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Abstract
The large-scale water-induced erosion is one of the most determining elements on land 
degradation in subtropical monsoon-dominated region. From this large-scale erosion, 
the fertility of the agricultural land has been decline consequently. So, estimation of the 
amount of erosion and its accurate prediction is necessary for escaping from this hazardous 
situation. In this study, the application of evidential belief function (EBF), spatial logistic 
regression (SLR) and ensemble of EBF and SLR to estimate the erosion potentiality with 
the help of ArcGIS and Soil and water assessment tool (SWAT). The average annual soil 
erosion has been estimated with the help of revised universal soil loss equation (RUSLE) 
and geographical information system (GIS). Apart from this to evaluate the importance 
of morphotectonic parameters on soil erosion, the correlation between erosion potentiality 
and average annual soil erosion has been quantified. In large-scale erosion, there is a direct 
impact of storm rainfall event in monsoon period in the entire subtropical region. Here, 
in erosion potentiality assessment, the optimal capacity of ensemble EBF-SLR is higher 
than the single alone methods, i.e., EBF and SLR. So, the mentioned approaches can be 
applied in soil erosion research in subtropical environment with considering the erosion 
causal parameters. This type of information can be helpful to the decision-maker and stake-
holders to take proper initiative to reducing the rate of erosion. The main task of the future 
researcher is to implement this method more accurate ways with considering more reliable 
variables and slight modifications of the approaches in keeping in the view of regional 
environment.
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1 Introduction

The nature and as well as human-induced activity plays a important role to fluctuate the 
availability of natural resource (land, water, mineral etc.) in wide volume (Gajbhiye et al., 
2014). Surface soil erosion establishes land degradation in severe form which is responsi-
ble for decline crop production (Pal & Chakrabortty, 2019a; Saha et al., 2021). This type 
of surface erosion is very common in process and massively accelerated by the artificial 
activities. In this process, the amount of total loss is much more than the formation of 
regolith (Lal, 2003, 2014; Nearing, 2013; Renard et al., 2011; Wischmeier & Smith, 1978). 
This problem is posed by the tropical and subtropical areas in an extreme stage by reduc-
ing the resource capacity. Management is really very realistic at the level of the watershed, 
defining many variables in relation to the hydro-geomorphological characteristics. Differ-
ent researchers from multiple domains find out the risk for watershed degradation by prior-
itizing the watercourse with specific factors in mind (Aher et al., 2014; Saha et al., 2020). 
Comparably, several researchers determined the quantity of erosion by taking into account 
various quantitative and semiempirical methods for evaluating vulnerable areas (Gelagay 
& Minale, 2016; Kouli et al., 2009; Lin et al., 2002).

Geospatial tools (Remote sensing and Geographical information system) are more pow-
erful method for evaluating morphometric characteristics in the watercourses to evalu-
ate the probability for erosion (Avinash et al., 2011; Chowdary et al., 2009; Meshram & 
Sharma, 2017; Rahmati et al., 2016; Yadav et al., 2014). Several academics used SWAT 
(Soil and water conservation tool) and the GIS for calculating the various morphometric 
variables with appropriate precision (Fadil et al., 2011). The SWAT is a mixture of multi-
ple statistical and computation methods, capable of accurately estimating the complicated 
procedure. It separates the catchment from compact to separate drainage, HRU and reach 
then; the sub-watershed could be demarcated by statistical measure.

In water-induced processes, various morphometric variables have a different purpose 
to erode the surface materials. Recently, the 56 percent out of total land deteriorated due 
to rapid rate of erosion (Oldeman, 1992). One of the important reasons for land loss is 
the conversion of the vegetative area into farming and impervious  areas (Alejandro & 
Omasa, 2007). This case, in United Nation, stated that is an obstacle to sustainable devel-
opment because it cannot support ecological and forestry policy without adequate calcula-
tion assessment of degradation and being integrated into strategic planning (Thomas et al., 
1991).

The implementation of artificial intelligence (AI) approaches in the geographic informa-
tion system has frequently applied in recent times to estimate the rate of catchment erosion 
(Korb & Nicholson, 2010). In addition, these AI techniques permitted in use of network 
analysis to integrate the qualitative information (Arabameri et  al., 2021; Martınez et  al., 
2003; Pal et al., 2020). This model conducts in nonlinear feature and partners each neu-
ron linked to a consequent neighbor and it is functionality varying to improve the network 
for effective results. This related the hidden layer feature makes a variation between input 
and output result being acted as a defining factor for a nonlinear connection (Chowdhuri 
et al., 2020; Koskivaara, 2004). The unevenness of rainfall from low to heavy is a major 
reasons that show the possibility of future erosion area, its volume and deposition (Pal & 
Chakrabortty, 2019a). The erratic rainfall, wet season, a short period of torrential rainfall 
occurrence with high intensities, etc., of the whole region is controlled by monsoon. Con-
sequently, the possible effect of rainfall fluctuations is isolated from the important charac-
teristics of estimating erosion rate upcoming time frame (Teng et al., 2018).



3520 R. Chakrabortty et al.

1 3

Besides, the LULC (Land use and land cover) changes on variance of rainfall have been 
calculated with high accuracy. This current research has tried to predict how land erosion 
has evolved over the years through various activities (Natural and artificial). Scientific and 
lasting research effect on the development of surface land features can be obtained in this 
way. Commitment of land cover and change of vegetation field related to constructional 
environment and its surrounding environment: anthropogenic behavior transforms land use 
pattern and environment do play role also. Land cover is one of the main significant data 
is used to illustrate the impacts of changes in land use. A map of land use is generated 
using various techniques on satellite data. Many research on Landsat’s satellite data created 
land use maps of the monitored classification method. The improvements in urban plan-
ning and sustainable areas across time were measured by the use of land cover maps. The 
adjustment in land cover through time and shifting of people from core to periphery area is 
normally influenced by climatic variation (temperature, wind, rain and drought) that indi-
viduals feel insecure in the region because the development and scheduling are not good. 
A few researches show the spectrum of bioclimatic console areas that people are comfort-
able with. Changes of the soil and the climatic conditions are quite significant. Soil evalu-
ations offer citizens in town an aggressive scenario to prevent the negative economic and 
political issues. New research including spatial data can predict the drought conditions and 
management strategies (Cetin & Sevik, 2016a ; Cetin, 2015a, b, c; Kaya et al., 2019). Tem-
perature, wind, rain, drought influence climatic variables that peoples are feel confident or 
unconfident in the area because of the bad strategy and maintenance capacity. A few of the 
studies show the spectrum of comfortable bioclimatic comfort zone where people feel quite 
relax mood. Dryness assessment is very important, as in the climatic scales. Dry environ-
ment assessments provide residents with an active urban environment and ensure that the 
economic and political challenges are detrimental. Latest analysis using remotely sensed 
drought conditions data indicates drought management (Cetin, 2015c; Cetin & Sevik, 
2016a, b; Cetin et al., 2018a, b; , 2019; Kaya et al., 2019). The new analysis is to create a 
conservation plan focused on the objectives of preserving a region’s ecological and historic 
landscape principles by evaluating landscape parameters same as the list of possible tour-
ists, vegetation cover, cultural norms, and elevation composition. ArcGIS has been used 
as a geographic information system to test the terrain parameters, and the data from the 
analysis were collected through a questionnaire, surveys and visualization. The region has 
a wildly heterogeneous topographical structure, i.e., it has a rich surface-shaped structure 
and hence has visible landscape importance. The diversity in surface features also allows 
the region to enrich in green cover and with climatic values; Apart from that locational 
benefit can be called this diversity. This allowed rich flora and thus wide range of fauna 
to be formed. The characteristics of summer and winter season are hot and cool in nature, 
respectively, in this region and also derives adequate rainfall in winter (Cetin, 2015a, b, c; 
Cetin & Sevik, 2016a, b; Cetin et al., 2018a, b, 2019).

