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A B S T R A C T

Among the wide variety of existing agricultural practices, some amendments can lead to changes in soil prop
erties, including those perceived as permanent, such as clay content. These modifications pose new challenges for 
mapping and monitoring soil characteristics. In South India, one such practice is the application of sediment from 
reservoirs onto agricultural fields. Our study investigates the ability of Sentinel-2 imagery to detect changes in 
topsoil clay content induced by this practice. We used data from a cultivated watershed in South India, including 
164 topsoil samples, and a set of control fields (19 without and 43 with sediment application). Two Sentinel-2 
images acquired in February and April 2017 (before and after sediment spreading) were used to estimate soil clay 
content via Multiple Linear Regression (MLR) models. Comparing the clay content maps from both dates revealed 
significant increases in areas where sediment was applied. Validation with control fields demonstrated that 
Sentinel-2 images successfully captured clay content changes attributable to sediment application. When 
extended to the entire cultivated area, our approach identified 242 fields exhibiting a significant clay increase in 
2017. These results highlight the potential of multi-temporal Sentinel-2 data to monitor short-term changes in 
soil properties driven by agricultural practices. Future work could leverage the full Sentinel-2 archive (from 2017 
onwards) to quantify long-term dynamics of sediment application across broader regions. More generally, this 
approach contributes to the development of Earth observation-based frameworks for tracking soil property 
changes associated with evolving agricultural systems at multiple spatial and temporal scales.

1. Introduction

Agricultural systems rely on a wide range of crop management 
practices, including, for example, soil tillage, fertilization and irrigation, 
which can impact crop productivity, soil sustainability, and resource 
management (e.g. Stamatiadis et al., 1997, Zhanguo et al., 2018). 
Documenting these practices in the long term at the scale of small re
gions or watersheds requires extensive monitoring over time and space. 
This type of extensive monitoring can be challenging, particularly when 
a significant proportion of farmers are smallholders. Field surveys are 
commonly used to collect such information, but their implementation is 
time-consuming, costly, and often limited in spatial and temporal 

coverage (Schapper, 1957). Remote sensing has emerged as a promising 
tool to complement field surveys for detecting and monitoring agricul
tural practices at various scales (Bégué et al., 2018). Previous studies 
have demonstrated its potential to identify specific practices, such as 
tillage (e.g., Deshpande et al., 2024), crop residue management (e.g., 
Daughtry et al., 2004), or irrigation (e.g., Sharma et al., 2018, Zhang 
et al., 2022). Sensors like LANDSAT and Sentinel-2, thanks to their high 
revisit frequency, may offer the possibility of monitoring agricultural 
practices over the course of a cropping season using time series data 
(Gao et al., 2020; Sharma et al., 2018).

Soil amendments (manure, biochar, sediments, etc.) have a central 
place in farming systems but, to our knowledge, they are rarely studied 
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with remote sensing. Dodin et al. (2021) studied the detection of green 
waste compost and manure amendments with spectral indices on 
Sentinel-2 images, and Gomez et al. (2021) detected sediment applica
tions using soil colour changes on Sentinel-2 images. This scarcity of 
remote sensing studies may be due to the fact that amendments are 
much less frequent and widespread than other practices, such as tillage 
or irrigation, and therefore might only concern a small proportion of 
agricultural areas for a given date. However, amendments are likely to 
have an impact on soil properties.

Sediment application on agricultural fields is a common practice in 
India, where farmers spread sediment collected from reservoirs onto 
their fields (Gunnell and Krishnamurthy, 2003, Reddy et al., 2018). This 
technique is primarily used to improve soil fertility and restore degraded 
lands (Gunnell and Krishnamurthy, 2003, Srinivasarao et al., 2014), but 
also allows preservation of the capacity of reservoirs to store water. 
Given the significant agroecological potential of this practice in terms of 
circularity and sustainability of cropping systems (Gomez et al., 2025), it 
is important to monitor this agricultural practice and assess its impact on 
soils.

A first attempt to use remote sensing for mapping reservoir sediment 
application was carried out in South India (Gomez et al., 2021). It was 
based on the observation that the practice often leads to a visible shift in 
top soil colour, from red (typical of Ferralsols and Chromic Luvisols) to 
darker brown shades because of the dark colour that often characterises 
the sediments. Using two Sentinel-2 multispectral images, at the 
beginning and at the end of the dry season, these authors successfully 
identified fields that had received sediment, with good accuracy. 
Although interesting and innovative, this approach has several limita
tions. First, it lacks genericity, as it can apply only to cases where 
sediment and soils have clearly distinct colours. Second, the information 
provided by this approach is limited to identifying the occurrence of the 
application, but not to quantify the magnitude of its impact on soil 
properties.

Actually, given the often very large doses of sediment input (Gomez 
et al., 2025; Reddy et al., 2018), this practice is likely to modify pro
foundly the soil properties, in particular their texture, as the proportion 
of clay is often much greater in the sediment than in the soils where they 
are applied (Canet et al., 2003, Deshmukh et al., 2019, Gomez et al., 
2025). While soil texture is usually considered a ’stable’ proper
ty—changing only over pedological timescales (Wilding et al., 1994)— 
in the case of sediment application, it becomes a dynamic property, 
meaning it may vary over human timescales (from hours to decades) as a 
result of land use and management (Tugel et al., 2005).

It has been largely demonstrated that clay content can be estimated 
by Laboratory Visible-Near Infrared (Vis-NIR, 400–2500 nm) spectros
copy (e.g., Chabrillat et al., 2002, Kariuki et al., 2004). Beyond Lab 
spectroscopy, Vis-NIR satellite optical remote sensing has also been 
successfully used to estimate and predict spatially surface clay content at 
large extents, with satisfactory accuracy (e.g., Castaldi et al., 2023; 
Gasmi et al., 2021). These remote sensing approaches are valuable tools 
to map the spatial organization of soil properties such as clay content 
across landscapes. Studies have shown that pedological patterns and 
prediction ranges remain consistent across different remote sensed 
observation datasets (Gasmi et al., 2022; Gomez et al., 2018; Žížala 
et al., 2019). However, the accuracy of soil properties mapping from 
remote sensing data can be influenced by several environmental factors. 
Since the presence of vegetation on the ground can significantly affect 
the model accuracy and therefore soil properties predictions, as shown 
by Bartholomeus et al. (2011) and Ouerghemmi et al. (2011; 2016), 
prediction models are strictly calibrated and applied to bare soil pixels. 
Over these bare soil pixels, the regression performances remain 
acceptable and consistent regardless of other environmental factors 
(moisture, roughness or atmospheric conditions), provided that images 
are acquired under dry soil conditions and on cloud-free days (Gomez 
et al., 2019, 2022; Vaudour et al., 2019b). Hence, the question remains 
as to whether remote sensing can be sufficiently sensitive to observe 

changes in soil properties due to land use and management at the 
watershed scale.

Therefore, in this paper, we tested the hypothesis that an anthro
pogenic intervention, such as sediment application, which causes a 
change in soil clay content, can be detected by comparing optical remote 
sensing images taken before and after the intervention. This requires 
that this change be significantly greater than the variations in estimated 
clay content between these two dates due to environmental or instru
mental disturbances.

