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Abstract

Lens surface parameters are critical to optical system performance and require
increasingly stringent precision due to rising performance demands and con-
tinued technological miniaturization. Although machining processes such as
diamond turning can produce lenses with high form accuracy, they are not
free from surface defects. These defects are typically addressed through post-
processing techniques such as polishing; however, depending on defect size
and the selected removal process, polishing can become a complex and itera-
tive task. This complexity can be mitigated through the application of machine
learning algorithms to predict material removal behavior. This paper presents
the development of a material removal prediction framework for ball elastic
emission machining (EEM) polishing of lens surfaces, incorporating machine
learning tools to improve process predictability and efficiency. The resulting
model accepts surface characteristics and process parameters as inputs and
predicts the final surface parameters following polishing. The model’s root
mean square error (RMSE) is approximately 0.1 pum. Surface parameters
achieved using the removal strategy on which this model is based include a
peak-to-valley (PV) value of 0.2841 um and a root mean square (RMS) rough-
ness of 0.032 pm.
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1. Introduction

The continuous advancement of modern technology has driven the simultaneous
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demands for component miniaturization and increased manufacturing precision.
Optical technologies, in particular, have experienced rapid progress with recent
developments in micro-lens arrays, advanced coatings, and high-performance op-
tical systems [1]-[3]. These applications require extremely high levels of surface
accuracy, which are typically achieved through advanced machining processes.
Lens fabrication at the precision scale commonly involves grinding, milling, or
diamond turning. Among these, diamond turning has gained significant attention
in precision optics due to its ability to produce nanometer-scale surface finishes,
depending on the workpiece material, tool geometry, and machine parameters [4]
[5]. In parallel, emerging fabrication techniques such as focused ion beam (FIB)
lithography have demonstrated the capability to reliably generate nano-architec-
tures for advanced optical components [6]. While these methods meet the strin-
gent performance requirements of precision optics, they often do so at the expense
of increased manufacturing time and cost.

To address these limitations, mold-based fabrication has emerged as a cost-ef-
fective alternative for large-scale lens production. Molds enable consistent repli-
cation of lens geometry and surface finish at reduced cost; however, surface de-
fects present in the mold are directly transferred to each replicated lens. Conse-
quently, post-processing methods such as polishing are essential for correcting
mold surface errors and improving both surface form and finish. This work fo-
cuses on surface correction through elastic emission machining (EEM), a non-
contact polishing technique suitable for ultra-precision applications. EEM is a ma-
terial removal process that utilizes an accelerated slurry to chemically interact with
the workpiece surface, inducing controlled atomic-scale removal. Material re-
moval may be achieved by directing slurry flow using nozzles or by accelerating
slurry across the workpiece surface through mechanical motion. Regardless of the
delivery mechanism, the removal process is governed by a complex interaction of
factors, including workpiece material properties, process parameters, slurry chem-
istry, and fluid dynamics [7] [8]. Due to this complexity, experimentally deriving
accurate removal models is both time-consuming and resource-intensive, partic-
ularly when multiple materials and process conditions are involved.

Several studies have investigated material removal modeling and optimization
from different perspectives. Zhao et al developed a removal profile model for
non-contact shear thickening polishing (NCSTP), accounting for tool movement
angle, tool rotation, machining gap, and flow field characteristics [9]. Their
model integrated shear-thickening fluid simulations with microscopic abrasive re-
moval mechanisms, achieving a maximum average error of 4.45% while reducing
surface roughness (Ra) from 465.77 nm to 41.55 nm. Wang ef al. examined the
removal rate of graphene oxide-enhanced slurry during polishing of single-crystal
diamond, studying the influence of rotation speed, particle size, and grain hard-
ness through femtosecond laser-etched contour measurements [10]. Zhao et al
proposed a weak magnetization-enhanced stress-rheological polishing (WM ESRP)

removal model based on non-Newtonian fluid dynamics and microscopic contact
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mechanics, reporting a maximum deviation of 5.7% between theoretical and ex-
perimental results [11]. Zhang et al introduced specialized polishing tools to im-
prove surface quality while maintaining form accuracy, developing damping and
profile damping tools suitable for removal depths ranging from tens to hundreds
of micrometers [12]. Their approach incorporated a shape evolution model ac-
counting for finite slip on microstructured surfaces. Ma et al. conducted multiple
investigations into EEM material removal, including a three-dimensional model
simulating slurry-wheel interaction and atomic removal energy to predict removal
profiles [7]. In a related study, Ma et a/ introduced active gap control to regulate
fluid film thickness, improving surface RMS from 0.553 nm to 0.085 nm through
hydrodynamic lubrication analysis [8]. Additional modeling efforts include femto-
second laser polishing optimization of reaction-bonded silicon carbide [13], abra-
sive rotating jet polishing for inner surfaces [14], laser polishing parameter optimi-
zation using response surface methodology [15], and electrorheological polishing
profile modeling based on contact pressure and relative velocity [16].

