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1|Introduction    

Liquefaction of soil is a crucial and intriguing subject in geotechnical-earthquake engineering, known for its 

complexity. It explains a process where dynamic forces such as blast loads, seismic vibrations, or sudden 
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Abstract 

Liquefaction of soil exposes buildings, bridges, and other vital infrastructure to structural failure, subsidence, and loss 

of bearing capacity during earthquakes. It can endanger safety and result in significant financial losses in seismically 

active areas. The objective of the present study is to identify the key factors influencing soil liquefaction is essential 

to improving the precision of risk assessment and mitigation plans in seismically active regions. An abrupt increase 

in pore water pressure leads to a significant fall in effective stress, which in turn causes a significant drop in shear 

strength. Soil liquefies, losing its ability to bear shear stresses and behaves as a fluid. To identify the key factors 

influencing soil liquefaction, an integrated Multi-Criteria Decision Making (MCDM) technique FUCOM-SVNN 

TOPSIS (Full Consistency Method (FUCOM), Single Valued Neutrosophic Number (SVNN), and Technique for 

Order of Preference by Similarity to Ideal Solution (TOPSIS)) has been developed. The study meticulously selects 

three key criteria and nine alternatives influenced by extensive literature review. Employing the FUCOM for 

establishing weights of criteria. FUCOM indicates that 'Seismic' is the most significant criteria. SVNN-TOPSIS 

applied for degerming the rank of alternatives. The results of SVNN-TOPSIS indicate that 'Peak Ground 

Acceleration' plays the crucial role in determining liquefaction potential. Validation of the proposed model by 

comparative study, statistical and sensitivity analysis, this methodology addresses the inherent uncertainties and 

interdependencies among various parameters, thereby enhancing the decision-making process related to seismic 

hazards.  
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external pressure cause loose, saturated, or partially saturated cohesionless soils to lose their stiffness and 

shear strength. This phenomenon results in an accumulation of pore water pressure due to undrained 

shearing, which lowers effective stress and drastically reduces shear strength. Because of this, the soil acts like 

a viscous liquid, which frequently causes heavier structures to sink and lighter ones to rise. The impacts of 

liquefaction can be catastrophic, including the formation of sand boils—where liquefied sand and water are 

expelled to the surface due to intense shaking—and structural failures. Additionally, land instability, such as 

sudden ground subsidence, is another severe consequence of this phenomenon. Several earthquakes have 

demonstrated the significant impact of soil liquefaction, including the Japan's 1964 Niigata earthquake (Mw 

7.5) [1], The 1964 earthquake in Alaska (Mw 9.2) [2], the 1989 earthquake in the United States at Loma Prieta 

(Mw 6.9) [3], the 1995 Kobe earthquake in Japan (Mw 6.9) [4], the 1999 Chi-Chi earthquake in Taiwan (Mw 

7.6) [5], and the 2001 Bhuj earthquake in India (Mw 7.7) [6]. 

In seismic zones, estimating the potential for liquefaction of soil layers beneath buildings and structures and 

determining treatment options for loose cohesionless soils necessitates sound engineering judgment [7]. In 

recent years, some researchers have developed cutting-edge semi-empirical processes [8] for evaluating soil 

liquefaction. The simplicity of field research makes it a common method of engineering evaluation. However, 

the variability in the input parameters related to soil and earthquake characteristics, and correlations only 

sometimes provide accurate findings. Recognizing uncertainties and their magnitude, as well as the sensitivity 

of analysis findings to changes in input parameters and technique utilized, can assist in selecting these variables 

and obtaining more trustworthy results. 

Liquefaction is a critical concern in geotechnical earthquake engineering, recognized for its potential to cause 

significant damage. Numerous researchers have explored empirical methodologies to assess liquefaction 

potential triggered by various earthquake magnitudes. Andrus and Stokoe [7] applied a method involving 

shear wave velocity to examine liquefaction resistance, using data collected from 26 earthquakes, primarily in 

regions with alluvial soils containing silty clay layers. Youd et al. [8] proposed a streamlined approach that 

utilized parameters such as SPT, CPT, and shear wave velocity to predict liquefaction resistance. Cetin et al. 

[9] enhanced the field case history database and employed probabilistic techniques like Bayesian updating to 

identify correlations for liquefaction triggering. Sitharam et al. [10] combined laboratory and in-field 

assessments to study dynamic soil behavior under varying strain levels. Moss et al. [11] developed a 

methodology integrating probabilistic and deterministic approaches for liquefaction potential using CPT data, 

incorporating Bayesian regression for applications in performance-based engineering. Idriss and Boulanger 

[12] focused on semi-empirical methods for evaluating liquefaction in saturated cohesionless soils, drawing 

on extensive databases of SPT and CPT case histories. Later, Boulanger et al. [13] updated and refined the 

SPT-based liquefaction case history database, improving criteria using advanced seismic parameters like 

moment magnitudes and peak ground accelerations. Bhattacharya et al. [14] established semi-empirical 

correlations between SPT N-values and shear wave velocity specific to Kolkata’s Rajarhat area, analyzing 

liquefaction potential through safety factor calculations. Mhaske and Choudhury [15] created a GIS-GPS soil 

property map of Mumbai, identifying high clay content areas prone to liquefaction. Chatterjee and Choudhury 

[16] developed empirical relationships between SPT N-values and shear wave velocity for Kolkata’s varied 

soils, such as clay, silt, and silty sand, highlighting potential risks. Jakka et al. [17] computed safety factors for 

liquefaction at different depths in Kolkata, finding vulnerability in specific regions during a maximum credible 

earthquake of magnitude 5.4. Choudhury et al. [18] performed seismic liquefaction hazard analyses for pile 

designs in Mumbai, observing notable liquefaction potential in highly plastic clay soils. Desai and Choudhury 

[19] conducted ground response studies tailored for critical infrastructure, including ports and nuclear facilities 

in Mumbai. The Indian Standard Code IS 1893: Part 1 [20] offers a simplified guideline for evaluating 

liquefaction potential using SPT, CPT, and shear wave velocity. Sharma and Cheita [21] assessed liquefaction 

susceptibility in Guwahati by analyzing corrected SPT N-values through deterministic and probabilistic 

methods, noting soil compositions comparable to Kolkata's.Phule and Choudhury [22] mapped cyclic 

mobility in Mumbai’s clayey soils using GIS tools, creating zonation maps for seismic liquefaction hazards. 

Chatterjee and Choudhury [23] performed ground response analyses in Kolkata to study local soil influences 
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on seismic behavior, emphasizing mitigation strategies against liquefaction. Nath et al. [24] examined historical 

and deterministic scenarios in Kolkata, referencing major earthquakes like the 1897 Shillong and 1934 Bihar-

Nepal events, and concluded the city’s soil properties favored liquefaction. Rao and Choudhury [25] assessed 

seismic risks for nuclear power plants, highlighting significant risks from high-magnitude earthquakes. 

Farichah [26] compared deterministic methods for liquefaction assessment in Taiwan, finding Cetin et al. [9] 

provided conservative estimates. Javdanian [27] introduced a novel approach using strain energy and 

gravitational search algorithms for liquefaction evaluation, demonstrating accurate predictions of vulnerable 

areas. Jha et al. [28] employed deterministic and probabilistic methods to assess liquefaction susceptibility, 

showing variability from low to high risk based on safety factors and liquefaction potential indices. Bandaru 

and Godavarthi [29] produced a preliminary liquefaction severity map for Andhra Pradesh. Singbal et al. [30] 

analyzed liquefaction using FOS at Mundra Port, India, employing CPT and DPT data. Rao and Choudhury 

[31] concentrated on probabilistic earthquake prediction and site analysis for a nuclear facility in Haryana. 

Sinha and Sarkar [32], [33] performed seismic hazard evaluations for Dhanbad, utilizing both deterministic 

and probabilistic approaches. Rao and Choudhury [34] analyzed seismic hazards in northwestern Haryana, 

utilizing deterministic techniques to quantify risks. These studies collectively underscore the importance of 

tailored, region-specific approaches to evaluating and mitigating liquefaction hazards. The First-Order 

Second-Moment (FOSM) approach was applied by Singnar and Sil [35] to assess Guwahati city's susceptibility 

to liquefaction. Das et al. [36] created LPI maps that took earthquake magnitudes into account for Agartala 

city. Ben-Zeev et al. [37] proposed a perspectives on the possibility of soil liquefaction under drained 

conditions, even at minimal seismic-energy density levels, shedding light on far-field liquefaction incidents 

that were not fully explained before. Hu and Wang [38] examined how data quality influences the effectiveness 

of machine learning models in assessing the liquefaction potential of gravelly soils. Additionally, uncertainties 

remain present in the data. 

