JID: SMSE [m5GeSdc;January 19, 2023;18:34]

Sustainable Manufacturing and Service Economics xxx (XXXX) XXX

Contents lists available at ScienceDirect

SUSTAINABLE
MANUFACTURING AND
SERVICE ECONOMICS

Sustainable Manufacturing and Service Economics

journal homepage: www.elsevier.com/locate/smse

Machine learning and artificial intelligence in CNC machine tools, A review

Mohsen Soori®*, Behrooz Arezoo”, Roza Dastres®

2 Department of Aeronautical Engineering, University of Kyrenia, Via Mersin 10, Kyrenia, North Cyprus, Turkey

Y CAD/CAPP/CAM Research Center, Department of Mechanical Engineering, Amirkabir University of Technology (Tehran Polytechnic), 424 Hafez Avenue, Tehran
15875-4413, Iran

¢ Department of Computer Engineering, Near East University, Via Mersin 10, Lefkosha, North Cyprus, Turkey

ARTICLE INFO ABSTRACT

Keywords:

Machine learning
Artificial intelligence
CNC machine tools

Artificial Intelligence (AI) and Machine learning (ML) represents an important evolution in computer science and
data processing systems which can be used in order to enhance almost every technology-enabled service, products,
and industrial applications. A subfield of artificial intelligence and computer science is named machine learning
which focuses on using data and algorithms to simulate learning process of machines and enhance the accuracy of
the systems. Machine learning systems can be applied to the cutting forces and cutting tool wear prediction in CNC
machine tools in order to increase cutting tool life during machining operations. Optimized machining parameters
of CNC machining operations can be obtained by using the advanced machine learning systems in order to
increase efficiency during part manufacturing processes. Moreover, surface quality of machined components can
be predicted and improved using advanced machine learning systems to improve the quality of machined parts.
In order to analyze and minimize power usage during CNC machining operations, machine learning is applied
to prediction techniques of energy consumption of CNC machine tools. In this paper, applications of machine
learning and artificial intelligence systems in CNC machine tools is reviewed and future research works are
also recommended to present an overview of current research on machine learning and artificial intelligence
approaches in CNC machining processes. As a result, the research filed can be moved forward by reviewing and
analysing recent achievements in published papers to offer innovative concepts and approaches in applications
of artificial Intelligence and machine learning in CNC machine tools.

1. Introduction

CNC machining operation is one of the most important part-
production methodologies, and it is often referred to as the engine of
modern manufacturing processes. The automotive and medical sectors,
aerospace, gas and oil, and warehousing services, are using the CNC
machining operations to create parts in different applications [1]. CNC
machining is generally used in manufacture of every machine, molded
part, or finished product as one of the most important manufacturing
processes. CNC machinery has paved the way in manufacturing and
machining, allowing businesses to achieve their goals and targets in a
variety of ways. However, because manufacturing methodologies is al-
ways evolving and new technologies are being introduced, it is critical
to consider future of CNC machining operations [2, 3]. Machine learn-
ing (ML) is the study of computer algorithms that gives computers the
capacity to automatically learn from data and prior experiences in order
to find patterns and make predictions without human involvement. The
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ML and applications in different areas of study are considered to be a
component of artificial intelligence [4-6].

Machine learning and artificial intelligence in particular raise plenty
of concerns about the future of CNC machining operations and how these
concepts will evolve future works of manufacturing companies [7]. The
way a machine learns, adapts, and optimizes output can also be influ-
enced by real-time data, analytics, and deep learning. Data sets are es-
sential for operators to understand how a machine works and, eventu-
ally, how a whole floor of machines works together [8, 9]. Due to the
development of affordable, reliable, and resilient sensors and acquisition
and communication systems, novel implementations of machine learn-
ing approaches for tool condition monitoring can be presented [10].
Machine learning systems are capable of completely examine data and
identify various types of areas which should be modified. Machine tools
are increasingly being equipped with edge computing options to record
internal drive signals at high frequency in order to supply the neces-
sary vast quantity of data for the use of machine learning techniques
in manufacturing [11]. Productivity and efficiency are two areas where
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artificial intelligence can modify CNC machine tools operations in or-
der to enhance accuracy of CNC machining operations[12]. Machines
can generate and analyze production data and provide real-time find-
ings to human operators are effective devices for increasing productiv-
ity in part production processes. As a result, shop owners can quickly
adjust the way a machine operates using the modified data generated
by advanced machine learning algorithms in order to enhance produc-
tivity of part manufacturing [13]. Having more knowledge and mak-
ing better decisions in process planning strategies means less downtime
on the work floor during process of part production. Production and
maintenance process of part manufacturing using CNC machine tools
can be developed using the machine learning and the artificial intelli-
gence in order to enhance efficiency in part manufacturing operations
[14].

The CNC machining operations must be optimized in order to save
money and time and increase overall profit per production period [15].
Artificial intelligence can forecast periods of servicing and equipment
of CNC machine tools structures by linking to production data such as
machine performance and tool life. Data from Al will also indicate how
long a machine can operate before it requires maintenance. So, the pre-
dictive data of the Al implies fewer tool failures, longer tool life, reduced
downtime, and machining time which can lead to money savings in part
production [16, 17].

Applications of deep learning in CNC machining and monitoring sys-
tems is reviewed in order to develop the monitoring systems of machin-
ing operations using the deep learning and neural network systems [18].
In order to detect defects in manufacturing operations, applications of
deep learning systems in part production is reviewed [19]. A review on
machine and deep learning methods applied to industrial challenges is
presented in order to develop the operation management during pro-
cess of part production [20]. Applications of machine learning systems
in sustainable manufacturing is reviewed to modify models of big data
analysis in process planning of part production [21]. Deep learning for
smart manufacturing is reviewed in order to improve performances of
part production process [22]. A review in smart manufacturing systems
using the machine learning is presented in order to present future direc-
tions in the process of part production [23].

Soori et al. [24-27] provided improvement of CNC machining in dig-
ital settings using virtual machining methods and processes. Soori et al.
[28] provided a review of current developments in friction stir welding
operations in order to examine and improve efficiency in the process
of component manufacturing employing welding techniques. Soori and
Asamel [29] investigated applications of simulated milling systems to re-
duce residual stress and deflection error throughout five-axis end milling
of turbine blades. Soori and Asmael [30] created applications of virtual
machining system in order to assess and reduce the cutting temperature
during machining processes of components. Soori et al. [31] proposed
an improved virtual machining method to improve surface properties
throughout milling operations of turbine blades. To decrease displace-
ment error during five-axis milling procedures of impeller blades, Soori
and Asmael [32] invented virtual milling approaches. Soori and Arezoo
[33] presented a review in residual stress to assess and decrease resid-
ual stress during machining processes. To minimize surface integrity
and residual stress during grinding operations of Inconel 718, optimized
machining parameters using the Taguchi optimization approach is pre-
sented by Soori and Arezoo [34]. To increase cutting tool life during ma-
chining operations, different methods of tool wear prediction is studied
by Soori and Arezoo [35]. Computer aided process planning is reviewed
by Soori and Asmael [36] in order to enhance productivity in process
of part manufacturing. Soori and Asmael [37] provided a summary of
existing developments from published articles in order to examine and
improve the parameter optimization technique of machining processes.
Dastres et al. [38] conducted research on RFID-based wireless manufac-
turing systems to increase energy efficiency, data quality and availabil-
ity throughout the supply chain, and accuracy and reliability during the
components manufacturing process.
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Developments in web-based decision support systems is presented
by Dastres and Soori [39] in order to build decision support systems for
data warehouse operations. Dastres and Soori [40] presented a review
of current research and uses of artificial neural networks in a variety of
disciplines, including risk analysis systems, drone control, welding qual-
ity analysis, and computer quality analysis to develop the application of
artificial neural networks in performance enhancement of engineering
products. In order to decrease the effects of technology development to
the natural disaster, Dastres and Soori [41] discussed the use of informa-
tion and communication technology in environmental conservation. To
enhance security in the networks and web of data, secure socket layer
is presented by Dastres and Soori [42]. Advances in web-based decision
support system is reviewed by Dastres and Soori [43] in order to de-
velop the methodology of decision support systems by analyzing and
suggesting the gaps between presented techniques. To enhance security
measure in networks, a review in recent development of network threats
is presented by Dastres and Soori [44]. Advanced image processing sys-
tems is reviewed by Dastres and Soori [45] to develop the capabilities
of image processing systems in different applications.

