
HAL Id: hal-04583514
https://nantes-universite.hal.science/hal-04583514

Submitted on 22 May 2024

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Contribution of SPOT-7 multi-temporal imagery for
mapping wetland vegetation

Laurence Hubert-Moy, Elodie Fabre, Sébastien Rapinel

To cite this version:
Laurence Hubert-Moy, Elodie Fabre, Sébastien Rapinel. Contribution of SPOT-7 multi-temporal
imagery for mapping wetland vegetation. European Journal of Remote Sensing, 2020, 53 (1), pp.201
- 210. �10.1080/22797254.2020.1795727�. �hal-04583514�

https://nantes-universite.hal.science/hal-04583514
https://hal.archives-ouvertes.fr


Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=tejr20

European Journal of Remote Sensing

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/tejr20

Contribution of SPOT-7 multi-temporal imagery for
mapping wetland vegetation

Laurence Hubert-Moy, Elodie Fabre & Sébastien Rapinel

To cite this article: Laurence Hubert-Moy, Elodie Fabre & Sébastien Rapinel (2020)
Contribution of SPOT-7 multi-temporal imagery for mapping wetland vegetation, European
Journal of Remote Sensing, 53:1, 201-210, DOI: 10.1080/22797254.2020.1795727

To link to this article:  https://doi.org/10.1080/22797254.2020.1795727

© 2020 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group.

Published online: 23 Jul 2020.

Submit your article to this journal 

Article views: 2560

View related articles 

View Crossmark data

Citing articles: 6 View citing articles 

https://www.tandfonline.com/action/journalInformation?journalCode=tejr20
https://www.tandfonline.com/journals/tejr20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/22797254.2020.1795727
https://doi.org/10.1080/22797254.2020.1795727
https://www.tandfonline.com/action/authorSubmission?journalCode=tejr20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tejr20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/22797254.2020.1795727?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/22797254.2020.1795727?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/22797254.2020.1795727&domain=pdf&date_stamp=23 Jul 2020
http://crossmark.crossref.org/dialog/?doi=10.1080/22797254.2020.1795727&domain=pdf&date_stamp=23 Jul 2020
https://www.tandfonline.com/doi/citedby/10.1080/22797254.2020.1795727?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/22797254.2020.1795727?src=pdf


Contribution of SPOT-7 multi-temporal imagery for mapping wetland 
vegetation
Laurence Hubert-Moy, Elodie Fabre and Sébastien Rapinel

LETG UMR CNRS, University of Rennes, Rennes, France

ABSTRACT
Mapping the fine-grained pattern of vegetation is critical for assessing the functions and 
conservation status of wetlands. Although satellite time-series images can accurately model 
vegetation, the spatial resolution of these data is generally too coarse (> 6 m) to capture the 
fine-grained pattern of wetland vegetation. SPOT-7 satellite sensors address this issue since 
they acquire images at very high spatial resolution (1.5 m) with a potential high frequency 
revisit. While the ability of SPOT-7 images to discriminate wetland vegetation has yet to be 
assessed, this study investigates the contribution of SPOT-7 multi-temporal images for map
ping the fine-grained pattern of 11 vegetation classes in a 470 ha fresh marsh (France). Random 
forest modeling, calibrated and validated using 170 vegetation plots, was conducted on four 
SPOT-7 pan-sharpened images collected from April-July 2017. The results highlight that (1) the 
wetland vegetation was accurately modeled (F1 score 0.88), (2) near-infrared spectral bands 
acquired in the spring are the most discriminating features, (3) the fine-grained pattern of 
vegetation plant communities is mapped well, and (4) model uncertainties reflect floristic 
transition, unconsidered classes or areas of shadow.

ARTICLE HISTORY 
Received 11 March 2020  
Revised 8 July 2020  
Accepted 10 July 2020 

KEYWORDS 
Grasslands; natural habitats; 
phytosociology; Natura 2000; 
random forest; uncertainty

Introduction

Mapping the fine-grained pattern of vegetation in wet
lands is critical to assess their conservation status 
(Bijlsma et al., 2019) and functions (Maltby & 
Barker, 2009). However, field mapping of these vege
tation mosaics is extremely time-consuming, which 
restricts coverage to a few ha of sites of heritage inter
est (Pedrotti, 2013; Silva et al., 2019). In addition, 
delineation and characterization of vegetation units 
are frequently skewed by the interpretation of indivi
dual field workers (Ullerud et al., 2018).

