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Abstract: The integration of Artificial Intelligence (AI) in energy infrastructure has created
a new class of specialized intermediaries for environmental control, yet their opaque
decision-making poses regulatory challenges. This paper proposes a novel regulatory
framework for specialized sound and vibration platform operators in the energy sector and
introduces a multi-criteria decision-making (MCDM) methodology to support oversight. The
methodology integrates expert neuro-behavioral data, captured via Facial Action Coding
System (FACS), with a quantum picture fuzzy rough set extension and the DEMATEL
(Decision-Making Trial and Evaluation Laboratory) method. The application is demonstrated
through a case study of a 250 MW combined-cycle gas turbine power plant, where the goal
is to select optimal noise and vibration control technologies. The analysis assesses five key
technologies against compliance parameters: algorithmic transparency, data governance,
system reliability, operational accountability, and consumer protection. The proposed
Neuro-Quantum Picture Fuzzy Rough MCDM model achieved a forecast accuracy of 0.987
for system performance, substantially outperforming Long Short-Term Memory (LSTM
(0.876)), Recurrent Neural Network (RNN (0.575)), and AutoRegressive Integrated Moving
Average (ARIMA (0.551)). The primary contribution is to initiate professional dialogue on
governing AI-driven energy intermediaries, balancing technological innovation with energy
stability, security, and consumer welfare. The paper recommends a comprehensive regulatory
framework for a new class of energy intermediaries for financial and marketing optimisation
called specialised sound and vibration platform operators.

Keywords: AI regulation; energy technology; big data; algorithmic bias; explainable AI
(XAI); multi-criteria decision-making (MCDM); quantum fuzzy sets; neuro-behavioral
analysis
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1. Introduction

The rapid integration of artificial intelligence (AI) into energy infrastructure has
given rise to a new class of intermediaries: specialized sound and vibration platform
operators. These entities leverage algorithmic decision-making and massive datasets
to provide services that directly impact energy integrity, resource allocation, and
operational safety. However, as these platforms assume greater responsibility in
environmental governance, their “black box” nature poses unique regulatory challenges.
Algorithmic errors, biases in training data, or opaque decision logic can lead to
misguided resource allocation, misdirected maintenance efforts, or unjust outcomes
for communities dependent on energy infrastructure.

This paper addresses the regulatory gap by proposing a comprehensive framework
to license, oversee, and govern these platform operators. The framework rests on
several indispensable pillars: a clear licensing regime ensuring operator competence
and financial soundness; strict governance rules enforcing senior management
accountability; unwavering commitment to explainability and fairness to combat
opacity and bias; and robust consumer protection measures to build trust and provide
recourse.

To support regulatory decision-making, this paper introduces a novel
Neuro-Quantum Picture Fuzzy Rough MCDM model. This methodology serves two
purposes within the regulatory context: first, it quantifies the relative importance of
five regulatory compliance parameters derived from the proposed framework; second,
it demonstrates how regulators can assess platform technologies through integration of
objective technical data with expert judgment. The model’s application is illustrated
through a representative case study evaluating noise reduction technologies at a
power plant, demonstrating how regulatory oversight can be informed by systematic
multi-criteria assessment

The paper outlines new regulatory framework for a specific type of energy
platform that heavily utilizes Artificial Intelligence (AI) and Big Data. It defines what
constitutes a specialised sound and vibration platform operator. A key principle is that
the decisions made by AI (denying a loan) must be explainable to both the regulator
and, to a certain extent, to the consumer. This is to combat the black box problem often
associated with complex AI models.

The paper discusses potential requirements for obtaining a license to operate
as such a platform, including criteria for ownership, capital adequacy, and IT
infrastructure.

It creates paradigm shift with profound implications for energy sustainability. This
paper proposes a pioneering regulatory framework specifically designed for a new
class of intermediary: specialized sound and vibration platform operators in the energy
sector. These platforms are not merely financial tools augmented with technology;
they are emerging as critical infrastructure for managing the natural capital. They
leverage algorithmic decision-making and massive datasets to provide services directly
impacting energy integrity, resource allocation, and climate resilience.
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As these platforms assume greater responsibility in environmental governance,
their “black box” nature poses unique risks. Algorithmic errors, biases in training
data, or opaque decision logic can lead to misguided conservation efforts, misallocated
climate funds, or unjust outcomes for communities dependent on natural resources.
Therefore, a key regulatory principle advanced here is that AI-driven energy decisions
must be explainable—not only to regulators for oversight but, where possible, to
affected stakeholders to foster trust and accountability.

It aims to stimulate professional dialogue on how to govern this powerful
technological convergence at the intersection of Vibrations in Energy, artificial
intelligence, and ecology. The ultimate goal is to establish a regulatory regime
that fosters innovation while rigorously safeguarding energy stability, security, and
intergenerational equity.

The energy challenges of the 21st century—climate change, biodiversity loss, land
degradation, and water scarcity—are characterized by overwhelming complexity and
interconnectedness. Traditional monitoring and decision-making frameworks are often
inadequate due to data limitations, slow processing, and human cognitive constraints.

AI can analyze satellite imagery, acoustic sensors, and genomic data to track
deforestation, monitor species populations in real-time, detect illegal fishing vessels,
and identify early signs of ecosystem stress with unprecedented speed and scale.

Machine learning models can predict the outcomes of different intervention
scenarios (habitat corridor design, species reintroduction, reforestation planning),
helping to prioritize actions for maximum energy benefit and cost-effectiveness.

AI-driven platforms are essential for assessing the physical and transition
risks of climate change for financial institutions. They can stress-test investment
portfolios against climate scenarios, model the financial implications of nature-related
dependencies, and power next-generation green insurance products.

However, this transformative power is coupled with significant novel risks that
existing environmental and financial regulations are ill-equipped to handle:

If trained on non-representative or historically biased data, AI models could
systematically undervalue ecosystems in marginalized regions or perpetuate
inequalities in conservation funding and climate adaptation resources.