Morphotectonic variables have a major effect on the vulnerability to soil erosion in India, 
a monsoon-dominated subtropical region. Hence, these variables not only lead an important 
role in the hydro-geomorphic properties, also by integrating the factors to estimate the vul-
nerability to soil erosion. Geophysical characteristics and their behavior are known to con-
trol soil erosion due to the fact that the entire catchment area is concerned with absorbing 
the exterior water and eroding topmost layers and eventually transported them by the various 
active drivers. The river and its drainage network play a significant part in the development 
of the environment (Patel et al., 2013). The measurement by morphotectonic variables of the 
characteristics of the diverse environment is important for the possibility for erosion (Clarke, 
1966; Kottagoda & Abeysingha, 2017). Measurement of such variables will make a scientific 
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real scenario about the changes in relief and land that can be differentiated from one to the 
other (Strahler, 1964). Diverse morphometric variables, groundwater potential (Avinash et al., 
2011), erosion possibility and others have been extensively for this reason.

The application of various experimental models is very reliable in watershed scale for esti-
mating the rate of erosion with optimal accuracy. The various kinds of models have been used 
by various researches in diversified discipline, such as USLE (Universal soil loss equation), 
RUSLE (Revised universal soil loss equation), MMF (Morgan–Morgan–Finney method), 
RMMF (Revised Morgan–Morgan–Finney method), Chinese soil erosion model, and Euro-
pean soil erosion model. Of them, the RUSLE (Revised universal soil loss equation) is more 
reliable in monsoon-dominated region, where the impact of rainfall event is prominent. This 
model is very flexible in nature and can be used in various climatic regions with little modi-
fication. The main objectives of this outcome are to estimate the erosion potentiality using 
ensemble EBF and spatial logistic regression and quantify the average annual soil erosion by 
RUSLE model. And find out the relationship between amount of erosion in the entire region 
and erosion potentiality in sub-watershed scale.

1.1  Literature reviews

Our soil resource is critical to humanity’s survival. It not only provides the absolute basis for 
our lives, but it also provides the majority of farming products that support us and our mode 
of living, fiber, and timber. Soil loss is a worldwide issue that is now one of the most pressing 
concerns in many countries. Soil erosion refers to the loss of soil caused by natural (e.g., water, 
wind, and snow) and human-induced  (e.g., vigorous and widespread agricultural produc-
tion) forces working together (Nasir Ahmad et al., 2020). Since soil quality damage is almost 
always irreversible, ensuring agricultural production and environmental quality requires pre-
serving this resource (Chen, 2007). Wind and water erosion are two of the most common risks 
to soil health. This is a natural mechanisms that affects our lives in a variety of ways, the most 
serious of which is decreased food supply (Oliver & Gregory, 2015; Pimentel, 2006). Erosion 
causes off-site sediment transport, which may create complications downstream in contrast to 
on-site soil depletion (Enters, 1998). Sediment can clog irrigation systems, raise the risk of 
floods, reduce reservoir capacity, and transport nutrients and pollutants, both of which under-
mine water quality (Mostaghimi et al., 2000). As a result, reducing erosion is critical not just 
for protecting soil but also for maintaining potable water supply and enhancing water and air 
quality. Engineers and others have made significant strides in understanding and controlling 
erosion in recent decades. Increased demographic stresses on land use and crop productivity, 
on the other hand, continue to cause new and enhanced soil erosion challenges (Blaikie & 
Brookfield, 2015). We previously described the recent trends of research regarding the erosion 
potentiality and average annual soil loss with considering different empirical and semiempiri-
cal methods. Apart from this, a detailed comprehensive literatures has been incorporated for 
understanding the recent trends of research in related to soil erosion and the justification of our 
research (Table 1).

2  Case study

The ‘River Kangsabati’ initiate from the Chhota Nagpur plateau’s Jabourban hill 
in Puruliya district, which is regarded to be major undulating degradation-prone 
gully terrain (Fig.  1) where the primary stream of first and second order is involved 
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in diminishing the soil (Mittal et al., 2014). This circumstance,  the importance role of 
first and second order channels helps make this basin  into the central portion  is very 
sloping and rocky terrain. This river flows primarily southeast into the lower Bengal 
basin to its mouth (Mittal et al., 2014), and it is regarded to become major water scare 
region, though it experiences adequate precipitation during the peak monsoon period 
(Chakrabortty et al., 2020a). The larger amount of rainfall with maximum kinetic forces 
produces severe situation for flooding and also soil loss and related sedimentation. This 
region is bounded by the northeast basin of the Damodar River, and the southeast basin 
of the Subarnarekha River. Diversified geographical, hydrological and environmental 
attributes are typical distinctiveness of such a river basin that can stimulate the greater 
attention of economic resources. The Kangsabati dam is situated at the Kangsabati con-
fluence location, which is one of the Kumari River’s main tributaries. This is a multi-
purpose program that can promote irrigation, potable water, fish farming, and hospital-
ity. It reduces the effect of drought in their area of command. In recent years, however, 
due to extreme erosion and subsequent sedimentation, storage capacity has been declin-
ing in 1/3 in its yearly capacity (Bhave et al., 2014).

3  Methods

This research is associated with estimating the erosion potentiality with considering evi-
dential belief function (EBF), spatial logistic regression (SLR) and ensemble of EBF and 
SLR (Fig. 2). Apart from this, the average annual soil loss also estimated with the help of 

Fig. 1  Location of the study area
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revised universal soil loss equation (RUSLE). The detailed method for estimating the soil 
loss with considering RUSLE is shown in Fig. 3. The correlation between erosion potenti-
ality and average annual soil loss has been done to find out the relationship among the role 
of morphotectonic factors on soil erosion.

3.1  Data sources

Different datasets have been chosen, such as topographical chart, DEM (Digital elevation 
model) derived from SRTM (Shuttle radar topographic mission), geological chart, and line 
map. Besides this, different primary knowledge about the erosional dimension is required 
for this work to be carried out. The source of the data is indicated in Table 2.

3.2  Watershed delineation through soil and water assessment tool (SWAT)

SWAT in GIS platform was regarded to delineate the Kangsabati River Basin watershed. 
The SWAT model is important for determining the HRUs (Hydrologic response units) to 
recognize watersheds and sub-watersheds (Mittal et al., 2014). The distinctive variation 
of relief and geo-hydrological interaction is expressed of each component. The SWAT 
model has been considered to determine and classify various sub-basin factors, model of 
rainfall and runoff (Bauwe et al., 2016), model of infiltration, estimation of erosion and 
related catchment-wise sedimentation, simulation of nutrition etc. In SWAT, HRUs are 
one of the essential methods employed extensively in various fields. The Soil and Water 

Fig. 2  Methodology Flow Chart
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assessment Tool (SWAT) has been considered for extracting 19 sub-watersheds and esti-
mation of its associated morphometric parameters.

3.3  Selection of the causative factors

Utilizing evidential belief function, the mentioned probabilistic variables for erosion 
were chosen to evaluate the ability for erosion. The causes of causality are static as well 
as dynamic. Table 3 shows the rationale behind preference of this static and dynamic 
component.

3.4  Approaches for estimating erosion potentiality

In this research, the erosion potentiality in watershed scale has been estimated with the 
help of evidential belief function (EBF), spatial logistic regression (SLR) and ensem-
ble of EBF and SLR. The ensemble approach is more optimistic regarding the perdi-
tion of different environmental hards that already established by different researchers 
(Arabameri et  al., 2020; Band et  al., 2020a, 2020b), so we considered this ensemble 
approach for estimation of erosion potentiality.

