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Abstract - Carrying out calibration properly is the important phase to enhance the model's credibility. Due to unique features
to support decisions about alternative management strategies regarding soil erosion, distributed watershed models have been
used quite effectively in a few watersheds. The execution of the Soil and Water Assessment Tool in simulating soil erosion and
sensitivity analysis of landscape parameters concerning soil erosion via partial least square regression (PLSR) is put forward
in this work. Model run for 2014 and 2005 is carried out in this work; each model holds 10 years of calibration and 5 years of
validation by placing soil erosion as a dependent parameter. SIMCA-P and SUFI-2 algorithms were used to evaluate the
sensitivity of basin parameters. The use of the SUFI-2 algorithm uplifted model efficiency for monthly and daily scales by
displaying NSE>0.60 and R2>0.60. Within the watershed, on the scale of the sub-watershed, the soil erosion severity zone was
organized effectively. The SWAT parameters recognized to be highly sensitive toward soil erosion are placed in higher orders
after the evaluation done through the SUFI-2 method. In contrast, PLSR parameters that are highly sensitive toward erosion
are placed in a higher order after the evaluation done through weight analysis. The PLSR technique introduced in this work is
valuable, as it provides a unique pattern through which the association between soil erosion and land cover pattern can be

recognized closely, also determining highly sensitive parameters towards soil erosion through SWAT-CUP will allow working

effectively towards watershed management practices at erosion hotspot in Upper Bhima Sub-Basin.

Keywords - Soil characteristics, Hydrologic response, Spatial configuration, Land Use Pattern, SUFI-2 algorithm.

1. Introduction

Over the last decade, increased human activities and
drastic climate change have distributed the hydrological
cycle to some extent, leading to land degradation worldwide.
Soil acts as a transit medium between the ecosystem and
humans, where the benefits of the ecosystem are delivered to
human beings. The disintegration of soil present in natural
form is sloth full process. Also, factually, it is proved soil
played an important role in the creation of earth splitting and
the hauling technique of soil particles is observed in erosion
caused by water. The disintegration of runoff recorded at
peak rate is important to decrease soil erosion. Also, social
programs like land management, construction of soil and
water conservative structure and study of soil and climatic
condition of several aspects present in watersheds play a vital
role. To overcome these problems, researchers are working
on the movement of debris from watershed land to the outlet
of the stream network. Past studies have shown concern over
the increase in the capacity of sediment transportation of a
stream network from watershed to sea. Because of poor
management of land resources and water in many areas drop
in human health and welfare is observed.

The ability of the empirical model to select a proper
characteristic approach toward parameter specification was
recognized by a few researchers and is thoroughly used in the
research work (Petter). The best soil quality supports
agriculture productivity and climate regulation (Elirehema).
The catchment characteristics are represented as an equation
variable in the physical model. The association between
dependent and independent variables can be studied through
this model. This model follows conservation regulation of
density and energy for sediment yield simulation. Also, these
models consider rainfall events as an independent variable
during the modeling process. The necessity of an enormous
quantity of samples is the deficiency of this model(Wu and
Chen). For better investigation of the hydrology and soil
erosion processes, advanced technique is needed; also, the
technique should be relevant for executing proper measures
over the issues related to soil erosion. The present
technology available in the market includes hydrological and
soil erosion models and geographic information systems.
Using this advanced technique accelerates the conservative
soil programs, which lead to the control of soil quality and
quantity damage in a watershed. The most affected erosion-
prone area of the catchment can be defected by adopting a
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computer hydrological model merged with the GIS database.
The computer-based hydrological model is very popular due
to its user-friendly nature. This model can also design
policies concerning the deterioration of loose by suggesting
conservative schemes within watersheds(Zhu and Kuang).
Hydrological models have been made popular in the last
several decades. Its configuration and satellite data can bring
more accuracy to the soil erosion modeling work. This kind
of model's key benefit is truthfully working with the spatial
irregularity of catchment attributes. To study erosion, water
resources and sedimentation processes, multidisciplinary
models have been produced in the last few years. The
strategies governing the makeover of runoff via precipitation
are regulated through these models, while physical laws in
the natural landscape regulate the soil erosion modeling
(Onori and Grauso).

Through proper judgment, PLSR reads the relation
among the parameters and properly understands the
framework set for the real parameters (Feng et al.). Through
the perception of landscape ecology, the hydrological
connectivity technique is arranged through the pattern of
LULC; also, the landscape parameters show the sensitivity
toward soil erosion (Boongaling et al.). A study by (Shen et
al.) explored the influence of landscape configuration on
watershed parameters and found lulc related to erosion. From
the landscape point of view, a detailed study of the
association between landscape patterns and soil erosion is
important to achieve rescheduling and management of
watersheds. Also, it is essential for executing of landscape in
the watershed. It highlights the impact of landscape patterns
over the entire watershed (Palang et al.). The impactful
nature of landscape patterns towards soil erosion was
identified through PLSR by (Shi et al.); in this work, PLSR
successfully identified controlling the watershed soil erosion.
Few authors evaluated four landscape metrics of the PLSR
model, which were responsible for hillside and stream bank
erosion.

The existing SWAT includes the new features
unavailable in the old version; it is also included in pre-and
post-processing software, which also consists of ArcGIS
SWAT, available in ArcGIS software, where farming had the
upper hand (Oeurng et al.). Some authors have displayed
SWAT in the assessment-based analysis, which can predict
soil erosion in the large complex watershed. The
performance check of the SWAT model is successfully done
by running the program in SWAT-CUP software
(Abbaspour et al.; Rane and Jayaraj). The SUFI-2 method in
SWAT-CUP software is used at a large scale to evaluate
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parameter sensitivity and uncertainty in watershed
modelling. Using a minimum number of model simulations
in the SUFI-2 technique is a good quality of calibration and
uncertainty results. The model calibration technique is a
difficult process, which relies on input parameters, model
complexity and few iterations. Using SA and UA techniques,
uncertainties imposed on model parameters and structure can
be reduced. The model potential is assisted through
sensitivity analysis, calibration and validation. Few
researchers previously promoted soil erosion analysis work
daily using SWAT-CUP to overcome this gap. The objective
of this study is a) soil erosion estimation by SWAT model at
watershed scale b) Soil erosion output obtain by SWAT
model through SUFI-2 algorithm c) Identification of
watershed parameter, having influence over soil erosion d)
Finding out the relationship between landscape matrix and
soil erosion using partial least square regression.