Other than this different researcher has been done different research on the key factors influencing soil 

liquefaction. Although numerous studies have explored the impact of various factors on liquefaction, limited 

attention has been given to systematically identifying the most significant ones. Seed and Idriss [39] 

highlighted five critical factors for predicting soil liquefaction: Soil Type (ST), relative density or void ratio, 

initial confining pressure, and the intensity and duration of ground shaking. Zhu [40] employed a Bayesian 

regression method to identify eight critical factors out of 15, which included normalized standard penetration 

blow count (SPTN), the groundwater table (Dw), critical layer depth (Ds), particle size (D50), impermeable 

capping layer thickness (Hn), nonuniformity coefficient (Cu), critical layer thickness (Ts), and frequency of the 

largest particle size. Dalvi et al. [41], using techniques like the Analytic Hierarchy Process (AHP) and entropy 

analysis, pinpointed eight essential factors—Mw, PGA, Peak Ground Velocity (PGV), frequency (f), 

normalized SPTN, vertical effective stress (𝜎′𝑉), dynamic shear modulus, and relative density (Dr) from a 

total of 16. Tang et al. [42] expanded this work by identifying 12 significant factors out of 22 through 

bibliometric analysis, encompassing nearly all critical factors mentioned in prior research. Meanwhile, Lee and 

Hsiung [43] employed a multilayer perceptron neural network to evaluate factor sensitivities, finding that 

PGA was the most influential, with earthquake parameters like Mw and PGA being more sensitive to 

liquefaction than soil properties such as SPTN and Fines Content (FC). However, the conclusions across 

studies vary, with some methods, like the AHP and bibliometric analysis, being criticized for their subjectivity, 

which can introduce bias due to reliance on experience or sampling. On the other hand, more objective 

approaches, such as regression and neural network models, often neglect the interdependencies and mediation 

effects between factors, leading to less accurate assessments of their contributions to liquefaction. This 

limitation impacts the reliability of key factor identification and their true influence on liquefaction potential. 

1.1|Research Gap 

A fundamental aspect of geotechnical earthquake engineering is comprehending how soil and foundation 

systems behave under dynamic loading circumstances, especially when dealing with crucial phenomena like 

liquefaction. Liquefaction, with its devastating impacts, necessitates accurate prediction and mitigation 
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strategies to safeguard infrastructure and human lives. While numerous methodologies—both deterministic 

and probabilistic—have been developed to evaluate the liquefaction potential of urban regions, these 

approaches often rely on simplified models. Deterministic methods typically focus on predefined parameters 

or threshold values, whereas probabilistic approaches aim to incorporate variability and uncertainties in soil 

properties and seismic inputs. Despite their widespread use, these methodologies frequently fall short of 

capturing the intricate interactions between a multitude of factors influencing soil behavior during seismic 

events. For instance, the effects of soil stratigraphy, grain size distribution, groundwater table fluctuations, 

epicentral distance and interaction between corrected SPT count with shear wave velocity are often 

oversimplified or overlooked entirely. Furthermore, the inherent complexity of urban soils, characterized by 

heterogeneity and a wide range of geotechnical properties, adds another layer of challenge to accurate 

liquefaction potential assessment. The interaction between these geotechnical parameters, environmental 

conditions, and site-specific seismic demands requires a more comprehensive and integrative evaluation 

framework. Thus, the existing research highlights a significant gap in developing robust, holistic 

methodologies that can seamlessly incorporate the interplay of influential factors into a unified model for 

assessing liquefaction potential. Addressing this gap is essential for improving predictive accuracy, refining 

mitigation strategies, and enhancing the resilience of urban infrastructure to seismic hazards.  

1.2|Objective 

The objective of the research is to identify the influential parameters to assess the soil liquefaction. By 

identifying and ranking the critical factors influencing liquefaction potential, the study provides a robust 

framework for assessing seismic hazards and prioritizing mitigation strategies. A critical need in geotechnical 

earthquake engineering is to identify and rank the influential parameters for assessing soil liquefaction. There 

is a complex interplay between soil stratigraphy, grain size distribution, fluctuations in the groundwater table, 

corrected SPT count, and shear wave velocity when evaluating liquefaction, a phenomenon with devastating 

impacts on infrastructure and safety. Although widely used, existing methodologies often oversimplify these 

interactions or overlook critical parameters, leading to a lack of predictive accuracy. Geotechnical assessments 

of urban soils are further complicated by their inherent heterogeneity and diverse geotechnical properties. As 

a result of systematically identifying and prioritizing the factors that influence liquefaction potential, this study 

provides a more accurate assessment of seismic hazards. Through this approach, not only can the accuracy 

of seismic predictions be enhanced, but also targeted mitigation strategies can be developed, which ultimately 

enhances the resilience of urban infrastructure to seismic events. 

The objective of the research is to identify the rank of alternatives by a new hybrid fuzzy based MCDM 

approach. With the introduction of fuzzy sets in 1965, Zadeh [44] made a substantial contribution to deal 

with uncertainty. Since then, numerous variations of fuzzy sets have emerged, all building on the core idea of 

fuzzy membership. For example, Torra's Hesitant Fuzzy Sets (HFSs) [45] allow for multiple membership 

degrees, while Intuitionistic Fuzzy Sets (IFSs) [46] incorporate both membership and non-membership 

degrees. Further extending IFSs [46], Atanassov and Gargov [47] developed interval-valued IFSs (IVIFSs) to 

better capture uncertainty with intervals rather than fixed values.  Yager [48] developed the genertalised q-

Rung Orthopair Fuzzy Set (q-ROFS) as an extension of fuzzy set that aimed to handle complex uncertainty 

and ambiguity in data. Pawlak [49] developed the rough set for dealing with uncertainty and incomplete 

information. Smarandache [50] developed the Neutrosophic Sets (NSs) to deal with uncertainty and 

indeterminacyby considering truth, indeterminacy, and falsity as independent components. However, due to 

the challenges in practical application and adoption of NSs, Wang et al. [51] proposed the Single Valued NSs 

(SVNSs), which offer greater practicality and flexibility. SVNSs [52] have proven effective in various domains, 

making them a valuable tool for handling complex data. 

SVNNs [52] offer advantages in handling a broader range of uncertainties by explicitly representing 

indeterminacy, providing a simpler and more flexible approach to modeling uncertainty, and facilitating easier 

integration with other systems. Extensions of fuzzy sets such as IVIFSs [53], while flexible in handling 

intervals of membership and non-membership, do not address indeterminacy directly and may be more 
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complex to interpret and apply in situations involving high levels of indeterminacy. While q-ROFSs [48] 

provide detailed and granular information, their complexity and focus on membership and non-membership 

may make them less flexible in dealing with indeterminacy compared to SVNNs [51]. In contrast, rough set 

[49] excels in dealing with approximations and boundaries but do not address indeterminacy as explicitly or 

flexibly with respect to SVNNs [51]. 

The study relates neutrosophic principles to Zoroastrianism by relating neutrosophic notions of neutrality 

and indeterminacy with Zoroastrian dualism and moral beliefs. Most contemporary research focuses on binary 

opposites, such good and evil, often overlooking the nuances that lie in between. This study bridges the gap 

and offers a nuanced perspective on the interaction of opposites in Zoroastrianism by examining these 

conceptual uncertainties utilizing neutrosophic frameworks [54]. The implementation challenges of carbon 

credits, including funding, policy frameworks, and capacity building, have been examined in previous studies. 

