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The service conditions of wheelset bearings has a direct impact on the safe operation of railway heavy haul
freight trains as the key components. However, speed fluctuation of the trains and few fault samples are the
two main problems that restrict the accuracy of bearing fault diagnosis. Therefore, a cross-machine transfer
diagnosis (pyDSN) network coupled with interpretable modulated differentiable short-time Fourier transform
(STFT) and physics-informed balanced spectrum quality metric is proposed to learn domain-invariant and
discriminative features under time-varying speeds. Firstly, due to insufficiency in extracting extract frequency
components of time-varying speed signals using fixed windows, a modulated differentiable STFT (MDSTFT)
that is interpretable with STFT-informed theoretical support, is proposed to extract the robust time—frequency
spectrum (TFS). During training process, multiple windows with different lengths dynamically change. Also,
in addition to the classification metric and domain discrepancy metric, we creatively introduce a third kind of
metric, referred to as the physics-informed metric, to enhance transferable TFS. A physics-informed balanced
spectrum quality (BSQ) regularization loss is devised to guide an optimization direction for MDSTFT and
model. With it, not only can model acquire high-quality TFS, but also a physics-restricted domain adaptation
network can be also acquired, making it learn real-world physics knowledge, ultimately diminish the domain
discrepancy across different datasets. The experiment is conducted in the scenario of migrating from the
laboratory datasets to the freight train dataset, indicating that the hybrid-driven pyDSN outperforms existing
methods and has practical value. Partial code is availble at https://github.com/liguge/PyDSN.

1. Introduction algorithm for freight train air brakes. Si et al. [3] verified the effective-

ness of utilizing temperature data for monitoring bearing faults. Wu

Parallel to the ongoing increase in load weight and operational
mileage, heavy haul freight trains are experiencing a decline in service
condition. Bearing failures can compromise the dynamic performance
of train operations, potentially leading to severe issues such as axle
overheating and axle breakage, which may result in significant oper-
ational safety incidents. Consequently, monitoring the health status of
bearings and diagnosing faults have followed with interest for railway
departments and researchers.

Specially focused on wheelset bearings, schemes based on signal
processing or traditional machine learning have been investigated.
Mykhalkiv et al. [1] presented a signal processing algorithm based
on minimum entropy deconvolution and square envelope spectra for
axle-box bearing faults. Wang et al. [2] designed a feature engineering

et al. [4] applied a two-stage strategy that combined autocorrelation
and an improved flow Gaussian mixture. These plans all rely on expert
experience. Nowadays, artificial intelligence (AI)-based intelligent di-
agnosis, with end-to-end feature representation capabilities, has drawn
considerable acclaim in the current era. Liu et al. [5] contributed to
electronically controlled pneumatic utilizing feature fusion and en-
semble learning techniques. Li et al. [6] proposed a transfer learning
wheelset bearing fault diagnosis algorithm based on fast Fourier trans-
form (FFT) and fine-tuned convolutional neural networks (CNN) for
heavy haul freight train, but it required target domain annotated
dataset that come from the same equipment at constant speed. In
summary, owing to the little research, it is currently quite immature
within the realm of Al-driven heavy haul freight train wheel bearing
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monitoring. For another matter, the aforementioned techniques failed
to concurrently address the principal pain points from two fronts in
heavy haul freight train wheel diagnosis.

+ For the first challenge, in the process of actual operation, the
heavy haul freight trains inevitably experience acceleration and
deceleration process, generating copious non-stationary signals
possessing fault information that cannot be detectable at con-
stant speed. It impedes the efficacy of the algorithms predicated
on constant speed [7].

Meanwhile, it is time-consuming and labor-intensive to obtain
sufficient annotated fault data, which hampers the practicality
of supervised learning-based intelligent fault diagnosis schemes.

—

In summary, the issue can be defined as the unsupervised cross-
machine transfer learning diagnosis for heavy haul freight train wheel
bearings under conditions of small samples and fluctuating speeds,
which represents a novel issue.

In response to the first challenge, extensive advancements [7-9]
have been made. The traditional signal processing approaches covers
order tracking [10], cyclic spectrum correlation, generalized demodula-
tion [11], and time—frequency analysis [12]. Although aforementioned
methods exhibit an unambiguous interpretability ascribed to rigorous
derivation, the dependence on expert experience hinders the execution
of automated diagnosis under time-varying speeds. As the second di-
mension, the Al-assisted time-varying speed intelligent fault diagnosis
can enable the end-to-end mode. Li et al. [13] and Shao et al. [14]
introduced machine learning to identify small infrared thermal images
of various faults at variable speeds. Xu et al. [15] encoded signals under
linear varying speeds into images utilizing STFT, and subsequently in-
put them to capsule network and Transformer to examine the diagnosis
capacity under small samples. Rao et al. [16] argued that speed changes
can engender imbalanced fault information, and thus suggested a speed
normalization module to weaken this impact. Meanwhile, they further
devised a plug and play branch named speed adaptive gate [17].
In addition, knowledge decoupling framework [18], PeriodNet [19],
anti-symmetric Laplace-Stacked Autoencoder [20], alternative kernel
convolutional networks [21], stack denoising autoencoders and gated
recurrent unit [22], long short-term memory [23], multi-branch re-
dundant adversarial net [24], restricted sparse networks [25], deep
nonlinear order-cyclic convolutional network [26], gcontrast learn-
ing [27], attention mechanism [28-30], and generation network [31]
have also achieved success in diverse variable speed research. While the
methodologies outlined alleviate the first issue, they fails to deal with
the cross-domain challenge. It is because that obtaining a multitude
of heavy haul freight train data is impractical. Given the availability
of abundant annotated data from the laboratory equipment, the cross-
machine transfer diagnosis [32] under fluctuating speed scenarios is
increasingly being recognized as a promising solution to the second
challenge posed by the targeted device — the challenge of limited
sample availability.

Despite few research dedicated to cross-machine transfer diagnosis
within fluctuating speed scenarios, transfer-learning diagnosis within
the same machine has yielded noteworthy outcomes [33-35]. For
domain discrepancy metric, Liang et al. [36] leveraged continuous
wavelet transform (CWT), deformable convolution, and local maximum
mean discrepancy (LMMD) to propose a diagnosis method for the
same machine from single source domain variable speed data to mul-
tiple target domains. Subsequently, their investigation [37] primarily
concentrated on two tasks of constant speed to variable speeds, and
variable speeds to variable speeds for the same machine. Cao et al. [38]
primarily targeted the research of constant speed to variable speeds
and suggested Cauchy kernel induced maximum mean dispersion (CK-
MMD) to address the domain shift. Si et al. [39] designed a multi-order
moment matching loss. Zhao et al. [40] put forward a graph convolu-
tional neural network based on dynamic multi-kernel maximum mean

Advanced Engineering Informatics 62 (2024) 102568

discrepancy (DMK-MMD) for aircraft engine diagnosis under different
loads, which utilized the order spectrum analysis to obtain the order
spectrum signal.

