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Abstract: This scientific article outlines the Artificial Intelligence Integrated Energy Education
Framework (AI-IEEF), a transformative model designed to revolutionize energy education and
management practices. The framework is organized into five distinct layers: Organizational (Al-
enhanced administration systems), Financial (dynamic Al financial models), Technology (advanced
simulation and modeling), Methodology (Al in curriculum development and personalized
learning), and Social (Al for community engagement and impact). An expert panel used the fuzzy
Delphi method to achieve consensus on twenty key factors within these layers, establishing a solid
foundation for analysis. Following this, the Fuzzy Analytic Hierarchy Process (AHP) was employed
to calculate precise weights for each layer and their respective factors, providing a quantitative
assessment of their relative importance. These weight calculations are crucial, as they guide resource
allocation and strategic decision-making to ensure the framework is optimized for the evolving
needs of energy management. Furthermore, the article introduces five tailored variants of the Al-
IEEF, each addressing specific aspects of energy education and offering a comprehensive approach
to navigating the challenges in the field. The five variants include the Smart Campus Energy
Education, Global Energy Policy Analysis, Renewable Energy Research and Development, Energy
Workforce Development, and Community Engagement and Outreach variants. Each provides a
distinct approach to energy education, from transforming campuses into living labs for hands-on
learning to fostering international collaborations that explore the global implications of energy
policy. These variants emphasize practical skills, policy analysis, and community-focused solutions,
ensuring that students are well-prepared to contribute effectively to the energy sector.

Keywords: energy; education; artificial intelligence; sustainable development; Delphi; AHP

1. Introduction

The accelerating effects of climate change, coupled with a growing demand for sustainable
energy management, present an unprecedented challenge for present and future generations [1]. The
impacts of environmental degradation threaten global ecosystems, economies, and the very fabric of
society [2]. It is imperative that we equip today's youth with the knowledge, skills, and tools to not
only mitigate climate change but also transition towards a sustainable energy future [3]. Education
stands as a fundamental pillar in creating a generation capable of addressing these complex issues
[4].

The continuous growth of populations, urbanization, and industrialization has significantly
escalated energy consumption, exerting pressure on finite fossil fuel resources and exacerbating
carbon dioxide emissions, with consequent adverse climatic impacts [5]. In response, the emphasis
has shifted towards renewable energy sources such as solar, wind, hydro, and geothermal, which
present cleaner and more sustainable options [6]. Additionally, enhancing energy efficiency across
diverse sectors is critical for minimizing energy waste and mitigating greenhouse gas emissions [7].
The adoption of energy-efficient technologies, implementation of energy management systems,
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education and promotion of behavioral changes are vital measures in facilitating sustainable energy
consumption practices [8].

Amidst this climate and energy landscape, Artificial intelligence (AI) has emerged as a
transformative technology with far-reaching implications [9]. Its capabilities in data processing,
pattern recognition, and predictive modeling make it an invaluable tool for addressing the
complexities of climate change and energy management [10]. Al-powered solutions can optimize
renewable energy generation, forecast energy demand, enhance grid efficiency, and drive innovation
in energy storage [11]. Moreover, Al can play a crucial role in climate science by analyzing vast
datasets to improve climate models, identify environmental risks, and develop adaptation strategies
[12].

Crucially, Al holds immense potential to revolutionize education, especially in the domains of
climate and energy [13]. Al can personalize learning experiences, provide interactive simulations of
complex systems, facilitate data-driven insights, and foster student engagement in climate action
projects [14]. To fully realize this potential, a holistic approach to integrating Al into the educational
landscape is necessary [15].

A comprehensive model for Al education focused on climate action must encompass several
crucial dimensions [16]. This includes the organizational structure for curriculum development and
teacher training, financial resources for acquiring Al tools and infrastructure, technical capabilities to
handle climate data and Al models, pedagogical strategies tailored to Al-enhanced learning, and
social considerations to ensure accessibility and address potential biases [17]. By carefully
orchestrating these elements, we can create a robust educational framework that leverages the power
of Al to equip future generations with the skills and knowledge to navigate the challenges of climate
change and drive the transition to a sustainable energy future [18].

The objective of this article is to delve into the synergy between artificial intelligence (AI) and
education systems in the energy context, elucidating the transformative potential of Al in reshaping
how we generate, distribute, and utilize energy resources [19]. Through the analysis of extensive
datasets, Al algorithms facilitate the optimization of energy systems and enable intelligent decision-
making processes [20]. This paper aims to showcase diverse ideas and applications where Al
technologies can be harnessed to tackle energy-related challenges, paving the way for enhanced
energy efficiency, waste reduction, and the promotion of sustainable practices [21]. Ultimately, the
integration of Al into education systems holds promise for fostering a cleaner and more sustainable
energy future [22].

2. The Evolution of Education Systems in Context of Energy

In the early 20th century, higher education institutions witnessed the burgeoning rise of
specialized engineering disciplines, marking a pivotal era in the development of energy-related
education [23]. Institutions began offering programs in mechanical, electrical, and chemical
engineering, laying the foundational groundwork for the study of energy systems. These programs
focused primarily on traditional energy sources such as coal, oil, and natural gas, reflecting the
industrialization trends of the time and the pressing need for skilled professionals to drive
technological advancements in energy production and utilization [24].

