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Abstract: In industrial settings, machinery components inevitably wear and degrade
due to friction between moving parts. To address this, various maintenance strategies,
including corrective, preventive, and predictive maintenance, are commonly employed.
This paper focuses on predictive maintenance through vibration analysis, utilizing data-
driven models. This study explores the application of unsupervised learning methods,
particularly Convolutional Autoencoders (CAEs) and variational Autoencoders (VAEs),
for anomaly detection (AD) in vibration signals. By transforming vibration signals into
images using the Synchrosqueezing Transform (SST), this research leverages the strengths
of convolutional neural networks (CNNs) in image processing, which have proven effective
in AD, especially at the pixel level. The methodology involves training CAEs and VAEs
on data from machinery in healthy condition and testing them on new data samples
representing different levels of system degradation. The results indicate that models with
spatial latent spaces outperform those with dense latent spaces in terms of reconstruction
accuracy and AD capabilities. However, VAEs did not yield satisfactory results, likely
because reconstruction-based metrics are not entirely useful for AD purposes in such
models. This study also highlights the potential of ReLU residuals in enhancing the
visibility of anomalies. The data used in this study are openly available.

Keywords: predictive maintenance; system degradation; anomaly detection; autoencoders;
variational autoencoders; synchrosqueezing; vibration analysis

1. Introduction
Regardless of the specific field an industry operates in, when moving elements are

involved, there will inevitably be wear and degradation of surfaces in contact. By definition,
machines have moving components, which means that some of their parts must be replaced
to restore nominal operating conditions. Consequently, industrial plant managers are
constantly dealing with the maintenance of their equipment to maintain high availability
and limit downtimes. In industry, maintenance strategies are regularly classified into three
areas: corrective, preventive, and predictive [1]. In corrective maintenance, replacements
are made only after a failure has occurred, which means that the consequent equipment
unavailability is accepted in favor of low servicing and monitoring costs. In preventive
maintenance, inspections and actions are performed based on predefined schedules. The
scheduling can be time-based or condition-based [2]. Predictive maintenance occurs when
maintenance is performed just before a fault happens, thereby reducing both planned and
unplanned downtime. Continuous monitoring of the equipment improves the latter, which
necessarily requires the adoption of a sensor mesh.
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The literature has widely focused on preventive maintenance in recent decades due to
its attractiveness in minimizing downtime costs. Rytter [3] and later Worden [4] performed
a remarkable job in formalizing the problem of fault identification; the resulting hierarchical
framework prescribes the possible level of accuracy achievable from the monitoring system.
Moreover, two main areas of research are addressed in these works: the construction of an
optimal sensor network and the consequent data processing required to create a suitable
predictive model. In this work, the sensors considered are those capable of measuring the
vibration of a machine, such as accelerometers. The methods used to create the predictive
models are data-driven.

The friction between two surfaces in contact produces vibrations in the bodies involved.
Although it has been widely demonstrated how vibrations convey relevant information
about the nature of a process [5,6], modeling the friction process is highly time-consuming
and strictly depends on the observed system. Vibration condition monitoring is a topic
that has been extensively addressed in the literature. Due to the extent of this field and the
numerous traditional approaches, a comprehensive discussion is unfeasible here. Interested
readers may find valuable information in [7], whereas a practical tutorial can be found
in [8]. However, it is still worth noting that a rigorous modeling of the phenomenon in
novel scenarios could be such a complex task [9] that it might appear unfeasible to construct
and validate a vibration-based model for most practical cases. For this reason, the adoption
of data-driven modeling is extremely profitable in this context: a data-driven model can be
fitted onto data with virtually no human supervision. Data-driven modeling is generally
referred to as “machine learning” in many contexts. In learning theory, supervised refers
to methodologies that can be applied to a dataset where each instance is accompanied by
its corresponding target. Conversely, unsupervised indicates a problem where the dataset
is unlabeled. While supervised algorithms are applied to create predictive models, unsu-
pervised ones are used to identify structure within the dataset without the need for the
“labeling” task, which is carried out by humans and is thus both time-consuming and
resource-intensive. This property of unsupervised algorithms makes them suitable for
various contexts, ranging from identifying patterns and clusters in big data to reducing the
dimensionality of virtual objects, a feature frequently employed in the fields of image and
signal compression [10].

A significant number of publications in the field of industrial monitoring deal with
supervised learning [11], although the application of such models in real-life scenarios is
often impractical due to the difficulty of mapping all possible failure modes. Instead, unsu-
pervised learning methods are appealing since the models can be fitted onto the system in
a “nominal” condition and then identify if the system deviates from the nominal condition.
To support this concept, Eltouny et al. [12] proposed a systematic review focused on
applications in vibration-based condition monitoring using unsupervised methods, high-
lighting the strengths of these approaches: they are particularly praised for not requiring
the collection of damaged data, not relying on physics-based models, and addressing the
difficulties in collecting datasets from laboratory samples or field tests.

