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Abstract: Monitoring of improper soil erosion empowered by water is constantly adding more risk to
the natural resource mitigation scenarios, especially in developing countries. The demographical
pattern and the rate of growth, in addition to the impairments of the rainfall pattern, are consequently
disposed to adverse environmental disturbances. The current research goal is to evaluate soil erosion
triggered by water in the coastal area of Kenya on the district level, and also in protected areas.
The Revised Universal Soil Loss Equation (RUSLE) model was exercised to estimate the soil loss in the
designated study area. RUSLE input parameters were functionally realized in terms of rainfall and
runoff erosivity factor (R), soil erodibility factor (K), slope length and gradient factor (LS), land cover
management factor (C) and slope factor (P). The realization of RUSLE input parameters was carried out
using different dataset sources, including meteorological data, soil/geology maps, the Digital Elevation
Model (DEM) and processing of satellite imagery. Out of 26 districts in coastal area, eight districts were
projected to have mean annual soil loss rates of >10 t·ha−1 ·y−1 : Kololenli (19.709 t·ha−1 ·y−1 ), Kubo
(14.36 t·ha−1 ·y−1 ), Matuga (19.32 t·ha−1 ·y−1 ), Changamwe (26.7 t·ha−1 ·y−1 ), Kisauni (16.23 t·ha−1 ·y−1 ),
Likoni (27.9 t·ha−1 ·y−1 ), Mwatate (15.9 t·ha−1 ·y−1 ) and Wundanyi (26.51 t·ha−1 ·y−1 ). Out of 34
protected areas at the coastal areas, only four were projected to have high soil loss estimation rates
>10 t·ha−1 ·y−1 : Taita Hills (11.12 t·ha−1 ·y−1 ), Gonja (18.52 t·ha−1 ·y−1 ), Mailuganji (13.75.74 t·ha−1 ·y−1 ),
and Shimba Hills (15.06 t·ha−1 ·y−1 ). In order to mitigate soil erosion in Kenya’s coastal areas,
it is crucial to regulate the anthropogenic disturbances embedded mainly in deforestation of the
timberlands, in addition to the natural deforestation process caused by the wildfires.
Keywords: soil erosion; protected areas (PAs); RUSLE; GIS; coast of Kenya

