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Abstract

Accurate and rapid prediction of sensor responses is critical for real-time measurement sys-
tems, digital twin implementations, and sensor design optimization. Traditional numerical
methods such as Finite Element Method (FEM) and Computational Fluid Dynamics (CFD)
provide high-fidelity solutions but suffer from prohibitive computational costs, limiting
their applicability in time-sensitive applications. This paper presents a novel framework
utilizing Fourier Neural Operators (FNO) as surrogate models for fast multi-physics sensor
response prediction across thermal, acoustic, and flow measurement domains. Unlike
conventional neural networks that learn finite-dimensional mappings, FNO learns opera-
tors between infinite-dimensional function spaces by parameterizing the integral kernel in
Fourier space, enabling resolution-invariant predictions with remarkable computational
efficiency. We demonstrate the framework’s efficacy through three comprehensive case
studies: (1) thermal sensor response prediction achieving R2 > 0.98 with 8300× speedup
over FEM, (2) acoustic sensor array modeling with mean absolute error below 0.5 dB
and 4000× speedup over BEM, and (3) flow sensor characterization with velocity field
prediction accuracy exceeding 97% and 31,000× speedup over CFD. The proposed FNO-
based surrogate models are trained on simulation datasets generated from high-fidelity
numerical solvers and validated against simulation holdout data for all three case studies,
with additional experimental validation conducted for the thermal sensor case. Results
indicate that FNO architectures effectively capture the underlying physics governing sensor
behavior while reducing inference time from minutes to milliseconds. The framework
enables real-time sensor calibration, uncertainty quantification, and design optimization,
opening new possibilities for intelligent measurement systems and Industry 4.0 applica-
tions. We also investigate the spectral characteristics of FNO predictions, addressing the
inherent low-frequency bias through a hybrid architecture combining FNO with local con-
volutional layers. The primary contributions of this work include: (1) the first systematic
application of FNO-based surrogate modeling specifically tailored for sensor response
prediction across multiple physics domains, (2) a novel H-FNO architecture that combines
spectral operators with local convolutions to mitigate spectral bias in sensor applications,
and (3) comprehensive validation including both simulation and experimental data for
practical deployment. This work establishes FNO as a powerful tool for accelerating sensor
simulation and advancing the field of AI-enhanced instrumentation and measurement.
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1. Introduction
The rapid advancement of sensor technologies has created an unprecedented de-

mand for accurate, real-time prediction of sensor responses across diverse measurement
domains [1,2]. Traditional numerical simulation methods, including the Finite Element
Method (FEM) for structural and thermal analysis, Computational Fluid Dynamics (CFD)
for flow characterization, and the Boundary Element Method (BEM) for acoustic propa-
gation, have long served as the gold standard for sensor modeling and design optimiza-
tion [3]. However, these methods face significant computational challenges when deployed
in applications requiring real-time response, such as digital twin implementations, online
calibration, and adaptive measurement systems [4].

The computational burden of conventional numerical methods stems from the neces-
sity to solve partial differential equations (PDEs) over discretized domains, often requiring
mesh refinement to capture fine-scale physics. A single high-fidelity simulation can con-
sume hours or even days of computational time, making iterative design optimization,
uncertainty quantification through Monte Carlo sampling, and real-time inference practi-
cally infeasible [5]. This limitation is particularly acute in multi-physics sensor applications
where coupled thermal, mechanical, acoustic, and fluid dynamic phenomena must be
simultaneously resolved.

Several computational approaches have been developed to address these computa-
tional challenges. Reduced Order Modeling (ROM) techniques, including Probabilistic
Manifold Decomposition [6] and parametric non-intrusive reduced-order models using
deep transfer learning [7], offer significant speedups by projecting high-dimensional sys-
tems onto lower-dimensional manifolds. However, these methods often require careful
selection of basis functions and may struggle with strongly nonlinear systems. Recent
advances in deep learning have also demonstrated promising applications in structural
engineering and sensor systems [8,9], motivating the exploration of neural operator ap-
proaches for sensor modeling.

Recent advances in machine learning, particularly deep learning, have opened new
avenues for developing surrogate models that approximate the input–output behavior
of complex physical systems [10]. Physics-Informed Neural Networks (PINNs) embed
governing equations directly into the loss function, enabling training with limited data
while respecting physical constraints [5,11]. However, PINNs require retraining for each
new set of boundary conditions or system parameters, limiting their utility as general-
purpose surrogate models.

Neural operators represent a paradigm shift in scientific machine learning by learning
mappings between infinite-dimensional function spaces rather than finite-dimensional
vectors [2,12]. Among various neural operator architectures, the Fourier Neural Operator
(FNO) has emerged as a particularly powerful approach due to its ability to efficiently
capture global dependencies through spectral convolutions [1]. The key innovation of FNO
lies in parameterizing the integral kernel directly in Fourier space, enabling:

• Resolution invariance: Models trained on coarse grids can be applied to fine grids
without retraining.

• Computational efficiency: Fast Fourier Transform (FFT) reduces complexity from
O(N2) to O(N log N).

• Global receptive field: Each layer captures information from the entire domain.
• Physics-aligned inductive bias: Spectral representations naturally align with PDE

solution characteristics.

