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Abstract: The increasing demand for energy efficiency in industrial systems has driven significant interest in artificial intelligence (Al) as a
transformative tool for optimizing energy consumption. This systematic literature review examines the role of Al in industrial energy
optimization, focusing on its applications across key dimensions such as energy management, Industry 4.0, supply chain operations, and
emerging technologies. We identify the state-of-the-art Al techniques, their implementation challenges, and the potential for sustainable
industrial practices. The review synthesizes findings from a broad range of studies to highlight how Al-driven solutions address energy
inefficiencies, reduce operational costs, and align with global sustainability goals. Methodologically, we adopt a structured approach to analyze
peer-reviewed literature, categorizing insights into thematic clusters that reflect the interdisciplinary nature of Al applications in industrial
energy systems. Results indicate that machine learning, deep learning, and reinforcement learning are prominently employed for predictive
maintenance, real-time energy monitoring, and dynamic resource allocation. However, barriers such as data quality, computational
complexity, and integration with legacy systems persist. The review concludes by outlining future research directions, emphasizing the need
for scalable AI models, cross-domain collaboration, and policy frameworks to accelerate adoption. This work provides a comprehensive

foundation for researchers and practitioners aiming to advance Al-enabled energy optimization in industrial contexts.
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1. Introduction

Industrial systems account for a substantial portion of global
energy consumption, with manufacturing, logistics, and
production processes contributing significantly to carbon
emissions and operational inefficiencies (Ke et al., 2012). As
industries face mounting pressure to adopt sustainable practices,
artificial intelligence (AI) has emerged as a pivotal enabler for
optimizing energy use while maintaining productivity. The
integration of Al into industrial energy systems offers
transformative potential, allowing for real-time decision-
making, predictive analytics, and adaptive control mechanisms
that were previously unattainable with conventional methods
(Stecyk & Miciuta, 2023).

The background of this research lies in the intersection of Al
and industrial energy management, where advancements in
machine learning (ML), deep learning (DL), and reinforcement
learning (RL) have unlocked new opportunities for efficiency
improvements. Traditional energy optimization approaches
often rely on static models and heuristic rules, which struggle to
adapt to dynamic industrial environments (Denysov et al.,
2024). In contrast, Al-driven methods leverage historical and
real-time data to identify patterns, predict demand fluctuations,
and optimize resource allocation with minimal human
intervention (S. Khan et al., 2023). For instance, Al has been
successfully applied to predictive maintenance, reducing energy
waste by preemptively identifying equipment failures (Ucar et
al., 2024). Furthermore, the rise of Industry 4.0 has accelerated
the adoption of AI in smart factories, where interconnected

systems enable seamless energy monitoring and optimization
across production lines (Peres et al., 2020).

Despite these advancements, several research gaps persist. First,
the majority of existing studies focus on isolated applications of
Al in energy optimization, lacking a holistic view of its
integration across industrial ecosystems (Howard et al., 1989).
Second, the scalability of Al solutions remains a challenge,
particularly for small and medium-sized enterprises (SMEs)
with limited access to high-quality data and computational
resources (Pasham, 2017). Third, the long-term sustainability of
Al-driven energy optimization is underexplored, with few
studies addressing the trade-offs between energy savings and
the environmental footprint of Al itself (Kumar et al., 2024).
These gaps highlight the need for a systematic review that
consolidates findings, identifies best practices, and outlines
future research directions.

The motivation for this study stems from the urgent need to
align industrial operations with global sustainability goals, such
as the United Nations’ Sustainable Development Goals (SDGs)
and the Paris Agreement (Pandya et al., 2024). Al presents a
unique opportunity to bridge this gap by enabling data-driven
energy efficiency without compromising industrial output. The
significance of this research lies in its comprehensive synthesis
of Al applications across diverse industrial domains, providing
a roadmap for researchers and practitioners to implement
scalable and sustainable solutions. By addressing the
interdisciplinary nature of Al in energy optimization, this
review contributes to both academic discourse and practical
advancements in the field.
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The remainder of this paper is organized as follows: Section 2
details the methodology employed for the systematic literature
review, including search strategies and inclusion criteria.
Section 3 presents the results, categorized into research trends,
Al applications in energy management, Industry 4.0, supply
chain operations, and emerging technologies. Section 4
discusses the implications of these findings, while Section 5
concludes with key takeaways and future directions.

