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Abstract
The fragile and immature soils in the sloping terrain of the Himalayan landscape is susceptible to soil erosion. Besides this, 
climate change may significantly enhance the soil erosion. Policymaking needs reliable estimation of the soil erosion to 
suggest suitable conservation measures. Hence, keeping this in view, the study was carried out to simulate climate change 
impacts on soil erosion for a small watershed of Lesser Himalayan region employing calibrated SWAT model. The model 
was calibrated and validated using the observed surface runoff and sediment yield data obtained from the watershed gauging 
station. The SWAT model performed well in estimating surface runoff (r2 = 0.85) and sediment yield (r2 = 0.86) with high 
model Nash–Sutcliffe Efficiency (NSE) for surface runoff (NSE = 0.81) and sediment yield (NSE = 0.70). The highest average 
soil loss was estimated from the scrubland (42.8 tons ha−1 year−1) and the least from the moderately dense forest (20.1 tons 
ha−1 year−1) during the current period. Subsequently, the calibrated SWAT model simulated to predict soil erosion in future. 
MarkSim DSSAT weather generator is a web-based tool used to obtain future climate scenarios. The downscaled General 
Circulation Model (GCM) projections were obtained from the MarkSim DSSAT weather generator tool. These projections 
Representative Concentration Pathway (RCP) 4.5 and 8.5 indicated an increase in rainfall depth of 12.3–14.2%. The predicted 
soil erosion revealed an increase in annual soil erosion rate from 18.1 to 20.9% under various emission scenarios during 
the twenty-first century. The outcomes exposed that climate change may increase the variability and rates of soil erosion by 
increasing rainfall intensities and depths. The comprehensive information generated from the study will help the government 
and policymakers to suggest suitable conservation measures in preparing sustainable land use plan in the Himalayan region.

Keywords  Surface runoff · Sediment yield · SWAT model · Climate change adaptation · Himalayas · RCP scenario

1  Introduction

Soil erosion is considered as most serious concern of land 
degradation process around the world. It adversely affects 
the physicochemical properties of soils and agricultural pro-
ductivity in a landscape (Lal, 2003; Pimentel, 2006). It is a 
complex process comprised of the splash, sheet, rill, and 
gully forms of erosion, resulting in the removal of top fertile 
soil and terrain deformation (Ballabio et al., 2017). It will 
adversely affect the services provided by soil ecosystem and 
thereby food security.

According to GSP (2017), every year 75 billion tons 
of soil eroded from agricultural land with an estimated 
economic loss of US$400 billion year−1. In India, nearly 
120.7 million hectares of land have been degraded, and 
water erosion accounting for 70% (NAAS, 2012). Borrelli 
et al., (2017) stated that the expansion of agricultural land 
leads to enhanced soil erosion rates in southeast Asia. The 
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developing countries are facing the highest rate of soil ero-
sion, and found a lower reduction of soil erosion by adopt-
ing soil and water conservation measures as compared to 
developed countries. They also reported that 7.6% of the 
total land area in India is above the soil tolerable erosion 
limit (10 tons ha−1 year−1). The rate of soil erosion in India 
ranged from low (< 5 tons ha−1 year−1), in the dense forest, 
to high (> 80 tons ha−1 year−1), in the Shiwalik hills (e.g. 
David Raj et al., 2021; Singh et al., 1992; Swarnkar et al., 
2018). Wuepper et al. (2020) also reported that annually 
India faces a high rate of soil erosion (> 40 t h−1). The 
Himalayan region of India witnesses severe erosion as it 
receives high rainfall amount and weak geological forma-
tion, active seismicity, immature, and fragile soil types 
with poor agricultural management practices (Tiwari, 
2008). George et al. (2021) identified that, in Uttarakhand, 
20.3% of the region is under critical soil erosion, which 
reaches values higher than 40 tons ha−1 year−1.

Over the last few years, remote sensing and geographic 
information systems (GIS) have developed a vital tool for 
generating spatially distributed land use/land cover (LULC), 
topography, and soil properties in the watershed (Kebede 
et al., 2021; Pijl et al., 2020). Applications of remote sensing 
and GIS techniques serve as vital tool to estimate the spatial 
distribution of soil erosion severity. The spatial distribution 
of soil erosion risk assessment provides the severity of soil 
erosion of the watershed in various time period. The univer-
sal soil loss equation (USLE) (Jemai et al., 2021), revised 
universal soil loss equation (RUSLE) (Islam et al., 2020), 
and modified universal soil loss equation (MUSLE) (Gwape-
dza et al., 2021) are used most commonly for predicting soil 
erosion. While the physically based model can provide a 
more reliable and realistic output after the calibration and 
validation using the site-specific soil erosion factors and 
measured data. Soil and Water Assessment Tool (SWAT) is 
a physically based hydrological model extensively explored 
to simulate the surface runoff and sediment yield from the 
watershed/catchment scale (Briak et al., 2019; Zhang et al., 
2020; Shi and Huang, 2021). These models partition the 
watershed into hydrological response units (HRUs) for 
accounting the spatially distributed factors affecting soil ero-
sion and sediment yield. These techniques allow the identi-
fication of the highest soil erosion units and to analyse the 
consequence of different land use and management methods 
for preventing soil erosion (Boufala et al., 2021; Mosbahi 
& Benabdallah, 2020; Osei et al., 2019). SWAT has been 
widely used for runoff and sediment studies in the small and 
large catchments around the different regions of the globe 
(Azair et al., 2016; Sisay et al., 2017; Himanshu et al., 2019; 
Hu et al., 2020; Kuti & Ewemoje, 2021; Kwarteng et al., 
2021). Abbaspour et al. (2015) provide detailed description 
of SWAT model calibration and validation procedures for 
the large scale.

Often, climate change is expected to play a substantial 
role in enhancing soil erosion in the future. The Himala-
yan landscape is the most complex mountain environment 
and is extremely sensitive to global warming (Tewari et al., 
2017). Soil erosion is expected to increase by 9% because 
of climate change, during the twenty-first century (Yang 
et al., 2003). Doetterl et al. (2012) stated that the rainfall 
erosivity and steep slope significantly contribute to the soil 
erosion in hilly and mountainous terrain. Steep slopes and 
torrential high-intensity rainfalls are the characteristics of 
the Himalayan region. The change in Himalayan ecosystem 
will have global consequences. Kumar et al. (2015) found 
that rainfall in the Himalayan region increases at a strong 
positive trend. The variation of rainfall patterns because of 
climate change might bring a higher rate of soil erosion. The 
climate models provide a unique opportunity to simulate soil 
erosion and sediment loss by integrating the future climate 
change scenarios (Aawar & Khare, 2020; Luetzenburg et al., 
2020; Maurya et al., 2021; Saharia & Sarma, 2018; Salazar 
et al., 2012). However, the main problem lies with the coarse 
resolution of global climate models (Rivington et al., 2008; 
Samaras & Koutitas, 2014). The reliable simulation requires 
the downscaling of coarse resolution climate change sce-
narios into finer resolution. MarkSim DSSAT weather gen-
erator is a web-based tool used to obtain future climate sce-
narios. It provides the downscaled climate data for the future 
rainfall on a daily timescale (Raisi et al., 2021; Trotochaud 
et al., 2016). Alam et al. (2021) and Ficklin et al. (2009) 
utilised the SWAT to predict the hydrology and impact of 
climate change over the watershed and river basins. Fur-
thermore, Kumar et al. (2016) evaluated the functioning of 
SWAT and SWAT-VSA for surface runoff generation in a 
Himalayan watershed of Uttarakhand and found it simulat-
ing satisfactorily.