1. Introduction
Climate change and its corresponding influences on natural resources are one of the greatest
challenges that the scientific community has yet to answer The dynamicity and the complexity of
climate change enforce the drastic impacts on natural ecosystems, especially the fragile ecosystems [1].
Climate prediction models suggest the alteration of the future climate to be shifted toward higher
frequencies and intensities of extreme events on a global scale, with a substantial lack of mitigation
plans on the local scale, founded on the Intergovernmental Panel for Climate Change findings
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(IPCC) [2]. Fragile ecosystems, especially coastal ecosystems, require significant considerations in
terms of adaptation and mitigation efforts. Coastal ecosystems are unprotected to a wide range
of natural threats: severe droughts, flash floods, fluctuations of sea level, sea surface temperature
intensifying, and shoreline degradation in soil erosion dynamics [3]. Additionally, anthropogenic
activities along coastal ecosystems are persistently increasing, which leads to heavy impacts on the
adjacent natural ecosystems, specifically soil degradation [4,5].
Natural processes can lead to soil loss in the form of soil erosion, which is a solemn risk and a
key apprehension globally. Soil erosion can be driven by several forces, mainly anthropogenic—like
urbanization and mining activities—and equally caused also by natural reasons, like flash floods and
rainstorms [6–8]. Henceforward, quantification of soil losses in critical areas, and delineation of the
most adequate management application, is basic to the success of soil preservation plans [9]. Since
soil erosion is an ongoing course, the evaluation of its effect on the environment is problematic, due
to its spatial configuration, intricate biophysical developments, and the degree of its existence [10].
The soil erosion will magnify additionally with population expansion pressure, overutilization of
natural resources, damaged land, and water management plans [11–13]. There is a prerequisite for
soil protection to reverse the course of land desertion and improve agricultural production, to ensure
food sanctuary and sustainability. Henceforth, there is a requirement for recognizing the critical
erosion-susceptible areas. In addition to land degradation, additional difficulties caused by soil erosion
comprise loss of soil nutrients, deteriorating crop yields, reduction in soil productivity, and pollution
of surface and groundwater resources by sediment, fertilizer nutrients and insecticide residues.
Numerous approaches are available for calculation of soil surface erosion. These approaches are
primarily of two types: physical models and experiential models [14–16]. The Water Erosion Prediction
Project (WEPP) used by the United States Department of Agriculture [17], the Limburg Soil Erosion
Model (LISEM) [18] and The European Soil Erosion Model EUROSEM [9] are broadly used physical
models. Though these approaches are grounded on real procedures, they comprehend large numbers
of input parameters with extensive computation. Furthermore, simulation of these for a specific area
requires observed sediment loss data, which are not available for ungauged watersheds [19,20].
The revised model of the Universal Soil Loss Equation (RUSLE) is an updated version of the
Universal Model of the Soil Loss Equation (USLE). The USLE was designed by the United States
Department of Agriculture (USDA) in 1978 [21]. It can predict water under various influences (for
example, land use, relief, soil and climate) and guide the development of protective erosion control
plans [22]. RUSLE model contains a computer program that is easy to calculate and contains analysis
of research data that is not available for USLE [23]. Although USLE has been retained in RUSLE, factor
evaluation technology has been modified and new data has been introduced to evaluate terms under
specific conditions. In the RUSLE model, the potential risk of soil erosion includes only the product of
three natural factors (rainfall erosion, soil erodibility, and the length and slope of the slope) to indicate
areas of high vulnerability [24–26]. On the contrary, the estimated soil erosion risk (Equation 1) is
caused by natural and human factors (rainfall erosion, soil erodibility, slope length, slope coverage
management and supporting practice factors) [27].
Experiential approaches are simple to apply and comprise fewer numbers of input parameters.
The Universal Soil Loss Equation (USLE) developed by Wischmeier and Smith [28] is one of the
most extensively used experiential soil loss estimation approaches. This is a pilot-scale model, which
considers a number of factors, like topographical condition and soil characteristics of watersheds, local
rainfall patterns, land use/land cover type and management practices, to calculate long-term average
annual rill and inter-rill soil erosion [21].
Using orthodox systems to evaluate soil erosion risk is exclusive and time-consuming.
The combination of existing soil erosion approaches and Remote Sensing datasets technologies,
through the practice of Geographic Information Systems (GIS), appears to be advantageous with
regards to soil erosion [29,30]. However, though soil erosion has been calculated locally in a few
case studies in Kenya [31–34], it has not been evaluated at the district level and in protected areas.
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In addition, many of the changes in land use and land cover throughout current years have been
compelled by the population growth burden, subsequent environmental pressure due to deforestation,
the tourism industry, and agriculture [35,36].
It should be noted that the RUSLE model was chosen because the required data is relatively
limited, and because of its simplicity, as pointed out by other authors [37–39]. The RUSLE model has
been studied in depth, and has been widely used on different scales to estimate the loss from soil erosion
and to plan the control of erosion imbalances for different land cover categories (e.g., agricultural
land, pasture and forests) [23,40]. The RUSLE model and other methods of simulating soil erosion
(such as the Coordination of Information on the Environment (CORINE model) can provide the most
detailed information about soil erosion risks [27,41,42]. The RUSLE model usually uses auxiliary
data provided free of charge in a geographic information system as an alternative method, because
it measures soil, and so measuring erosion is expensive and takes time [43,44]. Although RUSLE
is considered the main model for evaluating soil erosion, the availability of data to obtain certain
RUSLE parameters is the biggest limitation, and it is impossible to maximize accuracy and unify the
RUSLE processing method [45]. Model-based methods involve uncertainty in the calculation of each
factor [46,47]. This disadvantage is common to all model-based methods [37].
The objectives of the current study are: (a) to assess soil erosion by water in coastal areas of
Kenya; (b) to estimate soil erosion for different land cover and land use types, and for protected areas;
and (c) to assess soil erosion risks for protected coastal areas of Kenya using the Revised Universal Soil
Loss Equation (RUSLE) model [48].
2. Materials and Methods
2.1. Study Area Description
The coastal areas in Kenya are located between 20 15◦ N and 40 0◦ S, and encompass around 400 km
along the Umba River headed North to the Somalian border, as shown in Figure 1. The climatic
condition is defined to be a tropical climate with no all-year-round humidity. Daily temperature ranges
between 30 ◦ C and 22 ◦ C. The mean annual precipitation is recorded to be around 1000 mm, falling in
two rainy seasons. The long rainy season is from April until July, with average monthly rainfall of
134 mm, and the short rainy season is from October until December, with average monthly rainfall of
Land 2020, 9, x; doi: FOR PEER REVIEW
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100 mm. the average monthly rainfall in the dry season is recoded to be 37 mm [49].

