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Abstract

In order to scientifically evaluate water resource reserves and the regulation mechanisms of

vegetation in a hydrological cycle, it is necessary to improve the inversion accuracy of aboveground
vegetation water storage (AVWS). To calculate more accurate AVWS, Sentinel-1 (S1) and Sentinel-2
(S2) imagery were used to map the AVWS of the Jiuzhaigou Nature Reserve. Predictors extracted from
S1 and S2 imagery were divided into three modelling groups: S1 data (S1G), S2A data (S2G) and S12G
data (combining S1G and S2G). The best linear model (LM) and Random Forest (RF) regression model
of AVWS were established by predictors of the three groups; finally, RF regression models based on
S2G (10-fold cross-validation determination coefficients [R?] = 0.67, relative root mean square error
[FRMSE] = 13.78 %) and S12G (R? = 0.72, rRMSE = 11.94 %) were selected for mapping AVWS
in the study area. The results show that the aboveground vegetation water storage (AVWS) of the study

area could be effectively estimated and mapped based on synergistic predictors derived from S1 and S2,
as well as S12G predictors (cooperating with S1G and S2G).

Keywords: hydrological function of vegetation, vegetation water content storage, Sentinel-1, Sentinel-2,

random forest

Introduction

Vegetation water content (VWC) is widely regarded
as an important characteristic of plant physiology [1],
environmental water budget, and water stress [2]; it
is also the main factor limiting plants’ transpiration

*e-mail: ywn@cdut.edu.cn

[3] and carbon accumulation [4]. The VWC can
buffer, distribute, and regulate precipitation and is an
important link in the hydrological cycle; as such, it
has become a topic of research interest [5]. Moreover,
the VWC is an important environmental variables for
evaporation and transpiration at the interface between
the land and atmosphere [6]. Studying the VWC is
of great significance for the quantitative study of
the hydrological cycle and precipitation distribution,
and it will promote research on various topics,
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including environmental protection [7], forest fires [§],
agriculture and forestry [9], and drought [10]. However,
aboveground vegetation water storage (AVWS) is a
better quantification of aboveground VWC. AVWS
is VWC of aboveground vegetation based on the full
consideration of the biomass and geometry (e.g., tree
height) of the stems, branches, and foliage of vegetation.

From studies on VWC based on remote sensing, a
number of methods have been developed, including:
(1) spectral vegetation index methods [11], (2) radar
vegetation index methods [12], (3) the PROSPECT model
[13], PROSAIL (using coupled SAIL/PROSPECT-5
models) model [14], (4) Multiply leaf equivalent water
thickness (LEWT) by leaf area index (LAI) to get
Canopy Equivalent Water Thickness (CEWT) [15],
(5) intelligent algorithms [16], and (6) the grey-level
cooccurrence matrix method (GLCM) [17]. Sentinel-1
(S1) Synthetic aperture radar (SAR) and Sentinel-2 (S2)
imagery have recently been used for VWC inversion
[14], and a software module was designed for generating
VWC maps with S2 data [18]. Microwave backscatter
is sensitive to variations in VWC in vegetated areas
[6], and SAR interferometric coherence can be used
for indirect inversion of tree moisture in forested
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arcas De Zan et al. (2018); therefore, S1 data have
been used for the inversion of vegetation parameters
[20]. VWC with higher inversion accuracy is needed
to enhance water content research. The inversion of
VWC by the vegetation index method is based on the
spectrum of the canopy surface layer; however, there
is a saturation problem in vegetation indices composed
of two characteristic bands [21]. For the water content
of aboveground vegetation, we should consider the
biomass and geometry (e.g., tree height) of vegetation
stems, branches, and foliage. Research has shown
that the inversion accuracy of plant parameters (e.g.,
biomass) can be improved by dividing the parameters
into stem, branch, and foliage parameters, and then
using their sum as the total parameters [22].

This study aimed to evaluate the ability of S1 and
S2 imagery for the inversion and predictive mapping
of AVWS, using the Jiuzhaigou Nature Reserve as
a test area. To compare with previous VWC quantitative
remote sensing studies and improve AVWS accuracy,
this study divided the field-measured plot-scale AVWS
into the stem, branch, and foliage water contents
of trees. We modelled the relationships among the
field-measured plot-scale AVWS, and SIG predictors

(b)

Fig. 1. Location of the study area in Jiuzhaigou County; a) S2 image acquired on 23 August 2018 in true colour composite (RGB = band4,
band3, band2). b) S1 image acquired on 25 August 2018 in colour composite (RGB = VV[sigma 0, dB], VH/VV[sigma 0, dB], VH[sigma

0, dB]).
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(polarisation channels [i.e., VH and VV] and their ratio
[VH/VV]), and S2G predictors ([S2-derived vegetation
indices, and S2-derived vegetation cover biophysical
measures]), and S12G predictors. Finally, we evaluated
the accuracy of the AVWS prediction model and
subsequent AVWS prediction map. The novelty
of this study is the use of Sl and S2 imagery in the
estimation and mapping of the AVWS. This study
will contribute to the development of remote sensing-
based mapping technology for vegetation water content
prediction.

