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A B S T R A C T

Radar altimetry has been used to characterize land surfaces. However, the nadir configuration of the radar 
altimeter sensor and its coarse spatial resolution were limiting factor. The Surface Water and Ocean Topography 
(SWOT) mission overcomes these limitations through its Ka-band Radar Interferometer (KaRIn), a synthetic 
aperture radar (SAR) system, providing high spatial resolution and accurate surface height measurements. 
Initially used for hydrology and oceanography, this study explores an innovative use of SWOT to analyse changes 
in Land Use/Land Cover (LULC). To do this, three study areas located on the Pacific Coast of Ecuador were 
considered. The area in the south (A) is characteristic of cultivated areas, while the area in the center (B) presents 
a landscape mosaic and the area in the north (C) hosts tropical rainforests. For each study area, the SWOT 
backscatter coefficient (sig0) was analysed for the year 2024 from the raster product at 100m spatial resolution. 
We calculated the number of occurrences and the sig0 average from the raster product over each pixel. The 
spatial patterns obtained from these two variables enabled us to assign a LULC class (city, water, road, crop, or no 
forest, depending on the study area) to each pixel, using a Support Vector Machine (SVM). The assigned LULC 
classes depend on the partial spatial coverage of the SWOT data, which does not allow representing all the LULC 
classes. The classification results were compared with the LULC map provided by the Ministry of the Environ
ment using a confusion matrix and obtained an accuracy greater than 0.87 and an F1 score greater than 0.89 for 
the three study areas. In the forest area (C), the SWOT observations were also compared to two change detection 
products: RAdar for Detecting Deforestation (RADD) alerts and detections by the Cumulative Sum (CuSum) 
method. 39% of the SWOT observations were in areas identified as forest by these products but classified as no 
forest or water in our SWOT classification. By detecting small streams (areas A, B and C), roads (area A), the 
boundaries of agricultural plots and the state of cultivated land (area A) as well as recent forms of deforestation 
(zone C), SWOT was found to be a complementary source of information for LULC change products.
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1. Introduction

Changes in Land Use/Land Cover (LULC), mainly due to the expan
sion and intensification of agriculture at the cost of forest cover, repre
sent a growing risk to the stability of the Earth system (Foley et al., 2005; 
IPBES, 2019; Laurance et al., 2014). Ecosystem services provided by 
forests, essential for climate regulation, carbon storage, biodiversity 
conservation, and soil protection (Daily, 1997; Krieger, 2001) are 
threatened by anthropogenic pressures (Barlow et al., 2016) and cli
matic disturbance (França et al., 2020). According to the FAO (2022), 
South America has the highest rate of deforestation between 2000 and 
2018. On this continent, Ecuador is the country most affected by 
deforestation (Mosandl et al., 2008; Armenteras et al., 2017), particu
larly the forests located on the Ecuadorian Pacific Slope and Coast 
(EPSC), which are considered a biodiversity hotspot (Myers, 1988). In 
this context, international initiatives such as the Reducing Emissions 
from Deforestation and Forest Degradation (REDD+) project (Matthews 
et al., 2014), also applied at national level as “Bosque para buen vivir” in 
Ecuador (Ministerio del Ambiente, 2017), demonstrate the importance 
of better understanding and characterizing the dynamics of LULC.

Remote sensing data is widely used to analyse LULC and their 
changes (Rogan and Chen, 2004; Sollier et al., 2025; Renaudineau et al., 
2025). Multispectral images provided by optical sensors, such as MSI 
aboard Sentinel-2 (high spatial resolution of 10m) or MODIS aboard 
Terra (moderate spatial resolution of 500m), provide relevant infor
mation to distinguish between several types of land cover and are often 
used to form global databases such as Dynamic World (Brown et al., 
2022) or land cover type product produced by NASA (Friedl and 
Sulla-Menashe, 2019). The set of optical images obtained from various 
missions such as AVHRR, MERIS, SPOT-VGT, PROBA-V and Sentinel-3 
OLCI, used by ESA CCI (Copernicus Climate Change Service, 2019), 
provides an annual global land cover time series since 1992. On a global 
scale, Landsat images have also been widely used. Global Land Cover 
and Land Use Change (Potapov et al., 2022) use Landsat images coupled 
with observations from the GEDI LiDAR mission, which allows infor
mation on tree heights to be integrated. Other studies have focused on 
monitoring forest cover using Landsat images leading to the develop
ment of the Tropical Moist Forest (TMF) (Vancutsem et al., 2021) and 
Global Forest Change (Hansen et al., 2013) products. At the national 
level, the Ecuadorian Ministry of the Environment, Water and Ecological 
Transition (MAATE) (Ministerio del Ambiente, 2017) uses Landsat im
ages to produce their national LULC maps. In regions where optical 
imaging is limited by cloud cover (Bossy et al., 2025), Synthetic Aper
ture Radar (SAR) sensors, such as Sentinel-1 and PALSAR-2, provide 
weather-independent information on surface structure and roughness 
and improve land cover mapping. The ESA WorldCover product (Zanaga 
et al., 2021) combines Sentinel-1 radar data and Sentinel-2 multispectral 
optical data to provide global land cover mapping at a spatial resolution 
of 10 m. JAXA provides annual global forest/no forest masks at 25 m of 
spatial resolution derived from L-band SAR images (Shimada et al., 
2014). Less commonly, radar altimetry has also been used to charac
terize land surfaces using radar backscatter. For instance, several studies 
have demonstrated that radar altimetry can be exploited to characterize 
continental surfaces and their seasonal dynamics. Papa et al. (2003)
have used dual-frequency (Ku and C) measurements from the 
Topex–Poseidon altimeter to produce global maps of radar backscatter 
coefficient (σ0) and its seasonal variability, revealing contrasted signa
tures between deserts, floodplains, mountainous areas, and dense for
ests. Building on this work,(Frappart et al., 2015, 2021a,b) extended the 
analysis by investigating radar altimetry backscatter signatures using 
ERS-2, ENVISAT, Jason-1/2, and SARAL/AltiKa data covering the Ka, 
Ku, C, and S bands, confirming that backscatter varies systematically 
with surface type and season. Their results highlight low variability in 
arid and forested regions (<5 dB) and strong seasonal variability in 
savannas, rice fields, and floodplains (>20 dB), linked to soil moisture 
and flooding events. Together, these studies demonstrate that altimetric 

information combining the signal (σ0) intensity, multi-frequency dif
ferences, and echo shape parameters provide a robust tool for surface 
type characterization, wetland detection, and monitoring of continental 
dynamics. However, all these radar altimetry missions have significant 
spatial limitations. The nadir configuration of the radar sensor limited 
measurements along the satellite groundtracks, and the coarse spatial 
resolution was a limiting factor in previous studies (Cretaux et al., 
2023).

