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Abstract
Soil loss is a crucial problem due to its importance in agricultural and livestock production, where intensive human activities 
have exacerbated erosive processes. In this framework, the RUSLE model emerges as a crucial tool for soil loss estimation, 
with the LS factor being a central component of the model. However, several research studies have shown that an inadequate 
selection of LS can overestimate soil erosion in complex topographies. This study assesses the overestimation of the RUSLE 
(Revised Universal Soil Loss Equation) model by slope length and steepness factor, focusing on a complex terrain character-
ized by abrupt changes in elevation and slope. Seven divergent equations were used to evaluate the LS factor and compared 
with the results of the RUSLE model. The findings revealed that the models proposed by Desmet and Govers and Moore and 
Brusch proved best suited to terrain with such characteristics, avoiding over-estimation. The meticulous selection of the LS 
model was highlighted as a crucial aspect, underlining the importance of an accurate methodology in soil loss measuring in 
topographically complex environments. This study contributes to the understanding and improvement of erosion models, 
providing valuable guidelines to address soil loss overestimation by LS-Factor.
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Introduction

The combination of factors as the atmosphere, geosphere, 
biosphere, and hydrosphere generates solid particles of 
minerals from organic material, weathered rocks, and pores 
containing water and air (Michalopoulou et al., 2022). On 
the other hand, fertile soil is one of the natural resources 
that has benefited mankind the most over time. The applica-
tion of this material in agriculture and livestock provides 
approximately 95% of the world's food, making it a critical 
natural resource for feeding a constantly growing population 
(Spanner & Napolitano, 2015). However, this resource is 
directly affected by erosive processes that have been increas-
ing paradoxically with the increase of land dedicated to 
agricultural processes (Kidane et al., 2019). These losses of 
material are mainly generated by hydrological cycles that 
generate losses estimated at between 25,000 and 40,000 mil-
lion tons of surface soils representing economic losses of 
around 400,000 million dollars due to the loss of agricultural 
production (Das et al., 2022; Montanarella, 2015; Spanner 
& Napolitano, 2015).

Considering the above, the study of erosive processes has 
been approached for decades, where different models have 
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been proposed, which have determined rainfall intensity, soil 
properties, land use, soil conservation practices and topo-
graphic condition of the terrain as the predominant factors 
in erosive processes (Azizian & Koohi, 2021; Wischmeier 
& Smith, 1978). So far, different researchers have carried 
out mechanistic studies of soil erosion behavior as well as 
soil loss estimation. This has resulted in different empirical, 
physical and conceptual models that attempt to describe and 
estimate this problem (Ghosal & Das Bhattacharya, 2020; 
McCool et al., 1987; Mitasova et al., 1996; Moore & Burch, 
1986; Smith et al. 1957; Van Oost et al., 2000). However, 
of all the models the best known and implemented is the 
RUSLE model (Revised Universal Soil Loss Equations) 
where its formula indicates an estimation of soil loss in tons 
per year, its implementation success is due to its relatively 
simple but robust expression in the form of estimation of soil 
loss increment (Xu et al., 2022).

Smith et al. (1957) determined soil erodibility (K-Factor) 
and soil erosivity (R-Factor) as the predisposing factors since 
soil properties and their interaction with rainfall intensity are 
the main causes of soil scouring leading to sediment displace-
ment. However, other research has highlighted how topogra-
phy is a clear predisposing factor in the behavior of the erosive 
process of soil (Anjitha Krishna et al., 2019; Ansari & Tayfur, 
2023; Azizian & Koohi, 2021; Karásek et al., 2022; Mich-
alopoulou et al., 2022). Within the RUSLE model, the factor 
describing topography is known as LS-Factor, a dimension-
less variable composed of two subfactors, slope length (L) and 
slope steepness (S), which contribute equally to erosion. The 
cumulative volume and growth of runoff increases as the slope 
length of the land becomes steeper. As the slope increases, the 
flow velocity also increases, controlling erosion (Ghosal & Das 
Bhattacharya, 2020).

