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ABSTRACT 

This review is a critical evaluation of how data-driven solutions 
revolutionize industrial energy efficiency. Based on our detailed and 
critical analysis of 162 peer-reviewed studies, empirical methods 
dominate energy-related research, with machine learning and 
optimization models being significant in terms of operational efficiency, 
energy conservation, and predictive maintenance. A closer examination of 
evaluation practices also shows a persistent gap between technical 
accuracy and real-world outcomes. The results of our study indicate that 
the field is advancing rapidly, albeit in a non-linear manner. We also 
provide a roadmap that identifies hybrid modeling, interoperable 
frameworks, and cross-sector transferability as essential for achieving 
sustainable and scalable progress. We thus outline how current barriers 
can be converted into opportunities for genuine transformation in 
industrial energy efficiency. Ultimately, the conclusion that emerges is 
that without rethinking validation and linking it directly to sustainability, 
AI’s contribution to energy efficiency risks becoming innovation without 
impact. 

KEYWORDS: industrial energy efficiency; data-driven methods; digital 
technologies; systematic review; artificial intelligence 

INTRODUCTION 

Improving process energy efficiency is now essential for sustainable 
growth, particularly in energy-intensive industries [1]. In this regard, data-
driven approaches supported by AI and machine learning (ML) have 
demonstrated strong potential [2]. These technologies support energy 
optimization and predictive maintenance [3]. 

Both advanced data analysis and computational techniques are also 
important and necessary for energy conservation [4]. Data-driven 
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solutions possess significant potential, but data quality, scalability, and 
industry-specific adaptation hinder their acceptance levels [5]. 

Nonetheless, while the energy conservation and data-driven 
technology literature is growing, research concerning the integration of 
various approaches, applications, and outcomes is limited. Most studies 
focus on specific industries or technologies, which narrows our 
understanding of their wider impact. These limitations highlight the need 
for an integrated review. 

Consequently, this review focuses on data-driven strategies to improve 
industrial energy efficiency, with an emphasis on manufacturing and 
adjacent sectors. The analysis covers the period from 2016 to 2024 and 
includes only peer-reviewed journal papers. A structured analytical 
framework with 15 attributes is applied to classify the literature based on 
methods, applications, and challenges. 

Three goals guide this review: 

• To analyze recent energy efficiency research that uses data-driven 
methods, identifying trends, tools, and recurring patterns. 

• To summarize practical challenges and gaps that limit the adoption of 
these technologies in real industrial settings. 

• To evaluate how AI and ML contribute to sustainability and operational 
improvements in manufacturing. 

This work differs from prior reviews by combining technological, 
methodological, and sectoral classifications into one consistent structure. 
The inclusion of topics such as validation metrics, scalability, and 
sustainability allows the analysis to surpass classification and uncover 
practical insights. 

PREVIOUS REVIEW PAPERS 

This section collates the most significant elements of 18 review papers 
to provide a full picture of the current state of research in this area. 

Accordingly, Mawson and Hughes (2019) [6] investigated modeling 
tools designed to make manufacturing systems and processes more energy 
efficient. They stressed the growing importance of data-driven methods 
for improving the energy efficiency of industrial operations through 
predictive tools. Narciso and Martins (2020) [7] conducted a detailed 
analysis of several industries and explored ML tools for energy efficiency 
in greater depth. They demonstrated the optimization of energy 
consumption in complex systems through pattern recognition. 

Ekwaro-Osire et al. (2021) [8] suggested that data collection, including 
sensor data, energy consumption data, and operational parameters, is 
essential for improving the energy efficiency of manufacturing. They also 
addressed topics such as the integration of data streams into AI systems. 
Their research indicated that optimal utilization of advanced analytics 
necessitates effective data collection and preprocessing. Bahij et al. (2021) 
[9] explored the efficacy of ML models in predicting industrial energy 
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consumption. Based on their research, the evidence suggests we need 
strong datasets to make accurate predictions. 

Wang et al. (2021) [10] examined the practical barriers limiting the use 
of ML for energy efficiency in buildings, such as data quality, 
interoperability, and scalability. These challenges are equally relevant in 
manufacturing and offer transferable insights for industrial applications. 
Christensen et al. (2022) [11] studied how ML can support energy policy 
objectives and demonstrated that targeted, data-driven actions can deliver 
significant measurable energy savings. Several other studies investigated 
sector-specific applications, emphasizing the adaptability of data-driven 
approaches. For instance, Selvam et al. (2024a) reviewed energy efficiency 
strategies in additive manufacturing, with a particular focus on direct 
laser metal deposition, and discussed how ML can support both energy 
reduction and improved part quality. Hong et al. (2024) [12] extended this 
line of research to semiconductor manufacturing, outlining a structured 
approach for reducing energy use in precision-driven production 
environments. 

From a regional perspective, Barraza et al. (2023) [13] examined ML 
applications for energy efficiency in El Salvador. Ioshchikhes et al. (2024) 
[14] investigated ways to make manufacturing more energy efficient 
through a detailed study of expert systems and showed manufacturing can 
benefit from AI-driven rule-based methods introduced by regulators. 

Valencia-Arias et al. (2023) [15] conducted a bibliometric analysis of ML 
applications in energy efficiency to discover research limitations and 
trends and reported increasing interest in hybrid approaches that 
combine multiple data-driven techniques. Biswas et al. (2024) [16] 
highlighted recent advances in AI-driven power optimization, with a focus 
on hybrid models and cross-industry collaboration. 

Bermeo-Ayerbe et al. (2022) [17] explored the possible synergy between 
energy efficiency and predictive maintenance and showed how data-
driven models can help enhance energy efficiency and optimize 
maintenance operations. This dual-purpose technique aligns with the 
findings of [18], who investigated the influence of digitalization on 
improving energy efficiency in enterprises and demonstrated how various 
business models can allocate resources for the adoption of new technology. 

Recent studies have investigated technical constraints and 
opportunities. Balakrishnan et al. (2024) [19] utilized ML to study biomass 
energy and demonstrated both computational challenges and benefits for 
sustainability. Laiton et al. (2023) [20] investigated predictive decision-
making models for electrical systems and highlighted the importance of 
fault investigation in improving energy efficiency. Wei et al. (2018) [21] 
studied data-driven techniques for estimating building energy 
consumption. An initial analysis of data analytics and smart 
manufacturing technologies by Ivester et al. (2017) [22] aimed to support 
preparation for future progress in the creation of energy-efficient systems. 
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Their in-depth study suggests that data-based strategies are needed to 
improve the energy efficiency of different areas. 

Table 1 summarizes the contributions of previous reviews on data-
driven approaches for industrial energy efficiency. 

Table 1. Contributions of previous reviews. 

Focus Area Key Insights Ref. 

Data Acquisition 
Effective data collection and preprocessing are foundational for leveraging 
advanced analytics. [8,9] 

Predictive Maintenance The concurrent focus on energy conservation and maintenance optimization 
enhances operational performance. [17,20] 

Sector-Specific Studies Tailored strategies in sectors such as additive manufacturing and 
semiconductors exhibit flexibility. [12–14,23] 

Hybrid Models Emerging trends stress the use of many data-driven approaches to get better 
results. [15,16] 

Technological 
Challenges 

Challenges like as scalability, interoperability, and regulatory compliance 
necessitate specific solutions. [10,21] 

Economic Incentives Business models for digitalization show the importance of aligning energy 
efficiency with economic goals. [11,18] 

Sustainability in 
Biomass 

Machine learning advances sustainability in biomass energy applications 
but poses computational challenges. [19] 

While the studies in Table 1 address several important aspects of 
energy efficiency, they do so with limited integration across methods, 
sectors, and technologies. Most reviews focus either on a specific 
analytical approach or a narrow application domain. Few adopt a 
comparative structure that links these dimensions in a consistent way. In 
contrast, this study applies a multi-attribute classification framework 
across 162 peer-reviewed journal papers to support a more structured 
synthesis. It identifies methodological trade-offs, sector-specific trends, 
underrepresented technologies, and recurring barriers such as data 
interoperability and model scalability. This structured approach allows 
for broader generalization while retaining analytical depth. 

Despite the progress observed in earlier review studies on data-driven 
energy efficiency, the existing literature remains fragmented and often 
limited to specific technologies or industrial contexts. Most prior studies 
provide descriptive overviews or bibliometric trends but refrain from 
systematically comparing methodological, technological, and practical 
dimensions. Furthermore, there is limited discussion on how validation, 
scalability, and sustainability interact within data-driven approaches to 
energy efficiency. This gap highlights the need for a more integrative 
review that examines the analytical depth, applicability, and real-world 
feasibility. This study addresses this gap by combining methodological and 
sectoral classifications with evaluation of validation practices, thereby 
connecting theoretical advances to industrial relevance. 

Table 2 summarizes how this study compares to prior reviews in terms 
of scope, methodological structure, and inclusion of underexplored 
dimensions such as validation metrics and scalability. 
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Table 2. Comparison of key prior reviews with the present study. 