Concerning an alternate category of approaches that involve data
preprocessing and model design, Shi et al. [41] proposed a reliable
feature-assisted contrastive generalization net, which efficiently
achieved the migration of variable speed data from multiple source
domains to single target domain. Zhou et al. [42] modified the self-
attention module to depthwise separable convolution and utilized
comparative regularization to assist the improved Transformer to ex-
tract transferable features for low and high speeds both, enabling
the detection of medium-speed faults. Subsequently, Gao et al. [43]
established a dual correlation model based on graph neural networks to
facilitate the transferring from low-speed regions to high-speed regions,
verifying the reliability of the proposed algorithm. Xu et al. [44] came
up with an algorithm formulated based on synchronous compressed
wavelet transform-time feature order spectrum and multi-scale domain
adaptation networks (DAN) to substantiate its capability in detecting
faults across all speeds and between acceleration and deceleration
of the same machine. Lu et al. [45] devised a spectrum alignment
and DAN to cope with unbalanced issue at a wide range of speed
variation conditions. Pang et al. [46] introduced a time-frequency su-
pervised contrastive learning framework for cross-speed fault diagnosis
of bearings, which achieves the transfer diagnosis from constant speed
to acceleration or deceleration in various bearing health conditions.
Luo et al. [47] introduced a meta-learning approach that employs an
elastic prototypical network (EProtoNet) for few-shot fault transfer
diagnosis in scenarios ranging from stable to unstable speeds on the
same device. However, the issue of cross-machine transfer diagnosis
in scenarios on speed fluctuations has been overlooked. Concurrently,
the aforementioned reviewed cross-domain algorithms are purely data-
driven, which critically depend upon the quality and quantity of data.
They disregard the beneficial and significant role of interpretable signal
driving and physical constraints on in fostering cross-domain transfer
diagnosis.

Notably, time-frequency representation using STFT serves as an
effective way to process non-stationary signals under time-varying
speeds. However, when the speed varies, the periodicity and amplitude
of the impact caused by the fault will alter, and the fault characteristic
frequency will also evolve over time, producing more complex non-
stationary signals. When STFT is adopted, if the window length is
too long, it results in higher frequency resolution, while time resolu-
tion will decrease. Therefore, for data under speed fluctuations, while
differentiable STFT can automatically search for the optimal window
length [48-50], utilizing a fixed window length still remains ineffective
and tricky.

In conclusion, the current study does possess certain limitations.

t To the best of our knowledge, in the realm of heavy haul freight
trains, there remains few research on cross-machine bearing
diagnosis under variable speeds, and it has not been documented
and studied in detail yet. Also, the reported cross-domain al-
gorithms disregard the beneficial impact of interpretable signal
driving and physical constraints on transfer diagnosis.

+ Current cross-domain investigations concentrate on different
speeds and loads from the same device. Owing to the inabil-
ity to collect sufficient labels from heavy haul freight train
wheels, cross-domain algorithms for the same machine are ill-
equipped to address this problem of cross-machine diagnosis
under time-varying speeds.

+ The existing approaches to cross-domain variable speeds fol-
low the two-stage strategy, namely involving preliminary pre-
processing followed by domain adaptation. The effectiveness
hinges extensively upon the quality of preprocessing, while pre-
processing relies on manual experience. It not only results in
cumbersome parameter selection, but also hinders automated
end-to-end diagnosis.
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+ While differentiable STFT has shown promise in fault diagnosis,
all signal samples adopt a fixed windows length, which is not
conducive to capturing distinctive fault information contained in
variable speeds, and the cost-sensitive loss does not contemplate
the inherently physical information expression of STFT.

In accordance with our prior work—Interpretable and differentiable
STFT domain adaptation network (IDSN) [32], interpretable differen-
tiable STFT is considered as “prior knowledge”, DAN counts as “data-
driven technique”. In this paper, Balanced Spectrum Quality metric
is “physics-informed expression”. A knowledge-data-physics-informed
one-stage triple-driven model, termed as pyDSN, is established. pyDSN
can alleviate both severe dependence on homemade parameters and
quality and quantity of datasets. With the support of domain dis-
crepancy metric, pyDSN can also achieve bearing monitoring from
laboratory simulation data to real-world heavy haul freight train wheel
bearings.

In comparison with IDSN (DSTFT) [32], pyDSN (MDSTFT) has
been substantively improved. For data under speed fluctuations, while
IDSN can automatically search for the optimal window length, utilizing
a fixed window length still remains ineffective and tricky. Because
variable speed data contains some fault information that does not exist
absent from constant one, a differentiable variable window length STFT
algorithm is proposed. The time-varying fixed windows are modified to
time-varying and variable windows to facilitate the fault information
expression.

The physical information in this paper, specifically refers to the
physics-informed constraints, which serve as a regularization term
to alleviate overfitting and enhance the robustness of model. The
physics-informed loss integrated with physical prior knowledge can
constrain the optimization path, designing task-specific loss functions.
The weights of each loss item are balanced, ensuring a lucid fu-
sion of physical prior and neural networks, thereby enhancing inter-
pretability [51,52]. Liao et al. [53] introduced kurtosis and G — I, /1,
norm for blind deconvolution networks. Yan et al. [54] proposed a
physics-guided loss function for modeling healthy degradation; Russell
et al. [55] incorporated frequency content into Auto-encoder. Chen
et al. [56] represented physical degradation characteristics as loss
function constraints to guide network training. Freeman et al. [57]
constructed a physics-informed loss to bridge the gap between fault
features and the environment. Xu et al. [58] designed a physics-aware
loss for building damage assessment; Zhang et al. [59] developed a
physical loss function for structural health monitoring to evaluate the
difference between model output and finite element output. Neverthe-
less, for the arduous task of cross-machine transfer diagnosis under
speed fluctuations, there remains still a lack of a physics-informed loss
capable of achieving high-performance transfer diagnosis.

To bridge this gap, rather than mere classification and measurement
losses as in IDSN, the physics-informed constraint, referred to as BSQ,
has been enforced in the training process of pyDSN, assessing the time—
frequency resolution of TFS. The physical loss is incorporated into the
training procedure to extract more generalized feature representations.
We argue that the infliction of physical constraints is essential to
acquire transferable and discriminative features. This study proposes a
taxonomy with two dimensions to assess the TFS quality generated by
STFT: One type is the evaluation indicator, which evaluates the quality
of the generated STFT through a certain calculation method, such as
Intelligent spectrogram [60], Rényi entropy [61], and so forth. Another
type is the differentiable loss index, encompassing all attributes of the
evaluation indicator while possessing certain unique features. On the
one hand, due to its capacity to backpropagate and adaptively modify
pivotal parameters in MDSTFT, it can steer MDSTFT towards generating
the superior STFT spectrogram; On the other hand, the differentiable
loss index unifies the standard of distinct evaluation indicators, circum-
venting the scenario where one evaluation indicator ranks high and
another evaluation indicator rates poorly, achieving trade-off among
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various evaluation indicators. In differentiable loss indexes, the trusted
metrics based on kurtosis and entropy are two commonly employed
methodologies, but these metrics are usually ineffective for pulse signal
components of the rotating mechanical equipment [62]. Consequently,
balanced spectrum quality loss is devised to evaluate the physical
properties of time-frequency spectrograms and ultimately serve as a
physical constraint to augment the extrapolation capability of domain
adaptation networks.

Lastly, in the realm of intelligent fault diagnosis, the cross-machine
diagnosis from time-varying speeds (source domain) to time-varying
speeds (target domain) remains an innovative topic that has yet to be
explored. PyDSN is the first work, as a starting point food for thought.

The key findings of this investigation encompass the following four
aspects.

+ A physics-informed cross-machine transfer method, named as
pyDSN, is proposed for heavy haul freight train wheels to ad-
dress fault detection under time-varying speed conditions. It
features two state-of-the-art modules: modulated differentiable
STFT (MDSTFT) and balanced spectrum quality loss (BSQ).