Very high spatial resolution remote sensing data 
have provided new insights for characterizing and 
mapping natural vegetation (Wang & Gamon, 2019). 
Many studies have highlighted the value of airborne 
sensors to accurately map natural vegetation, such as 
SAR (Van Beijma et al., 2014), hyperspectral 
(Marcinkowska-Ochtyra et al., 2019; J. Schmidt et al., 
2017) and LiDAR (Zlinszky et al., 2014) images with 
metric resolution, but their acquisition remains 
expensive, especially for multi-temporal analyses. 
More recently, unmanned aerial vehicles (UAVs) 
have been used to collect centimetric resolution 
images, which is highly effective for mapping local 
plant communities (Kattenborn et al., 2019). 
However, the advantages of UAV data are tempered 
by the acquisition and pre-processing effort required 
(Yao et al., 2019), as well as by the uncertain quality of 
the images collected (Nowak et al., 2019).

Satellite sensors, which continuously register images 
that are provided with uniform radiometric quality in 
a ready-to-use format (atmospherically and geometri
cally corrected), have emerged as an essential tool for 
monitoring plant biodiversity (Paganini et al., 2016). 
However, users generally face a trade-off between very 
high spatial resolution (< 2 m) and low temporal reso
lution (1–2 images per year) versus high temporal reso
lution (> 10 images per year) and lower spatial 
resolution (5–10 m). While a single satellite image 
with very high spatial resolution can describe the fine- 
grained pattern of vegetation, the modeling accuracy is 
low. For example, salt marshes and wet grassland plant 
communities have been mapped with 45% and 62% 
accuracy using a single multispectral Quickbird 
(Kumar & Sinha, 2014) or Pléiades (Rapinel et al., 
2018) image, respectively. However, modeling was 
more accurate (> 80%) using a Worldview super- 
spectral image (Collin et al., 2018; Rapinel et al., 
2014). Conversely, natural vegetation can be mapped 
accurately from multi-temporal images such as 
Sentinel-2 (Rapinel et al., 2019), RapidEye (Raab et al., 
2018; T. Schmidt et al., 2014) and RADARSAT-2 
(Mahdianpari et al., 2018) data, but their spatial resolu
tion (5–10 m) is insufficient to capture the fine-grained 
pattern of vegetation. Several studies have described the 
value of TerraSAR-X time series in Spotlight mode 
(1 m) for mapping natural vegetation (Betbeder et al., 
2015; Mohammadimanesh et al., 2018; Schuster et al., 
2015); however, speckle filtering of the SAR signal 
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degrades their spatial resolution greatly. Optical SPOT- 
6/7 images resolve this trade-off between spatial and 
temporal resolution since they provide very high spatial 
resolution (1.5 × 1.5 m), a wide swath (60 × 60 km) and 
a potential daily frequency revisit. Specifically, the 
French satellites SPOT-6 and SPOT-7 (Satellite Pour 
l’Observation de la Terre), which have the same speci
fications, were launched respectively in September 2012 
and June 2014 and form a constellation of two Earth 
observation satellites ensuring the continuity of the 
long-term SPOT missions initiated in 1986. SPOT-6/7 
images can be collected on request or from archives 
(https://www.intelligence-airbusds.com). To our 
knowledge, the ability to use multi-temporal SPOT-6/ 
7 imagery to map natural vegetation has yet to be 
assessed.

Besides the characteristics of remotely sensed data, 
mapping accuracy also depends on the type of model 
used (Maxwell et al., 2018). The random forest (RF) 
model, based on a combination of decision trees 
(Breiman, 2001), has been widely used to classify wet
land vegetation (Mahdavi et al., 2018) since it (i) 
calculates variable importance, (ii) is a non- 
parametric model that is adapted to multi-modal spec
tral signatures and (iii) is little susceptible to over
fitting (Belgiu & Drăguţ, 2016). Nonetheless, 
modeling generates some uncertainty due to spectral 
similarity among certain vegetation classes (Rocchini 
et al., 2013). While the crisp map and statistical indices 
that describe the overall accuracy of the model are 
always provided (Stehman & Foody, 2019), the uncer
tainty map, which reflects the maximum probability of 
belonging to a class for each pixel, is rarely generated 
(Zlinszky et al., 2014). However, the uncertainty map 
is as important as the crisp map for end-users (e.g., 
botanists or environmental managers) since it helps 
understand potential differences between the crisp 
map and field conditions.