Applications of machine learning and artificial intelligence systems
in CNC machine tools are investigated in the research work by reviewing
and analyzing recent achievements from published papers. The research
works are organized into categories based on the applications of MA and
Al in CNC machine tools, and future research work directions in the field
are also recommended. As a result, new ideas are presented by study-
ing and analyzing recent achievements from published papers in order
to enhance productivity and added value in component manufacturing
processes employing CNC machining operations.

2. Methodology of review in data extraction

Different applications of ML and AI in CNC machining operations
regarding to the effects of the algorithms to output of CNC machining
operations is reviewed in the study. Reducing machine downtime, op-
timization of CNC machine tools, cutting tool wear prediction, cutting
force model, CNC machine tool maintenance, monitoring of machining
operations, surface quality prediction and energy prediction systems are
considered in order to review the applications of ML and Al in CNC ma-
chining operations. The challenges as well as advantages of methods in
terms of productivity enhancement of CNC machining operations using
ML and Al are reviewed in order to present the gap between the pub-
lished research works. Finally, future directions of research work are
suggested in order to develop the applications of ML and Al in produc-
tivity enhancement of CNC machining operations.

3. Reducing machine tool downtime

Equipment failures are a constant occurrence in shipping and indus-
trial sectors. Unanticipated equipment failures or vehicle breakdowns
can have detrimental effects on production schedules, transportation
planning, and capacity management throughout the production process
[46, 47]. Recent improvements and trends in predictive maintenance us-
ing the data-driven approaches is presented in order to improve safety,
reliability and enabling predictive maintenance decision-making in dif-
ferent industrial applications [48]. Workflow of predictive maintenance
is shown in the Fig. 1 [48].

Bad maintenance, machine tool part failure, numerous shift changes,
and other factors can cause downtime in machining processes. The ma-
chining downtime should be minimized in order to increase efficiency
in part production processes [49]. Standard components on CNC drills,
lathes, and mills can be monitored by the sensors, in order to predict
failure and life cycles of machine tool parts. The life time of cutting
tool is an important factor of advanced machining operations due to the
tool wear in order to decrease downtime in process of part production
[50]. Sensor-assisted planned downtime allows for precisely the proper
amount of maintenance and increases the working life of CNC machine
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Fig. 1. Workflow of predictive maintenance [48].

tool components [51]. Machine learning and artificial intelligence (AI)
can interpret the data and assist manufacturers in determining the op-
timal time to schedule downtime. Hundreds of different manufacturing
businesses and thousands of various equipment provide streaming data
of raw materials to the company [52]. When a machine tool is not work-
ing due to some reasons, maintenance of machine tool can be imple-
mented. As a consequence, efficient maintenance period regarding the
reduction of machine downtime can be obtained using the applications
of ML and AI in CNC machining operations in order to save money,
time, and resources during the manufacturing process using CNC ma-
chine tools.

4. Optimization of CNC machine tools

Optimization of machining operations are recently considered as a
crucial aspect of machine learning in different research works. Opti-
mization approaches using machine learning are more studied when the
amount of data grows exponentially and model complexity rises [53].
Incremental optimization is at the heart of future manufacturing, from
the supply chain to the completed items. The optimization of CNC ma-
chine tool operations is crucial for saving money and eventually increas-
ing overall profit per production run, resulting in increased productivity
and fewer defects in the components produced [54]. To generate an op-
timal motion-cueing algorithm, motion system kinematics is used in or-
der to improve simulator performance in restricting actuator extensions
during coupled movements [55]. In order to enhance the accuracy and
efficiency of component manufacturing utilizing CNC machining oper-
ations, optimization processes for machine tool performance and CNC
machining parameters are required [56]. Using online data from the pro-
duction process, artificial intelligence and machine learning can make
optimization more automated. As a result, the accuracy of machined
component and productivity of part manufacturing can be increased us-
ing the optimized machining parameters [57].

To optimize machining conditions and performance, a generalized
technique for multi-response machining process optimization employing
machine learning and genetic algorithms is developed [58]. The appli-
cation of Multi-Objective evolutionary algorithm during CNC machining
operations in order to improve the convergence speed and performance
of part production is shown in the Fig. 2 [58].

Machine learning is utilized to improve parallel metaheuristics on
the shop floor CNC machining operations in order to increase efficiency
during part production processes [59]. Aapplication of machine learn-
ing in optimization process of CNC machine tools is studied to increase
component production stability and decrease the risk of unexpected fail-
ure [60]. Response surface approach and machine learning technology
are used in order to optimize cutting settings when turning Ti-6Al-4 V
[61]. To optimize machining variables in end milling operations, the
machine learning methodology as the Nelder—-Mead simplex method is
developed [62]. As a consequence, optimized machining parameters re-
garding the flexible conditions and parameters of workpiece and ma-

chining parameters can be obtained using the applications of ML and Al
in CNC machining operations to enhance productivity in process of part
production.

5. Cutting tool wear prediction

Machine learning-based technologies is considered an advanced op-
tion of tool wear prediction due to its capability to cope with compli-
cated processes. Due to the non-linear character of tool wear, ANNs are
the most preferred machine learning approach for evaluating wear [63].
To foresee and avoid bad situations for cutting tools and machinery,
modern sensors and computational intelligence are used in order to per-
form tool condition monitoring and machine tool diagnostics [64]. The
need for building self-sustaining and intelligent autonomous machining
systems prompted the development of cutting tool health monitoring.
In recent years, the requirement for tool condition monitoring or Tool
health monitoring has grown in order to enhance lifetime of cutting
tools during machining operations [65]. The strategies for tool condition
monitoring are often divided into two categories: ’Offline/Direct meth-
ods’ and ’Online/Indirect methods.” Direct approaches are most suited
for examining and analyzing complicated failures (hard faults) which
are typically unexpected, making them inappropriate for machine learn-
ing [66, 67]. An adaptive neuro-fuzzy inference system can also be used
in an online tool system of wear prediction in turning process in order to
provide advanced tool wear monitoring systems [68]. The procedures
of the online tool wear monitoring system in turning operations is pre-
sented in Fig. 3 [68].

Deep learning-based tool wear monitoring approach for complicated
component milling is implemented to accurately estimate the tool wear
during milling operations [69]. The procedure of the developed method-
ology in the tool wear prediction is shown in the Fig. 4 [69].

In the face milling process, a deep neural network as advanced ma-
chine learning system is used to automatically detect tool wear during
chip formation process [70]. Drill wear tolerance analysis and optimiza-
tion is implemented utilizing an adaptive neuro fuzzy —genetic algorithm
approach for long-term usage of cutting tool to maximize cutting tool
life during drilling operations [71]. Advanced neural network systems
is developed in order to accurately predict the cutting tool wear regard-
ing the specific cutting energy during CNC machining operations [72].
To monitor cutting tool wear in machining operations, simple machine
learning combined with data-driven approaches is developed [73]. Ma-
chine learning-based in-situ batch detection of materials during metal
cutting operations is developed to increase the product quality and de-
crease manufacturing costs [74]. Tool wear estimation utilizing cloud-
based parallel machine learning is developed in order to increase cutting
tool life during machining operations [75].

