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Abstract

Research on eco-friendly and energy-efficient machining processes has gained significant
importance within the domain of sustainable production. This study is focused on en-
hancing the energy performance and sustainability of the milling process. Four machine
learning (ML) models, namely, multiple linear regression (MLR), support vector regression
(SVR), Gaussian process regression (GPR), and adaptive network-based fuzzy inference
system (ANFIS), were proposed to estimate specific energy consumption (SEC) in the
milling of Ti6-Al4-V under two eco-benign cooling conditions: cryogenic and minimum
quantity lubrication (MQL). Several statistical metrics, including normalized mean absolute
error ((MAE), mean absolute percentage error (MAPE), normalized root mean square error
(nRMSE), maximum absolute percentage error (maxAPE), coefficient of determination (R?),
and Willmott’s index of agreement (IA), were employed to validate the performances of the
ML models. A high level of agreement between the predicted and experimental SEC data
for both the training and test datasets supports the reliability of the proposed ML models.
Although the MLR model performed well, the results revealed that the other ML models
demonstrated better overall performance. According to the statistical metrics, the models’
predictive performance improved in the following sequence: MLR, SVR, GPR, and finally
ANFIS, which demonstrated the highest predictive capability.

Keywords: machine learning; specific energy consumption; sustainable machining

1. Introduction

In the current industrial scenario, one of the most challenging problems is sustainable
production. In metal cutting processes, cutting fluids have historically been utilized to
improve machining process performances, such as machinability, productivity, and cost.
However, conventional (flood) cooling remains widely employed in machining, particularly
for difficult-to-cut materials [1]. Difficult-to-cut materials, such as Ti-based alloys, Ni-based
alloys, high-strength steels, and metal matrix composites, are increasingly employed in
many industries because of their specific physical properties. Nevertheless, the high opera-
tional performance of these materials negatively influences machinability. In particular, low
thermal conductivity and a strong work-hardening tendency result in high cutting forces
and temperatures, which accelerate tool wear and may compromise surface integrity. These
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processes also require greater power to remove a given volume of material. Hence, new
cooling alternatives, such as cryogenic cooling, minimum quantity lubrication (MQL), cry-
oMQL, etc., have been developed in order to improve the machinability of difficult-to-cut
materials and as a result of the growing attention given to eco-friendly machining require-
ments. The electrical and embodied energy of resources are consumed during machining
processes, which transform raw materials into final products. Thus, the energy efficiency
has also been found to be crucial in the transition towards sustainable manufacturing.
Owing to rising energy consumption and limited resources, the metal cutting industry
faces increasingly stringent ecological and energy-related requirements [2]. As a major
component of industrial operations, the metal processing sector consumes a significant
amount of energy, accounting for nearly 40% of global industrial energy use. Additionally,
carbon dioxide emissions in this sector have risen by 50% over the past two decades [3].
Most energy consumption in the metal cutting industry is attributed to machine tools,
which are the main components of production systems [4]. These machine tools generally
exhibit low energy efficiency, with less than 15% of their total energy consumption being
used for the actual material removal process [5]. Energy standards, regulations, and the
broader pursuit of sustainable production therefore demand continual research and energy
optimization of the metal cutting processes [6]. Further incentives, such as subsidies and
regulatory measures issued by international and national institutions, continue to drive
improvements in the energy efficiency of machine tools.