Authors like Lu et  al. (2020) and Das et  al. (2022) 
describe the slope length (LS-Factor) gradient as the most 
important empirical models in soil erosion estimation. How-
ever, it has also been defined that much of the uncertainty 
in soil loss calculation is due to exaggerate estimation of 
soil loss when the inadequate LS-Factor is evaluated (Wang 
et al., 2001). The evaluation of the LS factor has been sub-
ject to revisions with the advent of digital elevation model 
DEMs in soil estimation studies. The implementation of the 
concept of slope length in the raster environment with the 
use of DEMs, as well as their adjustments in the verification 
of slope length, may be among the major contributions in 
the evaluation of this factor in recent times (Anjitha Krishna 
et al., 2019). Despite these advances, the models still mostly 
follow empirical processes that do not allow generalizing 
the behavior of all terrains, making the calculation of the 
LS-Factor much more complex to estimate and generalized.

This study aims to apply the most named topographic 
models proposed by different authors (1) Wischmeier and 
Smith (1978), (2) Moore and Burch (1986), (3) McCool 

et al. (1987), (4) McRoberts (Renard et al., 1997), and (Des-
met & Govers, 1996). This was to evaluate the relationship 
between the LS-Factor and RUSLE equation while the other 
factors (K-Factor, C-Factor, P-Factor, and R-Factor) are kept 
constant.

This research allows to visualize which LS factors gener-
ate lower overestimates in the RUSLE models in complex 
terrains, with the intention of having more realistic models 
of the erosive processes present. This is of vital importance 
in developing countries with intensive agricultural practices 
and without previous studies on the region. The study area is 
a mostly rural zone that contemplates a totally starry land-
scape with very large variations in terrain elevation between 
the east and west of the territory, with abrupt changes in 
topography throughout the study area. This research will 
help urban planners to estimate soil loss, make land manage-
ment plans, and set a precedent on the importance of proper 
selection of the topographic model, especially on land with 
very starry topography in regions with similar topographies.

Material and Methods

Study Area

The study area, San Bernardo Municipality, is located in the 
province of Cundinamarca, Colombia, with an area of 249 
km2 (Fig. 1). This region is located between 4° 02′ N to 4° 
14′ N and 74° 30′ W to 74° 14′ W. The region under study 
has a complex topography encompassing significant eleva-
tion variations over relatively short distances. In the eastern 
portion of the study area analyzed, the altitude is mainly 
defined by elevations ranging between 3400 and 4020 m 
above sea level (m.a.s.l), corresponding to the “Sumapaz 
Paramo”. This Paramo is part of the country's central moun-
tain range being part of the Andes Mountain. From the par-
amo to the west of the municipality, it decreases significantly 
from 3400 to 918 m above sea level (m.a.s.l.), creating a 
complex and rugged topography (Appendix 1). This topog-
raphy configuration persists until reaching the western end 
of the municipality. Additionally, the urban area is located at 
an altitude of 1600 m.a.s.l. The region is drained by a large 
stream with a principal river called “Rio negro” which origi-
nates in the center of the municipality and across the region 
to the northwest of San Bernardo. However, because of the 
pronounced topographic slopes, the municipality has many 
streams originating in different locations and directions.

Despite Colombia being located near the equatorial 
line consistent with a tropical hot and humid climate, the 
effects of the Andes Mountains produce a wide range of 
climatic conditions associated with the altitudinal gradi-
ent. Climate Classification based on altitude, as the Caldas 
Scale mentioned that the climate of a region can divided 
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into hot (0–1000 m.a.s.l.), cool (1000–2000 m.a.s.l), cold 
(2000–3000 m.s.a.l), low Paramo(3000–3700 m.a.s.l) and 
high Paramo (> 3700 m.a.s.l) (IDEAM, 2023). Based on the 
previous statement, the study area, with mainly topographic 
variations along the east–west direction, allows the genera-
tion of almost all thermal floors.

As a tropical country, Colombia has a wide range of pre-
cipitation ranging from arid zones with precipitation less 
than 375 mm/year to super humid zones with an impressive 
15,000 mm/year (IDEAM, 2023). In this context, the study 
area ranges between 500 mm/year and 1450 mm/year, which 
will be described in more detail in more advanced stages of 
the research.

