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Abstract

Paper aims: This novel methodology obtains the optimal economic evaluation of emissions (carbon price) under uncertainty
(Fuzzy Decision Making), and hierarchical variation (Analytic Hierarchy Process) within the Argentine production chain
(Life Cycle Analysis with Supply and Demand Side Management), obtaining a novel model of market equilibrium.

Originality: 1) a novel optimal economic (marginal) evaluation index called Generic Camargo Intrinsic Cost, 2) optimal
graphical attribute efficiency points, regions and boundaries and their optimal economic evaluation and 3) a Computable
General Equilibrium Model with fundamental uncertainty.

Research method: The theoretical, practical and economic contribution and results (mathematical and graphical analysis)
of this novel methodology and tools are developed, generalised and analysed.

Main findings: All three of the above original contributions have been analysed using the above research method, with
excellent and promising results.

Implications for theory and practice: The optimal economic evaluation (externality) of the Argentinean production chain
under uncertainty is obtained.
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1. Introduction

The ongoing challenge of addressing the continued growth of emissions and their associated environmental
impacts, such as global warming, underscores the critical importance of considering both cases: improving
energy efficiency in the production chain. This is crucial because of its economic, technical, environmental and
social implications. By reducing the cost of energy consumption, significant savings can be made and economic

This is an Open Access article distributed under the terms of the Creative Commons Attribution License, which
camm permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0002-8685-1900
https://orcid.org/0000-0002-7792-8101
https://orcid.org/0000-0002-4938-2105
https://orcid.org/0009-0000-0046-716X
https://orcid.org/0009-0001-3099-0119
https://orcid.org/0000-0001-6168-5734

........

competitiveness improved, while at the same time mitigating climate change and improving energy security.
Various approaches are being used to address this challenge, from the development of more efficient technologies
to the adoption of government policies, public education and ongoing research into novel solutions. Improving
energy efficiency is essential to ensure a sustainable and secure future for future generations.

The current focus is therefore on two cases of energy efficiency management, covering both the supply
and the demand side. Supply Side Management (SSM) strategies involve optimising energy production and
distribution to meet demand efficiently and sustainably. On the other hand, Demand Side Management (DSM)
strategies aim at changing consumption patterns at different levels of use, minimising the use of appliances and
optimising their operation. DSM includes strategies such as time-of-use pricing, demand response programmes,
energy efficiency initiatives and load management technologies that influence consumer electricity use patterns,
optimise energy consumption, reduce peak demand and improve grid reliability and efficiency. These strategies
focus on improving the performance and reliability of energy generation sources, upgrading transmission and
distribution infrastructure, promoting the use of renewable energy and integrating advanced technologies for grid
optimisation and flexibility. The aim of both supply and demand management is to ensure a reliable, affordable
and environmentally sustainable energy supply to meet current and future needs. In the context of Industry 4.0,
optimisation refers to the process of improving and maximising the performance, productivity and efficiency of
both supply and demand management strategies. This holistic approach aims to leverage technological advances
and data-driven insights (subject to uncertainty) to improve energy management practices (Camargo, 2023;
Rodriguez et al., 2023; Causil & Morais, 2023).

In this context, where energy efficiency technologies and technical, economic and environmental optimisation
play a crucial role, there is a close relationship with carbon pricing, which acts as a Pigouvian tax mechanism
to address the positive (positive effects) and negative (negative effects) externalities associated with property
rightsin ~~2 emissions. Carbon pricing provides economic incentives or penalties (depending on the externality
produced) for companies to adopt cleaner and more energy-efficient technologies and practices, thereby
stimulating investment in innovation and enhancing long-term competitiveness, while contributing to climate
change mitigation and promoting a more sustainable economy. They are determined by the laws of supply
and demand, based on the trading of property rights, and depend on the caps, floors and tiers of the sectors
involved. In the current state of the art, these data are often obtained through statistical analysis (subject to
uncertainty) and complex mathematical modelling in operations research (see Table 1). Uncertainty refers to
the lack of knowledge about the impact of one action on another, and this can be none (deterministic models),
partial (probabilistic or stochastic models) and complete or fundamental (fuzzy models). In the context of the
economic evaluation of Pigouvian carbon taxes, the type of uncertainty plays an important role in understanding
the carbon price, as it affects the tools that can be applied and the results obtained (see Table 1). This is even
more critical when studying variables that are not linked to a market governed by the laws of supply and demand,
i.e. non-monetary indices (Fuentes-Morales et al., 2020; Hassan, 2021; Wu et al., 2022; Camargo, 2019, 2021,
2022a, b, 2023; Rodriguez et al., 2023; Causil & Morais, 2023).