Fig. 3  Detail method for estimating the average annual soil erosion
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Table 3  Evidences for selection of morphotectonic parameters

Morphotectonic factors Reason for selection

Basin Relief It is highly positive in the creation and growth of drainage, the sum of runoff, land 
mass absorption and surface layer erosion

Ruggedness number It is among the essential measures of capacity for erosion and seems to be effec-
tive of estimating surface disturbance (Strahler, 1957). The landscape ’s struc-
tural heterogeneity is also reflected by the roughness number (Schumm, 1956)

Mean slope The quantity and orientation of the gradient can be managed by the complex 
geomorphological behavior (Ghosh & Guchhait, 2016). These mechanisms of 
the top soil erosion are closely associated to the design of the slope gradient

Dissection index It typically shows the risk of structural erosion and shows the levels of landscape 
growth and transformation (B. and Thornbury 2006; Avinash et al., 2011; 
Pareta & Pareta, 2011)

Average relief It affects drainage properties and their related energy to erode the surface struc-
tures. Those higher values may imply the significant potential for erosion, and 
vice versa

Drainage density The Quality of runoff and wetness conditions is quite important with respect 
to the extent of the drainage rate. The internal and external effect of drainage 
density is expressed in various physiographical properties in association with 
geomorphic influences, landscape growth, connection of natural vegetation 
(Kelson & Wells, 1989; Moglen et al., 1998; Oguchi, 1997). The quantity of 
drainage density is highly positive for the capacity for erosion in response to 
stormy rainfall events (Richard, 1968)

Mean bifurcation ratio Geophysical conditions and their regulation of drainage features are obtained by 
means of the bifurcation ratio (Strahler, 1957). It can quantify the capacity for 
erosion of the river basin as well as the dissection

Stream number From it, the density and existence of the drainage could be established. The 
number of the stream has an important function in terms of runoff volume and 
strength

Drainage texture ratio The climatic patterns, LULC, rock form, soil properties, and landscape stage of 
growth are derived from it. This feature can change the intensity of surface pen-
etration and a strong connection among texture and density is formed (Ozdemir 
& Bird, 2009)

Infiltration number The number of infiltration includes the level of infiltration and overflows 
(Strahler, 1964) there has been a differentiated correlation between the quantity 
of penetration and the volume of runoff

Length of overland flow It is correlated with the catchment areas complex geophysical characteristics. It is 
close to sheet flow to some degree and there is a significant effect of rainfall and 
its relevant soil runoff properties (Kanth & Hassan, 2012)

Elongation ratio A significant influencing component that can affect the quantity of runoff is the 
elongation ratio. The basin’s evolutionary step can be prepared in the form it

Circularity ratio The dendritic process of the watershed area is indicated, and that potentiality of 
erosion is indicated

Form factor It is a measure to distinguish various basin shapes (Horton, 1932) and is respon-
sible of representative the flow strength, so this factor directly and indirectly 
affects the erosion risk

Geology Geomorphic features are very important in terms of morphometric properties 
and possibilities for erosion (Chakrabortty et al., 2020a). Varied geophysical 
connection is more likely to be susceptible to erosion, as concerns per field of 
research
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3.4.1  Estimation of the erosion potentiality using EBF

EBF relies on the ’Dempster–Shafer principle’ concept originally introduced by the Demp-
ster (Dempster, 1968), which is derived from the ’Bayesian probability theory’ (Tehrany et al., 
2017). The key benefit of this approach is the versatility of implementing different functions 
from several origins. Dempster – Shafer methodology is concerned with showing that the the-
ory is correct with fact, so this approach is one of the important predictor considered by GIS 
(Malpica et al., 2007) in the multiple fields. There have been four evidential belief features 
which are connected in this task, those were belief component, disbelief component, uncer-
tainty component and plausibility component (Feizizadeh et al., 2014). Belief and plausibility 
are the lower and greater forced of the likelihood. In a defined series, uncertainty is essentially 
the difference among feature of belief and feature of plausibility. Incredulity is the feature that 
is focused on the conviction of being incorrect (Tehrany et al., 2017).

where Belcf ij is the conviction value of jth class of the ith soil loss favorable parameters, 
WcfijD is the importance of cf ij that wires the belief that eroding process is further domi-
nant than the cohesiveness of landform or conception of regolith, N

(
Cij ∩ D

)
 is the number 

of g, N(D) is the gully points, N
(
Cij

)
 is the particular region, N(T) is the total part, Discfij 

is the incredulity significance of the ith soil erosion causal factors, WcfijD̄ is the weight of 
cfij which emphasis the environments resistance was most current than soil loss, Unccf ij is 

(1)Belcfij =
WcfijD∑n

i=1
WcfijD

(2)WcfijD =

[
N
(
Cij ∩ D

)
∕N(D)

]
[{
N
(
Cij

)
− N

(
Cij ∩ D

)}
∕{N(T) − N(D)}

]

(3)Discfij =
WcfijD̄∑n

i=1
WcfijD̄

(4)WcfijD̄ =

[{
N(D) − N

(
Cij ∩ D

)}
∕N(D)

]
[
N(T) − N(D) − N

(
Cij

)
+ N

(
Cij ∩ D

)]
∕[N(T) − N(D)]

(5)Unccfij = 1 − Belcfij − Discfij

(6)Plscfij = Belcfij + Unccfij Or Plscfij = 1 − Discfij

Table 3  (continued)

Morphotectonic factors Reason for selection

Lineament density Lineaments govern the surface water flow, and also the sub-surface flow pattern 
and instances. The river canals are regulated by lineaments location and direc-
tion. That significantly influences the potential for erosion. Since the analysis is 
located with the structural hills and pediments, this form of aspect is therefore 
very important in terms of erosion
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the confusion significance of the jth-class related parameters for erosion and Plscf ij is the 
plausibility attribute of the jth erosion causative variables class ith.

where Bel is the certainty component for every issues or variety, Dis is the disbelief 
component for every issues or variety, Unc is the level of improbability for every issues 
or variety and � = 1 − Belf1Disf2 − Disf1Belf2 is a regularizing feature which satisfies 
that,Bel + Unc + Dis = 1 . EBFs of maps f3...  fn are mutual relationship of all function con-
currently in a organized technique by using Eqs.10–13.

3.4.2  Application of spatial logistic regression for erosion potentiality

Logistic regression is a categorical determining variable that relates to several self-deter-
mining variables. The regression variables predict the existence and absence of depend-
ent variables (Yilmaz, 2009). The logistic regression algorithm used to convert depend-
ent variables to log variables that apply maximum probability estimates. The benefit of 
SLR is that all types of independent variables were used for logistic regression algorithms 
meaning that variables can be regular or categorical (Lee, 2007). For multivariate models, 
the SLR coefficient was used to determine the ratio of each independent variable to the 
dependent variables (Pradhan, 2010). The factors and the dependent variable are numerical 
and the dependent variables for the SLR algorithm must have nominal data. Many studies 
have been using the forward, backward stepwise and enter logistic regression method but 
enter method gets all regression coefficients. Now all regression coefficients are required 
for further raster calculation, and the spatial logistic regression has produced a flood sus-
ceptibility maps. Statistically, the SLR algorithm is represented as below Eq. 11 and 12 
with the association of independent (morphotectonics parameters) and dependent (gully 
points) variables. (Gorsevski et al., 2006; Lee, 2007; Pradhan, 2010).