Figure 1. Study area location.
Figure 1. Study area location.
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Kenyan protected areas play a crucial role in nature conservation strategies and in maintaining
significant biodiversity in the country. The current natural ecosystems assist the Gross National Income
(GNI) to stay functional, in terms of serving foraging, woods and clean water, as well as the Mijikenda
provenance’s spiritual and cultural services [50,51]. Nevertheless, the Kenyan protected areas are
under continuous pressure from the surrounding anthropogenic activities, especially when they are
exaggerated by the climatic variabilities [52,53].
The total number of protected areas in Kenya is 411, expanding over 72,544.49 Km2 , 34 of which are
listed as coastal protected areas (Figure 2), consistent with the United Nations Environment Program
1. Study
area location.
(UNEP) and the World ConservationFigure
Monitoring
Center
(WCMC) [54].

Figure 2. List of the names of protected areas along with the coastal areas.

Figure 2. List of the names of protected areas along with the coastal areas.

2.2. Methodological Framework

2.2. Methodological Framework

The current methodological framework is based on the implementation of the RUSLE empirical
model (Table S1). The model shows significant results at different scales of applications [22,55,56]. The
estimation of soil erosion based on the RUSLE model practices several natural and human-prompted
basics [57].
A = R ∗ K ∗ LS ∗ C ∗ P
(1)

where A = Annual soil loss (t−1 ·ha−1 ·y−1 ), R = Rainfall-runoff erosivity factor (MJ−1 ·mm−1 ·ha−1 ·h−1 ·y−1 ),
K = Soil erodibility factor (t−1 ·ha−1 ·h−1 ·ha−1 ·MJ−1 ·mm−1 ), LS = Slope length and slope steepness factors,
C = Cover management factor, P = Conservation support practice factor equal to 1 in our study [58].
Basically, rill and sheet erosion are induced by surface water runoff, therefore the estimation of the
rainfall erosivity factor (R) is essential. The seasonal variabilities and intensities of the rainfall (Figure 3)
must be taken into consideration, specifically when the raindrop size is questioned. Larger raindrops
contain enough kinetic energy to detach soil particles (Merlotto et al., 2016). The average monthly rainfall
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amounts for the period 1985–2015 were downloaded from http://www.cru.uea.ac.uk/data, considering
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Figure 3. Average monthly rainfall (mm) for the Coast of Kenya.

Figure 3. Average monthly rainfall (mm) for the Coast of Kenya.

According to Wischmeier and Smith (1978), Rainfall erosivity factor can be estimated as follows:

The ratio of soil loss due to the practices of land use and land cover type is called the cover
X12
2
management factor (C) [23,31].RFor
oflog
Kenya
10( PiP )under investigation, C factor is estimated
1.735 area
× 101.5
= the coastal
− 0.08188
(2)
=1
based on the Normalized Difference iVegetation
Index (NDVI). We used Landsat 8 with temporal
resolution
August
2015, andand
a spatial
resolution
30whole
m, to extract
information
to use in
where, Roffactor
was24,
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area using
a geostatistical
themodel,
equation
It rainfall
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US in
geological
survey online portal
Pi is the(7).
monthly
in mm, P is from
the annual
mm.
The influence of the topographical
factors inequation:
soil erosion estimation cannot be neglected. For that
(https://earthexplorer.usgs.gov/).
The following
reason, the LS factor is estimated following Panagos et 𝑁𝐷𝑉𝐼
al. (2015a):