We focused on a study area in peninsular India, using two Sentinel-2 
images, taken at the beginning and the end of the dry season, during a 
year (2017) when reservoirs were dry, allowing farmers to apply sedi
ment to agricultural fields. The study has three key objectives: i) 
determine the threshold of change in clay content above which the 
practice can be identified, ii) identify agricultural fields where sediment 
was applied in the watershed and compare the results with the approach 
based on soil colour change detection and iii) quantify a surface area 
impacted by the practice during the dry season, more specifically be
tween 2017-02-03 and 2017-04-24.

2. Materials and methods

2.1. Study area

This study focuses on the Berambadi watershed, which is located on 
the Deccan Plateau in South India in the Chamarajanagar district, in the 
state of Karnataka (Fig. 1a). The Minimum Bounding Box (smallest 
rectangle aligned with the coordinate axes which enclose all observa
tions) of the watershed is defined by the following coordinates: Northern 
limit: 11◦ 48′ 56.86 N, Southern limit: 11◦ 43′ 30.10 N, Eastern limit: 76◦

39′ 39.38 E and Western limit: 76◦ 30′ 52.86 E. This watershed belongs 
to the Kabini Critical Zone Observatory (Sekhar et al., 2016; Tomer 
et al., 2015; AMBHAS Team, 2015), which is part of the OZCAR network 
(Gaillardet et al., 2018). The Berambadi watershed covers about 84 km2 

and is divided into 2 zones: the western part (around 40 % of the 
watershed) covered by a dry deciduous forest and the eastern part 
dominated by arable lands. The monsoon dynamics determine three 
cropping seasons: the dry season (also called “summer season”, from 
January to May), the kharif season (southwest monsoon season, from 
June to September) and the rabi season (north-east monsoon season, 
from October to December). The climate is tropical subhumid with an 
average precipitation (P) of 800 mm.year− 1 and a potential evapo
transpiration (PET) of 1100 mm.year− 1 (aridity index P/PET of 0.7) 
(Sharma et al., 2018). Meteorological variables are recorded hourly 
since 2004 over this watershed, with an automatic weather station 
(Sekhar et al., 2016).

The watershed has a wide variety of cropping systems, with both 
rainfed and irrigated fields. Groundwater irrigation appeared in the 
1970s and expanded significantly in the area in the 1990s with the 
multiplication of borewells and pumps, which has not stopped since 
(Fischer et al., 2022). Presently, around 60 % of farmers in the water
shed have access to irrigation on at least one of their fields (Robert et al., 
2017). The presence of irrigation had an impact on cropping systems, as 
it has enabled irrigating farmers to cultivate during the dry season. 
Previous typology studies defined 3 different types of farms in the study 
zone: large diversified and productive farms; small and marginal rainfed 
farms, and small irrigated marketing farms (Robert et al. 2017). Several 
strategies exist among farmers with irrigation: some farmers grow pri
marily short-cycle crops (around 3 months) such as vegetables, onion, 
garlic or cabbage for 2 or 3 seasons depending on water availability, 
while some farmers combine long-cycle crops (9 to 12 months) with 
short-cycle crops within their farms (Baccar et al., 2023).

In the watershed, the soil texture of uplands and hillslopes is pre
dominantly coarse (Sandy Loam) because of erosion processes. In 
contrast, the soil texture of valley bottoms is generally more clayey 
because of deposition processes (Barbiero et al., 2010, Gomez et al., 
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2019).
The Berambadi watershed includes 40 reservoirs, of which at least 14 

are known to be used for sediment application (Gomez et al., 2025).

2.2. Sediment reuse on agricultural fields

In the Berambadi watershed, as in other regions of India, reuse of 
sediment from water reservoirs over croplands is a centuries-old practice 
(DHAN foundation 2012). In the past, farmers would dig into the bottom 
of the reservoirs when they were empty to collect sediment and trans
port it using bullocks (DHAN foundation 2012, Hemingway et al., 2025). 
The recent development of motorisation has facilitated a broader spatial 
expansion of this practice (DHAN foundation 2012). Presently, sedi
ments are extracted from the reservoirs with excavators, transported 
with tractors and deposited in piles on agricultural fields, typically for a 
few days, rarely for a few weeks, according to the availability of the 
leveller, before being incorporated into the soil with ploughing work, at 
a depth of around 30 cm.

Previous analyses of sediments originating from reservoirs over 
Berambadi exhibit contrasting granulometry from one reservoir to 
another (Gomez et al., 2025), as while their silt contents were around 20 
%, the clay and sand contents were variable. In addition, physico- 
cheminal analyses on couples of soil and sediment collected in 

farmer’s fields highlighted that significant differences between soil and 
sediment were observed for clay, sand, P, CEC, TN and C/N (Gomez 
et al., 2025). Finally, the reflectance spectra acquired on soils, sedi
ments, and a mixture of soil and sediment, in the visible and near- 
infrared (Vis-NIR, 400–2500 nm) spectral range by laboratory spec
troscopy, are very similar in shape, with the same absorption band 
around 2206 nm (Supplementary figure S3) which corresponds to clay 
minerals (Chabrillat et al, 2002).

One of the particularities of the practice of sediment reuse is its 
temporality, which is linked with the availability of sediments: they are 
only accessible during the dry season, from January to May, once the 
reservoirs are empty of water (Gomez et al., 2025). The sediment 
application season ends after the first convective rains occurring during 
the last part of the dry season (April or May).

2.3. Sentinel-2 images

Launched in 2015 and then in 2017, both Sentinel-2A and Sentinel- 
2B satellites provide multispectral images every five days at the equator. 
The reflectance is acquired in 13 spectral bands within the Visible Near 
Infrared (Vis-NIR, 0.4–2.5 µm) spectral domain, with a spatial resolution 
from 10 to 60 m. Two Sentinel-2 images covering the Berambadi 
watershed, which have previously been described and utilised in Gomez 

Fig. 1. a) location of the Berambadi watershed in India (Karnataka State) and b) 125 topsoil samples collected in field located on the Sentinel-2 image (in false 
colour) acquired on 3rd of February 2017.
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et al. (2019), were chosen for this study. The acquisition dates were 
chosen based on two main criteria. First, it was essential to capture one 
image at the beginning of the dry season, before sediment applications, 
and another at the end of the dry season, after sediment applications. 
Second, the selection was guided by the absence of rainfall in the days 
preceding the acquisition, as precipitation increases soil moisture, which 
in turn affects the reflectance spectrum and the estimation of clay 
content.

Following these criteria, and using rainfall data from the automatic 
weather station, the first Sentinel-2 image was acquired on February 3, 
2017, after six consecutive days without rainfall, while the second was 
captured on April 24, 2017, following three rain-free days. Although we 
will possibly miss some early or late sediment applications, we can as
sume that the vast majority of them are occurring between these two 
dates. As a consequence, we can assume that the quantification of the 
spatial extent of the practice will be only slightly underestimated.