The mid-20th century heralded the establishment of energy studies programs within
universities, spurred by mounting concerns surrounding energy security and environmental
degradation. These interdisciplinary programs sought to provide a holistic education on energy-
related topics, bridging the gap between engineering, economics, environmental science, and policy
studies [25]. By integrating diverse disciplinary perspectives, energy studies programs aimed to
equip students with the knowledge and skills necessary to address complex energy challenges,
including resource depletion, pollution, and geopolitical tensions [26].

In the latter part of the 20th century, a noticeable transition towards renewable energy sources
and sustainable energy practices began to take shape, prompting a notable evolution in the approach
of higher education towards energy studies [27]. In response to the pressing need for transitioning
towards cleaner and more sustainable energy systems, higher education institutions took significant
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steps to broaden their energy studies programs. These expansions included incorporating
coursework and research focused on renewable energy technologies, energy efficiency measures, and
environmental sustainability practices [28].

In the early 21st century, higher education institutions underwent a significant transformation
marked by a deep integration of sustainability principles across various academic disciplines,
particularly within the field of energy studies. This shift was driven by a growing acknowledgment
of the intricate relationships between energy systems, environmental sustainability, socioeconomic
factors, and policy considerations [29]. In response, universities began to establish interdisciplinary
programs and courses aimed at exploring the interconnectedness of energy, environment, economics,
and society. These initiatives aimed to foster a comprehensive understanding of the complex
challenges and opportunities inherent in contemporary energy systems, thereby equipping students
with the skills needed to navigate sustainability issues in energy discourse effectively [30].

During the mid-2000s, as modern energy systems became increasingly complex, specialized
programs in energy systems engineering emerged within the academic sphere [31]. These educational
initiatives were developed to address the growing intricacies of energy infrastructure and
management, advocating for a systems-oriented approach to energy planning, design, and
governance. Drawing from diverse disciplines such as engineering, systems analysis, and policy
development, energy systems engineering programs sought to instill in students a nuanced
comprehension of the interconnected nature of energy systems and the imperatives of sustainable
energy transition [32].

Early 20th Century Mid 20th Century Late 20th Century Mid 2000s Late 2000s 2015 Onwards

1900-1920 1950-1970 1980-1999 2005-2010 2005-2010 2015-2020

Establishment of Shift towards Specialization in Surge in renewable Integration of Al in
energy studies renewable energy energy systems energy research energy education
programs sources engineering

Figure 1. Evolution of Energy Studies in Higher Education. (Source: own elaboration).

The late 2000s witnessed a surge in research and innovation focused on renewable energy
technologies, driven by mounting concerns over climate change mitigation and energy security [33].
Universities played a pivotal role in fostering this era of heightened activity by establishing dedicated
research centers and institutes focused on advancing renewable energy technologies [34]. Through
collaborative efforts involving academia, industry, and government stakeholders, these institutions
propelled the boundaries of renewable energy research, contributing to the trajectory towards a more
sustainable and resilient energy future [35].

Starting from 2015, the trajectory of energy education within higher education institutions
experienced further enhancement through the integration of artificial intelligence (AI) as a
transformative technology [36]. Al algorithms, equipped with sophisticated capabilities in data
analytics, machine learning, and optimization, emerged as invaluable tools for enriching the efficacy
and comprehensiveness of energy education [37]. Al-driven platforms facilitated the synthesis and
analysis of extensive and disparate datasets related to energy systems, enabling a holistic
understanding of energy dynamics and informing evidence-based decision-making processes. By
providing predictive analytics capabilities, AI empowered stakeholders to formulate proactive
strategies for sustainable energy transition, thereby reshaping the landscape of energy scholarship in
the 21st century and beyond [38].
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The latest trends in higher education's approach to energy studies continue to evolve, reflecting
both technological advancements and pressing global needs. Key trends include:

1. Deepening Integration of Artificial Intelligence (Al): Al's role in energy education is expanding
beyond data analytics to include the automation of complex energy systems management and
the simulation of energy markets and scenarios. These advancements are helping to prepare
students for cutting-edge roles in energy policy, management, and technology.

2. Increased Focus on Climate Change and Resilience: As concerns about climate change intensify,
there is a growing emphasis on integrating climate resilience into energy curricula. This includes
studying the impacts of climate variability on energy production and distribution, and designing
energy systems that can withstand and adapt to climate-related disruptions.

3. Expansion of Interdisciplinary Studies: Universities are increasingly promoting cross-
disciplinary studies that combine energy education with fields such as urban planning, public
health, and international relations. This trend underscores the recognition that energy solutions
are deeply interconnected with other societal challenges.

4. Virtual and Augmented Reality Tools: The use of VR and AR in education is on the rise,
providing immersive learning experiences that help students understand complex energy
systems and infrastructures in a virtual environment. This technology is particularly useful in
simulating the effects of energy decisions in a controlled, risk-free setting.

