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ABSTRACT

Monitoring industrial reactors using ultrasonic tomography requires solving a strongly nonlinear and ill-posed
inverse problem based on limited, noisy boundary measurements. This paper proposes a novel hybrid deep learn-
ing architecture that utilizes multi-domain signal processing via the Hilbert transform, Fourier transform, and
S-transform (HFS) approximation. Instead of processing raw time-of-flight sequences directly, they were con-
verted into three-channel descriptors, and the training dataset was explicitly augmented with 5% Gaussian noise
to make the model resilient to real-world measurement disturbances. Evaluation proved the significant superiority
of the proposed approach over the baseline model analyzing raw signals. The HFS architecture reduced the mean
squared error from 0.241 to 0.128 and substantially increased the Pearson correlation coefficient from 0.624 to
0.863. This confirms that the proposed approach yields higher spatial localization fidelity, better preserves the
geometry of submerged objects, and effectively suppresses background artifacts. The proposed framework pro-
vides a reliable and stable data-driven tomographic imaging tool for multiphase processes.

Keywords: industrial reactors, ultrasound tomography, deep learning, Hilbert transform, Fourier transform,
S-transform.

INTRODUCTION

better capture internal interfaces, phase bound-
aries, and local disturbances [2].

The same tendency can be seen in data-
driven studies showing that raw tomographic
measurements can already support reliable iden-
tification of gas—liquid flow regimes relevant to
industrial vessels and pipeline systems [3]. From
a metrological perspective, recent work has also
shown that even a limited liquid-phase presence
can significantly distort measurement fidelity in

Industrial reactors are among the most criti-
cal units in chemical and process plants because
the phenomena that ultimately determine con-
version, selectivity, product consistency, energy
efficiency, and operational safety occur inside
vessels that are usually opaque and only partial-
ly observable during normal operation. Recent
process-imaging literature has therefore increas-
ingly emphasized that spatially resolved moni-

toring is essential wherever point measurements
fail to capture internal heterogeneity and tran-
sient process dynamics [1]. This requirement is
particularly evident in crystallization and mul-
tiphase systems, where tomographic methods
have been developed specifically to improve the
sensitivity of process-state observation and to
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gas-dominated mixtures, which confirms that
hidden internal heterogeneity directly affects the
reliability of industrial diagnostics [4]. A broader
move toward internal-state imaging rather than
purely external inspection is likewise visible in
recent non-destructive tomographic studies of
engineered materials, where volumetric methods
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were used to assess internal self-repair efficiency
and structural evolution [5].

In industrial operation, however, the impor-
tance of internal monitoring is not limited to diag-
nosis alone. Recent reliability-oriented studies
have shown that hidden factors strongly influence
maintenance-system readiness and the practical
availability of technical systems [6]. This logic
extends naturally to pressure equipment and pro-
cess vessels, where real-time mechanical integ-
rity assessment and predictive maintenance have
been linked directly to safer operation, lower risk
exposure, and better asset management [7,8]. The
consequences of insufficient knowledge about
internal degradation are especially clear in recent
work on reactor pressure vessel welds, where
long-term structural integrity is shown to depend
on mechanisms that cannot be inferred reliably
from surface-level observations alone [9]. At
the same time, internal hydrodynamics remain a
key determinant of reactor quality and efficien-
cy. Recent studies have demonstrated ultrasonic
monitoring of bubble-column operation, predic-
tive modeling of gas holdup, and tomography-
based observation of precipitation processes,
showing that internal flow structure and phase
evolution directly affect process performance and
control quality [10,11]. For this reason, monitor-
ing the interior of industrial reactors should be
viewed not as an auxiliary measurement task, but
as a central component of safety assurance, prod-
uct-quality stabilization, and reliability-oriented
process supervision.

Among non-invasive sensing approaches,
ultrasonic tomography (UST) is particularly attrac-
tive for industrial reactors because it can operate
in opaque media without interrupting the process
and can provide spatially resolved information
on sound-speed variation, phase distribution, and
evolving internal structures. Previous studies have
shown that time-of-flight-based UST is capable of
monitoring internal process evolution in industri-
ally relevant reactor conditions [12].

