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Abstract

The modify-leachate pollution index (m-LPI) was developed with the help of multi-criteria decision-making (MCDM) tech-
nique based on the landfill leachate pollution potential by considering the limitations of traditional methodologies. Across
India, twenty major landfill sites (LS) were selected for which m-LPI was assessed. Twenty-five experts’ opinions were taken
for the determination of nine input criteria weights, such as pH, COD, TDS, Cl, Zn, Pb, Cu, annual rainfall, and landfill age
with the help of a questionnaire-based survey. In this context, six MCDM techniques were investigated to develop m-LPI.
Among different MCDM techniques selected, weighted aggregated sum product assessment (WASPAS) proved to be an
effective one with an R* value of 0.828 and IA value of 0.813. WASPAS gave first and last rank to Kadapa, Andhra Pradesh
LS (1.677) and Turbhe, Maharashtra LS (2.193), respectively. The investigation revealed that around 90% of LS considered
in the present study require leachate treatment. WASPAS sensitivity analysis showed that the least sensitive criteria were pH,
followed by CI and Zn. The m-LPI can be used by researchers and scientists to investigate and evaluate various challenges
involved with solid waste management in LS.
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Introduction

The Indian annual municipal solid waste (MSW) genera-
tion is anticipated to be exceeded by 543 million metric
tonnes (13% global annual MSW) by the year 2050 with the
combined effects of rapid population growth, urbanization,
industrialization, and rural-to-urban migration (Somani et al.
2019; Wijekoon et al. 2022). MSWs are generated from vari-
ous sources including households and commercial or mar-
ket areas with a percentage of contribution of 55-80% and
10-30%, respectively (Miezah et al. 2015; Abunama et al.
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2019; Abunama et al. 2021). The wastes generated from
these sources were frequently disposed into non-engineered
landfill sites (open dumping sites) due to the low operating
costs as compared to composting, incineration, pyrolysis,
etc. (Luo et al. 2019; Bisht et al. 2022a, b, ¢).

Direct disposal of MSW into landfill sites (LS) leads
to the production of leachate that can take its pathway
to groundwater and surface water bodies, thereby caus-
ing a serious threat to the environment and human health
(Zohoori and Ghani 2017; Somani et al. 2019). From the
literature, it has been observed that the organic, inorganic,
and heavy metal pollutants affect the leachate quality,
whereas the quantity of leachate can be affected by site
hydrology, landfill age (LA), moisture content, and annual
rainfall (AR) (Malakahmad et al. 2017; Hendrych et al.
2019). Therefore, quantifying and assessing leachate pol-
lution potential is critical in estimating the potential envi-
ronmental risk (Rajoo et al. 2020).

Kumar and Alappat (2005) established the Delphi tech-
nique-based leachate pollution index (LPI) using eighteen
leachate quality criteria to better understand the impact
of leachate pollution in LS. LPI can be effectively used to
evaluate the pollution potential of LS, and the temporal
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and spatial variation of leachate quality. However, due to
its reliability issues, technological advancement, and the
emergence of new criteria, this method cannot be applied
globally for the accurate representation of landfill leachate
properties (Rajoo et al. 2020). In another study, Rajoo et al.
(2020) developed the LPI to calculate Leachate Pollution
Index in Developing Countries (LPIDC) by considering
two additional criteria, such as volume and liner. Different
drawbacks, such as inconsistent criteria weights, uncertainty,
ambiguity, and imprecision along with the lack of environ-
mental criteria considerations (e.g., AR and LA), lead to
ambiguity in the proper estimation of leachate potential
(Bisht et al. 2021a, b). Moreover, the correlation between
values obtained from LPI and LPDIC indices and treatment
requirements is still lacking. Hence, to overcome the afore-
mentioned drawbacks a systematic mathematical approach
is requisite for estimating the leachate pollution and decid-
ing whether the treatment is required or not. In this context,
multi-criteria decision-making (MCDM) techniques can be
used as an effective tool (Mostafaeipour et al. 2020).

MCDM techniques based on mathematical relations
gained significant attention recently to solve problems
related to water and wastewater management (Anaokar et al.
2018; Golfam et al. 2019a, b; Golfam et al. 2021; Azbari
et al. 2022; Goswami and Ghosal 2022), climate manage-
ment (Golfam et al. 2019a, b), and solid waste management
(Garcia-Garcia 2022; Torkayesh et al. 2022). Among differ-
ent MCDM techniques, simple additive weighting (SAW),
weighted product method (WPM), technique for order pref-
erence by similarity to ideal solution (TOPSIS), additive
ratio assessment (ARAS), evaluation based on distance from
average solution (EDAS), and weighted aggregated sum
product assessment (WASPAS) are extensively investigated
as a decision-making tool in various applications, such as
environmental sustainability, operational research, quality
management, and soft computing and technology manage-
ment (Lee and Chang 2018; Xuan et al. 2022). The MCDM
techniques have already proven effective in decision-making
in various fields by considering the complexities, inadequa-
cies, and uncertainties involved (Sotoudeh-Anvari 2022;
Azbari et al. 2021; Ghenai et al. 2020). Unlike LPI, the
MCDM techniques can produce good performance scores
based on the available number of criteria. For instance,
Dehshiri et al. (2022) prioritized the dust sources affecting
central Iran using four MCDM methods, including WAS-
PAS, EDAS, ARAS, and TOPSIS. In another study, Sadhya
et al. (2022) employed four MCDM techniques to rank the
five selected waste-to-energy technology alternatives based
on six criteria, such as capital cost, global warming poten-
tial, revenue return, operation and maintenance cost, need
for segregation, and moisture content.

The objectives of this study were (a) to develop m-LPI
using MCDM techniques, (b) to rank and require treatment

for LS on basis of m-LPI, and (c) to apply the sensitivity
analysis to determine the influence of different input criteria
such as pH, COD, TDS, Cl, Zn, Pb, and Cu on m-LPIL.

Methodology

In the present study, an attempt has been made to rank and
determine the requirement for treatment at twenty LS based
on the nine input criteria like pH, COD, TDS, Cl, Zn, Pb,
Cu, AR, and LA using various MCDM techniques such as
WSM, WPM, TOPSIS, ARAS, EDAS, and WASPAS. One
LS named CPCB 2016 leachate permissible values (LS-21)
is incorporated in order to determine the treatment require-
ment for LS.

Study area and data acquisition

A literature survey was conducted where forty influencing
inputs criteria were investigated for landfill leachate poten-
tial. The availability of data had been a major determin-
ing factor in input criteria selection. Thus, only nine input
criteria have been chosen from forty criteria for twenty LS
in India. The twenty LS were chosen based on the city’s
socioeconomic condition as well as its geographical loca-
tion (Fig. 1). These nine input criteria were pH, TDS, Cl,
COD, Zn, Pb, Cu, AR, and LA from the organic, inorganic,
heavy metal, and other environmental criteria. Eight criteria
data were taken from reference literature papers, while the
rainfall data for each LS was taken from the Indian Meteoro-
logical Department during the respective sample collection
year. The complete flow of methodology is shown in Fig. 2.
The overall analytical results of input criteria are represented
in Table 1 and landfill leachate data characteristics used in
the study are shown in Table S1.

