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I

Abstract

Growing discussions about the depletion of natural resources and the environmental risks
arising from the extensive use of fossil fuels in the productive sectors are mobilizing public
and private agents to rethink strategies for sustainable economic and social development.
At the same time, various research projects are being conducted with a focus on generating
energy from renewable sources and developing technologies and strategies for the efficient
and intelligent use of energy. In the transportation sector, which is responsible for high
emissions of greenhouse gases, electric vehicles (EVs) are a promising alternative. The
global market for EVs is currently booming, and the outlook is good for a decrease in
acquisition costs, especially battery costs. It is also expected that the range of vehicles
will increase and the charging infrastructure will improve. Moreover, the formulation of
public policies and subsidies for the purchase of EVs represent major incentives for their
adoption, especially by residential consumers. However, whether they buy an EV or not
depends on the value judgment and subjectivity of each human being. In the literature,
studies can be found, that discuss the penetration of EVs in a specific way and are restricted
to a few variables. For this reason, the aim of this doctoral thesis is to develop a global
model for forecasting the diffusion of battery electric vehicles (BEVs) among residential
consumers, analyzing the variables that influence their decision-making. To do this,
the system dynamics (SD) technique is used together with the Bass model, considering
quantitative and qualitative aspects of decision-making to determine the diffusion of
BEVs over time. Additionally, the model encompasses the analytic hierarchy process
(AHP) and fuzzy logic to address the uncertainties and region-specific characteristics that
influence BEV adoption. Case studies in Brazil and Germany demonstrate the model’s
flexibility and accuracy in forecasting adoption trends and highlight the different impacts
of public policies, infrastructure, market conditions, among others. In addition to the
academic and scientific contributions, the developed model can support governments in
formulating public policies to promote electric mobility. For companies in the energy
sector, it provides important information for studies on the expansion of the electrical
energy system. It also helps automotive companies align their sales strategies and expand
their business models.

Keywords: Analytic hierarchy process. Bass model. Battery electric vehicle. Forecasting
model. Fuzzy logic. System dynamics.
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Kurzzusammenfassung

Die zunehmenden Diskussionen über die Erschöpfung der natürlichen Ressourcen und
die Umweltrisiken, die sich aus der extensiven Nutzung fossiler Brennstoffe in den
Produktionssektoren ergeben, mobilisieren öffentliche und private Akteure, um Strategien
für eine nachhaltige wirtschaftliche und soziale Entwicklung zu überdenken. Gleichzeitig
werden diverse Forschungsprojekte durchgeführt, die sich auf die Energieerzeugung aus
erneuerbaren Quellen und die Entwicklung von Technologien und Strategien für eine
effiziente und intelligente Energienutzung konzentrieren. Im Transportsektor, der für
hohe Emissionen von Treibhausgasen verantwortlich ist, sind Elektrofahrzeuge (EVs)
eine vielversprechende Alternative. Der globale Markt für EVs boomt aktuell, und die
Aussichten stehen gut, dass die Anschaffungskosten, insbesondere die Batteriekosten,
sinken werden. Zudem wird erwartet, dass die Reichweite der Fahrzeuge steigt und die
Ladeinfrastruktur verbessert wird. Darüber hinaus stellen die Formulierung öffentlicher
Richtlinien und Subventionen für den Kauf von EVs wichtige Anreize für deren Einführung
dar, insbesondere für private Verbraucher. Ob diese ein EV kaufen oder nicht hängt von
der Wertvorstellung und Subjektivität jedes einzelnen Menschen ab. In der Literatur
finden sich Studien, die die Verbreitung von EVs nicht gesamtheitlich betrachten und
sich auf einige wenige Variablen beschränken. Aus diesem Grund ist es das Ziel dieser
Doktorarbeit, ein globales Modell zur Vorhersage der Verbreitung von batteriebetriebenen
Elektrofahrzeugen (BEVs) bei privaten Verbrauchern zu entwickeln, indem die Variablen
analysiert werden, die deren Entscheidungsfindung beeinflussen. Zu diesem Zweck
wird der Ansatz der Systemdynamik (SD) zusammen mit dem Bass Modell verwendet,
wobei quantitative und qualitative Aspekte der Entscheidungsfindung berücksichtigt
werden, um die Verbreitung von BEVs) im Laufe der Zeit zu bestimmen. Des Weiteren
umfasst das Modell die Analytic Hierarchy Process (AHP) und Fuzzy Logik, um die
Unsicherheiten und regionsspezifischen Merkmale zu berücksichtigen, die die Einführung
von BEV beeinflussen. Fallstudien in Brasilien und Deutschland zeigen die Flexibilität
und Genauigkeit des Modells bei der Vorhersage von Einführungstrends und heben die
unterschiedlichen Auswirkungen unter anderem von Gesetzgebung, Infrastruktur und
Marktbedingungen hervor. Zusätzlich zu den akademischen und wissenschaftlichen
Beiträgen kann das entwickelte Modell Regierungen bei der Formulierung öffentlicher
Maßnahmen zur Förderung der Elektromobilität unterstützen. Für Unternehmen im
Energiesektor liefert es wichtige Informationen für Studien zum Ausbau des elektrischen
Energiesystems. Zudem hilft es Automobilunternehmen bei der Ausrichtung ihrer
Verkaufsstrategien und der Erweiterung von Geschäftsmodellen.



IV Kurzzusammenfassung

Schlagwörter: Analytic Hierarchy Process. Bass Modell. Batterieelektrisches Fahrzeug.
Fuzzy Logik. Prognosemodell. Systemdynamik.



V

Resumo

As crescentes discussões sobre o esgotamento dos recursos naturais e os riscos ambientais
decorrentes do uso extensivo de combustíveis fósseis nos setores produtivos estão
mobilizando agentes públicos e privados a repensar estratégias para o desenvolvimento
econômico e social de forma sustentável. Paralelamente, diversas pesquisas estão
sendo conduzidas com foco na geração de energia por meio de fontes renováveis e
no desenvolvimento de tecnologias e estratégias para o uso eficiente e inteligente da
energia. No setor de transportes, que é responsável por altas emissões de gases de efeito
estufa, os veículos elétricos (VEs) apresentam-se como uma alternativa promissora. O
mercado global de VEs está atualmente em expansão, e as perspectivas são boas no que
se refere à diminuição nos custos de aquisição, especialmente nos custos das baterias.
Espera-se também que a autonomia dos veículos aumente e que a infraestrutura de
recarga melhore. Somado a isso, a formulação de políticas públicas e subsídios para
aquisição dos VEs representam grandes estímulos para sua adoção, especialmente por
parte dos consumidores residenciais. Todavia, se eles compram ou não um VE depende
do juízo de valor e da subjetividade de cada ser humano. Na literatura, são encontrados
trabalhos que discutem a penetração dos VEs de forma específica e são restritos a poucas
variáveis. Por essa razão, o objetivo dessa tese de doutorado é desenvolver um modelo
global para projeção da difusão de veículos elétricos a bateria (BEVs) entre consumidores
residenciais, analisando as variáveis que influenciam na sua tomada de decisão. Para
isso, utiliza-se a técnica de dinâmica de sistemas juntamente com o modelo de Bass,
considerando aspectos quantitativos e qualitativos de tomada de decisão para determinar
a difusão dos BEVs ao longo do tempo. Além disso, o modelo engloba o analytic
hierarchy process (AHP) e a lógica fuzzy para lidar com as incertezas e as características
específicas de determinada região que influenciam a adoção do BEV. Estudos de caso no
Brasil e na Alemanha demonstram a flexibilidade e a precisão do modelo na previsão
das tendências de adoção e destacam os diferentes impactos das políticas públicas,
infraestrutura, condições de mercado, entre outros. Além das contribuições acadêmicas
e científicas, o modelo desenvolvido pode dar suporte aos governos na formulação de
políticas públicas para promover a mobilidade elétrica. Para empresas do setor de energia,
fornece importantes informações para estudos sobre a expansão do sistema elétrico.
Também ajuda as empresas do setor automotivo a alinharem suas estratégias de vendas e
a expandirem seus modelos de negócios.

Palavras-chave: Analytic hierarchy process. Dinâmica de sistemas. Lógica fuzzy.
Modelo de Bass. Modelo de previsão. Veículo elétrico a bateria.
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1 Introduction

The economic development and progress of society are strongly linked to the transportation
sector, which facilitates the delivery of products, raw materials, and the mobility of people
for work and leisure [1], [2]. According to the International Transport Forum (ITF),
global demand for passenger transport is expected to double by 2050, highlighting the
critical role of transportation in economic growth [3]. However, road transport contributes
significantly to environmental challenges, accounting for over 23 % of total energy-related
CO2 emissions [2].

Electrification of transportation emerges as a key strategy for decarbonizing and modern-
izing urban mobility. The relevance of electromobility has increased significantly, with
projections indicating higher participation of electric vehicles (EVs) in transportation
modes worldwide [4].

Among EVs, battery electric vehicles (BEVs) stand out due to their zero local greenhouse
gases (GHG) emissions and reduced noise, as they lack combustion engines. Advances
in battery technology have increased driving ranges and reduced costs, making BEVs
more appealing to consumers [5], [6].

According to the Global EV Outlook 2024, approximately 14 million EVs (including
BEVs and plug-in hybrid electric vehicles (PHEVs)) were registered globally in 2023,
totaling 40 million EVs worldwide [7]. Sales increased by 35 % compared to 2022,
accounting for 18 % of total car sales in 2023, a significant rise from just 2 % in 2018.
Notably, 70 % of these were BEV models. The largest EV stocks are in China, the United
States, and Europe, as illustrated in Fig. 1.1.

Figure 1.1: Global electric car stock.
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The advancements in BEV technology, coupled with supportive global policies, have
positioned BEVs as the leading option for decarbonizing the transport sector. However,
the rapid adoption of BEVs presents significant challenges for electric power systems.
The integration of a large number of BEVs introduces new demands on the grid,
affecting voltage stability, increasing peak loads, and potentially impacting power
quality [8], [9]. These challenges necessitate careful planning and modeling to ensure that
power systems can accommodate the growing number of BEVs without compromising
reliability or efficiency.

Therefore, this study aims to develop a comprehensive model for projecting the diffusion
of BEVs among residential consumers, considering the various factors influencing
adoption. By understanding and forecasting BEV adoption rates, power system oper-
ators, policymakers, and other stakeholders can better prepare for the impacts on grid
infrastructure, capacity planning, and energy management.

1.1 Background and motivation

In light of what has been discussed in the introductory chapter and considering the
forecasts of growing public and private incentives to modernize and develop the transport
sector with sustainability, innovation and efficiency, BEVs are expected to play an
increasingly important role in transportation. However, the growing diffusion of BEVs
presents a set of challenges and opportunities for the electric power sector. As the
transportation sector shifts towards electrification, it becomes essential for power system
operators and market participants to anticipate how the increasing number of BEVs will
affect grid stability, capacity planning, and energy management. This study aims to
provide insights into the diffusion dynamics of BEVs, with a focus on the implications
for the electric grid.

The rapid and large-scale integration of BEVs introduces a new class of non-linear
loads, which can significantly impact the voltage stability of electrical systems [8].
Unlike traditional loads, BEV charging can occur simultaneously across a large number
of consumers, resulting in substantial energy consumption over short periods. This
characteristic poses a risk to power grids, particularly in regions already operating near
the edge of instability and with weaker infrastructure [9], [10]. Moreover, BEV batteries
demand significantly higher power levels compared to typical household appliances,
which can increase overall energy consumption and demand, leading to further challenges
in electricity supply management.
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In addition to voltage instability, the integration of BEVs into the grid can also lead to
an increase in peak demand. The batteries in these vehicles require a higher level of
power compared to the usual household equipment used by residential consumers, which
can have an impact on levels of energy consumption and demand and, consequently,
changes in aspects of supply. Uncoordinated charging, especially during peak hours,
may push the system beyond its generation capacity, requiring significant investments in
new generation and transmission infrastructure [11], [12]. Studies have demonstrated
that strategies such as time-of-use tariffs and controlled charging can help mitigate these
effects, but without proper planning, the additional demand from BEVs could strain the
power grid [13]–[15].

Power quality is another area of concern, as the charging of BEVs introduces harmonics
and voltage imbalances into the system [9], [11]. Harmonic distortion, which results
from the power electronics used in BEV chargers, can reduce the lifespan of transformers
and other critical grid infrastructure [6], [16]. Additionally, the charging of BEVs by
residential consumers using single-phase connections can cause voltage imbalances in the
distribution system (DS), especially when BEVs are charged at the farthest points of the
distribution network. This leads to operational limit violations and increases transmission
losses in the DS [9], [17].

The massive penetration of BEVs also risks overloading distribution lines and transformers
[11], [18]. The electrification of transportation could lead to premature aging of
equipment, necessitating additional investments in infrastructure [19]. On the other hand,
the integration of renewable energy sources, such as photovoltaic (PV) generation, can
mitigate these effects [20], careful planning is required to manage the energy system.

Since BEVs are dynamic loads that can be loaded and unloaded at any time of the day,
understanding their diffusion enables their integration with renewable energy sources,
which offers potential benefits for both grid operators and consumers. vehicle-to-
grid (V2G) technology, for instance, allows BEVs to not only draw energy from the
grid but also supply it back (prosumer) during peak demand periods, providing ancillary
services such as the possibility of active power support (with energy management, loss
minimization, load leveling, peak demand reduction and control of voltage levels),
reactive power support (with reactive compensation and voltage control) and support
for the integration of renewables (BEVs with PV or wind generation) and frequency
regulation [6], [21]–[24]. However, this potential can only be realized if the diffusion of
BEVs is well understood and strategically managed.

Therefore, in order to guarantee the inclusion of these new loads, system operators
must also include planning and expansion research, seeking resilience, reliability and
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robustness, so that they are structurally prepared to meet this new demand. As a result,
it is important to develop studies, models and methods to analyze the process of BEV
adoption by potential users, as well as the impact of these new elements on electricity
system. These studies should involve characteristics from infrastructural and technical
perspective, such as the DS and its components, to personal factors, such as consumption
habits, population mobility patterns, political, market and social aspects, among others,
making this a comprehensive and complex task, which is both modern and innovative.

In this sense, this work aims to contribute by proposing a model to analyze the diffusion
of BEVs over time in different regions, providing insights into future adoption trends.
These insights can be utilized in impact studies of BEV on the power grid to anticipate
when undesirable effects may emerge and implement measures to mitigate them.

1.2 Projection of the diffusion of electric vehicles

In 2015, [25] proposed a study on the diffusion of EVs in a region of China from different
perspectives of consumer behavior, based on the technique of system dynamics (SD)
modeling and agent-based model (ABM). Several scenarios with different conditions
were analyzed, including consumer behavior, charging prices, government incentive
policies, infrastructure development, and industry technology. The results showed that the
sector’s growth expectations were initially limited due to the low level of technological
infrastructure. However, government incentives such as subsidies and tax exemptions are
expected to greatly accelerate the sector’s development in the coming years.

In subsequent work, [26] refined their modeling based on SD to more thoroughly explore
the relationship between factors that condition the development of the sector, such as
EV purchase and maintenance prices, usage performance, technology structure, and
incentive policies. The authors deepened their study of consumer behavior profiles
through a method based on a quantified survey and used the survey responses to measure
the importance of the factors implemented in the system modeling. Based on the models
created, a Chinese district was selected to conduct the evaluation, resulting in a scenario
similar to that observed in their previous work [25].

In the work of [27], a flexible method was proposed to estimate the diffusion of EVs in
the state of California, in the United States of America. The authors used transportation
data collected through reports prepared by the state government to formulate their model,
which explored the relationship between different factors selected according to three
main categories (consumer behavior profile, market context, and vehicle technology
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characteristics). The methodology implemented two statistical models, logit and probit,
to estimate consumer behavior. In addition, the authors used the maximum likelihood
approach, which seeks to maximize the probability of correctly classifying the observed
data in each category. Based on the results found, the authors concluded that the average
level of EV penetration in the state is more related to infrastructure factors, such as public
charging station (CS) per capita and fuel price.

In 2019, [28] conducted a study on the diffusion of EVs over time, using the SD technique
and the Bass model. The authors were interested in exploring the application of these two
methods to estimate consumers’ decision to purchase an EV. To do this, they compared
the costs of EV and internal combustion engine vehicle (ICEV) by relating the cost of
fuel for ICEVs, the increase in energy demand and the price of energy bills (for EVs), the
cost of purchasing EVs or ICEVs, the incentive policies for purchasing EVs, the increase
in consumer awareness, the development of technology, and the advertising surrounding
EVs, in a reference, optimistic, and pessimistic scenario. Finally, the authors conclude
that advertising and government support for the purchase of EVs are the main factors for
their growth in the market and highlight the great potential of the SD technique to relate
variables of different natures (economic, behavioral, technical and strategic) in the same
computational model.

Reference [29] presented a spatiotemporal model to estimate the number of EV adopters in
the city of Porto, Portugal. The proposed method used a hierarchical spatial autoregressive
(HSAR) model and logistic regressions, considering external and internal influences on
the projections (coefficient of innovation (𝑝) and imitation (𝑞)). Some socio-economic
variables are used in the analysis, such as the location in the city where those who
have already adopted EVs live and census data (monthly income, education and number
of houses). The results obtained by the authors are presented in the form of spatial
databases that can be visualized in geographic information systems (GIS) to observe
the regions with the highest predictions of residential EV adopters. In this study, EV
adopters were more concentrated in a few sub-areas, but the logistic regression showed a
continuous evolution of EV penetration in all regions for the coming years. These results
were compared with those estimated by the geographically weighted regression method
available in most GIS. The authors did not consider the cost of EV use or the influence
of proximity to charging infrastructure.

Reference [30] presents a study using the Bass model to systematically simulate the
process of EV (BEV and PHEV) diffusion and charging in France and Germany. The
model presented by the authors considered economic and social information, based on
a binary logistic regression model, whose variables were the mobility behavior of the
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users interviewed, their experiences with EVs, household income, frequency of car use,
nationality, and number of cars in the household. This way, it is possible to describe
the relationship between the user’s intention to purchase an EV and the other variables
using binary logistic regression. For market development information, the proposed
work used the Bass diffusion model with very optimistic innovation (𝑝) and imitation (𝑞)
coefficients. The authors assumed that EV adopters have the possibility to charge their
cars both at home and at work, and concluded, through sensitive analysis of the variables,
that battery size, average charging times, and the amount charged for the average energy
consumed influence the number of adopters.

Not just economic, technological, and political factors have an impact on the adoption
of EVs. In this regard, [31] carried out a study including the structural characteristics
of social networks in the evolution of EVs at scale, using the Bass model. In a two-
dimensional socio-spatial study, consumers were divided into two groups: conservatives
who seek economic benefits and volatiles who are more susceptible to external influence
from people and marketing. The authors considered economic factors (EV price,
marketing strategy, public subsidies, fuel price, and energy tariff), technical factors
(battery capacity, performance, energy consumption, and technology maturity), and social
factors (neighborhood preference, social behavior, and the impact of social networks). A
case study was conducted in Changsha, China. The findings showed that social behavior
patterns have an impact on customer purchase decisions. Furthermore, it was discovered
that different types of social networks cause variances in the diffusion of EVs.

Reference [32] used a variation of the Bass model and SD to analyze the adoption of EVs in
Indonesia. In the modified Bass model, in addition to the innovation (𝑝) and imitation (𝑞)
coefficients, the authors included a market potential (𝑚) coefficient, which considers
EV sales over the course of each year. Three scenarios were implemented (pessimistic,
optimistic and ambitious) with variables related to incentive policies for the diffusion
of EVs and subsidies for the related sectors (potential adopters, EV manufacturers, and
charging infrastructure sectors) in a systemic analysis. Thus, the authors concluded
that government support through subsidies and public policies are crucial for the mass
diffusion of EVs. In addition, the authors assessed that it is essential to include a tax
deduction or direct aid to lower EV prices, along with incentive policies for automakers
to guarantee vehicle manufacturing capacity, as well as the development of public
charging infrastructure.

According to [33], the main players in the EV industry are consumers, car companies and
governments. In this sense, in order to assess the short- and long-term dynamic effects of
different policies to promote the adoption of EVs in China, the authors formulated an
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evolutionary game model using Newman and Watts’ small-world networks, establishing
a strategic game model between EV and ICEV companies and analyzing their decision-
making mechanisms. Thus, in the process of each game, each company node has two
strategies, which can be to choose to produce EVs or to choose to produce ICEVs. In the
short term, the results presented showed that the government policy of subsidizing the
purchase of EVs and restrictions on ICEV travel can stimulate an EV diffusion rate of
60 %. Promoting the construction of charging infrastructure increases the diffusion rate
to 70 %. In addition, incentive policies for EV production by automakers had a more
significant impact than subsidies for consumer purchases, while low electricity prices
and high fuel prices resulted in an EV diffusion rate of 60 % and 70 %, respectively.

In a growing and increasingly complex market, [34] used game theory combined with the
technique of evolutionary SD to systematically analyze public policy choices in China,
the sales strategies of EV companies and the purchasing preferences of consumers. To do
this, the authors considered that the government, companies and consumers have limited
rationality and, over the course of several games, continuously learn until they reach the
stable evolutionary strategy (or ideal equilibrium). The main results of this study are that
the government must maintain subsidies for consumers for a significant period of time, in
order to dynamically adapt the rate of subsidy reduction, as well as increasing the cost
of purchasing and operating ICEVs. For companies in the electric mobility sector, it is
important to intensify their investment in research and technology development in order
to boost EV sales.

To assess the impact of public policies on the diffusion of EVs in Brazil, [35] proposed a
model based on Beck’s adaptation of the Bass model, which considers the final market
of potential adopters to be a function of the simple payback time, and no longer a fixed
fraction of the preliminary potential market, given in number of adopters. As a result, it
was found that policies to subsidize the cost of purchasing EVs accounted for 67 % of
total sales, outstripping policies to reduce the operating cost of EVs (33 % of total sales).
This is due to the high price of EVs, which is the main barrier to their mass diffusion. On
the other hand, the carbon tax accounted for 0.56 % of sales. This is partly due to the
high consumption of ethanol in the country. Finally, the increase in the price of ICEVs
has led to a 3.11 % share of EV sales. In addition, using a linear regression model and
taking into account social and macroeconomic indicators, the authors estimated a total of
2 million car licensing for the upcoming years. The influence of charging infrastructure
was not considered in the proposed scenarios.

Reference [12] presented a study of the development of the BEV market up to 2030 in a
region of 20 municipalities in northern Portugal. The authors considered three scenarios
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with different EV sales projections and different grid energy consumption profiles. From
this, estimates were made of the energy that will be needed to meet the increase in the
EV fleet in the country, as well as a study based on the Monte Carlo Method to assess the
probability of occurrence of the negative impacts related to the scenarios analyzed. The
results obtained showed a significant possibility that the region’s electricity grids will not
be able to meet the growth in energy demand by the end of this decade.

In a study based on ABM, [36] analyzed how different public policies can stimulate
the diffusion of EVs in Germany, focusing on BEVs and PHEVs. The study evaluates
scenarios that include subsidies, infrastructure investments, and fuel price increases,
showing that additional policies, such as carbon taxes and more charging points, are
necessary to achieve the diffusion targets set for 2030. In the context of the transition to
electric mobility, this study provides some important contributions to the formulation of
effective policies in Germany.

Reference [37], using ABM, analyzed the importance of financial, political and technical
aspects in the diffusion of EVs in a comparison of different types of vehicles: Petrol
ICEV, diesel ICEV, hybrid electric vehicle (HEV), PHEV, BEV and fuel cell electric
vehicle (FCEV). The choice behavior of the individual agents in the simulations, which
is influenced by different factors, was implemented as a utility function using the
multinomial logit model. The results obtained were analyzed using techniques such as
the response surface methodology, the full factor analysis method and the support vector
machine. The authors concluded that public policies, such as subsidies for EV purchases
and tax incentives, had a more significant impact on the mass adoption of EVs than
technical improvements, such as battery charging time and car range.

Reference [38] simulated the diffusion of EVs in China, focusing on the effects of different
incentive policies for reducing GHGs and public health. To do this, the authors used
the SD technique, considering multiple variables and agents in an influence mechanism
between the government and diffusion policies for consumers, automakers and charging
infrastructure operators. Of the variables analyzed in the SD model, the authors concluded
that restricting the transit of combustion vehicles, followed by subsidizing the construction
of CSs, results in greater adoption of EVs. In addition, it was found that the benefits
to the public health of the Chinese population are more significant in increasing the
penetration of EVs, followed by a reduction in CO2 emissions. All government incentives
for consumers, automakers and charging infrastructure operators had a positive impact.
Another interesting point in this work is that the authors emphasize the importance of
improving the efficiency of research and development (R&D) incentives, seeking to
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intensify the level of industry-university-research cooperation in order to maximize the
benefits of government subsidies for electric mobility in the transport sector.

Also in China, in order to determine consumer acceptance of EVs, [39] applied a
questionnaire with random sampling in Shanghai with 1,705 valid responses. Then,
by means of structural equation modeling using AMOS software, the authors analyzed
the influences of five external factors (EV performance, incentive policies, respondents’
personal life attitude, presence of CSs and the peer effect) and eight demographic
characteristics (gender, age, marital status, education, household income, family size,
number of children, and location of residence) on EV purchases in this region. The
focus of this study was to analyze the influence of peers on the purchase of EVs, which
considered the number of friends of the interviewees with EVs, the influence of friends
with and without EVs, word of mouth, the recommendation of close friends and the
negative influences of friends with EVs. The authors also carried out an analysis of
heterogeneity between consumers who did and did not buy EVs. The main results
obtained showed that EV buyers in Shanghai were younger (between 31 and 40 years
old); consumers with a high income, high education and who live in the city center were
more willing to choose EVs, while large families preferred not to buy them. Consumers
who didn’t buy EVs were more concerned about their performance. Consumers who
had already bought EVs cared about the availability of CSs and related government
policies, especially Shanghai’s free license plate policy. The peer effect showed that
the exchange of information between consumers in the sample interferes with their
purchasing decisions.

Recently, [40] published a study of the state of the art of some diffusion models, namely
the logistic, Gompertz, Bass and generalized Bass models used in EV adoption analyses
(BEV and PHEV) in different countries around the world. The authors compared these
models in order to provide new guidelines to help professionals and academics in their
research into the diffusion of EVs, taking into account the development of recharging
infrastructures and the influence of uncertain scenarios such as the pandemic. The results
showed a growth in EV sales as the number of CSs increased. In addition, the countries
analyzed that currently have low EV diffusion rates were the most negatively impacted
by the pandemic, requiring multiple policies and measures to maintain their estimated
diffusion rate. Finally, the authors point out that in order to formulate more assertive
forecasting models, the particularities and specific recommendations of each country
must be taken into account.

In 2023, [41] conducted a study analyzing the factors driving electric mobility in Brazil,
using simulations based on the Bass diffusion model and SD. The study assesses the
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importance of vehicle purchase prices and public policies for the penetration of EVs in
the Brazilian market. The results show that with the adoption of appropriate policies
and a reduction in battery costs, the share of EVs in the national fleet could reach up to
36.7 % by 2040, highlighting the relevance of an effective regulatory framework and
economic incentives.

The research conducted by [42] evaluates the impact of fiscal policies, particularly the
introduction of a CO2 tax, on the diffusion of BEVs, PHEVs, and FCEVs in Germany,
using the ALADIN model (Alternative Automobiles Diffusion and Infrastructure),
developed by Fraunhofer-ISI. The authors simulate different scenarios for the application
of these environmental public policies until 2050. The simulations indicate that a high
CO2 tax could result in a significant increase in EV adoption, contributing to the reduction
of greenhouse gas emissions.

Reference [43] proposes an ABM model along with the Bass model to predict the market
penetration of EVs in Brazil. Simulations were conducted for the period from 2021 to
2035, analyzing variables such as acquisition cost, battery capacity, maintenance cost,
charging time, and the number of EVs sold. The results highlight acquisition cost as
the primary adoption factor, with additional barriers related to battery capacity and
charging infrastructure. The model proposed by the authors considers only consumers as
agents but acknowledges the importance of future studies to include other agents such as
government, manufacturers, and the supply chain in the diffusion process.

Through a literature analysis and a SWOT (Strengths, Weaknesses, Opportunities and
Threats) matrix, [44] critically reviewed business models for the adoption of EVs and
CSs with a focus on Brazil. The authors identified that high acquisition costs and
limited infrastructure are the main barriers, but innovative business models, such as EV
sharing and leasing, show promise for the Brazilian context. The research highlights the
importance of public policies and coordination between the private and public sectors to
develop robust charging infrastructure and accelerate the adoption of EVs in the market.

Another literature review encompassing 54 articles, conducted by [45] reviewed the
models and methods used to forecast EV demand for residential consumers (personal use).
The research classifies the models into three main categories: bottom-up (ABM models,
discrete choice models, evolutionary game theory, etc.), top-down (SD models, aggregate
market models, etc.), and mixed models (combination of bottom-up and top-down
models), and discusses the strengths and limitations of each. The authors identify that
mixed models offer more realistic predictions, although they still face challenges in
accuracy due to the need for improvements in input data.
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1.3 Objectives and differentials of the proposed work

Main objective

The main objective of this work is to develop an integrated model using system dynam-
ics (SD), the Bass model, analytic hierarchy process (AHP) and fuzzy logic to project the
diffusion of BEVs among residential consumers.

Specific objectives

The main objective of this thesis will be achieved through the following specific research
tasks:

• Model and analyze the diffusion of BEVs in residential consumers over time;

• Study and review the SD method as well as the Bass model in research for
forecasting the diffusion of innovations;

• Identify and characterize the main variables that influence residential consumers
(light vehicles) to adopt BEV, considering quantitative and qualitative aspects of
decision making;

• Integrate these variables into a unified mathematical model to predict BEV adoption
in a given region;

• Contextualize the BEV market in Germany and Brazil, from the perspective of
barriers and opportunities for diffusion;

• Define and test different scenarios to validate the proposed model through a model
verification, and analyze policy tests, especially those related to policy-making and
incentive structures for BEV adoption.

When carrying out this state-of-the-art search in the databases, it can be seen that, in
most of the studies found, the SD technique or the Bass model or both has been used in
the EV penetration projection studies. In a recent review on forecasting the diffusion of
technologies in space and time, [46] pointed out that the Bass model is "well-established
and widely used due to its relatively low complexity, as adoption curves are drawn up
without the need for expensive and time-consuming empirical research.

In addition, it is noted that there is a lot of research that addresses the diffusion of EVs
over time, focusing on economic and technical aspects or incentive policies and the effects
of social networks, for example, but never covering this important issue in a holistic
way. Therefore, this thesis aims to fill that gap by offering a comprehensive approach
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that integrates multiple factors and stakeholders, e.g. government, financial institutions,
social patterns, companies for after-sale services for BEV, etc. into the analysis of BEV
diffusion. The proposed model will contribute to various sectors, including governments,
energy suppliers, automotive companies, and power system operators, by providing a
deeper understanding of BEV market dynamics.

The specific contributions of this thesis are as follows:

• Develop a global model for projecting the diffusion of BEVs among residential con-
sumers over time, integrating economic, social, technical, political, infrastructural,
and market variables;

• Incorporate fuzzy logic and the AHP to systematically evaluate and prioritize the
factors that influence BEV adoption;

• Offer valuable insights to governments, power system operators, energy suppliers,
and automotive companies by generating different scenarios to study the impacts
of BEV adoption on energy demand and infrastructure, helping stakeholders align
their strategies with future market trends.

This thesis thus proposes a model that leverages SD modeling combined with the Bass
diffusion model, using customized equations and incorporating AHP and fuzzy logic to
manage uncertainties. Validated with historical data from Brazil and Germany, the model
enables scenario-based analysis of BEV adoption, offering insights that can guide policy,
infrastructure planning, and market strategies in preparation for the increasing prevalence
of electric vehicles.

1.4 Structure of the work

This work is organized into six chapters, references and appendices. Chapter 1 provides
the context and background for the research, outlining the motivations behind the study.
It also presents an overview of the transport sector, emphasizing the importance of urban
mobility for economic and social development. In addition, it provides various statistics
on the transportation sector and previous literature related to the diffusion of EVs.

Chapter 2 introduces the models and theories that form the essential theoretical background
for this research. It discusses the concepts related to the SD technique and the Bass
model, highlighting their integration for analyzing the projection of BEV penetration as
a new technology in society over time. The chapter also describes the AHP method and
fuzzy logic, which are employed to determine specific variables within the model.
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Chapter 3 details the proposed model and its development. The chapter includes a
discussion on the problem formulation and provides an overview of the proposal. Each
aspect considered in the model is thoroughly described, along with the conceptual and
mathematical modeling involved.

Chapter 4 focuses on the verification of the model. It covers the determination of the
model parameters and the historical data used for verification. The study focuses on
two regions: Germany and Brazil. This chapter also details the calibration of the Bass
coefficients.

Chapter 5 explores future scenarios and examines the impact of various policies that
could either encourage or hinder the diffusion of BEVs. It considers different incentives,
technological developments, market conditions, and social factors, all of which involve
significant uncertainties. The results are analyzed and discussed in detail to understand
the potential future impacts of different scenarios.

Finally, Chapter 6 summarizes the research findings, discusses their implications, and
suggests directions for future work.





15

2 Prediction Methods

Estimating the number of BEVs that will be sold in the coming years is of great importance
for planning and expanding the electricity system with quality, reliability and safety. In
addition, this forecast helps companies in the automotive sector organize their business
models, as well as their products and services offered, in view of the possible expansion
of electromobility in the transport sector.

Studying the diffusion of BEVs also allows the government to organize its incentive
policies to intensify this process to a greater or lesser extent, to articulate public-private
partnerships, especially with regard to R&D for the decarbonization and modernization
of the transport sector, which is a commitment made by Germany, Brazil and many other
countries around the world.

In order to make a technical contribution to these sectors, the model proposed in this
thesis uses the SD technique and the Bass model to study the projection of the diffusion
of innovations over time. Furthermore, the AHP method and fuzzy logic, which are two
distinct methodologies employed for decision-making and solving complex problems,
are also presented. Thus, this chapter summarizes some of the main works found in the
literature that cover concepts related to the methods and techniques used in the thesis.

2.1 Systems dynamics technique 1

In order to analyze strategic issues within complex dynamic systems, Jay W. Forrester
developed the SD technique in the 1950s [48]. Grounded in control theory and non-
linearity, this methodology has been applied for many years to comprehend and predict the
processes related to the adoption and diffusion of new products [49]. These investigations
are crucial for governments and businesses, aiding in market development through, e.g.,
policy formulation, reduction of adoption barriers, and investments in infrastructure and
new technologies [49], [50].

As discussed in Section 1.2 of this thesis, the SD technique is frequently employed in
various studies to examine the diffusion of EVs over time. It is important to highlight that
the SD method has also been extensively utilized in studies focusing on analysis, planning,
and resource allocation within power systems. This is facilitated by the feedback loops
inherent in the modeling process, a key feature of the SD approach [26], [51].

1This section has been partially published in [47].
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SD employs elements such as inventories, flows, internal feedback loops, tabular func-
tions, and time delays to understand the complex, non-linear behavior of systems over
time [52]. [53] reviewed numerous studies within the renewable energy supply sector
that implemented SD in their modeling efforts. Likewise, [54] conducted an analysis
of a decade’s worth of articles, systematically organizing the diverse methodologies
and applications of the SD approach to investigate the multifaceted processes of local
energy transitions.

Among other studies on the diffusion of new technologies for the electricity sector, SD has
also been used to analyze the implementation of smart metering in smart grids, proposing
strategies for adequate cost recovery [55]. [56] also presented a model for analyzing the
dynamic behavior of the insertion of solar PV micro- and mini-generation in electricity
distribution networks, using the SD technique to aid decision-making and policy-making
in terms of stimulating PV generation systems. This technique was also used to analyze
the diffusion of PV systems in low-voltage residential consumers, considering economic,
management, political, social and technical aspects [49], [51].

Furthermore, the integration of distributed energy resource (DER) within a specific region
was modeled by [57] using the SD technique, which included demand management. This
study investigated a variety of variables and policy tests to facilitate decision-making
in the context of microgrid implementation, with an emphasis on financial returns and
feasibility. The SD technique’s widespread use in energy policy research is a result
of its capacity to establish a connection between the macro-energy system and the
policy-making process and microstructure.

[45] recently published a review article that offers a critical evaluation of the various
methods used in the literature to forecast the number of EVs in the market. The article
includes a comprehensive list of studies that have utilized the Bass model and SD.
Rather than determining the superior method for generating reliable forecasts in all
conditions, the authors focused on assessing the advantages and limitations of each
modeling approach, distinguishing the elements that could improve the precision of
estimating the demand for EVs.

With these considerations, it can be seen that the SD technique emerges as a consistent
and appropriate tool for modeling the diffusion of innovations. It should be noted that
this thesis differs from other studies in the literature by integrating the SD technique with
an adaptation of the Bass model, incorporating a wide array of factors which affect the
consumer’s decision to adopt a BEV over time.
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2.1.1 Definitions and principles

As previously mentioned, the SD technique was developed by Jay W. Forrester in the
1950s. His book "Industrial Dynamics", published in 1961, is considered a cornerstone
in establishing the key concepts and fundamentals of SD. In 1968, Forrester further
elaborated on these concepts in his work "Principles of Systems" [58], [59].

The origins of SD studies can also be traced back to Ludwig von Bertalanffy’s General
Systems Theory. Bertalanffy’s theory posits several key assumptions: a clear trend
towards the integration of natural and social sciences; this integration seems to be moving
towards a theory of systems; and systems theory can be a more comprehensive way of
studying non-physical fields of scientific knowledge, especially the social sciences [59].
Building on these foundational analyses and the subsequent evolution of these models,
the SD technique emerges as a robust tool for analyzing the behavior of systems, that are
defined as sets of functional elements and their interrelationships, which are subject to
variations over time [49], [50], [52], [60].

Some of the principal characteristics of the SD technique are identified by [60]:

• Ability to address both long-term and short-term aspects within a single model;

• Thorough representation of complex and non-linear relationships;

• Capability to incorporate social and psychological variables;

• Convenience of testing the impacts of different policy alternatives.

Developing models through the SD technique enables the representation of physical
flows, which can be accumulated, and information flows, which are typically observed
but cannot be accumulated, as feedback mechanisms among the components of a system.
Consequently, variations in external parameters can lead to modifications in the system’s
state [60]. These alterations can include delays, distortions, system responses, flows,
accumulation of flows (stocks), and feedback, which collectively form a dynamic model
conceptualized in a systemic manner [50], [58], [60].

The fundamental aspect of SD models is based on the feedback loop of information [48],
[58], [60]. Fig. 2.1 represents this feeedback structures. It can be seen that a feedback
loop forms a closed path linking the "system level" (state or condition), "information"
about the level and a "decision". The latter contains an "action" that is sent to the "system
level". The "system level" (true level) is what generates the "information" (apparent
level), which may differ from the true level due to delays and/or noise. Despite this, what
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can be seen is that the foundation of the decision-making process is "information" and
not the true level.

Figure 2.1: Feedback loop [60].