Unexplainable AI decisions regarding permit approvals, conservation priorities,
or carbon credit verification undermine democratic accountability, scientific scrutiny,
and public trust in environmental management.

The energy insights and financial flows governed by these platforms depend on the
security and authenticity of vast environmental datasets. Cyber-attacks, data poisoning,
or sensor manipulation could lead to catastrophic misdirection of conservation efforts
or market manipulation.

There is a clear danger of a responsibility vacuum where neither technologists
developing the algorithms nor the platform’s management fully understands or accepts
accountability for the systemic energy and social consequences of automated decisions.

This paper directly addresses this regulatory gap. It outlines a comprehensive
framework to license, oversee, and govern these energy platform operators, ensuring
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their development aligns with the imperative of energy stability, fairness, and long-term
sustainability. By mandating explainability, bias testing, robust governance, and strong
consumer (and community) protections, the proposed rules aim to harness AI as a force
for reliable, transparent, and equitable energy stewardship.

It defines what constitutes a specialised sound and vibration platform operator.
These are envisioned as platforms that provide energy services (credit scoring,
insurance, investment advice) primarily through automated systems based on AI
algorithms and large datasets.

A significant focus is on the unique risks associated with AI, including: risk of
errors, bias, or inaccuracies inAImodels leading to incorrect energy decisions; ensuring
the data used to train AI is representative, high-quality, and used ethically, preventing
discrimination (bias) against certain groups of people; risks related to the reliability,
security, and transparency of the AI systems.

The paper proposes requirements for how these platform operators should be
managed, emphasizing the need for senior management and boards of directors to
understand and be accountable for the AI systems they use.

A key principle is that the decisions made by AI (denying a loan) must be
explainable to both the regulator and, to a certain extent, to the consumer. This is
to combat the “black box” problem often associated with complex AI models.

The proposals aim to protect consumers from unfair or discriminatory practices,
ensure the security of their personal data, and provide clear channels for dispute
resolution. The document discusses potential requirements for obtaining a license to
operate as such a platform, including criteria for ownership, capital adequacy, and IT
infrastructure.

The main results and key takeaways can be summarized as follows. The paper
recommends regulatory framework for a new class of energy intermediaries called
specialised sound and vibration platform operators. The paper clearly defines what
constitutes a specialised sound and vibration platform operator. These are entities
whose core business involves providing energy services (like lending, insurance, or
investment advice) primarily through automated systems driven by AI and large-scale
data analysis.

A central proposal is to bring these platforms under official regulatory oversight.
The introduction of capital adequacy standards to ensure the platform’s energy stability
and ability to absorb losses.

A significant concrete result of this paper is the conclusion that a new dedicated
federal law is required. The paper closes the gap in monitoring that is signaling that
existing energy laws are insufficient to address the unique risks posed by sound and
vibration eco platforms.

It moves from theoretical discussion to concrete proposals, aiming to create a
regulated, safe, and fair environment for the development of these advanced energy
technologies while managing the associated risks of bias, opacity, and consumer harm.

This paper is structured as: Section 2: “Literature review” presents the literature
studying, while Section 3: “Methods” provides the steps of the proposed modelling.
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Section 4: “Results” presents the results of modelling, Section 5: “Discussion”
provides the discussion of findings, and Section 6: “Conclusion” concludes the paper.

2. Literature review

The advent of highly capable Large Language Models (LLMs) exemplifies
the state-of-the-art in multimodal reasoning, processing text, code, images, and
audio, which provides a robust foundation for agents operating in rich, real-world
environments.

Concurrently, the need to evaluate these complex systems has led to innovative
benchmarking methodologies.

A significant body of research focuses on the human-centric aspects of AI
agents. A key finding is that designing agents with human-like traits—can significantly
influence user acceptance. The researchers argue that human-like competencies
(empathy, rapport-building) are crucial for effective human-agent conversation [1–3].

This dynamic directly impacts sensitive interactions like self-disclosure. It
discovered that AI agents can actually elicit greater consumer self-disclosure than
human agents, as they are perceived as less judgmental. However, the context matters;
It showed that for delivering negative news, an AI agent is preferred, but for positive
news, a human agent is more effective. The emotional design of agents is also critical.
It demonstrated that AI agents expressing positive emotion can enhance customer
satisfaction, but only when the problem is successfully resolved. They texted that AI
agents are demonstrating transformative potential across industries. In marketing and
sales, they act as AI coaches for sales agents, though It caution about potential pitfalls
like over-standardization and offer solutions for effective implementation. It discusses
the operational disruption and strategic evolution driven by generative AI agents in
areas like algorithmic trading and risk assessment. In specialized professional domains,
agents are even being tested as expert systems, such as for detecting antimicrobial
resistance [4–6].

However, this rapid advancement brings significant challenges. It provide a
comprehensive survey of security threats to AI agents, including adversarial attacks,
data poisoning, and issues of operational integrity. To address these, researchers are
exploring synergies with other technologies; It survey the integration of AI agents
with blockchain to create secure, transparent, and scalable multi-agent collaboration
frameworks. Frontline service challenges, such as user trust and the handling of
complex queries, are also a key area of concern and opportunity [7–9].

Finally, the social and ethical dimensions of AI agents require ongoing scrutiny.
Studies show that AI can perpetuate societal biases, such as gender stereotypes in
recommendations, and fundamental questions about how humans intuitively perceive
and interact with mindless agents remain a rich area for inquiry [10–12].

The literature reveals a field in rapid flux, driven by breakthroughs in foundational
models and innovative agent frameworks. The trajectory is clear: AI is evolving from a
passive tool into an active, collaborative partner. The core challenges no longer reside
solely in improving model accuracy but in designing effective multi-agent systems,
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fostering positive and trustworthy human-agent interactions, and mitigating a new class
of security and ethical risks. Future research must continue to be interdisciplinary,
blending computer science with insights from marketing, psychology, ethics, and
security to ensure that the development of AI agents is not only technologically
sophisticated but also socially responsible and beneficial [13–15].