TDS concentration values of 90% LS exceeded the CPCB
permissible limit (2100 mg/L) of CPCB (2016). The age
of the LS and volatile acid accumulation in the methano-
genic bacteria environment were the two major factors that
influenced the pH of the leachate (Mor et al. 2018). Twenty
percent of the LS were acidic, while the rest were alkaline.
Eighty percent of the LS exceeded the permissible limit of
Cl concentration (1000 mg/L). Heavy metals in MSW were
primarily produced by the electroplating, tannery, and steel
industries (Somani et al. 2019). Thirty percent of the LS
exceeded the permissible limit of Zn concentration (5 mg/L).
Cu concentration in 15% of the LS exceeded the permis-
sible limit (3 mg/L). Pb concentrations in 85% of the LS
exceeded the permissible limit (0.1 mg/L). A high biode-
gradable fraction of MSW was generated in India, implying
high COD values (Somani et al. 2019). The COD values of
all LS exceeded their permissible limits (250 mg/L).
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Fig. 1 Locations of the landfill
sites across India

Fig.2 Complete flow of meth-
odology
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Table 1 Descriptive statistics of input criteria of landfill sites

* . .« . . .
Parameterss Maximum Minimum Mean Standard deviation

TDS 24,644.3 1156 11,868.447  8265.270
pH 9.6 0.914 7.905 1.982
Cl 11,948.67 150 12,089.421  3925.633
COD 57,300 250 3973.440 13,510.080
Zn 9.8 0.27 3.998 2.843
Cu 3.62 0.07 1.323 1.273
Pb 4.27 0.02 1.007 1.103
AR 2891.5 450 1046.311 622.131
LA 51 5 19.421 13.045

*All the input criteria are mg/L except pH, AR (mm), and LA (years)

Table 2 Linguistic terms and fuzzy numbers

Linguistic terms Fuzzy numbers

Very high important (0.7,0.8.0.9,1)
High important (0.5,0.6,0.70.8)
Important (0.3,0.4,0.5,0.6)
Low important (0.1,0.2,0.3,0.4)
Very low important (0,0,0.1,0.2)

Weights assigned to the input criteria

The literature revealed that the equal weight assigned to
the input criteria for the development of indices caused
the unevenness and inconsistencies in the index structure
(Babcock 1970; Ott and Thorn 1976; Bisht et al. 2022c¢).
Moreover, the assignment of statistical weights might cause
irrational weighting, with insignificant criteria receiving a
higher relative weight. Hence, expert opinions were taken
to the determine weights of the input criteria for this study
(Sebastian et al. 2019).

A Google form was created which was sent via email to a
list of experts around 60 who were primarily academicians,

Fig.3 Complete steps for SAW

Formation of normalized decision matrix

Ph.D. scholars, and consultants in the field of environmen-
tal engineering. Saaty (1977) developed fuzzy numbers for
seven linguistic terms to describe the degree of satisfaction
with decision-making criteria for alternatives. In general,
there were no concrete sentences to support the idea that the
best linguistic terms were three, five, seven, and nine (Chen
and Hwang 1992). Hence, a five-point Saaty scale with five
linguistic terms and their respective fuzzy number had been
selected for understanding the importance of the inclusion
of each criterion in the development of the modify-leachate
pollution index (m-LPI) for the LS (Khambete and Christian
2014). The linguistic term and their respective fuzzy number
on the five-point Saaty scale are represented in Table 2. The
normal weights of criteria for m-LPI were evaluated with the
help of the normalized fuzzy weights technique. The paper
explains all steps for calculating weights, such as fuzzifica-
tion and defuzzification (Khambete and Christian 2014).

MCDM techniques

Six MCDM techniques such as SAW, WPM, TOPSIS,
ARAS, EDAS, and WASPAS were employed to rank and
determine the requirement of treatment for LS. The high
and low leachate degree of potential of the LS represents the
lower LPI and rank and higher LPI and rank, respectively for
six MCDM techniques.

Simple additive weighting (SAW)

In 1968, Fishburn introduced the SAW technique (weighted
sum method), which was one of the simple as well as mostly
applied MCDM techniques (Fishburn et al. 1968). Gener-
ally, in SAW, cost criteria were converted to benefit criteria
whereas non-cost criteria were converted into non-benefit
criteria. With the normalization step, the largest criterion
changes to the lowest and vice versa. In the final step, the
alternative total score is to be multiplied by the weight of

Construct the
weighted decision
matrix use WSM

B = X“X% ( Non-beneficial criteria ) and formula
_ym oyp.. Rank and
Rjj = 25 ( beneficial criteria ) A= Xjoq WiRyj > WSM LPI of
i 1=1.2,.m; the LS
Where x;; was original while R;; was J=12 n:
normalized decision matrix K=12.k

Where w was
weights of each
criteria
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each criterion (Roozbahani et al. 2018; Akras et al. 2022).
Figure 3 depicts the complete SAW procedure.

Weighted product method (WPM)

In 1969, Bridgeman anticipated WPM, which is similar to
SAW (Bridgman 1992). The main difference was that in the
mathematical process the number of ratios was multiplied
in order to compare each decision alternatively with others.
In WPM, each criterion’s ratio was increased to the power
equivalent of its relative weight of criteria (Triantaphyllou
and Mann 1989). This step allows the dimensionless analysis
by removing the measurement units, allowing this technique
to be applied to both single as well as multidimensional deci-
sion hypotheses (Mulliner et al. 2016). Figure 4 depicts the
complete WSM procedure.

Technique for order preference by similarity to ideal
solution (TOPSIS)

TOPSIS technique evaluated the best option by consider-
ing the basis of local to the positive ideal solution (PIS)
and non-local from negative ideal solution (NIS) (Hwang
and Yoon 1981). PIS gives the solution, which maximizes
profit criteria and minimizes cost criteria, while NIS was
the exact opposite. The PIS was created from all of the great
achievable qualities of criteria, while the NIS constitutes bad
achievable values of criteria. This method took into account
the specific scores received from each criterion for evolu-
tion and normalization of the decision matrix. The order of
priority of the options was finalized by taking into account
the distance coefficient of each option (Sadhya et al. 2022).
Figure 5 depicts the TOPSIS procedure in detail.

Additive ratio assessment (ARAS)
Turskis and Zavadskas invented ARAS in 2010. To select
the best alternatives, quantitative measurements and utility

theory were used for the assessment of optimality function
values and ranking (Sivalingam et al. 2022). Its widespread

Fig.4 Complete steps for WPM

Formation of normalized decision matrix

Zillmi S5 et
R;; = —™% ( Non-beneficial criteria)
Xij

Xij

ser
Umax

Where x;; was original while R;;is normalized

decision matrix
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(beneficial criteria)

use and explosive growth were the results of its simple as
well as direct and easy steps, producing reasonable and rel-
atively accurate results to rank various alternatives as per
their performance based on selected weighted evaluation
criteria (Ghenai et al. 2020). Figure 6 depicts the ARAS
procedure in detail.

Evaluation based on distance from average solution (EDAS)

In 2015, Ghorabaee proposed the EDAS. It had to be a novel
MCDM technique that assessed positive and negative dis-
tances from solutions rather than ideal and non-ideal solu-
tions to assess conflicting criteria (Feng et al. 2018; Orji
et al. 2022). This technique employed two actions to assess
the applicability of the alternative: the positive distance
from average (PDA) and the negative distance from average
(NDA). These calculations could be used to determine how
different each solution (alternative solution) was from the
average solution. The alternatives score higher on PDA and
lower on NDA. A higher PDA and/or lower NDA value indi-
cated a better (alternative) solution than the general solution.
This technique was extremely useful when there were con-
flicting standards (Mostafaeipour et al. 2020; Mishra et al.
2020). The EDAS’s statistical advantages were in providing
a robust and accurate ranking of alternatives (Behzad et al.
2020). Figure 7 depicts the EDAS procedure in detail.

