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A B S T R A C T 
 

AI-driven CNC machining optimization requires balancing surface quality and 
productivity while avoiding unsupported integration of independently 
collected machining data. This study proposes a leakage-controlled, surrogate-
assisted framework using two open datasets: a 27-condition turning surface-
quality dataset and a 968-observation milling tool-life dataset comprising 14 
tools. The datasets were analyzed independently, with no row-wise fusion or 
DOC–ADOC mapping. Cutting speed, feed rate, and depth of cut were used as 
controllable turning variables, while milling sensor and metadata features were 
used separately for remaining useful life (RUL) prediction. The selected Ridge 
surface model achieved LOOCV MAE = 0.1077, RMSE = 0.1383, and 𝑅2 =
−0.0740, while nested validation yielded 𝑅2 = −0.4692, indicating limited out-
of-sample generalization. The no-cycle RUL model achieved MAE = 23.44 cycles, 
RMSE = 31.39 cycles, and 𝑅2 = 0.2383under leave-one-tool-out validation. 
NSGA-II significantly outperformed equal-budget random search in normalized 
hypervolume (0.7711 vs. 0.7421). Because the surrogate surface was 
statistically limited, continuous optimization was treated as exploratory. Final 
selection was therefore anchored to measured Pareto-efficient turning 
conditions. Equal-weight TOPSIS selected 𝑉𝑐 = 630, 𝑓 = 0.16, and 𝑎𝑝 = 0.60, 

with measured 𝑅𝑎 = 0.4263and 𝑀𝑅𝑅proxy = 60.48, as the balanced practical 

recommendation. 

1. Introduction 

CNC machining parameter selection is a multi-objective 

decision problem because cutting speed, feed rate, and depth 

of cut influence surface finish, productivity, machining cost, 

and process reliability. Recent data-driven approaches have 

demonstrated the potential of artificial intelligence for 

machining optimization involving competing quality and 

productivity objectives [1]. Tool-condition monitoring is also 

important because tool degradation affects dimensional 

accuracy, process stability, and downtime [2]. In parallel, 

surface-roughness prediction has become an important AI 

application for reducing rework and improving 

manufacturing quality [3,4]. Despite these advances, several 

methodological issues remain. Many machining studies 

address surface roughness, productivity, or tool condition 

separately, while studies that combine surface quality and 

tool wear commonly rely on measurements from the same 

experimental system [5]. In open-data research, however, 

surface-quality and tool-life datasets may originate from 

different machines, materials, tools, and machining processes. 

Direct row-wise fusion of such datasets can therefore imply 

physical relationships that were never experimentally 
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observed. A further concern is that sensor-derived variables 

are sometimes treated as optimization inputs even though 

they are measured during machining and are not controllable 

at the pre-machining parameter-selection stage. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

To address these issues, this study develops a leakage-

controlled surrogate-assisted CNC decision-support 

framework using two independent open datasets. The turning 

dataset is used for surface-roughness prediction and 

productivity optimization, whereas the milling dataset is 

analyzed independently for remaining useful life (RUL) and 

tool-life monitoring. No row-wise dataset fusion or DOC–

ADOC mapping is performed, and milling-derived tool-health 

quantities are not imposed as turning optimization objectives 

or constraints. NSGA-II explores the trade-off between 

predicted surface roughness and the productivity proxy, 

while TOPSIS selects the compromise solution [6]. Because 

strict validation showed limited generalization of the surface 

surrogate, continuous optimization is treated as exploratory, 

and the final practical recommendation is anchored to 

experimentally observed Pareto-efficient turning conditions. 

This revised framing is consistent with the updated 

Methodology and Results sections. Compared with previous 

multi-objective CNC studies [1,5,7,8], the present framework 

introduces four distinguishing features: the use of two 

independent open machining datasets comprising 27 turning 

conditions and 968 milling observations from 14 tools; 

explicit avoidance of observation-level cross-dataset fusion; 

restriction of optimization to controllable pre-machining 

variables; and reproducible evaluation of NSGA-II over 30 

seeds against an equal-budget random-search baseline of 

20,000 evaluations per seed. The objectives of this study are: 

• To develop leakage-controlled AI models for surface 

roughness prediction and independent RUL-based tool-life 

monitoring using open machining datasets.  

• To generate dataset-bounded Pareto solutions using NSGA-

II with only controllable turning variables: cutting speed, 

feed rate, and depth of cut.  

• To identify a practical machining recommendation using 

measured Pareto alternatives, TOPSIS weight-sensitivity 

analysis, robustness assessment, and experimental design-

support verification. 

2. Literature review 

Tool-life and remaining useful life prediction are central 

to intelligent machining because tool degradation affects 

dimensional accuracy, surface integrity, downtime, and 

production cost. In-process tool-wear prediction using 

machine-learning techniques and force analysis has shown 

that monitored force-related signals can provide useful 

information about tool condition during machining [9]. 

Broader studies on milling tool-condition monitoring have 

further identified vibration, current, force, acoustic emission, 

and related sensor features as common indirect indicators of 

tool wear and degradation [10]. In turning operations, 

indirect tool-condition monitoring and decision-making 

methods have also been critically reviewed, emphasizing the 

need to robustly interpret sensor information before using it 

for machining decisions [11]. Surface roughness prediction is 

another major research direction because Ra, Rq, and Rz 

directly represent machined-part quality. Roughness is 

influenced by feed rate, cutting speed, depth of cut, vibration, 

force, tool geometry, and material response. In ideal turning, 

the geometric roughness tendency is often associated with 

R_a≈f^2/(32r_e), where r_e is the tool nose radius. However, 

real machining responses are nonlinear and sensor-

dependent. Therefore, machine-learning models using sensor 

signals have been applied to improve roughness prediction 

beyond simple analytical approximations [12]. 

CNC machining parameter optimization is naturally 

multi-objective because surface finish, tool life, productivity, 

and cost often conflict. Evolutionary algorithms are widely 

used because they can search nonlinear decision spaces 

without requiring explicit analytical gradients. Recent work 

on micro-milling demonstrated that improved NSGA-II can 

effectively optimize cutting parameters for competing 

machining objectives [13]. Similarly, improved NSGA-II has 

been applied in hard turning to optimize process parameters 

under multiple performance criteria [14]. Existing studies 

confirm the value of sensor-based monitoring for tool wear 

and degradation using force, vibration, current, and related 

signals [9-11]. Surface-roughness prediction has also 

benefited from machine-learning and sensor-based 

approaches beyond simplified analytical relations [12]. 

