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Abstract

The integration of Artificial Intelligence (Al), Machine Learning (ML), and Deep Learning (DL) has transformed machin-
ing processes, significantly boosting efficiency, accuracy, and sustainability. This systematic review analyzes 182 research
articles, categorized into eight thematic clusters using VOSviewer software, based on author keywords from the Scopus
database, following the PRISMA framework. These clusters comprise ‘advanced sensing and prognostics,” ‘machine learn-
ing and optimization in manufacturing,” sustainability group (‘energy efficiency and optimization techniques’, ‘smart and
sustainable manufacturing’, ‘neural networks and energy management’), ‘intelligent machining processes,” ‘advanced algo-
rithms in machining,” ‘lubrication and tool wear management,” ‘CNC and deep learning applications,” and ‘digital twins.
A critical literature review of each cluster was conducted to identify key trends, challenges, and developments in Al, ML,
and DL applied in machining operations. The vital results are presented in table format. The review reveals that Al-driven
machining has significantly enhanced predictive maintenance, real-time process monitoring, and energy optimization, result-
ing in a reduction of machining energy consumption by up to 20%. ML and DL models have improved machining accuracy,
tool wear prediction, and adaptive process control. While progress has been made, difficulties persist in merging Al models
with industrial systems. This review also highlights significant research gaps in data quality, system adaptability, and the
scalability of Al solutions when integrating Al and ML with practical machining applications. The review addresses these
gaps by proposing techniques that improve model accuracy and reliability across various machining contexts and provides
a roadmap for future advancements in intelligent manufacturing systems.

1 Introduction

The convergence of Artificial Intelligence (AI), Machine
Learning (ML), and Deep Learning (DL) has revolution-
ized the sustainable energy sector by enhancing efficiency,
optimizing resource utilization, and reducing environmen-
tal impact. AIl, ML, and DL in machining operations for
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sustainable energy utilize high-performance computational
techniques and technologies to solve complex problems.
Machining is a manufacturing process in which raw mate-
rials are removed to shape a final product or component,
involving cutting, drilling, milling, and turning operations
[1]. Machining operations are integral to modern manufac-
turing, involving industries ranging from automobiles and
aerospace to renewable energy sectors. They are resource-
intensive, consuming vast amounts of energy and generat-
ing waste materials. Research indicates that they consume
almost 30% of the energy in manufacturing plants. The
average machining process consumes nearly 18-20 kWh
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of energy per kg of material removed, depending on the
material and process conditions [2]. Therefore, sustainable
manufacturing through eco-friendly machining practices is
crucial for achieving low industrial greenhouse gas emis-
sions. Traditionally, machining was either done manually
or with primitive automated methods. Computer numeri-
cal control (CNC) technology is now widely used, allowing
computer-guided machine tools to operate with high preci-
sion [3]. CNC technology assures that the machining process
produces the precise tolerances, surface finishes, and mate-
rial qualities required for high-quality manufacturing [4].
Computing in machining represents a transformative leap
in manufacturing, enhancing precision, efficiency, and adapt-
ability. AI, ML, and DL in machining have significantly
transformed the design, manufacturing, and optimization of
components. Al, ML, and DL allow real-time data analy-
sis, predictive modeling, and adaptive control of machining
processes, resulting in substantial improvements in preci-
sion, efficiency, and resource management [5, 6]. Al-driven
algorithms can predict tool wear in real time, allowing the
system to make proactive adjustments that increase tool life
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and machining efficiency [7]. Similarly, ML models may
constantly learn from historical data to improve machining
processes, resulting in more effective and consistent results.
With its ability to analyze large datasets, DL can detect sub-
tle patterns in machining operations, increasing precision
and optimizing cutting paths or tool movements. One of the
most significant advances enabled by improved computing in
machining is the use of digital twins, which are virtual repro-
ductions of actual machines. Manufacturers can enhance
productivity, reduce costs, and maintain a competitive edge
in a continuously changing market by adding AIl, ML, and
DL to machining operations [8]. The integration of modern
computers and machining has the potential to significantly
contribute to global sustainability efforts by reducing mate-
rial waste, optimizing energy use, and reducing the need for
physical prototypes. Combining innovative computational
techniques with traditional machining processes enhances
production efficiency and quality, aligning with the global
push for sustainable energy solutions. Manufacturers can
gain both economic and environmental benefits by leverag-
ing AI, ML, and DL capabilities. Figure 1 depicts Al, ML,
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and DL machining processes that utilize sensor data and
machining settings to enhance operational efficiency and
reliability. Figure 1a shows the convergence of Al, ML, and
DL; Fig. 1b depicts Al techniques; Fig. 1c¢ shows various
ML techniques; and Fig. 1d shows DL techniques. A brief
description of ML and DL is given below.

Al has found diverse applications in optimizing machin-
ing processes and enhancing industrial sustainability, abra-
sive water jet machining of carbon fiber-reinforced polymers
[9], to reduce thermal deformation in machine-tool spindles,
improving precision in manufacturing [10, 11], to detect
chatter [12]. Al supported the performance enhancement of
electrical discharge machining (EDM) [13]. Al-based pro-
cess modeling facilitated sustainable machining of Inconel
718 [14]. The design of intelligent simulators using ANN
and ANFIS models aided in predicting milling performance
and optimizing processes [15]. Al-powered computer vision
was integrated into sustainable smart product-service sys-
tems [16]. Energy optimization in milling operations for
304L steel was achieved through Al methods [17]. Robust
optimization combined with AI helped to design energy-
efficient, high-precision multi-pass turning processes [18].

ML is a branch of Al that focuses on creating algorithms
and models to allow machines to learn from and make
predictions about data [19], refer to Fig. 1c. ML forecasts
results, optimizes operations, and reduces waste in machin-
ing and sustainable energy solutions [20]. Fawad et al. [21]
focused on the role of ML in predictive maintenance, pro-
cess optimization, quality control, and adaptive manufactur-
ing. The study highlighted how integrating ML with sensor
data improved real-time adjustments, reduced downtime,
optimized CNC machining, and enhanced defect detec-
tion. Kim et al. [22] introduced a data-driven system using
ML and metaheuristic algorithms. The system achieved a
77.83% reduction in fault rates and a 17.64% decrease in
cycle times to enhance process optimization. In supervised
learning, an ML approach, the model learns from labeled
input—output pairs using a training dataset where inputs and
their corresponding outputs are predefined. In machining,
ML algorithms utilize historical data to predict tool wear,
surface finish quality, and other key variables [23]. It enables
one to preemptively adjust machining parameters, ensuring
peak performance while minimizing material waste and
energy consumption. Fawad et al. [21] studied the role of
ML in predictive maintenance, process optimization, qual-
ity control, and adaptive manufacturing. It highlighted how
integrating ML with sensor data improved real-time adjust-
ments, reduced downtime, optimized CNC machining, and
enhanced defect detection. In unsupervised learning, train-
ing models work on unlabelled data to realize structures,
correlations, and patterns [24]. Unsupervised learning has
applications in manufacturing, including anomaly iden-
tification, hidden pattern recognition in process data, and

clustering comparable machining operations. Reinforcement
learning (RL) is another ML approach in which an agent
learns to make decisions by interacting with its environ-
ment and receiving feedback through rewards or penalties.
RL dynamically adjusts machining parameters in real-time
to produce optimal results. RL minimizes energy use and
maximizes efficiency, aligning with the goals of sustainable
energy solutions.

ML has transformed machining operations by enhanc-
ing efficiency, precision, and adaptability. It is used for pre-
dictive maintenance to minimize downtime [25], tool wear
monitoring to optimize tool life [26], and real-time process
control to stabilize operations, prevent defects [27, 28], to
monitor tool condition [29]. ML models optimize machin-
ing parameters such as cutting speed and feed rate, improv-
ing quality, and reducing energy consumption [30, 31]. ML
enables defect detection through computer vision [16, 32],
machinability analysis for new materials [33, 34], and the
development of digital twins for process simulation [35].
Applications such as chatter detection [36—38], energy opti-
mization [39, 40], and custom automation improves produc-
tivity [41] and reduce costs [42], making ML a cornerstone
of modern manufacturing.

DL, a branch of ML, automatically extracts features from
unprocessed data using layered neural networks. Analyzing
big datasets and seeing intricate patterns does exceptionally
well on tasks like speech recognition and image categoriza-
tion [43], refer to Fig. 1d. DL provides a new degree of pre-
cision and adaptability in machining for sustainable energy
solutions, making it an indispensable tool for optimizing
complicated manufacturing processes. Neural Networks are
the foundation of DL [44]. These computational models are
modeled after the human brain's structure, consisting of lay-
ers of interconnected nodes (neurons) to process informa-
tion hierarchically [45]. Neural Networks simulate complex
interactions between input factors (cutting speed, feed rate,
and material qualities) and output variables in machining.
These models learn from previous data to predict results
under various settings, enabling real-time adjustments to
machining parameters. This capacity improves machining
precision while minimizing waste and increasing energy effi-
ciency, harmonizing with the goals of sustainable energy
solutions. McDonnell et al. [46] applied neural networks for
optimizing and visualizing outcomes in laser surface tex-
turing, significantly reducing experimental data needs and
development time while maintaining accuracy.

DL has various applications in machining and manu-
facturing and was used for sidewall profiling and surface
roughness measurement in precision components [47] and
energy-efficient milling of CFRP composites through opti-
mization [48-50]. DL aids in phase identification in materi-
als like Ti—6 Al-4 V using X-ray diffraction patterns [32]
and CNC machine control using reinforcement learning
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[51]. It supports load balancing in virtual machine migra-
tions [52], temperature prediction during rotary ultrasonic
bone drilling [53, 54], and energy consumption prediction
in machining systems [55, 56]. DL also facilitates work-
piece setup optimization in CNC milling [57], multi-pass
cutting parameter optimization for aviation parts [40], and
milling chatter detection using vibration signals [58]. Addi-
tional applications include laser ablation visualization using
plasma imaging [59] and machining parameter optimization
considering costs [42].

The rapid advancement of Al, ML, DL, and optimiza-
tion techniques has significantly impacted manufacturing
and engineering. Table 1 presents key insights from review
papers on Al, ML, DL, and optimization in manufactur-
ing and engineering. However, despite numerous studies
exploring Al applications in these domains, a unified and
structured understanding of their contributions, challenges,
and future potential remains unexplored. Existing research is
often scattered, with studies focusing on specific areas, such
as machining processes, digital twins, process optimization,
and energy efficiency, without a comprehensive synthesis.
This lack of consolidation makes it challenging to identify
common trends and key challenges that impede the full-scale
implementation of Al in smart manufacturing and sustain-
able energy systems.

A review of existing literature, Table 1, highlights sev-
eral critical challenges and gaps in Al-driven manufac-
turing research. The primary concern is the integration
of Al and ML in machining and manufacturing processes
and energy efficiency of machining operations [60]. Al
has been widely applied in surface roughness and quality
prediction, tool condition monitoring, parameter optimi-
zation, and energy conservation. However, data quality
issues, explainability of Al models, and integration with
legacy systems still have some challenges. Predictive
maintenance, real-time intelligent monitoring, and scal-
able, computationally efficient, and transferable AI mod-
els have not achieved scalability, computational efficiency,
or even transferability in AI models. Another key area of
concern is Al-driven smart manufacturing and Industry
4.0. Digital Twins (DTs) have emerged as a powerful Al-
enabled tool for smart manufacturing and human-robot
collaboration. However, their multi-scale integration,
sustainability considerations, and automation capabili-
ties require further enhancements. Additionally, AI’s role
in process optimization and decision-making is expand-
ing; however, technical complexities and compatibility
issues with existing systems limit its widespread adoption.
Another highly focused area has been energy efficiency
and sustainability in machining processes, where Al has
been applied to model and optimize energy consumption.
Optimization techniques that employ Al have proven effec-
tive in achieving up to 20% reduced energy consumption
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in machining. However, further research is still necessary
to develop robust and adaptive strategies that promote effi-
ciency and sustainability. Many AI and ML models suffer
from computational limitations, a lack of explainability,
and transferability issues, and require further refinement
and adaptation to diverse machining scenarios. Similarly,
Al applications in robotic precision manufacturing, such
as robotic abrasion and force-controlled machining, are
still developing. Evaluation metrics and automation frame-
works need to be standardized.

Despite these advances, the absence of a comprehensive
and structured analysis of Al, ML, and DL in machining
and sustainable energy applications presents a significant
research review gap. Existing review studies focused on spe-
cific applications without a holistic review of trends, chal-
lenges, and future research directions. This fragmentation
hinders the ability of researchers and industry professionals
to identify effective Al strategies for enhancing process effi-
ciency, reducing energy consumption, and improving quality
control. For this gap, the present paper formulates the fol-
lowing research question:

“How can Al, ML, and DL be systematically catego-
rized and critically analyzed in machining operations
to provide a holistic understanding of research trends,
key challenges, and future directions?”