Related studies have also shown that UST
measurements can support direct estimation of gas
holdup in bubble-column reactors when coupled
with data-driven processing [13], while ultrasonic
measurements combined with machine-learning
methods can be used to identify flow regimes in
bubble-column operation [14]. The growing role
of ultrasound in reactor engineering is addition-
ally reflected in recent review papers discussing
industrial crystallization applications and the

design logic of ultrasonic reactor set-ups [15,16].
Nevertheless, the usefulness of UST remains con-
strained by the complexity of wave propagation
and by the mathematical difficulty of the inverse
problem. Recent finite-element studies have
shown that ultrasonic bulk-wave behavior in het-
erogeneous media depends strongly on internal
structure and multimodal wave interactions [17].

Other recent work has emphasized the sensi-
tivity of ultrasonic energy transmission to medi-
um properties and propagation conditions, which
in reactor environments leads to attenuation,
scattering, refraction, and multipath effects [18].
These challenges become even more pronounced
in bubbly two-phase systems, where increasing
medium complexity substantially complicates
ultrasound-based reconstruction and predic-
tion [19]. As a result, reactor-oriented UST must
reconstruct a high-dimensional internal field from
a limited number of boundary measurements
affected by noise and model mismatch. This limi-
tation has been stated explicitly in recent reactor-
focused tomography studies, where industrial
UST is described as a sparse, noisy, and inherent-
ly ill-posed inverse problem [20]. Consequently,
the industrial value of UST depends not only on
its ability to reveal otherwise inaccessible process
states, but also on reconstruction methods that
remain stable and informative under limited data
and realistic measurement disturbances.

Recent literature shows that artificial intel-
ligence and deep learning are increasingly used
not only for post-reconstruction image enhance-
ment, but across the entire UST pipeline, includ-
ing signal representation, feature extraction,
inversion acceleration, denoising, and monitoring
[21,22]. In UST, feature extraction directly from
measurement signals has been shown to improve
reconstruction quality and support more effective
learning-based inversion [23], while machine-
learning-assisted reflective UST has confirmed
that properly designed signal descriptors can still
enable accurate internal imaging [24,25].

Other studies have improved reconstruction
under practical constraints by using super-resolu-
tion convolutional neural networks and by reduc-
ing the number of measurement channels with
machine-learning support while preserving local-
ization capability. Reactor-oriented tomography
has also begun to adopt recurrent and hybrid mod-
els, including LSTM-based monitoring frame-
works, and recent work has shown that even the
choice of loss function can affect reconstruction
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quality and energy-efficiency-oriented supervi-
sion [26,27]. More broadly, deep learning is rap-
idly expanding across the ultrasonic workflow
[21,28], with advances in CNN-accelerated inver-
sion [29,30], improved low-frequency imaging
[31], CNN-based denoising [32], physics-embed-
ded deep models [33,34], multimodal fusion
[35], and neural-architecture modifications that
improve robustness under sparse and noisy mea-
surements [20,36]. Despite this progress, compar-
atively little attention has been paid to enriching
sparse reactor-oriented time-of-flight data before
learning through complementary time, frequency,
and time—frequency representations, which moti-
vates the present study.

Standard deep learning approaches to the
UST inverse problem typically rely on mapping
raw, single-channel 1D measurement sequences
directly to high-dimensional tomographic imag-
es. However, these basic models struggle with the
highly ill-posed nature of the problem, an unfa-
vourable input-output ratio, and a severe domain
shift between idealized synthetic simulations
and real-world measurements, which are inher-
ently contaminated by environmental noise and
highly variable ultrasonic transducer coupling at
the reactor surface. To address these limitations
and bridge the existing research gap, this study
proposes a novel, data-driven UST reconstruc-
tion pipeline designed specifically for monitoring
industrial processes and reactor dynamics.

