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ABSTRACT: The development of advanced semiconductor sensors faces increasing challenges due to process complexity,
dimensional scaling, and difficulties in applying mature CMOS process design kits to specialized sensor applications. Virtual
fabrication has emerged as a transformative approach for design-technology co-optimization (DTCO) in semiconductor sensor
development. This comprehensive review examines virtual fabrication methodologies and their practical applications in process
optimization, covering fundamental simulation approaches, process modeling techniques, and case studies across diverse sensor
technologies. We analyze key process steps, including lithography with photoresist selection considerations, etching with quality-
factor dependencies in MEMS sensors, deposition, chemical-mechanical polishing, and bonding. Case studies demonstrate the
fabrication of aluminum nitride microcantilevers, wafer-level vacuum packaging, and hybrid bonding optimization. Virtual
fabrication enables significant reductions in development costs, time, and experimental iterations while improving process yields from
30% to 90% in practical applications. Statistical and optimization methods complement physics-based simulations, providing efficient
analysis of multi-parameter process spaces. Current challenges include the complexity of multi-scale modeling, computational costs,
and the limited availability of non-standard process data. Future directions emphasize enhanced computational efficiency, real-time
process monitoring integration, and comprehensive development of a process design kit for sensor applications.
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1. INTRODUCTION

The semiconductor industry continues to advance Moore's
Law through aggressive scaling and innovative three-
dimensional (3D) device architectures [1,2]. However,
semiconductor sensor development presents unique
challenges that distinguish it from conventional CMOS
manufacturing. Unlike mature CMOS processes with well-
established process design kits (PDKs), sensor fabrication
often requires specialized processes, including deep reactive
ion etching, anisotropic wet etching, wafer-level packaging,
and heterogeneous integration [3]. These processes exhibit

complex dependencies on design parameters, material
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properties, and process conditions that are difficult to predict
through traditional trial-and-error approaches.

The escalating cost of semiconductor fabrication facilities,
with modern fabs requiring capital investments exceeding
billions of dollars, makes experimental process development
increasingly prohibitive. A single mask set for advanced
nodes can cost millions of dollars, and each process iteration
requires weeks to months of fabrication time followed by
extensive characterization. This traditional develop-fabricate-
substantial barriers to

test cycle creates innovation,

particularly for specialized sensor applications where
production volumes may not justify dedicated process
development.

Virtual fabrication has emerged as a powerful paradigm
shift that addresses these challenges by enabling
comprehensive process modeling and optimization in silico
before committing to physical fabrication [4,5]. Virtual
fabrication platforms, such as SEMulator3D and Synopsys
Process Explorer, provide the capability to transform two-
dimensional layout designs into accurate 3D process
simulations. These platforms incorporate physics-based
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models for fundamental semiconductor processes, including
etching, deposition, lithography, and planarization, enabling
the of final geometry,
characteristics, and potential failure modes.
Statistical analysis methods and machine learning techniques
complement virtual fabrication by enabling the efficient

prediction device electrical

exploration of multi-dimensional parameter spaces, the
identification of process correlations, and the development of
predictive models [6-20]. However, their role remains one of
optimization and analysis tools built upon the foundation of
physics-based simulations. Recent systematic reviews have
documented the growing adoption of these computational
approaches across semiconductor manufacturing, including
applications in virtual metrology, process control, defect
detection, and yield prediction.

Design-Technology Co-Optimization (DTCO) has become
essential for advanced semiconductor development, enabling the
simultaneous optimization of device design and manufacturing
processes [21-28]. For sensor applications where standard
CMOS PDKs are often inadequate, DTCO facilitated by virtual
fabrication becomes crucial. Virtual platforms enable designers
to explore the impact of process variations on sensor
performance, identify critical process steps, and optimize
designs for manufacturability before tape-out.

This comprehensive review examines the state of the art in
virtual process
development. We begin by establishing the fundamental
principles of virtual fabrication and key
methodologies. We then explore process-specific modeling

fabrication for semiconductor sensor

simulation

approaches for critical fabrication steps, including etching,
deposition, chemical mechanical polishing, and bonding.
Statistical optimization methods, including the design of
experiments and multi-objective optimization, are examined as
that virtual
capabilities. Practical applications are illustrated through case
studies of aluminum nitride microcantilever sensors [29],
wafer-level vacuum packaging for quantum sensors [30], and

complementary tools enhance fabrication

advanced hybrid bonding for 3D integration [31,32]. Finally,
we discuss current limitations and future research directions to
advance the field toward comprehensive virtual process
development environments.

2. VIRTUAL FABRICATION FUNDAMENTALS

Virtual fabrication represents a computational approach to
semiconductor process modeling that enables the prediction of
device structures and characteristics without physical wafer
processing [5]. The fundamental concept involves transforming
design layouts through sequential process simulations that
model the physical and chemical phenomena occurring during
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Fig. 1. Virtual fabrication workflow from 2D layout to 3D process
simulation, Adapted from Ref. [42].

actual fabrication. This section examines the core principles,
simulation methodologies, and commercial platforms that
constitute modern virtual fabrication capabilities.

The virtual fabrication workflow begins with a two-
dimensional mask layout, typically provided in GDSII or
OASIS format. This layout defines the patterns that will be
transferred to the wafer through lithography and subsequent
processes. The virtual fabrication engine then applies a
sequence of process steps, each modeled according to the
underlying physics and chemistry of the actual process. As
each simulated process step executes, the 3D wafer structure
evolves, ultimately producing a virtual representation of the
fabricated device. This 3D model enables the extraction of
critical dimensions, structural profiles, material distributions,
and other parameters that would traditionally require
destructive cross-sectioning and advanced characterization
techniques [33-35].

Fig. 1 illustrates the comprehensive virtual fabrication
workflow and ecosystem. The process begins with two-
dimensional layout data and process descriptions, which are
transformed into detailed 3D structures through voxel-based
modeling engines. Major commercial platforms, including
SEMulator3D, Synopsys Process Explorer, and others, provide
complementary capabilities spanning visualization, process
variation analysis, yield prediction, and metrology recipe
development. These platforms enable diverse applications,
from gyroscope 3D structures to design verification, wafer
uniformity assessment, and pattern dependence analysis,
creating a comprehensive virtual development environment.
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Table 1. Comparison of Commercial Virtual Fabrication Platforms

Category Platform Developer Key Strengths Primary Applications
Voxel-based 3D modeling MEMS devices
Fast geometric simulation Advanced packaging
SEMulator3D Cogzzzzﬁlam Advanced visualization 3D integration
Pattern density analysis Wafer-level packaging
. ML/AI integration 3D NAND memory
Emulation ad 1 losi 3
Fast 3D process emulation vanced loglc nodes
DTCO workflows
Process Explorer ~1000x faster than TCAD Design rule generation
p GDSII-based modeling En rule gener
Quick process integration check Process integration
FinFET/GAA devices
Synopsys CMOS devi ——
Physics-based dopant diffusion Ve op tlm}zatlon
. . Junction engineering
Advanced ion implantation .
Sentaurus Process . Well formation
Thermal/mechanical stress o
. . Oxidation/anneal
Calibrated equipment models .
. . . Advanced logic & memory
Physics-based Simulation -
. . . MEMS devices
3D physics-based simulation .
Anisotropic etching models Power devices
Victory Process Silvaco P & CMOS technology

Digital Twin capability

ML/AI integration Compound semiconductors

Solar cells

Physics-based modeling forms the foundation of accurate
virtual fabrication. Different semiconductor processes require
different modeling approaches based on their dominant
physical mechanisms. Etching processes, for example, involve
surface
chemistry, and ion bombardment. Virtual fabrication platforms
typically employ phenomenological models that capture key
effects, such as isotropic versus anisotropic etch behavior,

complex interactions between reactive species,

aspect ratio dependent etching, microloading effects, and
profile evolution [3,36]. These models incorporate parameters
such as etch rates, selectivity ratios, angular dependencies, and
surface reaction probabilities.