The Surface Water and Ocean Topography (SWOT) mission, 
launched in December 2022, allow overcoming the limitations of pre
vious altimetry missions with a global continental cover and a repeat 
cycle of 21 days with a raster product at 100m spatial resolution (Fu 
et al., 2024; Biancamaria et al., 2016). SWOT's scientific advances are 
made possible using advanced technology. SWOT operates with a 
Ka-band Radar Interferometer (KaRIn), a synthetic aperture radar (SAR) 
system operating on near-nadir swaths, providing two swaths of 50 km 
each separated by a nadir gap of 20 km. (Fjortoft et al., 2014). The 
combination of the Ka band and this close nadir observation makes it 
possible to differentiate between water surfaces and surrounding land, 
even in complex topographical contexts or under dense vegetation cover 
(Fjortoft et al., 2014). Using AirSWOT, an airborne Ka-band radar 
simulator of the SWOT mission, Fayne et al. (2024) used Ka-band 
backscatter signatures to assess the ability of the future SWOT instru
ment to distinguish water surfaces from other types of cover. Simula
tions carried out using the Ka-band Phenomenology Scattering model 
(KaPS) provide insight into the behaviour of backscatter across fifteen 
land cover classes, including open water, dry and wet soils, emergent 
vegetation, and coastal areas. The results show that open water has a 
signature that is clearly distinct from land surfaces, up to five times more 
discriminating than dry soil classes, but that some confusion remains, 
particularly with saturated soils and water-land transition zones. The 
study also highlights that the angle of incidence influences the separa
bility of classes, with low angles allowing for better distinction of floo
ded surfaces. These initial results confirm that SWOT data could be used 
to characterize continental surfaces, map the extent of surface water and 
detect flooding, even in the presence of vegetation or complex condi
tions. Kica et al. (2025) have evaluated the ability of the SWOT mission 
to measure water surface elevation (WSE) in herbaceous wetlands in the 
Everglades in Florida. By comparing SWOT data with in situ observa
tions, the results showed excellent agreement with a correlation greater 
than 0.99 and an average absolute error of approximately 6.7 cm. These 
results show that SWOT is accurate in complex vegetated environments, 
providing reliable water level measurements and paving the way for 
better characterization of terrestrial wetlands. Salameh et al. (2024)
have also showed that SWOT backscattering can be used to discriminate 
between sand, mud and water, allowing to map the elevation of inter
tidal flats. These innovative terrestrial applications of SWOT data open 
the way to new perspectives for the characterization of continental 
surfaces. The most recent studies by Bazzi et al., (2026a,b) have high
lighted SWOT's ability to track soil moisture dynamics and detect irri
gation on fields.

Although SWOT was designed primarily for hydrology and ocean
ography, its advanced features provide opportunities to develop new 
applications on the land use. This research explores the innovative use of 
SWOT to analyse changes in LULC that could provide complementary 
information to existing LULC products.

2. Materials and methods

2.1. Study area

Ecuador (81.03◦W–75.16◦W, 1.48◦N–5.04◦S) is in northwestern 
South America. In Ecuador, there are three main regions: the Andes that 
separate the Pacific coast (Costa), to the west and the Amazonian plain 
(Oriente) to the east. Our study focuses on three areas of the Pacific coast. 
Three study areas were chosen according to a double gradient of climatic 
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and anthropogenic pressures, which extends from south to north. The 
first area, the southernmost, is in the Guayas basin. This area is largely 
anthropized with an agricultural landscape and a dry tropical climate. 
The second, between the Coastal Cordillera and the Andean foothills, 
extends around the Daule Peripa hydroelectric dam with a highly frag
mented seasonal tropical forest and marked anthropic influence. The 
last area is mainly in the province of Esmeraldas. It is an area a slightly 
anthropized with a tropical rainforest (Fig. 1).

2.2. Datasets

2.2.1. SWOT gridded data
The dataset used in this study is the SWOT gridded data corre

sponding to Level 2 High-Resolution Raster product (L2_HR_Raster) (JPL 
and Revision, 2025). These data are available with a spatial resolution of 
100m and a temporal resolution of 21 days. Among the available vari
ables, we use in this study the backscatter coefficient (noted Sig0) as 
well as the associated quality layer (sig0_qual). The values of the quality 
layers are 0, 1, 2 and 3 which indicate good, suspect, degraded and bad 
measurement, respectively. In this study, we analysed the data available 
for the year 2024. For area A, four tiles from the product SWOT L2 HR 
Raster were used: 313_075F, 313_076F, 466_079F and 466_080F. Area B 
is covered by three tiles: 035_077F, 188_078F and 466_078F, while area 
C consists of four tiles: 313_078F, 313_079F, 466_076F and 466_077F. 
For each of the three study areas, these different tiles partially overlap. 
The raster product is derived from the Pixel Cloud by aggregation of 
observations. The Pixel Cloud product provides point-based, geolocated 

measurements of water surface elevation, radar backscatter and asso
ciated quality information, all derived from the SWOT Ka-band radar 
interferometer. The Pixel Cloud product being filtered in order to retain 
only observations considered valid and of good quality, some pixels of 
the raster product do not have SWOT observations. Initially designed for 
hydrological applications, the Pixel Cloud is indeed filtered to only 
retain pixels identified as corresponding to water surfaces and exhibiting 
good interferometric coherence. The initial mission objective and the 
different filters explain the partial continental coverage of SWOT 
products. Moreover, valid SWOT observations are not systematically 
acquired on the same pixels during the year, which introduces temporal 
variability in spatial coverage. Thus, the raster product does not provide 
continuous data in space and time. SWOT products are available from 
NASA and CNES at https://search.earthdata.nasa.gov/or https 
://hydroweb.next.theia-land.fr/respectively.

