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Abstract
Soil erosion is common and has a wide range of spatiotemporal variability. It is crucial in determining sediment output, which 
is essential for proper watershed management. In this research, we propose morphometric deterministic models (MDM) for 
prediction of sediment yield index using morphometric parameters of 49 watersheds from Upper Narmada Basin of Mad-
hya Pradesh state, India. For this purpose, Shuttle Radar Topography Mission generated Digital Elevation Model was used 
to extract and analyze 12 morphometric parameters including linear, aerial, and relief parameters. Principle Component 
Analysis has been applied for the most effective parameter estimation. The linear and nonlinear MDM were discovered to be 
suitable for the field of sediment research due to the high value of R2 (over 70%). The sediment yield forecasting is critical 
for taking the appropriate management measures in the watershed to reduce the sediment load in the reservoir and extend 
the life of the structure.

Keywords Unguaged watersheds · Morphological parameters · Sediment yield index · PCA

Abbreviations
AISLUS  All India soil and land use survey
Ba  Bamhan
Cc  Compactness coefficient
Dd  Drainage density

DEM  Digital elevation model
Fs  Drainage frequency
GIS  Geographic information system
HI  Hypsometric index
km  Kilometers
km2  Square kilometer
Lo  Length of overland flow
MDM  Morphometric deterministic models
Ma  Manot
Mo  Mohgaon
MAE  Mean absolute error
NSE  Nash–Sutcliffe efficiency
PCA  Principle component analysis
R2  Correlation coefficient
RS  Remote sensing
Re  Elongation ratio
Rf  Form factor
Rh  Relief ratio
Rr  Relative ratio
RN  Ruggedness number
Rc  Circularity ratio
Rb  Bifurcation ratio
SYI  Sediment yield index
SRTM  Shuttle radar topography mission
SPR  Sediment production rate
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Sa  Average slope of watershed
T  Drainage texture
WI  Willmott’s index

Introduction

Basin is an ideal unit to manage natural resources and reduce 
the impact on sustainable development from natural disasters 
(Abdul Rahaman et al. 2015). Planning for the basin manage-
ment highlights river erosion management techniques (Gajb-
hiye et al. 2015a, b). The assessment was also performed 
in sub watersheds to assess the natural hazards and threats 
(soil erosion, floods, slide etc.). Water soil erosion is recog-
nized as a major cause of earth deterioration throughout the 
world. Soil erosion in general, particularly in the Narmada 
River basin watershed is not a recent problem in the country. 
Environmental degradation is environmental degradation 
induced by the loss of resources such as air, water and soil; 
ecosystem destruction and the extinction of biodiversity. It is 
characterized as any changes or disruptions perceived to be 
deleterious or unwelcome to the environment. The issue of 
environmental degradation affects the countries of the world 
in general and the Narmada basin in particular.

Many additional threats to climate change emerge in this 
dynamic environment, including extreme land degradation 
and prolonged droughts. Unfortunately, these challenges, in 
conjunction with other environmental developments like as 
water and air pollution, are becoming increasingly impor-
tant drivers of environmental degradation (Choudhary et al. 
2015; Cramer et al. 2019). Among the examples of envi-
ronmental degradation, the negative effect of risk of water 
erosion in the watershed. Land degradation is a complex 
series of processes in surfaces (Fadhil Al-Quraishi 2003) the 
example of land degradation in Narmada basin watershed is 
water erosion risk, which is a natural process. Defining the 
vulnerable field of soil erosion and identifying the key areas 
of erosion is critical for the prioritization and delineation of 
these areas of management.

The morphometric parameters represent nearly the entire 
watershed’s causative variables affecting rainfall-generated 
runoff and sediment, either directly or indirectly. Prior 
to using any sophisticated instrument to track watershed 
responses in relation to any of the hydrologic processes 
operating on it, the surface highlights are the most impor-
tant analysis units. As a result, these criteria can be used to 
determine watershed planning goals in terms of proper soil 
and water management. An examination of silt load data 
from India and other parts of the world showed that not all 
watersheds are equally vulnerable to erosion (Nikam et al. 
2014). As a result, in order to be handled on a priority basis, 
it is important to define a vital watershed. In this way, mor-
phometric parameters combined with satellite-based land 

cover data of watersheds can be useful in prioritizing sub 
watersheds in the absence of extensive hydrological data.

