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REMOTE SENSING ENABLES ACCURATE ASSESSMENT OF FUNCTIONAL
DIVERSITY RATHER THAN SPECIES DIVERSITY IN SANDY GRASSLANDS

WEN Lr, YU PENG*, AND XIAOYUE ZHANG

College of Life & Environmental Sciences, Minzu University of China, Beijing, China 100081

Abstract. The prediction of grassland plant diversity using satellite imagery has been the subject of intensive
research. However, the accuracy of functional diversity (FD) predictions remains unclear. To address this,
high-spatial-resolution WorldView-3 (WV-3) multispectral data were used to predict species diversity and FD
at the pixel scale (1.2 x 1.2 m) in the central Hunshandak Sandland, Inner Mongolia, northern China. Data col-
lected from 120 field plots (6 x 6 m) were employed to train and validate several statistical learning methods,
with the primary objective of establishing links between 156 satellite-derived spectral and texture indices and 6
plant diversity indices. Among the various diversity indices tested, functional trait diversity—specifically Func-
tional Attribute Diversity (FAD1) and Modified Functional Attribute Diversity (MFAD)—were predicted most
effectively (with coefficients of determination of approximately 0.29 and 0.14, respectively; n=48) using texture
indices. In contrast, species diversity (richness, H, E, or D) and other FD metrics were not well predicted by
WV-3 data. Overall, WV data did not significantly improve the accuracy of plant diversity predictions in sandy
grasslands. Additionally, high plot-level vegetation coverage was found to enhance the performance of spectral
indices in predicting H, E, D, and FD. These results underscore the importance of accounting for variability
across field conditions and demonstrate the potential of high-spatial-and-spectral-resolution satellite imagery
for monitoring plant functional diversity in sandy grasslands.
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INTRODUCTION

The survival of both humans and animals depends on
plant diversity (Radhamoni et al., 2023). Plant diversity
can be measured at three different spatial scales: with-
in-habitat diversity (a-diversity), between-habitat diversi-
ty (B-diversity), and regional diversity (y-diversity) (So-
colar et al., 2016). Species richness (R), Shannon-Wiener
index (H), and Simpson index (D) are used to measure o
diversity. Recently, leveraging the spectral characteristics
and variations of different plant species, plant diversity
has been assessed on a large scale using remote sensing
techniques—exhibiting distinct advantages over tradi-
tional field measurement methods. Different plant species
demonstrate different spectral traits.

The spectral species approach assumes that there are
unique, definable spectral types (“spectral species”) that
can be distinguished in image processing, thus, facilitating
biodiversity estimation (Rocchini & 2004; Féret & Asner,
2014). The linkage between species and “spectral species”
can be validated using relatively simple to sophisticated
spectral heterogeneity measures, which include measures
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of spectral entropy (Gillespie et al., 2008), statistical dis-
persion (Gould, 2000; Palmer et al., 2002), mean Euclid-
ean distances between spectral clusters derived from prin-
cipal components analysis (PCA) (Oldeland et al. 2010;
Rocchini, 2007), and the use of first- and second-order im-
age texture analysis (Culbert et al., 2012; Viedma, et al.,
2012; Wood et al., 2013). The red (RED; 630-690nm) and
near infrared (NIR; 760-900 nm) bands in the multi-spec-
tral images are usually selected to assess species diversity
(Schowengerdt, 2007; White et al., 2010; Peng et al 2019).
Various spectral vegetation indices generated from mul-
tiple bands, such as Variation in Normalized Difference
Vegetation Index (NDVI) (Gould, 2000; Bawa et al., 2002;
Xu, 2004; Chawla et al., 2010, Kiran and Mudaliar, 2012),
enhanced vegetation index (EVI) (Cabacinha, 2009; Gao
X, 2000; Gallardo-Cruz et al., 2012), infrared index (IRT),
middle infrared index (MIRI), atmospheric resistance veg-
etation index (ARVI), and soil adjusted vegetation index
(SAVI) can predict plant diversity with considerable high
accuracy (Nagendra, 2001; Bawa, et al., 2002; Schoweng-
erdt, 2007; Cabacinha, 2009).
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Fig. 1 Location of the study area, land use types, distribution of sampled plots and subplots in the field, and cor-
responding pixels in the WV-3 image of the study area. Each plot consists of 4 subplots (black circles) and corre-

sponds to a 5x5 grid of WV-3 pixels.

Multispectral data from satellite platforms such as
Landsat satellites (Sun et al., 2023; Mapfumo et al., 2016),
the Sentinel series (Mpakairi et al., 2022; Xin et al 2024),
QuickBird (Rocchini, 2007), WorldView series (Cho et
al., 2012; Rocchini, 2007), SPOT series (Fauvel et al.,
2020), and China’s Gaofen-3 and Haisi-1 satellites (Gu
et al., 2024) have been widely used for vegetation mon-
itoring and plant diversity estimation. The WV-3 satellite
has eight visible near infrared (VNIR) bands (400—1040
nm) at 1.24 m resolution, has advantage in assessing plant
diversity (Ferreira et al., 2016). The emergence of near-
earth hyperspectral spectroscopy has addressed the scale
mismatch between ground-based species information and
earlier satellite-based multispectral monitoring (Schnei-
der et al., 2017). Hyperspectral sensors offer the techni-
cal advantage of integrating fine spectral resolution with
hundreds of spectral bands, improves the detection and
identification of subtle differences at the plant species,
functional, and genetic levels (Asner, 1998; Zhang et al.,
2023).

