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Abstract
Rainfall is one of the active drivers of soil loss that detaches and displaces soil particles. It is difficult to assess precisely 
the distribution, the size, and the terminal velocity of raindrops in relation to soil detachment and displacement. Therefore, 
many empirical methods are used based on rainfall for various time steps (daily, monthly, and yearly). Evaluation of rainfall 
erosivity (R-factor) precisely needs rainfall data of higher temporal resolution (< 15-min interval) for several years, which 
is not commonly available, especially in developing countries like Nepal. In this study, we developed an R-factor estima-
tion model using daily rainfall which was firstly compared with R-factor derived using sub-hourly rainfall. Westrapti River 
basin (WRB) of Nepal is the study domain where 5-min interval rainfall data are available 2011 onwards. The estimation 
model was calibrated for 3 years (2011–2013) and validated for 2 years (2014–2015). The performance of the model was 
evaluated using six statistical indicators. We then used the model for 30 years (1986–2015) as a baseline and three future 
time periods: (1) near-future, 2025–2049, (2) mid-future, 2050–2074, and (3) far-future, 2075–2099. We used five climate 
models under two warming scenarios (RCPs 4.5 and 8.5) for projected analysis during future time periods. The estimated 
mean annual R-factor of the study area was 3514.6 MJ mm ha−1 h−1 year−1 during the baseline and is expected to increase 
by 10% under both warming scenarios during the far-future time period. July was the highest erosive month followed by 
August. Our result showed that the change in rainfall patterns increased the erosivity density in the WRB in recent time. We 
found that the mean soil loss for the WRB for the baseline time period was estimated at 8.1 t ha−1 year−1 and is expected to 
increase by about 10% under both warming scenarios during the far-future time period. The result of this study is useful for 
sediment and watershed management.
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Introduction

Soil loss due to erosion is a global problem for which rainfall 
acts as a driver for soil detachment and subsequent displace-
ment, which often involves complex regional geomorphic 
factors (Bryan 2000). The prediction of soil loss has been 

challenging since the nineteenth century, and several mod-
els (conceptual, empirical, semi-empirical, and physically-
based) were/are developed. The most commonly adopted 
model is a Universal Soil Loss Equation (USLE). The USLE 
is an empirical model assessing the long-term average of 
sheet and rill erosion. R-factor is developed by Wischmeier 
and Smith (1958) for the USLE which quantifies the kinetic 
energy of raindrop impact and rate of associated runoff 
(Meusburger et al. 2012). A revised form of USLE (RUSLE) 
was published to include new R-factors and improvements 
to other USLE factors (Renard et al. 1997).

Continuous high temporal resolution (< 15-min inter-
val) rainfall data are necessary to evaluate the R-factor. But 
access to such data is difficult in many parts of the world 
(Li and Ye 2018; Yusof and Ahmad 2016), or if available, 
such data are limited for a shorter time period. Numerous 
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alternative approaches (de Santos Loureiro and de Azevedo 
Coutinho 2001; Diodato 2004; Diodato and Bellocchi 2007; 
Pan and Wen 2014; Yin et al. 2007) predict R-factor based 
on rainfall volume (daily, monthly, or annual) instead of 
rainfall intensity. Annual rainfall time series or simply mean 
annual rainfall (MAR) is widely used as a simple parameter 
for estimating the annual R-factor. These studies ignore the 
intra-annual variability (IAV), and importantly, R-factor is 
not distributed uniformly throughout the year.

The current study developed an estimation model using 
daily rainfall data employing De Santos Loureiro and De 
Azevedo Coutinho (2001)’s approach and attempted to 
unravel the unexplored areas of IAV of R-factors for 30 years 
(1986–2015) over WRB, Nepal. Before applying the model 
into long-term data, we at first compared with the R-factors 
based on Renard et al. (1997) using 5-min interval rain data. 
The performance of the model was assessed using six statis-
tical indicators with a calibration period of 2011–2013 and 
a validation period of 2014–2015. We also compared our 
results with two popular methods: Wischmeier and Smith 
(1978) and Renard and Freimund (1994) based on monthly 
and annual rainfall, respectively. In order to have representa-
tive spatial distribution, elevation was used as one of the 
controlling parameters in the spatial interpolation.

Many researchers (Ban et al. 2016; Chalise et al. 2018; 
Pandey et al. 2015; Uddin et al. 2016) estimated soil loss in 
different regions of Nepal, and some researchers (Koirala 
et al. 2019; Uddin et al. 2018) evaluated soil loss across 
the country. But these studies generally consider MAR for 
R-factor estimation. Although Pandey et al. (2015) used 
monthly rainfall, it lacks studying the IAV precisely. In addi-
tion, the interpolation in their study did not account for ele-
vation dependencies. Our study used daily rainfall data and 
incorporated elevation dependencies in interpolation which 
complements these studies. Furthermore, we attempted to 
unravel IAV and temporal variation of the annual R-factor. 
The quantitative estimate of R-factors and their variability, 
when combined with other soil erosion factors, could pro-
vide complete information for sustainable soil management. 
This study attempted to overlay other factors and estimate 
annual soil loss across the study area.

Finally, this study applied the developed R-factor esti-
mation model based on daily rainfall data to unravel likely 
impacts of climate change. The warming of the climate 
system is unequivocal. Climate variables such as rainfall, 
temperature, solar radiation, and others are anticipated to 
change significantly. These changes will have impacts on 
soil erosion rates via many pathways. Thus, climate change 
and its impacts are complex, the most direct of which is 
the change in the rainfall erosivity (Nearing et al. 2004). 
Climate models lack the detailed storm information needed 
to directly compute estimated R-factor changes. Many 
researchers (Amanambu et al. 2019; Khare et  al. 2016; 

Pheerawat and Udmale 2017) use the relationship based on 
monthly or annual rainfall, or some researchers (Shiono et al. 
2013; Yang et al. 2015) even use daily rainfall to estimat-
ing R-factor. In this study, we used projected daily rainfall 
data to estimate R-factor for a different future time periods, 
namely near-future (2025–2049), mid-future (2050–2074), 
and far-future (2075–2099). When factors other than rainfall 
are held constant, soil erosion is directly proportional to the 
level of rainfall erosivity (Wischmeier and Smith 1978).