Similarly, NSGA-II has been successfully applied to multi-

objective machining optimization [7,8]. However, a key 

limitation remains when independently collected machining 

datasets are combined without preserving differences in 

machine, process, material, and variable meaning. Sensor-

derived features may also be incorrectly treated as pre-

machining decision variables. Therefore, a framework is 

needed that keeps independent datasets separate, restricts 

optimization to controllable variables, and evaluates 

predictive uncertainty before recommending parameters. 

The present study addresses this gap through leakage-

controlled modeling, independent turning and milling 

Abbreviations 

AI      Artificial Intelligence 

ANN      Artificial Neural Network 

CNC      Computer Numerical Control 

CV      Cross-Validation 

DOC      Depth of Cut 

ADOC      Axial Depth of Cut 

GPR      Gaussian Process Regression 

HV      Hypervolume 

LOOCV      Leave-One-Out Cross-Validation 

LOGO      Leave-One-Group-Out 

ML      Machine Learning 

MRR      Material Removal Rate 

MRRproxy       Material Removal Rate Proxy 

NSGA-II      Non-dominated Sorting Genetic Algorithm II 

OAT      One-at-a-Time 

OOD      Out-of-Distribution 

RF      Random Forest 

RUL      Remaining Useful Life 

SHAP      SHapley Additive exPlanations 

SVR      Support Vector Regression 

TOPSIS      Technique for Order Preference by Similarity 
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branches, NSGA-II–TOPSIS decision support, and 

experimental design-support assessment. Although these 

studies demonstrate progress in tool-condition monitoring, 

roughness prediction, and multi-objective optimization, 

several gaps remain. Existing approaches often focus on 

either surface finish or tool life separately, use sensor 

variables as if they were pre-machining decision variables, or 

omit robustness and out-of-distribution screening. This study 

addresses these gaps by developing a leakage-controlled 

surrogate-assisted framework that combines independent 

open datasets, explainable AI, NSGA-II optimization, TOPSIS 

ranking, robustness testing, and Mahalanobis OOD screening. 

3. Methodology  

This study presents a software-only, surrogate-assisted 

framework for CNC machining optimization using two 

independent open datasets. It includes preprocessing, feature 

extraction, leakage-controlled modeling, explainable AI, 

NSGA-II optimization, TOPSIS decision-making, robustness 

analysis, and experimental design-support assessment. The 

turning and milling datasets were modeled independently 

and were not physically merged or coupled within the 

optimization problem.  

3.1 Overall research framework  

The framework included data acquisition, preprocessing, 

predictive modeling, explainability, Pareto optimization, 

TOPSIS ranking, and robustness assessment. The turning 

dataset was used for surface-roughness and productivity 

optimization, whereas the milling dataset was used 

independently for RUL and tool-life monitoring. Tool-health 

predictions were not imposed as constraints on the turning 

optimizer. Because the surface surrogate showed limited 

generalization, continuous NSGA-II solutions were treated as 

exploratory, while the final practical recommendation was 

selected from experimentally observed Pareto-optimal 

turning conditions. Table 1 summarizes the complete 

experimental and reproducibility configuration used in this 

study. The complete computational workflow, from 

independent dataset acquisition to measured Pareto-based 

final parameter selection, is illustrated in Figure 1. 

3.2  Dataset description and acquisition 

Two open machining datasets were used: a milling tool-

life dataset [13] and a turning surface-roughness dataset [14]. 

The final analysis contained 968 milling observations from 14 

tools and 27 turning conditions, forming a complete 

3×3×3design. The datasets were obtained from different 

machining processes and experimental settings. Therefore, no 

row-wise merging or turning-DOC-to-milling-ADOC mapping 

was performed. 

3.3 Data preprocessing and feature extraction 

For the turning dataset, R_a was the primary response, 

while speed, feed, and depth of cut were retained as 

controllable predictors. For the milling dataset, RUL was used 

as the primary prognostic target. The normalized health/life 

index and life-stage classes were retained only as auxiliary 

outcomes. Tool cycle index was excluded from the primary 

RUL model and used only for ablation analysis. 

 

 

3.4 Independent dataset handling and safe integration 

The two datasets were not harmonized at the 

observation or objective-function level. Instead, they formed 

two independent analytical branches: turning for Ra–MRRproxy 

decision support and milling for RUL/tool-life monitoring. 

Milling RUL or health-index predictions were therefore not 

used as turning optimization objectives or feasibility 

constraints. 

3.5 Feature selection and leakage control 

Speed, feed, and depth of cut were the only optimization 

variables. Sensor-derived features were used only for 

prediction, monitoring, or explainability. Feature selection 

was performed inside the training folds to avoid leakage. For 

RUL, the primary configuration used sensor and milling 

metadata without cycle information. 

3.6 AI model development and validation 

Surface models included Dummy Mean, Ridge, response-

surface/Ridge, SVR, GPR, tree-based models, and gradient 

boosting. LOOCV, repeated five-fold cross-validation, nested 

model-selection validation, and 1,000 bootstrap resamples 

were used to quantify generalization and uncertainty because 

the surface dataset contained only 27 conditions. Grouped 

bootstrap resampling with 1,000 repetitions was additionally 

used to quantify uncertainty in unseen-tool performance. For 

RUL prediction, nested feature selection with Extra Trees was 

evaluated using outer leave-one-tool-out validation and inner 

grouped cross-validation. Cycle-only and cycle-included 

models were retained as ablations. 

3.7 Explainable AI, optimization, and decision-making  

Grouped permutation importance was used as the 

primary RUL explainability method, with SHAP retained as 

supplementary descriptive interpretation. NSGA-II was used 

to minimize predicted R_aand maximize MRR_proxy=V_c fa_p. 

Tool health was excluded from the optimization objectives 

and constraints. The final NSGA-II configuration used a 

population size of 100, 200 generations, 30 independent 

seeds, and 20,000 evaluations per seed. Random search 

received the same 20,000-evaluation budget per seed and was 

evaluated independently rather than pooled with the NSGA-II 

Pareto candidates. Hypervolume was calculated in 

normalized two-objective minimization space using the fixed 

reference point [1.1,1.1]. TOPSIS used min–max 

normalization, with R_atreated as a cost criterion and 

MRR_proxy as a benefit criterion. Weight sensitivity was 

evaluated for w_(R_a )=0.05,0.10,…,0.95, with w_MRR=1-

w_(R_a ), and ranking stability was assessed using Spearman 

and Kendall correlations. TOPSIS was also applied directly to 

the measured Pareto alternatives for final practical selection. 

