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Climate change, particularly due to the changed precipitation trend, can have a severe impact on soil
erosion. The eﬀect is more pronounced on the higher slopes of the Himalayan region. The goal of this
study was to estimate the impact of climate change on soil erosion in a watershed of the Himalayan region
using RUSLE model. The GCM (general circulation model) derived emission scenarios (HadCM3 A2a
and B2a SRES) were used for climate projection. The statistical downscaling model (SDSM) was used to
downscale the precipitation for three future periods, 2011–2040, 2041–2070, and 2071–2099, at large scale.
Rainfall erosivity (R) was calculated for future periods using the SDSM downscaled precipitation data.
ASTER digital elevation model (DEM) and Indian Remote Sensing data – IRS LISS IV satellite data
were used to generate the spatial input parameters required by RUSLE model. A digital soil-landscape
map was prepared to generate spatially distributed soil erodibility (K) factor map of the watershed.
Topographic factors, slope length (L) and steepness (S) were derived from DEM. Normalised diﬀerence
vegetation index (NDVI) derived from the satellite data was used to represent spatial variation vegetation
density and condition under various land use/land cover. This variation was used to represent spatial
vegetation cover factor. Analysis revealed that the average annual soil loss may increase by 28.38, 25.64
and 20.33% in the 2020s, 2050s and 2080s, respectively under A2 scenario, while under B2 scenario,
it may increase by 27.06, 25.31 and 23.38% in the 2020s, 2050s and 2080s, respectively, from the base
period (1985–2013). The study provides a comprehensive understanding of the possible future scenario
of soil erosion in the mid-Himalaya for scientists and policy makers.

1. Introduction
The Himalayan region is aﬄicted with a serious
problem of soil erosion and the rivers ﬂowing
through this region transport heavy load of
sediments which include large amounts of soil
nutrients (Sharma et al. 1991). It adversely aﬀects
the crop productivity, water quality, hydrological system and the environment (Lal 1998). Soil
erosion rates may be expected to change in

response to climate change, primarily due to the
change in the rainfall erosivity (Nearing 2001).
Several studies have shown a signiﬁcant impact
of climate change on soil erosion (Michael et al.
2005; Neal et al. 2005; Li et al. 2011; Segura
et al. 2014). Therefore, it is important to quantify the impact of climate change on erosion
for understanding their environmental impacts
as well as for food security (Lal 2005; Pimentel
2006).
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Modelling approaches are commonly used to
simulate climate change impact on hydrology, soil
erosion and crop yield (Priya and Shibasaki 2001;
Li et al. 2011). Universal soil loss equation (USLE)
(Wischmeier and Smith 1978) and the revised universal soil loss equation (RUSLE) were developed
in the early 1990s (Renard et al. 1991) and are
commonly used empirical models to assess soil erosion risk. RUSLE has been the most widely used
model to predict soil erosion (Van Rompaey et al.
2001; Pruski and Nearing 2002; Jiang et al. 2012).
The RUSLE model integrates six factors related to rainfall erosivity (R), soil erodibility (K),
slope steepness (S), length factor (L), vegetation cover factor (C) and management factor (P ).
Advances in remote sensing and GIS and their
integration with erosion models had improved the
spatial soil erosion risk assessment (Adediji et al.
2010). Satellite data provide spatial data for several
input parameters of erosion models. Land use
classification is often used to map vegetation cover
types using remote sensing data. Spectral vegetation
index such as Normalized Diﬀerence Vegetation
Index (NDVI) is also used as an indicator of
vegetation cover (Jain and Goel 2002; Thiam
2003). NDVI was used for the estimation of
C-factor to deﬁne vegetation cover factor (De Jong
et al. 1999). Readily available soil maps are used
to compute the soil erodibilty factor, but in most
cases, soil maps are not available at appropriate
scale. Therefore, generating digital soil-landscape
map employing clorept model (Jenny 1941) by
integrating landform, topography and LULC types
provides an alternative to map spatial variability of soils at an appropriate scale. Availability of
global digital elevation models (DEMs) had facilitated retrieval of topographic parameters more
precisely and spatially (Zhang et al. 2008). Integration of RUSLE with GIS has been reviewed to be
a successful approach for estimating quantitative
erosion and have shown signiﬁcantly better results
(Lu et al. 2004; Prasannakumar et al. 2011). Studies indicate that the spatial data inputs provided
to the model using remote sensing (RS) techniques
have increased the accuracy of RUSLE model in
soil risk assessment (Kouli et al. 2009; Kumar and
Khushwaha 2013).
Rainfall-runoﬀ erosivity (R) is one key climate
factor that controls water erosion. It is deﬁned as
a product of storm kinetic energy and maximum
30-min intensity (EI30). When other factors are
constant, soil losses from rainfall are directly proportional to the rainfall erosivity (Arnoldous 1978).
Quantifying the eﬀects of climate change-induced
erosivity change is important for identifying critical regions prone to soil erosion under a changing
environment. Change in rainfall erosivity was
found to be a major eﬀect of climate change on