Weighted aggregated sum product assessment (WASPAS)

WASAPAS was one of the best MCDM techniques for
accuracy and reliability based on two MCDM techniques,
i.e., SAW and WPM (Zavadskas et al. 2012; Mostafaeipour
et al. 2020). The optimized WASPAS method has a strong
benefit over the standard WASPAS method in determining
the optimal 4 value, which is calculated using the practical
concept of variance. Moreover, stochastic errors occur when
determining the initial values of criteria. Using the optimal 4
value to achieve fall ranking ensures that the estimated vari-
ance of the relative importance of each alternative is kept
to a minimum. It has been used to solve MCDM problems

Construct the weighted
decision matrix use
WPM formula

Rank and
WPM LPI of
LS

K=1,
Where w w.
of each criteria
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Fig.5 Complete steps for TOPSIS

Formation of normalized decision matrix
1=12, . m;j=12 n

L

Where x;; was original while v;; was normalized decision matrix

Construction rank normalized decision matrix V;; = W;j * v, 1=1,2,..m;
j=12,.n

Determine both the Positive and Negative Ideal Solutions
PIS = (pl*, p27,....pm")
NIS = (pl-, p2,....pm)

where V" = (maxi (Vy;, j € J1; min (Vy), j € J2)
Vi = (mini (Vj;, j € J1; maxi (Vj), j € J2)

Where, J1and J2 represent the criteria benefit and cost , respectively.

Determine the separation distances from Positive and Negative Ideal

Solutions of each alternative, respectively as follows:
d:
Where djj; = Vj;

calculate the relative closeness coefficient R;=

£ n +2
di* = f j=1 45

- n -2
= 2=y

u*-Vij,withI:I,Z, 5500k

dw:V“'-V“,WlthI: 1,2, a8k

i
=
af+dy

Rank and TOPSIS LPI of LS

to improve ranking accuracy, and it has the highest estima-
tion accuracy (Mishra and Rani 2018). Figure 8 depicts the
complete WASPAS procedure.

Leachate pollution index
The traditional approach LPI was proposed by Kumar and

Alappat (2005) to calculate the index score for landfill
leachate pollution. The LPI is shown in Eq. (1).

LPI =Y w,C/ Y w, (1)
i=1 i=1

where C; and w; are the sub-index score and weights for
the ith criteria, respectively, and n was the number of input
criteria.

Performance evaluation

Performance evaluation techniques such as R%, RMSE,
MAPE, and TA were used in this study to evaluate the
best MCDM technique for the m-LPI among six MCDM
techniques. The equation of RMSE, MAPE, and TA
are expressed in Eqgs. (2), (3), and (4), respectively.
Furthermore, the impact of seven criteria, such as pH,
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Optimal performance rating
maxx;j; ;
xij = . Uelie Qnm,\
minxij; j = O

Where x;; was optimal performance rating in relation to
the j™® criterion, Q denoted asset of benefit type criteria

Normalised decision matrix
Xij

e cLIE

Vii =
u 1/xy Q
Pt 1/xi7 ) € i
Where v;; was normalised performance matrix

Construction rank normalized decision matrix
Vij = Wij * ‘Ul‘j, i =1,2,A.m;j = 1,2,..1’1

Determine the optimality functions for the alternative
S =V (15 162, o) (1= o o)

Determine the Degree of utility (Ki) for each of the alternative
a_Si;:_
U= = i=(1,2...m)

Rank and ARAS LPI of LS

Fig.6 Complete steps for ARAS

COD, TDS, Cl, Zn, Pb, and Cu, on m-LPI was deter-
mined through a sensitivity analysis using a Taylor dia-
gram (Taylor 2001). In this case, one of the criteria was
changed at a time while the other remained constant.
Based on the study data, the criteria values were changed
between their minimum and maximum values, i.e., ran-
dom values. The other criteria were left of their original
values (Radwan et al. 2018). Among the different criteria
selected, AR and LA criteria were not considered during
the sensitivity analysis due to the no variation in their
characteristics throughout the year.

@

MAPE = 100/n(Y" |, = ¥,/%)) 3)

n N

m=1-y AN A A Y

i=1 i=1

@ Springer

where Yj and I?j were the traditional LPI and MCDM LPI
values, Y, and Y, were the mean of the traditional LPI and
MCDM LPI values, and n was the number of LS.

Results and discussion
Weights assigned to the input criteria

The use of a questionnaire-based survey response sheet,
expert opinions consistency analysis, and geometric mean
allowed for the elimination of competing hypotheses and
the identification of reliable criteria results (Sadhya et al.
2022). The normal weights of each criterion for the m-LPI
have been depicted in Fig. 9. It can be observed that the AR
and LA along with Pb scored the highest weight criteria,
whereas Cu has the lowest criteria in determining the m-LPL
Similarly, Kumar and Alappat (2005), Mishra et al. (2016),
and Gautam and Kumar (2021) studies found higher and
lower weight criteria were AR and LA, as well as Cu. The
order of the weights of the criteria was AR >LA >Pb>pH
>COD >TDS > Cl1> Cu. The highest criteria weights for AR
and LA attributed to the exudation of the leachate in terms of
quantity and quality, while a lower weight for Cu indicates
landfill setting.

Correlations between input criteria

As most of the landfill leachate input criteria were normally
distributed, Pearsons’s correlation matrix was used to ana-
lyze the correlation between the criteria as represented in
Table 3. The results showed a very strong positive correla-
tion between Cl and TDS (0.852). Some potential reasons
include the presence of high concentrations of Cl in the lea-
chate, which could directly lead to increased TDS levels.
Moreover, the highest negative correlation between COD
and Cu was found —0.375 respectively. It may be possible
that the Cu was binding to the organic matter in the leachate
and is not available for COD uptake.

MCDM techniques
SAW

The different MCDM LPI values for respective MCDM
techniques and traditional LPI values of LS are represented
in Table 4. SAW can develop a clear understanding of the
decision-maker and how these alternatives relate to the mul-
tiple criteria. The ranking and SAW LPI of the LS were
determined by aggregating the criteria of each LS (4,). SAW
LPI values for different LS based on the SAW algorithm
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Fig.7 Complete steps for EDAS

PDAij =

PDAij = =
J

AUU =

Where x;; was original while AV was average solution

Construct positive distance from average and negative distance from average

PDA= [PDAijjnxm , NDA=[NDAij]n>xm
_ max(0, (x,-j—AVj))

_ max(0, (AV—X;))

Average solution for the criteria
xij

7 2
Zi:lxij

AVi= [Avj]l *m

,i=12, . m;j=12,..n

max(0, (AV;—X;; = S . =
, NDAij = M, if criteria was positive aspect

max(0, (xij-AV))

, NDAij = -

, If criteria was negative aspect
SP and SN values

SPi = }nzl ‘/V]PDAU

Normalise the SP and SN
SP;

max(SN;)

Appraisal score

1
ASi = E (NSPL ap NSNL)

Rank and EDAS LPI of LS

(Fig. 3) are shown in Table 4. The SAW LPI of different LS
ranges from 0.261 to 0.635. The highest SAW LPI value was
observed for LS-5 (0.635) followed by LS-18 (0.554) and
LS-1(0.513), whereas the lowest SAW LPI value was for
LS-13 (0.261). It could be due to the SAW LPI of each LS
being obtained using the SAW by aggregating the values of
that LS in various criteria while accounting for the weight
of each criterion.

