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Abstract

Access to internal fields such as stress, temperature, and fatigue indicators is essential
for condition monitoring, yet direct sensing is often impractical. Finite element method
(FEM)-based virtual sensors address this gap by combining sparse measurements with
physics-based models. This work compares two virtual sensor workflows. The live FEM
approach executes a model on demand and provides high-fidelity estimates at the cost
of multi-second runtimes. The lookup database approach shifts computation offline by
precomputing responses and answering online queries by fast interpolation. We introduce
a quantitative cost model that links measured runtime scaling, offline construction effort,
and online latency to deployment choices. The cost model is evaluated through timing
studies, accuracy assessments, and an empirical break-even analysis relating offline effort to
the expected number of online queries. Two case studies illustrate the method, a nonlinear
tension-bar benchmark and a steady-state thermal model of a CPU die. Live FEM runtime
follows a power law with α ≈ 1.2 for the tensile case and an effective α ≈ 0.66 for the
CPU case due to dominant overheads. The resulting rules translate accuracy targets and
latency budgets into workflow-selection criteria that support integration into digital-twin
and monitoring pipelines.

Keywords: virtual sensors; finite element method; real-time simulation; state estimation;
design of experiments; lookup databases; thermal analysis; nonlinear mechanics

1. Introduction
In modern engineering, the ability to monitor, predict, and optimize the behavior

of complex systems often hinges on access to internal quantities such as stress fields,
temperature distributions, or condition indicators. Direct sensing is frequently limited,
because equipping assets with sensors can be cost-intensive, technically infeasible under
spatial or environmental constraints, or unreliable over time [1].

A well-established way to mitigate this deficit is the virtual sensor, understood as a
software layer that produces indirect measurements by combining and aggregating signals
from available sensors via a data fusion function [2]. Operating on the principle of model-
based state estimation or sensor virtualization, they utilize algorithms to infer quantities
that are not directly measured. The effectiveness of this approach has been demonstrated
in various industrial domains. For instance, in electric vehicle battery management, electro-
chemical models estimate the internal state of charge based on terminal voltage and current
to ensure safe operation limits [3], while in structural health monitoring, vibration analysis
based on accelerometer data is used to detect damage in civil infrastructure before visible
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failure occurs [4]. Virtual sensors are widely used in control and monitoring, particularly
when measurements are scarce, and required variables cannot be measured directly [5].

In this work, the term simulation-based virtual sensor (SVS) denotes a virtual sensor
that invokes a physics-based numerical model during operation. Three realizations are
commonly distinguished. First, SVS-LFE relies on live FEM (LFE), executing a finite element
(FE) model on demand to map inputs and measurements to quantities of interest. Second,
SVS-LDB relies on a lookup database (LDB) and interpolates from an offline database of
precomputed FE responses, shifting most computational effort to preparation and enabling
fast online queries. Third, SVS-ML uses data-driven surrogates trained on simulated data.
This variant is relevant in broader digital twin practice but is not benchmarked here.

Model-based sensing is central to the digital twin (DT) paradigm, commonly described
as a virtual entity that mirrors its physical counterpart, with increasing functionality as
the integration between physical and digital entities becomes more bidirectional and
automated [6,7]. DT research also emphasizes the need for robust modeling and continuous
use of operational data to support monitoring and decision-making [8]. Recent reports
further emphasize that surrogate modeling is a foundational requirement for digital twins
to bridge the gap between high-fidelity simulation and real-time decision making [9].

However, reliance on high-fidelity FE models exposes a recurring dilemma between
fidelity and latency. Typical use of FE programs implies offline computations with a clear
separation between model setup, solving, and evaluation, whereas real-time use requires
substantially higher computational efficiency [10]. In DT settings, real-time performance
is often limited by latency in data processing and synchronization, and finer meshes can
further increase computational demand, reinforcing the accuracy–latency trade-off [11].

This exposes a significant problematic area in current research: the lack of quantitative
decision support for selecting the appropriate execution architecture. While the general
trade-off between reduced-order models and full simulations is well-studied, a distinct
challenge arises when high spatial fidelity is non-negotiable. Here, engineers must choose
between two competing high-fidelity strategies: live FEM (computing on demand) and
lookup databases (precomputing the solution space).

The scientific gap lies in the absence of a unified cost model that accounts for the
opposing scaling laws of these strategies. Currently, there are no established guidelines to
determine the economic and computational break-even points between these workflows
under specific accuracy and latency constraints. This creates a technological gap where
engineers select workflows based on intuition rather than empirical data.

The objective of this paper is to develop and validate a decision-making framework
for selecting between SVS-LFE and SVS-LDB under accuracy and latency constraints. The
investigation is guided by two research questions. RQ1 asks how live FEM runtime and
prediction error scale with mesh resolution. RQ2 asks, for a given accuracy target and
problem dimension, how the computational break-even between an LFE-based virtual
sensor and an LDB-based sensor depends on the offline design size N and the expected
number of online queries Q.

This work makes three contributions. First, it introduces a unified cost model for
simulation-based virtual sensors that separates offline precomputation, online latency, and
measurement cadence and applies it to two representative case studies. Second, it compares
three design of experiments strategies, Sobol sampling, Latin hypercube sampling, and
orthogonal arrays, for constructing lookup databases in up to nine dimensions and assesses
their impact on surrogate accuracy and robustness. Third, it combines the cost models
with measured runtimes and errors to obtain empirical scaling laws and break-even points
between live FEM simulation and lookup database surrogates.
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2. Materials and Methods
This section formalizes the SVS framework and describes the methods used in this

study. We introduce the notation, latency and error models, performance metrics, and cost
models, and we briefly summarize the three primary implementation strategies found in
the literature, which we classify as SVS-LFE, SVS-LDB, and SVS-ML. We then describe the
case-study setups, the design of experiments (DoE) strategies and interpolation schemes
used to construct the lookup database, the computational environment and logging, and
the statistical validation pipeline. Finally, we define generic cost models for both workflows.
These models are later combined with the case-study measurements in Section 3.3 to obtain
empirical scaling laws and break-even points.

2.1. SVS Variants

In this work, we focus on SVS-LFE and SVS-LDB and treat SVS-ML as relevant context
rather than a benchmarked alternative.

The first variant, SVS-LFE (or live FEM), executes a full or simplified finite element
(FE) simulation on demand for each new input state streamed from the asset. Research in
this area often targets runtime reduction through algorithmic improvements and hardware
acceleration, for example GPU-enabled solvers [10,12]. The live FEM approach is concep-
tually straightforward and limited to FE discretization errors. The online cost increases
strongly with the model size, and practical second-level update rates are typically obtained
through physics or geometry simplifications or aggressive coarsening, which can shift the
dominant error toward modeling assumptions.

