
Academic Editor: Dimitris Damigos

Received: 31 August 2025

Revised: 20 September 2025

Accepted: 24 September 2025

Published: 26 September 2025

Citation: Rojek, I.; Mikołajewski, D.;

Prokopowicz, P. The Impact of Novel

Artificial Intelligence Methods on

Energy Productivity, Industrial

Transformation and Digitalization

Within the Framework of Energy

Economics, Efficiency and

Sustainability. Energies 2025, 18, 5138.

https://doi.org/10.3390/

en18195138

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Review

The Impact of Novel Artificial Intelligence Methods on Energy
Productivity, Industrial Transformation and Digitalization
Within the Framework of Energy Economics, Efficiency
and Sustainability
Izabela Rojek * , Dariusz Mikołajewski and Piotr Prokopowicz

Faculty of Computer Science, Kazimierz Wielki University, Chodkiewicza 30, 85-064 Bydgoszcz, Poland;
dariusz.mikolajewski@ukw.edu.pl (D.M.); piotr.prokopowicz@ukw.edu.pl (P.P.)
* Correspondence: izabela.rojek@ukw.edu.pl

Abstract

This review examines the transformative impact of innovative artificial intelligence (AI)
methods on energy productivity, industrial transformation, and digitalization in the context
of energy economics, energy efficiency, and sustainability. AI-based tools are revolution-
izing energy systems by optimizing production, reducing waste, and enabling predictive
maintenance in industrial processes. Integrating AI increases operational efficiency across
various sectors, significantly contributing to energy savings and cost reductions. Using
deep learning (DL), machine learning (ML), and generative AI (genAI), companies can
model complex energy consumption patterns and identify efficiency gaps in real time.
Furthermore, AI supports the renewable energy transition by improving grid management,
forecasting, and smart distribution. The review highlights how AI-assisted digitalization
fosters smart production, resource allocation, and decarbonization strategies. Economic
analyses indicate that AI implementation correlates with improved energy intensity indi-
cators and long-term sustainability benefits. However, challenges such as data privacy,
algorithm transparency, and infrastructure investment remain key barriers. This article
synthesizes current literature and case studies to provide a comprehensive understanding
of AI’s evolving role in transforming energy-intensive industries. These findings highlight
AI’s crucial contribution to sustainable economic development through improved energy
efficiency and digital innovation.

Keywords: artificial intelligence; deep learning; machine learning; generative AI; edge
computing; energy efficiency; sustainability

1. Introduction
The impact of artificial intelligence (AI) on energy productivity began with the inte-

gration of machine learning with demand forecasting, enabling more accurate predictions
of consumption patterns in the energy economy [1]. Early applications in smart grids
demonstrated that AI can dynamically balance supply and demand, improving system
efficiency and reducing energy waste [2]. With the rise of Industry 4.0, AI has begun to
transform industrial transformation by automating energy-intensive processes and opti-
mizing production workflows [3]. AI-powered predictive maintenance has become a key
tool for preventing equipment failures, thereby improving energy efficiency and reduc-
ing operating costs. Industrial digitization has introduced large-scale data streams from
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IoT sensors, laying the foundation for AI-based analytics for energy productivity [4]. As
industries have become increasingly data-centric, AI techniques such as reinforcement
learning have begun to optimize production scheduling and real-time energy allocation.
Edge computing has fueled this transformation by enabling local, low-latency energy
analysis, reducing reliance on centralized cloud systems. Digital twins have emerged as
powerful tools in energy economics, enabling simulation of industrial energy consumption
and supporting more sustainable design decisions [5]. From a sustainability perspective,
AI-based energy optimization has contributed to reducing carbon footprints and promoting
the integration of renewable energy [6]. These methods have also begun to support circular
economy models, where AI helps minimize resource waste and maximize efficiency in
production chains [7]. In the industrial transformation, AI-based robotics and autonomous
systems have reduced human error and improved energy-conscious production processes.
In politics and economics, governments and corporations have begun to recognize AI as a
driver of energy productivity, encouraging research and implementation [8]. The evolution
of understandable AI and ethical frameworks has addressed societal concerns, ensuring
transparency and accountability for digitalization in the energy sector [9]. Together, these
advances have marked a shift from reactive to proactive energy management, transforming
energy efficiency into a strategic asset for industry. Today, AI sits at the intersection of
energy economics, industrial digitalization, and sustainability, shaping a future where
productivity and environmental responsibility converge [10].

The application of AI to energy productivity, industrial transformation, and digitaliza-
tion has evolved through various phases within the fields of energy economics, efficiency,
and sustainability [11]. In the 1950s and 1970s, early AI methods, such as expert systems,
were primarily conceptual, with limited application in energy modeling due to compu-
tational constraints. In the 1980s, rule-based systems and optimization algorithms began
supporting energy demand forecasting and efficiency planning in industry. The 1990s saw
the introduction of neural networks and evolutionary algorithms, enabling more accurate
load forecasting, fault detection, and efficiency optimization. In the 2000s, the development
of big data and advanced sensor technologies enhanced AI-based energy monitoring, en-
abling industries to begin integrating digitalization into operational processes [12]. Since
the 2010s, machine learning and deep learning have advanced predictive maintenance,
smart grid management, and dynamic energy optimization in industry. In the mid-2000s,
AI became a central element of Industry 4.0, driving the development of cyber-physical
systems, intelligent automation, and resource-efficient manufacturing [13]. In the 2020s,
reinforcement learning (ML) and hybrid AI models enabled real-time adaptive control of
energy systems, accelerating the integration of renewable energy sources and industrial
decarbonization. Current research emphasizes explainable AI and edge computing to
improve transparency, trust, and energy-efficient digitalization [14]. In the future, AI is
expected to underpin sustainable industrial ecosystems by balancing energy efficiency,
economic growth, and carbon neutrality goals in a digitally connected global economy
(Figure 1).