2. Study Area
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Fig. 1 Bhima Sub-Basin map

The present study is carried out in the Upper Bhima
Sub-basin (Fig.1), considered the widest sub-basin among
other basins located between 16°0'N and 18°0'N latitude and
73°40'E and 75°0'E longitude. It covers a 3533 Kmz2 area. The
region depletes to the Bhima river, a tributary to the Karha,
Kukadi and Nira rivers. Every year the Upper Bhima Sub-
basin experiences a monsoon from June to September, and
the rainfall ranges from 540 mm to 160 mm; 30 to 70 rainy
days are recorded annually in a basin. Also, it is observed
that 90% of rain occurs during the wet season. The central
water commission has monitored the Sediment vyield at
Takali Gauge in the watershed. Sediment data from 1990-
2014 (24 yrs) has been collected for this work.
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Fig. 2 Methodology flow chart(Desai and Ukarande)

3. Methodology
3.1. Upper Bhima Sub-Basin DEM

The study area digital elevation model (DEM) was
accessed from the US Geological Survey Webpage. The
elevation representing the 350-1475m range is recorded in
the study area. The slope map and flow accumulation map
were developed through multi-function elements available in
DEM.
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Fig. 3 Digitized view of the study area

3.2. Analysis of SWAT Model

SWAT is ownership gained by a public graphical user
interface program assigned a work of watershed modeling.
Using the threshold for land use, soil type and total slope
watershed are discriticized into Hydrological Response Units
(HRUs) which are considered the smallest part of a
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watershed. The below equation is used during modeling
simulation:

SW; = SW, + Y5-1(Raay = Qsury = Ea = Wieep = Qqw) ®

Where SW, is Soil water at time 't' (mm), SW, is the
supplement of water to plant (mm), Ry, is rainfall amount
(mm), Qgyrr is flow from the surface (mm), E, is the amount
of evapotranspiration (mm), W, is detriment (mm), Q,, is
low flow (days).

3.3. Input Data

Daily rainfall, temperature (high/low), sunshine duration
and wind speed of 24 years (1990-2014) is applied in this
work. The stream network is digitized within a DEM to
locate the main outlet of a watershed.
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Fig. 4 Soil classification of the study area
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The Upper Bhima Sub-Basin soil map is digitized
through the ERDAS program before use in the model. The
soil record is received from NBSS & LUP, Nagpur. The soil
data is also placed in a text file in the GUI of SWAT. After
completing the entire process, four types of clay, One type of
Sandy-Loam-Clay, two types of Clay-Loam, and three types
of Loam, are recognized and displayed over the map.
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Fig. 5 LULC classification of the study area

The current topographical scenario is projected through
a Land Use map. The nomenclature of LULC was also
placed in text file format in the GUI of SWAT. After
completing the entire process, the study area is combated
through barren land, water, range land, forest, pasture and
agriculture. Also, most of the watershed is covered in an
urban area.
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Slope Map: The slope tool inbuilt in Arc-GIS Software is
used to develop a slop map. A slope from 0.01 to 1.23 is
placed through the radio button in the GUI of SWAT.

3.4. Delineation of Basin and HRU definition
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Fig. 7 Delineated Upper Bhima Sub-basin

In the preliminary stage, 29 sub-basin were acquired
through delineating DEM, while in the next stage,
topographical aspects were overlaid to establish a hydrologic
response unit (HRU). HRU classifies soil, slope and land use
into the small unit, which allows multiple configurations of
these features. 141 HRUs were generated by skipping land
use and soil by 5% and slope by 10%. In the final stage, a
simulation of soil erosion is carried out by running the
SWAT model on a daily and monthly scale by ignoring the
early few years as a trial run.

3.5. SWAT-CUP Model Details

The ability of SUFI-2 algorithms, such as providing the
largest irrelevant specification unpredictability interval of
model parameters, made it to use in this work. SWAT-CUP
having a built SUFI-2 algorithm is used in this study. SUFI-2
algorithm helps in resolving uncertainty between actual and
simulated parameters. It considers all sources of uncertainties
in a watershed, including parameters and driving variables.
The distinct characteristics of SUFI-2, i.e., the dry year and
wet year, are distributed equally throughout the simulation in
the calibration and validation phase. The model's merit is
listed based on 3 indices, as below.

RZ
2

n 1(Y.obs _ Ymean)(y.sim _ Ypre_mean)
i= i i
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n obs _ Yi51m)2
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YPPs is the actual data at ith stage Y™ is the predicted

data at the ith stage, Y™¢@" is recorded data at an average
scale, YPTe-mean jg prediction at an average scale.
A period from 1995-2007 is for calibration for model 2014,
from which early 3 years are drawn for the warm-up period.
Twelve parameters were established through SWAT-CUP
via objective function to operate calibration, through iteration
near to 500 times. A unique component, i.e. the sensitivity
technique integrated with SWAT-CUP, improves the model's
performance, which also depends on the quality of model
input. Validation of it was administrated to investigate the
performance of the model for which five years of data (2007-
2014) was used.

A period from 1990-2002 is for calibration for model
2005, from which the early few years are drawn for a warm-
up period. Twelve parameters were established through
SWAT-CUP via objective function to operate calibration,
through iteration near to 500 times. A unique component, i.e.
the sensitivity technique integrated with SWAT-CUP,
improves the model's performance, which also depends on
the quality of model input. Validation of it was administrated
to investigate the performance of the model for which five
years of data (2007-2014) was used.

