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ARTICLE INFO ABSTRACT

Keywords: Water erosion accelerates soil degradation through land use, land cover, and climate change. Accurate modeling
Soil erosion of soil erosion is critical for assessment of environmental variables such as nutrient loss, reduction of soil fertility,
RUSLE2

and water quality degradation. Modeling of soil erosion can provide insights to conservation planners for
formulating policies to prevent land degradation. However, when used for soil erosion modeling in Geographical
Information Systems (GIS), application of the Revised Universal Soil Loss Eq. (2) (RUSLE2) is realized based on
the assumption that the pixels of land use data are pure and that mixed land use units within pixels can be
ignored, and this opposes the accurate estimation of regional soil erosion. The methodology developed in this
study includes combination of the GIS-based RUSLE2 with linear spectral unmixing (LSU) to analyze the change
in vegetation cover within a pixel and to improve the spatial representation of the soil erodibility factor using
climate data derived from the Boubo coastal watershed. The findings reveal that the estimated monthly erosivity
density in the Boubo coastal watershed for different months varies between 0.05 and 20.86 MJ mm ha’h™?
year! in 1990 and 0.8 to 21.21 MJ mm ha'h~! year ! in 2019. The geographical soil erodibility K-factor varied
between 0.008 and 0.022 t.ha.h.ha™*.MJL.mm!. The temporal soil erodibility K; factor was highest in May
1990 (0.194) and June 2019 (0.2). Slopes varied between 0% and 56%, with LS values exceeding 16. The
deforestation rate in the Boubo coastal watershed was 65.49% from 1992 to 2019. The mean soil loss rate in June
was 0.048 t/ha/month in 1990 and was 0.073 t/ha/month in 2019. Sediment yield increased from 1.09 t/ha/yr
in 1990 to 2.54 t/ha/yr in 2019. Based on the RUSLE2 empirical equation, it was inferred that the estimated
sediment transport capacity increased during the baseline period. Further studies should be conducted to eval-
uate ecosystem management based on ecosystem services and sediment deposition in this area.

Linear spectral unmixing
Climate change
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Remote sensing

1. Introduction

Soil degradation through accelerated water erosion is a grave
concern, particularly in developing countries in the tropics (Bai et al.,
2008; Lal, 2001). Soil loss has been recognized as a potential ecological,
environmental, social, and economic problem because of its effects
(Garcia-Ruiz et al., 2016; Wuepper et al., 2019; Xin, 2020; Jianxiang
etal., 2019). Thus, approaches for soil erosion prevention have garnered
considerable attention worldwide (Xin and Lin, 2020). Globally, more
than 1642 million hectares of land are eroded (Li and Fang, 2016). In

Africa, the intensity of water erosion has been described as very high to
extreme for approximately 45 percent of the continent in the south of the
Sahara (SSA) area, and has been deemed moderate for approximately 30
percent and slight for approximately 25 percent (FAO, 2015; Oldeman,
1992). Modeling of soil erosion can provide guidance to decision-makers
and managers to formulate adequate land management measures in the
study area.

Several models have been established for soil loss assessment, such as
the Universal Soil Loss Equation (USLE), Revised Universal Soil Loss
Equation (RUSLE), RUSLE2, LImburg Soil Erosion Model (LISEM), Water
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Erosion Prediction Project (WEPP), Pan European Soil Erosion Risk
Assessment (PESERA), Hillslope Erosion Model (HEM), and EROSION-
3D (Dutta, 2016; Karydas et al., 2012; Patil, 2018). The number of
input data and their complexity, processes considered, and type differ
with respect to the model considered. Machine learning methods have
recently been used to map soil erosion (Cheng et al., 2018). However,
the application of this method in the estimation of soil erosion in several
areas has remained challenging because of limitations in data avail-
ability (Xu et al., 2019). Among various erosion models, USLE and its
family models are widely and most commonly used in the modeling of
soil erosion (Kinnell, 2019). These family models can be used at a na-
tional scale (Benaud et al., 2020; Grazhdani and Shumka, 2007; Schmidt
et al., 2019; Teng et al., 2019), in larger watersheds with diverse land
use (Latocha et al., 2016; Pirnazar et al., 2018), at a watershed scale
(Panagos et al., 2012; Phinzi and Ngetar, 2019), on a small scale
(Meusburger et al., 2010b; Mondal et al., 2016), and at plot scales
(Lewis, 2013; Roose, 1975). However, previous studies have reported
the use of USLE and its family models (Abdulkareem et al., 2019;
Kijowska-Strugata et al., 2018; Roose, 1977) but did not consider tem-
perature variations.

RUSLE2 is a hybrid empirical/process-based model that is used by
combining the best empirical and process-based erosion prediction
methods prescribed by the United States Department of Agriculture
(USDA) (USDA-ARS, 2008; USDA-ARS, 2013; USDA, 2001). Issues
encountered in the previous models can be solved by integrating data on
temperature into the soil erodibility equation, and integration with GIS
enables easy execution of erosion studies based on mixed pixels of land
use. It is a well-validated technology for predicting erosion and is suit-
able for predicting erosion in most cultivated land types in West Africa
(Roose, 1996). Furthermore, RUSLE2 was developed using modern
theories on soil particle detachment, transport, and deposition by the
raindrop effect and surface runoff.

