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The well-being of tunnel boring machines (TBM) heavily relies on the health status of main bearings, signifi-
cantly impacting both safety and operational efficiency. Investigating the operation monitoring and diagnosis
algorithms of TBM main bearings in practical scenarios with limited fault data and real-time variations in low-
speed heavy-load operating conditions poses a research challenge. To solve these issues, a novel domain-
adversarial prototype network diagnostic algorithm with a multi-stream fusion feature encoder (MDAPN)
based on smart roller monitoring data is proposed. In contrast to existing external vibration monitoring schemes
for bearings, monitoring data from smart rollers can mitigate complex external interference and greatly shorten
the transmission path of fault sources. The algorithm encompasses a multi-stream fusion feature encoder, domain
discriminator, and prototype network classifier. Specifically, the multi-stream fusion feature encoder adopts the
two-stream convolutional network to deeply extract the axial-radial fused features of rollers, incorporating
shallow statistical feature information. Domain-invariant features are generated based on domain adversarial
learning strategies, and the prototype network classifier reduces dependence on target domain samples. An in-
tegrated smart roller main bearing fault simulation testbed was built, conducting 6 sets of cross-domain ex-
periments. The proposed method reached an average accuracy of 98.41 % under 5-shot, surpassing the baseline
method by 6.57 % at least. This validates that the MDAPN based on smart roller state exhibits excellent fault
recognition performance for the main bearing under varying operational conditions with scarce available
samples.

1. Introduction maintenance costs, and enhancing excavation efficiency.

Conventional bearing sensing schemes typically involve placing

As one of the most advanced tunnel construction equipment, tunnel
boring machines (TBM) are widely employed in major engineering
projects such as road network development and water diversion tunnels,
owing to their advantages of cleanliness, efficiency, and safety [1]. As
the core transmission component within the TBM, the main bearing
plays a pivotal role in supporting the cutterhead rotation for rock
excavation and bearing the load from associated components during the
tunneling process. Owing to permanent operation in complex and harsh
subterranean conditions [2], only 5 % of the actual service life of TBM
main bearings has reached their designed lifespan actually [3]. In
addition, the replacement of main bearings is costly, difficult, and
seriously affects the project schedules [4], so the operational perfor-
mance and efficiency of the entire drive system are directly impacted by
the health condition of main bearings [5]. Researching the TBM main
bearing fault diagnosis is crucial for reducing downtime, minimizing
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sensor units on the static bearing housing or seat ring, correlating the
sensor output signals with structural conditions [6]. The sensing signals
from such wired external monitoring means are greatly influenced by
factors such as path loss and strong background noise [7]. However, the
TBM main bearing is large and operates in harsh conditions, making it
apparent that external vibration monitoring means are difficult to detect
fault source information effectively. Despite extensive research on state
monitoring of low-speed heavy-duty slewing bearings [8,9], they are
difficult to apply to industrial sites. Research indicates [10] that smart
bearings integrated with wireless embedded sensors can achieve
self-diagnostic functions, and directly measure state parameters such as
vibration, load, temperature, and speed in the core working area of
bearings, while shielding against numerous external interference signals
effectively. At the same time, self-powered technology also provides
energy security for the practical application of such bearings. For
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example, wireless power transmission technology based on inductive
coupling and electromagnetic radiation [11], as well as energy har-
vesting technology based on piezoelectric [12], electromagnetic [13],
and triboelectricity [14] effects to collect energy from motion. Smart
bearings developed by well-known bearing companies such as SKF,
NTN, and Schaeffler find extensive applications across various in-
dustries, including wind power, railways, and automobiles [15,16]. To
perceive the state information of the working area of large bearings and
maximize the utilization of the limited sensing range of sensors, SKF first
proposed the magic roller system [17], which monitors the large bearing
state by collecting roller load data. In recent years SKF has applied the
roller sensing system to collect load, roller speed, and temperature data
of main bearings of wind turbines, for monitoring the contact stress,
thermal effects, and roller deflection of main bearings [18]. In addition,
well-known bearing manufacturing companies such as ThyssenKrupp
[19] and JTEKT [20] have also developed sensing rollers to measure the
load of large bearings. It is evident that roller monitoring signals are
capable of effectively capturing state characteristics of the large bearing
and can be used as a reference for monitoring the TBM main bearing
state, providing the data foundation for fault diagnosis.

For low-speed heavy-duty large bearings, the analysis of fatigue life
typically involves the examination of load distribution and friction
torque [21], while vibration analysis is employed to identify fault modes
[22]. In comparison to high-speed bearings, TBM main bearings are
affected by low-speed and heavy-duty working conditions, and their
vibration signals are affected by the long period between defect-related
pulses, containing less fault-related information during the same period
[23]. In addition, although roller state monitoring signals have a great
shielding effect on a large number of external interference signals, they
introduce roller rotation information, greatly increasing the difficulty of
extracting fault features. Caesarendra [9] systematically summarized
common vibration feature extraction methods and their applications in
low-speed slewing bearing health management, including time-domain
statistical ~characteristics [24]: pulse factor, kurtosis, etc.;
frequency-domain features [25]: energy spectrum, envelope spectrum,
etc.; time-frequency features [26]: wavelet decomposition, intrinsic
time-scale decomposition, etc.; and nonlinear features [27] like the
maximum Lyapunov exponent. Intelligent fault diagnosis techniques
have advanced in the last several years due to the rise of deep learning.
Various deep learning methods, including residual networks [28],
autoencoders [29], convolutional neural networks (CNN) [30], long
short-term memory [31], and Transformers [32], have been proposed.
These approaches exploit multi-layer network architectures to
end-to-end mine effective fault information, thereby mitigating the
dependence on expert knowledge. Tang et al. [33] introduced fault
identification methods in low-speed bearings amidst significant back-
ground noise, employing robust principal component analysis and
multi-kernel deep neural networks. Fu et al. [34] introduced a
two-stream CNN designed to diagnose low-speed heavy-load main
bearing faults in TBM operating under strong noise conditions. Although
the aforementioned research has shown how deep learning can be when
applied to diagnosing low-speed bearing faults, there still exists a gap in
research on roller state-based large-scale bearing diagnosis algorithms.
Further analysis of the correspondence between roller space state
characteristics and deep learning network structure is needed. Research
into methods for separating roller motion information is also required to
enhance the representation capability of bearing states. In practical
engineering applications, the real-time variations in operating condi-
tions, such as the speed and load of TBM main bearings, result in a
noticeable decrease in diagnostic accuracy when applying the same
trained model to different conditions. Moreover, data volume under
various working scenarios is hard to guarantee.