This research problem aims to conduct a systematic lit-
erature review by analyzing 182 research documents related
to the application of Al, ML, and DL in manufacturing and
energy. The study will categorize these papers according to
the selected keywords and provide a critical review of each
cluster. This step will help define commonalities, emerg-
ing trends, and research gaps within Al-driven manufactur-
ing. Furthermore, the paper will provide fresh insights into
sustainability-focused Al applications, aid in bridging the
gap between academic research and industrial practice, and
outline the following key research objectives.

e To systematically collect and categorize AI, ML, and
DL applications in machining by gathering articles from
the Scopus database and classifying them into thematic
clusters based on author keywords.

e To perform a cluster-wise critical literature review by
analyzing each cluster’s trends, advancements, key con-
tributions, and challenges.

e To evaluate Al, ML, and DL's role in energy efficiency,
sustainability, and process optimization by assessing
how models and optimization algorithms reduce energy
consumption, improve machining precision, and enhance
sustainability in manufacturing.

e To provide future research directions and identify key
challenges and research gaps such as data quality issues,
model interpretability, and computational efficiency.
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Table 1 Key insights from review papers on Al, ML, DL, and optimization in manufacturing and engineering

References Focus area Key topics Challenges and trends Publication ~ Type of review
year/citations
[61] ML in machining processes Roughness quality predic-  High computational 2021/37 Overview
tion demands
Tool condition monitoring  Focusing on scalability and
Energy consumption Algorithm refinement
[62] Al-driven digital twins in Al integration in DTs Multi-scale integration of ~ 2021/179 Comprehensive Review
Industry 4.0 Smart manufacturing DTs
Human-robot interaction Enhancing Al-driven DTs
for sustainability, automa-
tion
[63] Natural fiber-reinforced Al-enhanced manufactur- Detecting defects and dam- 2022/30 Focused Review
polymer composites ing systems ages efficiently
(NFRPCs) NDE images and Al to
develop computational
models and improve
analysis quality
[64] Al applications in machin-  Predictive modeling Data quality, explainability, 2022/25 Thematic Review
ing operations Parameter optimization and transferability of Al
Chatter stability models
Tool wear Improving data handling,
Energy conservation explainable Al (XAI),
and domain adaptation
[65] Intelligent machine tools in Al in machining processes  Intelligent machine tools,  2023/7 Comprehensive Review
intelligent manufacturing  Tool condition monitoring global market competi-
tion, energy efficiency
improvement
Al integration and address-
ing industry-specific
needs
[66] Intelligent monitoring in Online signal collection Meeting increased machin-  2024/0 Thematic Review
machining State recognition ing quality demands,
Intelligent decision-making  issues in traditional
techniques, and the need
for advanced intelligent
monitoring solutions
Developing integrated
intelligent systems for
real-time monitoring
[67] Al and ML in machining Cutting forces prediction Integrating Al and ML into  2024/0 Overview Review
processes Tool wear prediction legacy systems
Machining parameter opti- Expand AI/ML applica-
mization tions for better process
efficiency, energy reduc-
tion, and surface quality
improvement
[68] Energy efficiency in Energy consumption Optimizing energy con- 2024/3 Focused Review
machining modelling sumption
Optimization techniques Al to achieve energy sav-
ings of up to 20%
[69] Optimization algorithms in ~ Parameter optimization, Challenges in adapting © 2024/2 e Thematic Review

machining

process efficiency, surface
quality improvement

algorithms to diverse
machining processes
Refining algorithms for
enhanced efficiency, sus-
tainability, and customi-
zation manufacturing
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Table 1 (continued)

References Focus area Key topics Challenges and trends Publication =~ Type of review
year/citations
Present work AL, ML, and DL in Machin- Systematic Review: Critical literature review of e 2025/— o Systematic Literature

Consortium 182 articles
into clusters based on
keywords

ing and Sustainable
Energy Applications

each cluster Review

This study is crucial as it establishes a benchmark for
future research by providing a framework to understand how
Al, ML, and DL contribute to machining and sustainable
energy practices. It will empower researchers and industry
professionals to enhance Al, ML, and DL-driven manufac-
turing strategies, such as process optimization, intelligent
monitoring, energy conservation, and sustainable production
methods. The overarching aim is to enable the integration of
Al ML, and DL in smart manufacturing, ultimately foster-
ing a more efficient, intelligent, and sustainable industrial
ecosystem.

The incorporation of Al and ML into machining processes
not only enhances operational efficiency but also revolution-
izes conventional manufacturing models. By integrating Al,
ML, and DL technologies, machining operations achieve
greater precision, adaptability, and cost-effectiveness. These
advancements substantially reduce energy consumption and
waste production, thereby supporting sustainable manufac-
turing objectives. Al and ML enable real-time monitoring
and predictive maintenance, prolonging machinery lifespan
and minimizing downtime by identifying and addressing
potential failures in advance.

Unlike previous reviews that primarily focus on the broad
applications of Al, ML, and DL in manufacturing, this study
examines the specific challenges of integration and optimi-
zation strategies in machining processes, providing in-depth
insights into system adaptability and operational efficiency.
The review distinctly addresses the real-world applicability
of these technologies, providing evidence-based recommen-
dations that bridge the gap between theoretical research and
practical implementation in industrial settings.

This paper is systematically organized to provide a com-
prehensive review. Section 1 Introduction outlines the moti-
vation, significance, and research objectives, emphasizing
the need for AI, ML, and DL advancements within machin-
ing. Section 2 Materials and Methods details the data collec-
tion process, specifically in Sect. 2.1 Data Search Strategy,
followed by cluster formation using VOSviewer in Sect. 2.2,
and Sect. 2.3 outlines the Cluster-Wise Systematic Litera-
ture Review Procedure. Section 3 Cluster-Wise Critical
Review of Literature categorizes the selected studies into
eight thematic clusters. Section 4, Key Research Themes
and Trends, includes Sect. 4.1, Comparative Analysis of
Clusters, which highlights performance metrics, application
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scope, and limitations. Section 4.2 Key Observations Across
Clusters, Sect. 4.3 Contribution to Energy Efficiency and
Sustainability, Sect. 4.4 Challenges identifies critical chal-
lenges, such as data quality issues, computational limita-
tions, model interpretability, and the industrial scalability of
Al models, and Future Research Directions. Finally, Sect. 5
Conclusions summarizes the study’s findings, highlighting
the transformative role of AI, ML, and DL in machining,
its contribution to smart manufacturing, and recommenda-
tions for bridging the gap between academic research and
industrial implementation.

2 Materials and Methods
2.1 Data Search Strategy

Data for this systematic review were searched using the Sco-
pus database. The primary objective was to investigate the
convergence of Al, ML, and DL in machining processes,
with a focus on energy efficiency and sustainability. The
study employed the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) framework to
ensure a structured and transparent approach to conducting a
systematic literature review of Al, ML, and DL applications
in machining for sustainable energy, refer to Fig. 2. A com-
prehensive search query was generated with the keywords
as follows:

TITLE-ABS-KEY ("machine learning") OR ("artificial
intelligence") OR ("Deep Learning") AND (machin-
ing) AND (energy) OR (sustainability).

The search yielded 331 results. To maintain consistency
and accessibility, the search was limited to papers published
in English, resulting in 316 documents. The dataset was fur-
ther improved by selecting peer-reviewed articles, resulting
in 178 publications. A manual review removed items irrel-
evant to the study's topic, and the final dataset consisted
of 155 articles (140 research articles and 15 reviews). The
cluster on digital twins (18) and real-world case studies (9)
results in 182 documents for review.

After the initial retrieval of 331 articles based on search
criteria, each article underwent a rigorous relevance check,
retaining only those that explicitly integrated Al, ML, or
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DL with machining processes, and focusing on recent
advancements and critical reviews within the last five
years. This relevance check was based on a dual screen-
ing of abstracts and conclusions, ensuring alignment
with research themes. The categorization process was
methodically executed using VOSviewer, which provided
a network analysis of keywords and their interrelations.
This confirmed thematic saturation and revealed emerg-
ing trends that were not initially apparent. The methodol-
ogy identified nuanced clusters, such as"Adaptive Con-
trol Systems in Machining"and"Al-enhanced Predictive
Maintenance,"highlighting specific innovations and gaps
in the current research landscape. These clusters were
cross-validated with recent patents and industry practices
to ensure they reflected current and actionable Al appli-
cations in machining operations. The study included a
validation step, where cluster outcomes were reviewed to
ensure the robustness and relevance of the categorization.

2.2 Cluster Analysis Using VOSviewer

Cluster analysis using author keywords in VOSviewer
reveals trends in research, knowledge structure, and col-
laboration patterns. It helps identify dominant themes,
emerging topics, and research gaps as part of a systematic
literature review, informing future research directions.
Additionally, it enhances understanding of interdiscipli-
nary connections and increases visibility. This analysis
enables policymakers to develop strategic research plans
and allocate resources effectively to high-impact areas. It
is a powerful tool for mapping scientific landscapes and
optimizing research contributions. VOSviewer (version
1.6.20) was utilized in the present systematic literature
review. The author keywords were used to make clusters.
The cluster analysis categorized 140 selected articles into
nine thematic clusters. The clusters were assigned names
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relevant to a group of keywords, and each cluster, along
with its associated author keywords, is shown below.

e Cluster 1: Advanced sensing and prognostics (12): acous-
tic emission, chatter detection, industry 4.0, computer
vision, deep learning, EDM, machining, neural networks,
process monitoring, prognostics and health management,
signal processing, tool condition monitoring.

e Cluster 2: Machine learning and optimization in manu-
facturing (10): artificial intelligence, artificial neural net-
work, clustering, genetic algorithm, machine learning,
machine learning technique, prediction model, optimiza-
tion, transfer learning, support vector machine.

e Cluster 3: Energy efficiency and optimization techniques
(9): ANFIS, ant colony optimization, evolutionary com-
putation, energy, energy conservation, energy-efficient
machining, energy consumption, energy efficiency,
energy prediction, power consumption.

e Cluster 4: Intelligent machining processes (8): CNN, con-
volutional neural network, deep reinforcement learning,
milling, grinding, machining processes, machining pro-
cess, milling process.

e Cluster 5: Smart and sustainable manufacturing (8):
Manufacturing, smart manufacturing, sustainability, sus-
tainable manufacturing, sustainable machining, surface
roughness, step-nc, surface quality.

e Cluster 6: Advanced algorithms in machining (7): CNC
machine tools, CNC machining, deep reinforcement
learning, neural network, optimal control, prediction
model, ultra-precision machining.

e Cluster 7: Lubrication and tool wear management (7):
Lubrication, MQL, nanofluids, minimum quantity lubri-
cation, tool wear, tool wear prediction, tool condition
monitoring.

e Cluster 8: CNC and deep learning applications (4): CNC,
deep learning, machine tools, turning.

e Cluster 9: Neural networks and energy management (4):
ANN, SVM, Ti-6 Al-4 V.

2.2.1 Refining and Updating Clusters

After generating clusters using VOSviewer software, each
cluster was analyzed based on its associated keywords and
assigned a descriptive name relevant to its content. To
enhance clarity and coherence, Clusters 3, 5, and 9 were
merged into a unified ‘Sustainability Group,” and Cluster 8
‘Digital Twins’ was added. Consequently, the refined clus-
tering resulted in the following eight clusters:

e Cluster 1: Advanced sensing and prognostics.

e Cluster 2: Machine learning and optimization in manu-
facturing.

e Cluster 3: Sustainability group.
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Energy efficiency and optimization techniques.
Smart and sustainable manufacturing.

Neural networks and energy management.

Cluster 4: Intelligent machining processes.
Cluster 5: Advanced algorithms in machining.
Cluster 6: Lubrication and tool wear management.
Cluster 7: CNC and deep learning applications.
Cluster 8: Digital twins.

2.2.2 Justification for Choosing VOSviewer for Cluster
Analysis

VOSviewer is chosen for cluster analysis due to its reliable
and well-established capabilities in bibliometric analysis, as
well as its ability to clearly and intuitively display scientific
landscapes. The software utilizes sophisticated algorithms
that analyze keyword co-occurrences, citation patterns, and
bibliographic coupling to uncover hidden thematic connec-
tions between scholarly articles. Its interactive visualiza-
tion features enable in-depth exploration of interconnected
themes, allowing researchers to grasp complex relationships
within the data. Additionally, VOSviewer is widely recog-
nized and utilized in academic research during literature
review processes, assuring the results'reliability, credibility,
and reproducibility. VOSviewer offers clear visualizations,
sophisticated clustering algorithms, engaging interactive fea-
tures, and academic credibility. These qualities make it the
ideal analytical tool for extracting valuable thematic insights
from large bibliometric datasets.

2.2.3 Validation Process of Thematic Clusters

The thematic clusters identified using VOSviewer were care-
fully validated through a structured, multi-step approach:

e [nitial keyword-based analysis: clusters were first exam-
ined based on the frequency, relevance, and co-occur-
rence strength of keywords. This step ensured thematic
coherence and helped identify core themes clearly and
distinctly.

e Expert review and refinement: each identified cluster
underwent expert qualitative analysis to ensure a mean-
ingful interpretation. Expert evaluation involved assess-
ing thematic cohesiveness, relevance to the domain, and
consistency in keyword associations.

e Merging closely related clusters: clusters exhibiting
significant thematic overlap, particularly in sustainabil-
ity-related areas (such as energy efficiency, smart man-
ufacturing, sustainable machining, and energy manage-
ment), were merged into a comprehensive'Sustainability
Group'and eight cluster ‘digital twins’ were added. This
decision enhanced clarity and minimized redundancy,
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enabling a unified and coherent exploration of sustain-
ability themes.

e Final cross-validation: following the merger, the refined
clusters were reassessed against the original datasets to
confirm their representational accuracy and thematic
integrity. Cross-validation with recent literature ensured
robustness and contemporary relevance of the clusters.

