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Abstract — This paper presents a data-driven multi-objective optimization of a valve-seat
lapping process by varying spindle speed, axial force, and lapping time using a three-level full-
factorial design (3% = 27 operating conditions). Each condition was replicated three times (n =
81), where the mean response at each design point was used for modelling and optimization,
while replicate data supported pure-error diagnostics. Four responses are optimised
simultaneously: leakage time (t;0qx), surface roughness (Ra), electrical energy (E), and wear
volume (V,.q,). Quadratic response surface methodology (RSM), a regularized artificial neural
network (ANN), and a random forest (RF) regressor are developed as surrogate models and
evaluated using repeated 5-fold cross-validation (20 repeats), reported as out-of-fold mean £ SD
for R2and RMSE. The quadratic RSM achieves the most consistent accuracy across all responses
(R?=0.95-0.99), outperforming ANN and RF in this low-dimensional, smoothly varying design
space. The surrogates are then coupled with NSGA-II to generate Pareto fronts, and optimization
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quality is quantified using a normalized hypervolume indicator. RSM-based optimization yields
the highest and most stable hypervolume (HV =0.74 + 0.01), compared with ANN (0.71 £ 0.02)
and RF (0.66 = 0.03). Mechanically, increasing speed/force/time generally improves sealing
performance (higher t;..) and reduces Ra, but at the expense of higher E and V,eqr;
representative conservative, balanced, and aggressive regimes provide practical operating
guidance. Overall, for the present dataset and within the tested bounds, classical quadratic
response surfaces offer a reliable and interpretable basis for multi-objective optimisation, while
more flexible machine-learning surrogates provide no clear advantage.

1. Introduction

Poppet valves and their mating seats are critical components of internal combustion engines because they govern gas
exchange, combustion stability, and overall thermal efficiency [1]. The valve—seat pair's ability to maintain a tight seal
under cyclic thermal and mechanical loading directly influences volumetric efficiency, fuel consumption, exhaust
emissions, and valve durability [2]. Any imperfection on the contact band, such as misalignment, waviness, or residual
machining marks, can lead to leakage, local overheating, and accelerated wear of both the valve and seat insert.
Consequently, the finishing operation applied to the valve seat region is an important step in engine remanufacturing and
workshop practices [3]- [4]. Lapping is.widely used as a low-cost finishing process to improve valve-seat conformity and
surface integrity [4] - [5]. In typical workshop conditions, manual lapping is carried out using abrasive paste and a hand
tool, and the final quality is highly dependent on the skill and consistency of the operator [3]. Such a manual process
tends to produce large variability-in.sealing performance, surface roughness, and valve wear, while the consumed energy
and processing time are rarely measured or optimized. In addition, the contact mechanics during lapping are complex: the
interaction between spindle speed, axial load, and lapping duration determines the real area of contact, local temperature,
and material removal mode, which together control the tribological response and the energy demand of the process [5],
[6]. To overcome the limitations of manual lapping, several studies have proposed semi-automatic or fully automatic
lapping machines equipped with controlled spindle speed and adjustable axial force [7]-[9]. Much published work has
focused on design and pratotyping or on single-objective optimization of surface roughness or flatness, often using design
of experiments (DOE) and statistical techniques such as Taguchi methods or response surface methodology (RSM) [10],
[11]. In these studies, low-order polynomial models approximate the relationship between process parameters and a
limited set of quality indicators, and the operating point is selected by minimizing surface roughness or maximizing a
composite quality index. However, automatic lapping of engine valves is an intrinsically multi-objective problem. The
process must balance several conflicting goals simultaneously, including high leakage time (good sealing), low surface
roughness, low energy consumption, and low valve wear. Selecting a single optimum point can be misleading if this trade-
off is not explicitly considered [12]. Therefore, multi-objective optimization algorithms, such as the non-dominated
sorting genetic algorithm 11 (NSGA-II), have attracted increasing interest in machining and tribology research [13], [14].
By generating a Pareto front of non-dominated solutions, such algorithms allow engineers to visualize trade-offs and
choose operating conditions that satisfy different priorities, for example, between surface integrity and specific energy
consumption [15]. In previous work, the authors developed an automatic valve lapping rig, instrumented it for leakage
time, surface roughness, electrical energy, and valve wear, and used RSM combined with NSGA-II to obtain optimal
combinations of spindle speed and axial load for multi-objective tribological and energy optimization. The results showed
that multi-objective optimization can significantly improve sealing performance while controlling energy usage and wear;
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however, the accuracy of the optimization strongly depends on the fidelity of the underlying surrogate model linking
inputs to outputs.

Classical RSM represents process behavior using second-order polynomials in coded variables [10] - [11]. This
approach is attractive because of its simplicity and transparent coefficients; however, it has well-known limitations when
the true process response is highly non-linear, exhibits strong interaction effects, or shows local saturation behavior [16].
Under these conditions, the polynomial model can misrepresent the curvature of the response surface, especially near the
boundaries of the design space or close to the optimum region, which in turn affects the quality of the Pareto front
predicted by NSGA-II. Recent advances in data-driven modeling for manufacturing processes have demonstrated that
machine learning (ML) surrogates, such as artificial neural networks (ANN), random forest regression, and Gaussian
process regression, can capture complex input—output relationships with higher accuracy than low-order polynomials,
provided that a suitable experimental design and proper regularization are used [17]-[20]. The use of ML-based surrogates
for the multi-objective optimization of finishing operations is limited in the specific context of engine valve lapping. Most
reported studies either use ML to predict a single response (typically surface roughness or material removal rate) or focus
on conventional grinding and milling rather than low-speed abrasive lapping [17], [21] - [22]. Systematic comparisons
between RSM and ML surrogates, using the same experimental data and the same multi-objective optimization
framework, are particularly scarce for valve and seat lapping, where tribological phenomena are.dominant [19], [21].
Therefore, it is necessary to investigate whether ML surrogates can provide more accurate predictions of tribological and
energy responses in valve lapping, and how these improvements affect the shape and diversity.of the Pareto front obtained
by NSGA-II.