A comparative study on machine learning algorithms for smart facto-
ries is implemented in order to predict the tool wear during machining
operations using random forests [76]. To assess tool wear conditions
during milling operations under a variety of cutting circumstances with
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a high rate of response, sound waves signals utilizing advanced machine
learning algorithms are used [77]. On a vertical machining center, a ma-
chine learning technique based on the vibration-based multiple network
is developed in order to predict cutting tool insert during machining op-
erations [78]. To predict tool wear progression in the repeated milling
process, calibration-based tool condition monitoring is developed [79].
Tool wear estimation is presented using acoustic emission signals using
a novel machine learning-based methodology in order to accurately pre-
dict the condition of cutting tool wear during milling operations [80].
Machine learning for automated flatness deviation estimation while tak-
ing the wear of the face mill teeth into account is developed to increase
accuracy of machine-learning models in tool wear prediction systems
[81]. Artificial neural networks as machine learning system is devel-
oped in order to evaluate tool wear on a modified CNC milling machine
[82]. Therefore, cutting tool life during chip formation process of differ-
ent materials of workpiece and machining parameters can be analyzed
and enhanced using the applications of ML and Al in prediction process
of tool wear in CNC machining operations.

6. Cutting force model

Cutting force is the most important factor in influencing the milling
operation’s productivity and quality which can be accurately predicted
by using the ML systems [83]. A hybrid force analysis approach in
milling operations has been developed using a machine learning-based
simultaneous cutting force model [84]. Modeling framework for hybrid
cutting force model is shown in the Fig. 5 [84].

A variety of machine learning algorithms, including support vector
regression, k-nearest neighbor, polynomial regression, and random for-
est, are utilized in order to accurately estimate cutting forces in milling
operations. [85]. In high-speed turning operations, machine learning
cutting force, surface roughness, and tool life is presented in order to
provide prediction models of cutting forces [86]. A hybrid technique
that uses machine learning using the conventional linear regression
method to estimate cutting forces while considering the tool wear con-
ditions is investigated and developed to accurately predict the cutting
forces along machining paths [87]. Wavelet packet transform analysis
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of cutting force data for surface texture assessment in CNC turning oper-
ations is developed to remove noise and chatter during chip formation
processes [88]. An offline cutting parameters prediction model related
to image representation of cutter workpiece contact geometry is devel-
oped using a neuro-physical learning approach in order to increase pre-
diction accuracy in varied cutting situations [89]. To improve the accu-
racy of cutting force modeling systems, a machine learning-calibrated
smart tool holder for measuring cutting force in precise turning opera-
tions of S15C low carbon steel has been created [90]. Using real-time
cutting force measurements and a CNN approach as machine learning
system, online tool wear categorization during dry machining opera-
tions is developed [91]. Artificial Neural with signal spectrum image
analysis using the cutting force prediction systems is developed to deter-
mine the cutting tool’s amount of damage during machining operations
[92]. Thus, accuracy as well as flexibility of cutting force models during
different conditions of CNC machining operations are developed using
the applications of ML and Al in cutting force perdition methodologies.

7. CNC machine tool maintenance

The CNC machine tool maintenance process always needs time and
money. Accurate prediction of calibration, component modifications,

and service of CNC machine tools is one of the most difficult aspects
and challenges of running a CNC machine tool [93]. Machine learning
and artificial intelligence are closely tied to machine tool maintenance,
advancing prediction and preventative approaches aimed at lowering
downtime and improving productivity [94]. Machine learning can ac-
curately predict when machine tools need to be serviced and present
the optimal time to repair the machine tools in order to minimize the
time and cost of CNC Machine tool maintenance [95]. Predictive ma-
chine tool maintenance procedures may be done accurately when a ma-
chine is driven by machine time and condition data and operators get
real-time streams of data feedback. Automatic warnings can be applied
when a machine tool needs to be maintained, a part replaced, or a func-
tion corrected before it breaks down, in order to provide stable work-
flow in machine tool and smoothly keep production process running in
process of part production using CNC machine tools [96]. So, cause-and-
effect links can be created using the connections of artificial intelligence
and CNC machine tools. As a consequence, more information and bet-
ter decision-making for CNC machine tool production processes can be
generated, in order to increase added values in process of CNC machine
tool component manufacturing [97]. A hybrid predictive maintenance
approach for CNC machine tool driven by digital twin is presented in or-
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der to provide accurate prediction methodologies during process of part
production using CNC machine tools [98]. Developed method of main-
tenance approach for CNC machine tool is shown in the Fig. 6 [98].

Advanced machine learning systems is developed to evaluate the
maintenance operations including tool wear monitoring in the CNC ma-
chine tools [95]. To monitor data in assessing CNC machine tool and
cutting process conditions, advanced machine learning system is devel-
oped [99]. A tool health monitoring system is created using machine
learning techniques in end milling process in order to increase cutting
too life and enhance efficiency of part production [100]. Thus, advanced
procedures of CNC machine tool maintenance can be obtained as a re-
sult of applying the ML and AI to the working time of CNC machine
tools during process of part production.

8. Monitoring of machining operations

The application of machine learning in health monitoring of CNC
machine tools is recently developed in an era of artificial intelligence
systems in order to enhance efficiency in part production using machin-
ing operations [101]. Condition monitoring systems is an essential step
in maintenance of CNC machine tools in order to keep the CNC machin-
ing operations safe and reliable [102]. A cyber-physical manufacturing
and engineering structure is presented in order to provide a smart mon-
itoring system for CNC cutting tools [103]. A combination of physical
and virtual modeling of the milling process in the smart CNC machine
monitoring system is generated which is shown in the Fig. 7 [103].

To monitor and obtain the performances of CNC machine tools dur-
ing part production processes, advanced decision making application
is presented [93]. By using advanced machine learning system, perfor-
mance monitoring and the impact of process parameters such as cutter
speed, feed rate and depth of cut on outputs in turn-milling operations
are studied [104]. Six rotating sensors on joints of three legs are used
to solve forward kinematics in the Stewart structure in order to increase
accuracy during the movement of Stewart structure [105]. Monitoring
of CNC machining operations using adaptive neuro-fuzzy integration of
multi-sensor signals is implemented in order to prevent and detect the
cutting tool errors during machining operations [106]. To enhance ac-
curacy of CNC machining operations, method of machining processes
monitoring using virtual reality and a digitized twin systems is devel-
oped [107].

Planning and optimization of machining parameters is developed us-
ing the online monitoring systems the for AISI P20 removal rate while
milling operations to minimize total manufacturing time and boost ma-
terial removal rate during machining operations [108]. To boost pro-
ductivity during machining operations of tough to cut materials, ma-
chine learning approaches such as decision trees, artificial neural net-
works, and support vector machines are examined for chatter predic-
tions in titanium alloy (Ti-6Al-4 V) high-speed milling [109]. In-process
tool wear prediction system based on machine learning techniques and
force analysis regarding the speed of spindle and feed rate machining
parameters is developed to obtain the flank wear during machining op-
erations [110]. Response surface technique incorporating desirability
function and genetic algorithm approach is developed in order to obtain
the CNC machining parameter optimization [111]. To enhance the capa-
bilities and accuracy of machine tool monitoring systems, applications
of artificial neural network is presented [112]. As a result, the process
of obtaining and analyzing the data through monitoring of machining
operations are developed by using the ML and Al in the advanced moni-
toring and decision making in computer aided process planning systems.

9. Surface quality prediction

Surface roughness is a critical metric for assessing the quality of pro-
duced products. Advanced machining procedures aim to produce parts
with high geometrical accuracy and enhanced surface finishes while
lowering the cost of final products. As a result, certain traditional ma-
chining techniques are unable to meet the industrial requirements, ne-
cessitating the use of a post-machining surface finishing process to ob-
tain a high-quality surface finish [113]. One of the most important grad-
ing standards for product quality is surface roughness. Surface rough-
ness of machined parts can be minimized in order to enhance work-
ing life of produced parts [114]. To predict and analyze surface finish
of machined components, Neural Networks by using the advanced Al
systems is used [115]. Applications of machine learning algorithms in
prediction of surface roughness characteristics are developed in order
to accurately anticipate surface quality of machined components uti-
lizing turning operations [116]. Linear regression, random forest and
decision tree as advanced machine learning systems is applied in or-
der to predict the surface quality of machined parts [117]. Machining
accuracy and surface quality for CNC machine tools is predicted using
data driven approach in order to accurately predict surface roughness in
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Fig. 8. Application of AL in surface roughness
prediction of machined parts [119].
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machining operations [118]. To predict surface roughness in machining
operations, application of deep learning neural network using vibration
signal analysis is studied [119]. The developed methodology of study in
application of AL in surface roughness prediction of machined parts is
shown in Fig. 8 [119].