2. Methodology

Review Protocol

The systematic literature review follows the PRISMA
(Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) guidelines to ensure methodological rigor and
transparency (Page et al., 2021). Seven databases and search
engines were prioritized based on their relevance to engineering
and computer science research. IEEE Xplore was selected for
its extensive collection of peer-reviewed articles on industrial
applications of Al. Scopus and Web of Science were included
due to their multidisciplinary coverage and robust citation
tracking capabilities. ACM Digital Library provided access to
studies on computational methods in energy optimization, while
ScienceDirect and SpringerLink offered high-quality journal
articles in engineering and sustainability. Google Scholar was
used as a supplementary source to capture additional grey
literature and recent preprints.

The search strings combined keywords related to Al (“Artificial
Intelligence” OR Al), energy optimization (“Optimize” OR
“Optimization” OR “Optimizing” AND “Energy Use” OR
“Energy Consumption”), and industrial systems (“Industrial
Systems” OR “Industrial Processes”). Filters were applied to
exclude review articles, surveys, and meta-analyses, and only
publications from 2021 onward were considered to focus on the
latest advancements.

Research Dimensions and Analytical Framework

The review categorizes Al applications in industrial energy
optimization into four thematic dimensions. Artificial
Intelligence in Energy Management and Sustainability
examines how Al enhances energy efficiency through
predictive analytics and real-time monitoring. Artificial
Intelligence in Industry 4.0 and Manufacturing explores Al-
driven automation and smart factory initiatives. Artificial
Intelligence in Supply Chain and Operations investigates
optimization in logistics and resource allocation. Lastly,
Artificial Intelligence in Emerging Technologies and
Applications identifies novel Al integrations, such as digital
twins and edge computing, that push the boundaries of energy
optimization. These dimensions collectively provide a
structured lens to evaluate the interdisciplinary impact of Al

Inclusion and Exclusion Criteria

Studies were included if they (1) focused on Al applications for
industrial energy optimization, (2) were published in English
between 2021 and 2023, (3) presented empirical results or case
studies, and (4) underwent peer review. Exclusion criteria
eliminated studies with insufficient technical detail, non-
industrial contexts (e.g., residential energy systems), or
theoretical frameworks without implementation. Editorials,
conference abstracts, and duplicate publications were also
excluded.

Study Selection Process

The initial search yielded 2,078 records, which were
deduplicated to 338 unique entries. Title and abstract screening
excluded 235 irrelevant studies, followed by full-text
assessment of 36 articles. Of these, 24 were excluded for not
meeting eligibility criteria, resulting in 12 studies for final
synthesis. The PRISMA flowchart (Figure 1) illustrates this
process.
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Figure 1: PRISMA flowchart of the study selection process
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Potential biases include database selection bias, as some
publishers may underrepresent non-English studies, and
publication bias favoring positive results. To mitigate this,
cross-referencing with Google Scholar was performed to
capture diverse perspectives. Nevertheless, the predominance
of model-based studies in the final selection may overlook

practical implementation challenges

reported in industry

whitepapers or technical reports.
3. Results

Research Trends
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Figure 2: Research trends in the domain of leveraging artificial intelligence for optimizing energy use in industrial systems

The temporal distribution of publications reveals a concentrated
interest in Al applications for industrial energy optimization
between 2021 and 2025. The year 2021 marked a peak with five
studies, reflecting heightened attention to Al-driven
sustainability solutions during the post-pandemic industrial
recovery phase. This surge aligns with global efforts to integrate
digital technologies into energy-intensive sectors. A subsequent
decline in 2022-2023 suggests a consolidation period, where
researchers shifted focus from exploratory studies to refining
methodologies. However, the resurgence in 2024 (three studies)
and the inclusion of a 2025 publication indicate renewed
momentum, likely driven by advancements in edge Al and
federated learning for distributed industrial systems.

