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Abstract: The spatial distribution patterns of salt marsh plant communities and their biomass
provide useful information for monitoring the stability and productivity of coastal salt marsh
ecosystems in space and time. However, the spatial patterns of plant vegetation and its above-
ground biomass (AGB) in a coastal salt marsh remain unclear. This study mapped the spatial
distributions of salt marsh communities and their AGB based on image and LiDAR data ac-
quired by an unmanned aerial vehicle (UAV) in the Yangtze River Estuary. The differences in
vegetation structure and AGB at regions located at different distances from tidal creeks were
also tested. The results show that biomass estimated through a random forest model is in good
agreement (R2 = 0.90, RMSE = 0.1 kg m−2) with field-measured biomass. The results indicate that
an AGB estimation model based on UAV-LiDAR data and a random forest algorithm with high
accuracy was useful for efficiently estimating the AGB of salt marsh vegetation. Moreover, for
Phragmites australis, both its proportion and AGB increased, while the proportion and AGB of
Scirpus mariqueter, Carex scabrifolia, and Imperata cylindrica decreased with increasing distance from
tidal creeks. Our study demonstrates that tidal creeks are important for shaping spatial patterns
of coastal salt marsh communities by altering soil salinity and soil moisture, so reasonable and
scientific measures should be taken to manage and protect coastal ecosystems.

Keywords: coastal salt marsh; biomass estimation model; tidal creeks; LiDAR data; random forest

1. Introduction

Coastal salt marshes are dominated by herbaceous plants that extend along the
intertidal zone and are capable of withstanding high salinity conditions and periodic
inundation because of high tides [1,2]. Salt marsh vegetation is highly productive,
providing breeding, feeding, and overwintering sites for many species [3,4]. Moreover,
salt marshes are recognized as critical blue carbon (C) ecosystems due to their high
primary productivity, biomass regeneration rate, and C sequestration [5,6]. As a
natural carbon sink, salt marsh ecosystems sequester large amounts of atmospheric
carbon dioxide as standing plant biomass and peat deposits [7,8]. The estimation of
aboveground biomass (AGB) is a concern in this study, for which it is closely related
to aboveground carbon storage. Hence, estimating the aboveground biomass (AGB)
of salt marsh vegetation offers helpful information for monitoring the stability in
space and time, productivity, and aboveground carbon stocks of coastal salt marsh
ecosystems [9,10]. However, previous studies on AGB estimation have been mainly
limited to the site level and typically based on a single vegetation type [11,12]. The
biomass density of salt marshes is variable in space, which is difficult to quantify on
the landscape scale.
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Both the spatial pattern and diversity of salt marsh vegetation are significantly
affected by tidal flow and salinity [13,14]. Tidal flow affects the physiological ecology of
plants by engineering low-oxygen and low-light conditions, and salinity directly inhibits
the photosynthetic rate and respiration of salt marsh plants, which regulate the spatial
structure of vegetation and growth of salt marsh plant [15]. The effect of salinity is
typically parallel to that of tides, and salinity decreases with a decrease in tidal flow [16].
As almost ubiquitous features of coastal salt marsh ecosystems, tidal flow is controlled
into the coastal salt marsh by tidal creeks. Tidal creeks also promote material and energy
exchange between salt marshes and the outside sea through tidal fluctuations [17], which
is an essential source of moisture and nutrients in soil required for the growing of salt
marsh plants [18,19]. The distance from tidal creeks is related to the gradient difference of
environmental factors, including tidal flow and soil salinity [20]. Therefore, the distance
from the tidal creek may be an important factor that influences the distribution patterns
and productivity of salt marsh vegetation. Exploring the relationship between them
will improve the understanding of spatial patterns of aboveground C storage in coastal
salt marshes.