In Eq. 11, P is the forecasted erosion potentiality, the potentiality value on the S-shaped 
curve ranges from 0 to 1 and z is the linear amalgamation and state in the subsequent equa-
tion. Eq. 12,  b0 is the model’s constant, the bi (i = 1, 2, …, n) is the SLR model’s slope or 
coefficients and the xi (i = 1, 2, …, n) are the self-determining parameters. Binary LR is 
the non-spatial model, and the data are spatially auto-correlated. Therefore, by modifying 

(7)Belf1f2
=

Belf1Belf2 + Belf1Uncf2 + Belf2Uncf1

�

(8)Disf1f2
=

Disf1Disf2 + Disf1Uncf2 + Disf2Uncf1

�

(9)Uncf1f2
=

Uncf1Uncf2

�

(10)Plsf1f2
= Belf1f2

+ Uncf1f2

(11)P =
1

(1 + e−z)

(12)Z = b0 + b1x1+b2x2 +…+ bnxn
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any expression, the spatial structure is part of the logistic regression function. Now the 
modified equation below can help with spatial logistic regression (SLR). Three items are 
important in this spatial autocorrelation: spatial weight matrix (W), spatial autocorrela-
tion parameter (p) and error term that obeys a Gaussian distribution (ε). The spatial ero-
sion potentiality measured through below Eq. 13–16 (Erener & Düzgün, 2012; Yang et al., 
2019).

 �WY  is the spatial arrangement consequence motivated by spatial correlation. Where W is 
the weight matrix and f

(
dij
)
 is the inverse weighting functions which expressed as Eq. 19. 

� Is the concept of error flouting a Gaussian function. L is the integrated nested Laplacian 
approximation to reduced time during calculation (Yang et al., 2019).

3.4.3   Estimation of erosion potentiality using ensemble EBF‑SLR

Here, EBF and SLR are integrated with GIS framework to take the strengths of both repre-
sentation and describe with adequate precision the area of favorable for erosion. The below 
approaches for measuring the potentiality of erosion in GIS platform are regarded:

where EP is the capacity for erosion, EBF is the role of belief and SLR is the spatial logis-
tic regression.

(13)W =

⎡
⎢⎢⎢⎣

0 f
�
d12

�
⋯ f

�
dij
�

f
�
d21

�
0 … f

�
d2j

�
⋮

f
�
di1

� ⋮

f
�
di2

� ⋱

…

⋮

0

⎤
⎥⎥⎥⎦

(14)f
�
dij
�
=

dij∑j

1
dij

(15)L = y ln
exp (a + X� + �Wy)

1 + exp (a + X� + �Wy)
− (1 − y) ln(1 + exp (a + X� + �Wy))

(16)Z = b0 + b1x1+b2x2 +…+ bnxn + �WY + �

(17)

EPEBF - SLR = Basin Relief
(
EBF + SLR

2

)
+ Ruggedness Number

(
EBF + SLR

2

)
+ Mean Slope

(
EBF + SLR

2

)

+ Dissection Index
(
EBF + SLR

2

)
+ Average Relief

(
EBF + SLR

2

)

+ Drainage Density
(
EBF + SLR

2

)
+Mean Bifurcation Ratio

(
EBF + SLR

2

)

+ Stream Number
(
EBF + SLR

2

)
+ Drainage Texture Ratio

(
EBF + SLR

2

)

+ Infiltration Number
(
EBF + SLR

2

)
+ LengthoftheOverland

(
EBF + SLR

2

)

+ ElongationRatio
(
EBF + SLR

2

)
+ CirculatoryRatio

(
EBF + SLR

2

)

+ Form Factor
(
EBF + SLR

2

)
+ Geology

(
EBF + SLR

2

)
+ Lineament Density

(
EBF + SLR

2

)
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3.4.4  Application of RUSLE for estimation of soil erosion

A different factor has been considered for quantifying average annual soil loss with the 
help of revised universal soil loss equation (RUSLE).

The rainfall and runoff erosivity factor (R) factor of this region has been estimated 
with considering the storm rainfall even in monsoon period (Fig. 4a). This is the most 
significant aspect in soil erosion modeling in subtropical areas. This factor was predict-
able with the aid of subsequent equation:

where R is the R factor and it expresses in MJ/ha/year.
We have estimated the different physical and chemical parameters from the collected 

samples for preparing the soil erodibility factor (with considering the pH, organic mat-
ter, textural properties and bulk density), soil moisture index etc. (Fig.  4b). For soil 

(18)R =

12∑
i=0

1.735 × 10

(
1.5 log10

(
P2
i

P

)
−0.08188

)

Fig. 4  Parameters of RUSLE model; R factor (a), K factor (b), LS Factor (c), C Factor (d) and P factor (e)
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erodibility (K) factor, following method is considered with allowing the different ele-
mental properties of the soil:

where San is the proportion of sand, Sil is the proportion of silt, Cla is the proportion of 
clay and SN1 is the 1-San/100 (Teng et al., 2018).

The slope length and steepness (LS) factor has been estimated from the DEM with con-
sidering following equation (Fig. 4c):

where As is the slope extent in meter and � is the position of slope (Chakrabortty et al., 
2020b).

For estimating the cover and management (C) factor, the NDVI and its threshold have 
been considered. The quantity of vegetation cover with seasonal variation is one of the 
most determining elements of soil erosion model. So, this information is very important in 
subtropical region regarding the status of erosion in catchment scale (Fig. 4d).

Then, the exponential function of NDVI algorithm is considered for determining the C 
factor raster in GIS platform (Malik et al., 2019; Pal et al., 2018):

where a and � are the unit fewer parameters, which is capable of estimating the curve 
between NDVI and its associated C factor. This scenario gives better prediction in an expo-
nential way in comparison with the linear association (Pal & Shit, 2017). The support prac-
tice (P) factor usually shows the quantity of soil erosion from a region with specific prac-
tices of protection (Fig. 4e). P factor simulates the influence of support approaches which 
reduce the average annual soil loss rate. It represents the percentage of soil loss connected 
with a distinct situation from similar mitigation support activities to equal loss in up- and 
down-slope farming practices.

For estimating the average annual soil erosion, the factors (R, K, LS, C and P) of 
RUSLE have been integrated in GIS platform. The following method has been considered 
for creating the soil erosion raster with considering the pixel information of each factor 
(Pal & Chakrabortty, 2019b):

(19)

K = 0.0137 ×

(
0.2 + 0.3 × e

[
−0.0256×San×

(
1−Sil

100

)])
×
(

Sil

Cla + Sil

)0.3

×

[
1 −

0.25 × TOC

TOC + e(3.72−2.95×TOC)

]
×

[
1 −

0.7 × SN1

SN1 + e(22.9×SN1−5.51)

]

(20)LS = (m + 1) ×

[
As

22.

]
×

[
sin�

0.0896

]

(21)As =
1

b1

N∑
i=1

a1u1

(22)NDVI =
(NIR - Red)

(NIR + Red)

(23)C = exp

[
−a

NDVI

(� − NDVI)

]

(24)A = R × K × LS × C × P
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4  Results and discussion

4.1  Assessment of morphotectonic variables and its impact on soil loss

Different morphometric parameters have been quantified with the established empirical 
equation in GIS environment. Table  4 represents the process for measuring descriptions 
of all morphometric elements. Here, established approaches and GIS platform have been 
considered for estimating the morphometric parameters in this region.

4.1.1  Landscape parameter

BR (basin relief) is measured using variations within a watershed among maximum and 
altitude. It is liable for watershed geophysical features (Sreedevi et al., 2009). The BR dif-
ference will act as an important function in the various watersheds of erosive operations. 

