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Abstract. Coastal wetlands are among the most valuable ecosystems globally, due to the high ecological function of their
structurally complex vegetation communities. However, there remains a lack of vegetation structural complexity (VSC)
indicators tailored for coastal wetland applications. Here, we developed a new VSC index, vegetation structure relative
entropy (VSRE), based on a measure of the asymmetry of the difference between two probability distributions. While the
currently used VSC index all fail to capture the discrete and continuous complexity gradients of coastal vegetation
communities, VSRE demonstrated ideal performance in these applications, exhibiting strong robustness across varying point
cloud densities. By applying this indicator to 1,337 LiDAR samples of natural coastal vegetation, we used Alpha Earth
Foundation data and a deep learning model to create a seamless VSRE spatial map of coastal wetlands in China at high
spatial resolution (10 m) and high accuracy (R* = 0.96). VSRE mapping provides crucial ecosystem structural information
beyond vegetation classification data and conventional optical indices, highlighting the high spatial heterogeneity of VSC in
coastal wetlands. This study offers a valuable foundation for prioritizing conservation areas and enhancing the resolution and

accuracy of coastal zone ecological modelling.
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1 Main

1.1 Introduction

Coastal wetlands, including saltmarshes, mangroves, and tidal flats, are among the world's most
valuable ecosystems, rich in ecosystem services(Costanza et al., 1997). They not only fix and stabilize
blue carbon at a rate far exceeding that of terrestrial ecosystems(Mcleod et al., 2011), which
significantly mitigates climate change(Temmerman et al., 2013), but also defend shorelines from storms,
purify water quality, and nurture fishery resources, thus bringing substantial benefits to coastal
residents(He et al., 2025). In coastal ecosystems, these useful functions and services are realized by
different functional groups of vegetation. The differences in the their abilities to provide ecosystem
services are determined by the structures of these groups(Lafond-Hudson and Sulman, 2023), that is,
"structure determines function", which has been extensively confirmed by studies at scales from
individuals to ecosystems(Holling, 1987; Chambers et al., 2007; Robinson et al., 2010; Loreau et al.,
2001). Therefore, effectively and objectively quantifying the structural characteristics of coastal
wetlands enables us to better estimate and predict ecosystem service provision.

Light detection and ranging (LiDAR) technology efficiently captures detailed structural
information about ground features (Guo et al., 2020) and demonstrates superior capability for
characterizing vegetation structure compared to traditional optical and radar methods(Dassot et al.,
2011). LiDAR monitoring generates accurate spatial representations of plant structural elements as
point clouds through high-precision, three-dimensional positioning measurements(Lohani and Ghosh,
2017). Numerous indicators of vegetation structural complexity (VSC) have been developed over time

using LiDAR data to quantify ecosystem structural attributes(Bergen et al., 2009). Examples of indices
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recognized as effective in quantifying vegetation structure include the horizontal structural index
(canopy coverage)(Tang et al., 2019), the vertical structural index (foliage height diversity)(Macarthur
and Macarthur, 1961), and integrated indices such as canopy rugosity(Parker and Russ, 2004), fractal
dimension(Theiler, 1990), and canopy entropy(Liu et al., 2024). Among these, integrated VSC indices
comprehensively quantify both vertical and horizontal structural attributes, exhibit broad applicability
and representativeness, thereby dramatically enhancing our understanding of terrestrial ecosystems
represented by forests (Ehbrecht et al., 2021). However, their potential application in coastal wetlands
has not yet been explored, which has become a key factor limiting our understanding of their
relationship with ecosystem function and structural characteristics.

A significant ecological characteristic of coastal wetlands is their periodic inundation by ocean
tides and their soft, muddy, or organic soils, which contain abundant water and salt (He et al., 2025;
Yando et al., 2023). This unique environment supports vegetation communities typically characterized
by open-canopy succulents, graminoids, and mangroves, which differ substantially from terrestrial
forest ecosystems(Lafond-Hudson and Sulman, 2023). Although coastal wetland vegetation generally
exhibits lower average height and species diversity per unit area compared to forest ecosystems(Simard
et al., 2019; He et al., 2025), the interference introduced by dense mixtures of herbaceous and woody
vegetation, as well as interspersed water surfaces(Moffett et al., 2015), simultaneously imposes
unprecedented demands on the sensitivity and robustness of VSC indicators. Additionally, challenging
field conditions in coastal wetlands limit the collection of empirical survey data (Webb et al., 2013),
resulting in very few studies testing the effectiveness of existing VSC indicators in coastal settings

(Weilhoefer, 2011) and even fewer developing indicators specifically adapted to coastal ecosystems.
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In this study, we used the world's largest water-level-controlled field site on Chongming Island,
Shanghai, China (Fig. 1) to develop a LiDAR-based index, termed vegetation structure relative entropy
(VSRE), capable of effectively quantifying VSC in coastal wetlands. We segmented the point clouds
horizontally using a set of three-dimensional sliding windows with variable scales to capture local and
regional features. Voxel-based histograms were statistically modelled within each window to ensure
robustness against variations in point cloud density (PCD). VSRE was quantified using relative entropy
(RE, also known as the Kullback—Leibler divergence) (Cover and Thomas, 1991), computed vertically
within each window, and then averaged across windows to enhance robustness across varying scales.
We subsequently applied the VSRE algorithm to 18 field plots (each 60 x 60 m) that were classified
into three groups reflecting increasing levels of VSC and tested its discriminative ability at varying
point cloud densities.