Table 1 provides a summary of current proposals for economic evaluations with carbon pricing and co,
emissions, including: country, uncertainty, modelling, indices studied and comments. They approach the solution
of single-objective and multi-objective problems by applying the techniques available in the state of the art with
difficulty (problems of metric compatibility between indices). This implies the use of subjective linear weights
that balance the units in the construction of the objective function to be optimised and, in turn, weight these
indices, leading to solutions that may be suboptimal. In addition, these proposals represent complex methods
that require large amounts of data with uncertainty (none, partial and fundamental) and the use of Artificial
Intelligence (Al) with supervised learning (machine learning), and most of them do not take into account the
presence of fundamental uncertainty, but only partial uncertainty.

Artificial intelligence for problem solving and optimisation refers to a set of techniques designed to find
effective and efficient solutions to complex problems across multiple disciplines. Al ranges from heuristic
algorithms, which explore promising solutions without guaranteeing optimality, to algorithmic search techniques,
which aim to find optimal or suboptimal solutions within a defined search space. In addition, Al includes
diverse approaches such as heuristic search, informed search, machine learning (e.g. neural networks), and
metaheuristic optimisation (particle swarm optimisation), which are applied in areas such as planning, logistics,
system optimisation, and economics to solve hard problems and improve decision making. Other papers present
techniques such as computable general equilibrium models, which use real economic data to estimate how an
economy might respond to changes in policy, technology or other external factors that are subject to uncertainty
(Camargo et al., 2019; Camargo, 2019, 2021, 2022a, b, 2023; Causil & Morais, 2023).
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Table 1. Search results in the Scopus database (conducted in May 2023).
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Country Uncertainty Modelling Indices Comment
Kang et al. (2023) Global None/Partial Life Cycle Analysis Carbon price and CO,  Life Cycle Analysis from
emissions statistical records
Huang et al. (2023) China None/Partial Computable general Energy efficiency Analysis from statistical
equilibrium models improvement records
Wei & Aaheim (2023) Global None/Partial Computable general Carbon tax and demand Analysis from statistical
equilibrium models side management records
Yeo & Oh (2023) Global None/Partial Computable general CO, emissions Computable general
equilibrium models equilibrium
Guang et al. (2023). China Partial Demand side Carbon price and CO, Analysis from statistical
management of carbon emissions records
emissions
Sirin et al. (2023) Global None/Partial ~ Market failure or politics?  Carbon price and C02 Regulatory actions
emissions
Al Shammre et al. (2023) OECD Countries Partial Analysis from statistical CO, emissions and Analysis from statistical
records taxes records
Yang et al. (2023) China Fundamental Machine learning CO, emissions Prediction from statistical
records
Alizamir et al. (2023) Traq Fundamental Machine learning Prediction by Machine learning
meteorological data
Hu & Cheng (2023) China Partial Statistical Prediction Carbon price and C02 Optimal prediction from
emissions statistical records
Wang et al. (20232a) Global None/Partial Multi-objective strategy ~ Carbon price and CO,  Optimal prediction from
and optimisation emissions statistical records
Wang et al. (2023b) Global None/Partial Multi-objective strategy ~ Carbon price and CO, Data and Statistical
emissions Analyses
Liu & Ying (2023) China Fundamental Multi-objective model Carbon price and CO, Data Analysis
emissions
Rudnik et al. (2023) EU None/Partial Supply side management  Carbon price and CO; Prediction from statistical
with carbon price emissions records

Source: The Authors.

In this context, Fuzzy Decision Making (FDM) theory, within the field of Artificial Intelligence, integrates
human reasoning characteristics by subjectively evaluating and prioritising different criteria in decision making
under fundamental uncertainty (Saaty, 2003; Camargo, 2019, 2021, 2022a, b, 2023; Liu et al., 2020). It extends
classical decision theory to deal with uncertainty and imprecision in decision processes, using fuzzy logic to model
fundamental uncertainty through fuzzy sets and membership (fuzzy preference) functions. This allows decisions
to be made in situations where conditions and outcomes are not entirely clear or unambiguous. Fuzzy models
incorporate human reasoning and perception, allowing the range of variables or functions under consideration to
be adjusted to reflect the degree of acceptance of a variable in a given set. Exponential weights (EW) correspond
to the preferences and hierarchical criteria of the decision maker. The solution should be the most satisfactory
in terms of the decision maker’s exponential weights and the accepted limits (upper and lower limits).

