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A B S T R A C T

Accurate long-term monitoring of wetlands using satellite archives is crucial for effective conservation. While 
new methods based on temporal profile classification have been useful for long-term monitoring of wetlands, 
their advantages over traditional classification methods have not yet been demonstrated. This study aimed to 
compare continuous change detection (using the continuous change detection and classification (CCDC) algo
rithm) to traditional post-classification change detection for monitoring wetland changes between 1984 and 
2022 in a temperate coastal marsh (Marais Poitevin, France) from the Landsat archive. The reference dataset was 
collected mainly from field observations and used to train and test a random forest classifier. The accuracy of the 
resulting change map was then assessed for both methods using validation points collected via visual interpre
tation of historical aerial photographs and Landsat temporal profiles. The change map derived from CCDC had 
much higher unbiased overall accuracy (0.86 ± 0.02) than that derived from post-classification change detection 
(0.51 ± 0.03). In addition, wetland loss was much higher than wetland gain (18 % and 2 % of the area, 
respectively) and was due mainly to conversion of grassland to cropland and urbanization. The study demon
strated that, unlike traditional post-classification change detection, continuous change detection provides maps 
of wetland changes sufficiently accurate for operational use by managers. The study also confirmed the ongoing 
impact of agricultural intensification and artificialization on wetland degradation in Europe.

1. Introduction

Wetlands, defined as “areas that are inundated or saturated at a 
frequency to support, and which normally do support, plants adapted to 
saturated and/or inundated conditions” (Brinson, 1993), provide 40 % 
of the total value of ecosystem services on Earth (Xu et al., 2020). 
However, the amount of ecosystem services provided has decreased 
continuously for several decades due to human pressure on wetlands, as 
well as climate change (Yang et al., 2023). From a conceptual viewpoint, 
it is useful to distinguish existing wetlands that are slightly or not 
impacted by human or climate disturbances from damaged wetlands 
degraded by changes in land use and land cover (LULC) and from habitat 
types, such as crops or permanent ponds, in which restoration can be 
performed (Rapinel et al., 2018). Long-term (i.e. several decades) 
mapping of LULC or habitat types is therefore a key indicator for 
monitoring the structure of wetlands and ultimately their ability to 
provide ecosystem services and support human well-being (Yang et al., 

2023).
Earth observation (EO) data, which provide standardized, repeated 

measurements with wide spatial coverage, have been extensively used to 
detect long-term changes in wetlands (Jafarzadeh et al., 2022). Among 
EO data, archive images from Landsat missions are of particular interest 
for long-term monitoring, since Landsat images have been collected 
every 16 days at 30 m spatial resolution since 1984, making them the 
longest EO record worldwide (Wulder et al., 2022). In addition, the 
Landsat archive is freely available and integrated into cloud-computing 
platforms such as Google Earth Engine (Gorelick et al., 2017).

Currently, using the Landsat archive to detect changes in wetlands is 
based mainly on two methods: traditional post-classification change 
detection or continuous change detection (Demarquet et al., 2023). The 
former involves classifying LULC or habitat types for two separate years 
from one or a few cloud-free images or one composite image, then 
detecting changes between the two years by combining the classifica
tions in post-processing (Zhu, 2017). The value of this simple method is 
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that it requires few images and therefore few computational resources 
(Zhu, 2017). The latter method, which is more recent, identifies and 
classifies temporal segments (each corresponding to one LULC/habitat 
type) identified from a dense Landsat time-series containing several 
hundred observations. This method has been developed using a variety 
of algorithms, such as LandTrendr (Kennedy et al., 2010) or continuous 
change detection and classification (CCDC) (Zhu and Woodcock, 
2014a). The advantage of continuous change detection is that it can 
produce a LULC/habitat map for any year in the period under consid
eration from a single classifier. Initially, continuous change detection 
was rarely used due to the high computation time and number of images 
needed; however, it is increasingly used due to the recent development 
of cloud-computing application programming interfaces (APIs) 
(Pasquarella et al., 2022).

Although continuous change detection would appear more effective 
than post-classification change detection, the latter remains the most 
widely used method for monitoring long-term changes in wetlands 
(Demarquet et al., 2023; Jafarzadeh et al., 2022). Moreover, recent 
studies that used the Landsat archive for long-term wetland monitoring 
emphasized that the overall accuracy of LULC or habitat maps was high 
(>0.80) regardless of the method. For example, LULC maps of a coastal 
wetland had an overall accuracy of 0.90–0.97 using post-classification 
change detection (Hotaiba et al., 2024) and 0.88 using continuous 

change detection (Peng et al., 2021). Similarly, LULC maps of an inland 
marsh had an overall accuracy of 0.82–0.88 using post-classification 
change detection (Liu et al., 2021) and 0.84 using continuous change 
detection (Fu et al., 2022). These results indicate two main reasons why 
choosing the most appropriate method to detect wetland change can be 
difficult: (i) the classification accuracy obtained for one site using a 
given method cannot be strictly compared to that obtained for another 
site using another method, since accuracy depends on the structural and 
functional characteristics of the site, and (ii) the accuracy of change 
maps is rarely specified for post-classification change detection 
(Demarquet et al., 2023).

The objective of the present study was to determine which method 
detected long-term wetland changes most accurately. To this end, the 
two methods used the Landsat archive to detect changes in a coastal 
marsh in France between 1984 and 2022. Specifically, continuous 
change detection was performed using the most widely used CCDC al
gorithm (Pasquarella et al., 2022). We then assessed the overall accu
racy of the change map generated by each method and also assessed 
strengths and weaknesses of each method.

Fig. 1. Framework for monitoring long-term changes using the Landsat archive and the continuous change detection and classification (CCDC) algorithm and 
comparison with the post-classification change detection method. RF: random forest.
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2. Materials and methods

2.1. Rationale of the approach

Continuous and post-classification change detection methods were 
performed in parallel (Fig. 1) using the same Landsat archive, environ
mental variables, and reference datasets. The first reference dataset 
(Dataset 1), which included field archive data supplemented with points 
extracted from visual interpretation of historical aerial photographs, 
was used to evaluate the accuracy of annual habitat maps. The second 
reference dataset (Dataset 2), which included points extracted from vi
sual interpretation of aerial photographs, satellite images from Google 
Earth, and temporal profiles derived from the Landsat archive, was used 
to evaluate the accuracy of the change detection maps. Continuous 
change detection was performed using the API developed by Arévalo 
et al. (2020) in the Google Earth Engine (GEE) cloud-computing plat
form (Gorelick et al., 2017).