Each feedback loop is made up of two types of elements: level variables and rate
variables [60]. These variables will be detailed later in this chapter. Due to the fact
that real systems are composed of numerous feedback loops and, thereafter, numerous
variables, system analysis becomes increasingly complex as the number of variables
and the non-linear and dynamic relationships between them increase, as well as how the
system interacts with the environment [48], [58]. This characteristic leads to different
behavioral patterns within a given system. Fig. 2.2 illustrates the main graphs depicting
the main patterns of variation over time in systems. Additionally, other shapes not shown
here can emerge from the combined representation of these patterns.

Figure 2.2: Fundamental modes of behavior in SD [48].

In the literature, there are two prominent approaches for modeling a system in the form of
SDs [51], [57]: the first, put forth by Ford [58] in his book "Modeling the Environment,"



2 Prediction Methods 19

and the second, proposed by Sterman [48] in his book "Business Dynamics," consisting
of eight and five steps, respectively. Table 2.1 shows these steps.

Table 2.1: Steps for modeling a system using SD

Steps by Ford [58] Steps by Sterman [48]

1 - A ("Acquainted") 1 - Problem articulation
2 - B ("Be specific") 2 - Dynamic hypothesis
3 - C ("Construct") 3 - Formulation
4 - D ("Draw") 4 - Testing
5 - E ("Estimate") 5 - Policy formulation and evaluation
6 - R ("Run")
7 - S ("Sensitivity")
8 - T ("Test")

The modeling steps described by Ford [58] can be summarized as follows:

1. Get acquainted with the system: This stage is fundamental to becoming familiar
with the system. The aim is to obtain a comprehensive understanding of the
model’s purpose, identify the most important variables and parameters, identify
key individuals, as well as to outline the dynamic problem.

2. Be specific about the dynamic problem: This is possibly the most crucial step in
the modeling process. It is necessary to check whether the system shows dynamic
behavior. If it does, a graph representing the most important variable over time,
known as the reference mode, must be created to define the dynamic behavior of
the system in relation to the time horizon of the dynamic problem analysis.

3. Construct the stock and flow diagram (SFD): At this stage, it is important
to define and distinguish each type of variable in the model. Initially, the stock
variables are defined, followed by the flows and finally the other variables and
constants in the model. The SFD must include the variable shown in the reference
mode. In addition, the mathematical modeling corresponding to each type of
variable is carried out, regardless of whether it is input or output.

4. Draw the causal loop diagram (CLD): The aim of this step is to construct the
CLD. Some systems have a very complicated loop structure; in these cases, the
creation of several partial loops is recommended.
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Although the modeling steps suggested by Ford [58] indicates building the SFD
first, followed by the CLD, this sequence is not a fixed rule. Some modelers may
find it interesting to change this sequence.

5. Estimate the parameter values: This step involves estimating the values of the
model parameters individually. Some parameters may be known with complete
accuracy, others may have partial accuracy, and others may be completely unknown.
Depending on the system being studied, it might be interesting to start processing
the data before continuing.

6. Run the model to get the reference mode: The aim of this step is to run the
model and compare it with the reference mode specified in step 2. At this stage, it
is important to analyze whether the consistency of the model is confirmed.

7. Conduct sensitivity analysis: In this phase, the aim is to determine if the results
are sensitive to changes in the uncertain parameters by changing the parameters
controlled by the system. If the reference mode behaves appropriately after each
test, the robustness of the model is confirmed. When a model produces the same
general pattern despite large uncertainty in the values of the input parameters, it is
considered robust. This is the stage of verifying the model and its variables.

8. Test the impact of policies: This is the final phase in the process of developing
a SD model, whose goal is to evaluate the behavior of the system by changing
the estimates of the parameters related to the policy variables and formulating
alternative scenarios to test distinct policies.

Sterman [48] proposes the following fundamental steps in the modeling process:

1. Problem articulation: This step involves selecting the topic, defining key variables,
and specifying the dynamic problem and time horizon. Sterman considers this the
most crucial step in modeling.

2. Formulating a dynamic hypothesis: The second step is to formulate a dynamic
hypothesis, which is the theory that helps understand the dynamics represented by
the model. At this stage, subsystems, feedback structures, CLDs, and SFDs are
systematically outlined.

3. Formulating a simulation model: In the third step, the simulation model
is developed. This involves specifying decision parameters, initial conditions,
equations, and behavioral relationships. The modeler must be attentive to any
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modeling contradictions that were not apparent in the conceptual formulation and
address them.

4. Testing: In the testing phase, the simulated behavior is compared with the actual
system behavior. Additionally, through sensitivity analyses, the proposed model is
rigorously tested to identify any deficiencies.

5. Policy design and evaluation: Finally, after analyzing the system’s behavior, new
conditions can be explored to assess how they would affect the system. Similarly,
alternative scenarios and new policies can be considered to evaluate the system’s
response, especially regarding interactions, synergies, or compensations.

As can be observed, the SD modeling methods proposed by Ford [58] and Sterman [48]
reveal considerable common characteristics, differing primarily in the level of detail
each provides during the modeling process. Given this, the methodology suggested by
Ford [58] has been selected for this study due to its more comprehensive detail. The steps
for projecting the adoption of BEVs among residential consumers will be presented in
Section 3.4 of this work.

Building on this discussion, the SD technique includes two methods for presenting a
model: the CLD and the SFD. These diagrams facilitate both quantitative and qualitative
representation and analysis of the system, as detailed in the sections 2.1.2 and 2.1.3.

2.1.2 Stock and flow diagram

According to Sterman [48] "stocks and flows, together with feedbacks, are the two central
concepts in the theory of DS". Stocks are nothing more than accumulations, which
portray the state of the system and provide information, that underpins the model’s actions
and decisions. The representative elements used to draw up the SFD include:

(a) Stock: Represents everything that is accumulated over time. It is also called a level
variable. Stocks cause inertia in systems and provide them with memory. They
also generate delays by accumulating the difference between the input and output
of a process.

(b) Flow: Represents the quantities that are transferred between points in the system.
Flows perform the function of connecting stocks and/or introducing elements from
the external environment into the system via clouds.
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(c) Valve: A variable responsible for controlling the rate of change of flows between
stocks or between stocks and the environment. Valves are affected by internal and
external information. The system is controlled by the valves, which can reduce
the transport speed of the flow, causing delays and increasing the accumulation
of stocks. Similarly, valves can increase the system’s flow rate, rapidly reducing
stock levels.

(d) Auxiliary variable: Converts or manipulates input data by means of auxiliary cal-
culations and equations, from which the output values are used in another variable.

(e) Constant: Represents the variables whose values remain unchanged during testing
and simulation.

(f) Connector: Responsible for linking and relating the variables in the model.
Connectors carry information, which can represent a constant, a quantity, a
graphical or algebraic relationship, from one element to another.

(g) Connector with delay: Symbolized by a connector with two dashes (or the word
"delay" written instead of dashes) and used to represent a delay in the information
between variables.

(h) Cloud: Used to represent elements that enter (source) or leave (collector) the
system. Sources and collectors have infinite receiving or supplying capacity and
do not restrict system flows.

In an extremely practical and didactic way, Sterman [48] presents the "hydraulic metaphor",
on which SFDs are based and which was proposed by Forrester in 1961. Using this
metaphor, Forrester thought of stocks as tubs of water, within which the volume of water
varies depending on its flow into and out of the tank. Thus, at any given time, the
accumulation of water in the bathtub (stock) is determined by the difference between the
water flowing through the tap and that flowing out of the drain. Fig. 2.3 illustrates the
aforementioned hydraulic metaphor.

Although simple, this metaphor provides a clear and concrete understanding of the
process of formulating SFDs: "stocks accumulate or integrate their flows; the net flow in
the stock is the rate of change in the stock" [48]. Mathematically, this relationship can be
expressed in integral form (2.1) or differential form (2.2).

𝑆(𝑡) =
𝑡∫

𝑡0

𝐼 (𝑡) −𝑂 (𝑡) d𝑡 + 𝑆(𝑡0) (2.1)
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(a) Hydraulic representation.

(b) Representation in the form of a SFD.

Figure 2.3: Representation of the hydraulic metaphor for SFDs [48].

d𝑆(𝑡)
d𝑡

= 𝐼 (𝑡) −𝑂 (𝑡) (2.2)

Where 𝑆(𝑡) represents the stock; 𝑆(𝑡0) is the initial stock; 𝐼 (𝑡) are the inflows at any time
between the initial time 𝑡0 and the current time 𝑡; and 𝑂 (𝑡) are the outflows at any time
between the initial time 𝑡0 and the current time 𝑡.

As demonstrated, the main objective of the SD technique is to represent the dynamic
behavior of the system under analysis. This involves characterizing the state variables
and their values in order to represent the conditions and elements of the system over
time. To do this, the structure of the system is organized in the form of various causal
relationships, in which each decision will generate consequences, whether intentional or
not, and whether quickly verifiable or not over time. Therefore, it can be seen that through
simulations in the context of the SD technique, it is possible to previously analyze the
impact of these decisions in the short, medium and long term.

2.1.3 Causal loop diagram

The fourth step of modeling a dynamic problem through SD proposed by Ford [58] consists
of drawing up CLDs. In these diagrams, the system’s variables and their interrelationships
are diagrammed in the form of feedback loops. Therefore, it is necessary to define
the cause and effect relationships between the variables in the model, organized in the
previous stages, in order to portray the system’s behavior.

CLDs are useful and efficient tools for "quickly capturing hypotheses about the causes of
dynamics; making explicit and capturing the mental models of individuals or teams; and
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specifying the important feedbacks that may be responsible for a problem" [48]. They
have been used for many years by researchers in academia and industry, as they are an
effective representation of the system’s feedback structures [48].

(a) (b)

Figure 2.4: Representation of loop indicators. (a) Positive or reinforcing loop. (b) Negative or
balancing loop. [48].

The connections in the CLD are made by arrows that relate a cause variable to an affected
variable. As can be seen in Fig. 2.4, the arrows can be positive feedback (or reinforcing),
when the variation between two variables is in the same direction (the variables are
directly proportional) or negative feedback (or balancing), when the variation between
two variables is in the opposite direction (inversely proportional variables). From a
mathematical perspective, the relationship between one variable 𝑥 and another 𝑧 can be
expressed as shown in (2.3) [48].

𝑥 →+ 𝑧 =⇒ 𝜕𝑧

𝜕𝑥
> 0 and 𝑥 →− 𝑧 =⇒ 𝜕𝑧

𝜕𝑥
< 0 (2.3)

Upon examination of (2.3), it becomes evident that in the context of positive feedback, an
increase in 𝑥 is accompanied by an increase in 𝑧, and vice versa. In the case of negative
feedback, a decrease in 𝑥 is accompanied by a positive variation in 𝑧, and vice versa.

CLDs represent the cause-and-effect relationships between the system’s variables qualita-
tively. Therefore, to quantitatively represent the variables analyzed, SFDs are used, which
are similar to CLDs. The difference between CLDs and SFDs is that in the latter the
variables in the loops are related using logical formulas and/or mathematical equations.

2.2 Rogers’ diffusion of innovations theory

According to Sterman [48], the literature on the diffusion of new products and technical
and social innovations is vast. A pioneering work on this subject is entitled "Diffusion of
Innovations", written by Everett Rogers and originally published in 1962. It is currently
in its fifth edition, which was released in 2003.

The adoption of new products or services is a gradual phenomenon that does not occur
immediately for all individuals in a social system. In this sense, consumers who adopt
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an innovation early show distinct characteristics from those who adopt it later [61]. To
better understand this, Rogers proposes a distribution into five categories of adopters, as
illustrated in Fig. 2.5. The normal frequency distribution of adopter categories, as seen
in Fig. 2.5, includes: innovators (2.5 %), early adopters (13.5 %), early majority (34 %),
late majority (34 %), and laggards (16 %). Rogers determined this normal distribution of
adopter categories using the statistical concepts of mean and standard deviation [61].

Figure 2.5: Rogers’ diffusion of innovations [61].

Basically, innovators correspond to the group that wants to be the first to try the
innovation, are willing to take risks, have greater contact with scientific information and
other innovators and are well-off; early adopters are those people who feel comfortable
with change and adopting new ideas; the early majority is characterized by those who
like to adopt new ideas, but need evidence that the innovation works; the late majority
represents the skeptical part of the population, with low purchasing power, but who will
adhere to the new change after it has been widely accepted and adopted by the majority of
the population; finally, the laggards form the traditional and conservative group of society,
who are difficult to appeal to and are the last to acquire the new technology [61].

Thus, it can be seen that the process of diffusion of innovations begins with a slow
period of growth, followed by a phase of accelerated growth and culminating in a new
period of slowness and decline. For this reason, as illustrated in Fig. 2.5, the number of
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adopters over time is represented by a bell-shaped curve, while the cumulative number
of adopters over time forms an S-shaped curve for the adoption of the innovation under
study. Furthermore, according to [61], the diffusion of new technologies is a universal
process of social change, regardless of the innovation being studied, but rather of who
the potential adopters are.

In addition to Rogers’ research, the book "Gestão da Inovação" ("Innovation Manage-
ment"), published in 2006 by Paulo Bastos Tigre, presents other factors that positively
or negatively condition consumer decision-making when it comes to acquiring new
technologies. These factors include technical factors, such as the degree of complexity of
the technology and its understanding by consumers and positive feedback [62]; economic
factors, such as the acquisition and implementing costs of the new technology, expected
return on investment, maintenance costs [62]; institutional factors, such as the availability
of funding and tax incentives for the innovation, favorable investment conditions in
the country, international trade and investment agreements, the intellectual property
system and the presence of human capital and support organizations [62]. In addition to
the institutional factors, Tigre [62] also considers socio-economic classes differences,
religion, culture, and the political and regulatory police framework. It is important to
highlight that the latest research on the diffusion of EVs, as discussed in Section 1.2 of
this work, addresses some of these aspects.

2.3 Bass model

Frank Bass developed a mathematical model to represent the theory of diffusion of
innovations initially proposed by Rogers in 1962, through his article "A New Product
Growth for Model Consumer Durables" in 1969 [63]. The Bass forecasting model plays
an important role in innovation diffusion studies as it provides satisfactory solutions
despite the uncertainty surrounding the insertion of a new product or idea [61]. It has
been the most widely used theoretical model in innovation management, marketing,
engineering among other areas [49], [61], [64].

According to Sterman [48], a challenge with logistic models of innovation diffusion,
including basic growth models like Richards and Weibull, is the issue of initialization.
In these models, zero represents equilibrium, which prevents them from explaining the
origin of the initial adopters of a new technology. The Bass model addresses this problem
by assuming that potential adopters become aware of the innovation through ongoing
external information and persuasion sources over time.
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The Bass model suggests that the market consists of a homogeneous mix of poten-
tial consumers who interact over time. It explains that individuals who are not early
adopters eventually adopt the new technology due to two influences: the coefficient of
innovation (𝑝), driven by "innovators" and the coefficient of imitation (𝑞), driven by
"imitators" [63].

Fig. 2.6 illustrates the adoption of new consumers based on external and internal influences.
Innovators are influenced by external factors, such as mass-media, while imitators are
influenced by internal social patterns, including "word of mouth" [48], [63], [65].

Figure 2.6: Adoption as a function of internal and external factors [65].

In his model, Bass defined that the adoption of technology or innovation begins with the
innovators; as new adopters join this group, imitators also emerge, and the model demon-
strates growth with a behavior resembling that of logistical models. The mathematical
representation of Bass’s model is provided in (2.4) [63].

𝑃𝑟 (𝑡) = 𝑝 + 𝑞 · 𝑌 (𝑡)
𝑚

(2.4)

The variable 𝑃𝑟 (𝑡) denotes the probability of adopting the innovation at a specific time 𝑡.
The innovation coefficient is represented by 𝑝, while 𝑞 indicates the imitation coefficient.
𝑌 (𝑡) represents the cumulative number of adopters up to time 𝑡 and 𝑚 represents the
potential market or the total number of adopters. By analyzing (2.4), it becomes evident
that its growth is tied to the increasing number of consumers adopting the market
innovation, 𝑌 (𝑡)𝑚 , and is proportional to the 𝑞 coefficient.

As 𝑌 (𝑡) denotes the cumulative total of adopters at time 𝑡, the adoption rate of new
consumers at each moment in time will be d𝑌 (𝑡)

d𝑡 . Thus, it is also possible to determine
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the probability of purchase at time 𝑡 as the ratio of individuals who have already adopted
the innovation at time 𝑡 to those who have not, as denoted by (2.5).

𝑃𝑟 (𝑡) =
(

1
𝑚 − 𝑌 (𝑡)

)
· d𝑌 (𝑡)

d𝑡
(2.5)

The Bass model is derived in its differential form, as illustrated in (2.6), by combining
(2.4) and (2.5) and assuming 𝐺 (𝑡) = (𝑚 − 𝑌 (𝑡)) as the quantity of potential consumers
remaining to purchase the innovation.

d𝑌 (𝑡)
d𝑡

= 𝑝 · 𝐺 (𝑡) + 𝑞 · 𝐺 (𝑡) · 𝑌 (𝑡)
𝑚

(2.6)

The solution to 2.6 is an S-shaped curve. The asymptotic of the resulting graph
corresponds to the maximal market capacity, which is represented by the parameter 𝑚,
denoting the market potential.

Additionally, (2.7) shows the first-order differential equation that results from replacing
𝑌 (𝑡)
𝑚 with 𝐹 (𝑡). This is another frequent representation of the Bass model.

d𝐹 (𝑡)
d𝑡

= 𝑓 (𝑡) = [𝑝 + 𝑞 · 𝐹 (𝑡)] · [1 − 𝐹 (𝑡)]

= 𝑝 + (𝑞 − 𝑝) · 𝐹 (𝑡) − 𝑞 · 𝐹2(𝑡)
(2.7)

The sales function density at time 𝑡 is represented by 𝑓 (𝑡), while the cumulative fraction
of the potential reached by that time is represented by 𝐹 (𝑡). The cumulative fraction, as
denoted in (2.8), is obtained by integrating 𝑓 (𝑡) over time.

𝐹 (𝑡) = 1 − e−(𝑝+𝑞)𝑡

1 +
(
𝑝
𝑞

)
e−(𝑝+𝑞)𝑡

(2.8)

By examining the equations of the Bass model, it is evident that accurately modeling a
system with it requires determining the optimal values of 𝑝, 𝑞, and 𝑚. Various estimation
methods are available for calculating these parameters [65]–[69]. However, it should be
noted that if just the initial four years of data are available for calibration, the estimates of
the Bass model may be compromised [68]. Another study conducted by [70] suggests at
least ten years of observations as input data.

As illustrated in equation (2.4), the Bass model is defined by its consideration of
macroeconomic factors, including the potential market, innovators, and imitators. This
allows for less detailed analyses with a low demand for information. Consequently, the
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model does not account for factors such as the technological aspects of the product, nor
does it consider socio-cultural or economic factors that may drive or hinder the adoption
of a new technology. A more detailed study of the diffusion of a specific innovation may
be conducted by modifying the Bass model and combining it with other methods, such
as the SD technique [41], [48], [50], [60], [71]. This combination permits structural
alterations to the system, including modifications to the parameters 𝑝 and 𝑞, as well as the
introduction of new variables and loops [50]. Consequently, the model can be expanded
to include other aspects of analysis, such as product attributes, specific characteristics of
the region under study, among others.

2.3.1 Bass model in the form of a system dynamics model

The SD technique, as previously mentioned, enables the simulation and comprehension
of the behavior of complex systems over time by examining the system’s structure and its
information feedbacks [48], [60]. Also the Bass forecasting model can be implemented
in a SD form, as illustrated in Fig. 2.7.

Figure 2.7: Bass model from the perspective of SDs [48].

In Fig. 2.7, it is shown that the adoption rate (𝐴𝑅) is the sum of the adoption from
advertising (𝐴𝐴) and the adoption from word of mouth (𝐴𝑊𝑀), as expressed by (2.9)

𝐴𝑅(𝑡) = 𝐴𝐴(𝑡) + 𝐴𝑊𝑀 (𝑡) (2.9)
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Adoption by advertising is the product of advertising effectiveness (𝑎𝑒 𝑓 ) by the number
of potential adopters (𝑃), according to equation (2.10).

𝐴𝐴(𝑡) = 𝑎𝑒 𝑓 · 𝑃(𝑡) (2.10)

Adoption from word of mouth is the product of the contact rate (𝑐𝑡𝑟), the adoption fraction
(𝐴𝐹), the number of potential adopters (𝑃) and the number of adopters (𝐴) divided by
the total population (𝑁pop), according to equation (2.11).

𝐴𝑊𝑀 (𝑡) = 𝑐𝑡𝑟 · 𝐴𝐹 · 𝑃(𝑡) · 𝐴(𝑡)
𝑁pop

(2.11)

Therefore, the adoption rate can be expressed by equation (2.12).

𝐴𝑅(𝑡) = 𝑎𝑒 𝑓 · 𝑃(𝑡) + 𝑐𝑡𝑟 · 𝐴𝐹 · 𝑃(𝑡) · 𝐴(𝑡)
𝑁pop

(2.12)

The parameters 𝑎𝑒 𝑓 , 𝑐𝑡𝑟 and 𝐴𝐹 are estimated based on specific characteristics of the
region of interest, as well as the innovation analyzed. According to [51], when an
innovation is introduced into the market, the initial population that will purchase this
product is zero and the only source of adoption comes from external information, for
example, advertising. These external influences are more significant at the beginning
of the customer’s decision-making process. Subsequently, they tend to gradually lose
relevance as potential adopters begin to adhere to the innovation.

Finally, it should be noted that SD is an interesting technique that allows for modifications
to the Bass model, such as altering the coefficients of innovation and imitation, varying
the structure of proposed models, and formulating different connections and variables.
This flexibility, combined with the mathematical foundation of the Bass model, enables
the conduct of consistent diffusion studies over time, facilitating comprehensive analyses
as aimed in this thesis.

Furthermore, as previously discussed, the combination of these two methods has been
employed in other works and has demonstrated to be very versatile in modeling and
understanding the behavior of systems. In this context, given the challenge of modeling the
adoption and diffusion of new technologies, such as BEVs, the methodologies mentioned
in this section are a notable facilitator of this process.
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2.4 Analytic hierarchy process

The AHP method was developed between 1971 and 1975 by Thomas L. Saaty [72]. It
is used for multi-criteria decision making and uses logical and mathematical concepts
to solve problems with multi-level variables, creating a hierarchy between the possible
alternatives. It also involves dividing the different criteria into various hierarchical levels
based on judgments and converting the criteria into weights so that the objectives can be
ranked through comparisons, and decisions can be made [72]–[74].

In a recent systematic review study, [75] showed that AHP is not only one of the most
widely used methods for multi-criteria decision making, but has also gained increasingly
popularity in the transportation sector, due to its effectiveness in solving complex
problems, ranging from public transport management to logistics planning and the
evaluation of sustainable transport strategies. In short, essentially three steps are proposed
to implement it [74]:

1. Decomposition of the problem: Goals or objectives broken down into criteria and
subcriteria in a hierarchical manner;

2. Comparative judgement: Stage in which comparisons among the criteria are
performed and arranged into a matrix;

3. Priority synthesis: Ranked structure based on the defined hierarchical level.

Fig. 2.8 shows a general hierarchical structure of the criteria in the AHP method. Basically,
at the top (level 0) is the decision goal or overall purpose. The second level contains the
criteria (𝐶𝑟1, 𝐶𝑟2, ..., 𝐶𝑟𝑛) that influence the decision. This level can be extended into
additional levels (level 1, level 2, etc.), where the criteria are further divided into others
subcriteria. The final level represents the existing alternatives (𝐴𝑙1, 𝐴𝑙2, . . . , 𝐴𝑙𝑘) that
are suitable for the decision-making process [74].

Moreover, the AHP method is based on the hierarchization of problems and the comparison
of various criteria or potential solutions through the use of comparison matrices. This
process enables the establishment of a hierarchy vector of alternatives. In other words,
the AHP evaluates the importance of the criteria, compares the alternatives pairwise
for each criterion and determines a scale in descending order. Thus, each criterion
is evaluated according to its degree of importance in relation to another, established
according to a numerical scale of values for comparison, proposed by Saaty [73], as
shown in Table 2.2.
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Goal

𝐶𝑟1 𝐶𝑟2 𝐶𝑟... 𝐶𝑟𝑛

𝐴𝑙1 𝐴𝑙... 𝐴𝑙𝑘

Level 1

Level 0

Alternatives

···

Figure 2.8: Generic diagram of level hierarchy.

Table 2.2: AHP fundamental scale for comparison and judgment [73].

Numerical scale Importance level Explanation

1 Equal Both criteria contribute equally to the goal

3 Moderate Experience and judgment slightly favor one criterion over
the other

5 Strong Experience and judgment strongly favor one criterion over
the other

7 Very strong One criterion is strongly favored over another and its
dominance can be seen in practice

9 Extreme or absolute The evidence has the highest level of certainty and favors
one criteria over another

2, 4, 6, 8 Intermediate values Intermediate values are assumed when there is no
consensus between two adjacent judgments (odd numbers)
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Considering the numerical scale in the Table 2.2, the judgments are made by experts
who evaluate the criteria and consider how much more important one is in relation to
the other, always pair by pair. Thus, a comparison (or judgment) matrix with dimension
𝑛 × 𝑛 for 𝑛 evaluation criteria is constructed, as can be seen in (2.13).

𝑴 =

𝐶𝑟1 𝐶𝑟2 ... 𝐶𝑟𝑛

𝐶𝑟1

𝐶𝑟2

...

𝐶𝑟𝑛



1 𝑎12 ... 𝑎1𝑛

1
𝑎12

1 ... 𝑎2𝑛

...
...

. . .
...

1
𝑎1𝑛

1
𝑎2𝑛

... 1



(2.13)

𝑴 represents the criteria comparison matrix;𝐶1,𝐶2,𝐶𝑛 indicate the number of evaluation
criteria; and 𝑎𝑖 𝑗 is the degree of importance of criterion 𝑖 over criterion 𝑗 . For a matrix
of order 𝑛, the number of required criteria is 𝑛(𝑛−1)

2 [73]. Furthermore, the main diagonal
of the matrix will always have a value of 1, since it reflects the assessment of the 𝐶𝑖
criterion itself. According to [73], for consistency requirements reasons, the AHP method
considers reciprocal entries

(
𝑎 𝑗𝑖 =

1
𝑎𝑖 𝑗
,∀𝑖, 𝑗

)
which correspond to the elements below

the main diagonal.

Also according to Saaty’s theory [72], the comparison matrix 𝑴 is consistent if it meets
the parameter presented in (2.14).

𝑎𝑖 𝑗 · 𝑎 𝑗 𝑘 = 𝑎𝑖𝑘 ∀𝑖, 𝑗 , 𝑘 = 1, . . . , 𝑛 (2.14)

In this case, with 𝑎𝑖 𝑗 > 0 indicating the extent to which criterion 𝑖 is preferred over 𝑗 , and
considering the consistency requirement (𝑎 𝑗𝑖 = 1/𝑎𝑖 𝑗 ), each entry of the 𝑴 accurately
reflect the ratio between weight 𝑖 in relation to 𝑗 , i.e. 𝑎𝑖 𝑗 =

𝑤𝑖

𝑤 𝑗
,∀𝑖, 𝑗 , so that 𝑴 can be

written as (2.15).
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𝑴 =



𝑤1
𝑤1

𝑤1
𝑤2

· · · 𝑤1
𝑤𝑛

𝑤2
𝑤1

𝑤2
𝑤2

· · · 𝑤2
𝑤𝑛

...
...

. . .
...

𝑤𝑛
𝑤1

𝑤𝑛
𝑤2

· · ·
𝑤𝑛
𝑤𝑛


(2.15)

From the 𝑴 matrix, the priority or weight of each criterion is calculated, obtained by
applying a two-step process. First, all the values in each column are added together,
and, in order to normalize them, each value in each column is divided by the sum of the
respective column, which will form a new matrix, but normalized according to (2.16).

𝑎𝑖 𝑗 =
𝑎𝑖 𝑗∑𝑛
𝑖=1 𝑎𝑖 𝑗

(2.16)

Subsequently, (2.17) is employed to find the weight or priority of the criterion under
consideration and to calculate the mean value of each row of the normalized matrix.
Hereby, the vector of priorities is thus determined (2.18). This process must be repeated
for each criterion.

𝑤𝑖 =

∑𝑛
𝑗=1 𝑎̄𝑖 𝑗

𝑛
(2.17)

𝒘i =


𝑤1
𝑤2
...

𝑤𝑛


(2.18)

Where 𝑤𝑖 is the weight of criterion 𝑖 and 𝑛 is the number of criteria. The total sum of the
criteria weights must equal 1.

The AHP methodology bases its solutions on the opinions of experts. However, this
can eventually lead to a certain degree of inconsistency due to the complexity of the
problem or the involvement of multiple experts from different fields, each bringing their
own perspective [74], [76]. Given this, the AHP method includes the calculation of a
consistency ratio (CR) of the judgments [72]–[74], [76]:

𝐶𝑅 =
𝐶𝐼

𝑅𝐼
(2.19)
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As can be seen in (2.19), the CR, which represents the acceptance of the decision-maker’s
judgment, is determined by the quotient between the consistency index (CI) and the
random consistency index (RI). The CI expresses how far the matrix deviates from a
consistency matrix. For a matrix of size 𝑛, (2.20) is found, where 𝜆max is the maximum
eigenvalue of the judgment matrix. The value of the RI can be determined directly by
applying the Table 2.3 proposed by Saaty [72], [73], [77].

𝐶𝐼 =
𝜆max − 𝑛
𝑛 − 1

(2.20)

To calculate CI, it is necessary to determine the eigenvalues of the pairwise comparison
matrix 𝑴. This involves multiplying this matrix by the criteria weights to produce a new
vector. Each element of this new vector is then divided by its corresponding weight. The
results of these divisions are used to calculate the maximum eigenvalue of the comparison
matrix, 𝜆max, which corresponds to the average of the values in this final vector. In other
words, it is necessary to solve the equation system presented in (2.21) [72], [73], [78].{

𝑴𝒘 = 𝜆max𝒘

𝒘T1 = 1
(2.21)

Where 𝒘 and 𝜆max correspond to the eigenvector and the maximum eigenvalue of 𝑴,
respectively, 1 = (1, . . . , 1)T.

Table 2.3 shows the RI value based on the number of criteria evaluated, as well as the
maximum CR allowed to validate the information provided. This determines the final
consistency of the expert’s information. Consequently, a higher CR value indicates more
dispersed and less consistent information. Generally, a CR of 10 % is acceptable, except
for assessments with four and three criteria, which CR is 8 % and 5 %, respectively.

According to [78], the application in (2.22) is another widely used method to calculate 𝑤𝑖.
In this equation, each component of 𝑤 is determined by the geometric mean of the
elements in that row divided by a normalization term. In this approach, the terms of 𝑤
must also sum to 1.

𝑤𝑖 =
©­«
𝑛∏
𝑗=1

𝑎𝑖 𝑗
ª®¬

1
𝑛 / 𝑛∑︁

𝑖=1

©­«
𝑛∏
𝑗=1

𝑎𝑖 𝑗
ª®¬

1
𝑛

︸           ︷︷           ︸
normalization term

(2.22)
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Table 2.3: RI values [77].

Number of criteria RI value Maximum CR

1 0.00 0.00
2 0.00 0.00
3 0.52 0.05
4 0.89 0.08
5 1.11 0.10
6 1.25 0.10
7 1.35 0.10
8 1.40 0.10
9 1.45 0.10

10 1.49 0.10
11 1.52 0.10
12 1.54 0.10
13 1.56 0.10
14 1.58 0.10
15 1.59 0.10

Depending on the application of AHP, various areas and experts can be consulted.
However, evaluations may differ due to the interests of each sector and the experience of
each expert, for example. In such cases, the evaluations of the consulted experts should
be aggregated. This is done by applying separate questionnaires and then integrating the
judgments that are relevant or most consistent. To achieve this, the comparison matrix is
recalculated using the weighted geometric mean [78], as shown in (2.23).

𝑎G
𝑖 𝑗 =

𝑠∏
ℎ=1

(
𝑎 (ℎ)𝑖 𝑗

) 1
𝑠 (2.23)

Where 𝑎𝐺𝑖 𝑗 is the weighted geometric mean of each 𝑎𝑖 𝑗 term of the comparison matrices;
𝑎 (ℎ)𝑖 𝑗 represents the 𝑎𝑖 𝑗 term of the comparison matrices for each expert ℎ; 𝑠 is the total
number of experts considered. The group comparison matrix (𝑴G) can be rewritten as
shown in (2.24).
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𝑴G =

𝐶𝑟1 𝐶𝑟2 ... 𝐶𝑟𝑛

𝐶𝑟1

𝐶𝑟2

...

𝐶𝑟𝑛



1 𝑎G
12 ... 𝑎G

1𝑛

1
𝑎G

12
1 ... 𝑎G

2𝑛

...
...

. . .
...

1
𝑎G

1𝑛

1
𝑎G

2𝑛
... 1



(2.24)

Where 𝐶𝑟𝑖 represents criterion 𝑖 under analysis; 𝑎G
𝑖 𝑗 grouped term representing the

preference of criterion 𝑖 over 𝑗 ; and 1
𝑎G
𝑖 𝑗

grouped term representing the preference of
criterion 𝑗 over 𝑖. Saaty [73] emphasizes that "the geometric mean is the only way
to combine group judgments and preserve the reciprocal property", i.e., if the experts’
analyses result in dispersed judgments, the geometric mean will not preserve this property,
leading to results that are not representative.

In this study, the AHP method was chosen because it is easy to use and reliable when it
comes to ranking alternatives for the aspects under analysis. Specifically, AHP is used
to define the weights of the variables and criteria considered in the analyses for BEV
diffusion. The degree of importance of each aspect is also defined using this approach.

2.5 Fuzzy logic

Another method used in the analysis developed in this work is fuzzy logic. Fuzzy logic is
a mathematical approach also used for complex multi-criteria decision-making, which
differs from the AHP in that it does not rank the opinion of experts. Instead, it offers
a more flexible and imprecise evaluation, allowing for different degrees of truth to be
considered simultaneously.

In 1965, Lotfi A. Zadeh published a precursor article entitled "Fuzzy Sets", in which he
described the assumptions and mathematical foundations of fuzzy logic. In this work, he
argues that certain categories, such as "a beautiful woman" or "a tall man", do not fit into
traditional mathematical sets or classes [79]. Zadeh emphasizes the importance of these
imprecise categories in human thought, especially in areas such as pattern recognition,
communication, and abstraction. Through specific mathematical definitions, he lays the
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necessary foundations for the application of fuzzy logic, offering a new perspective for
dealing with uncertainty and subjectivity in various applications [79].

As its main characteristics, fuzzy logic stands out for its flexibility, as well as its ability to
evaluate applications although nonlinearities of parameters or incomplete, ambiguous, or
imprecise data [80]. This allows, for instance, computer systems to analyze situations that
are neither completely false (0) nor completely true (1). Thus, boolean logic, in which
only "0" or "1" are possible values, can be interpreted as a particular case of the fuzzy
logic, corresponding with what are its extreme cases, i.e. completely true or completely
false, as depicted in Fig. 2.9.

(a) Boolean logic. (b) Fuzzy logic.

Figure 2.9: Levels of computer evaluation [80].

An important definition of fuzzy logic, as proposed by Zadeh [79], involves mapping a
real number to a specific interval, such as [0, 1], to associate an element with a class. In
this context, 𝑋 can be considered a space of points, with 𝑥 representing a generic element
of 𝑋 , so 𝑋 = {𝑥}. A fuzzy set or class 𝐴 in 𝑋 is defined by a pertinence (or membership)
function 𝜇A(𝑥), which assigns each point in 𝑋 a real value within the interval [0, 1]. This
value indicates the degree to which 𝑥 belongs to 𝐴, with values closer to 1 representing a
higher degree of membership in 𝐴 [79]. The typical membership functions are presented
in Fig. 2.10 [80].

The triangular membership function (Fig. 2.10a) is defined from three scalar parameters:
𝑎, 𝑏 and 𝑐. Its mathematical representation is given by (2.25).

𝜇A(𝑥) =



𝑥 − 𝑎
𝑏 − 𝑎 for 𝑎 < 𝑥 ≤ 𝑏

𝑐 − 𝑥
𝑐 − 𝑏 for 𝑏 < 𝑥 ≤ 𝑐

0 otherwise

(2.25)
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(a) Triangular.
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1

c
(c) Gaussian.

Figure 2.10: Typical membership functions of fuzzy logic [80].
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The trapezoidal function (Fig. 2.10b) has four scalar parameters to define its curve: 𝑎, 𝑏,
𝑐 and 𝑑. Its general formula is expressed as (2.26).

𝜇A(𝑥) =



𝑥 − 𝑎
𝑏 − 𝑎 𝑎 ≤ 𝑥 ≤ 𝑏

1 𝑏 ≤ 𝑥 ≤ 𝑐
𝑑 − 𝑥
𝑑 − 𝑐 𝑐 ≤ 𝑥 ≤ 𝑑

0 otherwise

(2.26)

Finally, in the gaussian function (Fig. 2.10c), two parameters are used: 𝑜 represents the
center of the curve and 𝜎 (standard deviation) determines its width. Its mathematical
representation is given by (2.27).

𝜇A(𝑥) = e−
(𝑥−𝑜)2

2𝜎2 (2.27)

Membership functions, for example, those shown in Fig. 2.10, are used to describe
how a problem can be interpreted even with imprecise attributes. In this way, by
simulating human reasoning, fuzzy logic allows the inputs of a problem to be related
to the inferences made. In its classical implementations, fuzzy logic is applied for
decision-making processes that use qualitative concepts, for example, excellent, good,
bad, important, irrelevant, etc., providing opportunities to quantify these linguistic
variables and effectively associate subjective and objective aspects [80]. Therefore, fuzzy
systems generally have four principal components: fuzzification, rules, inference engine
and defuzzification, as depicted in Fig. 2.11.

Figure 2.11: Elements of a fuzzy logic system [80].

Each element of this system is described below [80], [81]:
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• Fuzzification: It is the step that converts a real scalar value into a fuzzy value. In
this way, the crisp input data is received and transformed into fuzzy numbers (or
sets) that represent certain ranges of belongingness.

• Rules: They represent the knowledge base linked to the domain of the analyzed
system. This contains all the data and rules of the linguistic fuzzy control.

• Inference engine: It is responsible for applying the fuzzy rules to the fuzzy input
values to produce fuzzy output values by mapping the fuzzy data into fuzzy sets.
It combines the fuzzy rules and calculates the membership degree of the output
variables based on the stored expert rules.

• Defuzzification: Stage in which a single, suitable value for the output variable is
determined from the converted fuzzy outputs.

There are several packages for easy application of fuzzy logic in both commercial and
open source software. However, the expert must properly define the rule base and provide
the appropriate input data [80]. The construction of the rule base is fundamental and
includes defining the universe of each variable, the number of fuzzy sets and the adequate
membership functions. In a system based on fuzzy logic, the rules (𝑅𝑢𝑙) are implemented
using "IF antecedent THEN consequent" logic as shown in (2.28) [82].

