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Abstract: This article shows the evaluation of the Integrated Real-time Energy Management Frame-
work (IREMEF), a cutting-edge system designed to develop energy management practices. The
framework leverages real-time data collection, advanced visualization techniques, and fuzzy logic to
optimize energy consumption patterns. To assess the performance and importance of each layer and
main factor within IREMF, we employ a multi-step methodology. First, the Fuzzy Delphi Method
is utilized to harness expert insights and collective intelligence, providing a holistic understanding
of the framework’s functionality. Researchers used a fuzzy analytic hierarchy process (AHP) to
determine the relative importance of each component of the energy system (first stage). This careful
evaluation process helps ensure that resources are allocated effectively and that strategic decisions
are made based on sound data. The findings of the study not only improve our understanding of the
capabilities of the IREMF platform but also pave the way for future developments in energy system
management. The study highlights the critical role of real-time data, visualization, fuzzy logic, and
advanced decision-making methods in shaping a sustainable energy future.
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1. Introduction

The world’s growing population, cities, and factories are using more and more energy.
This is putting a strain on our limited fossil fuel resources and increasing carbon dioxide
emissions, which are causing climate change [1]. To address these challenges, one is
turning to renewable energy sources such as solar, wind, hydro, and geothermal power,
which are cleaner and more sustainable [2]. One is also working to improve energy
efficiency in all sectors of the economy, which means reducing the amount of energy
one uses to receive the same results [3]. By using energy-efficient technologies, adopting
energy management systems, and changing behaviors, one can achieve sustainable energy
consumption patterns [4].

Energy stands as an essential linchpin of contemporary civilization, underpinning
economic expansion, societal progress, and driving technological breakthroughs [5]. Its
ubiquitous influence spans a gamut of applications, from industrial processes to residential
power consumption, affirming its pivotal role across diverse sectors [6]. However, the
world’s growing demand for energy and the urgent need to fight climate change and
environmental damage are driving the search for sustainable energy solutions [7]. This
compelling mandate has spurred the exploration of alternative energy reservoirs, the
refinement of energy-efficient practices, and the innovation of dynamic energy management
strategies, all geared towards forging a resilient future for humanity [8].

The quest for sustainable energy solutions has led to the exploration of advanced
technologies, particularly real-time data collection and visualization tools, as well as fuzzy
logic. These innovative approaches are transforming energy systems by enabling intelli-
gent decision-making and sophisticated energy management, thereby offering a dynamic
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method to optimize energy consumption [9]. By analyzing large datasets, identifying con-
sumption patterns, and creating accurate predictive models, these methodologies empower
key stakeholders, including energy policymakers, grid operators, and consumers, to make
informed decisions. This holistic approach not only enhances the efficiency of energy
systems but also contributes to their sustainability [10-12].

The objective of this paper is to delve into the synergies between real-time data
collection and visualization tools, as well as fuzzy logic, in the realm of energy management.
This exploration underscores the transformative potential of these technologies in reshaping
the landscape of energy generation, distribution, and utilization. This manuscript delineates
a variety of theoretical constructs and pragmatic implementations, wherein the power of
real-time data acquisition and visualization instruments can be leveraged to address the
extant energy conundrums. This, in turn, paves the way for substantial contributions
towards the realization of a more ecologically responsible and sustainable future.

2. The Real-Time Data Collection and Visualization in Energy Systems

The evolution of real-time data collection in energy systems marks a pivotal milestone
in the quest for efficient and sustainable energy management. By integrating advanced
sensor technologies and networked monitoring systems, organizations can now capture
and process a wealth of dynamic energy data in real time. This influx of information
offers unprecedented insights into energy consumption patterns, grid operations, and
demand fluctuations [13]. Moreover, with the infusion of fuzzy logic, this data can be
interpreted and analyzed with a nuanced understanding of uncertainty and imprecision.
Fuzzy logic, a mathematical framework that accommodates degrees of truth and allows
for flexible decision-making, lends a crucial layer of intelligence to the data processing
pipeline, enabling more refined and context-aware insights [14].

The integration of real-time data collection in energy systems has profound implica-
tions for grid resilience and stability. With the ability to capture granular information about
energy supply and demand in real time, grid operators can respond swiftly to fluctuating
conditions [15]. Fuzzy logic further fortifies this capability by enabling intelligent decision-
making in the face of uncertain or ambiguous data [16]. By employing fuzzy sets and
membership functions, the system can adapt to varying degrees of truth, ensuring that re-
sponses are judiciously tailored to the prevailing conditions. This combination of real-time
data collection, fuzzy logic, and rapid response mechanisms represents a formidable toolset
in fortifying energy grids against disruptions and optimizing resource allocation [17].