Although species diversity has been extensively ex-
plored through remote sensing data, functional diversity

(FD), i.e., diversity in plant species adaptation to survive
in different environments and various strategies in repro-
duction, pollination processes, seed-dispersal methods
and life forms (Ewers & Didham, 2006; Lindborg et al.,
2012), has been rarely assessed using satellite-based high
spatial and spectral resolution remote sensing imageries.
FD is closely related to ecosystem service and ecologi-
cal process, can also be regarded as an important indicator
for biodiversity conservation (Diaz and Cabido, 2001). A
plant’s life form is one predictor for indicating the sur-
vival ability of plants in severely environment (Evju et
al., 2015). Plants with suitable life forms will gradually
replace unsuitable plants in a poor environment. For ex-
ample, in plant communities in the arid environments such
as deserts, shrubs and semi-shrubs increasingly substitute
annual plants. Species with low offspring and colonization
rates are easily influenced (Higgins et al., 2003; Henle et
al., 2004) and therefore, dominant species in a communi-
ty are usually highly adapted to suit their environments.
Therefore, this study aimed to assess the ability of WV-3
data in assessing FD in the sandy grasslands of Hunshan-
dak Sandland, by comparing the performances with those
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of species diversity across various plot-level vegetation
coverages.

METHODS
Study area

This study was conducted in the temperate sandy
grasslands of the Hunshandak Sandland (41°46'-43°69’
N, 114°55'-116°38" E), located in Inner Mongolia, north-
ern China (Fig. 1). The region has a temperate semi-arid
climate, with an annual mean temperature of 1.7°C. The
monthly diurnal minimum and maximum temperatures are
-18.3°C and 18.7°C, respectively, and the annual precipita-
tion ranges from 250 to 350 mm, 80-90% of which occurs
between May and September (Wang, 2016a). The Hun-
shandak Sandland features a unique landscape comprising
fixed sandy dunes, semi-fixed sandy dunes, mobile dunes,
and lowlands, all of which support relatively rich plant di-
versity. The study area also includes other land cover types
such as water ponds and constructed land. These diverse
landscape elements, combined with the region’s relatively
uniform elevation, make it an ideal site for testing the ca-
pacity of WV-3 data to assess both plant species diversity
and functional diversity (FD) in sandy grasslands under
complex background conditions.

Field sampling

Field surveys were conducted across 120 plots in the
study area during July—August 2016, which corresponds
to the peak growing season. Each plot (6 x 6 m, equiva-
lent to a 5 x 5 grid of WV-3 pixels) was divided into four
subplots, each with a diameter of 0.8 m (Fig. 1). In total,
480 subplots (corresponding to 480 WV-3 pixels), dis-
tributed across the 120 plots, were surveyed in this study.
Global Positioning System (GPS) data were differentially
corrected to achieve high-precision positioning within a
geographic information system (GIS) environment.

Vascular plant species composition was recorded at
the plot scale, with macroplot-level species lists compiled
as the aggregated set of species identified across the four
subplots within each plot. This nested sampling design
for plot configuration has also been adopted in studies
by Duccio Rocchini (2007) and Fauvel et al. (2020). All
plants were identified to the species level, and the abun-
dance of each species was recorded for each subplot. De-
tails of the plot characteristics are provided in Table S1 in
the Appendix.

Plant species diversity
In July and August 2016, the abundance, cover, and
height of each plant species, as well as habitat categories
(fixed sandy dunes, semi-fixed sandy dunes, mobile sandy

dunes, lowlands, water bodies, and constructed land),
were recorded. For each subplot, the number of individu-
als was counted for species whose stems were either fully
or partially within the subplot. For clonal species, individ-
uals were considered separate if their stems or culms were
more than 20 cm apart from others of the same species.
Canopy cover of all species within the subplot was visual-
ly estimated, and consistency in these visual estimates was
ensured by having the same observer (Y. Peng) conduct all
assessments across plots.

Based on the collected data on plant species abun-
dance, four biodiversity indices were calculated: Richness
(the number of plant species in a subplot), the Shannon—
Wiener index (H), Simpson’s species evenness index (D),
and the Pielou index (E) (Magurran, 2004), using formu-
lae (1)—(3).

5 i ni
H=-S"2 1 22,
2"y

where 7 is the number of individuals of the ith species, N
is the total number of individuals of all the species, and
In is the natural logarithm. The value of H ranges from
0, meaning only one species is present, to 4.6, signifying
high species richness and also signifying that different
species in the quadrat or a community are equally abun-
dant (Magurran, 2004).

D=1- 2(%)2 )

The values of the Simpson species evenness index range
from 0 (completely uneven) to 1 (different species occur
in equal numbers).
E=H/InS (3),

where S is the total number of species recorded (y diversi-
ty) and H is the Shannon—Wiener index.

The plant diversity and dominant species of study plots
are listed in Table S1 in the Appendix.

Functional trait diversity

Functional traits recorded for each species included
life form (annual, biennial, perennial grass, shrub, or woody
plant), seed dispersal method (gravitational, regular, wind,
or animal-mediated), pollination mode (self-pollination,
wind-pollination, or insect-pollination), flowering period
(in months), flower longevity (in days), photosynthetic
pathway (C,, C,, or CAM), and nitrogen-fixing ability
(N-fixing or non-N-fixing). Based on these multiple func-
tional traits, seven plant functional diversity (FD) indices
were calculated using the FDiversity package (Casanoves
et al., 2011; Spasojevic et al., 2014): Functional Attribute
Diversity (FAD1), Modified Functional Attribute Diversi-
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ty (MFAD), rRao, functional evenness (FEve), functional
divergence (FDiv), functional dispersion (FDis), and func-
tional specialization (FSpe). FAD1 represents the number
of distinct attribute combinations present in the commu-
nity, with values always less than or equal to species rich-
ness. MFAD is a modified index calculated as the sum of
standardized distances between all pairs of species in trait
space. rRao is derived from ultrametric trait distances and
the abundance distribution of species within the commu-
nity. FEve measures the regularity of spacing between
species in trait space. FDiv quantifies the spread of trait
values across the range of the trait space.