Furthermore, by integrating vegetation biomass sampling data from these plots, we evaluated
whether VSRE exhibited significant correlations with biodiversity across the sampled plots. We
conducted similar evaluations for other commonly used VSC metrics to assess VSRE's performance
comparatively. Finally, we applied our methodology to LiDAR datasets from 1,336 coastal vegetation
sites (covering China's 18,400 km coastline) and corresponding vegetation type data from 2022 to
characterize variations in VSC across natural vegetation communities within coastal wetlands.
Leveraging the Alpha Earth Foundation (AEF) dataset and deep learning models, we present a high-
resolution (10 m) seamless mapping of coastal VSRE.

1.2 Description

1.2.1 LiDAR data collection in the fixed plot and field plots
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This study was based on the world's largest water-level-controlled wetland experimental plot, the
Dongtan Ecosystem Experimental Plot (Fig. 1). Established in 2018, the plot has allowed vegetation to
grow entirely under natural coastal wetland conditions. The experimental setup includes three distinct
water levels (-30 cm, 0 cm, and +30 cm), randomly distributed across a 130-hectare coastal wetland.
The site was divided into 18 secondary plots, each measuring 60 x 60 meters, with two open-top
chambers installed within each plot.

Under these conditions, the vegetation communities developed distinct structural types: at the +30
cm tidal level, the community is dominated almost exclusively by P. australis; at the 0 cm level, diverse
herbaceous species form mixed communities; and at the -30 cm level, mixed herbaceous species coexist
with woody plants resembling mangrove structures. These naturally formed communities with
contrasting vegetation structures provided ideal experimental conditions for our study.

We conducted LiDAR surveys over the fixed plot using a DJI Matrices 300 RTK drone equipped
with an L1 LiDAR sensor. Each flight mission covered the entire experimental site to ensure accurate
spatial matching. Point cloud densities were controlled by adjusting flight height and overlap rate,
targeting approximate densities of 50, 100, 250, 500, 1000, 1500, and 2000 points/m?. Datasets
collected at 50 and 100 points/m? were discarded due to excessive absorption by water surfaces. Raw
LiDAR data were processed in DJI Terra for stitching and denoising, and individual secondary plots (50
x 60 m) were cropped to match the spatial extent of the ground survey plots. During cropping, we
prioritized minimizing chamber inclusion while preserving all relevant vegetation features (specific

cropping boundaries are shown in Fig. 1b).
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In addition, we conducted extensive field surveys along China's coastal zones from 2022 to 2023.
We performed numerous scanning missions at major coastal vegetation hotspots using the same drone
and LiDAR setup. LiDAR data collection was scheduled during periods of good visibility and low tide
to ensure high-quality optical imagery for accurate data cropping. We also supplemented forest LIDAR
sampling in Yunhe City, Zhejiang Province, using the same equipment and parameters to improve the
dataset contrast. Across all sites, the collected point cloud densities ranged from 20.89 to 4364.33

points/m?, with an average density of 790.22 points m™.
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Fig. 1 | Overview of fixed plots and spatial layout of field drone sampling sites. a, Spatial distribution of all LIDAR
sampling locations. Blue-green shading indicates sampled provinces, abbreviated with two-letter codes; drone icons
represent the field LIDAR sampling sites, and the orange icon indicates the location of the fixed sampling site. b, LIDAR
sampling conditions within fixed plots and primary vegetation communities surveyed. The LiDAR acquisition ranges under
varying water levels are illustrated using three-color boxes, indicating that VSC decreases significantly as tidal levels rise.
Representative field photos and digital surface elevation profiles from three sampling points are displayed on the right. Field-
collected LiDAR data encompass six typical coastal wetland vegetation types, including succulent herbs (Suaeda spp.,
Scirpus spp.), graminoid vegetation (Phragmites australis, Spartina spp.), mixed marsh communities, and tree-dominated

communities (mangroves).

1.2.2 Fieldwork and quantitative VSC calculation

Because environmental conditions across secondary plots were spatially similar, herbaceous vegetation
exhibited relatively homogeneous growth patterns. Therefore, a tertiary sampling plot measuring 5 x 5
meters was established in the corner of each secondary plot to represent herbaceous vegetation for
biomass assessment. In September 2024, we randomly deployed three 0.5 x 0.5 m quadrats within each

tertiary plot to sample herbaceous plants for species identification. The sampled herbaceous vegetation
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was oven-dried at 70°C until a constant weight was achieved; this final weight was recorded as the
biomass per unit area for herbaceous plants.

For trees, we used the canopy height model (CHM) in LiDAR 360 software to segment individual
trees across the fixed plots and assigned each segmented tree to its corresponding secondary
plot(Fischer et al., 2019). Each tree extracted by the segmentation algorithm was associated with
diameter measurements at breast height (DBH) and crown height. Tree species were identified in the
field (Sapium sebiferum dominated), enabling the selection of appropriate allometric models to estimate
biomass. We subsequently calculated the total tree biomass for each secondary plot using species-
specific binary allometric models based on DBH and tree height(Jucker et al., 2022).

Due to the dense herbaceous vegetation, even if individual counts were possible, the large
discrepancy between herbaceous and tree individuals would make it difficult to apply traditional
biodiversity indices accurately. Therefore, we used biomass rather than individual counts to calculate
the classic Shannon Diversity Index (Cousins, 1991). Specifically, we summed the biomass of
herbaceous and tree species to obtain the total biomass (Biomasswtai) for each secondary plot. The
biomass of each species (Biomass;) was then divided by Biomasswta to calculate the relative biomass
proportion (pi). Finally, the Shannon Diversity Index (H) was calculated for each secondary plot using

Formula 1.