The rigorous validation approach ensured that each the-
matic cluster accurately and meaningfully represents distinct
areas of research within advanced manufacturing, machining
processes, and sustainability research.

2.3 Cluster-Wise Systematic Literature Review
Procedure

After generating clusters and assigning names based on
author keywords, a systematic search was conducted within
the dataset of 140 articles. Each keyword from a cluster was
used to filter relevant articles, and all identified articles were
grouped into their respective clusters. The same procedure
was applied to all clusters. A critical review was conducted
for each cluster, extracting key insights and organizing them
in a tabular format. The tables were then analyzed to identify
patterns, trends, and key findings, resulting in a comprehen-
sive conclusion for each research domain.

3 Cluster-Wise Critical Review of Literature

This section provides a structured and elaborate analysis of
the chosen articles grouped into thematic clusters to cap-
ture the various applications and revolutions of AIl, ML, and
DL in the machining operations. Each cluster is critically
evaluated to determine the existing state of studies, recog-
nize critical breakthroughs, and note continued challenges

and gaps in the literature. This systematic methodology
illustrates the complex influence of these technologies on
machining operations and assists in identifying areas most
likely to benefit from future research. By deconstructing the
literature into thematic categories, the study gives a broad
overview that facilitates knowledge synthesis and drives the
strategic planning of future technological advancement in
intelligent manufacturing systems.

3.1 Cluster 1: Advanced Sensing and Prognostics

The “Advanced Sensing and Prognostics” cluster-1 focuses
on applying advanced sensing techniques and predictive
models in machining operations. The emphasis is on real-
time monitoring, predictive maintenance, and optimization
through acoustic emission sensing, signal processing, and
ML models such as ANFIS, SVM, convolutional neural net-
work (CNN), and RNN. These innovations aim to improve
tool wear prediction, machining efficiency, and sustainability
in manufacturing operations, as shown in Fig. 3.

Table 2 shows prognostics, sophisticated sensing, and
optimization methods in diverse machining processes and
explores how ML models can improve tool wear predic-
tion and machining efficiency. Teimouri et al. [70] and Nain
et al. [71] optimized EDM and WEDM parameters using
ANFIS and SVM models. They emphasized incorporating
optimization methods with ML models to enhance parameter
selection and process monitoring. Proteau et al. [72] and
Shah et al. [73] examined various models to predict tool
wear. While Shah et al. [73] used LSTM models and acous-
tic emission (AE) sensors for real-time tool wear monitor-
ing during milling, Proteau et al. [72] used RNN and linear
regression to link cutting energy with tool wear. The poten-
tial of ML algorithms to improve tool wear management and
predictive monitoring was highlighted in both studies. Li
et al. [74] and Wang et al. [75] focused on the use of audio

Fig.3 Cluster 1: advanced sens-
ing and prognostics

Machine Learning Real-time
Models Monitorin
e 9
Tool Wear : {é}. Acoustic
Prediction Emission Sensors

Signal Processing ——————
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signal processing and AE sensors for real-time tool wear
monitoring and characterizing machining mechanisms. Li
et al. [74] demonstrated the effectiveness of audio signals for
non-intrusive and cost-effective sensing. At the same time,
Wang et al. [75] showed that AE sensors could predict cut-
ting conditions and material removal variations, underscor-
ing the utility of acoustic and audio sensors in advanced
sensing applications.

Laddada et al. [76] and Liu et al. [77] explored different
ML models for tool wear prediction and discharge status
monitoring. Laddada et al.[76] used CCWT and IELM to
predict tool wear and remaining useful life, while Liu et al.
[77] employed CNN and GRU for spark image analysis in
WEDM. Both studies highlighted the importance of com-
bining ML techniques for high prediction accuracy and
improved process stability. Schueller et al. [78] and Elumalai
et al. [79] investigated tool condition monitoring (TCM) and
EDM performance. Schueller et al. [78] employed ensemble
learning and simulated noise augmentation to enhance the
accuracy and generalizability of the TCM system. In con-
trast, Elumalai et al. [79] explored the impact of SiC nano-
powder on micro EDM, showing significant improvements
in material removal rate (MRR) and tool wear reduction.
These studies illustrated the benefits of advanced ML tech-
niques and material enhancements in machining processes.
McDonnell et al. [46], Walk et al. [16], and Ye et al. [80]
focused on optimizing machining parameters and ensuring
sustainable production. McDonnell et al. [46] used neural
networks for laser surface texturing, reducing experimental
and development time, while Walk et al. [16] applied DL for
sustainable production, achieving significant CO, emission
reductions. Ye et al. [80] utilized DL models for real-time
micro-EDM process monitoring, demonstrating improved
process stability and machining quality. These studies high-
lighted the role of ML and DL techniques in optimizing
machining processes and promoting sustainability. Gonza-
lez-Sanchez et al. [81], Patange et al. [82], and Yue et al.
[32] explored advanced sensing and monitoring techniques
in EDM and other machining processes. Gonzalez-Sanchez
et al. [81] used YOLOVS8 and Vision Transformer-based
instance segmentation for crater characterization in WEDM.
Patange et al. [82] employed PCA and k-means clustering for
Al-based tool condition monitoring with limited data. Yue
et al. [32] applied CNNs for high-throughput X-ray diffrac-
tion analysis, achieving high reliability in predicting phase
fractions. These studies emphasized advancements in sens-
ing and monitoring technologies for improved machining
accuracy, efficiency and active noise cancellation [83].

Cluster-1, “Advanced Sensing and Prognostics,” high-
lighted the research on advanced sensing, prognostics,
and optimization in machining processes using various
ML models like ANFIS, SVM, RNN, CNN, GRU, LSTM,
and ensemble learning. These models improve process

monitoring, parameter optimization, and tool wear predic-
tion in EDM, WEDM, milling, and laser processing. Key
findings include enhanced predictive accuracy, improved
process stability, and reduced energy consumption and CO,
emissions. Integrating audio and acoustic emission sensors,
advanced signal processing, and optimization techniques
demonstrates the potential for cost-effective real-time moni-
toring. Innovative materials such as SiC nanopowder and
nano-graphene dielectric enhance machining performance
and sustainability.

Cluster-1, “Advanced Sensing and Prognostics,” suggests
that future research in advanced machining and tool condi-
tion monitoring should prioritize the integration of various
ML models, such as CNNs, RNNs, LSTMs, and ensemble
techniques, alongside different sensing technologies like
acoustic emission sensors, audio signal processing, and com-
puter vision [84]. Emphasizing sustainable practices, such
as utilizing nano-graphene dielectrics and efficient energy
consumption prediction models, is essential. Future research
should also focus on developing adaptive and robust online
monitoring systems to ensure superior machining quality
and efficiency across various industrial applications.

3.2 Cluster 2: Machine Learning and Optimization
in Manufacturing

Cluster-2 “Machine Learning and Optimization in Manu-
facturing” investigates the applications of Al, ML, and DL
techniques and optimization algorithms in manufacturing.
It illustrates how ML models like RF, SVM, and ANN can
improve energy efficiency, machining parameter optimiza-
tion, and tool condition monitoring when combined with
genetic and ant colony optimization techniques. The cluster
importance is described in Fig. 4.

Table 3 provides a detailed review of studies that fall
within the scope of the cluster as per keywords. These stud-
ies cover energy efficiency, machining parameter optimiza-
tion, surface roughness prediction, tool condition monitor-
ing, and sustainable manufacturing. Energy efficiency and
optimization are central themes, with numerous studies
dedicated to reducing energy consumption and improving
process planning and scheduling.

Zhang et al. [95], Wang et al. [96], and Tang et al. [97]
employed genetic algorithms, deep reinforcement learning,
and ant colony optimization to achieve significant energy
savings. In particular, Zhang et al. [95] reported a 10.7%
reduction in energy consumption using a mutation-combined
ACO algorithm. Machining and surface roughness optimi-
zation are also critical areas of research. Studies by Dubey
et al. [98] and Abbas et al. [90] highlighted ML models such
as Random Forest (RF) and XGBoost to predict and opti-
mize surface roughness. These models provide high pre-
diction accuracy, help achieve desired surface quality, and

@ Springer
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Process
Optimization

Enhances efficiency and
reduces energy
consumption.

Supply Chain
Optimization
Improves order

fulfillment and reduces
excess stock.

Cluster 2: Machine Learning and Optimization in Manufacturing

Predictive
Maintenance

Reduces downtime and
maintenance costs

through proactive

measures.

Ensures high product
quality by identifying
defects in real-time.

Fig.4 Cluster 2: machine learning and optimization in manufacturing

minimize tool wear. Real-time monitoring and prediction of
tool conditions are essential for efficient manufacturing pro-
cesses. Jauhari et al. [37] and She et al. [99] utilized transfer
learning and BiLSTM models to enhance the accuracy and
reliability of tool wear predictions.

The real-time monitoring systems achieved a high clas-
sification accuracy of 98.21% in detecting tool chatter [37].
Sustainable manufacturing practices were emphasized in
studies by Ishfaq et al. [13] and Celent et al. [100], which
explored using renewable dielectrics and environmentally
friendly materials to reduce carbon emissions and improve
energy efficiency. Ishfaq et al. [13] reported significant
improvements in machining sustainability using nano-gra-
phene mixed rice bran oil. These studies'methods include
various ML models, such as ANN, SVM, and DL tech-
niques, which were applied to predict and optimize machin-
ing parameters and energy consumption.

Maurya et al. [10] demonstrated ANN and GA for
precise thermal error prediction in high-speed spindles.
Optimization algorithms GA, ACO, and non-dominated
sorting genetic algorithm (NSGA-II) [101] were frequently
employed to solve complex optimization problems, as seen
in studies by Salem et al. [102] and Khalilpourazari et al.
[18]. Experimental and simulation methods, such as Power

@ Springer

Spectral Density and Monte-Carlo Ray Tracing (MCRT),
provide data for developing and validating models and
finite element simulation [103]. Meng et al. [104] and
Kalandyk et al. [51] effectively combine experimental data
with ML for process optimization. A domain knowledge-
integrated optimization design framework is also useful
[105].

Cluster 2 “Machine Learning and Optimization in Manu-
facturing” findings indicate that integrating ML and optimi-
zation techniques significantly enhances energy efficiency,
machining performance, and real-time monitoring. Dubey
et al. [98] achieved high prediction accuracy for surface
roughness using RF models. Real-time monitoring systems
developed by Jauhari et al. [37] show high classification
accuracy for detecting tool chatter. Sustainable practices
using renewable dielectrics and environmentally friendly
materials demonstrate the potential for reducing the envi-
ronmental impact of machining processes [13]. The implica-
tions for ML and optimization are substantial. ML models
provide robust predictions and optimize complex systems,
enhancing efficiency and sustainability. Optimization tech-
niques, such as GA and ACO, improve process parameters
and energy consumption [106], resulting in more efficient
and eco-friendly manufacturing processes, fuzzy logic also
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contributes [107], Fuzzy Analytic Hierarchy Process to
reduce carbon emission during machining [108].

Cluster 2 “Machine Learning and Optimization in Man-
ufacturing” recommends adopting ML and optimization
techniques to enhance process efficiency and reduce energy
consumption. They emphasize sustainable manufacturing
practices by incorporating environmentally friendly mate-
rials and optimizing processes for minimal environmental
impact. Real-time monitoring systems should be developed
and deployed to predict tool conditions, improving machin-
ing accuracy and efficiency. Continued research on apply-
ing advanced ML and optimization techniques in various
industrial domains is essential for ongoing improvements
in efficiency and sustainability.

Future research based on Cluster 2, “Machine Learn-
ing and Optimization in Manufacturing,” should focus on
enhancing the integration of advanced machine learning
models and optimization algorithms across various manu-
facturing processes. Investigating hybrid techniques that
combine different optimization methods, such as GA with
RL or multi-objective optimization with DL, can further
enhance process efficiency and sustainability. The expansion

ANFIS
Techniques

Ant Colony # %
Optimization

Deep Learning (L)

Enhanced Energy
_ L¥_] Efficiency
2

Real-Time
Monitoring

Al-Powered
Solutions

(@

of real-time data acquisition and processing through IoT and
edge computing should be prioritized to facilitate immedi-
ate decision-making, process adjustments, CatBoost opti-
mization [109], topology optimization [110] and to explore
energy responses [111].

3.3 Cluster 3: Sustainability Group
3.3.1 Energy Efficiency and Optimization Techniques

“Energy Efficiency and Optimization Techniques” focuses
on enhancing energy efficiency and process optimization
in manufacturing. The research used approaches such as
ANFIS, ant colony optimization, and DL to reduce energy
consumption and enhance machining performance in this
cluster, as depicted in Fig. 5a. It also involves research on
real-time energy monitoring and Al-powered solutions to
promote sustainable industrial practices.

Table 4 highlights key themes and methodologies for
enhancing energy efficiency and optimizing machining pro-
cesses. Numerous studies have employed advanced compu-
tational techniques like ANFIS, ACO, and DL across various

Tool Condition A
Monitoring & @ Al Techniques
(© =0
yo\

Machining loT
Optimization @ & Applications
=]

Data Analytics

(b)

Fault Diagnosis

Focuses on diagnosing faults in
manufacturing equipment using Al
techniques.