According to Gupta et al. (2019), the socio-ecological 
condition of the Himalayas is degrading due to climate 
change and also has a potential for further intensification. 
The soil erosion and decreased soil moisture content are 
severe problems in the hilly and mountainous region which 
directly affect the livelihood of native peoples. The zone-
specific adaptation and mitigation policies are more effec-
tive in these scenarios. However, the lack of monitoring and 
evaluation method is a significant constraint in the hilly and 
mountainous region. Borrelli et al. (2021) reported that the 
soil erosion in Indian Himalayas is high, although there are 
fewer soil erosion measurement sites (sediment gauging sta-
tions) are present as per García-Ruiz et al. (2015). Moreover, 
Alewell et al. (2019) stated that the scientific community 
widely accepts only the calibrated and validated models 
because of the uncertainty of the modelling approach. In 
India, majority of the studies identified the soil erosion and 
climate change impact on soil erosion using the empirical 
models (Bagwan & Gavali, 2021; Chakrabortty et al., 2020; 
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Ganasri & Ramesh, 2016; Mondal et al., 2015; Pal et al., 
2021; Prasannakumar et al., 2012) where the calibration and 
validation of these models were lacking. Only few studies 
were conducted using physically based soil erosion models 
due to the lack of a measured/gauging data in India. While 
in this study, we attempted to simulate the future soil ero-
sion scenario using the calibrated SWAT model based on 
the IPCC emission scenarios (RCP 4.5 and 8.5), which gives 
a more reliable future soil erosion quantification than the 
uncalibrated models. It will be more beneficial for the farm-
ers, local planners, policymakers, and to the Governments.

Thus, the current study is carried out in an experimen-
tal watershed located in Uttarakhand, India. No such study 
has been attempted to simulate the climate change scenar-
ios with calibrated model parameters in the north-western 
Lesser Himalayas. The study was carried out to simulate cli-
mate change impact on calibrated SWAT model parameters 
in predicting soil erosion for small watershed. The SWAT 
model was calibrated for small watershed with measured 
data of surface runoff and sediment yield on daily weather 
data for the years 2016–2018. It aims to (i) calibrate and 
validate the SWAT model using the measured data from the 
instrumental watershed to assess its applicability and per-
formance in a humid subtropical region; (ii) simulate the 
baseline soil loss relating to different land uses, and (iii) 
simulate future soil loss using the IPCC—RCP emission 
scenarios (4.5 and 8.5).

2 � Study area description

The Pasta watershed (a part of Sitla Rao watershed located 
in Dehradun, Uttarakhand) is extending from 30° 27′ to 
30° 28′ North latitude to 77° 54′ to 77° 55′ East longitude, 
encompassing an area of 57 hectares representing the Lesser 
Himalayan topography, which belongs to the Garhwal Hima-
layas (Fig. 1). Elevation of the study area ranges from 835 
to 1374 m. Soils in the study area are derived from the allu-
vium parent material. Inceptisols are the major soil classes 
found in the experimental site, with textures varying from 
sandy loam to loam.

The major land use units occupying the study area are 
forest, agricultural land (maize and paddy), scrub land, 
and settlements. The western part of the study area con-
tains moderately dense to dense Sal (Shorea robusta) forest. 
According to Koppen and Geiger (2007), climate classifica-
tion the study area comes under the humid subtropical cli-
mate (Cwa). The watershed has three significant seasons; the 
hot summer season from March to June, the wet monsoon 
season from July to September and the cold winter season 
from October to February. The average annual temperature 
ranges from 15.8 to 33.3 °C. The hottest month, May, expe-
rience a maximum average temperature of 35.3 °C, and the 

coldest month, January, has a minimum average temperature 
of 3.6 °C. The average annual rainfall is 2245.1 mm, and 
most of the rainfall was received from July to October (Singh 
et al., 2021).

3 � Materials and methods

The detailed methodology flowchart of the study is illus-
trated in Fig. 2.

3.1 � Data used

3.1.1 � Satellite data

The Cartosat Digital Elevation Model (DEM) (10 m) and 
Resourcesat-2 multiband LISS IV (5.8 m) were the major 
satellite products used in this study. The DEM was used to 
identify the topographical parameters such as slope, steep-
ness and drainage network. LISS IV false colour compos-
ite was utilised for the LULC map generation. The spatial 
analysis was carried out using the spatial analyst module of 
the ArcGIS 10.3 version software. The Cartosat DEM, slope, 
and LULC maps were utilised as the SWAT model’s primary 
input raster maps.

Fig. 1   Location of the study area
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3.1.2 � Field data collection and soils map

Soil samples were collected for the surface (0–15 cm) and 
sub-surface (16–30 cm) from the various soil-landscape 
units during 2018–2019. Soil sampling was conducted based 
on the transect method, and the associated locations of sam-
pling sites were georeferenced using the Global Positioning 
System (GPS) (Fig. 3). The soil samples were analysed to 
find soil texture, bulk density, pH, electrical conductivity, 
and organic matter. During the field survey, erosion features 
and other site-specific characteristics were also identified. 
The infiltration rate and unsaturated hydraulic conductivity 
were measured using a mini-disk Infiltrometer. LULC data 
were gathered, and their geographic position was determined 
using GPS. Additionally, land management methods in the 
watershed were collected to define the SWAT model’s man-
agement practise component (P factor). Maize and paddy 
are the primary rainy season’s crops (July–October). Thus, 
between July and October 2018, average plant height and 
density data were collected at 30-day intervals from ten ran-
domly selected fields with a plot size of 1–2 m2 from the 
experimental watershed. These data were used to create crop 

parameters such as maximum and minimum crop height, 
crop density, and defining the crop life cycle stages for the 
SWAT model.

3.1.3 � Weather data, surface runoff, and sediment yield 
measurement

The weather data from 2016 to 2018 were received from the 
rain gauge and Automatic Weather Station (AWS) installed 
by Indian Institute of Remote Sensing, Indian Space 
Research Organisation (ISRO), Dehradun near the watershed 
outlet. The rainfall, maximum, and minimum temperature 
are the major parameters needed for the simulation of the 
SWAT model. Solar radiation, relative humidity, and wind 
speed data are the other parameters. The rainfall and tem-
perature data during the monsoon period (July to October) 
were considered for the model calibration and validation. 
The rainfall during the rest of the months were negligible 
and did not contribute sediment samples from the sediment 
tank. Moreover, the rainfall data from 1986 to 2015 collected 
from India Meteorological Department (IMD) used for iden-
tifying the average rainfall over the base period.

Fig. 2   Methodology of study. Legend: RS Remote Sensing, DEM 
Cartosat Digital Elevation Model, LISS IV Linear Image Self Scan-
ner, AWS Automatic Weather Station, C factor Cover factor, LS factor 

Slope Length and Slope factor, P factor Practice factor, GCM General 
Circulation Models
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The daily surface runoff data and sediment yield samples 
collected from the gauging station constructed at the water-
shed outlet (Fig. 4). It consists of a weir structure (Fig. 4a 
and b) fitted with a digital water level recorder (Fig. 4c) and 
sediment sampling tank. It collects daily surface runoff at 
a 15-min frequency from a 57 ha catchment area. A perfo-
rated steel pipe is fitted at the middle of the weir structure 
connected to the sediment tank. A 500-litre (sediment sam-
pling tank (Fig. 4d)) was built near the outlet for collecting 
the runoff water continuously during the rainfall. After the 
rain, every day at 08:00 h (IST), the runoff water sample 
from the sediment tank was collected in a 1-litre bottle rep-
resenting the runoff water sample on the cumulative basis 
of the day. Sediment concentration was estimated in the 
laboratory after filtering and drying the sediments from the 
runoff water sample. After that, total sediment washed from 
the outlet was computed based on the total daily discharge 
(runoff water).