𝑅𝑢𝑙 = IF 𝑥1 is 𝐴𝑙1, . . . , 𝑥𝑛 is 𝐴𝑙𝑛, THEN 𝑦 is 𝐵 (2.28)

Where 𝐴𝑖 and 𝐵 are fuzzy sets; 𝑥 is the variable of interest (antecedent) with 𝑖 = 1, 2, . . . , 𝑛;
𝑦 is the output (consequent) value; and 𝑗 represents the amount of rules for 𝑙 = 1, . . . , 𝑗
in the rule base. In general, the antecedent of a fuzzy system may consist of multiple
components that can be combined using "AND" or "OR", and sometimes "NOT" operators.
Then, after the fuzzification, the inference engine maps the fuzzy sets by decoding the
fuzzy rules. The calculations made by the inference system can be interpreted as a type
of interpolation method [82].

An inference system is typically modeled using two approaches: Mamdani-type or
Sugeno-type. The first is preferred for implementing rules based on linguistic variables
by defining relational operators for antecedents that generate consequents in a fuzzy set.
The latter is utilized for constructing and analyzing mathematical models of uncertain
systems, and the consequent is a linear combination [82], [83], as shown in (2.29).

𝑅𝑢𝑙 = IF 𝑥1 is 𝐴𝑙1, . . . , 𝑥𝑛 is 𝐴𝑙𝑛, THEN 𝑦 = 𝑐0 +
𝑛∑︁
𝑖=1

𝑐𝑖𝑥𝑖, (2.29)
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Where 𝑐𝑖 is undetermined variable. The Sugeno-type modeling method is better to
explain nonlinear associations with linear interpolation than the Mamdani model [82],
[83].

In addition, it is through the inference engine that the defuzifier’s decision-making
strategies are organized [82]. Regarding defuzzification, different techniques can be
employed, for instance center of gravity, mean of maxima, first of maxima and last
of maxima, and random choice of maxima [17], or even adapted variations of them
depending on the study [84].

Reference [81] presented some areas where fuzzy logic has been widely used, for instance,
image processing, management, agriculture, industry applications, engineering, among
others, emphasizing different works that were developed in these areas. In the context of
electromobility, fuzzy logic is also used in different approaches to deal with complex
and uncertain variables, such as optimizing the management of battery charging and
discharging in EVs, taking into account multiple factors, e.g. temperature and the
battery’s state of charge (SOC) [85]; improving energy management to increase efficiency
and extend battery life by combining supercapacitors and batteries for hybrid storage [83];
improving fuel economy and efficiency of hybrid vehicles [86]; integrating the EV fleet
into the smart grid by optimizing battery charging and discharging to ensure economic
benefits for the user and to support the operation of the smart grid [87]. Moreover, [88]
conducted a study to determine CS locations for EVs in urban areas, integrating AHP
and fuzzy logic.

In view of the above, it can be seen that this technique has a wide range of applications
with consolidated and reliable results. Therefore, in this work, fuzzy logic will be utilized
to determine the values of certain variables for which analytical calculation would be
hard. In this context, this approach highlights the flexibility and adaptability of fuzzy
logic in complex decision-making scenarios.
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In Chapter 2, the fundamental theories used to implement the adoption model proposed in
this work were presented, namely: system dynamics (SD), Rogers’ theory of innovations,
the Bass model, the AHP method and fuzzy logic. Each theory has been reviewed in
detail, establishing the necessary conceptual basis for the global methodology that is
developed in this chapter.

The adoption of BEVs by residential consumers will lead to changes in the planning and
operation of the electricity system. Therefore, it is important to understand and determine
how this diffusion will occur over time. However, it should be noted that this adoption is
challenging and difficult to forecast, since it is linked to the individual decisions of each
consumer to purchase a BEV or not, which is associated with the barriers and incentives
that reach potential adopters.

3.1 Problem formulation

The global transition to zero emission vehicles (ZEVs) is essential for achieving GHG
emission reduction targets and for transport decarbonisation [89]. However, the diffusion
of BEVs presents complex challenges that vary significantly across different regions and
markets [7], [90]–[93]. Countries like Norway have achieved remarkable success in
BEV adoption, with robust policies, comprehensive charging infrastructure, and high
environmental awareness leading to market penetration exceeding 80 % of new vehicles
sold [94]. In contrast, emerging markets such as Brazil face numerous obstacles, including
high acquisition costs, lack of infrastructure, and acceptance that hinder large-scale
adoption [43], [44].

Moreover, considering the scope of this thesis, which aims to contribute to the under-
standing of BEV diffusion specially for the power sector, BEVs have the potential to
serve the electric grid as they become more prevalent. By providing ancillary services
such as load balancing, voltage regulation, and peak shaving, BEVs can offer significant
benefits to power system operators and consumers alike. However, the insertion of BEVs
into the power systems without prior estimation and investigation can have undesirable
effects on electricity networks, due to the increase in consumer demand for energy,
voltage instability, increased peak demand, reduced power quality, increased losses and
overloading of lines and transformers in distribution networks [8], [13], [18], [20]. These
impacts can vary greatly depending on the different parameters related to EVs, such as
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penetration levels, charging patterns, vehicle driving patterns, distances traveled, charging
strategies, market characteristics, among others.

The complexity of analyzing BEV adoption demands approaches capable of capturing
the diverse factors influencing diffusion in diverse and region-specific regional contexts.
The Bass model, widely used for forecasting the adoption of new technologies, combined
with SD, offers a powerful framework for modeling BEV diffusion on a global scale.
These methods allow for the incorporation of both imitation and innovation effects from
the Bass theory, as well as the interactions among several quantitative and qualitative
variables in a single SD model to study BEV adoption over time.

Despite the advantages of this integrated modeling approach, accurately forecasting BEV
adoption across different regional contexts necessitates a detailed understanding of local
market conditions. Incorporating methods such as the AHP and fuzzy logic can enhance
the model’s adaptability and precision by systematically evaluating and weighting the
influence of various factors based on regional characteristics. AHP provides a structured
technique for organizing and analyzing complex decisions by decomposing them into a
hierarchy of importance, i.e. determining the relative importance of each criterion [95].
Fuzzy logic complements this by handling the inherent uncertainties and ambiguities
associated with human judgment and qualitative assessments, enabling the model to
incorporate expert opinions and subjective evaluations effectively [96]. Together, these
methods facilitate comprehensive market analyses and precise mapping of influential
variables, ensuring that the model accurately reflects the multifaceted and context-specific
nature of BEV adoption.

This study proposes developing a global BEV diffusion model using the integration
of the Bass diffusion model, SD, AHP, and fuzzy logic to simulate its adoption in
various economic, political, technical, infrastructural, social and business contexts.
The model will be applied to case studies in Brazil and Germany, allowing for the
exploration of how different factors influence the rate of BEV adoption in emerging and
developed economies.

Hence, the objective of this proposal is to provide a robust tool for forecasting BEV
adoption and informing policy formulation to accelerate the transition to more sustainable
mobility. Additionally, the proposed approach offers several advantages, including
enhanced flexibility to adapt the model to diverse regional conditions, improved accuracy
in forecasting adoption trends, and the ability to identify and analyze the main factors
influencing BEV diffusion. Furthermore, the model can serve as a valuable resource
for policymakers and stakeholders by providing insights into effective strategies and
interventions adjusted to their specific regions and societies.
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3.2 Overview of the proposal

Fig. 3.1 provides an overview of the proposed model for forecasting the rate at which
residential consumers are likely to adopt BEVs. The block diagram illustrates the need
to first assess the aspects related to the diffusion of BEVs, which are associated with
economic, political, social, technical, infrastructural, and market factors. Mapping these
aspects helps the development of knowledge and understanding of the system, which is
essential for accurate modeling.

Figure 3.1: Block diagram of the model.

The subsequent phase involves analyzing the spread of BEVs over a period of time,
employing the SD approach in conjunction with the Bass model. Moreover, AHP and
fuzzy logic are employed to determine the weights and values of some parameters in the
model. This analysis encompasses several perspectives of the specified aspects.



46 3 Proposed Methodology

Next, a model verification for the available historical data must be performed. At this point,
𝑝 and 𝑞 coefficients of the Bass model are calibrated. Finally, future scenarios can be
studied, with different policy tests and parameter variations, and the results are analyzed.

3.3 Main aspects influencing the adoption of BEVs

Table 3.1 shows the aspects associated with the diffusion of BEVs among residen-
tial consumers. They are divided into six categories: economic, political, technical,
infrastructural, social and market.

Table 3.1: Main aspects analyzed for the adoption of BEVs

Economic aspect Political aspect

Net present value (NPV) of ICEV Legislation
NPV of BEV Financing opportunities

NPV of BEV and green charger Tax incentives
Operating costs of the vehicle Social appeal

Wallbox

Infrastructural aspect Technical aspect

Mechanic workshops Range
Public charging infrastructure Charging time

R&D BEV models

Social aspect Market aspect

Social appeal Total population
Knowledge Potential market
Feedback Demographic data
Relevance Human development index (HDI)

DG adopters Business models

The adoption of BEVs is influenced by several aspects, as outlined in [43], [90]–[92],
[97]–[99]. The aspects proposed in this work encompass a range of internal and external
factors, which are represented through the dynamic variables and parameters in form of a
SD model.

While Table 3.1 provides a general overview, it is important to note that each aspect is
intricately detailed through the corresponding equations and interactions in the CLD and
SFD within the model, as specified in the next sections. This approach focuses on the
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main factors related to BEV diffusion, ensuring that the model remains robust and global
and avoids becoming overly complex or exhaustive in its parametrization.

During the literature researches, no studies were found that dealt with this issue in a
global way, considering the various aspects listed in Table 3.1 in one model. The problem
of BEV diffusion in residential consumers is performed over time, taking into account
the influence of the proposed aspects categorized using the SD technique together with
the Bass model.

Given the complexity of the parameters of these aspects, the model integrates multiple
methods to accurately represent their influence on BEV adoption. In particular, the
use of AHP method and fuzzy logic provides a robust framework for handling the
inherent uncertainty and vagueness associated with certain variables. AHP is employed
to determine the weights of various factors, allowing for a region-specific analysis of how
each aspect influences BEV adoption. Meanwhile, fuzzy logic is utilized to estimate the
imprecise and qualitative aspects of the problem, ensuring that the model captures the
characteristics of real-world decision-making processes.

Together, these approaches enable a comprehensive analysis of the factors driving BEV
adoption, allowing for a dynamic and regionally tailored model that can adapt to different
contexts and scenarios. The combination of these methods not only enhances the accuracy
of the model but also provides valuable insights into how various aspects interact to
influence the diffusion of BEVs over time in a given country or region.

3.4 Conceptual and mathematical modeling

As mentioned in Section 2.1, the modeling steps suggested by Ford [58] is used to
develop the model proposed in this work, which consists of applying the SD technique in
conjunction with the Bass model to project the diffusion of BEVs in residential consumers
over time. The first stage proposed by [58] refers to knowledge of the system. In this
sense, as presented in Section 1.2, research was carried out into the diffusion of EVs. In
addition, Table 3.1 shows the different aspects associated with the diffusion of BEVs
from five points of view: economic, technical, political, social and market analysis. In
this way, knowledge is gained about the technology, the diffusion of which is being
studied over time.

The second stage of modeling is related to the dynamic specification of the system under
study. Thus, according to Rogers’ theory and Bass model, the dynamic behavior for the
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adoption of BEVs as an innovation is an S-shaped growth curve [61], [65]. The third part
of the proposed model is the construction of the SFD, which is detailed in Section 3.4.1.

3.4.1 Proposed stock and flow diagram

SFDs are responsible for mathematically relating the equations and assumptions involved
in formulating the behavior of the factors that influence the decision of residential
consumers to purchase a BEV or not over time. Fig. 3.2 shows the SFD of the proposed
model considering the aspects under analysis.

As can be seen in Fig. 3.2, the model includes three stocks: the BEV population (𝑚),
potential adopters (𝑃), and adopters (𝐴). 𝑚 represents the total number of individuals
eligible to purchase a BEV, specifically those who possess a valid driver’s license for
cars. These individuals constitute the total potential market.

Unlike the general structure of the Bass model in the form of SD (see Fig. 2.7), the
proposed model considers, in addition to the adoption rate (𝐴𝑅), a replacement rate (𝑅𝑅)
for the diffusion of BEVs. This is because the Bass model is described as a model to
represent the behavior of first sales, relating the stock of potential adopters (𝑃) to that
of adopters (𝐴). However, in the context of EV usage, as with other durable goods,
vehicles may be discarded, or the consumer may decide to upgrade after some time,
among other reasons that lead them to purchase another vehicle [48]. In this way, at
certain intervals the BEV can be replaced, causing BEV adopters to return to the pool
of potential adopters again, being susceptible to buying a new vehicle depending on
attractiveness of the product or social exposure. In the proposed model, this 𝐴𝑅(𝑡) can
be expressed as the sum of adoption from BEV attractiveness (𝐴𝐴𝑇 (𝑡)) and adoption
from social exposure (𝐴𝑆𝐸 (𝑡)), as shown in (3.1).

𝐴𝑅(𝑡) = 𝐴𝐴𝑇 (𝑡) + 𝐴𝑆𝐸 (𝑡) (3.1)

The replacement rate 𝑅𝑅(𝑡), by contrast, can be conceptualized as a time-delayed version
of the adoption rate, with the delay corresponding to the average useful life of the
BEV (𝑡BEV), in years, as expressed in (3.2).

𝑅𝑅(𝑡) = 𝐴𝑅(𝑡 − 𝑡BEV) (3.2)
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Figure 3.2: SFD of the complete model.
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The stock of adopters 𝐴 is modeled as an integral of the adoption and replacemente rate,
reflecting the flow of individuals transitioning from potential adopters to actual BEV
owners over time. The equation for 𝐴 is given by (3.3). 𝐴(𝑡0) represents possible early
adopters in the study region.

𝐴(𝑡) =
∫ 𝑡

𝑡0

(𝐴𝑅(𝑡) − 𝑅𝑅(𝑡)) d𝑡 + 𝐴(𝑡0) (3.3)

From the perspective of SFD in a SD analysis, the variable 𝐴𝑅 represents the rate at
which potential adopters become BEV adopters based on the dynamic relationships in
the model. A positive variation of this variable increases the stock of BEV adopters and
decreases the stock of potential adopters.

Potential adopters (𝑃) are calculated as a subset of the BEV population (𝑚), adjusted
by the HDI to reflect the socioeconomic conditions of a specific region. The pool of
potential adopters is further modified by accounting for the current number of adopters
(𝐴), which reduces the number of individuals who are still in the market to adopt a BEV.
Additionally, the replacement rate (𝑅𝑅) reintroduces individuals back into the pool of
potential adopters as they become eligible to purchase a new BEV after replacing their
previous one. This dynamic relationship is expressed as:

𝑃(𝑡) = max (0, 𝑚(𝑡) · 𝐻𝐷𝐼 (𝑡) − 𝐴(𝑡))

= max
(
0, 𝑚(𝑡) · 𝐻𝐷𝐼 (𝑡) +

∫ 𝑡

𝑡0

(−𝐴𝑅(𝑡) + 𝑅𝑅(𝑡)) d𝑡 − 𝐴(𝑡0)
) (3.4)

Here, 𝑃(𝑡) represents the potential adopters at time 𝑡, ensuring that the value cannot be
negative even under extreme variations.

From (3.1), 𝐴𝐴𝑇 (𝑡) is defined according to (3.5), where 𝑝 is the Bass innovation
coefficient, and 𝑃𝐴𝐹 (𝑡) represents the product attractiveness factor.

𝐴𝐴𝑇 (𝑡) = 𝑝 · 𝑃(𝑡) · 𝑃𝐴𝐹 (𝑡) (3.5)

𝑃𝐴𝐹 is a variable that influences BEV attractiveness. It is directly determined by
technical (𝑇𝐴), infrastructural (𝐼 𝐴), economic (𝐸𝐴) and political (𝑃𝐴) aspects, together
with their respective weights, 𝑤1, 𝑤2, 𝑤3 and 𝑤4, as presented in (3.6). Indirectly, as
depicted in the model, factors such as recharging infrastructure development, public
policies, BEV characteristics, and market dynamics also influence it.

𝑃𝐴𝐹 (𝑡) = 𝑤1 · 𝑇𝐴(𝑡) + 𝑤2 · 𝐼 𝐴(𝑡) + 𝑤3 · 𝐸𝐴(𝑡) + 𝑤4 · 𝑃𝐴(𝑡) (3.6)



3 Proposed Methodology 51

Within the Bass model, the innovation coefficient 𝑝 is multiplied by the 𝑃𝐴𝐹 to adjust the
initial adoption rate of the BEV from the perspective of its attractiveness. This approach
enables the model to capture not only the tendency of innovators to adopt the BEV as
an innovation or novelty initially, but also how its relative attractiveness influences the
diffusion process throughout the time.

The technical aspect depends on the travel capacity of the BEV, its recharging time, the
number of models available on the market and R&D into this technology. In addition,
the proposed model accounts for the impact of social influences on the development of
the technical aspects.

The travel capacity of the BEV, denoted by 𝐶𝑎𝑝travel, is defined as a normalized measure
of the vehicle’s range. This measure relates the effective range of the BEV, in kilometers,
to a standard normalization base value, denoted by 𝐶𝑎𝑝max, in km. Mathematically, the
travel capacity can be expressed by the following equation:

ˆ𝐶𝑎𝑝travel(𝑡) =

𝑅BEV(𝑡)
𝐶𝑎𝑝max

if 𝑅BEV(𝑡) ≤ 𝐶𝑎𝑝max

1 otherwise
(3.7)

where 𝑅BEV represents the range, in km, that the BEV can travel on a full charge. The
choice of 𝐶max depends on the specific context and should reflect a relevant standard or
industry average to facilitate objective comparisons between different BEV categories.

The calculation of the BEV recharging time begins with determining the required
energy (𝐸req). This is calculated by taking the battery capacity (𝐶𝑎𝑝bat), in kWh, and
multiplying it by the difference between the target SOC (𝑆𝑂𝐶target) and the current SOC
(𝑆𝑂𝐶current), expressed as a percentage. This value is then divided by the charging
efficiency (𝜂charge) to account for energy losses during charging:

𝐸req(𝑡) =
𝐶𝑎𝑝bat(𝑡) · (𝑆𝑂𝐶target − 𝑆𝑂𝐶current)

100 · 𝜂charge
(3.8)

Finally, the recharging time (𝑡charge) is obtained by dividing the required energy (𝐸req) by
the charging power (𝑃charge) of the charging station (CS), in kW, which can be a wallbox,
a fast-charging station, or another type of charger:

𝑡charge(𝑡) =
𝐸req(𝑡)
𝑃charge

(3.9)
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To integrate the recharging time into the technical aspects of the model, 𝑡charge is further
normalized by a base recharging time (𝑡min), in hours or minutes, providing a dimensionless
measure that can be compared across different scenarios:

𝑡charge(𝑡) =


𝑡min
𝑡charge(𝑡)

if 𝑡charge(𝑡) ≥ 𝑡min

1 otherwise
(3.10)

The variable 𝑀BEV represents the current number of BEV models available in the market,
normalized by a reference number of models 𝑀max, which reflects a well-supplied market
condition considered favorable for consumer choice. The idea is that a larger selection of
available models increases the attractiveness of BEVs, providing consumers with more
options and potentially boosting adoption. Mathematically, this can be expressed as:

𝑀̂BEV(𝑡) =

𝑀BEV(𝑡)
𝑀max

if 𝑀BEV(𝑡) ≤ 𝑀max

1 otherwise
(3.11)

𝑀̂BEV is the normalized value of the number of BEV models, used in the technical
aspects of the model to assess market influence. This normalization allows 𝑀̂BEV to be
dimensionless and comparable across different market scenarios, helping to evaluate how
the availability of models influences consumer decisions.

The R&D variable (𝛽R&D) represents the research and development efforts surrounding
BEV technology over time. This variable is determined using a fuzzy logic approach,
which allows for handling the inherent uncertainty and vagueness in the evaluation of
R&D effectiveness. The specific implementation of this fuzzy logic model was carried
out in Python, and the corresponding code is provided in the Appendix B with the exact
details of the inputs and the logic rules applied.

The social appeal variable 𝑆𝐴𝑝(𝑡) is related to the ratio between the population that has
already adopted BEVs and the total BEV population 𝑚(𝑡). This variable is included
in the model because, as the number of adopters increases, it is expected to drive
further technical improvements in BEV technology. The detailed equation for 𝑆𝐴𝑝(𝑡) is
presented alongside other variables related to the social aspects, specifically in (3.38).

Finally, the technical aspect is calculated using (3.12). Each variable is multiplied by its
corresponding weight, reflecting its relative importance in the overall technical aspect.

𝑇𝐴(𝑡) = 𝑤5 · ˆ𝐶𝑎𝑝travel(𝑡) +𝑤6 · 𝑡charge(𝑡) +𝑤7 · 𝑀̂BEV(𝑡) +𝑤8 · 𝛽R&D(𝑡) + 𝑆𝐴𝑝(𝑡) (3.12)
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The infrastructural aspect of the model is shaped by both R&D related to BEV technology
and social appeal. R&D not only drives advancements in BEV technology but also
supports the development and expansion of charging infrastructure, including more
efficient and accessible CSs. Additionally, the model accounts for the effect of the
growing number of BEV adopters on infrastructure, acknowledging the increased demand
for charging facilities as adoption rates rise.

Another variable of the infrastructural aspect, namely the public charging infrastruc-
ture (𝑃𝐶𝐼) is defined as the ratio of the number of BEVs (𝑁BEV) to the number of public
CS points (𝐶𝑆𝑃) in a given region:

𝑃𝐶𝐼 (𝑡) =
𝑁BEV(𝑡)
𝐶𝑆𝑃(𝑡) (3.13)

Then this ratio is normalized to assess the existing and the development of public charging
infrastructure:

ˆ𝑃𝐶𝐼 (𝑡) =

𝑃𝐶𝐼 (𝑡)
𝑃𝐶𝐼max

if 𝑃𝐶𝐼 (𝑡) ≤ 𝑃𝐶𝐼max

1 otherwise
(3.14)

Within the infrastructural aspect of the model, the variable BEV mechanic workshops
(𝑀𝑊BEV) represents the number of companies available for the maintenance of BEVs,
availability of parts, inspections, and other after-sales services. Basically, this variable
captures the shift from ICEVs services to those required by BEVs, until this market
becomes saturated, i.e. it reaches 100 %, representing the market maturity for this sector.
The evolution of the number of these businesses is modeled using a logistic function,
represented by (3.15).

𝑀𝑊BEV(𝑡) =
1

1 + e−𝜅(𝑡−𝑡 𝜄)
(3.15)

Where 𝑡 is time (years); 𝜅 is the growth rate of the curve, indicating how quickly BEV
workshops approach market saturation; and 𝑡𝜄 is the inflection point, representing the
year in which the growth of workshops begins to accelerate significantly. The parameters
𝜅 and 𝑡𝜄 require calibration based on market data or related studies to accurately reflect
trends in the adoption of BEV after-sales services.

The final component of the infrastructural aspect of the model includes the influence of
political decisions on infrastructure development. This variable represents the weight of
political factors and their impact on the expansion of the infrastructure supporting BEVs.
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The overall infrastructural aspect over time, 𝐼 𝐴(𝑡), is then calculated as shown in (3.16).

𝐼 𝐴(𝑡) = 𝑤9 · 𝛽R&D(𝑡) +𝑤10 · ˆ𝑃𝐶𝐼 (𝑡) +𝑤11 ·𝑀𝑊BEV(𝑡) +𝑤12 · 𝑃𝐴(𝑡) + 𝑆𝐴𝑝(𝑡) (3.16)

Where 𝑤9, 𝑤10, 𝑤11, and 𝑤12 represent the weights associated with R&D, normalized
public BEV charging infrastructure ( ˆ𝑃𝐶𝐼), BEV mechanic workshops (𝑀𝑊BEV), and
political aspects (𝑃𝐴), respectively. These weights are calibrated using expert judgment
through the AHP method.

Modeling political aspects for the study of BEV diffusion involves analyzing policies
that impact various stakeholders, including government entities, policymakers, industry
leaders, and end users [91], [100]. Developing public policies that promote BEV adoption
is essential, benefiting not only direct consumers but the entire supply chain [101]. Such
policies can motivate the automotive industry, financial institutions, and energy companies
to support the transition to BEVs, creating an environment conducive to widespread
adoption. Together with the development of political measures, awareness campaigns and
dissemination can increase the acceptance of BEV among the population [92], [102].

By establishing clear targets and standards for the transportation sector, legislation drives
the adoption of BEVs and contributes to broader environmental objectives. Policies
focused on reducing GHG emissions, improving air quality, and promoting the transition
to renewable energy are central to these agendas [4], [102]. Aligning BEV adoption
with climate policies supports the decarbonization of the transportation sector [89].
Moreover, policy frameworks provide the necessary structure to guide the interventions
and strategies to move BEVs into the main stream market through actions such as the
development of recharging facilities, targets for reducing CO2 emissions in the transport
sector, financial subsidies, tax reductions and exemptions [7], [42], [89], [100].

To promote BEV adoption, it is essential to establish a robust supply chain that supports
the production and distribution of EVs [90]. This involves providing incentives for
manufacturers to develop new BEV models and ensuring that the necessary infrastructure,
such as CSs and maintenance services, is in place [91]. Additionally, financial institutions
must be encouraged to offer attractive financing options for consumers, which can be
facilitated, for instance, through government-backed loan programs, new business models
and tax incentives [12], [37], [103].

The energy sector supports BEV adoption by establishing a robust regulatory framework.
Policies that revise energy tariffs and introduce innovative pricing models can make
BEV ownership more appealing to consumers [14], [15]. Additionally, integrating V2G
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technology allows BEVs to provide ancillary services to the grid, offering financial
incentives to owners and enhancing grid efficiency and stability [23], [104].

However, political aspects are generally qualitative variables inherently qualitative rather
than quantitative. In this work, these dynamics are quantified to enable simulations.
To this end, the following variables are proposed: BEV legislation (𝐿BEV(𝑡)), BEV
financing (𝐹𝑖BEV(𝑡)) and BEV tax incentives (𝑇 𝐼BEV(𝑡)). These variables are subdivided
into parameters, each assigned a weight based on its importance, and are evaluated on a
scale proposed in Table 3.2.

Table 3.2: Political variables with their parameters and weights.

Variable Parameter Weight

Legislation

Mandates for vehicle emissions standards 0.20
Public charging infrastructure investment 0.20

Grid integration and smart charging regulations 0.20
Clean energy targets and renewable energy mandates 0.20

BEV supply chain support 0.20

Financing

Grants/subsidies 0.40
Solar power funding program for BEV 0.20

Low-interest loans 0.40

Tax incentives

Reduction in annual car tax 0.30
Grid connection and tariff incentives (V2G) 0.30

Reduction in purchase tax 0.20
Tax reduction on renewable source installation 0.20

Finally, the political aspect (𝑃𝐴) is also influenced by social appeal 𝑆𝐴𝑝(𝑡), as the
collective behavior and attitudes of the population can impact policy decisions. Thus,
the increase in the number of adopters tends to influence not only individual consumer
choices but also the political framework. This integration of qualitative assessments and
social dynamics ensures a comprehensive evaluation of the political factors affecting
BEV adoption. 𝑃𝐴(𝑡) is calculated as shown in (3.17).

𝑃𝐴(𝑡) = 𝑤16 · 𝐿BEV(𝑡) + 𝑤17 · 𝐹𝑖BEV(𝑡) + 𝑤18 · 𝑇 𝐼BEV(𝑡) + 𝑆𝐴𝑝(𝑡) (3.17)

Where 𝑤16, 𝑤17 and 𝑤18 are the weights associated with BEV legislation, BEV financing
and BEV tax incentives, respectively. Variations in the parameters of the political aspect
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scale directly influence economic and infrastructural factors, affecting variables such as
NPV calculations and public charging infrastructure, as discussed earlier. It is crucial
to determine the values of each parameter through a thorough analysis of legislation,
financial incentives, and tax incentives. For accurate modeling, it is recommended to
consult with experts and stakeholders in the sector, ensuring that the parameters are
appropriately calibrated for the region under study.

In the economic aspect of the model, the NPV calculations are used to evaluate the
financial viability of different vehicle purchase options. Specifically, the comparative
NPV variable (𝑁𝑃𝑉comp) analyzes which NPV is most attractive between the NPV of an
ICEV (𝑁𝑃𝑉ICEV), the NPV of a BEV (𝑁𝑃𝑉BEV), and the NPV of a BEV with a green
charger 2 (𝑁𝑃𝑉BEV, GC). The logic used to define 𝑁𝑃𝑉comp is as follows:

𝑁𝑃𝑉comp(𝑡) =


0 if 𝑁𝑃𝑉 ICEV(𝑡) > 𝑁𝑃𝑉BEV(𝑡) AND 𝑁𝑃𝑉ICEV(𝑡) > 𝑁𝑃𝑉BEV, GC(𝑡)
1 if 𝑁𝑃𝑉BEV, GC(𝑡) > 𝑁𝑃𝑉BEV(𝑡) AND 𝐴(𝑡) ≤ 𝛼GC(𝑡) · 𝑚(𝑡)
1 otherwise

(3.18)
Where 𝑁𝑃𝑉ICEV(𝑡), 𝑁𝑃𝑉BEV(𝑡) and 𝑁𝑃𝑉BEV, GC(𝑡) represent the NPV of purchasing
and operating an ICEV, a BEV or a BEV along with the installation of a green
charger, respectively. 𝐴(𝑡) is the current number of BEV adopters, and 𝛼GC(𝑡) is the
green charger coefficient.

𝛼GC is a factor representing the proportion of the population eligible for installing a green
charger when purchasing a BEV. It is defined as the ratio between the number of home-
owners (𝐻own) — those who own a house with land — and the total population (𝑁pop(𝑡))
of the region under study. 𝛼GC is determined as follows:

𝛼GC(𝑡) =
𝐻own(𝑡)
𝑁pop(𝑡)

(3.19)

The (𝑁𝑃𝑉ICEV) is calculated using (3.20), which relates the ICEV’s annual cash
flow (𝐶𝐹ICEV(𝑡)), the interest rate (𝑟) used to calculate the present value of the cash
flows, and the ICEV acquisition cost (𝐶ICEV, aq) in the year the investment begins.

𝑁𝑃𝑉ICEV(𝑡) =
𝑛∑︁
𝑡=1

𝐶𝐹ICEV(𝑡)
(1 + 𝑟)𝑡 − 𝐶ICEV, aq(𝑡) (3.20)

2A green charger refers to a charging technology that charges EVs using renewable energy sources. As
the focus of this work is the adoption of BEVs to residential consumers, it is considered a green charger
powered by solar energy.
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The acquisition cost of the ICEV is calculated, as shown in (3.21), considering

𝐶ICEV, aq(𝑡) = 𝐶ICEV · (1 + 𝑇ICEV(𝑡)) (3.21)

Where 𝐶ICEV represents the purchase price of the ICEV, to which purchase taxes 𝑇ICEV,
e.g. value added tax (VAT), are added at the time of acquisition.

The cash flow for the consumer purchasing the ICEV is given by (3.22), which accounts
for the operation and maintenance costs of the ICEV (𝑂&𝑀ICEV(𝑡)), annual fuel expenses
(𝐹𝑢ICEV(𝑡)), vehicle property tax (car tax) (𝐶𝑇ICEV(𝑡)), insurance costs (𝐼𝑛ICEV(𝑡)),
and the depreciation (𝐷ICEV(𝑡)) of the vehicle over time. The sum of these costs also
represent the operating costs of the vehicle.

𝐶𝐹ICEV(𝑡) = −𝑂&𝑀ICEV(𝑡) − 𝐹𝑢ICEV(𝑡) − 𝐶𝑇ICEV(𝑡) − 𝐼𝑛ICEV(𝑡) − 𝐷ICEV(𝑡) (3.22)

𝐹𝑢ICEV(𝑡) represents the cost spent on fuel in the ICEV, which corresponds to the
product of the distance (𝑑𝑖annual) driven annually by the consumer, in km, with the
average consumption of the ICEV’s combustion engine (𝐶𝑜ICEV), in km/l, and the cost
of fuel (𝐶fuel), in the local currency per liter, paid by the consumer, including taxes.
Equation (3.23) shows the relationship between these variables.

𝐹𝑢ICEV(𝑡) =
𝑑𝑖annual(𝑡)
𝐶𝑜ICEV(𝑡)

· 𝐶fuel(𝑡) (3.23)

Similarly, the 𝑁𝑃𝑉BEV is calculated using (3.24), which accounts for the BEV’s annual
cash flow (𝐶𝐹BEV(𝑡)), the interest rate (𝑟) used to calculate the present value of the cash
flows, the BEV acquisition cost (𝐶BEV, aq), the cost of installing a wallbox (𝐶WB), and
any subsidies (𝑆𝑢BEV(𝑡)) applied at the time of purchase.

𝑁𝑃𝑉BEV(𝑡) =
𝑛∑︁
𝑡=1

𝐶𝐹BEV(𝑡)
(1 + 𝑟)𝑡 −

(
𝐶BEV, aq(𝑡) − 𝑆𝑢BEV(𝑡) + 𝐶WB(𝑡)

)
(3.24)

The acquisition cost of the BEV is calculated as shown in (3.25), considering:

𝐶BEV, aq(𝑡) = 𝐶BEV · (1 + 𝑇BEV(𝑡)) (3.25)

Where 𝐶BEV represents the purchase price of the BEV, to which purchase taxes, 𝑇BEV,
are added at the time of acquisition. It is important to note that tax rates for acquiring
BEVs can vary significantly, especially as many countries offer more favorable rates for
environmentally friendly technologies. In this context, subsidies may also play a crucial
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role in reducing the effective purchase cost of BEVs, thereby influencing consumer
decision-making.

The cash flow for the consumer purchasing the BEV is given by (3.26), which accounts
for the operation and maintenance costs of the BEV (𝑂&𝑀BEV(𝑡)) and of the wall-
box (𝑂&𝑀WB(𝑡)), annual electricity costs (𝐶𝐸BEV(𝑡)), vehicle property tax (𝐶𝑇BEV(𝑡)),
insurance costs (𝐼𝑛BEV(𝑡)), and the depreciation (𝐷BEV(𝑡)) of the vehicle over time.

𝐶𝐹BEV(𝑡) = −𝑂&𝑀BEV(𝑡) −𝑂&𝑀WB(𝑡) −𝐶𝐸BEV(𝑡) −𝐶𝑇BEV(𝑡) − 𝐼𝑛BEV(𝑡) −𝐷BEV(𝑡)
(3.26)

𝐶𝐸BEV(𝑡) represents the cost spent on electricity for recharging the BEV, which cor-
responds to the product of the distance driven annually by the consumer (𝑑𝑖annual(𝑡)),
the average efficiency of the BEV (𝐸 𝑓BEV(𝑡)) in kilowatt-hours per kilometer, and
the cost of electricity (𝐶el(𝑡)) in the local currency per kilowatt-hour, including taxes.
Equation (3.27) shows the relationship between these variables.

𝐶𝐸BEV(𝑡) = 𝑑𝑖annual(𝑡) · 𝐸 𝑓BEV(𝑡) · 𝐶el(𝑡) (3.27)

Where 𝐸 𝑓BEV can also be calculated as:

𝐸 𝑓BEV(𝑡) =
𝐶𝑎𝑝bat(𝑡)
𝑅BEV(𝑡)

(3.28)

In this study, the green charger scenario is included to account for the additional investment
required for solar BEV charging. The decreasing costs of solar energy have made it a
viable option for many residential consumers. Therefore, this scenario is analyzed to
assess its impact on the overall costs.

Similarly, the 𝑁𝑃𝑉BEV, GC is calculated using (3.29), which accounts for the annual
cash flow (𝐶𝐹BEV, GC(𝑡)) for purchasing BEV and green charger. In comparison to the
calculation of the 𝑁𝑃𝑉BEV, in this case, the cost of acquiring the green charger (𝐶GC) is
added at the time of purchase.

𝑁𝑃𝑉BEV, GC(𝑡) =
𝑛∑︁
𝑡=1

𝐶𝐹BEV, GC(𝑡)
(1 + 𝑟)𝑡 −

(
𝐶BEV, aq(𝑡) − 𝑆𝑢BEV, GC(𝑡) + 𝐶WB(𝑡) + 𝐶GC(𝑡)

)
(3.29)

The acquisition cost of the BEV is calculated according to (3.25). The cost of purchasing
a green charger depends on the power required, which is determined by the efficiency of
the BEV considered (𝐸 𝑓BEV), in kWh/km, and the average annual distance traveled by
the consumer (𝑑𝑖annual) in km. This cost is calculated using (3.30), where 𝐶PV represents
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the average cost of purchasing and installing a solar power system in the local currency
per kW, and 𝛼PV, avg denotes the estimated average annual productivity factor for this
system in the study region in kWh/kW.

𝐶GC(𝑡) =
𝐸 𝑓BEV(𝑡) · 𝑑𝑖annual(𝑡) · 𝐶PV(𝑡)

𝛼PV, avg
(3.30)

The cash flow for the consumer purchasing the BEV with a green charger is given by
(3.31). This calculation is similar to that of 𝐶𝐹BEV(𝑡) in (3.26), but with the addition of
the operation and maintenance costs of the green charger (𝑂&𝑀GC(𝑡)), and the savings
from energy produced by the green charger, which offsets the cost of electricity that
would otherwise be purchased from the grid (𝑆𝑎GC(𝑡)).

𝐶𝐹BEV, GC(𝑡) = 𝐶𝐹BEV(𝑡) −𝑂&𝑀GC(𝑡) + 𝑆𝑎GC(𝑡) (3.31)

Where:
𝑆𝑎GC(𝑡) = 𝐶𝐸BEV(𝑡) (3.32)

The economic aspect also considers the effects and developments of the political and
technical aspects to promote the diffusion of BEVs. This aspect is calculated as
expressed in (3.33).

𝐸𝐴(𝑡) = 𝑤13 · 𝑁𝑃𝑉comp(𝑡) + 𝑤14 · 𝑃𝐴(𝑡) + 𝑤15 · 𝑇𝐴(𝑡) (3.33)

Where 𝑤13, 𝑤14 and 𝑤15 are the weights associated with the comparative NPV
(𝑁𝑃𝑉comp(𝑡)), political aspect (𝑃𝐴(𝑡)) and technical aspect (𝑇𝐴(𝑡)), respectively.

The equations presented so far influence the adoption rate 𝐴𝑅(𝑡) considering adoption
by BEV attractiveness (𝐴𝐴𝑇). Another important part of 𝐴𝑅 calculation (3.1) refers to
adoption from social exposure 𝐴𝑆𝐸 (𝑡), which is calculated according to (3.34).

𝐴𝑆𝐸 (𝑡) = 𝑞(𝑡 − 𝑡d) · 𝑆𝐴(𝑡) · 𝑃(𝑡) ·
𝐴(𝑡)
𝑚(𝑡) (3.34)

Where 𝑃(𝑡), 𝐴(𝑡), and 𝑚(𝑡) are the stocks representing the potential adopters, the
adopters, and the total potential market of the model. 𝑆𝐴(𝑡) represents the social aspects,
and 𝑞 is the imitation coefficient of the Bass model with a delay of 𝑡𝑑 in years.

