
7th International Conference on System-Integrated Intelligence (SysInt 2025)
04 - 06 June 2025, Bremen, Germany

Ultrasonic Guided Wave Signal Transformation with
Polynomial Artificial Neural Networks for Data Augmentation

Christoph Pollea,b,∗, Stefan Bossec, David Maya,b

aFaserinstitut Bremen e. V., Am Biologischen Garten 2, Bremen 28359, Germany
bUniversity of Bremen, Dept. of Production Technology, Germany

cUniversity of Koblenz, Dept. of Computer Science, Koblenz, Germany

Abstract

In this study we investigate signal transformation using Polynomial Artificial Neural Networks and the challenges corre-
lated with their training. Measuring technologies based on Guided Ultrasonic Waves (GUW) can be used for Structural
Health Monitoring (SHM). In recent years Machine learning (ML) algorithms are increasingly applied to GUW tech-
nologies to predict the presence and location of damages. A major challenge is providing sufficient training data. This
is because experimental recording of measuring data with a broad parameter space is a time-intensive operation when
using surface bonded transducers, since the transducers have to be attached and detached at different positions. A pos-
sible solution to this challenge is the use of scanning methods like air-coupled measured GUWs, which allow a fast
measurement at different sensing positions. In SHM bonded transducers are typically used, so that a transformation
between both methods is necessary. So far, it was shown in previous work that the transformation is generally possible,
but due to the complexity of GUW signals, also prone to signal generation errors. In the present work, the class of
Polynomial Artificial Neural Networks (PANN) is introduced to optimize the transformation process, where the poly-
nomial coefficients are trainable parameters. Sigmoid and tanh functions are widely used due to their bound gradient,
essential for stability in gradient-based training methods. Polynomial functions do not have a bound gradient. For that
the coefficients are set before the model training in a way that the polynomials fit a GUW partially, e.g. ascending
and descending flank of the wave. This facilitates the training of the model and minimizes the problem of a not bound
gradient. We assume (but to be proven) that the signals of both measurement techniques should have a common feature
vector, which can be approximated with an encoder-decoder architecture providing the transformation function between
air-coupled and surface bond GUW signals.
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1. Introduction

Guided Ultrasonic Waves (GUW) are waves propagating through plate-like structures and were first
described mathematically by Horace Lamb [1]. Due to their interaction with inhomogeneities within a
plate, GUW signals can be used for Structural Health Monitoring (SHM) applications [2]. And because of
their ability to travel large distances, GUW signals can monitor a large area with a relatively small amount
of sensors [3, 4]. The disadvantage of GUW signals for SHM applications is that they are influenced
by environmental conditions like temperature [5, 6]. Also, the recorded GUW signal changes with the
position of the used sensor, and with that, the sensitivity to the occurrence of damage. Therefore, the sensor
placement has to be optimized to ensure a large coverage of the monitored specimen [7, 8]. Due to these
influences, a large amount of data has to be processed to cover all non-damage-related signal changes in
order to use GUW data for SHM applications. Since Machine Learning (ML) approaches can process these
large amounts of data and are able to distinguish between the signal changes, ML has been used increasingly
for GUW-based SHM in the past years [9]. But the time-consuming measurement of GUW signals under
the different environmental and spatial changes remains a major challenge. To reduce the measurement
time for experimental values, simulated data can be used for ML-training [10, 11, 12]. The drawback of
this approach is that simulations often differ from real-world data, so there are limits to the transferability.
Data augmentation techniques are another possibility to increase the amount of data available. In [13], for
example, it was shown that signal features can be generated over a large temperature range.

Data augmentation can be performed commonly in three different ways:

1. Stochastic (Monte Carlo simulation-based) or geometrical recomposition by using experimental data;
2. Simulation;
3. Random process data generators, e.g., by using Generative Adversarial Networks or Variational Au-

toencoder architectures [BOS24A], trained from experimental or simulation data.