H=— Z P, x In(P) )
_ Biomass; @
' Biomassiprq

1.2.3 Development of vegetation structure relative entropy

9
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We employ a 3D sliding-window approach on the terrain-normalized point cloud (Terrain simulation, in
Supplementary Text) to construct local voxel histograms and use the RE to measure spatial
distribution differences between windows, thereby extracting structural complexity at multiple scales.
RE is a statistical metric that quantifies the discrepancy between two probability distributions. It
characterizes the additional information required to transform a reference distribution into a target
distribution, thus providing a robust measure of distributional deviation.

We first normalize the density distributions within sliding windows to mitigate potential biases,
thereby reducing the influence of local anomalies (e.g., occlusions, water bodies, or data gaps) and
global variations in point density. The VSRE is then computed on these normalized distributions to
quantify spatial heterogeneity in a standardized manner. By adjusting scale-specific sliding intervals and
window sizes, our algorithm enhances the continuity of local features, enabling a spatially explicit
assessment of VSC.

Let P = {(x;,vi, 2z — Z,)}IL, represent the terrain-eliminated point cloud data. Where 2 = f(x,y)
is the estimated terrain height. To capture local variations in point density and spatial structure, the
terrain-normalized point cloud is divided into 3D windows. Let W(Xx,y, z) be a window in space with
ranges (LX, Ly, LZ). The segmentation of P is performed using a sliding window approach, where the

window boundaries are defined as:

xE[mx'(1_0)'Lxr(mx+1)'(1_o)'l'x]
yE[my-(l—o)-Ly,(my+1)-(1—0)-Ly] (3)
AS [mz'Lz'(mz‘l'l)'Lz]

Where m,,m,,m, = [1,..., mM%] € Z* represent the sliding indices. To further mitigate the impact
xr iy, Tz XY,z p g g p

of water bodies and cracks on the horizontal plane, an overlap factor o € [0,1] is introduced. This factor

10
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facilitates information sharing between adjacent windows, enhancing the continuity of local features
and reducing the boundary effect between windows. By setting windows at different scales, local
structural features can be extracted at various spatial resolutions, thus improving the representation of
vegetation structure.

To ensure robustness against point cloud variations, the distribution of points within each window
is modelled through a 3D histogram. Furthermore, the window is uniformly divided into voxels b with
side lengths A x, Ay, A z. For the point cloud data P, within the window, the 3D histogram is defined

as:

|{(xnr Yno Zn) | (xn: Yno Zn) € bijk}l
| P |

H(i,j k) = 4)

The histogram is then normalized (IT) to obtain the spatial distribution of points within the current
window for subsequent quantification of vegetation structure. We use the RE to measure distributional
differences across windows. For two distributions, ® and W representing different sub-windows, the RE
for discrete distributions is defined as:

cpijk + €
RE(D||¥) = ) dylog—— (5)
L ijk T€
i,jk

To ensure numerical stability in RE computation and avoid divergence caused by empty voxels or
extremely sparse regions (where log(0) — o), we introduce a minimal positive constant € to all
probability distributions, thereby eliminating zero-probability elements. In our implementation for field
data, we set € = 1e — 43.43 to standardize the structural complexity metric, constraining all RE scores

to a comparable range of 0-100. Although RE is inherently asymmetric and nonlinear, the VSER

maintains interpretability by averaging window-level scores. Given that RE's sensitivity to distributional

11
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differences follows an exponential differential form (log(p/q)), complexity growth exhibits sub-

exponential scaling, meaning a doubling of VSER scores reflects a substantial increase in structural
heterogeneity (Supplementary Figure S4).

For each vertical layer, the RE is computed for all window pairs, yielding the structural diversity

200 score for the current horizontal block. The overall structural complexity score is obtained by averaging

the structural diversity scores across all horizontal regions:

1 mirax mprax . minax
VSRE=—Z z ZKLH- I1; 6
m;nax . m;nax m;nax . (m;nax _ 1) i’j=1 ( l” ]) ( )
i#j

ﬂ Vegetation
&, Point Cloud Data

- Original Terrain

A A Fitted distribution
Normalized Terrain
. @ sSliding Window

€ % Mean Operation

KL Divergence Operation

Fig. 2 | Framework of the vegetation 3D structural quantification method based on a sliding window and RE. The
205 figure illustrates key technical processes from raw point clouds to vegetation structural parameter extraction: raw point cloud

data undergoes terrain surface fitting and normalization to eliminate topographic relief; 3D sliding windows segment the

12
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space to construct local voxel probability distributions; RE quantifies spatial heterogeneity by computing RE between

adjacent window distributions, characterizing VSC.

1.2.4 Comparison analysis with existing VSC metrics

To further evaluate the effectiveness of VSRE in characterizing vegetation structural complexity (VSC)
in coastal saltmarshes, we compared VSRE with several commonly used LiDAR-derived structural
metrics that represent different aspects of vegetation structure. These metrics were selected to cover
horizontal, vertical, and integrated three-dimensional structures, thereby providing a comprehensive
benchmark for assessing the added value of VSRE. All structural metrics were derived from terrain-
normalized LiDAR point clouds using a consistent processing workflow to ensure comparability across
indices. For each LiDAR sample, ground points were first identified and used to construct a digital
terrain model with a 1 m spatial resolution. The original point clouds were then normalized by
subtracting the terrain surface, and only those returned with non-negative heights were retained for
subsequent calculations.

