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ABSTRACT

ARTICLE INFO

This study presents a data-to-decision workflow that combines surrogate mod-
eling, multi-objective optimization, and decision-making in a single procedure.
Four surrogate models, including Kolmogorov-Arnold Networks (KAN), Cat-
Boost (CAT), Gradient Boosting Regressor (GBR), and LightGBM (LGB), were
trained under a unified preprocessing and Bayesian tuning scheme and evalu-
ated on held-out data. The retained models were then embedded in NSGA-III to
generate the Pareto front for the trade-off between surface roughness (Ra) and
material removal rate (MRR). To move from the Pareto set to a single operating
condition, the candidate solutions were further assessed using multiple MCDA
methods under different objective weighting schemes, and the resulting rank-
ings were combined through rank aggregation (Borda, Copeland, Kemeny-
Young, Robust Rank Aggregation). A turning case study on C3604 free-cutting
brass, using cutting speed, feed, depth of cut, nose radius, and coolant condition
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as inputs, showed that the final recommendation remained stable across dif- (Nguyen, V.-H.)

ferent weighting and ranking settings. Experimental verification at selected Pa-
reto points agreed well with the predicted values, with relative errors of about
5 % for both Ra and MRR. The results show that the proposed workflow pro-
vides a practical and consistent route from limited machining data to a final
operating decision.
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1. Introduction

Optimizing machining parameters remains a core need in modern manufacturing because practi-
tioners must simultaneously satisfy diverse performance targets—surface integrity, tool con-
sumption, throughput, mechanical loads (forces and power), and increasingly energy-related in-
dicators—under real shop-floor constraints involving machine capability, tool geometry, coolant
strategy, and safety. The problem is inherently multi-objective and constraint-laden, so it benefits
from decision processes that make trade-offs explicit and reproducible, rather than relying on ad
hoc tuning. Recent studies in the field underscore both the energy and efficiency imperative and
the practicality of multi-objective modeling and optimization in machining applications, reinforc-
ing the need for auditable, data-driven parameter selection [1-3].

Machining datasets are often small, heterogeneous, and strongly affected by setup-dependent
variation, which makes reliable parameter selection difficult even before the optimization stage
is considered. In machining experiments, continuous cutting variables such as cutting speed, feed,
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and depth of cut are commonly mixed with categorical factors such as coolant mode, insert geo-
metry, and tool condition, while the measured outputs may also contain interaction effects, pro-
cess noise, and metrology scatter [4]. Under these conditions, a single-stage analysis is usually not
sufficient. A practically useful framework should first establish predictive surrogates that can ge-
neralize beyond the limited experimental runs, because overfitted models provide little value for
downstream optimization or engineering decision-making [5].

Recent machining studies increasingly move toward an integrated route in which validated
surrogate models are used to approximate process responses, evolutionary search is then
employed to construct the trade-off surface among conflicting objectives, and a decision layer is
finally introduced to identify an implementable operating point from the Pareto set [2, 6]. This
shift is important because direct trial-and-error selection is inefficient in multi-factor machining
problems, whereas optimization-only studies often stop at reporting Pareto fronts without resol-
ving the final engineering choice in a transparent way [7].

When only a limited number of experiments are available, the predictive stage becomes one of
the most critical parts of the workflow. Machining data often combine nonlinear process behavior
with a mixture of continuous and categorical inputs, so different surrogate models may respond
quite differently to the same dataset. In this setting, tree-based ensembles can be effective for
structured tabular data, whereas neural or spline-based models may better capture smoother but
coupled response patterns. Even so, no model should be assumed to be the best in advance for
every machining response, and model selection needs to be based on actual predictive perfor-
mance rather than preference or convention [8, 9]. This issue becomes even more important in
multi-objective optimization, because the Pareto front is only as reliable as the surrogates used to
construct it. If the retained models are unstable or locally biased, the optimization stage may still
produce solutions that appear attractive numerically but are less trustworthy from a physical or
machining perspective [10]. The same caution applies to the final decision stage. Obtaining a well-
spread Pareto set does not automatically resolve which setting should be implemented, since the
preferred solution may still change with the weighting scheme and ranking rule adopted. For that
reason, transparent multi-criteria procedures and objective weighting methods are needed not
only to compare alternatives, but also to make the final recommendation more stable and techni-
cally defensible [11, 12].

Recent studies have also demonstrated the practical value of combining modelling, optimization, and
confirmation experiments in turning applications. For instance, recent work on dry turning of Inconel
625 [13] and Inconel 825 [14] reported effective optimization of quality-related and productivity-re-
lated responses under experimentally validated conditions. However, the transition from the optimized
solution set to a final and methodologically robust engineering recommendation is still less explicitly
addressed in many such studies.