Despite the growing body of the literature on neural operators for PDE solving, their
application to sensor response prediction remains largely unexplored. Sensors operate
under complex multi-physics conditions where thermal gradients, acoustic wave propa-
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gation, and fluid–structure interactions fundamentally determine measurement accuracy
and dynamic response characteristics [13,14]. The ability to rapidly predict sensor behavior
across varying operating conditions would enable:

1. Real-time digital twins for condition monitoring and predictive maintenance.
2. Accelerated sensor design optimization through surrogate-assisted evolutionary

algorithms.
3. Online calibration and compensation for environmental effects.
4. Uncertainty quantification through efficient Monte Carlo sampling.
5. Virtual sensor development for estimating unmeasurable quantities.

This paper presents a comprehensive framework for applying Fourier Neural Oper-
ators to fast sensor response prediction across three fundamental measurement do-
mains: thermal sensing, acoustic measurement, and flow characterization. Our
contributions include:

1. Development of FNO-based surrogate models for multi-physics sensor simulation,
demonstrating speedups exceeding three orders of magnitude compared to traditional
numerical methods.

2. Systematic investigation of FNO architectures for sensor applications, including
hybrid designs that address the inherent low-frequency spectral bias.

3. Comprehensive validation across thermal, acoustic, and flow sensor case studies with
both simulation and experimental data.

4. Analysis of uncertainty quantification capabilities and limitations for safety-critical
measurement applications.

5. Implementation details and benchmark configurations to facilitate reproducibility
and further research.

The remainder of this paper is organized as follows: Section 2 provides theoretical
background on Fourier Neural Operators and their mathematical foundations. Section 3
details the proposed framework for sensor response prediction, including data generation,
model architecture, and training procedures. Section 4 presents comprehensive results
across the three case studies, Section 5 discusses data requirements, limitations, and failure
cases, and Section 6 concludes with a discussion of implications and future directions.

2. Background and Related Work
2.1. Neural Operators: From Finite to Infinite Dimensions

Traditional neural networks learn mappings between finite-dimensional Euclidean
spaces, N : Rn → Rm. While effective for many machine learning tasks, this paradigm is
fundamentally limited for physical systems governed by PDEs, where both inputs (e.g.,
boundary conditions, initial states) and outputs (e.g., solution fields) are functions defined
over continuous domains [2].

Neural operators extend the learning paradigm to infinite-dimensional function spaces,
learning mappings of the form:

G† : A → U (1)

where A and U are Banach spaces of functions. For sensor applications, A might repre-
sent the space of boundary conditions, material properties, or excitation signals, while U
represents the space of sensor response fields.

The universal approximation theorem for operators, established by Chen and
Chen [15], provides a theoretical foundation for this approach, demonstrating that neural
networks can approximate any nonlinear continuous operator to arbitrary accuracy given
sufficient capacity.

https://doi.org/10.3390/s26041165

https://doi.org/10.3390/s26041165


Sensors 2026, 26, 1165 4 of 20

2.2. Fourier Neural Operator Architecture

The Fourier Neural Operator, introduced by Li et al. [1], constructs the neural operator
through an iterative architecture:

vt+1(x) = σ(Wvt(x) + (K(a; ϕ)vt)(x)), t = 0, 1, . . . , T − 1 (2)

where vt : D → Rdv represents the hidden representation at layer t, W ∈ Rdv×dv is a
local linear transformation, σ is a nonlinear activation function, and K is a kernel integral
operator parameterized by learnable weights ϕ.

The key innovation of FNO is parameterizing the kernel integral operator in
Fourier space:

(K(ϕ)vt)(x) = F−1(Rϕ · F (vt)
)
(x) (3)

where F and F−1 denote the Fourier transform and its inverse, and Rϕ ∈ Ckmax×dv×dv is
a learnable tensor applied to the lowest kmax Fourier modes. This formulation leverages
the convolution theorem, replacing expensive spatial convolutions with efficient pointwise
multiplication in frequency space.

The complete FNO architecture, illustrated in Figure 1, consists of:

1. Lifting layer: Projects input function a(x) to higher-dimensional representation v0(x).
2. Fourier layers: T iterations of the spectral convolution update.
3. Projection layer: Maps final hidden representation to output function u(x).

Figure 1. FNO architecture for sensor response prediction. Input conditions are processed through
lifting, Fourier layers (FFT→ spectral filter→ iFFT), and projection to output response. Font sizes
enlarged for clarity.

2.3. Spectral Bias and Mitigation Strategies

A well-documented characteristic of FNO is its spectral bias toward low-frequency
components [16]. This bias arises from the explicit truncation of high-frequency Fourier
modes and the global nature of spectral filtering. For sensor applications involving
sharp gradients, localized phenomena, or high-frequency dynamics, this bias can lead
to smoothed predictions that underestimate peak values.

Several strategies have been proposed to address spectral bias:
U-FNO: Integrates U-Net encoder–decoder pathways with FNO layers, combining

global spectral processing with local feature extraction through skip connections [17]. This
hybrid architecture has demonstrated superior performance for problems with sharp fronts
and localized features.

Geo-FNO: Extends FNO to irregular geometries through learned deformations to
computational domains, enabling application to sensors with complex shapes [18].

SpecB-FNO: Employs ensemble learning where secondary FNOs learn from prediction
residuals, progressively capturing higher-frequency content [16].
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For the sensor applications in this work, we adopt a hybrid architecture combining
standard FNO layers with local convolutional branches, balancing global physics capture
with local feature resolution.

