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ABSTRACT
Coastal marsh ecosystems are critical for providing essential habitats, buffering coastlines against 
erosion, and sequestering carbon. However, there is a global trend where these ecosystems are 
disappearing due to rising sea levels, wave-drive erosion, and human activities. Accurate and 
repeatable observations of marsh vegetation distributions are essential for understanding marsh 
resilience and informing conservation strategies. Mapping the fractional abundance (FA) of each 
marsh species using standard airborne/satellite sensor pixels can provide accurate information 
about marsh vegetation distribution and a deeper insight into marsh dynamics. This study explores 
the feasibility of estimating FA for marsh vegetation species across the diverse pixel sizes of 
different remote sensors, based on ground truthing information obtained from Unmanned Aerial 
Vehicle (UAV) data and field surveys. Specifically, the FA values of each species within the pixels 
from airborne, WorldView-2 (WV2), and Sentinel-2 (SL2) data, with pixel sizes of 0.15 m, 0.5 m, and 
10 m, respectively, were estimated by using a Rescaled Random Forest Regression (RRFR) algo
rithm. Our results suggest that Random Forest Classification can accurately classify marsh vegeta
tion, with extremely high levels of accuracy when applied to UAV data. This demonstrates that 
UAVs are cost-effective and efficient for acquiring ground truthing to inform FA estimation 
algorithms. Our analyses also indicate that the RRFR can accurately unmix dominant marsh species 
(Spartina and Juncus), as well as bare soil, across various spatial resolutions. However, the unmixing 
of Salicornia, a minor species, proved to be challenging, indicating the need for additional ground 
truthing data to capture information relating to minor species. The approach proposed in this 
study can facilitate the analysis and monitoring of marsh vegetation dynamics, supporting effec
tive conservation and management practices to enhance marsh resilience.
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Introduction

Coastal marshes are critical ecosystems, providing 
essential habitats for numerous species, buffering 
coastlines against erosion, and sequestering carbon 
(e.g. Barbier et al. 2011). However, these ecosystems 
are disappearing at a global scale (e.g. Blum and 
Roberts 2009; Carniello, Defina, and D’Alpaos 2009; 
Horton et al. 2018), due to reduced sediment trans
port to coastal areas, land use changes, sea level rise, 
wave-driven erosion, and human activities (e.g. Allen  
2000; Marani et al. 2011; Möller et al. 2014; Tognin 
et al. 2021).

Marsh vegetation plays a critical role in supporting 
marsh resilience through multiple mechanisms. By 
trapping sediment and reducing water flow, vegeta
tion promotes sediment deposition and stabilizes the 

marsh surface, enhancing its resistance to erosion. 
Additionally, the production of biomass, particularly 
belowground biomass, contributes significantly to 
marsh accretion, enabling the marsh to maintain its 
elevation relative to sea level. These processes are 
essential for the long-term survival and stability of 
marsh ecosystems, especially in the face of rising sea 
levels and climate change (e.g. Bouma et al. 2007; 
D’Alpaos, Mudd, and Carniello 2011; Marani et al.  
2010, 2007; Morris et al. 2002; Murray et al. 2008; 
Zong and Nepf 2010). Marsh vegetation often forms 
distinct patches with varying densities of typical spe
cies interspersed with bare soil areas or with the 
mixture of different species (e.g. Da Lio, D’Alpaos, 
and Marani 2013; Marani, Da Lio, and D’Alpaos 2013; 
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Roner et al. 2016; Silvestri, Defina, and Marani 2005). 
Such zonation distribution patterns reflect vegetation 
adaptations to environmental stressors (e.g. edaphic 
conditions and hydrodynamic stresses), and interspe
cies interactions (e.g. inter-specific competition and 
facilitation) (e.g. Da Lio, D’Alpaos, and Marani 2013; 
Finotello et al. 2022; Marani, Da Lio, and D’Alpaos  
2013, Marani et al. 2006; Pennings, Grant, and 
Bertness 2005; Silvestri, Defina, and Marani 2005). 
Variations in sea level (e.g. Morris et al. 2002), the 
occurrence of drought (Alber et al. 2008; Yang et al.  
2025) and storms (Howes et al. 2010), geomorpholo
gical processes (e.g. D’Alpaos et al. 2005; Yang, 
Alexander, and Alber 2024), as well as animal and 
human activities, can alter vegetation distribution 
(e.g. Deegan et al. 2012; Silliman et al. 2005). These 
are displayed as inter-specific replacements, vegeta
tion mortality, and possible recovery processes, which 
are of great importance to marsh survival, biodiver
sity, and ecosystem services.

Given the critical role of marsh vegetation in pro
moting marsh accretion to possibly match the rate of 
sea level rise, accurate and repeatable observations of 
its distribution are essential. To characterize the entire 
ecosystem, these observations are required to cover 
a wide range of scales, both in space (from centi
meters to tens of kilometers) and time (days to dec
ades). Remote Sensing (RS) is a promising tool to 
undertake this task. Previous analyses have primarily 
relied on hard classification of vegetation species pre
sence, which assigns each pixel or pixel group (i.e. 
object) to a single species or community (e.g. Belluco 
et al. 2006; Campbell et al. 2017; Juel et al. 2015; Timm 
and McGarigal 2012; Van Beijma, Comber, and Lamb  
2014). The accuracy of hard classifications can be 
improved by integrating the spectral information 
with co-occurrence matrices, which analyzes image 
texture by examining the spatial relationships 
between pixels (Lane et al. 2014). However, these 
approaches cannot capture the sub-pixel variability 
in species composition. The sensors commonly used 
for monitoring marshes have spatial resolutions ran
ging from about half a meter to tens of meters. Given 
the typical size and spatial distribution of species in 
many marshes, pixels tend to display mixtures of 
different vegetation species and bare soil (see sample 
nadir-looking photographs in Figure 1).

