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Abstract: Leaf water content (LWC) of crops is a suitable parameter for evaluation of plant water status and arbuscular
mycorrhizal effect on the host plant under drought stress. Remote sensing technology provides an effective avenue to estimate
LWC in crops. However, few LWC retrieval models have been developed specifically for the arbuscular mycorrhizal
inoculated crops. In this study, soybean with inoculation and non-inoculation treatments were planted under the severe
drought, moderate drought and normal irrigation levels. The LWC changes under different treatments at the 30™, 45" and 64™
day after the inoculation were investigated, and the spectral response characteristics of inoculated and non-inoculated soybean
leaves under the three drought stresses were analyzed. Five types of spectral variables/indices including: raw spectral
reflectance (R), continuum-removed spectral reflectance (R.), difference vegetation index (DVI), normalized difference
vegetation index (NDVI) and ratio vegetation index (RVI) were applied to determine the best estimator of LWC. The results
indicate that LWC decreased as the aggravating of drought stress levels. However, LWC in inoculated leaves was higher than
that in the counterparts under the same drought stress level, and the values of raw reflectance measured at inoculated leaves
were lower than the non-inoculated leaves, especially around 1900 nm and 1410 nm. These water spectral features were more
evident in the corresponding continuum-removed spectral reflectance. The newly proposed DVI(2280, 1900) index, derived
from the continuum-removed spectral reflectance at 2280 nm and the raw spectral reflectance at 1900 nm in DVT type of index,
was the most robust for soybean LWC assessment, with R value of 0.72 (p<001) and root mean square error (RMSE) and mean
absolute error (MAE) of 2.12% and 1.75%, respectively. This study provides a means to monitor the mycorrhizal effect on

drought-induced crops indirectly and non-destructively.
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1 Introduction

Drought stress is one of the main factors threating the
agricultural development on the earth, as it limits crops growth and
yield, especially in arid and semi-arid regions!'). Soybean, a crop
grown widely in China and very sensitive to soil moisture, is an
important source of high quality protein and vegetable oils.
However, about 45% land in China belongs to arid and semi-arid
regions, and is expected to increase with climate change!, which
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exposes soybean to drought stress. It is of utmost urgency to find
a way to relief the influences of drought on its growth. Plants of
80% of plant families is known to form a symbiosis with the
arbuscular mycorrhizal fungi®®!. Some studies have demonstrated
that arbuscular mycorrhizal fungi associates with the plant roots in
such relationship enhances the plant ability of water and nutrition
uptakes!"**], in particular when plants suffer from drought stress'®,
consequently, increasing drought resistance in plants and improve
the water-use efficiency. Drought resistance in plants can occur
via the maintenance of high internal water potentiall’). Therefore,
leaf water content (LWC) is a suitable parameter for evaluation of
plant water status and mycorrhizal effect under drought stress.

Remote sensing technology provides an effective and
non-destructive way to acquire spatial and time-critical information
on crop biochemical parameters, such as leaf area index, leaf
pigment content, leaf nitrogen content etc.’''l  The strong
absorption of leaf water in short-wave infrared (SWIR) region
(1300-2500 nm) and the weak absorption in near infrared (NIR)
region (750-1300 nm) make it possible to estimate LWC of crops
from remote sensing datal'>'®!, and then offers a new insight to
indirectly and non-destructively evaluate the mycorrhizal effect.

In recent years, substantial efforts are expanded to study the
relationship between spectral reflectance in the 400-2500 nm
region and water content in leaves through vegetation indices (VIs)
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and machine learning regression analysis, etc.
approach of estimating LWC has been the reliance on VIs, which
combines the raw spectral reflectance at NIR and SWIR regions
through some linear or nonlinear mathematical formulas. A
number of water indices have been developed in previous studies.
Specifically, ratio vegetation index (RVI), normalized difference
vegetation index (NDVI) and difference vegetation index (DVI) are
three types of water indices, widely used not only based on ground
based but also airborne or satellite remote sensing data, such as
water index!'”, normalized difference water index'®!, double
differences water index!'”.  In addition, Gaussian process
regression (GPR) have been developed based on the theory of
Bayesian and statistical learning®®”, which estimates a variable of
interest using a training database of biochemical parameter (e.g.
LWC) and spectral data pairs. Studies indicated that GPR has
provided the solutions for the high-dimensional, small-sampled and
non-linear regression issues, and current vegetation biochemical
parameter products are produced with this method®'?*]. The
continuum removal processing®’ has been used as a spectral tool
to suppress other factors, consequently, enhancing the spectral
absorption features of the interests™. Thus, to combine the
information on the raw and continue-removed spectral reflectance
might be an effective way to improve the accuracy of LWC
estimation. However, it has been gained less attention in the
present studies.