Molecular Monte Carlo simulations provide a more
fundamental approach for modeling processes at the atomic
and molecular scales. MC methods simulate individual particle
trajectories and surface reactions, enabling the prediction of
film growth, etching profiles, and material properties with high
fidelity. This approach proves particularly valuable for
processes where surface kinetics and stochastic effects
dominate behavior. However, the computational intensity of
MC simulations limits their application to relatively small
simulation domains and shorter time scales compared to
continuum models.

Molecular Dynamics (MD) modeling represents the most
fundamental level of process simulation, directly solving Newton's
equations of motion for interacting atoms. MD simulations can
capture phenomena such as stress evolution during deposition,
atomic mixing at interfaces, and the formation of crystallographic
defects [37]. While MD provides unparalleled insights into
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atomic-scale mechanisms, its computational demands restrict
practical applications to microscopic systems and short time
scales, typically from femtoseconds
Consequently, MD is often used to parameterize higher-level

to  nanoseconds.
models rather than for full process simulation.

Table 1 provides a detailed comparison of major commercial
virtual fabrication platforms, highlighting their respective
strengths and target applications. SEMulator3D excels in
voxel-based 3D modeling with strong visualization and virtual
metrology capabilities, making it particularly suitable for
MEMS and advanced packaging applications. Synopsys tools
emphasize integration with electronic design automation
(EDA) workflows and comprehensive lithography modeling
for advanced logic nodes [21-28]. The complementary
strengths of these platforms reflect the diverse requirements of
modern semiconductor development, from device physics to
system-level integration.

The evolution of virtual fabrication platforms reflects
in semiconductor manufacturing toward
3D
heterogeneous systems. Modern platforms must handle not
only traditional CMOS processes
technologies, including gate-all-around (GAA) transistors, 3D
NAND memory, advanced packaging with through-silicon

broader trends

increased process complexity, integration, and

but also emerging

vias (TSVs) and hybrid bonding, and specialized sensor
This expanding
development of more accurate physical models, improved
computational efficiency, and enhanced integration with design

structures. scope drives the ongoing

and manufacturing workflows.
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3. PROCESS MODELING AND SIMULATION

Accurate modeling of individual process steps constitutes
the foundation upon which virtual fabrication platforms deliver
value for process development and optimization. This section
examines modeling approaches for key semiconductor
processes, including lithography, deposition, and etching, with
a particular emphasis on challenges relevant to sensor

fabrication.
3.1 Lithography Processes

Lithography represents the critical patterning step that
defines device features and ultimately determines achievable
dimensions in semiconductor manufacturing [15,24,28]. For
sensor applications, lithography modeling must address not
only conventional photoresist patterning but also specialized
requirements, including thick photoresist processing for
MEMS structures, multilevel metallization, and alignment
accuracy for heterogeneous integration. Selection criteria for
photoresist types must consider multiple factors, including
target resolution, aspect ratio requirements, subsequent process
steps, and sensor performance specifications. High-resolution
patterning (< 1 pum) generally favors positive resists due to
their superior CD control and reduced line edge roughness,
which directly impact sensor sensitivity and noise
characteristics. Thick film applications (> 10 um) typically
require negative resists capable of maintaining structural
integrity during long development times. Process compatibility
considerations include resist stability during plasma etching,
wet chemical processing, and thermal cycling. Virtual
of  lithography  processes the

comprehensive optimization of optical proximity correction,

fabrication enables

computational lithography, and resolution enhancement
techniques before committing to expensive mask fabrication
and wafer processing.

The fundamental lithography workflow begins with mask
design in GDSII or OASIS format, which undergoes optical
proximity correction (OPC) to compensate for diffraction
effects and process variations [33,34]. Virtual lithography
simulation models light propagation through the optical
system, photoresist exposure and development, and pattern
transfer into underlying layers.
lithography incorporates sophisticated physical
including partially coherent

Modern computational
models,
imaging theory, rigorous
electromagnetic field simulation for sub-wavelength features,
predicting
development rates as functions of local exposure dose and

chemical concentrations.

and coupled photoresist chemistry models

For sensor fabrication, thick photoresist lithography requires
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specialized modeling approaches. MEMS structures often
employ resist thicknesses from 10 to 100 micrometers, far
exceeding standard IC photoresists. Thick resist exhibits a
reduced depth of focus, pronounced standing wave effects, and
complex development kinetics influenced by diffusion-limited
developer penetration. Virtual fabrication models for thick
resist incorporate 3D electromagnetic simulation accounting
for resist topography, coupled diffusion-reaction models for
development, and mechanical stress analysis predicting resist
adhesion and pattern collapse.

Critical dimension (CD) uniformity control during mask
manufacturing benefits from machine learning approaches
combining principal component analysis (PCA), k-means
clustering, and decision tree algorithms to spatially predict CD
variations and enable feedforward correction to electron beam
writers [28,38]. The tool signature identified through PCA
enables a compensated CD residual reduction of 25%,
demonstrating the value of data-driven approaches for process
control.

3.2 Deposition Processes

Thin film deposition processes build up material layers with
controlled thickness, composition, and properties [7,9,10,16].
Deposition modeling must address conformality, or how
uniformly the deposited film coats 3D topography, as well as
stress, microstructure, and interfacial properties. Different
deposition processes exhibit characteristic conformality
behaviors ranging from highly conformal atomic layer
deposition (ALD) to directional physical vapor deposition
(PVD). For sensor applications, deposition processes often
require specialized materials and extreme conformality in high
aspect ratio structures.

Physical vapor deposition, including evaporation and
sputtering, transports material through ballistic or near-ballistic
trajectories from the source to the substrate. The resulting films
exhibit poor step coverage, with reduced thickness on
sidewalls and in trenches. Virtual models for PVD typically
employ line-of-sight deposition with sticking coefficients near
unity, accurately predicting non-conformal profiles. For
applications requiring gap fill or 3D structures, PVD
limitations necessitate alternative deposition approaches.