WPM

The ranking and WPM LPI values for different LS were
determined by aggregating the criteria of each LS (By).
WPM LPI values of different LS were generated depending
on the steps of the WPM algorithm (Fig. 4) and shown in
Table 4. The WPM LPI of different LS ranges from 0.721 to
8.428. The WPM LPI value of LS-17 was observed lowest

(0.721) and followed by LS-13 (7.290) whereas LS-5 was
the highest WPM LPI value (8.428). It could be due to each
ratio being increased to the power equivalent of the corre-
sponding criterion’s weight factor, one for each criterion, to
compare each possibility to the others.

TOPSIS

The deviation from Euclidian distance from the PIS (dl-j+)
and separation from the NIS (d;") was evaluated for each
criterion. The alternatives were ranked concerning their rela-
tive closeness value (R;), with the best alternatives having
a lower value (lower LPI and rank) of R;. TOPSIS LPI val-
ues of the different LS are depicted in Table 4 based on the
TOPSIS algorithm (Fig. 5). The TOPSIS LPI of different LS
ranges from 0.124 to 0.631. It was found that the LS-5 got a
high-performance score (0.631) followed by LS-12 (0.545)
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Fig.8 Complete steps for
WASPAS

Wher

Xij i - o
Ry = % Non-beneficial criteria; Rj; =
ij

Construct the weighted decision matrix
use WSM formula

— m —
A=Yt Viwj, 1=

2% m: j =E1°2 ¥n: B = ;":1 Vij 2

Formation of normalized decision matrix

i=1,2,..m;j=1,2,..n

X;; was original while v; was normalized decision matrix

j

ij o o
—_ beneficial criteria
‘”nm.\'

Construct the weighted decision matrix
use WPM formula

m;j=1,2,..n

Where w was weights of each criteria

Where w was weights of each criteria

Construct the weighted decision matrix use WAPAS formula

Fig.9 Weights of the input criteria

12.2%

12%

and LS-1 (0.513) whereas the lowest performance score was
LS-13 (0.124). It could be selected best LS should have the
shortest distance from the PIS and the longest distance from
the NIS (Hwang and Yoon 1981).

The ranking and ARAS LPI values for different LS were
evaluated according to the appraisal score value K; and the
best LS (lower LPI value) were those that have a lower value
of K;. Table 4 depicts ARAS LPI values for different LS that
were generated based on the steps of the ARAS algorithm

@ Springer
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(Fig. 6). According to ARAS, the ARAS LPI values of vari-
ous LS range from 0.234 to 0.766. The ARAS LPI value was
observed lowest at LS-13 (0.234) and followed by LS-17
(0.271) and LS-10 (0.279) whereas LS-5 was the highest
ARAS LPI (0.766). It could be due to the complicated rela-
tive effectiveness of a feasible LS being directly related to
the relative effect of the key criteria’s values and weights,
with the ARAS relying on quantitative calculations and util-
ity function values of LS.
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Table3 Correlation matrix Pearson  TDS pH cop Zn Cu  Pb AR LA
between input criteria correlation
TDS 1
pH —0242 1
COD 0.427 -0514 1
cl 0.852 -0.193  0.338 1
Zn 0.041 0.046 —-0.185 0.058 1
Cu —0.138 0322 -0375 =0277 0.695 1
Pb 0.312 0.082 —0.192  0.202 0.051 0222 1
AR —0.074  0.063 0.394 —0264 —0.190 0.196 0303 1
LA 0.111 0.111 —0.255  0.094 —0.051 0137 0.027 -0.106 1
Table4 Summary of different Landfill sitesr WSM  WPM  TOPSIS  EDAS  ARAS  WASPAS  Traditional
MCDM LPI with respective LPI LPI LPI LPI LPI LPI LPI
MCDM techniques and traditional
LPI values of landfill sites LS-1 0.513 8.290 0.513 0.569 0.706 2.068 34.501
LS-2 0.405 7.507 0.432 0.509 0.421 1.825 25.206
LS-3 0.365 7.851 0.311 0.391 0.417 1.863 26.064
LS-4 0.360 7.651 0.242 0.377 0.259 1.818 16.567
LS-5 0.635 8.428 0.631 0.766 0.901 2.193 33.001
LS-6 0.341 7.600 0.265 0.355 0.280 1.793 16.189
LS-7 0.437 7.801 0.402 0.505 0.534 1.910 27.799
LS-8 0.350 7.644 0.197 0.349 0.317 1.809 13.161
LS-9 0.404 7.856 0.272 0.429 0.440 1.895 19.703
LS-10 0.329 7.597 0.213 0.279 0.323 1.783 12.980
LS-11 0.510 8.115 0.460 0.558 0.600 2.031 33.214
LS-12 0.489 8.227 0.545 0.576 0.717 2.037 32.769
LS-13 0.261 7.290 0.124 0.234 0.034 1.667 10.129
LS-14 0.512 8.079 0.419 0.528 0.591 2.026 36.060
LS-15 0.458 8.166 0.370 0.500 0.566 1.999 30.614
LS-16 0.511 8.183 0.388 0.521 0.567 2.046 29.543
LS-17 0.305 7.207 0.199 0.271 0.216 1.685 8.344
LS-18 0.554 8.179 0.440 0.574 0.667 2.079 33.187
LS-19 0.493 8.120 0.390 0.510 0.589 2.018 23.631
LS-20 0.362 7.726 0.268 0.361 0.317 1.835 15.543
LS-21 0.325 7.335 0.169 0.300 0.233 1.727 8.663
EDAS WASPAS

The ranking and EDAS LPI values of the different LS were
evaluated on basis of appraisal score value (AS;) and the
best LS (lower LPI value and rank) were those that have a
lower value of AS;. EDAS LPI values (Table 4) were gener-
ated based on the steps of the EDAS algorithm (Fig. 7). LPI
values of different LS range from 0.233 to 0.901. LS-5 had
the highest EDAS LPI value (0.901), followed by LS-12
(0.717), and LS-1(0.706), while LS-21 had the lowest EDAS
LPI (0.233). It could be due to the best LS depending upon
the positive and negative distance from the average solution
than an ideal and anti-ideal solution.

The ranking and WASPAS LPI values for different LS were
evaluated by combining the two models, namely WSM
and WPM by WASPAS technique. WASPAS LPI values
(Table 4) are generated based on the steps of the WASPAS
algorithm (Fig. 8). In this study, the optimized WASPAS
technique was assessed by considering A value ranging
between 0 and 1 with an interval of 0.1. The WASPAS LPI
values with the existing traditional LPI values were com-
pared based on R? for each 1 value to optimize WASPAS.
Hence, the investigation found the optimized value with
2 =0.8 with an R? value of 0.82. Moreover, it was observed
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Table 5 Summary of ranks of

LS with respective MCDM Landfill sites WSM WPM TOPSIS EDAS ARAS WASPAS Traditional

techniques fnd traditional LPI LP1 LP1 LP1 LP1 LP1 LP1 LP1
LS-1 19 20 19 19 18 19 20
LS-2 11 4 16 11 13 8 11
LS-3 9 11 10 9 9 10 12
LS-4 7 8 6 5 8 7 8
LS-5 21 21 21 21 21 21 17
LS-6 5 6 7 6 6 5 7
LS-7 12 10 14 12 12 12 13
LS-8 6 7 3 8 5 6 5
LS-9 10 12 10 10 11
LS-10 4 5 5 4 3 4
LS-11 16 14 18 17 17 16 19
LS-12 14 19 20 20 20 17 16
LS-13 1 2 1 2 1 1 3
LS-14 18 13 15 16 16 15 21
LS-15 13 16 11 14 11 13 15
LS-16 17 18 12 13 15 18 14
LS-17 2 1 4 3 2 2 1
LS-18 20 17 17 18 19 20 18
LS-19 15 15 13 15 14 14 10
LS-20 7 7 9 6
LS-21 3 2

that if 4 is more than 0.5 the R? is near 0.82 while 4 is <0.5
the R? is close to 0.80. The WASPAS LPI value of differ-
ent LS ranges from 1.667 to 2.193. The WASPAS LPI of
the LS-13 was lowest (1.667) followed by LS-17 (1.685)
while LS-5 was found to have the highest performance
score (2.193). Moreover, the optimization of 4 value directly
impacts the performance of decision-making and along used
to develop a consensus among decision-makers.

