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Abstract: Leaf area index (LAI) and canopy chlorophyll density (CCD) are key biophysical and
biochemical parameters utilized in winter wheat growth monitoring. In this study, we would like to
exploit the advantages of three canonical types of spectral vegetation indices: indices sensitive to LAI,
indices sensitive to chlorophyll content, and indices suitable for both parameters. In addition, two
methods for joint retrieval were proposed. The first method is to develop integration-based indices
incorporating LAI-sensitive and CCD-sensitive indices. The second method is to create a transformed
triangular vegetation index (TTVI2) based on the spectral and physiological characteristics of the
parameters. PROSAIL, as a typical radiative transfer model embedded with physical laws, was
used to build estimation models between the indices and the relevant parameters. Validation was
conducted against a field-measured hyperspectral dataset for four distinct growth stages and pooled
data. The results indicate that: (1) the performance of the integrated indices from the first method are
various because of the component indices; (2) TTVI2 is an excellent predictor for joint retrieval, with
the highest R2 values of 0.76 and 0.59, the RMSE of 0.93 m2/m2 and 104.66 µg/cm2, and the RRMSE
(Relative RMSE) of 12.76% and 16.96% for LAI and CCD, respectively.

Keywords: hyperspectral vegetation index; leaf area index; canopy chlorophyll density; joint retrieval

1. Introduction

Vegetation-based remote sensing approaches utilizing the leaf area index (LAI) and
canopy chlorophyll density (CCD) have provided valuable insights into the spatiotemporal
variability of the biophysical and biochemical parameters or traits of plants [1,2]. LAI
is calculated as the one-sided leaf area above per unit of the ground area [3]. It is the
key biophysical parameter when evaluating agroecosystems. The chlorophyll content
is of great importance in the biosphere as a photosynthetic pigment and is used as an
intermediate indicator of leaf nitrogen contents, due to their linear correlation [4,5]. CCD
represents the multiplication of LAI and leaf chlorophyll density (LCD). Thus, it represents
the chlorophyll content at the canopy scale [6]. These values have been used as indicators
to evaluate the structural and nutritional conditions of an area to further predict crop
yield [7].

Remote sensing technology has become an efficient and useful method for vegetation
parameter estimation. There is currently a discussion on the appropriate selection between
hyperspectral data and multispectral data. Hyperspectral vegetation indices and their
relationships with agricultural crop characteristics, including LAI, leaf chlorophyll content,
biomass, and plant height, have been studied thoroughly [8]. Compared with broadband
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indices, narrowband indices perform better under certain circumstances [9]. The superiority
of narrowband index parameter estimation can contribute to its fine resolution. With
the growing public attention and demands in precision agriculture, it is vital to acquire
accurate crop growth conditions over time. Researchers have performed much work on
quantitatively estimating vegetation parameters [10–15]. Among the available estimation
methods, establishing empirical models between vegetation indices and parameters with
statistical relationships is a widely accepted parameter retrieval technique [16,17]. Over
the past few decades, various spectral vegetation indices utilizing the spectral response
to parameter characteristics have been proposed. Researchers have conducted retrieval
methods for various vegetation types and crop types and for multiple remote sensing
sensors, and they have also developed methods focused on eliminating interfering factors
such as soil background, atmospheric conditions, and canopy structure effects [18–22].
For example, the normalized difference vegetation index (NDVI) is the cornerstone of
the vegetation indices used to estimate LAI variations, with the normalized difference
between the red and near-infrared reflectance bands [23]. Considering that they become
saturated under a high foliage cover, the transformed triangular vegetation index (TTVI)
was proposed to reduce the saturation effect for LAI retrieval by utilizing the triangular area
embraced by LAI-sensitive bands [24]; in addition, the modified soil-adjusted vegetation
index (MSAVI) eliminated the effects of chlorophyll on the LAI by adding a self-adjusted
factor [25]. The optimized soil-adjusted vegetation index (OSAVI) minimized the impact of
soil by adding an adjusting factor [26]; the modified triangular vegetation index (MTVI2)
was found to be sensitive to LAI variations but resistant to leaf chlorophyll contents [17].
The chlorophyll index (CI) and MERIS terrestrial chlorophyll index (MTCI) were shown to
be good chlorophyll indicators using chlorophyll-sensitive wavelengths before 600 nm [27],
and the integrated vegetation index RECAI/TVI, which combines the red-edge chlorophyll
absorption index and the modified triangular vegetation index, was proposed to estimate
leaf chlorophyll contents. It is also able to reduce the effect of the LAI [28]. Parts of these
indices have also been used for winter wheat parameter retrieval. In summary, the research
basis for improving parameter retrieval accuracy is solid and sufficiently supported.