Machine learning (ML) models have been broadly used in the prediction of different
machining responses, such as cutting forces, surface quality, tool life, cutting temperature,
and others. Numerous investigations on the prediction of machine tool energy consump-
tion have also been carried out. Shin et al. [7] proposed a holonic-based mechanism for
self-learning factories using a hybrid learning approach. A prototype system was imple-
mented for milling processes to generate energy predictive models and optimize machine
tool selection. Results showed an energy consumption reduction of 9.7% compared to
the highest energy-consuming machine tool. Study [8] proposed a deep learning-based
approach for predicting energy consumption of machine tools. Experiments on a milling
machine and a grinding machine demonstrated substantial improvements in prediction
accuracy compared to other studies. Cao et al. [9] developed a milling energy prediction
method based on program parsing and a parallel neural network. Experiments showed
prediction errors of 0.85% for total program energy and within 5% per line of instruction,
with efficiency improved by nearly 50% compared to existing methods. A hybrid approach
combining ML and process mechanics to predict specific cutting energy is presented in [10].
The method was validated in the milling of H13 tool steel and Inconel 718. The developed
method shows significantly higher accuracy than analytical models. Zhang et al. [11]
presented an energy consumption prediction method based on long short-term memory
neural networks optimized by an improved particle swarm algorithm with dynamic iner-
tia weights. Compared to other optimization methods, over 30% improvement in mean
absolute and mean errors was achieved, demonstrating enhanced prediction accuracy and
efficiency. An evaluation of the impact of different eco-friendly cooling techniques on
carbon emissions during machining of Monel 400 alloy was presented in [12]. ML models,
including decision trees, naive Bayes, random forests, and support vector machines, were
used for sustainability assessment. The support vector machine achieved nearly 100% accu-
racy in predicting discretized carbon emission levels. Sealy et al. [13] investigated power
and energy consumption in hard milling of AISI H13 tool steel at machine, spindle, and
process levels, focusing on specific cutting energy. A regression model was developed to
accurately predict cutting-specific energy. Brillinger et al. [14] investigated ML algorithms,
such as decision tree, random forest, and boosted random forests, to predict the energy
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demand of CNC machining strategies. Random forest achieved the most accurate predic-
tions, eliminating the need for dedicated experiments. Lu et al. [15] proposed a multi-pass
parametric optimization method using deep reinforcement learning to improve energy
efficiency. The results confirmed the effectiveness of the proposed approach in achieving
energy-efficient and deformation-compliant machining. ML models applied to improve
energy efficiency in 5-axis milling under various machining parameters and toolpath strate-
gies were presented in [16]. Decision tree and random forest models outperformed linear,
lasso, and ridge regression. Study [17] presented an intelligent energy monitoring method
using a 1-dimensional convolutional neural network (1ID-CNN) to determine machine
operation status from energy consumption data. The results demonstrated that 1D-CNN
outperforms deep learning and ML algorithms in analyzing time-series energy data for
monitoring purposes. Awan et al. [18] developed a methodology to predict specific energy
consumption in cut-off grinding using supervised machine learning. Among Gaussian pro-
cess regression, regression trees, and artificial neural networks, Gaussian process regression
showed the best performance with minimal validation errors. Yurtkuran et al. [19] applied
ML models, such as linear regression, multilayer perceptron, gradient boosting regression,
and adaboost regression, to predict power consumption during milling of PH13-8Mo stain-
less steel under various cutting environments, including dry, MQL, nano-graphene + MQL,
nano-hBN + MQL, cryo, and cryo + MQL. The developed ML models accurately confirm
the relationship between cutting parameters and power consumption. Random forest re-
gressor was employed to predict energy consumption, productivity, and surface roughness
in CNC face milling of AISI-1045 steel [20]. The results demonstrated that the proposed
model can serve as a reliable prediction tool for machining processes with minimal feature
selection. ML algorithms, including K-nearest neighbor, Gaussian regression, decision
tree, and logistic regression, were evaluated in order to predict energy consumption in
CNC machining of Inconel 718 under MQL and nanofluid-based MQL cutting environ-
ment [21]. The decision tree model achieved the highest prediction accuracy. Korkmaz
et al. [22] investigated the reduction of specific cutting energy in sustainable machining of
Inconel 601 using various cooling methods, including dry, MQL, nano-MQL, cryogenic,
and hybrid cryo-nano-MQL. Among multiple linear regression, lasso regression, Bayesian
ridge regression, and voting regressor, the Bayesian model achieved the lowest prediction
error. An intelligent monitoring system for ultra-precision CNC machine tools using power
consumption data instead of retrofitted sensors was presented in [23]. A G-code interpreter
was developed to generate training data and extract features for machine learning and deep
learning models. Study [24] investigated the milling of Hardox 400 martensitic steel under
dry, flood, and MQL conditions to improve machinability and reduce energy consumption.
ML models, including heat maps and decision trees, were used to analyze correlations be-
tween cutting parameters and performance indicators such as tool wear, surface roughness,
chip morphology, energy consumption, and cutting temperature. The study demonstrated
the usefulness of combining advanced cutting environments with machine learning for
sustainable machining of hard-to-cut steels.

The ML models reported in the literature mostly addressed conventional flood ma-
chining. There is barely any available knowledge about predicting the energy consumption
during machining under different cooling conditions. The selection of a cooling method,
together with energy efficiency, is broadly recognized as a major factor in the transition
towards a sustainable machining process. High-performance alloys, such as Ti-based al-
loys, consume more specific cutting energy compared to steel, aluminum, etc. Moreover,
machining complexity, that is, the difficulty of machining the surface, also has an impact on
machine tool energy consumption. Theoretically, the main problems with ball-end milling
operations are the poor cutting conditions at the tool tip, the unfavorable transfer of gener-
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ated heat, difficult chip disposal, and the low material removal rate (MRR). The present
research is a continuation and an extension of our earlier studies. In particular, we analyzed
and determined optimal settings of control parameters for the minimization of SEC as
an objective function [25] and presented a multi-objective parameter optimization model
integrating the machining responses, such as surface roughness, microhardness, energy
consumption, and productivity, and sustainability metrics, such as environmental impact,
operator’s health and safety, and waste management [26]. Hence, the current study reveals
the potential of ML models in promoting sustainable machining of difficult-to-cut material
Ti-6Al-4V, which is the most widely used commercial Ti-based alloy. This alloy accounts for
more than half of global production and is utilized in 80% of aerospace and medical applica-
tions. The four ML-based models, namely, multiple linear regression (MLR), support vector
regression (SVR), Gaussian process regression (GPR), and adaptive network-based fuzzy
inference system (ANFIS), were developed to predict specific energy consumption (SEC)
in ball-end milling of Ti6-Al4-V alloy under MQL and cryogenic machining conditions.
Figure 1 shows the methodology of the present research work. Initially, two eco-friendly
cooling environments, namely MQL and cryogenic cooling, along with other machining
parameters, were utilized to investigate their effects on SEC. Subsequently, MLR, SVR,
GPR, and ANFIS ML models were employed to develop predictive models. Ultimately, the
prediction performance of the ML models was analyzed.
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Figure 1. Experimental setups and modeling procedure.

