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1  Introduction

In modern manufacturing, achieving high product qual-
ity, production efficiency, and environmental sustainability 
simultaneously has become a central challenge. Addressing 
this challenge requires the precise determination and opti-
mization of machining parameters. In particular, the optimi-
zation of cutting parameters in machining processes directly 
affects key performance indicators such as surface quality, 
tool life, and energy consumption [1]. Although optimiz-
ing energy consumption is critically important for environ-
mental sustainability and cost-effectiveness, evaluating this 
criterion in isolation is insufficient [2–5]. Considering it in 
conjunction with other indicators, such as surface quality, 
cutting forces, and dimensional tolerances, ensures more 
balanced and practically applicable decisions [6–9]. There-
fore, the integration of multi-sensor fusion systems—capa-
ble of holistically utilizing different types of data—with 
methods that enable the effective analysis of such data is 
essential [10].
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Abstract
In this study, a multi-objective optimization of AA7075-T6 machining performance was conducted using data from cut-
ting force, vibration, power consumption, and surface roughness. A hybrid Taguchi–GRA–CRITIC optimization model 
was employed to evaluate and optimize multiple performance criteria objectively. Additionally, the effects of vibration 
on surface integrity were examined through Power Spectral Density (PSD) and Short-Time Fourier Transform (STFT) 
analyses. The optimal machining parameters (350  m/min cutting speed, 3  mm radial depth of cut, and 0.32  mm/tooth 
feed rate) resulted in a 44.72% reduction in cutting force, 80.43% reduction in vibration amplitude, 20.41% reduction in 
power consumption, and 71.80% improvement in surface roughness compared to the baseline condition. Furthermore, the 
predictive accuracy of the optimized responses was experimentally validated with 99.603% consistency. Beyond optimi-
zation, time–frequency analysis of vibration signals (PSD and STFT) revealed that variations in mid-frequency vibration 
components directly influenced surface pattern formation, linking machining stability to surface integrity. Moreover, cor-
relation analysis demonstrated strong interdependencies among surface roughness, vibration, and cutting force, indicating 
that surface quality is predominantly governed by dynamic cutting behavior. Overall, the study presents a comprehensive 
framework that integrates multi-sensor feature extraction with hybrid decision-based optimization, providing both quantifi-
able performance enhancements and mechanistic insights into vibration-induced surface formation during milling.
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Multi-sensor fusion refers to an approach where data 
obtained from different types of sensors—such as force, 
vibration, or energy consumption sensors—are combined to 
represent the process more reliably and comprehensively. 
In cases where individual sensors provide limited insight, 
fusion techniques reveal causal relationships among data, 
reduce noise, improve system state estimation, and enable 
the simultaneous evaluation of multiple performance indi-
cators. Consequently, more consistent and generalizable 
results can be achieved in the optimization of manufactur-
ing processes [11–14].

Various studies in the literature have investigated the 
optimization of machining performance criteria [15–17]. 
For instance, in micro-milling, the effects of cutting speed 
and depth of cut on tool vibration and force transmissibil-
ity have been experimentally demonstrated; results indi-
cated that increasing these parameters enhances machining 
stability, thereby reducing vibration and transmitted forces 
[18]. Regarding surface quality and energy efficiency, it has 
been shown that higher cutting speeds and larger tool nose 
radii improve surface finish, while higher material removal 
rates (MRR) enhance energy efficiency [19]. Furthermore, 
models developed for predicting energy consumption have 
indicated that appropriate parameter selection can lead to 
significant energy savings of up to 52% [20].

In another study, the effects of different cooling and 
lubrication conditions on surface roughness, tool wear, 
cutting temperature, and energy consumption were inves-
tigated to enhance the machinability of hybrid compos-
ites (Cu-6Gr/SiC-WC). It was reported that the Minimum 
Quantity Lubrication (MQL) environment yielded the best 
surface quality, while cryogenic cooling reduced tool wear, 
cutting temperature, and energy consumption by 67%, 31%, 
and 14%, respectively [21].

Similarly, Yurtkuran and Günay [22] employed Taguchi-
based Grey Relational Analysis (GRA) optimization in the 
machining of high-alloy PH13-8Mo stainless steel, focus-
ing on the simultaneous optimization of cutting force and 
surface roughness. In their study, where machining param-
eters such as cutting speed, feed rate, and cooling condition 
were optimized, the average surface roughness (Ra) values 
improved by 20.98% under MQL conditions and 19.86% 
under cryogenic cooling. Although the present discussion 
primarily focuses on optimization studies related to milling 
operations, it is worth noting that these techniques have also 
been widely applied across various other manufacturing 
processes [23–26].

Previous studies have provided significant insights into 
the effects of machining parameters on performance out-
comes, contributing to a better understanding of process 
behavior. In this context, the relationships between cut-
ting parameters and performance variables, such as surface 

roughness, tool wear, cutting force, or energy consumption, 
have generally been quantitatively evaluated using statis-
tical methods, including Analysis of Variance (ANOVA). 
These analyses have offered fundamental knowledge for 
understanding machining mechanics and improving process 
stability.

Another critical aspect concerns the performance of the 
methods used for data analysis and optimization. Many 
studies in this field have proposed solutions to multi-crite-
ria optimization problems by addressing a range of hybrid 
approaches. For instance, Xi et al. [27] optimized machining 
parameters for milling titanium alloys, considering both tool 
wear and energy consumption to enhance overall process 
efficiency. Using a hybrid algorithm known as the Radial 
Basis Function Neural Network–Multi-Objective Particle 
Swarm Optimization (RBFNN-MOPSO), they achieved a 
2.65% reduction in energy consumption, a 21.44% increase 
in machining efficiency, and a 28.50% decrease in tool 
bending moment.

Similarly, Amor et al. [28] proposed a hybrid method 
combining GRA with the Snake Optimization algorithm to 
optimize the machinability of Nano TiO2 glass fiber com-
posites. Consequently, the Grey Relational Grade (GRG) 
value increased from 0.8929 to 0.9712, and the model dem-
onstrated high accuracy with an error rate of 8.06% com-
pared to experimental results. Nguyen et al. [29] employed 
integrated artificial intelligence algorithms to optimize 
cutting parameters during the milling of AISI 4140 steel, 
evaluating the NSGA-III algorithm in combination with 
the TOPSIS, CODAS, EDAS, and MABAC methods. The 
authors reported that the optimization results were consis-
tent and reliable.

Zhang et al. [30] examined the effects of machining 
parameters on energy consumption, vibration, and surface 
quality in helical surface milling. Through a multi-objective 
optimization process, they achieved a 13.37% reduction in 
energy consumption and a 6.26% improvement in surface 
quality. Wu et al. [31] developed a hybrid optimization 
model integrating deep learning, genetic algorithm (GA), 
and TOPSIS techniques for the milling process, achieving a 
15% improvement in both energy consumption and surface 
quality. Sredanovic et al. [32] analyzed the effects of depth 
of cut and feed per tooth on cutting force, surface rough-
ness, burr formation, and dimensional accuracy in Inconel 
718 micro-milling. Using a Taguchi–TOPSIS-based multi-
objective optimization approach, they reported a channel 
depth deviation of 0.41 μm, burr height of 6 μm, and surface 
roughness of 0.24 μm.

Li et al. [33] developed a signal monitoring system to 
predict surface roughness during the milling of N6 nickel 
metal by utilizing noise, vibration, and surface texture data. 
Based on factor relationships determined through GRA and 
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optimized using Particle Swarm Optimization (PSO), the 
Least Squares Support Vector Machine (LSSVM)-based 
model achieved a high reliability level with an accuracy of 
92.54% and an RMS error of 0.2431 μm.

Although hybrid optimization methods integrated with 
artificial intelligence (AI) algorithms have demonstrated 
promising results in improving machining performance, sev-
eral critical limitations restrict their industrial applicability. 
Primarily, effective and reliable training of such algorithms 
requires large and diverse datasets to ensure sufficient levels 
of generalizability and accuracy [34]. However, collecting 
such datasets in industrial machining environments is often 
costly and time-consuming. This challenge does not stem 
from a lack of data acquisition (DAQ) technologies but rather 
from the necessity of conducting numerous experimental 
repetitions, process interruptions, and extensive sensor cali-
bration procedures to obtain high-quality and well-labeled 
data under controlled conditions [35]. These requirements 
significantly increase both the time and resources needed 
during the model development stage, thereby limiting the 
practical feasibility of large-scale implementations.