Estimation of fractional vegetation cover is a key procedure in soil
erosion estimation and ecological restoration studies. Assessment of the
change in soil erosion and depiction as vegetation cover changes are
essential for understanding the restoration efficiency and ecosystem
functions of soil erosion control and for evaluating ecosystem services
(Fuetal., 2011). Various methods have been widely used to estimate the
fractional green cover (FGC) (Garcia-Haro et al., 2019; Song et al., 2017;
Vrieling, 2006; Xu et al., 2019; Yang, 2014; Zhang et al., 2019; Zhao
et al., 2020). The linear spectral unmixing method (LSU) (Asner and
Heidebrecht, 2002), mixture tuned matched filtering method (MTMF)
(Meusburger et al., 2010a), and machine learning methods (Baret et al.,
2013) are also used to estimate FGC. In soil erosion studies, one con-
dition necessary to accurately estimate soil loss based on RUSLE2 is the
precise determination of the cover management factor (C factor)
because the surface cover exerts a more pronounced effect on soil loss
than any other factor (Foster et al., 1999; Vijith et al., 2017). Re-
searchers have suggested many methods that can be used for estimating
the C factor at different scales (Qiang and Wenwu, 2014; Tanyas et al.,
2015). The main methods at the regional and watershed scales are as
follows. Firstly, the original method is used to estimate the C factor
based on data derived from field work and experiments (Renard et al.,
1997; Spaeth et al., 2003); however, one limitation of this approach is
that it is based on tests conducted using collected samples. This method
requires the inclusion of a standard community and long-term moni-
toring, and these cannot be easily implemented (Tanyas et al., 2015).
Secondly, researchers have considered normalized difference vegetation
(NDVI) to map the C factor using regression analysis (Almagro et al.,
2019; Ayalew et al., 2020; Pham et al., 2018; Vatandaslar and Yavuz,
2017). Karydas et al. (2009) used a fuzzy sigmoid transformation of
NDVI values to map the C factor. Yang (2014) proposed a monthly
NDVI-based C factor. However, this method requires the inclusion of
additional monthly remote sensing data that cannot be easily obtained
in the areas where data are missing, and where the C factor and vege-
tation indices show poor correlation (De Jong, 1994; Montandon and
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Small, 2008; Panagos et al., 2015). Thirdly, researchers assign C factor
values according to the land use type (Farhan and Nawaiseh, 2015;
Kidane et al., 2019; Olorunfemi et al., 2020). However, this method
cannot be used to accurately represent the change in vegetation across
large areas (Pan and Wen, 2013; Tanyas et al., 2015; Wang et al., 2002).
Fourthly, the C factor data are extracted using the inverse method based
on application of the RUSLE equation after field measurement of other
variables. However, data cannot be easily obtained in most cases
(Tanyas et al., 2015). Fifthly, Mapping of C factor values can be
improved by adopting geostatistical methods based on the use of remote
sensing images (Gertner et al., 2002; Wang et al., 2002). Although
spatial statistical analysis has been performed comprehensively, the
workload required is markedly considerable, and the application is
difficult. Sixthly, studies have reported the combination of existing
methods of C factor estimation. The combination of remote sensing data
at a high spatial resolution with information from existing literature
reviews in the study area and field data can improve the C factor map-
ping (Panagos et al., 2015; Tanyas et al., 2015). However, this approach
determined the C factor via the application of NDVI index ignoring the
mixed pixels of land use. The resulting spatial variation in the C factor is
inaccurate. Additionally, mapping the C factor of the study area is based
on acquisition of considerable data and conduction of extensive previous
work. Seventhly, recent studies used a machine learning approach to
predict C-factor maps (Tsai et al., 2021). Finally, the C factor values also
have been estimated by performing linear spectral mixture analysis (De
Asis and Omasa, 2007; Lu et al., 2004). Studies have demonstrated that
the linear spectral mixture model is a more accurate method than the
NDVI-based linear mixture model (Yang et al., 2012; Zhao et al., 2020).
De Asis and Omasa (2007) proposed a new method for calculating the C
factor using linear subpixel unmixing (LSU). De Asis et al. (2008) noted
that the LSU technique, when applied to Landsat data, offered a more
accurate assessment of land conditions related to soil erosion in tropical
watersheds, such as the Boubo coastal watershed. Although the method
is theoretically imperfect because the impact of distribution between
different land cover types is not considered (Myneni et al., 1995; Roberts
et al., 1993), the errors resulting from linear assumptions are relatively
minor (Kerdiles and Grondona, 1995). LSU has also been proven to be a
good tool for estimating endmember fractions (Adams and Smith, 1986;
Elmore et al., 2000; Small, 2003) and is widely used because of its
simplicity, interpretability, and effectiveness (Xiao and Moody, 2005).
In the present study, owing to the lack of availability of data, the LSU
was deemed suitable and proved advantageous for decomposing mixed
pixels. The main advantage of automatic LSU classification is the con-
duction of rapid data processing. It is a time-saving, inexpensive, and
relatively simple method that can be used over large areas (Zizala et al.,
2018). The potential erosion areas are estimated at the mixed pixel level.
Comparison studies have indicated that LSU results are better than those
obtained via consideration of vegetation indices (Jimenez-Munoz et al.,
2009).

Another condition necessary to precisely estimate soil loss is the
accurate estimation of an essential factor for the RUSLE2 model, that is,
the spatiotemporal variation in the soil erodibility K factor. This factor
reflects the regional soil erodibility (USDA-ARS, 2013). Several authors
have used the classical soil erodibility factor equation to determine the K
factor (Teng et al., 2019; Xin, 2020). However, the classical K factor
equation, rather than the nomograph, should be used with caution in
these studies because the classical equation would lead to incorrect
predictions in more than 50% of cases (Auerswald et al., 2014). The use
of Wischmeier’s monograph to determine the geographical K factor is
adapted to most regions of West African land (Roose, 1975). Villemure
used this method in West Africa (Villemure, 2006) and concluded that
ferrallitic soil was markedly resistant to erosion (K ranged from 0.01 to
0.2). Furthermore, several studies have been conducted by considering
soil erodibility (K factor) as a parameter that is constant for a year for a
given soil and have shown that stable soil properties can be used to
assess soil erodibility (Karydas et al., 2013; Wang et al., 2016). However,
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other studies have found that soil erodibility varies over the year for a
given soil due to location, climate change, and human activity (Kinnell,
2010; Ostad-Ali-Askari et al., 2019; USDA-ARS, 2013). Therefore, soil
erodibility should be considered as a variable term that changes over
time and space rather than one that remains constant (Kinnell, 2019;
Ostad-Ali-Askari et al., 2020; Wang et al., 2013). USDA-ARS (2013)
noted that the temporal soil erodibility factor could be determined by
using temperature data and proposed a method to estimate the temporal
K factor using information on temperature, which highlighted a new
strategy for optimization of the RUSLE2 model.

Soil erosion is most often accompanied by sediment transport. Water
flow transports sediment downslope (Ostad-Ali-Askari et al., 2016).
Sediment yield and runoff are two critical soil erosion parameters (Zhu
et al., 2018). Changes in land cover affect runoff and sediment yield by
changing the canopy structure and ground cover (Borrelli et al., 2015;
Liuetal., 2018; Maeda et al., 2013; Wan et al., 2012). Sediment yield is a
critical factor considered for detecting non-point source (NPS) pollution.
Estimation of runoff and sediment yield is vital because the sediment
produced may carry pollutants (Jebari et al., 2012; Lanckriet et al.,
2016; Ostad-Ali-Askari and Shayannejad, 2021), and pollutants may
affect agricultural productivity (Golian et al., 2020; Gu et al., 2018; Lal,
2001; Lal, 2014; Zhu et al., 2018) and degrade water quality (Lal, 2015).
Additionally, when runoff begins, the amount and the size of the
transported material are determined by estimating the transport ca-
pacity (Tc) of water from runoff. If the transport capacity is insufficient
to transport the available eroded soil material, the sediment that exceeds
the capacity of transport is deposited (Jain and Das, 2009; Jain et al.,
2009).

The present study aimed to combine GIS-based RUSLE2 and LSU and
used LSU to determine the C factor and to improve the results of the
RUSLE2 model. Temporal temperature data were also used to perform
adjustments for the soil erodibility to improve the accuracy of the
RUSLE2 model.

The proposed framework was applied to the Boubo coastal water-
shed to estimate the soil erosion dynamics. The Boubo coastal watershed
has been selected from the main 11 watersheds in Cote d’Ivoire because
it plays an important role in the physical, biological, and hydrological
exchange between lagoons and the sea. Unfortunately, its rivers are not
considered in national monitoring planning (Sébastien et al., 2013).
Moreover, this important large coastal watershed presents only two
hydrometric stations and two rain gauge stations, which poses chal-
lenges in rainfall erosivity estimation and in the conduction of climate
change studies. Boubo is an agricultural area in which fertilizers and
pesticides are widely used. The changes in land use over the last 29 years
in the Boubo coastal watershed have resulted in significant sediment
deposits in the lagoon. Fisheries resources, such as fresh fish, are highly
threatened. Additionally, despite the importance of this coastal water-
shed, markedly few studies related to erosion and sediment yield have
been conducted in this area (Kouadio, 2011; Milliman and Farnsworth,
2011; Vanmaercke et al., 2014). Most studies in Cote d’Ivoire focus on
the Bandama, San Pedro, Comoe, Sassandra, and Agneby watersheds.
This study demonstrates advantages and is based on principles of gov-
ernment and conservation planning.