Optimisation methods are commonly classified according to their approach to solving, distinguishing between
heuristic methods, which rely on rules of thumb or simplified search strategies, and algorithmic methods,
which use precise algorithms to find optimal or suboptimal solutions. Another criterion is the type of search:
uninformed search explores the search space without knowledge of the goal, while informed search uses goal-
related information to guide the search towards more promising solutions. Optimisation methods can also be
categorised by solution paradigm, distinguishing between knowledge-based methods that use predefined rules
and relationships, data-driven methods that learn from data sets to make decisions, and optimisation-based
methods that search for the best solution among a set of alternatives. At the intersection of Al and computational
optimisation, Particle Swarm Optimisation (PSO), a metaheuristic inspired by collective dynamics in nature, has
emerged as a powerful tool for finding optimal or near-optimal solutions to various optimisation problems.
PSO involves both random and intelligent search by simulating social interactions between different possible
solutions (particles). Each particle adjusts its position based on the best solution it has found and the best solution
seen by the swarm, thus mimicking biological behaviour and using bio-inspired algorithms (Camargo et al.,
2018; Camargo, 2019, 2021, 2022a, b, 2023).

In summary, the following challenges are highlighted and are still under discussion in the state-of-the-art
(Camargo et al., 2018; Camargo, 2019, 2021, 2022b, 2023). The challenges of multidisciplinary or multi-
objective optimisation when there is fundamental uncertainty; 2) The complexity of mathematical modelling
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due to the previous point, especially in terms of metric compatibility and their hierarchical evaluation. 1f one
of the indices corresponds to an economic value and the other is a non-economic technical index, this implies
an economic evaluation of this non-monetisable index, which may be unknown and not easy to obtain; 3)
Due to the previous points, there is an inefficiency in determining the economic valuation (price of co, and
externality), especially when there are indices that cannot be monetised or are not subject to the laws of supply
and demand on the markets; 4) Inadequate consideration of fundamental uncertainties in the current state of
the art due to the difficulty or lack of consensus in the economic valuation of non-monetisable indices of the
corresponding externality (positive or negative); 5) The best use of the aforementioned artificial intelligence
tools to obtain and evaluate optimal solutions in this context.

Based on the above five state-of-the-art problems, this paper develops, analyses, generalises and validates
a novel methodology to determine the optimal economic valuation of emissions (carbon price) within the
Argentine production chain. 1t integrates fundamental uncertainty (Fuzzy Decision Making) and hierarchical
variation (Analytic Hierarchy Process) with the optimisation of Supply Side Management (SSM) and Demand
Side Management (DSM) through Life Cycle Assessment (LCA). Using Particle Swarm Optimisation (PSO), this
approach provides a unique means of improving the efficiency (fuzzy intersection) of the Argentine production
chain. This flexible methodology incorporates metaheuristics and hierarchisation for bi-objective (investment cost
and emissions) optimisation under fundamental uncertainty, with the aim of optimising, evaluating, analysing
and validating the results, taking into account the fuzzy preferences and priorities of the decision-makers (Offer
Side and Demand Side Management Optimisation).

In this way, the methodology develops, generalises and analyses an index that belongs to the current research
on the economic valuation of non-monetary attributes, known as the intrinsic cost index (Camargo et al., 2018;
Camargo, 2023). In this work it is extended to cover different types of fuzzy intersection t-norms (with a coefficient p)
and Exponential Weights (EW), and an additional term is added that allows modelling the resulting sign and thus
determining the type of externality, taking into account positive and negative externalities. It provides an economic
assessment of the emissions externality of the Offer Side Management (OSM) and Demand Side Management (DSM)
optimisation. From this study, the efficiency frontiers of these cases are obtained (similar to the supply and demand
model) and from there a new market equilibrium or computable general equilibrium model is presented as a result
of this methodology. Then the theoretical, practical and economic contributions the present methodology of this
paper are elaborated, analysed, generalised and validated in the following sections, together with an assessment
to ensure coherence, realism and consistency with existing economic theories of market equilibrium.

This work is structured as follows. Section 2. summarises the material and methods: The Fuzzy Decision
Making Theory and Analytic Hierarchy Process (Section 2.1.), Particle Swarm Optimisation (Section 2.2.), Life
Cycle Analysis with Demand Supply and Demand Side Management (Section 2.3.) and Computable General
Equilibrium Model (Section 2.4.). Section 3 develops the optimal economic evaluation of the Argentinean
production chain with contributions and results: proposed novel methodology to obtain the optimal economic
value of emissions with uncertainty (Section 3.1.), Theoretical and practical contributions of the proposed
methodology (Section 3.2.), Practical contributions of the proposed methodology with the comparison of the
two cases related to Supply and Demand Side Management (Section 3.3.) and Economic Contributions of the
proposed methodology (Section 3.4.). Section 3.4. develops the Generic Camargo Intrinsic Cost (see Section
3.4.1. and Section 3.4.2.). Finally, Section 4 presents the conclusions of this work.

