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A B S T R A C T

Guided wave ultrasound field measurements capture reflections from aluminothermic welds in the rail track
at unknown distances from a transducer. The measured guided wave signals are complex and challenging
to interpret due to multiple dispersive modes propagating in the rail, changing environmental conditions,
and noise. Data-driven machine learning techniques have been applied to complex signal-processing problems
and have shown significant potential in learning and resolving complex problems. This study aims to
understand the implications of using various simulated data sets for application within an appropriate learning
framework to capture the underlying features of the field measurements and maximise the performance of these
techniques. The use of simulated spectrograms, including variations of signal attributes (attenuation, positions
of welds, noise, and mode reflection coefficients) generally observed in experimental measurements, allows
the reflections of individual modes to be isolated or combined for training. This allows us to present the
training data in three distinct forms. The first dataset has the highest mode reflection information density per
sample and consists of simulated spectrogram data with multiple reflections of modes from multiple welds,
like experimentally obtained spectrograms. The second training dataset consists of spectrograms with multiple
mode reflections; however, only for a single weld reflection per spectrogram. The third training set contains
a reflection of a single mode from a single weld in each spectrogram. The data-driven models applied are
principal component autoregression and variational auto-encoders. The reconstruction error and latent space
interpretability were considered as metrics for the algorithms’ ability to learn using test sets, i.e., unseen
data. The results show that datasets with sufficient feature variation and higher mode reflection information
density better construct the test set of simulated and experimental spectrograms. However, training using the
third dataset shows more interpretable latent variables for an artificial growing defect attached to the rail.
Furthermore, data-driven machine learning methods trained using simulated spectrogram data are useful for
reconstructing and learning features from experimental measurements, provided that the training data have
representative mode feature variation and noise.
1. Introduction

Railway systems are critical transportation infrastructure compo-
nents, demanding robust maintenance and safety measures. The early
detection of rail breaks and defects is essential, and guided-wave ul-
trasound (GWU)-based monitoring systems have emerged as valuable
tools in this context [1]. These systems employ guided waves that pre-
dominantly concentrate energy in the rail head, enabling long-distance
inspection and the ability to identify rail breaks and defects, including
cracks. To enhance the capabilities of GWU systems, this research
explores incorporating a pulse-echo mode of operation for detecting,
locating, and monitoring defects before catastrophic rail breakage.
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This paper employs generative models, which are designed to model
the underlying distribution of input data and generate new samples
that resemble the training data, to learn underlying properties of spec-
trograms. Generative machine learning models typically involve an
encoder–decoder process, as illustrated in Fig. 1. The encoder extracts
features from input data, known as latent variables, while the decoder
reconstructs or approximates these features in the output space.

The goal is to minimise information loss in this process, preserving
GWU coherent features while eliminating signal noise. The goal of the
generative networks is to conserve maximum feature information in the
encoding process and minimise reconstruction error of the inputs in de-
coding latent variables. Furthermore, the generative encoder–decoder
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Fig. 1. Illustration of the encoder–decoder process for a generative model.

model can be written as:

(𝑒∗, 𝑑∗) = arg min
(𝑒,𝑑)∈𝐸×𝐷

𝜖(𝐗, 𝑑(𝑒(𝐗))), (1)

here 𝑒 and 𝑑 are encoder and decoder parameters of encoder 𝐸 and
ecoder 𝐷 subspaces, respectively, and 𝜖(𝐗, 𝑑(𝑒(𝐗))) is an error function

of inputs 𝐗 and reconstructions 𝑑(𝑒(𝐗)).
Generative models can be categorised into variance and

interpretation-driven approaches. Variance-driven models use the pat-
terns observed in the variance of the data and capture data fluctuations
and variability. These models are more likely to be sensitive to varia-
tions in the input features. On the other hand, the interpretation-driven
approaches aim to find sources of variability and capture the latent
structures responsible for generating the data. These models seek to
disentangle the distinct sources of variation.

Current research is limited in terms of the exploration of the train-
ing methodologies involving simulated data and learning properties
of experimental measurements, and there is a gap in the literature
regarding the impact of selecting specific types of simulated data for
training purposes. Therefore, field-measured spectrograms are used
as a baseline for training and learning underlying features in GWU
measurements. This is the most common use of Principal Compo-
nent Analysis (PCA) for application to ultrasonic measurements [2–5].
PCA transforms high-dimensional data into uncorrelated principal data
components, significantly reducing dimensionality. However, PCA is
a linear model, leading to entangled non-linear features, making it
challenging to model and interpret such features systematically.

The study also investigates a potential solution in the form of
Variational Auto-Encoder (VAE) networks [6], designed to capture non-
linear relationships within data. VAE networks are generally used as
a dimension-reduction technique to compute the latent space of data
and have been used for guided wave defect detection [7]. The VAE
networks typically consist of an encoder network that parametrises a
posterior distribution of latent random variables for input data. This
results in a prior distribution in the latent space decoded to an output
distribution. The work covered in this paper focuses on both the prior
representations and reconstruction.

Machine learning techniques have played an important role in the
use of GWU-based data for health monitoring. Notably, discriminative
learning approaches have been employed to classify input features into
predefined classes. Rautela et al. [8] have used deep discriminative
learning models to detect cracks in 1D waveguides, investigating a
range of deep learning networks for damage detection. Similarly, Lo-
mazzi et al. [9] and Zhang et al. [10] have applied discriminative
machine learning methods to diagnose damage using guided wave ul-
trasound. Loveday et al. [11] proposed processing steps for simulating
the growth detecting of rail defects using phased array processing,
dispersion compensation, signal stretching, scaling, and reordering.
However, these signal processing methods rely on an accurate model
of the rail, and the application of machine learning in this domain is
critical for advancing non-destructive testing.