We selected five climate models of the fifth phase of the 
Coupled Model Intercomparison Project (CMIP5) under a 
moderate and the highest warming scenarios (RCPs 4.5 and 
8.5, respectively). A linear scaling method of bias correc-
tion was used to correct biases in the projected rainfall of 
climate models. Delta method (expressed in %) was used 
for assessing expected deviations of R-factor and subse-
quent soil loss with respect to (wrt) the baseline time period 
(1986–2015). Quantifying the effects of present and future 
rainfall-induced soil loss is essential in identifying the sus-
ceptible areas prone to erosion under changing climate. The 
outcomes of this study are expected to be useful to policy-
makers for effective land use planning and soil conservation.

Study area

The study domain covers the WRB of Nepal, located in the 
southern mid-west parts of the country (Fig. 1a). The alti-
tude ranges from 100 masl (above sea level) to 3600 masl 
within a small latitude extent of less than 1° N. Figure 1b 
shows four elevation bands, namely EB1: 0–500 m, EB2: 
500–1000 m, EB2: 1000–2000 m, and EB4: > 2000 masl 
across the study area. A temporal variation of monthly rain-
fall of the study area is shown in Fig. 2 for the time period 
of 1986–2015. There are mainly four seasons depending on 
the rainfall patterns, namely (1) pre-monsoon (March–May), 
(2) monsoon (June–September), (3) post-monsoon (Octo-
ber–November), and (4) winter (December–February). MAR 
for the study area is about 1500 mm and more than 80% of it 
occurs during the monsoon season. Figure 1d shows a spatial 
distribution of MAR for the baseline time period.

Materials and methods

Rainfall data

Department of Hydrology and Meteorology (DHM), 
Government of Nepal, operates both traditional manual 
and automatic rain gauges. Please see Talchabhadel et al. 
(2017) for the detailed information about both systems. 
The networks for both systems in the study area are 
shown in Fig. 1c, which include 8 sub-hourly and 25 daily 
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measurement rain gauges. (Metadata is shown in Table 1). 
For an automatic system, 5-min interval rainfall was used 
(termed as Rsh hereinafter). Furthermore, the same data 
were also aggregated to 24-h or 1-day rainfall (termed as 
Rd hereinafter) at 03 UTC (8:45 AM local Nepal time). For 

the long-term daily data of 1986-2015, data were checked 
for outliers, errors, and the sudden jump using RclimDex 
1.0 (Zhang and Yang 2004). A year having a data gap for 
more than 30 days was excluded from the analysis, and 

Fig. 1  a Location of Westrapti River (WRB) basin over Nepal, b topography of the WRB categorized into four elevation bands, c network of 
rainfall stations (sub-hourly and daily) used in this study, and d mean annual rainfall of the study area over the time period of 1986–2015

Fig. 2  Inter-annual variation of monthly precipitation of the study area over the time period of 1986–2015
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data gaps (less than consecutive 5 days) in some stations 
were filled using spatial averaging of the nearest stations.

We used five regional climate models (RCMs) down-
scaled at a horizontal resolution of 0.44° (~ 50 km), namely 
(1) ACCESS1-0, (2) CNRM-CM5, (3) GFDL-CM3, (4) 
MPI-ESM-LR, and (5) NorESM1-M. Data were downloaded 
from the Center for Climate Change Research, Indian Insti-
tute of Tropical Meteorology (CCCR-IITM), a nodal agency 
for coordinating CORDEX modelling activity in South Asia. 
We used the linear scaling method of bias correction for 
reducing biases (Aryal et al. 2019). Monthly correction 
factors were firstly calculated by comparing observed and 
historical time series of selected climate models (5 indi-
vidual RCMs) for the time period of 1981–2005. Determined 
monthly correction factors were then applied to daily rainfall 
data to get corrected daily rainfall data (termed as projected 
rainfall hereinafter). After bias correction correlation coef-
ficient (R2) varying from 0.5 to 0.59 in raw form improved 
to R2 = > 0.6, and RSR, ratio of the root mean square error 
(RMSE) to the standard deviation (SD), varying from 0.87 
to 0.93 in a raw form improved to RSR ≤ 0.6 (Talchabhadel 
et al. 2019).

Calculation of R‑factor

We estimated the soil loss using RUSLE shown in Eq. 1.

where A , spatio-temporal average soil loss per unit area, 
(t ha−1 year−1); R , R-factor, (MJ mm ha−1 h−1 year−1); K , 

(1)A = R × K × LS × C × P

soil erodibility factor, (t h MJ−1 mm−1); LS , combined slope 
length and slope steepness factor; C , cover management fac-
tor; P , conservation support practice factor. Although there 
are five factors, estimation of the R-factor is the focal of 
this study. Methods used to estimate the R-factor are well 
described in Wischmeier and Smith (1978), and in the 
RUSLE user guide (Renard et al. 1997).

The R-factor is calculated as long-term mean annual sum 
of the product of the storm total kinetic energy, E (MJ ha−1) 
and the maximum rain intensity recorded within consecutive 
30 min, I30 (mm h−1) as shown in Eq. 2.

where N  , years of records; mj , number of erosive events 
of a year j . I30 can be obtained directly from the rainfall 
record, while the storm kinetic energy is expressed as shown 
in Eq. 3.

where er , unit rainfall kinetic energy, (MJ ha−1  mm−1); vr , 
rainfall volume in a period of r time, (mm); of the rainfall 
event which is divided into p parts, each one with basically 
constant rainfall. Empirical equations have been proposed 
for estimating the rainfall energy, er . We used Brown and 
Foster (1987)’s approach, which is also recommended in the 
RUSLE manual shown in Eq. 4.

(2)R =
1

N

N
∑

j=1

[

mj
∑

k=1

(

EI30
)

k

]

j

(3)E =

(

p
∑

r=1

ervr

)

Table 1  Stations used in this study

SN Station name Lat (°) Lon (°) Elevation (masl) SN Station name Lat (°) Lon (°) Elevation (masl)