Unsupervised learning methods for novelty detection have seen rapid development,
especially in image processing. Novelty identification in graphical patterns has progressed
significantly at the pixel level, particularly due to the adoption of convolutional neural
networks. In this field, a major contribution was made by Wang et al. [13], who intro-
duced an innovative similarity index to quantify differences in images. Another significant
contribution is attributed to Selvaraju et al. [14], who proposed a method (Grad-CAM)
to highlight the regions of an image that contributed the most to the outcome of a con-
volutional neural network. But more importantly, anomaly detection (AD) in images
has experienced significant improvements in recent decade thanks to the introduction of
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Convolutional Autoencoders (CAEs) and the more refined variational Autoencoders (VAEs),
classes of neural networks explicitly trained to reconstruct the input object [15]. The use of
Autoencoders (AEs) in AD at the pixel level has been addressed by Baur et al. [16], who
compared the performances of AE–GAN and VAE–GAN with both dense and spatial latent
spaces to unsupervisedly identify brain lesions. Bergmann et al. [17] introduced a dataset
(MVTec AD) specifically designed to test unsupervised methods for images, demonstrating
the performance of the most common neural network-based methods. Venkataramanan
et al. [18] proposed an attention-guided framework (CAVGA) to improve the AD capa-
bilities of three unsupervised datasets. Gangloff et al. [19] proposed a variation of VAE
(VAE-GRF), introducing a novel anomaly map. Finally, Nguyen et al. [20] published a
comparison of state-of-the-art VAE methods.

In the context of vibration condition monitoring, deep learning [21], and, specifically,
AEs, have proven effective in identifying structural anomalies [22]. Moreover, having
assessed the capabilities of AEs to identify anomalies in images, it is worth exploring the
concept of transforming vibration signals into “images”. This approach has been extensively
investigated in the literature, particularly using the Short-Time Fourier Transform (STFT) or
Discrete Wavelet Transform (DWT). Recently, some research has focused on a variation of
these techniques called the Synchrosqueezing Transform (SST), which produces spectrograms
with clearer and sharper components. The literature on the use of the SST for AD or
condition monitoring is relatively sparse, although some notable examples exist. Wang
et al. [23] utilized the SST to overcome the limitations of Fourier transform and wavelet
analysis in seismic data analysis. Hazra et al. employed the SST to study anomalies
involving gearboxes before using unsupervised methods in several applications [24–26].
Mao [27] used a variation of the SST, called the adaptive SST, to identify oil reservoirs.
Tian et al. [28] applied the SST to detect ferromagnetic objects. Finally, Rasul et al. [29]
exploited the SST before feeding a deep learning model built for classification. Generally
speaking, the SST can be applied to both the STFT and the DWT. However, in this work,
we explore the synchrosqueezing of a Short-Time Fourier Transform (FSST). This choice
is based on the observation that the frequency content of the STFT is often immediately
understandable, as well as the meaning of the main frequency components, which can
be directly used in mathematical relationships accounting for periodic functions. The
FSST is essentially a refinement of the STFT, where sparsity is promoted, making the
main frequency components clearer. In contrast, the interpretation of the DWT is not as
straightforward. Although DWTs have proven to be highly effective in AD, in this phase it
has been decided to postpone their exploration to future works.

From this comprehensive review on AD with AEs and SST, the following observations
have been derived:

• In the field of AD based on vibrations, using the SST instead of the STFT and DWT
appears to be a profitable strategy due to the sparsity and sharpness of the resulting
spectrograms.

• The use of convolutional neural networks (CNNs) seems to be the main reason behind
the outstanding performance of unsupervised AD in images, which also allows for
good interpretability, especially as evidenced by the heatmaps produced by Grad-
CAM [14].

• Many studies employ AEs with a spatial latent space. It is observed that models with
this latent space generally feature better performance than those with dense layers,
with fewer weights.

• The performance of VAEs is generally superior to that of AEs, at the cost of a slight
complication, i.e., the implementation of the KL loss in the latent space. At the same



Machines 2025, 13, 139 4 of 21

time, more refined VAE variations do improve overall performance, although this
increase is not always justified by the complexity of those models.

All these observations suggest that mapping raw vibrations into a domain where they
can be treated as images allows for analysis with a suitable CAE.

Main Contributions

The objective of this paper is to investigate the application of image processing techniques
for vibration monitoring. This involves transforming the signals from the time domain to the
time–frequency domain using an SST. Subsequently, various types of CAEs are trained on
initial samples of acceleration data collected from industrial machinery in healthy condition.
Finally, these models are tested on new data samples, which represent different levels of
system degradation. The main contributions of the paper are listed as follows:

• The SST is systematically applied to an extensive dataset produced by an accelerometer
mounted on machinery subjected to degradation, so as to enable a vibration-based
unsupervised AD methodology.

• A comparison of two types of unsupervised AD models is conducted: CAEs and VAEs.
Additionally, for each model, two latent spaces are examined: the common dense
latent space and the less common spatial (convolutional) latent space. This comparison
enables an understanding of the practical implications of this combinations in terms
of AD performance, model structure, and best practices in model training.

• The introduction of “ReLU residual”, a metric to enhance the visibility of anomalies at
pixel level.

This paper is arranged as follows: In Section 2, the main theoretical concepts are briefly
introduced. Section 3 describes the structure of the dataset and the methodology adopted
to compare the different versions of AEs. In Section 4, the results are shown and discussed.
Finally, in Section 5, some conclusive comments are drawn. The data used in this study are
available at https://bit.ly/4ahDnzY (accessed on 26 January 2025).