Unsupervised machine learning methods have also emerged in this
domain, as demonstrated by Rautela et al. [8], Silva et al. [12], and
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Bourdais et al. [13]. Silva et al. [12], in particular, using deep PCA to
extract underlying feature distributions, enhancing the interpretability
of GWU data. Such unsupervised approaches have improved health
monitoring systems through experimental data from healthy systems.
Furthermore, Ramatlo et al. [14] present a novel approach for gen-
erating synthetic ultrasonic inspection data for welded railway tracks,
focusing on using of a VAE to simulate damage signatures in inspection
signals.

The novelty of this study is the development of a framework for
training generative variance-driven models using simulated GWU-based
rail spectrograms to learn underlying properties of experimental data,
addressing a current gap in the domain of machine learning and non-
destructive testing and evaluation. The approach involves preserving
essential features derived from variance-driven models trained on sim-
ulated spectrograms to encode underlying properties of field-measured
spectrograms.

Fig. 2 also provides an illustrative methodology of the study, from
the physical GWU experiments to the transformation of raw data into
experimental spectrograms. Training is performed on an untrained vari-
ance model using simulated data to enhancing its capacity to capture
data variability and patterns. The trained model is then evaluated
using experimental and previously unseen simulated data to enable
spectrogram reconstruction and the extraction of latent parameters
encapsulating underlying signal characteristics. This study places dual
emphasis on reconstruction and understanding the latent space, offer-
ing the potential for advancements in railway track maintenance, safety
enhancement, and data-informed decision-making.

The primary goal is to learn and reconstruct field spectrograms
using only simulated data, as it allows for selecting specific features for
training. The simulated datasets are based on characteristics from field
measurements, and we evaluate the most appropriate type of simulated
training using three datasets with varying information densities.

The paper is structured as follows: Section 2 discusses the PCA
model and VAE using Convolutional Neural Networks (CNNs), designed
for processing spectrograms in this study. Section 3 provides details
about the field measurements performed on a UIC-60 rail. The mea-
surements include a transducer attached to the rail head and a defect
attached to the rail head. Temperature variations were also measured
near the rail. Section 3 also discusses the implementation of the Semi-
Analytical Finite Element (SAFE) method to generate time–frequency
dispersion curves representing different propagation modes along the
rail. Two types of features in the GWU rail measurements are identified:
coherent and incoherent, both feature types are considered in training
to enhance the models’ robustness. Three simulated training datasets
(A, B, and C) are generated with varying levels of feature density (num-
ber of dispersion curves per sample). The datasets aim to investigate
the influence of the density of coherent features on machine learning
model training. Section 4 utilises PCA and VAE models to analyse the
simulated datasets, and investigate optimal settings for training using
the models, including the percentage of spectrograms with incoherent
features and the number of latent variables. In Section 5, the PCA and
VAE models are trained separately with each dataset (A, B, and C) and
tested on experimental data, to accurately reconstruct spectrograms
and capture underlying properties such as temperature variations and
varying defect amplitude.

2. Model architectures

Generative machine models, encompassing PCA and VAE, can play
pivotal role in unravelling complex patterns inherent in structural data.
The essence of auto-association in this generative machine models
lies in capturing intrinsic structures within data, facilitating a self-
representation mechanism. The PCA and VAE model can be powerful
tools for dimensionality reduction, revealing dominant modes of be-
haviour within the structural datasets. The coherent features extracted
by the models enable the identification and interpretation of critical
information, laying the groundwork for a more nuanced understanding
of data.
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Fig. 2. Schematic representation of the methodology for this study.
2.1. PCA

PCA aids in capturing the most significant features in a dataset
by projecting it onto a lower-dimensional subspace. Furthermore, PCA
can be used to identify critical modes of behaviour within data. PCA
involves the computation of eigenvectors and eigenvalues from the
covariance matrix of the input data. Given a dataset 𝑋 of 𝑛 observations
and 𝑚 features, the covariance matrix 𝛴 is calculated as:

𝛴 = 1
𝑛 − 1

𝑛
∑

𝑖=1
(𝑋𝑖 − 𝑋̄)(𝑋𝑖 − 𝑋̄)𝑇

Here, 𝑋𝑖 represents the 𝑖th observation, and 𝑋̄ is the mean of
the dataset. The eigenvectors 𝐯 and corresponding eigenvalues 𝜆 of 𝛴
satisfy the equation:

𝛴𝐯 = 𝜆𝐯

2.2. VAE

The VAE is implemented with CNNs for this study, as shown in
Fig. 3. CNNs are deep neural network architectures designed to pro-
cess data having a grid-like topology, like the spectrograms used in
this study. This is preferred over fully connected networks as CNNs
scale better on large images than fully connected networks. The goal
of neural networks is to approximate a map of some input to an
output/feature space. In our case, we map grayscale GWU rail spectro-
grams to a spectrogram with similar output features. The VAE networks
feedforward propagate input spectrograms through hidden layers to
an approximate output spectrogram. Backpropagation propagates in-
formation backwards through the network from the network to the
weights of the hidden layer. The obtained gradient information is then
used with a stochastic gradient descent-based optimisation algorithm.
In this continuous forward and backward propagation process, the
learning parameters (weights and biases) in all the layers are tuned to
a value that minimises the cost function. In general, this makes neural
networks powerful in approximating real-valued continuous functions.
Our hidden layers employ two-dimensional (2D) Convolutional Neural
Network (CNN) layers. CNNs are known for faster and more accurate
image data training than a fully connected neural network (FCN). This
is due to the sparse connections and parameter sharing in CNNs.