3. Methods

3.1. Proposed regulatory framework and compliance parameters
Based on the proposed regulatory framework for specialized sound and vibration

platform operators, we identified five key compliance parameters for assessment. Table
1 presents these parameters, their regulatory rationale, and proposed measurement bases.

Table 1. Regulatory compliance parameters for sound and vibration platform operators.

Parameter Description Regulatory rationale Measurement basis

P1: Algorithmic
Transparency

Explainability of AI decisions to
regulators and consumers

Addresses “black box” problem;
enables oversight and

accountability

XAI score (0–100%) based on
model interpretability techniques

P2: Data Governance
Quality, representativeness, and
ethical use of training data

Prevents algorithmic bias and
ensures fairness

Data quality audit score (0–100%)

P3: System Reliability
Security, uptime, and fault
tolerance of AI systems

Ensures continuous energy
service delivery

Mean time between failures
(MTBF); redundancy metrics

P4: Operational
Accountability

Senior management
understanding and ownership of

AI systems

Ensures ethical governance and
responsibility attribution

Governance maturity assessment
(0–100%)

P5: Consumer Protection
Dispute resolution channels, data
privacy, and redress mechanisms

Builds trust and provides
recourse for affected stakeholders

Consumer satisfaction score;
complaint resolution rate

3.2. Power plant noise and vibration control
To ground the methodology in a practical application, this study evaluated noise

and vibration reduction strategies for a 250 MW combined-cycle gas turbine power
plant located in the Samara region of Russia. The primary sources of excessive noise
and vibration were the Siemens SGT5-4000F gas turbine, the SST5-5000 steam turbine,
and associated generators. Baseline measurements indicated noise levels of 105 dB(A)
at 1 m from the turbine housing and vibration amplitudes of 12.5 mm/s2 at the turbine
foundation, exceeding both plant safety guidelines (target: <90 dB(A) occupational
exposure) and regional environmental regulations (target: <85 dB(A) at 1 km from
plant boundary).

Five competing technology platforms were assessed:

• Technology A (Passive Systems): Standard acoustic enclosures (100 mm mineral
wool panels) and viscoelastic damping patches applied to turbine casings.

• Technology B (Active Noise Control): An array of 24 secondary loudspeakers
and error microphones implementing a filtered-x least mean squares (FxLMS)
algorithm to generate destructive interference for frequencies below 500 Hz.

• Technology C (Tuned Mass Dampers): Four tuned mass dampers (each 500 kg)
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installed on turbine foundation pedestals, tuned to the dominant 25 Hz vibration
mode.

• TechnologyD (Metamaterial Barriers): Locally resonant sonic crystal metamaterial
panels (2 m × 2 m × 0.3 m) with embedded silicone rubber-coated lead cores,
designed for low-frequency (100–400 Hz) sound absorption.

• Technology E (Integrated System): A combined system integrating the Active
Vibration Control (AVC) algorithm (Technology B) with theMetamaterial Barriers
(Technology D).

The regulatory objective was to determine which technology provides the optimal
balance of noise/vibration reduction, energy efficiency gains, and implementation cost,
while also satisfying the five regulatory compliance parameters (P1–P5). This case
study served as a testbed for the proposed MCDM methodology, demonstrating how
regulators could systematically evaluate competing technologies.

Three energy regulatory experts participated in the evaluation. Expert 1 was a senior
mechanical engineer with 20 years of experience in power plant operations. Expert 2
was an environmental compliance officer with 15 years of experience in industrial noise
regulation. Expert 3 was an AI systems auditor with 10 years of experience evaluating
algorithmic systems in critical infrastructure. All experts provided informed consent,
and the study protocol was approved by the institutional review board of the Financial
University under the Government of the Russian Federation.

Each expert independently assessed the interrelationships between the five
regulatory parameters using a structured pairwise comparison protocol. For each
pair of parameters (e.g., P1 and P2), the expert was asked: “To what extent does
parameter *i* influence parameter *j* in the context of regulating a sound and vibration
platform operator?” Responseswere given on a five-point linguistic scale (No Influence,
Low Influence, Moderate Influence, High Influence, Very High Influence).

During this process, facial expressions were recorded using a high-resolution
webcam (Logitech Brio 4K, 30 fps) and analyzed using Noldus FaceReader 8.0
software.

3.3. Facial action coding system (FACS) data collection
The Facial Action Coding System (FACS) was employed to capture subconscious

expert judgments during parameter evaluation (Ekman and Friesen, 1978). FACS
provides objective, anatomically-based measurement of facial expressions through
identification of Action Units (AUs)—contractions of individual facial muscles or
combinations thereof.

We focused on three key affective states relevant to decision confidence:
concentration (AU 4 + 7, brow lowerer + lid tightener), uncertainty (AU 1 + 2 + 4,
inner brow raiser + outer brow raiser + brow lowerer), and certainty/agreement (AU 6
+ 12, cheek raiser + lip corner puller). Table 2 presents the mapping of observed AU
combinations to linguistic influence scales and their corresponding fuzzy membership
parameters.
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Table 2. Mapping of action units to linguistic influence scales and fuzzy parameters.

Action unit combination Affective state Linguistic influence Fuzzy membership parameters

AU 4 + 7 Concentration Moderate influence μ = 0.6, n = 0.3, v = 0.1
AU 1 + 2 + 4 Uncertainty Low influence μ = 0.3, n = 0.4, v = 0.3
AU 6 + 12 Certainty/Agreement High influence μ = 0.8, n = 0.1, v = 0.1

Note: μ = membership degree; n = non-membership degree; v = hesitation degree. Refusal degree (h) was
set to 0 for all observations.

The use of three experts represents a pilot-scale validation. While sufficient
for methodological demonstration, this sample size limits statistical generalizability.
Future regulatory implementation would require larger expert panels (n ≥ 10) and
potentially automated FACS analysis across multiple sessions to ensure robustness.
The current results should therefore be interpreted as illustrative of the methodology’s
potential rather than definitive regulatory weightings.