To increase accuracy and reliability in terms of surface quality en-
hancement of machined components, autonomous surface roughness
prediction based on wear of face mill teeth is developed [120]. Neu-
ral network analysis as multi-layer perceptron model and a radial ba-
sis function model is developed to predict the and surface roughness
in aluminum alloy machining operations [121]. Machine learning was
used to analyze cutting forces in the helical ball end milling process
in order to provide advanced methodology in cutting forces calculation
[122]. Surface roughness measuring systems on-machine and in-process
for precise production is developed in order to increase surface quality
of machined components [123]. Advanced surface metrology system in
a manufacturing line is illustrated in the Fig. 9 [123].

Machine learning algorithms based on a sensory milling machine
tool for real-time monitoring and evaluation of surface roughness have

been developed to enhance surface quality of machined components
[124]. Multimodal data-driven hybrid machine learning is developed
in order to provide condition prediction of cutting tool using advanced
machine learning system, [125]. Deep learning-based tool wear detec-
tion system is developed utilizing multi-scale feature fusion and a chan-
nel attention mechanism in order to enhance cutting tool life [126]. To
provide advanced method of surface roughness prediction in machined
parts, a nested-ANN model using the impacts of cutting forces and tool
oscillations is developed [127]. As a result, surface quality of machined
parts can be enhanced using the applications of ML and Al in surface
prediction of machined components using CNC machine tools in order
to enhance productivity of CNC matching operations.

10. Energy prediction systems

Due importance of decreasing energy waste during industrial produc-
tion, building energy perdition and management systems are considered
in different research works [128, 129]. Machine learning techniques are
recently used in prediction models of energy consumption during ma-
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Fig. 9. Advanced surface metrology system in a manufacturing line [123].

chining operations. The accuracy, durability, and precision of traditional
time series forecasting methods, as well as their generalization capac-
ity, are greatly improved by using the ML models in terms of efficiency
enhancement of energy consumption of CNC machine tools [130]. An
approach of deep learning embedded semi-sup learning method is pro-
posed in order to provide an advanced energy consumption modeling
[131]. Applications of Al and machine learning-based strategies in en-
ergy management systems is presented in order to increase the accuracy
of energy consumption prediction [132]. Accurate and quick forecast of
CNC machining energy usage is an efficient way to implement lean man-
agement of CNC machine tool energy consumption and achieve the man-
ufacturing industry’s long-term sustainability [133]. To increase energy
prediction performance during machining processes, a deep learning-
based energy prediction method are developed [134]. Fig. 10 shows
the overall framework of the deep learning-based energy prediction ap-
proach [134].

Hybrid methodology combining machine learning and process me-
chanics is developed in order to estimate specific cutting power during
CNC machining operations [135]. Data-driven simulation methodology
as an advanced machine learning systems is developed to predict the en-
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ergy consumption in five-axis process planning operations [136]. To pre-
dict energy usage of machine tool spindle during machining operations,
advanced fault diagnosis methods, random forest and time series fore-
casting are developed [137]. An integrated method of process planning
and cutting parameter optimization using the machine learning systems
is developed in order to minimize power consumption during CNC ma-
chining operations [138]. A multi-objective optimization of CNC turning
process variables incorporating transient-steady state energy consump-
tion is developed in order to achieve high quality and power saving ma-
chining of computer numerical control (CNC) lathes [139]. Thus, more
added values can be achieved by applying the ML and Al in prediction
systems of energy consumption during chip formation process in terms
of productivity enhancement of part production using CNC machining
operations.

11. Conclusion

Machine learning and artificial intelligence are applied to various
industrial applications in order to improve performances of industrial
process. To increase accuracy as well as efficiency during CNC machin-
ing operations, different applications of the machine learning and artifi-
cial intelligence systems are studied in different research works. Reduc-
ing machine downtime, optimization of CNC machine tools, cutting tool
wear prediction, cutting force model, CNC machine tool maintenance,
monitoring of machining operations, surface quality prediction and en-
ergy prediction systems are some examples of machine leniting applica-
tions in the development of CNC machining operations. ML techniques
are recently applied to energy consumption prediction models in order
to decrease the energy consumption during CNC machining operations.
Accuracy and radiality of energy consumption models are significantly
enhanced using the ML methodologies in comparison to the tradition’s
methods of energy usage predictions during CNC machining operations.

The applications of machine learning and artificial intelligence sys-
tems in CNC machine tools are examined in this study by analyzing
recent achievements from published papers. The main aim of this study
is to provide an overview of current studies on machine learning and
artificial intelligence techniques in CNC machining operations in order
to provide a useful study for the researchers in the interesting field.
Network of sensors and cloud data sources can connect CNC machines
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r 3
A S i 4‘
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}
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[

CNC Control System

Purified data

Machinery dats
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Fig. 10. The general framework of the energy prediction method based on deep learning [134].
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together can be employed to provide smart CNC machine tools. The
machining industry’s efficiency can be increased as it transitions to
smart machining techniques, allowing it to achieve self-optimization
and adaption to uncontrolled circumstances. However, developing the
applications of advanced machine learning systems in CNC machining
operations as the combination of physical, computers, and networking
process created challenges and difficulties regarding the safety and secu-
rity of the web of data. In order to provide secure and advanced connec-
tions between the different CNC machine tool, the security of networks
should be enhanced.

12. Future research directions

Advanced data collection, data mining approaches, data fusion neu-
ral networks, virtualization, and smart decision-making methodologies
in computer-aided process planning can be employed to increase im-
prove accuracy and performance in the part production process using
machine learning systems. The virtual machining systems can be devel-
oped by using machine learning applications in CNC machining opera-
tions to increase the power of simulation and analysis of CNC machine
tools in virtual environments. Cutting tool paths modification, cutting
tool selection and error compensation methodologies during CNC ma-
chining operations can be modified by using the applications of machine
learning systems. The designing process of work-holding fixtures can be
developed by using the machine learning system in order to provide ac-
curate fixtures during CNC machining operations. Deep machine learn-
ing networks can be applied to CNC machine tools in order to increase
the effectiveness of machine learning applications in efficiency enhance-
ment of part production. Spatial iterative learning control method can
be applied to the cutting tool paths during machining to enhance accu-
racy of machined parts by error compensation methodologies.

In order to modify the Collison detection systems during CNC ma-
chining operations, Optimized cutting tool paths can be obtained using
the applications of ML and Al Also, to provide advanced operation train-
ing systems for CNC machining operators, applications of ML and Al can
be implemented. ML and Al can be applied to the industrial robots in
order to make robots smarter and more collaborative. Also, decision
making can be applied to the robots using the ML and Al in order to en-
hance performance in flexible conditions of working. Moreover, automa-
tion during the process of part production can be developed as a con-
sequence of applying the ML and Al to big data analysis of production
process in terms of productivity enhancement of part manufacturing.
Online integration and description of machining resources capabilities
can be implemented using the applications of ML in cloud manufactur-
ing systems. Advanced Cyber manufacturing systems using CNC machin-
ing operations can be presented using the applications of ML in virtual
manufacturing. Intelligent machine tool can be presented using the ap-
plications of AI in CNC machining operations in order to present the
autonomous optimization and decision-making, and autonomous con-
trol and execution during machining operations.

Applications of the internet of things in developing smart CNC ma-
chine tools can be studied in order to increase the monitoring capabili-
ties of machining process. Sustainable smart manufacturing in industry
4.0 can be developed by using the applications of advanced machine
learning systems in CNC machining operations. Smart machining sys-
tems can be developed by using advanced machine learning and artifi-
cial intelligence systems in order to provides smart manufacturing pro-
cesses for industry 4.0. The ML and Al can enhance accuracy in process
of part production using CNC machine tools in order to decrease waste
materials and cost per unit for the manufacturers in terms of advanced
lean production systems. Advanced computer-aided process planning
can be presented using the applications of ML and AI in CNC machine
tools in order to enhance the efficiency of process planning in the flexible
conditions and parameters of part productions using CNC machine tools.
The integration of the fuzzy technique in applications of ML during CNC
machining operations can be studied in order to enhance efficiency of
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part manufacturing using the optimized procedures of machining opera-
tions. These are suggestions for future research works in the research of
machine learning and artificial intelligence in CNC machine tools. As a
result, performance and reliability of part manufacture can be improved
by using advanced ML and Al systems in order to enhance productivity
of part manufacturing using CNC machining operations.