2.2.2. Ancillary datasets
The first product used to compare SWOT observation is the LULC 

maps produced by the Ecuadorian Ministry of Environment, Water and 
Ecological Transition (MAATE). These maps are available with a spatial 
resolution of 30m, and for eight years from 1990. The most recent map 
we used in this study is available for 2022. The MAATE 2022 map is 
derived from satellite images of the advanced space thermal emission 
and reflection radiometer (ASTER), and generated using ISODATA un
supervised automatic classification (Ministerio del Ambiente, 2017). 
The MAATE maps were used in our study as a reference because the 
produced maps were validated and corrected by field data. The accuracy 

Fig. 1. Map of the Ecuadorian Pacific Slope and Coast (EPSC, red line) with the three selected study areas (black lines): area (A) in the south characteristic of 
cultivated areas and highly anthropized, area (B) in the middle extends around the Daule Peripa hydroelectric dam with seasonal tropical forest and marked an
thropic influence and area (C) in the north a slightly anthropized with a tropical rainforest.
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of the MAATE maps was estimated using the kappa index. A mean value 
of 0.7 was obtained for all maps. MAATE maps are available at: htt 
p://ide.ambiente.gob.ec/mapainteractivo.

The second product used to compare SWOT observations is RAdar for 
Detecting Deforestation (RADD) (Reiche et al., 2021). RADD alerts are 
derived from Sentinel-1 images with a spatial resolution of 10 m. Up
dates are made every 6 to 12 days. Alerts are generated from a single 
Sentinel-1 observation and then either confirmed or rejected over a 
period of up to 90 days based on the probability of forest disturbance. 
The RADD alert algorithm provides a mapping of new disturbances in 
primary rainforest from the primary forest mask defined by Turubanova 
et al. (2018), excluding historical losses and mangroves. The product has 
a minimum mapping unit (MMU) of 0.2 ha. Disturbances smaller than 
this threshold are not detected. RADD alerts were used until the end of 
the year 2024. RADD product is available free of charge from Google 
Earth Engine at: https://code.earthengine.google.com/6be 
36b448b13aeed914b4aff7d1510dd.

The third product used to evaluate the SWOT observations is the 
results obtained from the Cumulative Sum (CuSum) method of Ygorra 
et al. (2021). The CuSum method applied to Sentinel-1 images allows 
detecting trend breaks in the time series indicating a loss of forest cover. 
The algorithm calculates, for each pixel and each polarization (VV and 
VH), the cumulative sum of the deviations from the average of the 
backscattering signal. A significant variation in this sum indicates a 
change in the pixel. To strengthen the robustness of the detection, a 
bootstrap analysis must be computed to obtain a pixel-by-pixel confi
dence level. A spatial recombination between high and low confidence 
level results is then operated to combine the strengths of each confi
dence level. The minimum mapping unit is 0.03 ha. Sentinel-1 data has 
been analysed until the end of 2024.

Additional datasets were used to support the discussion and inter
pretation of the results. In particular, crop type maps provided by the 
Ecuadorian Ministry of Agriculture were employed. These vector data
sets, available at a 1:25,000 scale, distinguish permanent crops: banana, 
oil palm, and sugarcane, available for the year 2022, as well as annual 
crops: rice, soya, and corn, available for the year 2024. Data on crop 
types from the Ministry of Agriculture are available at: http://geoportal. 
agricultura.gob.ec/.

The Global Land Use Land Cover map produced by Global Land 
Analysis and Discovery (GLAD) was also used. The most recent year 
available is 2020 and generated from Landsat images and GEDI data, 
allowing the integration of tree height information.

Finally, we used the high-resolution satellite images provided by 
Apple. These images are from third-party commercial suppliers such as 
Maxar, Airbus and Planet, and are composed of optical data corre
sponding to multisource mosaics. However, the proprietary provider 
does not publicly disclose the detailed metadata associated with these 
images, particularly the exact dates of image acquisition, which are 
therefore not accessible to the user. However, in the specific context of 
the north of the Pacific Coast of Ecuador (area C), optical data tradi
tionally used as Sentinel-2 or Google Earth images are unusable because 
largely affected by cloud cover persisting throughout the year. In this 
case where no other recent and useable optical satellite imagery is 
available, Apple images provide access to visual information. These 
images thus offer a relevant support to conduct a qualitative visual 
analysis. The spatial resolution of these images is less than 1 m, allowing 
detailed identification of anthropogenic structures and vegetation cover, 
thus compensating for the limitations of conventional data sources.

2.3. Methodology

The general method is organized in three parts: 1) processing to filter 
SWOT observations, 2) classification of SWOT data using a machine 
learning model, support vector machine (SVM) (Vapnik, 1997) and 3) 
the comparison of SWOT observations classification with three products, 
MAATE LULC maps, RADD alerts and CuSum change detections.

2.3.1. SWOT data processing
The Sig0 SWOT data set for the year 2024 is filtered using the 

associated quality layer. The first applied filter removes pixels of poor 
quality. All pixels with a quality index of 2 and 3 which correspond to a 
degraded or bad quality measurement, are removed. The second filter is 
used to remove outliers and spatially isolated values. All groups of pixels 
made up of less than three pixels are removed. Furthermore, as Sig0 
values are not normalised, the most extreme 0.10% of Sig0 values were 
discarded. At the end of this pre-processing, the processed data is used to 
calculate two variables. The first variable is the number of occurrences 
of each pixel during the year 2024 (layer: number_occurrence) by 
providing the observation frequency per pixel. This variable represents 
the spatial and temporal distribution of SWOT data. This variable 
highlights spatial patterns that are repeatedly observed over time. The 
raster product derived from the Pixel Cloud by aggregation implies that 
some pixels do not have SWOT observation. The Pixel Cloud product is 
filtered to retain only valid and good quality observations. Thus, the 
raster pixels do not systematically have data. Moreover, valid SWOT 
observations are not systematically acquired on the same pixels 
throughout the year. This specificity of SWOT data thus leads to a partial 
spatial coverage of SWOT observations, which the number_occurrence 
layer allows quantifying. The second variable calculated is the mean 
value sig0 (layer: sig0_average) representing the average intensity of the 
backscattered signal for the year 2024.