2. Experimental Work

In this study, the Ti-based alloy Ti-6Al-4V was used as the workpiece material. Ti-
6Al-4V is currently the most studied Ti-based alloy worldwide, with a large number of
publications. This alloy is known as one of the most difficult-to-cut alloys due to its material
properties. The chemical composition (wt.%) and mechanical properties of the considered
alloy are presented in Table 1.
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Table 1. Chemical composition and mechanical properties of Ti6-Al4-V alloy.
Chemical Composition
Al \% Fe @) C N H Ti
5.5-6.75 3.5-4.5 <0.25 <0.2 <0.08 <0.05 <0.01 remaining
Mechanical Properties
Thermal
. - . . Hardness
Tensile strength (Mpa) Modulus of elasticity (GPa) Yield strength (MPa) conductiv-
. (HRC)
ity (W/mk)
960-1270 100-120 830 7 3045

The carbide ball-nosed end mill was used for experimentation; its geometric param-
eters are as follows: number of cutting edges n = 2, diameter 4 = 10 mm, flute length
I =16 mm, helix angle p = 30°, and rake angle v = 30°. As a consequence of the zero effec-
tive cutting speed at the tool axis, the tool was rotated 20° relative to its vertical position
(inclination angle ¢ = 20°) to avoid plastic deformation of the machined layer.

The experimental trials were conducted using a Taguchi Lzg (2! 3%) orthogonal-array
design, which ensures statistical balance and independent estimation of factor effects while
reducing the total number of experiments. The trials were performed on a 5-axis CNC
machining center, Doosan NX 6500 II (DN Solutions, Seoul, Republic of Korea), equipped
with a Fanuc controller (Fanuc Corporation, Oshino, Japan). The technical specifications
of the machine tool include a 20,000 rpm maximum spindle speed and a motor power
of 22 kW. A carbide ball-nosed end mill model S501 (Dormer Pramet, éumperk, Czech
Republic) with two flutes was selected for all machining trials. This specific tool geometry
includes a diameter of 10 mm and a flute length of 19 mm, characterized by a 30° helix
angle and a 10° rake angle.

Three controllable factors, two numerical (cutting speed—u, and feed per tooth—f;)
and one categorical—cooling condition (MQL and cryogenic)—were considered during the
experimental investigation. The experimental setup utilized an MQL system comprising
a compressed air source, lubricant tank, flow control unit, and spray nozzle. The air
pressure (0.6 MPa) and flow rate (60 mL/h) remained constant. A conventional cryogenic
cooling configuration, comprising a CO; source, pressure regulation, and flow control, was
employed in this study. For machining operations, CO, was supplied at a delivery pressure
of 5.7 MPa and a flow rate of 12 kg/h through a 0.8 mm diameter nozzle.

The specific energy consumption (SEC) was calculated as the ratio of cutting power (P)
to material removal rate (MRR). The power disturbance analyzer MAVOWATT (Dranetz-
BMI) was used to monitor the cutting power during the machining trials. This instrument is
capable of recording various electrical parameters, including active power, voltage, current,
and frequency. The results of the experimentation are shown in Table 2.
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Table 2. DOE with the experimental results.

Process Parameters

3
Exp. No. Cooling Env. e (m/Min) ft (mm/Tooth) SEC (iJ/em®) Type
1 70 0.07 398.45 Training
2 920 0.10 221.86 Training
3 110 0.13 141.09 Testing
4 70 0.07 404.23 Training
5 90 0.10 224.33 Training
6 110 0.13 142.69 Training
7 70 0.07 403.99 Training
8 90 0.10 224.33 Testing
9 MQL 110 0.13 140.70 Training
10 70 0.07 400.60 Testing
11 920 0.10 226.70 Training
12 110 0.13 141.17 Training
13 70 0.10 284.70 Training
14 90 0.13 173.16 Training
15 110 0.07 257.86 Training
16 70 0.10 276.33 Testing
17 90 0.13 167.41 Training
18 110 0.07 252.62 Training
19 70 0.10 273.86 Testing
20 90 0.13 169.82 Training
21 110 0.07 24797 Training
22 70 0.10 271.71 Training
23 90 0.13 167.03 Training
24 110 0.07 249.88 Testing
25 70 0.13 210.12 Training
26 90 0.07 307.23 Training
27 . 110 0.10 177.16 Training
Cryogenic -
28 70 0.13 212.83 Training
29 920 0.07 307.67 Training
30 110 0.10 177.15 Testing
31 70 0.13 215.88 Training
32 920 0.07 320.65 Training
33 110 0.10 185.12 Training
34 70 0.13 221.59 Testing
35 90 0.07 324.77 Training
36 110 0.10 184.38 Training

3. Machine Learning Methods
3.1. Multiple Linear Regression

One of the most popular machine learning techniques is regression analysis. Modeling
the relationship between one or more independent variables (predictors) and a dependent
variable (response) in order to estimate future values is the main objective of regression
analysis. The simplest method for the regression task is linear regression (LR), whereas
multiple linear regression (MLR) is an extension of simple linear regression, as it involves
multiple variables.
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The general expression for the MLR model is given by the following equation:

y = Bo+ Pixi1 + Paxip + ... + Brxix + € (1)

where y is a dependent variable, x1, xy, .. ., x; are independent variables, B is a constant
coefficient, B1, B2, . . ., Bi are the regression coefficients, and ¢ is the random error of viewing
number i fori=1,2, ..., n units of observations.