Mean vegetation height was calculated as the average height of all normalized LiDAR returns
within each sample, reflecting the overall vertical development of vegetation. Canopy cover was
calculated as the proportion of LiDAR returns exceeding a height threshold of 0.2 m, representing the
horizontal occupancy of vegetation elements above the ground surface(Atkins et al., 2018). To describe
vertical structural heterogeneity, foliage height diversity (FHD) was calculated from the vertical
distribution of normalized LiDAR returns(Macarthur and Macarthur, 1961). Point heights were grouped
into vertical layers with a thickness of 0.5 m, and the diversity of point occupancy among these layers
was used to represent the complexity of vertical vegetation organization. To ensure robustness, samples

with insufficient point density were excluded, and empty height layers were not considered in the

13



230

235

240

245

https://doi.org/10.5194/essd-2026-68 Earth System
Preprint. Discussion started: 23 March 2026 Science

© Author(s) 2026. CC BY 4.0 License. g D a t 3

Access
suoIssnasIqg

calculation. Integrated canopy surface complexity was further characterized using canopy surface-based
metrics. A canopy height model (CHM) was generated at a 0.5 m spatial resolution using a point-to-
raster approach. Canopy rugosity was calculated to quantify canopy surface roughness, reflecting the
degree of spatial variation in canopy height(Parker and Russ, 2004).

All five structural metrics were calculated for the same LiDAR samples and spatial extents as
VSRE. By comparing VSRE with metrics emphasizing horizontal structure (canopy cover), vertical
structure (mean vegetation height and FHD), and integrated canopy structure (rugosity and canopy
entropy), this analysis provides a systematic evaluation of whether VSRE captures structural
information beyond that represented by conventional vegetation structural complexity indices,
particularly in the context of coastal saltmarsh ecosystems.

1.2.5 Vegetation classification in coastal China

First, we integrated all Landsat Collection 2 Level-2 TOA data and Sentinel-2 Level-2A-MSI (TOA)
data stored in the Google Earth Engine (GEE) platform(Gorelick et al., 2017). The Landsat series data
includes all available Landsat 8 Operational Land Imager (OLI) images from the United States
Geological Survey, with a spatial resolution of 30m and a ground revisit time of 8 days(Irons et al.,
2012). Sentinel-2 data includes all available Sentinel-2A and Sentinel-2B multi-spectral instrument
(MSI) images from the European Space Agency, with a spatial resolution of 10m and a ground revisit
time of 5 days(Drusch et al., 2012). The dataset has been atmospherically and terrain-corrected, so we
used the QA-Pixel cloud quality function and the Cloudless Probability dataset to remove cloud- and

shadow-covered pixels from Landsat-8 and Sentinel-2 images, respectively(Frantz et al., 2018). To

14
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eliminate differences in sensor bands across satellites, we corrected sensor data using the least-squares
250 method, yielding high-quality remote sensing imagery.

Based on literature research and local pre-classification results, we selected the following four
vegetation indices as key parameters for classification. They include the Normalized Difference
Vegetation Index (NDVI, equation 7), calculated by the difference in absorption between the near-
infrared and red bands. NDVI reflects the health and growth of vegetation. Enhanced Vegetation Index

255 (EVI, equation 8): An improved NDVI index that corrects atmospheric and soil noise, efficiently
reflecting dense vegetation growth. Normalized Difference Water Index (NDWI, equation 9): Based on
the absorption difference in green and near-infrared bands, NDWI indicates surface soil moisture and
vegetation cover. Modified Red Edge Chlorophyll Vegetation Index (M-RECI, equation 10): Reflects
chlorophyll content in nitrogen-nourished leaves, indicating canopy photosynthetic activity. The results

260 were resampled using triple convolution to standardize image resolution.

NDV] — NIR — RED 7
" NIR + RED
EVI = 2.5 x NIR — RED (8)
"™ " NIR+6xRED — 7.5 x BLUE + 1
NDWI — GREEN — NIR ©
" GREEN + NIR
(NIR) 1\
MRECI = % (10)

265 NIR (845-885nm); RED (630-688nm); BLUE (450-515nm); GREEN (530-590nm)

15
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The results are resampled into various vegetation indices through cubic convolution to unify the
resolution.

Due to the latitudinal diversity of China's coastal zone, relying on the large number of ground
samples obtained from our fieldwork, we use 3°-5° (An elastic interval to ensure the integrity of the

270 vegetation hotspot area) as a classification spatial window for targeted parameterization of the machine
learning model. In each spatial window, we divided a year into 24 periods of about 15 days and
averaged all pixels 15 days before and after each pixel period into the same day to compensate for the
pixel loss due to cloud removal. Then, we used the Savitzky-Golay filtering algorithm to smooth the
index time series (Chen et al., 2004). It resulted in an annual vegetation index characteristic distribution

275 map with a temporal resolution of 15 days and a spatial resolution of 30m.

Combining field survey data, we extracted annual spectral time series for different vegetation types
within each spatial window and identified multiple key classification temporal windows. These
temporal windows are easy to identify because our abundant field samples and effective remote sensing
data preprocessing allow the highly distinct physiological characteristics of other vegetation types

280 during a specific phenological period to appear sharply in the time series. During these temporal
windows (usually three), we calculated the mean of the four indicators for each window and obtained
indicators such as the end vegetation growing season (October-December): EVI10-12mean, NDVI10-
12mean, mRECI10-12mean, and NDWI11-12mean, which we used as the final classification features.
In addition, we added the annual mean and variance for each indicator as classification features, as they

285 help distinguish vegetated areas from mudflats.