2. Materials and methods

2.1. Fuzzy decision making theory and analytic hierarchy process

Fuzzy decision theory (Figure 1 and Equation 1) is based on human behaviour to make decisions (decision
maker) based on a criterion of exponential weights and evaluation under uncertainty (fuzzy function).
An acceptance (fuzzy) function is used to transform a set of indices to the fuzzy domain (Saaty, 2003; Liu et al.,
2020; Camargo 2023). In Equation 1, the EW,, are Exponential Weights (that are obtained for each index or
attribute m) whose effect is to expand (EW,, <1) and contract (EW,, >1) the fuzzy preference function. If it is
desired to increase the index, the function has a positive slope (and vice versa). The index of the preference
function u,, (Equation 1) is associated with the degree of acceptance of the evaluated attribute or index by the
decision maker (economic costs and CO, emissions), according to his or her established exponential weights or
EW. For each objective (or constraint) function calculated (emissions and investment cost), the fuzzy functions
(Equation 1) associated with its objective or constraint are defined as follows: consider an upper and a lower
bound in the possible values of the variable corresponding to a given objective or constraint m, U,,. These
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Figure 1. Preference function: (a) Decrease of U,, and (b) Growth of U,,.
Source: The authors.

indices are related by the fuzzy intersection (product) operation of the preference functions #, and since these
are dimensionless, there is no metric compatibility problem.
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Within the theory of fuzzy decision making, the fuzzy product type intersection is used to model human
reasoning in situations where relationships between variables are not precise or subject to uncertainty, and it
allows to represent how different variables influence each other in a gradual and not necessarily binary way.
From a human reasoning perspective, the fuzzy product type intersection reflects the ability of society (supply
and demand management) to consider multiple factors and evaluate how they interact to make decisions.
The fuzzy intersection or t-norm product # (see Equation 2, Equation 5 and Equation 8) is the most common
confluence (fuzzy operator) and this makes it possible to model how individual exponential weights, objectives,
constraints and other factors combine in an incremental way to influence the final outcome (investment cost and
emissions). This more accurately reflects how people weigh (exponential weights) and balance (fuzzy intersection)
different considerations when making real-life decisions (Fuzzy Decision Making). Fuzzy intersections include
the Einstein product, the algebraic product and the family of t-norms Hamacher’s product, which depend on
a factor p. These t-norms are further developed in Section 3.2.1.

2.2. Particle Swarm Optimisation (PSO)

Particle Swarm Optimisation (PSO) is a bio-inspired optimisation algorithm based on the social and foraging
behaviour of swarms of animals, such as birds or fish. From an artificial intelligence point of view, PSO is inspired
by observing how members of a swarm cooperate and communicate with each other to find the best possible
solution to a problem. In PSO, each “particle” represents a possible solution to the optimisation problem, and the
swarm of particles moves through the search space to find the optimal solution (in this work, it is the t-norm).
In this work, as presented in Section 3, the particle corresponds to the optimal allocation of resources in demand
and supply management according to the life cycle analysis performed. Each particle adjusts its position based on
its own experience (personal best position) and the collective experience of the swarm (global best position). This
process is repeated iteratively until a predefined stopping condition or iteration limit is reached. From a performance
point of view, PSO is a metaheuristic algorithm that is not guaranteed to find the globally optimal solution, but is
highly efficient at finding near-optimal solutions to problems with high dimensionality or multiple local optima.
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As the particles move through the search space (the set of possible solutions to the problem), the PSO uses
the information exchanged between them to guide the search towards promising regions (and best solutions).
In summary, from an Al perspective, PSO is a nature-inspired optimisation technique that exploits swarm behaviour
to find optimal solutions in complex search spaces. Its operation is based on cooperation and communication
between swarm particles, making it an effective approach to solving a wide range of optimisation problems.
Due to space limitations, the Particle Swarm Optimisation metaheuristic is not developed in depth in this paper,
but can be found in the following references (Casanova et al., 2018; Camargo et al., 2019; Camargo, 2019,
2021, 2022a, b, 2023).

2.3. Life Cycle Analysis, Demand Supply Management and Offer Supply Management

Life Cycle Assessment (LCA) is a tool used to evaluate the environmental impact of a product or service
throughout its life cycle, from the extraction of raw materials to its final disposal. 1t examines all environmental
aspects, such as the use of natural resources, air emissions, waste generation and energy consumption. In the
context of Demand Supply Management and Offer Supply Management, LCA provides critical information
for supply chain decision making. Demand Supply Management (DSM): involves managing the demand for
products or services based on market needs and resource availability. LCA can help companies understand how
products affect the environment throughout their life cycle, which can influence consumer choice and therefore
demand for more sustainable products. Offer Supply Management (OSM): This refers to the management of
the supply of products or services, including supplier selection and supply chain optimisation. LCA can be used
to assess the environmental impacts of materials and processes used by suppliers, helping companies to make
informed decisions about supplier selection and supply chain management to improve sustainability (Camargo &
Schweickardt, 2014; Kang et al., 2023; Huang et al., 2023; Wei & Aaheim, 2023; Yeo & Oh, 2023; Guang et al.,
2023; Sirin et al., 2023; Al Shammre et al., 2023; Yang et al., 2023; Alizamir et al., 2023; Hu & Cheng, 2023;
Wang et al., 2023a; Liu & Ying, 2023; Rudnik et al., 2023).