The CNN encoder and decoder architectures, as shown in Figs. 3(a)
and 3(b), respectively, are inspired by the U-net and VGG-11 networks,
3

renowned for their high accuracy in large image recognition [15]. VGG
networks are characterised by their depth and simplicity, employing
small 3 𝑥 3 convolutional filters, which make them easy to implement
and adapt for various applications. In our adaptation of the VGG-11
network, we made specific modifications. First, we eliminated the Fully
Connected Network (FCN) layers and replaced traditional pooling with
1 𝑥 2 convolutional strides. The network begins with the encoder,
which takes input images of dimensions (320, 160, 1). The input images
are experimental and simulated spectrograms discussed in Sections
4 and 5. The encoder employs a series of convolutional layers with
2-pixel strides to reduce the spatial dimensions of the image while
increasing the number of filters. To introduce Variational Auto-Encoder
(VAE) capabilities, we replaced the FCN layers in the VGG with VAE
layers, as shown in Fig. 3(c). These VAE layers take the mean 𝜇𝑧 and
variance 𝜎𝑧 values as inputs and sample points from the latent space,
following a normal distribution. These sample points represent the
encoded representation of the input image. Following the last layer of
the encoder network, we introduced simple CNN transpose layers to the
decoder network. These layers take the sampled point from the latent
space as input and apply transposed convolutional layers. Throughout
the network, both the encoder and decoder layers maintain 64 filters
per layer. The final layer of the decoder applies a sigmoid activation
function to ensure that the pixel values in the output image fall within
the range of 0 to 1. The VAE model processes input images using the
encoder network and employs the decoder network to generate the
output image. The reconstruction loss metric used during training is
based on the mean-squared error between the input and output images.

3. Data source for datasets

Our GWU measurements were taken on a continuously welded
rail track, rail sections are welded together in the field using alu-
minothermic welding, and a weld cap remains in place. The weld cap
produces a reflection of ultrasonic guided waves, which may be used
to characterise the propagation modes. Fig. 4(a) illustrates a transducer
attached to the head of the rail and the presence of aluminothermic
welds at regular distances and represents the experimental setup used
in this work.

An artificial defect was included by attaching a mass to the head
of the rail when simulating a defect that would lead to time-varying
reflections. The expectation was that this glue joint would degrade
relatively quickly, causing the mass to fall off, thereby creating a
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Fig. 3. The VAE network architecture including (a) encoder, (b) decoder and (c) VAE layer.
Fig. 4. (a) Illustration of the experimental setup with estimated weld distances from the transducer location. (b) Photograph of an aluminothermic weld.
dynamic reflection scenario detectable by the monitoring system. The
attached mass was designed to generate a displacement reflection
coefficient similar to that of a weld. This choice was based on previous
predictions and modelling, which suggested that a small transverse
crack in the rail head would reflect similarly to the mass. Loveday
et al. [11] provide further details of the monitored rail section and
the artificial defect used in this work. Fig. 4(b) also indicates that
weld reflections can originate on either side of the transducer since the
excited waves propagate forward and backward. The distances between
the welds can be up to 240 m, but these distances are not accurately
known. Environmental conditions also significantly impact the wave
propagation characteristics of rail [16].

3.1. Underlying features

A pulse-echo transducer was attached under the head of the UIC60
rail to mainly excite modes with energy concentrated in the head of the
rail to collect field measurements at a sampling frequency of 100 kHz.
The transducer was excited by a 17.5-cycle Hanning-windowed tone
burst centred at 35 kHz to produce propagating modes, which interact
with welds and an artificial defect at unknown distances. These signals
were generated within a data acquisition system and then amplified
to reach a peak-to-peak maximum amplitude of 200 V. Measurements,
shown in Fig. 5, were acquired at 30-minute intervals continuously
over 14 days. However, to ensure the accuracy of the data collected, a
system delay was implemented to delay measurements when the train
was passing.

The temperature of the rail varied over time, and the dependence
of the elastic modulus and speed of sound in the rail on temperature
4

is well understood [16]. Variations in temperature cause variation in
the elastic modulus of the rail and, therefore, in the speed of sound.
Furthermore, the slight variation in the rail temperature results in
modes propagating at different speeds and other unknown changes in
the received signals. Temperature measurements were taken using a
temperature sensor in a cabinet near the rail, as shown in Fig. 5(b). It
should be noted that these temperatures estimate the overall temper-
ature variation of the rail, and the rail may be unevenly heated along
the length. The artificial defect reflection can be seen in the time signal
measurement in Fig. 5(a) and the strength of the reflection from the
artificial defect varied over time as shown in Fig. 5(b). Sample numbers
7 and 401 are measured signals for the most significant and minor
defect reflection signals, respectively. The reflection from the defect
did not decrease monotonically as expected. It is speculated that local
resonances involving the mass and the glue joint stiffness cause some
large reflections as the glue joint deteriorates.

3.2. Spectral representation

The resulting time-domain measurements are transformed into spec-
trograms using the STFT, which is used in signal processing to analyse
non-stationary signals [17] using the transformation:

𝑆𝑇𝐹𝑇 {𝑥(𝑡)}(𝜏, 𝜔) = 𝑋(𝜏, 𝜔) = ∫

inf

− inf
𝑥(𝑡)𝑤(𝑡 − 𝜏)𝑒−𝑗𝜔𝑡𝑑𝑡 (2)

where 𝑤, 𝑥(𝑡), 𝜏 and 𝜔 represent the windowing function, time signal,
spectral time, and frequency. All our measurements range from 𝑡 = 0
to 𝑡 = 0.6 s, 𝜔 = 32 kHz to 𝜔 = 42 kHz and 𝑤 = 512, which result in 320
by 160-pixel spectrograms. Pixel amplitudes are normalised to a range
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Fig. 5. (a) Pulse-echo measurements performed on a UIC60 rail with an artificial defect attached to the rail head. (b) Temperature measured in a cabinet placed near the rail and
the normalised amplitude of a reflection from an artificial defect attached to the head of the rail.
Fig. 6. Field measurement samples represented by spectrograms.

of 0 and 1 to avoid scaling errors in the machine learning models. The
time-domain measurements in Fig. 5(a) can be represented in the time–
frequency domain as spectrograms, as shown in Fig. 6, which contain
energy representations of reflections from the many aluminothermic
welds on the rail.