Most machining studies do not carry the whole process through from prediction to optimiza-
tion and then to final decision-making. Many papers stop after reporting model accuracy, while
others present a Pareto front but leave the final choice to a single ranking method or a fixed set of
weights. In such cases, it is difficult to know whether the recommended setting is genuinely robust
or simply favored by one particular decision rule [2, 5]. This issue is more critical when the dataset
is small, because any instability in the predictive model can carry over into the optimization stage
and finally affect the selected solution. Another limitation is that convergence of the optimization
algorithm and experimental confirmation of the chosen setting are not always reported together.
Without both, the final recommendation may appear reasonable in computation, yet remain in-
sufficiently supported from a machining point of view [15]. For this reason, a more complete data-
to-decision workflow is still needed, one that links surrogate modeling, Pareto search, and the
final selection step in a transparent and technically traceable way.

This study aims to establish a practical data-to-decision workflow for machining applications
with limited experimental data. Rather than focusing on a single modeling or optimization
technique, the work integrates surrogate modeling, multi-objective optimization, and MCDA into
a consistent and traceable procedure. The objective is to ensure that the final recommended set-
ting is not only accurate in prediction, but also stable under different decision assumptions.
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The proposed framework is then examined through a turning case study on C3604 free-cutting
brass, where Ra and MRR are considered as the primary objectives. This combination allows the
study to evaluate both the predictive capability of the models and the robustness of the final de-
cision in a realistic machining context.

This study develops an integrated data-to-decision workflow for machining parameter se-
lection under limited data conditions. The proposed approach links surrogate modeling, multi-
objective optimization, and multi-criteria decision-making within a single procedure, with parti-
cular attention to how the final solution is affected by model behavior and decision assumptions.
Instead of relying on one surrogate model or a fixed ranking rule, the framework emphasizes con-
sistency across the predictive, optimization, and selection stages, so that the recommended set-
ting remains stable when different weighting or ranking strategies are considered. The workflow
is then examined through a turning case study on C3604 brass, where the trade-off between Ra
and MRR is used to evaluate both predictive performance and decision robustness.

2. Data to decision framework

The proposed framework provides a structured route for converting machining data into an im-
plementable parameter recommendation. As illustrated in Fig. 1, the workflow consists of six lin-
ked stages, from data preparation to experimental confirmation of the selected solution. The pur-
pose is not only to obtain accurate predictions, but also to ensure that the final operating point
remains technically reasonable and robust at the decision stage.

2.1 Stage 1: Data acquisition and preprocessing

The first stage establishes the dataset used for model development. In machining applications, the
data typically include controllable cutting parameters and measured performance responses,
with both numerical and categorical variables appearing in the same dataset [1, 14]. In the present
study, the dataset is formed from the designed turning experiments, using cutting speed, feed,
depth of cut, nose radius, and coolant condition as inputs, and surface roughness and material
removal rate as the main outputs. Before modeling, categorical variables are encoded, continuous
variables are checked for consistency, and the data are split into training and test subsets. For the
productivity response, MRR is calculated from turning kinematics, while Ra is obtained from post-
process measurement [2].
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=
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Fig 1 Generalized data-to-decision workflow for machining optimization
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2.2 Stage 2: Machine-learning surrogate modeling

The second stage uses surrogate models to describe the relationship between machining inputs
and outputs. This step is particularly important when the available dataset is limited, because the
optimization stage requires fast and repeatable evaluation over the feasible design space [17].
Different model families may behave differently on the same machining dataset, especially when
nonlinear effects and mixed input types are present [18]. Therefore, several candidate models are
compared under the same preprocessing and tuning procedure, and their performance is evalua-
ted using RMSE, MAE, and R2. The best-performing surrogates are then retained for downstream
optimization.

2.3 Stage 3: Model explainability

The third stage examines whether the retained models behave in a physically meaningful way.
Explainability tools are used to identify the dominant input variables and to clarify how they in-
fluence the predicted responses [19]. For interpretable model forms such as KAN, the learned re-
lationships can also be examined in a more explicit form [20]. This stage helps connect predictive
performance with machining knowledge and reduces the risk of relying on numerically accurate
but physically doubtful trends.

2.4 Stage 4: Multi-objective optimization

Once the surrogate models have been retained, they are used in a multi-objective optimization
step to generate non-dominated machining conditions. In this study, the optimization seeks a bal-
ance between surface quality and productivity, represented by Ra and MRR. NSGA-III is employed
to approximate the Pareto front, while convergence and spread are checked before the candidate
solutions are passed to the decision stage [21].

2.5 Stage 5: Multi-criteria decision analysis

Because the Pareto front usually contains several feasible alternatives, a separate decision stage is
needed to identify a single implementable setting. MCDA methods are therefore used to rank the Pa-
reto candidates under defined weighting schemes [20-21]. Since the final ranking may vary with the
weighting and scoring method, objective weighting and rank aggregation are included to reduce de-
pendence on a single method and improve the robustness of the final recommendation [5].

2.6 Stage 6: Experimental validation

The final stage verifies the selected solutions experimentally. Representative Pareto points are re-
tested under the same machining conditions, and the measured responses are compared with the pre-
dicted values using absolute and relative error [24]. This step is necessary to confirm that the selected
operating point is not only favorable in computation, but also reliable in actual machining practice.

Overall, the framework links data preparation, surrogate modeling, explainability, optimiza-
tion, decision analysis, and experimental confirmation in a single workflow. In this way, limited
experimental data can be translated into a final machining recommendation that is both techni-
cally interpretable and practically verifiable.

