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Abstract: Plant diversity is an important parameter in maintaining forest ecosystem services, func-
tions and stability. Timely and accurate monitoring and evaluation of large-area wall-to-wall maps
on plant diversity and its spatial heterogeneity are crucial for the conservation and management of
forest resources. However, traditional botanical field surveys designed to estimate plant diversity
are usually limited in their spatiotemporal resolutions. Using Sentinel-1 (S-1) and Sentinel-2 (S-2)
data at high spatiotemporal scales, combined with and referenced to botanical field surveys, may
be the best choice to provide accurate plant diversity distribution information over a large area. In
this paper, we predicted and mapped plant diversity in a subtropical forest using 24 months of freely
and openly available S-1 and S-2 images (10 m × 10 m) data over a large study area (15,290 km2). A
total of 448 quadrats (10 m × 10 m) of forestry field surveys were captured in a subtropical evergreen-
deciduous broad-leaved mixed forest to validate a machine learning algorithm. The objective was to
link the fine Sentinel spectral and radar data to several ground-truthing plant diversity indices in the
forests. The results showed that: (1) The Simpson and Shannon-Wiener diversity indices were the best
predicted indices using random forest regression, with “r2 of around 0.65; (2) The use of S-1 radar data
can enhance the accuracy of the predicted heterogeneity indices in the forests by approximately 0.2;
(3) As for the mapping of Simpson and Shannon-Wiener, the overall accuracy was 67.4% and 64.2%
respectively, while the texture diversity’s overall accuracy was merely 56.8%; (4) From the evaluation
and prediction map information, the Simpson, Shannon-Wiener and texture diversity values (and its
confidence interval values) indicate spatial heterogeneity in pixel level. The large-area forest plant
diversity indices maps add spatially explicit information to the ground-truthing data. Based on the
results, we conclude that using the time-series of S-1 and S-2 radar and spectral characteristics, when
coupled with limited ground-truthing data, can provide reasonable assessments of plant spatial
heterogeneity and diversity across wide areas. It could also help promote forest ecosystem and
resource conservation activities in the forestry sector.

Keywords: sentinel-1 and -2; satellite imagery time-series; random forest; subtropical evergreen-
deciduous broad-leaved mixed forest; plant diversity

1. Introduction

Forests provide ecological services that are crucial for the human well-being, such as
biomass for energy, water storage, carbon storage and sequestration (below and above-
ground), nutrient cycling, and climate regulation [1,2]. Having a high level of plant diversity
in forest is important to maintain a stable plant community composition [3–5], while a loss
of plant diversity has negative influences on ecosystem functions and the ecosystem resis-
tance to exotic species disturbances [6]. Therefore, large-area wall-to-wall maps on plant
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diversity in forests, as well as spatial changes in its distribution, are frequently required in
the forestry operations and conservation of relevant sites [7,8]. Such spatially explicit maps
are vital for ecological function stability [5,9,10], exotic species invasion assessments [11],
and prevention of plant diseases and insect pests [3,12]–particularly in maintaining the
stability of plant community composition [2,6,10,13].

Traditionally, efforts designed to monitor plant diversity in forests have relied on field
campaigns to calculate plant diversity indices of forest vegetation [14,15]. These diversity
indices include taxonomic diversity indices and heterogeneity indices [8]. Taxonomic
diversity, e.g., richness, Simpson and Shannon-Wiener, can be calculated by the number
of individuals within plant communities [16]. On the other hand, heterogeneity indices,
e.g., water and soil loss risk (WSLR), growth index and texture diversity, can also be
extracted from field surveys by an analysis of community functional types and ecological
niches (i.e., sets of plant species demonstrating similar ecological function or having similar
impacts on communities) [17,18]. Although field botanical surveys can provide an accurate
estimation of the community species composition and plant diversity, its spatially explicit
information is still insufficient [8,19,20]. It is well established that several plant diversity
parameters used in field surveys, i.e., richness, Simpson and Shannon-Wiener diversity
indices, etc., are described and quantified better with area-wide spatial data than with field
plot data [16,21–23]. Therefore, maps or remotely sensed products could help to improve
assessments of plant diversity.

To date, remote sensing earth observation techniques have been increasingly used
for predicting and mapping plant diversity in forests at multiple spatial and temporal
extents [24,25]. Despite noticeable progress in remote sensing imaging technology and data
application level over the past several decades, spatially explicit maps of plant diversity
with a high spatial resolution in mountain areas remain rare and were mainly directed
in individual case studies. For example, the combined UAV-borne hyperspectral and
Light Detection and Ranging (LiDAR) Layers products have been used to estimate the
relationship between 3D vegetation structure and α-diversity of plant species [3,16,26–28],
richness [29,30] and spatial patterns of plant community composition [31] for different
forest strata. Despite the availability of very high spatial resolution imagery (VHSRI), its
use for estimating forest’s plant diversity over large spatial scales is limited because of
the time-consuming nature and the cost associated to the instrumentation used for image
analysis [26,32]. Meanwhile, these VHSRI datasets are often not current due to the lack of
high spectral or temporal information [33,34].