The number of studies focusing on unmixing 
marsh vegetation species or on estimating Fractional 

Abundance (FA, i.e. the relative area occupied by 
a given species when observed from above) of each 
species is limited (e.g. Silvestri, Marani, and Marani  
2003; Wang et al. 2007; Yang et al. 2020). Progress in 
the use of RS data to accurately capture the fine-scale 
spatial distribution of vegetation species would 
greatly increase our understanding of the relevant 
ecological processes. Accurate marsh species maps 
enable the identification of the most vulnerable 
areas (Ganju et al. 2017, 2022), thus enhancing data- 
driven conservation strategies and optimizing marsh 
management practices. In addition, FA values were 
required by numerous marsh evolution modeling to 
study species competition and understand system 
evolution (e.g. Finotello et al. 2022; Marani et al.  
2006; Marani, Da Lio, and D’Alpaos 2013; Roner et al.  
2016). Therefore, accurate estimates of FA are impor
tant to improve our ability to predict marsh destiny 
under changing climatic and environmental 
conditions.

Previous studies estimating the FA of marsh spe
cies have relied heavily on artificial neural networks 
(ANNs, Wang et al. 2007). While ANNs can achieve 
high accuracy, they require a time-consuming train
ing phase, their performance being very sensitive to 
the choice of their structure. This complexity makes 
the implementation and optimization of an ANN for 
marsh FA estimation a challenging task. Another 
limitation of existing approaches to estimating 
marsh FA is their dependence on specific choices 
of vegetation indices, used to separate vegetated 
and bare soil areas (Ganju et al. 2022; Zhou, Yang, 
and Chen 2018). Such indices, however, are sensi
tive to species-specific reflectance patterns, such 
that the available spectral information is not fully 
utilized, and the resulting effectiveness is conse
quently limited. These limitations highlight the 
need for more efficient and robust methods for 
estimating marsh species FA.

Machine learning algorithms have proven effec
tive in estimating the FA of various land cover 
types 
(L. Yang et al. 2017), including shrub communities 
(Schwieder et al. 2014), grassland (Chai et al. 2019), 
habitats on coastal dunes (Pafumi et al. 2025), for
est species (Immitzer et al. 2018) and coastal habi
tats (Martínez Prentice et al. 2024). Machine 
learning-derived FA estimates have been used to 
model the probability of co-occurrence between 
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paired land cover types (Costa, Foody, and Boyd  
2017; Pafumi et al. 2025; Xu et al. 2005; Yang 
et al. 2020), leading to improvements in classifica
tion accuracy. This type of applications suggests 
the potential of machine learning algorithms to 

map marsh species FA to obtain similarly accurate 
information for marsh monitoring at both local and 
large scales

Traditional FA estimation requires extensive field 
surveys to comprehensively record species mixtures 

Figure 1. Comparison of typical remote-sensing sensors and photos taken from vegetation plots. Panel (a) Shows the spatial 
resolution of different remote-sensing sensors. Panels (b-d) show photos taken from plots of main species occupying marshes within 
North Inlet-Winyah Bay National Estuarine Research Reserve, i.e. Spartina alterniflora (b), Juncus roemerianus (c), and Salicornia 
virginica (d), respectively.
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across the entire marsh (Yang et al. 2020), which are 
resource-intensive and labor-consuming. An alterna
tive approach lies in Unmanned Aerial Vehicles (UAVs) 
equipped with extremely high-resolution multispec
tral sensors, offering a more cost-effective solution 
with resolutions typically ranging from 0.01 to 
0.50 m (Dai et al. 2021; Doughty and Cavanaugh  
2019; Morgan et al. 2022; Yang, Alexander, and Alber  
2024). The primary advantage of such high spatial 
resolution is that the majority of pixels can capture 
the reflectance of individual species rather than that 
of a mixture of species, as demonstrated in Figure 1 
and some existing observations (e.g. Lynn et al. 2023; 
Yang, Alexander, and Alber 2024). The application of 
hard classifiers in this case can be highly accurate as 
the pixel size is smaller than the typical scale of varia
bility in species (bare soil) composition. UAV-borne 
sensors, however, cannot easily acquire data over 
very large areas, due to typical operational constraint, 
such as battery capacity, tidal flooding of the study 
area, and regulatory constraints. Hence, the potential 
of high-resolution UAV multi-spectral data for FA esti
mation remains largely unexplored (Martínez Prentice 
et al. 2024).

This study aims to test the hypothesis that high- 
resolution UAV data can be effectively used to provide 
ground truthing information for estimating marsh spe
cies FA across different spatial resolutions, including 
airborne and satellite data. We specifically investigate 1) 
the feasibility of using UAV data for species unmixing, 2) 
the potential for estimating species FA within airborne 
and satellite data, and 3) the accuracy of our methods 
in providing percentage cover estimates for different 
marsh species across a range of spatial resolutions. The 
findings of this work have implications for the monitor
ing of marsh vegetation and its extent, particularly in 
the context of rising sea levels and climate changes, 
thus informing strategies for managing and preserving 
marsh ecosystems.

Methods

Study site

This analysis focused on marshes within the North 
Inlet-Winyah Bay National Estuarine Research 
Reserve (NIWB), South Carolina (SC, top-left panel of 
Figure 2). NIWB is formed by the convergence of the 
North Inlet Estuary and Winyah Bay Estuary, situated 

along the southeastern coast of the Atlantic Ocean. 
North Inlet is characterized as an ocean-influenced 
estuary. The North Inlet basin receives limited fresh
water from Winyah Bay and adjacent upland runoff. In 
contrast, Winyah Bay is classified as a brackish water 
estuary primarily influenced by freshwater input from 
upstream rivers (Dame and Gardner 1993).

The water level in this area is chiefly determined by 
a semi-diurnal mixed tide, with an average range of 
about 1.5 m (Hughes, Wilson, and Morris 2012). This 
region has experienced a sea level rise trend of about 
3.3 mm/yr between 1957 and 2023 (National Oceanic 
and Atmospheric Administration 2023). This trend esti
mate is based on tidal elevations recorded at the 
Springmaid Pier tidal gauge (Figure 2), which is the 
closest tidal gauge to the NIWB, located approximately 
50 km away. The Springmaid Pier tidal gauge also pro
vides tidal elevation data at the time of image acquisi
tion in this study with reference to Mean Sea Level (MSL)

Within NIWB, marsh vegetation exhibits a zonation 
pattern characterized by distinct species dominance, 
with individual patches predominantly occupied by 
a single species and exposed to bare soil. Marshes 
within NIWB are primarily dominated by two types 
of marsh communities: a salt marsh community, 
dominated by Spartina alterniflora, and a brackish 
marsh community, mainly occupied by Juncus roemer
ianus (Li et al. 2022).