The influence of AI largely depends on the volume, accuracy, and detail of energy and
industrial data collected via Internet of Things (IoT) and sensor networks. Furthermore,
access to high-performance computers and edge devices influences the efficiency of AI’s
real-time processing and optimization of energy systems [15]. The degree to which AI is
used to manage and integrate renewable energy sources also determines its impact on
sustainability and energy efficiency. Supportive regulations, incentives, and standards
enhance AI’s transformative role, while fragmented policies and a lack of support can
hinder its implementation and discourage potential investors, as the upfront costs (planning,
construction, and implementation) are high [16]. Therefore, the willingness of industry
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and governments to invest in AI-based digitalization significantly influences its impact on
energy efficiency and productivity. Seamless communication (interoperability) between
various devices, platforms, and industrial systems enhances AI’s effectiveness in driving
industrial transformation. The evolution of innovative AI methods and techniques, such as
reinforcement learning, explainable AI, edge AI, and federated learning, and their relatively
simple and low-cost access, are increasing the reliability and scalability of applications
in the energy sector [17]. In the current geopolitical environment, robust protection of
AI-based energy infrastructure against cyberthreats impacts trust, adoption, and long-term
sustainability. The availability of skilled professionals capable of implementing, managing,
and interpreting AI solutions is also crucial, as they can deliver significant societal and
industrial benefits. The range of collaborations between industries, governments, and
research institutions (from regional to global) is strengthening the dissemination of AI
innovations across energy and industrial ecosystems.

Figure 1. Milestones of development of AI methods on energy productivity, industrial transformation
and digitalization (own approach). ML—machine learning, DL—deep learning, XAl—eXplainable
AI, genAI—generative AI.

An important gap is the lack of standardized, high-quality datasets across industries,
which limits the reliability and scalability of AI applications for energy efficiency. Many
innovative AI methods require significant computing power, which can increase energy
consumption and contradict sustainability goals [18]. Traditional industrial infrastructure
often struggles to integrate with AI-based systems, slowing down digitalization and energy
efficiency improvements and requiring significant preparation and investment. The “black
box” nature of advanced AI models creates trust and accountability issues in energy
economics and industrial decision-making. Decentralized and AI-based energy systems
introduce new security vulnerabilities, but research into secure-by-design AI applications
remains insufficient. The high upfront costs of implementing AI-based solutions prevent
small and medium-sized enterprises from widely adopting them, leading to an uneven
transition [19]. Current regulations have not kept pace with technological advances, leaving
uncertainty about liability, compliance, and ethical standards for AI in energy management.
Many successful AI demonstrations are limited to pilot projects, with limited application
in large industrial or urban environments, and their scalability is difficult to predict. A
lack of expertise in AI, energy systems, and digitalization slows the adoption and effective
use of innovative methods in industry. Although AI is designed to increase efficiency, its
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resource-intensive training and implementation can undermine long-term environmental
sustainability [20].

This article aims at examination of the extent to which existing opportunities have been
exploited in applying new AI methods to energy productivity, industrial transformation,
and digitalization within the framework of energy economics, efficiency, and sustainabil-
ity. We consider, on the one hand, the energy crisis and the need for sustainability and
accelerated development of renewable energy sources, and, on the other, the impact of
public awareness on the failure of electric cars, car sharing, and public transport in some
countries. Therefore, from a systemic perspective, this problem is complex, and the answer
may require extensive additional analysis.

2. Materials and Methods
2.1. Dataset

This bibliometric review was conducted to check the state of research, knowledge,
and practice in the field of the impact of novel artificial intelligence methods on energy
productivity, industrial transformation, and digitization within the framework of energy
economics, efficiency, and sustainability. Well known and commonly applied bibliometric
methods were used to identify and analyze recently published (i.e., up to 10 years ago,
between 2016 and 2025) global scientific publications. The inclusion criteria for articles in
the review were as follows: original articles and review articles in English, as well as full-
text conference papers and book chapters, open source, indexed in four major bibliometric
databases: WOS, Scopus, PubMed, and dblp. Exclusion criteria for the review included
languages other than English, other forms of publication (reports, abstracts, etc.), and lack
of full-text (open source). Research questions (RQs) were also formulated to help identify
key areas including the current state of research, the origin of publications (affiliation,
country, sources of funding), publication leaders, heads of research teams) and, where
possible, the evolution of research topics in recent years:

• RQ1: evolution of research topics over time;
• RQ2: geographical distribution of research, publications, authors, institutions and

if available,
• RQ3: publications with the highest impact and topics that may shape future

research programs.

