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indices in a semi-arid watershed
of the Moroccan High Atlas
Oussama Nait-Taleb1, Sana Elomari1, Kamal Abdelrahman2,
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Arts et des Sciences (FAFS), Université de Saint-Boniface, Winnipeg, MB, Canada
The existence of serious water erosion problems in different parts of a watershed

is often evidenced by the presence of high levels of suspended sediment in

watercourses. The indirect assessment of erosion through the measurement of

suspended sediments transported to catchment outlets serves as a robust

indicator of the environmental impact of agricultural practices. The aim of this

study is to propose a model for assessing the risk of soil degradation in the

upstream Tassaoute watershed (in theMoroccan High Atlas). Themethodology is

based on the statistical analysis of spectral indices derived from Sentinel-2A

satellite images acquired during the year 2021, including four vegetation indices

and nine soil indices. These indices are aggregated to form a composite image

(the independent variable), which is then subjected to regression analysis against

the individual indices (the dependent variable) to determine correlation

coefficients and coefficients of determination. Principal Component Analysis

(PCA) is then used to condense the information from all the spectral indices,

providing factorial coordinates and facilitating the identification of positive and

negative correlations. The principal component captures soil-related

information, while the secondary component focuses on vegetation

characteristics. The final predictive model is developed by assigning weights to

each index based on its coefficient of determination and the coordinates of the

factors. This approach produces a quantitative map delineating four categories of

soil potentially at risk of degradation. The results show that incorporating the

spectral bands of Sentinel-2A’s C-MSI sensor into the calculation considerably

improves accuracy and provides an accurate representation of ground reality.
KEYWORDS

soil degradation, spectral indices, Sentinel-2A image, soil indices, vegetation indices,
statistical analysis, upstream Tassaoute watershed.
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1 Introduction

Soil erosion, recognized worldwide as the main form of land

degradation, is intensified by the dynamic forces of water and wind,

as well as by human activities such as grazing, farming, land clearing

and land development for housing. These practices accelerate erosion.

Erosion takes various forms, including intercalary erosion, sheet

erosion, gully erosion and river erosion (1). Water-related soil

erosion represents a critical environmental challenge and is a subject

of major interest to researchers in various scientific fields such as

pedology, geomorphology and forestry. It also represents a major

environmental and agricultural risk (2). Interesting statistics from

several research studies indicate that soil erosion affects more than

10 million hectares of farmland worldwide every year, with annual loss

rates of around 43 petagrams (Pg) (3). A report by the FAO and the

IAEA, published in January 2023, reveals that 1.9 billion hectares are

currently affected by soil degradation, representing around 65% of the

planet’s soils. Erosion alone accounts for 85% of this degradation.

Around a quarter of the world’s population, or 1.5 billion people,

depend directly on already degraded agricultural land. Every year, more

than 36 billion tons of fertile soil are lost. The costs, for both cultivated

and uncultivated land, are immense, reaching around 400 billion

dollars a year (4, 5).

In the face of this crisis, erosion – particularly soil erosion

caused by water – is attracting increasing attention from researchers

and land management specialists. The loss of arable land is

intensifying, threatening the sustainability of agricultural systems

and the security of human infrastructures (1). To anticipate and

minimize damage, it is essential to better understand the factors that

influence these dynamics: rainfall patterns, soil types, topography

and land use. This is why the study of erosion calls on a variety of

disciplines, including physical geography, pedology, hydrology,

engineering, human sciences and economics – a resolutely

multidisciplinary approach (6). Soil erosion by water is a major

factor in the transfer of sediment into rivers, poses a serious threat

to land quality and affects around one billion hectares worldwide

(7). It has impacts either on-site in the depletion of soil resources,

reduced soil fertility, reduced vegetation growth, siltation of valleys

and reservoirs, desertification and damage to human infrastructure

or off-site include sedimentation in watercourses, reduced water

quality, economic and ecological damage to communities (8, 9).

In Morocco, soil erosion affects 40% of the land, with annual

loss rates ranging from 23 to 55 t/ha and reaching up to 524 t/ha in

some regions (10, 11). And in terms of water erosion, each year

Morocco causes soil losses ranging from 500 to over 5,000 t/km2,

depending on the region, and siltation of dam reservoirs to the tune

of 75 million m3. This represents an annual reduction of around

0.5% in their storage capacity, resulting in a significant loss of water

for irrigation of 10,000 ha/year, and a deterioration in the quality of

available drinking water (according to data from the Moroccan

High Commission for Water and Forests) (12–14). In Morocco’s

watersheds, for example, specific erosion levels vary considerably
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from region to region. The highest rates, more than 2000 t/km²/

year, are recorded in the Martil, Ouergha, Akhdar and Tassaout

basins. Intermediate levels, between 1000 and 2000 t/km²/year, are

found in the Neckor, M’Harhar and Loukkos basins. Other areas,

such as the Sebou, Inanouène, Oued El Abid and Massa basins, have

rates ranging from 500 to 1000 t/km²/year. The rest of the country

has specific losses of less than 500 t/km²/year (15). Against this

backdrop, Morocco is facing a growing water shortage, aggravated

by pollution and the effects of climate change, and is in a situation of

water stress, with an annual potential of 22 billion m³, or around

750 m³ per inhabitant, a level below the critical threshold of 1,000

m³/inhabitant/year. This scarcity represents a major environmental

and socio-economic challenge, calling for rigorous and sustainable

management of water resources (16, 17). In addition, agriculture is

the main means of subsistence for the inhabitants of Morocco’s

mountainous regions, which are heavily affected by soil erosion.

This leads to a reduction in fertile land, a decline in water quality

and availability, and a series of serious economic and social

repercussions (18).

Given the complexity of this phenomenon, analysis methods

have diversified according to spatial and temporal scales and

objectives (6, 19). This diversity of models is linked to the

complexity of the factors (precipitation, topography, soil properties,

land use and land cover dynamics (LULC)) that control soil erosion,

as well as to their variability in time and space. The study of water

erosion has long relied on classical approaches, structured around

empirical, conceptual, physical or statistical models. Each of these

methods has advantages, but also limitations that restrict their

applicability on a large scale or in heterogeneous environments.