Provision of guidelines for the reduction of waterborne erosion based
on information on the geographic location, land use/cover, climate, and
funding conditions is challenging because of the lack of availability of
studies and data in this area. This study focuses on modeling and map-
ping of soil erosion potential and estimation of the sediment yield risk
and delivery ratio in the Boubo coastal watershed. We reviewed previ-
ous studies conducted worldwide, examined changes in vegetation
cover, and used available data to generate erosion risk maps. The results
of this study can provide useful information and may help managers and
planners in the formulation of policies to protect the ecological envi-
ronment of the study region.

Ecological Indicators 130 (2021) 108092
2. Study area and datasets
2.1. Study area

Boubo is a north-south watershed that is over 130 km in length. It
covers an area of almost 5048.27 km? (Fig. 1). Slopes varying from 0% to
5 % occupy more than 52% of the Boubo watershed, indicating that the
study area generally exhibits a flat surface (Table 1). Flat slopes are ideal
for the application of RUSLE2 (Foster et al., 1999). The Boubo watershed
intersects the Atlantic Ocean via the Makey Lagoon in Cote d’Ivoire. The
climate is a sub-equatorial (two rainfall seasons) type with an annual
rainfall exceeding 1500 mm/year. Boubo presents with two rainy and
two dry seasons. The Great Rainy Season lasts from mid-March to mid-
July; the short rainy season covers the months of September and
October. The great dry season extends from November to mid-March,
and the short dry season extends from mid-July to the end of August.
The average temperature of the basin ranges between 25 °C and 27 °C.
The main activity in Boubo is agriculture, which represents almost 80%
of the total human activity in the region (Kouadio, 2011). The Boubo
watershed is part of the southern Ivorian forest (Avenard et al., 1971).
The swamp forests, dense evergreen forests, Diospyros spp. (Ebénacées),
and Mapania spp. (Cyperaceae) thrive on soils with a high water
retention capacity, and are recognized as the four types of vegetation in
Boubo (Avenard et al., 1971).

2.2. Datasets and data processing

The illustration of the boundary of the Boubo watershed was pro-
duced using a digital elevation model (DEM). Satellite images were ac-
quired during the dry season. During this period, the sky was not
covered by clouds; therefore, most areas exhibited almost 100% exposed
soil. By applying primary pre-processing operations and by using LSU,
land cover fractions for the years 1990 and 2019 were obtained for the
study region. The other data used in this study are listed in Table 2.

3. Methods
3.1. Application of the RUSLE2 model

The approach used herein was based on the execution of a diachronic
study of water erosion. The raster maps developed for the rj, ki, 1;, S, c,
and p factors of the RUSLE2 model were combined to estimate, to
evaluate, and to generate maps of soil loss and severity. Fig. 2 shows the
flow chart of RUSLE2, which can be used to establish precipitation, soil
type, elevation, and land cover data layers and the corresponding der-
ivations from these layers (USDA-ARS, 2008). This model is used to
compute the long-term average soil loss, using the equation expression
as follows:

(Z?E?Nrikiliscipi>
A= N (€8]
where A represents the annual soil loss; r; denotes the daily erosivity
factor (MJ.mm.ha~L.h~Lyear™1), k; represents the daily soil erodibility
factor (t.ha.h.ha .MJ~L.mm™1), ]; represents daily slope length factor
(dimensionless), S represents daily slope steepness factor (dimension-
less), c; represents daily cover management factor (the C factor,
dimensionless), which can be determined by adopting the LSU method;
pi denotes the daily support practice factor (dimensionless); all long-
term averages are indicated for the ith day, and N represents the total
number of years in the calculation. The lowercase symbols represent
daily values. In case of USLE and RUSLE1, uppercase symbols are used to
denote annual values.

3.1.1. Estimation of the C factor using LSU
The cover management factor (C-factor) was determined using the
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Fig. 1. Location map of the Boubo coastal watershed.

Table 1

Classification of slopes in the Boubo watershed.
No. Slope category Slope (%) Area

Km? %

1 Nearly level 0-5 2668,39 52,86
2 Gentle slope 5-10 1757,30 34,81
3 Moderate slope 10-20 565,63 11,20
4 Steep slope 20-56 56,94 1,13

LSU model in the present study. We used the ENVI 5.1 software to
classify ground fractions through LSU. We obtained spectral unmixing
results by combining automatic minimum noise fraction (MNF) and
supervised pixel purity index (PPI) endmember selections by processing
Landsat 5 ETM + and Landsat 8 Operational Land Imager (OLI) images.
The MNF-PPI demonstrates the advantage of being used for separation
of pure pixels from those that are more mixed, thereby minimizing the
number of pixels that must be examined and simplifying endmember
separation and identification. Previous research has shown that appli-
cation of MNF can improve the quality of fraction images through
decorrelation. The most spectrally pure pixels in the images were ob-
tained using PPI. The C factor is defined on a pixel-by-pixel basis using
this equation (De Asis and Omasa, 2007) expressed as follows:

where Fps denotes the fraction of bare soil: the bare soil endmember
information was collected from Landsat images; Fyeg denotes different
forest tree species in the Boubo watershed; and Fypy represents non-
photosynthetic material. The data on endmembers for the NPM were
derived from open spaces, abandoned cultivated fields, branches, rocks,
dried leaves, or gravel.

The unmixing was constrained to ensure that every endmember’s
fraction ranged between 0 and 1, and for each pixel, the sum of fractions
equaled 1 (Adams and Smith, 1986; Smith et al., 1990). All input layers
were enhanced into the raster layer for application in the RUSLE2
model. Each of the RUSLE2 factors was calculated separately and was
adapted to the specific environmental conditions of the Boubo water-
shed. We used the classified Landsat images in Google Earth Engine
(GEE) to validate the accuracy of the LSU. The LSU validation can be
performed during fieldwork by collecting samples for validation (De Asis
et al., 2008) or by using remote sensing data (Huang et al., 2020;
Papaiordanidis et al., 2020). Based on the consideration of remote
sensing and GIS development, GEE provides a good alternative for
validating this type of study over a large area. GEE has been proven to be
reliable, provides a good basis for analysis, and is considered time-
saving while providing good results (Shelestov et al., 2017; Sun et al.,
2019; Tadele et al., 2017; Wahap and Shafri, 2020). The ENVI 5.1
software provides automatic RMSE of the classification. The RMSE
represents a better model performance than MAE (Chai and Draxler,

C= F ) 2014). In LSU studies related to erosion, the RMSE has often been used
1+ Fieg + Fyem to evaluate land use classification (Pan and Wen, 2013). A small RMSE
indicates that the selected endmembers are sufficient and valid (Pan and
Table 2
List of datasets used in this study.
Category Dataset (format) Source Spatial Temporal Variables
resolution period
DEM Alos palsar L-band (raster) Alaska Satellite Facility (https://www.asf.ala 125 m July 2007 Elevation
ska.edu)
Climate Temperature Precipitation NASA POWER (https://power.larc.nasa.gov) Grid, Years Daily precipitation and temperature
0.25%0.25° 1990-2019
Soil Pedology map of the Boubo FAO database (http://www.fao.org) 1:5 000 000 Sand, silt, and clay fractions; organic
watershed matter %
Land Landsat images USGS Global Visualization Viewer (https 30 m Years Land cover fractions
cover ://glovis.usgs.gov) 1990-2019
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Wen, 2013; Paul M. Mather and Koch, 2011).

