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Abstract—This article investigates the generalization capabilities
of deep learning models for diagnosing faults in multiphase con-
verter power switch devices. Traditional fault diagnosis approaches
depend heavily on real-world fault data for model training. How-
ever, in industrial settings, the infrequent failures of multiphase
converters and the prohibitive costs of fault experiments result in a
significant scarcity of actual fault data. This limitation diminishes
the reliability of models trained solely on simulation data when
applied to real-world situations. To overcome this challenge, this ar-
ticle proposes an innovative method to improve cross-domain fault
diagnosis efficacy without relying on experimental domain sam-
ples. Initially, the research employs a normalization preprocessing
strategy that utilizes phase current reconstruction to minimize
temporal disparities among samples. A convolutional autoencoder
is then used to extract deep features from the multiphase current
signals. Additionally, this article integrates deep metric learning
with classification techniques to enhance the model’s discrimina-
tion and clustering abilities. The key advantage of this method
is that in scenarios where experimental domain data is scarce,
the generalization diagnosis of open-circuit faults in multiphase
motor drive systems with various parameters and types can be
achieved using only simulation domain data. Furthermore, robust-
ness and rapid fault diagnosis are realized. Experimental results
and comparative analyses prove the effectiveness of the developed
diagnostic algorithm. Moreover, we have made all the datasets used
in this article publicly available.

Index Terms—Deep metric learning, domain generalization,
fault diagnosis, normalization preprocessing.

1. INTRODUCTION

OMPARED to traditional three-phase motors, multiphase
motors offer significant enhancements in power density
due to the increased number of phases. They also effectively
reduce torque ripple and motor noise, while providing superior
fault-tolerance performance [1]. Nevertheless, a greater number
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of phases introduces challenges, primarily an increase in com-
ponent count, which elevates the potential for failures. During
operation, power devices can suffer damage from overvoltage,
overcurrent, and aging. Additionally, extreme conditions such as
high temperatures and vibrations may lead to solder detachment,
resulting in an open-circuit fault (OCF) [2]. Unlike short-circuit
faults, which display conspicuous symptoms such as overcurrent
or high temperatures, OCF have subtle manifestations that often
fail to activate hardware protections, thus delaying detection
and potentially causing subsequent faults. Consequently, there
is an increasing need to diagnose OCF in power devices within
multiphase motor systems. This diagnosis provides essential
information for fault-tolerant control and enhances system reli-
ability [3].

Fault diagnosis methods are broadly classified into model-
based, signal-based, and data-driven approaches [4]. Model-
based methods utilize physical principles or system identifica-
tion techniques to construct models of the system. These meth-
ods compute and monitor discrepancies between the outputs
generated by the model and the actual measured outputs, facil-
itating the detection and localization of anomalies and faults.
Examples of these techniques include observer methods [5]
and state estimation methods [6]. However, the effectiveness
of model-based approaches is contingent upon the accuracy of
the mathematical models, which can lead to challenges related
to model uncertainty and parameter identification. In contrast,
signal-based methods are especially prevalent in systems that
are difficult to model. These methods diagnose the health of
the system by identifying fault characteristic components within
sampled signals, such as voltage signals [7] and current signals
[8]. Since signal-based methods rely on advanced signal process-
ing technologies and predetermined hyperparameter settings,
they can impose significant computational demands and require
extensive tuning periods.

With the rapid advancement of artificial intelligence tech-
nology, the application of machine learning in fault diagnosis
has emerged as a significant research focus within the fields
of science and engineering [9]. This methodology primarily
involves establishing a mapping relationship between measured
data and corresponding fault labels. During the offline training
phase, fault databases are utilized to develop diagnostic models
using machine learning techniques. Subsequently, in the online
application phase, these models generate diagnostic outcomes
based on the input signals. This data-driven approach reduces
dependency on system modeling and signal processing, thereby


https://orcid.org/0009-0007-8030-490X
https://orcid.org/0000-0002-2342-2340
https://orcid.org/0009-0000-2989-5117
https://orcid.org/0000-0001-9986-0577
https://orcid.org/0000-0002-2279-6500
mailto:haoxiangxu@hust.edu.cn
mailto:liuzc@hust.edu.cn
mailto:guangyuwang@hust.edu.cn
mailto:jiangd@hust.edu.cn
mailto:sunwei77@hust.edu.cn
https://github.com/XHX-HUST/Multiphase-converter-switching-device-open-circuit-fault-data-set.git
https://github.com/XHX-HUST/Multiphase-converter-switching-device-open-circuit-fault-data-set.git
https://doi.org/10.1109/TPEL.2024.3461159

2100

enhancing robustness and universality in nonlinear time-varying
systems. Hang et al. [10] have improved the noise resistance of
models and achieved precise identification of 22 types of faults
in power switching devices under diverse operating conditions.
They accomplished this by integrating normalized current vector
trajectory graphs with wavelet convolutional neural networks to
process stator phase currents in permanent magnet synchronous
motor (PMSM). Zhang et al. [11] utilized three-phase current
and bus voltage signals to develop a fault diagnosis model using
an improved particle swarm optimization (PSO) and support
vector machine (SVM) algorithm, aimed at enhancing robust-
ness and accuracy. In [12], critical features were initially selected
using the fast Fourier transform (FFT) and the ReliefF feature
selection algorithm. Following this, a random vector functional
link network was trained to diagnose faults in IGBT and current
sensors. Diagnostic variables were chosen based on an explicit
analytical model of converters, while the self-learning capabil-
ities of artificial neural networks were leveraged to navigate
the complexities of fault analysis, rule setting, and threshold
determination [13]. Although the effectiveness of these models
has been demonstrated, they still depend heavily on extensive
training with large datasets of real fault data.