The novelty of the proposed methodology
is based on three fundamental pillars. First, a

multi-domain preprocessing strategy utilizing the
Hilbert, Fourier, and S-transform (HFS) is intro-
duced to convert raw time-of-flight sequences into
information-rich descriptors. Second, a hybrid
deep learning architecture was employed, com-
bining Convolutional Neural Networks for local
feature extraction with Long Short-Term Memory
layers for global sequence modelling. Finally, to
guarantee high structural fidelity and robustness in
practical field conditions, the network was trained
on a synthetic dataset explicitly augmented with
5% Gaussian noise. This early noise injection
acts as a powerful architectural regularizer, forc-
ing the model to learn generalized and resilient
representations that successfully compensate for
industrial measurement disturbances.

MATERIALS AND METHODS

The experimental data utilized in this study
were acquired using a prototype ultrasonic tomog-
raphy system (Figure 1) developed and constructed
at the Research and Development Center of Netrix
S.A., specifically designed for monitoring industri-
al processes. The tomographic measurements were
conducted on a laboratory model of an industrial
reactor, which consisted of a liquid-filled (water)
tank designed to house various submerged objects
acting as internal structural anomalies.

The core of the measurement apparatus com-
prises 16 ultrasonic transducers evenly distrib-
uted along the external perimeter of the reactor.

Figure 1. UST tomograph connected to the reactor model
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This strategic placement ensures full volumetric
coverage of the cross-section and enables the
precise localization of internal phase variations.
The system operates by analyzing the time-of-
flight (TOF) of acoustic waves propagating
through the medium. Each transducer is capable
of functioning in both transmission and recep-
tion modes. By sequentially exciting individual
transducers and recording the arrival times at the
remaining sensors, a complete set of TOF mea-
surements is gathered. The total number of inde-
pendent measurement paths (M) is determined
by the number of transducers (n) according to
the following equation:

—n (1)

For n= 16 transducers, this configuration yields
exactly 120 independent TOF measurements per
full scanning cycle. This directly corresponds to
the 120-dimensional raw input vector provided to
the neural network reconstruction model.

From a hardware perspective, the data acqui-
sition system is built upon sophisticated signal
processing electronics, including a variable sam-
pling rate analog-to-digital converter (ADC),
multi-stage harmonic filtering, and programma-
ble gain amplification. Optimal transducer exci-
tation is achieved using a dedicated high-voltage
generator capable of producing square wave-
forms up to £100V.

To isolate the acoustic perturbations caused
exclusively by internal anomalies, a differen-
tial measurement strategy was employed. Initial
reference measurements were conducted in a
homogeneous environment (a reactor devoid of
objects) to establish a baseline TOF distribution.
Subsequently, objects were submerged into the
reactor, altering the acoustic wave propagation
characteristics (e.g., via scattering and diffrac-
tion) and resulting in specific TOF deviations.
These TOF variations relative to the baseline
background provide the crucial contrast required
for the reliable image reconstruction of the inter-
nal spatial distributions.

The study addresses the inverse reconstruc-
tion problem in UST, where the objective is to
estimate the spatial acoustic velocity distribu-
tion inside the monitored object from boundary
ultrasonic measurements. In the analysed dataset,
each observation consists of an input measure-
ment vector and its corresponding target acoustic
velocity representation.

Formally, each sample is described as a pair:

(x;,¥)),X; € R120 )y, € R3200 @)

where: x;, is the raw measurement vector com-
posed of 120 time-of-flight (ToF) mea-
surements, and y, is the target output vec-
tor containing 3200 values describing the
reconstructed acoustic velocity pattern in
flattened form. The complete dataset con-
tains 35,000 samples, divided into 31,500
training cases and 3.500 test cases, cor-
responding to a 90/10 split.

This problem is strongly ill-posed and nonlin-
ear, because small perturbations in the measured
acoustic signals / transit times may correspond
to multiple admissible velocity distributions. In
addition, the relatively short input sequence and
the high dimensionality of the reconstruction tar-
get create an unfavourable input—output ratio.