5. Sustainability and Circular Economy Concepts: There is a notable shift towards incorporating
principles of sustainability and the circular economy into energy programs. This reflects a
broader move towards sustainability in academia and includes topics like waste-to-energy
technologies, lifecycle assessment, and the economic impacts of recycling energy resources.

6. Global and Local Energy Policy Studies: As energy issues become more global due to the
interconnectedness of markets and environmental impacts, educational programs are
increasingly focusing on both global energy policy and localized, community-based energy
solutions. This dual focus prepares students to think globally while acting locally.

3. Al-Integrated Energy Education Framework(AI-IEEF)

The "Al-Integrated Energy Education Framework" represents a pioneering approach to
reshaping higher education in the energy sector. This comprehensive model systematically embeds
artificial intelligence across multiple layers of the educational structure, including organizational,
financial, technological, methodological, and social aspects. By harnessing the power of Al,
institutions are equipped to streamline operations, optimize financial resources, enhance educational
technologies, tailor learning experiences, and amplify community impact. This framework is
designed to respond dynamically to the evolving landscape of energy challenges and opportunities,
preparing students not just to participate in but to drive forward the transition towards sustainable
energy systems.

At the heart of this framework lies the commitment to integrating cutting-edge Al technologies
to create a responsive and efficient educational environment. Al-driven administrative systems
optimize campus energy use and predict infrastructural needs, while Al-enhanced financial models
ensure real-time adaptability in funding for critical research and sustainability projects. Advanced
simulations and Al-facilitated curriculum development provide students with a deeply personalized
and immersive learning experience. Moreover, Al's role extends into the community, enhancing the
engagement and effectiveness of outreach programs and providing valuable insights into the social
impacts of energy education. This model not only fosters academic excellence and innovation but
also nurtures a generation of professionals capable of making informed, impactful decisions in the
global energy sector.

The Al-Integrated Energy Education Framework incorporates artificial intelligence across
organizational, financial, technological, methodological, and social layers:

1. Organizational Layer: AI-Enhanced Administration Systems - Develop Al-driven platforms to
streamline university operations, focusing on energy management and sustainability. These
systems could use predictive analytics to optimize energy consumption across campuses,
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anticipate maintenance needs for energy systems, and manage resources more efficiently.
Additionally, Al can assist in the strategic planning of new programs and partnerships by
analyzing trends in energy education and industry demands.

2. Financial Layer: Dynamic Al Financial Models - Implement Al-based financial tools that enable
real-time budgeting and financial planning with a focus on sustainability projects and energy
research funding. These models could predict financial needs for energy-focused academic
programs and research initiatives, adjusting in real-time based on shifting priorities and
available resources. Al could also be used to identify potential funding opportunities and
streamline grant application processes for projects related to renewable energy and
sustainability.

3. Technology Layer: Advanced Simulation and Modelling - Integrate cutting-edge Al tools to
enhance the learning and research environment by using advanced simulations and models of
energy systems. This includes the creation of virtual labs where students can engage with
complex energy scenarios using Al to simulate outcomes of various interventions in virtual
energy markets, renewable energy integration, and smart grid management. Such tools not only
enhance learning but also prepare students for real-world challenges.

4.  Methodology Layer: Al in Curriculum Development and Personalized Learning - Utilize Al
to tailor educational content and delivery to individual student needs, optimizing learning
pathways in energy studies. Al can analyze student performance and adapt curriculum in real-
time, providing personalized resources, adjusting difficulty levels, and suggesting projects that
align with both personal interest and industry needs. Additionally, Al can facilitate the inclusion
of global energy case studies, keeping the curriculum up-to-date with the latest trends and
technologies.

5. Social Layer: Al for Community Engagement and Impact - Leverage Al to analyze and improve
the impact of community outreach programs related to energy education. Al tools can help in
designing community-based energy projects that align with local needs and capabilities,
enhancing the effectiveness of educational outreach. Furthermore, Al can be used to track the
social impact of graduates in the energy sector, providing feedback to educational institutions
on how well their programs are translating into real-world social and environmental benefits.

By integrating Al across these five layers, higher education institutions can create a responsive,
efficient, and impactful model that not only advances energy education but also contributes
significantly to sustainable energy solutions.

Al-Integrated Energy Education Framework

Organizational Layer: Al-Enhanced Administration Systems

Financial Layer: Dynamic Al Financial Models

Technology Layer: Advanced Simulation and Modelling

Methodology Layer: Al in Curriculum Development and Personalized Learning

Social Layer: Al for Community Engagement and Impact

Figure 2. Five layers of Al-Integrated Energy Education Framework. (Source: own elaboration.).

