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ABSTRACT
This study explores the application of machine learning algorithms—gene expression programming (GEP), adaptive neuro-fuzzy inference
system (ANFIS), and artificial neural networks (ANN)—to predict machining responses during the milling of Inconel 690, a superalloy known
for its exceptional mechanical properties and oxidation resistance. Machining Inconel 690 presents significant challenges due to its toughness
and work-hardening tendencies, which can lead to rapid tool wear and poor surface finish. Traditional optimization methods often rely on
empirical models and trial-and-error approaches, which are time-consuming and costly. In contrast, machine learning techniques can effec-
tively model complex, nonlinear relationships between machining parameters and performance outcomes, such as surface roughness, cutting
force, and cutting temperature. This study employs statistical metrics, including Root mean square error (RMSE), coefficient of determina-
tion (R2), and mean absolute percentage error (MAPE), to determine the predictive performance of the models. The results show that the
GEP model achieved an R2 ranging from 0.944 572 to 0.992 999, with an RMSE between 0.015 527% and 0.694 523% and a MAPE ranging
from 1.452 397% to 4.947 892%. ANFIS and ANN also demonstrated strong predictive capabilities, although GEP outperformed them. The
importance of this study lies in its demonstration of advanced AI techniques as effective tools for optimizing machining processes, ultimately
contributing to improved efficiency and quality in manufacturing superalloys.

© 2024 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivs 4.0 International (CC BY-NC-ND) license (https://creativecommons.org/licenses/by-nc-nd/4.0/). https://doi.org/10.1063/5.0235664
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I. INTRODUCTION

The rapid progress in manufacturing technologies has height-
ened the emphasis on enhancing the efficiency and quality of
machining processes, particularly for high-performance materials
such as superalloys. Superalloys, including Inconel 690, are exten-
sively utilized in aerospace, nuclear, and chemical industries due to
their exceptional mechanical properties, high oxidation resistance,
and ability to retain structural integrity at elevated temperatures.1–3

However, machining these materials poses significant challenges due
to their toughness, high strength, and tendency to work-harden,
leading to accelerated tool wear and suboptimal surface finishes.4–6

As a result, optimizing machining parameters for these materials
is crucial, as it can greatly influence production costs and prod-
uct quality. Traditional methods for optimizing machining pro-
cesses typically depend on empirical models and trial-and-error
approaches, which can be both time-consuming and costly. Fur-
thermore, these methods often fail to fully capture the intricate,
nonlinear interactions between machining parameters and result-
ing responses such as surface roughness, cutting force, and cut-
ting temperature. Recently, machine learning (ML) techniques have
emerged as a promising alternative for predicting and optimizing
machining performance. By utilizing large datasets and advanced
algorithms, ML models can identify complex data patterns and make
accurate predictions, thereby reducing the reliance on extensive
experimentation.7–11

Sahoo et al.12 employed three-dimensional surface plots and
developed models for surface roughness using response surface
methodology (RSM) and neural networks, focusing on the effects
of cutting speed, feed rate, and depth of cut during dry turning of
AISI 1040 steel. Their results indicated a strong correlation between
the predicted and experimental roughness values for both mod-
els. Similarly, Sahin and Motorcu13 explored surface quality during
hard turning with cubic boron nitride tools, determining that feed
rate was the most critical factor. Their RSM-based model proved
highly accurate in predicting surface roughness. In another study,
Singh and Rao14 analyzed the influence of tool geometry and cut-
ting parameters on surface roughness in the hard turning of AISI
52100 steel, using surface plots and RSM-based mathematical mod-
els. Marani Barzani et al.15 adopted a different approach by using
a fuzzy logic-based model to predict surface roughness during the
turning of casting alloys, achieving a prediction accuracy of 94.6%.
Chakala et al.16 investigated the predictive abilities of artificial neu-
ral networks (ANN) and adaptive neuro-fuzzy inference system
(ANFIS) models for wire electrical discharge machining (WEDM)
of NITINOL shape memory alloys (SMA), with a focus on material
removal rate (MRR) and surface roughness (SR). Kalyan et al.17