The first two methods are well understood but are too limited. Any stochastic or geometric augmentation
(e.g., by combining parts of signals from different measurements) do not provide fully independent new data.
The third approach is promising to generate independent new data, but fails due to physical incorrect signal
generations, which are hard to be detected and assessed. Additionally, experiments in [14] showed a narrow
parameter space of the generated GUW signals, not suitable for data augmentation with a broad parameter
space (e.g., damage position, wave base frequency and so on). Moreover, the GAN architectures cannot
be still controlled with respect to the parameter setting. These generative models producing artifacts like
ripple or distorted signals, which are not be observed in real data. Generation is only possible within the
training parameter space (interpolation, if any), but produces high errors outside the trained parameter space
(extrapolation). GAN models produce artifacts that can have a significant impact (distortion) on data-driven
predictor models, which should be trained with generated data only. The validation of the generated signals
is a challenge, and classical correlation or distance measures are not suitable for signals containing weak
features (to be detected). Instead, data-driven predictor models can be used to predict the parameter set of
a generated signal. But the auxiliary predictor model is purely data-driven and need to be validated, too,
which is not possible in most cases as long there is no ground-truth data set. Surrogate models show a good
coverage of the trained parameter space, whereas GAN-based models tend to narrow the parameter space
towards central average values. The control of the data generation of GAN models is still a challenge, and
often only entangled parameter vectors are available (i.e., single parameters like the damage position cannot
be set independently). Therefore, the method proposed in this work has a much higher potential to fill the
parameter-data-space gap.

In past work [15], another approach was introduced by the authors of this article, where different neural
network (NN) architectures were used to transform the GUW signals measured by the air-coupled measure-
ment system (ACMS) to signals measured by surface-bonded piezoelectric wafer active sensors (PWAS).
This has the advantage that one can perform fast AMCS measurements instead of time-consuming surface-
bonded measurements where the PWAS has to be attached to the surface for every position. It was shown
that in general it is possible to perform such a transformation, but that there were still some shortcomings,
like large errors for some data and for all data a small basic error within a tolerable range.
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In the current work, the approach from [15] will be refined by the introduction of Polynomial Artifi-
cial Neural Networks (PANN) [16]. In PANN, polynomials serve as activation functions (AF), where the
polynomial coefficients are trainable parameters within the PANN. This makes PANN optimal for fitting
complicated functions. Since in [15] it was shown that the autoencoder (AE) architecture worked best for
the signal transformation, AE architecture is also used in the present work, where NN with tangens hyper-
bolicus (tanh) and polynomial (poly) were trained for comparison. Since PANN introduces new learnable
parameters, the number of hyperparameters also increases. To choose the best hyperparameter, limited hy-
perparameter tuning is performed. For the experiments, the data pool from [15] was used. In the course of
the study, an extended error analysis was conducted.

2. Materials and Methods

2.1. Experimental Setup
As mentioned above, the data used is the data from [15]. The GUW signals were measured on a small

GLARE5-3/4 plate with dimensions 38.5 × 12 × 0.23 cm. Two PWAS transducers (DuraAct from PI Ce-
ramics) were attached to the plate for GUW signal actuation and surface-coupled measurements (SCM). To
increase the number of training data, magnets were attached to the plate at different positions. The mag-
nets introduce a local inhomogeneity that alters the measured GUW signals. A sketch of the plate and the
positions of the transducer and the magnets can be seen in Figure 1a. As a sensor for the Air Coupled Mea-
surements (ACM), a MEMS microphone (SPU0410LR5H-QB from Knowles Electronics) was used. The
GUW signals were actuated and measured with a TiePie Handyscope HS5-540XMS, which was connected
to the PWAS actuator and sensor as well as to the MESMS microphone. For every magnet position, as
well as for the case where no magnet was attached, a GUW signal was actuated from transducer 1. The
GUW signal then propagated through the plate and was recorded at transducer 2 for SCM. For the ACM,
the MEMS microphone measured the GUW signal at 9 positions within the surface of the transducer; the
scanning positions can be seen in Figure 1b. It should be mentioned that the scans were not performed
directly on the transducer but on the other side of the plate to ensure that the original surface waves from the
plate were captured. This measurement was also performed with transducer 2 as actuator and transducer 1
as sensor, but in the present work this data was not used.
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(a) Sketch of GLARE-Plate used for GUW measurements. Orange circels donate transucers
attached, squares donate magent positions used for model training, while polygons donate
magent positions used as test data.
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(b) Sketch of scanning positons at the sensor
location.

Fig. 1. Sketches of experimental setup, a) plate and b) sensor.

The pitch signal was a 25 kHz Hanning windowed sine wave signal with five cycles. The frequency of
25 kHz was used because at this frequency the MEMS microphone is most sensitive [17].