Previous studies have concentrated on the effect of arbuscular
mycorrhizal inoculation on crop LWC and crop LWC estimation
from remote sensing datal®%?%1.  However, few studies have been
carried out to study the spectral response characteristics of the
arbuscular mycorrhizal inoculated soybean under drought stress,
and no optical LWC retrieval models have yet been developed
specifically for the inoculated soybean. The objectives of this
study were: 1) to compare the LWC of inoculated and
non-inoculated soybean under drought stress during different
inoculation periods; 2) to investigate the response characteristics of
the raw and continuum-removed spectra of inoculated and
non-inoculated soybean at the water absorption wavebands; 3) to
correlate the LWC with the raw and continuum-removed spectral
reflectance, aiming to explore the most sensitive bands to estimate
LWC; 4) to compare the performances of the newly built LWC
retrieval models combining the raw and continuum-removed
spectral information with those only including one sort of the
spectral information, and to determine the optimal LWC retrieval
model for the inoculated and non-inoculated soybean.

2 Materials and methods

2.1 Study site and experimental design

The experiment was carried out in the microbial remediation
greenhouse at China University of Mining and Technology
(Beijing) (116°21.3'E, 40°00'N) in 2013. A cultivar of soybean
(Zhonghuang 35, provided by Chinese Academy of Agricultural
Sciences) was selected for this study. The tested strains were
arbuscular mycorrhizal Glomus intraradices (G.i.), which was
provided by Plant Nutrition and Resources Research Institute,
Beijing Academy of Agriculture and Forestry Sciences. The
experimental soil was sandy soil, with nutrient content about
150 mg/kg of potassium, 10 mg/kg of phosphorus, 100 mg/kg of
nitrogen before sowing, and the maximum water holding capacity
of 25.7%. 4.8 kg per pot of sandy soil was filled into the pots
(24 cm (top diameter)x15 cm (bottom diameter)x18 cm (height))
after autoclaving and drying. 5 soybean seeds were planted in

each pot, 2 healthy and uniformed seedlings were remained per pot
after the fourth week of emergence, and were subjected to drought
stress treatments.

A series of drought stress levels were set, i.e. severe drought
(W1), moderate drought (W2) and normal irrigation (W3), with the
maximum water holding capacity of 35%, 55% and 75%,
respectively. For each drought stress level, there were inoculated
(+M) and non-inoculated (CK) treatments. 100 g of G.i
inoculants per pot were inoculated in +M treatment, accordingly,
100 g normal sandy soil (about 95% sand and 5% clay) per pot
were added in CK treatment. Each treatment had 4 repeats and
was harvested 3 times, with a total of 72 pots. All pots were
randomly placed in the greenhouse.

Spectral reflectance measurement and LWC determination
were carried out during different inoculation periods: Day 30 (i.e.
the tenth day after suffering from drought stress), Day 45 and Day
64 after the inoculation.

2.2 Spectral reflectance measurement

An ASD FieldSpec 3 spectrometer (Analytical Spectral
Devices, Boulder, CO), with a 25° field-of-view fiber optics, was
used to measure leaf spectral reflectance of soybean. It records
spectral radiance with a sampling interval of 1.4 nm and a
resolution of 3.0 nm between 400 nm and 1050 nm, and a sampling
interval of 2.0 nm and a resolution of 10.0 nm between 1000 nm
and 2500 nm. The measurements were conducted in a dark room
at the room temperature.
halogen lamp matched with the spectrometer, the measurement
height above the leaves was 10 cm. Each spectral measurement

Leaf illumination was provided by a

was preceded by a white reference measurement using a white
Spectralon® (Labsphere, Inc. New Hampshire, USA) reference
panel. Two leaves were selected and cut from the top, middle and
lower layers, respectively, from each pot, and were measured from
four angles by rotating 90°, ten scans were conducted per angle,
with forty scans in total per leaf. All scans of six leaves were
averaged to obtain spectral reflectance for each soybean pot.
2.3 Leaf water content measurement

After spectral measurement, leaves were cut and weighed
immediately to obtain the fresh weight (FW) using analytical
balance.
and subsequently dried at 80°C until constant weight, dry weight
(DW) of leaves were recorded after weighing. Leaf water content
(LWC) (%) was calculated as:

Then they were dried at 105°C for 30 min in an oven

FW -DW

LWC (%)= x100% (1)

2.4 Continuum removal processing of spectra

The continuum removal processing was accomplished by
rationing the raw spectral reflectance with a continuum line of
convex hull connecting the high points on the left and right sides of

a spectrum (Figure 1). The continuum-removed spectral
reflectance (R(1)) was calculated as®®”:
R(2
Re(i) =~ @
R.(2)

where, R(1) is the raw spectral reflectance; R (1) is the
corresponding reflectance of the continuum line.
2.5 The construction of vegetation indices

DVI, NDVI and RVI are three types of VIs, which were
successfully used for the remote estimation of vegetation
biochemical parameters in numerous published literaturest!!=*-3%,
In this study, we explored the three types of VIs to combine the
information on the raw spectral reflectance (R(A)) with the
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continuum-removed spectral reflectance (R(A1)) of soybean leaves,
and thus the new VIs were formulated by Equation (3)-(5), referred
to as the DVIc(A1, 42), NDVIc(A1, 42) and RVI¢(Z1, 22).

NDVI, (i1, 12)= 2D = RU2) @
Re(A)+ R(A2)
RVI (21, 22)=RetD .

R(12)
where, R-(Al) is the value of continuum-removed spectral
reflectance at wavelength A1; R(A2) is the value of raw spectral
reflectance at wavelength A2.

1.0
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Figure 1 Continuum removal process of a spectrum

2.6 Model calibration and validation scheme

Altogether 66 datasets were acquired after removing the outlier
of spectral reflectance or LWC of inoculated and non-inoculated
soybean. 46 datasets were used to build the retrieval models, and
the remaining 20 dataset were used to validate LWC prediction.
Methods of linear regression and the GPR were applied for model
calibration. The former one was used to build the model between
LWC and VlIs, the latter one was used to establish the models
between LWC and the raw/continuum-removed spectral reflectance
at a range of sensitive wavebands. To compare the performance
of different Vls/sensitive spectral reflectance, we calculated
coefficients of determination (R?), p value, root mean square error
(RMSE) and mean absolute error (MAE). RMSE and MAE were
computed as follows:

RMSE =¥ (5= »)* [n ©6)

1 n
MAE =—
-2

i=1

Yi—= Vi @)

3 Results and discussion

3.1 The effects of inoculation on leaf water content of soybean
under drought stresses

The changes of LWC of soybean under different treatments at
three inoculation periods are shown in Table 1.  For all treatments,
LWC decreased firstly and then increased as time went on. The
leaves of soybean had lower LWC with the aggravating of drought
stress levels at Day 30, indicating that drought resulted in the drop
of water in leaves entirely. However, at Day 45, +M soybean
treatments yielded an increase in LWC by 3.4%, 1.8%, 3.9% under
the W1, W2 and W3 levels, respectively, as compared to the
corresponding counterparts of CK treatments, which in accordance
with the finding of Aliasgharzad et al.l’)  This result indicated that
arbuscular mycorrhizal inoculation can alleviate the influence of
drought on LWC of soybean.
mycorrhizal effect on the host plants.

It may mainly attribute to the
The roots of plants that

were inoculated would gradually form the symbionts with
arbuscular mycorrhizal fungi after suffering from drought stress.
The shape of ectomycorrhizal symbionts would be changed to
protect host plants against drought damage, consequently,
improving the uptakes of water from the soill®. After 64 d of
the inoculation, for the W2 treatment, LWC of +M soybean was
still higher than that of CK soybean.
drought stress levels, there was the opposite of the occurrence,

But under the other two

because this period was the end of soybean growth stage, the +M
plants had relatively larger leaf area compared to the CK plants,
which increased the transpiration and accordingly led to the low
LWC.

Table 1 LWC of soybean (%) under different treatments at
three inoculation periods

Day 30 Day 45 Day 64
Treatments
+M CK +M CK +M CK
\4! 72.15a  74.4la  67.87a  65.6la 71.30c 72.39bc
w2 75.45a  74.775a  68.82a  67.63a  73.35ab  72.94bc
W3 77.80a  75.10a  69.81a  67.18a  71.42bc 75.08a

Note: Differences in LWC at the same inoculation period among the treatments
were tested by the least significant difference (LSD) method. Different letters
indicate significant difference (p<0.05); W1, W2 and W3 indicate severe drought,
moderate drought and normal irrigation, respectively; +M and CK indicate
inoculation and non-inoculation treatments, respectively.