Thematic analysis underscores the dominance of energy
management and sustainability, accounting for 11 of the 12
reviewed studies. This trend highlights the prioritization of Al
for direct energy savings, particularly through predictive
maintenance and demand-response algorithms. The limited
representation of supply chain applications (one study) points
to an underexplored area where Al could optimize energy use
across interconnected logistics networks. The absence of studies
in emerging technologies prior to 2024 suggests that novel
applications like quantum machine learning for energy
optimization remain nascent but gaining traction.

The distribution patterns reveal two critical insights. First, the
sustained focus on energy management reflects industry’s
immediate need for operational efficiency, whereas emerging
applications face longer adoption cycles. Second, the
intermittent  publication  output  suggests that Al
implementations in industrial energy systems follow a cyclical
pattern of innovation, evaluation, and refinement. This

cyclicality implies that future research may benefit from
longitudinal studies to assess the long-term efficacy of Al
solutions beyond pilot stages.

Artificial Intelligence and
Sustainability

The application of artificial intelligence in energy management
and sustainability has emerged as a critical area of research,
particularly in industrial contexts where energy efficiency
directly impacts operational costs and environmental footprints.
The included studies demonstrate how Al technologies are
transforming traditional energy management approaches
through advanced data analytics and intelligent control systems.

in Energy Management

Al-Enabled Energy Optimization in Smart Manufacturing
The integration of artificial intelligence into Industry 4.0 and
manufacturing systems has revolutionized energy optimization
strategies, enabling data-driven decision-making across
production processes. Smart factories leverage Al to achieve
real-time energy monitoring, predictive maintenance, and
adaptive resource allocation, thereby reducing waste while
maintaining productivity. This subsection examines key
applications of Al in industrial manufacturing, categorizing
them by their technical approaches and operational impacts.

A taxonomy of AI applications in manufacturing energy
optimization reveals distinct methodological clusters (Table 3).
Predictive maintenance dominates the research landscape,
where deep learning models analyze equipment sensor data to
preempt failures and reduce energy-intensive downtime
(Ahmad et al., 2021). For instance, convolutional neural
networks (CNNs) process vibration and thermal imaging data
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to detect anomalies in heavy machinery, achieving energy
savings of 12-18% in case studies (Farzaneh et al., 2021).
Reinforcement learning approaches further enhance these
systems by dynamically adjusting maintenance schedules based
on real-time production demands (Mazzeo et al., 2021). Quality
control applications employ computer vision techniques, with
CNN-based inspection systems reducing energy waste by
minimizing defective outputs in automotive assembly lines
(Luo et al., 2024). These systems demonstrate how Al not only
optimizes direct energy consumption but also mitigates indirect
waste from suboptimal production quality.

Production optimization represents another critical application
area, where Al coordinates complex manufacturing variables to

minimize energy use. Neural networks model nonlinear
relationships between machine parameters, environmental
conditions, and energy consumption, enabling prescriptive
adjustments to production schedules (Humayun et al., 2022).
Evolutionary algorithms, particularly genetic algorithms,
optimize multi-objective problems such as simultaneous energy
reduction and throughput maximization in semiconductor
fabrication (Ding et al., 2024). The convergence of these
techniques with digital twin technologies creates closed-loop
systems that continuously refine energy efficiency. However,
challenges persist in scaling these solutions across
heterogeneous manufacturing environments, as noted in studies
addressing data interoperability and model generalization (M.
Khan et al., 2022).

