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Abstract: The degradation of land and increasing water scarcity are existing challenges for agri-
cultural sustainability, necessitating the implementation of improved soil-conservation practices
at the watershed scale. The identification and selection of critical/prone areas based on erosion-
governing criteria is essential and helps in the execution of the management process for determining
priority. This study prioritizes erosion-prone sub-watersheds (alternatives) based on morphome-
tric parameters (multiple criteria) via five Multi-Criteria Decision Analysis (MCDA) approaches,
i.e., AHP: Analytical Hierarchy Process; TOPSIS: Technique for Order of Preference by Similarity
to Ideal Solution; VIKOR: VIseKriterijumska Optimizacija I Kompromisno Resenje; SAW: Simple
Additive Weighting; and CF: Compound Factor. Based on their priority score, 19 sub-watersheds
were classified into four priority classes: low priority (0–0.25), moderate priority (0.25–0.50), high
priority (0.50–0.75), and very high priority (0.75–1). The results revealed that about 8.34–30.15% area
of the Burhanpur watershed is critically prone to erosion, followed by 23.38–52.05% area classed
as high priority, 7.47–49.99% area classed as moderate priority, and 10.33–18.28% area classed as
low priority. Additionally, four indices—percentage of changes (∆P), intensity of changes (∆I), the
Spearman rank correlation coefficient test (SCCT), and the Kendall tau correlation coefficient test
(KTCCT)—were employed to compare the models. This study confirms the efficacy of morphometric
parameters for prioritizing sub-watersheds to preserve soil and the environment, particularly in areas
for which limited information is available.

Keywords: AHP; erosion; TOPSIS; SAW; VIKOR; Tapi Basin

1. Introduction

Land and water are not only valuable natural resources, but also critical for sustaining
life and agricultural production. The ongoing degradation of land, coupled with increasing
water scarcity, is a major concern for achieving sustainability in agriculture [1,2]. Globally,
it has been reported that approximately 15% of ice-free land surface is under degradation,
and in India, this figure is as high as 45% of the country’s geographical area [3,4]. Addi-
tionally, India is losing its valuable soil at a rate of approximately 16.4 tons/ha per year
due to erosion, deforestation, and other destructive agents [5]. Soil erosion is a serious
environmental hazard that contributes to land degradation [6,7]. Given that soil formation
is a slow process that can take up to 300 years to produce a 1 cm layer of soil [8], it is
necessary to conserve soil resources through better management practices in erosion-prone
areas, with a focus on watershed-scale management measures [9] to mitigate soil erosion
and conserve land and soil resources.
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Watersheds are natural drainage units that respond to rainfall, depending on factors
such as climate, land use, hydrogeology, and morphology, to generate runoff [10]. As
such, watersheds represent an ideal unit for both land and water resources management.
Watershed-level management strategies have a positive impact on resource productiv-
ity [11–13]. The drainage morphometry and parameters of watersheds are responsible for
runoff, and thereby erosion phenomena and their characteristics occurring within water-
sheds [14–16]. Morphometric parameters are quantitative representations of watershed
geometry and topography [17,18], and they help in understanding a watershed’s linear
drainage system, its areal pattern, and its relief behavior for the purposes of hydrological
engineering [19,20]. These parameters, which include linear, areal, and relief aspects of the
watershed, are derived during morphometric analysis of watershed topography [21–24].
Several studies have demonstrated the potential of Remote Sensing (RS) and Geographical
Information Systems (GIS) for conducting morphometric analysis [25–29] and providing
valuable information for watershed management and planning. Moreover, remote sensing-
based Digital Elevation Models (DEMs) have been widely used for topography-based
studies [30–32].

Understanding watershed morphometry assists watershed management, in an ef-
ficient and integrated manner, to increase productivity with optimum use of resources.
Moreover, it helps in planning degradation neutrality strategies through sub-watersheds
prioritization [12,33]. Recently, researchers have successfully implemented morphometric
parameters as criteria in the prioritization of sub-watersheds by applying Multi Criteria De-
cision Analysis (MCDA) techniques [19,34–37]. MCDA techniques were used for complex
decision making while considering a set of criteria to improve decision accuracy [8,38–41].
Several MCDA techniques, such as Analytical Hierarchy Process (AHP) [42], Technique
for Order of Preference by Similarity to Ideal Solution (TOPSIS) [43], VIseKriterijumska
Optimizacija I Kompromisno Resenje (VIKOR) [44], Simple Additive Weighting (SAW),
compound factor (CF) analysis, etc., have been successfully used by several researchers for
accurate decision making [5,10,19,34,35,45–50]. Hembram and Saha [45] prioritized sub-
watersheds of the Chota Nagpur Plateau in Jharkhand using fuzzy AHP and the compound
factor (CF) approach. The results obtained from both analyses highlight sub-watersheds 6
and 13 as very highly erosion-prone areas. The study demonstrated the effectiveness of
morphometric indices in assessing erodibility priority at the sub-basin scale. The authors
of [51] applied the analytical network process and fuzzy logic theory when considering
the interrelationship of environmental and geomorphic factors in the watershed of the
Araz River basin of Iran. A criteria-based decision framework was developed for the
calculation of the watershed health scores (WHS) and to prioritize watersheds. The study
recommended the potential of such frameworks for the identification of highly critical
zones, especially in data-scarce areas.

A number of studies have been undertaken in recent years to map erosion-prone
areas using individual MCDA on GIS- and DEM-derived morphometric data. However,
there have been few studies that apply multiple MCDA techniques simultaneously and
compare them to determine the optimal model. Thus, in the present study, a number
of MCDA approaches (AHP, TOPSIS, VIKOR, SAW, and CF) were applied to prioritize
erosion-prone sites in the Burhanpur watershed, and their performance was evaluated.
Using GIS and RS techniques, this study analyzes fourteen morphometric parameters
to effectively prioritize the nineteen sub-watersheds, providing valuable information for
the development of improved decision support and a comprehensive land degradation
management plan in the Burhanpur watershed in Central India.

2. Materials and Methods
2.1. Study Area and Data

The Burhanpur is situated in the Upper Tapi river basin in Central India. The
geographic boundaries of the watershed encompass a longitude range of 75◦55′ E to
78◦18′14′′ E and a latitude range of 21◦1′51′′ N to 22◦1′52′′ N (Figure 1). Within this area,
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the watershed spans approximately 10,585 km2. The elevation in the region ranges from
188 to 1171 m above mean sea level, while the average annual rainfall is around 900 mm.
The study area primarily consists of clayey to loamy clayey soils [52], with land use types in-
cluding agriculture, range lands, water bodies, barren land, built-up areas, and forests. The
geomorphometric parameters of the Burhanpur watershed were quantified using Remote
Sensing (RS) data and Geographic Information System (GIS) techniques. The Shuttle Radar
Topography Mission (SRTM) 1 arc-second Digital Elevation Model (DEM) from the USGS
Earth Resources Observation and Science (EROS) Center archive was utilized to obtain
elevation and topographic information for the study area (source: https://www.usgs.gov/
accessed on 25 August 2023).
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Figure 1. Study area with DEM map and river reaches.