3.2. Support Vector Regression

Based on the statistical learning theory, Vapnik introduced a machine learning algo-
rithm called the support vector machine (SVM). Originally developed to solve pattern
recognition problems, in recent years, SVM has been very successfully applied for solving
a variety of learning and prediction problems as well. As a regression version of SVM,
support vector regression (SVR) is an efficient and powerful algorithm for dealing with
nonlinear regression problems [27]. The SVR model employs a training data set {x;, ;}" ;,
where x € R” represents input values, y € R are the corresponding output values, and
m is the total number of samples. The objective of the regression problem is to identify
a function f(x) that, for all the training data, deviates no more than ¢ from the actually
obtained targets y;.

The generic regression function f(x) can be formulated as follows:

flx) =w"¢(x)+b )

where ¢(x) denotes the nonlinear transformation of the input pattern x from R” to the
high-dimensional feature space, whereas w and b indicate the weight vector and bias
term, respectively.

The weight vector w and bias term b are obtained by minimizing the regularized
risk function:

N L2
erumlzeCN§ Le(yi, f(x)) + EHZ"” 3)
i=

where C is a regularized constant, and L¢(y, f(x)) is the loss function. Vapnik presented a
general type of loss function, namely the e-insensitive loss function, defined as follows:

0, ifly — f(x)| <e,

ly — f(x)| —¢, otherwise. (4)

Le(y, f(x)) = {

where ¢ is the difference between values computed from the regression function and
actual values.

Introducing two slack variables (§; and &) to measure errors outside the e-tube,
Equation (3) is transformed into the following constrained form

1Y 1
MinimizeC— Y (& + &) + = |w]? ®)
Ni:l 2
subject to
yi—wip(x;) —b < e+

wip(xi) +b—y; <e+3} (6)
¢i,¢; >0,i=1,2,...,N.
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By adding Lagrangian multipliers («;, ;", Bi,and B;°), Equation (5) is then reformulated
as follows:

Minimize}||w||* +C % (&Gi+¢F) — g Bilyi — wp(x;) — b+ e+ G
i=1 i=1 7)
N N
— L A Twp(a) +b—yit e+ - X (aidi +aigf)

=

—_

By applying Karush—Kuhn-Tucker conditions to Equation (6), the following dual form
of the optimization problem is obtained:

N N 1N N
Maximize) " v;(B;i — B;) —e)_(Bi + B) EZ Y (B ( /3]> (xi,x;) (8

i=1 i=1 i=1j=1

—.

subject to

agks

(Bi— ) =0and 1, B € [0,C), i=1,2,..,N. ©)

i=1

Finally, by solving the above optimization problem and determining values of the
Lagrange multipliers, an optimal solution of the weight vector and regression function can
be obtained as follows:

N
w=) (Bi—B)¢(x:) (10)

N
f(x) = Z(ﬁi — Bi)K(x;, x) +b (11)

where K(x;, x;) is the kernel function that maps the input data to a feature space, satisfying
K(x;, xj) = ¢(x;)-¢(x;). Every function that satisfies Mercer’s condition can be used as a
kernel function. There are several kernel functions suggested in the literature, such as the
radial basis function, polynomial function, and linear function. The radial basis function
(RBF) can be expressed mathematically as

2
P
K(x;, xj) = exp (HIZUZJH) (12)

where ¢ is the kernel width parameter.

3.3. Gaussian Process Regression

Gaussian process regression (GPR) was initially proposed by Williams and Ras-
mussen [28]. GPR is highly adaptable and is capable of handling a wide range of complex
issues, including nonlinearity, limited sample sizes, and high dimensionality.

Suppose that D = {X, y} is a set of training data, where X = [x1, x, ..., x4] is an input
vector in R? and y = [y1, y2, . . ., yn] is a Vector containing scalar training outputs y; in R. The
output y; might be presumed to include mean-zero additive Gaussian noise with variance
042, which is described as p(e;) = N(0, 0,,%). Moreover, if the outputs are independent
and identically distributed, each observation y; can be viewed as related to an underlying
function f(x) through a Gaussian noise model:

yi = f(xi) +& (13)
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The joint distribution over the outputs is a zero-mean Gaussian and corresponds to
the following equation:

p(f(x)|x1,x2,..., %) = N(O,K(x,x/) —l—anzl) (14)

wheref (x)=1[f1,f2, ... fn]T is a vector of latent functions, K(x, x’) is the covariance (kernel)
matrix with elements Kj;(x;, x;), the term 0421 represents the Gaussian noise, and I is the
identity matrix.