Review 
Study Sector Focus Methodological 

Depth 
Structured 
Framework Novel Dimensions Included 

This 
study 

Manufacturing and related 
sectors High Yes (15 

attributes) 
Validation metrics, scalability, data 
gaps 

[6] Manufacturing Moderate No Modeling tools only 
[7] Cross-sectoral Strong  No Pattern recognition 
[8] Manufacturing Moderate No Data collection emphasis 
[9] General Moderate No ML efficacy 
[10] Buildings Strong No Interoperability 
[23] Additive Manuf. Narrow No DLMD-specific 
[12] Semiconductors Moderate No Precision-focused 
[13] Regional (El Salvador) Moderate No ML in regional contexts 
[15] General Moderate No Bibliometric 
[17] Manufacturing Moderate No Predictive maintenance 
[19] Biomass Narrow No ML and sustainability 

RESEARCH METHODOLOGY AND ANALYTICAL FRAMEWORK 

In this study, we adopted a systematic and scientific approach to 
identify, categorize, and evaluate existing literature on data-driven 
solutions for energy efficiency in manufacturing. This method was utilized 
to ensure that our study and results are rigorous, clear, and replicable to 
allow future researchers to improve or change the framework for similar 
investigations. The methodology has three key steps: (i) data collection, (ii) 
publication screening and selection, and (iii) attribute-based analysis. The 
procedures are detailed below. 

This review includes research studies published from 2016 to 2025, 
which encompasses a timeframe characterized by significant 
advancements in Industry 4.0 technology and its use to enhance industrial 
energy efficiency. The literature review utilized two commonly used 
scientific databases: (i) ScienceDirect and (ii) IEEE Xplore. These databases 
were selected due to their extensive collections of peer-reviewed literature 
in the fields of energy, manufacturing, and engineering. The search query 
“manufacturing AND (‘energy efficiency’ OR ‘energy optimization’ OR 
‘sustainable energy’) AND (‘machine learning’ OR ‘predictive models’ OR 
‘data driven’ OR ‘AI’)” was utilized, with a focus on titles, abstracts, and 
keywords to find relevant studies. Publications were included in our data 
collection if they presented data-driven techniques for increasing energy 
efficiency in manufacturing settings by using technology boosted by AI, 
ML, or predictive modeling. Research studies concerning unrelated topics, 
such as agriculture were excluded from our analysis. Moreover, only peer-
reviewed journal publications were analyzed to guarantee the precision 
and quality of the findings. After eliminating duplicates and an initial 
screening of articles with their titles and abstracts, 162 publications were 
identified. Of these, 116 were from ScienceDirect and 46 from IEEE Xplore. 
The full texts of these 162 papers were investigated in detail to verify their 
pertinence and conformity with the research objectives. Figure 1 shows 
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the PRISMA flow diagram of the literature review search, screening, and 
inclusion that resulted in 162 studies being analyzed. 

 

Figure 1. PRISMA flow diagram of the literature review. 

We developed a comprehensive framework with 15 attributes to 
systematically evaluate and categorize the selected publications. Each 
attribute is a key component of the analysis, as it enhances our 
comprehension of the literature’s principal arguments, methodologies, 
and contributions in greater detail. Table 3 provides a complete summary 
of the 15 analytical attributes, including descriptions of each attribute as 
well as initial classifications. This ensures that the analysis is consistent 
and uniform throughout the entire process. It should be noted that the 
classifications presented in Table 3 were not assigned through a fixed or 
automated process. The framework was developed iteratively by 
analyzing the scope, methodology, and objectives of each study to identify 
meaningful patterns. New categories were added only when the content 
of multiple papers indicated the need for refinement. In this way, Table 3 
represents an evidence-based synthesis rather than a predefined 
taxonomy. Each attribute captures the logic emerging from the literature, 
allowing the framework to reflect real research practices and 
methodological diversity rather than imposing rigid boundaries. 
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Table 3. The list of 15 attributes and sample classes used in the literature review analysis. 

Attribute Dominant Classes 

Type of Study 
Empirical, Review, Technical feasibility study, Simulation-based, Framework development, 
Conceptual, Case study, Experimental, Comparative study, Pilot implementation. 

Industry Focus 

Manufacturing, Energy and Utilities, Semiconductor, Automotive, Electronics, Construction, 
Renewable energy systems, Metalworking, Aerospace, Pharmaceutical, Telecommunications, 
Industrial HVAC systems, Steel manufacturing, Maritime, Process industry, Smart grids, Data 
centers, Medical/Healthcare, Food/Beverage, Agriculture, Chemical fiber, Forestry, Chemical 
engineering, Carbon fiber manufacturing, Energy-intensive manufacturing. 

Analytical 
Methods 

Machine learning, Simulation-based models, Optimization-based models, Hybrid approaches, 
Descriptive statistics, Deep learning, Big data analytics, Data mining, Multi-objective optimization, 
Data-driven modeling, Response surface methodology, Finite Element Analysis, Predictive 
modeling, Multi-output regression, Artificial Neural Networks, AI, Time-series analysis, Bayesian 
optimization, Stochastic models, Computational Fluid Dynamics, Data Envelopment Analysis, 
Systematic Review, Decision trees, Partial Least Squares Regression, Evolutionary game, 
Empirical modeling, Parametric modeling, Long Short-Term Memory, Descriptive Analysis, Fault 
modeling, Blockchain-based Modeling, Prognostics and Health Management Models, Petri Net, 
Ontology-based Modeling, Cyber-Physical Systems Modeling, Game Theory-Based Optimization. 

Energy 
Efficiency Focus 

Process optimization, Energy management systems, Energy efficiency optimization, Equipment 
efficiency, Renewable energy integration, Energy consumption benchmarking, Thermal 
insulation optimization, Energy-efficient scheduling, Power Consumption Optimization, HVAC 
system optimization, Fuel optimization, Carbon reduction strategies, Energy-efficient 
computation, Energy monitoring, Demand response, Predictive maintenance, Load balancing, 
Energy storage optimization, Grid management, Energy density optimization, Flexibility 
enhancement, Energy conversion efficiency, Hydrogen energy production optimization, Energy 
intensity benchmarking, Resource Allocation Optimization, In-memory computing, Waste Heat 
Recovery, Energy disaggregation, Energy consumption modeling, Energy-efficient façade design, 
Hybrid Powertrain Efficiency, Green Energy Optimization, Specific Energy Consumption, 
Predictive Production Planning, Energy Consumption Prediction, Machining Energy 
Optimization, Power Generation Optimization, Protocol Optimization, Yield improvement, Secure 
Communication Optimization, Battery Management and Optimization, Industrial Chiller 
Optimization, Moisture Absorption Control, Lightweight Material Optimization, Heat Transfer 
Efficiency, Vehicle Energy Management, Irrigation Energy Efficiency, Dynamic Energy 
Optimization, Energy-Efficient Logistics, Sensor Network Optimization, Circuit Power 
Optimization. 

Technological 
Integration 

IoT, Digital twins, Industry 4.0, Cyber-physical systems, AI-enhanced systems, Edge computing, 
Cloud computing, Additive manufacturing, Smart grid management, Robotics, Computation-in-
Memory, Blockchain, Industry 5.0, Computational Fluid Dynamics, Semantic interoperability, 
Building Information Modeling, Infrared metrology, Smart buildings, Memristor crossbar 
circuits, Hybrid Powertrains, Generative AI, Data spaces, Nanotechnology, Near-sensor 
computing, Advanced packaging technologies, Triboelectric nanogenerators, Knowledge-based 
systems, Probabilistic computing, Mechanistic modeling, Microwave-assisted processes, Edge-to-
cloud computing, Neuromorphic hardware, Microelectronics integration, Embedded sensor 
networks, Vision-based monitoring, On-chip computing, Energy technology adoption, Selective 
Laser Melting, Manufacturing automation, Mechatronic Systems, Software-Defined Networks, 
Fused Deposition Modelling, Machine Learning Tools, Rotor Spinning Machines, Machine Tool 
Spindle Monitoring, Selective Laser Sintering, Hydrogen Storage Systems, Wireless Sensor 
Networks, Advanced Cutting Tools, Humidity Monitoring Systems, Solar Thermal Collectors, IoT-
Enabled Sensors, Energy Monitoring Systems, Microgrid Systems, Cyber-Physical Systems of 
Systems, Physical Unclonable Functions, Smart Sensors, Machine Tools, Real-Time Distributed 
Systems, Near-Threshold Voltage Computing. 
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Data Challenges 

Data quality, Data interoperability, Data availability, Scalability, Manufacturing variability, Real-
time processing, Model transferability, Computational costs, Data privacy, Data sovereignty, 
Model robustness to manufacturing defects, Real-Time Data Handling, Semantic Interoperability, 
Data security, Feature extraction, Model complexity, Large-Scale Data Handling, Integration of 
Heterogeneous Systems, Data Accuracy, Data transferability, Data visibility, Under-utilization and 
Workload Balancing, Real-time data collection, Non-stationary Data, Imbalanced Data, 
Environmental Variability, Uncertainty modeling, Material Variability, Real-Time Monitoring, 
Data Standardization, Parameter Variability. 

Modeling 
Approaches 

Predictive, Hybrid approaches, Optimization-based, Prescriptive, Simulation-based, Descriptive, 
AI-based, Rule-based, Stochastic models, Deep learning, Time-series Modeling, Neural Network-
Based Control. 

