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ARTICLE INFO ABSTRACT
Keywords: Data preprocessing is a key step in extracting useful information from sound and vibration data
Time-frequency analysis and often involves selecting a time-frequency representation. No single time-frequency repre-

Bayesian optimization

" " sentation is always optimal, and no standard method exists for selecting the appropriate time-
Machine learning

frequency representation, so selecting the time-frequency representation requires expert knowl-
edge and is susceptible to human bias. To address this, this work introduces a methodology to
automate the selection of a time-frequency representation for a dataset using only a subset of the
healthy, or normal, class of data. To select the parameters for each type of time-frequency rep-
resentation, Bayesian optimization is used. With a candidate from each type of time-frequency
representation, the average similarity is used to select the final candidate. Additionally, the use
of multiple time-frequency representations within a single model is explored. Because there is
currently no objective method to compare the selected time frequency representations against,
the proposed methodology is evaluated in two case studies. In the case studies, the time frequency
representations are used as inputs to a simple convolutional neural network that achieved 100%
accuracy in classifying bearing faults and 94% accuracy in classifying the contact tip to workpiece
distance in wire arc additive manufacturing. Additionally, the proposed methodology presents a
75% and 94% reduction in the data size for the two case studies. This offers further benefits for
reducing costs of data transmission and storage in modern digital manufacturing architectures.

1. Introduction

The recent rise in the Industrial Internet of Things has led to connected devices generating large amounts of data that characterize
industrial and manufacturing processes. To make use of this data and provide insights into monitored processes, machine learning
(ML) is being increasingly used in industrial applications [1,2]. One challenge with the increased adoption of ML is that the perfor-
mance of a model greatly depends on the parameters of the model. One such parameter is the preprocessing that is performed on a
dataset before training an ML model. The amount of preprocessing can range from using the raw signal to feature extraction, where the
original dataset is transformed into a reduced number of features. Feature extraction is common when dealing with signals like vi-
bration and can include statistical features, such as skew and kurtosis, or performing a time-frequency transformation [3]. Feature
extraction is beneficial because the reduced dimensionality of the input helps to avoid the curse of dimensionality [4], but the
extracted features must be carefully chosen since the quality of the extracted features strongly influences the results of a machine
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learning model [5]. The quality of the extracted features is especially important in unsupervised learning, which is of interest in in-
dustrial health monitoring because it is not always feasible to have labeled data for all possible failure modes [5].

In industrial ML, feature extraction from common data streams like vibration varies significantly from the major ML areas of image
processing and natural language processing. Therefore, additional research is needed to understand how to optimize the preprocessing
stage of industrial ML. The challenge with analyzing the time and frequency of a signal separately is that components may be mis-
represented or smeared, particularly in non-stationary signals. The time-frequency domain offers the ability to capture both time and
frequency components [6] and thus indicates the most generalized solution. In industrial applications, various time-frequency rep-
resentations (TFR) have been used, and additional details can be found in review articles [7,8].

With the recent increase of machine learning in industrial areas, TFRs of sensor data have been shown to be effective in pre-
processing sensor data for use in convolutional neural networks (CNN) [9]. Selecting the proper TFR, however, requires an expert with
domain knowledge because there is no single TFR that is always better than the others [7,10]. Within the industrial domain, prior work
has been done to evaluate the efficacy of different TFRs. Gao and Yan explored the use of the short-time Fourier transform (STFT),
discrete wavelet transform (DWT), wavelet packet transform (WPT), and Hilbert-Huang transform (HHT) for representing the state of a
bearing [11]. They found, from visual inspection, that the STFT and WPT were able to identify the frequency shifts associated with the
defect growth. Kim et al. compared the fast Fourier transform (FFT), STFT, Wigner-Ville distribution (WVD), and DWT for representing
the state of a grinding spindle [12]. By visual inspection between a normal and crack condition, the DWT was concluded to be the best.
Verstraete et al. evaluated the STFT, continuous wavelet transform (CWT), and HHT by training a CNN for each TFR. From the ac-
curacy of the trained CNN, it was found that the CWT performed the best except one case where the STFT was the best performer [9].
While these works provide an evaluation of TFRs for their problems, they do not provide users with general guidance and require
expert intervention since the TFR is chosen from visual inspection, or the TFR and appropriate parameters must be chosen by an expert.
Additionally, multiple classes are needed before these methods can be applied.

