
IEEE/ASME TRANSACTIONS ON MECHATRONICS 1

Blade Fault Diagnosis Based on Hybrid Physics and
Domain Adaptation: A Case Study of

Variable-Speed Marine Current Turbines
Tao Xie, Zhihuan Hu, Tianzhen Wang, Weidong Zhang, Senior Member IEEE, Hongtian Chen

Abstract—As a machine learning approach, domain adaptation
methods are widely applied in cross-scenario fault diagnosis.
However, the target domain may need more annotated data,
posing challenges to the performance of domain adaptation
methods. This paper proposes a fault diagnosis method based
on hybrid physics and domain adaptation (HPDA) with its
application to marine current turbines (MCTs) scenarios. Specif-
ically, this method first establishes a rotational feature alignment
model based on physical variables. Then, it aligns the feature
of the target domain data with physical parameters. Finally,
an augmented domain adversarial model is trained using pre-
alignment samples. Data from MCT prototypes are collected to
validate the effectiveness of the proposed method. Experimental
results demonstrate the proposed method’s superior stability and
data transferability compared with the state-of-the-art.

Index Terms—Marine current turbines (MCTs), fault diagno-
sis, domain adaptation, synthetic data, physical feature.

I. INTRODUCTION

B IOFOULING, caused by the accumulation of organisms
and debris on the surfaces of marine current turbines

(MCTs), has a significant impact on safety and stability
[1]. Ocean currents represent a sustainable and renewable
energy resource. The constant ocean tides and currents offer
the potential for a continuous and reliable energy supply.
Utilizing ocean currents can play a significant role in reduc-
ing traditional energy sources [2-3]. MCTs can be shared
with other ocean infrastructure (e.g., ocean communication
cables and observation equipment), reducing construction and
maintenance costs. However, marine life attachment and bio-
corrosion are common problems for MCT blades [4], where
marine life (e.g., algae, shellfish, and barnacles) grow and
attach to equipment surfaces, increasing hydrodynamic losses
and potentially causing equipment damage [5-6]. Currently,
the installation and deployment of MCTs are far less mature
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than wind turbines (WTs) of the same construction. Therefore,
more available fault samples must be available, which limits
fault diagnosis methods [7-9]. As an underwater device, the
deployment of vibration and image signals is very formidable,
which limits the available data sources for MCTs [10-11].
Hence, this paper selects a current signal of MCTs for non-
invasive online fault diagnosis.

Aiming at the problem of the unbalanced sample, several
domain-adaptation (DA) techniques are used to generate dis-
criminative and task-relevant features for domain adaptation
[22]. Wang et al. [12] introduced domain discriminator en-
tropy or uncertainty to select transferable local regions, albeit
without proactive alignment with the image classification task.
Wen et al. [13] focused on transferring primitive local feature
patterns, which provide a fine-grained adaptation. Yu et al.
[14] proposed a comprehensive rolling bearing fault diagnosis
framework, incorporating domain adaptation and preferred
feature selection. However, the feature extraction network
limits the approach using parameter and model transfer cannot
handle tasks involving significant distributional differences.
Yu et al. [15] combined signal decomposition with domain
adversarial adaptation for bearing fault diagnosis. Long et al.
[16] developed a deep adaptation neural network (DANN)
utilizing multi-kernel maximum mean discrepancy in all fully
connected layers to learn transferable features across domains.
Kuang et al. [17] presented an innovative adversarial transfer
learning framework to address cross-domain fault diagnosis
with imbalanced data. Guo et al. [18] introduced a novel DA
network merging generative adversarial network technologies,
demonstrating superior performance on transfer tasks across
multiple datasets. To this end, distance-based domain adaptive
methods suffer from decreased performance when the amount
of target domain data in the training phase is restricted, as a
common scenario in industrial power generation applications
[19]. DA-based methods have shown great potential for fault
diagnosis tasks. However, there still exist some drawbacks:

1) A case of significant differences in data distribution
over variable operating conditions, which can lead to
the performance degradation of the domain adaptive
approach;

2) Since domain-adaptive methods must select or learn
feature representations related to the target domain, the
selection of feature representations with better general-
ization capabilities will have a significant impact on the
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ability in migrating data.