Due to the significant change in climatic conditions asso-
ciated with elevation, precipitation, and economic activi-
ties, San Bernardo presents various land uses, among which 
the urban area, the agricultural zone, the peninsular forest, 
paramo, sub-paramo, and areas for waste disposal stand out. 
The main economic activity in the region is based on agri-
culture, including different types of crops and natural pas-
tures dedicated to livestock. Also, the region includes undis-
turbed forests located all over the Municipality. However, 

due to the significant steep slopes, bare land is in the center 
and east of the territory.

Data Collection

The study used spatial datasets from different sources to rep-
resent the topography and vegetation. Regarding rain data, 
11 pluviometry stations from the IDEAM (Instituto de Hidr-
ologia, Metereología y Estudios Ambientales) which cover 
the study area with information from 2012 to 2022 were 
used to analyze the updated rainfall trend. The compilation 
of all datasets and data collected is presented in Table 1. 
On the other hand, for soil structure data, 128 samples were 
taken in the field (Fig. 1). The collected samples were sub-
jected to the following tests: moisture content, particle size 
determination using a granulometry and hydrometer, liquid 
limit, plastic limit, and organic matter content by ignition.

Methods

The spatial distribution of all the factors involved in the 
RUSLE model was carried out in a GIS platform using the 

Fig. 1   San Bernardo Municipality Location. A Colombia Location; B Cundinamarca Province; C San Bernardo Municipality and 128 Sample 
location points
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WGS1984 datum as a spatial reference, according to the 
process shown in Fig. 2. RUSLE was designed to present 
the mean annual soil loss for ground slopes flow conver-
gence/divergence that can be neglected, i.e., planar slopes, 
common in agricultural lands (Menasria et al., 2022); the 
RUSLE model is expressed on Eq. 1,

where A = soil loss (ton ha − 1 yr − 1), K = soil erodibility 
(ton h MJ − 1 mm − 1), R = rainfall erosivity factor (MJ mm 
ha − 1 h − 1 yr − 1), C = land management factor (dimension-
less), and P = conservation practice factor (dimensionless), 
and LS = slope-length and slope steepness factor (dimen-
sionless) (reference).

RUSLE Parameters Computation

Soil Erodability Factor (K‑Factor)  The K factor is defined as 
the relationship between soil loss due to the soil structure 
and external factors such as rainfall, and its values are usu-
ally categorized in a range from 0 to 1 depending on the 
type of managed measure units (Brahim et al., 2020). The 
importance of soil as an erosion factor lies in its capacity 
to infiltrate and transport water through the soil, which has 
been formed through geological, climatic, temporal, and 
anthropological processes (Dam Nguyen et al., 2022).

There are many equations for calculating the soil erodibil-
ity factor K (Alexandre Ayach et al., 2015; Aouichaty et al., 
2022; Escobar Quintero & Macas Espinosa, 2021; Ganasri 
& Ramesh, 2016; Ghosal & Das Bhattacharya, 2020; Wis-
chmeier & Smith, 1978). However, this study used the Eq. 2 
(Mohammed et al., 2020),

(1)A = K ∗ R ∗ C ∗ P ∗ LS

(2)K =

(

0.2 + 0.3e

(

−0.0256SAN

(

1−
SIL

100

))

∗

(

SIL

CLA + SIL

)0.3

∗

[

1 −
0.25OM

CLA + e(3.72−2.95OM)

]

∗

[

1 −
0.75N

1

SN
1
+ e(22.9SN1−5.51)

])

where, SAN is %sand, SIL is % silt, CLA is %clay, OM is 
%organic matter, and SN1 = 1-SAN/100. The percentage of 
silt, sand, clay, organic matter, structure code, and perme-
ability of the soil material in the 128 samples collected in the 
study area were determined using the American Association 
of State Highway and Transportation Officials (AASHTO) 
classification system, Unified Soil Classification System 
(USCS) and correlations based on typical values of their 
characteristics. Manual calculation of the K-Factor value 
for each sample was carried out, and the results were inter-
polated using the inverse weighted distance (IDW) method 
within the GIS platform. With this tool, the original values 
of the points could be better preserved due to the extension 
of the terrain.