As illustrated in Fig. 3.2, the social aspect is influenced by five auxiliary variables:
product knowledge, product feedback, social appeal, product novelty, and the adoption
of distributed generation (DG). This aspect encompasses relevant variables that shape
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the development of actions and practices influencing social dynamics and individual
behavior within society, as well as their perceptions of using BEVs to decarbonize the
transport sector and promote electromobility.

Product knowledge (𝑃𝐾 (𝑡)) represents the dissemination of knowledge about the BEV, af-
fected by the knowledge coefficient (𝛽kn) and the product attractiveness factor (𝑃𝐴𝐹 (𝑡)).

𝑃𝐾 (𝑡) = 𝛽kn · (1 + 𝑃𝐴𝐹 (𝑡)) (3.35)

Product feedback (𝑃𝐹 (𝑡)) measures the impact of social feedback on the BEV, influenced
by the product attractiveness factor (𝑃𝐴𝐹 (𝑡)) over time and the feedback coefficient (𝛽fb),
which is a fuzzy variable.

𝑃𝐹 (𝑡) = (1 + 𝛽fb) · (𝑃𝐴𝐹 (𝑡) − 1) (3.36)

From (3.35) and (3.36), it can be seen that as the 𝑃𝐴𝐹, which relates the technical,
infrastructure, economic and political aspects, increases over time, these variables also
increase, so that feedback improves and knowledge about the characteristics of the BEV
also spreads in society.

Product novelty (𝑃𝑁 (𝑡)) quantifies the perceived novelty of the BEV, driven by the
relevance coefficient (𝛽rel). This variable is modeled in such a way that, as time passes
and more adopters adopt BEV, this product ceases to be an innovation or a novelty on
the market. 𝑃𝑁 (𝑡) is calculated as shown in (3.37).

𝑃𝑁 (𝑡) = 𝛽rel ·
(
1 + ln

(
𝑚(𝑡)
𝐴(𝑡)

))
(3.37)

Social appeal (𝑆𝐴𝑝(𝑡)) is influenced by a social coefficient (sociability), (𝛽social), and the
interaction rate between adopters and total market, which is the ratio of the total BEV
population (𝑚(𝑡)) to the current adopters (𝐴(𝑡)).

𝑆𝐴𝑝(𝑡) = 𝐴(𝑡)
𝑚(𝑡) · 𝛽social (3.38)

The variable 𝛼DG(𝑡) represents the proportion of DG adopters in relation to the total
population (𝑁pop(𝑡)), serving as a factor to evaluate population’s exposure to DG.

𝛼DG(𝑡) =
𝑁DG(𝑡)
𝑁pop(𝑡)

(3.39)
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Finally, the social aspect (𝑆𝐴(𝑡)) is calculated as presented in (3.40).

𝑆𝐴(𝑡) = 𝑤19 · 𝑃𝐾 (𝑡) + 𝑤20 · 𝑃𝐹 (𝑡) + 𝑤21 · 𝑃𝑁 (𝑡) + 𝑤22 · 𝑆𝐴𝑝(𝑡) + 𝛼DG(𝑡) (3.40)

Where 𝑤19, 𝑤20, 𝑤21 and 𝑤22 are the weights for product knowledge (𝑃𝐾 (𝑡)), product
feedback (𝑃𝐹 (𝑡)), product novelty (𝑃𝑁 (𝑡)) and social appeal (𝑆𝐴𝑝(𝑡)), respectively.

To determine the values of the 𝛽 coefficients (fuzzy variables), and 𝑤𝑖 (AHP weights), a
survey was applied in collaboration with experts from the sector, presented in Appendix A.
The algorithm for calculating the fuzzy values, as well as the details of this modeling and
everything else, are presented in Appendix B.

The SFD presented in this work encompasses all relevant variables and interactions
necessary for a comprehensive analysis of BEV adoption. The fourth stage of the
proposed modeling is the construction of the CLD, which is described in Section 3.4.2.

3.4.2 Proposed causal loop diagram

To construct the CLD, all the variables in the model must be known and are now correlated.
According to Sterman [48], the CLD is of great importance in systems modeling and its
purpose is to represent the model’s causal hypotheses in the form of a sketch, as well as
to allow assumptions about the model’s structural correlations to be interconnected and
tested by varying its parameters.

The CLD is constructed based on the relationships between the selected variables, with
the aim of highlighting the cause-and-effect connections that emerge when defining causal
hypotheses based on their interdependencies. Fig. 3.3 presents the general CLD model
proposed in this work. It captures the dynamics of how main different factors interact
to influence BEV adoption, considering both the positive (amplifying) and negative
(limiting) effects that may arise in the process. The general CLD features three balancing
loops and one reinforcing loop.

The first balancing loop (B1) is related to market saturation, determined by the number
of potential adopters. This loop illustrates how an increase in adoption, driven by the
BEV’s attractiveness — primarily influenced by the innovation coefficient (𝑝) — leads
to a higher adoption rate, turning potential adopters into BEV adopters. Additionally, as
the number of adopters increases, the pool of potential adopters decreases, creating a
balancing feedback loop. The second balancing loop (B2) demonstrates that the adoption
rate is influenced by adoption through social exposure and BEV attractiveness, yet it
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Figure 3.3: General CLD of the proposed model.

is constrained by the potential market size (𝑚). Therefore, this loop also represents
market saturation.

The reinforcing loop (R1) correlates to an increase in the number of adopters due to social
exposure among both adopters and potential adopters, with the primary influencing factor
being the imitation coefficient (𝑞) from the Bass model. Another balancing loop (B3)
depicted in this diagram relates to the replacement of BEVs, where former adopters return
to the pool of potential adopters, controlled by a replacement rate, which is modeled as a
delay in the adoption rate, determined by BEV’s average lifespan. Thus, this consumer is
once again influenced by all the decision-making factors examined in this study, namely
the adoption from BEV attractiveness and social exposure.

Another significant factor to highlight is the HDI, an important socioeconomic indicator
that reflects the levels of health, education, and income (standard of living) in a given
country or region. The HDI is a value ranging from 0 to 1; the closer to zero, the lower the
indicator for the specified criteria, and the closer to one, the better the conditions in these
areas [105]. In the context of the proposed model, the HDI is used as a socioeconomic
variable to determine the proportion of the potential market (BEV population) considered
eligible to become potential adopters.
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Starting from the macromodel shown in Fig. 3.3, the analysis is expanded by incorpo-
rating the considered aspects and their respective variables, with the aim of deepening
the understanding of the cause-and-effect relationships between adoption from BEV
attractiveness and social exposure. Fig. 3.4 presents the CLD for the complete model.

Throughout the construction of this model, various tests were conducted to verify the
correlations between the variables. Finally, the mathematical equations that establish the
relationships among the variables were modeled in the SFD.
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Figure 3.4: CLD of the complete model.
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By expanding the factors related to adoption from BEV attractiveness and social exposure,
new and significant relationships have been established between the aspects, as illustrated
in Fig. 3.4. In this context, the influence of the political aspect on the economic aspect
stands out, reflecting political decisions and the development of public policies, such as
tax incentives, advances in legislation and financing policies. The interaction of political
variables on the infrastructural aspect is also observed, which is further influenced by
the business models of companies operating with BEVs, alongside R&D efforts and the
development of public charging infrastructure.

In the technical aspect, especially with regard to EV technology, variables such as
travel capacity, recharging time and R&D advances in this sector stand out. Another
relevant variable in this context is the number of BEV models available on the market,
which might also influence consumer decisions due to market growth and availability of
different options.

Furthermore, regarding social issues and word of mouth, it is observed that feedback
and knowledge about BEVs are dependent of the product’s attractiveness factor, which
functions to interconnect the political, economic, infrastructural and technical aspects.
Both feedback and product knowledge, along with social appeal, BEV as an innovation in
the transportation sector, and the fraction of the population already owning a DG system,
exert influence on social factors.

Moreover, social appeal among individuals within a given region also play a crucial role in
the dynamics of BEV diffusion over time. As the number of adopters of BEVs increases,
it is anticipated that the resulting social pressure will impact political, infrastructural,
and technical aspects, as represented in the model. Consequently, this may lead to the
development of public charging infrastructure, new business models, public financing
policies, tax reductions, and advancements in research related to this technology.

These characteristics are thoroughly evaluated in the proposed model. The analysis of
the interactions between variables is performed through dynamic simulations, which
allow observing how changes in specific variables can reverberate throughout the system,
influencing other variables and, consequently, the overall behavior of the model. This
approach not only facilitates the identification of the main drivers of BEV adoption, but
also helps to forecast how different policies or interventions might impact the diffusion
of BEVs over time.
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4 Model Verification and Application

Chapter 3 presented the proposed model to be simulated in this work, including the
complete SFD and the CLD. Additionally, all the parameters and variables to be modeled
and parameterized were detailed. In this chapter, the verification and calibration of the
model are discussed. To achieve this, it is necessary to collect historical data and apply
expert questionnaires to determine the parameter values. As proposed by Ford [58],
estimating the values of the model parameters corresponds to step five.

Once the model is parameterized, verification and calibration simulations can be con-
ducted, focusing on verifying the sensitivity of the model and adjusting its delays and
calibrating the coefficients of the Bass diffusion model. The aim is to ensure that the
model accurately reflects the real-world dynamics of BEV adoption and can be reliably
used for future scenario analysis.

4.1 Determination of parameters

The determination of parameters for the proposed model involved an extensive search
for historical data and the identification of variables introduced in the previous chapter
(see Section 3.4). This research focused on both Brazil and Germany, aiming to gather
comprehensive data that accurately reflects the different realities of these countries. The
process of collecting historical data was particularly challenging, especially in the case
of Brazil, where obtaining consistent and detailed information proved difficult.

The historical data collected was essential for parameterizing various aspects of the model,
such as market potential, BEV range, public charging infrastructure, NPV calculations,
etc. This data enabled the establishment of baseline values for the model’s variables,
ensuring that the simulation reflects realistic conditions in both countries.

In addition to historical data, determining the weights of variables required the application
of a structured survey. This questionnaire was designed to gather expert opinions on the
relative importance of different variables within the model, particularly for quantifying
their weights determined through the AHP method. For qualitative variables, a fuzzy
logic approach is employed. This method enables experts to provide their assessments on
a scale from 0 to 10, representing crisp input values. These inputs are then processed
through the fuzzy algorithm. Finally, the output values generated by the fuzzy algorithm
are averaged to produce a final value for each variable.
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The complete survey, including the sub-questionnaires used for determining the weights
for both AHP and fuzzy logic values, is provided in Appendix A. The fuzzy algorithm,
including its input variables, rule sets, and defuzzyfication method, is detailed in
Appendix B.

The questionnaire included the participation of 30 experts from different sectors and
areas of expertise, with 20 participants from Brazil and 10 from Germany. Responses
were collected via Microsoft Forms, and participants were asked to evaluate the relative
importance of each variable using the AHP method, as well as provide input for the fuzzy
logic algorithm. For the AHP, participants followed the structured scale proposed by
Saaty [72]–[74], which includes pairwise comparisons with values of 1, 3, 5, etc., along
with intermediate values. The fuzzy logic questions were based on a scale from 0 to
10 (crisp input values), where 0, depending on the variable, represents no importance,
influence, familiarity, etc. and 10 is very important, relevant, etc.

To ensure the accuracy and consistency of the data collected, responses were carefully
evaluated. In cases where responses did not meet consistency criteria, particularly
in the AHP method, or where the answers were not fully completed, the responses
were invalidated. In Brazil, five evaluations were partially invalidated, and two were
completely invalidated. In Germany, one evaluation was partially invalidated, and two
were completely invalidated. The validated results of the fuzzy logic values and AHP
weights are presented in Table Table 4.1 and 4.2, respectively.

Table 4.1: Fuzzy variable values.

Parameter Brazil Germany

R&D (current) 0.74 0.57
R&D (next 10 years) 0.87 0.81
R&D (next 20 years) 0.86 0.84

Knowledge 0.75 0.54
Feedback 0.89 0.49
Relevance 0.79 0.79
Sociability 0.73 0.24

As can be seen in Table 4.1, the variable 𝛽R&D is represented by three distinct values.
This is due to the fuzzy analysis conducted, which considers current levels of investment,
quality, and public acceptance associated with R&D for BEVs, and also projections of
these values over the next 10 and 20 years.
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Table 4.2: Weight of variables determined by AHP.

Parameter Brazil Germany

Product attractiveness factor
Technical aspect 0.221 0.294

Infrastructural aspect 0.301 0.305
Economic aspect 0.303 0.254
Political aspect 0.175 0.147

Consistency (𝐶𝑅) 0.007 0.014

Technical aspect
BEV travel capacity 0.297 0.392

Average BEV charging time 0.437 0.386
BEV models 0.094 0.156

R&D 0.172 0.065
Consistency (𝐶𝑅) 0.036 0.002

Infrastructural aspect
R&D 0.138 0.148

Public BEV charge infrastructure 0.432 0.401
BEV mechanic workshops 0.203 0.199

Political aspect 0.227 0.252
Consistency (𝐶𝑅) 0.004 0.006

Economic aspect
Comparative NPV 0.366 0.154

Political aspect 0.368 0.540
Technical aspect 0.266 0.306

Consistency (𝐶𝑅) 0.016 0.002

Political aspect
BEV legislation 0.204 0.326
BEV financing 0.397 0.261

BEV tax incentives 0.399 0.413
Consistency (𝐶𝑅) 0.049 0.011

Social aspect
Product knowledge 0.174 0.252
Product feedback 0.361 0.163
Product novelty 0.221 0.286
Social appeal 0.244 0.299

Consistency (𝐶𝑅) 0.035 0.040
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4.2 Case study data

An extensive research effort was conducted to gather data on the electric mobility
market, with a specific focus on the integration of BEVs into the German and Brazilian
markets. This phase of the study involved engaging with various stakeholders in the
sector, consulting different databases, and referencing information from ministries, as
well as consulting with agencies to obtain critical data.

The following subsections present the collected data for each country, along with the
references used. The study horizon for the historical BEV diffusion analysis in Germany
is considered from 2013 to 2023, and for Brazil from 2019 to 2023.

4.2.1 Germany

Considering the general CLD of the proposed model (see Fig. 3.3), the parameterization
begins with the definition of the stock that represents the total potential market (𝑚). This
stock is composed of consumers who have a driving license for cars. For the analysis
in this work, the considered consumers are those between 18 and 70 years old, holding
a driving license for categories B, B96, or BE. This data is obtained from [106] and is
illustrated in Fig. 4.1.

The stock of potential consumers (𝑃), as already defined, takes into account socio-
economic factors in the region in question. The criterion selected to determine this is the
HDI. The HDI values for Germany were obtained from [105].

Furthermore, the average BEV life is assumed to be 8 years. This figure is in line with
the average guarantee offered by the market. In general, manufacturers provide an 8-year
battery warranty and 160,000 km [107].

For the technical aspects, the model considers the average BEV range, determined using
data from [7], [108] and depicted in Fig. 4.2. To normalize the value of travel capacity, a
base value of 400 km is used. This value is chosen based on a study by [109], which
indicates that 400 km covers more than 98 % of consumers’ daily journeys, thereby
reducing range anxiety. With the continued improvement of charging infrastructure, this
distance is sufficient to balance performance, cost, and convenience [109].

The average BEV charging time is calculated based on the average battery capacity
observed in recent years, as detailed in [110], [111], for the global market, and presented
in Table 4.3. The 𝑆𝑂𝐶target and 𝑆𝑂𝐶current considered are between 0 % and 80 % [112].
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Figure 4.1: Number of driving licenses for cars in Germany [106].
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Figure 4.2: Evolution of average BEV range worldwide [7], [108].
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The charging power assumed is for a home wallbox with 7.4 kW and a charging efficiency
of 90 % [112]. For normalization purposes, a charging time of 3 hours is used as a base
value for an average residential consumer [113]. Generally, residential consumers charge
their vehicles in the evening [23], after returning from work, which is more than enough
time to ensure a full recharge before the next use. Furthermore, shorter charging times
are crucial for encouraging the adoption of EVs [113].

Table 4.3: Evolution of average battery capacity worldwide [110], [111].

Year 𝐶𝑎𝑝bat in kWh

2013 30
2014 29
2015 33
2016 37
2017 36
2018 44
2019 53
2020 54
2021 54
2022 60
2023 71

Information on specific BEV models available in Germany over the years is obtained
from [114]–[116] and presented in Table 4.4. To normalize the number of BEV models
available, a figure of one thousand models is used, reflecting the broad range of options
available in the ICEV market, which signifies the maturity and diversity of that segment.
For instance, in 2019, there were 1,561 petrol and diesel ICEV models available [114]. A
trend observed in the German market is the reduction in the number of ICEV models,
alongside a significant increase in electrified vehicles, particularly BEVs. Between 2019
and 2022, the number of petrol and diesel vehicle models decreased by 26 % and 46 %,
respectively, while the number of BEV models grew by 382 % over the same period [114].
This shift reflects the growing prevalence of electrification in the automotive market.

Table 4.4: Number of BEV models available in Germany [114]–[116].

Year 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

BEV models 18 27 32 36 47 55 68 73 129 217 300
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Next, the infrastructural aspect considers the public BEV charging infrastructure ratio.
To calculate this variable, it is necessary to determine the number of registered BEVs
and the number of public charging station points (CSPs) in Germany, as presented in
Table 4.5. The number of CSs in Germany for each year is gathered from [117], [118],
while the number of registered BEVs is obtained from [119].

Table 4.5: Parameters for calculating the ratio of PCI for BEVs in Germany [117]–[119].

Year Registered BEVs Public CSPs 𝑃𝐶𝐼

2013 7,114 4,454 2
2014 12,156 5,553 2
2015 18,948 5,894 3
2016 25,502 7,407 3
2017 34,022 9,108 4
2018 53,861 15,695 3
2019 83,175 26,746 3
2020 136,617 38,058 4
2021 309,083 53,447 6
2022 618,460 77,602 8
2023 1,013,009 108,266 9

A study conducted be Harrison [120] suggests that the optimal ratio of EVs to CSPs
typically ranges between 5 and 25 EVs/CSP. This range is significant because maintaining
this ratio ensures a balance between infrastructure availability and cost efficiency while
reducing range anxiety. For this analysis, a normalized value of 15 BEVs/CSP has
been selected. According to [120], an excessively high ratio of EVs to CSPs (beyond
25) tends to show diminishing returns in terms of market impact, while lower ratios
can lead to disproportionately high infrastructure costs without corresponding benefits
in EV adoption rates. The EU Directive on alternative fuels infrastructure (Directive
2014/94/EU) suggests having at least 10 EVs/CSP [121].

As previously discussed, a logistic function is employed to model the number of BEV
mechanic workshops, representing the market’s maturation trend concerning services
provided to BEV consumers. The estimated coefficients for this function were 𝜅 = 0.2
and 𝑡𝜄 = 2035.

Political factors influence not only legislation but also financing opportunities and
tax incentives at the federal, state, and municipal levels. As a result, modeling and
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parameterizing these values can be a complex task. Additionally, such policies can be
driven by societal pressures or actions from private industry sectors.

However, based on recent studies, scales for financing, legislation, and tax incentives for
BEVs have been defined, as presented in Table 4.6. This phase of the research focused on
federal public policies in each country and on state-level policies. In cases where certain
policies are not implemented uniformly across all states but are present in only a few, an
average value was applied as a proportion to account for these variations.

Table 4.6: Weights for legislation, financing and tax incentives for BEV in Germany.

Year Legislation Financing Tax incentives

2013 0.20 0.00 0.35
2014 0.25 0.00 0.40
2015 0.25 0.00 0.40
2016 0.50 0.30 0.40
2017 0.55 0.30 0.45
2018 0.55 0.30 0.45
2019 0.60 0.35 0.45
2020 0.60 0.45 0.45
2021 0.60 0.45 0.45
2022 0.60 0.45 0.45
2023 0.60 0.55 0.50

Based on specific laws and incentive programs within society, these weight values are
allocated annually for each country. It is also important to emphasize that these variables
impact the NPV calculations due to their direct correlation. In this work, these variations
over time are incorporated as inputs into the model.

For Germany, an overview of the political framework can be found in [121]–[123].
In summary, with regard to assigning weights to the political aspects, the analysis for
Germany considered the following key strategies [124]–[136]:

• "Integrated Energy and Climate Program (IEKP)" of 2007, which converts European
Union (EU)’s targets for 2020 into German policies, including the role of BEVs in
managing renewable energy intermittency.

• "Konjunkturpaket II" (2009), an economic stimulus package that allocated 500
million euros to promote electric mobility through R&D and market preparation.
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• "Directive 2009/28/EC (Renewable Energy Directive)", which encourages the
consumption of renewable energy in the transport sector, including renewable
electricity for EVs.

• "National Development Plan for Electric Mobility (NEPE)", adopted in 2009,
aimed to have 1 million EVs deployed by 2020, without distinction between BEVs,
PHEVs, and FCEVs.

• "Government Program for Electric Mobility" of 2011, which doubled spending on
BEVs and PHEVs related to R&D from 2009 to 2013.

• Motor tax exemptions for BEVs since 2012.

• "EU Directive on Alternative Fuels Infrastructure (Directive 2014/94/EU)", which
requires member states to implement infrastructure for EVs, setting standards for
fast and slow charging.

• "European Council Conclusions on 2030 Climate and Energy Policy Framework"
(2014), which sets binding targets to reduce GHG emissions by at least 40 % by
2030, increase the share of renewable energy to at least 27 %, and improve energy
efficiency by at least 27 %, directly impacting the adoption and infrastructure
development for EVs.

• "Renewable Energy Sources Act (EEG)" (2014, 2023), which set electricity prices,
target 80 % renewable energy generation, reduce dependence on fossil fuels, and to
contain the increase in temperature to 1.5 ºC.

• "Electric Mobility Act (EmoG)", introduced in 2015, which regulates the labeling
of BEVs and PHEVs.

• Germany’s participation as a signatory to the Paris Agreement since 2016, commit-
ted to metrics for reducing GHG.

• "Purchase grant (Umweltbonus/Kaufprämie)" from 2016 to 2023 to purchase a
PHEV or BEV.

• "German Climate Cabinet Agreement 2030 (Klimaschutzprogramm 2030)" (2019),
which sets a target of 7 to 10 million EVs in Germany by 2030, along with a master
plan for public CS infrastructure aiming for 1 million CSs by 2030.

• "Ladeinfrastruktur für Elektrofahrzeuge in Deutschland" (2017-2020), dedicated
to the installation of CSs, including 100 million euros for standard CSs and 200
million euros for fast CSs.
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• "Fit für 55" program (2021), which aims to ban all combustion vehicles by 2035.

In addition to the aforementioned legislations and programs, it is important to note that,
at the federal level, Germany does not have a dedicated national program specifically
for offering loans to support the adoption of BEVs. However, various private banks and
financial institutions have developed their own loan schemes to promote electromobility,
offering favorable terms to consumers interested in purchasing BEVs. Moreover, regarding
advanced technologies such as V2G and smart charging, they require further technological
and regulatory advancements [15].

The "Policies Database" by International Energy Agency (IEA) is another essential
resource, offering access to a wide range of legislation from Germany, the EU, and other
countries. This platform provides a comprehensive overview of policies supporting BEVs
and clean energy, making it a valuable tool for understanding and comparing legislative
frameworks across different regions [136].

The economic aspect in this study compares the NPV of an ICEV, a BEV, and a BEV
with a green charger. The NPV is calculated over a 10-year analysis horizon, serving
as the primary economic criterion for this analysis. Thus, a direct comparison of the
long-term financial viability of each vehicle option can be analyzed.

For the case of Germany, the interest rate is considered 7 % based on [137]. Tables
4.7 and 4.8 present, respectively, the purchase price and annual operating costs of
medium-sized light vehicles for the ICEVs and BEVs considered in this analysis. These
vehicles are chosen to represent the needs of an average consumer, ensuring that the
results are applicable to a broad demographic of potential BEV adopters. For the
calculations of annual operational costs and cash flow, the values from the Allgemeiner
Deutscher Automobil-Club (ADAC) tables in Germany are used. These tables provide
comprehensive data on all relevant costs, including fuel or electricity cost, operation and
maintenance, depreciation, insurance, and car tax (Kfz-Steuer), which are integrated into
the analysis.

In the NPV analysis of the BEV, the cost of acquiring a wallbox is included. Table 4.9
shows the acquisition cost of a 7.4 kW wallbox. An installation fee of =C 1,250.00 is also
considered in the NPV calculation. Additionally, scheduled maintenance of the wallbox
is accounted for every four years, at a cost of =C 200.00 per maintenance cycle [149].
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Table 4.7: Purchase cost and annual operating costs for the ICEV in Germany [138]–[148].

Year Brand Model Purchase cost Operational cost

2013 VW Golf TDI =C 22,675.00 =C 5,976.00
2014 VW Golf 1.2 TSI =C 19,175.00 =C 6,348.00
2015 VW Golf Variant TSI =C 24,025.00 =C 6,636.00
2016 VW Golf 1.2 TSI =C 19,675.00 =C 6,492.00
2017 VW Golf 1.0 TSI =C 19,900.00 =C 6,456.00
2018 VW Golf Variant 1.0 TSI =C 24,200.00 =C 6,636.00
2019 VW Golf 1.5 TSI =C 25,630.00 =C 7,896.00
2020 VW Golf Variant 1.5 TSI =C 26,840.00 =C 7,692.00
2021 VW Golf GTI Clubsport =C 42,265.00 =C 10,248.00
2022 VW Golf GTI Clubsport =C 44,645.00 =C 10,896.00
2023 VW Golf GTI Clubsport =C 46,480.00 =C 11,328.00

Table 4.8: Purchase cost and annual operating costs for the BEV in Germany [138]–[148].

Year Brand Model Purchase cost Operational cost

2013 Nissan Leaf =C 33,990.00 =C 7,848.00
2014 Renault Zoe Z.E. Life =C 21,700.00 =C 6,480.00
2015 Kia Soul EV =C 30,790.00 =C 7,440.00
2016 Renault Zoe Life =C 21,500.00 =C 6,828.00
2017 Renault Zoe =C 22,100.00 =C 6,360.00
2018 Renault Zoe =C 21,900.00 =C 6,336.00
2019 Renault Zoe R135 =C 25,900.00 =C 7,776.00
2020 Renault Zoe R135 =C 25,900.00 =C 7,212.00
2021 Tesla Model 3 Standard =C 45,560.00 =C 8,760.00
2022 VW ID.5 Pro =C 47,935.00 =C 9,600.00
2023 Tesla Model 3 =C 47,560.00 =C 9,564.00

Table 4.9: Average wallbox prices for Germany [149]–[153].

Year Wallbox price

2013 - 2016 =C 1,000.00
2017 - 2019 =C 850.00
2020 - 2021 =C 700.00
2022 - 2023 =C 600.00
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Additionally, in Germany, the environmental bonus ("Umweltbonus") program, which
ran from 2016 to 2023, represented an important subsidy, reducing the purchase cost of
BEVs. The changes and adjustments to the "Umweltbonus" over the years are detailed in
Table 4.10. This subsidy program has been canceled by the German government for the
year 2024 [133].

Table 4.10: Variations in environmental bonus in Germany over time [130]–[133].

Year
Vehicle price

up to =C 40,000 =C 40,000 – =C 60,000

2016 – 2020 =C 4,000
2021 – 2022 =C 6,000 =C 5,000

2023 =C 6,750 =C 4,500

For the NPV calculation of the BEV with a green charger, firstly, the acquisition cost of
the green charger must be determined. To do this, the annual distance traveled is set
at 15,000 km, as this is the value used by ADAC in its reports for an average driver in
Germany. The average acquisition costs for PV systems, in =C/kW, are sourced from [154].
The estimated average annual productivity (𝛼PV, avg) for a green charger in Germany is
considered to be 1,000 kWh/kW [155]. Table 4.11 details the BEV efficiency, in kWh/km,
the acquisition cost of the green charger based on solar power, in =C/kW, and the annual
savings, in =C, used in the NPV calculation for this scenario.

Table 4.11: Parameters for calculating the NPV of the BEV and green charger for the German
scenario [138]–[148], [154].

Year 𝐸 𝑓BEV in kWh/km 𝐶PV in =C/kW Savings in =C

2013 0.126 2,100.00 453.60
2014 0.111 2,000.00 432.90
2015 0.147 1,900.00 617.40
2016 0.133 1,700.00 558.60
2017 0.133 1,600.00 598.50
2018 0.133 1,500.00 598.50
2019 0.177 1,450.00 929.25
2020 0.177 1,350.00 955.80
2021 0.143 1,400.00 772.20
2022 0.139 1,350.00 917.40
2023 0.132 1,450.00 871.20
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For the cash flow calculation, the savings from using the green charger are determined
based on the electricity costs provided in the ADAC reports [138]–[148], [154]. The
operating costs of the green charger are estimated to be 1 % of its acquisition cost [129].
Fig. 4.3 presents the results of the NPV analysis over a 10-year horizon for the acquisition
of an ICEV, BEV, or BEV with a green charger in Germany.
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Figure 4.3: Result of the NPV calculation for historical values in Germany.

Analyzing Fig. 4.3, it is possible to note that, from 2013 to 2016, the ICEV remained
the most economical option. However, starting in 2017, a significant shift occurred,
where both BEV options — particularly the BEV with a green charger — became
more financially attractive. This shift can likely be attributed to the introduction or
enhancement of subsidies for BEVs around this period, making BEVs more appealing.
Additionally, the declining costs of PV systems, which are integral to green chargers,
further contributed to the improved NPV for the BEV and green charger option.

By 2020, the NPV of both BEV options became notably more favorable compared to
ICEVs, reflecting the combined effects of economic incentives and advancements in
technology. From 2021 onward, the BEV with a green charger consistently outperformed
the ICEV in terms of NPV, demonstrating the economic shift towards electrification
driven by supportive policies and the increasing cost-effectiveness of renewable energy
solutions. This analysis underscores the critical role of government policies and market
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trends in accelerating the adoption of BEVs, particularly when complemented by green
technologies like solar systems for EV charging.

However, while the BEV with a green charger proves to be the most economical option,
it is not viable for all consumers due to demographic factors. To address this, the
developed model incorporates the green charger coefficient (𝛼GC) as a limiting factor,
representing the portion of the population capable of installing a green charger at home.
This coefficient, which saturates at a certain value, is derived from the demographic
data of the study region. For Germany, this involves analyzing the proportion of people
living in their own homes (𝐻own) alongside general population (𝑁pop) data. (𝛼GC)
then multiplies the potential market (𝑚) in the diffusion model to realistically limit the
adoption of the BEV with a green charger based on regional demographics. Table 4.12
presents these demographic data for Germany.

Table 4.12: Demographic data for Germany and green charger coefficient [156]–[158].

Year Home ownership Population 𝛼GC

2013 29,840,000 80,767,463 0.37
2014 29,530,000 81,197,537 0.36
2015 29,050,000 82,175,684 0.35
2016 28,980,000 82,521,653 0.35
2017 28,980,000 82,792,351 0.35
2018 29,200,000 83,019,213 0.35
2019 28,990,000 83,166,711 0.35
2020 28,880,000 83,155,031 0.35
2021 28,670,000 83,237,124 0.34
2022 28,710,000 84,358,845 0.34
2023 27,870,000 84,669,326 0.33

Finalizing the presentation of the historical data collected for Germany, the social
aspect is introduced. The parameters within the social aspect are primarily fuzzy
variables, as presented in Section 3.4 and in Table 4.1. However, one variable, the DG
adopters coefficient (𝛼DG), which establishes a population exposure factor concerning the
diffusion of DG units, must be calculated. In this study, only PV systems are considered,
representing the extent to which individuals in German society are exposed to this
technology. Table 4.13 presents the current number of PV installations in Germany and
the corresponding 𝛼DG. Fig. 4.4 illustrates the historical growth in these installations.



4 Model Verification and Application 81

Table 4.13: Number of PV system installations and DG adopters coefficient for Germany [129],
[159].

Year PV installations 𝛼DG

2013 1,436,115 0.018
2014 1,507,364 0.019
2015 1,564,083 0.019
2016 1,623,467 0.020
2017 1,688,801 0.020
2018 1,759,902 0.021
2019 1,872,255 0.023
2020 2,047,751 0.025
2021 2,275,880 0.027
2022 2,651,773 0.031
2023 3,664,000 0.043
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Figure 4.4: Number of PV systems installed in Germany.
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4.2.2 Brazil

For Brazil, the total potential market (𝑚) is also composed of consumers between 18 and
70 years old, who have a driving license for cars, namely categories AB (motorcycle/car)
and B (only car). This data is obtained from [160] and is illustrated in Fig. 4.5.
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Figure 4.5: Number of driving licenses for cars in Brazil [160].

Regarding the socio-economic factors, HDI, used to specify the pool of potential adopters
𝑃(𝑡), is obtained from [105]. Furthermore, the average BEV life in Brazil is assumed to
be 8 years, similar to Germany.

In the technical aspect, the BEV range determined for Germany already considers a
global average range and a normalization value based on [109]. Therefore, this same
value is used for Brazil. Similarly, for the calculation of the BEV charging time, the same
charging times described for Germany are considered. In general, for these parameters
that use global averages, the same values are applied to both Brazil and Germany.

However, for the number of BEV models available in the Brazilian market, data were
sourced from [161], [162]. For normalization, a base value of 1,000 models, similar to
Germany, is used. Table 4.14 presents the data on the BEV models considered in the
simulations for the Brazilian scenario.
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Table 4.14: Number of BEV models available in Brazil [161], [162].

Year 2018 2019 2020 2021 2022 2023

BEV models 3 3 13 32 60 106

To determine the rate of public BEV charging infrastructure in Brazil, the number of
registered BEVs and the number of public CSPs are considered. These values are sourced
from [162] for CSs and [163] for registered BEVs and presented with the resulting rate
in Table 4.15. For normalization purposes, 15 BEVs/CSP are also considered.

Table 4.15: Parameters for calculating the ratio of PCI for BEVs in Brazil [163].

Year Registered BEVs Public CSPs 𝑃𝐶𝐼

2019 538 220 2
2020 801 400 2
2021 2,851 800 4
2022 8,458 3,000 3
2023 19,310 3,800 5

The variable BEV mechanic workshops, modeled using a logistic function, was adjusted
for Brazil with parameters 𝜅 = 0.15 and 𝑡𝜄 = 2045. These values are an estimate to
represent the pattern of evolution of the after-sales services provided for BEV owners in
Brazil from 2019 to 2023.

Modeling and parameterizing political factors in a diffusion model is particularly
challenging in a country of continental dimensions like Brazil. The diversity of public
policies that can be implemented at different levels of government—federal, state, and
municipal—increases the complexity of capturing all the variables involved. Each level
of government has its own priorities and resources, leading to a variety of approaches and
outcomes that complicate the modeling process. In this context, even with a thorough
literature review, consultation with experts is essential for understanding and properly
incorporating these factors into the model. Alternatively, to minimize these uncertainties,
a study of the diffusion of innovations, such as BEV, can be regionalized, allowing for a
more precise analysis adapted to the specificities of each region.

However, based on recent studies, scales for financing, legislation, and tax incentives for
BEVs have been defined, as presented in Table 4.16. This phase of the research focused
on federal public policies in Brazil and on state-level policies. In cases where certain
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policies are not uniformly implemented across all states, an average value was applied as
a proportion to account for these variations.

Table 4.16: Weights for legislation, financing and tax incentives for BEV in Brazil.

Year Legislation Financing Tax incentives

2019 0.20 0.00 0.20
2020 0.20 0.00 0.20
2021 0.25 0.10 0.25
2022 0.25 0.15 0.25
2023 0.30 0.15 0.42

In the analysis period from 2019 to 2023, the following legislations, programs, and
incentives were considered to estimate these weights for Brazil [1], [91], [162], [164]–
[167]:

• "Motor Vehicle Air Pollution Control Program (PROCONVE)" (1986): Focuses
on controlling and reducing the emission of pollutants by motor vehicles.

• "National Policy on Climate Change (PNMC)" (2009): Establishes targets for the
reduction of GHG emissions.

• "Banco Nacional de Desenvolvimento Econômico e Social”, engl. Brazilian
Development Bank (BNDES) Climate Fund Program (2011): Provides financing
for sustainability projects.

• Law No. 13.755 (2018): Introduces the "Rota 2030" program (2018 - 2033), which
focuses on promoting research and development for innovation and efficiency in
the automotive sector.

• "Agência Nacional de Energia Elétrica", engl. National Agency of Electric
Energy (ANEEL) Resolution No. 819 (2018): Regulates the provision of EV
charging services, allowing any entity to choose the business model that best suits
them for providing EV charging services.

• "National Electric Mobility Plan (PNME)" (2021): A strategic plan to promote
electric mobility in Brazil, mapping opportunities for expanding technological
competencies in the country.

• "Inova Energy" program by BNDES: Supports projects by companies for techno-
logical innovation involving electric mobility and DG, such as solar photovoltaic
energy for EVs.
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• Tax exemptions (IPI, IPVA, ICMS): Various fiscal policies have been implemented
to incentivize the purchase of EVs in Brazil, including exemptions from "Imposto
sobre Produtos Industrializados”, engl. Tax on Industrialized Products (IPI),
"Imposto sobre a Propriedade de Veículos Automotores", engl. Motor Vehicle
Ownership Tax (IPVA), and "Tax on Circulation of Goods and Services", engl.
Tax on Circulation of Goods and Services (ICMS) for EVs.

• R&D incentives: There are incentives aimed at developing technologies related to
EVs through government programs and private initiatives.

In 2017, Brazil also had Bill No. 454/2017, which proposed a ban on the sale of new
ICEVs from 2060. This bill was shelved in 2022 [168].

Despite the progress made in electromobility in Brazil, the country still faces significant
challenges. Regulatory, governance and acceptance obstacles need to be overcome
to promote electric mobility effectively [166]. Other challenges include high vehicle
purchase prices, limited range of available models in the Brazilian market and insufficient
charging infrastructure. The scarcity of government incentives and subsidies compared
to other countries also hinders the mass adoption of these vehicles. Therefore, for
electromobility to take hold in Brazil, continued investment in technology, public policies
to encourage and expand recharging infrastructure, and the creation of an effective
regulatory framework are essential [162], [168].

For the economic aspect of Brazil, a 10-year analysis horizon is also used, considering the
acquisition of an ICEV, BEV, or BEV with a green charger. The interest rate considered
is 11 % [169]. Tables 4.17 and 4.18 present the specifications of the ICEVs and BEVs,
respectively, considered for the Brazilian market. Unlike in Germany, where data is
readily available from comprehensive sources such as ADAC, collecting the necessary
data for Brazil required consulting various platforms and databases. This approach was
essential due to the lack of a single institution providing all the relevant information,
which required a broader search across multiple sources to obtain the technical and
economic specifications of the vehicles and calculate their operating costs and NPV.