To ensure the robustness of the reconstruc-
tion model and to bridge the potential domain
shift between synthetic finite-element simula-
tions and real-world in-situ measurements, the
entire set of ToF measurement sequences was
explicitly augmented with 5% Gaussian noise
prior to the multi-domain HFS transformation.
In practical UST field applications, measure-
ments are inherently susceptible to environ-
mental disturbances, electronic noise, and, most
critically, highly variable ultrasonic transducer
coupling at the heterogeneous at the reactor sur-
face. Training the network exclusively on ideal-
ized, clean synthetic data carries a high risk of
overfitting, which often leads to unstable recon-
structions and spurious artifacts when process-
ing actual measurement data. By integrating
severe 5% measurement noise directly into the
primary training dataset, the noise acts as a pow-
erful architectural regularizer. This early noise
injection forces the model to learn more gen-
eralized and resilient features across the time,
frequency, and time-frequency domains, signifi-
cantly stabilizing the highly ill-posed inverse
mapping and guaranteeing that the network
maintains high structural fidelity when deployed
under non-ideal field conditions. For this reason,
direct mapping from the raw 120-point signal to
the 3200-dimensional acoustic velocity vector
may be insufficient to capture subtle acoustic
variations. To improve the information content
of the input representation, a multi-domain pre-
processing strategy was employed.
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Instead of wusing the raw measurement
sequence alone, each input vector was transformed
into a richer multi-representational descriptor that
combines information from the time, frequency,
and time—frequency domains. This preprocessing
stage was designed to increase the sensitivity of the
reconstruction model to both global spectral char-
acteristics and local non-stationary disturbances.
For each raw measurement vector

X = [X1, X, wr) X120]" (3)

three complementary signal representations were
generated.

The first representation was based on the ana-
lytic signal obtained with the Hilbert transform.
The Hilbert envelope emphasizes instantaneous
amplitude changes and highlights abrupt varia-
tions in the acoustic response:

xq[n] = x[n] + jH{x[n]} (4)

hin] =1 x4[n] | )

where: H {-} denotes the Hilbert transform and
h[n] is the envelope signal.

This representation is particularly useful for
capturing local irregularities that may be associ-
ated with acoustic velocity disturbances.

The second representation was obtained from
the discrete Fourier transform of the measure-
ment vector:

X[k] = x[n]e N (6)

flkl =1 X[k] | (7)
where: N=120.

The Fourier magnitude spectrum provides a
compact description of the global frequency con-
tent of the signal and allows the model to exploit
spectral signatures related to different acoustic
velocity patterns.

The third representation was a simplified
time—frequency descriptor approximating the
S-transform. In the implemented pipeline, this
was achieved using a spectrogram-based repre-
sentation. The signal was analysed with a window
length of 20 samples, zero overlap, and N, ., = 128.
The magnitude of the resulting time—frequency
matrix was then averaged over the frequency axis
to obtain a one-dimensional descriptor:
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K
s[m] = %Z | S[m, k] | 3)
k=1

where: S[m, k] is the spectrogram magnitude at
time index m and frequency bin &, and K
is the number of frequency bins.

This component captures localised non-
stationary behaviour that is not directly visible
in either the raw signal or the global Fourier
spectrum.

Unlike the standard S-transform, which
utilizes computationally expensive frequency-
dependent Gaussian windows, the implemented
approximation employs a spectrogram with a
fixed 20 sample window, zero overlap, and N, ., =
128, followed by frequency averaging. This sim-
plification drastically reduces the computational
burden and produces a flattened 1D sequence that
matches the required input dimensions, while
successfully preserving the core capability of
simultaneous time-frequency localization for
non-stationary phenomena.

Because the three derived descriptors have dif-
ferent effective resolutions, they were resampled to
a common length using one-dimensional interpola-
tion. In the implemented model, the target sequence
length was set to C = 100. Thus, each of the three
channels was interpolated to 100 samples:

h € R1%0,f € R100,5 € R100 ©)
and then concatenated into a single feature matrix:

Cyrs = [h,f,5] € R100%3 (10)

This representation can be interpreted as a
compact three-channel sequence, where each
channel describes a different physical aspect of
the same measurement. The common-length
interpolation ensures that all samples have identi-
cal input dimensions and can be processed by the
same neural architecture.