used RSM and ANN to model parameters for laser assisted turn-
ing of Inconel 718, finding that the ANN model offered superior
accuracy compared to RSM. Unune and Mali18 also compared ANN
and RSM models, concluding that ANN provided a more accurate
match with empirical data, especially in the context of electrical dis-
charge diamond grinding of Inconel 718 superalloy. Ranganathan
et al.19 assessed the machinability of hardened steel using both
coated carbide and ceramic inserts, noting that ANN was more pre-
cise in predicting surface roughness and cutting force compared to
other modeling techniques. Sen et al.20 investigated the machining

challenges of Inconel 690, characterized by low thermal conductiv-
ity and poor machinability, leading to high tool wear and machining
costs. This study introduces an AI-driven meta-model for accurately
predicting maximum flank wear, validated through experiments
with a TiAlN-coated solid carbide insert. The findings indicate that
the gene expression programming (GEP) model outperformed the
ANN model, offering valuable insights into predicting tool wear in
the metal-cutting industry.

Recent studies highlight the growing effectiveness of AI-based
predictive models, such as ANN, RSM, and ANFIS, as power-
ful tools for surrogate modeling in machining processes. ANN
has become particularly popular due to its ability to model com-
plex non-linear relationships. However, the performance of these
AI models largely depends on optimizing their architecture and
selecting suitable learning algorithms to address challenges such
as non-linearity and overfitting. Meanwhile, GEP, an evolution-
ary algorithm, has garnered attention for its ability to evolve
symbolic expressions that accurately represent intricate relation-
ships between input and output variables.21–23 This makes GEP a
promising option for modeling the complex dynamics of machin-
ing processes, although it remains less explored compared to ANN
and RSM. This study conducts a comprehensive comparison of
GEP, ANN, and ANFIS models to evaluate their effectiveness
in predicting machining responses for Inconel 690, a superalloy
widely used in high-performance industries. The primary goal is
to assess the models’ predictive accuracy, reliability, and general-
izability using statistical metrics such as root mean square error
(RMSE), the coefficient of determination (R2), and mean absolute
percentage error (MAPE). These metrics provide critical insights
into the models’ ability to generalize from training data, offering
the potential for real-world application in optimizing machining
processes. The research findings are expected to contribute sig-
nificantly to the application of machine learning in manufactur-
ing, particularly in machining difficult-to-machine materials like
superalloys.

II. EXPERIMENTAL INVESTIGATION
The experiment was carried out on a CNC-assisted 3-axis

milling machine, operating without any cutting fluid. The exper-
imental setup was organized based on the RSM methodology, as
presented in Tables I and II. Machining was conducted using an
uncoated solid carbide cutter under dry conditions, with consistent
parameters for cutting speed, feed rate, depth of cut, and width of
cut. The 29 samples used in the experiment each measured 60 mm

TABLE I. Experimental levels of the independent variables along with their
corresponding coding (dataset 1).

Factor
/level

Cutting
speed (m/min)

Feed
(mm/tooth)

Depth of
cut (mm)

Width of
cut (mm)

−1 100 0.1 0.5 0.2
0 120 0.15 0.75 1
1 140 0.2 1 1.8
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TABLE II. Experimental levels of the independent variables along with their
corresponding coding (dataset 2).

Factor
/level

Cutting speed
(m/min)

Feed
(mm/tooth)

Depth of
cut (mm)

Width of
cut (mm)

−1 80 0.05 0.25 0.1
0 100 0.1 0.5 0.9
1 120 0.15 0.75 1.7

in length and 40 mm in width. A detailed summary of the exper-
imental cutting conditions, including the cutting tool geometry, is
presented in Table III.