The second variant, SVS-LDB, separates offline and online computation by precom-
puting high-fidelity FE responses over a predefined parameter space. During operation,
outputs are obtained by fast interpolation of the lookup database, for example using
k-nearest neighbors or radial basis functions [13]. By precomputing responses and an-
swering online queries via fast interpolation, this approach obviates the need for real-time
solvers while preserving the predictive accuracy of the underlying physics model [14]. This
approach enables millisecond-level responsiveness and has been applied in accelerated
engineering workflows such as wind turbine gearbox optimization [15]. Its main limitation
is the curse of dimensionality, as offline simulation effort and storage grow rapidly with
the number of input parameters, and the interpolation accuracy can degrade near domain
boundaries or under extrapolation.

The third variant, SVS-ML, includes reduced-order and data-driven surrogates that
approximate FE behavior at low online cost [10,16,17]. While recent studies report low
errors and substantial speedups in digital twin applications [18], these approaches intro-
duce challenges in training, validation, and physical consistency [19,20]. Although ML
models can reduce the inference times from hours to milliseconds with moderate error mar-
gins [9,21], they act as statistical approximations that may violate physical consistency [19],
whereas SVS-LDB interpolates directly between valid physics-based solutions. SVS-ML
is therefore acknowledged but not benchmarked in order to isolate the trade-off between
online computation in LFE and offline storage in LDB.

2.2. SVS Formalism and Notation

An SVS estimates otherwise unmeasurable quantities by combining sparse measure-
ments x(t), known or estimated inputs u(t), an assimilation operator E, and a physics-based
model or a database representation derived from that model. We write the mapping as

ŷ(t) = F
(

M*, x(t), u(t); E
)

(1)
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where M∗ denotes either a physics-based numerical model M (typically an FE model or a
certified reduction) or a database of precomputed responses, DB(M).

The real-time applicability of an SVS is constrained not only by the estimation accuracy
but also by the achievable end-to-end latency of the sensing and estimation pipeline. In
particular, the total SVS latency

∆tSVS = ∆tIO + ∆tcompute (2)

must remain below an application-dependent latency budget ∆tbudget, which is dictated
by the control-loop frequency and the data-acquisition cadence. Here, ∆tIO comprises
sensor readout, data transfer, and optional preprocessing of the measurement vector x(t)
and inputs u(t), while ∆tcompute accounts for the execution of the mapping F, including
data assimilation E and either the numerical model evaluation or database querying
and interpolation.

Typical latency budgets range from tens of milliseconds in closed-loop control applica-
tions to several seconds in monitoring or supervisory contexts. Performance is therefore
judged not only by the accuracy against trusted references but also by the latency and
computational resource usage [6–8,10].

The total estimation error can be decomposed into contributions from discretiza-
tion, interpolation, numerical approximations, modeling assumptions, and measurement
noise as

ϵtotal = ϵFEM(h) + ϵinterp(N, m) + ϵnumerical + ϵmodeling + ϵmeas (3)

where ϵFEM(h) is the discretization error of the FE model, which typically decreases as
the characteristic element size h is refined, and ϵinterp(N, m) is the interpolation error in
database-based sensors, which depends on the number of precomputed samples N and the
input dimensionality m. The latter term captures the curse of dimensionality. The remaining
terms account for solver tolerances or convergence limits ϵnumerical, simplifications in
material laws, geometry, or boundary conditions ϵmodeling, and measurement noise entering
the assimilation step ϵmeas.

In the case studies, the abstract quantities are instantiated as follows. The mesh
resolution h governs the degrees of freedom processed by the FE solver, N denotes the
number of precomputed database samples, and m denotes the dimensionality of the input
parameter space. The controlled experimental setting in this study allows the latency,
error, and resource utilization to be quantified consistently for SVS-LFE and SVS-LDB.
Performance depends on model fidelity, input-domain parameterization, and the specific
estimation choices.

2.3. Performance Metrics and Real-Time Bands

This paper assesses performance along two axes, accuracy and latency. For deploy-
ment, the sensor must meet an application-specific latency budget while achieving a
predefined accuracy target for the quantities of interest (QoI). We report the accuracy rela-
tive to trusted FE references, characterize online latencies under representative workloads,
and summarize the runtime variability across repeated queries.

The accuracy is evaluated at two levels. For full-field responses, we report a global
mean absolute error computed over the spatial field with respect to a high-fidelity FE
reference. For decision-relevant scalars, such as peak stress or maximum die temperature,
we report the mean absolute error (MAE) on the corresponding QoI. These metrics capture
complementary perspectives, since scalar QoIs can remain within tolerance even when
local field deviations are present.
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Latency is reported as the compute-time component ∆tcompute. We report both the
median and the 95th percentile under a workload that mirrors the intended deployment.
Variability is visualized using percentile-based error bars, typically the 5th and 95th per-
centiles, rather than formal hypothesis tests. Unless stated otherwise, a method is con-
sidered deployable if at least 95% of queries satisfy the specified latency budget and the
accuracy target for the QoI.

To contextualize the performance metrics, we classify the real-time requirements into
three bands based on typical industrial update rates found in the literature. Hard real time
(<10 ms) is mandated for the closed-loop control of high-rate dynamic systems, where
missing a deadline can result in failure. For instance, structural model updating for impact
mitigation requires response times of 1 ms or less [22]. Medium real time (10–100 ms)
typically serves human-in-the-loop visualization and supervisory monitoring. Recent
digital twins for infrastructure monitoring, such as bridge deformation tracking, operate at
update rates of 50 Hz (20 ms) to sufficiently capture structural dynamics [23]. Soft real time
(>1 s) is sufficient for processes with high physical inertia, such as thermal management. For
example, predictive maintenance twins for electric motors often employ update intervals
of several seconds, which is adequate to track temperature evolution [24].

2.4. Cost and Scaling Models

Our focus is the trade-off between two direct physics-based implementations that
underpin many SVS architectures, SVS-LFE and SVS-LDB. SVS-LFE minimizes offline
investment but typically incurs higher online latency. SVS-LDB reduces online latency but
requires offline precomputation. In this work, cost refers to the computational runtime. We
distinguish the end-to-end latency ∆tSVS, defined in Equation (2) and including both I/O
and compute time, from the implementation-specific compute-time terms tLFE and tLDB

that enter the scaling laws below. For lookup database sensors, we additionally account for
the one-time offline investment Tpre required to populate the database.

Figure 1 summarizes the SVS trilemma between online speed, offline creation effort,
and predictive accuracy.

 

Figure 1. Conceptual trilemma for simulation-based virtual sensors (SVS): online speed (runtime
latency), offline creation effort (precomputation and model development), and predictive accuracy
(measurement and estimation quality).
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For the live FEM approach, the key design variable is the number of degrees of freedom
n processed at runtime. This number reflects the mesh resolution of the underlying FE
model or a certified reduced representation and directly affects the computational cost and
discretization error. The runtime per query is modeled by the empirical scaling law

tLFE(n) = c1nα, α > 1 typically, (4)

where α captures the effective scaling observed in the measured range. In many settings,
the asymptotic trend is faster than linear due to assembly, solver iterations, and memory
traffic, while for smaller models, constant overheads can dominate and partially mask the
underlying behavior. The parameters c1 and α are obtained by linear regression in log space
from controlled degree-of-freedom sweeps, and the fitted values are reported in Section 3.3.