The Remote Sensing (RS) and Geographic Information 
System (GIS) can serve as useful tools to monitor and assess 
land loss and soil erosion, helping to develop appropriate and 
reasonable strategies for management (Fadhil Al-Quraishi 
2003). The watershed by its geographic position is vulnerable 
to several natural risks (flooding, landslide, drought, water 
erosion, forest fires, etc.). This study focus on the risk of 
‘water erosion’. Several factors such as rainfall, lithology, 
slopes and plant cover must be prioritized, analyzed and 
treated by the approach of morphometric analysis. Morpho-
metric mapping in combination with the Remote Sensing 
(RS) and Geographical Information System (GIS) which can 
serve as useful resources for monitoring and evaluating land 
loss and soil erosion, helping to establish appropriate and 
reasonable management strategies (Fadhil Al-Quraishi 2003; 
Benzougagh et al. 2020, 2022a, b; Meshram et al. 2022a, 
b). The morphometric analysis including linear, areal and 
drainage parameters. Morphometric watershed research is an 
important first step towards a clearer appreciation of water-
shed dynamic characteristics. Therefore, morphometric anal-
ysis is an important method for prioritizing sub-watershed 
growth and the management of natural resources (Biswas 
and Chakraborty 2016; Benzougagh et al. 2016, 2017). The 
results of the production of an erosion danger map are a pow-
erful resource for planning to minimize the problems of soil 
erosion induced by potential and current sustainable growth 
programs in the research region as well as in other regions.

Recent studies have shown that remote sensing (RS) and 
geographic information system (GIS) tools and techniques 
are highly efficient and useful for improving and monitoring 
watersheds, as well as prioritizing sub-watersheds in soil and 
water management (Sarma and Saikia 2012; Ahmed and Rao 
2015; Khadse et al. 2015; Makwana and Tiwari 2016; Khanday 
and Javed 2016; Farhan et al. 2017; Jharia et al. 2018; Kadam 
et al. 2019; Arefin et al. 2020). In the ongoing decades, numer-
ous scientists have concentrated on deterministic or regression 
modeling. Koutsoyiannis (2001) proposed a system for cou-
pling stochastic models of hydrologic measures applying to 
various time scales with the goal that the time arrangement pro-
duced by various model is reliable. Singh et al. (2001) created 
local stream span models for enormous number of un-checked 
Himalayan catchments. They announced that the factual meth-
odology of quantile assessment performed acceptably in align-
ment just as in approval. Kumar and Rastogi (2005) analyzed 
hydrologic data for the year 1977–1985 for development of 
sub area routing model for estimation of sediment yield on 
storm basis from Gagas watershed, Ramganga reservoir catch-
ment. Caissie et al. (2007) used a deterministic model to pre-
dict water temperatures in Miramichi River catchments (New 
Brunswick, Canada). When researching rivers of various sizes 
and thermal conditions, they concluded that deterministic water 
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temperature models are useful tools for forecasting river water 
temperatures. Gupta and Singh (2010) multivariate statistical 
techniques were used to create dimensionally homogeneous 
and statistically optimal models for annual runoff and Sedi-
ment Production Rate (SPR) prediction from the Mahi catch-
ment’s limited watersheds. The developed models can be used 
to forecast runoff and SPR in small un-gauged watersheds in 
the Mahi catchment that have similar physiographic character-
istics. Singh et al. (2007) used deterministic modeling of annual 
runoff and sediment production rate for small watersheds of 
Chambal Catchment. Amoudry and Souza (2011) reviewed and 
discussed the deterministic coastal morphological and sediment 
transport modeling. Shojaeezadeh et al. (2018) introduced a 
parsimonious probabilistic model to describe the relationship 
between Suspended Sediment Load (SSL) and discharge vol-
ume. This model, rooted in multivariate probability theory and 
Bayesian Network, infers conditional marginal distribution of 
SSL for a given discharge level.

