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ARTICLE INFO ABSTRACT
Keywords: Thermoacoustic Stirling-like cycle engines offer a compelling solution for converting residual heat into usable
Thermoacoustic stirling engine energy through the generation of acoustic waves, providing a mechanically simple and environmentally friendly

Acoustic power prediction
ANN
MLP

alternative. While recent developments have demonstrated the feasibility of using artificial neural networks for
performance prediction, limited research has addressed the effect of training data volume or the experimental
validation of these models. This study investigates the use of artificial neural networks to predict the acoustic
power delivered to the power extraction branch in thermoacoustic engines operating at low drive ratios, using
data generated through DeltaEC (Design Environment for Low-Amplitude Thermoacoustic Energy Conversion)
simulations. Two training approaches were implemented: Python programming and SPSS (Statistical Package for
the Social Sciences); and three datasets of increasing size were used to evaluate the impact of data volume on
prediction performance. Seven design variables were analyzed, of which three emerged as the most critical. The
proposed methodology enables fast and reliable prediction of thermoacoustic performance, reducing reliance on
computationally expensive simulations and supporting the integration of artificial intelligence techniques into
energy system design.
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Abbreviations

ANFIS  Adaptive Neuro-Fuzzy Inference Systems

ANN Artificial Neural Networks

DeltaEC Design Environment for Low-Amplitude Thermoacoustic
Energy Conversion

ML Machine Learning

MSE Mean Squared Error

MLP Multilayer Perceptron

RMSE Root Mean Square Error

SGD Stochastic Gradient Descent

SPSS Statistical Package for the Social Sciences
SSE Sum of Squared Errors

TA-SLiCE Thermoacoustic Stirling-Like Cycle Engine
1. Introduction

The recovery of residual thermal energy has gained attention in
response to global sustainability goals and the efforts to reduce green-
house-gas emissions. Among various heat-recovery technologies, the
conversion of heat into useful energy using thermoacoustic devices has
attracted increasing attention in recent decades due to their simple
construction, minimal maintenance requirements, and strong potential
for energy harvesting applications [1]. Thermoacoustic engines convert
heat into acoustic power by sustaining thermoacoustic oscillations in a
working gas, driven by the interaction between a temperature gradient
and propagating sound waves [2]. The resulting acoustic power can be
harnessed to drive alternators, pumps, or thermoacoustic refrigerators,
offering the added advantages of silent operation, mechanical simplicity
and low-maintenance operation [3]. In a thermoacoustic Stirling-like
cycle engine (TA-SLiCE), heat is applied across a regenerator (a
porous medium) bounded by heat exchangers, inducing acoustic work in
a manner analogous to the Stirling cycle, but without the moving pistons
of conventional engines [4]. This simple architecture enhances me-
chanical reliability, making TA-SLiCEs especially promising for sus-
tainable energy applications such as waste-heat recovery and
thermal-to-electric power conversion [5]. The concept of a pistonless
Stirling engine was first introduced by Ceperley in 1979 [6] and
experimentally demonstrated two decades later by Backhaus and Swift
[71, laying the foundation for a wide array of laboratory-scale TA-SLiCE
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developments [8]. However, achieving high performance in a TA-SLiCE
requires the careful design of the acoustic resonator network to maintain
strong self-sustained oscillations and to efficiently extract usable power
from the acoustic field [9]. The engine's efficiency emerges from the
coupling of thermodynamic, acoustic, and heat-transfer phenomena,
and is governed by numerous interdependent design parameters. As
highlighted by Napolitano et al. [4], both the structural characteristics
of the regenerator and the resonator geometry play a pivotal role in
determining the acoustic power output and overall efficiency. Their
optimization strategy has been extended to traveling-wave configura-
tions, further broadening the design landscape for advanced thermoa-
coustic systems.

In a TA-SLiCE, the acoustic circuit is deliberately divided into three
interdependent branches: the core branch, where heat is converted into
acoustic power; the feedback branch, which includes compliance and
inertance elements to establish the appropriate traveling-wave phasing;
and the power extraction branch, which harnesses part of the acoustic
power for external work [10]. A representative TA-SLiCE configuration
is illustrated in Fig. 1. It consists of a closed-loop acoustic circuit with a
regenerator at one end, supplied with thermal input from an external
heat source, and a feedback loop incorporating a compliant-inertial
segment on the opposite side. The feedback loop typically comprises a
compliance chamber and an inertance tube, forming a passive acoustic
phase-shifting network. This network ensures that pressure and volu-
metric velocity oscillations attain the desired phase difference,
approaching that of a traveling wave, thereby promoting efficient
heat-to-work conversion within the regenerator. This design enables
self-sustained acoustic oscillations: the regenerator and associated heat
exchangers inject acoustic power into the system, the feedback branch
recirculates part of this energy to maintain oscillations, and the surplus
is directed toward the power extraction branch [11]. Typically imple-
mented as a side resonator equipped with a compliant piston or loud-
speaker, the power extraction branch allows part of the acoustic power
to be converted into useful external work. The acoustic power extracted
through the power extraction branch serves as a key indicator of the
engine’s overall efficiency. It reflects how effectively the thermoacoustic
cycle is sustained and how critical design parameters, such as the ge-
ometry of compliance and inertance, influence energy conversion. Even
subtle modifications in compliance geometry can significantly alter the
distribution of acoustic energy, thereby impacting the proportion of

Power extraction
branch

s
Compliance

Fig. 1. Schematic of the thermoacoustic Stirling-like engine (TA-SLiCE) configuration used in this study. The system consists of the core branch which contains the
regenerator sandwiched between a hot heat exchanger (heat input) and a cold heat exchanger (heat sink). The feedback branch provides the necessary acoustic
compliance and inertance via an enclosed compliance chamber and a narrow inertance tube, which together tune the phase of pressure-volumetric velocity os-
cillations. The power extraction branch (right) is a side resonator terminating in a moving piston, through which a portion of the acoustic power is extracted as

useful output.
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power channeled into useful output versus that recirculated within the
loop. Designing a TA-SLiCE therefore involves balancing multiple
coupled parameters to ensure that the feedback loop sustains the oscil-
lation while maximizing the delivery of acoustic power to the extraction
load. Achieving this balance, however, is complicated by the intricate
interdependence among numerous geometric and operating variables.
Components such as the regenerator, heat exchangers, inertance tubes,
and compliance chambers must be precisely configured to promote
efficient coupling between thermal and acoustic oscillations within the
system [12]. The multivariable and highly coupled nature of TA-SLiCEs
presents a significant challenge for conventional design strategies based
solely on analytical modelling or empirical tuning, which are often
insufficient to capture the nonlinear interactions that govern system
behavior.

Given the highly coupled and multiparametric nature of TA-SLiCE
systems [13], simulation-based design has become indispensable in
thermoacoustics. In this context, one powerful tool is the DeltaEC soft-
ware (Design Environment for Low-Amplitude Thermoacoustic Energy
Conversion), which was originally developed at Los Alamos by Swift
et al. [14]. DeltaEC provides a one-dimensional network model of the
engine based on Rott's linear acoustic wave theory [15], enabling the
rapid calculation of pressure, flow and temperature distributions for a
given geometry in steady state. The software is widely used by re-
searchers and designers for tuning thermoacoustic engines and per-
forming parametric sweeps; it has been applied to analyse acoustic field
distributions in thermoacoustic systems [16] established for design and
performance optimization [17], and demonstrated to achieve good
agreement with experimental results [18]. For example, an initial Del-
taEC model of the present TA-SLiCE was used to select a feasible oper-
ating frequency (=23 Hz) and to estimate performance at various
geometry settings. However, purely physics-based simulation and
manual parameter sweeps can become unwieldy as the number of design
variables grows. Iniesta et al. [19] conducted a sensitivity analysis using
response surface methodology on a TA-SLiCE configuration, evaluating
seven design variables including the dimensions of the compliance and
inertance tubes, various branch lengths, and the resonance frequency.
Their findings revealed that the operating frequency, the inner diameter
of the compliance chamber, and the inner diameter of the inertance were
the most influential parameters, enabling a 6% increase in efficiency
through optimization. This study revealed the limitations of traditional
parametric methods and highlighted the relevance of data-driven
modelling for efficiently analysing the full design parameter set.
Accordingly, the design of thermoacoustic engines must account for the
strong interdependence between geometric and operating parameters,
which critically influence acoustic performance and energy conversion
efficiency. Although the architecture of a TA-SLiCE may appear simple,
it encompasses a multitude of interrelated design variables (such as
lengths, diameters, and resonance frequency) that govern the engine’s
thermoacoustic response [20]. Even in the relatively compact prototype
examined in this study, seven key parameters were required to charac-
terise its dynamic behavior. Previous sensitivity analyzes on comparable
TA-SLiCE configurations have demonstrated that only a subset of these
variables exerts a dominant effect on performance. Among them, the
diameters of the compliance chamber and inertance tube have proven to
be the most critical, while the operating frequency also plays a sub-
stantial role [21]. In contrast, other geometric features, including exact
branch lengths and minor loss factors, tend to have a more limited effect
on performance metrics [22]. These results are consistent with theo-
retical expectations: the sizes of the compliance and inertance elements
largely determine the acoustic impedance and phase relations within the
loop, which in turn dictate how effectively heat-induced pressure os-
cillations are converted into net acoustic power. Tuning the drive fre-
quency near the system’s natural resonance is likewise critical to
achieving optimal energy transfer. Importantly, the strong nonlinear
interactions among key parameters (for example, the coupled effects of
inertance and compliance geometries) further complicate manual design
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and highlight the need for advanced optimization frameworks. Tradi-
tional optimization techniques and even reinforcement learning agents
have been applied to identify favourable thermoacoustic designs by
iteratively querying simulation models [23]. These studies demonstrate
the potential for algorithmic design of TA-SLiCEs, but they also highlight
the substantial computational cost of evaluating high-fidelity models
and the need for surrogate models that can predict performance out-
comes much faster than real-time simulations. Consequently, designing
or optimizing a TA-SLiCE requires tools capable of managing
high-dimensional parameter spaces and capturing the intricate,
nonlinear dependencies between design inputs and engine performance.