Data visualization emerges as a critical companion to real-time data collection, translat-
ing raw streams of data into actionable insights. Advanced visualization techniques, such
as interactive dashboards and 3D representations, empower stakeholders to intuitively
grasp complex energy trends. When coupled with fuzzy logic, these visualizations can
convey not only precise information but also the degree of uncertainty associated with
it [18]. This nuanced representation is invaluable in scenarios where imprecise data points
are encountered, providing decision-makers with a comprehensive understanding of the
underlying complexities. Consequently, the fusion of real-time data collection, data visual-
ization, and fuzzy logic equips energy professionals with a powerful toolkit for optimizing
operations and resource allocation [19].

At the heart of this paper is the amalgamation of real-time data collection, state-of-
the-art visualization tools, and the sophisticated logic of fuzzy systems, all unified by the
transformative power of artificial intelligence (Al). This integrated approach represents a
paradigm shift in energy system management, fundamentally altering how we perceive,
analyze, and act upon energy-related data. With Al acting as the catalyst, the system gains
the ability to adapt dynamically to changing conditions, discern subtle patterns within com-
plex datasets, and make nuanced decisions in the face of uncertainty [20]. Real-time data
collection ensures that information is continuously harvested, whereas advanced visualiza-
tion tools provide an intuitive means of comprehending intricate energy trends [21]. The
incorporation of fuzzy logic enables the system to grapple with imprecise or uncertain data,
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a common occurrence in the dynamic context of energy systems. Altogether, this fusion of
technologies empowers organizations to optimize energy utilization, enhance efficiency,
and reduce environmental impact with unprecedented precision and agility [22-25].

3. Integrated Real-Time Energy Management Framework (IREMF)

IREMF stands at the forefront of modern energy management paradigms, offering a
cohesive and dynamic solution that addresses the pressing need for efficiency, sustainability,
and resilience in energy utilization. In this framework, real-time data collection serves
as the bedrock, ensuring that a continuous stream of information is captured to inform
decision-making. There are six main layers in IREMF model:

Layer 1: Real-time Data Collection and Preprocessing (RTDCP)

e L1A—Sensor Network Deployment: Placement of sensors with Al-enhanced predic-
tive maintenance capabilities to ensure optimal performance.

e L1B—Data Transmission and Aggregation: Utilizing Al algorithms for efficient data
compression and transmission, reducing bandwidth requirements.

e L1C—Data Preprocessing: Employing Al-powered anomaly detection techniques to
identify and rectify erroneous data points.

Layer 2: Fuzzy Logic-based Data Interpretation (FLDI)

e L2A—Fuzzy Membership Functions: Incorporating techniques to dynamically adjust
membership functions based on real-time data characteristics.

e  L2B—Rule Base Creation: Leveraging machine learning algorithms to autonomously
refine and expand the rule base over time.

e  L2C—Inference Engine: Enhancing the inference engine with reinforcement learning
capabilities for adaptive decision-making.

Layer 3: Data Visualization and Human-computer Interaction (DVHCI)

e  L3A—Interactive Dashboards: Integrating various algorithms to tailor dashboards to
individual user preferences and roles.

e  L3B—Graphical Representations: Applying Al-powered anomaly detection to visually
highlight abnormal trends or patterns in the data.

e L3C—Alerting and Notification Systems: Utilizing natural language processing for
sentiment analysis in alert notifications.

Layer 4: Decision Support and Optimization (DSO)

o  L4A—Decision Support Algorithms: Implementing tools for dynamic decision-making,
utilizing reinforcement learning to refine recommendations.

e  [4B—Optimization Models: Integrating Al-based predictive modeling for more accu-
rate load forecasting and energy supply demand matching.

e  L4C—Scenario Analysis and Predictive Modeling: Employing deep learning models
for more accurate and granular predictions in scenario analysis.