𝐶 = exp −𝑎 ∗
(7)
𝛽
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m+1
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(Ai.j − in + D )
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(3)
i.j =
Where 𝑎 = 2 and 𝛽 = 1 is the Ldetermined
parameters
of
the NDVI.
m
Dm + 2.xi.j .(22.13)m
The erosion control practices (P) factor expresses the effects of conservation practices that reduce
the amount and rate of water runoff, which reduces erosion
due to agricultural management practices
β
m=
(4)
such as contour tillage and planting, strip-cropping,
terracing
and subsurface drainage [60,61].
1+β
Unfortunately, due to the lack of financial means, these conservation practices are still undeveloped
sin θ/0.0896
β = of interest
(5)
in developing countries, including the area
in this study [62]. Furthermore, establishment
3(sin θ)0.8 + 056
of a P factor map at the large watershed scale with complex land use systems is nearly impossible


using the Wischmeier and Smith (1978)
which
factor

sin θi.j +in
0.03,
tanPθi.j
< 9 %is estimable based on the slope
10.8method,
S
=
(6)the

i.j

gradient and different support practices,
such
as
terracing,
contour
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16.8 sin θi.j + 0.5, tan θi.j ≥ 9 tillage,
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P factor value ranges from zero, as an index of good conservation practice, to one, as an index of poor
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soilgrid
erodibility
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accumulation with (i. j) (m2 ), β = the ratio of inter-rill erosion, θ = the slope.
the K factor [66], estimated using soil properties (sand, clay, silt and organic carbon fractions)
compiled by the Africa Soil Information Service (AfSIS) with high spatial resolution of 250 m
(http://www.isric.org/data/afsoilgrids250m, Table 1) [67], and Equation 8 proposed by Williams
(1995) [68]. For validation reasons the results dataset from Fenta et al. (2020) [69] was kindly provided
to compare our own K factor result.
𝐾
where 𝑓

=𝑓

×𝑓

×𝑓

× 𝑓

(8)

(Equation 9) is a factor that gives low soil erodibility factors for soils with high coarse-
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The ratio of soil loss due to the practices of land use and land cover type is called the cover
management factor (C) [23,31]. For the coastal area of Kenya under investigation, C factor is
estimated based on the Normalized Difference Vegetation Index (NDVI). We used Landsat 8 with
temporal resolution of August 24, 2015, and a spatial resolution of 30 m, to extract NDVI information
to use in the equation (7). It was acquired from the US geological survey online portal (https:
//earthexplorer.usgs.gov/). The following equation:
C = exp −a∗

NDVI
β − NDVI

!
(7)

where a = 2 and β = 1 is the determined parameters of the NDVI.
The erosion control practices (P) factor expresses the effects of conservation practices that reduce
the amount and rate of water runoff, which reduces erosion due to agricultural management practices
such as contour tillage and planting, strip-cropping, terracing and subsurface drainage [60,61].
Unfortunately, due to the lack of financial means, these conservation practices are still undeveloped in
developing countries, including the area of interest in this study [62]. Furthermore, establishment of a
P factor map at the large watershed scale with complex land use systems is nearly impossible using the
Wischmeier and Smith (1978) method, in which P factor is estimable based on the slope gradient and
different support practices, such as terracing, contour tillage, etc. [63,64]. Therefore, the P factor value
ranges from zero, as an index of good conservation practice, to one, as an index of poor conservation
practice or no protective management in our study area [45,65].
The soil susceptibility to erosion is called the soil erodibility factor (K). The present study
utilized the K factor [66], estimated using soil properties (sand, clay, silt and organic carbon fractions)
compiled by the Africa Soil Information Service (AfSIS) with high spatial resolution of 250 m
(http://www.isric.org/data/afsoilgrids250m, Table 1) [67], and Equation 8 proposed by Williams
(1995) [68]. For validation reasons the results dataset from Fenta et al. (2020) [69] was kindly provided
to compare our own K factor result.
KUSLE = fcsand × fcl−si × forgc × fhisand

(8)

where fcsand (Equation (9)) is a factor that gives low soil erodibility factors for soils with high coarse-sand
contents and high values for soils with little sand, fcl−si (Equation (10)) is a factor that gives low soil
erodibility factors for soils with high clay to silt ratios, forgc (Equation (11)) is a factor that reduces soil
erodibility for soils with high organic carbon content, and fhisand (Equation (12)) is a factor that reduces
soil erodibility for soils with extremely high sand contents [70].