Spartina alterniflora (Figure 1b), commonly known 
as cordgrass (referred to as “Spartina” hereafter), dom
inates the salt marshes in the North Inlet estuary. It 
occupies depressed marsh areas with high salinity and 
long waterlogging period (see Figure 2). In contrast, 
Juncus roemerianus (“Juncus,” Figure 1c) is typically 
found in low salinity zones near the marsh boundary 
with the upland (see Figure 2), while Salicornia virginica 
(“Salicornia,” Figure 1d) tends to grow in the intermedi
ate areas (see Figure 2) (Allen et al. 2008; Dame and 
Gardner 1993). This zonation pattern along salinity 
gradients is driven by ecological interactions, with 
Spartina occupying high-salinity environments due to 
its lower competitive ability in comparison to Juncus 
and Salicornia (Pennings, Grant, and Bertness 2005).

Marsh vegetation within NIWB has experienced mul
tiple drought-related diebacks, potentially hindering its 
resilience to rising sea levels and climate change (Li 
et al. 2022). This highlights the importance of robust 
methods for accurately mapping and updating marsh 
vegetation FA to support effective marsh management.
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Figure 2. Overview of the research area. The inset in the top-left shows the southeastern coast of the USA and the location of the 
NIWB. The main map shows the aerial view of the NIWB marshes (image © 2024 CNES/Airbus). The positions of Springmaid Pier tidal 
gauge and meteorological station in Charleston are highlighted. It also displays the positions of field surveys conducted in the location 
of the NIWB in 2022 and 2023. The areas of UAV data collection and airborne data acquisition are also marked. The bottom-right panel 
illustrates the typical ecological gradient and distribution of marsh vegetation species. Please note that elevation and distance in the 
bottom-right panel are not to scale.
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Image collection

UAV multispectral data
The UAV data were acquired within a targeted portion 
of the wider study area (Figure 2), using a DJI M300 
UAV equipped with a Micasense Altum sensor and 
internal GPS. This sensor captures spectral informa
tion across the blue (centered: 475 nm, bandwidth: 
32 nm), green (centered: 560 nm, bandwidth: 27 nm), 
red (centered: 668 nm, bandwidth: 14 nm), red-edge 
(centered: 717 nm, bandwidth: 12 nm) and near- 
infrared (centered: 842 nm, bandwidth: 57 nm) 
bands. Data collection occurred during low tide 
(−0.62 m above MSL) at 15:22 on 27 August 2023. 
The UAV acquired the data with a pixel resolution of 
about 0.02 m at an elevation of 40 m above the 
ground. Data acquisition was completed in two 
flights, each lasting about 35 min, maintaining 
a speed of 3.3 m/s. To ensure comprehensive cover
age and precise data acquisition, the sensor acquired 
a scene every 1 s, with 70% side overlap and 75% 
front overlap.

Airborne multispectral data
The airborne remote sensing data were collected in 
the middle area of the NIWB (Figure 2). Data were 
captured on 6 October 2022, with sunny weather 
conditions and very little cloud cover. The aircraft 
was a fixed-wing Cessna 208B Caravan equipped 
with an UltraCam Eagle M3 camera. This sensor cap
tured four spectral bands in the blue (380–590 nm), 
green (425–650 nm), red (575–700 nm), and near- 
infrared (670–1000 nm) part of the spectrum with 
a spatial resolution of 0.15 m.

WorldView-2 data
WorldView-2 (WV2), a commercial earth observation 
satellite operated by Maxar, operates a sensor captur
ing data through a high spatial resolution (0.5 m) 
Panchromatic band (447–808 nm) and eight multi
spectral bands with a lower resolution (2 m). These 
bands include coastal blue (396–458 nm), blue (442–
515 nm), green (506–586 nm), yellow (554–632 nm), 
red (624–694 nm), red-edge (699–749 nm), near- 
infrared 1 (765–901 nm), and near-infrared 2 (856–
1043 nm). The WV2 data used in this analysis was 
acquired in 16:18:43 on 8 September 2023, with 
a tidal level of about 0.37 m above the MSL.

Sentinel-2 data
The Sentinel-2 mission includes two Earth-observation 
satellites managed by the European Space Agency 
(ESA) as part of the Copernicus Programme. Equipped 
with the Multi-Spectral Instrument (MSI), Sentinel-2 
satellites capture imagery in various spectral bands 
with a revisit period of about 5 days. The spatial resolu
tion of Sentinel-2 data typically ranges from 10 to 60 m, 
depending on the spectral band.

In this study, we utilized Sentinel-2 Level 2A (SL2) 
product, which provides atmospherically corrected 
surface reflectance values. Our focus was estimating 
the FA of different species. We thus primarily utilized 
SL2 spectral bands spanning from visible to near- 
infrared bands, as they provide useful information 
about vegetation density and biomass. This prefer
ence primarily stems from two main reasons: i) vege
tation exhibits strong absorption in the visible 
spectral range, mainly in the blue and red, due to 
high chlorophyll absorption; ii) vegetation also dis
plays a significant increase in reflectance in the near- 
infrared spectrum portion, due to the scattering of 
near-infrared radiation within the internal leaf struc
ture (Gates et al. 1965). These bands include blue 
(459–479 nm), green (541–558 nm), red (655–680  
nm), red-edge 1 (697–712), red-edge 2 (732–747  
nm), red-edge 3 (773–793 nm), near-infrared (784–
899 nm), and red-edge 4 (855–875 nm).

Fieldwork

To provide ground truthing information for image 
classification and FA estimation, we conducted field 
measurements in August 2022 and August 2023 
(Figure 2). In each survey, we employed 
a stratified random sampling approach to select 
a series of 1 × 1 m quadrats. We first identified 
zones dominated by Spartina, Juncus, or Salicornia 
and then randomly selected quadrats within each 
zone. This ensured the inclusion of a wide range of 
species compositions and vegetation densities 
within our sample set and avoided any unconscious 
selection bias by the field operator. The positions of 
the corner points of each quadrat were recorded 
using an Emlid Reach RS2 Real-Time Kinematic 
(RTK) GNSS receiver operating in the NAD83 
(2011)/South Carolina coordinate system. Within 
each quadrat, we recorded the species present 
and the FA of each species, estimated by the 
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standard Braun–Blanquet method (e.g. see Belluco 
et al. 2006). The quadrats were surveyed in 2022 
and 2023, reaching a total of 26 and 22 quadrats, 
respectively.