For lookup database sensors, two variables are central: the number of precomputed
samples N and the input dimensionality m. The total offline cost of generating the database
is expressed as

Tpre(m, N) = c3Nγmδ, (5)

where γ ≥ 1 reflects throughput and batching effects in the FE runs, and δ ≥ 0 accounts for
overheads from experiment design, validation, indexing, and storage. The coefficient c3

and the effective exponents are estimated from batch runs across different N and, where
available, varying m. The resulting offline times are then used to determine the break-even
query count Qbe required to amortize the offline investment in Section 3.3.

The online query time depends on the data structure used for interpolation. With
spatial indexing such as k-d trees, the expected scaling is logarithmic,

tLDB(N) = c4log N, (6)

where c4 captures implementation and hardware constants. Without indexing, a naive
neighbor search grows linearly with N, and empirical slopes are reported instead.

These cost models are linked to the accuracy requirements. For SVS-LFE, an accuracy
target ε⋆ can be translated into a required model resolution and thus into a required n(ε⋆),
which determines the predicted runtime via Equation (4). For SVS-LDB, achieving the same
target implies a minimum database size that depends on N and m, which then determines
both the offline cost via Equation (5) and the online latency via Equation (6). In practice,
the sample requirements tend to increase rapidly with m, and the accuracy can deteriorate
near parameter-space boundaries. These effects are examined in Sections 2.5 and 2.6.

Together, Equations (4)–(6) provide a compact quantitative basis for the empirical
break-even analysis in Section 3.3 and for the design rules discussed in Section 4.

2.5. Design of Experiments for Lookup Databases

For the lookup database workflow, the choice of design of experiments (DoE) di-
rectly affects the accuracy and robustness [25]. We consider three widely used classes of
space-filling designs. First, Orthogonal Arrays (OA) are included as a baseline typical for
physical experiments. However, their projection onto discrete levels limits their ability to
capture nonlinearities in deterministic computer models [26]. Second, Latin Hypercube
Sampling (LHS) and, third, Sobol sequences are employed as space-filling designs. Recent
benchmarks indicate that Sobol sequences often outperform LHS in convergence speed
for sensitivity analysis, making them particularly suitable for high-dimensional digital
twins [27]. Sobol and Latin hypercube designs were generated using Python (v3.11) and the
SciPy package (v1.16.3), while the OA designs follow an orthogonal-array-inspired stratifi-
cation scheme, and all designs were created with fixed random seeds for reproducibility.
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In the one-dimensional tension-bar case (Case Study A), the input domain is dis-
cretized by equally spaced points; so, the design choice is trivial. For the CPU case (Case
Study B), we construct DoE designs in four, six, and nine dimensions, corresponding to
different parameterizations of the power-map generator described in Section 2.8. For each
combination of dimensionality and design class, we generate several database sizes N
within the practical range for offline simulation.

All designs are generated using standard numerical routines and are checked for
obvious defects such as clustering or alignments with coordinate axes. Their impact on
accuracy is assessed in the Case Study B using ground-truth errors against an independent
reference set and 10-fold cross-validation.

2.6. Interpolation and Online Query

Online queries are answered by interpolating from the precomputed database using
k-nearest-neighbors regression with inverse-distance weighting. The number of neighbors
is fixed to three. Preliminary screening indicated that, for the dense databases required for
engineering accuracy, the sensitivity of the error to small variations in k is negligible com-
pared to the influence of the database size N, while the query latency is primarily governed
by the tree depth (O(log N)) rather than the neighbor count. If multiple design points coin-
cide in the input space, the prediction reduces to the average of their associated responses.
Neighbor selection is performed in the bounded input parameter space defined for the
design, and we do not consider extrapolation beyond the sampled operating envelope.

The interpolator is implemented in Python using the scikit-learn k-nearest-neighbors
regressor, with NumPy and pandas for data management. Latency is measured after a short
warm-up period by issuing repeated single-sample queries with fixed hyperparameters,
and the latency statistics defined in Section 2.3 are recorded under steady-state conditions.

For Case Study A (1D Tension Bar), the accuracy is evaluated against the high-fidelity
experimental reference curve (described in Section 2.7) to quantify the deviation from
physical reality.

For the multivariate analysis (Case Study B), the accuracy is evaluated using an
independent random hold-out reference set (Nval = 50) that is disjoint from the design
points described in Section 2.5. To avoid methodological pitfalls in this high-dimensional
setting, we report the primary error metrics on an independent hold-out set and provide 10-
fold cross-validation results as a diagnostic. Although k-fold cross-validation is widely used,
it can exhibit optimistic bias (data leakage), particularly when samples possess structural
correlations or when the sample size is limited [28]. By using a never-seen holdout set, we
ensure that the reported errors represent the true generalization performance rather than
fitting artifacts. We report the MAE for the QoIs together with the corresponding latency
statistics under a workload that mirrors the intended deployment.

2.7. Case Study A: Tension Bar

This case study examines a single-input tensile problem with elastic–plastic material
behavior to quantify runtime scaling and assess LDB performance in a low-dimensional
setting. It is important to distinguish between the spatial dimensionality of the model and
the dimensionality of the input space. Although the finite element simulation employs a
full 3D hexahedral mesh to capture realistic solver overheads, the virtual sensor input space
is one-dimensional (m = 1), parameterized solely by the prescribed axial displacement
boundary condition. The FEM model serves here as a high-fidelity reference generator to
evaluate the surrogate’s approximation error and runtime scaling. A dog-bone specimen
was modeled using linear hexahedral elements. The experimental reference data were
adopted from the SH4 Inconel 625 dataset [29], which documents tensile tests performed
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according to DIN EN ISO 6892-1 [30]. An elastic modulus of 194.75 GPa was adopted.
To ensure numerical robustness, the raw stress–strain data were processed using outlier
removal and Savitzky–Golay smoothing before being reduced to 100 support points. The
physical problem is governed by the quasi-static equilibrium of the Cauchy stress tensor
σ (∇ · σ = 0), neglecting body forces. The material response is modeled using isotropic
elastoplasticity based on the von Mises yield criterion [31].

Three mesh resolutions were analyzed to determine the runtime scaling: a coarse
mesh (h = 3.0 mm), an intermediate mesh (h = 1.0 mm), and a fine reference mesh
(h = 0.3 mm), spanning 1.6 × 103 to 6.0 × 105 degrees of freedom (Table 1). The finite
element discretization is visualized in Figure 2.

Table 1. Mesh resolutions used in the tension-bar case study, including element counts and degrees
of freedom for the three grids.