Watershed management is needed for the proper and 
efficient use of land and water resources. As a result, it is 
often preferable to begin management steps from the most 
sensitive sub-watershed. To make accurate predictions, 
comprehensive data are needed for proper scientific plan-
ning and management of the watershed. Many watersheds 
in India are not measured for such situations. Deterministic 
morphometric modeling is a fundamental method for study-
ing a basin’s hydrologic activity. A deterministic model can 
be constructed using dimensionless morphometric charac-
teristics and the sediment yield index. Models built in this 
way can be used to predict sediment yield in watersheds 
with similar physiographic conditions. Considering such 
approach the present study was undertaken. However, the 
basin’s understanding of the aforementioned facts has yet 
to be discussed, and no such scientific tests for a basin have 
been published thus far. As a result, the findings of this study 
are novel and significant to the water resource authorities 
concerned.

Material and methods description

Study area and data used

The Narmada is the Indian peninsula’s largest west-flowing 
river. It is one of India’s most powerful rivers. The Narmada 
River rises at an elevation of 1057 m above mean sea level in 
the Amarkantak Plateau of the Maikala range in the Shahdol 
district of Madhya Pradesh, at a latitude of 22° 40ʹ N and a 
longitude of 81° 45ʹ E. The river flows for 1312 km before 
crashing into the Gulf of Cambay in the Arabian Sea near 
Bharuch, Gujarat. The first 1079 km of its run are in Mad-
hya Pradesh. The river forms the border between the states 
of Madhya Pradesh and Maharashtra for the next 35 km. It 

then forms the border between Maharashtra and Gujarat for 
the next 39 km (Gajbhiye et al. 2013a, b). The last length of 
159 km lies in Gujarat. The Narmada basin covers 98,796 
 km2 and is located between longitudes 72° 32ʹ E and 81° 45ʹ 
E, and latitudes 21° 20ʹ N and 23° 45ʹ N. For model applica-
tion, three watersheds were selected based on the availability 
of morphometric parameter and sediment yield index data, 
a brief description of which is given below:

Bamhani watershed (Ba), Manot watershed (Ma), Moh-
gaon watershed (Mo) in Mandla district, India. In this 
research, morphometric parameter of 49 sub-watersheds 
across upper Narmada Basin Mandla, Madhya Pradesh State, 
India. The location map of the study watershed shown in 
Fig. 1.

In order to develop morphometric deterministic model 
(MDM), we have taken the morphometric parameter and 
sediment yield index for the 49 sub-watershed (Ba, Ma, Mo) 
(Table 1) from the previous studies of Gajbhiye et al. (2014a, 
b).

Methodology

The used procedure in this study can be summarized in the 
following stages:

1. Establishing morphometric parameters and sediment 
yield index

2. Applying the principal component analysis (PCA) for 
redundancy of morphometric parameter

3. Develop morphometric deterministic model (MDM).
4. Parameter estimation.
5. Qualitative evaluation of model performance.

Morphometric parameters

Stream network is a basic requirement of any morphometric 
study and the prioritization of watersheds. Digital Elevation 
Model (DEM) (30*30 m) generated by Shutter Radar Topog-
raphy Mission (SRTM) data is a common tool to define a 
stream network and sub-watershed map. Different drainage 
network parameters, i.e., numbers and lengths and watershed 
area, perimeter, width and length were determined in GIS 
environment (Meshram et al. 2019, 2020a, b, 2021). Then 
using standard formulae stream frequency, drainage density, 
circulatory ratio, form factor and elongation ratio were esti-
mated. Sediment yield index is calculated using the AISLUS 
(1991) formulae.

Principal component analysis

Most of the time there is relationship between the morpho-
metric parameters such that some of the parameters share the 
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same information. In performing component analysis, the co-
ordinates axis is transformed to a new reference frame within 
the total variable space. This involves assigning new principal 
components to each variable either through an uncorrelated or 
an orthogonal transformation. These components are unique in 
that they consider the maximum variance between the varia-
bles. The correlation matrix and principal components are thus 
obtained from the principal component analysis performed 
on the geomorphic variables (Gajbhiye et al. 2015c; Gajbhiye 
and Sharma 2017). The analysis employs the first factor and 
rotated the factor loading matrices. The product of the square 
of a parameter’s loading and the percent of the rotated factor 
covariance gives the order of importance of a parameter. Thus, 
computation is derived from the most commonly used trans-
formation technique involving rotated factor loading matrices 
based on the varimax criteria (Singh 2006).