This study used RF modeling to evaluate the con
tribution of a SPOT-7 time-series for mapping the 
fine-grained pattern of wetland vegetation. Three key 
issues are addressed: (1) the number of dates required 
to obtain an accurate classification, (2) which spectral 
bands and dates discriminate vegetation best and (3) 
whether the spatial resolution of SPOT-7 images is 
suitable for mapping wetland vegetation.

Materials and methods

Study site

The study site comprises fresh marshes (6–7 m asl) in 
the Bay of Mont-Saint-Michel (France), which is 
a RAMSAR and Natura 2000 conservation area 
(Figure 1). The Couesnon River divides the Sougéal 
marsh on the west side from the Boucey marsh on the 
east side. Agricultural and hydraulic management 

practices differ for each marsh: the Sougéal marsh 
consists of grazed grasslands, and floodwater is 
retained to provide a suitable habitat for waterfowl 
nesting and pike reproduction, while the Boucey 
marsh consists of mainly of mowed grasslands with 
efficient water drainage. The landscape consists 
mainly of grasslands ranging from mesophilic hay 
Arrhenatherum elatius plant species at the highest 
elevations to long-flooded Eleocharis palustris and 
Glyceria fluitans plant species in depressions (Rapinel 
et al., 2019). A bocage network of alder and willow is 
present in the Boucey marsh, while poplar plantations 
exist along the Couesnon River. Crops occur north of 
the Boucey marsh along the alluvial bank of the 
Couesnon. Floating aquatic vegetation (Callitriche 
palustris and Lemna minor) spread over the stagnant 
water of the Sougéal marsh. A full description of the 
vegetation classes is provided in Table 1.

Field data

Phytosociological surveys in 2 × 2 m quadrats were 
collected on grasslands in 2017 according to the 
Braun-Blanquet method (Braun-Blanquet, 1932). 
Vegetation plots were separated by at least 10 m to 

Figure 1. Location of the study site (a and b) and vegetation 
plots (c). The color composite is produced from the SPOT-7 
pan-sharpened band 4 (blue: 21 April 2017, green: 9 May 2017, 
red: 17 June 2017).
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minimize spatial autocorrelation. Additional field sur
veys were conducted to identify dominant plant spe
cies and to characterize non-grassland vegetation. In 
total, 170 vegetation plots were sampled for the 11 
vegetation classes studied and were georeferenced 
using differential GPS (horizontal accuracy < 50 cm).

Satellite images

Four cloud-free and ortho-corrected SPOT-7 images 
acquired from spring to summer 2017 (April 21, 
May 9, June 17 and July 7) were provided by the 
French Space Agency (CNES) in Top of Atmosphere 
reflectance. SPOT-7 images include one panchromatic 
band (0.455–0.745 µm) at 1.5 m spatial resolution and 
four multispectral bands at 6.0 m spatial resolution in 
the blue (0.455–0.525 µm), green (0.530–0.590 µm), red 
(0.625–0.695 µm) and near-infrared (0.760–0.890 µm) 
wavelengths.

A Bayesian fusion of the panchromatic and multi
spectral bands was performed for each image using 
the orfeo-toolbox (Grizonnet et al., 2017), resulting 
in four pan-sharpened bands at 1.5 m spatial resolu
tion. Equations of the baysesian data fusion are 
detailed in Fasbender et al. (2008). Specifically, the 
weight parameter – that sets the importance 
assigned to the panchromatic band with respect to 
the multispectral image in the fusion process – was 
used with a default value of 0.9 to enhance the 
spatial resolution quality of the pan-sharpened 
bands. Indeed, a low value (close to 0) of the weight 
parameter assigns high importance to the multispec
tral image (i.e. to the spectral resolution) while 
a high value (close to 1) places great emphasis to 
the panchromatic band (i.e. to the spatial 
resolution).