3.2 � SWAT model description

SWAT was developed by Dr Jeff Arnold (Neitsch et al., 
2011) as part of the USDA Agricultural Research Service’s 
(ARS) 30-years modelling expertise (Gassman et al., 2007). 
SWAT is a physically based (Neitsch et al., 2011) model that 
executes daily basin-scale simulations. The model is compu-
tationally efficient and capable of simulating the influence of 
management on water, sediment, and chemical yields using 
readily available inputs (Neitsch et al., 2011). Additionally, Fig. 3   Soil sampling locations

Fig. 4   Instrumented gauging 
site at the watershed outlet: still-
ing well (a), weir structure (b), 
digital water level recorder (c), 
and sediment sampling tank (d)

(a) (b)

(c) (d)
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the SWAT can be used to model a watershed in the absence 
of gauge data (Gassman et al., 2007; Neitsch et al., 2011). 
SWAT partitions the watershed into several sub-watersheds 
or sub basins and subdivided into hydrologic response units 
(HRUs) with different land use, soil, and management char-
acteristics. The model required the observed daily rainfall, 
maximum and minimum temperature, solar radiation, rela-
tive humidity, and wind speed data.

3.2.1 � Runoff modelling

Using the SCS-CN (curve number) approach, the SWAT 
model simulates surface runoff volumes for each HRU 
(USDA-SCS 1972).

where Q is the runoff (mm), R is the rainfall amount (mm), 
S is the retention parameter, and Ia is the initial abstraction, 
which is based on surface storage, interception, and infiltra-
tion (mm).

3.2.1.1  Peak runoff rate  The peak runoff rate of the given 
rainfall event is the maximum runoff flow rate of that event, 
and it is used to estimate sediment loss and is an indicator 
of the erosive power of rainfall. SWAT uses the modified 
rational method to estimate the peak runoff rate.

where Qp represents the peak runoff rate (m2/s), C represents 
the runoff coefficient, and I represents the rainfall intensity 
(mm/hr), the ‘HRUarea’ (Km2) in the area of HRU, and 3.6 
is the area conversion factor.

3.2.2 � Sediment yield modelling

The MUSLE was used in SWAT to estimate erosion caused 
by rainfall and runoff. MUSLE predicts the erosion rate as a 
function of erosion runoff component.

where the sediment loss is denoted by the letter Y (metric 
ton), the surface runoff is measured in millimetres (mm), 
the peak runoff rate is measured in metres square per second 
(m2/s), the HRU area is measured in square metres (ha), the 
USLE soil erodibility factor is Kusle, the cover and manage-
ment factor are Cusle, the support practise factor is Pusle, the 
topography component is LSusle, and the coarse fragment 
factor is ‘CFRG’. A detailed explanation of each parameter 

(1)Q = (R− Ia)2∕ (R− Ia) + S,

(2)S = 25.4 (1000∕CN − 10).

(3)Qp = C ∗ I ∗ HRUarea∕ 3.6,

(4)
Y = 11.8 ∗

(

Q ∗ Qp ∗ HRUarea

)

∗ 0.56Kusle

∗ Cusle ∗ Pusle ∗ LSusle ∗ CFRG,

and model description can refer from the SWAT theoretical 
documentation (Neitsch et al., 2011).

3.2.3 � Creation of SWAT model hydrological response units 
(HRUs)

The SWAT model simulates surface runoff and sediment 
yield for each hydrologic response unit (HRU). HRU is 
defined in SWAT by combining LULC, management, and 
hydrologic soil group (HSG) obtained from the soil-land-
scape unit map (Neitsch et al., 2002). The Cartosat 10 m 
resolution DEM was used to delineate the watershed. The 
land use land/cover map was imported into the model and 
classified as moderately dense forest, agriculture (Paddy 
& Maize), and scrub land. The soil map of the study area 
was prepared based on physiographic land use unit and the 
slope classes were defined manually. The overlay option was 
used to merge three maps to derive the HRU feature class. 
The HRU defined based on dominant land use, soil, and 
slope category. The weather data from the AWS station were 
imported into the model and prepared weather database for 
the simulation. Then write SWAT input tables option used 
to create the default model parameters. The site-specific soil 
physical, chemical, and hydrological properties and other 
necessary land use parameters were entered in the edit model 
parameter section. A critical aspect of the modelling process 
was defining management practices for the various land use 
types. For major crops such as paddy and maize, the crop 
phenological stages data were collected, and the manage-
ment practises (P) factor were assigned. The write command 
is available for building the SWAT table, and the simulation 
menu appears with options for changing the timeframe and 
running the SWAT simulation. The hydrological response 
unit based prediction will provide a more accurate repre-
sentation of the runoff and sedimentation processes in the 
watershed.

3.2.4 � Model calibration and validation

The ArcGIS interface was used to provide the collected 
and measured input parameters into the SWAT model (Arc-
SWAT). Daily runoff data and sediment data collected were 
used to perform hydrologic calibration. Identifying the criti-
cal parameters for calibration and validation is crucial in 
modelling (Ma et al., 2000). These parameters were identi-
fied using the sensitivity analysis. According to the Parsi-
mony Principle (Trocine & Malone, 2000), only a few fac-
tors contribute for considerable variations in model outputs, 
whereas the majority of other parameters have little impact. 
Morris (1991) employed the One-factor-at-a-Time (OAT) 
technique for sensitivity analysis. In this approach, the vari-
ations in output are induced by changing one input factor 
while maintaining all other parameters constant. There is 
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a provision of the calibration process in the SWAT model 
either via manual or auto calibration tools (van Griensven 
& Bauwens, 2003; Van Liew et al., 2005). Calibration is 
done manually, and entails modifying the values of the 
model’s input parameters to generate simulated results that 
fall within a certain range of the observed data. As the lim-
ited number of observed data were available for calibration 
and validation, manual calibration was preferred (Balascio 
et al., 1998). The manual calibration procedure suggested by 
Arnold et al. (2012) adopted here.

The calibration was performed by adjusting the sensitive 
parameters like curve number and available water content 
(AWC). In addition, crop management factor (USLE—
C), crop practice factor (USLE—P), soil erodibility factor 
(USLE—K) and slope factor were adjusted for the sediment 
yield calibration. These parameters were changed through 
the trial-and-error method to compare the predicted values 
close to the observed values. The valuation of the model’s 
performance was assessed using a regression plot of pro-
jected and observed runoff. Available data (surface runoff) 
of rainfall days (28) from the years 2016, 2017 and 2018 
were utilised to calibrate (16) and validate (12) the surface 
runoff. Similarly, model performance was evaluated using a 
regression plot of predicted versus observed sediment yield. 
Available data (sediment yield) of rainfall days (22) from the 
years 2016, 2017, and 2018 were utilised to calibrate (12) 
and validate (10) the model for sediment yield simulation. 
The goodness of fit measured by the correlation coefficient 
(r) and determination coefficient (r2), which measures how 
well is the variance of observed parameter simulated by 
the model (Krause et al., 2005). The average tendency of 
simulated data to be larger or smaller than their observed 
equivalents is measured by percent bias (PBIAS) (Gupta 
et al., 1999). The Nash–Sutcliffe model Efficiency (NSE) 
(Niazkar & Zakwan, 2021), root mean square error (RMSE), 
and PBIAS were also used to measure the model efficiency.

3.3 � Obtaining projected rainfall

MarkSim DSSAT weather generator has been developed 
(Jones & Thornton, 2013) for an easier and faster platform 
to acquire downscaled future climate data from different 
General Circulation Models (GCMs) for different loca-
tions (Trotochaud et al., 2016). MarkSim DSSAT weather 
generator is an online web application that can provide the 
downscaled weather variables such as rainfall, maximum, 
and minimum temperature. It estimates daily rainfall based 
on a wet day’s probability using the third-order Markov pro-
cess. Downscaled data of daily rainfall based on the RCP 
4.5 and RCP 8.5 scenarios were obtained for 2011–2095 
by providing the latitude and longitude of the area of inter-
est. It has 17 Atmosphere–Ocean General Circulation Mod-
els (GCMs), for reliable outcomes, the Inter-governmental 

Panel on Climate Change (IPCC) recommends an average 
of these models for any impact studies (Wilby et al., 2004), 
Thus, an average of these models, namely BCC-CSM 1.1, 
BCC-CSM 1.1 (m), CSIRO-Mk3.6.0, FIO-ESM, GFDL 
CM3, GFDL ESM2G, GFDL ESM2M, GIS E2-R, GIS 
E2-R, HadGEM2-ES, IPSL-CM5A-LR, 12. IPSL-CM5A-
MR, MIROC-ESM, MIROC-ESM-CHEM, MIROC 5, 
MRI-CGCM3, and NorESM1-M (Jones & Thornton, 2000, 
2013) were used for this study. It averages the polynomial 
functions that drive the GCM differences, which resulting 
in downscaled weather data that is accurate for the aver-
age GCM. This average daily rainfall data are considered as 
future projected rainfall.