Industrial 
Applications 

Smart manufacturing, Additive manufacturing, Renewable energy systems, CNC machining, 
Energy systems, Flexible job shop scheduling, Manufacturing, Energy efficiency optimization, 
Solar energy, Hybrid Electric Vehicles, Heavy industry, Building materials, Smart buildings, 
Battery manufacturing, Machining processes, Production optimization, Smart cities, Energy 
storage and distribution, HVAC Systems, Microgrid planning, Fuel cells, Lattice manufacturing, 
Energy hubs, Prefabricated construction, Thermal insulation materials, Semiconductor 
manufacturing facilities, Job shop systems, Extended reality, Hardware acceleration, High 
Performance Computing, Thin-film manufacturing, Cooling tower optimization, Environmental 
sound monitoring, Probabilistic computing networks, Electric vehicle supply chains, Machine 
learning accelerators, Neural network accelerators, Building energy management, Hydrogen 
storage and transportation, Decarbonization in chemical fiber manufacturing, Biodiesel 
production, Compressed air systems optimization, Offshore wind operations, Food thermal 
processing, Continuous manufacturing, Environmental monitoring, Biomass conversion, Asphalt 
production, Neuromorphic computing, 3D NAND tier stack manufacturing, Rotating machinery 
monitoring, Autonomous vehicle energy management, Energy mapping for manufacturing 
plants, Wind energy optimization, Remanufacturing of automotive frames, Hydraulic systems in 
manufacturing, Anomaly detection in Industrial Internet of Things nodes, Medical devices, 
Industrial robots, Decision tree acceleration, Regional clusters, Precision machining, Discrete 
manufacturing systems, Carbon Fiber Manufacturing, Quality control in manufacturing, Building 
façade systems, Smart Homes, Fleet Management, Cloud Computing, Ceramic Manufacturing, 
Petrochemical Industry, Textile Manufacturing, Geothermal Energy Systems, Industrial Internet 
of Things, Computation-in-memory systems, Blast Furnace Operations, Wood Pellet Storage, 
Engine remanufacturing, Biomedical manufacturing facilities, Aircraft Component 
Manufacturing, Smart Irrigation Systems, Continuous Casting Machines, Factory Energy 
Management, RFID Authentication Systems, Wireless Sensor Networks, Metal Cutting Operations, 
Powertrain Production, Integrated Circuits Manufacturing. 

Case Study Use Yes or No. 
Sustainability 

Impact Low, Medium, or High. 

Scalability 
Potential Low, Medium, or High. 

Validation 
Metrics for 

Models 

Root Mean Squared Error, R-squared, Mean Absolute Error, Energy consumption benchmarks, 
Mean Squared Error, Precision/Recall, Accuracy loss percentage, F1 score, Accuracy, Prediction 
Accuracy, Energy Savings Percentage, Logarithmic Loss, Hypervolume, Symmetric Mean 
Absolute Percentage Error, Reconstruction accuracy, Sensitivity and specificity, SLA Violation 
Rate, T-statistics, Solar radiation benchmarks, Energy Efficiency Ratio, Mean Absolute Percentage 
Error, Error-correcting code coverage, Blockchain Transaction Latency, Remaining Useful Life 
Prediction Accuracy, Root Mean Square Deviation, CVRMSE, Nusselt Number Comparison, 
Comprehensive Energy Consumption. 
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Energy Metrics 
Addressed 

Energy savings, Energy consumption benchmarks, Efficiency benchmarks, Carbon emissions, 
Energy density, Energy conversion efficiency, Specific Energy Consumption, Total Energy 
Consumption, Global Warming Potential, Energy intensity, Cost savings, Renewable energy 
integration, Battery degradation, Thermal conductivity, Energy consumption per decision, 
Energy Performance Index, Energy consumption per layer, Fuel consumption, Energy Demand, 
Energy Consumption Patterns, Reactive and Active Power Consumption, Spindle Power 
Consumption, Energy Neutral Operation, Energy Efficiency of Communication Protocols, Heating 
Value Retention, Energy Savings per Component, Energy Usage per Hectare, Energy Consumption 
per Process, Energy Load Balancing, Energy Efficiency per Kilometer, Energy Usage per 
Production Unit, Energy Efficiency per Device, Energy Savings per Node, Energy Consumption 
per Operation, Minimum Energy Point Accuracy. 

Algorithm Type 

Neural Networks, Artificial Neural Networks, Genetic Algorithms, Random Forest Algorithm, 
Gradient Boosting, Support Vector Machines, Convolutional Neural Networks, Regression 
analysis, Multilayer Perceptron, LSTM Networks, Decision Trees, Reinforcement Learning, 
Transformer Models, Deep learning, Transfer Learning, Bayesian optimization, Gaussian Process 
Regression, Monte Carlo algorithms, k-Nearest Neighbors, Clustering, Bayesian Networks, 
Attention networks, Empirical models, Generative Adversarial Networks, Federated Learning, 
YOLO (You Only Look Once), Dynamic Matching Algorithm, Non-Negative Ridge Regression, 
Decision Tree Regressor, Hyperdimensional Computing, Evolutionary algorithms, Multivariate 
Adaptive Regression Splines, Hybrid, AdaBoost Regression, Distributed Random Forest, Latent 
Dirichlet Allocation, XGBOOST, Hidden Markov Models, Gaussian Process Classification, Support 
Vector Regression, Data Envelope Analysis, Gaussian Mixture Models, Multi-task ElasticNet, LSTM 
Autoencoders, Logistic Regression, ResNet, Metaheuristic Optimization, Probit models, 
Evolutionary game algorithms, Feature selection, Sequentially Discounting Auto-Regression, 
Neural PID, Deep Neural Networks, Particle Swarm Optimization, Recurrent Neural Networks, 
Statistical Modeling, Deep Feedforward Neural Networks, Clustering Protocols, Fault-tolerant 
neural network adjustments, Consensus Algorithms, Diffusion-Based Algorithms, A* Algorithm, 
Finite Volume Method, Generalized Stochastic Petri Nets, Optimization Algorithms, Kernel-Based 
Learning, Knowledge Representation Models, Heuristic Optimization, Multi-Objective 
Optimization Algorithms. 

Future 
Perspectives 

Smart manufacturing, Optimization of manufacturing processes Digital twins, Industry 5.0, 
Resilience in energy systems, AI-enhanced energy management, Circular economy models, Data-
Driven Process Optimization, Integration of AI and energy codes, Decarbonization strategies, 
Energy equity, Integrated Decision-Making Tools, Proactive energy management, Energy-efficient 
AI systems, Renewable energy integration, Energy efficiency database development, Multi-
objective Optimization Systems, Integration with AI and Real-Time Analytics, Integration of AI in 
Vehicle Control Systems. 

In the analysis, each paper was categorized into a single predominant 
class for each attribute. This “one-class-per-attribute” approach was 
utilized to ensure consistency in quantitative analysis and to avoid over-
counting studies that span multiple categories. By assigning a dominant 
classification, the framework enables clearer aggregation of results across 
attributes and supports comparability between categories. At the same 
time, some studies naturally involve multiple methods, sectors, or 
application areas. In such cases, the classification reflects the primary 
emphasis of the study as interpreted from its objectives and contributions. 
This simplification may not capture the full multidimensional nature of all 
studies and is considered a limitation of the analytical approach. 

Incorporating attributes such as “Data Challenges,” “Sustainability 
Impact,” and “Scalability Potential” underscores the significance of 
addressing practical concerns and the enduring viability of energy 
efficiency research. Simultaneously, attributes such as “Algorithm Type” 
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and “Validation Metrics for Models” enable a comprehensive assessment 
of the studies’ technical precision and methodological contributions. 

This comprehensive approach ensures that the review’s findings are 
grounded in a robust analytical framework. They provide valuable 
insights regarding the present status of research on data-driven energy 
efficiency in manufacturing. This study synthesizes existing knowledge by 
systematically collecting and analyzing various segments of the literature 
while also identifying significant gaps and presenting new avenues for 
research. 

The full dataset and attribute coding used in this review are provided 
as supplementary material (Table S1). 

RESULTS AND DISCUSSION 

This section presents the analysis of the 162 reviewed studies using the 
15-attribute framework. Each subsection reports the distribution of classes, 
followed by key insights and identified gaps. The discussion focuses on 
methodological patterns, sectoral differences, and implementation 
challenges, thus, linking the findings to opportunities for future research. 

Type of Study 

The attribute “Type of Study” categorizes the research approaches used 
in the reviewed papers. Figure 2 presents the identified classes and their 
distribution. 

 

Figure 2. Distribution of study types. 
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Empirical studies dominate this attribute, accounting for 94 of the 162 
papers (58.02%). Typically, empirical research in this field employs ML, 
IoT, and optimization. 

Review studies are the second largest category (11.73%) and synthesize 
existing work to identify trends and research gaps. 

Technical feasibility studies follow (9.88%) and examine whether 
distributed energy systems can use blockchain and edge computing. One 
example is the development of blockchain frameworks for secure energy 
management. 