Automatic station (5-min interval rainfall data)
1 Kusum 28 82.1 199.19 5 Nayagaon 28.1 82.8 520
2 Bijuwartar 28.1 82.9 808 6 Nepalgunj 28.1 81.7 145.8
3 Lamahi 27.9 82.5 237.2 7 Sulichour 28.2 82.5 1828
4 Libang gaon 28.3 82.6 1270 8 Bagasoti 27.9 82.8 321
Manual station (daily rainfall data)
1 Kusum 82.1 28 235 13 Tulsipur 82.3 28.1 725
2 Khajura 81.6 28.1 135 14 Koilabas 82.5 27.7 320
3 Naubasta 81.7 28.3 135 15 Salyan Bazar 82.2 28.4 1457
4 Chepang 81.7 28.4 510 16 Luwamjula 82.3 28.3 885
5 Baijapur 81.9 28.1 226 17 Musikot 82.5 28.6 2100
6 Sikta 82 28 162 18 Ghorai 82.5 28.1 634
7 Nepalgunj 81.7 28.1 165 19 Bobang 83.1 28.4 2273
8 Rukumkot 82.6 28.6 1560 20 Khanchikot 83.2 27.9 1760
9 Shera Gaun 82.8 28.6 2150 21 Pattharkot 83.1 27.8 200
10 Libang Gaun 82.6 28.3 1270 22 Musikot 83.3 28.2 1280
11 Bijuwar Tar 82.9 28.1 823 23 Bhagwanpur 82.8 27.7 80
12 Nayabasti 82.1 28.2 698 24 Tamghas 83.3 28.1 1530
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where ir , rainfall intensity during the time interval, 
(mm h−1). Detailed information about the values 0.29 [based 
on work of Rosewell (1986) roughly equals to limit used 
by Wischmeier and Smith (1978)], 0.72 [based on work 
of McGregor and Mutchler (1976)] and 0.05 [adopted for 
RUSLE] are described in Nearing et al. (2017). We checked 
three criteria for the identification of erosive events at station 
locations: (1) cumulative rainfall check: aggregated rainfall 
of an erosive event > 12.7 mm, (2) peak rainfall check: the 
erosive event has at least one peak > 6.35 mm in 15 min, and 
(3) erosive event break check: a rainfall period < 1.27 mm in 
6 h is used to divide a longer rainfall period into two storm 
events (Renard et al. 1997).

RUSLE2 framework is a computer interface to handle 
more complex field situations (Benavidez et al. 2018) with 
some improvements in the methods (Foster et al. 2003; Near-
ing et al. 2017). Modified USLE (MUSLE) uses peak flow 
to estimate storm-event-based soil loss (Sadeghi et al. 2014; 
Williams 1975a, b; Williams and Berndt 1977) rather than at a 
periodic (e.g. monthly/seasonal/annual) scale estimated by R/
USLE. Recent reviews on methodologies and applications of 
the R-factor can be found on Nearing et al. (2017), Benavidez 
et al. (2018) and Yin et al. (2017).

Reliable estimation of R-factor requires continuous sub-
hourly rainfall records which are not available for all applica-
tion areas. There are fewer rainfall stations with high-reso-
lution temporal data, but the length of their record is shorter 
(Beguería et al. 2018), the situation is the same in the cur-
rent study. A longer period of data series is recommended for 
the estimation of the R-factor. Importantly, coarser rainfall 
records, such as daily data, are mostly available and even cover 
longer time spans. A method for estimating R-factor from such 
coarse rainfall records is, therefore, highly desirable. The per-
formance of such an estimation model should be checked with 
high-frequency rain gauges for a model applicability. (Even 
limited data are available.)

De Santos Loureiro and De Azevedo Coutinho (2001) 
developed a new model through multiple linear regressions 
for estimation of R-factor using daily rainfall data of 28 years 
from thirty-two daily readings of rain gauge stations in the 
Algarve region, Portugal. The model has been used in many 
other similar studies (Diodato 2004; Yusof and Ahmad 2016) 
owing to its high predicting power.

where R-factor , mean annual R-factor (MJ mm  ha−1  h−1 
 year−1); N  , number of record years; rain10 , monthly rain-
fall for days ≥ 10 mm; days10 , monthly number of days with 
rainfall ≥ 10 mm; and �1 = 6.7, �2 = 84.2 (calibrated in this 

(4)er = 0.29
[

1 − 0.72 exp
(

−0.05ir
)]

(5)R-factor =
1

N

N
∑

i=1

12
∑

m=1

(

�1 ∗ rain10 − �2 ∗ days10
)

i,m

study for the study area). A threshold value of daily rainfall 
(10 mm for this study) was assumed for defining an ero-
sive event. This study calibrated coefficients by comparing 
monthly R-factor values derived using 5-min interval rainfall 
and above-mentioned Eqs. 2–4.

Renard and Freimund (1994) shown in Eq. 6 is one of the 
popular approaches to estimate annual R-factor.

where MAR is the mean annual rainfall (mm year−1). Several 
studies have shown that there is a good correlation between 
the annual R-factor and the annual rainfall amount in many 
regions around the globe (Bonilla and Vidal 2011). ICIMOD 
(2013) and Uddin et al. (2016) employed a similar approach 
for mapping of R-factor and soil loss for the Koshi basin, the 
eastern region of Nepal. Similarly, Uddin et al. (2018) and 
Koirala et al. (2019) used the same approach for estimating 
R-factor while analysing soil loss across the entire country. 
Wischmeier and Smith (1978) is another popular estimation 
method where monthly rainfall is used shown in Eq. 7.

where Pm is monthly rainfall at month m and P is annual 
rainfall at year i.

We compared our results (i.e. Eq. 5 after calibration and 
validation) with above mentioned popular approaches (i.e. 
Eqs. 6 and 7). Our adopted method segregates the erosive 
and non-erosive rainfall with a threshold of 10 mm in a day. 
Even though it is straight forward, the method allowed us 
to assess the erosivity density, which is the ratio of R-fac-
tor to the rainfall amount. The erosivity density of 5 years 
(2011–2015) determined based on Rsh helped the study to 
understand the performance of the proposed model based 
on Rd.

Performance check

The performance of R-factor estimation model was evaluated 
using six statistical indicators on a monthly scale, meaning 
monthly R-factor derived from Rd ( RRd ) was compared from 
monthly R-factor derived from Rsh (RRsh) using following 
indices,

(1) Root mean square error (RMSE) to the standard devia-
tion (SD) ratio (RSR),

(2) Correlation coefficient (R2),
(3) Weighting R2 (wR2),
(4) Per cent bias (PBIAS),
(5) Nash–Sutcliffe efficiency (NSE), and
(6) Relative Nash–Sutcliffe efficiency  (NSErel).

(6)R-factor = 0.0483 ∗ MAR1.610

(7)R-factor =
1

N

N
∑

i=1

12
∑

m=1

1.735 × 10

(

1.5 log10

(

P2m

Pi

)

−0.08188

)
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Description of each of the statistical parameters is 
shown below:

The lower value of RMSE is generally acceptable and 
one of the widely used indicators. However, the satisfac-
tory value of RMSE is case-specific. In this study, RSR 
is chosen as a complimentary indicator to RMSE which 
takes account of deviation among reference series (i.e. Rsh 
for this purpose) for normalization. An optimum value 
of RSR is 0, and a higher value represents a lower model 
performance.

where b is a gradient of the regression with intercept a = 0. 
R2 is the square value of the coefficient of correlation. It esti-
mates the combined dispersion against the single dispersion 
of the reference and predicted series. The range of R2 is 0–1. 
A value close to 1 indicates a high correlation between Rsh 
and Rd and a lower value indicates a weak correlation. But, 
a model that systematically over- or under-predicts all the 
time will still result in good R2 values close to 1.0 even if all 
predictions were wrong. A weighing R2 proposed by Krause 
et al. (2005) quantifies together the over- or under-prediction.