3.4 � Generation of future soil erosion

The downscaled future climatic parameters of the intermedi-
ate (RCP 4.5) and higher (RCP 8.5) emission scenario from 
2011 to 2095 were utilised to evaluate the rainfall change. 
SWAT model was used to analyse the probable influences of 
climate change on soil loss for the various LULC types in the 
watershed. Only the rainfall amount was changed according 
to the downscaled rainfall scenario, and all other parameters 
were kept constant for the SWAT model. The projected rain-
fall data are divided into 30-year periods: 2011–2040 (the 
2020s), 2041–2070 (the 2050s), and 2071–2095 (the 2080s). 
Thus, it helps to understand the probable impact of rainfall 
on soil erosion during various periods of the twenty-first 
century.

4 � Results and discussion

4.1 � Terrain, land use/land cover, and soils map

Spatial layers were created for the SWAT model using the 
ArcGIS spatial analyst component for quantifying the soil 
loss from the watershed. Terrain analysis revealed that 
4.81% area in the watershed is classified under gentle (< 10% 
slope), 33.33% area under moderate to moderately steep 
(11–30% slope) and 61.86% area under steep (> 30% slope) 
classes. Based on Strahler (1953) stream ordering method 
(Fig. 5a), six first-order streams, two second-order streams, 
and one third-order stream in the experimental watershed 
were identified. The gauging station was located in the third-
order stream of the experimental site. A higher number of 
drainage networks in the watershed indicate a higher soil 
erosion rate. The LULC map (Fig. 5b) was prepared using 
ArcGIS software. The dominant LULC area is under maize, 
followed by moderately dense forest, paddy field and scrub/
barren land, and which covers 38.4, 26.0, 24.4, and 8.9% of 
the watershed.
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Physiographic soil units (Fig. 5c) were created based on 
the geomorphology, topography, and LULC. The topogra-
phy of the study area is divided into three; very steep, steep 
to very steep, and moderately steep. Scrubland and maize 
cropping come under the very steep area. Steep to very steep 
category includes moderately dense forest while maize and 
paddy classified under moderate slope topography. This 
topography comes under the hillside slope (HS) (Table 1). 
Soils were characterised by dominantly sandy loam in tex-
ture with bulk density ranging from 1.12 to 1.56 g cm−3. 
Soil organic matter in the surface soil ranges from 1.2 (scrub 
land) to 4.2% (agricultural land). Unsaturated hydraulic con-
ductivity ranges from 2.7 to 11.4 mm hr−1 in the watershed. 
The surface and sub-surface's primary physical and chemical 
properties are grouped into the table (Table 2).

4.2 � SWAT model simulation

4.2.1 � Sensitivity analysis

Prior to calibration, sensitivity analysis was carried out to 
find the sensitive parameters of runoff and sediment yield. 
Sensitivity analysis revealed that runoff is sensitive to curve 
number (CN) and available water content (AWC) and sedi-
ment yield is sensitive to crop management factor (USLE-C) 
and crop practice factor (USLE-P). The results in the Table 3 
shows that the surface runoff is more sensitive to the varia-
tions in the curve number. The percentage change in param-
eter value (change mentioned in Table 3) assigned from a 
previous study using SWAT model at Sitla Rao watershed 
(Singh, 2009) and considerable change in surface runoff and 
sediment yield were observed while adding and subtracting 
the parameters by the assigned values. Negligible change 
was observed for changing the lower values. Change in curve 
number by 4 and resulted in a variation of 57 and − 32.8% 
in surface runoff. The second major sensitive parameter is 
Available Water Content exhibits − 8.2%. Sediment yield 
is sensitive to USLE-C, USLE-P and BIOMIX. In these, 
USLE-P is the most sensitive parameter. 5 and − 5 varia-
tion in USLE-P factor resulted in 81 and − 98% change in 
sediment yield. BIOMIX was observed as the second major 
sensitive parameter of a value of − 57.9. Kumar et al. (2016) 
also identified the sensitive parameters for the SWAT model 
for surface runoff. The present study results are also on par 
with that.

Fig. 5   Elevation with drainage (a), land use/land cover map (b), soil-landscape map (c)

Table 1   Soil physiographic unit classification

Geomorphology Topography Land use/land 
cover

Legend

Hillside slope 
(HS)

Very steep Scrub land HS12
Crop land (Maize) HS14

Steep to very steep Moderately dense 
forest

HS21

Moderately steep Crop land (Paddy) HS23
Crop land (Maize) HS24
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4.2.2 � Surface runoff and sediment yield calibration

The model was calibrated manually for the surface runoff 
and sediment yield. Since the CN values and AWC are the 
highly sensitive factors for the runoff, thus changes were 
made in those values. The model predicted relatively well 
for low to medium rainfall events during the calibration. 
The model calibration (Fig. 6a) was assessed using the (r) 
of 0.94, the determination coefficient (r2) of 0.89, PBIAS 
of − 25.2 and RMSE of 4.67 mm/day, which means the 
calibrated model can explain 89% of the variation in the 
observed runoff. The low RMSE value indicates that the 
surface runoff predictions are satisfactory. The Box and 
Whisker plot (Fig. 6b) gives the distribution of observed and 
predicted surface runoff. According to PBIAS, the model is 
over predicting the surface runoff. PBIAS has an ideal value 
of 0.0, and low magnitude values indicate accurate model 
simulation. Positive values indicate underestimation bias in 
the model, whereas negative values suggest overestimation 
bias in the model (Gupta et al., 1999). The adjustment of 
USLE—P, USLE—C, and USLE—K factors were made for 

sediment yield prediction and obtained satisfactory result. 
The model predicted relatively well for low to medium rain-
fall events during the sediment yield calibration. The model 
calibration (Fig. 6c) was assessed using the (r) of 0.94, a 
determination coefficient (r2) of 0.89, PBIAS of 10.5, and 
RMSE of 0.055 t/ha/day, which means 89% of variation can 
be explained by the calibrated model (Table 4). The Box and 
Whisker plot (Fig. 6d) gives the distribution of the observed 
and predicted values. According to PBIAS, the model is 
slightly under predicting the sediment yield. It may be due 
to landslips in the watershed, which the SWAT model could 
not account for.