Table 1. Details of SWAT-CUP Parameters

Sr.No. | Parameter Description

1 SPCON.bsn Max amt of sediment
examined.

2 OV_N.hru Flow with the help of
Manning' n.'

3 PRF_BSN.bsn | Peak controlling factor

4 USLE P.mgt | Practice factor

5 SURLAG.bsn | Surface runoff lag time

6 V_CH_COV2 | Channel Erodibility factor

7 CH_EQN.rte | Sediment routing method

8 HRU_SLP.hru | Slope steepness

9 SPEXP.bsn To avoid sediment re-
entrained

10 USLE_K Erodibility factor of soil

(..).sol
11 CH Kl.sub Hydraulic conductivity
12 CN2 Curve Number of Runoff
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3.6. A brief discussion of Partial Least-Square Regression
USGS website is used for downloading high-precision
landscape maps of the study area for the years 1985, 1995,
2005 and 2014. Landscape metrics are figured out through
the proper arrangement of multiple landscape maps. Multiple
landscape metrics have been proposed to examine and carry
out landscape patterns or features, and multiple landscape
metrics have been proposed; pattern layouts and mapping
units are created through these metrics.
15 metrics were recognized to exhibit land use land cover
features in this study (Table 2). The researcher uses these
metrics to associate the relationship between soil erosion and
land cover pattern (Jordan et al., 2005; Nie et al., 2011). With
the support of metrics, the PLSR method is employed to
check the influence of soil erosion. To determine the matrix,
we utilized the program called FRAGSTATS, which is an
approved and extensively used tool for landscape metrics
quantification (McGarigal et al.). The relationship between
two variables is effectively recognized through the PLSR
technique.

Compared to other methods, PLSR endeavors to
distinguish a unique relationship between two variables
integrating each other. The significance of land cover
patterns in the distribution of erosion is the fundamental aim
of PLSR. This study implements programs like SIMCA-P to
run the PLSR procedure.

The design of parameters related to landscape is done in
the PLSR model. In the PLSR algorithm, soil erosion act as
dependent variable and landscape metrics function as an
independent variable. After a few simulations of PLSR
models, the addition and exemption of some variables are
accomplished to select the PLSR model. A matrix such as
Simpson's diversity index (SIDI) displayed a good relation
with Aggregation Index (Al). Also, Interspersion and
juxtaposition index (1JI) showed good relation with
Shannon's diversity Index (SHDI).
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Table 3. PLSR analysis landscape metrics correlation

Metrics  [ED [Lsi [pD [p1 [AXFAPHAPEIPARAIoArRAC|=N- |CONTAG|13I  |COHESION [SIDI  [sHDI Al
ED 1

Lsl -0.13 |1

PD 0.74 |-0.63|1

LPI 0.29 |-0.97/0.57 |1

AREA_MN |-0.42 |0.64 |-0.6 |-0.77 |1

SHAPE_MN| 054072 [0.76|-055 060 1

PARA_MN [0.64 [0.43 |04 [-053[0.25 [0.64 |1

PAFRAC |04 [-0.68/-0.11(0.76 |-0.44 [-0.84 [0.95 |1

ENN_MN |-0.12(0.93 |-0.41[-0.98 [0.75 098 [0.67 |-086 |t

CONTAG [0.77 [0.21 [059 |-033[0.12 [0.45 [0.97 [0.86 [05 |t

N 0.92 |-0.94/0.93 [0.93 |-0.89 [-0.73 [0.80 [o88  |0.74 |-096 |1

conesion [023 [055 [015 [-0.73(0.42 |o82 |97 |-049 |o84 |o88 |1 |1

SIDI -04 |-067|0.11[0.75 |-0.43 [-0.84 [-096 |059 |0.86 [-086 [0.99 |-0.69 1

SHDI 0.11 |-014/0.26 [-051(0.04 [-0.05 [-0.12 [003 019 [-009 021 |-0.06 079 |1

Al -0.85(0.91 |-0.96(-044 079 [0.71  [-0.77 |0.85 074 [0.83  |-0.76 |0.83 062 [-053 1
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4. Results and Discussion
4.1. Classification of Erosion Zone
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Fig. 8 Classification of Soil erosion zone in the study area

To provide a phase-wise execution, all the sub-
watershed are prioritized based on soil erosion rate (Singh et
al.), as shown in table no 4.

Table 4. Erosion classification

Sediment loss|Soil Erosion Class|Percentage of Area
(tons/halyr)

21-40 Very High 8

11-20 High 18

6-10 Moderate 25

0-5 Slight 49

The sub-watershed is rated between Low to Very High
Soil Erosion class. Only Four watersheds have shown signs
of very high soil erosion, and a larger percentage of the
watershed had acquired a slight to moderate erosion class.
Three sub-watershed showing a sign of high soil erosion
were found on the left bank of the Bhima river. Eventually,
all sub-watersheds were ranked likewise by adopting similar.