Habitats were characterized using the hierarchical European Nature 
Information System (EUNIS) level 1 classification (Davies et al., 2004). 
EUNIS classes were grouped into two classes (i.e., damaged wetlands or 
existing wetlands, which were strongly altered by or protected from 
human disturbance, respectively) to describe wetland changes (Rapinel 
et al., 2018).

2.2. Study site

The Marais Poitevin, located on the Atlantic coast of France (Fig. 2), 
is the second largest wetland in the country (ca. 100 000 ha). This 
coastal wetland complex has a temperate climate and flat topography 
whose elevation ranges from 0 to 10 m. Construction of dikes and canals 
for agriculture and urbanization since the 13th century has resulted in 
marsh drainage (Godet and Thomas, 2013; Pouzet et al., 2015). Today, 
the Marais Poitevin includes three contrasting areas: a western area with 
marine and coastal habitats, a central area with wet grasslands and 
cropland, and an eastern area with wet grasslands and woodlands 
(Rapinel et al., 2015). Pressure from tourism and farming has prompted 
the creation of several protected areas over the past few decades (i.e., 
Natura 2000 sites, nature reserves, and regional nature parks). None
theless, the wetlands have generally degraded over time despite these 
conservation measures (Duncan et al., 1999).

2.3. Data

2.3.1. Landsat images
Landsat TM, ETM+, OLI/TIRS, and OLI2/TIRS2 atmospherically 

corrected surface images (Tier 1, Collection 2, Level 2) acquired from 

1984 to 2022 were used and accessed through GEE (USGS, 2021). The 
images were selected because enhanced geometric correction and 
radiometric calibration and harmonization among sensors makes the 
images suitable for time-series analysis (Dwyer et al., 2018). The study 
site was covered by two tiles – path/row 200/28 and 201/28 (Fig. 2) – 
for which 800 and 784 images were retrieved, respectively. Optical and 
thermal band time series were used as input data. Optical bands were 
used to generate the eight spectral indices that were set by default in the 
Google Earth Engine CCDC application programming interface (Arévalo 
et al., 2020) (Table 1). Clouds, shadows, and noise were removed from 
Landsat images using the CFMask algorithm (Foga et al., 2017), which is 
a C version of the popular FMask algorithm v3.3 (Zhu and Woodcock, 

Fig. 2. Location of the study area and Landsat tile overlay (left) and reference Dataset 2 used to assess the unbiased accuracy of the change map (right).

Table 1 
Summary of spectral bands and indices derived from the Landsat archive used in 
the study.

Input data Description Source

Spectral bands Landsat spectral bands (visible, NIR, and 
SWIR) in surface reflectance, and thermal 
bands in surface temperature

−

NDVI Normalized Difference Vegetation Index: 
used to quantify vegetation health and 
density related to photosynthesis

Myneni et al. 
(1995)

EVI Enhanced Vegetation Index: used to quantify 
vegetation health and density with higher 
sensitivity in high-biomass regions; related to 
canopy structure

Huete et al. 
(2002)

EVI2 Two-band Enhanced Vegetation Index: EVI 
calculated without the blue spectral band to 
calculate EVI based on sensors lacking a blue 
band (e.g., AVHRR)

Jiang et al. 
(2008)

NBR Normalized Burn Ratio: used to identify 
burned areas and quantify fire severity

Key and 
Benson 
(2006)

NDFI Normalized Difference Fraction Index: used 
to monitor forest degradation and 
deforestation; sensitive to canopy state. 
Calculated from green vegetation (GV), non- 
photosynthetic vegetation (NPV), soil, and 
shade fractions obtained from spectral 
mixture analysis.

Souza et al. 
(2005)

Greenness 
vegetation 
index

Greenness fraction: extracted by tasseled cap 
transformation; corresponds to vegetation 
fraction

Crist (1985)

Brightness 
vegetation 
index

Brightness fraction: extracted by tasseled cap 
transformation; corresponds to soil fraction

Crist (1985)

Wetness 
vegetation 
index

Wetness fraction: extracted by tasseled cap 
transformation; corresponds to the relation 
between soil and canopy wetness

Crist (1985)
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2014a).

2.3.2. Environmental variables
Environmental variables were added to the Landsat data to better 

distinguish wetland habitats (Demarquet et al., 2023). They included 
three topographic variables (i.e., elevation, slope, and aspect) derived 
from the DEM SRTM at 30 m resolution (Farr et al., 2007), as well as the 
distance to the sea calculated at 30 m spatial resolution from the highest 
sea level (IGN, Shom, 2009).

2.3.3. Historical aerial photographs
A total of 16 aerial photographs covering different parts of the study 

site from 1984–1997 were downloaded from the French National 
Geographic Institute (IGN) website available in open access (http 
s://remonterletemps.ign.fr/): 6 black-and-white photographs from 
1984 (1:30 000 scale) and 10 RGB color photographs from 1990 and 
1997 (ranging from 1:21 000 to 1:26 000 scale). The photographs were 
georeferenced using ground control points obtained from 2022 aerial 
photographs orthorectified using QGIS software (QGIS Development 
Team, 2018), achieving an average root mean square error of 3.58 m.

2.3.4. Field data
Field vegetation and LULC data were collected from several inter

national, national, and local archive databases (Table 2). Field vegeta
tion data included vegetation maps and phytosociological relevés. Local 
botanists have produced vegetation maps since the early 2000s to 
monitor protected areas. Vegetation maps of natural reserves (EUNIS 
2004 and PVF) and the Natura 2000 habitat map described vegetation at 
the habitat or phytosociological unit scale. The former map covered 18 
km2 on five nature reserves (Fig. 2), while the latter covered the entire 
site. The vegetation relevés (EUNIS 2020) consisted of 821 phytoso
ciological relevés collected mainly on grasslands by local botanists and 
scientists. The relevés were automatically assigned to EUNIS habitats 
using the EUNIS-ESy expert system (Chytrý et al., 2020).