Simulation-based studies account for 12 papers (7.41%). These studies 
investigate future scenarios using advanced modeling tools, particularly 
where experiments are costly. 

Framework development studies account for nine papers (5.56%). 
These studies focus on implementing methods or systems, such as digital 
twins, to improve energy efficiency. 

While empirical studies dominate, their concentration restricts 
methodological diversity and comparisons. Simulation-based studies 
remain limited despite their ability to model complex industrial energy 
scenarios. The limited number of comparative studies and formal case 
study-based methodologies also restricts cross-method analysis and the 
development of adaptable frameworks. The low number of framework 
development papers suggests that integration of AI tools into operational 
systems remains in an early phase. A better balance among empirical, 
simulation, and conceptual studies would improve both implementation 
and generalization. 

Industry Focus 

The “Industry Focus” attribute identifies the sectors in which energy 
efficiency research is applied. Figure 3 presents the identified industry 
sectors and their distribution. 

Manufacturing dominates with 64 papers (39.51%). For example, smart 
manufacturing systems using predictive maintenance and CNC 
optimization are growing areas of research. 

Energy and utilities follow (13.58%) and focus on integrating renewable 
energy sources, improving grid efficiency, and enhancing energy storage.  

The semiconductor industry accounts for 12 papers (7.41%), in which 
cleanroom energy and HVAC management are central. The automotive 
sector follows with 10 papers (6.17%), focusing on energy-efficient 
manufacturing and battery technologies. 

Electronics, construction, and renewable energy systems each account 
for seven papers (4.32%). Finally, the pharmaceutical, telecommunications, 
industrial HVAC systems, and maritime sectors each account for two 
papers (1.23%). 
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Figure 3. Distribution of industry sectors. 

The dominance of manufacturing in the reviewed studies is expected 
given its high energy intensity, but fewer studies address aerospace, 
construction, and renewable energy sectors. In aerospace, energy-efficient 
thermal management and simulation-based design remain largely 
unexplored. Construction could benefit from real-time energy monitoring 
and material optimization using predictive tools, but few studies address 
these applications. Expanding AI research into these sectors would 
support broader adoption across industries. 

Analytical Methods 

The “Analytical Methods” attribute identifies the dominant approaches 
used to analyze energy efficiency challenges. Figure 4 presents all 
identified analytical methods and their distribution. 

ML dominates with 74 papers (45.68%). Its widespread use is linked to 
its ability to support predictive modeling, fault detection, and process 
optimization. 

Simulation-based models account for seven papers (4.32%), mainly 
assessing energy flow and system resilience. Optimization-based methods 
account for six papers (3.70%) and balance output goals with energy 
savings. 

Hybrid methods appear in six papers, often combining ML with 
optimization. Descriptive statistics are used in five studies to identify 
trends in energy use. Deep learning and big data analytics appear in five 
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and four studies, respectively, typically in data-intensive environments 
involving IoT or smart manufacturing systems. 

 

Figure 4. Distribution of analytical methods. 

Specialized methods such as multi-objective optimization, data mining, 
and general data-driven modeling each appear in four papers (2.47%). 
Other approaches, such as finite element analysis, response surface 
methodology, and predictive modeling, are used to assess energy 
performance, optimize processes, or support forecasting. 

Differences in how methods such as big data analytics and time-series 
analysis are applied suggest opportunities for further research. 

ML is widely adopted for its predictive capabilities, yet few studies 
compare it with optimization or simulation under identical settings. 
Hybrid models appear in only a small portion of the literature, although 
combining prediction with optimization or simulation would better 
support complex, multi-objective problems. Deep learning, despite its 
strength in high-dimensional data, remains underutilized in real-time 
manufacturing applications due to high computational costs and 
interpretability concerns. In addition, very few studies benchmark 
different algorithms across the same dataset, making it difficult to identify 
which methods generalize better under specific constraints. 
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Energy Efficiency Focus 

The “Energy Efficiency Focus” attribute identifies the main areas of 
energy efficiency research and their distribution across the reviewed 
papers. Figure 5 presents the distribution of identified energy efficiency 
strategies. 

 

Figure 5. Distribution for energy efficiency focus. 

Process optimization emerges as the most studied category, with 49 of 
the 162 papers (30.25%), and these studies examine techniques to improve 
manufacturing efficiency and reduce energy waste. 

The second most common focus is on energy management systems, 
which are discussed in 22 papers (13.58%). These systems provide 
structured methods for tracking and controlling energy use throughout 
industrial operations. By integrating IoT, cloud platforms, and AI-based 
analytics, these systems enable real-time decision-making. 

Energy efficiency optimization, discussed in 10 papers (6.17%), focuses 
on improving energy use across entire systems through both technological 
upgrades and operational changes. 

A smaller group of studies, each with seven papers (4.32%), focuses on 
equipment efficiency and renewable energy integration. 

Energy consumption benchmarking (five articles) concentrates on 
establishing baseline performance metrics to assess the efficiency of 
energy utilization. These studies help companies benchmark performance 
and identify improvement areas. 

Thermal insulation optimization, energy-efficient scheduling, and 
power consumption optimization each appear in four papers (2.47%). 
HVAC optimization and fuel optimization appear in three papers each 
(1.85%). 
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Most studies focus on process optimization and energy management 
systems, which is likely to be due to their immediate impact on industrial 
efficiency. Applying AI, predictive models, and real-time data analysis in 
underexplored areas such as energy-efficient scheduling, waste heat 
recovery, and renewable integration could improve their effectiveness 
and support wider implementation. 

However, while process optimization and energy management systems 
dominate the research focus, this concentration may overlook equally 
important but less studied areas. For instance, thermal insulation 
optimization, HVAC control, and energy-efficient scheduling appear in 
very few studies despite their potential to reduce operational energy in 
both manufacturing and construction environments. This gap suggests a 
misalignment between research attention and practical impact. 
Integrating AI tools into these overlooked domains, particularly through 
real-time control or context-aware scheduling, could improve system-wide 
efficiency and responsiveness. 

Technological Integration 

The “Technological Integration” attribute identifies key technologies 
used to improve energy efficiency in industrial operations. Figure 6 shows 
the distribution of these technologies. 

 

Figure 6. Distribution of technological integration. 

IoT is the most frequently used technology, appearing in 34 papers 
(20.99%). These studies focus on energy monitoring, predictive 
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maintenance, and smart factory operations, highlighting the role of real-
time data in improving efficiency. 

Digital twins follow with 22 papers and support predictive 
maintenance, process simulation, and energy forecasting.  

Industry 4.0 (11 papers) focuses on the convergence of robotics, cyber-
physical systems, and AI-driven decision-making, including smart 
scheduling and adaptive control. 

Cyber-physical systems and AI-enhanced systems, each appearing in 
eight papers (4.94%), integrate computing and physical processes to 
improve energy efficiency. CPS applications support rapid decision-
making, while AI-enhanced systems are used for grid optimization, fault 
detection, and energy forecasting. 

Edge computing (four papers) enables localized processing and reduces 
latency in smart grids and HVAC systems. 

Blockchain technology (two papers) ensures secure energy trading, 
facilitates decentralized data management, and verifies carbon credits. 

Other tools such as computational fluid dynamics, smart grid 
management, and robotics appear in three papers each (1.85%). 

Within the reviewed studies, IoT, digital twins, and AI-driven 
technologies receive the most attention. At the same time, topics such as 
blockchain and edge computing receive limited attention. 

The high frequency of IoT and digital twin applications reflects their 
maturity in industrial settings, but integration with other emerging 
technologies remains limited. For instance, edge computing and 
blockchain appear in very few studies, even though they address 
persistent problems such as latency, data security, and decentralized 
control. Most studies evaluate these technologies in isolation rather than 
as integrated systems. There is also limited comparative evaluation across 
technology combinations, such as cloud-based versus edge-based 
implementations for energy monitoring. Future studies should explore 
how specific combinations of technologies can reduce delays, improve 
data integrity, and support distributed energy analytics. 

Data Challenges in Energy Efficiency Studies 

The “Data Challenges” attribute identifies key obstacles affecting the 
implementation and scalability of energy efficiency models. These 
challenges influence data-driven decision-making, predictive modeling, 
and system optimization. Figure 7 presents the distribution of identified 
data challenges. 

Data quality is the most commonly reported challenge (34 papers; 
20.99%) and reflects how incomplete, inconsistent, or noisy data can 
undermine predictive maintenance and energy optimization.  

Data interoperability is the next major concern, appearing in 29 papers 
(17.90%). A lack of standardized frameworks across Industry 4.0 systems, 
IoT devices, and digital twins makes it difficult to exchange data between 
platforms. 
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Figure 7. Distribution of data challenges. 

Data availability (20 papers; 12.35%) remains a significant challenge 
and points to limited or missing access to both historical and real-time data, 
particularly in sectors in which digital infrastructure is still emerging.  

Scalability (19 papers; 11.73%) reflects challenges resulting from the 
rapid growth of data from IoT systems and high-frequency sensors. Eight 
studies indicate that manufacturing variability affects the accuracy and 
generalizability of energy optimization models. 