Spectrograms or image data allow for comparison with established
non-linear ML image-driven approaches. We deliberately choose spec-
trograms over raw time-series data for two reasons. Firstly, spectro-
grams provide the raw time-series data after non-linear transformations
have been applied to the lower dimensional windowed raw time-
series data; therefore, improving the linear methods’ setting. Secondly,
research on image data using non-linear machine methods is vastly
more mature than raw time-series data. It is important to note that the
transformation from time-series to time–frequency spectrograms results
in losses in information, such as phase information, however, training
using spectrograms is computationally more efficient and allows easier
information extraction.

3.3. Simulation framework

Our GWU-based measurements are difficult to label and intractable
to translate available labels between simulated and experimental data.
We, therefore, must consider a generative approach to training. We
5

identify modes propagating along the rail from field measurements
to simulate the training samples, as depicted in Fig. 7. A transducer
attached to the rail head measures the propagating modes as time sig-
nals. These time signals can be better visualised in the time–frequency
domain using a Short-Time Fourier Transform (STFT) [17], with the
results depicted as spectrograms. The energy bands on the spectrograms
represent the times of arrival of different modes of propagation re-
flected from different welds in the rail. We simulate the propagating
modes using the Semi-Analytical Finite Element (SAFE) method [18–
22]. The method can efficiently compute dispersion curves by assuming
a constant cross-section along the rail, given that material properties
are known.

A simple modelling framework was adopted to model weld re-
flections, where dispersion curves computed using the SAFE method
propagated a Hanning-windowed tone burst to various distances as-
sumed to be aluminothermic welds with selected reflection coefficients.
The propagated signals are reflected by the welds where the inci-
dent modes are reflected using reflection coefficients (including mode
conversion) selected to approximate the reflections observed in exper-
imental data. It should be noted that this simple modelling framework
uses only a SAFE model and no 3D finite element model as used in
the more sophisticated modelling framework developed by Ramatlo
et al. [23,24]. Using the STFT the computed simulated time signals can
be transformed into spectrograms, as shown in Fig. 8.

3.4. Ultrasonic guided wave features

Our GWU rail measurements generally consist of two kinds of
features, coherent and incoherent. To accurately train machine learning
models and simulate guided measurements that are like to the exper-
imentally measured signals, these features of the experimental signals
are considered:

• Coherent features include individual dispersive modes that propa-
gate and are reflected by welds back to the pulse-echo transducer.
At the welds, propagating modes are both reflected and transmit-
ted. If modes are reflected, they may return to the transducer as
the incident mode or as different modes due to scattering [25].
Modes that return to the transducer as different modes are called
coupled or converted modes. The railhead transducer measures
at least six different modes of propagation. The measured modes
are shown in a spectrogram of a field measurement in Fig. 6.
Superposition of other non-dominant modes of propagation re-
flected by other reflectors in the rail, which are seen in field
measurements, can exhibit the same characteristics as the excita-
tion waveform [26]. We can account for the signals by simulating
spectrograms with the multiple modes of the rail. Another essen-
tial feature of the measured signals is the decay or attenuation of
the measured energy over time or distance, which is evident in
the field-measured spectrogram shown in Fig. 6.
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Fig. 7. Illustration of the isolation and generation of simulated time–frequency spectrograms of modes that are measured in field pulse-echo experiments.
Fig. 8. Samples from datasets with (a) multiple weld reflections (dataset A), (b) single welds (dataset B) and (c) isolated propagating modes (dataset C).
• Incoherent features are not correlated to the measured signal and
do not influence the measured signal. However, this random noise
must be included in the training to enhance the robustness of the
trained machine-learning models.

3.5. Simulated training data

We simulated three time-series datasets of guided wave measure-
ments with the experimental measurements’ wave propagation and
dispersion properties. Each sample from dataset A (with a sample
shown in Fig. 8(a)) has multiple mode reflections (including mode-
converted reflections) from five simulated welds in a rail waveguide.
The samples from dataset B (with a sample shown in Fig. 8(b)) have a
single weld reflection with multiple modes of propagation. The samples
from dataset C (with a sample shown in Fig. 8(c)) also have a single
weld simulated and only one mode is reflected per sample. The aim
of using these samples is to investigate whether feature density (the
number of dispersion curves per sample) in our spectral data influences
the training of machine learning models.

The first training dataset uses simulated spectrograms like those
obtained experimentally. This dataset has multiple weld reflections
and multiple propagation modes in each spectrogram sample. Training
with this dataset allows the ML models to present the highest-density
information of propagating modes per training sample. The learning
and reconstruction of test data depend on how well the trained model
breaks down wave propagation characteristics presented in this high
information-density dataset. The second and third training datasets
6

have less information density of propagating modes per training sample
than the first. For both, only a single weld reflection is considered.
The second training dataset considers multiple propagating modes
per training sample, while the third training dataset uses only one
propagating mode per training sample. To ensure that the properties
in our experimental data are accurately represented in SAFE simulated
spectrograms the following properties are considered and varied:

• Reflection distances are unknown and reflected signals from dif-
ferent reflectors may overlap. As shown in Fig. 6, energy reflec-
tions of very dispersive modes from one weld may be received
simultaneously with the energy of other modes from other weld
reflections. This interaction between reflections is considered only
when generating dataset A.