Research gap and novelty in valve-seat lapping are inherently multi-objective because sealing performance, surface
integrity, energy consumption, and wear can conflict. However, prior studies on lapping/finishing and related machining
optimization still leave several gaps when the goal is a practical, energy-aware optimization for valve-seat lapping.
Limited studies report a single integrated dataset that simultaneously covers' leakage/sealing performance, surface
roughness, energy use, and wear for valve-seat lapping. Head-to-head benchmarking of quadratic RSM versus ML
surrogates (e.g., ANN/RF) using the same valve-seat lapping dataset and the same optimization framework is rarely
presented. The influence of surrogate fidelity on Pareto-front quality is seldom quantified, which reduces confidence
when converting optimization results into reliable operating windows. To clarify the research gap and position the novelty
of this work, Table 1 summarizes representative studies that combine design of experiments (DOE) and/or response
surface methodology (RSM) with machine-learning” (ML) surrogate modelling and multi-objective optimization
(including NSGA-II) in machining and finishing contexts. The comparison focuses on (i) process domain and controllable
factors, (ii) surrogate type and validation strategy, (iii) objective formulation and optimization algorithm, and (iv) the
extent to which engineering interpretation and practical operating windows are reported. This structured mapping is used
to identify what is still under-addressed for valve—seat lapping and to motivate the methodological choices adopted in the
present study.

As shown in Table 1, prior studies commonly emphasize optimization performance but frequently provide limited
justification when datasets are small, apply. validation schemes that are not robust to data scarcity, and offer only brief
mechanical explanations of the observed trade-offs. In contrast, the present study contributes (1) a controlled 32 factorial
lapping dataset with replicates enabling pure-error diagnostics, (2) a fair surrogate comparison (quadratic RSM vs.
regularized ANN vs. RF) under repeated cross-validation with uncertainty reporting (mean = SD), and (3) NSGA-II-
based Pareto optimization complemented by hypervolume assessment and an engineering interpretation of speed—force—
time effects to define practical operating regimes. These elements directly address the remaining gaps identified in the
literature and strengthen the reliability and applicability of the proposed optimization framework within the investigated
bounds of this study. The novelty of this study is a controlled 27-run (3-level full-factorial) valve-seat lapping dataset and
a joint model.of tieax, Ra, energy, and wear volume as functions of speed, force, and lapping time. We uniquely benchmark
RSM, ANN, and RF under a consistent validation protocol and couple the surrogates with NSGA-II to obtain trade-off
solutions. The contribution is not only the optimal settings, but also an operationally meaningful operating-window
guidance derived from multi-objective trade-offs. To address these gaps, this study used an automatic valve lapping
machine to generate experimental data under controlled combinations of spindle speed, axial force, and lapping time.
Four key responses were measured for each experiment: valve seat leakage time, surface roughness of the contact band,
electrical energy consumption, and valve material wear volume. These data were used to build and compare several
surrogate models, including a quadratic RSM model and selected ML model. The predictive performance of each
surrogate was evaluated using standard error metrics, and the best-performing models were then coupled with NSGA-II
to perform multi-objective optimization. The resulting Pareto fronts for RSM-based and ML-based optimization were
analyzed and compared in terms of coverage, spread, and practical engineering implications.

The main contributions of this work are threefold. First, it provides an experimental dataset that simultaneously
characterizes sealing performance, surface quality, energy consumption, and wear for an automatic engine valve lapping
process using workshop-scale hardware. Second, it presents a comparative study of RSM and ML surrogates for
modelling these responses as functions of spindle speed, axial force, and lapping time. Third, it demonstrates the
integration of ML surrogates with NSGA-I11 for multi-objective tribological and energy optimization and discusses how
the improved model fidelity can lead to different recommendations for practical operating windows in engine
remanufacturing and repair workshops.
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Table 1. Research gap and clearly position the novelty of study

Validation metrics

Study RSM/ML surrogate  Optimiser Dataset size Objectives (examples) reported Main output Gap relative to this work
Senthilkumar etal., RSM-type NSGA-I1I 31 runs Produc-tivity quality ANOVA/DOE-style  Pareto set for Not valve lapping; no
2012 (ECM). regression (experimental table)  trade-off (e.g., MRR significance checks process parameters sealing/leakage, no energi
vs surface integrity) wear quartet; no surrogate
comparison
Lietal, 2019 RBF surrogate + NSGA-I1I 30 samples (LHS) Multi-objective EDM  CV-based accuracy Surrogate-based Different process domain;
(EDM) comparison vs optimisation (R2,errors) Pareto front does not include
PRS/SVR/ Kriging sealing/leakage and
workshop lapping constraints
Zhou et al., 2019 GBRT surrogate GA-based 60 trials Parameter RMSE/MAD/MAPE  Predicted optimum Not NSGA-II; nota
(cutting parameter- optimisation optimisation with ICV etc. cutting parameters tribology-dominated lapping
optimisation). roughness-focused problem; no energy—wear—
modelling sealing coupling
Khan et al., 2019 GRA + RSM NSGA-I1I L27 experiment Energy-aware R2 reported (very Optimum setting + Not valve-seat lapping; does
(machining energy machining high) Pareto reasoning not benchmark ML
focus). optimisation surrogates under same DOE
Li et al., 2023 LSTM-MLP NSGA-II 300 experiments Max MRR, min Sa, MAPE prediction Multi-objective Large dataset regime; not
(grinding robot). surrogate min power accuracy Pareto solutions comparable to small
workshop-scale lapping
datasets; no RSM-vs-ML
benchmark on same data
Tang et al., 2025 Energy model + NSGA-I1I 15 CCD Min energy with Ra R2~0.9996 Recommended Different process; single/dual
(turn-mill energy RSM (Ra) experiments constraint operating point + response focus vs 4-response
model). validation lapping (leakage—roughness—
energy—wear)
Zhang et al., 2024 (Primarily Improved NR (experimental Improve roughness Benchmark-function ~ More convergent Not surrogate-focused; no
(hard turning). optimisation- NSGA-I1I validation included) &MRR trade-off performance + Pareto set vs discussion of surrogate
algorithm focused; machining baseline algorithms fidelity effects on Pareto
modelling not verification quality
central)
Zhang et al., 2014 RSM/empirical Hybrid PSO NR Multi-objective NR Pareto-based Not NSGA-II; not valve
(surface grinding). modelling (context: ~ (multi- grinding optimisation optimisation lapping; lacks energi wear
grinding objective) sealing dataset linkage
optimisation)
This study RSM vs ANN vs NSGA-II 27 tests (full Maximise t_leak; Test-set R/RMSE (+ Pareto fronts + Addresses the above gaps in
(valve-seat lapping)  RF (same 27-run (consistent factorial) minimise Ra, E, MAE), predicted-vs-  operating regimes one unified framework
DOE) settings) V_wear measured; Pareto (conservative/balanc

hypervolume

ed/aggressive)
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2. Materials and Methods

2.1 Workpiece Materials and Lapping Compound

The experiments were conducted on exhaust poppet valves and their corresponding valve seats from a small four-stroke
spark-ignition engine typically used in motorcycle applications [23]. The valves were made of martensitic steel with a
nominal head diameter of 28-30 mm and a 45° seating angle, whereas the valve seats were gray cast-iron inserts pressed
into an aluminum cylinder head. Prior to lapping, all seats were re-machined using a standard seat cutter so that the contact
band width and initial surface roughness were within a repeatable range [24]. A commercially available petroleum-based
lapping paste containing fused aluminum oxide abrasives with a medium grit size was used for all tests, following
common workshop practices [25]. For each experimental run, a fresh quantity of paste was applied to the valve seat to
minimize the influence of abrasive degradation and contamination on the results. After each run, the valve and seat were
thoroughly cleaned with a solvent and dried using compressed air.

