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Abstract: The salt marshes, lying at the land-sea temperate interface, furnish a plethora of ecosys-

tems services such as biodiversity niche support, ocean-climate change regulation, ornithology rec-

reo-tourism or plant gathering by hand. They undergo significant worldwide losses due to their 

conversion into crop fields and to their spatial compression between the rising sea-level and the 

armoring shoreline. Their monitoring however requires to use a suite of remote sensing sensors to 

embrace the regional scale while capturing the plant details. This research innovatively adopts a 

multiscale approach using a cascading spaceborne and airborne process, from the 10-m Sentinel-2, 

through the 3-m Dove, to the 0.03-m unmanned airborne vehicle (UAV) imageries. The high to very 

high temporal resolution of the Sentinel-2 and Dove enabled to cover twenties and tens of km2 over 

five and four years, respectively, in the form of normalized difference vegetation index (NDVI) clas-

ses, associated with microphytobenthos, low, medium and high salt marsh vegetation, including 

the opportunistic Elyma genus. The NDVI was then modelled at the UAV scale (a few km2) using a 

three-layered NN prediction, providing the final near-infrared (NIR), and the intermediate red, 

green and blue reflectance imageries, calibrated/validated/tested with the Dove reflectance image-

ries (R2NIR=0.98, R2red=0.88, R2green=0.84, and R2blue=0.90). The 100fold increase in pixel size allowed to 

detect the decimeter-scale objects of the tidal flats and salt marshes, to enlarge the NDVI class 

ranges, and hold great promise to model other spectral bands at the UAV scale for further deeply 

enhancing the salt marsh mapping.  

Keywords: spatiotemporal analysis; high to ultra high spatial resolution; high to very high temporal 
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1. Introduction 

Salt marshes consist of tidal wetlands at the land-sea interface in which complex in-

teractions between shoots, roots, soil, freshwater and seawater processes occur [1]. These 

pivotal ecosystems provide numerous services, such as the biodiversity niche support 

(sentinel and umbrella plant species, benthic molluscs and crustaceans, insects, migratory 

and sedentary birds, fish nursery within tidal channels), the ocean-climate change regu-

lation (hydrodynamic barrier against erosion and submersion, land fertilizer recycler, car-

bon sink, thus their “blue carbon” nickname, shared with mangroves and seagrasses), the 

ornithology recreo-tourism or plant gathering by hand [2,3]. Since the Holocene with the 

agriculture birth and emergence, these fertile areas were globally converted into crop 

fields. Nowadays, the coastal eutrophication continues to reduce salt marsh extents [4], 

but remains stable in the face of the sea-level rise [5]. Locally, salt marsh can undergo 

significant losses in China [6], affecting the sediment budget and even tide [7]. In the con-

text of the global land and sea surface temperature warming, poleward shifts of the man-

grove entail established competition with salt marshes in America and Australasia [8].   
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Given their important services, salt marshes deserve to be scrutinized along both the 

spatial and temporal study axes. The reliable monitoring of their spatial patterns is neces-

sary to elucidate their endogenous and exogenous drivers. Cartographically, it is possible 

to turn back to the beginning of the XVIIIth century based on the dedicated salt marsh 

icon on the maps [9]. Following the ground triangulation of the salt marsh over more than 

two centuries, the 1950s airborne photographs improved the geolocation of the envelope 

along with the advent of the landscape ecology [10]. The addition of the airborne near-

infrared (NIR) information led to the interpretation of the salt marsh net primary produc-

tivity [11], paving the way to its implementation on a spaceborne platform (Landsat-4, 

[12]). The “vegetation index” ratioing the difference between the NIR and red with their 

addition gave birth to the normalized difference vegetation index (NDVI) applied to 

Landsat-1 over the USA Great Plains [13]. The NDVI-based Landsat-series enabled to 

monitor salt marshes across four decades, provided with (resampled) 60-m to (native) 30-

m pixel size [14]. More recently, the satellite Sentinel-2, launched in 2015, captured the 

NDVI at 10 m spatial resolution provided with a five-day revisit (compared to 16-day with 

Landsat-8), constituting valuable time-series to investigate the salt marsh evolution [15]. 

Since 2016, the Dove nano-satellites [16], each carrying a four-band optical sensor, embod-

ied a technological leap given its daily revisit at 3-m pixel size [17].  

The spaceborne salt marsh observation has also benefited from an increase in both 

spatial and spectral resolution with the WorldView-3 sensor, providing five visible, three 

NIR and eight mid-infrared bands at 0.3 m pixel size (the very high resolution, [18,19]). 