A multi-criteria framework to rank these aspects according to their criticality is absent from these 

investigations, nevertheless. By using the IVSF-SWARA method to prioritize important elements and offer 

African countries practical insights, this study fills the gap and improves the application of carbon credits 

[55]. Although Linear Programming (LP) is frequently utilized in operations research for practical 

applications, decision-makers frequently encounter difficulties in achieving optimal solutions because of 

complexity and ambiguity. Neutosophic set theory has been presented as a method to deal with contradictory 

and ambiguous choice information in order to address these problems. Triangular Neutrosophic Numbers 

(TNNs) and other Neutrosophic Multi-Objective Linear Programming (NMOLP) issues are extremely 

difficult to solve. In order to close the gap in previous research, this paper suggests a novel method for solving 

NMOLP problems by converting them into equivalent crisp LP problems using a linear membership function 

[56]. The approximation of NSs and their relations to rough sets is one of the major additions to the existing 

research on rough set theory that has examined the usage of NSs to handle uncertainty. Fermatean 

Neutrosophic Sets (FNS) and Fermatean Neutrosophic Rough Sets (FNRS), as well as algebraic 

characteristics and approximation operators, have been proposed in recent works. By defining new Fermatean 

Neutrosophic Rough Approximation operators and examining their properties, this study seeks to fill the 

knowledge gap regarding the properties and applications of FNRS, specifically their cut sets and 

approximation operators [57]. In order to handle uncertainty, indeterminacy, and truth values in practical 

issues, previous research has concentrated on extending classical algebraic structures, such as G-modules, into 

the neutrosophic domain. Fuzzy and intuitionistic fuzzy G-modules, as well as neutrosophic G-modules and 

their characteristics, have been studied. Nevertheless, r-neutrosophic subsets of G-submodules, a particular 

class of NSs, and its algebraic properties are not well studied. By investigating the algebra of r-neutrosophic 

subsets of G-submodules, including their sum and structural features, this paper seeks to close that gap [58]. 

The use of Multi-Criteria Decision Analysis (MCDA) techniques, such as TOPSIS and OWA, to assess 

intricate decision-making situations, including judicial data protection, is highlighted in the literature. These 

approaches have been effectively used to deal with ambiguity and uncertainty in a variety of sectors, but they 

are limited in situations where subjective and unpredictable elements predominate. By presenting a 

neutrosophic-based TOPSIS-OWA framework to more accurately evaluate data protection tactics for 

procedural fairness in legal systems, this study closes this gap. The suggested approach improves decision-

making in the face of ambiguity and captures the subtleties of indeterminacy, providing insightful information 

for enhancing judicial data protection [59]. Several limitations have been noted in previous studies on 

neutrosophic AHP group decision-making, especially with regard to the inability to preserve the reciprocal 

property of the neutrosophic trapezoidal pairwise comparison matrix. In order to overcome these limitations, 

this work suggests an enhanced neutrosophic AHP model that makes use of neutrosophic trapezoidal 

numbers. A thorough investigation demonstrates that the updated model outperforms the original approach 

in terms of accuracy and consistency. The study offers a more dependable method for complicated multi-

criteria decision-making situations, which helps to improve decision-making in neutrosophic contexts [60]. 

Numerous extensions of fuzzy and neutrosophic graph theory have been investigated in order to represent 

indeterminacy and uncertainty in complex systems, including fuzzy mixed graphs and neutrosophic graphs. 

Nevertheless, in situations when indeterminacy is essential in both directed and undirected relationships, these 
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models frequently fall short. By adding truth, falsehood, and indeterminacy values to edge interactions, this 

study builds on earlier models to present the idea of Inverse Neutrosophic Mixed Graphs (INMG). The 

suggested INMG model offers a more sophisticated framework for network modeling in uncertain real-world 

scenarios, bringing fresh perspectives and potential uses, especially in social networks [61]. Data Envelopment 

Analysis (DEA) research has developed to deal with uncertainty, particularly through the use of fuzzy DEA 

and Neutrosophic DEA (Neu-DEA) models, which use fuzzy or neutrosophic numbers to assess Decision-

Making Units (DMUs). Although these models enhance performance evaluation in unpredictable settings, 

there is still a need to use Pentagonal Neutrosophic Numbers (PNNs) to handle complicated degrees of 

uncertainty. By developing a new Pentagonal Neu-DEA model, adding PNNs to the inputs and outputs, and 

suggesting a new ranking function to transform the model into a clear LP model for more precise DMU 

performance measurement, this study closes this gap [62]. It has long been known that tourism may spur 

economic progress in developing nations by increasing competitiveness and implementing focused initiatives. 

Global crises, fierce competition, and substantial environmental changes, however, call for creative and 

flexible approaches to strategy selection. Traditional techniques, such as scenario-based planning and 

thorough analysis, find it difficult to handle the complexity and unpredictability of setting priorities for 

tourism strategy. By combining the Antifragility Analysis Algorithm (AAA) with NSs, this study fills the gap 

and makes it possible to evaluate strategies effectively in the face of uncertainty. By using this innovative 

method in the western part of Iran's Mazandaran Province, the study finds and ranks antifragile tourist tactics, 

providing a framework for optimizing gains in uncertain settings [63].  In mathematical programming, 

stochastic Multi-Objective Linear Programming (MOLP) problems—which frequently involve fluctuating 

coefficients and probabilistic constraints—are essential for simulating real-world uncertainty. Numerous 

approaches, including fuzzy sets, goal programming, and probabilistic approaches, are explored in existing 

research; nevertheless, these approaches have shortcomings when it comes to handling ambiguity and 

vagueness in data. Recent developments, such as the addition of NSs, integrate uncertainty through 

membership, non-membership, and indeterminacy functions, improving flexibility and realism. By creating a 

fuzzy goal programming framework in a neutrosophic setting, this study fills the gap and offers a more reliable 

and flexible approach to solving probabilistic MOLP problems under uncertainty [64]. In order to deal with 

uncertainty, current medical diagnosis techniques rely on fuzzy and intuitionistic fuzzy sets, however they are 

unable to manage inconsistent and ambiguous data. A strong framework for handling such complications is 

offered by neutrophilic sets, which are a generalization of fuzzy ideas and allow for increased diagnostic 

accuracy. Although previous research has introduced a number of measures, their actual medical applications 

frequently lack clarity and precision. By introducing a novel tan-log distance measure for single-valued NSs, 

this study fills the gap and provides a more accurate and efficient way to diagnose diseases while resolving 

the uncertainties present in existing techniques [65]. A major step forward in tackling performance assessment 

issues in settings with high data ambiguity and uncertainty is the combination of NSs and DEA. By adding 

three different membership degrees, Neu-DEA expands on traditional DEA and provides a more 

sophisticated framework for making decisions in unpredictable situations. Despite significant advancements 

in theoretical models and solution approaches for Neu-DEA, the application of these models to actual 

performance evaluation situations is still largely unexplored. By performing an extensive assessment of the 

Neu-DEA literature and identifying trends, limits, and future research opportunities to improve its 

applicability and efficacy in real-world scenarios, this study fills this crucial information vacuum [66]. Previous 

studies have highlighted the shortcomings of conventional statistical and fuzzy logic-based models in handling 

the intricacy and unpredictability of time series forecasting, especially their incapacity to account for data 

indeterminacy. Even while developments like meta-heuristic algorithms and generalized fuzzy sets have 

enhanced predictive power, reaching ideal accuracy still presents difficulties. By combining sophisticated 

optimization algorithms like QOA, GA, and PSO with neutrosophic logic—which includes true, false, and 

indeterminate components—this study fills the gap. The suggested NTS-QOA model advances the field with 

useful, accurate solutions by improving the representation of uncertainty and automating parameter selection, 

resulting in higher forecasting accuracy across a variety of datasets [67]. The limitations of conventional Multi-

Attribute Decision-Making (MADM) techniques have been brought to light by the increasing complexity of 
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decision-making under uncertainty, especially when it comes to handling incomplete and ambiguous 

information. By combining Neutrosophic Triplets (NTs) with machine learning, this study fills these gaps and 

improves judgment accuracy, computational economy, and adaptability. By using this sophisticated 

framework for sustainable supplier selection, the study closes a significant gap in current approaches and 

offers a reliable way to assess options in challenging, unpredictable situations [68]. The majority of the current 

image completeness research focuses on techniques for restoring damaged areas by identifying the best data 

to substitute the absent portions while preserving visual coherence. These techniques, however, have 

problems with spatial and intensity ambiguities, which can result in problems such boundary discontinuities 

and inadequate homogeneity preservation. To overcome these obstacles, this paper suggests a novel method 

that uses neutrosophic-based segmentation. The approach improves patch matching for hole filling by 

lowering spatial and intensity ambiguities, providing better performance metrics than earlier methods. This 

study bridges the gap by using neutrosophic segmentation to provide more visually consistent and accurate 

image restoration [69]. 