This is particularly relevant to the results of our review due to the quick changes in
research in the areas of AI, energy transition, cybersecurity, green technologies (includ-
ing Green AI), and sustainability, which have a key impact on AI-based data on energy
efficiency in smart environments. Furthermore, where possible, we attempted to iden-
tify Sustainable Development Goals (SDGs) describing the publications included in the
review. It is a part of a global transformation preparing society for the world of 2030 and
beyond, respecting the environment and creating a better world for future generations. This
method of analysis allows for a more comprehensive understanding of the areas and pace
of development of past and current research, as well as economic, social, legal, and ethical
trends. This indirectly also allows for AI-based business strategies and practices in the
development of technologies related to AI-based data analysis for energy efficiency in smart
environments that generate and distribute energy, and in the users themselves. This enables
understanding and planning of further development activities in this field and allows for
better matching of the potential of future researchers in technological and regulatory areas,
taking into account the social context of the proposed changes (the need for social accep-
tance). According to paradigms of Industry 4.0 (automation, robotics, technical control
throughout the entire production cycle), Industry 5.0 (humans and the environment at
the center), and Industry 6.0 (empowering humans in production processes, sustainability,
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and supply chain resilience), it is imperative to better understand development efforts and
strengthen their potential today. Such a forward-looking interpretation of current, relevant
bibliometric data will undoubtedly enrich discussions and provide a solid foundation for
future research and analysis.

2.2. Methods

This study utilized a search of four bibliographic databases: Web of Science (WoS),
Scopus, PubMed, and dblp. This combination of databases allowed for the broadest
available search of research with global significance for the advancement of knowledge
and its applications (Figure 2, Table 1). To identify the leading results of the review more
quickly, appropriate filters were applied, and then further analysis steps could focus only
on this selected literature, narrowing the scope of the search to articles in English. After
filtering, each article was manually reviewed again by three independent experts to ensure
that it met the inclusion criteria, the final sample size was determined. In the next step,
key characteristics of the dataset were analyzed, such as the most frequently occurring
authors and research groups, affiliations, countries, funding method (if reported), scientific
fields, and topic groups. This allowed for mapping the main research achievements in
the study area and identifying the most common trends. Where possible, temporal trends
were observed to monitor changes over time and group publications into thematic clusters.
This process highlighted important themes and subfields within the study area, including
emerging ones.

Figure 2. PRISMA 2020 flow diagram.
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Table 1. Bibliometric analysis procedures (own approach).

Name of Stage Tasks

Defining study aim(s) Defining aim(s) of the bibliometric analysis

Selecting bibliometric
database(s)

Selecting appropriate database(s), dataset(s) and developing research queries
according to the aim(s) of the study

Data
preprocessing/preparation

Removing duplicates and irrelevant records from the collected dataset, classification of
the records to adapt them to the requirements of the ML training set

Bibliometric
software selection Selection of optimal tools from the area of bibliometric software for analysis

Data and metadata analysis Description, keywords, type of publication, author(s), affiliation, area/topic, country,
etc.

Analysis
results/visualization of results

(where possible)
Visualization of the results to emphasize insights

Interpretation
of results and discussion Interpreting results in the context of the research questions (RQs)

The included publications were manually assessed by three independent experts in
this research area, with acceptance based on consensus among at least two of them. The
included studies on the impact of novel AI methods on energy productivity, industrial trans-
formation, and digitalization are generally credible, as most are based on peer-reviewed
data sources, well-established modeling frameworks, and validated performance metrics.
However, they may contain sampling errors, as case studies often focus on specific in-
dustries, regions, or energy systems, limiting the generalizability of the results. There is
also a risk of methodological bias, where researchers favor specific AI models (e.g., neural
networks) without sufficient comparison with alternative approaches. Data quality issues
can arise, including incomplete, noisy, or outdated datasets, which can distort efficiency
or sustainability results. Interpretation errors can occur when complex AI results are sim-
plified to draw economic or policy conclusions, potentially leading to overestimation of
benefits or underestimation of risks.

To facilitate replication and comparability of this review, we applied selected elements
of the PRISMA 2020 Guidelines for Bibliographic Reviews (Figure 2, Supplementary Ma-
terials: PRISMA 2020 Checklist (partial only)). This allowed for a clearer structuring of
the research process. The focus was on ten selected PRISMA 2020 items (presented in the
Supplementary Materials):

• Item 3 (justification);
• Item 4 (objectives);
• Item 5 (eligibility criteria);
• Item 6 (information sources);
• Item 7 (search strategy);
• Item 8 (selection process);
• Item 9 (data collection process);
• Item 13a (synthesis methods);
• Item 20b (synthesis results);
• Item 23a (discussion).

This review utilized tools built-in the WoS, Scopus, PubMed, and dblp databases for
bibliometric analysis. The selected review methodology allows for precise categorization
by author(s), affiliations, keywords, research areas, and sources of founding, standardized
across all the mentioned databases. Analytical results are presented in text and visualized
to provide a coherent view tailored to the complexity of the topic.
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Several methodological issues have consistently raised serious doubts about the valid-
ity of the literature on emerging AI approaches in energy productivity, industrial transfor-
mation, and digitalization. Many studies rely on small-scale case studies or simulations,
limiting the generalizability of their findings to broader industrial or regional contexts. Stan-
dardized evaluation metrics are often lacking, making comparisons across AI models and
applications difficult. A heavy reliance on proprietary or incomplete datasets introduces
bias and raises concerns about replicability. Much of the literature emphasizes technical
efficiency gains without sufficient analysis of long-term economic, social, or sustainability
impacts. Publication bias favors positive results, while reporting on failed implementa-
tions or negative impacts is limited. Few studies address the interdisciplinary integration
necessary for a holistic assessment of AI impact, particularly in the context of economics,
policy, and environmental sustainability. The literature often lacks longitudinal analyses,
which are crucial for assessing whether improvements in energy efficiency and productivity
resulting from AI are sustainable in the long term. Our literature review attempts to at least
partially address these methodological issues.