2. Theoretical Background
To achieve the objectives proposed in the introduction, the theoretical background of

the main concepts addressed in this study is presented here.

2.1. Unsupervised Anomaly Detection

Anomaly detection (AD), also known as outlier or novelty detection, focuses on methods
that use data to identify observations that significantly deviate from the concept of “nom-
inality”. The methods commonly used in AD are unsupervised, meaning that anomalous
observations are unlabeled, and when labels do exist, they are generally insufficient to effec-
tively characterize the concept of anomalousness [30]. In the context of industrial monitoring,
a simple yet effective scheme to build an unsupervised monitoring solution is depicted in
Figure 1. The unsupervised model is trained on data from the system in a “healthy” condition.
It is hypothesized that machinery is in good condition at the beginning of its service life.
The baseline (training set) is therefore selected from a period during which the machinery is
operating in an optimal state. This procedure is similar to that used in unsupervised anomaly
detection with images, where the training set typically consists of photos of objects with
no superficial defects. However, for such datasets, there is usually an anomaly map at the
pixel level, which allows for evaluating the model’s performance during deployment for each
image. Ideally, the model should identify the patterns associated with the anomaly map as
anomalous. Finally, the trained model is then deployed on new data from the monitored
system. The use of suitable metrics should help the machinery’s responsible personnel make
informed decisions on when to perform maintenance.

https://bit.ly/4ahDnzY
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Figure 1. Scheme that represents the training and monitoring phases for a generic industrial process,
based on an unsupervised AD approach. The dashed boxes represent the only tasks that require
human supervision.

2.2. Time or Space Analysis?

Acceleration signals are ergodic and time-dependent, meaning they can be viewed
as collections of values (vectors) with strong statistical–temporal relationships among
samples. However, the commonly used neural network layers designed to capture temporal
relationships, such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU),
are notoriously difficult to train, leading to long training times and issues like vanishing
gradients [31,32]. By transforming the time series into spatial matrices, we can leverage
the power of convolutional layers, which are more efficient to train compared to recurrent
layers. Convolutional layers operate on local regions of the input, allowing them to capture
spatial patterns without the need for long-range dependencies. This is why it is increasingly
common to find research where digital signals are transformed into images through time–
frequency analysis, using techniques such as the STFT and DWT.

2.3. Synchrosqueezing Transform

The Synchrosqueezing Transform (SST) was initially introduced in the context of audio
signal processing and is particularly appealing due to its properties of invertibility and
sparsity [33]. It can be applied to both the Fourier Transform and the Wavelet Transform; in
the former case, it is considered an enhancement of the STFT. The STFT of a signal x(t) is
expressed as follows:

STFTx(t, ω) =
∫ ∞

−∞
x(τ) · w(t − τ) · e−jωτ dτ (1)

where w(t) is a window function centered at t, and j is the imaginary unit. While the STFT
provides a time–frequency representation of the signal, it can suffer from blurring due to
the Heisenberg uncertainty principle.

The SST aims to offer a more localized time–frequency representation by redistributing
the energy of the STFT. This is achieved by computing a modified STFT, where each
frequency component is “squeezed” to its central frequency, resulting in the SST of an STFT,
usually indicated as the FSST. The FSST of x(t) is defined as follows [34]:

FSSTx(t, ω) =
∫ ∞

−∞
|STFTx(t, ω′)|2 · δ(ω − ωc(t, ω′)) dω′ (2)

where ωc(t, ω′) is the central frequency at time t and frequency ω′, and δ is the Dirac
delta function. By redistributing the energy of the STFT in this way, the FSST provides a
more accurate and interpretable time–frequency representation of the signal. This makes it
particularly useful for analyzing non-stationary signals, where the spectral content varies
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over time. In time series analysis, this can help uncover hidden structures and patterns
in the data that are not evident in the raw time series or the simple STFT. In Figure 2, an
example of the results by applying the STFT and the FSST to the same accelerometer signal
is shown. Clearly, the SST promotes a more sparse representation of the signal, making the
dominant frequency contents evident.

(a) (b)

Figure 2. Comparison of the STFT (a) and the FSST (b), applied to the same piece of acceleration
signal. The SST approach promotes sparsity in the time–frequency domain.

2.4. Autoencoders

Among the various methods for achieving AD, Autoencoders (AEs) fall into the
category of reconstruction-based models. These models are based on the idea that if a
model is trained to successfully reconstruct a certain category of objects, it will fail to
reconstruct objects with characteristics significantly different from those in the “nominal”
category. In practice, AEs are a type of neural network characterized by the following
properties [30]: Consider a feature map ϕθ : X → X , which maps the input data space
X onto itself. Let us assume that ϕθ is obtained by concatenating two sub-functions,
ϕθ = (ϕd ◦ ϕe)θ , where ϕe : X → Z is the “encoding” function, and ϕd : Z → X is the
“decoding” function. The training objective is to learn the set of parameters θ so that an
unlabeled input is reconstructed with minimal error, i.e., ϕθ(x) = ϕd(ϕe(x)) = x̂. If the loss
function considered is the mean absolute error (MAE), the problem formalizes as follows:

min
θ

1
n

n

∑
i=1

|xi − (ϕd ◦ ϕe)θ (xi)|+R (3)

where R refers to the regularization terms that might be introduced to promote certain
characteristics in the model. An example of a simple AE is shown in Figure 3a.