The exploration for domain-enriched adaptive networks,
enhanced by incorporating pre-existing physical priors, has
captivated researchers for decades. Chen et al. [20] proposed
an individual data sample enhanced method by considering the
global data distribution. Mao et al. [21] employed domain-
adversarial adaptive methods and introduced an incidence
matrix to capture the inherent similarity structure among
multiple fault types. In [22], an adaptive fault attention residual
network was proposed for bearing diagnosis in circulating wa-
ter pumps. The adaptive fault attention mechanism generated
features strongly correlated with fault characteristics, ensuring
meaningful knowledge transfer. Wen et al. [23] studied fault
diagnosis dynamics centered around bearings, employing CNN
training with an automatic learning rate scheduler. Yang et
al. [24] introduced a deep transfer learning architecture for
effective fault diagnosis of bogies under variable operating
conditions, even without fault labels. To enhance domain
adaptation capabilities, a deep joint distribution alignment
was proposed to simultaneously reduce the discrepancy in
marginal and conditional distributions between two domains
[25]. Ye et al. [26] proposed an innovative fault diagnosis
method for industrial robot joint bearings under varying work-
ing conditions. Wang et al. [27] presented a novel bearing
fault diagnosis framework to learn effective models from
unlabeled genuine bearing data. Notably, [27] demonstrated
the generation of synthetic faults through expert knowledge
and robust domain adaptation against data imbalance. Inspired
by [27], Lu et al. [28] presented a novel fault diagnosis method
based on spectrum alignment and deep transfer convolution
neural network, where a data augmentation module is designed
to extract fault features from the unbalanced bearing data.
However, these methods need a physical interpretation of
feature alignment to recognize the significance and flexibility
of variable parameters in physical models during the domain
adaptation process.

To address the aforementioned issues, this paper proposes an
augmented domain adaptive fault diagnosis approach (HPDA)
by incorporating the physical characteristics of machinery.
The physical parameters of the diagnosed object are first
considered to align the multi-domain features of the source and
target domains. The multi-domain features are finely aligned
by rotational sampling. Finally, the fault diagnosis of the target
domain is accomplished by designing domain discriminators
and classifiers. The main contributions are given as follows:

1) An augmented domain adaptive fault diagnosis network
is developed to enhance fault diagnosis rates compared
with existing methods. By incorporating the physical
characteristics of the machinery, the network achieves
improved diagnostic performance and exhibits signifi-
cant application potential;

2) This innovative approach reduces local equipment up-
grade costs and computational expenses while address-
ing the practical requirements of MCTs. Furthermore,
the proposed method effectively addresses the issue of
weakened features caused by variable marine currents;

3) Through the process of rotational alignment, the classi-

Fig. 1. The concept of blade biofouling cases.

fied network mitigates the impact of varying marine cur-
rent (or operating conditions), increasing fault diagnosis
accuracy. The effectiveness of the HPDA is demon-
strated through two case studies, providing empirical
validation of its capabilities.

The rest of this study is organized as follows. The basic
knowledge is introduced in Section II, whose purpose is
to expound on several preliminaries. Section III details the
proposed HPDA, wherein the theoretical analysis and imple-
mentation procedures are presented. Section IV illustrates the
effectiveness of the proposed fault diagnosis method via two
applications to a practical MCT prototype and bearing beach.
Section V concludes this study.

II. PRELIMINARIES AND MOTIVATIONS

A. Physical Paradigm and Fault Definitions

The biofouling of MCTs can be equivalent to attaching a
virtual mass to the rotational blade. As shown in Fig. 1, the
mass rotates periodically with the MCTs blade at the angular
velocity ωr. The buoyancy Fb and the gravity of mass generate
an additional torque [29]:

Tim = (mg − Fb) ∗ ru sin(ωrt+ φ), (1)

where m denotes the quality of mass; g denotes the gravita-
tional acceleration; ru denotes the distance between the mass
and the center of the shaft; φ denotes the initial phase.

The angular velocity ωn under the blade biofouling state is:

ωn = − (mg − Fb)ru cos(ωrt+ φ)

Jωr
+ ωr = ∆ωr + ωr, (2)

where ∆ωr denotes the change in turbine angular velocity with
blade biofouling. It equals to zero when the MCTs working
under healthy states. The stator current of MCTs with blade
fouling can be expressed as follows:

is(t) = At sin(p(ωr +∆ωr)t+ φ), (3)

where At denotes the amplitude of the stator current; p denotes
the number of pole pairs. The instantaneous frequency of the
stator current can be expressed as follows:

f(t) = pfim − b

2π
cos(2πfimt+ φ), (4)
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where b denotes the coefficient of blade biofouling; fim is
the physical fault frequency. The physical frequency can be
considered as the characteristic variable of data from MCTs,
which will support domain adaptation.