Empirical models, such as USLE (Universal Sol Loss Equation) or

RUSLE (Revised USLE), offer a rapid estimate of sheet erosion, but

their limited ability to be transposed to other contexts limits their

effectiveness (20). Conceptual models, such as AGNPS (AGricultural

Non-Point Source pollution model), provide a simplified

representation of processes, but can accumulate uncertainties

linked to the structuring of the model (21). As for physical models,

such as WEPP (Water Erosion Prediction Project) or EUROSEM

(European Soil Erosion Model), they provide detailed results but

require a large volume of data, which is often difficult to obtain, and

struggle to convey the true complexity of slopes (22). Finally,

conventional statistical approaches remain limited by their

sensitivity to the subjective choices of experts and their difficulty in

integrating temporal dynamics (21).

In this context, modern approaches combining remote sensing

and GIS Thanks to satellite imagery (MODIS, Landsat, Sentinel) to

assess soil loss rates and risks, as the synergy between remote

sensing and GIS has shown significant advantages in characterizing

soil degradation over large territories with reasonable costs and

ensuring good accuracy (21, 23). As with empirical–statistical

approaches, the aim is to couple spectral indices with statistical

analyses to distinguish and characterize, in an indirect but relevant

way, the factors linked to soil erosion, while considerably reducing
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dependence on field data, which is often limited and costly to

collect. As a result, spectral indices are emerging as effective

indicators for discriminating levels of soil degradation and

analyzing erosive dynamics in an efficient manner (24).

This study focuses on a semi-arid watershed in the Moroccan

High Atlas, the upstream Tassaoute watershed, chosen because it

has been subject to major hydro-agricultural developments, leading

to a significant expansion of irrigated agricultural activities. These

human interventions have profoundly altered the hydrological

functioning of the river, directly impacting the filling process of

the Moulay Youssef dam (25). The aim of this study is therefore to

assess soil degradation in the upstream Tassaoute watershed using

advanced analysis tools. The use of Sentinel-2A images due to their

high spatial resolution and ability to capture multiple spectral bands

and the combination of spectral indices as well as statistical analysis

techniques to characterize soil properties and identify areas

vulnerable to water erosion. This assessment relies on the

exploitation of vegetation and soil indices to establish meaningful

relationships between these parameters and degradation processes.

The study also aims to provide an in-depth analysis of the factors

influencing water erosion in the region. The results of this approach

can provide basin managers with useful tools for implementing

more appropriate soil and water conservation policies.

A central question is how to assess soil vulnerability to water

erosion in the upstream Tassaoute watershed, using geospatial tools,

spectral analysis and statistical analysis?
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2 Materials and methods

2.1 Study area

The Tassaout watershed, located upstream of the Moulay

Youssef artificial reservoir in the Central High Atlas region

(south-eastern part of the Oum Er-Rbia basin). It covers an area

of 1,418.35 km2, with geographical coordinates ranging from

latitudes 31°33’56 “N and 31°64’47” N, to longitudes 6°48’40” W

and 7°33’40” W. This watershed is part of the northern sub-atlasic

region known as the Demnate Atlas and lies to the east of the Haouz

plain (Figure 1). It is around 35 km from the town of Demnate and

90 km from Marrakech. It is crossed by the Oued Tassaoute, whose

source lies at an altitude of around 3,978 meters. Its course runs

north-east to north-west, making it the main tributary of the Oued

Oum Er-Rbia, which plays a major hydrological role in the region.

The watershed is composed of pre-Permian sedimentary and

metamorphic rocks, as well as the Jurassic massif to the east of

Azilal (13, 26). This basin was chosen because of its specific

characteristics: a semi-arid climate marked by irregular and

stormy rainfall, rugged relief, degraded vegetation cover and a

wealth of friable lithological formations. These characteristics

contribute to increased soil degradation and loss of fertility, with

often irreversible socio-economic and ecological impacts (13, 27).

The basin is subdivided into two sub-basins, Ait Tamlil and

Tamsemat, each with its own surface area and natural and
FIGURE 1

Location map. (A) Morocco, (B) Regions, (C) Upstream Tassaoute watershed.
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anthropogenic characteristics, these basins are also characterized by

significant flood runoff, representing 60% for the Tassaoute basin

and 36% for the Ait Tamlil and Tamsemat sub-basins (25).
2.2 Satellite data

The methodology is based on the use of Sentinel-2A images

equipped with a high-resolution multi-spectral sensor called C-MSI

(Capteur-Multi-Spectral Instrument). This sensor collects data in

different spectral bands, from the visible to the near infrared, with a

spatial resolution ranging from 10 meters to 60 meters, depending

on the spectral band. The most used bands, such as red, green and

blue, have a resolution of 10 meters, while the near-infrared bands

have a resolution of 10 and 20 meters (28) (Table 1). The images

used have a resolution of 10 meters and cover the period from

August 1, 2021, to September 30, 2021.

Spectral index calculation and statistical analysis are performed

with Google Earth Engine, using JavaScript scripts. This powerful

geospatial data analysis platform provides access to a vast library of

satellite images, including those from the Sentinel-2A satellite,

facilitating the calculation of vegetation indices, as well as soil indices.
2.3 Modelling soil degradation

The methodology consists of calculating spectral indices derived

from Sentinel-2A satellite imagery. Specifically, four vegetation indices

are used: Normalized Difference Vegetation Index (NDVI), Modified

Soil-Adjusted Vegetation Index 2 (MSAVI2), Disease Water Stress

Index (DSWI) and Normalized Difference Greenness Index (NDGI).