In recent years, numerical simulation has emerged as a pow-
erful tool for addressing data scarcity in fault diagnosis [14].
Previous studies have suggested enhancing datasets through the
integration of simulation tools for systems such as the ac—dc—
ac electrical railway traction [15] and subsea electric actuator
PMSM drives [16], where comprehensive fault states and data
samples under varied load conditions are often unattainable
through experimental measures. However, these studies presup-
pose the availability of a limited set of labeled or unlabeled
data from the experimental domain, leveraging the supervised
self-correction of network models to bridge domain discrep-
ancies. This approach enables models to train on extensive
simulation domain fault data and achieve effective generaliza-
tion in experimental domain classification tasks. Such domain
adaptation strategies have significantly advanced the evolution
of data-driven methodologies. Despite their improved efficacy
in managing cross-domain diagnostic challenges compared to
previous methods, these strategies exhibit inherent limitations
[17]. Specifically, fault data from the experimental domain,
whether it consists of a small number of labeled samples or
a larger set of unlabeled samples, is essential for facilitating
positive knowledge transfer to the simulation domain. However,
collecting experimental fault data from the targeted system often
entails significant costs and high security risks, particularly in
fields such as wind power generation, aerospace, and traction
systems [18], [19], [20]. Consequently, in real industrial envi-
ronments, it is typically impractical to rely on historical data or
on-site experiments to preliminarily obtain fault data specific to
the target motor system. Furthermore, the idealized assumptions
used in numerical simulations, coupled with the neglect of
various uncertain factors in real-world applications, often result
in models trained exclusively on simulation databases being
unable to effectively extract complex features from experimental
data. This limitation can lead to high rates of fault misdiagno-
sis [21]. Thus, a key challenge in the field of fault diagnosis
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Fig. 1.  Structure of m-phase drive system.

remains determining how to theoretically bridge the gap between
simulated and experimental data. Ensuring that models trained
solely on simulated data continue to exhibit superior diagnostic
capabilities when confronted with unpredictable experimental
data is critical. Addressing this significant impediment that
the scarcity of real-world fault data presents to the practical
application of intelligent diagnostic algorithms and improving
the cross-domain diagnostic generalization capability of these
models is crucial.

To address the deficiencies outlined previously, this article fo-
cuses on enhancing normalization preprocessing and integrating
deep metric learning (DML) to improve the model’s generaliza-
tion ability for unknown experimental data when trained solely
on simulation data. We propose an innovative generalization
approach that relies exclusively on simulation data to diagnose
faults in multiphase converters. Initially, we reconstruct multi-
phase currents through normalized data preprocessing, aiming
to correct the asymmetry between nonfaulty phase currents and
accentuate the distortion characteristics of fault phase currents.
This approach seeks to minimize the temporal discrepancies
between simulated and experimental data. Subsequently, a 1-
D convolutional autoencoder (CAE) network extracts features
while ensuring the preservation of the structural integrity of mul-
tiphase current signals and mitigating slight temporal variations
within the sampling period. Finally, by integrating DML into
the classification process, we move beyond the narrow focus on
classification accuracy that was prevalent in previous models.
This integration also enhances the cohesion among the classes of
the features extracted. This technique trains the network model
to recognize features with significant discriminative capabilities,
enabling precise differentiation among various healthy states.
Furthermore, these features exhibit robust clustering properties
that alleviate the impacts of nonideal factors in the experimen-
tal domain, considerably boosting the network’s generalization
performance and effectively addressing the challenges of achiev-
ing high-performance domain generalization in the absence of
experimental fault data.

The contributions of this article are summarized as follows.

1) In response to the challenge of insufficient fault data in
experimental domains, this article introduces a domain
generalization approach that relies exclusively on simu-
lated data. The method efficiently leverages simulated data
for training and demonstrates a high degree of precision in
its generalization capabilities when diagnosing real faults.
This article presents a normalization preprocessing tech-
nique based on the reconstruction of phase currents, which
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significantly reduces discrepancies between simulation
and experimental data at the network’s input layer. This
improvement markedly enhances the model’s ability to
identify different types of faults.

3) The methodology integrates the advantages of DML with
classification learning, promoting the aggregation of sim-
ilar features and thus enhancing the model’s clustering
ability across various subcategories.

The remainder of this article is organized as follows: Section I1
provides a detailed description of the proposed method, while ex-
perimental verification and comparative analysis are conducted
in Section III. Finally, Section IV presents the conclusions drawn
from this study.

II. PROPOSED METHOD

A. Optimization of Normalization Preprocessing

1) Analysis of Fault Current in Simulation Domain and Ex-
perimental Domains: Fig. 1 depicts the circuit topology of a
two-level m-phase converter, comprising m parallel bridge arms.
Each arm includes two IGBTs ({T%, Ty vk, kK = 1,2,...,m}) and
corresponding antiparallel freewheeling diodes ({Dy, Dy,+x})
(FWD). During the steady-state phase of a fault, the current
of each phase can be effectively modeled by the linear super-
position of its respective fault current components, denoted as
follows:

[if ] = lix] + [f] (1

where [zf ] denotes the phase currents under fault conditions. [ix]
=[i; iz ... i,,] are the phase currents in normal operation case
and [fx] = [f1 f2 ... fin] are the fault quantities corresponding to
each phase.

For any given phase bridge arm, four distinct states can be
identified: normal operation, upper switch fault, lower switch
fault, and open phase fault (OPF). When considering an OCF
in phase n, an FFT analysis of the current waveform under this
condition reveals that the fault component in phase n current can
be expressed as follows [22]:

fn:

— I sin (wt — 2 (n — 1)), if OPF
—5 Ly sin (wt — %" (n— 1)) + alg. — alAi,, if OSF
(2)
where
Idc = Iﬂ
™
= 2] 2m
Nip =Yy —" 2i -~ (n-1
in i_zlﬁ(4i21)cos{z<wt m(n ))]

o — —1, the upper switch is open circuit fault
0, the lower switch is open circuit fault.
14 and Ai, respectively denote the direct current (dc) compo-
nent and the even harmonic component within the fault current.
Additionally, a fault in one phase adversely affects the remain-

ing healthy phases by introducing unpredictable fault current
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Fig.2. Trajectory of stator current space vector during OCF of five-phase IM.
(a) CASE 1. (b). CASE 2.

components into their respective currents. In multiphase motor
systems, increasing the number of phases provides a greater de-
gree of redundant freedom, which typically supports the stability
of the fundamental component of the air-gap magnetic field both
before and after a fault occurs. Moreover, the motor windings are
arranged in a star connection, ensuring that the sum of currents
across all phases remains zero. Consequently, a constraint can
be derived, referred to as follows:

{MF—M
Z;n:ﬁf =0

where M and M" represent the magnetomotive force (MMF)
before and after the fault, respectively.