(a) (b)

Figure 3. Graphical representation of a simple AE (a); the input element x is mapped into an
n-dimensional latent space—z—and then mapped back into the original data space. Graphical
representation of a CAE with a spatial latent space (b); the input image is elaborated through a fully
convolutional architecture.

When dealing with objects characterized by spatial information, convolutional CAEs
are the most common unsupervised models. Like an AE, the structure of a CAE is sym-
metric and composed of convolutional layers in both the encoder and decoder. During the
encoding phase, the CAE utilizes a series of convolutional and pooling layers to compress
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the input data into a lower-dimensional latent space. This process preserves the most
critical features of the input while eliminating less important details and noise. In the
decoding phase, the CAE takes this compressed representation and employs a sequence of
upsampling and convolutional layers to reconstruct it back to the original input space. In
CAEs, the latent space can be either dense—meaning there is a one-axis tensor in the latent
space (z ∈ Rh)—or spatial, where the convolutional structure is preserved in the latent
space (z ∈ Rh×w×c). The former configuration requires a flatten layer, which introduces
many weights into the model, whereas the latter configuration ensures a model charac-
terized by a reduced number of weights, thereby assuring better performance [16]. An
example of a CAE with a spatial latent space is shown in Figure 3b.

2.5. Variational Autoencoders

One main drawback of AEs in their “vanilla” version is that they do not consider the
structure of the latent space. Typically, the latent space does not produce an ordered repre-
sentation, making AD in the latent space less effective [35]. However, the literature review
in the introduction has shown that generative models have been extensively explored, even
in the context of AD. Variational Autoencoders (VAEs) are a class of neural generative
models that maximize data likelihood by optimizing the evidence lower bound (ELBO),
defined in the generic variational approach as follows [36]:

LELBO = Ez∼Q(z|x) log(P(x|z))− KL(Q(z|x) || P(z)) (4)

The first term represents the expected value of the log-likelihood of the datapoint x
given the latent variable z, with the expectation taken with respect to the approximate
posterior distribution Q(z|x). The second term represents the Kullback–Leibler divergence
between the approximate posterior distribution Q(z|x) and the prior distribution of the
latent variable P(z). This KL divergence encourages a well-structured latent space and
prevents the training process from converging to trivial solutions.

Assuming that Q(z|x) is normally distributed, with mean and variance given by the
encoding functions µe(x) and σ2

e (x), and considering a standard normal distribution as the
prior, the KL divergence can be computed in closed form:

KL(G(µe(x), σe(x)), G(0, 1)) =
1
2

(
µe(x)2 + σ2

e (x)− log(σ2
e (x))− 1

)
(5)

The Gaussian assumption also simplifies the first term, as it can be shown that

Ez∼G(µe(x), σe(x)) log(P(x|z)) = (x − ϕd(z))2 (6)

which is the reconstruction loss. This allows us to introduce the following compact equation
for the ELBO problem in VAEs:

LELBO = LR + LKL (7)

LR = Ez∼Q(z|x) log(P(x|z)) (8)

LKL = −KL(Q(z|x) || P(z)) (9)

where LR is the reconstruction loss and LKL is the KL divergence.
In VAEs, the encoding functions µe(x) and σ2

e (x), and the decoding function ϕd(z), are
approximated by neural networks. Finally, backpropagation is enabled by the well-known
reparameterization trick [37]. Examples of VAEs with dense and spatial latent spaces
(sVAE) are shown in Figure 4a,b.
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(a) (b)

Figure 4. Example of a VAE with a dense latent space (a) and a spatial (sVAE) latent space (b).

2.6. Annealing in VAE Training

Training a VAE is notoriously challenging. Balancing the reconstruction error and the
KL divergence has been the subject of numerous studies. A significant breakthrough in this
field was achieved with the introduction of the β-VAE, which incorporates a weight that
multiplies the KL divergence to help balance the two loss functions [38]. In this context, the
VAE can be seen as a regularized version of the simple AE (refer to Equation (3)):

Lβ = LR + β · LKL (10)

Building on the β-VAE configuration, Hao et al. [39] proposed cyclical annealing of
the KL divergence to mitigate KL vanishing, improving upon the concept of monotonic
annealing [40]. In practice, the weight β increases after each epoch, starting from a null
value. After a predefined number of epochs, β is reset to null, and the procedure repeats.
An example of training following these procedures is shown in Figure 5.

(a) (b)

Figure 5. Example of a VAE’s training process with different annealing strategies: monotonic
annealing (a) and cycling annealing (b). The red curve refers to the product β · LKL.