Table 4  Methods for estimating the causality factors

Morphometric attributes Equation

Watershed area (Wa) Calculated in GIS platform
Watershed perimeter (Wp) Calculated in GIS platform
Basin length (Lb) Length of the maximum length
Stream order (μ) Hierarchical order
No. of streams (Nμ) Watershed-wise total number of all streams
Length of stream (Lu) Linear element of channel
Mean length of streams (Lsm) Lsm =

Lu

N�

Frequency of stream (Fs) Fs =
N�

wa

Drainage density (Dd) Dd =
Lu

wa

Bifurcation ratio (Rb) Rb =
N�

N�+1

Mean bifurcation ratio (Rbm) standard assessment of bifurcation ratio
Drainage texture ratio (Rt) Rt =

N�

wp

Infiltration number (If) If = Fs × Dd

Length of overland flow (Lof) Lof =
1

Dd

× 2

Ruggedness number (Rn) Rn = Dd ×
Br

1000

Watershed relief (Br) Br = Hmax − Hmin

Dissection index (Di) Di =
Br

Hmax

Maximum relief (Hmax) Highest elevation
Minimum relief (Hmin) Lowest elevation
Average relief (Ar) Ar =

Hmax−Hmin

2

Mean slope (Mslp) In GIS platform
Form factor (Rf) Rf =

Wa

L
b2

Elongation ratio (Re) Re =
2

Lb
×

wa

0.5

Circularity ratio (Rc) Rc = 4 × � ×
Wa

W2
p
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BR ranges around 83 and 417 mt. SW 2 and SW3 display very high (363–417) BR 
(Fig. 5a). The strong (182–363) BR is in SW- 1, 4, 5 and 12. SW-13, 14, and 19 are con-
sidered to be the mild BR (118–182) The low BR is observed in SW 6, 8, 10, 11, 15 and 
16. The very low BR (83–96) occurs in SW- 7, 9 and 18. Contrasted to other section of the 
river system the western section is occupied by the higher BR.

Ruggedness number (Rn) is the topography’s elongated character and is vulnerable to 
flooding. The erosity is thus effectively linked  to the high Rn. The very high Rn values 
(7.66–9.85) distributed primarily at SW 7 and SW 15. The high Rn values (5.45–7.66) are 
observed in SW- 6, 8, 9, 10, 11, 16, 17 and 18 (Fig. 5b). And, relative to many other catch-
ments in this region, these watersheds are susceptible to erosion. The medium Rn values 
(2.58–5.45) are distributed at SW- 13, 14 and 19. The Rn values at low (2.07–2.58) are 
1, 3, 5 and 12. The very weak intense Rn values are in SW 2 and 4. The mean slope (MS) 
was measured in individual watersheds using the SWAT model. All pictoral information 
was taken into account for the determination of the MS. The fluvial actions are directly 
and indirectly affected by the slope quantity and its alignment. The quantity and orienta-
tion of runoff are greatly affected by the curvature of the slope, which is favorable for the 

Fig. 5  Landscape Parameter: Basin Relief (a), Ruggedness Number (b), Mean Slope (c), Dissection Index 
(d), Average Relief (e)
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loss of topsoil. The very high MS values (81.26–84.54) were found mainly in SW 1, 3, and 
4 (Fig. 5c). The large MS values (78.59–81.26) occur in SW- 5,6,12 and 17. The medium 
MS values (47.90–78.50) are found at SW- 9, 10, 13, and 19. The MS values which are 
low (69.27–74.90) are 2, 7, 11, 15 and 18. The very low MS values (68.27–69.62) are 
centered in SW 8, 14 and 16. The DI (Dissection Index) of a specific river basin signifies 
the vertical eroding ability that made a significant contribution to the quantity of overflow 
and its related erosion (. DI values differ from 0 to 1; nearest to 0 suggests the exclusion 
of perpendicular cutting and nearest to 1 suggests the predominant vertical cutting feature 
correlated with this basin. The exceptionally high DI values (0.58–0.71) distributed pri-
marily in SW 2, 3 and 19 (Fig. 5d). The high DI values (0.53–0.58) are found in SW- 4, 5, 
and 12. The medium DI values (0.43–0.53) are distributed at SW- 13, 14 and 17. The DI 
values at low (0.35–0.43) are 6, 8, 15, 16 and 18. The extremely low DI values (0.30–0.35) 
are distributed in SW 2, 3, and 19. Average relief (AR) affects the larger runoff that can 
raise the level of erosion within the catchment. The very high AR values (388.50–443.50) 
distributed mostly in SW 1, 4, 5 and 12 (Fig. 5e). The high AR values (250.00–388.50) are 
given in SW 2 and 3. The medium (196.00–250.00) AR values are centered in SW- 15, 16 
and 18. The low AR values (171.50–196.00) are given in 6, 7, 8, 9, 10, 11, 13 and 14. The 
found very low AR values (165.00–171.50) are in SW 17 and 19. The typical river basin 
relief indicates rapid curve variability from the river source point to the mouth of the river.

4.1.2  Areal parameter

Drainage density (DD) is one of the prevailing features that overlap between their length 
and scope on the basis of the interaction of both orders. It is closely related to the basic 
geophysical series and its components, and the quantity of vegetation and other related 
relief elements are covered up. High DD shows greater surface runoff volumes and less 
stimulation capacity. It implicitly reduces groundwater recharge. The very high DD values 
(> 0.83) distributed mainly at SW 9 (Fig. 6a). The high DD values (0.76–0.83) are given in 
SW 1, 4, 11 and 18. The medium DD values (0.71–0.76) are distributed at SW- 14, 16, and 
17. The low DD values (0.53–0.71) are found at 6, 7, 8, 10, 12 and 13. The distributed DD 
values in SW 2, 3 and 5 are very low (< 0.53).

Mean bifurcation ratio (Rb) is the relation among the total number of particular order 
streams and the whole amount of higher order streams (Horton, 1945). For the lowest pos-
sible overland flow, low Rb with fewer structural influences  is favorable. But high Rb is 
very beneficial during the storm rainfall period for heavy flash flooding (Kanth & Hassan, 
2012). The very high Rb values (4.14–7.34) centered mainly at SW 19. The high Rb values 
(2.69—4.14) are observed in SW 13 and 14 (Fig. 6b). The medium Rb values (1.44–2.69) 
are located in SW- 1, 2, 3, 12, 15, 16 and 18. The low Rb values (0.32–1.44) are found 
at 4, 5, 7, 8, 9 and 11. The concentrated Rb values in SW 6 are very small (< 0.32). The 
mean Rb of the entire  river basin shows the overall river basin’s high erosion capacity, 
since the bifurcation among the lowest order is very high. The maximum ratio among first 
and second order is generally positive about erosion tolerance. The number  of a stream 
channel (SN) with its spatial distribution in a given order is recognized as stream number. 
The very high SN values (2.85–3.48) concentrated mainly at SW 5. The high SN values 
(1.54–2.85) are given in SW 15 and 17. The medium SN values (0.95–1.54) are distributed 
at SW- 2, 3, 8, 12, 13, 14 and 19. The low SN values (0.69–0.95) are given in 1, 4, 9 and 
18 (Fig. 6c). The intense SN values in SW 6, 7, 10, 11 and 16 are very small (0.42–0.69). 
Watersheds  erosion events are regulated by various geophysical and environmental 
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components, such as rainfall volume and quantity, soil hydrogeology, infiltration capabil-
ity, soil humidity and soil formation process (Hembram & Saha, 2020). The DTR and its 
related causal factors typically control the susceptibility to the erosion. The very high DTR 
values (1.23–1.64) mostly centered in the SW 8. The high (0.76–1.23) DTR values are 
noticed in the SW 2, 16 and 17 (Fig. 6d). The medium DTR values (0.39–0.76) are found in 
SW- 3, 4, 11 and 15. The DTR values at low (0.08–0.39) are 1, 5, 6, 7, 9, 10, 13, 14 and 
19. The concentrated very low DTR values (0.07–0.08) were in SW 12 and 18. Infiltration 
number (IN) shows the essence of the rock planes conductivity and the erosion nature of a 
particular region. The larger IN values usually confirm the surface penetrability and are not 
prone to erosion. Lower values are highly suitable with respect to probable for erosion. The 
very high IN values (1.69–3.09) are distributed mostly in the SW 5 and 15. The high IN 
values (1.25–1.69) appear in the SW 17. The medium IN values (0.68–1.25) are centered at 
SW- 2, 3, 8, 12, 13, 14 and 19 (Fig. 6e). The IN values which are small (0.48–0.68) are 1, 
4, 6, 7 and 18. The exceptionally small IN values (0.32–0.48) distributed in SW 9, 10, 11 
and 16. The amount of the quasi-channel water flow over the entire drainage area is called 
LOF. The flow transforms into a channel after that and circulates according to the initial 