J. Earth Syst. Sci. (2017) 126: 43
soil erosion (Nearing et al. 2004; Zhang et al. 2005;
Shiono et al. 2013), which represents the change in
intensity and frequency of rainfall.
All general circulation models (GCMs) have
reported that globally average temperature, rainfall and intensity of rainfall events will increase
in future (IPCC 2001). Available estimates in literature also suggest an increase in the rainfall
intensity in the 21st century over most regions
in India. Precipitation increases by 1.2–2.4% by
2030s under diﬀerent RCP scenarios and by 3.5–
11.3% by 2080s, relative to the pre-industrial base.
Precipitation is projected to increase almost all
over India except for a few regions in short-term
projections (2030s) (Kumar et al. 2006). Under
the projected climate change, several studies have
revealed an increase in soil erosion risk in the future
(Boardman and Favis-Mortlock 1993; SWCS 2003).
Global data (CMIP3 and CMIP5) are available at
coarse resolution (2.75◦ ×3.75◦ ) and it is impossible
to use them directly for ﬁne-scale environmental
studies (Hansen and Indeje 2004; Zhang and Liu
2005). Therefore, dynamic downscaling and statistical downscaling approaches are commonly used
to downscale the coarse resolution data to ﬁne resolution data (Wilby 2004). Dynamic downscaling
uses regional climate model (RCM) to downscale
the climate data at regional scale, but is a costly
approach and requires a super computer. However,
statistical downscaling is easier to implement and
is quite cost eﬀective.
Climate change is expected to impact soil erosion
in the Himalayan region. Spatially-explicit predictions of future erosion rates under changing climatic conditions are not studied in the Himalayan
region. It needs to be evaluated for better conservation planning. Study on impacts of climate
change on soil erosion rate and risk area in the
watershed is required for conserving soil against
erosion. This information can be transferred to
agricultural organisations and policy makers, so
that the policies can be framed according to the
predicted results and thus, the farmers can take
appropriate measures to conserve soil and water
in future. The objective of the present study is
to evaluate the potential impacts of HadCM3 projected climate change on soil erosion at a large
scale during three periods in a watershed located
in the mid-Himalayan region. Statistical downscaling model (SDSM) was employed to downscale
HadCM3 global projected scenario rainfall to point
scale (weather station). This projected rainfall data
was used to compute projected rainfall erosivity
and further estimate the soil erosion employing
RUSLE model over the three periods: 2020 (2011–
2040), 2050 (2041–2070), 2080 (2071–2099). The
study will provide a preliminary evaluation of the
potential impact of future climate change on soil
erosion in the mid-Himalayan region.
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2. Study area and data description

2.2.3 Field data collection

2.1 Study area

Surface soil samples (0–20 cm) were collected from
various soil-landscape units. Twenty soil-landscape
units were identiﬁed in the watershed. A transect
was selected for soil sampling and the corresponding GPS locations of sample sites were recorded.
Soil samples were analysed for soil texture, organic
matter, soil structure and permeability. These samples were processed and analysed for soil texture
(sand, silt and clay) using Bouyoucos hydrometer method (Sheldrick and Wang 1993), while
soil organic carbon (SOC) was estimated using
the Walkley–Black method (Nelson and Sommers
1996). Soil structure and other characteristics were
also recorded during the ﬁeld survey. Information
of land use/land cover (LU/LC) was collected and
the geographic location was recorded using GPS.
Land management practices followed by farmers
in the watershed were also collected to deﬁne
management practice factor (P-factor).

The study was carried out in a watershed covering an area of 380 km2 located mid-Himalaya of
Tehri Garhwal district, Uttarakhand, India. The
elevation in the watershed ranges from 500 to
2500 m above MSL. It lies between 78◦ 17 47 –
78◦ 29 E longitudes and 30◦ 13 26.4 –30◦ 24 21.59 N
latitudes (ﬁgure 1). The geological set-up is very
complex due to the repetitive tectonic disturbances. A group of regionally metamorphosed
rocks known as central crystalline are present in
the central Himalayas. The study area is characterised as humid sub-tropical. The average annual
(1985–2013) maximum and minimum temperatures are 9.93◦ , 19.21◦ C, respectively, and the average annual rainfall is 1246.3 mm. More than 60%
rain occurs during the months of June–September.
Soils are moderately deep, well drained, dark
brown to dark yellowish brown, gravelly loam
(typic Udorthents) associated with deep, well
drained, dark brown to brown, sandy loam to loam
with developed horizons. Soil depth varies from
20 to 80 cm. Forest soils are rich in organic carbon. Coarse fragments vary from 20 to 70%. The
manning’s roughness coeﬃcient has been taken as
0.05, considering the boulder beds and hilly terrain
of Himalaya (Joshi et al. 2015). The major land
use/land cover classes are croplands, dense and
open forests of pine, scrublands and barren lands.
Paddy (Oryza sativa) and jhangora (Echinochloacolona) are major crops grown in Kharif (summer),
whereas wheat (Triticum aestivum) is cultivated
during Rabi (winter) season.
2.2 Data preparation
2.2.1 Data used
Indian remote sensing satellite (Resourcesat-2)
multispectral LISS IV data (spatial resolution of
5.8 m) acquired on 14 October, 2012 was used to
generate the NDVI and LISS III data for land use/
land cover map, respectively were used to generate vegetation cover types. ASTER DEM (spatial
resolution of 30 m), downloaded from www.
earthexplorer.usgs.gov, was used to derive topographic (slope length and steepness) parameters.
2.2.2 Software used
ERDAS Imagine software, version 2014, was used
for image processing, while the GIS analysis was
carried out using ArcGIS v.10.1 software in order
to generate the digital coverage of various input
parameters of the erosion model.

3. Methodology
3.1 Downscaling of HadCM3 global rainfall
(precipitation) data using SDSM model
Global climate data from the Hadley Centre’s
Coupled Model (HadCM3), one of the models
among the CMIP3 experiment, have been also
downscaled by a high-resolution regional climate
model for India under the ‘Providing Regional
Climate for Impact Studies (PRECIS)’ project
(Kumar et al. 2006). HadCM3 model (Hadley
GCM 3) data are very popular GCM data which
are used by many researchers in the world (Collins
et al. 2001; Houghton et al. 2001; Hassan et al.
2014), as well as for Indian condition (Kannan
and Ghosh 2011; Raje and Mujumdar 2011; Meenu
et al. 2012).
CMIP5 models are generally of a higher
resolution compared to their CMIP3 counterparts.
Diﬀerent CMIP5 model outputs are available on
diﬀerent spatial scales. These outputs for both historic and climate projections are then regridded to
a common spatial scale of 0.5 × 0.5 deg resolution.
Analysis of the CMIP5 models indicated that the
CMIP3 simulations are of comparable quality to the
CMIP5 simulations for temperature and precipitation at regional scales (Flato et al. 2013). Knutti
et al. (2013) evaluated CMIP3 and CMIP5 models
data for hydrologic simulations and observed similar to a comparable analysis of CMIP5 runs since
most models in CMIP5 are ‘strongly tied to their
predecessors’. Zhang et al. (2016) observed CMIP5
historical simulations similar to those obtained
with the CMIP3 simulations for climate over North
America. They found little-to-no improvement in
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Figure 1. Study area.
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regional predictability to result from the substantial
model development and improvement between
CMIP3 and CMIP5 climate models.
SDSM is one of the most widely used statistical models to downscale global climate data
(Mahmood and Babel 2012; Meenu et al. 2012;
Daba et al. 2013). It is a hybrid model that combines the multiple linear regression and stochastic
weather generator (Gagnon et al. 2005). However,
the output of GCM and SDSM does not provide the
detailed information of precipitation (Zhang et al.
2010). A relationship between precipitation and
rainfall erosivity has been developed to calculate
the rainfall erosivity from GCM data (Sun et al.
2002; Plangoen et al. 2013). Estimation of future
climate change provided by GCMs does not provide
the type of detailed rainfall information needed
to directly calculate predicted R-factor changes.
Hence, the statistical relationship between monthly
and annual precipitation and the R-factor may
be used to analyse the GCMs output relation to
erosivity changes (Nearing 2001). Using this relationship, precipitation output from GCMs can be
analysed for trends in R-factor changes.
In the study, historical daily climate data of
maximum temperature, minimum temperature and
rainfall amount was obtained from the Department of Meteorology, Uttarakhand University of
Horticulture and Forestry for Ranichauri weather
station for the period 1985–2001. The weather
station is located in the middle of the study area.
The GCM data of HadCM3 – a coupled atmosphere–ocean GCM developed at the Hadley Centre
UK, of H3A2 and H3B2 IPCC emission scenarios
of HadCM3 – were used in the study. The SDSM
model and scenario data for the periods of 1961–