FDis is a multidimensional index based on multi-trait
dispersion. FSpe, associated with threat categories, quan-
tifies the average distinctiveness of all threatened species.
The calculation formulas for each FD index are detailed
in Casanoves et al. (2011).

Satellite image acquisition

A cloud-free WorldView-3 (WV-3, DigitalGlobe,
Inc.) image covering the study area was acquired on
12 September 2015 (Fig. 1). At this time, most grasses
remained leafy, making them easily distinguishable in the
imagery due to their strong contrast with the surrounding
sandy terrain. The WV-3 dataset included a panchromatic
image with a spatial resolution of 0.30 m, accompanied
by a multispectral image with a 1.20 m spatial resolution,
spanning 8 spectral bands: coastal blue (427 nm), blue
(482 nm), green (547 nm), yellow (604 nm), red (660
nm), red-edge (723 nm), near-infrared 1 (824 nm), and
near-infrared 2 (914 nm). The WV-3 data were delivered
at Level 2A. WV-3 data processing followed the meth-
ods described by Lelong et al. (2020) and Cerrejon et al.
(2023). First, radiometric calibration was performed to
convert digital numbers to absolute radiance using the
gain and offset values for each spectral band. Next, abso-
lute radiance was converted to top-of-atmosphere (TOA)
reflectance, and the data were orthorectified to correct
geometric distortions while minimizing topographical
effects. Finally, the multispectral image was fused with
the panchromatic image to generate a pansharpened mul-
tispectral image with a resolution of 0.30 m.

Spectral and textural analysis
This study assessed plant species diversity and
functional trait diversity based on the spectral diversity
theory, which posits that higher spectral diversity corre-
sponds to greater plant diversity. Numerous studies have
shown that dispersion metrics, such as the coefficient of
variation (CV), serve as simple yet effective indicators
of spectral heterogeneity within a sampling unit (e.g., an

image window or kernel) (Anderson et al., 2009; Duro et
al., 2014; Levin et al., 2007; Lucas & Carter, 2008). Here,
we used the CV to link spectral heterogeneity within

5x5 image pixels to field-measured species diversity and
functional diversity (FD) at each plot.

Before conducting the calculations, an NDVI thresh-
old of 20.2 was applied to distinguish vegetation from
desert areas, in accordance with the method proposed by
Xin et al. (2024). First, 35 spectral indices (Table S2 in
the Appendix; details are provided in the ENVI manual)
were calculated at the pixel level using ENVI software.
Second, for each spectral index, the CV (cv), mean value
(mean), majority (maj), and variance (var) were comput-
ed using all pixels within a plot, yielding 140 spectral
diversity values at the plot level. This approach allowed
us to quantify the spectral diversity of each plot. Finally,
spectral diversity values derived from all pixels within
the plots were compared with field-measured species
diversity and FD data. Image texture metrics, derived
from multi-scale spectral values, are effective predictors
of plant species richness. In this study, we also computed
spectral texture values for each plot. In image texture
analysis, the value of a central pixel within a moving
window is determined by the spectral variability of its
neighboring pixels (Hall-Beyer, 2017). We calculated
one first-order texture metric and six second-order (_sec)
texture metrics: angular second moment (mom), contrast
(cont), dissimilarity (dis), homogeneity (hom), entropy
(ent), and correlation (corr, cor). These metrics were
derived from panchromatic images and principal compo-
nents (PCs) of multispectral images, where the PCs were
obtained via principal component analysis (PCA) of the
eight spectral bands. Second-order textures are based on
the gray-level co-occurrence matrix, thus accounting for
the spatial arrangement and relationships among neigh-
boring pixels (Farwell et al., 2020). Detailed descriptions
of these image texture metrics are available in the ENVI
software manual. A single moving window size (5x5
pixels, corresponding to 6x6 m?) was selected for the
analysis, as texture metrics across different window sizes
are highly correlated and exhibit similar relationships
with plant species richness (St-Louis et al., 2006; Culbert
et al., 2012). Additionally, the CV (cv), mean (mean),
majority (maj), and variance (var) of the PCs were
calculated for each plot. In total, 140 spectral indices, 12
texture indices, and 4 PC indices were computed for each
plot.

Statistical analysis

Of the 120 plots, five were excluded as their pix-
els primarily covered shifting sandy land. We employed
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a two-step approach to explore the potential of spectral
and texture indices for assessing plant diversity. The first
step involved selecting indices with significant Pearson’s
correlation coefficients using 67 plots. The second step
validated these selected indices across different vegeta-
tion coverages using the remaining 48 plots. Pearson’s
correlation coefficients were used to evaluate relationships
between plant species diversity, functional trait diversity
indices, and spectral/texture indices derived from satellite
imagery. This provided an assessment of the potential of
these spectral indices and texture metrics for estimating
plant diversity or functional diversity. Spectral indices or
texture metrics were considered optimal if they showed a
statistically significant association (P < 0.05) with plant
diversity indices based on Pearson’s correlation analysis.