Remote-sensing (RS) satellites provide advantages in spatially estimating both
structural and biophysical indexes of salt marsh vegetation, particularly quantifying
the biomass at lower costs, faster pace, and wider scope than the on-the-spot investi-
gation approach [21,22]. Different RS techniques based on optical [23,24], radar [25]
and LiDAR [26,27] data are widely applied to estimate AGB of coastal wetlands. How-
ever, the estimation of salt marsh AGB is restricted by the extent, spectral quality, and
resolution, as well as the effects of shadows using optical sensor data. Radar data are
limited by limited data availability, lack of regular and long-term coverage, data cost,
and complexity of analysis [28]. LiDAR sensors have shown great potential for geometric
data acquisition due to their advantages of being highly reliable and the advantage of
piercing through sparse forests through repeated returns [29]. As an active RS technique,
the application of unmanned aerial vehicles (UAVs) equipped with LiDAR in coastal
system studies has increased over the past 10 years, including mangroves [30,31], coastal
dunes [32,33], and seagrass beds [34]. UAV-LiDAR data can raise the survey and es-
timation of productivity and biomass in coastal salt marshes due to its advantages in
providing higher spatial and temporal resolution [35,36] and have become an affordable
and cost-efficient tool to map salt marsh quickly. For example, the UAV-LiDAR data can
be applied for retrieving the height of plant canopy and estimating AGB, overcoming
the disadvantages of satellite-based RS data [37]. Thus, it may have great potential in
monitoring salt marsh three-dimensional structures in coastal wetlands [38]. However,
to date, few studies have employed UAV-LiDAR data for the estimation of the AGB of
salt marsh vegetation [39]. A general method with high efficiency and high precision
must be constructed to estimate the whole salt marsh vegetation AGB.

To determine the impact of tidal creeks on the spatial distribution of vegetation
communities and their biomass in a coastal salt marsh, this study quantifies the impact
of tidal creeks on spatial patterns of a salt marsh and its AGB in a coastal wetland
under primary succession in Chongming Dongtan of the Yangtze River Estuary. The
purposes of this study are the following: (1) exploring the potential of applying UAV-
LiDAR data in estimating salt marsh vegetation’s AGB; (2) detecting how tidal creeks
shape the spatial patterns of a salt marsh plant community and its aboveground
carbon storage.

2. Materials and Methods
2.1. Study Area

The study area is situated in Chongming Dongtan wetland (121◦54′–121◦55′E,
31◦27′–31◦28′N) (Figure 1), located on the eastern end of Chongming Island along
the Yangtze River Estuary in China. The Yangtze River Estuary is one of the principal
distribution regions of coastal wetland China [39]. The study area has a total area of
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0.766 km2. It is dominated by a northern subtropical monsoon climate. The annual
average temperature is 15 ◦C, and the annual average precipitation is 102.2 cm [40].
Many tidal creeks are formed on the tidal flat in the south of Chongming east beach [41],
where the intensity of human activities is relatively low. The study area experiences
irregular semi-diurnal tides with an average tidal range of 2.0–3.1 m and a maximum
tidal range of 4.6–6.0 m [42].
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peared in the study area, and Imperata cylindrica also developed into a dominant species 
in some areas. The study area contained the entire watershed of tidal channels that af-
fected the sampling area, and the sampling area excluded the influence of artificial rivers. 
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Vegetation sampling collection in the study area was carried out in October 2019 and 
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vestigate the plant species and the number of counts (Table 1). Ten individual plants from 
each plot were randomly selected for height measurement, and the average value was 
recorded as the plant height of the plot. The aboveground parts of a plant for each plot 
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Figure 1. The location of the research area and sampling sites. (a) The site on Chongming Island,
Shanghai, in China. (b) The study area of Dongtan on Chongming Island. (c) The sampling area
on Dongtan.

The study area is a typical muddy tidal salt marsh in the Yangtze River estuary [43].
The main plant groups include Phragmites australis and Scirpus mariqueter [44], and there is
a large area of Scirpus triqueter [45]. It was found that Carex scabrifolia frequently appeared
in the study area, and Imperata cylindrica also developed into a dominant species in some
areas. The study area contained the entire watershed of tidal channels that affected the
sampling area, and the sampling area excluded the influence of artificial rivers.

2.2. Data Collection
2.2.1. Vegetation Sampling Data Acquisition

Vegetation sampling collection in the study area was carried out in October 2019 and
October 2020. We selected 20 sampling points, and each sampling point collected 3 sets
of samples as parallel samples. In total, sixty 1 m × 1 m sampling plots were selected to
investigate the plant species and the number of counts (Table 1). Ten individual plants
from each plot were randomly selected for height measurement, and the average value
was recorded as the plant height of the plot. The aboveground parts of a plant for each plot
were harvested and taken to a laboratory for further processing. We dried all harvested
plant samples at 50 ◦C in ovens to dry weights, which were regarded as the AGB values for
the plots, respectively.
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Table 1. A summary of field vegetation sampling points.

