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• We proposed a framework to map and
assess soil erosion by water in the GEE
environment.
• RUSLE model was adopted and validated against previous ﬁndings in the
Blue Nile Basin.
• The impact of downscaling precipitation
on the R-factor and soil loss rate was
studied.
• Areas of moderate to very severe susceptibility to water erosion cover 27%.
• Downscaling precipitation signiﬁcantly
affects R-factor and soil loss rate.
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a b s t r a c t
Assessment of soil loss and understanding its major drivers are essential to implement targeted management interventions. We have proposed and developed a Revised Universal Soil Loss Equation framework fully implemented in the Google Earth Engine cloud platform (RUSLE-GEE) for high spatial resolution (90 m) soil erosion
assessment. Using RUSLE-GEE, we analyzed the soil loss rate for different erosion levels, land cover types, and
slopes in the Blue Nile Basin. The results showed that the mean soil loss rate is 39.73, 57.98, and 6.40 t ha−1
yr−1 for the entire Blue Nile, Upper Blue Nile, and Lower Blue Nile Basins, respectively. Our results also indicated
that soil protection measures should be implemented in approximately 27% of the Blue Nile Basin, as these areas
face a moderate to high risk of erosion (>10 t ha−1 yr−1). In addition, downscaling the Tropical Rainfall Measuring
Mission (TRMM) precipitation data from 25 km to 1 km spatial resolution signiﬁcantly impacts rainfall erosivity
and soil loss rate. In terms of soil erosion assessment, the study showed the rapid characterization of soil loss
rates that could be used to prioritize erosion mitigation plans to support sustainable land resources and tackle
land degradation in the Blue Nile Basin.
© 2021 Published by Elsevier B.V.
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2017), small watersheds (Gashaw et al., 2020; Yesuph and Dagnew,
2019), or the upper part of the Blue Nile Basin only (Haregeweyn
et al., 2017). Furthermore, regional soil erosion studies have not provided speciﬁc estimates or drivers of soil erosion rate in the entire
Blue Nile Basin (Fenta et al., 2020a; Tamene and Le, 2015), particularly
in the Lower Blue Nile Basin compared to the Upper Blue Nile Basin. It
hinders our understanding of the contribution of each sub-basin soil
loss rate to the total soil loss rate of the Blue Nile Basin. Therefore, it is
essential to understand the susceptibility to soil erosion for mitigation
and risk reduction in the Blue Nile Basin, which reduces its effects on
downstream areas.
Recently, several cloud-computing platforms for analyzing
geospatial data have become available for public use, for instance, Google Earth Engine (GEE, Gorelick et al., 2017). The GEE has been used
worldwide for retrieving and processing many earth observation data,
which nowadays cover all geospatial data needed to build the RUSLE
model in a comprehensive and robust cloud-based environment. GEE's
capabilities can be used to process large amounts of geospatial data, especially with improvements in these data's availability and processing
time. Thus, GEE is successfully used in several ﬁelds on both regional
and global scales (e.g., Elnashar et al., 2021; Tian et al., 2019; Zeng
et al., 2020; Zeng et al., 2019). However, to the best of our knowledge,
the use of GEE is still limited in the ﬁeld of soil erosion by water studies;
for instance, GEE used for Landsat data extraction or to map cover management factor while all processing is outside GEE (Papaiordanidis et al.,
2019; Wang and Zhao, 2020). In the current study, soil erosion assessment was fully implemented in the GEE environment to increase the
ability to prioritize regions according to their susceptibility to erosion
risks. This study was conducted using openly primary input data,
which are entirely accessible in the GEE, to introduce RUSLE in a novel
and more appropriate spatially explicit model with real-time data for
continuous monitoring and assessment of erosion hazards.
Among several factors affecting soil erosion by water, rainfall data is
of the utmost importance in assessing this phenomenon (Panagos et al.,
2015a; Panagos et al., 2017). Although other input data were given at
high spatial resolutions ranging from 90 to 250 m (e.g., elevation, land
cover, soil, and vegetation), rainfall data was used at a lower spatial resolution. The Tropical Rainfall Measuring Mission (TRMM) dataset was
used as the source of rainfall data in the estimation of rainfall erosivity
(Li et al., 2020; Moreira et al., 2020; Vrieling et al., 2010) and soil loss
mapping (Dutta et al., 2015; Haregeweyn et al., 2017). However, the
coarse spatial resolution of TRMM (0.25°) may fail to capture the detailed precipitation spatial patterns, particularly on the basin and local
scales. As a result, many studies have been conducted to downscale
TRMM data from 0.25° to 1 km grids (Duan and Bastiaanssen, 2013;
Immerzeel et al., 2009) to provide a better spatial variability of precipitation to be used in further environmental studies. However, few studies have looked into the impact of downscaling precipitation on the
model that uses precipitation as a critical input factor to determine
whether downscaling precipitation is adequate. For example, the
study of Teutschbein et al. (2011) demonstrated that downscaled precipitation signiﬁcantly impacts streamﬂow modeling. Also, the López
López et al. (2018) study showed that discharge model estimates closely
matched observations when the model was forced with the downscaled
precipitation. In contrast, soil erosion studies focused on the impact of
spatiotemporal precipitation changes on rainfall erosivity (e.g., Moreira
et al., 2020) or improving rainfall erosivity by integrating TRMM and
rain gauge data (e.g., Teng et al., 2017). Therefore, we attempted to investigate the impact of downscaling precipitation on rainfall erosivity
and the resulting soil loss rate.
For the reasons above, this work aims to construct a remote sensing
data-driven RUSLE model in the GEE environment to assess the model's
potential in mapping and assessing soil erosion in large-scale areas
where observational data is sparse. It could be used as a rapid assessment tool to help decisionmakers and land managers in developing
countries to prioritize where soil and water conservation projects

1. Introduction
Soil erosion is an essential contributor to environmental and socioeconomic problems worldwide. The severity and frequency of soil erosion vary depending on soil, climate, landform, and various
socioeconomic factors (Jiang et al., 2020; Poesen, 2018). Soil erosion exists under all climatic conditions (Borrelli et al., 2017; Wuepper et al.,
2020) and affects about 56% of degraded soils globally (Oldeman,
1992). Soil erosion not only decreases soil quality in the detachment
area (on-site effect) but also causes signiﬁcant sediment-related problems in the sedimentation area (off-site effect) (Y. Liu et al., 2020;
Mekonnen et al., 2015). For instance, soil erosion by water is responsible
for removing the most fertile topsoil causing a decrease in crop yield
due to a reduction in agricultural land productivity (Panagos et al.,
2018; Yang et al., 2019). It increases soil degradation (Pena et al.,
2020; Tsymbarovich et al., 2020) and nutrient losses (Bashagaluke
et al., 2018; Farkas et al., 2013). Moreover, it produces a considerable
sediment accumulation in downstream areas, which leads to a loss of
reservoir storage and reduces the lifespan of dams and hydropower
generation (Bai et al., 2020; Kondolf et al., 2014). It also harms surface
water quality and usage (Issaka and Ashraf, 2017; Sthiannopkao et al.,
2006). Furthermore, it threatens archaeological sites (Agapiou et al.,
2020; Huisman et al., 2019) and urban areas (Knox et al., 2000;
Shikangalah et al., 2016), causes internal migration (Bilsborrow, 1992;
Zhang and Zhuang, 2019) and affects gaseous emissions (Lal, 2020;
Liang et al., 2018). Due to these threats, soil erosion poses a great challenge to the world ecosystem (Borrelli et al., 2017; Fenta et al., 2020b;
Naipal et al., 2018; Tamene and Le, 2015). As a result, understanding
soil erosion rate (spatially, quantitatively, and qualitatively) is critical
for combating land degradation, restoring eroded soil, and reducing
the risks of eroded materials entering the ecosystem. All of which contribute to the achievement of soil-related sustainable development
goals (SDGs) (Cerdà et al., 2020; Keesstra et al., 2018; Tóth et al.,
2018) and mainly dependent on the model and input data used.
Several models have been developed to assess soil erosion by water,
for instance, the Universal Soil Loss Equation (USLE, Wischmeier and
Smith, 1978), the Modiﬁed Universal Soil Loss Equation (MUSLE,
Williams and Berndt, 1977), the European Soil Erosion Model
(EUROSEM, Morgan et al., 1998), and Water Erosion Prediction Project
(WEPP, Flanagan et al., 2001). The USLE began as a straightforward empirical model for estimating long-term soil loss rate. The Revised USLE
(RUSLE, Renard et al., 1997) is a revised version of the USLE more comparable to computer programs than the plot-site mode. According to the
Global Applications of Soil Erosion Modelling Tracker (GASEMT) database, RUSLE and USLE are in the top 25 most applied soil erosion prediction models worldwide (Borrelli et al., 2021). RUSLE provides a
reasonable solution between accuracy, ease of application, and moderate data demand. Thus, its usage has increased over the past few decades, particularly with the increase of Remote Sensing (RS) and
Geographic Information System (GIS) applications. RS and GIS facilitate
the upscaling process of the RUSLE model at the local (Haregeweyn
et al., 2017; Yesuph and Dagnew, 2019), regional (Fenta et al., 2020a;
Tamene and Le, 2015), continental (Bosco et al., 2015), and global scales
(Borrelli et al., 2017; Wuepper et al., 2020). Considering data preparation and processing, soil erosion modeling at such a large scale is
time-consuming and cost-inefﬁcient. Therefore, ﬂexible spatial analysis
tools are required to simplify soil erosion mapping with an acceptable
level of accuracy and a rapid assessment of soil erosion by water to support conservation management practices in erosion-prone areas.
The Blue Nile Basin is particularly prone to soil erosion by water. It is
subject to heavy erosive rains falling in a short period on steep slopes
(Abtew and Dessu, 2019; Conway, 2000) and intensive farming systems
(Haileslassie et al., 2009; Mwendera et al., 1997), as well as experiencing increasing population and land cover changes (Bogale, 2020;
Ebabu et al., 2019). However, previous studies have focused on soil erosion in terms of plot scales (Herweg and Ludi, 1999; Subhatu et al.,
2
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Sudan to 4261 m in the Ethiopian highlands (Fig. 1b), indicating a highly
complex topographical environment. According to the Copernicus
Global Land Cover of the year 2017 (Buchhorn et al., 2020), the land
cover types are dominated by moderate or intensive cropland covering
51.16% of the study area, while other major land cover types include forests (24.77%), shrubs (10.85%), herbaceous (10.06%), and bare/sparse
(B/S) vegetation (3.17%). Generally, the Blue Nile Basin is heavily affected by watershed management problems, resulting in signiﬁcant
loss of soil and sediment depositions in the dam reservoirs and irrigation infrastructures (Ali et al., 2014; Asmamaw, 2015; Walsh et al.,
1994). Because of dense erosive rains falling on eroded slopes in a
short period combined with intensive human interventions (Balthazar
et al., 2013; Belay, 2014; Ewunetu et al., 2021) particularly in the
Upper Blue Nile Basin (Fenta et al., 2021).