The increasing number of indices enriches the choices available for quantitatively
estimating vegetation parameters. However, with the development of a growing demand
for accurate and fast quantitative remote sensing techniques, a variety of problems in
vegetation retrieval have emerged. For example, the lack of indices for joint retrieval
needs to be determined. LAI and CCD together reflect the vegetation density, vitality and
photosynthetic potential of an area [29]. Most published estimation models or vegetation
indices focus on how to improve retrieval accuracy. However, another key point is that the
single retrieval of biophysical or biochemical parameters is unilateral. No single parameter
can interpret the condition of crops in all aspects. It would be efficient and comprehensive
if there were a method available to capture both biochemical and biophysical information
from both sides, based on the variation of winter wheat LAI and CCD at different growth
stages. The regularized canopy reflectance model (REGFLEC) has inspired us to explore
jointly retrieving parameters [30]. The model utilized automated image-based methodolo-
gies and was developed to incorporate space observations to exploit LAI and chlorophyll
information that is derived from multiple satellite scenes [30]. It produces both LAI and
chlorophyll estimations at the same time. Another group of joint retrieval methods comes
from the crop status index (CSI). A minimum dataset was selected from twenty crop abiotic
stress indicators and was then scored linearly or nonlinearly to form the index. Actually,
the CSI is an integration of indicators and can be used for distinguishing and evaluating
the types of composition stress [29]. An index used to estimate both parameters at the
same time could also improve retrieval efficiency. Combining the advantages of indices
and exploiting them for wider application in remote sensing can be considered a “reuse”
of these indices.

One possible method for the joint retrieval of LAI and CCD is to integrate existing
vegetation indices that are sensitive to biophysical and biochemical parameters, respectively.
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The same method has been used for the prediction of crop chlorophyll contents and has
made great progress [31]. Theoretically, the multiplication of two kinds of indices could
be used to combine information from both sides. However, due to the specific conditions,
the sensitive wavelengths and index forms might harm the resulting accuracy. In this case,
taking advantage of both sides introduces uncertainty. Notably, CCD is the multiplication
of the LAI and the LCD, but LAI-sensitive or LCD-sensitive indices might not be able to
show a good correlation with the CCD. There is a possibility that the multiplication of
two indices leads to the suppression of one of the evaluated parameters. Another method
used for the joint retrieval of LAI and CCD is to propose a new index specialized for joint
retrieval. The LAI and CCD both exert influences on vegetation spectral reflectance, but
at different spectral regions. Research on the red-edge spectral region indicates that the
retrieval accuracy of both LAI and CCD can be improved [32,33]. The red-edge inflection
point (REIP) moves toward longer wavelengths under a high vegetation cover or a high
chlorophyll content, while moving backward toward shorter wavelengths under a low
vegetation cover or when the leaves are withered. This shift of the REIP can be used
not only for growth stage monitoring but also for nutritional status, crop biomass, and,
furthermore, crop yield determinations [34,35]. Therefore, spectral bands from the red-edge
region can be a good option for joint retrieval of winter wheat LAI and CCD.

The simultaneous retrieval of winter wheat LAI and CCD is challenging but promising.
The joint retrieval of biophysical and biochemical parameters can be an efficient and cost-
effective method to monitor crop growth conditions. Thus, the objectives of this study
are: (1) to select optimal indices that are sensitive to LAI or chlorophyll variations for
integration-based index development; (2) to propose a new index for joint retrieval based
on the response patterns of spectral reflectance to biophysical and biochemical parameters;
(3) to validate the proposed joint retrieval methods with field-measured data and to
compare the estimation capabilities of new indices against other existing indices at the key
growth stages of winter wheat.

2. Materials and Methods
2.1. Study Area

Winter wheat is one of the most essential cereals in the world and is the research object
of our study. The study site was located on winter wheat farmland in Shunyi District,
Beijing (116◦31′10′′E to 116◦53′26′′E, 40◦8′2′′N to 40◦14′0′′N) in 2016 during the growing
season. The study area is located on the Northern China Plain, with an average annual
temperature of 13.8 ◦C. The field measurements were conducted during four specific
growth stages: early jointing stage, late jointing stage, head emergence stage, and filling
stage. There were twenty-four sampling units with an average size of more than 3 ha
(the distribution of the sampling units is shown in Figure 1). A total of 96 plots were
measured, each covering a square plot sized 1 m × 1 m. The sampling site consisted of
continuous winter wheat farmland, and the growth conditions varied due to the application
of various water- and fertilizer-management strategies. To eliminate the measuring errors
of the field-collected data, the sampling plots were divided into four parts: northwest,
northeast, southwest and southeast. There were 6 sampling plots in each area. After that,
three-quarters of the measurements from each part were chosen randomly via MATLAB.
Thus, 18 measurements at each growth stage were selected (the description of sample plots
used at each growth stage is listed in Table 1). These data were pooled for validation in
Section 3.3.
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Figure 1. Study sites and the distribution of sampling points in Beijing, Shunyi District. The satellite background is the
border of the Shunyi district. (a–d) are photos of sampling points No. 20, No. 16, No. 9, and No. 4 at the early jointing stage.

Table 1. Sample plots at four growth stages.

Growth Stages. Total Sample Plots Selected Sample Plots

Early jointing stage 24 18
Late jointing stage 24 18

Head emergence stage 24 18
Filling stage 24 18

Pooled 96 72

2.2. Field Measurements

Both biophysical and biochemical parameters, including the LAI and the CCD, were
collected during field campaigns. A total of 96 LAI measurements were collected in each
sample plot with the Plant Canopy Analyzer instrument LAI-2200c (LI-COR Inc., Lincoln,
NE, USA). Fifteen whole winter wheat plants were pulled from the soil at each sampling
point and were quickly moved into a cooler box with ice, in case of water loss. After all
the samples from 24 points were collected, they were moved to the laboratory for further
analyses. The laboratory analyses of the LCC were conducted according to standard
processes [16,36,37]. The corresponding weights and area of sampling leaves were then
used to transfer the LCC to leaf chlorophyll density (LCD, µg/cm2) [16]. Finally, canopy
chlorophyll density (CCD) was calculated by multiplying the LAI and the LCD.