Potential indices that exhibited significant relation-
ships with plant diversity were designated as final opti-
mal indices only if they passed the validation test. For this
test, the remaining 48 randomly selected plots were used
for model validation. The potential spectral indices were
required to show high consistency in predicting plant di-
versity across different plant communities. We used veg-
etation coverage to examine its influence on the consis-
tency of the selected indices in estimating plant diversity.
Plot-level vegetation coverage was categorized into three
classes based on values: 0-15%, 16-26%, and 27-100%,
representing low, moderate, and high community cover-
age, respectively.

The performance of the selected indices in the vali-
dation test was evaluated using two metrics derived from
the validation dataset: the correlation coefficient () and
the significance level (p) between predicted and observed
richness values. Indices with the highest » and P < 0.01
were deemed the best predictors.

Additionally, cluster analysis was used to identify
groups of indices with similar performance, aiming to ex-
plore the underlying mechanisms of the best-performing
indices in assessing plant diversity. These groups were not
predefined prior to the analysis, and no a priori assump-
tions were made regarding the distribution of variables
(indices). The indices were z-transformed for the analysis,
and results are presented as a dendrogram, with groupings
based on a squared Euclidean distance matrix.

RESULTS
Cluster tree
The top 51 spectral and texture indices, which ex-
hibited the highest number of significant correlations (P
< 0.05) with plant diversity were clustered into five dis-
tinct groups (Fig. 2). Indices showing significant positive
correlations with the species diversity indices (D, H) and

the functional diversity index (FAD1) included correlation
(corr), principal component correlation (pca-cor), variance
(var), principal component variance (pca-var), entropy
(ent), principal component entropy (pca-ent), dissimilar-
ity (dis), contrast (cont), principal component dissimilari-
ty (pca-dis), and principal component contrast (pca-con).
These indices all belong to image texture measures. No-
tably, spectral indices based on spatial variability (e.g.,
coefficient of variation [CV], such as evi-cv) showed no
significant relationships with species or functional diver-
sity indices.

Indices with the most significant relationships were
identified as potential optimal indices and selected for
model construction and validation. Based on this criterion,
corr, pca-cor, var, and pca-var were chosen as potential
indices for further analysis.

Model development

Six texture and spectral indices that passed the afore-
mentioned tests were retained for model development.
The resulting models exhibited high coefficients of de-
termination (R?) and significant relationships between the
indices and plant diversity indices (P < 0.05), indicating
their potential as optimal indices (Table 1). Among these
models, Simpson’s index (D) was significantly predicted
by variance (var), correlation (Corr), principal compo-
nent variance (PCA-var), principal component correlation
(PCA-cor), and var-mean. All functional diversity (FD)
indices—Functional Attribute Diversity (FAD1), Modified
Functional Attribute Diversity (MFAD), and functional
specialization (FSpe)—were significantly predicted by
variance (var), correlation (Corr), principal component
variance (PCA-var), and principal component correlation
(PCA-cor).

Model validation

Using the six identified optimal spectral and texture
indices listed in Table 1, plant diversity indices were cal-
culated for the 48 model validation plots using the spectral
and texture dataset. At the plot level, linear correlations
between diversity estimates derived from spectral and tex-
ture indices and field-surveyed diversity were analyzed
(Fig. 3). The six selected spectral and texture indices were
further compared in terms of the consistency of their rela-
tionships with plant species or functional diversity across
different vegetation coverage classes (0—15%, 16—26%,
and 27-60%). Indices that exhibited significant correla-
tions across all vegetation coverage classes were designat-
ed as the best-performing indices.

All models showed non-significant correlations (P
> 0.05) between recorded and predicted plant diversi-
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idation dataset from the central Hunshandak Sandland, northern China. Predicted values were derived from

the best-performing models listed in Table 1. “low,

99 ¢

classes of 0-15%, 16-26%, and 27-60%, respectively.

mid,” and “high” indicate plot-level vegetation coverage
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diversity using the training dataset

Richness H D FDA1 MFAD FSpe
Y =4.761-0.001x Y=1249-0.000317x  Y=0.650+0.00014x ¥ =4.814-0.001x Y= 1.007+0.000307x ¥ =2.366+0.000346x
Val'
R=0.048, P=0.041  R>=0.081,P=0011  R=0.094, P=0.007 R>=0.061,P=0.025 R*=0.053, P=0.034  R*=0.183, P=0.000
Y = 3.947+0.852x ¥ = 1.046+0.206x ¥ =0.569+0.08x ¥ =3.945+0.911x Y=0.797+0.219x Y =2.534-0.154x
Corl’
R=0.074, P=0.026 R*=0.072, P=0.016  R=0.061, P=0.025 R>=0.076,P=0014 R*=0.059, P=0.027  R*=0.068, P =0.021
oA Y = 4.755-0.001x Y= 1247-0.000318x Y= 0.649+0.000141x ¥ =4.807-0.001x Y = 1.005+0.000305x ¥ = 2.369+0.00034x
VAT TR0.047,P-0.044  R=0.079,P-0012 _ R-0.093,P-0.007 _ R=0.059,P-0.028 R*-0.051, P—0.038 __ R*~0.172, P = 0.000
A N Y = 1.04540.207x Y = 0.569+0.080x Y =3.94140.915x Y =0.796+0219x Y = 2.534-0.155x
oot R=0.071, P=0.016 _ R™~0.06, P - 0.025 R*=0.076, P= 0.015 _ R=0.059, P=0.028 __ R™0.068, P—0.021
Ari-maj - - - - -
¥ = 3.944+0.855x Y = 0.534+0.346x
Var-mean

R?=0.06, P =0.026

R?=0.065, P =0.021

ty indices, except for the correlations between Modified
Functional Attribute Diversity (MFAD) and four texture
indices, and between variance (var) and Simpson’s index
(D) (Fig. 3). When comparing correlation coefficient (r)
values across vegetation coverage classes, all spectral and
texture models exhibited similarly high r values (>0.2)
for high-coverage plots (>27%), followed by low-cover-
age plots, while models for medium-coverage plots had
the lowest » values. Among functional diversity indices,
MFAD was most effectively predicted by the selected tex-
ture indices.