In parallel with simulation-based optimization, machine learning
(ML) has emerged as a promising tool to model the complex
input-output relationships of thermoacoustic systems. In particular,
artificial neural networks (ANNs) have been used to predict key per-
formance indicators of thermoacoustic devices [24]. These studies show
that ANN-based models can capture the highly nonlinear mappings in
thermoacoustic behavior with impressive accuracy (often within a few
percent error), outperforming simpler regressions or analytical models
especially when strong variable interactions are present. Variations and
extensions of standard ANNSs, including adaptive neuro-fuzzy inference
systems (ANFIS), ANN ensembles optimized via genetic or imperialist
competitive algorithms, and hybrid ANN-PSO models, have all been
tested on thermoacoustic case studies [25]. Among the dominant
intelligent modelling approaches are those that integrate data-driven
learning with physical insight, for example combining an ANN predic-
tor with known conservation-law constraints or using ML to augment
low-order models [22]. In the context of engine performance prediction,
which is largely a static mapping from design parameters to steady-state
outputs, Zare et al. [26] proposed an ANN-based design method to
predict the operating parameters of a thermoacoustic Stirling engine,
demonstrating practical utility in the design stage and ensuring dynamic
stability. Prior studies have explored the use of neural networks to
predict the performance of thermoacoustic coolers and the electrical
output/voltage in heat recovery projects using thermoacoustic systems;
in several cases, ANNs compete with or outperform empirical models
when representative experimental data are available [27]. These studies
also explore variants such as ANFIS and ANNs optimized by evolu-
tionary algorithms (e.g. ANN-PSO) to adjust hyperparameters and
improve robustness [28].

Similar ANN-based surrogate methodologies have also been suc-
cessfully applied in related thermo-fluid energy systems, including
Organic Rankine Cycle applications, where neural-network models have
demonstrated strong capability for predicting nonlinear thermodynamic
behavior and supporting design optimization under coupled operating
conditions [29]. In the context of photovoltaic thermal systems, recent
studies have shown that systematic experimentation with multilayer
perceptrons, together with controlled normalization procedures and
data-quality management, are essential to ensure robust predictive
performance under varying operating conditions [30]. In sustainable
energy-system design, fuzzy-logic-assisted methodologies have further
demonstrated the value of transparent ML-supported decision-making in
complex engineering environments [31]. In parallel, recent
engineering-oriented neural-network frameworks have reinforced the
need for carefully structured datasets and physically consistent valida-
tion procedures when surrogate models are applied to strongly
nonlinear coupled systems [32].

More recently, several contributions have reinforced the role of
surrogate-based and ANN-based modelling as an efficient complement
to classical thermoacoustic simulation tools. Rahman and Zhang [33]
demonstrated that feed-forward neural networks can accurately repro-
duce acoustic wave parameters in thermoacoustic prime movers,
achieving high prediction accuracy even with limited data. Ngcukayi-
tobi et al. [25] extended this idea by systematically comparing ANN,
ANN-PSO and ANFIS surrogates for thermoacoustic waste-heat recov-
ery, showing that hybrid ANN-PSO architectures provide excellent
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generalization capability across wide operating ranges.

In parallel, scarce works have explored hybrid simulation-and-
learning strategies specifically aimed at accelerating thermoacoustic
design. Zare et al. [26] used ANN surrogates to support the geometric
design of thermoacoustic Stirling engines. Although this study focuses
on different physical configurations, it provides methodological pre-
cedents highly relevant for the surrogate-based framework developed in
the present work.

From a broader methodological perspective, the use of surrogate
modelling for high-dimensional thermo-fluid systems is consistent with
trends observed in energy engineering and computational acoustics.
Frank [34] highlights the effectiveness of ML-based surrogate models for
accelerating design tasks in complex coupled systems, while Croci [35]
demonstrates the value of combining physics-based thermoacoustic
models with data-driven components, particularly when experimental
data are sparse or expensive to acquire. These methodological advances
align with the central motivation of the present study: building reliable
surrogate models that retain physical consistency while enabling sys-
tematic exploration of coupled thermoacoustic design spaces.

This study presents a methodology for predicting the acoustic power
delivered to the extraction branch of TA-SLiCEs operating at low drive
ratios, using artificial neural networks (ANNs), addressing several
outstanding research gaps in the field. While prior work has predomi-
nantly analysed the impact of design variables on linear dynamics and
system stability, less emphasis has been placed on the inverse design
problem: identifying optimal parameter combinations that meet specific
performance objectives, such as maximising acoustic power output,
while preserving dynamic stability.

The present approach tackles this challenge by constructing an
extensive dataset of DeltaEC simulations that span three key design
parameters, including operating frequency, inertance diameter and
compliance diameter. To investigate the influence of data volume on
predictive performance, networks are trained on datasets comprising
130, 1300, and 13,000 records. In addition, two training frameworks,
Python-based and SPSS-based are compared. The trained models are
evaluated using a single but representative experimental data point from
a previously published TA-SLiCE demonstrator, providing a practical
benchmark for assessing prediction accuracy.

By integrating parametric simulation, systematic data analysis, and
experimental validation, this work provides a structured and repro-
ducible framework for the design optimization of thermoacoustic en-
gines based on machine learning. In this study, particular attention is
given to thermoacoustic engine operation at low drive ratios (typically
below 10%), where the linear acoustic approximation remains valid.
This regime is especially relevant because the DeltaEC modelling
framework employed in this work is based on Rott’s linear thermoa-
coustic theory, which assumes small-amplitude oscillations. Operating
within this range ensures numerical stability and physical consistency of
the simulation results, avoiding nonlinear effects such as flow separation
or shock formation that may arise at higher drive ratios. From a practical
standpoint, low drive ratio conditions are commonly encountered dur-
ing the design and experimental validation stages of thermoacoustic
systems, particularly in laboratory-scale prototypes. In these contexts,
stable and predictable operation is essential for parameter tuning and
system optimization. Therefore, focusing on this regime enables the
development of a reliable surrogate model while maintaining direct
relevance to real-world thermoacoustic design workflows.

This work is positioned within the emerging use of artificial intelli-
gence in energy systems engineering. By leveraging data-driven surro-
gate modelling, the proposed approach enables rapid prediction of
thermoacoustic performance, significantly reducing the computational
cost associated with physics-based simulations.

In this paper, first, the methodology and mathematical bases are
introduced. Next, the dataset and descriptive data analysis is presented
in Section 3. Subsequently, the acoustic power delivered to the power
extraction branch of the engines are estimated in Section 4. In Section 5,
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a discussion is presented regarding several key outcomes derived from
this study, with particular emphasis on the SPSS and Python configu-
rations, outcomes comparisons. Finally, concluding remarks are pro-
posed in Section 6.

2. Methodology

The present work follows a structured surrogate-modelling workflow
designed to reproduce the converged DeltaEC response while providing
a fast and physically coherent predictive tool for TA-SLiCE systems. The
methodology consists of five sequential stages: data generation, feature
selection, surrogate training, sensitivity-and-robustness analysis, and
validation. Each stage is described below.

All models correspond to fully connected feedforward multilayer
perceptrons (MLPs) with three input neurons and one output neuron.
Four architectures were evaluated: 3-12-6-1, 3-9-1, 3-6-3-1, and 3-6-1,
representing networks with one or two hidden layers and between 6
and 12 neurons per layer. Two activation functions were analyzed,
sigmoid and hyperbolic tangent, with each individual model employing
a single activation function consistently across all hidden layers. All
input and output variables were normalized to the interval [0,1] using
min-max scaling. The normalization parameters were computed exclu-
sively from the training data and subsequently applied to the test data to
prevent data leakage. The dataset was partitioned using a 70-30 train-
—test split, and an additional 15% of the training data was used as a
validation subset for early stopping. Model training was performed
using stochastic gradient descent (SGD) with an adaptive learning rate.
The initial learning rate was set to 0.01, with a momentum coefficient of
0.9 and Nesterov acceleration enabled. A mini-batch size of 64 samples
was used, and L2 regularization was applied with a = 1 x 10™. The
maximum number of iterations was 3000, with a tolerance of 1 x 107.
Early stopping was implemented, terminating training if no improve-
ment in validation performance was observed for 50 consecutive
iterations.

2.1. Data generation and preprocessing

To construct the surrogate model, a comprehensive dataset was
generated using DeltaEC. The numerical model of the TA-SLiCE engine
was configured with fixed geometric and thermophysical properties,
while three design variables were selected for parametric exploration:
operating frequency (f), compliance diameter position (DC), and iner-
tance diameter (DL). These parameters were chosen because they are the
primary determinants of the acoustic power output and appear consis-
tently in previous thermoacoustic sensitivity studies. In travelling-wave
engines such as TA-SLiCE, these three variables govern the reactive
impedance of the loop, the pressure-velocity phase relation, and the
proximity to resonance, making them the most influential design de-
grees of freedom for power prediction.

The dataset used in this study consists of 13,747 samples and in-
cludes eight variables. The input variables selected for the ANN model
are frequency (f), DC, and DL, which represent the main operational
parameters of the thermoacoustic system. The target variable corre-
sponds to the power output. The ranges of the variables are as follows: f
€ [10, 70], DC € [30, 100], DL € [8, 28], and Power € [0.00193,
3.3707]. Although additional geometric parameters, including the
inertance length (LL), compliance length (LC), hot heat exchanger
length (LHHX), and thermal buffer tube length (LTBT), are present in the
dataset, they remain constant across all samples and were therefore not
included as input features.

These ranges were selected to cover the full operating region of in-
terest for the TA-SLiCE prototype while ensuring numerical stability of
DeltaEC across the explored domain. Extending the sweeps to both small
and large values of DC and DL allow the dataset to include off-design
conditions where performance deteriorates due to impedance imbal-
ance. Oversized compliance chambers (large DC) can reduce acoustic
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stiffness and detune the phasing, while undersized chambers concen-
trate reactive energy. Likewise, very narrow inertance tubes (small DL)
increase viscous dissipation, whereas excessively wide tubes reduce
inertive reactance and disturb the pressure-flow phase matching.
Including these regions ensures that the surrogate learns the boundaries
of physically meaningful behavior.

A total of 13,747 DeltaEC simulations were performed by combining
the three parameters at discrete increments. Simulations that did not
reach numerical convergence or produced non-physical trends (e.g., sign
changes in acoustic power, discontinuities between nearby samples)
were discarded. Only converged and physically consistent samples were
retained for training the surrogate model. This filtering step is essential
because DeltaEC may exhibit sensitivity near resonance peaks or
impedance extrema, and retaining such artefacts would degrade the
stability of the surrogate.

For each converged case, DeltaEC provided the acoustic power
output at the resonator, which was selected as the target variable for the
neural network. The use of acoustic power rather than intermediate
thermoviscous fields ensures consistency across the entire dataset and
facilitates direct comparison with experimental measurements.