Chemical vapor deposition (CVD) processes enable more
conformal coverage through the surface reaction of precursor
gases. The balance between the surface reaction rate and gas
phase transport determines conformality. Reaction-limited
CVD, where surface kinetics are slow compared to transport,
produces highly conformal films. Transport-limited CVD,
where reactants are rapidly consumed at exposed surfaces,
yields nonconformal deposition similar to PVD. Plasma-
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enhanced CVD (PECVD) introduces additional complexity
through ion bombardment effects that can enhance or degrade
conformality depending on process conditions.
Electroplating enables the deposition of thick metal layers
for applications through-silicon vias, copper
interconnects, and hybrid bonding pads. The electrochemical

such as

process exhibits complex behaviors influenced by current
density distribution, solution chemistry, additive packages, and
geometry. Virtual modeling of electroplating must capture
current distribution effects that cause non-uniform thickness,
including terminal effects where edges receive higher current
density and deposit faster. For hybrid bonding applications,
extremely flat and uniform copper surfaces are required,
necessitating careful process optimization and subsequent
chemical mechanical polishing [11,12].

3.3 Etching Processes

Etching represents one of the most critical and challenging
processes in semiconductor fabrication, responsible for
transferring patterns from photoresist masks into underlying
materials [3,26,36]. The complexity of modern etching
processes, particularly for high aspect ratio structures common
in sensors and 3D devices, creates substantial modeling
Virtual
phenomena, including directional versus isotropic etching,
aspect etch
macroloading effects, and pattern density dependencies.

Isotropic etching proceeds equally in all directions, typically

challenges. fabrication platforms must capture

ratio dependent rates, microloading and

dominated by the chemical reaction between etchant species
and the substrate. Wet chemical etching and some plasma
processes exhibit predominantly isotropic behavior. Virtual
models for isotropic etching generally employ relatively
simple formulations based on etch rate and time, though
selectivity to different materials must be properly represented.
The resulting profiles exhibit characteristic undercutting
beneath mask features, with the undercut distance proportional
to the etch depth.

Anisotropic etching preferentially removes material in
specific  crystallographic strong
directionality imposed by the etch process [29,36]. Anisotropic

directions or shows
wet etching of silicon, for example, exhibits dramatically
different etch rates on different crystal planes, enabling the
fabrication of precisely controlled 3D structures. Deep reactive
ion etching (DRIE) represents the most important anisotropic
dry etch process for sensors and MEMS, enabling the
fabrication of features with aspect ratios exceeding 100:1
[14,26,36,41]. DRIE typically employs the Bosch process,
which alternates between plasma etching and sidewall
passivation to achieve highly directional etching with minimal
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sidewall attack.

Modeling DRIE requires capturing the interplay between
ion bombardment, neutral radical flux, and surface chemistry.
The Bosch process parameters, including source power, bias
power, pressure, gas flow rates, and cycle timing, critically
determine the etch profile, surface roughness, and etch rate
[36,41]. Virtual fabrication platforms typically employ
that process
parameters to fundamental quantities such as ion flux, ion
energy distribution, neutral flux, and sidewall passivation

phenomenological models relate  these

thickness. Calibration of these models against experimental
data enables the prediction of etch profiles for new
geometries and process conditions.

Aspect ratio dependent etching (ARDE) represents a
particularly important phenomenon in high aspect ratio
structures. As features become deeper, the flux of reactive
species to the bottom decreases due to shadowing and
transport limitations within the narrow opening. This leads to
progressively slower etch rates as the aspect ratio increases,
potentially causing an etch stop before reaching the target
depth. ARDE proves especially problematic for structures with
varying feature sizes, as narrower features slow down faster
than wider features, creating depth non-uniformity across a
pattern.

Microloading and macroloading describe pattern density
effects where the etch rate depends on the local and global
density of features being etched [36]. In regions with higher
pattern density, the depletion of reactive species reduces the
etch rate compared to isolated features. These effects create
critical challenges for maintaining uniformity across complex
sensor designs with varying pattern densities. Virtual
fabrication enables the quantitative prediction of loading
effects, facilitating design modifications or process
adjustments to mitigate non-uniformity.

Fig. 2 demonstrates the complex pattern dependencies
in deep reactive ion etching processes.

Microloading effects create etch rate variations across

that arise

regions of different pattern density, with concentration
distribution analysis revealing significant flux depletion in
high-density areas. Aspect ratio dependent etching
manifests as a progressive etch rate reduction in narrow
features, potentially causing premature etch termination.
Macroloading at the wafer scale produces differences
between regions with varying total exposed areas. These
phenomena require careful consideration in both process
design and modeling, with typical Bosch process parameters
spanning wide ranges of inductively coupled plasma (ICP)
power, capacitively coupled plasma (CCP) bias, gas flow
rates, and timing parameters to achieve desired profiles while
managing these competing effects.
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Fig. 2. DRIE process characteristics and modeling considerations; (a)
Microloading effect showing concentration distribution vari-
ations between different pattern densities, ARDE effect
demonstrating etch rate reduction in narrow features, (b)
Macroloading effect comparing less exposed area versus
more exposed area patterns, Adapted from Ref. [36].

4. CASE STUDIES AND APPLICATIONS

The practical value of virtual fabrication integrated with
machine learning is best illustrated through specific
applications representing diverse sensor technologies and
process challenges. This section presents three case studies:
the of (AIN)
microcantilever actuator, wafer-level vacuum packaging for

fabrication an aluminum nitride
quantum sensors, and hybrid bonding for 3D integration.
These examples demonstrate how virtual fabrication
enables process optimization, design verification, and
manufacturability before to

assessment committing

expensive fabrication runs.
4.1 Aluminum Nitride (AIN) Microcantilever Fabrication

Piezoelectric microcantilevers utilizing AIN thin films find
applications in resonators, actuators, and biochemical sensors
[29]. The fabrication process requires precise control of AIN
film deposition, electrode patterning, and the sacrificial layer
release to achieve the target resonant frequency, quality factor,
and sensitivity. Virtual fabrication enables a comprehensive
design space exploration and process optimization to
maximize performance while ensuring reliable release and
minimal residual stress.

The microcantilever structure consists of a multilayer stack,
including the silicon substrate, a silicon dioxide sacrificial
layer, a molybdenum bottom electrode, piezoelectric AIN
layers, and molybdenum top electrodes [29]. Under a driving
voltage U, the piezoelectric properties of the AIN film cause an
additional deflection ¢, that can be related to the AIN
piezoelectric coefficient ds;; by Eq. (1), and the value of the
first resonant frequency f'of a three-layer bending structure can
be written as follows Eq. (2) [3]:

— 3 Ef(Eshs+Eeh6)

, - d, LU
Eeqhqushs+thf+Eehe

(M
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i @)
where E : Young’s modulus, h : thickness, o : stress, L : length,
r : density.

The device design specifies the cantilever length, width,
and thickness, along with the electrode dimensions and
placement. The resonant frequency depends approximately
on the ratio of frequency to length squared, with typical
variations of 8% observed between the design and fabricated
devices [29]. Accurate prediction of the resonant frequency
requires precise knowledge of film thicknesses, densities, and
elastic moduli. Moreover, the quality factor (Q-factor) serves
as a key performance metric for microcantilevers and
exhibits a strong dependence on fabrication process
parameters through multiple energy dissipation mechanisms,
making virtual fabrication particularly valuable for Q-factor
optimization.