In the TFR selection work reviewed here, the focus is on common time-frequency methods. This is only a subset of time-frequency
methods available, and new time-frequency methods are continually introduced which offer improvements in particular use cases [13,
14]. The challenge of selecting a TFR is further highlighted in recent unsupervised machine anomaly detection that uses sound and
transformer-based networks. In the work, log-mel spectrograms were augmented with a 1D convolutional encoder and passed to a
transformer together because the spectrograms were not found to be sufficient alone [15].

In addition to selecting the time-frequency method to use, the parameters for the method must be selected. The parameters that
must be chosen depend on the TFR and affect the quality of the TFR. For example, when performing a STFT, the width of the window
must be selected, and this width influences both the time and frequency resolutions due to Heisenberg’s uncertainty principle [8].
Because of the importance of selecting these parameters, work has gone into optimal parameter selection for TFR, but before opti-
mizing a TFR, the quality of a TFR must be quantified. The Shannon entropy has been used to optimize various aspects of the wavelet
transform, including selecting the proper f value for the Morlet wavelet when performing signal denoising [16]. The Shannon entropy
has also been used in combination with the energy at a particular wavelet scale [17-19]. This approach required the scale of interest to
be known a priori, so its application is limited. Additionally, when starting with only healthy data, the scale at which a defect manifests
may not be known. While the Shannon entropy has been shown to be useful, it does not work when negative values are present, which
occur in some TFR, such as Cohen’s class. To combat this, the Rényi entropy is also considered. The Rényi entropy is used by Sang and
Williams to develop an optimal kernel for a reduced inference distribution, which reduces cross terms [20].

When selecting a mother wavelet for a wavelet transform, a common heuristic is that the mother wavelet should match the signal
[21]. Following this approach, some works optimize wavelet selection based on the correlation between wavelet coefficients and the
original signal [22,23]. However, matching the mother wavelet to the signal has been demonstrated to be non-optimal [21].

This prior work has shown that the TFR can be optimized using previously developed evaluation metrics, but it is limited because
multiple states must be seen beforehand, which cannot always be assumed in industrial data. Additionally, past work only considers a
single application area and the applicability to other domains is not known. Finally, because of the rather large search space, prior
work has focused on a subset of TFRs. With a limited search space, the optimum may be missed. This work aims to fill these gaps by
introducing a methodology for selecting a TFR to represent a dataset using only data from the healthy or normal class. In this, Bayesian
optimization is investigated to search through parameters used in generating the TFR for each TFR class. This research thus provides
practitioners with an objective method to select a TFR that may be used in downstream ML tasks, such as classification and regression.

2. Background
2.1. Time-frequency transformations

Analyzing a signal in the time domain as it is collected neglects all frequency information, which make it difficult to understand the
signal. A FFT could be performed on a signal to analyze it in the frequency domain, but in doing so, temporal information is lost. Time-
frequency analysis allows for an understanding of how the frequency information is changing in time. There is a myriad of time-
frequency transformations that can achieve this. In this work, four of the most common transformations used in industrial condi-
tion monitoring are used. The TFRs used are the STFT, DWT, HHT, and WVD. Each of these TFRs are introduced below.

2.1.1. Short-time Fourier transform
The STFT is a simple method of transforming a signal into the time-frequency domain, where the frequency content is calculated on
a short window of data. The STFT is described by the Eq. (1) [24]:
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where x(t) is the time signal and w(t —7) is the window centered at time 7.

When performing the STFT there are several parameters that must be chosen, including the window length, window overlap, and
window function. Because of the uncertainty principle, the time and frequency resolutions are inversely related. Thus, as the window
length is reduced, the time resolution will increase, but the frequency resolution will decrease. The window overlap defines how far the
window slides with each iteration. The simplest window function is that of a rectangular window, which takes a value of one within the
window and zero outside it. The discontinuities caused by the edges of the rectangular window can cause spectral leakage. To minimize
this effect, window functions such as the Hanning window, are used. The Hanning window forms a taper using a weighted cosine such
that the window smoothly approaches zero at the edges.

2.1.2. Discrete wavelet transform
The wavelet transform decomposes a signal in terms of a family of wavelets. The shape of the wavelet is defined by the mother
wavelet y/(t) used and is translated and scaled in time. The wavelet transform is described by the Eq. (2) [24]:

W(a,b) % 7 x(t)w(%)dt @

where a is the scale and b is the translation.