Rainfall Erosivity Factor (R‑Factor)  Soil loss is directly related 
to rainfall energy and intensity. This last point is relevant since 
heavy and frequent rains can generate runoff that accelerates 
erosive processes. In contrast, soft and spaced rains allow bet-
ter soil infiltration, reducing the probability of soil erosion 
(Zhou et  al., 1995). Different equations have been created 
to assess how rain affects soil loss (Bols, 1978; Fayas et al., 
2019; Ganasri & Ramesh, 2016; Mohammed et al., 2020; Sin-
shaw et al., 2021; Zhou et al., 1995). Nevertheless, the equa-
tion selection depends on the available data, climate, and the 
geographic location (Ghosal & Das Bhattacharya, 2020). This 
study collected monthly precipitation data from IDEAM for 
the last ten years from the 11 meteorological stations closest 
to the study area as mentioned before. The equation integrated 
to generate was the Fornier Modified Index FMI (Eq.  3) 
used previously in other studies with similar rainfall behav-

Table 1   Spatial datasets used 
for the LS-factor and RUSLE 
modeling

*DEM, digital elevation model; +NDVI, normalized difference vegetation index; ∞IDEAM, Instituto de 
Hidrología, Metereología y Estudios Ambientales
+++ Google Earth Engine Platform

Datasets/data collection Data source

DEM* ALOS PALSAR 12.5 m DEM*
https://​search.​asf.​alaska.​edu/#

NDVI+ Alaska Satellite Facility Distributed Active Archive Centers (ASF DAAC)
GEE+++ Landsat 8 Dataset Imagery (30 m)
https://​devel​opers.​google.​com/​earth-​engine/​datas​ets/​catal​og/​lands​at-8
A product of GEE and NASA

Rainfall Data consultation and downloading of hydro-meteorological data
http://​dhime.​ideam.​gov.​co/​atenc​ionci​udada​no/
A product of IDEAM∞

https://search.asf.alaska.edu/
https://developers.google.com/earth-engine/datasets/catalog/landsat-8
http://dhime.ideam.gov.co/atencionciudadano/
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ior (Arnoldus, 1977; Brahim et al., 2020; Ganasri & Ramesh, 
2016).

where, Pi is the monthly rainfall (mm), and p is the cumu-
lative annual rain data, for the interpolation IDW tool was 
implemented due to the limited number of points that evalu-
ated the zone.

Cover Management Factor (C‑Factor)  The land manage-
ment C-Factor is an important parameter in evaluating soil 
erosion, as it represents the surface of the vegetation and 
the control measures of soil erosive factors. The vegetation 
cover protects the land from progressive erosion generated 
by natural or external factors; the range goes between 0 to 1, 

(3)R =

∑12

i=1
Pi2

∑12

i=1
p

where close values to 0 indicate a well-protected land area 
(Jazouli et al., 2019; Mohammed et al., 2020). With the cur-
rent availability of high-quality satellite images from space 
missions, bands interpretation has implemented for model 
C-Factor. For example, the NDVI index, which represents 
the measure of greenness and density of the vegetation cap-
tured in an image had been proposed as an efficient way 
to represent the C-Factor (Durigon et al., 2014; Hui et al., 
2010; Mallick et al., 2014). The current study took the Eq. 4 
previously used on tropical regions (Durigon et al., 2014).

where NIR is a nearly the infrared band, and RED corre-
sponds to the red color band, both bands from the Landsat 
8 imagery, NDVI is the normalized difference vegetation 
index, and C is the C-Factor.