3.1.2. Improvement of the soil erodibility K factor

The improved soil erodibility estimate comprises a geographical and
temporal component affected by variations in temperature. The spatial
variation in precipitation and temperature should be integrated as input
in the soil erodibility equation to improve soil erodibility K factor
estimation.

3.1.2.1. Estimation of the K factor using temperature data. In the present
study, the effect of past climate change on soil erodibility K was
observed in the temporal K factors. As temperature and precipitation
vary with location, soil erodibility factor values also vary with location
(Renard et al., 1997). The equations used to compute the temporal soil
erodibility for summer conditions (USDA-ARS, 2013) are as follows:

K% =0.59140.732 (g) —0.324 (;) Tj>40" F 3)

if &£>2, then & =2

if £ <0,4, then £ = 0.4where K; represents the average daily soil
erodibility factor for the ith day; Ky, denotes soil erodibility value from
the RUSLE2 soil erodibility nomograph, T; denotes average daily tem-
perature for the ith day (°F), Ts represents average temperature for the
summer period, P; denotes average daily precipitation, and Ps represents
average precipitation for the summer period.

An upper limit of 2 and a lower limit of 0.4 for the ratioK% provides
robustness by preventing effects of extreme precipitation and tempera-

ture and by reducing the chances of obtaining excessive daily soil
erodibility values (USDA-ARS, 2013).

3.1.2.2. Estimation of the geographical K factor. The geographical K-
factor was estimated using Wischmeier’s nomograph (Renard et al.,
1997) and has been expressed as follows:

2.1%10 M4 (12 — OM) +3.25(2 — b) + 2.5(c — 3)
759

K=

C)

where M is calculated as (percentage Limons + percentage very fine
sands) x (100% clay); OM indicates percentage inherent soil organic
matter; b denotes structure code; and c represents profile permeability
code.

The distinction between this equation and the USLE and RUSLE
equivalent equation in the standard soil erodibility nomograph is the
algebraic sign of b (USDA-ARS, 2013). Data of all geographical soil
erodibility factors were corrected according to the findings presented in
field studies (Roose, 1977).

3.1.3. Estimation of monthly erosivity density

Various approaches have been used to estimate the R-factor (Bena-
videz et al., 2018; Yin et al., 2017). Roose, while working on the R-factor
in West Africa, reported the existence of a simple relationship between
the average annual R and the average annual rainfall erosion (Roose,
1975; Roose, 1977). However, Roose’s equation does not consider data
on daily rainfall. As RUSLE2 application is based on the consideration of
daily values of erosivity, precipitation, and temperature to compute
erosion, we considered the relationship reported by Wischmeier and
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Smith (1978) and which was later modified by Arnoldus (1980). This
equation is best suited for investigation of study areas that lack high
temporal resolution rainfall records and incorporates monthly and
annual rainfall values (Vijith et al., 2017). This equation demonstrates
the advantage being used for estimating monthly rainfall erosivity. In
the present study, the R-factor was computed using annual and monthly
rainfall data because of the lack of availability of data in the Boubo
watershed. We used Wischmeier and Smith (1978) equation, which was
later modified by Arnoldus (1980):

12 {1.51@“) (i) —0.08188:|
R=Y1.735%10 ®)

i=1

where R represents the erosivity factor (MJ mm ha'h™! year’l), P;
denotes the monthly precipitation (mm), and P represents the annual
precipitation (mm).

The monthly erosivity density is the preferred new method input for
climate data in RUSLE2 (McCool and Yoder, 2004). RUSLE2 computes
monthly erosivity by multiplying the monthly erosivity density by
monthly precipitation (USDA-ARS, 2008) as follows:

R, = a.P. (6)

where R, represents the monthly erosivity, a. denotes the monthly
erosivity density, and P, represents the monthly precipitation.

We used the kriging method to generate a spatial interpolation map
of the monthly erosivity and monthly erosivity density.

3.1.4. Estimation of slope length L factor

Various LS factors have been developed (Ghosal and Das Bhatta-
charya, 2020; Hrabalikova and Janecek, 2017). In GIS-based studies,
slope steepness is not uniform for the entire area, and this results in the
sub-division of the slope into several segments (Foster and Wischmeier,
1974). Desmet and Govers (1996) extended this approach to two-
dimensional terrain using the concept of the unit-contributing area.
Previous studies only considered the steepness of the slope exponent m;
however, the latest approach demonstrates the advantage of incorpo-
rating data on the flow path steepness, soil, and cover management in
the equation of the slope exponent. The L factor was calculated using the
expressions reported in a previous study (Desmet and Govers, 1996) as
follows:

Lo (Ai,/'—in +D2)m+| 7A:’}t5n (7)
i — Dnz+2*xli)\;¥<227 13m

B
RERVESY ®
P H H exp( — 0.05f,) (sin6/0.0896) ©
© k] L] [exp( = 0.025F,) | |3(sin0)"® +0.56

where L;; denotes the slope length factor for the ith segment; D repre-
sents the grid cell size (m); X;; is calculated as sin a;;j + cos ajj; Ay de-
notes aspect direction the grid cell with coordinates (i,j); A represents
flow accumulation at the intlet of a grid cell (mz), m denotes the slope
length factor exponent according to 3, and p represents the erosion ratio

in rill to interill erosion; additionally, [’,%’} denotes rill erodibility to

interrill erodibility ratio, and is calculated as follows:

K, (Py P\
2 (2100 - e~ 0,050 +2.7(1) 1 —eap

Pcl
100

—0,05P,)] +o,35( )[1 —exp(—0,005P,;)] (10
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where {‘;—:} = ratio of below-ground effects for rill and interill erosion;

exp(—0.05f;)

—> 8| — ratio of ground cover effects on rill and interill erosion;
exp(—0.025f; ) &

(sing/0.0896) | _ .. . . . L
[73(51719)0&0.5 6} = ratio of slope effects for rill and interrill erosion; 6

represents slope steepness angle; and fg denotes percentage of ground
cover.

3.1.5. Estimation of the S and P factor
The equation of the invariant steepness relationship is described
(USDA-ARS, 2013) as follows:

S =10.8s+0.03 S, < 9% an
S=16.8s+0.5 S, > 9% 12)

where S denotes the steepness factor (nondimensional), s represents the
sine of the slope angle, and s;, is equal to a value that is 100 times the
tangent of the slope angle.

Changes in support practices, such as contour tillage and terracing,
cannot be represented via land use maps at large watershed scales
(Alemaw et al., 2013; C. et al., 2011; M. et al., 2016). In this case, we
used another method to estimate the p factor based on slope gradients
used as inputs, as reported by Wenner. The equation put forth by
Wenner (1980) is expressed as follows:

p=02+03%S a3

where S denotes the slope grade in percent (%).

3.2. The estimation of the sediment transport capacity and sediment yield

The sediment transport capacity and sediment yield are deemed two
outputs of the RUSLE2 model and are considered essential variables for
providing guidance to managers for the adoption of adequate regional
policies.