should be constructed. Additionally, this study also attempted to contribute to the existing regional soil erosion estimates based on RUSLEGEE. This work has three speciﬁc objectives: 1) to introduce the RUSLE
model in the GEE environment, which may be considered the novel
point of the current work; 2) to use RUSLE-GEE in mapping and
assessing soil erosion by water in the Blue Nile Basin, given that it is
one of the most erosion-prone areas in the Nile Basin; and 3) to investigate the impact of downscaling precipitation on rainfall erosivity and
the resulting soil loss rate. The key ﬁndings could be helpful for land
degradation control and land resources management in the Blue Nile
Basin, and the concept could be utilized in similar areas.
2. Materials and methods
2.1. Study area

2.2. Data sources
The Blue Nile Basin (Fig. 1a) covers an area of 308,474 km2 shared
between the Upper Blue Nile Basin (also well known as Abay Basin) in
Ethiopia (200,788 km2) and the Lower Blue Nile Basin in Sudan
(107,686 km2). The Blue Nile River is the main contributor of ﬂow to
the Nile River, supplying about 60–66% of the ﬂow reaching the
Aswan Haigh Dam (AHD) (Abtew and Dessu, 2019; Wagena et al.,
2016). The Blue Nile Basin has been characterized by two distinct climatic zones (Sutcliffe, 2009): the humid Ethiopian highlands (mainly
in the Upper Blue Nile Basin) and semi-arid South-East Sudan (mainly
in the Lower Blue Nile Basin). In the Ethiopian highlands, the temporal
distribution of precipitation is highly uneven, with 70% falling in four
months during the Kiremt season (June–September) and a peak in July
or August (Berhane et al., 2014). The average monthly rainfall in the
basin from 2003 to 2017 is approximately 88 mm mo−1, with a minimum and maximum monthly rainfall of 5.11 and 251.67 mm mo−1 in
January and August, respectively (Supplementary Fig. 1). The dominant
soil groups are Cambisols, Nitosols, Arenosols, and Vertisols (IUSS
Working Group WRB, 2015); see also http://atlas.nilebasin.org (last access: 1 June 2021). Given that the Ethiopian highlands are ≥1500 m
above sea level (Gebrernichael et al., 2005), the highlands constitute
about 40% and 63% of the entire Blue Nile Basin and the Upper Blue
Nile Basin, respectively. The elevation gradient ranges from 344 m in

Data in this study include remote sensing TRMM precipitation,
SoilGrids datasets from the International Soil Reference and Information
Centre (ISRIC), Normalized Difference Vegetation Index (NDVI) dataset
from the Moderate Resolution Imaging Spectroradiometer (MODIS),
Copernicus land cover layers, and Shuttle Radar Topographic Mission
(SRTM) Digital Elevation Model (DEM). Supplementary Table 1 provides a summary of the data description and sources used in RUSLEGEE. Fig. 2 shows the methodological framework proposed and applied
to assess soil erosion by water. This framework can provide a detailed
and rapid spatial assessment for land susceptibility to water erosion at
zero cost. It could be utilized in any erosion-prone area for better land
and water conservation practices. Different data employed in this
study are described in the following subsections.
2.2.1. Precipitation
This study used the 7th version of TRMM 3B43 multi-satellite
monthly precipitation data with a spatial resolution of 0.25° (≈25
km). This data combines several available satellite precipitation estimation products and gauged precipitation data (Huffman et al., 2007), referred to as TRMM in subsequent sections. TRMM data is used in this
study because it is based on rainfall intensity and accurately represents

Fig. 1. The study area (a) and its elevations (b).
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Fig. 2. The overall cloud-based methodology of the study. All factors and abbreviations are deﬁned in the text.

precipitation (Immerzeel et al., 2009). However, when precipitation exceeds a certain level, the NDVI may be saturated and result in a lagged
response to precipitation, in which case the NDVI-precipitation relationship gradually weakens. Alternatively, Chen et al. (2019) have used EVI
to overcome NDVI limitations. However, saturation problems were still
observed. A recent study by Elnashar et al. (2020) showed that LAI has a
more vital ability to precisely explain the relationship between precipitation and vegetation in the annual downscaling model of TRMM precipitation. We have used the three distinct vegetation indices
separately to pick the best downscaling product annually and monthly
for better-downscaled results.
Taking into account various time-consuming and cost-inefﬁcient
TRMM downscaling procedures (data download, data processing
(e.g., merging, clipping, resampling, and re-projection), and constructing regression models), Elnashar et al. (2020) have facilitated these procedures by offering a framework on the same basis as Immerzeel et al.
(2009) and Duan and Bastiaanssen (2013). We have utilized this framework because it can retrieve and process all input data from GEE for
downscaling (e.g., TRMM, NDVI, EVI, LAI, elevation, elevation, longitude,
and latitude) and build a regression model based on Scikit-learn machine learning in Python language (Pedregosa et al., 2011) on the
Google's Colaboratory cloud servers (Carneiro et al., 2018). For validation, we extracted the original and downscaled TRMM precipitation
pixel values from each geographical position of the rain gauge stations
and used three different validation metrics, including the correlation
of determination (R2), Root Mean Square Error (RMSE), and Mean Absolute Error (MAE). Herein, R2-value was considered statistically signiﬁcant if the p-value for a hypothesis test is less than 0.05 (Virtanen
et al., 2020).
Supplementary Fig. 2 previews the annual validation results of the
original TRMM precipitation at 25 km and the three downscaled
TRMM precipitations at 1 km for the period of 2003–2017. Compared
with the original TRMM precipitation (R2 = 0.58⁎), the downscaled
TRMM precipitations are more consistent with the observed precipitation (R2 = 0.59⁎, 0.62⁎, and 0.61⁎ for NDVI, EVI, and LAI, respectively).
Particularly in the case of the EVI-downscaling regression model being
used, the downscaled TRMM precipitation has a lower RMSE (324 mm
yr−1) and MAE (225 mm yr−1) than the original TRMM precipitation
(RMSE = 330 mm yr−1, MAE = 237 mm yr−1). For that, we have
used the annual precipitation generated by the EVI-downscaling
model to produce the ﬁne annual precipitation (Pf). These ﬁndings