4.2.3 � Surface runoff and sediment yield validation

After repeated adjustment of sensitive parameters, the 
most appropriate values of the sensitive parameters for sur-
face runoff and sediment yield prediction were identified 
(Table 5). Then the model was validated for both runoff and 
sediment yield. From 28 daily runoff data, 12 days were 
used for validation. The model predicted relatively well for 

Table 2   Surface and sub-surface soil physicochemical properties

Legend Clay (%) Texture pH EC (dS/m) Organic mat-
ter (%)

Coarse frag-
ment (%)

Bulk density 
(g/cm3)

Unsaturated hydraulic 
conductivity (mm/hr)

HS12 17 Sandy Loam 5.2 0.22 1.2 28 1.56 2.7
14 Sandy Loam 5.3 0.18 1.1

HS14 14 Sandy Loam 5.9 0.14 4.2 18 1.42 6.2
15 Sandy Loam 4.5 0.13 3.8

HS21 13 Sandy Loam 3.7 0.03 3.9 12 1.12 8.2
14 Sandy Loam 3.7 0.03 3.0

HS23 14 Loam 4.3 0.04 2.1 8 1.26 11.4
13 Sandy Loam 4.7 0.04 1.7

HS24 17 Loam 4.8 0.11 1.6 10 1.36 8.4
17 Loam 5.0 0.14 1.4

Table 3   Sensitivity analysis for 
the SWAT model parameters

Sl.no Parameters Change Surface runoff (%) Sediment yield (%)

1 Curve number (CN) − 4 − 32.8 − 30.76
4 57 54.7

2 Available water content (AWC) − 0.05 − 8.2 − 2.4
0.05 − 1.9 − 5.6

3 USLE-C − 25 1.10 − 10.73
25 1.09 11.4

4 USLE-P − 5 − 45.1 − 98
5 45.4 81

5 Slope − 25 − 1.13 − 35.85
25 1.12 40.9

6 BIOMIX − 50 − 45 − 57.9
50 45.2 0.9
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low to medium rainfall events during validation. For runoff, 
the model validation (Fig. 7a) was assessed using the (r) 
of 0.92, determination coefficient (r2) of 0.85, PBIAS of 
− 10.1 and root mean square error (RMSE) of 2.79 mm/day, 
which means the calibrated model can explain 85% of the 
variation in the observed runoff (Table 6). The NSE value 
obtained for surface runoff is 0.81. Moriasi et al. (2007) 

suggested that NSE estimates should surpass 0.5, then model 
results to be deemed satisfactory for the hydrologic process 
on a monthly time-step while relaxation applies to the daily 
time-step performance. The Box and Whisker plot (Fig. 7b) 
gives the distribution of observed and predicted surface run-
off. According to the PBIAS, similar to the calibration, the 
model also slightly over predicts the surface runoff. Surface 
runoff over prediction was found for heavy rainfall events, 
which might be attributed to coarse fragments and stony 
surfaces in the watershed, but its impact was minor at low to 

Fig. 6   Calibration regression plot and Box plot of observed and predicted surface runoff (a and b); Calibration regression plot and Box plot of 
observed and predicted sediment yield (c and d)

Table 4   Calibration statistics for surface runoff and sediment yield 
calibration

Statistical parameter Surface runoff (mm) Sediment yield (t/ha)

Observed Predicted Observed Predicted

Total number (N) 16 16 12 12
Mean 11.978 14.996 0.310 0.277
Standard deviation 6.805 9.410 0.103 0.128
Maximum 25.64 37.72 0.520 0.580
Minimum 4.00 6.04 0.150 0.120
RMSE 4.673 0.055
r 0.947 0.944
r2 0.89 0.89
PBIAS − 25.2 10.5

Table 5   Calibrated SWAT model parameters for surface runoff and 
sediment loss

Parameters for surface runoff Prescribed range Calibrated value

SCS Curve Number (CN) 35–98 Agriculture-80
Forest-72
Scrub-84

Available water content (AWC) 0–1 0.089–0.093
USLE-P 0–1 0.3–0.9
USLE-C 0.001–1 0.001–0.2
USLE-K 0–0.65 0.08–0.09
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medium rainfall events due to time lag and not accounted for 
by the model (Kumar et al., 2016, 2021; Park et al., 2017).

The model performance was good for low to medium 
rainfall events during the validation of sediment yield. The 
model validation (Fig. 7c) was assessed using a correlation 
coefficient (r) of 0.93, (r2) of 0.86, PBIAS of 6.4 and RMSE 
of 0.048 t ha−1 day−1, which means 86% of variation can 
be explained by the calibrated model (Table 6). The lower 
RMSE value depicts that the validation processes are sat-
isfactory. Figure 7d, the Box and Whisker plot gives the 
distribution of the observed and predicted sediment yield 
values. According to the PBIAS, the model is slightly under 
predicting. After the calibration and validation, the model 
performance for the sediment yield was assessed with the 
help of the NSE (0.70). Moriasi et al. (2007) suggested 

that NSE estimates should surpass 0.5, then model results 
to be considered satisfactory for hydrologic processes on a 
monthly time step while relaxation applies to the daily time-
step performance.

The PBIAS of ± 25% for surface runoff and PBIAS 
of ± 55% for sediment prediction is considered satisfactory 
in general for model simulation. PBIAS has the ability to 
clearly show when a model is not presenting a very accurate 
result (Gupta et al., 1999). The model performed exception-
ally well for low to medium rainfall during simulation. How-
ever, the high rainfall events model overestimated the runoff 
and under predicted the sediment yield. Overestimated run-
off may be due to the high surface coarse fragment and stoni-
ness, contributing to the surface runoff (Singh, 2012). Qiu 
et al. (2012) also reported the under estimation of sediment 

Fig. 7   Validation regression plot and Box plot of observed and predicted surface runoff (a and b); Calibration regression plot and Box plot of 
observed and predicted sediment yield (c and d)

Table 6   SWAT model 
validation performance

Parameters Correlation 
coefficient (r)

Coefficient of 
determination (r2)

Root mean square 
error (RMSE)

Nash–Sutcliffe model 
efficiency (NSE)

PBIAS

Surface runoff 0.92 0.85 2.79 mm/day 0.81 − 10.1
Sediment yield 0.93 0.86 0.048 t /ha/day 0.70 6.4
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yield prediction by the SWAT model. Various other studies 
also reported the under and over estimation of surface runoff 
(Suliman et al., 2015) In addition to that, the cropland has 
the conservation practices like small stone bunds and ter-
races to reduce runoff, which cannot account by the model. 
Underestimation of sediment yield may be due to landslips/
collapse of field terraces in Himalayan Region (Kumar et al., 
2021). The minimum vegetation cover (during the fallow 
period) of the paddy field during monsoon (Singh, 2009) can 
also contribute to a higher sediment yield at the watershed 
outlet. Similarly, a study conducted in Sind River Basin, 
India using SWAT model results indicated that R2 and NS 
were 0.77 and 0.74, respectively, during the calibration. The 
validation also indicated a satisfactory performance with R2 
of 0.71 and NS of 0.69 (Narsimlu et al., 2015). Also, a study 
carried out in Tons River Basin, the R2, NSE, and PBIAS 
were 0.74, 0.73, and − 3.55, respectively, during the calibra-
tion, whereas in validation period values were 0.75, 0.69, 
and 18.55, respectively (Kumar et al., 2017). The literature 
also provides the capability of SWAT model to simulate ero-
sion processes reliably.

4.2.4 � Surface runoff and soil loss prediction

After the calibration and validation, the SWAT model was 
run to predict surface runoff and soil loss from each HRU 
on a yearly scale. 13 HRUs were created by SWAT model 
based on the dominant LULC, soil, and slope. Predicting 
the runoff from different land uses, a high average annual 
runoff was generated from scrubland (930.53 mm/year) 
followed by paddy (720.87 mm/year), and then by maize 
(709.2 mm/year), while less runoff was predicted from the 
moderately dense forest (678.3 mm/year). Average surface 
runoff from various land uses shows that runoff from scrub-
land is higher due to less cover and the absence of conser-
vation practices. Paddy and maize fields have conservation 
practices, although the breakage of bunds and terraces in the 
watershed during high-intensity rainfall causes the relatively 
high surface runoff. Since the moderately dense forest has 
more canopy and thus the rainfall interception energy was 
dissipated, low surface runoff was observed. The gradient, 
plant cover density, and stone cover of cut slopes exhibited 
statistically significant effects on runoff and erosion, accord-
ing to Arnaez et al. (2004). Also, soil hydraulic conductivity 
was higher in forests than in pastures (Chandler et al., 2018). 
Thus, forest can reduce the surface runoff and associated 
sediment yield than the other land uses.