2.2. Data Preprocessing
Before being used for training and testing the models, the GUW data was preprocessed. At first the data

was normalized to the maximum so that the amplitude values were within [-1, 1]. In the next step, the data
was shortened by cutting the last part of the GUW time signal, which reduced the number of data points
from 6249 to 4000. This was done to save computational time and to cut off a large part of attenuating
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Fig. 2. Graph of the AE architecture used in this study. The architecture consists of one input and output layer with 4000 nodes each
and a hidden layer with N(1) nodes, with N(1) = 200, 300. The xi denotes the input values, while the a denotes the node values after
the activation function was applied to the node input.

reflections. Like described in chapter 2.1, the ACM consists, for every magnet position, of multiple GUW
signals scanned at the position of the PWAS 2 (see Figure 1). Since the GUW signal measured with the
PWAS is a summation of the wave displacements over the whole area of the PWAS, the ACM scans were
averaged to one time signal to produce a signal that is also a summation of the wave displacements over a
defined area.

Finally, to increase the number of training and test data, a Monte Carlo approach was used to add
Gaussian noise to the data, whereby a maximum deviation of 2.5 % was permitted.

2.3. Neural Network Architecture and Training

Since in [15] it was found that among the analyzed architectures, the autoencoder (AE) was best for the
signal transformation, in this work just AEs are used. In Figure 2, a sketch of the utilized AE architecture is
shown. All AEs consisted of L = 3 layers with one input and one output layer with 4000 nodes each, which
correspond to the number of data points in the GUW signals. The hidden layer of the AE had N(1) nodes,
where N(1) = 200, 300. The AE was fully connected with weights w(l)

i j , where l = [1, 2] is the index of the
layer, while i and j are indices of the connected nodes, where i is the index of the node of layer l and j is the
index of the node in layer l − 1.

The xi in Figure 2 are the input values of the input layer. While the a(l)
i on the other hand denote the

node values of layer l after the activation function f (l)
i (z(l)

i ) was applied to the node input z(l)
i . In this study

two kinds of activation functions were used: polynomials with trainable coefficients and, for comparison,
tanh, so that a(l)

i is defined as:

a(l)
i = f (l)

i (z(l)
i ) =


∑D

d=0 c(l)
d · z

(l)d
i , if activation = poly

tanh(z(l)
i ), if activation = tanh

(1)

where D is the degree of the polynomial and cd are the trainable polynomial coefficients. Looking at
1, one can see that if the activation function is a polynomial, the activation function can be different for
each node since the coefficients are trained separately for each node, while in the other case, the activation
function is always the tanh function.

For the training of the polynomial coefficients, two approaches were used. At first the coefficients were
trained in parallel with the weights w(l)

i j of the AE. In the second approach, at first the weights of the AE



were trained, and after that the polynomial coefficients were fine-tuned in a single training epoch. The first
approach will be labeled as parallel and the second as split.

For the optimization of the polynomial coefficients, the algorithm proposed in [16] was used. In a classic
backpropagation algorithm, inputs from a training data set are transferred to the NN during training, which
are processed by the NN in a forward propagation step. The true results y associated with the input data are
known. The outputs ỹ (in this case a(3)

i = ỹi) of the NN are then compared with the y value using an error
function E (e.g., E = ỹ − y). In the backpropagation step, all weights w(l)

i j are then updated using the chain
rule:

∆z(l)
i =

E if l = L − 1,
f ′(l)(ai)

∑
j w(l+1)

ji ∆z(l+1)
j else,

(2)

∆w(l)
i j = a(l−1)

i ∆z(l)
i , (3)

w(l)new
i j = Ow

(
w(l)old

i j ,∆w(l)
i j

)
, (4)

where f ′(l)() denotes the derivative of the activation function f (l)(). The weights wl
i j are updated by

optimization function Ow. In this work Ow corresponds to the ADAM optimizer with the hyperparameters
αw = 0.001, βw1 = 0.9, and βw2 = 0.99.