2001 and 1961–2099 were downloaded from the
website: web.archive.org/web/20150922205713/http:
//www.cics.uvic.ca/scenarios/sdsm/select.cgi. Daily
GCM data was downscaled using SDSM. Multiple
linear regression equations were developed for each
perdictand (weather station data at local point
scale) with a number of predictors (GCM data).
The model could be run either monthly, annually
or seasonally. The annual model generates one equation for 12 months (annually), whereas the monthly
model generates 12 equations, one equation for
each month. In this study, the SDSM model was
speciﬁed to run on an annual basis for ease in
calibration of the model, since it gave better output than the monthly basis (Mahmood and Babel
2012).
The available climate dataset (perdictand) from
1985 to 1993 (9 yrs) of the weather station was
used to calibrate the model for rainfall (precipitation). The climate data from 1994 to 2001 (8
yrs) of the weather station was used for validation.
Once the model accuracy was found to be satisfactory, it was used to downscale the HadCM3 GCM
data for the baseline/current period (1961–1990)
and for the three future periods; the 2020s (2010–
2039), the 2050s (2040–2069), and the 2080s (2070–
2099), using a weather generator. A methodology
for downscaling is described in ﬁgure 2.
3.2 RUSLE model description
RUSLE is an empirical model that is used
worldwide to estimate the annual soil loss and
intensity of soil erosion. RUSLE uses the same
empirical principles as USLE, but includes numerous improvements in the computation of various

Scenario
Generator
Daily weather data
(1985-1993)
Model calibration
(1985-1993)

HadCM3 data
(2011-2099)

Downscaled data
(NCEP data)
(1994-2001)

Downscaling and
generating
climate Scenario

NCEP data
(1985-1993)

Weather data
(1994-2001)

Validation
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Figure 2. Methodology of SDSM model.
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factors. The RUSLE has been widely used for
both agricultural and forest watersheds to predict
the average annual soil loss by introducing
improved means of computing the soil erosion factors (Wischmeier and Smith 1978; Renard et al.
1997). Application of the RUSLE model has the
advantages as its data requirements are not too
complex or unattainable within a developing country; it is compatible with a geographic information
system (GIS) and it is easy to implement and understand from a functional perspective (Wischmeier
and Smith 1978). Integration of RUSLE with GIS
makes it a more powerful tool in soil erosion assessment (Prasannakumar et al. 2011, 2012). Over
wider geographic areas and larger varieties of agricultural systems, there is a tendency for the USLE
and the RUSLE to overpredict low average annual
soil losses and to underpredict high average annual
soil losses (Risse et al. 1993; Tiwari et al. 2000).
RUSLE model considers the factors of climate
(rainfall erosivity), soil (soil erodibility), topography (slope length and steepness) and vegetation
cover (vegetation cover factor and management
factor). These variables vary with space and time.
RUSLE model is described as:
A = R ∗ K ∗ LS ∗ C ∗ P,

(1)

where A (t ha−1 y−1 ) is the annual average soil
loss per year; R (m t ha-cm−1 ) is the rainfall erosivity factor, K (t ha−1 R−1 ) is the soil erodibility factor, LS (dimensionless) is the topographic
factor, C (dimensionless) is the land cover factor and P (dimensionless) is the soil conservation
or prevention practices factor. The details of the
above-mentioned factors and generation of spatial
data layers are discussed below.
3.3 Generation of model input parameters
as spatial data layers
3.3.1 Rainfall erosivity (R) factor
Rainfall erosivity (R) indicates the eﬀect of rainfall
intensity and frequency on soil erosion. R is the
product of storm kinetic energy and maximum
30-min intensity (EI30) (Arnoldous 1978). When
other factors are constant, soil losses from rainfall are directly proportional to rainfall erosivity.
It requires a long-term data of rainfall amount and
its intensity. However, in most of the areas, these
data are unavailable. R factor for the watershed
was computed using the relationship developed
by Singh et al. (1981) based on average annual/
seasonal rainfall.
Y = 81.5 + 0.375 ∗ X(r = 0.90)(340 < X < 3500),
(2)

