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Abstract: High-lying vegetated marshes and low-lying bare mudflats have been suggested to be
two stable states in intertidal ecosystems. Being able to identify the conditions enabling the shifts
between these two stable states is of great importance for ecosystem management in general and the
restoration of tidal marsh ecosystems in particular. However, the number of studies investigating
the conditions for state shifts from bare mudflats to vegetated marshes remains relatively low. We
developed a GIS approach to identify the locations of expected shifts from bare intertidal flats to
vegetated marshes along a large estuary (Western Scheldt estuary, SW Netherlands), by analyzing the
interactions between spatial patterns of vegetation biomass, elevation, tidal currents, and wind waves.
We analyzed false-color aerial images for locating marshes, LIDAR-based digital elevation models,
and spatial model simulations of tidal currents and wind waves at the whole estuary scale (~326 km2).
Our results demonstrate that: (1) Bimodality in vegetation biomass and intertidal elevation co-occur;
(2) the tidal currents and wind waves change abruptly at the transitions between the low-elevation
bare state and high-elevation vegetated state. These findings suggest that biogeomorphic feedback
between vegetation growth, currents, waves, and sediment dynamics causes the state shifts from bare
mudflats to vegetated marshes. Our findings are translated into a GIS approach (logistic regression)
to identify the locations of shifts from bare to vegetated states during the studied period based on
spatial patterns of elevation, current, and wave orbital velocities. This GIS approach can provide a
scientific basis for the management and restoration of tidal marshes.
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1. Introduction

Different stable states have been observed in many ecosystems and identified as an important
constraint on ecological management and restoration [1–3]. Understanding the conditions under which
shifts can be expected to happen from one ecosystem state to another, has been widely recognized as
an important challenge. Identifying the conditions for these shifts has been found to be difficult due to
several factors. First, it is difficult to know whether a system is close to a catastrophic bifurcation unless
the critical transition is already happening [2,4], and secondly, once the critical shift has occurred,
it may be difficult to restore the ecosystem to its original state due to hysteresis effects [2,5]. Recent
studies have investigated the conditions that lead to such shifts in different ecosystems [3,6]. However,
few studies aimed to identify the conditions for state shifts in biogeomorphic systems, which are
governed by interactions between organisms and their geomorphologic environment.

Intertidal flats and marshes are well-known examples of biogeomorphic systems, which are shaped
by interactions between vegetation establishment, flow hydrodynamics, and sediment erosion and
deposition [7–10]. The significance of analyzing shifts between bare flats and vegetated marshes lies in
the valuable ecosystem services provided by tidal marshes to coastal and estuarine communities [11].
They play an important role in coastal defense by mitigating storm surge flooding [12–14], the reduction
in waves and wave-induced shoreline erosion [15–17], and the accretion of sediments in balance with
the sea-level rise [18,19].

Increasing evidence suggests that vegetated marshes and bare flats can be considered as two stable
states of intertidal ecosystems [10,20,21]. A number of studies have observed bimodality in either the
distribution of vegetation biomass [10,22] or in intertidal elevation [21,23], suggesting that two stable
states exist, either a stable high-lying vegetated state or a stable low-lying bare state, while intermediate
elevations and biomass densities occur less frequently [10,21]. Purely physical models of feedbacks
between wave erosion and water depth have been proposed to explain the stable state of the low-lying
bare flat [20,24,25]. These models indicate that wave-induced erosion on a bare tidal flat is dependent
on the water depth, with maximum erosion being reached at a critical intermediate water depth.
Assuming a constant background sediment deposition rate, the models show that the sediment bottom
accretes from a deep water bottom until a certain water depth is reached, where the wave-induced
erosion balances the deposition, and a stable low-lying bare tidal flat emerges. If the water depth
became shallower, wave-induced erosion would increase, hence tending to keep the tidal flat elevation
in the low-lying bare stable state [20,24,25]. Biogeomorphic models, simulating feedbacks between
vegetation establishment, hydrodynamic forces, and sediment deposition and erosion, have been
proposed to result in the high-lying vegetated marsh state [26–28]. Under certain conditions, which
enable the establishment of marsh plants on an initially bare tidal flat, the vegetation-induced friction
will reduce the hydrodynamic forces, hence reducing erosion rates and allowing sediment accretion
until a high-lying, vegetated state is reached [28–30]. Empirical evidence demonstrated that shifts
between the bare and vegetated intertidal state can occur rather rapidly on decadal time scales when
a threshold elevation is exceeded [21]. Modeling and observations have shown that such transition
from a bare to vegetated intertidal state typically occur after a so-called “Window of Opportunity”, i.e.,
a period when favorable conditions occur that enable plant seedlings to establish [29,30]. Especially
hydrodynamic conditions (periods with low frequency and duration of tidal inundation, low wave
activity) have been identified as conditions for shifts from bare to vegetated intertidal states in previous
studies [24,25].

Previous GIS studies on the landscape scale have mainly utilized thresholds in elevation relative
to mean sea level to identify the conditions enabling shifts from bare to vegetated states [21]. In fact,
elevation only indirectly affects vegetation establishment, since it lumps the effects of several variables
with a more direct effect, including tidal inundation depth and duration, hydrodynamic forces from tidal
currents and waves, and sediment bed dynamics [30–32]. These physical disturbances are potentially
the main bottlenecks to new marsh establishment on tidal flats [8,33,34]. For instance, a coupled study
combining numerical modeling and GIS analysis has shown that elevation only acts as a prerequisite
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for successful marsh seedling establishment [30]. Once a minimum elevation threshold is reached,
hydrodynamic forces become the main factor determining the chance of seedling establishment.

However, on a scale of a large estuary (~102-103 km2), very few studies have linked the shifts
from low-lying bare to high-lying vegetated states with the spatial distribution of elevation, tidal
current velocity, and wave orbital velocity in intertidal ecosystems. Applying a physical model for
marsh establishment at this scale, is computationally complex, as it would necessitate simulating
interactions between hydrodynamics (tidal currents, waves), sediment dynamics (erosion, deposition),
and vegetation dynamics (colonization, growth, die-off) at high spatial resolutions (~m2) but large
domains (~102–103 km), and high temporal resolutions (sec) but large simulated periods (~decades).
Therefore, a synthetic statistical assessment, including these factors, is expected to improve our
understanding of the mechanisms that cause shifts between bare and vegetated ecosystem states and
the predictability of such state shifts. The overall objective of this study is to develop the knowledge
of where state shifts from the bare to vegetated state are likely to occur on a large spatial scale of an
estuary (~326 km2), Western Scheldt estuary (SW Netherlands). To achieve this, a spatial statistical
modeling approach that enables us to identify the locations of the shifts occurring in the intertidal
zone is built. The model combines data on spatially-distributed elevation, tidal currents, and wind
waves. Specifically, we use the model to address the following three questions:

(1) Do stable states in vegetation biomass and elevation co-occur? To answer this question, we tested
(1a) whether both vegetation biomass and elevation have a bimodal frequency distribution in
intertidal zones; (1b) whether the spatial variation in vegetation biomass as a function of elevation
shows an abrupt change from a bare to vegetated state (above a threshold elevation); and (1c)
whether the temporal change in vegetation biomass is the largest in areas with an unstable
intermediate elevation state;

(2) Does hydrodynamics abruptly change between different states? We tested whether spatial
variations in (2a) tidal currents and (2b) waves change abruptly between different biomass and
elevation states, in order to identify potential mechanisms causing the two stable states, i.e., the
biogeomorphic interactions between elevation, biomass, tidal currents, and waves;

(3) Can we identify the location of state shifts? We examined whether we can identify the locations
where shifts from bare state to vegetated state occur, based on integrating the spatially explicit
data on elevation, tidal currents, and waves.

