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Abstract

:

This paper presents the application of risk analysis associated with the multicriteria decision method, through the MAHP (Monte Carlo analytic hierarchy process) technique for mining. As an example of application, the problem of choosing an access and transportation route for an underground mine is addressed. A decision can be made based on a technical, economic, and social-environmental approach. As a topic of interest for the modeling of mining projects, this work presents how the technique can qualify the decision-making process, reducing its subjectivity. It is verified that in comparison with the traditional AHP (analytic hierarchy process) method, the risk analysis allows considering the variability of weights and preferences assigned to criteria and options. In the example case, the following options are evaluated: shaft, ramp by diesel or electric truck, and conveyor belt.
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1. Introduction


In the mining sector, the initial stages of studies (conceptual, pre-feasibility, and feasibility) are of great importance for determining the necessary investments for project development. During these stages, decisions must be made regarding key options for the projects. In the case of underground mining, these options may include the adopted mining method, type of access, location of structures, beneficiation process, among others. These decisions may be left to the designer or project team; however, in terms of initial studies, these decisions can be made based on different criteria. Several tools are available to aid in decision-making in such stages. These range from cost-focused project modeling estimates [1,2,3], the incorporation of ESG—environmental-social-governance criteria [4,5]—to algorithms specifically designed for choosing mine access and transportation [6].



Given the variance in outputs that different models and tools tend to produce based on individual criteria, the prospect of incorporating multicriteria decision-making methods, including the well-established analytic hierarchy process (AHP) and others, becomes more intriguing. These methodologies offer a structured framework for decision-making that can effectively accommodate a range of diverse criteria simultaneously, leading to more comprehensive and well-informed decision-making processes.



By definition, the initial stages of projects carry a high degree of associated risk, meaning that the outcome may vary around the expected result. To incorporate this variability into analyses, among various techniques, the Monte Carlo simulation is already being applied and integrated into various processes in the mining sector [7,8,9].



Thus, by combining these two techniques, it is possible to incorporate and consider variabilities in the multicriteria decision-making process. To illustrate the application, this paper presents the process undertaken on a hypothetical underground mine case study, considering different criteria and the incorporation of ESG aspects.



Underground Mine Acess Selection


The choice of underground access types, including equipment access, personnel, supplies, and production flow, tends to take into account economic factors. Several authors have debated the topic, such as McCarthy and Livingstone [10], who present comparisons between shaft and inclined plane regarding the cost of execution and production flow. However, the initial choice tends to be based on cases of success or so-called ‘golden rules’, which are also structured based on successful cases, as compiled by Vergne [11].



According to Skrzypkowski et al. [12], the choice of mine access should primarily consider factors such as the type of access structure (related to rock/deposit composition, length of transport routes, mining method, and volume of excavated materials). Additionally, the authors mention that the increase in natural hazards with mining depth, such as pressure on rock masses and climatic conditions, significantly influences the selection and placement of the access [12].



Another alternative for the choice of access and transportation is the use of flowcharts (Figure 1), as proposed by Vergne [11], Moser [13], and Cardozo [6], which presents an algorithm for determining the type of access to be operated, considering input parameters such as depth, production, and rock mass quality. Due to their practical applicability, such algorithms are widely used for conceptual studies in mining. However, it should be noted that their adherence rate is lower to 71% [6] for the update presented in Figure 1.



The following Table 1 presents the compilation of the main works related to cost estimation and support for the choice of exploitation method. It is worth noting that works such as Salama [14], Gonen et al. [15], Rupprecht [16], and Elevli et al. [17] present discretized costs, which are compiled and presented in more detail by Cardozo [6]. As a reference for access cost estimates, the Mafmine 3.1 model [4] provides Capital Expenditure (CAPEX) and Operational Expenditure (OPEX) estimates for ramp, shaft, and conveyor belt for conceptual projects of underground mines. These estimates are based on updates of the O’Hara (1980) and O’Hara and Sobolewski [3] models.