DiscussioN

Among the 156 spectral indices and texture metrics,
only four performed relatively well in estimating plant
species diversity and functional diversity (FD). These four
indices were primarily texture measures: variance (var),
principal component variance (PCA-var), var-mean, and
correlation (corr). These indices, which reflect canopy
structure and functional traits, can effectively indicate FD
in sandy grasslands. Notably, leaf traits related to light
capture and growth—such as photosynthetic pigments,
nutrients, and leaf mass—primarily absorb and scatter
light in the 350-700 nm spectral range (Ollinger, 2011).
In contrast, secondary metabolites (e.g., lignin, cellulose,
phenols, and tannins), which contribute to foliar defense
and longevity, actively absorb and scatter near-infrared
(NIR) and shortwave infrared (SWIR) radiation (Kokaly
et al., 2009). This may partially explain why spectral in-
dices show stronger associations with plant FD than with
species diversity. Previous studies have observed that
visible spectrum (VIS) variability (e.g., captured by var,
var-mean, and PCA-var) is significantly higher in sandy
landscapes compared to moist or wetland environments
(Somers et al., 2015).

The visible spectrum, dominated by pigment
absorption and canopy structure, exhibits less variability
among plant species but greater variability among

functional traits (Kattenbornetal.,2017; Pacheco-Labrador
et al 2022). Additionally, biomass variation—closely
linked to life form, a key functional trait—is primarily
explained by vegetation structure (Herndndez-Stefanoni
et al., 2014) and can be well-captured by texture metrics.
In sandy grasslands, environmental conditions strongly
drive functional differentiation and adaptation in plants.
The NIR region, reflecting leaf cellular structure (which
scatters most incident energy) and canopy biochemical
traits (e.g., leaf nutrient content), can distinguish plant
strategies such as C,, C,, or CAM photosynthesis, or
N-fixing capacity (Castillo-Riffart et al., 2017; Pacheco-
Labrador et al 2022). Collectively, these factors explain
why FD, rather than species diversity, is better estimated
by spectral and texture indices.

A pixel represents a discrete spatial unit containing
multiple objects, and the proportion of mixed objects
increases with coarser resolution. A study on species-
spectral diversity relationships across spatial grains,
using North American floristic data, showed that high
spatial and spectral resolution imagery improves plant
species diversity estimation accuracy (Rocchini et al.,
2014). Coarser resolution data, however, suffer from
mixed-pixel issues and are less sensitive to spatial
complexity (Rocchini, 2007). Previous research has
found that estimation accuracy improves when spectral
pixel resolution is finer than the size of the target object
(Gholizadeh et al., 2019; Lopatin et al., 2017; Wang et
al., 2018). Finer spatial resolution, such as that of WV-3
imagery, enhances the representation of “pure” objects
within sampling areas (Rocchini, 2007; Pacheco-Labrador
etal 2022) and captures more detailed spectral information.
Consequently, WV-3 images exhibited higher spectral
variability in 6x6 m plots compared to Aster or Landsat
ETM+ imagery, likely due to reduced pixel mixing and
larger effective sampling size. WV-3’s high spectral
resolution further strengthens its capacity to estimate plant
diversity.
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In this study, texture metrics were derived from prin-
cipal components (PCs) generated via principal compo-
nent analysis (PCA) of 12 spectral bands. PCs maximize
variance and are non-spatial, and it can be assumed that
the first two PCs from 12 bands likely correlate with the
most variable top-of-canopy structural and chemical traits
(Roth et al., 2016; Dahlin, 2016). Our results align with
previous studies using image texture to distinguish veg-
etation structural patterns between habitats (Wood et al.,
2012), which also reported weak relationships (0.01 < R?
< 0.3). Other studies have confirmed that image texture
metrics effectively characterize vegetation heterogeneity,
including foliage height diversity (Wood et al., 2012),
successional stage (Jakubauskas, 1997), and structural
complexity (Guo et al., 2004)—consistent with the use
of vegetation indices (e.g., NDVI, EVI) to quantify bio-
physical aspects of functional traits. Texture metrics from
WV-3 can capture spatial variations in vertical structures
of mixed grasslands under different grazing regimes (Guo
et al., 2004), supporting the utility of medium-resolution
image textures for detecting vegetation heterogeneity. We
used 5x5 pixel windows to calculate texture metrics, a size
well-suited for grassland ecosystems. A study on North
American plant species richness found that spectral diver-
sity explained little variance, whereas the spatial extent of
sampling units (floras) explained much of the variance in
plant diversity (Rocchini et al., 2014).