+ Distinct from employing a fixed window length, MDSTFT with
time-varying window is devised, which adaptively adopts differ-
ent time-varying window lengths to facilitate the extraction of
fault details contained at various rotation speeds. The windows
are adaptively adjusted and the length of each is different.

+ In addition to the classification metric and domain discrepancy
metric, BSQ, as a third kind of metric to capture transferable
features, is devised that can comprehensively embody the phys-
ical information of time—frequency spectrum and serve as a
regularization. It can steer the differentiable time-varying STFT
algorithm towards efficient TFS and also regulate DAN within
physical boundaries to learn real-world physics knowledge.

+ Comprehensive analysis illustrates pyDSN demonstrates com-
mendable functionality in time-varying operating conditions,
substantiating the reliability and superior performance with the
proposed methodology. This is the first successful attempt for
cross-machine transfer diagnosis under speed fluctuation.

Subsequent sections are organized into the following structure. We
start with defining the main problem and reviewing the prior theories.
The various components of pyDSN are elaborately outlined in Section 3.
Section 4 incorporates multiple empirical trials and assessments to
emphasize the inherent advancements. Finally, Section 5 conducts a
thorough interpretability analysis. It concludes in Section 6.

2. Preliminaries
2.1. Problem formulation

The present issue may be characterized as the transfer diagnosis
problem for bearings on heavy haul freight train wheels, in scenarios
involving small samples and speed fluctuations.

+ Owing to the complexity of data and models, “small sample”
is difficult to delineate consistently and precisely. Typically, in
machine learning, it can lead to over-fitting. In scenarios where
the training data is scarce, the learned feature representation is
limited and only fits the training data well, resulting in superior
training accuracy yet diminished test precision. According to
Ref. [15], the size of training set is 100K (K is the fault category),
and thus the task belongs to small sample issue.

+ The concept of “speed fluctuation” can be summarized as the
collected signals not being at the constant speed condition, but
at a linearly varying speed, because heavy haul freight trains
inevitably encounter the reality of acceleration or deceleration.
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+ Cross-machine transfer diagnosis stems from the fact that the
source domain has numerous labels, whereas the target domain
lacks labels. This is because a large amount of laboratory data
can be available, but there is less labeled data on real-world
heavy haul freight train wheel bearings.

The source domain and target domain can be respectively rendered
as Dy X5 = {(x;,y7)|i= 1,2,3,...,n;} and D; X' =
{(x;.,y}) Jj=1,2,3,...,n,}. Among them, m is the number of samples,
i, j denote the number of sample categories, m < 20. x is the sample, and
y is label. s represents the source domain, and ¢ represents the target
domain. The variable speed dataset amassed from the laboratory in the
source domain has a data distribution P,. The target domain is the real-
world heavy haul freight train wheel dataset, with a data distribution
P.

The task of the paper objective lies in minimizing the § = (P,.P,) at
first during the data input stage. Simultaneously, in the classification
stage, further diminish the size of J in Reproducing kernel Hilbert
Space (RKHS). In conclusion, the risk loss can be mitigated via two
strategies, namely physical-informed data augmentation and minimized
domain discrepancy. In order to rectify these concerns, a physical-
informed modulated differentiable STFT-based cross-machine diagnosis
for heavy wagons is proposed.

2.2. Related works about differentiable STFT

Studies into DSTFT have predominantly employed two distinct
methodologies [32,49,63].

2.2.1. Scheme one
In the seminal work pertaining to DSTFT applied to cross-machine
transfer diagnosis, the differentiable coefficient (6) is introduced; sub-
sequently, the window length and window function are adapted via 6,
making the time—frequency resolution (Fy,[t, 1) trade-off as shown in
Eq. (1).
Nl 2m
Fylt. f1="Y xlt + nlW,,glnle”/ ¥ /" )
n=1
where ¢ is the sample position, n is window length, j is the unit
imaginary number, N is the support size.
Considering Kaiser window as an example, the differentiable win-
dow can be expressed as:

n=y0
Iy [ﬂ\/l—u—%)z]
Io(h) @
1 [ﬁ 1—(1—%>2]
- )

where the hop/window ratio is y, I, is the first type of modified Bessel
function of zero order, and $ is any non negative real number used to
adjust the shape of the Kaiser window.

Wngiser [n] =

2.2.2. Scheme two

The initial step involves dividing signals (x) into sample slices (X)
based on hop size and slice length. The time dimension proxy (w)
of the window function (W]IV(aiser [w]) is differentiable. w as stipulated
in Eq. (2) is differentiable, but the first idea is that » is differen-
tiable, which is the main difference between the two. The obtained
time-frequency spectrum is shown in Eq. (3):

Fylt, /1 = DFFT(X ® WXaiser [ 1) ©)

Among them, DFFT is the discrete Fourier transform, and ® is the
element by element-wise product.

However, it is noteworthy that both the aforementioned methods
utilize the same window length.
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3. The proposed method: pyDSN
3.1. The overview of pyDSN

The core idea lies in facilitating extraction of domain-invariant and
discriminative features. The prior research predominantly achieve these
objectives by meticulously designing backbones, decreasing domain
metric discrepancy, or implementing sophisticated training methodolo-
gies. Nevertheless, this paper contends that the aforementioned tasks
can be accomplished through prior-empowered of Signal processing
knowledge, obviating intricate computations and architectural design.
Given that the hyper-parameters of signal processing algorithms are
generally determined by human experts, so a modulated differentiable
STFT algorithm is proposed.

This paper constitutes the first exploration of the cross-machine
transfer diagnosis scenario on speed fluctuation. The pseudo-code is
as shown in Algorithm 1. The systematic diagnostic procedure encom-
passes the following fivefold fundamental stages.

(1) Six vibration signals subjected to speed fluctuations are col-
lected, encompassing one from University of Ottawa dataset,
three from independently gathered bearing datasets, and two
from gearbox datasets, also including a real-world heavy haul
freight train wheelset bearing dataset. With the exception of the
latter, the preceding five datasets serve as the source domain
with an extensive volume of labels; Real-world dataset form the
target domain.

(2) The Source domain and target domain data are separately input
into the proposed Modulated Differentiable STFT (MDSTFT), and
output the STFT spectrogram. As the source and target domains
originate from diverse mechanical devices, in order to extract
domain invariant and discriminative features, MDSTFT modules
do not share parameters.

(3) The spectrogram obtained from MDSTFT is input into the un-
supervised balanced spectrum quality (BSQ) loss. The lower the
value of BSQ, the more concentrated energy of the spectrogram
and the amplified distinctiveness of features. BSQ serves to
direct the generation of spectrograms and imposes constraints
on DAN. The source domain and target domain have different
regularization coefficients, as shown in Eq. (4), where £ is the
total loss function, and A, 4,, 4, are regularization coefficients,
where 4y = —— +4,4, = 10,4, =0.0L.

epoch__ |
max _epoch

(4) The captured spectrogram is fed into DAN and further reduce the
distribution shifted between the two domains by combining label
smoothing classification loss and domain metric discrepancy.

(5) In the testing scenario, bearing datasets from heavy haul freight
train wheelsets are fed into the trained model to test the perfor-
mance.

<= gcl +’10 gm

——

Classification Loss Domain Metric Loss

+4 Zs_pso +4; ZLr_pso

Source domain Balanced Spectrum Quality Loss Target domain Balanced Spectrum Quality Loss
(C)]

1 ng | ng 2

= || — S .5 S LA § -
S SR G R A CRALACIE)

s i j=1 t =1 -

%)

where # is the number of samples, ¢ is the kernel function, x is feature,
z is the output of the fully connected layer.