Since the wide range of the spectral band values 
could have strongly influenced the variable importance 
measures in the modeling procedure (Strobl et al., 
2007), all pan-sharpened bands were standardized 
(overall mean of 0 and standard deviation of 0.25).

Principal component analysis

A principal component analysis (PCA) was calculated 
on the 16 (4 bands × 4 dates) SPOT-7 standardized 
spectral variables for the 170 vegetation plots to repre
sent the typical spectrum of each of the 11 vegetation 
classes. Then, the spectral separability of these vegeta
tion classes was measured using between-class analysis 
(BCA) based on the coordinates of the PCA axes 
(Chessel et al., 2004). The significance of the BCA 
was assessed against 999 permutation tests.

Random forest modeling

RF modeling (Breiman, 2001) was used to predict the 
11 vegetation classes using the four pan-sharpened 
SPOT-7 images. A complete description of the ran
dom forest model functioning is detailed in Belgiu and 
Drăguţ (2016). Two parameters can be adjusted to fit 
the random forest model: “Ntree” that determines the 
number of decision trees to be generated, and “Mtry” 
that sets the number of variables to be randomly 
selected for each branch of the trees. Since the RF 
model is little sensitive to the “Ntree” parameter 
(Belgiu & Drăguţ, 2016), its default value (500) was 
kept constant during the model fitting. Conversely, the 
“Mtry” parameter was tested with all possible values 
during the fitting process.

The RF model was calibrated and validated from 
the 170 vegetation plots using a repeated k-fold cross- 
validation, which is a process well adapted to small 
samples (Kim, 2009) and provides reliable error esti
mates (Refaeilzadeh et al., 2009). In particular, the 
original vegetation plots were randomly divided in 
three folds (i.e. datasets): for the first iteration, two 
out of the three folds were used to train the model 
while the third fold was used to validate it. 
Subsequently, two other iterations were applied such 
that at each of them another fold was held out for 
validation while the two remaining ones were intended 
for training. This 3-fold cross-validation process was 
repeated 10 times to get a more robust estimation of 
RF model performance (Kuhn & Johnson, 2013).

The cumulative importance of each spectral band 
and date was measured by summing the Gini index 
values (Breiman, 2001) of all bands of the same date or 
wavelength. Then, the effect of the number of SPOT-7 
images used on the RF model’s accuracy was estimated 
using backward selection. In details, the 4 SPOT-7 
images were first ranked according to their cumulative 
importance (based on the Gini index). Then, the least 
important image was discarded and the model was 
cross-validated with the remaining images 3 times 
until one image. Thus, the 1 date combination holds 
the best image, the 2 dates combination holds the two 
best images, etc . . .

Table 1. The vegetation classes studied and respective sample 
sizes (pixel dimension: 1.5 × 1.5 m).

Class 
no. Class name

Samp
le size 
(no. of 
pixels)

1 Arrhenatherum elatius grasslands 6
2 Anthoxanthum odoratum – Bromus racemosus grasslands 15
3 Holcus lanatus – Lolium perenne grasslands 21
4 Trifolium repens – Cirsium arvense grasslands 36
5 Alopecurus geniculatus – Oenanthe fistulosa grasslands 24
6 Eleocharis palustris – Glyceria fluitans grasslands 12
7 Veronica scutellata – Glyceria fluitans grasslands 9
8 Crops (maize, wheat) 9
9 Floating vegetation (Callitriche palustris – Lemna minor) 11
10 Open water 9
11 Woods (Alnus sp., Salix alba, Populus sp.) 18

EUROPEAN JOURNAL OF REMOTE SENSING 203



The statistical accuracy of the RF model was pro
vided by the mean and the standard deviation of the 
overall and class-specific F1 score according to the 
number of SPOT-7 acquisitions considered. In addi
tion, a cross-validated confusion matrix representing 
the cumulative distribution error per vegetation class 
was calculated over the 10 repeats.

The RF model produced two maps: (i) the crisp 
map, which shows the vegetation class with the highest 
membership probability for each pixel, and (ii) the 
uncertainty map, which stores the highest member
ship probability for each pixel.

RF modeling was performed with R software (R. Core 
Team, 2019) using the Raster (Hijmans, 2015), random
forest (Breiman et al., 2011) and Caret (Kuhn, 2008) 
packages.