Usually restricted to active very fine-scale remote sensing, such as airborne topographic 

and/or bathymetric lidar [20], the salt marsh vegetation height and composition could 

have been reached using neural network (NN) predictive modelling [19]. By augmenting 

the spatial resolution, the three-band sensor conveyed by unmanned aerial vehicle (UAV) 

can leverage natural-colored imagery (red-green-blue, RGB) at ultra high resolution, rang-

ing from the 0.01-m to 0.1-m pixel size [21]. This flexible platform, along the time axis, is 

strongly cost-efficient owing to the consumer-grade purchase and maintenance costs, but 

very frequently lacks the NIR band, meaningful for discriminating the salt marsh vegeta-

tion, soil, sediment and water. That spectral deficiency has been very recently closed by 

predicting the NIR response from RGB predictors using a fully connected NN spatially-

explicit model [22].  

Because remote sensing is a nexus of trade-offs, the spaceborne high spatial resolu-

tion, regional and airborne ultra-to-very high spatial resolution, local imageries, respec-

tively, lose from the coarseness of the grain-size and the smallness of the scene. Even if 

those spatial specificities have been upgraded along with the temporal and spectral reso-

lution, there is still no optimal sensor to spectrally discriminate submeter salt marsh struc-

tural and functional patterns at the week lag, that could match the salt marsh scale.   

This research will adopt an original multiscale NDVI approach to both monitor the 

diachronic salt marsh evolution at high resolutions and predict the NIR, then NDVI, at 

ultra high resolution, over one of the largest salt marshes in Europe (Bay of Mont-Saint-

Michel, Figure 1). Spaceborne Sentinel-2 and Dove imageries will help quantify the spa-

tially-explicit NDVI trend at 10 and 3-m pixel size, spanning five and four years, respec-

tively. The UAV-borne senseFly RGB predictors will then be enriched with a modelled 

NIR band based on the Dove response and a multi-layered NN learning. Spatial-temporal-

spectral resolutions of the sensors and transferability of the modelling approach will be 

discussed in a context of the salt marsh monitoring and management. 
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Figure 1. Location of the study site: Bay of Mont-Saint-Michel between Normandy and Brittany regions (France). 

2. Materials and Methods 

The methodological development of this research referred to a large-scale salt marsh 

area, very susceptible to encompass the plant and soil spectral variability, for the sake of 

transferability. Likewise, Sentinel-2, Dove and UAV imageries integrated into this study 

consist of the remote sensing data that are increasingly used, thus the enhancement of the 

method outreach. 

2.1. Study area 

The Bay of Mont-Saint-Michel’s salt marshes lie both along Normandy and Brittany 

coasts in France (48°38’05’’N; 1°30’36’’W). Covering dozens of km2 in the highest part of 

the intertidal area (only submerged during high spring tides), these tidal ecosystems are 

subjected to three main rivers in the east; and to a clockwise gyre in the west (Figure 1). 

That spatial heterogeneity therefore separates an eastern estuary system, hydrologically 

dynamic, from a western bay system, calmer. Those meadows are classified as UNESCO 

natural heritage, since 1979, and benefit from the European protection as Natura 2000 sites 

for both “Habitats” and “Birds” directives. Birdlife International also outlined the Bay and 

its salt marshes as an “important zone for bird conservation”. At the national scale, they 

are inventoried and listed as “natural zones for ecology, flora and fauna”.  

The use of those salt marshes is allowed for extensive saltbush lamb breeding and 

water bird hunting, attested by artificial shallow water bodies (Figure 2a).  

2.2. Imagery sources and processings 

This research adopts a top-down approach by increasingly focusing on the salt 

marshes, cascading from 10-m Sentinel-2 to 3-m Dove, in turn to 0.03-m UAV. The NDVI 

consists of the guideline within this multiscale study.  

2.2.1. Satellite Sentinel-2 optical data 

The monitoring of the whole salt marshes, at the Bay scale, was ensured by two Sen-

tinel-2A multispectral imager (MSI) datasets, collected on 18 March 2016 (Figure 2a) and 

1 April 2021 (Figure 2b). As interested in the visible and NIR spectrum intended for the 

NDVI product, the blue (492 ± 33 nm), green (560 ± 18 nm), red (665 ± 15 nm) and NIR (833 

± 53 nm) wavebands were investigated. They are provided with the finest Sentinel-2 pixel 

size, namely 10-m spatial resolution.  