The wavelet transform can be continuous or discrete, which differ in how they discretize the scale and translation parameters. The
DWT uses exponential scales with a base equal to two, while the CWT uses a base smaller than two. This means that the CWT has a
higher resolution but redundant information, while the DWT does not contain redundant information and can be quickly computed.
Different mother wavelets have different properties. The Daubechies wavelets are compact in the time domain, but in principle, infinite
in the frequency domain. The Daubechies wavelet family is comprised of different mother wavelets with varying numbers of vanishing
moments. These mother wavelets are referred to as dbA, where A is the number of vanishing moments. The simplest member, dbl, is
the same as the Haar wavelet. The symmlet and coiflet wavelet families were proposed to combat the asymmetry of the Daubechies
wavelets. The symmlet and coiflet wavelets are referred to as coifA and symA, where A is the number of vanishing moments. The
biorthogonal wavelet family is comprised of real, symmetric wavelets, which use one mother wavelet to deconstruct a signal and
another to reconstruct it. The biorthogonal wavelets are referred to as biorA.B, where A and B are the number of vanishing moments in
the decomposition and reconstruction wavelets respectively. For more details on wavelets and mother wavelets please refer to [25].
Much like there is no single method for selecting a TFR, there is also no standard method for selecting the appropriate mother wavelet.
One common approach is to select the wavelet that matches the condition that is to be detected [24]; however, this has been shown to
be ineffective [21].

2.1.3. Hilbert-Huang Transform

The HHT is computed by decomposing a signal using empirical mode decomposition to get its intrinsic mode functions (IMFs) and
calculating the instantaneous frequency of each IMF [26]. Extracting IMFs is an iterative process called sifting. The number of iter-
ations represents the number of IMFs generated and continues until a stopping criterion is reached. In this work sifting is stopped when
the IMF is less than a prespecified threshold. In addition to the sift stopping criterion, the method of calculating the instantaneous
frequency and frequency scale are also parameters that must be selected when computing an HHT. Instantaneous frequency can be
calculated using several methods, including Hilbert transform, normalized Hilbert transform (NHT), and using the quadrature directly
[27].

2.1.4. Winger-Ville distribution
The WVD is formed by calculating the Wigner Distribution on the analytic signal z(t) of a real signal s(t). The WVD seemingly
violates the uncertainty principle but suffers from cross terms in multicomponent signals. The WVD is defined by the Eq. (3) [28]:

0

W, (t.f) = / 5(t+2)5 (- ) exp (~i2nfryde 3)

—o0

where the superscript asterisk (*) denotes the complex conjugate.

2.2. Bayesian optimization

Bayesian optimization is a powerful optimization technique that allows for the joint optimization of configuration parameters. The
goal of Bayesian optimization is to select parameters that minimize an objective function while testing as few combinations of pa-
rameters as possible. Because the number of evaluations is minimized, it is a useful method when the objective function is expensive to
evaluate. Bayesian optimization revolves around a surrogate and acquisition function. The surrogate function is the approximation of
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Table 1
Search space of TFRs and parameters.
TFR Parameter (units) Values
STFT Window Length (samples) [16, 1024]
Window Overlap (%) [0, 99]
Window Function ‘boxcar’, ‘hann’
DWT Daubechies *db1’,’db2’, ..., *db10’
Coiflets *coifl’, ‘coif2’, ..., *coif10’
Symmlets ’sym2’, ‘sym3’, ..., ’sym10’
Biorthogonal *biorl.1’, *bior2.2), *bior3.3/, "bior4.4’, *bior5.5, *bior6.8'
HHT Sift Stop Threshold [1e-9, 1e-7]
Frequency method "Hilbert’, *quadrature’, 'NHT’
Frequency scale ’linear’, log’
WVD

the objective function. The acquisition function is used to probabilistically determine where to evaluate the objective function. The
optimization is performed in an iterative fashion. At each iteration, the point from the acquisition function that is most likely to
minimize the objective function is evaluated. The surrogate function is refit with the additional datapoint, and the acquisition function
is used to evaluate the next point to test [29].