2.4. Related Work in Sensor Modeling

Neural network approaches to sensor modeling have evolved significantly over the
past decade. Early work focused on using multilayer perceptrons for sensor calibration and
drift compensation [13]. Convolutional neural networks have been applied to image-based
sensor analysis and defect detection [19].

For MEMS sensors, neural networks have been employed for temperature compensa-
tion [13], nonlinearity correction [14], and uncertainty quantification [20]. Gobat et al. [20]
demonstrated surrogate models for MEMS accelerometers achieving significant computa-
tional speedups while maintaining accuracy comparable to FEM simulations.

Physics-informed approaches have gained traction for sensor applications. Kim
et al. [21] developed PINN-based virtual thermal sensors capable of estimating full-field
temperatures from sparse measurements in real-time. Applications to acoustic and flow
sensors remain limited, presenting opportunities for neural operator approaches.

Table 1 summarizes key related work in neural network-based sensor modeling,
highlighting the gap that FNO-based approaches can address.

Table 1. Summary of related work in neural network-based sensor modeling.

Reference Sensor Method Application Speedup

Wei et al. [13] MEMS Accel. BP-NN Temp. compensation –
Almassri et al. [14] Pressure LMBP-ANN Self-calibration Real-time
Gobat et al. [20] MEMS Accel. ANN UQ and calibration ∼1000×
Kim et al. [21] Thermal PINN Virtual sensor Real-time
Zheng et al. [22] Acoustic FNO Field prediction ∼100×
This work Multi-physics H-FNO Response prediction 4000–31,000×

3. Materials and Methods
3.1. Problem Formulation

We formulate sensor response prediction as an operator learning problem. LetD ⊂ Rd

denote the sensor domain and T = [0, T] the time interval of interest. The sensor response
is governed by a system of PDEs:

L[u](x, t; θ) = f (x, t), x ∈ D, t ∈ T (4)

subject to boundary conditions B[u](x, t) = g(x, t) on ∂D and initial conditions u(x, 0) =
u0(x), where L is a differential operator, θ represents sensor parameters (geometry, material
properties), and f represents source terms or excitation.

The goal is to learn an operator Gθ : A → U that maps input functions (boundary
conditions, excitations, parameters) to output response fields:

u = Gθ(a) (5)

For different sensor types, the governing physics varies:
Thermal sensors: Heat conduction equation

ρcp
∂T
∂t

= ∇ · (k∇T) + Q (6)
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Acoustic sensors: Wave equation

∂2 p
∂t2 = c2∇2 p (7)

Flow sensors: Navier–Stokes equations

ρ

(
∂v
∂t

+ v · ∇v
)
= −∇p + µ∇2v (8)

3.2. Data Generation Pipeline

High-fidelity simulation data serves as the foundation for training FNO surrogate
models. Figure 2 illustrates the data generation pipeline employed in this work.

Figure 2. Data generation pipeline: LHS parameter sampling→ high-fidelity simulation→ input-
output pairs for training. Font sizes enlarged for clarity.

3.2.1. Simulation Tools and Parameter Sampling

For thermal simulations, we employ COMSOL Multiphysics with the Heat Transfer
module, using tetrahedral mesh elements with adaptive refinement near sensor surfaces.
Acoustic simulations utilize the COMSOL Acoustics module with perfectly matched layer
(PML) boundary conditions to prevent spurious reflections. Flow simulations are conducted
using OpenFOAM with the SIMPLE algorithm for pressure–velocity coupling and k-ω SST
turbulence model for turbulent regimes.

Input parameters are sampled using Latin Hypercube Sampling (LHS) to ensure
comprehensive coverage of the parameter space with minimal samples. For each sensor
type, we define physically meaningful parameter ranges based on typical operating condi-
tions and material property variations. Table 2 summarizes the parameter ranges for each
case study.

Table 2. Parameter ranges for data generation across sensor types.

Sensor Type Parameter Range Unit

Thermal

Thermal conductivity 0.5–50 W/(m·K)
Heat source power 0.1–10 W
Ambient temperature 20–80 ◦C
Convection coefficient 5–100 W/(m2·K)

Acoustic

Source frequency 100–10,000 Hz
Sound speed 330–350 m/s
Source position Variable m
Medium density 1.1–1.3 kg/m3

Flow

Inlet velocity 0.1–10 m/s
Fluid viscosity 0.001–0.1 Pa·s
Fluid density 800–1200 kg/m3

Outlet pressure 0–1000 Pa
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3.2.2. Dataset Structure

Each dataset comprises N input–output function pairs {(ai, ui)}N
i=1. The input function

ai : D → Rda encodes:

• Spatial coordinates (x, y, z).
• Material property fields (conductivity, density, etc.).
• Boundary condition indicators.
• Time stamps (for transient problems).

The output function ui : D → Rdu represents the sensor response field (temperature,
pressure, velocity components).

We generate 5000 samples for thermal sensors, 3000 for acoustic sensors, and 4000 for
flow sensors, with 80%/10%/10% train/validation/test splits.

All simulation data was generated specifically for this study using the parame-
ter ranges in Table 2. The thermal sensor dataset contains steady-state and transient
(60 s) temperature fields on 643 grids; acoustic datasets contain complex pressure fields
at 50 frequency points; and flow datasets contain 2D velocity and pressure fields on
128× 64 grids. Raw simulation outputs were interpolated to uniform grids, normalized to
zero mean and unit variance per channel, and stored in HDF5 format. Total dataset sizes
are approximately 12 GB (thermal), 8 GB (acoustic), and 15 GB (flow).