In the present study, correlations between observed
and predicted values were weak. For plant species rich-
ness, the strongest predictor was PCA-var (R* = 0.19),
which is lower than the spectral diversity indices (R* =
0.4-0.6) derived from airborne hyperspectral data (Wang
et al., 2018). Two key limitations likely contribute to this
weakness. First, strong noise from the desert background
in the study area weakens the correlation between WV-3-
derived spectral indices and plant diversity. Rocchini et al.
(2010, 2017) noted that pixels should be at least as large
as the sampling unit, particularly when using spectral het-
erogeneity to estimate local species diversity. Additional-
ly, the trade-off between noise from high resolution and
information loss from low resolution must be considered.
We speculate that WV-3’s fine resolution may exacerbate
this issue: in vegetation-rich areas, numerous pixels may
capture small shade patches cast by canopies (Nagendra
& Rocchini, 2008), while in sparse vegetation, pixels are
dominated by strong desert signals—both reducing the per-
ceived strength of vegetation signals. Second, vegetation
indices like NDVI struggle to detect plant signals in des-
ert-vegetation mosaics, making it difficult to extract veg-
etation texture from mixed spectra, especially with fixed
thresholds used in preprocessing (Hernandez-Stefanoni et

al., 2014). In this study, an NDVI threshold of 0.2 was
used to distinguish vegetation from desert, but this may
have excluded small-stemmed plants. A study conducted
in a subalpine grassland of the Italian Alps showed that
spectral diversity calculated via the Spectral Angle Map-
per (SAM) proved to be a more effective proxy for biodi-
versity within the same ecosystem—whereas the broader
spectral diversity approach failed to estimate a-diversity
(Imran et al., 2024). This finding suggests that introducing
additional novel spectral indices may enhance the accu-
racy of plant diversity estimation (Cherif et al., 2023). In
addition, remote sensing for assessing forest functional
diversity has typically demonstrated high estimation ac-
curacy (Cimoli et al., 2024; Zeng et al., 2023). For exam-
ple, in a subtropical evergreen and deciduous broad-leaved
mixed forest, airborne LiDAR-derived parameters were
found to correlate well with in situ plot-level morphologi-
cal data (R? 2 0.67) (Zeng et al., 2023). Currently, improv-
ing the estimation accuracy of both species and functional
diversity in grasslands remains a key challenge for future
research.

CONCLUSION

We demonstrate that texture metrics derived from
high-spatial-resolution satellite imagery effectively pre-
dict plot-level patterns of plant functional traits in sandy
grasslands, highlighting their potential to capture envi-
ronmental heterogeneity not detected by more conven-
tional heterogeneity metrics. While positive correlations
were observed between texture metrics and both plant
species richness and functional diversity, these relation-
ships varied across diversity indices and texture metrics.
Notably, for the functional index MFAD, the relationship
remained consistently significant and positive. Our results
underscore the complexity of the heterogeneity-diversity
relationship, emphasizing the need for further investiga-
tion into these relationships using different satellite data
sources and across diverse ecosystems. We conclude that
texture metrics show promise as a tool for modeling func-
tional diversity—rather than species diversity—in areas
with sparse vegetation.
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Appendix

Table S1 Coverage, habitat type, plant diversity, and dominant species in study plots