Delays and latency, discussed in six studies, limit real-time processing 
in IoT-based systems. Model transferability appears in five papers. Models 
created in one context often do not perform well in others, requiring more 
flexible and adaptive ML techniques. Less frequently discussed topics 
include computational cost, data privacy, data sovereignty, and model 
robustness. Each of these appears in three papers (1.85%). Blockchain-
based systems support secure data exchange but face scalability and 
compliance challenges. 

While data quality and interoperability are the most frequently 
mentioned challenges, few studies offer concrete strategies for their 
resolution. Many papers acknowledge these issues but treat them as 
constraints rather than manageable design variables. Model 
transferability, which is critical for adapting solutions across production 
sites or sectors, is rarely addressed in depth. Similarly, the impact of 
manufacturing variability on model robustness is often overlooked. These 
gaps limit the applicability of energy optimization tools in settings in 
which conditions differ from those used in training. More work on 
transfer learning, semantic data structuring, and adaptive algorithms 
could improve the repeatability of data-driven solutions across industries. 
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Modeling Approaches 

The “Modeling Approaches” attribute identifies the primary models 
used in energy-efficient manufacturing research. Figure 8 shows how the 
different modeling approaches are distributed across the reviewed studies.  

Predictive models are by far the most common (111 papers; 68.52%) 
and are applied to forecast energy use, improve manufacturing efficiency, 
and support smarter power grid operations. 

Hybrid approaches (12 papers; 7.41%) combine modeling techniques to 
address multiple objectives, such as improving energy efficiency while 
controlling costs. Many of these studies integrate predictive models with 
optimization-based tools in settings such as smart grids or industrial 
networks in which energy needs vary.  

 

Figure 8. Distribution of modeling approaches. 

Optimization-based models, found in 10 papers (6.17%), are mainly 
used to fine-tune process parameters in additive manufacturing, HVAC 
systems, and broader energy integration setups. These studies focus on 
balancing energy savings with production performance using multi-
objective optimization. 

Prescriptive models, mentioned in eight papers (4.94%), suggest actions 
based on patterns in energy consumption. Many studies apply them in 
automated systems in which quick decisions are needed to adjust energy 
use in real time. 

Simulation-based models, found in seven papers (4.32%), create virtual 
environments to test energy strategies before implementation. They are 
commonly used in studies on renewable energy, smart grids, and 
manufacturing systems. 
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Descriptive models appear in five papers and identify patterns in 
historical data. Intelligent system models appear in three papers for fault 
detection and adaptive control. Rule-based models (two papers) are used 
in simple decision systems based on thresholds or compliance rules. 

The heavy reliance on predictive models reflects a clear preference for 
forecasting and anomaly detection, but this comes at the expense of 
comparative learning and decision support. Prescriptive and hybrid 
models remain limited in number, even though they are well suited for 
managing competing objectives such as minimizing energy use while 
maintaining throughput. Few studies assess how different modeling 
approaches perform under the same conditions, limiting practical 
guidance for system designers. Simulation- and rule-based models are 
often treated as niche tools, even though they can offer advantages in 
constrained environments or early-stage deployments. Broader adoption 
of multi-model comparisons would improve both transferability and 
transparency in energy efficiency applications. 

Industrial Applications 

The “Industrial Applications” attribute identifies sectors in which data-
driven energy efficiency approaches are applied. Figure 9 shows how 
often each sector appears in the reviewed studies. 

 

Figure 9. Distribution of industrial applications. 

Smart manufacturing appears in 29 papers (17.90%). The reviewed 
studies frequently highlight the role of digital twins, IoT-based monitoring 
systems, and predictive maintenance in managing energy use across 
industrial settings.  

Additive manufacturing appears in 11 papers (6.79%), with most 
studies focusing on energy efficiency in layer-by-layer fabrication. Key 
areas include optimizing process parameters and modeling energy 
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consumption. Similarly, seven papers (4.32%) address computer 
numerical control machining, focusing on energy consumption, 
machining accuracy, and tool wear. 

Renewable energy systems (seven papers; 4.32%) focus on solar, wind, 
and hybrid energy sources, with emphasis on storage and grid stability. 
Energy systems (five papers; 3.09%) address grid optimization, power 
distribution, and energy storage. Flexible job shop scheduling appears in 
four papers, while heavy industry, smart buildings, and battery 
manufacturing each appear in two papers.  

Hydrogen storage, semiconductor manufacturing, insulation materials, 
and prefabricated construction are each covered in one or two papers.  

While manufacturing is the most frequently studied domain, many 
sectors with high energy use remain underexamined. Aerospace, 
construction, and semiconductor industries appear in relatively few 
papers, despite their potential for applying AI tools to thermal 
management, energy scheduling, and materials optimization. Additionally, 
energy systems and smart grid applications are often treated separately 
from manufacturing, even though integrated approaches could improve 
coordination across supply and demand. Studies applying methods across 
multiple domains are rare, and opportunities for cross-sector transfer 
remain limited. Expanding the application of existing tools into these areas 
would support more balanced progress across industries. 

Case Study Use: Insights on Sustainability and Scalability 

The attributes Case Study Use [9], Sustainability Impact [10], and 
Scalability Potential [11] are interconnected. This section examines how 
case-based validation relates to sustainability and scalability.  

In this review, “Case Study Use” refers to the presence of case-based 
validation or application in real or simulated settings, rather than the 
formal classification of a paper as a case study. This distinction is 
important, as many studies include applied validation without being 
formally designed as case study research. 

Case-based validation appears in 125 papers (77.16%) and is commonly 
used to test new ideas in real or simulated operating conditions. In 
contrast, conceptual frameworks and review papers rarely include case-
based validation.  

Around 68.52% of the studies fall into the high-impact sustainability 
category, focusing on carbon reduction, low-emission manufacturing, and 
circular economy models. Another 29.63% apply energy-saving methods 
without directly addressing broader environmental goals, while only a 
few studies, 1.85%, mention sustainability without it constituting a central 
concern. 

Scalability also becomes a focus. Approximately one-third of the papers 
(33.95%) propose flexible, widely applicable solutions, such as general-
purpose ML models or modular IoT systems. However, the majority fall 
into the medium scalability range (65.43%), often tied to specific use cases 
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such as particular materials or production setups in additive 
manufacturing, requiring adaptation for broader use. Only one study, or 
0.62%, fits into the low scalability category.  

Although most studies include case-based validation, the depth and 
transparency of these cases vary widely. Many studies report results from 
a single facility or simulation without explaining how the findings are 
applicable elsewhere. The high proportion of studies with medium 
scalability reflects this pattern, whereby methods work in controlled 
settings but require adaptation for broader use. Sustainability is often 
framed in general terms without linking methods to measurable 
environmental outcomes. Few studies quantify energy savings alongside 
emissions reduction or material efficiency, which limits their relevance 
for policy or corporate decision-making. More integrated evaluations 
linking sustainability goals with validation quality and real-world transfer 
would strengthen the practical utility of data-driven methods. 

Validation Metrics for Models 

The “Validation Metrics for Models” attribute identifies performance 
evaluation methods used in computational frameworks, simulations, and 
ML. Figure 10 shows how often different metrics are used across the 
papers. 

 

Figure 101. Distribution of validation metrics. 

Root mean squared error (RMSE) appears most often, used in 42 papers 
(25.93%). RMSE is a common choice for predictive models because it places 
more weight on larger errors. 

Mean absolute error (MAE; 14 papers; 8.64%) offers a straightforward 
interpretation of average prediction errors. R-squared (23 papers; 14.20%) 
shows how closely predicted values follow actual values and is a popular 
metric for simulation-based and empirical research.  
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Energy consumption benchmarks, mean squared error (MSE), and 
precision/recall metrics appear in 10, seven, and six papers, respectively, 
highlighting their relevance in specific applications. Metrics such as 
precision, recall, F1 score (used in four papers), and accuracy loss 
percentage (five papers) are commonly applied in classification tasks, 
particularly in IoT-based fault detection and anomaly tracking. 

A few studies use more specialized validation methods, including 
logarithmic loss, hypervolume, and energy savings percentage, each found 
in just one or two papers. 

Although RMSE and MAE are widely used, very few studies justify their 
selection or compare metrics across models. This limits interpretability, 
particularly when models with similar error rates differ in their sensitivity 
to outliers. Most papers apply a single metric without reporting its 
limitations. For example, RMSE may penalize large deviations, but MAE 
can be more robust to noise. Accuracy-based metrics are also 
inconsistently defined across classification tasks, particularly in IoT and 
fault detection studies. The lack of standardized benchmarks or shared 
datasets limits comparison across studies. A more consistent reporting 
approach would improve replicability and support broader adoption of 
validated models in practice. 

To clarify the relationship between model evaluation and energy 
performance indicators, Table 4 links commonly used validation metrics 
with the energy metrics they assess. 

Table 4. Cross-linking validation metrics and energy metrics. 