Medium spatial resolution sensors (e.g., Landsat and MODIS) have been used to map
the spatial distribution patterns of species community and plant diversity [15,23,35–37].
However, the coarse spatial resolution sensors have been considered to not be appropriate
for small and heterogeneous terrain parameters [37–39], and also cannot adequately capture
plant structural information, such as forest canopy [40], leaf area [41] or tree height [12].
Unprecedented opportunities for large-area mapping plant diversity approaches arise by
combining Sentinel -1 (S-1) and Sentinel -2 (S-2) data from the European Space Agency
(ESA) [42]. They are freely available and operating in twin mode allowing to acquire high
temporal (2–5 days), high spatial (10–20 m) and high radiometric (12-bit) resolution data
sets across diverse wavelengths [42,43]. The satellites might be an enormously powerful
tool since they allow for coverage of large geographical scales in a short period of time,
having the potential for ecologists to provide a critical information about the drivers of
the spatial and temporal distribution of biodiversity [34,44,45]. For example, S-2 imagery
has provided valuable results in the monitoring of forest ecosystems distribution [46,47],
plant species classification [48], mapping of forest vegetation dominant leaf types [49],
monitoring plant phenology [50], predicting above-ground biomass [51,52] as well as in
distinguishing temperate tree species [53]. However, the feasibility of all these vegetation
parameter maps is often limited because large-wide estimations are particularly challenging
in areas with irregular vegetation, complex terrain and frequent cloud shadows, such as
subtropical mountainous areas [49,54].
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S-2 imagery data are affected by the biochemical composition of ground objects and
imaging atmospheric conditions, while S-1 imagery data are susceptive to the geometrical
structure of ground objects [48,55]. The S-1 Synthetic Aperture Radar (SAR) C-band data
has the potential to overcome difficult problems of complex topography, shadows and
atmospheric conditions [54]. For example, SAR data can use opposing seasonal backscatter
behavior and long-wavelength microwave penetration capability to distinguish dominant
leaf types in a center European country [49], to assess forest attributes and spatially map
heterogeneous, fragmented croplands [33], to produce monthly maps of forest harvesting
in two deforestation hotspots [56], and monitor tropical forest cover changes [57]. This
is in contrast to assumptions made in other studies, where radar data was not applied
to mountainous areas due to complex topography conditions [49]. Synergetic use of
optical and radar data for predicting plant diversity in grassland [58] and more specific for
identifying species and classifying vegetation types [55] is recently also found to provide
more robust results. For example, combined S-1 and S-2 images have been used to estimate
crop parameters over large areas in tropical rainforests [59], to examine its feasibility for
land use mapping in a heterogeneous landscape in Niger [60], to develop and evaluate
new model to map spruce budworm tree host species distribution and abundance [61],
to discriminate different vegetation types in the tropical rainforests [62], and to classify
vegetation species in a subtropical wetland [8]. All aforementioned studies concluded
that the S-1 SAR C-band backscatter data have broadened the application range of optical
S-2 data. Meanwhile, they have also overcome difficult problems of complex terrain and
atmospheric constraints though combined S-1 and S-2 contributing data acquired in the
visible and long-wavelength microwave domain. Therefore, combined S-1 and S-2 data can
be used to estimate taxonomic and texture properties of mountains forests over a large area.

The main goal of this study was to map plant diversity on a subtropical mountainous
forest based on 24 months (two plant growing and dormancy seasons) freely and openly
available S-1 and S-2 data sets along with the botanical field surveys dataset of Yang et al.
(2021) [63]. The following main objectives were addressed: (1) to prove the feasibility of
using freely available remote sensing data and machine learning algorithm, combined
with and referenced to botanical field surveys data, to map plant diversity at 10 m spatial
resolution across the subtropical mountainous forests; (2) to evaluate whether the S-1, S-2
and several vegetation indices can promote prediction accuracy of plant diversity in the
subtropical forest; (3) to estimate the potential of alone use of S-1, S-2 band features and
acquisition dates to map plant diversity; (4) to build a flowchart that is highly reliable, as
simple as possible, and reproducible.

2. Materials and Methods
2.1. Overview

The time-series of S-1 and -2 data sets were used to estimate plant diversity indices
in this study. The flowchart is shown in Figure 1. First, all of the imagery data sets were
resampled to 10 m ground sampled distance and the principal component analysis (PCA)
method was applied to retain the most discriminating bands to form 10 sets of predictor
variables. Next, a random forest (RF) algorithm [64] was used to predict plant diversity
based on the 10 sets of predictor variables. To represent the variability of the sample process,
model calibration was repeated five times. Each time the training (80%), validation (10%)
and testing (10%) datasets were randomly selected. Prediction results of each prediction
were averaged. Finally, satellite imagery, along with field botanical survey data to calculate
plant diversity indices (i.e., richness, Simpson, Shannon-Wiener, WSLR, growth index and
texture diversity), was divided into training, validation and testing sets using spatial cross-
validation [65]. The accuracy of the data was assessed by the coefficient of determination
(“r2). All modeling and validation were performed in Python 3.70 [66]. RF [64] was run
using the Scikit-learn python library.
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Figure 1. Flowchart of the proposed method. S-1, Sentinel-1; S-2, Sentinel-2; VIs, vegetation indices;
WSLR, water and soil loss risk; PCA, principal component analysis; C-V, cross-validation.