3. A turning case study

To verify the practical applicability of the proposed data-to-decision framework, a turning case
study was conducted on C3604 free-cutting brass. The study considers the main controllable pa-
rameters, including V, f, a,,, Ri, and CL, with the aim of balancing Ra and MRR. The following sub-
sections describe the experimental setup and the implementation of the proposed workflow.

3.1 Experimental setup

Turning experiments were performed on a UGINT L2100 CNC lathe (11 kW spindle, automatic
feed control). The work material was C3604 free-cutting brass, supplied as round bars of uniform
hardness and diameter; cylindrical blanks (30 mm diameter, 100 mm length) were prepared. A
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DCGT11304/08 AK carbide insert for non-ferrous alloys was mounted on a standard toolholder
with controlled overhang and alignment.

A D-optimal (coordinate-exchange) design targeting a two-factor-interaction (2FI) model was
generated with 40 randomized runs and no blocks. Five factors were studied, including V,, f, ap,
and two categorical Rg and CL conditions. The discrete levels actually tested are listed in Table 1.
Randomization was used to minimize temporal drift and nuisance effects.

Cutting parameters followed a designed matrix of ¢, f, a,, Ri, and CL. Ra was measured after
each run using a portable stylus profilometer (0.8 mm cutoff, 5 mm sampling length); the mean of
three traces was recorded.
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Fig 2 Integrated experimental setup and data-to-decision workflow for turning of C3604 brass
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Fig. 3 Pairplot illustrating the distribution and overlap of train and test datasets for both input and output parameters
in the C3604 turning experiment

Table 1 Experimental turning conditions

Parameter Unit Levels

Cutting speed (V) m/min 105, 145, 185, 225

Feed (f) mm/rev 0.09,0.12,0.15,0.18,0.21

Depth of cut (a,) mm 0.35, 0.85, 1.35,1.85

Tool grade - Korloy DCGT11304/08

Coolant (CL) - “0” = Dry, “1” = Flood (emulsion 6-8 %),
Tool nose radius (RE) mm “0”=0.4 mm, “1” = 0.8 mm

Machine tool UGINT L2100 CNC lathe
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The material removal rate was computed from turning kinematics:
)
MRR = "0 Poudl - )

where D;, and D,,,; are the initial and final diameters (mm), L is the machined length (mm), and ¢
is the machining time (min). Fig. 2 illustrates the overall setup, showing the brass workpiece, cut-
ting tool configuration, and surface-roughness measurement arrangement. Meanwhile, Fig. 3
summarizes the input factors and output responses considered in the turning process.

3.2 Implementation of the data-to-decision workflow
Surrogate modeling

To model the mapping from machining inputs to performance responses, four surrogate models
were considered, including KAN, CAT, GBR, and LGB.

KAN is based on the Kolmogorov-Arnold representation theorem, which states that a multi-
variate function can be represented as a superposition of univariate functions. Accordingly, a tar-
get function f (x4, ..., x,) can be expressed as:

2n+1 n
f(xq, e xy) = z D, Z ¢q,p (xp) (2)
q=1 p=1

where ¢, ,(-) and @, (+) are univariate functions.

In KAN, these functions are implemented as learnable spline-based mappings, replacing fixed
activation functions used in conventional neural networks. This formulation allows the model to
approximate complex nonlinear relationships while retaining a degree of interpretability, as the
contribution of each input variable can be examined through the learned univariate functions.

In contrast, CAT, GBR, and LGB belong to the family of tree-based ensemble models, which are
widely used for tabular datasets. These methods approximate the target function by combining
multiple regression trees:

K
96 = Y f@)fi €T (3)
k=1

where each f;, represents a decision tree. In boosting-based methods such as GBR and LGB, trees
are added sequentially to minimize a loss function:

9000 =9 D) +nfi@)
where 7 is the learning rate. LGB improves computational efficiency through histogram-based
splitting, while CAT enhances performance on categorical variables using ordered boosting and
encoding strategies.

Given the machining dataset
D = {(x;, y)Hieq (4)
with x; = [Vc,f, ap, R, CL] and y; represents the response Ra or MRR, the surrogate model ap-
proximates:
y=Fx;0)+¢ (5)
where F(x; 0) is the regression model KAN, CAT, GBR, and LGB, 8 are learnable parameters, and

& denotes model residuals.
Model parameters are estimated by minimizing the mean-squared error:

min £(0) = 3 T, (i - F (s 0))* (6)

For model development, the dataset was split into training and test subsets (80/20). A 5-fold
cross-validation procedure was applied only within the training set for hyperparameter tuning,
while the held-out test set was used for final model evaluation.

Hyperparameter optimization was performed using Bayesian optimization with a Gaussian
Process surrogate g(4) to minimize the validation loss [25]:
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A= arg min E[Lyq (4)] (7)

where 4 denotes the hyperparameter vector. The next query point is selected by maximizing the
Expected Improvement (EI), defined as follows [26]:

EI(A) = (ﬂmin - ﬂ(ﬂ))Q)(Z) +oDP2), Z= —#ml:(;l;(l) (8)

The model with the lowest cross-validated RMSE and the highest R? is retained for multi-objective
optimization.