However, there is not an absolute alignment between the choices indicated by algorithms and the choices made in real projects, as pointed out by Cardozo et al. [18]. This fact leads to the possibility of considering different criteria for decision-making, including criteria beyond the so-called technical-economic ones. Thus, creating a suitable scenario for the application of the multicriteria analysis methodology.





2. Materials and Methods


For the case study, the methodology was applied to a project in the initial stages of studying the option of a polymetallic underground mine. The location chosen was the region of Caçapava do Sul, RS, located approximately 350 km away from Porto Alegre.



The Caçapava do Sul region has a history of mining activity due to the occurrence of polymetallic deposits and fertilizers (limestone and phosphate). Both open-pit and underground mines (sublevel stoping) have been established in the region, with new projects being researched in recent years. The rural area has low population density and an economy focused on agricultural activities. The main water resource in the region is the Camaquã River, and the climate is considered temperate.



A deposit with a reserve of 20 million tons was considered, with an estimated average daily production of 7 kilotons, assuming 350 days per year. The resources were indicated as 1.8% of Zn, 0.08% of Cu, 27 g/t of Ag, and 1.89% of Pb [19]. In terms of geometry, a subvertical body is considered, with an average depth of 450 m and an average thickness of 6 m, mined with sublevel toping mining method. The geological formation consists of sedimentary and metamorphic rocks, conglomerates, gneisses, sandstones, shales, and marbles. The majority of the rock formations are outcropping, and the rock masses have good mechanical resistance. Thus, it is inferred that there is a small soil thickness, and the rock mass has a strength equal to or greater than class III (Rock Mass Rating—RMR greater than 41) on average. These characteristics are consistent with real projects proposed in the region. Based on these characteristics, pairwise comparisons of options were made against the criteria, and the relative importance of each criterion was evaluated.



2.1. Multicriteria Decision-Making


Parreiras [20] introduces us to the concept of optimality presented by Pareto (previously introduced) and also highlight the issue that multiple objectives have multiple optimal solutions. Although in a real application, in the case of choosing the execution of an alternative, only one is selected. Thus, the alternative that is more satisfactory across different criteria simultaneously is chosen.



In these terms, multicriteria analysis aims to assist the decision-maker and/or designer (or both) facing a problem that presents different choice criteria. It is common for cases where one alternative optimally meets one criterion, and another alternative is more attractive in another criterion. The classical approach to multicriteria analysis has its roots in mathematical models and rigid axioms, which have been criticized by the current field of operations research. This, in turn, currently focuses on decision-makers (actors). This approach forms the basis for the analytic hierarchy process (AHP) method proposed by Saaty [21].



Parreiras [20] and others mention different multicriteria analysis methods that were subsequently developed to address different choice problems. It is well known that the preferences of human decision-makers derive, change, and are based on their particular concept of values, as well as on interactions with other decision-makers. Therefore, uncertainty, imprecision, and ambiguity are inherent aspects of decision-making. However, classical approaches based on binary logic tend to represent human preferences using simple models that take into account precise and well-defined human judgment [20].



According to Dahri and Abida [22], AHP represents a powerful tool for analyzing complex decision problems based on a multicriteria evaluation approach, generally involving incommensurable data or factors. The methodology presented by Saaty [21] involves the evaluation of criteria and options pairs to assign weights (w) to them and combine them into a final hierarchy. Saaty [21] proposes a reference scoring scale for preferences to standardize the application of the methodology, as illustrated by Table 2.




2.2. Monte Carlo AHP


Most studies that address the Monte Carlo simulation to expand the traditional AHP method follow the sequential logic of AHP. The majority of these studies focus on simulating pairwise preferences [23,24,25], with some examining the variability presented directly in the weights; however, both paths should converge to the same result.



Applying the Monte Carlo simulation to the deterministic results obtained from AHP provides statistical tools, such as the coefficient of variation, which aids decision-makers in selecting options that may not differ significantly in numerical terms. Furthermore, it enables the assessment of uncertainty over the judgment and the incorporation of various opinions into the AHP decision matrix, from different specialists, as a probability function distribution.