Field LULC data were obtained from the land parcel information 
system (LPIS), the land use and cover area frame survey (LUCAS), and 
two local GIS layers related to agri-environmental measures (i.e., “arable 
land conversion” and “communal grasslands”). The LPIS contains 
farmers’ annual declarations of crop type in each field, in the framework 
of the European Union’s Common Agricultural Policy (CAP) (European 
Court of Auditors, 2016). This geographic information layer, released 
every year since 2007, describes ca. 30 crop classes, including grassland. 
Each year, it lists several hundred fields in the Marais Poitevin. The 
LUCAS database provided field observations of LULC types from a reg
ular sampling campaign across Europe in 2006, 2012, and 2018 
(Palmieri, 2016), which included 103, 70, and 69 points in the Marais 
Poitevin, respectively. The two local GIS layers described 563 fields that 
were converted from arable land to grassland from 2001 to 2003 and 

2005 to 2015 (“arable land conversion”) and 17.4 km2 of communal 
grasslands where extensive grazing was encouraged from 2003 to 2013 
(“communal grasslands”).

2.4. Annual habitat mapping

2.4.1. Generating the reference dataset
Dataset 1 was generated from field data and historical aerial pho

tographs to train and test the habitat classification models in 1984 and 
2022 for the CCDC and diachronic methods. While the time difference 
between the date of the Landsat images and that of the reference data 
must be as small as possible for the diachronic method, this is not 
required for CCDC. Consequently, Dataset 1 contained all points 
collected from 1984 to 2022, regardless of the date.

A three-step workflow was performed to extract reference points 
from field data. First, all field data were converted to the EUNIS clas
sification system at level 1 (Davies et al., 2004), which describes seven 
major habitat types (Table 1 in supplementary material B). Specifically, 
we used the guide of Delassus et al. (2014) for the regional classification 
of vegetation, the French Habref reference guide (Clair et al., 2017) for 
the CORINE Biotopes classification systems, the crosswalk table of 
Chytrý et al. (2020) for the EUNIS 2020 classification system, and the 
two crosswalk tables of Buck et al. (2015) and the European Environ
mental Agency (EEA, 2014) to convert the LUCAS classification system 
to CORINE Land cover and then to the EUNIS classification system. For 
the LPIS data, all crop types were assigned to habitat I (i.e., Regularly or 
recently cultivated agricultural, horticultural and domestic habitats), except 
for old pastures, which were assigned to habitat E (i.e., Grasslands and 
lands dominated by forbs, mosses or lichens). The fields in the “arable land 
conversion” and “communal grasslands” layers were also assigned to 
habitat E.

In the second step, the EUNIS classification system was adjusted for 
habitats C (i.e., Inland surface waters) and J (Constructed, industrial and 
other artificial habitats), since they included spectrally heterogeneous 
habitats. More specifically, we merged habitats C1 (i.e., Surface standing 
waters) and J5 (i.e., Highly artificial manmade waters and associated 
structures), since they have similar spectral signatures. In addition, 
habitat C3 (i.e., Littoral zone of inland surface waterbodies) was consid
ered separately because its spectral signature differs from that of surface 
water, and habitat C2 (i.e., Surface running waters) was excluded because 
it was undetectable at the study site due to Landsat’s low spatial reso
lution. Thus, the final classification system contained eight habitat 
types:

• A – Marine habitats
• B – Coastal habitats
• C1/J5 – Natural permanent surface waters and Artificial permanent 

surface waterbodies

Table 2 
Summary and description of field vegetation data used in the study. LULC: land use and land cover.

Name Type Format Approximate scale/ 
accuracy

Nomenclature Years Source

Vegetation maps of 
natural reserves

Vegetation Polygons 1:5 000 EUNIS 2004 (Davies et al., 2004) 
Regional classification of vegetation  
(Delassus et al., 2014)

2006, 2009, 2012, 2013, 
2015

INPN 
(Robert and Brosseau, 2022)

Natura 2000 habitat 
map

Vegetation Polygons 1:15 000 CORINE Biotopes (Devillers et al., 
1991)

2001–2005 Local managers

Vegetation relevés Vegetation Points 1 m EUNIS 2020 (Chytrý et al., 2020) 2001, 2002, 2004, 2005, 
2006, 2014, 2015

VegFrance (Bonis and Bouzillé, 
2012) and local managers

LPIS LULC Polygons 1: 5 000 LPIS 2007, 2010, 2015 IGN (https://geoservices.ign. 
fr/rpg)

LUCAS LULC Points 5 m LUCAS 2006, 2012, 2018 ESDAC (https://esdac.jrc.ec. 
europa.eu/projects/lucas)

Arable land 
conversion

LULC Polygons 1:5 000 − 2001–2003, 2005–2015 Local managers

Communal grasslands LULC Polygons 1:5 000 − 2003–2013 Local managers
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• C3 – Littoral zone of inland surface waterbodies
• E – Grasslands and lands dominated by forbs, mosses or lichens
• G – Woodland, forest and other wooded land
• I – Regularly or recently cultivated agricultural, horticultural and do

mestic habitats
• J – Constructed, industrial and other artificial habitats

In the third step, reference points were visually extracted from field 
GIS layers so that they lay entirely within a Landsat pixel (30 × 30 m). 
Field data in polygon format were overlaid on a vector grid of Landsat 
image pixel contours to automatically select all pixels that lay 
completely within the polygons. For field data in point format, the 
reference data corresponded to points manually identified in vegetation 
patches that lay entirely within a Landsat pixel. The vegetation patches 
had been previously delineated via visual interpretation of aerial pho
tographs taken on the date closest to that on which the field data had 
been collected. A total of 100 reference points, corresponding to the 
approximate number of available points for the least represented habi
tats (A, B, and C3), were randomly selected per habitat per year to 
balance Dataset 1.