4.2. Sensitivity Analysis

At a preliminary stage, the value obtained through
SWAT output had a disturbance in the 95 PPU graph. To
reduce this disturbance, adjustments are done in SWAT-CUP
parameters such as (CN2) value is adjusted between 79.32
and 79.67 every month in 2014 and 2005 models,
respectively, as well as setting the value of the same
parameter at 76.5 and 77.84 for daily basis in 2014 and 2005
model respectively, the main function of this parameter is to
increase runoff. (SURLAG) was adjusted between 1.82 and
1.71 monthly in the 2014 and 2005 models, respectively as
well as setting the value of the same parameter at 2.49 and
291 on a daily basis in the 2014 and 2005 models
respectively; the main function of this parameter is to record
lag time of runoff towards an outlet. (USLE_P) was fitted at
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0.43 and 0.45 monthly in the 2014 and 2005 model,
respectively as well as setting the value of the same
parameter at 0.37 and 0.34 daily in the 2014 and 2005 model
respectively which minimizes the involvement of human
endeavor over LULC of the basin (USLE_K) was adjusted
with 0.16 and 0.18 value for monthly basis in 2014 and 2005
model respectively, same parameters were fitted with 0.22
and 0.28 values for daily basis in 2014 and 2005 model
respectively, the main function of this parameter is to control
sediment formation. Mean slope steepness (HRU_SLP) is
used to control channel erosion; in work, it was fitted with
0.25 and 0.20 values on a monthly basis in the 2014 and
2005 model, respectively, while the same parameter was
fitted with 0.10 for a daily basis in both the 2014 and 2005
model. The (SPCON) who's the main function is to control
sediment deposition and is fitted with 0.0003 on a monthly
basis in both the 2014 and 2005 models, and the same
parameter was fitted with 0.0002 on a daily basis in the 2014
model. The channel erodibiltiy factor (CH_COV2), whose
main function is to get linear influence over soil loss, was
fitted with 0.11 monthly in the 2014 model. The same
parameter was fitted with 0.083 daily in the 2014 model. The
(SPEXP) whose function is to represent a non-erosive
channel at the outlet of the watershed, was fitted with 1.1
monthly in the 2014 model. (OV_N), which contributes
directly to surface runoff generation, was fitted with 9.1 and
7.9 daily in the 2014 and 2005 models, respectively.
(PRF_BSN), whose main function is to adjust the effect of
peak flow on sediment routing, was fitted with 1.58 and 1.31
daily in the 2014 and 2005 models, respectively. The
(CH_K1), which controls the losses at the river bed, is fitted
with 27 and 28.33 daily in the 2014 and 2005 models,
respectively. The sediment routing method (CH_EQN),
which summarizes the channel's physical characteristic,
which affects sediment transport, is fitted with 11 and 11.56
for daily basins in 2014 and 2005, respectively. The channel
erodibility factor (CH_ERODMO), which controls the bank
material, is fitted with 0.25 daily in the 2005 model.

The remark of t-stat and p-value is used to decide the
sensitivity of every parameter, and their ranks are allotted as
given in table no 1,2,3,4. The remark of less p-value higher
the sensitivity is assigned for the parameters ranking system.
The parameters such as Curve Number of Runoff (CN2) and
Support practice factor (USLE_P) were listed on top of the
ranking within the parameters which are part of sensitivity
performance criteria in the monthly basis model for the years
2014, and 2005 whereas (SURLAG) and (COV?2) stays at the
bottom in the sensitivity performance criteria in monthly
basis model for the year 2014 and (SPCON) and (SURLAG)
stays at the bottom in the sensitivity performance criteria in
monthly basis model for the year 2005. The parameters like
(OV_N) and support practice factor (USLE_P) were enlisted
at the first two places within the parameters engaged with
sensitivity performance criteria in the daily basis model for
2014. Parameters like (HRU_SLP) and (OV_N) were at the



top two within the parameters which are engaged in the
sensitivity performance criteria in the daily basis model for
the year 2005, parameters like erodibility factor of soil
(USLE_K) and (CH_K1) were enlisted at the bottom in the
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Table 5. Sensitivity Analysis of SWAT parameters (Monthly Basis) (2014)

sensitivity performance criteria in daily basis model for the
year 2014 while, (SURLAG) and (PRF_BSN) stays last in
the sensitivity performance criteria in daily basis model for
the year 2005.

Parameters Low Range High Range |Best. Value |t-stat. P-value Rank
VV_CN2.mgt 65 80 79.32 6.66 0.00 1
V_USLE P.mgt 0.3 0.5 0.43 8.40 0.00 2
V_USLE K.sol 0.1 0.2 0.16 12.11 0.00 3
V_HRU SLP.hru 0.2 0.3 0.25 32.22 0.00 4
V_SPCON.bsn 0.0001 0.0004 0.0003 0.82 0.24 5
V_SURLAG.bsn 1 3 1.82 2.10 0.32 6
CH_COV2.rte 0.00 0.3 0.11 -2.36 0.41 7
Table 6. Sensitivity Analysis of SWAT parameters (Monthly Basis) (2005)
Parameters Low Range High Range | Best Value | t-stat. P-value Rank
V_CN2.mgt 65 80 79.67 18.72 0.00 1
V_USLE_P.mgt 0.3 0.5 0.45 4.68 0.00 2
V_USLE_K.sol 0.1 0.2 0.18 16.34 0.00 3
V_HRU_SLP.hru 0.2 0.3 0.20 4.19 0.00 4
V_SPCON.bsn 0.0001 0.0004 0.0003 0.64 0.14 5
V_SURLAG.bsn 1 3 1.71 2.15 0.29 6
Table 7. Sensitivity Analysis of SWAT parameters (Daily Basis) (2014)
Parameters Low. Range High. Range Best Value | t-stat. P-value Rank
V_CN2.mgt 65 80 76.5 -2.53 0.126 6
V_USLE P.mgt 0.3 0.5 0.37 -4.34 0.049 2
V_HRU SLP.hru 0.1 0.2 0.10 -4.93 0.03 5
V_USLE K.sol 0.2 0.3 0.22 -1.27 0.33 11
V_SPCON.bsn 0.0001 0.0004 0.0002 0.96 0.43 10
CH_COV2.rte 0.00 0.5 0.083 -2.36 0.14 7
SPEXP.bsn 1 1.2 1.1 1.61 0.24 8
PRF BSN.bsn 1.1 1.6 1.58 -3.47 0.073 3
V_OV _ N.hru 1 10 9.1 5.38 0.032 1
V_CH Kl.sub 20 33 27 0.33 0.76 12
V_CH EQN.rte 10 20 11 1.52 0.26 9
V_SURLAG.bsh 2.1 3 2.49 3.03 0.093 4
Table 8. Sensitivity Analysis of SWAT parameters (Daily Basis) (2005)
Parameters Low Range | High Range | Best VValue | t-stat. P-value Rank
V_CN2.mgt 75 85 77.84 -9.73 0.00 3
V_USLE P.mgt 0.3 0.5 0.34 -2.28 0.08 6
V_USLE K{(..).sol 0.2 0.3 0.28 -2.43 0.07 5
V_HRU SLP.hru 0.1 0.2 0.1 -8.93 0.0008 1
V_PRF BSN.bsn 1.1 2 1.31 0.39 0.71 9
V_CH _Kl.sub 20 30 28.33 2.52 0.06 4
V_CH ERODMO 0.1 0.3 0.25 0.55 0.60 8
V_CH_EQON.rte 10 15 11.16 -0.77 0.47 7
V_OV_N.hru 1 10 7.9 7.87 0.001 2
V_SURLAG.bsn 2.1 3 2.91 -0.25 0.81 1
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4.3. Evaluation of Model Calibration