The choice of C = 100 is consistent with the
actual implementation and dataset size. It offers
a compromise between preserving signal vari-
ability and avoiding unnecessary dimensional
inflation. Compared with using the original 120-
point raw vector directly, the HFS representation
provides a more structured and information-rich
input space for learning the inverse mapping.

For comparison purposes, a baseline single-
channel representation was also considered, in
which the raw 120-point measurement vector
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was fed directly into a recurrent model without
HFS transformation.

To approximate the nonlinear mapping
between the measurement representation and the
acoustic velocity distribution, a hybrid deep learn-
ing architecture was employed. As illustrated in
Figure 2, the proposed model consists of three
main processing stages: a convolutional feature
extraction block, a recurrent processing block for
sequence modelling, and a dense output stage.
Such a design was selected because the inverse
UST problem requires both effective extraction
of local signal patterns and the ability to capture
long-range dependencies across the transformed
measurement sequence.

For the HFS-based configuration, the network
input is the three-channel sequence C, . € R,
where each channel corresponds to one comple-
mentary physical-domain representation of the
same measurement. At the initial stage, the input
sequence is processed by a one-dimensional con-
volutional layer with a kernel size of 3 and same
padding. This convolutional operation enhances
the extraction of local structures and short-range
dependencies in the HFS representation, which
is particularly important for identifying subtle
changes related to local acoustic velocity pertur-
bations. The convolutional output is subsequently
normalized and passed through a nonlinear acti-
vation layer to improve training stability and
increase representational capacity.

The deeper part of the model consists of
recurrent layers based on LSTM. These layers are
responsible for learning the sequential relation-
ships embedded in the transformed measurement

signal. Their inclusion is justified by the fact
that the HFS representation preserves an ordered
structure, even though it originates from multiple
transformed domains. In practice, the recurrent
component enables the model to integrate local
descriptors into a coherent global representation,
which is necessary for reconstructing the full
acoustic velocity field from a limited number of
boundary measurements.

To reduce the risk of overfitting, dropout
regularization was introduced between selected
recurrent layers. This is especially important in
the present problem because the model predicts
a high-dimensional output vector of length 3200
from a relatively compact input sequence. The
final part of the network is a fully connected
regression layer containing 3200 output neu-
rons. This layer performs the projection from the
learned latent representation into the target acous-
tic velocity space and produces the reconstructed
acoustic velocity vector in flattened form.

In addition to the HFS-based model, a base-
line architecture was considered in order to assess
the contribution of the proposed multi-domain
preprocessing strategy. In this reference configu-
ration, the network received the raw 120-point
measurement vector as a single-channel sequence
and used a more compact recurrent architecture
without the full HFS transformation. This com-
parison allowed the influence of the enriched sig-
nal representation on reconstruction performance
to be evaluated directly. From a methodological
point of view, the proposed architecture therefore
serves not only as a regression tool, but also as a
framework for examining whether multi-domain

Y FEATURE EXTRACTION

Layer
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Dropout

Layer
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First Fully

Connected Output RelLU

Final Fully
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Figure 2. Schematic overview of the proposed hybrid 1D CNN-LSTM neural network architecture
for UST image reconstruction
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signal embedding improves the learnability of the
UST inverse problem.

Specifically, the recurrent component in the
final model consists of two LSTM layers contain-
ing 1024 and 2048 units, respectively. To reduce
the risk of overfitting, dropout regularization with
a rate of 0.2 was introduced between the layers.
The network was trained using the Adam opti-
mizer with a default learning rate of 0.001, which
was selected due to its good convergence proper-
ties in deep nonlinear models and its robustness
in handling high-dimensional parameter spaces.
The maximum number of training epochs was
set to 3000, allowing the model sufficient time to
converge even in the presence of the strong non-
linearity characteristic of inverse UST mapping.
A mini-batch size of 64 was used in the HFS-
based model, which provided a suitable balance
between computational efficiency and gradient
stability. During training, the input samples were
shuffled at every epoch to reduce ordering effects
and improve generalization.