Together with parameter value collection, canopy reflectance collection was carried
out using an ASD FieldSpec spectrometer (Analytical Spectral Devices, Inc., Boulder,
CO, USA) simultaneously during field measurements. The spectrometer was configured
with a spectral range of 350–2500 nm, with a field of view of 25◦. Measurements were
obtained from a nadir position at approximately 1.3 m above the ground and averaged
by 10 repeated scans. For each sampling plot, an approximate area of 1 m2 was collected.
The hyperspectral spectrum was calibrated by a 0.4 m × 0.4 m white reference panel, both
before and after plant canopy measurements. To minimize the noise from the water and
carbon dioxide components of the canopy spectra, only the spectral bands from 400 nm
to 2500 nm were used in the research. The spectral resolution was 3 nm for wavelengths
ranging from 350 to 1000 nm, and 10 nm for wavelengths from 1000 to 2500 nm.

2.3. Simulated Spectral Datasets

To enrich the datasets, the PROSAIL-5 model was used in this study to analyze the
sensitivity between spectral reflectance and vegetation parameters. PROSAIL is a typical
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radiation transfer model (RTM) that is based on physical laws and establishing cause-effect
relationships [38]. It is the coupled model of the PROSPECT5B leaf reflectance model and
the 4SAIL (scattering by arbitrary inclined leaves) canopy reflectance model, which are
able to simulate the vegetation reflectance at the canopy level [39]. PROSPECT simulates
reflectance and transmittance at the leaf level. The parameter settings in this research
referred to the ranges of the field-measured vegetation parameters of winter wheat in 2016
(shown in Table 2), and relevant studies were also taken into consideration [17,40–42]. A
total of 5400 sets were generated randomly, based on the parameter settings of the PROSAIL
model. The aim of such a database is to test the estimation abilities of the model using a
vast number of spectral reflectance that represent possible biochemical and biophysical
properties for winter wheat, which is rarely achieved in field experiments.

Table 2. Input parameter settings in the PROSAIL model.

Parameters Notes Value Distribution Units Number

Leaf parameters
N Leaf structure parameter 1.3 Gaussian - 1

Cw Water content 0.01 cm 1
Cm Dry matter content 0.004 g/cm2 1

Cab Chlorophyll a + b content 12.96~113.16
Gaussian standard

deviation of 50,
mean value of 50

µg/cm2 30

Canopy parameters
LAI Leaf area index 0.5~8.5 Uniform m2/m2 30
ALA Average leaf angle 30,45 degree 2
hot Hot spot parameter 0.12~0.21 Uniform m/m 3
θs Solar zenith angle 35 1

2.4. Methods for Joint Retrieval

Two methods of joint retrieval are used in the manuscript. The first method is to
select existed indices that have been widely utilized for the retrieval of LAI or CCD, and
then compare their abilities regarding joint retrieval; the second method aims to create a
joint-retrieval-specific index, making use of the above-mentioned indices.

2.4.1. Vegetation Indices Used for Integration-Based Indices

The vegetation indices used in this study can be categorized into three main classes:
(1) indices sensitive to LAI; (2) indices sensitive to chlorophyll content; and (3) indices
sensitive to both LAI and chlorophyll content. Integration-based indices were further
proposed based on these three types of indices. When selecting the indices, three factors
are considered: (1) the index has to be sensitive to LAI or CCD, or to both parameters;
(2) the index is resistant to at least one interfering factor; (3) the index can be calculated
with hyperspectral remote sensing data.

(1) Indices sensitive to LAI
The retrieval of LAI can be affected by atmospheric scattering and absorption effects,

saturation effects, temporal effects, and soil background effects [43]. DVI, NDVI, TVI, TTVI,
and MSAVI are selected as indices sensitive to LAI. NDVI is a fundamental index used
in quantitative vegetation remote sensing. It utilizes the ratio of near-infrared and red
bands to monitor the LAI variation but suffers from the saturation effect problem [23].
The retrieval accuracy is hindered by high vegetation cover. The triangular vegetation
index (TVI) and its transformed counterparts and TTVI have been suggested as being
sensitive to LAI and resistant to CCD for winter wheat [24,25]. The soil-adjusted vegetation
index (SAVI) and its family indices, including MSAVI, use interfering factors to eliminate
noise from the soil background and improve the LAI retrieval accuracy [26]. MSAVI also
exhibited good LAI estimations for winter wheat LAI with ground-measured hyperspectral
data [44].
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(2) Indices sensitive to chlorophyll content
The first derivative and reciprocal reflectance are useful for chlorophyll retrieval [45].

In this class, PSSRa, CIred-edge, RES, and MCARI were selected. PSSRa indicates the
chlorophyll-a concentration in the plant [23]. It presented a significant phenotypic corre-
lation with winter wheat chlorophyll concentration (SPAD unit) at the heading and milk
development stages in the previous study [46]. The chlorophyll index (CI) and its revisions,
i.e., CIred-edge and CIgreen, take advantage of reciprocal data and show great potential in the
remote tracking of the physiological status of crops, including maize and soybean [47,48].
CIred-edge was linearly related to the canopy chlorophyll content with hyperspectral remote
sensing data, due to the sensitivity of the red edge to chlorophyll contents [14]. Red edge
symmetry (RES) is an easily calculated index and is applicable to hyperspectral data [33].
Its ability to retrieve chlorophyll data meets our research goal in this study. Thus, we
decided to use it as a chlorophyll-sensitive index. MCARI was proved to have better
linearity with winter wheat and corn chlorophyll content [49].