3. Results
3.1. Data Sources

To refine the search in the selected databases, filtered queries were used, limiting the
results to English-language articles published between 2016 and 2025. The search was
conducted as follows:

• In the WoS database, the “Subject” field (i.e., title, abstract, keywords, and other
keywords) was used;

• In Scopus, the title, abstract, and keywords were used;
• In PubMed and dblp, manual keyword sets were used.

The databases were searched for articles using keywords such as “artificial intelligence”
OR “AI,” “machine learning” OR “ML,” “deep learning” OR “DL” AND “energy efficiency”
OR “energy productivity” OR “energy transformation” OR “energy optimisation” AND
“Industry 4.0” OR “Industry 5.0” OR “Industry 6.0” AND “sustainable development” OR
“sustainability” (Table 2).

Table 2. Databases search query (own version).

Parameter/Feature Detailed Description

Inclusion criteria Books, book chapters, articles (original, reviews, editorials), and conference proceedings, in English

Exclusion criteria Articles, books, chapters older than 10 years, letters, conference abstracts without full text, in other
languages than English

Keywords used Artificial intelligence, machine learning, energy efficiency, energy productivity, energy transformation,
energy optimization/optimization and similar

Used field codes (WoS) “Subject” field (i.e., title, abstract, keyword plus and other keywords)

Used fields (Sopus) Article title, abstract and keywords

Used fields (PubMed) Manually

Used fields (dblp) Manually

Boolean operators used Yes

Filters used Results were refined by year of publication, document type (e.g., articles and reviews), and subject area
(e.g., industry, engineering, computer science, and physics)

Iteration/validation option(s) The query is used iteratively, refined in subsequent iterations based on the previous results, and
verified by checking whether relevant publications appear among the top results

Wildcarts and leverage truncation Used symbol * for word variations (e.g., “energ*” for “energy” or “energetic”)
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In the next step the set of publications selected in the previous selection stages was
further refined by manually re-selecting articles and removing irrelevant publications and
duplicates to determine the final sample size. A summary of the bibliographic analysis
results is presented in Table 3 and Figures 3–6. Sixty one articles (published between 2021
and 2025) were reviewed.

In response to RQ1, the evolution of research topics over time clearly demonstrates a
path from early research on energy efficiency and optimization using classical mathematical
models to the more recent integration of AI-based methods for forecasting, control, and
decision support in energy systems. The timeline also reflects a gradual shift from isolated
case studies to holistic analyses linking energy productivity with industrial transformation
and digitalization. In response to RQ2, the geographical distribution indicates a strong con-
tribution from countries with active clean energy programs, such as India, and European
Union members, where collaboration networks between universities, research institutes,
and industry are particularly extensive. High-impact publications often arise from in-
terdisciplinary research centers and partnerships that connect AI specialists with energy
economists and industrial engineers. Slowly emerging leading authors and institutions
set methodological standards, shaping citation patterns and setting research priorities in
different regions. Regarding RQ3, future research agendas will likely be shaped by topics
such as deep learning in smart grids, reinforcement learning in adaptive energy manage-
ment, and AI-based digital twins for industrial processes. Another emerging direction is
the integration of AI into sustainability assessment systems, enabling precise assessment
of carbon footprints and efficiency gains in real time. Digitalization and Industry 5.0/6.0
concepts will push AI research toward human-centric and resilient energy systems sup-
ported by increasing social awareness, rather than solely profit-driven optimization. New
AI methods will also support cross-sectoral applications, connecting energy economics
with transportation, manufacturing, and healthcare through predictive and optimization
tools. Taken together, the answers to these RQs underscore that the impact of AI on energy
productivity, industrial transformation, and sustainability is global and rapidly evolving,
requiring coordinated attention from researchers and policymakers.

Table 3. Summary of the results of bibliographic analysis (WoS, Scopus, PubMed, and dblp).

Parameter/Feature Value

Years of publication Lack of publications before 2021–2025

Leading types of publication Article (39.30%), Proceeding paper (26.20%), Book
chapter (11.50%), Review article (11.50%)

Leading areas of science (there is more than one
possible for a single article)

Engineering Electrical Electronic (38.18), Computer
Science Information Systems (34.55%),
Telecommunications (34.55%)

Leading country/countries India (16.36%)

Leading author(s) None prevalent

Leading affiliation(s) None prevalent

Leading funders (where information concerning
founding is available) None prevalent

Leading Sustainable Development Goals (SDGs)
Responsible Consumption and Production, Industry
Innovation and Infrastructure, Sustainable cities and
Communities, Good Health and Well Being
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Figure 3. Results by year.

Figure 4. Results by type.

Figure 5. Results by area.
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Figure 6. Results by country.

3.2. Advanced Digital Transformation in the Energy Sector

AI-based tools are transforming energy systems and industrial processes, leveraging
a range of advanced technologies. ML algorithms play a crucial role, optimizing energy
production by analyzing historical and current data to forecast demand, balance supply,
and more effectively integrate renewable energy sources (Figure 7) [21].

Figure 7. Simplified energy supply chain (own version based on [2]).

Predictive analytics based on deep learning (DL) enables early detection of anomalies
in equipment operation, reducing downtime and extending asset life. Reinforcement
learning (RL) methods dynamically optimize control systems in factories and power plants,
adapting energy consumption to changing conditions (Figure 8) [22].