3.2.1. Sediment transport capacity

When using GIS to estimate the spatial change in erosion and
deposition over the landscape in a soil erosion model, sediment trans-
port capacity must be considered (Wang et al., 2015). Different types of
and equations for transport capacity relationships are used in physically
based sediment transport studies (Hajigholizadeh et al., 2018; Her,
2011; Kothyari et al., 2002; Merritt et al., 2003; Papanicolaou et al.,
2008; Wang et al., 2019). More recently, machine learning has been
applied to estimate sediment transport (Alizadeh et al., 2017; Chen and
Chau, 2019; Reisenbiichler et al., 2021; Sharafati et al., 2020). However,
it is necessary to use a sufficiently large and diverse database from the
training site to develop a general and applicable method. Studies have
demonstrated that machine learning does not provide good results
because of data limitations (Li et al., 2016). We used the simple equation
in RUSLE2 because of the difficulties in environmental modeling char-
acterized by problems of natural complexity, spatial heterogeneity, and
the lack of availability of data. The sediment transport capacity of runoff
in rill areas is (USDA-ARS, 2013) expressed as follows:

T. = Krgs (14

where the RUSLE2 coefficient Ky for sediment transportability is rep-
resented as Kt = 4004.62 t/m>, described by RUSLE2 Science Docu-
mentation (USDA-ARS, 2013), and s denotes the sin of the slope angle
(dimensionless).

The rainfall-runoff generation procedure is extremely complex
(Cristiano et al., 2017). We estimated the runoff rate as a function of the
drainage surface, runoff coefficient, and mean precipitation using a
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rational formula (Asare-Kyei et al., 2015)
This equation is expressed as follows:

g = kPA (15)

where q represents runoff (m%), k denotes the runoff coefficient, P rep-
resents the average rainfall (mm), and A denotes the drainage area (m?).

3.2.2. Sediment yield (SY) / sediment delivery ratio (SDR)

When integrating RUSLE2 and GIS, selection of representative pro-
files may be problematic (Dabney et al., 2015). In relatively large wa-
tersheds, the majority of sediment is deposited inside the watershed, and
only a small percentage of soil eroded from hillslopes reaches the stream
and watershed outlet (Ebrahimzadeh et al., 2018; Lim et al., 2005). In
erosion and sedimentation research, understanding the sediment de-
livery process at the watershed scale remains challenging. Various
models have been developed to estimate the sediment delivery ratio
(SDR) based on the area power function and drainage area (Renfro,
1975; USDA, 1983; Vanoni, 1975), rainfall-runoff factors (Arnold et al.,
1998), slope gradient (Williams and Brendt, 1972), relief-length ratio
(Maner, 1958), particle size (Walling, 1983), water runoff travel time
(Ferro, 1997; Ferro and Minacapilli, 1995; Ferro et al., 1998), distance-
slope (Sun and McNulty, 1998), and runoff curve numbers (Williams,
1977). Progress in SDR has been witnessed in several studies (Wu et al.,
2017). To accurately estimate the sediment yield in a watershed, it is
advised to use watershed-specific SDR curves; however, the obtainment
of a specific SDR curve is not easy (Lim et al., 2005). It was challenging
to select the most suitable SDR model in this study area, mainly because
of the lack of investigations of this approach using observed data derived
from this area. However, studies have demonstrated that Maner’s

2 199
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equation, and William and Berndt’s equation perform well in tropical
watersheds (Colman et al., 2018). Hamontree et al. (2018) noted that
consideration of Maner’s equation showed better results than that
observed with William and Berndt’s equation. The SDR was used to
estimate the sediment yield. The SDR formula used in this study (Maner,
1958) is expressed as follows:

R
log(SDR) = 2.94 + 0.8210gz 16)

where SDR denotes the sediment delivery ratio, R represents the relief of

the watershed, and L represents the maximum length of the watershed.
Using the SDR value derived from Eq. (16), SY can be estimated using

the equation proposed by (Wischmeier and Smith, 1978) as follows:

SY =SDR x E 17)

where SY denotes the sediment yield (ton/ha/yr) and E represents the
annual potential soil loss (ton/ha/yr); in the present study, we assumed
that gross erosion (E) was only rill and interill erosion (A) and was
estimated via RUSLE2.

4. Results
4.1. Mapping of the cover management with LSU

The variation in cover management using LSU is presented in Fig. 3.
Cover management was estimated using Eq. (2). The pixel-by-pixel
method of LSU was selected and appreciable results were obtained for
the large Boubo watershed. The average of the root-mean-squared errors
(RMSE) for the whole image of LSU was 0.46 in 1990 and was 0.26 in

2019
b) - p

d

0 -0.001
[ 0.001- 0.005
[ 0.005 - 0.01
[ 0.01 - 0.05
[ 0.05- 0.1
[770.0-02
[ 102-03
0.3-0.4
[ 104-05
[05-06
N 0.6-0.7
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N 0.8-09
oY-1

Fig. 3. a) Slope length factor in 1990; b) slope length factor in 2019; ¢) cover management in 1990; and d) cover management in 1990.
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2019. This small value indicates good selection of endmembers, suffi-
ciency, and validity. Based on the available data, this is a reliable
method for estimating the C factor. Cover management results show that
84.66% and 73.31% of the study area had vegetation cover in 1990 and
2019, respectively. Changes in cover management for different crops
exhibit a significant influence on soil loss (Fig. 3).

4.2. Improved soil erodibility K factor

4.2.1. Estimation of the geographical K factor

Four different geographical K-values were obtained using Eq. (4) and
were corrected to k = 0.1. Table 3 summarizes the textural classes of the
Boubo watershed. A map of the geographical soil erodibility factor is
depicted in Fig. 7.

4.2.2. Estimation of the K factor using temperature data

The effect of temperature in the soil erodibility K factor was esti-
mated using Eq. (3). The graph in Fig. 4 shows the variation in the mean
temporal K value during the years 1990 and 2019. Fig. 5 and Fig. 6
represent the map of the effect of temperature on the variation in the
temporal soil erodibility K factor.

Different patterns of temporal variation in K were observed, with the
observation of a general increase in variation over time. October pre-
sented with the highest change, with an increase in K of up to 107.86%
(Fig. 4). In October, the increasing K value indicates the manner in
which temperature and precipitation change during the rainy season in
the watershed and impact erosion. In October, precipitation increased
by 58.16% and temperature decreased by 1.04% from 1990 to 2019.
Temporal K was the highest in May 1990 (0.194) and was the highest in
June 2019 (0.2).

4.3. Estimation of S and P factors

The P factor value was estimated using Eq. (13). On the slope be-
tween 0% and 5%, the mean P factor was 0.88. Our study showed that
80.22% of the Boubo watershed presented with a P factor ranging be-
tween 0.93 and 1. This suggests that topographic features affect erosion.
The map shows that the P factor value is associated with topographical
characteristics and the value is high in the entire watershed. The slope
leads to a spatial change in the P factor at the watershed scale (Fig. 7).

4.4. Impact of climate change on erosion

Fig. 8 illustrates the variation in precipitation and temperature in the
Boubo coastal watershed from 1990 to 2019. The Boubo watershed
presented high climate variability over the indicated years.

The monthly erosivity factor was estimated using Eq. (5) and the
value was then integrated with Eq. (6) to obtain the monthly erosivity
density. The value of the monthly erosivity density in the Boubo
watershed over different months varied between 0.05 and 20.86 in 1990
and ranged from 0.8 to 21.21 in 2019 (Figs. 9 and 10).