Given that the MMF comprises both real and imaginary
components, the aforementioned three equations result in m-1
indeterminate fault current components f,, (p = {1,2,...,m} and
p * n). In theory, this situation could yield an infinite number
of solutions. However, the actual distribution of phase currents
is uniquely determined. Therefore, investigating supplementary
constraints during the fault steady state is imperative to discern
the response characteristics of the remaining healthy phase
currents under fault conditions.

Fig. 2 presents the simulation outcomes for a five-phase in-
duction motor (IM) experiencing two fault conditions: a single-
phase OCF in phase C (CASE 1) and a two-phase OCF in phases
D and E (CASE 2). The figure includes the current waveforms for
each phase, as well as the current trajectories on the awl-31 and
«3-[3 planes. Under these fault conditions, the control system
strives to meet torque and flux requirements by maintaining a
circular current trajectory in the a1-31 plane, thus ensuring
motor stability. In Fig. 2(a), it is evident that following the
OCF in phase C, there is a noticeable alteration in the current
waveform of the faulted phase, leading to an imbalance in the
stator currents of the remaining phases. This imbalance results in
acurrent trajectory on the «3—(33 plane forming a horizontal line
across the first and third quadrants, rotating around the origin
by 72°. Fig. 2(b) reveals that when simultaneous OCF occur in

3
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TABLE I
COEFFICIENT MATRIX OF FIVE-PHASE IM WITH OCF

Steady-state fault Minimum loss Mean absolute error

K1 K2 103 7
CASE -0.2491 -0.1859 -0.2500 -0.1816
{707668 70‘5720} {70.7694 —-0.5590

-2.1293 —-0.3090
-1.3092 -0.9511

i| 0.89% 0.89%

—2.1266
-1.3090

CASE {70.3253

0, 0,
-0.9624 :| 0.49% 0.45%

phases D and E, the current trajectory on the a3-/33 plane takes
the shape of an inwardly concave ellipse, centered at the origin
and rotated by 36°.

Upon examining the characteristics of these fault conditions
and their corresponding current trajectories, a discernible corre-
lation emerges between the harmonic current convergence under
steady-state fault conditions and the ideal fault-tolerant trajec-
tory that minimum stator copper losses (ML). More specifically,
within the ML constraint, harmonic currents may be approx-
imated as a linear combination of fundamental currents [23].
Furthermore, by applying the least squares method to approx-
imate the ratio of current components across the a3—/33 plane
relative to the a1-/31 plane under steady-state fault conditions,
we can derive the corresponding coefficient matrices.

Table I presents the coefficient matrices (KI and K2) under
steady-state fault and ML constraints, alongside the differences
between the harmonic currents reconstructed using these coef-
ficient matrices and the fundamental current. It indicates that
the discrepancy in harmonic currents when employing the K1
matrix is less than 1% relative to those calculated under ML
constraints. This consistency can primarily be attributed to the
simulation model established in MATLAB/Simulink, which uti-
lizes balanced voltage equations for each phase and assumes
symmetrically distributed windings, uniform air gaps, and a
sinusoidal MMF distribution. Consequently, the model neglects
the contribution of harmonic planes to the rotating MMEF, treating
harmonic planes solely as a factor of leakage inductance. In this
setup, the harmonic planes are effectively positioned in an open-
loop state with a reference voltage set to zero. As a result, even
if the control strategy remains unchanged, the system can still
demonstrate excellent ripple-free post-fault behavior, exhibiting
performance akin to that of a reconfigured fault-tolerant strategy
[24].

However, it is important to note that nonideal winding distri-
butions, asymmetries during the manufacturing process, spatial
harmonics in the air gap, and dead-time effects of the inverter
may cause the ideal trajectory of harmonic currents to shift
under the OCF condition. Given the relationship between stator
phase currents and harmonic currents, as illustrated in (4), any
divergence in harmonic current trajectories under f steady-state
faults between experimental and simulation domains will di-
rectly affect the time differences in the phase current waveform,
particularly impacting nonfaulty phase currents. In the simula-
tion domain, the waveforms of each phase current align closely
with the ML constraint, with nonfaulty phase currents exhibiting
unequal effective values that mirror symmetry relative to the
position of the faulty phase. Conversely, in the experimental
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domain, as the waveforms of healthy phase currents deviate from
the ML constraint, their symmetry will accordingly alter. For the
faulty phase, it will be distributed according to (2) in both the
experimental and simulation domains, clearly displaying fault
characteristics such as half-wave sinusoids or periodic zeroing

m—2

ZkF: Z (Z§p+]7’gp)*ej%p(kil)? k:1727'--7m

p=1,3,...

“)
where the symbol “x” defined as the real part of the product
between the first operand and the complex conjugate of the
second.

2) Normalization Preprocessing Based on Phase Current
Reconstruction: As discussed in the previous section, during
steady-state faults, discrepancies in current trajectories on the
harmonic plane between the experimental and simulation do-
mains can lead to waveform variations in nonfaulty phases. If
these differences are not sufficiently minimized during the data
preprocessing stage, the model’s generalization ability may be
adversely affected. Furthermore, in multiphase motor systems,
the fault current components of the remaining healthy phases
exhibit significant asymmetry, with the dc bias components
of some healthy phases being notably higher than those in
traditional three phase systems. This characteristic implies that
normalization methods previously effective in fault detection for
three phase systems often fail in multiphase systems [25]. To
address these challenges, this article introduces a normalization
preprocessing approach based on phase current reconstruction.
This method aims to reduce the asymmetry among the nonfaulty
phases in multiphase motor systems and highlight the distortion
characteristics of the faulty phases, thereby minimizing timing
differences between the simulation and experimental domains
as much as possible. The principle is shown in Fig. 3.