The samples were machined using a CNC milling machine,
crafted by MTAB Engineers Pvt. Ltd. This advanced milling appa-
ratus provided the necessary precision and control required for our
experimental procedures. The evaluation of surface roughness was
carried out using a sophisticated 3D profilometer, which operates
at a magnification of 20×. This high level of magnification allowed

for detailed surface analysis, ensuring accurate measurements. The
profilometer was set with a cutoff distance of ∼4.7 mm, a critical
parameter for obtaining reliable data on the surface texture of the
machined samples.

In addition, a crucial factor of interest was the cutting force
encountered along the direction of the tool’s movement. This was
precisely measured using a dynamometer, an instrument designed to
capture the force dynamics during the machining process. Accurate
force measurement is essential for understanding the interactions
between the cutting tool and the material, which, in turn, influ-
ences the overall machinability and performance outcomes. Finally,
for the measurement of cutting temperature, a specially developed
infrared (IR) camera was utilized. This cutting-edge device allowed
for non-contact, real-time temperature measurements, providing
crucial insights into the thermal effects experienced during the
machining process. The IR camera, with its high spatial and tem-
poral resolution, ensured accurate and continuous monitoring of
the cutting zone. Monitoring the cutting temperature is vital, as
excessive heat can adversely affect the material properties and tool
life. Figure 1 shows the schematic representation of the current
study.

TABLE III. Specifications of the experimental setup and tool design.

Machine tool Tool material Cutter length Cutter diameter Flutes Length of a flute Coolant

CNC milling Uncoated solid 7.5 cm 0.8 cm 4 2.5 cm Dry machining
machine carbide mill cutter condition

FIG. 1. Schematic diagram of the contemporary study.
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III. PREDICTIVE MODELING TECHNIQUES
A. GEP

GEP is an evolutionary algorithm introduced by Candida Fer-
reira in 2001.24 It integrates concepts from both genetic algorithms
and genetic programming. GEP aims to evolve computer programs
or models that can perform specific tasks or solve problems by mim-
icking the natural process of evolution.25–29 At its core, GEP operates
based on encoding solutions into linear chromosomes, which are
then evaluated and evolved through selection, crossover, and muta-
tion operations.30–32 These chromosomes are represented in a linear
form, but they can be decoded into complex expression trees, allow-
ing GEP to generate and optimize various types of models, such as
mathematical functions or symbolic expressions.33,34

The key features of GEP include its ability to handle both
numerical and symbolic data and its flexibility in evolving diverse
types of functions and models. The linear chromosomes in GEP are
composed of genes, each containing a set of instructions or func-
tions. These genes are assembled into a linear genome, which is
then translated into expression trees or mathematical expressions.
This approach allows GEP to efficiently explore and exploit the solu-
tion space by evolving solutions through a process of recombination
and mutation.35,36 GEP has several advantages, such as its ability to
represent complex solutions in a concise manner, its robustness in
handling noisy or incomplete data, and its versatility in generating
both analytical and empirical models. In addition, GEP’s capacity
to evolve models with minimal prior knowledge makes it a power-
ful tool in various problem-solving scenarios.37–39 Overall, GEP is
a potent evolutionary algorithm that leverages genetic principles to
evolve effective models and solutions, providing a valuable approach
for tackling complex and diverse problems in computational fields.
Figure 2 shows the steps involved in GEP.

B. ANFIS
ANFIS is a sophisticated intelligent system that integrates

neural networks with fuzzy logic to enhance the modeling of

intricate and nonlinear systems. It combines the adaptive learning
features of neural networks with the interpretative and reasoning
strengths of fuzzy logic, enabling it to effectively model ambigu-
ous or imprecise information through the use of fuzzy sets and
rules.40,41 Fuzzy inference systems utilize linguistic variables and
fuzzy rules to convert inputs into outputs, mimicking human rea-
soning. The neural network component of ANFIS plays a crucial
role in optimizing the fuzzy system’s parameters, using a learning
algorithm to adjust membership functions and the rule base based
on input–output data.42,43 ANFIS is generally organized into five
layers.

(a) Input Layer: receives input data and represents it in fuzzy terms
through membership functions.