Different trends helped characterize the variations in the monthly

Ecological Indicators 130 (2021) 108092

rainfall and erosivity density values between 2019 and 1990. March
demonstrated the highest change, with an increase in monthly rainfall
erosivity density of up to 908.55%, varying from 0.2 in 1990 to 2.06% in
2019 (Fig. 11). During the rainy season, Boubo experienced the heaviest
rainfall of the year. In January, February, March, July, August, and
October, increasing monthly rainfall erosivity density was observed. In
June, the R factor increased by 0.97% from 1990 to 2019, but the June
erosivity density decreased by 4.38%. These observations were attrib-
utable to the high variation in precipitation. In both years, June pre-
sented with the highest erosion density, although a less remarkable
difference in variability was observed for this month. The Pearson cor-
relation showed statistically significant positive correlations between
the average monthly precipitation and the monthly erosivity density in
each period (p < 0.05), R = 0.964 in 1990, and R = 0.978 in 2019.

Six potential erosion classes were used for generation of the map to
represent the relative monthly soil loss, varying from slight to very se-
vere. Most areas with high potential erodibility depicted on the map in
Figs. 12 and 13 were cultivated or settlement areas.

Soil loss varied significantly in March and October (rainy season)
from 1990 to 2019 (Fig. 14). Soil loss was considerable in June and
damaged most surface in the Boubo watershed. In June, the mean soil
loss rate was 0.048 t/ha/month in 1990 and was 0.073 t/ha/month in
2019. High erosion rates could be observed around the cities of Divo,
Diegonefla, and Guitry (Figs. 12 and 13). In January, February, March,
June, July, September, and October, accelerated soil erosion was
observed for the years 1990 to 2019 (Fig. 14).

4.5. Sediment transport capacity (Tc) and sediment yield (SY)

The sediment transport capacity notably increased as the climate
conditions changed over the year (Fig. 15). The results obtained suggest
that it is possible to predict the sediment transport capacity using GIS
and the simple empirical relationship proposed by RUSLE2.

A previous incidence of climate change significantly impacts the
sediment yield. The sediment yield increased by 133.02% from 1990 to
2019 (Table 4). Table 4 displays the numerical results for the soil erosion
and sediment yield in the Boubo watershed.

5. Discussion

This is the first study conducted on the assessment of the impacts of
long-term climate and vegetation changes on soil erosion and sediment
yield in the Boubo coastal watershed. The main goal of this study was to
combine RUSLE2 and LSU to assess the impacts of climate and vegeta-
tion cover changes on soil erosion and sediment yield.

Climate data, vegetation cover information, and soil characteristics
are essential for soil erosion modeling. The approximation of rainfall
erosivity density and the improved soil erodibility K factor depend on
the climate data. However, few direct field measurements on soil loss
and sedimentation in the Boubo coastal watershed are available, and the
existing data derived from the Divo station are old and cannot be used to
represent the overall watershed (Roose, 1983; Roose, 1996). In Cote

Table 3
Soil-textural class data for the Boubo watershed.
Soil ID Soil texture Hydrologic soil Permeability Rill to interill soil erodability ratio K,/K; K factor (t.ha.h.ha™'. Areas
d : USDA 2013 MJ Lmm ™
group code (source ) mm ) Km? %
Bf- Ferralic Clay D 6 0.36 0.022 1496 29.63
Cambisols
Af-Ferric Acrisols Sandy clay C 4 0.65 0.020 2594.03  51.38
loam
Ao-Orthic Acrisols  Sandy clay C 4 0.65 0.018 859.98 17.04
loam
Fx- Xanthic Sandy clay D 2 0.61 0.008 98.26 1.95
Ferralsols
Total 5048.27 100
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Fig. 4. (a): Comparison of the mean temporal K factor during the year 1990 and 2019; (b): difference (%) in average temporal soil erodibility in 1990 and 2019.
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Fig. 5. Temperature effect on the variation in soil erodibility in 1990.

d’Ivoire, soil erosion is a neglected problem, resulting in a lack of long-
term data collection. The incomplete preparedness of Cote d’Ivoire to
tackle global climate change explains its high vulnerability (World-
bank, 2018). Similar studies have noted that soil erosion is a grave issue
worldwide, but it is sometimes neglected (Garcia-Ruiz et al., 2016), and
a lack of data collection has been noted in Africa (Borrelli et al., 2021;
Lal, 2009; Vanmaercke et al., 2014). Modeling of soil erosion and

sediment yield in areas where data are missing is challenging. Fortu-
nately, remote sensing and GIS enable the study of the long-term impact
of land cover change on soil erosion for ecological management in this
area. In Africa, satellite images are considered excellent tools for map-
ping waterborne erosion at the watershed scale (Vrieling et al., 2010).
Therefore, we used data available on the Internet to achieve our goal.
The new approach of combining RULE2 and LSU contributes not only to
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Fig. 7. a) Slope steepness factor; b) support practices map; and c) geographical soil erodibility map.

the debate of modeling erosion at the pixel level, but also reveals the
negative impact of climate change and human activities around the
cities of Divo, Diegonefla, Guitry, and Lakota. Similar studies in several

10

Ivorian coastal watersheds have revealed that human activities impact
soil loss, runoff, and sedimentation (Kouadio, 2011; Sébastien et al.,
2013). To improve the field data limitation of this study, an integrated
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Fig. 8. Annual average rainfall and temperature over a period of 29 years (1990-2019).
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Fig. 9. Spatiotemporal variation in the monthly erosivity density for the year 1990.

platform for sharing data in an open access format is necessary to create
a strong community of researchers to better understand soil erosion and
sedimentation in all countries, specifically in the Boubo watershed.
Similarly, Panagos and Katsoyiannis (2019) proposed the integration
and sharing of data with other soil-related disciplines.

Our study revealed accelerated soil loss from 1990 to 2019. The

11

dynamics of LULC observed in the Boubo watershed negatively impact
both environment and ecological conditions. The most considerable
environmental and ecological problems in the Boubo watershed include
the exploitation of forest resources for agriculture and construction
purposes. This exploitation is attributable to development planning that
focuses on establishing and improving Cote d’Ivoire’s economy based on
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Fig. 10. Spatiotemporal variation in the monthly erosivity density for the year 2019.
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Fig. 11. Differences (%) between the monthly R factor and monthly density erosivity from 1990 to 2019.

agricultural practices. The European Space Agency land cover classifi-
cation showed a deforestation rate of over 65.49% from 1992 to 2019 in
the Boubo coastal watershed. Deforested lands are exposed to the po-
tential impacts of raindrops, which accelerate the detachment, removal,
and transportation of soil particles. The importance of the change in the
Boubo watershed (increase in agricultural land and urban areas) and the

12

variation in the C factor proves that the exposure of the surface of the
watershed favors an increased frequency of erosion phenomena. Similar
changes have been recorded in Cote d’Ivoire (ONU-REDD+, 2017). Cote
d’Ivoire presents with one of the highest deforestation rates in West
Africa. Over the last 50 years, the country has lost nearly 80% of its
natural forests due to the extension of uncontrolled agricultural surfaces
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Fig. 12. Soil erosion during the year 1990.