The Al-Integrated Energy Education Framework incorporates a multi-layered approach, where
each layer is characterized by distinct key factors that collectively enhance the effectiveness and
relevance of energy education. These layers—organizational, financial, technology, methodology,
and social—each play a crucial role in the overall structure of the framework, contributing to its
robustness and adaptability. The key factors within each layer are specifically designed to address
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the unique challenges and opportunities inherent in integrating artificial intelligence into educational
settings. By defining and focusing on these factors, the framework aims to optimize various aspects
of higher education from administration to curriculum development, ensuring that both the
immediate educational needs and the broader community impacts are met. This structured approach
facilitates a comprehensive evaluation and continuous improvement of the framework, making it a
dynamic tool for advancing energy education in the age of Al

Here are Al-Integrated Energy Education Framework key factors for each layer:

1. Organizational Layer: AI-Enhanced Administration Systems

e  O1 - Energy Management Systems: Utilizing Al to monitor and optimize energy consumption
across campus facilities.

e 02 - Maintenance Prediction: Employing predictive analytics to forecast and schedule
maintenance for energy-related infrastructure, reducing downtime and costs.

e  0O3-Resource Efficiency: Implementing Al-driven solutions to enhance resource allocation and
efficiency, ensuring optimal use of both physical and human resources.

e 04 - Strategic Planning Assistance: Al aids in the analysis of trends within energy education
and the broader industry to inform strategic decisions regarding new programs and
partnerships.

2. Financial Layer: Dynamic Al Financial Models

e  F1-Real-Time Budgeting: Utilizing Al for dynamic financial planning and adjustments in real-
time based on current financial data.

¢  F2-Funding Forecasting: Al tools predict financial requirements for energy-focused academic
programs and initiatives, allowing for proactive budget allocation.

e  F3- Grant Acquisition Support: Streamlining the process of identifying and applying for grants
related to renewable energy and sustainability projects.

e F4 - Resource Allocation Optimization: Al algorithms optimize the distribution of financial
resources to maximize the impact on research and sustainability projects.

3. Technology Layer: Advanced Simulation and Modelling

e T1 - Virtual Energy Labs: Creation of Al-powered virtual labs that simulate complex energy
scenarios and interventions in energy markets.

e T2-Renewable Energy Integration Simulations: Using Al to model and predict the outcomes
of integrating renewable energy sources into existing grids.

e T3 - Smart Grid Management Tools: Advanced Al applications to manage and optimize smart
grid operations, enhancing grid stability and efficiency.

e T4 - Scenario Analysis: Al facilitates the exploration of various energy scenarios, helping
students understand potential outcomes and implications.

4. Methodology Layer: Al in Curriculum Development and Personalized Learning

e M1l - Adaptive Learning Algorithms: Al customizes learning experiences according to
individual student needs and performance metrics.

e M2 - Curriculum Real-Time Updating: Utilizing Al to keep educational content relevant with
the latest energy studies and technological advancements.

e M3 - Interactive Learning Projects: Al suggests and adjusts projects and practical exercises that
align with both student interests and industry requirements.

e M4 - Global Case Study Inclusion: Incorporation of global energy case studies into the
curriculum, enabled by Al analysis and selection.

5. Social Layer: AI for Community Engagement and Impact

e S1- Community Project Design: Al assists in designing and implementing community-based
energy projects tailored to local needs.

e 52 -Impact Analysis: Analyzing the social and environmental impact of educational programs
and community projects through Al metrics.

e 53 - Graduate Tracking: Using Al to follow the careers of graduates in the energy sector to
evaluate the real-world impacts of educational training.
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e 54 - Outreach Program Optimization: Al improves the effectiveness and reach of educational
outreach programs, ensuring they meet community expectations and needs.

As we explore the integration of artificial intelligence into energy education, we are met with
both significant opportunities and potential pitfalls. The "Al-Integrated Energy Education
Framework" represents a shift towards utilizing Al to dramatically improve the efficiency and
customization of learning environments, potentially transforming how educational content is
delivered and assimilated. However, the adoption of such technology also raises complex questions
regarding the implications of technological advancement, including ethical, economic, and
educational considerations. Analyzing the advantages and disadvantages of this framework allows
for a comprehensive discussion of Al's impact on academia and society. Such analysis is crucial for
responsibly guiding our technological initiatives, ensuring that we advance with a clear
understanding of the responsibilities and consequences associated with these innovations.

Here are key advantages of proposed framework:

e Enhanced Efficiency and Resource Management: Al's capability to analyze and optimize
energy usage and other resources in real-time helps educational institutions reduce operational
costs and improve sustainability.

e  Personalized Learning Experiences: Al enables the tailoring of educational content to meet the
individual needs of students, adapting in real-time to their learning pace and preferences, which
can lead to improved educational outcomes and student satisfaction.

e Advanced Research Capabilities: The integration of Al-driven simulations and modeling tools
allows students and researchers to engage with complex energy scenarios, enhancing their
ability to conduct high-level research and develop innovative solutions.

¢ Real-Time Financial Planning: Al-driven financial models can dynamically adjust to the
changing needs of the institution, ensuring that funds are allocated efficiently and effectively,
particularly in supporting cutting-edge energy research and sustainability projects.

¢ Increased Community Engagement and Impact: Al tools can help design community-based
projects that align with local needs and measure the impact of these initiatives, thereby
strengthening the institution’s role in promoting sustainable energy solutions within the
community.