The methodology consists of the following steps.

Step 1: At a constant frequency, sample the current I and the
synchronous speed w,. of the multiphase motor system under
various operational conditions. Determine the current signal’s
period using w., and execute full-period sliding window sam-
pling

_27r

T &)

We
Step 2: Apply (6) to eliminate the asymmetric components in
each phase’s full-period current signal, thereby restoring balance
among the nonfaulty phases. This process not only minimizes
sensor noise and other interferences under normal conditions
but also effectively removes dc and even harmonic distortions
in fault scenarios

I_i _ Iz . Ii,max + Ii,min (6)
2
where /; max and I; iy represent the maximum and minimum
values of the full-period current signal, respectively.

Step 3: Adjust the amplitude of each phase’s current to min-
imize the impact of variations in motor operational conditions,
such as no-load, light-load, and heavy-load changes. Addition-
ally, when the converter experiences an OPF, the fault phase
current does not equal zero due to the presence of the FWD
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Fig. 3. Schematic diagram of normalized preprocessing based on phase current reconstruction.
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[26]. Furthermore, variations in AD sampling accuracy, offset
correction, noise interference, and other factors contribute to
discrepancies between the nonzero current in the fault phase
within the experimental and simulation domains. To prevent
further amplification of neighborhood error caused by timing
differences in phase current between these domains, we establish
an error threshold ¢ to scale the error. Thus, we represent this
relationship as follows:

fi — 1 mean (abs (L)) >e
Ii‘AVP,
i = 100’

mean (abs (fi)) <e

where I, i,avp represents the absolute maximum value of the full-
period current signal after eliminating asymmetrical component.

Step 4: Resolve the disparity between the fixed number of
input nodes N;,, in the deep learning network and the fluctuating
count of sampling points during constant frequency operations
due to speed variations by implementing equidistant quadratic
sampling of the full-period current signal. The selection of the
sampling interval is outlined as follows [27]:

T'fs

New = 577

®)

B. Integration of Deep Metric Learning

Fig. 4 illustrates the model framework introduced in this pa-
per, which employs an end-to-end learning strategy. The model

accepts normalized and preprocessed current signals from a
multiphase motor drive system as input and produces fault type
labels as output. Notably, this framework integrates DML into
the traditional “feature extraction-pattern recognition” approach
for fault diagnosis, thereby enhancing the clustering efficacy of
individual classification tasks.

1) Feature Extraction and Classification Learning: The de-
sign objective of the feature extraction module is to extract
meaningful features from multiphase current signals. Research
indicates that the CAE, an advanced unsupervised feature learn-
ing technology, has been successfully applied to solving feature
extraction problems in classification tasks [28]. Motivated by
prior studies, this article employs a CAE model to automate
feature extraction from multiphase current signals. As shown
in Fig. 4, the CAE consists of an encoder with convolutional
and pooling layers, as well as a decoder with convolutional and
upsampling layers. The CAE utilizes convolution operations to
delineate a hidden representation from the input data. Specif-
ically, the encoder processes the input x, converting it into a
hidden representation z, expressed as follows:

z=¢(wz +b) )

where ¢(-) denotes the nonlinear activation function, w and b
represent the weight and bias required to learn, respectively.
Subsequently, the decoder reconstructs the output x from z,
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represented as follows:

=¢Wz+V) (10)
where w’ and b’ represent the weight and bias required to learn,
respectively. For the CAE, the mean squared error loss function
is typically employed, as depicted in the following:

1 & 2
Loss; = NZHxi—xi B (11)
i=1

where x; and x’i are the ith sample and its approximation,
respectively, and N is the number of data samples.

In essence, the encoder convolves input features with a 1-D
kernel and an activation function to reduce redundancy and
achieve a hidden representation. The decoder then utilizes these
features to recreate the initial input through deconvolution op-
erations, further attenuating signal noise. Through this process,
CAE-based feature extraction generates a feature mapping from
multiphase current signals, which is flattened into a vector and
integrated into a fully connected (FC) layer for subsequent
processing.

In the proposed model, the features extracted from the CAE
are classified using a standard Softmax classifier. The vector
z is fed into the FC layer, following by the Softmax layer to
compute the predictive probabilities for each health condition,
as specified in the following:

9 (2) = Softmax (w"z + V") (12)
where " and b" represent the weight and bias required to learn,
respectively. The model parameters are subsequently updated to
minimize the cross-entropy (CE) loss, calculated as follows in

N
Lossy = — Z Yk log i,
k=1

13)

where yy; are yj, the true labels and the classification possibilities
separately. Finally, the model’s performance is evaluated by
calculating the CE loss to estimate the discrepancies between
the predicted outputs and the actual labels.

2) Deep Metric Learning: By utilizing phase current recon-
struction for normalized preprocessing, this article minimizes
temporal discrepancies between simulation and experimental
domain data. However, this approach does not guarantee ef-
fective clustering across different categories, making the model
susceptible to noise and domain shifts, which ultimately di-
minish its generalization capability in experimental domains.
To address these issues, this paper integrates DML into our
classification approach. Unlike traditional classification tasks,
DML focuses on creating a discriminative and cohesive feature
space by learning data similarities. This technique enhances
the model’s generalization by fostering intraclass cohesion and
interclass separability.