PBIAS is the percentage difference between monthly 
R-factor based on Rsh and Rd. A positive value represents 
the underestimation, whereas a negative value represents 
the overestimation.

NSE determines the relative magnitude of the residual 
variance compared to reference data variance. The value 

(8)RSR =
RMSE

SDsh

=

�

�

�

�

∑
�

RRsh − RRd

�

∑
�

RRsh − RRshmean

�

(9)R2 =

�

∑
�

RRsh − RRshmean

��

RRsh − RRdmean

�

∑
�

RRsh − RRshmean

�2�

RRsh − RRdmean

�2

�2

(10)wR2 =

{

bR2 for b ≤ 1

b−1R2 for b > 1

(11)PBIAS =

∑
�

RRsh − RRd

�

∑
�

RRsh

� × 100

(12)NSE = 1 −

∑
�

RRsh − RRd

�2

∑
�

RRsh − RRshmean

�2

(13)NSErel = 1 −

∑

�

RRsh−RRd

RRsh

�2

∑

�

RRsh−RRshmean

RRshmean

�2

ranges from − ∞ to 1. Values equal to 1 represent a perfect 
estimation of the model. Similar to R2, the NSE is not very 
sensitive to systematic model over- or under-prediction 
especially during lower values (Krause et al. 2005).  NSErel 
is sensitive to lower values (i.e. less erosive months). The 
value of  NSErel varies from − ∞ to 1, and values near to 1 
represent a good estimation of less erosive months.

Spatial interpolation

Spatial interpolations of monthly, seasonal, and annual R-fac-
tors were carried out considering elevation as one of the domi-
nant variables. Interpolation was performed at 30 m × 30 m 
resolution by Kriging technique in R gstat package (R Devel-
opment Core Team 2011). The elevation used here is from 
Advanced Spaceborne Thermal Emission and Reflection Radi-
ometer‐Global Digital Elevation Model (ASTER-GDEM). 
The interpolation method predicts a value for a location with 
no data based on the spatial dependency (i.e. autocorrelation) 
of observed values (Aalto et al. 2013). A general model of the 
spatial variability can be expressed as (Høst 1999):

where R is the predicted R-factor at a given location, � is the 
deterministic function for a trend component and re is the 
stochastically local varying but spatially dependent residual 
errors. The trend is fitted using the least-squares method:

where lon , lat and elev are the longitude, latitude, and ele-
vation, respectively, �0 , �1 , �2 , and �3 are regression coef-
ficients. A cross-validation scheme was incorporated into 
the interpolation. The observations were randomly split into 
independent calibration (70%) and validation data (30%). 
Please refer to Karki et al. (2016) and Aalto et al. (2013) for 
the detailed explanation.

Assessment of mean annual soil erosion

Though the focus of the current study is R-factor, we made 
an effort to estimate mean annual soil erosion over the WRB 
considering all other factors mentioned in Eq. 1. The value 
of K-factor is associated with soil mechanical composition, 
texture, and organic matter content. Dominant soil types across 
the study are Eutric Cambisols and Eutric Regosols in upper 
WRB, whereas Dystric Regosols and Phaeozems (Calcaric, 
Haplic) in lower WRB shown in Fig. 3. The soil data were 
used from Soil and Terrain Database (SOTER), spatial reso-
lution 1:1,000,000. K-factor was estimated using an algebraic 
approximation proposed by Wischmeier and Smith (1978) and 
Renard et al. (1997).

(14)R = � + re

(15)R(x, y, z) = �0 + �1lon + �2lat + �3elev
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where M = textural factor = 
(

%silt + %sand

)

∗
(

100 − %clay

)

 , 
OM = %organic matter , s = soil structure class (1 for very fine 
granular, 2 for fine granular, 3 for medium or coarse granu-
lar, and 4 for blocky, platy or massive), p = permeability 
class (1 for very rapid, 2 for moderate fast, 3 for moderate, 
4 for moderate low, 5 for slow, and 6 for very slow). Please 
refer to Panagos et al. (2014) for detailed information on soil 
parameters (texture, organic matter, coarse fragments, struc-
ture, and permeability). LS-factors were determined using 
30 m resolution ASTER GDEM employing (Wischmeier and 
Smith 1978; Mccool et al. 1987), respectively.

where � = slope length (m) and m = dimensionless exponent 
ranges from 0.2 to 0.5 that depends on slope (Wischmeier 
and Smith 1978); 0.2 for slopes less than 1%, 0.3 for 1–3%, 
0.4 for 3–4.5%, and 0.5 for slopes exceeding 4.5%).

(16)K =

[
(

2.1 × 10−4M1.14(12 − OM) + 3.25(s − 2) + 2.5(p − 3)
)

100

]

∗ 0.1317

(17)L =

(

�

22.13

)m

where � = slope angle in degrees. The values of C-factor 
for different land use/land cover (LULC) were assigned in 
accordance with Koirala et al. (2019). LULC for the year 
2010 (Fig.  3) produced by the International Centre for 
Integrated Mountain Development (ICIMOD) by Uddin 
et al. (2015) was used. The adopted values of C-factor for 
grassland were 0.01, for forest and shrub land were 0.03, 
for agricultural land were 0.21, and for barren land were 
0.45. Similarly, we adopted C-factor = 0 for built-up area 
and water body.

P-factor generally reflects the impact of conservation 
practice such as contouring, strip cropping or/and terracing 
on soil erosion. In addition, practices also include all the 
different ways of using land, not simply agricultural practice 
(Uddin et al. 2016). We firstly assigned the values of P-fac-
tor based on LULC for non-agricultural land (i.e. forests: 
0.85, and bare area: 0.8), and then depending on conserva-
tion practice on different slopes the values of P-factor were 

(18)S =

{

10.8 sin 𝜃 + 0.03 for 𝜃 < 9

16.8 sin 𝜃 − 0.5 for 𝜃 ≥ 9

Fig. 3  LULC data and soil data across the study area
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assigned. For contouring the assigned values of P-factor 
were 0.55 for slope less than 7%, 0.6 for 7–11.3%, 0.8 for 
11.3–17.6%, 0.95 for 17.6–26.8%, and 1 for slope greater 
than 26.8% (Ban et al. (2016).

