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Abstract. The growing demand for robust Decision Support Systems (DSS) highlights
the need for methods that enhance decision-making under uncertainty, particularly when
criteria weights in multi-criteria evaluations are unknown. This study presents a novel
approach for addressing Multi-Criteria Decision-Making (MCDM) problems where
precise criteria weights are uncertain, focusing on drone selection for challenging,
remote locations. Using the MultiAttributive ldeal-Real Comparative Analysis
(MAIRCA) method, the research explores a range of criteria weight scenarios with
various distributions, enabling a more comprehensive evaluation. A key innovation is the
integration of fuzzy ranking techniques to aggregate results from multiple assessments,
enhancing the robustness of decision outcomes. This approach overcomes the limitations
of traditional ranking aggregation methods, providing a more reliable understanding of
the stability and reliability of recommendations. By offering a more adaptive and
uncertainty-resilient framework, this study advances multi-criteria decision analysis and
improves reliability of recommendations provided by decision support systems in
problems in which criteria weights remain unknown. Furthermore, it equips decision-
makers with deeper insights into the reliability of recommendations, empowering more
confident decision-making in complex, uncertain environments.
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1. INTRODUCTION

In the complex landscape of decision-making today, operational research is
fundamental for effective management [1]. Given the multitude of factors that must be
considered in intricate decision problems, Decision Support Systems (DSS) provide
essential tools to aid decision-makers [2,3]. Multi-Criteria Decision Analysis (MCDA)
methods are commonly employed to navigate the complexities of real-world scenarios in
a structured manner [4]. These methods enable the construction of decision models tailored
to specific criteria, including their significance adjusted to the given requirements [5]. The
effectiveness of MCDA methods has been repeatedly demonstrated in practical
applications, including business analytics [6], sustainable development [7,8], and
engineering problems [9,10].

Despite the widespread use and ongoing development, MCDA methods present notable
challenges for decision-makers [11]. A primary issue is selecting an appropriate evaluation
method, as different methods may yield varying results for the same decision problem, as
stated in the literature [12,13]. Another significant challenge is determining the relevance
of criteria [14]. Criteria weights are crucial input data for many MCDA methods and have
a visible influence on the final results [15]. Various approaches were developed to simplify
identifying criteria relevance [16,17], but their reliability can be inconsistent. Objective
weighting methods, which rely solely on data from the decision matrix, may lead to
misleading results [18]. Conversely, subjective weighting methods can suffer from biases
or inaccuracies in expert judgments, potentially skewing obtained outcomes [19]. A major
difficulty arises when the relevance of criteria is unknown, reflecting scenarios where
decision-makers lack information about the multi-criteria problem or cannot precisely
define criteria importance but still seek to understand potential outcomes. New approaches
are needed to provide a robust and reliable analysis of decision problems despite
incomplete input data.

The problem of unknown criteria weights is common in real-world scenarios, especially
in fields related to engineering problems [20,21]. Decision-makers and stakeholders often
lack a full understanding of the complex nature of decision problems, which limits their
ability to make informed choices [22]. This uncertainty is further compounded when there
is hesitation about the relevance of different criteria, complicating the decision-making
process [23,24]. As a result, there is a clear need for comprehensive approaches that explore
the decision problem space under various criteria weight vectors. By analyzing the criteria
weight space in depth, the robustness of recommendations can be improved, and decision-
makers' awareness of possible outcomes can be enhanced. Furthermore, this approach
generates multiple individual results based on different weight distributions, which must
be aggregated into a final ranking reliably. However, current methods for aggregating
results obtained from multiple assessments scenarios are limited [25]. While they produce
a single consensus ranking [26], they fail to provide a detailed overview of how individual
rankings change, leaving decision-makers without a full understanding of the implications
of each scenario [27]. This raises the question of whether a more effective method of
presenting results from diverse evaluation scenarios could better support informed
decision-making.

