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Supplementary Figure 1. The Spearman correlation coefficient of the used criteria.



Supplementary Figure 2. The Kendall correlation coefficient of the used criteria.



Supplementary Note 1: Characteristics of potential hydrogen storage sites
 Salt cavern

Salt caverns are highly promising for underground hydrogen storage (UHS) due to their low 
permeability, self-healing properties, and capacity to safely store large gas volumes, as evidenced 
by natural gas storage applications.1,2 However, several challenges must be addressed for hydrogen 
storage. Well integrity is a critical concern, as hydrogen can cause corrosion and mechanical failure 
in casing and cement, exacerbated by the salt's creeping nature.3,4 Cyclic hydrogen injection and 
withdrawal may also impact the geomechanical stability of salt caverns, potentially leading to 
volume loss and reduced storage efficiency.5 Moreover, halophilic microorganisms in salt 
formations pose risks by consuming hydrogen as an electron donor, producing hydrogen sulfide 
(H2S).6 Advanced techniques such as digital twins can mitigate risks by predicting and managing 
hydrogen leaks and cavern dynamics.7 Optimized site selection using deep learning further 
enhances decision-making and infrastructure development for salt caverns.8 Despite challenges, 
projects such as carbon2chem© demonstrate the feasibility and cost-effectiveness of salt caverns 
for large-scale hydrogen storage, though further research is needed to refine operational parameters 
and safety measures.9,10

 Saline aquifer

Saline aquifers offer significant potential for large-scale, long-term UHS due to their widespread 
availability and large pore spaces, making them an attractive alternative to salt caverns.11–13 Key 
challenges include microbial activity, such as methanogenesis, which can convert 10–50% of 
stored hydrogen into methane in the presence of CO2.

14 Flow dynamics, including viscous 
fingering, capillary pressure, and relative permeability, significantly affect hydrogen displacement 
and storage capacity.15,16 Studies show that up to 20% of injected hydrogen can be trapped due to 
hysteresis and capillary effects.17 Strategies like using cushion gases, including methane, have 
improved recovery factors by mitigating gas hysteresis effects.18 Geomechanical stability is 
another critical factor, as cyclic injection and withdrawal can impact reservoir integrity. Proper 
management has shown recovery ratios exceeding 80%, demonstrating the feasibility of UHS in 
saline aquifers.19 Careful consideration of microbial activity, flow dynamics, and geomechanical 
factors is essential to optimize UHS in saline aquifers.20

 Depleted gas and oil reservoirs

Depleted gas and oil reservoirs provide an opportunity to repurpose existing geological structures 
for UHS, contributing to a low-carbon economy.21 Caprock integrity is a primary concern, as 
hydrogen-brine interactions can increase permeability and porosity, potentially causing leaks, as 
observed in the Bakken Formation.22 Residual gases like methane and the effects of diffusion and 
gravity further influence hydrogen recovery and storage efficiency.23 Reservoir viability depends 
on structural and containment criteria, with porosity and permeability being critical parameters.24 
Additionally, microbial and geochemical reactions can lead to hydrogen loss, necessitating careful 
reservoir selection based on mineralogy and brine composition.25 Carbonate reservoirs, in 
particular, exhibit significant hydrogen loss due to abiotic interactions with reactive minerals under 



varying temperature and pressure conditions.26 Comprehensive analysis is essential to ensure 
storage efficacy and hydrogen purity in these reservoirs.27

 Lined rock caverns (LRCs)

LRCs are emerging as a flexible solution for UHS, independent of specific geological formations, 
making them an attractive alternative to salt caverns and depleted reservoirs.28,29 The feasibility of 
converting abandoned calcite mines into LRCs has been demonstrated, with reinforced ultra-high 
performance concrete (UHPC) proposed as a durable support structure for shallow-buried 
hydrogen storage.30 Key challenges include the risk of fault activation during hydrogen injection 
and withdrawal, which could compromise the integrity of lining structures.31 Hydrogen 
embrittlement of steel linings poses another concern, requiring advanced models to predict and 
mitigate diffusion and degradation effects.32 Polymeric materials show promise in reducing 
hydrogen leakage, though further optimization is needed.33 Geotechnical uncertainties and rock 
mass responses to high internal pressures must also be addressed using reliability-based design 
tools and finite element models.34 Ongoing research is critical to overcoming these technical and 
safety challenges, ensuring the viability of LRCs for hydrogen storage.28,35