Specifically, the feature representation F(x) is regularized to
reduce intraclass distances while increasing interclass distances.
In this context, intraclass clustering compactness is quantified
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as LosS;nira, defined as follows:

C N,
1 1 <=
LOSSintra = 6 Z N.D Z HF (:L.C) —F (1’5) ||1 (14)
e=1""°" j=1
I . .
F(z°) = oA F (x5) (15)
€i=1

where x¢ denotes a sample of the cth health condition in the
training data, and xj denotes the jth sample in x°, N, is the
number of x¢, D denotes the dimension of advanced feature
representation F(x), Cis the number of health condition, F (z°)1is
the average value of F'(x§), and || - ||, is the first-order norm. At
the same time, interclass separability is quantified as LosS;nter,
defined as follows:

Lossinter =

3|~
)
Mo

Hﬁ(x) ~ F (2%

C

I
—

C

STl

F(z)= () (17)

5y

1

Ql

C
c=

where F (x) denotes the mean of F(x¢) in different classes. Ulti-
mately, by combining LosS;y ;. and Lossiyter, the distance-based
DML loss function can be encapsulated as follows:

(18)

Lossz= LosSintra — LOSSinter-

C. Overall Framework

During the model training process, this article emphasizes
minimizing the classification loss (Lossz) associated with health
status by optimizing both the encoder within the feature extrac-
tion module and the classifier within the classification learning
module. Simultaneously, the encoder aims to reduce the distance
metric loss (Losssz) in the DML module. Additionally, the de-
coder in the feature extraction module is updated to minimize
the reconstruction loss (Loss;) in accordance with the data
reconstruction strategy. As a result, the network optimization
problem can be expressed as follows:

0r = arg < min Loss;, min Losss, min Lossg

éD = arg min Lossy, éc = arg min Lossg (19)
0p 6]

where 0 5, 0 p, and 0 - denote the parameters of encoder, decoder,

and classification, respectively. The optimization problem can

be effectively solved using the adaptive moment (Adam) esti-

mation algorithm, enabling the optimization of parameters as

represented by the following:

OLoss OLoss OLoss
g+l gt _ it 1 2 3
B 00 ( 05 | 905 | 90m
OLoss; OLoss3
05" 0 —n' g =08 — 0 — . @0

where 7' is the learning rate at the sth iteration. The algorithm
for the proposed model framework is detailed in Algorithm 1.
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Algorithm 1

Data Pre-processing Stage
1: Whole-cycle sliding window sampling by (5)
2: Normalization preprocessing based on phase current reconstruction by (6)
and (7)
3: Adaptive secondary sampling by (8)

Training Stage and Verification Stage
Require: Train data D7, ;... DE . “and Verification dataD?_,., DE,
from simulation domain and experimental domain, the number of fault
types C, the batch size B, the number of traing steps 7., the learning rate
n
Module: The untrained networks E, D, and C
Return: The trained network E, D, and C
1: Initialization: @, O p, and 6 ¢
2:fort=12,...,n4p do
3: 1) Training
4: 1.1) Randomly sample a batch of data
{(xjrain’ y;ra,in) lj=1,2,---, B} from Dts;'ain
5 1.2) Forward propagation of the network
6: Calculate the reconstruction loss Lossy by (11)
7 Calculate the classification loss Lossz by (13)
8 Calculate the distance metric learning Losss by (18)
9: 1.3) Backpropagation
10: Update the parameters of by E, D, and C by (20)
11:  2) Verification
12: 2.1) Randomly sample a batch of data
{(x;er7 y;e”.)lj = 17 27 o B} from Dfer
13: 2.2) Evaluate the pre-trained model and save the best parameters
14: end for

Test Stage
Require: Test data D2 _,, DE _, from simulation and experimental domain
Module: The trained networks E and C in the training stage
Return: The predicted labels v, and y£ _,
1: for Dy = D3, DE, do
2: for each x}°*" in Dtest = {z/***|j = 1,2, , Nycor } do

3: yiest = argmax(C(E(z5°*")))
4: end for
5: end for

III. EXPERIMENTAL VERIFICATION AND COMPARISON
ANALYSIS

A. Data Acquisition

To verify the effectiveness of the proposed cross-domain
fault diagnosis method for OCF in multiphase converters, we
constructed a five-phase IM drive system in the laboratory to
collect experimental domain datasets. This system featured a
symmetric winding arrangement, with a 72° electrical angle
separation between adjacent phases. Details of the experimental
platform and its electrical specifications are depicted in Fig. 5.
Furthermore, we utilized MATLAB/Simulink to create a sim-
ulation model of the motor drive that replicated the parame-
ters of the experimental setup, thereby enabling the acquisi-
tion of simulation domain data. Additionally, both the motor
drive system in the experimental domain and the simulation
domain employ a control method that combines fundamen-
tal plane closed-loop control with harmonic plane open-loop
control.

Given that a five-phase motor can accommodate faults in
up to two phases, we collected data under various conditions,
including normal operation, an OCF in the upper switch of phase
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Parameter | Value | Parameter | Value
PualKW | 1 R/Q 132
Vi /V | 50 R/Q 152
L 6 L/ | 00714
J./Mz 50 LM | 00723
Pole Pairs |3 L/ | 00851

Fig. 5. Five-phase IM drive platform.
TABLE I
SIMULATION AND EXPERIMENTAL DATA ACQUISITION
Parameters Simulation domain Experimental domain
Rated speed 3 (600:1000/200 r/min™") 8 (300:1000/100 r/min™")

Rated load torque 11 (0:12/1.2 N'm)

< “
% >/

L

4 (0:9/3 N-m)

*&%
5

Label 0 |normal condition

Label 1 |phase A upper-switch fault

Label_2 |phase A lower-switch fault

Label_3 |phase A open-phase fault

phase A upper-switch fault
Label_4 &&

phase B upper-switch fault
phase A lower-switch fault
Label 5 &&

phase C open-phase fault

L

S_tra: Simulation domain training data set

S_test: Simulation domain test data set

S_ver: Simulation domain verification data set E_test: Experimental domain test data set

Fig. 6. Composition of the dataset.

A, an OCF in the lower switch of phase A, an OPF in the phase A,
simultaneous faults in the upper switches of phases A and B, and
simultaneous faults in the lower switch of phase A and bridge
arm of phase C. To clarify the descriptions, the abbreviations
OP(f), OUS(f), and OLS(f) denote the OPF, upper switch OCF,
and lower switch OCF in the fth phase, respectively. Conse-
quently, these faults are designated as OUS(A), OLS(A), OP(A),
OUS(A)&OUS(B), and OLS(A)&OP(C). In the simulation do-
main, we collected 1152 sets of class-balanced data, which were
divided into training, validation, and simulation domain test sets
in the ratios of 7:3:2. In the experimental domain, we gathered
a similar number of datasets, used exclusively as experimental
domain test data. Various working conditions such as speed,
and load torque variation are considered in data acquisition with
regard to different fault types, as shown in Table II.

