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ARTICLE INFO ABSTRACT

Keywords: Increasing global energy demands and sustainability challenges necessitate effective selection frameworks for
MCDM power generation technologies (PGTs) that balance economic, technical, and environmental factors. This
Power generation technologies research proposes a novel methodology based on a hybrid multi-criteria decision-making (MCDM) approach to
i;sf;gt;:?s facilitate informed decision-making in PGT selection. The methodology combines expert evaluations with a

tailored rubric to assess the suitability of different technologies across a range of criteria.

The methodology is applied to a real-world case study framed in the Reffect Africa Project. It was used to
evaluate the suitability of different power generation systems for a remote industrial off grid plant. Results
revealed gasification as the most suitable alternative, despite its higher upfront costs. This finding highlights the
potential of renewable energy sources to serve not only for domestic applications in microgrids but also industrial
purposes in isolated areas, emphasizing the alignment of life-cycle and environmental impact with the growing
recognition of renewable energy as a key driver of sustainable development in underdeveloped areas. This case
study validates the robustness of the proposed framework for industrial energy applications. The findings un-
derscore the flexibility of the methodology, which can adapt to diverse scenarios, including grid-connected and
disconnected contexts, while providing decision-makers with systematic tools to achieve optimal energy

Systematic approach

solutions.

1. Introduction

Amidst a growing global energy demand, the current energy land-
scape faces challenges in balancing supply with demand. Conventional
energy sources are insufficient and contribute to environmental issues,
necessitating a shift towards cleaner and sustainable alternatives such as
renewables.

The industrial sector, constituting 41.9 % of final electricity con-
sumption, stands as the most energy-intensive sector [1], thus playing a
critical role in reducing energy consumption and emissions. Despite the
significant advancements in power technologies’ efficiency, the relent-
less upward trajectory of global energy demand presents crucial chal-
lenges in attaining sustainable development goals. Empirical evidence
underscores that despite the swift proliferation of Renewable Energy
Sources (RES), this trend fails to adequately curb fossil fuel consumption
[1,2]. Particularly in highly industrialized and developing regions,
traditional industrial models hinge on fossil fuel utilization, driven by
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combustion power generation systems esteemed for their expediency,
reliability, flexibility and affordability [3,4]. Nonetheless, recent de-
velopments have rendered this approach less feasible due to erratic fuel
price fluctuations and mounting concerns regarding their environmental
impact [5,6].

Energy planning deals with the selection from the pool of diverse
alternative energy sources and technologies for promotion and imple-
mentation. The increasing preference for RES vis-a-vis fossil fuels is
evident in recent comparative studies focusing on energy supplies [7-9].
Nevertheless, renewable sources do not always emerge as the most
appropriate or feasible alternatives considering economic, environ-
mental and technical requirements [10].

The transition towards sustainable energy sources presents unique
challenges for industrial applications, particularly in the judicious se-
lection of the most appropriate power generation technology. Opting for
the most suitable technology for an industrial project is a crucial deci-
sion that must be made during the project’s nascent stages. At this
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juncture, industrial requirements can vary greatly, contingent upon
factors such as size, location, sector, resource pricing and availability, or
politics [11]. The decision requires a comprehensive evaluation of al-
ternatives based on efficiency [12], cost [13], life-cycle analysis [14,15],
and reliability [16,17]. Multi-criteria decision-making (MCDM)
methods are effective tools for this process, enabling stakeholders to
make informed and objective decisions [18].

Following an extensive review of the literature on power generation
technologies (PGT) selection methods and tools, two facts are apparent:
the existence of a wide variety of approaches and the conspicuous
absence of a universally accepted decision-making protocol. This work
proposes a consistent methodology guided by current specialized
literature.

This paper is organized as follows: Section 2 presents a compre-
hensive literature review identifying research gaps, establishing precise
research objectives, and clarifying the paper’s contributions. Subse-
quently, a description of the proposed methodology and the tools for its
implementation are presented in Section 3. A detailed description of the
case study is presented in Section 4. The results of applying the proposed
methodology and tools are presented and discussed in Section 5. Finally,
Section 6 presents the conclusions, literature review, research gaps, aim
and contributions.

2. Literature review, research gaps, aim and contributions
2.1. Literature review

The study of power generation technologies’ planning presents a
complex challenge. Encompassing energy production, system operation,
technology selection, and management. MCDM methods are commonly
employed to deal with the selection of diverse PGTs.

The first group, “general comparison of technologies”, is composed
of works focused on comparing technologies from a broad perspective,
comparing the adequacy or benefits of renewable with fossil fuel tech-
nologies. For instance, C. Ghenai et al. [19] developed a sustainability
assessment of renewable energy systems using a MCDM model with a
hybrid SWARA/ARAS method. In their study, land-based wind energy
systems ranked as the most sustainable option, followed by solid oxide
fuel cell, phosphoric acid fuel cell, and solar energy systems. C. Wang
et al. [20] developed a hybrid fuzzy MCDM model in Vietnam to suc-
cessfully select an optimal wind turbine supplier whilst maintaining
growth, aiming for a balance between traditional and new alternative
energy sources. D. Aikhuele et al. [21] developed an integrated model to
evaluate renewable energy technologies, ranking the most suitable en-
ergy technologies by taking into consideration their socio-technical and
economic attributes. Kaya and Kahraman [22] used a Fuzzy-MCDM
model to compare technologies such as wind, biomass, solar, CHP, hy-
draulic and nuclear, from a general perspective. Their model out-
performs general comparisons which do not permit the differentiation
between individual assets and their suitability to different contexts.
Solangi et al. [23] outperformed a double MCDM method designed to
evaluate strategies for the implementation of sustainable energy sour-
ces. F. Dell’Anna et al. [24] explored the use of multi-criteria deci-
sion-making analysis to select a near-zero-energy building type in line
with European and international sustainability goals. They employed
the PROMETHEE II method to rank alternatives based on energy con-
siderations, in addition to economic, and non-economic criteria. While
these general comparisons offer valuable insights, their generalization
might limit applicability in specific industrial contexts. Additionally,
these projects favour the use of fuzzy techniques. The integration of
fuzzy methodologies into MCDM tools does simplify decision analysis
but compromises precision due to their inherent ambiguity. The use of
generic rubric exacerbates this issue, underscoring the need for a
balanced approach between simplicity and accuracy in complex
decision-making processes.

The second group, “validation and/or optimization of already
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defined models and systems”, involves works utilizing MCDM tech-
niques to validate predefined models or specific characteristics of
established systems, technologies or facilities. These contributions
focused on how decisions were made during the finishing stages of a
project as opposed to at its initiation. For instance, Arslan et al. [25]
employed a hybrid MCDM methodology to validate the Simav Inte-
grated Geothermal Energy System. Similarly, Mojaver et al. [26]
assessed a combined heat and power solid oxide fuel cell-system in
comparison to experimental data from the literature. Using HOMER
software supported with MATLAB, H. Yazdani et al. [2] proposed the
optimization of hybrid renewable energy systems for large
energy-consuming complexes, identifying the Pareto-optimal mix of
units and the most influential variables on the system’s net cost. M.
Elkadeem et al. [27] developed a decision-making framework inte-
grating spatial investigation, energy-economy-ecology design optimi-
zation and multi-criteria decision-making analysis to select the site and
optimal design of a hybrid renewable energy system in Kenya, leading to
the selection a hybrid solar/wind/diesel/battery system. Y. Ke et al. [28]
proposed a fuzzy framework to select an integrated energy system plan
for urban areas considering residents’ lives, limited energy resources,
and energy efficiency. O. Taylan et al. [29] focused on compressor se-
lection in the petrochemical industry as a multi-attribute decision--
making (MADM) problem. Fuzzy analytical hierarchy process (FAHP)
and methodologies using fuzzy technique for order performance by
similarity to an ideal solution (TOPSIS) for decision-making in a vague
and imprecise environment. Scenario III, which involved turbo com-
pressors of an active system with low specific energy consumption and
heat recovery potential, is identified as the best option among the six
scenarios under consideration.

Despite their valuable insights in the study of decision-making pro-
cesses and their fine-tuning details, it’s necessary to highlight that since
they are employed retrospectively these processes might display
inherent biases.