Due the lack of field data before 2001 and after 2016, Dataset 1 was 
supplemented with points obtained from visual interpretation of his
torical (1984, 1990, and 1997) and recent (2022) aerial photographs to 
cover the entire period. For each year, 100 reference points per EUNIS 
habitat were selected within all vegetation patches that lay completely 
within a Landsat pixel. The relatively low quality of the historical aerial 
photographs prevented unambiguous identification of habitats B (i.e., 
Coastal habitats) and C3. For these habitats, the 1990 and 1997 reference 
points were discarded since they were optional for CCDC and not used 
for the diachronic method. Conversely, the 1984 reference points were 
retained since they were required for the diachronic method (Table 3). 
Ultimately, Dataset 1 contained 4 200 points collected from 1984–2022 
(Table 3) that were randomly divided per year and habitat into training 
(80 %) and testing (20 %) samples.

2.4.2. Continuous change detection and classification

2.4.2.1. Harmonic regression. A continuous simulated time-series for 
1984–2022 was produced for each Landsat spectral band and index 
(Table 1) using a harmonic regression model (Zhu and Woodcock, 
2014b). Specifically, the least absolute shrinkage and selection operator 
(LASSO) was selected as regression type, since it rarely overfits 
(Tibshirani, 1996) and remains robust when using infrequent observa
tions (Zhu et al., 2015). The Google Earth Engine CCDC application 
programming interface includes two versions with slightly different 
default parameter values (Arévalo et al., 2020). During the preliminary 
calibration step, we tested the default values of these two versions for all 
parameters and retained the best values based on a visual interpretation 
of the results (Table 4).

For each pixel, the model was fitted to a stable historical period at the 
beginning of the time series. The model was then fitted iteratively to the 

next set of clear Landsat observations until the fitted values differed 
significantly from the values observed on five consecutive dates, which 
indicated a potential change in natural habitat. When a break was 
detected, a new temporal segment was begun using a new harmonic 
regression model (Fig. 3). This process was then repeated until the end of 
the time series. The TMask multitemporal algorithm (Zhu and Wood
cock, 2014b) was applied throughout the process to detect and discard 
any noisy Landsat observations previously missed by the CFMask 
algorithm.

A total of 15 CCDC algorithm coefficients and derivatives charac
terizing each temporal segment per pixel were calculated for each 
spectral band and index (Table 5).

2.4.2.2. Random forest classification. CCDC algorithm coefficients and 
derivatives of the seven Landsat bands and eight indices, as well as the 
three environmental variables, were used as input variables for classi
fying habitats. The random forest (RF) classifier can manage many input 
variables from different sources and has little sensitivity to outliers or 
over-fitting (Belgiu and Drăguţ, 2016). RF classification was performed 
using the GEE ee.Classifier.smileRandomForest function, using all default 
parameters, except for the maximum number of trees, which was 
increased to 500. All training samples collected for 1984–2022 were 
used to calibrate the classifier. Although the CCDC algorithm could have 
generated habitat maps for any year of the study period, we generated 
habitat maps only for 1984 and 2022 to detect changes over the longest 
time span in order to compare its predictions to those of the traditional 

Table 3 
Number of reference points per year and EUNIS habitat type (level 1). Gray cells indicate reference points for 1984–1997 and 2022 that were collected from visual 
interpretation of historical aerial photographs and recent aerial photographs, respectively, due to the lack of field reference data before 2001 and after 2016.

EUNIS habitat type Years

1984 1990 1997 2001 2002 2005 2006 2015 2016 2022 All

A 100 100 − − − − 100 100 − 100 500
B 100 − − − 100 − 100 − − 100 400
C1/J5 100 100 100 − 100 − − − 100 100 600
C3 100 − − 100 100 − − − − 100 400
E 100 100 100 100 − 100 100 − − 100 700
G 100 100 100 100 − − − − − 100 500
I 100 100 100 100 − − − − − 100 500
J 100 100 100 − 100 − 100 − − 100 700
All 800 600 500 400 400 100 400 100 100 800 4200

Table 4 
Harmonic regression parameters used in the continuous change detection and 
classification and set in the scripts of the Google Earth Engine CCDC application 
programming interface. Exponent letters a and b indicate respectively default 
values from version 1 * and 2 ** of the application programming interface.

Parameter Meaning Value

breakpointBands The name or index of the bands used to 
detect change

All.ab

tmaskBands The name or index of the bands used to 
detect clouds and noise iteratively (TMask)

Green, 
SWIR2.ab

MinObs Moving window size used to detect breaks 5.a

Seg Maximum number of temporal segments in 
the entire time-series

6.ab

Lambda Penalty parameter for LASSO regression 0.005.a

ChiSquareProbability Chi-square probability threshold for break 
detection

0.99.b

MinNumOfYearsScaler Factor of minimum number of years to apply 
a new regression model

1.33.ab

MaxIterations Maximum number of runs for LASSO 
regression convergence

10 000.b

* https://code.earthengine.google.com/?scriptPath=users%2Fparevalo_bu% 
2Fgee-ccdc-tools%3AAPPS%2Fsubmit_ccdc and https://code.earthengine.goo 
gle.com/?scriptPath=users%2Fparevalo_bu%2Fgee-ccdc-tools%3AccdcUtilities 
%2Finputs.js.
* https://code.earthengine.google.com/?scriptPath=users%2Fparevalo_bu% 
2Fgee-ccdc-tools%3AAPPS%2Ftstools_advanced.
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post-classification method. The two annual habitat classifications may 
have contained a few no-value (NA) pixels due to initializing harmonic 
regression at the beginning of the period or immediately after a break (e. 
g., black ellipse, Fig. 3). These NA pixels were assigned to the dominant 
habitat type using a modal filter with a 5 × 5 sliding window.

2.4.3. Traditional classification

2.4.3.1. Selection of cloud-free Landsat images. Cloud-free images were 
first automatically selected for 1984 and 2022 using a cloud-cover cri
terion (0 %) and then visually checked to discard images that covered 
only part of the site and/or contained haze or residual noise. For 1984, 
two L5 TM images (18 Aug, path/row 201/28; 30 Oct, path/row 200/ 
28) were mosaicked to obtain one early-autumn composite image. 
Specifically, pixels of the most recent image were used first in the 
mosaic, and missing pixels were filled in with pixels of the oldest image 
using the Google Earth Engine ee.ImageCollection.mosaic() function. For 

2022, four L8-9 OLI/TIRS images were selected to obtain one mid- 
summer composite (10 Jul, path/row 201/28; 11 Jul, path/row 200/ 
28) and one late-summer composite (20 Sep, path/row 201/28; 21 Sep, 
path/row 200/28). The eight spectral indices were then calculated for 
each composite (Table 1).