The objective of the research is to identify the rank of alternatives by a new hybrid MCDM approach, namely, 

Full Consistency Method (FUCOM) [70] SVNN Technique for Order of Preference by Similarity to Ideal 

Solution (TOPSIS) [70] i.e. FUCOM-SVNN TOPSIS strategy. Identifying influential parameters for 

evaluating soil liquefaction is indeed crucial due to the uncertainties and the multitude of parameters involved. 

In this current investigation, the TOPSIS approach is employed to determine the optimal choice, guided by 

the principles outlined in the primary reference [71]. The TrF-FOCUM oversees the assignment of criteria 

weights, aiding in this decision-making process [72]. The decision to utilize TOPSIS in this study is based on 

its user-friendly nature and adaptability to address both qualitative and quantitative considerations. This 

methodology enhances the reliability of ranking outcomes by evaluating each option in terms of both its best 

and worst results. TOPSIS proves to be a versatile choice for material selection scenarios where the interaction 

between performance and cost is significant, as it accommodates cost-beneficial parameters. Despite 

extensive exploration of fuzzy and intuitionistic fuzzy Multiple Attribute Decision Making (MADM) 

problems by scholars, the integration of uncertainty into the model formulation remains a focal point. 

Recognizing the pivotal role of ambiguity in MADM challenges, the adoption of NSs becomes imperative to 

tackle complexities arising from uncertainty, indeterminacy, and inconsistency within the MADM 

methodology. While previous research has predominantly addressed fuzzy and intuitionistic fuzzy MADM 

challenges, the inclusion of indeterminacy within the MADM domain is considered essential. Biswas et al. 

[73–75] presented the TOPSIS strategy in the SVNN environment. Several neutrosophic-TOPSIS strategies   

have been developed to determine the ranking of alternatives, recognizing the need to address uncertainties, 

indeterminacies, and inconsistencies inherent in MADM difficulties in various neutrosophic environments 

like neutrosophic soft expert environment [76], rough neutrosophic environment [77], refined neutrosophic 

environment [78], bi-polar neutrosophic environment [79], neutrosophic cubic environment [80], trapezoidal 

neutrosophic numbers environment [81], neutrosophic number setting [82]. In 2023, Pramanik et al. [83], 

formulated the Best-Worst Method (BWM) TOPSIS strategy, specifically tailored for the SVNN 

environment. In 2024, Debroy et al. [83] presented triangular fuzzy BWM-neutrosophic-TOPSIS strategy 

under SVNS environment to select the most effective water quality parameter of aquaponic system. Rezaei 

[84] developed the BWM method to address certain limitations of the AHP [85]. Unlike AHP, BWM 

necessitates only 2n–3 pairwise comparisons, resulting in greater model consistency. Its flexibility extends 

beyond the constraint of comparing up to nine criteria, given the reduced number of required comparisons. 

The inclusion of vectors like best-to-others as well as others-to-worst enhances the reliability of BWM results 

compared to AHP [85], which heavily relies on pairwise comparisons. However, BWM encounters challenges 

in determining appropriate weight coefficient values when faced with significant fluctuations affecting the 

consistency degree. It is advised in these situations to compute interval values as well as use the mean of these 

intervals as the final weight coefficient [85]. It is noteworthy that the central portion of the interval may or 

may not encompass values corresponding to the optimal weight coefficients, and interval weight values might 

not accurately represent optimal weights in cases of common inconsistency [86]. 
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Various models have been proposed for determining criteria weights, with one notable example being the 

FUCOM [70] introduced by Pamučar et al. The FUCOM addresses deficiencies in both BWM and AHP 

models by facilitating pairwise comparisons of criteria with a manageable number of comparisons (precisely 

n – 1 comparisons). The FUCOM incorporates the decision-maker's subjective preferences into criteria 

weight determination, particularly in the initial steps involving criteria rating and pairwise comparisons. 

Despite its efficacy, the FUCOM exhibits modest variances in criteria weight values [35]. Importantly, it 

resolves the issue of repeated pairwise comparisons of criteria, as emphasized by Božanić et al. [87], Božanić 

et al. [88], and Durmić et al. [89]. 

The FUCOM approach is suggested for the purpose of calculating criteria weights since it emphasises 

maintaining consistency in expert judgements, ensuring legitimate and correct outputs in a straightforward 

and less computationally intensive way. However, because of its mathematical complexity, BWM is efficient 

but requires advanced tools; Ordinal Priority Approach (OPA) [57] can be computationally demanding 

because it depends on optimal pairwise comparisons; and Defining Interrelationships Between Ranked 

criteria (DIBR) [90] is highly complex and resource-intensive even though it accounts for interdependence 

among criteria. In contrast, Level Based Weight Assessment (LBWA)'s hierarchical structure [91] can be 

subjective and complex. 

By computing the consistency index, which guarantees logical coherence in the pairwise comparisons of 

criteria weights, the FUCOM consistency in assessing the seismic parameter, site condition, and soil parameter 

the three liquefaction parameters are confirmed. By balancing accuracy and dependability, the approach 

checks to see if the ratios between the allocated weights meet predetermined consistency requirements. The 

chosen parameters in this study have consistency index values that stay within reasonable bounds, indicating 

that the weight allocations appropriately represent their relative importance. FUCOM's ability to generate 

accurate and consistent results that are specific to the assessment of soil liquefaction factors is guaranteed by 

this validation procedure.  

By resolving the inherent uncertainties and complexities associated with nine essential parameters, such as 

Earthquake Magnitude, Ground Water Table, and Soil Plasticity, the SVNN-TOPSIS algorithm is modified 

to assess the liquefaction potential of soil. The uncertainty in the decision matrix is represented by Single-

Valued Neutrosophic Numbers (SVNNs), which include degrees of truth, indeterminacy, and falsity for each 

parameter in question. The algorithm determines the separation measures from both the ideal and anti-ideal 

solutions using the weights obtained from FUCOM for the main criteria Seismic Parameter, Site Condition, 

and Soil Parameter ensuring a strong prioritization procedure. The methodology notably takes into account 

the geotechnical and seismic features of a location that is highly susceptible to liquefaction because of its 

alluvial soil and shallow groundwater table. This modification guarantees that the algorithm accurately 

determines the most important factors, addressing the uncertainties of liquefaction potential in a geologically 

complex and seismically active area. 

This criteria-based approach, which integrates multiple influential factors for a comprehensive evaluation of 

soil liquefaction, can be adapted and applied to other geotechnical engineering problems, such as seismic 

hazard slope stability analysis, foundation design, and ground settlement prediction. Its applicability lies in its 

systematic framework that considers the interplay of site-specific parameters and external forces, ensuring a 

tailored and accurate assessment of geotechnical challenges. 

1.3|Novelty of the Study 

The advantages of the developed strategy are presented below:  

I. This study develops an innovative hybrid FUCOM-SVNN TOPSIS under SVNN environment. The weights 

of the criteria are determined using FUCOM, and the rank of the options is determined by SVNN-TOPSIS. 

II. Due to the limited number of comparisons (n–1) at the criteria level, the proposed model minimizes errors in 

comparisons to the greatest extent possible.  
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III. Calculating the optimal values of criteria involves defining constraints. 

IV. By explicitly accounting for degrees of truth, indeterminacy, and falsehood at the alternative level, the 

neutrosophic-TOPSIS strategy improves the robustness of the decision-making process to ambiguity. This 

guarantees the robustness of decision outcomes even when there are unclear or ambiguous information. 

V. Although FUCOM-SVNN TOPSIS strategy under the SVNN environment methodologies have been used in 

a variety of fields, this work explicitly adapts the methodology to the evaluation of soil liquefaction potential. 

By taking into consideration the interaction of crucial elements including soil type, groundwater levels, and 

seismic activity, it makes use of the special qualities of a highly seismic location. A focus not before thoroughly 

examined within this methodological framework, the uncertainties and difficulties related to soil liquefaction 

are directly addressed by the approach thanks to this domain-specific adaption. 

VI. In contrast to FUCOM-SVNN TOPSIS strategy under the SVNN environment generic uses, this study carries 

out a thorough literature analysis in order to choose nine options and three extremely pertinent criteria that 

are unique to soil liquefaction. This improvement offers a targeted and useful framework by bringing the 

decision-making process closer to the actual variables that affect liquefaction potential. In contrast to more 

generic implementations, the strategy exhibits enhanced precision in parameter prioritization by prioritizing 

seismic parameters over all others. 