Energy Demand
Prediction =1
Centers on predicting energy demand

to enhance efficiency and reduce
emissions

)

Real-time Monitoring

)

<

Emphasizes monitoring energy
consumption and machine states in
real-time.

S — 2
S —
S —

Machine Tool
Behavior Prediction

Involves predicting machine tool
behavior and energy usage with
machine learning.

Surface
Characteristics
Prediction

Deals with predicting surface

characteristics in manufacturing
processes.

(©)

Fig.5 Cluster 3 Sustainability Group: a energy efficiency and optimization techniques, b smart and sustainable manufacturing, ¢ neural net-

works and energy management
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Table 4 (continued)

Implications for optimi- Recommendations

zation techniques

Implications for energy

Methodology Key findings
efficiency

Research focus

References

Promotes energy-efficient Use 1DCNN-LSTM-Atten-

Validates the effective-

Achieved high accuracy

1DCNN-LSTM

Predicting energy con-

Xu et al. [91]

practices tion model for accurate
energy prediction

ness of advanced ML in

energy prediction

0.93) in predict-

(RM2

G-code interpreter

sumption
Ultra-precision machin-

ing energy consumption

ing

Implement CNN for real-

Enables efficient

Facilitates cost-effective

Densely connected CNN  High accuracy (94%) in

Using power consump-

time monitoring and

anomaly detection
Efficient energy manage-

machine tool monitor-

ing

with multiple outputs identifying machine

tion data for intelligent

monitoring and
State prediction of CNC

predictive maintenance

state and predicting

feed rate

ment

machine tools

machining processes, significantly enhancing energy effi-
ciency and process optimization. Teimouri et al. [70] utilized
CACO and ANFIS models to optimize the EDM process,
enhancing debris flushing and process efficiency. Similarly,
Garg et al. [130] emphasized the importance of cutting
speed, feed rate, and depth of cut in energy consumption
within milling and employed a multi-gene GA approach to
optimize parameters. Tong et al. [112] focused on specific
manufacturing techniques and used GA to reduce energy
consumption in forging and heat treatment scheduling by
optimizing heating times and furnace utilization. Zhang
et al. [95] and Wang et al. [96] explored ACO in flexible
manufacturing systems and STEP-NC machining, respec-
tively, reporting substantial reductions in energy consump-
tion and efficiency improvements. Yip et al. [131] developed
a modified energy consumption model for ultra-precision
machining, significantly increasing prediction accuracy and
specific energy consumption. Meng et al. [104] combined
ACO with Monte-Carlo ray tracing to optimize PV layouts,
enhancing optical efficiency. Zhang et al. [132] and He et al.
[56] implemented DL techniques for real-time energy-effi-
cient control of CNC machines and data-driven energy pre-
diction, improving prediction accuracy and energy planning.

Recent studies have continued this trend, with Khalil-
pourazari et al. [18] used Al-based solutions to optimize
turning processes robustly, reducing energy consumption
and improving machining precision. Brillinger et al. [133]
utilized random forests to accurately predict CNC machin-
ing energy demand, facilitating energy-efficient machining
strategies. Frigerio et al. [134] and Tohry et al. [135] devel-
oped real-time algorithms and boosted neural networks for
energy-efficient machine state control and energy consump-
tion modeling.

Advanced techniques such as digital process twins and
soft sensors have been applied to machining and sugarcane
milling processes [35]. Meng et al. [136], integrated Al with
in-situ process characterization for improved energy effi-
ciency and accurate energy consumption prediction. Recent
works by Lu et al. [40] and Zhang et al. [55] utilized deep
reinforcement learning (DRL), Markov Decision Processes
(MDP), and improved Particle Swarm Optimization (IPSO)
combined with LSTM for adaptive parametric optimization
and accurate energy consumption prediction. Nugrahanto
et al. [137] demonstrated the application of digital twins
and random forests in CNC five-axis milling, achieving
lower RMSE and enhancing sustainability through improved
energy efficiency. The PSO optimization technique plays a
vital role [138].

The cluster improves manufacturing processes to reduce
energy consumption and enhance process stability, show-
casing notable trends. Figure 6 depicts energy efficiency
improvements achieved by various optimization techniques.
Applying DRL, Monte Carlo ray tracing (MCRT), and ACO

@ Springer
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Fig.6 Energy efficiency
improvements

Energy Savings (%)

for energy-efficient machining. Utilize soft sensors, [oT-
based real-time energy monitoring, and Al-based optimiza-
tion models. Material recovery and eco-friendly machining
techniques. Predictive analytics for energy-efficient CNC
systems.

3.3.2 Smart and Sustainable Manufacturing

“Smart and Sustainable Manufacturing” focuses on the
role of smart manufacturing techniques that use Al, IoT,
and advanced data analytics to improve production and is
described in Fig. 5b. It focuses on strategies for reducing
resource consumption, environmental impact, and opera-
tional efficiency through intelligent decision-making and
real-time monitoring.

Table 4 presents studies focusing on “smart and sustain-
able manufacturing” by integrating advanced computing and
manufacturing techniques. The studies primarily examine
the optimization of machining operations, the prediction of
surface roughness, tool wear, and tool condition monitoring,
utilizing methodologies such as neural networks, GA, ML,
CNN, continuous wavelet transforms (CWT), and other Al-
based optimization techniques.

Chang et al. [139] highlighted the benefits of neural
network-based optimization in reducing non-cutting times
and operational costs, thus enhancing machining efficiency
and reliability. Similarly, Grzenda et al. [140] demonstrated
significant improvements in surface roughness prediction
through genetic algorithms and neural networks, leading

@ Springer

Energy Efficiency Improvements Achieved by Different Optimization Techniques
32%

Optimization Techniques

to better resource utilization and reduced waste. Liu et al.
[141] emphasize the role of machine learning in accurately
predicting specific cutting energy, contributing to more effi-
cient energy use in machining processes. Tran et al. [38]
presented a real-time chatter detection method using CNN
and CWT, achieving high accuracy and improving tool per-
formance while minimizing material wastage. Pandey et al.
[142] focus on optimizing material removal rates and surface
roughness through Al-based single-objective optimization,
enhancing machining efficiency and better resource utiliza-
tion. Kim et al. [143] and Li et al. [144] investigate tool wear
prediction using multi-domain mixture density networks
(MDN) with Bayesian and adversarial learning and RF with
feature normalization, respectively. Their findings indicate
enhanced prediction accuracy and adaptability, reducing
the need for multiple models and minimizing operational
costs. Bhattacharya et al. [145] effectively predict material
removal rate, surface roughness, and active energy con-
sumption using RF and statistical metrics, optimizing costs
and resource utilization. De et al. [146] and Wu et al. [147]
explored tool wear prediction and machining efficiency opti-
mization. De et al. [146] utilized bidirectional RNN, LSTM,
BiLSTM, and BiGRU models to achieve low RMSE in pre-
dicting cutting tools'remaining useful life (RUL), facilitating
timely maintenance and improved production quality. Wu
et al. [147] implemented an intelligent servo control sys-
tem and mathematical models, significantly increasing the
material removal rate for difficult-to-cut materials, enhanc-
ing machining efficiency, and extending tool life. Olalere
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et al. [148] employed empirical mode decomposition, Hil-
bert—-Huang transform, genetic algorithms, and ML to clas-
sify tool and workpiece conditions accurately. Their results
indicate that the KNN model outperforms SVM, improving
tool condition monitoring and reducing misclassification
errors.

3.3.3 Neural Networks and Energy Management

“Neural Networks and Energy Management” emphasizes
the expanding use of neural networks to improve energy
management in manufacturing; information is depicted in
Fig. 5c. The capacity of neural networks to estimate energy
usage, optimize machine performance, and enhance predic-
tive maintenance makes them vital tools for industries.

Table 4 presents key findings from research on “neural
networks and energy management.” Pandya et al. [149]
focused on fault diagnosis in rolling element bearings. They
compared various Al techniques, including ANN, SVM,
and MLR, using wavelet packet decomposition. Their find-
ings indicated that logistic regression was more effective
than ANN and SVM for diagnosing faults, highlighting the
limitations of ANN in this specific application. They recom-
mended using logistic regression for effective fault diagno-
sis. Komoto et al. [150] predicted machine tool behavior
and energy usage based on operational data. They utilized a
supervised ML algorithm, which accurately predicted energy
usage and adapted to multiple stakeholder views. Brillinger
et al. [133] investigated various ML algorithms to predict
energy demand and reduce CO, emissions in CNC machine
tools. They compared DT, RF, and boosted RFs. The RF
algorithm achieved the highest accuracy, contributing to
energy efficiency in CNC machining processes. The study
recommended using RF for the accurate prediction of energy
demand. Prakash et al. [151] focused on predicting the sur-
face characteristics of glass fiber in CO, laser milling. They
employed an ANN model, outperforming a semi-empirical
model in predicting milling depth with superior accuracy.
Xu et al. [91] conducted two studies; the first aimed to
predict energy consumption in ultra-precision machining
using a IDCNN-LSTM model with a G-code interpreter.
The combination of dual-tree complex wavelet transform
and variational mode decomposition enhances operational
efficiency, reliability, and maintenance practices in industrial
systems [152].

“Neural Networks and Energy Management” focuses pri-
marily on Al-based energy-efficient machining techniques
and notable trends.

e ANN, SVM, and Ti-6 Al-4 V models for energy con-
sumption prediction.
e Data-driven energy optimization strategies.

e Sustainable manufacturing through Al-driven energy
planning.

The cluster analysis conducted with VOSviewer has
delivered a thorough literature review of essential trends in
the optimization of machining and manufacturing. AI, ML,
DL, and cutting-edge sensing technologies substantially
enhance these clusters'energy efficiency, sustainability, and
machining precision. Future research should prioritize inte-
grating Al-optimized models, real-time [oT monitoring, and
innovations in sustainable materials to create more efficient
and eco-friendly manufacturing processes. Figure 7a depicts
ML model utilization across clusters, and a stacked bar chart
shows the distribution of various ML models throughout dif-
ferent research fields. Figure 7b energy efficiency enhance-
ments across clusters, a line chart demonstrating the energy
savings realized in distinct clusters. Figure 7c shows sus-
tainability effects across clusters, and a comparative bar
chart illustrates the decrease in CO, emissions and energy
use among research clusters. These visuals offer improved
insight into how different technologies and approaches affect
machining and manufacturing research.

The future scope of “Energy Efficiency and Optimiza-
tion Techniques” within manufacturing and machining pro-
cesses is vast and promising. Emerging technologies, such
as Al, ML, and digital twins, will continue to be crucial for
enhancing process efficiency and reducing energy consump-
tion. Integrating Al-driven models with real-time data from
manufacturing environments enables the creation of more
adaptive and responsive systems that can self-optimise under
various conditions.

Furthermore, utilizing soft sensors and IoT technolo-
gies enables more detailed and real-time monitoring, which
enhances decision-making processes. These advancements
will support sustainable manufacturing practices by promot-
ing energy efficiency and conserving resources. Collabora-
tion between academia and industry is crucial for scaling up
the deployment of these innovative technologies, ensuring
that theoretical advancements are translated into practical
applications.

The future scope of “Neural Networks and Energy Man-
agement” includes several promising directions. Enhancing
the accuracy and robustness of AI models for fault diagnosis
in various industrial applications remains a critical focus.
Integrating more sophisticated algorithms and hybrid mod-
els could enhance predictive capabilities and reliability. In
energy management, developing models that can adjust to
real-time data and evolving operational conditions will be
crucial. Expanding advanced deep learning architectures
like IDCNN-LSTM and densely connected CNNs could
transform real-time monitoring and predictive maintenance
practices. As sustainability becomes increasingly impor-
tant, further research could explore Al-driven methods for
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optimizing energy efficiency and reducing carbon footprints
across diverse manufacturing processes.

3.4 Cluster 4: Intelligent Machining Processes

Cluster 4, “Intelligent Machining Processes,” demonstrates
the integration of modern computing and intelligent machin-
ing methods. It focuses on energy efficiency, predictive
analytics, and sustainable manufacturing using techniques
such as fog computing, transfer learning, and CNN-based
systems, as depicted in Fig. 8. These innovations allow
real-time monitoring, autonomous process planning, and
improved machining precision.

Table 5 presents studies that integrate intelligent machin-
ing processes, emphasizing energy efficiency, predictive
analytics, and sustainable manufacturing. Bhinge et al.
[153] developed a data-driven energy prediction model for
machine tools using Gaussian process regression. Their
approach enables energy-efficient process planning and

@ Springer

optimization, suggesting the broader implementation of
such data-driven models to improve energy management in
machining. Shin et al. [154] focused on autonomous process
planning in self-learning factories. Utilizing a hybrid learn-
ing approach combining ML and transfer learning signifi-
cantly reduced energy consumption. The study highlights
the ability of hybrid learning systems to enhance predictive
capabilities and autonomously optimize manufacturing pro-
cesses. Liang et al. [155] introduced a fog-enabled progno-
sis system for machining process optimization, employing
convolutional neural networks (CNNs) and fog computing.
Their methodology resulted in notable improvements in
energy and production efficiency, demonstrating the ben-
efits of real-time prognosis and reduced latency in machin-
ing operations. Zhou et al. [156] explored sustainable ultra-
precision machining by identifying valuable two-parameter
relationships through social network analysis, PCM, and
k-means clustering. Their findings highlight the environ-
mental damage and resource waste issues, advocating for
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Fig.8 Cluster 4: intelligent
machining processes

>

using advanced analytics to uncover critical relationships
and promote sustainable practices in ultra-precision machin-
ing sectors. Kim et al. [157] examined predictive models for
machining power, particularly in titanium machining, using
transfer learning. Their research demonstrated the effective-
ness of domain adaptation in achieving accurate power pre-
dictions, which is crucial for optimizing energy consumption
in machining processes.