Before training, all input variables were normalized to the [0,1]
range using Min-Max scaling. This choice avoids scale imbalance among
the parameters and improves the conditioning of the optimization
problem. The dataset was inspected for continuity and monotonicity
with respect to the three design variables, confirming that DeltaEC
produces a smooth and well-behaved response surface across the
retained parametric space. This ensures that the surrogate model is
trained on a coherent and physically interpretable map, free from nu-
merical artefacts introduced by the solver.

2.2. Feature selection

Although thermoacoustic performance depends on multiple geo-
metric and thermophysical parameters (e.g., resonator length, stack
porosity, heat exchanger dimensions, working fluid properties), prior
analytical studies and numerical experimentation indicate that only a
subset of parameters dominates the acoustic power output of standing-
wave engines.

In the present work, three variables were selected as surrogate in-
puts: operating frequency (f), compliance chamber diameter (DC), and
the inertance tube diameter (DL). These variables were identified as the
critical determinants of performance based on (i) preliminary DeltaEC
screening; (ii) established thermoacoustic theory regarding impedance
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balance and resonance tuning; and (iii) their direct physical role in
establishing resonance conditions, phasing of thermoacoustic heat ex-
change, and acoustic impedance. Subsequent statistical analysis of the
dataset (Section 4) was used only to verify that these variables provide
non-redundant predictive information, but it did not determine their
selection.

To support the selection of the dominant design variables, a sensi-
tivity and feature importance analysis was carried out using the trained
MLP model (3-12-6-1, tanh activation).

Permutation feature importance was evaluated by randomly shuf-
fling each input variable and recording the resulting drop in R% Fig. 2
shows that frequency (f) and displacement length (DL) cause the largest
reductions in predictive accuracy, with mean decreases of 5.05 and 5.01,
respectively, while DC produces a moderate drop of 3.80. The variables
LL, LC, LHTX and LTBT have practically no effect, which is expected
given that they remain constant throughout the dataset and provide no
discriminative information to the model.

A one-at-a-time (OAT) sensitivity analysis was also carried out,
varying each input across its normalized range while the remaining
variables were held at their mean values. The resulting curves (Fig. 3)
reveal a pronounced nonlinear dependence of the predicted acoustic
power on f, DC and DL, with clearly defined local maxima in each case.
This is physically coherent with the known behavior of thermoacoustic
engines, where performance is strongly tied to operating frequency and
geometric configuration. The other four variables produce essentially
flat responses, which further confirms their negligible role.

Finally, the sensitivity range, computed as the peak-to-peak variation
in predicted output for each variable, was used to quantify the magni-
tude of these effects (Fig. 4). DL yields the widest range (8.09 W), fol-
lowed by f (2.92 W) and DC (1.97 W). Although LL shows a non-
negligible numerical range (2.56 W), this value is an artefact of forc-
ing the sweep beyond the range present in the training data and does not
reflect a real model dependency, as the permutation results confirm.

The three analyzes converge to the same conclusion: f, DL, and DC
are the dominant variables governing the system response. The agree-
ment between the different methods strengthens confidence in the
choice of inputs and supports the physical interpretability of the surro-
gate model.

All remaining geometric and thermophysical parameters were kept
fixed at their validated nominal values. This avoids unnecessary
dimensionality expansion and ensures that the surrogate focuses on the
parametric directions that meaningfully modify the acoustic power.

A preliminary exploratory analysis (described in Section 4)

Permutation Feature Importance — MLP 3-12-6-1 TANH

5.05
5.01
L 0.00
Lc 4 0.00
LHTX 0.00
TBT 4 0.00
0 1 2 3 4 5 6

Mean decrease in R?

Fig. 2. Permutation feature importance analysis performed on the trained MLP (3-12-6-1, tanh activation) shows that f and DL are the dominant variables influ-
encing the network predictions, with mean decreases in R? of 5.05 and 5.01, while DC presents a moderate contribution of 3.80.
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One-at-a-Time Sensitivity Analysis — MLP 3-12-6-1 TANH
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Fig. 3. One-at-a-Time sensitivity analysis of the trained MLP (3-12-6-1, tanh activation) showing that f, DL and DC produce the largest nonlinear variations in
predicted acoustic power. The variables LL, LC, LHTX and LTBT remain nearly constant across their analysed ranges, indicating a negligible contribution to the MLP

predictions within the dataset.

Sensitivity Range per Input Variable

8.09 W

Output Range (W)

DC
Variable

Fig. 4. Sensitivity range analysis of the trained MLP (3-12-6-1, tanh activation) showing that DL produces the largest variation in predicted acoustic power (8.09 W),

followed by f (2.92 W).

confirmed that the three selected variables provide non-redundant in-
formation on the acoustic power. In this way, the surrogate model fo-
cuses on the dominant design degrees of freedom without introducing
unnecessary complexity.

2.3. Surrogate model training (MLP implementation)

The surrogate model was implemented as a multilayer perceptron
(MLP) that maps the three selected input variables to the corresponding
acoustic power obtained from DeltaEC. The goal of this stage is to define
a reproducible training protocol that can be applied consistently across
all experiments rather than on the internal mathematical details of the
network, which are presented in Section 3.

For all experiments, the dataset was split into two main subsets: 70%
of the samples were used for training and 30% were reserved as an in-
dependent test set. This 70-30 split was applied systematically to
guarantee methodological consistency.

A family of feedforward MLP architectures with three input neurons
and one output neuron was defined in advance, differing in depth and
width, and combined with two standard activation functions (sigmoid
and hyperbolic tangent). The specific architectural layouts and the
mathematical description of the learning process are presented in
Section 3. All architectures shared the same input-output normalization
strategy defined in Section 2.1 to ensure fair comparison across
experiments.

Training in both environments followed the same logical sequence:
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(i) loading and preprocessing the DeltaEC dataset; (ii) splitting the data
into training and test subsets; (iii) fitting the MLP to the training data
using gradient-based optimization; and (iv) evaluating the final model
on the independent test set. Mean squared error (MSE) was used as the
optimization objective, while root mean squared error (RMSE) and the
coefficient of determination (R*) were used as global performance
metrics. The formal definitions of these metrics and the specific opti-
mization schemes are detailed in Section 3. This separation ensures that
the methodological description remains focused on the training proto-
col, while the mathematical foundations and numerical details are dis-
cussed where they belong.

This protocol defines the common training framework for all surro-
gate models considered in the study. The impact of the different archi-
tectures, dataset sizes and software environments on the resulting
predictive performance is discussed in the Results section. By main-
taining a unified protocol across implementations, the study isolates the
effect of architectural and computational choices, enabling a fair and
interpretable comparison between the surrogate models.

2.4. Sensitivity-and-robustness analysis

An optional methodological stage considers the evaluation of how
the surrogate model responds to controlled perturbations of the input
parameters. In this stage, predefined percentage variations are applied
to the normalized inputs, and the corresponding changes in the pre-
dicted acoustic power are computed. These perturbations are applied
independently to each input and, when relevant, to combinations of
parameters to assess whether the surrogate behaves smoothly across the
full operating domain defined in Section 2.1.

The objective of this step is to define a framework for assessing the
stability, smoothness and physical coherence of the surrogate model
under input uncertainty. This analysis also provides a qualitative indi-
cation of whether the surrogate extrapolates sensibly near the bound-
aries of the DeltaEC design space, without requiring additional
simulations. The specific perturbation levels, analysis procedures and
quantitative outcomes are presented, if included, in the Results and
Discussion sections.

2.5. Validation protocol

The validation of the surrogate model was organized into two com-
plementary stages to ensure both numerical reliability and physical
plausibility.

First, a numerical validation was conducted using an independent
test subset of the DeltaEC simulations. This step assesses the general-
ization capability of the surrogate within the same parametric domain
used for data generation. The procedure involves comparing predicted
and reference outputs on the test set, checking error metrics and visually
inspecting the agreement between the modelled and simulated response
surfaces. This validation stage ensures that the surrogate has learned the
mapping imposed by DeltaEC without overfitting to the training data.

Second, an experimental validation was performed using a repre-
sentative operating point of the TA-SLiCE prototype. The corresponding
input conditions were imposed in the DeltaEC model and in the trained
surrogate, and the resulting power predictions were compared with the
measured value. This comparison provides a consistency check between
the surrogate, the underlying numerical model and the physical system.
Although only a single operating point is available experimentally, this
step offers an external reference that complements the purely numerical
validation.

Together, these two validation levels establish a coherent protocol
for assessing whether the surrogate model is not only accurate with
respect to its training source (DeltaEC) but also compatible with the
observed behavior of the real thermoacoustic prototype. This hierar-
chical validation structure also clarifies the respective roles of numerical
fidelity (test-set evaluation) and physical plausibility (experimental
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comparison).
3. Neural network formulation
3.1. General ANN structure

Artificial Neural Networks (ANNs) are nonlinear function approx-
imators composed of interconnected layers of neurons with trainable
weights. In this work, multilayer perceptrons (MLPs) were employed to
construct surrogate models capable of predicting thermoacoustic power
from the three selected physical variables (f, DC, and DL). Each network
receives the normalied input vector and propagates it through one or
more hidden layers, where linear transformations of the form xW + b are
applied prior to nonlinear activation. The output layer contains a single
neuron representing the predicted acoustic power.

A typical ANN consists of an input layer, one or more hidden layers,
and an output layer. In the present study, the input layer includes the
three normalized covariates (f, DC, and DL), while the output layer
produces a single value corresponding to the acoustic power. Fig. 5 il-
lustrates the general structure of the architecture used, in which each
neuron receives weighted signals from all neurons in the preceding layer

The internal operation of each neuron is based on a weighted linear
combination of the inputs followed by a bias term. This computation can
be expressed in general form by Eq. (1), which represents the pre-
activation calculation:

w; W, W;
i) (i 2 W) 4 (brbanba) = (1.32.30) M

where the weights Wjdetermine the relative influence of each input, and
the bias terms b;shift the activation, improving the model’s ability to fit
the data. After this linear transformation, each neuron applies its cor-
responding activation function, enabling the network to capture
nonlinear relationships between the input variables and the generated
power.

In this work, sigmoid and hyperbolic tangent activation functions
were employed depending on the selected architecture. Both functions
introduce nonlinearity into the network and allow the surrogate model
to accurately approximate the thermoacoustic behavior simulated with
DeltaEC. Together, normalization, the MLP architecture, and nonlinear
activations enable the network to represent the underlying nonlinear
mapping between the design parameters and the resulting thermoa-
coustic power.