In addition to the marsh vegetation plots, we 
selected some marsh portions occupied by soil and 
wrack, based on the RGB composition of the UAV 
imagery. These were also used in the UAV image 
classification process. It is worth noting that wrack 
burial areas and bare soil were considered bare land 
cover in this study, primarily because wrack tends to 
kill most of the buried vegetation (Pennings and 
Richards 1998).

Data preprocessing

UAV data
The overlap parameters in the data acquisition phase 
ensured that each tile adequately covered neighbor
ing tiles. This allowed us to perform georectification, 
orthorectification, and radiometric correction using 
bundle block adjustment in the Pixel-4D software. 
This software employs bundle block adjustment, 
a photogrammetric technique that simultaneously 
refines the camera position and orientation para
meters for each image in a dataset, along with the 
3D coordinates of ground control points (GCPs) (Yuan  
2009). As the UAV sensor’s internal GPS was not con
nected to the RTK system, precise georeferencing was 
achieved in the post-collection-processing phase 
using GCPs. To achieve this, we deployed a series of 
GCPs across the study area. These GCPs were sur
veyed using an Emlid RS2 GNSS receiver, connected 
to a North Carolina Continuously Operating Reference 
Station (CORS) network station (NCSL) approximately 
100 km away. This setup ensured a horizontal accu
racy of ±1 cm, contributing to the precise georeferen
cing of the UAV data. The accuracy of the 
georectification and orthorectification process was 
assessed by calculating the root-mean-square error 
(RMSE) between the measured image coordinates of 
the GCPs and their corresponding ground coordi
nates. This produced data of high spatial accuracy, 
with an average RMSE of about 0.05 m. Furthermore, 
the UAV data also encompassed some upland forests 
and human-paved roads (Figure 3a). These areas were 
manually identified and digitized and subsequently 
excluded from the following classification processes.

WV2 data
We applied atmospheric correction to the multi- 
spectral bands of the WV2 data to obtain an accurate 
spectral reflectance. For this purpose, we used the 
Fast Line-of-sight Atmospheric Analysis of Spectral 
Hypercubes (FLAASH) algorithm (Cooley et al. 2002). 
The main steps are outlined in Supporting 
Information.

Our primary focus was to estimate the FA of each 
marsh species, and the presence of channel networks 
and tidal forests had the potential to cause some 
errors. To minimize that, we manually digitized these 
features based on visual observations of the RGB 
composition of the WV2 data and excluded them 
from the following FA estimation process.

Airborne multispectral data
When we overlaid the UAV data, airborne data, and 
WV2 data, we observed that the position of the road 
in the UAV data was consistent with that in WV2 data. 
However, there were some inconsistencies when 
compared with its location in the airborne data. 
Therefore, georectification of airborne data was 
necessary. Specifically, since the airborne data covers 
an area of approximately 50 km2, we selected 18 
points assumed to have consistent positions between 
2022 and 2023. These points were located at marinas, 
buildings, boundaries between forests and marshes, 
and branch points of small channels in the overlap
ping area of the airborne and WV2 data. 
Georectification with affine transformation was then 
performed on ArcGIS 10.8 using these reference 
points, and georectification resulted in an average 
RMSE of 0.41 m.

To enable accurate FA estimation from airborne 
mosaic data, we converted the 8-bit Digital Numbers 
(DN) of georectified airborne data to reflectance 
values, using the WV2 reflectance data as 
a reference. This procedure is similar to the procedure 
utilized by Oostdijk et al. (2018), which is described in 
detail in Supporting Information.

Sentinel-2 data
The SL2 blue, green, red, and near-infrared bands 
have a spatial resolution of 10 m, while the SL2 
red-edge bands have a resolution of 20 m. To fully 
use the information from the SL2 red edge bands, 
we considered the average reflectance values of 
the blue, green, red, and near-infrared bands as 
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the panchromatic band and pan-sharpened all SL2 
red edge bands to a spatial resolution of 10 m 
using the Gram-Schmidt Pan Sharpening algo
rithm. This approach, utilizing average values of 
the remaining visible to near-infrared bands as 
the panchromatic band and the Gram-Schmidt 
Pan Sharpening algorithm has been validated as 
a reliable method for pan-sharpening SL2 red edge 
bands (Kaplan 2018).

Then, SL2 pixels with low levels of quality result
ing from cloud cover and shadows were filtered 
out using the quality assessment band (Copernicus  
2024). Additionally, to address the potential reduc
tion in reflectance within the near-infrared band 
due to marsh platform submergence and to facil
itate future multi-year analyses of vegetation 
changes, we used average reflectance values for 
each band across the vegetation growing season 
(June to September) in 2023, instead of SL2 data 
from a single date. The pan-sharpening of the SL2 
red-edge bands, pixel filtering, and reflectance 
averaging were conducted using Google Earth 
Engine.

Classification of the UAV data

Our primary objective in this study was to accurately 
estimate FA of vegetation species and bare soil. The 
main workflow of this study is shown in Figure 3. To 
provide accurate information for FA estimation, we 
chose to preserve the scattered bare soil areas 
between plant stems in the UAV data classification. 
This led us to select pixel-based classification over 
object-based methods, even though the latter are 
common in high-spatial resolution data analysis and 
often produce smoother and more homogenous 
classification results (e.g. Costa, Foody, and Boyd  
2017; Juel et al. 2015; Moffett and Gorelick 2013). 
The classification of the UAV data was accomplished 
using the Random Forest Classification (RFC) algo
rithm (Breiman 2001), because it had been success
fully used for vegetation species classification in 
different landscapes (Belgiu and Drăgu 2016; Yang 
et al. 2020). RFC offers several advantages, including 
its ability to effectively manage a large number of 
input bands, mitigate data dimensionality issues, 
and reduce the risk of overfitting (e.g. Belgiu and 
Drăgu 2016).