With the information from Tables 4.17 and 4.18, it is possible to calculate the fuel
expenses for the ICEV, using the fuel prices provided in [184]. Similarly, the electricity
costs for the BEV are calculated based on the values reported in [185]. The average
annual distance traveled by residential consumers in Brazil is considered to be 14,300 km,
as indicated in [35]. For the operational and maintenance costs, 0.5 % of the purchase
price is considered for the BEV and 1.5 % for the ICEV, as suggested by [7]. The
insurance cost for both vehicles in Brazil is approximately 4 % of the vehicle’s value per



86 4 Model Verification and Application

Table 4.17: ICEV specifications for Brazil [170]–[175].

Year Brand Model Consumption in km/l Purchase cost

2019 Chevrolet Onix 1.4 LT 11.7 R$ 49,280.00
2020 Chevrolet Onix Turbo 1.0 13.0 R$ 55,590.00
2021 Fiat Argo 1.3 Trekking 12.1 R$ 57,480.00
2022 Hyundai HB20 Sense 1.0 12.8 R$ 58,890.00
2023 VW Polo TSI 14.0 R$ 95,990.00

Table 4.18: BEV specifications for Brazil [176]–[183].

Year Brand Model 𝐶𝑎𝑝bat in kWh Range in km Purchase cost

2019 Renault Zoe 41 300 R$ 149,990.00
2020 JAC iEV 20 41 320 R$ 142,990.00
2021 JAC iEV 20 41 320 R$ 159,900.00
2022 Renault Kwid E-Tech 26.8 282 R$ 146,990.00
2023 BYD Dolphin 44.9 291 R$ 149,800.00

year, according to market data [186]. The depreciation rate for the BEV is assumed to
be 9 % of the purchase price, while for the ICEV, it is 6 % [187]. This difference in
depreciation negatively impacts the NPV calculation for the BEV.

For the Brazilian car tax (IPVA), which is a state tax in Brazil, a survey of various state
laws was conducted to calculate the average value across the country. In 2023, BEVs
were exempt from this tax in 9 states, including Bahia (exemption for BEVs up to R$
300,000.00), Ceará, Distrito Federal, Maranhão, Minas Gerais (exemption for BEVs
manufactured in this state), Paraná, Pernambuco, Rio Grande do Norte, and Rio Grande
do Sul, and have differentiated aliquots in Alagoas (reduced rate of 2 % on the BEV’s
market value), Mato Grosso do Sul (50 % reduction for BEV), Rio de Janeiro (50 %
reduction for BEV), and São Paulo (without specific legislation for the whole state, São
Paulo has advantages for some cities). The average values for IPVA are presented in
Table 4.19. The annual operational costs for ICEVs and BEVs are presented in Tables
4.20 and 4.21, respectively.

In the NPV analysis of the BEV in Brazil, the acquisition cost of a 7.4 kW wallbox
is considered, with the average prices presented in Table 4.22. An installation cost of
R$ 3,150 is also factored in [188], [189], along with average operation and maintenance
costs of R$ 500 every four years.
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Table 4.19: Average IPVA rates for ICEV and BEV by year in Brazil.

Year ICEV average BEV average

2019 3.03 % 2.06 %
2020 3.01 % 1.95 %
2021 3.01 % 1.99 %
2022 3.01 % 1.88 %
2023 3.03 % 1.88 %

Table 4.20: ICEV operational costs for Brazil.

Year O&M Fuel cost Insurance IPVA Depreciation Total

2019 R$ 739.20 R$ 5,352.01 R$ 1,971.20 R$ 1,492.09 R$ 2,956.80 R$ 12,511.30
2020 R$ 833.85 R$ 4,707.84 R$ 2,223.60 R$ 1,672.85 R$ 3,335.40 R$ 12,773.54
2021 R$ 862.20 R$ 6,831.80 R$ 2,299.20 R$ 1,729.72 R$ 3,448.80 R$ 15,171.72
2022 R$ 883.35 R$ 6,829.93 R$ 2,355.60 R$ 1,772.15 R$ 3,533.40 R$ 15,374.43
2023 R$ 1,439.85 R$ 5,622.11 R$ 3,839.60 R$ 2,906.36 R$ 5,759.40 R$ 19,567.33

Table 4.21: BEV operational costs for Brazil.

Year O&M Fuel cost Insurance IPVA Depreciation Total

2019 R$ 749.95 R$ 1,662.20 R$ 5,999.60 R$ 3,097.02 R$ 13,499.10 R$ 25,007.87
2020 R$ 714.95 R$ 1,464.65 R$ 5,719.60 R$ 2,793.60 R$ 12,869.10 R$ 23,561.90
2021 R$ 799.50 R$ 1,266.76 R$ 6,396.00 R$ 3,183.19 R$ 14,391.00 R$ 26,036.45
2022 R$ 734.95 R$ 956.98 R$ 5,879.60 R$ 2,762.87 R$ 13,229.10 R$ 23,563.50
2023 R$ 749.00 R$ 1,673.33 R$ 5,992.00 R$ 2,815.69 R$ 13,482.00 R$ 24,712.02

Table 4.22: Average wallbox prices for Brazil [189]–[193]

Year Wallbox price

2019 R$ 7,000.00
2020 – 2021 R$ 6,499.00
2022 – 2023 R$ 5,500.00
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Unlike in Germany, Brazil does not offer a direct subsidy for consumers to purchase
a BEV. Using the provided information, it is possible to determine the cash flow and
calculate the NPV for both the BEV and ICEV.

For the BEV with a green charger, the estimated average annual productivity (𝛼PV, avg)
for a green charger in Brazil is assumed to be 1,200 kWh/kW [194], with operation
and maintenance costs also set at 1 %. Table 4.23 presents the average costs for solar
PV systems in Brazil, as well as the associated savings when purchasing a BEV with a
green charger.

Table 4.23: Parameters for calculating the NPV of the BEV and green charger for the Brazilian
scenario [195]–[197].

Year 𝐶PV in R$/kW Savings in R$

2019 6,265.00 1,662.20
2020 6,015.00 1,464.65
2021 6,180.00 1,266.76
2022 6,170.00 956.98
2023 4,950.00 1,673.33

Additionally, similar to the analysis conducted for Germany, the necessary data for
calculating the BEV green charger coefficient in Brazil are also included. Table 4.24
provides data on home ownership and population in Brazil, which are used to determine
this coefficient.

Table 4.24: Demographic data for Brazil and green charger coefficient [198], [199].

Year Population Home ownership 𝛼GC

2019 211,782,878 183,549,000 0.87
2020 213,196,304 183,549,000 0.86
2021 214,326,223 183,549,000 0.86
2022 215,313,498 186,536,000 0.87
2023 216,422,446 186,536,000 0.86

The resulting NPV calculations for Brazil are detailed in Fig. 4.6. As observed, traditional
ICEVs continue to dominate the Brazilian market, largely due to the absence of direct
subsidies and the higher initial costs associated with BEVs. Additionally, although
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integrating a green charger could provide long-term savings, it does not substantially
change the short-term economic outlook under the analyzed conditions.
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Figure 4.6: Result of the NPV calculation for historical values in Brazil.

Finalizing the presentation of the historical data collected for Brazil, the data for calculating
the DG adopters coefficient (𝛼DG) from the social aspect is presented. Table 4.25 shows
the evolution of the number of installed PV generating units in Brazil and the resulting
𝛼DG values between 2019 and 2023. The growth in the number of installed PV systems
is also depicted in Fig. 4.7. These data is used in future scenarios to perform analyses
based on the regression of these values show in the figure.

Table 4.25: Number of PV system installations and DG adopters coefficient for Brazil [200].

Year PV installations 𝛼DG

2019 1,81,014 0.001
2020 4,07,460 0.002
2021 8,65,279 0.004
2022 1,662,532 0.008
2023 2,345,847 0.011
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Figure 4.7: Number of PV systems installed in Brazil.

4.3 Calibration and verification of the model

After extensive data collection, parameterization, application of the questionnaire, calcu-
lation of AHP weights, and estimation of fuzzy variables through multiple consultations
with experts, the next step involves running the model to obtain a reference mode, as
proposed by Ford [58]. This corresponds to the sixth step in Ford’s methodology. In this
study, the Vensim software is used to implement the model with all the defined variables
in a single simulation. To simulate the model, 7,114 registered BEVs in Germany and
538 in Brazil are considered as initial adopters (𝐴(𝑡0)), as presented in Tables 4.5 and
4.15, respectively.

As mentioned in Section 2.3, simulating a diffusion model requires at least four years of
historical data [68], with ten years being ideal [70]. Due to the lack of historical data to
fully parameterize the model for Brazil, the model verification simulations are carried
out with data from 2019 to 2023, while for Germany data from 2013 to 2023 are used.

Next, the calibration of the 𝑝 and 𝑞 values for the Bass model is performed. For Germany,
the values obtained are 0.00146 and 0.5469, respectively, with a delay of five years for 𝑞.
For Brazil, the corresponding values are 0.0001 for 𝑝 and 0.7982 for 𝑞, which has a delay
of one year. The results of the simulations are presented in Figures 4.8 for Germany and
4.9 for Brazil.
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Figure 4.8: Verification of the proposed model compared with historical data for Germany.
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Figure 4.9: Verification of the proposed model compared with historical data for Brazil.
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The 𝑝 value, which reflects the initial “innovators” who adopt the product or technology
independently of other adopters, i.e. before the majority, is small in relation to the 𝑞 value,
which represents social influence, such as word-of-mouth, the probability of adoption
through interaction with individuals who have already adopted the innovation or through
social pressures, as can be seen in previous innovation diffusion studies [30], [35], [49],
[51], [63], [67]. In this sense, diffusion tends to depend much more on imitation than
on independent innovation, unless it is a disruptive technology in a highly innovative
market, which is not the case with BEVs, since there is an effort by various stakeholders
to promote their diffusion.

In addition, the values obtained also reflect the maturity of these markets. In the case of
Germany, innovation still plays a relatively more significant role than in Brazil, where
adoption seems to be almost entirely dependent on social factors and the influence of
previous adopters. The low 𝑝 coefficient for Brazil also indicates barriers related to this
innovation, such as cost, lack of infrastructure or unfamiliarity with the technology.

Finally, in the verification process of the model, statistical metrics are used, and they are
the coefficient of determination (R2), the root mean square error (RMSE) and the mean
absolute error (MAE), to evaluate the model. The appendix C provides the equations for
calculating these parameters. These metrics are presented in the Table 4.26.

Table 4.26: Model performance metrics/results for the proposed model.

Country 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸

Germany 0.9959 19,878 11,391
Brazil 0.9825 934 738

The results indicate a strong model performance for both Germany and Brazil. For
Germany, the 𝑅2 value is 0.9959, reflecting a very high level of agreement between
the historical and simulated data. The RMSE and MAE values are 19,878 and 11,391
registered BEVs, respectively, indicating a relatively low average error, considering the
large number of adopters in the country (over one million). The high 𝑅2 and the low error
metrics demonstrate that the model is well-calibrated for the German market, accurately
capturing the dynamics of BEV adoption.

The results for Brazil also show good model performance, with an 𝑅2 value of 0.9825,
which is slightly lower than that of Germany but still indicates a strong correlation
between the simulated and historical data. The RMSE and MAE values for Brazil are
significantly lower at 934 and 738 registered BEVs, respectively, reflecting the smaller
scale of BEV adoption in the country. However, the lower RMSE and MAE do not
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necessarily imply better model accuracy but rather correspond to the smaller population
of BEV adopters in Brazil.

These results validate the model’s robustness in simulating BEV adoption in two distinct
markets, demonstrating its flexibility and adaptability to different contexts and adoption
patterns. Thus, after defining a reference scenario to assess the possibilities of BEV
spreading in Brazil and Germany, two other alternative future scenarios are simulated
using the proposed model.
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5 Future Scenarios

In Chapter 4, the identification and parameterization of proposed variables that influence
BEV diffusion in Germany and Brazil was presented. These variables were classified
into social, economic, technical, infrastructural, political and market aspects. The chapter
covered the collection of historical data, the estimation of parameters using the AHP
method, and the calculation of fuzzy variables with the assistance of expert consultations.
Additionally, the coefficients of the Bass diffusion model were calibrated for each country,
considering the initial adopters and the specific market characteristics of Germany and
Brazil. Finally, the model’s verification was performed by comparing simulated values
with historical data, using evaluation metrices like the R-squared, RMSE, and MAE.

In this chapter, future scenarios for the diffusion of BEVs in both Brazil and Germany
are analyzed. The purpose is to define a reference scenario as a baseline, followed by
simulations for two alternative scenarios, which are described in detail. The analysis
period spans from 2024 to 2050, with the objective of evaluating potential diffusion
pathways for BEVs under varying conditions. The simulations will provide insights
into how the market might evolve in each country, considering different factors such as
technological advancements, policy incentives, social appeal, and consumer behavior.

Some variables remain invariable throughout future analysis. The HDI is not varied,
and the values from 2023 (0.950 for Germany and 0.760 for Brazil) are used for the
entire simulation period. Similarly, the green charger coefficient (𝛼GC) also utilized the
value from the last available year. For the variables requiring normalization, the same
normalized values as presented in Chapter 4 are maintained. Additionally, the fuzzy
variable factors remained constant over time, except for the R&D variable, which varies
according to Table 4.1 for the reference scenario and some other assumptions for future
scenarios. Furthermore, the calibrated 𝑝 and 𝑞 values for the Bass model, as well as
the delay for 𝑞 and the average BEV life 𝑡BEV, also remained invariant throughout the
simulations until 2050. The variations of all other variables are presented in the following
sections of this chapter.

5.1 Reference scenario

The reference scenario establishes a baseline for further comparisons with alternative
futures. Initially, the potential market is defined. In both countries, a linear growth trend
was observed based on the historical data for driver licenses (see Fig. 4.1 for Germany
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and Fig. 4.5 for Brazil). Therefore, a linear regression method is employed, utilizing
these data and projecting the potential market size forward to 2050 for both Germany and
Brazil, using (5.1).

𝑦’
i = 𝜉1 · 𝑡 + 𝜖 (5.1)

Where 𝑦’
i is the predicted 𝑖th value (dependent variable), 𝜉1 is the angular coefficient (slope

of the line), 𝑡 is the time (independent variable), and 𝜖 is a constant, which represents the
intercept of the line with the 𝑦-axis. The coefficients of the linear regression, along with
R2, RMSE, and MAE, are presented in Table 5.1.

Table 5.1: Estimation of the number of driving licenses for future scenarios.

Country 𝜉1 𝜖 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸

Germany 851,748 12,483,053 0.9996 54,103 40,285
Brazil 1,901,449 43,885,051 0.9946 441,170 375,062

In the technical aspect, the travel capacity varies according to the BEV range. Based
on [201], the range is expected to reach 600 km by the end of the analysis period in 2050.
This evolution of the range is considered for both Brazil and Germany, with the range
values progressively increasing up to 600 km throughout the simulations.

The recharging time variable is influenced by battery capacity. Based on [202], the
average battery capacity is expected to reach 100 kWh in the coming years. For this
study, it is assumed that this value will be achieved by 2033, and this battery capacity is
used in all future simulations, as well as the charging efficiency of 90 %. In the reference
scenario, the recharging time is calculated considering residential charging at 11 kW.
Differentiations in charging technology will be explored in other scenarios to evaluate
variations in recharging times.

For the variable BEV models, the variations are performed using non-linear regression.
A logistic regression model is used for Germany, as shown in (5.2), while a generalized
logistic model is employed for Brazil, as shown in (5.3). The model is fitted using
historical data, assuming a saturation point of 1,000 BEV models. This value is based on
the projection in [7], which estimates that the number of electric car models will reach
1,000 by 2028. The resulting parameter values and regression evaluation metrics are
presented in Table 5.2.

𝑦’
i =

𝐾

1 + e−𝜅(𝑡−𝑡 𝜄)
(5.2)
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𝑦’
i =

𝐾(
1 + 𝜈 · e−𝜅·(𝑡−𝑡 𝜄)

) 1
𝜈

(5.3)

Where 𝐾 represents the saturation level, or the maximum number of BEV models that
can be reached; 𝜅 is the growth rate parameter that defines how fast the market will reach
saturation; 𝑡𝜄 refers to the inflection point in the curve, indicating when half of the market
potential is reached; 𝜈 in the generalized logistic model controls the shape of the curve,
providing greater flexibility for the non-linear regression in the case of Brazil.

Table 5.2: Coefficients and evaluation metrics of the regression for BEV models in the reference
scenario.

Country 𝐾 𝜅 𝑡 𝜄 𝜈 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸

Germany 1,000 0.4295 2,025.08 – 0.9656 16 14
Brazil 1,000 0.1459 2,029.19 0.0199 0.9220 10 9

Fig. 5.1 shows the results of the forecasting regression for BEV models in Germany
under the reference scenario. Similarly, the projection for the number of BEV models in
Brazil, which is expected to reach 953 models by 2050, is represented in Fig. 5.2.

The variable 𝛽R&D, which represents the efforts related to R&D in the reference scenario,
uses the values calculated through fuzzy algorithm. Table 5.3 presents the variations for
this variable in the reference scenario.

Table 5.3: Variations in 𝛽R&D for the reference scenario.

Period Germany Brazil

2013 – 2024 0.57 0.74
2025 – 2035 0.81 0.87
2036 – 2050 0.84 0.86

In the reference scenario, the variable public charging infrastructure (𝑃𝐶𝐼) varies from
10 to 15 BEVs/CSP from 2024 to 2050. In the case of Brazil, this variable is set to range
from 5 BEVs/CSP in 2024 to 15 in 2050. For the variable BEV mechanic workshops,
which is modeled by a logistic function, the values of 𝜅 and 𝑡𝜄 remain unchanged from
the historical data simulations. The same values are maintained for Germany (𝜅 = 0.20,
𝑡𝜄 = 2035) and for Brazil (𝜅 = 0.15, 𝑡𝜄 = 2045).
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Figure 5.1: BEV models for reference scenario in Germany.
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Figure 5.2: BEV models for reference scenario in Brazil.



5 Future Scenarios 99

In the political scenario, variations in the parameters include the variables BEV legislation,
financing, and tax incentives. Overall, a scenario is considered where government and
industry actions work towards enhanced BEV diffusion in both countries. Tables 5.4 and
5.5 present the variations of these parameters for Germany and Brazil, respectively.

In Brazil, the tax system on car purchases is more complex than in Germany. While in
Germany the primary tax is the VAT, which has a standard rate of 19 %, in Brazil different
taxes affect the final price. Vehicle purchases in Brazil are subject to both federal and state
taxes. Among the federal taxes, the IPI stands out, with a rate ranging from 7 % to 18 %,
depending on the vehicle’s energy efficiency and weight. The "Imposto sobre Operações
Financeiras", engl. Tax on Financial Operations (IOF) is also applied, though there
are exemptions for specific groups such as taxi drivers and people with disabilities, as
established by Law 13,755/2018. Another federal tax is the "Social Integration Program",
engl. Programa de Integração Social (PIS)/"Contribuição para o Financiamento da
Seguridade Social", engl. Contribution for the Financing of Social Security (COFINS),
which applies a 9.25 % rate to new vehicles. At the state level, the ICMS tax has rates
that vary depending on the state and applies to the sale of vehicles [35]. For the analyses
in this work, variations in VAT for Germany and IPI for Brazil are considered.

When considering variations in these policies, particularly subsidies, tax reductions, and
car tax variations ("Kfz-Steuer" for Germany and IPVA for Brazil), there is a direct impact
on the economic variables. These changes notably influence the NPV calculations, as
they alter the initial investment and operational costs associated with BEVs and ICEVs.
Thus, these policy-driven variations are integrated into the economic analysis conducted
in this work, reflecting their influence on the adoption of BEVs.

In the economic aspect of the reference scenario for calculating the NPV, several economic
and political factors are considered for both Brazil and Germany. The vehicles considered
in this analysis are the 2023 models, with their respective prices for fuel and energy. The
energy price for BEVs remains constant throughout the analysis, while the fuel price for
ICEVs varies due to the addition of the fossil fuel tax.

For Brazil, the ICEV price is projected in two phases: a 10 % increment from 2024 to
2030, based on [203], followed by a 2 % increment until 2050. In Germany, a 10.5 %
increase is projected by 2035.

Regarding BEV subsidies, Germany ended its grant program in December 2023 [204].
However, for the reference scenario, a new grant of =C 3,375 is assumed from 2026 to 2035
to support BEV adoption, in line with the EU’s decision to ban ICEVs by 2035 [127].
After this period, the grant is withdrawn.
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Table 5.4: Political aspects in reference scenario for Germany.

Variable Parameter Year: Weight Year: Weight

Legislation

Mandates for vehicle emissions standards 2023: 0.20 2050: 0.20

Public charging infrastructure investment 2023: 0.20 2050: 0.10

Grid integration and smart charging regulations 2023: 0.00 2050: 0.10

Clean energy targets and renewable energy
mandates 2023: 0.20 2050: 0.00

BEV supply chain support 2023: 0.00 2050: 0.10

Financing

Grants for BEV 2026: 0.20 2035: 0.20

Solar power funding program for BEV 2026: 0.20 2050: 0.10

Low-interest loans 2023: 0.15 2050: 0.30

Tax Incentives

Annual BEV car tax 2035: 0.30 2050: 0.15

Grid connection and tariff incentives (V2G) 2024: 0.00 2050: 0.10

VAT to purchase a BEV 2024: 0.00 2050: 0.00

Tax reduction on renewable source installation 2035: 0.20 2050: 0.10

Table 5.5: Political aspects in reference scenario for Brazil.

Variable Parameter Year: Weight Year: Weight

Legislation

Mandates for vehicle emissions standards 2026: 0.10 2050: 0.15

Public charging infrastructure investment 2026: 0.05 2050: 0.10

Grid integration and smart charging regulations 2024: 0.00 2050: 0.10

Clean energy targets and renewable energy
mandates 2026: 0.15 2050: 0.10

BEV supply chain support 2024: 0.00 2050: 0.10

Financing

Grants for BEV 2026: 0.30 2050: 0.30

Solar power funding program for BEV 2026: 0.10 2050: 0.05

Low-interest loans 2023: 0.05 2050: 0.15

Tax Incentives

Annual BEV car tax (IPVA) 2026 to 2035: 0.30 2050: 0.15

Grid connection and tariff incentives (V2G) 2023: 0.00 2050: 0.20

IPI to purchase a BEV 2026: 0.10 2050: 0.05

Tax reduction on renewable source installation 2026: 0.15 2050: 0.20
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Meanwhile, in Brazil, a grant of 7.5 % of the BEV purchase price is consistently provided
from 2026 to 2050, influencing the financing parameters related to BEV adoption. Vehicle
prices are expected to decrease by 2050, with a 35 % reduction for BEVs in Germany
(30 % until 2030), and 30 % in Brazil, based on sources [203] and [205].

For operational costs, the BEV car tax exemption in Germany is valid until 2035, after
which a tax of =C 62 is applied. In both countries, carbon taxes3 are introduced, with
fossil fuel taxes increasing by 5 % annually until 2050, and ICEV carbon taxes rising by
3 % in Brazil and 1.15 % in Germany by 2035. These changes reflect broader mandates
for emissions reduction and the promotion of clean energy [35].

Changes in subsidies, car taxes (IPVA in Brazil and KfZ-Steuer in Germany), and VAT
directly impact the NPV calculations. In Brazil, the IPVA is exempt from 2026 to 2034,
after which it gradually increases to 1.5 % of the BEV price by 2050.

For wallbox prices, a reduction of 50 % is considered for Germany and 40 % for Brazil
by 2050. In both countries, the green charger price is expected to drop significantly, with
Brazil’s prices decreasing by 40 % by 2050 [206] and and Germany’s green charger
prices reaching an average of 315 =C/kW by 2050 [207] The green charger coefficient
remains stable throughout the analysis period, as historical data shows minimal variation
in this factor for both countries.

Table 5.6 summarizes the variations for calculating the NPV in the reference scenario
for Germany, and Fig. 5.3 presents the results of the NPV calculation for the German
scenario. For Brazil, Table 5.7 provides the variations considered in the NPV calculation,
while Fig. 5.4 shows the NPV projection for the Brazilian scenario.

In Germany, as illustrated in Fig. 5.3, the NPV for ICEV remains negative throughout
the analysis period. The results indicate that ICEV steadily worsens as investment over
time, driven primarily by price increment applied from the 2023 baseline, and rising fuel
costs and carbon taxes. Notably, by 2017 (Fig. 4.3), the NPV of the BEV with a green
charger had already surpassed the ICEV, making it the more economically viable option.
This shift highlights that, under the assumptions made in this analysis, the BEV with a
green charger becomes the most favorable option in terms of economic performance,
particularly as subsidies and reductions in PV prices for solar BEV charging are factored
in, although this option remains limited by the green charger coefficient.

3This tax is applied annually and calculated as a percentage of the vehicle’s price. It is based on the
Norwegian policy, where the tax reaches up to 11 %, as reported by [35].
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Table 5.6: Variation of the parameters for calculating NPV in reference scenario for Germany.

Parameter Change Start year End year

Grant/Subsidy Half of 2023 grant (=C 3,375) 2026 2035

BEV price
30 % reduction of 2023 price 2024 2030

35 % reduction of 2023 price 2031 2050

ICEV price 10.5 % increment on 2023 price 2024 2035

Wallbox price 50 % reduction of average price of 2023 2024 2050

VAT 19 % 2024 2050

BEV car tax
Exemption 2024 2035

=C 62 2031 2050

Carbon tax on ICEV 1 % linear increment 2026 2035

Fossil fuel tax 5 % linear increment 2026 2050

Green charger price Reduce linearly to 315 =C/kW by 2050 2024 2050
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Figure 5.3: NPV result for the reference scenario in Germany.
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Table 5.7: Variation of the parameters for calculating NPV in reference scenario for Brazil.

Parameter Change Start year End year

Grant/Subsidy 7.5 % of BEV purchase price 2026 2050

BEV price 30 % reduction of 2023 price 2024 2050

ICEV price
10 % increment on 2023 price 2024 2030

12 % increment on 2023 price 2031 2050

Wallbox price 48 % reduction of average price of 2023 2024 2050

IPI 7 % 2026 2050

IPVA
Exemption 2026 2034

0 – 1.5 % of the BEV price 2035 2050

Carbon tax on ICEV 3 % linear increment 2026 2050

Fossil fuel tax 5 % linear increment 2027 2050

Green charger price 40 % reduction of 2023 price 2024 2050
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Figure 5.4: NPV result for the reference scenario in Brazil.
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The NPV results for Brazil, shown in Fig. 5.4, indicate that the NPV for ICEV also
remains consistently negative, reflecting the increment on ICEV acquisition prices, higher
operational costs, and the growing impact of the carbon tax on ICEV and fossil fuel tax
until 2050. However, for BEV, the NPV improves over time, with the BEV and green
charger becoming the most economical option by 2036, highlighting the importance of
subsidies and the reduction in BEV acquisition costs.

To determine the DG adopters coefficient in the social aspect, it is necessary to account for
the impact of increasing distributed PV generation over time. For Germany, projections
from [208] in a reference scenario are considered. To estimate the number of future PV
system installations, the installed capacity determined by [208] is multiplied by a factor
obtained from [209]. Since [208] only provides values until 2045, a linear regression is
used to project data through 2050. The R-squared (𝑅2) for this regression is 0.9751, with
𝜉1 = 633, 084 and 𝜖 = 1, 892, 817.

The population growth in a moderate scenario for Germany is proposed by [210], and
is illustrated in Fig. 5.5. These population values remain constant throughout the
subsequent simulations for the total population of Germany. However, in other scenarios,
variations in the increase of PV generation are considered.
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Figure 5.5: Future population projections for Germany [210].
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For Brazil, the study by [211] with data up to 2024 serves as a reference for examining
the growth trend of PV generation units. After analyzing these data, a second-degree
polynomial regression, represented by equation (5.4), is applied to predict the future
number of installed PV systems in Brazil.

𝑦’
i = 𝜉2 · 𝑡2 + 𝜉1 · 𝑡 + 𝜖 (5.4)

Where 𝑦’
i is the predicted 𝑖𝑡ℎ value (dependent variable), 𝜉1 is the coefficient of the linear

term, 𝜉2 is the coefficient of the quadratic term, 𝑡 is the time (independent variable), and
𝜖 is a constant representing the error term. Table 5.8 provides the coefficients obtained
from the polynomial regression for the Brazilian system. The graphical result of this
regression is presented in Fig. 5.6.

Table 5.8: Coefficients of polynomial regression for number of PV systems in reference scenario
for Brazil.

Scenario 𝜉2 𝜉1 𝜖 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸

Reference 27,885 -83,976 -52,755 0.9193 216,917 179,929
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Figure 5.6: Projection of the expansion of PV systems for the reference scenario in Brazil.
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For population growth in Brazil, studies conducted by [212] were considered, and the
results are shown in Fig. 5.7. The DG adopters’ coefficient (𝛼DG) is then calculated
based on these values throughout the performed simulations.
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Figure 5.7: Future population projections for Brazil [212].

5.2 Investigation of alternative scenarios

In this research, two alternative future scenarios are explored, building up assumptions
made in the reference scenario. These scenarios represent different potential trajectories
for the diffusion of BEVs in Germany and in Brazil. These scenarios are described as
following:

• Alternative scenario 1: It envisions rapid BEV diffusion, driven by favorable
policies and robust financial incentives for BEV owners. This scenario assumes
significant governmental and industrial support, leading to accelerated market
growth and widespread use of BEV in a relatively short time.

• Alternative scenario 2: A more conservative outlook, where minimal changes to
the current BEV market are considered. In this scenario, limited developments
and efforts from stakeholders result in a slower rate of BEV adoption.
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As all variables have been thoroughly discussed in previous sections, this section presents
a more streamlined overview of the parameter variations for both Germany and Brazil
in parallel.

For alternative scenario 1, in the technical aspect, the evolution of the average BEV
range is considered, reaching 800 km for light vehicles aimed at average consumers.
In alternative scenario 2, there is a reduction of 200 km in the average vehicle range,
such that only by 2050 does the range reach a value of 1, considering the normalization
value of 400 km.

Regarding recharging time, there is no variation in the average battery capacity considered
in the reference scenario. However, these future analysis explore different charging
technologies, with 22 kW for alternative scenario 1 and 7.4 kW for alternative scenario 2.
This approach allows for the exploration of charging times considering possible wallboxes
for residential consumers.

For the variable BEV models, the results of the non-linear regressions are presented
in Table 5.9 for Germany (logistic model) and for Brazil (generalized logistic model).
The corresponding graphical results are shown in Fig. 5.8 for Germany and Fig. 5.9
for Brazil.

Table 5.9: Coefficients and evaluation metrics of the regression for BEV models in the reference
scenario.

Country Scenario 𝐾 𝜅 𝑡 𝜄 𝜈 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸

Germany
Alternative 1 1,200 0.4162 2,025.73 – 0.9676 15 14
Alternative 2 800 0.2933 2,026.08 – 0.8943 28 19

Brazil
Alternative 1 1,000 0.2245 2,026.69 0.0166 0.9990 1 1
Alternative 2 600 0.1900 2,027.65 0.1874 0.8732 13 11

The results in Table 5.9 show that the non-linear regressions for the BEV models perform
well, particularly in alternative scenario 1 for both Germany and Brazil. The high 𝑅2

values and low error metrics in scenario 1 indicate accurate fits to the projected data. In
alternative scenario 2, the results are less accurate, with lower 𝑅2 and higher error values.
However, the models still provide sufficient accuracy for varying this parameter in the
diffusion studies being conducted.
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Figure 5.8: BEV models for alternative scenarios in Germany.
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Figure 5.9: BEV models for alternative scenarios in Brazil.
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Table 5.10 presents the variations in 𝛽R&D for Brazil and Germany across the two
alternative scenarios. In alternative scenario 1, there is a steady increase in R&D
investments, reflecting a strong focus on innovation and technological advancements.
In contrast, alternative scenario 2 shows a more conservative increase in R&D, with
Brazil and Germany both maintaining a constant value of 0.50 after 2025. This scenario
suggests limited breakthroughs and slower technological progress.

Table 5.10: Variations in 𝛽R&D for the alternative scenarios.

Scenario Period Germany Brazil

2013 – 2024 0.57 0.74
Alternative 1 2025 – 2035 0.81 0.87

2036 – 2050 0.90 1.00

2013 – 2024 0.57 0.74
Alternative 2 2025 – 2035 0.50 0.50

2036 – 2050 0.50 0.50

In terms of public charging infrastructure development, alternative scenario 1 assumes
that by 2035, the normalization value of 15 BEVs/CSP will be reached in both Germany
and Brazil. This reflects an accelerated effort to expand the charging network in line with
the growing adoption of BEVs. In contrast, alternative scenario 2 keeps the 𝑃𝐶𝐼 variable
unchanged for Brazil (5 BEVs/CSP), while in Germany, a reduction to 5 BEVs/CSP is
assumed by 2035, with this value remaining constant until the end of the simulation. This
scenario implies a slower expansion of the public charging infrastructure.

The variable BEV mechanic workshops follows different coefficients for each scenario in
both Brazil and Germany. Table 5.11 presents the proposed coefficients for each country
across the scenarios. The variation in the coefficients of this logistic function represents
different trajectories for market maturation.

Table 5.11: BEV mechanic workshop parameters for alternative scenarios in Germany and Brazil.

Country Scenario 𝜅 𝑡 𝜄

Germany
Alternative 1 0.35 2030
Alternative 2 0.11 2045

Brazil
Alternative 1 0.45 2030
Alternative 2 0.15 2050
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In the political aspect, in alternative scenario 1 for both Germany and Brazil, there is
an intensification of policies supporting electric mobility, with a focus on legislation,
financing, and tax incentives aimed at promoting the adoption of BEVs. Tables 5.12 and
5.13 present these variations for Germany and Brazil, respectively.

The changes in the political landscape, have significant impacts on the economic aspect of
the NPV calculation. The intensified support through legislation, financing options, and
tax incentives for BEVs contributes to a more favorable economic environment for BEV
adoption. These changes affect several variables in the model, such as the reduction in
the initial purchasing cost of BEVs, the decrease in the IPVA in Brazil, and the extension
of grants and subsidies in both countries. The specific variations to calculate the NPV are
summarized in Table 5.14. The results of the NPV calculation are shown in figures 5.10
and 5.11 for Germany and Brazil, respectively.

The results for the NPV calculation in the alternative scenario 1 show that the improved
policies lead to a more positive NPV for BEVs and BEVs with green chargers, making
them a more competitive option than ICEV. The support provided by financial incentives,
reductions in operational costs, and technological advancements contribute to the
economic viability of BEVs in this scenario. Meanwhile, the NPV for ICEV continues to
deteriorate over time due to rising fuel costs and taxes, further highlighting the benefits of
adopting BEVs. In Germany, the improved policies in the alternative scenario 1 further
enhance the attractiveness of BEVs. In Brazil, while in the reference scenario the NPV
of BEVs is projected to surpass ICEV around 2036, in the alternative scenario 1, this
crossover is expected to occur earlier, by the mid-2020s, reflecting the positive impact of
the accelerated policy measures.

In the alternative scenario 2, both Brazil and Germany experience reduced support for
BEV adoption, with fewer financial incentives and a general lack of movement from both
governments and manufacturers to promote BEVs. In this more conservative scenario,
lower levels of government-backed incentives are considered, including reduced or absent
subsidies, limited access to low-interest loans, and fewer tax breaks for consumers.
Additionally, there is minimal involvement from the manufacturing industry in providing
financial support or encouraging the adoption of BEVs. The tables 5.15 and 5.16
summarize the key variations in the factors of the political aspect under alternative
scenario 2 for Brazil and Germany, respectively.
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Table 5.12: Political aspects in alternative scenario 1 for Germany.

Variable Parameter Year: Weight Year: Weight

Legislation

Mandates for vehicle emissions standards 2023: 0.20 2050: 0.20

Public charging infrastructure investment 2023: 0.20 2050: 0.20

Grid integration and smart charging regulations 2023: 0.00 2050: 0.20

Clean energy targets and renewable energy
mandates 2023: 0.20 2050: 0.20

BEV supply chain support 2023: 0.00 2050: 0.20

Financing

Grants for BEV 2026 to 2035:0.40 2050:0.20

Solar power funding program for BEV 2026: 0.20 2050: 0.20

Low-interest loans 2023: 0.15 2050: 0.35

Tax Incentives

Annual BEV car tax 2035: 0.30 2050: 0.30

Grid connection and tariff incentives (V2G) 2023: 0.00 2050: 0.20

VAT to purchase a BEV 2026: 0.15 2050: 0.00

Tax reduction on renewable source installation 2035: 0.20 2050: 0.15

Table 5.13: Political aspects in alternative scenario 1 for Brazil.

Variable Parameter Year: Weight Year: Weight

Legislation

Mandates for vehicle emissions standards 2024: 0.10 2050: 0.20

Public charging infrastructure investment 2023: 0.05 2050: 0.20

Grid integration and smart charging regulations 2023: 0.00 2050: 0.15

Clean energy targets and renewable energy
mandates 2024: 0.15 2050: 0.20

BEV supply chain support 2023: 0.00 2050: 0.15

Financing

Grants for BEV 2026: 0.40 2050: 0.40

Solar power funding program for BEV 2026: 0.10 2050: 0.15

Low-interest loans 2023: 0.05 2050: 0.35

Tax Incentives

Annual BEV car tax (IPVA) 2026: 0.30 2050: 0.30

Grid connection and tariff incentives (V2G) 2023: 0.00 2050: 0.20

IPI to purchase a BEV 2026: 0.10 2050: 0.10

Tax reduction on renewable source installation 2024: 0.15 2050: 0.20
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Table 5.14: Parameter variations for NPV calculation in alternative scenario 1 for Germany and
Brazil.

Parameter Germany Brazil

Grant/Subsidy
=C 6,750 for BEV (2026 to 2035)

=C 3,375 (from 2036 to 2050)
11.5 % of BEV price (2026 to 2050)

BEV price
35 % reduction of 2023 price (2024 to 2030)

40 % reduction of 2023 price (2031 to 2050)

35 % reduction of 2023 price (2024 to 2035)

40 % reduction of 2023 price (2036 to 2050)

ICEV price 15.5 % increment on 2023 price (2024 to
2035)

15 % increment on 2023 price (2024 to 2030)

17 % increment on 2023 price (2031 to 2050)

Wallbox price 50 % price reduction (2024 to 2050) 41 % price reduction (2024 to 2050)

VAT / IPI 9.50 % – 19 % (2026 to 2050) 0 % – 7 % (2026 to 2050)

Car tax / IPVA Exemption (until 2050) IPVA exemption (2026 to 2050)

Carbon tax on ICEV 5 % linear increment (2026 to 2050) 5 % linear increment (2026 to 2050)

Fossil fuel tax 7 % linear increment (2026 to 2050) 7 % linear increment (2026 to 2050)

Green charger price Reduce linearly to 270 =C/kW by 2050 80 % reduction of 2023 price by 2050
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Figure 5.10: NPV result for the alternative scenario 1 in Germany.
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Figure 5.11: NPV result for the alternative scenario 1 in Brazil.

Table 5.15: Political aspects in alternative scenario 2 for Germany.