3.2. Network architectures and experimental design

The following subsections describe the specific MLP architectures
and experimental design used in this study, building on the methodo-
logical framework introduced in Section 2.

The experimental design incorporated four different neural archi-
tectures for all the methodologies, evaluating performance across
varying levels of computational complexity. This comparative configu-
ration was intentionally designed to provide a controlled assessment of
the sensitivity of predictive performance to architectural depth, neuron
distribution, activation function selection, and dataset size.

e Architecture 1: 3-12-6-1 (input-hidden-hidden-output)
e Architecture 2: 3-9-1 (input-hidden-output)

e Architecture 3: 3-6-3-1 (input-hidden-hidden-output)
e Architecture 4: 3-6-1 (input-hidden-output)

These architectures were chosen to explore how depth and width
affect the surrogate’s ability to approximate the nonlinear DeltaEC
mapping, ranging from compact single-hidden-layer networks to deeper
models with increased representational capacity.

Data scalability was analysed through identical dataset partitioning
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Fig. 5. Architecture of the neural network.

protocols across three different volume conditions: limited sample size
(n =130), standard sample size (n = 1300), and expanded sample size (n
= 13,000). In all experimental configurations, a 70-30 train-test parti-
tion ratio was implemented, consistent with the methodological
description in Section 2. This design enables systematic evaluation of
how the surrogate’s performance degrades or stabilises as the amount of
available training data is reduced.

All input and output variables received uniform normalization pro-
cedures, mapping values to the standardized interval [0,1]. This
normalization protocol was applied across all methodological imple-
mentations to eliminate scale-based influences on model performance.

Both sigmoid and hyperbolic tangent activation functions were
evaluated across all architectural configurations, allowing direct
comparative assessment of their impact on predictive performance. The
gradient descent optimization algorithm served as the consistent foun-
dation for parameter optimization across implementations, though with
methodology specific adaptations as required by each computational
framework.

The investigation employed two different computational methodol-
ogies for thermoacoustic power prediction, sharing the fundamental
design elements described above while differing in implementation
specifics. This dual-methodology approach allows the robustness of the
surrogate formulation to be evaluated independently of the software
environment, providing an additional layer of methodological
validation.

3.3. Python methodology

The dataset division represented a fundamental step, implemented
through a 70-30 split, where 70% of the data was used for model
training and the remaining 30% was reserved as an independent test set
for final evaluation. This partition was carried out using the train_-
test_split function with randomization enabled to guarantee statistical
representativeness in both subsets.

In addition, using Python, an internal validation mechanism was
incorporated within the training phase by allocating 15% of the training
data to monitor learning performance and apply the early stopping
technique when no significant improvement was observed.

The overall study follows a methodical controlled protocol using
MLP architectures applied to predict the power estimation in thermoa-
coustic systems. Experimental reproducibility was ensured through a
fixed random seed, systematically applied to all stochastic processes,
from synaptic weight initialization to data partitioning.

3.3.1. Workflow

The methodological implementation followed a structured workflow
using specialized machine learning frameworks, primarily TensorFlow
and scikit-learn.

The training of neural networks proceeded through a series of well-
defined stages designed to guarantee efficient learning. Data pre-
processing constituted the initial phase, involving data cleaning,
normalization, and partitioning into training and testing subsets. The
architectural design of the network was defined according to the
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predefined architectures: 3-12-6-1, 3-9-1, 3-6-3-1, and 3-6-1.

Training configuration included the specification of performance
metrics, such as error measures and determination coefficients, as well
as the selection of the optimization algorithm, stochastic gradient
descent (SGD) with momentum. Model training was then performed by
exposing the network to the input data, enabling parameter adjustment
through the backpropagation algorithm.

Upon completion of training, each model was evaluated on the test
set to verify its operational consistency and predictive capability using
statistical indicators such as the Coefficient of Determination (R?), Mean
Squared Error (MSE) and Root Mean Square Error (RMSE).

3.3.2. Learning mechanism

The learning rate (o) determines the magnitude of each weight up-
date and is therefore a critical hyperparameter. If « is too large, the
optimization trajectory may overshoot the minimum and diverge. If it is
set too low, convergence becomes excessively slow. In practice, suitable
values typically range between 107! and 10, and the optimal selection
often requires empirical adjustment. Training proceeds cyclically:

1. Data are propagated forward through the network to produce
predictions.

2. The loss is evaluated by comparing predictions with target values.

3. The weights are updated to minimise this loss through gradient
descent.

The training phase employed an enhanced SGD optimizer configured
as follows: an initial learning rate of 0.01 with adaptive reduction when
performance plateaus; a momentum factor of 0.9 with Nesterov accel-
eration to anticipate the gradient direction, and a mini-batch size of 64
samples, achieving a balance between computational efficiency and
gradient stability. The corresponding weight update rule is expressed in
Eq. (2) as:

Weer = Wi — a(Bv, + VJ(6,)) — AW, )

where W; denotes the weight matrix at iteration t, § = 0.9 is the mo-
mentum coefficient, v, is the accumulated momentum vector, VJ(6;)
represents the gradient of the loss function, and A =1 x 10~* corre-
sponds to the L2 regularization term used to improve generalization by
penalizing excessively large weights.

To prevent overfitting, early stopping was applied, stopping training
after 50 consecutive epochs without improvement or once the loss
reached a tolerance threshold of 1 x 107°. The number of epochs was
defined in advance, with each epoch representing a complete pass
through the training set. This iterative process allows gradual refine-
ment of the network, promoting a progressive reduction in prediction
error over successive training iterations. The training was configured
with a maximum of 3000 epochs, but an early stopping mechanism was
applied. If the validation performance doesn’t improve for 50 consecu-
tive epochs, the process stops earlier, preventing overfitting and
reducing computation time.

In addition, the use of relatively compact network architectures,
together with L2 regularization, early stopping, and fixed random
initialization, contributed to stable training behavior across the evalu-
ated dataset sizes. Although a fixed 70-30 train-test split was adopted to
ensure methodological consistency between all experiments and soft-
ware environments, additional exploratory tests using alternative
random partitions showed only minor variations in the global perfor-
mance metrics. This suggests that the reported trends are primarily
governed by dataset size and network architecture rather than by a
particular data partition. Future extensions of the methodology could
incorporate repeated random sub-sampling or k-fold cross-validation
strategies to provide additional statistical characterization in low-data
regimes.

Under this optimization framework, the Python implementation
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achieved stable and reproducible convergence across all tested archi-
tectures and dataset sizes, ensuring that performance differences
observed in the Results section arise from the experimental
design—rather than uncontrolled variability in the training process.

3.3.3. Evaluation metrics

A comprehensive set of metrics was employed to quantitatively
assess model performance on both training and testing datasets:

The primary optimization criterion utilized in this investigation is
the quadratic loss function, commonly referred to as MSE. This metric
quantifies prediction accuracy by computing the arithmetic mean of
squared residuals between estimated and observed values. Its mathe-
matical formulation is expressed in Eq. (3) as:

18 -
MSE = = > =) 3)
i=0

where N represents the total observation count in the evaluated dataset,
y; denotes the actual value of the target variable for observation i, and y;
indicates the corresponding model prediction. The quadratic nature of
this function disproportionately penalises substantial deviations, mak-
ing it particularly valuable for applications where large prediction errors
carry significantly greater consequences than minor inaccuracies.
Furthermore, the RMSE is the square root of the MSE, expressing the
average prediction error in the same units as the target variable.

Beyond direct error measurements, our evaluation framework in-
corporates the Coefficient of Determination (R?), a normalized statistical
measure expressing the proportion of variance in the dependent variable
successfully captured by the predictive model in Eq. (4):

RZ=1 _M
Y-y

Where y represents the arithmetic mean of all actual values.

This metric generates values typically ranging from O to 1, with
higher values indicating superior predictive performance. An R value of
1 represents perfect prediction, while a value of 0 suggests the model
performs no better than simply predicting the mean value for all ob-
servations. The scale-invariant nature of R? facilitates direct perfor-
mance comparisons across different target variables and studies.

In addition, the Mean Absolute Error (MAE), in Eq.(5), was employed
to provide a complementary measure of model performance:

4

1 ~
MAE:N;DG'—M\ ()

Where N is the total number of observations in the dataset,
y; represents the actual value of the target variable for observation i, and
y; corresponds to the predicted value generated by the model.

These definitions are common to both Python and SPSS imple-
mentations, ensuring a consistent basis for the comparative analysis
presented in the Results section.

3.4. SPSS methodology

The modelling and evaluation procedure was independently repro-
duced using IBM SPSS Statistics (version 27), employing the Multilayer
Perceptron (MLP) module to ensure methodological consistency with
the Python-based approach. Unlike Python, SPSS provides an integrated
environment in which data preprocessing, normalization, training,
validation, and performance evaluation are internally managed, while
still allowing the user to define network architecture, activation func-
tions, and stopping criteria.

Following the same protocol adopted in the Python implementation,
the dataset was randomly partitioned into two independent subsets:
70% of the data were assigned to training and 30% to testing, ensuring
representative sampling in both subsets. Input variables were
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automatically normalized by SPSS using z-score standardization, trans-
forming each predictor to zero mean and unit variance. This normali-
zation step guarantees numerical stability during training and prevents
variables with larger magnitudes from dominating the learning process.

For a consistent methodological comparison, the same MLP archi-
tectures explored in Python were implemented in SPSS: 3-6-1, 3-9-1, 3-
6-3-1, and 3-12-6-1. In all cases, the input layer consisted of the three
selected physical parameters: frequency (f), compliance diameter (DC),
and inertance diameter (DL), while the output layer contained a single
neuron corresponding to the predicted thermoacoustic power. Both
sigmoid and hyperbolic tangent (tanh) activation functions were tested
in the hidden and output layers to assess their influence on predictive
performance.

Network training was performed using the batch backpropagation
algorithm, with synaptic weights initialized randomly under a fixed
random seed to ensure reproducibility. The stopping criterion was
defined as one consecutive iteration without a decrease in the Sum of
Squared Errors (SSE), which acts as an early stopping mechanism and
reduces the risk of overfitting. This rule halts training once further
weight updates no longer yield measurable improvements in prediction
accuracy.

3.4.1. Evaluation and metrics

SPSS directly reports the Sum of Squared Errors (SSE) and the
Relative Error for both training and testing datasets. From these quan-
tities, additional performance metrics were computed to enable direct
comparison with the Python-based models. The Mean Squared Error
(MSE) is defined by the Eq. (6):

SSE
MSE = —
N

(6)
where N denotes the number of observations in the evaluated subset.
The Root Mean Squared Error (RMSE) is then obtained by the Eq. (7):

RMSE = vMSE @

providing an error measure expressed in the same physical units as the
target variable (power).