3. Methodology

In this work, a methodology for selecting a TFR to represent a dataset is introduced and tested. Specifically, the STFT, DWT, HHT,
and WVD are evaluated. Each of these TFRs, except for the WVD, have their own set of parameters, which are described in the
Background section. The values for each parameter that were explored in this work are listed in Table 1. To evaluate the fidelity of the
parameters, Rényi entropy was used. The Rényi entropy was chosen because of its use in prior work and ability to handle negative
values, which appear in Cohan’s class [30]. The Rényi entropy (H,) treats the TFR (p) as a joint probability distribution and measures
the concentration of information as shown in Eq. (4) [31]:

H(p) = g0 7t @
where @ > 0 and a # 0. The o term represents the order of the Rényi entropy. In this work, the third-order Rényi entropy was used
because it is defined for a broad class of TFRs [32].

To reduce the computation time required to explore the search space defined by the TFRs and their parameters, Bayesian opti-
mization was investigated. Bayesian optimization is chosen because it has been shown to meet or surpass an expert human at tuning
learning parameters and model hyperparameters for machine learning modeling [33]. Because the selection of a TFR and its pa-
rameters parallels the selection of a machine learning model and its hyperparameters, it is hypothesized that Bayesian optimization can
be used to automate the selection of a TFR. Bayesian optimization selects the optimal time-frequency parameters by forming a sur-
rogate objective function and an acquisition function that decides which parameters to test based on the greatest probability of
improving the objective function. The quality of the selected TFR is evaluated, the objective function is updated, and the acquisition
function selects the next set of parameters to evaluate [34]. When performing Bayesian optimization, the user must select the
maximum number of iterations to perform. The convergence of the optimization can be observed by monitoring the cumulative
minimum loss. The cumulative minimum must be used instead of just the most recent loss because the optimization will continue to
explore un-explored areas, so the most recent loss may not be the lowest. In this work, 20 iterations were performed because this was
found to be sufficient for convergence.

Differences between the TFR types make it infeasible to directly compare the entropy results between TFR types. For example, the
WVD is known to suffer from cross terms for multicomponent signals. This will inherently increase the entropy but has been suggested
to aid in classification accuracy [8,35]. For this reason, Bayesian optimization is performed on each TFR type separately. This results in
four TFRs. To determine the best TFR to represent the dataset from these four TFRs, the similarity within the optimization dataset
samples is used. The similarity is calculated as the average mean squared error (MSE) between all combinations. To account for
variations in scale across the different TFR classes, each TFR is scaled by its maximum value. The optimal TFR (TFR,) is thus deter-
mined by the Eq. (5):

. n n
argmin TFRg; TFRg;
TFR, = MSE
Ro=""% ];1 ; S (max (TFR,) max (TFR,) &)

where n is the number of samples in the optimization dataset and a are the four different TFR types.

Using an entire dataset in the optimization process would be time and resource consuming, so instead, a randomly chosen subset of
samples were used. Specifically, a random subset of the normal class is used. This is done because, in industrial fault monitoring, data
for all fault cases may not be initially available, so this work aims to select a TFR based only on the normal class. The complete process
is summarized in Fig. 1. After the TFR and parameters are chosen from the random samples, it is applied to the full dataset. To verify



N. DeVol et al. Journal of Sound and Vibration 596 (2025) 118788

DWT

Bayesian
Optimization over
TFR search space

Frequency [Hz)
Frequency [Hz]

Loss Function:
Average Rényi
entropy over the n
samples

1
He(®) = 1= alogzZp,f’
i

Time (sec]

3. For each TFR type: Appl
2. Per_form _Bayesian resulting TFR WA & g)z:lzglc?;es:nmtglagy
optimization for k 4. Select TFR with the greatest 7 perform Mann-
CRE T iterations on each TFR similarity between samples ’ Whitney U test to
1. Randomly sample n type 5. Apply selected TFR to compare the two
samples from full samples not used in groups
dataset (of normal optimization
samples) to use in
cost function

Remaining samples not used in
optimization loss

Frequency

00

o1 o2
Time [sec)

Fig. 1. Summary of the optimal TFR selection methodology.
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Fig. 2. Example signal comprised of (a) a base signal with (b) an impulse added to it to get the (c) resulting signal.
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Fig. 3. The result of applying the TFR selection methodology to an example signal demonstrates that the proposed methodology can select
appropriate parameters for each TFR type: (a) STFU, (b) DWT, (c) HHT, and (d) WVD.

that the subset of the data used in the optimization dataset was large enough to represent the full dataset, a Mann-Whitney U test is
performed on the entropies of the resulting TFRs. Each TFR results in different dimensions based on the parameters chosen. In this
work, the output of each TFR is resized to be 32 x 32 pixels so that the same CNN models can be used. Down sampling is done by
averaging over a sliding window. The 32 x 32 size allows for smaller CNN models to be generated and represents a reduction in the size
of the data compared to its raw format.