In contrast, statistical and multi-criteria decision-making 
approaches such as the Taguchi method, GRA, and the Tech-
nique for Order Preference by Similarity to Ideal Solution 
(TOPSIS) can deliver reliable optimization outcomes with 
a significantly smaller number of experiments. Thus, they 
represent more cost-effective and practical alternatives for 
industrial applications. Nevertheless, AI-based models are 
typically developed using datasets specific to tool–material 
combinations, requiring retraining and new DAQ for each 
new configuration. This repetitive process leads to addi-
tional resource consumption during the modeling phase.

Moreover, a considerable portion of the existing litera-
ture addresses performance indicators either individually or 
through limited combinations (e.g., cutting force–surface 
roughness or cutting force–tool wear) [36]. Such a narrow 
analytical focus restricts the holistic assessment of dynamic 
interactions occurring under real manufacturing conditions 
and limits the generalizability of the reported findings [37–
39]. The limited data scope also hinders causal analyses of 
complex process interactions and prevents systematic dis-
cussions of results within the broader context of the litera-
ture [40]. Consequently, there remains a need for systematic 
approaches that can comprehensively evaluate the relation-
ships between multidimensional process variables and per-
formance outputs [41].

In this context, the primary objective of this study is 
to achieve a multidimensional evaluation and optimiza-
tion of machining performance through the integration of 
a multi-sensor fusion approach with multi-criteria deci-
sion-making methods. In the proposed methodology, mul-
tiple performance indicators—including cutting forces, 

vibration, power consumption, and surface roughness—are 
holistically analyzed through sensor-based data fusion. To 
obtain reliable results with a minimal number of experi-
ments, the Taguchi design of experiments was implemented. 
Simultaneously, the GRA method was employed to evaluate 
the performance criteria concurrently.

The GRA method is a statistical approach that enables 
the simultaneous optimization of multiple performance 
responses by aggregating them into a single composite 
performance index, known as the GRG. In this study, each 
performance response was first normalized using Taguchi 
signal-to-noise (S/N) ratios, after which the GRA method 
was applied to combine them into a unified performance 
value. This approach allowed the simultaneous assessment 
of multiple criteria and facilitated the holistic evaluation of 
overall machining performance based on a single represen-
tative metric.

To objectively determine the relative importance of the 
criteria, the CRITIC (Criteria Importance Through Intercri-
teria Correlation) weighting technique was integrated into 
the GRA framework. The CRITIC method is an objective 
weighting approach that evaluates the significance of each 
criterion by considering both its variability (variance) and 
inter-criterion correlations. By analyzing the information 
content and interdependencies among criteria, the CRITIC 
method provides a data-driven weighting scheme that does 
not rely on subjective expert judgments. Consequently, the 
relative importance of performance indicators was assessed 
on a consistent and mathematically rigorous basis.

The machining parameters were optimized using the 
obtained GRG, and the identified optimal conditions were 
validated through confirmation experiments. Furthermore, 
ANOVA was employed to statistically evaluate the effects 
of control factors on each performance response. Concur-
rently, correlation analysis was conducted to determine the 
interrelationships among response variables.

Additionally, the time-dependent frequency components 
of vibration signals were analyzed using the Short-Time 
Fourier Transform (STFT) method. This analysis revealed 
the temporal evolution of vibration behavior under differ-
ent cutting conditions, and the resulting time–frequency 
distributions were compared with the microscopic sur-
face texture of machined parts. In this way, the influence 
of vibration frequency components on surface topography 
was examined in detail. Moreover, PSD analysis was per-
formed to quantitatively assess the differences in vibration 
energy between optimal and non-optimal machining condi-
tions. Three-dimensional optical profilometry was used for 
surface roughness measurements, supported by microscopic 
imaging to investigate surface morphology.

This comprehensive analysis elucidates the micro-scale 
reflections of vibration-induced dynamic effects on surface 
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acquired at a 100 kHz sampling rate using a YMC162A50–
IEPE accelerometer attached to the workpiece (Fig. 1b) and 
connected to a YMC9004 DAQ system (Fig.  1c). During 
the cutting process, power consumption was monitored in 
real-time via sensors integrated into the CNC machine. The 
peak power consumption (kW) for each experiment was 
recorded (Fig. 1c and d). Surface roughness measurements 
were performed using a Profilm 3D optical profilometer to 
analyze the surface topography. A schematic illustration of 
the experimental setup is presented in Fig. 1.

2.2  Data collection and analysis procedure

Multi-sensor fusion (or sensor data fusion) involves com-
bining data from multiple heterogeneous sensors to generate 
information that is more accurate, reliable, and comprehen-
sive than what is obtainable from a single source. The pri-
mary objective of this approach is to overcome the limited 
perspective of individual measurements and to interpret 
complex physical phenomena from a multidimensional 
standpoint.

In the context of this study, multi-sensor fusion involves 
integrating heterogeneous data—specifically, cutting force, 
vibration, power consumption, and surface roughness—at 
both the feature and response levels to facilitate a com-
prehensive evaluation of machining performance. Spe-
cifically, signals were processed using appropriate analysis 
techniques to extract the following features for evaluation: 
average cutting force, average power consumption, vibra-
tion PSD values, and surface roughness (Sa) obtained via 
optical profilometry. These extracted features were then 
normalized, combined, and analyzed through a unified 
multi-criteria optimization framework (Taguchi–GRA–
CRITIC). Consequently, rather than performing low-level 
signal fusion, the proposed approach implements a feature-
level and decision-level fusion strategy, correlating multiple 
sensor-based performance indicators within a single optimi-
zation framework to achieve an integrated assessment of the 
machining process.

The weighting factors for each response were determined 
using the CRITIC method, which objectively evaluates 
the importance of each criterion by considering both the 
standard deviation (contrast intensity) and the correlation 
between response variables [43]. This ensures that highly 
informative and independent criteria receive higher weights 
during the GRA computation.

The multi-response optimization process was executed 
in several sequential stages: determination of experimental 

quality through both frequency-domain (PSD/STFT) and 
morphological assessments, representing a distinctive con-
tribution of this study.

In summary, this holistic methodological approach is 
based on the integration of multi-sensor data fusion with 
statistical and multi-criteria decision-making (MCDM) 
techniques. The study proposes a practical framework that 
enables the objective optimization of multiple performance 
criteria using a limited number of experiments, thereby con-
tributing to the improvement of manufacturing processes 
in terms of energy efficiency, surface quality, and process 
stability. In this regard, the research aims to address the 
existing gap in the literature concerning data-driven, multi-
criteria, and holistic analyses of machining performance.

2  Materials and methods

In this study, the edge milling of AA7075-T6 alloy was 
experimentally investigated to analyze the effects of differ-
ent cutting parameters on multiple performance indicators, 
such as cutting force, vibration, power consumption, and 
surface roughness. The experimental trials were designed 
using the Taguchi L9 orthogonal array, which aims to maxi-
mize information extraction with a minimum number of 
experiments. Rather than directly testing factor interactions, 
the Taguchi method identifies optimal parameters through 
S/N ratio analysis to minimize process variability. Com-
pared to full factorial designs, this method provides reliable 
results with fewer experimental runs and enables a system-
atic evaluation of machining conditions, thereby enhancing 
overall process performance [42]. During the experiments, 
force, vibration, and power consumption data were recorded 
using DAQ systems, and the collected signals were analyzed 
through signal processing and statistical methods. For the 
experimental study, the AA7075-T6 material was character-
ized using X-ray fluorescence (XRF) and hardness testing, 
and the results are presented in Table 1.

2.1  Experimental setup

Milling experiments were conducted using a HAAS VF-2SS 
5-axis CNC machine. A 10  mm diameter, two-flute tung-
sten carbide end mill with a 30° helix angle was employed 
to machine the AA7075-T6 aluminum alloy workpiece 
(Fig. 1a). Cutting forces were measured at a sampling fre-
quency of 5 kHz using a Kistler 9123 C rotary dynamometer 
mounted on the spindle (Fig.  1b). Vibration signals were 

Table 1  The chemical composition and hardness values of AA7075-T6
Element % Al % Zn % Cu % Cr % Ti % Fe % Mn % Zr % Ni % other

92.432 5.481 1.534 0.169 0.144 0.112 0.037 0.035 0.016 0.04
Hardness: 177 Brinell
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domain. By dividing the signal into short time intervals and 
applying the Fourier transform to each window, this method 
enabled a detailed examination of time-varying frequency 
components. The PSD of the vibration signals was selected 
as a response variable to evaluate the effects of vibration, 
and the vibration energy for each experiment was calculated 
using the STFT method. Surface roughness was assessed 
using the arithmetic mean height (Sa) values obtained via 
optical profilometry. As the Sa parameter captures the three-
dimensional texture of the surface, it allows for a com-
prehensive evaluation of surface quality. Finally, power 
consumption was continuously monitored during the cutting 
process via sensors integrated into the CNC machine, and 
the peak power consumption (kW) was recorded for each 
experiment. This approach enabled the identification of the 
effects of cutting parameters on power usage and supported 
the optimization of process efficiency.

parameters and data collection, calculation of S/N ratios, 
determination of Grey Relational Coefficients (GRC) and 
CRITIC weights, computation of the GRG, identification of 
optimal parameters through ANOVA, and final validation 
of the optimal parameter combination. The procedural steps 
followed in this multi-response optimization approach are 
illustrated in Fig. 2.