While the Al-Integrated Energy Education Framework shows several benefits, it is important to
consider potential disadvantages as well. Here are some disadvantages that should be taken into
account:

¢ High Implementation Costs: Setting up Al systems and maintaining them requires significant
injtial and ongoing investment, which might be prohibitive for some institutions, especially
those with limited resources.

e Dependency on Technology: Over-reliance on Al could make institutions vulnerable to
technical failures or cyber-attacks, potentially disrupting educational and administrative
operations.

o  Complexity and Skill Gaps: The complexity of Al systems necessitates specialized skills for
operation and management. There could be a steep learning curve for staff and a need for
continuous training to keep up with technological advancements.

e  Privacy and Ethical Concerns: The use of Al in educational settings raises concerns about data
privacy, surveillance, and the ethical use of Al, such as biases in Al algorithms that could affect
student assessment and learning opportunities.

¢ Risk of Inequality: There is a risk that the benefits of Al-enhanced education may not be evenly
distributed, possibly exacerbating existing disparities between institutions that can afford to
implement such technologies and those that cannot.

Balancing these advantages and disadvantages will be crucial for institutions considering the
adoption of the Al-Integrated Energy Education Framework. Such considerations will ensure that the
potential benefits can be harnessed effectively while mitigating the associated risks.
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5. Research Design and Methodology

This study employs a detailed methodology to assess the Al-Integrated Energy Education
Framework using sophisticated fuzzy decision-making techniques. The evaluation process
incorporates two main methods: the Fuzzy Delphi Method [39] and the Fuzzy Analytic Hierarchy
Process (FAHP) [40]. Initially, the Fuzzy Delphi Method is utilized to gather and synthesize expert
opinions and collective intelligence regarding each layer and key factor of the framework. This step
aims to collect a wide range of perspectives to achieve a thorough understanding of the framework's
effectiveness. Following this, the Fuzzy Analytic Hierarchy Process is applied to determine the
relative importance and assign weights to each component of the framework. These weights are
crucial for effective prioritization and resource allocation, thereby directly influencing the
framework's future development and successful deployment [41]. The findings highlight the essential
role of these weights in guiding the direction of future initiatives, ensuring they are well-aligned with
the strategic goals of the Al-Integrated Energy Education Framework for efficient and sustainable
management of energy education.

The research model outlines a structured four-step evaluation process for assessing the
effectiveness of the framework:

1. Literature review.

2. The evaluation of AI-IEEF model by fuzzy Delphi method.

3. Weights for evaluation are determined by the fuzzy AHP method.

4.  The interpretation of results and suggestions for further development are presented.

The initial step at this stage involves applying the fuzzy Delphi method to validate the layers
and main factors proposed in the Al-Integrated Energy Education Framework (AI-IEEF) model. The
Delphi method is characterized by four fundamental elements: independence of expert opinions,
anonymity of judgments, a multi-stage nature of proceedings, and a collective aim to synthesize and
agree on participant opinions. In relevant literature, the Delphi method is described as a technique
for structuring group communication processes, designed to enhance the effectiveness of a
community of independent individuals who collectively address a complex issue. The Delphi
approach is classified among research methods in the realm of creative thinking and is defined as a
multi-stage evaluation technique that relies on selective analysis of collected empirical data. Given
that the traditional Delphi method has certain drawbacks, primarily the lengthy duration of the
procedure and associated high research costs, modifications such as the fuzzy Delphi method are
frequently utilized in scientific research [42].

For purpose of the research, a panel of 11 experts, comprising 3 experts specializing in artificial
intelligence (Al), 4 experts with expertise in education systems, and 4 experts in sustainable
development and energy management, was surveyed to identify and prioritize the criteria and sub-
criteria for evaluation. The survey, carried out in February 2024, provided key insights from experts
that significantly influenced the direction of the research.

The panel of experts was divided into the following stages:

Evaluation of proposed layers.

Evaluation of main factors for each layer.

Fuzzification of the obtained values using triangular fuzzy numbers.
Data aggregation.

Data defuzzification.

Establishing an acceptance threshold.

Acceptance of layers and factors.

N0 W=

Following the adoption of the triangular fuzzy spectrum, experts' linguistic expressions
(opinions) were gathered and converted into fuzzy values, as shown in Table 1. In the second step,
these expert opinions were consolidated using formula 1: the lower fuzzy number 1 (min) indicates
the minimum possible value for each layer (or factor) as assessed by the experts, while the upper
fuzzy number u (max) denotes the maximum possible value for each layer (or factor). The geometric
mean (middle fuzzy number m) is used to represent the most probable value of each layer and factor.
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Table 1. Triangular fuzzy number of seven-point Likert scale.

Extremely Very . Merely Very Extremely
. . Unimportant Important .
unimportant unimportant important important important
(0;0;0,1) (0;0,1,0,3) (0,1,0,3,0,5)  (0,3;0,5;0,75) (0,5;,0,75,0,9) (0,75,0,9;1)  (0,9;,1;1)
Source: own elaboration.
, 1
Fagr = (min{Z}, ATy fm)™, max ) M

In order to establish the layer and factor acceptance threshold, the aggregated values were
defuzzied with Centre of Area method according to formula 2.

coA = &M @)
3

The last point at this stage, was to establish the acceptance threshold 5=0,6, to filter and select
the appropriate layer (5 of 5 were accepted, Table 2) and 20 of 20 factors were accepted accordingly.