In addition, nine soil indices are calculated, including Moisture Stress

Index (MSI), Texture Index (TI), Color Index (IC), Brightness Index

(BI), Crust Index (CI), Grain Size Index (GSI), Encrustation Index
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(EI), Redness Index (RI) and Normalized Difference Salinity Index

(NDSI). These indices are merged to form a synthesis image, which

provides an integrated representation of the surface condition, offering

global information relevant to the study of water erosion risk. Indeed,

each index used has a specific ecological significance; however, no

single index can fully characterize the erosion phenomenon. It is

therefore both logical and necessary to combine them to obtain a

completer and more coherent picture of soil condition. On the one

hand, dense vegetation acts as a protective barrier against erosion,

while bare or water-stressed soil becomes more vulnerable. On the

other hand, the soil’s physico-chemical properties – such as texture,

moisture, salinity, gloss, color and surface structure – directly

influence its susceptibility to erosion, by conditioning key processes

such as infiltration, runoff and particle cohesion (29, 30).

This is followed by a statistical analysis, which includes a linear

regression analysis against the individual indices (the dependent

variable) and a synthetic image to determine the correlation and

determination coefficients. In addition, a principal component

analysis (PCA) is performed to condense the information from all

spectral indices, facilitating the identification of positive and

negative correlations and the extraction of factorial coordinates

the final step involves proposing an equation for the model, derived

by assigning weights to each index based on its coefficient of

determination and factorial coordinates, in order to predict the

risk of soil degradation (Figure 2).
2.4 Index modeling

2.4.1 Vegetation indices
Vegetation indices play a key role in assessing vegetation

condition and its influence on soil erosion processes (31). In

addition, their use has many benefits and applications, notably in

estimating vegetation cover, monitoring plant health, tracking crop
TABLE 1 Spectral bands of the C-MSI instrument on board Sentinel-2A.

Band Resolution Central wavelength Description

B1 60 m 443 nm Ultra Blue (Coastal and Aerosol)

B2 10 m 490 nm Blue

B3 10 m 560 nm Green

B4 10 m 665 nm Red

B5 20 m 705 nm Végétation Red Edge (VRE 1)

B6 20 m 740 nm Végétation Red Edge (VRE 2)

B7 20 m 783 nm Végétation Red Edge (VRE 3)

B8 10 m 842 nm Visible and Near Infrared (VNIR)

B8a 20 m 865 nm Visible and Near Infrared (VNIR) Narrow NIR

B9 60 m 940 nm Short Wave Infrared (SWIR) Water vapour

B10 60 m 1375 nm Short Wave Infrared (SWIR cirrus)

B11 20 m 1610 nm Short Wave Infrared (SWIR 1)

B12 20 m 2190 nm Short Wave Infrared (SWIR 2)
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growth, assessing the quality of aquatic ecosystems, analyzing

environmental change, climate modeling and forecasting

agricultural yields (32) (Table 2).

2.4.2 Soil indices
Soil indices (Table 3) are used to assess soil characteristics and

properties from satellite data. They are based on the spectral responses

of soils in different bands of the electromagnetic spectrum (47). The

indices used characterize various soil properties, including water

content, texture, fertility, mineralogical composition and organic

matter content. They also provide valuable information on the

physical state of the soil, particularly in terms of moisture and

compactness. In addition, parameters such as color, luminosity and

humidity are essential for mapping the absorption capacities of soil

constituents, particularly in arid environments. This information is

fundamental for rational agricultural land management, urban

planning, natural resource conservation and sustainable development

decision-making (41).
2.5 Statistical models

The model currently being developed also depends on statistical

information extracted from the indices. This includes linear

regression and PCA.
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2.5.1 Linear regression
Linear regression analysis is a statistical technique for estimating

the relationship between variables that have a reason–outcome

relationship. The main objective of univariate regression is to

analyze the relationship between a dependent variable and an

independent variable, and to formulate the linear relationship

equation between the dependent variable and the independent

variable. Regression models with one dependent variable and

several independent variables are called multilinear regression (48).

In this study, we have the multilinear regression analysis a synthetic

image serves as the explanatory variable, while spectral indices, such

as vegetation and soil indices, represent the variables to be explained.

This method is based on the idea that the relationship between

variables can be approximated by a linear equation. The main

objective of linear regression is to determine the coefficients of this

equation, which quantify the effect of the explanatory variable on the

variables to be explained. By analyzing how variations in a synthetic

image affect vegetation and soil indices, linear regression can help

identify significant trends and make forecasts.

The results of this analysis include important statistics, such as

the determination coefficient (R²), which indicates the proportion of

the variance in the variables to be explained that is captured by the

model. In addition, statistical significance tests associated with the

coefficients help to assess the relevance of the relationships

identified (49).
FIGURE 2

Flow chart of the adopted methodology.
TABLE 2 Vegetation indices used in our method.

The index Formula But Reference

NDVI NDVI  =  (NIR  –  R) = (NIR  +  R) Used to assess plant chlorophyll activity and to monitor the state of the
vegetation cover.

(33)
(34)

MSAVI2 MSAVI2 = (2NIR + 1 −
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
(2NIR + 1)2 − 8(NIR − R)

p
)=2 Describes the density of vegetation and reduces the effects of the ground,

particularly when the canopy is sparse, especially in arid zones and semi-
arid environments.

(35)
(36)

DSWI DSWI  =  (NIR + G) = (SWIR + R) Used to describe the variation in water content of foliage. (37)

NDGI NDGI  =  (GR) = (G + R) Estimates vegetation biomass and measures leaf water potential at
canopy level

(38)
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2.5.2 Principal component analysis
PCA is a mathematical transformation commonly used in

remote sensing. It is a multivariate analysis method that enables

many variables to be studied simultaneously. When working in a

space with more than three dimensions, visualizing all the

information becomes difficult, if not impossible. PCA makes it

possible to reduce this complexity, while highlighting relationships

between variables and underlying phenomena (50, 51).

The aim of PCA is to concentrate information on a reduced

number of axes, to identify the descriptors most strongly correlated

with activities (52).

For this step, we use PCA, a powerful tool for synthesizing

information and reducing the dimensional space of data. This

statistical technique explores the structure of multidimensional

data by transforming the original variables into a set of synthetic

variables called “principal components” (53).