A physics-informed pyDSN is composed of MDSTFT and BSQ loss.
The overall diagnostic process is depicted in Fig. 1.
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Fig. 1. The overview of pyDSN.

3.2. Modulated differentiable STFT (MDSTFT)

Given the inherent non-differentiability of vanilla STFT, an alter-
native approach known as DSTFT is proposed, which advocates for an
adaptive adjustment of the window length according to data via gradi-
ent descent. Nevertheless, it should be noted that DSTFT is dependent
on steady-state fault signals, falling short when dealing with variable
speed signals.

In order to further amplify the capability of DSTFT to extract
fault information, a signal modulation mechanism is proposed. With
it, MDSTFT can not only perceive the most suitable window length,
deriving from the probabilistic distribution of the data, but also modu-
late window lengths of different window functions to extract concealed
variable speed fault details. In extreme cases, the window length can be

infinitely akin to or equivalent to zero, indicating that the signal slice
in extracting fault information will be substantially diminished or have
no benefit. Therefore, this modulation scheme endows MDSTFT with
flexibility in selecting the appropriate windows for extracting unique
fault information within speed fluctuations.

If MDSTFT is implemented as shown in Fig. 2, for a certain signal
slice, the window function is not a function of window length (»), but
rather a function of temporal dimension (m). Given frame (T'), signal
length (L), window length (N), hop size (7), the required number of
frames is:

,_ -
L' -N 1J ©)

=1+

r [ 2
where n; is the required number of frames and L’ is L with padding
zero.



C. He et al.

The given sample is sliced according to the time dimension, as
shown in Eq. (7).

T
X=[X1,X2,...,X,,T
X X2 XN
7
_ X1+ X2t XN+t @)
Xt(p=r  X24mp—1)t XN+(np—1)t

Scheme One utilizes the loop sliding window operation, which can-
not implement back-propagation when adopts diverse length windows.
So, Scheme Two is adopted. The time proxy w is seen as a one-
dimensional vector, according to the number of frames (n;), rather
than a certain value in DSTFT, and B, is a sequence of equal difference
vectors with a tolerance of one on the basis of support size, named the
resampled window time.

01 2 « N

Bo=|: 1 . ®
0 1 2 np XN

&E[N17N27""Ni]n7‘><l’(N"SN) (9)

STFT for x with the length of L is defined as:
Nl 2m
Flt.f1= Y x[t+nWinle”/ ¥ /" (10)
n=0
where f is FFT frequency bin.
Vanilla DSTFT regards the window function as function of time
proxy, defined as:

N-1
Fyltf1= Y W (w. Bl N /™ an
n=0

In order to achieve differentiable and diverse window lengths,
a modulation mechanism is introduced, which is ingeniously imple-
mented through a mask matrix. The mask matrix is composed of
continuous value one and oo. The resampled time and time proxy
are compared element by element, as illustrated in Eq. (12). In this
way, it is feasible to adaptively mask the useless resampled time upon
the learnable time proxy, so that the window function is incapable of
identifying this segment, where the value of the corresponding position
of the window function is 0. Hence, a corresponding alteration and
learnable (4,,;) can be achieved under varying and learnable window
lengths (@,).

1, E,yi < @;

Am’i = . . 12)
©, B ;zw;

o 1 2 3 4

For example, assuming N =5, np = 3, then E, =0 1 2 3 4

o 1 2 3 4

and if the learned window length is @ =[5,3,11", so 4, =
o 1 2 3 4
0 1 2 o o
0 o0 o© o o
where lim,_, ., W[4y, @, B,] = 0.
The mask matrix is utilized to derive a modulated window function.
Herein, the original form of the Kaiser window as an example:

i

I, [ﬂ -1 -2

WKaiser [n] = (13)

1y(B)
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The Kaiser window in DSTFT can be represented as,

I [ﬂ 1—(1—392]

w

WXt B] = a4

1y(B)

In stark contrast to the aforementioned, the modulated Kaiser win-
dow can be obtained through the mask matrix:

- 2
Io[ﬂ\/l—u—%)]

Iy(p)

By employing Egs. (7) and (15), MDSTFT is ultimately derived as
displayed in Eq. (16).

wKiser[g, &, B, = (15)

N-1 e
Falt, f1= ), X[@IWI[Ay, @, Ble ' ¥ /7 6)
n=0

Comparing Egs. (16) and (11), numerous differences can readily be
discerned: Primarily, the window length is esteemed as a collection of
parameters rather than a single variable, achieving adaptive adjustment
of diverse window lengths. Secondly, with strictly following window
function calculation in the STFT process, a modulation mechanism
based on mask matrix is introduced, which not only upholds the differ-
entiability of the window function, but also standardizes the calculation
procedure, satisfying the different window functions corresponding to
different lengths.

3.3. Physics-informed balanced spectrum quality

Intelligent spectrogram is emerging as an analytical tool for as-
sessing the quality of the time—frequency spectrum. Nonetheless, as
a measurement of the physical property of time-frequency resolution,
this approach suffers from three significant drawbacks: (i): Intelligent
spectrogram is only an evaluation indicator and cannot serve as a
measure for the differentiable loss of the produced spectrogram within
neural networks. (ii): There exist dual methodologies for quantify-
ing the intelligence spectrogram, such as frequency-domain quality
coefficient (O 1) and time-domain quality coefficient (Q,). For some
generated spectrogram, it is inconsistent rankings in QO I and Q,, causing
confusion for Engineers to select an appropriate parameter. As an out-
come, there is remains a scarcity of a holistic evaluation index capable
of amalgamating both methodologies. (iii): The larger O  and 0,, the
higher quality of the generated spectrogram, which contradicts the
tenets of propelling the backpropagation algorithm towards minimal
values.

Adhering to these issues leads us to propose the innovative solution—
balanced spectrum quality loss, which helps to balance the time-
frequency resolution of TFS and enhance energy aggregation, aiming
at enhancing physical expression.

The physics-informed loss BSQ, serving as a regularization term,
assists in mitigating over-fitting and diminishes the reliance on vast
training datasets. This enhances the robustness of the trained model.
It harnesses unlabeled data, facilitating the extraction of more gen-
eralized domain-invariant features. Furthermore, it ensures that the
output of neural networks aligns more closely with physical principles,
thus amplifying the interpretability of the output. BSQ not only steers
MDSTFT in capturing high-quality TFS but also functions as a physical
constraint, guiding learning domain-invariant features to augment the
accuracy of cross-machine transfer diagnosis.

The quality coefficients serve as the proxies for two physical
properties—temporal resolution and frequency resolution. As an initial
step, compute the mean value of all rows and columns within the
spectrogram:

F-1
upl =+ Y |y 1n 1] a7
7=0
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Fig. 2. © is element-wise product. Multiplying the signals with the window functions with variable window lengths, followed by DFFT yields MDSTFT. Subsequently, the balanced
spectrum quality loss is calculated, the optimal window function is determined employing three evaluation metrics and backpropagation procedure.
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where y, [f] and yu/ [7] signify the average values of time and frequency
variables, respectively.

Following, calculate their standard deviation (¢ U] and (o, [f]), as
shown in Egs. (19) and (20).