the impact of erosive rains on soil loss rate (Li et al., 2020; Zhu et al.,
2011). Additionally, we used observed monthly precipitation data of
seven meteorological stations from the World Meteorological Organization (Fig. 1a). All precipitation data were acquired between January
2003 and December 2017.
It should be noted that there are two satellite precipitation datasets
prepared for this study from 2003 to 2017 to map the rainfall erosivity
factor (Section 2.3.1). The ﬁrst one is based on the original TRMM precipitation at 25 km spatial resolution. The coarse annual precipitation
(Pc) and coarse monthly precipitation with 25 km spatial resolution
were prepared based on this dataset. Consequently, the coarse Modiﬁed
Fournier Index (MFIc), coarse rainfall erosivity factor (Rc), and coarse
soil loss rate (Ac) were mapped. The second dataset is the downscaled
annual and monthly TRMM precipitation from 25 km to 1 km based
on statistical downscaling approaches (Duan and Bastiaanssen, 2013;
Elnashar et al., 2020; Immerzeel et al., 2009). For that, we used the
Artiﬁcial Neural Network (ANN) to build a regression model between
the annual TRMM precipitation and elevation, longitude, latitude, and
one annually-averaged vegetation index (either Normalized Difference
Vegetation Index, NDVI; Enhanced Vegetation Index, EVI; or Leaf Area
Index, LAI). Based on the downscaled TRMM precipitation at 1 km, the
ﬁne annual precipitation (Pf) and ﬁne monthly precipitation were prepared. Then, the ﬁne Modiﬁed Fournier Index (MFIf), ﬁne rainfall erosivity factor (Rf), and ﬁne soil loss rate (Af) were mapped.
The downscaling process can be expressed by P = F (Xi) + ε, where
P is the downscaled TRMM precipitation, Xi refers to different environmental variables (e.g., either NDVI, EVI, or LAI and elevation, longitude,
and latitude), and ε is the residual precipitation. The general approach is
to develop a correlation function (F) between precipitation and environmental variables at 25 km and then use the environmental variables
at a1 km as inputs of F to predict TRMM precipitation at 1 km. The residual precipitation (ε) is an amount of precipitation that the regression
model cannot explain. It should be added back to the predicted precipitation at a ﬁne resolution (Immerzeel et al., 2009). Several studies have
used this approach to downscale TRMM precipitation data (e.g., Jaber,
2020; Jia et al., 2011). Suppose the regression model is built on an annual basis. In that case, it is possible to disaggregate TRMM downscaled
products at 1 km into monthly precipitation based on the weighted contribution of yearly precipitation (Duan and Bastiaanssen, 2013).
NDVI was used in the regression equation because its response on
the annual scale has been found to have a positive relationship with
4
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to the present. The monthly NDVI was generated using the maximum
of the 16-day NDVI layers within each month, while the yearly NDVI
was generated using the average of the monthly NDVI layers within
each year. Finally, the mean yearly NDVI from 2003 to 2017 was used
to map the cover management factor (Section 2.3.4).

can be supported by the Duan and Bastiaanssen (2013) study in the
Tana Lake Basin, where R2, RMSE, and MAE were 0.42, 333 mm yr−1,
and 253 mm yr−1 for the original TRMM precipitation and 0.59,
277 mm yr−1, and 219 mm yr−1 for the downscaled TRMM
precipitation.
We also have validated the three disaggregated 1 km monthly precipitation products against the observed precipitation (Supplementary
Table 2). On average, these three downscaled products outperformed
the original TRMM precipitation, and downscaling precipitation based
on an EVI-downscaling model performed better than downscaling
precipitation based on NDVI- and LAI-downscaling models. Herein, we
ﬁnd the downscaling model with the best performance among the
three models each month from January 2003 to December 2017.
More speciﬁcally, an NDVI-based downscaling product was used in
March. EVI-based downscaling products were used in January,
February, May, June, September, November, and December, while
in the remaining months (April, July, August, and October), LAIbased downscaling products were used. It should be noted that the
lower R2 value (<0.70) between the original or the downscaled
TRMM and the observed precipitation (Supplementary Fig. 2 and
Supplementary Table 2) could potentially be due to the lower gauge
density in the study area.

2.2.5. Land cover
Copernicus Global Land Cover Layers (CGLS-LC100, collection 3) is
provided annually for the entire Globe from 2015 to 2019. The dataset
has 18 land cover classes derived from the PROBA-V 100 m spatial resolution with good quality and an overall accuracy reaching 80%
(Buchhorn et al., 2020). The pixel resolution of this data can reﬂect
land cover at the ﬁeld scale that facilitates or mitigates erosion processes (Borrelli et al., 2020; Fenta et al., 2021). In the current study,
we aggregate the ﬁve annual layers into one by taking the class majority. Then the ﬁnal layer was used in support practice factor mapping
(Section 2.3.5) and the ﬁnal erosion rate assessment (Section 3.1.2).
2.3. Method of RUSLE-GEE
The innovative strategies to restore the productivity of eroded soils
and reduce the risks of eroded materials require a well understanding
of the location and magnitude of erosion rate, which mainly depends
on the model and input data used at reasonable to no cost. Here, we address this challenge by inputting RUSLE factors in the GEE environment
to calculate the long-term mean annual soil loss rate through pixelbased estimation and cloud-based processing. This cloud-based method
can rapidly and directly create detailed spatial maps and extract summary statistics, and it could be adopted for a similar study to assess
soil erosion rate.
The RUSLE model estimates the long-term mean annual soil loss rate
due to water erosion based on major soil erosion factors: pedological
(soil erodibility: K-factor), climatological (rainfall erosivity: R-factor),
topographic (slope length and steepness: T-factor), and anthropogenic
(cover management: C-factor; support practice: P-factor), as shown in
Eq. (1).

2.2.2. Soil
Topsoil (0–30 cm depth) properties of sand, silt, clay, soil organic
carbon, and soil texture class from SoilGrids datasets were used to calculate the soil erodibility factor (Section 2.3.2). These datasets are provided at 250 m spatial resolution covering the entire globe.
Predictions of soil properties were made by using 150,000 soil proﬁles
for training and a stack of 158 remote sensing-based soil covariates for
ﬁtting an ensemble random forest machine learning algorithm (Hengl
et al., 2017). This dataset was adopted for this study because of its extensive applications in soil erosion mapping from the local to global
scales (e.g., Borrelli et al., 2017; Fenta et al., 2021; Gashaw et al., 2020;
Schürz et al., 2020; Tamene and Le, 2015). It is also has been adopted
in other environmental studies, for instance, predict soil bacterial biodiversity (Grifﬁths et al., 2016), soil type classiﬁcation (Dornik et al.,
2016), plant species niches (Velazco et al., 2017), yield forecast
(Cunha et al., 2018), mapping global mangrove forest soil carbon
(Sanderman et al., 2018), global gridded hydrologic soil groups (Ross
et al., 2018), predict vegetation type (Cramer et al., 2019), soil hydraulic
and thermal properties (Dai et al., 2019), dust emission probability
(Effati et al., 2019), land degradation (Giuliani et al., 2020), crop models
(Pique et al., 2020; Tewes et al., 2020; Wimalasiri et al., 2020), hydrological modeling (Krpec et al., 2020; Trinh et al., 2018), and land use capability analysis (Ippolito et al., 2021).

Ai ¼ Ri :Ki :Ti :Ci :Pi

ð1Þ

where: A is the long-term mean annual soil loss rate (t ha−1 yr−1) of
pixel i, R is the rainfall erosivity factor (MJ mm ha−1 h−1 yr−1), K is
the soil erodibility factor (t ha h ha−1 MJ−1 mm−1), T is the topographic
factor (dimensionless) which includes slope length (L) multiplied with
slope steepness (S), C is the cover management factor (dimensionless),
and P is the support practice factor (dimensionless). It should be noted
that the ﬁnal soil loss rate map was generated by multiplying the above
mentioned ﬁve contributing factors at a high spatial resolution grid (90
m) following several previous studies (e.g., Anees et al., 2018; Borrelli
et al., 2017; Fenta et al., 2020a; Yesuph and Dagnew, 2019).
We modiﬁed some of these parameters from their formulation following previous studies (e.g., Panagos et al., 2014; Tamene and Le,
2015) to the latest state-of-the-art data available in the Earth Engine,
aiming to minimize errors associated with estimating pixel-based soil
loss rate. Our modiﬁcations and assessment procedures for the different
factors employed in the model are described brieﬂy in the following
subsections. To provide a scalable version of RUSLE in the GEE environment, we adopted the widest formulations of RUSLE factors that have
been previously used in local- to global-scale erosion studies (e.g., R:
(Alexakis et al., 2013; Fenta et al., 2020a; Renard and Freimund, 1994;
Vrieling et al., 2010); K: (Agapiou et al., 2020; Borrelli et al., 2017;
Fenta et al., 2020a; Gashaw et al., 2020; Wuepper et al., 2020); T:
(Agapiou et al., 2020; Borrelli et al., 2017; Fenta et al., 2020a; Panagos
et al., 2015b; Wuepper et al., 2020); C: (Alexakis et al., 2013; Almagro
et al., 2019; Balabathina et al., 2020; Tamene and Le, 2015); P:
(Amdihun et al., 2014; Girmay et al., 2020; Negese et al., 2021; Yesuph
and Dagnew, 2019)). It is worth mentioning that the main differences