Figure 3. The workflow of the present study.
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To establish the dataset for UAV data classifica
tion, quadrats within the UAV acquisition area sur
veyed in 2023 (Figure 2a) and six digitized bare 
marsh portions (with a total area of about 1 m2) 
were utilized. In particular, all pixels falling within 
these bare areas were used to provide spectral 
information about the bare land cover to the classi
fier. For the field-surveyed quadrats, we applied 
a pixel filtering process to ensure that only pure 
pixels representing the target vegetation were 
included. This involved visually inspecting the ima
gery and identifying and excluding pixels that fell 
on soil due to gaps in vegetation. The remaining 
pure pixels, fully covered by the target vegetation, 
were used to provide spectral information of each 
species to the RFC. A total of 29,464 pixels were 
used for RFC construction, 75% (n = 22,098) of 
them for training and the remaining 25% (n =  
7,366) for testing the accuracy of RFC.

The map produced with this method was then used 
to calculate the FA of each species or bare class using 
airborne, WV2, and SL2 data, as described below.

FA estimates within airborne, WV2, and SL2 pixels

The FA estimation was conducted using the Random 
Forest Regression (RFR) algorithm. RFR is similar to 
RFC but considers the target (i.e. FA) as continuous 
numeric data, establishing a non-linear relationship 
between the input variables (i.e. spectral information) 
and the target (i.e. FA of each species or bare soil, see 
Figure S2). Therefore, RFR shares the same advan
tages as RFC. RFR has been widely utilized to estimate 
the relative cover of communities and tree species 
within coastal landscapes and forests (e.g. Immitzer 
et al. 2018; Martínez Prentice et al. 2024). For 
a detailed description of RFC and RFR, please refer 
to Breiman (2001).

Species-specific RFR models were built individu
ally for airborne, WV2, and SL2 data, with each RFR 
comprising 500 regression trees. Subsequently, FA 
of each species was estimated by adjusting the 
RFR-predicted values of all species and exposed 
soil in the same pixel to collectively sum to 100% 
(Immitzer et al. 2018; Yang et al. 2020). This algo
rithm is henceforth referred to as Rescaled 
Random Forest Regression (RRFR) in subsequent 
discussions.

FA estimation for airborne data
To train and validate the RRFR, we used Regions of 
Interest (ROIs) generated both within the map 
produced using UAV data and field-surveyed 
plots. As mentioned above, the georectified multi
spectral data have an average RMSE of 0.41 m, 
which is larger than the pixel size of the airborne 
data. To avoid potential pixel misalignment 
between airborne and UAV data, we have selected 
ROIs based on homogeneous or heterogeneous 
vegetation/soil patches rather than individual pix
els. By ensuring that each ROI covered a relatively 
large area of approximately 50 m2 – sufficient to 
encompass 18 airborne and 350 UAV pixels – we 
minimize the impact of potential misalignment. 
Within the UAV-mapped area (Figure 2), we ran
domly digitized a total of 32 patches to serve as 
ROIs, ensuring no overlap and avoiding any sub
jective selection bias by excluding visual interpre
tation of the imagery. Out of these, we randomly 
selected 20 ROIs, together with 13 quadrats ran
domly chosen out of the total 26 quadrats sur
veyed in 2022, composed of a total of 49,045 
pixels (the distribution of pixels within the ROI 
was described in the Supporting Information and 
Figure S3) used for training and testing the RRFR. 
Specifically, 36,783 pixels (75%) were randomly 
selected to train the model, and the remaining 
12,262 pixels (25%) were used to test its accuracy. 
Additionally, the remaining 12 ROIs and the 
remaining 13 quadrats were used as an indepen
dent validation dataset, to further assess the mod
el’s accuracy. It is worth noting that estimating FA 
within airborne pixels using RFC classification 
results was based on the assumption that the 
vegetation density remained relatively consistent 
between 2022 and 2023.

FA estimation for WV2 data
For FA estimates within WV2 pixels, we followed 
a similar approach to that used for airborne photo
graphs, but substituted the quadrats surveyed in 2022 
with those measured in 2023 (Figure 2). Due to the 
larger pixel size of WV2 compared to airborne data, 
fewer pixels, i.e. 3419, 1140, and 1843 pixels, were 
used to train, test, and validate the RRFR applied to 
WV2 data.
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FA estimation for SL2 data
SL2, which has larger pixels when compared to air
borne and WV2 data, comprised 1451 pixels within 
the marsh portions acquired by the UAV. To ensure 
sufficient spectral information for the RRFR for SL2, all 
these pixels were utilized; therefore, no pixels were 
saved to perform additional validation. As in previous 
cases, these pixels were divided into two parts: 75% 
(n = 1088) for training and 25% (n = 363) for testing 
the accuracy.

Unlike the approaches applied with airborne 
and WV2 data, field-measured quadrats were not 
used to inform the RRFR for SL2. This decision was 
primarily due to the fact that vegetation appear
ance in quadrats cannot accurately represent the 
true situation of the area falling within SL2 pixels, 
given the small size of quadrats (1 m2) compared 
to SL2 pixels (100 m2).

Both RFC and RRFR were implemented using the 
Scikit-learn package (Pedregosa et al. 2011), which is 
an open-source machine-learning framework 
designed for the Python programming language. 
Five hundred decision/regression trees were built 
in the training phases of RFC/RRFR without growth 
limitation. The remaining parameters were set at 
their default values in the Scikit-learn package (see 
Table S1 in Supporting Information and Pedregosa 
et al. 2011).

Accuracy assessment
The evaluation of RFC performance utilized the 
Confusion Matrix, providing metrics such as Overall 
Accuracy (A), which represents the ratio of correctly 
classified testing pixels to the total number of testing 
pixels, regardless of species (Foody 2002). Additionally, 
the Kappa coefficient (K) was employed to represent 
the proportion of correctly classified testing sites after 
accounting for random agreements (Rosenfield 1986). 
Furthermore, to quantify the accuracy of RRFR, metrics, 
such as RMSE and coefficient of determination (R2), 
were calculated for each species (Chai and Draxler  
2014; Kvålseth 1985). The estimation of RRFR perfor
mance was based on the comparison between pre
dicted FA and test/validation values: 

where yi is the ground referential value, ŷi represents 
the predicted value, �y is the average of the observed 
values, and n is the number of test pixels

Both the WV2 and SL2 data used in this study were 
acquired in 2023, presenting an opportunity to 
explore the performance of RRFR for SL2 pixels using 
results from WV2 data. Due to the difference in spatial 
resolutions between WV2 and SL2, we resampled the 
FA values derived from WV2 by averaging them to 
match the SL2 grids. Subsequently, we established 
a linear regression relationship without an intercept 
between these resampled values and the FA values in 
the SL2 pixels for each species. The slope and good
ness of fit (r2) were used to evaluate the consistency of 
FA values derived from WV2 and SL2 data. Comparing 
the SL2-derived FA with the rescaled WV2 FA, which 
has been validated with independent test and valida
tion datasets, allows us to better estimate the accu
racy of FA estimated by SL2, especially given the 
limited number of SL2 pixels and the lack of an inde
pendent validation dataset for this coarser resolution. 
This cross-resolution comparison also helps evaluate 
the consistency of FA estimates derived from different 
spatial resolutions and determine how well the RRFR 
model generalizes across scales. The resampling and 
regression processes were conducted in ArcGIS 10.8 
and Origin 2018, respectively.