Table 2. Fuzzification and data aggregation for 5 layers of AI-IEEF.

Layer Expert 1 Expert 11 1 m u CoA Result
(0] 09;1;1 . 0,9;1;1 0.75 0.94 1.00 0.90 Accepted
F 0.75;0,9;1 . 0,9;1;1 0.50 0.90 1.00 0.81 Accepted
T 0,9;1;1 0,9;1;1 0.75 0.82 1.00 0.90 Accepted
M 09;1;1 . 0,9;1;1 0.50 0.92 1.00 0.90 Accepted
S 0.5;0.75;0.9 0,75;0,9;1 0.50 0.82 1.00 0.77 Accepted

Source: own elaboration.

A graphical representation of the AI-IEEF model is shown in Figure 3, along with all 20 key
factors for each layer.

KN Il &N IN N

L 01 LRl LT L M1 L st
il 02 | d F2 | u T2 | U M2 | u s2 ‘
L 03 L3 LT3 SEVE! L s3
L 04 L F4 L T4 L M4 LS4

Figure 1. Five layers of AI-IEEF model with main factors. Source: own elaboration

The next phase of this research aims to determine the weights for the specified layers and factors
by employing the Fuzzy Analytic Hierarchy Process (FAHP). The Analytic Hierarchy Process (AHP)
is a well-established multi-criteria decision-making technique used to address complex issues in
various fields. It operates on the principle of breaking down a decision problem into a hierarchical
structure and then choosing the best solution based on the defined criteria and sub-criteria (layers
and factors). However, a significant limitation of the AHP method is its inability to handle the
uncertainties or vaguenesses typical in group decision-making processes. To overcome these
challenges, the integration of fuzzy logic with AHP, referred to as FAHP, has been recommended
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[43]. This combination provides a more accurate tool for assessing the issues and incorporating
ambiguous or incomplete data. A critical step in the FAHP method is the creation of a pairwise
comparison matrix, where standard numerical values are converted into fuzzy numbers using a
specific membership function, often utilizing the triangular membership function as described in
formula 3. This adjustment is consistent with Saaty's fundamental scale, which is detailed in Table 3
and outlines the scale of relative importance.

A= (I,mu) 3)

The main purpose of pairwise comparisons is to evaluate how many times one element
outweighs another in terms of their relative importance. If element A is favored very strongly over
B, the fuzzy number is A= (6,7,8) and the fuzzy reciprocal value is A1 = %,%,%) according to

formula 4.

A = (um D™ “)

Table 3. The fundamental scale [28] for pairwise comparisons (I - lower fuzzy number, m - middle
fuzzy number, u - upper fuzzy number).

Intensity of

] Explanation AHP FAHP (I, m, u)
importance
Equal importance  Element a and b contribute equally to the objective 1 (1,1,1)
Moderate importance Slightly favor element A over B 3 (2,34)
of one over another
Essential importance Strongly favor element A over B 5 (4,5,6)
D trat
.emons rated Element A is favored very strongly over B 7 (6,7,8)
importance
Absolute importance The evi'dence favm"ing element A over B is of the 9 9,9,9)
highest possible order of importance
Intermediate values (1,23)
When compromise is needed. For example, 4 can (3,4,5)
between the two . . 2,4,6,8
. . be used for the intermediate value between 3 and 5 (5,6,7)
adjacent judgments 7,8,9)

Source: [44].

In the subsequent stage of the Fuzzy Analytic Hierarchy Process (FAHP), there is a crucial
verification of the Consistency Ratio (C.R.). For matrices of sizes 3x3 and 4x4, it is expected that the
C.R. should remain within 5% and 8% respectively. For larger matrices, the C.R. should not exceed
10% (C.R. < 10%). If the consistency ratio falls within these limits, the pairwise comparisons are
considered consistent. If, however, the C.R. exceeds 10%, it indicates a need for reassessment of the
criteria to correct inconsistencies in the pairwise comparisons. This phase of the FAHP process also
involves computing a defuzzied, normalized matrix for the selected criteria and determining the
largest eigenvalue (Amax) of the matrix. The originator of the method indicated that pairwise
comparisons are generally more consistent when the Amax value is close to the number of elements
in the matrix (n). Based on this principle, the Consistency Index (C.I) is then calculated using formula

5.
Amax—n
C.1.="e= ®)
and consistency ratio C.R to formula 6,
_ 100%+C.I.
C.R.=—= (6)

where R.I is a random consistency index, generated from several thousand matrices and proposed
by the author in the form of Table 4.
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Table 4. Consistency index for a randomly generated matrix.

n 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
RI. 0 0 052 08 111 125 135 140 145 149 152 154 156 158 1.59
Source: [45].

After verifying that the experts' opinions are consistent, fuzzy geometric mean r; (formula 7) and
fuzzy weights wi for all the criteria were calculated (formula 8).

7o = (L), (s, (T v

W=fQQFHOHD.OF) (8)

Next, fuzzy weights were defuzzied into crisp values wi, with Centre of Area method (formula
9) and then normalized to w;_;,,r, Vvalues, according to formula (10).