Supplementary Note 2: Characteristics of different used MCDM methods
 TOPSIS (Technique for Order Preference by Similarity to Ideal Solution)

TOPSIS is a widely applied MCDM method that evaluates alternatives based on their proximity 
to an ideal solution. It is particularly effective in complex decision environments, such as selecting 
hydrogen storage technologies.36,37 Introduced by Hwang and Yoon,38 the method follows a 
structured sequence of steps: (i) constructing a decision matrix containing alternatives and criteria, 
(ii) normalizing the matrix to eliminate unit discrepancies, (iii) generating a weighted normalized 
matrix by applying criterion weights, (iv) identifying the positive ideal solution (PIS) and negative 
ideal solution (NIS), (v) calculating separation measures for each alternative from the PIS and NIS, 
and (vi) ranking alternatives based on their relative closeness to the ideal solution.39,40

TOPSIS has been successfully applied in industrial contexts, including the evaluation of hydrogen 
storage technologies, where alternatives, such as chemical, liquid, and compressed hydrogen 
storage, are ranked based on multiple criteria, such as cost, efficiency, and safety.41,42 The method's 
advantages include its straightforward computational process and its capacity to handle both 
qualitative and quantitative data, making it versatile across various decision-making scenarios.43

Recent advancements have extended TOPSIS to address uncertainties and enhance decision 
accuracy. Integrations such as fuzzy logic, intuitionistic Z-numbers, and spherical fuzzy sets allow 
the method to incorporate both subjective and objective data, increasing its robustness in decision-
making.44 These developments are particularly relevant to hydrogen storage, where complex trade-
offs between economic, environmental, and technical factors must be carefully balanced.45,46

Overall, TOPSIS offers a comprehensive and adaptable framework for evaluating hydrogen 
storage technologies, enabling more informed and reliable decisions to support the energy sector's 
transition towards sustainable solutions.47

 SAW (Simple Additive Weighting)

The Simple Additive Weighting (SAW) method is a widely used MCDM technique for evaluating 
and ranking alternatives based on multiple criteria. It involves assigning weights to criteria, 
assessing the performance of each alternative against these criteria, and summing the weighted 
scores to determine the optimal choice.48 This method is particularly effective in scenarios where 
multiple factors must be considered simultaneously, such as scholarship allocation, where SAW 
systematically evaluates candidates based on predefined parameters.49 In the context of hydrogen 
storage, MCDM methods, including SAW, play a critical role in assessing storage technologies by 
incorporating economic, environmental, and technical dimensions. For example, the Interval-
Valued Intuitionistic Fuzzy Analytic Hierarchy Process (IVIF-AHP) has been applied to evaluate 
hydrogen storage options, underscoring the importance of comprehensive and well-defined criteria 
in decision-making.50

The advantages of the SAW method lie in its simplicity, systematic comparison of alternatives, 
and ability to identify the most suitable technologies for specific applications. This is exemplified 



in the evaluation of metal hydride technology for hydrogen storage in Taiwan, where SAW 
effectively ranked alternatives based on economic and performance factors.51 Furthermore, 
MCDM approaches have been applied to manage risks associated with hydrogen storage and 
transportation, such as a hybrid MCDM-based framework used to assess risk scenarios in 
Beijing.52

Beyond technology selection, SAW’s versatility extends to enhancing hydrogen-related 
applications, such as detection technologies. For instance, SAW-based sensors utilizing graphene-
palladium nanoparticle layers have demonstrated high sensitivity and selectivity for hydrogen 
detection, highlighting the method’s utility in improving performance across hydrogen 
technologies.53,54

Overall, the SAW method and related MCDM techniques provide a robust and structured approach 
to decision-making in complex, multi-faceted contexts. In hydrogen storage and production, these 
frameworks facilitate the selection of feasible technologies, contributing to the transition toward 
sustainable energy systems by balancing economic, technical, and environmental 
considerations.46,55

 TODIM (Tomada de Decisão Interativa e Multicritério)