1 F-1 ) 2
of[z]=\ﬁfgoHFm[z,ﬂ)—W[rﬂ 19)
T-1
i = 71 2ot m 1 20)
1=l

The balanced coefficient of variation is designated as the quotient
of the mean divided by the standard deviation, which is not necessarily
better as it is larger, but better as it is smaller. This corresponds
precisely to the direction of minimization pursued in the backpropa-
gation algorithm and constitutes an appropriate loss function during
the optimization process.

uyltl
&l = G’; = @1
&1f1= % 22)
t

Finally, obtain the Rational Quality Coefficient of the given time-
frequency spectrum:

T-1

~ 1 C~f [7]
=1 0,1 23
Or=x= Zﬁ Z i €O (23)
F-1 .
o,=13 4 ¢y @4)

F 2 & Inax

As illustrated in Egs. (23) and (24), to circumvent the occurrence of
the phenomenon of gradient explosion or disappearance, with adjust-
ment of QNf and @, to a maximum value 1.0. In intelligent spectrogram,
it is observed that for O, and Q, of the specific spectrogram, there exists

an inconsistent ranking for a certain window length. For example, for
n = 8, the ranking of 0 1 is first, but the ranking of 0, is at the end [60].
To remedy this predicament, a novel loss function based on harmonic
mean is devised, which incorporates both time resolution and frequency
resolution into consideration.

In adherence to the principles of harmonic series, £p5,, is dictated
by O f and Q,. The value of the harmonic mean (£, so) resides within
the confines between Q; and 0,. If £, diminish, it is imperative for
both O I and Q, to be contemporaneously decreased. The minimization
of £p, implies that O  and 0, are also optimized towards the minimal
direction. Hence, the interplay between the two was holistically taken
into account for achieving the optimal window function optimization
result. According to the definition of harmonic mean, Eq. (25) can
emerge:

<1 Al 1 Qf+Q-1
@ Qf +0; 070,
Bso = |~ =7
(25)
2040,
_Qf+Q,

BSQ analysis can balance two physical properties: temporal resolu-
tion and frequency resolution.

3.4. Training pipeline of pyDSN for cross-machine transfer diagnosis

The diagnostic procedure exhibited by pyDSN is illustrated in Fig. 3.
During the forward propagation phase, variable speed data are fed into
MDSTFT and DAN to generate soft labels, and subsequently, AdamW
algorithm is deployed to optimize the parameters within pyDSN.

L =L+ WL+ W Es_pso + h&r_pso
O, < 0, ~ u(35)

=4
0, < O, — u(55) (26)
Oy < b~ k(550

0, <6, — K(%)
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Fig. 3. Flowchart of a PyDSN model.

where y = 0.001,x = 100.0 are the learning rate, and 6O,,6,,6,,06,
are the hyper-parameters of the source domain classifier, target do-
main classifier, source domain MDSTFT, and target domain MDSTFT,
respectively.

The proposed BSQ loss serves not only to guide the adjustment
of STFT window lengths, but also to bind DAN. The reverse gradient
propagation of BSQ can be representationally encapsulated as Eq. (27):
oLpso _

N |
(Y
0 90 27)
_ (9! - 220, + 220"
- 2 00 00
where O is the hyper-parameters of pyDSN.

The flowchart depicting the pseudo code for the total training of
this model is shown as Algorithm 1.

4. Application to wheelset bearings of freight trains
4.1. The description of datasets and tasks

4.1.1. Data description

This investigation covers bearing and gearbox datasets: a dataset
from Ottawa University; three datasets from the independently main-
tained experimental platform for bearings and gearboxes; and an ad-
ditional dataset gathered from the real-world heavy haul freight train
wheelset bearing platform designed and established by CRRC Qing-
dao Sifang. A total of five datasets are utilized to investigate the
cross-machine transfer diagnosis capabilities of the proposed pyDSN
algorithm. A concise overview of these datasets is delineated below (see
Table 1).

(1) BJTU,: The bearing fault dataset originates from the double-span
and double-rotor comprehensive fault experimentation platform
of Houde Automation Measurement as illustrated in Fig. 4a.
Utilized within the experiment is the NSK-6308 deep groove

ball bearing at a sampling rate of 20 kHz. The experimental
bearings into four categories based on their respective locations:
Inner race fault (IR), Outer race fault (OR), Ball fault (B) and
the healthy bearing (H). Localized pitting failures are mimicked
through electrospark machining methods across these various
sections.

(2) BJTU,: The gearbox fault dataset comes from the planetary
gearbox fault test bench of Houde Automation Measurement, as
shown in Fig. 4b. The experimental setup, such as sensors and
sampling frequency is identical with BJTU,. It simulates three
distinct gearbox failures at varying rotational speeds, encom-
passing cracks (C), tooth fractures (TF), tooth missing (TM), and
health (H).

(3) BJTU;: The third fault database originates from the rotor gear
comprehensive fault experimental platform, depicted in Fig. 4c,
where the employed rolling element model is the NSK-6205 sin-
gle row deep groove ball bearing. The remaining experimental
parameters adhere to those of BJTU,.

(4) Ottawa [64]: The experimental setup of the variable speed
rolling bearing dataset in the Mechanical Engineering Labora-
tory of the University of Ottawa, Canada is shown in Fig. 4d. The
installation encompasses the ER16K ball bearing support shaft,
replacing the selected experimental bearing with bearings pre-
senting distinct health conditions. Furthermore, an accelerom-
eter is positioned onto the external shell of the experimental
bearing to acquire vibration data, with a sampling frequency
200 kHz.

The railway scenario dataset comes from the heavy haul freight
train wheelset bearing platform developed by CRRC Qingdao Sifang,
depicted in Fig. 5(a), which exhibits precision in simulating the pay-
loads, axle bearing speeds, as well as the corresponding environment
while under genuine operations, conforming to the real-world railway
scenario. Specifically, vertical load is utilized to simulate axle load;
Lateral load is used to simulate different line conditions, such as
turning, passing through turnouts, and the lateral force on the track
during uphill and downhill operations; The fan is employed to simulate
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Algorithm 1 The training and testing process of pyDSN.

Input: D, = X : source domain; D, = X,’n: target domain; A(,4,,4,: coefficients; M: training epoch;

Output: Testing accuracy of PyDSN.
1: Initialize PyDSN
2: fori < 0;i < M;i<i+1do
3: Get source-domain spectrogram S(D,) from by MDSTFT.

Calculate source-domain balanced spectrum quality loss £g_pg, by Eq. (25).
Get target-domain spectrogram S(D,) from BJTU-QS dataset by MDSTFT.
Calculate target-domain balanced spectrum quality loss £;_ggo by Eq. (25).

Get source-domain soft prediction P(D,).
: Calculate smoothed cross-entropy loss &£,,;.
10: Get target-domain feature F(D,).
11: Get target-domain soft prediction P(D,).
12: Extract domain-invariant features using 3.
13: Calculate domain metric loss &£,,,.

4
5
6:
7: Get source-domain feature F(D,).
8:
9

14: Train the parameters O, of source-domain MDSTFT by &£,,, 40Z,,, ,,Zs_psp and L, Lr_pso-
15: Train the parameters ©, of target-domain MDSTFT by £,;, 10£,,, 4 2£s_pso and 1, Z&r_pso-

16: Train the feature extractor parameters 6, by &£.
17: Train the classifier parameters 6, by £.
18: end for

19: Save the trained model ©.
20: Get test data and load trained model ©.
21: Get test feature F(D}) and prediction P(D)).