B. Domain Adaptation

The domain adaptation problem concerning fault diagnosis
for MCTs is defined as follows:

Definition 1. The source domain, denoted as Ds =
{(xsi , ysi )}

ns

i=1, consists of ns MCTs source samples with corre-
sponding labels ysi drawn from the distribution Ps. The source
samples pertain to |Cs| distinct classes, where Cs denotes the
label space associated with the source domain.

Definition 2. Additionally, the target domain is represented
as Dt = {xti}

nt

i=1, encompassing nt unlabeled MCT samples
xti drawn from the distribution Pt. The target samples belong
to |Ct| classes, with Ct signifying the label space of the target
domain.

Definition 3. Assuming that the data in the source and
target domains are sufficient and follow different distributions,
denoted by Ps ̸= Pt. The source and target domains share
an identical label space, represented by Cs = Ct. Furthermore,
the sample distribution is balanced across all source and target
domain categories.

The primary objective of this study is to design a function
that could be achieved via a neural network, denoted as
f∗, which effectively minimizes the discrepancy between the
marginal and conditional distributions. This process facilitates
the acquisition of domain-invariant features, ensuring that
ysi = f∗ (xsi ) and yti = f∗ (xti). Remarkably, the universality
of f∗ across the domains is guaranteed by the shift assumption.

C. Motivations

As mentioned target domain Dt in Definition 2, select-
ing key alignment features with the source domain data is
essential. Because of different flow velocities (rotational condi-
tions), the variable distributional feature will cause the trained
model to overfitting. The data features are varying under differ-
ent rotational conditions. If the rotational drift can be estimated
and quantified, and the data feature corresponding to different
domains can be aligned by the compensation, allowing the
source and target domains to share the same diagnosis model.
However, aligning features that lack physical meaning will
not serve the purpose of effective domain invariance. Based
on this observation, physical parameters such as mechanical
rotation and sampling frequency can provide a good set of
aligned features to domain adaptive adversarial training.

III. FAULT DIAGNOSIS FRAMEWORK

A. Designs of Rotational Alignment

Due to the diverse effects of varying flow rates on the raw
signals acquired from the MCT, the data distribution exhibits
heterogeneity. Consequently, the existing deep learning-based
fault diagnosis models exhibit relatively weak domain invari-
ance and generalization capabilities. Therefore, it is imperative

to devise an appropriate feature alignment and scaling trans-
formation method to enhance the representativeness of input
features within domain adversarial networks. Specifically, the
feature alignment between the source and target domains are
achieved by estimating physical parameters. Subsequently, a
periodic second-order resampling of features is conducted
to align the stable fault characteristics. Under different fault
scenarios, the phase current encompasses distinct fault-related
information, wherein rotational alignment and feature sam-
pling play key roles in building domain adversarial models.
Step1: Specific-prior knowledge gaining

Speeds and frequencies, as a priori of MCTs, need to be
acquired first. Hilbert transform (HT) is an useful technique
for extracting time-frequency features. HT can be represented
as follows:

H(u)(s,t) =
1

π
p · v ·

∫ +∞

−∞

u(s,t)(τ)

t− τ
dτ, (5)

where p ·v stands for the Cauchy principal value, which is the
integral value of the flawed integral; (u)(s,t) is the original
signal. Then, the instantaneous rotational frequency can be
founded by the phase derivative as follows:

ω(s,t)(t) =
darctg

Hu(s,t)

u(s,t)

dt
, (6)

where arctg(−) is the derivative function.
Step2: Compensation alignment

When the instantaneous frequency is captured, the real-time
rotational velocity of MCTs can be accurately characterized.
Therefore, the data characteristics at different flow rates can
be aligned utilizing compensation, expressed as follows:

u(f) =

∫ ∞

−∞
u(t) exp(−2πj(frt)− ω⊥j)dt. (7)

Remark 1. The compensation parameter ω⊥, together with the
corresponding objective alignment feature given in (7), play an
essential role in the domain adaptation for fault diagnosis. It
benefits from the physical variables that can transform domain-
variant features into common features.