2.3.2. SWOT data classification
We used a Support Vector Machine (SVM) to perform a supervised 

LULC classification. The dataset for each of the three study areas (A, B 
and C) was created by selecting representative areas in each study area, 
corresponding to sub-areas of size 0.1 W × 0.1 H, where W and H denote 
the width and height of the study area respectively. The number of sub- 
areas used to create dataset depends on the study area because SWOT 
observations are not homogeneous across the entire territory and the 
number of SWOT observations are not identical depending on the study 
area considered. To reach approximately 10% of the known surface area 
each time, the number of areas is adapted to each region. For area A, we 
selected 5 zones, representing 9.71% of the study area. For area B, we 
selected 7 zones, accounting for 9.35% of the study area. For area C, 5 
zones were selected, totalling 9.73% of the study area. Each of the areas 
that make up the dataset were manually classified using Google satellite 
images. The partial spatial coverage of the SWOT data does not allow all 
LULC classes to be represented. Areas A and B are characterized by 
extensive agricultural landscapes, where large-scale cultivated fields 
represent a dominant type of land cover, and four classes were defined: 
city (1), water (2), road (3), and crop (4). For the forest area (C), three 
classes were defined: city (1), water (2), no forest (3). Unlike areas A and 
B, area C is less anthropized, and most valid SWOT observations 
correspond to deforested or open areas, mainly located along commu
nication routes. This motivated the use of a broader no forest class rather 
than a specific class of cropland.

The model was trained on 80% of the dataset, which was further split 
into 80% for training and 20% for validation. Given the limited number 
of labelled samples, a 80/20 split was preferred to maximize the amount 
of data available for training while still preserving a representative test 
set. The model was trained on a pair of data and labels denoted (x;y). x 
represents the input data, which are the two rasters derived from the 
SWOT data obtained at the end of the previous step (number_occurrence 
and sig0_average). y is the output labels; it represents the label corre
sponding to the land use type defined between 1 and 4, respectively for 
city, water, road, and crop. The model's input data is a vector of size 98. 
For each pixel to be classified, the 98-dimensions vector is obtained from 
the two input datasets: number_occurrence and sig0_average. For each 
input dataset, a 7 × 7 spatial neighbourhood around the central pixel to 
be classified is extracted, i.e. 49 values per dataset. The set of values 
from the two datasets is concatenated, resulting in a vector of 49 × 2 =
98. Preliminary experiments with different window sizes (3x3, 5x5, 7x7, 
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9x9 and 11x11) confirmed that the configuration with a 7x7 window 
offered the best compromise between classification accuracy and 
computational efficiency. The window size 7x7 is a good compromise 
between integrating sufficient spatial context and preserving fine-scale 
spatial patterns. At the end of training, the model was tested on the 
remaining 20% of the dataset. The labels predicted by the model were 
compared to the manual classification labels to evaluate the accuracy of 
the automatic classification.

Accuracy (1), F1-score (2) and Matthews Correlation Coefficient 
(MCC) (3) were calculated for each of the three areas. Each metric was 
calculated over 30 independent runs to estimate the average perfor
mance and variability of the model. Each run differs by the random 
initialization of model parameters and the random shuffling of training 
samples, allowing the quantification of inter-seed variability and the 
assessment of the robustness and stability of the model. The mean and 
standard deviation of these 30 runs were then reported. Accuracy is 
commonly used to evaluate the performance of a classification model 
and represents the ratio between the number of correctly predicted in
stances and the total number of instances in the dataset. F1 score and 
MCC provide additional information when classes are imbalanced (in 
our case, Cropland or No Forest class are overrepresented). F1 score is 
defined as the harmonic mean of precision (TP/(TP + FP)) and recall 
(TP/(TP + FN)). This indicator balances the importance of precision and 
recall and is preferable for datasets with class imbalance. However, F1 
score may reach a limit in cases of extreme imbalance, as it does not take 
true negatives (TN) into account. The MCC allows all components of the 
confusion matrix (TP, TN, FP, FN) to be integrated, enabling it to mea
sure an overall consistency regardless of class distribution. Conse
quently, the MCC can be more robust to class imbalance than the F1- 
score and provides a more reliable assessment in highly imbalanced 
multi-class scenarios (Chicco and Jurman, 2020). 

Accuracy=
TP + TN

TP + TN + FP + FN
(1) 

F1 − score =
2TP

2TP + FP + FN
(2) 

MCC=
TP⋅TN − FP⋅FN

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

√ (3) 

The model was implemented in Python using the scikit-learn library, 
with a radial basis function (RBF) kernel with the default value of the γ 
(gamma) parameter of the scikit-learn RBF kernel allowing to consider 
non-linear separations between classes and a regularization parameter 
C = 0.9. Once trained, the model was applied to the entire study area to 
produce a classification map.

2.3.3. SWOT classification evaluation
For the three study areas, the classification maps obtained with 

SWOT data were evaluated by comparing them with the LULC maps of 
the MAATE using confusion matrices. The 2024 SWOT data was 
compared with the 2022 MAATE occupancy map, which is the most 
recent version currently available. The confusion matrices were 
computed considering three methodological constraints. The raster 
SWOT data, being derived from valid Pixel Cloud observations, do not 
cover all study areas, comparisons with MAATE data were limited to 
pixels for which observations were present. Moreover, as the MAATE 
does not distinguish between city class (1) and road class (3), these two 
categories were grouped under a single class, called 'urban'. Confusion 
matrices were performed only on comparable areas and classes. Thus, 
three classes were considered for comparison: urban, river, cropland (or 
no Forest for area C). For each of the three areas, the measures calcu
lated from the confusion matrices are as follows: Accuracy (1), F1-score 
(2) and MCC (3).