Atmospheric and topographic corrections were performed with the 
MAJA processor (Hagolle et al., 2017; Lonjou et al., 2016) on-demand 
PEPS (Plateforme d’Exploitation des Produits Sentinel) processing ser
vice, which uses eight Sentinel-2 acquisitions prior to each acquisition of 
interest to meet the temporal assumption (https://labo.obs-mip.fr/mul 
titemp/on-demand-sentinel2-l2a-processing-with-maja-on-peps). Ten 
bands remain after atmospheric correction, and the six spectral bands 
initially acquired with 20 m spatial resolution were resampled to 10 m. 
Using the function “disaggregate” from the package “raster” in R, the 
spatial resampling preserved the original values in the new, higher- 
resolution raster layer. In order to keep only bare soil pixels, the 
roads, urban and water areas were first masked using a land use map 
available for the study area (e.g., AMBHAS Team, 2015). Then, the 
normalized difference vegetation index (NDVI), calculated using spec
tral bands at 865 nm and 665 nm (Frampton et al., 2013; Rouse et al., 
1973), was used to mask crops and natural vegetation, based on a 
threshold of 0.3 derived from the visual evaluation of an expert with 
significant field knowledge (Gomez et al., 2022). In addition, the 
Normalized Burned Ratio 2 index (NBR2), calculated using the SWIR1 
band B11 (1610 nm) and the SWIR2 band B12 (2202 nm), was used to 
mask pixels corresponding to crop residue and moist soil (Deventer 
et al., 1997). While the NBR2 index was initially developed for LAND
SAT data and in a temperate context, recent studies have validated its 
use with Sentinel-2 data both in temperate (e.g., Castaldi et al., 2023, 
Dvorakova et al., 2023) and tropical context (e.g., Silvero et al., 2021; 
Pérez et al., 2022). A threshold of 0.15 was used, based on the previous 
work of Gomez et al. (2022) dedicated to the same study area.

Finally, only the common bare soil pixels of both images were 
selected for further studies, representing 88 % of the cultivated areas, 
evenly distributed throughout the watershed.

2.4. Topsoil samples with clay content

In November 2019, we collected 164 topsoil samples over the 
Berambadi watershed on agricultural fields without sediment applica
tion between 2017 and 2019. The sampling followed the sampling 
design detailed in Gomez et al. (2022), ensuring it was representative of 
the study area and covered the full range of soil types. Among these 
samples, 125 topsoil samples were located over bare soil pixels on both 
Sentinel-2 images and were evenly distributed on the watershed 
(Fig. 1b). These 125 samples were kept for building regression models of 
clay content prediction. Each sample was composed of 5 subsamples 
taken at a depth of 5 cm within a 10 m × 10 m square centered according 
to the geographical position of the sampling field. The 5 subsamples 
(1500 g in total) were then mixed and 20 g were extracted to be air-dried 
and sieved at 2 mm. We used the pipette method, as described by Piper 
(1966), to estimate the clay content of the samples. The clay content of 
these 125 samples ranged from 5.8 to 59.2 % with a mean of 22.5 %, a 
standard deviation of 11.5 % and a skewness of 0.6 %.

In a previous study dedicated to the same area, Gomez et al. (2025)

showed that the soil clay content before sediment application ranged 
from 10.9 to 51.1 % with a mean of 30.0 %, while the clay content of soil 
recently mixed with sediment ranged from 33.9 to 50.5 % of clay con
tent with a mean of 41.6 % (See Supplementary Table 1 in Gomez et al. 
2025). So, although the model was trained only on samples from fields 
without sediment application, our 125 soil samples cover a wide range 
of clay content, encompassing both soils with no sediment applications 
and soils recently mixed with sediment.

As soil clay content is a property that remains stable over time in the 
absence of sediment application, Sentinel-2 images acquired in 2017 
and topsoil samples collected in 2019 can be used together to build clay 
content prediction models, as reported in many previous studies (e.g., 
Castaldi, 2021; Castaldi et al., 2023; Vaudour et al., 2021; Žížala et al., 
2019).

2.5. Control fields

Using three high-resolution images available on GoogleEarth, ac
quired on 2017–02-23, 2017–02-24 and 2017–02-27 (Google Earth Pro, 
2025), we visually identified 57 agricultural fields with piles of sediment 
and delineated their boundaries (Fig. 2a). Indeed, the ground surface of 
a pile of sediment is estimated to be around 5 m2 and are often black and 
contrasting with the red colour of the soil (Gomez et al. 2025). Both the 
distinction in colour and their volume makes the piles easily identifiable 
on Google Earth (see Fig. 2b and Supplementary Fig. S5). There is a 
possibility that some of these 57 applications occurred before the 2017- 
02-03 (date of our first Sentinel-2 image). However, this seems unlikely, 
as field observations indicate that sediment piles are typically left in the 
field for only a few days before being incorporated. Among these 57 
agricultural fields, 14 contain less than 30 % pixels identified as bare 
soil, and were therefore excluded from the analysis due to insufficient 
bare soil coverage. The remaining 43 fields, with at least 30 % bare soil 
pixels, were used as control fields with sediment application. Their mean 
surface area is 0.32 ± 0.17 ha. We also identified 19 agricultural fields 
with at least 30 % bare soil as control fields without sediment applica
tion in 2017 based on farmer interviews. Their mean surface area is 0.38 
± 0.16 ha. To account for potential misalignment between field 
boundaries and the clay raster maps, an inner buffer of 5 m was applied 
to all control fields (43 with sediment application and 19 without), 
ensuring a more accurate analysis by reducing edge-related discrep
ancies. On average, the implementation of this buffer decreases the 
number of bare soil pixels taken into account in these control fields by 
37 %.

Following the spectral response observed in Lab (Supplementary 
Fig. S3), we also observed that Sentinel-2 spectral responses of the 
control fields without sediment and of the control fields having received 
sediment, appear relatively similar, with lower reflectance for sediment 
and soil mixture than soil (Supplementary Fig. S4B). Finally, the S2 
spectra of both February (Supplementary Fig. S4C) and April 
(Supplementary Fig. S4D) from the two groups (control fields which 
never received sediment and control fields which received sediment 
application before April) fall within the range of the dataset used to train 
the regression models. It indicates that they share similar overall char
acteristics with the training data and that the PCA model provides an 
appropriate representation for their projection. Their position suggests 
that no major structural differences or atypical patterns distinguish them 
from the original dataset on the first two principal components.

2.6. Agricultural field delineation

For identifying the fields over which sediment was applied in 2017, 
we used an agricultural field delineation of the Berambadi watershed in 
2017, which was first produced for the study zone in 2014 and then 
updated using Google Maps tiles dating from January 2017 (Sharma 
et al., 2018). This delineation contains 16,612 polygons, which belong 
to the category “agricultural land”. As with the control fields, to account 
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for potential misalignment between agricultural field delineation and 
the clay raster maps, an inner buffer of 5 m was applied to all polygon 
boundaries, ensuring a more accurate analysis by reducing edge-related 
discrepancies. On average, the implementation of this buffer decreases 
the number of bare soil pixels taken into account in the agricultural field 
delineation by 32 %. Furthermore, only agricultural fields with at least 5 
bare soil pixels and a minimum of 30 % bare soil coverage were retained 
for the analysis. This selection resulted in a total of 10,925 fields, with an 
average area of 0.31 ± 0.21 ha. The control fields presented in section 
2.5 have a mean surface area that is statistically similar to the entire 
agricultural field delineation. Thus, there is no size bias in the fields used 
as control and they are representative of the entire fields in the 
watershed.

2.7. Map of soil colour change to detect sediment application

Sediment applications have already been detected with a map of soil 
colour change produced using the same Sentinel-2 images, based on the 
hypothesis that a change of soil colour from “Red” (characteristic of 
Ferralsol) in February 2017 to “Black” (characteristic of most of the 
sediment) in April 2017 could be attributed to sediment application 
(Gomez et al., 2021).