2. Materials and Methods

2.1. Study Area

The Western Scheldt, located in the southwest of the Netherlands, is the Dutch part of the Scheldt
estuary, while the Belgian part of the estuary is called the Sea Scheldt (see Meire et al. [35] for more
details) (Figure 1). The Western Scheldt estuary is characterized by a semi-diurnal meso- to macro-tidal
regime. At spring and neap tides, the mean tidal range varied from 4.46 and 2.97 m, respectively, at the
mouth, to 5.93 and 4.49 m at 91 km from the mouth. The average suspended sediment concentration
(SSC) varied between 30 and 60 mg/L. The salinity in the Western Scheldt changed from 25–30 PSU
(Practical Salinity Units) in the most downstream, western part of the estuary, to 5–18 PSU in the more
upstream, eastern part of the estuary. As a result, from west to east, the tidal marshes ranged from
salt marshes, which were dominated by halophytic plant species (including Spartina anglica, Salicornia
europea, Puccinellia maritima, Halimione portulacoides, and Elymus athericus as some of the most dominant
species), to brackish marshes in which both halophytic and helophytic vegetation occurred (including
Scirpus maritimus, Aster tripolium, Elymus athericus, and Phragmites autralis as the dominant species).
In the last 10 years, the establishment of the pioneer vegetation (largely dominated by Spartina anglica)
was observed at large scales on several intertidal shoals.



Remote Sens. 2020, 12, 2316 4 of 22
Remote Sens. 2020, 3, x FOR PEER REVIEW 4 of 23 

 

 

Figure 1. (a) Location of the Scheldt estuary in Western Europe; (b) Scheldt estuary with indications 
of tide gauges (red dots), locations of measured discharge transects (red lines), study area Western 
Scheldt (grey striped box), model boundaries (black line) and bathymetry (the elevations are 
expressed relative to the Dutch Ordnance Level, NAP, which is close to the mean sea level at the 
Dutch coast); (c) Detail of measured discharge transects for ebb and flood channel; (d) Locations of 
Acoustic Doppler Current Profilers (ADCP) measurements on one of the shoals. 

2.2. Materials and Data Preprocessing 

2.2.1. Aerial Images and Vegetation Maps 

False-color aerial images were selected for 2 time steps (June 9, 2004 and July 5, 2011) in order to 
study the large-scale establishment of new pioneer vegetation on intertidal shoals in between these 2 
time steps. The aerial images have a scale of 1:5000 for 2004 and 1:10,000 for 2011. They were provided 
by Rijkswaterstaat (the Dutch governmental institute for water management) in a digitized, geo-
referenced, and mosaicked format with a pixel size of 0.5 m for 2004 and 0.25 m for 2011 [36,37]. The 
aerial images have 3 spectral bands, that is for the near-infrared (NIR), red, and green spectra. The 
Normalized Difference Vegetation Index (NDVI) was used as a proxy for vegetation biomass [10,22], 
and was calculated from the red (R) and near-infrared (NIR) bands of the aerial images, as follows: 

NDVI = (NIR − R)/(NIR + R) (1) 

Pixel values of the original aerial images were used to compute the NDVI without converting 
the pixel values into surface reflectance [10,22]. Pixel values of the original aerial images were linear 
transformations (i.e., linear rescaling) of surface reflectance values. Therefore, our NDVI values that 
were calculated from these pixel values were not directly comparable to the NDVI values reported 
in other studies, and our NDVI values calculated from the 2004 and 2011 aerial images were also not 
directly comparable. Nevertheless, since we have calculated NDVI using linear transforms of near-
infrared and red reflectance, we considered that our NDVI values can still be used as a proxy for 

Figure 1. (a) Location of the Scheldt estuary in Western Europe; (b) Scheldt estuary with indications of
tide gauges (red dots), locations of measured discharge transects (red lines), study area Western Scheldt
(grey striped box), model boundaries (black line) and bathymetry (the elevations are expressed relative
to the Dutch Ordnance Level, NAP, which is close to the mean sea level at the Dutch coast); (c) Detail of
measured discharge transects for ebb and flood channel; (d) Locations of Acoustic Doppler Current
Profilers (ADCP) measurements on one of the shoals.

2.2. Materials and Data Preprocessing

2.2.1. Aerial Images and Vegetation Maps

False-color aerial images were selected for 2 time steps (9 June 2004 and 5 July2011) in order to
study the large-scale establishment of new pioneer vegetation on intertidal shoals in between these
2 time steps. The aerial images have a scale of 1:5000 for 2004 and 1:10,000 for 2011. They were
provided by Rijkswaterstaat (the Dutch governmental institute for water management) in a digitized,
geo-referenced, and mosaicked format with a pixel size of 0.5 m for 2004 and 0.25 m for 2011 [36,37].
The aerial images have 3 spectral bands, that is for the near-infrared (NIR), red, and green spectra.
The Normalized Difference Vegetation Index (NDVI) was used as a proxy for vegetation biomass [10,22],
and was calculated from the red (R) and near-infrared (NIR) bands of the aerial images, as follows:

NDVI = (NIR − R)/(NIR + R) (1)

Pixel values of the original aerial images were used to compute the NDVI without converting
the pixel values into surface reflectance [10,22]. Pixel values of the original aerial images were linear
transformations (i.e., linear rescaling) of surface reflectance values. Therefore, our NDVI values that
were calculated from these pixel values were not directly comparable to the NDVI values reported
in other studies, and our NDVI values calculated from the 2004 and 2011 aerial images were also
not directly comparable. Nevertheless, since we have calculated NDVI using linear transforms of
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near-infrared and red reflectance, we considered that our NDVI values can still be used as a proxy for
spatial (relative) variations in vegetation biomass within a given year (2004 or 2011), as had been done
in previous remote sensing studies [10,22,38,39]. As a consequence, this analysis provided information
on the relative (qualitative) spatial variations in biomass distribution rather than absolute (quantitative)
biomass values.