In the beginning, in the 2014 model, calibration was
performed using thirteen years of data, i.e. (1995-2007)
which involved warm-up for 3 years period, i.e. (1995-1998),
in the form of input, the simulated sediment concentration
was analyzed in front of sediment concentration obtained at
gauge station. The monthly scale and daily scale were upheld
during calibration. The monthly scale model of 2014 ran
successfully in the range of 95 PPU line, but most of the
observed peak values were under-predicted by simulated
values. In the daily model of 2014, the predicted value had
followed the flow of observed value adequately in large
sections, but in some sections over prediction of simulated
value concerning observed value was recorded. The scatter
plot displays the model's performance to be good for daily
scale R2= 0.62 and monthly scale R2= 0.67. The analysis
standard like NSE= 0.65 for the daily scale and NSE= 0.66
for the monthly scale, PBIAS= 33.9 for the daily scale and
PBIAS= 7.6 for the monthly scale, r-factor=0.27 for daily
analysis and r-factor=0.4 for monthly analysis, p-factor=0.18
for daily analysis, p-factor=0.56 for monthly analysis had
shown positive reflection towards the performance of a
model in calibration for both the scale.

In the 2005 model, calibration was performed using
twelve years of data, i.e. (1990-2002) which involved 3 years
of the warm-up period, i.e. (1990-1992), in the form of input,
the simulated sediment concentration was analyzed in front
of sediment concentration obtained at the gauge station. The
monthly scale and daily scale were upheld during calibration.
The monthly scale model of 2005 had run successfully in the
range of 95 PPU line, but most of the observed peak values
were under-predicted by simulated values. In the daily model
of 2005, the predicted value had followed the flow of
observed value adequately in a large section. Still, in some
sections over, prediction of simulated value to observed
value was recorded. The scatter plot performed well for daily
analysis R?= 0.6 and monthly analysis R?= 0.72. The analysis
standard like NSE=0.62 for daily analysis and NSE= 0.7 for
monthly scale, PBIAS= 34.1 for daily scale and PBIAS=15.1
for monthly scale, r-factor= 0.43 for daily analysis and r-
factor= 0.25 for monthly analysis, p-factor= 0.23 for daily

306

analysis and p-factor=0.14 for monthly analysis had shown
positive reflection towards the performance of the model in
calibration for all analysis.

4.4. Validation analysis

Implementing 70% of inputs for calibration, the rest of
the data is carried forward for validation in the SWAT-CUP
model, in which measured and simulated sediment
concentration was examined. Model 2014 and 2005 undergo
a validation process on both scales. In the validation stage,
the observed value was under-predicted by the simulated
value in both scales; still, the momentum of the observed
value was followed by the value of simulation. The scatter
plot displays the model's performance to be good for daily
scale R?= 0.74 and monthly scale R?= 0.71. The analysis
standard like NSE= 0.74 for daily analysis and NSE= 0.68
for monthly analysis, PBIAS= 23.9 for daily scale and
PBIAS= 12.7 for monthly scale, r-factor=0.23 for daily
analysis and r-factor=0.6 for monthly analysis, p-factor=0.12
for daily analysis, p-factor=0.45 for monthly analysis had
shown positive reflection towards the performance of the
model in calibration for both the scale.

For model 2005, in the validation phase, the simulated
value traced a close path towards the observed value on a
monthly scale. However, most of the simulation remains
under-predicted for observed value. In contrast, some
sections found over-prediction of observed value by
simulated value on the daily scale. However, a large
percentage of simulation remains under-predicted compared
to the observed value on the daily scale. The scatter plot
displays the model's performance to be good for daily scale
R2=0.69 and monthly scale R2= 0.68. The analysis standard
like NSE= 0.61 for daily analysis and NSE= 0.67 for
monthly analysis, PBIAS= 39.1 for daily scale and PBIAS=
15.3 for monthly scale, r-factor=0.44 for daily analysis and r-
factor=0.34 for monthly analysis, p-factor=0.24 for daily
analysis, p-factor=0.13 for monthly analysis had shown
positive reflection towards the performance of a model in
calibration for both the scale.
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Table 9. Appraisal of statistics performed by the model (2014)

Soil Erosion
p ¢ Observed Simulated
arameter Daily Monthly Daily Monthly

Calib. Valid. | Calib. Valid. Calib. Valid. Calib. Valid.

Avg (mg/l) 1277.40 1117.3 | 1846.78 1691.67 868.48 850.76 1706.08 1476.66
5
SD 1539.06 1529.0 | 1536.58 953.65 1370.78 1230.01 1357.15 921.81
9
PBIAS 33.9 23.9 7.6 12.7
r-factor 0.27 0.23 0.40 0.60
p-factor 0.18 0.12 0.56 0.45
NSE 0.65 0.74 0.66 0.68
R2 0.62 0.71 0.67 0.74
Table 10. Appraisal of statistics performed by the model (2005)
Soil Erosion
Parameter _ Observed _ Simulated
Daily Monthly Daily Monthly

Calib. Valid. Calib. Valid. Calib. Valid. Calib. Valid.
Avg (mg/l) 1482.20 1426.25 1865.72 1422.70 1156.50 1104.34 1583.82 1205.15
SD 1679.61 1624.42 1858.34 1584.65 1518.31 1461.46 1635.77 1303.57
PBIAS 34.1 39.1 15.1 15.3
r-factor 0.43 0.44 0.25 0.34
p-factor 0.23 0.24 0.14 0.13
NSE 0.62 0.61 0.70 0.67
R2 0.60 0.68 0.72 0.69

