single 
growth period samples (Table 8), the MRENDVI provided the best results 
for all 4 growth stages, while the CCII and STVI had higher retrieval 
accuracy in the jointing stage, heading stage, and flowering period and 
lower retrieval accuracy in the filling stage. The proportion of non- 
photosynthetic components in the canopy spectrum increased because 
the canopy structure changes significantly during the filling stage as 
winter wheat seeds mature. (5) The results for different LAI levels 
showed that CCII and STVI had better performance for low LAI levels or 
low Chl and were less sensitive to the influence of the soil background 
(Table 10). On the other hand, CCII and STVI were more sensitive to low- 
moderate Chl. The MTVI provided the best performance for high vege
tation coverage or high Chl. For mixed samples with low, moderate, and 
high vegetation cover, the MTCI and STVI had the highest accuracy since 
they are well suited for medium to high-resolution remote sensing 
imagery. 

4.3. Advantages of the STVI 

The STVI proved highly suitable for Chl retrieval for different spec
tral data types, different growth stages, and different vegetation cover
ages. The innovative concept of replacing a single band with the SAT and 
SRT as a computing unit provides a new concept for similar research. The 
suitability of the 12 VIs for Chl retrieval in multiple scenarios was 
ranked (Table 11). The results indicate that the proposed STVI achieved 
the best performance based on the accuracy and suitability results in this 
study, followed by CCII and NDVIre. 

4.4. Limitations and implications 

This study has the following limitations related to the experimental 
data and experimental design. First, the STVI includes 3 red edge bands, 
and there are few satellite sensors with these bands. Although the 
retrieval model based on the STVI had high accuracy for predicting the Ta
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Table 9 
Regression equations between the VIs and the chlorophyll content using 
Sentinel-2 images.  

NO Name Equationa R2 Rank 

1 CIre y = 56.706x+39.178 0.352** 2 
2 GARI y = 47.183x+27.405 0.276** 7 
3 GNDVI y = 57.111x+34.212 0.196** 10 
4 MCARI y = 38.663x+46.647 0.156** 11 
5 MTCI y = 2.6373x+32.143 0.389** 1 
6 NDRSR y = 56.107x+28.208 0.288** 5 
7 NDVIre y = 51.647x+32.1 0.286** 6 
8 MRENDVI y = 0.1741x+58.748 0.003 12 
9 RSR y = 5.2222x+39.493 0.246** 8 
10 TCARI

OSAVI 
(CCII) y = − 198.41x+88.305 0.339** 3 

11 VREI1 y = 9.2172x+34.468 0.218** 9 
12 STVI y = 38.5x+48.88 0.327** 4 

ax and y in the equations refer respectively to the VI value and the chlorophyll 
content, n = 76 (the rank is based on R2. 
*indicates the statistical significance at 0.05. 
**indicates the statistical significance at 0.01). 
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Chl in various scenarios, only a small number of hyperspectral or mul
tispectral satellites, such as ESA Sentinel-2, China GF-5, and Italy’s 
PRISMA, meet the application requirements. However, the number of 
satellites with this band configuration will increase in the future, 
providing potential widespread use of the STVI. Second, the spectral 
diversity of the field-measured objects used in this study was insuffi
cient; thus, vegetation spectral curves were used to verify the perfor
mance of the STVI. In practical applications, vegetation-soil mixed pixels 
and other field-measured objects, such as water and rocks, should be 
considered. Third, the Chl retrieval accuracy may be higher for multiple 
VI combinations than for a single VI. The latest research had utilized 
random forest machine learning (Shah et al., 2019) and matrix-based VI 
combination approaches (Xu et al., 2019) for Chl retrieval study, 

providing less uncertainty than using a single VI. Due to the increasing 
computational power, machine learning methods in combination with 
VIs such as the STVI will be used increasingly for large-scale Chl 
retrieval. 

5. Conclusions 

This study innovatively proposed the AT and RT in the spectral space 
based on the physical mechanism of light-vegetation interaction to 
establish the chlorophyll-sensitive STVI based on the Sentinel-2 MSI 
bands. The STVI improved the Chl retrieval accuracy by enhancing the 
relationship with the Chl and mitigating the saturation effect. The ac
curacy and stability of the STVI and classical VIs were investigated using 

Fig. 8. Accuracies of the vegetation indices for winter wheat chlorophyll content retrieval using Sentinel-2 images. The scatterplots show the measured and predicted 
chlorophyll content, the blue line is the fitted line, and the black line is the 1:1 line, n = 38 (the rank is based on the RMSE and NRMSE. * indicates the statistical 
significance at 0.05, ** indicates the statistical significance at 0.01). 
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different data types, different winter wheat growth periods, and 
different vegetation coverages with simulated data, measured data, and 
public datasets. The results showed that the STVI was the most sensitive 
among all tested VIs to the Chl and did not exhibit a saturation effect. It 
also provided the best performance under multiple scenarios. Compared 
with the classical Chl retrieval VIs, the proposed STVI represents a more 
reliable and powerful VI for large-scale Chl retrieval and a novel concept 
for establishing new VIs. 
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