The third category, “methods for decision-making”, encompasses
works focused on the use of diverse decision-making methods in the
energy technology field without adhering to a standardized and poly-
valent methodology. For instance, L. Kiser and L. Otero [30] developed a
holistic approach using an Analytic Hierarchy Process model to facilitate
the decision-making process for selecting a feasible nuclear power plant
type. Although that study identified potential areas for expansion and
future research, it remained confined to nuclear power plant selection.
B. Nsafon et al. [31] proposed a hybrid model integrating AHP-VIKOR
aiming at renewable energy plans in African rural communities. Their
focus was on hybrid energy systems offering reliability and economic
benefits, providing substantial income from power sales in addition to
savings from carbon pricing. Their study took place within a tightly
defined framework which meant it was overly conditioned to fit the case
study that was utilised. Similarly, the study of T. Witt et al. [32] pro-
posed a combination of scenario planning, multi-criteria decision-mak-
ing, and energy system analysis for the transition to a renewable
electricity supply in Lower Saxony, Germany. While this approach
enhanced problem structuring and fostered stakeholder discussions, its
methodology was somewhat constrained by a focus on renewable
technologies. S. Rekik and S. El Alimi [33] proposed a preliminary
assessment of suitable locations for large-scale wind power plants and
solar photovoltaic plants in Tunisia using GIS and MCDM. The study
identified large suitable areas, providing estimated annual energy out-
puts and thereby aiding policymakers in proactively developing solar
and wind farms. Despite addressing some of the previous studies’
shortcomings, these comparisons predominantly restrict themselves to
closed technology groups (e.g., nuclear technologies [30], renewable
energies [26,27], wind and solar [33]), overlooking alternatives with
diverse characteristics.

Table 1 presents a synthesis of pertinent literature on MCDM appli-
cations for PGT selection, classified into the described three main groups
defined by their objectives, the methods used in each study and the
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Table 1
Review of papers regarding the use of MCDM for PGT selection.
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Approach Ref. Methods Used Technologies analysed
Biomass Solar Wind Battery Others
General comparison of technologies [19] Hybrid SWARA/ARAS v v v
[20] Hybrid fuzzy MCDM model. v
[21] Integrated MCDM model. v v v
[22] Fuzzy-MCDM model. v v v v
[23] Double MCDM v v v v
[24] PROMETHEE II v
Validation and/or optimization [25] Hybrid MCDM methodology. v
[26] Experimental data comparison, HOMER and MATLAB. v
[2] HOMER with Pareto optimization. 4 v v v
[27] MCDM. with energy-economy-ecology optimization, v v v v v
[28] Fuzzy framework. v v v v v
[29] Fuzzy AHP/TOPSIS. v
Decision-making [30] AHP v
[31] Hybrid AHP-VIKOR. v v v v
[32] Scenario planning, MCDM, and energy system analysis. 4 v v
[33] GIS integrated with MCDM. v v

technologies analysed in each study.

2.2. Research gaps

The literature review highlights the diverse applications of MCDM
techniques in the renewable energy sector. However, several research
gaps concerning the decision-making processes for electricity produc-
tion technologies in engineering projects were found:

- Limited applicability: The comparisons of technologies are valuable
for providing a general perspective, yet may lack applicability in
specific case studies within industries and practical contexts [22].
These studies tend to focus on comparing types of technologies, the
most common broad comparisons being those between renewable
and non-renewable [20,23] or those among several renewables [19,
21]. Additionally, these comparisons employ variables, consider-
ations and conditions that might be described as overly particular. It
can be observed in Refs. [14-19].

Inherent biases in retrospective studies: The validation and optimi-
zation of predefined models and systems [20-25] using MCDM
techniques, while valuable for fine-tuning decision-making details,
may harbour inherent biases due to their retrospective nature, and
their predominant focus on highly specific study cases [24,25], a
factor which may limit their objectivity and relevance.

Lack of consensus for techniques and tools: Specially detected in
Refs. [26-29]. A lack of consensus prevails despite generally
following a common process, each study implements different
MCDM techniques and tools. Each MCDM technique exhibits a
particular context-sensitive suitability. Nevertheless, the lack of
consensus may provoke confusion among end-users seeking
guidance.

These gaps and problems highlight the need for more adaptable and
comprehensive approaches to facilitate the decision-making process in
the power generation sector, especially when addressing specific case
studies and integrating different technology options for end users.

2.3. Aim and contribution

This study aims to develop a systematic framework for the early-
stage design and selection of power generation technologies (PGTs) in
industrial applications. The primary objective is to facilitate these pro-
cesses in engineering projects by prioritizing a structured decision-
making approach over purely quantitative outputs. This work pro-
poses a closed methodology comprising a specific rubric designed to

gather the necessary data for implementing an AHP-TOPSIS model. This
methodology is tailored to avoid biases in the selection and design
processes and mitigate the risks of misguided methodology or parameter
choices. By focusing on the decision-making processes, itself, this study
emphasizes transparency and robustness in selecting PGTs, aligning
with the broader aim of promoting better-informed and sustainable
design choices.
The primary contributions of this study include:

Identification of ways to streamline processes in order to simplify the
selection of PGTs potentially reducing both costs and time during the
early stages when PGT installation projects are under study.

- Creation of a comprehensive tool to facilitate the evaluation of
various PGTs, offering valuable guidance and support during the
decision-making process. This tool consists of a closed rubric spe-
cifically designed to gather the necessary data to implement an AHP-
TOPSIS model. By utilizing the rubric, project developers and
decision-makers can systematically assess and compare different
technologies, ensuring an optimal alignment with the specific project
requirements.

Proposal of a closed widely applicable model that takes into
consideration evaluations from multiple experts to reach a
consensus.

Evaluation of the designed rubric and the hybrid AHP-TOPSIS model
through implementation in a real case study involving the selection
of an optimal technology for an olive oil mill in Morocco and the
subsequent sensitivity analysis. This demonstrates the practicality
and effectiveness of the proposed approach, further emphasizing the
significance of the rubric in enabling informed decision-making
within the field of power engineering.

3. Materials and methods

MCDM methodologies are most commonly used to structure and
solve decision and planning problems involving multiple criteria. In
general, methodologies employed to solve these problems are structured
following the steps described in Fig. 1. In the first step, the problem is
defined with the establishment of needs and objectives. Step two in-
volves the identification of decision variables. It includes the selection of
options to be contrasted in addition to the criteria on which that com-
parison will be based. In step three, the most suitable context-dependant
MCDM technique is selected: a needs-specific model focused on the
particular problem and only the relevant variables. The fourth step is
concerned with gathering data and defining the data-collecting tool
(commonly, a rubric, a questionnaire, a test, etc.). Once this tool is
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decision variables for data gathering implementation

Fig. 1. Flowchart of generic methodology.

prepared, step five requires data collection. In the final step, the MCDM
model, is used to perform the comparison, providing an ordered list of
alternatives.

Building upon the general methodology, this article proposes a spe-
cific model to be applied to solve the case of PGT selection in real cases.
By adapting the methodology to a specific problem, it is possible to
streamline the process and provide a readily useable solution for end-
users and researchers.

This involves identifying relevant decision-making variables and
criteria, selecting an appropriate MCDM technique, and creating a data
aggregation tool. Determining the decision variables and criteria is
crucial for the other tasks, so it should be done first. A purpose-built
rubric is an effective tool for data gathering, enabling objective assess-
ment of scores. Selecting the most suitable MCDM method ensures the
technique aligns with the specific problem.

Given that the rubric must accommodate the chosen MCDM, it is first
necessary to choose the most appropriate MCDM technique for the
purpose of PGT selection. Among the MCDM, the TOPSIS technique is
extensively used to solve problems related to the design of engineering
systems [2,34]. This technique ascertains the optimal design solution by
evaluating its proximity in comparison to hypothetical ideal solutions.
Implementing TOPSIS requires two main sets of data, namely, the
weights of the different criterion and the value of each alternative for
each criterion.

In multivariate decision-making, the weight of attributes serves as a
crucial input parameter. Various techniques exist for calculating the
weight of each criterion. The simplest of these involves subjective
weight assignment based on the preferences of decision makers,
ensuring the summation of coefficients equals unity [35]. In contrast,
using mathematical approaches, alternative exist. Hybrid approaches,
such as the AHP technique, incorporate a combination of
decision-maker tendencies and mathematical principles to determine
weighting [36]. Furthermore, the literature for MCDM demonstrates
that algorithms from AHP-based TOPSIS have been utilised extensively
[37,38]. Generally, AHP offers a higher degree of sensitivity as it permits
experts to scale the importance of criteria.

Despite some limitations like dependence on expert selection, The
study selects AHP and TOPSIS as suitable MCDM approaches due to their
proven effectiveness in handling complex decisions with multiple con-
flicting criteria in varied contexts [39-41]. AHP provides a structured
framework for systematically weighting diverse criteria, unilaterally
determining the order of convergence to the best solution. TOPSIS
complements this by excelling in decision-making by its use of mathe-
matical ranking procedures, offering a straightforward ranking mecha-
nism based on the proximity of alternatives to ideal solutions.
Consequently, the hybridization of these two methods can yield more
robust and effective outcomes The proposed hybridization is carried out
using the convergence values obtained from AHP as the weights in the
TOPSIS model [25], creating a robust decision-making framework.
Additionally, it mitigates inherent subjectivity by combining different
evaluations and performing a comprehensive sensitivity analysis to test
the robustness of results against variations in criteria weights.