Variable Parameter Year: Weight Year: Weight

Legislation

Mandates for vehicle emissions standards 2026: 0.20 2050: 0.05

Public charging infrastructure investment 2024-2025: 0.20 2026-2050: 0.00

Grid integration and smart charging regulations 2024: 0.00 2050: 0.05

Clean energy targets and renewable energy
mandates 2026: 0.20 2050: 0.05

BEV supply chain support 2024: 0.00 2050: 0.05

Financing

Grants for BEV 2026:0.00 2050:0.00

Solar power funding program for BEV 2026: 0.00 2050: 0.00

Low-interest loans 2024-2025: 0.15 2026-2050: 0.00

Tax Incentives

Annual BEV car tax 2024-2025: 0.30 2026-2050: 0.00

Grid connection and tariff incentives (V2G) 2026: 0.00 2050: 0.10

VAT to purchase a BEV 2024: 0.00 2050: 0.00

Tax reduction on renewable source installation 2026: 0.20 2050: 0.10
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Table 5.16: Political aspects in alternative scenario 2 for Brazil.

Variable Parameter Year: Weight Year: Weight

Legislation

Mandates for vehicle emissions standards 2026: 0.10 2050: 0.10

Public charging infrastructure investment 2025: 0.05 2050: 0.00

Grid integration and smart charging regulations 2024: 0.00 2050: 0.00

Clean energy targets and renewable energy
mandates 2026: 0.15 2050: 0.15

BEV supply chain support 2024: 0.00 2050: 0.00

Financing

Grants for BEV 2025: 0.00 2050: 0.00

Solar power funding program for BEV 2024: 0.05 2050: 0.05

Low-interest loans 2024: 0.00 2050: 0.10

Tax Incentives

Annual BEV car tax (IPVA) 2026: 0.17 2050: 0.15

Grid connection and tariff incentives (V2G) 2023: 0.00 2050: 0.10

IPI to purchase a BEV 2024: 0.10 2050: 0.00

Tax reduction on renewable source installation 2024: 0.15 2050: 0.10

For alternative scenario 2, a 25 % reduction in BEV prices is applied between 2024 and
2050, with the first 20 % decrease occurring by 2030 [213]. On the other hand, ICEV
prices are considered to rise by 7 % until 2050, with an initial 5 % increase taking place
by 2030 [203]. Additionally, the car tax, set at =C 62 in the reference scenario [214], is
expected to double and be applied from 2026 to 2050. For green chargers, the price range
provided by [215] with the cost of PV systems in Germany assumed to reach 360 =C/kW
in alternative scenario 2. In Brazil, the percentage price variation suggested by [216] is
considered for solar BEV charging. Table 5.17 summarizes the other variations used to
calculate the NPV, and the results of the NPV calculation are shown in figures 5.12 and
5.13 for Germany and Brazil, respectively.

The NPV results for alternative scenario 2 show a clear distinction in the economic
viability of BEVs compared to ICEV for both Germany and Brazil. In Germany, as
illustrated in Fig. 5.12, the NPV for BEVs and BEVs with green chargers shows a modest
improvement over time. However, the financial benefits are less pronounced than in
alternative scenario 1. The ICEV NPV continues to decline, largely due to the rising fuel
costs and taxes. The NPV for BEVs remains superior to ICEV throughout the simulation
period, reinforcing that even with limited incentives, BEVs maintain an advantage over
ICEV under the given conditions.
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Table 5.17: Parameter variations for NPV calculation in alternative scenario 2 for Germany and
Brazil.

Parameter Germany Brazil

Wallbox price No variation 10 % price reduction (2024 to 2050)

VAT/IPI 19 % 0 % – 7 % (2026 to 2050)

Car tax/IPVA =C 124 (2026 to 2050) 1.84 % – 1.5 % (2026 to 2050)

Carbon tax on ICEV 1 % fixed (2026 to 2050) 0 % – 1 % (2026 to 2050)

Fossil fuel tax 1 % – 3 % (2026 to 2050) 0 % – 3 % (2026 to 2050)

Green charger price Reduce linearly to =C 360/kW by 2050 10 % reduction of 2023 price by 2050
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Figure 5.12: NPV result for the alternative scenario 2 in Germany.
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Figure 5.13: NPV result for the alternative scenario 2 in Brazil.

For Brazil, the NPV calculation in Fig. 5.13 shows a different result. The ICEV still
exhibits a negative trend due to price increases and carbon taxes. However, the price
reductions applied to BEVs in this scenario are not sufficient to make them a more
competitive option than ICEV. The NPV for BEVs, even with a green charger, does not
surpass the ICEV by 2050, reflecting the more conservative nature of the policy measures
and the higher operational and acquisition costs for BEVs in Brazil. As a result, BEVs do
not emerge as the most economically viable option in the long term under this scenario.

The population in each region (Brazil and Germany) is assumed to remain constant across
all future scenarios. For Brazil, the number of PV system installations is projected using
a second-degree polynomial regression, with different parameter values compared to the
reference scenario, as detailed in Table 5.18 and illustrated in Fig. 5.14.

Table 5.18: Coefficients of polynomial regression for number of PV systems in alternative
scenarios for Brazil.

Scenario 𝜉2 𝜉1 𝜖 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸

Alternative 1 45,927 -259,946 197,045 0.9632 146,513 130,627
Alternative 2 13,220 59,071 -255,818 0.8190 324,900 275,923
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Figure 5.14: Projection of the expansion PV systems in alternative scenarios for Brazil.

In contrast, the PV system installations for Germany are based on data from [208]
under the non-acceptance and sufficiency scenarios for alternative scenarios 1 and 2,
respectively. Future projections of PV installed capacity are adjusted using a scaling factor
derived from [209]. Since the projections in [208] only extend to 2045, a second-degree
polynomial regression is employed to extend the analysis to 2050 for alternative scenario
1, yielding an 𝑅2 value of 0.9939, with parameters 𝜉2 = 24, 433, 𝜉1 = 130, 370, and
𝜖 = 256, 926. For alternative scenario 2, a linear regression model is applied, producing
parameters 𝜉1 = 488, 378, 𝜖 = 951, 462, and an 𝑅2 value of 0.9849. These values allow
for the calculation of 𝛼DG in the alternative future scenarios.

5.3 Analysis of results and discussions

The main output variables of the model include the number of adopters and the adoption
rate over the years. These results are presented in Figures 5.15 and 5.16 for Germany, and
in Figures 5.17 and 5.18 for Brazil, respectively. These figures illustrate the diffusion of
BEVs across the scenarios presented previously. In addition to the presentation of these
results, Table 5.19 summarizes the maximum market shares recorded in each scenario for
both Germany and Brazil.
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Figure 5.15: Simulation results for forecasting BEV adopters in Germany.
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Figure 5.16: BEV adoption rate in Germany for future scenarios.
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Figure 5.17: Simulation results for forecasting BEV adopters in Brazil.
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Figure 5.18: BEV adoption rate in Brazil for future scenarios.
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Table 5.19: Maximum market share of BEV adopters relative to the potential market 𝑚 in each
scenario for Brazil and Germany.

Scenario Germany Brazil

Alternative 1 75.44 % 58.68 % (2046)
Reference 70.40 % 58.39 %

Alternative 2 65.93 % 22.10 %

For the reference scenario, where moderate policies, financial incentives, technical and
infrastructural developments are gradually implemented, the results indicate sustained,
though less accelerated, growth in BEV adoption in both Germany and Brazil. This
scenario highlights the importance of consistent policies and improvements, but also
emphasizes that, without intensifying such measures, the BEV market does not reach its
full potential, especially in emerging economies like Brazil. In the case of Germany, it
is expected that no more ICEVs will be sold by 2035, thus achieving a market share of
70.40 % for BEVs. In Brazil, the projection is 58.39 %, considering that the simulations
of this work focus on the diffusion of BEVs, as they are ZEVs and have more positive
environmental impact.

Thus, the ultimate goal, as discussed in the introduction, is to achieve the complete
electrification of transport modes, which justifies the focus on BEVs. However, it
should be noted that the market may vary depending on other technological or economic
scenarios, e.g. reduction in acquisition costs with FCEV, which would impact the market
share of BEV and other technologies. In this sense, if necessary, the proposed model can
be adapted to include these analyses.

In alternative scenario 1, where more aggressive incentive policies, robust subsidies and
faster technological and infrastructural advancements are introduced, an acceleration in
BEV adoption is observed. In Germany, market share reaches 75.44 % by 2050. This
significant fraction of the potential market can be attributed to the higher-weighted factors
determined through AHP analysis. For Germany, infrastructural (30.5 %) and technical
aspects (29.4 %) carry the most weight in influencing the adoption of BEVs, as seen
in Table 4.2. These factors are particularly crucial in ensuring a robust and accessible
charging network, along with improvements in charging times and vehicle travel capacity,
as well as ensuring reliable post-sale services, as modeled in this study, significantly
enhance the overall attractiveness of BEVs for German consumers.

In Brazil, the impact of alternative scenario 1 is also evident, with BEV market share
reaching 58.68 % by 2046. While this represents only a slight increase over the reference
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scenario, it highlights that, even with more aggressive policies, the market tends to
achieve this maximum due to socioeconomic factors. Unlike in Germany, where the
market continues to grow steadily, Brazilian adopters reach a high point by 2046. This
is likely due to the country’s economic challenges. Additionally, while the alternative
scenario 1 introduces important incentives, such as subsidies and cost reductions, these
measures are not enough to overcome the broader economic constraints of the country.
Even as technology advances and infrastructure improves, the BEV market suffers a slight
reduction in the number of adopters, unlike Germany, where continuous development
in infrastructure and economic factors allows for ongoing growth. Thus, while the
aggressive policies in alternative scenario 1 do stimulate adoption, their observed effects
differ between developed and emerging markets, as observed in the results.

Additionally, a notable characteristic in both countries is the behavior of the adoption rate
over time, which is higher in alternative scenario 1, especially after 2030 for Germany.
Additionally, the effect of the replacement rate in the system is also worth noting. This
delay, representing the lifetime of BEVs, causes the BEV adoption rate variation to be
influenced by the return of consumers to the potential adopter pool after the lifespan of
BEVs, causing fluctuations in the adoption curves in both countries. The slowdown in the
adoption rate shows that many of the consumers most likely to adopt have already done so.
The lifespan of the BEV also influences these oscillations, since after reaching this period,
early adopters of BEVs could be replacing their vehicles, which drives adoption again.
Furthermore, the changes made to the variables considering incentives and reductions
also have an impact on the adoption rate, leading to further oscillations.

Alternative scenario 2 presents a significant contrast to the other two scenarios. Here,
support policies are limited, and there is an absence of strong incentives from both the
government and private companies. Subsidies are reduced, and tax incentives are less
generous, resulting in a much slower diffusion of BEVs. In Germany, with a market
share of 65.93 %, the market still achieves good penetration, but this is clearly a slower
growth trajectory, especially when compared to alternative scenario 1. The more gradual
development can be attributed to the existing infrastructure and and favorable NPV for
BEVs, in addition to the high taxation of ICEVs.

In Brazil, alternative scenario 2 presents an even more challenging outlook. BEV market
share reaches only 22.10 %, reflecting the country’s extreme dependence on incentive
policies to promote the adoption of BEVs. The lack of adequate infrastructure, combined
with the absence of other policies and advancements, causes the BEV market to grow
very slowly, with a limited number of consumers willing to adopt the new technology.
Furthermore, as seen before, the NPV of this scenario continues to be more attractive
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to ICEVs, demonstrating the importance of the financial aspect in the diffusion of
BEVs in Brazil.

5.4 Scenario comparisons

Comparing the three scenarios, it can be noted that alternative scenario 1 provides
the best outcomes in terms of BEV adoption in both Germany and Brazil, with faster
adoption rates and higher market penetration. In the reference scenario, an intermediate
future diffusion of BEVs is observed, which, although positive, could be accelerated
with additional policies. Meanwhile, alternative scenario 2 demonstrates the slowly
impact of limited support policies and small developments in technical and infrastructural
aspects, with adoption slowing considerably, especially in Brazil. Thus, the absence of
incentives in alternative scenario 2 makes these consumers more inclined to postpone
their acquisition of a BEV, while in alternative scenario 1, the transition is accelerated by
favorable conditions.

The simulations and analyses carried out in this study provide a projection of potential
BEV market share developments in both Brazil and Germany. However, these results
should be interpreted with caution due to the inherent uncertainties associated with
modeling variables and scenarios. The assumptions made throughout this work may
deviate from future realities. While various simulations were conducted to explore the
impacts of different variable changes, the outcomes remain subject to the limitations and
uncertainties of this type of study.

Despite these considerations, the comparative analyses remain valid within the simulated
scenarios, offering insight into the influence of key factors on BEV diffusion. By
simulating variations in blocks of different aspects—such as economic, technological,
and political factors—it becomes clear that price reductions, technological advancements,
infrastructure development, and favorable political environments significantly enhance
the market potential for BEVs. Consequently, the visibility of BEVs within society
grows, further stimulating adoption. Additionally, it is important to note that many other
scenarios could be explored. The global model proposed in this study allows for future
investigations to focus on specific analyses, further contributing to the understanding of
BEV diffusion dynamics.
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6 Conclusions and Future Work

Transition processes bring about significant changes in society, which substantially alter
the course of technological adoption over time. When it comes to the diffusion of
new technologies, particularly BEVs, it is not only important to understand how this
substitution occurs, but also to simulate how such innovations are being integrated
into the market and what their impacts are on society, especially regarding economic,
environmental, and technical aspects.

In this context, although electric mobility offers promising solutions to reduce greenhouse
gas emissions and advance the decarbonization of the transport sector, widespread
adoption of BEVs still requires substantial study and investment. BEVs function as an
additional load on the electric grid, meaning the system must ensure that the energy
supplied to charge these vehicles comes from renewable sources. Therefore, understanding
how this diffusion will happen over time is crucial for energy planning and to guarantee
sustainable power generation. Additionally, in the context of V2G technologies, BEVs
have the potential to offer ancillary services to the power grid, further integrating the
transportation and energy sectors.

Thus, this work deals with the development of a global model for analyzing the diffusion
process of BEVs among residential consumers in both Brazil and Germany over time.
In addition, this research assesses the market adoption of BEVs, providing insights into
how the electric sector can prepare for and support this transition. Accurate modeling
of BEV adoption is crucial for ensuring that these vehicles contribute positively to the
stability and reliability of the electrical system.

The analyses are conducted using SD technique, combined with the Bass model. This
approach accounted for main variables in the economic, technical, political, social, market
and infrastructural aspects, as well as innovation and imitation coefficients from the
Bass model, which influence consumer decision-making processes. To further refine the
model and handle both qualitative and quantitative variables, the AHP and fuzzy logic
are used, allowing for the calculation of specific parameters and weighting of the various
aspects considered.

The simulation results indicate that the proposed model adequately captures the diffusion
dynamics in both Brazil and Germany. However, each country presents distinct charac-
teristics regarding market maturity, political incentives, and technological development.
This highlights the versatility of the model in adapting to different market conditions,
providing a comprehensive analysis of the factors influencing BEV adoption in each
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scenario. Thus, the model allows for scenario generation to explore future adoption
patterns under diverse conditions.

The studies conducted in this thesis used block variations of the aspects and variables
considered to evaluate the impact of different changes on the adoption rates of BEVs. These
analyses clearly reveal the influence of more aggressive policies, reductions in acquisition
costs, improvements in charging infrastructure, and technological advancements, including
increased range and reduced charging times, on the diffusion of BEVs. However, these
findings should be interpreted with caution due to the inherent uncertainties associated
with modeling assumptions and scenario development. Although several simulations
were conducted to account for these variations, additional studies could provide further
refinements.

In general, the analysis of the adoption growth curves for each scenario studied shows that
they follow the reference model proposed by Everett Rogers, especially in the reference
and alternative scenario 1, with a growth in S, due to the greater number of incentives.
The fact that the curve continues to grow and oscillate is due to the linear increase in the
potential market and the oscillations caused by the incentives simulated over the years, as
well as the effects of replacement rates.

Finally, this thesis aims to contribute to the development of public policies that promote
the electrification of transportation and incentives for BEVs adoption. It also provides
valuable insights for electricity distributors in their planning for distribution system
expansion and for automotive companies to guide their sales strategies and innovative
business models. In this sense, the variables studied and the proposed scenarios serve as
a robust tool for future studies on the dissemination and consolidation of BEVs in society
and their integration into the power sector.

Thus, the main scientific contribution of this work lies in proposing a representative model
to forecast the adoption of BEVs among residential consumers. The advantage of this
model is its ability to comprehensively analyze the influence of a broad set of variables,
including economic, technical, social, political, and infrastructural aspects, within a
single system dynamics framework. Moreover, the developed model allows for a deeper
understanding of how these variables impact the prediction of BEV penetration over time,
providing robust insights for governments, power system operators, and other stakeholders
in formulating public policies and planning within the energy sector, considering the
diffusion trends and their implications for power systems.
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6.1 Future work

Although this thesis has provided significant insights into the diffusion of BEVs and their
potential impacts on the electric power sector, there are several areas that could benefit
from further investigation.

While the current work focuses on the temporal aspect of BEV diffusion, future studies
could examine the spatial diffusion of BEVs, particularly identifying which regions within
Brazil and Germany are likely to see higher rates of adoption. Such studies could use GIS
or other spatial analysis techniques to determine where BEVs penetration might be more
concentrated, considering factors like population density, infrastructure development,
and regional policies.

The development of a comprehensive platform for tracking data on BEV penetration,
battery capacity, renewable energy progress, public charging infrastructure, etc. in each
country would be beneficial. Such a platform would aggregate critical information for both
academic and industrial studies of BEV diffusion, offering real-time, transparent access
to the key variables driving the electric mobility transition to parameterize the model.

Additionally, future work could delve deeper into analyzing the impact of improvements
in public transport infrastructure or car sharing on car ownership, and consequently,
on BEV diffusion. For instance, the number of new driver’s license registrations in
Germany and Brazil shows a linear growth, but changes in public transportation could
significantly alter the potential market for BEVs. Exploring such scenarios could help
better understand how urban transport policies impact BEV adoption.

Deeper exploration of the integration between BEVs and the electric grid is crucial,
particularly with respect to V2G technology. Future research could simulate the potential
of BEVs to not only draw power from the grid but also to return it during peak demand
periods, providing ancillary services to the electric grid and enhancing grid stability.

Incorporating the results of this thesis into algorithms to assess the impact of increased
BEV penetration on electric power systems could also be explored. This could assist
electric system operators in planning mitigation strategies to accommodate BEVs as a load,
while also studying the flexibility of the growing BEV fleet to provide ancillary services.

The model already presents satisfactory results, according to simulations carried out.
Furthermore, modeling specific regional impacts can also be an important alternative.
Studying how the diffusion of BEVs can vary in different regions and which strategies
can be adopted to meet the specific local needs of different stakeholders.
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Additionally, regarding the development of electric charging stations on highways, fast
charging times can be explored.

Lastly, while this thesis has explored the role of PV system adoption as a driver for BEV
diffusion, future studies could investigate more closely the integration of BEVs with
renewable energy systems, particularly in smart grid contexts. Exploring how BEVs
could optimize energy usage and minimize costs in conjunction with PV systems, wind
energy, and other renewables could provide further insights intoBEV diffusion and its
challenges and opportunities in the power system.
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A Survey

Battery Electric Vehicle (BEV) Diffusion Research

Welcome to our BEV Diffusion Research! Your insights are crucial in understanding
the factors influencing residential consumers in adopting BEVs. Please take a moment
(around 20 minutes) to answer the following questions. Thank you for your valuable
time; we appreciate your participation!

Statement of Consent

Dear participant,

You are being invited to take part in the research "Diffusion of BEVs among residential
consumers" carried out by Mauro dos Santos Ortiz, a PhD student at the Federal University
of Santa (UFSM, Brazil) and the Otto-von-Guericke University (OVGU, Germany), under
the guidance of Prof. Dr. Eng. Daniel Pinheiro Bernadon and Prof. Dr.-Ing. habil.
Martin Wolter.

The main objective of this study is to analyze the factors that impact residential consumers’
decisions to purchase a BEV. This research is part of a comprehensive binational study
on the dissemination of BEVs in the context of electric mobility and the energy transition.
The use of this instrument aims to determine the technical, legal, organizational, and
market barriers encountered in the BEV adoption scenario, providing a comprehensive
view of the issue and drawing up perspectives for the future.

Your participation is voluntary, i.e., it is not compulsory, and you have full autonomy to
decide whether or not to participate, as well as to withdraw your participation at any time.
You will not be penalized in any way if you decide not to consent to your participation or
withdraw from it. However, it is very important for the research to be carried out.

The confidentiality and privacy of the information you provide will be guaranteed.

Any data that could identify you will be omitted from the research, and the material
will be stored in the Drive of the researchers associated with the UFSM and OVGU
institutions. At the end of five years, the data will be permanently deleted.

At any time during the research or afterwards, you can ask the researcher for information
about your participation and/or the research, which can be done through the means
of contact explained in this Agreement. Your participation will consist of answering
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questions in the form of a questionnaire using Microsoft Forms. The answers will be
recorded in digital files and will only be used by the researchers. It will take approximately
twenty minutes to answer the questionnaire.

The indirect benefit related to your collaboration in this research is to gain knowledge
regarding the study of the diffusion of BEVs as an innovation. The risks are minimal,
only those related to the time taken for the interview. The results will be published in the
form of a scientific article and a presentation to the doctoral thesis evaluation board.

As the Consent Term is in electronic format, your answers in this form will be saved
upon clicking on the option "I accept the terms set out in the CONSENT TERM for
participation in this research".

If you have any doubts about the ethical conduct of the study, please contact the
researchers.

Researchers contact information:

- Mauro dos Santos Ortiz - mauro.dossantosortiz@ovgu.de - Phone: +49 391 67-51071.

- Pedro Henrique Eisenkraemer - peisenkr@ttu.edu - Phone: +1 806 224 4298.

- Prof. Dr. Eng. Daniel Pinheiro Bernardon - dpbernardon@ufsm.br - Phone: +55 55
3220-8877.

- Prof. Dr.-Ing. habil. Martin Wolter - martin.wolter@ovgu.de - Phone: +49 391
67-57012.

1. Do you consent with the terms and conditions of this research?

⃝ I ACCEPT the terms set out in the CONSENT TERM for participation in this
research.

⃝ I DO NOT accept the terms set out in the CONSENT TERM for participation in this
research.

Personal information

2. Current country of residency
⃝ Brazil
⃝ Germany
⃝ United States of America
⃝ Other:
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3. Highest degree already achieved
⃝ High school
⃝ Undergraduate
⃝ Masters
⃝ Ph.D.
⃝ Post-doctorate

4. Current occupation

5. Work experience
⃝ Less than 1 year
⃝ 1 to 2 years of experience
⃝ 2 to 5 years of experience
⃝ 5 to 10 years of experience
⃝ 10+ years of experience

6. Field of expertise
⃝ Behavioral sciences
⃝ Business
⃝ Computer sciences
⃝ Economy
⃝ Engineering
⃝ Other:

A.1 Aspects weight evaluation through the analytic hierarchy process

Dear evaluator, AHP is a decision-making method that helps break down complex
problems into a hierarchy of criteria and alternatives through the assignment of weight
factors, allowing for a systematic and structured evaluation. The main characteristic
of the method is the decomposition of the problem into hierarchical levels, in which
comparative judgments of the criteria are made in pairs.
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In this initial phase of our analysis, we will focus on global aspects that play a significant
role in the decision of residential consumers to purchase a BEV in their region. Please
refer to the following list of variables during your assessment:

1 - Economic viability: This variable interferes with potential adopters’ intention to
purchase a BEV. This aspect reflects consumers’ critical consideration of the economic
costs and benefits associated with purchasing a BEV.

2 - Infrastructure: This variable is another point of analysis, seeking to understand
the extent to which the development of infrastructure related to BEVs influences the
consumer’s decision to acquire one.

3 - Public policies: We would like you to consider the weight of this component in
consumer decision-making, considering how government policies can impact the adoption
of BEVs.

4 - Technological development: This variable assess the extent to which the improvement
and development of innovative technologies for BEVs can influence the decision of
potential adopters.

In the following stages of this questionnaire, these general aspects will be explored in
greater depth, by means of more specific variables.

Consider the following table for evaluating the weights of the aspects that influence the
diffusion of BEV using AHP.

Table A.1: Numerical scale for the AHP method

Numerical scale Importance level

1 Equal importance
3 Moderate importance
5 Strong importance
7 Very strong importance
9 Extreme importance

2, 4, 6, 8 Intermediate values
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7. How important are public policies in relation to economical variables for the diffusion
of BEVs?

⃝ Public policies are more important.
⃝ Economical variables are more important.
⃝ They have equal importance.

8. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

9. How important are public policies in relation to infrastructure for the diffusion of
BEVs?

⃝ Public policies are more important.
⃝ Infrastructure is more important.
⃝ They have equal importance.

10. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

11. How important are public policies in relation to technical viability for the diffusion
of BEVs?

⃝ Public policies are more important.
⃝ Technical viability is more important.
⃝ They have equal importance.

12. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9
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13. How important are economic variables in relation to infrastructure for the diffusion
of BEVs?

⃝ Economic variables are more important.
⃝ Infrastructure is more important.
⃝ They have equal importance.

14. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

15. How important are economic variables in relation to technical viability for the
diffusion of BEVs?

⃝ Economic variables are more important.
⃝ Technical viability is more important.
⃝ They have equal importance.

16. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

17. How important is infrastructure in relation to technical viability for the diffusion
of BEVs?

⃝ Infrastructure is more important.
⃝ Technical viability is more important.
⃝ They have equal importance.

18. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9
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AHP - Technical development

Dear evaluator, in this stage of the evaluation of the diffusion of BEVs, we take a
comprehensive look at some variables related to technological development that influence
the decision of residential consumers to purchase a BEV in their region. Please refer to
the following list of variables during your assessment:

1 - Average BEV recharging time: Refers to the period needed to charge the BEVs
battery to 100 %, enabling a trip to be made.

2 - Distance range: Refers to the travel capacity, indicating how many kilometers the
BEV can travel on a full charge before needing to be recharged.

3 - BEV model diversity: Refers to the impact of the increase and diversity of BEV
models and manufacturers on the market in terms of the development of innovative
technologies.

4 - BEV research and development (BEV R&D): Addresses the influence of this
criterion on the advancement of BEV technologies.

Consider Table A.1 for evaluating the weights of the aspects that influence the diffusion
of BEV using AHP.

19. How important is BEV recharging time in relation to distance range for the
diffusion of BEVs?

⃝ BEV recharging time is more important.
⃝ Distance range is more important.
⃝ They have equal importance.

20. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

21. How important is BEV recharging time in relation to BEV model diversity for the
diffusion of BEVs?

⃝ BEV recharging time is more important.
⃝ BEV model diversity is more important.
⃝ They have equal importance.
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22. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

23. How important is BEV recharging time in relation to BEV R&D for the diffusion
of BEVs?

⃝ BEV recharging time is more important.
⃝ BEV R&D is more important.
⃝ They have equal importance.

24. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

25. How important is distance range in relation to BEV model diversity for the diffusion
of BEVs?

⃝ Distance range is more important.
⃝ BEV model diversity is more important.
⃝ They have equal importance.

26. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

27. How important is distance range in relation to BEV R&D for the diffusion of
BEVs?

⃝ Distance range is more important.
⃝ BEV R&D is more important.
⃝ They have equal importance.

28. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9
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29. How important is BEV model diversity in relation to BEV R&D for the diffusion of
BEVs?

⃝ BEV model diversity is more important.
⃝ BEV R&D is more important.
⃝ They have equal importance.

30. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

AHP - Infrastructure

Dear evaluator, in this phase of the evaluation of the diffusion of BEVs, we are investigating
the impact of variables related to local infrastructure on the decision of residential
consumers to purchase a BEV in their region. Please refer to the following list of
variables during your assessment:

1 - BEV mechanic workshops: Refers to the number of companies offering maintenance
services and supplying parts for BEVs, assessing the importance given by potential
adopters to the presence of this support.

2 - BEV research and development (BEV R&D): Refers to the extent to which
the development of research and new technologies can impact on infrastructure and
improvements related to BEVs.

3 - Public charging infrastructure: Reflects how much the construction and development
of public charging networks for BEVs influences consumers, especially in situations of
recharging for long journeys.

4 - Public policies: Refers to the evaluation of the impact of the development of public
policies by the government in your region on infrastructure and general development
related to BEVs.

Consider Table A.1 for evaluating the weights of the aspects that influence the diffusion
of BEV using AHP.
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31. How important is the number of BEV mechanic workshops in relation to BEV
R&D for the diffusion of BEVs?

⃝ Number of BEV mechanic workshops is more important.
⃝ BEV R&D is more important.
⃝ They have equal importance.

32. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

33. How important is the number of BEV mechanic workshops in relation to public
BEV charging infrastructure for the diffusion of BEVs?

⃝ Number of BEV mechanic workshops is more important.
⃝ Public BEV charging infrastructure is more important.
⃝ They have equal importance.

34. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

35. How important is the number of BEV mechanic workshops in relation to public
policies for the diffusion of BEVs?

⃝ Number of BEV mechanic workshops is more important.
⃝ Public policies are more important.
⃝ They have equal importance.

36. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9
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37. How important is BEV R&D in relation to public BEV charging infrastructure
for the diffusion of BEVs?

⃝ BEV R&D is more important.
⃝ Public BEV charging infrastructure is more important.
⃝ They have equal importance.

38. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

39. How important is BEV R&D in relation to public BEV charging infrastructure
for the diffusion of BEVs?

⃝ BEV R&D is more important.
⃝ Public policies are more important.
⃝ They have equal importance.

40. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

41. How important is public BEV charging infrastructure in relation to public policies
for the diffusion of BEVs?

⃝ Public BEV charging infrastructure is more important.
⃝ Public policies are more important.
⃝ They have equal importance.

42. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9
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AHP - Economic viability

Dear evaluator, in this crucial phase of the evaluation of the diffusion of BEVs, we
explore the impact of economic variables on the decision of residential consumers to
purchase a BEV in their region. Please refer to the following list of variables during your
assessment:

1 - Net present value (NPV): Evaluates the weight attributed to this economic variable
in the consumer’s decision to purchase a BEV. The NPV considers the present value of
future costs and benefits, reflecting the financial importance in decision-making.

2 - Public policies: Considers the impact of the development of public policies on
economic decision-making variables. It assesses how policies can influence factors such
as tax incentives, financing and other relevant economic aspects for consumers when
purchasing BEVs.

3 - Technological development: Examines the importance of technological progress,
especially in reducing the price of batteries, in the consumer’s decision to purchase a
BEV. It also reflects how technological progress can influence economic factors and,
consequently, consumer decisions.

Consider Table A.1 for evaluating the weights of the aspects that influence the diffusion
of BEV using AHP.

43. How important is the NPV in relation to public policies for the diffusion of BEVs?

⃝ NPV is more important.
⃝ Public policies are more important.
⃝ They have equal importance.

44. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

45. How important is the NPV in relation to technological development for the diffusion
of BEVs?

⃝ NPV is more important.
⃝ Technological development is more important.
⃝ They have equal importance.
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46. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

47. How important are public policies in relation to technological development for the
diffusion of BEVs?

⃝ Public policies are more important.
⃝ Technological development is more important.
⃝ They have equal importance.

48. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

AHP - Public policies

Dear evaluator, in this phase of the evaluation of the diffusion of BEVs, we are focusing
our analysis on the impact of public policies on the decision-making process of residential
consumers to purchase a BEV in their region. Please refer to the following list of variables
during your assessment:

1 - BEV financing opportunities: This criterion explores the impact of government
financing policies for electric vehicles, assessing how such measures can influence
consumers’ decisions.

2 - BEV legislation: Refers to the development of local legislation related to charging
standards, electrification of the transport sector, tariff models and vehicle-to-grid (V2G),
analyzing how these regulations can affect the adoption of BEVs.

3 - BEV tax incentives: Investigates the role of fiscal incentives, such as tax reductions
for BEV owners compared to other vehicles, and how these incentives can influence
consumer decisions.

Consider Table A.1 for evaluating the weights of the aspects that influence the diffusion
of BEV using AHP.
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49. How important are BEV financing opportunities in relation to the BEV legislation
for the diffusion of BEVs?

⃝ BEV financing opportunities are more important.
⃝ BEV legislation is more important.
⃝ They have equal importance.

50. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

51. How important are BEV financing opportunities in relation to BEV tax incentives
for the diffusion of BEVs?

⃝ BEV financing opportunities are more important.
⃝ BEV tax incentives are more important.
⃝ They have equal importance.

52. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

53. How important is BEV legislation in relation to BEV tax incentives for the diffusion
of BEVs?

⃝ BEV legislation is more important.
⃝ BEV tax incentives are more important.
⃝ They have equal importance.

54. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9
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AHP - Social aspects

Dear evaluator, at this crucial stage of the modeling, we are asking for your valuable
assessment regarding the diffusion of BEVs, considering some of the social variables
that impact people’s decision whether or not to adopt a BEV in your region. Please refer
to the following list of variables during your assessment:

1 - BEV feedback: Examines the impact of the experiences of consumers who already
own a BEV in the region, especially in terms of influencing other potential adopters.

2 - BEV knowledge: Highlights the importance of potential adopters’ understanding of
BEV characteristics, including environmental benefits, costs and technology.

3 - BEV relevance: Investigates the importance of economic and environmental aspects,
such as greenhouse gas emission reductions, carbon footprint and low operational costs
of the BEV.

4 - Social appeal: Analyzes the influence of the opinions of BEV users in the region,
considering the importance given to image, status and social interaction when owning a
BEV, as well as how communication from users who already own BEVs can influence
the decision of potential adopters.

Consider Table A.1 for evaluating the weights of the aspects that influence the diffusion
of BEV using AHP.

55. How important is BEV feedback in relation to BEV technical knowledge for the
diffusion of BEVs?

⃝ BEV feedback is more important.
⃝ BEV technical knowledge is more important.
⃝ They have equal importance.

56. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9
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57. How important is BEV feedback in relation to BEV relevance for the diffusion of
BEVs?

⃝ BEV feedback is more important.
⃝ BEV relevance is more important.
⃝ They have equal importance.

58. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

59. How important is BEV feedback in relation to social appeal for the diffusion of
BEVs?

⃝ BEV feedback is more important.
⃝ Social appeal is more important.
⃝ They have equal importance.

60. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

61. How important is BEV technical knowledge in relation to BEV relevance for the
diffusion of BEVs?

⃝ BEV technical knowledge is more important.
⃝ BEV relevance is more important.
⃝ They have equal importance.

62. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9
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63. How important is BEV technical knowledge in relation to social appeal for the
diffusion of BEVs?

⃝ BEV technical knowledge is more important.
⃝ Social appeal is more important.
⃝ They have equal importance.

64. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

65. How important is BEV relevance in relation to social appeal for the diffusion of
BEVs?

⃝ BEV relevance is more important.
⃝ Social appeal is more important.
⃝ They have equal importance.

66. How much more important?

⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9

A.2 Fuzzy variables in BEV diffusion aspects

67. How much do you consider the opinion of friends, family and social groups when
making important decisions, such as purchasing a BEV?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not important Very important

68. How often do you discuss the possibility of buying a BEV with people in your social
circle?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Never Very often
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69. Do you believe that having a BEV can improve your social interaction, your image or
your status among your acquaintances?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Strongly disagree Strongly agree

70. How important is it for you to share the experience of owning a BEV with others?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not important Very important

71. How much does the experience of other BEV owners influence your purchasing
decision?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Does not influence Influences a lot

72. How reliable do you consider the opinions of other consumers when evaluating a
BEV?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not reliable Very reliable

73. To what extent do technician or expert evaluations of BEV affect your purchasing
decision?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Does not influence Influences a lot

74. How much does the reputation of a BEV brand affect your purchasing decision?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Does not influence Influences a lot
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75. To what extent are you aware of the differences in maintenance and operating costs
between BEVs and combustion vehicles?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not aware Very aware

76. How much do you think you know about the different battery technologies and
charging types used in BEVs?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Little knowledge Extensive knowledge

77. How informed do you feel about the environmental benefits of BEVs?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not informed Very well informed

78. Are you aware of the public and private charging networks available in your region?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not aware Very aware

79. How important is protecting the environment and reducing carbon emissions to you
when choosing a BEV over a combustion vehicle?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not important Very important

80. How familiar are you with the tax incentives and benefits available to BEV owners in
your area?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not familiar Very familiar
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81. How much do you value economic benefits such as fuel savings and lower maintenance
costs when considering purchasing a BEV?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Do not value Value a lot

82. How important is independence from fluctuations in fossil fuel prices to you?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not important Very important

83. How do you rate the current level of investment and quality of BEV R&D?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not important Very important

84. How do you rate the current public acceptance of the results of BEV R&D in your
region?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not important Very important

85. How do you rate the level of investment and quality of BEV R&D over the next ten
years?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not important Very important

86. How do you rate the public acceptance of the results of BEV R&D in your region
over the next ten years?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not important Very important
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87. How do you rate the level of investment and quality of BEV R&D over the next
twenty years?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not important Very important

88. How do you rate the public acceptance of the results of BEV R&D in your region
over the next twenty years?

⃝ 0 ⃝ 1 ⃝ 2 ⃝ 3 ⃝ 4 ⃝ 5 ⃝ 6 ⃝ 7 ⃝ 8 ⃝ 9 ⃝ 10
Not important Very important
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B Python Implementation of Fuzzy Logic for Model
Variables

This appendix presents the Python code for the five model variables that are implemented
using fuzzy logic. The codes provide the detailed implementation of this approach.