2.2. Sub-Watershed Mapping and Morphometric Analysis

For the delineation of the sub-watersheds, SRTM DEM data were obtained and im-
ported into the GIS environment. A delineation procedure involving steps such as ‘fill
sinks”, "flow direction”, “flow accumulation”, etc., was performed and the nineteen sub-
watersheds were delineated. Further morphometric parameters, related to linear, areal,
and relief aspects (mean bifurcation ratio (Rbfm), drainage density (Dd), stream frequency
(Sfµ), form factor (Ff), shape factor (Fs), circulatory ratio (Rc), elongation ratio (Re), constant
of channel maintenance (C), infiltration number (If), length of overland flow (Lg), texture
ratio (T), basin relief (H), relief ratio (Rr), and slope (S)) were computed as per the methods
outlined in Table 1 [53–56]. These sub-watersheds and parameters were subsequently
employed as alternatives and criteria, respectively, for prioritizing the sub-watersheds.

Table 1. Computation and relation of morphometric parameters with erosion sensitivity.

Parameters Quantification Relation with
Erosion Sensitivity References

Mean bifurcation ratio (Rbfm) Mean of Rb DP [57]
Drainage density (Dd) Dd = ΣLu/A DP [58]
Stream frequency (Sfµ) Fs = ΣNu/A DP [58]

https://www.usgs.gov/
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Table 1. Cont.

Parameters Quantification Relation with
Erosion Sensitivity References

Form factor (Ff) Ff = A/Lb
2 IP [58,59]

Shape factor (Fs) Fs = Lb
2/A IP [59]

Circulatory ratio (Rc) Rc = 4πA/P2 IP [18,60]
Elongation ratio (Re) Re = 1.128

√
A/Lb IP [57]

Constant of channel maintenance (C) C = 1/Dd DP [57]
Infiltration number (If) If = D × Fs IP [61]

Length of overland flow (Lg) Lg = 1/2Dd DP [58]
Texture ratio (T) T = ΣNu/P DP [62]
Basin relief (H) H = Hmax − Hmin DP [63]
Relief ratio (Rr) Rr = H/L DP [57]

Slope (S) Mean of slope DP [23]
Note: DP: directly proportional (higher the parameter value, higher the erosion sensitivity), IP: inversely propor-
tional (higher the parameter value, lower the erosion sensitivity).

2.3. MCDA-Based Sub-Watersheds Prioritization

The morphometric parameters of watersheds play a crucial role in describing various
surface phenomena, such as soil erosion, which depend on the hydrology, climate, geology,
and geomorphology of the watershed [15]. The erosion sensitivity of the watershed is
directly or inversely proportional to these morphometric parameters, which means that
higher parameter values correspond to either higher or lower erosion sensitivity. The
MCDA techniques involve considering a set of criteria with their relative weights to
prioritize alternatives [64,65]. In this study, 14 morphometric parameters (listed in Table 1)
were used as criteria to evaluate and prioritize the 19 sub-watersheds using five different
MCDA techniques (AHP, TOPSIS, VIKOR, SAW, and CF). These techniques utilize criteria
weights and normalized values for the morphometric parameters to calculate the rankings
of the sub-watersheds. The flowchart in Figure 2 summarizes the overall methodology
employed in this study. The following sections provide a brief overview of the MCDA
techniques used.
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2.3.1. Criteria Weightage for MCDA

The weightage for the different criteria was determined using pairwise comparisons,
following the method proposed by Thomas L. Saaty [66]. In this approach, a parameter
with a higher impact on erosion sensitivity was given greater preference in the comparison
matrix. As mentioned earlier, the pairwise comparisons matrix was constructed using
the 14 morphometric parameters as criteria. Subsequently, the weight matrix [W]Q×1 was
calculated, representing the weight of the j-th criterion as wj (an element of the weight
matrix). It is important to note that consistency in pairwise comparisons is essential to
derive meaningful weights [67]. Therefore, a consistency check procedure, as described
in [68], was followed to ensure consistency. Typically, a consistency ratio below 0.1 indicates
consistency in the comparisons, and the weights are considered acceptable [67].

2.3.2. Analytical Hierarchy Process Technique

The AHP technique introduced by T.L. Saaty [42] is one of the most popular and
easiest MCDA methods [41]. AHP breaks down the complex problem into hierarchically
structured sub-problems to find a solution from among alternatives [42,69]. It involves
generation of a decision matrix based on alternatives and criteria followed by normalization
of the decision matrix. A further weighted normalized decision matrix is generated [70,71],
and priority scores are calculated [72]. The higher the value of the score the higher the
priority in the case of AHP. The general steps involved in the AHP process are presented in
Appendix A.1.

2.3.3. Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS)

Ching-Lai Hwang and Kwangsun Yoon introduced TOPSIS, which is based on the
distance of alternatives from the negative ideal option (NIO) and the positive ideal option
(PIO) [43]. It picks the best alternative, which is the one that is found to be nearest to the
IPO and farthest from the INO, based on a closeness coefficient [73]. In TOPSIS, a decision
matrix based on alternatives and criteria is formulated. This decision matrix is normalized
to generate a weighted normalized decision matrix [70,71]. Then, the PIO and the NIO are
calculated [34]. Finally, the direct distance and the closeness index are measured to calculate
the priority scores [72]. TOPSIS has been widely adopted for prioritization and decision
making [46–48,50,74]. The general steps involved in the TOPSIS process are presented in
Appendix A.2.

2.3.4. VIseKriterijumska Optimizacija I Kompromisno Resenje Technique (VIKOR)

The VIKOR method is a reference-based, well-known MCDA technique introduced by
Opricovic and Tzeng which emphasizes the ordering of alternatives based on conflicting
parameters (utility vs. regret) [44]. This technique ranks the options on the basis of “distance
to optimal solution” [70]. Then, from a normalized weighted matrix, the best and worst
values are calculated to generate a boundary-values utility index (Si) and regret index (Ri).
Finally, these indices are used to generate the final measure (Qi) [75]. The general steps
involved in the VIKOR process are presented in Appendix A.3.