16
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The corresponding vegetation ground samples (vegetation coordinates) are recorded synchronously.
The ground samples were randomly divided into 7:2:1 as training, validation, and test sets. We used 10-
fold cross-validation to determine the best model parameter settings and excluded classification features
with importance values below a specified threshold within a specific spatial window. We finally used
the random forest model due to its high efficiency and accuracy(Breiman, 2001). In the test set, all
classification accuracy indicators performed well, indicating the robustness of our mapping. The
average OA and Kappa of the classification results were 0.942 and 0.959, respectively (Supplementary
Table S3).
1.2.6 Mapping the VSRE in coastal China
To transition VSRE mapping from a sample-based scale to a wall-to-wall scale, we utilized the recently
released Alpha Earth Foundation (AEF) dataset. This dataset provides 64-dimensional, seamless,
dimensionless, and normalized spatial data, covering a 50 km buffer zone along the coastline at an
annual 10 m resolution. It integrates a variety of data sources, including optical, SAR, LiDAR,
meteorological, topographic, and land use information, and employs deep learning-trained, unlabeled
embeddings. We extracted AEF data across all bands from 1,337 coastal vegetation laser samples.
Several mainstream machine learning and deep learning models were applied, with 10-fold cross-
validation used to assess their robustness and generalizability. The GridSearch algorithm was employed
to optimize hyperparameters, ultimately facilitating the seamless VSRE spatial mapping of the entire
Chinese coastal region in 2022. Ultimately, we selected the MLP model(Pinkus, 1999), which achieved
the following accuracy metrics: R>=0.9613, RMSE = 2.812, and MAE = 1.946 (Supplementary Table

S5, Supplementary Figure S6).

17
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1.2.7 Statistical analysis and software used
To evaluate differences in VSRE, and other vegetation structural metrics among plots with varying VSC,
we applied non-parametric statistical approaches throughout the analysis. For each structural metric,
differences among vegetation types within each PCD level were assessed using the Kruskal-Wallis test.
When significant differences were detected, pairwise comparisons were conducted using Dunn’s post
hoc tests with multiple-comparison adjustment. To examine overall differences among vegetation types
irrespective of PCD, structural metrics were further summarized using group means and standard
deviations, and differences were again assessed using the Kruskal-Wallis test followed by Dunn’s post
hoc comparisons. The relationships between biodiversity and multiple vegetation structural metrics
were analyzed using linear regression models separately for each PCD. Biodiversity was treated as the
explanatory variable, while each structural metric served as the response variable.

All statistical analyses were performed using R (Version 4.3.2). Figures were generated using
Origin Pro 2023 (Version 9.0.0.87), ArcMap Desktop 10.8 (Esri), Adobe Photoshop (Version 25.0,

2023), and Adobe Illustrator (Version 27.9, 2023).

18
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1.3 Result

1.3.1 Effectiveness of VSRE in quantifying hierarchical coastal VSC

The core concept of VSRE is based on relative entropy (RE), a symmetric measure of the difference
between two probability distributions (Cover and Thomas, 1991). Briefly, VSRE quantifies VSC by
comparing the spatial distributions of point clouds. Several hyperparameters critically determine the
sensitivity of VSRE. Among these, the most significant are the box height and step size in the vertical
(Z) direction, which should align with the vegetation height range and minimum growth height within
the targeted ecosystem to achieve effective discrimination. Based on our field measurements, the tallest
plants in our plots were trees at approximately 5 m, and the shortest were herbs at around 0.5 m; thus,
we selected these as the maximum box height and Z-direction step size, respectively. Other

hyperparameters were optimized using a grid search (Supplementary Figures S1 and S2).

Statistical analyses indicated that vegetation structural complexity (VSC) indicators widely
validated in forest ecosystems failed to reliably and accurately differentiate coastal wetland groups with
contrasting VSC levels. Vertical complexity metrics, including mean canopy height (Fig. 3a, P <0.001)
and FHD (Fig. 3¢, P < 0.001), consistently misclassified the medium-VSC group as having the lowest
structural complexity and failed to distinguish between the low- and high-VSC groups across varying
PCD. The horizontal complexity indicator, canopy cover, achieved statistically significant separation
among the three groups; however, it failed to reflect the expected complexity gradient (Fig. 3b),
limiting its interpretability in coastal wetlands.

Integrated structural metrics did not resolve this limitation. Canopy surface rugosity did not

differentiate between low- and medium-VSC groups (Fig. 3d), while canopy entropy, often regarded as
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a more advanced complexity indicator (Fig. 3e), consistently underestimated the complexity of the
medium-VSC group. Moreover, the robustness of canopy entropy declined with increasing PCD. When
PCD exceeded 1500 points m2, this metric no longer reliably distinguished between low- and high-
VSC groups, indicating reduced sensitivity under high-density sampling conditions. In contrast, VSRE
consistently achieved accurate, stable differentiation across groups with distinct VSC gradients. It not
only effectively separated groups across increasing levels of complexity but also maintained a robust

and coherent relationship across varying point cloud densities (Fig. 3f, P < 0.001).
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Fig. 3 | Comparison of the effectiveness of VSRE and other common VSC indicators in distinguishing coastal plots
with varying VSC. (a), mean vegetation height; (b), canopy cover; (¢), FHD (foliage height diversity); (d), canopy rugosity;
(e), canopy surface entropy, and (f) VSRE. For each metric, statistical differences among the three VSC groups (low,
medium, and high) were tested separately within each of the five PCD levels. Within each PCD level, we first applied a
Kruskal-Wallis test to evaluate overall group differences, followed by Dunn’s post hoc tests with Benjamin—Hochberg
correction for pairwise comparisons among different VSC groups. Boxplots show the distribution of metric values for each
group within each PCD. The horizontal line inside each box indicates the median, the box bounds represent the interquartile
range, and whiskers indicate the non-outlier range (outliers were not displayed). Black diamond markers indicate group
means. Different letters above boxes denote significant pairwise differences among groups within the same PCD, while
identical letters indicate non-significant differences. Asterisks above each PCD denote the significance of the Kruskal—
Wallis test for that metric at the corresponding PCD (P < 0.05, *P < 0.01, **P < 0.001; ns, not significant). Groups with low,

medium, and high VSC are color-coded in red, yellow, and green, respectively.