4.5. Pattern Analysis of Landscape metrics

Initially, for the model 2014, parameters like (SHDI),
(SIDI), Area ratio in average form (AREA_MN), (ED),
(LSI), and (PD) are placed on negative weight loading as
shown in (Fig.5.32). Additionally, a VIP value of less than 1
has been displayed, and these outcomes illustrate that matrix
used here is getting the least influence over soil erosion.
Parameters like (SHAPE_MN) and Mean Euclidian nearest
neighbor distance (ENN) represents negative weight indices
but still find VIP value greater than 1. Hence they had a
medium impact on soil erosion. Parameters like area ratio in
average form (PARA_MN) and Interspersion and
Juxtaposition index (1J1) are positioned in positive weight
analysis. Also, they have more than 1 VIP value, which
greatly impacts soil erosion.
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For the model 2005, parameters like (PAFRAC) and
(Al) are placed on negative weight loading as shown in Fig.
(5.32); additionally, VIP value less than 1 has been
displayed; these outcomes illustrate that matrix used here is
getting the least influence over soil erosion. Parameters like
the Largest patch index (LPI) represent negative weight
indices, but they find VIP values more than 1; hence they
had a medium impact on soil erosion. Parameters like
(SHDI) and (SIDI) are positioned in positive weight analysis.
Also, they have a VIP value of more than 1, which provides
a high impact on soil erosion.
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Table 11. Performance Index of landscape matrix (2014)
Metrics Dependent Variable
VIP w'[1] w'[2]
SHAPE_MN 1.6 -0.32 -0.45
Ji 14 0.15 -0.5
ENN_MN 13 -0.33 -0.45
PARA_MN 1.2 0.31 0.3
Table 12. Landscape metrics soil erosion results (2005)
Metrics Dependent Variable
VIP w' [1] w' [2]
SHAPE_MN 16 -0.32 -0.45
1J1 14 0.15 -0.5
ENN_MN 1.3 -0.33 -0.45
PARA_MN 1.2 0.31 0.3
4_
3_
2 27
= i
Z 14
i |
3 07
5 14
o |
5 27
-3 T T T T T T T T T T T T T T T
n 5z W = zZ2 53 A < & o =z =z zZz2 9 =z
= - g % % g - - 2| 2| 2| é Eu
S < E = "

Fig. 25 Soil Erosion Sensitivity of Upper Bhima Sub-Basin (%614)n

315

bl

A AAANA AALACAN



Pravin V. Desai & Suresh K. Ukarande / IJETT, 70(9), 298-318, 2022

The fig.(5.36) shows that PD, LSI, SIDI, COHESION, 1JI, CONTAG, Al, ED, LPI and SHDI have negative sensitivity

towards soil erosion, whereas ENN_MN, PARA_MN, SHAPE_MN,

sensitivity towards soil erosion.
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The above figure shows that LSI, 1JI, COHESION,
SHDI, SIDI, Al, LPI, ED, SHAPE_MN, PARA MN,
PAFRAC and ENN_MN have negative sensitivity toward
soil erosion. In contrast, PD, CONTAG, and AREA_MN
have positive sensitivity towards erosion.

5. Discussion

The prime objective of this work was to calibrate and
validate soil erosion parameters in the Upper Bhima Sub-
basin watershed. The functioning of both models was
determined using SA, model calibration and validation. (Van
Griensven et al.), Calibrated the SWAT for the discharge and
sediment concentration in the Honey Creek basin and
concluded that within ten parameters, CN2 along with
USLE_P were the most sensitive parameters. (de Medeiros et
al.) performed sensitivity analysis in Epitacio Pessoa Dam, it
was discovered that CN2, CH_K2, SPCON and EPCON
were among the top 4 sensitive parameters. (Gull et al.)
calibrated SWAT for the Lolab watershed of Pohru
catchment; among four highly sensitive parameters, CN2
was the first, followed by SPCON, CH_EROD and SPEXP.
Very close to the above result in this work, 12 parameters
were used in the sensitivity analysis as CN2, USLE_P,
HRU_SLP, and PRF_BSN are observed to be the most
sensitive parameters.

The peak value in July 2004 (calibration) for the model
2014 does not fall under 95 PPU; the same condition was
observed for July 1996 (calibration) for the model 2005.
Some extreme event cannot be predicted by SWAT; such
condition was also observed in the work of (Worglul et al.).
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With the help of R2 and the NSE involving observed and
simulated values, their good performance (R2>0.6) uplifted
the quality of the model (Bouslihim et al.; Zeckoski et al.;
Moriasi et al.). The ability of PBIAS to display poor model
performance is used as a supplementary option for showing
the effective model performance (Biondi et al.). Time series
and scatter plots had equal importance for displaying model
performance. This work's scatter plots displayed good
collinearity between observed and simulated sediment data.

This research claims that land cover patterns influence
soil erosion within the watershed. PD and ED reproduced the
magnitude of forest fragmentation. Thus its ineffectiveness
was observed in reducing erosion from the agricultural area.
In this work, negative sensitivity was featured by
COHESION and Al metrics with soil erosion. The model's
performance proposed that soil erosion will occur more in
distributed land cover patches. SHAPE_MN and PARA_MN
displayed positive sensitivity to soil erosion in the 2014
model, which indicates small land use land cover patches
increase soil erosion. A similar result was observed in the
work of (Boongaling et al.). (Lee et al.) PD, ED and SHDI
are positively related to water quality and CONTAG and Al
are negatively related to water quality. Also, in the work of
(Miller et al.) CONTAG, LPI and COHESION had shown
high influence over runoff, and a strong relationship was
observed by (Sertel et al.) between PD, NP, LPI and
landscape. The above example reveals the use of landscape
metrics in other aspects of the watershed where the author
had applied similar models in this work. The negative
sensitivity of 1JI towards soil erosion reflects human
domination of land use, such as agricultural land and urban



Pravin V. Desai & Suresh K. Ukarande / IJETT, 70(9), 298-318, 2022

area (Lechner et al.), also found the same result in their
study. In our work, SHDI has negative sensitivity to soil
erosion, indicating that the watershed has a thick land cover
type that prohibits soil erosion. This scenario was repeated in
the work of (Lee et al.).