To illustrate the methodology, it is applied to an example signal comprised of a base signal and a disturbance. The base signal (xpase)
contains two components as described in Eq. (6), where t is sampled on the interval [0,2.5] at 2000 Hz. A disturbance in the form of an
exponentially decaying impulse signal (Xgisturbance) i added to the base signal starting at t = 1. The exponentially decaying impulse
signal is defined in Eq. (7). Plots of these signals are shown in Fig. 2. For illustrative purposes, this is a vibration signal with units of m/

s2.

Xpase = 1.5 % sin(2 % 7% 100 % t) + 1.0 * sin (2 x 7% 150 x t) 6)

Xdisturbance = 2 * € "1 sin (2 % 7% 500 % t) 7)

The result of applying the proposed TFR selection methodology to the example signal is shown in Fig. 3. In this example, only the
first part of the proposed methodology is performed where Bayesian optimization is used to select parameters for each TFR. Addi-
tionally, because there is only a single sample, the entropy of this sample is minimized as opposed to the average entropy over the
optimization dataset. The resulting TFRs show that all capture the nature of the example signal in that the base signal and impulse are
both represented with good localization. Fig. 3c also shows the cross-term that appears in the WVD between the base signal and the
impulse. This cross-term causes the entropy of the WVD distribution to be one of the higher ones in the group at 13.3 bits compared to
12.4 bits for the STFT, 13.9 bits for the DWT, and 12.8 bits for the HHT. The cross-term, however, has been suggested to benefit
classification tasks [8,35], and thus this example helps to illustrate the use of the similarity as opposed to the use of entropy for
selecting which TFR to use.

To evaluate the proposed methodology, and the resulting TFRs, two case studies were performed. This is done because there is
currently no objective methodology that can be used to compare the results against. Instead, the selected TFRs are used as inputs to
simple CNN models for each case study. If the models which use the TFRs produce good accuracies on their respective datasets, it is
concluded that the TFR appropriately represents the dataset.



N. DeVol et al. Journal of Sound and Vibration 596 (2025) 118788

02-
00-
-02- ' !
(a)
o 0.5-
0.0- 00-
o -05-
& . . . ' . . . . ' . .
£ () © (@)
S
2 x 2-
U
@ 0 0-
v
< -1- .
(e) (f) (9)
2- 0.2~ 2.5-
0- 0.0- 0.0-
-2 - -0.2 - -2.5-~
0.0 01 02 03 0.0 o1 02 03 0.0 01 02 03
(h) (i) ()

Time (sec)

Fig. 4. Example samples for each of the CWRU bearing dataset fault classes including (a) Normal, (b) 0.0178 mm B, (c) 0.0356 mm B, (d) 0.0533
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Fig. 5. Example samples from the WAAM dataset for the (a) normal CTWD and deviations from normal of (b) 2.54, (c) 5.08, (d) 7.62, (e) 10.16, (f)
12.7, and (g) 15.24 mm.
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Fig. 7. Composite convolutional neural network architecture used to train a single model from four TFRs.
4. Case studies