Thus, to enhance the comprehensiveness of supporting decisions in complex problems,
it is important to provide robust frameworks for evaluating decision variants. Exploring
decision problems with criteria weight vectors with different distributions of values could
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lead to a more nuanced understanding of the outcomes, especially in problems where
uncertain conditions of criteria weights occur. Existing approaches for aggregating results
from multiple evaluation scenarios often fall short in presenting insights from individual
recommendations, highlighting the need for more effective result representation
techniques. For this purpose, this paper is directed toward evaluating multi-criteria decision
problems under unknown criteria weight values. The proposed approach extensively
explores the space of criteria weight scenarios and uses the MultiAttributive Ideal-Real
Comparative Analysis (MAIRCA) method to evaluate considered decision variants [28].
The problem of selecting drone for accessing remote and challenging locations is used to
verify the effectiveness of the presented evaluation procedure. Moreover, this study applies
a novel fuzzy ranking concept to examine the robustness of evaluation outcomes across
assessment scenarios. The comparative analysis with selected weighting methods and
compromise solution techniques are presented to examine the stability of the results. The
proposed work aims to support decision-makers and enhance the understanding of the
reliability of recommendations, leading to equipping decision-makers with deeper insights
into complex decision problems under uncertain conditions of criteria weights. The main
contributions of the study are:

¢ Providing a comprehensive framework for assessing multi-criteria decision-making

problems under uncertain conditions of criteria weights;

e Demonstrating the effectiveness of the proposed approach in a practical problem of

drone selection for accessing remote and challenging locations;

e Conducting a comparative analysis of selected weighting methods and compromise

solution techniques to examine the stability and reliability of the results.

The rest of the paper is organized as follows. Section 2 shows the preliminaries of the
methods used in the study with the procedure used for criteria weights generation, the main
assumptions of the MAIRCA method, and the description of a fuzzy ranking approach.
Section 3 presents a case study with the evaluation of drones for accessing remote and
challenges locations under uncertain conditions of criteria weights. Section 4 presents the
results obtained, while Section 5 comparatively analyzes the outcomes from selected
methods. Finally, Section 6 draws conclusions from the research and indicates future
development directions.

2. PRELIMINARIES

2.1 Criteria Weights Generation Procedure

Exploring the decision problem space by including all possible vectors of criteria
weights in the evaluation process allows for a comprehensive assessment of each criterion's
potential relevance within the considered problem. Given the requirement that criteria
weights must sum to 1, each of the generated weight vector must satisfy this condition. The
criteria weights generation procedure that could be used to determine the weights vectors
that represent different importance of criteria in the problem is presented in Fig. 1.
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Require: Step s, Number of criteria n

1: weights_points =11
2: procedure RECURRENCE_WEIGHTS(n, weights_points)

3: ifn==2then

4: for /in range(weights_points + 1) do

5: Write results(/, weights_points - /)

6: end for

7: return results

8. else

9: for i in range(weights_points + 1) do

10: for rest in RECURRENCE_WEIGHTS(n - 1, /) do
1: Write results(weights_points - i, rest)
12: end for

13: end for

14: return results

15: end if

16: end procedure

Fig. 1 Visualization of the procedure used for criteria weights generation

The provided procedure can be adjusted to set the precision of criteria weight vector
generation. The parameter s controls the step between weight values and can influence both
the number of generated vectors and the variation of values distribution between
consecutive vectors. This parameter directly affects the accuracy of the results: smaller
values produce a larger number of scenarios to evaluate, improving the precision of the
analysis. However, this also requires more computational resources, increasing the time
complexity.

2.2 The MAIRCA Method

The MultiAttributive ldeal-Real Comparative Analysis method was developed to
promote alternatives with the smallest combined gap, which are treated as the closest to the
ideal [29]. It proves to be highly stable, even when criteria are adjusted [30]. The method's
effectiveness relies on measuring the gap between ideal and actual weights. The MAIRCA
method can be applied through a five-step process, illustrated in Fig. 2.