(b) Rule Layer: applies fuzzy rules to inputs to determine firing
strengths.

(c) Normalization Layer: adjusts the firing strengths of the rules so
that their total equals one.

(d) Defuzzification Layer: combines the rule outputs to produce a
unified output.

(e) Output Layer: delivers the final output using defuzzification
methods.

Through its training mechanism, ANFIS modifies the para-
meters of membership functions and rules to reduce the error
between predicted and actual outputs. This flexibility allows ANFIS
to effectively manage complex system modeling tasks. By merging
the qualitative insights of fuzzy logic with the quantitative learning
capabilities of neural networks, ANFIS achieves a balance between
interpretability and precision in its modeling approach. A flow chart
of the ANFIS model is shown in Fig. 3.

C. ANN
ANNs are computational models inspired by the neural struc-

tures of the human brain. They consist of layers of interconnected
nodes, known as “neurons,” which perform fundamental calcula-
tions. Typically, an ANN includes an input layer, one or more

FIG. 2. Flow chart of the GEP algorithm.

AIP Advances 14, 105027 (2024); doi: 10.1063/5.0235664 14, 105027-4

© Author(s) 2024

 28 O
ctober 2024 08:34:22

https://pubs.aip.org/aip/adv


AIP Advances ARTICLE pubs.aip.org/aip/adv

FIG. 3. Diagram illustrating the ANFIS process.

hidden layers, and an output layer.44–46 The neurons in the input
layer receive and weigh incoming signals, which are then passed to
neurons in the hidden layers. These hidden neurons apply an acti-
vation function to the weighted sum of their inputs, generating an
output that is forwarded to subsequent layers. This iterative pro-
cess continues until the final result is produced by the output layer.
During the training phase, the network’s connection weights are
adjusted to minimize the difference between the predicted and actual
outcomes.47,48

Training an ANN typically involves the backpropagation
method. This approach calculates the prediction error and propa-
gates it backward through the network to update the weights using
optimization techniques, such as gradient descent. This process is
repeated until the network’s performance stabilizes and achieves a
satisfactory accuracy level. ANNs are highly adaptable and capable
of modeling complex, non-linear relationships between inputs and

FIG. 4. Flow chart of the utilized ANN for predicting machining responses.

outputs. They can handle various types of data and adjust to new
patterns by modifying their weights and biases. This adaptability
makes ANNs crucial in machine learning and artificial intelligence
for applications such as pattern recognition, classification, regres-
sion, and time-series forecasting.49 Figure 4 shows the process of
ANN modeling.

D. Performance assessment of predictive models
In examining a substantial body of research concerning the

application of AI models for mapping machining performance para-
meters in CNC milling, it has been observed that these AI models are
commonly evaluated using statistical metrics, such as the R2, RMSE,
and MAPE [Eqs. (1)–(3)]. RMSE and MAPE, in particular, quan-
tify the deviation between experimental and predicted values. These
deviations, known as residuals, are integral to assessing the accuracy
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of predictive models, making RMSE and MAPE essential tools for
comparing the predictive errors of different AI models,

R2 = 1 −
⎛
⎜⎜⎜
⎝

n
∑
i=1
(Ei − Pi)2

n
∑
i=1
(Pi)2

⎞
⎟⎟⎟
⎠

, (1)

RMSE =
¿
ÁÁÀ 1

n

n

∑
i=1
(Ei − Pi)2, (2)

MAPE = 1
n

n

∑
i=1
(Ei − Pi

Ei
) ∗ 100. (3)

In this context, “n” represents the total number of patterns within
the dataset, “E” denotes the output obtained from experiments, and
‘P’ refers to the value predicted by the model.