(4)NDVI =
NIR − RED

NIR + RED
C =

−NDVI + 1

2

Fig. 2   Methodological framework of implementing LS-Factor and RUSLE model for the soil erosion comparison
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Support Practice Factor (P Factor)  The factor of conserva-
tion practices P indicates the management practices aimed 
at reducing soil erosion. Conservation practices aim to 
minimize the amount of erosion on a piece of land, and the 
P-Factor is used to reflect the material loss concerning a 
particular conservation practice, such as farming, terracing, 
alley cropping, cross-slope crops, and watercourses (Ghosal 
& Das Bhattacharya, 2020; Qiankun et  al., 2019). The P 
factor is expressed on a scale from 0 to 1, with values closer 
to 1 representing the absence of conservation practices and 
values closer to 0 indicating the presence of effective con-

servation practices, such as planting crops in contours or 
urban areas (Koirala et al., 2019). For the study, consider-
ing that the proposed land is dedicated as farmland, an agri-
cultural support practice design by Wischmeier and Smith 
(1978) was chosen (Table 2).

LS‑Factor Models

Topographic factor LS-Factor includes sub-factors known 
as slope-length (L) and slope steepness factor (S), which 
can be determinate with a DEM. Because of the inclina-
tion and slope length of the terrain, the soil loss increases 
as the slope length increases (Ghosal & Das Bhattacharya, 
2020; Schmidt et al., 2019). Several authors worldwide 
have developed different expressions to evaluate the L and 
S subfactors in soil loss estimation. For this study, seven 
approaches for topographic LS-Factor were adopted. The 
models include similar expressions for the L and S factors; 
these subfactor combinations were made based on the equa-
tions presented by authors and their experiences with those 
models. The equations were taken from the review made by 
Ghosal and Das Bhattacharya (2020) during its review of 
the RUSLE model. During this brief, the author compiled 

Table 2   P-Factor for slope 
as per agricultural practice 
(Wischmeier & Smith, 1978)

Percentage of land 
slope [%]

P-value

1–2 0.6
3–5 0.5
6–8 0.5
9–12 0.6
13–16 0.7
17–20 0.8
21–25 0.9
 > 25 1.0

Table 3   LS-Factor expressions were evaluated in the study (Ghosal & Das Bhattacharya, 2020)

Method Authors Expression Description Equation

LS1 Wischmeier &Smith
LS =

(

�

22.13

)m

.(65.41sin2� + 4.56sin� + 0.065)
Where λ is the slope length in (meters), and m 

is equivalent to 0.5 for slopes steeper than 5%, 
0.4 for slopes between 3 and 4%, 0.3 for slopes 
between 1 and 3%, and 0.2 for slopes less than 1%

(5)

LS2 Moore & Brusch/ 
Mitasova

LS =

(

λ

22.13

)m

(
sin�

0.0896
)
n Where, coefficiente m and n varies in dif-

ferents studies. LS2 (m = 0.4; n = 1.1), LS3 
(m = 0.4;n = 1.3), and LS4 (m = 0.6;n = 1.3)

(6)

LS3

LS4 Where θ represents the slope in degrees; however, 
it usually has to be converted into radians in the 
GIS platform

(7)

LS5 McCool, Foster, 
Weesies

LS =

(

�

22.13

)m

 m =
(sin�∕0.0896)∕[3x(sin�)0.8+0.56]

1+(sin�∕0.0896)∕[3x(sin�)0.8+0.56]
 

S =

⎧

⎪

⎨

⎪

⎩

10.8sin𝜃 + 0.03𝜃 < 5◦

16.8sin𝜃 − 0.55◦ ≤ 𝜃 ≥ 10◦

21.9sin𝜃 − 0.96𝜃 ≥ 10◦

⎫

⎪

⎬

⎪

⎭

Where, m represents the ratio of rill to inter-rill 
erosion

(8)

LS6 McRoberts
LS =

(

�

22.13

)m

 m =
(sin�∕0.0896)∕[3x(sin�)0.8+0.56]

1+(sin�∕0.0896)∕[3x(sin�)0.8+0.56]
 

S =

⎧

⎪

⎨

⎪

⎩

10sin𝜃 + 0.03𝜃 < 9◦

16.8sin𝜃 − 0.55 ≥ 9◦

−

⎫

⎪

⎬

⎪

⎭

(9)

LS7 Desmet & Govers
Lij =

(Aij−in+D
2)

m+1
−Am+1

ij−in

Dm+2xXm
ij
x22.13m

Where A(i, j) is the contributing area at the inlet of 
the grid cell(i. j) measured in m2, D is the grid cell 
size (meters), x = sin ai, j + cos ai, j, the ai, j is the 
aspect direction of the grid cell (i, j)

(10)
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the most common algorithms implemented for evaluating 
LS-Factor, presented in Table 3.