2.2.3. Elevations
The SRTM dataset is high-quality elevation data at the near-global
level processed to ﬁll data voids and delivered at a three arc-second
(≈90 m) spatial resolution (Jarvis et al., 2008). The ﬂow accumulation
(FA) represents the upstream area draining into a given cell by adding
all upslope cells area draining into it. FA was generated based on
SRTM and available in the Earth Engine. All SRTM derivatives
(i.e., slope, aspect, and FA) are used to calculate the topographic factor
(Section 2.3.3). The slope map is also used in the ﬁnal erosion rate assessment (Section 3.1.3). The cell size of this data ensures that the topographic factor computation followed the same scale as the experimental
measurements for the USLE model, which had a length ≤122 m (Borrelli
et al., 2017; Fenta et al., 2020a).
2.2.4. Vegetation
The NDVI product (MOD13Q1 V6) is computed from atmospherically corrected surface reﬂectance that has been masked for water,
clouds, heavy aerosols, and cloud shadows. This product is provided at
250 m spatial resolution with 16-day temporal resolution from 2000
5
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convert K unit to the international metric system unit (t ha h ha−1
MJ−1 mm−1). It should be noted that there are three adaptions required
to combine the application of Eq. (4) in regards to the SoilGrids database. Because very ﬁne sand is not available in the SoilGrids database,
it was estimated as 20% of the sand fraction following Panagos et al.
(2014). The upper limit of very ﬁne sand plus silt contents was set to
70%, and the maximum limit of OM was set to 4% to prevent an underestimation of K-values following Wischmeier and Smith (1978). Table 1
was used to map soil structure code (Bagarello et al., 2009) and soil permeability class (Rawls et al., 1982) based on soil texture classes (Hengl
et al., 2017) following (Fenta et al., 2020a; Schürz et al., 2020).

between the studies above and this study are: 1) RUSLE parameters
were entirely determined within the GEE environment and 2) testing
the impact of improved spatial patterns of inputted factor layers
(e.g., precipitation) on soil erosion rate.
2.3.1. Rainfall erosivity factor (R)
The rainfall erosivity factor (R-factor) is an empirical measure of the
erosivity of rainfall causing soil erosion, which is affected by volume, intensity, duration, and the pattern of rainfall, as well as the amount and
rate of the resulting overland runoff. It can be calculated based on the
rainfall kinetic energy (E) and the maximum 30-minute rainfall intensity (I30) (Wischmeier and Smith, 1978). This method requires highresolution pluviograph data over more than 20 years (Renard et al.,
1997). Furthermore, it cannot reﬂect continuous records of rainfall
(Wang et al., 2016). Alternatively, several studies have established a relationship between rainfall erosivity with more readily available rainfall
data: for instance, using monthly rainfall data (Karydas et al., 2020) or
annual rainfall data (Parveen and Kumar, 2012). The long-term mean
of the R-factor mapped using Eq. (2) (Fenta et al., 2017), based on the
Modiﬁed Fournier Index (Arnoldus, 1977) Eq. (3) between 2003 and
2017.
R ¼ 27:8∗MFI−189:2

2.3.3. Topographic factor (T)
Topographic factor (T-factor) includes slope length (L) and slope
steepness (S) and their overall contribution to soil erosion by water. Together, L and S represent the ratio between soil loss rate in a speciﬁc
ﬁeld to a soil loss rate of identical plot conditions (L = 22.13 m; S =
9%) (Renard et al., 1997). For T-factor mapping, Eq. (5) (Wischmeier
and Smith, 1978), Eqs. (6.1)–(6.4) (Desmet and Govers, 1996), and
Eqs. (7.1)–(7.3) (Liu et al., 2002; Renard et al., 1997) were used.
T ¼ L∗S

ð2Þ

12

∑i¼1 Pi2
MFI ¼
P

ð3Þ

L¼

where: R is the rainfall erosivity factor (MJ mm ha−1 h−1 yr−1), MFI is
the Modiﬁed Fournier Index (mm), Pi is the average monthly precipitation (mm), and P is the average annual precipitation (mm). It should be
noted that Eq. (2) was chosen in this study, given that it was developed
by merging station-based data with satellite rainfall estimates for the
Eastern Africa region, including the study area. Since developing this
equation needs a fundamental study and adequate observed rainfall
data, alternative options can be found in the study of Vrieling et al.
(2010), which developed over the African continent, Renard and
Freimund (1994) in California, Ferro et al. (1991) in Sicily, and
Arnoldus (1977) in Morocco. The MFI equation was used to consider
the monthly distribution of rainfall during each year of the study period
(15 years in this study) following several previous studies (e.g., Alexakis
et al., 2013; Balabathina et al., 2020; de Vente et al., 2008; Rahman et al.,
2009).


mþ1
2
FA þ scale
−FAmþ1
mþ2

scale

m¼

F¼

2.3.2. Soil erodibility factor (K)
Soil erodibility is the inherent resistance of soil to erosion by water
and is governed by the physio-chemical properties of the soil. Soil erodibility factor (K-factor) is an empirical measure of the long-term average
of soil particles' susceptibility to detachment and then transport by rainfall and runoff. It represents the rate of soil loss for a given ﬁeld compared to the soil loss rate from a standard plot (slope length = 22.13
m and slope steepness = 9%) under continued tilled fallow (Renard
et al., 1997). For large-scale soil erodibility mapping, the soil erodibility
nomograph is the most commonly preferred method for estimating Kfactor as a function of the percentages of clay, silt, and very ﬁne sand,
as well as the permeability class, structure code, and organic matter
content of the soil (Wischmeier et al., 1971). The nomograph mathematical approximation (Renard et al., 1997; Wischmeier and Smith,
1978), presented in Eq. (4), was used to drive the mean K-factor map.

ð5Þ

∗Xm ∗22:13m

F
Fþ1

ð6:1Þ

ð6:2Þ
Sin s
0:0896
0:8

3∗ðSin sÞ

þ 0:56

ð6:3Þ

X ¼ jSin aj þ ∣Cos a∣

ð6:4Þ

S ¼ 10:80∗Sin s þ 0:03, for s<5

ð7:1Þ

S ¼ 16:80∗Sin s−0:50, for 5 ≤s<10

ð7:2Þ

S ¼ 21:91∗Sin s−0:96, for s≥10

ð7:3Þ

where: T is the topographic factors (dimensionless), L is the slope length
factor, S is the slope steepness factor, FA is the ﬂow accumulation, the
scale is the cell size length (for this study ≈90 m), m is the slope length
exponent, 22.13 is the standard plot length (m), s is the slope in radian,
a is the aspect direction. It should be noted that the maximum ﬂow accumulation was set to 10 pixels to terminate the calculation of slope
length over streams or river channels (Fenta et al., 2020a). The upper
limit of slope length was set to 122 m to avoid excessively long hillslope
lengths, and the maximum value for slope angle was set to 26.6°
(Renard et al., 1997; Wischmeier and Smith, 1978). It is worth mentioning that Eq. (7.3) was incorporated into T-factor computation following
Liu et al. (2002) because slopes ≥10° comprise about 21% and 47% of the
entire study area and cropland area, respectively.
2.3.4. Cover management factor (C)
The cover management factor (C-factor) is the ratio between soil
loss rate under a speciﬁc cover and management to soil loss rate from
a standard plot condition (Morgan, 2005). Several studies have proved
that vegetation indices (e.g., NDVI, LAI) are a good proxy for mapping
crop management factor, particularly on a large scale (Almagro et al.,
2019; Naipal et al., 2018). In this regard, a higher vegetation cover indicates lower erosion hazards. For this study, the C-factor map was created using Eq. (8) (Tamene and Le, 2015; Van der Knijff et al., 2000).