With recent shifts toward data-driven manufacturing, machine learning has
gained increasing interest as a tool for optimizing material removal and part fab-
rication. Machine learning models can leverage process-relevant sensor data to
predict surface parameters and improve polishing outcomes [17]. Randomness in
material removal processes has also been explored to enhance surface prediction
accuracy and overall surface quality [18]. Zhelyeznyakov et al optimized metalenses
using a physics-informed neural network coupled with an overlapping boundary
method, achieving a 53% improvement in maximum intensity while maintaining
a reasonable manufacturing time of 15 minutes [19]. Prabuwono et al proposed
a robotic polishing system that classifies surface defects using neural networks,
with force and rotation time as outputs, noting limitations in visual-based defect
classification but demonstrating applicability depending on accuracy require-
ments [20]. Zhou ef al introduced a lens mold compensation approach using a
random forest algorithm, improving form error by 63.5% based on RMSE, coeffi-
cient of determination (R?), and out-of-bag (OOB) metrics [21].

Building on these advances, the present study focuses on expanding a previ-
ously established ball EEM material removal model for Stavax steel lens molds
[22]. Unlike full-surface polishing approaches, the model targets localized mate-
rial removal for lens profile correction and is characterized accordingly. The meth-
odology integrates experimental removal data with MATLAB-based scripts for
defect identification, toolpath projection, and removal prediction using fitted ap-
proximations. This work aims to enhance the predictability and efficiency of tar-
geted EEM polishing by combining physical process understanding with data-
driven modeling techniques, thereby providing a practical framework for preci-

sion lens manufacturing.

2. Methodology and Data Collection Setup

Elastic emission machining (EEM) is a corrective polishing process capable of
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achieving atomic-scale material removal through chemically mediated interac-
tions between slurry particles and the workpiece surface. In EEM, a particle-laden
slurry is accelerated across the surface, where bonding and subsequent detach-
ment of surface atoms result in controlled material removal. Several approaches
exist for slurry acceleration, including nozzle-based systems, hydrodynamic disks,
and rotating-tool configurations. This work focuses on a rotating ball-type EEM
system, which provides localized and controllable removal suitable for precision
lens correction. In the rotating EEM configuration, a compliant spherical tool
mounted on a rotating spindle accelerates the slurry through surface contact. The
elastic compliance of the sphere allows controlled pressure distribution within the
contact zone while reducing the risk of surface damage. A schematic diagram of
the ball-type EEM polishing principle, and the lens correction experimental setup
are shown in Figure 1.

Material removal in EEM is governed by several interacting parameters, includ-
ing applied normal load, dwell time, spindle speed, tool geometry and compliance,
and slurry particle characteristics. Understanding and controlling these parame-
ters is essential for predictable and repeatable material removal. The slurry used
in this work is a mixture of 70% water and 30% particles, with the particles being

0.05 pm diameter alumina microspheres.

Motor

Tool
Workpiece

Slurry

(a) (b)

Figure 1. (a) Schematic Illustration of Ball-Type Elastic Emission Machining (EEM) Polishing; (b) Targeted Lens
Correction Experimental Setup. A, Griffin 4-axis precision stage (red arrows show axis motion direction). B, Tool/Ball
(red arrow shows tool rotation direction). C, Workpiece on rotational stage. D, Slurry delivery system. E, Preload. F,
Slurry recovery tray. G, Tool load cell. H, Workpiece cleaning system with water and air. I, Non-contact confocal
aberration probe.