In most of the selected expressions (Except LS7), the 
evaluation of the relative slope length (L-Factor) has the 
same structure where the flow path length (λ) is related to a 
basic slope length of 22.13 m. This λ is denoted as λ = (flow 
accumulation x DEM´s cell size). However, other research-
ers as Das et al. (2022) have indicated that in basins with 
large land extensions and steep slopes, it is a mistake to 
contemplate λ in this way because it generates exaggerated 
overestimates of the factor L. Therefore, for the study, all the 
expressions, which include λ, were modeled based on alter-
native lambda evaluation to ensure the reduction of the over-
estimation by the slope length factor presented in Eq. 11.

where Io is the distance between each point and the grid. ΔH 
is the height difference between the maximum and minimum 
pixel, obtained by applying ΔH = tan A * Io. A is the digital 
model of slope in degree.

(11)
λ =

ΔH

sin

[

tan−1
ΔH

Io

]

Results and Discussion

Rusle factors Modeling

From the equations mentioned before, were obtained the 
spatial distribution for the factors K, C, R and P shown in 
Fig. 3. All of them were process on the GIS platform using 
the dataset collection (Table 1). Figure 3 illustrates how 
Factor-C exhibits dense vegetation in the central and north-
western areas of the study area, in line with the forested 
regions and areas dedicated to agriculture in this region. 
Likewise, a red area is observed in the northwestern part, 
which coincides with the urban core of the territory. On the 
eastern side, there are yellow areas that denote land devoid 
of vegetation, associated with the increase in terrain altitude 
and the presence of the Sumapaz paramo. Regarding the 
K-Factor, a variability in erodibility processes linked to soil 
type is identified, highlighting a decrease in infiltration and 
a potential increase in erosion to the south of the study area. 
On the other hand, the R-Factor, related to precipitation in 
the area, indicates that the areas to the south present lower 
rainfall intensity values, which reduces erosive processes 

Fig. 3   RUSLE general Factors. A C-Factor; B K-Factor; C R-Factor; D P-Factor
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in this parameter. However, it is evident how the values 
of potential water erosion extend towards the eastern and 
western sides. Finally, the P-Factor confirms the complex 
topography of the region studied, showing that the furrows 
in areas with dense vegetation and in land used for agricul-
tural activities show values close to 1.0, which indicates a 
potential increase in erosion due to insufficient conservation 
practices applied in this type of relief.

The conditions of the four factors previously mentioned 
were kept constant in each of the 7 comparison models of 
the LS Factor, with the purpose of evaluating the influence 
of this factor in the model, keeping the other parameters of 
the equation equally.

Annual Soil Loss Comparison

Annual soil loss for the study area was estimated by acquir-
ing the Revised Universal Soil Loss Equation and multiply-
ing the erosion potential factors together with the LS models. 
Seven estimation models were obtained in the process and 
were named by the same numeration present for the Slope 
Length and Steepness Factor (LS) described previously in 
Table 3. From this process, seven maps of soil erosion were 
produced using the RUSLE model with the different LS-
Factors proposed. The results are presented in Fig. 4, 5 and 
6, shown the Slope and Steepness factor in the left map and 
the RUSLE soil loss map on the right for each ran model.