To get a first view of the spatial distribution of biomass and elevation, we also used the vegetation
maps of 2004 and 2010 from the national aerial photo surveys systematically conducted every 6 years
by Rijkswaterstaat [36,40]. The vegetation maps have a horizontal accuracy of 1 m based on aerial
photo interpretation with a scale of 1: 5000/1:10,000 and fieldwork. The vegetation maps distinguished
between water, bare mud/sand, pioneer zone, low marsh, middle marsh, and high marsh. In this study,
we reclassified these vegetation maps into bare flats (i.e., bare mud/sand, and pioneer zone in the
original vegetation maps) and vegetated marshes (i.e., low, middle, and high marsh). The pioneer
zones were classified as bare flats because they consisted of large areas of bare flats with only here and
there very small patches of pioneer vegetation. As the analysis in this study focused on the global
trends in changes from bare flats to vegetated marshes over the large estuary scale, we considered that
local uncertainties in the classification would not cause significantly different results in the analysis.
All the spatial analyses in this study were carried out with ArcGIS.

2.2.2. Elevation Data and Intertidal Zones

Digital Terrain Models (DTM) with a resolution of 2 × 2 m were also provided by Rijkswaterstaat.
These DTMs were interpolated from LIDAR (Light Detection and Ranging) surveys performed during
low tide in 2004 and 2011. Metadata on the LIDAR datasets were reported by Rijkswaterstaat as
follows [37,41]. The LIDAR dataset of 2004 has a minimum vertical accuracy of 0.2 m, with the
measurement point density varying from 1 point per 16 square meters to several points per square
meter [41]. This means that the interpolated DTM with a resolution of 2 × 2 m contained interpolated
pixel values that can be based, in some places, on several LIDAR observation points within the pixel,
or in other places on LIDAR observation points that fall in nearby surrounding pixels. Interpolated
DTM pixel values are, therefore, approximate, but given the very small topographic gradients that
are present in the studied intertidal flat landscapes, and the resolution of the LIDAR dataset, we may
assume that the vertical error on the DTM was not larger than 0.2 m, as defined for the LIDAR survey.
The LIDAR dataset of 2011 had a minimum vertical accuracy of 0.1–0.15 m and a mean point density of
2 points per square meter [37]. Compared to a tidal range up to 6 m, we can consider that these error
levels on the LIDAR elevations were reasonably small. For the interpolated DTM of 2011, we used the
same reasoning as for the DTM of 2004, i.e., we presumed that the vertical accuracy of the DTM was
within the same range of vertical accuracy as the LIDAR survey. The elevation values of the DTMs, as
provided by Rijkswaterstaat, were expressed relative to the Dutch Ordnance Level (abbreviated as
NAP, which was close to the mean sea level at the Dutch coast). We recalculated the DTM elevation
values relative to the local mean high water level (MHWL), because this was what determined the
frequency, depth, and duration of tidal inundation, and, therefore, was expected to determine the
elevation limit for vegetation establishment, survival, and growth. The MHWL was calculated from
tidal data recorded from 2000 to 2010 at 9 tidal gauge stations along the studied part of the estuary
(see Figure 1 for locations of the tide gauge stations). The MHWL increased from 1.82 m NAP at the
most seaward part of the studied estuary up to 2.98 m NAP at the most landward part, due to tidal
amplification along the estuary [35]. Therefore, the MHWL surface was interpolated in between the
locations of the 9 tide gauge stations. Similarly, the mean low water level (MLWL) varied along the
length of the estuary, and, therefore, the MLWL surface was also interpolated from tidal data of the
9 tide gauge stations. We extracted the intertidal areas of 2004 and 2011 from the DTM as all areas
above the MLWL surface. The upper boundary of the intertidal areas was formed by human land use,
in particular, dikes, and was digitized visually from the aerial images.
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2.2.3. Tidal Current Velocity from a TELEMAC 2D Model

High-resolution, spatially distributed tidal flow velocity data were typically not available
for complex estuaries, hence tidal flow velocities in the studied estuary were simulated by a
TELEMAC 2D hydrodynamic model. This model simulated depth-averaged flow velocities by
solving the 2D shallow-water equations over a non-structured triangular computational mesh [42].
The implementation, calibration, and validation of a TELEMAC 2D model for the Western Scheldt
estuary was described in Smolders et al. [43], and was summarized in brief below.

The computational mesh resolution increased from the downstream boundary towards the
upstream boundary as the estuary narrows. For the Western Scheldt, our study area, the mesh
resolution was kept constant at around 30 m. The input bathymetry of the subtidal channels was based
on a Sonar survey from 2009, and the input topography of intertidal areas was based on a LIDAR
survey, also from 2009; both were interpolated onto the computational mesh. At the downstream
open boundary, at the mouth of the estuary, a fluctuating water level was applied to generate tides.
Upstream, 7 freshwater open boundaries were implemented to introduce a daily averaged discharge
to the model. Both down- and upstream boundaries used measured data from March 2009. The model
was calibrated and validated using: (1) Water levels measured at 22 tidal gauge stations along the
estuary (red dots in Figure 1b); (2) discharges measured (sailed ADCP) over 6 cross-sections along
the estuary, i.e., Pas van Terneuzen, Everingen, Middelgat, Overloop van Hansweert, Zuidergat, and
Schaar van Waarde (see red lines in Figure 1b and a close up in Figure 1c); (3) point flow velocities
measured on 3 shoals, i.e., Hooge Platen with 20 locations (see location X1 in Figure 1b and a close
up in Figure 1d), Rug van Baarland with 12 locations (see location X2 in Figure 1b) and Plaat van
Walsoorden with 8 locations (see location X3 in Figure 1b) in the estuary. The model was calibrated
stepwise by varying the bottom friction Manning’s coefficient: (1) First, it was calibrated on water
levels by changing the Manning’s coefficient in between the 22 tidal gauge stations; (2) secondly, it was
calibrated on total flood and ebb discharges through flood and ebb channels along the cross-sections,
by varying the Manning’s coefficient between the flood and ebb channels; (3) thirdly, it was calibrated
on flow velocities on the intertidal areas and eventually adapted the Manning’s coefficient locally. For
more details, we refer to Smolders et al. [43,44]. For the present study, the mean tidal current velocity
was extracted from the calibrated model for all points during a representative spring tide, of which the
high water level was close to the yearly averaged high water level during spring tide. This mean tidal
current velocity was further used in the analysis as a potential factor influencing the shifts from bare to
vegetated state (see Section 2.3.3).