PCA results are presented in graphical form, supported by

characteristic numerical values that facilitate interpretation. These

graphs include geographical representations and tables, allowing us

to observe the similarities and oppositions between the

characteristics studied in relation to the various factors.
2.6 The equation proposed for the model

The model equation proposed here is designed to balance all the

information obtained from the statistical analysis performed with

the indices and based on previous working approaches (27):

RISQUE DE DEGRADATION DES SOLS = NDVI*(xmax

+Ymax) *R² + MSAVI2*(xmax+Ymax) *R² + DSWI*(xmax+Ymax)

*R² + NDGI*(xmax+Ymax) *R²+ MSI*(xmax+Ymax) *R² + BI *

(xmax+Ymax) *R² + EI*(xmax+Ymax) *R² + TI*(xmax+Ymax) *R²

+ CI *(xmax+Ymax) *R² + RI*(xmax+Ymax) *R² + IC*(xmax

+Ymax) *R² + GSI*(xmax+Ymax) *R² + NDSI*(xmax+Ymax) *R²
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The R² therefore reflects the explanatory capacity of each index.

The higher the R² value, the more relevant the index is in

explaining erosion.

Factor coordinates are not simply statistical values. For

example, if a soil index has a high coordinate on Dim1, this

means it is strongly linked to the dominant variability structure

between the data, often linked to physical or chemical soil

degradation. If a vegetation index is strongly projected in

opposition to these indices on the same axis, this may indicate a

mitigating or protective role against erosion. These coordinates also

determine whether an index has a positive or negative influence on

the phenomenon under study.

So, the combined use of R² and factorial coordinates

strengthens the reliability of the model. The R² is used to quantify

predictive significance, while the factorial coordinates provide

information on the meaning and structure of the information in

the dataset, making it possible to distinguish erosion-aggravating

factors from protective factors, depending on the direction of their

projection. An optimal approach is to multiply each index by its

spatial value, its R² and its factorial coordinate. Integrating these

two elements into a spatial equation applied pixel by pixel (x, y)

enables us to construct a robust and interpretable final map,

synthesizing both statistical information and the geographical

logic of soil degradation processes (50).
3 Results

3.1 Spectral indices

3.1.1 Vegetation indices
Analysis of the watershed reveals a predominance of medium-

to low-density vegetation cover, reflecting a notable ecological

fragility. Remote sensing indices such as NDVI, MSAVI2, DSWI
TABLE 3 Soil indices used in our method.

Index Formule Goal Reference

MSI MSI   =  SWIR1=NIR Purpose Used to assess the spatial extent of reduced soil moisture, due to higher levels
of evapotranspiration.

(39)

TI TI = (SWIR1 − SWIR2) =(SWIR1 + SWIR2) The texture index is calculated to evaluate the content or percentage of sand, silt and clay in
the soil composition, and to assess the level of mineral alteration of the rock.

(40)

IC IC  =  (RV)= (R + V) This index extracts information about the organic matter content and mineralogical
composition of the soil.

(41)

BI BI =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PIR2 + R2

p
The role of the luminosity index is to identify soil reflectance and highlight vegetation cover
in bare areas.

(42)

CI CI =  3�GR − 100 Its aim is to separate plant coverings from mineralized surfaces. (43)

GSI GSI  = (RB)=(R + V + B) GSI or Granulometric Topsoil Index is a suitable index for characterizing soil surface texture
based on the soil reflectance curve.

(44)

EI EI =  (R  −  B) = (R  +  B) Satellite images can be used to detect and map different lithological morphological units. It
can also reveal poor infiltration and reduced air exchange between soil and atmosphere.

(45)

RI RI  =  R2=B � G3 Used as one of the indicators to assess soil mineralogy, particularly iron content. (46)

NDSI NDSI  =  (R −NIR) = (R + NIR) Is used to identify soils affected by salinity and to show the spatial extent of salinity prevalent
in our study area.

(42)
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and NDGI (Figure 3) confirm this trend, revealing sparse

vegetation, reduced biomass and low leaf water content over most

of the basin. These conditions accentuate vulnerability to water

erosion, as vegetation plays an essential role in soil stabilization and

runoff regulation. Although some localized areas have denser,

healthier vegetation, as detected by high NDGI values, they

remain limited in surface area. Taken together, these observations

underline the need to step up efforts in sustainable land

management and ecological restoration, to preserve natural

resources and limit the impact of erosion in this region.

3.1.2 Soil indices
Analysis of nine soil indices in the study basin reveals a marked

heterogeneity of soil characteristics, indicative of complex

environmental dynamics. Maps derived from indices (Figure 4)

such as MSI, TI, CI, BI, CI, GSI, EI, RI and NDSI provide a spatial

diagnosis of soil constraints.

The results show a predominance of low-moisture soils,

reflecting significant water stress. Texture classes indicate a

predominance of medium to fine textured soils, likely to favor

erosion in the case of low organic matter content. Color Index and

Brightness Index reveal a predominance of bare to moderately dark

surfaces, reflecting both low vegetation cover and exposure to

erosion processes. CI reveals a significant occurrence of moderate

to severe crusting, accentuating susceptibility to water erosion by

limiting infiltration. In addition, GSI reveals the presence of course

to very coarse particles in several areas, amplifying runoff. RI and EI
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show locally intense mineralization and marked leaching, testifying

to the chemical alteration and ongoing erosion of surface horizons.

Lastly, NDSI indicates salinity variability, with several areas

showing moderate to high salinity, constituting an additional

constraint for vegetation and agricultural uses.

All in all, these indices confirm the high vulnerability of the

soils, linked to water scarcity, fragile structure, driving crust and

salinity. These factors underline the need for an integrated soil

management strategy based on conserving vegetation cover,

combating runoff and restoring the physical and chemical

properties of soils, with a view to strengthening the ecological

resilience of the watershed.
3.2 Statistical analysis

3.2.1 Linear regression
The results of our analysis are illustrated in the figure below

(Figure 5). By combining all the indices, we have generated a new

image that synthesizes all the information provided by each index.