Virtual fabrication simulations begin with the deposition of
the complete stack on a silicon substrate. Each layer is
modeled with its actual thickness, material properties, and
deposition profile. Photolithography and etching steps define
the cantilever geometry and electrode patterns. The critical
release process employs isotropic silicon dry etching using
sulfur hexafluoride (SF4) and oxygen (O,) chemistry to remove
the underlying silicon dioxide and silicon, leaving the
cantilever suspended over a cavity.

The release etch presents multiple challenges that virtual
fabrication helps address. The complete removal of sacrificial
material under the full cantilever length requires sufficient etch
time, but excessive etching causes a lateral undercut beyond
the designed release gap. The undercut depends on the
cantilever width, length, etch gap geometry, and process
parameters. Virtual simulations systematically explore these
dependencies, enabling optimization of design and process
parameters to achieve a complete release with minimal
undercut.

For a full release with low undercut, the etching process
should emphasize chemical reactions over ion bombardment,
achieved through high pressure, high source power, elevated
gas flow rates, and minimal or zero bias power. These
conditions increase the neutral radical flux while reducing the
ion flux, promoting more isotropic etching that can penetrate
under the cantilever. Virtual the
quantitative prediction of the etch time required for release and

fabrication enables

the resulting undercut dimensions as functions of these process
parameters.

Fig. 3 presents the AIN microcantilever structure and key
considerations for the release process optimization. The
multilayer stack comprises a bottom electrode, multiple
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Fig. 3. AIN microcantilever parameters and virtual optimization; (a) Multilayer stack structure (PE oxide/Mo/AIN/Mo/AIN/Mo/AIN/THox/Si)
showing electrode configuration, cantilever body after release, (b) 3D virtual model showing key parameters for isotropic Si dry etching
including release time, undercut distance, and residual Si width as functions of cantilever width, length, and etch gap, (c) DOE (design
of experiment, 16runs) results and (d) comparison with ML (machine learning, 55 runs) optimization.

piezoelectric AIN layers, and a top electrode on a silicon
substrate with a silicon dioxide sacrificial layer. Critical design
parameters include cantilever dimensions, etch gap geometry,
and electrode placement. Virtual fabrication simulations reveal
that achieving a complete release with minimal lateral
undercut requires the careful balancing of process parameters
to favor chemical reactions over ion bombardment. The
relationship between the resonant frequency and cantilever
length follows the expected quadratic dependence, with
coefficient ~ variations  contributing  to
approximately 8% of the These
simulations enable the identification of optimal design and
process parameter combinations before fabrication,
dramatically reducing development iterations.

The design of experiments (DOE) methodology provides a
systematic sampling of the multi-dimensional parameter
space. A fractional factorial design with five parameters (etch
depth, lateral ratio, cantilever length, width, and gap) at two

piezoelectric
frequency variation.

levels requires only 16 simulation runs to identify main
effects and critical interactions. Analysis of variance
(ANOVA) quantifies the contribution of each parameter to
output metrics, including the residual silicon thickness and
undercut distance.

The DOE analysis reveals that the lateral ratio and etch
depth dominate the release process, accounting for over 70%
of the output variation. Pareto charts visualize the relative

importance of parameters, guiding the focus toward the most
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influential factors. The response surface methodology fits
polynomial models to the simulation data, enabling the rapid
prediction of release metrics across the entire parameter space
without additional simulations. These surrogate models
facilitate efficient optimization, identifying process conditions
that achieve a complete release (residual silicon <5 um) while
minimizing the undercut (<15 pm). Complementary machine
learning approaches, including neural networks, can capture
more complex nonlinear relationships when warranted, though
the DOE-based polynomial models prove sufficient for this
application.

Experimental validation demonstrates strong agreement
between virtual predictions and fabricated devices. The virtual
fabrication approach reduces development time from months
to weeks by eliminating numerous trial fabrication runs and
enabling a confident scale-up to production.

4.2 Wafer-level Vacuum Packaging

Quantum sensors, including atomic clocks, magnetometers,
and inertial sensors, often require vacuum packaging to
achieve optimal performance [30]. Wafer-level vacuum
packaging (WLVP) provides hermetic encapsulation with
controlled cavity pressure, eliminating the need for expensive
individual die-level packaging. However, the WLVP process
challenges, including cavity depth

development faces

uniformity, seal reliability, optical transmittance for laser-based
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Fig. 4. Sequential DRIE process optimization for cavity wafer for
WLVP; (a) Fabricated WLVP structure, (b) WLVP process
for device and cavity wafer, (c) two step DRIE step and final
bonding.

sensors, and pattern density dependent etch effects.

The WLVP structure consists of a device wafer containing
sensors and a cap wafer with etched cavities that house the
sensors after bonding [30]. The cap wafer fabrication employs
a two-step DRIE process to create the cavity structure. The
first DRIE step etches completely through the wafer to define
the electrical pad access. The second DRIE step partially
for light
transmittance while maintaining structural support around the

etches through to create optical windows
cavity perimeter for bonding, as shown in Fig. 4.
Pattern dependence in DRIE creates significant challenges
for WLVP, as the varying feature sizes and densities across the
cap wafer lead to non-uniform etch rates and depths [36].
Features smaller than approximately 100 pm exhibit a
particularly strong reduction in ARDE rate, as shown in Fig. 5.
Virtual fabrication enables the quantitative assessment of these
the

modifications or process adjustments to improve uniformity.

pattern  dependencies and exploration of design

Statistical optimization methods identify process parameter
combinations that minimize depth non-uniformity while
achieving target depths and maintaining adequate etch
selectivity [13,14]. The analysis considers multiple objectives,
including cavity depth uniformity, optical window thickness
uniformity, and the total process time. Pareto optimization
reveals fundamental trade-offs between these objectives,
enabling the selection of operating points that best satisfy all
requirements.

Optical through the
represents another critical performance metric. Rough surfaces
from DRIE scalloping degrade transmittance, particularly for
thick windows [30]. Initial process conditions achieve less than
80% transmittance, which is inadequate for quantum sensor
applications.  Virtual
simulation identifies that smoother sidewalls, achieved through

transmittance etched windows

fabrication coupled with optical
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Fig. 5. Pattern dependence of DRIE for cavity wafer fabrication; (a)
Experimental result, (b) Etch depth according to pattern
width, (c) virtual fabrication for pattern-independent case, (d)
virtual fabrication for pattern-dependent case.