The experimental data used for material removal prediction were collected us-

ing a four-axis ultra-precision motion system consisting of an XY translation
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stage, a Z-axis stage, and a rotational B-axis. The XY stage provides 150 mm of
travel in each direction, while the Z-axis offers 100 mm of vertical travel. The lin-
ear axes have sub-micron resolution and repeatability on the order of 1 um, while
the rotational B-axis provides angular resolution on the order of 1 arc-second. The
workpiece is mounted to the B-axis using a kinematic coupling mechanism, en-
suring repeatable positioning and alignment across multiple polishing and meas-
urement cycles. The EEM polishing tool consists of a rubber spherical polishing
head mounted on a spindle and oriented at an angle of 30° relative to the work-
piece surface. This orientation was selected to balance tool clearance and contact
patch symmetry while remaining compatible with the system geometry. The
spherical tool has a diameter of 3.18 mm and a Shore A hardness between 70 and
80, providing sufficient elastic compliance for controlled polishing. A load cell
integrated into the system enables closed-loop force control, allowing the Z-axis
position to be adjusted in real time to maintain a constant polishing load during
dwell-based operations.

On-machine metrology is a critical element of the methodology, enabling direct
correlation between tool motion and resulting material removal. A chromatic
confocal aberration (CA) probe is integrated into the system to provide non-con-
tact, high-resolution surface measurements without removing the workpiece (Figue
1(b)-I). The probe is mounted as an extension of the Z-axis tooling and provides
a vertical resolution of 20 nm over a measurement range of 300 pm, with a work-
ing distance of 4.5 mm and a spot diameter of approximately 4 um. This configu-
ration enables in situ surface mapping before and after polishing, forming the ba-

sis for the material removal prediction framework.

3. Data Processing and Material Removal Prediction
Framework

3.1. Surface Measurement Processing

All surface measurement and processing routines were implemented in MATLAB.
On-machine chromatic confocal probe data, including XYZ position and height
measurements, were imported from the motion controller and converted to phys-
ical units using calibrated scaling factors. The measured surface data were spatially
aligned with the tool coordinate system to ensure consistency between measure-
ment and polishing coordinates.

Following alignment, the data were filtered to improve spatial uniformity and
reduce noise. A minimum point spacing criterion was enforced to prevent exces-
sive clustering, while tilt correction and statistical outlier removal were applied to
eliminate measurement artifacts. After filtering, surface form metrics, including
peak-to-valley (PV) and root-mean-square (RMS) error, were computed and used

as baseline indicators for subsequent correction.

3.2. Identification of Removal Locations

An ideal lens surface was defined using a specified nominal curvature and com-
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pared to the measured surface to generate a residual map. Here, the residual is
defined as the pointwise height difference between the measured surface and the
nominal surface, while the residual map represents the spatial distribution of these
differences across the lens surface. Positive residual values correspond to regions
of excess material that require removal, whereas negative values indicate regions
below the nominal surface.

The residual map served as the primary basis for identifying localized surface
features requiring correction. Removal locations were selected by applying a re-
sidual threshold, such that only regions exceeding a specified residual magnitude
were targeted for material removal. This threshold was progressively reduced as
surface quality improved through successive polishing iterations, enabling in-
creasingly fine corrective actions.

Each selected removal location corresponds to a dwell point, defined as a dis-
crete surface position at which the polishing tool is positioned and held stationary
to induce localized material removal. To control removal density and prevent lo-
calized over-polishing, a point-skipping strategy was implemented, limiting the
number of adjacent dwell points within a given region. The resulting set of dwell
points typically ranged from several hundred to approximately one thousand

points, depending on dwell time, surface area, and removal magnitude.

3.3. Dwell-Based Removal Modeling

Material removal was modeled using experimentally measured dwell profiles,
which describe the spatial distribution of material removed during a single dwell
event under constant loading conditions. Dwell tests were conducted at a load of
20 g for multiple dwell times, where dwell time is defined as the duration for which
the polishing tool remains stationary at a dwell point. Experimental results con-
firmed a near-linear relationship between dwell time and removal volume within
the operating range of this study.

To isolate steady-state material removal behavior, a zero-second dwell test was
performed to quantify and subtract the initial contact contribution. The measured
dwell profiles were then approximated using surface polynomial fits, enabling re-
moval prediction at arbitrary surface locations.

During simulation, the polynomial removal function was applied to all surface
points within the effective dwell radius, generating a simulated dwell removal field
for each dwell point. The dwell center was shifted to account for tool inclination
and elastic deformation effects. Dwell time at each removal location was scaled
relative to the local residual magnitude, allowing increased material removal at

surface peaks while preventing excessive removal in lower regions.