"
#
2:1∗10−4 ∗M1:14  ð12−OMÞ þ ð3:25∗ðs−2ÞÞ þ ð2:50∗ðp−3ÞÞ
K¼
∗ 0:1317
100

ð4Þ
where: M is the particle size parameter with M = (very ﬁne sand % +
silt %) ∗ (100 − clay %), OM is the organic matter content (%), s is the soil
structure code, p is the soil permeability class, and 0.1317 is a factor to
6
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Table 1
Soil textural classes and corresponding soil structure code and soil permeability class.
Soil texture

Soil structure code

Soil texture

Soil permeability class

Sa, LoSa, SaLo
SaCl, SaClLo, Lo, SiLo, Si
ClLo, SiClLo
Cl, SiCl

1 (very ﬁne granular)
2 (ﬁne granular)
3 (medium or coarse granular)
4 (blocky, platy or massive)

Sa
LoSa, SaLo
Lo, SiLo, Si
SaClLo, SaCl
SiClLo, SaCl
SiCl, Cl

1 (fast and very fast)
2 (moderately fast)
3 (moderate)
4 (moderately slow)
5 (slow)
6 (very slow)

Note: Sa: sand; LoSa: loam-sand; Si: silt; SaLo: sand-loam; SiLo: silt-loam; Lo: loam; SaClLo: sand-clay-loam; SiClLo: silt-clay-loam; ClLo: clay-loam; Cl: clay; SiCl: silt-clay; SaCl: sand-clay.


C ¼ exp −2:5


NDVI
ð1−NDVIÞ

Google Drive. In this manner, the same steps could be applied to another
area for a similar subject as a rapid tool for soil erosion assessment.

ð8Þ

2.5. Validation of RUSLE-GEE results
where: C is the cover management factor (dimensionless), NDVI is the
Normalized Difference Vegetation Index (dimensionless).

A major part of erosion research is model validation. Field or plot
scale as typically observed data for validating spatially averaged longterm mean soil loss rate estimates on a large scale is more accurate.
However, this method commonly carries ﬂaws because most of the
ﬁeld or plot scale measurements of soil erosion studies are scant, sparse,
and mainly carried out either in croplands and or erosion-prone areas
(Bewket and Sterk, 2003; Gessesse et al., 2010; Herweg and Ludi,
1999). Additionally, comparison of ﬁeld or plot scale measurements
with spatially averaged soil loss rates may result in an over-or underestimation of actual sheet and rill erosion rates due to spatial and temporal limitations as well as to differences in methods and assumptions that
describe erosion processes (Fenta et al., 2020a; Schürz et al., 2020).
Under such circumstances, “scientiﬁc validation” was proposed by
Biondi et al. (2012), which aims at evaluating the model consistency
and coherence with the real-world as an ISO (input-state-output) system. This method was applied to this study due to its broad applications
in similar studies that have been carried out in or near the study area
(e.g., Balabathina et al., 2020; Haregeweyn et al., 2017; Mustefa et al.,
2019; Negese et al., 2021; Tamene and Le, 2015; Yesuph and Dagnew,
2019). Supplementary Table 3 presents an independent sheet and rill
erosion studies carried out in the Upper Blue Nile Basin used to compare
and investigate the proposed RUSLE-GEE results (Section 3.1.4).

2.3.5. Support practice factor (P)
The support practice factor (P-factor) represents the ratio between soil
loss rate in a ﬁeld with a given conservation practice (i.e., contouring, stripcropping, and terracing) to soil loss rate where there is no conservation
practice applied (Renard et al., 1997). As the distribution of conservation
practices is not available and cannot be accurately mapped for a huge
area, several studies assigned the P-factor to 1 (e.g., Gashaw et al., 2019;
H. Liu et al., 2020). However, P-factor is derived for this study using the
aid of the slope and land cover maps. For this, the land cover classes
(Section 2.2.5) are grouped into two main classes: cropland and noncropland. The value one was assigned to areas with no conservation practices (non-cropland), while the minimum value approaching 0.1 was
assigned to areas with good conservation practices, assuming that soil
and water conservation practices were applied in all croplands. Thus, croplands were subdivided into six slope classes and for each slope class, a
value between 0.1 and 0.33 was assigned as follows: 0–5%, P = 0.10;
5–10%, P = 0.12; 10–20%, P = 0.14; 20–30%, P = 0.19; 30–50%, P =
0.25; 50–100%, P = 0.33 (Wischmeier and Smith, 1978).
2.4. Assessment soil loss rate of RUSLE-GEE

2.6. Statistical analysis

In this study, the estimated soil loss rate of the RUSLE-GEE is classiﬁed as follows: 1) ﬁve erosion severity classes: very slight (<5 t ha−1
yr−1), slight (5–10 t ha−1 yr−1), moderate (10–30 t ha−1 yr−1), severe
(30–50 t ha−1 yr−1) and very severe (>50 t ha−1 yr−1) following
(Gashaw et al., 2020; Haregeweyn et al., 2017; Negese et al., 2021);
2) ﬁve land cover types: shrubs, herbaceous, croplands, B/S vegetation,
forests (Section 2.2.5); and 3) ﬁve slope classes: very gentle (<5%), gentle (5–15%), moderate (15–30%), steep (30–50%), very steep (>50%)
following (Berihun et al., 2020; Negese et al., 2021; Tamene and Le,
2015; Yesuph and Dagnew, 2019). The mean value of different input
data (e.g., NDVI, elevation, slope, slope length, slope steepness), erosion
factors (e.g., R-, K-, T-, C-, and P-factor), and the resulting soil loss rate
(A) from each class were extracted in the GEE for further analysis. The
net soil loss rate (sediment yield) was calculated based on a sediment
delivery ratio (SDR) value of 30% for cropland and 25% for the noncropland following Haregeweyn et al. (2017). Soil loss tolerance is the
maximum acceptable rate of soil loss from an area without reducing
land productivity (Duan et al., 2016; Li et al., 2009). It is a frequently
used threshold for assessing the potential risks of soil erosion and evaluating the efﬁciency of soil and water conservation measures. For that, a
mean annual soil loss tolerance of 10 t ha−1 yr−1 is implemented following previous studies in or near the study area (e.g., Fenta et al.,
2021; Girmay et al., 2020; Yesuph and Dagnew, 2019). All the steps
mentioned above are fully implemented in the GEE environment. The
outputs can be exported as maps (raster.tif) and tables (table.csv) to

One hundred thousand points randomly generated within the study
area using the “ee.FeatureCollection.randomPoints” built-in function in
the GEE environment. At each point, the corresponding pixel values of
slope length (L), slope steepness (S), T-factor, R-factor (Rc and Rf),
and soil loss rate (Ac and Af) were extracted. Then, the correlation of determination (R2) between L, S, and T-factor values and Ac values was
calculated. For testing whether Rc, Rf, Ac, and Af differ from the normal
distribution, D'Agostino-Pearson (D'Agostino and Pearson, 1973) and
Shapiro-Wilk (Shapiro and Wilk, 1965) normality tests were used. To
investigate the effect of downscaling precipitation on rainfall erosivity
and soil loss rate, the one-way ANOVA and the Kruskal-Wallis test
(Kruskal and Wallis, 1952) were used. The Kruskal-Wallis test is a
non-parametric version of ANOVA, and its results are approved if the
data does not follow the normal distribution. Herein, the “stats” package
from the SciPy library in Python language was used to perform the
above statistical analysis (Virtanen et al., 2020).
3. Results and discussion
3.1. Assessment of soil loss rate
The spatial variability of primary input data, erosion factors, and
resulting soil loss rate in the Blue Nile Basin are presented in Figs. 1b
7

A. Elnashar, H. Zeng, B. Wu et al.

Science of the Total Environment 793 (2021) 148466

8

A. Elnashar, H. Zeng, B. Wu et al.

Science of the Total Environment 793 (2021) 148466

Fig. 3. Spatial distribution maps of NDVI (a), LULC (b), coarse precipitation (Pc: (c)), coarse MFI (MFIc: (d)), RUSLE-factors (coarse R-factor: (Rc: e), K-factor: (f), T-factor: (g), C-factor: (h),
P-factor: (i)), and coarse soil loss rate (Ac: (j)).