The change of soil colour between both dates was estimated based on 
a bootstrap procedure providing 50 classifications for each Sentinel-2 
image. The mean of frequency of changes over the 50 iterations was 
calculated at the field scale and high and positive values (from 40 to 50 
iterations) corresponded to a significant change of soil colour from 
“Red” to “Black”.

The map of soil colour changes in Gomez et al. (2021) was produced 
after masking only green vegetation, but not dry vegetation as in this 
study. In order to compare similar surfaces of bare soil pixels, we 
intersected the map of soil colour changes with the filtered Sentinel-2 
images used in this study.

2.8. Regression models

The Multiple Linear Regression (MLR) method was chosen to 
construct clay content prediction models (Montgomery et al., 2012) 
following several previous studies (e.g., Gomez et al., 2022; Mirzaee 
et al., 2016; Wang et al., 2022b) which take benefit from the straight- 
forward intuitive interpretation, efficiency and simplicity of this MLR 
method. Sentinel-2 reflectance data were used as predictors (10 spectral 
bands) in the MLR models and the clay content data from topsoil sam
ples selected over corresponding bare soil pixels were used as response 
variables (1 soil property). One MLR model was built from each 
Sentinel-2 image and each MLR model was then applied to bare soils 
pixels of the corresponding Sentinel-2 image to obtain a clay map at each 
date (Fig. 3a).

The initial dataset of 125 couples of clay content and Sentinel-2 
reflectance data over bare soil pixels was divided into a calibration 
dataset (3/4 of the initial dataset) and a validation dataset (1/4 of the 
initial dataset). The clay contents were sorted in ascending order, and 
the sample with the lowest clay content was put into the validation 
dataset. This process was repeated iteratively: every fourth sample was 
placed into the validation set, and the others into the calibration set. 
This approach ensured that both the calibration and validation sets 
exhibited comparable distributions of clay content. Spectral outliers 
were investigated in the calibration datasets for each date (Wold et al., 
2001). The spectral outliers were identified by applying the Mahala
nobis distance (Mark and Tunnell, 1985) to data condensed by principal 
component analysis (PCA). A Mahalanobis distance of 3.5 was selected 
as the threshold for the identification of spectral outliers. If a sample 
corresponding to a spectral outlier was identified for one date, it was 
removed from both datasets in order to build the models on the same 
datasets and obtain comparable results.

Performances of both regression models were assessed on the cali
bration dataset using both the coefficient of determination (R2

cal) and the 
Root Mean Square Error (RMSEcal). They were also assessed on the 
validation dataset using the coefficient of determination (R2

val), the Root 
Mean Square Error of prediction (RMSEP), the ratio of the performance 

Fig. 2. a) 19 control fields without sediment in 2017 (green polygons) and 43 control fields with sediment application (red polygons), b) zoom on two control fields 
with piles of sediments detected on GoogleEarth on the 23/02/2017, 24/02/2017 and 27/02/2017.
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to the deviation (RPD) and the Ratio of Performance to Interquartile 
distance (RPIQ) (Bellon-Maurel et al., 2010) (Fig. 3a). According to 
Chang et al. (2001) and Viscarra Rossel et al., (2006), RPD values be
tween 1.4 and 1.8 indicate models with moderate predictive perfor
mance, values between 1.0 and 1.4 indicate poor predictive 
performance, and values below 1.0 correspond to very poor models. 
Based on this ranking system, RPIQ values below 1.89 indicate unsuc
cessful estimations, whereas values up to 2.7 correspond to good 
estimations.

Both clay content maps obtained by applying the MLR model Mti to 

the corresponding image acquired at ti (Fig. 3a), were analysed and 
compared. The bias between the clay contents predicted in February and 
April was calculated as follows: 

Bias =
∑n

i=1

ŷ i,t2 − ŷi,t1

n
(1) 

where n is the number of bare soil pixels, ŷi,t2 
the predicted clay value 

obtained on 2017–04-24 (t2) over the pixel i and ŷi,t1 
the predicted value 

of clay on 2017–02-03 (t1) over the same pixel i.

Fig. 3. Workflow of sediment applications mapping based on a couple of Sentinel-2 images for the dates: t1 = 03/02/2017 and t2 = 24/04/2017.
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Finally, the difference in predicted clay content (Diffj) between both 
images was calculated for each pixel (Fig. 3b) using the following 
approach: 

Diffj = ŷj,t2 − ŷj,t1 (2) 

where ŷj,t2 
is the predicted clay content value of the pixel j on the 24th of 

April 2017 and ŷj,t2 
the predicted clay content value of the pixel j on 

2017–02-03.
Regression models and analysis were performed using R software (R 

Development Core Team, 2012), and both the ade4 (Dray and Dufour, 
2007) and pls packages (Mevik and Wehrens, 2007) were used.

2.9. Confidence interval estimation

A confidence interval, which reports the range of values within the 
true value is expected (Heuvelink, 2014), was calculated (Fig. 3b). The 
lower and upper confidence interval limits are designated as CIinf and 
CIsup, respectively. For a pixel j, the difference Diffj in predicted clay 
contents between t1 and t2 is considered: 

• non-significant and is attributed to MLR models errors if CIinf < Diffj 
< CIsup,

• significant if Diffj exceeds the confidence interval with Diffj > CIsup 
which truly reflect sediment application and not changes in surface 
conditions that may also affect reflectance,

• significant if Diffj < CIinf but for which MLR models errors may not 
explain such difference between both dates.

The confidence interval was calculated based on the residuals X1 of 
the model Mt1, i.e the difference between the measured and the pre
dicted values at t1 for the validation dataset, and the residuals X2 of the 
model Mt2 i.e the difference between the measured and the predicted 
values at t2 for the validation dataset, as proposed by Styc (2020): 

CIinf = yX2 − X1 − 1, 162σX2 − X1 (3) 

CIsup = yX2 − X1 + 1,162σX2 − X1 (4) 

where CIinf is the lower interval limit of the difference, CIsup is the upper 
interval limit of the difference, yX2 − X1 is the mean of the distribution of 
X2 − X1, σX2 − X1 is the standard deviation of X2 − X1 and 1.162 is the 
Student’s coefficient for a 90 % confidence interval estimation corre
sponding to our number of topsoil samples representing the measured 
data.

Finally, a map highlighting significant differences in clay content 
between t1 and t2 was created with only the pixels where the clay content 
difference Diffj was either below CIinf or above CIsup (Fig. 3c).

2.10. Criteria for detection of fields with a significant difference in clay 
content

In our study, a field f shows a significant difference of clay content 
between the two dates if it meets the following criteria: both the mean 
and median differences in clay content of the field are above CIsup. or 
both under CIinf. Using the median clay difference helps to exclude fields 
where a few outlier pixels strongly influence the mean difference. 
Conversely, the mean clay difference helps to capture fields where a 
subset of pixels shows distinctly different clay values from the rest, i.e. 
with patterns that would not be detected by the median alone.

If both mean and median differences are positive and above CIsup. we 
considered that the field f presents a significant increase in clay content 
associated with a sediment application. If these differences are negative 
and under CIinf, we considered that the field f presents a significant 
decrease in clay content. An analysis of control fields (with and without 
sediment application) was conducted to validate our approach (Fig. 3b). 