3.4. Validation of Removal Prediction

Predicted surface profiles were generated by superimposing the simulated dwell
removals onto the measured surface. Figure 2 presents a comparison between the

experimentally measured surface profile and the predicted material removal for a
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representative polishing iteration (33rd pass). Prior to correction, the measured
lens surface exhibited a peak-to-valley (PV) error of 0.8009 um and a root mean
square (RMS) error of 0.1209 um, indicating localized surface deviations requiring
targeted material removal. Using the process parameters applied during this pass,
the proposed removal prediction framework generated a projected surface profile
with a predicted PV of 0.7249 pm and an RMS of 0.1439 um. There is notable
improvement in the PV of the surface while RMS is worsened by 23 nm. This is
emblematic of the issues with the size of the contact area for the removal process
when applying it to the point-based removal approach implemented in the mate-
rial removal prediction program. The program targets high points, which more
often yield greater improvements in the PV of the system, while, depending on
the location of the high point relative to other surface features, some low points
can be gouged as a result, yielding non-ideal changes to the RMS. This issue is
resolved through the use of the program in an iterative removal process. As the
surface is refined and the PV decreases the removal also becomes more uniform
due to the scaling dwell method used.

3.2 0.6,
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=} =)
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Figure 2. Comparison between experimentally measured surface and predicted material removal for the 33rd polishing pass. The
measured surface (left) and model-predicted removal profile (right) demonstrate close agreement in removal trends and spatial

distribution.

The spatial distribution of the predicted removal closely matches the experi-
mentally measured surface features, demonstrating that the model captures both
the magnitude and location of material removal with sub-micron fidelity. Alt-
hough minor differences in RMS are observed, the overall agreement confirms
that the framework reliably predicts removal trends for localized EEM polishing
operations. These results validate the effectiveness of the dwell-based removal
model as a tool for guiding corrective polishing and reducing form error in preci-
sion lens manufacturing.

Figure 3 illustrates the evolution of surface form error as the proposed material
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removal prediction framework is applied iteratively over successive polishing
passes. Starting from the initial surface condition, each correction step was guided
by the predicted removal profile, enabling targeted reduction of localized form
errors rather than uniform material removal. As the number of passes increased,
both peak-to-valley (PV) and root mean square (RMS) surface errors decreased
monotonically, demonstrating stable convergence of the correction strategy. After
the final correction pass, the lens surface achieved a PV of 0.2841 pm and an RMS
0f 0.032 pm, representing a substantial improvement relative to the pre-correction
condition. The consistent reduction in surface error across iterations confirms
that the prediction model not only captures single-pass removal behavior but also
remains reliable when embedded within a multi-pass corrective polishing work-
flow. These results highlight the effectiveness of the proposed framework for de-
terministic surface correction in ball EEM polishing, enabling predictable conver-
gence toward high-precision optical surface requirements.

&
o

Y Position (mm)

1
=
N

8 82 84 86 88 9 92 94
X Position (mm)

Figure 3. Final lens residual following several iterations of prediction toolpaths, PV =
0.2841 um and RMS = 0.0320.

4. Machine Learning-Based Optimization of EEM Material
Removal

The deterministic material removal prediction framework described in Section 3
enables accurate simulation of surface evolution for a prescribed toolpath and set
of polishing parameters. However, identifying optimal polishing parameters, such
as dwell scaling, residual thresholds, and correction density, through repeated

physics-based simulations alone can be time-consuming. To address this limita-
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tion, a data-driven machine learning (ML) approach was introduced to rapidly
predict post-polishing surface outcomes and guide parameter selection prior to
detailed simulation.

In this work, the ML model functions as a surrogate screening tool, meaning it
rapidly evaluates candidate polishing parameter combinations and estimates ex-
pected surface outcomes. Unfavorable parameter sets can therefore be excluded
before computationally intensive deterministic simulations are performed. Im-
portantly, the ML model complements, rather than replaces, the physics-based

removal framework.

4.1. Dataset Generation and Feature Selection

The machine learning model was trained using data generated from the validated
deterministic removal simulation described in Section 3. Each data instance cor-
responds to a single polishing iteration, defined here as one complete corrective
polishing pass applied to the surface using a specified set of toolpath and process
parameters. Although the dataset was generated through simulation, the embed-
ded removal behavior is governed by experimentally validated dwell profiles and
physically calibrated removal mechanics. As such, the simulated data remain
physically representative of the EEM process.