Bi-objective optimization

After the surrogate models for Ra and MRR were established, they were used in the optimization
stage to search for machining conditions that balance surface quality and productivity. In this
study, the problem involves two conflicting objectives:

minf;(x) = Ra(x), maxf,(x) = MRR(x) (9)
X X
subject to operational bounds:
Vc c (chin’ chax)’f c (fmin’fmax) ap € (a;nin’a;nax)’ RE c (0’ 1)’ CL € (0’1)_

A solution x is considered Pareto-optimal if there is no other feasible solution x’ that gives a
lower Ra and a higher MRR at the same time, with at least one of the two being strictly better.
Accordingly, the Pareto-optimal set is defined as

P* ={x € N|Ax' € N:Ra(x") < Ra(x),Vj, MRR(x") < MRR(x)} (10)

To obtain this set, NSGA-III was employed as the search algorithm. In the present study, NSGA-
I1I works directly with the retained surrogate models instead of repeated physical trials, which
makes it possible to examine a large number of candidate settings within the allowable parameter
ranges. The resulting Pareto front represents the trade-off between finish and productivity, and
its convergence behavior was monitored using hypervolume and IGD [21].

MCDA-based ranking

The Pareto solutions obtained from NSGA-III represent different trade-offs between Ra and MRR.
Since only one operating condition is required in practice, these solutions were further ranked
using MCDA.

Each Pareto solution was treated as an alternative, with Ra and MRR as the decision criteria.
Because lower Ra is preferred while higher MRR is desirable, they were treated as cost-type and
benefit-type criteria, respectively. The criteria were normalized to [0, 1] using for benefit-type:

, f _ f.mirl
fij = rrlllax _] min (11)
fi =1
and for cost-type criteria:
, fmax i fl]
fij = Fmax —rmin (12)
J J

Values are v;; = wj, fl-'j, where w; are objective weights.

To improve robustness, multiple MCDA methods (CODAS, SPOTIS, MABAC, and WASPAS) were
combined with different objective weighting schemes (Entropy, Gini, and MEREC), and the final
ranking was obtained from their aggregated results.

Objective weighting
Because the final ranking may depend on how much importance is assigned to Ra and MRR, three
objective weighting schemes were considered in this study, namely Entropy, Gini, and MEREC.

These methods were used to reduce reliance on a single weighting rule and to examine the stabi-
lity of the final decision under different weighting perspectives.
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For Entropy weighting [5], the normalized contribution of alternative i to criterion j is first
n
defined as p;; = fl-}/ 2 ﬂ'] The entropy value is then calculated using with k = 1/In n as the
i=1

normalization coefficient:

1—-H;
Hi=—k) pylnpy, W= s s (13)
c k:1(1 - Hk)

For Gini weighting [27], the normalized values are sorted in ascending order, and the degree
of dispersion for each criterion is measured by:
n

G =1 zz:i __ Y 14
j=1m2nror MTEmG, 0o

For MEREC weighting [12], the average normalized value of criterion j is first written as ]?'j =

%Z?ﬂf’ij, and the corresponding weight is obtained from the deviation of each alternative from
this average: 3
W= alf'y - f'j|_
e Xl i = el
These weighting schemes were applied separately before the MCDA scoring stage, so that the
subsequent ranking could be examined under different objective-weighting conditions.
MCDA scoring

(15)

After determining the objective weights, each Pareto solution is evaluated using several MCDA
methods to obtain comparable scores and rankings. In this study, four methods—CODAS, SPOTIS,
MABAC, and WASPAS—are applied under the same normalized decision matrix.

For CODAS [28], the negative-ideal solution f;" = maxifi’j is used to compute Euclidean and

taxicab distances, and the relative assessment score is formed as:

m m
! * 2 ! *

=- Zw,-(fi,-—fj) +TZ|fzj—fj (16)

j=1 j=1

For SPOTIS [29], the distance of each alternative to the ideal point is calculated as:
S D;—D
! * 2 i i
ij(fij_fj): Si=1-p——p— (17)
j:]- max min

For MABAC [23], the deviation of each alternative from the border approximation area is eva-
luated, and the final score is obtained as:

=B (P = ) T Slry - (8)
and the final score is
S; —Z =1Wj, QL] (19)
For WASPAS [22], the score combines additive and multiplicative aggregation:
i i\
5— ]1,ff+1‘[ (”) (20)

Each method produces a rankmg of the Pareto solutions. These rankings are then used in the
subsequent aggregation step to obtain a consensus decision.