Layer 5: Feedback Loop and Adaptive Control (FLAC)

e [5A—Learning and Adaptation Mechanisms: Incorporating deep reinforcement learn-
ing techniques to enable the system to learn from its own actions and adapt in real time.

e  L5B—Closed-Loop Control Systems: Employing Al-based control algorithms with pre-
dictive capabilities to anticipate system behavior and proactively make adjustments.

e  L5C—Performance Monitoring and Evaluation: Utilizing Al-powered anomaly detec-
tion to automatically identify performance deviations and trigger corrective actions.

Layer 6: Regulatory and Policy Compliance (RPC)

o L6A—Compliance Assessment: Applying compliance monitoring tools to automati-
cally flag potential regulatory violations and ensure adherence.

e L6B—Reporting and Documentation: Using natural language processing and Al-
driven summarization techniques to automate the generation of compliance reports.
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The IREMF model integrates real-time data collection, fuzzy logic-based interpretation,

advanced visualization, decision support, and adaptive control with Al-powered solutions.
This comprehensive framework leverages Al’s capabilities to enhance the efficiency, adapt-
ability, and intelligence of energy systems management, aiding in the creation of a more
enduring and adaptable energy future. Here are main advantages of adopting IREMEF:

Real-time Optimization: IREMF enables organizations to make instantaneous adjust-
ments to energy consumption, production, and distribution.

Enhanced Efficiency: By harnessing the power of Al-driven decision support and
optimization algorithms, IREMF maximizes energy efficiency, reducing waste and
operational costs.

Adaptability to Uncertainty: The incorporation of fuzzy logic allows IREMF to effec-
tively handle imprecise or uncertain data, ensuring accurate decision-making even in
dynamic and uncertain energy environments.

Predictive Capabilities: Through the integration of Al-powered predictive modeling,
IREMF can anticipate future energy demands, enabling proactive measures to be taken
to meet evolving needs.

Resilient Grid Operations: IREMF’s real-time data collection and adaptive control
mechanisms fortify energy grids, enabling them to respond swiftly to fluctuations in
demand, ensuring stability and reliability.

Compliance and Regulatory Adherence: The model’s ability to monitor and report
on energy-related metrics ensures organizations remain in compliance with local,
regional, and international energy regulations.

Sustainable Practices: IREMF promotes supportable energy management by minimiz-
ing environmental impact, contributing to a more sustainable future.

Although the IREMF presents numerous advantages, it is crucial to also weigh poten-

tial drawbacks. Below are some considerations regarding its potential disadvantages:

Implementation Costs: The initial investment required to deploy IREMF, including
the integration of sensors, Al systems, and visualization tools, may be substantial and
could pose a barrier for some organizations.

Complexity of Integration: Integrating diverse technologies and ensuring seamless
interoperability can be a complex undertaking, requiring specialized expertise and
careful planning.

Data Security and Privacy Concerns: As IREMF relies heavily on real-time data
collection, organizations must implement robust cybersecurity measures to safeguard
sensitive information from potential threats or breaches.

Dependence on Technology Infrastructure: Reliance on a sophisticated technological
infrastructure may leave organizations vulnerable to disruptions in the event of system
failures or cyber-attacks.

Learning Curve for Stakeholders: Training and familiarizing stakeholders with the
intricacies of IREME, particularly in interpreting data and utilizing advanced visual-
ization tools, may pose challenges.

Regulatory Compliance Complexity: Adhering to evolving energy regulations and
policies may require ongoing adjustments and enhancements to the IREMF model,
potentially incurring additional costs.

Scalability Challenges: Scaling IREMF to meet the needs of larger, more complex en-
ergy systems may require significant adjustments and expansions, potentially leading
to logistical challenges.

The Integrated Real-time Energy Management Framework (IREMF) brings forth a host

of benefits in energy system management. It enables real-time optimization, enhancing
efficiency and resilience in energy utilization. Through the incorporation of fuzzy logic and
Al technology, IREMF adapts dynamically to uncertain data, predicts future demands, and
ensures compliance with energy regulations. However, implementing IREMF may incur
high initial costs and require a complex integration process. Data security concerns and the
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need for a robust technological infrastructure also pose potential challenges. Additionally,
training stakeholders and addressing scalability for larger energy systems may necessitate
additional investments and resources.