2.4.3.2. Random forest classification. RF classification was performed 
for 1984 and 2022 separately using spectral bands and spectral indices 
derived from each year’s composites, as well as environmental variables. 
RF classifications were performed using the same GEE function and 
parameters used for CCDC, but each RF classifier was calibrated using 
only training samples collected for the corresponding year. This method 
generated two habitat maps: one for 1984 from the first RF classifier and 
one for 2022 from the second RF classifier.

Fig. 3. Example of a one-pixel NDVI time-series extracted from the Landsat archive for the Marais Poitevin from 1984–2022. The fits in the colored lines indicate 
temporal segments detected by the continuous change detection and classification (CCDC) algorithm. A change in color indicates a change in land cover/land use. 
The red segment corresponds to the NDVI signal from grasslands until a break in ca. 2010 (black ellipse), when grasslands were converted to built-up areas (or
ange segment).
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2.5. Change detection

The change detection analysis described and compared wetland 
dynamics between 1984 and 2022 and then compared continuous and 
post-classification change detection methods. A two-step procedure was 
applied in parallel for each method. First, wetlands in annual habitat 
maps 1984 and 2022 were simplified into “existing wetland” (habitats A, 
B, C3, E, and G) or “damaged wetland” (habitats C1/J5, I, and J) based 
on Rapinel et al. (2018). In the second step, the wetland change map was 
derived by subtracting the 2022 two-class map from the 1984 map. Four 
classes were identified from the change map: (i) “wetland loss”, which 
described a change from existing to damaged wetland; (ii) “wetland 
gain”, which described a change from damaged to existing wetland; (iii) 
“stable existing wetland”, which described stability of an existing 
wetland; and (iv) “stable damaged wetland”, which described stability 
of a damaged wetland.

2.6. Accuracy assessment

The accuracy of the 1984 and 2022 habitat classifications was 
determined for the two methods using the same testing sample for the 
given year (i.e., 1984 or 2022) extracted from Dataset 1. For each date 
(1984 or 2022), we calculated a confusion matrix, the overall accuracy, 
user’s accuracy (UA), and producer’s accuracy (PA) per habitat 
(Tables S1–S4 in supplementary material A).

The unbiased accuracy and estimated area of the wetland-state 
change map were calculated for the two methods according to Olofs
son et al. (2014), which provided the magnitude of the classification 
errors needed to adjust the area estimator. To this end, stratified vali
dation sampling (Dataset 2) was performed based on the change map 
derived from continuous change detection. Specifically, the number of 
samples per class of change was defined as a function of the expected 
standard deviation of overall and class-specific accuracy. First, the ex
pected standard deviation of overall accuracy was set at 0.015 to achieve 
a trade-off between the required minimum of 50 samples per class and a 

rapid strategy for visual interpretation. The expected standard deviation 
for each class was then set to be higher for under-represented classes: 
0.2, 0.3, 0.4, and 0.5 for “stable damaged wetland”, “stable existing 
wetland”, “wetland loss”, and “wetland gain”, respectively. A total of 
326 validation samples were automatically assigned (i.e., 62, 54, 101, 
and 109 for “wetland loss”, “wetland gain”, “stable existing wetland”, 
and “stable damaged wetland”, respectively). Each validation sample 
included visual interpretation of aerial photographs for 1984 and 2022 
and very high spatial resolution satellite imagery available in Google 
Earth Pro, supplemented with Landsat NDVI time series supplied by the 
API CCDC visualizer (Arévalo et al., 2020). The unbiased overall accu
racy, UA, PA, and estimated area for each change detection class were 
calculated using the R package mapaccuracy (Costa, 2022).

3. Results

3.1. Habitat map accuracy

While the overall accuracy of habitat maps derived from CCDC and 
post-classification was high for both years (Table 6), that of post- 
classification was higher for 1984 (0.93 and 0.86, respectively) but 
was much lower for 2022 (0.75 and 0.91, respectively). Accuracies for 
habitat types A, B, C1/J5, G, and J were high (UA and PA > 0.75). 
Conversely, for 2022, accuracies for habitat E were moderate for CCDC 
(UA = 0.61 and PA = 1.00) and low for post-classification (UA = 0.45 
and PA = 0.75). Similarly, for 1984, accuracies for habitat I were high 
for CCDC (UA = 1.00 and PA = 0.95) and moderate for post- 
classification (UA = 0.66 and PA = 0.95). For 2022, accuracies for 
habitat C3 were low for CCDC (UA = 1.00 and PA = 0.40) and even 
lower for post-classification (UA = 80.20 and PA = 0.05).

The post-classification accuracy has varied strongly (0.93 in 1984 
and 0.75 in 2022), while the CCDC accuracy has remained constant over 
time (0.86 in 1984 and 0.91 in 2022). This could be explained by the 
characteristics of the two classification methods: the first is based on the 
discriminant capacity of the pair of composite images used, which var
ied from one year to another, while the second is based on a sequence of 
images, which makes it more stable over time. The analysis of the 
confusion matrix for habitat types in 2022 derived from the post- 
classification change detection (Table S2 in Supplementary Material 
A) showed that most classification errors occurred between E and C3 
habitats, and to a lesser extent between I and E habitats, highlighting 
that the dates of the Landsat images used (mid- and late-summer com
posites) were not optimal for discriminating these habitats in 2022. In 
contrast, the date of the image composite (early autumn) was more 
appropriate for discriminating these habitats in 1984 (Table S1 in Sup
plementary Material A). The variability in the accuracy of the post- 

Table 5 
Continuous change detection and classification (CCDC) outputs used as predic
tor variables for random forest classification of natural habitats. The acronyms 
correspond to those defined in the Google Earth Engine CCDC application pro
gramming interface (Arévalo et al., 2020). See Zhu and Woodcock (2014) for 
more detailed description of each coefficient and derivative.

CCDC output 
type

Acronym Description

Coefficients INTP Intercept: Intercept of the time series. Mean 
reflectance for spectral bands or mean value for 
spectral indices and indicators.