Both imageries were downloaded in the form of the L1C product, that is to say geo-

metrically- and radiometrically-corrected at the top of atmosphere (TOA) reflectance. 
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Using the Sentinel-2 toolbox, the atmosphere effect was compensated, enabling to convert 

the TOA reflectance into bottom of atmosphere (BOA) reflectance (the L2A product).  

The NDVI was then computed for both dates following this formula [13]: 

NDVI= (NIRBOAref - RedBOAref) / (NIRBOAref + RedBOAref), (1) 

where NIRBOAref and RedBOAref correspond to the Sentinel-2A bands centered at 833 and 665 

nm, orthorectified and adjusted to the BOA reflectance. 

 The five-year diachronic analysis established the trivial per-pixel difference of the 

NDVI products associated with both dates. Those dates were chosen to be the most distant 

while being captured at the closest seasonal time, here in the early spring.   

 

 

(a) 

 

(b) 

Figure 2. Sentinel-2A multispectral imager natural-colored imagery of the study site acquired on : (a) 18 March 2016; (b) 

1 April 2021. Both imageries were orthorectified and radiometrically corrected to the bottom of reflectance. 

2.2.2. Nano-satellite Dove optical data 

Based on the large-scale Sentinel-2A information, the largest and most dynamic salt 

marsh area (centered at 48°38’N; 1°35’W on the Figure 2) was examined at a finer scale 

using the hypertemporal Dove imagery [17], from the company Planet Labs. Two Dove 

imageries, provided with the Planetscope PS2 camera, were acquired on 1 June 2017 (Fig-

ure 3a) and 3 May 2021 (Figure 3b). With the overarching NDVI, the blue (485 ± 30 nm), 

green (545 ± 45 nm), red (630 ± 40 nm) and NIR (820 ± 40 nm) wavebands were examined 

at 3-m spatial resolution.  

Geometric and radiometric corrections were applied to obtain the orthorectified BOA 

reflectance.  

The NDVI was also calculated for each date (as distant as possible for this late spring 

season). The four-year difference was then per-pixel mapped. 
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(a) 

 

(b) 

Figure 3. Dove Planetscope PS2 natural-colored imagery of the core of the study site acquired on : (a) 1 June 2017; (b) 3 

May 2021. Both imageries were orthorectified and radiometrically corrected to the bottom of reflectance. 

A third Dove imagery (Figure 4a) was additionally retrieved over the most extended 

and changing area (centered at 48°37’50’’N; 1°36’35’’W on the Figure 3) to be purposed as 

the spectral response of the NN predictive modelling involving UAV natural-colored pre-

dictors. That imagery, taken on 11 July 2020 to be the closest to the UAV flight conducted 

on 8 July 2020, featured the same spectral and spatial specificities as well as geometric and 

radiometric corrections, as previously-mentioned.  
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(a) (b) 

Figure 4. Natural-colored imagery derived from: (a) Dove Planetscope PS2, acquired on 11 July 2020; (b) unmanned air-

borne vehicle SODA, acquired on 8 July 2020. 

2.2.3. Unmanned aerial vehicle visible data 

By investigating the medium-scale Dove Planetscope PS2 information, the mutating 

zone was further analyzed at the local scale using the ultra high resolution UAV-borne 

senseFly “sensor optimized for drone application” (SODA) sensor. This 1’’ camera was 

mounted on a fixed-wing eBee UAV [21], whose the flight mission was planned at 120 m 

height (here, equivalent to the altitude), what corresponded to a 0.03-m pixel size. The 

survey occurred on 8 July 2020, three days before the Dove acquisition.   

As a conventional visible camera, the SODA sensor captured blue, green and red 

wavebands in the form of digital numbers (DN) coded into eight bits. 

2.3. Unmanned aerial vehicle optical modelling 

The NIR constitutes a compulsory term to solve for the NDVI formula. That wave-

band, slightly longer than the visible gamut, exists for the satellite Sentinel-2 and Dove 

sensors, but not for the UAV camera. By implementing a non-linear regression, it is very 

likely to predict the Dove NIR BOA reflectance response from the UAV RGB DN predic-

tors, using artificial NN models [22].     

2.3.1. Two-scaled spectral datasets  

The potential to accurately estimate the satellite NIR BOA reflectance at the UAV 

scale depends on the relevance of the sampling strategy (Figure 5).  