Changes in working conditions cause domain shifts during the
training and testing phases. Existing solutions to cross-domain fault
diagnosis issues mainly include two solutions: domain generalization
and domain adaptation [35]. Domain generalization achieves
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cross-domain tasks by learning diagnostic knowledge from multi-source
domains and applying it to unseen target domains [36]. A typical
example is using the federated domain generalization method to build
multi-client, scalable joint diagnosis models and achieve data decen-
tralization [37,38]. The fundamental idea of domain adaption tech-
niques is to transfer the source domain knowledge to the target domain,
achieving cross-domain adaptation of the model to different domains
[39]. In comparison, domain generalization methods require a large
amount of data and complex model calculations. Domain adaptation is
more suitable for variable working conditions scenarios where available
samples for TBM main bearings are scarce. Domain adaptation tech-
niques broadly include two categories. The first one involves methods
based on domain distance metrics, which employ loss functions such as
Kullback-Leibler divergence, maximum mean difference (MMD), etc., to
measure the differences between samples from two different domains in
the feature space, with the goal of minimizing these differences to
achieve domain adaptation tasks. The second one involves methods
based on domain adversarial learning, which generate features with
domain invariant characteristics by forming adversarial relationships
between feature encoders and domain discriminators. This ensures that
features extracted for diagnostic tasks in different domains exhibit good
classification performance. Zhao et al. [40] proposed a deep multi-scale
adversarial network to realize domain alignment. Its shared feature
generator contains two novel multi-scale modules and attention mech-
anisms. Wu et al. [41] introduced adversarial learning strategies and the
MMD loss function separately into the feature and prediction label
spaces, achieving domain adaptation across varying speeds and loads.
The above research proves that compared with simply relying on dis-
tance metrics, domain adversarial learning can more accurately capture
shared features of variable operating conditions, improving the robust-
ness and versatility of cross-domain models. In recent years, a
meta-learning method commonly used for few-shot classification tasks,
has gained attention due to its ability to quickly and accurately adapt to
unseen tasks with few available samples [42]. Many scholars have
applied metric-based meta-learning paradigms in cross-domain fault
diagnosis [43], such as prototype networks and relation networks.
Compared with common domain adaptation methods, meta-learning
has significant advantages in addressing the issue of scarcity samples
under variable operating conditions. Feng et al. [44] introduced a
meta-learning method that leverages domain adversarial similarity,
improving generalization performances of the algorithm for unseen
tasks. Liu et al. [45] introduced a metadata-based residual network
combined with a weight allocation method for bearing scenarios under
class-imbalanced variable operating conditions. From the survey of the
above literature, it is evident that domain adversarial learning-based
deep learning methods achieved significant advancements in
cross-condition high-speed small bearing fault detection. However, they
tend to focus solely on deep fault information while ignoring shallow
fault information, which may lose crucial fault information when facing
various low-speed working conditions of large main bearings. Addi-
tionally, the rock-breaking impact during tunneling operations and
momentary changes in cutterhead speed result in frequent variations in
operating conditions, and the time for stable data acquisition under new
working conditions is limited. Therefore, the diagnostic model is
required to achieve rapid adaptation under the condition of scarce
samples in the target domain.

This study developed a smart roller monitoring system that in-
tegrates vibration sensing and wireless communication functions, aim-
ing to obtain the status information of main bearings at the TBM
working site. On this basis, a novel multi-stream fusion feature encoder-
based domain adversarial prototype network diagnostic algorithm
(MDAPN) is proposed, which is suitable for solving the domain shift
issue that arises during different working condition data training of the
TBM main bearing with integrated smart rollers. The proposed MDAPN
method comprises a multi-stream fusion feature encoder, a domain
discriminator, and a prototype network classifier. Firstly, the multi-
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stream fusion feature encoder is constructed based on roller state sig-
nals. It separately extracts radial vibration features, axial vibration
features, and time-domain statistical information from three-axis vi-
bration signals of the rollers. These features are then fused at the fully-
connected layer to boost the network generalization performance. Sec-
ondly, an adversarial relationship is formed between the feature
extractor and domain discriminator. Through maximizing the domain
discriminator loss value and minimizing the classifier loss value, the
feature encoder can generate features that are invariant across domains,
eliminating domain shift impact on the classifier. Finally, a prototype
network is employed as the classifier, following the meta-learning
paradigm to recognize faults with extremely limited target domain
data. The efficiency of MDAPN is demonstrated through numerous ex-
periments under various operating conditions of main bearings. The
primary breakthroughs and contributions of this article can be sum-
marized as follows:

(1) This study developed a smart roller monitoring system that in-
tegrates vibration sensing and wireless communication to perceive the
state information of the TBM main bearing. By utilizing a two-stream
CNN to merge deep features of roller axial-radial direction and intro-
ducing shallow time-domain statistical features of three-axis vibration
signals, the domain-generalization features extracted by the feature
encoder are applicable to diagnostic issues associated with low-speed,
heavy-load large bearings across different working conditions. Addi-
tionally, the effectiveness of the multi-stream feature encoder and pro-
totype network classifier was further validated through ablation
experiments.

(2) Utilizing domain adversarial learning and meta-learning
methods, the proposed MDAPN model forms an adversarial relation-
ship between its feature encoder and domain discriminator. This ad-
dresses the domain shift issue affecting classification accuracy after
changes in operating conditions. The model incorporates a prototype
network classifier to accomplish cross-domain fault recognition tasks of
TBM main bearings in real industrial scenarios, especially under class
imbalance and few shot conditions. A series of few-shot cross-domain
experiments with variable speeds were carried out to verify the superior
performance of the proposed method.

The subsequent sections of this article are structured as follows:
Section 2 provides an introduction to the smart roller system and
experimental testbed. Section 3 elucidates basic principles such as
adversarial domain adaptation and prototype networks. Section 4 pro-
vides a detailed overview of the principles and implementation process
of the MDAPN method. Section 5 conducts variable speed experiments
and analyzes the results. Section 6 provides a conclusion.

2. Roller in-situ monitoring for TBM main bearing
Fig. 1(a) shows the typical TBM structure diagram, where main

bearings play a role in transmitting power from the driving motor and
supporting the rotation of the cutterhead for rock excavation. The

Main bearing

Cutterhead Drive motor

(a) (b)

Fig. 1. Structure diagram: (a) TBM, (b) The triple-row cylindrical rol-
ler bearing.
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commonly used low-speed heavy-load large main bearings are depicted
in Fig. 1(b). This triple-row cylindrical roller combination structure can
withstand high torque and complex loads from associated components.
In specific working scenarios such as tunneling (TBM main bearings),
pitch and yaw (wind turbine bearings), the rated speed operating range
of these bearings is usually 0.5 to 15 rpm. However, when the main
bearing is only used as a transmission system or in non-operational
testing scenarios, the operating speed can reach 40 rpm [46,9]. Due to
the large structure, the compact and relatively enclosured internal space
of main bearings, external sensing schemes face difficulties in moni-
toring its structural damages. Fig. 2 illustrates the structure of the smart
roller developed in this study, integrating functions such as state
perception, wireless communication, and power management. The
designed smart roller structure exhibits superior contact stress distri-
bution compared to solid rollers, effectively preventing bending fatigue
fracture of the rolling elements under low-speed heavy-load conditions.
Fig. 3 presents the state monitoring system of the smart roller,
comprising a miniature low-power controller unit, a triaxial acceler-
ometer (sampling rate: 3200 Hz, transmission bandwidth: 153.6 kbps), a
gyroscope (sampling frequency: 480 Hz, transmission bandwidth: 153.6
kbps), a WiFi module, and a energy management unit. This monitoring
circuit sends roller state data containing internal fault source informa-
tion of the main bearing to the router through a semi-enclosed end
cover, and transmits it to the upper computer.