VII. Through scenario analysis and sensitivity analysis, the paper presents a twofold validation procedure that is not 

commonly highlighted in proposed hybrid method’s applications. By guaranteeing that the approach is 

resistant to changes in input data and parameter uncertainty, these validations improve the robustness and 

dependability of the outputs. The suggested method is more resilient and flexible to real-world decision-making 

in dynamic and unpredictable situations, like those seen in seismic hazard assessments, thanks to this extra 

layer of dependability. 

2|Preliminaries of the SVNN 

I. NSs were introduced by Smarandache [50], and Wang et al. [51] introduced SVNSs for dealing with 

ambiguous situations with partial information. 

II. The following definition characterizes an SVNS   over a predetermined set E : 

where    GT : X 0,1 0,1  ,    GI : X 0,1 0,1   ,    GF : X 0,1 0,1  and so
G G G0 T (j) I ( j) F (j) 3    . 

If an SVNS   over given set E , we refer to the triplet  G G GT (j), I ( j),F (j)  as an SVNN. 

Mandal and Basu [92] introduced a novel score function to address MADM challenges within the SVNN 

framework, outlined as follows: 

The scoring mechanism is established in the subsequent steps: 

I. Assume that O  represents the origin in a three-dimensional space, and  b b bΩ t ,i ,f , denotes as an SVNN, 

signifies a point within this space. Perform a translation of this point into Ω  to arrive at  c c cΔ t ,i , f . Here

c bt t ξ  , c bi i ξ  , c bf f ξ  , where ξ 0 , each representing 
εf , a real number that remains distinct 

and unchanging throughout the specific problem, plays a crucial role. Now, we contemplate another point, 

 /

c c cΔ t , i , f   , which is the result of reflecting  c c cΔ t ,i , f  across the axis of x, serving as a mirror. 

II. Locate the score mapping 1S (Δ) cos , with β representing the angle between OΔ and /OΔ , and O denoting 

the origin. 

III. If the score values for two distinct SVNNs,  
1 1 11 c c cΔ t , i , f and  

2 2 22 c c cΔ t , i , f , denoted as 1 1S (Δ )  and 

1 2S (Δ ) respectively, are equal, determine  
1 1 1

**

1 c c cΔ t , i , f   and  
2 2 2

**

2 c c cΔ t , i , f   respectively for the 

  G G GU j,T (j),I ( j),F ( j) : j E ,    
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corresponding translated points  * * *
1 1 1

*

1 c c c
Δ t ,i , f and  * * *

2 2 2

*

2 c c c
Δ t ,i , f where, *

11
cc

t t ξ  , *
11

cc
i i ξ  , 

*
11

cc
f f ξ  and *

22
cc

t t ξ  , *
22

cc
i i ξ  , *

22
cc

f f ξ  . 

IV. Determine cos  and cosψ , where represents the angle between *

1OΔ and **

1OΔ , and ψ signifies angle 

between *

2OΔ as well as **

2OΔ , with O denoting the origin. 

V. The score mapping 2 1S (Δ ) cos  as well as 2 2S (Δ ) cosψ . 

3|FUCOM-SVNN TOPSIS Strategy under the SVNN Environment 

FUCOM-SVNN TOPSIS strategy under SVNN environment comprises two distinct phases. The initial phase 

involves a discussion on FUCOM to determine criteria weights. Subsequently, in the second phase, the focus 

shifts to discussing the neutrosophic TOPSIS strategy under SVNN environment, aimed at establishing the 

alternatives' rating. Fig. 1 represents the computational steps of the proposed strategy. As shown in Fig 1, the 

blue-shaded sections represent FUCOM steps, the green-shaded section discusses SVNN-TOPSIS, and the 

yellow color represents the final output. 

 

Fig 1. Flowchart of integrated MCDM strategy. 

 

Phase 1. Full Consistency Method (FUCOM). 

In the FUCOM, results are validated through pairwise comparisons and deviations from maximum 

consistency [70]. The key feature of FUCOM is that it can check the results by measuring the difference from 

optimum consistency in comparisons and by recognizing transferability in pairwise assessments of criteria. 

The decision-maker has an interpretive influence on the final weights assigned to the criteria under the 
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FUCOM model. Decision-makers rate the criteria in accordance with their preferences in Steps 1 and 2 of 

FUCOM, and they next compare the ranked criteria pairwise. In contrast to subjective models, the FUCOM 

model has disclosed minor departures from a perfect value while establishing the weights of criterion [70]. 

Furthermore, FUCOM removes any redundancy found in subjective models by tackling overlaps in criteria 

comparisons while determining the weights of the criteria.  

The FUCOM algorithm's stepwise method is described as follows: 

Step 1. The first stage involves prioritizing the predetermined assessment criteria set  rL : r 1(1)μ   . 

Beginning with the criterion that is projected to have the highest weight coefficient and concluding with the 

criterion of least importance, this ranking is based on the estimated significance of each criterion. 

Consequently, the criteria have been arranged based on their anticipated weight coefficient values.  

The rank given to the evaluated criterion is indicated here by k . When two or more criteria are thought to 

be equally important, their equivalency is represented using the equality symbol (=) rather than the greater-

than symbol (>). 

Step 2. The second phase compares the rated criteria to ascertain their relative priority 
 k/ k 1

,k 1(1)μ


  , with 

k  denoting the criteria's rank. The advantage of the criterion at rank 
 k/ k 1

 over the criterion at rank 
 r k

  

is represented by the relative priority 
 r k 1

 . Consequently, as expression  1/2 2/3 k/(k 1), ,...,     illustrates, 

the vectors of relative priorities for the evaluation criteria are established. The relevance (or priority) of the 

criterion-ranked 
 k/ k 1

  relative to the criterion-ranked 
 r k 1

  is indicated here by the symbol 
 r k

 . 

One of the two approaches described in the following sections is used to establish the comparative priority 

of the criteria. 

Sub-Step. 1. Decision-makers determine the comparative priority 
 k/ k 1

  for the factors they are considering 

based on their personal preferences. In real-world applications, decision-makers use their internal knowledge 

to assess the rated criteria and assign the comparative priority 
 k/ k 1

  according to personal preferences. The 

comparative priority is set to 
 r k 1

  if the decision-maker thinks that the criterion-ranked 
 r k

  is equally 

important to the criterion-ranked 
 k/ k 1

1


  . 

Sub-Step. 2. Decision-makers assess the criteria to ascertain the importance of each criterion, as shown in 

expression
     r 1 r 2 r k

...      , using a predetermined scale for criterion comparison. The comparison is 

made in relation to the criterion that is ranked greatest in importance. As a result, all criteria ranked in Step 1 

have importance values 
 r k . It follows that μ 1 comparisons must be made since the highest-ranked 

criterion is compared to itself (with its significance set as 
 r 1

1  ). 

Sub-Step-2 emphasizes how the FUCOM paradigm allows for pairwise comparisons of criteria using decimal, 

integer, or specified scale values created especially for these kinds of comparisons. 

Step 3. The evaluation criterion  
T

1 2 μ, ,...,   's final weight coefficients are established in the third phase. 

The following two requirements must be fulfilled by these final weight values: 

Restriction 1. As stated in Step 2, the weight coefficient ratio needs to match the comparative priority 
 k/ k 1

  

among the observed criteria. Stated otherwise, the following requirement needs to be met: 

     r 1 r 2 r k
... .        

 k k 1 k/ k 1
. 

     
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Restriction 2. The final weight coefficients must meet the mathematical transitivity criteria in addition to 

condition
 k k 1 k/ k 1 

   . In particular, the bond that
       k/ k 1 k 1 / k 2 k/ k 2   

   needs to maintain. 

         k kk 1 k 1 k 2 k 2   
        is the equation that is derived since

   kk/ k 1 k 1 
    and 

       k 1 / k 2 k 1 k 2   
   . Consequently, the final weight coefficient values also need to meet the following 

requirement: 

Only when transitivity is completely maintained can full consistency, or minimum Deviation from Full 

Consistency (DFC) ς , be reached. When the requirements
 k k 1 k/ k 1 

   and 

       k k 2 k/ k 1 k 1 / k 2   
     are met, something happens. This guarantees maximum consistency, 

therefore for the computed weight coefficients, ς 0 . The following inequalities must be met by the weight 

coefficients  
T

1 2 μ, ,...,   in order to meet these requirements:  k k 1 k / k 1
ς 

    and

       k k 2 k / k 1 k 1 / k 2
ς

   
     . The need for greatest consistency is met by decreasing ς . 