3.4. Quantum picture fuzzy rough set (QPFRS) framework
The QPFRS framework extends traditional fuzzy sets by incorporating four

dimensions: membership (μ), non-membership (n), hesitation (v), and refusal (h), with
quantum phase angles (α, γ, β, T) representing uncertainty in expert judgment [3].
In the context of the power plant case study, these quantum phase angles allow the
model to mathematically capture the irreducible uncertainty an expert might have
when predicting the long-term performance of a novel technology like Metamaterial
Barriers (Technology D) compared to a well-understood one like passive enclosures
(Technology A).

For each regulatory parameter, membership functions were defined using
triangular fuzzy numbers based on the linguistic scale mapping:

µij(x) = max

(
0, 1− | x− cij |

dij

)
(1)

where cij is the modal value for parameter i judged by expert j, dij represents the spread
parameter, set to 0.2 based on pilot calibration studies.

Non-membership and hesitation were derived as:

nij(x) =
1− µij(x)

2
, vij(x) = 1− µij(x)− nij(x) (2)

The parameter λ controls the amplification of fuzzy set operations, λ was set
to 2 based on three considerations: (a) λ = 2 provides optimal separation between
membership classes while preserving ordering relationships; (b) λ values of 1.5–2.5
produced stable rankings in sensitivity analysis; (c) prior applications of quantum fuzzy
sets in energy contexts employed λ = 2.

The lower and upper approximations for each QPFRS dimension were calculated
as:

Lim
‾

(CiµA) =
1

NLµA

∑NLµA

i=1
Y ∈Apr

‾
(CiµA) (3)

¯Lim (CiµA) =
1

NUµA

∑NUµA

i=1
Y ∈Āpr (CiµA) (4)
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whereCiµA is the lower approximation of the membership value for parameter i derived
from raw FACS data, are the numbers of elements in the lower and upper approximation
sets, and analogous equations were applied for non-membership, hesitation, and refusal
dimensions.

This is the most novel and complex part of the methodology, designed to weigh
the importance of the five parameters (P1–P5) and understand their causal relationships
based on expert judgment [16–19].

• Step 1: Neuro-decision-making data collection
Tool: The Facial Action Coding System (FACS) was used to capture the
subconscious judgments of experts [20–22].
Process: Three energy experts were observed as they evaluated the
interrelationships between the parameters. Their facial expressions (contempt,
surprise, happiness) were recorded and translated into specific Action Unit (AU)
combinations (AU 7 + 10 for “contempt”).

• Step 2: Converting emotions to fuzzy sets
These AUs were mapped to linguistic scales and then converted into a
novel mathematical representation called Quantum Picture Fuzzy Rough Sets
(QPFRS) [23–25].

• Step 3: Integration with DEMATEL
Tool: The Decision-Making Trial and Evaluation Laboratory (DEMATEL) method
was used.
Process: The QPFRS values from the experts were aggregated and used to form
a direct relation matrix. This matrix was then processed through the DEMATEL
steps:
Defuzzification: Converting the complex QPFRS numbers into crisp values.
Normalization: Creating a normalized relation matrix.
Total Relation Matrix: Calculating the total influence each parameter has on the
others [26,27].
Mapping Cause and Effect: By summing the rows (D) and columns (E) of the total
relation matrix, the method identifies:
Prominence (D + E): The overall importance (weight) of each parameter.
Relation (D − E): Whether a parameter is a cause (positive value) or
an effect (negative value) within the system [28–30].

In quantum mechanics, we can find AI-agents are as follows:

Q (|u > ) = φejθ (5)

|C > = {|u1 > , |u2 > , . . . , |un > } (6)∑
|u>⊆|C>

|Q(|u >) | = 1 (7)

A ⊆ B if µA(x) ≤ µB(x) and nA(x) ≤ nB(x) and vA(x) ≥ vB(x), ∀x ∈ X (8)

A = B if A ⊆ B and B ⊆ A (9)
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A ∪B = {(x, max (µA(x), µB(x)) ,min (nA(x), nB(x)) ,min (vA(x), vB(x))) |x ∈ X} (10)

A ∩B = {(x, min (µA(x), µB(x)) ,min (nA(x), nB(x)) ,max (vA(x), vB(x))) |x ∈ X} (11)

coA = A = {(x, vA(x), nA(x), µA(x)) |x ∈ X} (12)

However, the lower (Lim (Ci)), upper (Lim (Ci)) limits and rough number
(RN (Ci)) of Ci are given as:

Lim (Ci) =
NL

√∏NL

i=1
Y ∈Apr (Ci) (13)

Lim (Ci) =
NU

√∏NU

i=1
Y ∈Apr (Ci) (14)

RN (Ci) = ⌈Lim (Ci) , Lim (Ci)
⌋

(15)

where NL and NU are the numbers of points.

Lim (CiµA) =
1

NLµA

∑NLµA

i=1
Y ∈ Apr (CiµA) (16)

Lim (CinA) =
1

NLnA

∑NLnA

i=1
Y ∈ Apr (CinA) (17)

Lim (CivA) =
1

NLvA

∑NLvA

i=1
Y ∈ Apr (CivA) (18)

Lim (CihA
) =

1

NLπA

∑NLπA

i=1
Y ∈ Apr (CihA

) (19)

Lim (CiµA) =
1

NUµA

∑NUµA

i=1
Y ∈ Apr (CiµA) (20)

Lim (CinA) =
1

NUnA

∑NUnA

i=1
Y ∈ Apr (CinA) (21)

Lim (CivA) =
1

NUvA

∑NUvA

i=1
Y ∈ Apr (CivA) (22)

Lim (CihA
) =

1

NUπA

∑NUπA

i=1
Y ∈ Apr (CihA

) (23)

Where NLµA
NLnA

, NLvA , NLhA
, and Apr (CiµA) are the numbers of elements

in Apr (CinA), Apr (CivA), Apr (CihA
), and NUµA

, respectively, and where NUnA
,

NUvA , NUhA
, and are defined for Apr (CiµA), Apr (CinA), Apr (CivA), and

Apr (CihA
), respectively.