MAIRCA method

STEP 1 STEP 2 STEP 3 STEP 4 STEP 5

Determine the Create a Create Calculate the Calculate the
preference for theoretical the real total gap final values of

alternatives in ranking matrix rating matrix matrix the criterion
decision matrix functions

Fig. 2 Visualization of subsequent steps of the MAIRCA method
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2.3 Fuzzy Ranking Approach

In contrast to traditional methods of aggregating MCDA results from multiple evaluation
scenarios, the fuzzy ranking approach is based on calculating how often each alternative
appears in specific ranking positions and then determines the membership degrees, which
reflect the robustness of the results obtained [31]. The fuzzy ranking produces a two-
dimensional matrix that represents the membership degrees of alternatives, giving
decision-makers a detailed view of the uncertainty and stability of the ranking positions.
By addressing the shortcomings of conventional aggregation methods, this approach offers
a more comprehensive and informed perspective in multi-criteria decision analysis. The
procedure used for calculating the fuzzy ranking is presented in Fig. 3.

Require: Rankings from multiple assessments R

1 Mgpank = zeros(len(alternatives), len(alternatives))
: for each ranking in R do
for each alternative (a) in alternatives do
for each position (p) in range(1, len(ranking)) do
Mgrank(a,p) += 11 ranking ,) == position else 0
end for
end for
Mrank(a) = Mrank(s) / 1€n(R)
end for

PERY PR 2

Fi

g. 3 Flowchart presenting steps for calculating the fuzzy ranking

3. STuDY CASE

This study presents a methodology aimed at enhancing decision-making in multi-criteria
problems where criteria weights are uncertain. The proposed approach utilizes a systematic
procedure to generate a range of criteria weight scenarios that thoroughly explore the
decision space. The level of precision in this exploration can be adjusted by modifying the
step parameter, allowing for a balance between detailed analysis with finer weight
increments and improved computational efficiency with larger steps that produce fewer
weight combinations. These weight scenarios are then applied within the MAIRCA method
to assess the alternatives across different weight distributions. While various MCDA
methods are available, the MAIRCA method is chosen due to its proven performance
across multiple applications and problem domains [32,33]. Its robustness has been verified
in numerous studies, establishing solid foundations for developing reliable decision models
within the MCDA field [34,35]. The resulting rankings are analyzed using a fuzzy ranking
approach, which offers a more comprehensive and nuanced presentation of the findings,
helping decision-makers make better-informed decisions.

The proposed work addresses the growing need for effective solutions in accessing
remote and challenging locations, a significant concern in today's landscape. In problems
connected to planning and management, particularly site accessibility, drones offer a
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transformative approach to reach areas that are otherwise difficult or unsafe to access,
enhancing operational efficiency and safety. This research provides insights into
optimizing drone selection, which is essential for improving logistical operations and
expanding capabilities in various industrial and engineering applications. The criteria
considered in the drone selection problem are presented in Table 1, with name of the
criterion, its label, unit and type.

Table 1 Criteria set considered in the problem of drone selection evaluation

Name Label Unit Type
Price C1 EUR Cost
Maximum flight distance Cc2 KM Profit
Maximum flight time C3 min Profit
Battery power C4 mAh Profit
Megapixels of camera C5 MP Profit
Maximum 1SO C6 ISO Profit
Weight c7 grams  Cost
Width C8 mm Cost

Based on the identified criteria, the specifications of six selected drones were gathered
and stored in the decision matrix, presented in Table 2.

Table 2 Decision matrix showing specification of selected drones used for the
multi-criteria evaluation

Alternative  C1 Cc2 C3 C4 C5 C6 C7 C8
Al 547717 225 32 3350 48 6400 898 440
A2 3084.30 7.0 30 5870 20 12800 1390 300
A3 4728.48 30.0 46 5000 20 6400 899 283
A4 3791.06 7.0 30 5870 20 6400 1380 225
A5 541541 320 45 5000 48 25600 920 347
A6 3656.86 32.0 45 5000 20 6400 915 347

Using the defined input data, the evaluation of drones was conducted through multi-
criteria decision analysis. Traditional assessments within the MCDA field assume that
criteria weights are accurately defined and known, which could simplify the evaluation
process as it could not reflect the actual importance of criteria. Moreover, significant
challenges arise when the importance of criteria weights is uncertain. Standard approaches
in the literature often involve objective weighting methods that derive criteria relevance
from the decision matrix data. A major limitation of this approach is that it produces a
single vector of criteria weights, which may not reflect the true importance of the criteria
and covers only one of multiple possible criteria weight vectors.