To verify if the roller state-based intelligent algorithm is feasible for
cross-speed fault diagnosis in the TBM main bearing. This study devel-
oped a large-scale main bearing testbed integrated with smart rollers as
shown in Fig. 4, which is used to monitor the roller state signals of
different fault modes of large bearings under low speed, heavy load, and
various operating conditions. The drive system of the testbed consists of
a motor, reducer, and coupling. The loading system consists of a CP-180
hydraulic loading hand pump and an FPY-5 jack installed on top of the
auxiliary bearing. The spindle is driven by the motor through the
coupling, and the speed is controlled by the reducer. It withstands the
load applied by the auxiliary bearing, allowing the test bearing to
simulate low speeds ranging from 5 to 50 rpm and withstand radial loads
of up to 100 MPa. The test bearing employs eight rollers with a diameter
R, of 50 mm, and the inner ring raceway diameter R; and outer ring
raceway diameter R, are 122 and 222 mm, respectively. The design life
of the testbed is determined by the auxiliary bearing, model GB/T-276
6224. After calculation, its design life is 3723.875x10° r. The number
of smart rollers determines the monitoring efficiency of the bearing
condition. When the number is n, assuming that the state of the bearing
remains unchanged during the process of the rollers traversing 1/n
revolutions along the outer race in pure rolling. In other words, the
maximum distance at which the smart roller can detect bearing
component damage pulses must be within the range of 1/n revolutions.
After testing, it was found that in this experiment, when the number of
smart rollers is 1, it is capable of monitoring the entire raceway of the
test bearing of this testbed to detect any occurrence of damage.

Ultimately, the monitoring data of the smart roller in the test bearing
are collected to analyze the status types of large bearings. In this
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Fig. 2. Schematic diagram of smart roller structure.
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Fig. 3. Smart roller condition monitoring system.

experiment, crack faults were simulated by processing defects with 2
mm width and 1 mm depth on the bearing. Fault locations are set on the
inner ring, outer ring, and rollers, respectively. It should be noted that
roller faults are not set on smart rollers, and their occurrence location
and quantity do not change the frequency characteristics of the faults.
The hydraulic loading device is set to a 20 MPa load, and the three-axis
vibration signals of rollers corresponding to normal bearings (NB), inner
ring faults (IF), outer ring faults (OF), and roller faults (RF) are collected
at speeds of 30 rpm, 40 rpm, and 50 rpm. The time-domain waveform of
the roller vibration data for four bearing damage types at 30 rpm are
depicted in Fig. 5.

3. Preliminaries
3.1. Domain adaptation

During the excavation process, alterations in geological conditions
across various sections result in fluctuations in the operational param-
eters of the TBM main bearing. Typically, under different rotation speed
conditions, the data distribution of corresponding domains differs, giv-
ing rise to domain shift phenomena. This implies that the deep learning
model trained exclusively on data from a specific working condition may
not be suitable for application in other conditions. Domain adaptation
seeks to acquire features that are consistent across various operating
conditions, enabling the trained classifier to be robust to domain shifts
[47]. In order to facilitate method description, we define domain D =

{(X,Y)} as a collection of sample datasets X and corresponding labels Y

N;

from the same operating condition. Ds = {(x{,¥)} ",

labeled source domain samples, and Dy = {(x]) }il represent N; unla-
beled target domain samples. When a change occurs in operating con-
ditions, the distributions of corresponding domains differ, i.e.,
Fgis(Ds) # Fgs(Dr), where Fg;s(-) represents the distribution function.
Domain adaptation, as depicted in Fig. 6, is the process of predicting

represent N

Auxiliary Bearing o
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sample labels for target domain by extracting domain-invariant features,
assuming that the label sets match for the source and target domains.
Among them, Fjyqr € (FE(Ds) NFE(Dr)), where FE(-) represents the
feature encoder.

3.2. Domain-adversarial learning

As the common cross-domain adaptive method [48], the network
architecture of domain adversarial method includes a feature encoder
FE, a class discriminator M, and a domain discriminator My. The key to
forming an adversarial relationship lies in: on the one hand, the feature
encoder FE strives to generate features that are as unaffected by domain
shift as possible to deceive the domain discriminator My; on the other
hand, M, endeavors to distinguish features based on their originating
domain as accurately as possible, resisting deception by the feature
encoder FE. The goal of training is roughly stated as: while ensuring the
minimum loss term L. of the class discriminator M., also minimize the
loss term Ly of the domain discriminator My, which is inherently con-
tradictory to the requirement of feature extraction. Therefore, in the
process of backpropagation of training parameters, taking the partial
derivative of L. updates the feature encoder parameters 6, and class
discriminator parameters 0, in the direction of gradient descent, while
taking the partial derivative of Ly achieves gradient reversal by multi-
plying “—1” and updates the domain discriminator parameters 64 in the
direction of gradient ascent. Based on the above adversarial ideas, define
the total loss of network L,y as shown in the following Eq. (1):

1
Ltotal(gey 0., Hd) = TT ZLC (ME (FE(xi))ﬂyi)
S x;€D;

@
1

n+n,

Z La(Ma(FE(x:)), di)

€DsUDT

where 6., 0., 0; are parameters corresponding to FE, M., and M.
Designate n; as the batch sample quantity from the source domain and n,
from the target domain. The variable d; represent the domain label.