Fig. 6 illustrates the detailed composition of these datasets.
With this division, the training and validation sets comprised
solely of simulation domain data were employed for model
training and parameter tuning. Furthermore, the simulation do-
main test set was used to assess whether the model exhibits
overfitting on the simulation domain data, thereby ensuring the
model’s stability. By using the experimental domain test set, we
can comprehensive evaluation of the model’s cross-domain fault
diagnosis generalization performance.
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TABLE III

STRUCTURAL PARAMETERS OF THE NETWORK MODEL

Layer Parameter  Activation  Output shape
Concld+BN  (5,16,16) LReLU (16,16,113)
MaxPoolld 2 - (16,16,56)
Concld+BN  (16,32.4) LReLU (16,32,53)
Encoder MaxPoolld 2 - (16,32,26)
Concld+BN  (16,32,4) LReLU (16,32,23)
MaxPoolld 2 - (16,32,11)
Flatten - - (16,352)
Upsample 2 - (16,32,22)
Convld+BN  (16,32,3) LReLU (16,32,26)
Upsample 2 - (16,32,52)
Decoder Convld+BN  (32,16,3) LReLU (16,16,56)
Upsample 2 - (16,16,112)
Convld+BN  (16,16,15) LReLU (16,16,128)
Convld+BN  (16,5,15) - (16,5,128)
. Linear (352,50) - (16,50)
Classifier ;v (352.6)  SoftMax  (16.6)
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Fig.7. Comparison diagram of steady-state current waveform before and after

normalized pretreatment of OUS(A). (a) Simulation domain. (b) Experimental

B. Parameters Setting

Table III presents the structural parameters for the encoder, de-
coder, and classification components within the network model.
The data sample length was set to 128, with each training
batch comprising 16 samples, and a total of 50 computational
iterations were completed. Set the initial learning rate to 0.001,
and determine the error threshold € as 0.2 based on experimen-
tal evaluation and operational conditions. To improve model
convergence, a learning rate decay strategy was implemented.
An Adam optimizer with weight decay regularization was uti-
lized during training iterations to minimize the loss function,
effectively optimizing the network’s learnable parameters. Ul-
timately, the model that exhibited the lowest loss and highest
accuracy on the validation set was selected as the optimal model
for further testing and diagnostic applications in both simulation
and experimental domains.

C. Experimental Results

1) Offline Training Results:

a) Influence of normalized preprocessing method on model
discriminant performance: Figs. 7 and 8 illustrate the changes
in phase current waveforms before and after preprocessing in the
simulation domain and the experimental domain under OUS(A)
and OP(A) fault conditions. A pronounced difference was ob-
served in the performance of the remaining healthy phases be-
tween these two domains prior to normalization preprocessing.
Specifically, in the simulation domain, the stator phase current
during the fault steady state was influenced by optimization
constraints similar to those encountered in fault-tolerant control,
which resulted in a mirror-symmetrical feature relative to the
faulty phase. In contrast, the non-faulty phase current in the ex-
perimental domain, affected by factors such as motor parameter
characteristics, did not exhibit the expected theoretical symme-
try found in the simulation domain, leading to inconsistently
unpredictable differences among the phase currents.

Notably, the normalization preprocessing technique proposed
in this study significantly reduced the asymmetry among non-
faulty phases. Table IV presents the polar Euclidean distances

domain.

T IAT 1B IC IDT 1§
1 =
\,
0.5 \
S
1
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v N
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-1
0 T2 T 0 T2 T
Time Time
(a)
ID—IH T IATIB 1C ID—IH

T2 T
Time

(b)

T2
Time

Fig.8. Comparison diagram of steady-state current waveform before and after
normalized pretreatment of OP(A). (a) Simulation domain. (b) Experimental
domain.
TABLE IV
POLAR EUCLIDEAN DISTANCE
Phase Phase Phase Phase
B C D E

oUsS Before pretreatment 3.40 4.19 4.72 2.99

(A) After pretreatment 0.29 2.18 1.74 2.20

Decrease value 191% 148% 163% 126%

op Before pretreatment 533 0.99 10.01 8.81

(A) After pretreatment 3.36 0.31 5.63 5.99

Decrease value 137% 168% 144% 132%

(PED) [28] of nonfaulty phase currents before and after pre-
processing under both fault conditions in the simulation and
experimental domains. A PED value near O indicates a high
degree of similarity in magnitude and phase between the two
current vectors. The data presented in the table reveal that non-
faulty phase currents not subjected to preprocessing exhibited
considerable disparity between the simulation and experimental
domains. For instance, the D phase in OUS(A) had a PED
value of 4.72, while the E phase in OP(A) had a value of 8.81.
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Fig. 9. All accuracies of each normalized preprocessing methods.

However, these differences were notably alleviated after nor-
malization preprocessing based on phase current reconstruction.
In OUS(A), the PED value for the D phase reduced to 1.74,
marking a 63% decrease. In OP(A), the PED value for the E
phase dropped to 5.99, representing a reduction of 32%. These
results indicate a significant reduction in the degree of asym-
metry among nonfaulty phases within the specified domains.
Concurrently, the amplitudes of phase current waveforms in both
domains were balanced, and skewness in data distribution across
neighboring areas was mitigated. Although the PED values of
corresponding phase currents in both domains did not entirely
converge to 0 after preprocessing, primarily because the main
focus of preprocessing was on current amplitude equalization,
minor phase discrepancies were still observed. Nevertheless,
the multichannel convolutional operations of the CAE network
employed in this study demonstrated robustness in handling
minor time shifts in the periodic signal samples.