For the training of a PANN, some extra steps have to be performed to optimize the polynomial coeffi-
cients c(l)

i with the backpropagation algorithm. In addition to the steps in equations 2, 3, and 4, the following
steps must be taken. For a deeper description of the algorithm, the curious reader is referred to paper [16],
which also provides evidence for the stability of the PANN:

p(l)
i =

D∑
d=0

z(l)d
i , (5)

∆c(l)
i =

N(l)∑
i=1

∆z(l)
i · p

(l)
i , (6)

c(l)new
i = Oc

(
c(l)old

i ,∆c(l)
i

)
. (7)

The coefficients are optimized by an optimization function Oc, in this case again the ADAM optimizer.
As there are no empirical values for optimizing the coefficients, hyperparameter tuning was carried out for
D, αc, βc1, and βc2. Also, different architectures were used to optimize the results, so, as mentioned above,
the number of nodes in the hidden layer changed, and also the use of polynomial activation in the hidden
layer and output layer was investigated. In Table 1, all parameters with the investigated values are shown.

Table 1. Parameter values used for model training.

Parameter Values

D 2, 3, 4

αc 0.001, 0.0001

βc1 0.4, 0.5, 0.6, 0.9

βc2 0.59, 0.69, 0.99

N1 200, 300

Activations [ f (1)(), f (2)()] [tanh,tanh],[tanh,poly],[poly,tanh],[poly,poly]

In order to optimize the training of the PANN, the polynomial coefficients were initialized by fitting a
polynomial of degree D to a cosine function. The idea is that in this way the activation functions have at
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least partially the form of a wave, and with that, a better chance to fit complicated waveforms like a GUW
signal. In Figure 3, an example of the fits with the different cosine functions used in this study is shown.

Fig. 3. Example of polynomial functions with D = 4 fitted to different cosine functions to determine initial coefficients.

3. Results and Discussion

In the following, only the models with the parameters that delivered the best results are presented. In
Table 2 the parameter of these models are shown.

Table 2. Parameter of Models with the best Resultes

Parameter Poly: cos(π/2 ∗ x + π/2) Poly: cos(π ∗ x + π/2) Poly: cos(π ∗ x + π) Tanh
Parallel Split Parallel Split Parallel Split

D 3 4 3 3 4 4 -

αc 0.001 0.0001 0.0001 0.001 0.001. 0.001 -

βc1 0.6 0.9 0.6 0.6 0.4 0.4 -

βc2 0.69 0.69 0.59 0.69 0.99 0.59 -

N(1) 300 200 200 200 200 200 200

Activations [tanh,poly] [poly,tanh] [tanh,poly] [tanh,poly] [tanh,poly] [tanh,poly] [tanh,tanh]

In Figure 4, an example of a generated PWAS signal in comparison to the original measured PWAS
signal is shown. Looking at Figure 4, one can see that the transformation generally worked quite well over
the whole time. However, there is a time span where the transformation produces strongly visible errors.
To put the analysis a bit further, simulations with the dispersion calculator [18] were performed to estimate
the beginning and end of the A0 and S 0 modes. To simplify the analysis of the signals, colored areas were
introduced in the plots to mark different time periods in the signals. The red area marks the time when just
noise is present, and the end of this area also marks the beginning of the S 0 mode. The green areas mark the
time spans at which the signal transformation worked quite well, while in the yellow area the transformation
produced significant errors. Also, the end of the yellow area marks the end of the A0 mode. The black
lines mark the time in which A0 and S 0 modes are simultaneously present. So that the left line marks the
beginning of the A0 mode and the right line marks the end of the S 0 mode. With this information, it seems
that at times at which both modes are present, the transformation from ACM to SCM is problematic.

To further compare the results of the different trained models, the averaged relative error (ARE) was
computed for different signal features F, like the signal envelope and the phase of the signal:

ARE =
100
Ng

Ng∑
s=1

|Fg
s − Fo

s |

|Fo
s |
, (8)
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Fig. 4. Example of a generated PWAS signal in comparison with the measured PWAS signal. Both signals were normalized with
respect to the signal maximum. The green areas mark the time when the transformation of the signal worked well. The yellow area,
on the other hand, marks the time space where the transformation produced a large error, while the black lines in that area indicate the
time when A0 and S 0 modes are both present at the same time.

where Fg stands for the generated and Fo stands for the original signal, while s is the index of the current
signals and Ng is the number of generated PWAS signals.