DTs technologies create virtual replicas of machines and processes, enabling continu-
ous monitoring, performance optimization, and scenario testing without disruption. IoT
sensors provide AI systems with detailed data on energy flows, temperatures, vibrations,
and pressures, improving the accuracy of waste detection and performance monitoring
(Figures 9 and 10) [23,24].
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Figure 8. Factors influencing energy consumption within sustainable resilient manufacturing (own
version based on [2]).

Figure 9. Sample DTs infrastructure (own version based on [1]).

Figure 10. Key current areas of AI-based DTs in sustainable manufacturing (own version based
on [1]).
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Edge AI causes that this data is processed locally (in real time), reducing latency and
energy consumption compared to cloud-based solutions. Vision systems further enhance
predictive maintenance by analyzing thermal images, visual inspections, and wear patterns
of industrial equipment. Natural language processing (NLP) powers energy management
platforms that can interpret human queries, generate reports, and recommend optimization
strategies. Together, these technologies enable a shift toward smarter, cleaner, and more
sustainable industrial ecosystems where energy consumption is minimized, productivity is
maximized, and environmental impact is significantly reduced [25,26].

3.3. Integrating AI Increases Operational Efficiency Across Various Sectors, Significantly
Contributing to Energy Savings and Cost Reductions

AI integration in the industrial and service sectors increases operational efficiency
of the entire system by enabling data-driven decision-making and real-time optimization.
In manufacturing, AI-based predictive maintenance reduces unplanned downtime and
extends equipment life, directly reducing energy consumption and repair costs [27]. In
logistics, ML algorithms optimize routing and fleet management, minimizing fuel con-
sumption and improving delivery efficiency. Smart grids use AI to forecast demand and
dynamically balance loads, reducing energy consumption and shaping integration with
renewable energy sources. In buildings, AI-based systems autonomously manage heating,
cooling, and lighting, achieving significant energy reductions. In agriculture, AI-based
precision farming optimizes irrigation, fertilizer use, and machine scheduling, reducing
resource waste and energy costs. The financial services and IT sectors benefit from AI-
based workload management, which reduces server energy demand through efficient data
processing and cloud optimization. In the healthcare sector, AI is improving hospital oper-
ations, from patient flow to energy-efficient equipment use [28–35]. Retail and commercial
businesses are leveraging AI to optimize supply chains and intelligently manage inventory,
reducing both operating costs and energy consumption. The Green AI paradigm focuses on
using less energy-intensive AI methods, while the eXplainable AI (XAI) paradigm focuses
on human-readable decision-making from AI systems. Collectively, these sector-wide
applications demonstrate that AI is a key enabler of energy efficiency, cost reduction, and
sustainable growth in the global economy [36]. This clearly impacts national economies,
including small and medium-sized enterprises (SMEs).

New AI methods have delivered measurable energy savings across multiple sectors.
Logistics applications, such as AI-based HVAC (heating, ventilation, and air conditioning)
control in cold storage facilities, have seen annual electricity consumption reductions of up
to 30% (~850,000 kWh/year). In industrial energy systems, AI-powered predictive main-
tenance and process optimization have demonstrated a 10–20% reduction in operational
energy consumption, resulting in lower costs and carbon emissions. In agriculture, AI-
optimized irrigation systems, such as Netafim’s, have reduced water consumption by 50%
while also reducing the energy required for pumping and distribution. Greenhouse automa-
tion projects, such as iGrow, have seen a 92.7% increase in net profit and a 10.15% increase
in yield, achieved in part by improved energy and input efficiency. AI-based predictive
building control in institutional facilities has achieved 23.9% lower natural gas consumption
and 6.3% lower winter heating demand. In construction and building operations, AI-based
digital twins and intelligent control systems can reduce material consumption by up to 40%
and achieve 20–30% energy savings compared to conventional methods. Indoor agriculture
research has shown that AI can reduce the energy intensity of lettuce production from
~9.5 kWh/kg to ~6.42 kWh/kg, representing a significant improvement in food system
sustainability. In wind energy logistics, AI/ML tools are expected to reduce installation
and transportation costs by 10% globally, indirectly reducing emissions associated with
heavy equipment use and transportation. AI-based monitoring in ports and supply chains,
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such as Awake.AI, provides tools to quantify and reduce CO2 emissions from Scope 1–3
sources, helping cities achieve their climate goals. Statistical evidence to date shows that AI
contributes not only incremental but also double-digit percentage improvements in energy
savings and emissions reductions, confirming its role as a key driver of energy efficiency,
industrial transformation, and sustainable development.

3.4. Using ML, DL, and genAI Companies Can Model Complex Energy Consumption Patterns

ML enables companies to analyze massive datasets from sensors, meters, and indus-
trial processes, uncovering complex energy consumption patterns that are difficult to detect
with traditional methods. Using anomaly detection algorithms, ML can identify real-time
performance gaps, such as unexpected demand spikes or equipment inefficiencies [37]. DL
enhances this process by using neural networks to model nonlinear relationships between
variables, increasing the accuracy of energy demand forecasting and predictive mainte-
nance. DL also supports renewable energy integration by forecasting solar and wind energy
generation variability with increased precision, enabling to more efficiently balance supply
and demand [38]. GenAI introduces a new dimension by creating synthetic scenarios and
simulations of energy systems, helping companies test different operational strategies with-
out physical risk. GenAI can generate digital twins of entire energy grids, enabling scenario
analysis for demand response, storage optimization, and outage management. Together,
ML, DL, and genAI enable smart distribution systems to dynamically allocate resources,
reducing losses and improving reliability [39]. These technologies also enable utilities to
more seamlessly integrate distributed renewable energy sources, such as rooftop solar PV
and microgrids, into national systems. Real-time analytics from AI-based models ensure
grid stability even with high renewable energy deployments, while reducing costs and
emissions [40]. The synergy of ML, DL, and genAI accelerates the transition to renewable
energy, enabling the creation of more resilient, efficient, and adaptive energy ecosystems
(Figure 11) [41–43].