As depicted in Fig. 7, the concept of adversarial learning guides the
update of parameters in L. The feature encoder parameter 6, and the
class discriminator 6, are optimized to minimize the loss function L.
obtained by the class discriminator M, on the source domain data,
namely minimizing Ly, thereby improving the distinguishability of
features; Meanwhile, update the domain discriminator parameter 64
separately. This update minimizes the domain discriminator loss func-
tion Ly on different domain data, i.e. maximizing L., thereby
improving the domain discrimination ability to distinguish feature
sources. In adversarial learning, this enhances the transferability of
features extracted by the feature encoder. The updated parameter values

are denoted as 56, gc, and Ed. The extraction of features that are
invariant across domains is ultimately achieved by means of the above

Inner
Ring

Smart Roller

(b)

Fig. 4. Large-scale main bearing testbed with integrated smart rollers: (a) Overall perspective, (b) Test bearing perspective.
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calculation process, allowing for the generalization of bearing states

across different conditions. The mathematical expression of this process

is shown in Eq. (2):

(967 gc) = argminLtoml(aey 9d7 gc)
e Oc

§d = argmnaXmez(gu 04, 50)
a

3.3. Prototype network

Meta-learning is a cross-task learning approach with the ability to
generalize to new tasks, often applied in transfer learning [49] and

The roller three-axis vibration signals corresponding to NB, IF, OF, and RF state at a speed of 30 rpm.

few-shot learning [50] tasks. Meta-learning divides the dataset into Z

(support set) and Q (query set), where Z = {(xZ,y?) }izl and Q =
{(x?, y?) }?Ql. x? and x2 represent the i-th sample in set Z and Q,
respectively. The sample label y; has the same range of values, with N
sample classes and each class comprising K samples, and N; =Ng =N x
K. Therefore, meta-learning classification problems are commonly
abbreviated as “N-way K-shot™.

Prototype networks [51] are portrayed in Fig. 8 as excellent
metric-based meta-learning approaches. With its outstanding few-shot
generalization characteristics, the prototype network functions as the
classifier in this study, enhancing the domain adaptive classification
performance under class-imbalanced and few-shot samples. The imple-
mentation of prototype networks involves two main stages: prototype
generation and distance measurement. The principle behind prototype
generation is to compute the mean of feature points of each class in the
metric space from the support set. Eq. (3) illustrates the calculation
process.

K

> FE()

i=1

1

Pn =3

% 3

where p, represents the prototype generated by the n-th class sample.
The distance measurement process is achieved by calculating the

Euclidean distance d(FE <xiQ>, pn> between the prototype p, and the

feature points FE <x?> of the query set sample. This distance is then

input into the softmax function to predict the category labels for the
query set samples. Its mathematical expression is shown in Eq. (4):
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Fig.8. Prototype network: (a) Prototype generation, (b) Distance measure.

exp[ — d(Fl
ZeXp{

£).p.)]
A(rEC).)|

The training strategy of the prototype network involves training on
the support set during each iteration and conducting pre-testing on the
query set. The objective is to consistently decrease the cross-entropy loss
L, between forecasted and actual labels in query set, as shown in Eq. (5),
to achieved the model generalized learning for new fault categories.

P(y=nlxe€Q) = @
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Unlabeled source
target domain data

= Z logP(y=nlx € Q)

9 (xy)eQ

%)

4. Proposed method

The proposed domain-adaptive fault diagnosis method is outlined in
Fig. 9. This method is made up of four primary components: pre-
processing, a multi-stream fusion feature encoder, a domain discrimi-
nator, and a prototype network class discriminator, which respectively
play the roles of obtaining features from data, determining the origin of
features, and identifying fault types. In the training phase, training in-
volves the inclusion of labeled samples from Ds and unlabeled samples
from Dy. Among them, the domain discriminator receives unlabeled
source and target domain samples, whereas the class discriminator is
trained exclusively on labeled source domain data. The encoder and My
discriminator are key components forming an adversarial relationship,
where their mutual competition during training facilitates domain
adaptation from the Dg to the Dr.

4.1. Detrending: roller motion trend

Monitoring the roller state signal during rotation will inevitably
introduce motion information, greatly affecting the recognition of the
bearing state. Common signal trend removal algorithms include the

Experimental setup
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Fig. 9. The architecture of cross-domain few-shot large main bearing diagnosis algorithm based on MDAPN.
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finite/infinite impulse response filter method [52], exponential
weighted moving average method, smoothing prior method, variational
mode decomposition [53], etc. Due to the characteristics of high
amplitude and low frequency of the roller motion trend signal, designing
a high-pass filter can efficiently achieve the separation of low-speed
roller motion signals under various speed conditions, as shown in
Fig. 10. The specific implementation process includes: (1) Performing
Fourier transform on the signals, detecting the position of maximum
amplitude in the frequency domain as the design basis for the high-pass
filter; (2) Designing an infinite impulse response high-pass filter based
on Butterworth, with the following parameters: the order is 5, passband
cutoff frequency fp=3 Hz, stopband cutoff frequency fs=7 Hz, actual
passband ripple Rp=3 dB, minimum stopband attenuation Rs=30 dB.
The amplitude frequency characteristic curve of the filter is shown in
Fig. 10; (3) Performing high-pass filtering on the signal to separate the
motion trend term.

4.2. Architecture of MDAPN

(1) Feature encoder: The proposed method designs a multi-stream
fusion feature encoder, which utilizes a two-stream CNN to merge
roller axial-radial features. The model also incorporates time-domain
statistical features from triaxial vibration signals, thereby improving
its generalization capabilities. The architecture of the encoder is
depicted in Fig. 11, and its information stream processing can be
primarily separated into three sections: the first section involves
feeding the detrending x- and y-axis roller radial vibration signals
into a multi-channel CNN with attention mechanisms; the second
part processes the z-axis roller axial vibration signals using a neural
network with a similar structure; the third part extracts time-domain
statistical features from the three-axis roller signals and incorporates
them into the fully connected layer. Finally, three information
streams converge within the fully-connected layer. Among them, the
network architecture for the first two parts includes 12 identical
convolutional modules (The number of convolution kernels remains
unchanged after increasing to 128), one attention module, and one
flatten layer, respectively. The convolutional module consists of
convolutional layers fony, batch normalization layers fgy, activation
functions frerv, and pooling layers fy,, connected in sequence. The
expression for the convolution processing process is shown in Eq. (6):

ft) = | o0t 50 00 ©
=1 =1

20 Raw signal

0 -
-20

0 2 4 T/s 6 8 10

| Detrending signal
: 10
0
|

-10
|
Lo fmst P 1
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|
1200 2 4 6 g8 10
|
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where w represents weights and b denotes biases of convolutional ker-
nels, n, and nyx are the channel quantity and convolutional kernel
quantity, respectively. x denotes the convolutional operation. The
expression for the batch normalization process is given by Eq. (7):

x —E[x]

V/Varlx| + ¢ r

where E[x] and Var|x] represent the mean and variance of samples, y and
p are the parameters to be trained, and the hyperparameter ¢ defaults to
a value of 1 x 107°. freev employs Rectified Linear Unit (ReLU) to
perform nonlinear processing on the output of convolutional layers,
which is expressed as freiy = max{0,x}. Max pooling is applied in the
pooling layer to downsample the data. The attention module adopts the
"Squeeze-and-Excitation" channel attention mechanism [54]. The flatten
layer flattens the local features obtained by convolutional kernels.
Among them, the specific implementation steps of the attention module
consist of squeeze, excitation, and re-calibration. Assuming the input
feature map is fingy € R“*Y, K and W represent the number of convolu-
tional kernels in the previous layer and the width of the feature map,
respectively. The squeeze step reduces the feature map dimensionality
by global average pooling to obtain the importance weights for each
convolutional kernel. The expression for the squeezed tensor g € R¥*!
is given by Eq. (8). The excitation step involves learning the importance

fen(x) = +p )

weights e, € RX*! through a two-layer fully-connected network, as
shown in Eq. (9).