From the LS-Factors the most significant difference is 
associated with evaluating the S factor. This is because the 
reference authors have assessed the slope steepness with 
linear, quadratic, and exponential models based on slope 

percentages of their study regions that not always represent 
different terrains, limiting the ability to assess complex 
terrain. On the other hand, the L factor, in most authors, 
tends to be estimated following the initial premise imple-
mented by Wischmeier and Smith (1978), where the con-
cept of slope length related to the accumulation flow and 
the pixel size of the digital elevation model is used. Even 
so, it has been found that the traditional lambda relationship 
can generate overestimates (Anjitha Krishna et al., 2019; 
Das et al., 2022), especially in complex terrains that gener-
ate high accumulations along hydrological basins. Only the 
researchers Desmet and Govers (1996) proposes a significant 
modification of the L factor (LS-7). They include the form of 
convergence or divergence between the accumulation flow 
and the terrain pixel.

LS‑Factor and RUSLE Statistics

The descriptive statistics were calculated based on each LS-
Factor and RUSLE raster image generated on the GIS plat-
form (Table 4). The LS-1 (max. 202.894) and LS-7 (max. 
182.65) factors show significant maximum values concern-
ing the other models. However, the standard deviation of 
the LS-7 models, with a value of 8.347, is considerably 
lower compared to LS-1, the latter being the highest with 
a value of 16.276. Also, despite having the second highest 
rank the LS-7 model has the lowest mean of all the mod-
els with a value of 3.536. On the other hand, LS-2 shows 
a statistical behavior with a higher clustering of the data 
than the other models, having the lowest standard devia-
tion. For models LS-3 and LS-4, which are variations of 

Fig. 4   LS-Factor versus RUSLE models (part 1)
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Fig. 5   LS-Factor versus RUSLE models (part 2)
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Fig. 6   LS-Factor versus RUSLE models (part 3)
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model 2, the modification of the coefficients m and n sig-
nificantly impacted the growth of the LS-factor values and 
even increased the dispersion of their values. However, 
models LS-5 and LS-6 have averages like LS-1, being 
these three models the ones that handle higher estimates 

of the LS-Factor. Considering the adopted model, the two 
reasons that can support this behavior are: The S-factor in 
the three models contemplates a linear behavior that can be 
included in low slopes but does not allow for adequate mod-
eling of the behavior of complex terrain with abrupt slope 

Table 4   Descriptive statistics of 
LS-Factor models

Statistics LS-1 LS-2 LS-3 LS-4 LS-5 LS-6 LS-7

Mean 12.583 4.869 6.366 8.785 11.035 10.038 3.536
Max 202.894 34.425 54.920 89.191 120.046 96.356 182.65
Min 0 0 0 0 0 0 0.03
Std 16.276 4.520 6.402 9.813 13.318 11.163 8.347
Range 202.894 34.425 54.920 89.191 120.046 96.356 182.626

Fig. 7   Relation between LS-Factor and RUSLE soil loss estimation for each model

Table 5   The descriptive 
statistics of the annual soil loss 
for each model

Statistics RUSLE-1 RUSLE-2 RUSLE-3 RUSLE-4 RUSLE-5 RUSLE-6 RUSLE-7

Mean 64.346 24.585 32.143 44.319 55.825 49.663 17.079
Max 2073.280 367.109 579.646 941.358 1273.406 1024.632 1101.780
Min 0.010 0.001 0.001 0.001 0.001 0.001 0.047
Std 99.311 28.551 40.088 60.018 80.473 67.681 30.643
Range 2073.270 367.108 579.645 941.357 1273.405 1024.631 1101.733
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changes. Second, the model consists of the first estimations 
of lambda, which can influence the over-estimation of data.

Table 5 shows the descriptive statistics for the soil loss 
estimation models. Consistent with the results of the LS 
models, the RUSLE-1 and RUSLE-7 models show the high-
est values and ranges concerning the other approaches. How-
ever, RUSLE-7 has the lowest mean on soil erosion models 
being approximately 47 points lower than RUSLE-1. The 
other models maintained the same behavior shown on LS-
Factor assessment, this reflects once again that the slope and 
steepness factor is a predominant factor on soil loss estima-
tion models. The statistics also reflects that RUSLE-1 and 
RUSLE-2 are better grouped than other models, despite of 
that is a great difference between the range of those models.