The objective of the GPR algorithm is to determine the predicted outputs f* with
probabilistic confidence levels for the training samples and a set of test points X*. The
following equation can be employed to formulate a prior joint distribution of the training
outputs (f) and test outputs (f*):

X K K+
p(f. ) =N|o, Jr T (15)
ffr B
The independent likelihood can be defined using the following equation:
plf) = N(f.021) (16)

The Gaussian predictive distribution can be determined by obtaining the posterior
distribution, assuming that the hyperparameters involved in K were previously acquired
from the following training data:

p(Fly) = N(pr02) (17)

where the mean y and the variance o are defined as

He =Ko (Kpp+0’) y (18)
2_K Ks (K 1) 'k 19
02 = Kpopo = Ky (K +0i2) Ky po (19)

The covariance between the two input feature vectors, x; and x;, is determined by the
squared exponential kernel function:

1
K(xj,xj) = 05> exp (—2 (xi —x;)) M2 (x; — xj)) + 0426 (20)

where o2, which is typically initialized to 1, is the signal variance that indicates the overall
magnitude of the covariance value, M is a diagonal matrix M = diag{ly, I, ..., lx}, | are
scaling factors, and (5,7 is Kronecker’s delta function, which is used to define the noise
variance 0,2 in the covariance value.

The hyperparameters of the Gaussian process are the kernel function parameters
denoted by 6 = [M, o, 04]. These hyperparameters can be learned by maximizing the
logarithmic likelihood function of the training outputs:

Omax = arg max{log(p(y|X,0))} (21)

where the logarithmic term can be defined as follows:

1 -1 1 n
log(p(y|X,0)) = —3y" (K+01) y— 5 log|K+ 21| — 7 log 27 (22)
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Different optimization techniques, such as Bayesian optimization, evolutionary algo-
rithms, etc., can be used to address this nonlinear optimization problem.

3.4. Adaptive Neuro-Fuzzy Nference System (ANFIS)

The adaptive network-based fuzzy inference system (ANFIS) is one of the most
popular soft computing techniques originally introduced by Jang [29]. ANFIS merges the
knowledge representation of a fuzzy inference system (FIS) with artificial neural networks
(ANN) learning capabilities, consequently providing the advantages of both methods. As
depicted in Figure 2, the typical ANFIS architecture has five layers. For the purpose of
simplification, it is assumed that the FIS has two inputs (x and y) and one output (f).

Layer 1 Layer 4

Layer2 Layer3

X, ¥ X

Adaptive Fixed
node node

Figure 2. The architecture of ANFIS.

For a first-order Takagi-Sugeno fuzzy inference model, the rule base with two fuzzy
if-then rules is defined as follows:

Rulel: If xis A; and yis By thenzis f; = pix + 1y + 11

23
Rule2: If xis Ay and yis B, then zis fo = pox + qoy + 12 )

where A; and B; are the fuzzy sets that represent linguistic labels, and p;, g;, and r; are
design parameters that are determined through the training process.
The nodes and layers functions are described below.
Layer 1: this layer contains adaptive nodes, denoted by squares, with the node function
described as follows:
O} = pa,(x), i=1,2 (24)

Ol = up_,(y), i =34 (25)

where pu(x) and pu(y) represent the membership functions (MFs) of the corresponding
linguistic variable sets A; and B;.,, respectively. In general, several types of MFs can be
employed, such as triangular, trapezoidal, Gaussian, generalized bell-shaped, etc.

Layer 2: in this layer, every node is a fixed node, marked by a circle, and is used to
multiply the input signals to serve as an output signal:

Of = wi = pa, (N (y), i =1,2 (26)

Layer 3: the third layer also contains fixed nodes, with the node function to normalize
the firing strength from the previous layer as follows:

0} =w; =  ,1’:1,2 (27)

1
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Layer 4: in the fourth layer, every node is an adaptive node, with the node function
defined as
Of =wifi = wi(pix+qiy +1;), i =1,2 (28)

Layer 5: in this layer, there is only a single fixed node that carries out the summation
of all incoming signals. The output of this layer represents the overall output of the model
and is defined by

_ wifi .
o?:Ziwiﬂ:ZZ{u’f,zzl,z (29)
1

4. Evaluation Metrics

The performance of the ML models was analyzed and evaluated in terms of the
following measures: normalized mean absolute error (nMAE), mean absolute percentage
error (MAPE), normalized root mean square error (nRMSE), maximum absolute percentage
error (maxAPE), coefficient of determination (R?), and Willmott’s index of agreement (IA).
These statistical metrics are defined as follows:

1 n
7 L 10 — Py
nMAE= =L __ (30)
O
n . P.
MAPE = 100y~ [0; — Pi| (31)
n = O,’
i=1
maxAPE = max <100‘ |xl_yl|> (32)
1<i<n Xi
n
%;1(01‘ —P)?
nRMSE = & (33)
O
L 2
'gl(Ol - Pi)
R2=1— l; — (34)
Y (0:-0)
i=1
1(01 Pi)z
IA=1-———— — (35)
L ([P = 0| +[0; - 0l)

i=1
where 1 is the number of training patterns, O; and P; are the observed and predicted values
of the ith training pattern, respectively, and O is the observed mean value.