Ross et al. [158] evaluated the environmental impacts
of different cooling methods, including dry, MQL, cryo-
genic, and nano-based MQL, in machining Monel 400 alloy.
Employing decision trees, Naive Bayes, random forests,
and support vector machines, they found that nano-based
MQL had the lowest carbon emissions. This study suggests
that hybrid cooling methods and advanced ML models can
significantly enhance sustainability metrics in machining.
Korkmaz et al. [159] conducted an energy analysis for spe-
cific cutting energy (SCE) reduction in Inconel 601 machin-
ing. They used multiple linear regression, lasso regression,
Bayesian ridge regression, and a voting regressor, with the
Bayesian model outperforming others. Their research indi-
cates that hybrid cooling methods hold promise for enhanc-
ing energy efficiency, supported by predictive modelling
and experimental validation. Selvaraj et al. [160] focused on
intelligent energy monitoring for CNC machine tools. Using
a 1D-CNN-based method, they achieved high accuracy in
machine state detection and feed rate prediction. These
studies collectively illustrate the synergy between advanced
computing and manufacturing, demonstrating how combin-
ing machine learning (ML), transfer learning, and convolu-
tional neural networks (CNNs) with machining processes
can significantly improve energy efficiency, sustainability,
and predictive capabilities.

Future research based on the analysis of Clsuter 4 “Intel-
ligent Machining Processes” could explore hybrid learning
systems more deeply, integrating multiple machine learning
models to enhance predictive capabilities further and opti-
mize energy consumption in real-time. Investigating sustain-
able practices in ultra-precision machining can benefit from
more advanced network analyses and clustering algorithms
to reveal complex relationships that affect environmental
sustainability. Transfer learning and domain adaptation
techniques can be fine-tuned to ensure robust and reliable
power predictions across various materials and machining
conditions.

3.5 Cluster 5: Advanced Algorithms in Machining

Cluster 5, “Advanced Algorithms in Machining,” explored
advanced computational approaches to improve machining
operations. Figure 9 shows innovations in surface roughness
prediction, texture analysis, and optimization strategies to
enhance sustainability and machining efficiency. By apply-
ing algorithms such as Genetic Programming (GP), NSGA-
II, and DL models, it explores methods to optimize machin-
ing parameters, reduce power consumption, and minimize
environmental impacts.

Table 6 showcased the integration of advanced algo-
rithms in machining, emphasizing various aspects of surface
roughness, texture analysis, and optimization for sustainable
machining. Yesilli et al. [161] focused on automating thresh-
old selection algorithms for analyzing surface roughness and
texture. By employing information theory, signal energy,
and ML, they achieved up to 95% mean accuracies and sig-
nificantly reduced computational time. This indicated that
automatic threshold selection algorithms could outperform
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Fig.9 Cluster 5: advanced
algorithms in machining

Automatic threshold
selection algorithms

Deep learning models

Enhancing
machining
efficiency and
sustainability

Artificial neural
networks (ANN)

Genetic algorithms
(GA)

Genetic Programming

traditional methods, suggesting their implementation could
lead to more efficient surface analysis. Salem et al. [102]
addressed sustainable machining through knowledge-embed-
ded optimization using GP and the NSGA-II. Their research
demonstrated improvements in surface roughness, specific
energy, and unit volume machining time, highlighting that
knowledge discovery approaches facilitated sustainable
machining practices. This suggested that employing such
optimization techniques could enhance cutting conditions
and promote sustainability in machining processes. Bai
et al. [162] investigated the machining of titanium alloys,
aiming to predict surface roughness using DL (ResNet-50)
and Maurya et al. [10] explored predicting and optimizing
thermal deformation in high-speed spindles through ANN
and GA. Their study achieved high prediction accuracy (R2
between 0.94 and 0.98), reduced power consumption, and
reduced CO, emissions. Aslan et al. [163] examined the
machinability of Hardox 400 in different cutting environ-
ments, focusing on enhancing machinability with machine
learning decision trees (ML-DT). They found that cutting
fluid assistance reduced tool wear and that machine learn-
ing models improved the understanding of machining
conditions.

The future scope of Cluster 6, “Advanced Algorithms
in Machining,” is promising, with numerous avenues for
further research and development. Integrating ML and Al
in machining processes focuses on enhancing predictive
accuracy and robustness. Continued advancements in DL
and feature extraction techniques could lead to more precise
and reliable prediction models for surface roughness and
other critical machining parameters. Developing automatic
threshold selection algorithms and their implementation in
real-time machining systems could revolutionize surface
analysis, increasing efficiency and reducing computational
costs, such as the biological swarm intelligent optimization

Non-dominated Sorting
Genetic Algorithm

Cutting fluid assistance
(NSGA-II)

Machine learning

(GP) decision trees (ML-DT)

algorithm [164]. Integrating thermal deformation prediction
and optimization models into high-speed spindle operations
could enhance machining precision and sustainability.

3.6 Cluster 6: Lubrication and Tool Wear
Management

Cluster 6 “Lubrication and Tool Wear Management,” as
shown in Fig. 10 depicts the importance of effective lubri-
cation techniques and advanced strategies for managing tool
wear, thereby optimizing machining processes. It empha-
sizes innovative methods to reduce friction, enhance cool-
ing, and improve tool lifespan, ensuring sustainable and
efficient manufacturing operations [165].

Table 7 explored various aspects of lubrication and tool
wear management, employing advanced computing and
machine learning techniques. Li et al. [74] investigated real-
time tool wear monitoring using audio signal processing.
They utilized audio sensors, blind source separation, and
PCA to classify tool wear conditions accurately. Their find-
ings suggested that audio signal processing could serve as a
precise method for monitoring tool wear, recommending the
deployment of audio-based tool wear monitoring systems.
Al methods like SVM with Bayesian optimization signifi-
cantly improved tool wear estimation accuracy, recommend-
ing their use for better predictions [166].

Ragai et al. [167] examined advanced monitoring tech-
nologies by correlating CNC turning process parameters
using sensors (vibration, acoustic, current) and ML models,
a quadratic discriminant analysis (QDA) classifier. They
found that vibration signals were sensitive to spindle speed
and power response to feed rates, with the QDA classi-
fier achieving an accuracy of 86.9%. They concluded that
combining sensor-based monitoring with ML models effec-
tively correlated cutting conditions, recommending using

@ Springer
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Fig. 10 Cluster 6: lubrication
and tool wear management
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Laser Parameters
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sensor-based monitoring with QDA classifiers. Vardhanapu
et al. [168] assessed the performance of vegetable-extracted
nanofluids as metalworking fluids (MWFs) in machining
processes. Using an ML-based prediction model, they iden-
tified the optimal nano-MWF combination. Their findings
suggested that bio-lubricants could effectively substitute
petroleum-based MWFs, enhancing ecological sustainabil-
ity. They recommended using ML models to determine the
best nano-MWFs for improved performance. Sharma et al.
[169] studied the impact of laser cutting parameters on the
surface quality of aluminum alloy. They employed DNN,
SVM, and optical microscopy to analyze the effects. The
results showed that higher cutting speeds and lower nitro-
gen gas pressures significantly affected surface roughness.
The study concluded that appropriate laser parameters were
crucial for managing surface quality and preventing crack
formation, recommending optimization of laser parameters
using DNN and SVM regression. Sinha et al. [128] explored
optimization in grinding, specifically the minimum quantity
lubrication (MQL) grinding of Inconel 625. They applied
a Box-Behnken design, RF, and GPR. Their results indi-
cated that GPR outperformed other techniques, identifying
optimal parameters for achieving low tangential force and
high surface roughness. The study concluded that the MQL
technique helped retain grit sharpness longer, enhancing
grinding performance. They recommended using GPR for
predictive modeling and optimizing MQL grinding param-
eters for better results.

Future research based on the analysis of Cluster 6, “Lubri-
cation and Tool Wear Management,” may further investigate
the integration of advanced ML techniques and sensor tech-
nologies to improve accuracy and enable real-time monitor-
ing. Creating hybrid models that combine various Al algo-
rithms could enhance prediction precision and reliability.
Exploring more sustainable and eco-friendlier nanofluids
and bio-lubricants in machining processes may contribute
to increased ecological sustainability [171]. Evaluating

[@ Estimation Techniques j

Support Vector Machines

o Bayesian Optimization
Lubrication
and Tool

Wear

’

Management

Vegetable-Extracted Nanofluids

Bio-Lubricants

[{0} Grinding Optimization j

Gaussian Process Regression

Box-Behnken Design

these advanced methods across various machining environ-
ments and materials could enhance their applicability and
effectiveness.

3.7 Cluster 7: CNC and Deep Learning Applications

Cluster 7, “CNC and Deep Learning Applications,” dis-
cusses how neural networks and data-driven approaches
improve machining precision, automate procedures, and
boost productivity. Combining real-time analytics with CNC
systems enhances operational efficiency and facilitates the
achievement of sustainability goals by reducing energy con-
sumption and waste. These new methodologies enable more
precise tool wear estimates, optimized cutting paths, and
real-time monitoring systems. As shown in Fig. 11, through
these developments, CNC technology evolves into a more
intelligent and flexible framework, creating a transforma-
tional impact on the current production landscape.

Table 8 focused on various aspects of CNC machining
and applied DL techniques to enhance energy efficiency,
control, and process optimization. Zhang et al. [132] investi-
gated the real-time control of CNC machine tools to improve
energy efficiency and reduce carbon emissions. They utilized
DBNs within an RFID-enabled environment. They found
that their approach allowed for effective real-time and accu-
rate control of CNC machines, thereby promoting energy-
efficient strategies. Brillinger et al. [133] concentrated on
reducing CO, emissions by predicting energy demand in
CNC machining. They compared several methods, includ-
ing decision trees (DT), random forests (RF), and boosted
RF, concluding that RF provided the most accurate energy
demand predictions. Their findings emphasized the potential
of RF in reducing energy requirements by accurately predict-
ing the energy demand, suggesting its practical application in
energy demand prediction for CNC operations. Awan et al.
[119] focused on predicting specific energy consumption
(SEC) in CNC machining. They compared Gaussian process

@ Springer
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Fig. 11 Cluster 7: CNC and deep learning applications

regression (GPR), regression trees, and ANN. Their results
indicated that GPR showed superior performance, achiev-
ing a correlation of 0.98 in SEC prediction. Kalandyk et al.
[51] aimed to optimize spindle motion in CNC machines
to enhance industrial processes. They applied DL and RL
techniques, achieving higher accuracy and faster machining
processes.

Enhancing CNC accuracy, automating processes, and
promoting sustainability through prominent trends in DL.

e DBN and RFID-enabled CNC process optimization for
energy efficiency.

e RF-based energy demand prediction models for CO,
emission reduction.

e LSTM-based adaptive control systems for intelligent
CNC operations.

The trend in ML and DL model accuracy from 2015 to
2023 is depicted in Fig. 12 and it illustrates the consistent
advancement of various models, such as ANN, SVM, CNN,
RNN, LSTM, GA, and ACO. DL models (CNN, LSTM,
RNN) show pronounced improvements in accuracy over
time. Traditional ML models (SVM, ANN) also demonstrate
steady enhancements. While optimization-based methods
(GA, ACO) have comparatively lower accuracy, they are
still on an upward trajectory. This visualization emphasizes
the increasing use and refinement of ML and DL techniques
in machining, manufacturing, and predictive analytics.

The future potential of Cluster 7, “CNC and Deep
Learning Applications,” in the collaboration between
CNC machining and DL applications is promising and
diverse. As technologies evolve, further integration of deep

reinforcement learning with CNC systems could lead to even
greater optimization and control, improving the precision
and efficiency of machining processes. Expanding RFID-
enabled environments and advanced ML models like DBNs
can enhance real-time control and energy management.
Future research might also prioritize developing more user-
friendly and cost-effective solutions to make these advanced
technologies accessible to a broader range of manufactur-
ing enterprises, thus promoting widespread adoption and
advancing sustainability and efficiency objectives in the
manufacturing sector.

3.8 Cluster 8: Digital Twins

Cluster 8 focuses on"Digital Twins” technologies for
machining and manufacturing processes. Digital twins
utilize real-time data to create virtual representations of
actual machines, representing a revolutionary approach in
machining and manufacturing [172]. By simulating various
scenarios, these dynamic models enhance decision-making,
optimize manufacturing processes, and enable predictive
maintenance [173]. Digital twins provide a comprehensive
understanding of machine health and operational efficiency
by integrating IoT sensors with advanced analytics [174].
Besides increasing output, this technology paves the way
for innovations in intelligent manufacturing [175]. Cluster
8 encompasses a broad range of innovative approaches and
technologies designed to enhance precision, efficiency, and
adaptability within manufacturing, refer to Table 9.