Inner race Outer race

Fig. 4. Equipments: (a) is double-span and double-rotor comprehensive fault experimentation platform; (b) is gearbox fault experiment platform; (c) is rotor-gear comprehensive

fault experiment platform; (d) is experimental setup from University of Ottawa.

crosswind during operation, setting between 8 m/s to 10 m/s. The stan-
dard bearings is equipped on one side of the wheelset and experimental
bearing is mounted onto the opposite side. A vibration acceleration
sensor is fixed on the outside of the axle box with a sampling frequency
16 kHz. The tested bearing is 352226X2-2RZ (Fig. 5(e)(f)), which is
a sealed dual row tapered roller bearing with double inner rings and
middle isolation. The two end surfaces of the bearing are equipped with
skeleton rubber sealing rings, with an inner diameter of 130 mm. It
is used for accelerating freight car bogies and consists of outer rings,
inner rings, rollers, cages, middle separators, sealing devices and other
components. Three types of faults consist of: inner ring, outer ring,

and balling, which are confirmed after dismantling and inspecting in
the online monitoring system or manual check, In addition, it includes
healthy bearings (H). The bearing rotation speed is set at 60 km/h ~
120 km/h (see Table 1).

4.1.2. Task description

The heavy haul freight train inevitably encounters acceleration
and deceleration during operation, which may harbor distinctive fea-
tures compared to constant speed data. By utilizing self-collected and
public variable speed data, the heavy haul freight train wheel bear-
ing health monitoring is addressed through cross-machine transfer
diagnosis methodology.
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Fig. 5. Heavy haul freight train wheelset bearing related equipment: (a) is heavy haul freight train wheelset bearing experimental platform; (b) is the data collector; (c) is the
sensor; (d) is the acquisition system; (e) is the bearing (352226X2-2RZ7); (f) is the schematic diagram of bearing disassembly; (g) is the partial failure types of railway freight train

bearing.

Table 1
The detailed description of datasets.

Name Data source Speed (r/min) Sampling frequency (kHz) Health status
Ay BITU, 900~2400

A BITU, 2400~900 20 H,IF,OF,BF
By BITU,(bearing) 1000~2500

B, BJTU, (bearing) 2500~1000 2 H,IF,OF,BF
Cy BJTU,(gear) 1000~2500

C, BITU,(gear) 2500~1000 H,C,TF,T™M
D, Ottawa Accelerate 200

D, Ottawa Decelerate H,IF,OF,BF
E, BITU, 500~2500 2

E, BITU, 2500~500 H,C,TF,T™M
F, Heavy haul freight train 60 km/h~120 km/h

F, Heavy haul freight train 120 km/h~60 km/h 16 H,IF,OF,BF

The signal is segmented into samples using a sliding window, with
a sample length 3072. In the scenario on time-varying speeds, there
are 100 samples for each category in cross-machine transfer diagnosis.
Therefore, each category encompasses 100K samples in source domain
or target domain. The test set comes from the target domain, yield-
ing a total collection of 900K samples (K represents the number of
categories). The multiple cross-machine tasks are constructed, where
A—F represents A as the source domain and F as the target domain. All
relevant experiments are executed on RTX 4090 24 GB GPU equipped
with Pytorch 2.0.

The experiment are repeated five times and record the average
and standard deviation. The other parameter settings are shown in

10

Table 2. In addition to the bearing dataset, in order to improve the
credibility and generalization, gearbox data is employed to validate the
performance with pyDSN. Of these, A, B, D, and F are bearing datasets.
C and E are gearbox datasets.

4.2. Case analysis

4.2.1. Comparison performance with DSN, STFT, and pyDSN

pyDSN is improved over the typical STFT and DSN (IDSN). To
evaluate the health status of wheelset bearings, the wheelset bearing
dataset is applied as the target domain, while other datasets are utilized
as the source domain. As shown in Fig. 6, among the six acceleration
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Table 2

Model parameter settings.
Parameter Value
batch_size 20
Backbone WDCNN
window function Kaiser
Optimizer AdamW
stride 16
max_epoch 200
seed 3407
training set 400
testing set 3600

Ir 0.001
Ir (MDSTFT) 100.0
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Fig. 6. Performance with three methods of different transfer tasks on bearings.

and deceleration tasks executed, pyDSN achieved an average accuracy
of 96.85%, far surpassing DSN (83.67%). This is due to the fact that
MDSTFT does not utilize a fixed window length, but instead uses mul-
tiple different windows, which can adaptively collect fault information
on conditions at variable speeds. Moreover, pyDSN, under the influence
of BSQ loss, enables MDSTFT to generate high-quality spectrograms,
which helps to mitigate the distribution shifts between the source
and target domains. The two-stage strategy, STFT-DAN, which uses
labor experience to select window sizes, has limited performance. DSN
with a fixed differentiable window faces a larger distribution shifts
between domains, which makes it off-limits to extract discriminative
fault feature information, resulting in an accuracy of less than 80%.
To verify comprehensive generalization capability of pyDSN, as
shown in Fig. 7, experiments are conducted on the gearbox compo-
nents. B and D are collected in-house. Compared pyDSN and DSN, self-
collected datasets generally exhibit a high signal-to-noise ratio and ob-
vious fault characteristics, making it relatively easy to obtain domain-
invariant features. Despite pyDSN (99.11%) and DSN (96.20%) with
high diagnostic accuracy (>96.00%), pyDSN still improves by 2.91%
in comparison to DSN. STFT-DAN (81.23%) still performs poorly, high-
lighting the significance of data enhancement in improving trans-
ferability under speed fluctuations and small sample conditions. In
summary, although signal processing universally acknowledged as a
preprocessing methodology, differentiable signal processing substan-
tially enhances the data feature enhancement capacity of signal pro-
cessing algorithms due to its robust ability to adaptively adjust pivotal
parameters with the assistance of gradient-descent algorithms.

4.2.2. The plug-and-play MDSTFT and BSQ
As illustrated in Table 3, taking A, — F, as an example, BSQ,
MDSTFT, and DSTFT can all be seamlessly integrated into several
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Fig. 7. Performance with three methods of different transfer tasks on gearboxes.

Table 3

Different backbones being integrated BSQ and MDSTFT [65-69].
Model BSQ(w/0) DSTFT MDSTFT
EfficientNet v2 85.56% 43.46% 91.61%(1 6.05%)
[65]
ResNet-18 [66] 88.69% 83.95% 95.83%(1 7.14%)
DenseNet-121 [67] 70.86% 59.55% 90.92%(1 20.06%)
WDCNN-2D [68] 94.56% 33.21% 97.31%(1 2.75%)
DRSN-CW [69] 76.67% 47.82% 96.11%(1 19.44%)
Average 83.27% 53.60% 94.36%(1 11.09%)

classic networks without conflicts. We have selected lightweight model
(EfficientNet v2), deep models (ResNet-18 and DenseNet-121), as well
as fault diagnosis models (WDCNN and DRSN-CW), as these models
are extensively utilized and representative in fault diagnosis. BSQ
(w/0) signifies the utilization of MDSTFT, without BSQ loss; MD-
STFT represents the usage of BSQ loss; DSTFT denotes the usage
of DSTFT and BSQ loss. Faced with demanding cross-machine and
variable speed condition tasks, the performance with DSTFT depends
on the integrated backbone, exhibiting significant difference in perfor-
mance under different backbones. For example, ResNet-18 can achieve
83.95%, while it drops to 47.82% when utilizing lightweight DRSN-
CW, indicating poor generalization when processing speed fluctuation
datasets. MDSTFT can improve this by 40.76% compared with DSTFT,
suggesting that employing different windows can effectively extract
exclusive fault information. By comparing whether to use physics-
informed BSQ, the hybrid-driven pyDSN improves by 11.09%, implying
that the hybrid-driven model incorporating physical limitations can en-
hance the capability to obtain discriminative features. This proves that
the physics-informed regularization processes a strong driving force for
extracting domain-invariant features and improving the generalization
capacity.