The effects of control factors on each response variable 
were evaluated based on S/N ratios. The cutting forces mea-
sured by the dynamometer were analyzed using the resultant 
force (Fn), which was calculated based on the tangential (Ft) 
and radial (Fr) force components. This approach enabled a 
comprehensive evaluation of the total force acting on the 
material during the cutting process. The representation and 
numerical values of the forces acting on the tool during 
machining are illustrated in Fig. 3.

The STFT method was employed to analyze the vibration 
frequencies occurring during the cutting process in the time 

Fig. 1  Schematic and real view of the experimental setup. a Cutting tool geometry, b schematic representation of the experimental setup, c signal 
acquisition and data logging system, d data collection and visualization
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Step 1: The S/N ratios are calculated based on the desired 
quality characteristic. When the goal is to maximize the 
response, the Larger-the-Better (LTB) characteristic is 
applied; conversely, when minimization is desired, the 
Smaller-the-Better (STB) characteristic is used. In cases 
where the response values aim to target a specific value, the 
Nominal-the-Best (NTB) characteristic is employed, which 
considers the mean (µ) and standard deviation (σ) of the 
measurements. The formulations for STB, LTB, and NTB 
cases are provided in Eqs. 1, 2, and 3, respectively.

SNRij = −10log10

(
1
ns

ns∑
r=1

y2
ijr

)
� (1)

SNRij = −10log10

(
1
ns

ns∑
r=1

1
y2

ijr

)
� (2)

2.3  Experimental design

Experiments were conducted according to the L9 orthogonal 
array, with each trial repeated three times to enhance mea-
surement reliability, minimize systematic errors, and estab-
lish a robust dataset for statistical analysis. This approach 
enabled a comprehensive evaluation of the effects of cutting 
parameters on the machining process, facilitating the deter-
mination of optimal operating conditions. The control fac-
tors and their corresponding levels employed in this study 
are presented in Table 2.

2.4  Hybrid Taguchi-GRA-CRITIC method based on 
signal-to-noise ratio

In this study, a hybrid approach combining GRA [44] 
based on Taguchi S/N ratios and the CRITIC method was 
employed to optimize machining parameters with respect to 
multiple response variables.

Fig. 2  Process steps of multi-response optimization
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Step 3: A decision matrix composed of alternatives (Ai) 
and criteria (Ci) is constructed, as shown in Eq. 6. Each ele-
ment of the matrix (xij) represents the value of the ith alterna-
tive with respect to the jth criterion.

X =
[
x′

ij

]
mxn

=




x′
11 x′

12
x′

21 x′
22

· · · x′
1n

· · · x′
2n

...
...

x′
m1 x′

m2

. . .
...

· · · x′
mn


� (6)

where m represents the number of alternatives, and n 
denotes the number of criteria.

Step 4: Following normalization via Eq. 7, the variance 
of each criterion ( σ j), representing the degree of variability 
and the information content within that criterion, is calcu-
lated using Eq. 8 for the normalized decision matrix.

x′
ij =

x′
ij − x′

j (worst)

x′
j (best) − x′

j (worst)
� (7)

σj =

√√√√ 1
m

m∑
i=1

(
x′

ij − x′
j

)2
� (8)

Step 5: The interdependence among the criteria is deter-
mined using the correlation matrix provided in Eq. 9.

SNRij = 10log10

(
µ2

ij

σ2
ij

)
� (3)

where ns is the number of repetitions, µ ij  is the mean, and 
σ ij  is the standard deviation.

Step 2: The calculated S/N ratios are normalized using 
the equations provided in Eqs. 4 and 5, depending on the 
type of quality characteristic.

S/N ratio for Larger-the-Better quality characteristics:

xij = SNRij − miniSNRij

maxiSNRij − miniSNRij
� (4)

S/N ratio for Smaller-the-Better quality characteristics:

xij = maxiSNRij − SNRij

maxiSNRij − miniSNRij
� (5)

Result: X = [xij ] (All responses are aligned in the same 
direction and within the range [0,1])

Table 2  Experimental test factors and levels
Factors Symbol Level 1 Level 2 Level 3
Cutting speed, Vc (m/min) A 300 350 400
Radial depth, ae (mm) B 1 2 3
Feed rate, fz (mm/tooth) C 0.27 0.295 0.32

Fig. 3  Forces generated during cutting: a time-domain representation of the cutting force components (Fr, Ft, Fn), b schematic representation of 
cutting forces acting on the tool and workpiece
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q∗ = maxj (AGV ij)� (16)

Step 11: The effects of control variables on the response out-
puts are determined using ANOVA. ANOVA is a statistical 
technique used to evaluate whether the differences between 
group means are statistically significant [45]. In multi-
response systems, ANOVA is applied to determine the influ-
ence of various control factors on the measured response 
variables. This analysis identifies significant factors by 
evaluating the individual and interactive effects of control 
variables. The results are interpreted based on p-values, 
which indicate the statistical significance of each factor, and 
F-values, which represent the proportion of total variation 
explained by each factor.

Step 12: Finally, the predicted optimal values are experi-
mentally validated.

3  Results and discussion

In this study, the effects of machining parameters—cutting 
speed (Vc, m/min), feed rate (fz, mm/tooth), and radial depth 
of cut (ae, mm)—on machining performance were analyzed 
through experiments designed using the Taguchi L9 (33) 
orthogonal array. The experimental results were statisti-
cally evaluated based on S/N ratios, and a hybrid Taguchi–
CRITIC–GRA approach was employed for multi-response 
optimization. Specifically, the influence of control factors 
on cutting force, vibration, power consumption, and surface 
roughness was systematically investigated.

3.1  Evaluation of response values and control 
factor levels

The experimental results and their corresponding S/N ratios, 
derived from the Taguchi L9 orthogonal array, are summa-
rized in Table 3. Four primary performance indicators—cut-
ting force, vibration (PSD), power consumption, and surface 
roughness (Sa)—were analyzed to evaluate the influence of 
machining parameters on overall process behavior.

Given that the objective was to minimize these responses 
to enhance machining performance, each response variable 
was transformed into an S/N ratio based on the Smaller-the-
Better (STB) criterion. Subsequently, these S/N ratios were 
utilized to identify the optimal levels of the control factors. 
The main effects plot, illustrating the mean S/N ratios for 
each factor level, is presented in Fig. 4.

3.1.1  Optimal parameters for cutting force (A2B3C3)

High cutting speeds generally increase temperatures in the 
cutting zone, potentially accelerating tool wear [46–48]. 

rjk =

∑m
i=1

(
x′

ij − x′
j

) (
x′

ik − x′
k

)

∑m
i=1

(
x′

ij − x′
j

)2 ∑m
i=1

(
x′

ij − x′
j

)2 � (9)

where rjk is the correlation coefficient between criteria j and 
k.

Step 6: The calculation of the contrast measure (Cj), 
which accounts for both the standard deviation and the inde-
pendence of each criterion, is calculated as shown in Eq. 10.

Cj = σj

n∑
k=1

(1 − |rjk|)� (10)

Step 7: The CRITIC weights for each quality criterion are 
computed using Eq. 11.

ω j = Cj∑ n
k=1Ck

� (11)

where ω j  is the CRITIC weight of the j-th criterion.
Step 8: The GRC for the normalized S/N ratios are calcu-

lated using Eq. 12:

γ (xoj , xij) = ∆min + ξ∆max

∆ij + ξ∆max
, (i = 1, 2, . . . , m; j = 1, 2, . . . , n)� (12)

In this context, i represents the experiment number and j 
denotes the response number corresponding to that experi-
ment. Δmin and Δmax are defined as shown in Eq. 13:

∆min = min
∀j∈i

min
∀k

xoj − xij ,

∆max = max
∀j∈i

max
∀k

xoj − xij
� (13)

	● γ (yoj , yij) is the GRC between xij  and x0j .
	● A distinguishing coefficient of ξ = 0.5 is used.