2.4. Computable General Equilibrium Model

The Computable General Equilibrium Model plays a crucial role in understanding the dynamics of supply
and demand within the production chain, particularly in the context of economic uncertainty. This model
serves as a computational framework that simulates the interactions between various sectors of the economy,
capturing how changes in one sector affect others through intricate feedback loops. However, determining the
equilibrium of such a model in the face of uncertainty poses significant challenges, as it requires predicting
the behavior of numerous interconnected factors amidst fluctuating conditions. In essence, while the model
provides valuable insights into the overall equilibrium of the production chain, navigating uncertainty adds
layers of complexity to its determination, emphasizing the need for robust analytical tools and methodologies
to address such challenges effectively (Kang et al., 2023; Huang et al., 2023; Wei & Aaheim, 2023; Yeo & Oh,
2023; Guang et al., 2023; Sirin et al., 2023; Al Shammre et al., 2023; Yang et al., 2023; Alizamir et al., 2023;
Hu & Cheng, 2023; Wang et al., 2023a; Liu & Ying, 2023; Rudnik et al., 2023).

3. Optimal economic evaluation of Argentinean production chain with contributions and
results

This section presents the main developments of the theoretical, practical and economic results and contributions
of the proposed methodology. Firstly, the proposed novel methodology for obtaining the optimal economic value
of emissions with uncertainty is developed (Section 3.1). In this context, it is shown that the fuzzy intersection
function of the Hamacher family contains three types of t-norms, which allows a generalisation and simplification
of the intrinsic cost index. 1t is reiterated that this index allows the economic valuation of variables that are not
directly monetisable and have no associated market. In this way, some modifications have been made to the
formulation of the index in order to reduce mathematical ambiguities and to clarify its conceptual and practical
application in obtaining externalities.

Secondly, the practical contributions of the present methodology to the two cases of environmental impact
reduction discussed in this paper (Section 3.2) are elaborated. These two cases are Supply Side Management
(SSM) and Demand Side Management (DSM). These two cases are optimised by Particle Swarm Optimisation
using a hierarchical approach facilitated by the Analytic Hierarchy Process (a variation of exponential weights
associated with hierarchy). 1t will be shown that this model, a novel outcome of this proposal, incorporates
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economic valuation of non-monetisable attributes (intrinsic cost index developed in Section 3.1) and addresses
fundamental uncertainty (fuzzy decision making developed in Section 3.1). Furthermore, as developed in
section 2.2, it includes both objective evaluation (maximum and minimum set of quality criteria) and subjective
evaluation (types of t-standards and satisfaction levels or preference functions). Optimal curves are presented
for each exponential weighting value (hierarchy), allowing the construction of efficiency frontiers for both cases
(Section 3.2). This analysis contributes to the following section.

Thirdly, the theoretical, practical and economic contributions of the present methodology in the Argentinean
production chain are presented through the presentation of a new market equilibrium model (Section 3.3).
1t will be shown that this equilibrium model allows to obtain the break-even point of the estuary prospects,
according to the model of supply and demand curves. 1t is also shown that the efficiency frontier of intrinsic
costs is associated with marginal costs. In this way, an introduction is developed that paves the way for future
models that allow the objective and subjective valuation of both positive and negative externalities, subject to
fundamental uncertainty, in line with the efficiency frontier. The important practical implications are highlighted.

3.1. Proposed novel methodology to obtain the optimal economic value of emissions with
uncertainty

Firstly, a Life Cycle Assessment (LCA) is carried out, considering the material and fuel flow of the Argentine
Production Chain (APC) through the following stages: resource extraction, material processing, manufacturing,
construction, transportation and waste management (Figure 2). In this way, the parameters (including technical
data) were mainly processed and the complete model was validated using information from public reports available
in the database of the Ministry of Energy and Mines (Camargo & Schweickardt, 2014; Camargo, 2019, 2021,
2022a, b, 2023; Argentina, 2023). Two cases are considered in this optimisation: Supply Side Management (SSM)
and Demand Side Management (DSM). Supply Side Management (SSM) efficiency optimisation involves reducing
emissions by investing in energy efficient improvements in the production chain or by changing consumption
patterns with minimal investment. Demand Side Management (DSM) efficiency improvement involves reducing
investment and emissions by implementing measures that encourage conservation.