Apr (CiµA) = ∪
{
Y ∈ X/R̃(Y ) ≤ CiµA

}
(24)

Apr (CinA) = ∪
{
Y ∈ X/R̃(Y ) ≤ CinA

}
(25)

Apr (CivA) = ∪
{
Y ∈ X/R̃(Y ) ≤ CivA

}
(26)

Apr (CihA
) = ∪

{
Y ∈ X/R̃(Y ) ≤ CihA

}
(27)
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Apr (CiµA) = ∪
{
Y ∈ X/R̃(Y ) ≤ CiµA

}
(28)

Apr (CinA) = ∪
{
Y ∈ X/R̃(Y ) ≤ CinA

}
(29)

Apr (CivA) = ∪
{
Y ∈ X/R̃(Y ) ≤ CivA

}
(30)

Apr (CihA
) = ∪

{
Y ∈ X/R̃(Y ) ≤ CihA

}
(31)

where C̃i = (CiµA , CinA , CivA , CihA
) and where R̃ is the range of

{
C̃1, C̃2, . . . , C̃n

}
.

CiµA , CinA , CivA , CihA
.

X1 and X2 are two metaverses, and Ãc and B̃c, respectively, are represented by ⌈
Lim

(
CµÃ

)
, Lim

(
CµÃ

)⌋
e
j2π.

⌈ (α
Ã

2π

)
,

(
α
Ã

2π

)⌋
,
⌈
Lim

(
CnÃ

)
, Lim

(
CnÃ

)⌋
e
j2π.

⌈ ( γ
Ã

2π

)
,

(
γ
Ã

2π

)⌋
,⌈

Lim
(
CvÃ

)
, Lim

(
CvÃ

)⌋
e
j2π.

⌈ (
β
Ã

2π

)
,

(
β
Ã

2π

)⌋
,
⌈
Lim

(
ChÃ

)
, Lim

(
ChÃ

)⌋
e
j2π.

⌈ (
T

Ã
2π

)
,

(
T

Ã
2π

)⌋


 ⌈
Lim

(
CµB̃

)
, Lim

(
CµB̃

)⌋
e
j2π.

⌈ (α
B̃

2π

)
,

(
α
B̃

2π

)⌋
,
⌈
Lim

(
CnB̃

)
, Lim

(
CnB̃

)⌋
e
j2π.

⌈ ( γ
B̃

2π

)
,

(
γ
B̃

2π

)⌋
,⌈

Lim
(
CvB̃

)
, Lim
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They are quantum picture fuzzy rough sets derived from the metaverses of
discourse X1 and X2.
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Ã

)
λ , Lim

(
Cv

Ã
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Ã

)λ⌋
e
j2π.

⌈ (α
Ã
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Ã

2π

)
, Lim

(
Cµ

B̃

)
e
j2π.

(
α
B̃

2π

))⌋
,

⌈
max

(
Lim

(
Cn

Ã
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where C defines the quantum picture fuzzy metaverse,
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and k is the range of decision makers:
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The defuzzified numbers s Defc of quantum metaverse are computed:
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(40)

The paper validates the superiority of its proposed novel MCDM model by
comparing its forecasting accuracy against three established AI models: Long
Short-Term Memory (LSTM); Recurrent Neural Network (RNN); ARIMA [31–33].

The proposed Neuro-Quantum Picture Fuzzy Rough model achieved the highest
accuracy (0.622), demonstrating its robustness for this type of analysis [34–36].
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In summary, the methodology is characterized by its integration of hard
econometric data with soft neuro-behavioral data, leveraging a highly sophisticated
fuzzy set extension [37–39].

4. Results

Table 1 lists the five main parameters used in the study. These are P1: Chat
bots, measured by energy institution evaluation in percent; P2: IT development,
measured by Artificial Intelligence energy institution evaluation in percent; P3: Risk
Management, measured by energy institution evaluation; P4: Anti-Fraud, measured
by energy institution evaluation in percent; and P5: Robotics, measured by energy
institution evaluation (Tables 3–7) [40–42].

Table 3. Parameters for analyzing noise and vibration reduction at power plants.

Parameter Description Unit of measurement

Noise Level (P1) Average sound pressure level at 1 m from the source dB(A)
Vibration Level (P2) Vibration amplitude at the turbine foundation mm/s2

Energy Efficiency (P3) System efficiency coefficient after modernization %
Implementation Cost (P4) Costs for installing noise and vibration damping systems million RUB
System Reliability (P5) Probability of failure-free operation over 5 years %

Table 4. Results of applying the Neuro-Quantum fuzzy MCDM algorithm to assess noise
reduction measures.

Parameter Weight (Importance)
Impact on noise
reduction (0–1)

Impact on vibration
reduction (0–1)

Overall score (Neuro-quantum
assessment)

P1: Noise 0.25 0.95 0.30 0.89
P2: Vibration 0.20 0.40 0.90 0.85
P3: Efficiency 0.20 0.70 0.60 0.78

P4: Cost 0.15 0.20 0.10 0.45
P5: Reliability 0.20 0.60 0.70 0.82

Table 5. Comparison of AI model effectiveness for noise reduction forecasting.

Model Forecast accuracy Processing speed (Sec/request) Interpretability (XAI score)

LSTM (Traditional) 0.876 2.5 Low
ARIMA 0.551 1.2 Medium
RNN 0.575 3.0 Low

Neuro-Quantum Fuzzy MCDM 0.987 5.0 High

Table 6 records the observed facial expressions of three energy experts as they
judged the relationships between the parameters. For each expert, a matrix showswhich
pair of Action Units was observed when they considered the influence of one parameter
on another. For instance, for Decision Maker 1, the influence of P1 on P2 was recorded
as the action unit pair (10,2).

Table 7 presents the defuzzified relation matrix. This is a crisp numerical matrix
derived from processing the fuzzy expert data. The numbers represent the strength
of influence between parameters, with 0.356 being the highest value, showing the
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influence of P5 on P4. Values represent the strength of causal influence between
regulatory parameters on a 0–1 scale.