2.2.4. Wave Orbital Velocity from a SWAN Model

We estimated the mean of the peak near-bed orbital velocities as a potential determining factor for
vegetation establishment, using the Simulating Waves Nearshore model (SWAN, [45–47]). The model
was applied to the Western Scheldt estuary for wind conditions representative of the period 1987–2012.
The model grid resolution on the intertidal areas was between 20 to 50 m (Table 1). The input
bathymetry and topography were based on data from 2004. The implementation and calibration of the
SWAN model for the Western Scheldt estuary was described in Callaghan et al. [48] and is shortly
summarized below.

The two-dimensional SWAN wave generation and propagation model converted wind
measurements into nearshore wave parameters (height, period, and direction) across the estuary.
This wave model solved the oscillatory wave hydrodynamics in a parametric form using the wave
action flux conservation equation. The model predictions were for wind-generated waves of periods
less than 20 s. To distinguish between wind-wave velocities and tidal velocities, we considered
wind-waves having a period less than 20 s, while tidal waves having a period slightly greater than
12 h. Its implementation here included the effects of wave breaking, bottom friction, wave generation,
wave–wave interaction, wave shoaling, refraction, and diffraction [47,49], while wave reflection,
backscatter, and vegetation induced dissipation are excluded (see Callaghan et al. [48] for more details).
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Table 1. Model grid layout, original, rotation, extents, and grid size.

Grid
Origin Rotation Length Grid Spacing

E [m] N [m] [◦] x [km] y [km] x [km] y [km]

0 −113,200 271,906 38.303 293 148 2.9 3
1 16,023 376,356 352.014 62.4 19.5 0.19 0.19
2 25,226 375,297 352.014 52 16.5 0.1 0.1
3 35,934 376,418 326.089 5.69 2.4 0.04 0.02
4 45,632 376,523 8.787 6.84 3.45 0.05 0.02
5 53,603 374,887 37.622 4.64 2.11 0.04 0.02
6 29,873 378,285 347.418 8.19 4.04 0.04 0.04
7 37,522 378,999 327.858 12.4 3.3 0.04 0.04
8 54,806 377,049 69.927 8.08 2.99 0.04 0.04
9 55,874 380,301 350.768 4.8 3.67 0.04 0.04

10 61,203 377,403 347.418 8.2 3.33 0.04 0.04
11 68,404 369,852 34.401 10.5 6.93 0.04 0.02

The wave propagation model consisted of 12 grids. Grids ‘0’ to ‘5’ are detailed in
Callaghan et al. [48]. Grid ‘1’ was extended for the present study to cover the whole Western
Scheldt estuary. Further, 6 additional grids were added to this model (Table 1 and Figure 2) for this
study in order to cover all intertidal areas of interest.
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The model was forced by measured wind (speed and direction) and tidal water levels with a
10-min interval, ranging from 1987 to 2012 (data courtesy of Rijkswaterstaat), on 4 locations along the
estuary (see Figure 2). See Callaghan et al. [48] for more details on model forcing and calibration.

The wave model provided wave height and period (spatially and temporally), which was used to
estimate the near-bed peak wave orbital velocity, upeak,bed, which was given by the following equation,
assuming linear sine theory and Rayleigh distributed wave heights,

upeak,bed ≈
π 1

1.4 Hsig

Tp

1
sinhkh

(2)

where Tp is the peak wave period, h is the still water depth, Hsig is the significant wave height and k is
the wave number given by the linear dispersion relation of

khtanhkh =
4π2

gT2
p

h (3)

where g is the gravitational acceleration. The mean of the near-bed peak wave orbital velocities was
used as a potential factor for marsh vegetation establishment (Sections 2.3.2 and 2.3.3).
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2.3. Data Analysis

2.3.1. Spatial Distribution of Vegetation and Intertidal Elevation

First, we checked the frequency distribution of vegetation biomass and intertidal elevation in
2004 and 2011 to test whether bimodality occurred, which was considered as an indicator of 2 stable
states. Biomass was approximated by NDVI. The frequency distribution of vegetated marshes and
bare flats, which was based on the vegetation maps of 2004 and 2010, was calculated separately to
check the relationship between the bimodal distribution and the presence or absence of vegetation.

Second, we analyzed the spatial variation of NDVI as a function of the elevation. A threshold
elevation was hypothesized to occur, above which the biomass (NDVI) would abruptly increase from
low values (representative for a bare state) to high values (representative for a densely vegetated state).
We hypothesize that this threshold elevation was indicative of the unstable intermediate elevation
zone. Consequently, the spatial variation of elevation was analyzed as a function of NDVI to validate
the hypothesis of whether elevation abruptly changes within the NDVI range that corresponds to
intermediate unstable biomass levels.

Third, we tested whether the temporal change in biomass occurs abruptly in intermediate unstable
elevation zones. Hence, we calculated the change in NDVI between 2004 and 2011. The NDVI values
of 2011 were first rescaled to the same scale of NDVI of 2004 using the following equation

NDVI′2011 = (NDVI2011 − PB2011) ×
PV2004 − PB2004

PV2011 − PB2011
+ PB2004 (4)

where NDVI′2011 is the new NDVI value of 2011, NDVI2011 is the original NDVI value of 2011, PB2011 is
the NDVI value of the bare peak in 2011, PV2011 is the NDVI value of the vegetated peak in 2011, PB2004

is the NDVI value of the bare peak in 2004, and PV2004 is the NDVI value of the vegetated peak in 2004.
We analyzed the variation in the NDVI between 2004 and 2011 in relation to the elevation in 2004.

2.3.2. Spatial Variation of Currents and Waves

In order to test the hypothesis that tidal currents and wind waves change abruptly between
the different states, the velocities of both currents and waves simulated, respectively, with a tidal
hydrodynamic model (see Section 2.2.3) and a wave model (Section 2.2.4), were analyzed as a function
of elevation and NDVI. All the parameters were combined into a raster with a resolution of 2 × 2 m
using ArcGIS and were further analyzed using SPSS. The elevation and NDVI ranges that corresponded
to the stable high-lying vegetated state, the stable low-lying bare state, and the unstable intermediate
state were identified based on the frequency distribution of elevation and NDVI (see Section 2.3.1).
Further, it was tested whether the currents and waves changed abruptly in between these states.