Rank aggregation

Since different MCDA methods may produce different rankings, a rank aggregation step is intro-
duced to obtain a more stable and consistent decision. Let R(™ = ["1m > Tm] denote the ranking
obtained from method m, wherem =1, ..., M.
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For Borda count [11], each alternative is assigned a score based on its position in each ranking:
Borda _ 1
Ry =~ ¥in=1(n — Tim) (21)

For Copeland index [30], pairwise comparisons are used. The number of wins and losses for
each alternative i are computed as:

W =Xjeil(ry > 1), Li = Xyl (ri <m5) = Ci=W;— L (22)

For Kemeny-Young consensus [31], seeks a ranking R* that maximizes agreement with all in-
dividual rankings:

M
R* = arg max E T (R,R(m)) (23)
R m=1

where 7 is Kendall’s tau between rankings.
For Robust Rank Aggregation (RRA) [32], each rank is first converted into a normalized value,
Dim = Tim/N- The aggregated significance is then estimated by

K 1/k
p; = mkin n 1_[ Pim , RRA; = —log 10 (P;) (24)
m=1

Consensus selection

The final consensus score integrates the results of the aggregation methods:

Borda Kemeny
—_ R; +Ci+R; +RRA;
R =2 i 41 i (25)

The alternative with the highest R; is selected as the recommended machining condition.
Experimental validation

Selected Pareto solutions (x*) are experimentally verified on the same machine-tool-coolant con-
figuration. The predicted and measured responses are compared using the absolute and relative
errors:

AEj

Ej = |Vjexp — Vjpreal)  RE;(%) = X 100 (26)

Yjexp
Average relative error within 0-5 % for Ra and MRR indicates good agreement between pre-
dictions and experiment, supporting the reliability of the proposed workflow [24].

4. Results and discussion
4.1 Machine learning model performance

Table 2 reports the predictive accuracy of four surrogate models for Ra and MRR, using the same
train/test split and preprocessing pipeline. Figs. 4 and 5 visualize the agreement between exper-
imental and predicted values on the train and test partitions.

Table 2 Model performance metrics for Ra and MRR

Surface roughness Material removal rate
Model Train Test Train Test
RMSE  MAE R2 RMSE  MAE R2 RMSE  MAE R? RMSE  MAE R2
KAN 0.0082 0.006 0.999 0.0541 0.042 0.989 | 0.1343 0.100 0.999 0.5206 0.260 0.996
CAT 0.1012 0.078 0.983 0.0897 0.074 0.968 | 0.0040 0.003 0.999 2.2987 1.486 0.994
GBR  0.0017 0.001 0.999 0.0767 0.061 0982 | 0.1180 0.072 0.999 4.6363 3.543 0.993
LGB  0.1920 0.138 0941 0.0964 0.074 0.967 | 1.5290 1.090 0.989 4.7165 3.648 0.952

Surface roughness predictive performance

Across models, Ra is predicted with high fidelity, but the generalization gap differs markedly. KAN
attains the best test performance (RMSE = 0.0541; MAE = 0.042; R = 0.98), with only a slight drop
from its near-perfect training fit (Rz = 0.999). GBR ranks second on the test set (R% = 0.982; RMSE
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= 0.0767), followed by CAT (R2? = 0.968) and LGB (R2 = 0.967). Notably, LGB shows the clearest
sign of underfitting on Ra (train R% = 0.941; test RMSE = 0.192). Fig. 4 shows KAN lying closest to
the 45° line, while tree-boosting models deviate more in the mid-high Ra range (1.5-2.5 pm).
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Material removal rate predictive performance

Training fits are near-perfect for all, but their out-of-sample behavior diverges. KAN again provides
the strongest generalization (test RMSE = 0.5206; R2 = 0.999), keeping errors at a sub-percent scale
relative to the MRR range in Fig. 5. In contrast, CAT degrades to RMSE = 2.2987 (R? = 0.994); mean-
while, GBR and LGB show larger errors (RMSE = 4.6363 and 4.7165; R? = 0.993 and 0.952). Fig. 5
indicates systematic under-prediction at high MRR for tree-based models, whereas KAN preserves
the trend with minimal bias. Based on the test-set results, KAN showed the strongest generalization for
both Ra and MRR and was therefore retained as the surrogate model for both responses in the subsequent
optimization stage.
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Fig. 5 Experimental vs. predicted values for MRR on train and test sets
4.2 Machine learning model explanation

Model explanation for Ra

Fig. 6a highlights the darkest branches from fand nose radius Rg, with weaker links from ap, Vc,
and CL; this ordering is confirmed by the KAN feature scores in Fig. 6b and the GBR-SHAP violins
in Fig. 6¢c, where high f'shifts Ra upward while large R shifts it downward. The dominance of feed
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on roughness for brass is consistent with recent turning studies on Ms58, CW614N and other cop-
per alloys, which report a substantial, monotonic increase of Ra with rising feed due to a thicker
undeformed chip and more pronounced feed marks [33]. In parallel, the nose radius acts as a ge-
ometric smoother: larger Rg lowers cusp height and improves finish in brass andcopper alloys, a
trend echoed by brass-focused machinability reports and broader turning investigations on nose-
radius effects [34]. Regarding cutting speed, Ra tends to decrease as V. increases because higher
speed suppresses adhesion and built-up edge in lead-free brasses, improving surface topogra-
phy—again matching the slight negative SHAP trend for V. [35]. The influence of depth of cut on
Ra is secondary within our range, mainly through force and vibration pathways; copper-alloy
turning with coated tools similarly finds feed most influential and depth-of-cut a weaker contrib-
utor to roughness [36]. Finally, coolant shows only a minor direct effect on Ra for brass in our
DOE, although tailored lubrication or hybrid cryo-MQL can still yield incremental finish improve-
ments—consistent with brass turning tests and recent lead-free brass studies [37].