The proposed procedure started with a stack of the Dove NIR-RGB BOA reflectance 

with the UAV RGB DN based on the rigorous geolocation using ENVI 5.5 (L3Harris Geo-

spatial Solutions, Broomfield, CO, USA). For each spectral satellite reflectance band to be 

predicted, a relevant pixel sampling was carried out:      

• Slicing the spectral band into 75 evenly-spaced reflectance ranges; 

• Saving the sliced areas as regions of interest; 

• Computing and extracting the mean values for the four satellite and three UAV 

bands per slice; 

• Randomly dividing the output matrix into 25 calibration, 25 validation and 25 test 

samples.  

2.3.2. Neural network regression  

Prior to estimate the NIR BOA reflectance from the UAV RGB DN, the B BOA, the G 

BOA, the R BOA reflectances had to be predicted. Based on the band-specific stratified 

sampling, the NN model built a fully-connected one-layer perceptron, whose the (hidden) 

layer was composed of a single (hidden) neuron (or node) [24]. For each neuron, a sigmoid 
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activation function, defined as a hyperbolic tangent function (TanH), was generated as a 

linear regression of the RGB predictors: 

NN(Xi)= wiXi + C, (1) 

where NN(Xi) is the predicted BOA reflectance of the spectral band Xi, wi is the sigmoid 

activation function of the DN spectral band Xi, and C, an offset (see the first hidden layer 

in Figure 5). 

Once the RGB datasets were properly estimated at the BOA reflectance level (see the 

second layer in the Figure 5), the NIR BOA reflectance can be modelled using a hidden 

layer with a single neuron linked with the three predicted BOA RGB reflectances (see the 

third layer in the Figure 5). 

 

Figure 5. Flowchart describing how a 3-m satellite Dove Planetscope PS2 near-infrared imagery (bottom of atmosphere 

reflectance) can be spatially enhanced at 0.03-m pixel size, using a 0.03-m unmanned airborne vehicle natural-colored 

imagery (digital numbers) and a three-layer neural network calibrated/validated/tested with the satellite Planetscope blue 

– green – red – near-infrared imagery.  

3. Results 

The innovative multiscale mapping of the salt marshes in the Bay of Mont-Saint-

Michel relied, first, on the diachronic analysis of the five-year and four-year change in the 

NDVI using 10-m Sentinel-2 and 3-m Dove imageries, respectively, and second, on the 

prediction of the NDVI, using the 0.03-m UAV along with a NIR neural network model-

ling. 

3.1. Normalized Difference Vegetation Index change 

3.1.1. Satellite Sentinel-2 

The computation of the NDVI products based on Sentinel-2A MSI showed diver-

gences between 18 March 2016 (Figure 6a) and 1 April 2021 (Figure 6b) at the large scale 

of the Bay. The sea level was different due to the variation in the tide schedule. The crop 

fields, bushes, trees and salt marshes were significantly more vivid in March 2016 than in 

April 2021, as testified by the red predominance in March 2016. The NDVI classes greater 

than the 0 value indeed attained 241.64 km2 and 214.42 km2 for March 2016 and April 2021, 

respectively. By examining the NDVI classes greater than 0 with a 0.2 lag, the surface area 

was generally more important in March 2016 than in April 2021: 

• 111.23 km2 versus 92.04 km2 for the [0-0.2] class;  
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• 53.94 km2 versus 50.41 km2 for the [0.2-0.4] class;  

• 53.20 km2 versus 54.14 km2 for the [0.4-0.6] class; and  

• 23.26 km2 versus 17.84 km2 for the [0.6-0.8] class. 

 

(a) 

 

(b) 

Figure 6. Sentinel-2A multispectral imager Normalized Difference Vegetation Index imagery of the study site acquired on 

: (a) 18 March 2016; (b) 1 April 2021. 

Focused on the salt marshes (see the masking within Figure 7), the distribution of the 

NDVI class values varied between March 2016 and April 2021. The NDVI values lesser 

than 0 spanned smaller areas in March 2016 (1.13 km2) than in April 2021 (1.55 km2). Con-

versely, the NDVI values greater than 0 extended over a slightly larger overall area in 

March 2016 (58.96 km2) than in April 2021 (58.53 km2). However, this average concealed 

trends at the NDVI class level with a predominance in 2021 compared to 2016, except for 

the medium positive NDVI class:  

• 27.41 km2 versus 25.35 km2 for the [0-0.2] class;  

• 24.63 km2 versus 29.69 km2 for the [0.2-0.4] class;  

• 6.18 km2 versus 3.72 km2 for the [0.4-0.6] class; and  

• 0.31 km2 versus 0.19 km2 for the [0.6-0.8] class.  
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Figure 7. Difference in the Normalized Difference Vegetation Index of the Sentinel-2A multispectral imager datasets be-

tween 1 April 2021 and 18 March 2016. The white rectangle identifies the dynamic area, that was further investigated with 

Dove Planetscope PS2 imageries.  