The proposed morphometric deterministic model

SPSS 16.0 software was used to create dimensionally homo-
geneous and statistically optimal models of the following 
linear (Eq. 1) and nonlinear (Eq. 2) form after redundancy 

of morphometric parameters into physically significant 
components.

where Y is the dependent variable (Sediment yield index) 
and x1, x2, ..., xn are the independent variables (Morphomet-
ric parameter), a0, a1, ..., an are the regression co-efficients.

Parameter estimation

The SPSS Statistical Package was used to analyze the 
data in Windows version 22.0. For multi-step regression, 
one-way multivariate analyses were used to depart from 
the morphometric parameter and SYI parameters. In the 
MDM, sediment yield index was dependent variable and 
morphometric parameter (most effective) was independ-
ent variables.

(1)Y = a0 + a1x1 + a2x2 + a3x3 + ... + a
n
x
n

(2)Y = a0x
a1

1
x
a2

2
x
a3

3
... xan

n

Fig. 1  Location map of the study area
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Table 1  Morphometric parameter of the study area Gajbhiye et al. (2014a, b)

Bamhani-Ba; Manot-Ma; Mohgoan-Mo

Sub-watershed Rh Rr RN Rb Dd Fs Rc Rf Re T Lo Cc Sa HI SYI

Ba-1 0.012 0.003 0.450 3.485 2.498 3.983 0.313 0.375 0.691 5.979 0.200 0.024 3.871 0.500 1070.47
Ba-2 0.012 0.003 0.148 2.917 1.415 2.609 0.859 0.91 0.989 3.287 0.353 0.052 2.16 0.500 1159.31
Ba-3 0.022 0.006 0.374 3.792 2.337 3.764 0.634 0.601 0.875 4.658 0.214 0.046 4.027 0.500 1107.11
Ba-4 0.019 0.006 0.948 3.662 2.369 3.949 0.418 0.348 0.666 8.954 0.211 0.015 8.519 0.500 1279.04
Ba-5 0.017 0.003 0.386 3.432 2.410 3.953 0.443 0.945 0.987 6.762 0.208 0.024 4.676 0.485 1094.39
Ba-6 0.008 0.002 0.485 4.676 2.425 4.161 0.352 0.603 0.877 12.742 0.206 0.009 4.538 0.500 914.97
Ba-7 0.008 0.002 0.237 4.353 2.372 3.901 0.425 0.677 0.929 7.547 0.211 0.019 2.387 0.500 796.42
Ba-8 0.018 0.005 0.369 4.889 1.942 3.125 0.671 0.632 0.898 4.441 0.257 0.038 4.428 0.500 969.15
Ba-9 0.034 0.009 0.593 3.167 1.852 3.132 0.683 0.767 0.989 4.112 0.270 0.044 6.229 0.500 1062.07
Ba-10 0.022 0.004 0.683 4.945 2.626 4.603 0.364 0.722 0.959 4.475 0.190 0.022 6.647 0.565 1013.29
Ba-11 0.010 0.002 0.948 5.657 2.494 3.812 0.228 0.383 0.699 11.831 0.201 0.007 6.467 0.500 923.82
Ba-12 0.014 0.004 0.395 3.846 2.466 4.001 0.568 0.584 0.863 7.184 0.203 0.025 5.045 0.500 971.02
Ba-13 0.019 0.005 0.838 3.588 2.465 3.97 0.312 0.424 0.735 7.309 0.203 0.018 5.796 0.500 1154.44
Ba-14 0.018 0.006 0.368 2.971 1.800 3.148 0.665 0.496 0.795 4.068 0.278 0.044 3.791 0.500 1177.68
Ba-15 0.006 0.002 0.490 4.101 2.449 4.131 0.287 0.276 0.593 10.165 0.204 0.011 4.621 0.500 1032.71
Ba-16 0.015 0.004 0.591 4.096 2.287 3.78 0.329 0.382 0.698 6.035 0.219 0.023 6.801 0.500 1115.03
Ba-17 0.017 0.005 0.594 4.015 2.475 3.967 0.491 0.423 0.734 7.055 0.202 0.023 9.125 0.500 1264.42
Ba-18 0.012 0.002 0.337 3.867 2.408 4.033 0.384 0.761 0.985 6.943 0.208 0.022 3.731 0.500 840.95
Ba-19 0.019 0.005 0.391 3.329 1.886 3.182 0.448 0.595 0.87 3.958 0.265 0.038 6.139 0.595 1054.24