Based on these considerations, this study advocates an integrated
methodology underscored by purpose-built tools tailored for PGT
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selection. Specifically, this work proposes and describes an AHP-TOPSIS
hybrid model supported by a unique rubric to collate data for PGT se-
lection. Fig. 2 encapsulates the reduction in workload achieved through
the implementation of the proposed methodology.

To enhance comprehension, the remainder of this section is struc-
tured according to the implementation process of the devised method-
ology. Firstly, the rubric used to obtain the income data is described.
AHP, which is used to obtain the weights of TOPSIS’ criteria, is subse-
quently presented. Then, the TOPSIS model, is explained and finally, the
implementation of the proposed methodology and the sensitivity anal-
ysis are highlighted.

3.1. Rubric development

The rubric serves as a comprehensive tool for evaluating the suit-
ability of various electricity generation technologies, providing valuable
guidance and support during the decision-making process. Previous
studies have analysed the distribution and relevance of the primary
criteria governing energy evaluation. In their review, Kaya et al. [42]
examine the distribution of key criteria percentages in energy
decision-making, considering Economic, Social/Political, Environ-
mental, Land use, Risk and Quality Efficiency factors as the main
criteria. Additionally, other studies [7,8,22,43] favoured the selection of
four to five aspects or criteria, namely, Energy, Economic, Technolog-
ical, Environmental and Social factors which are commonly split into a
set of two to five indicators or sub-criteria.

Furthermore, given the dual-purpose nature of this rubric, it is
necessarily organized into two distinct sections. The first is dedicated to
outperforming a pairwise comparison of the criteria, while the second
section is tailormade to address the technical questions necessary for an
objective evaluation of each indicator. A description of each criterion
and their respective indicators ensues.

Based on authors’ technical expertise and the review of relevant
literature, this rubric is composed by six criteria (Cost, Flexibility, Life-
Cycle Impact, Efficiency, Robustness, and Resource Availability), each
with five specific indicators, except cost with four. It requires objective
analysis of specific system data, avoiding general assumptions. Supplier
technical data and machinery specifications are used for some
indicators.

This structured approach aligns with best practices in multi-criteria
decision-making, as highlighted by previous research, and provides a
robust framework for assessing the diverse factors that influence the
suitability and sustainability of energy systems. Below, each criterion
and indicator are described.

Cost. Composed by the indicators: acquisition, installation, mainte-
nance, and fuel costs. It ensures a complete economic assessment, from

To do
@ T o8
% = 550
Hybrid
selection AHP-TOPSIS 2/3 of tasks
Identified and Established reduced
Included in the rubric
rubric
(@) 58
2%, : LY g
\
Already done | ( To do )

Fig. 2. Proposed methodology flowchart.
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capital expenditures (CAPEX) to ongoing operational costs (OPEX). This
cost breakdown provides a clear view of both short, and long, term
economic feasibility.

Flexibility: Its indicators comprise power variation, energy source
replaceability, maximum and minimum load, and modification delay,
assessing technology’s ability to adapt to changing operational condi-
tions. Flexibility is key in integrating energy sources and managing
variable energy loads, for grid stability and operational agility.

Life-Cycle Impact: The inclusion of NOx emissions, waste generation,
recyclability, and contamination risk provide a holistic environmental
evaluation. Life-cycle assessments (LCA) of pollutants and waste
handling are crucial for minimizing long-term environmental impacts.

Efficiency: Composed by performance, working capacity, energy
losses, performance improvements, and Energy Return on Investment
(EROI) measure a technology’s ability to efficiently convert energy. A
higher EROI ensures better energy sustainability, making efficiency a
key metric in comparing technologies.

Robustness: Indicators like adaptability, maintainability, weather
restrictions, and redundancies assess a system’s reliability and resil-
ience, ensuring consistent performance and reducing downtime.

Resource Availability: Composed by Weather-dependence, fuel
compatibility, energy source access, storage, and renewable potential
reflect the availability and sustainability of resources needed for long-
term operation.

3.2. AHP

The Analytic Hierarchy Process (AHP) is a decision-making tech-
nique that allows for a structured and systematic approach to complex
decision-making problems. Introduced in the 1970s by Thomas Saaty
[44], AHP subsequently gained extensive application in diverse fields
including business, engineering, and social sciences.

The AHP technique entails breaking down a complex decision into a
hierarchical structure of smaller, more manageable sub-problems. The
hierarchy is composed of a goal, a set of criteria, and a set of alternatives,
as shown in Fig. 3. The goal represents the ultimate objective of the
decision, the criteria are the factors that are important in achieving the
goal, and the alternatives are the options available for achieving the
goal.

AHP utilizes pairwise comparisons to determine the relative impor-
tance or priority of criteria and alternatives, assigning numerical values
based on decision maker’s subjective judgments. AHP then calculates
the relative weights of both criteria and alternatives, allowing for a
ranked decision. This structured and transparent framework proves
advantageous in scenarios encompassing multiple decision criteria and
involving stakeholders with differing priorities.

AHP analysis was conducted to determine the criteria weighting for
evaluating the performance scores of different PGTs using the TOPSIS
method. The assessment of criteria weights using AHP involved the
following sequential steps [45]:

GOAL

Fig. 3. AHP structure.
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1. Establishing the analysis objective and breaking down the MCDM
into its constituent parts, delineating the aim, the criteria and the
alternatives.

2. Designing the pairwise comparison matrix to assess the relative
significance of one criterion in relation to another. Saaty’s nine-point
scale, which is illustrated in Table 3 [23], is used for this purpose.
The pairwise comparison matrix is structured as shown in Table 4.
The data obtained from the rubric is used to fill the matrix. Based on
the values of the upper diagonal (from 1 to 9), the lower diagonal
values are obtained making its complementary value (1/X), X being
the value of its opposing value in the matrix.

3. Normalization of the pairwise comparison matrix and calculating the
criteria weight. Table 3 represents a normalized pairwise comparison
matrix and the weights of each criterion. The normalized pairwise
comparison matrix and weights are calculated using Eq. (1).

I

wjfaza ,j=1,2,3,...,n @
J‘ZIZaU
i=1

where wj is the value of the jth criterion, a; is the comparative impor-
tance of the ith criterion regarding to the jth criterion, n is the non-
defined number that represents the number of criteria.

4. Evaluating the consistency ratio (CR) of the matrix and verifying its

acceptability. The CR is calculated using Eq. (2).

CI

= 2
CR=17 @
where RI is the random consistency index, whose value is obtained based
on Table 5 and CI is the consistency index, which is obtained according
to Eq. (3).

-n

CI:A"W— 3
n-1

where Anay, is the maximum eigen value according to Eq. (4).

n DG X 0
———ij=1,23,..,n @

A = Z i-1

i=1 t
3.3. TOPSIS

When resolving multivariate decision-making problems, the appli-
cation of MCDA models is a common approach. In this regard, TOPSIS
ascertains the optimal design solution by evaluating its proximity to
ideal solutions and ranking alternatives based on multiple criteria [18].
Fig. 4, displays the concept of distance from the ideal alternative and the
negative ideal alternative. The TOPSIS approach is relatively simple,
logical, and comprehensive compared to other methods [19].

The TOPSIS process is encompassed by the following steps: Creation
of the initial TOPSIS matrix (1); normalization of criteria (2); indicator
weight allocation (3); identification of the hypothetical ideal and
negative ideal solutions (4); evaluation of geometric distances between
alternatives and ideal and negative ideal solutions (5); quantification of
relative distances (6); and finally, the organization of alternatives over a
lower-scored counterpart (7). These steps are described below:

1. Construction of the decision matrix, T, with a m x n order. This
matrix is composed, as shown in Table 6, by four main elements, A;,
Gj, W;, Xjj, where:

e A; is the column of alternatives, it corresponds to the column 1,50 A; =
T;

o C; is the row of criteria, it corresponds to therow 1,s0 C; = Ty

o W; is the row of the weights associated to the corresponding criterion,
it corresponds to the row 2,50 W; = Ty;