where Y is the average annual erosion index and
X is the average annual/seasonal rainfall.
For applying above equation, the seasonal
rainfall data is required. Therefore, daily data of
rainfall from 1985 to 2013 was collected and average rainfall data for a weather station, located in
the watershed.
The above rainfall erosivity equation was used
for predicting rainfall erosivity for current as well
as future scenarios (A2 and B2). For this study,
HadCM3 GCM output was used for predicting precipitation for future scenarios. The equation was
applied assuming the similar behaviour of rainfall
and rainfall erosivity in future. Therefore, the equation was applied for each year of rainfall data from
1985 to 2099, and 30 yrs average was considered
to examine Nearing (2001) also used the output
of GCMs and statistical relationships on erosivity
values from the RUSLE model to compute climate
change induced alterations of the erosive power of
rainfall in USA.
3.3.2 Soil erodibility (K) factor
Soil erodibilty is a measure of the susceptibility
of soil particles to detachment that is related to
the soil texture, structure, permeability and soil
organic matter content. Soil erodibility factor (K)
is calculated for each soil landscape unit.
Dominant land use/land cover classes were
mapped using visual interpretation of satellite data
of the area in Arc-GIS 10.1. The major aspect
classes, north and south were classiﬁed using DEM.
The landform map was prepared by using the topographic positioning index (TPI) values and thereafter was classiﬁed into ﬁve landform elements: hill
top, upper slope, middle slope, lower slope and valley. Landform elements, LU/LC and aspect maps
were intersected to arrive at 30 soil landscape units
in the watershed. These 30 classes were reduced to
15 classes based on the area representations. Soillandscape units with minor areas were merged with
dominant landscape units.
Three soil samples from each landscape unit were
collected and analysed in a laboratory for soil texture and soil organic matter. The K values for each
landscape unit were computed using the following equation proposed by Wischmeier and Smith
(1978):
K =2.8 ∗ 10−7 M 1.14 (12 − OM ) + 4.3 ∗ 10−3 (S − 2)
+ 3.3 ∗ 10−3 (P − 3),
(3)
where K is the soil erodibility factor in t−1 ha−1 R,
M is the (percentage of very ﬁne sand + percentage silt) × (100 – percentage clay), OM is
the percentage of organic matter, S is the code
according to the soil structure (very ﬁne granular
= 1, ﬁne granular = 2, coarse granular = 3, lattice
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or massive = 4), and P is the code according to the
permeability/drainage class (fast = 1, fast to moderately fast = 2, moderately fast = 3, moderately
fast to slow = 4, slow = 5, very slow = 6).
Average of K-values for each landscape unit
was calculated and K-attribute map was generated
using soil-landscape map in GIS.
3.3.3 Slope length (L) and steepness (S) factor
Slope length and steepness aﬀect the erosive power
of water. If the length and steepness of slope are
more, the erosion will be high and vice versa. It can
be estimated through ﬁeld measurements or can
be derived from digital elevation model (DEM).
LS equation has been developed to generate topographic factor map based on DEM (Moore and
Wilson 1992). Slope gradient (S) and slope length
(L) are combined to form a single factor known
as the topographic factor (LS). The equation used
to determine LS -factor was recommended by
Mitasova et al. (1996) given as:


resolution
LS = P ow [F low Acc] ∗
22.1, 0.6



Sin[slope gradient] ∗ 0.01745
, 1.3
∗P ow
0.09
(4)
ArcGIS software was used to derive the L and S
values of each pixel. Slope degree was determined
using spatial analyst tool of the ArcGIS. Slope
length was estimated using hydrology tool of spatial analyst tool, using which the ﬂow accumulation
map was also generated. The ﬂow accumulation
map denotes the number of pixels receiving overload ﬂow. This map was further used to calculate
slope length (l) for each pixel in meters.
3.3.4 Vegetation cover (C) factor
Vegetation cover factor was assigned for various
land use/land cover types (Millward and Mersey
1999; Durigon et al. 2014). It is deﬁned as the ratio
of soil loss from the land cropped under speciﬁc
conditions to the corresponding loss from cleantilled, continuous fallow land (Wischmeier and
Smith 1978). Several studies assigned crop cover
(vegetation cover) C factor based on land use/land
cover types (Kumar and Khushwaha 2013). However, in these studies, the variation in vegetation
density and condition was not accounted. Thus, in
the present study, vegetation index derived from
remote sensing data such as NDVI was used to
account for the variation in vegetation condition
in forests and scrublands (Reusing et al. 2000; Lin
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et al. 2002, 2006). NDVI was computed for each
pixel of the study area using following equation:
NDVI = (NIR − Red)/(NIR + Red),

(5)

where Red and NIR stand for the spectral
reﬂectance measurements acquired in the visible
(red) and near-infrared regions, respectively. NDVI
values range from –1.0 to 1.0, where higher values
are for vegetation and lower ones are for other common surface materials (bare soil, water). Bare soil
is represented with NDVI values closest to 0, while
water bodies are represented with negative values.
IRS LISS IV satellite data was used to generate
NDVI image.
NDVI has been used to compute C factor (Zhou
et al. 2008; Kouli et al. 2009), being an indicator
of vegetation density and its condition.


NDVI
,
(6)
C = exp −α
β − NDVI
where α and β are unitless parameters that
determine the shape of the curve relating to NDVI.
The values of these parameters were taken to be
2 and 1, respectively (Van der Knijﬀ et al. 2000).
This approach provided better results than assuming a linear relationship (Van der Knijﬀ et al. 2000)
of NDVI and C value.
3.3.5 Conservation practice (P) factor
The conservation practice factor (P -factor) is the
soil-loss ratio with a speciﬁc conservation practice
to the corresponding soil loss with up and down
slope tillage (Renard et al. 1991). In the present
study, P -factor values were assigned to various
types of land use/land cover types, considering the
management practices being adopted in these cover
classes. The values of P -factor range from 0 to 1, in
which the highest value was assigned to areas with
no conservation practices (scrubland, waste land),
while the minimum values corresponded to built-up
land and dense forest (Renard et al. 1997). In the
watershed, agricultural ﬁeld was terraced and well
bunded. The riser of terrace ﬁeld was stabilised by
grasses and with stones/boulders at many places.
Field bunds were regularly being maintained in
pre-monsoon season. The P factor values assigned
to LU/LC types are given in table 5.
3.3.6 Predicting soil loss and erosion risk
assessment
RUSLE model input parameter (R, K, LS, C, and P )
maps were prepared in GIS to estimate spatial potential soil erosion rates. Predicted soil erosion rate
was classiﬁed into soil erosion risk classes of very
slight (0–5 t ha−1 yr−1 ), slight (5–10 t ha−1 yr−1 ),

43
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moderate (10–20 t ha−1 yr−1 ), moderately high
(20–40 t ha−1 yr−1 ), severe (40–80 t ha−1 yr−1 ) and
very severe (>80 t ha−1 yr−1 ) risk classes.
3.3.7 Validation of model
A total of 20 ﬁeld sites were observed for ﬁeld
features to characterise erosion classes. Thus, soil
samples were collected along with topographic
parameters (length and steepness) and vegetation
cover and management practices of the sites and
soil loss were estimated using RUSLE model. A
total of 20 sites were selected; of these seven
sites were in the forest and nine sites were in
the cropland, while four sites were in the scrubland. The model predicted soil erosion risk classes
were validated with model calculated erosion risk
of observed sites. The average soil loss of each site
(3 × 3 pixel) was extracted from RUSLE predicted
soil erosion map. This soil loss and observed sites
estimated soil loss were analysed for the coeﬃcient of determination and RMSE to validate the
accuracy of results.