(3) Indices capable for both parameters
The leaf chlorophyll level can affect LAI retrieval by affecting the canopy’s optical

properties [43]. Thus, few indices have been designed to estimate both biophysical and
biochemical parameters. The photochemical reflectance index (PRI) was initially proposed
for photosynthetic radiation use efficiency [50]. It has also been proved to be sensitive to
Cab in soybean and maize at the leaf scale, and sensitive to LAI at the canopy scale [51].
Two wavelengths of PRI 531 nm and 570 nm were utilized, due to their major role in the
xanthophyll cycle and the reduction of chloroplast movements.

In this section, the first method of joint retrieval is proposed. It integrates LAI-sensitive
indices and chlorophyll-sensitive indices and takes advantage of both sides. Based on the
indices selected in Table 3, the integration-based indices in the study are CI-integrated
indices, including CIred-edge×NDVI, CIred-edge×TVI, CIred-edge×TTVI, CIred-edge×PSSRa,
CIred-edge×MSAVI, CIred-edge×MCARI, CIred-edge×PRI, and RES-integrated indices, includ-
ing RES×NDVI, RES×TVI, RES×TTVI, RES×PSSRa, RES×MSAVI, RES×MCARI, and
RES×PRI.

Table 3. List of vegetation indices used in the study. All the indices were calculated with hyperspectral resolution data in
this study.

Index Description Calculation Related to Reference

DVI Difference vegetation index R800 − R680 LAI [52]
NDVI Normalized difference vegetation index (R800 − R680)/(R800+R680) LAI [23]
TVI Triangular vegetation index 0.5× [120×(R750 − R550)−200×(R670 − R550)] LAI [25]

TTVI Transformed triangular vegetation index 0.5× [(783− 740)×(R865−R740)−(865− 740)×(R783−R740)] LAI [24]
PSSRa Pigment-specific simple ratio R800/R680 CCD [13]

CIred-edge Red-edge chlorophyll index (R780/R710)−1 CCD [45,47]
RES Red edge symmetry (R718−R675)/(R755−R675) CCD [33]
PRI Photochemical reflectance index (R531−R570)/(R531+R570) LAI, CCD [50]

MCARI Modified chlorophyll absorption ratio index [(R700−R670)−0.2× (R700−R550)](R 700/R670) CCD [25]
MSAVI Modified soil-adjusted vegetation index 0.5×

[
2R800+1−

√
(2R800+1)2−8(R800−R670)

]
LAI [25]

2.4.2. New Indices for Joint Retrieval

We calculated the Pearson correlation coefficients between the vegetation parameters,
including LAI, LCD, and CCD, with PROSAIL simulated spectral reflectance (see Figure 2).
As shown in the figure, the sensitive spectral regions are distinct for LAI and LCD. Wave-
lengths of approximately 640–690 nm are sensitive to LAI variation, and wavelengths near
520–560 nm are better correlated with LCD. However, the multiplication of LCD and LAI,
which equals the CCD, takes the mutual advantages of the two parameters and shows a
good correlation with two spectral regions before 700 nm. The CCD curve exhibited similar
trends with LAI after 700 nm. There was a difference in the correlation between LAI and
Cab at approximately 718 nm, which is sensitive to LCD variations but resistant to LAI
variations. Wavelengths less than 718 nm are negatively related to Cab. We further discov-
ered the correlation between CCD and the red-edge position in Figure 3. In conclusion,
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the possible spectral regions for both LAI and CCD are red-edge and NIR regions. The
red-edge position is affected by both LAI and chlorophyll concentration [53]. To ensure
the sensitivity of CCD to reflectance at approximately 700 nm, we further calculated the
correlation of CCD and the red-edge position in Figure 3. The CCD is exponentially related
to the red-edge position with an R2 value of 0.758. For now, we were able to count red-edge
spectral bands in the new index.
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We further tested the sensitivity of wavelength combinations for LAI and CCD with
TVI-like indices. The red-edge spectral region ranged from 680 nm to 760 nm, and the
two NIR regions were 760 nm to 860 nm and 800 nm to 1000 nm. As shown in Figure 4,
the combination of wavelengths for the two parameters is not the same. The selection
of the red-edge wavelength is the key point for the index. For the LAI, wavelengths
shorter than 740 nm had an r over 0.8, but the situation was the opposite for the CCD.
The indices with wavelengths greater than 740 nm exhibited higher correlations. For both
parameters, incorporating longer NIR wavelengths is helpful for the index. Spectral band
6 of the Sentinel-2 MSI sensor is located at 743 nm and has been shown to be sensitive
to LAI variations using hyperspectral spectra [24]. To establish a new spectral index
for winter wheat LAI and CCD estimation, 800 nm was used because it had a relatively
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high correlation with both parameters (Figure 4). We included this selection of red-edge
regions in the new index. The selection of two near-infrared wavelengths referred to the
sensitiveness in Figure 4 and previous studies. Most indices use 800 nm to represent NIR
information, such as hyperspectral OSAVI [31] and hyperspectral MCARI/OSAVI, and
TCARI/OSAVI [14]. To keep the sensitive response to parameters and take advantage of
the correlation, we selected 900 nm as another NIR wavelength for the index.
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The three wavelengths of the index were determined. We proposed a new index, i.e.,
the transformed triangular vegetation index 2 (TTVI2), based on the triangular vegetation
index. The mathematical mechanism of TTVI2 is the triangular area embraced by the three
vertices of the reflectance spectrum, as shown in Figure 5. According to the law of linear
algebra [54], the area of the triangle circled by three vertices can be calculated based on
the concept of determinants. The Leibniz formula for the determinant of a 2 × 2 matrix is
calculated as shown in Equation (1) below.
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The area of the parallelogram is the absolute value of the determinant of the matrix
formed by the vectors representing the parallelogram’s sides. Thus, the area of the triangle
is half that of the parallelogram with the same sides. In this case, the three vertices are
located at A (743, R743), B (800, R800), and C (900, R900). The two vectors of AB and AC
are 800–743 and R800–R743, and 900–743 and R900–R743, respectively. Thus, the area of the
triangle representing the transformed triangular vegetation index 2 (TTVI2) is calculated
using Equations (2) and (3): ∣∣∣∣ a b