To monitor model quality during optimiza-
tion, validation performance was evaluated peri-
odically at fixed intervals. Early stopping was
employed as a regularization mechanism, so
that training was terminated automatically when
the validation error ceased to improve for a pre-
defined number of checks. This strategy prevent-
ed unnecessary continuation of optimization after
convergence and limited overfitting to the train-
ing data. The best-performing model parameters
were retained and saved together with the training
history for subsequent inference and analysis.

To comprehensively evaluate the quality of the
UST image reconstructions, four evaluation met-
rics were employed: Mean squared error (MSE),
peak signal-to-noise ratio (PSNR), structural
similarity index (SSIM), and the Pearson correla-
tion coefficient (PCC). These metrics were care-
fully selected to reflect the physical and diagnostic
aspects of the acoustic reconstructions. It is crucial
to emphasize that UST serves as a tomographic
imaging tool designed to visualize relative dif-
ferences in internal acoustic velocity, rather than
to quantify absolute physical properties of multi-
phase flows or submerged objects. Consequently,
the PCC must be interpreted primarily as a mea-
sure of the spatial distribution consistency, which
is a key observable in industrial anomaly diagnos-
tics. Similarly, SSIM serves as an indicator of the
spatial localization fidelity, evaluating whether the
structure and geometry of submerged objects and
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phase boundaries are properly preserved. Finally,
MSE and PSNR act as complementary global
measures quantifying the overall reconstruction
fidelity and robustness to noise.

RESULTS

Figure 3 presents five representative recon-
struction cases. The first column shows the refer-
ence acoustic velocity distributions, the second col-
umn presents the reconstructions obtained with the
baseline simple model operating on the raw mea-
surement sequence, and the third column shows
the reconstructions generated by the proposed
HFS-based model. The comparison was intended
to illustrate the visual differences between the ref-
erence patterns and the outputs of both neural archi-
tectures under representative test conditions.

As illustrated in Figure 3, the HFS-based
network provides a visibly closer approximation
of the reference acoustic velocity distributions
compared to the baseline architecture, which pro-
cesses only the raw measurement sequence. A
detailed qualitative inspection of the representa-
tive cases reveals three primary visual advantag-
es of the proposed multi-domain preprocessing
strategy. First, in terms of localization accuracy,
the HFS-based network more precisely recovers
the spatial position of regions with altered acous-
tic velocity. In contrast, the baseline model tends
to over-smooth these regions, resulting in blurred
boundaries and a noticeable loss of spatial pre-
cision. Second, regarding geometric fidelity, the
advantage of the HFS-based approach becomes
particularly evident in more complex, irregular
patterns. In such instances, the proposed model
better preserves edge sharpness and maintains
the separation between distinct structural compo-
nents, whereas the baseline reconstructions show
stronger merging and distortion of neighboring
anomalies. Third, the HFS-based architecture
demonstrates significantly improved artifact sup-
pression. The baseline model often exhibits unde-
sired fluctuations in regions that should remain
relatively neutral (the background), producing a
noisier and less reliable reconstruction. By lever-
aging the combined time, frequency, and time-
frequency descriptors, the HFS-based network
effectively mitigates these background fluctua-
tions, yielding considerably cleaner tomograms
with fewer spurious variations.”
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Figure 3. Results of the reconstructions using baseline and HFS-based model

Table 1 summarizes the quantitative recon-
struction results for the same five representative
cases shown in Figure 3. The table compares the
values of MSE, PSNR, SSIM, and Pearson cor-
relation coefficient (PCC) obtained for the base-
line simple model and the proposed HFS-based
model. For each metric, an additional column with
the average value across the five analysed cases
can also be included in order to provide a compact
summary of the overall reconstruction tendency.