2.3.3. Identification of the State Shift

A multiple logistic regression model was used to identify the shift from bare flat to vegetated
marshes between 2004 and 2011 based on the NDVI classification. Previous studies [30,48] have
suggested that hydrodynamic variables (tidal inundation time, tidal currents, and wave-induced
currents) were the key environmental variables controlling the survival and establishment of seedlings
on intertidal flats. In accordance with this prior theoretical knowledge, we used the initial elevation of
2004 (as a proxy for tidal inundation time), the mean tidal current velocity during a representative
spring tide in 2009, and the mean of the near-bed peak velocities in 2004 as explanatory variables
in the logistic regression model. In the following analysis, the areas that were already classified as
vegetated marshes in 2004 were not taken into account. The remaining areas that were bare in 2004
were subsequently classified in a dichotomous map with (1) areas that stayed bare between 2004
and 2011 and (2) areas that shifted from bare to vegetated between 2004 and 2011. We notice that
inaccuracies in the classification between bare and vegetated areas may occur very locally, but as the
analysis in this study focused on the global trends on the large scale of the whole estuary, we may
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assume that the impact of local inaccuracies on the global results were rather limited. The dichotomous
map with a cell size of 0.5 m showed that zones with new marsh formation were often characterized
by small-scale alterations between bare and vegetated pixels at this resolution of 0.5 m. We expected
that the identification of new marsh formation at this fine resolution was very difficult based on the
input environmental variables with coarser resolutions, such as 2 m for the elevation, 30 m for the tidal
currents, and 20–50 m for the wave-induced currents. In addition, the time difference in this study was
only 7 years (between 2004 and 2011), which means that there might not be enough time for the newly
formed marsh to occupy bigger areas, even though the surrounding area had a suitable environmental
condition. In order to find the most suitable spatial resolution to identify new marsh formation, we
rescaled the dichotomous map with 0.5 m resolution into grids with coarser resolutions of 2 × 2, 10 × 10,
20 × 20, 30 × 30, 50 × 50, 100 × 100, and 200 × 200 m. The 100 m and 200 m resolutions were tested for
an upper limit, although they might not be suitable in the end. If a certain grid contained at least 1
original pixel of new vegetation, it was defined as “new marsh”; otherwise, it was defined as “stable
bare flat”. For each dichotomous classification with a different resolution (i.e., increasing grid cell size),
we performed a separate logistic regression analysis, and we evaluated the model’s performance to
identify the probability of the bare pixels in 2004 becoming new marsh by 2011.

Several coefficients were used to evaluate the models, such as the Nagelkerke R2, correct
percentage for new marshes, the correct percentage for stable bare flats, and the overall correct
percentage. The threshold p-level was determined as 50%. We also assessed the accuracy of the
analysis by comparing the observed percentage of new vegetation with the quantified probability.
In addition, the coverage of new vegetation was mapped for the new grids to validate the analysis
spatially. The new vegetation coverage was calculated as the absolute number of newly vegetated
pixels in a certain grid divided by the total number of pixels in the grid.

3. Results

3.1. Spatial Distribution of Biomass and Elevation

3.1.1. Bimodality in Biomass Distribution and Elevation Distribution

The frequency distribution of NDVI at all intertidal pixels clearly indicated a bimodal distribution
of vegetation biomass (Figure 3a,b). The location and range of the two peaks were consistent with the
NDVI distribution of pixels that were classified as vegetated marshes and bare flats. The right peak
with a broad range of positive NDVI values (e.g., between 0.1 and 0.25 in 2004) was dominated by
vegetated marshes with high vegetation biomass. The left narrower peak of negative NDVI values (e.g.,
between −0.1 and 0 in 2004) was controlled by bare flats where vegetation was absent. The intermediate
NDVI values (e.g., between 0 and 0.1 in 2004) occurred less frequently. The range and location of the
NDVI distributions were different between 2004 and 2011, which could be due to two factors. First, the
NDVI values were calculated from the original pixel values of the false-color aerial images, rather than
the reflectance values resulting from the remote sensing images, thus, it can only provide information
on the relative spatial variations in biomass distribution for a given year (2004 or 2011) rather than
absolute differences in biomass distribution between years (2004 and 2011). Secondly, the images were
obtained on the 9th of June 2004 and the 5th of July 2011, i.e., with a one-month difference during the
growing season, hence causing potentially important differences in biomass. Nevertheless, the NDVI
variation between years does not obstruct the clear observation of the bimodal distribution of biomass
in the two considered years.
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(below threshold), and “stable vegetated” (above threshold), based on a threshold proportion of 0.5% 
(horizontal black dashed line). Elevation ranges are indicated (with vertical black dashed lines) and 
denoted as “stable low-elevated” (proportion above threshold), “unstable” (below threshold), and 
“stable high-elevated” (above threshold), based on a threshold proportion of 1.5% (horizontal black 
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location and range of the two peaks were in accordance with the elevation distribution of pixels that 
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and 0 m MHWL. Generally speaking, the curves of 2004 have shifted about 0.1 m to the right by 2011, 
indicating a mean sediment accumulation rate of slightly more than 0.01 m/year. The bimodal 
distribution in intertidal elevations can be clearly observed in 2004 and 2011. 

3.1.2. Relations between Variations in Elevation and NDVI 

A threshold elevation was observed, above which the spatial variation in biomass changed from 
a bare state to a vegetated state (Figure 4a). The NDVI of 2004 varies by around -0.05, indicating the 
absence of biomass, in the elevation range that was identified from Figure 3c,d as the stable, low-
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sharply to around 0.2, and then kept quasi-stable in the elevation range, which was identified as the 
stable, high-elevated state (Figure 4a). 

Figure 3. Bimodal frequency distribution of normalized difference vegetation index (NDVI) values
(as proxy of vegetation biomass) in (a) 2004 and (b) 2011; intertidal elevations in (c) 2004 and (d) 2011.
The elevation is relative to the mean high water level (MHWL). The proportion on the y-axis is computed
as the number of pixels in each NDVI class (every 0.01) or relative elevation class (every 0.1 m) to
the total number of the pixels for all intertidal pixels (red bold curve), vegetated marsh pixels (green
dashed curve), and bare flat pixels (blue dotted curve). NDVI ranges are indicated (with vertical black
dashed lines) and denoted as “stable bare” (proportion above threshold), “unstable” (below threshold),
and “stable vegetated” (above threshold), based on a threshold proportion of 0.5% (horizontal black
dashed line). Elevation ranges are indicated (with vertical black dashed lines) and denoted as “stable
low-elevated” (proportion above threshold), “unstable” (below threshold), and “stable high-elevated”
(above threshold), based on a threshold proportion of 1.5% (horizontal black dashed line).

The elevation of all intertidal pixels also displays a bimodal distribution (Figure 3c,d). The location
and range of the two peaks were in accordance with the elevation distribution of pixels that were
classified as vegetated marshes and bare flats. The right narrow peak above 0 m MHWL corresponded
to the high-lying vegetated marshes. The left broad peak bellow −0.4 m MHWL was attributed to the
low-lying bare flats. A lack of intermediate elevations was observed between −0.4 and 0 m MHWL.
Generally speaking, the curves of 2004 have shifted about 0.1 m to the right by 2011, indicating a mean
sediment accumulation rate of slightly more than 0.01 m/year. The bimodal distribution in intertidal
elevations can be clearly observed in 2004 and 2011.