Results

UAV image classification

The application of the RFC algorithm to UAV data 
achieved a high level of accuracy in classifying marsh 
vegetation species. The confusion matrix (Table 1) 
shows that A = 0.99 and K = 0.98. Specifically, 99.6%, 
98.7%, 99.6%, and 98.8% of Juncus, Salicornia, 
Spartina, and bare areas in the test dataset were accu
rately classified. These results indicate that the RFC can 
effectively discriminate different species and bare soil 
within the UAV imagery (see Figure 4 for the UAV data 
and the classification results).

Figure 5 displays the FA of each species or bare 
area in the airborne photograph (Figure 5a-d), WV2 
(Figure 5e-h), and SL2 (Figure 5i-I) pixels, calculated 
based on the RFC results of UAV data (Figure 4b). The 

10 Z. YANG ET AL.



vertical comparison across panels in Figure 5 suggests 
that, as pixel size increases, the likelihood of encoun
tering pure pixels decreases, which is particularly 
noticeable for Juncus (Figure 5a, e, and i) and 
Salicornia (Figure 5b, f and j).

FA estimates within airborne, WV2, and SL2 pixels

The accuracy metrics for the application of RRFR to 
airborne, WV2, and SL2 data were summarized in 
Table 2, which demonstrates the robustness of RRFR 
in unmixing marsh vegetation species. The RRFR 
achieved acceptable accuracy in unmixing all vegeta
tion species in airborne data pixels, with R2 >0.40 and 
RMSE <0.30 in both the test and validation datasets 
(Figure S4).

The FA estimation accuracy was even higher for 
the WV2 data, with R2 >0.70 and RMSE <0.15 in the 
test dataset. However, the algorithm failed to esti
mate the FA of Salicornia within the validation 

pixels, as shown by the negative R2 shown in 
Table 2. RRFR overestimated the presence of 
Salicornia within pixels with low Salicornia presence 
and underestimated it within pixels with a high 
Salicornia density (Figure S5f).

In SL2 pixels, RRFR demonstrated high robustness 
in estimating the FA of Juncus, Spartina, and bare land 
covers (Figures S6a, c, d), with R2 >0.70 and RMSE  
<0.15. Also, in this case, the RRFR had difficulty in 
estimating the FA of Salicornia in SL2 pixels, as indi
cated by a negative R2 value (Table 2) and there was 
no correlation between predicted values and valida
tion data (Figure S6b).

Results for Salicornia are poor when the other three 
classes show good accuracy, especially given that the 
sum of the RRFR model’s estimated results is 100%. 
This can be attributed to the bias introduced during 
the rescaling step. If the model slightly overestimates 
or underestimates the other three dominant classes 
(soil, Juncus, and Spartina), it can significantly 

Table 1. Confusion matrix for UAV data classification by RFC.

Classes

Test pixels

Juncus Salicornia Spartina Bare Total

Juncus 1510 0 5 8 1523
Salicornia 2 447 4 0 453
Spartina 11 1 4271 6 4289
Bare 10 0 3 1088 1101

Figure 4. The UAV data (a) and its classification results (b). Panel (a) shows the RGB composition of UAV data. The positions of upland 
forests and the human-paved road are highlighted by the yellow arrows in panel (a), and excluded from the classification process.
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decrease the accuracy of the estimates for the less 
frequent species, such as Salicornia.

Similar distribution patterns of FA are observed 
across different spatial resolutions of the data, as 
depicted in Figure 6, particularly for Juncus, Spartina, 
and the bare portions. The distribution of Salicornia 
shows the greatest variability depending on the 

sensor, confirming the model’s poor ability to predict 
its distribution patterns. It emerged that high FA 
values of Juncus are likely to be observed at the 
boundaries between marsh and upland tidal forest 
as well as in the marsh portions to the south, along 
the main channel of Winyah Bay. High FA values of 

Figure 5. Fractional abundance of each species or bare land cover in the pixels of airborne (a-d), WV2 (e-h), and SL2 data (i-l), which 
were calculated by the classification result of UAV data (Figure 3b).

Table 2. Accuracy of information for the application of RRFR in estimating FA in airborne, WV2, and SL2 pixels.

Species

Airborne data WV2 SL2

Test dataset Validation dataset Test dataset Validation dataset Test dataset

R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE

Juncus 0.797 0.120 0.683 0.136 0.878 0.095 0.761 0.093 0.738 0.055
Salicornia 0.546 0.160 0.506 0.152 0.704 0.119 −0.425 0.176 −0.149 0.061
Spartina 0.735 0.206 0.445 0.267 0.846 0.151 0.575 0.230 0.744 0.148
Bare 0.853 0.160 0.755 0.217 0.900 0.127 0.927 0.118 0.796 0.135

12 Z. YANG ET AL.



Figure 6. Fractional abundance of each species or bare land cover within the airborne (a-d), WV2 (e-h) and SL2 (i-l) pixels. The scale bar 
and north arrow in panel (a) apply to all panels; the legends in panel (i-l) apply to each corresponding row, respectively.
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Spartina and bare areas tend to occur on marsh plat
forms in the North Inlet. The presence of Salicornia, 
comparing Figures 6b, f and j, reveals that the FA 
within WV2 and SL2 is likely overestimated in 
Winyah Bay. Additionally, extensive areas with high 
FA of bare surfaces occurred in the region between 
the marsh upland boundary and North Inlet.