Figure 4 shows a complete methodology adopted in this 
study for the estimation of soil loss using RUSLE. In sum-
mary, R-factor is estimated using a daily rainfall data esti-
mation model after calibration and validation with R-factor 
derived using sub-hourly rainfall data. The developed model 
was then used to calculate long-term R-factor for baseline 
and future time periods. K-factor was estimated using soil 
data, LS-factor using topography data, and C-factor using 
LULC data. For the estimation of the P-factor, information 
of topography and LULC was used.

Results and discussion

Table  2 shows a comparison of number of erosive day 
(event) and daily (event) rainfall based on Rd (Rsh) for the 
time period of 2011–2015. In general, the number of erosive 
events based on Rsh was relatively smaller than the num-
ber of erosive days based on Rd. However, erosive rainfall 
amounts, daily (event) rainfall for Rd (Rsh), were almost con-
gruous with slightly bigger values for Rd. One of the reasons 
for such discrepancy, especially in the number, is that the 
determination of erosive event between two consecutive days 
is seamless for Rsh, i.e. rainfall during last night and today 
morning is considered for determination of the erosive event 
but in case of Rd, 24-h rainfall is aggregated at a definite time 
irrespective of rainfall pattern. There are chances that (1) an 
erosive event can be distributed to two different days as non-
erosive events and (2) parts of two or more than two non-
erosive rains can constitute more than 10 mm rainfall and 
counts as erosive in our approach. As mentioned earlier, one 
of the criteria of erosive event based on Rsh is the cumulative 

rainfall of an erosive event > 12.7 mm. Although the current 
estimation model has some limitations, the model performed 
to a satisfactory level. In the subsequent section, values of 
R-factor based on Rsh and Rd are compared using different 
graphical and statistical indices.

Figure 5 shows the spatial distributions of seasonal R-fac-
tors of the WRB for four different seasons estimated based 
on Rsh and Rd for the time period of 2011–2015. The spatial 
distributions of both cases were almost consistent. Elevation 
dependency in the variation of R-factors was clearly depicted 
by the interpolation. Monsoon R-factor was unquestiona-
bly higher compared to the other three seasons because of 
monsoon dominated rainfall pattern in the country. Mean 
annual R-factor across the study area for the time period of 
201–2015 was found to be 3240.11 MJ mm ha−1 h−1 year−1 
based on Rsh and 3277.4 MJ mm ha−1 h−1 year−1 based on 
Rd. We know that about 80% of annual rainfall occurs in 
monsoon season. Interestingly, monsoon R-factor was about 
95% (93%) of annual R-factor based on Rsh (Rd) which 
clearly indicates a significant dominance of monsoon in 
R-factor.

Post-monsoon and winter accounted < 1% of annual 
R-factor and pre-monsoon accounted about 3.5% of annual 
R-factor based on Rsh, whereas in the case of Rd, the contri-
bution of winter in annual R-factor was also significant (i.e. 
about 3%) and pre-monsoon and post-monsoon had similar 
% contributions to that determined based on Rsh. Assuming 
10 mm as a threshold for erosive event on a daily scale, win-
ter rainfall across the study area had the potential to detach 
and displace soil based on Rd but it did not fulfil all three 
criteria of erosive event mentioned in Renard et al. (1997) 
based on Rsh. Detailed studies on threshold analysis with 
some field-based experiment plots in Nepalese watershed 
are highly demanding for proper validation of methodology. 
Here, in this study, we could not perform such analyses due 
to a lack of detailed data of kinetic energy and soil detach-
ment on field level. In general, estimation of R-factor based 
on Rd is matching with Rsh on a seasonal scale.

Figure 6 shows the spatial distributions of annual R-fac-
tors of the WRB for two cases (based on Rsh and Rd) and 
PBIAS at the top panel. In general, the model captured well 
for annual R-factors with a slight overestimation. (Station-
wise mixed under- and overestimation could be found at dif-
ferent stations.) Overall, the PBIAS was in agreeable range 
of − 10 to + 10%. Furthermore, all the station-wise com-
parison of annual R-factors based on the above-mentioned 
two cases and additional two cases (i.e. popular Renard and 
Freimund (1994); Wischmeier and Smith 1978) is shown 
in box plots in Fig. 6 bottom panel. The comparison shows 
our approach of using Rd was more similar with that of using 
Rsh than using the direct relation from annual or monthly 
rainfall. It indicates that R-factor estimation based on Rd is 

Fig. 4  Methodology adopted for an estimation of soil loss using 
RUSLE
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superior to R-factor estimation based on monthly or annual 
rainfall.

The detailed station-wise annual R-factors estimated by 
all four cases were compared and are presented in Fig. 7. 
There were significant data gaps in Nayagaon and Libang 
gaon stations for the year 2013. Similarly, at Lamahi sta-
tion there were data gaps since 2014. In some stations like 
Bagasoti and Bijuwartar, all four models showed similar 
tendency, whereas in many stations they showed different 
tendencies with one another. In general, the performance of 
our approach was congruous with R-factor estimation based 

on Rsh, (Renard et al. 1997). It is observed that the proposed 
model had better performance than popular methods (Wis-
chmeier and Smith 1978; Renard and Freimund 1994) based 
on monthly and annual rainfall. It is always preferred to have 
sub-hourly rainfall information for a better understanding 
of the R-factor. However, a long-term availability of such 
information is difficult to find in practical cases. We believe 
the use of daily rainfall data for estimation of R-factor will 
help understand the variability of R-factor.

To check the performance of the R-factor estimation 
model, six statistical indicators were used. The calibration 

Fig. 5  Spatial distributions of 
seasons R-factors across the 
study area estimated based on 
Rsh at top panel, and estimated 
based on Rd at bottom panel for 
the time period of 2011–2015
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and validation plots are shown in Fig. 8, and the values of 
six different indicators are presented in Table 3. The scatter 
plots clear show that the calibrated coefficients in the pro-
posed model well represented the R-factor. The values of 
RSR were 0.32 during calibration and 0.30 during validation 
indicating a good match between two approaches (i.e. based 
on Rd and Rsh). Similarly, R2 close to 0.9 and wR2 close to 
0.85 during calibration and validation represented a signifi-
cant correlation without systematic over-/under-prediction. 
Although PBIAS for entire WRB was in the range of − 2 to 
+ 2% during calibration and validation, which is optimum, 
the station-wise PBIAS ranged from − 10 to + 10%. Impor-
tantly, NSE and  NSErel during calibration and validation were 
> 0.89 which is a good indication that the model estimation 

is towards perfect not only for larger values but also for less 
erosive months. Notably, the developed model was almost 
congruous with R-factor evaluated using Rsh and the dis-
crepancies can be accepted for further analysis of long-term 
R-factor estimation over the WRB.