Class Vegetation
Community Species Composition Number of

Samples

Average Value
of an AGB
(kg m−2)

PA Phragmites australis
Phragmites australis,

Carex scabrifolia,
Imperata cylindrica

21 0.56

IC Imperata cylindrica Imperata cylindrica,
Phragmites australis 9 0.21

SM Scirpus mariqueter Scirpus mariqueter 9 0.29

CS Carex scabrifolia Carex scabrifolia,
Phragmites australis 21 0.21

2.2.2. LiDAR and Optical Image Data Acquisition

UAV-LiDAR data were collected using the LR1601-IRIS LiDAR sensor based on the DJI
M600 platform in September 2019. The DJI M600 UAV platform installed the LR1601-IRIS
LiDAR point cloud data acquisition system, which was used to capture raw data of UAV-
LiDAR. Twenty-three flight track lines were conducted, covering the 0.766 km2 study area.
The ground control station was used to set the relative altitude of the flight to maintain
a height of 100 m. The speed of the UAV was fixed to 1 m s−1, while the overlapping air
belts were set to 30%. The scanning frequency was 320,000 Hz, the scan field angle was
360◦ × 30◦ and the velocity measurement precision was 0.03 m s−1.

The optical image data were collected using DJI Phantom 4 Pro as a data acquisition
platform on 27 and 28 September 2019. The flight altitude was 120 m above the ground, the
airspeed was set to 10 m per second, and the image overlap was set to 75%.

2.2.3. Soil Analysis

Soil sample data collection in the study area was carried out near each vegetation
sampling point in October 2019 and October 2020. A cylindrical mud sampler with a
diameter of 5 cm and a length of 30 cm was used to sample vertically on the ground. Three
groups of samples were collected as parallel samples at each sampling point. The difference
in sample weight (10 g) before and after heating in an oven at 105 ◦C for 48 h was measured
to calculate soil water content. To measure soil salinity, an appropriate amount of dried soil
samples and ultrapure water were dissolved according to a mass ratio of 1:5. We used a
conductivity meter to measure the conductivity of the supernatant and then calculated the
soil total salt content of each sample according to the conductivity measured. We randomly
selected 20 samples to measure the quality of the crystals obtained after drying 50 g of the
sample precipitate.

2.3. Data Preprocessing
2.3.1. UAV Image Processing and Vegetation Community Mapping

The UAV optical image was further processed using DJI Terra software to align photos
and generate a dense point cloud, grid, texture, and orthophoto images, resulting in an RGB
image with a resolution of 5 cm. The RGB image was used to generate training samples
by visual interpretation. Fifty samples for each plant type were obtained through field
investigation and visual interpretation. Seventy percent of all samples were used as the
training set, and thirty percent of all samples were used as a validation set for further
supervised classification.

The SV-1 20180805 images of the study area were used to conduct the boundary
ruling, geometric correction, radiometric correction, and other data preprocessing on ENVI
and ArcGIS software. The classification of salt marsh vegetation was completed using
supervised classification based on the training samples generated by field investigation
and visual interpretation.



Remote Sens. 2022, 14, 1839 5 of 15

For accuracy evaluation of vegetation classification, Kappa, overall accuracy, pro-
ducer, and user accuracy were selected. The following lines are a brief description of the
accuracy metrics.

The overall accuracy is a measure of the accuracy of the whole image, which is
the total number of samples of correct classification divided by the total number of
samples [46]. The Kappa coefficient is an index for consistency check. It can measure the
effect of classification or segmentation as an index that improves overall accuracy [47].
User accuracy measures the number of samples classified correctly of a specific category
divided by the total number of samples classified as that category. It is an indicator to
measure the accuracy of a single category and the commission’s error [48]. Producer
accuracy is the number of samples being correctly classified for a specific category
divided by the total number of reference samples for that category. It measures the
omission’s error [49].