Sk = FSq <fr’r‘1ap) = % Zfrlr(lap (l) (8)
ex = Fex (k) :fsig(szReLU(Wlsk)) (C)]

K
where f;, is the sigmoid activation function, W; € Rr *K and W, €

RK* d is the weight matrix, and r is the channel reduction ratio. Finally,
in the re-calibration process, the importance weight is multiplied
element-wise with the original feature map to obtain a weighted feature
map.

The input of the third information stream includes the detrending
radial signals and the axial signal of smart rollers. The three-axis signal
extracts 8 time-domain statistical features as listed in Table 1, including
mean, Rectified mean, RMS, peak, peak-to-peak, shape factor, clearance
factor, and margin factor. Ultimately, three sets of information stream
features are fused at the fully connected layer as inputs to the My and M,
discriminator. Model parameters of the MDAPN feature encoder are
shown in Table 2.

Fourier transform

8 T y y y
X 0.64
Y 7.85
4t
0
0 2 6 8 10
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Fig.10. Schematic diagram of the filtering process of the roller motion trend item.
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Fig.11. The network architecture of the multi-stream fusion feature encoder.
Table 1 Table 2
Mathematical expressions for time-domain statistical features. Parameter description of MDAPN feature encoder model.
Name Expression Name Expression Part Description Details Output
Mean %= 121_ * Peak-to-peak Xpp = max(x;) — min(x;) size
- CLE Radial Input_radial Shape = (2 x 8192) 2 x 8192
Rectified mean o =1, x| Shape factor Xy = oms feature Conv0l block  Kernel num = 16, Size = 3, Step = 16x4096
RMS L al ; );"bs 1, BatchNorm1d, Activation =
Xoms = 124 X earance factor Xef = Xl ReLU, Maxpoolld (size = 2)
7Zie1% rms
Peak Xk = max(|xil) Margin factor Ximf = x#z Conv12_block Kernel_num = 128, Size = 3, Step = 128 x 2
[1214: ) IXiI] 1, BatchNorm1d, Activation =
L ReLU, Maxpoolld (size = 2)
Attention Avgpool1d(1), Linear,Activation = 128 x 2
RelU,
(2) Domain discriminator: A simple multi-layer perceptron and a Linear, Activation = Sigmoid
softmax layer comprise the domain discriminator. Among them, the Flatten / 256
multi-layer perceptron consists of two linear modules and activation Axial Input_axial Shape = (1 x 8192) 1 x 8192
: : : feature ConvO01_block Kernel_num = 16, Size = 3, Step = 16x4096
functions. Th is com by the following Eq. (10): - - ’ > Step
unctions e output is computed by the follo 8 Fiq. (10) 1, BatchNorm1d, Activation =
2 = Md(FE(Xi)) — WZfReLU(WlFE(xi) + bl) +b, (10) ReLU, Maxpoolld (size = 2)
Conv12_block Kernel_num = 128, Size = 3, Step = 128 x 2

1, BatchNorm1d, Activation =
ReLU, Maxpoolld (size = 2)

The multi-layer perceptron output is processed through a softmax Attention Avgpoolld(1), Linear,Activation = 128 x 2
layer to calculate the domain probabilities, as shown in the following Eq. ReLU,
(11): Linear, Activation = Sigmoid
Flatten / 256
eZi Statistical Input_sf Shape = (3 x 8192) 3 x 8192
P(y=1i) = softmax(z;) = P an feature Feature Mean, Rectified mean, RMS, Peak, 8;8;8
€0 te extractor Peak-to-peak,

. . . . .. . Shape factor, Clearance factor,
where i denotes the judgment of My, with a integer of O or 1, indicating MarI;in factor

Dg or Dr, respectively. Flatten / 24

Concatenate Radial feature, Axial feature, 536
Statistical feature
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(3) Class discriminator: M, employs a prototype network, calcu-
lating the prototype for each category according to Eq. (3), and the
probability that each sample in the query set belongs to each cate-
gory is calculated using Eq. (4).

4.3. Learning strategy and optimization

The learning strategy for the MDAPN method is described in Section
3.2, in accordance with the domain adversarial learning theory. The
input of the class discriminator is labeled source domain samples. The
loss function L. for M, during the training process is shown in Eq. (12).
The input for My is unlabeled source and target domain samples. The
loss function Ly for the domain discriminator is shown in Eq. (13).

Nxnq

1
S S. - = § — .
LE(X ¥ ’ge’ec) ~ Nx Ng = IOgP(yfyis‘X‘ € Q) a2)
S 3. 1N o e x5) LN 1l
La(X®,X";6,,04) = . ?:1 logP(y=0|x; € X°) nt ;bgp(yfl\xl
eXx”)

13

Algorithm 1 displays the training process of MDAPN. The loop is
executed as long as the loss function continues to decrease. Training is
stopped when consecutive increases in the loss function L. and L, are
detected, at which point the obtained parameters are considered the
optimal parameters, following the “early stopping” method. The model
utilizes the Adam optimizer [55] to update the parameters. This opti-
mizer incorporates momentum and adaptive learning rates, offering the
advantages of fast convergence and high computational efficiency. The
parameters set in this paper are as follows: first-order and second-order
moment estimation exponential decay rates are ; = 0.9 and f, = 0.99,
numerical stability constant ¢ = 107, and initial learning rate 5 =
0.001.

5. Experimental verification and discussion

In this section, the efficiency of the MDAPN algorithm is validated by
extensive fault diagnosis experiments. The process of dataset partition-
ing and the experimental details for conducting comparative experi-
ments. This section further explores the impact of different sample
lengths and class imbalance circumstances on MDAPN in Section 5.3 and
elucidates the advantages of the multi-stream fusion feature encoder and
prototype network classifier. The proposed MDAPN model is imple-
mented using the PyTorch deep learning framework, with batch size and
epochs set to 20. The model updates parameters using the Adam opti-
mizer. The computer configuration is NVIDIA GeForce RTX 3060, CPU
i5-12600KF, and 16 GB of memory.