SLP Slope: Long-term trend of the time series
SIN Sine and cosine: Harmonic coefficients for intra- 

annual changeCOS
SIN2 Sine and cosine: Harmonic coefficients for intra- 

annual bimodal changeCOS2
SIN3 Sine and cosine: Harmonic coefficients for intra- 

annual trimodal changeCOS3
RMSE Root mean square error: The error between the 

observed and CCDC fitting values. Corresponds 
to non-seasonal variability.

Derivatives AMPLITUDE Magnitude of the time series. Corresponds to 
seasonal variability. Derived from COS and SIN.

PHASE Phenological timing of the time series. Derived 
from COS and SIN.

AMPLITUDE2 Bimodal magnitude of the time series. Derived 
from COS2 and SIN2.

PHASE2 Bimodal phenological timing of the time series. 
Derived from COS2 and SIN2.

AMPLITUDE3 Trimodal magnitude of the time series. Derived 
from COS3 and SIN3.

PHASE3 Trimodal phenological timing of the time series. 
Derived from COS3 and SIN3.

Table 6 
User’s accuracy (UA) and producer’s accuracy (PA) of habitat maps in 1984 and 
2022 obtained using continuous change detection and classification (CCDC) and 
post-classification. Bold text indicates the highest accuracy per year and habitat.

1984 2022
CCDC Post- 

classification
CCDC Post- 

classification
EUNIS habitat 
types

UA PA UA PA UA PA UA PA

A 0.90 0.90 1.00 0.95 1.00 0.95 0.74 0.85
B 0.85 0.85 1.00 1.00 1.00 1.00 1.00 0.75
C1/J5 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.95
C3 1.00 0.40 1.00 0.91 1.00 0.40 0.20 0.05
E 0.73 0.95 0.80 0.84 0.61 1.00 0.45 0.75
G 0.80 1.00 1.00 0.83 1.00 1.00 0.91 1.00
I 0.88 0.75 0.80 0.89 1.00 0.95 0.66 0.95
J 0.83 1.00 0.81 1.00 0.95 1.00 1.00 0.70
Overall 

Accuracy 
(%)

0.86 0.93 0.91 0.75
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classification method explained why the accuracy of this method was 
slightly higher than that of the CCDC in 1984, whereas the accuracy of 
the CCDC was significantly higher than that of the post-classification in 
2022.

3.2. Change detection accuracy

The unbiased accuracies of the wetland change maps (Table 7) 
calculated using the method of Olofsson et al. (2014) indicated a low 
uncertainty in the accuracy estimate, with a 95 % confidence interval 
between 0.01 and 0.08. Continuous change detection outperformed 
post-classification change detection (overall accuracy = 0.86 ± 0.02 and 
0.51 ± 0.03, respectively), highlighting the value of the former method 
based on the analysis of temporal profiles and the main limitation of the 
latter method due to the sum of the classification errors. Specifically, 
stable existing wetlands were accurately classified using continuous 
change detection (UA 0.83–0.90 and PA 0.90–0.96) and less accurately 
using post-classification change detection (UA 0.58–0.69 and PA 
0.26–0.81), whereas wetland loss and gain were classified with mod
erate accuracy using continuous change detection (UA 0.48–0.93 and PA 
0.56–0.62) and very low accuracy using post-classification change 
detection (UA 0.21–0.39 and 0.19–0.58).

Applying the two methods to detect change between 1984 and 2022 
using aerial photography for areas dominated by two change classes in 
the Marais Poitevin (i.e. stable degraded wetlands vs. wetland loss due 
to conversion of grasslands to cropland) indicated that continuous 
change detection accurately detected both classes, unlike post- 
classification change detection (Fig. 4).

3.3. Areas of wetland change

Areas of wetland change between 1984 and 2022 mapped using 
continuous change detection (Table 8) highlighted that wetland state 
changed over ca. 20 % of the Marais Poitevin. Wetland loss was much 
larger than wetland gain (ca. 18 % and 2 %, respectively). Damaged 
wetlands covered the largest area of the Marais Poitevin in 2022. 
Conversely, the percentage of existing wetland area in 1984 decreased 
by 16 percentage points to cover less than half (ca. 41 %) of the Marais 
Poitevin in 2022.

Locations of wetland changes between 1984 and 2022 using 
continuous change detection varied (Fig. 5). Most stable existing wet
lands were located inside the Natura 2000 protected site, while stable 
degraded wetlands were located outside of it. Wetland losses were 
concentrated mainly in the east-central part of the Marais Poitevin 
within the large areas of stable degraded wetlands. Conversely, most of 
the wetland gains were scattered throughout the Natura 2000 site.

Analysis of the drivers of wetland change revealed that wetland loss 
was due mainly to conversion to arable land (ca. 95 %) and, to a lesser 
extent, constructed habitats and creation of artificial waterbodies (ca. 4 
% and 1 % of the area of wetland loss, respectively). Conversely, wetland 

gain was due to both natural (e.g., sediment accumulation) and human 
drivers (e.g., conversion, abandoning farming practices). More specif
ically, most wetland gain was due to grassland expansion (ca. 80 %), 
followed by an increase in habitat A (i.e., Marine habitats) (ca. 11 %) 
from 1984 to 2022. To a lesser extent, the area of habitat C3 increased by 
ca. 5 %, followed by that of habitats G (ca. 4 %) and B (i.e., Coastal 
habitats) (ca. 2 %). We highlighted examples of wetland loss (Fig. 6) and 
gain (Fig. 7) due to these drivers of change.

4. Discussion

4.1. Continuous vs. post-classification change detection methods

This study highlights the value of using continuous change detection 
rather than post-classification change detection to detect changes in 
wetlands over a 39-year interval. The accuracy of the annual maps ob
tained using continuous change detection was satisfactory and similar to 
that obtained using post-classification change detection. Specifically, 
the overall accuracy of the annual habitat maps obtained with contin
uous change detection was high (> 0.85) and similar to that obtained for 
coastal wetlands in China (He et al., 2022; Peng et al., 2021; Wang et al., 
2023), Bangladesh (Awty-Carroll et al., 2019), and the USA (Yang et al., 
2022), confirming the generic nature of the CCDC algorithm for coastal 
wetlands. The largest classification errors were for grassland habitats 
(E), which are the most difficult to classify (Liu et al., 2020; Xie et al., 
2022). Some of them were classified as habitat C3 (i.e., Littoral zone of 
inland surface waterbodies), since the physiognomy of some unmanaged 
wet grasslands can resemble that of C3 vegetation, making it difficult to 
distinguish the two habitats.