A systematic literature review conducted in the principal engineering scientific databases did not find the application of the Monte Carlo simulation AHP methodology for the selection of underground mining accesses. On the other hand, the procedure was previously executed for mining method selection [26,27]. A comprehensive review of the use of multicriteria decision-making methods for mining method selection was presented by Namin, Ghadi, and Saki [28].



Hauser and Tadikamalla [29] propose one of the earliest risk approaches in AHP, suggesting that pairwise evaluations be randomly generated from predefined probability distributions (e.g., triangular and uniform distributions). This procedure differs from traditional AHP, in which pairwise comparisons are deterministic and specified by decision-makers with intervals between 1 and 9 on Saaty’s scale [21]. Other possibilities in MAHP extensions include sensitivity analysis to identify sources of variation [30].



In the most common approach, the consideration of a probability function is incorporated into each preference (       a   i j    ¯    ), which, according to algebraic principles and probability theory, corresponds to a probability distribution in the weight vector (       w   n    ¯  )   .


    A  ¯  =          a   11    ¯    …       a   1 n    ¯      ⋮   ⋮   ⋮         a   1 n    ¯    …       a   11    ¯       ∴        n   w   1    ¯      ⋮         n w   n    ¯        



(1)







Another option presented is the development of matrices (An) for pairwise evaluation, followed by the generation and adaptation of probability function for the weights (       w   n    ¯  )    based on the outputs obtained.


        A   1   =        a   11   1     ⋯     a   1 n   1       ⋮   ⋯   ⋮       a   1 n   1     ⋯     a   1 n   1                A   2   =        a   11   2     ⋯     a   1 n   2       ⋮   ⋯   ⋮       a   1 n   2     ⋯     a   1 n   2                ∴        n   w   1    ¯      ⋮         n w   n    ¯               A   3   =        a   11   n     ⋯     a   1 n   n       ⋮   ⋯   ⋮       a   1 n   n     ⋯     a   1 n   n             



(2)







This second option is applicable when there is a range of n decision-makers to be considered; on the other hand, the first approach is well-suited to the case of a decision-maker who assumes variability in their pairwise preference decisions. It is worth noting that in both options, the summation of the weights (expected or mean) can result in values other than zero, unlike the traditional deterministic AHP.





3. Results and Discussion


3.1. AHP for Mine Acess Selection


Considering the possibility of different criteria in different spheres for the selection of underground mine access type and transportation route, such as the problem of selecting the mining method, the AHP technique can be applied to consider different criteria in the decision-making process. Furthermore, it enables the integration of the ESG approach into the decision-making process. In this way, multicriteria analyses, particularly the hierarchical methodology, can evaluate non-stochastic criteria. When applying the AHP method to assess the relative importance of items, weights are assigned based on the understanding of their relevance. For instance, a company with a need for positioning in a zone or scope where sustainability is a significant factor will tend to assign greater weight to items related to emissions/environmental costs compared to another company operating in a short-term scope or where these factors are not considered relevant. The following figure (Figure 2) represents the structure of a multicriteria analysis for the choice of mine access based on different criteria, considering the options: ore hoisting via a vertical shaft, transport through a spiral ramp with electric or diesel trucks, and the use of an inclined belt conveyor (decline).



In the analysis, all options are evaluated against all selected criteria, each of which should have specific weights that are then weighted against the scores obtained by the options. One important detail to note is that although there may be a ranking and subsequent scoring for the economic evaluation criterion, resulting in a numerical outcome, in multicriteria analyses of projects, it is common for this criterion to be treated separately (given more weight).




3.2. Application of Traditional AHP for Mine Acess Selection


In the traditional analytic hierarchy process (AHP), pairwise comparisons of options are conducted for each criterion selected. The comparisons were carried out based on the proposed values by Cardozo [6], as shown in Table 3, Table 4, Table 5, Table 6 and Table 7, to establish a weighting system. Local priority for each option in the comparison matrix was determined as the mean value of the corresponding option row in a normalized version of the matrix. The normalized matrix is obtained by dividing each value in the comparison matrix by the sum of its respective column. The hierarchy derived from these comparisons is used for further decision-making processes.