IV. RESULTS AND DISCUSSION
A. Statistical analysis of experimental data

This study utilized ANOVA50 to evaluate the influences of
various input parameters on machining performance. ANOVA,
chosen for its robustness, was conducted with a 95% confidence
level to ensure result reliability. The analysis employed Minitab
19, a sophisticated statistical software. Within the ANOVA frame-
work, Fisher’s F-test quantified the variance attributed to each
machining parameter and assessed their impact on performance
metrics. The F-value from this test indicates the strength of the
relationship between input parameters and performance outcomes,
with a larger F-value denoting a more significant effect. The
p-value associated with the F-test determined the statistical

TABLE IV. ANOVA for response parameters (dataset 1).

Source DOF Adj. SS Adj. MS F- value P-value

Surface roughness

Speed 1 0.000 075 0.000 075 4.330 0.056
Feed 1 0.007 351 0.007 351 425.86 0.002
Depth-of-cut 1 0.623 550 0.062 355 361.29 0.003
Width-of-cut 1 0.548 610 0.001 473 1.456 0.895

Cutting force

Speed 1 234 233.5 2.76 0.119
Feed 1 470.34 47 034.4 556.21 0.023
Depth-of-cut 1 550.16 55 015.7 650.59 0.001
Width-of-cut 1 68.463 68 463.4 1.62 0.756

Cutting temperature

Speed 1 28.830 28.8300 11.45 0.004
Feed 1 50.923 50.9232 20.22 0.001
Depth-of-cut 1 66.270 66.2700 26.32 0.001
Width-of-cut 1 14.520 14.5200 5.77 0.889

importance of the results. A p-value less than 0.05 directed statis-
tically significant effects, suggesting that the observed results were
unlikely due to chance. This approach ensured the identification
and confirmation of key parameters’ relevance with high statistical
confidence.

The ANOVA analysis for both dataset 1 and dataset 2 reveals
that machining parameters significantly affect surface roughness,
cutting force, and cutting temperature. In dataset 1 (Table IV),
surface roughness is notably influenced by feed and depth-of-cut,
with p-values of 0.002 and 0.003, respectively, while speed and
width-of-cut do not have a significant impact. For cutting force,
feed and depth-of-cut are the primary factors, with p-values of
0.023 and 0.001, respectively, whereas speed and width-of-cut do
not contribute significantly. Cutting temperature is affected by all
parameters except width-of-cut, with speed, feed, and depth-of-cut

TABLE V. ANOVA for response parameters (dataset 2).

Source DOF Adj. SS Adj. MS F- value P-value

Surface roughness

Speed 1 0.000 068 0.007 750 8.220 0.049
Feed 1 0.008 341 0.007 426 329.86 0.001
Depth-of-cut 1 0.524 557 0.012 587 301.29 0.001
Width-of-cut 1 0.448 519 0.075 690 0.896 0.792

Cutting force

Speed 1 247 337.50 3.221 0.108
Feed 1 430.37 7704.4 455.81 0.011
Depth-of-cut 1 570.89 45 005.1 790.51 0.001
Width-of-cut 1 62.773 6478.4 1.4087 0.874

Cutting temperature

Speed 1 30.756 17.756 19.75 0.003
Feed 1 70.759 80.4530 21.75 0.002
Depth-of-cut 1 86.753 66.4259 39.307 0.001
Width-of-cut 1 14.75 17.2560 4.728 0.228

FIG. 5. Example of a GEP expression tree.
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TABLE VI. Parameters for simulating the GEP model.

Parameter

Gene
recombination

rate
Mutation

rate
Number
of genes

One-point
recombination

rate
Number of

chromosomes
Inverse

rate
Linking
function

Two-point
recombination

rate Head size

Value 0.1 0.044 4, 5, 6 0.3 60, 70, 80 0.1 Addition 0.3 15, 20

having p-values of 0.004, 0.001, and 0.001, respectively. In dataset
2 (Table V), similar patterns emerge. Surface roughness is signif-
icantly influenced by speed, feed, and depth-of-cut, with p-values
of 0.049, 0.001, and 0.001, respectively, while width-of-cut remains
insignificant. Cutting force is also significantly affected by feed and
depth-of-cut, with p-values of 0.011 and 0.001, with speed and

width-of-cut not showing significant effects. Cutting temperature is
notably influenced by speed, feed, and depth-of-cut, with p-values
of 0.003, 0.002, and 0.001, respectively, while width-of-cut does
not show significant impact. Across both datasets, feed and depth-
of-cut consistently demonstrate a significant effect on all response
parameters.