(Fig. 3b). On the other hand, a lower soil loss rate can be seen in most
of the Lower Blue Nile Basin due to lower precipitation and elevation
gradient; however, it has more inadequate cover management
(Fig. 3h) due to a lower vegetation cover (Fig. 3a).

and 3, and a detailed summary from three different perspectives
(Section 2.4) are represented in Tables 2 and 3. From Figs. 1b and 3, except for the K-factor, it can be seen that a higher coefﬁcient of variation
(CV ≥ 28%) is indicative of higher spatial variability in the study area because of the high heterogeneity of the environment, particularly in the
Upper Blue Nile Basin. Strongly eroded areas are clustered in the highland regions of the Upper Blue Nile Basin mainly because of steeper
slopes (Fig. 3g) combined with the high rainfall erosivity (Fig. 3e) and
human interventions where these areas are dominated by croplands

3.1.1. Erosion severity analysis of different erosion severity classes
From Table 2, very slight and slight erosion classes constitute about
73% of the study area. From Table 3, they contribute to the total soil
loss rate by 0.67% and 2.86%, respectively. Thus, their soil loss rate is
9
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Table 2
The area (ha, %) from three different perspectives (erosion severity classes, land cover types, and slope classes) and corresponding NDVI, elevation (m), slope (degree), slope length (m),
and slope steepness (%) for the whole Blue Nile Basin.
Classes

Very slight
Slight
Moderate
Severe
Very severe
Shrubs
Herbaceous
Cropland
B/S vegetation
Forests
Very gentle
Gentle
Moderate
Steep
Very steep

Area

NDVI

Elevation

Slope

Slope length

Slope steepness

Ha

%

Mean

%

Mean

%

Mean

%

Mean

%

Mean

%

15,078,573
7,606,183
2,767,110
1,380,320
4,311,650
3,445,051
3,225,559
16,214,859
1,003,924
7,863,332
16,836,344
4,213,128
2,725,533
4,381,509
3,413,181

48.42
24.42
8.89
4.43
13.84
10.85
10.16
51.07
3.16
24.76
53.33
13.35
8.63
13.88
10.81

0.49
0.50
0.51
0.52
0.46
0.46
0.38
0.44
0.16
0.60
0.42
0.55
0.56
0.56
0.53

19.82
20.05
20.57
20.95
18.62
22.52
18.77
21.70
7.56
29.45
16.06
20.98
21.57
21.26
20.14

1140
1163
1445
1679
1900
1104
741
1528
455
1258
841
1696
1839
1896
1929

15.56
15.88
19.72
22.92
25.93
21.70
14.58
30.04
8.95
24.73
10.25
20.68
22.43
23.12
23.52

2.80
4.42
8.13
12.40
19.76
7.50
2.99
6.69
0.98
9.16
1.24
4.16
7.03
12.03
24.33

5.90
9.31
17.11
26.10
41.58
27.47
10.94
24.48
3.58
33.52
2.54
8.53
14.41
24.66
49.87

1.41
1.59
1.86
2.05
2.21
1.61
1.35
1.62
1.25
1.83
1.29
1.74
1.93
2.10
2.28

15.44
17.47
20.37
22.48
24.24
21.03
17.69
21.14
16.29
23.86
13.76
18.65
20.67
22.52
24.39

1.03
1.60
2.69
3.83
6.00
3.29
1.65
2.62
0.24
3.18
0.30
0.85
1.56
3.51
7.46

6.81
10.54
17.75
25.27
39.64
30.00
15.00
23.83
2.17
29.00
2.17
6.20
11.38
25.69
54.56

Table 3
Corresponding RUSLE-factors (K: t ha h ha−1 MJ−1 mm−1; T, C, P: dimensionless; Rc: MJ mm ha−1 h−1 yr−1) and the resulting coarse soil loss rate (Ac: t ha−1 yr−1) to erosion severity
classes, land cover types, and slope classes for the whole Blue Nile Basin.
Classes

Very slight
Slight
Moderate
Severe
Very severe
Shrubs
Herbaceous
Cropland
B/S vegetation
Forests
Very gentle
Gentle
Moderate
Steep
Very Steep

K-factor

T-factor

C-factor

P-factor

Rc-factor

Ac

Mean

%

Mean

%

Mean

%

Mean

%

Mean

%

Mean

%

0.041
0.040
0.039
0.038
0.038
0.041
0.042
0.041
0.035
0.037
0.042
0.039
0.038
0.038
0.037

20.83
20.38
20.03
19.34
19.42
20.85
21.27
20.93
17.98
18.97
21.51
19.96
19.81
19.45
19.26

1.74
2.88
5.30
8.05
13.47
6.41
2.95
5.07
0.34
6.33
0.46
1.44
3.02
7.45
17.05

5.53
9.15
16.86
25.60
42.85
30.37
13.98
24.03
1.62
30.00
1.55
4.91
10.25
25.33
57.96

0.38
0.40
0.34
0.24
0.22
0.19
0.46
0.32
0.65
0.08
0.42
0.17
0.18
0.19
0.19

23.94
25.10
21.61
15.16
14.19
11.21
27.19
18.97
38.01
4.62
36.14
15.07
15.45
16.58
16.76

0.83
0.96
0.93
0.90
0.89
1.00
1.00
0.15
1.00
1.00
0.92
0.89
0.87
0.87
0.88

18.31
21.27
20.68
20.02
19.71
24.11
24.11
3.58
24.11
24.11
20.75
20.06
19.59
19.65
19.96

4684
4933
5307
5613
5568
5358
3784
4847
1624
5937
4263
5773
5826
5785
5668

17.94
18.90
20.33
21.50
21.33
24.86
17.56
22.49
7.54
27.55
15.61
21.13
21.33
21.18
20.75

2.07
8.87
20.96
38.75
239.16
128.45
49.19
27.81
8.25
35.26
5.07
9.79
19.29
64.20
234.61

0.67
2.86
6.77
12.51
77.20
51.59
19.76
11.17
3.31
14.16
1.52
2.94
5.79
19.28
70.46

rate stems mainly from the Upper Blue Nile Basin, where croplands resulted in a mean soil loss rate of 40.96 t ha−1 yr−1, while the Lower Blue
Nile Basin croplands produced just 1.80 t ha−1 yr−1. The higher soil loss
rate from croplands in the Upper Blue Nile Basin could be attributed to

considered sustainable because it is less than the widely accepted soil
loss tolerance rate (<10 t ha−1 yr−1). Therefore, soil conservation measures should be taken in the remaining 27% of the study region that suffers from moderate to very severe susceptibility to water erosion (>10 t
ha−1 yr−1) and contributes approximately 96% of the total soil loss rate.
Not surprisingly, areas of severe and very severe susceptibility to water
erosion were identiﬁed mainly in the Ethiopian highlands (Haregeweyn
et al., 2017). The higher soil loss rate produced in these areas (the Upper
Blue Nile Basin) was primarily due to the highly eroded slopes combined with dense erosive rainfall. These results align with Fenta et al.
(2021), who estimated that the Upper Blue Nile Basin accounts for
30% of Ethiopia's total soil loss rate. From Table 4, in general, both the
Upper and Lower Blue Nile sub-basins face similar conditions of erosion
severity. Ethiopian and Sudanese land and water managers should consider this when implementing programs to conserve human and natural
resources from soil erosion by water (Section 3.4).

Table 4
The corresponding course soil loss rate (Ac: t ha−1 yr−1) to erosion severity classes, land
cover types, and slope classes for the Upper and Lower Blue Nile sub-basins.
Classes

Very slight
Slight
Moderate
Severe
Very severe
Shrubs
Herbaceous
Cropland
B/S vegetation
Forests
Very gentle
Gentle
Moderate
Steep
Very steep

3.1.2. Erosion severity analysis of different land cover types
From Table 3, about 50% of soil loss is generated from shrubs
followed by herbaceous and forests; the lower soil loss is generated
from B/S vegetation. The higher soil loss rate over shrubs could be attributed to the higher slope steepness (Table 2) consequently, the
higher T-factor (Table 3). The mean soil loss rate from croplands
(>50% of the entire basin area) is 27.81 t ha−1 yr−1. From Table 4, this
10

Upper Blue Nile Basin

Lower Blue Nile Basin

Mean

%

Mean

%

2.35
8.92
21.30
38.86
241.17
190.60
184.71
40.96
251.64
36.52
4.89
9.23
18.71
63.20
234.40

0.75
2.85
6.81
12.43
77.15
27.06
26.22
5.81
35.72
5.19
1.48
2.79
5.66
19.13
70.94

1.77
8.79
19.74
37.34
165.41
12.08
11.81
1.80
8.22
19.71
5.15
33.98
73.41
161.54
256.72