Banda [31] emphasizes the need for decision-makers to be professionals linked to the area. In the case of mining projects, it is recommended that the decision-makers are mining engineers, geologists, mining production engineers, managers, and directors, among others. In the example, the weights were discussed by the authors.



Considering the available and established information for the synthetic project, a pairwise comparison of the criteria was established. Table 8 below presents the decisions made to define the priority vector.



The process of analyzing the consistence of pairwise comparison was conducted in each matrix presented above. To achieve this, the procedure proposed by Saaty was utilized and the maximum eigenvalue (   λ   ) of each matrix was calculated from Equation (3), where w is the local priority vector and A is the pairwise comparison matrix.


  λ =     ∑  i = 1   n          w   A · w       i       n    



(3)







To obtain the Consistency Index (CI) of the matrices, Equation (4) was utilized, where n is the order of the matrix A.


  C I =   λ − n   n − 1    



(4)







None of the comparisons should have a Consistence Ratio (CR), higher than 0.1 (10%), which is the ratio of the matrix’s CI in relation to the RI index (CI/RI) proposed by Saaty for the matrix dimensions. The CR values obtained for Table 3, Table 4, Table 5, Table 6, Table 7 and Table 8 were 0.06, 0.05, 0.09, 0.01, 0.07 and 0.03, respectively.



Finally, by crossing the local priorities of the options with the criterion priority vector, the global priority vector of the options is obtained. It is observed that, for the example at hand, the global priority is achieved by the option of ramp by diesel truck, closely followed by the option of ramp by electric truck, as presented in Table 9.




3.3. Application of MAHP for Access Selection


For the execution of the MAHP methodology, the previously presented proposal was utilized. The priority of criteria already defined in the traditional AHP (Table 9) was used, applying variability to the normalized priority vector. For considering the variability, normal distributions were chosen, and the limits suggested by Banda [32] from Table 10 were adopted, assuming these as the standard deviation for the criteria. The @Risk 8 software, by Palisade Help Resources, was employed for the operationalization of the Monte Carlo simulation, simulating 5000 scenarios. It is worth noting that the larger the number of simulations, the smaller the error associated with the analysis, as indicated by Silva, F. [33].



Figure 3 presents the results of the simulations of the priorities of the access and transport options. It is observable that the option of a ramp for diesel trucks remains the global priority over the others. It is noteworthy that in the probabilistic analysis, there are scenarios where the option for electric trucks presents a higher priority than the others. It is noticeable that the distributions of scenarios between the options for diesel and electric trucks are partially overlapping.



It is worth noting the dispersion of the results, which is graphically expressed in the histograms and numerically in the standard deviations (a measure of variation) of the simulated values of each option.



Table 11 presents the statistical summary of the simulation compared to the deterministic priorities estimated by the traditional AHP. It is notable that due to the choice of using normal distributions in the priority vector of the criteria, the mean of the output distributions tended toward the deterministic value. However, it is observable that the differences in the standard deviations and subsequently in the coefficients of variation (the ratio between the standard deviation and the mean) presented by each option, which are relevant.



Figure 4 presents the priorities of the access/transport options obtained from the execution of the Monte Carlo simulation by a triangular distribution. It is evident that the option of a ramp for diesel trucks remains the global priority. Similar to the results from the normal distribution, scenarios are observed where the option for electric trucks presents a higher priority than the others. It is evident that the distributions of scenarios between the options for diesel and electric trucks partially overlap.



Table 12 presents the statistical summary of the simulation compared to the deterministic priorities estimated by the traditional AHP, as results from the application of the methodology through a triangular distribution. It is noticeable that the differences in the standard deviations and subsequently in the coefficients of variation presented by each option, are significantly lower than those present in Table 11, by the normal distributions. The lower values obtained are related to the characteristics of the distribution’s models.



In Figure 5, the variation option is presented, inserted over the weights assigned to each criterion, unlike the previous options where variability was introduced over the local priorities. For this purpose, a triangular distribution was used, as in the previous example. It is observed that in this option, there is a greater divergence between the values of the global priority of the first and second options (with less curve overlap).