4. Results and discussion
4.1 Downscaling of climate data
Twenty ensemble members were used to simulate
the daily data of rainfall. The coeﬃcient of determination (r2 ) and RMSE were computed to assess
the accuracy of a model. Results had shown that,
in case of rainfall, r2 and RMSE for NCEP, A2
and B2 are 0.80, 0.71 and 0.76 and 27, 50 and 35.8
mm, respectively. Low RMSE values of precipitation data showed good performance in the downscaling of data. The study also revealed that the
average annual rainfall of the area may increase
by 33.3, 30.02 and 23.79% for A2, while 31.67,
29.60 and 27.87% for B2 emission scenario in 2020s,
2050s and 2080s, respectively. From ﬁgure 3(a, b),
it is evident that precipitation will increase (33.3%)
from the base period until 2020s. But, it may get
reduced by 3–10% after 2020. Kumar et al. (2006)
predicted an increase in rainfall from the baseline period (1961–90) to the end of 21st century
ranges between 15 and 40% among the models.
Most models predicted an enhanced precipitation
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Figure 3. Change in average monthly precipitation (2001–2099) from base period (1960–1990) for (a) H3A2 and (b) H3B2
scenarios.
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during the monsoon season, particularly over the
northwestern parts of India. Spatial patterns of
rainfall change indicate a maximum increase over
the west coast and northeast India for both A2 and
B2 scenarios.
4.2 Input factors of RUSLE model
RUSLE model was used to estimate the potential
annual soil loss in the watershed. The input factors
were generated using remote sensing data and ﬁeld
survey. These factors were integrated in GIS for
assessing potential soil erosion for each pixel. These
RUSLE model factors are discussed below.
4.2.1 Rainfall erosivity (R) factor
Average annual rainfall erosivity was calculated
for the current period (1985–2013), as well as
for future period (2010–2099), under A2 and B2
scenarios. Thirty years average of annual rainfall
erosivity for the current period, from 1985 to 2013,
was estimated to be 546 m t ha-cm−1 . Similarly, the
average annual erosivity was calculated for three
successive periods: 2011–2040, 2041–2070 and
2071–2099 for both scenarios (table 1). The rainfall
erosivity value was estimated to be 701, 686 and
657 m t ha-cm−1 , respectively, for A2 scenario and
693.8, 684.2 and 676.17 m t ha-cm−1 , respectively,
for a B2 scenario. It was also found that rainfall
erosivity may have an increasing trend up to 2020s,
and after that, it may decline by 2.1 and 6.5% for
2050s and 2080s, respectively, under A2 scenario
and 1.65 and 3.68% under B2 scenario. However, it
is expected that it may vary in response to changes
in climate due to change in erosive power of rainfall
(Nearing 2001). It may increase due to increase in
temperature, change in rainfall pattern (frequency
and intensity) and land use/land cover (Beniston
2006; Trenberth 2011). According to Nearing (2001),
the rainfall erosivity is changing signiﬁcantly and
might increase between 16 and 58% from the current (2000–2019) to future conditions (2080–2099).
Plangoen and Babel (2014) studied the impact of
climate change on rainfall erosivity and observed
that it may increase up to 21% in the future. It
is reported that there will be more intensiﬁcation
of the precipitation in the forthcoming decades
and one of the most inﬂuencing factors will be the
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nature of the erosive power of rainfall (Nearing
2001; Pruski and Nearing 2002). Segura et al.
(2014) evaluated the changes of R from 1970 to
2090, across the United States, under nine climate
conditions predicted by general circulation models
(GCMs) for three emission scenarios (A2, A1B,
and B1).
4.2.2 Soil erodibility (K) factor
Soil erodibility quantiﬁes the cohesive character
of a soil type, which depends upon the physicochemical properties of soil, thus contributing to
its erodibility potential. The average percentage
of sand, silt and clay were estimated to be 50.86,
39.22 and 9.9%, respectively, and the corresponding texture varied from silty loam to sandy loam.
The soil erodibility in the watershed of the area
ranged from 0.039 to 0.064 t ha−1 R−1 (ﬁgure 4).
The soil analysis revealed that the organic matter plays a vital role in reducing soil erodibilty.
The average organic matter was found to be 5%.
The analysis from landscape units unveiled that
soil erodibilty was higher in agricultural land, followed by scrubs and forest land. The average soil
organic matter was found to be higher on low to
moderate slopes (5.3%) with good structure (ﬁne
granular), while lower in steep slopes (4%) with
coarse granular structure. K values computed for
each soil-landscape units are given in table 2.
4.2.3 Slope length (L) and steepness (S) factor
Topographic factor represents the product of slope
length (L) and steepness (S ) factor. It describes the
eﬀect of topography on soil erosion and has a high
value if the length and slope of terrain are more.
The steep sloping area has high steepness factor
(ﬁgure 5). The analysis revealed that 33.4% area
of watershed had LS value <10 while 43.25, 18.92,
2.85, 0.88 and 0.66% area had the LS value in the
range of 10–25, 25–50, 50–75, 75–100 and >100,
respectively (table 3). Higher LS values of terrain
represent higher susceptibility to soil erosion.
4.2.4 Vegetation cover (C) factor
Vegetation cover (C) factor (ﬁgure 6) was computed
using NDVI. NDVI provides better information

Table 1. Rainfall erosivity at various amount of precipitation of diﬀerent scenarios.
Scenario
Average of 30 years
Rainfall (mm)
Rainfall erosivity (m t ha-cm−1 )

2020
(2011–2040)

A2
2050
(2041–2070)