Secondly, based on the production chain model (Life Cycle Analysis model - LCA), the efficiency index to
be optimised (fuzzy intersection) is determined and the attributes to be evaluated (investment costs and O,
emissions) are defined. The decision maker (Figure 2) then evaluates the indices (emissions and investment
costs) resulting from the Life Cycle Analysis and transforms them into the fuzzy domain, taking into account
the upper and lower bounds (see Equation 1) obtained from the upper and lower limits of the analysed Life
Cycle Analysis (UY? and Uk™).

Thirdly, to find the optimal solution, this methodology uses fuzzy decision theory and analytic hierarchy
process with artificial intelligence tools such as particle swarm optimisation metaheuristics. 1t provides optimal
solutions for supply chain management and industrial processes. The values of the optimal attributes (investment
cost and emissions) depend on the solution proposed by the Particle Swarm Optimisation (PSO) metaheuristic
and the prioritisation proposed by the Analytic Hierarchy Process. In addition, the hierarchy (Analytic Hierarchy
Process) and the upper and lower bounds (static) of these attributes are determined. From there, the evaluation
of the indices is carried out, which also depends on the direction of improvement of the function (increase or
decrease). Figure 2 analyses two cases for reducing environmental impacts (emissions), where these cases are
made according to the decision maker’s cases (Supply Side Management and Demand Side Management) on
emissions and the cost of the investment (carbon price).

The PSO is used to achieve consistent levels of efficiency (constant t-norm) in the optimisation of the
Argentinean production chain and allows the generation of customised, flexible and optimal solutions with
objectives and constraints determined by the prioritisation of the Analytic Hierarchy Process. In this sense, this
metaheuristic aims to maximise both the fuzzy indices and their intersection, regardless of whether they are at
maximum or minimum values. This flexibility allows the use of heuristics that are not constrained by this aspect.
In other words, if the aim is to maximise the given indices then the value of the fuzzy upper limit (U%) will be
sought to be reached. Conversely, if the aim is to minimise the indices then the value of the fuzzy lower limit
(L) will be sought to be reached (see Equation 1).

Fourthly, the economic valuation (Intrinsic Cost) of €O, emissions (carbon tax) from the Argentinean
production chain has been compared with external taxes (Kyoto Protocol), taking into account the both cases
(demand side management and supply side management), calculated using the PSO. This economic evaluation
integrates both objective (maximum U and minimum limits U£°") and subjective (acceptance u,, hierarchy
EW,, and uncertainty) assessments through the Generic Camargo Intrinsic Cost Index and its methodology.
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Particle Swarm Optimisation.
Source: The authors.

The calibration and validation of this index was therefore based on energy and CO, emission records from the
Argentine government and market data. The Exponential Weights (EW) represent the hierarchy of decision
makers (Supply and Demand Side Management) for the attributes being assessed and influence the economic
valuation (carbon price) based on the assigned hierarchy (Section 3.3).

Fifthly, from the four aspects mentioned above, the curves associated with the attributes analysed and the
Generic Camargo Intrinsic Cost and the efficiency frontiers separating the feasible and non-feasible areas are
obtained. This results in a new computable general equilibrium model in which the equilibrium points and
feasible zones are searched and the marginal cost of equilibrium is obtained, as presented in Section 3.4.

3.2. Theoretical, practical and economic contributions of the proposed methodology

3.2.1. Theoretical contributions in Fuzzy decision making theory: t-norms product
In this section it is shown from the t-norm that both the Einstein product and the algebraic product are

special cases of the Hamacher product family. This is an advantage as it simplifies the procedures used when
working with one or the other t-norm. The procedure for obtaining the final efficiency index and the associated
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intrinsic cost is simplified by using a general equation that covers the different particular cases for the intersection
operators. 1t is recalled that the functions used are continuous and derivable, which makes it possible to obtain
the costs associated with their variation.

As mentioned in Section 2.1, l‘l’({#i,#j) is an operator (generally referred to as the t-norm) between the
values of the membership functions (# and ;). In the state of the art there are several t-norms (Equation 2,
Equation 5 and Equation 8): the algebraic product, the Einstein product and the particular Hamacher product.
These t-norms have the interesting property of being differentiable, which the t-min does not have. This
property allows us to obtain the impact of an objective that is analysed in the other cases, namely the social
cost. The constant » (Equation 2) is a parameter that, depending on its value, defines a family of curves. As a
result, the final intersection will be more demanding or laxer, depending on its value (Camargo et al., 2018;
Camargo, 2019, 2021, 2022a, b, 2023).