To demonstrate the superiority of our approach (Nor_pro),
we compared it with commonly used signal processing normal-
ization techniques, including Park’s vector modulus (Nor_tral)
[29], absolute maximums (Nor_tra2) [30], and traditional
statistical normalization methods such as Min-Max Scaling
(Nor_tra3) [31] and Standardization (Nor_tra4) [32]. To ensure
a fair assessment, the experiments utilized a basic model of “fea-
ture extraction-pattern classification” (CAE-Classify) to elimi-
nate potential influences from the DML module. The dataset
was constructed from randomly selected samples from a large
database, and 20 repeated tests were conducted. The experi-
mental results are shown in Fig. 9, where the blue dashed line
represents the average accuracy and the red solid line represents
the median accuracy. The data indicate that our method signif-
icantly outperforms the others, achieving average and median
accuracies of 98.76% and 98.82%, respectively, and surpassing
the next best method by approximately 5%. Additionally, our
method exhibited the least accuracy fluctuation and the shortest
box length, indicating excellent stability across repeated experi-
ments. In contrast, other methods showed certain disadvantages
in various indicators, such as the larger box length of Nor_tra2
and a higher dispersion of accuracy. Notably, Nor_tra3 showed
outliers, suggesting that this normalization method might intro-
duce bias in the test set accuracy. Through the assessment of
concentration trends, dispersion, and the occurrence of outliers
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in the experimental domain accuracy under various normal-
ization preprocessing methods, it can be concluded that our
method offers advantages of high stability, low fluctuation, and
no outliers.

Moreover, we analyzed the impact of different normalization
methods on the classification of various health conditions, with
results presented in the confusion matrix in Fig. 10. By observing
the recall rates and shades of color on the main diagonal, it is
evident that our method demonstrates exceptional performance
across all categories, effectively capturing true fault samples and
significantly reducing missed diagnoses. Conversely, the other
methods exhibited varying misdiagnosis rates across categories
due to insufficient consideration of motor parameter character-
istics and the symmetric relationships between nonfaulty phase
currents, resulting in suboptimal performance on untrained ex-
perimental domain test sets. For instance, the Nor_tral method
applies the modulus of current vectors as the scaling factor for all
phase currents, neglecting the asymmetric relationships among
the nonfaulty phases. Consequently, it sometimes misclassifies
OLS(A) as either normal or OLS(A)&OP(C). In contrast, the
Nor_tra2 method employs the maximum absolute values of each
phase current as respective scaling factors. However, it fails to
rectify the asymmetric conditions resulting from asymmetrical
component, leading to frequent confusion between OLS(A) and
OLS(A)&OP(C). Given that the Nor_tra3 and Nor_tra4 methods
normalize input signals solely based on statistical metrics, while
ignoring the physical properties inherent in the currents, these
approaches fall short in enhancing the symmetric relationship
between non-faulty phases. Furthermore, they overlook uncer-
tainties such as AD sampling accuracy, offset correction, and
noise interference, resulting in a recall rate below 50% for
detecting OP(A).

These results further corroborate that our proposed method
reduces discrepancies in phase current time sequences under
various fault conditions, thereby enhancing the model’s gen-
eralization performance for neighborhood fault diagnosis. It is
noteworthy that the above analysis primarily targets the experi-
mental domain test set. We found that in repeated experiments,
the fault diagnosis accuracy of the simulation domain test set
consistently remained at 100%, unaffected by the normalization
preprocessing methods. This indirectly validates the effective-
ness of the model architecture used in this article for feature
extraction and its generalizability in independent and identically
distributed datasets within the simulation domain, without ex-
hibiting overfitting phenomena.

b) Influence of deep metric learning on model clustering
performance: In analyzing the confusion matrix from the pre-
ceding section, we discovered that the baseline model misclas-
sified some samples of OUS(A)&OUS(B) as those belonging
to OUS(A), resulting in a misdiagnosis rate of 7.81%. Addi-
tionally, the overall accuracy in the experimental domain test
set was 98.76%, which did not reach the perfect accuracy of
100% attained in the simulation domain test set. These findings
suggest that while the baseline model is proficient at extracting
features from preprocessed signals and achieves superior perfor-
mance through a well-structured training strategy, its primary
focus lies in learning discriminative features while neglecting
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characteristics associated with clustering. To address this short-
fall, the present research integrates DML with classification Fig. 11.  Visualization results on the experimental domain test set. (a) Proposed

tasks, aiming to enhance the model’s generalizing capability
by learning feature representations with pronounced clustering
characteristics.

To validate the effectiveness of our proposed “CAE-
Classification+Metric” model (hereinafter referred to as the
proposed model), we conducted benchmark tests on the “CAE-
Classification” model (hereinafter referred to as the baseline
model) using the same dataset. We utilized three core evaluation
metrics, accuracy, precision, and recall, to thoroughly assess the
performance of the models across different subcategories and
overall situations. The performance of both the proposed model
and the baseline model across these metrics is summarized in
Table V. The proposed model achieved an accuracy of 0.9958,
surpassing the baseline model’s 0.9879, indicating its superior
ability to accurately judge the fault categories of samples overall.
The precision of the proposed model was 0.9961, significantly
higher than the baseline model’s 0.9876, demonstrating its
near-absence of misjudgments in fault identification and effec-
tively minimizing misdiagnoses. In terms of recall, the proposed

model. (b) Base model.

model also outperformed the baseline model, achieving a per-
formance score of 0.9958 compared to the baseline’s 0.9876.
This indicates that it maximizes the identification of all po-
tential faults while reducing missed diagnoses. In summary,
the proposed model outperforms the baseline model across all
key evaluation metrics, validating its ability to identify fault
samples more accurately while maintaining lower rates of mis-
judgments and missed diagnoses, thus exhibiting better overall
performance.