Mesh Resolution Mesh Edge Length (mm) Number of Elements Degrees of Freedom

Coarse 3.0 222 1596
Fine 1.0 4872 21,060

Ultra fine 0.3 176,180 595,584

Figure 2. Detailed view of the finite element mesh for the three refinement levels.

Simulations were performed using the Z88Aurora® V6 (Engineering Design and CAD,
University of Bayreuth, Germany) nonlinear solver under displacement control up to 30%
engineering strain. The workflow was automated using a custom Python orchestration
script that programmatically modified the input parameter within the project files for each
design point. For each run, a unique directory was generated, the modified files were
deployed, and the solver was invoked via the command-line interface. Post-processing
scripts subsequently extracted the reaction forces and stress measures from the binary
output files. Reaction forces were accumulated over the grip faces, and engineering strain
was computed via a virtual extensometer L0 = 50 mm defined within the gauge section,
as shown in Figure 3.

For the database workflow, the input domain was discretized into 159 equidistant
displacement levels corresponding to engineering strains up to 30%. The database stores
the grip force, gauge strain, and stress measures. The accuracy is evaluated relative to the
ultra-fine-mesh reference and experimental data, while the query latency is measured for
the lookup interpolation step defined in Section 2.6.
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Figure 3. Tensile specimen geometry and boundary conditions for Case Study A. A prescribed axial
displacement u is applied at one grip face while the opposite grip is constrained. Engineering strain
is evaluated using a virtual extensometer defined by two marker sets in the gauge section with a
gauge length of L0 = 50 mm.

2.8. Case Study B: Thermal Analysis of a CPU Die

The second case study uses a simplified steady-state thermal model of a quad-core
CPU. Compared to Case Study A, this benchmark introduces a higher-dimensional design
space and a spatially varying response field while enabling controlled comparisons of
sampling strategies and database sizes. This is a purely numerical benchmark designed
to evaluate sampling efficiency and grid convergence without experimental uncertainties.
The CPU model, based on Intel Core i7-8650U specifications [32], comprises an FR-4 base,
a silicon die (14 mm × 9 mm × 0.5 mm), and a copper heat sink (Table 2). The thermal
behavior is governed by the steady-state heat conduction equation −∇ · (k∇T) = qv for
the temperature field T, where k denotes the thermal conductivity, and qv represents the
volumetric heat generation in active cores (qv = 0 elsewhere). Heat dissipation at the sink
interface is modeled via a convective boundary condition −k∇T · n = h(T − T∞) [33].

Table 2. Thermal material properties assigned to the components of the CPU package assembly.

Component Material k (W m−1 K−1) cp (J kg−1 K−1) ρ (kg m−3)

FR-4 base board FR-4 epoxy 6 1150 1900
CPU die Silicon 174 712 2330

Copper heat sink Copper 400 385 8933

Thermal loads are applied to the die as shown in Figure 4, with the heat dissipation
modeled via convection (hconv = 29.5 W m−2 K−1, T∞ = 33◦C).

 

Figure 4. Layered CPU package representation and boundary conditions used in the steady-state
thermal model. Heat flux is applied at the die underside, and heat dissipation is modeled via
convection at the heat sink interface.

Grid convergence was assessed using three hex-dominant meshes ranging from ap-
prox. 5.8 × 104 to 7.8 × 105 degrees of freedom (Table 3). The finite element discretization is
visualized in Figure 5.
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Table 3. Grid convergence study for the CPU thermal model. Element counts and degrees of freedom
(DoF) for the three mesh refinement levels.

Mesh Resolution Number of Elements Degrees of Freedom

Coarse 10,010 57,803
Fine 34,482 175,062

Ultra fine 162,864 783,005

 

Figure 5. Detailed view of the finite element mesh for the three refinement levels.

Spatially varying power distributions were generated by discretizing the die into
functional blocks (Cores 0–3, Ring/Interconnect, L3 Cache, System Agent, GPU, and DDR)
and varying the total power Ptotal from 0.6 W to 10.5 W. Power was mapped to density
fields using either uniform distributions or Gaussian profiles to ensure diverse load cases.

The simulation pipeline was automated using a Python-based runner. For each
simulation task, the script created a dedicated working directory and generated an ANSYS
Workbench journal file, which was executed within ANSYS Mechanical 2024 (Ansys,
Inc., Canonsburg, PA, USA) to programmatically update the spatially resolved heat-flux
maps, run the steady-state thermal solve, and export the resulting temperature fields.
This automated orchestration ensured consistent execution and data integrity across the
multi-dimensional parameter space.

To study the curse of dimensionality, LDBs were constructed for input spaces with
m ∈ {4, 6, 9} variable parameters (Table 4). Here, m denotes the dimension of the pa-
rameter space (number of independently varied thermal loads), while the underlying
multiphysics model remains a spatially three-dimensional continuum. From the perspec-
tive of Digital Twin design, this variation simulates different levels of sensor coverage and
model fidelity. The variable parameters correspond to the active state space monitored by
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real-time readings (e.g., core loads), while fixed parameters represent unmonitored subsys-
tems assumed to operate at nominal boundary conditions. By systematically expanding
the variable space from 4 to 9 dimensions, we do not aim to maximize physical realism
for a specific load case but to benchmark how the required database size and sampling
strategy scale with the complexity of the monitored system.

Table 4. Definition of variable input parameters for the 4D, 6D, and 9D CPU lookup
database configurations.

Number of Variable Parameters Variable Parameters Fixed Parameters

4 cores 0–3 ring/interconnect, L3 cache, system
agent, GPU, and DDR

6 cores 0–3, ring/interconnect, system agent L3 cache, GPU, and DDR

9 cores 0–3, ring/interconnect, L3 cache,
system agent, GPU, and DDR -

For each dimensionality, multiple design of experiments strategies were considered,
including Sobol sequences, maximin Latin hypercube sampling, and orthogonal arrays.
The evaluated combinations of design class, database size N, and dimensionality m are
summarized in Table 5. The sample sizes were adapted to dimensionality: for m = 4, sizes
ranged from N = 32 to 128, whereas for m ∈ {6, 9}, the range was shifted to N = 64 to
256. For Sobol sampling in 6D, the sweep was extended to N = 1024 to analyze asymptotic
convergence behavior.

Table 5. Overview of design of experiments strategies and sample sizes N used for lookup database
generation in the CPU case study, grouped by input dimensionality m.

Method Number of Simulations Number of Variable Parameters

Sobol

32 4
64 4, 6

128 4, 6, 9
256 6, 9
512 6
1024 6

LHS-Maximin

32 4
64 4, 6

128 4, 6, 9
256 6, 9

Orthogonal arrays

32 4
64 4, 6, 9

128 4, 6, 9
256 6, 9

Surrogate accuracy is evaluated as the mean absolute error (MAE) of the temperature
field relative to an independent validation set (N = 50) generated via random sampling,
consistent with the metrics in Section 2.3. Query latencies are measured directly from the
lookup and interpolation steps.