1. Variable: 𝛽R&D

import numpy as np

import skfuzzy as fuzz

from skfuzzy import control as ctrl

# Create the fuzzy input variables

research_level = ctrl.Antecedent(np.arange(0, 11, 1), ’research_level

’)

acceptance = ctrl.Antecedent(np.arange(0, 11, 1), ’acceptance’)

# Create fuzzy variables for the consequent outputs

bev_research = ctrl.Consequent(np.arange(0, 1.1, 0.1), ’bev_research’

, defuzzify_method=’mom’)

# Define membership functions for antecedents

research_level[’low’] = fuzz.trapmf(research_level.universe , [0, 0,

2, 4] )

research_level[’medium’] = fuzz.trapmf(research_level.universe , [2,

4, 6, 8])

research_level[’high’] = fuzz.trapmf(research_level.universe , [6, 8,

10, 10])

acceptance[’low’] = fuzz.trapmf(acceptance.universe , [0, 0, 2, 4] )

acceptance[’medium’] = fuzz.trapmf(acceptance.universe , [2, 4, 6, 8])

acceptance[’high’] = fuzz.trapmf(acceptance.universe , [6, 8, 10, 10])

# acceptance.view()

# Define membership functions for the consequent outputs

bev_research[’very low’] = fuzz.trimf(bev_research.universe , [0, 0,

0.2])

bev_research[’low’] = fuzz.trimf(bev_research.universe , [0.0, 0.2,

0.4])

bev_research[’medium’] = fuzz.trimf(bev_research.universe , [0.3, 0.5,

0.7])

bev_research[’high’] = fuzz.trimf(bev_research.universe , [0.6, 0.8,

1.0])
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bev_research[’very high’] = fuzz.trimf(bev_research.universe , [0.8,

1.0, 1.0])

# bev_research.view()

# Define fuzzy rules for the consequent outputs

rule_01 = ctrl.Rule(research_level[’high’] & acceptance[’high’],

bev_research[’very high’])

rule_02 = ctrl.Rule(research_level[’high’] & acceptance[’medium’],

bev_research[’high’])

rule_03 = ctrl.Rule(research_level[’high’] & acceptance[’low’],

bev_research[’low’])

rule_04 = ctrl.Rule(research_level[’medium’] & acceptance[’high’],

bev_research[’very high’])

rule_05 = ctrl.Rule(research_level[’medium’] & acceptance[’medium’],

bev_research[’medium’])

rule_06 = ctrl.Rule(research_level[’medium’] & acceptance[’low’],

bev_research[’very low’])

rule_07 = ctrl.Rule(research_level[’low’] & acceptance[’high’],

bev_research[’high’])

rule_08 = ctrl.Rule(research_level[’low’] & acceptance[’medium’],

bev_research[’low’])

rule_09 = ctrl.Rule(research_level[’low’] & acceptance[’low’],

bev_research[’very low’])

# Create the control system

bev_research_ctrl = ctrl.ControlSystem([rule_01, rule_02, rule_03,

rule_04, rule_05, rule_06, rule_07, rule_08, rule_09])

# Create the simulation

bev_research_control = ctrl.ControlSystemSimulation(bev_research_ctrl

)

# Generate Brazilian experts inputs for current BEV research level

research_level = [7, 9, 5, 10, 6, 8, 8, 9, 8, 8, 8, 10, 5, 4]

acceptance = [7, 5, 6, 10, 5, 6, 7, 8, 5, 6, 9, 7, 5, 3]

inputs = list(zip(research_level , acceptance))

# Generate Brazilian experts inputs for BEV research level in 10

years from now

# research_level = [8, 10, 6, 10, 8, 8, 7, 7, 9, 8, 7, 10, 8, 6]

# acceptance = [8, 9, 5, 10, 9, 8, 6, 8, 7, 6, 8, 8, 8, 6]

# inputs = list(zip(research_level , acceptance))
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# Generate Brazilian experts inputs for BEV research level in 20

years from now

# research_level = [9, 9, 5, 10, 9, 8, 7, 6, 7, 7, 9, 10, 8, 8]

# acceptance = [9, 10, 5, 10, 9, 8, 7, 5, 9, 6, 5, 10, 8, 8]

# inputs = list(zip(research_level , acceptance))

# Generate German experts inputs for current BEV research level

# research_level = [5, 3, 7, 7, 5, 8, 4]

# acceptance = [5, 5, 5, 5, 6, 6, 4]

# inputs = list(zip(research_level , acceptance))

# Generate German experts inputs for BEV research level in 10 years

from now

# research_level = [4, 8, 7, 9, 10, 9, 6]

# acceptance = [6, 8, 7, 10, 8, 9, 5]

# inputs = list(zip(research_level , acceptance))

# Generate German experts inputs for BEV research level in 20 years

from now

# research_level = [7, 9, 6, 8, 8, 9, 7]

# acceptance = [8, 8, 6, 8, 6, 8, 6]

# inputs = list(zip(research_level , acceptance))

# Initialize a list to store the resulting relevance values

resulting_bev_researchs = []

# Calculate recommended speeds for the random scenarios

for i, (research_level_val , acceptance_val) in enumerate(inputs, 1):

bev_research_control.input[’research_level’] = research_level_val

bev_research_control.input[’acceptance’] = acceptance_val

bev_research_control.compute()

resulting_bev_research = bev_research_control.output[’

bev_research’]

resulting_bev_researchs.append(resulting_bev_research)

# Determine the relevance category based on the membership

functions

relevance_category = fuzz.interp_membership(bev_research.universe

, bev_research[’very low’].mf,

resulting_bev_research

), \

fuzz.interp_membership(bev_research.universe , bev_research[’

low’].mf, resulting_bev_research), \

fuzz.interp_membership(bev_research.universe , bev_research[’

medium’].mf, resulting_bev_research), \
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fuzz.interp_membership(bev_research.universe , bev_research[’

high’].mf, resulting_bev_research), \

fuzz.interp_membership(bev_research.universe , bev_research[’

very high’].mf, resulting_bev_research)

categories = ["very low", "low", "medium", "high", "very high"]

category = categories[relevance_category.index(max(

relevance_category))]

print(f"Participant {i}: research_level={research_level_val:.2f},

acceptance={acceptance_val:.2f}, "

f"bev_research={resulting_bev_research:.2f}, bev_research

Category={category}")

# Calculate and print the average of resulting

average_bev_research = np.mean(resulting_bev_researchs)

print(f"Average BEV research: {average_bev_research:.2f}")

2. Variable: 𝛽kn

import numpy as np

import skfuzzy as fuzz

from skfuzzy import control as ctrl

# Create the fuzzy input variables

cost = ctrl.Antecedent(np.arange(0, 11, 1), ’cost’)

technology = ctrl.Antecedent(np.arange(0, 11, 1), ’technology’)

environment = ctrl.Antecedent(np.arange(0, 11, 1), ’environment’)

charging_network = ctrl.Antecedent(np.arange(0, 11, 1), ’

charging_network’)

# Create fuzzy variables for the consequent outputs

knowledge = ctrl.Consequent(np.arange(0, 1.1, 0.1), ’knowledge’,

defuzzify_method=’mom’)

# Define membership functions for antecedents

cost[’low’] = fuzz.trapmf(cost.universe , [0, 0, 2, 4] )

cost[’medium’] = fuzz.trapmf(cost.universe , [2, 4, 6, 8])

cost[’high’] = fuzz.trapmf(cost.universe , [6, 8, 10, 10])

technology[’low’] = fuzz.trapmf(technology.universe , [0, 0, 2, 4] )

technology[’medium’] = fuzz.trapmf(technology.universe , [2, 4, 6, 8])

technology[’high’] = fuzz.trapmf(technology.universe , [6, 8, 10, 10])

environment[’low’] = fuzz.trapmf(environment.universe, [0, 0, 2, 4] )
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environment[’medium’] = fuzz.trapmf(environment.universe, [2, 4, 6,

8])

environment[’high’] = fuzz.trapmf(environment.universe, [6, 8, 10,

10])

charging_network[’low’] = fuzz.trapmf(charging_network.universe, [0,

0, 2, 4] )

charging_network[’medium’] = fuzz.trapmf(charging_network.universe,

[2, 4, 6, 8])

charging_network[’high’] = fuzz.trapmf(charging_network.universe, [6,

8, 10, 10])

# Define membership functions for the consequent outputs

knowledge[’very low’] = fuzz.trimf(knowledge.universe, [0, 0, 0.2])

knowledge[’low’] = fuzz.trimf(knowledge.universe, [0.0, 0.2, 0.4])

knowledge[’medium’] = fuzz.trimf(knowledge.universe, [0.3, 0.5, 0.7])

knowledge[’high’] = fuzz.trimf(knowledge.universe, [0.6, 0.8, 1.0])

knowledge[’very high’] = fuzz.trimf(knowledge.universe, [0.8, 1.0,

1.0])

# Define fuzzy rules for the consequent outputs

rule_01 = ctrl.Rule(cost[’high’] & technology[’high’] & environment[’

high’] & charging_network[’high’], knowledge[’very high’])

rule_02 = ctrl.Rule(cost[’high’] & technology[’high’] & environment[’

high’] & charging_network[’medium’], knowledge[’very high’])

rule_03 = ctrl.Rule(cost[’high’] & technology[’high’] & environment[’

high’] & charging_network[’low’], knowledge[’very high’])

rule_04 = ctrl.Rule(cost[’high’] & technology[’high’] & environment[’

medium’] & charging_network[’high’], knowledge[’very high’])

rule_05 = ctrl.Rule(cost[’high’] & technology[’high’] & environment[’

medium’] & charging_network[’medium’], knowledge[’very high’])

rule_06 = ctrl.Rule(cost[’high’] & technology[’high’] & environment[’

medium’] & charging_network[’low’], knowledge[’high’])

rule_07 = ctrl.Rule(cost[’high’] & technology[’high’] & environment[’

low’] & charging_network[’high’], knowledge[’very high’])

rule_08 = ctrl.Rule(cost[’high’] & technology[’high’] & environment[’

low’] & charging_network[’medium’], knowledge[’very high’])

rule_09 = ctrl.Rule(cost[’high’] & technology[’high’] & environment[’

low’] & charging_network[’low’], knowledge[’high’])

rule_10 = ctrl.Rule(cost[’high’] & technology[’medium’] & environment

[’high’] & charging_network[’high’], knowledge[’very high’])

rule_11 = ctrl.Rule(cost[’high’] & technology[’medium’] & environment

[’high’] & charging_network[’medium’], knowledge[’high’])

rule_12 = ctrl.Rule(cost[’high’] & technology[’medium’] & environment

[’high’] & charging_network[’low’], knowledge[’high’])
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rule_13 = ctrl.Rule(cost[’high’] & technology[’medium’] & environment

[’medium’] & charging_network[’high’], knowledge[’very high’])

rule_14 = ctrl.Rule(cost[’high’] & technology[’medium’] & environment

[’medium’] & charging_network[’medium’], knowledge[’high’])

rule_15 = ctrl.Rule(cost[’high’] & technology[’medium’] & environment

[’medium’] & charging_network[’low’], knowledge[’high’])

rule_16 = ctrl.Rule(cost[’high’] & technology[’medium’] & environment

[’low’] & charging_network[’high’], knowledge[’high’])

rule_17 = ctrl.Rule(cost[’high’] & technology[’medium’] & environment

[’low’] & charging_network[’medium’], knowledge[’high’])

rule_18 = ctrl.Rule(cost[’high’] & technology[’medium’] & environment

[’low’] & charging_network[’low’], knowledge[’medium’])

rule_19 = ctrl.Rule(cost[’high’] & technology[’low’] & environment[’

high’] & charging_network[’high’], knowledge[’high’])

rule_20 = ctrl.Rule(cost[’high’] & technology[’low’] & environment[’

high’] & charging_network[’medium’], knowledge[’high’])

rule_21 = ctrl.Rule(cost[’high’] & technology[’low’] & environment[’

high’] & charging_network[’low’], knowledge[’medium’])

rule_22 = ctrl.Rule(cost[’high’] & technology[’low’] & environment[’

medium’] & charging_network[’high’], knowledge[’high’])

rule_23 = ctrl.Rule(cost[’high’] & technology[’low’] & environment[’

medium’] & charging_network[’medium’], knowledge[’medium’])

rule_24 = ctrl.Rule(cost[’high’] & technology[’low’] & environment[’

medium’] & charging_network[’low’], knowledge[’medium’])

rule_25 = ctrl.Rule(cost[’high’] & technology[’low’] & environment[’

low’] & charging_network[’high’], knowledge[’high’])

rule_26 = ctrl.Rule(cost[’high’] & technology[’low’] & environment[’

low’] & charging_network[’medium’], knowledge[’medium’])

rule_27 = ctrl.Rule(cost[’high’] & technology[’low’] & environment[’

low’] & charging_network[’low’], knowledge[’low’])

rule_28 = ctrl.Rule(cost[’medium’] & technology[’high’] & environment

[’high’] & charging_network[’high’], knowledge[’very high’])

rule_29 = ctrl.Rule(cost[’medium’] & technology[’high’] & environment

[’high’] & charging_network[’medium’], knowledge[’high’])

rule_30 = ctrl.Rule(cost[’medium’] & technology[’high’] & environment

[’high’] & charging_network[’low’], knowledge[’high’])

rule_31 = ctrl.Rule(cost[’medium’] & technology[’high’] & environment

[’medium’] & charging_network[’high’], knowledge[’high’])

rule_32 = ctrl.Rule(cost[’medium’] & technology[’high’] & environment

[’medium’] & charging_network[’medium’], knowledge[’high’])

rule_33 = ctrl.Rule(cost[’medium’] & technology[’high’] & environment

[’medium’] & charging_network[’low’], knowledge[’medium’])

rule_34 = ctrl.Rule(cost[’medium’] & technology[’high’] & environment

[’low’] & charging_network[’high’], knowledge[’high’])
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rule_35 = ctrl.Rule(cost[’medium’] & technology[’high’] & environment

[’low’] & charging_network[’medium’], knowledge[’high’])

rule_36 = ctrl.Rule(cost[’medium’] & technology[’high’] & environment

[’low’] & charging_network[’low’], knowledge[’medium’])

rule_37 = ctrl.Rule(cost[’medium’] & technology[’medium’] &

environment[’high’] & charging_network[’high’], knowledge[’high’])

rule_38 = ctrl.Rule(cost[’medium’] & technology[’medium’] &

environment[’high’] & charging_network[’medium’], knowledge[’

medium’])

rule_39 = ctrl.Rule(cost[’medium’] & technology[’medium’] &

environment[’high’] & charging_network[’low’], knowledge[’medium’

])

rule_40 = ctrl.Rule(cost[’medium’] & technology[’medium’] &

environment[’medium’] & charging_network[’high’], knowledge[’high’

])

rule_41 = ctrl.Rule(cost[’medium’] & technology[’medium’] &

environment[’medium’] & charging_network[’medium’], knowledge[’

medium’])

rule_42 = ctrl.Rule(cost[’medium’] & technology[’medium’] &

environment[’medium’] & charging_network[’low’], knowledge[’low’])

rule_43 = ctrl.Rule(cost[’medium’] & technology[’medium’] &

environment[’low’] & charging_network[’high’], knowledge[’medium’

])

rule_44 = ctrl.Rule(cost[’medium’] & technology[’medium’] &

environment[’low’] & charging_network[’medium’], knowledge[’medium

’])

rule_45 = ctrl.Rule(cost[’medium’] & technology[’medium’] &

environment[’low’] & charging_network[’low’], knowledge[’low’])

rule_46 = ctrl.Rule(cost[’medium’] & technology[’low’] & environment[

’high’] & charging_network[’high’], knowledge[’medium’])

rule_47 = ctrl.Rule(cost[’medium’] & technology[’low’] & environment[

’high’] & charging_network[’medium’], knowledge[’low’])

rule_48 = ctrl.Rule(cost[’medium’] & technology[’low’] & environment[

’high’] & charging_network[’low’], knowledge[’low’])

rule_49 = ctrl.Rule(cost[’medium’] & technology[’low’] & environment[

’medium’] & charging_network[’high’], knowledge[’medium’])

rule_50 = ctrl.Rule(cost[’medium’] & technology[’low’] & environment[

’medium’] & charging_network[’medium’], knowledge[’low’])

rule_51 = ctrl.Rule(cost[’medium’] & technology[’low’] & environment[

’medium’] & charging_network[’low’], knowledge[’low’])

rule_52 = ctrl.Rule(cost[’medium’] & technology[’low’] & environment[

’low’] & charging_network[’high’], knowledge[’low’])

rule_53 = ctrl.Rule(cost[’medium’] & technology[’low’] & environment[

’low’] & charging_network[’medium’], knowledge[’low’])
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rule_54 = ctrl.Rule(cost[’medium’] & technology[’low’] & environment[

’low’] & charging_network[’low’], knowledge[’very low’])

rule_55 = ctrl.Rule(cost[’low’] & technology[’high’] & environment[’

high’] & charging_network[’high’], knowledge[’high’])

rule_56 = ctrl.Rule(cost[’low’] & technology[’high’] & environment[’

high’] & charging_network[’medium’], knowledge[’medium’])

rule_57 = ctrl.Rule(cost[’low’] & technology[’high’] & environment[’

high’] & charging_network[’low’], knowledge[’low’])

rule_58 = ctrl.Rule(cost[’low’] & technology[’high’] & environment[’

medium’] & charging_network[’high’], knowledge[’medium’])

rule_59 = ctrl.Rule(cost[’low’] & technology[’high’] & environment[’

medium’] & charging_network[’medium’], knowledge[’medium’])

rule_60 = ctrl.Rule(cost[’low’] & technology[’high’] & environment[’

medium’] & charging_network[’low’], knowledge[’low’])

rule_61 = ctrl.Rule(cost[’low’] & technology[’high’] & environment[’

low’] & charging_network[’high’], knowledge[’medium’])

rule_62 = ctrl.Rule(cost[’low’] & technology[’high’] & environment[’

low’] & charging_network[’medium’], knowledge[’low’])

rule_63 = ctrl.Rule(cost[’low’] & technology[’high’] & environment[’

low’] & charging_network[’low’], knowledge[’low’])

rule_64 = ctrl.Rule(cost[’low’] & technology[’medium’] & environment[

’high’] & charging_network[’high’], knowledge[’medium’])

rule_65 = ctrl.Rule(cost[’low’] & technology[’medium’] & environment[

’high’] & charging_network[’medium’], knowledge[’low’])

rule_66 = ctrl.Rule(cost[’low’] & technology[’medium’] & environment[

’high’] & charging_network[’low’], knowledge[’low’])

rule_67 = ctrl.Rule(cost[’low’] & technology[’medium’] & environment[

’medium’] & charging_network[’high’], knowledge[’low’])

rule_68 = ctrl.Rule(cost[’low’] & technology[’medium’] & environment[

’medium’] & charging_network[’medium’], knowledge[’low’])

rule_69 = ctrl.Rule(cost[’low’] & technology[’medium’] & environment[

’medium’] & charging_network[’low’], knowledge[’very low’])

rule_70 = ctrl.Rule(cost[’low’] & technology[’medium’] & environment[

’low’] & charging_network[’high’], knowledge[’low’])

rule_71 = ctrl.Rule(cost[’low’] & technology[’medium’] & environment[

’low’] & charging_network[’medium’], knowledge[’low’])

rule_72 = ctrl.Rule(cost[’low’] & technology[’medium’] & environment[

’low’] & charging_network[’low’], knowledge[’very low’])

rule_73 = ctrl.Rule(cost[’low’] & technology[’low’] & environment[’

high’] & charging_network[’high’], knowledge[’low’])

rule_74 = ctrl.Rule(cost[’low’] & technology[’low’] & environment[’

high’] & charging_network[’medium’], knowledge[’very low’])

rule_75 = ctrl.Rule(cost[’low’] & technology[’low’] & environment[’

high’] & charging_network[’low’], knowledge[’very low’])
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rule_76 = ctrl.Rule(cost[’low’] & technology[’low’] & environment[’

medium’] & charging_network[’high’], knowledge[’low’])

rule_77 = ctrl.Rule(cost[’low’] & technology[’low’] & environment[’

medium’] & charging_network[’medium’], knowledge[’very low’])

rule_78 = ctrl.Rule(cost[’low’] & technology[’low’] & environment[’

medium’] & charging_network[’low’], knowledge[’very low’])

rule_79 = ctrl.Rule(cost[’low’] & technology[’low’] & environment[’

low’] & charging_network[’high’], knowledge[’very low’])

rule_80 = ctrl.Rule(cost[’low’] & technology[’low’] & environment[’

low’] & charging_network[’medium’], knowledge[’very low’])

rule_81 = ctrl.Rule(cost[’low’] & technology[’low’] & environment[’

low’] & charging_network[’low’], knowledge[’very low’])

# Create the control system

knowledge_ctrl = ctrl.ControlSystem([rule_01, rule_02, rule_03,

rule_04, rule_05, rule_06, rule_07, rule_08, rule_09,

rule_10, rule_11, rule_12,

rule_13, rule_14, rule_15,

rule_16, rule_17, rule_18,

rule_19, rule_20, rule_21,

rule_22, rule_23, rule_24,

rule_25, rule_26, rule_27,

rule_28, rule_29, rule_30,

rule_31, rule_32, rule_33,

rule_34, rule_35, rule_36,

rule_37, rule_38, rule_39,

rule_40, rule_41, rule_42,

rule_43, rule_44, rule_45,

rule_46, rule_47, rule_48,

rule_49, rule_50, rule_51,

rule_52, rule_53, rule_54,

rule_55, rule_56, rule_57,

rule_58, rule_59, rule_60,

rule_61, rule_62, rule_63,

rule_64, rule_65, rule_66,

rule_67, rule_68, rule_69,

rule_70, rule_71, rule_72,

rule_73, rule_74, rule_75,

rule_76, rule_77, rule_78,

rule_79, rule_80, rule_81])

# Create the simulation

knowledge_control = ctrl.ControlSystemSimulation(knowledge_ctrl)
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# Generate Brazilian experts inputs

cost = [5, 10, 7, 9 ,8 ,7 ,6 ,9 ,2, 7, 5, 9, 6 , 6]

technology = [5, 10, 7, 10, 10, 6, 9, 8, 2, 6, 6, 10, 5, 8]

environment = [6, 10, 7, 10, 6, 6, 10, 9, 9, 8, 8, 10, 5, 8]

charging_network = [4, 10, 3, 10, 9, 8, 6, 10, 9, 6, 4, 5, 3, 4]

inputs = list(zip(cost, technology , environment , charging_network))

# Generate German experts inputs

# cost = [7, 2, 9, 9, 2, 3, 3]

# technology = [4, 4, 6, 7, 7, 3, 6]

# environment = [4, 8, 10, 8, 7, 7, 7]

# charging_network = [3, 6, 1, 8, 9, 7, 3]

# inputs = list(zip(cost, technology , environment , charging_network))

# Initialize a list to store the resulting knowledge values

resulting_knowledges= []

# Calculate recommended speeds for the random scenarios

for i, (cost_val, technology_val , environment_val , sharing_val) in

enumerate(inputs, 1):

knowledge_control.input[’cost’] = cost_val

knowledge_control.input[’technology’] = technology_val

knowledge_control.input[’environment’] = environment_val

knowledge_control.input[’charging_network’] = sharing_val

knowledge_control.compute()

resulting_knowledge = knowledge_control.output[’knowledge’]

resulting_knowledges.append(resulting_knowledge)

# Determine the knowledge category based on the membership

functions

knowledge_category = fuzz.interp_membership(knowledge.universe ,

knowledge[’very low’].mf,

resulting_knowledge),

\

fuzz.interp_membership(knowledge.universe , knowledge[’low’].

mf, resulting_knowledge), \

fuzz.interp_membership(knowledge.universe , knowledge[’medium’

].mf, resulting_knowledge), \

fuzz.interp_membership(knowledge.universe , knowledge[’high’].

mf, resulting_knowledge), \

fuzz.interp_membership(knowledge.universe , knowledge[’very

high’].mf, resulting_knowledge)

categories = ["very low", "low", "medium", "high", "very high"]

category = categories[knowledge_category.index(max(

knowledge_category))]
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print(f"Participant {i}: cost={cost_val:.2f}, technology={

technology_val:.2f}, "

f"environment={environment_val:.2f}, charging_network={

sharing_val:.2f}, knowledge={resulting_knowledge:.2f},

knowledge Category={category}")

# Calculate and print the average of resulting

average_knowledge = np.mean(resulting_knowledges)

print(f"Average knowledge: {average_knowledge:.2f}")

3. Variable: 𝛽fb

import numpy as np

import skfuzzy as fuzz

from skfuzzy import control as ctrl

# Create the fuzzy input variables

experience = ctrl.Antecedent(np.arange(0, 11, 1), ’experience’)

trust = ctrl.Antecedent(np.arange(0, 11, 1), ’trust’)

specialist_experience = ctrl.Antecedent(np.arange(0, 11, 1), ’

specialist_experience’)

brand = ctrl.Antecedent(np.arange(0, 11, 1), ’brand’)

# Create fuzzy variables for the consequent outputs

feedback = ctrl.Consequent(np.arange(0, 1.1, 0.1), ’feedback’,

defuzzify_method=’mom’)

# Define membership functions for antecedents

experience[’low’] = fuzz.trapmf(experience.universe , [0, 0, 2, 4] )

experience[’medium’] = fuzz.trapmf(experience.universe , [2, 4, 6, 8])

experience[’high’] = fuzz.trapmf(experience.universe , [6, 8, 10, 10])

trust[’low’] = fuzz.trapmf(trust.universe, [0, 0, 2, 4] )

trust[’medium’] = fuzz.trapmf(trust.universe, [2, 4, 6, 8])

trust[’high’] = fuzz.trapmf(trust.universe, [6, 8, 10, 10])

specialist_experience[’low’] = fuzz.trapmf(specialist_experience.

universe , [0, 0, 2, 4] )

specialist_experience[’medium’] = fuzz.trapmf(specialist_experience.

universe , [2, 4, 6, 8])

specialist_experience[’high’] = fuzz.trapmf(specialist_experience.

universe , [6, 8, 10, 10])
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brand[’low’] = fuzz.trapmf(brand.universe, [0, 0, 2, 4] )

brand[’medium’] = fuzz.trapmf(brand.universe, [2, 4, 6, 8])

brand[’high’] = fuzz.trapmf(brand.universe, [6, 8, 10, 10])

# Define membership functions for the consequent outputs

feedback[’very low’] = fuzz.trimf(feedback.universe, [0, 0, 0.2])

feedback[’low’] = fuzz.trimf(feedback.universe, [0.0, 0.2, 0.4])

feedback[’medium’] = fuzz.trimf(feedback.universe, [0.3, 0.5, 0.7])

feedback[’high’] = fuzz.trimf(feedback.universe, [0.6, 0.8, 1.0])

feedback[’very high’] = fuzz.trimf(feedback.universe, [0.8, 1.0,

1.0])

# Define fuzzy rules for the consequent outputs

rule_01 = ctrl.Rule(experience[’high’] & trust[’high’] &

specialist_experience[’high’] & brand[’high’], feedback[’very high

’])

rule_02 = ctrl.Rule(experience[’high’] & trust[’high’] &

specialist_experience[’high’] & brand[’medium’], feedback[’very

high’])

rule_03 = ctrl.Rule(experience[’high’] & trust[’high’] &

specialist_experience[’high’] & brand[’low’], feedback[’high’])

rule_04 = ctrl.Rule(experience[’high’] & trust[’high’] &

specialist_experience[’medium’] & brand[’high’], feedback[’very

high’])

rule_05 = ctrl.Rule(experience[’high’] & trust[’high’] &

specialist_experience[’medium’] & brand[’medium’], feedback[’high’

])

rule_06 = ctrl.Rule(experience[’high’] & trust[’high’] &

specialist_experience[’medium’] & brand[’low’], feedback[’high’])

rule_07 = ctrl.Rule(experience[’high’] & trust[’high’] &

specialist_experience[’low’] & brand[’high’], feedback[’very high’

])

rule_08 = ctrl.Rule(experience[’high’] & trust[’high’] &

specialist_experience[’low’] & brand[’medium’], feedback[’high’])

rule_09 = ctrl.Rule(experience[’high’] & trust[’high’] &

specialist_experience[’low’] & brand[’low’], feedback[’medium’])

rule_10 = ctrl.Rule(experience[’high’] & trust[’medium’] &

specialist_experience[’high’] & brand[’high’], feedback[’very high

’])

rule_11 = ctrl.Rule(experience[’high’] & trust[’medium’] &

specialist_experience[’high’] & brand[’medium’], feedback[’very

high’])

rule_12 = ctrl.Rule(experience[’high’] & trust[’medium’] &

specialist_experience[’high’] & brand[’low’], feedback[’high’])
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rule_13 = ctrl.Rule(experience[’high’] & trust[’medium’] &

specialist_experience[’medium’] & brand[’high’], feedback[’very

high’])

rule_14 = ctrl.Rule(experience[’high’] & trust[’medium’] &

specialist_experience[’medium’] & brand[’medium’], feedback[’high’

])

rule_15 = ctrl.Rule(experience[’high’] & trust[’medium’] &

specialist_experience[’medium’] & brand[’low’], feedback[’medium’

])

rule_16 = ctrl.Rule(experience[’high’] & trust[’medium’] &

specialist_experience[’low’] & brand[’high’], feedback[’high’])

rule_17 = ctrl.Rule(experience[’high’] & trust[’medium’] &

specialist_experience[’low’] & brand[’medium’], feedback[’high’])

rule_18 = ctrl.Rule(experience[’high’] & trust[’medium’] &

specialist_experience[’low’] & brand[’low’], feedback[’medium’])

rule_19 = ctrl.Rule(experience[’high’] & trust[’low’] &

specialist_experience[’high’] & brand[’high’], feedback[’very high

’])

rule_20 = ctrl.Rule(experience[’high’] & trust[’low’] &

specialist_experience[’high’] & brand[’medium’], feedback[’high’])

rule_21 = ctrl.Rule(experience[’high’] & trust[’low’] &

specialist_experience[’high’] & brand[’low’], feedback[’high’])

rule_22 = ctrl.Rule(experience[’high’] & trust[’low’] &

specialist_experience[’medium’] & brand[’high’], feedback[’very

high’])

rule_23 = ctrl.Rule(experience[’high’] & trust[’low’] &

specialist_experience[’medium’] & brand[’medium’], feedback[’high’

])

rule_24 = ctrl.Rule(experience[’high’] & trust[’low’] &

specialist_experience[’medium’] & brand[’low’], feedback[’medium’

])

rule_25 = ctrl.Rule(experience[’high’] & trust[’low’] &

specialist_experience[’low’] & brand[’high’], feedback[’high’])

rule_26 = ctrl.Rule(experience[’high’] & trust[’low’] &

specialist_experience[’low’] & brand[’medium’], feedback[’medium’

])

rule_27 = ctrl.Rule(experience[’high’] & trust[’low’] &

specialist_experience[’low’] & brand[’low’], feedback[’low’])

rule_28 = ctrl.Rule(experience[’medium’] & trust[’high’] &

specialist_experience[’high’] & brand[’high’], feedback[’very high

’])

rule_29 = ctrl.Rule(experience[’medium’] & trust[’high’] &

specialist_experience[’high’] & brand[’medium’], feedback[’high’])

rule_30 = ctrl.Rule(experience[’medium’] & trust[’high’] &

specialist_experience[’high’] & brand[’low’], feedback[’medium’])
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rule_31 = ctrl.Rule(experience[’medium’] & trust[’high’] &

specialist_experience[’medium’] & brand[’high’], feedback[’high’])

rule_32 = ctrl.Rule(experience[’medium’] & trust[’high’] &

specialist_experience[’medium’] & brand[’medium’], feedback[’

medium’])

rule_33 = ctrl.Rule(experience[’medium’] & trust[’high’] &

specialist_experience[’medium’] & brand[’low’], feedback[’low’])

rule_34 = ctrl.Rule(experience[’medium’] & trust[’high’] &

specialist_experience[’low’] & brand[’high’], feedback[’high’])

rule_35 = ctrl.Rule(experience[’medium’] & trust[’high’] &

specialist_experience[’low’] & brand[’medium’], feedback[’medium’

])

rule_36 = ctrl.Rule(experience[’medium’] & trust[’high’] &

specialist_experience[’low’] & brand[’low’], feedback[’low’])

rule_37 = ctrl.Rule(experience[’medium’] & trust[’medium’] &

specialist_experience[’high’] & brand[’high’], feedback[’high’])

rule_38 = ctrl.Rule(experience[’medium’] & trust[’medium’] &

specialist_experience[’high’] & brand[’medium’], feedback[’high’])

rule_39 = ctrl.Rule(experience[’medium’] & trust[’medium’] &

specialist_experience[’high’] & brand[’low’], feedback[’medium’])

rule_40 = ctrl.Rule(experience[’medium’] & trust[’medium’] &

specialist_experience[’medium’] & brand[’high’], feedback[’high’])

rule_41 = ctrl.Rule(experience[’medium’] & trust[’medium’] &

specialist_experience[’medium’] & brand[’medium’], feedback[’

medium’])

rule_42 = ctrl.Rule(experience[’medium’] & trust[’medium’] &

specialist_experience[’medium’] & brand[’low’], feedback[’low’])

rule_43 = ctrl.Rule(experience[’medium’] & trust[’medium’] &

specialist_experience[’low’] & brand[’high’], feedback[’medium’])

rule_44 = ctrl.Rule(experience[’medium’] & trust[’medium’] &

specialist_experience[’low’] & brand[’medium’], feedback[’low’])

rule_45 = ctrl.Rule(experience[’medium’] & trust[’medium’] &

specialist_experience[’low’] & brand[’low’], feedback[’low’])

rule_46 = ctrl.Rule(experience[’medium’] & trust[’low’] &

specialist_experience[’high’] & brand[’high’], feedback[’high’])

rule_47 = ctrl.Rule(experience[’medium’] & trust[’low’] &

specialist_experience[’high’] & brand[’medium’], feedback[’medium’

])

rule_48 = ctrl.Rule(experience[’medium’] & trust[’low’] &

specialist_experience[’high’] & brand[’low’], feedback[’low’])

rule_49 = ctrl.Rule(experience[’medium’] & trust[’low’] &

specialist_experience[’medium’] & brand[’high’], feedback[’high’])

rule_50 = ctrl.Rule(experience[’medium’] & trust[’low’] &

specialist_experience[’medium’] & brand[’medium’], feedback[’

medium’])
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rule_51 = ctrl.Rule(experience[’medium’] & trust[’low’] &

specialist_experience[’medium’] & brand[’low’], feedback[’low’])

rule_52 = ctrl.Rule(experience[’medium’] & trust[’low’] &

specialist_experience[’low’] & brand[’high’], feedback[’medium’])

rule_53 = ctrl.Rule(experience[’medium’] & trust[’low’] &

specialist_experience[’low’] & brand[’medium’], feedback[’low’])

rule_54 = ctrl.Rule(experience[’medium’] & trust[’low’] &

specialist_experience[’low’] & brand[’low’], feedback[’very low’])

rule_55 = ctrl.Rule(experience[’low’] & trust[’high’] &

specialist_experience[’high’] & brand[’high’], feedback[’high’])

rule_56 = ctrl.Rule(experience[’low’] & trust[’high’] &

specialist_experience[’high’] & brand[’medium’], feedback[’medium’

])

rule_57 = ctrl.Rule(experience[’low’] & trust[’high’] &

specialist_experience[’high’] & brand[’low’], feedback[’low’])

rule_58 = ctrl.Rule(experience[’low’] & trust[’high’] &

specialist_experience[’medium’] & brand[’high’], feedback[’medium’

])

rule_59 = ctrl.Rule(experience[’low’] & trust[’high’] &

specialist_experience[’medium’] & brand[’medium’], feedback[’low’

])

rule_60 = ctrl.Rule(experience[’low’] & trust[’high’] &

specialist_experience[’medium’] & brand[’low’], feedback[’very low

’])

rule_61 = ctrl.Rule(experience[’low’] & trust[’high’] &

specialist_experience[’low’] & brand[’high’], feedback[’low’])

rule_62 = ctrl.Rule(experience[’low’] & trust[’high’] &

specialist_experience[’low’] & brand[’medium’], feedback[’low’])

rule_63 = ctrl.Rule(experience[’low’] & trust[’high’] &

specialist_experience[’low’] & brand[’low’], feedback[’very low’])

rule_64 = ctrl.Rule(experience[’low’] & trust[’medium’] &

specialist_experience[’high’] & brand[’high’], feedback[’medium’])

rule_65 = ctrl.Rule(experience[’low’] & trust[’medium’] &

specialist_experience[’high’] & brand[’medium’], feedback[’low’])

rule_66 = ctrl.Rule(experience[’low’] & trust[’medium’] &

specialist_experience[’high’] & brand[’low’], feedback[’low’])

rule_67 = ctrl.Rule(experience[’low’] & trust[’medium’] &

specialist_experience[’medium’] & brand[’high’], feedback[’medium’

])

rule_68 = ctrl.Rule(experience[’low’] & trust[’medium’] &

specialist_experience[’medium’] & brand[’medium’], feedback[’low’

])

rule_69 = ctrl.Rule(experience[’low’] & trust[’medium’] &

specialist_experience[’medium’] & brand[’low’], feedback[’very low

’])
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rule_70 = ctrl.Rule(experience[’low’] & trust[’medium’] &

specialist_experience[’low’] & brand[’high’], feedback[’low’])

rule_71 = ctrl.Rule(experience[’low’] & trust[’medium’] &

specialist_experience[’low’] & brand[’medium’], feedback[’very low

’])

rule_72 = ctrl.Rule(experience[’low’] & trust[’medium’] &

specialist_experience[’low’] & brand[’low’], feedback[’very low’])

rule_73 = ctrl.Rule(experience[’low’] & trust[’low’] &

specialist_experience[’high’] & brand[’high’], feedback[’medium’])

rule_74 = ctrl.Rule(experience[’low’] & trust[’low’] &

specialist_experience[’high’] & brand[’medium’], feedback[’low’])

rule_75 = ctrl.Rule(experience[’low’] & trust[’low’] &

specialist_experience[’high’] & brand[’low’], feedback[’very low’

])

rule_76 = ctrl.Rule(experience[’low’] & trust[’low’] &

specialist_experience[’medium’] & brand[’high’], feedback[’low’])

rule_77 = ctrl.Rule(experience[’low’] & trust[’low’] &

specialist_experience[’medium’] & brand[’medium’], feedback[’low’

])

rule_78 = ctrl.Rule(experience[’low’] & trust[’low’] &

specialist_experience[’medium’] & brand[’low’], feedback[’very low

’])

rule_79 = ctrl.Rule(experience[’low’] & trust[’low’] &

specialist_experience[’low’] & brand[’high’], feedback[’low’])

rule_80 = ctrl.Rule(experience[’low’] & trust[’low’] &

specialist_experience[’low’] & brand[’medium’], feedback[’very low

’])

rule_81 = ctrl.Rule(experience[’low’] & trust[’low’] &

specialist_experience[’low’] & brand[’low’], feedback[’very low’])

# Create the control system

feedback_ctrl = ctrl.ControlSystem([rule_01, rule_02, rule_03,

rule_04, rule_05, rule_06, rule_07, rule_08, rule_09,

rule_10, rule_11, rule_12,

rule_13, rule_14, rule_15,

rule_16, rule_17, rule_18,

rule_19, rule_20, rule_21,

rule_22, rule_23, rule_24,

rule_25, rule_26, rule_27,

rule_28, rule_29, rule_30,

rule_31, rule_32, rule_33,

rule_34, rule_35, rule_36,
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rule_37, rule_38, rule_39,

rule_40, rule_41, rule_42,

rule_43, rule_44, rule_45,

rule_46, rule_47, rule_48,

rule_49, rule_50, rule_51,

rule_52, rule_53, rule_54,

rule_55, rule_56, rule_57,

rule_58, rule_59, rule_60,

rule_61, rule_62, rule_63,

rule_64, rule_65, rule_66,

rule_67, rule_68, rule_69,

rule_70, rule_71, rule_72,

rule_73, rule_74, rule_75,

rule_76, rule_77, rule_78,

rule_79, rule_80, rule_81])

# Create the simulation

feedback_control = ctrl.ControlSystemSimulation(feedback_ctrl)

# Generate Brazilian experts inputs

experience = [5, 9, 8, 9, 9, 6, 6, 6, 9, 8, 8, 9, 8, 3]

trust = [6, 9, 7, 7, 8, 7, 6, 6, 8, 8, 9, 9, 7, 4]

specialist_experience = [8, 8, 6, 10, 9, 8, 9, 6, 9, 9, 8, 9, 10 , 4]

brand = [7, 8, 8, 10, 10, 8, 9, 8, 6, 9, 7, 8, 8, 5]

inputs = list(zip(experience , trust, specialist_experience , brand))