2.2 Automatic Valve Lapping Machine

An automatic valve lapping machine was developed to provide controlled spindle motion and axial-loading under
workshop-scale conditions. The machine comprised a welded steel frame, vertical spindle assembly, axial loading
mechanism, and fixture to hold the cylinder head. The overall concept follows that of previously reported automatic
lapping rigs for small engines [26], but with extended instrumentation for energy and wear measurement. A 24 VV DC
geared motor was used to drive the spindle through a flexible coupling. The spindle speed was-adjustable in the range of
200-600 rpm using pulse-width modulation (PWM) generated by a microcontroller and applied usingan H-bridge motor
driver [27]. The valve stem was clamped in a collet chuck at the lower end of the spindle so that the valve head could be
pressed against the seat of the cylinder-head fixture. An axial force was applied along-the spindle axis using a calibrated
compression spring and a lever mechanism. The spring preload was adjusted using a threaded handwheel and verified
using a load cell mounted in line with the spindle. This arrangement allowed the axial force to be set and maintained at
nominal values of 30, 60, and 90 N during lapping. The cylinder head fixture.ensured the repeatable positioning of the
valve relative to the seat and allowed the quick replacement of valves between runs.

Control

driver module \

Cylindrical
electric motor

Figure 1. automatic valve lapping machine and cylinder head fixture

2.3 Instrumentation and Data Acquisition

The lapping machine was instrumented to measure the spindle speed, axial force, electrical energy consumption, and
valve wear. The spindle speed was measured by an incremental optical encoder mounted on the motor shaft and read by
the microcontroller [28]. The axial force was measured by a compact compression load cell integrated in the loading path;
its analog output was conditioned using a Wheatstone bridge amplifier and digitized by a 12-bit analogue-to-digital
converter. Electrical power consumption during lapping was obtained from simultaneous measurements of motor voltage
and current. The supply voltage was measured using a resistive divider, while the current was measured by a Hall-effect
current sensor placed in series with the motor, a configuration widely used in low-voltage drive monitoring [29]. Both
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signals were sampled at a fixed rate and recorded over the entire lapping duration. The instantaneous power P(t) =
V(t)I(t)was computed, and the electrical energy Ewas obtained by numerical integration. Valve wear was quantified
gravimetrically. Each valve was cleaned, dried and weighed on an analytical balance with 0.1 mg resolution, both before
and after lapping. The difference in mass Amwas converted into wear volume V,,.using the nominal density pof the valve
material [30]:
Am

Vwear = 7 (1)
All sensor signals were acquired using a microcontroller-based data acquisition system and transferred to a host computer
via USB. Custom MATLAB scripts were used to integrate the power signals, compute electrical energy and organise the
data matrix for subsequent modelling and optimisation.

2.4 Experimental Design and Lapping Procedure

A three-factor, three-level full-factorial design was adopted to examine the combined effects of spindle speed, axial force,
and lapping time on the tribological and energy responses of the SiC MOSFETSs [31]. The factors and their levels are
listed in Table 2. The combination of the three factors at three levels produced 33 = 27 distinct operating conditions. For
each condition, lapping was performed on a separate valve using a fresh application of lapping paste. The run order was
randomized to reduce the influence of uncontrolled trends, such as temperature drift or gradual tool wear [32]. For each
operating condition, the lapping cycle was repeated three times, and the measured responses were averaged to obtain
representative values.

Table 2. Process factors and levels used in the lapping experiments

Factor Symbol Levels
Spindle speed (rpm) (n) 200, 400, 600
Axial force (N) (F) 30,60, 90
Lapping time (s) ®) 30, 60, 90

2.5 Measurement of Response Variables

Four response variables were evaluated for each operating condition: leakage time, surface roughness, electrical energy
consumption and valve wear volume. Leakage time. Sealing performance was assessed using an air leakage test based on
a pressurized chamber with known volume, similar to procedures reported for small engine valves [33]. The lapped valve
and cylinder head were mounted in a dedicated test fixture connected to a pressure reservoir. The chamber behind the
valve was pressurized to a preset gauge pressure and then isolated from the supply. A pressure transducer recorded the
pressure decay over time as air leaked past the valve seat. Leakage time t;.,Was defined as the time required for the
pressure to decrease from 90% to 70% of the initial test pressure. A larger t;.,cindicates better sealing. Surface roughness.
The surface roughness R, of the lapped contact band on.the valve seat was measured using a portable stylus profilometer,
following general recommendations of 1SO roughness standards for machined surfaces [34]. For each seat, three
circumferential profiles were recorded at approximately 120° intervals around the seat. The cut-off and evaluation lengths
were selected to suit the expected roughness range. The reported R,value corresponds to the average of the three
measurements. Electrical energy consumption: Electrical energy Ewas calculated from the recorded voltage and current
signals over the lapping interval. The instantaneous power was obtained as P(t) = V(t)I(t), and energy was computed
by discrete-time integration:

N
E= Z Vie LAt )
k=1

where Viand Iyare the voltage and current samples at time step k, Atis the sampling interval, and Nis the total number of
samples. This approach is widely used in energy analysis of low-voltage drive systems [35]. Valve wear volume. Valve
wear volume Ve, was estimated from the difference in valve mass before and after lapping using the gravimetric method
in Eq. (1). The density of the valve material was taken from manufacturer data and verified on reference coupons [30].
The resulting wear volumes were on the order of 107210~ mm?3, consistent with the mild material removal expected in
finishing operations [36]. In total, 27 operating conditions were tested according to the full-factorial design in Table 2,
resulting in 27 sets of measured responses for leakage time, surface roughness, electrical energy and valve wear. These
experimental data constitute the basis for all modeling and optimization results presented in Sections 3 and 4. For brevity,
the complete numerical dataset is not listed in the main text; it is provided as Supplementary Table S1 and is available
from the corresponding author upon reasonable request.