3.1.2. Relations between Variations in Elevation and NDVI

A threshold elevation was observed, above which the spatial variation in biomass changed from a
bare state to a vegetated state (Figure 4a). The NDVI of 2004 varies by around −0.05, indicating the
absence of biomass, in the elevation range that was identified from Figure 3c,d as the stable, low-lying
state. In the small elevation range of the intermediate, unstable state, the NDVI increased sharply
to around 0.2, and then kept quasi-stable in the elevation range, which was identified as the stable,
high-elevated state (Figure 4a).
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Similarly, the elevation in 2004 largely varied around a mean value of about -2 m MHWL in the 
range of NDVI values that corresponded to the stable bare state (Figure 4b). In the intermediate 
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In the range of NDVI values that corresponded to the stable vegetated state, the elevation was fairly 
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the increase in NDVI, suggesting that the increase in vegetation biomass stabilizes the elevation. 

3.1.3. Abrupt Temporal Increase in Biomass in Intermediate Unstable Elevations 

The biggest increase in NDVI between 2004 and 2011 was observed in the intermediate, unstable 
elevation range, determined according to the elevation distribution in 2004 (Figure 3c). This 
suggested an abrupt temporal increase in biomass in these intermediate unstable elevations (Figure 
5). In the stable, high-elevated zone, the NDVI changes varied largely around a mean value that was 
slightly larger than zero, which may result from the fact that the aerial images were obtained earlier 
in the growing season, in 2004 rather than in 2011. In the stable, low-elevated zones, the NDVI 

Figure 4. (a) Variation in NDVI in 2004 as a function of elevation in 2004. Circles denote the mean
NDVI value for elevation classes with 0.1 m intervals; error bars denote 25th and 75th percentiles for
each elevation class; (b) Variation of elevation in 2004 as a function of NDVI in 2004. Circles denote the
mean elevation for NDVI classes of 0.01 interval; error bars denote 25th and 75th percentiles for each
NDVI class. Stable and unstable NDVI ranges and elevation ranges are indicated, as determined from
Figure 3.

Similarly, the elevation in 2004 largely varied around a mean value of about −2 m MHWL in
the range of NDVI values that corresponded to the stable bare state (Figure 4b). In the intermediate
unstable NDVI state, the elevation increased abruptly, to about 0 m MHWL, with increasing NDVI.
In the range of NDVI values that corresponded to the stable vegetated state, the elevation was fairly
constant at about 0 m MHWL, with a small variation. The variation in elevation becomes smaller with
the increase in NDVI, suggesting that the increase in vegetation biomass stabilizes the elevation.

3.1.3. Abrupt Temporal Increase in Biomass in Intermediate Unstable Elevations

The biggest increase in NDVI between 2004 and 2011 was observed in the intermediate, unstable
elevation range, determined according to the elevation distribution in 2004 (Figure 3c). This suggested
an abrupt temporal increase in biomass in these intermediate unstable elevations (Figure 5). In the
stable, high-elevated zone, the NDVI changes varied largely around a mean value that was slightly
larger than zero, which may result from the fact that the aerial images were obtained earlier in the
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growing season, in 2004 rather than in 2011. In the stable, low-elevated zones, the NDVI changes
varied slightly, at around 0, implying that there was no establishment of vegetation on these bare flats.
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3.2. Spatial Variation of Hydrodynamics in between the Different States

3.2.1. Variation of Tidal Current and Wave Orbital Velocity in Relation with NDVI

Generally, the tidal current velocity declined with an increase in the NDVI value (Figure 6a).
In the NDVI range corresponding to the stable bare state, the tidal current velocity gradually decreased
from a mean value of 0.3 m/s to 0.1 m/s. Then, the decreasing rate slowed down by about 90% in the
intermediate, unstable state and the stable, vegetated state. In the stable, vegetated state, the tidal
current velocity stabilized to a value below 0.1 m/s, suggesting that the vegetation occurs in intertidal
areas with a mean spring tidal current velocity below 0.1 m/s.

The wave orbital velocity generally decreases with increasing NDVI (Figure 6b). In the stable bare
state, the mean value of wave velocity declined abruptly from 0.04 to 0.01 m/s. The decreasing rate
slowed down by about 80% in the intermediate, unstable state, and then stabilized at close to 0 m/s in
the stable, vegetated state. This suggests that vegetation occurs in intertidal areas with very low wave
orbital velocities. The wave orbital velocity is about 10% of the tidal current velocity, suggesting that
the Western Scheldt estuary is a tidal current-dominated system.
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Figure 6. Variation of tidal current velocity (a) and wave orbital velocity (b) as a function of NDVI in
2004. Circles denote the mean velocity for NDVI classes of 0.01 interval; error bars denote 25th and
75th percentiles for each elevation class. Stable and unstable NDVI ranges are indicated, as determined
from Figure 3.

3.2.2. Variation of Tidal Current and Wave Orbital Velocity in Relation with Elevation

The tidal current velocity generally decreases with increasing elevation (Figure 7a). In the stable
low-elevated state, the mean value declined slowly from around 0.3 to below 0.2 m/s. Once reaching
the intermediate, unstable state, the rate of reduction suddenly rose about eight times faster. Finally,
the rate of decrease slowed down again in the stable, high-elevated state, with flow velocities below
0.1 m/s.

The relation between the mean values of wave orbital velocity and elevation describes an arc
curve that peaks within the elevation range that corresponds to the stable low-lying state (Figure 7b).
The wave orbital velocity varies between 0.02 and 0.05 m/s in the stable low-lying state. It decreases
sharply, to nearly 0 m/s, in the intermediate, unstable state, and stays close to 0 m/s in the stable,
high-elevated state.
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Figure 7. Variation of tidal current velocity (a) and wave orbital velocity (b) as a function of elevation
in 2004. Circles denote the mean velocity for elevation classes of 0.1 m interval; error bars denote
25th and 75th percentiles for each elevation class. Stable and unstable elevation ranges are indicated,
as determined from Figure 3.