3.2 The characteristics of the raw spectra and continuum-
removed spectra of inoculated and non-inoculated soybean
under drought stresses

Spectral reflectance measured at Day 45 after the inoculation
was chosen as an example to demonstrate its response
characteristics under different treatments and its relationship with
LWC. As the reflectance values in the near infrared (NIR) and
short-wave infrared (SWIR) bands were mainly determined by the
amount of water in leaves’', we then analyzed the spectral
response characteristics from 750 nm to 2500 nm in more detail.
As shown in Figure 2a, spectral reflectance of all treatments
presented two obvious spectral absorption features around 1410 nm
and 1900 nm wavebands. This is because the H-O bond of water
molecules in leaves interacts with light quantum, leading to the
strong absorption characteristics and the lower reflectance values at
these wavebands. At Day 45, spectral reflectance of +M and CK
soybean leaves was on the rise with the increasing of drought stress
levels, with the large values of the W1 level and the small values of
the W3 level, indicating that LWC was negatively correlated to
reflectance values, especially around 1410 nm and 1900 nm.
However, under the same drought stress, reflectance values of +M
treatment were lower than that of CK treatment, highlighting that
LWC of the former were higher than the latter. Different
treatments showed the same pattern but different reflectance values.
For example, around 1410 nm, the W3+M values were
significantly lower than the others, while the WICK had the
highest reflectance values, the values between the W1+M and the
W2CK were comparative. This indicated that at Day 45, the
W3+M and the WICK treatments had the largest and smallest
LWC respectively, and the W1+M and the W2CK treatments had
almost the same LWC, which was consistent with the LWC data
measured in the lab.

We performed the continuum removal processing on the raw
spectra, the result is shown in Figure 2b. From Figure 2b, the
spectral reflectance differences at some absorption channels had
been obviously highlighted, e.g. the absorption bands of leaf water
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(i.e. around 1410 nm and 1900 nm), whereas the differences at
some reflection channels had been suppressed, compared to the raw
spectral reflectance (Figure 2a). At Day 45, the spectral
absorption depths of different treatments were different around
1900 nm and 1410 nm. In general, W1CK produced the smallest
absorption depth; under the same drought stress level, the
absorption depths of +M treatments were larger than those of CK
treatments.
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Note: W1, W2 and W3 represent severe, moderate drought and normal irrigation,
respectively; +M and CK represent inoculation and non-inoculation, respectively.
WICK indicates the treatment with severe drought and non-inoculation, W1+M
indicates the treatment with severe drought and inoculation, etc.

Figure 2 Reflectance of the raw spectra (a) and the continuum-
removed spectra (b) under different treatments at Day 45

3.3 Correlation between leaf water content and the raw
spectral reflectance

The correlation between the spectral reflectance and LWC of
inoculated and non-inoculated soybean under drought stresses can
be evaluated by correlation coefficient (r). The correlation
between the raw spectral reflectance and LWC at 750-2500 nm was
analyzed (Figure 3). Reflectance at 1870-1970 nm and 1400-
1460 nm regions negatively correlated well with LWC, with the
highest » values of -0.69 at 1900 nm and -0.52 at 1410 nm,
respectively. These bands can be regarded as the sensitive
wavebands to assess the changes of LWC, and the spectral
reflectance values at 1900 nm and 1410 nm were used to construct
VIs (i.e. R(A2) in the VIs).
3.4 Correlation between leaf water content and the
continuum-removed spectral reflectance

Spectral absorption features of the interest targets (e.g. LWC)

can be amplified through the continuum removal processing?®**,

The correlation between the spectral
reflectance and LWC is shown in Figure 4. Four positive/
negative correlation peaks with high r values were acquired, i.e. the
spectral ranges of 2250-2330 nm, 1850-1890 nm, 1690-1730 nm
and 1125-1175 nm. Thus the continuum-removed reflectance at
these bands was used for the LWC retrieval.
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Figure 3 The correlation between the raw spectral reflectance and

LWC of soybean
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Figure 4 Correlation between the continuum-removed reflectance
and LWC of soybean

3.5 The selection of continuum-removed spectral bands for
vegetation indices

The DVI., NDVI¢ and RVI¢ proposed in this study, were
composed by two variables, R-(Al) and R(A2). It should be
noted that Rc(A1) indicates the continuum-removed spectral
reflectance at A1 nm, R(A2) indicates the raw spectral reflectance
at A2 nm, and A2 was determined to be 1900 nm or 1410 nm in
To find the best A1 for VIs which was sensitive to
LWC, we calculated the spectral reflectance of every band from
400-2500 nm to combined with R(1900) and R(1410) in DVIg,
NDVI¢ and RVI¢ types of indices, respectively, and then studied

section 3.2.