optimized Bosch process parameters, can improve

transmittance to above 90%. Machine learning models trained
on virtual data enable the rapid prediction of transmittance as

a function of etch parameters, facilitating efficient
optimization.
The integration of cavity fabrication and bonding

simulations provides end-to-end process modeling from the
initial DRIE through final hermetic sealing. Virtual assessment
of potential leak paths, stress concentrations, and long-term
reliability informs both design and process decisions. This
comprehensive modeling approach reduces development risk
and accelerates the qualification of the WLVP process.
Process yield improvement represents one of the most
compelling demonstrations of the virtual fabrication value.
Initial experimental attempts at WLVP achieved only 30%
yield due to depth non-uniformity, seal defects, and optical
[30].  Virtual fabrication-guided
addressing each of these failure modes,

window  breakage
optimization,
improved the yield to 100%, enabling reliable production. The
cost savings from avoiding numerous failed fabrication runs
and the accelerated time to production more than justify the

investment in virtual process development.
4.3 Hybrid Bonding Process Optimization

Fig. 6 presents the evolution of hybrid bonding technology
and its roadmap for advanced 3D integration applications
[31,32]. Early adoption in Sony CMOS image sensors
demonstrated the feasibility for commercial products, while
high bandwidth memory (HBM) applications drove the
development of fine pitch interconnection. The aggressive
roadmap projects pitch scaling from the current production at
several um pitch toward a 500 nm pitch in future generations.
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Fig. 6. HBM roadmap showing aggressive pitch scaling from 1440
nm through 1000 nm, 750 nm, to 500 nm for on-sensor Al
applications, demonstrating increasing 3D interconnect den-
sity requirements. Adapted from Ref. [43].

This trajectory enables dramatically increased 3D interconnect
density essential for on-sensor Al and high-performance
computing applications.

The hybrid bonding process flow involves multiple critical
steps, including barrier layer deposition, copper electroplating,
chemical mechanical polishing (CMP), surface cleaning, wafer
alignment and bonding, and post-bond annealing [11,12]. Each
step must be optimized to achieve reliable bonds with low
resistance and high yield. Virtual fabrication enables integrated
modeling of this complete flow, identifying potential failure
modes and optimizing process parameters.

Fig. 7 illustrates the critical process steps and parameters for
hybrid bonding with corresponding virtual modeling
approaches. Barrier layer (Ta/TaN) deposition and Cu seed
layer placement require careful conformality control to ensure
uniform Cu electroplating [16]. The electroplating process
itself must achieve thickness uniformity across the wafer while
maintaining a grain structure suitable for subsequent CMP.
CMP represents the most critical step, demanding sub-nm
surface roughness and minimal dishing of Cu pads relative to
the surrounding oxide [11,12]. The bonding process must
prevent void formation while achieving strong mechanical
bonds and low electrical resistance. Experimental
characterization through SEM, AFM, and TEM provides
validation data, while corresponding virtual simulations enable
prediction and optimization before physical experiments. This
approach  accelerates

integrated  experimental-virtual
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Fig. 7. Critical process steps and parameters for hybrid bonding and
corresponding virtual fabrication simulations for each process
step enabling prediction and optimization.

development while reducing cost and risk.

CMP represents the most critical process for hybrid bonding,
as surface roughness and dishing directly impact bondability.
Cu pads must be polished to achieve coplanarity with the
surrounding oxide within a few nanometers while maintaining
surface roughness below 1 nm RMS. Excessive dishing of Cu
pads relative to the oxide prevents proper contact during
bonding, while insufficient polishing leaves excess Cu that
prevents oxide-oxide bonding. Virtual CMP modeling predicts
dishing as a function of pad size, pattern density, and polish
parameters, including time, pressure, and slurry chemistry.

Sub-micron pad bonding presents particular challenges for
alignment and process windows. Misalignment between Cu
pads on the two wafers can prevent electrical contact or
[32].
quantitative assessment of alignment tolerances and their
impact on electrical performance. The simulations reveal that

increase resistance Virtual modeling enables the

for pads below 1 um in diameter, alignment tolerances must be
maintained below one tenth of the pad diameter to ensure
reliable contact.

The bonding process itself involves three stages: room
temperature ~ pre-bonding,  intermediate = temperature
strengthening, and high temperature annealing [31,32]. Pre-
bonding at room temperature initiates oxide-oxide bonding
through hydrogen bridge formation, requiring pristine surfaces
free
temperature treatment around 150-200 °C strengthens the
oxide bonds. High temperature annealing above 300 °C
enables copper diffusion, forming metallic bonds between the
copper pads.

Virtual modeling of the bonding process incorporates
multiple physical phenomena, including surface topography

interaction, void nucleation and growth, Cu thermal

from particles and contamination. Intermediate

expansion, and diffusion. Process parameters, including
temperature, time, pressure, and surface condition, critically
determine the bonding reliability. The design of experiments
sampling across these parameters, combined with machine

learning regression, enables the identification of optimal
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conditions maximizing bond strength while minimizing voids
and resistance [37].

Void formation represents a major failure mode in hybrid
bonding, typically occurring due to trapped particles, surface
roughness, or outgassing during annealing. Virtual simulations
predict the probability of void formation based on surface
preparation and bonding conditions. The analysis identifies
critical control parameters and process windows to minimize
void risk. Machine learning classification models trained on
simulation data enable the rapid prediction of void risk for new
process conditions.

The surface condition of the copper pad proves critical for
achieving a low resistance electrical connection. Oxidation of
copper surfaces during handling or cleaning can degrade
bonding. Atomic simulations during plasma surface treatment
can better explain the surface chemistry effects, predicting how
different surface treatments and storage conditions impact final
resistance. These insights guide the development of process
flows that minimize copper oxidation exposure while
maintaining cleanliness.

The roadmap for hybrid bonding demonstrates aggressive
pitch scaling from pm-scales in current production to sub-pum
in future nodes [31,32]. This scaling trajectory creates
increasingly stringent requirements for alignment, surface
preparation, and process control. Virtual fabrication provides
an essential capability for exploring these future process
regimes, identifying fundamental limits, and developing
mitigation strategies before the technology nodes arrive.

5. CURRENT CHALLENGES AND FUTURE
PERSPECTIVES

While virtual fabrication integrated with machine learning
has demonstrated substantial value for semiconductor sensor
process development, significant challenges remain that limit
accuracy, scope, and adoption. Addressing these challenges
while pursuing emerging opportunities will determine the
trajectory of virtual process development over the coming
decade. This section examines current limitations and outlines
promising research directions that can advance the field toward
comprehensive virtual manufacturing environments.

Multi-scale modeling complexity represents one of the
fundamental challenges in virtual fabrication. Semiconductor
processes involve phenomena spanning many orders of
magnitude in both length and time scales. Atomic-scale
processes, including surface reactions, dopant diffusion, and
crystallographic defect formation, occur on angstrom and
femtosecond scales. Device-scale phenomena, including film
stress, thermal gradients, and electrical characteristics, span
micrometers to millimeters and seconds to hours. Wafer-scale
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Fig. 8. Hierarchical multiscale modeling framework for semicon-
ductor virtual fabrication spanning ten orders of magnitude in
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effects, including pattern loading, temperature non-uniformity,
and equipment variations, extend to hundreds of millimeters.
Simultaneously modeling across all these scales with atomic
fidelity remains computationally intractable.

Fig. 8 illustrates the hierarchical multiscale modeling
framework spanning atomic-scale molecular dynamics (107!
m, femtoseconds) through kinetic Monte Carlo at nanoscales
(107 m, nanoseconds) to continuum finite element methods at
feature scales (107° m, seconds) and virtual fabrication at wafer
scales (107! m, process time).