FIG. 6. Comparison of GEP predicted data with the measured data (dataset 1).
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FIG. 7. Comparison of GEP predicted data with the measured data (dataset 2).

B. Results of GEP models
GEP consists of five essential elements: fitness function, stop-

ping criteria, terminal set, control parameters, and function set, all
of which are necessary for successful problem-solving. In this pro-
cess, characters are usually represented as linear strings of a fixed
length, referred to as genomes. These genomes are then converted
into non-linear forms known as expression trees, which can vary in
size and shape, as shown in Fig. 5.

In this research, the GEP model was developed using funda-
mental arithmetic operations alongside a variety of mathematical
functions. Increasing the population size led to extended iteration
periods, and the program continued running until improvements
in model performance became minimal. The parameters for the
GEP model simulation are presented in Table VI. For GEP to func-
tion effectively, the problem must be clearly defined. The algorithm
then autonomously seeks a solution through a problem-independent
approach. GEP includes a parse tree generator that converts the FIG. 8. Architecture of ANFIS.
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native Karva code of logic circuits into graphical representations or
expression trees, facilitating a more thorough understanding of their
Boolean structure. Figures 6 and 7 compare GEP-predicted data with
two experimental datasets, demonstrating the efficacy of the GEP
model.

C. Results of ANFIS models
As previously discussed, the ANFIS structural design com-

prises five distinct layers (Fig. 8), each executing a specific function
to facilitate signal propagation. This network structure includes
numerous nodes connected through direct links. In this study, the
ANFIS model was constructed within the MATLAB environment.
A dataset consisting of 29 data pairs was utilized, with 15 pairs

allocated for training and the remaining for validation purposes.
Data normalization was performed within a range of 0 to 1. For each
input variable, three different membership functions—trapezoidal,
triangular, and bell-shaped—were assessed, leading to a total of
34 rules for separate ANFIS models. The model’s output was
derived based on these parameters, and output errors were used
to refine the primary parameters through a standard backpropaga-
tion algorithm. Of the membership functions tested, the trapezoidal
function exhibited the highest predictive accuracy. The ANFIS
model demonstrated strong correlation metrics when predicting
the CNC milling machine’s output parameters, with the predicted
machining parameters showing commendable precision. A detailed
examination of Figs. 9 and 10 reveals a consistent and remark-
able agreement between the network-predicted values and the

FIG. 9. Comparison of ANFIS predicted data with the measured data (dataset 1).
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FIG. 10. Comparison of ANFIS predicted data with the measured data (dataset 2).

actual experimental observations throughout the entire series of
operations.

D. Results of ANN models
ANN modeling also incorporated 29 experimental data points.

The input parameters for the network included machining para-
meters. To achieve a precise and dependable model, machining
responses were estimated using a perceptron neural network. Data
normalization was applied to scale the data between 0.1 and 0.9.
This normalization is essential for the optimal performance of soft
computing techniques, addressing the considerable variations in the
mathematical values of the input data.

Different neural network architectures vary based on their
structure, functionality, and training methods. In this research, a
feedforward neural network was trained using the backpropagation
learning technique. The network’s effectiveness has been calculated
by measuring the discrepancy between the actual and predicted
results. Comprehensive details on the network’s topology and train-
ing parameters are shown in Fig. 11. The network was configured
with a hyperbolic tangent activation function and comprised two
hidden layers, with 10 and 5 nodes, respectively, to model the
machining process outcomes. The selection of nodes and layers was
optimized through iterative testing. Figures 12 and 13 show a com-
parison of the ANN’s predictions with experimental data, indicating
a close match between the predicted and actual results.
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FIG. 11. Architecture of the ANN model.