2.2. Study Area

The study area is part of the Daba and Jingshan mountain ranges, located in north-
western Hubei Province of China, at 31◦2′ to 32◦6′N and 109◦4′ to 112◦9′E (Figure 2). The
Jingshan and Daba mountain ranges serve as a watershed for the rivers between the Han
River Basin and the Yangtze River Basin. The region lies in the transitional zone from
the mid- to north-subtropical belts and covers an area of 15,290 km2 was considered as
an experimental area. It is characterized by the following three forest vegetation types:
evergreen broad-leaved forest, deciduous broad-leaved forest and evergreen-deciduous
broad-leaved mixed forest. This intact subtropical forest ecosystem of the middle latitudes
is very abundant in forest plant species [67]. The altitude of the study area ranges from
526 to 2741 m above sea level. The average rainfall of approximately 100–150 mm per
month is caused by the influence of the southeast monsoon, while in the summer it can
be approximately 150–200 mm per month [68]. The vertical zonal distribution of these
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forest vegetation types are distinct under the influence of topographic features [63]. The
forests across the study area are comprised of about 72 dominant tree species. Spatial
variations of precipitation, elevation, slope and aspect have led to spatial heterogeneity of
the forest species composition and structure in natural or secondary subtropical evergreen
broad-leaved species (e.g., Rhododendron hypoglaucum, Fagus lucida R. et W., Fagus engleriana
S. and Cyclobalanopsis multinervis, et al.), temperate deciduous broad-leaved species (e.g.,
Betula albosinensis, Betula luminifera, Sinowilsonia henryi, Quercus aliena, Populus davidiana,
Platycarya strobilacea and Sorbus folgneri, et al.) and coniferous species (e.g., Abies fargesii,
Pinus massoniana, Cunninghamia lanceolata and Pinus armandii Fr., et al.) [3].

Figure 2. Study area. The yellow line indicates the border of the Daba-Jingshan mountain ranges in
Hubei Province of China. Yellow circles indicate the sampled quadrats in the subtropical evergreen-
deciduous broad-leaved mixed forests. An inset map shows the location of the study area within a
map of the administrative boundaries of China.

2.3. Datasets and Pre-Processing
2.3.1. Sentinel-2 Data Sets

A time-series of 51 S-2 images of Level 1C were captured from the United States Geo-
logical Survey website (earthexplorer.usgs.gov), corresponding to all available acquisition
dates during two years of vegetation phenology (1 September 2018 and 31 August 2020) of
this study area. The imagery datasets were geometrically calibrated, and the pixel values
were converted into surface reflectance (SR) based on multi-sensor atmospheric correction
and cloud screening algorithm [69]. Then, monthly mean SR values were calculated for
each pixel of each quadrat. The bands at 10 and 20 m per pixel were used in the analyses.
The characteristics of the imagery bands used for analysis are presented in Table 1. The
20-m bands were resampled to a 10-m grid based on the bilinear algorithm in the Sentinel
Application Platform from the ESA. Next, these resampled bands were stacked up with
the other 10-m bands into a temporary raster file on a geographic information system
environment. The final time series of S-2 contain a total of 240 (24 dates × 10 bands)
spectro-temporal feature pixels.
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Table 1. Spectral and spatial features of imagery band data acquired by Sentinel sensors.

Bands Name Abbreviation Central Wavelength (nm) Resolution

b2 blue B 497 10 m
b3 green G 560 10 m
b4 red R 664 10 m
b5 red-edge1 RE1 704 20 m
b6 red-edge2 RE2 740 20 m
b7 red-edge3 RE3 782 20 m
b8 broad near-infrared NIR1 835 10 m

b8a narrow near-infrared NIR2 865 20 m
b11 short-wave infrared SWIR1 1614 20 m
b12 short-wave infrared SWIR2 2202 20 m

2.3.2. Sentinel-1 Data Sets

The time-series of S-1 imagery captured in an interferometric wide swath mode
were used in this study. All 51 images were downloaded from the Alaska Satellite Facility
website (vertex.daac.asf.alaska.edu), corresponding to the same temporal period as the time-
series of S-2 data. The time-series of Sentinel-1 data were spatial calibrated, orthorectified
and filtered based on a multi-scale spatiotemporal filter [70]. The window size of the
spatiotemporal filter was 10 × 10 m. The vertical/vertical (VV) and vertical/horizontal
(VH) polarizations were calculated, and the proportion VV/VH, where the first letter in
each pair indicates emission and the second letter indicates reception. Similarly, monthly
mean values were also calculated for the pixel of each quadrat. The final Sentinel-1 SITS
contained a total of 72 (24 dates × 3 bands) temporal feature pixels.

2.4. Predictor Combined Variables

Accordingly, a series of predictor variables were generated using the S-1 and S-2 data.
In addition, the predictor variables also considered six vegetation indices, i.e., Normalized
Difference Vegetation Index (NDVI) [71], Enhanced Vegetation Index (EVI) [72], Land
Surface Water Index (LSWI) [73], Normalized Difference Red-edge (NDVI705) [74], Normal-
ized Difference Yellow Index (NDYI) [75] and Red-edge Position (REP) [76]. Calculating
vegetation indices (VIs) based on different spectral parameters may improve the poten-
tiality to separate different forest plant species [77], as VIs can decrease the spectral band
signature variability of related to solar radiation, atmospheric conditions, scene lighting [8].
Therefore, the six VIs were also used to predict and map plant diversity in forests. Table 2
indicates an overview of 10 predictor combined variables. For five variables, the PCA
method was used to retain the most discriminating information.

Table 2. List of inputs for 10 predictor combined variables used for predicting and mapping plant
diversity. The pixels provide the number of variables for each input.