1.3.2 Robustness of VSRE quantifying hierarchical coastal VSC with varying PCD

A common practical challenge is that researchers often cannot acquire LiDAR data with comparable
point cloud densities across large study regions. To address this issue, we further pooled samples across
all PCD levels to evaluate the robustness of different VSC metrics when applied to datasets with mixed
PCD.

The statistical results showed that, under this mixed-PCD scenario, all VSC metrics significantly
distinguished among the three structural complexity groups at a general level (P < 0.001). However,
mean vegetation height, canopy cover, FHD, and canopy entropy consistently misclassified the
medium-VSC group as having the lowest structural complexity (Fig. 4a, b, ¢, e, P < 0.001). Canopy
surface roughness failed to differentiate between the low- and medium-VSC groups (Fig. 4d, P <0.001).
Although all metrics (except canopy cover) still significantly separated the low- and high-VSC groups,
their discriminatory power was limited when differences in structural complexity were relatively small.
This pattern indicates that commonly used VSC metrics exhibit low sensitivity in coastal wetlands

dominated by herbaceous vegetation communities, particularly when PCD varies. In contrast, VSRE
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(Fig. 4f, P < 0.001) maintained stable, robust discrimination, accurately ranking the three complexity
groups based on significant inter-group differences, even when samples from multiple point cloud

densities were combined.
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Fig. 4 | Comparison of the robustness of VSRE and other common VSC indicators with varying PCD. (a), mean
vegetation height; (b), canopy cover; (¢), FHD (foliage height diversity); (d), canopy rugosity; (e), canopy surface entropy,
and (f) VSRE. Bars indicate group means, and error bars denote the corresponding standard deviations. The Kruskal-Wallis
test is applied to evaluate overall group differences, followed by Dunn’s post hoc tests with Benjamin—Hochberg correction
for pairwise comparisons. Different letters above boxes denote significant pairwise differences among groups. Groups with
low, medium, and high VSC are color-coded in red, yellow, and green, respectively.
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1.3.3 Effectiveness of VSRE quantifying VSC in a continuous gradient with varying PCD
Compared to the qualitative assessment of VSC by human observers, a more common phenomenon in
natural vegetation communities is a continuously varying VSC. To address this, we used the Shannon
diversity index, calculated based on biomass data, to simulate continuous changes in VSC within
natural ecosystems. The original human-defined complexity classifications for the 18 plots were
replaced with a quantitatively objective VSC, measured by the Shannon index, which quantifies the
uniformity of vegetation biomass distributions within each plot.

Regression analyses indicated that commonly used vertical or horizontal VSC indicators, including
vegetation height, canopy cover, and FHD, failed to capture the continuously varying structural
complexity of coastal wetland vegetation (Fig. Sa—c, P > 0.05). Canopy entropy showed relatively
better performance under high point cloud density conditions (Fig. Se, R? =0.41"", PCD = 1500 pt m™),
but its sensitivity markedly decreased at lower point cloud densities (R? =0.23, PCD = 250 pt m? ). In
contrast, canopy surface roughness (Fig. 5d, P < 0.01) and VSRE (Fig. 5f, P <0.001) exhibited clear
linear relationships with vegetation structural complexity across all point cloud density levels. Moreover,
VSRE achieved substantially higher goodness-of-fit than canopy roughness and consistently satisfied

the assumption of normality, indicating a more stable, robust data structure.
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Fig. 5 | Linear trends in VSC indices with increasing quantitative complexity. (a), mean vegetation height; (b), canopy
cover; (¢), FHD (foliage height diversity); (d), canopy rugosity; (e), canopy surface entropy, and (f) VSRE. Low-to-high
405 point cloud densities are represented by a color gradient from dark brown to dark green. Statistical test results and methods

are annotated on the left side of each subplot.

1.3.4 Structural diversity of natural vegetation in coastal China
We applied the VSRE algorithm to 1,337 LiDAR samples (each 25 x 25 m) collected from coastal
regions of China. To accommodate the maximum potential height of mangroves in these areas (with 95%

410 of individuals <10 m), we adjusted the maximum box height and Z-axis step size to 10 m and 0.5 m,
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respectively. Additionally, we modified the scaling constant to 1e™* to expand the VSRE values into a
more interpretable 0—100 range (Methods).