Ra =0.19x; — 0.06 x5 — 0.34 x4 + 0.03 x5 + 0.02 9%
+0.16 e124*1 — 0.02¢%69%2 — 0 - 1072%72%2 + 0.01 %3 + 1.8 (27)
+0.01e7086%1 — (0,11 ¢~ 0122

With [xq, X3, X3, X4, x5] = [f, Vi, ap, Rg, CL], Ra is driven mainly by feed: positive linear and ex-
ponential terms in x; make Ra increase with f. Speed enters only via negative exponentials in x5,
so higher V. lowers Ra with a saturating effect. Depth of cut has a weak net influence (small posi-
tive exponential offset by a negative linear term). The negative linear term in x, shows a larger R
smooths the surface. The CL term is tiny, indicating a negligible direct effect in this DOE.

Feature Scores for Ra

a). KAN for Ra after Training b)

0.6

f Ve ap Re CL
Features

Ra SHAP Violin Plot
High

Feature value

T T T T T T T T Low
-1.25 -1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50

SHAP value (impact on model output)
Fig. 6 Explanation for Ra: (a) KAN for initialization, (b) KAN feature importance, (c) GBR SHAP violin

Model explanation for MRR

Fig. 7a shows the branches from a,, V;, and f to MRR with high, medium, and lower intensity,
respectively, while the links from Rgand CL are very faint—indicating negligible direct influence.
This is reinforced in Fig. 7b, the feature-importance plot ranks ap highest, followed by V.. and f,
with Rg and CL close to zero. Fig. 7c indicates the direction of effects: SHAP distributions for ap
and V. lie mainly on the positive side, and the pink (high-value) portions on the right show that
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larger a,, or I increase MRR; the blue segments on the left indicate that smaller values reduce
MRR. For f, the trend is similar but with a smaller magnitude; R and CL concentrate around zero.

MRR = 0.26 x5 + 0.28 €034%2 4 (.66 ¢ 048 %5 +091°72-037¢7055 %1

28
—144 —0-10"2%2706Xx5 _ ()14 061211 (28)

The positive linear term 0.26x5; and the exponential term containing x; confirm the dominant
role of a,; positive exponentials in x, capture the increase of MRR with V; the —0.14 e 0-61%1 term
explains a amplified contribution from f within the tested range; the CL coefficient is effectively
zero and Rgdoes not appear—consistent with Fig. 7.
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Fig. 7 Explanation for MRR: (a) KAN for initialization, (b) KAN feature importance, (c) CAT-SHAP violin
4.3 NSGA-IIl Multi-Objective optimization

Having established reliable surrogates, we used NSGA-III to identify Pareto-optimal settings that
minimize Ra and maximize MRR. The algorithm ran with a population of 50 for 50 generations,
using simulated binary crossover and polynomial mutation to maintain diversity. Similar evolu-
tionary strategies have proved effective for complex manufacturing optimization [10].

Fig. 8a shows the final Pareto front from NSGA-III (Ra in range of 0.45-1.644 um; MRR in range
of 29.724-80.62 cm?/min), while Fig. 8b, the hypervolume increases rapidly and then stabilizes,
indicating convergence. Fig. 9 overlays the frontier on the DOE trials, confirming the expected
trade-off—lower Ra comes at the cost of lower MRR—and the advantage of model-based search
over trial-and-error [38]. In terms of operating windows, our “finish-first” range (Ra about 0.45-
1.0 pm at low feed and higher speed) agrees with recent brass-turning studies reporting that re-
ducing feed and increasing cutting speed improve surface finish; the “productivity-first” range (Ra
about 1.3-1.6 ym with MRR 70-81 cm?®/min) corresponds to higher feed and depth, consistent
with the literature on kinematic drivers of MRR [37]. Although a smaller R can minimize Ra when
the feed is kept low (Fig. 6), the multi-objective context favors Rg = 0.8 mm in 8 of the 9 Pareto
solutions (Table 3) because a larger nose radius acts as a geometric smoother that permits higher
feed at comparable Ra, thereby lifting MRR without breaching the finish target [33].
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Table 3 Optimal solutions generated by NSGA-III

. f A a, Re Ra MRR
Solution (mm/rev) (m/min) (mm) (mm) L (nm) (cm3/min)
1 0.114 176.948 1.501 1 0 0.450 29.724
2 0.121 224.867 1.475 1 0 0.585 39.990
3 0.122 221.061 1.842 0 0 0.704 48.373
4 0.133 224.893 1.848 1 0 0.810 55.030
5 0.146 224.893 1.850 1 0 0.945 59.575
6 0.160 224.824 1.849 1 0 1.104 64.060
7 0.185 224.996 1.764 1 0 1.222 69.437
8 0.194 224.970 1.837 1 0 1.322 75.249
9 0.210 224.981 1.850 1 0 1.644 80.620
b).
a)- NSGA-III Pareto Front: Ra vs -MRR 575 Hypervolume Convergence
-394 @ @ Pareto Solutions
85.0
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Fig 8 NSGA-III results: (a) Pareto front in the Ra-(-MRR) space. (b) Hypervolume convergence across generations
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Fig. 9 Comparison of NSGA-III Pareto-optimal solutions with experimental trials in the Ra and (-MRR) space
4.4 MCDM-Based selection of the best solution