As shown in Fig. 8, the iterative process of the loss function is
delineated during the learning phase. Loss represents the overall loss
function (Eq. (4)), and joint maximum mean discrepancy (JMMD) loss
(£,,) is identified to measure the discrepancy between source and
target domains. At the conclusion of iteration, both losses ultimately
attain full convergence. In addition, the BSQ loss in the source domain
decreased from 0.59438 to 0.46898, whilst the BSQ loss associated with
the target domain decreased from 0.55964 to 0.50112. This observation
highlights that the gradient-descent algorithm can effectively search for
the optimal window lengths, enhance spectral energy clustering, and
further facilitate the learning of domain-invariant features.
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4.2.3. The experiment of BSQ

To demonstrate the pioneering nature of the proposed BSQ. A com-
prehensive evaluation is conducted using prevalent physics-informed
losses: Entropy and Kurtosis are the predominantly metrics for evaluat-
ing the spectrogram energy focusability; BSQ is a trailblazing iteration
from Intelligent Spectrum; Cycle-Stationarity [62] is another method.
0 + only focuses on frequency resolution, while 0, only considers time
resolution, while BSQ aims to strike a balance between these two
dimensions. The accuracy stands at 97.25%, when jointly consider-
ing time-frequency resolution, respectively yielding 2.42% and 4.36%
over either consideration alone. This underscores that the spectrogram
needs to balance time-frequency resolution to accurately represent
fault information.

Moreover, compared to other physics-guided losses, BSQ also show-
cases superior performance, significantly improving the adaptability
to cross-domain, with a 9.64% increase over Cycle-Stationarity. BSQ
proves to a highly efficacious assessment tool to quantify the en-
ergy distribution and fault feature expression within spectrograms (see
Fig. 9).
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4.3. The performance analysis of pydsn on heavy haul freight train wheelset
bearings

To assess the superior performance of pyDSN with other state of
the arts (SOTA). The first type is the classical mapping-based mod-
els such as DDC (MMD), DCORAL, DJDA, and DSAN; The second
type comprises the adversarial domain adaptation model DANN; The
third type consists of emerging models the emerging models like CK-
MMD [70], MMSD [71], and DDTLN [72] for cross-machine transfer
diagnosis; The last type is the con-temporarily popular hybrid-driven
deep models embedded signal knowledge, where signal processing is
regarded as a form of data augmentation, and these models have
achieved remarkable performance in their respective tasks, encompass-
ing SincNet [73], MCN_WEFK [74], NTScatNet [75], DFAWNet [76], GT-
FENet [77], GaborNet [78], WIDAN [79], MWPN [80], and TFN [81],
as illustrated in Table 4.

The first three algorithms mentioned are purely data-driven, which
perform inadequately under cross-machine variable speed tasks, which
indicates that data-driven models depend on the quantity and quality
of available data. In the presence of small samples and larger disparity
between the source and target domains, these algorithms are likely to
fail. Conversely, the hybrid-driven methods demonstrate highly com-
petitive performance in the face of such challenging tasks. The signal
processing module can reduce the noises, highlight fault information,
and mitigate the adverse effects of noise on the source and target
domains. However, reasonable signal processing methods are required
to achieve this effect. For instance, utilization of Gabor transform
results in an average accuracy of only 40.23%, which is even worse
than some purely data-driven methods.

The task encompasses two thorny challenges. One is across ma-
chines, as the data collected by different devices has greater distribu-
tion shifts; The other challenge is variable speed data, where the fault
frequency is changing caused by changes in speed, rather than like
constant speed. When pyDSN is tested against six tasks, the accuracy
is 94.81%, 96.64%, 98.78%, 93.83%, 98.86%, and 99.00%, respec-
tively, with an average accuracy is 96.97%. This represents a minimum
improvement of 22.7%. The MDSTFT module in pyDSN aims to use dif-
ferentiable windows and physical losses to extract fault information at
variable speeds, while shortening the distribution differences between
the source and target domains. However, other tasks perform poorly
due to the lack of the aforementioned either.

The superior domain-invariant features can be explained from two
perspectives. On one hand, domain-invariant features are extracted
under the guidance of MDSTFT that furnishes an interpretable ini-
tialization input for acquiring domain-invariant features. Meanwhile,
MDSTFT maintains interpretable with following the calculation process
of STFT. It can be seamlessly integrated with domain adaptation net-
works without conflicts. On the other hand, domain-invariant features
are extracted under the guidance of BSQ. BSQ measures energy focus-
ability of TFS and balances two physical properties: time-frequency
resolution. It directs the optimization trajectory of neural networks,
allowing physical insights to influence the optimization process, and
facilitates to extract more robust domain-invariant features, making
the feature representations more closely with physical principles and
enhancing interpretability.

According to Table 4, in the Task A, — F,, interpretable methods
such as SincNet and NTScatNet demonstrate superior performance. For
the specific task, These methods utilize the Sinc function and wavelet
scattering structure, respectively, to extract generalized features from
the source domain, thereby minimizing the discrepancy between the
two domains. In the case of pyDSN, this subpar performance could
be attributed to the influence of regularization weight parameters,
which may result in extracted features that do not effectively represent
domain-invariant features. Nevertheless, this performance decline is
within acceptable limits, with the accuracy remaining above 94.00%.
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Table 4
Performance comparison with other methods (%).
Ay - F, B, > F, D, — F, A - F, B, - F, D, - F, Average

DDC 44.92 + 2.88 59.33 + 3.17 50.42 + 4.00 49.17 + 0.46 28.41 + 0.03 67.92 + 2.13 50.03
DCORAL 32.17 + 2.75 33.33 + 241 37.58 + 1.04 29.17 + 0.05 28.33 + 0.09 63.08 + 1.25 32.28
DJDA 29.18 + 0.93 50.96 + 4.57 50.32 + 8.38 45.57 + 5.25 33.11 + 0.09 61.75 + 1.88 45.15
DSAN 32.07 + 1.34 33.21 + 0.86 41.33 + 0.83 47.75 + 6.17 27.33 + 0.13 67.42 + 0.59 41.52
DANN 30.47 + 0.36 36.19 + 0.60 61.00 + 0.61 43.19 + 0.59 18.69 + 0.03 47.61 + 0.31 39.53
CK-MMD [70] 30.42 + 1.21 38.75 + 2.30 31.75 + 0.03 52.33 + 1.00 28.91 + 0.09 64.00 + 1.08 41.02
MMSD [71] 89.75 = 7.75 19.92 + 1.55 91.25 + 3.92 26.17 + 1.24 46.08 + 9.97 64.08 + 1.29 56.21
DDTLN [72] 30.14 + 0.78 33.21 + 1.95 64.14 + 3.32 29.54 + 6.45 52.33 + 2.41 55.12 + 1.37 44.08
SincNet [73] 98.67 + 0.34 33.08 + 1.24 67.25 + 1.46 65.08 + 5.45 27.17 + 0.51 76.00 + 0.77 61.21
MCN_WFK 27.50 + 2.17 32.00 + 0.00 36.50 + 1.08 28.00 + 0.29 26.00 + 0.00 35.25 + 1.54 30.88
[74]