Comparisons between rescaled WV2 FA and SL2 FA

We conducted a comparison between the resampled 
WV2-derived FA values (Figure S7) and FA derived from 
the SL2 data (Figure 6i-l). Compared to the WV2 data, 
SL2 likely underestimated the FA values of Juncus and 
Salicornia, as indicated by the slopes of the regression 
lines for these two species ranging from 0.30 to 0.50 (see 
Figures 7a, b). In contrast, the FA values of Spartina and 
bare classes derived from WV2 and SL2 are similar, with 
the slopes of the regression lines for Spartina (Figure 7c) 

and bare classes (Figure 7d) being close to 1 and exhi
biting high r2 values (>0.70).

Discussion

In this study, we demonstrate that the challenges in 
collecting enough field observations suitable for esti
mating the FA of various species can be efficiently 
addressed by simply using a UAV system to acquire 
(extremely high spatial resolution) multispectral data 
over a small portion of the marshland. Subsequently, 
this mapped portion can be used to extract the infor
mation required to determine the FA from aerial or 
satellite-borne data with lower spatial resolutions. Our 
analyses demonstrate that the RFC hard classification 
achieves high accuracy in classifying marsh species 
using multi-spectral UAV data. In addition to the 
Confusion Matrix and accuracy metrics (Table 1), 
visual comparisons of the RGB composition of UAV 
data (Figure 4a) and the classification results 

Figure 7. Comparison of resampled fractional abundance derived from WV2 data and fractional abundance derived from SL2 data. The 
red line and r2 in each panel represent the result of linear regression and goodness of fit, respectively.
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(Figure 4b) indicate accurate classification of vege
tated and bare pixels. The size of the area surveyed 
by the UAV system is crucial for the unmixing process, 
particularly the presence of large patches of all domi
nant species of interest within it. Despite RRFR being 
unable to accurately estimate the FA of less frequent 
species (Salicornia), our analyses indicate that an area 
of 0.15 km2 is sufficient to train and validate the 
unmixing for dominant species (Juncus and Spartina) 
and bare areas using airborne photography and WV2 
data. We acknowledge that a larger surveyed area 
would have been desirable for SL2 data, especially if 
an additional validation dataset can be provided.

The Validation dataset, additional to the Test data
set, proved extremely valuable in confirming or chal
lenging the accuracy of the results, as shown in 
Table 2. For example, focusing solely on the Test 
dataset, our analyses indicate that RRFR generally 
achieved high accuracy in unmixing marsh vegetation 
species using airborne and WV2 data, as suggested by 
the generally high R2 and low RMSE values (Table 2). 
However, the Validation dataset (Table 2) shows 
a general decrease in R2 values for airborne photo
graphy, even though the RMSE remains relatively 
constant, suggesting a general decrease in the meth
od’s performance. Similar reductions in accuracy 
metrics have been observed in previous work map
ping freshwater habitats (Berhane et al. 2019). This 
can be attributed to the fact that the testing datasets 
are derived from the same patches of the training 
datasets, while the validation datasets are spatially 
independent of the training datasets. This highlights 
that using a spatially independent validation dataset 
provides a more robust assessment of FA estimation 
(Berhane et al. 2019). Additionally, for the WV2 data, 
the Validation R2 values are quite low for Salicornia, 
suggesting that when predicting FA values at the 
entire marsh scale, the RRFR fails to estimate the 
Salicornia FA accurately. The failure to retrieve 
a good estimation of the Salicornia FA at a coarser 
resolution is confirmed by the R2 value close to 0 from 
the Test dataset obtained with the SL2 data.

Furthermore, the RRFR appears to overestimate 
the FA values of Juncus and Salicornia within SL2 
pixels (Figures. 6a, b). We speculate that the sizes of 
the Juncus and Salicornia patches within the UAV 
surveyed area (Figures 2 and 3) were too small 
compared with the pixel size of SL2. This resulted 

in a limited number of SL2 pixels with a high abun
dance of these two species. This is confirmed by 
Figures 4a, e, and i for Juncus and Figures 4b, f, 
and j for Salicornia, further hindering the RRFR train
ing. The limited number of WV2 pixels with a high 
Salicornia FA within the UAV area (Figure 5f) is likely 
the reason for the low accuracy of the Salicornia FA 
estimated from the WV2 pixels. We thus speculate 
that sufficient training spectral information, 
extracted from pure or mixed ground-truthing 
patches, is vital for estimating the FA of target 
species (Costa, Foody, and Boyd 2017). Further 
work is needed to examine the performance of 
RRFR by using more extensive UAV flights that bet
ter sample infrequently occurring species in differ
ent marsh portions.

The FA maps of vegetation species and bare soil 
from each sensor in Figure 6 confirm the merits 
and limits of the method discussed above. The FA 
of bare soil and Spartina appears to be well cap
tured by the RRFR. This confirms that they are 
predominantly found within the main marsh basin 
of the North Inlet. However, bare soil may be over
estimated in the Winyah Bay area, where marshes 
have been observed to host-dense vegetation (Li 
et al. 2020, 2022), especially for the SL2 dataset 
(comparing Figure 6d, h, and I). The reason for 
such overestimation can be attributed to the fact 
that marshes are periodically submerged by the 
tide, and the presence of water can significantly 
alter the spectral reflectance (Kearney et al. 2009). 
As expected, Juncus exhibits a preference for 
marsh landward boundaries and marshes close to 
Winyah Bay. The Salicornia maps retrieved from 
WV2 (Figure 6f) and SL2 (Figure 6j) are question
able, as they clearly overestimate their presence in 
the Winyah Bay area when compared with the 
counterpart map derived from aerial photographs 
(Figure 6b). Generally, the distribution patterns 
found in this study align with previous field obser
vations (Allen et al. 2008; Dame and Gardner 1993) 
and land cover maps (Li et al. 2020, 2022), which 
can be mainly attributed to spatial variations in 
salinity and flooding frequency (Pennings, Grant, 
and Bertness 2005). Marshes adjacent to upland 
forests, characterized by higher elevations, typically 
experience lower salinity levels, facilitating the 
growth of Juncus. In contrast, marshes in the cen
tral basin have higher salinity due to lower 

GISCIENCE & REMOTE SENSING 15



elevations and limited freshwater input from the 
uplands and therefore are predominantly occupied 
by Spartina.