6. Conclusion

The results illustrate that metrics like SOL_AWC,
SFTMP, ALPHA BF & SOL_K had displayed the highest
sensitivity towards soil erosion. The algorithm, namely
SUFI_2 in-built in SWAT-CUP, develops realistic outputs
regarding UA, calibration and validation of the SWAT
model. In this work, SWAT-CUP proved to be effective in
capturing uncertainty in the modeling and evaluating the
impact of watershed aspects. Features of SWAT-CUP to
support distributed hydrological modeling, which is an
important aspect of watershed management practices, were
revealed through this study. The sensitivity investigation was
used to select the watershed aspects for calibration; the
criteria for selecting the parameter was NSE value should be
greater than 0.70 for a daily soil erosion simulation, and
similar criteria were followed for the validation period. The
results of SWAT-CUP featuring sensitivity and uncertainty
analysis reflect the appropriate benefit of the model for soil
erosion prediction in the Upper Bhima Basin. The calibration
and validation results reflect that the model has closely
followed the observed soil erosion. Evaluating soil loss is
mandatory to examine the soil erosion consequences; it is
also important to implement conservative soil measures in a
catchment.

A steady transformation was observed in the landscape
from 2005 to 2014, leading to notable changes in the
hydraulic function of the watershed. The strong correlation
between landscape features and soil erosion was revealed

References

through this study. Land use planners can get good inputs on
efforts taken on landscape metrics through this study. It is
recommended in the future to expand this study for a better
understanding of the complex nature of landscape matrix
with soil erosion. The strategies implemented within this
work display the contribution of land use changes towards
soil erosion; this materialistic information will help
stakeholders select the right land use for better water
resource management. Through this study, zoning regulation
and planning practices need to be carried out to minimize the
adverse effects of land use. The investigation of the effect of
landscape patterns on soil erosion through PLSR was
conducted in this study. In the presence of remote sensing
and GIS technology, the land cover aspect can be studied
deeply using landscape pattern metrics. PLSR effectively
explored land use land cover for sensitivity analysis through
the SIMCA-P model. In contrast, climatic and watershed
parameters were effectively used by SWAT-CUP for the
simulation of soil erosion modeling in the Upper Bhima Sub-
Basin.

Funding Statement

This research has been funded by Chhatrapati Shahu
Maharaj Research Training and Human Development
Institute (SARTHI), Pune (Government of Maharashtra),
India, for the financial support under the Chhatrapati Shahu
Maharaj National Research Fellowship-2019 to Mr. Pravin
Vinayak Desai

Acknowledgments

The author Mr. Pravin V. Desai, would like to thank HD
Nashik, GoM, for providing Meteorological Data and CWC,
Hyderabad, for providing Sediment data.

[1] Abbaspour, Karim C., et al., "Modelling Hydrology and Water Quality in the Pre-Alpine / Alpine Thur Watershed using SWAT," pp.

413-430, 2007. https://doi.org/10.1016/j.jhydrol.2006.09.014.

(2]
(3]

(4]
(5]

(6]

[7]
(8]

(9]

Biondi, Daniela, et al., "Validation of Hydrological Models: Conceptual Basis, Methodological Approaches and a Proposal for a Code
of Practice," Physics and Chemistry of the Earth, vol. 42—-44, pp. 70-76, 2012. https://doi.org/10.1016/j.pce.2011.07.037.

Boongaling, Cheamson Garret K., et al., "Modeling Land Use Change Impacts on Hydrology and the Use of Landscape Metrics as
Tools for Watershed Management: The Case of an Ungauged Catchment in the Philippines,” Land Use Policy, vol. 72, no. 2016, pp.
116-28, 2018. https://doi.org/10.1016/j.landusepol.2017.12.042.

Bouslihim Y, et al., “Combining SWAT Model and Regionalization Approach to Estimate Soil Erosion under Limited Data Availability
Conditions,” Eurasian Soil Science, vol. 53, no. 9, pp. 1280-1292, 2020. https://doi.org/10.1134/S1064229320090021.

de Medeiros 1. C, et al., “Run-off-Erosion Modelling and Water Balance in the Epitacio Pessoa Dam River Basin, Paraiba State in
Brazil,” International Journal of Environmental Science and Technology, vol. 16, no. 7, pp. 3035-3048, 2019.
https://doi.org/10.1007/s13762-018-1940-3.

Desai, Pravin V, and Suresh K. Ukarande, "Modeling of Soil Erosion Using SWAT and Linking Land-Cover Pattern to Soil Erosion in
Upper Krishna Sub-Basin," no. 5, pp. 159-172, 2022.

Elirehema Y. S, "Soil Water Erosion Modeling in Selected Watersheds in Southern Spain," IFA, ITC, Enschede, vol. 42, 2001.

Feng, Xiaoming, et al., "Modeling Soil Erosion and Its Response to Land-Use Change in Hilly Catchments of the Chinese Loess
Plateau," Geomorphology, vol. 118, no. 3—4, pp. 239-248, 2010.

Gull, Sarvat, et al., "Prediction of Stream Flow and Sediment Yield of Lolab Watershed Using SWAT Model," Hydrol Current Res, vol.
8, no. 1, pp. 1-9, 2017.

317



Pravin V. Desai & Suresh K. Ukarande / IJETT, 70(9), 298-318, 2022

[10] Jordan G., et al., "Historical Land Use Changes and Their Impact on Sediment Fluxes in the Balaton Basin (Hungary)," Elsevier, 2022.
[Online]. Available: https://www.sciencedirect.com/science/article/pii/S0167880905000332.

[11] Lechner, Alex M., et al., "Interactions between Landcover Pattern and Geospatial Processing Methods: Effects on Landscape Metrics
and Classification Accuracy," Ecological Complexity, vol. 15, pp. 71-82, 2013.