NTScatNet 100.00 + 0.00  71.00 + 2.54 72.61 + 0.72 84.54 + 1.36 46.67 + 2.38 71.38 + 0.50 74.37
[75]

DFAWNet 94.63 + 0.59 86.05 + 3.21 59.63 + 2.70 80.35 + 1.44 29.15 + 2.20 68.28 + 0.96 69.68
[76]

GTFENet [77] 57.92 + 1.32 40.96 + 1.03 58.58 + 3.76 60.33 + 3.19 60.50 + 0.57 89.88 + 2.42 61.36
GaborNet [78] 39.75 + 0.79 57.50 + 1.55 30.17 + 4.19 32.25 + 1.14 49.00 + 2.95 32.75 + 1.22 40.23
WIDAN [79] 96.88 + 5.81 2213 + 4.21 70.63 + 4.86 71.88 + 1.30 72.92 + 1.85 59.38 + 0.87 65.64
MWPN [80] 50.17 + 1.48 28.08 + 0.84 75.58 + 0.71 58.58 + 2.13 44.83 + 0.60 65.18 + 4.14 53.74
TFN [81] 75.00 + 0.43 37.25 + 1.63 96.75 + 1.50 33.75 + 3.70 38.00 + 1.90 85.60 + 2.29 61.06
pyDSN 94.81 + 3.02 96.64 + 0.42 98.78 + 0.50 93.83 + 0.29 98.86 + 0.32 99.00 + 0.04 96.97
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Fig. 10. The confusion matrix of six methods on D, — F,.

In contrast, in other tasks, SincNet and NTScatNet exhibit severe per-
formance degradation, which underscores the stability, robustness, and
best average precision of the proposed pyDSN.

As shown in Fig. 10, the performance of pyDSN and other meth-
ods across D; — F; is evaluated through the confusion matrix. The
confusion matrix can provide a comprehensive evaluation of different
categories. Among these models, the most fundamental criterion is
“Zero False Alarm” and “Zero Missed Alarm”, and it is clear that only
pyDSN can satisfy this requirement. In tasks, identifying inner ring
and ball faults proves to be challenging, while other categories can
recognize over 99%. This finding serves as a valuable direction for
future research endeavors.
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5. The interpretability analysis of MDSTFT

The Spectra Quest Variable (SQV) speed dataset, with a sampling
frequency of 25.6 kHz, is a publicly available dataset for variable speed
analysis from Xi’an Jiaotong University. It is collected during a contin-
uous speed change, encompassing a complete process of acceleration
and deceleration. It begins from a stationary state, gradually increasing
to 3000 rpm/min, where it stabilizes, and subsequently decelerates
gradually back to zero. It serves as a good benchmark dataset and can
be used as an example for research in this field. More details about the
dataset can be found in [82].
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Fig. 11. The spectrograms on SQV dataset with STFT, DSTFT, and MDSTFT.

MDSTEFT is considered inherently interpretable due to its unerring
adherence to core principles of STFT and produces reliable results.
Additionally, the learning rate of MDSTFT is 100.0, which is appre-
ciably different from DAN. A larger learning rate serves to broaden
the exploration spectrum of the time window and make it easier to
find the optimal window lengths. In comparison to DSTFT, MDSTFT
incorporates a signal modulation mechanism, which allows the raw
signals to see a portion of the windows during FFT, thereby instigating
different window lengths for capturing fault frequencies.

The rotational speed is continuously fluctuating. it is difficult to
accurately measurement speed changes due to the high cost of tachome-
ter. MDSTFT does not rely on the rotational speed to extract various
fault features but achieves the same effect by using the time-varying
window lengths under the guidance of the modulation mechanism. It
does not require prior information such as rotational speed.

The calculation of bearing fault frequency necessitates prior knowl-
edge of parameters including the rolling element diameter, ball pitch
diameter, bearing contact angle, number of rolling elements, and rota-
tional frequency. Not all devices can obtain these parameters, and the
formulas are only applicable to constant rotational speed conditions.
MDSTEFT also do not need the information such as bearing dimensions.

Therefore, MDSTFT does not require prior knowledge of information
such as speed and bearing size to obtain fault frequency.

The progressiveness of MDSTFT can be demonstrated from both
qualitative and quantitative perspectives.

5.1. Qualitative perspective

As shown in Fig. 11, the spectrograms for the outer ring fault is
depicted. The energy focusability achieved by vanilla STFT is defi-
cient and poor. While upon employing differentiable STFT, the energy
focusability has significantly improved, which demonstrates superior
aggregation capabilities. It can be seen that the main fault frequen-
cies in the speed fluctuation data are mainly localized around 0 Hz,
8000 Hz, and 12000 Hz during the acceleration process. The decel-
eration process tends to concentrate near 0 Hz, 4000 Hz, 6000 Hz,
8000 Hz, and 12000 Hz. In summary, the proposed MDSTFT method
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Table 5
Rényi entropy and BSQ of SQV dataset.
STFT DSTFT MDSTFT
SOV ace Rényi entropy 1.4880 1.4100 1.3980
BSQ 0.5548 0.2515
SOV dec Rényi entropy 2.0830 1.9980 1.7410
BSQ 0.5378 0.3220

exhibits the highest level of energy aggregation degree and more
prominent fault characteristics.

5.2. Quantitative perspective

Furthermore, several methods are critically conducted quantita-
tively. Rényi entropy is extensively employed metric to evaluate energy
aggregation, but it is incapable of back-propagate as it calculates the
probability distribution density. Rényi entropy falls under the evalu-
ation indicator, and BSQ pertains to the differentiable loss index. A
decrease in both these indicators signifies higher spectrogram quality.
From Table 5, the Rényi entropy of STFT is the highest, indicating
that the poorer energy focusability, the more diminished the quality
of spectrograms. The proposed MDSTFT has the lowest Rényi entropy
(1.398 and 1.7411) and BSQ (0.2515 and 0.3220), whose quantitative
values are lower than DSTFT, highlighting the necessity of introducing
the mask modulation mechanism.

6. Conclusion

In this paper, we propose a physics-informed modulated differ-
entiable STFT, which introduces modulation differentiable STFT to
capture fault frequency information under time-varying speeds. Ad-
ditionally, a loss function, termed as balanced spectrum, is devised
to evaluate the quality of the generated spectrograms. By employing
these two mechanisms, we have migrated the predicament of bear-
ing transfer diagnosis in heavy haul freight trains under time-varying
speed conditions, and have achieved the superior performance among
analogous methods. For heavy haul freight equipment, and a future
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exploration of signal processing informed neural networks integrated
physical constraints is a promising avenue.

Nonetheless, several issues worth further consideration. Initially,
the proposed pyDSN needs to train two distinct models, because ac-
celeration and deceleration are the distinct nature. Potential future
research directions can focus on the cross-machine transfer diagnosis
at time-varying full speeds via one model. Secondly, differentiable
signal processing has broad application potential, such as differen-
tiable wavelets and differentiable mode decomposition. Essentially,
the proposed paradigm is an end-to-end strategy that combines signal
processing prior-empowered modules and classifiers without conflicts,
yet the process from feature to decision in the classifier remains a
black box. In the future, using explainable structures similar to capsule
networks as classifiers is also an interesting topic. Lastly, this study
is limited to closed set transfer diagnosis, and the performance with
differentiable STFT in partial domain or open set domain adaptation
warrants additional scrutiny.
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