2.3.5. Simple Additive Weighting (SAW)

In the SAW technique, each alternative is scored by multiplying the alternative value
by criterion weight for all criteria and then summing them to rate the alternative accord-
ingly [34]. The SAW prioritization technique involves generation of a decision matrix based
on alternatives and criteria followed by normalization of the decision matrix. A further
weighted normalized decision matrix is generated [70,71], and priority scores for alterna-
tives are calculated [72]. The general steps involved in the SAW process are presented in
Appendix A.4.
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2.3.6. Compound Factor (CF) Technique

The compound factor, also referred to as the combination factor, is a scientifically
driven MCDA technique that utilizes scientific knowledge and data [76]. This technique
quantitatively estimates the qualitative relationship between parameters (criteria) and the
goal of the problem (prioritizing erosion-prone areas in this study), based on scientific
knowledge. In this study, equal importance was assigned to all criteria [77]. Thus, the mean
of the rating values was calculated as the compound factor, representing the integrated
impact of all the parameters. The relationship between different morphometric parameters
and erosion sensitivity (sub-watershed prioritization) is provided in Table 1. The general
steps involved in the compound factor process are presented in Appendix A.5 [78,79].

2.4. Model Synthesis and Final Priority Ranking

The initial priority scores obtained from different MCDA methods exhibited variation.
To ensure comparability, these scores were transformed into final priority values on a
uniform scale ranging from 0 to 1 using Equations (1) and (2). Subsequently, the entire
range of values was divided into four classes: low priority (0–0.25), moderate priority
(0.25–0.50), high priority (0.50–0.75), and very high priority (0.75–1) [34]. Consequently, all
19 sub-watersheds were categorized into these four priority classes.

1− PVmax − PVi
PVmax − PVmin

f or AHP, TOPSIS, SAW (1)

PVmax − PVi
PVmax − PVmin

f or VIKOR, CF (2)

2.5. MCDA Model Comparison

This study employed two change indices, namely the percentage of changes (∆P, see
Equation (3)) and the intensity of changes (∆I, see Equation (4)), and two non-parametric
statistical tests, namely the Spearman rank correlation coefficient test (SCCT) and the
Kendall tau correlation coefficient test (KTCCT), to assess and compare the outcomes of the
models in a comparative manner [34,80,81].

∆P =
N − Nconstant

N
× 100 (3)

∆I =
∑N

i=1
rank i(r1)
rank i(r2)

N
(4)

The equations involved parameters such as N—representing the total number of alterna-
tives; Nconstant—representing the number of alternatives with the same rank; i(r1)—denoting
the rank of an alternative in the first method; and i(r2)—representing the rank of the same
alternative in the second method.

Non-parametric statistical tests determine the measure of association between ranks
obtained by different MCDA techniques [82]. In the SCCT test, Equation (5) is used if two
compared models have no similar ranks, and Equation (6) is applied if one of the compared
models has similar ranks.

ρ = 1− 6∑N
i=1 Di

2

N(N2 − 1)
(5)

ρ =
∑N

i=1 (xi − x)(yi − y)
2
√

∑N
i=1 (xi − x)2∑N

i=1(yi − y)2
(6)

where Di is the difference between the ranks of the MCDA methods for the i-th alternative,
and x and y are the mean of the x and y method models, respectively.
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The KTCCT is calculated using Equation (7) when the two compared models do not
have any similar ranks. By contrast, Equation (8) is used when one of the compared models
has the same ranks.

τ =
C− D

N(N − 1)/2
(7)

τ =
C− D

2

√(
N(N−1)

2 − T
)(

N(N−1)
2 −U

) (8)

where C and D are the numbers of agreeing (concordant) and disagreeing (discordant) pairs,
respectively. T and U are the numbers of pairs with similarities in each pair of compared
MCDA methods.

3. Results
3.1. Sub-Watershed Mapping and Morphometric Analysis

The SRTM 1 arc-DEM data were introduced into a GIS environment using UTM
projection WGS-84. The gauging station in the Burhanpur district on the Tapi river was
considered as an outlet for the Burhanpur watershed, and 19 sub-watersheds (SW) were
delineated using GIS features (Figure 3). The area of the sub-watersheds ranges from
146 km2 to 1670 km2 attributed to the smallest (SW_7) and the largest (SW_0) watershed,
respectively. The total number of first order, second order, third order, and fourth order
streams in the watershed were found to be 132, 63, 22, and 62, respectively. All these basic
parameters are very useful in analyzing the watershed morphometry [83]. Further, the
different morphometric parameters were extracted for the corresponding sub-watersheds
and are listed in Table 2. Table 2 shows that the highest standard deviation was recorded
for basin relief (171.1 m) followed by slope (4.67%) and relief ratio (4.39 m/m), whereas the
lowest value was reported for infiltration number. A similar pattern was observed with
range, being highest for basin relief and lowest for infiltration number. Table 3 depicts
the effect of individual parameters on the erosivity of a watershed according to their
relationship with erosion sensitivity.
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Table 2. Sub-watershed-wise quantification of morphometric parameters of Burhanpur
watershed—the decision matrix.

SW H S Rr Rbfm C Sf Lg Rc Re T Ff Dd Sfµ If

1 429 9.37 4.83 4.67 4.94 4.72 2.47 0.28 0.52 0.16 0.21 0.20 0.03 0.005
2 812 14.02 14.40 2.31 4.83 4.24 2.42 0.15 0.55 0.07 0.24 0.21 0.02 0.005
3 418 10.93 6.31 3.94 5.41 4.40 2.71 0.33 0.54 0.13 0.23 0.18 0.03 0.005
4 548 9.28 10.60 1.61 5.43 4.15 2.71 0.23 0.55 0.09 0.24 0.18 0.03 0.005
5 383 6.69 12.27 1.67 5.43 3.68 2.72 0.16 0.59 0.08 0.27 0.18 0.04 0.008
6 592 10.54 15.13 2.00 4.53 3.88 2.27 0.26 0.57 0.09 0.26 0.22 0.03 0.007
7 593 12.39 13.54 2.50 5.93 3.99 2.96 0.26 0.56 0.07 0.25 0.17 0.02 0.004
8 278 5.98 12.50 3.00 4.13 3.39 2.07 0.29 0.61 0.09 0.29 0.24 0.05 0.012
9 382 8.39 12.21 2.00 4.79 3.68 2.40 0.31 0.59 0.09 0.27 0.21 0.03 0.007
10 453 8.81 14.12 2.50 4.35 3.70 2.17 0.30 0.59 0.10 0.27 0.23 0.04 0.009
11 655 9.86 15.08 3.00 4.93 3.98 2.46 0.21 0.57 0.08 0.25 0.20 0.03 0.006
12 485 11.33 18.85 3.00 4.97 3.51 2.48 0.38 0.60 0.09 0.28 0.20 0.04 0.007
13 716 12.40 13.82 1.33 4.34 4.15 2.17 0.24 0.55 0.09 0.24 0.23 0.03 0.006
14 493 9.23 9.12 1.80 4.04 4.19 2.02 0.24 0.55 0.10 0.24 0.25 0.03 0.007
15 814 22.59 20.93 2.33 5.09 3.88 2.54 0.46 0.57 0.09 0.26 0.20 0.02 0.005
16 780 22.42 17.58 3.67 4.88 4.00 2.44 0.35 0.56 0.11 0.25 0.20 0.03 0.006
17 741 13.83 18.40 2.00 4.20 3.91 2.10 0.27 0.57 0.07 0.26 0.24 0.02 0.005
18 654 13.60 10.97 2.25 4.01 4.29 2.01 0.23 0.54 0.09 0.23 0.25 0.02 0.006
19 290 4.90 6.06 2.33 5.76 4.07 2.88 0.41 0.56 0.07 0.25 0.17 0.02 0.003