3.8 Robustness, data-support assessment, and 

reproducibility 

Robustness was examined using bootstrap uncertainty, 

repeated optimizer runs, equal-budget random-search 

comparison, TOPSIS weight sensitivity, and one-at-a-time 

parameter perturbation. Experimental support was assessed 

primarily using the complete factorial design and nearest-

observed-condition distance. The normalized factorial 

coverage radius was 0.481611, and candidates with a nearest-

observation distance not exceeding this value were classified 

as interpolation-supported.  
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Table 1. Dataset structure, variables, model settings, robustness tests, and reproducibility parameters used in the study 

Category Item Final configuration Interpretation 
Dataset 1 Milling tool-life 

dataset [13] 
968 observations; 14 tools Independent RUL/tool-life 

analysis 
Dataset 2 Turning surface 

dataset [14] 
27 conditions; 3 × 3 × 3factorial design Surface prediction and 

parameter optimization 
Dataset integration Cross-dataset 

relation 
No row-wise merge; no DOC–ADOC mapping Turning and milling analyzed 

independently 
Surface target Primary response 𝑅𝑎 Surface-quality objective 
Tool-life target Primary response RUL Independent prognostic target 
Decision vector 𝑥 = [𝑉𝑐 , 𝑓, 𝑎𝑝] Cutting speed, feed rate, depth of cut Controllable variables only 

Bounds Search space 𝑉𝑐 = 400–1000; 𝑓 = 0.05–0.16; 𝑎𝑝 = 0.20–0.60 Dataset-bounded optimization 

Surface validation Validation protocol LOOCV, repeated 5-fold CV, nested validation Controls overfitting for 𝑛 = 27 
RUL validation Validation protocol Outer LOGO + inner grouped CV Unseen-tool evaluation 
RUL predictors Primary 

configuration 
Sensor + milling metadata; cycle excluded Cycle retained only for ablation 

Optimizer NSGA-II Population = 100; generations = 200; 30 seeds Final executed settings 
Computational 

budget 
NSGA-II vs. random 

search 
20,000 evaluations/seed each Fair equal-budget comparison 

Objectives Main formulation Minimize predicted 𝑅𝑎; maximize 𝑀𝑅𝑅proxy No HI constraint 

Productivity Relative productivity 
proxy 

𝑀𝑅𝑅proxy = 𝑉𝑐𝑓𝑎𝑝 Not dimensional turning MRR 

Hypervolume Optimizer 
performance 

Normalized exact 2-D HV; reference point = [1.1, 
1.1] 

Consistent optimizer comparison 

TOPSIS Decision analysis Min–max normalization; 𝑤𝑅𝑎
= 0.05–0.95, 𝑤𝑀𝑅𝑅 =

1 − 𝑤𝑅𝑎
 

Weight-sensitivity analysis 

Rank stability Statistics Spearman and Kendall correlations Quantifies ranking sensitivity 
Support assessment Primary method Factorial design support + nearest-observed 

distance; coverage radius = 0.481611 
Interpolation-domain 

verification 
Mahalanobis Secondary method Standardized 𝑉𝑐 , 𝑓, 𝑎𝑝+ Ledoit–Wolf covariance Centrality diagnostic only; no 

rejection threshold 
Practical 

recommendation 
Observed Pareto 

solution 
𝑉𝑐 = 630, 𝑓 = 0.16, 𝑎𝑝 = 0.60; measured 𝑅𝑎 =

0.4263; 𝑀𝑅𝑅proxy = 60.48 

Equal-weight TOPSIS Rank 1 

Robustness OAT analysis ±5% and ±10% perturbations Clipping at bounds reported 
explicitly 

Uncertainty Bootstrap analysis 1,000 metric/group resamples; 500 final-model 
refits 

95% uncertainty assessment 

 

Figure 1. Overall workflow of the proposed AI-driven surrogate-assisted CNC machining optimization framework 
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Mahalanobis distance was retained only as a secondary 

centrality diagnostic using standardized speed, feed, and 

depth of cut with Ledoit–Wolf covariance estimation. The 

previous Mahalanobis threshold of 2.137470 and the 0.95 

safety-margin rule were removed. For OAT analysis, 

requested and realized perturbations were reported 

separately when parameter changes were clipped at 

experimental bounds. These values are reported in Table 1 so 

that the computational study can be reproduced or extended 

under the same assumptions. 

4. Mathematical Modeling  

This section formulates the computational basis of the 
proposed CNC optimization framework. It defines the 
machining decision variables, surface roughness surrogate, 
RUL and auxiliary normalized-life models, productivity proxy, 
multi-objective optimization problem, Pareto dominance, 
TOPSIS ranking, and data-support assessment. All equations 
directly support the implemented workflow and ensure 
dataset-bounded and leakage-controlled parameter selection. 
Because the surface-finish and tool-life datasets were 
obtained from independent turning and milling processes, the 
tool-life model was analyzed separately and was not imposed 
as an optimization objective or constraint. 

4.1 Legal admissibility and procedural safeguards 
The optimization problem was formulated using only 

controllable machining parameters available before 
machining. This leakage-controlled design ensured that the 
optimizer did not use sensor responses or target-derived 
variables as direct decision variables. The machining decision 
vector was defined as: 

𝑥 = [𝑉𝑐 , 𝑓, 𝑎𝑝]
𝑇

             (1)  

where 𝑉𝑐is cutting speed, 𝑓is feed rate, and 𝑎𝑝is depth of cut. 

Based on the observed surface-finish dataset, the search 
space was restricted to: 

400 ≤ 𝑉𝑐 ≤ 1000  

0.05 ≤ 𝑓 ≤ 0.16                             (2) 

0.20 ≤ 𝑎𝑝 ≤ 0.60  

 
These bounds were used to prevent extrapolation beyond the 
available data-supported machining region. 

4.2 Surface roughness surrogate model  
The primary surface-quality response was average 

surface roughness, 𝑅𝑎. A parameter-only AI surrogate was 
used for optimization because it depends only on pre-
machining controllable variables. The surrogate mapping was 
expressed as: 

𝑅𝑎̂ = 𝑔(𝑥)             (3) 

where 𝑔(⋅)denotes the trained surface roughness prediction 
model. The surface-quality objective was therefore 
formulated as: 

𝑓1(𝑥) = 𝑅𝑎̂(𝑥)             (4) 

Although sensor-enhanced models were trained for 
comparison and explainability, they were not used as 
optimization decision models because vibration, force, and 
other sensor features are measured during machining and are 
not direct pre-machining control variables. Because the 
validated surface surrogate showed limited generalization, 
continuous optimization was treated as exploratory, while 

the final practical recommendation was additionally 
supported using experimentally observed Pareto 
alternatives. 