The selected input features were chosen to capture the dominant factors gov-
erning material removal behavior and can be grouped into three categories: 1)In-
itial surface state descriptors, including peak-to-valley (PV) and root mean square
(RMS) error prior to polishing; 2) Toolpath and correction parameters, such as
residual bounds, dwell scaling factors, and number of dwell points; and 3) Process
conditions, including applied load and nominal dwell duration. The output vari-
ables were the predicted post-polishing PV and RMS values. The parameters for
the model training were selected based on a range relative to the typical level used
for polishing. The residual bound varied from 1.2 to 4 um, consisting of 0.1 um
steps from 1.2 to 2.6 um and 0.2 um steps from 2.6 to 4 um. Dwell time for the model
was set from 1 to 3 seconds in steps of 0.5 seconds. It should be noted that while it
is not a controllable parameter in the prediction process, the number of removal
points from each simulation was also stored and factored in as a model parameter.

The sampling method used for this simulated data collection process was a full
factorial parameter sweep to provide the most insight into the possible material
removal for each measurement. Simulated cases that resulted in over-correction
or non-physical removal behavior were explicitly accounted for and labeled. This
allowed the model to learn practical operating limits and penalize infeasible pa-
rameter combinations. These types of removal were identified through compari-
son of the new profile to the ideal lens form. If a point in the profile goes beyond
the depth of the point in the lens based on a set tolerance, in this case 2% of the
residual magnitude, the run is flagged as over-correction. This was incorporated
into the model as an additional predictor in the form of a true/false parameter to
identify whether the parameters would yield an invalid surface. It is important to

distinguish between two uses of the term residualin this manuscript: In Section
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3, residual refers to surface form deviation relative to the nominal lens geometry.
In this section, regression residual refers to the difference between the ML-pre-

dicted and true post-polishing surface metrics (PV or RMS).
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Figure 4. Residual comparison of regression models used for predicting post-polishing surface metrics. Residuals represent the
difference between predicted and true PV or RMS values. Gaussian Process Regression (GPR) exhibits the lowest residual dispersion
and minimal bias, indicating superior predictive performance relative to alternative models.

4.2. Regression Model Selection and Performance Evaluation

Multiple regression techniques were evaluated, including neural networks and
support vector machines. Among these, Gaussian Process Regression (GPR) demon-
strated superior performance in capturing smooth, nonlinear trends while maintain-
ing physically consistent predictions. GPR is particularly well-suited for this applica-
tion because it interpolates sparse data while enforcing smoothness consistent with
the continuous nature of material removal. The model was trained to predict post-

polishing PV and RMS values given the selected input parameters.
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Figure 4 compares the regression residual distributions for the evaluated mod-
els. Here, residual dispersion refers to the spread of prediction error across the
dataset, while systematic bias indicates consistent over- or under-prediction rela-
tive to true values. The GPR model exhibits the lowest dispersion and minimal
bias compared to the alternative models, indicating improved generalization
across the simulated dataset. Based on this performance, GPR was selected as the

primary machine learning model for subsequent optimization and integration.

4.3. Response Surface Analysis and Parameter Trade-Offs

To better understand the influence of polishing parameters on predicted surface
quality, response surface visualizations were generated using the trained GPR
model. The response surfaces shown in Figure 5 represent ML-predicted trends
across the parameter space, rather than direct experimental measurements. Fig-
ure 5 illustrates representative response surfaces showing the relationship be-
tween dwell scaling, residual bounds, and predicted post-polishing RMS and PV
values. Here, dwell scaling refers to a proportional factor used to adjust dwell time
magnitude based on local surface residuals; residual bounds define the upper and
lower surface deviation limits used to select correction locations; and the dwell
threshold specifies the minimum residual magnitude required for a dwell point to
be applied. These surfaces reveal clear trade-offs between correction aggressive-
ness and achievable surface quality.

These surfaces reveal clear trade-offs between correction aggressiveness and
achievable surface quality. Here, correction aggressiveness refers to the combined
effect of dwell scaling, residual thresholds, and dwell point density, which collec-
tively determine the magnitude and spatial concentration of material removal. Re-
gions of diminishing returns and potential over-correction are visible in the re-

sponse surfaces.

PV Response Surface RMS Response Surface
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Figure 5. Representative GPR-predicted response surfaces showing the influence of dwell scaling and residual
bounds on post-polishing PV and RMS values. The surfaces illustrate trade-offs between correction aggressiveness
and achievable surface quality.
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These visualizations provide physical insight into the parameter space, enabling
identification of operating regions that balance efficient material removal with
surface stability. Importantly, these predicted trends remain consistent with de-
terministic simulation results and experimental observations, reinforcing the

physical relevance of the data-driven model.