[12] Lee, Sang Woo, et al., "Landscape Ecological Approach to the Relationships of Land Use Patterns in Watersheds to Water Quality
Characteristics," Landscape and Urban Planning, vol. 92, no. 2, pp. 80-89, 2009. https://doi.org/10.1016/j.landurbplan.2009.02.008.

[13] McGarigal, Kevin, et al., "FRAGSTATS: Spatial Pattern Analysis Program for Categorical Maps,” Computer Software Program
Produced by the Authors at the University of Massachusetts, Amherst, vol. 6, 2002. [Online]. Available: www. Umass.
Edu/Landeco/Research/Fragstats/Fragstats. html.

[14] Miller, James D., et al., “Evaluating Landscape Metrics for Characterising Hydrological Response to Storm Events in Urbanised
Catchments,” Urban Water Journal, vol. 17, no. 3, pp. 247-58, 2020. https://doi.org/10.1080/1573062X.2020.1760320.

[15] Moriasi, D. N., et al., "Hydrologic and Water Quality Models: Performance Measures and Evaluation Criteria," Transactions of the
ASABE, vol. 58, no. 6, pp. 1763-1785, 2015. https://doi.org/10.13031/trans.58.10715.

[16] Nie, Wenming, et al., "Assessing Impacts of Landuse and Landcover Changes on Hydrology for the Upper San Pedro Watershed,"
Journal of Hydrology, vol. 407, no. 1-4, pp. 105-14, 2011.

[17] M. Pramod kumar, K.Nagalakshmi, T. Lakshmi Prasad, N.Jayaraju, B.Lakshmanna, "Land use and Land Cover Analysis using Remote
Sensing and GIS: A Case Study in and around Bramhamgarimatam, Kadapa District, Andhra Pradesh, India,"” SSRG International
Journal of Geoinformatics and Geological Science, vol. 6, no. 1, pp. 16-20, 2019. Crossref, https://doi.org/10.14445/23939206/1JGGS-
V611P104

[18] Oeurng, Chantha, et al., “Assessment of Hydrology, Sediment and Particulate Organic Carbon Yield in a Large Agricultural Catchment
Using the SWAT Model,” Journal of Hydrology, vol. 401, no. 3-4, pp. 145-153, 2011. https://doi.org/10.1016/j.jhydrol.2011.02.017.

[19] Onori, Filippo, and Sergio Grauso, "Soil Erosion Prediction at the Basin Scale using the Revised Universal Soil Loss Equation (RUSLE)
in a Catchment of Sicily (Southern Italy)," pp. 1129-1140, 2006. https://doi.org/10.1007/s00254-006-0286-1.

[20] Palang, Hannes, et al., "Holistic Landscape Ecology in Action,” Landscape and Urban Planning, Elsevier, vol. 50, no. 1-3, pp. 1-6,
2000.

[21] Petter, P., "GIS and Remote Sensing for Soil Erosion Studies in Semi-Arid Environments,” PhD, University of Lund, 1992.

[22] Rane, N. L., and G. K. Jayaraj, "Enhancing SWAT Model Predictivity Using Multi-Objective Calibration: Effects of Integrating
Remotely Sensed Evapotranspiration and Leaf Area Index," International Journal of Environmental Science and Technology, 2022.
https://doi.org/10.1007/s13762-022-04293-7.

[23] Sertel, Elif, et al., "Comparison of Landscape Metrics for Three Different Level Land Cover/Land Use Maps,” ISPRS International
Journal of Geo-Information, vol. 7, no. 10, 2018. https://doi.org/10.3390/ijgi7100408.

[24] Shen, Zhenyao, et al., "Impact of Landscape Pattern at Multiple Spatial Scales on Water Quality: A Case Study in a Typical Urbanised
Watershed in China," Ecological Indicators, vol. 48, pp. 417-427, 2015.

[25] Shi, Z. H., et al., "Partial Least-Squares Regression for Linking Land-Cover Patterns to Soil Erosion and Sediment Yield in Watershed,"
pp. 165-176, 2013. https://doi.org/10.1016/j.jhydrol.2013.06.031.

[26] Singh, B. R., et al., "Soil Quality Effects of Accelerated Erosion and Management Systems in Three Eco-Regions of Tanzania," Soil and
Tillage Research, vol. 53, no. 1, pp. 59-70, 1999.

[27] Van Griensven, A, et al., "Critical Review of SWAT Applications in the Upper Nile Basin Countries," Hydrology and Earth System
Sciences, vol. 16, no. 9, pp. 3371-3381, 2012. https://doi.org/10.5194/hess-16-3371-2012.

[28] Worglul, Abeyou W., et al., "Evaluating Hydrologic Responses to Soil Characteristics Using SWAT Model in a Paired-Watersheds in
the Upper Blue Nile Basin," Catena, vol. 163, no. 2017, pp. 332-341, 2018. https://doi.org/10.1016/j.catena.2017.12.040.

[29] Wu, Hongjing, and Bing Chen, "Evaluating Uncertainty Estimates in Distributed Hydrological Modeling for the Wenjing River
Watershed in China by GLUE, SUFI-2, and ParaSol Methods," Ecological Engineering, vol. 76, pp. 110-121, 2015.
https://doi.org/10.1016/j.ecoleng.2014.05.014.

[30] Zeckoski, R. W., et al., “Hydrologic and Water Quality Terminology as Applied to Modeling,” Transactions of the ASABE, vol. 58, no.
6, pp. 1619-1635, 2015. https://doi.org/10.13031/trans.58.10713.

[31] Zhu, Yuanfeng, and Runyuan Kuang, "Quantitative Assessment of Soil Erosion in Shanchonghe Watershed Supported by RS and
GIS,"MIPPR 2013: Remote Sensing Image Processing, Geographic Information Systems, and Other Applications, edited by Jinwen
Tian and Jie Ma, vol. 8921, no. 86, pp. 89210P, 2013. https://doi.org/10.1117/12.2031361.

318