Declaration of Competing Interest

It is confirmed that there is no conflict of interest regarding the sub-
mitted manuscript number SMSE-D-22-00026, Machine Learning and
Artificial Intelligence in CNC Machine Tools, A Review to the Sustain-
able Manufacturing and Service Economics.

Data Availability

No data was used for the research described in the article.

References
[1] A. Keller, A. Kamath, U. Perera, Reliability analysis of CNC machine tools, Reliab.

Eng. 3 (1982) 449-473.

A.M. Mamadjanov, S.M. Yusupov, S. Sadirov, Advantages and the future of CNC

machines, Sci. Progr. 2 (2021) 1638-1647.

Y. Ye, T. Hu, C. Zhang, W. Luo, Design and development of a CNC machining

process knowledge base using cloud technology, Int. J. Adv. Manuf. Technol. 94

(2018) 3413-3425.

B. Mahesh, Machine learning algorithms-a review, Int. J. Sci. Res. (IJSR) 9 (2020)

381-386 .[Internet].

G. Carleo, L. Cirac, K. Cranmer, L. Daudet, M. Schuld, N. Tishby, L. Vogt-Maranto,

L. Zdeborova, Machine learning and the physical sciences, Rev. Mod. Phys. 91

(2019) 045002.

A.V. Joshi, Machine learning and artificial intelligence, (2020).

L.C. Moreira, W. Li, X. Lu, M.E. Fitzpatrick, Supervision controller for real-time

surface quality assurance in CNC machining using artificial intelligence, Comput.

Ind. Eng. 127 (2019) 158-168.

D.-.H. Kim, T.J. Kim, X. Wang, M. Kim, Y.-.J. Quan, J.W. Oh, S.-.H. Min, H. Kim,

B. Bhandari, I. Yang, Smart machining process using machine learning: a review

and perspective on machining industry, Int. J. Precis. Eng. Manuf.-Green Technol.

5 (2018) 555-568.

Z.M. Cnar, A. Abdussalam Nuhu, Q. Zeeshan, O. Korhan, M. Asmael, B. Safaei, Ma-

chine learning in predictive maintenance towards sustainable smart manufacturing

in industry 4.0, Sustainability 12 (2020) 8211.

P. Krishnakumar, K. Rameshkumar, K. Ramachandran, Acoustic emission-based

tool condition classification in a precision high-speed machining of titanium alloy:

a machine learning approach, Int. J. Comput. Intell. Appl. 17 (2018) 1850017.

A. Fertig, M. Weigold, Y. Chen, Machine Learning based quality prediction for

milling processes using internal machine tool data, Adv. Ind. Manuf. Eng. 4 (2022)

100074.

L. Li, C. Li, Y. Tang, Q. Yi, Influence factors and operational strategies for energy

efficiency improvement of CNC machining, J. Clean. Prod. 161 (2017) 220-238.

S. Nallusamy, Enhancement of productivity and efficiency of CNC machines in a

small scale industry using total productive maintenance, Int. J. Eng. Res. Africa,

Trans. Tech. Publ. (2016) 119-126.

Y. Yang, T. Hu, Y. Ye, W. Gao, C. Zhang, A knowledge generation mechanism of

machining process planning using cloud technology, J. Ambient Intell. Humaniz.

Comput. 10 (2019) 1081-1092.

Y. Xiao, Z. Jiang, Q. Gu, W. Yan, R. Wang, A novel approach to CNC machining

center processing parameters optimization considering energy-saving and low-cost,

J. Manuf. Syst. 59 (2021) 535-548.

S. Wan, D. Li, J. Gao, J. Li, A knowledge based machine tool maintenance planning

system using case-based reasoning techniques, Robot Comput. Integr. Manuf. 58

(2019) 80-96.

Z. Hussain, H. Jan, Establishing simulation model for optimizing efficiency of CNC

machine using reliability-centered maintenance approach, Int. J. Model., Simul.,

Sci. Comput. 10 (2019) 1950034.

V. Nasir, F. Sassani, A review on deep learning in machining and tool monitoring:

methods, opportunities, and challenges, Int. J. Adv. Manuf. Technol. 115 (2021)

2683-2709.

J. Yang, S. Li, Z. Wang, H. Dong, J. Wang, S. Tang, Using deep learning to detect de-

fects in manufacturing: a comprehensive survey and current challenges, Materials

13 (2020) 5755.

M. Bertolini, D. Mezzogori, M. Neroni, F. Zammori, Machine Learning for indus-

trial applications: a comprehensive literature review, Expert Syst. Appl. 175 (2021)

114820.

A. Jamwal, R. Agrawal, M. Sharma, A. Kumar, V. Kumar, J.A.A. Garza-Reyes, Ma-

chine learning applications for sustainable manufacturing: a bibliometric-based re-

view for future research, J. Enterprise Inf. Manage. 35 (2021) 566-596.

J. Wang, Y. Ma, L. Zhang, R.X. Gao, D. Wu, Deep learning for smart manufacturing:

methods and applications, J. Manuf. Syst. 48 (2018) 144-156.

[2]

[3]

[4]

[5]

[6]
[7]

[8]

[91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]


http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0001
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0002
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0003
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0004
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0005
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0007
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0008
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0009
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0010
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0011
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0012
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0013
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0014
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0015
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0016
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0017
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0018
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0019
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0020
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0021
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0022

ARTICLE IN PRESS

JID: SMSE

M. Soori, B. Arezoo and R. Dastres

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]
[31]
[32]
[33]
[34]
[35]

[36]

371

[38]

[39]
[40]
[41]
[42]
[43]
[44]
[45]

[46]

[47]

[48]

[49]

[50]

[51]
[52]
[53]
[54]
[55]

[56]

[57]

A. Rajesh, M. Prabhuswamy, S. Krishnasamy, Smart manufacturing through ma-
chine learning: a review, perspective, and future directions to the machining in-
dustry, J. Eng. (2022) 2022.

M. Soori, B. Arezoo, M. Habibi, Accuracy analysis of tool deflection error modelling
in prediction of milled surfaces by a virtual machining system, Int. J. Comput. Appl.
Technol. 55 (2017) 308-321.

M. Soori, B. Arezoo, M. Habibi, Virtual machining considering dimensional, geo-
metrical and tool deflection errors in three-axis CNC milling machines, J. Manuf.
Syst. 33 (2014) 498-507.

M. Soori, B. Arezoo, M. Habibi, Dimensional and geometrical errors of three-axis
CNC milling machines in a virtual machining system, Comput. Aided Des. 45 (2013)
1306-1313.

M. Soori, B. Arezoo, M. Habibi, Tool deflection error of three-axis computer numer-
ical control milling machines, monitoring and minimizing by a virtual machining
system, J. Manuf. Sci. Eng. 138 (2016).

M. Soori, M. Asmael, D. Solyali, Recent development in friction stir welding pro-
cess: a review, SAE Int. J. Mater. Manuf. (2020) 18.

M. Soori, M. Asmael, Virtual minimization of residual stress and deflection error
in five-axis milling of turbine blades, Strojniski Vestnik/J. Mech. Eng. 67 (2021)
235-244.

M. Soori, M. Asmael, Cutting temperatures in milling operations of difficult-to-cut
materials, J. New Technol. Mater. 11 (2021) 47-56.

M. Soori, M. Asmael, A. Khan, N. Farouk, Minimization of surface roughness in
5-axis milling of turbine blades, Mech. Based Des. Struct. Mach. (2021) 1-18.

M. Soori, M. Asmael, Minimization of deflection error in five axis milling of impeller
blades, Facta Universitatis, Ser.: Mech. Eng. (2021).