= Witmituy)

wp = )

— wi
Wi_norm =

(10)

n
i=1 Wi

In the final phase of the study, the aggregation of results from eleven experts was performed
using the geometric mean, which determined the ultimate weights for the five designated layers (as
detailed in Tables 5-7). Following this, the next step in the Fuzzy Analytic Hierarchy Process (FAHP)
involved implementing the same analytical methodology (described in formulas 3 to 10) to evaluate
all factors within each layer. The research framework encompasses five layers, requiring a
comparative analysis of all factors within each respective group. This comprehensive evaluation was
conducted by a panel of eleven experts, culminating in the creation of a total of 55 tables. Due to the
complexity of the empirical data, this article selectively presents excerpts of these calculations, which
are available in Tables 10 - 12.

Table 5. Fuzzy AHP pairwise comparison of 5 layers and weight calculation by Expert 1 — part 1.

0) F T M S
1,00 1,00 1,00 0,33 0,50 1,00 0,33 0,50 1,00 0,33 0,50 1,00 033 050 1,00
1,00 2,00 3,03 1,00 1,00 1,00 0,33 0,50 1,00 0,33 0,50 1,00 033 050 1,00
1,00 2,00 3,03 1,00 2,00 3,00 1,00 1,00 1,00 1,00 1,00 1,00 033 050 1,00
1,00 2,00 3,03 1,00 2,00 3,03 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00
1,00 2,00 3,03 1,00 2,00 3,03 1,00 2,00 303 1,00 1,00 100 1,00 1,00 1,00

Source: own elaboration.

»w|Z|H|m|0

Table 6. Fuzzy AHP pairwise comparison of 5 layers and weight calculation by Expert 1 — part 2. (1 -
lower fuzzy number, m - middle fuzzy number, u - upper fuzzy number, COA — Centre of area
(defuzzification method).

Geometric mean Fuzzy weight Center of Weight
1 m u 1 m u area
0,41 0,57 1,00 0,06 0,11 0,27 0,14 12,47%
0,52 0,76 1,25 0,07 0,14 0,33 0,18 15,79%
0,80 1,15 1,55 0,11 0,22 0,42 0,25 21,41%
1,00 1,32 1,56 0,14 0,25 0,42 0,27 23,14%
1,00 1,52 1,94 0,14 0,29 0,52 0,31 27,19%
Sum 3,73 5,32 7,31 Sum 1,16 100,00%
Reciprocal 0,14 0,19 0,27

Source: own elaboration.

d0i:10.20944/preprints202405.0690.v1
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Following the validation (FAHP consistency test, CR<10%) and aggregation (using the geometric
mean) of assessments from eleven experts for all pairwise comparisons (both layers and factors), the
results were compiled as follows:

e  Weights for five layers,

e Local weights for twenty factors,

e  Global weights for twenty factors, calculated as the product of the layer weight and the local
factor weight.

Table 7. List of global weights for all 20 factors.

Layer Layer weight Local weight Global weight
12,47% 28,50% 3,55%
o 12,47% 26,40% 3,29%
12,47% 24,90% 3,11%
12,47% 20,20% 2,52%
15,79% 26,40% 4,17%
F 15,79% 30,45% 4,81%
15,79% 24,50% 3,87%
15,79% 18,65% 2,94%
21,41% 26,00% 5,57%
T 21,41% 29,10% 6,23%
21,41% 26,50% 5,67%
21,41% 18,40% 3,94%
23,14% 26,70% 6,18%
M 23,14% 28,10% 6,50%
23,14% 22,60% 5,23%
23,14% 22,60% 5,23%
27,19% 24,80% 6,74%
S 27,19% 29,10% 7,91%
27,19% 21,40% 5,82%
27,19% 24,70% 6,72%
Sum 100,00%

Source: own elaboration.

6. Discussion

The Artificial Intelligence Integrated Energy Education Framework (AI-IEEF) represents a
cutting-edge paradigm in modern energy education, providing a cohesive and adaptive approach to
optimize energy management and enhance grid stability. As the need for efficient and sustainable
energy solutions continues to grow, the adaptability of AI-IEEF becomes increasingly evident.
Acknowledging the diverse contexts in which energy education operates, we present five distinct
versions of AI-IEEF, each designed to meet specific scenarios. These variations underscore the
importance of customizing the AI-IEEF to address the unique challenges and opportunities of
different fields. Here, we explore the significance of these versions and their crucial role in influencing
the future of energy management education:

1. Smart Campus Energy Education Variant — this variant focuses on turning the campus into a
living lab for energy education. By integrating smart grid and predictive maintenance technologies
into everyday campus operations, students can engage directly with cutting-edge solutions and data
analytics for optimized energy management. Key factors:

e  Smart Grid Integration: Incorporating Al-enabled smart grid technologies to simulate and teach
grid management in real time.

e  Energy Efficiency Modeling: Using Al to model and analyze campus energy usage, providing
insights into consumption patterns.
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e  Predictive Maintenance Training: Providing students with hands-on experience in predictive
maintenance of campus energy infrastructure.