The results revealed significant differences in VSRE among coastal vegetation communities (P <
3.3x10'!!, Fig. 6). Mangrove communities exhibited the highest VSRE (median VSRE = 22.70),
significantly exceeding the values observed in all other vegetation types. Graminoid-dominated
communities, including P. australis marshes, mixed marshes, and Spartina spp. stands, showed
intermediate VSRE values (median VSRE p. austraiis = 19.32, median VSRE mixed marshes = 13.19, median
VSRE spartina spp. = 11.49). Succulent-dominated (Suaeda spp.) and prostrate (Scirpus spp.) communities
exhibited the lowest VSRE values (median VSREscipus spp. = 7.90, median VSREsueada spp. = 5.77), with
no significant difference between them. Moreover, vegetation types with higher median VSRE tended
to exhibit greater variability in VSC values, suggesting greater structural heterogeneity. Nevertheless,
the overall VSC of coastal vegetation remains much lower than that of terrestrial forest ecosystems
(VSREforest = 38.03, Supplementary Table SS1). Finally, robustness tests confirmed that adjusting the

scaling constant did not alter the statistical relationships among indicators (Supplementary Figure S4).
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Fig. 6 | VSRE distributions across natural coastal vegetation communities. The frequency distributions of VSRE values
for different plant communities are shown. Black dashed lines on a white background indicate the median VSRE for each
vegetation community. White circles within the distribution curves represent the density of the sample point clouds. The
overall median VSRE across all samples is also visualized with a black dashed line, while the grey curves indicate the
maximum and minimum values observed. Kruskal-Wallis tests followed by Dunn's post hoc tests were used to assess

significant differences in VSRE among vegetation communities.

1.3.5 Mapping wall-to-wall VSRE in coastal China

We incorporated the newly released AEF dataset (Brown et al., 2025), a dimensionless embedding of
multidimensional spatial data (Methods). Using 1,337 laser quadrats collected in the field as training
data, we employed a deep learning model (MLP) to generate a seamless spatial map of the VSRE for

the Chinese coastal zone in 2022 at a 10 m resolution. Additionally, we conducted species-level
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vegetation classification for the coastal zone and mapped the average EVI during the growing season
(Fig. 7-8, 2)(Qi et al., 2026).

The mapping results reveal significant shifts in vegetation community species composition from
north to south along China's coast (Fig. 7). Low-latitude regions (20°N~25°N) are dominated by
mangrove communities, while high-latitude regions (35°N~40°N) are primarily populated by Suaeda
spp. and P. australis. Mid-latitude areas (25°N~35°N), particularly the Yangtze River Delta, exhibit
richer species compositions and the largest expanses of coastal vegetation.

The VSRE mapping further describes the detailed spatial distribution of VSC. We observed a
significant latitudinal gradient in VSC across China's coastal zones, with both the mean and the variance
of vegetation structural complexity decreasing with increasing latitude. Estuarine regions, such as the
Liaohe River Estuary, Yellow River Estuary, and Yangtze River Estuary, host coastal vegetation types
with more complex structures, exhibiting higher VSRE variance compared to smoother coastlines.
Zoom views of several coastal vegetation hotspots further emphasize the additional insights provided by
VSRE mapping (Fig. 8). High spatial variability in VSRE was observed across multiple estuarine areas
within the same vegetation type, revealing unexpected structural diversity influenced by tidal level and
developmental age, which is hard to detect from a general observation method.

Overall, the quantification provided by VSRE enables researchers to move beyond species-level

classifications and supports further quantitative analysis of VSC.
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Fig. 7 | Spatial distribution of VSRE across coastal China. a, Vegetation composition across different coastal regions.
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vegetation area within each 5° x 5° grid cell. b, Regional variation in VSRE. VSRE values are visualized using a color
gradient from red (low complexity) to green (high complexity), while the circle sizes represent the normalized variance of

VSRE within each 5° x 5° grid cell.
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1.4 Discussion

1.4.1 Theoretical and practical advantages of VSRE in coastal wetlands

The concept of entropy originates from physics, where it describes the degree of disorder within a
system. Since Shannon introduced it into information theory, information entropy has been widely
applied in digital information processing(Cover and Thomas, 1991). More recently, following previous
work using information entropy to point cloud data to quantify forest canopy complexity(Liu et al.,
2022), many studies have been conducted in-depth analyses of the ecological functions and structural
characteristics of forest canopies based on this concept(Liu et al., 2024; De Conto et al., 2024; Wang et
al., 2023). However, a counterintuitive issue arises: the behaviour of information entropy does not align
well with an intuitive understanding of VSC in ecological applications. The concept of information
entropy in spatial point clouds is the accuracy with which points appear at specific spatial locations.
Mathematically, the maximum value of information entropy occurs when the probability of the point
cloud distribution is uniform across space, meaning a single point can appear randomly anywhere.
Conversely, the minimum value occurs when all points are concentrated at a single location. This
property implies that ecosystems typically regarded as having high VSC (e.g., mature forests) may
exhibit lower calculated information entropy than ecosystems with relatively low VSC (e.g., secondary
plantations). This inconsistency arises because informational disorder is not equivalent to structural
disorder. In practice, before the point cloud reaches spatially saturated, the relationship between
information entropy and VSC typically follows a unimodal curve, reaching a quadratic peak upon cloud

point saturation (Fig. 9). This phenomenon explains why, in our results, the group exposed to high
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water levels, despite having significantly lower VSC, exhibited higher calculated CE and FHD values

compared to the medium water level group with higher actual VSC (Fig. 3b).

Theoretical
maximum

O CE/FHD
O VSRE

VSC index

A 4

Ok ) é
VSC=0 ~ Increasing VSC

Fig. 9 | Theoretical trends of VSRE and CE/FHD as VSC increases.