2.9. Experimental Study Design

To ensure a systematic evaluation of the scaling laws and accuracy trade-offs, the
investigation follows a structured study plan. We vary the mesh resolution (n) to assess
solver scaling, the input dimensionality (m) to study complexity effects, and the sample size
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(N) to determine surrogate performance. Table 6 summarizes the technical configuration
and the alignment of the parameters with the results presented in Section 3.

Table 6. Comprehensive experimental study plan and data characterization.

Feature Case Study A: Tension Bar Case Study B: CPU Thermal Model

Objective Numerical vs.
Experimental validation

High-dimensional surrogate
benchmarking

FE Reference
h = {3.0, 1.0, 0.3} mm;

DoF up to 6 · 105;
Solver: Z88Aurora V6

3 Levels : 5.7 · 104 to
7.8 · 105DoF;

Solver: ANSYS Mechanical

Boundary
conditions

Fixed face constraint,
Prescribed displacement

Convection (h , T∞),
Applied power mapping

Input Space (m) m = 1
(Prescribed displacement u)

m ∈ {4, 6, 9}
(Variable power blocks)

Database Plan (N) N = {19, 39, 79, 159}
(Equidistant)

N ∈ {32, 64, 128, 256, 512, 1024}
(Sobol, LHS, OA)

Database
Structure

Input: u;
Output: Reaction force F,

Engineering strain ε, Stress σ

Input: Power vector P ∈ Rm;
Output: Temperature vector

T ∈ RM

Validation Against experimental dataset Against independent random
validation set (N = 50 )

3. Results
3.1. Case Study A: Tension Bar

This case study considers a one-dimensional tensile problem with elastic–plastic
material behavior. The goal is twofold: first, to validate the live FEM (LFE) simulation
against experimental data; second, to quantify the speed–accuracy trade-off between live
FEM and a lookup database (LDB) sensor in a low-dimensional setting.

3.1.1. Live FEM Accuracy and Runtime Scaling

Figure 6 compares the experimental engineering stress–strain curve with the live FEM
simulation on the ultra-fine mesh (h = 0.3 mm). Over the full range up to 30% engineering
strain, the simulated response matches the measurement closely.

Figure 6. Comparison of engineering stress–strain curves.
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The mean absolute error (MAE) between the simulation and experiment is
MAEσ ≈ 2.54 MPa, which corresponds to about 0.34% of the maximum experimental
stress (743 MPa).

To quantify the discretization effects, three uniform meshes with element sizes
h = 3.0 mm, 1.0 mm, and 0.3 mm were evaluated. Figure 7a reports the stress MAE
relative to the experimental curve, and Figure 7b reports the corresponding wall-clock
runtime.

Figure 7. Mesh convergence and computational cost. (a) Mean absolute error (MAE) of engineering
stress relative to the experimental curve as a function of mesh element size h. (b) Simulation runtime
versus element size h on a logarithmic scale.

The coarsest mesh (h = 3.0 mm) shows a noticeable deviation of 13.3 MPa (≈1.8%).
Refinement to h = 1.0 mm reduces the error to 2.64 MPa (≈0.35%), which is close to the
ultra-fine-mesh result of 2.54 MPa. The 95th-percentile relative errors follow the same
trend, decreasing from 3.17% at h = 3.0 mm to about 0.44% and 0.39% at h = 1.0 mm and
0.3 mm, respectively.

The runtime increases sharply with the refinement. The average wall-clock times
are approximately 1.18 s for h = 3.0 mm, 21 s for h = 1.0 mm, and on the order of 103 s
for h = 0.3 mm (about 20 min). Expressed as a function of degrees of freedom n, these
measurements are well described by the power-law model introduced in Equation (4), with
an effective exponent of α ≈ 1.2 over the tested range. Given the span of runtimes over
three orders of magnitude, fitting to the 5th and 95th percentiles yields negligible deviation
(< 1%), confirming a highly robust scaling law.

3.1.2. Lookup Database Accuracy and Query Latency Versus Database Size

The LDB sensor was constructed from FEM simulations computed on the h = 1.0 mm
mesh and evaluated against the experimental reference. Starting from the full set of
159 displacement samples, reduced databases were created by subsampling approximately
12%, 25%, and 50% of the points, in addition to the full design (N = 19, 39, 79, 159). For
each database size, a distance-weighted k-nearest neighbors interpolator was instantiated
and evaluated on a dense displacement grid.

Figure 8 shows that the stress MAE decreases from 9.60 MPa at N = 19 to 2.75 MPa
at N = 159. Using 50% of the samples (N = 79) yields an MAE of 3.52 MPa and a 95th
percentile relative error below 0.5%.
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Figure 8. Speed–accuracy trade-off for the tension-bar case study. Live FEM results (circles) are
shown for different mesh resolutions using simulation runtime as the horizontal axis. LDB results
(squares) are shown for different database sizes N using per-query latency as the horizontal axis. The
vertical axis shows stress MAE, and the horizontal axis is logarithmic.

The query latency remains nearly constant across all tested database sizes. Median
values lie in the narrow range of 0.163–0.164 ms, with 5–95th percentile intervals of approx-
imately 0.159–0.181 ms.

3.2. Case Study B: Thermal Analysis of a CPU Die

The second case study examines a multi-parameter scenario using a simplified CPU
die model. The objective is to evaluate how the live FEM workflow and an LDB sensor
scale with respect to the number of inputs and design points when predicting steady-state
temperature fields.

3.2.1. Live FEM Grid Convergence and Runtime Scaling

Three hex-dominant meshes with 57,803, 175,062, and 783,005 unconstrained degrees
of freedom (DoF) were evaluated for the live FEM workflow. Figure 9a reports the mean
absolute error (MAE) of the temperature field relative to the ultra-fine mesh. The coarse
mesh exhibits an MAE of 1.98 K, which is reduced to 1.17 K on the fine mesh. By definition,
the reference mesh has zero error in this comparison.

Figure 9. Live FEM grid convergence and runtime. (a) Temperature MAE versus DoF relative to the
ultra-fine mesh. (b) Solver runtime versus DoF on a logarithmic scale.
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The wall-clock runtimes are summarized in Figure 9b. Median runtimes increase from
3.67 s at 57,803 DoF to 7.00 s at 175,062 DoF and to 20.33 s at 783,005 DoF. The corresponding
minimum–maximum ranges are 3–4 s, 6–8 s, and 20–21 s, respectively. Fitting the power-
law model from Equation (4) over this limited DoF range yields an effective exponent of
α ≈ 0.66. Sensitivity analysis using the minimum and maximum recorded runtimes yields
exponents in the range of 0.63 to 0.73. This confirms that despite the timing variability, the
effective scaling remains consistently sublinear (α < 1) due to the dominant overheads.