Table 13 presents the statistical summary of the triangular distribution simulation over the weights, compared to the priorities estimated by the traditional AHP deterministically. Although the overlapping of priorities has diminished, it is noticeable higher values of standard deviation and variation coefficient.





4. Conclusions


The application of the AHP methodology with deterministic values indicated that the option of using a ramp as mine access and diesel trucks for ore transport is the preferred choice for the case studied. Thus, its preference did not significantly differ numerically, with a value of 0.524, when compared to the 0.468 obtained by the ramp with electric trucks option. This result has implied the necessity of statistical tools, provided by the assessment of risk analysis, and the consideration of uncertainty with the addition of the Monte Carlo simulation.



The simulations carried out on the case study revealed a preference for the option of access and transportation via ramp and diesel trucks. The second preferred option was the use of a ramp using electric trucks, which showed a lower coefficient of variation dispersion in the simulations. In a scenario where the simulated priorities are similar, the coefficient of variation should be taken into account for decision-making. This suggests choosing the option that presents the lower variability in simulated priority.



Considering the simulations run with different probability distribution models it can be expected that differences occur in the variances of the results. In the example, the probability distributions considered were symmetrical and there were no differences between the priorities simulated. However, with non-symmetrical models, differences in the results would be expected.



The application of the Monte Carlo simulation in the multicriteria evaluation process is feasible for decision-making processes in mining, such as in the case of choosing the type of access. It is observed in the results that although the simulated priorities were virtually identical to the deterministic priorities (traditional AHP), obtaining distributions makes it possible to evaluate and compare the dispersions of the coefficient of variation. In the example, if the options between electric and diesel trucks presented similar priorities, MAHP would indicate the option of a ramp for electric trucks. However, the simulations conducted in different scenarios emphasize the necessity to define the input variability strategy and distribution model.



The simulations carried out indicate that normal distributions showed greater dispersion compared to the option of a triangular distribution. Compared to other applications, there is a similarity to the results and conclusions regarding the applicability in engineering studies and particularly in decision-making during initial stages in mining. It is evident that the quality of the results depends on the input data and the models adopted for simulations. Therefore, the application of MAHP in conceptual and pre-feasibility studies is recommended, even if based on primary data and/or industry estimates, as in the case discussed.



Suggestions for futures research on the application of the AHP and/or MAHP methodologies:




	
Explore the adaptation and automation of procedures to enhance practicality for industrial applications.



	
Address issues related to pairwise comparisons involving a large quantity of criteria.



	
Evaluation of the best distribution model for criteria and weights adopted by stakeholders in the mining sector.
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Figure 1. Algorithm for choosing access and transport. 
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Figure 2. Multicriteria Analysis Model for Mine Access/Transportation Selection. 
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Figure 3. Distributions of priorities presented in the Monte Carlo simulation by normal distribution. 
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Figure 4. Distributions of priorities presented in the Monte Carlo simulation by triangular distribution. 
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Figure 5. Distributions of priorities presented in the Monte Carlo simulation by triangular distribution on weights. 
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Table 1. Papers with cost approach in mine access and transportation.






Table 1. Papers with cost approach in mine access and transportation.





	Author
	Focus
	Key Points





	Elevli et al. [17]
	Evaluation of shaft or ramp for an underground chromite mine.
	Evaluation of the alternative based on the Net Present Value (NPV) of the options. Lower CAPEX for Shaft to depth of 370 m. Higher OPEX for Ramp from 390 m.



	Rupprecht [16]
	Evaluation of inflection depth in the choice between shaft and ramp for the South African case.
	Evaluation of the alternative based on operating cost. Cost differentiation by truck capacity for ramps. Higher OPEX for ramp from 200 m. Inflection point deepens as truck or shaft capacity increases.



	Gonen et al. [15]
	Evaluation of transportation (ramp, shaft, or belt conveyor) as a function of OPEX.
	Evaluation of the alternative based on production rate and depth of exploitation. For production rates up to 300 ktpa, ramp up by truck is most economical. For high production, rates and depths greater than 250 m Shafts are the most economical alternative.