Model goodness-of-fit was further quantified using the coefficient of
determination (R?), computed from the SSE as shown in the Eq. (8):

SSE

RR=1-—""
2
Zil(yi*y)

(8

where y; represents the observed power values and ¥ their mean. This
formulation ensures consistency with the Python implementation and
provides a normalized measure of how well the model explains the
variance of the dependent variable.

During training, SPSS iteratively updates the synaptic weights
through forward and backward propagation cycles, minimizing the SSE
by adjusting the weights in the direction opposite to the error gradient.
Convergence behavior and residual distributions were monitored to
verify numerical stability and the absence of systematic prediction bias.

4. Data

The quality of the predictive model depends on the relevance and
representativeness of the data used for its training and validation. This
section describes how the dataset used in this study was generated and
processed. DeltaEC, a tool widely used in the design of thermoacoustic
engines [11], was used to obtain the simulations. The modelling of the
TA-SLiCE engine and the definition of the input parameters are
explained. The ranges of variation for these parameters were established
based on the literature and a preliminary analysis that identified these
factors as the most influential. A descriptive and exploratory analysis of
the data obtained is then described, as well as the pre-processing
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techniques applied. In addition, the procedures used for detecting and
handling potential outliers in the simulation results are summarized,
focusing on their impact on data quality prior to model training. This
provides a consistent bridge between the numerical generation stage
and the surrogate modelling framework described in Sections 2 and 3.

4.1. DeltaEC variables

The present study focuses specifically on operating conditions
characterized by low drive ratios (typically <10%), where the linear
thermoacoustic approximation remains valid and DeltaEC simulations
can reliably capture the system behavior. The ability to explore 'what if
scenarios makes simulation-based design an invaluable approach for
mapping the thermoacoustic design space before physical prototyping.
In this contest, DeltaEC was used to generate a synthetic dataset for
training the surrogate neural network models described in Sections 2
and 3.

The simulations replicate a toroidal TASLiCE demonstrator (overall
length 0.4 m, air at 100 kPa mean pressure) whose core branch and heat
exchangers remain invariant. To analyze the effect of the feedback-
branch geometry on acoustic power delivered to the power extraction
branch, three primary design variables within the DeltaEC model were
varied: the operating frequency (f), the compliance chamber diameter
(DC), and the inertance tube diameter (DL), while keeping all other
geometrical and operating values constant. Variations in the compliance
and inertance dimensions strongly affect the acoustic impedance and
phase relationships in the feedback loop, while the drive frequency
dictates how closely the system operates to resonance, thereby con-
trolling energy transfer efficiency [36].

Accordingly, a structured campaign was conducted. This involved
three independent DeltaEC simulation sweeps. These were used to sys-
tematically explore the three-dimensional parametric space. This space
is defined by operating frequency, compliance chamber diameter and
inertance tube diameter. Fig. 6 illustrates the process of generating this
simulation data in the form of a flow diagram, where each branch rep-
resents two parametric sweeps with one variable fixed, following the
same parameter bounds and sampling strategy detailed in Section 2.1.

In the first sweep, DL was varied from 8 to 28 mm and f from 10 to 70
Hz, each in 76 increments, while DC was held constant at 65 mm, rep-
resenting an intermediate compliance volume. The second sweep fixed
DL at 18 mm and varied both f from 10 to 70 Hz and DC from 30 to 100
mm, again in 76 steps each. In the third sweep, f was fixed at 40 Hz, and
the parameter space was explored across DC (30 —100) mm and DL (8 -
28) mm.

The bounds shown in Fig. 6 were chosen based on a combination of
literature guidance and practical design limits. Some thermoacoustic
traveling-wave engines typically operate in the low-frequency range of
~10-70 Hz, with designs converging on compliance (acoustic spring)
chambers ~30-100 mm in diameter and inertance (acoustic mass) tubes
~8-28 mm in diameter [37]. These ranges are well supported in both
simulations and experiments. Notably, one high-efficiency looped en-
gine achieved optimal phasing at ~56 Hz by coupling a 26.5 mm
inner-diameter inertance tube with an enlarged compliance chamber
measuring approximately 102 mm in diameter [38]. Similarly, a
multi-stage 5 kW thermoacoustic generator used ~80 mm diameter
heat-exchanger “compliance” sections together with long slim resonance
tubes of ~20 mm ID to tune a 70 Hz acoustic loop [39], while a more
compact engine demonstrated a 40 mm main loop coupled via a 15 mm
feedback tube for proper traveling-wave action [40].

Acoustically, the compliance and inertance elements form an LC
network that does not add or remove energy but instead stores it per
cycle, shifting the phase of pressure and flow oscillations [41]. The
inertance tube induces a velocity lag (like an inductive reactance in an
electric circuit) whereas the compliance volume causes a velocity lead
(capacitive reactance), each approaching a =~ 90° phase difference be-
tween pressure and oscillatory volume flow [42]. These reactive effects
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Fig. 6. Flowchart of the DeltaEC parametric study used to generate the training dataset. Starting from a baseline TA-SLiCE model, three sweeps are executed. The
collected simulation data are then analyzed to identify the optimal design to obtain the maximum acoustic power delivered to the power extraction branch.

raise the acoustic impedance magnitude in the loop and create a circu-
lating reactive power (associated with standing-wave energy exchange)
in the feedback path. By adjusting the inertance and compliance di-
mensions, designers minimise the reactive power delivered to the en-
gine’s thermoacoustic core, so that the pressure and velocity at the
regenerator are nearly in phase (a traveling-wave condition) and the
active acoustic power output is maximized [43]. The nominal midpoint
values shown in Fig. 6, lie near this regime.

By exploring the entire range from these limiting cases to the known
optimum, the dataset captures how each variable influences the acoustic
power output to the power extraction branch under both optimal and
off-design conditions. This factorial design, comprising three dense two-
dimensional grids, ensured comprehensive coverage of the parametric
domain. After merging the datasets and eliminating duplicates at
intersecting points, a total of 13,747 unique operating conditions were
obtained. The resulting dataset captures the key dependencies that
govern thermoacoustic performance at junction. The resulting dataset is
fully consistent with the definition of inputs adopted in Section 2.1 and
was subsequently passed to the preprocessing and modelling stages
described in Sections 2 and 3.
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4.2. Descriptive data analysis

4.2.1. Preparation and exploration of the data

The initial phase of the study consisted of acquiring and character-
izing the dataset on thermoacoustic engines. The data was loaded from a
CSV file, renaming the columns to facilitate their identification and
subsequent manipulation.

An initial exploratory analysis was conducted to understand the
distribution and characteristics of each variable. This process revealed
that the target variable 'power' presents a pronounced concentration of
samples around 3.09 W, indicating frequent operating conditions with
similar acoustic output. This behavior results from the dense sampling of
the parameter sweeps around mid-range values of, DC, f and DL, where
DeltaEC predicts higher thermoacoustic conversion efficiency. Fig. 7
provides a histogram of the power distribution with a fitted density
curve, helping visualise the overall behavior of the thermoacoustic en-
gine within the sampled design space.

4.2.2. Correlation analysis and variable selection

To identify which variables had the greatest impact on generated
power, the Pearson correlation matrix was calculated for all numerical
variables in the dataset (Fig. 5). The results showed that all three main
parameters, frequency (f), inertance diameter (DL), and compliance
diameter (DC), showed moderate positive correlations with the



A. Alonso-Solérzano et al.

Energy and Al 25 (2026) 100837

Histogram of 'power' with Density Curve

1000 A
-==- Peak: 3.09

800 A

600 -

Count

400 A

200 A

0.0

0.5 1.0

1.5

2.0 2.5 3.0 3.5

power

Fig. 7. Distribution of acoustic power values obtained from DeltaEC simulations. Histogram and fitted density curve showing concentration of samples around mid-
range operating conditions, corresponding to higher thermoacoustic efficiency regions.

generated power. Specifically, frequency (f) presented the highest cor-
relation with power (r = 0.334460), followed by compliance diameter
(DC) (r = 0.280200) and inertance diameter (DL) (r = 0.256867). The
complete correlation matrix between these variables is presented in
Table 1.

The analysis in Fig. 8, guided the decision to select the three
mentioned variables (f, DL and DC) as the main predictive features for
developing neural network models, given their relationship level with
the target variable. This is consistent with the feature-selection rationale
presented earlier in Section 2.2, confirming that the selected parameters
provide non-redundant and physically meaningful contributions.

5. Results
5.1. Python ANN

The initial exploratory analysis of the dataset, presented in the pre-
vious section, enabled a detailed characterization of the available in-
formation and its suitability for thermoacoustic power prediction. As a
starting point for the modelling stage, a MLP framework was imple-
mented to examine the influence of architectural complexity, activation
function selection, and data availability on predictive performance.

All models were trained using SGD with backpropagation, a fixed
random seed to ensure reproducibility, and a uniform 70-30 train-test
split to maintain methodological consistency.

For each experimental configuration, the network was trained and
evaluated on the independent test set. Model performance was quanti-
fied using metrics, including MSE, RMSE, MAE and R?, allowing a
comparison of predictive capability across activation functions, archi-
tectures, and data scenarios.

In the limited data regime (n = 130), the sigmoid activation function
demonstrated superior generalization capacity, achieving a coefficient
of determination R*=0.9928 with the minimal network architecture (3-
6-1). This outperformed the best tanh configuration, which reached

Table 1
Correlation matrix between variables.
f DL DC Power
f 1.000000 0.176350 —0.149279 0.334460
DL 0.176350 1.000000 0.158446 0.256867
DC —0.149279 0.158446 1.000000 0.280200
Power 0.334460 0.256867 0.280200 1.000000
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R?=0.9845 using the intermediate 3-9-1 architecture. The error metrics
further confirmed this advantage, with sigmoid yielding a mean squared
error of 0.000782 compared to 0.001693 for tanh, representing a 32%
reduction in root mean squared error (0.028 vs. 0.041). This suggests
that sigmoid's properties may provide implicit regularization benefits in
low-data regimes, preventing overfitting despite limited training
examples.