c d

∣∣∣∣= ad− bc (1)

TTVI = 0.5×
∣∣∣∣ (800− 743) (R800−R743)
(900− 743) (R900−R743)

∣∣∣∣ (2)

TTVI2 = 0.5× [(800− 743)× (R900−R743)− (900− 743)× (R800−R743)] (3)

2.5. Vegetation Parameters Estimation and Validation

The indices for joint retrieval were calculated with the PROSAIL simulated datasets.
Parameterized expressions, including linear regression, exponential regression, and loga-
rithmic regression, were built between the indices and parameters individually. For each
index, the best-fit model is used as the estimation model. The estimation models were
subsequently applied for estimating the LAI and CCD with field-measured hyperspectral
data at four growth stages. K-fold cross-validation (k = 4) was used to ensure that every
measurement was used for analysis. To ensure that the data range covered the condition of
winter wheat at various growth stages, 3/4 of the field measurements from each growth
stage were selected, as stated in Section 2.1, and used for validation. A total of 72 mea-
surements were used to ensure that the datasets covered specific growth characteristics
and avoided errors from field measurements. The results were validated against ground-
measured LAI and CCD. The coefficient of determination (R2), root mean square error
(RMSE), and relative root mean square error (RRMSE) are common indicators used for
evaluating estimation models. The RRMSE is computed as the RMSE, normalized by the
measured range of the corresponding parameter [55]. It evaluates the robustness of indices.

3. Results
3.1. Estimation Models from PROSAIL Datasets

The estimation models for the PROSAIL-derived indices and parameters are shown
in Table 4. It is obvious that the indices from different classes (referred to in Section 2.4.1)
performed differently. The three main relationships between indices and parameters
are linear, exponential, and logarithmic relationships. It is common for most CIred-edge-
integrated indices to be logarithmically related to the LAI and linearly related to the CCD.
The classic indices, including DVI, PSSRa, and NDVI, exhibited high correlations with both
the LAI and the CCD. TVI is more related to LAI than CCD, and the situation for CIred-edge
is the opposite. The situation for integration-based indices can vary. Most integrated
indices performed well, with R2 values higher than 0.5, such as PRI, TVI, and the majority
of CIred-edge-integrated indices. CIred-edge-integrated indices are also more closely related to
the CCD than the LAI. There is no doubt that CIred-edge is a good CCD indicator. However,
the RES-integrated indices did not show a satisfactory estimation. Most RES-integrated
indices reported R2 values of less than 0.5. The only exception is RES×TTVI, with R2 values
of 0.85 and 0.72 for the LAI and CCD, respectively. There was also no obvious commonality
between RES-integrated indices. Some of them were more closely related to the CCD, while
others were not. The form of the triangular vegetation index plays an influential role in
parameter retrieval. TTVI, CIred-edge×TTVI, and RES×TTVI are all good indicators for
CCD with relatively high R2. Among them, TTVI2 exhibited the best performance, with
the highest R2 value of 0.95. PRI showed good estimation for both LAI and CCD, and it
had the highest R2 value with LAI of 0.97 among all the indices.
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Table 4. The best-fit models for PROSAIL-derived indices and vegetation parameters.

Vegetation Indices Equations R2

Indices sensitive to LAI

DVI
LAI = 17.359x − 3.2295 R2 = 0.77

CCD = 13.805exp(5.6679x) R2 = 0.61

NDVI
LAI = 0.0508exp(4.9621x) R2 = 0.84
CCD = 1.7412exp(5.3067x) R2 = 0.66

TVI
LAI = 0.4118exp(0.0936x) R2 = 0.73
CCD = 29.572exp(0.0735x) R2 = 0.31

TTVI
LAI = 0.7212x + 0.8171 R2 = 0.64

CCD = 58.487x − 57.855 R2 = 0.93

Indices sensitive to chlorophyll content
PSSRa

LAI = 0.1895x + 0.3459 R2 = 0.84
CCD = 39.318exp(0.068x) R2 = 0.78

CIred-edge
LAI = 2.2074ln(x) + 1.809 R2 = 0.45
CCD = 65.064x − 22.27 R2 = 0.91

Indices for joint retrieval

PRI
LAI = 1.5749exp(59.885x) R2 = 0.97
CCD = 72.208exp(59.885x) R2 = 0.67

CIred-edge×NDVI LAI = 1.9344ln(x) + 2.4569 R2 = 0.51
CCD = 66.614x − 3.4656 R2 = 0.92