Comparing the ranks of several LS generated
by various MCDM methods

A comparative study was performed for ranks of all LS by
the six selected MCDM techniques shown in Table 5. It was
found that almost all the MCDM techniques gave the first
rank to LS-13 whereas last to LS-5. It could be due to land-
fill leachate input criteria values of AR and LA being more
in the LS-13. It was also observed that LS-5 got the last rank
by all MCDM techniques while it got the fifth rank by the
traditional LPI technique. LS-7 got the twelfth rank by the
four techniques like WSM, TOPSIS, ARAS, and WASPAS.
It was observed that different LPI values were observed for
all selected LS. Tscheikner-Gratl et al. (2017) applied five
MCDM models such as WSM, AHP, ELECTRE, TOPSIS,
and PROMETHEE for ranking and obtained that the find-
ings of the various models were not similar. Moreover, the
author also revealed that employing more than one MCDM
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technique increases the reliability of the findings and allows
for consistency checking. In another study, the wastewater
treatment alternative ranking was investigated by Kalbar
et al. (2015) considering unequal and equal weights for all
criteria revealing different rankings for the alternatives.

Performance evaluation of m-LPI

In order to investigate, the best MCDM technique for the
development of m-LPI was evaluated by comparing their
MCDM LPI with the traditional LPI values using perfor-
mance evaluation techniques such as R?, RMSE, MAPE,
and IA (Table 6). According to the performance evalua-
tion techniques, WASPAS was the best-fitting among six
MCDM techniques (R2 =0.828, and IA =0.813), followed
by WASPAS > EDAS > TOPSIS > ARAS > WPM > WSM.
The best performance of WASPAS could be due to it being

Table 6 Performance evaluation for m-LPI

MCDM techniques R? RMSE MAPE 1A

WSM 0.799 24.521 97.940 0.897
WPM 0.796 17.731 58.801 0.314
TOPSIS 0.820 24.582 98.459 0.906
EDAS 0.832 24.422 97.882 0.885
ARAS 0.806 24.486 97.891 0.894
WASPAS 0.828 23.132 90.113 0.813
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one of the newest methods of the MCDM technique and is
increasingly used because of its high accuracy and short
calculation stages; moreover, its ability to produce an accu-
rate and unbiased solution. In addition, the optimization of
A value in WASPAS directly impacts the performance of
decision-making and along used to develop a consensus
among decision-makers. The method is useful for the com-
plete ranking of alternatives; however, it only takes into con-
sideration minimum and maximum values (Dehshiri et al.
2022; Firouzi et al. 2021). Xuan et al. (2022) revealed that
WASPAS was an efficient MCDM technique among others
to determine the most appropriate solar-hydrogen generation
region in Uzbek. In another study, Azbari et al. (2022) stated
that WASPAS was the best MCDM technique for finding the
best alternatives for wastewater reuse allocation alternatives
at provinces of Iran.

The WSPAS technique suggested that 90% of LS required
treatment whereas 10% of LS does not require treatment
(LS-13 and LS-17). Lower criteria values at the LS-13
(1.667) and LS-17 (1.685) were observed which are below
LS-21 permissible values (1.727). It could be due to the LA,
continuous aeration, and rainfall (Yadav et al. 2014; Somani
et al. 2019). WASPAS resulted in lower and higher ranks for
LS-13 and LS-5 (2.193). LS-5 was an active landfill cell,
and the leachate produced was an acetogenic phase (Mishra
et al. 2016). It could be an essential decision-making for
policymakers to determine the appropriate treatment of
landfill leachates and the ranking of LS. Overall, this study
could benefit researchers and scientists in terms of resource
allocation, standard enforcement, ranking of LS, treatment
requirements, and public information about the quality of
leachate for well solid waste leachate management.

Sensitivity analysis

Sensitivity analysis was conducted on basis of the Taylor
diagram for the WASPAS technique shown in Fig. 10. It was
used to assess the variability of the WASPAS LPI values and
ranking of LS as each criterion value was changed, one at a
time. The order of criteria sensitivity was found as Pb>TD
S>Cu>COD>Zn>Cl>pH. The least influencing criterion
found was pH (R=0.99). pH does not affect the ranking
and LPI values of LS in the acidic medium, basic medium,
and neutral medium. The most influencing criterion found
was Pb, which was a highly sensitive criterion because it
degraded differently than other heavy metals. Its concentra-
tions in leachate were primarily due to chemicals used for
photograph processing, disposal of batteries, pipes and lead-
based paints, etc. (Abunama et al. 2019).

Conclusions

This study described a novel approach of m-LPI for the
assessment of leachate pollution potential for twenty LS
across India with the help of MCDM techniques. The present
study considered nine input criteria for developing m-LPI
using MCDM techniques which were not explored previ-
ously. Among all, WASPAS was proved to be the best tech-
nique with R?>=0.828 and IA =0.813 for determining the
ranking and treatment requirement of leachate compared to
the traditional LPI method. However, WASPAS only takes
into consideration of minimum and maximum values of the
criteria. According to the study, 90% of the LS require lea-
chate treatment based on effectively selected criteria LA and
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AR for m-LPIL. The sensitivity analysis also revealed that the
pH was the least influencing criterion followed by Cl and
Zn. In the present study, only seven input criteria were con-
sidered due to the availability of limited data on LS across
India, which is one of the limitations that need to be consid-
ered for future investigations. Furthermore, criteria weights
were calculated with a questionnaire survey and normalized
fuzzy method; however, entropy methods can be explored
to avoid ambiguity during the survey. The findings of this
study will assist decision-makers in planning appropriate
corrective actions to avoid solid waste leachate pollution.
The m-LPI could help urban authorities and policymakers
in all the undeveloped and developing nations to decide
biomining activity and trend analysis of LS after closure of
land filling sites.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s11356-023-25178-3.

Acknowledgements The authors acknowledge the Department of Civil
Engineering, Sardar Vallabhbhai National Institute of Technology,
Surat, India, for providing support in carrying out the research work.

Author contribution Dharmasanam Ravi Teja has done literature sur-
vey to identify research gaps for this study. He developed methodology
for the research work and collected data. He prepared the manuscript
with data interpretation and statistical analysis. Padimala Shanmuka
Sai Kumar provided technical support in writing the manuscript along
with comments and revisions in the manuscript. Namrata Jariwala
provided resources and support for writing the manuscript along with
critical comments and revisions in the manuscript. All the authors have
read and approved the manuscript.