The compensation parameter is defined as the frequency
difference between the source and target domains, which is
given as

ω⊥ = ω̂s − ω̂t. (8)

Remark 2. By using the frequencies as the domain com-
pensation, the compensation alignment transformation in (7)
can achieve the purpose of normalized data from the source
and target domains. The difference to be compensated is the
portion of the rotation frequency ω̂t in the source domain that
exceeds the target domain ω̂s, it will be compensated for in
the target space, leaving the completed domain invariant. This
rotation compensation applies equally to any sample period.

Additionally, since the transient frequency is an essential
feature of MCT blade faults, the proposed HPDA approach
uses the diagnosis-relevant features ω̄ for domain shift align-
ment, which improves fault diagnosis accuracy.
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Fig. 2. The procedure of telescoping modulus.

Step3: Frequency proportional normalization
Although the fault characteristics can be better displayed in

the frequency domain, the spectrum leakage still exists, and
this advantage will be transformed into a disadvantage, thus
affecting the fault diagnosis result. The processing of the time
domain signal need to be more in-depth as compared to the
frequency domain signal. Base on this observation, the aligned
time domain signal need to be obtained though inverse trans-
formation and further re-sampled to acquire a concentrated
feature. Fourier inversions can transfer the aligned frequency
domain data u(f) into a new source (target) domain signal,
which can be given as

u∗(t) = F−1[u(ω)]. (9)

When the sampling frequency is proportional to the instanta-
neous signal, the sampled instantaneous signal is a fixed value.
It can be calculated though Fourier transform. Therefore, the
fault characteristic signal will change from non-stationary to
stable, which can be expressed as

Fcons =

∫ ∞

−∞
u∗(t) exp(−2πjω)dt s.t.fs = fs(t), (10)

where fs donates the variable sampling frequency. The in-
stantaneous signal is expected to be stable after resampling.
To satisfy with (10), the rotation frequency of MCTs in (6) can
be discretized to the known instantaneous rotation frequency,
which is a fixed value. It can be deduced as follows:

Fcons =
1

Nf

Nf∑
nf=0

fg[nf ], (11)

where nf = 1, 2, · · · , Nf is the number of samples. Defining
the initial value as 1, the step size is solved in each interpola-
tion according to the variable sampling accumulation method.
The following equation updates the sequence of subsequent
variable steps

S1[nf + 1] = S1[nf ] +
Fcons

fg[nf ]
. (12)

The computed orthogonal frequency sequence can be used
to interpolate the new signal. Furthermore, the rotational
frequency signal is updated by the new signal with HT.

Algorithm 1 Fault diagnosis based on HPDA.
1: Input Dataset Ds = {xs

i , y
s
i }

ns

i=1 ,Dt = {xt
i}

nt

i=1, batch
size, max epoch.

2: Output MCT fault categories Ξ = {H,Ξ1 − Ξn}.
3: For epoch = 1, 2, · · · ,maxepoch do
4: For step = 1, 2, · · · ,maxstep do
5: Calculate source domain features gs = G (xs)
6: Calculate target domain features gt = G (xt)
7: Compensation alignment with ω⊥ in (8)
8: Calculate the domain prediction yd = D (xt,s)
9: Calculate the target prediction yt = C (xt)

10: Calculate loss from discriminator and classify
11: Calculate the gradient and update parameters
12: end For
13: end For
14: Obtain target optimization categories
15: Reture Ξ
16: End of Pseudo-Code

B. Augmented Domain Adaptation

The following will construct a domain adversarial network
by combining pre-aligned feature sets of the source and target
domains. The network will be trained against supervised
source domain data by adjusting the rotational alignment
parameters and domain discriminator parameters. Therefore,
the target domain fault class can be identified using a classifier.
The task of domain-invariant can be re-formulated as follows.