Ba-20 0.008 0.002 0.410 4.927 2.560 4.245 0.357 0.416 0.728 9.182 0.195 0.015 5.04 0.595 901.41
Ma-1 0.016 0.003 0.923 3.715 3.075 7.689 0.386 0.76 0.984 21.707 0.163 0.010 5.139 0.500 991.61
Ma-2 0.014 0.003 1.206 4.314 3.053 6.846 0.393 0.761 0.984 27.599 0.164 0.006 3.928 0.406 987.42
Ma-3 0.017 0.003 1.368 4.345 3.109 7.55 0.347 0.681 0.931 27.34 0.161 0.007 4.313 0.541 986.82
Ma-4 0.019 0.004 1.237 3.827 3.256 7.624 0.331 0.644 0.905 19.998 0.154 0.011 7.047 0.500 1032.24
Ma-5 0.014 0.003 1.287 4.216 3.065 7.264 0.213 0.431 0.741 18.188 0.163 0.009 4.109 0.364 1173.33
Ma-6 0.029 0.003 1.249 3.859 3.286 7.548 0.259 0.512 0.807 17.72 0.152 0.011 6.349 0.500 1088.42
Ma-7 0.026 0.004 0.933 4.405 3.111 7.21 0.298 0.678 0.930 14.082 0.161 0.016 5.232 0.500 1031.08
Ma-8 0.031 0.005 1.033 4.032 3.060 6.722 0.317 0.631 0.897 10.438 0.163 0.023 7.002 0.500 1099.92
Ma-9 0.016 0.003 1.104 4.080 3.247 7.404 0.318 0.730 0.964 22.918 0.154 0.008 5.155 0.500 940.97
Ma-10 0.023 0.004 1.231 3.967 3.292 7.611 0.440 0.773 0.993 24.225 0.152 0.009 4.489 0.500 1030.19
Ma-11 0.009 0.002 1.159 3.956 3.220 7.567 0.252 0.260 0.575 22.209 0.155 0.008 4.812 0.500 1347.6
Ma-12 0.018 0.004 1.094 3.696 3.217 7.592 0.300 0.504 0.801 15.278 0.155 0.015 7.187 0.500 1238.36
Ma-13 0.011 0.003 1.315 6.574 3.130 7.636 0.322 0.510 0.806 32.416 0.160 0.005 2.816 0.500 1007.85
Ma-14 0.015 0.002 1.260 4.372 3.198 7.573 0.151 0.716 0.955 18.055 0.156 0.008 3.918 0.500 925.38
Mo-1 0.037 0.009 0.961 3.339 2.418 6.277 0.551 0.7 0.944 9.382 0.207 0.032 9.523 0.393 1252.84
Mo-2 0.016 0.004 1.298 5.019 3.091 7.854 0.435 0.584 0.863 28.542 0.162 0.008 13.253 0.413 973.76
Mo-3 0.024 0.006 0.924 4.147 2.888 7.692 0.379 0.569 0.852 13.195 0.173 0.022 12.108 0.393 1109.84
Mo-4 0.023 0.005 1.014 3.869 3.17 8.058 0.483 0.702 0.946 18.324 0.158 0.016 9.797 0.5 965.63
Mo-5 0.01 0.002 1.044 5.558 2.269 7.892 0.219 0.31 0.628 26.127 0.22 0.006 10.532 0.42 943.09
Mo-6 0.011 0.003 1.107 4.234 2.914 7.835 0.362 0.332 0.65 27.554 0.172 0.007 11.843 0.5 1054.65
Mo-7 0.014 0.003 1.109 4.407 3.082 7.388 0.227 0.287 0.605 13.776 0.162 0.015 10.033 0.5 1322.99
Mo-8 0.01 0.002 1.276 3.951 3.357 8.016 0.268 0.376 0.692 26.151 0.149 0.007 7.558 0.557 938.59
Mo-9 0.016 0.005 1.028 3.907 2.942 7.671 0.476 0.348 0.665 18.205 0.17 0.015 9.132 0.551 1259.42
Mo-10 0.034 0.008 0.909 3.306 3.247 7.623 0.484 0.72 0.958 10.376 0.154 0.035 6.461 0.561 1148.61
Mo-11 0.016 0.002 1.117 4.14 3.102 7.758 0.16 0.658 0.916 15.943 0.161 0.011 9.101 0.5 846.58
Mo-12 0.015 0.005 0.849 3.759 3.144 7.637 0.462 0.356 0.674 15.095 0.159 0.019 9.586 0.375 1337.36
Mo-13 0.013 0.003 0.875 4.375 2.918 7.929 0.299 0.47 0.773 18.82 0.171 0.012 4.303 0.5 956.43
Mo-14 0.012 0.003 0.98 4.624 3.266 8.053 0.353 0.563 0.847 24.382 0.153 0.009 9.002 0.443 915.91
Mo-15 0.008 0.002 0.936 4.904 3.119 7.633 0.227 0.25 0.564 18.687 0.16 0.01 10.1 0.443 1052.09
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Evaluation of model performance