The quantitative results summarized in Table
1 strongly support these visual observations. The
proposed HFS-based architecture consistently
outperforms the baseline model across all evalu-
ated metrics, both for the five representative cases
and in the average results calculated over the 1000
validation cases. Notably, the global error was sig-
nificantly reduced, with the average MSE dropping
from 0.241 in the baseline model to 0.128 in the
HFS-based model. This substantial improvement
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Table 1. Comparison of reconstruction quality indicators for a baseline and HFS-based model

Metrics Input type Case #1 Case #2 Case #3 Case #4 Case #5 Avgrage of 1000
validation cases
Baseline 0.536 0.418 0.332 0.097 0.202 0.241
model
MSE HFS-based
-base 0.217 0.188 0.174 0.038 0.092 0.128
model
Baseline 2.707 3.783 4.782 10.102 6.926 7.037
model
PSNR HFS-based
-base 6.621 7.247 7.602 14.129 10.329 10.048
model
Baseline 0.392 0.387 0.397 0.452 0.417 0.407
model
SSIM HFS-based
-base 0.393 0.391 0.415 0.468 0.425 0.422
model
Baseline 0.523 0.485 0.633 0.709 0.677 0.624
model
pceC HFS-based
-base 0.839 0.808 0.829 0.896 0.868 0.863
model

in overall reconstruction fidelity and robustness
to noise is further reflected in the PSNR, which
increased from an average of 7.037 to 10.048.
From a diagnostic perspective, the most criti-
cal improvement was observed in the PCC, which
surged from an average of 0.624 in the baseline to
0.863 in the proposed model. Since the PCC serves
as a primary measure of the spatial distribution con-
sistency, this significant increase demonstrates the
superior capability of the multi-domain representa-
tion in correctly capturing acoustic velocity varia-
tions, which is a key observable in industrial anom-
aly diagnostics. Furthermore, the SSIM showed a
consistent improvement (from an average of 0.407
to 0.422), indicating that the HFS transformation
enhances the spatial localization fidelity, thereby
better preserving the structure and geometry of
submerged objects and phase boundaries. Overall,
the integration of time, frequency, and time-fre-
quency descriptors effectively stabilized the highly
ill-posed UST inverse mapping, demonstrating a
clear advantage over relying solely on raw single-
channel measurement sequences. This observation
confirms that PCC and SSIM should be interpreted
jointly, since PCC reflects global correlation of the
reconstructed field, whereas SSIM provides strict-
er information about local structural preservation.

RECONSTRUCTIONS OF REAL
MEASUREMENTS

In this study, a total of 10 real-world mea-
surement cases were acquired and evaluated
to test the model’s performance under practical
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industrial conditions. Figure 4 displays recon-
structions for five representative cases out of this
set. Crucially, all real measurements were entirely
excluded from the training dataset, which consist-
ed solely of synthetic data augmented with 5%
Gaussian noise. This ensured a rigorous evalu-
ation of the model’s robustness against domain
shift and actual transducer coupling variability.
Figure 4 displays reconstructions derived from
actual measurements acquired through the HFS-
based model with subsequent processing. To
ensure high-fidelity visualization and to mitigate
artifacts associated with spatial discretization, the
raw reconstructed data were subjected to a dedi-
cated three-stage post-processing pipeline. This
procedure was developed to reduce mesh-depen-
dent jaggedness, suppress background noise, and
recover the physically plausible organic morphol-
ogy of the internal inclusions.