Validation Metric Typical Use in Models Energy Metrics Evaluated Example Application Context 

RMSE 
Measures magnitude of 
prediction error, penalizes 
large deviations 

Energy consumption, 
energy demand, energy 
savings 

Energy consumption prediction in 
manufacturing systems, load 
forecasting in smart grids 

MAE Measures average absolute 
error, more robust to noise 

Energy consumption, 
specific energy 
consumption, energy 
savings 

Process-level energy modeling, 
HVAC energy optimization 

R² (Coefficient of 
Determination) 

Evaluates goodness-of-fit 
between predicted and 
actual values 

Energy consumption, 
emissions, efficiency 
metrics 

Model validation in simulation 
studies and empirical energy 
analysis 

MSE 
Similar to RMSE but 
without square root, 
emphasizes large errors 

Energy consumption, 
energy demand 

Machine learning model 
evaluation in predictive energy 
analytics 

Precision/Recall/F1 
Score 

Classification performance 
for detecting events 

Fault-related energy losses, 
anomaly detection, system 
inefficiencies 

IoT-based fault detection, energy 
anomaly monitoring 

Energy Consumption 
Benchmark 

Compares predicted vs 
actual system performance 

Energy consumption per 
unit output, efficiency 
benchmarks 

Manufacturing performance 
evaluation, smart grid 
benchmarking 

Energy Savings (%) Measures improvement 
relative to baseline 

Energy savings, efficiency 
gains, emissions reduction 

Retrofit analysis, optimization 
studies 

Specialized Metrics 
(e.g., Log Loss) 

Advanced evaluation for 
probabilistic or multi-
objective models 

Multi-objective energy 
optimization, uncertainty 
modeling 

Renewable energy systems, hybrid 
optimization frameworks 
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Energy Metrics Addressed 

The “Energy Metrics Addressed” attribute identifies key performance 
indicators used to evaluate industrial energy efficiency, consumption, and 
sustainability. Figure 11 presents the distribution of energy metrics 
analyzed in the reviewed research. 

 

Figure 11. Distribution of energy metrics addressed. 

Energy savings (58 papers) are widely used to quantify reductions in 
energy consumption relative to a baseline, and this metric is particularly 
applicable in HVAC systems, industrial processes, and the integration of 
renewable energy sources.  

Energy consumption benchmarks appear in 28 papers (17.28%). These 
provide sector-specific reference points for assessing energy use per unit 
of output and are widely applied in manufacturing processes, smart grid 
systems, and automation strategies. Efficiency benchmarks, found in 17 
papers, add another layer of comparison, supporting industry-wide efforts 
to standardize how energy use is measured across different systems. 

Carbon emissions are analyzed in 14 papers (8.64%) and measure the 
environmental impact of energy-intensive processes, aligning with global 
sustainability objectives. 

Energy density appears in five papers, while energy conversion 
efficiency and specific energy consumption are each discussed in three 
papers. Specific energy consumption is particularly relevant in additive 
manufacturing, where it captures the energy required per unit of output. 
Energy intensity, identified in two studies, is mostly used in broader 
assessments of regional or national energy policies, helping to evaluate 
both economic and environmental impacts. 

Several papers introduce more specialized metrics that apply to 
specific contexts. These include Global Warming Potential, the Energy 
Performance Index, fuel consumption, and measures of reactive and 
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active power. Although they are only used in a few cases, they broaden the 
scope of sustainability assessments and support more targeted evaluations. 

Overall, the review shows that studies in manufacturing tend to 
prioritize energy savings and efficiency benchmarks, often using them to 
demonstrate the value of digital tools such as IoT and ML. In contrast, 
renewable energy studies focus more on carbon emissions and Global 
Warming Potential, reflecting the environmental impact of energy 
transition initiatives. Energy intensity metrics appear primarily in 
regional and policy-oriented studies, in which they help evaluate 
economic trade-offs and long-term sustainability impacts. 

Nonetheless, although energy savings and consumption benchmarks 
are widely used, their calculation methods are rarely explained in detail, 
which limits comparability across studies. Metrics such as carbon 
emissions and specific energy consumption appear less frequently, despite 
their relevance for sustainability reporting. Few studies use multiple 
metrics to capture both environmental and operational performance. 
Without clearer definitions and consistent reporting, results may not fully 
support practical decision-making. Future work should adopt multi-metric 
evaluation approaches and improve transparency in metric selection and 
application. 

Algorithm Types 

The reviewed studies use a wide range of algorithms, reflecting energy 
efficiency challenges in industrial settings. These algorithms support tasks 
such as forecasting, classification, optimization, and real-time control. 
Figure 12 shows how often each type appears in the reviewed literature. 

 

Figure 12. Distribution of algorithm types. 
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Neural networks, including artificial neural networks, multilayer 
perceptrons, and deep neural networks, are the most frequently used 
group, appearing in 12 papers (7.41%). They are applied in predictive 
maintenance, energy demand forecasting, and anomaly detection in 
manufacturing and industrial automation. 

Genetic algorithms and random forest models, used in 10 papers (6.17%) 
each, are employed in optimization and classification tasks. Genetic 
algorithms apply evolutionary search strategies to optimize energy 
efficiency in complex, multi-variable industrial settings. Random forest 
models rely on ensemble learning and improve prediction accuracy and 
model stability. 

Gradient boosting and support vector machines, utilized in eight papers 
(4.94%) each, are effective in boosting forecasting accuracy and 
performing classification tasks. Gradient boosting is used to reduce 
prediction errors through iterative learning, particularly in renewable 
energy forecasting and industrial process control. 

Convolutional neural networks, used in seven papers (4.32%), are 
helpful in image-based tasks such as fault detection. Long short-term 
memory networks (five papers; 3.09%) are used for time-series forecasting 
in smart grids and energy demand modeling. Transformer models (three 
studies; 1.85%) are emerging in complex sequence modeling. 

Less frequently used approaches include reinforcement learning (four 
papers), Bayesian networks (two papers), and generative adversarial 
networks (one paper). Reinforcement learning helps improve dynamic 
control in energy management by learning from environmental feedback. 
Bayesian optimization and Gaussian process regression, found in two 
papers (1.23%) each, support uncertainty modeling and probabilistic 
decision-making in industrial energy research. Generative adversarial 
networks are used in a few studies to generate synthetic datasets for 
simulation environments. 

Despite the variety of algorithms used, comparative studies evaluating 
different models on the same dataset remain limited. Neural networks, 
random forest models, and support vector machines are widely applied, 
yet few studies justify their selections. In many cases, the choice of 
algorithm appears driven by familiarity rather than alignment with data 
characteristics or problem complexity. Emerging approaches such as 
transformers and generative models show potential but are still rarely 
validated in real industrial environments. Key details such as training data 
size, feature selection, and model interpretability are often not reported. 
More consistent benchmarking under shared conditions would improve 
guidance for selecting appropriate models in industrial energy 
applications. 
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Future Perspectives 

Figure 13 presents the distribution of future research directions. 
AI advancements appear in 18 papers (11.11%). Many studies 

emphasize the potential of ML, deep learning, and hybrid AI models to 
improve predictive accuracy, decision-making, and real-time energy 
optimization. 

 

Figure 13. Future perspectives. 

Decentralized energy systems (12 papers; 7.41%) focus on distributed 
generation, microgrids, and localized energy management. Moving away 
from centralized grids improves energy distribution, resilience, and 
system flexibility. These studies used AI tools for real-time energy 
scheduling, demand prediction, and grid stability. 

Smart manufacturing and process optimization, each covered in six 
papers (3.70%), reflect the growing use of digital twins, intelligent 
automation, and real-time data analytics to improve energy performance.  

Industry 5.0 (five papers; 3.09%) represents the next stage of industrial 
evolution, and emphasizes human-centric, sustainable, and resilient 
manufacturing practices. Research in this area examines how to balance 
smart technologies with workforce needs through energy-efficient 
automation and sustainable production strategies. Similarly, resilience in 
energy systems, discussed in four papers (2.47%) focuses on adapting 
energy infrastructure to changing environmental and operational 
conditions. Many studies discuss the role of multi-objective optimization 
models and real-time adaptive control systems in strengthening industrial 
energy infrastructure. 
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Although several studies outline promising directions, most future 
perspectives remain general and weakly connected to the challenges 
identified earlier. In contrast, the roadmap proposed in this study is 
structured around the identified gaps in validation, data challenges, and 
technology integration. For example, decentralized energy systems and 
Industry 5.0 are frequently mentioned but are rarely linked to 
implementation frameworks or case studies. Few papers propose concrete 
steps for applying AI advancements to underexplored sectors such as 
construction or aerospace. The integration of resilience, circular economy, 
and real-time energy control is often stated as a goal without identifying 
technical or organizational enablers. Future research should provide 
more targeted directions that build directly on the gaps in validation, 
scalability, and technology integration identified in this review, as 
reflected in the proposed roadmap. 

Practical Implications for Industry and Practice 

The reviewed studies provide valuable insights for professionals 
involved in energy management, system optimization, and industrial 
operations. However, only a small subset directly links methodological 
choices to practical outcomes. For example, predictive models are 
frequently used in fault detection and load forecasting, but only a few 
studies report deployment success or integration with existing control 
systems. Energy managers and system designers could benefit from 
clearer performance benchmarks, particularly when selecting between 
data-intensive algorithms and simpler rule-based alternatives. Studies 
using real-time data, modular platforms, or interpretable models are more 
likely to be translated into industrial use, particularly in settings in which 
regulatory compliance and safety constraints are strict. Decision-makers 
would also benefit from transparent reporting of scalability limits and 
required technical resources, which remain underreported in the current 
literature. Bridging this gap between model development and operational 
adoption will require more focused validation and documentation of 
applied case studies. 