To address this challenge, a more effective solution could be to analyze multiple
scenarios to evaluate the robustness of the results under varying conditions. It also enables
assessing a given decision problem, even with the criteria relevance remaining completely
unknown. To bridge this gap, the proposed research extensively explores the decision
problem space by generating combinations of criteria weights with a defined resolution,
covering the whole decision problem space. It allows for examining the single decision
problem with multiple weighting scenarios which translates into more robust outcomes,
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especially in problems with unknown criteria weight values. For this analysis, the weight
generation step was set to 0.05 to ensure high precision in exploring the decision space.
The generated weighting scenarios were then applied within the MAIRCA method to
assess the alternatives. The resulting multiple rankings from different scenarios were used
to calculate a fuzzy ranking matrix, providing a detailed analysis of the robustness of the
ranking order under performed evaluations.

4. RESULTS

Following the procedure outlined in Fig. 1, combinations of criteria weight vectors were
generated for 8 criteria with a step size of 0.05. A sample of these resulting weight vectors
is shown in Table 3. The procedure produced a total of 50,388 scenarios to cover all
possible combinations for the 8 criteria vector. It can be seen that the number of obtained
scenarios is substantial, as the procedure generates criteria weights for the examined
decision space with high resolution. With bigger values of steps, the number of scenarios
could be reduced. Nevertheless, the proposed extensive approach allows for a thorough
evaluation of the decision problem space under various criteria weight distributions,
providing in-depth insights into the outcomes across different conditions.

Table 3 Sample of criteria weights vectors generated with the presented procedure using
step of 0.05

Scenario  Cl C2 C3 C4 C5 C6 C7 C8
S1 0.05 0.50 0.05 0.05 0.05 0.05 0.05 0.20
S2 0.10 0.45 0.05 0.05 0.05 0.05 0.05 0.20
S3 0.06 0.40 0.05 0.05 0.05 0.05 0.05 0.20
S4 0.08 0.35 0.05 0.05 0.05 0.05 0.05 0.20
S5 0.10 0.30 0.05 0.05 0.05 0.05 0.05 0.20

S50388  0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.65

The evaluation process utilized the generated criteria weight scenarios to assess the
decision matrix shown in Table 2 using the MAIRCA method. Each weight vector from
the possible combinations was applied individually, and the resulting rankings were
gathered for further analysis. In total, 50,388 rankings were generated from this evaluation
process. These rankings were used to calculate a fuzzy ranking, which was achieved by
counting the occurrence of each alternative at specific ranking positions and normalizing
these values to determine membership degrees. These degrees indicate the robustness of
the results. Fig. 4 illustrates the fuzzy ranking matrix derived from the calculations,
represented as a heatmap. This matrix displays the membership degree of each alternative
for each ranking position, ranging from 0 (indicating no membership degree for that
position) to 1 (indicating strong confidence in that position).
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Fuzzy Ranking (step 0.05)
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Fig. 4 Heatmap representing results of the calculated fuzzy ranking based on 50,388
evaluation scenarios using step of 0.05

From the obtained results, it could be seen that the alternative A5 was the most robust
selection under the examined space of decision problem with a given step of 0.05. This
decision variant visibly outperforms other drones, obtaining a membership degree value of
1.00, while the second-best drone (A6) for the 1st position reached the value of 0.11. For
the second position in the ranking, it could be seen that two alternatives reached high
membership degree values. Alternative A6 obtained a value of 1.00, while alternative A3
reached the certainty of 0.70 regarding the recommendation to be placed in the 2nd
position. Similar cases can be seen for the rest of the positions in the ranking where small
differences between subsequent positions and classified alternatives are notices regarding
the obtained membership degree values. The smallest difference between the alternatives
can be observed for the 4th position, where Al reached 1.00 membership degree and A2
obtained a value of 0.90, also showing high certainty of being placed in this position.