Although the Pareto front provides multiple feasible choices, industrial decision-makers often
need a single recommended solution. This study applied four MCDM methods—CODAS, SPOTIS,
MABAC, and WASPAS—to the Pareto-optimal set. The various weighting methods objectively as-
signed weights to the criteria, eliminating subjective biases.
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Table 4 summarizes the Entropy, Gini, and MEREC weights for Ra and MRR. Table 5 reports,
for each weighting scheme, the preference scores and induced ranks across the four MCDA meth-
ods; Fig. 10 visualizes the resulting orderings. Under Entropy weighting, all four methods rank
Solution 1 first. Under Gini, most methods still favor Solution 1, with MABAC ranking Solution 4
first. Under MEREC, CODAS, SPOTIS, and WASPAS again select Solution 1, whereas MABAC prefers
Solution 8. These modest disagreements across methods are typical in MCDA and motivate a prin-

cipled consensus step.

To reduce weighting method sensitivity, four aggregators—Borda, Copeland, Kemeny-Young,
and Robust Rank Aggregation—were applied to the per-method ranks (Table 6; Fig. 11). All four
aggregators concur on Solution 1 as the overall best candidate, with Solutions 2-3 following and
Solution 9 consistently last. The cross-method agreement indicates that the selected operating
pointis robust to reasonable changes in weighting and MCDA formulation, in line with recommen-

dations to use consensus procedures when multiple ranking rules are plausible.

Table 4 Calculation weights for various objectives

Objective MEREC Entropy Gini Type
Ra 0.481 0.642 0.578 cost
MRR 0.519 0.358 0.422 benefit
0 MCDA Techniques with ME Weights
HEE CODAS

I SPOTIS
HEE MABAC

= WASPASJ

Rank

HE CODAS

MCDA Techniques with GINI Weights

Rank

] | i
S1 S2 S3 S4 S5 S6
Optimal Solutions

Fig. 10 Ranking of selected solutions by various MCDM methods with various weights
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Table 5 MCDM-based ranking of selected Pareto solutions

pref 3.52 1.30 0.22 -0.44 -0.90 -1.14 -1.04 -0.79 -0.73
CODAS rank 1 2 3 4 7 9 8 6 5
z pref 0.23 0.19 0.15 0.12 0.11 0.09 0.07 0.04 0.03
2 SPOTIS rank 1 2 3 4 5 6 7 8 9
E pref 0.12 0.12 0.11 0.10 0.06 0.01 -0.02 -0.03 -0.17
m MABAC rank 1 2 3 4 5 6 7 8 9
pref 0.74 0.66 0.62 0.60 0.56 0.53 0.52 0.52 0.48
WASPAS rank 1 2 3 4 5 6 7 8 9
pref 2.59 0.72 -0.17 -0.51 -0.76 -0.83 -0.59 -0.27 -0.18
CODAS rank 1 2 3 6 8 9 7 5 4
pref 0.27 0.22 0.18 0.14 0.12 0.10 0.07 0.05 0.02
= SPOTIS rank 1 2 3 4 5 6 7 8 9
S pref 0.05 0.07 0.08 0.09 0.06 0.02 0.01 0.01 -0.10
MABAC rank 5 3 2 1 4 6 8 7 9
pref 0.70 0.65 0.62 0.61 0.58 0.56 0.55 0.56 0.53
WASPAS rank 1 2 3 4 5 7 8 6 9
pref 1.17 -0.18 -0.56 -0.56 -0.57 -0.44 -0.08 0.45 0.77
CODAS rank 1 5 8 7 9 6 4 3 2
o pref 0.33 0.27 0.22 0.17 0.15 0.12 0.09 0.05 0.02
= SPOTIS rank 1 2 3 4 5 6 7 8 9
E pref -0.04 0.01 0.04 0.07 0.06 0.04 0.05 0.07 -0.01
MABAC rank 9 7 5 2 3 6 4 1 8
pref 0.63 0.62 0.62 0.62 0.61 0.59 0.60 0.61 0.59
WASPAS rank 1 2 4 3 6 9 7 5 8

Table 6 Rank aggregation of Pareto solutions: Borda, Copeland, Kemeny-Young, RRA, and final consensus rank

Solution Borda Copeland KemenyYoung RRA Final rank
1 1 1 1 1 1
2 2 2 2 2 2
3 3 3 3 3 3
4 4 4 4 4 4
5 5 5 5 7 5
6 8 6 6 8 8
7 7 8 8 5 7
8 6 7 7 6 6
9 9 9 9 9 9

Comparison of Ranking Methods

B Borda

BN Copeland  EEEI RRA
9

N Kemeny-Young

Rank (Lower is Better)