Data availability All data generated or analyzed during this study are
included in this published article (and its supplementary information
files).

Declarations

Ethical approval The manuscript has not been submitted to another
journal for simultaneous consideration.

Consent to participate All the authors mentioned in the manuscript
have agreed to authorship, and read and approved the manuscript.

Consent to publish All authors whose names appear on the submission
approved the version to be published.

Competing interests The authors declare no competing interests.

References

Abunama T, Othman F, Ansari M, El-Shafie A (2019) Leachate genera-
tion rate modeling using artificial intelligence algorithms aided by
input optimization method for an MSW landfill. Environ Sci Pollut
Res 26(4):3368-3381. https://doi.org/10.1007/s11356-018-3749-5

Abunama T, Moodley T, Abualqumboz M, Kumari S, Bux F (2021)
Variability of leachate quality and polluting potentials in light of

@ Springer

leachate pollution index (LPI)—a global perspective. Chemosphere
282:131119. https://doi.org/10.1016/j.chemosphere.2021.131119

Akras L, Vahvaselkéd M, Silvenius F, Seppéld J, Illvesniemi H (2022) A
multi-criteria decision-making framework and analysis of vegeta-
ble oils to produce bio-based plastics. Ind Crops Prod 188:115584.
https://doi.org/10.1016/j.indcrop.2022.115584

Anaokar G, Khambete A, Christian R (2018) Evaluation of a performance
index for municipal wastewater treatment plants using MCDM-TOP-
SIS. Int J Technol 9(4). https://doi.org/10.14716/ijtech.v9i4.102

Azbari KE, Ashofteh PS, Golfam P, Singh VP (2021) Optimal waste-
water allocation with the development of an SECA multi-criteria
decision-making method. J Clean Prod 321:129041. https://doi.
org/10.1016/j.jclepro.2021.129041

Azbari KE, Ashofteh PS, Golfam P, Loaiciga HA (2022) Ranking
of wastewater reuse allocation alternatives using a variance-
based weighted aggregated sum product assessment method.
Environ Dev Sustain 24(2):2497-2513. https://doi.org/10.1007/
510668-021-01543-5

Babcock LR Jr (1970) A combined pollution index for measurement
of total air pollution. J Air Pollut Control Assoc 20(10):653-659.
https://doi.org/10.1080/00022470.1970.10469453

Behzad M, Zolfani SH, Pamucar D, Behzad M (2020) A comparative
assessment of solid waste management performance in the Nor-
dic countries based on BWM-EDAS. J Clean Prod 266:122008.
https://doi.org/10.1016/j.jclepro.2020.122008

Bisht TS, Kumar D, Alappat BJ (2022a) Revised leachate pollution
index (r-LPI): a tool to quantify pollution potential of landfill lea-
chate. https://doi.org/10.21203/rs.3.rs-1256027/v2

Bisht TS, Kumar D, Alappat BJ (2022b) Selection of optimal aggre-
gation function for the revised leachate pollution index (r-LPI).
Environ Monit Assess 194(3):1-16. https://doi.org/10.1007/
s10661-022-0.9861-5

Bisht TS, Kumar D, Alappat BJ (2022c) Revised leachate pollution
index (r-LPI): a tool to quantify the contamination potential of
landfill leachate. Process Saf Environ Prot. https://doi.org/10.
1016/j.psep.2022.10.052

Bridgman PW (1992) Dimensional analysis. Yale University Process,
New Haven

Chen SJ, Hwang CL (1992) Fuzzy multiple attribute decision mak-
ing methods. In: Fuzzy multiple attribute decision making.
Springer, Berlin, Heidelberg, pp. 289-486. https://doi.org/10.
1007/978-3-642-46768-4_5

CPCB (2016) Solid waste management rules, 2016. Central Pollution
Control Board, India. https://cpcb.nic.in/uploads/MSW/SWM_
2016.pdf. Accessed on 09/05/2022

Dehshiri SSH, Firoozabadi B, Afshin H (2022) A new application of
multi-criteria decision making in identifying critical dust sources and
comparing three common receptor-based models. Sci Total Environ
808:152109. https://doi.org/10.1016/j.scitotenv.2021.152109

Feng X, Wei C, Liu Q (2018) EDAS method for extended hesitant
fuzzy linguistic multi-criteria decision making. Int J Fuzzy Syst
20(8):2470-2483. https://doi.org/10.1007/s40815-018-0504-5

Firouzi S, Allahyari MS, Isazadeh M, Nikkhah A, Van Haute S (2021)
Hybrid multi-criteria decision-making approach to select appro-
priate biomass resources for biofuel production. Sci Total Environ
770:144449. https://doi.org/10.1016/j.scitotenv.2020.144449

Fishburn PC, Murphy AH, Isaacs HH (1968) Sensitivity of deci-
sions to probability estimation errors: a reexamination. Oper Res
16(2):254-267. https://doi.org/10.1287/opre.16.2.254

Garcia-Garcia G (2022) Using multi-criteria decision making to opti-
mise solid waste management. Curr Opin Green Sustain Chem
100650. https://doi.org/10.1016/j.cogsc.2022.100650

Gautam P, Kumar S (2021) Characterisation of hazardous waste
landfill leachate and its reliance on landfill age and seasonal var-
iation: a statistical approach. J Environ Chem Eng 9(4):105496.
https://doi.org/10.1016/j.jece.2021.105496


https://doi.org/10.1007/s11356-023-25178-3
https://doi.org/10.1007/s11356-018-3749-5
https://doi.org/10.1016/j.chemosphere.2021.131119
https://doi.org/10.1016/j.indcrop.2022.115584
https://doi.org/10.14716/ijtech.v9i4.102
https://doi.org/10.1016/j.jclepro.2021.129041
https://doi.org/10.1016/j.jclepro.2021.129041
https://doi.org/10.1007/s10668-021-01543-5
https://doi.org/10.1007/s10668-021-01543-5
https://doi.org/10.1080/00022470.1970.10469453
https://doi.org/10.1016/j.jclepro.2020.122008
https://doi.org/10.21203/rs.3.rs-1256027/v2
https://doi.org/10.1007/s10661-022-0.9861-5
https://doi.org/10.1007/s10661-022-0.9861-5
https://doi.org/10.1016/j.psep.2022.10.052
https://doi.org/10.1016/j.psep.2022.10.052
https://doi.org/10.1007/978-3-642-46768-4_5
https://doi.org/10.1007/978-3-642-46768-4_5
https://cpcb.nic.in/uploads/MSW/SWM_2016.pdf
https://cpcb.nic.in/uploads/MSW/SWM_2016.pdf
https://doi.org/10.1016/j.scitotenv.2021.152109
https://doi.org/10.1007/s40815-018-0504-5
https://doi.org/10.1016/j.scitotenv.2020.144449
https://doi.org/10.1287/opre.16.2.254
https://doi.org/10.1016/j.cogsc.2022.100650
https://doi.org/10.1016/j.jece.2021.105496

Environmental Science and Pollution Research (2023) 30:41172-41186

41185

Ghenai C, Albawab M, Bettayeb M (2020) Sustainability indicators
for renewable energy systems using multi-criteria decision-
making model and extended SWARA/ARAS hybrid method.
Renew Energy 146:580-597. https://doi.org/10.1016/j.renene.
2019.06.157