However, accuracy was higher for the change maps obtained using 
continuous change detection than using post-classification change 
detection. This could have been due to the cumulative misclassification 
of the two annual habitat maps (7 % in 1984 and 25 % in 2022) obtained 
using the latter, which inevitably led to the detection of false changes 
(Fuller et al., 2003; Gómez et al., 2016). The most frequent confusion 
was between cropland (I) and grassland (E) habitats (Fig. 4, 
Tables S1–S2 in supplementary material A), which resulted in inade
quate characterization of changes in wetland conservation.

Continuous change detection avoided most of these misclassification 
errors, making it possible to classify the temporal profile of the entire 
study period by using all Landsat archive images, including partially 
cloudy images and those acquired by the ETM+SLC-off sensor, totaling 
several hundred clear observations per pixel (Figure S1 in supplemen
tary material A). Another advantage of continuous change detection is 
that it uses the temporal profile of the entire study period to make 
predictions for the years selected (here, 1984 and 2022) using asyn
chronous reference data with a single classifier. In this way, all field data 
collected during the study period (2000–2010) were used to classify 
wetlands before (1984) and after (2022) reference data had been 
collected.

These two advantages explain the much higher overall accuracy of 
the wetland change map obtained using continuous change detection 
(0.86) than that obtained using post-classification change detection 
(0.51). However, accuracy was lower for the maps of wetland change (i. 
e., “wetland gain” and “wetland loss”) than for the maps of wetland 
stability (i.e., “stable existing wetland” and “stable damaged wetland”) 
(Table S5 in supplementary material A). Several studies achieved similar 
results when using the CCDC algorithm and Landsat archive images for 
urban (Xie et al., 2022), forest (Chen et al., 2021), or wetland (Yang 
et al., 2022) ecosystems. In agreement with Chen et al. (2021), the PA 
errors could have been due to the few clear Landsat observations at the 
beginning of the time series, which resulted in a poor fit of the harmonic 
regression model that led to false break detection when the number of 
observations increased. The UA errors could have occurred because the 
CCDC algorithm did not detect a break in the time series, or detected a 
break, but the magnitude of the change was lower than the detection 

Table 7 
User’s accuracy (UA) and producer’s accuracy (PA) of continuous and post- 
classification change detection using the method of Olofsson et al. (2014).

Continuous Post-classification
UA PA UA PA

Wetland loss 0.93 ±
0.04

0.56 ±
0.05

0.39 ±
0.05

0.58 ±
0.05

Wetland gain 0.48 ±
0.08

0.62 ±
0.08

0.21 ±
0.08

0.19 ±
0.07

Stable existing wetland 0.83 ±
0.04

0.96 ±
0.01

0.58 ±
0.04

0.81 ±
0.03

Stable damaged 
wetland

0.90 ±
0.03

0.90 ±
0.02

0.69 ±
0.07

0.26 ±
0.03

Overall accuracy (%) 0.86 ±
0.02

0.51 ±
0.03
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threshold (ChiSquareProbability).
This study is the first to highlight the higher performance of the 

continuous method over the post-classification method for change 
detection in wetlands. Although these two methods are among the most 
popular (Gómez et al., 2016; Pasquarella et al., 2022) other ones have 
recently shown interest in wetland monitoring, such as the Detection 
and Characterisation of Coastal Tidal Wetland Change (DECODE) (Yang 
et al., 2022) or the Domain Adaptive and Interactive Differential 
Attention Network (DA-IDANet) (Ji et al., 2024) and deserve to be 
further compared. In addition, our study which was applied to a small 
coastal marsh of about 1000 km2 in Europe should be further tested on 
other types of wetlands and in other geographical areas to assess the 
sensitivity of these methods to wetland dynamics and to field and 

Fig. 4. Comparison of continuous and post-classification change detection between 1984 and 2022 for two areas of the Marais Poitevin: area A (46◦ 19′ N, 0◦ 33′ W), 
with a stable degraded wetland due to the presence of arable land, and area B (46◦ 23′ N, 1◦ 10′ W), with wetland loss, since grassland in 1984 had been converted to 
arable land by 2022. A 3 × 3 modal filter was applied to the change maps in post-processing to reduce the salt-and-pepper effect. Source of aerial photographs: French 
National Geographic Institute (IGN).

Table 8 
Unbiased estimate of wetland area (in ha and percentage of total site area) with 
95 % confidence intervals for the four wetland-change classes between 1984 and 
2022 using continuous change detection and classification.

Item Wetland 
loss

Wetland 
gain

Stable 
existing 
wetland

Stable 
damaged 
wetland

Unbiased area 
estimate (ha)

18 286 ± 3 
365

2 234 ± 1 
248

40 808 ± 3 
492

37 659 ± 2 
888

Percentage of 
total site area

18.5 ± 1.7 2.2 ± 0.6 41.2 ± 1.8 38.0 ± 1.5

Fig. 5. Wetland changes detected in the Marais Poitevin site between 1984 and 2022 using continuous change detection.
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satellite data availability.

4.2. Landsat archive and CCDC algorithm for monitoring wetlands

This study confirmed the value of using Landsat archive images to 
monitor wetlands over the long term (Demarquet et al., 2023). While the 
spatial resolution of Landsat images limited the ability to detect changes 
in linear habitats, such as in habitats C3 or G, it was sufficient for 
detecting the main changes of human origin (e.g., urban sprawl, agri
cultural intensification) or natural origin (e.g., coastal sedimentation). 
In addition, the cloud and outlier masks implemented in the CCDC 

algorithm yielded many clear Landsat observations per pixel (i.e., 
238–760), despite the high frequency of cloud cover in Western Europe. 
However, the number of clear observations was significantly lower over 
the sea and lakes, as well as over arable land, suggesting an over- 
detection of shadows on water and bare soil (Figure S1 in supplemen
tary material A). This problem, recognized by the authors of CFmask 
(Foga et al., 2017) and Tmask (Zhu and Woodcock, 2014b), was not an 
issue in the present study, since the minimum number of clear obser
vations (238) was sufficient to detect habitat changes. However, this 
could be an issue when monitoring wetlands at sites with high cloud 
cover and/or frequent flooding.