4.3 Tool-health and remaining useful life model 
The milling tool-life dataset was processed at the tool-

cycle level to estimate remaining useful life. For tool 𝑡at cycle 
𝑖, RUL was defined as: 

𝑅𝑈𝐿𝑖,𝑡 = 𝑁end,𝑡 − 𝑁𝑖,𝑡            (5) 

where 𝑁end,𝑡is the terminal recorded cycle for tool 𝑡, and 𝑁𝑖,𝑡is 

the current cycle. A normalized remaining-life index was 
defined as: 

𝐻𝐼𝑖,𝑡 =
𝑅𝑈𝐿𝑖,𝑡

max(𝑅𝑈𝐿𝑡)
            (6) 

The primary prognostic model was expressed as: 

𝑅𝑈𝐿̂ = ℎ(𝑧)             (7) 

where ℎ(⋅)denotes the trained RUL model and 𝑧contains 
milling sensor and metadata features. Cycle progression was 
excluded from the primary RUL model and retained only for 
ablation analysis. The normalized HI was treated as an 
auxiliary remaining-life indicator rather than an independent 
physical wear measurement. 
Since the milling and turning datasets were independently 
collected, neither HI nor RUL was used as a feasibility 
constraint in the turning optimization. 

4.4 Material removal rate 
Productivity was represented using a material-removal-

rate proxy, because complete workpiece-geometry 
information required for dimensional turning MRR was 
unavailable. The proxy was computed as: 

𝑀𝑅𝑅proxy = 𝑉𝑐𝑓𝑎𝑝             (8) 

Because a higher value represents greater relative 
productivity, 

max 𝑀 𝑅𝑅proxy             (9) 

For compatibility with minimization-based multi-objective 
optimization, this was expressed as: 

𝑓2(𝑥) = −𝑀𝑅𝑅proxy(𝑥)           (10) 

Thus, 𝑀𝑅𝑅proxywas interpreted as a relative productivity 

indicator rather than absolute volumetric turning MRR 
because complete workpiece-geometry information was 
unavailable.  

4.5 Multi-objective optimization formulation 
The main optimization formulation treated surface 

quality and productivity as the two active objectives. Tool 
health was not included as a feasibility constraint because it 
was obtained from an independent milling dataset. The 
optimization problem was therefore defined as: 

min
𝑥

𝐹(𝑥) = [𝑅𝑎̂, (𝑥) − 𝑀𝑅𝑅proxy(𝑥)]        (11) 

subject to 

𝑥min ≤ 𝑥 ≤ 𝑥max          (12) 

where 𝑥min and 𝑥max denote the lower and upper bounds 
defined in Eq. (2). HI was excluded from the optimization 
objectives and constraints because the independent milling 
and turning datasets do not provide experimentally 
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supported cross-process coupling between tool health and 
the turning decision variables. 

4.6 NSGA-II and Pareto dominance 
The multi-objective search was solved using NSGA-II. A 

candidate solution 𝑥𝐴 was considered to dominate another 
candidate 𝑥𝐵 if it was no worse in all objectives. 

𝑓𝑘(𝑥𝐴) ≤ 𝑓𝑘(𝑥𝐵), ∀𝑘           (15) 

and strictly better in at least one objective. 

∃𝑘: 𝑓𝑘(𝑥𝐴) < 𝑓𝑘(𝑥𝐵)          (16) 

NSGA-II ranked solutions using non-dominated sorting, 
crowding-distance preservation, and elitist selection. The 
resulting non-dominated solutions represented the estimated 
trade-off between predicted surface roughness and 
𝑀𝑅𝑅proxy. 

The final implementation used a population size of 100, 
200 generations, and 30 independent seeds, corresponding to 
20,000 objective evaluations per seed. Random search used 
the same 20,000-evaluation budget per seed and was 
evaluated independently as a baseline. Hypervolume was 
calculated in normalized two-objective minimization space 
using the fixed reference point [1.1, 1.1]. A paired one-sided 
Wilcoxon signed-rank test across the 30 matched seeds was 
used to assess whether NSGA-II achieved higher hypervolume 
than equal-budget random search. 

4.7 TOPSIS ranking  
After Pareto optimization, TOPSIS was applied to identify 

practical compromise solutions. The final implementation 
used min-max normalization. For the cost criterion 𝑅𝑎, 

𝑟𝑖𝑗 =
𝑥𝑗

max−𝑥𝑖𝑗

𝑥𝑗
max−𝑥𝑗

min           (15) 

whereas for the benefit criterion 𝑀𝑅𝑅proxy, 

𝑟𝑖𝑗 =
𝑥𝑖𝑗−𝑥𝑗

min

𝑥𝑗
max−𝑥𝑗

min           (16) 

The weighted normalized matrix was calculated as: 

𝑣𝑖𝑗 = 𝑤𝑗𝑟𝑖𝑗           (17) 

The ideal best and worst solutions were defined as: 

𝐴+ = {max
𝑖

𝑣𝑖𝑗} , 𝐴− = {min
𝑖

𝑣𝑖𝑗}         (18) 

The separation distances were 

𝑆𝑖
+ = √∑ (

𝑗
𝑣𝑖𝑗 − 𝐴𝑗

+)2,  𝑆𝑖
− = √∑ (

𝑗
𝑣𝑖𝑗 − 𝐴𝑗

−)2       (19) 

The TOPSIS closeness coefficient was calculated as: 

𝐶𝑖 =
𝑆𝑖

−

𝑆𝑖
++𝑆𝑖

−           (20) 

A larger 𝐶𝑖represents a more preferred alternative. 𝑅𝑎was 
treated as the cost criterion and 𝑀𝑅𝑅proxyas the benefit 

criterion. Equal weighting used 0.50/0.50, while weight 
sensitivity was evaluated for 𝑤𝑅𝑎

= 0.05to 0.95in increments 

of 0.05. Spearman and Kendall rank correlations were used to 
quantify ranking sensitivity. 
TOPSIS was also applied directly to the experimentally 
observed Pareto alternatives using measured 𝑅𝑎, which 
formed the basis of the final practical recommendation. 
 