Fig. 6  Areal Parameter: Drainage Density (a), Mean Bifurcation Ratio (b), Stream Number (c), Drainage 
Texture Ratio (d), Infiltration Number (e), Length of the Overland Flow (f)
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gradient. The removal of the top soil units from the upper layer is very important, and the 
conversion of these substances is also very positive. The very high LOF values (2.96–3.71) 
distributed mostly in the SW 9 (Fig. 6f). The high LOF values (2.67–2.96) are found on 
SW 1, 4, 11 and 18. The medium LOF values (2.51–2.67) are clustered at SW-14, 16, and 
17. The low LOF values (2.30–2.51) are found in 6, 7, 8, 10, 13 and 19. The distributed 
LOF values in SW 2, 3, 5 and 15 were very small (2.13–2.30).

4.1.3  Shape parameter

The elongation ratio (ER) indicates, in particular, the developmental parts and their lon-
gitudinal river basin. With the involvement of neo-tectonics, it reveals the preceding stage 
of landscape development but also less elongated form means the exclusion of high runoff 
potential (Hembram & Saha, 2020). The very high ER values (0.23–0.36) distributed pri-
marily in the SW 12, 16, 18 and 19. The high ER values (0.22–0.23) occur in SW 1, 2, 5, 
10 and 11 (Fig. 7a). The medium ER values (0.20–0.22) are distributed at SW- 7, 8, and 
17. The low ER values (0.15–0.20) are found to be 3, 13, 14 and 15. The distributed ER 
values in SW 4, 6, and 9 are very small (0.13–0.15). Here, SW 4, 6 and 9 are highly suit-
able for erosion and SW 12, 16, 18 and 19 are helpful for erosion conflict.

Circulatory ratio (CR) is openly linked to the amount and nature of the release and is 
affected by several components  such as drainage, terrain, surface component, geological 
connection, and LULC (Miller, 1953). Higher CR shows the exterior ruggedness while 
minor values suggest low ruggedness. The very high CR values (0.59–0.74) mainly found 
in the SW 9. The high CR values (0.53–0.59) are given in SW 1, 4, 11 and 18 (Fig. 7b). 
The moderate CR values (0.50–0.53) are distributed at SW 14, 16, and 17. The low CR 
values (0.46–0.50) are: 6, 7, 8, 10, 12, 13 and 19. The very small CR values (0.43–0.46) 
clustered at SW 1, 3, 5 and 15.

Fig. 7  Shape Parameter: Elongation Ratio (a), circulatory Ratio (b), Form Factor (c)
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Form Factor (FF) is one of the main aspects of the relationship between the watershed 
zone and the watershed span (Schumm, 1956). The higher FF value explains the circular 
form of the catchment whereas the lower value shows the elongated one (Rai et al., 2018). 
The very high FF values (0.26–1.40) mostly distributed in the SW 1. The SW 9 includes 
the strong (0.11–0.26) FF values. In SW 15 the medium FF values (0.05–0.11) are high. 
The low FF values (0.02–0.05) are given in SW 5, 6, 7, 10, 11, 16, 17 and 18 (Fig. 7c). The 
exceptionally low FF values (0.00–0.02) distributed in SW 2, 3, 4, 8, 12, 13, 14 and 19.

4.1.4  Tectonic parameter

This area is consistent with different forms of rock configuration that has an important 
position feature concerning the capacity for erosion (Table 5). The disruptive granite and 
associated rocks are dominating the upper division of this region. Intrusive granite and 
some associated rocks are dominating the middle portion of his region  (Fig.  8a). Meta-
morphosis of simple rock with assemblage of some common element is dominating the 
lower part of this region. This river basin has witnessed various stratigraphic division that 
belonging to the tertiary-quaternary system of the oldest systems. In the most moment of 
each year, the whole regions of such a basin witnessed physical weathering in massive 
level. The western segment is the prolonged part of the Chota Nagpur that is the division 
of earliest Gondwana territory. The rate of regolith formation is directly related with the 
nature of bed rock and its associated climatic condition of the region. The degree of weath-
ering is closely related with the nature of surface materials and availability of moisture. 

Table 5  Major geological unit and its ages

Sl No Unit Age

1 Fluvial sediments Quaternary
2 Manbhum granite Mesoproterozoic
3 Chhota Nagpur gneissic complex Proterozoic (undifferentiated)
4 Unclassified metamorphics Archaean—proterozoic
5 Dalma volcanics Archaean—proterozoic
6 Singhbhum Gp Palaeoproterozoic

Fig. 8  Tectonic Parameter; Geology (a), Lineament Density (b)
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Sufficient availability of water can accelerate the amount of chemical weathering and 
which is responsible for loss of the top soil. Weathering is a common mechanism in the 
process of landscape development and is responsible for landscape change. 

Structural properties like unconformities can be represented in different ways on the 
earth’s surface, including joints, cracks, bedding plains and foliations. Lineaments are 
commonly related to fracturing faults and linear regions, bent curvature and enhanced crust 
conductivity. Lineament has a strong effect on the possibility of erosion. The water move-
ment is important for weakening the substances in the joint, cracks. Hydraulic gradient 
may play a critical function  in the direction and association  of lineaments. Besides this 
massive-scale erosion, the quantity and position of the lineaments are explicitly linked 
(Fig. 8b). Fault, lineament, megma lineament, and shear were considered for the estimation 
of lineament density. Not only lineaments, the traces of joints, anomalous forms of drain-
age, structural trends are also responsible for complex hydro-geomorphic characteristics 
of any region. The stability of the landscape is very much dependent on the nature of the 
structural elements. The very high (0.174–0.184) LD in the center part of the river basin 
is mainly extreme. The high LD (0.110–0.147) is located in the river basin’s middle and 
northeast part. The moderate LD (0.073–0.110) is distributed in the river basin’s western 
and northeastern portions. The low LD (0.036–0.073) is found in the river basin’s western, 
northern, northeastern, and eastern part. The very low (0.000–0.036) LD was concentrated 
in the river basin’s western, central, and eastern portions.

4.1.5  Estimation of erodibility by EBF model

A total of 16 influencing parameters were used to classify the probability for erosion. The 
possibility of potential for erosion is stand on the function of belief, unbelief, uncertainty 
and plausibility. The role of belief varies from 0.13 to 1.00 and some spatial variations 
occur in this region (Fig. 9). The values of the disbelief feature vary from 0.051 to 0.742 
which is different from the function of the beliefs. Uncertainty and plausibility function 
values vary from 0.012 to 0.178 and 0.21 to 0.93, respectively.