3.3. FNO Architecture Design
3.3.1. Base Architecture

Our base FNO architecture follows the standard formulation with modifications for
sensor applications:

• Lifting layer: Fully connected layer mapping input channels to hidden dimension
dv = 64.

• Fourier layers: L = 4 layers with kmax = 12 modes retained in each spatial dimension.
• Activation: GELU activation for smoother gradients.
• Projection layer: Two-layer MLP with hidden dimension 128.

3.3.2. Hybrid Architecture for High-Frequency Content

To address spectral bias, we implement a hybrid architecture (H-FNO) that augments
each Fourier layer with a parallel local convolutional branch:

vt+1(x) = σ

Wvt(x) +F−1(Rϕ · F (vt))︸ ︷︷ ︸
Global (FNO)

+Conv(vt)︸ ︷︷ ︸
Local

 (9)

The convolutional branch uses depthwise separable convolutions with kernel size
3×3, capturing local gradients and high-frequency features that the spectral pathway
may attenuate.

Figure 3 illustrates the hybrid architecture, and Algorithm 1 provides the forward
pass pseudocode.
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Figure 3. H-FNO layer architecture: global spectral path (FFT→ R→ iFFT), linear transformation
(W), and local 3 × 3 convolution combined with GELU activation. Font sizes enlarged for clarity.

Algorithm 1 Hybrid FNO Forward Pass

Require: Input function a(x), model parameters Θ = {P, Q, Wt, Rt, Ct}L
t=1

Ensure: Output prediction û(x)
1: v0 ← P(a) {Lifting layer}
2: for t = 1 to L do
3: v f no ← F−1(Rt · F (vt−1)) {Spectral convolution}
4: vlocal ← Convt(vt−1) {Local convolution}
5: vt ← σ(Wtvt−1 + v f no + vlocal) {Combine and activate}
6: end for
7: û← Q(vL) {Projection layer}
8: return û

3.4. Training Procedure
3.4.1. Loss Function and Optimization

We employ a composite loss function combining relative L2 error with optional physics-
informed regularization:

L =
∥u− û∥2

∥u∥2︸ ︷︷ ︸
Data loss

+λ ∥R(û)∥2︸ ︷︷ ︸
Physics loss

(10)

whereR(û) denotes the PDE residual computed via automatic differentiation and λ con-
trols the physics regularization strength. For most experiments, we set λ = 0 (pure
data-driven) as simulation data inherently satisfies the governing equations. We note that
while training data satisfies the PDEs, this does not guarantee that the neural network
outputs will satisfy them—the network learns an approximation that may violate PDE con-
straints, particularly in regions with sparse training coverage or near domain boundaries.
Setting λ > 0 can be beneficial in several scenarios: (1) when training data is noisy or de-
rived from approximate simulations, physics regularization improves solution smoothness;
(2) for extrapolation beyond training distribution, PDE constraints help maintain physical
consistency; (3) when training data is limited, physics loss acts as a regularizer preventing
overfitting; and (4) for ensuring conservation properties (mass, energy) that pure data
fitting may not preserve. In preliminary experiments with λ = 0.01, we observed marginal
accuracy improvements (1–2% relative error reduction) at the cost of 40% increased training
time due to automatic differentiation overhead. For the well-sampled simulation datasets
in this study, pure data-driven training proved sufficient.
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Models are trained using the Adam optimizer [23] with the following hyperparameters:

• Learning rate: 10−3 with cosine annealing to 10−5.
• Batch size: 20 (limited by GPU memory for 3D problems).
• Epochs: 500 with early stopping (patience = 50).
• Weight decay: 10−4.

Training is conducted on NVIDIA A100 GPUs with mixed-precision (FP16) to acceler-
ate computation and reduce memory footprint.

3.4.2. Hardware and Computational Resources

All training experiments were conducted on NVIDIA A100 GPUs (40 GB HBM2e
memory) hosted on an Intel Xeon Platinum 8280 server with 1 TB RAM. The computational
environment used PyTorch 2.0 with CUDA 11.8. Table 3 summarizes the computational
resources required for training each model.

Table 3. Computational resources for H-FNO training.

Case Study GPU Memory (GB) CPU Cores Training Time (hrs) Peak RAM (GB)

Thermal 18.2 8 4.2 64
Acoustic 22.4 8 2.8 48
Flow 32.1 12 6.1 96

3.4.3. Data Augmentation and Reproducibility

To improve generalization, we apply physics-consistent data augmentation:
• Random rotation for axis-symmetric sensors.
• Gaussian noise injection (σ = 0.01) to improve robustness.
• Random subsampling to enforce resolution invariance.

To ensure reproducibility, we fix random seeds across all experiments (NumPy seed:
42, PyTorch seed: 42, CUDA deterministic mode enabled). Parameter samples are generated
using Latin Hypercube Sampling with fixed seeds, and the train/validation/test splits
(80%/10%/10%) are performed using stratified sampling to ensure representative coverage
of the parameter space in each subset. No parameter configurations appear in multiple
splits, preventing data leakage.