2080
(2071–2099)

2020
(2011–2040)

B2
2050
(2041–2070)

2080
(2071–2099)

1652
701

1612
686

1534.66
657

1632
693.8

1607.2
684.2

1585.785
676.17
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Figure 4. Soil erodibility (K ) factor.
Table 2. Soil erodibilty (K) factor values of various
soil-landscape units.
Soil-landscape
units
H1-A
H1-F
H41-A
H31-F
H31-A
H21-A
H21-F
H5-A

K -value
0.04
0.06
0.06
0.06
0.05
0.05
0.06
0.06

Soil-landscape
unit

K -value

H5-F
H42-A
H42-F
H32-A
H32-F
H22-A
H22-F

0.06
0.04
0.05
0.06
0.05
0.06
0.05

• H1: Hill top, H2: Upper slope, H3: Middle slope, H4: Lower
slope, H5: Valley.
• 1: North, 2: South.
• Agriculture, F: Forest, S: Scrub.

of vegetation cover condition and density (Hansen
and Defries 2004; Heumann et al. 2007). It represented the spatial variability of C-factor in a
better way. Many researchers (de Carvalho et al.
2012; Jinxing et al. 2014) have used NDVI to

compute vegetation cover (C) factor. The C-values
range from 0 to 1. The study area was mainly
covered with forests (34.87%), agriculture (48.16%)
and scrublands (17%). The low values corresponded to dense forests whereas high values
to the croplands and fallow lands. Table 4 illustrates the areal coverage for each C-factor class.
4.2.5 Management practice (P) factor
The management practices followed in various
LU/LC were observed during the ﬁeld survey and
this information was used for assigning the P
values to each class (ﬁgure 7). Croplands in the
area were terraced and the farmers maintained ﬁeld
bunds and risers in the terraced ﬁelds. Dense forest cover was largely under reserved forest category. A large area under forest was also classiﬁed
under degraded forest and scrubland. These lands
were found under higher erosion risk due to almost
no management. P -values assigned to these land
use/land cover classes are given in table 5.
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Figure 5. Slope length (L) and steepness (S ) factor.
Table 3. LS factor values with area covered.
LS classes
0–10
10–25
25–50
50–75
75–100
>100

Area
(ha)

Area
(%)

12679.80
16421.30
7185.87
1084.43
336.81
252.99

33.40
43.25
18.92
2.85
0.88
0.66

4.2.6 Current soil erosion risk for
base period (1985–2013)
Potential annual soil loss was predicted by
integrating R, K, LS, C and P factors in spatial
analyst ArcGIS software. The analysis revealed
that 21.49% area is aﬀected by very low risk of
erosion (0–5 t ha−1 yr−1 ), 8.48% area with low risk
(5–10 t ha−1 yr−1 ), 15.54% area with moderate risk
(10–20 t ha−1 yr−1 ), 17.61% area with moderately
high (20–40 t ha−1 yr−1 ), 16.12% area with high

risk (40–80 t ha−1 yr−1 ) and 20.72% area with very
high erosion (>80 t ha−1 yr−1 ) risk (table 6). The
average soil loss was also computed for diﬀerent
land use/land cover. The analysis showed that the
erosion was higher on barren lands (157 t ha−1
yr−1 ) and degraded forests (112.55 t ha−1 yr−1 ) followed by scrublands (55.45 t ha−1 yr−1 ) whereas,
the erosion was lowest in the dense forests (15.67
t ha−1 yr−1 ) followed by moderate dense forest
(30.5 t ha−1 yr−1 ) (table 7). Dense forest (mixed
tree) areas have a thick layer of their old leaf
residue on the soil surface which is not removed
and is continuously allowed to accumulate there.
It provided protection cover on the land surface.
Therefore, quite low erosion was observed in dense
forest land. Agricultural and terraced ﬁelds were
well maintained with stone patching and grasses.
Therefore, moderate risk of erosion was observed
in cropland (20.90 t ha−1 yr−1 ). The topographic
factor (LS ) was found as the dominant factor for
soil erosion as the erosion rate was predicted to
be higher in steep to very steep slopes. The slope
analysis with the erosion revealed that gentle and
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Figure 6. Crop cover (C ) factor.

Table 4. Crop cover factor (C) values with
area covered.
Sl. no.
1
2
3
4
5

C-values

Area
(%)

0–0.1
0.1–0.3
0.3–0.5
0.5–0.7
0.7–1

8.33
40.35
43.14
4.49
3.67

moderate slopes were predicted to have lowest soil
erosion rate of 8 and 33.5 t ha−1 yr−1 , respectively,
whereas, highest soil erosion rate (60 t ha−1 yr−1 )
was on the steep to very steep slopes. Aspect analysis showed the highest erosion in the southern
aspect than the northern aspect of the hills. Similarly, higher rate of soil erosion was predicted
on the steeper slopes, and it will be aggravated
with the increasing rate of precipitation (Mondal
et al. 2016). The soil erosion rate was predicted
to increase by 58% in agriculture land and 59% in
fallow land from the year of 2020s to 2080s.

4.2.7 Validation of erosion assessment
A total of 20 ﬁeld sites were observed and
characterised for soil erosion assessment during
the ﬁeld survey. 1 × 1 m plots at these sites were
observed. The past erosion features and soil erosion
factors were characterised to assess soil erosion.
The geographical coordinates of these sites were
recorded using GPS. Soil loss of these sites was
predicted using RUSLE model and these observed
sites (points) were overlaid on the predicted soil
erosion risk map to ascertain the accuracy of
results. The model was validated with spatially
distributed points characterised in the study area
(table 8). Average soil erosion rate was computed
using a 3 × 3 pixel window. The coeﬃcient of
determination (r2 ) and RMSE were computed to
assess the accuracy of the model and were found
to be 84.8% (ﬁgure 8) and 6.91 t ha−1 yr−1 , respectively. The RMSE was also studied for diﬀerent
land use/land cover and it was computed to 6.61,
5.13 and 8.21 t ha−1 yr−1 in cropland, forest and
scrubland category, respectively. The analysis thus
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Figure 7. Crop management (P ) factor.
Table 5. P values assigned to various land use/land cover.
Sl. no.
1
2
3
4
5
6
7
8

LU/LC types

Management
practice factor

Area
(ha)

Area
(%)

Dense forest
Moderate dense forest
Deg. forest
Scrubland
Cropland
Waste land
Built up
Water bodies

0.1
0.8
0.9
0.8
0.2
0.9
0.9
0

2415.45
8789.25
8223.13
8559.12
8369.87
69.78
119.95
365.92

6.54
23.81
22.28
23.19
22.67
0.19
0.32
0.99

revealed that the soil erosion was predicted quite
well with RUSLE model.