3. Dataset Description and Methodology
The dataset considered in this research comes from machinery used for the trans-

portation of lumped goods, specifically a conveyor chain. In this section, only the relevant
information for the research scope is reported about the acquired data, introducing some
simplifications on how the data were collected. However, a precise description of the
system under study and the complete acquisition system is presented in [41], bearing in
mind that this is an example of vibration monitoring of machinery subjected to degradation.
Although the dataset used for testing data-driven models is commonly presented after the
description of the methodology, here the opposite will be carried out to make the procedure
prescribed in the methodology clearer for the reader.
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3.1. Data Collection

An accelerometer (Figure 6) was mounted on the platform of a conveyor chain, where
high degradation is expected for the material located between the platform and the moving
chain. Several tests, each three hours long, were conducted, varying the boundary condi-
tions: three main velocities were considered for the electric motor moving the chain, and
three load configurations, varying the number of masses on the conveyor. The nine tests
were then repeated for a total of four rounds to highlight the system’s degradation after
several working hours. From previous knowledge of the system, two main failure modes
are expected to be visible in the measured accelerations due to the system’s degradation:

1. The degradation of the chain elements produces an elongation of the average chain
pitch. This will be reflected in the shifting of the main frequencies in the spectra
towards lower-frequency components.

2. The degradation of the polyethylene sleeve between the platform and the chain
generates an increase in the mean RMS of the vibrations, producing an increase in the
frequency amplitudes.

To provide more evidence of these aspects, which are present but not visually clear
in the spectra, three more rounds were generated, starting from the real data by artificially
increasing the chain elongation, and then simulating a severe degradation of the chain elements.
Further details on chain elongation and its effect in the frequency domain can be found in [41].
Additionally, artificially increasing the chain pitch by lowering the main frequency components
is expected to facilitate the anomaly detection task performed by the models. This assertion
will be corroborated in the results, and specifically in Section 4.2. The procedure followed to
generate these artificial rounds is described in the next subsection.

Figure 6. Photo of the piezoelectric accelerometer mounted on the platform of the conveyor (measur-
ing axis oriented orthogonally to the platform surface).

3.2. Data Preprocessing

As discussed in depth in the introduction, the main purpose of this work is to leverage
models suitable for image processing to achieve AD. This requires converting the vibration
signals into images, i.e., 2-D tensors. It should be noted that most convolutional layers
support the possibility of applying the convolutional operation separately to multiple chan-
nels, thus handling 3-D tensors. However, to enable a visual representation of the tensors
and maintain consistency with the literature, only one channel (i.e., one accelerometer) is
addressed here.

The FSST, as defined in Section 2.3, is applied to the accelerometer signals (1-D ten-
sors) extracted from the tests, with time windows of 10 s. The resulting time–frequency
spectrogram is then segmented into several 2-D tensors, each 20 s long. Considering a
sampling frequency of 64 Hz, each tensor has a shape of 320 × 1280. Moreover, with
50 min of acceleration data for each test, this procedure yields 150 “images” per test, and
approximately 1350 images per round.
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An issue emerges: due to the different velocities at which tests are carried out, the
main frequency contribution in the spectra changes significantly for different tests, even
though they might occur within a few hours, with the system in practically the same
condition. For this reason, a “normalization” of the spectrograms with respect to the motor
velocity is applied by dividing the frequencies by the theoretical frequency (i.e., the frequency
imposed by a chain with a nominal pitch for a given motor velocity) [35]. In this way, for the
healthy system, the higher contributions in the spectrogram are expected at a normalized
frequency of 1, and they shift towards lower normalized frequencies as the chain wears
out. This feature is also exploited to create three more synthetic rounds by modifying
the tensors from rounds 2, 3, and 4. This is carried out by considering theoretical link
passage frequencies that are increased by 10%, 20%, and 30% compared to the real ones,
respectively, so that the main dominant frequencies in the spectrogram are found at lower
frequencies (i.e., the chain appears dangerously elongated). A summary of the complete
dataset employed is schematically shown in Figure 7.

Figure 7. Visual representation of the dataset employed. The accelerations have been collected
throughout 4 “rounds” for the machinery. Three more rounds have been generated synthetically.

Finally, to maintain the constant shape of the 2-D tensors, the normalized frequency
axis is linearly interpolated onto a predefined normalized frequency vector, ranging from
0 to 2.5, with steps of 0.01 (251 elements). This technique, widely used in image process-
ing [42], ensures consistent frequency indexing and enables the effective feeding of the
tensors to the same neural network. The result of motor velocity normalization is repre-
sented in Figure 8. In this way, the load condition is the only external factor whose value
the model does not have access to.

(a) (b)

Figure 8. Motor velocity normalization. Starting from the SST spectrogram (a), the frequency axis is
normalized with respect to the motor velocity. Then, a linear interpolation of the frequency axis to a
predefine normalized frequency vector is performed (b).

3.3. Methodology

In health monitoring problems, and more generally in an AD setting, unsupervised
approaches are currently the only profitable class of algorithms [30]. With reference to
Figure 1, two key phases are clearly present in the pipeline:
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• In the training phase, data representative of the machinery in good condition are used
to train a data-driven model. The selection of the model is crucial, as the system’s
performance will be closely related to the model and its hyperparameters. In this
work, four AEs are compared, each of which will be detailed in the next subsection.
The spectrograms from round 1 serve as the training set used to fit the models.