The TODIM method, an acronym for Interactive Multi-Criteria Decision Making (originally in 
Portuguese), is a versatile MCDM tool that incorporates decision-makers' psychological behaviors 
and preferences regarding gains and losses. This feature makes TODIM particularly suitable for 
evaluating complex scenarios, including hydrogen storage, where subjective judgments and 
uncertainties often play a role.56 To address uncertainty and hesitation in decision-making, TODIM 
has been extended to incorporate fuzzy information, such as hesitant fuzzy linguistic term sets 
(HFLTSs) and triangular intuitionistic fuzzy numbers (TIFNs), which better capture imprecise 
preferences.57,58 The method’s adaptability is further demonstrated in hybrid frameworks, such as 
the integration of TODIM with the entropy weight method (EWM) and best-worst method 
(BWM). These combinations balance subjective and objective criteria weights, enabling optimal 
strategy selection in complex fields like corporate investment and green mining.59

In the context of hydrogen storage, TODIM has been effectively incorporated into hybrid MCDM 
approaches to evaluate risks associated with storage and transportation. Factors such as personnel 
skills and environmental volatility are considered, enhancing risk management in hydrogen energy 
systems.52 The method's ability to handle heterogeneous data types, including real numbers, 
interval numbers, and fuzzy numbers, further extends its applicability to complex decision-making 
environments.60 TODIM’s versatility has also been demonstrated in ranking green fuel alternatives 
based on technical, economic, and environmental criteria, supporting informed decisions that 
facilitate the transition to sustainable energy systems.61 Additionally, its integration with methods 
like MEREC under triangular intuitionistic fuzzy environments enhances its robustness in 
evaluating hydrogen-based systems for sustainability.62 Overall, TODIM’s ability to incorporate 
psychological behaviors, manage diverse data formats, and integrate with other decision-making 
techniques makes it a powerful and flexible tool. Its applications in hydrogen storage and 



renewable energy evaluations further highlight its significance in addressing complex, multi-
faceted decision-making challenges.

 ROV (Remotely Operated Vehicle)

The MCDM process for selecting the optimal ROV design follows a structured methodology that 
integrates multiple decision-making techniques. The process begins with defining the decision 
objective and identifying a comprehensive, non-redundant set of criteria, including user 
preferences and relevant parameters.63 The criteria are weighted based on their importance, often 
using methods such as fuzzy Analytical Hierarchy Process (AHP) to accommodate the diverse 
perspectives of decision-making groups.64 A scoring matrix is then constructed and processed with 
tools like triangular fuzzy numbers to develop a weighted user-item scoring matrix. This matrix is 
subsequently analyzed using techniques such as fuzzy TOPSIS to rank the alternatives based on 
their proximity to an ideal solution.65 The ROV method is particularly noted for its simplicity and 
computational efficiency, making it a reliable approach for solving complex selection problems, 
especially in manufacturing environments.66

Recent advancements have integrated machine learning techniques with MCDM frameworks, 
enhancing decision-making by analyzing real-time performance data. This integration enables 
dynamic and responsive recommendations, improving the overall robustness of the process.67 
Applications of the ROV method, such as subsea asset decommissioning and industrial robot 
selection, demonstrate its adaptability in accommodating multiple criteria and stakeholder interests 
in complex operational settings.68,69

 PSI (Process Selection Indicator)

The Process Selection Indicator (PSI) method is a streamlined MCDM technique that facilitates 
decision-making without requiring the assignment of weights to criteria. Instead, it relies on data 
normalization to ensure comparability across diverse criteria, simplifying the evaluation process 
in complex decision environments.70 The PSI method is particularly advantageous in situations 
where criteria weights are difficult to determine or where the decision-making process demands 
efficiency and simplicity.71 The approach begins with identifying decision objectives and 
establishing a comprehensive, non-redundant set of criteria.72 An initial scoring matrix is generated 
and normalized to eliminate unit inconsistencies, ensuring uniformity across criteria. Methods such 
as fuzzy TOPSIS may then be applied to aggregate scores and derive a final ranking of 
alternatives.73 A key strength of the PSI method lies in its ability to handle both quantitative and 
qualitative data, addressing the inherent complexity and ambiguity of real-world decision-making 
problems.74 Its flexibility makes it adaptable to various contexts, such as investment decisions 
under uncertainty, where integration with techniques like fuzzy ELECTRE (ELimination and 
Choice Expressing REality) can manage imprecise preferences and vague information.75

By eliminating the need for predefined weights, PSI enhances the robustness and stability of 
decision outcomes, providing a structured yet simplified framework for evaluating alternatives.76 



This makes it particularly suitable for scenarios requiring transparent and efficient decision 
processes in environments characterized by high data variability and uncertainty.