SD 171.1 4.67 4.39 0.85 0.58 0.32 0.29 0.08 0.02 0.02 0.02 0.02 0.01 0.002
Mean 553.5 11.40 12.99 2.52 4.84 3.99 2.42 0.28 0.57 0.09 0.25 0.21 0.03 0.006
Min 278 4.90 4.83 1.33 4.01 3.39 2.01 0.15 0.52 0.07 0.21 0.17 0.02 0.003
Max 814 22.59 20.93 4.67 5.93 4.72 2.96 0.46 0.61 0.16 0.29 0.25 0.05 0.012

Range 536.0 17.70 16.10 3.34 1.91 1.33 0.96 0.30 0.09 0.09 0.08 0.08 0.03 0.009

Note(s): sub-watershed (SW), basin relief (H), slope (S), relief ratio (Rr), mean bifurcation ratio (Rbfm), constant of
channel maintenance (C), shape factor (Sf), length of overland flow (Lg), circularity ratio (Rc), elongation ratio
(Re), texture (T), form factor (Ff), drainage density (Dd), stream frequency (Sfµ), infiltration number (If), standard
deviation (SD).

Table 3. Sensitivity of the sub-watersheds to erosion based on relation with parameters.

No. Parameter
Relation with

Erosion Sensitivity
Min

(SW ID)
Max

(SW ID)

WS with Erosion Sensitivity

Lowest Highest

1 Basin relief (H) DP 278 (8) 814 (15) 8 15
2 Slope (S) DP 4.90 (19) 22.59 (15) 19 15
3 Relief ratio (Rr) DP 4.83 (1) 20.93 (15) 1 15
4 Mean bifurcation ratio (Rbfm) DP 1.33 (13) 4.67 (1) 13 1
5 Constant of channel maintenance (C) DP 4.01 (18) 5.93 (7) 18 7
6 Shape Factor (Sf) IP 3.39 (8) 4.72 (1) 1 8
7 Length of overland flow (Lg) DP 2.01 (18) 2.96 (7) 18 7
8 Circularity Ratio (Rc) IP 0.15 (2) 0.46 (15) 15 2
9 Elongation ratio (Re) IP 0.52 (1) 0.61 (8) 8 1
10 Texture (T) DP 0.07 (17) 0.16 (1) 17 1
11 Form factor (Ff) IP 0.21 (1) 0.29 (8) 8 1
12 Drainage density (Dd) DP 0.17 (7) 0.25 (18) 7 18
13 Stream frequency (Sfµ) DP 0.02 (19) 0.05 (8) 19 8
14 Infiltration number (If) IP 0.003 (19) 0.012 (8) 8 19

Notes: DP: directly proportional (the higher the parameter value, the higher the erosion sensitivity), IP: inversely
proportional (the higher the parameter value, the lower the erosion sensitivity).
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As the watershed’s morphometric parameters are able to describe soil erosion phe-
nomena occurring in the watershed [15], Table 3 summarizes the erosion sensitivity of
the delineated watersheds on the basis of individual morphometric parameters. It was
observed that the parameters, when considered individually, indicate those sub-watersheds
that should be given lowest and highest priority for soil erosion, conservation, and man-
agement. For example, when considering basin relief, the parameter indicated that SW_8
and SW_15 must be given the lowest and highest priority, respectively, whereas, when
mean bifurcation ratio was considered, this parameter indicated that SW_13 and SW_1
must be given the lowest and highest priority, respectively—and so on. However, this
standalone parameter approach resulted in ambiguity in the decision making and did
not lead to a specific prioritization, as some of the SWs were recognized as having the
lowest priority by one parameter and the highest priority by another parameter. Hence,
these 14 morphometric parameters were investigated as criteria in relation with erosion
sensitivity to explicitly prioritize 19 sub-watersheds (considered as alternatives) using five
different MCDA techniques (AHP, TOPSIS, VIKOR, SWA, and CF).

3.2. Criterion Weightage for MCDA

To investigate the relation between the criteria and erosion sensitivity, the relative sig-
nificance scale suggested by the authors of [42] was adopted to construct Saaty’s pairwise
comparison matrix [66]. Table 4 represents this comparison matrix among all 14 criteria,
which was used to estimate the relative weights of criteria. In this approach, a parameter
with a higher impact on erosion sensitivity was given greater preference in the compar-
ison matrix. The majority of areal parameters exhibited low to medium values, while
the linear parameters showed similar trends (Table 2). However, the relief parameters
recorded a significant increase in their values, with considerable variation among the
studied sub-watersheds, highlighting the pronounced influence of these parameters on
erosion sensitivity. Consequently, the relief parameters were assigned higher weights in
the analysis, taking into account their substantial impact while also acknowledging the
significance of the other parameters [19]. Figure 4 depicts the relative weights, and it was
observed that basin relief was assigned the highest weight value of 0.308, followed by slope
(0.154) and relief ratio (0.103). The lowest weight value of 0.022 was observed to be that of
the infiltration number criterion. In a further step, to assess the consistency of the decision
and the relative weights, a consistency check was performed. The estimated weights were
found to be acceptable, as the consistency ratio (0.008) falls below 0.1 in this study of the
Burhanpur watershed [67].

Table 4. Saaty’s pairwise comparison matrix for criteria weight estimation.

H S Rr Rbfm C Sf Lg Rc Re T Ff Dd Sfµ If

H 1 2 3 4 5 6 7 8 9 10 11 12 13 14
S 0.50 1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6 6.5 7

Rr 0.33 0.67 1 1.33 1.67 2 2.33 2.67 3 3.33 3.67 4 4.33 4.67
Rbfm 0.25 0.50 0.75 1 1.25 1.5 1.75 2 2.25 2.5 2.75 3 3.25 3.5

C 0.20 0.40 0.60 0.80 1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8
Sf 0.17 0.33 0.50 0.67 0.83 1 1.17 1.33 1.5 1.67 1.83 2 2.17 2.33
Lg 0.14 0.29 0.43 0.57 0.71 0.86 1 1.14 1.29 1.43 1.57 1.71 1.86 2
Rc 0.13 0.25 0.38 0.50 0.63 0.75 0.88 1 1.125 1.25 1.375 1.5 1.625 1.75
Re 0.11 0.22 0.33 0.44 0.56 0.67 0.78 0.89 1 1.11 1.22 1.33 1.44 1.56
T 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1 1.1 1.2 1.3 1.4
Ff 0.09 0.18 0.27 0.36 0.45 0.55 0.64 0.73 0.82 0.91 1 1.09 1.18 1.27
Dd 0.08 0.17 0.25 0.33 0.42 0.50 0.58 0.67 0.75 0.83 0.92 1 1.08 1.17
Sfµ 0.08 0.15 0.23 0.31 0.38 0.46 0.54 0.62 0.69 0.77 0.85 0.92 1 1.08
If 0.07 0.14 0.21 0.29 0.36 0.43 0.50 0.57 0.64 0.71 0.79 0.86 0.93 1