The final model for figuring out the weight coefficients of the evaluation criteria can be developed based on 

the parameters that have been defined. 

The final values of the evaluation criterion  
T

1 2 μ, ,...,   and the degree of DFC ς 0  are obtained by solving 

Model (1). Two straightforward examples will demonstrate how to use FUCOM to determine weight 

coefficients in order to give a better understanding of the model. The first example illustrates how to use Sub-

Step-1 in Step 2 to establish the comparative priority   k / k 1
 , and the second example illustrates how to use 

Sub-Step-2 in Step 2 to determine 
 k/ k 1

 . 

 

Phase 2. Neutrosophic TOPSIS strategy under SVNN environment. 

Consider the set of alternatives  yV v : y 1(1)p  , τ 1 and  rS s : r 1(1)n  , 2r  is the set of attributes 

with weights r , r 1(1)n  respectively. 

Decision-makers assign ratings to the yq , y 1(1)p  alternatives based on the attributes rs , r 1(1)n , which are 

represented using SVNNs. The rating for the 
thy  attribute concerning the thr  alternative is presented as 

follows: 

Assume that  
y y y

*

y r v r v r v rv s ,T (s ), I (s ),F (s ) , y 1(1)p  , where  
y y yv r v r v r0 T (s ) I (s ) F (s ) 3    .   

         k kk 2 k 1 k 1 k 2
.

   
          

 

 
 

 

 
   

r k

k / k 2

r k 1

r k

k 1 / k 2

r k 2

r

r

r

min ς

subject to ς, for all r

ς, for all r .

1

0, for all r





 






 
  




 
  

 


  

 





 (1) 
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Here  yr yr yrT ,I ,F is denoted as an SVNN. *

yrv ,( y 1(1)p and r 1(1)n ), where r  represents the number of 

attributes and   represents the number of alternatives. Derive the decision matrix based on the ratings: 

* *

yr p n
Γ v


     

The TOPSIS approach can now be summed up as follows: 

Step 1. Using * *

yr p n
Γ v


    ,( y 1(1)p and r 1,2,..., n , and r 1,2,..., n ) the scoring matrix yr p n

Γ v


     is 

obtained from the decision matrix  *

yr 1 yr p n
v S v


    . 

Step 2. Determination of normalized decision matrix yr p n
λ


    . 

Step 3. The weighted normalized decision matrix yr p n



     is determined. 

Here yr r yrλ    , y 1,2,...,p and r 1,2,..., n . 

Step 4. Determine the NPIS (Neutrosophic Positive Ideal Solution) as well as NNIS (Neutrosophic Negative 

Ideal Solution) and is demoted by δ as well as δ respectively.  

 1 2 nδ , ,...,      , where 
r yr

r
max , r 1, 2,..., n    . 

 1 2 nδ , ,...,      , where 
r yr

r
min ,r 1,2,...,n    . 

Step 5. Determine each alternative's distance from the NPIS and NNIS by applying the following Formulas 

(3) and (4): 

Step 6. Apply the Formulas (3) and (4) to determine every alternative's performance score: 

Here   

*

yr

yr
n

*

yr

r 1

v
λ ,

v






, y 1,2,...,p.  
(2) 

 
n

2

y yr

r 1

ν δ , y 1,2,...,p, 



   J  (3) 

 
n

2

y yr

r 1

ν δ , y 1,2,...,p. 



   J  (4) 

 
 y

y

y y

ν
R 5 , y 1,2,...,p.

ν ν



 
 


 (5) 
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4|Methodology  

This study's main objective is to decrease related uncertainty by determining the most important 

characteristics for evaluating soil liquefaction. The technique is divided into five sections: Section 4.1 discusses 

parameter selection; Section 4.2 applies the suggested MCDM; Section 4.3 is devoted to comparative study; 

Section 4.4 is devoted to statistical analysis; and Section 4.5 is devoted to sensitivity analysis. Fig. 2 provides 

an overview of the complete technique. 

 

Fig. 2. Flowchart of the propose framework. 

 

4.1|Selection of Parameters 

After expert as well as literature studies, nine factors affecting liquefaction potential were found. Table 1 

includes a range of criteria and options related to these factors. As the GWT table increases liquefaction 

potential increases. The higher plasticity indicates a higher fine content, which lowers the chances of 

liquefaction. As the epicentral distance increases energy dissipates more. So, the chances of liquefaction 

decrease. More the density higher is the effective stress so soil will provide more resistance to liquefaction. 

Peak ground acceleration is the acceleration at bed rock level which creates the inertia force for shaking. 

Higher the earthquake magnitude more is the energy release so higher is the chances of liquefaction. Higher 

the corrected SPT blow count, higher is the shear wave velocity and thus higher is the resistance against soil 

liquefaction. 
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Table 1. Selection of factors. 

 

 

 

 

 

 

 

 

 

4.2|Application of Proposed MCDM 

In this segment, two models are employed. Model (1) is utilized for ascertaining the criteria weights using the 

FUCOM method. Model (2)  is applied to assess the score values of the alternatives through the neutrosophic 

TOPSIS strategy under SVNN environment. 

4.2.1|Application of Model (1) 

In order of significance, the requirements are graded. The ranking is based on the consensus of the experts. 

In Table 2, comparisons are based on scales from 1 to 9. 

Table 2. Comparison of the importance of the 

evaluation criteria. 

1s  2s  3s  

1 2.2 3 

 

Calculate the relative importance of 1

2

2.2





, 2

3

1.36





, 1

3

2.2 1.36 2.99


  


by comparing the obtained 

importance values. 

The final weight of the coefficients can be found using the formula in Eq. (7). 

Criteria  Alternatives 

 1Seismic Parameter   1vPlasticity of soil  

 2Site Condition   2vDensity of soil  

 3Soil Parameter   3vFine content  

  4vGround water table  

  5vEarthquake magnitude  

  6vShear wave velocity  

  7vPeak ground acceleration  

  8vNormalized corrected SPT blow count  

  9vEpicentral distance  

1 2 3s s s .   (6) 

1

2

2

3

1

3

1 2 3

x

min ς

s.t. 2.2 ς

1.36 ς
.

2.99 ς

1

0, for all x 1(1)3

 




  




  
 


  




      


   

 (7) 
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4.2.2|Application of Model (2) 

The decision maker utilizes SVNNs to assess alternatives based on their attributes, leading to the construction 

of the decision Matrix 1. 

Matrix 1. Decision matrix. 

Matrix Γ  is translated by translating the entries of each entry. For each entry in matrix Γ , add 0.01 to all the 

components, represented in Matrix 2. 

Matrix 2. Translation of Γ . 

The next step is to determine the score matrix using the score function. Matrix 3 represents the score matrix 

denoted by Γ* . The score value of   

Matrix 3. Score matrix. 

1 2 3

1

2

3

4

5

6

7

8

9

0.89,0.43,0.11 0.93,0.34,0.12 0.88,0.21,0.19

0.81,0.49,0.21 0.85,0.29,0.20 0.79,0.44,0.10

0.79,0.24,0.24 0.97,0.36,0.12 0.77,0.17,0.1

0.75,0.46,0.26 0.9

s s s

v ( ) ( ) ( )

v ( ) ( ) ( )

v ( ) ( ) (

v ( ) ( )
Γ

v

v

v

v

3,0.24

v

,0.17


9

0.78,0.24,0.27

0.83,0.28,0.02 0.88,0.36,0.23 0.80,0.20,0.13

0.79,0.32,0.06 0.78,0.20,0.16 0.94,

0.80,0.30,0.07 0.87,0.30,0.15

0.

)

( )

( ) (

95,0.24,0.26 0.90,0.32,0.17

0.73,0.33,0.20 0.72,0.14

) ( )

( ) (
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Determine the normalized decision matrix using Eq. (2) on matrix Γ* . As shown in Matrix 4, the normalized 

decision matrix is denoted by . 

 

Matrix 4. Normalized decision matrix.  