Table 2
Rubric, second section.
Crit. Index  Indicator Question Input type & Normalization
Range
Cost (Cq) 111 Acquisition cost What is the total cost needed to acquire the system, including purchase, transport, and associated Numerical: 5*Input/budget
fees? 0-107
Lz Installation cost What is the cost of installing the system, as a percentage of the acquisition cost? Numerical: 5*(Input/100* I;;)/budget
0-100
Ii3 Maintenance cost What is the estimated annual maintenance cost, expressed as a percentage of the acquisition cost? =~ Numerical: 5*(Input/100* I;;)/budget
0-100
Iig Fuel cost What is the projected cost of fuel required to operate the system over a year, expressed as a Numerical: 5*(Input/100* I;;)/budget
percentage of the acquisition cost? 0-100
Flexibility (C2) Iy Power variation capacity What is the maximum variation in power output that the system can handle without experiencing ~ Numerical: Input/100
performance degradation, expressed as a percentage? 0-100
I energy source replaceability Can the system’s energy source be replaced or substituted with another type of energy source? Text: If input = Yes, Norm. Value =1,
Yes/No If input = No, Norm. Value = 0
I Maximum load What is the highest load that the system can reliably support, expressed as a percentage of its rated =~ Numerical: Input/100
capacity? 0-100
Ing Minimum load What is the lowest load at which the system can operate reliably, expressed as a percentage of its Numerical: 1-(Input/100)
rated capacity? 0-100
Is Working regime modification =~ How much time is required for the system to modify its operating regime to accommodate a change = Text: If input = milliseconds, Norm. Value =1,
delay in load demand? milliseconds/ If input = seconds, Norm. Value = 0.75,
seconds/ If input = minutes, Norm. Value = 0.25
minutes
Life-cycle Impact (C3) I3 NOx & COx pollutants Do the system’s emissions contain significant amounts of nitrogen oxides (NOx) and/or carbon Text: If input = Yes, Norm. Value = 1,
oxides (COx)? Yes/No If input = No, Norm. Value = 0
I3 Waste generation Does the system generate solid wastes during its operation? Text: If input = Yes, Norm. Value = 1,
Yes/No If input = No, Norm. Value = 0
I33 Wastes recyclability If the system generates solid waste, are these wastes recyclable or reusable? Text: If I35 input = Yes and I35 input = Yes,
Yes/No Norm. Value = -1,
If I, input = Yes and I33 input = No,
Norm. Value = 1,
If I3, input = No, I33 Norm. Value = 0
I3 Contamination risk Could a potential leakage from the system pose a pollution risk to the soil or the environment? Text: If input = Yes, Norm. Value = 1,
Yes/No If input = No, Norm. Value = 0
I3s Secondary pollution Does the system produce secondary pollution, such as noise, light, or impact on the surrounding Numerical: Input/3
landscape? 0-3
Efficiency (C4): L Performance What is the theoretical maximum efficiency of the system, expressed as a percentage? Numerical: Input/100
0-100
Lo Working capacity Can the system operate continuously, 24/7, without interruption? Text: If input = Yes, Norm. Value = 1,
Yes/No If input = No, Norm. Value = 0
Lis Energy losses What is the average percentage of energy lost during the system’s operation or conversion Numerical: 1-(Input/100)
processes? 0-100
Lua Performance increase Can supplementary components, such as an ORC or heat recovery systems, be added to improve the ~ Text: If input = Yes, Norm. Value = 1,
system’s performance? Yes/No If input = No, Norm. Value = 0
Lis EROI What is the system’s EROI? Numerical: 1/Input
0-100
Robustness (Cs): Is1 Adaptability for Can the system be easily modified to meet specific project requirements? Text: If input = Yes, Norm. Value = 1,
modifications Yes/No If input = No, Norm. Value = 0
Isy Maintainability and Is the system designed for easy maintenance and operation by low qualified workers? Text: If input = Yes, Norm. Value = 1,
operability Yes/No If input = No, Norm. Value = 0
Is3 Weather restrictions Do weather conditions affect the operation or performance of the system? Text: If input = No, Norm. Value =1,
Yes/No If input = Yes, Norm. Value = 0
Is4 Replacements Are replacements readily available and easily accessible? Text: If input = Yes, Norm. Value = 1,
Yes/No If input = No, Norm. Value = 0
Iss Redundancies Does the system include built-in redundancies to ensure reliable operation? Text: If input = Yes, Norm. Value = 1,
Yes/No If input = No, Norm. Value = 0

(continued on next page)
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Table 2 (continued)

Normalization

Input type &

Range

Question

Indicator

Index

Crit.

No, Norm. Value = 1,
Yes, Norm. Value

If input
If input

Text:

Does the system rely on weather-dependent resources, such as wind or solar power?

Weather- dependant resource

Is1

Resources availability (Ce):

=0

Yes/No
Text:

Yes, Norm. Value = 1,
No, Norm. Value

If input

Can the system operate using a variety of fuel types or energy sources?

Compatibility with different

fuel types

Ts2

=0

If input
If input

Yes/No
Text:

Yes, Norm. Value = 1,
No, Norm. Value
Yes, Norm. Value
No, Norm. Value

Are the required energy resources easily accessible near the facility?

Energy sources access

I3

=0

If input

Yes/No
Text:

=1,
0

If input
If input
If input

Does the system have the ability to store energy for use during peak demand periods or when

production dips?

Energy storage

Te4

Yes/No
Text:

Yes, Norm. Value = 1,
No, Norm. Value

Is the system powered by renewable energy sources?

Renewable sources

Ies

=0

If input

Yes/No
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Table 3
Saaty’s point scale.
Point scale Complementary Definition
1 1 Equally preferred
3 1/3 Moderately preferred
5 1/5 Strongly preferred
7 1/7 Very strongly preferred
9 1/9 Extremely preferred
Table 4
Pairwise comparison matrix A = [a;]
Cy Cy Cp
C 1 C-Cy Ci-C,
C 1 1 C,-C
2 Jcy - G 2—Cn
C 1 1 1
" /ci - ¢ /ey —Cy

o Xjis the Sub matrix of values,  representing the assessment of
alternative A; with respect to criterion Cj, so X;; = Ty, wherei = 1,
2,..,mandj =1,2,...,n.

2. Normalization of criteria. The standardization of the decision matrix
allows to non-dimensionalize disparate indicators since the elements
of the decision matrix may not be defined in the same domain. The
standard used is given by Eq. (5), where r; are the normalized values
of each criterion for each alternative:

=1 _jel,..,m 5)

3. Construction of the weighted standardized decision matrix: By allo-
cating the weights to each indicator. Thus every ry is replaced by a
new v;;, which is obtained as follows:

Vi =W Ty (6)
4. Identification of the hypothetical positive-ideal (Aj) and negative-

j
and (8), respectively.

ideal (AT) solutions. These solutions are calculated using Egs. (7)

A = {best (vy) } , ”

— n
A= {worst (vy) }l.:1 8)
where the expression “best” is the minimum operator for non-beneficial
attributes such as cost, and it is the maximum operator for beneficial
indicators. This argument is the opposite for the expression “worst”.

5. Evaluation of the geometric distance between alternatives and
positive-ideal and negative-ideal solutions using Egs. (9) and (10).

D/ = Zml: <vij - vf)2 )]
=

D; = zm; (vij - vjf)z (10)
=

where D} and D; are the Euclidean distance from alternative i to the
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positive-ideal and negative-ideal solutions, respectively. They are used
to calculate the geometric distance between each design and ideal
solutions.

6. Quantification of the relative distances by using Eq. (11).

d-
Cl=—"1t— 11
todf+d; an
where C;' is the overall performance coefficient. It is used to measures
the relative proximity of each alternative to the positive-ideal solutions,
producing a score between 0 and 1.

7. Organization of alternatives in relation to a lower-scoring counter-
part: the alternatives appear in descending order, starting with the
closest to the positive-ideal solution (the greater relative proximity).

3.4. Methodology implementation and sensitivity analysis

The proposed methodology commences by distributing the rubric for
completion among experts actively engaged in the project. Experts are
requested for evaluations using a close rubric they have to follow. This
rubric requests for close answers (yes/no or a number, usually in the
0-100 or 1-9 ranges) as inputs. The data obtained from these experts
serves a dual purpose. First, one section of the rubric gathers input data
for the implementation of the AHP analysis. Second, the remaining
rubric provides the values of the criteria associated with those alterna-
tives considered in the TOPSIS analysis. The interaction between these
tools is depicted in Fig. 5, illustrating their synergy in the decision-
making process. This figure shows how the rubric is divided into two
main sections. The first is used to gather data for AHP, while the second
focuses on the evaluation of characteristics of alternatives according to
the established criteria. AHP results determine criterion weights for
TOPSIS. Subsequently, the resulting values of the assessments, criteria
and alternatives are implemented in the TOPSIS model, which de-
termines the adequacy of each alternative for the case study.

After applying the methodology to the case study, a dual sensitivity
analysis is conducted to explore the effects of varying the most influ-
ential parameters. Firstly, through an iterative process, the two pa-
rameters with the highest relative weights are systematically adjusted
within a range of —25 % to +25 %, while the third parameter served as a
pivot. Variations were implemented in increments of 5 % from their
initial values. The objective is to evaluate the impact of incremental
variations of the criteria on the suitability of each alternative. This en-
ables a thorough examination of the model calibration. Secondly, AHP is
replaced by FAHP to analyse how the experts’ evaluation would vary
when using linguistic assessments for comparison instead of numerical
ones. In this case, the use of a shorter variety of options, together with a
more natural answers is the key to the study.