M. Soori, B. Arezoo, A review in machining-induced residual stress, J. New Technol.
Mater. 12 (2022) 64-83.

M. Soori, B. Arezoo, Minimization of surface roughness and residual stress in grind-
ing operations of inconel 718, J. Mater. Eng. Perform. (2022) 1-10.

M. Soori, B. Arezoo, Cutting tool wear prediction in machining operations, a review,
J. New Technol. Mater. 12 (2022) 15-26.

M. Soori, M. Asmael, Classification of research and applications of the computer
aided process planning in manufacturing systems, Independent J. Manage. Prod.
12 (2021) 1250-1281.

M. Soori, M. Asmael, A review of the recent development in machining parameter
optimization, Jordan J. Mech. Ind. Eng. 16 (2022) 205-223.

R. Dastres, M. Soori, M. Asmael, Radio Frequency Identification (RFID) based wire-
less manufacturing systems, a review, Independent J. Manage. Prod. 13 (2022)
258-290.

R. Dastres, M. Soori, Advances in web-based decision support systems, Int. J. Eng.
Future Technol. 19 (2021) 1-15.

R. Dastres, M. Soori, Artificial neural network systems, Int. J. Imaging Robot. (IJIR)
21 (2021) 13-25.

R. Dastres, M. Soori, The role of Information and Communication Technology (ICT)
in environmental protection, Int. J. Tomogr. Simul. 35 (2021) 24-37.

R. Dastres, M. Soori, Secure socket layer in the network and web security, Int. J.
Comput. Inf. Eng. 14 (2020) 330-333.

R. Dastres, M. Soori, Advances in web-based decision support systems, Int. J. Eng.
Future Technol. (2021).

R. Dastres, M. Soori, A review in recent development of network threats and secu-
rity measures, Int. J. Inf. Sci. Comput. Eng. (2021).

R. Dastres, M. Soori, Advanced image processing systems, Int. J. Imagining Robot.
21 (2021) 27-44.

M. Zhang, A. Matta, Models and algorithms for throughput improvement prob-
lem of serial production lines via downtime reduction, IISE Trans. 52 (2020)
1189-1203.

R. Wolniak, Downtime in the automotive industry production process-cause anal-
ysis, Qual. Innov. Prosperity 23 (2019) 101-118.

Y. Wen, M.F. Rahman, H. Xu, T.-L.B. Tseng, Recent advances and trends of predic-
tive maintenance from data-driven machine prognostics perspective, Measurement
187 (2022) 110276.

P. Ong, W.K. Lee, R.J.H. Lau, Tool condition monitoring in CNC end milling using
wavelet neural network based on machine vision, Int. J. Adv. Manuf. Technol. 104
(2019) 1369-1379.

N. Ahmed, A. Day, J. Victory, L. Zeall, B. Young, Condition monitoring in the man-
agement of maintenance in a large scale precision CNC machining manufacturing
facility, in: 2012 IEEE International Conference on Condition Monitoring and Di-
agnosis, IEEE, 2012, pp. 842-845.

P. BA, S. PN, S. PM, Shop floor to cloud connect for live monitoring the production
data of CNC machines, Int. J. Comput. Integr. Manuf. 33 (2020) 142-158.

K. Vijayakumar, in: Computational Intelligence, Machine Learning techniques, and
10T, SAGE Publications Sage UK, London, England, 2021, pp. 3-5.

S. Sun, Z. Cao, H. Zhu, J. Zhao, A survey of optimization methods from a machine
learning perspective, IEEE Trans. Cybern. 50 (2019) 3668-3681.

Y. Wu, N. Yue, K. Qian, Performance optimization of CNC machine tool system
based on sensor data, Sci. Program. (2022) 2022.

M. Aminzadeh, A. Mahmoodi, M. Sabzehparvar, Optimal motion-cueing algorithm
using motion system kinematics, Eur. J. Control 18 (2012) 363-375.

N. Sharma, V. Chawla, N. Ram, Comparison of machine learning algorithms for
the automatic programming of computer numerical control machine, Int. J. Data
Network Sci. 4 (2020) 1-14.

M.-.A. Dittrich, F. Uhlich, B. Denkena, Self-optimizing tool path generation for
5-axis machining processes, CIRP J. Manuf. Sci. Technol. 24 (2019) 49-54.

11

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

671

[68]

[69]
[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

791

[80]

[81]

[82]

[83]

[84]
[85]
[86]

871

[88]

[m5GeSdc;January 19, 2023;18:34]

Sustainable Manufacturing and Service Economics xxx (XxxX) Xxx

T. Ghosh, K. Martinsen, Generalized approach for multi-response machining pro-
cess optimization using machine learning and evolutionary algorithms, Eng. Sci.
Technol., Int. J. 23 (2020) 650-663.

W.T. de Sousa Junior, J.A.B. Montevechi, R. de Carvalho Miranda, M.L.M. de
Oliveira, A.T. Campos, Shop floor simulation optimization using machine learn-
ing to improve parallel metaheuristics, Expert Syst. Appl. 150 (2020) 113272.

W. Luo, T. Hu, C. Zhang, Y. Wei, Digital twin for CNC machine tool: modeling and
using strategy, J. Ambient Intell. Humaniz. Comput. 10 (2019) 1129-1140.

M.S. Surya, G. Prasanthi, A.K. Kumar, V. Sridhar, S. Gugulothu, Optimization of
cutting parameters while turning Ti-6Al-4V using response surface methodology
and machine learning technique, Int. J. Interact. Des. Manuf. (IJIDeM) 15 (2021)
453-462.

Y. Lee, A. Resiga, S. Yi, C. Wern, The optimization of machining parameters for
milling operations by using the Nelder-Mead simplex method, J. Manuf. Mater.
Process. 4 (2020) 66.

D.Y. Pimenov, A. Bustillo, S. Wojciechowski, V.S. Sharma, M.K. Gupta,
M. Kuntoglu, Artificial intelligence systems for tool condition monitoring in ma-
chining: analysis and critical review, J. Intell. Manuf. (2022) 1-43.

G. Serin, B. Sener, A.M. Ozbayoglu, H.O. Unver, Review of tool condition monitor-
ing in machining and opportunities for deep learning, Int. J. Adv. Manuf. Technol.
109 (2020) 953-974.

S. Ravikumar, K. Ramachandran, Tool wear monitoring of multipoint cutting tool
using sound signal features signals with machine learning techniques, Mater. To-
day: Proc. 5 (2018) 25720-25729.

V. Parwal, B. Rout, Machine learning based approach for process supervision to
predict tool wear during machining, Procedia CIRP 98 (2021) 133-138.

P.J. Bagga, M.A. Makhesana, A.D. Pala, K.C. Chauhan, K.M. Patel, A novel com-
puter vision based machine learning approach for online tool wear monitoring in
machining, (2021).

M. Rizal, J.A. Ghani, M.Z. Nuawi, C.H.C. Haron, Online tool wear prediction system
in the turning process using an adaptive neuro-fuzzy inference system, Appl. Soft
Comput. 13 (2013) 1960-1968.

X. Zhang, C. Han, M. Luo, D. Zhang, Tool wear monitoring for complex part milling
based on deep learning, Appl. Sci. 10 (2020) 6916.

X. Wu, Y. Liu, X. Zhou, A. Mou, Automatic identification of tool wear based on
convolutional neural network in face milling process, Sensors 19 (2019) 3817.
L.H. Saw, L.W. Ho, M.C. Yew, F. Yusof, N.A. Pambudi, T.C. Ng, M.K. Yew, Sensi-
tivity analysis of drill wear and optimization using adaptive neuro fuzzy-genetic
algorithm technique toward sustainable machining, J. Clean. Prod. 172 (2018)
3289-3298.

A. Proteau, A. Tahan, M. Thomas, Specific cutting energy: a physical measurement
for representing tool wear, Int. J. Adv. Manuf. Technol. 103 (2019) 101-110.