the VIs behavior of coefficient of determination (R?), referred as
R*{VIs vs. LWC}, the results are shown in Figure 5. Compared
with VIc(A1, 1900), three types of VIi(Al, 1410) yielded
relatively lower R? at all bands from 400 nm to 2500 nm, this may
because the spectral reflectance at 1410 nm had weaker
correlation with LWC than that at 1900 nm (Figure 3). For
VI(A1, 1900) and VIA(A1, 1410), R* values were small when A1
at the visible to near infrared region (400-1300 nm). However,
when A1 at the SWIR region (1300-2500 nm), the R* tended to
increase, except for around 1800-2000 nm.
that there appeared to be two peaks achieving higher R? values for
all six VIs, with the maximum were all around 2280 nm,
indicating that the VIc(A1, 1900) and Vic(A1, 1410) were more

It was worth noting
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sensitive to LWC when A1 was 2280 nm in this study. Finally,
the R(2280) and R(1900), R(1410) were selected for the VIs
integrating information on the continuum-removed spectra and
the raw spectra to quantify LWC of soybean in this study, they
were summarized in Table 2.

0.7+ —— DVIc(1,1900)  ---- DVI.(i1, 1410) '
—— NDVI.(11,1900) ---- NDVI.(11, 1410) i
0.6+ ——RVIc(A1,1900)  ---- RVIc(A1, 1410)

R{VIvs.LWC}
s o o
w2 N W

e
)

e
=

1600 2000 2400

Al/nm
Figure 5 The R* of relationship between LWC and VI¢(A1, 1900)
and VI¢(A1, 1410) when continuum-removed spectral band A1
changed from 400-2500 nm. VI¢ includes DVI¢, NDVI¢ and RVIc

0 k{ £\ 1 1
400 800 1200

3.6 Retrieval models for leaf water content and model validations
3.6.1 Retrieval models for leaf water content

Given that LWC of soybean correlated well with the raw
spectral reflectance at 1870-1970 nm and 1400-1460 nm (referred
to as Ryg7o.1970 and Rysgo.1460), as well as the continuum-removed
spectral reflectance at 2250-2330 nm, 1850-1890 nm, 1690-
1730 nm and 1125-1175 nm (referred to as Rczas0-2330, Reiss0-18905
Rei690-1730 and Reqyas.1175), we developed the LWC retrieval models
using the above spectral variables, by the method of GPR.  The R?,
RMSE and p values of retrieval models are summarized in Table 3.
In addition, the linear retrieval models between LWC vs. the six
newly proposed VIc(Al, A2) are presented in Figure 6. For all the
spectral variables/indices, the highest coefficient (R*=0.72, p<0.01)
for LWC estimation was achieved using a model built by the
DVI(2280, 1900) (Figure 6d), followed by the model using the
Reaaso-2330 (R210'66, p<0.01) and Rig.1970 (R210'64, p<0.01)
(Table 3). These results indicated that the DVI type index
combining the raw and continuum-removed spectral information
will obtain a better accuracy in LWC retrieval than that containing
only one sort of information on the continuum-removed or raw
spectra, for the arbuscular mycorrhizal inoculated soybean leaves
under drought stresses.

Table 2 Summarization of vegetation indices used in the study

VIs Formula

Description

DVI..(2280, 1900) Re(2280) — R(1900)

R.(2280) — R(1900)

NDVI (2280, 1900
(2280, 1900) R.(2280) + R(1900)

Re(2280)
R(1900)

RVI(2280, 1900)

DVI(2280, 1410) R.(2280) — R(1410)

¢ ’ R.(2280) + R(1410)
R.(2280)
R(1410)

RVI (2280, 1410)

Difference between the continuum-removed reflectance at 2280 nm and the raw reflectance at 1900 nm.

Normalization between the continuum-removed reflectance at 2280 nm and the raw reflectance at 1900 nm.

Ratio of the continuum-removed reflectance at 2280 nm to the raw reflectance at 1900 nm.

Difference between the continuum-removed reflectance at 2280 nm and the raw reflectance at 1410 nm.

Normalization between the continuum-removed reflectance at 2280 nm and the raw reflectance at 1410 nm.

Ratio of the continuum-removed reflectance at 2280 nm to the raw reflectance at 1410 nm.