Predictor Variables Description Pixels

S-1 S-1 radar data for all temporal acquisitions. 8064
S-1 PCA First PCA for 99% of the cumulative variance computed on S-1. 2478
S-2 S-2 optical data for all temporal acquisitions. 26,880
S-2 PCA First PCA for 99% of the cumulative variance computed on S-2. 5645
S-1 & S-2 S-1 and S-2 stack for all temporal acquisitions. 34,944
S-1 & S-2 PCA First PCA for 99% of the cumulative variance computed on S-1 and S-2 stack. 7338
VIs The six VIs for all temporal acquisitions separately input. 16,128
VIs PCA First PCA for 99% of the cumulative variance computed on the six VIs. 3387
S-1 & S-2 & VIs Full stack of S-1, S-2 and VI data. 38,331
S-1 & S-2 & VIs PCA First PCA for 99% of the cumulative variance computed on S-1, S-2 and VIs stack. 8433

Note: S-1, Sentinel-1; S-2, Sentinel-2; VIs, vegetation indices; PCA, principal component analysis.
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2.5. Reference Data
2.5.1. Field Surveys

Field surveys were accomplished in 448 quadrats from the subtropical evergreen-
deciduous broad-leaved forest ranges from July to September 2019 when the plants were
growing vigorously. Each quadrat was composed of one 100 m2 quadrat (10 m × 10 m),
which was similar to one pixel of S-2 satellite imagery (Figure 3). Each plot was composed of
4 quadrats of 100 square meter area. The center of each quadrat corresponded to a Sentinel-
2 pixel. Since the absolute geolocation is below 11 m~12 m at 95.5% confidence [42], a
possible mis-registration between Sentinel-2 data and GPS can be observed for few pixels
at some dates. The geographic coordinate of each quadrat center position was controlled
with a handheld GPS unit (horizontal accuracy < 0.5 m, Garmin GPS72H, Taiwan, China).

Figure 3. Field quadrat: (a) aerial photo; experimental images of individual-level quadrats are
from northwestern Hubei, China. (b) Sentinel imagery time series layout; one quadrat of 100 m2

(10 m × 10 m) corresponds to one theoretical pixel in an image. (c) Reconstructed Sentinel-2 NDVI
and (d) Sentinel-1 vertical/vertical (VV) polarization with a one-month step for different quadrats.

2.5.2. Plant Diversity Indices

Forest plant species were visually identified and classified at the individual level,
and the abundance of each plant species was evaluated by the number of individuals
within each quadrat in the field survey. First, the taxonomic characteristics of forest plant
species, including richness, Shannon-Wiener [78], Simpson [79], were applied to evaluate
forest diversity indices. The Shannon-Wiener diversity index commonly measures spatial
heterogeneity by considering the count of individuals, and the Simpson diversity index is a
plant dominance index considering the extent of domination (or no domination) of a few
species in the community [8].

(1) Richness: Sq, explained as the total count of plant species in quadrat q.
(2) Shannon-Wiener diversity index:

H(q) = −
Sq

∑
S=1

pqsln
(

pqs
)

(1)

where pqs is the relative abundance of the individual plant species s in quadrat q.
(3) Simpson diversity index:

L(q) = 1−
Sq

∑
S=1

(
pqs

)2 (2)
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Next, the functional attributes of subtropical forest ecosystems, including water and
soil loss risk (WSLR), plant diseases and insect pests, as well as textural features [18],
were also considered. These values reflect the species that are most likely to impact
communities and ecosystems. The WSLR was measured for each sampling quadrat, based
on its frequency. The values were: 0 value defined as “none”, 1 value defined as “little”,
2 value defined as “more” and 3 value defined as “plenty”. The total value score ranges
from 0 to 3 for the WSLR index of the sampling quadrats. The growth index combines the
amount of each plant disease and insect pest. The values were: 1 for “plant is growing
well with no pests and diseases”, 0.5 for “plant is growing well but with some pests and
diseases” and 0 for “plant is suffering from pests and diseases”. Texture of the sampling
quadrats using textural features (i.e., number of patches, edge density and aggregation
density) and plant height was derived from the Shannon-Wiener diversity index as follows:

TD(q) = −(
Jq

∑
j=1

rqj ln
(
rqj

)
+

Hq

∑
j=1

hqjln
(
hqj

)
) (3)

where rqj and hqj are the total value of the relative abundance and the height of the species j
in quadrat q, respectively; Jq and Hq are the total value of textural features and height in
quadrat q, respectively.

The taxonomic (Figure 4a–c) and functional diversities (Figure 4d–f) are shown for the
distribution of six indices for all quadrats.

Figure 4. Histograms of six plant diversity indices captured from the field surveys. The X-coordinate
is the diversity index values and the Y-coordinate is the frequency occurrence of field quadrat values.
(a) Richness; (b) Shannon-Wiener; (c) Simpson; (d) WSLR, water and soil loss risk; (e) Growth index;
and (f) Texture diversity index.

2.6. Random Forest Regression Analysis

The Random Forest (RF) regression algorithm [64] is an ensemble learning method
using a bootstrapping based on the classification (discrete variables) and regression (contin-
uous variables) trees (CART) analysis to predict a continuous response variable [80]. RF is
robust against over-fitting, have high accuracy performance, and deal with large data sets
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well [64]. The RF regression was applied to establish a plant diversity prediction model by
integrating the time-series of S-1 and S-2 parameters.

When training RF, the two hyperparameters have to be tuned in manually. As follows:
ntree (number of trees) was set to its default (800), and mtry (i.e., number of predictor
variables randomly sampled for each node) was set as the square root of the sum of input
parameters.