¢ Renewable Energy Labs: Offering practical training in renewable energy sources through Al-
managed solar and wind energy labs.

2. Global Energy Policy Analysis Variant — this variant emphasizes the role of policy in energy
education by using Al to analyze, compare, and simulate the effects of global energy policies. It helps
students understand the interconnectedness of international energy markets and the implications of
strategic policy decisions. Key factors:

e  Policy Impact Simulations: Using Al to simulate the effects of different energy policies across
various regions and economies.

e Comparative Analysis Tools: Providing students with tools to compare global policy
frameworks and their effectiveness.

e  Sustainability Metrics: Introducing students to AI models that assess the sustainability impact
of policy decisions.

e  Cross-Border Collaboration: Creating Al platforms that facilitate policy collaboration across
nations.

3. Renewable Energy Research and Development Variant — Designed to foster innovation in
renewable energy, this variant helps students and researchers work collaboratively to develop, test,
and commercialize new technologies. It focuses on optimizing research efforts through advanced
simulations and collaborative platforms. Key factors:

e Advanced Research Simulations: Using Al to model innovative renewable energy technologies.

e Data-Driven Resource Management: Leveraging Al for optimizing research resources and
funding allocations.

e Collaborative Research Networks: Creating Al-based networks to connect research students
with global experts and institutions.

e  Commercialization Support: Incorporating Al tools that facilitate the commercialization of
renewable energy research.

4. Energy Workforce Development Variant — this variant is aimed at equipping students with
the skills needed in the energy sector by closely aligning educational content with workforce
demands. It uses Al to bridge gaps between academic training and professional requirements. Key
factors:

e  Personalized Learning Paths: Utilizing Al to create individualized learning paths for students,
catering to their unique career goals.

e  Skill Gap Analysis: Identifying gaps in student skills and aligning them with industry needs.

e  Industry Partnerships: Building connections with energy companies to ensure the curriculum
meets workforce requirements.

e Soft Skills Training: Integrating Al-driven assessments to enhance critical thinking,
communication, and teamwork skills.

5. Community Engagement and Outreach Variant - this variant aims to involve students and
faculty in developing sustainable energy projects that directly benefit local communities. By using Al
to evaluate and refine these projects, it ensures that students learn the real-world impacts of their
work and engage meaningfully with stakeholders. Key factors:

¢ Localized Energy Projects: Developing Al-based frameworks for community-oriented energy
projects.

e Impact Evaluation: Using Al to measure and improve the social and environmental impact of
community energy projects.

e  Educational Outreach Platforms: Creating online platforms to share knowledge with local
stakeholders.

e  Sustainability Workshops: Conducting workshops to educate community members on
sustainable energy practices.

These variants offer tailored approaches to energy education, equipping students to tackle a
diverse range of challenges in the evolving energy sector. The Smart Campus Energy Education
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Variant turns campuses into living laboratories, where students interact with smart grid technologies
and renewable systems to manage consumption using predictive analytics. The Global Energy Policy
Analysis Variant employs Al simulations for international policy impact analysis, giving students a
strategic understanding of policy-making across global markets. The Renewable Energy Research
and Development Variant leverages collaborative research networks and advanced Al tools to
accelerate innovation and commercialization of emerging energy technologies. The Energy
Workforce Development Variant aligns curriculum content with industry requirements, offering
personalized learning paths to fill skill gaps and improve career readiness. Finally, the Community
Engagement and Outreach Variant promotes sustainable energy projects and measures their social
impact through Al, fostering strong connections between students, institutions, and local
communities. Together, these variants form a comprehensive framework that reflects the diverse
challenges of energy education, preparing students for a technologically advanced, sustainable
future.

7. Conclusions

The research explores the Al-Integrated Energy Education Framework (AI-IEEF), a
groundbreaking model designed to transform energy management practices. Initially, a thorough
evaluation was conducted to identify five distinct layers: Organizational (Al-enhanced
administration systems), Financial (dynamic Al financial models), Technology (advanced simulation
and modeling), Methodology (Al in curriculum development and personalized learning), and Social
(Al for community engagement and impact). These layers, along with twenty key factors, were
carefully selected through consensus by an expert panel, facilitated by the rigorous application of the
fuzzy Delphi method. This foundational phase established a solid basis for subsequent analytical
stages, ensuring that the chosen criteria were both relevant and reflective of the framework's
multifaceted structure.

Following this, the Fuzzy Analytic Hierarchy Process (AHP) was introduced to determine the
relative importance of each identified layer and factor. This analytical technique was used to calculate
precise weights for each of the five layers and their corresponding key factors. By applying the Fuzzy
AHP method, the research aimed to quantitatively evaluate the hierarchical relationships and
contributions of each component. These weight calculations are critical, as they play a pivotal role in
guiding the future development and effective implementation of the AI-IEEF. They inform resource
allocation and strategic decision-making, ensuring the framework is optimized to meet the evolving
needs of energy management. Furthermore, the five variants of the AI-IEEF, each tailored to a specific
aspect of energy education, provide a comprehensive framework for addressing the diverse
challenges and opportunities within the field.
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