4. Research Design and Methodology

The research adopts a comprehensive approach to evaluate the Integrated Real-time
Energy Management Framework (IREMF) by employing advanced fuzzy decision-making
techniques. The assessment process involves two pivotal methodologies: the Fuzzy Delphi
Method [26,27] and Fuzzy Analytic Hierarchy Process (FAHP) [28,29]. Initially, the Fuzzy
Delphi Method will be applied to harness expert opinions and collective intelligence for
the evaluation of every layer and main factor within IREMEF. This inclusive assessment
aims to elicit and aggregate diverse perspectives, ensuring a comprehensive understanding
of the framework’s performance. Subsequently, the Fuzzy method will be employed to
ascertain the relative importance and weights assigned to each layer and factor. These
weightings are pivotal for prioritizing and allocating resources effectively, thus influencing
the future development and successful implementation of IREMF. The research underscores
the critical role these weightings play in steering the trajectory of future projects, ensuring
their alignment with the overarching objectives of IREMF for efficient and sustainable
energy management.

The research process begins with a comprehensive review of existing literature on the
subject. This is followed by an assessment of the IREMF model using the Fuzzy Delphi
method [30]. Next, the Fuzzy AHP method [31] is employed to determine the weights for
the layers and main factors. The final steps involve interpreting the results and formulating
development recommendations. The research model encompasses four pivotal steps in its
evaluation approach (Figure 1).

1.Literarture
Review

Delphi 3. Fuzzy AHP

. Results

Figure 1. Research design and methodology. Source: own elaboration.

The initial phase involves the utilization of the Fuzzy Delphi method to validate
the layers and factors proposed in the IREMF model. In academic discourse, the Delphi
method is characterized as a technique to structure group communication, aiming to
enhance the problem-solving efficiency of a collective of independent individuals. The
Delphi technique is categorized among creative thinking research methods and defined as
an iterative evaluation procedure based on selection analysis of empirical data gathered.
Given that the conventional Delphi method has certain constraints, including lengthy
procedure time and associated high research costs, its modification, the Fuzzy Delphi
method, is often employed in scientific research [32,33].

For the purposes of this investigation, an expert panel was assembled, proposing
6 layers and 17 associated factors. The panel comprised six experts in the field of energy
management and three experts specializing in modern technologies and real-time data
collection. The expert panel’s process was divided into several stages.
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The first stage involved the evaluation of the proposed layers. This was followed
by the assessment of the primary factors for each layer. Next, the values obtained were
fuzzified using triangular fuzzy numbers. The fourth stage entailed data aggregation, after
which the aggregated data were defuzzified. An acceptance threshold was then established,
culminating in the acceptance of layers and factors. This systematic approach ensured a
comprehensive and rigorous analysis of the proposed layers and factors.

Upon the determination of the triangular fuzzy spectrum, the linguistic expressions
(opinions) of the experts were gathered and subsequently fuzzified, as depicted in Table 1.
In the ensuing step, the opinions of the experts were amalgamated in accordance with
Formula (1). The lower fuzzy number I (min) signifies the smallest conceivable value for
the layer (or factor) as perceived by the experts, whereas the upper fuzzy number u (max)
denotes the largest conceivable value for the layer (or factor) as perceived by the experts.
The geometric mean (middle fuzzy number m) represents the most likely value of each

layer and factor.
1

Fugr = (min{1), ([T ()" maxn) 1)

Table 1. Triangular fuzzy number of seven-point Likert scale.

Extremely Very . Merely Extremely
Unimportant Unimportant Unimportant Important Important Very 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.
To determine the acceptance threshold for the layer and factor, the aggregated values
were subjected to defuzzification using the Centre of Area method, as per Formula (2):
I+m+u
COA = (Ltm+u) )
3
The final step in this phase involved setting the acceptance threshold at S = 0.6. This
threshold was used to filter and select the suitable layers and factors. As a result, 5 out of
the 6 proposed layers were accepted (as shown in Table 2), and 15 out of the 17 proposed
factors met the acceptance criteria.
Table 2. Fuzzification and data aggregation for 6 layers of IREMF model.

Layer Expert 1 Expert 9 1 m u CoA Result
RTDCP 09;1;1 09;1;1 0.75 0.94 1.00 0.90 Accepted
FLDI 09;1;1 09, 1;1 0.50 0.90 1.00 0.80 Accepted
DVHCI 0.75;0.9; 1 09,1;1 0.75 0.82 1.00 0.81 Accepted
DSO 0.75;09; 1 09;1;1 0.50 0.92 1.00 0.81 Accepted
FLAC 0.5;0.75;0.9 0.75;0.9; 1 0.50 0.82 1.00 0.77 Accepted
RPC 0.1,0.3;0.5 0.3;0.5;0.75 0.20 0.72 0.68 0.57 Not

accepted

Source: own elaboration.