Algorithm 1
The training procedure of MDAPN.
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5.1. Descriptions of datasets

Section 2 introduces details of conducting low-speed heavy-load
large-bearing fault simulation experiments. This section will further
partition the smart roller state signals collected from the experiments
into datasets. A sliding window of length 8192 is selected to perform
overlapping sampling on the three-axis vibration data of rollers under
working conditions of 30 rpm, 40 rpm, and 50 rpm, resulting in indi-
vidual samples of size 3 x 8192. For each working condition, 200
samples are chosen at random for both the training and testing sets,
ensuring that there is no data leakage between the training and testing
sets. This study sets 6 variable-speed diagnosis tasks outlined in Table 3,
to validate the cross-domain diagnostic capability of the proposed al-
gorithm through subsequent comparative experiments.

5.2. Experimental details and result analysis

Although the smart roller monitoring system can avoid complex
external interference signals and retain fault information close to the
fault source. However, the low operational speed of the TBM main
bearing results in limited effective information in individual samples of
roller state data. Additionally, changes in working conditions cause a
shift in sample distribution, and samples are scarce for a single working
condition. This section conducts experiments on the six cross-domain
diagnostic tasks established in Table 3 and verifies the superiority of
the MDAPN algorithm through comparisons with existing approaches.
Since the classifier adopts a prototype network structure, the model
training process follows the 4-way 5-shot meta-learning paradigm, with
200 training samples per class and only 5 available samples per class in
the Dr. The sample quantity in query set and support set is kept
consistent. In terms of experiments, the comparative experiment applied
five classic methods as shown in Table 4. This includes the traditional
machine learning method: support vector machines (SVM) [56]; the

Table 3
Details of cross-domain fault task for main bearings.
Tasks  Path Source domain ~ Target Fault Load/
domain types MPa
T34 30 rpm — 30 rpm/ 40 rpm/ NB/IF/ 20
40 rpm Nirain=200 Ntarget=5 OF/RF
Tss 30 rpm — 30 rpm/ 50 rpm/ NB/IF/ 20
50 rpm Nirain=200 Ntarget=5 OF/RF
Tas 40 rpm — 40 rpm/ 30 rpm/ NB/IF/ 20
30 rpm Nirain=200 Ntarget =5 OF/RF
Tys 40 rpm — 40 rpm/ 50 rpm/ NB/IF/ 20
50 rpm Nirain=200 Ntarget =5 OF/RF
Ts3 50 rpm — 50 rpm/ 30 rpm/ NB/IF/ 20
30 rpm Nirain=200 Ntarget =5 OF/RF
Tss 50 rpm — 50 rpm/ 40 rpm/ NB/IF/ 20
40 rpm Nirain=200 Ntarget =5 OF/RF

Input: The labeled source domain data Ds = {(x5,y¥) }1, and the unlabeled target domain data Dr = {(x7)}

Output: The feature extractor FE able to extract domain invariant features.

Ne
i=1"

: Initialize the feature encoder parameter 6., the class discriminator parameter ¢, and the domain discriminator parameter 6.

: WHILE the loss function L. and L, is continuously reducing DO
: Randomly select the support set { (x7,y?) }&1’ i.e. Z from Ds.

N,
: Randomly select the query set { (x?y?)} "1, i.e. Q from Ds.
i=

: Calculate the L (X%, Y5;6,,0.) on the query set Q by Eq. (12).
: Calculate the Ly (X5, X7; 6,,0,4) on X5 and Y® by Eq. (13).

: Calculate the Ly (X5, Y5, XT;0,,604) by Eq. (1).

Optimize the parameter 6., 6.

10: Optimize the parameter 6y, 6.

11: END WHILE

1
2
3
4
5: Calculate the prototype p, by Eq. (3).
6
7
8

0
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feature-based transfer learning approach, transfer component analysis
(TCA) [57], facilitates domain adaptation through the reduction of
distance in edge probability distribution between Dg and Dr; Deep
domain confusion (DDC) approach [58], implemented using CNN, adds
an adaptation layer and an additional domain confusion loss function to
achieve the goal of obtaining domain-invariant features; Deep model
based domain adaptation for fault diagnosis (DAFD) [59], a domain
adaptive method also rooted in CNN architecture, minimizes the MMD
between Ds and Dr to lessen domain disparities; Domain adversarial
neural networks (DANN) [60], an adversarial mechanism-based
approach, generates features to confuse the domain discriminators. To
truly reflect the performance of the comparison method, DDC, DAFD,
DANN, and the proposed method adopt the same feature extractor. Since
the input data for the experiments are the three-dimensional vibration
signals of rollers, manually extracted features from each dimension of
samples are concatenated for input into SVM and TCA models. For other
deep learning models, the CNN channel quantity is changed to adapt to
the multi-dimensional data.

Table 5 depicts the cross-domain diagnostic outcomes of the MDAPN
algorithm and other comparative algorithms. The diagnostic accuracy of
MDAPN for six different cross-domain tasks is 97.42 %, 97.38 %, 99.05
%, 98.60 %, 98.81 %, and 99.16 %, respectively. The average recogni-
tion accuracy of the MDAPN algorithm is compared to five comparative
algorithms, with improvements of 35.13 %, 33.41 %, 25.42 %, 20.68 %,
and 6.57 %, respectively. It is evident that the MDAPN accuracy out-
performs existing approaches in different tasks. The average accuracy of
DAFD is increased by 14.45 % and 12.73 % compared to SVM and TCA,
respectively, indicating that deep learning has better feature expression
ability than machine learning and traditional transfer learning algo-
rithms. The average accuracy of DANN has increased by 18.85 % and
14.11 % compared to DDC and DAFD, respectively. This indicates that
the introduction of adversarial mechanisms significantly reduces the
impact of domain shift on model accuracy, and extracted domain-
invariant features have stronger generalization ability. Compared to
DANN, the average accuracy of MDAPN is improved by 6.57 %, indi-
cating that the improved feature encoder and prototype network clas-
sifier enhance the ability to extract domain-generalized features from
roller state data with a limited target domain sample quantity. The
specific roles of each module are discussed in Section 5.3 and 5.4.

Further analysis of the experimental outcomes of the MDAPN model
across various tasks reveals that the diagnostic accuracy for tasks Tsa,
Tss, and Ty45 is lower than that for other tasks. This is attributed to the
longer periods between defect-related pulses in fixed-length samples
under low-speed operating conditions, making it more challenging to
extract fault information for identifying fault types under relatively
higher-speed conditions. Consequently, the T35 task is more challenging
compared to other tasks. When the speed is transferred from 30 to 50
rpm, the accuracy of SVM, TCA, DDC, DAFD, DANN, and the proposed
methods are 67.52 %, 69.25 %, 72.62 %, 93.99 %, 88.66 %, and 97.39
%, respectively. To further illustrate the specific correct classification
and misclassification information of each method under this task, a

Table 4
Key parameters and network structure of comparative methods.