Note: Notations are the same as those provided in Table 2.
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3.3. Sub-Watershed Prioritization Using Different MCDA Techniques
3.3.1. Watershed Prioritization Using AHP

In Analytic Hierarchy Process technique [42] of SWs prioritization the decision matrix
was formulated from Table 2. The results of the AHP model, presented in Table 5, show
that SWs 15 and 16 are ranked first and second, respectively, indicating that they are highly
prone to erosion and classified as very high priority sub-watersheds (8.34% area). Similarly,
five SWs (23.38% area), seven SWs (49.99% area) and five SWs (18.28% area) are classified
as high priority, moderate priority, and low priority, respectively (Figure 5). The spatial
distribution of the AHP-based SW prioritization is depicted in Figure 6.

Table 5. Prioritization ranking and class of sub-watersheds using different MCDA techniques.

AHP TOPSIS VIKOR SAW CF

SW Rank Class Rank Class Rank Class Rank Class Rank Class
1 13 MP 14 MP 14 MP 13 MP 7 HP
2 3 HP 3 HP 3 VHP 3 VHP 2 VHP
3 12 MP 15 MP 15 MP 15 MP 9 HP
4 14 MP 11 MP 10 MP 11 MP 15 MP
5 17 LP 17 LP 17 LP 17 LP 18 LP
6 10 MP 9 MP 8 HP 9 HP 8 HP
7 9 MP 8 HP 9 HP 8 HP 13 HP
8 18 LP 18 LP 18 LP 18 LP 16 MP
9 16 LP 16 LP 16 LP 16 LP 17 LP

10 11 MP 13 MP 13 MP 12 MP 12 HP
11 6 HP 7 HP 7 HP 6 HP 4 VHP
12 7 HP 10 MP 11 MP 10 HP 14 HP
13 5 HP 5 HP 5 HP 5 HP 5 VHP
14 15 LP 12 MP 12 MP 14 MP 11 HP
15 1 VHP 2 VHP 2 VHP 2 VHP 6 HP
16 2 VHP 1 VHP 1 VHP 1 VHP 1 VHP
17 4 HP 4 HP 4 VHP 4 VHP 9 HP
18 8 MP 6 HP 6 HP 7 HP 3 VHP
19 19 LP 19 LP 19 LP 19 LP 19 LP

Note: LP: low priority, MP: moderate priority, HP: high priority, and VHP: very high priority.
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3.3.2. Watershed Prioritization Using TOPSIS

TOPSIS calculates the distances of alternatives from the NIO and the PIO [43] and
picks the best alternative, which is the one found to be nearest to the IPO and farthest from
the INO, based on a closeness coefficient [73]. The results of the TOPSIS model, presented
in Table 5, show that SWs 16 and 15 are ranked first and second, respectively, indicating
that they are highly prone to erosion and classified as very high priority sub-watersheds.
Similarly, six SWs (33.96% area), seven SWs (45.99% area), and four SWs (11.71% area) are
classified as high priority, moderate priority, and low priority, respectively (Figure 5). The
spatial distribution of the TOPSIS-based SW prioritization is depicted in Figure 7.
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3.3.3. Watershed Prioritization Using VIKOR

VIKOR emphasizes the ordering of alternatives based on conflicting parameters [44]
and ranks the alternatives based on “distance to optimal solution” [70]. The results of the
VIKOR model, presented in Table 5, show that four SWs, i.e., SW 16, SW 15, SW 2, and SW
17 are ranked first, second, third, and fourth, respectively, indicating that they are highly
prone to erosion and classified as very high priority sub-watersheds. Similarly, five SWs
(26.68% area), six SWs (42.26% area), and four SWs (11.71% area) are classified as high
priority, moderate priority, and low priority, respectively (Figure 5). The spatial distribution
of the VICOR-based SW prioritization is depicted in Figure 8.
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3.3.4. Watershed Prioritization Using SAW

In the SAW technique, each alternative is scored by multiplying the alternative value
by criterion weight for all criteria and then summing them to rate the alternative accord-
ingly [34]. The results of the SAW model, presented in Table 5, show that four SWs, i.e., SW
16, SW 15, SW 2, and SW 17 are ranked first, second, third, and fourth, respectively, indicat-
ing that they are highly prone to erosion and classified as very high priority sub-watersheds.
Similarly, six SWs (28.46% area), five SWs (40.48% area), and four SWs (11.71% area) were
classified as high priority, moderate priority, and low priority, respectively (Figure 5). The
spatial distribution of SAW-based SW prioritization is depicted in Figure 9.

3.3.5. Watershed Prioritization Using Compound Factor (CF)

The Compound Factor (CF) MCDA technique is utilized to estimate the relationship
between criteria and the goal [76], giving equal importance to all criteria [77]. The results
of the CF model, presented in Table 5, show that out of the total of 19 SWs, five SWs (16, 2,
18, 11, and 13) are found to be highly prone to erosion and classified with very high priority.
Likewise, nine SWs (52.05% area), two SWs (7.47% area), and three SWs (10.33% area) are
classified as high priority, moderate priority, and low priority, respectively (Figure 5). The
spatial distribution of CF-based SW prioritization is depicted in Figure 10.
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3.4. MCDA Model Comparison

The variations in the rankings of watersheds as obtained using different multiple
criteria decision making (MCDA) techniques can be attributed to the specific characteristics
of each method and the values assigned to the utilized criteria [84]. The performance of the
models in terms of prioritization was evaluated using two change indices (∆P and ∆I) and
two non-parametric statistical tests (SCCT and KTCCT) using Equations (3)–(8) [34,80–82].
Table 6 demonstrates that the CF technique exhibited the highest percentage change of
ranks compared to other methods, with a value of 66.32%. This technique is followed by
AHP, VIKOR/SAW, and TOPSIS, with percentages of changes of about 52.63%, 41.05%, and
38.95%, respectively. Again, CF demonstrated the highest intensity of change—with a value
of 1.098—among all five MCDA techniques, whereas AHP and TOPSIS/VIKOR/SAW
exhibited intensities of changes of about 1.055 and 1.03, respectively. The results from the
non-parametric correlation tests are represented in Figure 11, revealing that AHP, TOPSIS,
VIKOR, and SAW had an average correlation coefficient greater than 0.84 for the KTCCT
and greater than 0.93 for the SCCT at p = 0.01. However, CF led to the lowest values for
the average correlation coefficient, namely 0.70 and 0.85 for the KTCCT and the SCCT,
respectively, compared with the other MCDA methods.