2.6 Surrogate Modeling

The experimental data were used to construct surrogate models relating the three process inputs (n F- t)to each of the
four responses. Two categories of surrogates were considered: a quadratic response surface model and selected machine
learning models, following common practice in machining and tribology optimization [10], [17], [19]. Each response was
modeled independently. Data preprocessing and reliability-oriented evaluation. Given the limited dataset size, model
generalization was evaluated using repeated k-fold cross-validation rather than a single train—test split. A 5-fold cross-
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validation procedure was repeated 20 times using different random fold assignments (total 100 test folds). Prior to
modeling, all input variables were normalized to zero mean and unit variance within each training fold, and the same
scaling parameters were applied to the corresponding test fold to avoid data leakage. Predictive performance was
quantified using the coefficient of determination R?, root-mean-square error (RMSE), and mean absolute error (MAE)
computed on the test folds. Results are reported as mean + standard deviation across all repeated folds to explicitly reflect
robustness to data partitioning.

2.6.1 Response surface methodology
Quadratic response surface models were constructed using coded variables using the general polynomial form [10]:

3 3
y =0+ Zﬁixi + Zﬁiixzi + Z,(ﬂijxixj 3)
=1 =1 =

The coefficients were estimated using ordinary least squares.

2.6.2 Machine learning surrogates

Two machine learning regressors were used as alternatives: a feed-forward artificial neural network (ANN) and a random
forest (RF) regressor [17], [20]. To reduce the overfitting risk with 27 samples, the ANN architecture was simplified to
one hidden layer with 3-5 neurons (rectified linear unit activation) and a linear output neuron. The network weights were
trained using the Adam optimizer to minimize the mean squared error, with L2 regularization and early stopping based
on the validation loss within each training fold. The RF models were constructed as ensembles of regression trees trained
on bootstrap samples of the training data. Key hyperparameters (e.g., number of trees, maximum depth, and minimum
leaf size) were tuned by grid search using cross-validation on the training folds.

2.6.3 Lack-of-fit test based on pure error
Each experimental condition was replicated thrice (27 design points x 3 replicates, yielding 81 raw measurements). For
modelling and optimization, the mean response at each design point was used; however, the replicate measurements were
retained to estimate the pure experimental error and to conduct a lack-of-fit (LOF) test for the quadratic RSM. The LOF
test separates the residual sum of squares into pure error and lack-of-fit components, allowing an explicit statistical check
of whether the quadratic polynomial is adequate within the investigated operating range. The LOF statistic is computed
as follows:
MS; oF SS

For = 375 —MS = 77 O]
where SSppis obtained from within-replicate variation at each design point, SS;or = SSg — SSpg, dfpg = n —m, and
dfior = m — p. Here, n = 81is the total.number of observations, m = 27is the number of unique design points, and pis
the number of coefficients in the quadratic model.

After cross-validation, each surrogate was retrained on the full dataset using the selected hyperparameters and then
used as the objective-function evaluator within NSGA-II. The resulting surrogates are intended for interpolation within
the experimental bounds of (» F»t)and are not used for extrapolation beyond the tested domain.

2.7 Multi-objective Optimization with NSGA-I1

The selected surrogate models were coupled with the Non-Dominated Sorting Genetic Algorithm 11 (NSGA-II) to explore
trade-offs between tribological performance and energy use [13], [41]. The decision variables were spindle speed n, axial
force Fand lapping time t, considered as continuous within the bounds given in Table 2. Four objectives were defined:
maximise leakage time t,.,;,, minimise surface roughness R, minimise electrical energy E, minimise valve wear volume
V.car- FOr implementation convenience, all objectives were formulated in minimisation form by negating t.,. At each
function evaluation, the surrogate models predicted the four responses, thereby avoiding additional physical experiments
during optimisation. NSGA-Il was implemented with a fixed population size, simulated binary crossover, polynomial
mutation and an adequate number of generations, following standard recommendations in multi-objective evolutionary
optimisation [41], [42]. The same algorithm parameters were used for optimisation based on response surface models and
on machine learning surrogates so that the resulting Pareto fronts could be compared directly in terms of spread,
convergence and practical implications.

2.8 NSGA-II Implementation and Algorithm Parameters

The Non-Dominated Sorting Genetic Algorithm I1 (NSGA-I1) was used to generate Pareto-optimal solutions based on the
surrogate models described in Section 2.6. The decision variables were the three process parameters, spindle speed n,
axial force Fand lapping time t, treated as continuous variables within the bounds given in Table 2. At each function
evaluation, the selected surrogate models (RSM, ANN or RF) returned the four objective values, namely leakage time
tieak, SUrface roughness R, electrical energy Eand wear volume V,.,.. For numerical convenience, the maximisation of
leakage time was converted into a minimisation objective by taking its negative. The NSGA-II implementation followed
the standard procedure proposed by Deb, including (i) random generation of the initial population within the feasible
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design space, (ii) evaluation of objective functions using the surrogate models, (iii) fast non-dominated sorting to classify
individuals into Pareto fronts, (iv) computation of crowding distance within each front, (v) selection of parents using
binary tournament based on rank and crowding distance, and (vi) creation of offspring by simulated binary crossover and
polynomial mutation. The parent and offspring populations were then merged, and the next generation was formed by
selecting the best individuals according to the non-dominated rank and crowding distance until the prescribed population
size was reached. This cycle was repeated for a fixed number of generations. To ensure a fair comparison between
surrogate models, the same NSGA-II settings were used for all optimization runs. Preliminary trials with different
parameter combinations were carried out to verify convergence behavior and population diversity. A population size of
60 individuals and 300 generations provided a good compromise between solution quality and computational effort. The
crossover and mutation probabilities were set to 0.9 and 0.1, respectively, which are typical values in engineering multi-
objective optimization. Each optimization scenario (RSM-, ANN-, and RF-based) was executed 10 times with different
random seeds to account for the stochastic nature of the algorithm. The main NSGA-II parameters are summarized in
Table 3.
Table 3. NSGA-II parameters used

Parameter Symbol Value

Population size (Np) 60

Number of generations (G) 300

Crossover probability (Pc) 0.9

Mutation probability (Pm)) 0.1

Crossover operator - Simulated binary (SBX)
Mutation operator - Polynomial mutation

Parent selection - Binary tournament with ecrowding distance
Number of independent runs per surrogate — 10

These parameter settings were consistently applied to all NSGA-II runs in this study, regardless of the surrogate model
used. This ensures that any differences in the resulting Pareto fronts are primarily due to the surrogate behavior and not
to changes in the optimization algorithm.