Figure 11. Synergy of technologies and approaches within sustainable smart factory (own version
based on [2]).
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3.5. AI-Assisted Digitalization Fosters Smart Production, Resource Allocation, and
Decarbonization Strategies

AI-powered digitalization supports smart manufacturing by enabling monitoring and
optimization of industrial processes in real time, ensuring minimal energy waste and maxi-
mum production efficiency [44]. Using advanced analytics, AI systems dynamically allocate
resources to match supply with demand while minimizing downtime and overproduction.
AI-based predictive maintenance further reduces energy intensity, extending equipment
life and preventing costly breakdowns [45]. In asset management, AI-based platforms
optimize raw material consumption, recycling, and supply chain logistics, contributing
to the implementation of circular economy practices. This efficiency directly supports
decarbonization strategies by reducing the carbon footprint in energy-intensive industries.
Economic analyses show that companies implementing AI experience measurable improve-
ments in energy intensity, meaning they generate more energy with less energy [46]. Smart
grids and dedicated decentralized energy management systems based on AI facilitate
the integration of sources of renewable energy, further accelerating the achievement of
carbon reduction goals [47]. Over time, these technologies not only reduce operating
costs but also provide resilience to volatile energy markets. Research also suggests that
AI implementation correlates with long-term sustainability benefits, including increased
competitiveness and compliance with climate policies [48]. AI-assisted digitalization aligns
industrial transformation with global sustainability goals, making energy systems cleaner,
smarter, and more economically viable (Figure 12) [49].

Figure 12. Key issues in sustainable energy management (own version based on [2]).

3.6. Risks and Advantages

New AI methods for energy productivity, industrial transformation, and digitalization,
despite their transformative potential, carry a number of risks. One major issue is data de-
pendency, as low-quality or biased datasets can lead to erroneous forecasts and suboptimal
energy strategies. The use of complex, black-box AI models creates problems with interpre-
tation and accountability, making it difficult for decision-makers and operators to justify or
trust decisions regarding critical infrastructure. High implementation costs and unequal
access can lead to disparities, where only well-funded regions or companies benefit from
AI-driven efficiency gains, exacerbating inequalities. Furthermore, increasing digitalization
exposes energy systems to cybersecurity threats, where attacks on AI-controlled networks
can have serious social and economic consequences. There is also the risk of excessive
automation, limiting human oversight and potentially omitting contextual knowledge
needed in crisis situations. AI-based optimization may prioritize short-term efficiency or
economic benefits over long-term sustainability goals, risking misalignment with broader
climate and societal goals (Table 4, Figure 13).
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Table 4. Summary of advantages and risks of using Ai in the energy sector.

Advantages Risks

Improved energy forecasting (demand,
prices, renewable generation)

Enhanced grid stability and reliability
through real-time monitoring

Optimization of energy dispatch
and load balancing

Integration of renewable and distributed
energy resources

Predictive maintenance reducing
downtime and costs

Dynamic pricing and market efficiency
improvements

Support for decarbonization and sustainability goals

Data privacy and security vulnerabilities
Algorithmic bias leading to unfair

or inefficient decisions
High initial investment and implementation costs

Over-reliance on black-box models
with limited explainability

Cybersecurity threats to critical
infrastructure

Integration challenges with legacy systems
Potential job displacement in traditional

grid management

Figure 13. Keyword co-occurrence map (all four databases).

Several examples of projects from the logistics, construction, and agriculture sectors,
illustrating the impact of innovative AI methods on energy efficiency, industrial transfor-
mation, and digitalization in the context of energy economics, efficiency, and sustainability,
include CEVA Logistics/BeeBryte, GE Vernova—AI/ML for Wind Turbine Logistics Costs,
Grow Autonomous Greenhouse Control(iGrow), Smart Droplets Project (a part of the
European Green Deal), AgMonitor Platform (for water and energy efficiency in agriculture),
Netafim and Smart AgriHubs.

4. Discussion
The primary outcome of this work is a bibliometric analysis that maps the impact

of emerging AI methods on energy efficiency, industrial transformation, and digitaliza-
tion. This analysis indicates a clear upward trend in the number of publications over the
past decade, reflecting the growing role of AI in energy economics and sustainability. It
identifies clusters of research topics, including AI for smart grids, predictive maintenance,
renewable energy integration, and industrial applications of digital twins. High-impact
research is concentrated in regions with ambitious energy transition policies, particularly
in Europe and India, where research-industry collaboration is strongest. The literature also
highlights a shift away from efficiency-oriented research toward a broader framework that
connects AI with decarbonization, resilience, and circular economy principles. Citation
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patterns show that interdisciplinary work, combining AI with economics and sustainability
science, achieves the greatest impact and shapes new research agendas. The trend analysis
highlights the growing importance of explainable AI and cybersecurity in addressing the
threats accompanying large-scale digitalization. At the same time, bibliometric data reveal
a gap in research on equity and access, as most studies focus on technologically advanced
economies. The synthesis shows that AI-based methods deliver consistent, double-digit
improvements in energy efficiency and emissions reductions, but their scalability depends
on the regulatory, ethical, and infrastructural context. This bibliometric analysis provides a
comprehensive synthesis of current knowledge and future directions, making it a crucial
foundation for policymaking and research in the areas of energy productivity, industrial
transformation, and sustainable development.