In Figure 5, the results of the ARE for the signal envelope are shown, with the same color area code as
above. The results of the models where weights and coefficients were trained in parallel are shown in Figure
5a, while the results of the split training of the weights and coefficients are shown in Figure 5b. The first
thing to notice is that in the red area the error is very high. This is due to the fact that here just noise is
present, and with that the signal values are very small (range of approx. ±2.5 · 10−3), so that in this time
range even small differences between the signals lead to a large ARE. At the end of the red area, the errors
decrease so that the errors in the following (left) green area are quite small in comparison, but one can see
that the error behavior in this area is very dynamic with a lot of maxima and minima for all models. The next
thing one can observe is that for both training methods, the error in the yellow area increases, as has been
seen in Figure 4. The error increases with the arrival of the A0 mode and peaks at approx. the middle of the
yellow area, which corresponds to the maximum amplitude of the A0 mode. After that the error decreases
again.

When comparing the different models with each other, one can see that the best results are given by the
polynomial activation with the initial fit to the cos(π ∗ x + π/2) and cos(π ∗ x + π) function. But also the
classic AE with the tanh activation gives good results.

To investigate the errors further in Figure 6b the ARE of the signal phase is plotted. One can see that the
error is again the biggest in the red area, which was expected. After a peak in the red area, the ARE decreases
more or less constantly over the whole time range. Looking at the yellow area, one can see that the graphs
of the phase ARE seem to change their slope close to the middle of the yellow area, which corresponds to
the error peak in Figure 5 and the maximum of the A0 mode. This behavior is more present in some of the
models (e.g., the Figure 6b poly cos(π∗ x+π) model) than in others (e.g., the AE model in Figure 6b). Thus,
it can be concluded that the main sources of error of the transformation are in the regions where complex
waveforms occur due to the increase of interference resulting from wave packet separation of the A0 and
S 0 modes. The high amplitudes of the errors are also due to the relatively low amplitude in these regions,
which means that even small deviations for small amplitudes lead to a high ARE.

Comparing the parallel and split training approaches, one can see that the ARE are quite close to each
other. Also, AREs are stable and quite low, so it seems that the transformation of the signal phase with all
models is successful. The best results are given by the poly model with the cos(π ∗ x + π) fit.

To be able to better clarify which model produces the best transformation results, the ARE of the signal
envelopes are averaged over time. However, in order to avoid a misleading picture, the red time range was
omitted from the averaging process. The results are shown in Figure 7, where one can see the best results
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(a) Envelope error of parallel trained models in comparison with the classic
AE model with tanh activation.
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(b) Envelope error of split trained models in comparison with classic AE
model with tanh activation.

Fig. 5. Signal envelope amplitude error over time. The red areas mark the time space in which just noise is present. The green areas
mark the time when the transformation of the signal worked well. The yellow area, on the other hand, marks the time space where
the transformation produced a large error, while the black lines in that area indicate the time when A0 and S 0 modes are present at the
same time.
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(a) Phase error of parallel trained models in comparison with the classic AE
model with tanh activation.
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(b) Phase error of split trained models in comparison with the classic AE
model with tanh activation.

Fig. 6. Signal Phase error over time. The red areas mark the time space in which just noise is present. The green areas mark the time
when the transformation of the signal worked well. The yellow area, on the other hand, marks the time space where the transformation
produced a large error, while the black lines in that area indicate the time when A0 and S 0 modes are present at the same time.

are the polynomial activation with the initial fit to the cos(π ∗ x + π/2) and cos(π ∗ x + π) functions, so that
it is shown the PANN approach can improve the transformation between ACM and SCM.

4. Summary and Conclusion

In the present work, the transformation between air-coupled and surface-coupled GUW measurements
was investigated. In order to optimize the transformation, PANN was used with different initializations of
the polynomial coefficients and model training approaches. To get the best results, hyperparameter tuning
was performed. Due to the large number of parameters, the tuning was restricted to a maximum of four
values per parameter. The results of the PANN models were then compared with a classic AE with tanh
activations. It was shown that the PANN can optimize the transformation process. Another finding of this
study is that the transformation error increases at points where interference in the wave signal is present.
This interference led to phase changes and complex waveforms. But this shows that the transformation
can be improved using wave signals without strong interference effects. Also, the hyperparameter tuning
of the PANN could be improved in order to optimize the transformation. So that in future work on these
approaches will be continued.
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Fig. 7. Average ARE of the signal envelope.
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