0.76
3.77
8.47
16.02
70.98
22.52
22.02
3.36
15.33
36.77
0.97
6.40
13.83
30.43
48.36
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conducted in similar conditions (e.g., dense erosive rains and rouged topography) is also meaningful. For instance, Hurni (1993), Herweg and
Ludi (1999), and Adimassu et al. (2020) estimated the mean soil loss
rate from croplands at 42.00, 48.00, 45.57 t ha−1 yr−1, respectively.
Tamene et al. (2017) estimated the mean soil loss rate from Adikenaﬁz,
Gerebmihiz, and Laelaywukro watersheds at 56.00, 44.00, and 20.00 t
ha−1 yr−1, respectively. Also, Tesfaye and Tibebe (2018) and Girmay
et al. (2020) estimated the mean soil loss rate at 62.98 and 25.00 t
ha−1 yr−1 from the Gilgel Gibe-1 and Agewmariayam watersheds,
respectively.
Additionally, the gross soil loss rate from the Upper Blue Nile Basin
can be conﬁrmed by the study of Amdihun et al. (2014), in which the
gross soil loss rate is estimated at 1300 Mt yr−1. Furthermore, the net
soil loss rate from the Upper Blue Nile Basin can be conﬁrmed by the
study of Abdel-Aziz (2009), who estimated the net soil loss rate from
the Upper Blue Nile Basin to range between 320 and 375 Mt yr−1.
Hurni et al. (2015) also reported a 320 Mt yr−1 net soil loss rate at the
Grand Ethiopian Renaissance Dam (GERD) site. The study of
Haregeweyn et al. (2017) estimated the net soil loss rate from the
Upper Blue Nile Basin at 473 Mt yr−1, an estimate higher than ours because their assessment includes gully erosion. To the best of our knowledge, one study has estimated the soil loss rate in central Sudan, which
covers the Lower Blue Nile Basin (35% of the study area), to be at 2.6 t
ha−1 yr−1 (Shamseddin et al., 2014).
The above multiple comparisons show that RUSLE-GEE estimates
align with previous works in or near the Upper Blue Nile Basin (65% of
the study area). In addition, Supplementary Fig. 4 shows a scatter plot
of mean annual soil loss rates by sheet and rill erosion for individual watersheds estimated using the RUSLE-GEE versus the corresponding sediment yield for 27 watersheds in or near the study area compiled by
Vanmaercke et al. (2014). A signiﬁcant positive relation (R2 = 0.38⁎)
between RUSLE-GEE-based estimates of soil loss rates and sediment
yield implies the credibility of the soil loss rate generated by RUSLEGEE. This ﬁnding can be supported by the Fenta et al. (2020a) study in
the East Africa region, where they found similar results (R2 = 0.39⁎)
from 100 watersheds.
The disparities in the previous estimates can be traced back to differences in time, scales, methods, assumptions, input data, and the high
heterogeneity of the environment in the study area (Balabathina et al.,
2020; Belayneh et al., 2020; Kidane et al., 2019). It is worth noting
that the above estimates indicate soil erosion problems in the Blue
Nile Basin in general and in the Upper Blue Nile Basin in particular.
This is because the mean Blue Nile Basin soil loss rate is three times
higher than the frequently assumed tolerable soil loss rate threshold
for sustainable agricultural land use; this rate is equivalent to a loss of
4.76 mm yr−1 of soil depth (Hurni, 1983).

the highly eroded soil conditions (e.g., mean Rc = 5625, mean T =
5.72), while in the Lower Blue Nile Basin, these conditions are at a
lower level (e.g., mean Rc = 3519, mean T = 0.32). The Land cover
type's speciﬁc analysis (Table 5) shows that the areas with moderate
to very severe susceptibility to water erosion range from 32.48% to
59.89% for croplands and shrubs, respectively, in the Upper Blue Nile
Basin. In comparison, it ranges between 0.12% and 18.66% for croplands
and herbaceous in the Lower Blue Nile Basin. These regions should be
subjected to urgent actions to control soil loss by water erosion
(Section 3.4).
3.1.3. Erosion severity analysis of different slope classes
From Table 2, both very gentle and gentle slopes cover about 67% of
the total area. From Table 3, their mean soil loss rate is below the frequently accepted soil tolerance rate (<10 t ha−1 yr−1). From Table 4,
gentle slopes in the Lower Blue Nile Basin can be excluded, given its
soil loss rate is 33.98 t ha−1 yr–1, and should be placed within the land
maintenance programs from the danger of water erosion. About 70%
of soil loss is generated from very steep slopes (Table 3). In these
areas, the higher mean T-factor is at 17.05, indicating the soil loss rate
in the Blue Nile Basin is more affected by topographic factors than any
other factors, mainly due to a steeper slope (mean slope steepness =
7.46%). These ﬁndings come primarily from the Upper Blue Nile Basin
because very steep slopes contribute to the total soil loss by 70.94%,
while it contributes to the total soil loss by 48.36% in the Lower Blue
Nile Basin (Table 4). These ﬁndings also can be conﬁrmed by the R2value between slope length (R2 = 0.17⁎), slope steepness (R2 =
0.32⁎), and T-factor (R2 = 0.33⁎) values and soil loss rate values
(Section 2.6; Supplementary Fig. 3). The lower R2-value in the case of
slope length compared to slope steepness conﬁrms that soil loss rate
is affected by slope steepness more than slope length, which means
more soil erosion materials come from the steeper slope (Ganasri and
Ramesh, 2016).
3.1.4. Consistency and validation of RUSLE-GEE estimation
In this study, the mean soil loss rate is at 39.73, 57.98, and 6.40 t ha−1
−1
yr , the gross (total) soil loss rate is at 1438, 1356, and 82 Mt yr−1, and
the net soil loss rate is at 359, 339, 21 Mt yr−1 for the entire Blue Nile,
Upper Blue Nile, and Lower Blue Nile Basins, respectively. The performance of the RUSLE-GEE model was evaluated by comparing its outputs
with results from independent studies carried out in or near the study
area (Section 2.5).
Since this study was implemented over a large spatial scale, a subbasin scale comparison is more meaningful. In the Upper Blue Nile
Basin, the study of Amdihun et al. (2014), Haregeweyn et al. (2017),
and Fenta et al. (2021) estimated the soil loss rate at 67.70 t ha−1 yr−1,
27.50, and 32.80, respectively. Additionally, Fenta et al. (2021) estimated
the soil loss rate from croplands at 46.00 t ha−1 yr−1, supporting our estimate at 40.96 t ha−1 yr−1. In addition, from Supplementary Table 3, the
overall mean soil loss rate from sheet and rill erosion studies is 49.09 t
ha−1 yr−1 (n = 29, minimum = 23.70 t ha−1 yr−1, maximum =
110.00 t ha−1 yr−1, and standard deviation = 24.04 t ha−1 yr−1).
Given that the Ethiopian highlands account for 63% of the Upper Blue
Nile Basin, a comparison with the mean soil loss rate from studies

3.2. Impact of downscaling precipitation on soil erosion
In Fig. 4, the redder the color (maximum values) is, the higher the
soil erosion rate (Af) is, which is more likely to occur in regions with
higher precipitation (Pf), thus leading to higher rainfall erosivity (Rf).
It should be noted that the similar spatial patterns of soil loss rate
maps (Figs. 3j and 4d) could be attributed to the pixel-based approach.
From Tables 3 and 6, the conclusion can be drawn that, in general, Rfactor and soil loss rate calculated based on the downscaled TRMM precipitation (Rf and Af) are lower than those calculated based on the original TRMM precipitation (Rc and Ac). From Table 6, the absolute
difference in the mean soil loss rate between Af and Ac in all classes
ranges between 0.04 and 3.72 t ha−1 yr−1. Also, the absolute difference
in the gross soil loss rate between Af and Ac in all classes ranges from
0.24 to 19.30 Mt yr−1.
From Supplementary Table 4, D'Agostino-Pearson and Shapiro-Wilk
normality tests indicated that Rc, Rf, Ac, and Af samples differ from the
normal distribution. Accordingly, we accept the Kruskal-Wallis test results, which indicated that the Rc and Rf rainfall erosivity medians and

Table 5
Land cover types (%) under erosion severity classes for the Upper and Lower Blue Nile subbasins.
% of the total
area

Upper Blue Nile Basin

Lower Blue Nile Basin

Very slight &
slight

Moderate-very
severe

Very slight
& slight

Moderate-very
severe

Shrubs
Herbaceous
Cropland
B/S vegetation
Forests

40.11
47.43
67.52
21.48
62.46

59.89
52.57
32.48
78.52
37.54

88.47
81.34
99.88
89.32
83.45

11.53
18.66
0.12
10.68
16.55
11
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Fig. 4. Spatial distribution maps of ﬁne precipitation (Pf: (a)), ﬁne MFI (MFIf: (b)), ﬁne R-factor: (Rf: (c)), and ﬁne soil loss rate (Af: (d)).

yr−1, which is slightly lower than that calculated by the original
TRMM (Ac) by 0.60 t ha−1 yr−1. Furthermore, the gross soil loss rate
in a given area plays an essential role in reservoir and dam management
within the area and the downstream areas. In this regard, it is worth
conﬁrming the higher estimation of the gross soil loss rate when using
the original TRMM precipitation of 25, 19, and 6 Mt yr−1 for the entire
Blue Nile Basin and the Upper and Lower Blue Nile sub-basins, respectively. Additionally, the net soil loss rate using the original TRMM precipitation is higher than those calculated by the downscaled TRMM

the Ac and Af soil loss rate medians differ signiﬁcantly. The signiﬁcant
impact of downscaling precipitation could be attributed to enhancing
the spatial resolution of precipitation data from 25 km to 1 km. This
ﬁnding is comparable with previous studies of Teutschbein et al.
(2011) and López López et al. (2018), where they found that the downscaled precipitation had a signiﬁcant impact on streamﬂow and enhanced discharge simulations.
It should be noted that the long-term mean soil loss rate was calculated using the downscaled TRMM precipitation (Af) is 39.13 t ha−1
12
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Table 6
Corresponding ﬁne R-factor (Rf: MJ mm ha−1 h−1 yr−1), ﬁne soil loss rate (Af: t ha−1 yr−1), and coarse and ﬁne gross soil loss rate (Mt yr−1) to erosion severity classes, land cover types,
and slope classes for the whole Blue Nile Basin.
Classes