 PIV (Proximity Indexed Value)

The Proximity Indexed Value (PIV) method is a multi-criteria decision-making (MCDM) 
approach that addresses the rank reversal issue commonly observed in methods such as AHP, and 
VIKOR.77 A key advantage of the PIV method is its ability to recalibrate rankings efficiently when 
alternatives are added or removed, eliminating the need to restart the decision-making process. 
This is achieved by establishing a direct relationship between solution scores and criteria, as 
demonstrated in its integration with the Design of Experiments (DOE) methodology.78 The PIV 
method has been successfully applied in optimizing industrial processes. For example, it has been 
combined with the Taguchi method to identify optimal process parameters, such as cutting velocity 
and feed rate, for minimizing surface roughness and maximizing material removal rates (MRR) in 
milling operations.79 The method’s adaptability extends to fuzzy environments, where the Fuzzy 
Proximity Index Ranking method has been developed to handle decision-making uncertainties.80 
Moreover, the PIV method has demonstrated reliability and consistency in diverse applications, 
such as selecting E-learning platforms, where its results aligned closely with those obtained from 
other MCDM methods.81 Its effectiveness in avoiding rank reversal is further validated in turning 
process evaluations, where it outperformed methods like RAFSI by ensuring stable rankings across 
various weighting schemes.82 Overall, the PIV method’s computational simplicity, reliability, and 
capacity to integrate with other frameworks make it a valuable tool for multi-criteria evaluations 
across industrial and technological domains.

 OCRA (Operational Competitiveness Ratings Analysis)

The Operational Competitiveness Ratings Analysis (OCRA) method is an effective MCDM 
technique for ranking alternatives based on multiple, often conflicting, criteria. The method is 
frequently integrated with other techniques, such as Step-wise Weight Assessment Ratio Analysis 
(SWARA), to enhance decision-making processes. For instance, the combination of OCRA and 
SWARA has been applied in hotel selection problems, demonstrating its practical utility.83 The 
OCRA methodology follows a structured approach, beginning with the identification and 
structuring of the decision problem, followed by specifying the criteria relevant to the 
evaluation.84,85 Performance measurements are then conducted, with alternatives being scored 
against these criteria. Weights are typically assigned using methods such as SWARA, ensuring 
alignment with decision priorities.86 The weighted scores are applied to rank the alternatives, with 
sensitivity analysis often conducted to assess the robustness of the rankings under varying 
conditions.87 The structured nature of OCRA ensures transparency and comprehensiveness, which 
are critical in complex decision-making environments, such as healthcare and industrial 
applications.88,89 Case studies have validated the method’s effectiveness, demonstrating its ability 
to solve complex selection problems while correlating well with established MCDM techniques.90 
Overall, the OCRA method provides a systematic and transparent framework for evaluating 



alternatives, making it a robust tool for addressing multi-criteria decision problems across various 
disciplines.



Supplementary Figure 3. Visual representation of the linkages between criteria and 
alternatives using a chord diagram, where the thickness of each band indicates the 
relative weight or impact.



Supplementary Figure 4. The Monte Carlo simulation results for TOPSIS method.



 
Supplementary Figure 5. The Monte Carlo simulation results for TODIM method.



Supplementary Figure 6. The Monte Carlo simulation results for ROV method.



Supplementary Figure 7. The Monte Carlo simulation results for PSI method.



Supplementary Figure 8. The Monte Carlo simulation results for PIV method.



Supplementary Figure 9. The Monte Carlo simulation results for OCRA method.



References

1 A. Aftab, A. Hassanpouryouzband, H. Naderi, Q. Xie and M. Sarmadivaleh, J. Energy 
Storage, DOI:10.1016/j.est.2023.107252.

2 A. Yilmaz, S. O’Brien, P. Thies, P. Das and E. Oterkus, in Volume 8: Offshore Geotechnics; 
Petroleum Technology, American Society of Mechanical Engineers, 2024.

3 A. Aftab, A. Hassanpouryouzband, A. Martin, J. E. Kendrick, E. M. Thaysen, N. 
Heinemann, J. Utley, M. Wilkinson, R. S. Haszeldine and K. Edlmann, Environ. Sci. 
Technol. Lett., 2023, 10, 551–556.