• In the monitoring phase, the trained model is deployed to identify possible anomalies
in the new data. To do so, several metrics must be introduced. In this work, for AD
at the image level, the metrics introduced are the KL divergence (for the VAEs), the
MAE between the input and the output tensor, and the ReLU MAE (for both the AE
and VAE). At the pixel level, anomalies are identified by the point-wise difference
between the input and output tensors (residual tensor) and the ReLU residual. All
these metrics are detailed in the next subsection. All rounds will be evaluated in this
phase to establish how the metrics change round after round.

The procedure follows this pipeline: the models are trained on round 1 and then tested
on all rounds, evaluating the metrics.

3.4. Anomaly Metrics

To establish if an object is anomalous or not, it is crucial to define the anomaly metrics.
In particular, two classes of metrics are introduced here: those at the image level, which
allow us to infer if a spectrogram is anomalous or not, and those at the pixel level, which
allow us to determine which elements of the spectrogram are anomalous.

At the pixel level, the metrics chosen are directly derived from the reconstruction
loss: the residual spectrogram and the ReLU residual (Rectified Linear Unit) spectrogram.
The residual spectrogram is the simple difference between the input tensor and the recon-
structed tensor (with reference to the symbols introduced in Equation (3)):

ri = xi − (ϕd ◦ ϕe)θ (xi) (11)

where the pedix i refers to the i-th pixel. The ReLU residual spectrogram is developed from
the observation that we are interested in what is present in the input and not in the output,
and not vice versa, which is similar to what is carried out in Grad-CAM [14]:

rReLU,i = max(0, xi − (ϕd ◦ ϕe)θ (xi)) (12)

The ReLU MAE is expected to increase in correspondence with the pixels characterized by
patterns that are not recognized by the AE.

Regarding the metrics at the image level, two metrics are used for the CAEs and three
for the VAEs. One is the simple MAE, already presented in Equation (3). The other is the
ReLU MAE, introduced to extend the idea of the ReLU residual from the pixel level to the
image level:

MAEi =
1
n

n

∑
i=1

|max(0, xi − (ϕd ◦ ϕe)θ (xi))| (13)

For the VAEs, the last metric is the KL divergence (Equation (5)).

3.5. Models

Four data-driven models are considered in this work; all share the same input and
output dimensions (251 × 1280) and most of the layers. They all have the structure of a CAE.
All the models have an encoder made up of four 2-D convolutional layers, each followed by
a 2-D Max pooling layer. The decoder is made up of four 2-D Convolutional Transpose layers,
each followed by a 2-D Upsampling layer. Finally, a further 2-D Convolutional Transpose and
a 2-D Cropping layer are employed to adjust the output tensor dimension to the input one.
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The common structure for the AEs is depicted in Figure 9. The four models differ in what
happens in the latent space. The models are as follows:

1. A CAE with a dense latent space of 128 elements. To achieve this, a flatten layer is
required. This model is characterized by 42,448,769 weights. The metric used in
training is the MAE.

2. A CAE with a spatial latent space of dimensions (8, 40, 16). This model is characterized
by 233,505 weights. The metric used in training is the MAE.

3. A VAE with a dense latent space of 128 elements. Similar to model 1, a flatten layer
is required. This model is characterized by 21,379,969 weights. In training, the
reconstruction error is the MAE, whereas annealing is applied to the KL divergence to
regulate the β value from Equation (10).

4. A VAE with a spatial latent space of dimensions (8, 40, 16). This model is characterized
by 134,048 weights. As per model 3, the reconstruction error is the MAE and annealing
is applied to the KL divergence.

For the VAEs, both cycling and monotonic annealing will be tested, with different cycle
length and maximum values for β.

Figure 9. Common structure shared by all the four models evaluated in this work. For 2-D convolu-
tional layers, the first number refers to the number of filters, the value between parenthesis to the
kernel size.

4. Results
All the models were trained on a machine equipped with an NVIDIA GeForce RTX

3090 and using the Python library TensorFlow 2.12. In the first round, which serves as the
training set, 15% of the spectrograms were kept for validation. The batch size chosen was
eight, resulting in 120 batches per epoch. All the models were trained for 1000 epochs.

4.1. CAE with Dense Latent Space

The training time for this model was approximately 5 s per epoch. Figure 10a shows
the training process, highlighting how the system began overfitting on the validation set
after fewer than 100 epochs of training.

The trained model was then deployed on the spectrograms from all the rounds.
Figure 10b presents the distributions of the metrics at the image level, that is, the MAE and
the ReLU MAE, shown separately for each round. It is evident that both metrics generally
increased between the training round (the first one) and the other rounds. However, the
model seems unable to capture the progressive level of anomaly from each round, as
all rounds share similar values for both metrics and do not feature a clear progression.
Additionally, the two metrics yielded comparable results.

At the pixel level, it is possible to appreciate the anomalous frequency components.
Two random tensors from the rounds that scored the minimum and maximum median
values in Figure 10b were chosen, specifically round 1 and the modified round 2. Figure 11a
shows an original spectrogram from round 1, its reconstructed spectrogram, the residual,
and the ReLU residual, in this order. It is clear, especially from the ReLU residual, that
most of the tensor was reconstructed correctly. Figure 11b presents the corresponding
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results for a spectrogram from the modified round 2. Here, the model clearly identified the
main two frequency components as anomalous, as they are still present in the residuals.
Again, the ReLU residual shows more concise and understandable results compared to the
simple residual.