1) The source domain data with rotational alignment sam-
ples are given as

Ds =
{(
x1s, y

1
s

)
, . . . , (xns , y

n
s )
}
, yis ∈ Y. (13)

2) Base on Definition 2, the unlabeled real data from the
target domain are given as

Dt =
{
x1t , . . . , x

m
t

}
. (14)

3) A block issue for the rotational alignment: In MCT
scenarios, different flow rates and external environments will
inspire the data to present multiple batches, which will test the
data length and frequency selection for rotational alignment.
Once the appropriate data length is not selected at a particular
flow rate, it will affect the quality of the alignment of the
source and target domain features, weakening the domain
adaptive network and generating misdiagnosis of MCT faults.

To this end, given an expansion extractor ς parameterized
by θς , a discriminator g parameterized by θg , a generator
d parameterized by θd, the proposed method is essentially
solving the following equation

L (θF , θc, θh) = Lclf (c(F (x)))− λdLd(h(F (x))). (15)

It can reversely adjust the expansion coefficient in the
decomposition procedure by minimizing and obtaining the
optimal solution as

{θ̂c, θ̂F} = argmin
θc,θF

χ(θg, θF , θ̂d). (16)
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Fig. 3. The procedure of the HPDA approach.

Remark 3. The optimized hyperparameters θF can be em-
ployed to update new synthetic sample matrices UF . This
optimization process in (16) enables reverse-optimize and
adjusts the parameter in sample expansion models. As a result,
a closed loop is formed between the physical feature and
the discrimination of the original sample, enabling interactive
linkage and cross-fusion of the physical knowledge and data
features.

C. Framework Structures

In order to transfer the fault-relevant feature from the source
to the target domain, which can be split into three parts:
feature alignment, domain adaptation, and fault diagnosis, as
illustrated in Fig. 3. The data from both the source and target
domains are projected into the frequency space for aligning
during the feature extraction, and then filters are used to
identify fault-relevant features. Domain adversarial models are
used in the domain adaptation to reduce feature discrepancies
in the marginal and conditional distributions. The classifier is
trained with source data supervision for fault diagnosis. Three
optimization goals are listed below. a) Reduce the θc by using
data from the source domain. b) Maximize the θF by using
data from the source and target domains. c) The θd with the
source and target domains should be minimized.

IV. CASE STUDIES

This section validates the proposed method by using the
SMUD-600 prototype dataset and the rotor-bearing beach
dataset. All experiments are conducted in the Win10 envi-
ronment using Pycharm 3.1. The transfer tasks are defined as
from source domains to target domains.

A. Case 1: SMUD-600

1) Experimental setup and dataset descriptions
An experimental framework is established to facilitate rigor-

ous inquiry, encompassing a 0.23 kW direct-drive permanent
magnet synchronous generator (PMSG), as illustrated in Fig.
4. The experimental platform includes several components:
turbines, a PMSG, a comprehensive data acquisition system,

TABLE I
SPECIFICATIONS OF THE MCT SYSTEM PARAMETERS

PMSG Parameters Turbine Parameters

Pole-pair 8 Airfoil NACA 0808
Flux 0.18 Wb Pitch Angle 12.6°

Inductance 11.8 ml Chord Length 0.2-0.3 m
Resistance 3.3 Ω Blade Diameter 0.6 m

and an intricately designed state monitoring infrastructure. The
detailed parameters can be referenced from Table I. The PMSG
prototype adopting a meter stick design characterized by 8 pole
pairs. The vertical shaft of the generator was positioned at an
elevation of 0.6 meters above the water surface.

Fig. 4. The MCTs prototype in variable water-flow.

In this study, a string replicates the entanglement encoun-
tered in submarine environments. This case study is conducted
by manipulating the string mass, which is adjusted to imitate
the biofouling of blades. Since attachments cannot increase
continuously, maintenance shutdowns are performed within a
certain threshold [30]. Five fault cases have been designed as
follows based on the upper limit of the attachment effect on
the blades.

1) Healthy b1: No attached string.
2) Bifouling1 b2: Fault degree parameter s = 0.05, a piece

of the string is attached onto the blade (50g).
3) Bifouling2 b3: Fault degree parameter s = 0.10, a piece

of the string is attached onto the blade (101g).
4) Bifouling3 b4: Fault degree parameter s = 0.15, a piece

of the string is attached onto the blade (150g).
5) Bifouling4 b5: Fault degree parameter s = 0.20, a piece

of the string is attached onto the blade (202g).
The water flow regulator of the experimental platform

generates variable operating conditions. The stator current
signal under varying operating conditions is collected when
the variable flow velocity is changed from 0.9m/s to 1.4m/s.
In each flow velocity interval, the wave-pressing plate and the
wave-making motor provide a natural ocean current environ-
ment to simulate the seawater expansion effect and the random
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surge. Hence, the flow velocity changes up and down at an
average flow velocity. The stator current signal of SMUD-600
is collected under four operating conditions (flow rates).