The accuracy of prediction models was evaluated using 
three error measures in this paper: Mean Absolute Error 
(MAE) (Chai and Draxler 2014) (Eq. 3), Nash–Sutcliffe 
Efficiency (NSE) (Nash and Sutclife 1970) (Eq. 4), and 
Willmott’s Index (WI) (Willmott 1981) (Eq. 5).

where  is the total number of data; i and i are the observed 
and predicted sediment yield index data; and, Y is the aver-
age of observed data.

Results and discussion

Morphometric parameters of upper Narmada basin water-
sheds adapted from Gajbhiye et al. (2014a, b) are presented 
in Table 1. For redundancy of morphometric parameter, 
PCA has been applied. A hierarchical tree from the most 
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effective morphometric results is used to prioritize the 
sub-watersheds.

The SPSS 22.0 software is employed to assess the inter-
co-relationships of morphometric variables through a corre-
lation matrix (Table 2). Very high correlations (R > 0.9) exist 
between the elongation ratio (Re) and form factor (Rf); Lo 
and Dd. In addition, moderately high correlations (R > 0.70) 
are observed between; Rh and Rr; RN and Dd/Fs/T/Lo/Cc and 
between Dd and Fs/T/Cc, Fs and T/Lo; Rc and Cc; T and Cc; 
Lo and Cc. Because there are no significant correlations 
between Rr, Rb, Sa and HI with any of the parameters under 
consideration, it is practically impossible to put the param-
eters into component groups. Therefore, the subsequent step 
makes use of the principal component analysis technique.

The correlation matrix obtained from the previous step 
is used to generate the first unrotated factor loading matrix 
(Table 3). The results show that about 84.57% of the total 
explained variance is attributed to the combination of the first 
three components with eigen values above one. It is observed 
that a strong correlation (R > 0.9) between Cc and the first 
component (Table 4A). Relatively high correlations (R > 0.7) 
are also found between the first component and each of the 
variables; Lo, Dd, T, Fs, RN, Rc. On the other hand, Rh has high 
correlations with second component. Sa and HI have high cor-
relation with third and fourth component correspondingly. No 
significant correlations exist between the Rb, Re, Rr and Rf with 
any one of the component.

Redistribution of the observed variance is performed so 
that better factor loadings can be obtained. This is done by 
carrying out analytical rotations those components whose 
eigen value exceeds one. The outcome of varimax rotation 
is shown in Table 4B.