Materials and Methods
Study Site

Jiuzhaigou is located in the transition zone between
the northeast Qinghai-Tibet Plateau, Sichuan Basin,
and West Sichuan Plateau (Fig. 1). The study area is
located in the western Sichuan Plateau, and the terrain
fluctuates significantly; higher mountains can lead to
the existence of shadow and lay-over in SAR images,
which results in low accuracy quantitative inversion.
The region is mainly forestland and so represents an
excellent case study for the AVWS of forests. Sample
plots were all located in the Jiuzhaigou Nature Reserve.
According to the results of field investigations by Zhang
et al. (2019). the surface cover types in the study areca
were divided into 7 categories (Fig. 2).

All measurements (e.g., tree diameter, height)
required for biomass determination were undertaken
in 10 x 10 m plots. Fresh plant samples, including

Fig. 2. Surface cover types in the study area.

branches, stems, and foliage, and shrubs and grasses,
were used to measure the water content in a 1-m?
quadrant. In total, 50 plots were established, of which
15 were in evergreen forest, 14 in deciduous forest,
15 in mixed forest, 4 in composite shrub grassland,
and 2 in grassland. In each sample plot, hand-held GPS
receivers were used to record geographic coordinates.

Methodology
Vegetation Water Content

Data on tree height (H) and diameter at breast height
(D), along with samples of stems, branches, and foliage,
were collected in each sample plot. After drying in a
constant-temperature oven until the dry weight did not
change, the moisture content of the stems, branches,
foliage were calculated using Formula 1. Allometric
equations were used to compute the biomass of each
aboveground tree (Table 1). Then, we calculated
the water content of the trees using Formula 1 and
Formula 2. Finally, the field-measured plot-scale AVWS
was calculated.

Wv=FW_DW
Fw (1)
AVWS=(1AGI/5 X Wy
/4"
@

where AGB represents aboveground biomass, Wv
represents aboveground vegetation moisture content

Legend

I Often greenwood
EDeciduous forest

H Mixed forest

B Composite shrub grass
OGrassland
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(percentage form of water content), FW represents
fresh weight, and DW represents dry weight. Given
parameters D and H, we can use individual allometric
equations (Appendix A) to calculate biomass of foliage,
stem, and branches that are then used individually and
in sum to calculate AVWS.

Considering the forestry and ecology, the field-
measured plot-scale AVWS was divided into three
parts: the stem, branch, and foliage water contents of
the trees. The AVWS of a tree is the sum of AVWS of
foliage, branches, and stems. The water content (%) of
foliage is calculated using Formula 1, biomass of foliage
is calculated using the equations in Appendix A, and
AVWS of foliage is calculated using Formula 2. The
AVWS calculation of branches and stems is the same
as that of foliage. The AVWS of each tree in the sample
plot is calculated. Finally, the AVWS of the sample plot
is retrieved using remote sensing technology.

Satellite Data Collection and Pre-Processing

S1 and S2 data (Table 1) were downloaded from the
official website of the European Space Agency (ESA)
Copernicus Open Access Hub. The acquired S1 C-band
(5.405 GHz) images were Level-1 Single Look Complex
(SLC) products, and collected in the Interferometric
Wide (IW) Swath mode. This type of data has VH and
V'V polarization, and each polarization has three images
[24]. The acquired S2 data (Level 1C) carries the optical
instrument payload and samples 13 spectral bands: four
bands at 10-m, six bands at 20-m, and three bands at
60-m spatial resolution; its spectrum range includes
visible light, near infrared, and short-wave infrared.
S2 data processing at level 1C includes radiometric and
geometric corrections including ortho-rectification and
spatial registration on a global reference system with
sub-pixel accuracy [25].