Refer to 9 for recent advancements in digital twin tech-
nologies for machining and manufacturing. It provides an
organized overview of the recent literature, focusing on
applying digital twin technology across various machining
and manufacturing processes. [176] highlights progress in
CNC machining of additively manufactured preforms, show-
casing improved precision and efficiency through technolo-
gies such as structured light scanning and fused filament fab-
rication. This emphasis on enhancing machining precision
and efficiency with digital twins continues in [177], where
digital twins assist a system for fault diagnosis and utilize
deep transfer learning.

[178] outlines the creation of an adaptive digital twin for
machining that enhances adaptability to changing working
conditions through decision models and experimental plat-
forms. [179, 180] investigated the role of digital twins in
multidimensional modeling for intelligent machining and
monitoring tool and component wear, respectively, which
leads to better material removal rates and reliable condi-
tion assessments. Further innovations are presented in [181],
which emphasizes the development of a Clamped Adaptive
Digital Twin (CADT) for blade machining, facilitating pre-
cise and effective processing of complex shapes.

@ Springer
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Fig. 12 Trends of ML and DL .
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The studies [182—-188] explored deeper into various appli-
cations, from monitoring tool wear in thin-walled compo-
nents to advanced frameworks for CNC systems that employ
large language models and improved reinforcement learning.
These studies [182—188] share a common aim to enhance
various facets of manufacturing through digital twins, dem-
onstrating significant advancements in accuracy, efficiency,
and adaptability. Each research effort offers a distinct per-
spective on addressing specific manufacturing challenges,
highlighting digital twin technology's versatility and trans-
formative potential.

While examining cluster 8, the potential for digital twins
in manufacturing is significant and still largely untapped.
Future research could focus on integrating real-time data
analytics, IoT, and advanced Al techniques to create dynamic
and responsive manufacturing environments. Furthermore,
there is an opportunity to evaluate the sustainability of man-
ufacturing processes through digital twins, aiming to reduce
waste and energy consumption. The increasing sophistica-
tion of these technologies has the power to improve current
manufacturing practices and to revolutionize the industry,
enabling smarter, more efficient, and sustainable production
methods.

4 Key Research Themes, Trends,
and Comparative Analysis of Clusters

Al ML, and DL in machining have significantly transformed
traditional operations, offering efficiency, precision, and sus-
tainability. Key research themes include advanced sensing

and prognostics, focusing on real-time monitoring and pre-
dictive maintenance to reduce downtime and enhance tool
wear prediction. Energy efficiency and process optimiza-
tion leverage techniques such as ACO and neural networks
to improve energy consumption and machining quality.
The concept of digital twins enables virtual simulations to
optimize processes and minimize waste, while intelligent
machining processes utilize hybrid AI models for control
and quality assurance. Additional research areas encompass
data-driven sustainable practices and hybrid computational
techniques that enhance decision-making and resource opti-
mization. Research also emphasizes optimizing materials
and machining parameters to achieve specific properties,
thereby improving product quality and energy efficiency.
These trends indicate a shift toward smart, sustainable
manufacturing, balancing economic advantages and envi-
ronmental responsibility.

Al, ML, and DL have many practical advantages in
machining. The review presents various case studies and
examples illustrating their effects in different machin-
ing environments. Al-driven predictive models have been
shown to decrease energy usage by as much as 20%, based
on recent industrial trials. These models dynamically opti-
mize machining parameters, adjusting to material properties
and tool wear variations without human input, thus enhanc-
ing machining precision and efficiency. ML algorithms have
transformed tool wear monitoring, offering high levels of
predictability and accuracy. This feature enables timely tool
replacements, reducing downtime and ensuring consist-
ent production quality. Implementing ML models in CNC
machining has extended tool life by forecasting optimal

@ Springer
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cutting conditions through real-time data analysis. The
combined use of Al and ML supports the implementation
of predictive maintenance strategies. By examining sensor
data and identifying patterns that indicate potential machine
failures, these technologies help prevent costly downtime
and urgent repairs. For example, AI models have been effec-
tively utilized for anomaly detection in high-speed milling
operations, enabling proactive corrective measures that sig-
nificantly reduce the risk of damaging costly equipment.

4.1 Comparative Analysis of Clusters

The convergence of Al and ML in machining operations
has ushered in a new manufacturing era, characterized by
increased efficiency, accuracy, and flexibility. The study
has prepared a comprehensive comparison matrix to fully
capture the scope and depth of developments across various
thematic clusters in this field. A comparative analysis of the-
matic clusters in Al and ML Applications in machining sys-
tematically categorizes each cluster according to its primary
themes, methodologies, overlaps, and unique contributions
Table (10). This comparison is essential for appreciating
these clusters'distinct and interconnected roles within the
broader context of smart manufacturing, refer to Table 10.

4.2 Contribution to Energy Efficiency
and Sustainability

Al, ML, and DL have significantly improved energy effi-
ciency and sustainability in machining operations. These
technologies enable scientists and engineers to address chal-
lenges like high energy consumption, material waste, and
environmental degradation.

e Energy optimization in machining: Al-driven optimiza-
tion algorithms, including ACO, GA, and RL, have been
widely applied to reduce energy usage while maintaining
machining precision and performance. Predictive models
for energy-efficient parameter settings in processes like
milling and turning have significantly reduced specific
energy consumption. This optimization not only lowers
operational costs but also minimizes the carbon footprint
of manufacturing processes.

e Sustainable manufacturing practices: ML models, such
as RF and SVM, have been used to predict and optimize
machining parameters. Precise machining techniques that
minimize material waste and prevent defective outputs
contribute to sustainability. Additionally, data-driven
approaches using big data analytics enable real-time

Table 10 Comparative analysis of thematic clusters in AI, ML, and DL applications in machining

Cluster name

Main themes

Key methodologies

Overlaps

Unique contributions

Advanced sensing and
prognostics

Machine learning and
optimization in manufac-
turing

Sustainability group

Intelligent machining
processes

Advanced algorithms in
machining

Lubrication and tool wear
management

CNC and deep learning
applications

Digital twins

Neural networks and
energy management

Real-time monitoring,
predictive maintenance

Optimization, predictive
modeling

Energy efficiency, sustain-
able practices

Adaptive control systems,
process automation

Cutting-edge computa-
tional algorithms

Tool life extension, lubri-
cation optimization

CNC machine enhance-
ments, deep learning
integrations

Simulation and real-time
mirroring of machining
operations

Energy management using
neural networks

SVM, CNN, RNN

Genetic algorithms, ANNs

ANFIS, ant colony opti-
mization

Deep reinforcement learn-
ing

Machine learning tech-
niques

Minimum quantity lubri-
cation

Deep learning models

IoT, digital twin technolo-
gies

Neural networks, SVM

Intelligent machining
processes

Advanced algorithms in
machining

Neural networks and
energy management

Advanced sensing and
prognostics

Machine learning and
optimization in manufac-
turing

CNC and deep learning
applications

Lubrication and tool wear
management

Intelligent B machining
processes, advanced
algorithms in machining

Sustainability group

Integration of sensory data
for proactive maintenance

Implementation of advanced
Al algorithms for optimi-
zation

Focus on resource conserva-
tion and energy manage-
ment

Adaptive systems for
dynamic process adjust-
ment

Development and applica-
tion of novel computa-
tional models

Specific focus on tool wear
and lubrication manage-
ment

Application of DL in
enhancing CNC machine
capabilities

Real-time simulation and
operational mirroring

Application of neural
networks in managing
energy use
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adjustments toward energy-efficient production, effec-
tively supporting sustainability goals [189].

e Digital twins for resource management: the concept of
digital twins has introduced a new dimension to energy
efficiency and sustainability. Digital twins simulate
machining operations virtually, allowing manufacturers
to experiment with various process parameters and opti-
mize resource usage without relying on trial-and-error
methods on the shop floor. This virtual-first approach
significantly reduces material wastage and energy con-
sumption during production.

e Hybrid cooling techniques: hybrid cooling methods
have emerged as sustainable solutions, such as combin-
ing minimum quantity lubrication with cryogenic cool-
ing. These techniques reduce the energy demands of
traditional cooling systems while improving machining
quality. AI models optimize the application of cooling
methods, balancing energy efficiency with high-quality
machining outcomes.

e Predictive maintenance and tool management: advanced
sensing technologies integrated with Al and ML models
enable predictive maintenance by accurately forecasting
tool wear and machine faults [190]. This reduces unnec-
essary downtime and energy-intensive maintenance
processes, supporting sustainability by maximizing tool
lifespan and minimizing resource usage.

e Green machining and materials optimization: machining
processes tailored to specific material properties ensure
efficient removal with minimal energy input. Sustainable
practices also include using renewable or biodegradable
cutting fluids, further reducing the environmental impact
of machining operations.

4.3 Challenges

Energy Optimization faces high computational demands,
real-time adaptation difficulties, and limited scalability.
Sustainable Manufacturing is hindered by the slow adop-
tion of green materials and the high costs of implementing
closed-loop systems. Digital Twin integration struggles with
high setup costs, data integration issues, and modeling com-
plexity. Hybrid Cooling Techniques grapple with inefficient
coolant management and environmental concerns. Predictive
Maintenance faces challenges in tool wear prediction accu-
racy and sensor integration in legacy systems. Data Utiliza-
tion requires handling big data in real-time while addressing
privacy and security risks. Economic Constraints include
high initial costs and ROI challenges for small manufac-
turers. The Skill Gap arises from a lack of expertise and
resistance to adopting new technologies, while Policy and
Regulation issues include insufficient government support
and complex regulations. Table 11 depicts key challenges in
sustainable machining across various categories.
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e Data quality challenges: Data quality poses a significant
challenge in applying AI, ML, and DL in machining
operations. Inaccurate models stemming from poor-qual-
ity data can be ineffective in real-world scenarios. Noise,
incomplete datasets, and irrelevant features can signifi-
cantly distort model outputs. In Cluster 1 (Advanced
Sensing and Prognostics), integrating advanced sensors
can help alleviate these challenges by providing high-
fidelity data that improves the accuracy of predictive
maintenance models. Sophisticated data preprocessing
techniques, such as anomaly detection algorithms, offer
a potential solution for cleaning data before input into
learning algorithms. Robust data collection frameworks
can ensure consistent data quality across various machin-
ing environments.

e Model interpretability challenges: Model interpretability
is crucial for establishing trust and promoting adopting
Al systems in various industries. Without interpretability,
the implementation of Al solutions can be hindered, as
users need to understand and trust model predictions to
incorporate them into their production processes fully.
For example, in Cluster 4 (Intelligent Machining Pro-
cesses), while deep learning models deliver significant
predictive advantages, their'black-box'nature often clouds
the decision-making process. To tackle this issue, meth-
ods like SHAP (SHapley Additive exPlanations) and
LIME (Local Interpretable Model-agnostic Explanations)
can be utilized to shed light on the factors influencing the
predictions of complex models. Furthermore, integrating
rule-based systems that clarify decision-making logic can
improve the transparency and interpretability of Al solu-
tions in machining.

4.3.1 Cluster-Wise Contribution to Industrial Challenges
in Machining

Although significant advancements have been made in uti-
lizing AI, ML, and DL in machining processes, numerous
challenges hinder these technologies'widespread adoption
and optimal functioning. Scalability and computational
efficiency are particularly crucial, as they determine the
effective implementation of Al-driven systems in diverse
manufacturing settings and across various scales. This sec-
tion elaborates on these obstacles, illustrating how they arise
across various thematic clusters and suggesting possible
solutions to overcome them.

e Cluster 1: Advanced sensing and prognostics
Scalability: Advanced sensing and prognostics, utiliz-
ing technologies such as acoustic emission sensors and
predictive models (e.g., SVM, ANFIS), facilitate scal-
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Table 11 Key Challenges in Machining and Sustainable Manufacturing

Category

Challenges

Details

Energy optimization

Sustainable manufacturing

Digital twin integration

Hybrid cooling techniques

Predictive maintenance

Data utilization

Economic constraints

Skill gap

Policy and regulation

High computational demand
Difficulty in real-time adaptation

Limited scalability of models

Limited adoption of green materials

Challenges in implementing closed-loop systems
High setup and maintenance costs

Data integration challenges

Complexity in modeling nonlinear interactions

Inefficient cooling fluid management

Environmental concerns of conventional coolants
Accuracy of tool wear predictions

Integration of sensors in legacy systems
Handling big data in real-time

Data privacy and security risks

High initial investment

ROI challenges for small manufacturers

Need for skilled workforce

Resistance to change in traditional manufacturing setups

Insufficient government support

Regulatory challenges

Optimization algorithms like Al and ML require signifi-
cant computational power, adding overhead energy use

Adapting machining parameters in real-time while ensur-
ing energy efficiency remains challenging

Many optimization models work well for specific setups
but struggle to scale across diverse machining environ-
ments

Transition to renewable or biodegradable materials in
machining processes is slow due to cost and availability

Recycling waste materials and integrating closed-loop
manufacturing systems requires substantial investment

Developing and maintaining accurate digital twin models
involves significant upfront and ongoing costs

Difficulty in consolidating data from various sources into
a cohesive digital twin framework

Accurately simulating complex machining scenarios with
multiple variables is a technical challenge

Optimizing the amount and type of cooling fluids for
hybrid methods without compromising energy use is
difficult

Non-biodegradable coolants used in some setups contra-
dict sustainability goals

Ensuring predictive models accurately forecast tool wear
under diverse machining conditions is challenging

Retrofitting older machinery with advanced sensing tech-
nologies is costly and technically complex

Processing and analyzing large datasets for real-time deci-
sion-making require high-performance infrastructure

Sharing sensitive operational data for cloud-based analy-
sis poses security concerns

Implementing AI, ML, and digital twin technologies
requires substantial financial resources

Smaller enterprises often struggle to justify the cost of
sustainable practices due to uncertain returns on invest-
ment

Advanced machining technologies require expertise in
Al, ML, and data analytics, creating a skill gap in the
workforce

Legacy manufacturers often resist adopting new technolo-
gies due to operational inertia and fear of disruption

The lack of incentives or subsidies for adopting sustain-
able machining practices slows progress

Complex and varying regulations across regions create

obstacles to the global implementation of sustainable
solutions

able machining operations by enabling predictive main-
tenance and real-time monitoring. This cluster enables
scalability by allowing machining processes to be moni-
tored and adjusted in real-time across various production
scales, which can be seamlessly integrated into different-
sized and types of manufacturing facilities.
Computational efficiency: This cluster uses efficient
algorithms and models (e.g., LSTM for tool wear predic-

tion) to reduce computational load by focusing on key
predictive indicators, thus optimizing processing time
and resource usage.
Cluster 2: Machine learning and optimization in manu-
facturing

Scalability: 1t explores integrating machine learn-
ing models with manufacturing processes to enhance
process control and optimization. By utilizing Al to
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automate decision-making processes, scalability is
achieved through the consistent and efficient scaling up
of operations without a proportional increase in manual
monitoring and control.