Our findings suggest that RRFR can accurately 
separate Spartina and Juncus as well as bare soil 
across various spatial resolutions, while more training 
and validation datasets are necessary to accurately 
map the Salicornia FA. To the extent of our current 
knowledge, this study presents the first demonstra
tion of RRFR’s robustness in estimating the FA of 
marsh species. This aligns with its successful perfor
mance in mapping vegetation species in other eco
systems. RRFR achieves an accuracy of 0.57 < R2 <0.93 
and 0.05 < RMSE < 0.27 for dominant species in this 
study. This accuracy is similar to that reported for 
forest ecosystems (0.60 < R2 < 0.85 and 0.10 < RMSE  
< 0.20, Immitzer et al. 2018) and coastal habitats (0.40 
< R2 < 0.63 and 0.21 < RMSE < 0.26, Martínez Prentice 
et al. 2024). This highlights the potential of RRFR as 
a valuable tool for mapping and monitoring marsh 
vegetation, particularly for large-scale applications 
where traditional field surveys may be impractical.

Nevertheless, we note that the RRFR failed to achieve 
a good level of performance in the Venice lagoon salt 
marshes (Yang et al. 2020). The relatively poor perfor
mance of RRFR in the Venice lagoon was attributed to 
a very high level of species intermixing at small spatial 
scales, and thus high species heterogeneity within 
a pixel (Yang et al. 2020). This poses the question of 
determining the limit of RRFR relative to a measure of 
the degree of species mixing. Additionally, Yang et al. 
(2020) demonstrated superior performance of Random 
Forest Soft Classification in such highly mixed systems, 
which was not found in the North Inlet case. This under
scores the importance of selecting the most suitable 
method based on the specific ecological characteristics 
and local conditions of the study area.

We also acknowledge that spectral differences exist 
between wrack and bare soil, which could introduce 
some inaccuracy in our estimations. However, when 
comparing the UAV data’s RGB composition with the 
RFC classification results (Figure 4), both wrack and 
bare areas were consistently classified as bare, suggest
ing that considering these two types as one individual 
class did not impact the RFC classification accuracy. 
Additionally, wrack patches have a relatively short life
span, often degrading within 3 months (Lynn et al.  
2023) and tend to result in vegetation mortality 
(Pennings and Richards 1998). Given that our WV2 

and some of the SL2 scenes used to obtain the SL2 
data were acquired at a later time than the UAV data, 
we assume that most wrack patches were decomposed 
by the time of satellite image acquisition. Furthermore, 
previous studies indicate that wrack coverage in marsh 
environments is generally low (~2%; see Lynn et al.  
2023), supporting the assumption that its impact on 
unmixing accuracy is negligible.

Despite RRFR not excelling when applied to SL2 data, 
the general spatial distribution of each species derived 
from RRFR, especially Spartina and bare soil, is similar to 
that obtained from finer resolution data. Therefore, we 
suggest that it is sufficiently accurate for large-area mon
itoring. This highlights the potential for utilizing publicly 
available, though spatially coarse, satellite multi-spectral 
data (e.g. Planet, Sentinel, and Landsat) to map marsh 
species distribution by relying on a limited training data
set based on UAV data collection.

This approach can facilitate the analysis and mon
itoring of marsh vegetation dynamics, encompassing 
phenomena such as dieback and recovery, alien spe
cies invasion, and inter-specific replacement, all of 
which profoundly influence marsh ecological pro
cesses and vulnerability. By reducing the reliance on 
costly high-spatial resolution multispectral remote 
sensing data sources (e.g. Belluco et al. 2006; 
Doughty et al. 2021; Klemas 2011; Sun et al. 2020; 
Wang et al. 2007; Yang et al. 2020) and repeated 
labor-intensive field surveys (e.g. Granse, Suchrow, 
and Jensen 2021; Silvestri, Defina, and Marani 2005; 
Yang et al. 2023), this approach offers cost-effective 
and efficient solutions for marsh ecological monitor
ing and management, which can inform management 
decisions. Moreover, this approach holds potential 
implications for estimating marsh vulnerability by 
using metrics such as areal unvegetated/vegetated 
marsh ratios (Ganju et al. 2017) and other vulnerability 
metrics derived from temporal series of vegetation 
growth conditions (e.g. Scheffer et al. 2009), which 
can be effectively captured through FA. Such vulner
ability assessments can further inform decisions to 
prioritize conservation efforts, establish early warning 
systems, and long-term monitoring programs.

Conclusions

Mapping the fractional abundance of marsh plants 
and bare soil can accurately display species distribu
tions, thus providing critical information on marsh 
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ecological processes and informing marsh evolution 
models. Therefore, unmixing vegetation is important 
for improving the understanding of marsh vulnerabil
ity to climate changes and sea level rise.

This study demonstrated that the RFC achieves extre
mely high accuracy when classifying marsh species 
based on UAV imagery, underscoring that the use of 
UAVs can be a cost-effective and efficient method for 
acquiring the detailed ground truth data necessary for 
vegetation unmixing across different sensors.

RRFR showed the high level of accuracy when esti
mating the FA of dominant species (Spartina and 
Juncus) and bare soil within the pixels of aerial, WV2, 
and SL2 data. However, the estimation of FA of 
Salicornia, a minor species within the UAV- 
acquisition area, in coarser pixels (WV2 and SL2) 
posed challenges, indicating a need for more UAV 
data capturing the minor species in various marsh 
areas. Despite that, the general spatial distribution 
of FA for each species derived by RRFR can be suffi
cient to represent vegetation distribution and accu
rate enough for large-area monitoring.

The high accuracy of RRFR across different spatial 
resolutions underscores its potential for widespread 
application in marsh monitoring, particularly with 
reference to dominant species (Spartina and Juncus) 
and bare soil, offering a viable alternative to labor- 
intensive field surveys and expensive high-resolution 
aerial photographs and satellite data acquisitions. 
However, further research is needed to improve the 
accuracy of FA estimation for less frequently occur
ring species like Salicornia.

By providing detailed information on species dis
tribution and abundance, this approach can support 
the development of targeted management strategies 
to address specific threats to marsh ecosystems, such 
as rising sea levels, invasive species, and nutrient 
pollution. This approach can facilitate the analysis 
and monitoring of marsh vegetation dynamics, 
thereby supporting effective conservation and man
agement practices, which enhance marsh resilience 
against environmental changes.
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