	Salama [14]
	Evaluation of transportation alternatives based on NPV and use of event simulations.
	Evaluation of alternative for different depths (>1000 m). Presents the share of energy cost for the different exploration options. Belt conveyor is the most economical alternative for mines deeper than 1000 m. The OPEX of the diesel truck option is the most sensitive to energy cost increases and that of shafts is the lowest.










 





Table 2. Saaty’s scale for pairwise comparison in AHP methodology.






Table 2. Saaty’s scale for pairwise comparison in AHP methodology.





	Verbal
	Numeric





	Equal importance
	1



	Moderate importance
	3



	Strong importance
	5



	Very Strong importance
	7



	Extreme importance
	9







2, 4, 6 and 8 are intermediate values.













 





Table 3. Pairwise Comparison Matrix for the Flowchart Criteria.






Table 3. Pairwise Comparison Matrix for the Flowchart Criteria.





	Option
	Shaft
	Ramp Diesel
	Ramp Electric
	Belt Conveyor
	Local Priority





	Shaft
	1.00
	0.33
	0.33
	5.00
	0.19



	Ramp Diesel
	3.00
	1.00
	1.00
	5.00
	0.40



	Ramp Electric
	3.00
	1.00
	1.00
	5.00
	0.40



	Belt Conveyor
	0.20
	0.20
	0.20
	1.00
	0.07










 





Table 4. Pairwise Comparison Matrix for the “Economic Evaluation” Criteria.






Table 4. Pairwise Comparison Matrix for the “Economic Evaluation” Criteria.





	Option
	Shaft
	Ramp Diesel
	Ramp Electric
	Belt Conveyor
	Local Priority





	Shaft
	1.00
	0.20
	0.20
	5.00
	0.12



	Ramp Diesel
	5.00
	1.00
	1.00
	9.00
	0.42



	Ramp Electric
	5.00
	1.00
	1.00
	9.00
	0.42



	Belt Conveyor
	0.20
	0.11
	0.11
	1.00
	0.04










 





Table 5. Pairwise Comparison Matrix for the “Energetic Risk” Criteria.






Table 5. Pairwise Comparison Matrix for the “Energetic Risk” Criteria.





	Option
	Shaft
	Ramp Diesel
	Ramp Electric
	Belt Conveyor
	Local Priority





	Shaft
	1.00
	0.50
	0.33
	1.00
	0.15



	Ramp Diesel
	2.00
	1.00
	3.00
	3.00
	0.45



	Ramp Electric
	3.00
	0.33
	1.00
	1.00
	0.23



	Belt Conveyor
	1.00
	0.33
	1.00
	1.00
	0.16










 





Table 6. Pairwise Comparison Matrix for the “Emissions/Environmental Cost” Criteria.






Table 6. Pairwise Comparison Matrix for the “Emissions/Environmental Cost” Criteria.





	Option
	Shaft
	Ramp Diesel
	Ramp Electric
	Belt Conveyor
	Local Priority





	Shaft
	1.00
	5.00
	0.33
	1.00
	0.21



	Ramp Diesel
	0.20
	1.00
	0.11
	0.20
	0.05



	Ramp Electric
	3.00
	9.00
	1.00
	3.00
	0.54



	Belt Conveyor
	1.00
	5.00
	0.33
	1.00
	0.21










 





Table 7. Pairwise Comparison Matrix for the “Social” Criteria.






Table 7. Pairwise Comparison Matrix for the “Social” Criteria.





	Option
	Shaft
	Ramp Diesel
	Ramp Electric
	Belt Conveyor
	Local Priority





	Shaft
	1.00
	0.14
	0.20
	1.00
	0.07



	Ramp Diesel
	7.00
	1.00
	5.00
	5.00
	0.60



	Ramp Electric
	5.00
	0.20
	1.00
	3.00
	0.23



	Belt Conveyor
	1.00
	0.20
	0.33
	1.00
	0.09










 





Table 8. Normalized Criteria Matrix.