Step 9: The GRG values are calculated using Eq. 14.

GRGi =
n∑

j=1
ωj · γ (yoj , yij) , (i = 1, 2, . . . , m)� (14)

Step 10: The GRG values are analyzed to determine the 
optimal levels. A higher GRG value indicates better out-
put quality. Through this method, the optimal levels of the 
controllable factors can be identified using the Following 
Eqs. 15 and 16.

Ei = max(AGV ij) − min(AGV ij)� (15)
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[52–54]. According to the ANOVA results in Table 11, the 
feed rate (C) exhibits the most significant influence on the 
S/N ratios of the cutting force.

While the influence of radial depth of cut on cutting 
forces is well-documented in the literature [55, 56], the 
ANOVA results in Table 11 indicated no statistically sig-
nificant effect in this study. This outcome may be attributed 
to the selection of closely spaced radial depth levels or the 
dominance of other parameters. Future studies employing a 
wider range of depth levels may elucidate this effect more 
clearly.

Consequently, based on the S/N ratio analysis, the opti-
mal parameter combination for minimizing cutting force 
was identified as A2B3C3. This corresponds to a cutting 
speed of 350 m/min, a radial depth of cut of 3 mm, and a 
feed rate of 0.32 mm/tooth.

However, for aluminum alloys such as AA7075-T6, which 
possess high thermal conductivity, a significant portion of 
the generated heat is dissipated through chip evacuation, 
thereby mitigating this effect. Moreover, elevated tempera-
tures in the cutting zone may reduce friction between the 
material and the tool, helping to control adhesion tenden-
cies. In contrast, material deformation becomes more dif-
ficult at low cutting speeds, which can lead to increased 
cutting forces. In this context, moderate cutting speeds offer 
a more balanced performance in terms of both tool life and 
machining stability. Similar findings in the literature indi-
cate that intermediate cutting speeds effectively reduce cut-
ting forces and facilitate optimal machining conditions [49, 
50].

Although an increase in feed rate is typically expected 
to raise cutting forces due to larger chip volume [51], a 
counter-phenomenon was considered in this context. At 
higher feed rates, the uncut chip thickness in helical cut-
ting tools decreases, and the chip load carried by each tooth 
is reduced. This phenomenon is considered a significant 
mechanism contributing to the reduction of cutting forces 

Table 3  Experimental design, the responses and S/N ratio
Runs Factors Responses S/N ratio

A B C Force PSD kW Sa Force PSD kW Sa
1 1 1 1 1307.5 0.0516 4.9 2.773 -62.329 25.747 -13.804 -8.859
2 1 2 2 961.5 0.0226 5.2 1.571 -59.659 32.918 -14.320 -3.924
3 1 3 3 769.61 0.0091 4.5 0.810 -57.725 40.819 -13.064 1.829
4 2 1 2 983.99 0.0417 4.4 1.727 -59.860 27.597 -12.869 -4.746
5 2 2 3 681.72 0.0138 3.6 1.082 -56.672 37.202 -11.126 -0.685
6 2 3 1 1104.84 0.0417 5.2 2.196 -60.866 27.597 -14.320 -6.833
7 3 1 3 915.92 0.0202 3.8 1.036 -59.237 33.893 -11.596 -0.307
8 3 2 1 1548.55 0.0535 5.2 2.972 -63.799 25.433 -14.320 -9.461
9 3 3 2 938.92 0.0359 4.2 1.902 -59.453 28.898 -12.465 -5.584

Fig. 4  Best levels of the control 
factors by S/N ratios
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mechanisms explain the observed reduction in vibration at 
higher radial depths.

Consequently, the Taguchi analysis conducted in this 
study (Fig. 4) identified the optimal parameter combination 
for minimizing vibration levels as A1B3C3, corresponding 
to a low cutting speed (A), high radial depth of cut (B), and 
high feed rate (C).

3.1.3  Optimal parameters for power consumption 
(A2B1C3)

According to the ANOVA results presented in Table 13, the 
feed rate (C) accounted for the highest contribution (64.37%) 
to the variance in power consumption. However, the associ-
ated p-value for factor C was 0.195, indicating that it was 
not statistically significant (p > 0.05). The contributions of 
cutting speed (A) and radial depth of cut (B) were 15.49% 
and 4.56%, respectively; both factors exhibited minimal 
effects and failed to reach statistical significance (p > 0.05). 
Although the model’s total explanatory power appeared 
high (R2 = 84.41%), the relatively low adjusted coefficient 
of determination (Adj. R2 = 37.66%) suggested potential 
overfitting. This discrepancy implies that the selected fac-
tors in the reduced array did not meaningfully explain the 
process variability. Furthermore, the error term accounted 
for 15.59% of the variance, highlighting considerable unex-
plained variability. These findings suggested that the poten-
tial effect of the feed rate (C) required reassessment with a 
larger sample size. Consequently, to more accurately deter-
mine the parameters influencing power consumption, the 
experimental matrix was expanded to a full factorial design, 
and a new ANOVA was performed on the updated dataset 
(see Table 14 in Appendix A).

The ANOVA results derived from the full factorial design 
are presented in Table 15. According to these findings, the 
feed rate (C) was identified as the most influential parameter 
on power consumption, explaining 55.99% of the total vari-
ance. The associated p-value (0.000005) indicates a highly 
significant effect (p < 0.01). Additionally, cutting speed (A) 
contributed 18.13% to the variance and was also found 
to be statistically significant, with a p-value of 0.003060. 
In contrast, the radial depth of cut (B) accounted for only 
2.76% of the variance and was not statistically significant 
(p = 0.323552). The validity of the model is supported by an 
R2 value of 76.88% and an adjusted R2 of 69.95%, demon-
strating that the model robustly explains power consump-
tion behavior. In this context, it can be concluded that feed 
rate and cutting speed should be prioritized in optimization 
studies regarding power consumption, whereas the effect of 
radial depth of cut appears to be negligible.

The results demonstrated that a moderate cutting speed 
combined with a high feed rate effectively reduces power 

3.1.2  Optimal parameters for vibration performance 
(A1B3C3)

Based on the experimental analyses, lower cutting speed 
(A) levels are recommended to achieve reduced vibration 
amplitudes. As the cutting speed increases, the intermittent 
loads generated during the cutting process become more 
pronounced, leading to greater fluctuations in cutting load. 
Furthermore, high-frequency spindle rotation can trigger 
structural resonance in the machine tool, thereby amplifying 
vibrations unrelated to the cutting mechanism itself. Conse-
quently, the combination of these effects elevates vibration 
levels at higher speeds [54]. Therefore, reducing the cutting 
speed results in lower vibration amplitudes, a finding that is 
consistent with the results of the present study.

According to the ANOVA results presented in Table 
12, the feed rate (C) has a statistically significant effect on 
vibration. To minimize vibration, the Taguchi analysis (Fig. 
4) indicates that the highest level of feed rate (C) is optimal; 
in other words, milling vibrations decrease as the feed rate 
increases. This phenomenon can be attributed to the fact 
that while a higher feed rate expands the cutting area and 
increases deformation resistance, it simultaneously broad-
ens the cutting width. This action reduces the coefficient of 
friction, improves chip flow, and decreases dynamic cutting 
forces [57]. Collectively, these mechanisms contribute to 
the damping of vibrations.

Regarding the depth of cut, conflicting trends exist in 
the literature. Some studies report that increasing the depth 
of cut tends to elevate vibration levels due to higher cut-
ting forces [54, 57]. However, other research suggests that 
vibration amplitudes may decrease at higher axial and 
radial depths. This perspective posits that when machining 
materials, localized heat generation in the cutting zone—
particularly in cases where heat is not immediately dissi-
pated—causes thermal softening of the workpiece surface. 
This softening reduces cutting resistance. Consequently, at 
higher axial or radial depths, the tool penetrates the mate-
rial more easily. Furthermore, the increased engagement 
between the tool and the workpiece surface enhances pro-
cess damping, leading to greater stability and lower vibra-
tion amplitudes.