Hierarchical multiscale modeling approaches attempt to
bridge these scales by employing different levels of theory at
different scales and passing information between levels [37].
Molecular dynamics simulations at the atomic scale provide
parameters for kinetic Monte Carlo models at the nanoscale.
Monte Carlo results inform continuum models at the device
scale. However, systematic methodologies for coupling these
models while maintaining accuracy and computational
tractability remain active research areas. Machine learning
may provide new approaches for learning effective coarse-
grained models from fine-scale simulations while preserving
essential physics.

Computational cost remains a practical barrier to widespread
adoption of virtual fabrication despite decades of progress in
computational hardware. High-fidelity 3D process simulation
for a complete device with multiple process steps can require
hours to days of computation even on modern workstations.
For complex sensors or systems with many design variants, the
computational burden becomes prohibitive. Machine learning
surrogate models partially address this challenge by replacing
expensive simulations with rapid predictions, but training these
models still requires a substantial initial simulation effort
[13,37,39].

Cloud computing and high-performance computing clusters
offer scaling opportunities, enabling the parallel execution of
many simulations for DOE or optimization studies. However,
software licensing models, data transfer bottlenecks, and
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workflow complexity often impede the effective utilization of
distributed computing resources. Future virtual fabrication
platforms must embrace cloud-native architectures with
efficient parallelization, flexible licensing, and integrated
workflow management to fully exploit available computational
power.

Experimental data availability represents a critical limitation
for both model calibration and machine learning training
[20,30]. Accurate process models require extensive calibration
data relating process parameters to experimental results for
For mature CMOS
processes, decades of accumulated data and well-established
PDKs provide this foundation. However, specialized sensor
processes often lack comprehensive experimental databases,

specific equipment and materials.

forcing time-consuming calibration experiments or the
acceptance of reduced model accuracy.

Machine learning similarly requires substantial training data
to learn accurate predictive models. While virtual fabrication
can generate synthetic data through simulation, the simulations
themselves must be accurate to provide value. Bootstrapping
from limited experimental data to comprehensive virtual
capability remains challenging. Active learning approaches
that intelligently select new experiments to maximize
information gain show promise for efficient data collection.
Transfer learning techniques that leverage knowledge from
related processes or materials may accelerate model
development for new processes.

Physics-informed machine learning represents an emerging
paradigm that incorporates physical knowledge into machine
learning models, potentially improving data efficiency,
generalization, and interpretability [37]. Rather than learning
purely empirical correlations, physics-informed models embed
conservation laws, symmetries, and known functional
relationships. For process modeling, this might include
constraints such as mass conservation during etching, diffusion
dopant  redistribution,

relationships for thin films. Research into physics-informed

equations  for or  stress-strain
neural networks and other hybrid approaches may enable more
accurate and data-efficient models.

The development of PDKs for non-standard sensor processes
represents a strategic opportunity to democratize advanced
Mature CMOS PDKs provide
designers with comprehensive models, design rules, and
characterized device libraries that enable first-time-right design.

Extending this concept to MEMS, sensors, and other specialized

fabrication technologies.

technologies could dramatically accelerate innovation by
enabling designers without deep process expertise to create
Virtual fabrication provides the
foundation for developing these PDKs through the systematic

manufacturable devices.

characterization of process capabilities, the extraction of design

63

rules, and the generation of device libraries.

Public fabrication facility collaboration offers the potential
to address the data scarcity challenge by sharing de-identified
process data across organizations. University and government-
sponsored fabs that support diverse research communities
could contribute anonymized DOE results, process
characterizations, and design libraries to shared databases.
Machine learning models trained on these aggregated datasets
would benefit the entire community. However, establishing
appropriate data sharing frameworks, intellectual property
protections, and quality standards requires careful
consideration.

Artificial intelligence (AI) research collaboration can
accelerate progress by connecting semiconductor domain
developing
cutting-edge algorithms. Semiconductor process optimization
presents rich opportunities for advancing active learning,

multi-objective optimization, physics-informed learning, and

experts with machine learning researchers

uncertainty quantification. However, much Al research
focuses on different application domains, and semiconductor
problems remain underrepresented in ML research. Increased
collaboration through workshops, shared datasets, and joint

projects could spur innovation beneficial to both
communities.
6. CONCLUSIONS

This comprehensive review has examined the integration of
virtual
development, demonstrating both the substantial progress

fabrication for semiconductor sensor process
achieved and the significant opportunities ahead. Virtual
fabrication platforms have matured from research tools to
practical enablers of process development, providing physics-
based simulation capabilities that span the full range of
semiconductor unit processes. The fundamental value
proposition of virtual fabrication rests on enabling informed
decisions before committing to expensive physical fabrication.

For sensor applications where specialized processes often
lack established design comprehensive
characterization, virtual provides

capabilities for design-technology co-optimization. The case

rules and

fabrication essential
studies presented demonstrate quantifiable benefits, including
a yield improvement from 30% to over 90%, a development
time reduction from months to weeks, and the successful first-
time fabrication of complex structures.

Critical process steps, including lithography, thin film
deposition, deep reactive ion etching, chemical mechanical
polishing, and hybrid bonding, all benefit from virtual
virtual
fabrication enables the prediction of experimental results as

modeling and optimization. For each process,
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functions of design parameters and process conditions, the
identification of failure modes, and the optimization of process
windows. The specific examples of aluminum nitride
microcantilever release, wafer-level vacuum packaging with
pattern-dependent DRIE, and sub-micron hybrid bonding
demonstrate the breadth of applications and the depth of
insights enabled.

Statistical and computational analysis tools enhance virtual
fabrication by enabling the efficient exploration of multi-
through the design of
experiments, construction of response surface models for rapid

dimensional parameter spaces
prediction, and multi-objective optimization, identifying Pareto
optimal solutions. These analytical approaches complement
physics-based simulations, with design of experiments
providing systematic parameter sampling, analysis of variance
quantifying factor importance, and optimization algorithms
identifying optimal operating conditions. The integration of
these methods with virtual fabrication creates a powerful
framework for process development that dramatically
accelerates innovation while reducing cost and risk.

Current challenges, including multi-scale modeling
complexity, computational cost, limited experimental data
availability, and the need for comprehensive validation, remain
significant. However, promising research directions, including
physics-informed machine learning, digital twins, real-time
process monitoring integration, and process design kit
development for sensors, offer pathways to address these
limitations. The convergence of advancing computational
capabilities, growing experimental databases, and increasingly
sophisticated machine learning algorithms points toward

virtual manufacturing environments of unprecedented capability.

CRediT Authorship Contribution Statement

Joontaek Jung, Hyeonseol Kim, Jubeom Lee, Tachyun
Kim: Investigation, Methodology. Hee Yeoun Kim: Writing —
original draft, review & editing, Supervision, Funding acquisition.