The 6.0 version of software SNAP was used to
pre-process S1 and S2 data. The Sl preprocessing
steps included: (1) calibration; (2) multilooking,
(3) speckle reduction, (4) terrain correction. SAR
image radiometric calibration corrects the SAR image
pixel value to represent the radar backscatter of the
reflector, and corrects the incidence angle effect and
change of the replica pulse power [26]. In this process,
the pixel radiation of the SAR image is calibrated as
sigma 0(c’, dB) [27]. Images processed by multilook
processing have good interpretability. The Refined Lee
Filter and Frost Filter were used to reduce the speckle
effect. Finally, SAR images were re-projected to map

Table 1. List of Sentinel imagery.

projection using the Range-Doppler terrain correction
[28] and resampled to 10-m pixel size. The S2 Level-2A
image is an orthoimage Bottom-Of-Atmosphere (BOA)
corrected reflectance product; S2 Level-1C products
should be converted to S2 Level-2A products using
the SEN2COR atmospheric correction processor [25].
All pre-processed sentinel images were projected into
a common map projection (i.e., UTM 48 WGS84) and
resampled to 10-m pixel size.

Modelling the Relationship between Field Water
Content and Satellite Data

Sentinel imagery data were divided into three
predictor groups: (a) SIG, SI VH, VV and VH/VV
backscattering coefficients; (b) S2G, a total of 10
predictors. There are five vegetation indices (Table 3)
and five biophysical indices. The five biophysical indices
are: S2-derived vegetation cover biophysical measures
(i.e., Leaf Area Index [LAI], Fraction of Absorbed
Photosynthetically Active Radiation [FAPAR], fraction
of vegetation cover [FCOVER], Chlorophyll content in
the leaf [Cab], and canopy water content [CW]), and
S2-derived vegetation indices (Table 2), most of which
were related to VWC; and (c) For S12G, all predictors in
S1G and S2G were used.

In order to establish the best linear model (LM),
following the Akaike Information Criterion (AIC)
criterion, stepwise regression was carried out using
a function step to eliminate collinear variables [26].

The random Forest package in R language was used
to establish the optimal Random Forest (RF) regression
model. The RF analysis method was used to select
the characteristic variables. The optimal number of
predictors at the lowest mean square error (MSE) was
obtained by Random Forest Cross-Validation, and the
IncNodePurity index was used to sort the predictors.
Random forests have many decision trees, so by
comprehensively analyzing the important information
of variables in each decision tree, the final ranking
results of importance were obtained. The Random
Forest Cross-Validation function and IncNodePurity
index were used to determine the optimal predictors for
the three modelling groups.

We used 10-fold cross-validation to evaluate the
effectiveness of regression models, then relative root
mean square error (rRMSE) [34] and 10-fold cross-
validation determination coefficients (R?) between the
observed data and the predicted data were calculated to
evaluate the performance of the model [35].

Mission Orbit direction Data name
S1 Ascending SIA_IW_SLC__1SDV_20180825T110101_20180825T110128_023402_028BE6_7359
S1 Ascending SIA_IW_SLC__1SDV_20180825T110126_20180825T110153_023402_028BE6_F2E6
S2 S2A_MSIL1C_20180823T034531_N0206_R104_T48SUB_20180823T073131
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Table 2. Spectral indices for predicting vegetation water content.

Spectral index Formula Source
NDWI (858,1640) (NIR — SWIR1)/(NIR + SWIR1) [29]
NDII (858,2130) (NIR — SWIR2)/(NIR + SWIR2) [30]
EVI 25%R_~R _)(R_+6R_—7.5R +1) [31]
SR R /Res [32]
NDVI (Rnir7 Rred)/(Rnir+ Rred) [33]
T2 Results and Discussion
RMSE = /—Z(mi—pi) _
nis 3) Measured Aboveground Vegetation Water
Storage
RMSE
FRMSE = — The field-measured AVWS ranged between
m “) 0.41 and 42475 (mean = 166.86 t ha’'; standard
deviation = 107.18 t ha™). Considering the different
< ) vegetation types, the AVWS of often greenwood was
5 ;(m,.—p ) generally higher, followed by that corresponding to
R =1-= — mixed forest, deciduous forest, composite shrub grass,
2(”1,- —m) and grassland (Fig. 3). Mean water content of the stems
= ®) was the highest, followed by that of the branches and

Where, m represents the measured value, p,
represents the predicted value of the model, and
m represents the average value of the measured
value.

foliage (Table 3).

This study produced a more accurate inversion of
AVWS, which is conducive to more accurate assessment
of water resource reserves and regulation mechanisms of
vegetation. The hydrological functioning of vegetation
[36] makes it closely related to hydrological processes
[37]; therefore, the study of AVWS is very helpful
for exploring the hydrological function of vegetation.
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Fig. 3. AVWS of different vegetation types.