The difference in NDVI between 2021 and 2016 early springs (Figure 7) was charac-

terized by a gentle increase in negative and very high positive [0.6-0.8] NDVI values, 

stronger augmentation for low [0-0.2] and high positive [0.4-0.6] NDVI values, and a sig-

nificant decline in the medium positive [0.2-0.4] NDVI values. 

The white rectangle on the Figure 7 outlined the area provided with the deepest con-

trast in the salt marsh 2021-2016 change, that was further examined with the Dove image-

ries.  

3.1.2. Nano-satellite Dove 

The computation of the NDVI products based on Dove Planetscope PS2 revealed dis-

tinctions between 1 June 2017 (Figure 8a) and 3 May 2021 (Figure 8b) at the medium scale 

of the most dynamic salt marsh. The NDVI values seemed, at first sight, to diminish in 

that four-year period, as attested by the loss in orange in May 2021. The easternmost salt 

marsh zone has eroded at the benefit of a river channel (48°38’N; 1°31’30’’W). In contrast, 

the central western front has significantly prograded (48°38’N; 1°36’W).     

The NDVI classes lesser than the 0 value waned (from 11.15 km2 in June 2017 to 11.06 

km2 in May 2021), whereas the NDVI classes greater than 0 waxed (from 14.55 km2 in June 

2017 to 14.64 km2 in May 2021). By examining the NDVI classes above 0 at the 0.2 lag, the 

surface area was much wider in 2021 than in 2017 for the [0-0.2] class (10.24 km2 versus 

1.74 km2), but was more cramped for both the [0.2-0.4] (4.39 km2 versus 10.35 km2) and 

[0.4-0.6] (0.005 km2 versus 2.46 km2) classes. 

 

(a) 
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(b) 

Figure 8. Dove Planetscope PS2 Normalized Difference Vegetation Index imagery of the core of the study site acquired on 

: (a) 1 June 2017; (b) 3 May 2021. 

The difference in NDVI between 2021 and 2017 late springs (Figure 9) was featured 

by a slight rise in negative [0.6-0.8] NDVI values, the greatest increase for low positive [0-

0.2] NDVI values, and a tangible decrease in the medium [0.2-0.4] and high [0.4-0.6] posi-

tive NDVI values. 

The black rectangle on the Figure 9 delineated the hybrid area provided with obvious 

losses and gains in the NDVI values in the salt marsh during the 2021-2017 period. That 

zone was further investigated with the UAV imagery.  

 

Figure 9. Difference in the Normalized Difference Vegetation Index of the Dove Planetscope PS2 imageries between 3 May 

2021 and 1 June 2017. The black polygon identifies the salt marsh area, that was surveyed by an unmanned airborne vehicle 

on 8 July 2020.  

3.2. Normalized Difference Vegetation Index prediction 

3.2.1. Unmanned aerial vehicle near-infrared 

The study of the NDVI spatial patterns was not trivial and required to be able to 

create a NIR band at the UAV fine scale. Based on a previous development established on 

a NN predictive modelling of the NIR reflectance from UAV RGB predictors [22], the UAV 
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NIR BOA reflectance was predicted from UAV RGB BOA reflectances, themselves pre-

dicted from Dove RGB BOA reflectances. The Table 1 summarized the performances of 

the three individual visible predictions, as well as the final NIR prediction (see Figure 5). 

The green, red and blue BOA reflectances were very well modelled by their akin one-

neuroned one-layered NN model, ranging from 0.84 to 0.90 in independent test R2. The 

NIR BOA reflectance was extremely well predicted by its three-neuroned one-layered NN 

model, topping at 0.98 in R2.              

Table 1. Results of the neural network predictive modelling for each spectral band as a function of the randomly-divided datasets. 

 Calibration Validation Test 

 R2 RMSE R2 RMSE R2 RMSE 

Blue 0.85 64.13 0.97 26.59 0.90 51.26 

Green 0.93 43.54 0.82 71.21 0.84 68.55 

Red 0.87 84.59 0.85 91.76 0.88 82.70 

Near-infrared 0.99 150.27 0.98 177.61 0.98 162.73 

 

The predicted values of the blue, green and red NN models were combined to predict 

the NIR BOA reflectance values (using the Dove Planetscope PS2 imagery, Figure 10a), 

following the below formula: 

NIRBOAref = 2755.53 + 2025.37 × (TanH (0.5 × (12.12 - 0.02 × BlueBOAref + 0.01 × GreenBOAref - 0.02 × RedBOAref)), (3) 

where all NIR, Blue, Green and Red variables correspond to the predicted BOA reflectance 

spectral variables.  