Computational efficiency: ML models (such as RF
and ANN) enhance the efficiency of manufacturing
operations by optimizing parameters like tool paths
and cutting speeds based on predictive analytics.
This reduces unnecessary computational efforts and
improves overall system efficiency.

Cluster 3: Sustainability group

Scalability: The focus on sustainability through
energy management and optimization techniques, uti-
lizing neural networks and other Al tools (e.g., ANFIS
and ant colony optimization), supports scalable solu-
tions by promoting energy-efficient practices adaptable
to larger, more diverse manufacturing settings.

Computational efficiency: Energy efficiency directly
impacts computational efficiency by optimizing the
energy usage of machining processes. Techniques such
as evolutionary computation and ANFIS models help
reduce the computational power required for process
optimization.

Cluster 4: Intelligent machining processes

Scalability: Intelligent machining processes, utiliz-
ing CNNs and deep reinforcement learning, enable
automated and adaptable machining strategies that can
be applied across various machines and setups, facili-
tating scalability in industrial applications.

Computational efficiency: Deep learning techniques
help streamline data processing and decision-making
processes, reducing the computational burden while
maintaining or enhancing performance metrics such
as accuracy and speed.

Cluster 5: Advanced algorithms in machining

Scalability: Advanced algorithms provide the
groundwork for developing scalable systems that can
adapt to varying demands and machining conditions
without extensive reprogramming or human interven-
tion.

Computational Efficiency: This cluster addresses com-
putational efficiency by enhancing algorithms for preci-
sion and speed, ensuring that machine tools operate at
optimal parameters with minimal waste of computational
resources.

Cluster 6: Lubrication and tool wear management

Scalability: Effective tool wear and lubrication man-
agement using Al techniques helps extend the life of
machining tools and reduce downtime, which is crucial
for cost-effectively scaling operations.

Computational Efficiency: Predictive maintenance
models and lubrication management systems optimized
through Al reduce the frequency and duration of manual
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checks and maintenance, thereby improving the overall
efficiency of machining operations.
Cluster 7: CNC and deep learning applications
Scalability: Integrating CNC machining with deep
learning enables the creation of adaptable and scalable
machining operations that can learn from experience and
improve over time without requiring human intervention.
Computational efficiency: deep learning applications
streamline data processing and improve the accuracy of
machining operations, reducing the need for iterative pro-
cesses and manual adjustments.
Cluster 8: Digital twins
Scalability: Digital twins enable the virtual testing and
simulation of machining processes, supporting scalability
by allowing for rapid prototyping and adaptation across
various production scenarios without physical trials.
Computational efficiency: Digital twins optimize com-
putational resources required for product development
and process management by simulating various machin-
ing conditions and outcomes.

Focusing on each cluster's designated area is vital to

addressing the key industrial issues of scalability and com-
putational efficiency in machining. By incorporating these
advanced technologies, industries enhance their production
capabilities and navigate operational complexities more
adeptly.

4.4 Practical Implications: Al, ML, and DL

in Machining Operations

Numerous real-world case studies illustrate the practical
applications and effects of AIl, ML, and DL in machining
operations. These examples from industry leaders offer con-
crete evidence of how intelligent systems are revolutionizing
manufacturing processes.

General electric-predictive maintenance: General Elec-
tric (GE) implemented the Brilliant Manufacturing Suite,
leveraging machine learning (ML) to monitor factory
equipment performance. By analyzing real-time sen-
sor data, including spindle speed, vibration, and tem-
perature from CNC machining centers used in turbine
component production, GE developed predictive models
to forecast tool wear and identify potential equipment
failures in advance. This proactive maintenance strat-
egy enabled early detection of issues and significantly
reduced unplanned downtime by up to 30%. As a result,
GE experienced a notable improvement in overall equip-
ment effectiveness (OEE), enhancing operational effi-
ciency and minimizing production disruptions [191].

Fanuc-autonomous learning robots: Fanuc has integrated
deep reinforcement learning into its industrial robots,
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enabling them to learn and optimize tasks autonomously
through continuous repetition. This significantly reduced
the time required for the robots to adapt to new opera-
tions, minimizing downtime and enhancing flexibility
across diverse manufacturing processes. Fanuc also
applied deep learning techniques, CNNs, for real-time
chatter and defect detection during high-speed milling.
By processing acoustic and vibration signals in real-time,
the system achieved an accuracy of over 95% in iden-
tifying machining anomalies. This high level of preci-
sion enabled immediate corrective actions, substantially
reducing the rate of part rejections and ensuring consist-
ent production quality [192].

ArcelorMittal-predictive maintenance in steel manufac-
turing: by adding sensors to vital equipment to gather
information on temperature, vibration, and operational
characteristics, ArcelorMittal utilized ML for predictive
maintenance. By using supervised learning algorithms
to analyse this data, the business was able to anticipate
equipment failures before they happened, which resulted
in a 20% reduction in unexpected downtime and a 15%
reduction in maintenance expenses [193]

Tata steel-enhancement of quality control: increased
scrap rates and inconsistent product quality were prob-
lems for Tata Steel. To identify patterns and anomalies
in the quality data, they employed unsupervised learning
techniques and monitored quality indicators, including
mechanical characteristics and chemical composition,
throughout the production process. With this method,
the accuracy of defect identification increased by 25%,
and the scrap rate decreased by 18% [194].

Nucor steel-process optimization: by collecting real-time
data on energy usage, manufacturing rates, and process
parameters, Nucor Steel aimed to increase efficiency
and reduce energy consumption. Utilising reinforcement
learning algorithms to modify process parameters con-
tinuously led to a 12% gain in production efficiency and
a 10% decrease in energy usage [195].

Manufacturer of heavy equipment-forecasting warranty
claims: Pariveda Solutions and a top-heavy equipment
manufacturer worked together to create a cloud-based
machine learning model that forecasts supplier-at-fault
warranty claims. By examining past claims data, the
model found trends that suggested provider accountabil-
ity. As a result of this approach, more than $13 million
worth of previously unfiled but potentially recoverable
claims were identified, with a potential recovery value
exceeding $7 million [196].

Sandvik coromant: it has created the Machining
Insights platform, which utilizes cloud-based Al ana-
lytics to track and enhance machining performance.
The system captures data directly from machine tools,

providing actionable information on tool usage, cycle
times, and idle intervals. This allowed manufacturers
to enhance machine utilisation by up to 15% while pro-
actively identifying performance constraints [197].

e Siemens: to enable adaptive process control, Siemens
included Al into its SINUMERIK CNC systems. These
machines enhanced surface finish and tool life by
dynamically adjusting cutting parameters throughout
operations using reinforcement learning. This solution
reduced machining cycle time and energy consumption
while simultaneously improving product quality. Based
on past performance data and application requirements,
Kennametal unveiled an Al-powered tool selection
platform that helps users select the ideal cutting tools
and parameters. In the end, this improved tool manage-
ment and selection efficiency by cutting down on setup
time and the trial-and-error stage [198].

e Okuma’s smart factory: its initiative showed the inte-
gration of Al across machining cells, including predic-
tive analytics, autonomous tool condition monitoring,
and real-time decision-making. Their system enabled
near-autonomous machining operations, reducing
human intervention while maintaining high product
quality and reliability [199].

4.5 Recommendations for Researchers

e Focus on interdisciplinary collaboration: researchers
should seek partnerships with practitioners in the fields
of machine learning, engineering, and manufacturing to
develop multidisciplinary solutions that address real-
world challenges. Collaborations like these can help
bridge the gap between theoretical research and practi-
cal application.

e Developing standardized benchmarks: to objectively
evaluate the performance of Al models in machining
applications, researchers should work towards estab-
lishing standardized benchmarks that mimic real-world
manufacturing conditions.

e Exploration of understudied areas: areas such as the
application of reinforcement learning in machining
settings and the use of hybrid AI models (combining,
for example, CNNs and GANs) for complex problem-
solving represent fertile ground for innovative research.

e [Ethics and sustainability: given the increasing integra-
tion of Al in critical sectors, research into the ethical
implications and sustainability of Al deployments in
machining is essential. This includes studies on the
environmental impact of Al systems and their sustain-
ability over long-term use.
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4.6 Recommendations for Practitioners

e [nvestment in Al literacy: to effectively implement and
leverage Al solutions, practitioners should invest in train-
ing programs that enhance Al literacy within their organ-
izations. Understanding Al capabilities and limitations
will enable more effective integration and troubleshoot-
ing.

e Pilot testing: before full-scale deployment, Al systems
should be pilot tested in controlled sections of the pro-
duction process to evaluate their impact on operations
and identify potential areas for improvement.

e Continuous monitoring and feedback: Al systems are
not set-and-forget solutions. Continuous monitoring and
feedback mechanisms should be established to ensure
these systems evolve with changing operational condi-
tions and technological advancements.

e Engagement with regulatory bodies: as ai becomes more
embedded in manufacturing, engaging with regulatory
bodies to ensure compliance with emerging regulations
and standards is crucial. This proactive approach can
help mitigate risks and align AI deployments with legal
and ethical standards.

4.7 Future Research Directions

Al, ML, and DL, and machining optimization studies seek
to connect theoretical simulations with real-world applica-
tions. A vital focus area is validating simulation outcomes
through physical experiments to confirm their applicability
in CNC milling and other machining methods. Broaden-
ing DL applications to encompass more milling tasks and
complex workpiece geometries will demand more excellent
computational resources alongside lightweight models suit-
able for commercial use). Moreover, adapting DL models
into production-ready solutions will require advancements
in computational efficiency and reliability [57]. In addition
to milling, researchers recommend investigating RF regres-
sors across various metal removal processes, including CNC
turning, end milling, and non-traditional machining tech-
niques. Enhancing the datasets for RF models can boost their
predictive accuracy while reducing the overfitting problem.
Additionally, addressing the RF models'limitations, particu-
larly their performance drop with sparse or out-of-scope
data, is a priority [145]. In predicting the remaining use-
ful life (RUL) of tools, validating the RMS value of feed
force (Fy_RMS) as a critical feature across varying cutting
conditions is crucial. Broadening this research to different
machining processes like milling and drilling may confirm
its broader applicability. Custom loss metrics can penalize
instances where RUL predictions exceed actual tool life,
thereby improving predictive accuracy and enhancing model
precision. Furthermore, hybrid models that integrate deep
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learning with physics-based methods could yield more accu-
rate estimates of tool wear [146].

In the analysis of machining time-series data, sequence
models like LSTMs and GRUs show promise for predicting
bending moment signals, thanks to their capability to capture
long-range dependencies. Likewise, deep learning classifiers
such as CNNs and ANNs require assessment for event detec-
tion in machining, although their effectiveness relies on hav-
ing large datasets. Furthermore, investigating tool microge-
ometries can enhance machining performance by training
models on various cutting tool variations [94]. Leveraging
digital technologies to assess sustainability aspects, such as
material footprint, economic ramifications, and environmen-
tal consequences, will enhance decision-making. Studies on
energy-efficient manufacturing emphasize the importance
of expanding service-oriented energy assessment systems
to encompass multi-machine processing, which necessi-
tates enhanced data integration methods [200]. In abrasive
water jet (AWJ) machining, enhancing the use of artificial
neural networks (ANNs) can be achieved by incorporating
additional process parameters, such as abrasive types and
material characteristics, to improve model generalizability.
Testing ANN models on larger datasets can increase their
predictive accuracy, and incorporating them into AWJ con-
trol software could enable the real-time optimization of
process parameters [201]. Additionally, investigating how
part orientation affects milling processes, utilizing knowl-
edge gained from robotic repeatability studies, could lead to
more accurate surface quality models. LCA methods provide
a thorough environmental evaluation of CNC machining,
while real-time adaptive monitoring systems can enhance
efficiency by identifying machine anomalies [202].