2.3.2. LiDAR Data Processing

All UAV-LiDAR point cloud data were obtained using the Point Cloud Producer
software. All acquired point cloud data were preprocessed under the LiDAR 360
platform for multi-strip splicing, denoising, and ground point classification to form
DEM (digital elevation model) and DSM (digital surface model), and the difference
between the DSM and DEM resulted in a canopy height model. Finally, ArcGIS 10.5
software was used to calculate the generated canopy height model, which has a spatial
resolution of 0.05 m to obtain the average height value, the square value of the mean
height, and the logarithm value of the average height with a spatial resolution of
1 m.

2.4. Establishment of AGB Prediction Model

In this study, all samples of salt marsh vegetation communities were used to establish
a prediction model. We randomly divided all samples of salt marsh vegetation into two
groups. The training set consists of seventy percent of the total number of samples, and the
validation set consists of 30 percent of the total number of samples. Considering that the
AGB of salt marsh vegetation has a high correlation with its canopy height [12], the average
height (H), the derived factors H2 and logH of salt marsh vegetation within a 1 m2 square
were also selected as predictive variables, and the AGB of salt marsh vegetation within
1 m2 was used as the dependent variable.

To find the most applicable prediction model, one linear regression model (mul-
tiple linear regression, MLR) and five machine-learning regression models, including
generalized linear model (GLM), gradient boosting machine (GBM), artificial neural
network (ANN), kernel-based regularized least squares (KRLS), and random forest re-
gression (RFR), were applied to establish predicted models. Both the R2 and RMSE were
applied to estimate the performance of these models and the precision of the prediction
results based on the best model. The establishment and evaluation of the models were
carried out in “mlr”, “gbm”, “neuralnet”, “KRLS” and “randomForest” packages of
R software, respectively.

A brief description of the methods adopted in our study is as follows. MLR
includes figuring out the best-fitting surface of the appropriate function form re-
lated to the value of explanatory variables, and the mean value of a response vari-
able. Regression modeling is used to determine whether a response variable and
its explanatory variables are related and to predict the value of the response vari-
able, corresponding to the known value of the selected sub-collection of explanatory
variables [50].
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The generalization of linear regression is GLM, in which the difference between the
error distribution model and the normal distribution of the response variables is allowed,
and uses some combinations of linear, quadratic, and cubic terms to fit the parameter
terms [51]. The “Poisson” regression was used in the present study because it resulted in
the best fit of the logarithmic model of variables.

GBM is a novel technique that uses machine-learning techniques to construct the
model and extend it by allowing the optimization of the loss function [52].

The structure of ANN consists of large amounts of neurons composed of intercon-
nected units. It includes a large number of weighted synapses, an adder, and an activation
function [53].

KRLS is an online sparse regression method based on a kernel machine. In this way,
an online learning support vector machine with a sparse support vector, a small amount of
calculation, and high precision can be realized [54].

The RFR consists of growing trees and depends on a random vector, so the tree
predictor takes on numerical values as opposed to class labels [55]. RFR represents the
complicated relation between a response variable and a set of explanatory variables. It has
the ability of robustness to reduce overfitting, higher accuracy, the advantage of determining
the weight of variables, low sensitivity to parameter adjustment, fewer parameters to be
adjusted, and noise resistance [56].

2.5. Data Analysis

In the whole study area, we set up four buffer areas of tidal creeks at equal distance:
50 m, 100 m, 150 m and 200 m. Different distances from the tidal creeks were used to
represent the different impact levels. The distance between the salt marsh vegetation
community and the tidal creek was divided into four categories: 0~50 m (D1), 50~100 m
(D2), 100~150 m (D3), and 150~200 m (D4). One-way variance analysis (ANOVA) was
applied to check whether there were significant differences in salt marsh AGB, soil salinity,
and soil moisture between different distance gradients, respectively. All the above data
analysis was conducted using the R software.

3. Results
3.1. Accuracy Assessment of the Spatial Distribution of Salt Marsh Communities

Table 2 shows the results of the accuracy assessment regarding the RS classification
of salt marsh communities. The producer accuracies of PA, IC, SM, and CS were 97.07%,
79.17%, 99.88%, and 96.46%, respectively, while the user accuracies were 96.89%, 98.88%,
95.15%, and 98.93%, respectively. The overall accuracies (OA) were 0.95, and the Kappa
coefficients were 0.93.