Golfam P, Ashofteh PS, Loaiciga HA (2019a) Evaluation of the
VIKOR and FOWA multi-criteria decision-making methods
for climate-change adaptation of agricultural water supply.
Water Resour Manag 33(8):2867-2884. https://doi.org/10.1007/
$11269-019-02274-z

Golfam P, Ashofteh PS, Rajaee T, Chu X (2019b) Prioritiza-
tion of water allocation for adaptation to climate change
using multi-criteria decision making (MCDM). Water
Resour Manag 33(10):3401-3416. https://doi.org/10.1007/
$11269-019-02307-7

Golfam P, Ashofteh PS, Lodiciga HA (2021) Integration of Gray Sys-
tem Theory with AHP decision-making for wastewater reuse
decision-making. J Hazard Toxic Radioact Waste 25(3):04021019.
https://doi.org/10.1061/(ASCE)HZ.2153-5515.0000619

Goswami T, Ghosal S (2022) Understanding the suitability of two
MCDM techniques in mapping the groundwater potential zones
of semi-arid Bankura District in eastern India. Groundw Sustain
Dev 17:100727. https://doi.org/10.1016/j.gsd.2022.100727

Hendrych J, Hejralova R, Krouzek J, §paéek P, Sobek J (2019) Stabi-
lisation/solidification of landfill leachate concentrate and its resi-
due obtained by partial evaporation. Waste Manag 95:560-568.
https://doi.org/10.1016/j.wasman.2019.06.046

Hwang CL, Yoon K (1981) Methods for multiple attribute deci-
sion making. In: Multiple attribute decision making. Springer,
Berlin, Heidelberg, pp 58-191. https://doi.org/10.1007/
978-3-642-48318-9_3

Kalbar PP, Karmakar S, Asolekar SR (2015) Selection of wastewater treat-
ment alternative: significance of choosing MADM method. Environ
Eng Manag J (EEMJ) 14(5). https://doi.org/10.30638/eem;j.2015.111

Khambete AK, Christian RA (2014) Statistical analysis to identify the
main parameters to effecting WWQI of sewage treatment plant and
predicting BOD. Int J Res Eng Technol (IJRET) 3(01):186-195

Kumar D, Alappat BJ (2005) Analysis of leachate pollution index and
formulation of sub-leachate pollution indices. Waste Manag Res
23(3):230-239. https://doi.org/10.1177/0734242X 05054875

Lee HC, Chang CT (2018) Comparative analysis of MCDM methods
for ranking renewable energy sources in Taiwan. Renew Sustain
Energy Rev 92:883-896. https://doi.org/10.1016/j.rser.2018.05.007

Luo H, Cheng Y, He D, Yang EH (2019) Review of leaching behavior
of municipal solid waste incineration (MSWTI) ash. Sci Total Envi-
ron 668:90-103. https://doi.org/10.1016/].scitotenv.2019.03.004

Malakahmad A, Abualqumboz MS, Kutty SRM, Abunama TJ (2017)
Assessment of carbon footprint emissions and environmental con-
cerns of solid waste treatment and disposal techniques; case study
of Malaysia. Waste Manag 70:282-292. https://doi.org/10.1016/j.
wasman.2017.08.044

Miezah K, Obiri-Danso K, Kadar Z, Fei-Baffoe B, Mensah MY (2015)
Municipal solid waste characterization and quantification as a
measure towards effective waste management in Ghana. Waste
Manag 46:15-27. https://doi.org/10.1016/j.wasman.2015.09.009

Mishra AR, Rani P (2018) Interval-valued intuitionistic fuzzy WAS-
PAS method: application in reservoir flood control management
policy. Group Decis Negot 27(6):1047-1078. https://doi.org/10.
1007/s10726-018-9593-7

Mishra H, Rathod M, Karmakar S, Kumar R (2016) A framework for
assessment and characterisation of municipal solid waste land-
fill leachate: an application to the Turbhe landfill, Navi Mumbai,
India. Environ Monit Assess 188(6):1-23. https://doi.org/10.
1007/s10661-016-5356-6

Mishra AR, Mardani A, Rani P, Zavadskas EK (2020) A novel
EDAS approach on intuitionistic fuzzy set for assessment of

health-care waste disposal technology using new parametric
divergence measures. J Clean Prod 272:122807. https://doi.org/
10.1016/j.jclepro.2020.122807

Mor S, Negi P, Khaiwal R (2018) Assessment of groundwater pol-
lution by landfills in India using leachate pollution index and
estimation of error. Environ Nanotechnol Monit Manag 10:467—
476. https://doi.org/10.1016/j.enmm.2018.09.002

Mostafaeipour A, Dehshiri SJTH, Dehshiri SSH, Jahangiri M (2020)
Prioritization of potential locations for harnessing wind energy
to produce hydrogen in Afghanistan. Int J] Hydrogen Energy
45(58):33169-33184. https://doi.org/10.1016/j.ijhydene.2020.
09.135Get

Mulliner E, Malys N, Maliene V (2016) Comparative analysis of
MCDM methods for the assessment of sustainable housing
affordability. Omega 59:146-156. https://doi.org/10.1016/].
omega.2015.05.013

Orji IJ, U-Dominic CM, Okwara UK (2022) Exploring the determi-
nants in circular supply chain implementation in the Nigerian
manufacturing industry. Sustain Prod Consumpt 29:761-776.
https://doi.org/10.1016/j.spc.2021.11.023

Ott WR, Thorn GC (1976) Air pollution index systems in the United
States and Canada. J Air Pollut Control Assoc 26(5):460-470.
https://doi.org/10.1080/00022470.1976.10470272

Radwan M, Alalm MG, Eletriby H (2018) Optimization and modeling
of electro-Fenton process for treatment of phenolic wastewater
using nickel and sacrificial stainless-steel anodes. ] Water Pro-
cess Eng 22:155-162. https://doi.org/10.1016/jwpe.2018.02.003

Rajoo KS, Karam DS, Ismail A, Arifn A (2020) Evaluating the lea-
chate contamination impact of landflls and open dumpsites from
developing countries using the proposed Leachate Pollution Index
for Developing Countries (LPIDC). Environ Nanotechnol Monit
Manag 14:100372. https://doi.org/10.1016/j.enmm.2020.100372

Roozbahani A, Ebrahimi E, Banihabib ME (2018) A framework for
ground water management based on bayesian network and MCDM
techniques. Water Resour Manag 32(15):4985-5005. https://doi.
org/10.1007/s11269-018-2118-y

Saaty TL (1977) A scaling method for priorities in hierarchical struc-
tures. J] Math Psychol 15(3):234-281. https://doi.org/10.1016/
0022-2496(77)90033-5

Sadhya H, Mansoor Ahammed M, Shaikh IN (2022) Use of multi-
criteria decision-making techniques for selecting waste-to-energy
technologies. In: International Conference on Chemical, Bio
and Environmental Engineering. Springer, Cham, pp. 505-527.
https://doi.org/10.1007/978-3-030-96554-9_34

Sebastian RM, Kumar D, Alappat BJ (2019) Identifying appropriate
aggregation technique for incinerability index. Environ Progr
Sustain Energy 38(3):e13068. https://doi.org/10.1002/ep.13068

Sivalingam V, Kumar PG, Prabakaran R, Sun J, Velraj R, Kim SC
(2022) An automotive radiator with multi-walled carbon-based
nanofluids: a study on heat transfer optimization using MCDM
techniques. Case Stud Therm Eng 29:101724. https://doi.org/10.
1016/j.csite.2021.101724