Table 2  Inter-correlation matrix of the morphometric parameters

Correlation matrix

Rh Rr RN Rb Dd Fs Rc Rf Re T Lo Cc Sa HI

Rh 1 0.820 0.126  − 0.424 0.031 0.061 0.322 0.433 0.483  − 0.246  − 0.010 0.440 0.161  − 0.018
Rr 0.820 1  − 0.113  − 0.480  − 0.250  − 0.171 0.595 0.208 0.254  − 0.387 0.243 0.632 0.223  − 0.076
RN 0.126  − 0.113 1 0.313 0.817 0.858  − 0.579  − 0.173  − 0.120 0.826  − 0.765  − 0.703 0.381  − 0.255
Rb  − 0.424  − 0.480 0.313 1 0.255 0.259  − 0.465  − 0.278  − 0.235 0.473  − 0.319  − 0.575 0.110  − 0.099
Dd 0.031  − 0.250 0.817 0.255 1 0.887  − 0.626  − 0.116  − 0.061 0.733  − 0.968  − 0.723 0.278  − 0.136
Fs 0.061  − 0.171 0.858 0.259 0.887 1  − 0.525  − 0.125  − 0.084 0.833  − 0.823  − 0.651 0.439  − 0.288
Rc 0.322 0.595  − 0.579  − 0.465  − 0.626  − 0.525 1 0.424 0.389  − 0.475 0.692 0.813  − 0.171 0.058
Rf 0.433 0.208  − 0.173  − 0.278  − 0.116  − 0.125 0.424 1 0.979  − 0.147 0.192 0.338  − 0.364 0.069
Re 0.483 0.254  − 0.120  − 0.235  − 0.061  − 0.084 0.389 0.979 1  − 0.117 0.123 0.306  − 0.344 0.076
T  − 0.246  − 0.387 0.826 0.473 0.733 0.833  − 0.475  − 0.147  − 0.117 1  − 0.676  − 0.784 0.261  − 0.258
Lo  − 0.010 0.243  − 0.765  − 0.319  − 0.968  − 0.823 0.692 0.192 0.123  − 0.676 1 0.765  − 0.307 0.142
Cc 0.440 0.632  − 0.703  − 0.575  − 0.723  − 0.651 0.813 0.338 0.306  − 0.784 0.765 1  − 0.220 0.167
Sa 0.161 0.223 0.381 0.110 0.278 0.439  − 0.171  − 0.364  − 0.344 0.261  − 0.307  − 0.220 1  − 0.320
HI  − 0.018  − 0.076  − 0.255  − 0.099  − 0.136  − 0.288 0.058 0.069 0.076  − 0.258 0.142 0.167  − 0.320 1
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The first component is very highly correlated with Fs and 
highly correlated with Dd, Lo, Fs and RN. The second compo-
nent is very highly correlated with Rr, the third component 
is very highly correlated with Rf, Re and the fourth compo-
nent is very highly correlated with HI. A strong correlation 
also exists between the first component with T and Cc, while 
second component with Rh. For the model development, we 
selected the morphometric parameter (Dd, Lo, Fs, RN, Rr, 
Rf, Re, HI) that’s very highly correlated (R > 0.90) with the 
component.

The sediment yield index models based on morpho-
metric parameter were developed for the Narmada basin 
watersheds. The morphometric deterministic model (linear 
and nonlinear) was developed by considering the 34 sub-
watershed dataset (Morphometric parameter and SYI). The 
linear and nonlinear MDM in form of Eq. 6 and 7 were 
derived on the basis of sub-watershed dataset. The value of 
coefficient of multiple regressions (R2) for linear MDM was 
(0.81). Whereas, R2 value for the nonlinear MDM was 0.89. 
This shows the applicability of morphometric deterministic 
models. The linear and nonlinear MDM developed by (34 
sub-watershed) datasets are:

The linear and nonlinear MDMs were applied tohe 
sub-watershed dataset to test and verify their applica-
bility for the study region. The comparison of observed 
and expected values using the evolved model with the 
remaining data set (15 sub-watershed) is presented in 
graphical form in Fig. 2, along with graphical validation 
in Fig. 3. Table 5 also shows the values of qualitative 
parameters for the built model. It was discovered that the 
model performs well in terms of predicting the sediment 
yield index, which is critical for effective soil conserva-
tion programs.