To enhance energy-efficient machining, advancing
1D-CNN models to recognize minor variations in energy
consumption can assist in detecting machine and process
irregularities. Moreover, regression-based models can pre-
dict feed rates based on machine energy usage. Develop-
ing real-time platforms for identifying machine status that
analyze G-code and estimate energy consumption can sig-
nificantly enhance energy optimization in machining pro-
cesses. Employing unsupervised learning models trained on
typical operating conditions can promote early detection of
anomalies, thereby reducing downtime in industrial settings
[160]. Additionally, it is essential to expand research on cut-
ting conditions and their influence on the performance of
methodologies to improve anomaly detection models [203].
Generative Adversarial Networks (GANSs) show potential for
generating synthetic data in laser machining. This capability
enables researchers to enhance limited datasets and boost
training efficiency. Furthermore, GANs may also aid in pre-
dicting two-dimensional surface profiles after machining,
thereby improving the accuracy of machine learning-based
machining models [204, 205].
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As we move towards a machine-driven future, integrating
Al and ML with advanced digital fabrication technologies
promises groundbreaking changes [206]. A key trend is the
implementation of augmented and virtual reality systems
within Al-operated machining settings [207]. These technol-
ogies will provide real-time, immersive representations of
machining processes, enhanced by Al analytics to improve
accuracy and decision-making [208]. This integration will
boost operational precision and facilitate quick training for
new operators, effectively linking digital simulations with
real-world operations [209].

Another escalating trend is the application of quantum
computing to tackle intricate optimization challenges in
machining that are currently beyond the reach of conven-
tional computational methods. Quantum-enhanced algo-
rithms are expected to revolutionize the optimization of
tool paths, machining parameters, and material utilization,
aiming to decrease waste and energy consumption while
improving output quality. As quantum computing becomes
more widely adopted, its integration with ML models may
lead to unprecedented levels of efficiency and innovation in
machining processes [210]. The development of Al and ML
will increasingly emphasize creating autonomous machining
systems capable of self-repair and real-time self-diagnosis.
These systems will utilize continuous learning loops to adapt
to new conditions autonomously, thereby reducing opera-
tional risks and minimizing downtime. There will be an
intensified focus on environmentally sustainable machining
practices where Al and ML will play crucial roles in reduc-
ing energy use and emissions, aligning with global sustain-
ability goals [138].

Integration with Industry 4.0: integrating Al, ML, and DL
with Industry 4.0 represents a significant frontier for enhanc-
ing machining operations. Future studies should focus on the
seamless integration of these technologies with the Inter-
net of Things (IoT), cyber-physical systems, and big data
analytics, which form the foundation of Industry 4.0. For
instance, Al-enhanced predictive maintenance systems could
benefit from IoT devices that constantly gather operational
data from machining equipment. This integration enables
real-time data evaluation and informed decision-making,
improving operational efficiency and reducing downtime.

A potential research avenue could involve creating stand-
ardized Application Programming Interfaces (APIs) to sim-
plify the integration of AI models with existing Industry 4.0
frameworks. Another promising field is establishing security
protocols to protect the data shared between Al systems and
Industry 4.0 networks, thus ensuring the integrity and con-
fidentiality of sensitive industrial information.

Advancing with digital twins: digital Twins are virtual
representations of physical systems that create a safe envi-
ronment for testing Al algorithms, eliminating the risk of
damaging actual machinery. In machining, Digital Twins

can significantly accelerate the development and testing
of Al models by simulating various manufacturing sce-
narios and their associated effects. Future research should
investigate how to integrate Digital Twins with cutting-
edge Al methods to predict failures, streamline processes,
and enhance product quality. A potential research avenue
could involve creating advanced simulation models that
integrate real-time data from the production line to update
and refine the Digital Twin continuously. This ensures that
the Digital Twin accurately mirrors the current condition
of the physical system, enabling more precise predictions
and assessments. Furthermore, research could explore the
application of Digital Twins for training Al systems in
a secure virtual setting before their actual deployment,
which could lower both the time and costs involved in
introducing Al advancements to the market.

Explainable Al (XAI) in machining: explainable Al
(XAI) aims to address a key shortcoming of contemporary
Al systems: their lack of transparency in decision-making
processes. In machining, where precision and dependabil-
ity are crucial, XAl can significantly enhance the clarity of
Al-driven decisions for human operators. Future research
may focus on creating XAI frameworks that render com-
plex models, such as deep learning networks used for
predictive maintenance and process optimization, more
interpretable. Practical applications may involve visual
explanations of model decisions, such as highlighting fea-
tures in sensor data that contribute to specific predictions,
thereby enhancing trust and simplifying troubleshooting
and maintenance.

Federated learning for machining processes: federated
learning represents a revolutionary approach to utilizing
data for training Al models. It facilitates the develop-
ment of collective machine learning models without the
need to transfer extensive data to a central server, thereby
effectively resolving significant data privacy and security
issues in sensitive manufacturing settings. In machining,
federated learning may enable manufacturers to leverage
shared predictive models developed from multiple facili-
ties while maintaining data security. Future research could
focus on evaluating the effectiveness of federated learn-
ing in improving supply chain logistics and production
scheduling across manufacturing units situated in various
geographical areas.

Future research in machining and deep learning opti-
mization encompasses several areas, including validating
physical simulations, developing hybrid models, address-
ing sustainability concerns, and detecting anomalies in
real-time. Closing these research gaps will lead to major
developments in CNC machining, industrial automation,
and Al-enhanced process optimization, resulting in more
efficient, sustainable, and precise manufacturing systems.
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5 Conclusions

This study offers a systematic review of Al, ML, and DL
applications in machining, highlighting their impact on
enhancing energy efficiency, sustainability, and precision.
It compiled 182 research articles from the Scopus database
and organized them into eight thematic clusters based on
author keywords. Each cluster's critical review examined
significant trends, advancements, and challenges associ-
ated with Al-driven machining strategies. The systematic
review identifies the significant contributions as follows.

In ‘Advanced Sensing and Prognostics,” Al models,
including LSTM and RNN, have exceeded 90% accuracy
in predicting tool wear and facilitating real-time monitor-
ing. The use of acoustic emission sensors, alongside audio
signal processing, has advanced non-intrusive monitoring
of tool conditions. Deep learning methods, such as CNNs
and ANNSs, have significantly enhanced defect detection
and stability in machining processes. In ‘Machine Learn-
ing and Optimization in Manufacturing,” implementing
techniques such as RF, SVM, and GA has refined machin-
ing parameters, yielding a 10-25% decrease in energy
use. The application of hybrid AI, which includes DRL
and transfer learning, has further enhanced efficiency and
stability in processes. Moreover, ML-driven predictive
analytics have achieved over 95% accuracy in predicting
surface roughness, leading to improved product quality
and reduced waste. ‘Energy Efficiency and Optimization
Techniques’ remain a prominent area of research, with Al-
based process planning and scheduling models enhanc-
ing energy efficiency by 15-30%. Optimization strategies
like PSO, ACO, and hybrid DL methods have effectively
reduced energy consumption in CNC machining. Further-
more, incorporating digital twins has allowed for real-time
monitoring and adaptive energy management, contributing
to more sustainable machining operations.

In the ‘Intelligent Machining Processes,’ cluster Al-
driven fog computing and CNN-powered prognosis sys-
tems have transformed real-time machining control. Using
hybrid learning models for autonomous process planning
has resulted in a 9.7% decrease in energy consumption
within self-learning factories. Also, intelligent cooling
methods such as Minimum Quantity Lubrication (MQL),
cryogenic cooling, and hybrid approaches have greatly
diminished carbon emissions and machining costs, pro-
moting sustainable manufacturing practices. ‘Smart and
Sustainable Manufacturing’ has gained from AI, ML, and
DL-obsessed sustainability modeling, achieving a 12% to
44% reduction in CO, emissions during machining pro-
cesses. Smart manufacturing frameworks enabled by digi-
tal twins have enhanced decision-making, process opti-
mization, and predictive maintenance. Moreover, neural
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networks and evolutionary algorithms have improved
machining precision and sustainability. In"Advanced
Algorithms in Machining,"CNC machining optimization
has been achieved through deep reinforcement learning
(DRL), resulting in greater precision and extended tool
life. Adaptive control algorithms have reduced rework
rates, while hybrid AI models that merge reinforcement
learning and traditional machining practices have signifi-
cantly increased process adaptability.

In ‘Lubrication and Tool Wear Management,” Al-
enhanced nano-lubrication methods, such as nanofluids and
MQL, have reduced machining tool wear and energy usage
by as much as 20%. Machine learning-based strategies for
lubrication have enhanced predictive monitoring of tool
wear, and Al-supported cooling and lubrication techniques
have diminished machining friction and prolonged tool life.
For ‘CNC and Deep Learning Applications,” techniques like
CNNSs, RNNG, and transfer learning have improved accuracy
and defect detection in CNC machining. Al-powered chatter
detection systems have stabilized CNC machining, decreas-
ing tool damage and less production downtime. Addition-
ally, neural networks have optimized CNC path planning and
energy-efficient machining, resulting in improved resource
utilization. ‘Neural Networks and Energy Management’ have
been essential in optimizing energy usage during machin-
ing. Al models, including ANN, LSTM, and SVM, have
enhanced predictive accuracy to over 93%. Al-driven load
balancing and energy-efficient scheduling models have less-
ened power consumption in machining, while multi-objec-
tive optimization algorithms have improved the sustainabil-
ity of CNC machining.

The analysis of different clusters reveals that Machine
Learning and Optimization are the most frequently utilized
techniques in Al-driven machining. Meanwhile, Energy
Efficiency and Optimization has shown the most significant
impact on sustainability. Deep learning-based real-time
monitoring has significantly enhanced tool life, process
control, and defect detection across the machining industry.
However, the study highlights challenges such as data qual-
ity, model interpretability, and computational scalability,
which hinder the full-scale industrial adoption of Al-driven
machining.

This systematic review thoroughly examines the roles
of AIl, ML, and DL in machining operations, highlighting
significant advancements while identifying ongoing chal-
lenges. By organizing the substantial literature into clear
thematic clusters, this study clarifies the current landscape
and outlines a comprehensive roadmap for future research
and development.

The review acts as a vital link between academic research
and industrial practices. It translates complex theoretical
ideas into practical, actionable insights that can be effec-
tively utilized in industrial environments. For example,
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discussions on advanced sensing and prognostics demon-
strate how Al can enhance predictive maintenance strategies,
thereby minimizing downtime and increasing efficiency in
real-world manufacturing settings. Similarly, the analysis
of digital twins and federated learning demonstrates how
these innovative technologies can be applied to develop
more agile and responsive manufacturing processes. Fur-
thermore, the review addresses key industrial challenges,
including improving computational efficiency, ensuring scal-
ability, and enhancing data security, which are crucial for the
effective integration of Al technologies in manufacturing.
By providing specific examples and potential solutions to
these issues, the review advances academic understanding
while delivering practical benefits to industry stakeholders
aiming for successful Al implementation.

This systematic review consolidates leading research on
Al, ML, and DL applications in machining, serving as a
valuable resource for both scholars and industry profession-
als. It supports the progression of academic inquiry while
facilitating the practical application of cutting-edge tech-
nologies in machining operations, thereby helping to bridge
the gap between research and real-world implementation and
promoting a more cohesive approach to intelligent manufac-
turing. Future research should focus on developing real-time,
adaptable AI models for machining process management,
enhancing Al-powered energy efficiency strategies through
hybrid optimization methods, and expanding the application
of Al-driven Digital Twin technologies in smart manufactur-
ing. Additionally, merging IoT, Al, and predictive analytics
can improve manufacturing sustainability, efficiency, and
precision. This systematic review establishes a clear frame-
work for connecting academic research with industrial appli-
cations, paving the way for Al-driven smart manufacturing
and Industry 4.0.

Several significant limitations are identified by the sys-
tematic review on integrating Al and ML in machining
processes. These include problems with data quality that
affect the precision and applicability of models, challenges
with model interpretability and scalability that impede their
integration into current systems, computational limitations
that restrict the real-time application of these models, and
a fragmentation of research that concentrates too narrowly
on particular machining types or materials without taking a
comprehensive approach. These difficulties point to impor-
tant directions for further study, especially in improving Al
models'scalability, resilience, and real-time efficiency in the
machining industry.

The systematic review's methodology in integrating Al,
ML, and DL in machining processes has various limitations
that can influence the stringency of its findings. To begin
with, the review limits its literature sources to the Scopus
database, and thus it can introduce selection bias by exclud-
ing studies from other pertinent databases. Furthermore,

limiting included studies to those published in English
excludes significant research in other languages, which
might yield interesting information. The approach depends
on abstract and conclusion-only screening, which might
exclude studies of interest where important information is
outlined in the full texts, thereby compromising the thor-
oughness of the review. Such methodological decisions,
although convenient in terms of controlling scope, can
restrict the findings'depth, breadth, and usability.
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