Results

Spectral ordination

The ordination of vegetation plots on the first two axes 
of the PCA (66.7% of the total spectral variance) under
lines that crops (8), floating vegetation (9), open water 
(10) and woods (11) classes are clearly distinctive, 
whereas the grassland vegetation classes (1–7) are sepa
rate but slightly mixed together (Figure 2, right), e.g., 
Eleocharis palustris – Glyceria fluitans grasslands 
(class 6) and Veronica scutellata – Glyceria fluitans 
grasslands (class 7), or Arrhenatherum elatius grass
lands (class 1) and Anthoxanthum odoratum – Bromus 
racemosus grasslands (class 2). Moreover, the BCA 
indicates that the SPOT-7 data differentiate between 
the 11 vegetation classes since they explain 
a substantial portion of the spectral variance (76.5%, 
p-value < 0.001).

Model accuracy

Accuracy of the RF model of the 11 vegetation classes 
based on the four SPOT-7 images was high (F1 score 
0.88). The confusion matrix (Table 2) indicated that 
Anthoxanthum odoratum – Bromus racemosus grasslands 
(class 2), crops (class 8), floating vegetation (class 9), open 
water (class 10) and woods were modeled accurately (F1 
score > 0.9). Arrhenatherum elatius grasslands (class 1), 
Holcus lanatus – Lolium perenne grasslands (class 3), 
Trifolium repens – Cirsium arvense grasslands (class 4) 
and Alopecurus geniculatus – Oenanthe fistulosa grasslands 
(class 5) were modeled well (F1 score > 0.8). Conversely, 
the modeling was less accurate for Eleocharis palustris – 
Glyceria fluitans grasslands (class 6) and Veronica scutel
lata – Glyceria fluitans grasslands (class 7) (F1 score 0.65–
0.77). The largest errors occurred for grassland classes with 
similar floristic composition: for example, 11% of Holcus 
lanatus – Lolium perenne grasslands (class 3) were mis
classified as Trifolium repens – Cirsium arvense grasslands 
(class 4); 26% of Eleocharis palustris – Glyceria fluitans 
grasslands (class 6) were incorrectly classified as Veronica 
scutellata – Glyceria fluitans grasslands (class 7); and, 22% 
of class 7 were incorrectly classified as class 6.

Cumulative importance scores derived from the Gini 
index differed greatly among spectral bands and, to 
a lesser extent, acquisition dates (Figure 3). In particu
lar, the near-infrared spectral band 4 was clearly the 
most discriminating (cumulative importance of 191), 
followed by the green band 2 (cumulative importance of 
79), blue band 1 and red band 3 (cumulative impor
tance of 31 and 16, respectively). Among acquisition 
dates, 21 April and 9 May had the most discriminating 
images (cumulative importance of 108 and 92, respec
tively), followed by 7 July and 17 June (cumulative 
importance of 63 and 54, respectively).

Figure 2. (left) Contribution of SPOT-7 variables to the 2 first PCA axes. For clarity, only the most contributing variables (cos2 > 0.7) 
are shown; (right) PCA ordination diagram outlining the distribution of the vegetation plots according to their membership class 
(as described in Table 1).
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The modeling accuracy of each vegetation class 
depended on the number of SPOT-7 dates used 
(Figure 4). The optimal value of the “Mtry” parameter 
was set to 3 for 4 images, 4 for 3 images, 1 for 2 images 
and 2 for 1 image. Overall modeling accuracy (F1 
score) ranged from 0.64 (± 0.02) for one date to 0.88 
(± 0.01) for four dates. Class-specific results revealed 
that the minimum number of dates required to 
achieve satisfactory modeling accuracy (F1 score > 
0.8) varied by vegetation class:

● one SPOT-7 date was sufficient for Trifolium 
repens – Cirsium arvense grasslands (class 4, F1 
score 0.82, ± 0.01), crops (class 8, F1 score 0.96, ± 
0.01) and woods (class 11, F1 score 0.87, ± 0.01)

● two SPOT-7 dates were required for Holcus lanatus – 
Lolium perenne grasslands (class 3, F1 score 0.83, ± 
0.01)