A. de Farias, S.L.R. de Almeida, S. Delijaicov, V. Seriacopi, E.C. Bordinassi, Sim-
ple machine learning allied with data-driven methods for monitoring tool wear in
machining processes, Int. J. Adv. Manuf. Technol. 109 (2020) 2491-2501.

B. Lutz, D. Kisskalt, A. Mayr, D. Regulin, M. Pantano, J. Franke, In-situ identifica-
tion of material batches using machine learning for machining operations, J. Intell.
Manuf. 32 (2021) 1485-1495.

D. Wu, C. Jennings, J. Terpenny, S. Kumara, R.X. Gao, Cloud-based parallel ma-
chine learning for tool wear prediction, J. Manuf. Sci. Eng. (2018) 140.

D. Wu, C. Jennings, J. Terpenny, R.X. Gao, S. Kumara, A comparative study on
machine learning algorithms for smart manufacturing: tool wear prediction using
random forests, J. Manuf. Sci. Eng. (2017) 139.

A. Kothuru, S.P. Nooka, R. Liu, Application of audible sound signals for tool wear
monitoring using machine learning techniques in end milling, Int. J. Adv. Manuf.
Technol. 95 (2018) 3797-3808.

A.D. Patange, R. Jegadeeshwaran, A machine learning approach for vibra-
tion-based multipoint tool insert health prediction on vertical machining centre
(VMC), Measurement 173 (2021) 108649.

R. Liu, A. Kothuru, S. Zhang, Calibration-based tool condition monitoring for repet-
itive machining operations, J. Manuf. Syst. 54 (2020) 285-293.

J.L. Ferrando Chacén, T. Fernandez de Barrena, A. Garcia, M. Séez de Buruaga,
X. Badiola, J. Vicente, A novel machine learning-based methodology for tool wear
prediction using acoustic emission signals, Sensors 21 (2021) 5984.

A. Bustillo, D.Y. Pimenov, M. Mia, W. Kaptonek, Machine-learning for automatic
prediction of flatness deviation considering the wear of the face mill teeth, J. Intell.
Manuf. 32 (2021) 895-912.

D.F. Hesser, B. Markert, Tool wear monitoring of a retrofitted CNC milling machine
using artificial neural networks, Manuf. Lett. 19 (2019) 1-4.

V.F. Sousa, F.J. Silva, J.S. Fecheira, H.M. Lopes, R.P. Martinho, R.B. Casais, L.P. Fer-
reira, Cutting forces assessment in CNC machining processes: a critical review, Sen-
sors 20 (2020) 4536.

S. Vaishnav, A. Agarwal, K. Desai, Machine learning-based instantaneous cutting
force model for end milling operation, J. Intell. Manuf. 31 (2020) 1353-1366.

P. Charalampous, Prediction of cutting forces in milling using machine learning al-
gorithms and finite element analysis, J. Mater. Eng. Perform. 30 (2021) 2002-2013.
Y. Zhang, X. Xu, Machine learning cutting force, surface roughness, and tool life in
high speed turning processes, Manuf. Lett. 29 (2021) 84-89.

B. Peng, T. Bergs, D. Schraknepper, F. Klocke, B. Débbeler, A hybrid approach using
machine learning to predict the cutting forces under consideration of the tool wear,
Procedia CIRP 82 (2019) 302-307.

E.G. Plaza, P.N. Lépez, Analysis of cutting force signals by wavelet packet transform
for surface roughness monitoring in CNC turning, Mech. Syst. Signal Process. 98
(2018) 634-651.


http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0023
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0024
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0025
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0026
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0027
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0028
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0029
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0030
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0031
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0032
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0033
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0034
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0035
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0036
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0037
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0038
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0039
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0040
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0041
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0042
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0043
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0044
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0045
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0046
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0047
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0048
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0049
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0050
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0051
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0052
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0053
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0054
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0055
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0056
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0057
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0058
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0059
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0060
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0061
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0062
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0063
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0064
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0065
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0066
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0068
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0069
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0070
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0071
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0072
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0073
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0074
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0075
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0076
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0077
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0078
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0079
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0080
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0081
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0082
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0083
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0084
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0085
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0086
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0087
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0088

ARTICLE IN PRESS

JID: SMSE

M. Soori, B. Arezoo and R. Dastres

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[971

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]
[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

K. Xu, Y. Li, J. Zhang, G. Chen, ForceNet: an offline cutting force prediction model
based on neuro-physical learning approach, J. Manuf. Syst. 61 (2021) 1-15.
L.-W. Tseng, T.-.S. Hu, Y.-.C. Hu, A smart tool holder calibrated by machine learn-
ing for measuring cutting force in fine turning and its application to the specific
cutting force of low carbon steel S15C, Machines 9 (2021) 190.

G. Terrazas, G. Martinez-Arellano, P. Benardos, S. Ratchev, Online tool wear clas-
sification during dry machining using real time cutting force measurements and a
CNN approach, J. Manuf. Mater. Process. 2 (2018) 72.

G. Kucukyildiz, H.G. Demir, A multistage cutting tool fault diagnosis algorithm for
the involute form cutter using cutting force and vibration signals spectrum imaging
and convolutional neural networks, Arab. J. Sci. Eng. 46 (2021) 11819-11833.

A. Jimenez-Cortadi, I. Irigoien, F. Boto, B. Sierra, G. Rodriguez, Predictive mainte-
nance on the machining process and machine tool, Appl. Sci. 10 (2019) 224.

B. Luo, H. Wang, H. Liu, B. Li, F. Peng, Early fault detection of machine tools based
on deep learning and dynamic identification, IEEE Trans. Ind. Electron. 66 (2018)
509-518.

E. Traini, G. Bruno, G. D’antonio, F. Lombardi, Machine learning framework for
predictive maintenance in milling, IFAC-PapersOnLine 52 (2019) 177-182.

J. Diaz-Rozo, C. Bielza, P. Larranaga, Machine learning-based CPS for cluster-
ing high throughput machining cycle conditions, Procedia Manuf. 10 (2017)
997-1008.

S. Wan, D. Li, J. Gao, R. Roy, F. He, A collaborative machine tool maintenance
planning system based on content management technologies, Int. J. Adv. Manuf.
Technol. 94 (2018) 1639-1653.

W. Luo, T. Hu, Y. Ye, C. Zhang, Y. Wei, A hybrid predictive maintenance approach
for CNC machine tool driven by Digital Twin, Robot Comput. Integr. Manuf. 65
(2020) 101974.

J. Moore, J. Stammers, J. Dominguez-Caballero, The application of machine learn-
ing to sensor signals for machine tool and process health assessment, Proc. Inst.
Mech. Eng. Part B J. Eng. Manuf. 235 (2021) 1543-1557.

T. Mohanraj, J. Yerchuru, H. Krishnan, R.N. Aravind, R. Yameni, Development of
tool condition monitoring system in end milling process using wavelet features and
Hoelder’s exponent with machine learning algorithms, Measurement 173 (2021)
108671.

A.D. Patange, R. Jegadeeshwaran, Review on tool condition classification in
milling: a machine learning approach, Mater. Today: Proc. 46 (2021) 1106-1115.
D. Goyal, C. Mongia, S. Sehgal, Applications of digital signal processing in monitor-
ing machining processes and rotary components: a review, IEEE Sens. J. 21 (2021)
8780-8804.

K. Zhu, Y. Zhang, A cyber-physical production system framework of smart CNC ma-
chining monitoring system, IEEE/ASME Trans. Mechatron. 23 (2018) 2579-2586.
C. Ratnam, K.A. Vikram, B. Ben, B. Murthy, Process monitoring and effects of pro-
cess parameters on responses in turn-milling operations based on SN ratio and
ANOVA, Measurement 94 (2016) 221-232.

S. Wang, S. To, C.F. Cheung, Effect of workpiece material on surface roughness in
ultraprecision raster milling, Mater. Manuf. Process. 27 (2012) 1022-1028.

S. Jovic, O. Anicic, M. Jovanovic, Adaptive neuro-fuzzy fusion of multi-sensor data
for monitoring of CNC machining, Sensor Rev. (2017).