Despite the limited research available, it is already clear that the energy transition
holds enormous potential. We must prepare for this both technologically, actively adapting
old methods and techniques, and developing new, more energy-efficient ones. However, it
seems that the greatest work lies ahead in the area of social awareness: ensuring that people
and their communities are willing and able to use this to their benefit. In this area, the
incentive of saving on energy bills will likely resonate most strongly and motivate people
to make the effort. For businesses, this is a much smaller problem, but it is still related
to the pace of digitalization and therefore highly dependent on the industry. Companies
relying on electronic communications, new media or computational simulations will need
to undergo a full digital and energy transformation faster, more effectively, and more
comprehensively [50–52].

The bibliometric analysis indicates that India is leading the way in AI application in
the energy sector, driven by rapidly growing electricity demand and a commitment to
integrating renewable energy sources. Compared to Europe and North America, where AI
often focuses on grid stability and energy efficiency optimization, India emphasizes scalable
and low-cost AI solutions for managing diverse energy sources and rural electrification.
China is seeing strong growth in AI-based energy projects, particularly in smart grids and
renewable energy forecasting, but Indian research places a greater emphasis on practical
implementation in emerging markets. Developed economies, on the other hand, typically
achieve higher efficiency gains per project thanks to advanced infrastructure, while In-
dia demonstrates broader societal impact by expanding AI applications to underserved
regions. Comparative data suggests that AI deployment in Europe could improve grid
efficiency by as much as 15–20%, and AI-based demand forecasting in India reduced power
outages in several states by almost 30%. These results highlight global regional differences,
demonstrating that developed countries lead the way in technological advancement.

New cross-domain metrics can bridge AI research, energy economics, and sustainabil-
ity, introducing new ways to assess the broader impact of AI methods. Benchmarks of AI
model energy consumption allow researchers to quantify and compare the computational
resources required by different algorithms, highlighting the trade-offs between accuracy
and efficiency. AI regulatory policy variables reflect the impact of governance frameworks,
compliance costs, and ethical constraints on AI deployment in energy-intensive sectors,
linking digitalization with policy-driven sustainability. Quantitative assessment of Green
AI methods provides standard metrics for measuring carbon footprint reductions achieved
through model optimization, lightweight architectures, or renewable energy-based com-
puting. Together, these metrics enable linking AI technical choices to macro-level outcomes
in energy productivity, where efficient algorithms reduce overall industrial energy demand.
They also reflect the role of AI-based automation in industrial transformation, enabling
smarter and less energy-intensive production processes. Integrating these indicators into
the energy economics and efficiency framework ensures that digitalization is not only
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technologically advanced, but also environmentally sustainable and aligned with global
climate goals.

4.1. Technological and Economical Influence

In the past, early AI methods such as expert systems and rule-based optimization were
used in energy economics to improve forecasting and efficiency planning, although their
impact was limited by computational power and narrow application areas. In the 1990s
and early 2000s, neural networks, evolutionary algorithms, and the development of big
data analytics enabled more accurate energy demand modeling, predictive maintenance,
and improved optimization of industrial processes [53]. The proliferation of IoT sensors
and digital monitoring systems in the 2000s increased data availability, allowing AI tools
to play a key role in energy consumption balancing and efficiency tracking. Today, ML
and DL models play a crucial role in energy efficiency, providing real-time information
on consumption patterns, reducing waste, and optimizing the integration of renewable
energy [53]. ML and DTs now support adaptive control in industrial systems, enabling
the creation of smart factories, predictive fault detection, and dynamic energy allocation.
AI-based smart grids are revolutionizing energy distribution, facilitating decarbonization
and increasing resilience to fluctuations in renewable energy production [54]. Economic
analyses show that current AI implementation improves energy intensity, reduces carbon
footprint, and aligns with sustainable development goals. In the future, genAI will model
complex energy systems and create scenario-based strategies for industrial decarboniza-
tion and efficiency optimization. Quantum computers and neuromorphic AI can further
accelerate energy simulations and real-time resource allocation. The future of AI in energy
economics will focus on creating resilient, sustainable, and digitally integrated ecosystems
that balance productivity, cost-effectiveness, and environmental responsibility [55].

4.2. Societal and Ethical Influence

In the past, the social and ethical impact of early AI on energy economics was limited
because its applications were narrow and focused primarily on technical forecasting [56–58].
However, concerns about job losses and automation began to emerge. With the rise in
digitalization in the 2000s, AI-based productivity tools in industry raised issues of data
privacy, workforce retraining, and equal access to technological benefits [59]. Today, the
widespread use of ML/DL in energy and industrial systems brings both social benefits,
such as lower energy costs and reduced emissions, and ethical risks, including algorithmic
bias, cybersecurity vulnerabilities, and uneven global implementation [60]. Smart grids and
AI-assisted energy systems enhance sustainability, but also raise concerns about oversight
and control over consumer energy consumption. The digital divide poses ethical challenges
as wealthier countries and companies adopt AI more quickly, potentially exacerbating
inequalities in access to sustainable energy [61]. On the societal front, AI has created
opportunities for green jobs, innovation, and improved public health through reduced
pollution [62]. Today’s ethical debates emphasize transparency, accountability, and the
need for XAI in critical infrastructure such as energy systems [63]. In the future, AI could
democratize access to clean energy by enabling decentralized microgrids, but only if
regulatory frameworks ensure equity and inclusiveness [64]. Future ethical challenges
will also include balancing automation with human employment, as well as ensuring
the equitable distribution of sustainability benefits across societies [65]. Ultimately, the
social and ethical impact of AI on the energy and industrial transformation will depend on
governance, global cooperation, and prioritizing human-centered sustainability alongside
technological advances [66,67].