4.4. Integration with Deterministic Simulation

The response surfaces presented in Figure 5 provide insight into how individual
polishing parameters influence post-polishing surface quality metrics, specifically
peak-to-valley (PV) and root mean square (RMS) error. However, parameter
combinations that minimize PV do not necessarily minimize RMS, and vice versa.
As a result, selecting polishing parameters based on a single response surface can
lead to suboptimal trade-offs in overall surface quality.

To identify parameter combinations that simultaneously yield acceptable PV
and RMS values, the feasible regions extracted independently from the PV and
RMS response surfaces were intersected. This intersection represents the subset of
polishing parameters that satisfy performance criteria for both surface metrics.
Figure 6 illustrates this intersection in parameter space, highlighting combina-
tions that balance form correction and surface smoothness. The Gaussian Process
Regression (GPR) model was used to evaluate the response surfaces and define
feasibility criteria based on predicted post-polishing surface metrics. Parameter
combinations outside this feasible intersection were excluded, as they were pre-
dicted to either produce insufficient correction or lead to over-aggressive removal
and potential surface degradation. The resulting feasible region therefore repre-

sents a constrained optimization space rather than a single global optimum.

3000¢
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Figure 6. Intersection of feasible polishing parameter regions derived from the PV and
RMS response surfaces shown in Figure 5. The highlighted overlap represents parameter
combinations predicted by the Gaussian Process Regression (GPR) model to simultane-
ously satisfy PV and RMS performance criteria and is used to guide subsequent determin-
istic removal simulations.
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The parameter combinations identified within this intersected region were sub-
sequently passed to the deterministic dwell-based removal framework described
in Section 3. These parameter combinations can be run through the machine learn-
ing model much faster and with significantly reduced computational cost than the
original framework. Output of the projected PV and RMS from the model can be
weighted based on the needs of the project and current magnitude of the surface
to identify the ideal combination of PV and RMS improvement for each removal
step on a case-by-case basis. Detailed simulations were then used to verify physical
realizability, generate toolpaths, and predict surface evolution under experimen-
tally validated removal physics. This hybrid workflow allows the machine learning
model to rapidly narrow the parameter search space, while the deterministic sim-
ulation ensures accuracy, stability, and physical interpretability of the polishing
process.

The integration of deterministic dwell-based modeling with data-driven pa-
rameter screening establishes a unified framework for predictive and efficient
EEM optimization. The following section summarizes the primary technical con-
tributions and implications of this hybrid methodology.

5. Conclusions

This study presents a hybrid physics-based and data-driven framework for pre-
dictive material removal and optimization in ball elastic emission machining (EEM)
applied to precision lens mold correction. Experimental dwell tests were performed
under different loading conditions to determine removal profiles, which were then
integrated into an iterative polishing strategy to enhance the form and finish of a
Stavax lens mold. After surface refinement, the polishing program was converted
into an automated framework to generate simulated datasets for training machine
learning models. The combination of machine learning with traditional EEM pa-
rameters allowed for predictive control of material removal and surface quality,
achieving sub-micrometer precision in the polishing process. The following con-
clusions can be drawn:

¢ A deterministic dwell-based removal model was developed and experimentally
validated, demonstrating the ability to predict localized material removal with
sub-micron accuracy for targeted EEM polishing operations.

e [terative application of the removal framework enabled stable convergence of
surface form error, reducing peak-to-valley (PV) and root mean square (RMS)
values to 0.2841 pm and 0.032 um, respectively, confirming the robustness of
the correction strategy.

e A Gaussian Process Regression (GPR) model was successfully trained using
simulation-generated data constrained by experimentally validated removal
physics. The model accurately predicts post-polishing surface metrics and
identifies non-physical overshoot conditions.

e Integration of the machine learning model with the deterministic simulation

framework enables rapid screening of polishing parameters, significantly re-
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ducing reliance on manual tuning and trial-and-error approaches.

e The proposed hybrid methodology preserves the physical interpretability of
EEM removal mechanisms while introducing a scalable and efficient optimi-
zation strategy suitable for precision optical manufacturing.

While the present study focuses on Stavax steel lens molds and a specific ball-
type EEM configuration, the framework is readily extensible to other materials,
tool geometries, and corrective polishing applications with appropriate retraining
and calibration. Future work will explore direct incorporation of experimental
feedback into the learning process and extension of the framework to freeform

optical surfaces.
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