The spatial distributions of average seasonal R-factors and 
monthly R-factors estimated using 30-year (1986–2015) long-
term daily rainfall data are shown in Figs. 9 and 10, respec-
tively. Pre-monsoon, monsoon, post-monsoon, and winter 
contributed 6%, 88%, 3%, and 3% of annual R-factor, respec-
tively, during the 1986–2015 time period. July was the highest 
erosive month followed by August, with about 57% of annual 
R-factor in just 2 months. November and December were less 
erosive months, with < 1% of annual R-factor individually.

Fig. 6  Annual R-factor across 
the study area a estimated 
based on Rsh and b estimated 
based on Rd for the time period 
of 2011–2015, and c PBIAS 
of R-factor with reference to 
a—top panel, and comparison 
of station-wise annual R-factors 
(2011–2015) estimated by Rsh 
(Renard et al. 1997), Rd (our 
approach), monthly rainfall 
(Wishcmeier and Smith 1978) 
and annual rainfall (Renard and 
Freimund 1994)—bottom panel
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Fig. 7  Comparisons of annual 
R-factors at different stations 
(2011–2015)
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The IAV of R-factors and erosivity density evaluated 
using Rsh and Rd for 2011–2015 and using daily rainfall for 
1986–2015 are shown in Fig. 11. The spatial distribution of 
average monthly erosivity density estimated using 30-year 
long-term daily rainfall data could be found in Figure S1 in 

a supplement section. Basin average mean monthly R-fac-
tor reached 1032.3 MJ mm ha−1 h−1 mon−1 based on Rsh 
(2011–2015), and 984.625 MJ mm  ha−1  h−1  mon−1 based 
on Rd (2011–2015) in July. A 30-year (1986–2015) mean 
monthly R-factor of the study area for the month of July was 
found to be 1097.8 MJ mm  ha−1  h−1  mon−1 which is greater 
than the recent 5-year case.

The basin average mean monthly erosivity density 
reached 2.87 MJ ha−1  h−1 based on Rsh (2011–2015) in July, 
and 2.93 MJ ha−1  h−1 (1986–2015) based on Rd (2011–2015) 
in August. In the non-monsoon period erosivity density 
based on Rd was slightly higher compared to the one based 
on Rsh. The maximum value of mean monthly erosivity den-
sity of the study area based on 30-year (1986–2015) long-
term data was found to be 2.36 MJ ha−1  h−1 in the month 
of July which is smaller than the recent 5-year case. It can 
be inferred that the change in rainfall patterns has increased 
the erosivity density across the study area in recent time. 
The long-term mean monthly R-factor and erosivity density 
of the study area are overlaid with recent 5-year average 
in Fig. 11. The overall IAV distributions of mean monthly 
R-factors for all three cases were broadly similar, but the 
distributions of erosivity density were slightly different.

Erosivity density takes account of erosive and non-
erosive rainfall, whereas R-factor only deals with erosive 
rainfall. Importantly, applying the model to long-term daily 
rainfall data, the estimation of monthly erosivity density was 
possible. The basin average mean monthly erosivity density 
ranged from 0.17 to 2.36 MJ ha−1  h−1. European countries 
have significantly lower values of erosivity density (Ballabio 
et al. 2017; Meusburger et al. 2012; Panagos et al. 2015, 
2016a, b; Schmidt et al. 2016), but a quite similar pattern 
is observed in Ganjiang river catchment (Li and Ye 2018). 
Similarly, the basin average mean monthly R-factor ranged 
from a minimum of 14.74 MJ mm  ha−1  h−1  mon−1 in Novem-
ber to 1097.8 MJ mm  ha−1  h−1  mon−1 in July. Temporal vari-
ation of annual R-factors across the study area over 30 years 
is shown in Fig. 12. Though affected by spatial averaging, 
the basin average time series plot for 30 years indicated a 
low inter-annual variability (coefficient of variation = 0.18). 
The estimated mean annual R-factor of the study area was 
observed to be 3514.6 MJ mm  ha−1  h−1  year−1 with an 
SD of 668.4 MJ mm  ha−1  h−1  year−1 for the time period 
of 1986–2015. The shaded region in Fig. 12 represents the 
range of variation of station-wise annual R-factors.

The study assessed other factors (i.e. K, LS, C, and P) 
involved in the estimation of soil erosion. The spatial dis-
tributions of these factors are shown in Fig. 13. With avail-
able limited data of suspended sediment concentration and 
sediment yield at Jhimruk (upstream) for 2007–2008, and 
Jalkundi (downstream) for 1987–1988, estimated sediment 
yield was compared with observed data. Figure 14 shows 
the validation of RUSLE model. (However, limited data 

Fig. 8  Calibration (top) and validation (bottom) plots

Table 3  Performance indicator during calibration and validation

RSR R2 wR2 PBIAS NSE NSErel

Calibration (2011–2013)
0.32 0.90 0.85 − 1.35% 0.90 0.95
Validation (2014–2015)
0.30 0.91 0.89 0.51% 0.91 0.89
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Fig. 9  Spatial distributions of 
seasonal R-factors across the 
study area estimated based on 
30-year long-term (1986–2015) 
daily rainfall

Fig. 10  Spatial distributions of monthly R-factors across the study area estimated based on 30-year long-term (1986–2015) daily rainfall
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are available.) Figure 14a, b shows observed suspended 
sediment concentration and sediment yield at two station 
locations, respectively. We found a slight underestimation 
at the upstream location and an overestimation at the down-
stream station wrt observed data. Locations of these two 
stations and corresponding catchment areas are also shown 
in Fig. 14c. Sample spatial distributions of mean annual 
R-factor and soil loss for 2007–2008 are shown in Fig. 14d.

The mean annual soil erosion was then assessed for the 
baseline (1986–2015) and three future time periods: (1) 
near-future, 2025–2049, (2) mid-future, 2050–2074, and 
(3) far-future 2075–2099. The spatial distributions of mean 
annual R-factor and soil loss for the baseline time period 
are shown in Fig. 15. Spatial distributions of R-factor and 
soil loss were completely different from one another. The 
heterogeneous distribution of rainfall, soil, land use prac-
tice, and topographical settings have multiple effects on soil 
detachment and displacement. Higher R-factor was found in 
the south-western region of the basin, whereas higher soil 
loss was found in steeper topography. The spatial patterns 
are quite congruous with Koirala et al. (2019) and Uddin 
et al. (2018). Our estimation showed almost similar values 
of Uddin et al. (2018) and slightly reduced values than Koi-
rala et al. (2019). It suggests having a detailed assessment 
of other factors.