2.7. Accuracy Assessment

The prediction accuracy of a plant diversity index value y was evaluated based on the
coefficient of determination (r2) [8]:

r2 = 1− ∑nv
i=1(yi − ŷi)

2

∑nv
i=1(yi − yi)

2 (4)

where nv is the number of validation samples based on botanical field survey, yi is the truth
plant diversity value associated with the ith sample, ŷi is plant diversity value using RF
algorithm predicted and ȳ is the average value of the sample from plant diversity values in
field surveys.

The k-fold spatial cross-validation was applied to accurately evaluate the coefficient
of determination (r2) [65]: the data were divided into k exactly equal-size, and the model
was fitted on k–1 folds, and the r2 is calculated on the remaining hidden fold. This
cross-validation process was calculated for all k folds: k = 1, 2, . . . , k. In the process, a
10-fold-grouped spatial cross-validation was executed, where the first eight folds contained
52 quadrats and the last two folds contained 60 quadrats. The error evaluation used the
same folds, irrespective of the band features, pre-processing methods and plant diversity
indices that were used.

3. Results
3.1. Model Performances
3.1.1. Prediction Accuracy Performances

Table 3 shows the results for predicting six plant diversity variables for different
combined variables. In terms of plant diversity indices, two indices were predicted with an
estimated “r2 > 0.60 and four indices with an “r2 > 0.50. Among them, the Simpson (“r2 = 0.67),
Shannon-Wiener (“r2 = 0.64), texture diversity (“r2 = 0.56) and richness (“r2 = 0.53) indices
were predicted quite well. However, the two other indices, WSLR (“r2 = 0.42) and growth
index (“r2 = 0.36), provided less accurate predictions. In terms of remote sensing combined
variables, S-1 & S-2 PCA and VIs PCA were found to be suitable for predicting taxonomic
diversity (i.e., Simpson, Shannon-Wiener and richness indices), while S-1 & S-2 and S-
1 & S-2 & VIs PCA were the best for predicting heterogeneity indices (i.e., growth, texture
diversity and WSLR indices) (Table 3). However, the S-2 data alone gives better prediction
accuracies than the S-1 data alone (e.g., S-W, “r2 of 0.32 using the S-2, and S-1 reached only
0.07). In addition, S-1 data can enhance the accuracy of the predicted heterogeneity indices
by approximately 0.2 (e.g., TD, “r2 of 0.56 using the S-1 & S-2, and S-2 reached only 0.34;
WSLR, “r2 of 0.33 using the S-1 & S-2 PCA, and S-2 PCA reached only 0.09; growth index, “r2

of 0.24 using the S-1 & S-2 PCA, and S-2 PCA reached only 0.07).
Again, using the PCA method does lead to improve the prediction accuracy (e.g.,

Simpson, “r2 of 0.67 using the S-1 & S-2 PCA, and S-1 & S-2 reached only 0.34). The VIs
are less informative than the original set of imagery features and the prediction accuracy
of plant diversity is lower except for Simpson (“r2 of 0.55; using the VIs, and S-2 reached
only 0.29). However, combining VIs and S-1 & S-2 data set can promote the prediction
performance slightly for some diversity indices, such as S-W (“r2 of 0.31 using the S-1 & S-
2 & VIs, and S-1 & S-2 reached only 0.21) and WSLR (“r2 of 0.33 using the S-1 & S-2 & VIs,
and S-1 & S-2 reached only 0.26). The prediction and evaluation for the representative
result of each diversity index are shown in Figure 5, which was drawn according to the
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remote sensing combined variables data and diversity indices in the spatial cross-validation
process. The different colormap indicates the standard deviation (σ̂r2) of the k-fold spatial
cross validation for prediction accuracy.

Table 3. Estimated prediction accuracy (“r2) for the six diversity indices. Estimated accuracy (“r2) in
bold correspond to an “r2 > 0.35.

Combined Variables Richness Simpson S-W WSLR Growth Index TD

S-1 0.14 0.09 0.07 0.15 0.11 0.16
S-1 PCA 0.15 0.12 0.09 0.17 0.15 0.20

S-2 0.26 0.29 0.32 0.27 0.23 0.34
S-2 PCA 0.32 0.51 0.28 0.09 0.07 0.26
S-1 & S-2 0.27 0.34 0.21 0.26 0.36 0.56

S-1 & S-2 PCA 0.53 0.67 0.47 0.33 0.24 0.32
VIs 0.25 0.55 0.15 0.24 0.18 0.25

VIs PCA 0.31 0.28 0.64 0.29 0.25 0.30
S-1 & S-2 & VIs 0.29 0.23 0.31 0.33 0.27 0.17

S-1 & S-2 & VIs PCA 0.34 0.31 0.35 0.42 0.31 0.26

Note: S-W, Shannon-Wiener diversity index; WSLR, water and soil loss risk; TD, Texture diversity index; S-1,
Sentinel-1; S-2, Sentinel-2; VIs, vegetation indices; PCA, principal component analysis.