Table 8. Normalized Criteria Matrix.





	Criteria
	Flowchart
	Economic

Evaluation
	Energetic

Risk
	Env. Cost

/Emissions
	Social
	Local

Priority





	Flowchart
	1.00
	2.00
	5.00
	3.00
	2.00
	0.46



	Economic Eval.
	0.50
	1.00
	5.00
	3.00
	2.00
	0.35



	Energetic Risk
	0.20
	0.20
	1.00
	1.00
	0.33
	0.09



	Env. Cost/Emis
	0.33
	0.33
	1.00
	1.00
	0.33
	0.11



	Social
	0.50
	0.50
	3.00
	3.00
	1.00
	0.25










 





Table 9. Local Priorities Matrix and Global Priorities.






Table 9. Local Priorities Matrix and Global Priorities.





	Option
	Flowchart
	Economic

Evaluation
	Energetic

Risk
	Env. Cost

/Emissions
	Social
	Global

Priorities





	Shaft
	0.19
	0.12
	0.15
	0.21
	0.07
	0.181



	Ramp diesel
	0.40
	0.42
	0.45
	0.05
	0.60
	0.524



	Ramp electric
	0.40
	0.42
	0.23
	0.54
	0.23
	0.468



	Belt conveyor
	0.07
	0.04
	0.16
	0.21
	0.09
	0.102










 





Table 10. Suggestions of Weights Assigned per Criterion and Possible Range of Variations.






Table 10. Suggestions of Weights Assigned per Criterion and Possible Range of Variations.





	Nature of the Criteria
	Criteria
	Criteria Average
	Variation





	Technical
	Flowchart
	0.47
	Δ20%



	Economic/Financial
	Economic Evaluation
	0.28
	Δ40%



	Environmental
	Energetic Risk
	0.16
	Δ40%



	Environmental
	Emissions/Environmental
	0.16
	Δ40%



	Social
	Social
	0.10
	Δ40%










 





Table 11. Summary of Global Priorities by MAHP (normal distribution) and statistics.






Table 11. Summary of Global Priorities by MAHP (normal distribution) and statistics.





	Option
	Deterministic Priority
	Priority for Simulation
	Standard

Deviation
	Variation Coefficient





	Shaft
	0.181
	0.18124
	0.02712
	0.149834



	Ramp diesel
	0.524
	0.52440
	0.09365
	0.178721



	Ramp electric
	0.468
	0.46822
	0.07784
	0.166325 *



	Belt conveyor
	0.102
	0.10185
	0.01597
	0.156569







* Lower coefficient of variation between the two prioritized options.













 





Table 12. Summary of Global Priorities by MAHP (triangular distribution) and statistics.






Table 12. Summary of Global Priorities by MAHP (triangular distribution) and statistics.





	Option
	Deterministic Priority
	Priority for Simulation
	Standard

Deviation
	Variation Coefficient





	Shaft
	0.181
	0.18124
	0.01110
	0.06126



	Ramp diesel
	0.524
	0.52440
	0.03785
	0.07218



	Ramp electric
	0.468
	0.46822
	0.03176
	0.06783 *



	Belt Conveyor
	0.102
	0.10185
	0.00654
	0.06421







* Lower coefficient of variation between the two prioritized options.













 





Table 13. Summary of Global Priorities by MAHP and Statistics, obtained using a triangular distribution on the weights.






Table 13. Summary of Global Priorities by MAHP and Statistics, obtained using a triangular distribution on the weights.





	Option
	Deterministic

Priority
	Priority for

Simulation
	Standard

Deviation
	Variation

Coefficient





	Shaft
	0.181
	0.22741
	0.02211
	0.09722



	Ramp diesel
	0.524
	0.51477
	0.04437
	0.08619



	Ramp electric
	0.468
	0.42837
	0.03657
	0.08537 *



	Belt conveyor
	0.102
	0.102684
	0.010058
	0.09795







* Lower coefficient of variation between the two prioritized options.
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