The two datasets used for the case studies allowed the methodology to be tested on both vibration and acoustic data. The first case
study was done on the Case Western Reserve University (CWRU) bearing dataset, which contains vibration data for three types of
seeded faults and three sizes each [36]. Seeded faults are introduced to the inner raceway (IR), outer raceway (OR), and rolling el-
ements (B). The seeded vaults are of sizes 0.0178, 0.0356, and 0.0533 mm (0.007, 0.014, and 0.021 inches). Each fault size is applied to
each component resulting in nine fault conditions. Including the normal condition, ten classes are present. For each of these ten
conditions, vibration data is collected for the system under four load conditions. The loads tested are 0, 0.735, 1.47, and 2.21 kW (0, 1,
2, and 3 horsepower), and data is sampled at 12 kHz. The problem explored with this dataset is to classify the fault condition using the
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Table 2
CWRU results for individual and composite models.
TFR Entropy MSE within Normal CNN Avg Test Accuracy
STFT 15.0 0.0045 1.0
DWT 15.1 0.013 0.98
HHT 13.1 0.0043 0.95
WVD 15.3 0.0037 1.0
Composite - - 1.0
Table 3
WAAM Results for individual and composite models.
TFR Entropy MSE within Normal CNN Avg Test Accuracy
STFT 15.4 0.0011 0.94
DWT 14.9 0.0022 0.41
HHT 11.7 0.0027 0.23
WVD 15.4 0.0089 0.23
Composite - - 0.92

vibration data. An example of a 0.34 s sample of vibration data for each class is shown in Fig. 4.

The second case study was performed on an acoustic dataset for monitoring the contact tip to work-piece distance (CTWD) in wire
arc additive manufacturing (WAAM) [37]. This dataset contains acoustic data for seven different CTWD values. Maintaining a constant
CTWD is important for the quality of WAAM parts, but cumulative errors from modeling inaccuracies and thermal conditions can cause
the CTWD to increase during a build. The seven CTWD values include the baseline, which represents the healthy value, and six fault
conditions that deviate from normal by 2.54 mm (0.1 inches) each step. The problem explored with this dataset is to classify the CTWD
using the acoustic data. An example of a 0.37 s sample of acoustic data for each is shown in Fig. 5.

4.1. Evaluation

To evaluate the effectiveness of the generated TFRs, a simple CNN architecture was used to create trained models of each TFR. A
CNN was used because it is well suited to handle the TFRs as input and has been shown to be successful for intelligent fault diagnostics
[38]. The model architecture used is based on the LeNet-5 architecture and is comprised of three pairs of convolutional and max pool
layers [39]. Convolutional kernels are of size (3,3) and the max pool kernel is (2,2); the convolutional and max pool layers both use a
stride of (1,1). The first convolutional layer is zero-padded while the following convolutional layers are not padded. After the last max
pool layer, there is a single fully connected layer (size 512) before the output layer. All hidden layers use the hyperbolic tangent
activation function. The output layer for the CWRU bearing dataset contains ten neurons for the nine fault classes and one normal class.
The output for the WAAM dataset is seven for the seven different CTWD values tested. In total, this results in models with 89,994
trainable parameters for CWRU models and 88,455 trainable parameters for WAAM models. This architecture is illustrated in Fig. 6.

In addition to generating a CNN for each TFR type, a single CNN was trained that takes all four TFRs as an input. Each input is the
same as in the previous model that takes a single TFR as input, so the input is 4 TFRs, each of size 32 x 32. This is referred to as the
composite model. The first convolution and max pool layer are independent for each TFR. To maintain the same total number of
trainable parameters as the models for each TFR, the first convolutional layers contain a quarter of the number of filters. The outputs
for each TFR are then combined before going through the following two convolution layers. This is done because the frequency axis of
the TFRs will not align, so stacking TFRs like color channels in an image does not make physical sense. This architecture is illustrated in
Fig. 7. While this increases the complexity of the model, it does not require a single TFR to be chosen. All models are trained for 40
epochs with categorical cross-entropy loss and the Adam optimizer. The TensorFlow default values for the Adam optimizer are used
including a learning rate of 0.001, 7 of 0.9, B2 0f 0.999, and ¢ of 1e-7. For both datasets, 80% of the data was used for training, and 20%
was used for testing.

For the composite models, the permutation importance was calculated to determine if the importance of each TFR correlates with
the performance of the single input models and the TFR similarities. Permutation importance is the decrease in model accuracy when a
single input feature is randomly shuffled [40]. The permutation importance for one of the input TFRs is determined by first randomly
shuffling the values of that TFR while leaving the remaining TFRs unchanged. The accuracy of the corrupted dataset is then computed.
This is repeated for K iterations and the importance, i, of the TFR under investigation is calculated as shown in Eq. (8) [40]:

1 K
i=acc—— Z accy, 8
K=

where acc is the accuracy of the uncorrupted dataset, and accy is the accuracy of the corrupted dataset at iteration k. In this work, 30
iterations were used.