Linear regression analysis was used to assess the relationship

between the various spectral indices and the risk of water erosion.

All indices were found to be statistically significant, with p-values

below 0.05, confirming that they exert a real influence on the

dependent variable. The correlation coefficients show moderate to

strong relationships, depending on the case (Table 4): indices such

as RI (R = 0.75; R² = 0.56), EI (R = 0.70; R² = 0.49) and TI (R = 0.65;
FIGURE 3

Vegetation index maps. (a) NDVI, (b) MSAVI2, (c) DSWI, (d) NDGI.
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R² = 0.42) show the strongest associations, indicating that they

contribute strongly to explaining the variability of erosion risk.

Other indices, such as BI, MSI, NDGI or IC, show moderate

correlations, reflecting a significant but less marked contribution.

The negative correlations observed for NDVI, MSAVI2 and DSWI

show an inverse relationship, suggesting that an increase in these

indices is associated with a decrease in estimated risk. Thus, linear

regression highlights a significant interaction between each index

and the phenomenon studied and enables us to identify the

variables that best explain the risk of water erosion in the

area analyzed.

3.2.2 Principal component analysis
One of the key visualizations used to interpret the results of

Principal Component Analysis (PCA) is the correlation circle

(Figure 6), which offers a two-dimensional graphical representation

of the original variables, typically projected onto the first factorial

plane. In this diagram, each variable is depicted as a vector, and the

direction and length of these vectors indicate how strongly and in

what manner each variable contributes to the construction of the

principal components. The closer a vector lies to the circle’s perimeter,

the better the variable is represented in this plane. Additionally, the

squared cosine (cos²) values are employed to quantify the quality of

representation of each variable on the principal axes; higher cos²
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values indicate that a variable is well represented and contributes

significantly to the dimension being analyzed in the PCA.

The PCA correlation circle can be interpreted as follows:

Vector direction: The direction of the vector indicates the

relationship between the original variable and the principal

components. The variables NDVI, MSAVI2 and dswi have

vectors pointing in the same direction also for the indices NDSI,

MSI and texture, which means they are positively correlated and

have a similar influence on the principal components (Dim 1). And

the vectors of the NDVI, MSAVI2 and dswi indices with the ndsi,

msi and texture indices point in opposite directions, meaning they

are negatively correlated.

Vector length: The length of the vector indicates the variable’s

contribution to the construction of the principal components. The

greater the vector length of indices such as color, gsi, ndgi, cuirass,

dswi and ndvi, the greater the contribution of the variables to the

corresponding axis. Variables with long vectors are considered

important in the data structure.

Distance between variables: The distance between vectors of

variables indicates their similarity or correlation. The indices color,

gsi, ndgi, cuirass is close to each other, are positively correlated and

have a similar influence on the principal components. Variables that

are far apart, such as redness, texture and ndvi indices, are less

correlated and have different influences on the principal components.
FIGURE 4

Soil index maps. (a) MSI, (b) TI, (c) IC, (d) BI, (e) CI, (f) GSI, (g) EI, (h) RI, (i) NDSI.
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This technique extracts the factorial coordinates used in the

equation adopted for the model (Table 5). These coordinates were

used to project the spectral indices onto the factorial plane defined

by the first two principal components. This positioning facilitated

the visualization of relationships between indices, the identification

of those sharing similar information, and the detection of those

indices most representative of the variance observed in the data.

Thus, factorial coordinates played an essential role in simplifying

and interpreting the structure of spectral indices, guiding the choice

of the most relevant variables for modeling water erosion risk.

The principal components (PCs) of a data set are linear

combinations of variables that capture the maximum variance of

the set, by representing proximity vectors adapted to the n

observations in a p-dimensional space, while respecting the

orthogonality condition between them. PCA is a mathematical

method for transforming a set of (possibly correlated) variables

into a reduced number of uncorrelated variables, known as PCs.

The aim of PCA is to reduce the dimensionality of parameters while

highlighting new significant variables. The PCs depend on the units
Frontiers in Soil Science 09
of measurement of the original variables and the range of their

values. The first principal component explains as much of the

variability in the data as possible, while each subsequent component

captures as much of the residual variability as possible (34).
3.3 Final soil degradation map

Modelling produces a cartographic representation of soil

exposure to various agents and degradation factors. The table

(Table 6) classifies the degree of exposure into five levels, from

“lower” to “higher”. The variety of land use types of influences soil

composition and condition, which justifies the diversity of the map

and the need to use a considerable number of classes to cover all

levels of exposure risk.

On the combined basis of PCA and linear regression, the indices

were grouped into four thematic clusters, each reflecting a specific

component of land degradation. For each group, a single index was

selected to avoid redundancy while maximizing the representativeness
FIGURE 5

Correlation graphs between synthetic image and indices used.
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of the information. This selection was based both on the factor

contribution in the PCA (coordinates on the principal axes), and on

the results of the linear regression, namely the correlation coefficient

(R) and the R². The R coefficient indicates the strength and direction

of the relationship between the index and erosion risk, while R² reflects

the proportion of variability explained by the index. The first group,

relating to vegetation moisture and water stress, is represented by the

DSWI index, which shows a strong negative correlation (R = −0.64)

with erosion and an R² of 0.41, testifying to its explanatory capacity.

The second group, relating to surface reflectance and gloss, is

represented by the BI index, with an R of 0.57 and an R² of 0.32,

showing a good relationship with surface condition and susceptibility
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to erosion. The third group, focused on soil physical properties (such

as texture), is represented by the TI index, which displays a high R

(0.65) and an R² of 0.42, positioning it as an important factor in

detecting areas at risk. Finally, the fourth group, linked to the chemical

or structural characteristics of the soil, is illustrated by the RI index,

which stands out with the strongest correlation (R = 0.75) and an R² of

0.56, underlining its predominant role in explaining erosion.

These four indices (DSWI, BI, TI and RI), chosen for their high

R and R² values and their significant positioning in the PCA,

optimally represent the variability of surface conditions affecting

the risk of water erosion, while ensuring a robust simplification of

the model.
TABLE 4 Statistical relationships between synthetic image and indices used.