5. Machine Learning Models Development

In this part of the study, four ML models have been developed to predict SEC in
ball-end milling of Ti6-Al4-V alloy under MQL and cryogenic machining conditions. Each
model has three input parameters: cooling conditions, cutting speed, and feed per tooth,
whereas one output of the model is SEC. Firstly, the database is randomly divided into
two sets: a training data set and a testing data set. Thus, 28 data sets gathered from the
experiments, under both environments, have been selected for the purpose of training ML
models. Then, the remaining eight data sets have been employed for testing purposes
in order to verify the accuracy of the predicted values obtained by ML models. The
present study is based on a dataset of 36 samples, which, although small in size, is usual
for experimental studies involving SEC measurements. Collecting large datasets in this
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domain is very difficult because data collection is costly and time-consuming. In order to
ensure that this relatively small dataset does not compromise the reliability of the ML model
analysis, each measurement was performed under carefully controlled operating conditions,
resulting in high data fidelity and a favorable signal-to-noise ratio. Moreover, the dataset
covers the practical range of the machining variables, guaranteeing representative coverage
of the operating domain. In order to ensure reliable comparison of selected ML models
under small sample settings, 10 k-fold cross-validation was employed. This approach
partitions the dataset into ten subsets, and each fold was used nine times for training
and once for testing. In order to assess the stability of the model, the standard deviation
across folds was used to quantify variability. The low dispersion observed indicates stable
model performance and limited overfitting. This methodology was integrated into the
development of each ML model to maximize data utility and minimize predictive variance.
The use of compact model structures and regularization-based ML models, such as SVR,
GPR, and ANFIS, further supports stable learning under limited sample conditions.

First, from a set of experimentally obtained data, an MLR model was developed in
order to evaluate SEC as a function of machining parameters, such as cutting speed (v;),
and feed per tooth (f;) in MQL and cryogenic-assisted milling as follows:

SEC = 732.362 — 2.691 - v, — 2474417 - f; (36)

The analysis of variance (ANOVA) was employed to validate the significance of the
developed MLR model. Results of ANOVA revealed that the developed model is suitable,
irrespective of the machining condition (cryogenic or MQL).

For the SVR model, the type of kernel function, the kernel function parameter, the
cost function parameter (C), and the value of ¢ for the e-insensitive loss function are the
most influential factors, which have a major effect on the model’s performance. Numerous
techniques, including gradient-based optimization, genetic algorithm, grid search, etc.,
can be used for the process of fine-tuning the hyperparameters to enhance a model’s
performance. In the context of ML model hyperparameter optimization, among the various
hyperparameter optimization methods, in this study, the Bayesian optimization algorithm
was used. The SVR model was analyzed using various kernel functions, such as linear,
radial basis function (RBF), and polynomial, to determine the most suitable one. Then, the
model hyperparameters C, <y, and € were tuned using the Bayesian optimization algorithm
for all kernels. In order to maintain a compromise between computational feasibility and
hyperparameter space exploration, the number of iterations for Bayesian optimization
was set to 30. The SVR model’s quality was assessed using the cross-validated mean
squared error, ensuring generalization across the training dataset. The hyperparameters C,
7, and & were optimized over predefined ranges [10’2, 103], [10’3, 102], and [10’3, 10’1],
respectively. The optimal SVR model was identified as follows: RBF kernel: C =101, ¥ = 0.2,
and ¢ = 0.01.

The output performance of the GPR model is also highly dependent on the choice of
hyperparameters. For this purpose, the present study introduces a Bayesian optimization
for identifying the most significant hyperparameters of the GPR-based model, including
the kernel function, basis function, and initial value for the noise standard deviation. The
number of iterations for Bayesian optimization is set to 30, identical to the SVR model,
to ensure a fair comparison. Hyperparameter tuning for GPR models was based on the
cross-validation mean squared error computed on the training dataset. The hyperparameter
configuration that corresponds to the best GPR model was an exponential kernel function,
a constant basis function, and a sigma value of 0.01.

Finally, the first-order Takagi-Sugeno fuzzy ANFIS model was developed. The pro-
posed ANFIS model is a multi-input single-output model, with three input parameters:

https://doi.org/10.3390 /met16030266


https://doi.org/10.3390/met16030266

Metals 2026, 16, 266

13 of 18

cooling conditions, cutting speed, and feed per tooth, whereas one output of the model
is SEC. The MFs of cooling conditions within the ANFIS architecture were divided into
two areas, i.e., small (S) and large (L), while the MFs of cutting speed and feed per tooth
were divided into three areas, i.e., small (S), medium (M), and large (L). Different types
of MFs were used in training ANFIS to predict specific cutting energy, and the Gaussian
MF was selected as optimal. Furthermore, linear output MFs type were employed for
the ANFIS training process in this study. The number of maximum iterations and the
number of epochs were 30 and 10, respectively. The initial step was 0.01, and the step
size decreasing rate was 0.8, whereas 1.1 was the step size increasing rate, and 0 was
the error target assigned. ANFIS MFs were initialized using a data-driven partitioning
of the input space rather than random initialization. Finally, a steepest-descent method
(backpropagation for all parameters) and a hybrid method consisting of backpropagation
for the parameters associated with the input MFs and least squares estimation for the
parameters associated with the output MFs were used for updating the MF parameters of a
fuzzy inference system.