N. DeVol et al. Journal of Sound and Vibration 596 (2025) 118788

Table 4

P values for the post hoc analysis comparing the MSE similarity values.
TFR 1 TEFR 2 CWRU WAAM
STFT DWT <0.001 .0020
STFT HHT .35 <0.001
STFT WVD <0.001 <0.001
DWT HHT <0.001 <0.001
DWT WVD <0.001 <0.001
HHT WVD .0039 <0.001

4.2. Results

For both case studies, 20 samples were randomly chosen from the normal class of data to be used to select the TFR. This represents
10% of the normal class of the CWRU bearing dataset and 4.4% of the WAAM dataset. The results of applying the TFR selection method
to the CWRU bearing dataset are summarized in Table 2. Results for the WAAM dataset are shown in Table 3. These tables show the
result of the models for each TFR separately, as well as the composite model that takes all four TFRs as input.

The average entropies of each TFR are given in Tables 2 and 3 for reference, but these values are not intended to be compared
between TFR types. Instead, the average MSE within the normal class is used to quantify the relative quality of each TFR before training
models. When comparing the CNN average accuracy for the CWRU bearing dataset, it is seen that all TFRs result in a high accuracy, so
any of the four TFR types could be used to represent the dataset. For the WAAM dataset, only one TFR, the STFT, results in a high
accuracy from the trained CNN model. This TFR is also the one with the lowest MSE within the normal class, indicating that it is the one
preferred by the introduced methodology. A Friedman test was performed on the MSE values, and the result was found to be statis-
tically significant for both the CWRU (p<.001) and WAAM (p<.001) datasets. Post hoc analysis with Wilcoxon signed-rank tests was
performed with Bonferroni correction applied, resulting in an adjusted significance level at p<.0125. The results of this post hoc
analysis showed that the only combination of TFRs that had a did not have a statistically significant difference were the STFT and HHT
for the CWRU bearing dataset. All p values are reported in Table 4.

To further illustrate the correlation between the CNN accuracy and the similarity within TFRs in the normal class (as measured by
the MSE), the values are plotted in Fig. 8 for both the CWRU and WAAM datasets. For the CWRU bearing dataset, no correlation is
observed, but all TFR types perform well with accuracies of at least 0.95. The WAAM dataset shows a clear downward trend until the
CNN accuracy hits a floor near 0.20.

Comparing the composite models results to the results of the individual models in Tables 2 and 3 indicates that selecting a single
TFR could be skipped in favor of using a model that takes multiple TFRs as input. For the CWRU dataset, the composite model matches
that of the best performing individual model. For the WAAM dataset, the performance of the composite model is within 3% of the best
single TFR model. The permutation importance for each TFR in the composite model are reported in Tables 5 and 6 for the CWRU and
WAAM datasets respectively.

After the TFR was selected and applied to the entire dataset, a Mann-Whitney U test was performed on the entropies of the samples
within and outside the optimization dataset to verify that the optimization dataset was large enough to represent the full dataset. The
Mann-Whitney U test was used because some of the entropy distributions were not normal. The results, shown in Table 7, verify that for
all four TFR types tested, the optimization dataset represented the normal class.

5. Discussion

The results from these case studies demonstrate that the proposed methodology is able to select TFRs that, when combined with a
simple CNN, are able to perform well on their respective tasks. For the CWRU bearing dataset, the proposed methodology matches the
performance of other published results, which use custom designed architectures [41]. For the WAAM architecture, the proposed
methodology exceeds the performance of previous work, which used statistical features and decision trees [37]. This presents a
promising result, since user input and possible user bias is reduced without a loss in model accuracy, providing a pathway for
automation.

In the case studies in this work, the introduced methodology was applied to four common time-frequency methods: STFT, DWT,
HHT, and WVD. These four common, and distinctly different, time-frequency methods provide an initial evaluation of the introduced
methodology. Given the success in the case studies presented in this work, future work should extend this work by including a wide
range of time-frequency methods and evaluating the results across additional case studies. This will help in understanding the extents
of the applicability of the methodology, but it will require testing a sufficiently large set of case studies such that the applicability of
each time-frequency method can be observed.