3. Results and Discussion

3.1 Behavior of the Measured Responses

The full factorial design described in Section 2.4 produced 27 distinct operating conditions that combined three levels of
spindle speed, axial force, and lapping time. For each condition, four responses were measured: leakage time, surface
roughness, electrical energy, and wear volume. Before constructing surrogate models and performing multi-objective
optimization, it is useful to examine the overall behavior of these measured responses and the extent of variability
generated by the chosen factor levels. Across all experiments, leakage time t,., varies between 1.31 and 10.85 s, surface
roughness R, between 0.213 and 0.506 um, electrical energy E'between 522 and 14 466 J, and wear volume ¥, .,.between
0.036 and 0.212 mm3. These ranges already indicate that the selected operating window is sufficiently wide to produce
noticeable changes in sealing performance, surface quality, energy consumption and material removal, which is desirable
for identifying process trends and for building reliable surrogate models. To provide a compact overview of the spread
and central tendency of each response, Figure 2 presents box-and-whisker plots for ti.,, R, Eand V., The median
leakage time is around 5-6 s, with an interquartile range that reflects substantial variability in sealing performance.
Surface roughness values cluster between 0.30 and 0.40 um, while a few runs achieve roughness below 0.25 um.
Electrical energy and wear volume exhibit wider relative spreads, with several high-energy, high-wear points
corresponding to aggressive lapping conditions. Overall, the boxplots confirm that the dataset captures both mild and
severedapping regimes within.the same design space.
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Figure 2. Box and whisker plots of the measured responses: (a) leakage time t;.,, (b) surface roughness R,

journal.ump.edu.my/jmes 12342



Reinaldi TS et al. | Journal of Mechanical Engineering and Sciences | Volume 20, Issue 3 (2026)

(c) electrical energy E, and (d) wear volume V.,

The main effects of lapping time on leakage time and surface roughness are shown in Fig. 3 for each combination of
spindle speed and axial force. At constant spindle speed and axial force, increasing lapping time generally increases
leakage time and reduces surface roughness. For example, at n = 200rpm and F = 30N, leakage time increases from
131satt=30sto6.14 s at t = 90s, while R,decreases from 0.506 pum to 0.346 um. Similar trends are observed at
higher axial forces and at n = 400and 600 rpm, consistent with the progressive establishment of a conformal contact
band and the removal of residual machining marks during abrasive lapping [34], [36].
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Figure 3. Effect of lapping time on (top row) leakage time t,.,,and (bottom row) surface roughness R, for different
combinations of spindle speed nand axial force F

The combined effects of spindle speed and axial force on leakage time and roughness are illustrated in Fig. 4 using
contour plots at t = 60s. At fixed lapping-time, increasing axial force from 30 to 90 N enhances the real area of contact
and accelerates material removal, which tends to increase t,.,.and decrease R, but also increases wear volume and energy
consumption. For instance, at n = 200rpm and t = 90s, leakage time increases from 6.14 s at 30 N to 10.83 s at 90 N,
while R, decreases from 0.346 um to 0.234 um; however, electrical energy increases from 1621 J to 4890 J and wear
volume from 0.074 to 0.178 mm3. This reflects the classical trade-off between surface quality and tool/workpiece life.

Contour maps of leakage time and surface roughness (t = 60 s)

Leakage time, t,,,, (s), at t = 60 s
90 T T T

3
=
o
560
]
<

%3
=]

30
200

300 400 500
Spindle speed, n (rpm)

6.5

16 g
155
g
=3
55 bl
<
5
45
4

Surface roughness, R, (# m), at t = 60 s
90 -

1042

104

0.36

0.34

0.32

30
600 200

300 400 500
Spindle speed, n (rpm)

600

Figure 4. Contour maps of (a) leakage time t,.,;and (b) surface roughness R, as functions of spindle speed nand axial
force Fat a lapping time of t = 60s
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Figure 5 shows the variation of electrical energy and wear volume with spindle speed and lapping time at F = 60N.
Electrical energy is dominated by the combined influence of speed and time, as expected from the integral of mechanical
power over time, while the effect of axial force is secondary but still noticeable [29], [35]. Increasing n from 200 to 400
rpm yields an approximately proportional increase in energy, whereas the further increase to 600 rpm produces a more-
than-proportional rise, especially at longer lapping times, suggesting mild nonlinearities. Wear volume follows similar
trends, increasing with both speed and time as more material is removed from the contact band.

Contour maps of electrical energy and wear volume (F = 60 N)
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Figure 5. Contour maps of (a) electrical energy Eand (b) wear volume V., as functions of spindle speed nand lapping
time t at a constant axial force of F ="60N

Table 4. Cross-validated predictive performance (repeated 5-fold CV, 20 repeats; mean + SD across 100 test folds)

Response Model R2 (mean +std) RMSE (mean £std) MAE (mean £std)  Unit
Leakage time t;pqx RSM 0.986+ 0.010 0.35+0.08 0.26 + 0.06 S
ANN 0.935+ 0.030 0.82+0.16 0.60 +£0.12 S
(H=5, L2 + early stopping)
RF 0.780+ 0.070 1.60 £0.25 1.20£0.20 S
Surface roughness Ra  RSM 0.985+ 0.012 0.010 + 0.002 0.007 £ 0.001 pHm
ANN 0.885+ 0.050 0.033 + 0.007 0.024 + 0.005 pm
(H=5; L2 + early stopping)
RF 0.720+ 0.080 0.052 +0.010 0.039 + 0.008 pm
Electrical energy E RSM 0.950+ 0.030 700 £ 150 520 £ 110 J
ANN 0.920+ 0.040 860 + 210 660 + 160 J
(H=5, L2 + early stopping)
RF 0.830+ 0.060 1200 + 280 950 + 220 J
Wear volume ¥, e RSM 0.980+ 0.015 0.0060 + 0.0015 0.0045+ 0.0010 mmg2
ANN 0.930+ 0.040 0.012 +0.003 0.009 + 0.002 mm?3
(H=5, L2 + early stopping)
RF 0.800+ 0.070 0.023 + 0.005 0.018 + 0.004 mm?3

3.2 Performance of Surrogate Models

Model performance was evaluated using repeated 5-fold cross-validation (20 repeats) to provide robust estimates under
the 27-point dataset. Table 4 lists the mean + standard deviation of R2, RMSE, and MAE across all repeated folds. Overall,
the quadratic RSM shows the most consistent performance (high mean R2 with small variability), which is expected for
smoothly varying responses within a low-dimensional design space. The simplified ANN achieves competitive accuracy
but remains more sensitive to data partitioning, reflecting the limited sample size relative to model flexibility. The RF
regressor exhibits lower accuracy for smooth, near-quadratic response trends. Table 4 summarizes the typical test-set
performance of the three modelling approaches, averaged over several random splits. For all responses, the quadratic
RSM achieves very high R2,values (generally above 0.95) and small RMSE relative to the range of the data, which
indicates that the response surfaces are smooth and well approximated by second-order polynomials. The ANN surrogates
also reach competitive R? values (= 0.885-0.935 across responses), but do not consistently outperform the quadratic RSM.
This is mainly due to the limited number of experimental points (27 conditions) compared with the number of adjustable
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weights in the neural networks, which makes the networks more prone to overfitting in the low-data regime. The RF
regressors show the lowest accuracy among the three approaches, especially for leakage time and surface roughness,
reflecting the difficulty of tree-based ensembles in approximating smooth, nearly quadratic relationships.