EINSTEIN PRODUCT: The Einstein Product (ipg) is a special case of the Hamacher family product (#), as
shown below (Equation 2, Equation 3 and Equation 4).

g =ipy HiHj _ M- Hj

2 pp =i py)  pr(1=p)(m+ w0y - -1y (2)
2=+ 1y = ) = p+ (1= p)-( 1+ 11~ 1) (3)
(1= (ot = ) =2+ (1= (s 1y = -7} =2 (4)

ALGEBRAIC PRODUCT: The Algebraic Product (i, is a special case of the Hamacher family product (), as
shown below (Equation 5, Equation 6 and Equation 7).

M Hj
p+(1=p) (s + a1y - - 1)

PA=PH = Hi ;=
1=p+(1=p)- (s + 1~y (6)

P‘(l_(ﬂi+ﬂj_ﬂi'ﬂj))zl_(/‘i+ﬂj‘ﬂi‘ﬂj)3pzl (7)

PARTICULAR HAMACHER PRODUCT: The Particular Hamacher Product (ipg¢) is a special case of the
Hamacher family product (#2), as shown below (Equation 8, Equation 9 and Equation 10).

PHO =PH = Hi My _ Hi K

Hi+ Hj— My p+(1*p)-(ﬂi+ﬂj*ﬂi'#j) ®)
i+ = - = p (1= p) -+ = ) )
p(1=(t+ =) =0 = p=0 (10)

Through this analysis, a general and simplified expression of the intrinsic cost index is obtained and developed
in the following section. Thus, in this article it is shown that the t-norms Einstein product (p =2), Particular
Hamacher Product (p =1) and Algebraic product (p =0) are special cases of the Hamacher product family. This
discovery allows this methodology to define a general intrinsic cost index for any fuzzy t-norm of the product type.

3.2.2. Intrinsic Cost Index based on Fuzzy Decision Making Theory

Intrinsic Cost (IC) index: The economic evaluation of each criterion is given by the intrinsic cost index
(Equation 11). The Intrinsic Cost Index (1C) takes into account the economic valuation of non-monetary indices
based on an objective valuation (incremental valuation based on Upper and Lower limits), subjective and
hierarchical (Analytic Hierarchy Process). The intrinsic cost index corresponds to the derivative of one index
with respect to the other (cost of emissions with respect to emissions), which is not easy to determine due
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to the presence of uncertainty and subjectivity. In the past, this index was only obtained for the t-norm of
Einstein’s product and with another index for electricity systems developed by Schweickardt & Pistonesi (2010)
and improved by Camargo et al. (2018, 2023a, b); Camargo (2019, 2021, 2022a, b, 2023). In Equation 11, the
intrinsic cost (1C) then represents the slope of the efficiency frontier of the functional relationship between the
specified attributes, and the sign + depends on whether it’s a growth (+) or a decrease (-).

I
c - ou, oU; ou; oy, v Oty _ . EW, _ﬂ[l_EWH,/-] (1)
i 17U Low i
e Ou; Op; 0U, U, Ui =Uy;

With this method, the variable U}, which is related to criterion (investment costs), is the mathematical

derivative of the variable U;, which is generally related to index i (emissions). In this way, the term z—ij corresponds
j

to the functional derivative of the fuzzy function oy; respect to the fuzzy function oy, (see Equation 1). 1f both

attributes (i and /) correspond to decrease (see Figure 1a) or growth (see Figure 1b) then it will have a (+) sign,

in any other case it will be (-). The latter influences the sign of the index and determines whether it is a penalty

or an incentive (see Section 3.3.1 and Section 3.3.2.).

Schweickardt Intrinsic Cost (SIC) proposal: The first proposal (Schweickardt & Pistonesi, 2010) have
obtained this term considering the t-norm Einstein Product of all attributes. If there are 4 attributes (Equation
12, Equation 13 and Equation 14) and the t-norm Einstein Product, then the t-norms of the attributes are
obtained, applying the properties of the t-norms.

oY)
2= (py+ iy~ pip )

(. ) - (12

ﬂ3't(/l1,ﬂ2)
2*(#3 +1 (1)~ 13 'f(ﬂl’ﬂz))

t(#3,t(#1’/12))= (13)

sy -t(ug,t(ﬂ3>f(ﬂ17/42)))

2—(/44 +f(#3,t(ﬂ3,f(ﬂ1,ll2)))—ﬂ4 'l(#3>t(ﬂ3,f(#1,ﬂ2))))

t(ﬂ4,t(ﬂ3at(ﬂ1,ﬂ2)))= (14)

From this expression, it is necessary to solve for #; =/ (#;), for any two attributes i and /, and then obtain
ou:

the functional derivative aﬂ—] (holding other attributes constant). The result is a long and complex mathematical