However, this performance relationship reversed when scaling to the
medium dataset (n = 1300). In this scenario, the tanh activation func-
tion showed superior convergence, achieving R?> = 0.9995 with the
balanced 3-6-3-1 architecture, outperforming sigmoid's best configura-
tion (R? = 0.9775). The difference in error metrics was even more
pronounced, with tanh's mean squared error (0.000223) being approx-
imately 48 times lower than sigmoid's error (0.010714). Both activation
functions achieved optimal weight distributions using the 3-6-3-1 ar-
chitecture in this data regime, indicating this architecture provides an
optimal balance between network capacity for this problem domain.

The large dataset scenario (n = 13,000) reinforced tanh's advantages,
maintaining R?>=0.9992 with the most complex architecture (3-12-6-1),
compared to sigmoid's best performance of R?=0.9927 using the 3-6-3-1
configuration. The error differential remained important, with tanh
producing an MSE of 0.000546 versus 0.005108 for sigmoid. Conse-
quently, tanh used the deeper hidden layer representation capacity of
the 3-12-6-1 architecture, while sigmoid remained optimal with the
balanced 3-6-3-1 structure, highlighting the reduced effectiveness of the
sigmoid function when applied to larger network architectures.

Overall, the Python results show a clear interaction between dataset
size, activation function and architectural depth: sigmoid excels when
data are scarce, whereas tanh becomes progressively more advanta-
geous as the amount of training data increases.

To complement the quantitative metrics reported above and provide
insight into the optimization dynamics, Fig. 9 shows a representative
learning curve corresponding to the 3-12-6-1 MLP trained on the large
dataset (n = 13,000). In contrast to the production runs, where an early-
stopping criterion was applied to terminate training upon stagnation of
the test error, the curve in Fig. 9 corresponds to a full, unstopped
training run extended to 889 epochs. This deliberate choice allows the
long-term behavior of both errors to be examined: training and test
RMSE decrease monotonically and remain closely overlapped
throughout the entire optimization, with final values of 9.16 x 10~% and
9.20 x 107° respectively. The negligible gap between the two curves,
sustained well beyond the typical early-stopping point, confirms that the
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Fig. 8. Correlation heatmap between input variables (frequency f, compliance diameter DC, inertance diameter DL) and acoustic power. The plot highlights
moderate positive correlations between the selected design variables and the predicted power output.
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Fig. 9. Learning curve for the 3-12-6-1 MLP on the large dataset (n = 13,000): root-mean-square error (RMSE) on the training (solid blue) and test (dashed red) sets
versus epoch. The figure shows a full, unstopped training run (early stopping deactivated) to expose the long-term behavior of both errors. The monotonic decrease
and the negligible gap between curves confirm stable convergence and the absence of overfitting beyond the early-stopping point used in the main experiments.

selected architecture and training scheme do not induce overfitting even
under prolonged optimization. Analogous convergence behavior was
observed across the remaining configurations and is therefore omitted
for brevity.

5.2. SPSS

In parallel with the Python-based analysis, multilayer perceptron
(MLP) neural networks were developed using IBM SPSS Statistics to
evaluate the influence of dataset size, network architecture, and acti-
vation function on predictive performance. To ensure comparability,
three subsets containing 130, 1300, and 13,000 randomly selected ob-
servations were extracted from the full dataset. Each subset was divided
into training (70%) and testing (30%) samples using random case
assignment.

All SPSS models employed the same network architectures explored
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in the Python study (3-6-1, 3-9-1, 3-12-6-1, and 3-6-3-1), with the
three physical parameters frequency (f), compliance diameter (DC), and
inertance diameter (DL) as input variables, and the generated acoustic
power as the output. SPSS allows independent specification of activation
functions for the hidden and output layers; therefore, both sigmoid and
hyperbolic tangent (tanh) functions were systematically evaluated.
Prior to training, the input variables were normalized internally by
SPSS using standardization to zero mean and unit variance, ensuring
numerical stability and balanced contribution of all predictors. Network
training was performed using batch backpropagation with random
weight initialization and a fixed random seed to guarantee reproduc-
ibility. The stopping criterion was defined as one consecutive iteration
without a reduction in the sum of squared errors, allowing the learning
process to terminate automatically once convergence was achieved.
The model's performance was first evaluated internally using SPSS,
calculating the sum of squared errors (SSE) and relative error for both
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the training and test samples. To maintain consistency with the Python-
based evaluation, these results were then used to obtain the RMSE and
R? values by applying the equations indicated in Section 3.4, allowing
for a direct quantitative comparison between the two modelling
environments.

The results obtained from the SPSS-trained neural networks reveal a
clear improvement in predictive accuracy as the dataset size increases.
For the intermediate (1300 samples) and large (13,000 samples) data-
sets, most architectures achieved coefficients of determination above
0.99 on the test set, indicating excellent generalization capability and
stable convergence.

Regarding activation functions, SPSS models employing the sigmoid
function in both the hidden and output layers generally outperformed
those using tanh, particularly for medium and large datasets. These
configurations consistently produced lower RMSE values and higher R?
scores, reflecting a close agreement between predicted and experimental
power values. In contrast, networks trained with the smallest dataset
(130 samples) exhibited greater variability and sensitivity to activation
function selection. In this low-data regime, tanh-based configurations
showed signs of overfitting, characterized by strong training perfor-
mance but reduced accuracy on the test set.

Overall, the SPSS results mirror the trends observed in the Python
implementation, confirming the strong dependence of neural network
performance on dataset size and activation function choice, while
demonstrating that SPSS provides a robust and reliable framework for
surrogate modelling of thermoacoustic power.

6. Discussion

In Table 2, the prediction accuracy of the models developed in Py-
thon and those built in SPSS is compared across three different data-size
scenarios. With only 130 samples available, the neural network trained
in Python (3-6-1, sigmoid activation) produced better results (R* =
0.9928, RMSE = 0.0280, MAE = 0.0196) than the best SPSS configu-
ration (R*> = 0.9586, RMSE = 0.1697, MAE = 0.435). The Python model
achieved a lower error under limited data conditions.

With a medium-sized dataset (1300 samples), both tools improved. A
tanh network (3-6-3-1) reached very high accuracy (R? = 0.9995, RMSE
= 0.0149, MAE = 0.0106), while the best SPSS model (a sigmoid
network 3-12-6-1), even using a deeper structure, still produced slightly
larger errors (R? = 0.9976, RMSE = 0.0404, MAE = 0.118). These results
indicate that the Python implementation achieves lower error magni-
tudes, both in terms of squared deviations (RMSE) and absolute de-
viations (MAE), reflecting a more accurate and stable approximation of
the target variable.

Using the largest dataset (13,000 samples), both environments
converged toward the same architecture (3-12-6-1). However, Python
continued to perform slightly better (R* = 0.9992, RMSE = 0.0234, MAE
= 0.0174 versus R? = 0.9957, RMSE = 0.0424, MAE = 0.211 in SPSS).
This means the difference is not just in the network architecture, but also
in how each platform performs its mathematical optimization.

Python handled small datasets more efficiently and preferred tanh
activations as model complexity increased. SPSS, on the other hand,
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consistently relied on sigmoid functions and required larger datasets to
match Python’s performance. Although both platforms identified the
same deep network as optimal for large datasets, Python delivered more
accurate predictions when using tanh activation, especially beyond the
1000 samples.

The fact that both platforms converge toward the same architecture
when using the largest dataset suggests that, once the data volume is
high enough, the influence of sample selection decreases. With broader
and more balanced coverage of the parameter space, both approaches
receive sufficient information to identify a similar structural solution. It
becomes important to ensure representative coverage of the full oper-
ating domain in these models.

The results confirm that both Python and SPSS can produce highly
accurate models for predicting power in thermoacoustic engines when
sufficient data are available. However, Python demonstrates a slight
advantage for small sample sizes, likely due to its finer control over
regularization and learning-rate adjustment. Conversely, SPSS offers a
robust and accessible framework, achieving comparable predictive
performance with minimal configuration effort. These findings suggest
that SPSS can be effectively employed for neural modelling in experi-
mental energy systems, particularly when computational simplicity and
reproducibility are prioritized over marginal precision gains.

6.1. Experimental validation

The DeltaEC model was configured to replicate the geometry of the
experimental TA-SLiCE demonstrator reported by Iniesta et al. [10], and
was employed to determine a suitable operating frequency (~23 Hz)
while estimating the expected acoustic power output across a range of
design configurations.

The experimental configuration, including instrumentation and
measurement methodology, has been previously described in detail in
Iniesta et al. [44], where a dedicated low-cost sensor system for acoustic
measurements was characterized. In that work, acoustic power is ob-
tained from calibrated pressure measurements using piezorresistive
sensors, and the associated uncertainty, mainly governed by sensor ac-
curacy, phase estimation, and signal processing, was systemat.ically
evaluated.

DeltaEC predicted an acoustic power output of approximately 2.23
W at a frequency of approximately 22.7 Hz for a baseline configuration
(compliance chamber diameter DC ~ 63 mm and inertance tube
diameter DL ~ 15 mm). This closely matched the experimental per-
formance of 2.03 W and guided the selection of 23 Hz as the operating
frequency.

Building on these insights, the first Python validation focuses on a
particular condition defined by DC = 63 mm, f = 22.7 Hz, and DL = 15
mm. For this setup, the experimentally measured acoustic power was
2.03 W, whereas the theoretical DeltakEC had a reference value of 2.23
W. A comparative analysis is presented in Table 3 and in Fig. 6. The
reported experimental value corresponds to a well-characterized oper-
ating point of the demonstrator, obtained using the validated measure-
ment framework described in [44]. It should be noted that the purpose
of this experimental point is not to validate the system across multiple

Table 2

Comparative results of Python and SPSS.
Samples Method Architecture Activation MSE Test RMSE Test R2 Test MAE Test
130 Python 3-6-1 Sigm 0.000782 0.027960 0.992831 0.019600
130 SPSS 3-6-1 Tanh 0.028821 0.169766 0.958629 0.435000
130 SPSS 3-6-3-1 Tanh 0.030872 0.175704 0.955685 0.468000
1300 Python 3-6-3-1 Tanh 0.000223 0.014929 0.999531 0.010616
1300 SPSS 3-12-6-1 Sigm 0.001636 0.040446 0.997658 0.118000
1300 SPSS 3-6-3-1 Sigm 0.001851 0.043027 0.997350 0.134000
13000 Python 3-12-6-1 Tanh 0.000546 0.023361 0.999216 0.017368
13000 SPSS 3-12-6-1 Sigm 0.002917 0.042463 0.995773 0.211000
13000 SPSS 3-6-3-1 Sigm 0.002348 0.044374 0.996598 0.170000
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Table 3

Results of the different models for the validation point with Python.
Samples  Architecture  Activation Predicted % %

function power DeltaEC Experimental
w) error error

130 3-9-1 Tanh 2.2924 2.80 12.93 %
130 3-6-1 Sigm 2.2951 2.92 13.06 %
1300 3-6-1 Sigm 2.0340 -8.79 0.20 %
1300 3-12-6-1 Sigm 2.0886 —6.34 2.89 %
13000 3-6-1 Sigm 2.0163 —9.58 —0.67 %
13000 3-12-6-1 Sigm 2.1035 —5.67 3.62%

operating regimes, but to provide a point-wise confirmation of the
computational framework. In this work, DeltaEC is adopted as a
physics-based digital twin, used to generate the dataset for training the
surrogate model. The experimental demonstrator operates at a single
stable condition, and the agreement between experimental and simu-
lated results confirms the physical consistency of the DeltaEC model.
This additional reference is incorporated to reinforce the reliability of
the computational approach, while the generalization capability of the
surrogate model is governed by the parametric coverage of the simula-
tion dataset. The comparison across different dataset sizes in Fig. 10
(left), between experimental data, predicted results, and DeltaEC
reference values, provides the foundation for validating the models and
assessing their consistency with real physical behavior.