Indices Correlation coefficient (R) Coefficient of determination (R2) P-value threshold

NDVI −0.47 0.22 P< 0.05

MSAVI2 −0.36 0.13 P< 0.05

DSWI −0.64 0.41 P< 0.05

NDGI 0.48 0.23 P< 0.05

MSI 0.51 0.26 P< 0.05

TI 0.65 0.42 P< 0.05

IC 0.48 0.23 P< 0.05

BI 0.57 0.32 P< 0.05

CI 0.44 0.19 P< 0.05

GSI 0.41 0.17 P< 0.05

EI 0.7 0.49 P< 0.05

RI 0.75 0.56 P< 0.05

NDSI 0.47 0.22 P< 0.05
FIGURE 6

Correlation circles.
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The approach adopted is to weight the index maps by their

coefficient of determination and factor coordinates, to highlight the

individual contribution of each index to the final land degradation

map. This simplification leads to the following equation:

RISK OF SOIL DEGRADATION = DSWI (Xmax + Ymax) R²

+ BI (Xmax + Ymax) R² + TI (Xmax + Ymax) R² + RI (Xmax +

Ymax) R², ensuring clear, precise and redundancy-free analysis.

RISK OF SOIL DEGRADATION = DSWI * (−0.71 + 0.60) *

0.41 + BI* (0.71 + (0.47)) * 0.32 + TI * (0.80 + (−0.32)) * 0.42 + RI *

(0.11 + (−0.82)) * 0.56

After calculating this equation, we obtain a map of the risks of

soil exposure to degradation, which is then reclassified to obtain the

final map (Figure 7).

The spatial distribution of water erosion risk in the upstream

Tassaoute watershed reveals a high correlation between soil

vulnerability, vegetation cover and local soil properties. Low-risk

zones, shown in green, generally coincide with areas of dense

vegetation, where roots effectively stabilize the soil, promote water

infiltration and reduce runoff. These areas feature well-structured

soils, rich in organic matter and with good water retention capacity,
TABLE 5 Factorial coordinates.

Indices Xmax Ymax

TI 0.80 −0.32

DSWI −0.71 0.60

GSI 0.90 0.48

IC 0.91 0.38

CI 0.86 0.44

EI 0.02 −0.85

BI 0.71 0.47

RI 0.11 −0.82

MSAVI2 −0.81 0.36

NDGI 0.91 0.38

NDSI 0.90 −0.26

NDVI −0.90 0.26

MSI 0.68 −0.32
TABLE 6 Classification of soil degradation levels.

EXPOSITIONSLEVELS

INDICES
LOWER HIGHER

NDVI (high to low chlorophyll activity) 0.435335 to
0.846577

0.282852 to
0.435335

0.176576 to
0.282852

0.102645 to
0.176576

−0.327080 to
0.102645

MSAVI2 (high to low vegetation density) 0.316406 to
0.725276

0.191829 to
0.316406

0.118360 to
0.191829

0.064057 to
0.118360

−0.089269 to
0.064057

DSWI (high to low vegetation
water stress)

1.398173 to
2.540083

1.067413 to
1.398173

0.902033 to
1.067413

0.799655 to
0.902033

0.531897 to
0.799655

NDGI (tall to low vegetation) 0.115748 to
0.368625

0.091865 to
0.115748

0.073601 to
0.091865

0.055338 to
0.073601

0.010382 to
0.055338

MSI (high to low soil moisture) 1.293817 to
2.284535

1.165250 to
1.293817

1.029121 to
1.165250

0.855178 to
1.029121

0.356037 to
0.855178

BRIGHTNESS INDEX (low to high
ground brightness)

0.041121 to
0.242084

0.242084 to
0.296000

0.296000 to
0.349917

0.349917 to
0.418538

0.418538 to
1.291008

CRUST INDEX (weak soil crust to
be raised)

−0.212852 to
0.026078

0.026078 to
0.200114

0.200114 to
0.270908

0.270908 to
0.338753

0.338753 to
0.539337

TEXTURE INDEX (low soil texture to
be raised)

−0.341843 to
−0.173329

−0.173329 to
−0.119548

−0.119548 to
−0.080108

−0.080108 to
−0.047840

−0.047840 to
0.113502

CUIRASS INDEX (low ground armour to
be raised)

−99.99867 to
−99.95331

−99.95331 to
−99.91443

−99.91443 to
−99.86259

−99.86259 to
−99.77835

−99.77835 to
−98.34628

REDNESS INDEX (high to low redness
of soils)

1.219321 to
2.336783

0.983607 to
1.219321

0.800273 to
0.983607

0.634400 to
0.800273

0.110590 to
0.634400

COLOR INDEX (low soil color to
be raised)

0.010382 to
0.055338

0.055338 to
0.073601

0.073601 to
0.091864

0.091864 to
0.115747

0.115747 to
0.368624

GSI (low to high grain size) 0.005415 to
0.030157

0.030157 to
0.041331

0.041331 to
0.051706

0.051706 to
0.066072

0.066072 to
0.208935

NDSI (low to elevate soil salinity) −0.851197 to
−0.444576

−0.444576 to
−0.292093

−0.292093 to
−0.185817

−0.185817 to
−0.107265

−0.107265 to
0.322459
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limiting susceptibility to erosion. On the other hand, very high-risk

areas, shown in brown, are often located on steep, sparsely vegetated

slopes, with fragile soils featuring low cohesion, unstable structure,

low organic matter content and reduced permeability. This dynamic

underscore the importance of sustainable soil and vegetation cover
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management, incorporating actions such as reforestation, organic

amendments and the application of anti-erosion techniques, to curb

land degradation and preserve ecosystem functionality in this

sensitive region. This need is illustrated in Figure 8, which shows

the distribution of surfaces according to their degree of vulnerability

to water erosion. It shows that 41.2% of land is classified as high-

risk, followed by 27.4% as very high-risk, representing almost 70%

of the territory exposed to a critical situation. Conversely, only 8.3%

of the area is classified as low risk, underscoring the urgent need for

targeted action to reverse this alarming trend.
4 Validation of results

To assess the performance of the water erosion risk classification

model, two complementary approaches were used: the ROC (Receiver

Operating Characteristic) curve and the confusion matrix. Although

these two tools have different objectives, they are closely linked. The

ROC curve is used to analyze the overall ability of the model to

distinguish between different classes, independently of a fixed decision

threshold. It measures the evolution of the true-positive rate

(sensitivity) as a function of the false-positive rate at different

thresholds, and the area under the curve (AUC) provides an overall

performance indicator. At the same time, the confusion matrix offers a

detailed analysis of predictions at a given threshold, precisely

identifying good and bad classifications for each class.