A ROADMAP FOR ADVANCING ENERGY EFFICIENCY RESEARCH AND 
PRACTICE 

This section builds directly on the findings by organizing the observed 
limitations, technological enablers, and sectoral gaps into a structured and 
actionable roadmap.  

The roadmap presented in this section synthesizes key patterns, 
challenges, and opportunities identified across the analyzed attributes, 
with a focus on validation, scalability, and sustainability. Each component 
of the roadmap directly reflects recurring gaps and opportunities 
observed in the reviewed studies. The roadmap is grounded in patterns 
consistently observed across attributes such as technological integration, 
data challenges, and modeling approaches. Priorities are derived from 
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empirical evidence in the reviewed literature, ensuring alignment with 
current research needs. 

Figure 14 provides a comprehensive overview of the existing gaps, 
enabling technologies, and strategic roadmap for energy efficiency in 
manufacturing. The figure is organized from left to right by these three 
interconnected levels. 

 

Figure 14. Technology roadmap for energy efficiency in manufacturing. 

The left side of the figure depicts major gaps that hinder progress. These 
include missed opportunities in using available technologies and limited 
use of simulation-based methods, which restrict innovation and effective 
system modeling. Issues such as poor scalability, lack of interoperability, 
and the absence of shared data standards make it difficult to connect 
systems across platforms and industries. Issues such as low data quality 
and lack of contextualized data further limit the development of reliable 
energy efficiency measures and predictive modeling. 

The middle section of the figure highlights key technologies that can 
help close existing gaps. Technologies such as the IoT, digital product 
passports (DPPs), semantic web technologies, and standardized ontologies 
are key for data acquisition and organization to ensure data consistency, 
interoperability, and structure. DPPs, as discussed by Psarommatis and 
May (2024) [24], are digital records that capture and share product 
lifecycle data such as materials, energy use, and environmental impact, 
and support data-driven decision-making in energy-efficient 
manufacturing systems. 
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Advanced digital technologies, including digital twins, AI and ML 
models, decision support systems, and blockchain-based carbon tracking, 
are essential for enhancing system intelligence, security, and 
sustainability. Edge computing adds another layer of capability by 
supporting real-time energy monitoring, local AI and ML analytics, and 
decentralized control at the point of operation. 

The right side of the figure presents a strategic roadmap aimed at 
advancing energy efficiency across the sector. A robust data foundation 
starts with high-quality, context-rich information. Edge computing and 
real-time analytics improve the speed and responsiveness of decision-
making. The roadmap emphasizes deploying energy monitoring and 
visualization systems in conjunction with utilizing AI and advanced 
analytics to identify new efficiency opportunities. 

The roadmap further emphasizes interoperability and standardized 
data structures. It promotes the incorporation of renewable energy 
sources and microgrid technologies, while supporting informed decision-
making through tools such as DPPs. To enhance consistency among studies, 
the roadmap advocates standardizing validation methods and 
benchmarking practices. Standardization improves comparability and 
reliability across applications. Furthermore, the roadmap advocates for 
scaling up innovation through collaborative ecosystems and aligning 
future manufacturing systems with circular economy principles to ensure 
long-term sustainability. 

The final layer of the figure ties digital strategies directly to real-world 
manufacturing operations. It underscores the need to integrate renewable 
energy sources, including solar and wind, into smart manufacturing 
systems. Real-time control and optimization of energy exchanges between 
the factory and the grid are essential for reaching goals such as zero waste 
and peak energy efficiency. 

The analysis of study types and modeling approaches shows that most 
studies rely heavily on empirical methods and predictive modeling, which, 
while useful, may limit the space for exploring new or alternative 
approaches. Sectors such as construction and energy utilities still 
underuse simulation-based methods, despite their strong potential for 
modeling complex systems and improving planning. These fields could 
benefit from simulating interconnected processes, but this potential still 
remains mostly untapped. Moreover, the very small number of 
comparative studies, just one paper in the dataset, makes it challenging for 
the field to compare and improve current methods. Addressing sectoral 
and methodological biases requires a multifaceted strategy. Examples of 
niche markets that could benefit from simulation-based and comparative 
methodologies include the textile and food and beverage sectors. These 
approaches could improve understanding and enable cross-sector insights. 

Figure 14’s recommendations are summarized below as five actionable 
research directions. 
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Building on the reviewed evidence and attribute-based classification, 
the following targeted strategies are recommended to guide future 
progress: 

• Use industry-specific case studies to support real-world applications. 
• Encourage hybrid methodologies that combine optimization, 

simulation, and ML to address multi-objective problems.  
• Emphasize blockchain and edge computing for secure and 

decentralized energy management. 
• Focus on underutilized sectors such as textiles, food and beverage, and 

forestry. 
• Design and implement interoperable data frameworks, and establish 

global protocols for seamless industrial integration. 

Continued progress in industrial energy efficiency will depend on 
cross-sector studies, integration of new technologies, and methods that 
account for contextual and practical constraints across applications.  

CONCLUSIONS AND FUTURE DIRECTIONS 

Building on the proposed roadmap, this final section synthesizes key 
findings and outlines future directions based on the identified gaps and 
opportunities. 

Recent advancements in technology and the urgent need for 
environmentally sustainable practices have brought research on 
industrial energy efficiency into the spotlight. This paper has presented a 
fresh viewpoint by combining insights from various disciplines, 
approaches, and technological advancements. This information was then 
used to create a roadmap that shows where research is lacking and how 
to fill those gaps. In the final step, we collate all of these results in this 
concluding section by providing a story that looks ahead, connecting our 
current understanding with the future possibilities. 

This study confirms that industrial energy efficiency research is 
progressing quickly but remains uneven in its application. The analysis 
conducted in this study shows that digital technologies are gaining traction, 
yet many promising sectors remain underexplored. Digital twins and IoT 
systems are becoming more prevalent, and empirical studies dominate the 
field, indicating a strong emphasis on real-world impact. Sectors such as 
aerospace, construction, and renewable energy remain underexplored 
despite their high potential. Future work should close this gap by making 
energy-efficient technologies more adaptable across sectors. Persistent 
concerns about scalability and data security could be addressed by 
investing in blockchain and edge computing solutions. 

Currently, data serves as both a foundation and a barrier. Given the 
persistent challenges surrounding data quality, interoperability, and real-
time processing, it makes sense to create standardized frameworks. One 
option is to use these challenges as a driving force to enhance innovative 
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approaches in data governance, data sharing, and analytics that surpass 
what we currently have.  

Transfer learning and semantic interoperability standards present 
flexible strategies that can reshape how organizations apply data in 
decision-making. To make these shift effective, modular data ecosystems 
must be developed to maintain both accessibility and privacy. 

Although RMSE and MAE are frequently used, their relevance is often 
disconnected from broader goals, as observed in this study. Nonetheless, 
RMSE and MAE remain valuable tools for evaluating predictive accuracy, 
with RMSE giving greater weight to large deviations, which is helpful 
when minimizing major errors is essential. MAE, in contrast, offers a 
straightforward interpretation of average error, making it accessible for 
evaluating overall model performance.  

The proposed roadmap also highlights the significant promise of hybrid, 
data-driven strategies that blend optimization, simulation, and predictive 
modeling. This integrated approach offers a solid framework for 
addressing complex energy efficiency challenges while supporting 
broader environmental and operational goals. 

The following examples help clarify these concepts. Smart buildings 
have effectively used IoT as a real-time energy consumption management 
tool. Digital twins have also proven useful for modeling and improving the 
operation of renewable energy systems. 

Blockchain technology is also applied in distributed energy trading 
systems to boost openness and confidence among all the engaged parties. 

Furthermore, governments, businesses, and educational institutions 
should collaborate more effectively over the next decade. 
Interdisciplinary teams are critical to bridging gaps between fields of 
study and evaluating the impacts of emerging technologies in a variety of 
real-world settings. Future research must also embrace interdisciplinary 
models that connect data science, engineering, and sustainability science, 
particularly in real-world deployments. 

Real progress in energy efficiency will not occur through isolated 
improvements; it requires a shift toward connected, system-level 
approaches. A few priorities can help guide this shift. To begin with, AI 
must go beyond improving operational efficiency and support integrated 
energy management and decision-making. 

It should also play a larger role in integrating renewable sources such 
as solar and wind into industrial operations, making systems more 
adaptive and easier to control. At the same time, research must focus more 
on underexplored areas in industries such as textiles, food production, and 
small-scale manufacturing, which can benefit significantly from improved 
energy efficiency. Finally, it is time to stop treating tools such as edge 
computing, blockchain, and autonomous systems as future experiments. 
These technologies must move into real-world applications where they 
can deliver measurable impact. 
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Real-world implementation requires addressing key barriers. 
Blockchain still raises concerns over energy consumption and regulatory 
clarity, while edge computing faces obstacles related to hardware 
compatibility, cost, and energy demands, particularly in resource-limited 
settings. Building shared standards for data collection, interpretation, and 
protection will be essential to enable system integration and accelerate 
adoption.  