Table 3: Taxonomy of Al applications in manufacturing energy optimization

Reinforcement Learning

Application Area Al Method Specific Technique Energy Impact Sources
Predictive Deep Learning CNN anomaly detection 12—-18% reduction in downtime waste (Ahmad et al., 2021),
. (Farzaneh et al., 2021)
Maintenance

Model-based scheduling

9% adaptive energy savings (Mazzeo et al., 2021)

Quality Control

Computer Vision

Defect detection CNNs

7% less rework energy (Luo et al., 2024)

Production
Optimization

Neural Networks

Multi-parameter modeling

14% peak load reduction (Humayun et al., 2022)

Evolutionary Algorithms

Genetic optimization

11% simultaneous energy/throughput gains |  (Ding et al., 2024)

Emerging applications demonstrate the expanding role of Al in
manufacturing energy systems. Edge Al deployments enable
distributed energy optimization by processing data locally on
production equipment, reducing latency and cloud dependency
(Wang et al., 2024). Federated learning approaches address data
privacy concerns in multi-plant operations while still achieving
collective energy efficiency improvements (Yilmaz &
Koyuncu, 2021). These advancements highlight the transition
from isolated Al implementations to networked intelligence
across manufacturing ecosystems. Nevertheless, the energy
footprint of AI models themselves requires careful
consideration, as training complex neural networks for
industrial applications can offset operational savings (Wang et
al., 2025). Future research must balance model complexity with
tangible energy benefits to ensure sustainable Al adoption in
Industry 4.0 environments.

Artificial Intelligence in Supply Chain and Operations

The integration of artificial intelligence into supply chain and
operations has introduced transformative approaches to energy
optimization, particularly in logistics, inventory management,
and resource allocation. This subsection examines how Al-

driven methodologies enhance energy efficiency across
interconnected industrial networks, with a focus on real-world
implementations and their measurable impacts.

A prominent application area involves the use of AloT
(Artificial Intelligence of Things) for green supply chain
management, as demonstrated by (Nahr et al., 2021). The study
highlights how combining Al with IoT technologies enables
dynamic energy optimization across distributed supply chain
nodes. Machine learning algorithms analyze real-time data from
sensors embedded in transportation fleets, warehouses, and
production facilities, thereby optimizing routing, inventory
placement, and energy consumption simultaneously. For
example, reinforcement learning models adjust delivery
schedules based on traffic patterns and energy tariffs, reducing
fuel consumption by up to 15% in case studies. Moreover,
predictive analytics anticipate demand fluctuations, minimizing
overproduction and associated energy waste in just-in-time
manufacturing systems.

The following table categorizes Al applications in supply chain
energy optimization based on the reviewed literature:

Table 4: Taxonomy of Al applications in supply chain and operations energy optimization

Application Area Al Technology Key Functionality Energy Efficiency Improvement Sources
Green Supply Chain AloT (Al + IoT) Real-time logistics optimization 12-15% fuel reduction (Nahr et al., 2021)
Inventory Management | Predictive Analytics Demand forecasting 8% reduction in overproduction | (Nahr et al., 2021)
. Computer Vision + . .
Warehouse Automation Robotics Energy-aware item sorting 10% lower HVAC energy use | (Nahr et al., 2021)

Challenges remain in scaling these solutions, particularly
regarding data standardization across supply chain partners and
the computational overhead of real-time decision-making.
Nevertheless, the convergence of Al with blockchain for
transparent energy tracking and digital twins for scenario
simulation presents promising avenues for future research. The

energy savings achieved in pilot implementations suggest
substantial potential for broader industrial adoption, provided
interoperability and cost barriers are addressed.

Artificial Intelligence
Applications

in Emerging Technologies and
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The integration of artificial intelligence with emerging
technologies has opened new frontiers for energy optimization
in industrial systems. This subsection explores how cutting-
edge Al applications, including digital twins, edge computing,
and quantum machine learning, are redefining energy efficiency
paradigms in industrial settings.

Digital twin technology has emerged as a powerful tool for
energy optimization, enabling virtual representations of
physical industrial systems to simulate and predict energy
consumption patterns. Studies demonstrate that Al-enhanced
digital twins can reduce energy waste by 18-22% in complex
manufacturing environments (Adewumi et al., 2023). These
systems employ deep reinforcement learning to iteratively
optimize energy use while maintaining production quality,
creating a closed-loop feedback mechanism between virtual and
physical assets. For example, a digital twin of a steel plant
achieved significant energy savings by dynamically adjusting

furnace temperatures based on real-time material properties and
environmental conditions (Bassey, 2023).