Methods Feature extractor Domain adaption key modules
parameters
SVM [56] Three-axis statistical fusion Gaussian kernel function mapping
feature
TCA [57] Three-axis statistical fusion Reproducing kernel Hilbert Space
feature mapping—MMD
DDC [58] Three-channel CNN (12 Adaptation layer—MMD
Conv blocks)
DAFD Three-channel CNN (12 MMD-Domain adaptation
[59] Conv blocks)
DANN Three-channel CNN (12 Adversarial domain adaptation
[60] Conv blocks)

10
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Table 5

The fault recognition accuracy of different methods under cross-speed

conditions.

Methods Taq Tss Tas Tas Ts3 Tsq avg

SVM 63.53 67.52 57.16 69.04 50.25 72.17 63.28
+0.14 +0.20 +0.08 +0.14 +0.12 +0.07 +7.72

TCA 62.69 69.25 54.68 63.08 69.82 70.47 65.00
+0.17 +0.13 +0.06 +0.14 +0.06 +0.08 +5.74

DDC 71.37 72.62 71.14 79.35 72.67 70.81 72.99
+3.22 +2.42 +4.15 +2.51 +2.12 +2.50 +3.88

DAFD 56.90 93.99 74.84 82.97 76.10 81.54 77.73
+2.61 +1.78 +2.93 +2.16 +2.85 +2.42 +11.70

DANN 87.69 88.66 91.31 91.76 96.37 95.24 91.84
+1.36 +1.56 +1.27 +0.99 +1.02 +1.24 +3.41

Proposed 97.42 97.39 99.05 98.60 98.81 99.16 98.41
+1.19 +0.34 +0.68 +0.72 +0.56 +0.20 +0.95

confusion matrix, as depicted in Fig. 12, was generated. It is evident
from the graphic that DDC has obvious phenomena of missed alarms and
false alarms. Although SVM, TCA, DAFD, and DANN perform well in
recognizing certain states, they all suffer from severe misclassification
issues. In contrast, the proposed method accurately identifies various
fault types. Combining the T-Stochastic Neighbor Embedding (T-SNE)
visualization in Fig. 13, it makes sense intuitively that the intra-class
clustering effect and inter-class discriminability of the MDAPN model
are significantly higher than other algorithms. The better the clustering
effect of feature points with the same color, and the more obvious the
differentiation between feature points with different shapes, the stron-
ger the fault recognition ability of the features. Besides, better clustering
of feature points with the same shape signifies smaller differences in
feature distribution between Dg and Dr, resulting in less domain shift
impact.

The comprehensive analysis above leads to the conclusion that the
MDAPN model possesses the capability to accomplish cross-speed
diagnosis tasks under extremely limited target domain data. In prac-
tical applications, it can accurately identify the TBM main bearing status
under various low-speed heavy-load conditions, avoiding the occurrence
of major safety accidents.

5.3. Discussion

5.3.1. Selection of sample length under low-speed operating conditions
Taking into account that the smart roller of the TBM main bearing
gathers vibration signals during low-speed operations is affected by the
long period between defect-related pulses, especially for cases in which
the target domain sample quantity is scarce, the diagnostic model needs
to choose a reasonable sample length. Considering that the integral
power of 2 can maximize the utilization of computational resources,
sample lengths (1024, 2048, 4096, 8192, and 16384) were selected to
observe experimental results. The experimental setup remained consis-
tent with Section 5.3, and the accuracy of MDAPA under different cross-
speed tasks is illustrated in Fig. 14. During the increase in sample length
from 1024 to 4096, there was a slight improvement in model accuracy.
However, noticeable differences in model accuracy for various tasks
indicated that the sample interval could not cover the complete bearing
fault information, resulting in a lack of sufficient fault information in the
model. When the sample length reached 8192, the accuracy of the model
under different tasks improves significantly and there is no significant
difference. After further increasing the sample length, the model accu-
racy is essentially unaffected by the sample length, as the sample in-
terval now fully covers the fault impulse signals of each component.
Therefore, choosing 8192 as the sample length is the most appropriate.

5.3.2. Performance analysis of multi-stream fusion feature encoder

The network architecture of the multi-stream fusion feature encoder
is depicted in Fig. 11. To explore the advantage of the two-stream CNN
in processing roller state data and the importance of introducing
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Fig.13. T-SNE dimensionality reduction visualization results using different methods under T3s task.

statistical feature information. In this section, the feature encoder of the
MDAPN model is replaced with a three-channel CNN with statistical
features and a two-stream CNN, resulting in the comparative methods
DCNN-SF-DAPN and TSCNN-DAPN. The network structures of the
feature encoders for the three methods are depicted in Fig. 15. Cross-
domain diagnostic experiments were carried out to compare results of
three methods in various speed conditions, as shown in Table 6.

11

Compared to the MDAPN method, the accuracy of the DCNN-SF-DAPN
method decreased by 5.90 %, 4.63 %, 5.99 %, 4.30 %, 2.68 %, and
0.07 % in different tasks, indicating that using a two-stream CNN to
analyze roller data can obtain more complete state characteristics.
However, the multi-channel CNN structure assumes that the axial and
radial features of rollers have the same modal characteristics, leading to
a decrease in recognition accuracy. Meanwhile, the accuracy of the
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Fig.14. Experimental results of MDAPN under different cross-domain tasks
with different sample lengths.

TSCNN-DAPN method when operating conditions transition from low to
high speeds (T34/T35/T4s) is significantly higher than when the oper-
ating conditions transition from high to low speeds (T43/T53/Ts54). In
comparison, the accuracy of the proposed method was improved by
—0.96 %, —0.40 %, 9.72 %, 7.10 %, 16.54 %, and 18.05 % in different
tasks, indicating that the introduced statistical feature can significantly
enhance the few-shot cross-domain diagnostic performance during the
transition from high-speed to low-speed conditions. This improvement is
attributed to the fact that when the target domain samples are scarce,
shallow fault feature information compensates for the crucial fault in-
formation lost during the learning process of deep network structures.
To intuitively explain the influence of different feature encoder
structures, visualization of convolution kernels in the feature encoding
process was conducted, as depicted in Fig. 16. By comparing the feature
maps in Fig. 16(b) (c) and Fig. 16(a), it can be observed that two-stream
CNN-based feature encoders have a pronounced energy concentration
effect on the extracted features, with clear positions of energy compo-
nents representing the state and a significant reduction in discrete en-
ergy. Comparing Fig. 16(a) (c) and Fig. 16(b) reveals that the feature
energy components, extracted by the feature encoder with time-domain
statistical features, are densely distributed, while the energy component
distribution in Fig. 16(b) is relatively scattered, possibly retaining
ineffective energy components that interfere with model judgment.
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5.3.3. Performance analysis of prototype network classifier