● three SPOT-7 dates were required for Anthoxanthum 
odoratum – Bromus racemosus grasslands (class 2, F1 
score 0.83, ± 0.01), Alopecurus geniculatus – 
Oenanthe fistulosa grasslands (class 5, F1 score 0.91, 
± 0.01), Eleocharis palustris – Glyceria fluitans grass
lands (class 6, F1 score 0.81, ± 0.02), floating vegeta
tion (class 9, F1 score 0.97, ± 0.01) and open water 
(class 10, F1 score 0.89, ± 0.03)

● four SPOT-7 dates were required for Arrhenatherum 
elatius grasslands (class 1, F1 score 0.89, ± 0.03) but 
remained insufficient to model Veronica scutellata – 
Glyceria fluitans grasslands (class 7, F1 score 0.65, ± 
0.03) satisfactorily.

Also, addition of the fourth SPOT-7 date (June 17) 
decreased the modeling accuracy of grassland classes 5 
(−0.01), 6 (−0.01) and 7 (−0.07) as well as crops 
(−0.01) slightly.

Table 2. Cross-validated (3-fold repeated 10 times) confusion matrix between random forest classification of the four SPOT-7 
images (rows) and vegetation plots (columns). Entries are cumulative percentage cell counts per column (i.e., number of reference 
samples per class) over the 10 repeats.

Reference

Class 1 2 3 4 5 6 7 8 9 10 11

Prediction 1 81.7 0.5
2 1.7 91.3 9.0
3 79.0 5.8
4 3.3 8.7 11.0 88.6 5.0
5 13.3 0.5 5.6 95.0 13.3 0.9
6 74.2 22.2 4.4 3.3
7 25.8 64.4 0.6
8 98.9
9 1.1 99.1

10 90.0 1.1
11 5.6 95.0

Plot count 60 150 210 360 240 120 90 90 110 90 180
F1 score 0.89 0.90 0.84 0.88 0.89 0.77 0.66 0.99 0.98 0.94 0.96

Figure 3. Cumulative importance of (a) SPOT-7 acquisition dates and (b) spectral bands for discriminating wetland vegetation 
based on the random forest model.
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Figure 4. Mean (black line) and standard deviation (grey area) accuracy of the random forest model over the 10 repeats (overall 
and per vegetation class) expressed as the F1 score as a function of the number of SPOT-7 dates used. The combination of images 
was based on backward selection from the least to the most important date (see Figure 3): 3 dates (7 July 2017, 09 May 2017 and 
21 April 2017), 2 dates (09 May 2017 and 21 April 2017), 1 date (21 April 2017).

Figure 5. Random-forest-based crisp map (left panel) and uncertainty map (right panel). Inset maps focus on a (a) hedged area 
and (b and c) open marshes with a moisture gradient.
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Vegetation map

RF modeling generated a crisp vegetation map using the 
four SPOT-7 images (Figure 5). Overall, differences 
between the landscapes of the Sougéal and Boucey marshes 
were obvious: most hygrophilic (classes 4–7) and meso
philic (class 3) grasslands were distributed in the Sougéal 
marsh, while the mesophilic hay meadows (classes 1–2) 
covered much of the Boucey marsh. Crops planted in the 
northern end of the Boucey marsh were also identified 
well. The fine-grained pattern of the vegetation was 
mapped adequately: for example, identification of each 
tree crown revealed the continuity of the bocage network 
in the Boucey marsh (Figure 5(a)); the floating vegetation 
detected in ditches of the Sougéal marsh was also captured 
accurately (Figure 5(b)); and the fine-grained pattern of the 
grasslands, with vegetation patches of a few pixels, ade
quately reflected the subtle micro-topographic variations 
(Figure 5(c)).

The uncertainty map (Figure 5) indicated that crops 
(class 8), open water (class 10), floating vegetation (class 9), 
woods (class 11) and Holcus lanatus – Lolium perenne 
grasslands (class 3) were mapped with certainty. 
Conversely, uncertain areas reflected floristic transition 
zones between two grassland classes (Figure 5(c)) and 
classes not included in the model (e.g., shadows, mud). 
For example, tree shadows were classified as long-flooded 
grassland (class 7) (Figure 5(a)), and ditch-side mud was 
classified as mesophilic grassland (class 1) (Figure 5(b)).