Then, these criteria were used to detect fields with sediment application 
between t1 and t2 at watershed scale, based on the agricultural field 
delineation of the Berambadi watershed (section 2.6) and also to detect 
fields with a significant decrease in clay content.

We carried out Wilcoxon Signed-Rank tests (non-parametric test) in 
order to compare the average clay content between different field 
groups (fields with a significant increase in clay content, fields with a 
significant decrease in clay content and fields with no significant 
variation).

2.11. Comparison with soil colour change map

To test the robustness of our method compared to the soil colour 
change map, we compared fields detected with a significant difference in 
clay content and fields detected with a significant change of colour 
based on the map of soil colour changes produced in Gomez et al. 
(2021). Both control fields and the agricultural fields delineation were 
studied with both methods. Among the 43 control fields with sediment 
application, only 42 could be studied with the soil colour change map, as 
one field has no bare soil pixel on this map due to the difference in the 
mask applied to the original Sentinel-2 images.

We applied similar criteria (mean and median above the significant 
threshold determined in Gomez et al., 2021) to the map of soil colour 
changes to detect fields with a significant difference. Thus, a field f was 
considered as having received sediment if both the mean and median 
changes from “Red” to “Black” exceeded 40 across the 50 iterations 
(significant threshold in Gomez et al., 2021). Similarly, a field f pre
sented a significant change of colour from “Black” to “Red” when both 
the mean and median changes from “Black” to “Red” exceeded 40 across 
the 50 iterations. An analysis of the 42 control fields with sediment 
application and the 19 control fields without sediment on the colour 
change map was conducted to compare with our approach. We carried 
out Wilcoxon Signed-Rank Test (non-parametric test) to compare the 
average clay content between the fields with both significant difference 
with the clay content approach and the colour change approach and the 
fields showing a significant change only in clay content.

3. Results

3.1. Regression models performances

No spectral outlier was identified in the calibration dataset built from 
the image acquired on 2017-04-24 and two spectral outliers were 
identified in the calibration dataset built from the image acquired on 
2017-02-03, reducing the calibration dataset from 96 initially to 94 data 
points for both models. Both MLR models were built, first trained by the 
calibration dataset (94 couples of spectrum acquired either on 2017-02- 
03 or 2017-04-24, and associated measured clay content) and validated 
on the validation dataset (31 couples of spectrum acquired either on 
2017-02-03 or 2017-04-24, and associated measured clay content) 
(Fig. 3a). The Sentinel-2 spectra of these 125 bare soil pixels presented 
different intensity but similar shape with the typical increase of reflec
tance from VIS (B02) to SWIR (B12) bands, with a peak at the SWIR1 
band (B11) (Supplementary Fig. S4A), as observed in Vaudour et al. 
(2019a).

The performances of the models were similar according to the R2 and 
RMSE values, for both calibration and validation steps (Table 1, Sup
plementary Fig. S1 and Fig. S2). According to the criteria defined in 
Section 2.8, the RPIQ and RPD values are also satisfactory.

3.2. Predicted clay content maps

Each model was applied to common bare soil pixels of the corre
sponding Sentinel-2 image, evenly distributed throughout the watershed 
(Fig. 4a). This process led to two clay content maps with a clay value for 
every bare soil pixel on 2017-02-03 (Fig. 4a) and on 2017-04-24 
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(Fig. 4b). For both maps, we observed a similar spatial pattern between 
both maps, with low clay contents (around 20 %) located in the uplands 
and hillsides, whereas higher predicted clay contents (which may exceed 
50 %) were located in the valleys (Fig. 4a). These maps have a close clay 
content distribution (Fig. 4c) with similar skewness (0.5 in February and 
0 in April), mean (24.5 % in February and 24.2 % in April), and standard 
deviations (10.0 % in February and 10.2 % in April). They both follow a 
normal distribution and there is no bias between predicted values at 
both dates (bias of − 0.23 %), which proves that different intensities 
between spectra acquired at both dates (Supplementary Fig. S4A) do not 
affect the predictions. This distribution shows that, while there are two 
major soil types in the watershed, there were no bimodal patterns in clay 
content distribution but rather a continuum centred at 24 % of clay 
content.

3.3. Analysis of significant clay content differences

The CIinf and CIsup (Eqs. (3) and (4)) determining the threshold of 
predicted clay content differences that are considered significant were 
equal to − 9.8 % and 9.8 %, respectively. So, a field f was considered as 
having received sediment if both the mean and median difference in clay 
content of the field were above 9.8 %. A map of the clay content vari
ation between 2017–02-03 and 2017–04-24 at the watershed scale was 
produced, highlighting the pixels showing a significant variation 
(Supplementary Fig. S6).

3.3.1. Validation of the method with control fields
There are 18 control fields without sediment application with a clay 

content difference within the confidence interval [CIinf; CIsup] (Table 2), 
meaning that 95.0 % of our 19 control fields were successfully consid
ered as not having received sediment based on these predicted clay 
content analyses. These 18 fields showed a mean increase of 2.7 ± 2.9 % 
in clay content and a mean predicted clay content in February of 29.7 ±
9.3 %. The remaining control field showed a mean and median differ
ence in clay content slightly above CIsup (10.0 and 10.2 % respectively). 
Therefore, the risk of getting false positive results when using this 
method to detect sediment application is relatively low.

Among the 43 control fields with sediment application, 38 fields (i.e. 
88.4 %) were successfully considered as having received sediment based 
on the difference in clay contents estimated between both dates 
(Table 2). These 38 fields present a mean increase of 19.3 ± 6.3 % in 
clay content, which is more than twice the significant threshold, 
showing that sediment application can have a strong impact on soil 
texture. The mean predicted clay content in February for these 38 fields 
was 19.9 ± 6.8 %, i.e. slightly lower than the average clay content at 
watershed scale in February (24.5 %).

The 5 remaining control fields with sediment application displayed 
no significant difference in clay content between both dates with a mean 
increase of 1.9 ± 7.1 % of clay content. These fields had a greater clay 
content in February compared to the other control fields: 43.0 ± 5.9 %. 
This high clay content prior to the sediment application may explain 
why the addition of sediment was not sufficient to raise the clay content 
above the threshold, especially if we consider that the mean clay content 
of sediment measured in Gomez et al. (2025) is 48.1 %.

3.3.2. Analysis at watershed scale
Based on the agricultural field delineation from 2017, our method 

allowed to identify 242 fields having received sediment (orange poly
gons, Fig. 5). These fields represented a total area of 76.2 ha and were 
evenly distributed over the entire cultivated area of the watershed 
(Fig. 5). Their mean increase in clay content was 15.4 ± 6.4 %. The 
interquartile range indicated that 50 % of the observed increases laid 
between 10.9 % (Q1) to 17.9 % (Q3) (Fig. 6a). The mean predicted clay 
content of these fields in February was 21.0 ± 8.3 % (Fig. 6b). We 
detected sediment applications even for fields with an initial clay con
tent greater than 35 % which are considered as highly clayey fields. This 
was not the case among the control fields with sediment application, 
where the 5 fields which were initially highly clayey were not detected. 
As sediment from different reservoirs in the area show a wide range of 
clay content (Gomez et al., 2025), even highly clayey fields receiving 
applications can be detected by our method if the sediment is particu
larly rich in clay.