Study area C is the only study area with a dense and continuous 
forest cover. As explained in the previous section, classified SWOT 

observations correspond to areas of deforestation. Thus, the SWOT ob
servations will also be compared to RADD and CuSum data that provide 
information on changes in forest cover.

3. Results

3.1. Spatial pattern of Ka-band backscattering from SWOT

The spatial patterns obtained from the number of pixel occurrences 
(Fig. 2) and the Sig0 average over the year 2024 (Fig. 3) made it possible 
to characterize LULC. The two maps (Figs. 2 and 3) derived from SWOT 
data were used as input variables for a supervised classification model 
based on a Support Vector Machine (SVM). The average accuracy over 
30 runs is 85% ± 0.35 for area A, 84% ± 0.52 for area B, and 89% ±
0.56 for area C. The average F1-score over 30 runs is 73% ± 0.98 for 
area A, 53% ± 0.87 for area B, and 64% ± 1.62 for area C. The average 
MCC over 30 runs is 64% ± 0.94 for area A, 70% ± 1.02 for area B, and 
68% ± 1.82 for area C.

This model makes it possible to discriminate the main LULC classes. 
The automatic classifications obtained on the three study areas (Fig. 4) 
are presented according to the number of pixel occurrences to highlight 
the different spatial structures. The observation frequency and the 
average SWOT backscattering coefficient provide spatio-temporal in
formation. The combined analysis of these two variables makes it 
possible to discriminate spatial structures and identify relevant patterns 
to characterize and obtain a classification of LULC from SWOT data 
(Fig. 4). In the two largely anthropized study areas, area A and area B, 
located respectively in the Guayas basin, and around the Daule Peripa 
hydroelectric dam, the training for classification was carried out on four 
LULC classes: city, road, water, and crop. However, unlike area A 
(Fig. 4a), in area B, the large predominance of other classes compared to 
road class did not allow this class to be included in the final classification 
(Fig. 4b). For area C, which extends from the Rio Cayapas to the Andean 
piedmont, the classification was carried out on three classes: city, water 
and No-Forest (Fig. 4c). The absence of SWOT observations is repre
sented in white on all maps (Figs. 2–4).

The number of occurrences of each pixel in the SWOT data series 
provides information on the observation frequency of pixels. Each pixel 
indicates the number of times a valid observation was recorded (Fig. 2). 
In area A, the most heavily anthropized and characteristic of a dry 
climate (Fig. 2a), we observe frequent observations ranging up to 25 
detections in 2024 across the entire study area. In area B (Fig. 2b), ob
servations are focused on anthropized zones mainly in the region of the 
Daule Peripa hydroelectric dam. To the west of the study area, obser
vations are less frequent in areas with fragmented seasonal forests. 
Conversely, in area C, which is less anthropized with a dense and 
continuous forest cover and a humid tropical climate (Fig. 2c), we 
observe less frequent observations that are localized in specific loca
tions. Thus, we obtain spatial information from temporal information, 
with spatial patterns appearing depending on the type of activity pre
sent. Open and permanent water surfaces such as rivers have high oc
currences. For instance, for areas A and B, the average number of 
occurrences in pixel corresponding to water surfaces is 17.8 ± 5.4 and 
16.2 ± 6.4 observations respectively (Fig. 4a and b). For area C, the 
average value is slightly lower with an average number of occurrences of 
12.5 ± 6.6 detections (Fig. 4c). These values reflect a strong occurrence 
of observations in water environments. Cities also have a high number of 
pixel occurrences, with an average of 14.2 ± 5.4 for area A and 12.1 ±
5.4 for area B and 13.3 ± 5.1 for area C. Conversely, agricultural areas 
present lower occurrences with average values of 4.2 ± 4.0, 2.7 ± 2.5, 
and 2.4 ± 2.0 for areas A, B and C respectively but also more hetero
geneous, reflect less frequent and more variable observations (Fig. 4a 
and b). Thus, the number of pixel occurrences varies from the highest 
values in the north of area A, to the lowest in the south (Fig. 4a) through 
intermediate values in the center of area B (Fig. 4c). The roads detected 
by SWOT have intermediate average values, between 10.5 ± 4.4 and 
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11.1 ± 3.3 for areas A and C. The classification obtained made it possible 
to highlight the boundaries of agricultural plots mainly in the center and 
south of study area A, southeast of the city of Naranjito (Fig. 4a). The 
classification based on observation frequency therefore provides a 
temporal indication, which allows distinguishing different patterns and 
highlighting spatial structures.

The average backscatter coefficient (sig0) calculated over the entire 
SWOT series in 2024 provides radiometric information that varies 
depending on the type of surface present. The backscattering coefficient 

is expressed in linear scale and not converted to decibels because each 
study area is analysed independently. In each study area, the use of 
linear scale values allows direct observation of spatial contrasts, which 
allow for the analysis of spatial structures and patterns conducted in this 
study. (Fig. 3). Thus, the low amplitude of the values of sig0 in area A is 
represented with a scale up to 5 (Fig. 3a) while the high values of sig0 in 
area B are represented with a scale up to 25 (Fig. 3b). Between the two, 
the area C presented a maximum value of 15 (Fig. 3c). However, for 
areas A and B, the cities have the highest backscattering coefficient of, 

Fig. 2. Number of occurrences for each pixel, providing the observation frequency per pixel for the year 2024 for a) area A (cultivated area), b) area B (mosaic 
landscape) and c) area C (tropical forest).