On the basis of a field visit to the watershed, field photographs

have been taken to validate the results of water erosion risk
FIGURE 7

Final soil degradation map.
FIGURE 8

Surface area of degradation levels in %.
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modelling. They show different types of erosion observed in the

field, including gully erosion, badlands, bare slopes and areas of

variable vegetation cover. These observations confirm the risk levels

identified by the spatial analysis: highly degraded areas correspond

to high erosion sectors, while areas with dense vegetation appear

less exposed (Figure 9). Several observation points were taken in

accessible areas to characterize erosion risk levels (low, medium,

high, very high). For hard-to-reach areas, additional points were

extracted using the GEE platform, based on visual and

topographical criteria and local knowledge. By combining these
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field points and GEE with spectral indices derived from Sentinel 2A

satellite images, a representative dataset was built up.

The dataset was then used to train a classification model

(Random Forest), and a ROC analysis in One-vs-Rest mode was

performed to assess the model’s performance in discriminating each

erosion risk class from the others (Figure 10).

The ROC curve is used to determine model performance, by

calculating the area under the curve (AUC). The generalizability of

each model was then tested on an external validation cohort. In

addition to assessing the discriminating power between each group
FIGURE 9

Field illustrations of water erosion forms in the upper Tassaoute watershed. (a) Deep gullying on clay soil; (b) Erosion on terraced cultivated slopes;
(c) Marked degradation on steep slopes; (d) Well-vegetated slope at low risk of erosion; (e) Gully formation on bare slopes; (f) Diffuse erosion on arid slopes.
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and the reference group (“one-vs-rest”), it is also essential to

evaluate the overall performance of the model in a multi-class

classification framework (54).

The multi-class ROC curve obtained shows excellent overall

performance. The AUC (Area Under Curve) reaches 0.95 for the

“Low” class, 0.93 for “Medium”, 0.94 for “High” and 0.94 for “Very

High”. This means that the model can distinguish very effectively the

areas corresponding to each level of risk. An AUC close to 1 indicates

that themodel gives higher probability scores to the true positive classes

than to the others, confirming the model’s good discriminatory ability.

These results suggest that the spectral index combinations used are

relevant for detecting areas at risk of erosion, and that the model can be

considered reliable for operational application in this basin.

The confusion matrix (Figure 11) supports the ROC analysis by

explicitly showing how the model has classified each observation,

i.e. determining the quality of the classification estimated using

confusion matrices (55).

In addition, the confusion matrix confirms the model’s

accuracy, showing that most samples are correctly classified. For

example, 58 samples in the “Weak” class were correctly predicted,

compared with only 16 misclassified samples. Similar trends were

observed for the other classes: 58 “Medium”, 69 “high” and 57

“Very high” samples were correctly predicted. Errors are mainly

concentrated between adjacent classes (e.g. confusion between

“Medium” and “High”), which is expected in a continuous

phenomenon like erosion. This robustness demonstrates the

model’s ability to accurately capture the spatial dynamics of

erosion risk, based on both field and satellite data.
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5 Discussions

5.1 The influence of vegetation on water
erosion

Joint analysis of the soil erosion risk map and vegetation cover

data reveals significant relationships between vegetation density and

vulnerability to water erosion in our study catchment, with effective

management of water resources, notably via Oued Tassaoute and

Moulay Youssef dam, crucial to improving water availability and

reducing erosion risk (56). A visual comparison of the effectiveness

of the vegetation index in discriminating and quantifying canopy

density reveals better accuracy when using MSAVI2. Unlike NDVI,

MSAVI2 distinguishes more clearly between bare ground and green

areas, particularly in less forested regions. In addition, this index

assigns low values to aquatic areas, unlike the DSWI and NDGI

indices. These findings are in line with previous results

demonstrating the effectiveness of MSAVI2 for vegetation

mapping in arid environments (27).

The results obtained in this study confirm and are in line with the

abundant scientific literature highlighting the central role of vegetation

cover in regulating water erosion. Numerous studies, notably those by

(57), have demonstrated that the density, type and spatial distribution

of vegetation significantly influence the reduction of runoff and soil

loss. Rey notes that water erosion tends to decrease as vegetation cover

increases, with vegetated surfaces offering better protection against the

detachment and transport of soil particles, in contrast to bare areas,

which are particularly vulnerable, especially on slopes. Other authors,
FIGURE 10

Validation of results by multiclass ROC (in One-vs-Rest mode).
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such as (58, 59), highlight the influence of climatic conditions on plant

growth, and therefore on the ability of the cover to buffer the erosivity

of rainfall. In this sense, vegetation acts as a physical barrier that

absorbs raindrop energy, reduces direct impact on the soil, and limits

particle splash. These authors also stress the importance of seasonal

variations and vegetation types, as well as the role of agricultural

practices in the dynamics of vegetation cover. And recent literature

complements these observations with more mechanistic analyses: (60)

highlights the correlation between root density and soil stability, while

(61) shows that organic litter contributes significantly to reducing soil

losses in agroforestry systems, accounting for up to 90% of erosion

variability. Simple arrangements such as grass strips, when judiciously

placed, can also effectively reduce runoff and sediment (62, 63). The

functional diversity of plant species, in particular their height, leaf

system and root system, also appears to play a crucial role in the overall

effectiveness of erosion control (64). Finally, (65) points out that the

mechanical resistance provided by vegetation can account for up to

50% of overall erosion resistance, underlining the importance of dense,

structured and diversified plant cover in preserving soil and

water resources.