Figure 5. The predicted six diversity indices including (a) Simpson, (b) Shannon-Wiener, (c) texture
diversity, (d) richness, (e) water and soil loss risk (WSLR) and (f) growth indices obtained with the
random forest (RF) regression and remote sensing data (see Table 2). The X-coordinate is the y values,
and the Y-coordinate is the ŷ values. PCA, principal component analysis; VIs, vegetation indices. The
colormap indicates the confidence interval of the prediction.
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3.1.1.1. Mapping Performances

For the accuracy assessment of the maps, one typical sample area with different forest
types and landcover was selected. Figure 6b–d shows an extract of the evaluation and
prediction accuracies using remote sensing combined variables to predict the Simpson,
Shannon-Wiener and texture diversity indices for this study area at the pixel level around
the quadrat BGS-263. As for the mapping of Simpson and Shannon-Wiener, the overall
accuracy was 79.4% and 73.5% respectively, while the texture diversity’s overall accuracy
was merely 66.8%. Based on spatial cross-validation, Figure 6f–h also shows the confidence
interval values (range from 0.01 to 0.4) corresponding to the diversity indices prediction
results. From the evaluation and prediction information, the Simpson, Shannon-Wiener
and texture diversity values (and its confidence interval values) indicate high spatial
heterogeneity in the parcels around the quadrat BGS-263, corresponding to the subtropical
evergreen-deciduous broad-leaved mixed forest plant species distribution that can be
captured with a spatial resolution of 10 m per pixel. In addition, inter-pixel species
distribution variability can also be captured in the adjacent fields.

Figure 6. (a) Spectral and (e) radar images of the subtropical evergreen-deciduous broad-leaved
mixed forest parcels around plot BGS-263. Predictions of the (b) Simpson, (c) Shannon-Wiener,
and (d) texture diversity indices for pixels corresponding to these parcels. (f–h) correspond to the
confidence intervals associated with the three respective predictions of diversity indices.

The distribution of the predicted Simpson diversity indices the total area is described
in Figure 7 for the most representative types of forests classified on the field surveys (i.e.,
evergreen broad-leaved forest, deciduous broad-leaved forest, shrubland, dense grass,
impervious surface and cultivation land). These landcover types accounted for about 95%
of the entire forests area of the plot BGS-263. The distribution of the Simpson diversity index
of the several forest classes shows in (Figure 7). For example, evergreen broad-leaved forest
(mainly range from 0.2 to 0.95, average value: 0.79), deciduous broad-leaved forest (mainly
range from 0.14 to 0.73, average value: 0.52), shrubland (mainly range from 0.4 to 0.7,
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average value: 0.44) and dense grass (mainly range from 0.12 to 0.33, average value: 0.19)
had the highest average values, while impervious surface (roads, building) and cultivation
surface (farmland, orchard) had the lowest values (0.09 and 0.11, respectively). Evergreen
and deciduous broad-leaved forests exhibit strong differences of spatial heterogeneity, with
the former having lower diversity indices (i.e., Simpson, Figure 7) than the latter.

Figure 7. Simpson diversity index for the most representative types of evergreen-deciduous broad-
leaved mixed forest parcels identified around plot BGS-263: (a) evergreen broad-leaved forest;
(b) deciduous broad-leaved forest; (c) shrubland; (d) dense grass; (e) impervious surface; (f) cultivated
land. The X-coordinate and Y-coordinate represent the Simpson index and the value related to the
Simpson index, respectively.

3.2. Large-Area Plant Diversity Indices Spatial Distribution

The map of the diversity indices (i.e., Simpson, Shannon-Wiener and Texture diversity)
derived from the remote sensing combined variables prediction (Figure 8) highlights a
clear difference in plant diversity spatial distribution for the large-area at the pixel level
in the study area. The Simpson and texture diversity indices were higher in the whole
study area, while the highest values of the Shannon-Wiener diversity indices were mainly
concentrated in the southern area (i.e., Shennongjia region). Compared with the example
from the Shannon-Wiener and texture diversity indices (Figure 8), the spatial distribution
of Simpson index was less pronounced and differences occurred at area rather than pixel-
level in the study area. The mapping of Simpson, Shannon-Wiener and texture diversity’s
overall accuracy was 67.4%, 64.2% and 56.8% respectively. The Simpson index’s distribution
indicates that the plant dominance community in the study area is also widely distributed.
Based on S-1 & S-2 PCA and RF to predict Simpson index was stable, particularly in some
terrain complex regions (Figure 8a). The strong differences in the prediction results were
acquired between Shannon-Wiener and texture diversity by RF based on VIs PCA and
S-1 & S-2.
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Figure 8. Prediction of the (a) Simpson, (c) Shannon-Wiener, and (e) texture diversity indices for
pixels corresponding to the study area. (b,d,f) correspond to the confidence intervals associated with
the three respective predictions of diversity indices based on spatial cross-validation at pixel level.

4. Discussion
4.1. Influence of Input Data
4.1.1. Influence of Remote Sensing Combined Variables

Based on machine learning algorithm and combined remote sensed data sets, predic-
tions performance of plant diversity was more precise for Simpson and Shannon-Wiener
diversity indices than for plant species abundance (e.g., richness) [81]. The Simpson diver-
sity index assigns more weight value to dominant species, while richness is only based on
species presence or absence [8]. The presence of plant species in the understory (about 1%
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of cover) will affect species abundance but would be rarely directly captured by optical
satellite sensors, while forests are more readily detectable. Therefore, the Simpson index
(“r2 = 0.67) is more useful for monitoring and prediction using satellite sensors on a large
geographical scale. Heterogeneity indices (i.e., WSLR, growth index and texture diversity)
measures also showed an “r2 > 0.35, which is promising despite the fact that their links to
remote sensing signals are not as clear as those for species diversity [9].