Discussion

The number of dates required to achieve accurate 
classification

The use of four pan-sharpened SPOT-7 images mod
eled 11 vegetation classes accurately (F1 score 0.88). In 
comparison, previous use of a Sentinel-2 time-series 
achieved slightly higher modeling accuracy for grass
land plant communities (Rapinel et al., 2019), perhaps 
due to its higher temporal (12 versus 4 acquisition 
dates) and spectral (10 versus 4 bands) resolution. 
Moreover, using a single SPOT-7 date decreased mod
eling accuracy significantly (overall F1 score 0.70), 
especially for grassland plant communities (F1 score 
< 0.5 for classes 1, 2, 5 & 6), which is consistent with 
previous studies based on analysis of one multispectral 
image (Kumar & Sinha, 2014; Rapinel et al., 2018). The 
use of three SPOT-7 images is required to achieve high 
modeling accuracy (overall F1 score > 0.8). In com
parison, previous studies applied to wet grassland 
classes indicated that similar modeling accuracy can 
be achieved using three optical RapidEye images (T. 
Schmidt et al., 2014) or five TerraSAR-X images 
(Betbeder et al., 2015).

However, it should be noted that while the addition 
of the fourth SPOT-7 image slightly increases the 
overall accuracy of the RF model, it also slightly 

reduces the accuracy of 4 vegetation classes. We 
assume that this is due to the model fitting process 
that was designed to achieve the highest overall accu
racy and not the highest accuracy for specific classes, 
especially since the sampling between classes was 
unbalanced (Maxwell et al., 2018). Moreover, the 
fourth image (June 17) used in this study, which was 
the least important variable used in the RF model, 
introduced some noise in the modeling process.

In this study, the estimation of the effect of the 
number of SPOT-7 images on the RF model accuracy 
was based on backward selection (i.e. from the least to 
the most important date) depending on the cumula
tive Gini index ranking. Although images were stan
dardized to determine the variables of importance 
(Strobl et al., 2007), it should be kept in mind that 
the value of the Gini index of each spectral band 
depends not only on the model fitting method used 
(here repeated k-fold cross validation) but also on the 
sample dataset (Kuhn & Johnson, 2013). In other 
words, the acquisition date ranking and therefore the 
effect of the number of SPOT-7 images on the RF 
model accuracy may vary using another model fitting 
method (e.g. leave-one-out cross-validation) and/or 
different vegetation plots.

Although reference data may be derived from visual 
interpretation of images acquired in different years 
(Gómez et al., 2016), the reference data used in this 
study were collected by ecologists in the field during 
spring 2017 according to the phytosociological protocol 
(Braun-Blanquet, 1932). The advantage of this field- 
oriented sampling is the quality of the vegetation plots 
(floristic characterization, georeferencing, no temporal 
shift with the acquisition of SPOT-7 images). However, 
collecting field vegetation samples is obviously time- 
consuming, which results in few, closely spaced vegeta
tion plots. In this context, we minimized model over
fitting by separating vegetation surveys by at least 10 m 
(i.e. six times the SPOT-7 pixel size) (Figure 1). Finally, 
the consistency of the vegetation map with the ground 
truth supported the statistical results. Prior visual 
inspection of the fine-grained pattern of vegetation 
from UAV images could provide a useful tool to 
improve sample collection (Nowak et al., 2019).

Although widely used, the k-fold cross-validation 
process is criticized for the overlapping between train
ing and validation samples across iterations, a fortiori 
when using a low number of folds (Wong, 2015). 
Ideally, the model fitting and validation should be 
based on a 10-fold cross-validation (Refaeilzadeh 
et al., 2009) using independent validation samples, 
which is in practice difficult to implement for plant 
species modeling given the rarity of vegetation plots 
(Miller, 2010). In this study, the number of folds was 
limited to 3 and no independent validation samples 
were used due to the small sample size (170 plots for 
11 vegetation classes). However, the cross-validation 
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process was repeated 10 times to provide a reasonable 
estimate of modeling accuracy (Kuhn & Johnson, 2013), 
the low standard deviation values of the F1 score 
achieved in this study (Figure 4) stressing the well- 
fitting of the RF model. Nevertheless, this issue empha
sizes the need to support and use vegetation- plot data
bases such as the European Vegetation Archive (Chytrý 
et al., 2016) or the Copernicus In Situ component 
(Marconcini et al., 2020) to better fit and validate spe
cies distribution models based on remotely sensed data.