• The amplitude of the reflected signal is dependent on the distance
and the propagation mode. Due to attenuation in the rail, the
reflected energy received from welds reduces with the distance
to weld. Furthermore, very dispersive modes tend to have low
propagation energy relative to less dispersive ones. To account
for attenuation in simulation for this study, the received signal
is multiplied by a signal intensity coefficient, which was charac-
terised by an exponential decay with distance, described by the
formula:

𝐼 = 𝐼0 ⋅ 𝑒
−2𝛼𝑥 (3)

where 𝐼 represents the intensity coefficient of each received re-
flected signal at a given distance 𝑥, 𝐼 = 1 is the initial intensity, 𝛼
0
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Fig. 9. (a) Standard UIC60 rail head profile highlighting parameters used to describe wear and (b) ranges for the variables used to generate simulated data.
is the attenuation coefficient, and 𝑥 is the distance to the reflector.
This attenuation coefficients were selected to provide similar
attenuation to that observed in experimental measurements.

• Reflection coefficients for all modes and reflectors are unknown.
Furthermore, topologies of welds are not considered for our study.
Therefore, welds are treated as reflectors with unknown but
varied properties.

• The method by which the rail is worn is unknown. Contact
between the rail and train wheels constantly changes the head
profile of the rail, and the profile is also periodically ground to
prevent shelling [27–30]. Therefore, to account for the possible
wear profiles, the SAFE models were generated using various rail
profiles. Setshedi et al. [31] found that at least three dimensions
are required to describe these wear characteristics. These three
dimensions of the UIC60 rail are shown in red in Fig. 9(a).
Geometric parameters 𝑋1, 𝑋2 and 𝑋3 (described in mm) enable
a reduction in the head height, increased interior radius and a
shaper exterior radius respectively.

• The elastic modulus and Poisson’s ratio of the rail are not known
precisely. Furthermore, these properties can be affected by envi-
ronmental changes. The elastic modulus is affected by tempera-
ture changes and the temperature of the rail may vary over its
length. The SAFE model was therefore computed using a wide
range of steel elastic properties to account for the various elastic
properties caused by environmental changes.

To generate SAFE dispersion curves for various properties, Latin
Hypercube Sampling (LHS) [32] was employed to uniformly sample the
space of possible geometrical and material parameters. 5,000 SAFE dis-
persion curve samples were generated using the LHSdesign function
in MATLAB for geometry and elastic variables: H, R, S, 𝜈 (Poisson’s ra-
tio) and 𝑐 (speed of sounds in the waveguide). The computed dispersion
curves can propagate tone bursts to various distances to generate sim-
ulated signals. The upper and lower bounds of the simulation variables
are shown in Fig. 9(b).

Together with simulated datasets, spectrograms with incoherent
noise are also included in the training sets to ensure that our trained
models are robust and do not break when applied to experimental
measurements. The random noise samples are generated by adding
Gaussian random noise to time-domain signals converted to spectro-
grams using the STFT. A sample spectrogram with incoherent noise is
shown in Fig. 10(c). These spectrograms will be referred to as noise
spectrograms.

4. Model training approach and hyperparameter selection

A dataset with simulated spectrograms containing multiple reflec-
tors, with sample spectrograms shown in Fig. 10, was generated to
study the structure of reconstruction and latent space. The simulated
spectrograms were generated such that the reflected energies of modes
are like those presented in experimental spectrograms, with the least
dispersive mode having the highest energy. They also contain dis-
persion curves with intersecting modes from different reflectors and
distances to welds assumed to be unknown. Gaussian random noise was
added to the time-series signals and decay in the energy measured for
the measured reflections by the transducer was also simulated using
7

Eq. (3) in the dataset to ensure that the spectrograms are similar to
field measurements. Therefore, in each sample, four variations that are
seen in the field measured spectrograms were simulated by randomly
varying positions of weld reflections (that are known to change due
to temperature variations in the rail [31]), reflection coefficients of
modes, attenuation of received signals and adding Gaussian noise to
each signal.

4.1. PCA

The settings for training the models were optimised by experiment-
ing with different percentages of noise spectrogram samples and vary-
ing numbers of latent variables. Additionally, PCA models were trained
on the dataset to extract useful coherent features from experimental
measurements. The Mean Squared Error,

MSE = 1
𝑛

𝑛
∑

𝑖=1
(𝑋𝑖 − 𝑋̂𝑖)2, (4)

where 𝑋 is a spectrogram of observed values of the variable being
predicted, with 𝑋̂ being the predicted values for each model, were used
to estimate the best setting for training with noise spectrogram samples
in the training batch.

Values of 1∕MSEs are computed for the PCA models on a test
dataset of spectrograms with five reflections, as shown by the bar plots
in Fig. 11. The spectrograms with coherent features only (without noise
added to each spectrogram), with a sample shown in Fig. 10(a), were
used for generating plots in Fig. 11(a). Furthermore, spectrograms with
coherent features and added noise to each sample were used to generate
plots in Fig. 11(b), with a sample shown in Fig. 10(b). Both data sets
contain coherent feature spectrograms, ensuring that the comparison
is against the underlying signals present in each, aiming for a target
MSE of 0. This allows for assessing the models’ performance with and
without the influence of added noise to each spectrogram.

The PCA model sensitivity bar plots indicate that the model is
sensitive to inclusion of Gaussian noise spectrograms, with the best
setting for training with Gaussian noise spectrogram at 20%–40%.
Dataset A shows greater sensitivity to the proportion of the Gaussian
noise spectrogram and trends on the sensitivity plots indicate that the
PCA model is more accurate when more latent variables are applied.
This is expected as more information is passed through the latent
variables. The plots also show that the model with 1600 latent units has
the best reconstruction when Dataset A and 20% of noise spectrograms
are used for training, with further analysis of the data showing optimal
results when approximately 30% Gaussian noise spectrograms are used.
This is due to the greater density of information presented on Dataset
A spectrograms compared to datasets B and C. Reconstruction plots
shown in Fig. 12 also show that the PCA model fits on the incoherent
noise on the spectrogram with added noise (shown in Fig. 10(b)). Fur-
thermore, the reconstruction plots show that the model fits dispersion
curves to noise when the percentage of Gaussian noise spectrograms is
0 in the training batch.
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Fig. 10. Samples of the five-reflections spectrograms generated from SAFE models: (a) without Gaussian noise added and (b) with Gaussian noise added to each spectrogram, and
(c) a sample of a Gaussian noise spectrogram included in the training batch.
Fig. 11. Reciprocal of the mean squared error using the PCA models to reconstruct the error (sensitivity) of (a) spectrograms with coherent features only and (b) spectrograms
with coherent features and added noise to each sample, versus the number of latent variables and the percentage of Gaussian noise spectrograms in a training batch.
Fig. 12. Reconstructions of the samples in Figs. 10(a) and 10(b) using a PCA model trained with dataset A and 1600 latent components, under varying percentages of noise
Gaussian spectrograms in the training batch: (a) shows the reconstruction of the sample spectrogram in Fig. 10(a), and (b) shows the reconstruction of the sample spectrogram in
Fig. 10(b). The horizontal axes represent time in seconds, while the vertical axes denote the frequency of the reconstructed spectrograms.
4.2. VAE