By addressing these directions, the academic community and industry 
stakeholders can collaborate to drive meaningful progress toward 
sustainable manufacturing. While process optimization remains a 
dominant research focus, long-term progress requires integrating energy 
efficiency as a core principle across industrial and societal systems. 

SUPPLEMENTARY MATERIALS 

The following supplementary materials are available online, Table S1: 
Full dataset of the 162 analyzed papers used in the systematic literature 
review. 

DATA AVAILABILITY 

All data supporting the findings of this study are provided within the 
article and its supplementary material.  

AUTHOR CONTRIBUTIONS 

GM: Conceptualization, Methodology, Formal analysis, Literature 
review framework development, Writing original draft, Writing review & 
editing, Visualization, Supervision. FP: Systematic literature search, Data 
extraction, Attribute classification, Writing review & editing, Validation. 
Both authors have read and agreed to the published version of the 
manuscript 

CONFLICTS OF INTEREST 

The authors declare that they have no conflicts of interest. 

FUNDING 

This research received no external funding. 

REFERENCES 

1. Zakari A, Khan I, Tan D, Alvarado R, Dagar V. Energy efficiency and 
sustainable development goals (SDGs). Energy. 2022;239(Part E):122365. doi: 
10.1016/j.energy.2021.122365 

2. Ahmad T, Madonski R, Zhang D, Huang C, Mujeeb A. Data-driven probabilistic 
machine learning in sustainable smart energy/smart energy systems: Key 
developments, challenges, and future research opportunities in the context of 
smart grid paradigm. Renew Sustain Energy Rev. 2022;160:112128. doi: 
10.1016/j.rser.2022.112128 

https://doi.org/10.20900/jsr20260036


 
Journal of Sustainability Research 33 of 34 

J Sustain Res. 2026;8(2):e260036. https://doi.org/10.20900/jsr20260036  

3. Jamwal A, Agrawal R, Sharma M, Giallanza A. Industry 4.0 technologies for 
manufacturing sustainability: A systematic review and future research 
directions. Appl Sci. 2021;11(12):5725. doi: 10.3390/app11125725 

4. Teng SY, Touš M, Leong WD, How BS, Lam HL, Máša V. Recent advances on 
industrial data-driven energy savings: Digital twins and infrastructures. 
Renew Sustain Energy Rev. 2021;135:110208. doi: 10.1016/j.rser.2020.110208 

5. Krakowiak M, Bajor T. Cloud computing as a prospect for the sector of small- 
and medium-size companies in the Polish market. In: Tadeusz F. editor. New 
Trends in Production Engineering. Selected Aspects of Production 
Engineering in Management and Materials Engineering. Warszawa 
(Germany): Walter de Gruyter (Sciendo); 2019. p. 367. ISBN 9788395609503 

6. Mawson VJ, Hughes BR. The development of modelling tools to improve 
energy efficiency in manufacturing processes and systems. J Manuf Syst. 
2019;51:95-105. doi: 10.1016/j.jmsy.2019.04.008 

7. Narciso DAC, Martins FG. Application of machine learning tools for energy 
efficiency in industry: A review. Energy Rep. 2020;6:1181-99. doi: 
10.1016/j.egyr.2020.04.035 

8. Ekwaro-Osire H, Wiesner S, Thoben KD. Data acquisition for energy efficient 
manufacturing: A systematic literature review. In: IFIP Advances in 
Information and Communication Technology. Heidelberg (Germany): 
Springer Nature; 2021. doi: 10.1007/978-3-030-85910-7_14 

9. Bahij M, Labbadi M, Cherkaoui M, Chatri C, Elkhatiri A, Elouerghi A. A review 
on the prediction of energy consumption in the industry sector based on 
machine learning approaches. In: 2021 4th International Symposium on 
Advanced Electrical and Communication Technologies (ISAECT). 2011 
December 6-8; Alkhobar, Saudi Arabia. doi: 
10.1109/ISAECT53699.2021.9668559 

10. Wang Z, Liu J, Zhang Y, Yuan H, Zhang R, Srinivasan RS. Practical issues in 
implementing machine-learning models for building energy efficiency: 
Moving beyond obstacles. Renew Sustain Energy Rev. 2021;143:110929. doi: 
10.1016/j.rser.2021.110929 

11. Christensen P, Francisco P, Myers E, Shao H, Souza M. Energy efficiency can 
deliver for climate policy: Evidence from machine learning-based targeting. J 
Public Econ. 2024;234:105098. doi: 10.1016/j.jpubeco.2024.105098 

12. Hong Z, Yong CZ, Lucky K, Rong GJ, Joheng W. A data-driven approach for 
improving energy efficiency in a semiconductor manufacturing plant. IEEE 
Trans Semicond Manuf. 2024;37(4):475-80. doi: 10.1109/TSM.2024.3483781 

13. Cornejo Barraza JA, Figueroa Campos VN, Fuentes Escobar MA, Martinez LA. 
Critical review of machine learning applications for energy efficiency: State 
of the art and implementation perspectives in El Salvador. In: Proceeding of 
the 2023 IEEE 41st Central America and Panama Convention (CONCAPAN XLI). 
2023 Nov 8-10; Tegucigalpa, Honduras. 

14. Ioshchikhes B, Frank M, Weigold M. A systematic review of expert systems for 
improving energy efficiency in the manufacturing industry. Energies. 
2024;17(19):4780. doi: 10.3390/en17194780 

https://doi.org/10.20900/jsr20260036


 
Journal of Sustainability Research 34 of 34 

J Sustain Res. 2026;8(2):e260036. https://doi.org/10.20900/jsr20260036  

15. Valencia-Arias A, García-Pineda V, González-Ruiz JD, Medina-Valderrama CJ, 
Bao García R. Machine-learning applications in energy efficiency: A 
bibliometric approach and research agenda. Designs. 2023;7(3):71. doi: 
10.3390/designs7030071 

16. Biswas P, Rashid A, Biswas A, Nasim MA Al, Chakraborty S, Gupta KD, et al. 
AI-driven approaches for optimizing power consumption: A comprehensive 
survey. Discov Artif Intell. 2024;4(1):116. doi: 10.1007/s44163-024-00211-7 

17. Bermeo-Ayerbe MA, Ocampo-Martinez C, Diaz-Rozo J. Data-driven energy 
prediction modeling for both energy efficiency and maintenance in smart 
manufacturing systems. Energy. 2022;238(Part B):121691. doi: 
10.1016/j.energy.2021.121691 

18. Ma Z, Jørgensen BN, Levesque M, Amazouz M, Ma Z. Business models for 
digitalization enabled energy efficiency and flexibility in industry: A survey 
with nine case studies. In: Jørgensen BN, da Silva LCP, Ma Z, editors. Energy 
Informatics (EI.A 2023). Lecture Notes in Computer Science. Cham (Germany): 
Springer; 2024. Vol. 14467. doi: 10.1007/978-3-031-48649-4_15 

19. Balakrishnan D, Sharma P, Bora BJ, Dizge N. Harnessing biomass energy: 
Advancements through machine learning and AI applications for 
sustainability and efficiency. Process Saf Environ Prot. 2024;191:193-205. doi: 
10.1016/J.PSEP.2024.08.084 

20. Laiton N, Sicacha V, Garzon AM, Celeita D, Le TD. A review of data-driven 
solutions to power up maintenance of electrical systems for predictive 
decision making through fault analysis. In: 2023 IEEE Industry Applications 
Society Annual Meeting (IAS). 2023 Oct 29-Nov 2; Nashville, TN, US. doi: 
10.1109/IAS54024.2023.10406490 

21. Wei Y, Zhang X, Shi Y, Xia L, Pan S, Wu J, et al. A review of data-driven 
approaches for prediction and classification of building energy consumption. 
Renew Sustain Energy Rev. 2018;82(Part 1):1027-47. doi: 
10.1016/j.rser.2017.09.108 

22. Ivester RW, Cresko J, Nimbalkar S. Smart manufacturing technologies and 
data analytics for improving energy efficiency in industrial energy systems. 
In: 9th AIChE Southwest Process Technology Conference. New York (NY, US): 
AIChE; 2017. pp. 78-85. 

23. Selvam PP, Prabhakaran S, Vinod B, Jishnu T. A review of energy efficiency 
and machine learning analysis for additive manufacturing of direct laser 
metal deposition. Mater Today Proc. 2024. doi: 10.1016/J.MATPR.2024.03.034 

24. Psarommatis F, May G. Digital product passport: A pathway to circularity and 
sustainability in modern manufacturing. Sustainability. 2024;16(1):396. doi: 
10.3390/su16010396 
 

 

How to cite this article: 
May G, Psarommatis F. Advancing Industrial Energy Efficiency with Data-Driven Methods: A Systematic Review and 
Roadmap for Research and Practice. J Sustain Res. 2026;8(2):e260036. https://doi.org/10.20900/jsr20260036. 

https://doi.org/10.20900/jsr20260036
https://doi.org/10.20900/jsr20260036