Table 3 The R* and RMSE of retrieval models between LWC vs. spectral variables using GPR (n=46)

Spectral variables Determination of coefficient/R> RMSE p value
Rig70-1970 0.65 2.36
Ri400-1460 0.56 2.51
Re22s0-2330 0.66 2.15

p<0.01
Rcisso-1890 0.49 2.42
Rci690-1730 0.57 237
Reiizs-117s 0.47 2.56

From Table 3, Rig79.1970 and Reaos0.2330 behaved the best among
the raw and continuum removal types of spectral variables,
respectively, with R? higher than 0.65 (p<0.01), this mainly
because the raw spectral reflectance at 1870-1970 nm and the
continuum-removed reflectance at 2250-2330 nm achieved higher
correlation with LWC, compared to the reflectance at the other
spectral regions presented in the table (Figure 3 and Figure 4). As
shown in Figure 6, two DVI¢ indices (DVI(2280, 1900) and
DVI(2280, 1410)) outperformed the NDVIc and RVI¢ types of
indices with the corresponding spectral bands included. As
expected, VIs with 1900 nm (VI(2280, 1900)) yielded better
results than those with 1410nm (VIc(2280, 1410)), R*> of
DVI(2280, 1900), NDVI(2280, 1900) and RVI(2280, 1900)
models were 0.72, 0.58 and 0.54, improved by about 38.5%, 70.6%

and 67.7%, respectively, over their counterparts models (R2:0.52,
0.34 and 0.31, respectively).
3.6.2 Model validation

Based on the results presented above, only models whose
determination of coefficient higher than 0.65 were validated, i.e.
Rig70-1970, Re2as0.2330 and DVIe (2280, 1410).  An independent
dataset were used for the validation, the scattering plots between
measured LWC and predicted LWC are presented in Figure 7.
We can find that the DVI(2280, 1900) prediction had led to the
highest R? value (R’=0.64) and the lowest RMSE and MAE values
(RMSE=2.12, MAE=1.75), indicating that it were the best model
throughout all the spectral variables/indices tested in the study, to
quantify the dynamic changes of LWC of soybean under different
drought stresses.
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Figure 6 Retrieval models between LWC vs. VI (41, A2) (n=46). VI¢ includes DVIc (a) & (d), NDVIc (b) & (e) and RVIc (¢) & (f)
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Figure 7 Scattering plots between measured LWC and predicted LWC (n=20)

4 Conclusions

Quantification of leaf water content (LWC) of crops, from
hyperspectral remote sensing data, provides an avenue to evaluate
the mycorrhizal effect on the growth of crops, especially at the arid
and semi-arid regions. This study showed that the remote sensing
technology hold a promising potential in estimating LWC of the
inoculated and non-inoculated soybean under drought stresses.
LWC of soybean obviously decreased after suffering from drought
stress. However, under the same drought stress level, the leaves
of inoculated soybean had higher LWC than that of non-inoculated
counterparts at Day 45, indicating that arbuscular mycorrhizal
inoculation contributes to resist the drought. Additionally, the
spectral absorption features of water of the inoculated leaves at the
near infrared and short-wave infrared regions were more significant
than that of the non-inoculated leaves, resulting in lower spectral
reflectance values, especially at 1900 nm and 1410 nm. These
absorption features were highlighted accordingly through the
continuum removal processing. LWC had a high correlation with
the reflectance of raw spectra at 1870-1970 nm and 1400-1460 nm,

and the reflectance of continuum-removed spectra at 2250-2330 nm,
1850-1890 nm, 1690-1730 nm and 1125-1175 nm, which can be
regarded as the sensitive bands for remote estimation of LWC.
The most robust index was DVIc (2280, 1900), which was
developed in this study as the best estimator of LWC for the
inoculated and non-inoculated soybean. It integrates the
the spectra at 1900 nm with the
continuum-removed spectra at 2280 nm in the type of different

information on raw
vegetation index (DVI), leading to the most accurate estimation and
prediction abilities over the other vegetation indices tested.

The LWC retrieval models proposed in this study were
essential to the development of predictive algorithm that could not
be efficiently designed, however, they were built based on the in
situ spectral data. With the development of remote sensing
technology, the high resolution hyperspectral imagery acquired
from an unmanned aerial vehicle (UAV) is increasingly attracting
researchers’ attentions in the field of precision agriculture, more
efforts should be taken to validate the retrieval models based on the
UAV-based data at the field scale in the future.
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