In short, these results confirm that vegetation cover, in both its

quantitative (density) and qualitative (diversity, structure) aspects,

is a major lever for the sustainable management of water erosion.

The mapping of spectral indices used in this study enables a fine

spatialization of these dynamics, providing valuable operational

support for watershed management and conservation.
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5.2 The influence of soil on water erosion

Cross-analysis of the erosion risk map and soil property indices

reveals significant relationships between soil characteristics and

vulnerability to water erosion in the watershed studied. Factors such

as texture, crust, color and chemical properties directly influence soil

structural stability in the face of water action. Fine texture, often

composed of clays, limits water infiltration, thus favoring surface

runoff (23, 58, 66). However, this texture is not necessarily more

sensitive to stripping than the medium texture, a nuance provided by

several authors (23, 66). On the other hand, sandy soils, although

highly permeable, have low cohesion, making them susceptible to

detachment under the impact of raindrops (67). Organic matter plays

an essential role in erosion resistance. It improves soil structure,

increases porosity and acts as a binder between mineral particles,

promoting aggregation (68–70). This stabilizing role has been

confirmed in several studies of Mediterranean watersheds (71, 72),

where surface horizons poor in organic matter and fine-textured prove

particularly vulnerable to erosion. The results of this study are

consistent with those reported in other geographical contexts,

notably in Lebanon, where CNRSL researchers (69, 73) have

highlighted the major influence of soil structure – dependent on

texture and organic matter – on susceptibility to water erosion. In

addition, spectral indices linked to soil color, such as intensity, hue or

saturation, can be used to detect levels of degradation (24), providing a

promising tool for erosion mapping and prevention.
FIGURE 11

Confusion matrix for the model applied to water erosion risk classification.
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In short, soil stability against water erosion depends on a

combination of physical and organic properties, including texture,

structure, porosity and organic matter. These parameters must be

taken into account in any approach to sustainable soil management.
6 Conclusion

Among the most severe levels of degradation, the “high” level is

the most widespread, covering 583.13 km², followed by the “very

high” level with 387.66 km², the “medium” level, which covers

329.56 km², and finally the “weak” level, which covers 117.99 km².

This research has demonstrated the importance and

contribution of remote sensing to the mapping of areas at risk of

water erosion. The application of the spectral index method, using

remote sensing and spatial analysis techniques, based on spectral

indices (vegetation indices, soil indices) will enable us to estimate,

understand and analyze the problem of erosion risk in the study

area. This method has proven its effectiveness and speed in

providing a general diagnosis of the risk of water erosion at the

scale of the upstream Tassaoute watershed.

The objective was to model the risk of soil degradation in the

upstream Tassaoute watershed by combining spectral indices with

statistical analysis. The results were strongly correlated with factors

such as the phenological season during which the satellite images

were acquired, the quality of the images, the formula of the indices

used, and the statistical treatments applied. A statistical analysis was

then performed on the resulting image, providing, on one hand, the

correlation and determination coefficients of each index, and on the

other hand, the factorial axes that summarize more information. All

indices are considered statistically significant (P value < 0.05).

However, our methodology is currently applied to images from

specific months in 2021 (August and September). The challenge now is

to adapt the model to data from previous years and different times of

the year. Additionally, the exclusion of urban areas presents a

limitation, as elements typical of built environments (e.g., aluminum

roofing) inevitably influence the calculation of certain indices.

The disparity between the number of vegetation indices and soil

indices must be addressed through a readjustment that will enable

the integration of additional parameters, such as surface

temperature, precipitation, albedo, and evapotranspiration. Other

factors, including topography and the distribution of the

hydrographic network, should also be considered.

Given the imminent threat of deterioration of natural resources

such as forests, water, soil and biodiversity, as well as the economic

and social consequences for the quality of life of residents, it has

become urgent to take action to combat erosion. This intervention

adopts a global and innovative approach, which seeks to reconcile

the growing needs of the population, faced with continuous growth,

with the increasingly depleted limited natural resources, also

considering the impact of climate change.

To deepen our understanding of soil degradation, it would be

beneficial to integrate other techniques such as geochemical data to

assess soil degradation. Geochemistry studies the chemical composition

of terrestrial materials, including soils. Moreover, the use of isotopic
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techniques can provide additional information on soil degradation

processes. The integration of geochemical data, by combining chemical

and isotopic analyses, as well as the use of portable or field technologies,

opens new perspectives for assessing soil degradation.

Finally, several methodological limitations need to be

highlighted. Dependence on satellite data can introduce biases

related to cloud cover or spatial resolution. The temporal

selection of images limits seasonal representativeness, and ground

sampling remains spatially restricted. Furthermore, although

performance has been validated by robust indicators (ROC,

confusion matrix), generalization of the model to other

geographical contexts requires specific adjustments. These

limitations open prospects for future research integrating more in

situ data, complementary sensors and temporally dynamic models.
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Numeŕique des Sols et des Terrains)= Monitoring Soils in the Environment with
Remote Sensing and GIS: ISSS International Symposium (Working Groups RS and
DM), (Orstom) (1995). Available online at: https://ird.hal.science/ird-00357128/
(Accessed June 1, 2025).

47. Nguyen CT, Chidthaisong A, Kieu Diem P, Huo L-Z. A modified bare soil index
to identify bare land features during agricultural fallow-period in southeast Asia using
Landsat 8. Land. (2021) 10:231. doi: 10.3390/land10030231

48. Uyanık GK, Güler N. A study on multiple linear regression analysis. Proc - Soc
Behav Sci. (2013) 106:234–40. doi: 10.1016/j.sbspro.2013.12.027
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hydrique dans l’ouest de la Bekaa au Liban. In: M@ ppemonde. (2013). Université
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