LS‑Factor and RUSLE Behaviour Comparison

Figure 7 shows that despite the statistics of each model rev-
elated strong relations between LS and soil loss estimation, 
there is not a lineal regression between those variables. Oth-
erwise, the most relevant aspect of the graph is presented in 
model 7, showing how the concentration of soil loss occurs 
at the lowest values of the LS factor, which is consistent 
with the statistics previously mentioned. However, it offers 
considerably higher outliers not seen in the other models. 
The explanation for this behavior must be influenced by the 
approach of the L factor, in which, unlike the other models, 
the total accumulation flow was taken and not the variation 
included in the lambda estimations. It is taking the above 
into account and visualizing the maps presented in Fig. 4. A 
clear significant increase in the LS values over the riverbeds 
is consistent with the accumulation flow. On the other hand, 
for the other models, similar behavior can be seen in the 
relationship between LS and RUSLE, considering that the 
growth in the RUSLE scale is much higher in models LS-1, 
LS-3, LS-5, and LS-6 (Table 5).

From the results presented in Fig. 4 and Fig. 7 it can be 
said that models 2 and 7 show the lowest soil loss estimates. 
However, the representation of the LS-2 factor is signifi-
cantly different from LS-7. In model 2, the highest values 
of the LS factor are displayed in the steepest furrows of the 
terrain consistent with the slope map (Appendix 1). On the 
other hand, the LS factor in model 7 represents its highest 
values in the runoff zones consistent with the accumulation 
flow of the studied area.

Although all models share similarities in the way the L 
and S sub-factors are evaluated as previously mentioned, 
models LS1, LS3, LS4, L5 and LS6 are the ones that gen-
erate higher averages that when interacting with the other 
factors that compose the RUSLE equation generate overes-
timates for the entire terrain regardless of the slope struc-
ture of the terrain. Considering the behavior of these mod-
els and that the subfactor S is different in these models, it 

can be mentioned that the evaluation of factor L is the one 
that is generating these overestimates. This shows once 
again that the evaluation of the accumulation flow is not 
adequate in terrain with very complex topography because 
it does not allow modeling the abrupt or smooth changes 
of a terrain such as that of the area studied.

Conclusions and Perspectives

The object of this research is to examine the connection 
between one of the most significant parameters of the 
RUSLE model, such as the LS factor it is, evaluating differ-
ent researcher’s expression, visualizing which one best fits 
the study area. This assessment demonstrates that the meth-
ods to estimate the upper slope length and slope inclination 
are the LS-2 and LS-7 models due to the decrease in over-
estimation generated by conservative factors derived from 
the LS-1 model proposed by Wischmeier and Smith (1978). 
While the LS-2 model still handles the traditional lambda 
format, it has a modification in the modeling of the S sub-
factor, which no longer includes a linear behavior. However, 
it demonstrates the importance of the m and n coefficients in 
the description of a complex terrain. Although LS3 and LS-4 
share the same equation as LS-2, it was found that values 
for m = 0.4 and n = 1.1 are enough to describe the behavior 
of LS without generating excessive overestimations in the 
algorithm in complex terrains. On the other hand, although 
the LS-7 model has overestimates at specific points, they are 
justified by the previously mentioned use of the total accu-
mulation flow. However, despite this, the model shows less 
aggressive behavior in areas where there are no tributaries 
despite complex terrain and high slopes showing a better 
adaptation to sudden changes in slope length compared to 
other methods, focusing on natural drainage as a means of 
sedimentation transport.

The study also reveals the importance of adequate selec-
tion in the soil loss evaluation factor. The incorrect selec-
tion of the terrain evaluation expression leads to exagger-
ated results that do not allow the terrain to be modeled. 
The above leads to problems in data analysis, especially in 
regions where there are no previous studies, as is the case 
in the study area. The results demonstrate that in regions 
with very complex terrain the evaluation of subfactor L is 
essential to avoid overestimations. Likewise, the modeling 
of subfactor S following the exponential model proposed by 
Moore and Burch (1986) can contribute to overestimates of 
soil loss in a field to be evaluated.

Appendix 1. Complementary Maps

See Fig. 8
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