6. Results and Discussion

Prior to presenting the ML results, a main effect plot (Figure 3) was employed to
analyze how process parameters influence SEC. Moreover, from this plot, the optimal levels
of process parameters can also be determined. The graphical analysis indicates that feed
per tooth is the most influential factor on SEC, followed by cutting speed and the cooling
environment. The results demonstrate that SEC is primarily influenced by feed per tooth
and cutting speed, with SEC decreasing as these two parameters are increased. Addition-
ally, the results indicate that cooling environments have a marginal impact on SEC. Finally,
the results indicate that the combination of cryogenic cooling and the highest settings
for both feed per tooth and cutting speed yields the optimal process configuration. This
observation is attributable to the superior heat dissipation provided by cryogenic cooling,
which minimizes cutting forces and indirectly energy consumption. Simultaneously, in-
creasing the feed per tooth and cutting speed enhances the MRR, which shortens the overall
machining time.

Cooling Cutting speed, Feed per tooth,
environment v, (m/min) f, (mm/tooth)

300 \

280 \ \

\ \

240 &%\ \

220 b

200 \ \
180 © \

160 1 L1 1 L1 1 1
MQ Cryo70 90 1100.07 0.10 0.13

Specific energy consumption (kJ/cm®)

Figure 3. Main effects plot on SEC.

The subsequent paragraphs explore the training and testing results of four ML models,
including MLR, SVR, GPR, and ANFIS, to investigate their predictive abilities of SEC in the
milling of Ti-based superalloy under MQL and cryogenic environments. The comparison
was done across training and testing datasets using nMAE, MAPE, maxAPE, nRMSE,
R?, and IA as the performance measures. Table 3 and Figure 4 illustrate the prediction
results of the different ML models using various evaluation measures. According to our
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investigation, none of the assessed models show a statistically significant difference in
prediction performance between the cryogenic and MQL datasets.

Table 3. Analysis of different ML models using various evaluation metrics.

Statistical Metrics
Dataset Meth
atase ethod nMAE MAPE maxAPE nRMSE R? 1A

MLR 0.0571 6.1 19.6 0.0704 0.9519 0.9875
Trainin SVR 0.0113 11 53 0.0240 0.9960 0.9990
8 GPR 0.0112 11 3.0 0.0150 0.9978 0.9995
ANFIS 0.0111 11 3.0 0.0150 0.9978 0.9995
MLR 0.0729 7.8 18.7 0.0810 0.9254 0.9809
Testin SVR 0.0156 17 41 0.0210 0.9950 0.9987
8 GPR 0.0144 15 3.9 0.019 0.9956 0.9989
ANFIS 0.0144 15 3.9 0.0194 0.9957 0.9989

(C)]

0.08

4 0 4
Training dataset Testing dataset Training dataset Testing dataset Training dataset Testing dataset

0- 0
Training dataset Testing dataset Training dataset Testing dataset Training dataset Testing dataset

Figure 4. Performance results of explored ML models for test dataset.

The training phase. The results show that the proposed ANFIS model performs the
best in terms of NMAE. The values of nMAE of ANFIS, GPR, SVR, and MLR models are
0.0111, 0.0112, 0.0113, and 0.0571, respectively. The SVR, GPR, and ANFIS models yielded
identical values for MAPE (MAPE = 1.1), followed by MLR (MAPE = 6.1). Lowest maxAPE
values for the training dataset were obtained for the GPR and ANFIS models (maxAPE = 3),
followed by SVR (maxAPE = 5.3) and MLR (maxAPE = 19.6). In terms of nRMSE, the GPR
and ANFIS models revealed superiority (nRMSE = 0.0150) over SVR (nRMSE = 0.0240) and
MLR (nRMSE = 0.0704). Good agreement between the experimental and predicted results
for the GPR and ANFIS models was obtained (the coefficient of determination was 0.9978),
followed by the SVR and MLR, with coefficients of determination of 0.9960 and 0.9519,
respectively. Finally, the results of Willmott’s index of agreement (IA) revealed superior
performance for the GPR and ANFIS models (IA = 0.9995), followed by SVR (IA = 0.9990)
and the MLR model (IA = 0.9875).