Table 6. Percentage change and change of intensity of MCDA techniques.

Percentage Change Change of Intensity

AHP TOPSIS VIKOR SAW CF AHP TOPSIS VIKOR SAW CF

AHP 0 63.16 57.89 52.63 89.47 1 1.038 1.042 1.034 1.165
TOPSIS 63.16 0 21.05 26.32 84.21 1.038 1 1.001 1.002 1.109
VIKOR 57.89 21.05 0 47.37 78.95 1.042 1.001 1 1.003 1.107

SAW 52.63 26.32 47.37 0 78.95 1.034 1.002 1.003 1 1.111
CF 89.47 84.21 78.95 78.95 0 1.165 1.109 1.107 1.111 1

Average 52.63 38.95 41.05 41.05 66.32 1.055 1.030 1.030 1.030 1.098
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4. Discussion
4.1. Morphometric Analysis

The Burhanpur watershed was delineated into 19 sub-watersheds using SRTM DEM
data in a GIS environment. These sub-watersheds were analyzed for their morphometric
properties derived from the topography, including linear, areal, and relief characteristics, to
assess the impact of these characteristics on erosion susceptibility. The assessment of soil
erosion vulnerability requires information about the drainage and relief parameters, which
significantly influence the hydrological behavior of the watershed, such as runoff and
infiltration [45]. The derived morphometric parameters offer a more convenient, accurate,
and quantitative approach to understanding the watershed’s variations. Consequently,
using the results of morphometric analysis (as shown in Tables 2 and 3), the erosion
sensitivity of the SWs can be anticipated.

Basin relief significantly affects hydrological behavior of a basin [85] and in turn di-
rectly influences the intensity of erosion forces, thus, putting SW 8 and SW 15 into the
highest and lowest erosion susceptibility categories, respectively. Similarly, the steepest
average slope is observed for SW 15, placing it under the highest risk of erosion. The relief
ratio, being a direct function of slope, affects the erosion process in direct proportion, with
an increased risk of erosion forces. As regards the relief ratio, SW 15 is found to have the
highest relief ratio, reflecting the fact that it is in the highest erosion susceptibility category.
The mean bifurcation ratio (Rbfm) signifies an inverse relation between basin infiltration and
flooding. A high Rbfm value corresponds to the peak of the initial hydrograph, indicating
increased soil degradation during flooding [8]. The presence of high Rbfm values (ranging
from 1.33 to 4.67) suggests a complex structure and low infiltration rates. This indicates a
higher susceptibility to degradation during flood events. The constant of channel main-
tenance for the SWs varies in the range of 4.01–5.93 (lowest for SW 18 and highest for
SW 7), indicating that SW7 is the most erodible watershed, as it reflects infiltration and
control of flow to the outlet [60]. The form factor and elongation ratio exhibit a similar
behavior, showing an inverse relationship with soil erosion susceptibility. This analogous
effect resulted in SW 1 having the highest erosion susceptibility, while SW 8 exhibited
the lowest susceptibility. The smaller value of the elongation ratio suggests a steep slope
with high relief, making the area more prone to erosion. Conversely, the smaller value of
the form factor indicates a relatively elongated watershed, leading to flatter peak flows
over an extended period. Thus, this characteristic makes the peak flows easier to manage
compared to circular sub-watersheds. The circularity ratio is a measure of the shape of
SWs, i.e., where basin shape approaches a circle, the circulatory ratio approaches unity. For
the Burhanpur SWs the circularity ratios are low, indicating their elongated shape; however
the highest value for the circularity ratio belongs to SW 15, making it prone to erosion.

Considering these parameters individually, sub-watersheds were identified as having
the lowest and highest erosion sensitivity. However, this approach did not lead to a clear
decision-making state, as some sub-watersheds were classified as low priority by one
parameter and high priority by another. This may be attributed to the fact that the linear
and landscape parameters directly contribute to erosion, while shape parameters exhibit an
inverse relationship, in which a lower value indicates higher sensitivity to erosion [19,86,87].
Hence, to address this, an MCDA approach was adopted, using morphometric parameters
as criteria to prioritize the 19 sub-watersheds for erosion susceptibility.

4.2. Prioritization by MCDA Models

Due to variations in morphometric characteristics, watersheds exhibit different be-
haviors in terms of erosion. Therefore, it is crucial to identify/prioritize critical areas for
effective management and planning [88]. In this study, a pairwise comparisons method
was used to determine the weights of each criteria [66] (Figure 4) and was found to be
consistent, i.e., below 0.1 [67]. The resultant weights demonstrate that relief parameters
(basin relief, slope, and relief ratio) with higher weights have the greatest effect on the
erosion process, because relief aspects significantly affect the hydrological behavior of a
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basin and in turn directly influence the intensity of erosion forces [85]. Accordingly, the
parameters with lower weights have a comparatively lesser impact on the erosion process.
These results are in line with the results of the studies in [89] and [90].

The AHP model demonstrated about 8.34%, 23.38%, 49.99%, and 18.28% of the area
to be classified as VHP, HP, MP, and LP, respectively. The TOPSIS model revealed that
about 8.34% of the area is classed as VHP, followed by 33.96% (HP), 45.99% (MP), and
11.71% (LP). Similarly, the VIKOR, SAW, and CF approaches classified 19.35%, 19.35%, and
30.15% area as being in the very high priority (HP) class, respectively (Figure 5). The areas
classified as VHP and HP can attribute their classification to higher values for relief and
linear aspects imposing a higher likelihood and intensity of erosion in these areas. Further,
the variations in the amount of area classified under different classes by different MCDA
techniques can be attributed to the specific characteristics of each method and the values
assigned to the utilized criteria [84]. However, the overall analysis revealed that in the
Burhanpur watershed 8.34–30.15% of the area is in a critically-erosion-prone zone, and
about 23.38–52.05% of the area is in the high priority class. Thus, these erosion-prone areas
of the watershed must be the subject of soil conservation measures within the scientific
approach of catchment development.

4.3. Comparative Analysis

The ranks generated for the SWs from the five MCDA methods were compared
between themselves using change indices and non-parametric correlation tests. It was
observed that the rankings of sub-watersheds obtained using SAW, VIKOR, TOPSIS, and
AHP had a higher correlation (0.84–0.99 at p = 0.01) and a lesser change in both percentage
and intensity than the CF method. This is because the AHP, TOPSIS, VIKOR, and SAW
methods utilize the same relative weights as derived from the comparison matrix, while
the CF technique gives equal weight to all criteria, irrespective of their relative importance.
The small variation in the correlation coefficients among AHP, TOPSIS, VIKOR, and SAW
can be attributed to their inherent characteristics [84]. Further, the models that use weights
that take into account the relative importance of criteria are able to provide more accurate
information for taking confident decisions. Here, these models had higher correlation
among the priority ranks and lower changes in percentage and intensity. Hence, the SAW,
TOPSIS, VIKOR, and AHP models were superior to the CF model and were found to
be more accurate, with higher confidence. Similar results have also been reported by
others [34,91].