Figure 2a shows the most abundant species in vegetation communities. Spatially, IC
and SM were continuous distribution and appeared aggregated distribution along tidal
creeks, and PA was mainly distributed within the inland domain of the research area, and
CS was scattered or mixed with PA in the research area (Figure 2a). As distances from tidal
creeks increased, the percentage of PA gradually increased, while other plant communities
showed a downward trend (Figure 2b). Within the distance of D1 from the creeks, PA
was present in the largest proportion (54.73%), followed by IC (27.68%) and CS (9.33%),
while SM was present in the lowest proportion (8.26%). The largest proportion in D2 is PA
(63.96%), followed by IC (23.25%), CS (6.92%), and SM (5.87%). Within the distance of D3,
the proportion of PA (66.70%) was highest, compared with IC (20.58%), SM (7.62%), and CS
with the lowest proportion (5.10%). The percentage of PA was the highest (47.71%) around
D4 compared with the other communities—34.63%, 10.84% and 6.82% for IC, SM, and
CS, respectively.
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Figure 2. The spatial distribution and area compositions of salt marsh communities. (a) Map of
coastal salt marsh vegetation classification. (b) The percentage of salt marsh plant at different distance
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Table 2. A summary of the accuracy assessment for salt marsh communities (PA: Phragmites australis;
CS: Carex scabrifolia; IC: Imperata cylindrica; SM: Scirpus mariqueter).

Community Type Producer Accuracy (%) User Accuracy (%)

PA 97.07 96.89
IC 79.17 98.88
SM 99.88 95.15
CS 96.46 98.93

3.2. Estimation of Salt Marsh AGB and Its Spatial Pattern

The performance of the RFR (R2 = 0.90, RMSE = 0.09 kg m−2) was higher than that of
the MLR model (R2 = 0.35, RMSE = 0.25 kg m−2) and that of other machine learning models
in fitting salt marsh AGB with plant height, including KRLS (R2 = 0.45, RMSE = 0.23 kg m−2),
ANN (R2 = 0.51, RMSE = 0.24 kg m−2), GBM (R2 = 0.59, RMSE = 0.21 kg m−2), and GLM
(R2 = 0.28, RMSE = 0.36 kg m−2) (Figure 3). In particular, the RFR algorithm performed
best among all machine learning models.

The best-fitted model, RFR, was applied to map the distribution of salt marsh AGB
based on the height data derived from UAV-LiDAR (Figure 4a), and there was high
consistency (R2 = 0.89, RMSE = 13 kg m−2) between fitted AGB and observed AGB
throughout the study area (Figure 4c). The majority of the salt marsh AGB was concen-
tratively distributed around 0.24 kg m−2, 0.67 kg m−2, 1.20 kg m−2, and 1.60 kg m−2. In
particular, the AGB with a value of 0.67 kg m−2 had the highest distribution frequency.
Spatially, high AGB values were mainly distributed in areas far away from the sea and
tidal creek, while low AGB value pixels were mainly near the tidal creek. The mean
AGB values for various salt marsh communities were significantly (p < 0.05) different
from each other. In particular, the mean AGB of PA was approximately 0.87 kg m−2
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and significantly (p < 0.05) higher than IC (0.74 kg m−2), SM (0.69 kg m−2), and CS
(0.59 kg m−2).
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3.3. Impacts of Tidal Creeks on the AGB of Different Salt Marsh Communities

For the overall AGB, as the distance from the tidal creek increased, the AGB of all
salt marsh vegetation overall increased from 0.73 kg m−2 in D1 to 1.01 kg m−2 in D3 and
decreased from D3 to D4 (0.47 kg m−2), and there were significant (p < 0.05) differences
in AGB at different distance gradients (Figure 5a). For different vegetation communities,
the AGB of PA showed similar trends (Figure 5b). The average AGB of PA increased
from 0.75 kg m−2 in D1 to 1.04 kg m−2 in D3 and dropped from 1.04 kg m−2 in D3 to
0.49 kg m−2 in D4. The mean AGB of CS was decreased from 0.76 kg m−2 in D1 to
0.49 kg m−2 in D4, with significant (p < 0.05) differences in AGB at different distance
gradients (Figure 5d). The mean AGB of IC and SM, respectively, showed a general
decline from 0.70 kg m−2 in D1 to 0.18 kg m−2 in D4 (Figure 5c) and from 0.70 kg m−2