To validate the significant role of prototype networks in enhancing
the few-shot learning capability of domain adaptation models, in this
section, we introduced a prototype network classifier into the baseline
DANN method, resulting in the variant method DCNN-DAPN. Addi-
tionally, we replaced the prototype network classifier in the TSCNN-
DAPN method with a multi-perceptron, yielding the variant method
TSCNN-DANN. We conducted ablation experiments around the proto-
type network classifier, comparing four variant methods and the pro-
posed method, analyzing their performance on six cross-domain
diagnostic tasks under different numbers of training samples. The
experimental results are shown in Table 7. The number of training
samples for each class was set to 500, 200, 100, 50, and 30, respectively,
and the average and standard deviation of the accuracy of the six cross-
domain tasks for each method were recorded. Compared to DANN and
TSCNN-DANN without prototype network classifiers, DCNN-DAPN and
TSCNN-DAPN showed the similar diagnostic accuracy when ng,i, =
500, 200, 100. However, under conditions of scarce samples (fain =
50, 30), the accuracy of DCNN-DAPN increased by 5.75 % and 18.06 %,
respectively, and the accuracy of TSCNN-DAPN increased by 8.85 % and
19.18 %, respectively. This indicates that the application of prototype
network classifiers in domain adaptation models exhibits good few-shot
learning performance under variable conditions with scarce available
samples.

In this experiment, it is noteworthy that the baseline domain adap-
tation method, DANN, did not show a significant improvement in
average diagnostic accuracy before and after using two-stream CNN.
However, as indicated in Section 5.3.2, MDAPN showed a significant
improvement in accuracy compared to DCNN-SF-DAPN. Analysis com-
bined with Fig. 16 shows that the reason is that two-stream CNN has
strong capabilities in extracting energy components but it is also more
susceptible to the influence of ineffective components. This leads to
excellent performance of two-stream CNN-based methods in individual
cross-domain tasks, but the average diagnostic accuracy is not high.
Introducing time-domain statistical feature information removes the

Table 6
Ablation experimental results of three methods under different variable speed
working conditions.

Statistical

l;ig zﬁg ;ﬁg ;i;n S

Methods Taq T35 Tys Tss Ts3 Tsq avg
DCNN-SF-DAPN 92,02 9297 93.83 9447 9643 99.25 94.83
TSCNN-DAPN ~ 98.28 98.00 90.10 91.67 82.57 81.27  90.32
MDAPN 97.92  97.60 99.82 98.77 99.11 99.32  98.76
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Fig.15. Feature encoder network structure: (a) DCNN-SF-DAPN, (b) TSCNN-DAPN, (c) MDAPN.
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Fig.16. Visual feature maps of convolutional kernels in the feature encoding process for three methods.
selected for each type of fault as training data. The target domain still
Table 7

Ablation experimental results of prototype network classifier under different
training sample sizes.

Methods Nerain
500 200 100 50 30
DANN 94.29 92.10 87.17 74.35 59.76
+4.36 +4.06 +3.58 +2.17 +3.74
DCNN- 91.41 88.25 85.09 80.10 77.82
DAPN +6.16 +6.55 +7.51 +6.49 +6.59
TSCNN- 92.66 90.13 86.43 74.02 61.66
DANN +6.51 +7.34 +7.17 +5.78 +4.58
TSCNN- 92.65 90.32 87.20 82.87 80.84
DAPN +5.95 +7.30 +6.97 +6.41 +6.63
MDAPN 98.72 98.76 96.65 92.40 90.74
+0.75 +0.85 +0.69 +1.22 +1.04

interference of ineffective energy components, greatly leveraging the
advantages of two-stream CNN, thus resulting in a significant
improvement in average diagnostic accuracy.

5.3.4. The influence of class-imbalance working conditions

The multi-stream fusion feature encoder-based domain adversarial
prototype network diagnostic algorithm is proposed, achieving cross-
condition fault recognition when target domain samples are sparse. In
practical application scenarios, normal data obtained from monitoring
devices is rich while fault data is scarce. Therefore, this section further
discusses the diagnostic ability of the model under class-imbalance
conditions. The number of normal training samples is kept constant at
200, with class-imbalance rates « set at 100 %, 50 %, 20 %, 10 %, and 5
%, respectively. That is, 200, 100, 40, 20, and 10 fault samples are
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maintains 5 available samples per class, and the model is trained ac-
cording to the 4-way 5-shot paradigm. The experimental findings are
visually presented in Fig. 17. The MDAPN average diagnostic accuracy
under different class-imbalanced rates is 98.76 %, 95.52 %, 90.49 %,
86.87 %, and 82.23 %, respectively. This indicates that even with only
10 training samples per class in the source domain where normal sam-
ples are abundant and faulty samples are scarce, the MDAPN method can
still achieve 82.23 % average accuracy. Verified that the MDAPN model
still exhibits the capability to identify the types of TBM main bearing
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Fig.17. Experimental results of MDAPN under different class-imbalance rates
in cross-domain tasks.
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faults under extreme class-imbalance conditions.
6. Conclusion

In this work, we conducted research on the TBM main bearing fault
diagnosis utilizing data from smart roller monitoring, effectively
addressing the challenge of monitoring internal damage behavior in
main bearings under complex noise and strong impact conditions at
industrial sites. Considering that the TBM main bearing actually oper-
ates in conditions characterized by low speed and heavy load, scarce
fault samples, and variable working conditions, this study proposes a
novel multi-stream fusion feature encoder-based domain adversarial
prototype network diagnostic algorithm. It achieves cross-domain fault
diagnosis by leveraging roller states with few samples in the target
domain. The MDAPN model utilizes a two-stream CNN to deeply mine
the axial-radial fusion features of the three-axis monitoring signals of
rollers and combines shallow statistical feature information to accu-
rately characterize the main bearing state. Among them, interference
signals generated by roller rotation are filtered using modal decompo-
sition. To eliminate the domain shift effects caused by variations in main
bearing speeds, an adversarial learning strategy is applied to generate
domain-invariant features. In addition, a prototype network classifier is
used to achieve fault diagnosis under 5-shot conditions. The results of six
cross-domain diagnostic experiments conducted at speeds of 30-40-50
rpm showed that the proposed MDAPN method achieved an average
diagnostic accuracy of 98.41 %, significantly outperforming domain-
adaptation approaches such as SVM, TCA, DDC, DAFD, and DANN.
The efficiency of the MDAPN method is further verified by confusion
matrices and T-SNE dimensionality reduction visualization. Addition-
ally, the discussion section explains the selection of sample lengths
under low-speed conditions and evaluates the performance of the multi-
stream fusion feature encoder and prototype network classifier. Finally,
class-imbalance experiments demonstrate that the model maintains an
accuracy of 82.23 % when there are only 10 samples per fault class in the
source domain, indicating its applicability under class-imbalanced
conditions.

In future research, our focus will be on developing dynamic models
for atypical faults in TBM main bearings and exploring the domain
generalization technology in open-set scenarios. In addition, how to
implement the algorithms to sequential online data in industrial settings
is also an issue worth researching.
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