A VAE model was trained using the three datasets investigated in
this paper, similar to the PCA model. Both sensitivity bar plots of PCA
shown in Fig. 11 and the VAE shown in Fig. 13 indicate that the
models are sensitive to including Gaussian noise spectrograms, with
the best setting for training with Gaussian noise spectrogram at 20%–
40%. The sensitivity of the models to the proportion of Gaussian noise
spectrograms varied between datasets, with dataset A showing greater
sensitivity to the inclusion of Gaussian noise spectrograms in both the
PCA and VAE models. The VAE model with 1600 latent variables was
found to have the best reconstruction when trained on dataset A and
30% Gaussian noise spectrograms. This is due to the non-linear nature
of the VAE model and the greater density of information presented
on dataset A spectrograms compared to datasets B and C. Overall, the
8

results suggest that for all datasets, the best setting for training is 1600
latent variables and 30% Gaussian noise spectrograms (see Fig. 14).

4.3. Reconstructions and latent variables

To assess the performance and generalisation capability of our
models, tests are performed on simulated data in this section and
experimental data in the next section, focusing on the detection of
propagation modes. The models under evaluation were trained with
a composition of 70% coherent feature spectrograms and 30% Gaus-
sian noise spectrograms, utilising 1600 latent variables for optimal
performance.

The reconstruction results obtained from the PCA models, as shown
in Fig. 15, reveal consistent performance across three distinct training
datasets (A, B, and C). Furthermore, PCA tends to reconstruct noise
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Fig. 13. Reciprocal of the mean squared error using the VAE models to reconstruct the error (sensitivity) of (a) spectrograms with coherent features only and (b) spectrograms
with coherent features and added noise to each sample, versus the number of latent variables and the percentage of Gaussian noise spectrograms in a training batch.
Fig. 14. Reconstructions of the samples in Figs. 10(a) and 10(b) using a VAE model trained with dataset A and 1600 latent components, under varying percentages of Gaussian
noise spectrograms in the training batch: (a) shows the reconstruction of the sample spectrogram in Fig. 10(a), and (b) shows the reconstruction of the sample spectrogram in
Fig. 10(b). The horizontal axes represent time in seconds, while the vertical axes denote the frequency of the reconstructed spectrograms.
Fig. 15. Spectrogram samples reconstructed from PCA models trained using a composition of 70% feature spectrograms and 30% Gaussian noise spectrograms. Each model used
1600 latent variables for the three distinct datasets. The horizontal axes represent time in seconds, while the vertical axes denote the frequency of the reconstructed spectrogram.
prevalent in the test spectrograms, especially when employing a higher
number of latent variables.

The silhouette score [33] is incorporated to assess the effectiveness
of the latent representations. This metric, quantifying the compactness
and separation of clusters, facilitates a rigorous evaluation. Positive
silhouette scores indicate well-defined clusters, while negative scores
suggest overlapping or unstructured latent space. By incorporating the
silhouette score into our analyses of PCA and VAE models, we demon-
strate how the quantitative assessment of their clustering performance
on generated latent representations can be performed.

The latent distributions, visualised using t-distributed stochastic
neighbour embedding (t-SNE) [34], are shown in Fig. 16. The t-SNE
plots show a two-dimensional representation of 4 and 1600 PCs com-
puted from the PCA models’ latent variables. The structures captured
by all training instances are evident visually that an increase in the
9

number of latent variables from 4 to 1600 enhances the structure of the
latent spaces. Silhouette scores further quantify this improvement. For
PCA models with 4 PCs, silhouette scores are −0.104,−0.107, and −0.101
for datasets A, B, and C, respectively. Increasing the latent variables to
1600 results in improved scores of 0.242, 0.203, and 0.197 for datasets
A, B, and C, confirming the enhanced structural representation in the
latent space.

Like the PCA models, reconstruction results of simulated spectro-
grams in Fig. 17 and the t-SNE visualised latent variable plots shown
in Fig. 18 show similar performances for the three simulated training
datasets. However, the VAE models can reconstruct underlying disper-
sion curve features from spectrograms and discard noise, compared
to the PCA models. Therefore, the VAE models are able to separate
coherent and incoherent features from the spectrograms. The PCA
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Fig. 16. t-SNE reduction of (a) 4 and (b) 1600 latent variables recovered from test simulated samples for models trained using PCA.
Fig. 17. Spectrogram samples reconstructed from VAE models trained using a composition of 70% feature spectrograms and 30% Gaussian noise spectrograms. Each model used
1600 latent variables for the three distinct datasets. The horizontal axes represent time in seconds, while the vertical axes denote the frequency of the reconstructed spectrogram.
Fig. 18. t-SNE reduction of VAE 1600 latent variables recovered from simulated test samples to visualise the number of reflectors in spectrograms.
and VAE models exhibit comparable performance in capturing the
structural characteristics of latent variables within this test dataset.