Declaration of Competing Interest

The authors declare that they have no known competing
financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

Acknowledgements

This work was supported by the Korea Evaluation Institute of
Industrial Technology (KEIT) grant funded by the Korea
government (MOTIE) (No. RS-2022-00154835, RS-2022-
00154856, RS-2022-0078060 and RS-2022-00154800) and
the Regional Innovation Leading Enterprise Development
program (S3452027) funded by the Ministry of SMEs and
Startups (MSS, Korea).

64

REFERENCES

[1] M.T. Bohr, Logic technology scaling to continue Moore's
law, Proceedings of 2018 IEEE 2nd Electron Devices
Technol. Manuf. Conf. (EDTM), Kobe, Japan, 2018, pp. 1—
3.

[2] D. Burg, J.H. Ausubel, Moore’s Law revisited through Intel
chip density, PLoS ONE 16 (2021) €0256245.

[3] M. Elwenspoek, H.V. Jansen, Silicon Micromachining, in:

Z.L. Wang, H. Fujita, J.-B. Yoon (Eds.), Microtechnology

and MEMS, Springer, Berlin, Heidelberg, 2004, pp. 24-58.

Y.L. Chen, S. Sacchi, B. Dey, V. Blanco, S. Halder, P. Leray,

et al., Exploring Machine Learning for Semiconductor

Process Optimization: A Systematic Review, IEEE Trans.

Artif. Intell. 5 (2024) 5969—5989.

M. Hargrove, S. Wen, D. Yim, K.E. Ruegger, P. Nanja, S.

Sarkar, et al., Review of virtual wafer process modeling and

metrology for advanced technology development, J. Micro/

Nanopattern. Mater. Metrol. 22 (2023) 0312009.

W.C. Chen, A.HI Lee, WJ. Deng, K. Liu, The

implementation of neural network for semiconductor

PECVD process, Expert Syst. Appl. 32 (2007) 1148-1153.

C.-H. Chen, W.-D. Zhao, T. Pang, Y.-Z. Lin, Virtual

metrology of semiconductor PVD process based on

combination of tree-based ensemble model, ISA Trans. 103

(2020) 192-202.

B. Lenz, B. Barak, Data mining and support vector

regression  machine  learning in  semiconductor

manufacturing to improve virtual metrology, Proceedings of

2013 46th Hawaii Int. Conf. Syst. Sci., Wailea, USA, 2013,

pp. 3447-3456.

JE. Choi, SJ. Hong, Machine learning-based virtual

metrology on film thickness in amorphous carbon layer

deposition process, Meas. Sensors 16 (2021) 100046.

S. Yan, C. Luo, S. Wang, S. Ding, L. Li, J. Ai, et al., Virtual

metrology modeling for CVD film thickness with Lasso-

Gaussian process regression, Proceedings of China

Semicond. Technol. Int. Conf. (CSTIC), Shanghai, China,

2023, pp. 1-4.

H.-M. Yu, C.-C. Lin, M.-H. Hsu, Y.-T. Chen, K.-W. Chen,

T. Luoh, et al., CMP process optimization engineering by

machine learning, IEEE Trans. Semicond. Manuf. 34

(2021) 280-285.

Y. Di, X. Jia, J. Lee, Enhanced virtual metrology on

chemical mechanical planarization process using an

integrated model and data-driven approach, Int. J.

Prognostics Health Manag. 8 (2017) 1-8.

M. Terzi, C. Masiero, A. Beghi, M. Maggipinto, GA. Susto,

Deep learning for virtual metrology: Modeling with optical

emission spectroscopy data, Proceedings of 2017 IEEE 3rd

Int. Forum Res. Technol. Soc. Ind. (RTSI), Modena, Italy,

2017, pp. 1-6.

T. Jo, I. Choi, D. Choi, Y. Bae, S. Byoun, I. Kim, et al.,

Machine learning aided process control: Critical dimension

uniformity control of etching process in 1z nm DRAM,

Proceedings of Metrol. Inspect. Process Control Semicond.

Manuf. XXXV, SPIE, Online, 2021, pp. 368-373.

[15] Y. Jin, T. Kozawa, Prediction of line-and-space pattern after

(4]

[10]

[11]

[12]

[13]

[14]

© The Korean Sensors Society



HY.

Kim et al.

J. Sens. Sci. Technol. Vol. 35, No. 1 (2026)

[16]

[17]

[18]

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

etching based on scanning electron microscope image of
corresponding resist pattern using machine learning,
Proceedings of Adv. Patterning Mater. Processes XXXIX,
San Jose, USA, 2022, pp. 216-221.

C.I. Lang, A. Jansen, S. Didari, P. Kothnur, D.S. Boning,
Modeling and optimizing the impact of process and
equipment parameters in sputtering deposition systems
using a Gaussian process machine learning framework,
IEEE Trans. Semicond. Manuf. 35 (2022) 229-240.
N.G. Greeneltch, H. Yin, J.A. Torres, M. Tao, S.M. Lubin,
S. Jayaram, et al., Design-aware virtual metrology and
process recipe recommendation, Proceedings of DTCO
Comput. Patterning II, San Jose, USA, 2023, pp. 445-450.
D. Kong, R. Chao, M. Breton, C.-C. Liu, GR. Muthinti, S.-
C. Seo, et al., In-line characterization of non-selective SiGe
nodule defects with scatterometry enabled by machine
learning, Proceedings of Metrol. Inspect. Process Control
Microlithogr. XXXII, San Jose, USA, 2018, pp. 225-234.
H. Kwak, S. Ryu, S. Cho, J. Kim, Y. Yang, J. Kim,
Angstrom-accuracy multilayer thickness determination
using optical metrology and machine learning, Proceedings
of Opt. Meas. Syst. Ind. Inspection XII, Online, 2021, pp.
178-182.

N. Rana, Y. Zhang, D. Wall, B. Dirahoui, Predictive data
analytics and machine learning enabling metrology and
process control for advanced node IC fabrication,
Proceedings of 2015 26th Annu. SEMI Adv. Semicond.
Manuf. Conf. (ASMC), Saratoga Springs, USA, 2015, pp.
313-319.

Y.-J. Mii, Semiconductor innovations, from device to
system, Proceedings of 2022 IEEE Symp. VLSI Technol.
Circuits, Honolulu, USA, 2022, pp. 276-28]1.

Q. Wang, Y.D. Chen, J. Huang, B. Vincent, J. Ervin,
Pathfinding by process window modeling: advanced dram
capacitor patterning process window evaluation using
virtual fabrication, Proceedings of China Semicond.
Technol. Int. Conf. (CSTIC), Shanghai, China, 2022, pp. 1—-
4.

Y. Yang, B. Wang, Q. Wu, Y. Li, Y. Wang, Y. Zhu, et al., 5
NM FIN SAQP process development and key process
challenge discussion, Proceedings of China Semicond.
Technol. Int. Conf. (CSTIC), Shanghai, China, 2020, pp. 1—
3.

R. Chao, K. Kohli, Y. Zhang, A. Madan, G.R. Muthinti, A.J.
Hong, et al., Novel in-line metrology methods for Fin pitch
walking monitoring in 14nm node and beyond, Proceedings
of Metrol. Inspect. Process Control Microlithogr. XXVIII,
San Jose, USA, 2014, pp. 386-395.