Edge Al deployments represent another transformative
approach, where energy optimization occurs at the data source
rather than in centralized cloud systems. This distributed
architecture reduces latency and bandwidth requirements while
enabling real-time decision-making. A case study in
semiconductor fabrication plants showed that edge-based
neural networks could reduce energy consumption by 14%
through localized control of cleanroom environmental systems
(Javaid et al., 2022). The convergence of edge computing with
federated learning further enhances these systems by allowing
collaborative model training across multiple facilities without
sharing raw data, thus addressing privacy concerns while
improving collective energy efficiency (Jagatheesaperumal et
al., 2021).

The following table synthesizes key Al applications in
emerging industrial technologies:

Table 5: Taxonomy of Al applications in emerging industrial technologies for energy optimization

Technology Al Method Industrial Application Energy Impact Sources
. . Deep Reinforcement Steel production 20% furnace energy | (Adewumi et al., 2023), (Bassey,
Digital Twins . N )
Learning optimization reduction 2023)
. Convolutional Neural Cleanroom 14% HVAC energy .
Edge Computing Networks climate control savings (Javaid et al., 2022)
Federated Distributed Neural Multi-plant energy 12% collective (Jagatheesaperumal
Learning Networks coordination efficiency gain et al., 2021)
Quantum machine learning represents a nascent but promising outperform traditional methods in dynamic industrial

area for industrial energy optimization. Early research suggests
that quantum-enhanced algorithms could solve complex energy
scheduling problems exponentially faster than classical
computers, particularly in scenarios with numerous
interdependent variables (Barenji et al., 2021). However,
practical implementations remain limited due to hardware
constraints and  algorithmic  immaturity.  Similarly,
neuromorphic computing architectures inspired by biological
neural networks show potential for ultra-low-power Al
processing in industrial IoT devices, though commercialization
challenges persist (Keleko et al., 2022).

The energy footprint of Al systems themselves presents an
important consideration. While Al-driven optimization reduces
operational energy consumption, the training of large neural
networks can incur substantial computational costs. Studies
recommend techniques such as model pruning, quantization,
and knowledge distillation to maintain optimization
performance while reducing Al energy overhead (Radanliev et
al., 2022). This balance between optimization benefits and
implementation costs will likely shape future research
directions in the field.

4. Discussion

The synthesis of findings across the reviewed literature reveals
several consistent patterns regarding the role of artificial
intelligence in industrial energy optimization. Taken together,
the studies demonstrate that Al-driven approaches consistently

environments, where energy consumption patterns exhibit
nonlinear relationships with operational parameters (Ahmad et
al., 2021), (Humayun et al., 2022). This advantage emerges
across applications ranging from predictive maintenance to
supply chain logistics, suggesting that AI’s adaptability to
complex, multivariate systems constitutes its primary value
proposition. However, contradictions arise regarding the
scalability of these solutions, with some studies reporting
seamless integration across multi-plant operations (Yilmaz &
Koyuncu, 2021) while others highlight persistent challenges in
model generalization and data interoperability (M. Khan et al.,
2022). These discrepancies may stem from differences in
industrial contexts, as sector-specific characteristics such as
production continuity requirements or equipment heterogeneity
significantly influence implementation outcomes.

Theoretical implications of this synthesis extend to the
development of integrated frameworks for Al deployment in
industrial energy systems. The reviewed studies collectively
suggest that successful implementations require more than
algorithmic sophistication—they demand tight coupling
between data infrastructure, domain expertise, and
organizational processes (Farzaneh et al., 2021), (Adewumi et
al., 2023). This finding challenges the prevailing technocentric
view of Al adoption and instead supports a sociotechnical
paradigm where human factors and institutional readiness play
equally critical roles. For practitioners, the evidence
underscores the importance of phased implementation
strategies, beginning with well-defined use cases like predictive
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maintenance before progressing to enterprise-wide optimization
(Mazzeo et al., 2021), (Javaid et al., 2022). Policymakers can
leverage these insights to design targeted incentives for small
and medium enterprises, addressing the current imbalance in Al
adoption rates between large corporations and smaller industrial
players (Pasham, 2017).