 

4.8 Data-support and Mahalanobis assessment 
Because continuous optimization can generate 

intermediate parameter combinations, experimental design 
support was used as the primary criterion for verifying 
interpolation validity. Each decision variable was normalized 
within its observed range, and the distance to the nearest 
experimental condition was calculated as: 

𝑑min(𝑥) = min
𝑗

∥∥𝑥̃ − 𝑥̃(𝑗)
∥∥2

        (21) 

For the complete factorial design, the corresponding coverage 
radius was 

𝑑support = 0.481611           (22) 

Candidates within the experimental bounds and within this 
coverage radius were considered interpolation supported. 
Mahalanobis distance was additionally calculated as: 

𝐷𝑀(𝑧) = √(𝑧 − 𝜇)𝑇𝛴−1(𝑧 − 𝜇)         (23) 

where 𝑧contains the standardized cutting speed, feed rate, 
and depth of cut, and 𝛴was estimated using the Ledoit-Wolf 
covariance estimator. 
Mahalanobis distance was retained only as a secondary 
centrality diagnostic. The previous threshold of 2.137470 and 
the 0.95 safety-margin rejection rule were therefore removed 
from the final formulation. Final candidate support was 
determined by the experimentally defined interpolation-
support criterion rather than an arbitrary Mahalanobis 
rejection threshold. 

5. Results 

5.1 Dataset and preprocessing results 
The preprocessing stage produced two independent 

analytical spaces. The turning surface-quality dataset 
contained 27 complete machining conditions, representing a 
3 × 3 × 3factorial combination of cutting speed, feed rate, and 
depth of cut. 𝑅𝑎was retained as the primary surface-quality 
response. The milling tool-life dataset contained 968 
observations from 14 tools, with RUL treated as the primary 
prognostic target. The normalized remaining-life index and 
life-stage classes were retained as auxiliary outputs. No row-
wise integration of the turning and milling observations was 
performed, and turning depth of cut was not mapped to 
milling ADOC. Thus, surface-quality optimization and milling 
tool-life prediction remained independent analytical 
branches. The resulting dataset structure, primary targets, 
grouping strategy, and analytical roles are summarized in 
Table 2. 

5.2 Baseline machining analysis 
Baseline analysis was conducted to examine the 

relationship between controllable turning parameters and 
surface roughness. The correlations were generally weak. 
Depth of cut showed the largest Pearson association with 
𝑅𝑎(𝑟 = 0.3707), followed by 𝑀𝑅𝑅proxy(𝑟 = 0.3315). 

However, none of the tested associations reached statistical 
significance at 𝑝 < 0.05. The Pearson coefficients, 95% 
confidence intervals, p-values, and Spearman correlations for 
the controllable variables are reported in Table 3. These 
results also provide an empirical check on the classical 
turning tendency 𝑅𝑎 ∝ 𝑓2/(32𝑟𝑒). Although the analytical 
expression suggests a feed-squared relationship, the present 
dataset did not show statistically significant evidence for this 
tendency (𝑟 = 0.0721,  𝑝 = 0.7210). The absence of tool nose-
radius information prevented a complete dimensional 
comparison.  
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The measured surface-roughness responses across 

cutting speed, feed rate, and depth of cut are visualized in 
Figure 2. 

5.3 Surface roughness model results 
Surface roughness was evaluated using parameter-only 

and comparative models under strict cross-validation. The 

selected fixed parameter-only Ridge model produced LOOCV 

MAE = 0.1077, RMSE = 0.1383, and 𝑅2 = −0.0740. The nested 

model-selection procedure, which additionally accounts for 

model-selection uncertainty, produced MAE = 0.1213, RMSE 

= 0.1617, and 𝑅2 = −0.4692. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For reference, the DummyMean predictor produced MAE 

= 0.1071, RMSE = 0.1385, and 𝑅2 = −0.0784. The 

comparative performance of the selected surface model, 

nested model-selection procedure, and mean-response 

baseline is summarized in Table 4. Bootstrap assessment of 

the fixed Ridge model produced an RMSE interval of 

approximately 0.0957–0.1791 and an 𝑅2interval of 

approximately −0.4498 to −0.0441. The nested procedure did 

not significantly reduce prediction error relative to the mean 

predictor (𝑝 = 0.8901). 

Table 2. Dataset structure used for final model development 

Dataset Observations Primary target Group structure Main use 

Turning surface-quality 27 𝑅𝑎 3 × 3 × 3 machining 
conditions 

Surface prediction and 
parameter decision support 

Milling tool-life 968 RUL 14 tools Independent tool-life 
prognostics 

 

Table 3. Statistical relationships between controllable variables and 𝑅𝑎 

Variable Pearson 𝑟 95% CI 𝑝-value Spearman 𝜌 Significant 

Speed 0.1509 −0.2431 to 0.5021 0.4525 0.2562 No 

Feed 0.0606 −0.3269 to 0.4307 0.7639 −0.0349 No 

Feed2 0.0721 −0.3166 to 0.4400 0.7210 −0.0349 No 

Depth of cut 0.3707 −0.0108 to 0.6580 0.0570 0.2679 No 

𝑀𝑅𝑅proxy 0.3315 −0.0555 to 0.6319 0.0912 0.2315 No 

 

Table 4. Surface-roughness performance under strict validation 

Assessment Model/procedure MAE RMSE 𝑹𝟐 Interpretation 

Fixed parameter 
model 

Ridge 0.1077 0.1383 −0.0740 
Leakage-controlled 
parameter model 

Nested model 
selection 

Outer LOOCV + inner CV 0.1213 0.1617 −0.4692 
Conservative 
generalization estimate 

Reference baseline DummyMean 0.1071 0.1385 −0.0784 Mean-response reference 

 

 

Figure 2. Relationship between measured 𝑅𝑎and cutting speed, feed rate, and depth of cut 
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The negative 𝑅2values indicate that the limited 27-

condition dataset does not support strong out-of-sample 

prediction of 𝑅𝑎from the three controllable parameters alone. 

Importantly, this result was used to define the appropriate 

scope of the model rather than overstate its accuracy. 

Continuous surrogate optimization was therefore retained 

only as an exploratory screening mechanism. To limit 

dependence on the weak surrogate, final parameter selection 

was subsequently anchored to experimentally observed 

Pareto-efficient turning conditions using measured 𝑅𝑎. Thus, 

the practical recommendation does not rely solely on the 

continuous model prediction. The relationship between 

observed and LOOCV-predicted surface roughness is 

illustrated in Figure 3. 