m
fcsand = 0.2 + 0.3 × exp −0.256 × ms × 1 − silt
100
fcl−si

!0.3

0.0256 × orgC
orgC + exp[3.72 − (2.95 × orgC)]


ms
0.7 × 1 − 100

h

i
= 1− 
ms
ms
+ exp −5.51 + 22.9 × 1 − 100
1 − 100

forgc = 1 −

fhisand

msilt
=
mc + msilt

(9)

(10)
(11)

(12)

where ms is the percent sand content (0.05–2.00 mm diameter particles), msilt is the percent silt content
(0.002–0.05 mm diameter particles), mc is the percent clay content (<0.002 mm diameter particles),
and orgC is the percent organic carbon of the layer (%).
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Table 1. Principal data sources.
Factor.

Environmental Variables

Resolution

Sources

DEM

30 m

Shuttle Radar Topography Mission (SRTM)

Slope

30 m

Shuttle Radar Topography Mission (SRTM)

Flow accumulation

30 m

Shuttle Radar Topography Mission (SRTM)

Aspect

30 m

Shuttle Radar Topography Mission (SRTM)

Topographic

30 m

Shuttle Radar Topography Mission (SRTM)

Terrain

Climate

Mean annual rainfall

https://earthengine.google.com/

Vegetation

NDVI

30 m

(https://earthexplorer.usgs.gov/)

Land

Land use land cover

20 m

RCMD GeoPortal ( http://geoportal.rcmrd.org/ )

Soil type

http://www.isric.org/data/afsoilgrids250m)

Sand

http://www.isric.org/data/afsoilgrids250m)

Silt

http://www.isric.org/data/afsoilgrids250m)

Clay

http://www.isric.org/data/afsoilgrids250m)

Organic carbon

http://www.isric.org/data/afsoilgrids250m)

Soil

3. Results and Discussion
The estimation of soil loss using the RUSLE model necessitates a GIS environment where the
multiplication RUSLE parameters take place. Study area slope is shown in Figure 4, and rainfall
erosivity factor, soil erodibility factor, cover management factor, slope length and steepness factor,
conservation support practice factor, and the land use and land cover map are demonstrated in
Figure 5, respectively. Meanwhile, the estimation of soil erosion for the entire coastal area of Kenya is
represented in Figure 6. The spatial configuration of the land use and land cover (LULC) types and the
corresponding soil erosion estimation is proven in Table 2, except for tree cover areas, shrub cover
areas and
grassland;
land cover types had unsustainable soil erosion.
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Figure
4. Slope map of a coastal area of Kenya.
Figure 4. Slope map of a coastal area of Kenya.
Table 2. Average soil loss per land cover and land use types.
Average Soil Loss (𝒕. 𝒉𝒂

Land Use Land Cover

Area in Sq. mi

Area (%)

Tree Cover areas

7.0974

5.39

6.21

Shrubs Cover areas

69.27576

52.6

6.23

𝟏

𝒚𝒆𝒂𝒓

𝟏

)
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Figure 5. Maps of the RUSLE factors: (a) Rainfall erosivity factor calculated after Panagos et al. (2017)
[26]; (b) Soil erodability factor (K) calculated after Fenta et al. (2020) [69]; (c) Cover management factor
Figure
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(c)
Cover
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al. (2015b)
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and erosivity
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after
Panagos et al. (2015b) [41]; and (f) land use and land cover map calculated after Schürz et al. (2019)
[71].

Figure 6. Map of estimated soil erosion rates for the coastal area.

Figure 6. Map of estimated soil erosion rates for the coastal area.