604 Lei J., et al.
Table 3. Mean water content of foliage, branches, and stems by forest type.
Vegetation types Water contenaof foliage | Water content 7(l)f branches | Water conter%lt of stems | Average AIVWS
(tha') (tha') (tha') (tha')
Evergreen forest 42.6 89.32 117.39 249.31
Deciduous forest 24.53 46.06 80.78 151.37
Mixed forest 32.14 44.7 79.56 156.4
Composite shrub grassland / / / 34.14
Grassland / / / 0.48

However, the water content of plant roots and soil in the
root zone were not calculated; this will be the focus of
future study.

Linear Regression

An optimal linear prediction model for the three
modeling groups, as established (Formula 6-8) based
on S2G, was slightly better than those based on SIG;
however, the results obtained by combining SIG and
S2G were the best (Table 4).

AVWS(S1G) = 486.837+2.65xVH —54.656x VH/VV 6)

AVIVS(82G) = -80.846 -106.533X NDWI - 6.034x FCOVER + 7864.031 I
™)

AVIS(812G) =-60.131-88.293x NDVT - 0.266x VH - 208.795 X NDWI-2.22 X FCOVER+7696.89 x CW
®

It was also found that most of the optimum variables
in SIG were associated with VH polarization. For the
cross-polarized VH, the total backscatter contained
abundant vegetation scattering information [38] as
VH polarization is sensitive to vegetation volume and
vegetation density [39]. In the future, we will attempt
to use VH polarized SAR data. It can also be seen that
among the three linear models, the predictor in S12G
is the best because predictors extracted from SI and
S2 images to compensate for radiation and reflection
information and improve the accuracy of the AVWS.

Random Forest Regression
The RF prediction model established by the S12G

predictors (Fig. 4) had the best variable number
determined by MSE. Fig. 5 shows the best variable

Table 4. Evaluation of linear models (LMs) for four groups.

Modelling group R’ rRMSE (%)
S1G 0.19 23.62
S2G 0.42 19.17

S12G 0.58 15.1

determined by IncNodePurity. The final S12G model
prediction factors in descending order of importance
were NDWI, the FCOVER, VH, NDII, and NDVI.
These optimal S12G predictors were then used for
further analysis. When the mtry of the S12G model
was 7, the accuracy of the S12G model was the highest.
Fig. 6 shows a scatter plot between the measured
and estimated AVWS, for which the S12G model
(R? =0.72, rRMSE = 11.94%) is better than that of SIG
and S2G (Table 5). Based on the results of the paired
t-test (p>0.05), there was no significant difference
between the measured and estimated AVWS.

A large number of predictors in four groups were
derived from S1 and S2 imagery. When these predictors
were used in the LMs and RF regression models to
predict water content, two methods were used to select
suitable variables. Based on MSE values, suitable
predictors can be effectively selected to establish the
RF prediction model for predicting water content. If
we do not select the appropriate numbers of variables,
it becomes difficult to compute when a large number of
predictors are used as images, especially when a non-
linear model is used to build a prediction map of the
target arca. We used MSE to select a suitable number
of characteristic variables for the RF model to predict
water content. In the future, these characteristic
variables could also be used to construct other non-
linear models.

The advantage of RF modelling is that it can identify
non-linear relationships without any explanation of
the relationship between input variables and response
variables [16]. The R? of the RF prediction models of S1
and S2 data were higher than those of the linear models.
One of the reasons is the uniform random distribution
of the samples in the study area. The AVWS predicted
by the RF model did not show too much or too little
fitting; therefore, RF modelling is most suitable for
AVWS mapping in the study area.

Water Content Predictive Maping

We found that the RF regression models were
superior to the LMs; therefore, RF regression models
based on S2G and S12G were selected for mapping
AV WS in the study area (Fig. 7).
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Fig. 5. Best variables of S12G.

From the retrieved AVWS, it was observed that the
AV WS of forest land was higher than that of grassland.
The major reason for this is that the biomass and water
storage volume of the forest canopy were greater than
those of grassland. Although the AVWS of forest land

Table 5. Predictors and evaluation of Random Forest (RF)
regression models for four groups.

Modelling group R? rRMSE (%)
SI1G 0.34 20.89
S2G 0.67 13.78
S12G 0.72 11.94

was high, it did not show that the water conservation
capacity of forest land was higher than that of grassland,
because the water conservation capacity of vegetation
included the water volume of the root soil layer, which
was not calculated. The water volume of the vegetation
root soil layer should be studied in the future.