4.2  Relation among erosion potentiality and erosion causal elements

The study reveals that the strong (182.00–363.00) BR has a stronger position in erosion 
potentiality than supplementary region relief levels. The small (96.00–118.00) BR amounts 
perform the reverse position with regard to erosion potentiality (Table  6). Very low 
(2.02–2.07) RN is favorable for potential erosion which supports the model’s belief func-
tion. On the other hand, high RN (5.45–7.66) reveals the lower potential for erosion. Lower 
(68.27–69.62) MS promotes the beliefs feature in the potentiality for erosion but on the 
other hand high Ms is associated with lower probability for erosion. High (0.53–0.58) DI 
regions are advantageous or close proximity to erosion potential but very high (0.58–0.71) 
DI is not desirable for erosion potential. Another factor such as the DI is correlated with 
moderate feature on propensity for erosion. Very high (388.50–443.50) AR plays a sig-
nificant role in erosion possibility but on the other side moderate AR (196.00–250.00) 
performs a different function in erosion potentiality. The AR is correlated with the mod-
est feature in erosion possibility. Moderate DD (0.71–0.76) is connected with very low 
erosion potential but in this point of view, very low DD (< 0.53) is related with different 
function. Very high erosion possibility is linked with very high (4.14–7.34) MBR regions 
which sustain the belief feature but very low MBR (0.10–0.32) plays the different role in 
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the propensity for erosion. The low SN (0.69–0.95) is highly optimistic about the capabil-
ity for erosion but on the other hand very low SN values (0.42–0.69) are not optimal for the 
prospects for erosion. Low (0.39–0.76) DTR is highly prone to erosion but the very high 
(1.23–1.64) DTR is correlated with significantly different erosion prospective feature. Very 
high (1.69–3.09) IN is positive in erosion possibility which supports the belief component 
of EBF but very low (0.32–0.48) IN with less belief function plays the adverse impacts in 
erosion possibility. Very low OLF (2.13–2.30) is positive with respect to the capacity for 
erosion but higher OLF (2.30–2.51) is correlated with lower potential for erosion. The very 
low (0.13–0.15) ER is optimistic with respect to the potential for erosion but the moderate 
(0.20–0.22) ER is linked to lower erosion capacity. The high CR (0.53–0.59) is highly opti-
mistic in terms of the possibilities for erosion but the moderate (0.50–0.53) CR areas have 
the adversely impacts in the potential for erosion. The moderate (0.05–0.11) SF values play 
the key role in the capacity for erosion but the strong (0.11–0.26) SF values are not positive 
with respect to the possibility for erosion. In the geological features, clay with caliche is 
positive in the possibility for erosion but Granite plays the reverse effect in the possibility 
for erosion. In nature, the role of other structures in the capacity for erosion is moderate. 
The low LD (0.036–0.073) is very much positive in respect to the erosion possibility but 
very high LD has a reverse effect in erosion possibility.

4.3  Prioritization of watershed on the basis of erosion potentiality

The sub-watershed-wise erosion capacity has find out considering various causality vari-
ables for erosion and their related breaking threshold in EBF model. The very high erosion 

Fig. 9  Belief Function (a), Disbelief Function (b), Uncertainty Function (c) and Plausibility Function (d)
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possibilities (0.81–1.00) are found in the SW 1, 4, 5 and 15 which considered  the role 
of optimistic beliefs. The high areas of potential for erosion (0.64–0.81) are concen-
trates found in SW 2, 3, 9, 12, 18, and 19 (Fig. 10a). The moderate potentiality of erosion 
(0.47–0.64) is found in SW 11, 13, 14, 16 and 17. The areas with low erosion potential 
are distributed in the SW 6, 7, and 8. The very low erosion potential (0.13–0.30) is only 
associated in SW 10. It was found that much of the watershed in this watershed is con-
nected with moderate to very high potential for erosion which is the major risk to the vul-
nerability to erosion. The upper portion of this river basin is identified by high slope and 
rugged  topography, and this zone is connected with numerous gully heads. This feature 
is strongly positive about the potentiality of erosion. Or else, the middle part of the river 
basin is connected with moderate to low vulnerability to erosion, but is extremely suscep-
tible to erosion in the lower part due to human-induced disturbances and alteration of the 
reservoir relief element. 

With the help of spatial logistic regression and its related breaking  threshold in the 
GIS environment, the sub-basin-wise erosion possibilities were worked out. The very high 
potential for erosion (0.99–1.88) occurs in SW 2, 3, 4, 14 and 19. The high potential for 
erosion (0.47–0.99) is observed at t SW 12, 13, and 17. The moderate potentiality of ero-
sion (0.40–0.47) is found in SW 1, 8, 9 and 16. The low erosion potential areas (0.18–0.40) 
are concentrated primarily in SW 5, 11, 15, and 18. The possibly very small erosion zones 
(0.01- 0.18) are located in SW 6, 7 and 10 (Fig. 10b). In this analysis, we find that high ero-
sion potential reflects the upper and lower portion of the basin than the middle portion. The 
anthropogenic influence in the peak monsoon season results in a greater vulnerability to 
erosion due to the structural communications and the state of water logging.

With the aid of integrated  EBF-SLR and their corresponding breaking thresholds in 
the GIS network, the sub-basin-wise erosion potentiality  was calculated. The exception-
ally high propensity for erosion (0.99–1.88) is observed in SW 1, 4, 5 and 12. The high 
effectiveness of erosion (0.47–0.99) is observed in SW 2, 3, 9, 13, 18 and 19. The moderate 
effectiveness of erosion (0.40–0.47) is found in SW 6, 11, 14, 16 and 17. The low erosion 
potential areas (0.18–0.40) are found primarily in the SW 7 and 8. The possibly very small 
erosion zones (0.01- 0.18) are located in SW 10 (Fig. 10c). In this method, we found that 
high erosion propensity characterizes the upper section of the region as compared to the 
middle and lower portion.

4.4  Accuracy assessment

The model’s consistency depends on whether or not model matches reality of things then 
the theoretical model would be appropriate (Roy et al., 2020a). The ROC is the most accu-
rate tool used for estimating the precision of the expected circumstance in different fields 
(Roy et al., 2020c). This method is used to determine the precision in different predicated 
models; frequency ratio, GWR, support vector machine, entropy model, advanced decision 
tree, analytical hierarchy process etc. Varying thresholds were regarded to determine the 
model’s robustness for its sensitivity and specificity (Dou et al., 2019). Those analyzes are 
conducted as follows:

Overall Accuracy = Number of Correct samples × Total Samples



3547Water‑induced erosion potentiality and vulnerability…

1 3

The ROC AUC values were determined using the following equation to measure the 
exactness of the models predicted (Dou et al., 2019):

where SAUC is the area under curve, Xk is the 1-Specificity and Sk is the compassion of the 
ROC (Chakrabortty et al., 2020c; Chen et al., 2021).

Thirty percent of all data was regarded for verification purposes in this study, the 
remainder of 70 percent of data used in the model of evidence-based belief function. For 
confirmation, a comprehensive field survey was conducted. From that study, we find that 
this research is correlated with a better degree of precision (Fig. 11). The AUC values of 
SLR, EBF and Ensemble EBF-SLR are 83.25, 90.01 and 92.54 simultaneously that repre-
sents greater precision and close to reality of things (Fig. 12). The Integrated EBF-SLR is 
much more practical than the EBF and SLR.