4.4. Application and Role of Prioritization in Soil Conservation Approach

Erosion can lead to the loss of topsoil, reduced agricultural productivity, and environ-
mental degradation. Soil and water conservation measures play a crucial role in mitigating
these effects. Implementation of effective conservation measures is vital to ensure the
sustainability of soil and water resources. In erosion management, one key aspect is the
prioritization of critical areas. Prioritization allows for targeted allocation of resources and
efforts. This is where morphometric analysis, combined with MCDA techniques, proves to
be invaluable and helps in the following:

• Targeted approach: Prioritization directs resources to high-risk and vulnerable areas,
maximizing the impact of soil conservation measures for effective outcomes.

• Resource optimization: Prioritization optimizes the use of limited resources (time,
manpower, and funding), ensuring that they are allocated to areas where they can
have the greatest impact in implementing soil conservation measures.

• Prevention of further degradation: Prioritization aids in timely intervention and
prevention of soil degradation and erosion in high-priority areas, resulting in stabilized
soils, reduced erosion rates, and preservation of valuable topsoil and nutrients.

• Long-term sustainability: By addressing the most vulnerable areas first, the overall
health and productivity of the watershed is enhanced. This supports sustainable
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land-use practices, preserves ecosystem integrity, secures fertile soils, and promotes
long-term sustainability for future generations.

• Stakeholder engagement and support: Prioritization facilitates stakeholder (commu-
nities, farmers, landowners, and relevant authorities) engagement and collaboration.
This can enhance the acceptance of, participation in, and support for soil conservation
measures, leading to their successful implementation and long-term maintenance.

4.5. Challenges with MCDA Techniques

MCDA techniques used in prioritization processes often focus on a specific set of
factors or data classes, such as morphometric, land use, hydrological, or soil texture [92].
These results are subjective to expert opinions and may vary in terms of accuracy [83,93].
Furthermore, these methods may not adequately address the associated uncertainties in
the model’s output [94]. A key limitation in applying these methods is the requirement for
expertise in watershed knowledge [95], posing a significant challenge for sub-watershed
prioritization using MCDA. Each prioritization technique has its own strengths and weak-
nesses, depending on its complexity [96]. However, detailed quantitative assessment of
erosion often requires extensive and high-quality field data, which is often challenging to ob-
tain in many locations. In such circumstances, a comparative assessment of sub-watersheds
based on governing factors can provide insights into erosion-prone areas [91].

5. Conclusions

The present study employed GIS tools and remote sensing data, specifically digi-
tal elevation models (DEMs), to delineate and analyze morphometric parameters in the
Burhanpur watershed of Central India. Fourteen parameters were considered as criteria
for prioritizing nineteen sub-watersheds, with weights assigned based on their relative im-
portance in erosion processes. The most important findings of the study were highlighted
as follows:

• Morphometric parameters: The study emphasized the higher significance of relief
parameters compared to linear and areal parameters in prioritization, based on their
relative importance in the erosion process.

• MCDA techniques: The study successfully prioritized sub-watersheds using five
MCDA techniques (AHP, TOPSIS, VIKOR, SAW, and CF) and found these techniques
suitable for providing valuable insights into the relative priority of sub-watersheds in
terms of their erosion susceptibility.

• Sub-watershed prioritization: The results indicated that the amount of area in each of
the priority classes varied across the models. The area classed as very high-priority
was recorded in the range of 8.34% to 30.15%. Further, the area classed as high,
moderate, and low priority was found to be in the range of 23.38–52.05%, 7.47–49.99%,
and 10.33–18.28%, respectively.

• Comparative Performance: The performance of the models was compared using four
indices (percentage of changes, intensity of changes, the Spearman rank correlation
coefficient test, and the Kendall tau correlation coefficient test), and it was found
that the SAW, TOPSIS, VIKOR, and AHP models had higher correlation (0.84–0.99 at
p = 0.01) and lesser percentage change and change intensity than the CF technique.
Overall, the SAW, TOPSIS, VIKOR, and AHP models performed better than the CF
model, with higher confidence.

The study also highlighted the applicability and role of morphometric analysis-based
prioritization for targeted approaches, resource optimization, stakeholder engagement,
and long-term sustainability in soil conservation efforts. However, it acknowledged the
challenges associated with the use of MCDA techniques in watershed prioritization. Despite
these challenges, the study confirmed the effectiveness of using morphometric parameters
and MCDA approaches to identify critical areas and improve decision-making support to
preserve soil and the environment, particularly in data-limited regions.
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Appendix A

Appendix A.1. Analytical Hierarchy Process Technique

The AHP technique introduced by Saaty [42] is one of the most popular and easiest
MCDA methods [41]. AHP breaks down the complex problem into hierarchically structured
sub-problems to find a solution from among alternatives [42,69]. The general steps involved
in the AHP process are as follows:

I. Generation of decision matrix (D) of dimension m × n with respect to the alternatives
and the criteria, respectively:

D =


x11 x12 . . .
x21 x22 . . .
.
.

xm1

.

.
xm2

.

.
. . .

x1n
x2n
.
.

xmn

 (A1)

The decision matrix is a matrix containing all the criteria values relative to all the alter-
natives and is used in several MCDA techniques to evaluate and rank the alternatives.
Where i = 1, 2,. . ., m (number of alternatives), j = 1, 2,. . ., n (number of criteria).

II. Normalizing the decision matrix (N)

nij =
xij

∑m
i=1 xij

(A2)

where nij is the element of the normalized decision matrix for the i-th alternative in
the j-th criterion.

III. Deriving a weighted normalized decision matrix (V) by multiplying the normalized
matrix with the weight matrix (wq) [70,71]:

vij = nij × wj (A3)

where vij is the element of the weighted normalized decision matrix for the i-th
alternative in the j-th criterion.

IV. Calculating score (initial priority value) for alternatives [72]:

Ai = ∑n
j=1 vij (A4)

These Ai scores are the initial priority values obtained using AHP. A higher Ai value
is of higher priority in the case of AHP.

Appendix A.2. Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS)

Ching-Lai Hwang and Kwangsun Yoon introduced TOPSIS, which is based on the on
distance of alternatives from the negative ideal option (NIO) and the positive ideal option
(PIO) [43]. It picks the best alternative, which is the one that is found to be nearest to the
IPO and farthest from the INO, based on a closeness coefficient [73]. TOPSIS has been
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widely adopted for prioritization and decision making [46–48,50,74]. The general steps
involved in the TOPSIS process are as follows:

I. Generation of decision matrix (D) as described in Equation (A1).
II. Normalizing the decision matrix (N),

nij =
xij√

∑m
i=1 xij

2
(A5)

where nij is the element of normalized decision matrix for the i-th alternative in the
j-th criterion.