Finally, a validation process is performed using HOMER Pro software
to determine whether the results of the proposed methodology and AHP-
TOPSIS analysis against the technical analysis are consistent.

To develop a Fuzzy Analytic Hierarchy Process (FAHP) model from a
traditional Analytic Hierarchy Process (AHP) framework, the following
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1. Transformation of Pairwise Comparisons into Fuzzy Numbers: In
traditional AHP, decision-makers express preferences between
criteria using crisp values from a scale of 1-9. In FAHP, linguistic
terms such as “very important,” “equally important,” or “moderately
less important” are used. These linguistic terms are then converted
into fuzzy numbers. Typically, triangular fuzzy numbers (TFNs)

e 1: lower bound, representing the lowest possible value.
e m: middle value, representing the most likely value.
e u: upper bound, representing the highest possible value.

The pairwise comparison matrix A = [a;] in AHP is thus transformed

into a fuzzy pairwise comparison matrix A = [Eij]

2. Construction of Fuzzy Comparison Matrices: Expert judgments are
aggregated to form a fuzzy comparison matrix, A, where each ajisa
TFEN representing the relative importance of criterion, like in tradi-
tional AHP. The fuzzy numbers capture the uncertainty in decision-
makers’ subjective evaluations.

3. Fuzzy Synthetic Extent Analysis: To derive weights from the fuzzy
comparison matrix, the fuzzy synthetic extent analysis method is
utilised. For each criterion i, the fuzzy synthetic extent S; is calcu-
lated as indicated in Equation (12):

= Z;lzlaij

Si==r w1 = (12)

D121y
The operations on fuzzy numbers, such as addition, multiplication,
and reciprocal, are performed to compute the synthetic extent values.

The fuzzy arithmetic used is governed by fuzzy set theory rules, spe-

cifically focusing on a-cut operations and the extension principle.

c1
a\ ’ Ideal choice (A™)
Ds Alternatives

fffffffffffffffffffffffffffff o

Anti-ideal choice (47)

c2
Fig. 4. Graphic depiction of the TOPSIS method [46].
Table 6

Theoretical TOPSIS decision matrix.

e e . . . C C C
modifications are essential. FAHP extends AHP by incorporating fuzzy h - = 2
set theory to manage the vagueness and uncertainty inherent in human Wy W Wa
judgment. The traditional AHP, based on crisp pairwise comparisons, is Ay X11 X12 X1n
modified to incorporate fuzzy logic using linguistic terms, fuzzy Ay X21 X22 X2n
numbers, and specific defuzzification processes, as described below.

A Xm1 Xm2 Xmn
Table 5
Saaty’s random consistency index (RI).
N° of alternatives (n) 1 2 3 4 5 6 7 8 9 10 11 12
RI 0.00 0.00 0.058 0.90 1.12 1.24 1.32 1.41 1.45 1.49 1.51 1.48
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4. Defuzzification: The fuzzy values obtained from synthetic extent
analysis must be converted into crisp values to determine priority
weights. Defuzzification is typically done using the centroid method
or mean of maximum method, as shown in Equation (13), yielding a
crisp score:

Wi:li+mi+ui (13)
3

The crisp values are normalized to derive the final priority weights
for each criterion.

Consistency Check: The consistency of the pairwise comparisons is
verified by calculating the Fuzzy Consistency Index (FCI). The fuzzy
consistency ratio (FCR) is derived in a manner similar to AHP’s consis-
tency ratio (CR), ensuring that the judgments provided are sufficiently
consistent.

4. Study case

The validation of this study’s proposition was substantiated through
its practical application in designing a demonstration installation within
the EU-funded project “Reffect Africa” [47]. Specifically, the method-
ology was applied to the pilot plant in Morocco: the DARA olive mill
(Rehamna province, Marrakesh-Safi). This plant exhibits the following
characteristics: it requires industrial power, it has an isolated electrical
supply, and has convenient, cost-effective access to biomass resources.

The olive mill comprises several buildings and other facilities: an
olive mill building, an enclosed space where the extraction of olive oil
takes place; a water pond in addition to an olive tree plantation.
Currently, as it is off-grid, a locally-rented diesel generator supplies the
electrical energy demands of the olive mill throughout the production
campaign. The description of each system evaluated until the imple-
mentation of the MCDM methodology is provided bellow in Table 7:

To account for the specific context of the olive mill, the methodology
considered the availability of solar radiation, agri-food waste avail-
ability, the limited technical expertise of the workforce and the
remoteness of the closest city, 110 km far from the plant. The power
consumption of the olive oil mill during normal operation is around
20-30 kWe. The peak power consumption is near 55 kWe [48].
Regarding PGTs, photovoltaic system, gasification, biomass, and the
existing diesel generator were evaluated as energy systems. A panel of
ten experts assisted the case study by following the proposed
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methodology. By assessing their evaluations in accordance with the
proposed rubric and implementing the data in the designed MCDM
model, the options were ranked based on their suitability. The selection
of experts was based on availability and literature [2], ensuring
well-rounded representation. Experts cover different fields such as
maintenance, machinery reliability, energy management, power gen-
eration, renewable energies, power plant construction and project
management. This ensured coverage of critical perspectives relevant to
the research problem.

5. Results and discussion

This section is structured to replicate the implementation process.
The incoming data and results of each technique employed (AHP,
TOPSIS) are presented sequentially and followed by a sensitivity
analysis.

5.1. AHP

The initial step involves obtaining values for each criterion. To
accomplish this, a pairwise comparison between the alternatives as
outlined in Tables 3 and 4 and is performed. Experts provide the
assessment data shown in Table 8, in accordance with Table 3. By
inputting this data into the AHP model, the values of each criterion
obtained by each expert are displayed in Table 9 together with their
individual consistency ratios.

Despite the obvious disparity in assessment among the experts, a
common tendency is discernible. Expert 3 consistently gives similar
scores in most comparisons, while experts 1 and 2 exhibit the greatest
relevant disparities regarding cost and flexibility, cost and life-cycle
impact, and cost and efficiency.

Individually, the analysis of experts’ evaluations (E1, Ey, ..., E1g) re-
veals a diversity of criteria preferences. While most of the experts (E; , E,
Es,Es, Eg) prioritize cost-efficiency, reflecting a pragmatic approach,
others (E4,Ee,E9) emphasize life-cycle analysis, highlighting the rele-
vance of sustainability. Meanwhile, there is another group of experts (Ez,
E7, Eg) placing resources availability at the forefront, emphasizing a
reliable availability of energy. In general, flexibility and robustness hold
moderate importance for all, while resource availability appears rela-
tively less significant. These varied preferences underscore the need for
informed, customized technology selection processes that align with

Evaluation of criteria

ey
5 Criterion 1 = W
g o= | e et r! er!on 1
S Criterion 2 = W,
Nl \ Criterion 6 = Wy
L* ————  Evaluation of alternatives
o~
.S TOPSIS
g Criteria 1 ’ Criteria 2 I Criteria 3 \ Criteria 4 I Criteria 5 ’ Criteria 6
Option 1 ( iy Az | @3 | @3 | 14 | @5
Option 2 dyq Qzy | Qaz3 [ as3 | o4 | 4zs
1 Option 3 ) a3, 33 a3 U2 S| BNdss
Option 4 agq A4y Q43 43 Qyq Qs
Rubric X
4 Weights ( w, W, Wa W, Ws We j '

Fig. 5. Model structure.
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Table 7
Evaluated system’s description.
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System Description

Biomass Gasification

Converts biomass into syngas via high-temperature, oxygen-limited conditions. Capital cost is 110k EUR, with low operational costs if agricultural

residues are used. Efficiency is 25-30 %. Life-cycle analysis involves carbon-neutral potential if residues are sustainably sourced but has emissions
associated with transport and syngas combustion. Robust, but dependent on biomass availability. Reliability is good for continuous power, moderate
flexibility for variable loads. Heat recovery systems can enhance performance.

PV-Solar

A 60 kW solar system with 15 kW battery storage. It converts solar energy to AC power for industrial use. Capital cost is 60k EUR, with minimal

operational costs. The system lacks enough storage for 24/7 operation, which limits its reliability during non-sunny periods. It is cost-effective during
operation (zero fuel cost) but has environmental impacts related to panel production and disposal. The system’s flexibility is suitable for a single-shift

operation schedule.
Biomass combustion

Burns organic material (e.g., olive pits) to generate thermal energy. Capital cost is 80k EUR. It is simple to operate and relies on locally available biomass,

ensuring low fuel costs and carbon-neutral potential if biomass is sourced sustainably. However, NOx emissions and waste generation require
consideration. The system is reliable for steady power but lacks flexibility in responding to rapid load changes.