We identified 208 fields as having a significant decrease of clay 
content from February to April (blue polygons, Fig. 5). These fields 
represented a total surface area of 56.4 ha and were mostly present on 
the North East of the Berambadi watershed (Fig. 5). Their mean clay 
content decrease was − 11.8 ± 1.6 % (Fig. 6a ), and the interquartile 
range indicated that 50 % of the observed decreases laid between − 12.6 
% (Q1) and − 10.3 % (Q3). Hence, compared with fields with a signifi
cant increase in clay content, the range of decrease was much narrower. 
Moreover, their mean predicted clay content in February was 30.1 ±
6.7 % (Fig. 6b), i.e. statistically higher than the average of fields with no 
significant variation (24.4 ± 9.6 %) (Wilcoxon Signed-Rank tests, p- 
value = 2.2e-16) and the 242 fields with a significant increase in sedi
ment application (21.0 ± 8.3 %) (Wilcoxon Signed-Rank tests, p-value 
= 2.2e-16).

3.4. Comparison with sediment application detection based on soil colour 
changes

Based on the soil colour change map, 18 of the 19 control fields 
without sediment application presented no soil colour changes from 
February to April (Table 3). Among the 42 fields with sediment appli
cation, only 17 fields met the criteria leading to a change from “Red” to 
“Black”, attributed to a sediment application (Table 3). None of the 
remaining 25 fields met the inverse criteria leading to a change from 
“Black” to “Red” (Table 3), while 22 of these fields were detected as 
having received sediment application from the clay content variation 
analysis. Thus, it can be concluded that the detection of sediment 
application based on a variation of clay contents from February to April 
is a more consistent method than the one based on soil colour change.

Among the 242 fields detected with a significant increase of pre
dicted clay content, 221 could be studied with the soil colour change 
map while the other 21 did not match 30 % of coverage in bare soil with 
the soil colour change map. Among these 221 fields, 69 were also 
detected with a soil colour change from “Red” to “Black” while the 
remaining 152 fields were not associated to a soil colour change.

The clay content predicted in February was significantly lower for 
the 69 fields exhibiting changes in both clay content and colour than for 
the 152 fields exhibiting only a change in clay content but not in colour 
change (Wilcoxon Signed-Rank tests, p-value = 4.913e-07) (Fig. 7b). 
Moreover, the clay content increase was significantly higher for the 69 
fields exhibiting changes in both clay content and colour than for the 
152 fields exhibiting a change in clay content but not in colour (Wil
coxon Signed-Rank tests, p-value = 4.353 e-06) (Fig. 7a). The distribu
tion of predicted clay content in February according to their soil colour 
classification from Gomez et al. (2025), shows that half of the soils 
classified as “Red” exhibit clay content predicted in February from 13.4 
% (Q1) to 21.9 % (Q3) with an average of 17.5 % (Fig. 8), while soils 
classified as “Black” have a higher clay content, with a mean of 31.9 %, 
with half of the values ranging from 26.9 % (Q1) to 36.2 % (Q3) (Fig. 8).

Table 1 
Figures of merit obtained with both MLR models built from Sentinel-2 images 
acquired in February and April. The statistics used are: R2 

= coefficient of 
determination; RMSE = root mean square error; RMSEP = Root Mean Square 
Error of prediction; RPIQ = ratio of performance to interquartile range and RPD 
= ratio of the performance to the deviation.

Calibration Validation

R2
cal RMSEcal (%) R2

val RMSEP (%) RPIQ RPD

2017–02-03 0.76 5.71 0.71 6.15 2.55 1.79
2017–04-24 0.77 5.62 0.75 5.55 2.82 1.99

J. Gaab et al.                                                                                                                                                                                                                                    Geoderma 464 (2025) 117630 

8 



Thus, more fields with sediment application were detected with the 
clay content change approach compared to the soil colour change 
approach. In addition, the clay-based approach allowed detecting ap
plications over a wider range of initial clay content values while the 
colour-based approach was mostly effective when the initial clay con
tent was low.

Among the 208 fields detected with a significant decrease of pre
dicted clay content, only 166 could be studied with the soil colour 
change map while the other 42 did not match the criteria of 30 % of 
coverage in bare soil with the soil colour change map. Among these 166 

fields, 22 were also detected with a soil colour change from “Black” to 
“Red”, while for the remaining 144 fields, no colour change was 
detected. The decrease in the clay content was small, and not signifi
cantly different between the two groups (Wilcoxon Signed-Rank tests, p- 
value = 0.2807) (Fig. 9a). The mean initial clay content was not 
significantly different (Wilcoxon Signed-Rank tests, p-value = 0.8062) 
between the two groups. The range was much larger when the appli
cation was detected only with clay content changes, suggesting that, as 
for clay content increases, the method based on soil colour can detect 
changes only on a narrow range of initial clay content (Fig. 9b).

Fig. 4. Predicted clay content map a) on the 2017–02-03, b) on the 2017–04-24 and c) density graph of predicted clay content from both images.
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4. Discussion

4.1. Clay content mapping accuracies

The regression models for clay content estimations that we obtained 
from both Sentinel-2 images provided good performances regarding the 
figures of merit (Table 1). Moreover, these performances are in accor
dance with the ones obtained in literature with Sentinel-2 data. Our R2 

values fall within the same range as those of Gomez et al. (2022) (R2 

between 0.7 and 0.8) and Gasmi et al. (2022) (R2 of 0.71) and are 
slightly higher than those reported by Bellinaso et al. (2021), Vaudour 
et al. (2019a) and the average values of Castaldi et al. (2023). RPIQ of 
our models are slightly lower than the one of Gasmi et al. (2022) (RPIQ 
of 3.01), while they are higher than in Bellinaso et al. (2021) (RPIQ of 
1.86) and Castaldi et al. (2023) (RPIQ of 2.50). Finally, our RPD values 
are close to the one of Gasmi et al. (2022) and higher than the values in 
Vaudour et al. (2019b) (RPD from 1.0 to 1.5).

Table 2 
Number of fields among control fields (19 without sediment application and 43 
with sediment application) meeting (the one with 19 control fields without 
sediment application and the one with 43 control fields with sediment appli
cation) meeting criteria based on the clay-based approach.

19 control fields 
without sediment 

application

43 control fields 
with sediment 

application

Number of fields with significant 
clay content decrease between t1 

and t2

0 0

Number of fields with clay content 
differences inside the confidence 
interval [CIinf; CIsup]

18 5

Number of fields with significant 
clay content increase between t1 

and t2

1 38

Fig. 5. 208 (in blue) and 242 (in orange) fields presenting a significant decrease and increase of predicted clay content following the criteria respectively.

Fig. 6. Violin plots for the 208 (in blue) and 242 (in orange) fields presenting a significant decrease and increase of predicted clay content following the criteria, 
respectively. a) mean of predicted clay content differences per field, b) mean of initial clay content predicted in February per field.
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Both models are calibrated on bare soils that have not received any 
sediment, and similarly, they are validated on bare soils that have not 
received sediment. Checking the validity of the models specifically on 
soils with sediment would have improved our confidence in the precise 
estimation of clay content on these soils with sediment and would also 
allow us to quantify the clay content changes. However, this is beyond 
the scope of this paper, as we aim at using these significant variations of 
clay content as a proxy to detect the practice and not to precisely 
quantify the clay variations. A future work might be to improve the 
estimation of clay content on soils that have received sediment to finally 
quantify the clay content changes over detected fields impacted by this 
practice.