4.3|Comparative Study  

Specialists are consulted to determine which vectors to use in BWM-neutrosophic TOPSIS strategy [82] under 

the SVNN environment and which aspects are most and least significant. In order to validate the proposed 

model, it was compared to a subjective model, namely the BWM-neutrosophic TOPSIS strategy under the 

SVNN environment approach. Comparisons were conducted based on pairwise evaluations of criteria, and 

results were validated using DFC. Based on the results, the proposed model outperforms the BWM-

neutrosophic TOPSIS strategy under the SVNN environment method, especially when considering the 

relationship between consistency and the number of pairwise comparisons required. Over existing MCDM 

approaches, the proposed method has the following primary advantages: Compared to BWM-neutrosophic 

TOPSIS strategy under the SVNN environment, there are significantly fewer pairwise comparisons at the 

criteria level, comparing criteria pairwise in a consistent manner, enhancing rational decision-making by 

providing reliable criteria weight coefficients. As per expert consensus, 
1S is considered the best criterion, 

while
2S is considered the worst. As the best-to-others vector is shown in Table 3 and Table 4 displays the 

vector that is worst-to-others. 
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Table 3. Best criteria compared to other criteria. 

   

  

 

Table 4. To the worst criteria, there are other criteria. 

 

 

  

 

Each criterion's weight can also be determined using the nonlinear mathematical Model (8). 

Eq. (2) can be used to find the normalized decision matrix for matrix Γ* . The normalized decision matrix is 

represented as , as can be seen in Matrix 5. 

Matrix 5. Normalized decision matrix. 

 

 

 

 

 

 

 

 

 

 

4.4|Statistical Analysis 

When comparing rankings produced by the two approaches, the Spearman’s rank correlation coefficient [93] 

is used to measure the linear relationship between the two variables. In the range of -1 to 1, a value of -1 

indicates no linear correlation, a value of 0 indicates no correlation at all, and a value of 1 indicates perfect 

correlation. To evaluate the connection between variables on interval scales, Pearson's correlation coefficient 

[94] can be applied, as illustrated in Eq. (9). 
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κ As well as υ are covariant in  cov κ,υ . SD is represented by κ  as well as υ in both κσ as well as υσ . 

The Pearson correlation coefficient is useful for evaluating the absence of a perfect correlation between two 

variables when it deviates from a value of 1. 

The Pearson correlation coefficient as well as the Student's t-distribution [95] with degrees of freedom (l – 1) 

are shown in Eq. (10). 

The hypothesis null hypothesis should be dismissed if t  Eq. (11) exceeds  αt l 2 . The Pearson correlation 

coefficient ρ consists of the intervals l . 

4.5|Sensitivity Analysis  

For soil liquefaction analysis, sensitivity analysis is essential because it determines how changes in input 

parameters affect the overall assessment of liquefaction potential. A number of interdependent factors play a 

role in soil liquefaction, including seismic parameters (e.g., earthquake magnitude and peak ground 

acceleration), site conditions (such as groundwater levels and soil density), and soil properties (such as 

plasticity and SPT blow count), all of which are subject to inherent uncertainty. As these parameters are 

systematically altered within realistic ranges, sensitivity analysis identifies the most influential factors driving 

the results, allowing a better understanding of their relative importance. Additionally, this process validates 

the robustness of the analysis as well as improves the accuracy of real-world liquefaction risk assessments by 

prioritizing data collection for the most important parameters.  

To investigate the impact of altering weight coefficient values, various scenarios, each comprising a set, are 

examined. Sensitivity analysis is applied to evaluate the predominant criterion using Eq. (12) and ascertain the 

sensitivity of the criterion PVs (
x ). The evolution of the dominant criterion is also explored. The updated 

weights found by the Eqn. (12) multiplied with each component of weighted normalized value in the Step 3 

in phase-II. After the calculation Step 6 provides the updated score value of the alternatives for each random 

value used in the Eq. (12).  

When x
  represents the initial value of the criterion, denoted,  x x 1(1)3  ; 

B , it signifies the criterion's 

starting point. xr (0,1) {0,1}  ,on the other hand, it represents the adjusted value. 

5|Result  

Section 5 is divided into four subparts. In Section 5.1, the results of the proposed MCDM are presented. 

Section 5.2 presents the results of a comparative study. A statistical analysis is provided in Section 5.3. 

Sensitivity analysis results are presented in Section 5.4. 
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5.1|Result from Proposed MCDM  

This section discusses the weights of evaluating criteria as well as the ranking of evaluating alternatives. 

5.1.1|Result from FUCOM 

The following are the ideal weights for the criterion, as derived by using the Model (7) solution. 

1 0.5589605*  , 
2 0.2541236*  , 

3 0.1869159*  , and 
030.4386ς 387E*  . Based on these weights, the 

Seismic Parameter (s1) is identified as the most important criterion, while Soil Parameter (s2) is deemed the 

least significant. 

5.1.2|Result in Neutrosophic TOPSIS strategy under SVNN environment 

Once the weights of the criterion have been determined, compute the weighted normalized decision matrix. 

Multiply each criteria weight with the element of the corresponding row of matrix Ω to form the matrix. The 

weighted normalized decision matrix  is represented by the Matrix 6. 

Matrix 6. Weighted Normalized decision matrix. 
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Afterwards, use Formula (3) as well as Formula (4) to calculate the distance between each alternative between 

NPIS as well as NNIS. The distances between each alternative between NPIS as well as NNIS are shown in 

Table 5. 

Table 5. NPIS and NNIS distances from each alternative. 

 

 

 

 

 

 

 

 

 

By applying Formula (5), determine each alternative's performance score. The performance scores for each 

choice are shown in Table 6. Focussing on the alternatives' performance scores, arrange them in ascending 

order while assigning them ranks. 

 

 

 

 

 

 

 Table 6. Performance scores of alternatives. 

 

 

 

 

 

 

  

  

 

5.2|Result of Comparative Study 

In 2023, Pramanik et al. [83] introduced a strategy utilizing Neutrosophic BWM-TOPSIS under the SVNN 

environment. In real-world situations, the suggested FUCOM-SVNN-TOPSIS methodology has significant 

advantages over the BWM-SVNN-TOPSIS method, especially in situations like soil liquefaction studies where 

controlling uncertainty and maintaining methodological consistency are crucial. In order to ensure a better 

degree of consistency throughout the weight assignment process, FUCOM methodically assesses all pairwise 

comparisons, whereas BWM-SVNN-TOPSIS derives criteria weights by comparing only the best and worst 

criteria. This thorough consistency check guarantees more accurate weight derivation and minimizes any bias. 
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Alternative Performance Scores Rank 

R1 0.589801 6 

R2 0.141529 9 

R3 0.750462 5 

R4 0.158834 8 

R5 0.841565 3 

R6 0.7683 4 

R7 0.857185 1 

R8 0.791196 2 

R9 0.508421 7 
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Furthermore, both approaches use SVNNs to manage uncertainty; but, the FUCOM-SVNN-TOPSIS 

technique incorporates FUCOM's improved consistency mechanism, which makes it more capable of 

handling the complex interrelationships between parameters, including soil, site, as well as seismic conditions. 

The score values of the alternatives from the suggested technique are compared with those of the 

neutrosophic BWM-TOPSIS strategy within the SVNN environment, since the proposed method is based 

on the Neutrosophic-TOPSIS strategy under the SVNN environment.  

Using the solution for Model (8), optimal weights for the criteria are determined as follows: 
1 0.640000*  , 

2 0.260000*  , 
3 0.100000*  , and ς* 0.14000 . Based on these weights, the seismic parameter (s1) emerges 

as the most significant criterion, while the soil parameter (s2) is identified as the least significant. 

Once the weights of the criteria have been established, compute the weighted normalized decision matrix. 

Multiply each criterion weight by the respective element in the corresponding matrix Ω  row to generate the 

new matrix. This resulting matrix , denoted as Matrix 7, represents the weighted normalized decision matrix. 

Matrix 7. Weighted normalized decision matrix. 
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From the NPIS and NNIS, use Formulas (3) and (4) to find the distance between each possibility. The resulting 

distances are shown in Table 7. 

Table 7. NPIS and NNIS distances from each alternative. 

  

 

 

 

 

 

 

 

 

 

Calculate the evaluation score for each alternative using Formula (5). Fig. 3 illustrates the performance scores 

for each alternative by the proposed method and the existing methods.  

 

Fig. 3. Comparative study. 

 

5.3|Result of Statistical Analysis 

The ranks produced by both techniques are assessed using the correlation coefficient [93]. A hypothesis test 

is not necessary if the rankings are the same and the Spearman’s correlation value is 1. Eq. (9), which describes 

a hypothesis test that may be carried out to validate the Spearman correlation coefficients [94], can be used if 

the rankings are different. To compare the proposed approach with the BWM-TOPSIS strategy under SVNN 

environment, the analysis employs the Pearson correlation coefficient [94] which is presented in Table 8. 
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Significantly, there is a noticeable correlation between the proposed PV models and the currently established 

PV models, supported by α 0.05 . The findings from the analysis suggest that 
2

ε 2
t ρ

1 ρ





should 

outperform  0.05t l 2 . A hypothesis test is conducted to confirm a positive correlation between the attributes 

of the existing and proposed methods. 