Diesel genset

Uses diesel to produce electricity via an internal combustion engine. Capital cost is 65k EUR, high operational costs due to fuel dependency. Efficiency is

around 30-40 %. Life-cycle impact is negative due to significant greenhouse gas emissions and diesel extraction/refining processes. Highly flexible and
capable of meeting variable power demands quickly. Reliable under most conditions but faces robustness challenges with fuel logistics and maintenance

requirements.

*In the case study, the possibility of connecting the plant to the electric grid was considered initially, but since the implementation cost was over the budget, making

this alternative unfeasible, it was rejected and no longer considered.

Table 8
Rubric’s AHP evaluation data.
Ci-C, C-C3 C-Cq GC-Cs C-Cg Cy-C3 Cp-Cq Cp-Cs Cp-Cs C3-Cq C3-Cs C3-C¢ C4-Cs C4—Cs Cs—Cg

Ey 4 2 5 2 2 1/3 3 172 1/3 5 2 1 1/3 1/3 1/2
E; 7 5 7 3 1/2 2 1 1 1/5 2 3 1/7 1/7 1/7 1/4
Es 3 2 4 5 2 2 2 2 2 2 2 1 2 1 1/2
E,4 4 1 1 2 2 1/4 3 172 1/3 5 2 172 1/3 1/2
Es 3 2 4 5 2 2 2 2 2 2 2 1 2 1 1/2
Ee 5 1 5 2 2 1/6 3 1/2 1/3 6 2 1/4 1/3 1/2
Ey 7 5 5 3 1/3 2 2 1 1/4 2 3 1/3 1/6 1/7 1/3
Eg 6 4 3 2 1 1/5 2 1 1/6 5 3 1 172 1/6 1/3
Eqy 3 1/2 3 3 1/2 1/4 1 2 1/4 3 4 1/2 2 1/4 1/3
Ejo 6 3 4 2 1 1/2 1 1/3 1/5 2 3 1/6 1/5 1/7 1/4

project goals and values. It highlights the importance of a balanced
approach, considering diverse perspectives in MCDM for PGT.

According to Ref. [44], the consistency ratios show a value below
0.1, signifying reasonable consistency. Furthermore, the experts, each
with their own perspective, present personal criteria preferences,
highlighting the significance of opinion, individual background and
technical analysis. Nevertheless, analysing the results taking into ac-
count the different criteria, C; exhibits the most consistent value while
Cy and C4 display the largest deviation between experts 1 and 2
compared to expert 3. In the final stage the criteria values are combined.
To do so, the geometrical average (GA) calculated by Eq. (12) is used.
Table 10 shows the results obtained.

(12)

Once the combined weights associated to each criterion are obtained,
it is possible to observe that C; (costs) is the most relevant, as is typically
the case in engineering works. It represents one third of the total

Table 9
AHP evaluation results.
(o} Cy Cs C4 Cs Ce CR Value

Ey 0.321 0.084 0.216 0.048 0.132 0.199 0.031
E, 0.335 0.078 0.091 0.042 0.109 0.349 0.059
Es 0.380 0.083 0.117 0.043 0.110 0.266 —0.027
E4 0.273 0.080 0.314 0.049 0.122 0.160 —0.024
Es 0.358 0.195 0.145 0.103 0.068 0.129 —0.027
Eg 0.282 0.070 0.299 0.043 0.134 0.171 —0.039
E; 0.292 0.092 0.109 0.039 0.109 0.357 0.085
Eg 0.305 0.063 0.217 0.051 0.091 0.273 0.022
Ey 0.187 0.081 0.257 0.085 0.062 0.327 —0.009
Eio 0.274 0.050 0.122 0.049 0.131 0.131 0.026
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weightage. The next criterion is Cg (availability of resources) with a
score of 24 %, reflecting its significance in the project, with the oblig-
atory reuse of local biomass as its a power source which also aids local
economic development. The third criterion are Cy, C3 and Cs with a
score between 10 and 15 %, representing an intermediate level of
relevance. Finally, C4 (Efficiency) emerges as least relevant criterion.
Despite efficiency typically being one the most relevant criteria, the
context of this particular project prioritizes the local economy and sus-
tainable energy sources. This leads experts to compromise on efficiency.

5.2. TOPSIS

Employing the TOPSIS model requires two primary datasets: weights
and evaluations. The former, weights were obtained in the previous
subsection. Data collection for evaluations is also required. To this end,
the second section of the rubric presented in Table 1 asks each expert to
evaluate each indicator for each alternative, and their assessments are
presented in Table 11. The entire dataset is accessible in [49].

After analysing the income data shown in Table 10 and applying the
rules from Table 2, the normalized indicator scores are obtained from
each expert. Then, the scores of the indicators associated to each crite-
rion are aggregated. This process is carried out separately, obtaining the
individual scores of each criterion for each expert. Finally, to consolidate
scores, the geometric average is employed as detailed above. The values
for each criterion and alternative are shown in Table 12.

As previously mentioned, the evaluations provided by the panel of
experts reveal distinctive profiles and perspectives when assessing the
various criteria for the alternatives. These differences highlight the need
for a multidisciplinary approach. By incorporating a range of perspec-
tives, a more robust and comprehensive evaluation can be achieved in
decision-making processes.

Once all the data has been collected, it is combined as outlined in the
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Table 10
Weights obtained by AHP (in per unit).
Criteria C; Cy Cs Cy Cs Ce
Weight 0.2959013 0.08169287 0.05249577 0.10391747 0.10391747 0.24527352
Table 11
Experts’ evaluation of criteria through rubric usage.
Alternative 1 Alternative 2 Alternative 3 Alternative 4
Eq Ep Eno Eq E Eo E Ex Eo E Ep Eo
C Ii1 110k 110k 110k 90k 90k 90k 80k 80k 80k 65k 65k 65k
Iia 20 20 20 10 15 20 20 20 20 10 15 20
Iis 3 3 5 0.5 0.5 5 3 3 5 5 5 5
Lia 0.5 0.5 0.5 0 0 0 0.5 0.5 0.5 0.5 0.5 0.5
Cy Io1 20 20 50 100 100 80 20 20 80 920 30 90
Ioo Yes Yes Yes No No No Yes Yes Yes No No No
Ios 80 85 100 100 100 100 90 90 100 95 100 95
Io4 30 30 10 0 1 0 30 10 0 25 1 25
Ins Min Min Min Ms Ms Ms Min Seg Seg Seg Seg Seg
Cs I3 No No No No No No Yes Yes Yes Yes Yes Yes
130 Yes Yes Yes No No No Yes Yes No No No No
I3 No No No No No No No Yes Yes Yes Yes Yes
I4 Yes Yes No No No No yes Yes Yes No No Yes
Iss 1 2 1 1 2 1 1 2 1 1 1 1
C4 Iy 60 60 60 25 25 30 45 45 40 65 65 40
I42 Yes Yes Yes No No No Yes Yes Yes Yes Yes Yes
Lss 15 15 0 10 10 0 15 15 10 12.5 12.5 10
T44 Yes Yes Yes No Yes yes Yes Yes Yes No Yes Yes
Iss 6 7 10 1 1 10 4 5 20 20 15 10
Cs Isy Yes Yes No Yes Yes Yes No No No No No Yes
Iso Yes Yes No No No Yes Yes Yes No Yes Yes Yes
Iss No No No Yes Yes Yes No No No No No No
Iss Yes Yes No No No No Yes Yes No Yes Yes Yes
Iss No No Yes No No No No No No No No Yes
Ce Ie1 No No No Yes Yes Yes No No No No No No
Tea Yes Yes Yes No No No Yes Yes Yes Yes No Yes
Ie3 Yes No Yes No No No Yes No Yes Yes No No
Tos Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Ies Yes Yes Yes Yes Yes Yes Yes Yes Yes No No No

methodology, yielding the results shown in Table 13, which represents
the initial TOPSIS model matrix. To enhance data comprehension and
visualization, Fig. 6 presents a radar chart displaying the data as poly-
gons. To facilitate chart interpretation, all criteria are considered with a
minimum punctuation of 0 and a maximum of 5, so that, the ideal option
would correspond to the polygon with the largest area.

Finally, based on the data displayed in Table 12 and applying
equations (5)-(11) described in the methodology, the values in Table 14
present TOPSIS suitability and ranking rate results. In this table, each
alternative obtains a performance coefficient with a value below 1. The
highest coefficient, corresponds to the gasification alternative, followed
by biomass, PV-Solar and finally, with the lowest suitability, the diesel
option.

5.3. Sensitivity analysis

5.3.1. Coefficients’ variation

Sensitivity analysis is carried out as defined in the methodology
section. This analysis yields consistent results in favour of selecting
gasification as the most suitable alternative, ranking first 46.28099 % of
the time, (56 out of 121 cases), highlighting it as a generally dominant
preference. Biomass follows as the second-placed choice, ranked first in
33.8843 %, or 41 out of 121 cases. The PV-solar alternative emerged as
favourable in 21 cases and finally, the Diesel generator ranked first in 3
cases.