4 O. A. M. Zamani and D. Knez, Energies, 2024, 17, 3586.
5 K. W. Chang and T. S. A. Ross, in 58th U.S. Rock Mechanics/Geomechanics Symposium, 

ARMA, 2024.
6 J. D. Minougou, R. Gholami and S. Poirier, Gas Sci. Eng., 2024, 126, 205336.
7 C. Han, A. Cader and M. Brownless, First Break, 2021, 39, 85–93.
8 R. Derakhshani, L. Lankof, A. GhasemiNejad, A. Zarasvandi, M. M. Amani Zarin and M. 

Zaresefat, Energies, 2024, 17, 3677.
9 M. Schlichtenmayer, M. Rockenschaub, T. Wagler, D. Schneiders and R. Presse, Chemie 

Ing. Tech., 2024, 96, 1310–1319.
10 N. Dopffel, B. A. An-Stepec, P. Bombach, M. Wagner and E. Passaris, Int. J. Hydrogen 

Energy, 2024, 58, 1478–1485.
11 N. Heinemann, J. Scafidi, G. Pickup, E. M. Thaysen, A. Hassanpouryouzband, M. 

Wilkinson, A. K. Satterley, M. G. Booth, K. Edlmann and R. S. Haszeldine, Int. J. Hydrogen 
Energy, 2021, 46, 39284–39296.

12 A. Laalam, H. A. K. Chellal, H. Khalifa, A. Benarbia, O. S. Tomomewo and M. K. Benabid, 
in 58th U.S. Rock Mechanics/Geomechanics Symposium, ARMA, 2024, p. D032S038R013.

13 F. Chen, B. Chen, S. Mao, M. Malki and M. Mehana, Energy & Fuels, 2024, 38, 4733–4742.
14 R. AL homoud, M. V. B. Machado and H. Daigle, in SPE Energy Transition Symposium, 

SPE, 2024.
15 J. Cunqi, H. Jinchuan and S. Kamy, in 58th U.S. Rock Mechanics/Geomechanics 

Symposium, ARMA, 2024.
16 R. Dehury, S. Chowdhury and J. S. Sangwai, Int. J. Hydrogen Energy, 2024, 69, 817–836.
17 A. Khanal, M. I. Khan and M. F. Shahriar, in SPE Western Regional Meeting, SPE, 2024.
18 M. Saeed and P. Jadhawar, Int. J. Hydrogen Energy, 2024, 52, 1537–1549.
19 E. R. Okoroafor, in 58th U.S. Rock Mechanics/Geomechanics Symposium, ARMA, 2024.
20 S. R. Thiyagarajan, H. Emadi, A. Hussain, P. Patange and M. Watson, J. Energy Storage, 

2022, 51, 104490.
21 A. Hassanpouryouzband, E. Joonaki, K. Edlmann and R. S. Haszeldine, ACS Energy Lett., 

2021, 6, 2181–2186.
22 R. Aluah, A. Fadairo, O. Opeyemi, R. Ni and I. Foerster, in SPE Energy Transition 

Symposium, SPE, 2024.
23 P. Panja, E. Edelman, C. Vega-Ortiz, R. Sorkhabi and M. Deo, in 58th U.S. Rock 

Mechanics/Geomechanics Symposium, ARMA, 2024.
24 M. Ciotta and C. C. G. Tassinari, Res. Soc. Dev., 2024, 13, e5513846130.
25 A. Shojaee, S. Ghanbari, G. Wang and E. G. Mackay, in SPE Europe Energy Conference 

and Exhibition, SPE, 2024, p. D031S020R004.
26 A. K. L. Limaluka, E. Yogarajah, N. Hiroyoshi, M. Abu-AlSaud, D. K. Cha and S. C. 

Ayirala, SPE J., 2024, 29, 5690–5701.



27 D. Zivar, S. Kumar and J. Foroozesh, Int. J. Hydrogen Energy, 2021, 46, 23436–23462.
28 M. Masoudi, A. Hassanpouryouzband, H. Hellevang and R. S. Haszeldine, J. Energy 

Storage, 2024, 84, 110927.
29 S. O. Bade, K. Taiwo, U. F. Ndulue, O. S. Tomomewo and B. A. Oni, Int. J. Hydrogen 

Energy, 2024, 80, 449–474.
30 X. Liu, W. Chen, J. Yang, X. Tan, C. Yang, H. Ding and L. Xie, J. Energy Storage, 2024, 86, 