3.2.2. Sampling Strategies in Higher Dimensions

To study the influence of sampling design and input dimensionality on surrogate
quality, LDBs were constructed for parameter spaces with m = 4, 6, and 9. For each
dimensionality, three sampling strategies were compared at matched database sizes N,
namely maximin Latin hypercube sampling (LHS), scrambled Sobol sequences, and or-
thogonal arrays (OA). Two complementary error measures are reported. Figure 10 shows
MAE against an independent ground-truth reference set, while Figure 11 shows the 10-fold
cross-validation MAE computed on the available samples.

Figure 10. LDB accuracy versus database size. Temperature MAE against an independent ground-
truth reference set for LHS, Sobol, and OA in 4D, 6D, and 9D.

Figure 11. Cross-validation accuracy versus database size. Ten-fold cross-validation MAE for LHS,
Sobol, and OA in 4D, 6D, and 9D.
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For LHS and Sobol, the ground-truth MAE decreases moderately with increasing N
across all tested dimensions. In 4D, LHS improves from 5.98 K at N = 32 to 5.18 K at
N = 128, while Sobol improves from 5.60 K to 5.02 K. In 6D, LHS decreases from 3.68 K
at N = 64 to 3.18 K at N = 256, while Sobol decreases from 3.62 K at N = 64 to 3.30 K at
N = 256 and further to 2.79 K at N = 1024. In 9D, LHS improves from 5.41 K at N = 64 to
4.66 K at N = 256, while Sobol remains comparable in magnitude and reaches 4.35 K at
N = 256.

The OA designs exhibit a markedly different pattern. Their cross-validation errors
are very low, for example 0.17–0.22 K in 4D, 0.34–0.55 K in 6D, and 0.39–0.54 K in 9D. At
the same time, the ground-truth MAE is substantially higher and nearly constant with N,
approximately 8.29–8.35 K in 4D, 7.11–7.27 K in 6D, and 7.81–7.83 K in 9D.

3.2.3. Speed–Accuracy Comparison of Live FEM and LDB

We next compare the live FEM runtime and accuracy against LDB query latency and
accuracy using a representative 6D Sobol configuration. Figure 12 summarizes the results
in a combined speed–accuracy plot. The Live FEM achieves temperature-field MAE values
of 1.98 K on the coarse mesh and 1.17 K on the fine mesh relative to the ultra-fine reference,
with median runtimes of 3.67 s and 7.00 s per query. The finest mesh serves as the reference
and has zero error by construction but requires 20.33 s median runtime.

Figure 12. Speed–accuracy trade-off for the CPU case study. Live FEM results are plotted using
runtime per query, and LDB results are plotted using per-query latency. The horizontal axis is
logarithmic, and timing variability is indicated by percentile-based bars. Bars for LDB are not visible
due to low variability.

The corresponding 6D Sobol LDB sensors achieve MAE values ranging from 3.62 K
at N = 64 to 2.79 K at N = 1024. The latency is measured as the time for a single online
query, meaning one input vector mapped to one prediction. Under this definition, the LDB
query latency is nearly constant across the tested database sizes. Median values lie between
0.169 ms and 0.173 ms, with 5th–95th percentile bounds of approximately 0.160–0.188 ms.

3.3. Scaling Laws and Break-Even Summary
3.3.1. Fitted Scaling Parameters

To summarize the runtime behavior of the two workflows, we fitted the generic
models introduced in Section 2.4 to measurements from the case studies. For the live
FEM workflow, we used the power-law model in Equation (4) and report the fitted scaling
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exponent α. For the LDB workflow, we report measured per-query latency and treat it as
approximately constant over the investigated database sizes.

• Case Study A. Using three meshes with 1.6 × 103, 2.1 × 104, and 5.9 × 105 DoF and
their median wall times of 0.98 s, 19.92 s, and 1172 s, the fitted exponent is α ≈ 1.20.
In contrast, the LDB sensor exhibits an essentially constant per-query latency of
tLDB ≈ 1.64 × 10−4 s (about 0.164 ms) across all database sizes considered.

• Case Study B. The three thermal meshes with 57,803, 175,062, and 783,005 DoF require
median solver times of 3.67 s, 7.00 s, and 20.33 s, respectively, resulting in α ≈ 0.66
for this configuration over the tested range. Across the investigated LDB designs
and dimensionalities, the measured median per-query latency lies within a narrow
range of approximately 0.165–0.173 ms. The 5th–95th percentile interval is approxi-
mately 0.160–0.193 ms, and no systematic dependence on N is observed within the
studied range.

3.3.2. Empirical Break-Even Points

Given these scaling laws, the break-even point between SVS-LFE and SVS-LDB is
defined by the query count Qbe, at which the cumulative runtime is equal. In Case Study
A, constructing the full database with N = 159 design points on the fine mesh requires an
offline time of approximately Tpre = 159 × 19.92 s = 3.17 × 103 s. With an online live FEM
runtime of 19.92 s per query and an LDB latency of 1.64 × 10−4 s per query, the break-even
count is essentially equal to the database size, Qbe ≈ N.

For Case Study B, the same calculation yields break-even counts several times larger
than the design size when using the fine-mesh live FEM runtime of TLFE ≈ 7.00 s as
the online baseline. Across the investigated configurations, LHS and OA designs typi-
cally yield Qbe ≈ 9 N to 14 N. Sobol designs exhibit higher and more variable amor-
tization factors. For example, the 6D Sobol design with N = 1024 reaches break-even
after Qbe ≈ 2.0 × 104 queries (approximately 19 N). Assuming continuous operation with
one query evaluated every tLFE seconds, this corresponds to approximately 4.6 days for
tLFE = 19.92 s (or 1.6 days for tLFE = 7 s). The largest amortization factor observed in the
present set occurs for the 9D Sobol design with N = 128, where Qbe approaches 43 N.

4. Discussion
4.1. Synthesis of Results

The two case studies illuminate complementary aspects of the trade-off between live
FEM and lookup database workflows and clarify which cost and accuracy terms dominate
in practice.

Case Study A provides a controlled low-dimensional setting in which the accuracy
and runtime can be related directly to the mesh refinement and database density. The
live FEM results show that the stress errors decrease with refinement, while the runtimes
increase by orders of magnitude across the tested meshes. The lookup database results
show that accuracy improves with increasing database size, and that per-query latency
remains effectively constant over the investigated range.

Case Study B extends the comparison to a higher-dimensional thermal problem in
which input dimensionality and sampling design become central. Live FEM runtimes
remain in the multi-second regime across the tested meshes, and the fitted exponent
α≈ 0.66 should be understood as an effective scaling over the measured range rather
than as an asymptotic solver behavior. For these problem sizes, constant overheads in
the scripted workflow and solver setup contribute substantially to the wall-clock time.
These overheads can mask the underlying solver scaling. A comparison between the
two case studies reveals that the orchestration strategy is a decisive factor for the total
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runtime. Case Study A utilizes a lightweight approach. Here, input files are edited
directly via Python before a command-line solver call. In contrast, Case Study B relies on
ANSYS Workbench journal files. This requires the application to load internal thermal
load-mapping routines for each design point. This heavyweight I/O and application
overhead results in significantly higher constant costs (c1) compared to the direct-file-access
method. This observation aligns with the established performance characteristics in many-
task computing. The literature confirms that middleware initialization and file I/O often
dominate the total runtime when individual task durations are short [34]. In contrast,
lookup database query latency remains near a case-specific constant across the investigated
database sizes and dimensions.