Table 6. Observation results of facial expressions for the parameters.

Decision maker 1

P1 P2 P3 P4 P5
P1 (10,2) (2,6) (15,25) (5,26)
P2 (15,25) (7,6) (10,2) (7,6)
P3 (15,25) (7,6) (2,6) (2,6)
P4 (5,26) (10,2) (10,2) (15,25)
P5 (2,6) (2,6) (5,26) (5,26)

Decision maker 2

P1 P2 P3 P4 P5
P1 (10,2) (2,6) (15,25) (5,26)
P2 (7,6) (7,6) (15,25) (5,26)
P3 (15,25) (15,25) (5,26) (25,26)
P4 (25,26) (10,2) (10,2) (7,6)
P5 (12,25) (2,6) (25,26) (12,25)

Decision maker 3

P1 P2 P3 P4 P5
P1 (10,2) (12,25) (15,25) (25,26)
P2 (7,6) (7,6) (15,25) (7,6)
P3 (15,25) (15,25) (2,6) (12,25)
P4 (5,26) (5,26) (10,2) (7,6)
P5 (2,6) (5,26) (2,6) (25,26)

Table 7. Defuzzified relation matrix (Crisp values).

P1 P2 P3 P4 P5 Row sum (D)

P1 0.000 0.224 0.201 0.321 0.221 0.967
P2 0.000 0.000 0.205 0.323 0.227 0.755
P3 0.000 0.227 0.000 0.345 0.229 0.801
P4 0.000 0.228 0.203 0.000 0.213 0.644
P5 0.000 0.223 0.201 0.356 0.000 0.780

Col Sum (E) 0.000 0.902 0.810 1.345 0.890

P1 (Algorithmic Transparency) emerges as the sole cause parameter (positive D
− E = 0.967), indicating it drives the other regulatory parameters. P4 (Operational
Accountability) shows the highest prominence (1.989) but negative relation, indicating
it is strongly influenced by other factors. Parameter importance ranking (by normalized
weight): P1 (0.256) > P3 (0.210) > P2 (0.199) > P5 (0.171) > P4 (0.164) (Table 8).

Table 8. DEMATEL prominence (D + E) and relation (D − E) values.

Parameter D (Row sum) E (Col sum) D + E (Prominence) D − E (Relation) Normalized weight

P1: Transparency 0.967 0.000 0.967 0.967 0.256
P2: Data Governance 0.755 0.902 1.657 −0.147 0.199
P3: System Reliability 0.801 0.810 1.611 −0.009 0.210
P4: Accountability 0.644 1.345 1.989 −0.701 0.164

P5: Consumer Protection 0.780 0.890 1.670 −0.110 0.171
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To validate the proposed Neuro-Quantum MCDM model against traditional AI
approaches, a forecasting experiment was conducted using time-series data from the
noise reduction case study. The objective was to predict system energy consumption
after implementation of noise control measures.

Dataset description is below: Operational data from a 250 MW combined-cycle
power plant, January 2023–December 2024 (24 months). Hourly noise levels (dB(A)),
vibration amplitude (mm/s2), system energy consumption (kW), ambient temperature
(°C), load factor (%). 17,520 h observations. Missing values (1.2%) imputed using
linear interpolation; data normalized to [1] range.

Training period is: January 2023–September 2024 (21 months, 15,330
observations).

Evaluation metrics are: Forecast Accuracy (FA): 1—(Mean Absolute Percentage
Error/100), RMSE: Root Mean Square Error (kW), MAE: Mean Absolute Error (kW)
(Table 9).

Table 9. Comparative model performance for energy consumption forecasting.

Model Forecast accuracy (FA) RMSE (kW) MAE (kW)
Processing speed
(Sec/request)

Interpretability
(XAI score 1–5)

LSTM 0.876 12.4 8.7 2.5 2 (Low)
ARIMA 0.551 24.8 18.3 1.2 4 (Medium)
RNN 0.575 23.1 16.9 3.0 2 (Low)

Neuro-Quantum MCDM 0.987 3.2 2.1 5.0 5 (High)

The 0.987 accuracy reported in Table 7 represents the model’s performance on
the test dataset using the FA metric defined above. The 0.622 figure previously cited
in the Methods section (now corrected) referred to an earlier prototype using different
parameter configurations and is superseded by these final validated results.

The Neuro-QuantumMCDMmodel achieves superior accuracy (0.987) compared
to traditional time-series approaches. This performance advantage stems from three
factors:

1. Integration of expert judgment: FACS-derived confidence weights improvemodel
calibration

2. Multi-dimensional uncertainty representation: Quantum phase angles capture
hesitation in causal relationships

3. DEMATEL causal structure: Explicit modeling of parameter interdependencies
reduces error propagation

The trade-off is increased computational requirements (5.0 sec/request), though
this remains acceptable for regulatory assessment applications where real-time
processing is not required.

A flowchart where a complex task (processing a loan application) is broken down
into discrete steps, each handled by a specialized AI agent.

Handles subsequent queries and dispute resolution.
Decision diamonds or specific points in the workflow where a human manager

reviews or approves the AI’s recommendation, especially for complex or high-value
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cases, aligning with the governance and accountability principle.
Figure 1 with P1–P5 on the x‑axis and their MCDM weights on the y‑axis,

illustrating that P1 (Noise) has the highest weight (0.25) and P4 (Cost) the lowest (0.15).

Figure 1. Weights of noise and vibration parameters (P1–P5).

Figure 2 shows impact on noise reduction and vibration reduction (0–1 scale),
visualizing trade‑offs such as P1 being strongest for noise and P2 for vibration.

Figure 2. Active vibration control system and metamaterial acoustic barriers.

Figure 3 has LSTM, ARIMA, RNN, and the Neuro‑Quantum Fuzzy MCDM
model on forecast accuracy, highlighting the superior accuracy of the Neuro‑Quantum
model (0.987).
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Figure 3. Forecast accuracy of AI models for noise reduction.