in D1 to 0.22 kg m−2 in D4 (Figure 5e), with significant (p < 0.05) differences in AGB at
different distance gradients.
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Figure 4. The spatial distribution, validation, and comparisons of AGB for different salt marsh
communities. (a) Mapping the AGB of salt marsh vegetation using UAV-LiDAR data and a random
forest model. (b) The mean AGB for different salt marsh communities. (c) Regression fitting between
AGB in the field survey and AGB predicted based on UAV-LiDAR data and a random forest model.
The red full line indicates a linear fit, and the blue line of dashes indicates a 1:1 line. PA: Phragmites
australis; CS: Carex scabrifolia; IC: Imperata cylindrica; SM: Scirpus mariqueter. (d) Density distribution
curve of the predicted AGB. The data with different lowercase letters show a significant difference.

3.4. Spatial Variation in Soil Salinity and Moisture

Soil salinity and moisture changed significantly with increasing distance from the tidal
creeks in our study area. Compared with soil salinity between different distance gradients,
we found that the mean soil salinity of salt marsh increased from 0.75 g kg−1 in D1 to
0.87 g kg−1 in D4, and there were significant (p < 0.05) differences in soil salinity at different
distance gradients (Figure 6a). The mean soil moisture content decreased from 26.75%
in D1 to 24.82% in D4, with significant (p < 0.05) differences in soil moisture at different
distance gradients (Figure 6b).
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4. Discussion
4.1. Impacts of Tidal Creeks on the Spatial Distribution of Salt Marsh Communities and Their AGB

Our study shows that the spatial patterns of different salt marsh communities were
inconsistently affected by distance from tidal creeks. The percentage of area compositions
of SM, CS, and IC was decreased, respectively, and the communities of SM, CS, and IC were
more likely to be distributed near tidal creeks. The PA community was mainly distributed
far away from the tidal creeks, and its percentage of area compositions increased. The
result fits with existing research, which shows that there is a positive relation between the
density of PA communities and their vertical distance from tidal creeks [57]. We found
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that soil salinity increases with increasing distance from tidal creeks. The salinity of soil
increased with distance from tidal creeks increasing [58], which restricted the growth
of SM, IC, and CS [59,60]. Thus, it means that the distance from the tidal creeks affects
the spatial distribution of salt marsh vegetation by increasing salinity stress. Previous
research has shown that the reasons for salt marsh plant zoning are both abiotic, partly
related to the variability of soil and tidal conditions [16], and biological, caused by resource
competition among species and biological response to periodic interference [61]. Moreover,
the distribution of the CS community is sparse at all distance gradients. This is likely to be
dictated by its competitive inferiority to the IC community [62].

The total salt marsh AGB increased as distances from tidal creeks increased. This may
also be shaped by the gradients of environmental factors, particularly soil moisture, at
different distances from tidal creeks. For example, a previous study found a significant
decline in plant productivity of salt marsh in response to flooding [63], and that the
frequency of tidal flooding and the duration of tidal flooding increased with distances from
tidal creeks decreasing [64,65]. In our study, we also found a decline in soil moisture with
increasing distance from tidal creeks in the study area. The tidal creeks form a significant
gradient of soil moisture, which varies along the distance of tidal creeks. Therefore, the
distance from the tidal creek has a deep impact on community succession of salt marshes
by controlling tidal flooding. Considering the varying AGB of different salt marsh species
(Figure 4d), the spatial pattern of the AGB of salt marshes was different. Therefore, our
results demonstrate that tidal creeks are the key factors affecting the spatial distribution of
vegetation communities and their AGB in coastal salt marshes.

Our results show that the spatial variability of soil moisture and salinity at distance
gradients from the tidal creeks causes the spatial distributions of plant vegetation and
its AGB at different distances from tidal creeks. However, the previous analysis shows
that simple correlations between plant zoning and distance from the nearest creek are
not generally effective and cannot be spread to different regions, even if tidal conditions
are the same [66]. The spatial morphology and distribution characteristics of tidal creeks
influence the spatial distribution and AGB of coastal wetlands [26]. The topography of
sediment creeks affects the distribution of salt marsh vegetation and thus its AGB [67]. In
addition, the feedback between plant growth and the geomorphological developments
of the depositional environment leads to elevated substrate topography [68]. In future
research, we will focus on the relationships between the AGB of salt marsh vegetation
and the morphological characteristics or the topography of tidal creeks to explore the
mechanism affecting the spatial distribution of AGB of salt marsh vegetation.