Table 6. Area under various soil erosion risk classes in the
watershed.
Soil erosion
classes

Soil erosion was predicted with respect to the
change in rainfall erosivity (climate factor), while
the other factors were kept constant. The RUSLE
model was run to estimate soil erosion for future
climate scenarios. The mean of 30 years of future

Area
(ha)

Area
(%)

0–5
5–10
10–20
20–40
40–80
>80

7888.82
3112.64
5705.48
6464.99
5916.49
7604.43

21.49
8.48
15.54
17.61
16.12
20.72

Very low
Low
Moderate
Moderately high
High
Very high

Table 7. Average soil loss (t ha−1 yr−1 ) in various land use/
land cover types.
Sl. no.

4.2.8 Soil erosion risk scenario in future

Rate of soil loss
(t ha−1 yr−1 )

1
2
3
4
5
6

Classes

Avg. soil loss
( t ha−1 yr−1 )

Area
(%)

Dense forest
Moderate dense forest
Deg. forest
Cropland
Scrubland
Waste land/ROC

15.67
30.50
112.50
20.90
55.45
157.75

6.54
23.81
22.28
22.67
23.19
0.19
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Table 8. Comparison between Observed & Predicted soil loss at the 20 ﬁeld sites.

Sites

Latitude

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

30.399611
30.373333
30.377056
30.235694
30.300972
30.301611
30.291361
30.413944
30.417889
30.418333
30.399028
30.294167
30.293694
30.317556
30.317222
30.320639
30.391086
30.404519
30.365525
30.389207

Longitude

R
(m t ha cm−1 )

K
(t ha−1 /R)

LS

C

546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00
546.00

0.07
0.08
0.07
0.05
0.05
0.08
0.06
0.05
0.03
0.10
0.07
0.04
0.04
0.03
0.05
0.04
0.07
0.07
0.07
0.06

28.79
13.05
18.95
26.05
3.98
32.84
22.32
1.24
6.56
3.49
22.42
2.47
3.84
8.18
5.47
21.53
3.71
14.61
9.63
22.27

0.20
0.20
0.20
0.20
0.04
0.04
0.20
0.01
0.01
0.01
0.01
0.20
0.20
0.20
0.04
0.20
0.08
0.08
0.08
0.08

78.4385
78.390333
78.395333
78.353972
78.423611
78.402722
78.399889
78.342333
78.339
78.339139
78.364278
78.419972
78.423861
78.405611
78.406278
78.401389
78.40362
78.431809
78.403516
78.424433

Predicted (Soil loss t ha -1 yr -1)

60

P

Soil loss
(observed)
t ha−1 yr−1

Soil loss
(predicted)
t ha−1 yr−1

0.20
0.20
0.10
0.20
0.80
0.20
0.20
0.10
0.10
0.10
0.10
0.80
0.20
0.80
0.20
0.20
0.80
0.80
0.80
0.80

43.40
22.06
30.04
27.49
3.34
46.94
31.23
0.02
0.07
0.11
0.54
2.16
3.66
5.58
4.39
21.07
8.62
33.97
21.99
50.04

47.54
24.72
17.78
33.87
2.40
47.01
36.62
0.69
6.09
2.22
8.56
2.97
4.03
13.14
13.22
32.73
5.14
46.07
14.39
39.14

y = 0.906x + 3.7556
R² = 0.848

50
40
30
20
10
0
0

10

20
30
40
Observed plot (Soil loss t ha -1 yr -1)

50

60

Figure 8. Scatterplot between predicted and observed soil loss (t ha−1 yr−1 ).

precipitation during the period of 2011–2099 was
taken in three periods denoted as 2020s, 2050s
and 2080s. The 2020s represents the mean of
2011–2040, 2050s represents the mean of 2041–
2070, and 2080s represents the time from 2071
to 2099. The results unveiled that the average
annual soil loss may increase by 28.38, 25.64
and 20.33% in year 2020s, 2050s and 2080s,
respectively under A2 scenario (ﬁgure 9b, c, d
and table 9). Likewise, average annual soil loss
may increase by 27.06, 25.31 and 23.38% in 2020s,
2050s and 2080s under B2 scenario (ﬁgure 9e, f,

g and table 10) from the base period (1985–2013)
(ﬁgure 9a). The average soil erosion rate in
cropland will be increased from 20.90 (base period)
to 26.90 t ha−1 yr−1 (2020s), 26.30 (2050s) and
25.20 (2080s) and 26.60 90 (2020s), 26.23 (2050s)
and 25.92 t ha−1 yr−1 (2080s) under A2 and B2 scenarios, respectively. The average soil erosion rate
in dense forest, degraded and barren lands will be
increased from 15.67 (base period) to 20.15
(2020s), 19.70 (2050s) and 18.88 (2080s); 112.50
(base period) to 144 (2020s), 141.63 (2050s) and
135.71 (2080s); 157.75 (base period) to 202.00
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Figure 9. Soil erosion scenario under (b, c, d) A2 and (e, f, g) B2 scenario for 2020, 2050 and 2080 period from base
period (a).
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Table 9. Average annual soil loss (t ha−1 yr−1 ) in various land use/land cover for current and future period under A2
scenario.
Classes

Present

2020

2050

2080

Base year
to 2020 (%)

Base year
to 2050 (%)

Base year
to 2080 (%)

Dense forest
Moderate dense forest
Deg. forest
Scrubland
Cropland
Waste land

15.67
30.50
112.50
55.45
20.90
157.75

20.15
38.73
144.00
70.42
26.90
202.00

19.70
38.21
141.63
69.47
26.30
197.54

18.88
36.69
135.71
66.70
25.20
189.29

28.60
26.98
28.00
27.00
28.71
28.05

25.73
25.28
25.89
25.28
25.84
25.23

20.49
20.30
20.63
20.29
20.57
20.00

Table 10. Average annual soil loss (t ha−1 yr−1 ) in various land use/land cover for current and future period under B2
scenario.
Classes