4.4. Mode shapes and distances to reflectors

The measurements captured in experiments produce reflections
from aluminothermic welds with unknown mode shapes, arrival times
and attenuation. We use frequency-domain simulated single mode
spectrograms to study the effect on the variance captured by our trained
models. We show this, by studying the effect of mode shapes and
arrival times in the latent space on our trained PCA and VAE models.
Fig. 19 shows the three main modes of propagation that are observed
in the experimental spectrograms. In our test sample spectrograms,
the simulated sets of modes are propagated to various distances and
attenuated.

To study the effect of types of mode shapes and times of arrivals
on the latent space, we employ the better-performing PCA and VAE
models, which all have 1600 latent variables and 30% noise.

The latent space demonstrations in Figs. 20 and 21 show that VAE
models perform better than PCA models in interpreting the latent space.
The VAE models better separate times of arrival or distances to welds
of propagated modes. Furthermore, the VAE results also show that the
first and third modes are interpreted as the same. This result is expected
10
as these modes are very similar in shape. Distances to simulated weld
reflectors are only disentangled to a greater degree by the VAE models.

4.5. Summary of results

Both PCA and VAE models were tested to optimise the training
settings, assessing various noise percentages and latent variables. The
PCA models showed sensitivity to including Gaussian noise spectro-
grams, performing best with 20%–40% of Gaussian noise spectrograms
and 1600 latent variables, particularly on Dataset A. Meanwhile, VAE
models demonstrated enhanced performance, displaying the best re-
constructions at 1600 latent variables and 30% noise on Dataset A.
The study found that the VAE models performed better, distinguishing
between coherent and incoherent features from spectrograms, effec-
tively reconstructing dispersion curve features while discarding noise.
Furthermore, analyses using t-SNE visualisation of the latent space
revealed the VAE models’ superior capability in interpreting reflector
distances and mode shapes, outperforming the PCA models. These
results underscore the significance of dataset parameter selection in
optimising the training settings, particularly the proportion of Gaussian
noise spectrograms to spectrograms with coherent features, offering
insights into the performance differences between linear and non-linear
models in capturing underlying features and disentangling mode shapes
and reflector distances.
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Fig. 19. Samples of the three main modes of propagation observed in experimental measurements: (a) Mode 1, (b) Mode 2 and (c) Mode 3.
Fig. 20. t-SNE visualisation of the mode shape type using 1600 latent variables: (a) PCA (top row) and (b) VAE (bottom row).
Fig. 21. t-SNE visualisation of the reflector distance using 1600 latent variables: (a) PCA (top row) and (b) VAE(bottom row).
5. Experimental study

This section uses field-measured and simulated spectrogram data
for training using the PCA and VAE models. In most instances, there
is a limitation in field-measured data due to limited accessibility to
11
testing sites and equipment. Our field measurements are limited to
488 spectrograms, which can be problematic for training using deep
machine learning models. The measurements are analysed using PCA
and VAE models, and both the recovered principal components or latent
variables and reconstructed spectrograms are studied. By studying the
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Fig. 22. Plots showing the correlation between (a) the first 16 PCs and temperature and artificial defect amplitude variation, (b)PC1 and temperature, and (c) PC3 and (d) defect
amplitude.
two spaces, we can investigate the feasibility of using PCA and VAE
models to study the effect of temperature change and growing defects
in the rail.

5.1. Training using experimental data

Plots in Fig. 22 show a comparison between the first 16 recovered
principal components and their correlation to temperature and arti-
ficial defects. The absolute values of correlation coefficients |𝜌| were
computed using the formula:

|

|

𝜌𝑋,𝑌
|

|

=
|

|

|

|

cov(𝑋, 𝑌 )
𝜎𝑋𝜎𝑌

|

|

|

|

, (5)

where 𝑋 is the feature of interest (temperature or growing defect), 𝑌 is
the recovered principal vector recovered from applying the PCA model,
and 𝜎𝑋 and 𝜎𝑌 are the standard deviations of 𝑋 and 𝑌 . The computed
coefficients and explained variance plotted in Figs. 22(a) and 22(b),
show that temperature variance dominates the measured signals, while
the variation of the defect is captured less accurately by the PCA model.
These results are as expected as PCA is a variance-driven algorithm and
temperature changes are expected to influence the overall variance of
the signals. In contrast, the growing defect is expected to be a source
component that influences fractional parts of the measured signals.

The latent variable or vectors, PC1 and PC3, shown in Figs. 22(c)
and 22(d) are studied further in reconstruction. The reconstructions
of the PCs of interest are computed using the inverse transform and
zeroing the weights of other principal components that are not of
interest. By computing the inverse transform in this manner, we can
reconstruct coherent features that are varied by the PCs of interest as
shown in Fig. 23. When the inverse transforms of PC1 are computed
for various samples (samples number 48, 170 and sample 240, which
re at high, mid and low temperatures, respectively), based on the
ector seen in Fig. 22(c), it is evident from Fig. 23(a) that temperature
nfluences the overall variance of the signal. The inverse transforms
hown in Fig. 23 indicate that the temperature decrease is negatively
orrelated to the overall energy received by the transducer over time.
12

econstruction of PC3 shown in Fig. 23(b) (for samples 7, 100 and
401, which are at high, mid and low defect reflection amplitudes,
respectively) shows the varying defect reflection captured by PC3,
however, with other coherent features. The other captured features
result in an overall low correlation of PC3 with the varying defect
reflection as seen in Figs. 22(a) and (d).

5.2. Training using simulated data

The trained models are also evaluated using a dataset of pulse-
echo measurements conducted on the UIC60 rail and with sample
spectrograms reconstructed in Fig. 24.