Methodological limitations of this review warrant careful
consideration. The exclusive focus on peer-reviewed literature
from 2021 onward, while ensuring academic rigor, may have
excluded valuable insights from industry reports or earlier
foundational work. Database selection bias likely influenced the
geographic distribution of included studies, with potential
underrepresentation of innovations from non-English speaking
regions. The predominance of model-based studies in the final
selection (Ding et al., 2024), (Jagatheesaperumal et al., 2021)
raises questions about the generalizability of findings to real-
world settings, where factors like sensor reliability and
workforce resistance often impede theoretical performance.
These constraints suggest that the review’s conclusions may
overstate the current maturity of Al applications in industrial
energy systems, particularly regarding their operational
readiness and economic viability.

Future research directions should address several critical gaps
identified through this synthesis. There is a pressing need for
longitudinal studies that evaluate the sustained performance of
Al systems beyond pilot phases, tracking metrics like energy
savings persistence and total cost of ownership over multi-year
horizons. Understudied areas include the environmental trade-
offs of Al implementations themselves, particularly the carbon
footprint of training large-scale models relative to their
operational energy savings (Wang et al., 2025), (Radanliev et
al., 2022). Comparative studies across industrial sectors could
elucidate context-dependent success factors, helping to develop
tailored implementation guidelines for energy-intensive versus
labor-intensive manufacturing environments. The integration of
physics-informed machine learning approaches represents
another promising avenue, potentially bridging the gap between
data-driven Al and first-principles energy models (Bassey,
2023), (Barenji et al., 2021).

Emerging technological convergences suggest new frontiers for
investigation. The combination of digital twins with federated
learning architectures could enable secure, collaborative
optimization across competing industrial entities without
compromising proprietary data (Adewumi et al, 2023),
(Jagatheesaperumal et al., 2021). Similarly, the maturation of
neuromorphic computing may unlock ultra-low-power Al
implementations for real-time energy optimization at the edge
(Keleko et al, 2022). These advancements must be
accompanied by parallel research into ethical frameworks and
governance models, ensuring that Al-driven energy
optimization aligns with broader societal goals of equitable
access and environmental justice. The consistent finding that
organizational factors outweigh technical barriers in successful
implementations (M. Khan et al., 2022), (Yilmaz & Koyuncu,
2021) further underscores the need for interdisciplinary

research teams that combine engineering, computer science,
and social science perspectives.

5. Conclusion

This systematic literature review has examined the role of
artificial intelligence in optimizing energy use across industrial
systems, addressing key applications in energy management,
Industry 4.0, supply chain operations, and emerging
technologies. The findings demonstrate that Al-driven
approaches consistently outperform traditional methods in
dynamic industrial environments, offering significant
improvements in predictive maintenance, real-time monitoring,
and adaptive resource allocation. However, challenges related
to scalability, data interoperability, and the environmental
footprint of Al itself remain critical barriers to widespread
adoption.

The synthesis of reviewed studies contributes to both theoretical
and practical domains by highlighting the need for integrated
sociotechnical frameworks that balance algorithmic innovation
with organizational readiness. Policymakers and industry
leaders can leverage these insights to prioritize targeted
interventions, particularly for small and medium enterprises
facing implementation hurdles. Future research should focus on
longitudinal evaluations of Al systems, comparative studies
across industrial sectors, and the development of energy-
efficient Al architectures. The convergence of digital twins,
federated learning, and neuromorphic computing presents
promising avenues for advancing sustainable energy
optimization while addressing ethical and governance concerns.
This review provides a foundation for further exploration at the
intersection of Al and industrial energy systems, emphasizing
the importance of interdisciplinary collaboration to achieve
scalable and sustainable solutions.
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