Because S-1 data (radar data) are not affected by clouds or shadows, this type of data
can capture additional valuable information that can improve prediction accuracy in very
cloudy situations [82]. In a study of the prediction of plant diversity, the radar S-1 imagery,
however, was not shown to greatly enhance the accuracy of plant diversity in grasslands [8].
This may have occurred because S-1 is insensitive to structural information in grasslands.
The S-1 data, in the present study, was found to improve the prediction accuracy of forest
plant diversity by approximately 0.2. Indeed, the integration of the time series of S-1
and S-2 data enhanced the prediction accuracy for several plant diversity indices, e.g.,
Simpson diversity index (“r2 of 0.67 using RF algorithm and S-1 & S-2 PCA) and texture
diversity index (“r2 of 0.56 using RF algorithm and S-1 & S-2). Although S-1 data were
distinctly expected to be insensitive to the composition of a plant community, it could have
provided valuable information about plant geometric structure that could be connected to
heterogeneity in the species present in an area [83]. Meanwhile, S-2 multispectral reflectivity
data are influenced by chemical properties of the observed environment [33]. Therefore,
integrating the strengths of S-1 and S-2 data sets have positive influence on the forest’s
plant diversity prediction and mapping accuracy.

The full set of time-series data with irregular acquisition dates between diverse Sentinel
imagery was processed using linear interpolation in this study [8]. This brought plenty of
band information (Table 2) that can make the random forest algorithm parameter tuning
more complex. The RF regression method was used to predict plant diversity in forests,
and this method resulted promote the accuracy of prediction (“r2) by approximately 0.2
(Shannon-Wiener diversity index, “r2 of 0.64 using S-1 & S-2 PCA, but S-1 & S-2 reached only
0.47). The results indicate that it is appropriate to ignore the redundant features of the time
series of Sentinel imagery when performing feature dimension reduction and investigation
to capture valuable information from the data [45].

4.1.2. Influence of Different Features

Generally, clouds and shadows are unavoidably appearing on any spectral imagery
having a large-scale extent, particularly during the period of plant growth (May–September).
Hence, the image acquisition dates have a large influence the prediction accuracy of plant
diversity indices. The 24 single-date S-1 and -2 images and 20 single-feature images using
RF methods to predict the Simpson index are shown in Figure 9a. The “r2 was lower and
varied significantly when using the 24 single-date S-1 and -2 imagery data. Accuracy of
prediction was the lowest during periods of plant dormancy (December 2018 to February
2019, December 2019 to February 2020), while it was the highest during the growing periods
(September to October 2018, March to August 2019 and June to August 2020). Specifically,
maximum accuracy was “r2 = 0.46 on August 2019 (Figure 10a), while minimum accuracy “r2

did not surpass 0.1 on January 2020 (Figure 10d).
In contrast with the acquisition dates, each band data had a slight effect on the variation

in accuracy (“r2), see Figure 9b. The accuracy of prediction was the lowest in the SWIR2 band
(“r2 = 0.09), while it was the highest in the R band (“r2 = 0.43) (Figure 10b) and NIR1 band
(“r2 = 0.37) (Figure 10e). However, B, G, RE1, RE2, RE3, NIR2 and SWIR1 bands were similar
accuracies of prediction, ranging from 0.14 to 0.36. The radar data VV, VH and VV/VH to
predict plant diversity accuracies ranged from 0.18 to 0.24. By inspecting the input features
to the prediction accuracy, the VIs were shown to be far more reliable in prediction than the
original radar and optical bands, particularly the NDVI705 and NDYI. This demonstrates
that carefully selected VIs can also predict plant diversity, see Figure 9b. Accuracy was the
lowest in the LSWI (“r2 = 0.21) (Figure 10f), while it was the highest in the NDVI705 (“r2 = 0.49)
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(Figure 10c). However, NDVI, EVI, NDYI and REP had similar accuracies, ranging from
0.24 to 0.45. The result indicates that with the relatively rich spectral band information, S-2
imagery has great advantages in predicting and mapping plant diversity in forests.

Figure 9. Importance of (a) 24 single-date (from September 2018 to August 2020) Sentinel-1 and
-2 satellite imagery and (b) 19 single-feature (including 13 band features and 6 vegetation indices)
imagery using random forest methods to predict the effects of the Simpson index on prediction
accuracy. Table 1 presents the definitions of the acronyms for band features and vegetation indices.

Figure 10. Scatter plots of the maximum and minimum accuracy using random forest (RF) methods to
predict Simpson indices in images for acquisition month, spectral bands and VI features: (a) Simpson,
August, RF; (b) Simpson, R (red); RF; (c) Simpson, NDVI705 (normalized difference red edge), RF;
(d) Simpson, January, RF; (e) Simpson, SWIR2 (short-wave infrared), RF; (f) Simpson, LSWI (land
surface water index), RF. The horizontal and vertical axes represent the y and ŷ values, respectively.
The color plots are the confidence interval.
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The summer/early fall season (May–September) was the most informative period
for delineating areas of plant diversity (Figure 11). Previously, remote sensing-based
researches have also shown that this season is vital for the study of characteristics such
as plant phenology [50] and vegetation cover [84]. This period is also regarded as “the
optimal moment” because precipitation falls quickly and abundantly within weeks [45],
and forest plant growth reaches the peak [85]. Our results indicate that capturing changes
in forest phenology with remote sensing time-series data can help improve prediction
accuracy of plant diversity when spatial resolutions are not reached predicting demand.
Some studies indicate a higher correlation between the band features and α diversity index
(e.g., Shannon-Wiener) for simulated spectral imagery above 2 m per pixel [86]. However,
these studies used data of only a single date and captured little key information for plant
phenology. Although our prediction accuracy was inferior to these studies which predicted
the Simpson diversity index based on airborne LiDAR and hyperspectral data [3], it can
reflect plant diversity temporal variation in two vegetation phenology periods (two years).
Therefore, with the increasing availability of higher spatial-temporal resolution imagery
(e.g., Sentinel), these will provide a new paradigm for seasonal variation monitoring of
plant diversity in high vegetation areas [87].