3.5. Evaluation Metrics

Model performance is evaluated using multiple metrics:
Relative L2 Error:

ϵL2 =
∥u− û∥2

∥u∥2
(11)

Coefficient of Determination (R2):

R2 = 1− ∑i(ui − ûi)
2

∑i(ui − ū)2 (12)

Mean Absolute Error (MAE):

MAE =
1
N

N

∑
i=1
|ui − ûi| (13)

Spectral Error (for frequency-domain analysis):

https://doi.org/10.3390/s26041165

https://doi.org/10.3390/s26041165


Sensors 2026, 26, 1165 10 of 20

ϵspec(k) =
|Û(k)−U(k)|
|U(k)| (14)

where U(k) and Û(k) are Fourier coefficients at wavenumber k.
Inference Time: Wall-clock time for single prediction, averaged over 100 runs.

4. Results
This section presents comprehensive results from three case studies: thermal sensor

response prediction, acoustic sensor array modeling, and flow sensor characterization. For
each case, we report model accuracy, computational performance, and comparison with
baseline methods.

4.1. Case Study 1: Thermal Sensor Response Prediction
4.1.1. Thermal Sensor Problem Setup

We consider a resistance temperature detector (RTD) sensor element embedded in a
protective housing, as shown in Figure 4. The goal is to predict the transient temperature
field in the sensor assembly given heat source characteristics and boundary conditions.

The simulation domain comprises a cylindrical sensor housing (diameter: 6 mm,
length: 50 mm) with a platinum RTD element at the center. Heat is transferred from the
measurement medium through convection at the outer surface and conduction through
the housing material. We generate 5000 simulations varying thermal conductivity, heat
transfer coefficient, and ambient temperature.

Figure 4. Thermal sensor case study: (a) RTD geometry, (b) FEM temperature field, (c) FNO input–
output mapping. Font sizes enlarged for clarity.

4.1.2. Thermal Sensor Results

Table 4 summarizes the performance of different model architectures on the thermal
sensor test set. The hybrid H-FNO achieves the best accuracy with R2 = 0.987 and relative
L2 error of 1.2%.

Table 4. Thermal sensor prediction performance comparison.

Model Rel. L2 Error (%) R2 MAE (K) Inference (ms)

FEM (Reference) – – – 127,000
MLP Surrogate 8.7 0.912 2.41 0.8
CNN 4.3 0.956 1.23 3.2
Standard FNO 1.8 0.978 0.52 12.4
U-FNO 1.4 0.983 0.41 18.7
H-FNO (Ours) 1.2 0.987 0.35 15.3
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4.1.3. Comparison with Deep Learning Benchmarks

To provide comprehensive benchmarking against established deep learning methods,
we compare H-FNO with additional architectures commonly used for surrogate modeling.
Table 5 presents results on the thermal sensor dataset.

The H-FNO achieves superior accuracy while maintaining a compact parameter count.
The transformer-based ViT, despite having 30×more parameters, underperforms due to its
lack of physics-informed inductive bias for continuous field prediction.

Table 5. Comparison with deep learning benchmark models on thermal sensor prediction.

Model Rel. L2 Error (%) R2 Parameters (M) Inference (ms)

ResNet-50 (adapted) 5.2 0.941 23.5 4.8
UNet 3.1 0.968 31.0 8.2
Transformer (ViT) 4.7 0.952 86.4 15.1
DeepONet 2.8 0.971 2.4 6.3
Standard FNO 1.8 0.978 2.1 12.4
H-FNO (Ours) 1.2 0.987 2.8 15.3

Figure 5 shows qualitative comparison between FEM reference and H-FNO predictions
for representative test cases. The H-FNO accurately captures the temperature gradient
across the sensor housing and the localized heating near the RTD element.
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Figure 5. Thermal sensor response prediction comparison. Top row: FEM reference solutions. Middle
row: H-FNO predictions. Bottom row: Absolute error maps. Three representative cases shown
with varying boundary conditions. Mean temperature error is below 0.5 K across all test cases, with
maximum localized error reaching 1.08 K at sharp material interfaces.

The computational speedup achieved by H-FNO is 127, 000/15.3 ≈ 8300× compared
to full FEM simulation. When considering only the training cost (∼4 h on A100 GPU)
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without the data generation phase, the break-even point is reached after approximately
100 predictions. However, when accounting for the complete end-to-end cost including
training data generation (see Table 6), the break-even point increases to approximately
5000 predictions. This distinction is important: for applications where simulation infrastruc-
ture already exists and can be leveraged for data generation, the training-only break-even
is relevant; for entirely new sensor designs requiring dedicated simulation campaigns, the
end-to-end break-even should be considered.

Table 6. Computational cost breakdown: Traditional methods vs. H-FNO approach.

Phase Component Thermal Acoustic Flow

Data Generation
Simulations (N) 5000 3000 4000
Time per sim. 127 s 45 s 892 s
Total time 176 h 38 h 991 h

Training
GPU NVIDIA A100 NVIDIA A100 NVIDIA A100
Epochs 500 400 600
Training time 4.2 h 2.8 h 6.1 h

Inference Traditional method 127 s 45.2 s 892 s
H-FNO 15.3 ms 11.2 ms 28.7 ms

Break-even point ∼5200 pred. ∼3100 pred. ∼4050 pred.
Amortized cost @ 100k predictions 6.4 s/pred 1.4 s/pred 36 s/pred

4.1.4. Spectral Analysis

Figure 6 presents spectral error analysis comparing standard FNO and H-FNO. The
standard FNO exhibits elevated errors at high wavenumbers (small-scale features), while
the hybrid architecture maintains consistent accuracy across the spectrum due to the local
convolutional branch capturing fine-scale gradients.
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Figure 6. Spectral error analysis for thermal sensor predictions. Standard FNO (blue) shows in-
creasing error at high wavenumbers due to mode truncation, while H-FNO (orange) maintains low
error across all frequencies through the local convolutional branch. Shaded regions indicate ±1
standard deviation.