Table 4 summarizes the predictive performance obtained from repeated 5-fold cross-validation (20 repeats), reported
as mean + SD across 100 held-out folds. The quadratic RSM provides the most consistent accuracy across all responses,
while the simplified ANN is competitive for t;qx, E, and V,,.,-but less reliable for Ra. The RF model shows the lowest
accuracy for these near-quadratic relationships; therefore, all surrogates are used for interpolation only within the
experimental bounds and not for extrapolation. Beyond the aggregated cross-validated metrics, the learning curve was
analyzed to examine how the predictive error evolves with increasing training sample size and to highlight the low-data
behavior of each surrogate model.

Learning Curve (RMSE) - Raean

2.5¢ T
—&— RSM (quadratic)
—&—RF
ol ANN )
1.5+ 1

RMSE (test)

1 1
8 10 12 14 16 18 20 22 24

1 . L

Number of training samples (Nyain)

Figure 6. Learning curve of test RMSE versus number of training samples (Nuain) for surface roughness (Ramean),
comparing quadratic RSM, random forest, and artificial neural network. Error bars denote + 1 standard deviation across
the repeated resampling runs

As shown in Figure 6, the RMSE generally decreases and becomes more stable as n.in increases, indicating reduced
variance in the generalization performance. The ANN exhibits the lowest RMSE across most training sizes, whereas RF
remains comparatively less sensitive to training size but yields a higher error; the quadratic RSM shows larger variability
at the smallest training size, suggesting higher sensitivity to limited data.

Figure 7 visualizes the cross-validated R2(mean) obtained from repeated 5-fold cross-validation for all responses and
surrogate models. The quadratic RSM consistently achieves high R? (= 0.95-0.99), indicating that the response trends
within the tested operating window are well captured by a low-order polynomial in the three-factor design space. The
simplified ANN exhibited moderate performance and greater sensitivity to data partitioning; for Ra, its mean R2 (0.885 +
0.050) is markedly lower than that of the quadratic RSM (0.985 + 0.012), consistent with the larger RMSE/MAE reported
in Table 4. RF yielded comparatively lower R? values, consistent with the difficulty of tree-based ensembles in
approximating smooth, near-quadratic relationships from a small dataset. Overall, these results motivate the use of RSM
as the primary surrogate for subsequent NSGA-11 optimization within the experimental bounds.
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Figure 7. Heatmap of cross-validated R2 (mean) from repeated 5-fold CV (20 repeats)

Figure 8 presents out-of-fold (cross-validated) parity plots for the quadratic RSM surrogate under repeated 5-fold
cross-validation (20 repeats), showing predicted versus measured values for t;.qx, Ra, E, and V,,.,,. The dashed line
denotes the identity line, where perfect predictions lie on the line.
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Figure 8. Out-of-fold parity plots for quadratic RSM (repeated 5-fold CV, 20 repeats)

3.3 Statistical Diagnostics and Robustness

Residual diagnostics were conducted to assess the adequacy and robustness of the quadratic RSM surrogate. Specifically,
residuals versus fitted values were inspected to detect.non-linearity and heteroscedasticity, while the residual histogram
and Q-Q plots were used to evaluate the normality assumption..In addition, the distribution of cross-validated prediction
errors was analyzed using repeated 5-fold cross-validation (20 repeats). Since each experimental condition was replicated
three times (81 raw measurements), a lack-of-fit test based on pure error was also performed for the RSM model. The
pure error sum of squares was computed from within-replicate variability at each design point, and the lack-of-fit F-test
was then evaluated using SS,or = SSg — SSpg, With dfpr; = n—mand df, o, = m — p, where nis the total number of
observations, mis the number of unique design points, and pis the number of regression coefficients in the quadratic
model.
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Figure 9. Studentised residuals versus fitted values for the quadratic RSM model using the 81 raw measurements (3
replicates x 27 design points) for t;.q.x, Ra, E, and V..,

Across all responses, the residuals were scattered around zero without pronounced curvature or funnel patterns,
suggesting no strong violation of the linearity and constant variance assumptions within the tested region. Additional
normality checks (histograms and Q-Q plots) and error distributions are provided in Supplementary Materials. Based on
the pure-error lack-of-fit test using 81 raw measurements (3 replicates x 27 points), the quadratic RSM showed a
statistically significant lack-of fit for all responses (Table 5, p < 0.05). This outcome was expected because the replicate
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measurements yielded a very small pure error (high repeatability), making the F-test highly sensitive to even minor
systematic deviations from an exact second-order polynomial. Importantly, statistical significance does not necessarily
imply poor predictive usefulness in practice. The repeated 5-fold cross-validation results (Table 4 and Figs. 7-9) indicate
small out-of-fold errors and high mean R?, supporting the use of the quadratic RSM as an interpolative surrogate within
the investigated operating window. Therefore, optimization was restricted to the tested bounds, and no extrapolation was
performed.

Table 5. Lack-of-fit test (pure error) for the quadratic RSM using 81 raw measurements
(three replicates x 27 design points)

Response SSpp dfee MSpE SSLor dfLor MSLoF Fror Pvalue
tieak 13.6933 54 0.25358 51.0746 17 3.00439 11.8479 1.24E-12
Ra 0.025667 54 0.0004753 0.0202117 17 0.0011889 2.5014 0.00552
E 0.0101333 54 0.00018765 0.0801960 17 0.0047174 25.1388 <lE—-15
Vivear 0.0930667 54 0.00172346 0.210819 17 0.0124011 7.1955 1.10E—08

3.3 Response Surfaces and Influence of Process Parameters

The fitted RSM and ANN models were further analyzed by generating response surfaces and contour plots for selected
pairs of process variables. This allows the combined influence of spindle speed n, axial force Fand lapping time ton the
responses to be visualized more clearly than is possible from the discrete experimental points alone:Figure 9 shows
representative response surfaces of leakage time and surface roughness obtained from the RSM in the (n F)plane at a
fixed lapping time of t = 60 s. For both responses, increasing axial force from 30 to'90'N produces a pronounced increase
in leakage time and a reduction in roughness over the entire speed range. The surfaces become progressively flatter at
high forces, indicating diminishing returns: beyond an intermediate force level, further increases in Fyield smaller
improvements in sealing and surface quality while still increasing energy ‘consumption-and wear. The effect of spindle
speed is weaker but still visible; moving from 200 to 400 rpm generally improves leakage time and roughness, whereas
the additional increase to 600 rpm produces only marginal gains, in agreement with the experimental observations in
Section 3.1.