The study area of Fenta et al. (2020) [69] also covers the coastal area of Kenya. Therefore, it could
be used for validation of our results. A spatial analysis of the estimated soil loss risk at a district
The study area of Fenta et al. (2020) [69] also covers the coastal area of Kenya. Therefore, it could
level revealed that 8 of the 26 districts of the coastal area (Table 3) are unprotected to an overall
be used for validationFigure
of our6.results.
A spatial soil
analysis
ofrates
the estimated
soilarea.
loss risk at a district level
Map of estimated
erosion
for the coastal
mean erosion risk rate >10 t·ha−1 ·y−1 , and 8 districts, including Kololenli (19.709 t·ha−1 ·y−1 ), Kubo
revealed that
8
of
the
26
districts
of
the
coastal
area
(Table
3)
are
unprotected
to an overall
mean
(14.36 t·ha−1 ·y−1 ), Matuga (19.32
t·ha−1 ·y−1 ), Changamwe (26.7 t·ha−1 ·y−1 ), Kisauni−1(16.23
t·ha−1 ·y−1 ),
−1
−1
−1
Therisk
study
area
of t·ha
Fenta·yet ,al.and
(2020)
[69] also including
covers the Kololenli
coastal area
of Kenya.
could
erosion
rate
>10
8 districts,
(19.709
t·ha Therefore,
·y ), Kuboit (14.36
Likoni (27.9 t·ha−1 ·y−1 ), Mwatate (15.9 t·ha−1 ·y−1 ) and Wundanyi (26.51 t·ha−1 ·y−1 ), have completely
be used for validation of our results. A spatial analysis of the estimated soil loss risk at a district level
suffered from the estimated soil erosion, and therefore extra soil erosion control precautions are needed.
revealed that 8 of the 26 districts of the coastal area (Table 3) are unprotected to an overall mean
erosion risk rate >10 t·ha−1·y−1, and 8 districts, including Kololenli (19.709 t·ha−1·y−1), Kubo (14.36
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Table 2. Average soil loss per land cover and land use types.
Land Use Land Cover

Area in Sq. mi

Area (%)

Average Soil Loss (t·ha−1 ·y−1 )

Tree Cover areas
Shrubs Cover areas
Grassland
Cropland
Aquatic Vegetation
Sparse vegetation
Bare areas
Built up areas
Open Water
Total

7.0974
69.27576
46.01648
8.36488
0.074074
0.159122
0.449932
0.165981
0.097394
131.701

5.39
52.6
34
6.35
0.06
0.12
0.34
0.13
0.07
100 %

6.21
6.23
6.43
9.14
5.345
6.92
7.66
17.52
0

Table 3. Mean estimated soil loss rates per district level in the coastal area of Kenya.
District Name

Mean Soil Loss (t·ha−1 ·y−1 )

Amu
Witu
Kiunga
Madogo
Bura
Galole
Mpeketoni
Malindi
Taveta
Faza
Garsen
Bahari
Ganze
Voi
Msambweni
Kinango
Tsavo National Park (E&W)
Island
Kubo
Mwatate
Kisauni
Matuga
Kalolenli
Wundanyi
Changamwe
Likoni

2.61
2.71
2.75
3.89
4.42
4.52
4.54
4.87
4.9
6.1
6.19
6.54
6.66
7.1
7.62
9.07
9.12
9.9
14.36
15.9
16.23
19.32
19.709
26.51
26.7
27.9

The soil erosion acceptance value assists as a foundation for discerning whether the soil poses
a prospective threat for drastic soil loss, or mostly for soil poverty [72]. As 8 districts of the coastal
area have an average soil erosion of 10 t·ha−1 ·y−1 , this is a prone land as an unsustainable average soil
erosion rate is greater than 10 t·ha−1 ·y−1 (Table 3) [73]. The coast’s total soil loss, more than 70%, was in
areas with a high soil risk, characterized by a steep slope range of 40% up to more than 100% (Figure 4),
and high mean rainfall intensity of 1024 mm·y−1 , as well as a monthly rainfall of 103 mm (Figure 3).
The highest average soil loss is found at the LULC types of built-up areas along the coast, with
Mombasa County, Malindi, Kilifi and Lamu representing major urbanization infrastructure at the
coastal shoreline. This has key effects on soil erosion acceleration, usually by baring the vegetative cover
of the land surface, changing the drainage schemes, and compressing the soil particles throughout the
construction process, and consequently covering the land with an impermeable layer of asphalts or
concreate. This leads to the surface runoff becoming risky [40,74], hence poor planning and a lack of
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inter-sectoral coordination, and a lack of adequate enforcement items of management, [75] results in
soil erosion in the coastal region.
The total soil losses of the 34 coastal protected areas under investigation in the current research are
elaborated in Table 4. Taita Hills (11.12 t·ha−1 ·y−1 ), Gonja (18.52 t·ha−1 ·y−1 ), Mailuganji (13.75 t·ha−1 ·y−1 )
and Shimba Hills (15.06 t·ha−1 ·y−1 ) were the most endangered protected areas, where the annual
mean soil erosion is higher than 10 t·ha−1 ·y−1 [76]. The higher soil erosion rate recorded in those
protected areas could be based on the extensive anthropogenic activities, as well as the expansion of
the deforestation process, either naturally or human-induced [42].
Table 4. Mean estimated soil loss rates of the protected areas in the coastal area of Kenya.
Name of Protected Area at the Coast