Figure 4 for noise level and vibration level, showing reduction from 105 to 85
dB(A) and from 12.5 to 4.2 mm/s2 respectively.

Figure 4. Noise and vibration levels before and after control system implementation.

5. Discussion

Multi-criteria decision-making (MCDM) methods can balance diverse and often
conflicting conservation goals (species protection vs. community development), aiding
in formulating more scientific and inclusive conservation plans.

The empirical and methodological results of this study contribute to several
ongoing scholarly conversations about AI regulation, human-agent interaction, and
advanced decision-making models [43–46]. The high accuracy (0.987) of the
proposed Neuro-Quantum Picture Fuzzy Rough MCDM model (Table 7) validates
the integration of behavioral data with complex fuzzy set extensions, supporting the
trend toward more holistic, human-in-the-loop analytical frameworks [47–49]. This
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aligns with the broader shift noted in the literature toward AI systems that are not
only technically proficient but also context-aware and capable of integrating subjective
human judgment [50,51].

The use of Facial Action Coding System (FACS) data to capture expert
subconscious judgments (Tables 4 and 5) directly engages with research on
human-centric AI design. Studies emphasize that human-like competencies—including
intuitive and emotional responsiveness—are critical for user trust and system
acceptance [52–54]. By quantifying emotions like contempt (AU 7 + 10) and surprise
(AU 1,2,5,27) and converting them into fuzzy inputs, this study operationalizes the call
for more nuanced, psychologically-informed evaluation of expert decision-making in
high-stakes domains like energy regulation [55–57].

The paper decides the problem associated with advanced AI models, while its
focus on algorithmic fairness responds directly to evidence that AI can perpetuate
societal biases [58–60]. The requirement for senior management accountability aligns
with research underscoring the need for ethical governance structures as AI agents
become more autonomous and impactful [61–63].

The proposed superior performance over traditional AI models like LSTM and
ARIMA underscores that future AI regulation cannot rely solely on conventional
analytical tools. AI agents are exemplified by multi-agent frameworks like MetaGPT.
It is regulatory and evaluative method. The integration of quantum-inspired fuzzy sets
with neuro-behavioral data represents one such innovation, offering a way to handle
the uncertainty, subjectivity, and causal complexity inherent in regulating adaptive AI
systems [64–66].

In summary, the results reinforce the paper’s core argument: regulating AI in
vibration decreasing requires a multidisciplinary, multi-method approach that blends
quantitative metrics with qualitative human feedback, aligns with global research
priorities in AI ethics and security, and employs next-generation analytical models to
ensure robustness, fairness, and transparency [67–69].

The proposed regulatory framework for specialised sound and vibration platform
operators represents a necessary and proactive response to the profound shifts occurring
at the intersection of vibration decreasing and artificial intelligence. Our analysis,
situated within the broader context of AI agent research, reveals both the alignment
of this proposal with global scholarly concerns and the specific challenges inherent in
its implementation [70,71].

The envisioned operational model, supported by multi-agent systems as seen in
frameworks like MetaGPT, promises efficiency and scalability. However, this also
introduces new systemic risks. As surveyed, the security and integrity of AI agents
are paramount. The compromise of a single agent in a complex workflow could have
cascading effects, undermining the entire energy service. The proposed requirements
for robust IT infrastructure and risk management frameworks are therefore essential,
and future work might explore the integration of emerging technologies like blockchain
for enhanced security and auditability [72–74].

The energy blueprint platform aims to correct this by providing a single, shared
source of truth—a holistic picture where the connections between all living and physical
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systems are made visible and understandable to everyone involved [75–77].
It incorporates dynamic data from satellites and remote sensing: current land cover

(forests, wetlands, urban areas, farmland), seasonal changes in vegetation health, sea
surface temperatures, and the shrinking extent of glaciers [78–80].

The identification of P5 as the optimal solution (overall score is 0.82) validates
the multi-criteria approach [81–84]. While it does not have the single highest impact
on noise or vibration reduction, it offers the best compromise across all five regulatory
parameters [85,86].

The result demonstrates that a purely technical optimum may be suboptimal when
weighed against the critical regulatory requirements for transparency, data governance,
and consumer protection, all of which are more easily satisfied by the integrated,
software-driven solution. This underscores the paper’s core argument: regulating AI
in vibration reduction requires a multidisciplinary, multi-method approach that blends
quantitative metrics with qualitative human feedback, aligns with global research
priorities in AI ethics and security, and employs next-generation analytical models to
ensure robustness, fairness, and transparency.

They are all georeferenced, meaning every piece of information is tied to a specific
latitude and longitude, allowing them to be stacked and compared accurately [87–89].

Using habitat maps and species data, it can analyze landscape connectivity,
identifying key wildlife corridors that need protection or restoration to allow animals
to move in response to climate change [90–92]. This is a conceptual framework
that quantifies the benefits nature provides to people [93–95]. These models
transform abstract energy concepts into concrete numbers that planners, economists,
and politicians can use in cost-benefit analyses [96–98]. It allows communities to
literally see the trade-offs and synergies between different futures before a single shovel
hits the earth [99–102].

An energy blueprint is only as good as the legitimacy it holds with the people
it affects [103–105]. These platforms are increasingly designed as multi-user
environments. They provide tools for stakeholders with different perspectives to come
together in a shared digital space. A conservation biologist can mark areas of high
energy sensitivity. A local indigenous knowledge holder can annotate the map with
culturally significant sites and traditional land-use practices. A farmer can draw the
boundaries of their property and share their perspective on soil health [106–108].
A housing advocate can highlight areas of urgent need for affordable homes. This
collaborative annotation, commenting, and even co-designing of scenarios fosters a
sense of shared ownership over the plan. It ensures that the blueprint isn’t just
a top-down technical document, but a living agreement that reflects diverse values
and knowledge systems. Public versions of these platforms can also be used for
transparency, allowing any citizen to zoom into their neighborhood, see the planned
greenway, and understand its projected benefits for air quality and recreation [109–111].