The sampling study demonstrates that surrogate quality depends not only on database
size but also on design structure and on how error is estimated. In particular, orthogonal
array designs yield very low cross-validation errors while maintaining high ground-truth
errors that improve little with additional samples. This behavior indicates that cross-
validation can be overly optimistic for highly structured designs and that independent
reference validation is necessary when global accuracy is required.

Across both case studies, the fitted timing parameters identify the dominant cost
drivers of each workflow. The live FEM cost is governed by per-query runtime, whereas
the lookup database online cost is dominated by a small constant overhead and is negli-
gible compared with multi-second simulation runtimes. As a result, the dominant cost
component of the lookup database workflow is the offline precomputation time Tpre. The
break-even analysis confirms that the query count Qbe is primarily governed by the offline
construction cost relative to the chosen live FEM baseline, with amortization factors rang-
ing from order N in one dimension to several multiples of N in the higher-dimensional
CPU study.

To place the performance of the proposed SVS-LDB workflow in the context of the state
of the art, we compared the measured latencies with the results reported for alternative
surrogate strategies. Deep Learning emulators for physical fields typically exhibit inference
times in the range of 5 to 50 ms [35,36], often dominated by framework and data-transfer
overheads rather than model depth. Similarly, projection-based Reduced Order Models
often necessitate 10 to 100 ms for the online reconstruction step [37]. In contrast, the k-d
tree lookup operates consistently below 1 ms. This performance aligns with algorithmic
benchmarks for the nearest-neighbor search [38], which identify tree-based spatial indexing
as the most computationally efficient query method for moderate dimensions (m ≲ 20)
before the curse of dimensionality necessitates approximate methods. This indicates that
for the moderate dimensionality and complexity investigated, the LDB approach offers a
distinct advantage by avoiding the architectural overheads of heavier algebraic or neural
surrogates, effectively eliminating the computational bottleneck of the virtual sensor in the
sub-millisecond regime.

These observations form the basis for the practical design guidelines presented next.

4.2. Design Guidelines for Real-Time Virtual Sensors

The results from Sections 3.1–3.3 suggest four practical guidelines for selecting between
live FEM and lookup database workflows when designing real-time virtual sensors.

First, the latency budget sets a hard feasibility constraint for live FEM. For the model
sizes examined here, live FEM runtimes remain in the seconds regime once meshes reach
typical engineering resolution, even when the discretization error is acceptable. In contrast,
lookup database queries operate at sub-millisecond latency in both case studies. Therefore,
when the required update rate approaches sub-second cadence and especially when budgets
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move toward the millisecond range, a lookup database becomes the default choice unless
substantial model reduction or solver acceleration is available.

Second, the expected query horizon determines whether offline precomputation can
be justified. The lookup database workflow incurs a one-time cost Tpre to populate the
database and a small per-query cost tLDB during operation, whereas the live FEM work-
flow incurs a per-query cost tLFE. A simple break-even criterion follows from equating
cumulative runtimes. The database becomes advantageous once the number of online
queries exceeds Qbe, where Qbe is governed primarily by the offline investment Tpre rela-
tive to the selected live FEM baseline. In practical terms, the lookup database approach
is most attractive when the operating period includes repeated queries at a fixed config-
uration, such as continuous monitoring, parameter sweeps in a control loop, or frequent
what-if evaluations.

Third, the input dimensionality affects the offline effort and achievable accuracy more
than it affects the online latency in the studied range. The query latency remains nearly
constant with the database size and dimension, because the dominant contribution is an
implementation-specific constant overhead. The main scaling challenge with increasing
dimension is the number of samples required to maintain global accuracy across the operat-
ing envelope. This places emphasis on careful parameterization, space-filling sampling, and
validation against independent reference sets. In moderately higher dimensions, lookup
databases remain efficient, if the database size is chosen to meet the accuracy target, and if
sampling designs avoid structured gaps that can lead to misleadingly low error estimates.

Fourth, translating accuracy requirements into design parameters follows a two-
stage heuristic based on the observed scaling laws. For the Live FEM workflow, the
mesh resolution should be refined until the discretization error is approximately half the
target sensor uncertainty, as further refinement increases the latency exponentially with
diminishing returns for decision-making. For the lookup database, a starting sample
density of roughly ten times the input dimension is widely recommended in the literature
for initial sensitivity analysis [39]. However, to achieve engineering accuracy with errors
below one percent, our results suggest that sample size must typically increase to scale
with the power of the dimension, aligning with the recommendations for space-filling
designs [40]. Once dimensionality exceeds the range investigated here, static designs
become inefficient, and adaptive sampling strategies become necessary to specifically target
nonlinear regions.

Together, these guidelines reduce the workflow selection to four questions: What
latency budget must be met, how many online queries are expected over the lifetime of
a configuration, what database size is required to meet the accuracy target in the chosen
parameterization, and which sampling density ensures sufficient coverage of the operat-
ing envelope?

Once the appropriate workflow is selected, its integration into a production envi-
ronment relies on standard edge computing architectures. In a typical usage scenario,
the virtual sensor runs as a containerized microservice on an industrial PC directly at
the machine. The deployment complexity depends on the chosen method. The lookup
database requires only a lightweight runtime environment and the precomputed index file,
making it suitable for resource-constrained controllers. Conversely, the Live FEM workflow
necessitates hosting the numerical solver executable and managing corresponding license
tokens at the edge.

Operationally, the application subscribes to available sensor signals, such as power
consumption or rotational speed, via established communication protocols like OPC UA
or MQTT. These raw inputs are mapped to the boundary conditions of the internal model
to either query the database or trigger the solver. The computed virtual quantity is subse-
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quently transmitted back to the machine control system for immediate process regulation or
visualized on the human–machine interface. This architecture allows the machine operator
to monitor critical thermal or mechanical states in real time without requiring any specific
expertise in numerical simulation or data science.

4.3. Sampling Design and Validation Considerations

Case Study B shows that sampling design and validation strategy can strongly influ-
ence the apparent quality of a lookup database sensor. Across the tested configurations,
space-filling designs such as maximin Latin hypercube sampling and scrambled Sobol se-
quences exhibit ground-truth errors that decrease as database size increases. This behavior
is consistent with the expectation that improved coverage of the input domain reduces
interpolation error for local methods.

Orthogonal array designs behave differently in this setting. They produce very low
cross-validation errors while ground-truth errors remain high and show little improvement
with additional samples. The combination of structured sampling and fold-based reuse
can lead the validation procedure to test predominantly near existing design points, which
makes the interpolator appear more accurate than it is over the full operating envelope.
This effect is particularly relevant for highly structured designs and local interpolation
schemes, where neighborhood relationships are strongly shaped by the design geometry.