5. COMPARATIVE ANALYSIS

The obtained results were analyzed with a critical evaluation of the proposed
methodology's efficiency and effectiveness. To validate the robustness of the results,
further experiments compared the outcomes generated using different step sizes in the
criteria weight scenarios. Specifically, scenarios with step sizes of 0.10 and 0.04 were
contrasted with the primary step size of 0.05. This comparison assesses how variations in
step size affect the number of generated scenarios and, consequently, the precision of the
decision space exploration. By analyzing these different resolutions, the study aimed to
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determine the impact of step size adjustments on the overall accuracy and computational
efficiency of the evaluation process.

Additionally, the comparative analysis involves benchmarking the proposed approach
against selected weighting techniques and compromise solution methods. This comparison
includes evaluating traditional weighting methods and various aggregation techniques to
determine how well the proposed methodology performs in aggregating and interpreting
results. The effectiveness of the fuzzy ranking approach is tested against these conventional
methods to highlight its advantages and limitations. By integrating results from different
weighting and aggregation techniques, the study examined how the proposed approach
holds up in practice in multiple scenarios evaluation, providing a comprehensive
understanding of its effectiveness and reliability in multi-criteria decision-making
scenarios.

5.1 Impact of the Step Size in Weights Generation Procedure

The substantial difference in the number of generated vectors with varying step sizes
highlights the trade-off between precision and computational efficiency. With a step size
of 0.10, only 36 vectors are generated, providing a simplified but computationally
manageable overview of the decision space. Using a step of 0.04 to generate the weighting
vectors provided 346,104 scenarios, offering finer resolution and more detailed exploration
of the criteria weighting space, albeit at the cost of slightly increased computational
complexity and time required. However, with today's computational capabilities, this is not
a demanding task for personal use machines, as long as the results are not to be obtained
in real time. On the other hand, striving for greater accuracy using step 0.02 would produce
85,900,584 scenarios which could be challenging to process. While the finer step size
improves the precision of the analysis and potentially yields more robust results, the higher
computational burden may limit its practical applicability in large-scale problems.

Fuzzy Ranking (step 0.10) Fuzzy Ranking (step 0.04)
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Fig. 5 Heatmaps of fuzzy rankings obtained based on generated weighting scenarios
using steps of 0.10 and 0.04

Despite the significant difference between the number of weighting scenarios generated
with the examined steps of 0.10 (36) and 0.04 (346,104), in Fig. 5, it can be seen, that the
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obtained fuzzy rankings do not differ substantially. The most visible difference can be
observed for the 3rd position and the case of alternative A6, where it obtained the
membership degree values of 0.25 and 0.78 for steps of 0.10 and 0.04, respectively. For
the more general evaluation using step 0.10, the same alternatives reach the highest
membership degree values as in the case of assessment with step 0.04. The alterations can
be observed for the 4th and 6th positions, where for the step of 0.10 the alternatives A2 and
A4 obtained the highest membership degree and were ranked 4th and 6h, respectively. For
the lower step of 0.04, the alternative Al was recommended as the most robust choice for
4th and 6th place, showing that with evaluated weighting scenarios, it can be stated with
the same certainty that it could be ranked in those positions.

5.2 Comparison of Weighting Techniques

To thoroughly evaluate the proposed approach, the study compared it against several
established weighting methods, including Angle [36], Entropy [37], Gini [38], MEthod
based on the Removal Effects of Criteria (MEREC) [39], and Integrated Determination of
Objective CRIteria Weight (IDOCRIW) [40]. These methods were used to determine the
criteria weights and assess their impact on decision outcomes. For calculating consensus
rankings, the study employed Borda Count [41], Dominance Directed Graph (DDG) [42]
and Rank Position [43] methods. The calculations were performed with the pymcdm tool
[44] and pysensmcda library [45]. By comparing these traditional consensus techniques
with the fuzzy ranking results, the study aimed to analyze how well each method aligns
with the proposed approach and its ability to handle uncertain criteria weights. This
comparison helps to provide insights into the robustness and reliability of the proposed
methodology relative to established practices.