A graphical representation of the IREMF model is shown in Figure 2, along with all
15 main factors responsible for the proper operation of the energy management system.
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RTDCP

FLDI DVHCI DSO FLAC

Figure 2. Five layers of IREMF model with main factors. Source: own elaboration.

The next stage of this investigation seeks to determine the weights for the identified
layers and factors using the Fuzzy Analytic Hierarchy Process (FAHP) [34]. The Analytic
Hierarchy Process (AHP) is a renowned multi-criteria decision-making method, designed
to tackle complex problems across various fields. The fundamental principle of the AHP
method is its ability to break down the decision problem into a hierarchical structure and
then choose 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
uncertainties or inaccuracies inherent in group decision-making. To overcome these limita-
tions, a combination of AHP and fuzzy theory, known as FAHP, has been proposed [16].
An essential step in the FAHP process is the creation of a pairwise comparison matrix. In
this step, crisp numerical values are transformed into fuzzy numbers using a specific mem-
bership function, often using the triangular membership function described in Formula (3).
This transformation follows Saaty’s fundamental scale, as explained in Table 3, which
outlines the scale of relative importance.

A= (I,m,u) (3)

The primary objective of pairwise comparisons is to ascertain the extent to which
one element supersedes another in terms of their relative significance. If element A is

exceedingly preferred over B, the fuzzy number is denoted as A = (6, 7, 8), and the fuzzy

reciprocal value is represented as Al = (%, %, %) , in accordance with Formula (4).

Al = (u, m,l)_1 4)

In the subsequent stage of the research, the Consistency Ratio (C.R.) is scrutinized.
It is posited that for matrices of dimensions 3 x 3 and 4 x 4, the C.R. value should be
confined within 5% and 8%, respectively. For larger matrices, the C.R. should not surpass
10% (C.R. < 10%). If the consistency ratio C.R. adheres to these stipulated thresholds,
the pairwise comparisons executed are considered consistent. On the contrary, if the
C.R. exceeds 10%, it necessitates a reassessment of criteria to rectify the inconsistency in
pairwise comparisons. During this phase, the FAHP method entails computing a defuzzied,
normalized matrix for selected criteria and pinpointing the largest eigenvalue (A;ay) of
the matrix. The method’s progenitor demonstrated that pairwise comparisons tend to
exhibit greater consistency when the A, value closely approximates the number of matrix
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elements (n). Consequently, the Consistency Index (C.1.) is computed in accordance with
Formula (5).

. Amax — 1
C.I. —_— ﬁ (5)
and C.R. to Formula (6),
100% x C.I.
R =——
¢ R.I. ©)

where R.I. represents a random consistency index, which is derived from several thousand
matrices and presented by the author in the form of Table 4.

Table 3. The fundamental scale for pairwise comparisons [28].

Intensity of

Explanation AHP FAHP (I, m, u)
Importance

Element a and b contribute equally

Equal importance to the objective 1 (1,1,1)
Moderate importance Slightly favor element A over B 3 (2,3,4)
of one over another

Essential importance  Strongly favor element A over B 5 4,5,6)
Demonstrated Element A is favored very strongly

. 7 6,7,8)
importance over B

The evidence favoring element A
Absolute importance  over B is of the highest possible 9 ,9,9)
order of importance

Intermediate values When compromise is needed. For (1,2,3)

between the two fexample, .4 can be used for the 2468 (3,4,5)
adjacent judgments intermediate value between (5,6,7)
J 3and 5 7,8,9)
Source: [31].
Table 4. Consistency indices for a randomly generated matrix.
n 1 3 4 5 6 7 8 9 10 11 12 13 14 15
R.L 0 0.52 0.89 1.11 1.25 1.35 1.40 1.45 1.49 1.52 1.54 1.56 1.58 1.59

Source: [31].

Once the consistency of the experts’ opinions has been confirmed, the fuzzy geometric
mean 7; (as per Formula (7)) and the fuzzy weights @; for all the criteria were computed (in
accordance with Formula (8)).

= (AT

1 1
n n

(T {m) ,<H?_1{u}>3l) %

W =FQRORS. . . &F) ®)

Subsequently, the fuzzy weights were defuzzified into crisp values w; using the Centre
of Area method (as per Formula (9)) and then normalized to yield w_;.o) values, in
accordance with Formula (10).