K.E. Ruegger, P. Nanja, M. Hargrove, Impacts of process
flow, scaling, and variability on interconnect performance,
Proceedings of Adv. Pattern. Mater. Process. XXXIX, San
Jose, USA, 2022, pp. 166-172.

J. He, Z. Xia, M. Wang, G. Zhang, H. Dou, Z. Huo,
Optimization of tilted profile in ultra-high aspect ratio etch
process for 3D NAND flash memory, Proceedings of 5th
IEEE Electron Devices Technol. Manuf. Conf. (EDTM),
Chengdu, China, 2021, pp. 1-3.

M.H.R. Ansari, N. Navlakha, J.Y. Lee, S. Cho, Double-gate

65

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

junctionless 1T DRAM with physical barriers for retention
improvement, IEEE Trans. Electron. Devices 67 (2020)
1471-1479.

C. Auth, A. Aliyarukunju, M. Asoro, D. Bergstrom, V.
Bhagwat, J. Birdsall, et al., A 10nm high performance and
low-power CMOS technology featuring 3rd generation
FinFET transistors, self-aligned quad patterning, contact
over active gate and cobalt local interconnects, Proceedings
of 2017 IEEE Int. Electron Devices Meet. (IEDM), San
Francisco, USA, 2017, pp. 29.1.1-29.1.4.

K. Krupa, M. Jozwik, A. Andrei, C. Gorecki, P. Delobelle,
L. Hirsinger, AIN driven microcantilever actuators:
modeling, fabrication, characterization, Proceedings of Opt.
Micro- Nanometrol. Microsyst. Technol. II, Strasbourg,
France, 2008, pp. 106-116.

T.H. Kim, S. Han, J. Lee, Y. Na, J. Jung. Y.C. Park, et al,,
Development and Characterization of Low Temperature
Wafer-Level Vacuum Packaging Using Cu-Sn Bonding and
Nanomultilayer Getter, Micromachines 14 (2023) 448.
Z. Tokei, V. Vega, G Murdoch, M. O’Toole, K. Croes, R.
Baert, et al., Inflection points in interconnect research and
trends for 2nm and beyond in order to solve the RC
bottleneck, Proceedings of IEEE Int. Electron Devices
Meet. (IEDM), San Francisco, USA, 2020, pp. 32.2.1-
32.24.

H. Kim, S.J. Ahn, Y.G. Shin, K. Lee, E. Jung, Evolution of
NAND flash memory: from 2D to 3D as a storage market
leader, Proceedings of 2017 IEEE Int. Memory Workshop
(IMW), Monterey, USA, 2017, pp. 1-4.

S. Pandev, F. Fang, Y.K. Kim, J. Tsai, A. Vaid, L.
Subramany, et al., Signal response metrology (SRM): A
new approach for lithography metrology, Proceedings of
Metrol. Inspect. Process Control Microlithogr. XXIX,
Bellingham, San Jose, USA, 2015, pp. 570-583.

W.P. Maszara, M.-R. Lin, FinFETs: technology and circuit
design challenges, Proceedings of Eur. Solid-State Device
Res. Conf. (ESSDERC), Bucharest, Romania, 2013, pp. 3—
8.

H. Maejima, K. Kanda, S. Fujimura, T. Takagiwa, S. Ozaki,
J. Sato, Y. Shindo, M. Sato, N. Kanagawa, J. Musha, K.
Aritome, A 512Gb 3b/Cell 3D flash memory on a 96-word-
line-layer technology, Proceedings of 2018 IEEE Int. Solid-
State Circuits Conf. (ISSCC), San Francisco, USA, 2018,
pp. 336-338.

M.A. Gosalvez, Y. Zhou, Y. Zhang, Y. Li, Y. Xing,
Simulation of Microloading and ARDE in DRIE,
Proceedings of 18th Int. Conf. Solid-State Sensors,
Actuators Microsyst. (Transducers 2015), Anchorage, USA,
pp-1255-1258.

GE. Karniadakis, I.G. Kevrekidis, L. Lu, P. Perdikaris, S.
Wang, L. Yang, Physics-informed machine learning, Nat.
Rev. Phys. 3 (2021) 422-440.

S. Na, L. Xumin, G. Yong, Research on k-means clustering
algorithm: An improved k-means clustering algorithm,
Proceedings of 2010 3rd Int. Symp. Intell. Inf. Technol.
Secur. Inform., Jian, China, 2010, pp. 63—67.

A. Shrestha, A. Mahmood, Review of deep learning
algorithms and architectures, IEEE Access 7 (2019) 53040—

© The Korean Sensors Society



HY. Kim et al. J. Sens. Sci. Technol. Vol. 35, No. 1 (2026)

53065. of Sensors, J. Sens. Sci. Technol. 24 (2015) 10-14.
[40] H. Kwak, S. Ryu, S. Cho, J. Kim, Y. Yang, J. Kim, Non- [42] Lam Research, Semulator3D Introduction. https://
destructive thickness characterisation of 3D multilayer www.lamresearch.com, 2025 (accessed 9 January 2026).
semiconductor devices using optical spectral measurements [43] Interuniversity Microelectronics Centre (IMEC), The 3D
and machine learning, Light Adv. Manuf. 2 (2021) 9-19. interconnect imec R&D roadmap. https:/www.imec-
[41] C.M. Yang, H.Y. Kim, J.H. Park, Optimization of Etching int.com/en/articles/view-3d-technology-landscape, 2025
Profile in Deep-Reactive-lon Etching for MEMS Processes (accessed 9 January 2026).

Hee Yeoun Kim is the Director of K-Sensor Commercialization Center since 2022 in National Nanofab Center, contributing
to the commercialization and advancement of sensor technologies. He received B.S. in Metallurgical Engineering from
Hanyang University in 1990, followed by a M.S and Ph.D in Materials Engineering from Korea Advanced Institute of
Science and Technology (KAIST) in 1993, 2005. He has worked at Samsung Electromechanics Co. where he developed the
micro-optical modulators from 2006 to 2008. Prior to that, he worked as a Senior Researcher at the Agency for Defense
Development, focusing on battery and materials development from 1993 to 2000. He served as the President of the Korean
Sensor Society in 2024. His research interests include the design and process development of micro sensors such as
microbolometer, microheater and wafer-level packaging. Currently interested in virtual fabrication modeling of micro
sensors and 3D packaging. For more information, please visit the website: https://www.nnfc.re kr/ksensor/home/main.do.

66 © The Korean Sensors Society



	Virtual Fabrication for Semiconductor Sensor Development: Process Modeling and Design Optimization
	ABSTRACT
	1. INTRODUCTION
	2. VIRTUAL FABRICATION FUNDAMENTALS
	3. PROCESS MODELING AND SIMULATION
	4. CASE STUDIES AND APPLICATIONS
	5. CURRENT CHALLENGES AND FUTURE PERSPECTIVES
	6. CONCLUSIONS
	REFERENCES