4.2. Case Study 2: Acoustic Sensor Array Modeling
4.2.1. Acoustic Sensor Problem Setup

The second case study addresses acoustic sensor arrays for sound source localiza-
tion. We model a linear array of 8 microphones with 10 cm spacing in a 3D domain
(2 m × 2 m × 2 m). The goal is to predict the pressure field across the array given source
position and frequency.

The acoustic field is governed by the Helmholtz equation:
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∇2 p + k2 p = −δ(x− xs) (15)

where k = ω/c is the wavenumber and xs is the source position.
We generate 3000 simulations varying source position (within a 1 m × 1 m × 1 m

region), frequency (100 Hz–10 kHz), and medium properties.

4.2.2. Acoustic Sensor Results

Table 7 presents acoustic sensor modeling results. The H-FNO achieves mean absolute
error of 0.47 dB in predicted sound pressure level, comparable to the uncertainty of typical
measurement microphones.

Table 7. Acoustic sensor array prediction performance.

Model Rel. L2 Error (%) MAE (dB) Phase Error (◦) Inference (ms)

BEM (Reference) – – – 45,200
MLP Surrogate 12.3 2.14 8.7 0.5
Standard FNO 3.2 0.68 2.1 8.9
H-FNO (Ours) 2.1 0.47 1.4 11.2

Figure 7 visualizes the predicted acoustic pressure field for a 1 kHz source. The H-FNO
accurately reproduces the interference patterns and pressure amplitude distribution across
the sensor array region.
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Figure 7. Acoustic field prediction for microphone array. (a) BEM reference showing pressure
amplitude (dB SPL). (b) H-FNO prediction. (c) Error distribution (dB). (d) Pressure time history at
sensor positions showing excellent agreement between reference and prediction.

4.3. Case Study 3: Flow Sensor Characterization
4.3.1. Flow Sensor Problem Setup

The third case study focuses on differential pressure flow sensors (orifice plate meters).
We simulate the flow field and pressure distribution through an orifice plate in a circular
pipe (diameter: 50 mm) at various Reynolds numbers (500–50,000).
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The governing Navier–Stokes equations are solved using OpenFOAM with 4000 simula-
tions covering different flow rates, fluid properties, and beta ratios (orifice to pipe diameter
ratio, β = 0.4–0.7).

4.3.2. Flow Sensor Results

Table 8 summarizes flow sensor prediction accuracy. The H-FNO achieves 97.3%
accuracy in predicting the velocity field and 98.1% accuracy for the pressure drop coefficient.

Figure 8 shows velocity field predictions at different Reynolds numbers. The H-
FNO successfully captures the vena contracta, recirculation zones, and pressure recovery
downstream of the orifice plate.

Table 8. Flow sensor characterization results.

Model Velocity R2 ∆P Error (%) Cd Error (%) Inference (ms)

CFD (Reference) – – – 892,000
MLP Surrogate 0.891 8.9 7.2 1.2
Standard FNO 0.962 2.8 2.4 24.1
H-FNO (Ours) 0.973 1.9 1.6 28.7
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Figure 8. Flow sensor velocity field predictions at three Reynolds numbers. Top row: CFD reference.
Middle row: H-FNO prediction. Bottom row: Error magnitude. The model accurately captures
flow separation, recirculation, and pressure recovery phenomena across the operating range. Note:
Spatial coordinates are normalized by pipe diameter (D = 50 mm); thus x = 1 corresponds to 50 mm
downstream of the orifice plate origin.

4.4. Computational Performance Summary

Figure 9 consolidates the computational speedup achieved across all three case studies.
The H-FNO provides speedups ranging from 4000× (acoustic) to 31,000× (flow), enabling
real-time sensor simulation that was previously computationally prohibitive.
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Thermal Acoustic Flow
Traditional (ms) 127,000 45,200 892,000
H-FNO (ms) 15.3 11.2 28.7
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Figure 9. Computational speedup comparison across sensor types. Bar heights indicate speedup
factor (log scale) relative to reference numerical methods. H-FNO achieves 4000–31,000× acceleration
while maintaining accuracy within 2% relative error.

Total Computational Cost Analysis

To provide a complete picture of the computational investment, Table 6 presents a
breakdown of total costs including data generation, training, and inference phases. The
break-even point indicates the number of predictions at which the FNO approach becomes
more efficient than repeated numerical simulations.

The analysis reveals that H-FNO becomes cost-effective after approximately N + ϵ pre-
dictions, where N is the training dataset size and ϵ = Ttrain/tsim represents the additional
predictions needed to amortize the training time (Ttrain) relative to the per-simulation cost
(tsim). For instance, in the thermal case: ϵ = 4.2 h × 3600 s/h/127 s ≈ 119 predictions. For
applications requiring thousands of forward evaluations—such as Monte Carlo uncertainty
quantification, design optimization, or real-time digital twins—the amortized cost per
prediction drops dramatically.

All traditional simulation timings were measured on an Intel Xeon Gold 6248R work-
station (24 cores, 3.0 GHz) with 256 GB RAM. FEM simulations (COMSOL) utilized
eight parallel cores; CFD simulations (OpenFOAM) employed 16 cores with domain de-
composition. Reported times include solver execution only, excluding mesh generation
and post-processing. H-FNO inference was measured on a single NVIDIA A100 GPU with
batch size 1, averaged over 100 runs after warm-up.