 

Figure 3. Observed versus LOOCV-predicted 𝑅𝑎for the selected 

parameter-only surface model 

5.4 Tool-life model results 
RUL prediction was treated as the primary prognostic 

task for the milling dataset. The final model combined sensor 

information with milling metadata while excluding cycle 

progression from the primary predictor set. Nested feature 

selection with Extra Trees was evaluated using leave-one-

tool-out validation. The model achieved MAE = 23.44 cycles, 

RMSE = 31.39 cycles, 𝑅2 = 0.2383, and NRMSE = 21.07%. The 

grouped-bootstrap 95% interval for 𝑅2was approximately 

−0.0599 to 0.5660, demonstrating positive pooled predictive 

skill but also substantial between-tool heterogeneity.  

 

 

 

 

 

 

 

 

 

 

 

 

 

The auxiliary normalized remaining-life index achieved 

𝑅2 = 0.5083. Because this variable is derived from 

normalized RUL, it was interpreted as an auxiliary prognostic 

representation rather than an independent physical wear 

measurement. The primary RUL, normalized-life, life-stage, 

and cycle-ablation results are summarized in Table 5. 

The no-cycle sensor model also produced significantly 

lower per-tool RUL error than the cycle-only comparator (𝑝 =

0.0101), demonstrating that the sensor information 

contributed prognostic value beyond simple life progression. 

Adding cycle information to the sensor configuration did not 

provide a significant additional reduction in error. 

Accordingly, the RUL model is interpreted as demonstrating 

moderate pooled unseen-tool prognostic capability rather 

than universal tool-life prediction. This interpretation is 

consistent with the strict LOGO evaluation and the observed 

between-tool uncertainty. The observed and leave-one-tool-

out predicted RUL values are compared in Figure 4. The class-

wise prediction pattern of the no-cycle normalized life-stage 

model is shown by the confusion matrix in Figure 5. 

 

Figure 4. Actual versus predicted RUL under leave-one-tool-out 

validation 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5. Final RUL and auxiliary life-stage performance 

Task Feature configuration Validation Performance Interpretation 

Primary RUL regression Sensor + metadata, no cycle LOGO 
MAE = 23.44; RMSE = 
31.39; 𝑅2 = 0.2383 

Moderate unseen-tool 
predictive skill 

Normalized-life index Sensor + metadata, no cycle LOGO 
𝑅2 = 0.5083; RMSE = 
0.2045 

Auxiliary normalized-life 
prediction 

Life-stage classification Sensor + metadata, no cycle LOGO 

Accuracy = 55.06%; 
balanced accuracy = 
56.61%; macro-F1 = 
0.5576 

Secondary life-stage analysis 

Cycle-included 
sensitivity 

Sensor + metadata + cycle LOGO 

Accuracy = 69.01%; 
balanced accuracy = 
70.40%; macro-F1 = 
0.6979 

Ablation only 
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5.5 Explainable AI results 
Explainability analysis was focused on the primary RUL 

model. Grouped permutation importance under held-out-tool 
evaluation was used as the principal interpretation method 
because it remains consistent with the leakage-controlled 
validation design. SHAP analysis of the full-data model was 
retained as supplementary descriptive evidence. The 
permutation analysis showed that current-related features, 
particularly driving-axis current mean and variability 
descriptors, were among the most influential predictors of 
unseen-tool RUL. This indicates that electrical-load behavior 
contained useful degradation information beyond simple 
cycle progression. The overlap between grouped permutation 
importance and descriptive SHAP rankings further indicated 
that several current-related variables were consistently 
identified by both methods. However, SHAP rankings were 
interpreted descriptively rather than as independent 
validation evidence. Grouped permutation importance 
identified current-related descriptors as the dominant 
contributors to unseen-tool RUL prediction. The six highest-
ranked features are summarized in Table 6. 

The three highest-ranked features are mean current 
measurements from the driving X-axis across the three 
electrical phases, indicating that electrical-load behavior 
provided the strongest permutation-based prognostic 
information. Figure 6 presents the grouped permutation-
importance ranking, while Figure 7 provides supplementary 
SHAP-based interpretation of the final no-cycle RUL model. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 5. Confusion matrix for the three-class no-cycle normalized 
life-stage model 

 
 

5.6 Pareto optimization results 
NSGA-II optimization was conducted within the turning 

parameter bounds using a population of 100, 200 

generations, and 30 independent seeds, resulting in 20,000 

objective evaluations per seed. Random search was evaluated 

independently using exactly the same number of evaluations 

per seed. Unlike the previous implementation, random-

search candidates were not pooled with the NSGA-II 

candidates for Pareto ranking or TOPSIS selection. Random 

search served only as an equal-budget benchmarking 

procedure. The median exact normalized two-dimensional 

hypervolume was 

𝐻𝑉NSGA−II = 0.77110  

compared to  

𝐻𝑉Random = 0.74212.  

The median difference was 0.02897, and a paired one-sided 

Wilcoxon test confirmed significantly higher hypervolume for 

NSGA-II (𝑝 = 9.31 × 10−10). The equal-budget performance 

comparison between NSGA-II and random search is 

summarized in Table 7. The result demonstrates that NSGA-II 

searched the fitted roughness–productivity objective space 

more effectively than equal-budget random sampling.  

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Grouped permutation importance for the primary no-cycle 

RUL model 

 

Table 6. Leading grouped permutation-importance features for RUL prediction should be reported as ranked features directly  

Rank Feature Mean RMSE increase Positive folds 

1 Driving-axis X current mean, L1 1.6930 78.6% 

2 Driving-axis X current mean, L2 1.6921 92.9% 

3 Driving-axis X current mean, L3 1.3828 71.4% 

4 Driving-axis X current std., L2 0.5445 71.4% 

5 Spindle current mean, L2 0.5175 57.1% 

6 Driving-axis X current std., L1 0.4290 50.0% 
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Figure 7. SHAP summary for the final full-data no-cycle RUL model 

It should not be interpreted as independent physical 

validation of the continuous machining settings because the 

surface surrogate itself showed limited predictive 

generalization. The fitted roughness–productivity trade-off 

and the seed-wise hypervolume comparison are presented in 

Figure 8. 

5.7 TOPSIS and final parameter selection 
Because the surface surrogate showed limited out-of-

sample predictive capability, practical parameter selection 
was based on the experimentally observed Pareto-efficient 
turning alternatives rather than relying solely on a 
continuous surrogate optimum. Under equal TOPSIS 
weighting, 𝑤𝑅𝑎

= 0.50, 𝑤𝑀𝑅𝑅 = 0.50, the highest-ranked 

measured condition was 𝑉𝑐 = 630,  𝑓 = 0.16,  𝑎𝑝 = 0.60, 

with Ra=0.4263, and 𝑀𝑅𝑅proxy = 60.48. 