Fig. 3. Observed SWOT backscatter coefficient (Sig0 average) for the year 2024 for a) area A, b) area B and c) area C.
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6.5 ± 4.2 and 29.5 ± 13.2 respectively, relative to the amplitude of the 
Sig0 values for each area. In these same two areas, the water zones also 
have a mean Sig0 that remains high with an average of 3.6 ± 2.5 for area 
A and 15.1 ± 16.3 for area B (Fig. 4a and b). Conversely, for area C, the 
highest average values correspond to open water areas with sig0 average 
of 6.6 ± 10.2, and the cities have a lower average with sig0 average of 
5.4 ± 3.5 (Fig. 4c). The lowest mean values are associated with culti
vated areas: 0.8 ± 0.9 for area A, 2.9 ± 7.4 for area B, and 0.9 ± 1.6 for 
area C. Nevertheless, the type of crop in presence can strongly influence 
the radar backscattering, which explains the significant spatial variation 
in the Sig0 values on cultivated areas (Fig. 4a). For area C, observations 
with low backscatter to the east of the study area correspond to areas 

classified as non-forest by SVM (Fig. 3c). Nevertheless, these SWOT 
observations are within the forest cover provided by the Ministry 
(Fig. 4c). It is likely that the linear structures crossing wooded areas to 
the east of the zone correspond to human activities detected by SWOT in 
the forest area. Other observations along the tributaries of the Cayapas 
River reflect forest dynamics in a wetland environment. The roads have 
intermediate average values between 1.6 ± 1.6 for area A and 4.9 ± 4.6 
for area C. This radiometric parameter provides additional spatial in
formation allowing the characterization of surfaces according to their 
backscatter.

Fig. 4. Cover type classification based on SWOT data depending on number of occurrences obtained with an SVM over areas A, B and C. a) For area A, four classes: 
City, Water, Road and Cropland with the number 1 corresponding to the city of Milagro and the number 2 corresponding to the city of Naranjito, b) For area B, three 
classes: City, Water and Cropland with the number 3 corresponding to the Daule Peripa dam, and c) for area C, three classes: City, Water and No Forest with the 
number 4 corresponding to the Cayapas river's.

Fig. 5. Overlay of SWOT observations on the MAATE's 2022 reference LULC map, used for spatial validation. The darker shades (With SWOT) represent pixels from 
the Ministry's LULC map with SWOT observations, and the lighter shades (Without SWOT) indicate areas without SWOT observations for a) area A with 1. the 
Chimbo river, 2. the Chanchan river, 3. the city of Coronel Marcelino Maridueña, 4. the Bulubulu river, 5. the city of El Triunfo, 6. the Canar river and 7. the city of La 
Troncal b) area B with 8. downstream from La Esperanza dam and 9. downstream from the Multiproposito Chone dam c) area C.
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3.2. Comparison of SWOT classification with ancillary datasets

To compare the cover type classification obtained from SWOT data 
with the LULC maps of the Ministry of the Environment, confusion 
matrices were computed for the three study areas considering only 
pixels where SWOT detections were recorded (Fig. 5). The absence of 
continuous SWOT data throughout the territory does not allow a sys
tematic comparison with the reference maps of the Ministry of the 
Environment. To evaluate the performance of the classification obtained 
with the SVM, three metrics were calculated from the confusion 
matrices: Accuracy, F1-Score and Matthew Correlation Coefficient 
(MCC) for each of the three areas (Fig. 6). In general, for the three zones, 
Accuracy and F1-Score show high values. Accuracy varies between 0.87 
for area A to more than 0.90 for areas B and C. The F1-Score varies 
between 0.89 for area A and 0.91 for areas B and C. These high values 
indicate with Accuracy, a good overall classification performance and 
with F1-score, a good ability of the model to correctly detect minority 
classes. However, differences are observed depending on the study areas 
for the MCC. Area B shows the best MCC of 0.63, reflecting a stable 
overall performance even in the presence of unbalanced classes. Area A, 
on the other hand, has the lowest MCC (0.34), which is explained by the 
fact that the Ministry of the Environment does not provide information 
on road that are widely detected by SWOT in this area. Thus, the roads 
not provided by the Ministry and classified as agricultural land have an 
impact on the MCC. Finally, area C achieves intermediate performances 
with an MCC of 0.44. The specificity of this area is the significant forest 
cover. More than 50% of SWOT detections are contained in the forest 
class of maps provided by the Ministry. These detections in the forest 
cover affect the MCC. These differences may be related to the fact that 
the Ministry of the Environment map used dates from 2022 and that the 
SWOT detections are analysed for the year 2024. These SWOT detections 
in the forest cover can indicate changes in LULC, but also human ac
tivities in the forest area.

These results confirm that the SWOT data, combining temporal and 
radiometric information, allows an automatic classification, but whose 
performance remains sensitive to the complexity of the local landscape 
and the quality of the reference data.

The comparison of the SWOT-based classification with CuSum de
tections and RADD Alerts in Area C shows that 39.6% and 40.7% of 
SWOT detections are contained in forest cover (Fig. 7). These detections 
may be related to human activity or environmental dynamics in wet
lands under the forest cover that are not detected by radar. RADD and 
CuSum are based on Sentinel-1 data, which have a much higher angle of 
incidence than SWOT. Therefore, these methods may be more affected 
by topographic effects, especially in the southeastern part of study area 

C located in the Andean foothills. Additionally, Sentinel-1 operates in 
the C-band, which has limited penetration through vegetation, resulting 
in less sensitivity to subcanopy dynamics compared to the Ka-band used 
by SWOT.

4. Discussion

4.1. High resolution river streams mapping

The SWOT mission was initially designed to address major hydro
logical challenges, in particular the detection and characterization of 
rivers at least 100m wide (Biancamaria et al., 2016; JPL, 2024). In this 
context, our results confirm that SWOT allows a reliable detection of 
rivers on the studied areas. This ability to better represent the hydro
graphic network is an essential contribution to improving hydrological 
inventories and modeling river dynamics. For instance, at the center of 
study area A, the MAATE maps provide information on the Chimbo and 
Chanchan rivers at the level of the city of Coronel Marcelino Maridueña 
as well as the widest part of the Bulubulu river at the level of the city of 
El Triunfo (Fig. 5a). Between the two, no rivers are reported by the 
MAATE yet well marked on Open Street Map. Several other rivers are 
detected such as the Barranco Alto River or the Culebras By Pass 3 River 
which can reach a width of less than 30 m in some places. Further south 
of zone A, the Cochancay River is not listed by the MAATE but was 
detected by SWOT (Fig. 4a). To the southwest of Area B, the river that 
flow downstream from La Esperanza Dam is detected both by SWOT and 
by MAATE (Figs. 4b and 5b). However, further north, the Grande River 
downstream of the Multiproposito Chone dam is only detected by 
SWOT. Thus, SWOT could be a complementary dataset to the MAATE's 
LULC data by filling a data gap on river mapping. Our analyses confirm 
those of Normandin et al. (2024), which indicate that SWOT can detect 
streams much smaller than 100 m wide. In addition to the initial hy
drological objectives, the SWOT data allowed to give hydrological in
formation in complex ecosystems under a wet and dense forest cover and 
with significant topography. The southeast of zone C (Fig. 4c) is in the 
Andean piedmont and is characterized by significant slopes. This area 
has a dense forest cover and a humid tropical climate. In this complex 
environment, no image is visible on Google Earth. Optical images such 
as Sentinel-2 are unusable because they are largely affected by the 
persistent cloud cover throughout the entire study area. SWOT therefore 
makes it possible to provide observations on these areas where very few 
data are available and to bring new elements on the environmental 
dynamics in these regions. In this area, SWOT observations that were 
classified as no-forest by SVM and with low backscatter were analysed in 
relation to Apple images and the LULC map provided by GLAD. The 