(M.E.D.D., 2019; REDD+, 2018). In the Boubo watershed, degradation
of forest landscapes directly affects soil productivity. Recently, the
Restoration Opportunities Assessment Methodology (ROAM) was
implemented in Cote d’'Ivoire to identify drivers of forest degradation
and to map restoration priorities (IUCN, 2016). Our study showed that
change in vegetation cover exerts an effect on soil loss in the Boubo
coastal watershed. Therefore, modeling of soil erosion using GIS should
be performed by considering mixed land cover patterns to better identify
potential erosion areas. Therefore, we used LSU in the Boubo watershed.
Recent studies have used LSU and reported satisfactory results (De Asis
and Omasa, 2007; De Asis et al., 2008; Ma et al., 2010; Meusburger et al.,
2010b; Schmidt et al., 2018). Researchers have used geostatistical
methods (Wang et al., 2002) and machine learning techniques (Tsai
etal., 2021) to improve and map the C factor; however, implementation
of such a method in the study area is challenging. Further studies with
more accurate data should be conducted to explore applications of LSU,
geostatistical simulation, and the machine learning approach to eval-
uate the best method for representing the spatial variability in the C
factor in this area. Reforestation and the association of culture with good
green cover may be deemed a good measure to mitigate soil loss. A
similar approach has been used to reduce soil loss by 98% in other areas
in Cote d’Ivoire (Koua et al., 2019). Additional ecosystem service
research is lacking for Cote d’Ivoire (Wangai et al., 2016). Ecosystem
management based on ecosystem services and sediment deposition po-
tential may be considered an excellent approach to mitigate soil
degradation and to increase soil productivity in the study area. Other
researchers have proposed the consideration of such an approach (Syrbe
et al., 2018).

This study shows that there are four types of soils (Ferralic Cambi-
sols, Ferric Acrisols, Orthic Acrisols, and Xanthic Ferralsols) in the
Boubo watershed. One major improvement of RUSLE2 is the integration
of the effect of climate in the estimation of the K factor. This study shows

13

that the temporal soil erodibility changes with precipitation and tem-
perature variations in the Boubo watershed. Geographical K factor
values correspond to those reported by Roose (1996) (K varies from 0.01
to 0.7). Our research shows that the influence of temperature on soil
erodibility is significant. Similarly, Kinnell (2019) demonstrated that
climate change could exert an effect on soil erodibility. In this study, we
used kriging for spatial interpolation because a geostatistical analysis of
the K factor indicated better spatial representation than that observed
with the traditional method (Baskan and Dengiz, 2008). Previous au-
thors used a similar geostatistical approach to estimate the K factor
(Ferreira and Panagopoulos, 2014). Future studies should consider
climate change using more accurate data and geostatistical methods to
better represent soil erodibility.

The spatial distribution of the monthly erosivity density showed that
the watershed was subjected to rain aggressiveness. The estimation re-
veals that the rainfall erosivity density exhibits a high year-to-year
variability. In June, the R factor increased by 0.97% from 1990 to
2019, but the June erosivity density decreased by 4.38%. Increasing
precipitation in June tends to reduce the June erosivity density because
of the precipitation position in Eq. (6). When precipitation increased, the
monthly erosivity density decreased. Similar trends between rainfall
erosivity and rainfall erosivity density have been noted and mapped in
other areas (Ballabio et al., 2017; Panagos et al., 2016; Schmidt et al.,
2016). Occasional rainstorms are extremely powerful and erosive.
Similarly, in the Ivory Coast, Brunet-Moret (1967) and Roose (1996)
have noted that climatic erosivity is extremely high in humid tropics,
presenting with rains that are twenty to hundred times more erosive
than those reported in temperate areas, two times more erosive than
those in tropical environments, and five times more aggressive than
those in Mediterranean environments. Further research in the study area
should be conducted to update Roose’s estimation of the R factor to that
of the monthly erosivity for better estimation because the new RUSLE2
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Fig. 14. (a): Comparison of soil erosion during 1990 and 2019; (b): difference (%) in average soil erosion in 1990 and 2019.

concept of monthly erosivity density may help improve the mapping of et al., 2017). During April, May, June, September, and October in 1990,
rainfall erosivity. Recent studies have indicated that consideration of the and in the northern part of Diegonefla in July 2019, the monthly
monthly erosivity density provides good results in the United States (Yin erosivity density was extremely high in the Boubo coastal watershed.
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Fig. 15. Variation in the sediment transport capacity from 1990 to 2019.

Table 4
Soil erosion rate and sediment yield in the Boubo watershed.

Year Average Total extent Average Average Total extent
rate of soil  of soilloss for  value of rate of of sediment
loss (t/ha/  the SDR sediment yield in the
yr) watershed (t/ yield (t/ha/  watershed (t/

yr) yr) yr)

1990  0.41 20.64 2.67 1.09 55.11

2019 0.95 47.95 2.67 2.54 128.04

This study revealed a high soil erosion rate during the indicated periods.
This implies that the monthly erosivity density considerably contributes
to higher runoff and soil loss predictions. Similarly, according to Dabney
et al. (2011), high monthly erosivity density values (greater than3 MJ
ha — 1 h — 1) aid higher runoff prediction, and areas are exposed to
flood risk and water scarcity. Estimation of the change in erosivity
density will facilitate identification of the Boubo coastal watershed
rainfall energy trends and possible climate change signals.

The shape, gradient, length, and location of slopes affect erosion. The
slope length exponent in RUSLE2 is a function of land cover, soil
biomass, and degree of soil consolidation, and varies daily. Owing to a
lack of availability of data, we did not determine the effect of cover
management on the slope length factor. The slope exponent in Eq. (9)
was used without considering the effect of the cover management %