Surface diagrams were employed to present and interpret the out-
comes of parameter variations, illustrating changes in suitability of each
alternative as criterion weights were adjusted. Additionally, a distribu-
tion map was presented, to highlight the optimal alternative for each
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step of the parameter variation analysis.

Fig. 7 and Table 15 showcase the results for the first-placed gasifi-
cation alternative. The surface diagram in Fig. 7 provides a visual rep-
resentation of the adequacy scores obtained throughout the sensitivity
analysis. By juxtaposing this data with those of the alternatives, a
comparative ranking of each alternative can be established. Corre-
spondingly, Table 15 presents the ranked positions of the gasification
alternative based on its adequacy scores. Notably, there is a direct cor-
relation between the highest scores depicted in Fig. 7 and the rankings
presented in Table 15. However, it is important to acknowledge that
despite achieving the highest rate of first positions, the gasification
alternative exhibits dramatic fluctuations, occasionally shifting from
first to third place.

Similarly, Fig. 8, and Table 16 scope the results for the biomass
alternative. The surface diagram in Fig. 8 represents the adequacy scores
obtained throughout the sensitivity analysis. Correspondingly, Table 16
presents the ranked positions of the biomass alternative based on its
adequacy scores. There is a direct correlation between the shape of the
diagram from Fig. 8 and rankings presented in Table 16. The wider
middle section of the surface diagram is represented by the bigger
transition region observed in Table 16.

The disparities among the evaluated technologies are noteworthy.
The gasifier exhibited positive attributes, notably reduced life-cycle
impact and efficient resource utilization, albeit with drawbacks in
terms of cost and flexibility. The biomass option demonstrated similar
results but with less variability between positive and negative aspects.
The photovoltaic energy option showcased strengths in terms of flexi-
bility and life-cycle, while the diesel generator excelled in cost advan-
tages despite its negative environmental impact.



J.A. Hernandez-Torres et al.

Table 12
Pondered values for criteria and alternatives.

Alternative 1 Alternative 2 Alternative 3 Alternative 4

C1 Eq, 3.66025 2.59875 2.735 1.99063
E, 3.2818 2.48625 2.47 1.885
Eio 3.72625 2.6325 2.71 2.03125
G E 2.7 4 2.8 3.35
E, 3 3.99 3.75 3.04
Eio 1.8 4 1.9 3.45
C3 E, 1.333 0.3333 1.3333 2.3333
Ey 1.666 0.666 2.666 2.3333
Eio 1.3333 0.3333 1.3333 2.3333
Cy E, 3.61666 2.15 3.55 2.575
E, 3.59285 2.25 3.5 3.725
Eio 3.7 1.275 3.55 2.565
Cs E, 4 1 3 3
E, 4 1 3 3
E1o 4 1 4 4
Ce E; 5 2 5 4
Ey 4 2 4 2
Ewo 5 2 5 4

5.3.2. Modified fuzzy methodology

To further validate the robustness of the initial sensitivity analysis, a
second sensitivity analysis was conducted using the FAHP in place of the
previous AHP method. As described in the methodology section this
approach incorporates linguistic evaluations to address subjective un-
certainties and variability in expert judgments, providing an additional
layer of insight into the consistency and reliability of the decision-
making process.

The same experts were requested to perform the pairwise compari-
sons as before, but this time using linguistic variables instead of nu-
merical ones to assess the evaluation criteria. The FAHP values were
translated into triangular fuzzy numbers and their reciprocals. The fuzzy
ratings are represented through respective triangular fuzzy sets. These
fuzzy sets were then used to derive comparative weights for the evalu-
ation criteria (C1 to C6) across the experts’ evaluations, ensuring con-
sistency with the previously described fuzzy logic approach. This
process resulted in distinct sets of consistency ratio (CR) values, which
are detailed in Table 17. Linguistic terminology and second experts’
evaluation are detailed in the Appendix (Table 21 and Table 22).

Considering these modifications, the suitability rates and rankings of
the alternatives derived from FAHP are presented in Table 18. These
results indicate that gasification continues to emerge as the most
favourable alternative, with a suitability rate of 0.5934 and ranking first
across all scenarios, reinforcing the previous conclusions from the AHP
analysis, validating the proposed methodology. Biomass ranks second,

Table 13
Combined TOPSIS results.
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Flexibility

Gasification
PV-Solar
Biomass
Diesel GenSet

Efficienty Cost

Robustnes

eurces Availability

Fig. 6. TOPSIS initial data displayed as a radar diagram.

Table 14
TOPSIS Suitability and raking rates.
Alternative Suitability rate  Ranking
Gasification 1
PV-Solar 0.496339513 3
Biomass 0.51305338 2

Diesel _ 4

while the PV Solar alternative and the diesel generator exchange posi-
tions compared to the AHP results. This shift is attributable to the fuz-
zification process, which adjusts the weight priorities. However, the
differences between these options remain marginal in terms of suit-
ability. Notably, the rankings derived from FAHP exhibit minor changes
in the relative positioning of the alternatives. However, the differences
between the first and second options are more pronounced, making the
top-ranked choice appear clearer.

Notably, the FAHP rankings reveal minor changes in the relative
positioning of PV Solar and biomass.

Overall, the FAHP analysis substantiates the dominance of gasifica-
tion while providing further insights into the stability of intermediate
alternatives under uncertainty. By incorporating linguistic assessments,
FAHP allows for a more nuanced understanding of expert preferences,
accommodating the variability inherent in human judgment, as seen in
the smoother transition patterns and increased consistency across
evaluations.

min max
Cost Flexibility

min max max max
LCI Efficiency

Robustness Resources

Gasification
PV-Solar 2.61348408
Biomass 2.59423944 2.91100568 3.48436535 2.84706168 4.3734483
Diesel Genset 3.32101854 2.96223765 3.34421259 3.15687306
Ideal 2.06838324 3.94997768 0.43983597 3.61793873 3.66925902 4.57305052
Anti-ideal 3.54167768 2.7649674 2.59050094 1.66025446 1.07177346 1.74110113
Weight 0.29594013 0.08169287 0.17252544 0.05249577 0.10391747 0.24527352
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Fig. 7. Sensitivity analysis - Gasification.

Table 15
Sensitivity analysis - gasification.

0.3699
0.3551
0.3403
0.3255
0.3107
0.2959
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0.2663
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0.2367 2 3 3

3
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2
3
3
0.2787

2
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2 2 2 2 2

2 2 2 2 2 2
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3 3 3 3 3 3
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Sensitivity analysis - Biomass
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Fig. 8. Sensitivity analysis - Biomass.

5.4. Validation

The validation process in this study compares the outcomes of the
AHP-TOPSIS analysis with results from HOMER Pro (Version 3.16.2), a
well-regarded simulation software for microgrid design and optimiza-
tion. Its capability to model, simulate, and optimize hybrid energy
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systems based on economic, efficiency, and environmental metrics
makes it ideal for validating complex energy assessments. This com-
parison ensures the reliability of the MCDM process by verifying if AHP-
TOPSIS rankings align with a detailed technical analysis of cost, per-
formance, and emissions. Fig. 9 illustrates the modelled system and
energy configurations used.
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Table 16
Sensitivity analysis - biomass.

0.3699 3 3
0.3551
0.3403
0.3255
0.3107
0.2959
0.2811
0.2663
0.2515
0.2367
0.2219

W W W W Ww
DWW WW W W
NN DWW W W W

NN NN WWW
[NOJ N R NS I NS REVS IR
[\STN (SRS I ST (S I )

NN NN
NSILNSIN ST NS I )
NN NN

3
3
3
3
3
3
3

DL LW W W WW W W

0.2200 0.2347 0.2494  0.264 0.2787 0.2934  0.3081  0.3227 0.3374 0.3521 0.3667

Table 17
FAHP evaluation data and comparison against AHP.
Cy Co Cs Cy Cs Ce CR Value
Ey 0.234 0.096 0.234 0.036 0.184 0.217 0.0295
E, 0.298 0.064 0.096 0.047 0.109 0.385 0.0432
E; 0.314 0.123 0.159 0.123 0.120 0.160 —0.0451
E4 0.2391 0.1219 0.1997 0.0580 0.1609 0.2204 0.0263
Es 0.2909 0.1220 0.1550 0.1220 0.1550 0.1550 0.0666
Eg 0.2550 0.1586 0.1926 0.0339 0.1539 0.2061 0.0597
E; 0.2942 0.0696 0.1038 0.0495 0.1063 0.3767 0.0698
Eg 0.2954 0.0715 0.2001 0.0536 0.0966 0.2828 0.0769
Eqy 0.2652 0.0991 0.2301 0.0702 0.0702 0.2652 —0.0577
Eqo 0.2607 0.0492 0.1110 0.0501 0.1567 0.3724 0.0712
Overall AHP 0.29594013 0.08169287 0.17252544 0.05249577 0.10391747 0.24527352
Overall FAHP 0.2746 0.0975 0.168 0.0643 0.1313 0.2641
Variation (%) —7.194 19.337 —2.547 22.543 26.312 7.659
Table 18
TOPSIS Suitability and raking rates using criteria from AC Dc

it Gen100 | Electric Load PV

Alternative Suitability rate Rankin
Gasification 1
PV-Solar

Biomass 0.53362621 g

Diesel 0.49574548 3 !
960.00 kWh/d
85.02 kW peak

The results obtained from HOMER Pro displayed in two tables:
Table 19 presents economic data and Table 20 details emissions’ results. G asif Convefter