The equation was thereafter applied to the UAV pixel in order to produce the NIR 

BOA reflectance at 0.03-m spatial resolution (Figure 10b). Even though the general spatial 

patterns were qualitatively similar between the 3-m and 0.03-m NIR BOA products, such 

as for the artificial water bodies for hunting and the tidal flats, the 100fold-magnified de-

tails computed for the salt marsh enabled to elucidate the complex network of the sheeps 

and hunters’ pathways, and also the higher vegetation reflectance at the forefront and 

around the water bodies. Conversely, the more subtle reflectance signatures allowed to 

identify Dove homogeneous vegetated areas, that were decomposed in a larger diversity 

of plant reflectance, thus taxonomy and/or phenology.        

  

(a) (b) 

Figure 10. Near-infrared imagery derived from: (a) Dove Planetscope PS2 bottom of atmosphere reflectance, acquired on 

11 July 2020; (b) unmanned airborne vehicle bottom of atmosphere reflectance, modelled from the 8 July 2020 acquisition. 

The creation of the NIR BOA reflectance band at the Dove (Figure 11a) and UAV 

(Figure 11b) spatial scale made the NDVI calculation possible (Figure 11a and b, respec-

tively). At the level of the whole salt marsh area (first line of the Figure 11), the spatial 

variability of the NDVI associated with the innovative UAV-based imageries was 
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obviously much stronger than this tied to the Dove-based data, labelled with larger even 

areas. To highlight the great information enhancement derived from the UAV, two zoom-

ins were realized (the second and third lines of the Figure 11 matching the small black 

rectangles in the first line of the Figure 11), incontrovertibly contrasting the homogeneity 

of the 3-m Dove NDVI, hardly fluctuating, with the tremendous complexity of the 0.03-m 

UAV NDVI.      

  

  

  
(a) (b) 

Figure 11. Normalized Difference Vegetation Index imagery derived from: (a) Dove 3-m Planetscope PS2, acquired on 11 

July 2020; (b) SODA 0.03-m UAV, acquired on 8 July 2020. Black rectangles that lie on the first line of the figure correspond 

to the enlargements displayed on the second and third lines of the figure. 

Quantitatively, the number of the NDVI classes and the surface area covered within 

classes (defined at the 0.2 lag) conspicuously varied from the Dove to the UAV products. 

The Dove dataset ranged from [-0.2-0] to [0.8-1.0], encapsulating six classes, while that of 
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the UAV comprised seven classes, by adding the [-0.4--0.2] to the previous ones. Even if 

the relative distribution within common classes followed the same tendency for both da-

tasets, the UAV detected more negative, medium and extreme positive NDVI classes at 

the detriment of the high and very high positive classes.    

4. Discussion 

4.1. Salt marsh spatiotemporal patterns 

4.1.1. Satellite-based salt marsh spatial analysis 

According to the results derived from the 10-m Sentinel-2 NDVI, the surface covered 

by vegetation tend to average 59 km2 for the whole Bay of Mont-Saint-Michel, thus in-

cluding Brittany and Normandy coastal ecosystems. That area encompassed sub-areas as-

sociated with diverse NDVI signatures, such as low, medium, high and very high values. 

A part of the low NDVI [0-0.2] values might stem from the phytoplankton flourishing on 

the close tidal flats and channels [25], wandering in the salt marsh meadows. A large but 

not exclusive part of the medium NDVI class [0.2-0.4] might emerge from the low salt 

marsh plant genera, such as Spartina, Salicornia and Suaeda [26,27]. Likewise, high NDVI 

class [0.4-0.6] partly arose from the medium salt marsh flagship species Halimione portu-

lacoides [18]. Finally, very high NDVI class [0.6-0.8] might contain the spectral signatures 

of the high salt marsh genera, such as Puccinellia, Festuca, Aster and Limione [28,29]. In 

that latter NDVI class could also be integrated the genus Elymus [30], that tends to thrive 

over the topographically medium and high salt marsh at the detriment of the traditional 

species and genera [31]. That Elymus expansion, between 1984 and 2013, within the Bay 

of Mont-Saint-Michel was hypothesized as an ecological response of the watershed 

change in agricultural land-use, thus in eutrophication (especially nitrates). 