Fig. 6. Confusion matrix metrics resulting from the comparison between SWOT-based classification and MAATE LULC for area A (green), B (blue) and C (orange). a) 
Accuracy, b) F1-Score and c) MCC.
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linear structures crossing the forest cover to the east of the zone corre
spond to streams that have not been properly classified by SVM (Fig. 4c). 
The classification of SWOT observations remains difficult in a complex 
environment largely affected by significant topography. Nevertheless, 
SWOT can provide information on small rivers and streams under the 
canopy (Fig. 8) that are not indicated on the GLAD map as in the west of 
zone 2 of Fig. 8. However, both products, GLAD and SWOT can be 
complementary. Both GLAD and SWOT fail to detect streams continu
ously. GLAD classifies certain segments as forests, and SWOT can 
identify these missing sections, for example in zones 1 and 2 of Fig. 8, 
highlighting the complementarity of the two products. The correct 
classification of these streams under forest cover remains difficult 
because the complex environment greatly affects radar backscatter. 
These rivers used as communication routes can pave the way for 
deforestation roads that SWOT can detect.

Other SWOT detections around rivers may indicate wetlands under 
forest cover. The Global Lakes and Wetlands Database (GLWD) (Lehner 
et al., 2025) classifies the entire study area C as forest peatland. SWOT 
detections could better locate these wetlands under the forest canopy. 
These ecosystems, among the largest carbon sinks on the planet (Page 
et al., 2011; Dargie et al., 2017), remain poorly known and under
mapped. Up to now, radar altimetry was the only EO sensor able to 
continuously monitor wetlands under dense canopy cover but with low 
spatial coverage (Frappart et al., 2011, 2021a,b; Lee et al., 2015; Yuan 
et al., 2017). The information provided by SWOT could make it possible 
to better target their location, thus paving the way for further research 
on carbon storage, the resilience of these environments and the impacts 
of land use changes. For example, the detections around the Rio Agua 
Clara could correspond to a wetland under forest cover, as shown in 
zoom 3 (Fig. 8a). The Ministry of Agriculture reports in this area an 

Andisol soil type, which has a structure that can lead to exceptionally 
high water and nutrient retention capacity. SWOT therefore provides 
information in areas where other sources of information are limited. 
Optical imaging is constrained by persistent cloud cover throughout the 
year. Methods like CuSum or RADD do not detect any change due to the 
limitations of Sentinel-1 in terms of shadow effects and high incidence 
angle (Bouvet et al., 2018). SWOT, thanks to its low angle of incidence, 
manages to provide unprecedented information in these environments, 
even under dense forest cover. SWOT thus fills a lack of information in 
these areas difficult to access and where little information is available 
from remote sensing.

4.2. Detailed information and complementary information for LULC

In addition to the information that SWOT can provide regarding the 
hydrographic network and wetlands, SWOT can also provide informa
tion on areas of deforestation or forest cover degradation. Zone C is the 
only area where forest cover is dense and continuous. To the east of zone 
C, several SWOT observations are highlighted around river and indicate 
a degradation of forest cover, as shown in zoom 1(Fig. 9a) or defores
tation, as shown in zoom 2 (Fig. 9a) visible in Apple images. Fig. 9
therefore illustrates the complementarity of SWOT observations and soil 
occupancy maps. Unlike GLAD, SWOT detects forest cover degradation 
and deforestation around these rivers or communication routes. For 
example, in zone 2 of Fig. 9, the SWOT observations correspond well to 
deforestation that is visible on the Apple image, while GLAD classify this 
area as a stable forest cover in a wetland area. Thus, all of the infor
mation provided by SWOT related to hydrography or forms of defores
tation (deforestation route, forest cover degradation) in area C, explains 
the differences between SWOT observations and MAATE, RADD and 

Fig. 7. Overlay of SWOT observations on a) the RADD detection map for the year 2024 and b) CuSum detection for the year 2024 for area C. The darker shades 
represent pixels from the RADD detection map or CuSum detections in areas with SWOT observations, and the lighter shades indicate areas without SWOT 
observations.
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CuSum maps. SWOT allows detecting environmental dynamics under 
forest cover and human activities in complex environments, which ex
plains why pixels are classified as water or no-forest in areas classified as 
Forest by MAATE, RADD or CuSum.

SWOT also provides relevant information on agricultural practices. 
In area A, the SWOT observations allow to see the fine delimitation of 
the plots. These observations can be paralleled with the map of the 
Ecuadorian Ministry of Agriculture which provides information on crop 

types (Fig. 10). The agricultural plot boundaries obtained with SWOT 
data at the center of area A, correspond to the boundaries of the plots for 
sugar cane crops provided by the Ministry of Agriculture. SWOT can 
therefore provide spatial information on agricultural occupation and be 
a source of complementary information in other regions that have little 
data on agricultural plots. In addition, in areas A and B, SWOT has the 
ability to provide information on the type of crop present and the state of 
field flooding. The results of the number of SWOT occurrences showed 