All the training instances accurately reconstruct the field spectro-
grams, with sample reconstructions shown in 24(a). However, the
PCA model has poor extraction coherent features and denoising of the
spectrograms. The variance of the temperature measurements taken in
a cabinet near the rail (shown in Fig. 5(b)) is expected to be captured
for all the training instances. Latent variables of the model are inter-
preted using t-SNE, and all instances of training capture temperature
variations accurately, as shown in Fig. 24(b). Furthermore, the latent
variables also capture the variation of the growing defect, as shown in
24(c).

The VAE model was also trained on simulated datasets and then
used to analyse experimental data. The model was trained using a
combination of 70% feature spectrograms, 30% noise spectrograms,
and 1600 latent variables, as this was found to be the optimal setting
through experimentation with the simulated data. Fig. 25(a) shows
reconstructions of an experimental sample using this setting for the
three simulated datasets used for training, demonstrating that the VAE
model can extract underlying coherent features in the spectrograms.
The reconstructions using datasets B and C result for both models
(ICA and VAE) resemble the multiple weld reflections rather than the
isolated propagating weld reflections or modes as shown in Figs. 8(b)
and 8(c). This is expected, as the trained models minimise reconstruc-
tion errors in each test sample by overlaying learned modes from
datasets B and C. This involves fitting individual modes or welds to

the test spectrogram and then superimposing these fitted modes into
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Fig. 23. The PCA inverse transform of sample spectrograms using only (a) PC1 and (b) PC3. The horizontal axes represent time in seconds, while the vertical axes denote the
frequency of the reconstructed spectrograms.
Fig. 24. (a) Sample spectrograms reconstructed (with the horizontal axes representing the time in seconds, while the vertical axes denote the frequency of the reconstructed
spectrograms), (b) t-SNE visualisation for temperature and (c) a growing defect using a PCA model trained using 1600 latent variables and three simulated datasets.
a single spectrogram, resulting in the complete reconstruction of test
spectrograms containing multiple modes.

Comparing the t-SNE visualised latent variables of the VAE models
(shown in Figs. 25(b) and 25(c)) to the t-SNE variables of the PCA
models (shown in Figs. 24(b) and 24(c)), it can be seen that the latent
spaces have similar distributions. This shows that the temperature and
growing defect amplitude features are similarly mixed in the latent
variables of both the PCA and VAE models.

To investigate the effectiveness of the training method proposed
in this paper further, we analyse the latent space using 16 latent
variables on the field measurements. This demonstrates the advantage
of the training method used in this paper (training using simulated
data) compared to extracting latent variables or PCs directly from field
measurements (training using field measurements). After training the
PCA model using 16 latent variables and the three simulated datasets,
the field measurements were used as test samples to compute the
13
correlation of latent variables or PCs with the measured temperature
and defect amplitude variation, as shown on the plots in Fig. 26.

Based on the correlation plots, it is evident that the temperature and
defect variations are mixed in many of the PCs, and less disentangled
compared to PCs extracted directly from field measurements, as shown
in Fig. 22. We expect an interpretation-driven approach to show less
mixing of components.

Further analysis of the plots shown in Fig. 26 and the PCs that are
best correlated to the temperature, as shown in Figs. 27(a) to 27(c),
show that training using simulated data does not provide the best
setting for detecting temperature variations in the field measured data
compared to directly applying the PCA model to the field measured
spectrograms. However, plots of the PCs that are best correlated to
the measured defect amplitude, shown in Figs. 27(d) to 27(f), indicate
that training using the three simulated datasets provides an improved
setting for detecting the variation of the defect amplitude. Furthermore,
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Fig. 25. (a) Sample spectrograms reconstructed (with the horizontal axes representing the time in seconds, while the vertical axes denote the frequency of the reconstructed
spectrograms), (b) t-SNE visualisation for temperature and (c) a growing defect using a VAE model trained using 1600 latent variables and three simulated datasets.
Fig. 26. Plots showing the correlation between the first 16 PCs and the measured temperature and artificial defect amplitude for models trained using simulated datasets (a) A,
(b) B and (c) C.
Fig. 27. Plots the measured temperature and the best-correlated PC for models trained using simulated datasets (a) A, (b) B and (c) C, and the measured defect amplitude and
the best-correlated PC for models trained using simulated datasets (d) A, (e) B and (f) C.
a more significant correlation between PC5 and defect amplitude was
observed for a PCA model trained using dataset C. This is expected
as spectrograms in dataset C only have single dispersion curves that
reconstruct source components such as the defect reflection.
14
6. Conclusions and future work

This study investigated machine learning models for reconstruct-
ing simulated and experimental rail guided wave-based spectrograms.
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Training data sets with different features are compared on different
machine learning models: PCA (a linear variance-driven model) and
VAE (a nonlinear variance-driven model). Our results show that the
VAE model achieves better reconstruction of spectrograms and a more
structured latent space than PCA models. This is expected since our
VAE network has more learning layers than the PCA network. Training
using spectrograms with multiple simulated reflectors shows better
reconstruction than single-reflector and single-mode spectrograms. This
is due to feature density in the spectrograms with multiple reflectors
compared to the other spectrograms from other datasets. However,
a drop in performance is realised when the ML models are trained
using the multiple reflector data set with less varied features. When
analysing the latent space, training using a simulated single-mode
spectrogram dataset results in a better-structured latent space than
other datasets. The proposed training and learning framework also
showed good general performance for all three investigated datasets
since the machine learning models learned all the simulated modes
propagating in the rail and their variations. The results show that
ML algorithms can learn and reconstruct simulated and experimental
spectrograms when sufficient feature variations are contained in the
simulated training data. This means that realistic rail GWU propaga-
tion features are captured in the models. The proposed framework is
robust and helpful in deconstructing/learning features in experimental
spectrograms where data is limited. Further investigation of the latent
space and possible disentanglement of the variables can show different
performances for the datasets proposed in this paper. In future work,
we will use the proposed framework of training machine learning
models to investigate interpretation-driven approaches and perform
further feature learning of field-measured spectrograms, i.e., defect and
temperature monitoring.
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