4.5. Experimental Validation

To demonstrate the framework’s practical applicability, we conducted laboratory
validation for the thermal sensor case study. The acoustic and flow sensor case studies were
validated exclusively against high-fidelity simulation holdout data; physical experiments
for these domains require specialized facilities (anechoic chambers for acoustics, calibrated
flow loops for flow sensors) and are planned for future work. The thermal case was
selected for experimental validation as it represents the most accessible experimental
setup while demonstrating the framework’s capability to generalize from simulation to
real-world measurements.

4.5.1. Experimental Setup

A PT100 RTD sensor (Class A, four-wire configuration) was installed in a temperature-
controlled calibration bath (Fluke 7103). The sensor housing matched the geometry used in
simulations: 6 mm diameter stainless steel sheath, 50 mm immersion length. Temperature
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was varied from 20 ◦C to 80 ◦C with step changes in convective conditions achieved by
varying bath stirring rates (corresponding to h ≈ 20–80 W/(m2·K)).

4.5.2. Experimental Validation Results

Table 9 compares H-FNO predictions against experimental measurements for steady-
state temperature and time constant (63.2% response time).

Table 9. Experimental validation results for thermal sensor case study.

Test Condition Measured H-FNO Pred. FEM Pred. H-FNO Error

Tss at h = 25 W/(m2·K) 72.3 ◦C 71.8 ◦C 72.1 ◦C 0.7%
Tss at h = 50 W/(m2·K) 74.1 ◦C 73.6 ◦C 74.0 ◦C 0.7%
Tss at h = 75 W/(m2·K) 75.2 ◦C 74.8 ◦C 75.1 ◦C 0.5%
τ63 at h = 50 W/(m2·K) 8.7 s 8.4 s 8.6 s 3.4%

The H-FNO predictions show good agreement with experimental measurements, with
errors comparable to simulation–experiment discrepancies.

4.6. Uncertainty Quantification

For safety-critical measurement applications, quantifying prediction uncertainty is
essential. We implement Monte Carlo Dropout [24] to estimate epistemic uncertainty, ap-
plying dropout (p = 0.1) at inference and aggregating predictions over 100 forward passes.

Figure 10 demonstrates uncertainty estimation for the thermal sensor case. The model
appropriately indicates higher uncertainty near boundary regions and in extrapolation
scenarios (operating conditions outside training distribution).
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Figure 10. Uncertainty quantification using Monte Carlo Dropout. (a) Mean prediction. (b) Predictive
standard deviation showing elevated uncertainty near boundaries and in regions with limited training
data. (c) Calibration plot demonstrating well-calibrated uncertainty estimates (diagonal indicates
perfect calibration).

5. Discussion
5.1. Limitations and Failure Cases

While the proposed FNO-based framework demonstrates impressive performance,
several limitations and failure modes warrant discussion to guide practitioners in appropri-
ate deployment.

5.1.1. Training Data Requirements

High-fidelity simulations remain necessary for generating training data. For novel
sensor designs, this initial investment may be substantial (see Table 6). The framework is
most beneficial when many predictions are needed for the same sensor family.
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5.1.2. Identified Failure Cases

Through systematic testing, we identified several scenarios where H-FNO performance
degrades significantly:

1. Sharp discontinuities: For thermal sensors with abrupt material interfaces or acoustic
sensors near hard reflecting boundaries, prediction error increases by 3–5× compared
to smooth fields.

2. Extreme parameter extrapolation: When operating conditions exceed training bounds
by >20%, relative error can exceed 10%.

3. Multi-scale phenomena: Flow cases with both large recirculation zones and thin
boundary layers (high Reynolds number, Re > 40,000) showed degraded accuracy
(R2 < 0.92).

4. Strong nonlinearity: Sensors operating near phase transitions required 2–3×more
training data to achieve comparable accuracy.

5. Time-dependent dynamics: Transient predictions for rapidly varying inputs accumu-
lated phase errors over time.

5.1.3. Discussion on Geometric Complexity

While the case studies presented focus on canonical geometries (cylindrical RTD
housing, rectangular acoustic domain, circular pipe with orifice), these configurations
represent widely used industrial sensor designs and enable rigorous validation against
analytical solutions and experimental data. The framework can be extended to more
complex geometries using Geo-FNO [18] for learned coordinate transformations, or by
employing graph neural operator variants. Preliminary tests on asymmetric thermal sensors
with finned heat sinks showed comparable accuracy (R2 > 0.96), suggesting the approach
generalizes beyond simple shapes. Future work will systematically investigate irregular
geometries including multi-domain sensors with heterogeneous materials.

5.1.4. Recommendations for Practitioners

Based on our experience, we recommend:

• Validate on held-out data spanning the full operating envelope before deployment.
• Use uncertainty quantification to flag predictions outside the reliable regime.
• Consider ensemble methods for critical applications.
• Start with the hybrid H-FNO architecture when high-frequency features are expected.
• Budget 20% additional training samples near operating boundaries.

6. Conclusions
This paper presented a comprehensive framework for applying Fourier Neural Oper-

ators to fast sensor response prediction across thermal, acoustic, and flow measurement
domains. We developed and validated a unified FNO-based surrogate modeling approach
that accurately predicts sensor responses governed by diverse physical phenomena, in-
cluding heat conduction, acoustic wave propagation, and fluid dynamics. The framework
encompasses the complete workflow from high-fidelity simulation data generation through
model training to deployment-ready inference.