It can also be concluded that the forest AVWS
retrieved using the spectral group (S2G) predictors was
greater than that retrieved using the S1G predictor. The
forest AVWS retrieved using the spectral group (S2G)
predictor was evenly distributed, representing a rough
AVWS, whereas the forest AVWS retrieved by S12G
was unevenly distributed, which was comprehensive
and close to the actual AVWS. This was because
microwaves exhibited certain penetration levels to the
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regression models based on S12G with a 1:1 line added.

forest canopy and better retrieved the water content
of branches and stems under the forest canopy. When
the forest canopy is dense, optical remote sensing
primarily obtains the surface spectral information of
the forest canopy; however, the internal information of
the canopy is not effectively obtained, resulting in the
AV WS retrieved by S2G failing to completely represent
the water content of branches, stems, and some foliage
under the canopy. Briefly, optical remote sensing uses
the surface spectral information of the canopy to
retrieve AVWS, and there is a large difference in the
water content of the stems and branches of different

b)

Lgennd
Unit: tha'
— 450.96
- 394.59
- 338.22
- 281.85
- 225.48
- 169.11
- 112.74

- 56.37

— 0.00

trees. Using only the spectral information of the canopy
surface layer led to a small difference in AVWS of
different trees, forming a rough and uniform AVWS.
Although the S1 microwave had a certain level
of penetration into the forest canopy and grass and
effectively obtained the water content of some branches
and stems of trees, S1 could not obtain the spectral
information of plants. Owing to the existence of shadow
and lay-over phenomena in satellite imaging, when an
observed object exists in the shadow area of the image
in one direction, it may be normal and uncovered in
another direction. The results show that our proposed

Lgennd
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- 224.16
- 168.12
- 112.08

- 56.04

— 0.00

Fig. 7. Predicted maps of aboveground vegetation water content (AVWS; t ha™) in the study area derived from a) S2G, b) S12G.
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method of calculating AVWS improves the accuracy of
quantitative inversion; however, S1 and S2 data need to
be combined. The AVWS retrieved by S12G can better
reflect the water content of some aboveground trees and
grass, because the prediction factors of the S12G group
consider not only the spectral information of the plant
surface layer, but also the three-dimensional spatial
structure information of plants (e.g., inside the forest
canopy). Therefore, the combination of S1 and S2 data
is conducive to the acquisition of effective radiation and
reflection information for observation targets.

Conclusions

This work used S1 and S2 imagery to estimate
and map the AVWS of Jiuzhaigou Nature Reserve.

Field-measured plot-scale AVWS was calculated, then
predictors extracted from Sl and S2 imagery were
divided into three modelling groups. A RF regression
model based on S12G and S2G were selected for
mapping AVWS in the study area. We found that S1 VH
polarization is significantly correlated with vegetation
water content. Our approach provides a good reference
when using SI and S2 data for inversion of targets.
In this study, the LMs and RF regression models
established by S12G were better than those established
by S1G and S2G. In future remote sensing inversion
of vegetation water content, we can apply optical and
microwave remote sensing technology to fully retrieve
the real water content in vegetation.

Appendix

Appendix A. Allometric equations for calculating the aboveground biomass (AGB) of each tree.

Tree Species Equations* R? Source

W,_=0.0754 (D’H)*7** 0.89

Cypress W, =0.035 (D*H)*7'" 0.91 [40]
W, =0.0685 (D*H)*%% 0.92
In (W) =-1.6458 + 0.7626 In (D*H) 0.87

Pinus tabuliformis In (W,) =-4.6813 + 0.8824 In (D*H) 0.55 [41]
In (W) =-4.4325 + 0.7166 In (D*H) 0.53
W_ =0.0139 (D*H)"*"s 0.99

Abies W, =0.0014 (D*H)" % 0.91 [42]
W, =0.0003 (D*H)"*** 0.93
W, =3.166 (D’H)*+%7 0.88

Picea purpurea W, =12.4382 (D°H)" % 091 [43]
W, =2.9259 (D*H)"*'» 0.91
In (W) =-4.1313+2.8571 In (D*H) 0.84

Pinus densata In (W,) = -4.5868+2.4942 In (D*H) 0.61 [44]
In (W) =-2.5997+1.6194 In ( D*H) 0.54
W, =0.0347 (D*H)**"* 0.86

Betula platyphylla W, =0.0061 (D*H)"*> 0.86 [42]
W, =0.0189 (D*H)"¢** 0.83
In (W) =0.85136 In (D*H) - 3.00984 0.96

Quercus liaotungensis In (W,) =3.09503 In (D°H) - 5.31497 0.81 [45]
In (W) =2.17397 In (D°H) - 1.93175 0.81
W, =5.8252 (D*H)""” 0.99

A very small number of broadleaf trees W, = 3.508 (D*H)"*! 0.98 [42]
W, =0.7563 (D*H)" 0.93

*W,, W, and W represent the biomasses of stem, branch and foliage, respectively.
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