(25)K =

∑r

i=1
Xii −

∑r

i=1
(xi+ ∗xi +i)

N2 −
∑r

i=1
(xi+ ∗xi +i)

(26)SAUC =

n∑
k=1

(
Xk+1 − Xk

)(
Sk + 1 − Sk+1 −

Sk

2

)

Fig. 10  Erosion Potentiality using: Evidential Belief Function (a), Spatial Logistic Regression (b), Ensem-
ble Evidential Belief Function and Logistic Regression (c)
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Fig. 11  Collection of field information regarding the amount of erosion

Fig. 12  Sensitivity Analysis
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4.5  Soil erosion

The average annual soil erosion of this region is rangers between < 5.0 to > 35.0 tans/hac/
year. Very high (> 35.0) soil erosion areas are found in the western, south-western, mid-
dle and some eastern portion of this region (Fig. 13). High (25.0–35.0) soil erosion areas 
are mainly found in the western and middle portion of this region. Moderate (15.0–25.0) 
soil erosion areas are mostly established in the western, middle and eastern portion of this 
region. Low (5.0–15.0) and very Low (5.0) soil erosion areas are primarily established in 
maximum part of this region. There is a positive relationship between erosion potentiality, 
occurrences of gullies and average annual soil erosion (Fig. 14). A major portion of this 
region is facing acute problem of land degradation owing to large-scale erosion like gullies. 
One of the major problems in the tropical and subtropical regions is extensive land loss due 
to gully erosion. The large amount of soil loss occurs in subtropical monsoon-dominated 
area due to several types of erosion such as board, rill and gullies. The unconsolidated 
materials are to a large degree removed from gullies formation. By reducing soil fertility, it 
directly impacts agricultural activity (Gayen et al., 2019; Zgłobicki et al., 2015). Thanks to 
the water-induced behavior, many environmental factors are ideal for the origin and growth 
of gullies. The gullies are usually categorized as permanent and ephemeral, in keeping 
with stability and occurrence (Foster, 1986). Permanent gullies are wide in existence and 
otherwise the ephemeral gullies are found during the wet season because of the large size 
of the runoff and its related water activity (Garosi et al., 2019). Favorable tillage activities 
change ephemeral gullies but the permanent gullies could not be altered by introducing 
this sort of interventions (Garosi et al., 2019; Roy et al., 2020b). The permanent as well 
as the ephemeral gullies are applied in this work to establish the training and validation 

Fig. 13  Average annual soil erosion



3550 R. Chakrabortty et al.

1 3

datasets. In addition to the primary field knowledge, Google Earth and satellite imagery 
are regarded for creating the inventory map of the gully. The frequency of erosion is very 
strong in this area and there are so many gully points that are found during field visits. The 
handheld GPS is used to identify where gully head-cut is located. Favorable tillage activi-
ties change ephemeral gullies but the permanent gullies cannot be altered by introducing 
this sort of measures (Garosi et al., 2019). The large scale erosion in the form of formation 
and development of gullies apart from the declining fertility of soil, there is a negative 
impact on land and water resources (Li et al., 2016). Often the distinction among rills and 
gullies is very difficult without taking into account the cross-sectional area (Poesen, 1996). 
From the numerous research findings, it has been reported that the impact of gullies on soil 
loss as well as its related sedimentation is quite high (Sepuru & Dube, 2018). 

5  Policy and managerial implications

As land degradation due to large-scale erosion is a vital issues in terms of the barriers of 
the environmental sustainability, the appropriate policy and its associated management are 
required from escaping this type of situation. Some soil and water conservation measures 
have been already implemented in this region for reducing the probability of erosion. With 
considering the nature and amount of erosion, different suggestive measures are shown:

 i. The continuations of tillage farming have to be continuing in particularly in the time of 
Aush paddy cultivation. Aush is special type of rice which is cultivated in the month 

Fig. 14  Relation between average annual soil erosion and erosion potentiality
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of July–August in lower Gangetic plain of India. Traditional rice types and landraces 
according to the aus-type community (Oryza sativa L.) are considered to be highly 
resistant of ecological stresses variability such as drought and high temperature, and 
are thus valued genetic resources for sustainable agriculture.

 ii. In the upper and middle part, the plantation program has to conduct with considering 
the local indigenous species, like Sal (Shorea robusta), Mahua (Madhuca longifolia), 
Palash (Butea monosperma) etc., the plantation of external species in the social for-
estry have to be limited for reducing the potentiality of erosion. The external species 
is capable to impact on the moisture content of soil in long term basis and modified 
the characteristics of soil.

 iii. In the agricultural areas, particularly middle and lower portion of this region the 
traditional measures like field bunding have to be adopted in more optimal ways for 
reducing the initiation and development of rills and ephemeral gullies in the wet sea-
son. In very year, due to the formation of ephemeral gullies, a large scale of erosion 
has already been confirmed.

 iv. Some structural and engineering measures have to be incorporated in the major erosion-
prone region. In this perspective, the outcomes of erosion potentiality in sub-watershed 
scale should take a important part for taking the suitable remedies. In this perspective, 
the structural measures are suggested in SWS 1, 4, 5, 12 and 15 accordingly.

6  Conclusion

The implementation of integrated  EBF-SLR method is quite dependable in estimating 
the possibilities for erosion as it interacts with the feature of belief from multiple sources, 
with disbelief, uncertainty and plausibility. Development of the probability-based database 
within the GIS platform not only consumes time and cost, but contracts with sufficient pre-
cision. The EBF-SLR ensemble is able of predicting the probability for erosion recogniz-
ing various factors of erosion causal factors  and showing that the ROC AUC values are 
92.54. Here, the AUC values from the ROC of SLR and EBF models are 83.25 and 90.01 
respectively. Taking into account the EBF-SLR integrated, the SW like 1, 4, 5, 12, 15 are 
associated with very high erosion prospective areas and high erosion prospective zones are 
linked with SW like, 2, 3, 9, 13, 18, 19. There is a positive relationship, associated between 
erosion potentiality, existence of gullies and average annual soil erosion in this region. This 
region is experienced the water-induced large-scale erosion in monsoon period. Land deg-
radation through large-scale erosion is one of the most effective concerns in this region. 
The declining productivity through land degradation is the main challenge of the agro-
based society. From this analysis, it was revealed  that most of the regions are connected 
with potentially very high to high erosion zones regarding the prospective for erosion. In 
this area, the correct solutions must be regarded for minimizing the quantity of erosion by 
integrating such structural and quasi-structural solutions with conservation into the local 
environmental perspective. Adapted land use and farming practices with appropriate plant 
distribution, water conservation methods will reduce the erosion level. Therefore, the struc-
tural measure may be implemented in the SW 2, 3, 6 and 10 to control the entire soil ero-
sion-related factor to reduce the corrosion rates.

Based on the theoretical perspective of the gully erosion will be helpful to make con-
ceptual awareness about the land degradation. The final result of this research work will 
be beneficial for the regional planners, stakeholders, and to the future researchers to take 
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suitable measurements for avoiding serious and immediate problem. It is because some-
times the flash flood destroys the weak upper surface soil with rapid flow and it can be con-
trolled by following immediate protective for erosion. The western portion of this region 
is severally facing the acute problem of erosion by different forms of erosion. The rate of 
creation and development of gullies is maximum in this portion which accelerates the land 
degradation process rapidly. In erosion-prone region, some structural and non-structural 
measures can be taken into consideration. Field bunding, introduction of internal species 
with eradicating external species can be incorporated as a systemic measure. In some of 
the region of subtropical environment, the stakeholders already implemented the strategies 
regarding the measure for eradicating soil erosion, where subsistence-based agricultural 
practices already implemented from immemorial time. To link the sociopolitical and envi-
ronmental dilemma, this contribution will help to develop the task of future research model 
with appropriate modification of the algorithm and partitioning of the samples.
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