Energies 2025, 18, 5138 18 of 23

The implementation of innovative AI methods for energy productivity, industrial
transformation, and digitalization raises significant social, ethical, and legal issues in the
context of energy economics, efficiency, and sustainability. From a societal perspective,
AI-based energy optimization can reduce carbon footprints, but it can also lead to job
losses in traditional energy sectors, as seen in the automation of smart grid operations.
From an ethical perspective, relying on AI for critical infrastructure raises concerns about
algorithmic bias in energy allocation, which can lead to unequal access to optimized
resources for marginalized communities. For example, predictive AI models used in smart
cities sometimes prioritize urban centers with high energy consumption over rural areas,
exacerbating inequalities. From a legal perspective, issues of liability and accountability
arise in the event of failures in AI-driven energy systems, such as power outages caused
by automated errors in the demand-response system. Data privacy is another concern, as
digitalization requires vast amounts of consumer energy consumption data, increasing
the risk of surveillance and abuse. A specific example is the controversy surrounding
smart meters in Europe, where citizens have expressed concerns about the continuous
monitoring of household energy consumption. Ethical dilemmas also arise in balancing
energy efficiency and sustainability, as AI can recommend cost-effective solutions that are
not environmentally sustainable, such as over-reliance on gas instead of renewable energy
sources. Social justice issues are becoming more prominent in industrial transformation,
where wealthy companies may deploy AI-powered digital twins to achieve sustainability,
while small businesses struggle to compete, creating an uneven technological environment.
While innovative AI methods promise transformative benefits in energy efficiency and
sustainability, they also require robust legal governance, ethical oversight, and socially
inclusive policies to ensure equitable benefits.

4.3. Legal Influence

New AI methods are increasingly shaping the legal framework for energy economics,
as policymakers adapt regulations to regulate their impact on productivity and sustain-
ability. Regulations are beginning to recognize AI-based optimization tools that increase
energy efficiency across industries by reducing waste and improving system reliability. In
the midst of industrial transformation, legal standards define how AI can automate pro-
cesses while ensuring compliance with labor, safety, and environmental regulations [68–71].
Regulators are also establishing requirements for data management and transparency,
as the digitalization of energy systems relies on reliable AI models. Improving energy
productivity based on AI raises issues of intellectual property rights, particularly regarding
the ownership of algorithms and optimization results [72,73]. Regulators must also address
liability issues, for example, when AI-driven industrial systems cause failures or inefficien-
cies that impact energy sustainability [74–76]. Digitalization in energy markets requires
legal clarity regarding data sharing, cybersecurity, and interoperability, as cross-sectoral
AI applications develop. International law plays a role in harmonizing AI standards in
the energy sector to prevent technological and trade imbalances between regions [77]. The
Sustainable Development Goals influence legal instruments that encourage or mandate
AI deployment in renewable energy integration, demand response, and smart grid man-
agement [78,79]. AI’s legal impact in this area balances innovation with responsibility,
ensuring that technological advances in the energy economy promote efficiency, resilience,
and long-term sustainability [80].

5. Conclusions
AI makes a key contribution to sustainable economic development by optimizing

energy efficiency across industries, reducing waste, and reducing operating costs. Through
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predictive analytics, AI enables accurate energy demand forecasting, allowing for better
supply balance and the integration of the sources of renewable energy. AI-based smart grid
systems increase resilience and flexibility, ensuring stable energy distribution even with
fluctuating renewable energy supplies. In manufacturing, AI-based automation and process
optimization minimize energy consumption while maintaining or increasing efficiency.
DTs and AI simulations help companies test and refine low-emission strategies without
costly real-world experiments. In transportation, AI supports route optimization, fleet
electrification, and road traffic management, which contributes to lower emissions and fuel
consumption. By enabling precision agriculture, AI reduces water, fertilizer, and energy
consumption, thereby sustainably improving food security. From an economic perspective,
AI-based digital innovations are creating new business models, green jobs, and investment
opportunities in clean technologies. Research indicates that AI implementation correlates
with long-term improvements in energy efficiency, competitiveness, and carbon reduction.
AI acts as a catalyst for linking economic growth with environmental sustainability, making
it a key component of the global green transformation.

The evolution of research topics points the way to the latest integration of AI-based
methods for forecasting, control, and decision support in energy systems, as well as holistic
analyses linking energy productivity with industrial transformation and digitalization. The
geographical distribution indicates a strong contribution from countries with active clean
energy programs and strong networks of universities and partnerships that connect AI
specialists with energy economists and engineers, such as EU members and India. Future
research programs will be shaped by the integration of AI with sustainability assessment
systems, enabling precise assessment of carbon footprints and efficiency gains in real time.
Cross-sectoral applications will be important, linking energy economics with transportation,
manufacturing, and healthcare using predictive and optimization tools with a global reach
and open to evolution.
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