Similarly, predicted soil loss was also high in scrub 
land and low in moderately dense forest. Soil loss from 
paddy fields was observed as low, and runoff was high in 
the maize fields because of the overflow of standing water 
from the field. The highest soil loss was observed (Table 7; 
Fig. 8) from the HRU number 6, which is mainly occupied 

by scrub land (42.78 t ha−1 year−1). Liu et al. (2020) also 
reported that scrubland had a greater runoff reduction effect 
than grassland and forest. The higher slope, less cover, and 
higher erodibility of the soils in the scrub land is the pri-
mary reason for higher soil erosion. HRU number 1, the 

Table 7   Soil loss from various HRUs

HRU Dominant land use Soil loss (t 
ha−1 year−1)

1 Maize 33.29
2 Moderately dense forest 21.39
3 Maize 29.53
4 Maize 31.36
5 Maize 25.88
6 Scrub land 42.78
7 Moderately dense forest 19.49
8 Maize 31.07
9 Moderately dense forest 19.54
10 Paddy 24.00
11 Paddy 29.09
12 Paddy 24.19
13 Paddy 18.96

Fig. 8   Spatial distribution of soil loss (t ha−1  year−1) from various 
HRUs
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maize field at the upper part of the watershed, has a soil 
loss of 33.29 t ha−1 year−1, followed by HRU 4 and HRU 8 
(maize) (Fig. 9a). Soil loss from HRU 13 observed as lowest 
(18.9 t ha−1 year−1) among all. It is mainly because of the 
conservation measures (stone patch riser terrace; Fig. 9b) 
adopted in the paddy field. Forest in the watershed is mod-
erately dense, and these are under the threat of erosion. Soil 
loss of 19.49 t ha−1 year−1 from HRU 7, 19.59 t ha−1 year−1 
from HRU 9, and 21.39 t ha−1 year−1 from HRU 2 were 
observed. The upper part (higher elevation and slope) of 
the watershed found to be more prone to erosion. While 
moderately dense Sal forest (Fig. 9c) and stone patching on 
riser of terraced paddy field showed relatively less prone 
to erosion. Soil loss from paddy fields was observed as 
low and runoff as high when compared to the maize fields 
because of the overflow of standing water from the field. 
The standing water also act as cover and protect soil from 
further detachment (Fig. 9d). Vegetation has been found to 
minimise runoff through canopy interception, increased soil 
permeability, root consumption for plant growth, and evapo-
transpiration in general (Gyssels & Poesen, 2003; de Baets 
et al., 2007). Furthermore, several studies have shown that 
increasing above-ground plant parts, litter layers, canopy 
and ground cover, and the soil binding effects supplied by 

root systems minimises soil erosion. (Borrelli et al., 2017; 
Zhao et al., 2014).

Among different land uses (Fig. 10), significantly less 
average soil loss (20.14 t ha−1 year−1) was observed in the 
moderately dense forest, followed by the paddy (24.06 t 
ha−1 year−1). Higher soil erosion rates were observed in the 
scrub land (42.78 t ha−1 year−1) and followed by the maize 
cropland (30.2 t ha−1 year−1). The lower erosion rate in the 
moderately dense forest is mainly due to the forest cover, 
reducing the rainfall's impact directly to the soil. Less cover 
and higher slope lead to higher soil erosion rates in scrub 
land. Farmers are adopting conservation practices like stone 
patching on riser of terraces, bench terraces, stone bunds, 
etc., which helps to reduce soil erosion in the paddy field. 
The terraces field in the watershed, according to Kumar et al. 
(2021) and Yin et al. (2009), promotes rainfall to infiltrate 
into the soil, which helps to reduce surface runoff. Natural 
forest cover also helped to reduce surface runoff through 
canopy interception, increased water use, and surface rough-
ness effects.

Singh (2012) carried out a previous study at the same 
watershed, Sitla Rao shows an average soil erosion of 
24.66 t ha−1 year−1. However, the average soil erosion 
rate increased to 29.30 t ha−1 year−1 in the current period. 

Fig. 9   Maize field (a), Stone 
patching on riser of terraces 
(b), Sal forest (c), and Standing 
water in the paddy fields during 
monsoon (d)
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The Sitla Rao watershed produced average daily sediment 
in the range of 1.0–1.32 t ha−1 with a peak of 3.04 t ha−1 
on a daily time-step, and average daily runoff 19.58 mm 
with a peak of 41  mm during the validation period 
(Kumar et al., 2021). Morgan et al. (1986) found that, 
in mountainous places, soil loss up to 25 t ha−1 year−1 
is considered tolerable. In this study, it is quite higher 
than the tolerable limit. The majority of the subarea soil 
erosion is above 25 t ha−1 year−1. A study carried out at 
Pathri Rao sub-watershed in the Himalayan Shivalik area, 
Kumar and Kushwaha (2013) predicted an average annual 
soil erosion rate of 35.47 t ha−1  year−1 using RUSLE. 
According to Mandal et al. (2010), in the north-western 
Himalayas, the standard soil loss tolerance limit (SLTL) 
ranges from 2.5 to 12.5 t ha−1 year−1 and is followed for 
planning soil conservation activities. It is evident that 
most of the HRUs have soil erosion levels higher than 
20 t ha−1 year−1, which is a matter of grave concern from 
the point of view of conservation of natural resources and 
agricultural production.

4.3 � Projected future rainfall scenario

MarkSim DSSAT weather generator tool was used to 
obtain a downscaled future climate scenario to understand 
future rainfall changes. As per the IPCC recommendation, 
an average of the models available in MarkSim was down-
loaded and analysed the rainfall parameter under both 
the RCPs of 4.5 and 8.5 from 2011 to 2095. The rainfall 
changes under different scenarios discussed below.

4.3.1 � RCP 4.5 scenario

The climatic parameters were analysed with the baseline 
period (1986–2015) to study future changes in rainfall for 
the years; the 2020s (2011–2040), 2050s (2041–2070), 
and 2080s (2071–2095). These periods were represented 
as first, second, and third tricennial. It was observed that 
the average annual rainfall (Fig. 11a) of the study area is 
increasing under the RCP 4.5 scenario. The rainfall dur-
ing the June and September months showed a decrease in 
the future period while July and August months showed a 
drastic increase. It indicated that during July and August, the 
intensity of rainfall may also increase. This increase in rain-
fall may lead to extreme soil erosion from the agricultural 
land because the rainy season crops are sowing in July, and 
there will be less protection for the soil during these periods. 
The average annual rainfall in the base period (1986–2015) 
is 2245.10 mm, while it is 2481.0 mm, 2469.4 mm, and 
2521.8 mm, estimated for the three 30-year periods referred 
above. Kumar et al. (2015) conducted a study over six loca-
tions which are part of the Himalayan region. The results 
indicate a very significant positive trend in annual rainfall 
(22 mm/year) in these regions.

4.3.2 � RCP 8.5 scenario

Under RCP 8.5, the average annual rainfall (Fig. 11b) shows 
an increase within the study area. The change in rainfall 
under this scenario is relatively greater than that under the 
RCP 4.5 scenario. The annual rainfall averages 2245.1 mm 
in the base period; however, it increased to 2440.4 mm in 

Fig. 10   Average soil loss from 
various land use/land cover
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the first tricennial, 2564.3 mm in the second tricennial, and 
2472.3 mm in the third tricennial. Similarly, in the interme-
diate scenario, the high emission scenarios also showed a 
higher rainfall in July and August, while June and Septem-
ber showed a decreasing trend. Under RCP 4.5, July month 
in 2080 has the highest amount of rainfall (1053.4 mm). 
While under the RCP 8.5 scenario, July month of 2050 has 
the highest rainfall (1140.7 mm). Similar to the RCP 4.5 
scenario, this scenario also increases in rainfall during the 
July month contribute to higher soil erosion from crop land 
(Paddy and Maize).