CIred-edge×TVI LAI = 1.9757ln(x) − 3.978 R2 = 0.62
CCD = 2.5883x − 8.544 R2 = 0.93

CIred-edge×TTVI LAI = 1.2541ln(x) + 1.1513 R2 = 0.55
CCD = 6.2787x + 72.157 R2 = 0.93

CIred-edge×PSSRa LAI = 1.3206ln(x) − 0.8848 R2 = 0.66
CCD = 1.735x + 52.04 R2 = 0.94

CIred-edge×MSAVI LAI = 1.8228ln(x) + 2.9543 R2 = 0.58
CCD = 72.364x + 10.192 R2 = 0.94

CIred-edge×MCARI LAI= 1.5191ln(x) + 7.1729 R2 = 0.48
CCD = 123.48exp(0.9887x) R2 = 0.04

CIred-edge×PRI LAI = 9.6612x + 2.5863 R2 = 0.68
CCD = 683.65x + 101.39 R2 = 0.75

RES×NDVI
LAI = −0.657ln(x) + 3.3084 R2 = 0.01

CCD = −354.9ln(x) − 225.45 R2 = 0.38

RES×TVI
LAI = 2.0488exp(0.0589x) R2 = 0.08

CCD = −123.5ln(x) + 458.13 R2 = 0.10

RES×TTVI
LAI = 0.5659exp(1.225x) R2 = 0.85
CCD = 21.232exp(1.364x) R2 = 0.72

RES×PSSRa
LAI = 0.9024exp(0.1997x) R2 = 0.78
CCD = 54.284exp(0.158x) R2 = 0.34

RES×MSAVI
LAI = 1.3865exp(3.5257x) R2 = 0.14
CCD = −542.55x + 343.47 R2 = 0.07

RES×MCARI
LAI = 3.0636exp(2.0307x) R2 = 0.02

CCD = −62.16ln(x) − 45.108 R2 = 0.29

RES×PRI
LAI = 2.666exp(31.215x) R2 = 0.79

CCD = 126.79exp(25.946x) R2 = 0.37

TTVI2
LAI = 0.6796x + 0.8802 R2 = 0.63

CCD = 55.897x − 56.483 R2 = 0.95
1 x indicates the corresponding index. All the R2 values passed the t-test, with a p-value of less than 0.001.

3.2. Estimation Results at Different Growth Stages

To further discover the VIs’ estimating performances, the estimation results of all the
indices at different growth stages were analyzed in the study. To maximize the usage of
limited datasets, k-fold cross-validation (k = 4) was used for parameter estimation. Based
on the estimation models from Section 3.1, the estimation of the LAI and CCD values at
four growth stages was conducted. The estimating indicators, including R2, RMSE, and
RRMSE, are shown in Table 4 and Figure 6.
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As seen from Figure 6, the estimation for LAI was distinct at different growth stages.
For the early jointing stage, the indices exhibited poor performances, with R2 values
reaching no more than 0.1. There was almost no correlation between indices and LAI,
indicating that they might be unable to assess winter wheat LAI at this stage. For the
late jointing stage, the performances were better, with an increase in R2 values. CIred-edge
and CIred-edge-integrated indices exhibited good performances and outperformed RES-
integrated indices. The classical LAI-sensitive indices, DVI, NDVI, and TVI, were not good
estimators at this stage. The estimation at the head emergence stage was similar to that of
the last stage, with a relatively higher R2. The estimation at the filling stage was no better
than that at the late jointing stage and head emergence stage. However, it was still better
than that at the early jointing stage.

The variation trend of R2 values of LAI retrieval started with a smaller value at
the early jointing stage, increased to a higher value at the late jointing stage and head
emergence stage, and finally decreased at the filling stage. This trend also applied to the
CCD estimation. As seen from Figure 6, the indices exhibited the worst performances at
the early jointing stage but showed better estimation at the late jointing stage and head
emergence stage. There was a decrease in R2 values at the filling stage, but they still
outperformed the early jointing stage. CIred-edge-integrated indices were better for CCD
estimation at the head emergence stage, with comparatively higher R2 values and lower
RRMSE values. These results are consistent with the research of previous studies and can
be concluded as indicating the sensitivity of canopy reflectance against LAI and CCD [56].
When LAI increased, the NIR reflectance increased but the red reflectance decreased at the
early growth stages, and then reached the asymptote as LAI exceeded three [56].

TTVI2 might not be the best estimation index for all growth stages. However, TTVI2
excelled far beyond the other indices with its ability to estimate the LAI and CCD at four
stages, especially for the head emergence stage and filling stage. Several indices used in
this research, such as CIred-edge×PRI and CIred-edge×PSSRa, performed good estimations
for CCD at the late jointing stage, with R2 values greater than 0.5, but the estimations
for other growth stages were poor. Another example is RES×TTVI. The index had the
highest R2 value at the filling stage of 0.41 and the lowest RRMSE of 19.87%; however, the
estimations at the other stages were not acceptable.