Our preliminary result shows that the mean soil ero-
sion for the WRB for the baseline time period was esti-
mated at 8.1 t  ha−1  year−1. The mean soil loss for different 
LULCs, soil types, and different slope areas are shown in 
Table 4. The mean soil loss in agricultural land, which cov-
ers almost 35% of the study area, was about 18.27 t  ha−1 

Fig. 11  Intra-annual variability of basin average R-factor and ero-
sivity density determined based on sub-hourly and daily data for the 
time period of 2011–2015 and based on daily data for the long-term 
time period of 1986–2015

Fig. 12  Temporal variation of annual R-factor across the study area 
estimated based on 30-year long-term (1986–2015) daily rainfall. 
Shaded region represents the range of variation of station-wise annual 
R-factors. The network of rainfall stations is shown in Fig. 1c

Fig. 13  Spatial distributions 
of factors (K-, LS-, C- and 
P-factors) of soil loss across the 
study area
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 year−1, whereas the forest land, which is about 60% of the 
study area, had a small rate of soil loss with an average of 
about 2.94 ton  ha−1  year−1. An area with soil type Eutric 
CAMBISOLS that covers about 35% of the study area had 
average soil loss of 12.49 ton  ha−1  year−1, and area with soil 
type Calcaric PHAEOZEMS that covers about 6% of the 
study area had the lowest average soil loss of about 0.36 ton 
 ha−1  year−1. Topography with a slope > 26.8% that covers 
about 60% of the study area was found to be highly suscep-
tible to soil loss with an average soil loss of 11.6 ton  ha−1 
 year−1. Similarly, topography with slope ranging from 17.6 
to 26.8%, which covers almost 10% of the study area, was 
equally prone to soil loss with an average soil loss of 5.7 ton 
 ha−1  year−1. The mean soil loss around the topography < 7% 
slope (i.e. flatter land) was < 1 t  ha−1  year−1.

Using projected rainfall data, relative changes of mean 
annual R-factor were computed for future time periods 
(near-, mid-, and far-future) wrt baseline time period under 
two warming scenarios. The spatial distributions of mean 
annual R-factor during the baseline and the future time 
periods based on different climate models and average of 
selected climate models under RCPs 4.5 and 8.5 are shown 
in Figures S2 and S3 in the supplement section, respec-
tively. Figure 16 shows spatial distributions of deviations 
determined using different individual climate models and 
an average of selected climate models. The spatial pat-
terns of deviations for all cases were different for different 

Fig. 14  Validation of the RUSLE model with observed data at Jhimruk (upstream) for 2007–2008 and at Jalkundi (downstream) for 1987–1988 
and a sample of spatial distributions of mean annual R-factor and soil loss for 2007–2008

Fig. 15  Spatial distributions of mean annual R-factor (top) and soil 
loss (bottom) across the study area (1986–2015)
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climate models at different time periods. In general, most 
cases revealed R-factor is expected to increase in the study 
area under changing climate in the coming days. However, 
GFDL-CM3 showed negative deviations for all three future 
time periods under RCP 8.5. Similarly, negative deviations 
are found for MPI-ESM-LR and NoRESM1-M during the 
near-future time period and ACCESS1-0 during the mid-
future time period under RCP 4.5. In addition, MPI-ESM-
LR showed negative deviations for the far-future time period 
under RCP 8.5. Overall, projections indicated an increasing 
R-factor (though magnitude varies from − 7 to + 23% spa-
tially) under changing climate.

Figure 17 shows relative changes of mean annual R-factor 
and soil loss across the WRB for future time periods wrt 
baseline time periods under two warming scenarios deter-
mined using different climate models and the average of 

selected climate models. ACCESS1-0 showed the projected 
highest mean annual R-factor for near-future time period 
and GFDL-CM3 for mid- and far-future time periods under 
RCP 4.5. Similarly, ACCESS1-0 projected the highest mean 
annual R-factor for near- and mid-future time periods and 
NorESM1-M for far-future time period under RCP 8.5.

GFDL-CM3 and CNRM-CM5 showed positive devia-
tions of mean annual R-factor under RCP 4.5, whereas 
ACCESS1-0, CNRM-CM5, and NorESM1-M showed 
positive deviations under RCP 8.5 for all three time peri-
ods. In general, different climate models showed different 
nature of deviations under different warming scenarios 
during different time periods but an overall tendency of an 
increasing trend of annual R-factor was depicted. Accord-
ing to the average of selected climate models, the mean 
annual R-factor is expected to deviate by + 8.68 (+ 3.54) 

Table 4  Mean annual soil loss 
over different LULCs, soil 
types, and slope in Westrapti 
basin

a Values of θ for S-factor (Slope % 15.4 = 9°)

Area in % Mean soil loss 
(t ha−1 year−1)

Remarks

LULC
Forest 61.3 2.94 C-factor
Shrubs 2.8 4.10
Grass 0.5 1.30
Agriculture 33.3 18.27
Bare area 1.4 3.94
Built-up area 0.1 0.00
Waterbody 0.6 0.00
Soil type
Eutric CAMBISOLS 35.1 12.49 K-factor
Gleyic CAMBISOLS 4.2 1.18
Humic CAMBISOLS 1.7 3.47
Chromic CAMBISOLS 11.8 9.64
Calcaric FLUVISOLS 1.3 1.15
Eutric GLEYSOLS 1.5 0.51
Chromic LUVISOLS 0.6 11.14
Calcaric PHAEOZEMS 6.1 0.36
Haplic PHAEOZEMS 6.9 1.09
Dystric REGOSOLS 23.8 5.98
Eutric REGOSOLS 7.1 11.73
Slope %
0–1 1.2 0.1 Values of m for L-factor
1–3 5.8 0.3
3–4.5 4.5 0.5
4.5–7 5.4 0.8 P-factor
7–11.3 5.5 1.4
11.3–15.4a 4.5 2.9
15.4–17.6 1.7 3.7
17.6–26.8 10.0 5.7
> 26.8 61.5 11.6
Westrapti basin 8.10 Basin average
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% during the near-future time period, by + 7.02 (+ 5.13) % 
during the mid-future time period, and by + 10.58 (+ 9.54) 
% during the far-future time period under RCP 4.5 (RCP 
8.5) wrt baseline. The far-future time period is expected to 
have increased R-factor among three selected time periods 
under both warming scenarios. This study limited all fac-
tors other than rainfall constant. Therefore, soil loss was 
directly proportional to the level of R-factor. Though the 
tendency of deviations of soil loss was similar to that of 
R-factor, magnitude varied according to the spatial distri-
bution of other factors.