The first step was to apply primary spatial
smoothing to the reconstructed distribution. This
distribution had high-frequency artifacts and
uneven edges because of the discrete unstruc-
tured triangular finite-element mesh. A distance-
weighted Gaussian filter was applied directly to
the mesh to lessen these effects. For each ele-
ment, a new value was calculated by adding up
the intensities of its neighbors, with the weights
based on how far apart the triangle incenters
were from each other. This step worked like a
low-pass spatial operator, putting broken signals
together into more coherent areas and lowering
local variance. Adaptive intensity thresholding
was used in the second stage to get the most
important areas. The first smoothing connected
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Figure 4. Reconstructions based on real measurements obtained using the HFS-based model
with post-processing

broken structures, but it also made the response
wider and added diffuse halos with background
noise. So, a strict relative criterion, like 60% of
the global maximum intensity, was used to set a
proportional threshold. We set elements below
this threshold to zero, which got rid of halos
and background noise and left only the dense
high-intensity cores that corresponded to the

physical inclusions. In the third stage, secondary
anti-aliasing improved the shape of the inclu-
sions that were taken out. Thresholding sepa-
rated the important structures, but it also made
sharp and unnatural boundaries that showed the
angular mesh geometry. A second Gaussian fil-
ter with less variance was used on the isolated
cores to bring back morphological realism. This
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operation gently smoothed the threshold bound-
aries without making the inclusions noticeably
bigger. This made the cross-sectional profiles
smoother and more physically plausible.

In general, the sequential combination of
broad spatial smoothing, strict core extraction,
and localized boundary refinement closes the gap
between discrete mathematical reconstruction
and continuous physical reality. The proposed
post-processing pipeline, along with the strong
HFS-based reconstruction model, reduces arti-
facts caused by spatial discretization, suppresses
measurement disturbances and background noise,
and creates clean, sharp, and geometrically con-
sistent tomograms that accurately show the inter-
nal structures of the reactor, even in less-than-
ideal industrial settings.

CONCLUSIONS

This study addressed the highly ill-posed and
nonlinear inverse problem in UST, where the objec-
tive is to reconstruct the spatial acoustic velocity
distribution from boundary ToF measurements.
To overcome the limitations of learning directly
from raw, single-channel sequences, a novel multi-
domain preprocessing strategy based on the Hil-
bert transform, Fourier transform, and S-transform
approximation (HFS-based model) was proposed.
The enriched descriptors were subsequently pro-
cessed by a hybrid deep learning architecture,
effectively combining local feature extraction with
recurrent long-range sequence modelling.

A critical aspect of the proposed methodology
was its orientation towards practical, non-ideal
measurement conditions. By explicitly augment-
ing the training dataset with 5% Gaussian noise
prior to the HFS transformation, the network was
forced to learn generalized and resilient repre-
sentations. This early noise injection acted as a
strong architectural regularizer, effectively bridg-
ing the domain shift between synthetic finite-ele-
ment simulations and real-world field conditions.
It successfully compensated for inherent environ-
mental disturbances and highly variable ultrason-
ic transducer coupling, significantly stabilizing
the inverse mapping.

Both qualitative and quantitative evaluations
demonstrated the clear superiority of the multi-
domain HFS-based architecture over the base-
line simple model. The integration of time, fre-
quency, and time-frequency descriptors allowed
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the network to achieve a substantial reduction in
the global error, nearly halving the average MSE
(from 0.241 to 0.128) and increasing the PSNR
(from 7.037 to 10.048). Most notably, the PCC
surged from an average of 0.624 in the baseline
model to 0.863. From a diagnostic perspective,
this proves the model’s exceptional capability to
accurately capture the spatial distribution con-
sistency of acoustic velocity, which is a crucial
parameter in industrial anomaly diagnostics. Fur-
thermore, visual inspections and improved SSIM
(increasing from 0.407 to 0.422) confirmed that
the HFS-based approach yields higher spatial
localization fidelity, better preserves the geom-
etry of submerged objects and phase boundaries,
and effectively suppresses background artifacts.
In conclusion, the results confirm that trans-
forming raw ultrasonic measurement sequences
into a multi-domain HFS descriptor fundamen-
tally improves the learnability and robustness of
the UST inverse problem. The proposed hybrid
framework provides a reliable, data-driven tomo-
graphic imaging tool capable of visualizing rela-
tive differences in internal acoustic properties.
Future work will focus on the deployment of this
architecture in extensive industrial process moni-
toring campaigns and the potential integration
of calibration models for absolute quantitative
assessment of internal multiphase flows.
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