# Generate german experts inputs

# experience = [6, 3, 2, 5, 1, 7, 6]

# trust = [4, 4, 5, 8, 2, 7, 5]

# specialist_experience = [7, 5, 6, 6, 5, 9, 7]

# brand = [4, 4, 4, 7, 3, 8, 7]

# inputs = list(zip(experience , trust, specialist_experience , brand))

# Initialize a list to store the resulting feedback values

resulting_feedbacks = []

# Calculate recommended speeds for the random scenarios

for i, (experience_val , trust_val , specialist_experience_val ,

sharing_val) in enumerate(inputs, 1):

feedback_control.input[’experience’] = experience_val

feedback_control.input[’trust’] = trust_val

feedback_control.input[’specialist_experience’] =

specialist_experience_val

feedback_control.input[’brand’] = sharing_val

feedback_control.compute()
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resulting_feedback = feedback_control.output[’feedback’]

resulting_feedbacks.append(resulting_feedback)

# Determine the feedback category based on the membership

functions

feedback_category = fuzz.interp_membership(feedback.universe,

feedback[’very low’].mf,

resulting_feedback)

, \

fuzz.interp_membership(feedback.universe , feedback[’low’].mf,

resulting_feedback), \

fuzz.interp_membership(feedback.universe , feedback[’medium’].

mf, resulting_feedback), \

fuzz.interp_membership(feedback.universe , feedback[’high’].mf

, resulting_feedback), \

fuzz.interp_membership(feedback.universe , feedback[’very high

’].mf, resulting_feedback)

categories = ["very low", "low", "medium", "high", "very high"]

category = categories[feedback_category.index(max(

feedback_category))]

print(f"Participant {i}: experience={experience_val:.2f}, trust={

trust_val:.2f}, "

f"specialist_experience={specialist_experience_val:.2f},

brand={sharing_val:.2f}, feedback={resulting_feedback

:.2f}, feedback Category={category}")

# Calculate and print the average of resulting

average_feedback = np.mean(resulting_feedbacks)

print(f"Average feedback: {average_feedback:.2f}")

4. Variable: 𝛽rel

import numpy as np

import skfuzzy as fuzz

from skfuzzy import control as ctrl

# Create the fuzzy input variables

environment = ctrl.Antecedent(np.arange(0, 11, 1), ’environment’)

incentive = ctrl.Antecedent(np.arange(0, 11, 1), ’incentive’)

benefits = ctrl.Antecedent(np.arange(0, 11, 1), ’benefits’)

independence = ctrl.Antecedent(np.arange(0, 11, 1), ’independence’)

# Create fuzzy variables for the consequent outputs
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relevance = ctrl.Consequent(np.arange(0, 1.1, 0.1), ’relevance’,

defuzzify_method=’mom’)

# Define membership functions for antecedents

environment[’low’] = fuzz.trapmf(environment.universe, [0, 0, 2, 4] )

environment[’medium’] = fuzz.trapmf(environment.universe, [2, 4, 6,

8])

environment[’high’] = fuzz.trapmf(environment.universe, [6, 8, 10,

10])

incentive[’low’] = fuzz.trapmf(incentive.universe, [0, 0, 2, 4] )

incentive[’medium’] = fuzz.trapmf(incentive.universe, [2, 4, 6, 8])

incentive[’high’] = fuzz.trapmf(incentive.universe, [6, 8, 10, 10])

benefits[’low’] = fuzz.trapmf(benefits.universe, [0, 0, 2, 4] )

benefits[’medium’] = fuzz.trapmf(benefits.universe, [2, 4, 6, 8])

benefits[’high’] = fuzz.trapmf(benefits.universe, [6, 8, 10, 10])

independence[’low’] = fuzz.trapmf(independence.universe , [0, 0, 2, 4]

)

independence[’medium’] = fuzz.trapmf(independence.universe , [2, 4, 6,

8])

independence[’high’] = fuzz.trapmf(independence.universe , [6, 8, 10,

10])

# Define membership functions for the consequent outputs

relevance[’very low’] = fuzz.trimf(relevance.universe, [0, 0, 0.2])

relevance[’low’] = fuzz.trimf(relevance.universe, [0.0, 0.2, 0.4])

relevance[’medium’] = fuzz.trimf(relevance.universe, [0.3, 0.5, 0.7])

relevance[’high’] = fuzz.trimf(relevance.universe, [0.6, 0.8, 1.0])

relevance[’very high’] = fuzz.trimf(relevance.universe, [0.8, 1.0,

1.0])

# Define fuzzy rules for the consequent outputs

rule_01 = ctrl.Rule(environment[’high’] & incentive[’high’] &

benefits[’high’] & independence[’high’], relevance[’very high’])

rule_02 = ctrl.Rule(environment[’high’] & incentive[’high’] &

benefits[’high’] & independence[’medium’], relevance[’very high’])

rule_03 = ctrl.Rule(environment[’high’] & incentive[’high’] &

benefits[’high’] & independence[’low’], relevance[’very high’])

rule_04 = ctrl.Rule(environment[’high’] & incentive[’high’] &

benefits[’medium’] & independence[’high’], relevance[’very high’])

rule_05 = ctrl.Rule(environment[’high’] & incentive[’high’] &

benefits[’medium’] & independence[’medium’], relevance[’high’])
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rule_06 = ctrl.Rule(environment[’high’] & incentive[’high’] &

benefits[’medium’] & independence[’low’], relevance[’high’])

rule_07 = ctrl.Rule(environment[’high’] & incentive[’high’] &

benefits[’low’] & independence[’high’], relevance[’high’])

rule_08 = ctrl.Rule(environment[’high’] & incentive[’high’] &

benefits[’low’] & independence[’medium’], relevance[’medium’])

rule_09 = ctrl.Rule(environment[’high’] & incentive[’high’] &

benefits[’low’] & independence[’low’], relevance[’medium’])

rule_10 = ctrl.Rule(environment[’high’] & incentive[’medium’] &

benefits[’high’] & independence[’high’], relevance[’very high’])

rule_11 = ctrl.Rule(environment[’high’] & incentive[’medium’] &

benefits[’high’] & independence[’medium’], relevance[’very high’])

rule_12 = ctrl.Rule(environment[’high’] & incentive[’medium’] &

benefits[’high’] & independence[’low’], relevance[’very high’])

rule_13 = ctrl.Rule(environment[’high’] & incentive[’medium’] &

benefits[’medium’] & independence[’high’], relevance[’high’])

rule_14 = ctrl.Rule(environment[’high’] & incentive[’medium’] &

benefits[’medium’] & independence[’medium’], relevance[’high’])

rule_15 = ctrl.Rule(environment[’high’] & incentive[’medium’] &

benefits[’medium’] & independence[’low’], relevance[’high’])

rule_16 = ctrl.Rule(environment[’high’] & incentive[’medium’] &

benefits[’low’] & independence[’high’], relevance[’medium’])

rule_17 = ctrl.Rule(environment[’high’] & incentive[’medium’] &

benefits[’low’] & independence[’medium’], relevance[’medium’])

rule_18 = ctrl.Rule(environment[’high’] & incentive[’medium’] &

benefits[’low’] & independence[’low’], relevance[’low’])

rule_19 = ctrl.Rule(environment[’high’] & incentive[’low’] & benefits

[’high’] & independence[’high’], relevance[’very high’])

rule_20 = ctrl.Rule(environment[’high’] & incentive[’low’] & benefits

[’high’] & independence[’medium’], relevance[’high’])

rule_21 = ctrl.Rule(environment[’high’] & incentive[’low’] & benefits

[’high’] & independence[’low’], relevance[’high’])

rule_22 = ctrl.Rule(environment[’high’] & incentive[’low’] & benefits

[’medium’] & independence[’high’], relevance[’high’])

rule_23 = ctrl.Rule(environment[’high’] & incentive[’low’] & benefits

[’medium’] & independence[’medium’], relevance[’medium’])

rule_24 = ctrl.Rule(environment[’high’] & incentive[’low’] & benefits

[’medium’] & independence[’low’], relevance[’medium’])

rule_25 = ctrl.Rule(environment[’high’] & incentive[’low’] & benefits

[’low’] & independence[’high’], relevance[’low’])

rule_26 = ctrl.Rule(environment[’high’] & incentive[’low’] & benefits

[’low’] & independence[’medium’], relevance[’low’])

rule_27 = ctrl.Rule(environment[’high’] & incentive[’low’] & benefits

[’low’] & independence[’low’], relevance[’low’])
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rule_28 = ctrl.Rule(environment[’medium’] & incentive[’high’] &

benefits[’high’] & independence[’high’], relevance[’very high’])

rule_29 = ctrl.Rule(environment[’medium’] & incentive[’high’] &

benefits[’high’] & independence[’medium’], relevance[’very high’])

rule_30 = ctrl.Rule(environment[’medium’] & incentive[’high’] &

benefits[’high’] & independence[’low’], relevance[’high’])

rule_31 = ctrl.Rule(environment[’medium’] & incentive[’high’] &

benefits[’medium’] & independence[’high’], relevance[’high’])

rule_32 = ctrl.Rule(environment[’medium’] & incentive[’high’] &

benefits[’medium’] & independence[’medium’], relevance[’high’])

rule_33 = ctrl.Rule(environment[’medium’] & incentive[’high’] &

benefits[’medium’] & independence[’low’], relevance[’medium’])

rule_34 = ctrl.Rule(environment[’medium’] & incentive[’high’] &

benefits[’low’] & independence[’high’], relevance[’medium’])

rule_35 = ctrl.Rule(environment[’medium’] & incentive[’high’] &

benefits[’low’] & independence[’medium’], relevance[’low’])

rule_36 = ctrl.Rule(environment[’medium’] & incentive[’high’] &

benefits[’low’] & independence[’low’], relevance[’low’])

rule_37 = ctrl.Rule(environment[’medium’] & incentive[’medium’] &

benefits[’high’] & independence[’high’], relevance[’high’])

rule_38 = ctrl.Rule(environment[’medium’] & incentive[’medium’] &

benefits[’high’] & independence[’medium’], relevance[’high’])

rule_39 = ctrl.Rule(environment[’medium’] & incentive[’medium’] &

benefits[’high’] & independence[’low’], relevance[’high’])

rule_40 = ctrl.Rule(environment[’medium’] & incentive[’medium’] &

benefits[’medium’] & independence[’high’], relevance[’medium’])

rule_41 = ctrl.Rule(environment[’medium’] & incentive[’medium’] &

benefits[’medium’] & independence[’medium’], relevance[’medium’])

rule_42 = ctrl.Rule(environment[’medium’] & incentive[’medium’] &

benefits[’medium’] & independence[’low’], relevance[’medium’])

rule_43 = ctrl.Rule(environment[’medium’] & incentive[’medium’] &

benefits[’low’] & independence[’high’], relevance[’low’])

rule_44 = ctrl.Rule(environment[’medium’] & incentive[’medium’] &

benefits[’low’] & independence[’medium’], relevance[’low’])

rule_45 = ctrl.Rule(environment[’medium’] & incentive[’medium’] &

benefits[’low’] & independence[’low’], relevance[’low’])

rule_46 = ctrl.Rule(environment[’medium’] & incentive[’low’] &

benefits[’high’] & independence[’high’], relevance[’high’])

rule_47 = ctrl.Rule(environment[’medium’] & incentive[’low’] &

benefits[’high’] & independence[’medium’], relevance[’high’])

rule_48 = ctrl.Rule(environment[’medium’] & incentive[’low’] &

benefits[’high’] & independence[’low’], relevance[’medium’])

rule_49 = ctrl.Rule(environment[’medium’] & incentive[’low’] &

benefits[’medium’] & independence[’high’], relevance[’medium’])
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rule_50 = ctrl.Rule(environment[’medium’] & incentive[’low’] &

benefits[’medium’] & independence[’medium’], relevance[’low’])

rule_51 = ctrl.Rule(environment[’medium’] & incentive[’low’] &

benefits[’medium’] & independence[’low’], relevance[’low’])

rule_52 = ctrl.Rule(environment[’medium’] & incentive[’low’] &

benefits[’low’] & independence[’high’], relevance[’low’])

rule_53 = ctrl.Rule(environment[’medium’] & incentive[’low’] &

benefits[’low’] & independence[’medium’], relevance[’very low’])

rule_54 = ctrl.Rule(environment[’medium’] & incentive[’low’] &

benefits[’low’] & independence[’low’], relevance[’very low’])

rule_55 = ctrl.Rule(environment[’low’] & incentive[’high’] & benefits

[’high’] & independence[’high’], relevance[’high’])

rule_56 = ctrl.Rule(environment[’low’] & incentive[’high’] & benefits

[’high’] & independence[’medium’], relevance[’high’])

rule_57 = ctrl.Rule(environment[’low’] & incentive[’high’] & benefits

[’high’] & independence[’low’], relevance[’high’])

rule_58 = ctrl.Rule(environment[’low’] & incentive[’high’] & benefits

[’medium’] & independence[’high’], relevance[’medium’])

rule_59 = ctrl.Rule(environment[’low’] & incentive[’high’] & benefits

[’medium’] & independence[’medium’], relevance[’medium’])

rule_60 = ctrl.Rule(environment[’low’] & incentive[’high’] & benefits

[’medium’] & independence[’low’], relevance[’low’])

rule_61 = ctrl.Rule(environment[’low’] & incentive[’high’] & benefits

[’low’] & independence[’high’], relevance[’low’])

rule_62 = ctrl.Rule(environment[’low’] & incentive[’high’] & benefits

[’low’] & independence[’medium’], relevance[’low’])

rule_63 = ctrl.Rule(environment[’low’] & incentive[’high’] & benefits

[’low’] & independence[’low’], relevance[’very low’])

rule_64 = ctrl.Rule(environment[’low’] & incentive[’medium’] &

benefits[’high’] & independence[’high’], relevance[’high’])

rule_65 = ctrl.Rule(environment[’low’] & incentive[’medium’] &

benefits[’high’] & independence[’medium’], relevance[’medium’])

rule_66 = ctrl.Rule(environment[’low’] & incentive[’medium’] &

benefits[’high’] & independence[’low’], relevance[’medium’])

rule_67 = ctrl.Rule(environment[’low’] & incentive[’medium’] &

benefits[’medium’] & independence[’high’], relevance[’low’])

rule_68 = ctrl.Rule(environment[’low’] & incentive[’medium’] &

benefits[’medium’] & independence[’medium’], relevance[’low’])

rule_69 = ctrl.Rule(environment[’low’] & incentive[’medium’] &

benefits[’medium’] & independence[’low’], relevance[’low’])

rule_70 = ctrl.Rule(environment[’low’] & incentive[’medium’] &

benefits[’low’] & independence[’high’], relevance[’very low’])

rule_71 = ctrl.Rule(environment[’low’] & incentive[’medium’] &

benefits[’low’] & independence[’medium’], relevance[’very low’])
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rule_72 = ctrl.Rule(environment[’low’] & incentive[’medium’] &

benefits[’low’] & independence[’low’], relevance[’very low’])

rule_73 = ctrl.Rule(environment[’low’] & incentive[’low’] & benefits[

’high’] & independence[’high’], relevance[’medium’])

rule_74 = ctrl.Rule(environment[’low’] & incentive[’low’] & benefits[

’high’] & independence[’medium’], relevance[’medium’])

rule_75 = ctrl.Rule(environment[’low’] & incentive[’low’] & benefits[

’high’] & independence[’low’], relevance[’low’])

rule_76 = ctrl.Rule(environment[’low’] & incentive[’low’] & benefits[

’medium’] & independence[’high’], relevance[’low’])

rule_77 = ctrl.Rule(environment[’low’] & incentive[’low’] & benefits[

’medium’] & independence[’medium’], relevance[’low’])

rule_78 = ctrl.Rule(environment[’low’] & incentive[’low’] & benefits[

’medium’] & independence[’low’], relevance[’very low’])

rule_79 = ctrl.Rule(environment[’low’] & incentive[’low’] & benefits[

’low’] & independence[’high’], relevance[’very low’])

rule_80 = ctrl.Rule(environment[’low’] & incentive[’low’] & benefits[

’low’] & independence[’medium’], relevance[’very low’])

rule_81 = ctrl.Rule(environment[’low’] & incentive[’low’] & benefits[

’low’] & independence[’low’], relevance[’very low’])

# Create the control system

relevance_ctrl = ctrl.ControlSystem([rule_01, rule_02, rule_03,

rule_04, rule_05, rule_06, rule_07, rule_08, rule_09,

rule_10, rule_11, rule_12,

rule_13, rule_14, rule_15,

rule_16, rule_17, rule_18,

rule_19, rule_20, rule_21,

rule_22, rule_23, rule_24,

rule_25, rule_26, rule_27,

rule_28, rule_29, rule_30,

rule_31, rule_32, rule_33,

rule_34, rule_35, rule_36,

rule_37, rule_38, rule_39,

rule_40, rule_41, rule_42,

rule_43, rule_44, rule_45,

rule_46, rule_47, rule_48,

rule_49, rule_50, rule_51,

rule_52, rule_53, rule_54,

rule_55, rule_56, rule_57,

rule_58, rule_59, rule_60,

rule_61, rule_62, rule_63,
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rule_64, rule_65, rule_66,

rule_67, rule_68, rule_69,

rule_70, rule_71, rule_72,

rule_73, rule_74, rule_75,

rule_76, rule_77, rule_78,

rule_79, rule_80, rule_81])

# Create the simulation

relevance_control = ctrl.ControlSystemSimulation(relevance_ctrl)

# Generate Brazilian experts inputs

environment = [7, 7, 4, 10, 6, 9, 9, 9, 8, 9, 5, 10, 3, 10]

incentive = [5, 10, 5, 7, 2, 5, 5, 9, 5, 7, 4, 5, 3, 4]

benefits = [7, 10, 5, 7, 3, 9, 9, 9, 8, 9, 6, 10, 7, 9]

independence = [7, 10, 8, 7, 1, 8, 9, 7, 9, 9, 7, 10, 7, 10]

inputs = list(zip(environment , incentive , benefits , independence))

# Generate German experts inputs

# environment = [3, 8, 9, 9, 9, 6, 8]

# incentive = [1, 8, 8, 8, 9, 3, 6]

# benefits = [6, 7, 9, 8, 9, 8, 6]

# independence = [6, 6, 9, 9, 7, 9, 8]

# inputs = list(zip(environment , incentive , benefits, independence))

# Initialize a list to store the resulting relevance values

resulting_relevancies = []

# Calculate recommended speeds for the random scenarios

for i, (environment_val , incentive_val , benefits_val , sharing_val) in

enumerate(inputs, 1):

relevance_control.input[’environment’] = environment_val

relevance_control.input[’incentive’] = incentive_val

relevance_control.input[’benefits’] = benefits_val

relevance_control.input[’independence’] = sharing_val

relevance_control.compute()

resulting_relevance = relevance_control.output[’relevance’]

resulting_relevancies.append(resulting_relevance)

# Determine the relevance category based on the membership

functions

relevance_category = fuzz.interp_membership(relevance.universe ,

relevance[’very low’].mf,

resulting_relevance),

\
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fuzz.interp_membership(relevance.universe , relevance[’low’].

mf, resulting_relevance), \

fuzz.interp_membership(relevance.universe , relevance[’medium’

].mf, resulting_relevance), \

fuzz.interp_membership(relevance.universe , relevance[’high’].

mf, resulting_relevance), \

fuzz.interp_membership(relevance.universe , relevance[’very

high’].mf, resulting_relevance)

categories = ["very low", "low", "medium", "high", "very high"]

category = categories[relevance_category.index(max(

relevance_category))]

print(f"Participant {i}: environment={environment_val:.2f},

incentive={incentive_val:.2f}, "

f"benefits={benefits_val:.2f}, independence={sharing_val:.2

f}, relevance={resulting_relevance:.2f}, relevance

Category={category}")

# Calculate and print the average of resulting

average_relevance = np.mean(resulting_relevancies)

print(f"Average relevance: {average_relevance:.2f}")

5. Variable: 𝛽social

import numpy as np

import skfuzzy as fuzz

from skfuzzy import control as ctrl

# Create the fuzzy input variables

opinion = ctrl.Antecedent(np.arange(0, 11, 1), ’opinion’)

transmission = ctrl.Antecedent(np.arange(0, 11, 1), ’transmission’)

status = ctrl.Antecedent(np.arange(0, 11, 1), ’status’)

sharing_importance = ctrl.Antecedent(np.arange(0, 11, 1), ’

sharing_importance’)

# Create fuzzy variables for the consequent outputs

sociability = ctrl.Consequent(np.arange(0, 1.1, 0.1), ’sociability’,

defuzzify_method=’mom’)

# Define membership functions for antecedents

opinion[’low’] = fuzz.trapmf(opinion.universe, [0, 0, 2, 4] )

opinion[’medium’] = fuzz.trapmf(opinion.universe, [2, 4, 6, 8])

opinion[’high’] = fuzz.trapmf(opinion.universe, [6, 8, 10, 10])
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transmission[’low’] = fuzz.trapmf(transmission.universe , [0, 0, 2, 4]

)

transmission[’medium’] = fuzz.trapmf(transmission.universe , [2, 4, 6,

8])

transmission[’high’] = fuzz.trapmf(transmission.universe , [6, 8, 10,

10])

status[’low’] = fuzz.trapmf(status.universe , [0, 0, 2, 4] )

status[’medium’] = fuzz.trapmf(status.universe , [2, 4, 6, 8])

status[’high’] = fuzz.trapmf(status.universe , [6, 8, 10, 10])

sharing_importance[’low’] = fuzz.trapmf(sharing_importance.universe ,

[0, 0, 2, 4] )

sharing_importance[’medium’] = fuzz.trapmf(sharing_importance.

universe , [2, 4, 6, 8])

sharing_importance[’high’] = fuzz.trapmf(sharing_importance.universe ,

[6, 8, 10, 10])

# Define membership functions for the consequent outputs

sociability[’very low’] = fuzz.trimf(sociability.universe, [0, 0,

0.2])

sociability[’low’] = fuzz.trimf(sociability.universe, [0.0, 0.2,

0.4])

sociability[’medium’] = fuzz.trimf(sociability.universe, [0.3, 0.5,

0.7])

sociability[’high’] = fuzz.trimf(sociability.universe, [0.6, 0.8,

1.0])

sociability[’very high’] = fuzz.trimf(sociability.universe, [0.8,

1.0, 1.0])

# Define fuzzy rules for the consequent outputs

rule_01 = ctrl.Rule(opinion[’high’] & transmission[’high’] & status[’

high’] & sharing_importance[’high’], sociability[’very high’])

rule_02 = ctrl.Rule(opinion[’high’] & transmission[’high’] & status[’

high’] & sharing_importance[’medium’], sociability[’very high’])

rule_03 = ctrl.Rule(opinion[’high’] & transmission[’high’] & status[’

high’] & sharing_importance[’low’], sociability[’high’])

rule_04 = ctrl.Rule(opinion[’high’] & transmission[’high’] & status[’

medium’] & sharing_importance[’high’], sociability[’very high’])

rule_05 = ctrl.Rule(opinion[’high’] & transmission[’high’] & status[’

medium’] & sharing_importance[’medium’], sociability[’high’])

rule_06 = ctrl.Rule(opinion[’high’] & transmission[’high’] & status[’

medium’] & sharing_importance[’low’], sociability[’medium’])

rule_07 = ctrl.Rule(opinion[’high’] & transmission[’high’] & status[’

low’] & sharing_importance[’high’], sociability[’very high’])
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rule_08 = ctrl.Rule(opinion[’high’] & transmission[’high’] & status[’

low’] & sharing_importance[’medium’], sociability[’high’])

rule_09 = ctrl.Rule(opinion[’high’] & transmission[’high’] & status[’

low’] & sharing_importance[’low’], sociability[’low’])

rule_10 = ctrl.Rule(opinion[’high’] & transmission[’medium’] & status

[’high’] & sharing_importance[’high’], sociability[’very high’])

rule_11 = ctrl.Rule(opinion[’high’] & transmission[’medium’] & status

[’high’] & sharing_importance[’medium’], sociability[’high’])

rule_12 = ctrl.Rule(opinion[’high’] & transmission[’medium’] & status

[’high’] & sharing_importance[’low’], sociability[’medium’])

rule_13 = ctrl.Rule(opinion[’high’] & transmission[’medium’] & status

[’medium’] & sharing_importance[’high’], sociability[’high’])

rule_14 = ctrl.Rule(opinion[’high’] & transmission[’medium’] & status

[’medium’] & sharing_importance[’medium’], sociability[’medium’])

rule_15 = ctrl.Rule(opinion[’high’] & transmission[’medium’] & status

[’medium’] & sharing_importance[’low’], sociability[’low’])

rule_16 = ctrl.Rule(opinion[’high’] & transmission[’medium’] & status

[’low’] & sharing_importance[’high’], sociability[’high’])

rule_17 = ctrl.Rule(opinion[’high’] & transmission[’medium’] & status

[’low’] & sharing_importance[’medium’], sociability[’medium’])

rule_18 = ctrl.Rule(opinion[’high’] & transmission[’medium’] & status

[’low’] & sharing_importance[’low’], sociability[’low’])

rule_19 = ctrl.Rule(opinion[’high’] & transmission[’low’] & status[’

high’] & sharing_importance[’high’], sociability[’high’])

rule_20 = ctrl.Rule(opinion[’high’] & transmission[’low’] & status[’

high’] & sharing_importance[’medium’], sociability[’medium’])

rule_21 = ctrl.Rule(opinion[’high’] & transmission[’low’] & status[’

high’] & sharing_importance[’low’], sociability[’low’])

rule_22 = ctrl.Rule(opinion[’high’] & transmission[’low’] & status[’

medium’] & sharing_importance[’high’], sociability[’high’])

rule_23 = ctrl.Rule(opinion[’high’] & transmission[’low’] & status[’

medium’] & sharing_importance[’medium’], sociability[’low’])

rule_24 = ctrl.Rule(opinion[’high’] & transmission[’low’] & status[’

medium’] & sharing_importance[’low’], sociability[’very low’])

rule_25 = ctrl.Rule(opinion[’high’] & transmission[’low’] & status[’

low’] & sharing_importance[’high’], sociability[’medium’])

rule_26 = ctrl.Rule(opinion[’high’] & transmission[’low’] & status[’

low’] & sharing_importance[’medium’], sociability[’low’])

rule_27 = ctrl.Rule(opinion[’high’] & transmission[’low’] & status[’

low’] & sharing_importance[’low’], sociability[’very low’])

rule_28 = ctrl.Rule(opinion[’medium’] & transmission[’high’] & status

[’high’] & sharing_importance[’high’], sociability[’very high’])

rule_29 = ctrl.Rule(opinion[’medium’] & transmission[’high’] & status

[’high’] & sharing_importance[’medium’], sociability[’high’])
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rule_30 = ctrl.Rule(opinion[’medium’] & transmission[’high’] & status

[’high’] & sharing_importance[’low’], sociability[’medium’])

rule_31 = ctrl.Rule(opinion[’medium’] & transmission[’high’] & status

[’medium’] & sharing_importance[’high’], sociability[’very high’])

rule_32 = ctrl.Rule(opinion[’medium’] & transmission[’high’] & status

[’medium’] & sharing_importance[’medium’], sociability[’high’])

rule_33 = ctrl.Rule(opinion[’medium’] & transmission[’high’] & status

[’medium’] & sharing_importance[’low’], sociability[’medium’])

rule_34 = ctrl.Rule(opinion[’medium’] & transmission[’high’] & status

[’low’] & sharing_importance[’high’], sociability[’high’])

rule_35 = ctrl.Rule(opinion[’medium’] & transmission[’high’] & status

[’low’] & sharing_importance[’medium’], sociability[’medium’])

rule_36 = ctrl.Rule(opinion[’medium’] & transmission[’high’] & status

[’low’] & sharing_importance[’low’], sociability[’low’])

rule_37 = ctrl.Rule(opinion[’medium’] & transmission[’medium’] &

status[’high’] & sharing_importance[’high’], sociability[’very

high’])

rule_38 = ctrl.Rule(opinion[’medium’] & transmission[’medium’] &

status[’high’] & sharing_importance[’medium’], sociability[’high’

])

rule_39 = ctrl.Rule(opinion[’medium’] & transmission[’medium’] &

status[’high’] & sharing_importance[’low’], sociability[’low’])

rule_40 = ctrl.Rule(opinion[’medium’] & transmission[’medium’] &

status[’medium’] & sharing_importance[’high’], sociability[’high’

])

rule_41 = ctrl.Rule(opinion[’medium’] & transmission[’medium’] &

status[’medium’] & sharing_importance[’medium’], sociability[’

medium’])

rule_42 = ctrl.Rule(opinion[’medium’] & transmission[’medium’] &

status[’medium’] & sharing_importance[’low’], sociability[’low’])

rule_43 = ctrl.Rule(opinion[’medium’] & transmission[’medium’] &

status[’low’] & sharing_importance[’high’], sociability[’high’])

rule_44 = ctrl.Rule(opinion[’medium’] & transmission[’medium’] &

status[’low’] & sharing_importance[’medium’], sociability[’low’])

rule_45 = ctrl.Rule(opinion[’medium’] & transmission[’medium’] &

status[’low’] & sharing_importance[’low’], sociability[’very low’

])

rule_46 = ctrl.Rule(opinion[’medium’] & transmission[’low’] & status[

’high’] & sharing_importance[’high’], sociability[’high’])

rule_47 = ctrl.Rule(opinion[’medium’] & transmission[’low’] & status[

’high’] & sharing_importance[’medium’], sociability[’medium’])

rule_48 = ctrl.Rule(opinion[’medium’] & transmission[’low’] & status[

’high’] & sharing_importance[’low’], sociability[’low’])

rule_49 = ctrl.Rule(opinion[’medium’] & transmission[’low’] & status[

’medium’] & sharing_importance[’high’], sociability[’medium’])
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rule_50 = ctrl.Rule(opinion[’medium’] & transmission[’low’] & status[

’medium’] & sharing_importance[’medium’], sociability[’low’])

rule_51 = ctrl.Rule(opinion[’medium’] & transmission[’low’] & status[

’medium’] & sharing_importance[’low’], sociability[’very low’])

rule_52 = ctrl.Rule(opinion[’medium’] & transmission[’low’] & status[

’low’] & sharing_importance[’high’], sociability[’medium’])

rule_53 = ctrl.Rule(opinion[’medium’] & transmission[’low’] & status[

’low’] & sharing_importance[’medium’], sociability[’low’])

rule_54 = ctrl.Rule(opinion[’medium’] & transmission[’low’] & status[

’low’] & sharing_importance[’low’], sociability[’very low’])

rule_55 = ctrl.Rule(opinion[’low’] & transmission[’high’] & status[’

high’] & sharing_importance[’high’], sociability[’very high’])

rule_56 = ctrl.Rule(opinion[’low’] & transmission[’high’] & status[’

high’] & sharing_importance[’medium’], sociability[’high’])

rule_57 = ctrl.Rule(opinion[’low’] & transmission[’high’] & status[’

high’] & sharing_importance[’low’], sociability[’medium’])

rule_58 = ctrl.Rule(opinion[’low’] & transmission[’high’] & status[’

medium’] & sharing_importance[’high’], sociability[’very high’])

rule_59 = ctrl.Rule(opinion[’low’] & transmission[’high’] & status[’

medium’] & sharing_importance[’medium’], sociability[’high’])

rule_60 = ctrl.Rule(opinion[’low’] & transmission[’high’] & status[’

medium’] & sharing_importance[’low’], sociability[’low’])

rule_61 = ctrl.Rule(opinion[’low’] & transmission[’high’] & status[’

low’] & sharing_importance[’high’], sociability[’high’])

rule_62 = ctrl.Rule(opinion[’low’] & transmission[’high’] & status[’

low’] & sharing_importance[’medium’], sociability[’medium’])

rule_63 = ctrl.Rule(opinion[’low’] & transmission[’high’] & status[’

low’] & sharing_importance[’low’], sociability[’low’])

rule_64 = ctrl.Rule(opinion[’low’] & transmission[’medium’] & status[

’high’] & sharing_importance[’high’], sociability[’high’])

rule_65 = ctrl.Rule(opinion[’low’] & transmission[’medium’] & status[

’high’] & sharing_importance[’medium’], sociability[’medium’])

rule_66 = ctrl.Rule(opinion[’low’] & transmission[’medium’] & status[

’high’] & sharing_importance[’low’], sociability[’low’])

rule_67 = ctrl.Rule(opinion[’low’] & transmission[’medium’] & status[

’medium’] & sharing_importance[’high’], sociability[’high’])

rule_68 = ctrl.Rule(opinion[’low’] & transmission[’medium’] & status[

’medium’] & sharing_importance[’medium’], sociability[’medium’])

rule_69 = ctrl.Rule(opinion[’low’] & transmission[’medium’] & status[

’medium’] & sharing_importance[’low’], sociability[’low’])

rule_70 = ctrl.Rule(opinion[’low’] & transmission[’medium’] & status[

’low’] & sharing_importance[’high’], sociability[’medium’])

rule_71 = ctrl.Rule(opinion[’low’] & transmission[’medium’] & status[

’low’] & sharing_importance[’medium’], sociability[’low’])
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rule_72 = ctrl.Rule(opinion[’low’] & transmission[’medium’] & status[

’low’] & sharing_importance[’low’], sociability[’very low’])

rule_73 = ctrl.Rule(opinion[’low’] & transmission[’low’] & status[’

high’] & sharing_importance[’high’], sociability[’high’])

rule_74 = ctrl.Rule(opinion[’low’] & transmission[’low’] & status[’

high’] & sharing_importance[’medium’], sociability[’low’])

rule_75 = ctrl.Rule(opinion[’low’] & transmission[’low’] & status[’

high’] & sharing_importance[’low’], sociability[’very low’])

rule_76 = ctrl.Rule(opinion[’low’] & transmission[’low’] & status[’

medium’] & sharing_importance[’high’], sociability[’medium’])

rule_77 = ctrl.Rule(opinion[’low’] & transmission[’low’] & status[’

medium’] & sharing_importance[’medium’], sociability[’low’])

rule_78 = ctrl.Rule(opinion[’low’] & transmission[’low’] & status[’

medium’] & sharing_importance[’low’], sociability[’very low’])

rule_79 = ctrl.Rule(opinion[’low’] & transmission[’low’] & status[’

low’] & sharing_importance[’high’], sociability[’low’])

rule_80 = ctrl.Rule(opinion[’low’] & transmission[’low’] & status[’

low’] & sharing_importance[’medium’], sociability[’very low’])

rule_81 = ctrl.Rule(opinion[’low’] & transmission[’low’] & status[’

low’] & sharing_importance[’low’], sociability[’very low’])

# Create the control system

sociability_ctrl = ctrl.ControlSystem([rule_01, rule_02, rule_03,

rule_04, rule_05, rule_06, rule_07, rule_08, rule_09,

rule_10, rule_11, rule_12,

rule_13, rule_14, rule_15,

rule_16, rule_17, rule_18,

rule_19, rule_20, rule_21,

rule_22, rule_23, rule_24,

rule_25, rule_26, rule_27,

rule_28, rule_29, rule_30,

rule_31, rule_32, rule_33,

rule_34, rule_35, rule_36,

rule_37, rule_38, rule_39,

rule_40, rule_41, rule_42,

rule_43, rule_44, rule_45,

rule_46, rule_47, rule_48,

rule_49, rule_50, rule_51,

rule_52, rule_53, rule_54,

rule_55, rule_56, rule_57,

rule_58, rule_59, rule_60,

rule_61, rule_62, rule_63,
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rule_64, rule_65, rule_66,

rule_67, rule_68, rule_69,

rule_70, rule_71, rule_72,

rule_73, rule_74, rule_75,

rule_76, rule_77, rule_78,

rule_79, rule_80, rule_81])

# Create the simulation

sociability_control = ctrl.ControlSystemSimulation(sociability_ctrl)

# Generate Brazilian experts inputs

opinion = [6, 5, 9, 10, 7, 7, 7, 2, 0, 4, 2, 10, 8, 6]

transmission = [4, 5, 8, 8, 10, 2, 10, 7, 2, 6, 4, 7, 7, 3]

status = [6, 6, 8, 9, 9, 8, 8, 4, 0, 6, 7, 10 , 8, 8]

sharing_importance = [6, 8, 5, 10 ,9, 6, 10, 10, 0, 6, 7, 10, 7, 4]

inputs = list(zip(opinion, transmission , status, sharing_importance))

# Generate German experts inputs

# opinion = [4, 6, 1, 4, 3, 3, 4]

# transmission = [2, 4, 5, 8, 1, 2, 3]

# status = [4, 1, 2, 7, 1, 7, 2]

# sharing_importance = [4, 2, 4, 9, 0, 2, 6]

# random_inputs = list(zip(opinion, transmission , status,

sharing_importance))

# Initialize a list to store the resulting sociability values

resulting_sociabilities = []

# Calculate recommended speeds for the random scenarios

for i, (opinion_val , transmission_val , status_val , sharing_val) in

enumerate(inputs, 1):

sociability_control.input[’opinion’] = opinion_val

sociability_control.input[’transmission’] = transmission_val

sociability_control.input[’status’] = status_val

sociability_control.input[’sharing_importance’] = sharing_val

sociability_control.compute()

resulting_sociability = sociability_control.output[’sociability’]

resulting_sociabilities.append(resulting_sociability)

# Determine the sociability category based on the membership

functions

sociability_category = fuzz.interp_membership(sociability.

universe , sociability[’very low’].mf, resulting_sociability),

\
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fuzz.interp_membership(sociability.universe , sociability[’low

’].mf, resulting_sociability), \

fuzz.interp_membership(sociability.universe , sociability[’

medium’].mf, resulting_sociability), \

fuzz.interp_membership(sociability.universe , sociability[’

high’].mf, resulting_sociability), \

fuzz.interp_membership(sociability.universe , sociability[’

very high’].mf, resulting_sociability)

categories = ["very low", "low", "medium", "high", "very high"]

category = categories[sociability_category.index(max(

sociability_category))]

print(f"Participant {i}: opinion={opinion_val:.2f}, transmission

={transmission_val:.2f}, "

f"status={status_val:.2f}, sharing_importance={sharing_val

:.2f}, Sociability={resulting_sociability:.2f},

Sociability Category={category}")

# Calculate and print the average of results

average_sociability = np.mean(resulting_sociabilities)

print(f"Average Sociability: {average_sociability:.2f}")
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C Model Evaluation Metrics

In this appendix, the metrics utilized to assess the performance and accuracy of the model
predictions are presented. The evaluation metrics considered for the model include the
mean ( 𝑦̄), sample standard deviation (𝜎s), coefficient of determination (𝑅2), root mean
square error (𝑅𝑀𝑆𝐸), and mean absolute error (𝑀𝐴𝐸) [217], [218].

𝑦̄ =
1
𝑛
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Where:

• 𝑦i is the actual 𝑖th value;

• 𝑦’
i is the predicted 𝑖th value;

• 𝑅2 is the coefficient of determination or R-squared;
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