The previous authors established that the salt marshes in 2013 extended over 42 km2 

based on a thorough photo-interpretation. Our NDVI outcomes seemed to over-estimate 

those findings. However, by keeping medium, high and very high NDVI classes (those 

related to the salt marsh vegetation) and by simply removing the half of the surface cov-

ered by the low NDVI class [0-0.2], which was very likely to merge microphytobenthos 

and sparse low salt marsh vegetation at 10 m pixel size, the results reached 46 km2. 

At the most dynamic salt marsh scale, the 3-m Dove NDVI classification, issued from 

slicing in 2017, clearly shed light on the predominance of the negative and the positive 

medium NDVI class, compared to the low and the high NDVI classes. The enhancement 

of the spatial resolution might therefore better discriminate the microphytobenthos from 

the low salt marsh vegetation, provided that the salt marsh analyzed by Dove was repre-

sentative of all salt marshes examined by Sentinel-2. 

The inaccuracies derived from the manual outlining of other studies and our NDVI 

continuous indicator could be further overcome by implementing a supervised classifica-

tion at very high resolution using machine learning [19], including deep learning [32].  

4.1.2. Satellite-based salt marsh temporal evolution 

At the Bay scale, the NDVI change, between 2016 and 2021, underlined a salt marsh 

expansion trend around the three river mouths (east), a diminution south of Mont-Saint-

Michel, and another development slightly westward (see Figure 7). The latter erosion/ac-

cretion salt marsh movement could be explained by the flushing effect of the recently-

built (2009) dam just south of Mont-Saint-Michel. The overall salt marsh progradation, 

during those five years, forms the recent part of a continuing process, observed since the 

first aerial photographs in 1947: 2021 (46 km2, our study), 2013 (42 km2, [31]), 1996 (24.15 

km2, [33]), 1980 (21.84 km2, [33]), and 1947 (12.88 km2, [33]). That Bay-scale time-series will 

be duly enriched with the high temporal resolution provided by the 10-m Sentinel-2A MSI 

so as to identify the stability or the variability in the velocity of the salt marsh general 

progradation and local erosion/accretion, facing the anthropocenic changes [34]. 

The diachronic analysis of the five-year NDVI time-series has unveiled that the early 

spring salt marshes at the Bay scale gained low ([0-0.2]: +2.06 km2) and high ([0.4-0.6]: 

+2.45 km2; [0.6-0.8]: +0.11 km2) salt marsh vegetation, but lost medium ([0.2-0.4]: -5.06 km2) 
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one. That pattern might be explained by the trend in H. portulacoides loss at the benefit of 

the low salt marsh, which prograded, and of the Elymus high even very high vegetation 

boosted by the eutrophication.  

The NDVI change of the representative salt marsh between late spring 2017 and mid-

dle spring 2021 was also characterized by an increase in low salt marsh vegetation ([0-0.2]: 

+8.50 km2), a decrease in medium salt marsh vegetation ([0.2-0.4]: -5.96 km2), both like 

Sentinel-2 results, but a contrasting decline in high vegetation ([0.4-0.6]: -2.45 km2). This 

reduction in high vegetation could be corroborated with the fact that the focused salt 

marsh did not well represent the Elymus spread insofar as the studied area was relatively 

remote from the three rivers likely to convey the excessive nitrate inputs. The variation in 

the high vegetation NDVI signature could also stem from the phenological distance oc-

curring between the late spring 1 June and the middle spring 3 May. 

The augmentation of the low salt marsh vegetation might also be reinforced by the 

natural landward migration of the crescent-like sandy dunes that are visible on the Figure 

9. Originated from a 2-km2 seaward biogenic reef (located in the lower intertidal area, 

close to the subtidal limit), erected by the honeycomb worm Sabelleria alveolata [35], sedi-

ment pulses of calcareous sand are actuated by the combination of stormy waves and 

strong tidal currents, and cross the intertidal area in averaged 30 years [36]. When the 

biogenic sandy dunes get closer to the salt marsh forefront (hundreds of meters), the hy-

drodynamic conditions become calmer [28], what triggers an increase of rate sedimenta-

tion, in turn facilitating the colonization of the pioneer salt marsh species, such as Spartina, 

Salicornia and Suaeda. Like with Sentinel-2, the very high temporal resolution Dove sat-

ellites embody key imagery to build continuous time-series, that have the potential to 

neatly link the ecology of the most extended coastal animal reef in Europe, seaward, with 

one of the broadest vegetal meadow in Europe, landward, through a mobile landform.     