Its TOPSIS score was approximately 0.6498, giving it 
Rank 1 under the balanced equal-weight scenario. The 
TOPSIS weight sweep showed that candidate preference 
changed according to the relative importance assigned to 
surface quality and productivity. The selected balanced 
recommendation achieved Rank 1 in 4 of the 19 weighting 
scenarios (21.1%) and remained within the top three in 16 of 
19 scenarios (84.2%). Thus, the recommendation should not 
be described as universally invariant to weighting. Instead, it 
represents a balanced compromise that remains highly 
ranked over most of the examined preference range.  

 

Strong productivity weighting favored the maximum-
productivity conditions, whereas strong surface-quality 
weighting shifted the preference toward low-𝑅𝑎 alternatives. 
Spearman and Kendall rank analyses similarly confirmed that 
the ordering of candidates changed as criterion priorities 
changed. The measured-versus-surrogate audit further 
justified the empirical selection strategy. At the selected 
condition, measured 𝑅𝑎 = 0.4263, whereas the fitted 
surrogate predicted approximately 0.5292, corresponding to 
an overprediction of approximately 24.1%. At the 
experimentally observed maximum-productivity condition 
(1000, 0.16, 0.60), measured 𝑅𝑎 = 0.7917, whereas the 
surrogate predicted approximately 0.5357, corresponding to 
an underprediction of approximately 32.3%.  

These discrepancies provide quantitative evidence for 
treating continuous surrogate solutions as exploratory and 
using measured Pareto observations for the final practical 
recommendation. The equal-weight TOPSIS ranking of the 
seven experimentally observed Pareto-efficient turning 
alternatives is reported in Table 8. With 𝑤𝑅𝑎

= 𝑤𝑀𝑅𝑅 = 0.50, 

the condition 𝑉𝑐 = 630, 𝑓 = 0.16, and 𝑎𝑝 = 0.60achieved the 

highest TOPSIS score of 0.6498 and was therefore selected as 
the balanced practical recommendation. Complete rankings 
across all 19 weighting scenarios are provided in Table 8. 
Figure 9 demonstrates multi-panel final decision analysis. 

5.8 Robustness and reliability results 
Robustness assessment included surface-model 

uncertainty, RUL uncertainty, optimizer repeatability, TOPSIS 
sensitivity, local perturbation analysis, and experimental-
domain support. The primary design-support analysis 
showed that all 1,252 pooled NSGA-II Pareto candidates 
remained inside the interpolation-supported factorial region. 
The maximum normalized nearest-observation distance was 
0.3159, which was below the factorial coverage radius of 
0.4816. Consequently, the support assessment accepted 
1,252 of 1,252 candidates, with no candidate rejected. This 
result indicates that the search remained within the 
experimentally covered interpolation region. The support 
test should therefore be interpreted as confirmatory rather 
than selective. Mahalanobis distance was retained as a 
secondary measure of multivariate centrality.  

 
 
 

 
Figure 8. Multi-panel optimization performance: (a) predicted Ra–MRRproxy tradeoff and final candidate structure; (b) equal-budget hypervolume 

comparison between NSGA-II and random search 
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Table 7. NSGA-II versus equal-budget random-search performance 

Measure NSGA-II Random search 
Seeds 30 30 
Evaluations per seed 20,000 20,000 
Median hypervolume 0.77110 0.74212 

Hypervolume difference 0.02897 — 

Paired Wilcoxon 𝑝 9.31 × 10−10 — 

Pooled NSGA-II nondominated candidates 1,252 — 

 

Table 8. Equal-weight TOPSIS ranking of experimentally observed Pareto-efficient turning alternatives 

Rank 𝑽𝒄 𝒇 𝒂𝒑 Measured 𝑹𝒂 𝑴𝑹𝑹𝐩𝐫𝐨𝐱𝐲 TOPSIS score 

1 630 0.16 0.60 0.4263 60.48 0.6498 

2 1000 0.16 0.40 0.4533 64.00 0.6463 

3 630 0.16 0.40 0.4190 40.32 0.5372 

4* 1000 0.05 0.20 0.2830 10.00 0.5000 

4* 1000 0.16 0.60 0.7917 96.00 0.5000 

6 1000 0.05 0.40 0.4000 20.00 0.4603 

7 400 0.10 0.40 0.3840 16.00 0.4582 

 

Figure 9. Multi-panel final decision analysis: (a) equal-weight TOPSIS ranking of observed Pareto alternatives; (b) TOPSIS winner/rank 

sensitivity across 𝑤𝑅𝑎
= 0.05–0.95; (c) measured versus surrogate 𝑅𝑎 comparison 
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The maximum observed Mahalanobis distance among 
the Pareto candidates was approximately 2.1907. No 
candidate was rejected using the previous threshold of 
2.137470, because the final methodology no longer uses 
Mahalanobis distance as the primary acceptance criterion. 
One-at-a-time sensitivity analysis evaluated ±5%and 
±10%changes around the selected condition. Positive 
perturbations in feed and depth of cut exceeded their 
experimental upper bounds and were consequently clipped. 
Overall, 4 of the 15 evaluated OAT cases were bound-clipped 
and requested and realized changes were reported 
separately.  

Surface-model refit uncertainty was additionally 
evaluated using 500 bootstrap refits. At the final condition, 
the predicted 𝑅𝑎distribution produced an approximate 95% 
interval of 0.4765–0.5937. The experimentally measured 
value, 𝑅𝑎 = 0.4263, was below this interval. This result 
reinforces that the bootstrap interval represents model-refit 
uncertainty rather than experimental repeatability or 
prospective physical validation. A consolidated summary of 
model uncertainty, optimizer performance, ranking 
sensitivity, experimental support, and local robustness is 
provided in Table 9. 