A key contribution of this work is the proposed Hybrid FNO (H-FNO) architec-
ture, which addresses the inherent spectral bias of standard Fourier Neural Operators by
combining global spectral convolutions with local convolutional branches. While hybrid
Fourier-convolutional architectures have been explored in the literature for general PDE
solving, our specific contribution lies in: (1) adapting and validating this architecture specif-
ically for sensor response prediction, where capturing both global physics and localized
sensing phenomena is critical; (2) demonstrating the approach across three distinct physics
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domains (thermal, acoustic, flow) with consistent performance gains; and (3) providing
practical guidelines for deployment in measurement applications, including uncertainty
quantification and failure mode characterization. This hybrid design effectively captures
both low-frequency global physics and high-frequency local features, achieving consistent
accuracy improvements across all case studies while maintaining computational efficiency
suitable for real-time applications.

The framework was comprehensively validated across three distinct sensor domains.
For thermal sensors, the H-FNO surrogate model achieved excellent agreement with finite
element simulations while dramatically reducing computation time, enabling applications
such as real-time digital twins and rapid design optimization. In acoustic sensor array
modeling, the approach accurately reproduced complex interference patterns and pres-
sure distributions with errors comparable to typical measurement uncertainties, making it
suitable for real-time beamforming and source localization tasks. For flow sensor characteri-
zation, the model successfully captured intricate flow phenomena including vena contracta
formation, recirculation zones, and pressure recovery, demonstrating the framework’s
capability to handle strongly nonlinear multi-physics problems.

To address the requirements of safety-critical measurement applications, we im-
plemented uncertainty quantification using Monte Carlo Dropout, demonstrating well-
calibrated predictive uncertainties that appropriately indicate model confidence across
the operating domain. This capability is essential for deploying surrogate models in
applications where prediction reliability must be quantified and monitored.

Looking forward, Fourier Neural Operators represent a paradigm shift in computa-
tional sensor modeling, offering the accuracy of traditional numerical methods at a fraction
of the computational cost. The framework presented in this paper establishes FNO as a
powerful tool for AI-enhanced instrumentation, enabling real-time digital twins, accel-
erated sensor design optimization, and virtual sensing capabilities. As neural operator
architectures continue to evolve and computational resources become more accessible,
we anticipate widespread adoption of these techniques across the measurement science
community, paving the way for intelligent measurement systems that can simulate, predict,
and adapt in real-time.
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Appendix A. Hyperparameter Settings
Table A1 provides the complete hyperparameter settings used for training the H-FNO

models across all three case studies.

Table A1. Hyperparameter settings for H-FNO models.

Hyperparameter Thermal Acoustic Flow

Number of Fourier layers 4 4 5
Fourier modes (per dim.) 12 16 12
Hidden channels 64 64 128
Local conv. kernel size 3×3 3×3 3×3
Activation function GELU GELU GELU
Learning rate (initial) 1× 10−3 1× 10−3 5× 10−4

Learning rate (final) 1× 10−5 1× 10−5 1× 10−5

Batch size 20 16 8
Training epochs 500 400 600
Weight decay 1× 10−4 1× 10−4 1× 10−4

Dropout rate 0.1 0.1 0.1
Grid resolution (training) 643 643 128× 64
Training samples 4000 2400 3200
Validation samples 500 300 400
Test samples 500 300 400

Appendix B. Simulation Details
Appendix B.1. Thermal Sensor Simulations

Thermal simulations were conducted using COMSOL Multiphysics 6.1 with the
Heat Transfer in Solids module. The sensor geometry consisted of a cylindrical stain-
less steel housing (thermal conductivity: 15 W/(m·K), density: 7900 kg/m3, specific
heat: 500 J/(kg·K)) with a platinum RTD element at the center (thermal conductivity:
71.6 W/(m·K)). Convective boundary conditions were applied at the outer surface with
heat transfer coefficients ranging from 5 to 100 W/(m2·K). The mesh consisted of approxi-
mately 150,000 tetrahedral elements with boundary layer refinement near the sensor surface.
Transient simulations were run for 60 s with adaptive time stepping.

Appendix B.2. Acoustic Sensor Simulations

Acoustic simulations employed COMSOL Acoustics module solving the Helmholtz
equation in the frequency domain. The computational domain was a 2 m × 2 m × 2 m box
with perfectly matched layer (PML) boundaries to prevent artificial reflections. A monopole
point source was placed at varying positions within a 1 m3 region. The mesh consisted
of at least six elements per wavelength at the maximum frequency (10 kHz), resulting in
approximately 500,000 elements for high-frequency cases. Simulations covered frequencies
from 100 Hz to 10 kHz with logarithmic spacing.

Appendix B.3. Flow Sensor Simulations

Flow simulations utilized OpenFOAM v2206 with the SIMPLE algorithm for pressure–
velocity coupling. The k-ω SST turbulence model was employed for Reynolds num-
bers above 2300. The computational domain extended 10 pipe diameters upstream and
20 diameters downstream of the orifice plate to ensure fully developed flow conditions and
complete pressure recovery. The mesh consisted of approximately 2 million hexahedral
cells with wall function treatment (y+ ≈ 30) for turbulent cases. Steady-state simulations
were converged to residual levels below 10−6.
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