(a) (b)

Figure 10. Results of CAE with dense latente space: (a) train and validation loss histories; (b) boxplots
representing the distributions of the reconstruction losses (MAE and ReLU MAE) for each round.

(a) (b)

Figure 11. Visualization of the results for the CAE with a dense latent space for a random spectrogram
extracted from round 1 (a) and from round 2 modified (b). From top to bottom: original spectrogram,
spectrogram reconstructed by the CAE, residual spectrogram, and ReLU residual.
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4.2. CAE with Spatial Latent Space

The training time for this model was approximately 5 s per epoch. Figure 10a rep-
resents the training process for this model. From Figure 12a, it is evident that the spatial
latent space achieves better performance compared to a dense latent space in terms of
reconstruction accuracy. Moreover, after 1000 epochs, both training and validation losses
are still improving.

(a) (b)

Figure 12. Results of the CAE with a spatial latent space: (a) train and validation loss histories;
(b) boxplots representing the distributions of the reconstruction losses (MAE and ReLU MAE) for
each round.

The trained model was subsequently tested on the other rounds. Figure 12b shows the
boxplots of the MAE and ReLU MAE obtained by the model in all the rounds. According
to this model, the “real” rounds are all nominal, whereas both anomaly metrics increase
substantially for the “artificial” rounds. Figure 13a,b show the results for the lowest MAE
(round 3) and the highest one (modified round 2), respectively. From the comparison of
the two ReLU residuals, it can be seen that an almost perfect reconstruction is obtained for
round 3, whereas the main frequency component present in the modified round 2 spectro-
gram is perfectly preserved, meaning that is an anomalous pattern according this CAE.

4.3. VAE with Dense Latent Space

The training time for this model took approximately 5 s per epoch. After evaluating
both cycling and monotonic annealing with different combinations of cycle length and max
β value, it was noted that the monotonic strategy with a max β of 103 yielded a smooth
reduction in the overall loss. Figure 14a shows the history of reconstruction and KL loss
during training. The boxplots with the KL divergence, MAE, and ReLU MAE obtained
when testing the model on all the rounds are represented in Figure 14b. In VAEs, the KL
divergence loss can be used as an anomaly score; it appears that the distribution estimated
for the “synthetic” rounds progressively deviates from a standard Gaussian distribution.
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(a) (b)

Figure 13. Visualization of the results for the CAE with a spatial latent space, for a random spec-
trogram extracted from round 3 (a) and from round 2 modified (b). From top to bottom: original
spectrogram, spectrogram reconstructed by the CAE, residual spectrogram, and ReLU residual.

The lowest median for the ReLU MAE is achieved for round 3, whereas the highest
is for the modified round 2. One spectrogram for each of these rounds is represented in
Figure 15a,b. Two results are quite visible here: the two reconstructed spectrograms are
practically the same, and they seem to represent an “average” round 1 spectrogram. This
result is noted for more spectrograms taken randomly from any round, which means that
this “average” spectrogram is produced by this VAE regardless of the input tensor. The
ReLU residual from round 3 (Figure 15a) could be interpreted as having no anomaly identi-
fied by the model, whereas the ReLU residual for round 2 modified shows that the original
spectrogram is entirely preserved, meaning that it is likely to present anomalous patterns.

(a) (b)

Figure 14. Results of the VAE with a dense latente space: (a) reconstruction and KL loss histories
in training; (b) boxplots representing the distributions of the reconstruction losses (KL divergence,
MAE, and ReLU MAE) for each round.
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(a) (b)

Figure 15. Visualization of the results for the VAE with a dense latent space for a random spectrogram
extracted from round 3 (a) and from round 2 modified (b). From top to bottom: original spectrogram,
spectrogram reconstructed by the VAE, residual spectrogram, and ReLU residual.

4.4. VAE with Spatial Latent Space

Finally, the VAE with a spatial latent space was trained on round 1, with monotonic
annealing and a max β of 106, following similar considerations to the ones made for the
dense VAE. Also for this model, the training time took 5 s per epoch. The training history
is reported in Figure 16a. The KL loss value appears unstable during the training process.

(a) (b)

Figure 16. Results of the VAE with a spatial latente space: (a) reconstruction and KL loss histories
in training; (b) boxplots representing the distributions of the reconstruction losses (KL divergence,
MAE, and ReLU MAE) for each round.

Figure 16b shows the boxplots for the three losses (KL divergence, MAE, and ReLU
MAE). In this case, the KL divergence loss decreases with the rounds, whereas the “syn-
thetic” rounds achieve higher reconstruction losses compared to the real rounds, although
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the difference is not sharp. Figures 17 and 18 represent the spectrograms for which the
lowest and highest median reconstruction loss is achieved by the spatial VAE model, respec-
tively, for round 3 and round 2 modified. The residual spectrograms differ substantially
between the two rounds: most of the original spectrogram from round 3 is not present
in the ReLU residual, whereas the majority of the spectrogram from round 2 modified is
preserved in the ReLU residual. This indicates that the patterns in the spectrogram from
round 2 modified are considered anomalous by this model.