Conversely, at lower depths of cut, the cutting tool 
interacts with the workpiece surface primarily through the 
tool edge radius rather than the cutting face. This leads to 
a “ploughing” or rubbing effect, which promotes vibra-
tion generation [18, 58]. The findings of the present study 
support this latter mechanism. In the context of aluminum 
alloys, material softening induced by cutting zone tem-
peratures produces a damping effect that further reduces 
vibrations at increased depths. Therefore, these combined 
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3.2  Grey relational analysis

Evaluating each response variable individually provides 
valuable insights into process performance; however, such 
an approach is insufficient for achieving comprehensive 
optimization based on a single unified criterion. In prac-
tice, performance variables such as cutting force, vibration, 
power consumption, and surface roughness may conflict 
with one another. For instance, a parameter combination 
that minimizes vibration may compromise surface quality, 
or conditions that reduce power consumption may lead to 
increased cutting forces. Therefore, a multi-response opti-
mization approach is required to determine the optimal 
machining conditions by simultaneously considering all 
response variables. In this context, a hybrid GRA–CRITIC 
method was employed to integrate all performance crite-
ria into a single optimal performance index, allowing for 
the identification of the best overall combination of cutting 
parameters. This method enabled a holistic evaluation that 
considers the relative importance of each response variable. 
The weighted GRG coefficients, obtained by accounting for 
the significance of each response, are presented in Table 4.

The highest average Grade value for each factor indicates 
the optimal level for that factor. The difference between the 
maximum and minimum values (max-min) serves as an 
indicator of the magnitude of each factor’s effect on sys-
tem performance. With a delta value of 6.537, Factor C 
exhibited the highest impact, identifying it as the defining 
variable in process optimization. The fact that the A2B3C3 
combination yielded the highest average values statistically 
confirms these levels as the optimal parameter settings. The 
average GRG values for Factors A, B, and C at different 
levels are listed in Table 17, while Fig. 5 presents the main 
effects plot for easier evaluation.

The ANOVA results allow for the statistical evalu-
ation of the factors’ effects on Grade values. Factor C 
contributed most significantly (91.93%) to the total vari-
ance, and its effect was found to be statistically significant 
(p = 0.043 < 0.05). Conversely, Factors A and B contributed 

consumption. Moreover, according to the Taguchi analysis 
in Fig. 4, the optimal parameter combination for minimiz-
ing power consumption was identified as A2B1C3. This 
finding is reinforced by the fact that lower cutting forces 
were achieved at the same parameter levels. In other words, 
the reduction in cutting forces directly contributed to the 
decrease in power consumption, and these two findings cor-
roborate each other. Thus, it is evident that cutting forces 
govern power consumption during the machining process.

3.1.4  Optimal parameters for surface roughness (A1B3C3)

According to the ANOVA results presented in Table 16, only 
the feed rate (C) exhibited a statistically significant effect 
(p = 0.025 < 0.05). With a contribution ratio of 92.77%, the 
feed rate (C) was identified as the dominant factor govern-
ing surface roughness. In contrast, the p-values for cutting 
speed (A) and radial depth of cut (B) were 0.457 and 0.527, 
respectively. As both values exceeded the 0.05 threshold, 
these factors were deemed statistically insignificant. The 
model demonstrated notably high explanatory power, with 
an R2 value of 97.66% and an adjusted R2 of 90.63%, indi-
cating that it captures a substantial proportion of the vari-
ability in surface roughness. The analysis confirmed that 
feed rate is the primary determinant of surface quality, 
revealing that higher feed rates resulted in reduced surface 
roughness values.

Notably, the results in Table 12 similarly identified the 
feed rate (C) as the most influential parameter affecting 
vibration. This consistency highlights a coherent relation-
ship between process dynamics and surface generation: the 
suppression of vibrations at higher feed rates directly con-
tributes to improved surface quality. This correlation rein-
forces the validity of the findings presented in this study.

Consequently, based on the Taguchi analysis results 
shown in Fig. 4, the parameter combination A1B3C3 is rec-
ommended as the optimal setting for achieving the lowest 
surface roughness.

Table 4  GRA-CRITIC analysis results
Runs Deviation sequence CRITIC-GRC coefficient GRA grade Rank

Force PSD kW Sa Force PSD kW Sa GRG S/N
1 0.794 0.980 0.838 0.947 0.055 0.080 0.168 0.060 0.091 -20.864 8
2 0.419 0.514 1.000 0.510 0.077 0.117 0.150 0.086 0.107 -19.392 6
3 0.148 0.000 0.607 0.000 0.109 0.236 0.203 0.173 0.180 -14.874 2
4 0.447 0.859 0.546 0.582 0.075 0.087 0.215 0.080 0.114 -18.857 5
5 0.000 0.235 0.000 0.223 0.141 0.161 0.449 0.120 0.218 -13.242 1
6 0.588 0.859 1.000 0.767 0.065 0.087 0.150 0.068 0.092 -20.679 7
7 0.360 0.450 0.147 0.189 0.082 0.124 0.347 0.126 0.170 -15.401 3
8 1.000 1.000 1.000 1.000 0.047 0.079 0.150 0.058 0.083 -21.584 9
9 0.390 0.775 0.419 0.657 0.079 0.093 0.244 0.075 0.123 -18.216 4
Weight of responses: Force = 0.141210, PSD = 0.236490, kW = 0.448843 and Sa = 0.173457
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not lead to notable variations, whereas Factor B shows only 
a slight increasing tendency. The pronounced linear increase 
of GRA with respect to Factor C further reinforces that C 
is the most influential parameter on system performance. 
Moreover, the regular and linear trends observed in the sur-
face plots indicate that the developed regression models are 
in good agreement with the experimental data. These consis-
tent results across different analyses validate the critical role 
of Factor C in enhancing the GRA performance criterion.

3.2.1  Prediction of optimum value and validation test

A validation test was conducted to evaluate the performance 
of the optimal control parameters determined through the 
Taguchi–GRA–CRITIC hybrid method. While the GRG 
value predicted for the proposed A2B3C3 levels was 0.2008, 
the value measured in the experimental validation test was 

2.79% and 1.10%, respectively. As their p-values exceeded 
0.05, the effects of these factors were deemed statistically 
insignificant. The error rate was calculated as 4.18%, indi-
cating that the model possesses an acceptable level of accu-
racy. Consequently, it was determined that Factor C exerts a 
substantial effect on Grade values, while the effects of Fac-
tors A and B are negligible. The results of the ANOVA are 
provided in Table 5.

The evaluation of the surface plots presented in Fig.  6 
is consistent with the statistical analyses performed in the 
previous sections. Both the Taguchi analysis and ANOVA 
results confirmed that Factor C has a statistically significant 
influence on GRA performance. In line with these findings, 
the surface plots demonstrate that the GRA value increases 
substantially with the rise of Factor C across both interac-
tion surfaces. In contrast, Factors A and B exhibit relatively 
limited effects on the GRA value. Changes in Factor A do 

Table 5  ANOVA summary table for CRITIC-GRG
Source DF Seq SS Contribution Adj SS Adj MS F-value P-value
A 2 0.000496 2.79% 0.000496 0.000248 0.67 0.6
B 2 0.000196 1.10% 0.000196 0.000098 0.26 0.791
C 2 0.016348 91.93% 0.016348 0.008174 22 0.043
Error 2 0.000743 4.18% 0.000743 0.000372
Total 8 0.017783 100.00%

Fig. 6  3D response surface plots 
showing the effect of control fac-
tors on the S/N ratio: a S/N ratio 
versus cutting speed (A) and radial 
depth of cut (B), b S/N ratio versus 
radial depth of cut (B) and feed 
rate (C)

 

Fig. 5  Average GRG coefficients 
for each control factor level
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3.3  Surface topography

An examination of the surface roughness values presented 
in Table  7 facilitates a comparison between the surface 
morphologies of the A2B2C3 experiment (Fig. 7a), which 
exhibited the highest Grade value within the L9 experimen-
tal matrix, and the A3B2C1 experiment (Fig.  7b), which 
yielded the lowest Grade value. The sample machined using 
the A3B2C1 parameters, corresponding to the poorest sur-
face finish, exhibited pronounced waviness and significant 
surface irregularities (Sa = 2.972 μm). In contrast, the exper-
iment conducted under the optimal parameters (A2B3C3) 
demonstrated substantial improvement in surface smooth-
ness, achieving the lowest surface roughness value (Fig. 7d; 
Sa = 0.782  μm). For the sample processed with the initial 
cutting parameters (A1B1C1), the Sa value was measured 
as 2.773 μm (Fig. 7c). Compared to the baseline conditions, 
the surface quality achieved under the optimal parameters 
represented a 71.80% improvement. These results indicate 
that cutting parameters directly govern surface quality and 
confirm that the proposed Taguchi–GRA–CRITIC optimi-
zation approach is effective in enhancing surface finish. The 
surface topographies of the samples machined under differ-
ent cutting parameters are presented in Fig. 7.