Table 8. t-two-sample paired test for means. 

 

 

 

  

  

 

 

 

5.4|Result of Sensitivity Analysis 

Eq. (12) is utilized to create 25 unique scenarios for this study. Within these scenarios, the variable r is capable 

of adopting random values spanning from 0 to 1. Fig. 4 shows the results of the sensitivity analysis. As shown 

in the Fig. 4, “Peak Ground Acceleration” is the most sensitive parameter in each case. Peak ground 

acceleration represents the maximum horizontal acceleration of the ground during an earthquake. It directly 

influences the inertia forces acting on soil particles, which drive the cyclic stresses that can trigger liquefaction. 

Higher PGA values correspond to stronger shaking and increased potential for pore pressure buildup in 

saturated soils. While it is not a property of the soil itself, PGA's role as a seismic loading factor makes it a 

critical external parameter influencing liquefaction susceptibility. 

Fig. 4. Results of the sensitivity analysis. 
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6|Discussion  

The objective of the present study was to identify the influential parameters in soil liquefaction. To fulfil the 

objective, we have developed a hybrid MCDM technique namely FUCOM- SVNN TOPSIS strategy under 

the SVNN environment. Based on obtained results from FUCOM, we obtained that “Seismic Parameter” is 

the most significant criterion, with a weight of 0.607438. In the TOPSIS strategy under the SVNN 

environment, “Peak Ground Acceleration” scored 0.853869, making it the most significant alternative shown 

in Table 6. According to the BWM-TOPSIS strategy under the SVNN environment, “Peak Ground 

Acceleration” scored 0.860155, making it the most significant alternative, shown in Fig. 1. The next step is to 

determine whether the results of the suggested approach and the current method are correlated. Table 8 

shows a very favorable result for the developed FUCOM-SVNN TOPSIS strategy since the t-value for the 

proposed method is lower than the t-value for the two-sample methods (2.306004). In this work, sensitivity 

analysis has been done to verify the model. “Peak Ground Acceleration” is the most sensitive parameter in 

each case (Fig. 3).  

The present study advances the understanding of soil liquefaction by integrating the FUCOM-SVNN 

TOPSIS method for systematic ranking and prioritization of key factors, addressing the limitations of earlier 

studies. In the year 2021, Hu et al. identified 12 key factors, including Mw, PGA, Vs, and fines content, 

through an extensive review, while highlighting the contributions of Bayesian regression and entropy analysis 

in prior works for factor selection [96]. Uyanık in 2020 focused on earthquake parameters (Mw, dominant 

period, PGA) and soil parameters (fines content, density, shear wave velocity, groundwater depth) to predict 

liquefaction but lacked an integrated ranking approach [97]. In 2016, Tang et al. utilized bibliometric analysis 

and Interpretive Structural Modeling (ISM) to examine the interrelationships among 12 significant factors, 

emphasizing the direct impact of magnitude, epicentral distance, duration, and drainage conditions, with fines 

content as a pivotal parameter [42]. The present study, however, integrates seismic, site, and soil parameters 

and identifies Peak Ground Acceleration as the most critical factor using FUCOM to establish criteria weights 

and SVNN-TOPSIS for ranking. This provides a comprehensive, quantitative framework for liquefaction 

analysis, surpassing the qualitative and hierarchical methods of earlier works. 

7|Conclusion 

This paper has developed a hybrid MCDM method namely FUCOM–SVNN TOPSIS Strategy under SVNN 

environment. The method was applied to identify the influential parameters in soil liquefaction. For this, the 

study has selected three criteria and nine alternatives through literature reviews. The results obtained from 

the developed FUCOM-SVNN TOPSIS strategy highlight thatthe ‘Peak Ground Acceleration’ is the most 

critical component.  

The result was validated by comparing the proposed method with the BWM-SVNN TOPSIS strategy under 

the SVNN environment approach. The results of the proposed method, supported by the existing MCDM 

technique, are for the majority of significant alternatives. Statistical support is also provided for the results of 

the proposed method. Also, the model was validated by using sensitivity analysis and scenario analysis. 

According to the sensitivity analysis ‘Peak Ground Acceleration’ is the most sensitive parameter. In this study 

developed 25 different scenarios randomly. In each and every scenario the score value of ‘Peak Ground 

Acceleration’ is higher than all the considering parameters. So ‘Peak Ground Acceleration’ is more sensitive 

parameter. Peak ground acceleration represents the maximum horizontal acceleration of the ground during 

an earthquake. It directly influences the inertia forces acting on soil particles, which drive the cyclic stresses 

that can trigger liquefaction. Higher PGA values correspond to stronger shaking and increased potential for 

pore pressure buildup in saturated soils. While it is not a property of the soil itself, PGA's role as a seismic 

loading factor makes it a critical external parameter influencing liquefaction susceptibility. 

The results presented offer significant contributions to the field of geotechnical engineering and seismic risk 

assessment, particularly in enhancing the understanding and prediction of soil liquefaction potential. By 
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identifying and ranking nine critical factors influencing liquefaction potential, the study provides a robust 

framework for assessing seismic hazards and prioritizing mitigation strategies. The ranking of factors 

highlights their relative importance, offering a valuable reference for engineers and researchers. For instance, 

parameters like shear wave velocity, normalized corrected SPT blow count, and peak ground acceleration 

(ranked 1st, 2nd, and 3rd respectively) demonstrate their dominant role in determining liquefaction resistance. 

The inclusion of diverse criteria—such as seismic parameters, soil properties, and site conditions—addresses 

the multifaceted nature of liquefaction, reducing oversimplifications often seen in traditional assessments. 

The performance scores linked to each factor help quantify their impact on liquefaction potential, leading to 

more precise risk assessments and enhanced predictive modelling. 

Traditional methods for evaluating liquefaction potential often rely on simplified models that fail to consider 

the intricate interactions among various parameters. This approach enables a more accurate assessment by 

incorporating multiple influential factors, including normalized corrected SPT blow count, shear wave 

velocity, and fine content. A detailed evaluation helps in pinpointing high-risk areas, ensuring that the 

mitigation strategies are data-driven and site-specific. 

This approach contributes to the development of probabilistic models for seismic risk assessment, which are 

more reliable due to the inclusion of influential parameters. The results can be integrated into decision-making 

tools to evaluate the safety of existing infrastructure against the soil liquefaction. Moreover, they contribute 

to creating detailed seismic hazard maps and refining probabilistic models for better disaster preparedness 

and decision-making. 

Integrating influential parameters into a robust evaluation framework supports the creation of detailed seismic 

hazard maps. These maps not only delineate areas of high liquefaction susceptibility but also aid urban 

planners, policymakers, and emergency responders in developing risk management plans. 

A comprehensive analysis of liquefaction factors directly contributes to disaster preparedness by enabling the 

development of effective mitigation measures. Techniques such as soil densification, installation of drainage 

systems, and grouting can be strategically applied to stabilize vulnerable sites. This preparedness minimizes 

the potential for catastrophic failures during seismic events. 

The effect of criteria in this analysis is crucial because it allows for a weighted evaluation of the diverse and 

non-linear parameters influencing seismic soil liquefaction, including seismic parameters, site conditions, and 

soil properties. Assigning weights to these criteria helps capture their varying degrees of significance, ensuring 

a more accurate and nuanced evaluation of liquefaction potential. So, in feature a new approach can be 

developed to assess the soil liquefaction using MCDM so that the evaluated weight can be used to assess the 

soil liquefaction. This approach addresses the limitations of conventional methods, which may oversimplify 

or neglect critical factors, leading to a more reliable prediction of liquefaction risk and better-informed 

mitigation strategies. In feature developed an index to evaluate risk assessment of soil liquefaction. The index 

is developed the weightage of importance of considering factors of soil liquefaction risk. The weights will be 

determined by using MCDM techniques.  

It is necessary to ensure strict consistency in pairwise comparisons according to the proposed model. Even 

small inconsistencies can require revising the entire judgment matrix, especially in problems with multiple 

criteria. By aggregating the inputs of a variety of experts, individual biases are minimized. 
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