III. Derive weighted normalized decision matrix (V) by multiplying the normalized
matrix with the weight matrix (wq) [70,71],

vij = nij × wj (A6)

where vij is the element of weighted normalized decision matrix for the i-th alternative
in the j-th criterion

IV. Finding PIO (A+) and NIO (A−) [34]:

A+ =
{(

vmax
ij

∣∣∣ f or DP criterion
)

,
(

vmin
ij

∣∣∣ f or IP criteria
)}

=
{

V+
1 , V+

2 , . . . , V+
j , . . . , V+

n

} (A7)

A− =
{(

vmin
ij

∣∣∣ f or DP criterion
)

,
(

vmax
ij

∣∣∣ f or IP criterion
)}

=
{

V−1 , V−2 , . . . , V−j , . . . , V−n
} (A8)

V. Estimation of direct distance to A+ and A−:

di+ =

√
∑n

j=1

(
vij −V+

j

)2
, i = 1, 2, 3, . . . , m (A9)

di− =

√
∑n

j=1

(
vij −V−j

)2
, i = 1, 2, 3, . . . , m (A10)

VI. Extraction of closeness index (CI) as initial priority values:

CIi =
di−

di+ + di−
; 0 ≤ CIi ≤ 1; i = 1, 2, 3 . . . m (A11)

These CI values are the initial priority values obtained using TOPSIS. A higher CI
value is of higher priority in the case of TOPSIS.

Appendix A.3. VIseKriterijumska Optimizacija I Kompromisno Resenje Technique (VIKOR)
Technique

The VIKOR method is a reference-based, well-known MCDA introduced by Opricovic
and Tzeng which emphasizes the ordering of alternatives based on conflicting parameters
(utility vs. regret) [44]. This technique ranks the options on the basis of “distance to optimal
solution” [70]. The general steps involved in the VIKOR process are as follows:

I. Generation of decision matrix (D) as described in Equation (A1).
II. Normalizing the decision matrix (N), where npq is the element of matrix

nij =
dij√

∑m
i=1 dij

2
(A12)

and nij is the element of normalized decision matrix for the i-th alternative in the
j-th criterion.
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III. Derive a weighted normalized decision matrix (V) by multiplying the normalized
matrix with the weight matrix (wq) [70,71]:

vij = nij × wj (A13)

where vij is the element of weighted normalized decision matrix for the i-th alternative
in the j-th criterion.

IV. Retrieving the best (v *+
j ) and the worst (v *−

j ) value:

v*+
j =

(
vmax

ij

∣∣∣ f or DP criteria
)

; j = 1, 2,. . ., n (A14)

v*−
j =

(
vmin

ij

∣∣∣ f or DP croteria
)

; j = 1, 2,. . ., n (A15)

V. Calculating boundary values utility index (Si) and regret index (Ri):

Si = L1,i = ∑m
i=1 wj

(
V*+

j − vij

)
(

V*+
j −V*−

j

) ; j = 1, 2,. . ., n (A16)

Ri = L∞,i = max

∑m
i=1 wj

(
V*+

j − vij

)
(

V*+
j −V*−

j

)
; j = 1, 2,. . ., n (A17)

VI. Calculating the final measure (Qi) [75]:

Qi = µ

(
Si − S−i

)(
S+

i − S−i
) + (1− µ)

(
Ri − R−i

)(
R+

i − R−i
) (A18)

where S+
i , S−i , R+

i , and R−i are maxSi, minSi, maxRi, and minRi, respectively, and
µ is the balance weight between Si and Ri. Here, µ = 0.5.
The option with minimum values for all three parameters (S, R, and Q) is the best option.
These Qi values are the initial priority values obtained using the VIKOR technique. A
lower Qi value is of higher priority in the case of VIKOR.

Appendix A.4. Simple Additive Weighting (SAW)

In the SAW technique, each alternative is scored by multiplying the alternative value
by criterion weight for all criteria and then summing them to rate the alternative accord-
ingly [34]. The general steps involved in the SAW process are as follows:

I. Generation of decision matrix (D) as described in Equation (A1).
II. Determination of values dij as dmax

ij or dmin
ij ; if the j-th criterion is directly proportional

(DP) or indirectly proportional (IP) with the goal, respectively.
III. Normalizing the decision matrix (N), where npq is the element of matrix,

nij =
dij

dmax
ij

; for DP criterion (A19)

or

nij =
dmin

ij

dij
; for IP criterion (A20)

where nij is element of normalized decision matrix for i-th alternative in j-th criterion
IV. Derive the weighted normalized matrix (V) by multiplying the normalized matrix

with the weight matrix (wq) [70,71],

vij = nij × wj (A21)
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where vij is the element of weighted normalized decision matrix for the i-th alternative
in the j-th criterion

V. Calculating score (initial priority value) for alternatives [72]:

Ai = ∑n
j=1 vij (A22)

These Ai scores are the initial priority values obtained using SAW. A higher Ai value
is of higher priority in the case of SAW.

Appendix A.5. Compound Factor (CF) Technique

The compound factor, also referred to as the Combination Factor, is a scientifically
driven MCDA technique that utilizes scientific knowledge and data [76]. This technique
quantitatively estimates the qualitative relationship between parameters (criteria) and the
goal of the problem (prioritizing erosion-prone areas in this study) based on scientific
knowledge. In this study, equal importance was assigned to all criteria [77]. Thus, the mean
of the rating values was calculated as the compound factor, representing the integrated
impact of all the parameters. The relationship between different morphometric parameters
and erosion sensitivity (sub-watershed prioritization) is shown in Table 1. The general
steps involved in the compound factor process are as follows [78,79]:

I. Generation of decision matrix (D) as described in Equation (A1).
II. Generation of rating matrix:

If the criterion is directly proportional to the goal (erosion sensitivity), ascending
ordering must be completed, i.e., the alternative (sub-watershed) having the highest
value for a criterion must be rated as first rank, the sub-watershed with the second-
highest value must be rated as second rank, and so on.
If the criterion is inversely proportional to the goal (erosion sensitivity), descending
ordering must be completed, i.e., the alternative (sub-watershed) having the lowest
value for a criterion must be rated first, the sub-watershed with the second-lowest
value must be rated second, and so on.

III. Calculating the compound values:

CFi =
1
n∑n

j=1 Ri; i = 1, 2, . . ., m (A23)

where CFi is the compound factor value (initial priority value) for the i-th alternative,
Ri is the rating of alternatives, and n is the number of criteria. A lower CFi value is of
higher priority in the case of CF.
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