111051.
31 K. Qiu, S. Li, Z. Wang, Z. Wan and S. Zhao, Int. J. Hydrogen Energy, 2024, 58, 605–620.
32 Z. Sun, J. Wu, A. Fager and B. Crouse, Int. J. Hydrogen Energy, 2024, 80, 1021–1029.
33 D. Gajda and M. Lutyński, Energies, 2022, 15, 2663.
34 D. R. Damasceno, J. Spross and F. Johansson, J. Rock Mech. Geotech. Eng., 2023, 15, 119–

129.
35 Y. K. Patanwar, H.-M. Kim, D. Deb and Y. K. Gujjala, Int. J. Hydrogen Energy, 2024, 50, 

116–133.
36 E. Ebrahimi, M. R. Fathi and S. M. Sobhani, J. Appl. Res. Ind. Eng., 2023, 10, 203–217.
37 S. Iranfar, M. M. Karbala, M. H. Shahsavari and V. Vandeginste, J. Build. Eng., 2023, 66, 

105864.
38 M. Baumann, M. Weil, J. F. Peters, N. Chibeles-Martins and A. B. Moniz, Renew. Sustain. 

Energy Rev., 2019, 107, 516–534.
39 S. K. Yadav, D. Joseph and N. Jigeesh, Int. J. Serv. Oper. Manag., 2018, 30, 23.
40 J. Basakayi, Int. J. Eng. Res., DOI:10.17577/IJERTV8IS040468.
41 A. Zubiria, Á. Menéndez, H.-J. Grande, P. Meneses and G. Fernández, Energies, 2022, 15, 

7612.
42 E. Haktanır and C. Kahraman, Expert Syst. Appl., 2024, 239, 122382.
43 M. Gao, T. Sun and H. Dai, Int. J. Inf. Commun. Technol., 2017, 11, 12.
44 I. M. Sharaf, Soft Comput., 2023, 27, 4403–4423.
45 F. S. Alamri, M. H. Saeed and M. Saeed, Int. J. Hydrogen Energy, 2024, 49, 711–723.
46 A. G. Olabi, M. A. Abdelkareem, M. Mahmoud, M. S. Mahmoud, K. Elsaid, K. Obaideen, 

H. Rezk, T. Eisa, K.-J. Chae and E. T. Sayed, Int. J. Hydrogen Energy, 2024, 52, 854–868.
47 X. Shu, R. Kumar, R. K. Saha, N. Dev, Ž. Stević, S. Sharma and M. Rafighi, Sustainability, 

2023, 15, 4707.
48 F. Ciardiello and A. Genovese, Ann. Oper. Res., 2023, 325, 967–994.
49 O. A. Bafail, R. M. S. Abdulaal and M. R. Kabli, Systems, 2022, 10, 107.
50 C. Acar, E. Haktanır, G. T. Temur and A. Beskese, Int. J. Hydrogen Energy, 2024, 49, 619–

634.
51 P.-L. Chang, C.-W. Hsu and C.-M. Hsiung, in Proceedings of 2012 3rd International Asia 

Conference on Industrial Engineering and Management Innovation (IEMI2012), Springer 
Berlin Heidelberg, Berlin, Heidelberg, 2013, pp. 907–917.

52 D. Sun, D. Guo and D. Xie, Sustainability, 2023, 15, 1088.
53 D. Li, X. Le, J. Pang, L. Peng, Z. Xu, C. Gao and J. Xie, J. Micromechanics 

Microengineering, 2019, 29, 045007.
54 E. Fallahnia and S. Nabavi, Microsyst. Technol., 2021, 27, 2033–2039.
55 M. Abouhawwash, M. Jameel and S. S. Askar, Multicriteria Algorithms with Appl., 2023, 1, 

31–41.
56 J. Więckowski, W. Sałabun, B. Kizielewicz, A. Bączkiewicz, A. Shekhovtsov, B. 

Paradowski and J. Wątróbski, Int. J. Knowledge-based Intell. Eng. Syst., 2023, 27, 367–393.