1) Task A c1: Water flow speed c = 0.9m/s.
2) Task B c2: Water flow speed c = 1.1m/s.
3) Task C c3: Water flow speed c = 1.2m/s.
4) Task D c4: Water flow speed c = 1.3m/s.
Fig. 5 illustrates the frequency spectrum of the current

signal under four operation conditions. It can be seen that the
frequency of target samples fails to align due to the variable
current speed, and the scattered frequency also makes the
feature extraction difficult.

Fig. 5. The frequency analysis of the current signal under different cases.

2) Implementation details
In this study, due to the SMUD-600 dataset having varying

distribution under four operating conditions, the transfer tasks
can be defined as A/B→C, A/C→B, B/C→A, A/B→D, and
A/C→D. For instance, the transfer task A/B → C indicates that
a model trained on the source data collected under flow rates
of 0.9m/s or 1.1m/s will transfer to the unlabeled target data
collected under a flow rate of 1.2m/s. The hyperparameters of
all comparison methods are the same to ensure the fairness of
comparisons. Specifically, CNN has two convolution layers
with 8 and 16 convolution cores, respectively. The kernel
length is 3. The weight attenuation coefficient of L2 regu-
larization is 0.0001.
3) Approaches for comparison studies

To verify the effectiveness and superiority of the HPDA
approach, this study conducts a comprehensive experiment
involving five distinct approaches within the cross-domain
diagnosis scenarios. These comparison methods are carefully
selected to ensure similar network architectures and experi-
mental configurations, thereby facilitating a fair and insightful
evaluation of the HPDA’s performance.

1) Without domain adaptation: A baseline convolutional
residual network without domain adaptation is conducted for
comparisons. Specifically, the proposed network model is
trained by labeled source samples and directly used for data
from the target domain.

2) DNCNN and DTCNN: In [27], two classifiers were
introduced to the network structure, and the domain adaptation
was achieved by maximizing the discrepancy between the two

TABLE II
COMPARISONS WITH CLASSICAL METHODS

Cross Test A/B → C A/C → B B/C→ A A/B→ D A/C → D Average

CNN 78.78 76.54 65.13 71.24 75.24 71.33
DNCNN 76.33 77.48 80.20 81.31 77.32 78.41
DTCNN 81.78 83.21 80.91 81.34 85.87 81.65
AFARN 88.90 96.11 90.23 89.10 87.35 91.43
DANN 88.78 86.94 85.44 83.74 85.10 81.90
HPDA 94.78 96.10 95.36 93.34 97.20 93.96

classifier’s outputs. This idea was used in cross-domain fault
diagnosis [28].

3) AFARN: In [22], a particular gradient reversal layer was
introduced to implement adversarial learning of the domain
classifier to achieve domain-invariant knowledge.

4) DANN: The maximum mean discrepancy has been
widely used in the existing literature as a statistical moment-
matching approach. Thus, a fundamental discrepancy loss-
based approach is established for comparisons.

The evaluation metric for the target diagnosis accuracy is
the diagnosis performance, which is specified as accuracy =∑N

i=1 ψ (yti , ŷ
t
i) /N .

4) Diagnosis results and ablation tests
Fig. 6 illustrates the frequency spectrum of the current signal

under four operation conditions after the HPDA approach. It
can be seen that the frequency samples from the different tasks
are aligned well. The comprehensive comparison analysis with
state-of-the-art methods has also verified the superiority of the
HPDA approach. In contrast, the recognition accuracy of CNN
with the worst performance is only 71.33% at the lowest. The
diagnostic accuracy from different transfer tasks are listed in
TABLE II. The same conclusion can be found. The proposed
method has significant advantages over other methods.

Fig. 6. The frequency analysis of the current signal after alignments.

In order to further validate the effectiveness of the pro-
posed HPDA approach, ADA is implemented for the ablation
test. Different labels L of MCT faults are used to compare
and prove the superiority of the proposed methods (L =
0, 1, 2, 3, 4), and the fault diagnosis accuracy is shown in Fig.
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7. It can be found that the diagnostic accuracy under the
proposed method is higher than ADA.