(Zi +m; + ui)

: ©)

w; =

Wi
Wi—norm = Tn
i=

(10)

1 Wi
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In the concluding phase, the aggregation of results from nine experts was executed
utilizing the geometric mean. This procedure yielded the ultimate weights for the six
specified layers (refer to Tables 5-7).

Table 5. Pairwise comparison of five layers and weight calculations by Expert 1-part 1.

RTDCP FLDI DVHCI DSO FLAC
RTDCP 1.00 1.00 1.00 1.00 1.00 1.00 0.33 0.50 1.00 0.33 050 1.00 0.33 050 1.00
FLDI 1.00 1.00 1.00 1.00 1.00 1.00 0.33 0.50 1.00 0.33 050 1.00 0.33 0.50  1.00
DVHCI 1.00  2.00 3.03 1.00 2.00 3.00 1.00 1.00 1.00 1.00 200 3.00 1.00 1.00 1.00
DSO 1.00  2.00 3.03 1.00 2.00 3.03 0.33 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00
FLAC 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

Table 6. Pairwise comparison of five layers and weight calculations by Expert 1-part 2.

Geometric Mean Fuzzy Weight
| - . | - " Center of Area Weight
RTDCP 0.51 0.66 1.00 0.07 0.12 0.26 0.15 13.54%
FLDI 0.52 0.66 1.00 0.07 0.12 0.26 0.15 13.55%
DVHCI 1.00 1.52 1.94 0.14 0.29 0.51 0.31 27.57%
DSO 0.80 1.15 1.56 0.11 0.22 0.41 0.25 21.78%
FLAC 1.00 1.32 1.56 0.14 0.25 0.41 0.27 23.56%
Sum 3.83 5.30 7.05 Sum 1.10 100.00%
Reciprocal 0.14 0.19 0.26
Source: own elaboration.
Table 7. List of all 15 factors and their weights.
Layer Weight Local Factor Weight Global Weight

13.54% 33.07% 4.48%

13.54% 28.80% 3.90%

13.54% 38.13% 5.16%

13.55% 47.80% 6.48%

13.55% 27.40% 3.71%

13.55% 24.80% 3.36%

27.57% 46.00% 12.68%

27.57% 26.60% 7.33%

27.57% 27.40% 7.56%

21.78% 38.50% 8.39%

21.78% 22.50% 4.90%

21.78% 39.00% 8.49%

23.56% 36.00% 8.48%

23.56% 33.00% 7.77%

23.56% 31.00% 7.30%

Sum 100.00%
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Following this, the subsequent phase in the Fuzzy Analytic Hierarchy Process (FAHP) en-
tailed the application of the identical analytical methodology (as delineated in Formulas 3-10)
to all factors within each layer.

Within the research framework presented here, this analytical process encompassed six
layers, entailing the comparison of all factors within each respective group. This extensive
analysis was conducted by a panel of nine experts, resulting in the generation of a total of
36 tables. Given the intricacy of the empirical data, this article provides only select excerpts
of this calculation.

Following the acceptance (FAHP consistency test, CR < 10%) and combination (geo-
metric mean) of the assessments from the 9 experts for all pairwise comparisons (layers
and factors), the results yielded: weights for the 5 layers, local weights for the 15 factors
and global weights for the 15 factors, which were calculated as the product of the layer
weight and local factor weight.

5. Discussion

The Integrated Real-time Energy Management Framework (IREMF) stands at the fore-
front of modern energy management paradigms, offering a cohesive and dynamic solution
for optimizing energy utilization and enhancing grid stability. As the quest for effective and
supportable energy answers intensifies, the adaptability of IREMF becomes increasingly
evident. Recognizing the diverse landscapes in which energy management operates, we
propose four distinct variants of IREMF, each tailored to specific scenarios. These variants
reflect the paramount importance of adapting IREMF to address the unique challenges and
opportunities presented by different domains. Here, we delve into the significance of these
variations and their pivotal roles in shaping the future of energy management.