3.3. Validation

A total of 22 hyperspectral indices were validated in this section, including: DVI, NDVI,
TVI, TTVI, PSSRa, CIred-edge, PRI; integration-based indices CIred-edge×NDVI, CIred-edge×TVI,
CIred-edge×TTVI, CIred-edge×PSSRa, CIred-edge×MSAVI, CIred-edge×MCARI, CIred-edge×PRI,
RES×NDVI, RES×TVI, RES×TTVI, RES×PSSRa, RES×MSAVI, RES×MCARI, and RES×PRI;
and the newly proposed TTVI2 index. The results are shown in Figures 7 and 8. The estima-
tion models from Section 3.1 were further applied to hyperspectral indices for LAI and CCD
estimations. The validation process was conducted against field-measured LAI, CCD, and
hyperspectral-estimated parameters pooled at four stages. The estimations were calculated
from those in PROSAIL models. The validation results may differ from the estimation
results for some of the indices. Analyzing and comparing the joint retrieval ability was
the research object in this study. Thus, R2, RMSE, and RRMSE were used as indicators for
evaluating estimations. The comparison of RRMSE helps us analyze the performances not
only from the single model of the specific index but also as a comparison among all the
indices. A lower RMSE and RRMSE indicate a better predictor for the parameters.
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Generally, the majority of vegetation indices presented reliable estimates for LAI, with
acceptable R2 and RMSE values. TTVI2 exhibited a significant linear trend with winter
wheat LAI. The scatterplots plotted closer to the 1:1 line, compared with other indices. It
also performed the best estimation, with the highest R2 value of 0.76 and lowest RMSE
and RRMSE values of 0.93 m2/m2 and 12.76%, respectively. TTVI, CIred-edge×TTVI, and
RES×TTVI also exhibit good performances. Only the RRMSE reveals that their estimations
were not as good as that of TTVI2. Classical vegetation indices, including DVI and NDVI,
are still good for LAI retrieval, but the saturation effect hinders the estimation for an
LAI greater than 6. The CIred-edge-integrated indices estimated the LAI with fairly equal
R2 values. The CIred edge might play a dominant role in the integrations. The success of
CIred-edge integrations also reflects the merits of reciprocal data in parameter retrieval.

For CCD retrieval, the overall estimation was not as good as that of LAI, as seen from
the corresponding RRMSE. The underestimation was obvious for CIred-edge-integrated
and RES-integrated indices. TTVI2 still showed the best performance for CCD, with the
highest R2 value of 0.59 and lowest RMSE and RRMSE of 104.66 µg/cm2 and 16.96%,
respectively. The scatterplot pattern is similar for TTVI2 and TTVI, considering their
analogous formulations. PSSRa exhibited a moderate performance for LAI but was almost
resistant to CCD variations. RES×NDVI was rather scattered while estimating CCD.

For the joint retrieval of LAI and CCD, some indices yielded unexpected results.
PRI was supposed to be related to both LAI and CCD, but the plots were scattered with
relatively low R2 values. We cannot deny the estimation ability of PRI. The reason might be
that the index is not suitable for winter wheat. Its combination with CIred-edge was slightly
better but was not suitable for joint retrieval. The saturation effect might be an obstacle for
this index. TTVI2, TTVI, CIred-edge×TTVI, and RES×NDVI can be considered good indices
for the simultaneous retrieval of LAI and CCD. RES×NDVI did not perform well with the
POSAIL dataset but was good with field-measured data. However, the multiplication of
LAI-sensitive and CCD-sensitive indices was not always successful. The combination with
CIred-edge was better than those with RES. There was an underestimation of RES-integrated
indices under high CCD and LAI values. RES×MSAVI exhibited poor estimation for
both LAI and CCD, with an R2 value no higher than 0.1, which was consistent with the
estimation results in Section 3.1.

A key point in this research is that the retrieval of pooled LAI and CCD is better than
the retrieval at different growth stages with higher R2 values.

4. Discussion

Integration-based indices and the new index TTVI2 are proposed in this study for LAI
and CCD joint retrieval. Compared with published indices, part of the integration-based
indices and TTVI2 are able to predict both the LAI and CCD of winter wheat. The devel-
opment of the new index improves the calculation efficiency, which enables us to acquire
both biophysical and biochemical data through a simple process. It simplifies the processes
of selecting and calculating optimal indices. There might be a debate on whether a single
index is able to estimate the LAI and CCD simultaneously. This consideration might focus
on the overlapping sensitive spectral regions for biophysical and biochemical parameters.
However, in this study, we avoid overlapped regions and utilize spectral regions that are
sensitive to both parameters. The concept of integrating published vegetation indices
to exploit their expanding application is demonstrated as being useful to some extent.
The research basis of the joint retrieval of LAI and CCD lies in the dynamic variation at
growth stages, due to winter wheat characteristics. The parameters have an effect on each
other. The increase in the leaf area offers an opportunity for more chloroplast formation.
In response, a higher chlorophyll content leads to greater vigor in photosynthesis and
produces more leaves. Therefore, not only the individual parameters but also the overall
situation matter.