Fig. 7. The diagnosis results between the HPDA and ADA.

B. Case 2: Rotor-bearing test bench dataset

1) Experimental Setup and Dataset Descriptions
A bearing dataset is obtained from a rotor-bearing test bench

to further quantify the bearing fault diagnosis results, as shown
in Fig 8. In order to apply the HPDA approach, three fault
cases are designed as follows based on the upper limit of the
attachment effect on bearings.

1) Healthy I1: No attached mass.
2) Imbalance1 I2: Fault degree parameter i = 0.02, a piece

of the mass is attached to the bearing (20g).
3) Imbalance2 I3: Fault degree parameter i = 0.04, a piece

of the mass is attached to the bearing (40g).
4) Imbalance3 I4: Fault degree parameter i = 0.06, a piece

of the mass is attached to the bearing (60g).
Each class consists of 2,000 samples representing a vibra-

tion signal containing 1024 data points.
2) Approaches for Comparison Studies

To eliminate the random errors, the average of the last ten
training results are used as the final accuracy, with the training
and test samples being randomly selected in each iteration. A
CNN classification method with consistent hyperparameters
is employed to evaluate the effectiveness of the physics-
informed multifractal features. Similar to SMU600 dataset,
the distribution of the investigated dataset varies among four
operating (load) conditions, which are defined as A, B, C, and
D. Therefore, the transfer tasks can be defined as A/B→C,
A/C→B, B/C→A, A/B→D, and A/C→D.
3) Diagnosis Results

The average accuracy across these experiments is presented
in TABLE III. Notably, the proposed HPDA-CNN method
demonstrates favorable performance when applied to the bear-
ing fault dataset.

C. Discussions

Aiming at the imbalance problem of underwater genera-
tions, a method to improve fault diagnosis performance under
variable marine conditions is proposed. The following insights
and findings can be inferred as follows.

1) The HPDA approach outperforms the existing methods
in diagnosis performance: The two case studies reflect

Fig. 8. The platform of rotor-bearing test bench.

TABLE III
COMPARISONS WITH CLASSICAL METHODS

Cross Test A/B → C A/C → B B/C→ A A/B→ D A/C → D Average

CNN 78.78 76.54 65.13 71.24 75.24 71.33
DNCNN 76.33 77.48 80.20 81.31 77.32 78.41
DTCNN 81.78 83.21 80.91 81.34 85.87 81.65
AFARN 88.90 96.11 90.23 89.10 87.35 91.43
DANN 88.78 86.94 85.44 83.74 85.10 81.90
HPDA 94.78 96.10 95.36 93.34 97.20 93.96

a unified situation of fusing physical knowledge, i.e.,
synergistic use of physical knowledge contributes to the
diagnosis process. In addition, the issue of diagnostic
capability in a realistic scenario is considered. From
the experimental results, the proposed HPDA method
outperforms the existing methods in all cases, mainly
regarding accuracy;

2) Demodulation methods: Since HT demodulates the cur-
rent signal of MCT as a pre-processing, it will inevitably
cause the end effect of the signal. Therefore, the opti-
mization of the signal demodulation algorithm can be
used as the future research;

3) Feasibility of other various applications: The mecha-
nistic model may change due to environmental factors,
and only the most accurate physical information can
drive the feature to generate fault-relevant information.
Since various application backgrounds generate different
signals, more evaluation factors may need to be selected
as the constraint of the objective function.

V. CONCLUSIONS

This paper proposed a novel HPDA method for MCT
blade fault diagnosis. The extraction capability of signal fre-
quency features is enhanced by introducing the fault physical
frequency into the domain adaptation technology, ultimately
improving the fault diagnosis accuracy. Besides, the MCT
prototype test platform was established for data collection
and method validation. In both cases, the experimental results
show that HPDA has better feature alignment capability and
diagnostic performance than the traditional method. It is a new
and general fault diagnosis scheme with good prospects in
engineering applications. However, the proposed approach still
needs to be improved as it requires deployed MCT fault data,
which is inconsistent with MCT applications: the known blade
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fault datasets are hardly achieved due to harsh waterproof
requirements and hostile environments.
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