Figure 18 shows the projected deviations of mean annual 
R-factor and soil loss for future time periods wrt baseline 
time periods under two warming scenarios determined using 
the average of selected five climate models in different eleva-
tion bands and across the entire study area. Details of these 
relative changes of mean annual R-factor and soil loss are 
presented in Tables 5 and 6. Table 5 shows the values of 
deviations of mean annual R-factor for different elevation 
bands and the entire study area (ranges of climate models 

are shown in parenthesis). It is projected to deviate the 
mean annual R-factor by different magnitudes during dif-
ferent time periods for different climate models at different 
elevation bands. There is no clear indication of elevational 
dependency on projected deviations of mean annual R-fac-
tor. Similar to the R-factor, Table 6 shows the information on 
deviations of mean annual soil loss wrt baseline for different 
elevation bands and the entire study area.

On the basis of the average of selected climate models, 
it is observed that the mean annual soil loss is anticipated 
to increase by 8.9 (varying from − 7.7 to 29.8) % during 
the near-future time period, by 6.0 (varying from − 0.7 to 
17.6) % during the mid-future time period, and by 8.9 (vary-
ing from 4.5 to 14.3) % during the far-future time period 
under RCP 4.5 wrt baseline. Similarly, the mean annual soil 
loss is anticipated to increase by 3.9 (varying from − 3.4 to 
11.2) % during the near-future time period, by 5.3 (varying 
from − 0.7 to 15.7) % during the mid-future time period, and 
by 9.6 (varying from − 3 to 23.4) % during the far-future 
time period under RCP 8.5 wrt baseline. The study suggests 

Fig. 16  Spatial distributions of deviations of mean annual R-factor 
for future time periods (near-, mid-, and far-future expressed as NF, 
MF, and FF, respectively) wrt baseline time period under RCPs 4.5 

and 8.5 across the study area determined using different individual 
climate models and an average of selected climate models
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the scenario of climate change occurring in the future will 
increase soil loss. The outcomes of this study are expected 
to be useful to policymakers for effective land use planning 
and soil conservation in the present and coming days.

Due to the lack of higher temporal resolution rainfall 
data for a longer time period, this study used an estima-
tion model based on daily rainfall data to unravel IAV and 
temporal evolution of annual R-factor and erosivity density 
across the WRB. Rainfall retrieval from the satellite would 
be another alternative for the improvement of the estima-
tion of the R-factor. This study used the developed model 
to assess long-term soil loss for present and future time 
periods. In this study, we limit factors other than rainfall 
constant, which allows us to believe soil loss to be directly 
proportional to the level of R-factor. In reality, other factors 
are also dynamic. Therefore, the combination of all other 
factors influencing soil erosion such as soil type, topography, 
crop system, and management practices, and their antici-
pated changes in the future are equally important.

Conclusions and recommendations

Precise measurement of high temporal resolution rainfall 
is necessary to evaluate the R-factor. This study devel-
oped an empirical relation based on daily rainfall data 
considering a threshold of 10 mm as an erosive event for 

estimation of R-factor over the WRB. The model was cali-
brated for 3 years and validated for 2 years using rainfall 
data of 5-min interval of eight stations distributed across 
the WRB. We then used the model for the recent 30 years 
and three future time periods (near-, mid-, and far-future) 
till the end of 2100. The estimated mean annual R-factor 
across the study area was 3514.6 MJ mm  ha−1  h−1  year−1 
with an SD of 668.4 MJ mm  ha−1  h−1  year−1.Similarly, 
the mean monthly erosivity density ranged from 0.17 to 
2.36 MJ ha−1  h−1 across the study area. This study shows 
that the change in rainfall patterns has increased the ero-
sivity density across the study area in recent time. The 
model has still limitations in the determination of erosive/
non-erosive rainfall events, but we believe it can be used 
in other areas with appropriate calibration and validation 
against available data (ground- or satellite-based).

The result of this study shows that the mean soil loss for 
the WRB for the time period of 1986–2015 was estimated 
at 8.1 t  ha−1  year−1.The mean soil loss in agricultural land, 
which covers almost 35% of the study area, was about 18.27 
t  ha−1  year−1, whereas the forest land, which is about 60% 
of the study area, had a small rate of soil loss with an aver-
age of about 2.94 t  ha−1  year−1. Area with soil type Eutric 
CAMBISOLS, which covers about 35% of the study area, 
had average soil loss of 12.49 t  ha−1  year−1.Topography 

Fig. 17  Projected deviation of basin averaged mean annual R-factor 
(top) and soil loss (bottom) for future time periods (near-, mid-, and 
far-future expressed as NF, MF, and FF, respectively) wrt baseline 
time period under RCPs 4.5 and 8.5 for different climate models

Fig. 18  Projected deviation of mean annual R-factor (top), and soil 
loss (bottom) for future time periods (near-, mid-, and far-future 
expressed as NF, MF, and FF, respectively) wrt baseline time period 
under RCPs 4.5 and 8.5 for average of selected climate models in 
different elevation bands (EB1, EB2, EB3, and EB4) and across the 
WRB
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with slope > 26.8%, which covers about 60% of the study 
area, was found to be highly susceptible to soil loss with an 
average soil loss of 11.6 t  ha−1  year−1. The mean soil loss 
around the topography < 7% slope (i.e. flatter land) was < 1 
t  ha−1  year−1.

GFDL-CM3 and CNRM-CM5 showed positive devia-
tions of mean annual R-factor under RCP 4.5, whereas 
ACCESS1-0, CNRM-CM5, and NorESM1-M showed posi-
tive deviations under RCP 8.5 for all three time periods. 
Overall, projections indicated an increasing R-factor (though 
magnitude varies from − 7 to + 23% spatially wrt baseline) 
under changing climate. Based on average of selected cli-
mate models, the mean annual soil loss is anticipated to 
increase by 3.9 (varying from − 3.4 to 11.2) % during the 
near-future time period, by 5.3 (varying from − 0.7 to 15.7) 
% during the mid-future time period, and by 9.6 (varying 
from − 3 to 23.4) % during the far-future time period under 
RCP 8.5 wrt baseline. This study suggests the scenario of 

climate change occurring in the future will increase soil loss 
in the WRB.
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