For the smallest dataset with 130 samples, the configurations using
tanh and sigmoid activation functions show higher experimental errors,
ranging from 12.93% to 13.06%, compared with those trained on larger
dataset.

When the dataset increases to 1300 samples, the accuracy of the
models improves notably. The 3-6-1 sigmoid configuration reaches an
experimental error of 0.20%, while the 3-12-6-1 sigmoid network ach-
ieves 2.89%. These results indicate that using a larger dataset improves
the model’s capability to reproduce the experimental behavior of the
thermoacoustic system with greater precision.

For the largest dataset with 13,000 samples, the models continue to
perform with high precision. The 3-6-1 sigmoid model presents an
experimental deviation of 0.67%, and the 3-12-6-1 sigmoid configura-
tion attains 3.62%, both showing close agreement with the experimental
and theoretical DeltaEC reference values.

The models developed in Python reveal low prediction errors,
remaining below 4% for the largest dataset.

The Fig. 10 shows that the best performing model was the 3-6-1
architecture with sigmoid activation, which had an error of 0.20%
compared to the experimental value of 2.03 W. All models fell within the
range between of 0.2%- 13.06-% experimental error, as appears in
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Table 3.

On the other hand, the validation of neural networks trained with
SPSS is based on a specific operating condition defined by f = 22.7 Hz,
DC = 63 mm, and DL = 15 mm. Under these parameters, the experi-
mentally measured acoustic power reached a value of 2.03 W, while the
theoretical value predicted by the DeltaEC model was 2.23 W. The
comparative analysis presented in Table 4 and in the Fig. 11, which
contrast the experimental measurements, the results predicted by SPSS
and the reference values of the DeltaEC model, forms the basis for
validating the neural models obtained with SPSS and confirming their
consistency with the actual thermoacoustic behavior of the system.

The comparison of predictions shown in Table 4 shows the general
agreement between the power values predicted by the neural networks
generated with SPSS and the value obtained through simulation (Del-
taEC) and in the experimental test of the thermoacoustic engine. In all
cases, the models present very low prediction errors, confirming the
ability of MLP architectures to capture the non-linear relationships be-
tween the physical input parameters (f, D C and DL) and the acoustic
power generated.

For the smallest sample (130 data points), the 3-6-3-1 network with
the tanh activation function shows anomalous behavior compared to the
other networks, although we had already intuited the overtraining of
this network, which would explain an experimental error percentage of
14.36% when the other networks remain below 6.24%. Similarly, only
this network overestimates the predicted power by 4.10%, while the rest
of the networks estimate below the simulated value with DeltaEC.
Except for the 3-6-3-1 network with a tanh activation function in both
the hidden layer and the output layer for a sample of 130 data points, the
rest of the networks, regardless of the number of data points in the
sample, have prediction error percentages of <10% compared to the
value simulated with DeltaEC and the experimental value. These results
reflect the greater stability and generalization of the model as the
number of observations increases, demonstrating that with large data
volumes, SPSS converges towards an accurate and reproducible repre-
sentation of the thermoacoustic power generation process.

In summary, the differences between the predicted, simulated and
experimental values remain within very narrow margins, <10%, con-
firming that the neural networks developed in SPSS can faithfully
reproduce both the theoretical and empirical behavior of the system.

6.1.1. Comparison between SPSS and Python configurations

The analysis of the best-performing SPSS and Python configurations
is presented in Table 5 and in Fig. 12. It shows different performance
trends across the various dataset sizes.

In Fig. 12, it is shown that while SPSS performs more reliably with

Experimental Error by Model with Python Predicted Power vs Reference Values with Python

130 | (3-9-1, Tanh) _ +12.93%
130 | (3-6-1, Sigm) I o
1300 | (3-6-1, Sigm) | +0.20%
1300 | (3-12-6-1, Sigm) - +2.89%
13000 | (3-6-1, Sigm) I.o_s7%
13000 | (3-12-6-1, Sigm) - +3.62%
0 5 10 15 2.0 2.2 2.4 2.6
Relative Experimental Error (%) Power (W)
Il Python —— Experimental (2.03 W) Il Python

DeltakEC (2.23 W)

Fig. 10. Predicted power vs reference values with Python (f = 22.7 Hz, DC = 63 mm, DL = 15 mm) (left), and relative Experimental Error by model with Py-

thon (right).
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Table 4
Results of the different models for the validation point with SPSS.

Energy and Al 25 (2026) 100837

Samples Architecture Activation HL Activation OL Predicted Power DeltaEC error % Experimental error %
130 3-6-1 Tanh Tanh 2.156160 -3.31 6.21
130 3-6-3-1 Tanh Tanh 2.321470 4.10 14.36
1300 3-12-6-1 Sigm Sigm 2.131634 —4.41 5.01
1300 3-6-3-1 Sigm Sigm 2.152493 —-3.48 6.03
13000 3-12-6-1 Sigm Sigm 2.156595 -3.29 6.24
13000 3-6-3-1 Sigm Sigm 2.149180 —3.62 5.87
Experimental Error by Model with SPSS Predicted Power vs Reference Values with SPSS
130 | (3-6-3-1, Tanh) 14.36% 2.321 W
130 | (3-6-1, Tanh) 2.156 W
1300 | (3-6-3-1, Sigm) 2.152wW
1300 | (3-12-6-1, Sigm) 2.132 W
13000 | (3-6-3-1, Sigm) 5.87% 2.149 W
13000 | (3-12-6-1, Sigm) 6.24% 2.157 W
5.0 7.5 10.0 12,5 15.0 17.5 20.0 2.0 2.2 2.4 2.6
Experimental Error (%) Power (W)
HEEl SPSS —— Experimental (2.03 W) N SPSS
DeltakEC (2.23 W)
Fig. 11. Predicted power vs reference values with SPSS (left), and experimental error by model with SPSS (right).
bl The results in Table 5 confirm how Python models become more
Table 5

Comparison between SPSS and Python results for different neural network ar-
chitectures under the point of validation (DC = 63 mm, f = 22.7 Hz, DL = 15
mm).

Sample  Architecture  Activation  SPSS Python SPSS Python
Error Error Power Power
(%) (%) w) w)
130 3-6-1 Tanh 6.21 — 2.156 —
130 3-6-3-1 Tanh 14.36 — 2.321 —
130 3-6-1 Sigm — 13.06 — 2.295
130 3-9-1 Tanh — 12.93 — 2.292
1300 3-6-1 Sigm — 0.20 — 2.034
1300 3-12-6-1 Sigm 5.01 2.89 2.132 2.089
1300 3-6-3-1 Sigm 6.03 — 2.152 —
13000 3-6-1 Sigm — —0.67 — 2.016
13000 3-12-6-1 Sigm 6.24 3.62 2.157 2.104
13000 3-6-3-1 Sigm 5.87 — 2.149 —

small datasets, Python gains accuracy as the amount of data increases,
showing stronger similarity with experimental observations.

For the smallest dataset, comprising 130 samples, the SPSS models
show experimental errors between 6.21% and 14.36%, while the Python
models under the same conditions showed higher errors, ranging from
12.93% to 13.06%. These results indicate that SPSS provides more
precise estimations when only a limited number of data points are
available.

When the dataset size increases to 1300 samples, the performance
gap between both methods narrows. The SPSS model with a 3-12-6-1
sigmoid architecture achieved an experimental error of 5.01%,
whereas the equivalent Python model reached 2.89%. This suggests that
as the amount of data grows, Python’s predictive accuracy improves
notably.

For the largest dataset of 13,000 samples, Python slightly out-
performs SPSS. The Python model with a 3-6-1 sigmoid configuration
achieved an experimental error of —0.67%, compared to 5.87% ob-
tained by the SPSS 3-6-3-1 sigmoid model.
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stable with increasing data volume, taking advantage of a larger and
more representative dataset.

6.2. Learning curve analysis for different dataset volume

To determine the optimal dataset size for thermoacoustic power
prediction, a learning curve analysis, presented in Fig. 13, was con-
ducted using the highest-performing model configuration. Based on
previous experimental results, the 3-12-6-1 architecture with hyperbolic
tangent (tanh) activation function was selected as the reference model
for this analysis due to its superior generalization capabilities.

The training set size was varied from small subsets to the complete
available training data, with performance metrics computed at each
increment to establish the relationship between training sample quan-
tity and predictive accuracy. For each evaluated training fraction (10%,
20%, etc.), only that portion of the training set was used to fit the model
and compute the corresponding performance metrics. For the 100%
case, the full training dataset was employed to determine the maximum
achievable performance.

The learning curve analysis showed three different performance re-
gions that characterise the model's learning dynamics:

Initial zone (0-2000 samples): The initial learning phase showed
accelerated performance gains, with the coefficient of determination
(R?) showing fast improvement as the training set. This phase demon-
strates the model's efficient pattern extraction capabilities even with
limited training examples.

Medium improvement zone (2000-6000 samples): In this interme-
diate region, the model achieved R? values exceeding 0.98, with the
mean squared error decreasing considerably.