Very slight
Slight
Moderate
Severe
Very severe
Shrubs
Herbaceous
Cropland
B/S vegetation
Forests
Very gentle
Gentle
Moderate
Steep
Very steep

Rf

Af

Ac

Af

Af-Ac

Mean

%

Mean

%

Gross

%

Gross

%

Mean

Gross

4682
4929
5273
5598
5533
5240
3738
4811
1673
5869
4228
5742
5786
5760
5683

18.00
18.95
20.27
21.52
21.27
24.57
17.52
22.55
7.84
27.52
15.55
21.11
21.27
21.18
20.89

2.03
8.74
20.77
38.68
235.43
126.35
48.18
27.59
9.78
35.57
4.92
9.65
18.97
63.02
231.70

0.66
2.86
6.80
12.65
77.03
51.06
19.47
11.15
3.95
14.37
1.50
2.94
5.78
19.20
70.58

30.38
78.39
67.41
62.16
1198.26
430.58
149.09
387.81
7.89
258.31
84.85
45.34
58.66
320.63
927.12

2.12
5.46
4.69
4.33
83.41
34.90
12.09
31.44
0.64
20.94
5.91
3.16
4.08
22.32
64.54

28.87
75.32
66.44
61.92
1178.97
422.85
141.51
382.24
5.70
260.24
79.12
44.61
57.62
314.64
915.52

2.05
5.34
4.71
4.39
83.53
34.87
11.67
31.52
0.47
21.46
5.61
3.16
4.08
22.29
64.86

−0.04
−0.13
−0.19
−0.08
−3.73
−2.11
−1.01
−0.23
1.53
0.31
−0.14
−0.14
−0.32
−1.18
−2.91

−1.51
−3.07
−0.97
−0.24
−19.30
−7.72
−7.58
−5.57
−2.20
1.94
−5.74
−0.73
−1.04
−5.99
−11.59

precipitation by 6, 5, 1 Mt yr−1 for the entire Blue Nile Basin and the
Upper and Lower Blue Nile sub-basins, respectively. Such differences
in the estimation of the gross (net) soil loss rate would be helpful for
dam managers within the Blue Nile Basin (e.g., GERD, Roseires, and
Senar; Fig. 1a) and in the downstream area (e.g., AHD), which could
help in selecting the appropriate rainfall data for preparing erosion control plans.

3.4. Policy implications under the proposed model
The present study's results will enable policymakers to explore the
extent and severity of soil erosion, identify potential soil erosion areas,
and work with stakeholders to control soil erosion by water. Given
that the conservation of all areas experiencing soil loss is not economically or technically feasible, targeting erosion-prone areas with high soil
loss severity is a good strategy for the proper allocation of limited resources (Fenta et al., 2021; Haregeweyn et al., 2017).
We propose urgent targeted implementation in areas with soil loss
rates above 10 t ha−1 yr−1 (Fig. 3j). These target areas cover 27% of
the study region and contribute about 96% of the Blue Nile Basin soil
loss rate (Table 3). For such target areas, suitable land management
practices (e.g., soil or stone bunds, fanya juu, and exclosures) should
be implemented to curb soil loss by water erosion. For examples, a recent comprehensive review by Adimassu et al. (2017) on the impact
of land management practices in the Ethiopian highlands (cover 40%
of our study area) reported that physical (e.g., soil or stone bunds), biological (e.g., grass strip), and integrated conservation measures are very
effective in reducing soil loss and runoff as well as nutrient depletion.
The study of Taye et al. (2018) in the northern Ethiopian highlands
showed that stone bunds, trenches, and stone bunds with trenches in
rangeland and cropland are successful protection measures. Recently,
Ebabu et al. (2019) in the Upper Blue Nile Basin found that soil bund reinforced with grass in croplands and enclosure with trenches in noncroplands are the most effective management practices for reducing
soil loss and runoff.
Overall, previous studies demonstrated that the targeted implementation of suitable land management practices could effectively help reduce soil loss by water erosion. However, Belayneh et al. (2020) found
that although the graded soil bunds reduced soil erosion signiﬁcantly,
such measures still need to be accompanied by other measures
(e.g., grass strips, agro-forestry, and percolation ditches). Hurni et al.
(2015) stated that when applying conservation measures on croplands
with slopes of more than 8%, the net soil loss rate at the GERD site could
be reduced from 320 to 251 Mt yr−1, that number could be further reduced when applying conservation measures on all landscapes.
Mustefa et al. (2019) said that considering contour ploughing with terracing reduced the soil loss rate from 32 to 19.2 t ha−1 yr−1. Sultan et al.
(2018) proved that runoff reduced by 51% and 55% when soil bunds
combined with Vetiveria zizanioides in the cultivated land and short
trenches in the grassland reduced, respectively.
Such soil losses produce excessive sedimentation over time and
threaten downstream reservoir sustainability. Consequently, the current study's ﬁndings could be used to improve conservation planning
in the Blue Nile Basin for the successful remediation of erosion

3.3. Limitations and uncertainties
The soil loss rate estimated by RUSLE-GEE was validated against previous ﬁndings because this method is widely used in earlier studies in
the absence of measured soil loss rate. RUSLE-GEE depends on free
and open data sources. Hence, the accuracy of the proposed model is
highly dependent on the accuracy of input data over the study area
(e.g., Camargos et al., 2018; Chaplot, 2014; Fan et al., 2020; Graﬁus
et al., 2016; Hoang et al., 2018). For instance, the overestimation in
TRMM precipitation (Supplementary Fig. 2) must lead to an overestimation in the soil loss rate. Moreover, the cropland area was
overestimated from the CGLS-LC100 land cover dataset over Africa
(Nabil et al., 2020; Xu et al., 2019), leading to underestimating the soil
loss rate because of the lower P-factor assigned for cropland. The elevation data source and its resolution may also affect RUSLE-GEE estimates
(e.g., Chidi et al., 2021; Mondal et al., 2017; Pandey et al., 2021; Zhang
et al., 2008). Other errors may result from the parameters that determine the shape of the NDVI-C curve (Eq. 8). In addition, assuming
very ﬁne sand as 20% of the sand fraction (Panagos et al., 2014) may represent a source of error, suggesting an urgent need to add the very ﬁne
sand layer to the SoilGrids dataset. Additionally, the big difference in the
spatial resolution among input data may also add some errors to the
ﬁnal soil loss rate map.
Notwithstanding its limitations, RUSLE-GEE can easily incorporate
the latest state-of-the-art data available in the Earth Engine. RUSLEGEE inputs can easily be updated when new data become available for
improved accuracy and spatial resolution. Additionally, if more accurate
data become available outside the Earth Engine, they can be uploaded to
the cloud asset and integrated into the RUSLE-GEE. The proposed model
considers sheet and rill erosions, whereas gully erosion should be incorporated in future studies (e.g., Vanmaercke et al., 2021). Future studies
should also focus on analyses of land cover changes and support practices using RUSLE-GEE (e.g., Alkharabsheh et al., 2013; Ozsahin et al.,
2018). Additionally, by forcing RUSLE-GEE with precipitation data
from the NASA Earth Exchange Global Daily Downscaled Climate Projections (NEX-GDDP), which is also available on GEE, mapping and
assessing soil erosion for potential climate scenarios would also be
achieved (e.g., Hateffard et al., 2021; Maurya et al., 2021).
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4. Conclusions
Soil erosion by water threatens both artiﬁcial and natural resources.
A rapid, effective, and low-cost tool is highly desired to support conservation management practices in erosion-prone areas. In solution, we
attempted to assess soil erosion by water by utilizing the RUSLE model
in the GEE environment in the Blue Nile Basin. Our RUSLE-GEE model estimates showed that the entire Blue Nile Basin produces an average soil
loss rate of 39.73 t ha−1 yr−1, of which 57.98 and 6.40 t ha−1 yr−1 are
the portion mean soil loss rate in the Upper and Lower Blue Nile subbasins, respectively. Approximately 27% of the total area should be
placed under urgent soil conservation measures, covering 32.48% and
0.12% of the croplands in the Upper and Lower Blue Nile sub-basins, respectively. Our study also revealed that downscaling TRMM precipitation from 25 km to 1 km signiﬁcantly inﬂuences the R-factor and the
resulting soil loss rate. A considerable decrease in the gross (net) soil
loss occurred when the RUSLE model was forced with the downscaled
TRMM precipitation reaching 25 (6) Mt yr−1 for the entire basin.
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