3.3. Identification of State Shift

The logistic regression, in order to identify locations (pixels) where bare flats either stay bare or
shift to new marsh vegetation between 2004 and 2011, performs differently depending on the spatial
resolution of the pixels (Figure 8a). With increasing pixel size, lower values were obtained for the
Nagelkerke R2, the overall percentage of correctly identified pixels, and the percentage of correctly
identified pixels that stay bare. In contrast, the percentage of correctly identified pixels that shift to new
marsh vegetation increases with increasing pixel size, i.e., a reduction in spatial resolution. The correct
percentage for new marshes rises rapidly, from 30% to 50% when the pixel size increases from 2 to
30 m. With a further increase in pixel size, the increase in the correct percentage slows down. See
below for further details on the logistic regression of the 30 m resolution data.
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further raised the Nagelkerke R2 value to 0.475 (Model 7). The overall percentage of correctly 

Figure 8. Performance of logistic regression model (Equation (7) in Table 2) to identify pixels that stayed
bare and pixels that shifted from a bare to vegetated state between 2004 and 2011. (a) Nagelkerke R2

(black solid line) and percentage of correctly identified pixels that stayed bare (blue dotted line), that
shifted to new marsh vegetation (green dot–dash line) and the overall percentage of correctly identified
pixels (red dashed line), all as a function of increasing pixel size obtained by aggregation; (b) Probability
map for a shift from bare to vegetated state based on the Logistic Regression Model No. 7 for a pixel
resolution of 30 × 30 m; (c) Observed percentage of pixels that shifted from a bare to vegetated state
between 2004 and 2011 within the grids of 30 × 30 m, based on the aerial photograph with a resolution
of 0.5 × 0.5 m. The shoals noted are Hooge Platen (A) and Walsoorden (B); (d) Observed percentage of
new marshes between 2004 and 2011 in relation to the identified probability of new marshes based on
the Logistic Regression Model No. 7.

In total, seven logistic regression models were tested to identify the occurrence of new marshes
using three variables, i.e., elevation, tidal current velocity, and wave orbital velocity (Table 2). All of
them were highly significant (p < 0.0001). Tidal current velocity was the single most explanatory
variable (Model 2; Nagelkerke R2 = 0.320), with slightly better performance than elevation (Model 1;
Nagelkerke R2 = 0.304) and much better performance than wave orbital velocity (Model 3; Nagelkerke
R2 = 0.168). The Nagelkerke R2 increased considerably when including both elevation and tidal current
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velocity in the model (Model 4; Nagelkerke R2 = 0.435). Adding wave velocity to the model further
raised the Nagelkerke R2 value to 0.475 (Model 7). The overall percentage of correctly identified pixels
varied between 84% and 89%. The percentage of correctly identified stable bare pixels varied between
96% and 99%. The percentage of correctly identified new marsh pixels increased from 23% to 50%
when using more explanatory variables.

Table 2. Logistic regression models identifying the shift from bare to vegetated state as a function of
elevation, tidal current velocity, and wave orbital velocity, with evaluating coefficients.

No. Parameters Equations Nagelkerke
R2

Overall
Correct

Percentage

Correct
Percentage

for New
Marshes

Correct
Percentage
for Stable
Bare Flats

1 Elevation (E) P = e0.603+1.4×E

1+e0.603+1.4×E 0.304 85.4 22.4 97.7

2 Current velocity
(C) P = e2.080−18×C

1+e2.080−18×C 0.320 84.2 23.1 96.1

3 Wave velocity (W) P = e0.304−60×W

1+e0.304−60×W 0.168 84.7 11.2 99.1

4 Elevation,
current velocity P = e3.032+1×E−15×C

1+e3.032+1×E−15×C 0.435 88.8 47.3 96.9

5 Elevation,
wave velocity P = e1.722+1.1×E−50×W

1+e1.722+1.1×E−50×W 0.359 86.1 34.5 96.2

6 Current velocity,
wave velocity P = e3.739−17×C−60×W

1+e3.739−17×C−60×W 0.412 87.1 38.4 96.6

7
Elevation, current

velocity, wave
velocity

P = e4.055+0.8×E−14×C−40×W

1+e4.055+0.8×E−14×C−40×W 0.475 89.0 50.1 96.6

The probability map (Figure 8b) for a shift from a bare to vegetated state was made by mapping
the p values based on the logistic regression model. The observed map of shifts from a bare to vegetated
state (Figure 8c) was made by mapping the observed percentage of new marsh pixels (with an original
pixel size of 0.5 × 0.5 m) per window of 30 × 30 m, which is the resolution by which the p values are
quantified with the logistic regression model. The probability map of becoming vegetated based on the
Logistic Regression Model No. 7 appears fairly consistent with the observed coverage of new marshes
established between 2004 and 2011 (Figure 8b,c). Large-scale establishment of new vegetation was
identified on the shoals of Hooge Platen and Walsoorden, surrounded by a probability contour line of
50% (Figure 8b). The observed percentage map of the new marsh area (Figure 8c) largely coincides
with the probability map (Figure 8b). The observed percentage of new marsh areas between 2004 and
2011 agrees well with the probability of new marsh areas based on the Logistic Regression Model No.
7, which was suggested by the slope of 0.95 in Figure 8d.

4. Discussion

4.1. Do Stable States in Vegetation Biomass and Elevation Co-Occur?

This work presents three pieces of evidence for the co-occurrence of stable states in vegetation
biomass and elevation. Firstly, there is bimodality in the distribution of both vegetation biomass and
intertidal elevations (Figure 3). Secondly, both the spatial variation in vegetation biomass as a function
of elevation (Figure 4a) and the spatial variation in elevation as a function of biomass (Figure 4b), show
an abrupt increase, transitioning from a stable bare, low-lying state to a stable vegetated, high-lying
state, which occurs above the zone of intermediate, unstable elevations, and biomass values. Thirdly,
the rate of temporal change in vegetation biomass is the highest in locations with unstable intermediate
elevations (Figure 5). Further, tidal currents and waves change distinctively at the transitions between
stable states in vegetation biomass and elevation, suggesting that biogeomorphic feedbacks between
plant growth, flow reduction, and sedimentation are causing the shift between stable states (Figures 6
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and 7). Finally, this paper provides a GIS approach identifying the shift from bare to vegetated state
utilizing a logistic regression model based on elevation, tidal current velocity, and wave orbital velocity
as explanatory variables (Figure 8).

An important indicator of the existence of different stable states is the bimodal distribution of key
variables, indicating alternative attractors [5]. Previous studies have shown that a bimodal distribution
of NDVI (as a proxy of vegetation biomass) occurred at the small scale of vegetation patches in a salt
marsh pioneer zone [22,50]. Other studies have shown that the elevation in intertidal zones also has a
bimodal distribution [20,21,23]. Here, we show that the bimodal distribution of vegetation biomass
and elevation co-occurs, indicating the existence of two stable states in the intertidal zone, i.e., either
high-lying marshes with high biomass or low-lying flats with no biomass. The areas with intermediate
elevation and intermediate biomass occur less frequently, suggesting that this intermediate state would
be unstable and, therefore, less common.