Mean Soil Loss (t·ha−1 ·y−1 )

Kaya Dzombo
Witu
Kaya Ribe
Kaya Jibana
Mkongani West
Buda
Kaya Chonyi
Kasigau
Awer Community Conservancy
Marenji
Kaya Kambe
Kora
Hanshak-Nyongoro Community Conservancy
Tana River Primate
Dodori
Arabuko Sokoke
Ndera Community Conservancy
Mrima
Lower Tana Delta Conservation Trust
Watamu
Jombo
Pate Marine Community Conservancy
Kiunga Marine Conservancy
Gogoni
Kiunga
Mkongani North
Lumo
Mwachi
Tsavo East
Tsavo West
Taita Hills
Mailuganji
Shimba Hills
Gonja

0.13
0.31
0.42
0.49
0.53
0.8
0.94
1.12
1.32
1.39
1.67
2.47
2.58
2.59
3.24
3.47
3.54
3.69
4.56
5.05
5.94
6.19
6.48
7.41
8.5
8.63
8.67
8.72
8.86
9.33
11.12
13.75
15.06
18.52

For validation reasons (Table S2), in tropical ecosystems, the threshold of soil erosion lenience
was projected by Panagos et al. (2015a, 2017) to be 10 t·ha−1 ·y−1 . The tropical threshold is considered
to be higher than soil erosion impacts on crop production in Europe and North America, where the
threshold is conducted to be 1 t·ha−1 ·y−1 due to the implemented higher standards of environmental
protection [77]. Other examples of soil erosion risk include experiments conducted within the Sierra de
Manantlán Biosphere Reserve in Mexico, which is recorded to have a wide range of soil erosion risks
from 0 to 100 t·ha−1 ·y−1 , which basically depends on the mountainous topography [78]. Meanwhile,
the soil erosion risk in the Chemoga watershed in Ethiopia is projected to be a slope resilience risk,
with 0 risks at the downstream and over 80 t·ha−1 ·y−1 at the watershed upstream [79].
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The driving forces in coastal areas that make the soil erosion magnitude adverse are mostly
climatic and topographic factors, assembled in the form of higher rainfall intensities and rugged terrain.
The soil’s physical and chemical properties have a particular role in soil loss rate variabilities.
4. Conclusions
Remote Sensing, incorporated with the Geographical Information System, is exercised in the
current study as a cost-effective tool to spatiotemporally quantify soil erosion risks on a local scale of a
district-level along the shoreline of the Kenyan protected areas. Accordingly, the Revised Universal
Soil Loss Equation model parameters were successfully realized and practiced to project potential soil
erosion on a watershed scale, and derive robust results to be considered for soil restoration master
plans. The slope is a very effective parameter that must be pointed out to limit soil degradation.
Therefore, the transformation of gradients into vegetated terraces is the key element to deaccelerate the
soil erosion process. This approach drops the strength of surface runoff erosivity and declines the scale
influence of soil erosion. The findings of the present study suggest that areas with an annual average
soil erosion potentiality of 10 t·ha−1 ·y−1 and higher must be prioritized in soil conservation plans.
Above and beyond this is the providing of essential assistance to the decision-makers to implement
effective anti-erosive practices to restrict the soil erosion process.
Supplementary Materials: The following are available online at http://www.mdpi.com/2073-445X/9/5/137/s1,
Table S1: RUSLE model factors- Authors, Case study, and Equations and Table S2: Validation of our results from
the Literature.
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