Gupta and Kumar (2017) carried out a study at mid-Him-
alayas and exposed that average annual rainfall may increase 
by 23.79–33.3% for H3A2 and 27.87–31.67% H3B2 sce-
nario during 2011–2099, while in the current study, rainfall 
increases by 10.5%, 9.9%, and 12.3% during first tricennial, 
second tricennial, and third tricennial, respectively, based on 
the RCP 4.5 scenario. By the 2050s, rainfall will decrease 
slightly and increase by 12.3% during 2080s. The amount 
of rainfall based on the RCP 8.5 scenario from the base 
period showed an increase of 8.7%, 14.2%, and 10.1% in 
the first tricennial, second tricennial, and third tricennial. 
The 30-year average of projected rainfall indicates slight 

variations in both RCP8.5 and RCP 4.5 during the second 
tricennial (Fig. 12).

Under the RCP 8.5 scenario, the highest and lowest 
changes in rainfall were seen in the 2050s (14.2%) and 
2020s (8.7%). Rainfall is anticipated to increase throughout 
all states, with the western part of the country experiencing 
the slightest change and the northern, eastern, and southern 
regions experiencing the most change under RCP 8.5. Based 
on the RCP 8.5, the country experiences an overall increase 
in Arunachal Pradesh and Haryana (Yaduvanshi et  al., 
2019). These rainfall estimations suggest the necessity for 
changes in agricultural management methods such as early 
soil preparation and sowing activities. The change in rainfall 
pattern may worsen the nation’s food production, particu-
larly in a country with rain fed agriculture is prominent.

4.4 � Future soil loss

Similar to the future rainfall scenario, future soil loss also 
showed an increasing trend under both RCP scenarios. The 
average soil loss from different land uses were estimated 
based on RCPs for the first tricennial, second tricennial, and 

Fig. 11   Change in monthly 
average rainfall from baseline 
under RCP 4.5 (a) and RCP 8.5 
scenario (b)
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third tricennial. Percentage change of soil loss with the base-
line period was also identified.

4.4.1 � Future soil loss under RCP 4.5 scenario

Future climate scenario analysis showed that the periods of 
first tricennial, second tricennial, and third tricennial rainfall 
is expected to increase 10.5%, 9.9%, and 12.3%, respectively, 
from the baseline under RCP 4.5. The average soil loss 
under the RCP 4.5 (Table 8) scenario increased up to 18.1% 
from the baseline during 2080, 15.5% during 2020, and 
14.6% during the 2050s. This result showed that the high-
est expected change in rainfall in the 2080s (12.3%) has the 
highest soil loss. Soil erosion was examined across a variety 
of land uses/covers, and the highest rate of erosion was dis-
covered in scrublands (42.78–53.20 t ha−1 year−1), followed 
by agricultural fields (Maize) (30.23–36.07 t ha−1 year−1), 
and followed by paddy (24.06–28.22 t ha−1 year−1). How-
ever, in the RCP 4.5 scenario, the mod. dense forest was 
found to have less erosion risk (20.14 to 22.43  t ha−1 year−1). 
At the same time, the average soil erosion increases from 
29.3 to 35 t ha−1 year−1 based on RCP 4.5, with a percentage 
change of 18.1 during the twenty-first century. Zheng et al. 
(2007) estimated that a 4–18% increase in rainfall could 
cause a 49–112% increase in runoff and a 31–167% surge 

in soil loss. Akarsh (2013) conducted a study showing that 
soil erosion increases from 37.97 to 221.99% under the A2a 
scenario from 2020 to 2080, from the base period over the 
Doon valley, Uttarakhand. Less erosion rate was observed 
in the moderately dense forest due to cover factor and the 
higher erosion rate observed in scrub land due to the absence 
of cover and management practices. Pal and Chakrabortty 
(2019) reported a higher rate of soil erosion under the RCP 
6 and 8.5 while comparably less soil erosion under RCP 
2.6 and 4.5. Narsimlu et al. (2013) reported that increase in 
surface runoff was estimated using SWAT model due to the 
increased rainfall projected from IPCC A1B scenario.

4.4.2 � Future soil loss under RCP 8.5 scenario

Under this scenario, expected rainfall for the period 2020s, 
2050s, and 2080s increased 8.7%, 14.2%, and 10.1%, 
respectively, from the baseline. The RCP 8.5 (Table 9) rep-
resents a higher emission scenario and shows higher rain-
fall changes resulting in a higher average soil erosion rate 
during the 2050s of 20.9% and less soil erosion during the 
2020s (12.8%). RCP 8.5 scenario predicts relatively higher 
rainfall than RCP 4.5, so erosion was low in the RCP 4.5 
scenario. Soil erosion was examined across a variety of land 
uses/covers, and the highest rate of erosion was discovered 

Fig. 12   Percentage change in 
rainfall under RCP 4.5 and RCP 
8.5

Table 8   Average annual soil 
loss (t ha−1 year−1) and the 
change in percentage from 
different land use under 4.5 
scenario

Land Use Average soil loss (t ha−1 year−1) Change in soil loss (%)

Present 2020s 2050s 2080s 2020s 2050s 2080s

Maize 30.23 35.25 34.94 36.07 16.61 15.57 19.33
Mod. dense forest 20.14 22.10 21.99 22.43 9.73 9.18 11.39
Scrubland 42.78 51.67 51.15 53.20 20.77 19.56 24.36
Paddy 24.06 27.61 27.41 28.22 14.75 13.91 17.28
Average 29.3 34.2 33.9 35.0 15.5 14.6 18.1
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in scrublands (42.78–54.90 t ha−1 year−1) and followed by 
agricultural fields (Maize) (30.23–36.98 t ha−1 year−1), fol-
lowed by paddy (24.06–28.86 t ha−1 year−1). However, in 
the RCP 8.5 scenario, the moderately dense forest was found 
to have less erosion risk (20.14–22.79 t ha−1 year−1). Under 
the RCP 8.5 scenario, soil erosion increases to 12.8% and 
further increases to 21% and further reduced to 15% during 
the first tricennial, second tricennial, and third tricennial, 
respectively. This increase may lead to soil degradation from 
the agricultural field. Which further reduces the soil quality, 
health as well as natural resistance of soil. This can lead to 
use decreased agricultural productivity from the high land 
agriculture. Policy makers and planners must pay special 
attention to the impacted areas to reduce the quantity of soil 
loss. To avoid a situation like this, structural and non-struc-
tural precautions must be adopted. Local governments and 
others have previously taken steps to mitigate top soil loss. 
However, given the circumstances, such approaches may not 
be appropriate to address the problem and may violate sus-
tainable land management norms (Chakrabortty et al., 2020). 
As a result of the findings, forests may be able to withstand 
future surface soil erosion, and social forestry with exte-
rior plant species may be able to alleviate the problem of 
increased erosion in agricultural fields. Soil erosion can be 
reduced to a greater extent in agroforestry-style agricultural 
fields.