E. Comparative assessment of predictive models
Three machine learning techniques were employed to fore-

cast cutting force, surface roughness, and cutting temperature for
Inconel 690. To assess and contrast the effectiveness of these models,
performance metrics, such as MAPE, R2, and RMSE, were utilized.
Tables VII and VIII present the comparative results of the predictive
models for Inconel 690. The GEP model, when predicting sur-
face roughness against experimental data, achieved an R2 between
0.944 572 and 0.992 999, an RMSE between 0.015 527% and 0.694
523%, and a MAPE between 1.452 397% and 4.947 892%. In contrast,
the ANFIS model yielded an R2 from 0.941 697 to 0.988 996, with an
RMSE ranging from 0.039 470% to 0.867 622% and a MAPE from
3.541 297% to 7.456 275%. The ANN model produced an R2 between

FIG. 12. Comparison of ANN-predicted data with the measured data (dataset 1).
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FIG. 13. Comparison of ANN-predicted data with the measured data (dataset 2).

TABLE VII. Comparison between predictive models (dataset 1).

Parameter Cutting force (N) Surface roughness (μm) Cutting temperature (○C)

Model GEP ANFIS ANN GEP ANFIS ANN GEP ANFIS ANN

RMSE (%) 0.017 29 0.044 8 0.049 96 0.445 78 0.455 36 0.564 24 0.694 52 0.745 63 0.758 64
R2 0.990 79 0.989 0.955 63 0.980 28 0.977 75 0.965 78 0.954 53 0.946 54 0.944 86
MAPE (%) 1.814 44 4.684 09 4.875 46 1.979 75 3.879 65 4.587 46 4.235 79 7.456 28 6.998 55

TABLE VIII. Comparison between predictive models (dataset 2).

Parameter Cutting force (N) Surface roughness (μm) Cutting temperature (○C)

Model GEP ANFIS ANN GEP ANFIS ANN GEP ANFIS ANN

RMSE (%) 0.015 527 0.039 47 0.052 25 0.372 88 0.552 34 0.549 28 0.597 79 0.867 62 0.868 44
R2 0.992 999 0.978 8 0.954 74 0.987 25 0.967 75 0.957 74 0.944 57 0.941 7 0.931 45
MAPE (%) 1.774 587 4.777 57 5.245 88 1.452 4 3.541 3 4.745 61 4.947 89 6.421 48 7.745 2
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0.931 447 and 0.965 784, with an RMSE between 0.049 956% and
0.868 442% and a MAPE between 4.587 456% and 7.745 203%. These
findings reflect a close alignment between the actual and predicted
values across all models. Nevertheless, the GEP model outperforms
the others, as indicated by its superior R2, and lower RMSE and
MAPE values.

V. CONCLUSIONS
The conclusions of this study affirm the effectiveness and

precision of machine learning models—namely, GEP, ANFIS, and
ANN—in predicting machining responses during the milling of
Inconel 690. Through rigorous statistical evaluation, including met-
rics such as RMSE, the R2, and MAPE, the study has demonstrated
that all three models can accurately forecast critical machining per-
formance parameters, such as surface roughness, cutting force, and
cutting temperature. The GEP model, in particular, showed supe-
rior predictive capability, closely followed by ANFIS and ANN,
each offering unique strengths in handling nonlinear data and
complex relationships. These findings underscore the reliability of
these models in optimizing machining processes, paving the way
for more efficient manufacturing practices. The significance of this
study lies in its application of advanced AI techniques to a chal-
lenging industrial process, showcasing their potential to enhance
predictive accuracy and operational efficiency in machining super-
alloys. Future studies may investigate the potential for combining
these models with real-time monitoring systems, enabling dynamic
adjustments during machining to further improve outcomes. In
addition, expanding the scope of this study to include different
superalloys and cutting conditions could offer deeper insights into
the generalizability of these models across various manufacturing
environments.
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