Present

2020

2050

2080

Base year
to 2020 (%)

Base year
to 2050 (%)

Base year
to 2080 (%)

Dense forest
Moderate dense forest
Deg. forest
Scrubland
Cropland
Wasteland

15.67
30.50
112.50
55.45
20.90
157.75

19.93
38.74
143.24
70.42
26.60
199.78

19.65
38.21
141.26
69.47
26.23
197.02

19.42
37.77
139.60
68.66
25.92
194.71

27.19
27.00
27.32
27.00
27.27
26.65

25.41
25.28
25.56
25.28
25.50
24.90

23.94
23.84
24.09
23.82
24.02
23.43

(2020s), 197.54 (2050s) and 189.29 t ha−1 yr−1
(2080s) under A2 scenario whereas average soil
erosion rate in dense forest, degraded and barren lands will be increased from 15.67 (base
period) to 19.93 (2020s), 19.65 (2050s) and 19.42
(2080s); 112.50 (base period) to 143.24 (2020s),
141.26 (2050s) and 139.60 (2080s); 157.75 (base
period) to 199.78 (2020s), 197.02 (2050s) and
194.71 t ha−1 yr−1 (2080s) under B2 scenario.
The study revealed the highest soil erosion rate
in barren lands (157.75–202.70 t ha−1 yr−1 ) followed by degraded forests (112.5–144.0 t ha−1
yr−1 ) and scrublands (55.45–70.42 t ha−1 yr−1 ).
However, dense forest was found to have lowest
soil erosion risk (15.67–20.15 t ha−1 yr−1 ). Cropland was observed to have moderate erosion rate
(20.90–26.90 t ha−1 yr−1 ) from year of base period
to future scenario.
Climate change eﬀect on soil erosion showed
changes in the erosion rate due to changed rainfall behaviour (Routschek et al. 2014a, b). Nearing
(2001) showed critical changes in rainfall erosivity
of up to 58% in USA, which may considerably aﬀect
future soil erosion rates. Expected increased intensity of precipitation will lead to increased loss of
soil which was also observed in various other studies (Zhang et al. 2010; Wurbs and Steininger 2011).
Mondal et al. (2016) showed an increasing trend
of future precipitation and a probable increase in
rate soil erosion in all stations of Madhya Pradesh,
India. Zhang et al. (2012) predicted average soil
loss may increase by 44% using GCM data in
central Oklahoma. Yang et al. (2003) estimated a

global average increase in soil loss of 14% under
climate change using a GIS-based RUSLE model.
The spatial distribution of land use/land cover has
been assumed to remain constant over time even
though it is understood that it may likely to change
in the future. Rainfall erosivity (R) was computed
using empirical relation based on monthly rainfall
data. These empirical methods are crude because
they fail to fully reﬂect possible R changes due to
the increases in large extreme rainfall events, which
is one of the most signiﬁcant aspects of future
climate change (Segura et al. 2014).
5. Conclusion
Statistical downscaling model (SDSM) was used
to downscale the climatic variable (precipitation)
from coarse resolution GCM data to ﬁne resolution
at a point scale. The point scale represents the local
weather as the model was calibrated and validated
with the data obtained from the weather station
located in the watershed. Downscaling was better
in a case of precipitation, which was evident from
the coeﬃcient of determination (r2 = 0.71–0.80).
The study revealed that the precipitation may
increase till 2020 and then it may reduce in 2050
and 2080 as compared to 2020. RUSLE model
was used for predicting the annual soil loss in the
watershed for the current year. Downscaled precipitation data for future periods were used to calculate the average rainfall erosivity for the year
of 2020s, 2050s and 2080s. Rainfall erosivity may
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increase from 546 to 701 m t ha-cm−1 under the A2
scenario, whereas 546 to 693.8 m t ha-cm−1 under
B2 scenario.
RUSLE model estimated 39.97% of area under
very low to low risk of erosion (0–10 t ha−1 yr−1 ),
33.15% area with moderate to moderately high
erosion risk (10–40 t ha−1 yr−1 ) and 36.84% area
with high erosion (40–80 t ha−1 yr−1 ) to very high
risk of erosion (>80 t ha−1 yr−1 ) in the current year.
The study showed highest soil erosion rate in barren lands (rock out crop) (157 t ha−1 yr−1 ) and
degraded forests (112.55 t ha−1 yr−1 ) followed by
scrublands (55.45 t ha−1 yr−1 ), whereas the erosion
rate was lowest in the dense (15.67 t ha−1 yr−1 ) and
moderately dense (30.5 t ha−1 yr−1 ) forests. Cropland area was predicted with an average soil loss of
20.90 t ha−1 yr−1 . Further, the soil erosion was predicted for future periods and the results unveiled
that the average annual soil loss may increase by
28.38, 25.64 and 20.33% in 2020s, 2050s and 2080s,
respectively under the A2 scenario. Similarly,
average annual soil loss may increase by 27.06,
25.31 and 23.38% in 2020s, 2050s and 2080s,
respectively under B2 scenario from the base
period (1985–2013).
The study has a limitation as it has considered
only climatic factor (rainfall erosivity) as a change
in future keeping other factors constant in future
climatic scenarios. The accuracy of rainfall erosivity (R) is also limited to both the accuracy of the
precipitation projections and the eﬀectiveness of
the empirical relationship employed for its computation. Precipitation projections by diﬀerent GCM
models and emission scenarios provide varying projections of future climate. In the methodology,
R was computed based on an empirical equation
using monthly precipitation data. However, available GCMs do not oﬀer precipitation data resolved
at a higher temporal scale. The land use/land cover
has been considered as constant, which is expected
may change in future. The present study had been
carried out using most widely used GCM data
of both scenarios (A2 and B2) and downscaling
at ﬁne scale by calibrating and validation with
weather station data with good agreement. It is to
note that the study does not provide precise estimates but provides a comprehensive understanding
of the possible future scenario of soil erosion in the
mid-Himalaya for scientists and policy makers.
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