Overall, the results show that the framework provides a 
transparent pre-laboratory decision-support process rather 
than an experimentally validated global optimizer. NSGA-II 
demonstrated statistically superior search efficiency on the 
fitted objective space, the independent RUL branch provided 
moderate sensor-based prognostic capability, and the use of 
measured Pareto alternatives reduced reliance on the limited 
surface surrogate. The final balanced recommendation was 
therefore 𝑉𝑐 = 630, 𝑓 = 0.16, and 𝑎𝑝 = 0.60, with measured 

𝑅𝑎 = 0.4263and 𝑀𝑅𝑅proxy = 60.48. The robustness of the 

optimized solutions was further examined through 
experimental design-support analysis, Mahalanobis 
centrality assessment, and local OAT perturbation testing, as 
shown in Figure 10. The design-support analysis confirmed 
that the candidate solutions remained within the 
interpolation-supported experimental region, while 
Mahalanobis distance was used only as a secondary centrality 
diagnostic. The OAT analysis further showed the effect of 
parameter-bound clipping by distinguishing between the 
requested and actually realized perturbations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

6. Discussion 

The findings indicate that the proposed framework 
should be interpreted as a data-supported pre-laboratory 
decision-support approach rather than a fully validated 
predictive optimizer. For surface roughness, the parameter-
only Ridge model achieved LOOCV 𝑅2 = −0.0740, while 
nested model-selection validation produced 𝑅2 = −0.4692. A 
negative 𝑅2indicates that the model underperformed mean-
response prediction for unseen conditions. Moreover, the 
nested procedure did not significantly reduce prediction 
error relative to the mean predictor (𝑝 = 0.8901). These 
findings demonstrate that the 27-condition turning dataset 
provides insufficient evidence for claiming reliable 
continuous surface-response prediction. Consequently, the 
NSGA-II-generated continuous solutions were treated as 
exploratory, and the final decision was anchored to 
experimentally measured Pareto-efficient conditions. This 
conservative interpretation is consistent with recent 
explainable data-driven approaches to machining-response 
modeling [15]. The independent milling branch provided 
stronger, although still heterogeneous, prognostic evidence. 
The no-cycle RUL model achieved 𝑅2 = 0.2383, MAE = 23.44 
cycles, and RMSE = 31.39 cycles under leave-one-tool-out 
validation. Its grouped-bootstrap 𝑅2interval of approximately 
−0.0599 to 0.5660 indicates substantial between-tool 
variability. Nevertheless, sensor information significantly 
reduced per-tool RUL error relative to the cycle-only 
comparator, supporting the use of electrical-load descriptors 
for condition monitoring. This process-specific interpretation 
is consistent with physics-informed tool-wear modeling [16]. 

NSGA-II achieved a median normalized hypervolume of 
0.7711 compared with 0.7421 for equal-budget random 
search, with a median improvement of 0.02897. The paired 
one-sided Wilcoxon test confirmed significantly better search 
performance. This demonstrates improved exploration of the 
fitted roughness–productivity space, consistent with 
evolutionary machining optimization [17,18], but does not 
compensate for the limited generalization of the surface 
surrogate. For practical selection, equal-weight TOPSIS 
identified 𝑉𝑐 = 630, 𝑓 = 0.16, and 𝑎𝑝 = 0.60, with measured 

𝑅𝑎 = 0.4263and 𝑀𝑅𝑅proxy = 60.48. The condition remained 

within the top three in 84.2% of tested weighting scenarios, 
although it achieved Rank 1 in only 21.1%, demonstrating 
useful but preference-sensitive stability.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 9. Final robustness and reliability summary 

Assessment Main result Interpretation 

Surface nested validation 𝑅2 = −0.4692; 𝑝 = 0.8901vs DummyMean Limited parameter-only generalization 

Primary RUL LOGO 𝑅2 = 0.2383; 95% CI approximately −0.0599 to 
0.5660 

Moderate pooled unseen-tool capability 

NSGA-II benchmark HV 0.7711 vs 0.7421; 𝑝 = 9.31 × 10−10 Superior surrogate-space search 

TOPSIS sensitivity Selected condition top-3 in 84.2% of weight scenarios Balanced but preference-sensitive 

Design support 1,252/1,252 candidates supported Search remained within interpolation 
domain 

Maximum nearest distance 0.3159 vs radius 0.4816 Within factorial coverage 

OAT sensitivity 4/15 cases clipped Boundary effects explicitly accounted for 

Surface bootstrap 95% interval 0.4765–0.5937 Model uncertainty, not physical validation 
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The separation of sensor-based monitoring from pre-

machining optimization is also consistent with multi-sensor 
prognostic and fused-feature studies [19,20]. The principal 
limitations are the small 27-condition surface dataset, the use 
of independent turning and milling datasets, reliance on 
𝑀𝑅𝑅proxyrather than dimensional MRR, between-tool 

variability in RUL prediction, and the absence of prospective 
physical validation. Future work should acquire surface-
quality and tool-wear measurements from the same 
machining system, incorporate force, temperature, chatter, 
tool geometry, and wear constraints, and compare NSGA-II 
with MOEA/D, MOPSO, and Bayesian optimization. Releasing 
the preprocessing, validation, and optimization scripts where 
licensing permits would further improve reproducibility.  

7. Conclusion 

This study developed a leakage-controlled, surrogate-
assisted framework for multi-objective CNC machining 
decision support using two independent open datasets. The 
turning dataset was used for surface-roughness and 
productivity analysis, whereas the milling dataset was used 
independently for RUL and tool-life monitoring. No row-wise 
merging or cross-process DOC–ADOC mapping was 
performed, and milling-derived tool-health information was 
not imposed as a turning optimization objective or constraint. 
Strict validation showed that the parameter-only surface 
surrogate had limited out-of-sample generalization; 
consequently, continuous NSGA-II solutions were interpreted 
as exploratory rather than experimentally validated optima. 
In contrast, the no-cycle RUL model demonstrated moderate 
pooled unseen-tool predictive capability under leave-one-
tool-out validation. NSGA-II also achieved significantly higher 
hypervolume than equal-budget random search in the fitted 

 
 

 
 

roughness–productivity objective space. To reduce 
dependence on the weak surface surrogate, final selection 
was based on experimentally observed Pareto-efficient 
conditions. Equal-weight TOPSIS identified 𝑉𝑐 = 630, 𝑓 =
0.16, and 𝑎𝑝 = 0.60, with measured 𝑅𝑎 = 0.4263and 

𝑀𝑅𝑅proxy = 60.48, as the balanced practical 

recommendation. Experimental design support confirmed 
that optimized candidates remained within the interpolation-
supported region, while Mahalanobis distance was retained 
only as a secondary diagnostic. Overall, the framework 
provides transparent pre-laboratory screening and decision 
support, while prospective same-process physical validation 
remains necessary before industrial deployment. 
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Figure 10. Robustness assessment using (a) design-support ratio, (b) Mahalanobis distance, and (c) OAT perturbation analysis 
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