Plotid Coverage Altitude Habitattype Richness H D E Dominant species

2 4 1331.0  Semi-fixed 3 080 045 0.72 Salsola collina
3 14 1330.0  Semi-fixed 3 076 043 0.70 Ulmus pumila
5 53 1334.0 Semi-fixed 4 113 0.63 0.81 Polygonum divaricatum
6 11 1329.0 Semi-fixed 5 1.09 0.53 0.67 Salsola collina
7 26 1328.0  Semi-fixed 3 078 045 0.71 Polygonum divaricatum
10 6 1329.0 Semi-fixed 4 096 051 0.69 Salsola collina
12 11 1330.0 Semi-fixed 4 128 0.69 0.92 Salsola collina
15 17 1323.0  Semi-fixed 5 146 0.74 091 Polygonum divaricatum
16 26 1323.4  Semi-fixed 8 1.71 0.78 0.82 Potentilla supina
17 9 1326.0 Semi-fixed 5 1.08 0.56 0.67 Salsola collina
18 20 1329.1 Semi-fixed 5 146 0.74 091 Lappula myosotis
19 25 1328.0  Semi-fixed 4 124 0.69 0.89 Polygonum divaricatum
20 8 1321.0  Semi-fixed 5 1.07 053 0.66 Echinops davuricus
21 8 1324.0  Semi-fixed 4 077 039 0.56 Salsola collina
22 5 1322.0  Semi-fixed 4 1.05 0.58 0.76 Agropyron mongolicum
23 4 1323.7  Semi-fixed 3 1.05 0.64 0.96 Potentilla supina
24 22 1324.0  Semi-fixed 5 143 0.74 0.89 Polygonum divaricatum
25 11 1322.0  Semi-fixed 6 1.59 0.77 0.89 Phragmites australis
26 40 1321.0  Semi-fixed 5 145 0.74 0.90 Bromus ircutensis
27 37 1321.0  Semi-fixed 4 1.08 0.62 0.78 Potentilla supina
28 12 1326.4 Semi-fixed 5 094 046 0.59 Leymus chinensis
29 27 1325.0  Semi-fixed 4 127 0.69 092 Polygonum divaricatum
30 13 1326.0  Semi-shift 3 096 0.59 0.87 Artemisia ordosica
31 15 1327.4  Semi-shift 4 1.05 0.60 0.76 Artemisia ordosica
32 22 1330.0  Semi-shift 2 0.68 049 098 Artemisia ordosica
33 10 1326.8  Semi-shift 3 063 034 0.57 Leymus secalinus
34 24 1329.0  Semi-shift 3 093 0.57 0.84 Artemisia ordosica
35 14 1325.0  Semi-shift 4 126 0.69 091 Artemisia ordosica
36 13 1323.3  Semi-shift 5 126 0.66 0.79 Artemisia ordosica
37 10 1324.0  Semi-shift 4 121 0.67 0.87 Agropyron mongolicum
38 11 1323.6  Semi-shift 4 124 0.68 0.89 Artemisia ordosica
39 15 1321.3  Semi-shift 3 095 056 0.86 Polygonum divaricatum
40 32 1324.0  Semi-shift 2 064 044 092 Artemisia ordosica
42 29 1323.0  Semi-shift 4 127 0.69 0.92 Polygonum divaricatum
43 9 1322.0  Semi-shift 6 137 0.66 0.76 Agropyron mongolicum
44 8 1322.0  Semi-shift 3 074 045 0.67 Salsola collina
45 14 1319.0 Lowland 5 149 0.75 0.93 Agropyron mongolicum
46 25 1322.5 Lowland 4 1.00 053 0.72 Leymus secalinus
47 25 1319.2 Lowland 6 138 0.69 0.77 Leymus secalinus
48 26 1319.0 Lowland 6 131 0.61 0.73 Agropyron mongolicum
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Table S2 The name, formula, and ecological meanings of spectral indices used in the present study 3
Order | Name Formula Ecological meanings Reference
Anthocyanin Reflec- 1 1 . Gitelson et
1 tance Index 1 (ARI1) ARI1 = EE— one measure of stressed vegetation al., 2001
, Anthocyanin Reflec- R1a 1 1 isa s%mwmom:o: to %o. ARI _m%m:%o- Liuetal.,
tance Index 2 (ARI2) =Pgoo|— ——— Ho.ﬁm ugher oos.omsqmso:m of anthocy- 2022
Psso  P700 anins in vegetation.
Atmospherically Resis- . . . an enhancement to the NDVT that is
3 tant Vegetation Index ARVI = Psoo — [Peso — ¥ (Paso ~ Peso)] relatively resistant to atmospheric Mmsﬂw ws%w: ot
(ARVI) Pgoo + [Peso — ¥ (Paso — Peso)] factors -
4 | Enhanced Vegettion | oo (NIR — Red) izing the vegetation signal i areas | Hucte etl-
Index (EVI) (NIR +6 «Red — 75 = Blue + 1) of high leaf area index 2002
is more sensitive to a wide range of
5 Green Atmospherically CARI — NIR — [Green — y(Blue — Red)] chlorophyll concentrations and less Gitelson et
Resistant Index (GARI) "~ NIR + [Green — y(Blue — Red)] sensitive to atmospheric effects than al., 1996
NDVI.
6 Green Chlorophyll In- GCl = PNIR v _1q to estimate leaf chlorophyll content Gitelson et
dex (GCI) Green across a wide range of plant species. al., 2003
This index was originally designed
Green Difference Vege- _ A with color-infrared photography to Sripada et al.,
7 tation Index (GDVI) GDVI = NIR — Green predict nitrogren requirements for 2006
corn.
Green — Red) + (Green — Blue to measure évomﬁ.o.o,\oﬁ where the red, ..
8 Green Leaf Index (GLI) | GLI = ( - h,_:mm:w n mam 7+ Blue ) green, and blue digital numbers (DN5s) Wo:wwmﬂr_ ot
range from 0 to 255. ”
This index was originally designed
Green Normalized Dif- (NIR — Green) with color-infrared photography to Gitelson et
9 ference Vegetation Index | GNDVI = NIR + Groem) predict nitrogren requirements for al.. 1998
(GNDVI) ( + Green) corn. This index is more sensitive to ”
chlorophyll concentration than NDVI.
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This index is similar to NDVT except =S
Green Optimized Soil NIR — Gr that it measures the green spectrum . -
10 Adjusted Vegetation GOSAVI = - roen from 540 to 570 nm instead of the red wm_%mm dactal,
Index (GOSAVI) NIR + Green + 0.16 spectrum. This index is more sensitive
to chlorophyll concentration than NDVI.
1 Green Ratio Vegetation GRVI — NIR sensitive to photosynthetic rates in Sripada et al.,
Index (GRVI) " Green forest canopies 2006
This index was originally designed
Green m.o: Adjusted ~ (NIR — Green) 2::.86?5@@8& wrﬁom@wr% to Sripada ct al.,
12 Vegetation Index (GSA- | GSAVI = 1.5 = - £ predict nitrogren requirements for 2006
VI) (NIR + Green +0.5) corn. It is similar to SAVI, but it sub-
stitutes the green band for red.
GVI = (—0.2848 « TM,) - o o
Green Vegetation Index (0.7243 xTM,) + (0.0840 « TMs) + ( —0.1800 « TM5) This index mintmizes the omoo._»,m. of Kauthet al.,
13 (GVI) background soil while emphasizing 1976
+(—0.2435+TM;) + (—0.5436  TM3) + green 14vegetation
Global Environmen- L . - .
o Red —0.125 is similar to NDVI but is less sensitive | Pinty et al.,
14 tal Monitoring Index GEMI = eta(1—0.25 ~ eta) — 1 — Red to atmospheric effects. 1992
(GEMI)
15 Infrared Percentage Veg- IPVI = NIR Like NDVI, is computationally faster. | Crippen et
etation Index (IPVI) "~ NIR + Red Values range from 0 to 1. al., 1990
This index indicates the relative abun-
dance of chlorophyll.It is designed
Modified Chlorophyll primarily to amplify the leaf-level Zarco-Teiada
16 Absorption Ratio Index | MCARI = [(p790 — Ps70) — 0-2(P700 — Ps50)] * (P700/Pe70) | chlorophyll signal, thereby indicating ot al mom P
(MCARI) vegetation “physiological health and °

nutritional status,” rather than canopy
structure or biomass.
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This index can more accurately and
consistently characterize the canopy’s
“green biomass” and its “gross prima-