Table 4 Rankings calculated based on using selected objective weighting methods for the
problem of drones evaluation

Alternative Angle Entropy  Gini MEREC IDOCRIW -Y2%Y

ranking
Al 4 3 Z 7 > z
A2 5 5 5 5 5 4
A3 3 4 3 3 4 3
A4 6 6 6 6 6 6
A5 1 1 1 1 1 1
A6 2 2 2 5 3 5

Table 4 presents the rankings of considered drones evaluated using five objective
weighting methods. The obtained rankings revealed general consistency across the
methods but also highlighted several differences. Alternative A5 was consistently ranked
highest across all methods, indicating strong performance regardless of the weighting
approach. Conversely, alternative A4 was ranked lowest in all cases, reflecting its relatively
weak performance. Alternatives A2 and Al showed variability, with A2 placed highest in
all methods except IDOCRIW, where it was ranked second, while A1’s positions ranged
from second to fourth. Alternatives A3 and A6 varied regarding assigned positions, with
A3 performing slightly better in the Angle, Entropy, and IDOCRIW methods compared to
A6, which has a more uniform placement across examined methods. The results obtained
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from the proposed approach, which involved generating a comprehensive set of weighting
scenarios to explore the entire decision space, aligned closely with those derived from
traditional objective weighting methods. However, the proposed approach provided deeper
insights by offering membership degree values that reflect the stability and reliability of
the recommendations. The fuzzy ranking, calculated with a step size of 0.05, revealed that
multiple alternatives were likely to be ranked in the 2nd, 3rd, 4th, 5th, and 6th positions,
highlighting the potential variability in rankings. In contrast, the crisp rankings from the
selected objective weighting techniques offered a more simplified view, lacking the
nuanced information about ranking stability and certainty that the fuzzy ranking approach
provides.

Table 5 shows the consensus rankings for the considered problem using three
different compromise solution methods: Borda count, Dominance Directed Graph, and
Rank Position. The compromise rankings were calculated based on the individual rankings
obtained from the evaluation using generated weighting scenarios from the proposed
procedure and the application of the MAIRCA method.

Table 5 Consensus rankings calculated with selected compromise solution methods

Rank Fuzzy

Alternative Borda DDG - -
position  Ranking

Al 5 5 5 5
A2 4 4 4 4
A3 3 3 3 3
A4 6 6 6 6
A5 1 1 1 1
A6 2 2 2 2

Across the examined methods, alternative A5 was ranked highest, reflecting its superior
performance relative to the others. Conversely, alternative A4 was consistently ranked the
lowest. It is worth noticing that all alternatives were ranked in the same positions despite
applying different compromise solution methods. This consistency underscored the similar
manner of performance of those techniques. Nevertheless, compared to the results obtained
from the fuzzy ranking approach, it also highlighted that these methods provide a simplified
view compared to the detailed membership degree values, which can be particularly useful
when multiple scenarios of assessments are considered.

6. CONCLUSION

Making reliable recommendations in decision-making problems characterized by
uncertainty and unknown criteria weights poses a significant challenge. The evaluation
approach presented in this study, which involves an extensive exploration of the decision
problem space with varying criteria weights, offers a robust and comprehensive solution.
By utilizing a defined step size for generating criteria weights, the presented approach
ensures that recommendations account for diverse input conditions regarding the
importance of criteria. The integration of a fuzzy ranking concept provides decision-
makers with a nuanced perspective, enhancing their ability to make well-informed
decisions. The results from the drone selection problem demonstrate that this approach is
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effective for dealing with unknown criteria weights and offers a more detailed analysis
compared to traditional weighting techniques and compromise solution methods.

However, the study is not without limitations. One significant limitation is the
computational complexity associated with generating and analyzing a large number of
criteria weight scenarios, which can be resource-intensive and time-consuming.
Additionally, the effectiveness of the proposed method may vary with different types of
decision problems and criteria.

Future research should focus on optimizing the procedure to enhance its efficiency for
scenarios involving a large number of criteria. Additionally, exploring the application of
various MCDA methods could reveal whether different techniques yield significantly
different results from fuzzy rankings, providing further insights into the sensitivity of these
methods to changes in criteria weights.

Acknowledgement: The work was supported by the National Science Centre in Poland,
2021/41/B/HS4/01296 (W.S.).
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