RSM surface of t, at t = 60 s RSM surface of R, at t = 60 s

8 0.45

0.4

Leakage time, t. (S)
Surface roughness, R, (u m)

0.3
200 30

200

500

80

80
< Axial force, F
90 600 ™ 90 600

Spindle speed, n (rpm) Spindle speed, n (rpm)

Axial force, F (N)

Figure 10. Response surfaces obtained from the quadratic RSM for (a) leakage time t,.,,and (b) surface roughness R,as
functions of spindle speed and axial force at a fixed lapping time of t = 60 s. Symbols indicate the experimental design
points

Figure 11 presents the corresponding ANN-based response surfaces for the same variables and operating plane. The
overall trends are very similar to those of the RSM: leakage time and roughness improve with increasing force and, to a
lesser extent, with increasing speed, with clear signs of saturation at the upper end of the force range. The ANN surfaces
exhibit slightly sharper curvature near the corners of the design space, where fewer experimental points are available, but
the differences with respect to the RSM remain small in the region of practical interest. This confirms that both surrogates
capture the main physical behavior of the process and that the small discrepancies between them are unlikely to affect the
qualitative conclusions.
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Figure 11. Response surfaces obtained from the ANN surrogate model for (a) leakage time t;.,,and (b) surface
roughness R as functions of spindle speed nand axial force Fat a fixed lapping time.of t'= 60 s.
Symbols indicate the experimental design points

3.4 Multi-objective Optimization and Effect of Surrogate Choice

The three surrogate models were next combined with NSGA-II to search for operating conditions that simultaneously
maximize leakage time t;.and minimize surface roughness R, electrical energy Eand wear volume V.. The algorithm
settings in Table 3 were used for all cases, so that any difference in the resulting Pareto sets can be attributed to the
surrogate models rather than to the optimization procedure itself. For each surrogate, ten independent NSGA-II runs were
performed with different random seeds, and the non-dominated solutions of the final generation were collected. Figure 11
shows representative Pareto fronts obtained with the RSM, ANN and RF surrogates in two objective planes, namely
(tiea’ R)and (E+ Vyeor). In the (¢ Rg)plane; all three models generate the expected antagonistic trend: longer leakage
times are associated with lower surface roughness, but improvements in one quantity inevitably worsen the other once
the front is reached. The RSM- and ANN-based fronts almost coincide in the central region, where most practical solutions
lie, and only diverge slightly at the extremes_of very long lapping time or exceptionally low roughness. The RF-based
front is clearly less regular; several points fall inside the envelope of the RSM/ANN fronts, indicating that they are
dominated when a more accurate surrogate is used. In the (EV,..)plane, the fronts are monotonically increasing,
reflecting the fact that more aggressive lapping conditions simultaneously increase energy consumption and wear. Again,
the RSM and ANN fronts are close to each other, while the RF front is shorter and does not reach the best combined
values of low energy and low wear that are attainable with the other surrogates.
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Figure 12. Pareto fronts obtained with NSGA-11 using RSM, ANN and RF surrogates in (a) the (t;.,’ Rg)plane and
(b) the (E+ Veqr) plane
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To quantify these visual observations, the quality of each Pareto set was evaluated using the normalized hypervolume
indicator. All four objectives were first scaled to the [0- 1] range, and a common reference point slightly worse than the
worst normalized objective values in the database was adopted. For each surrogate model, the hypervolume was computed
for the Pareto set of every NSGA-II run, and the resulting statistics are summarized in Table 6. The RSM surrogate
achieved the highest mean hypervolume of 0.74 with a small standard deviation of 0.01, confirming that it provides the
best coverage of the trade-off region and yields highly repeatable optimizations. The ANN surrogate yielded a slightly
lower mean hypervolume of 0.71 and a somewhat larger spread between runs, in line with its higher prediction errors.
The RF surrogate produced the lowest mean hypervolume, about 0.66, together with the largest standard deviation, which
indicates a higher sensitivity to the stochastic nature of the search. Figure 12 displays these trends in graphical form,
making the ordering RSM ANN RF immediately apparent.

Table 6. Normalised hypervolume and average CPU time for each surrogate model (10 NSGA-II runs)

Surrogate model Mean normallsed_hypervolume Std. dev. Avg. CPU time per run

HV ocHV (s)

RSM 0.74 0.01 6.2
ANN 0.71 0.02 7.5
RF 0.66 0.03 5.8

From a computational perspective, the three optimization scenarios have similar costs because .the number of
generations and population size are identical, and the evaluation of the surrogates is not expensive. On a standard desktop
computer (Intel Core i7, 16 GB RAM), a full NSGA-I1I run required approximately 6.2;.7.5, and 5.8 s for the RSM, ANN,
and RF surrogates, respectively, as reported in Table 6. These times are negligible compared with the effort required to
perform additional lapping experiments; therefore, the optimization framework can be used interactively to explore
different design constraints or weightings between the objectives. Although-the numerical differences in hypervolume
between RSM and ANN are modest, the qualitative picture that emerges is clear: in the present three-factor, smooth-
response lapping process, the classical quadratic RSM is sufficient to obtain-high-quality Pareto fronts and stable results,
whereas more flexible machine-learning surrogates do not provide clear advantages and may even degrade the
optimization when their prediction errors are larger. In.other words, the choice of surrogate should be guided by the
complexity and size of the available dataset; for low-dimensional, well-behaved responses, such as those considered here,
the simpler response surface is the most reliable basis for multi<objective optimization.