These models are calibrated from couples of soil properties and 
remote sensing image with temporal mismatch, as soil samples were 
collected in 2019 and S2 images were acquired in 2017. This approach 
remains correct as models are trained on soils that have not received any 
sediment and clay is a perennial property. It also aligns with existing 
literature (e.g., Castaldi, 2021; Castaldi et al., 2023; Vaudour et al., 
2021; Žížala et al., 2019).

Finally, our study follows a large literature using MLR and multi
spectral data (e.g., Gomez et al., 2022; Mirzaee et al., 2016; Wang et al., 
2022b). However, for more in-depth methodological studies, such as 
optimizing predictions at each date, a non-parametric approach, as 
suggested by Swain et al. (2021) and Biney et al. (2022), could represent 
a valuable step forward.

4.2. Model uncertainties due to multi-dates analysis

As highlighted previously by Vaudour et al. (2019b), models per
formances may vary from a Sentinel-2 image to another acquired on the 
same area, due to soil surface condition, amongst which soil roughness 
exhibited the most significant influence in their study. Their SOC pre
dictions were more accurate with Sentinel-2 images acquired during 
periods with low surface roughness, along with those with no crop 
residues and no preceding rainfall events. Gomez et al. (2022) also 
highlighted that the prediction accuracy is more influenced by soil 
surface conditions than by atmospheric conditions, since atmospheric 
correction models yield comparable performances. These differences in 
model performances from a Sentinel-2 image to another are generally 
not enough to affect the pattern of the spatial distribution of soil prop
erties, but they can introduce slight variations of predicted soil prop
erties in time.

In our case, 95.9 % of the total fields and 95 % of our 19 control fields 
without sediment application present a clay content difference inside 
the confidence interval proposed by Styc (2020), which confirms that 
variations due to environmental factors (moisture, roughness or atmo
spheric conditions) fall within the confidence interval, and as a conse
quence, variations greater than the confidence interval should be 
attributed to other causes, such as sediment applications.

4.3. Significant difference in clay content as an indicator of sediment 
application

We found that the detection of sediment application with the clay 
content approach was more consistent than a detection based on a soil 
colour change. This difference in robustness can first be explained by the 
fact that the colour-based approach is not able to detect sediment 
application on soil identified in February as “Black”. Secondly, the 
qualification for the soil colour calibration database based on the 
Munsell colour system includes a subjective dimension (Post et al., 
1993) and possible errors, in particular for samples that are not clearly 
red or black soils but rather brown soil (Gomez et al., 2021). Several 
sediment applications were detected with the colour change approach 
but not with the clay content approach because of the strong threshold 
effect in the colour method, where a pixel colour change can be linked to 
a small spectral change, particularly if the initial clay content ranges 
between 25 and 30 %.

Comparing clay contents between two dates allows quantifying the 
impact of the practice on soil texture when the change is large enough. 

Table 3 
Number of fields among the control fields from both validation datasets (the one 
with 19 control fields without sediment application and the one with 43 control 
fields with sediment application) meeting criteria based on the soil colour 
changes approach.

Colour change 19 control fields 
without sediment 
application

42 control fields with 
sediment application 
existing on the soil colour 
change map

Number of fields with 
significant soil colour 
changes from Black to Red 
between t1 and t2

1 0

Number of fields with no soil 
colour changes

18 25

Number of fields with 
significant soil colour 
changes from Red to Black 
between t1 and t2

0 17

Fig. 7. Violin plots for the 69 fields (in grey) presenting both a significant increase of clay content and a change Red to Black colour, and the 152 (in black) 
presenting a significant increase of clay content and no soil colour change. a) mean of predicted clay content differences per field, b) mean of clay content predicted in 
February per field (all in %).
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Most of the control fields with sediment application could be detected 
with our method. The absence of a detection for five control fields is 
caused by the lack of a significant difference in clay content which can 
be due to the following reasons: an initial high clay content of the soil, a 
low clay content of the sediment and/or a low dose of sediments applied. 
First, Gomez et al. (2025) observed that the texture of the sediments 
collected in reservoirs in the Berambadi watershed varies from Sandy 
Clay Loam to Clay in the USDA soil textural triangle, and also observed a 
high variability of sediment application dose across individual farmers. 
As observed by Barbiero et al. (2010), soil textures in the Berambadi 
watershed vary from coarse (Sandy Loam over Ferralsols and Chromic 
Luvisols) to fine (Clay over Vertisols and Vertic intergrades). Based on 
our soil sample dataset, the clay content in the Berambadi watershed 
exhibits a wide, unimodal distribution centered around 22.5 %, corre
sponding to a Sandy Clay Loam texture. Therefore, the texture of the 
sediment might not always differ sufficiently from that of the soil to 

significantly affect the soil clay content, and even if the difference is 
large, the quantity applied might not always be sufficient. We can be 
confident that the method accurately classified fields with sediment 
application. However, this method might underestimate the extent of 
the practice, as it detects the sediment applications only if they have a 
sufficient impact on soil texture. Moreover, the number of fields iden
tified as having received sediment in 2017 is also likely underestimated 
by our approach, as it focuses only on pixels covered by bare soil. 
Indeed, vegetated soil pixels are masked in soil properties mapping 
approach as dry and green vegetation are known to interfere with 
spectral measurements and compromise the accuracy of soil property 
predictions (Bartholomeus et al., 2011, Ouerghemmi et al., 2011, 2016). 
Finally, the time window between the two Sentinel-2 images limits 
sediment detection, leading to an underestimation of the practice. 
Sediment applications before 2017-03-02 remain undetectable, as any 
potential clay content increase would have occurred earlier than the first 
Sentinel-2 image. A multi-temporal approach with a wider time window 
could capture more applications within a dry season. Nevertheless, in 
2017, the Sentinel-2 image from the 03-02 was the earliest usable one, as 
no earlier image matched the dry season (starting in January) with a 
long enough rain-free and cloud-free period to ensure reliable 
predictions.

The detection of 22 fields with both a significant decrease in clay 
content and a change from ‘Black’ to ‘Red’ suggests that some agricul
tural practices can reduce clay content, such as deep ploughing or an 
application of sandy sediment. Sediments from water reservoirs over 
Berambadi watershed exhibit contrasting physico-chemical properties 
from one reservoir to another (Gomez et al., 2025). Sediments collected 
from low clayey reservoirs (e.g., Gopalapura reservoir) could induce an 
increase in clay content only if applied to sandy soils, but may induce the 
opposite effect if applied to soils with greater clay content. Moreover, 
farmers in this region practice cropland leveling via sandy sediment 
application which can strongly affect the physical and chemical prop
erties of the plough layer (Aschonitis et al., 2012, Fuentes-Guevara et al., 
2022 and Oztekin, 2013). Another possible explanation is that sediment 
applications occurred shortly prior to the first Sentinel-2 acquisition, 
resulting in high clay content predictions due to sediment piles on the 
2017-02-03 image, followed by a decrease in April as the sediments are 
mixed with the soil.

4.4. Toward an estimation of the spatio-temporal evolution of the practice

Assuming that the year 2017 is representative of the extent of the 

Fig. 8. Distribution of clay content predicted in February, for pixels associated 
to Red soil colour in February from classification approach (in red) and asso
ciated to Black soil colour in February from classification approach (in black).