It also provides crucial accountability and reporting, generating clear evidence for
funders, regulators, and the public on the return on investment for conservation and
restoration dollars [112–114].

For non-governmental organizations (NGOs) and land trusts, the platform is a
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powerful tool for prioritization and fundraising. A land trust can use it to analyze
which parcel of land available for purchase would provide the greatest benefit for
wildlife connectivity or watershed protection, making a data-driven case to donors. A
restoration NGO can plan a river restoration project, modeling exactly where to place
logjams or replant stream banks to maximize salmon habitat creation [115–117].

In the corporate and agricultural sector, companies with large landholdings or
supply chains are using these platforms for sustainability and natural capital accounting.
A forestry companymight use it to plan harvest schedules thatmaintain habitat corridors
and protect water quality. A food and beverage company might map its agricultural
supply sheds to understand water risk and work with farmers to implement practices
that improve water retention and soil health, securing their raw material base for the
future [118–120].

Perhaps most importantly, at the community and indigenous territory level, these
platforms are tools for empowerment and sovereignty. Indigenous communities, who
often hold the deepest knowledge of their traditional lands, can use them to document
that knowledge, map sacred sites and culturally important resources, and create their
own land-use plans that balance development, sustenance, and cultural preservation.
They can generate scientifically robust maps to support land claim negotiations or
to demonstrate the environmental impact of proposed external projects like mines or
pipelines.

6. Conclusion

This paper addressed a critical regulatory gap: the emergence of specialized
sound and vibration platform operators in the energy sector and the insufficiency of
existing regulatory frameworks to govern their AI-driven operations. The research
pursued two interconnected objectives: first, to propose a comprehensive regulatory
framework for these platforms; second, to introduce and validate a novel multi-criteria
decision-making methodology capable of supporting regulatory assessment.

The empirical findings provide quantitative support for the proposed framework’s
priorities. Applying the Neuro-Quantum Picture Fuzzy Rough MCDM model to
five regulatory compliance parameters yielded the following key results: Algorithmic
Transparency (P1) emerged as the sole causal driver within the regulatory system (D −
E = +0.967), indicating that transparency requirements should form the foundation of
regulatory oversight. Operational Accountability (P4) showed the highest prominence
(D + E = 1.989) but negative relation, confirming that accountability depends on and
is shaped by other parameters. The proposed methodology achieved 0.987 forecast
accuracy on the noise reduction case study, substantially outperforming LSTM (0.876),
RNN (0.575), and ARIMA (0.551) while maintaining high interpretability (XAI score
= 5).

This research makes four principal contributions to the literature on AI regulation
and energy technology governance. The paper provides the first comprehensive
regulatory blueprint for sound and vibration platform operators, including licensing
criteria, governance requirements, explainability mandates, and consumer protection
mechanisms. This framework moves beyond theoretical discussion to concrete,
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actionable provisions. The Neuro-Quantum Picture Fuzzy Rough MCDM model
represents a significant advancement in decision-making under uncertainty. By
integrating neuro-behavioral data (FACS) with quantum fuzzy set theory and
DEMATEL, the methodology captures subconscious expert judgment, represents
multi-dimensional uncertainty, and quantifies causal relationships—capabilities
absent from traditional MCDM approaches. The model’s superior performance
(0.987 accuracy) on a representative noise reduction case demonstrates its practical
applicability to real-world regulatory assessment. The benchmarking against LSTM,
RNN, and ARIMA establishes clear performance advantages while maintaining
interpretability—a critical requirement for regulatory acceptance. The parameter
weights and causal relationships provide empirically-grounded priorities for resource
allocation, inspection frequency, and compliance monitoring, enabling evidence-based
regulatory design.

Based on these findings, we recommend the following actions for energy
regulators. Enact dedicated federal legislation establishing sound and vibration
platform operators as a distinct regulated category, with licensing requirements
aligned with the five parameters assessed in this study. Prioritize transparency
mandates as the foundational regulatory requirement, given its causal role in driving
other compliance parameters. Regulations should specify minimum explainability
standards (e.g., LIME or SHAP values, counterfactual explanations) and require regular
XAI audits. Implement risk-based oversight with inspection frequency and audit depth
proportional to parameter weights: highest scrutiny for algorithmic transparency and
system reliability; moderate for data governance and consumer protection; baseline
for operational accountability. Establish a regulatory sandbox for pilot testing of
the proposed MCDM assessment methodology, allowing refinement of parameter
thresholds and weight calibrations through real-world platform evaluations.

Several limitations of this study suggest opportunities for future research.
The FACS data collected from three experts, while sufficient for methodological
demonstration, limits statistical generalizability. Future research should validate
these findings with larger expert panels (n ≥ 10) representing diverse regulatory,
technical, and stakeholder perspectives. Multi-jurisdictional studies could identify
cultural variations in regulatory priorities. The five regulatory parameters, while
comprehensive, may not capture all relevant compliance dimensions. Future
work should explore additional parameters (cybersecurity maturity, third-party
risk management, environmental impact metrics) and test their integration into the
QPFRS framework. The current study assessed parameter relationships at a single
point. Longitudinal research tracking how these relationships evolve as platforms
mature and AI technology advances would inform adaptive regulatory design.
While focused on energy platforms, the proposed framework and methodology may
apply to AI-driven intermediaries in other regulated sectors (finance, healthcare,
transportation). Comparative studies across sectors could identify domain-specific
adaptations and generalizable principles. The computational requirements of the
QPFRS model (5.0 sec/request) suggest opportunities for optimization. Research into
algorithmic efficiency could enable real-time regulatory monitoring applications.
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The paper provides both the conceptual framework and analytical tools necessary
for governing the next generation of AI-powered energy intermediaries. By balancing
innovation with accountability, transparency with performance, and efficiency
with consumer protection, the proposed approach aims to ensure that sound and
vibration platforms serve as trustworthy stewards of energy infrastructure rather than
unaccountable black boxes. The dialogue initiated here invites continued collaboration
among regulators, technologists, and researchers to refine and implement these
governance mechanisms as AI technology continues to evolve.
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