S. Liu, S. Lu, J. Li, X. Sun, Y. Lu, J. Bao, Machining process-oriented monitoring
method based on digital twin via augmented reality, Int. J. Adv. Manuf. Technol.
113 (2021) 3491-3508.

I. Daniyan, I. Tlhabadira, O. Daramola, K. Mpofu, Design and optimization of ma-
chining parameters for effective AISI P20 removal rate during milling operation,
Procedia CIRP 84 (2019) 861-867.

K. Zacharia, P. Krishnakumar, Chatter prediction in high speed machining of tita-
nium alloy (Ti-6Al-4V) using machine learning techniques, Mater. Today: Proc. 24
(2020) 350-358.

A. Gouarir, G. Martinez-Arellano, G. Terrazas, P. Benardos, S. Ratchev, In-process
tool wear prediction system based on machine learning techniques and force anal-
ysis, Procedia CIRP 77 (2018) 501-504.

E. Hazir, T. Ozcan, Response surface methodology integrated with desirability func-
tion and genetic algorithm approach for the optimization of CNC machining param-
eters, Arab. J. Sci. Eng. 44 (2019) 2795-2809.

K. Martinsen, J. Downey, I. Baturynska, Human-machine interface for artificial
neural network based machine tool process monitoring, Procedia CIRP 41 (2016)
933-938.

J. Verma, P. Agrawal, L. Bajpai, Turning parameter optimization for surface rough-
ness of ASTM A242 Type-1 alloys steel by Taguchi method, Int. J. Adv. Eng. Tech-
nol. 3 (2012) 255.

12

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]
[130]

[131]

[132]

[133]

[134]
[135]

[136]

[137]

[138]

[139]

[m5GeSdc;January 19, 2023;18:34]

Sustainable Manufacturing and Service Economics xxx (XxxX) Xxx

1. Asiltiirk, S. Neseli, M.A. Ince, Optimisation of parameters affecting surface rough-
ness of Co28Cr6Mo medical material during CNC lathe machining by using the
Taguchi and RSM methods, Measurement 78 (2016) 120-128.

C.-.H. Chen, S.-.Y. Jeng, C.-.J. Lin, Prediction and analysis of the surface roughness
in CNC end milling using neural networks, Appl. Sci. 12 (2021) 393.

N.E. Sizemore, M.L. Nogueira, N.P. Greis, M.A. Davies, Application of machine
learning to the prediction of surface roughness in diamond machining, Procedia
Manuf. 48 (2020) 1029-1040.

W. Zhang, Surface roughness prediction with machine learning, J. Phys.: Conf. Ser.
(2021) 012040 IOP Publishing.

H.-.W. Chiu, C.-.H. Lee, Prediction of machining accuracy and surface quality for
CNC machine tools using data driven approach, Adv. Eng. Software 114 (2017)
246-257.

W.-J. Lin, S.-.H. Lo, H.-.T. Young, C.-.L. Hung, Evaluation of deep learning neural
networks for surface roughness prediction using vibration signal analysis, Appl.
Sci. 9 (2019) 1462.

D.Y. Pimenov, A. Bustillo, T. Mikolajczyk, Artificial intelligence for automatic pre-
diction of required surface roughness by monitoring wear on face mill teeth, J.
Intell. Manuf. 29 (2018) 1045-1061.

N. Fang, P.S. Pai, N. Edwards, Neural network modeling and prediction of surface
roughness in machining aluminum alloys, J. Comput. Commun. 4 (2016) 1-9.
A.N. Balasubramanian, N. Yadav, A. Tiwari, Analysis of cutting forces in helical
ball end milling process using machine learning, Mater. Today: Proc. 46 (2021)
9275-9280.

W. Gao, H. Haitjema, F. Fang, R. Leach, C. Cheung, E. Savio, J.-.M. Linares, On—
machine and in-process surface metrology for precision manufacturing, CIRP Ann.
68 (2019) 843-866.

H.-.C. Mohring, S. Eschelbacher, P. Georgi, Machine learning approaches for real-
time monitoring and evaluation of surface roughness using a sensory milling tool,
Procedia CIRP 102 (2021) 264-269.

P. Wang, Z. Liu, R.X. Gao, Y. Guo, Heterogeneous data-driven hybrid machine
learning for tool condition prognosis, CIRP Ann. 68 (2019) 455-458.

X. Xu, J. Wang, B. Zhong, W. Ming, M. Chen, Deep learning-based tool wear pre-
diction and its application for machining process using multi-scale feature fusion
and channel attention mechanism, Measurement 177 (2021) 109254.

Y. Chen, R. Sun, Y. Gao, J. Leopold, A nested-ANN prediction model for surface
roughness considering the effects of cutting forces and tool vibrations, Measure-
ment 98 (2017) 25-34.

M.K.M. Shapi, N.A. Ramli, L.J. Awalin, Energy consumption prediction by using
machine learning for smart building: case study in Malaysia, Dev. Built Environ. 5
(2021) 100037.

J. Pan, C. Li, Y. Tang, W. Li, X. Li, Energy consumption prediction of a CNC machin-
ing process with incomplete data, IEEE/CAA J. Automat. Sin. 8 (2021) 987-1000.
A. Mosavi, A. Bahmani, Energy consumption prediction using machine learning; a
review, (2019).

C. Chen, Y. Liu, M. Kumar, J. Qin, Y. Ren, Energy consumption modelling using
deep learning embedded semi-supervised learning, Comput. Ind. Eng. 135 (2019)
757-765.

P.W. Khan, Y. Kim, Y.-.C. Byun, S.-.J. Lee, Influencing factors evaluation of machine
learning-based energy consumption prediction, Energies 14 (2021) 7167.

J. Cao, X. Xia, L. Wang, Z. Zhang, X. Liu, A novel CNC milling energy consumption
prediction method based on program parsing and parallel neural network, Sustain-
ability 13 (2021) 13918.

Y. He, P. Wu, Y. Li, Y. Wang, F. Tao, Y. Wang, A generic energy prediction model
of machine tools using deep learning algorithms, Appl. Energy 275 (2020) 115402.
Z. Liu, Y. Guo, A hybrid approach to integrate machine learning and process me-
chanics for the prediction of specific cutting energy, CIRP Ann. 67 (2018) 57-60.
V. Vishnu, K.G. Varghese, B. Gurumoorthy, Energy prediction in process plan-
ning of five-axis machining by data-driven modelling, Procedia CIRP 93 (2020)
862-867.

W.H. Choi, J. Kim, J.Y. Lee, Development of fault diagnosis models based on pre-
dicting energy consumption of a machine tool spindle, Procedia Manuf. 51 (2020)
353-358.

L. Li, C. Li, Y. Tang, L. Li, An integrated approach of process planning and cut-
ting parameter optimization for energy-aware CNC machining, J. Clean. Prod. 162
(2017) 458-473.

S. Jia, S. Wang, J. Lv, W. Cai, N. Zhang, Z. Zhang, S. Bai, Multi-objective optimiza-
tion of CNC turning process parameters considering transient-steady state energy
consumption, Sustainability 13 (2021) 13803.


http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0089
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0090
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0091
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0092
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0093
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0094
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0095
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0096
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0097
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0098
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0099
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0100
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0101
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0102
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0103
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0104
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0105
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0106
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0107
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0108
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0109
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0110
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0111
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0112
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0113
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0114
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0115
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0116
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0117
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0118
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0119
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0120
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0121
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0122
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0123
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0124
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0125
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0126
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0127
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0128
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0129
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0131
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0132
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0133
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0134
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0135
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0136
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0137
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0138
http://refhub.elsevier.com/S2667-3444(23)00001-4/sbref0139

	Machine learning and artificial intelligence in CNC machine tools, A review
	1 Introduction
	2 Methodology of review in data extraction
	3 Reducing machine tool downtime
	4 Optimization of CNC machine tools
	5 Cutting tool wear prediction
	6 Cutting force model
	7 CNC machine tool maintenance
	8 Monitoring of machining operations
	9 Surface quality prediction
	10 Energy prediction systems
	11 Conclusion
	12 Future research directions
	Declaration of Competing Interest
	References