Similarly, the average annual soil erosion rate over the 
Mahi River basin increased by 11.2% based on the ensemble 
means of the climate model (Maurya et al., 2021). In con-
trast, the average soil erosion increases from 29.3 to 35.9 t 
ha−1 year−1 based on RCP 8.5 with a percentage change of 
21 during the twenty-first century. Gupta and Kumar (2017) 
carried out a study at mid-Himalayan landscape and unveiled 
that the average annual soil erosion rate may increase by 
28.38%, 25.64%, and 20.33% under the H3A2 emission 
scenario during the first tricennial, second tricennial, and 
third tricennial. Owing to changes in rainfall intensity and 
volume, the erosive potential of soil particles rises, whereas 
future average global soil erosion is expected to increase 
by 9% due to climate change by 2090 (Yang et al., 2003). 
From the 2020s through the 2080s, there is a progressive 
increase in the rate of soil erosion. Using support vector 
machine (SVM) downscaled data, soil loss increased up 

to 4.75 t ha−1 year−1 from the 2020s to the 2080s, while 
the statistical downscaling models (SDSM) model predicts 
an increase up to 6.10 t ha−1 year−1 from the 2020s to the 
2080s (Mondal et al., 2015). A study conducted in East-
ern India, Chakrabortty et al. (2020) revealed that severe 
precipitation rates with high kinetic energy due to climate 
change are favourable to soil erosion susceptibility. Pal et al. 
(2021) also indicated that soil erosion will become more 
prevalent in the future (2040, 2060, 2080, and 2100s). So, 
in sub-topical monsoon-dominated nations like India, the 
potential impact of climate change on soil erosion has been 
established. Under the representative concentration pathway 
(RCP) 4.5 and RCP 8.5 emission scenarios, Rajbanshi and 
Bhattacharya (2021) calculated that a 3.67–11.08% increase 
in rainfall-runoff erosivity and might result in a 3.7–11.76% 
increase in soil erosion and sediment production in the 
watershed.

The increase in rainfall due to climate change is observ-
ing several regions around the world. The sloppy terrain 
with high-intensity rainfall may exacerbate the soil erosion 
in the hilly and mountainous region. Several researchers 
stated the increase in soil erosion due to climate change 
around different regions Brazil (Anache et al., 2018), Iran 
(Doulabian et al., 2021), Pakistan (Ashraf, 2020), Thailand 
(Sirikaew et al., 2020), and Morocco (Simonneaux et al., 
2015). Although, the soil erosion decrease due to rainfall 
was also observed by Stefanidis and Stathis (2018) over 
Greece. Similarly, in India, several studies reported the 
impact of climate change on soil erosion over West Bengal 
(Pal & Chakrabortty, 2019), Western India (Maurya et al., 
2021), Uttarakhand (Khare et al., 2017), Narmada River 
basin (Mondal et al., 2016). While comparing the soil ero-
sion percentage change with other studies is often complex, 
because the change in erosion rate may differ according to 
a regions’ topography, soil type, land use/land cover, and 
management practices adopted. Thus, the change in soil ero-
sion with different rainfall scenario also may vary based on 
the site characteristics.

As additional increases in soil erosion are anticipated in 
catchments due to climate change, vegetative and structural 
control measures are urgently required to mitigate the threat 
of soil erosion. In a mildly sloping area (1–6%) contour 
farming is helpful to reduce energy of runoff water. Tillage 

Table 9   Average annual soil 
loss (t ha−1 year−1) and the 
change in percentage from 
different land use under 8.5 
scenario

Land use Average soil loss (t ha−1 year−1) Change in soil loss (%)

Present 2020s 2050s 2080s 2020s 2050s 2080s

Maize 30.23 34.37 36.98 35.03 13.69 22.32 15.88
Mod. dense forest 20.14 21.77 22.79 22.03 8.07 13.14 9.36
Scrubland 42.78 50.15 54.90 51.43 17.23 28.33 20.21
Paddy 24.06 26.99 28.86 27.48 12.20 19.94 14.19
Average 29.3 33.3 35.9 34.0 12.8 20.9 14.9
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makes soil surface more permeable to infiltration of rainwa-
ter. This practice also reduces runoff, soil and nutrient losses 
and enhance crop yield. Mechanical measures like contour 
bunds can be used for soil conservation. To reduce the slope 
and slope length bench terrace can be used. Maintenance and 
strengthening of terraces and stone bunds in the cropland 
by growing grass along the bund and terraces can reduce 
the chances of breakage of these and overflow of runoff 
water during monsoon season. For suitable natural drain-
age grassed waterways are essential on agricultural land. 
Since the watershed belongs to the Doon valley it is suit-
able to use different grasses like Panicum repens, Brachiaria 
mutica, and Cynodon plectostachyus. For forest and scrub-
land trenching is helpful to reduce runoff and soil erosion. 
Hence, we suggest integrated multidimensional conservation 
measures to combat soil erosion due to climate change.

5 � Conclusion

The soil erosion in the Himalayan region is very severe 
due to the sloping terrain and high-intensity rainfall. The 
future climate change may worsen this scenario than 
the current period. In this study, the MarkSim weather 
generator tool was used to obtain the downscaled future 
climatic variable (Rainfall) at a point scale. The average 
rainfall of the baseline period (1986–2015) was estimated 
as 2245.1 mm. Analysis of rainfall based on RCP 4.5 and 
8.5 exhibited an increasing trend in the future from the 
baseline period. Under the RCP 4.5 and 8.5 pathways, 
rainfall is anticipated to increase from 12.3 to 14.2%. The 
calibrated SWAT model was performed exceptionally well 
for low to medium rainfall but overestimated surface run-
off and underestimated the sediment yield. The r2, PBIAS 
and RMSE of runoff validation were 0.85, − 10.1, and 
2.79 mm, respectively. For sediment yield validation, r2 
was 0.86, PBIAS was 6.4, and RMSE was 0.048 t ha−1. 
Also, the Nash-Sutcliffe Efficiency for the surface runoff 
was 0.81 and sediment yield was 0.70. Hence, the SWAT 
model was satisfactory with the applicability and perfor-
mance in the humid subtropical Himalayan watershed. 
The highest soil loss occurred from scrubland (42.78 t 
ha−1 year−1), which belongs to the high slope areas and 
least cover, followed by maize (30.23 t ha−1  yr−1) and 
paddy (24.06 t ha−1 year−1). The fewer soil loss was pre-
dicted from the moderately dense forest (20.14). At pre-
sent, the average annual soil loss from the watershed is 
29.3 t ha−1 year−1, while under RCP 4.5, it is expected 
to increase up to 35 t ha−1  year−1 in the 2080s. Under 
RCP 8.5, soil loss is expected to increase up to 35.9 t 
ha−1 year−1 in the 2050s. Increased rainfall has resulted 
in a variation or an increase in future soil erosion. Com-
pared to the current or observed time to a future period, 

a significant increase in soil erosion was observed. Under 
RCP 4.5, the percentage change in soil loss in the 2080s 
and 2020s is higher than in the 2050s and enormous soil 
loss was predicted in the 2050s and 2080s under RCP 8.5. 
The study has a limitation; it only considered rainfall, indi-
cating that more rainfall will increase soil erosion. Other 
characteristics, such as soil type, land use, and slope, were 
treated as constants in the future. Although the study con-
firms that the region’s agricultural and scrub lands are 
more prone to erosion, owing to differences in tillage, con-
servation and cropping time. Moreover, climate change 
will pose a significant threat to soil erosion in the future.

Various climate models and emission pathways forecast 
varied amounts of rainfall, resulting in different climate 
projections. It is critical to emphasise that while the study 
does not provide precise soil erosion estimates, it provides 
scientists and policymakers with solid systematic evidence 
of future soil erosion in the humid subtropical Lesser Hima-
layas. Soil erosion by water is the major land degradation 
problem around the world. The mountainous terrain like 
Himalayas is prominent in present situation. To reduce the 
soil quality degradation due to intensive soil erosion needs 
proper conservation and land use planning in Himalayan 
region where high land agriculture is prominent. The study 
predicting increase rainfall depth during various scenarios. 
This further enhances the soil erosion from fragile Hima-
layan mountains. This can lead to decreased productivity 
from the high land agriculture. To offset this, planners need 
to implement the policies which can reduce the soil erosion 
from the agricultural land. Based on the erosion severity 
in various regions, they can adopt site-specific practices. 
These kinds of reliable scientific information provide effi-
cient sustainable adaptation and mitigation measures for the 
decision makers. Thus, the future increase in soil erosion 
can be ameliorated with reforestation and afforestation, as 
the moderately dense forest cover showed less soil erosion 
in the future than the other land uses. It also revealed that 
integrated multidimensional soil conservation methods are 
critical in the watershed, mainly where the land is in a state 
with high soil erosion.
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