Fig. 6. Examples of wetland loss between 1984 and 2022 due to urbanization (left), conversion to natural and artificial waterbodies (middle), and conversion to 
arable land (right) derived from continuous change detection, and aerial photographs (IGN). A 3 × 3 modal filter was applied to the change map in post-processing to 
reduce the salt-and-pepper effect.
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The CCDC algorithm was able to detect abrupt habitat changes by 
identifying significant breaks in the temporal profile. For this reason, 
parameterization of the CCDC algorithm is crucial, in particular (i) the 
minimum number of consecutive observations for break detection 
(minObs) and (ii) the threshold value for break detection (ChiSquar
eProbability) (Pasquarella et al., 2022). We set the default value of the 
ChiSquareProbability parameter to 0.99, as Yang et al. (2022) did for 
coastal wetlands in the USA. Conversely, the default values of parame
ters minObs and lambda were suitable for our study site, while Yang et al. 
(2022) increased minObs to 6 and Awty-Carroll et al. (2019) increased 
lambda to 1 when monitoring mangroves. Thus, there seems to be no 

consensus on parameter values, since the CCDC algorithm must be 
parameterized for the structural and functional characteristics of the 
area studied. In our study the classification accuracy could also be 
improved using a hyper tuning procedure of the CCDC parameters as 
demonstrated in Yang et al. (2022) instead of using default values.

The method applied in this study was able to assess changes in 
wetland state based on a map of the main habitat types (Rapinel et al., 
2018). However, it was unable to assess the natural vs. artificial char
acter of certain habitats, especially natural (habitat C1) and artificial 
(habitat J5) waterbodies, as well as wooded areas (habitat G), which 
indicate wetland state. We considered habitat C1/J5 a poor indicator of 

Fig. 7. Examples of wetland gain between 1984 and 2022 due to natural coastal sedimentation (left); conversion of constructed, industrial, and other artificial 
habitats to coastal habitats (middle); and conversion of arable land to grasslands (right) derived from continuous change detection, and aerial photographs (IGN). A 
3 × 3 modal filter was applied to the change map in post-processing to reduce the salt-and-pepper effect.
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wetland state, since many of the waterbodies were waterfowl-hunting 
ponds created in the 1980s (Duncan et al., 1999). Future studies could 
analyze changes in wetland state in greater detail by detecting pro
gressive changes within the same habitat (e.g., eutrophication of 
grasslands) based on recent continuous change detection methods, such 
as object-based continuous monitoring of land disturbances (OB-COLD) 
(Ye et al., 2023), DECODE (Yang et al., 2022), or new deep learning 
methods (Huang et al., 2022; Ji et al., 2024; Liu et al., 2022; Sun et al., 
2021).

CCDC has been successfully and widely used to map land cover and 
land cover change at regional scale (Friedl et al., 2022). Our study 
confirmed the value of the CCDC approach by showing its effectiveness 
in detecting habitat change within a Ramsar wetland compared to the 
traditional method. However, in our study, a large number of Landsat 
images were available, which is not always the case: for example, in 
some regions of the world, such as Siberia, the Pacific Islands or West 
Africa, the number of clear observations per year is insufficient (<4) to 
fit robust CCDC models (Zhang et al., 2022). In this case, the traditional 
method based on composites using available historical Landsat data is an 
option (Potapov et al., 2012). In addition, we had a large number of 
high-quality field observations, which is essential to train high-quality 
classification models (Friedl et al., 2022). The availability of new 
crowdsourced data, such as the GeoWiki Global Land Cover and Land 
Use reference dataset (Fritz et al., 2017), which contains over 150,000 
100-m grid cells, can partially compensate for the lack of field obser
vations in wetlands.

4.3. Continuous change detection for conservation

Results of the present study agree with those of previous studies that 
have highlighted the degradation of wetland state in the Marais Poitevin 
due to conversion of grasslands to cropland (Duncan et al., 1999; Godet 
and Thomas, 2013) and increasing urbanization in the littoral zone 
(Pouzet et al., 2015) since 1950. In addition, wetland loss at this site was 
also related to the construction of artificial waterbodies, such as hunting 
ponds (Duncan et al., 1999) and wastewater treatment ponds. 
Conversely, wetland gain, although small, was due mainly to conversion 
of arable land to grassland, which highlights the conservation efforts of 
site managers as well as the agri-environmental incentives offered to 
farmers under the CAP (Petit et al., 2022). The wetland gain of shore 
meadows was due to sediment accumulation caused by construction of 
dykes at the entrance of the marsh (Regnauld et al., 2015).

More generally, continuous change detection based on dense Landsat 
time-series has enabled standardized (i.e., same data and method) long- 
term monitoring of wetland ecosystem structure, which is essential for 
biodiversity (Skidmore et al., 2021). This method overcomes the biases 
currently encountered in Ramsar (Davidson et al., 2019) or the Euro
pean Union’s Habitat Directive (Delbosc et al., 2021), whose monitoring 
has not yet been standardized (e.g. changes in field observers, different 
data sources and methods). In addition, combining the free Landsat 
archive (Wulder et al., 2022) and CCDC API (Arévalo et al., 2020) with 
an intuitive graphical interface on the GEE platform makes this method 
simple to use by non-specialists in remote sensing such as wetland 
managers or policy makers seeking to assess the impact of restoration 
measures or wetland health indicators, including those in developing 
countries.

5. Conclusion

This study, focused on a coastal marsh in France, highlights that 
while continuous change detection and post-classification change 
detection had similar overall accuracy, the wetland change maps of the 
former between 1984 and 2022 were much more accurate. We recom
mend further testing continuous change detection to detect changes in 
wetlands, especially since APIs are now freely available in cloud 
computing, which makes processing straightforward. Future research 

will focus on detecting changes, including subtle ones, in other wetland 
types and geographical areas, comparing CCDC with various change 
detection methods, including deep learning algorithms. This will sup
port the monitoring of wetland health to meet conservation plans, such 
as Ramsar reporting.
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