S1
*#D)

S2
*#2)

S4 S S8
(#4) #s) (#6)
Solution (Sorted by Final Rank)

83 S7 S6 S9
#3) *#7) (#8) *#9)

Fig. 11 Comparison of rank-aggregation methods for Pareto candidates—Borda, Copeland, Kemeny-Young, and RRA

(solutions ordered by final consensus rank)

Taken together, the evidence from Tables 4-6 and Fig. 10 indicate that Solution 1 is the most
suitable choice and is selected for experimental confirmation.
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4.5 Experimental confirmation

Validation cuts were conducted at the consensus point S1 and two neighboring points (S2 and S3)
using the same machine, fixturing, and coolant condition. Each setting was repeated three times
(n = 3) with a fresh cutting edge. Ra and MRR were identified in the Section 3 procedure. Accuracy
was assessed using AEjand RE;(%) as defined in Eq. 26. The predefined acceptance criterion was
RE{(%) < 5 % for both Ra and MRR. Results in Table 7 indicate close agreement between predic-
tions and measurements; the pattern across S1-Ssz also confirms the Ra-MRR trade-off observed
on the Pareto front. In practice, the confirmation supports Rz = 0.8 mm as the joint optimum: alt-
hough a smaller Rr can minimize Ra in isolation, the larger radius permits higher fat comparable
Ra, thereby increasing MRR without breaching finish targets.

This work presents an integrated data-to-decision workflow for machining optimization, com-
bining surrogate modeling, explainability, multi-objective optimization, and MCDA within a single
procedure. Rather than relying on a single model or a fixed decision rule, the approach evaluates
the trade-off between surface quality and productivity under multiple weighting and ranking set-
tings, leading to a more consistent basis for selecting the final operating condition.

An important aspect of this study is that the final decision is not tied to a single weighting
scheme or ranking method. Instead, several weighting approaches and MCDA methods are con-
sidered, and their results are combined through rank aggregation [35]. This reduces the depend-
ence on any individual method and helps obtain a more stable and technically balanced recom-
mendation. The experimental validation further shows that the selected solutions remain close to
the predicted values, supporting the practical applicability of the proposed workflow. At the same
time, the present validation should be interpreted within the scope of the selected objectives. In
this study, Ra and MRR were used as representative quality and productivity responses to demon-
strate the workflow in a focused turning case study. In broader industrial applications, however,
the final operating condition may also need to account for factors such as tool life, cutting-force
stability, machining efficiency, and processing time.

Table 7 Experimental confirmation at Pareto points (mean + SD over n = 3)

f;; Cutting conditions Rapred Raexp AE (pnm)  RE (%) MRRpred MRRexp (cm‘;l/Emin) (}s/f)

S1 f=0.114, V.= 176.948, 0.450 0.468 0.018 3.85 29.724 29.48+0.30 0.244 0.83
a,=150,Re=0.8,CL=0 0.012

S2 f=0.121,V,=224.867, 0.585 0.602 0.017 2.82 39.990 39.35+0.45 0.640 1.63
a,=1475Re=08,CL=0 0.015

S3 f=0.122, V.= 221.061, 0.704 0.741 = 0.037 4.99 48.373 47.55+0.55 0.823 1.73
ap=1.842,Re=04,CL=0 0.019

5. Conclusion

This study presents a complete data-to-decision workflow for machining optimization with lim-
ited data. The workflow combines surrogate modeling with Bayesian tuning, NSGA-III for gener-
ating the Ra-MRR Pareto front, and a decision layer based on MCDA with objective weighting and
rank aggregation. For the C3604 brass case, this procedure led to a single final operating condition
and was further checked by experiment.

The main findings are as follows:

e The surrogate comparison among KAN, CAT, GBR, and LGB under a unified pipeline showed
good generalization on held-out data.

e NSGA-III generated a well-distributed Pareto front, and the hypervolume results indicated
stable search behavior.

e The MCDA methods (CODAS, SPOTIS, MABAC, and WASPAS) combined with Entropy, Gini,
and MEREC weights produced only minor differences in ranking.

o Rankaggregation using Borda, Copeland, Kemeny-Young, and RRA gave a stable consensus,
with Solution 1 ranked first overall.

o Experimental tests at representative Pareto points agreed well with the predictions, with
relative errors below 5 % for both Ra and MRR.
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This study considered only two responses, Ra and MRR, and did not include energy, force
constraints, or tool wear in the optimization stage. In addition, predictive uncertainty and robust
optimization were not treated explicitly. Although the proposed data-to-decision framework is
general in structure and can be adapted to other machining systems with different machine con-
figurations, input variables, and output responses, the numerical recommendation obtained in the
present C3604 turning case study remains specific to the investigated experimental domain and
should not be directly transferred to other machines, tool systems, or coolant settings without re-
evaluation.

Future work will extend the framework to include additional objectives such as energy and
cost, incorporate wear-related responses, and develop uncertainty-aware decision strategies. A
lightweight calibration step across different machines and a real-time GUI for shop-floor use are
also planned.
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