10§

Modified Chlorophyll MCARI2 = 1.5[2.5(pso0 — Ps70) — 1.3(Pso0 — Psso)] ry productivity potential.” It remains | ;o\ L
17 Absorption Ratio Index R sensitive to variations in leaf area al.. 2004
Improved (MCARI2) /\ (2 * pgoo + 1)? = (6 * Psoo — 5 * \/Ps70) = 0.5 | index even in dense, high-biomass N
stands where NDVI tends to saturate,
and it minimizes the influence of
changing chlorophyll concentrations
This index is an enhancement to the
18 Modified Non-Linear (NI R?* —Red) * (1 +1L) Non-Linear Index (NLI) that incor- Yang et al.,
Index (MNLI) MNLI = NIR? + Red + L porates the Soil Adjusted Vegetation 2021
Index (SAVI)
Modified Soil Adjust- 5 It reduces soil noise and increases .
19 ed Vegetation Index 2 MSAVI2 = 2+NIR +1- (2 NIR +1)* — 8(NIR — Red) the dynamic range of the vegetation W%M al,
(MSAVI2) 2 signal.
Modified Triangu- Haboudane et
20 lar Vegetation Index MTVI = 1.2[1.2(pgoo — Pss0) — 2.5(Ps70 — Ps50)] suitable for LAI estimations al.. 2004
MTVI) i
Zo&mo.a Triangular MTVIZ = 1.5[pgo0 — Psso — 2-5(Ps70 — Psso)] . Eitelet al.
21 Vegetation Index - Im- a better predictor of green LAI 2007 ’
proved (MTVI2) z\mw * Pgoo + 1)% — (6 * pgoo — 5 * |/ Pe70) — 0.5
2 Normalized Difference NDMI — (P795 — Ps9o) This index highlights muddy or shal- Liuetal.,
Mud Index (NDMI) ~ (P79s + Psgo) low water pixels 2022
Optimized Soil Adjust- NIR — Red . . . .
23 ed Vegetation Index 0SAV] — ( ed) is best used in areas with relatively Wmomm etal,
(OSAV]) (NIR + Red + 0.16) sparse vegetation
24 PCA-cv Coefficients of variation in principle
components
Renormalized Differ- NIR — Red .
25 ence Vegetation Index RDVI = _(NIR — Red) to highlight healthy vegetation W_osﬁ MMHW ot
(RDVI) +f m?:.m + mm&v al.,
Red Green Ratio Index ~ Yo% R indicates the relative expression of leaf Gamon et al.,
26 RGRI = ———— redness caused by anthocyanin to that
(RGRI) %% R. 1999
=500 of chlorophyll.
7 Soil Adjusted Vegetation | ¢, _ 1.5 = (NIR — Red) This index is best used in areas with Huete et al.,
Index (SAVI) N relatively sparse vegetation 1988

(NIR + Red + 05)
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SGI is the mean of reflectance across the 500 nm to 600 nm

This index is used for detecting chang-

Lobell et &.m

28 Sum Green Index (SGI) portion of the spectrum. es in vegetation greenness. 2003
This index indicates the relative abun-
dance of chlorophyll.It is highly sen-
Transformed Chloro- D700 sitive to chlorophyll concentration; by Haboudane ot
29 phyll Absorption Reflec- | TCARI = 3 Tbéo — Pe70) — 0.2(P700 — Pss0) ﬁ|v_ amplifying the chlorophyll absorption al. 2004
tance Index (TCARI) Pe70 trough, it rapidly and quantitatively v
reflects vegetation nitrogen status and
early physiological stress.
Transformed Differ- o . : Bannari et
NIR — Red
30 ence Vegetation Index TDVI =15 ﬁ ( ) _ wow monitoring vegetation cover in al., 2002
(TDVI) VNIRZ + Red + 05 urban environments.
| @ Y G Aeneon)( v Raymond et
H.mesmc ar Greenness _ \/Red — “Blue){PRed ~ PGreen) — \ARed — AGreen){PRed — PBlue) | -, : : m._; 2011
31 Index (TGI) TGl = 5 it is suitable for RGB cameras.
3 Visible Atmospherically VARI = Green — Red to estimate the fraction of vegetation Gitelson et
Resistant Index (VARI) " Green + Red — Blue in a scene al., 2002
Wide U.VSNS:O Range _ (a*NIR — Red) is more sensitive to a wider range ow. GITELSON
33 Vegetation Index (WDR- | WDRVI = vegetation fractions and to changes in
(a * NIR + Red) et al., 2004
VI) LAL
14 WorldView Improved WIVI = (NIR2 — Red) The common range for green vegeta- | Wolfet al.,
Vegetative Index(WIVI) ~ (NIR2 + Red) tion. 2010
WorldView Non-Homo- . . .
Red Edge — Coastal
35 geneous Feature Differ- | WNHFD = (Re ge oastal) to _ao::@ features that contrast highly | Wolf et al.,
against the background. 2010

ence (WNHFD)

(Red Edge + Coastal)
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