Fig. 8. a) Zoom on four zones of zone C. Zone 1 on the San Miguel river, Zone 2 and 3 on two zones of the Agua Clara river, and zone 4 on the Canande river in the 
northwest of the zone and the Naranjal river in the southeast. All the satellite images used to illustrate the SWOT observations are distributed by Apple. b) GLAD's 
LULC map for the year 2020. This product from GLAD provides the percentage of short vegetation as well as the tree height of the forest cover on land (terra firma) 
and on wetlands. Both GLAD and SWOT fail to provide continuous river detection. GLAD classifies certain river segments as stable tree cover, while SWOT can 
identify and characterize these missing sections.
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that agricultural areas provide very heterogeneous values, particularly 
in area A. These spatial variations are partly related to the type of 
agriculture and the use of irrigation (Fig. 10). Mainly located in the 
north of zone A, the data from the Ministry of Agriculture provide in
formation on three cycles of rice cultivation. The average value of 
monthly sig0 was calculated based on these three crop cycles (Fig. 11). 
Fig. 10 provides information on the plots used for cycle 1, 2, and 3 of rice 
cultivation for the year 2024. The Ministry informs the dates of sowing 
for each cycle. For the first cycle, sowing was completed between 
December 2023 and March 2024 (Leiva et al., 2025). For the second 
cycle, sowing was carried out between April and June 2024 (León et al., 
2025). For the third cycle, sowing was carried out between August and 
September 2024 (Muyulema et al., 2025). The variations in sig0 ob
tained with SWOT data correspond to the periods of sowing, growth, and 
rice cultivation. The obtained variations also agree with the precipita
tion data observed in the Guyas basin. The months from January to April 
correspond to the rainy season, which explains the high values of the 

Sig0 during this period. The following months correspond to the dry 
season, which explains the lower Sig0 values (Frappart et al., 2017). 
Thus, SWOT data can allow the monitoring of agricultural practices. 
Even if the limited SWOT coverage does not allow this analysis to be 
carried out on all crop types, SWOT data opens perspectives for moni
toring agricultural productivity. Similarly, Bazzi et al., (2026a,b) have 
already demonstrated the capacity of SWOT to monitor irrigation on 
irrigated plots.

The results also suggest that some road axes can be identified using 
SWOT data. Although this application is not part of the initial objectives 
of the mission, it offers an opportunity to monitor infrastructure 
expansion. Mapping of roads is key as roads are a determining factor in 
the transformation of landscapes, particularly in connection with 
deforestation and agricultural expansion (Laurance et al., 2014).

Despite these contributions, SWOT does not allow an exhaustive 
classification over the entire study area. Its products must therefore be 
considered as complementary to existing databases, such as the maps of 

Fig. 9. a) Zoom on two zones in area C. Zone 1 is located on the Zapotillo river and corresponds to a forest cover degradation area. Zone 2 on the Zapallo river and 
corresponds to a deforestation area. b) GLAD's LULC map for the year 2020 indicates a stable tree cover in terra firma for zone 1 and a stable tree cover in wetland for 
zone 2.

V. Sollier et al.                                                                                                                                                                                                                                  Science of Remote Sensing 13 (2026) 100410 

11 



the Ministry of Agriculture, but they have the advantage of informing 
areas hitherto very little documented, such as dense forests located in 
rugged regions. Finally, a dispersion of data is observed around the 
detection of rivers, especially in areas of steep slopes. This phenomenon, 
already reported in the literature (Normandin et al., 2024), reflects the 

sensitivity of SWOT measurements to topographic constraints. Correc
tion methods will need to be developed to limit this bias and improve the 
accuracy of derivatives.

5. Conclusion

If SWOT was initially designed for applications in hydrology and 
oceanography, its advanced technology opens the way to new applica
tions. This research explored an innovative use of SWOT to analyse land 
cover in three areas of the Pacific Coast of Ecuador. The study aimed to 
evaluate the potential of SWOT analysis to supplement existing land use 
and land cover (LULC) products. To study land use from SWOT data, we 
used the available sig0 from the SWOT raster product at 100m resolution 
for the year 2024. Two maps were obtained: the number of pixel oc
currences, providing the observation frequency per pixel, and the 
average of the sig0, representing the average intensity of the back
scattered signal. These two maps provided spatial and temporal infor
mation that allowed to highlight spatial patterns in order to characterize 
land use and discriminate between the main classes of soil occupation. 
These two maps were subsequently used to train a machine learning 
model. The SVM used was trained on four classes (city, water, road and 
crop or No Forest) to obtain a classification of land use over the three 
study areas. The SWOT-based automatic classification allowed to clas
sify the four classes for zone A and C, but not for the very few roads 
present in area B. All these observations were compared with the soil 
occupancy maps of the Ecuadorian Ministry of the Environment and 
with two products of detected changes in forest cover for Area C. These 
comparisons made it clear that SWOT allows providing additional in
formation compared to existing products. For instance, in the three 
study areas, the SWOT detections made it possible to highlight water
courses that can reach 30m in width which are not indicated in the maps 
of the Ministry of the environment. In addition to improving the map
ping of watercourses, SWOT can provide detailed information on land 
occupation. SWOT detections highlighted the road axes and the 
boundaries of agricultural plots in zone A, as well as deforestation routes 
in zone C. The SWOT data also allowed for the detection of recent forms 
of deforestation in the north of the study area. Thus, SWOT can fill a lack 
of information in regions with significant topography and densely 
vegetated regions thanks to its low angle of incidence. In these areas, 
optical observations are limited by frequent clouds and radar data, such 
as Sentinel 1, due to their sensitivity to topographic effects. SWOT can 
also provide information on agricultural practices for use in crop 

Fig. 10. Type of annual and permanent crops provided by the Ecuadorian 
Ministry of Agriculture in area A for the year 2024.

Fig. 11. Monthly average SWOT sig0 based on the three rice growing cycles in area A for the year 2024.
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monitoring in areas where SWOT data are available.
The exploratory results obtained in this study demonstrated the 

feasibility and potential of using SWOT data to monitor changes in Land 
Use and Land Cover (LULC). Future work will involve exploiting longer 
SWOT time series covering the period from 2024 to 2026, in order to 
assess land cover change dynamics. Future work will also analyse Single 
Look Complex (SLC) products, which offer more continuous spatial 
coverage than the raster products used in the present study and consti
tute a promising perspective.
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