The results of the composite model indicate that multiple pathways exist for making use of the TFRs returned by the Bayesian
optimization. Tables 2 and 3 show that the MSE within the optimization dataset can be used to select a single TFR to use or all TFRs can
be used in a single model with minimal loss of performance, even when three of the four TFRs do not perform well on their own, as with
the WAAM results. Considering the feature importance of each TFR in the composite model for the CWRU bearing dataset, Table 5
shows that the composite model has high importance on one of the inputs. Since the individual TFR models all had high accuracy, the
inputs can be considered correlated, so the feature importance is less meaningful [42]. The results for the WAAM dataset shown in
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Table 5
Feature importance of the composite model for the CWRU bearing dataset.
TFR CNN Avg Accuracy (individual models) Permutation Importance (composite model)
STFT 1.0 0.000
DWT 0.98 0.001
HHT 0.95 0.000
WVD 1.0 0.803
Table 6
Feature importance of the composite model for the WAAM bearing dataset.
TFR CNN Avg Accuracy (individual models) Permutation Importance (composite model)
STFT 0.94 0.601
DWT 0.41 0.000
HHT 0.23 0.000
WVD 0.23 0.000
Table 7

Mann-Whitney U test p-values comparing the entropies for the samples
used in the optimization and those not used.

TFR CWRU WAAM
STFT .52 .82
DWT .88 .20
HHT .34 .19
WVD .39 .52

Table 6 show that the permutation importance corresponds with the TFR that yields the greatest accuracy in an individual model. In
summary, the permutation importance of the composite model can indicate the appropriate TFR, but only if a single TFR is appropriate
for a problem. When all TFRs are viable inputs, the composite model permutation importance is not effective for selecting a single TFR.
In either case, the composite model could be used in place of selecting a single TFR. With new TFR methods being continually
introduced [43,44], a natural extension of this work is to expand the search to include additional TFR types. Doing so may result in the
composite model becoming less feasible.

Contrastive methods are another common approach for TFR selection but require multiple classes to be present. These include the
discrimination between classes [45,46], and making use of the genetic algorithm [47,48]. The use of only healthy data in the proposed
methodology introduces several benefits. Firstly, it enables model training to be initiated sooner, since multiple classes of data do not
need to be collected. This allows for unsupervised anomaly detection to be used before additional classes are present. Additionally,
TFRs can start being collected instead of raw data sooner. This allows for a reduction in the amount of data transmitted and stored, as
discussed later.

Another alternative to selecting a TFR is to use the raw sensor data directly [49]. The use of the TFR instead of the raw sensor data
greatly reduces the amount of data transmitted and stored. For example, in the CWRU case study, 0.34 s samples containing 4096
floating point numbers are reduced to 1024 floating point numbers in the 32 x 32 TFR. In the WAAM case study, 0.37 s samples
containing 16,384 floating point numbers are reduced to 1024 numbers in the 32 x 32 TFR. These present 75% and 94% data re-
ductions. This has implications for edge and hybrid data architectures, where the TFR can be computed locally and transmitted in place
of the raw data to reduce network traffic and any downstream data storage [50].

6. Conclusion

This work introduces a methodology to automate the selection of a TFR for a dataset of sound or vibration data using only healthy
data. The selection of parameters for each TFR is performed with Bayesian optimization with the average entropy used as the cost
function. The optimal TFR is then chosen using the average MSE between all the normal samples used in the optimization. This serves
as a measure of similarity. Because no objective method exists for TFR selection, the methodology is evaluated by performing two case
studies, where the introduced TFR selection methodology is used with a simple CNN to predict bearing faults from vibration data and
the contact tip to workpiece distance in a wire arc additive manufacturing process from sound data. Models trained on the resulting
TFRs achieve 100% and 94% test accuracy, demonstrating that the proposed method is able to match or exceed previously published
results. This research thus provides practitioners with an objective method to select a TFR to represent a dataset. This is valuable
because current approaches for TFR selection require domain expertise or trial-and-error, both of which have the potential for user
induced bias and do not extend well to new domains. Given the continued innovation and development of new time-frequency
methodologies, the challenge of selecting a time-frequency will continue to grow, so the methodology introduced in this work pre-
sents a significant improvement to state-of-the-art approach which requires a user with domain expertise. Additionally, by only using
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healthy data in the proposed methodology, failure modes do not need to be known ahead of time, and the generated TFRs can be used
to reduce the amount of data generated, transmitted, and saved within a modern digital manufacturing ecosystem by as much as 94%.
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