For deployment-oriented assessment, cross-validation should therefore be treated
as a diagnostic rather than as a stand-alone estimate of global accuracy. When a lookup
database is intended to support decisions across a wide range of operating conditions,
validation against an independent reference set is necessary to quantify the generalization
error. In addition, reporting both cross-validation and ground-truth errors provides a useful
consistency check. Large discrepancies between these measures should be interpreted as a
warning sign that the design does not provide uniform coverage of the input domain or
that the validation protocol does not reflect the intended use.

While this study focused on static and steady-state regimes to isolate fundamental
scaling laws, the proposed guidelines apply to dynamic systems with specific considera-
tions. For Live FEM, dynamic analysis increases the per-query runtime tfem linearly with
the number of time steps required for integration, making the latency constraint (Guide-
line 1) even harder to satisfy. In contrast, for the LDB workflow, the transition to dynamics
primarily manifests as an increase in input dimensionality, as current states or time-history
windows must be included as input parameters. Consequently, the trade-off shifts further
in favor of the LDB approach regarding online latency but places even greater emphasis
on efficient high-dimensional sampling strategies (Guideline 3) to cover the expanded
state-space.

4.4. Limitations and Outlook

This study has limitations that bound how far the reported scaling observations can
be generalized.

First, the case studies employ simplified geometries and steady-state or quasi-static
physics with smooth input-to-output mappings. While industrial digital twins often
involve complex assemblies, the stringent latency requirements of virtual sensors (typically
t < 1 s) inherently limit the complexity of models deployable as live FEM. The chosen
benchmarks are representative of the complexity class that is technically eligible for real-
time deployment. However, problems with strong transients, contact, or discontinuities
might exhibit different error characteristics and require more conservative validation.

Second, the runtime measurements reflect a specific toolchain and orchestration stack.
Absolute values depend on the hardware specifications, including the clock speed and
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memory bandwidth, as well as the system load. Consequently, the fitted exponents should
be interpreted as empirical behavior for the tested configurations rather than as theoret-
ical solver asymptotics. Nevertheless, the relative performance trends remain primarily
governed by the underlying algorithmic complexity of the FE solver (O(nα)) and the k-d
tree search (O(log N)). This algorithmic basis renders the comparative conclusions robust
across similar architectures [41]. We acknowledge that specific bottlenecks, such as I/O
latency compared to pure computation, may scale differently on other platforms. This
variability could potentially shift the quantitative break-even point without altering the
qualitative trade-off. To mitigate transient variability including OS noise, all reported
timings for both LFE and LDB workflows represent the median of multiple executions,
supplemented by 5th and 95th percentiles to demonstrate stability.

Third, the lookup database implementation uses a fixed k nearest neighbors interpola-
tor and a single indexing strategy. This choice provides a transparent baseline, but it does
not explore how interpolation method, neighbor selection, or boundary handling affect er-
ror and robustness. Future work should compare alternative local and global interpolators,
examine sensitivity to hyperparameters, and evaluate domain-aware strategies that reduce
boundary degradation without resorting to extrapolation.

Fourth, the scalability of the SVS-LDB approach is fundamentally constrained by the
curse of dimensionality, as the number of samples required to maintain a specific sampling
density grows exponentially with input dimension m. This introduces two potential
bottlenecks: offline computation time and storage capacity. In the presented case studies,
the primary limiting factor is the computation time. With simulation runtimes in the multi-
second regime (e.g., approx. 20 s per solve), generating the millions of samples required for
a dense high-dimensional grid (m ≫ 9) becomes computationally intractable long before
the storage limit of modern hardware is reached. However, this balance depends on the
stored data payload. We focused on condensed quantities of interest (scalars or coarse
fields). In Case Study B, this resulted in database sizes ranging from approximately 20 kB
(N = 32) to 304 kB (N = 1024). These values are orders of magnitude below typical RAM
capacities, ensuring that the lookup speed is not bottlenecked by I/O. If full high-fidelity
solution fields were stored for every design point, the storage capacity would become a
competing bottleneck much earlier, necessitating data compression techniques like Proper
Orthogonal Decomposition (POD) or advanced manifold learning approaches [42] to
ensure tractability.

Finally, the CPU case study reaches nine input dimensions, but higher-dimensional
parameterizations are common in practice. In such regimes, uniform databases can become
inefficient. Adaptive sampling, hierarchical databases, and dimensionality reduction
are promising directions and should be evaluated together with independent reference
validation to ensure that the reported errors reflect the intended operating envelope.

5. Conclusions
This work compared two implementation paths for simulation-based virtual sensors,

a live FEM workflow and a lookup database workflow. Using a nonlinear tension-bar
benchmark (Case Study A, low-dimensional nonlinear mechanics) and a steady-state CPU
die model (Case Study B, higher-dimensional steady-state thermal analysis), we quantified
accuracy and latency trade-offs, fitted empirical scaling parameters, and derived break-even
query counts that relate offline precomputation effort to the expected online query horizon.

Live FEM runtimes increase strongly with the problem size in absolute terms. In Case
Study A, the fitted exponent is α≈ 1.2 over the tested mesh range. In Case Study B, an
effective exponent of α≈ 0.66 was observed, which reflects dominant constant overheads
in the scripted workflow and solver setup rather than inherently sublinear solver behavior.
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In conclusion, the performance of a physics-based virtual sensor depends as much on its
software architecture as on its numerical solver. Investing effort into lightweight script-
based orchestration and avoiding heavyweight application interfaces can yield significant
savings in I/O time. This efficiency gain directly translates into a more favorable break-even
point for Live FEM or, alternatively, allows for the generation of denser lookup databases in
less time. Across both case studies, refined meshes exceed hard/medium real-time budgets
once runtimes enter the multi-second regime.

The lookup database query latency remains close to 0.16 to 0.17 ms across the in-
vestigated database sizes and dimensionalities; so, the dominant cost component of this
workflow is offline precomputation. Break-even occurs after a finite query horizon ex-
pressed relative to database size N, approximately Qbe ≈ N in the tension-bar case and
several multiples of N in the CPU case, with the largest observed factor of about 43 N in
this dataset. These results provide a compact basis for workflow selection in practice, where
deployment decisions must balance accuracy targets, latency budgets, and the anticipated
lifetime query load.

The presented framework is intended to integrate naturally into digital twin and condi-
tion monitoring pipelines. In such settings, the offline phase can be aligned with calibration
and commissioning, while the derived break-even criteria can be used to decide when
repeated live simulations should be replaced by a database-backed sensor for sustained
operation. Future work can extend this baseline to broader classes of problems and richer
parameterizations, while retaining the same decision logic that ties measurable timing data
and accuracy targets to deployment-ready choices.
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