A threshold elevation for the establishment of marsh vegetation is suggested at an elevation of
about −0.4 m MHWL in the study area (Figure 4a). The threshold behavior can be explained by the
associated variation in disturbance caused by tidal flooding on seedling survival [31,51]. Below the
threshold elevation, it is difficult for the seedlings to survive, due to the stronger disturbance caused
by tidal currents and wind waves (Figure 7), as well as by the longer, deeper, and more frequent
inundation [52–55]. Above the threshold elevation, the seedlings have a higher chance of survival and
establishment because of the decrease in disturbance by tidal and wind-driven currents, and tidal
inundation (Figure 7) [21,51,56,57]. Once the plants manage to establish, development takes place
to a high-elevation, vegetated state, characterized by low current and wave velocities (Figures 5–7).
This suggests the occurrence of a feedback mechanism between elevation, currents, sedimentation,
and vegetation growth in causing the shift from the low-elevation bare state to the high-elevation
vegetated state.

Complementing previous studies, our study demonstrates that biomass increases in the
intermediate unstable state (Figure 5), suggesting the transition from bare flats to vegetated marshes.
Elevation in the intermediate unstable state has also been observed to increase faster than in the
stable bare state and the stable vegetated state [21]. The rapid increase in biomass and elevation in
the intermediate unstable state can also be explained by positive feedbacks (suggested in Figures 6
and 7) [58–61].

4.2. Does Hydrodynamics Abruptly Change between Different States?

The variation in current and wave velocities in relation to NDVI (Figure 6) and elevation (Figure 7)
suggests the existence of positive feedbacks between plant growth, sedimentation, and hydrodynamic
forces, resulting in two stable states [21,22,59]. When vegetation is absent on the tidal flat, the elevation
varies in a critical low range of values (Figure 4b) due to the balance between sediment deposition and
resuspension, which is controlled by the strong currents and waves (Figure 6) [20,25]. Marsh vegetation
occurs in areas where the quantified lower values of tidal currents and wind waves (Figure 6), promoting
the deposition of suspended sediment and, therefore, a rapid growth in elevation (Figure 4b) [62,63],
which in turn promotes plant growth [60,64,65]. Besides, the growth of vegetation contributes to the
reduction in hydrodynamic forces and, therefore, also reduces sediment erosion [61,66] (Figure 4b).
Once the system reaches MHWL, the associated reduction in the inundation time would limit the
further increase in elevation, thus the system becomes stable with an elevation slightly above MHWL
and with more biomass (Figure 4b) [7,62,63].

The variation in tidal current velocity and wave orbital velocity as a function of elevation (Figure 7)
is in agreement with earlier studies [30]. The nearly negative linear correlation between average tidal
current velocity and elevation in the stable bare state (Figure 7a) is analogous to the results calculated
with a two-dimensional finite element model [23,25]. The arc-shaped curve (Figure 7b) of the relation
between wave orbital velocity and elevation (with a peak at intermediate elevations) is qualitatively
in agreement with the conceptual model of wave generation in shallow water [20,24]. According to
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the model, the bottom shear stresses produced by wind waves is a function of water depth, with the
maximum at a critical intermediate water depth [20]. The bottom shear stress is limited in shallow
water due to dissipative processes such as bottom friction and breaking. On the other hand, the bottom
shear stress is also limited in deep water, because the bottom is too deep to be influenced by the wave
motions. The critical intermediate elevation was computed to be around the mean low water level by
a two-dimensional wind-wave–tidal current model of the Venice lagoon [24]. Similarly, the peak of
bottom wave velocity is located at around the mean low water level (between −4 and −3 m MHWL) in
our study. In contrast to the study on the Venice lagoon [24], the bottom wave velocity in our study
shows high values within a broader range of elevation (between −4 and −1.5 m MHWL), probably due
to the much larger tidal range (up to 5 m). The tidal range in the Venice lagoon is only between 1 and
1.5 m, and consequently, tidal flats are concentrated in a narrower elevation range. As the tidal range
decreases, the range of elevations affected by wave erosion decreases [67].

4.3. Can We Predict the Location of State Shifts?

Elevation has been recognized to be the bulk variable determining the appearance of new marshes
and their subsequent stability, compared to other factors such as soil drainage, waves, tidal prism,
and tidal range [68,69]. Other variables, such as tidal currents and waves, are much less considered in
the prediction of new marsh formation on the large scale of whole estuaries or coastal lagoons [30],
although small-scale experimental studies on the scale of individual pioneer plants have demonstrated
the importance of hydrodynamic disturbance for pioneer plant survival and establishment (e.g., [53,70]).
In this study, we included not only the elevation, but also the tidal current velocity and wave orbital
velocity in the analysis of new marsh formation at the large scale of an estuary. According to the logistic
regression analyses, the usage of more explanatory variables significantly improved the performance
of the model (Table 2). As expected, tidal current velocity is an important explanatory variable
in such a current-dominated, macro-tidal system. Overall, we have provided a successful case of
spatially identifying the shift from bare to vegetated state in intertidal ecosystems at the large scale of a
whole estuary, based on multiple logistic regression analysis coupled with spatial data on elevation,
and spatial model simulations of tidal current and wave orbital velocities. Logistic regression has
recently been broadly used to identify the transitions between stable states in different ecosystems,
such as the transition between a forest and a treeless state [71,72] and between different states in plant
species [73]. Yet, our study is the first to use it to analyze the appearance of new marshes in intertidal
zones. It provides an approach for understanding the complex biogeomorphic interactions in intertidal
ecosystems and identifying the likely biogeomorphic changes, which can be of service to other coastal
ecosystems, such as mangroves [74–76]. This approach provides a way forward to identify suitable
areas for marsh establishment or creation, as well as to identify what are the suitable hydro-geomorphic
conditions that should be selected or created for restoration. It is worth noting that high-quality data
of elevation (Digital Elevation Model) and hydrodynamics (tidal current velocity and wave climate)
are important for future predictive studies as well as for coastal wetland restoration projects.

5. Conclusions

To better protect and restore valuable marsh ecosystems, new insights are needed on the conditions
under which shifts from bare tidal flats to vegetated areas can occur. In this paper, we developed a
GIS-based approach to identify the locations where suitable conditions occur that can favor state shifts
between bare intertidal flats and vegetated marshes along an estuary. Our results demonstrate that
stable states in vegetation biomass and in intertidal elevation co-occur, indicating the existence of
two stable ecosystem states, either low-lying bare tidal flats or high-lying vegetated marshes, while
intermediate elevations and vegetation biomass densities occur much less frequently. Further, our
results show that tidal current velocities and wave orbital velocities differ significantly between the
two stable biomass and elevation states. This suggests that biogeomorphic feedback between plant
growth, currents, waves, and erosion and sedimentation causes the state shifts. We created logistic
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regression models combining GIS analyses to identify the locations where conditions are favorable for
the shift from bare flats to vegetated marshes, using elevation, tidal current, and wave orbital velocities
as explanatory variables. The understanding and identification of such shifts are of importance since
they can provide the scientific basis towards the development of predictive tools for the management
and restoration of tidal marshes, facilitating the protection of their valuable ecosystem services in the
context of climate change.
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