4.2. Advantages of AGB Estimation Using UAV-LiDAR Data and Machine Learning Approaches

UAV-LiDAR data were successfully applied to estimate the AGB of coastal salt marsh
communities. We constructed height variables, including the average height (H), the
derived factors H2 and logH within a 1 m2 square based on UAV-LiDAR point cloud data for
AGB estimation of salt marsh vegetation. A good model fit (R2 = 0.90, RMSE = 0.09 kg m−2)
using the model developed within our study. The results show that UAV-LiDAR data have
a high potential for estimating the AGB of coastal salt marsh communities, which is similar
to the application of LiDAR data in AGB estimation in terrestrial ecosystems [69]. The
AGB map provides interesting insights for salt marsh vegetation’s growth dynamics of salt
marsh vegetation related to canopy height. The UAV-LiDAR data have more advantages in
seizing the subtle resolution, plant three-dimensional structure, and digital terrain with
a lower cost and higher mobility [70,71]. Nonetheless, since UAV-acquired datasets can
provide more information on objects [72], more plant structure parameters can be included
in the estimation model, which may further improve the estimation accuracy of salt marsh
AGB. This will solve the difficulty, to some extent, in estimating the carbon storage in
the AGB in salt marsh on the regional scale and greatly promote studies relating to the
structure, function, and carbon cycle dynamics of wetland ecosystems in estuarine and
coastal zones.
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Moreover, the machine learning approaches, particularly the random forest algo-
rithm, demonstrated a strong suitability to construct a salt marsh AGB prediction model
in this study, which has also been confirmed in other ecosystems, such as crop [73]
and forest [74]. Compared with several regression analysis methods, the random forest
algorithm has certain advantages and a high consistency (R2 = 0.89, RMSE = 13 kg m−2)
between fitted AGB and observed AGB throughout the study area. This means that a
general AGB estimation model for mixed salt marsh species based on a random forest
algorithm has higher applicability in estimating salt marsh aboveground C storage for
complex communities.

Our study shows that a coupling machine learning algorithm and UAV-LiDAR
data provide a practical approach for estimating AGB in salt marsh wetlands, which
is worthy of widespread application in other regions in the future. In particular, com-
bining UAV-LiDAR data with other RS data can significantly promote the accuracy of
short-term vegetation parameter estimation [75]. In future research, we will attempt
to improve the estimation accuracy of salt marsh AGB by fusing other RS data with
UAV-LiDAR data.

4.3. Management of Coastal Salt Marsh

In our study area, coastal salt marshes are the major component in the C cycle in the
Yangtze River Estuary [76], and tidal creeks play an important role in shaping the spatial
patterns of salt marsh vegetation and C storage [77]. Thus, it is of great importance to
maintain the productivity of the salt marsh wetland ecosystem [78]. Moreover, our study
accurately estimated large-scale patterns of salt marsh AGB to reflect the spatial distribution
of aboveground C storage. In addition, quantifying the impacts of the distance from tidal
creeks on the spatial distribution of salt marsh communities and their AGB is critical to
ensure reasonable local planning, biodiversity protection, and sustainable development of
wetland resources.

5. Conclusions

Based on high-resolution images and LiDAR data collected using UAV platforms,
the spatial distribution of select salt marsh communities and the AGB were estimated.
Here, we demonstrate that the distance from tidal creeks has a significant influence on
the communities’ spatial patterns and the AGB of salt marsh vegetation by altering soil
salinity and soil moisture conditions. Our results confirm that the UAV-LiDAR data
coupled random forest algorithm is a possible convenient and effective means to detect
AGB of salt marshes. In conclusion, our study shows an effective approach to estimat-
ing the aboveground C storage of salt marshes, highlighting how its accurate estima-
tion plays a vital role in making reasonable scientific measures to manage and protect
coastal ecosystems.
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