Even though the two methods worked for the joint retrieval of LAI and CCD, some
key points need to be noted. The multiplication of a LAI-sensitive index and a chlorophyll-
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sensitive index is not a prerequisite of a CCD-sensitive index. In contrast, a CCD-sensitive
index might not be sensitive to its composition in LAI or LCD. The sensitive wavelengths
and forms used in the index are what matter. For example, RES is a good predictor of
chlorophyll content, and MSAVI is linearly related to the green LAI [25,33]. However, the
RES-integrated and MSAVI-integrated indices don’t show good estimations for LAI or CCD.
The reason might lie in that MSAVI was designed to minimize the effect of chlorophyll
content on the prediction of green LAI with a self-adjustment factor [25]. It is a good LAI
estimator that is less affected by canopy parameters, thus it is apparently very resistant to
chlorophyll [57]. There is the possibility that the integration takes advantage of both sides,
but there is also the possibility that the multiplications cause more problems than before.
Taking TTVI as an example, the integrated index CIred-edge×TTVI is not as good as TTVI
itself. Even for the same index CIred-edge, its combination with TTVI performed well in
estimation, but its integration with PSSRa was poor when performing parameter retrieval.
In conclusion, the selection of indices is important. If one of the indices is resistant to
another, the multiplication of the two indices will do harm instead of supporting retrieval.

In addition, the estimation results and validation results can be inconsistent for some
indices. Backtracking the processes, the only difference lies in the datasets. The PRO-
SAIL dataset was used to establish models, and validation was conducted against a field-
measured hyperspectral dataset. Good results of an index observed on both field measured
data and simulated dataset would indicate that this index is in agreement with field mea-
surements and could potentially be applied to a wide range of crop species. Good results
for simulated datasets, but poor results for field datasets, indicate that the index is limited
to specific species or crops. The opposite situation, where an index is good for field datasets
but gives poor results for simulated datasets, demonstrates that the simulated dataset
might not be able to represent the specified crop [58].

Another finding in this research is that REIP is not linearly related to the variation of
CCD and LAI. In addition, the relationship is not fixed. The red edge shifted faster toward
longer wavelengths with increasing chlorophyll contents ranging from 100 to 300 µg/cm2,

and the movement of the red edge position slowed down even when the chlorophyll
content was greater than 300 µg/cm2. This explains why some of the indices could be
sensitive to parameters, while others were not correlated to vegetation parameters. The
longest red-edge inflection point in this study is 740 nm. According to the relationships
between the red-edge shift wavelengths and LAI/CCD, the red-edge-based indices can
better estimate the parameters at the beginning of the crop growth stages, when LAI and
CCD increase slowly, and the values are not very high. This might be useful to explain
why a massive number of indices exhibited exponential or multiple relationships with
vegetation parameters.

In addition, the sensitivities of TTVI2 to interfering factors like soil background, at-
mospheric conditions, BRDF effects, and surface topography need to be discussed. The
topographic effect can bring noise to LAI retrieval, especially for hilly areas [59,60]. Ac-
cording to a previous study, the topographic effect can be reduced by band ratios, due
to the spectrum similarity between NIR and visible bands [61]. In this study, the TTVI2
was only used for a row crop—winter wheat, and the experimental area is in plain terrain.
The influence of surface topography, or the difference in solar radiation between a sunny
(equatorial-facing) slope and shady (polar-facing) slope, is inconspicuous. The research of
its sensitivity to topographical effect can be tested on heterogeneous terrain in the future.
Besides this, the field hyperspectral spectrum was collected at a height of 1.3 m above the
ground. The observing range is about 1 m2, with winter wheat taking up the major view.
Thus, the BRDF effect might not be an overwhelming interfering effect. In the study, the
TTVI2 estimation models were established with simulated data and field-level hyperspec-
tral data. Comparing this to satellite data, the scattering and absorption by atmospheric
aerosols and gases can be eliminated [62]. However, the index might be used with airborne
hyperspectral data like PRISMA, EO-1 Hyperion, PROBA, and GF-5 for further study, and
the usage of TTVI2 can be explored. In summary, the application of TTVI2 can be further
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studied from the aspect of rough surface topography and its resistance to atmospheric
effect. The TTVI2 is also winter wheat-specific; its suitability for other crops needs to be
studied further.

5. Conclusions

We proposed two methods for the joint retrieval of winter wheat LAI and CCD in
this study. The two methods both realize the joint retrieval but are successful to different
extents. The first method integrated LAI-sensitive and CCD-sensitive indices to generate a
new index, and the second method created a novel vegetation index incorporating sensitive
wavelengths. The results indicate that both methods are feasible for joint retrieval. Only
the selection of indices is complicated for the first method because not all combinations are
suitable for joint retrieval. Our newly created index, i.e., the transformed triangular vegeta-
tion index (TTVI2), exhibited the highest R2 of 0.76 and 0.59 for LAI and CCD prediction,
respectively. It also exhibited the lowest RMSE (0.93 m2/m2 for LAI, 104.66 µg/cm2 for
CCD), and RRMSE (12.76% for LAI, 16.96% for CCD), which indicates that the estimating
errors are small among all the indices. TTVI, CIred-edge×TTVI, and RES×TTVI were also
good predictors for LAI and CCD. Most RES-integrated indices were poor at retrieval,
which finding indicates that the selection of indices is vital for simultaneous retrieval.

The use of the new index as a proxy for plant biophysical and physiological status
is convenient for remote sensing monitoring. The findings of this research exploit the
application of existing vegetation indices and improve retrieval efficiency. It provides
technical support in winter wheat crop growth monitoring in precision agriculture. Notably,
the integration-based indices, TTVI2, and the derived conclusions in this study are specific
for winter wheat, and they might have limited applicability for a wider range of crop
species. The feasibility of TTVI2 in rough terrain and its extension to more crop and
vegetation types needs to be researched further.
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