RUSLE family models have been previously used to analyze soil
erosion in Cote d’Ivoire (Alexis, 2015; Boyossoro et al., 2007; Coulibaly
et al., 2007; Coulibaly Talnan et al., 2014; Koua et al., 2019; Mathieu,
1971; N'dri et al., 2017; Eblin et al., 2017; Vami Hermann et al., 2018).
Our study shows that Boubo is highly vulnerable to soil erosion, similar
to the vulnerability of most areas in Cote d’Ivoire. Cote d’Ivoire, a
developing country, does not invest sufficient resources to effectively
combat this phenomenon; however, the accelerated soil loss, which
increased by 110% from 1990 to 2019 during June, should provide
guidance to planners and decision-makers. Accelerated soil loss is an
indicator of the impact of past climate change and changes in vegetation
cover on soil erosion. RUSLE2 used with GIS should also include a
method such as linear spectral unmixing to differentiate the mixing
structure of land use units within pixels to improve the estimation of
potential erosion areas. Estimation of the cover management in such an
area via LSU may help improve the results of this method compared to
those of other traditional methods that use NDVI. The spatial variation
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information in terms of precipitation and temperature should be inte-
grated to improve the soil erodibility K factor estimation. This may help
identify soil loss and sediment sources. Other studies have suggested an
approach for the establishment forward soil erosion models (Batista
et al., 2019). Recent studies have used a machine learning approach to
predict soil erosion (Mosavi et al., 2020; Vu Dinh et al., 2021); however,
the implementation of this approach in this area is challenging because
of the lack of availability of data and time for data loading. This study
identifies the northern part of the study area and the cities of Divo,
Guitry, Lakota, and Diegonefla as being vulnerable to damage. Soil
conservation planning should be coordinated across the Boubo water-
shed, and special measures should be implemented to prevent erosion.
Soil is a non-renewable energy source that demonstrates many roles in
the ecosystem. RUSLE-based GIS integrated with LSU can help prevent
degradation of the landscape. Prevention of soil degradation may be an
excellent strategy to improve soil productivity and human life. Preven-
tion of accelerated erosion and runoff, rather than performing attempts
to reduce runoff rates and sediment yield, would be adequate for water
and sediment management. Water and sediment control practices
should be implemented in the problematic location. Therefore, the
Boubo coastal watershed should be investigated further by adopting
methods such as analysis of the hydrologic frequency, opening of
channel hydraulics, construction of sediment control structures, moni-
toring of hydrologic systems, and development of a deep maintenance
program to prevent soil loss. Similarly, Lal (2009) has suggested that it is
better to prevent soil erosion than to adopt practices for tackling eroded
soil by improving the existing method. Soil conservation measures are
absent in the Boubo watershed. However, Cote d’Ivoire is committed to
creating an integrated national platform for sustainable land and water
management. In Cote d’Ivoire, soil conservation measures are mainly
focused on agroforestry, cultural rotation, and reforestation. Conserva-
tion planning should consider a vegetation restoration program and
analyze its effects on soil erosion reduction in this area because vege-
tation management can help reduce erosion by up to 99% (Labriere
et al., 2015). Vegetation restoration has been found to be an effective
strategy to reduce soil erosion and to maintain soil productivity (Gu
et al., 2018; Koua et al., 2019; Smith Dumont et al., 2014; Zhou et al.,
2016).

Sediment yield increased from 1.09 t/ha/yr in 1990 to 2.54 t/ha/yr
in 2019. Compared to the sediment yield information available on
expansive African rivers, the years 1990 and 2019 present a low rate of
sediment yield (Giresse, 2008). One improvement in RUSLE2 is the
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consideration of runoff in the process of soil erosion and sedimentation
(USDA-ARS, 2013). However, it was challenging to compare the results
of this study to those of expansive rivers because of the lack of avail-
ability of data. Expansive rivers carry sand-type sediments and gravel-
dominated bedloads, contradicting the concept of uniform sediment.
However, smaller rivers mainly transport sand-type sediments. There-
fore, the assumption that the sediment has a consistent grain size may be
correct to a certain extent. Therefore, while studying an expansive river
where the charge is dominated by gravel and where there is no unifor-
mity in sediment size, the sediment loading models must be used with
different considerations. Sediment yield is a direct threat to the lagoon
in the Boubo coastal watershed because of siltation, and the ecological
functions of soils are affected by erosion. We used SDR in Boubo for
restoration planning and design purposes. However, this approach is
subject to significant uncertainty and a general inability to relate sedi-
ment storage processes within the landscape and complex channels.
Future studies in the Boubo watershed may be based on the use of
geochemical tracers to identify sediment source and sink and to estimate
sediment yield and soil erosion and deposition areas to establish
watershed priorities. Our results on sediment transport were higher than
those obtained using contemporary real-life case studies of soft
computing techniques in the Kebir watershed (Amamra et al., 2018).
This may be attributed to the different sizes of the watersheds and the
methods used. As machine learning is a promising technique for sedi-
ment transport research, future research in the study area should be
conducted to evaluate machine learning approaches to estimate soil
erosion and sediment yield alongside extensive field data collection.

6. Advantages and limitations and future research

The RUSLE2 model demonstrates the advantage of incorporating
many types of climatic data. The model considers seasonal variations in
precipitation and temperature in soil erodibility, and can be used to
perform calculations using temperature data rather than the data
derived from existing graphs. The C factor that is used to describe the
canopy’s effect on erosion is a function of the top cover, antecedent soil
moisture, soil roughness, and previous cultural practices. The effect of
conservation practices on erosion rates has gained prominence as a
function of contour lines, terraces, and drainage characteristics. The
model can be used to estimate sediment yield and runoff in the rill area.
RUSLE2 presents with several limitations: first, it is only applied to
groundwater erosion because the energy source is rainfall. It has never
been applied to linear erosion and has only been applied to average data
covering a period of at least 20 years, neglecting specific interactions
between factors (FAO-ITPS, 2015). RUSLE2 is not used while consid-
ering gully erosion; only interill and rill erosion are considered. Addi-
tionally, selection of a representative profile may be problematic, as
erosion patterns change with slope steepness, length, soil type, and
agricultural management; therefore, it is challenging to represent the
profile in a GIS application. Hence, to improve the accuracy of the
erosion hazard, identification and measurement of gullies in the
watershed should be conducted to improve the accuracy of soil loss
estimations for better planning and management in the future. This
research demonstrates that remote sensing and GIS combined with
RUSLE2 modeling provide a robust method for future studies related to
soil erosion. The temporal variation in the K factor should be studied
further in future studies. Alewell et al. (2019) discussed the limitations
of the family model.

The study of the relationship between land use and soil erosion is the
basis for revealing the source of sediment in rivers and for conducting
river sediment prediction. Although existing studies have demonstrated
the achievement of remarkable results, the following questions should
be examined: first, various models have been established to study the
relationship between land use and soil erosion. However, these models
have been mostly limited to correlation analysis, and correlation anal-
ysis can be performed to only reflect trends between factors. The causal
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relationships remain unknown; therefore, these models present with
several limitations. Second, most existing studies have focused on a
single scale and multi-scale soil erosion research is limited, especially in
the application of multi-scale soil erosion models. In the future, multi-
scale research methods should be used to explore the soil erosion ef-
fects in this area at four different land use scales: the slope/field, small
watershed, watershed, and regional scales. Multi-scale soil erosion
studies may help identify different sources of sediments.

7. Conclusion

The new approach of integrating the RUSLE2 model with the LSU
model has demonstrated the manner in which an improved RUSLE2
method can be used to better evaluate soil erosion and sediment yield in
the Boubo coastal watershed. Previous studies have not examined soil
erosion induced by water in this watershed using this approach. To
maintain soil productivity and to protect the coastal ecosystem, it is vital
to prevent topsoil removal by soil erosion and sedimentation.

The selected method will provide decision-makers and city planners
with a better understanding of the evolution of erosion in the Boubo
watershed. The study’s findings reveal widespread accelerated soil
erosion rates of low to moderate severity ranging from 40.89 to 94.99 t/
km?/year, as well as temperature change effects exerted on the K factor.
The Boubo watershed is impacted by water erosion induced by human
activities and climate change. The increased erosion rate from 1990 to
2019 is alarming, and all farmers and government authorities should
undertake urgent steps for improved land management. Erosion is a
combination of processes that vary in time and space based on envi-
ronmental conditions and poor land management. Soil loss values
computed via RUSLE2 integrated with LSU should be used as a reference
rather than being considered absolute.

Limited studies on water erosion within the region have reduced the
possibility of data comparison. However, this study has scientific and
practical relevance to ecological restoration and water resource
management.

On several areas of highly erodible cultivated land, water erosion can
be economically reduced by only considering protective vegetation
cover. Future research should be conducted to explore a machine-
learning approach to estimate soil erosion and sediment yield, and to
evaluate ecosystem management based on ecosystem services and
sediment deposition in this area.
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