0.2016, corresponding to a prediction accuracy of 99.6031%. 
By applying the optimal parameters, a 122.7624% increase 
in the GRG value was achieved compared to the initial 
parameter settings (A1B1C1; GRG: 0.0905).

These findings validate the accuracy of the proposed 
hybrid optimization method and confirm that the optimal 
parameters significantly improve the machining perfor-
mance indicators, including vibration (PSD), power con-
sumption, surface roughness (Sa), and cutting force. Table 6 
compares the results of the validation test with the initial 
levels.

Table 6  Results of the confirmation test
Levels F PSD kW Sa GRG

Initial controllable parameters A1B1C1 1307.5 0.0516 4.9 2.773 0.0905
Optimal controllable parameters Prediction A2B3C3 603.157 0.011 3.889 0.709 0.2008

Measured A2B3C3 722.83 0.0101 3.9 0.782 0.2016
Improvement in GRG 0.1111

Table 7  Comparative analysis of surface roughness measurements
Experimental condition Cutting 

parameters 
(A, B, C)

Surface 
rough-
ness Sa 
(µm)

Initial condition (used as the default reference 
parameter)

A1B1C1 2.773

Worst surface quality (corresponding to the 
least favorable outcome in the L9 orthogonal 
design)

A3B2C1 2.972

Rank 1 (the best parameter combination 
among all experiments in the L9 orthogonal 
array)

A2B2C3 1.082

Optimum parameter (parameters recom-
mended based on the optimization results)

A2B3C3 0.782

Fig. 7  3D surface topographies 
of machined workpieces under 
different parameter combina-
tions: a A2B2C3 (Grade Rank 
1), b A3B2C1 (Grade Rank 9), c 
A1B1C1 (Initial Parameters), and 
d A2B3C3 (Optimal Parameters)
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the previous tooth. Flip chatter typically arises under spe-
cific machining regimes (e.g., specific feed rates or spindle 
speeds). Under these conditions, successive passes of the 
cutting tool leave alternating marks on the surface, resulting 
in widely spaced and irregular undulations, distinct dual-
frequency components, and complex surface topologies 
[63]. The literature suggests a direct correlation between the 
frequency analysis of surface traces and these chatter fre-
quencies [63, 64].

Figures 8 and 9 present the STFT graphs and machined 
surface geometries corresponding to the experiments con-
ducted under the worst (A3B2C1) and optimized (A2B3C3) 
machining conditions, as determined by the GRA analy-
sis. For the worst machining parameters (A3B2C1), the 
STFT analysis in Fig. 8e reveals that vibrations are concen-
trated within three distinct frequency bands throughout the 
process:

	● High-frequency band: 38–42 kHz.
	● Mid-frequency band: 15–25 kHz.
	● Low-frequency band: 0.25–1 kHz.

The frequencies observed in the time–frequency domain 
may include structural resonances resulting from spindle 
and tool acceleration, as well as harmonics generated by the 
engagement of cutting edges with the material. Although it is 
difficult to conclusively identify the exact physical sources 
of these components based solely on visual inspection [65], 

3.4  Investigation of vibration frequencies and 
surface patterns in milling

Milling operations are susceptible to dynamic instabilities 
due to the complex interactions between the workpiece and 
the cutting tool. Among these issues, the most prevalent 
and detrimental is the occurrence of unstable vibrations, 
commonly referred to as “chatter.” Chatter arises from the 
interaction between the natural frequencies of the tool–
workpiece system and the cutting forces, negatively affect-
ing surface quality and leading to geometric errors, reduced 
tolerances, and surface defects [59]. In milling processes, 
chatter is typically generated through a regenerative mecha-
nism, in which the cutting edges of the tool re-engage with 
the wavy surface profile left by previous passes [60]. These 
vibrations create a self-excited loop as each tooth of the cut-
ter engages the undulations generated by the preceding tooth 
[61]. This loop induces periodic variations in cutting forces; 
if these forces coincide with the system’s natural frequen-
cies, the resulting oscillations grow in magnitude, leading to 
unstable cutting conditions. Consequently, this phenomenon 
produces wavy surface patterns (chatter marks), increased 
surface roughness, and dimensional inaccuracies [62].

Flip chatter, a specific form of chatter vibration, is defined 
as a dynamic phenomenon characterized by period-doubling 
bifurcation. In this scenario, the period of vibration doubles, 
causing each tooth of the cutting tool to generate a distinct 
surface profile rather than replicating the profile created by 

Fig. 8  Machined surface and 
vibration analysis (A3B2C1): 
a–c microscope images of surface 
undulations; d overall machined 
surface; e STFT analysis of chatter 
and structural frequencies; f PSD 
spectrum

 

1 3

237  Page 14 of 23



J Braz. Soc. Mech. Sci. Eng. (2026) 48:237

mid-frequency range emerges as the region most sensitive 
to cutting parameter variations. This highlights that cutting 
process dynamics manifest primarily within this band, mak-
ing vibration amplitudes in this region a critical indicator for 
assessing machining stability.

The machined surface patterns presented in Fig. 9a, b, 
and c reveal irregular undulations with shallow depths. This 
suggests that classical regenerative chatter was suppressed 
and surface roughness (Sa) was maintained at a low level 
due to the optimized parameters. However, the non-unifor-
mity of the surface undulations indicates the persistence of 
low-amplitude vibration components. These irregular pat-
terns are associated with the period-doubling phenomenon, 
or flip chatter. As previously described, flip chatter occurs 
when each tooth leaves a different cutting mark than the 
previous one, resulting in asymmetric and aperiodic surface 
undulations [63]. The optical profilometer images in Fig. 7a 
and d, combined with the microscope images in Fig. 9, fur-
ther highlight the presence of these irregular features.

Figure 10 presents a comparative analysis of the PSD of 
vibration signals obtained under different cutting param-
eters. While the PSD curve for each experiment is plotted 
individually, the overall frequency–amplitude distribution 
is visualized using a background color-gradient heat map. 
This heat map statistically represents amplitude intensities 
across different frequency regions.

comparing amplitude variations across experiments sug-
gests that the fluctuations recorded—particularly within the 
mid-frequency range—indicate dynamic effects specific to 
the cutting process. Figure 8a, b, and c display microscope 
images of specific regions of the machined surface, while 
Fig. 8d shows the overall appearance of the surface. Exami-
nation of these images reveals the formation of uniform and 
consistent large-scale undulations. This observation corrob-
orates the surface topography presented in Fig. 7b (obtained 
via optical profilometry) and suggests that chatter effects 
amplify the depth of these undulations.

Figure 9f presents the time–frequency analysis of the 
vibration signal obtained under the optimized cutting 
parameters (A2B3C3), which yielded the best performance 
metrics. When Fig. 9f is compared with Fig. 8e, a signifi-
cant reduction in vibration amplitudes is observed, particu-
larly within the mid-frequency band. This indicates that the 
optimized parameters effectively mitigated the dynamic 
loads generated during the cutting process, allowing the 
system to operate more stably within this frequency range. 
Conversely, vibration amplitudes in the low- and high-fre-
quency regions did not change significantly compared to the 
worst-case scenario. Accordingly, these frequency ranges 
likely correspond to structural resonance frequencies, which 
are governed by the system’s inherent dynamic character-
istics rather than the cutting parameters. In conclusion, the 

Fig. 9  Machined surface and 
vibration analysis (A2B3C3): 
a–c Microscope images of surface 
undulations; d close-up of surface 
pattern; e overall machined sur-
face; f STFT analysis of chatter 
and structural frequencies; g PSD 
spectrum
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deviations between the worst-case and idle states, reveal-
ing pronounced peaks at 7.2 kHz, 15.9 kHz, 26.6 kHz, and 
41.0 kHz. Most notably, the 15 kHz frequency band exhib-
ited the most substantial variation, suggesting a strong corre-
lation with dynamic cutting forces and potential machining 
instability. These observations provide deeper insights into 
the relationship between specific frequency bands and cut-
ting parameters, corroborating the findings obtained from 
previous analyses.