Spectral bands and dates that contributed the 
most

Spectral band 4, the near-infrared spectrum, discriminated 
the 11 vegetation classes the most. Since this spectral band 
is highly sensitive not only to water (low reflectance) but to 
photosynthetic activity (high reflectance), it logically dis
criminates between vegetation classes characterized by 
flood duration and those characterized by phenological 
shift (Rapinel et al., 2019). However, unlike the SPOT-5 
sensor, the SPOT-6/7 sensors have no middle-infrared 
band, which is a highly discriminating band for wet vege
tation (Davranche et al., 2010).

In the present study, the SPOT-7 images acquired in 
the spring were clearly the most useful for discriminating 
the 11 vegetation classes. During this season, the hydro
logical conditions of the Couesnon marshes vary greatly 
(Betbeder et al., 2015), which structures the spatial pat
tern and phenology of each class of grassland vegetation. 
Defining an optimal date for discriminating wet vegeta
tion is challenging since the latter differs depending on 
specific environmental conditions, management charac
teristics and climatic variations. Nevertheless, spring and 
early summer emerge as the most discriminating periods 
in temperate climates (Raab et al., 2018; Rapinel et al., 
2019; T. Schmidt et al., 2014).

Suitability of the spatial resolution of SPOT-7 
images for mapping wetland vegetation

Although the pan-sharpening processing of SPOT-7 
images decreased their radiometric resolution, their 
very high spatial resolution (1.5 × 1.5 m) revealed 
small patches of vegetation (e.g. grassland plant 
communities, floating vegetation, tree crowns). At 
~1:5,000 scale, the vegetation map derived from 
SPOT-7 images has a spatial scale similar to that 
of most field vegetation maps (Pedrotti, 2013). 
However, the resolution of SPOT-6 images 
(1.5 × 1.5 m) remains too coarse to detect certain 
micro-patches of vegetation (< 1 m wide) that can 
indicate the conservation status of habitats, such as 
Juncus gerardii salt grassland plant communities 
(Bouzillé et al., 2001) or invasive species (Evans & 

Arvela, 2011). Addressing these limitations requires 
images with a spatial resolution < 0.5 m, such as 
Worldview images (Collin et al., 2018) or UAV data 
(Nowak et al., 2019).

Beyond the detailed map scale, the very high spatial 
resolution of SPOT-7 images is also relevant for sampling 
vegetation plots, since the pixel size (1.5 × 1.5 m) is similar 
to the size of phytosociological plots (2 × 2 m) (Braun- 
Blanquet, 1932). In other words, the field vegetation plots 
sampled using the Braun-Blanquet protocol can be 
related easily to a pure pixel, which is not the case when 
using images with coarse pixels, in which vegetation plots 
must be collected with a remote-sensing-specific protocol 
(Rapinel et al., 2019).

Generating an uncertainty map with the traditional 
crisp vegetation map provides useful information for 
implementing additional “preferential” sampling (De 
Cáceres et al., 2015). As expected, broad vegetation classes 
(e.g. crops, woods) were modeled with certainty given 
their specific spectral signatures, while grassland commu
nity classes were generally modeled with more uncer
tainty given their spectral similarities (Rocchini et al., 
2013). Moreover, providing a complete nomenclature of 
the studied site is always challenging, especially for large 
areas. In this context, the uncertainty map is useful since 
it reveals classes that were not considered in the modeling 
process due to their sporadic presence, such as shadows, 
mud or reed beds.

Conclusion

This study highlights the value of multi-temporal SPOT- 
7 imagery for mapping fine-grained patterns of 11 vege
tation classes in wetlands. Specifically, the near-infrared 
spectral bands acquired in the spring are the most dis
criminating features. SPOT-7 images have the advantage 
of combining very high spatial resolution (1.5 × 1.5 m) 
with a wide swath (60 km), which can be used to model 
the fine-grained pattern of wetland vegetation over large 
areas. The uncertainty map, which highlights areas of 
floristic transition and classes not considered in the 
modeling process, helps managers and botanists inter
pret the results and identify additional areas to be pros
pected in the field. Futures researches will investigate the 
impact of the spatial resolution of remote sensing data on 
the detection of plant communities.
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