RE differs from information entropy. RE measures the divergence between probability
distributions, directly quantifying their differences(Baez and Pollard, 2016). Our approach uses
regionalized point cloud data to generate multiple discrete spatial distributions, allowing us to assess the
overall structural similarity. This method aligns closely with our intuitive understanding of VSC;
greater structural reproducibility indicates lower VSC. Moreover, VSRE is computationally efficient.
Rather than relying on kernel density estimation, VSRE performs discrete frequency statistics within
voxelized boxes, greatly enhancing processing speed. In testing, we found that for a single 25 x 25 m
LiDAR sample, VSRE operated at approximately 10 times the efficiency of the CE algorithm, with

computational efficiency increasing nearly exponentially as point cloud density rises (Supplementary
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Figure S5). This high computational efficiency enables direct comparison of the original 3D point
cloud's structural distributions without preprocessing steps such as resampling or projection, which can
otherwise degrade information fidelity. As a result, VSRE significantly improves model sensitivity to
subtle structural differences. Finally, VSRE provides a rich set of adjustable parameters and robust
responses to point cloud characteristics, particularly regarding the step size and maximum height in the
Z direction. Researchers can fine-tune these parameters to detect VSC differences across ecosystems
with varying structural traits, provided that the sample size is sufficiently large or that point cloud
densities are comparable in magnitude.

1.4.2 VSC of coastal wetlands in China

By deploying the VSRE algorithm across 1,337 LiDAR samples collected along coastal China and
integrating species-level vegetation classification mapping, we achieved a comprehensive
understanding of VSC at both the species and regional scales (Fig. 4-6, Supplementary Table S2).

Our mapping revealed significant differences in VSC among coastal vegetation types, not only
between different species but also within the same species across different regions. Differences in VSC
among species may be attributed to variations in productivity, stress resistance, and growth cycles(Qi et
al., 2024; Kirwan and Megonigal, 2013; Duarte et al., 2013; Mathis et al., 2024). Mangrove
communities, characterized by high productivity and extended growth cycles(Rovai et al., 2018),
exhibited higher VSC, while Scirpus spp. and Suaeda spp., which allocate more resources toward stress
resistance, demonstrated relatively lower VSC(Lafond-Hudson and Sulman, 2023; Sun et al., 2022).
Intraspecific differences in VSC appear to be influenced by local growth conditions and human

disturbance. For example, P. australis, a species widely distributed along China's coast, exhibited the
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highest mean VSC in Shanghai (VSREmean = 21.84), surpassing even the mangroves in Guangxi
(VSREmean = 20.92). It can be attributed to the dominance of P. australis in the long-protected Dongtan
National Wetland in Shanghai, where favorable conditions support more structurally complex
growth(Qi1 et al., 2024).

Additionally, the range of VSC within species is likely associated with the plants' intrinsic growth
characteristics. Mangroves, with growth cycles of 5 to 10 years, can exhibit substantial structural
variation among individuals of different ages, as in terrestrial forests, resulting in a wide range of VSRE
values. In contrast, most salt marsh plants exhibit relatively simple, repetitive growth forms, resulting in
unimodal frequency distributions of VSRE (Lafond-Hudson and Sulman, 2023). It is noteworthy that
previous studies have shown that intertidal ecosystems often lack latitudinal diversity gradients
(Thyrring and Harley, 2024), a conclusion supported by our coastal vegetation species mapping (Fig. 5).
However, VSC, as characterized by VSRE, exhibits a transparent latitudinal gradient in both mean and
variance (Fig. 6). This discrepancy suggests that structural complexity may be a more suitable and
universally applicable functional characteristic for both terrestrial and marine ecosystems.

1.4.3 Limitations and Uncertainties

Although VSRE offers significant advantages in principle and computational efficiency, it still presents
several limitations that should not be overlooked. First, a necessary prerequisite must be emphasized:
the information purity of point cloud data. Specifically, the spatial distribution of the point cloud should
accurately reflect the vegetation's actual structure, without significant distortion from sampling methods
or external factors. A major challenge in applying VSRE to airborne or satellite-borne laser data is the

potential information distortion caused by dense canopy cover, which may impact modelling
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accuracy(Wulder et al., 2012). In this study, the application of VSRE in coastal ecosystems with
inherently open canopies minimizes concerns about canopy-induced data distortion. However, we argue
that correcting canopy oversampling in CE algorithms using resampling methods may not be
appropriate. Since forest structures are typically dense at the canopy and sparse near the ground,
resampling can remove key information and introduce noise. Further empirical validation is required to
determine whether such corrections can effectively balance noise reduction and information retention.
In addition, algorithms based on RE face two theoretical limitations, although these conditions are
rarely encountered in natural ecosystems. When VSC is exceptionally high, and the spatial point cloud
becomes saturated, RE values may decrease sharply toward zero. Additionally, when structures involve
simple rearrangements of identical elements, such as clusters of uniform vegetation point clouds
distributed across different spatial locations, RE may be unable to differentiate them due to the
isentropic nature of such configurations. Finally, we acknowledge that the calculation of VSRE remains
sensitive to point cloud density. Although this sensitivity diminishes substantially with a large sample
size, we recommend using laser datasets with comparable point cloud densities (preferably >250
points/m?) to ensure reliable analysis results.
1.4.4 Implications and Conclusions
Drawing on the world's largest water-level control experiment and the most comprehensive LiDAR dataset of
China's coastal zone, this study developed the VSRE index based on the concept of RE to effectively quantify the
complexity of coastal VSC. Compared to the currently used VSC index, VSRE offers clear advantages in
theoretical foundation, computational efficiency, and range of application. It enables the detailed characterization
of VSC within coastal plant communities. Our findings advance the understanding of growth characteristics in

coastal vegetation and provide an essential scientific basis for developing sustainable coastal management
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policies. Furthermore, given the critical ecosystem services they provide, this study underscores the urgent need

to address the underrepresentation of coastal wetlands in current land-surface models.
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Code availability

The VSRE code used in this study is openly available from GitHub at https://github.com/EmpTyset-phi/VSRE.

Data availability
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