3.5  Correlation and regression analysis

The correlation matrix presented in Fig.  12 illustrates the 
relationships between the numerical features extracted 
from the experimental trials: average cutting force, vibra-
tion (PSD), average power consumption (kW), and surface 
roughness (Sa). These values were organized into a struc-
tured dataset and analyzed using Pearson’s correlation coef-
ficient, which quantifies the strength and direction of linear 
relationships among continuous variables. The correlation 
matrix was computed using the corr() function in Python’s 
Pandas library and visualized as a heatmap using Seaborn 
and Matplotlib. This analysis facilitated the identification of 
interdependencies among machining performance metrics. 
Significant positive correlations were observed for Force–
PSD, Force–Sa, and PSD–Sa, suggesting that increases in 
cutting force are accompanied by higher vibration energy 
and rougher surface textures.

Table  8 presents the regression analysis performed for 
surface roughness (Sa), selected as the dependent variable. 
The model explains 95% of the variation in surface rough-
ness. According to the results, the PSD variable emerges as 

Consistent with the STFT findings, the PSD analysis 
highlights that the most significant amplitude variations 
occur in the mid-frequency bands. In contrast, no signifi-
cant changes were observed in the PSD values within the 
low-frequency range (0.25–1 kHz). This region likely repre-
sents the structural natural frequencies of the system, which 
appear to be the least affected by the intermittent loads gen-
erated during cutting. Additionally, although some varia-
tions were observed in the high-frequency range (approx. 
38–42 kHz) under certain conditions, the overall intensity 
of these changes was limited. This suggests that the influ-
ence of cutting parameters on the high-frequency range is 
minimal.

In summary, the PSD distribution derived from the graph 
is consistent with the findings of the STFT analysis. It con-
firms that vibration frequencies, particularly in the mid-fre-
quency band, are highly sensitive to variations in cutting 
parameters.

3.4.1  Comparison of PSD characteristics under no-load, 
optimal, and worst cutting conditions

This section presents a comparative analysis of the PSD 
characteristics of vibration signals across three distinct 
operating states: idle (no-load), optimal cutting (A2B3C3), 
and worst-case cutting (A3B2C1). The objective is to eluci-
date how cutting conditions influence the system’s dynamic 
response and to identify specific frequency bands that are 
sensitive to machining parameters. As illustrated in Fig. 11, 
the vibration spectra corresponding to optimal, worst-case, 
and idle conditions are depicted by green, blue, and red 
lines, respectively. The shaded regions highlight significant 

Fig. 10  Power spectrum and intensity distribution of vibration frequencies during the milling process
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Table  9 presents the regression model developed for 
vibration (PSD), considered as the dependent variable. This 
model explains 78% of the variation in PSD. The analysis 
identifies cutting force as the most significant and strongest 
factor on vibration (p = 0.011).

In conclusion, the statistical analyses reveal a causal 
chain: vibration (PSD) is the primary determinant of surface 
roughness (Sa), while cutting force is the significant driver 
of vibration (PSD). According to the results, the power con-
sumption (kW) variable does not exhibit a statistically sig-
nificant effect on either PSD or Sa in the regression models. 
This lack of significance is likely attributed to the fact that 
power consumption is a cumulative output of the process 
rather than a direct governing factor of surface genera-
tion or dynamic stability. In a separate regression analysis 
conducted with power consumption as the dependent vari-
able, the model yielded an R2 value of 53.61%, whereas the 
adjusted R2 value was only 25.78%. This substantial dis-
crepancy indicates a potential risk of overfitting. Although 
the power consumption variable was not found to be sta-
tistically significant in these specific regression models, it 
remains a critical parameter that may influence the system 

a statistically significant (p = 0.036) and influential factor on 
surface roughness. Conversely, despite showing high cor-
relation values, the power consumption (kW) and cutting 
force variables did not exhibit statistically significant direct 
effects on surface roughness (p > 0.05).

Table 8  Influential factors on surface roughness
Response Coefficient P-value VIF Comment
Force 0.000914 0.250 6.15 Not statistically 

significant, but the 
correlation is strong

PSD 28.7 0.036 4.71 Statistically signifi-
cant and strong effect

kW 0.119 0.520 1.97 Not statistically
Model R2 95.07%

Table 9  Variables affecting vibration
Response Coefficient P-value VIF Comment
Force 0.000058 0.011 1.93 Statistically 

significant and 
strong effect

kW 0.0024 0.745 1.93 Not statistically
Model R2 78.77%

Fig. 12  Correlation matrix

 

Fig. 11  Variation of vibration PSD under different machining conditions
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and response variables. Nevertheless, this benchmarking 
provides a meaningful reference for evaluating the rela-
tive efficacy of the proposed approach. In conclusion, the 
hybrid Taguchi–GRA–CRITIC methodology demonstrates 
superior optimization capability and statistical robustness, 
offering a comprehensive and reliable multi-response opti-
mization strategy suitable for real-world industrial machin-
ing applications.

4  Conclusions

In this study, the milling performance of AA7075-T6 alumi-
num alloy was experimentally investigated and optimized 
with respect to cutting force, vibration, power consumption, 
and surface roughness. The experimental design was struc-
tured based on a Taguchi L9 orthogonal array using three 
levels of cutting speed, feed rate, and radial depth of cut 
as control parameters. A hybrid multi-response optimiza-
tion method was employed to integrate Taguchi S/N ratios, 
GRA, and the CRITIC weighting method. The optimal 
parameter combination was determined and experimentally 
validated, achieving a prediction accuracy of 99.603%. Fur-
thermore, vibration behavior was evaluated using STFT and 
PSD analyses, and the effects of vibration on surface geom-
etry were examined. The key findings are summarized as 
follows:

	● The optimal machining performance was achieved with 
the parameter combination A2B3C3, which resulted in 
improvements of 44.72% in cutting force, 80.43% in vi-
bration amplitude, 20.41% in power consumption, and 
71.80% in surface roughness compared to the baseline 
conditions.

	● Feed rate was identified as the most statistically sig-
nificant parameter influencing all performance criteria 
(p < 0.045).

through indirect effects or complex interactions not cap-
tured by linear models.

3.6  Comparison with literature

Table 10 presents a comparative analysis of the performance 
of the proposed Taguchi–GRA–CRITIC framework against 
findings from previous machining optimization studies. 
Research conducted by Shi et al. [66] and Esme [67], who 
applied the Taguchi–GRA approach, demonstrated moder-
ate improvements in surface roughness ranging from 32% 
to 64%, while increases in the GRG index remained below 
10–15%. In another study, Sarıkaya et al. [68] incorpo-
rated multiple response variables—such as cutting force, 
vibration, and surface roughness—achieving performance 
enhancements of 34–69% and a 42.9% increase in GRG. 
Utilizing the TOPSIS method, Jebaraj et al. [69] achieved 
a 51.40% improvement in the closeness coefficient (CC). 
Similarly, Sur et al. [70] reported improvements of 63.81% 
and 34.71% in cutting force and surface roughness, respec-
tively, using the same technique. Suneesh and Sivapragash 
[71] evaluated GRA and TOPSIS as distinct approaches, 
reporting increases of 38.20% and 29.91% in GRG and CC, 
respectively, along with 8–20% improvements in cutting 
force and surface roughness.

In contrast, the present study achieved superior results: 
a 44.72% reduction in cutting force, an 80.43% reduction 
in vibration amplitude, a 20.41% reduction in power con-
sumption, and a 71.80% improvement in surface roughness, 
accompanied by a 122.76% increase in GRG relative to the 
baseline parameters. While previous studies have reported 
comparable improvements in individual metrics, the mag-
nitude and consistency of the performance gains across all 
response variables in the current study are substantially 
higher. It is acknowledged that direct quantitative compari-
sons are inherently limited due to variations in experimen-
tal conditions, tool–workpiece materials, control factors, 

Table 10  Comparison of the proposed Taguchi–GRA–CRITIC optimization results with previous machining optimization studies
Study Optimization 

method
Response variables Performance improvement (%) Improvement in 

optimization index 
(GRG or CC)

Shi et al. [66] Taguchi–GRA Residual stress, Hard-
ness, Ra

Ra ↓ 32.57% + 15.28% for GRG

Esme [67] Taguchi–GRA Ra Ra ↓ 64.28% + 6.94% for GRG
Sankaya et al. [68] Taguchi–GRA Fx, Vibration, Ra Fx ↓ 69.07%, Vib ↓ 40.65%, Ra ↓ 34.22% + 42.9% for GRG
Jebaraj et al. [69] TOPSIS Temperature, Fx, Fy, Ra Fx ↓ 53.95%, Fy ↓ 60.82% Ra ↓ 44.56% + 51.40% for CC
Sur et al. [70] TOPSIS F, Ra F ↓ 63.81%, Ra ↓ 34.71% -
Suneesh & Sivapragash 
[71]

GRA, TOPSIS Tool wear, Fx, Ra Fx ↓ 8.89%, Fy ↓ 18.06%, Ra ↓ 12.12%, + 38.20% for GRG
 + 29.9% for CC

Present study Taguchi–GRA–
CRITIC

F, Vibration, Power, Sa F ↓ 44.72%, Vib ↓ 80.43%, Power ↓ 20.41%, 
Ra ↓ 71.80%

+122.76% for 
GRG

While previous studies typically utilized the linear profile parameter Ra, the present study employs the areal parameter Sa for a more compre-
hensive topographic assessment. Comparisons are based on percentage improvements
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Similarly, although the influence of cutting parameters on 
vibration behavior is well established, the feature- and deci-
sion-level fusion approach utilized in this study revealed 
that vibration reduction is strongly linked to improvements 
in surface integrity, as evidenced by the correlation between 
PSD values and Sa parameters. The multi-response optimi-
zation method identified feed per tooth (0.32 mm/tooth) and 
radial depth (3 mm) as key factors in simultaneously mini-
mizing vibration and surface roughness, providing a holistic 
performance enhancement rather than isolated parameter 
tuning.