Figure 17. Original spectrogram from round 4, spectrogram reconstructed by the VAE with a spatial
latent space, residual spectrogram, and ReLU residual.

Although it appears that the model is able to identify anomalous patterns at the pixel
level, this capacity does not reflect on the metrics at the image level (Figure 16b), where
none of the metrics substantially increase with the round number.

Figure 18. Original spectrogram from round 2 modified, spectrogram reconstructed by the VAE with
a spatial latent space, residual spectrogram, and ReLU residual.

4.5. Discussion

By examining the reconstructed spectrograms, it is evident that utilizing a spatial
latent space enables accurate image reconstruction. Particularly in the VAE, the dense latent
space (Figure 15a,b) proves inadequate for characterizing the spectrograms, as all output
tensors exhibit a similar appearance, resembling an “average” and simplified representation
of the round 1 spectrograms. This is also reflected in the KL loss achieved for the VAE
with a dense latent space, as depicted in Figure 14b. It shows a very low KL divergence
only for round 2, with limited median values for rounds 1, 3, and 4, that substantially
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increase for all the synthetic rounds. This indicates that the produced distributions become
increasingly different from the nominal one with each round. Generally speaking, the poor
results of the two VAEs compared to the two CAEs in AD capabilities can be attributed
to the fact that reconstruction metrics are not suitable for use with VAEs. Due to the
statistical arrangement of their latent space, metrics built in the latent space (such as the KL
divergence) or more refined methods based on the latent space distribution should be used
instead. This outcome could also be due to a suboptimal choice of the latent space or the
training approach. Optimization of both factors should be addressed in future work, as
it is evident that, compared to their CAE counterparts, VAEs require dedicated and more
refined hyperparameter tuning.

It is also noteworthy that the spatial latent space requires significantly fewer weights—
and consequently, less model memory usage—compared to the dense latent space. In fact,
better reconstruction losses are achieved with spatial latent spaces within a comparable
training time.

Regarding AD at the pixel level, employing the ReLU residual instead of the simple
residual tensor results in a more comprehensible representation of the anomalous frequency
components in the spectrogram. Additionally, the use of ReLU MAE and simple MAE did
not yield significant differences at the image level, regardless of the model considered, as
clearly seen in Figures 10b, 12b, 14b and 16b. It is also evident that when relying solely on
image-level losses for making informed decisions, the CAE with a spatial latent space is
the only model capable of identifying a clear distinction between the “real” and “synthetic”
data. Moreover, due to the extensive use of VAEs in the literature for AD in images, it is
clear that further work on the metrics and models is required to fine-tune VAEs to optimal
working conditions.

Finally, it is important to discuss the practical implementation of this methodology in
a real-world industrial scenario. For instance, the duration required to collect a training set
comprising signals representative of “healthy” machinery should be assessed beforehand,
necessitating a minimum understanding of the degradation velocity. Additionally, if one
relies solely on metrics extracted at the image level (such as reconstruction loss or ReLU
MAE), a subsequent method should be introduced to define a threshold (or multiple
thresholds) beyond which the machinery is considered non-operable. To establish these
thresholds, it might be essential to collect more vibrational datasets from similar systems
undergoing degradation, thereby compiling a comprehensive collection of data upon
which to base the selection of the thresholds. Furthermore, factors such as operational
environments and different machinery types might have unpredictable effects on the
acquired vibrations and the consequent model behavior. This necessitates the consideration
of various possible vibrational datasets in the methodology evaluation, which will enable
more robust and generalizable anomaly detection capabilities.

5. Conclusions
In this paper, we have presented a methodology for monitoring machinery based

on vibration analysis. The methodology relies on the FSST, followed by the use of a
CAE. This paper explores the rationale behind introducing such a methodology: in pixel-
level AD of images, unsupervised methods have seen outstanding development over the
last decade due to the implementation of convolutional neural networks. Moreover, the
research community is gradually acknowledging that unsupervised methodologies should
be preferred for monitoring problems in industrial contexts. The use of the SST allows
for the production of sparse and clear spectrograms, while the use of AEs and VAEs is
explored for both dense and spatial latent spaces. Overall, the superiority of the spatial
latent space compared to the dense one is observed in terms of reconstruction accuracy and
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AD capabilities, with the CAE with a spatial latent space able to identify as anomalous the
synthetic rounds, where the main frequency components have been substantially shifted.
Additionally, the VAEs did not yield satisfactory results, likely due to a poor choice of
the metrics and non-optimal training process. Finally, it is observed that the use of ReLU
residuals could aid the human eye in identifying anomalies present in the spectrogram,
although this metric might not be suitable for VAEs.

Further developments are necessary to fine-tune the VAEs and bring this type of
generative neural network to optimal conditions for AD purposes. This objective will
involve not only a revision of the model’s structure, but also of the metrics employed
and, likely, part of the methodology. Furthermore, future work should include comparing
additional state-of-the-art models in the field of anomaly detection at the pixel level,
beyond the four models presented in this paper. This will enable a more comprehensive
and favorable comparison.
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