The testing phase. The GPR and ANFIS models have achieved the best accuracy
with an nMAE value of 0.0144, followed by SVR (nMAE = 0.0156) and the MLR model
(nMAE = 0.0729). The GPR and ANFIS models once more surpassed the other models with
the lowest MAPE of 1.5 and maxAPE of 3.9. The SVR and MLR models had MAPE values
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of 1.7 and 7.8, respectively, and maxAPE values of 4.1 and 18.7, respectively. The ANFIS
model exhibited superior prediction performance in terms of nRMSE, followed by the GPR,
SVR, and MLR models. The nRMSE values for the ANFIS, GPR, SVR, and MLR models
were obtained as 0.0194, 0.0196, 0.0210, and 0.0810, respectively. The ANFIS model attained
the greatest R-squared value of 0.9957, indicating that the model has strong prediction
ability. It can be seen that the GPR and SVR models also had high R-squared values of
0.9956 and 0.9950, respectively, followed by the MLR model with an R-squared value of
0.9254. The GPR and ANFIS models both achieved the highest IA values of 0.9989, followed
by the SVR (IA = 0.9987) and MLR model (IA = 0.9809).

The SHAP (Shapley additive explanations) method was employed to quantify the
individual contribution of each input feature to the GPR model output. The SHAP analysis
results designate feed per tooth and cutting speed as the most significant contributors
to SEC (Figure 5). Contrary to this, the cooling environment demonstrates a marginal
impact. This ranking confirms that SEC in ball-end milling is primarily governed by
process parameters associated with chip formation and cutting mechanics, whereas the
cooling method has a limited effect on SEC within the investigated range.

High
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Figure 5. Feature importance ranking based on SHAP analysis.

According to the values of nMAE, MAPE, maxAPE, nRMSE, R?, and IA obtained
by each ML model in the training and testing phase, the prediction efficiency of models
increases in the order: ANFIS > GPR > SVR > MLR.

The improved performance of the ANFIS, GPR, and SVR models can be justified
primarily because SEC reveals notable nonlinear behavior and strong interactions between
machining parameters. MLR presumes a strictly linear relationship, which cannot cap-
ture these effects properly. On the other hand, ANFIS represents them through adaptive
fuzzy rules, GPR through flexible covariance kernels, and SVR through nonlinear kernel
mappings. In addition, because ANFIS, GPR, and SVR models incorporate built-in regular-
ization that improves the generalization ability of the model, they perform better under
small sample datasets, enhancing their adequacy for SEC prediction. Accordingly, the
nonlinear ML models are more compatible with the complex physical characteristics of
the ball-end milling process and provide more accurate predictions. Despite the aforemen-
tioned disadvantages, the MLR model retains advantages such as low computational cost
and high interpretability.

7. Conclusions

The present study demonstrates the effectiveness of four ML models, namely, multiple
linear regression (MLR), support vector regression (SVR), Gaussian process regression
(GPR), and adaptive network-based fuzzy inference system (ANFIS), in predicting specific
energy consumption (SEC) in the milling of Ti-Al6-4V alloy under sustainable cooling
conditions. The number of 28 data sets gathered from the experiments has been randomly
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selected for the purpose of training different ML models. The remaining eight data sets
have been employed for testing purposes in order to verify the accuracy of the predicted
values obtained by ML models. The prediction accuracy of each ML model was assessed
with statistical indicators such as normalized mean absolute error ("nMAE), mean absolute
percentage error (MAPE), normalized root mean square error (nRMSE), maximum absolute
percentage error (maxAPE), coefficient of determination (R?), and Willmott’s index of
agreement (IA).

It is possible to note that among the analyzed ML models for the training dataset,
ANFIS demonstrated the best predictive capability in all evaluation metrics. In addition,
the GPR model demonstrated a marginally elevated nMAE value of 0.0112, indicating
similar performance to ANFIS, yielding identical values for other evaluation indicators. It's
worth mentioning that the SVR model also performed well in all performance indicators,
validating a high degree of alignment between the experimental and predicted values of
SEC. The MLR model, on the other hand, had the poorest predictive outcomes.

A similar conclusion can be derived by comparing evaluation metrics for the test
dataset. The comparative analysis of all ML models in the research revealed that the ANFIS
model is optimal in terms of all performance metrics. The GPR model in the present
study showed very similar performance to the optimal ANFIS model. According to the
performance metrics, the GPR model demonstrated negligibly elevated values for two
metrics, namely, NRMSE and R?. Although the predictive performance of the SVR model is
slightly poorer compared to ANFIS and GPR, it still represents a very accurate predictive
model with excellent performance metrics. Finally, the MLR model exhibited the poorest
performance, not only in the training set but also in the testing set, indicating its limited
predictive capability.

Among the evaluated ML models, ANFIS, GPR, and SVR models exhibited superior
predictive capability because of their ability to capture nonlinear and interacting effects in
complex processes such as ball-end milling, even if they require hyperparameter tuning and
provide lower interpretability than the MLR model. The results confirm that the proposed
ML models successfully achieved the aim of accurately predicting SCE in ball-end milling
of Ti-6Al-4V, while providing interpretable insight into the dominant influence of feed
per tooth and cutting speed. The developed prediction models can be directly used as
decision-support tools in machining of difficult-to-cut materials operations to estimate
specific energy consumption under alternative cooling conditions. This approach supports
sustainable machining by minimizing trial-and-error testing, saving energy consumption,
and enabling informed parameter adjustments based on reliable model predictions.
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