Figure 11. The time-series of S-1 and S-2 imagery acquisition dates about vegetation phenology,
growth index, water and soil loss risk and dates of botanical surveys in subtropical evergreen-
deciduous broad-leaved mixed forest. Vegetation phenology includes the two periods of vegetation
growth (Mar.–Sep.) and dormancy (Oct.–Feb.). The growth index includes the period in insect pests
(Jan.–May) and plant diseases (Jun.–Nov.). Water and soil loss risk includes the period in drought
(Oct.–Mar.) and floods (May–Aug.). Black stars indicate image acquisition dates.

Feilhauer et al. (2013) indicated that the hyperspectral imagery of satellites is the most
crucial feature that can be used to successfully estimate the plant variation in forests [88].
However, the results captured from the entire spectral information contradicted our data
captured with Sentinel imagery data where the accuracies were accomplished using only
the SWIR and NIR spectral bands. The studies indicated that spectral bands, such as RE,
NIR and SWIR, had a clear influence on the plant diversity evaluation and prediction.
Nevertheless, using only some VIs (NDYI and NDVI705) also acquired a good result. This
may be because we carefully considered each VIs characteristics over all dates in the time-
series images, which could have “smoothed” the difference of spectral reflectance during
the plant phenology in the subtropical forest.
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4.2. Spatial Heterogeneity of Result Analysis for Plant Diversity Mapping

The spatial heterogeneity of plant diversity indices of the studied subtropical evergreen-
deciduous broad-leaved mixed forest is shown in Figure 8. The large-area map emphasizes
the forest intra-parcel heterogeneity in terms of plant diversity, highlighting the restrictions
of predicting biodiversity indices at the field scale. This type of map can also be applied
to evaluate the relationships between environmental factors and plant diversity at a pixel
level [89]. The prediction results associated with the large-scale confidence intervals cap-
tured in the satellite imagery can be defined by regional topographical conditions [63].
Spectral-temporal features were found to do not correspond to input data sets from which
learns to identify forest types, resulting in inaccurate predictions, especially in the edges of
the parcels (Figure 6). First of all, the edges of the parcels could amount to mixed pixels
and thus display indeterminate values. Second, evergreen-deciduous broad-leaved mixed
forests are usually included in the one pixel. The one lesson is that the field quadrat size
should match as much as possible the remote sensor’s spatial resolution. These results
also indicate that the remote sensing-based assessment of forest plant diversity should be
carried out at the field quadrat level and not at the pixel level. Similarly, examining the
confidence intervals of prediction diversity indices could thus indicate the dependability of
mapping accuracy at the pixel level [90].

Previous studies have rarely considered the spatial heterogeneity of plant diversity in
forests [44], although it can have a significant impact on the evaluated prediction accuracy of
plant diversity. Figure 7 shows the decreasing average of the predicted Simpson diversity
index values from the evergreen broad-leaved forest and shrubland. The results are
consistent with the long-term no-felling and low-level forest management activities that
are designed to maintain plant diversity at a higher level. However, dense grass present
Simpson diversity index values that are similar to the values of cultivated land. This is
because dense grass will restrict tillage, while cultivated areas do not. This pattern can
also be defined by the true situation that the number of remote sensing imagery visual
interpretation with dense grass are often lower than the field survey values (it ought to be
identified as “cultivated land” instead). The complexity of landcover types clearly shows
that using remotely sensed data sets to map plant diversity need to combine and refer to
the botanical field surveys assessment across the subtropical mountainous forests. These
large-area plant diversity maps of spatially explicit, wall-to-wall, precise and frequently
updated information can provide reasonable assessments of spatial heterogeneity and
diversity distribution across wide areas.

5. Conclusions

The introduced S-1 and S-2 workflow for forest plant diversity is cost-efficient and scal-
able. The workflow was already successfully applied in a subtropical evergreen-deciduous
broad-leaved mixed forest. Compared with traditional field surveys designed to forest
plant species, the workflow is proposed for mapping plant diversity based on the time-
series of S-1 and S-2 and machine learning algorithm, and has two main advantages. First,
the workflow considered the combined remote sensing data variability in the forest plant
diversity. In terms of remote sensing combined variables, S-1 & S-2 PCA was found to
be suitable for predicting taxonomic diversity, while S-1 & S-2 was the best for predicting
growth and texture diversity indices. Second, the workflow considered the spatial hetero-
geneity of plant distribution, which is unordered, and used spatial and temporal remote
sensing data to predict plant diversity maps. Results show that plant diversity indices
spatial heterogeneity (and its related confidence values) were captured in the forest parcels,
consistent with the spatial heterogeneity of plant distribution that was obtained with a
10 m resolution. In addition, the use of radar data can increase the accuracy of prediction
(“r2) by approximately 0.2. Imagery sources and time-series data were considered when
evaluating the error of the accuracy of the predicted plant diversity.

The contribution of this study is that the time-series of S-1 and S-2 data based on
forest vegetation phenology differences can be used to map plant diversity. This study
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also illustrates that the potential of the time-series of S-1 and S-2 and plant phenology
for the mapping plant diversity indices in forests. It could therefore help promote forest
ecosystem and resource conservation activities in the forestry sector that depend on timely
and accurate spatial distribution of forest plant diversity.
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