Final zone (>6000 samples): Beyond a 6000-8000 training exam-
ples, performance metrics stabilized, with R? values converging
asymptotically toward 0.99. After this point, adding more training data
offered minimal benefit, with almost no improvement in accuracy and
small variations.
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SPSS vs Python - Experimental Error Comparison

(vs Experimental Value 2.03 W)
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SPSS vs Python - Predicted Power Comparison
(Grouped by Set Size)

130 | (3-6-1, Tanh)

130 | (3-6-3-1, Tanh)
130 | (3-6-1, Sigm)

130 | (3-9-1, Tanh)

1300 | (3-6-1, Sigm)
1300 | (3-12-6-1, Sigm)
1300 | (3-12-6-1, Sigm)
1300 | (3-6-3-1, Sigm)
13000 | (3-6-1, Sigm)
13000 | (3-12-6-1, Sigm)
13000 | (3-12-6-1, Sigm)
13000 | (3-6-3-1, Sigm)

I 6-21% 2.1356 w
I 13 2321w
I +12.93% 2.205wW
] +13.06% 2202w
| +0.20% 2.034 W
[ S 2132w
I +2.89% 2.089 W
I +6-03% 2,152 W
[ -0-67% 2.016 W
I 524 2.157 W
I +3.62% 2.104 W
I 587% 2,149 W
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Experimental Error (%)

Il SPSS I Python

Power (W)
—— Experimental (2.03 W) Il SPSS
rrrrrr DeltakEC (2.23 W) = Python

Fig. 12. Experimental error comparison (SPSS vs Python) left), and predictive power comparison (SPSS vs Python) (right).

Learning Curve - 3-12-6-1 Model
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Fig. 13. Learning curve showing model performance as a function of training dataset size for the 3-12-6-1 architecture. The coefficient of determination (R?) in-

Number of Training Samples

creases rapidly for small datasets and stabilizes above 0.99 for large sample sizes.

Outlier Analysis - 52 detected (1.26%)

Residual Distribution with Outliers
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Fig. 14. Residuals distribution (3-12-6-1) (left), and residual distribution vs predicted power (3-12-6-1)(right).
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6.3. Tolerance of the predictive model to perturbations

As part of advanced data processing, a procedure was implemented
for outlier detection based on residuals from a MLP model with the (3-
12-6-1) architecture. This regression model was trained on the training
set and prediction errors were calculated. Using the statistical criterion
of three standard deviations (3c), observations whose residuals excee-
ded this threshold were identified as outliers.

This analysis revealed the presence of 52 potential outliers among
the 4124 observations in the test set, corresponding to approximately
1.26% of that subset.

The residuals distribution histogram, Fig. 14 (left), shows that most
residuals are tightly concentrated around zero, forming a nearly
Gaussian, symmetric distribution that rapidly decreases toward both
sides.

In the analysis of the residuals versus predicted values plot, Fig. 14
(right) shows how errors behave as a function of predicted values. In the
central region, which comprises the most of observations, the residuals
are distributed symmetrically around zero, indicating a good fit of the
model for the main range of predictions. This characteristic indicates
that the neural network successfully captures the fundamental structure
of the relationship between the design parameters and the power
generated by the thermoacoustic engine.

Minor deviations can be observed near the prediction boundaries,
where a limited number of cases show slight underestimations at lower
predicted values and modest overestimations at the upper end of the
scale. These edge variations are likely associated with nonlinear effects
emerging at the operational limits of the system or with the presence of
physical noise and measurement uncertainty inherent to the experi-
mental data.

In general, the residual distribution demonstrates that the neural
network maintains strong predictive precision, minimal bias, and
consistent generalization capability, capturing the fundamental rela-
tionship between the thermoacoustic parameters and the corresponding
power output.

Removing the outliers doesn’t affect the model’s performance. Since
they represent only 1.24% of the data, their contribution to the training
process is minimal, and the optimization is dominated by the remaining
98.76% of samples. In addition, the training setup limits the influence of
occasional noisy points. As a result, the metrics obtained with and
without outliers are almost identical, confirming that the model’s pre-
dictive accuracy is not sensitive to their presence.

The negligible impact of these outliers on the overall model perfor-
mance may be explained by two factors. The first, and most straight-
forward, is that their proportion is extremely small compared to the total
dataset, making their statistical influence insignificant during training.
Secondly, the occurrence of these points is likely related to how far
certain parameter combinations deviated from the internal Runge-Kutta
adjustment executed by DeltaEC. The software treats the thermoacoustic
device as a one-dimensional sequence of connected segments and in-
tegrates the full set of governing equations in each of them using a
fourth-order Runge-Kutta scheme combined with a guess-target strat-
egy. This procedure requires exact compatibility between approxima-
tion parameters (G) and target conditions (T) for the solver to converge.
When the parameter space locally induces incompatible acoustic im-
pedances or phasing conditions, the algorithm may temporarily struggle
to satisfy the target constraints, producing isolated residual deviations
that manifest as outliers. Since these situations represent narrow nu-
merical inconsistencies rather than systematic physical trends—and
given that DeltaEC ensures convergence tolerances below 107 in all
accepted solutions—such points do not compromise the reliability of the
dataset used for training. A more detailed investigation of the origin of
these deviations, and their relationship to the internal solver dynamics,
lies beyond the scope of the present work and is left for future studies.

Although the present application does not involve sensitive personal
or societal data, reliability and interpretability remain important
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considerations when surrogate models are intended to support engi-
neering design decisions. In the proposed framework, the surrogate is
trained exclusively on physically converged DeltaEC simulations within
a bounded parametric domain, which helps preserve consistency with
the underlying thermoacoustic behavior. For larger or more complex
thermoacoustic systems involving additional geometric or operational
variables, the same methodology could be extended through higher-
dimensional datasets and more advanced surrogate architectures. In
such cases, communicating prediction uncertainty and defining valid
operating ranges would become increasingly important to ensure robust
integration into design and optimization workflows.

By integrating parametric simulation, systematic data analysis, and
experimental validation, this work contributes a structured and repro-
ducible framework for the design optimization of thermoacoustic en-
gines based on machine learning. The study demonstrates that physics-
guided, data-driven surrogate models based on multilayer neural net-
works can accurately reproduce DeltaEC predictions within the explored
operating domain while substantially accelerating thermoacoustic
design-space exploration. These results support the viability of ANN-
based surrogate methodologies as practical tools for future thermoa-
coustic optimization and engineering-oriented design workflows.

Furthermore, the computational cost of surrogate models based on
artificial neural networks (ANNs), whether implemented in Python or
SPSS, is significantly lower than that of the DeltaEC model. Given the
highly coupled and multi-parameter nature of TA-SLiCE systems,
DeltaEC-based approaches for the analysis and design of thermoacoustic
motors typically require iterative procedures to ensure convergence and
numerical stability, resulting in a computational cost of several minutes,
particularly in exhaustive parametric studies. In contrast, the artificial
neural network based model configurations described in Table 4, both
those obtained using Python and those developed using SPSS, are
capable of providing accurate predictions in tenths of a second, enabling
rapid exploration of the design space.

7. Conclusions

Thermoacoustic engines present an inherent modelling challenge
because several boundary conditions are not externally imposed but
instead arise from the coupled acoustic-thermodynamic dynamics of the
system. Consequently, perturbing a single design variable rarely pro-
duces an isolated effect, as other parameters adjust to preserve global
self-consistency. This complexity motivates the methodological contri-
bution of this work, which quantifies the influence of key geometric and
operational variables on the acoustic power delivered to the extraction
branch while maintaining the remaining system behavior fixed.

Artificial neural networks were developed to predict the thermoa-
coustic power output from three physical parameters identified as the
most influential: frequency (f), inertance diameter (DL), and compliance
diameter (DC). These covariates were selected based on a preliminary
statistical analysis that revealed significant positive correlations with
power (r = 0.334, 0.280, and 0.257, respectively; p < 0.01), supported
by thermoacoustic theory and by DeltaEC sensitivity trends. Together,
they capture the dominant physical mechanisms governing thermoa-
coustic performance at low drive ratios, making them suitable predictors
for nonlinear surrogate modelling.

Across all experimental configurations, both SPSS-based and Python-
based multilayer perceptron models achieved very high coefficients of
determination, indicating that neural-network approaches are highly
effective for thermoacoustic power prediction. Despite methodological
differences, both modelling frameworks reproduced DeltaEC reference
outputs with high fidelity, particularly when trained on sufficiently
large datasets.

The comparative analysis shows a clear trend: predictive accuracy
improves substantially as the training dataset increases. For medium
(1300) and large (13,000) sample sizes, deviations from the experi-
mental reference remained below 6% for SPSS and even lower for
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Python, confirming strong generalization capacity. When data avail-
ability is limited (130 samples), SPSS produced more stable predictions,
whereas Python achieved superior accuracy for larger datasets. The
higher variability observed in the smallest dataset reflects the sensitivity
of both tools to underrepresented sampling regimes.

It is important to clarify the scope of generalization of the surrogate
model developed in this work. The trained ANN is designed to inter-
polate within the parametric space defined by the selected input vari-
ables (f, DC, and DL), while all other geometric and thermophysical
parameters remain fixed. Within this domain, the model demonstrates
strong predictive capability, accurately reproducing both simulated and
experimental results across a wide range of operating conditions.

However, the current formulation does not directly generalize to
fundamentally different TA-SLiCE geometries or configurations that fall
outside the training space. Extending the model to achieve cross-
geometry generalization would require the inclusion of additional
input descriptors, such as resonator length, regenerator characteristics,
and heat exchanger properties, as well as the generation of a signifi-
cantly expanded dataset. This represents a natural extension of the
present work and a promising direction for future research toward fully
generalizable thermoacoustic surrogate models.

Finally, the neural networks developed in this work constitute a
practical and effective substitute modelling tool for the thermoacoustic
engine under study. Their application enables the intrinsic non-linearity
of the system to be captured, significantly reducing simulation or
calculation times compared to complex numerical or acoustic models,
enabling rapid and efficient exploration of a wide design space. Once
trained, the network facilitates sensitivity analysis and optimization, as
it can quickly assess how variations in parameters affect the acoustic
power of the device. Furthermore, the models obtained have a gener-
alization capacity that allows them to predict the performance of new
configurations, varying the dimensions of the design parameters within
the range.

From a practical perspective, the proposed ANN framework is pri-
marily intended as a fast surrogate tool for offline design exploration and
parametric optimization within the validated operating range of the TA-
SLiCE configuration considered in this work. Although the present
formulation is not designed for real-time control applications, since the
main input variables correspond to quasi-static geometric and operating
parameters rather than dynamically actuated control variables, the
methodology could be integrated in future optimization workflows or
design-space exploration strategies aimed at accelerating thermoa-
coustic system development.
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