Fig. 9. Violin plots for the 22 fields (in grey) presenting a significant decrease of clay content and a change of soil colour from Black to Red, and the 144 (in black) 
presenting a significant decrease of clay content and no soil colour change. a) mean of predicted clay content differences per field, b) mean of clay content predicted 
in February per field (all in %).
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practice, this suggests that around 2000 fields could have been amended 
with sediment from 2017 to 2024, accounting for approximately 12 % of 
the crop fields in the watershed. As sediment application occurs almost 
exclusively over irrigated fields (Gomez et al., 2025) and considering 
that less than 60 % of the farmers have access to irrigation (Robert et al., 
2017), we can assume that around 20 % of the irrigable crop fields in the 
watershed have received sediments in the past 8 years, which is far from 
anecdotal. Beyond this first estimation based on one year (2017) and in 
order to evaluate the spatio-temporal evolution of the practice, it would 
be necessary to apply the method to different years, in addition to the 
first estimation based on one year (2017).

In this way, the characteristics of hydrological years, which may 
provide information on access to sediments, could help to map the 
practice. Indeed, the capacity of farmers to apply sediments depends, 
among others, on hydrological factors: excavators and tractors can ac
cess sediments only if the reservoirs are fully or at least partially dry 
during the summer season, which is not always the case.

One difficulty for applying the method to different years is that our 
method requires an accurate field boundary delineation. For this paper, 
we detected sediment applications at watershed scale using a field 
boundary delineation based on a layer which may have some errors as 1) 
it contains a significant number of polygons (18,146) of which 16,612 
belong to the category “agricultural land” and are used in this study, and 
2) it was produced manually. Nevertheless, a visual check allowed us to 
estimate the high quality of this field boundary delineation and the use 
of a buffer was considered as a last step of quality assurance. Unfortu
nately, field boundary delineations were only available for the year 
2017, thereby limiting the mapping of sediment application to that 
period. This constitutes a limitation for reproducing our methodology as 
it stands over a multi-year time series. Remedying this problem by 
producing a field boundary delineation for every year would be 
extremely labour-intensive. Moreover, while application of deep 
learning on optical remote sensing data may lead to successful delin
eation of field boundaries in industrial agricultural systems (e.g, Yan and 
Roy, 2014), the same approach dedicated to smallholder systems may 
lead to poor quality delineation due to i) small fields that require high 
resolution satellite imagery (e.g., Sharma et al., 2018) and ii) lack of 
ground labels for model training and validation (e.g., Wang et al., 
2022a). Thus, in order to ensure a better reproducibility of the method, 
the next step might be to develop a method for detecting the practice 
without using an agricultural field delineation, for example by using 
pixel clusters. First, it would improve our understanding of the practice 
in the Berambadi watershed (variations related to hydrologic condi
tions, possible recent expansion of the practice). Secondly, developing a 
more reproducible method would also allow applying the method to 
larger areas, in India or elsewhere, for assessing the spread of the 
practice in space and time and better understand its impact on soils and 
its overall sustainability.

4.5. Sentinel-2 as a major tool to study short-and long-term changes in 
soil properties at varying spatial scales?

In this study, we demonstrated the ability of Sentinel-2 data to detect 
significant short-term variations in clay content at the field scale within 
a watershed, resulting from sediment spreading on agricultural land. 
This opens new perspectives for the monitoring of both short-and long- 
term changes in soil properties at varying spatial scales, based on multi- 
temporal series of multispectral images such as Sentinel-2. Its good 
spatial resolution (10–20 m) might enable the detection of soil proper
ties variations on relatively small entities such as smallholders’ agri
cultural fields. Moreover, Sentinel-2 presents a 5-day revisit time which 
increases the probability of acquiring cloud-free images within short 
time windows. Based on promising works showing the potential of 
Sentinel-2 data for soil organic carbon (SOC) mapping (e.g., Vaudour 
et al., 2021), the detection of short-term variations in organic carbon 
due to agricultural practices such as compost or biochar inputs (e.g., 

Bellè et al., 2022), could be explored by Sentinel-2 data. The feasibility 
would depend, as in our work, on the performances of the SOC predic
tion models and also on the amplitude of the SOC changes induced by 
these practices, which must be higher than the residual-based confi
dence interval. Long-term variations of soil properties at field scale 
could also be studied, such as long-term changes in soil organic carbon 
stocks due to deforestation (Grinand et al., 2017). These scenarios 
concern variations on specific limited areas (fields or forest plots). This 
implies that a single training dataset with samples collected over pixels 
of unaffected areas of the study zone remains valid across multiple im
ages for predictive modeling. Studies of extensive and short-term dis
turbances, such as large-scale erosion following exceptional flooding 
events, could be explored by estimating changes of soil texture due to 
widespread silt deposition (Li et al., 2024). In this latter scenario, 
separate training datasets would be required for each monitoring date to 
account for the altered soil conditions. Finally, across all scenarios, 
variations of soil properties studied have to be great enough to exceed 
model uncertainty thresholds, to ensure robust and meaningful 
monitoring.

5. Conclusion

This study evaluated the potential of Sentinel-2 time series to detect 
significant increases in soil clay content resulting from anthropogenic 
interventions such as sediment application. We successfully mapped the 
spatial extent of the agricultural practice at field scale for a given 
cropping season. These results underscore the value of Sentinel-2′s high 
temporal resolution and spectral capabilities for capturing short-term 
soil property changes. It also demonstrates the superiority of our 
method based on the clay content increase detection, compared to the 
previous approach based on soil colour change.

However, the clay prediction models were calibrated for specific 
dates and locations, highlighting the need for site- and time-specific 
ground data to improve transferability. Future research using the full 
Sentinel-2 archive (2017–present) could allow exploration of the spatio- 
temporal dynamics of sediment reuse over multiple years, which could 
be related to the climatic or socio-economic context. More broadly, this 
work opens ways for monitoring both short- and long-term soil property 
changes (beyond clay content) at varying spatial scales using multi- 
temporal multispectral data.
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Fischer, C., Aubron, C., Trouvé, A., Sekhar, M., Ruiz, L., 2022. Groundwater irrigation 
reduces overall poverty but increases socioeconomic vulnerability in a semiarid 
region of southern India. Scientific reports 12, 8850 (2022). https://doi.org/10.1038 
/s41598-022-12814-0.

Frampton, W.J., Dash, J., Watmough, G., Milton, E.J., 2013. Evaluating the capabilities 
of Sentinel-2 for quantitative estimation of biophysical variables in vegetation. 
ISPRS J. Photogramm. Remote Sens. 82, 83–92. https://doi.org/10.1016/j. 
isprsjprs.2013.04.007.

Fuentes-Guevara, M., Armindo, R., Timm, L., Faria, L., 2022. Examining the land leveling 
impacts on the physical quality of lowland soils in Southern Brazil. Soil Tillage Res. 
215, 105217. https://doi.org/10.1016/j.still.2021.105217.

Gaillardet, J., Braud, I., Hankard, F., Anquetin, S., Bour, O., Dorfliger, N., de Dreuzy, J.R., 
Galle, S., Galy, C., Gogo, S., Gourcy, L., Habets, F., Laggoun, F., Longuevergne, L., Le 
Borgne, T., Naaim-Bouvet, F., Nord, G., Simonneaux, V., Six, D., Tallec, T., 
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