Here are four variants of the Integrated Real-time Energy Management Framework
(IREMF) for future analysis and development, each with distinct configurations in terms of
layers and main factors:

Variant 1: IREMF with Enhanced Data Analytics:

Real-time Data Collection and Preprocessing
Advanced Data Analytics and Machine Learning
Data Visualization and Human—-Computer Interaction
Decision Support and Optimization

Feedback Loop and Adaptive Control

AR

Enhanced Data Analytics: This variant places a strong emphasis on leveraging ad-
vanced data analytics techniques, including machine learning, for in-depth analysis of
real-time energy data. This layer is equipped with predictive modeling and anomaly
detection capabilities.

Variant 2: IREMF with IoT Integration:

IoT-enabled Real-time Data Collection
Fuzzy Logic-based Data Interpretation
Visualization and User Interface Design
Al-driven Decision Support

Adaptive Control and IoT Feedback Loop

IoT Integration: This variant incorporates a dedicated layer for IoT-enabled data
collection, allowing for a more extensive network of sensors and devices to provide real-
time data. This layer enhances the granularity and scope of data collection.

Variant 3: IREMF with Demand Response Emphasis:

G LN

Real-time Data Collection and Preprocessing
Fuzzy Logic-based Data Interpretation
Visualization and Human—computer Interaction
Demand Response Optimization

Feedback Loop and Adaptive Control

AR
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Demand Response Optimization: This variant places a significant focus on optimiz-
ing demand response mechanisms, enabling the system to dynamically adapt energy
consumption patterns to align with grid conditions and cost-effectiveness goals.

Variant 4: IREMF for Microgrid Management:

Microgrid Data Aggregation and Preprocessing

Fuzzy Logic-based Data Interpretation for Microgrid
Visualization and Human—computer Interaction for Microgrid
Optimization for Microgrid Operations

Feedback Loop and Adaptive Control for Microgrid

AN

Microgrid Focus: This variant is tailored specifically for managing microgrids, with
layers and factors designed to address the unique challenges and requirements of decen-
tralized energy systems.

The diverse scenarios addressed by our four variants exemplify the adaptability and
versatility of IREMFE. Through these tailored solutions, we seek to empower industries,
microgrid operators, and other stakeholders with the precise tools necessary to maximize
efficiency, optimize demand response, and ensure regulatory compliance. By honing in
on the unique features of each context, these variants promise to revolutionize energy
management practices, resulting in not only improved operational efficiency but also
reduced environmental impact.

In practical application, these tailored solutions are poised to bring about transforma-
tive changes. For industries, the specialized variant offers a set of precise tools meticulously
designed to optimize energy consumption within complex industrial processes. This means
that manufacturers and industrial operators can now harness the power of IREMF to
streamline their operations, reduce energy wastage, and ultimately enhance their bottom
line. This innovation contributes to the body of theoretical knowledge by demonstrating
how a nuanced understanding of industry-specific processes can be translated into an
effective energy management strategy.

Similarly, for microgrid operators, the dedicated variant represents a monumental leap
forward in the management of decentralized energy systems. By providing a framework
that is finely tuned to the unique challenges and requirements of microgrids, IREMF
empowers operators to make more informed decisions in real-time. This, in turn, leads to
greater stability and reliability in energy supply, fostering a more resilient and sustainable
energy ecosystem. This practical application advances theory by showcasing how a tailored
approach can significantly enhance the efficiency and reliability of microgrid operations,
thus contributing to the broader discourse on decentralized energy management.

6. Conclusions

The research delves into the Integrated Real-time Energy Management Framework
(IREMF), an innovative model designed to revolutionize energy management practices.
Initially, a comprehensive evaluation process was employed, involving the identification
of five distinct layers and fifteen main factors within the IREMF framework. These layers
and factors were meticulously selected based on a consensus reached by an expert panel,
facilitated by the rigorous application of the Fuzzy Delphi method. This initial phase
established a robust foundation for the subsequent analytical stages, ensuring that the
chosen criteria were both pertinent and reflective of the framework’s multifaceted nature.

Following this, the research aimed to figure out the relative importance of the identified
layers and factors, and, for this purpose, it used the first two main stages of Fuzzy Analytic
Hierarchy Process (AHP). This analytical method was used to calculate exact weights
for each of the five layers and their corresponding main factors. The goal of using the
Fuzzy AHP method was to assess in a quantitative manner the hierarchical relationships
and contributions of each component. The calculations of the weights are extremely
important because they play a key role in guiding the future development and successful
implementation of IREMF. They help in making decisions about resource allocation and
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strategy, ensuring that the framework is optimized to meet the changing needs of the
energy management landscape.
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