4.2. Salt marsh spatial modelling at ultra high resolution 

4.2.1. Spectral predictive modelling at ultra high resolution 

The great performance of the predictive NN modelling of the NIR BOA reflectance 

helped to produce the NDVI at an unprecedented spatial resolution over the salt marshes 

of the Bay of Mont-Saint-Michel. That scientific advance enabled to detect a NDVI class [-

0.4--0.2], invisible to the Dove imagery, and to better distribute the pixels in the NDVI 

classes, by eroding the high and very high positive classes, and by fueling the negative, 

medium and extreme positive classes: [0-0.2]: -1.21 ha; [0.2-0.4]: 29.45 ha; [0.4-0.6]: -85.82 

ha; [0.6-0.8]: -82.58 ha.; [0.8-1.0]: +36.87 ha. Those refinements will straightforwardly me-

liorate the diagnosis of the ecological structuration and functioning of the salt marsh, lay-

ing the foundation of a spatialized health state indicator. 

That indicator would be all the more robust if it relies on additional spectral bands, 

such as the red edge, “squeezed” between the red and NIR, that is encompassed in the 

SuperDove PS2.SD satellite imagery. Furthermore, the SuperDove PSB.SD imagery even 

captures the purple, called coastal blue [431-452 nm], two green bands [513-549 nm] and 

[547-583 nm], yellow [600-620 nm], red [650-680 nm], red edge [697-713 nm], and NIR 

[845-885 nm]. Along with the 0.3-m six-band Pleiades Neo, the 0.3-m eight-band 

WorldView-2 and WorldView-3, the 3-m PSB.SD imagery modelled at the UAV-scale hold 

great promise to create optical multispectral ultra high resolution imagery at low cost. An 

even cost-efficient alternative would be to scale the visible and NIR spectral bands tied to 

Sentinel-2A MSI at the UAV pixel size, while bearing in mind that the scaling process will 

not shift imagery from 3 m (or 0.3 m) to 0.03 m, but from 10 m to 0.03 m, what could lie 

on a very strong assumption of the spectro-spatial continuity.               

4.2.2. Height predictive modelling at ultra high resolution 

The NN predictive modelling of the NIR and other spectral optical bands will defi-

nitely aid in elaborating ecological indicators such as vegetation, soil or water continuous 

indices. Calibrated and validated by the topographic LiDAR height, the NN modelling 

even successfully predicted the salt marsh vegetation and elevation height [19]. Despite 

its reference status to monitor the coastal elevation [37] and composition [20], an airborne 
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LiDAR survey remains costly. The spaceborne LiDAR, such as the topo-bathymetric ICE-

Sat-2, could be a much more affordable solution to sample salt marsh vegetation height 

and elevation, while keeping in mind that the footprint approximately reaches 10 m di-

ameter [38]. Otherwise, those height and elevation could also be computed by the photo-

grammetric procedure intricately linked with the UAV planning survey [39]. Additionally 

to the UAV-scaled multispectral BOA reflectance bands (see 4.2.1.), the information of the 

vegetation height and elevation will have high potential to provide decisive cues to clas-

sify the salt marsh at the species level.     

5. Conclusions 

This paper shed light on the mapping of the salt marsh using a cascading process of 

the state-of-the-art remote sensing technologies, from the 10-m Sentinel-2A MSI to the 

0.03-m UAV, through the 3-m Dove Planetscope PS2 imageries.  

The Sentinel-2 and Dove multispectral BOA reflectance helped to monitor NDVI clas-

ses at the Bay (twenties of km2) and the salt marsh (tens of km2) scales, respectively. Their 

high and very high temporal resolution enabled to build their diachronic analysis over 

five (2016-2021) and four (2017-2021) years, respectively. Findings of both scales were dis-

cussed in the continuity of older studies, as well as hydrological, hydrodynamic, ecologi-

cal and socio-economic drivers. The NDVI classes were approached to discriminate mi-

crophytobenthos, low, medium and high salt marsh vegetation, including the opportun-

istic Elyma genus. 

The NDVI was very satisfactorily modelled at the UAV scale (a few km2) using a 

three-layered NN prediction, providing the final NIR, and the intermediate red, green and 

blue BOA reflectance imageries, calibrated/validated/tested with the Dove BOA reflec-

tance imageries (R2NIR=0.98, R2red=0.88, R2green=0.84, and R2blue=0.90). The 100fold gain in 

pixel size not only allowed to seize the decimeter-scale objects of the tidal flats and salt 

marshes, but better distribute the NDVI values, by increasing the negative, medium and 

extreme positive values, that were under-estimated, and by decreasing the high and very 

high positive values, that were over-estimated by the 3-m Dove BOA reflectance image-

ries.  
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