Somani M, Datta M, Gupta SK, Sreekrishnan TR, Ramana GV (2019)
Comprehensive assessment of the leachate quality and its pol-
lution potential from six municipal waste dumpsites of India.
Bioresour Technol Rep 6:198-206. https://doi.org/10.1016/j.
biteb.2019.03.003

Sotoudeh-Anvari A (2022) The applications of MCDM methods in
COVID-19 pandemic: a state of the art review. Appl Soft Comput
109238. https://doi.org/10.1016/j.as0c.2022.109238

Taylor KE (2001) Summarizing multiple aspects of model performance
in a single diagram. J Geophys Res Atmos 106(D7):7183-7192.
https://doi.org/10.1029/2000JD9007 1

Torkayesh AE, Rajaeifar MA, Rostom M, Malmir B, Yazdani M, Suh
S, Heidrich O (2022) Integrating life cycle assessment and multi
criteria decision making for sustainable waste management: key

@ Springer


https://doi.org/10.1016/j.renene.2019.06.157
https://doi.org/10.1016/j.renene.2019.06.157
https://doi.org/10.1007/s11269-019-02274-z
https://doi.org/10.1007/s11269-019-02274-z
https://doi.org/10.1007/s11269-019-02307-7
https://doi.org/10.1007/s11269-019-02307-7
https://doi.org/10.1061/(ASCE)HZ.2153-5515.0000619
https://doi.org/10.1016/j.gsd.2022.100727
https://doi.org/10.1016/j.wasman.2019.06.046
https://doi.org/10.1007/978-3-642-48318-9_3
https://doi.org/10.1007/978-3-642-48318-9_3
https://doi.org/10.30638/eemj.2015.111
https://doi.org/10.1177/0734242X05054875
https://doi.org/10.1016/j.rser.2018.05.007
https://doi.org/10.1016/j.scitotenv.2019.03.004
https://doi.org/10.1016/j.wasman.2017.08.044
https://doi.org/10.1016/j.wasman.2017.08.044
https://doi.org/10.1016/j.wasman.2015.09.009
https://doi.org/10.1007/s10726-018-9593-7
https://doi.org/10.1007/s10726-018-9593-7
https://doi.org/10.1007/s10661-016-5356-6
https://doi.org/10.1007/s10661-016-5356-6
https://doi.org/10.1016/j.jclepro.2020.122807
https://doi.org/10.1016/j.jclepro.2020.122807
https://doi.org/10.1016/j.enmm.2018.09.002
https://doi.org/10.1016/j.ijhydene.2020.09.135Get
https://doi.org/10.1016/j.ijhydene.2020.09.135Get
https://doi.org/10.1016/j.omega.2015.05.013
https://doi.org/10.1016/j.omega.2015.05.013
https://doi.org/10.1016/j.spc.2021.11.023
https://doi.org/10.1080/00022470.1976.10470272
https://doi.org/10.1016/jwpe.2018.02.003
https://doi.org/10.1016/j.enmm.2020.100372
https://doi.org/10.1007/s11269-018-2118-y
https://doi.org/10.1007/s11269-018-2118-y
https://doi.org/10.1016/0022-2496(77)90033-5
https://doi.org/10.1016/0022-2496(77)90033-5
https://doi.org/10.1007/978-3-030-96554-9_34
https://doi.org/10.1002/ep.13068
https://doi.org/10.1016/j.csite.2021.101724
https://doi.org/10.1016/j.csite.2021.101724
https://doi.org/10.1016/j.biteb.2019.03.003
https://doi.org/10.1016/j.biteb.2019.03.003
https://doi.org/10.1016/j.asoc.2022.109238
https://doi.org/10.1029/2000JD90071

41186

Environmental Science and Pollution Research (2023) 30:41172-41186

issues and recommendations for future studies. Renew Sustain
Energy Rev 168:112819

Triantaphyllou E, Mann SH (1989) An examination of the effective-
ness of multi-dimensional decision-making methods: a decision-
making paradox. Decis Support Syst 5(3):303-312. https://doi.
org/10.1016/0167-9236(89)90037-7

Tscheikner-Gratl F, Egger P, Rauch W, Kleidorfer M (2017) Com-
parison of multi-criteria decision support methods for integrated
rehabilitation prioritization. Water 9(2):68. https://doi.org/10.
3390/w9020068

Wijekoon P, Koliyabandara PA, Cooray AT, Lam SS, Athapattu BC,
Vithanage M (2022) Progress and prospects in mitigation of
landfill leachate pollution: Risk, pollution potential, treatment
and challenges. J Hazard Mater 421:126627. https://doi.org/10.
1016/j.jhazmat.2021.126627

Xuan HA, Trinh VYV, Techato K, Phoungthong K (2022) Use of hybrid
MCDM methods for site location of solar-powered hydrogen
production plants in Uzbekistan. Sustain Energy Technol Assess
52:101979. https://doi.org/10.1016/j.seta.2022.101979

Yadav SM, Reddythota D, Anjaneyulu Y (2014) Application of lea-
chate pollution indices for assessment of the leachate pollution
potential of landfills (a case study of an unlined landfill with lime
sludge and fly ash). Int J Environ Waste Manag 13(2):146-159.
https://doi.org/10.1504/LJEWM.2014.059611

@ Springer

Zavadskas EK, Turskis Z (2010) A new additive ratio assessment
(ARAS) method in multicriteria decision-making. Technol Econ
Dev Econ 16(2):159-172. https://doi.org/10.3846/tede.2010.10

Zavadskas EK, Turskis Z, Antucheviciene J, Zakarevicius A (2012)
Optimization of weighted aggregated sum product assessment.
Elektronika Ir Elektrotechnika 122(6):3—6. https://doi.org/10.
5755/j01.eee.122.6.1810

Zohoori M, Ghani A (2017) Municipal solid waste management chal-
lenges and problems for cities in low-income and developing
countries. Int J Sci Eng Appl 6(2):39-48

Publisher's note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.


https://doi.org/10.1016/0167-9236(89)90037-7
https://doi.org/10.1016/0167-9236(89)90037-7
https://doi.org/10.3390/w9020068
https://doi.org/10.3390/w9020068
https://doi.org/10.1016/j.jhazmat.2021.126627
https://doi.org/10.1016/j.jhazmat.2021.126627
https://doi.org/10.1016/j.seta.2022.101979
https://doi.org/10.1504/IJEWM.2014.059611
https://doi.org/10.3846/tede.2010.10
https://doi.org/10.5755/j01.eee.122.6.1810
https://doi.org/10.5755/j01.eee.122.6.1810

	Application of multi-criteria decision-making techniques to develop modify-leachate pollution index
	Abstract
	Introduction
	Methodology
	Study area and data acquisition
	Weights assigned to the input criteria
	MCDM techniques
	Simple additive weighting (SAW)
	Weighted product method (WPM)
	Technique for order preference by similarity to ideal solution (TOPSIS)
	Additive ratio assessment (ARAS)
	Evaluation based on distance from average solution (EDAS)
	Weighted aggregated sum product assessment (WASPAS)

	Leachate pollution index
	Performance evaluation

	Results and discussion
	Weights assigned to the input criteria
	Correlations between input criteria
	MCDM techniques
	SAW
	WPM
	TOPSIS
	EDAS
	WASPAS

	Comparing the ranks of several LS generated by various MCDM methods
	Performance evaluation of m-LPI
	Sensitivity analysis

	Conclusions
	Acknowledgements 
	References