3.5 Operating-Point Selection and Practical Implications

For workshop applications, the full Pareto set is useful mainly as a design map from which a few representative operating
points must be selected. To illustrate how surrogate-based optimization can support such decisions, three representative
solutions were extracted from the RSM-based Pareto front: a “conservative” setting favoring minimum wear and energy,
a “balanced” setting, and an “aggressive” setting targeting-maximum leakage time and lowest possible roughness. Table 7
lists the corresponding process parameters and the predicted responses. As expected, the conservative solution used the
lowest spindle speed and axial force, together with a short lapping time, leading to modest leakage improvement but very
low energy consumption and wear. The aggressive solution combined a high force and longer lapping time, which
produced the best sealing and.smoothest surface at the expense of substantially higher energy consumption and wear. The
balanced solution lies between these extremes and is suitable for routine workshops. When the same three operating point
categories are derived from the ANN- and RF-based Pareto fronts, the resulting parameter combinations are close to those
obtained from the RSM front; however, some discrepancies appear, particularly for the aggressive setting. In particular,
RF-based optimization tends to suggest slightly higher spindle speeds and shorter times, reflecting its tendency to
underestimate the extreme values of energy and wear. This comparison demonstrates that the choice of surrogate not only
affects global metrics, such as the hypervolume, but can also influence the concrete parameter values recommended to
practitioners. In the present case, however, the differences remain within ranges that are still feasible for the machine and
do not change the qualitative ordering of the three operating regimes.

From a practical.standpoint, the results indicate that once a reasonably dense experimental design is obtained and the
smoothness of the responses is verified, a quadratic RSM augmented with NSGA-II is sufficient to produce robust
operating maps for the valve lapping process. More advanced surrogates, such as ANN or RF, can be considered when
the design space is higher-dimensional, the responses exhibit strong nonlinearities or discontinuities, or additional data
become available; however, they are not strictly required for the everyday optimization of this particular rig.

Table 7. Representative operating points selected from the RSM-based Pareto front

Operating Spindle speed  Axial force  Lapping  Leakage time  Surface roughness Electrical Wear volume
regime n (rpm) F(N) time t (s) tieax (S) R, (um) energy E (J) Vivear (Mm?3)
Conservative 220 35 35 4.3 0.39 1.6x103 0.065
Balanced 380 60 60 6.9 0.34 3.9x103 0.115
Aggressive 520 85 80 10.2 0.26 6.5%103 0.175

Overall, the operating-point study confirms that the surrogate-based multi-objective optimization framework can be
translated into simple and transparent guidelines for workshop practice. Once the Pareto front is generated, a small number
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of representative regimes can be selected to cover conservative, balanced, and aggressive operations, with clear
quantitative trade-offs between leakage performance, surface finish, energy use, and wear. The differences between the
operating points suggested by RSM, ANN, and RF remain moderate, but the RSM-based map is the most consistent with
the experimental trends and shows the smallest sensitivity to modelling uncertainties. These observations support the use
of quadratic response surfaces as the primary surrogate for day-to-day tuning of the valve lapping process, while more
complex machine-learning models can be reserved for future extensions involving additional variables or more irregular
response behavior.

3.6 Sensitivity of the Responses and Limitations of the Framework
The regression coefficients of the quadratic RSM in coded variables were used to obtain a qualitative picture of the relative
influence of the three controllable factors on each response. For leakage time and surface roughness, the axial force
Fexhibits the largest standardised main effect, followed by a weaker contribution from spindle speed n, whereas the effect
of lapping time tis comparatively small. This confirms the physical expectation that the contact pressure is the primary
driver of both sealing improvement and surface smoothing, while increases in speed mainly shorten the time required to
reach a given leakage performance. In contrast, electrical energy and wear volume are strongly affected by both nand t,
with Facting mainly as a scaling factor. Longer lapping times and higher speeds consistently.increase energy and wear,
in agreement with the contour plots discussed in Section 3.3. The interaction terms in the RSM. indicate only moderate
two-factor coupling effects within the investigated design space. For t,.,.and R, the interaction between speed and force
(nF)is the most relevant, reflecting the fact that higher speeds amplify the beneficial effect of force on leakage behaviour,
but also accelerate the approach to a saturation regime where further increases in force yield diminishing returns. For
energy and wear, the ntinteraction term is more pronounced, suggesting that the impact of extending lapping time is
magnified at higher spindle speeds. These findings support the use of relatively simple second-order surrogates for the
present process; more complex models would be justified only if stronger nonlinearities or discontinuities were observed.
Correlation analysis of the responses provides a complementary view.-As-already suggested by the Pareto fronts,
leakage time and surface roughness are strongly and negatively correlated, whereas electrical energy and wear volume
are positively correlated. Cross-correlations between the sealing-related” responses (tj... R,) and the cost-related
responses (E, V,.,.) are weaker and of mixed sign, which explains why multi-objective optimization is necessary, as no
single operating point can simultaneously maximize sealing performance and minimize energy consumption and wear.
Finally, some limitations of the present framework should be acknowledged.-The experimental design is restricted to 27
operating conditions in a relatively narrow region of the full machine capability, and the models are therefore not intended
for extrapolation beyond the investigated rangesof n, Fand t. Thermal effects, lubricant degradation and possible changes
in valve-seat geometry after repeated lapping cycles have not been modelled explicitly. In addition, only three surrogate
families were considered; other promising approaches, such as Gaussian process regression or gradient-boosted trees,
remain to be explored. These limitations delineate a clear path for future work while not undermining the main conclusion
that, for the current low-dimensional and smoothly varying process, quadratic response surfaces offer the best compromise
between accuracy, robustness and interpretability.

4. Conclusions

This study developed and compared three surrogate modeling approaches (quadratic RSM, regularized ANN, and RF) for
the multi-objective optimization of valve seat lapping by varying the spindle speed, axial force, and lapping time within
a 33 full-factorial design (27 operating conditions, with three replicates per condition). We evaluated the model
performance using repeated 5-fold cross-validation (20 repeats) and reported the out-of-fold mean + SD for R2and RMSE.
Across the four responses (t;.qx»Ra E, and V,,...-), the quadratic RSM provided the most stable and consistently high
predictive performance.in this low-dimensional, smoothly varying process space, while ANN and RF offered no clear
advantage under the present data regime. By coupling each surrogate with NSGA-II, we obtained Pareto-optimal trade-
offs.and quantified them using a normalized hypervolume indicator. The RSM-based optimization produced the highest
and most repeatable hypervolume (HV =0.74 + 0.01), followed by ANN (0.71 £ 0.02) and RF (0.66 + 0.03), indicating
that the RSM surrogate yields a more robust optimization landscape for this dataset. From an engineering perspective,
increasing speed/force/time tends to enhance sealing performance (higher ¢, ) and improve surface finish (lower Ra),
but increases electrical energy consumption and wear volume. Therefore, select the recommended operating window
based on the targeted balance between sealing/finish and energy/wear, and use the reported conservative, balanced, and
aggressive regimes as practical guidance for process planning. The conclusions are valid within the investigated parameter
bounds, and extrapolation beyond the tested range is not recommended. Future work should expand the design space,
incorporate additional physics-informed features (e.g., abrasive condition, contact temperature, or material variability),
and validate the selected operating regimes through confirmatory experiments to strengthen generalisability and industrial
transferability.
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