(6)

SYI = 4391.73 + 61603.38
(
Rr

)
− 23.67

(
RN

)
− 343.78

(
Dd

)
− 123.99

(
Fs

)
− 1080.08

(
Rf

)
+ 361.56

(
Re

)
− 7618.15

(
Lo

)
− 86.30(HI)

R
2 = 0.81

(7)

SYI = 18.35R0.298

r
R
0.075

N
D

−8.45

d
F
−0.767

s
R
−2.72

f
R
4.70

e
L
−8.77

o
HI

−0.006

R
2 = 0.89

Table 3  Total variance explained

Total variance explained

Component Initial eigen values Extraction sums of squared loadings Rotation sums of squared loadings

Total % of variance Cumulative % Total % of variance Cumulative % Total % of variance Cumulative %

1 6.293 44.952 44.952 6.293 44.952 44.952 5.358 38.271 38.271
2 2.724 2.724 19.456 64.408 2.865 20.465 58.736
3 1.811 12.935 77.343 1.811 12.935 77.343 2.317 16.548 75.284
4 1.013 7.234 84.577 1.013 7.234 84.577 1.301 9.292 84.577
5 0.635
6 0.513 3.665 92.778
7 0.426 3.045 95.823
8 0.27 1.93 97.753
9 0.154 1.1 98.853
10 0.064 0.458 99.312
11 0.05 0.358 99.67
12 0.027 0.191 99.86
13 0.013 0.094 99.954
14 0.006 0.046 100
Extraction method: principal component analysis
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Morphometric deterministic model (MDM) 
validation

The linear and nonlinear MDM were validated for the 
remaining sub-watershed (Mo 1–15) dataset. The value of 
the (R2) coefficient of determinations for all the linear and 
nonlinear models observed to be 0.88 and 0.95, respec-
tively. The values of NSE, MAE and WI of linear models 
were found of (88.09, 42.77, 0.96), nonlinear model were 
(94.73, 25.91, 0.98), respectively (Table 6). Validation sta-
tistics of all the models were found best fit to satisfy the 
criteria of a good model (Table 6).

Table 4  Varimax method of the first factor loading matrix (unrotated) 
and rotated factor loading matrix of morphometric parameters

Component

1 2 3 4

(A) Unrotated component matrix
Cc 0.924
Lo 0.865  − 0.305
Dd  − 0.857 0.376
T  − 0.852
Fs  − 0.842 0.429
RN  − 0.835 0.405
Rc 0.807
Rb  − 0.553  − 0.348
Rh 0.307 0.838
Re 0.376 0.634 0.625
Rr 0.501 0.623  − 0.500
Sa  − 0.381  − 0.706
Rf 0.418 0.586 0.636
HI 0.330  − 0.788
(B) Rotated component matrix
Dd 0.962
Lo  − 0.937
Fs 0.917
RN 0.906
T 0.788  − 0.342
Cc  − 0.752 0.556
Rc  − 0.659 0.445 0.319
Rr 0.911
Rh 0.888
Rb  − 0.633
Rf 0.952
Re 0.948
Sa 0.343 0.33  − 0.518 0.456
HI  − 0.902

Fig. 2  Comparison of observed and predicted sediment yield Index during calibration stage a Linear model; b Nonlinear morphometric deter-
ministic model

Table 5  Estimated values of regression parameters linear and non-
linear MDM, and coefficient of determination (R2) for the dependent 
and independent variables

Regres-
sion 
param-
eter

Morphometric deterministic model (MDM)

Linear MDM Non-linear MDM

Y = a
0
+ a

1
x
1
+ a

2
x
2

+ a
3
x
3
+ ... + a

n
x
n

R2
Y = a

0
x
a
1

1
x
a
2

2
x
a
3

3
... x

a
n

n
R2

⊣
0

4391.73 0.81 18.35 0.89
⊣
1

61,603.40 0.29
⊣
2

 − 23.68 0.075
⊣
3

 − 343.78  − 8.45
⊣
4

 − 123.99  − 0.77
⊣
5

 − 1080.10  − 2.72
⊣
6

361.56 4.71
⊣
7

 − 7618.80  − 8.77
⊣
8

 − 86.31  − 0.006
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Conclusions

The aim of this study was to develop a morphometric deter-
ministic model using input parameters such as morphometric 
parameter (Rr, RN, Dd, Fs, Rf, Re, Lo, HI). The established 
linear and nonlinear morphometric deterministic models 
performed admirably. As a result, the best performance 
model for nonlinear MDM has been declared. The study area 
was found to be suitable for the deterministic models con-
structed using the most powerful morphometric parameter. 
Independent variables of morphometric parameters have a 
major impact on sediment yield forecasting.
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