57 Q. Qin, F. Liang, L. Li, Y.-W. Chen and G.-F. Yu, Appl. Soft Comput., 2017, 55, 93–107.
58 M. Lin, H. Wang and Z. Xu, Artif. Intell. Rev., 2020, 53, 3647–3671.
59 J. Fan, M. Wang and M. Wu, J. Intell. Fuzzy Syst., 2023, 45, 7205–7220.
60 J. Zheng, Y. Wang and K. Zhang, Soft Comput., 2020, 24, 7081–7091.
61 A. Elsayed, Neutrosophic Optim. Intell. Syst., 2024, 3, 41–56.
62 Z. Lu and Y. Li, Sustainability, 2023, 15, 3708.
63 R. M. Madic M, 

https://www.scientificbulletin.upb.ro/rev_docs_arhiva/full4e8_598887.pdf.
64 B. Ülker, Kybernetes, 2015, 44, 623–645.
65 A. K. Nennioğlu, A. Abdulvahitoğlu and A. Dal, Ocean Eng., 2024, 312, 119261.
66 A. A. Dalhatu, A. M. Sa’ad, R. Cabral de Azevedo and G. de Tomi, J. Offshore Mech. Arct. 

Eng., DOI:10.1115/1.4055476.
67 E. M. Hala, M. Anwar and Z. Abdelhamid, 2024, DOI: 10.21203/rs.3.rs-4125064/v1.
68 J.-D. Caprace, M. I. Lourenço De Souza, C. Violante Ferreira and E. Ribeiro Nicolosi, in 

Volume 10: Professor Ian Young Honouring Symposium on Global Ocean Wind and Wave 
Climate; Blue Economy Symposium; Small Maritime Nations Symposium, American 
Society of Mechanical Engineers, 2023.

69 G. Shanmugasundar, K. Kalita, R. Čep and J. S. Chohan, Processes, 2023, 11, 1681.
70 D. D. Trung, N. C. Bao, D. Van Duc, A. Ašonja and B. Dudić, in 2024 23rd International 

Symposium INFOTEH-JAHORINA (INFOTEH), IEEE, 2024, pp. 1–7.
71 B. D. Rouyendegh and Ş. Savalan, Sustainability, 2022, 14, 4835.
72 G. Yannis, A. Kopsacheili, A. Dragomanovits and V. Petraki, J. Traffic Transp. Eng. 

(English Ed., 2020, 7, 413–431.
73 M. M. Salih, B. B. Zaidan and A. A. Zaidan, Appl. Soft Comput., 2020, 96, 106595.
74 A. Batwara, V. Sharma, M. Makkar and A. Giallanza, Sustain. Futur., 2024, 7, 100201.
75 M. Akram, A. Luqman and C. Kahraman, Appl. Soft Comput., 2021, 108, 107479.
76 S. K. Sahoo and S. S. Goswami, Decis. Mak. Adv., 2023, 1, 25–48.
77 N. Z. Khan, T. S. A. Ansari, A. N. Siddiquee and Z. A. Khan, J. Comput. Educ., 2019, 6, 

241–256.
78 T. Duc and T. Ngoc, J. Appl. Eng. Sci., 2023, 21, 361–373.
79 N. L. Khanh and N. Van Cuong, Int. J. Mech., 2021, 15, 127–135.
80 S. Mufazzal, N. Z. Khan, S. M. Muzakkir, A. N. Siddiquee and Z. A. Khan, J. Ind. Prod. 

Eng., 2022, 39, 42–58.
81 P. N. Toan, T.-T. Dang and L. T. T. Hong, Mathematics, 2021, 9, 3136.
82 D. D. Trung, H. X. Thinh and L. D. Ha, Int. J. Metrol. Qual. Eng., 2022, 13, 14.
83 A. T. Işık and E. A. Adalı, Int. J. Adv. Oper. Manag., 2016, 8, 140.
84 M. Niewada and A. Zawodnik, J. Heal. Policy Outcomes Res., 2019, 1.
85 P. Hansen and N. Devlin, in Oxford Research Encyclopedia of Economics and Finance, 

Oxford University Press, 2019.
86 S. H. Zolfani and P. Chatterjee, Symmetry (Basel)., 2019, 11, 74.
87 C.-N. Wang, S.-D. Syu and N.-L. Nhieu, IEEE Access, 2024, 12, 35081–35096.
88 V. Diaby and R. Goeree, Expert Rev. Pharmacoecon. Outcomes Res., 2014, 14, 81–99.
89 C. Labianca, S. De Gisi and M. Notarnicola, in Assessing Progress Towards Sustainability, 

Elsevier, 2022, pp. 219–243.
90 S. H. Mousavi-Nasab and A. Sotoudeh-Anvari, Mater. Des., 2017, 121, 237–253.