Hi
equation with only 4 attributes to analyse (Equation 15 to Equation 17), which is impractical for problems with

more objectives and constraints. To show the complexity of this proposal, the following expression is defined
for n fuzzy functions and auxiliary indices r, s, ¢ and z:

n

_Hq
tp(,u ...,u,,...yq...yz...yn)= 7 3 p i S l (15)
AR Yl ) WCSRI 1Y ) 28 |
ﬂj=f(ﬂ1-~~ﬂr~~-,uq-~~ﬂz~~~ﬂn,lp(ﬂ1-~~ﬂr~~-ﬂq~~-ﬂz~~-ﬂn)) (16)
%:if(,ul.,.y»...,u tp(ul...,u g )) v itp(,ul...,u ):O (17)
o o i n r q 4 n ou; n

It is observed in Equation 15 to Equation 17 that the function is complex to solve for multiple fuzzy functions
(Schweickardt & Pistonesi, 2010), therefore this proposal is not feasible. Therefore, the Schweickardt intrinsic
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cost proposal is written in Equation 18. The equation has been simplified by including one function due to its
infeasibility for more than 2 attributes.

1
1-
Up low [ EW)
Ew; || U7 -U; ; i o
—— il _J J | M 9 )
SICI] [EW]][UIUPUII(’W] l ) a‘uif(/uln'/uz"'/unatp(/ulnvun)) (18)
EW;

Hy

Camargo Intrinsic Cost (CIC) proposal: An improved proposal of the current research line called Camargo
Intrinsic Cost (CIC) is presented here. In Equation 19, since the Ceteris Paribus clause is applied, then it is only
necessary to compare two attributes, since all the others will be constant. Then, the next step is to derive the
term u (s, 1, ) Tespect to 44, it is applyiing the clause ‘Ceteris Paribus’ (Camargo et al., 2018; Camargo, 2023).

o ous o2
po— MM O K HITE A (19)

(v —ppy) O =2 O

The Camargo Intrinsic Cost is given by Equation 20 (Einstein product):

1-
EW,

1—
Up low EW;
N L el A I St T I T e S
CIC; == T Vip= (20)
EW; )|yt _ylov 1] w )\ =2 2 (p+ ey = i 1)
Hj

Generic Camargo Intrinsic Cost (GCIC) proposal: This paper presents a novel, improved and generic
proposal called Camargo Intrinsic Cost (CIC). To simplify the algorithm, an auxiliary variable £, is added to
the definition of the fuzzy functions (Equation 21 and Equation 22), depending on whether it is a decrease
(Figure 2a) or a growth (Figure 2b).

BEGIN /* Fuzzy decision making with this new methodology */

Data: Objective and Constraint indices U,,, Exponential Weights EW,, (AHP), Lower U and Upper /5 Limits.

FOR (m =1:2) DO

Step 1: Calculate the auxiliary variable f according to the Equation 21.

1 U h
ﬂ—{ m  growt (2]]

0 decreaseof U,

Step 2: Calculate the states 4, using the next function according to the Equation 22.

1—
'Bm ULow>U
Up U U Uan EW, CTme mEm
U — - L U
N T
Um - Um Um - Um ’Urln/pSUm
B
END FOR

Step 3: Calculate tp(y,»,,uj) using the chosen t-norm, where i =1is the CO, emissions and j =2 is the Investment
Cost according to the Equation 23.
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Hi"Hj p=2
2_(ﬂi+ﬂj_ﬂi'ﬂj)
i =1
Hiltj HiHj p=0
tp(ﬂiaﬂj)= —/ = o (23)
P+(1_P)'(ﬂi+ﬂj_ﬂi'ﬂj) HiHj :
M+ =y
il , Another Case
p+(1—p)~(#,-+uj—#i~/1j)

END PROGRAM
Mathematically deriving Equation 22 (where m equal to i or j) with respect to Uy ; gives Equation 24.

1
1-
M:(z. i—l)'&' i[ EWY’U] (24)
oU:, - Up _y7Low
i Uifj =Yy

From the t-norm of the Generic Hamacher product, the mathematical derivative of the #; membership function
with respect to 4; is obtained in Equation 25, where i=1is the CO, emissions and j =2 is the Investment Cost.

%r(f(lp).ﬂj}[ﬁ] v| 2= bl -0 (25)

Op; P+(1—l’)‘#i aﬂi:aﬂi{p+(l—p)-(yi+luj—,ui-,uj)

According to Equation 25, Equation 26 is obtained, where: 1) if it is true that p =0 then the intrinsic cost
of the particular Hamacher product is obtained, 2) if it is true that p=1 then the intrinsic cost of the algebraic
product is obtained and 3) if it is true that p =2 then the intrinsic cost of the Einstein product is o