The proposed methodology enabled the coordinated opti-
mization of cutting force, vibration, power consumption, 
and surface roughness, which are typically treated inde-
pendently in conventional machining studies. Therefore, 
the primary contribution of this work lies not in reaffirming 
known mechanistic interactions, but in demonstrating that 
the integration of the Taguchi–GRA–CRITIC method with 
multi-sensor feature fusion enables the determination of an 
optimal machining configuration that balances multiple per-
formance criteria simultaneously, thereby supporting data-
driven decision-making in manufacturing environments.

Appendix A

Experimental dataset and grey relational analysis 
results

Appendix A contains the raw and processed data employed 
in the Taguchi-based grey relational analysis, including 
experimental runs, normalized responses, and calculated 
GRA ranking results for each parameter combination.

See Tables 11, 12, 13, 14, 15, 16 and 17.

	● Vibrations were found to be highly sensitive to cutting 
parameters, particularly within the frequency range of 
15–25 kHz (chatter frequencies). The worst parameter 
combination (A3B2C1) resulted in regular and deep 
surface undulations (classical chatter marks), whereas 
the optimal parameters (A2B3C3) significantly reduced 
these chatter effects. However, irregular yet shallower 
surface undulations were observed, contributing to low-
amplitude vibrations associated with flip chatter.

	● Increasing the cutting speed increased the frequency 
of intermittent impact loads during the cutting process, 
amplifying fluctuations in cutting forces and elevating 
vibration levels. Additionally, high-frequency spindle 
motion potentially excited structural resonances in the 
machine tool, generating vibrations unrelated to the cut-
ting mechanism and contributing to overall vibration 
levels.

	● Power consumption was found to be directly correlated 
with cutting forces. Any parameter that increased cut-
ting forces also increased power consumption, empha-
sizing the importance of cutting force optimization for 
enhancing energy efficiency.

The findings obtained from the proposed Taguchi–GRA–
CRITIC optimization framework demonstrate that cutting 
speed has a statistically significant effect on reducing cut-
ting forces, a result consistent with physical interpretations 
reported in the literature. However, the integrated multi-
criteria evaluation enabled the quantitative identification of 
the optimal cutting speed level (350 m/min), which resulted 
in a 44.72% reduction in cutting force compared to the ini-
tial machining condition. Therefore, rather than merely con-
firming a known trend, the proposed optimization method 
precisely determines the machining parameter combination 
that yields the most balanced overall performance.

Table 11  ANOVA results for cutting force based on S/N ratios
Source DF Seq SS Contribution Adj SS Adj MS F-value P-value
A 2 4.330 11.44% 4.330 2.165 3.015 0.249
B 2 1.941 5.13% 1.941 0.970 1.351 0.425
C 2 30.143 79.64% 30.143 15.071 20.984 0.045
Error 2 1.436 3.80% 1.436 0.718
Total 8 37.850 100.00%
Model summary R-sq R-sq(adj)

96.20% 84.82%
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Table 12  ANOVA results of PSD values according to S/N ratios
Source DF Seq SS Contribution Adj SS Adj MS F-value P-value
A 2 21.603 9.27% 21.603 10.802 17.88 0.053
B 2 19.312 8.29% 19.312 9.656 15.98 0.059
C 2 190.835 81.92% 190.835 95.418 157.92 0.006
Error 2 1.208 0.52% 1.208 0.604
Total 8 232.959 100.00%
Model summary R-sq R-sq(adj)

99.48% 97.93%

Table 13  ANOVA results of power consumption values according to S/N ratios
Source DF Seq SS Contribution Adj SS Adj MS F-value P-value
A 2 1.7934 15.49% 1.7934 0.897 0.99 0.502
B 2 0.5276 4.56% 0.5276 0.264 0.29 0.774
C 2 7.4529 64.37% 7.4529 3.726 4.13 0.195
Error 2 1.8046 15.59% 1.8046 0.902
Model summary R-sq R-sq(adj)

84.41% 37.66%

Table 14  Updated experimental dataset and corresponding S/N ratios based on the full factorial design for power consumption analysis
Runs Factors Responses S/N ratio

A B C Force PSD kW Sa Force PSD kW Sa
1 1 1 1 1307.50 0.0516 4.9 2.7730 -62.329 25.747 -13.804 -8.859
2 1 1 2 1023.26 0.0289 5.2 2.2180 -60.200 30.782 -14.320 -6.919
3 1 1 3 715.93 0.0054 4.3 1.6310 -57.097 45.352 -12.669 -4.249
4 1 2 1 1332.78 0.0478 5.1 2.4380 -62.495 26.411 -14.151 -7.741
5 1 2 2 961.50 0.0226 5.2 1.5710 -59.659 32.918 -14.320 -3.924
6 1 2 3 797.37 0.0069 4.9 0.9840 -58.033 43.223 -13.804 0.140
7 1 3 1 1213.24 0.0394 5.5 2.1850 -61.679 28.090 -14.807 -6.789
8 1 3 2 993.71 0.0265 4.9 1.5510 -59.945 31.535 -13.804 -3.812
9 1 3 3 769.61 0.0091 4.5 0.8101 -57.725 40.819 -13.064 1.829
10 2 1 1 1267.76 0.0825 6.0 2.9690 -62.061 21.671 -15.563 -9.452
11 2 1 2 983.99 0.0417 4.4 1.7270 -59.860 27.597 -12.869 -4.746
12 2 1 3 748.66 0.0211 4.3 1.2800 -57.486 33.514 -12.669 -2.144
13 2 2 1 1142.48 0.0431 5.3 1.5580 -61.157 27.310 -14.486 -3.851
14 2 2 2 1041.88 0.0324 4.9 1.4450 -60.356 29.789 -13.804 -3.197
15 2 2 3 681.72 0.0138 3.6 1.0820 -56.672 37.202 -11.126 -0.685
16 2 3 1 1104.84 0.0417 5.2 2.1960 -60.866 27.597 -14.320 -6.833
17 2 3 2 936.29 0.0274 4.8 0.9857 -59.428 31.245 -13.625 0.125
18 2 3 3 722.83 0.0101 3.9 0.7820 -57.181 39.914 -11.821 2.136
19 3 1 1 1547.56 0.0926 5.6 2.9690 -63.793 20.668 -14.964 -9.452
20 3 1 2 1345.35 0.0443 4.5 2.3510 -62.577 27.072 -13.064 -7.425
21 3 1 3 915.92 0.0202 3.8 1.0360 -59.237 33.893 -11.596 -0.307
22 3 2 1 1548.55 0.0535 5.2 2.9720 -63.799 25.433 -14.320 -9.461
23 3 2 2 1179.32 0.0310 4.3 2.4350 -61.433 30.173 -12.669 -7.730
24 3 2 3 748.94 0.0166 3.4 1.7820 -57.489 35.598 -10.630 -5.018
25 3 3 1 1271.03 0.0521 4.3 2.2500 -62.083 25.663 -12.669 -7.044
26 3 3 2 938.92 0.0359 4.2 1.9020 -59.453 28.898 -12.465 -5.584
27 3 3 3 700.72 0.0227 3.2 1.7970 -56.911 32.879 -10.103 -5.091
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if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​o​​n​s​.​​o​
r​g​​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/.
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Table 17  Average GRG values for control factor levels
Level Factors
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Rank 2 3 1
The bold values indicate the maximum average GRG values, repre-
senting the optimal levels of the control factors
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