The results obtained from HOMER Pro reveal a notable alignment
between the cost-related and emissions factors of different energy sys-
tems, and the outcomes of the AHP-TOPSIS methodology. Specifically,
the gasification system emerged as the top-ranked option in both ana-
lyses. According to HOMER, the gasification system offers the lowest Net
Present Cost (NPC) and Levelized Cost of Energy (LCOE) compared to
other hybrid and fossil-based configurations, along with moderate
emissions, making it a cost-effective and relatively environmentally
friendly solution. The second and third-ranked alternatives, biomass and
PV + gasification, follow a similar pattern where their costs and emis-
sions are moderately favourable. Diesel-based systems, including com-
binations with PV, were consistently ranked lowest due to their high
costs and substantial carbon and sulfur emissions, aligning with the
MCDM ranking which placed diesel at the bottom. These findings sug-
gest that the AHP-TOPSIS analysis is consistent with the more detailed
technical evaluation provided by HOMER Pro, thereby enhancing the Fig. 9. System configuration in HOMER.
robustness of the MCDM results and providing confidence in recom-
mending gasification-based systems for regions like Morocco.
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Table 19
HOMER economic results.
Power .
System (kW) NPC (€) LCOE (€/kWh)  Operating cost (€/yr)  CAPEX (€)
Gasification 65 110000
biomass 65 3506919 0.1048485 23600.15 80000
PV + gasification 60+65 3711798 01108799 | 1492462 1999957
PV + biomass 60+65 413266.9 0.1234523 21142.47 170764.4
Diesel engine + gasification ~ 100+65 452297.7 0.1350458 24176.07 175000
PV + Diesel engine 60+100 157301.9
Diesel engine 100
Table 20
Homer emissions results.
Carbon Carbon Unburned Particulate Sulfur Nitrogen
System Dioxide Monoxide  Hydrocarbons Matter Dioxide Oxides
(kg/year) (kg/year) (kg/year) (kg/year) (kg/year) (kg/year)

Gasification 169,545
131,940

141,616

biomass
PV + gasification
PV + biomass

Diesel engine +

Gasification 173,320

PV + Diesel engine

Diesel engine

50.5 6.88 137 1,078

Conclusions

This study introduces a systematic approach aimed at facilitating the
evaluation and selection of optimal PGTs. Within this scope, MCDM
techniques play a pivotal role. These techniques demand careful and
systematic consideration. The expert perspective is crucial at this stage,
making AHP one of the most valuable tools in this context. Combining
the AHP solutions with the TOPSIS analysis would be a more convenient
way to solve energy planning problems. Thus, an integrated methodol-
ogy based on an AHP-TOPSIS model supported by a tailormade rubric
was proposed to outline a comprehensive evaluation framework that
ensures transparency, reduces biases, and emphasizes the decision-
making process over solely quantitative outputs, as highlighted in the
aims of this study.

This methodology was put into practice in a case study involving the
installation of a power generation plant in a developing area. While the
case study focuses on an isolated power supply, the methodology is
versatile and adaptable to both off-grid and grid-connected systems.
Isolated systems such as the DARA olive mill highlight the potential for
decentralized energy solutions in regions lacking reliable grid access.
However, the same approach can be applied to grid-connected envi-
ronments, evaluating different energy sources under varying conditions.

Considering the specific characteristics and requirements of the
study case, four distinct installation alternatives were considered: PV-
Solar, biomass, gasification and a diesel genset. The gasification
exhibited positive attributes such as reduced life-cycle impact and effi-
cient resource utilization and emerged as the best alternative. According
to HOMER Pro simulations, the gasification system offers the lowest Net
Present Cost (NPC) of $2.5 million and a Levelized Cost of Energy
(LCOE) of $0.12 per kWh, compared to higher costs in other configu-
rations, along with moderate emissions, making it a cost-effective and
relatively environmentally friendly solution. These findings suggest that
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the AHP-TOPSIS analysis is consistent with the more detailed technical
evaluation provided by HOMER Pro, thereby enhancing the robustness
of the MCDM results and providing confidence in recommending
gasification-based systems for regions like Morocco. AHP analysis sco-
ped Cost as the most relevant criterion representing one third of the total
weight. Additionally, the score of 24 % for Availability of Resources re-
flects its significance in the project. This is due to the reusability of local
biomass, a pivotal power source and a catalyst of local economic
development. Scoring between 10 and 15 %, Flexibility, Life-cycle anal-
ysis and Robustness represent the intermediate criteria in terms of rele-
vance, with Efficiency deemed to be the least relevant criteria. While
efficiency is generally a key criterion, the project context prioritizes
local economic development in addition to the use of sustainable energy
sources. Hence, with these contextual considerations in mind, in this
case the experts placed efficiency below other criteria.

A sensitivity analysis was conducted to evaluate the robustness of the
methodology, and to evaluate the result volatility according to the ex-
perts’ evaluations. Considering these modifications, the suitability rates
and rankings of the alternatives derived from FAHP indicated that
gasification continues to emerge as the most favourable alternative, with
a suitability rate of 0.5934 and ranking first across all scenarios, rein-
forcing the previous conclusions from the AHP analysis. The gasification
alternative ranked first in 46.28 % of cases displaying its general
dominance, followed by biomass, which ranked first in 33.28 % of cases.
Finally, PV-solar and diesel were considered residual options. This
finding highlights the potential of renewable energy sources to serve not
only domestic applications in microgrids but also industrial purposes in
isolated areas. Results of the case study emphasis on life-cycle impact
aligns with the growing recognition of renewable energy as a key driver
of sustainable development in underdeveloped areas. Additionally, the
results align with the broader goal of supporting decentralized energy
solutions in regions lacking reliable grid access, while the
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methodology’s flexibility enables its use in grid-connected environments
under different conditions.

AHP is widely used for weighting criteria. Consequently, the ob-
tained weights may vary across methodologies due to discrepancies in
expert assessments. Nevertheless, working with several experts and
integrating diverse evaluations to derive a consensual single value for
each criterion, together with the application of the proposed closed
rubric totally integrated into the MCDM model, enables a more robust
and reliable decision-making process. This process, while inherently
subjective due to the involvement of expert opinions, is made more
objective through the imposition of the proposed rubric and the inte-
gration of various evaluations. Consequently, decisions are not solely
reliant on expert opinion but are also supported by a rigorous and sys-
tematic approach. The proposed methodology could set a precedent, or
potentially establish a standardized solution for the specific case of PGT
selection.
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Linguistic variable

Triangular fuzzy numbers

Triangular fuzzy reciprocal numbers

Equally Important (E) 1,1,D

Slightly More Important (S) 2,3,49
Moderately More Important (M) (4,5, 6)
Highly More Important (H) 6,7,8)
Critically More Important (C) 8,9,9

(1,1,1)

(1/2,1/3,1/4)
(1/4,1/5,1/6)
(1/6,1/7,1/8)
(1/8,1/9,1/9)

When the second parameter in a comparison is evaluated as more important, the letter ‘R’ is added in front.

Table 22
Expert’s evaluation using Linguistic terms
C-C, C-C; C-C C-C5 C-Cq¢ Cy-C3 Cy-Cq Cy-C5 Cp-C¢ C3-C4 C3-C5 C3-C¢ C4-Cs C4-Cs C5-Cg

E, M S M S S RS S RS RS M S E RS RS RS
E, H M H S RH S E E RM S S RH RH RH RM
E3 S S M M S S S S S S S E S E RS
E4 S E M E E S S E RS M E S E RS E
Es S E S M E E E E E E E E E E E
Eg M E M E E S S E RS 4 E E RS RS E
E; H M M S RS E E E RS E S RS RH RH RS
Eg H S S E E E E E RS M S E E RH RS
Eqy S E S S E E E E RS S S E E RS RS
Eio H S S E E E E RS RM E S RH RM 0.25 RS

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.renene.2025.122481.
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