To further assess the effectiveness of DML in captur-
ing cluster-characteristic features, we utilized t-distributed
stochastic neighbor embedding (t-SNE) to visualize the high-
dimensional features extracted from both models within the
experimental domain’s test set, as shown in Fig. 11. The vi-
sualization reveals that within the proposed model, samples
representing different health statuses cluster closely around
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Fig. 12.
TABLE VI
FEATURE QUANTITATIVE EVALUATION OF EACH MODEL
Method f/}:};rimental dome]l\i/?a;est set-J —
Proposed model 7.35 8.42 5.94
Baseline model 3.81 4.08 3.47

their category’s central position in the feature space, delin-
eating clear boundaries among these statuses. Conversely, the
baseline model, despite exhibiting no overlap among normal,
OLS(A), and OLS(A)&OP(C), fails to demonstrate a distinct
clustering structure, showing notably poor intraclass com-
pactness. Notably, overlaps between samples of OUS(A) and
OUS(A)&OUS(B) suggest greater classification challenges for
these categories, potentially leading to misjudgments, which
explains the 7.81% misjudgment rate.

Moreover, we introduced a quantitative evaluation index J,
that gauges a feature’s clustering capability by comprehensively
analyzing the within-class and between-class scatter matrices
[33]. Higher J values indicate an enhanced clustering ability,
characterized by more pronounced interclass dispersion relative
to intraclass dispersion, aiming to minimize distances within
classes while maximizing distances between them. Table VI
details the comparison of feature quantitative evaluation results
for both models in the test set of the experimental domain. Here,
the proposed model significantly outperformed the baseline
model across all statistical metrics, with its average J value,
maximum J value, and minimum J value exceeding those of the
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Real-time experimental results of fault diagnosis. (a) OUS(A). (b) OP(A). (c) OUS(A)&OUS(B). (d) OLS(A)&OP(C).

baseline model by 92.77%, 106.15%, and 71%, respectively.
This evidence suggests that DML significantly enhances feature
clustering capability and model generalization by effectively de-
creasing intraclass distances and increasing interclass distances.

2) Online Diagnosis Results: To substantiate the proposed
method’s feasibility, we evaluated the online diagnostic perfor-
mance of the pretrained network on a five-phase IM drive system.
During the online phase, current signals from each phase within
the experimental domain were sampled using a sliding window
with a length equivalent to one fundamental period (FP) T. To
balance the algorithm’s initiation frequency and the timeliness
of diagnostic responses, a sliding step size of T/40 was selected.
The collected data were subsequently fed into the deployed
pretrained network for fault diagnosis.

Fig. 12 illustrates the real-time results of online di-
agnostics under four fault conditions: OUS(A), OP(A),
OUS(A)&OUS(B), and OLS(A)&OP(C). The variable y serves
as the fault diagnosis indicator, where y = 1, 2, 3, 4, 5, and
6 correspond to normal operation, OUS(A), OLS(A), OP(A),
OUS(A)&OUS(B), and OLS(A)&OP(C), respectively. A value
of y =0 indicates that the algorithm is still collecting data and has
not yet completed the diagnosis. Given that the input signals for
the diagnostic algorithm proposed in this paper are full-period
current signals, the duration of the y = 0 state is approximately
one FP. From a practical industrial application perspective, we
define the time period starting from the moment a fault is trig-
gered and lasting for one FP as the “dynamic transition period”
[34]. During this interval, the system has not yet reached the
steady-state fault stage, and the input signals obtained through
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TABLE VII
ONLINE DIAGNOSTIC RESPONSE PERFORMANCE

Fault diagnosis

Fault types Fundamental period ~ Fault trigger Fault detection  Fault localization Diagnostic response
OUS(A) 0.02545 s 0.5073 s 0.5175s 0.5175s 40.08%
OP(A) 0.02645 s 0.5011s 0.5088 s 0.5252s 91.11%
OUS(A)&OUS(B) 0.02155 s 0.5049 s 0.5131s 0.5146 s 45.01%
OLS(A)&OP(C) 0.02174 s 0.5011 s 0.5068 s 0.5198 s 86.02%
sliding window sampling contain data from both healthy and 100 :
fault states. Since the input signals used during offline network
training comprise solely steady-state data, instances of misdi- 99.8 1
agnosis may occur during online real-time diagnostics within <
the dynamic transition period. This phenomenon is expected for <9961 PRt ilels 1
supervised deep learning systems [35]. For example, as shown §
in Fig. 12(b), during the dynamic transition period, the data ~ 3%4¢ Sl |
obtained from the A-phase current through the sliding sampling
window contains both the sinusoidal upper half wave of the e |
healthy state and the constant zero value of the fault state.
Consequently, the network may easily diagnose this sample as = Mot‘or-A Mot;r_g
OLS(A). However, aside from the dynamic transition period, the
network model’s output remains stable and reliable during both Fig. 13.  Comparison of motor parameters generalization performance.

the prefault and postfault steady-state phases.

Table VII illustrates the response performance of online fault
diagnosis systems under four distinct fault conditions. “Fault
detection” denotes the moment when the fault indicator y =
0 exhibits a sudden change. “Fault localization” refers to the
moment at which the fault indicator y transitions to its corre-
sponding label. “Diagnostic response” is defined as the ratio
of the diagnosis time to the FP, indicating the diagnostic speed
of the strategy. It is important to note that the diagnosis time
is counted based on the failure of the device in the effective
half cycle of the inverter operation [36]. For example, the upper
switch of the bridge arm fails in the positive half cycle of the
inverter output. The table reveals that the proposed diagnostic
strategy responds rapidly to fault categories such as OUS(A) and
OUS(A)&OUS(B), which do not involve OPF, typically within
0.5 FP. Conversely, for fault categories that include OPF, such as
OP(A) and OLS(A)&OP(C), the response is slower, generally
around 0.9 FP. Although the data-driven intelligent fault diag-
nosis strategy proposed in this paper may be slightly slower in
terms of diagnostic speed compared to methods based on signal
processing or model prediction, it offers significant advantages.
Specifically, it circumvents the need for analyzing circuit op-
erational mechanisms, developing precise circuit models, and
formulating diagnostic rules and thresholds. Moreover, transi-
tioning to a fault-tolerant operational state after one FP helps
prevent damage to multiphase motor drive systems, thereby
satisfying the requirements of most application scenarios [3].

3) Generalization Performance Verification:

a) Different motor parameters: To validate the general-
ization capability of the proposed method for motor systems
with differing parameters, we substituted the parameters of
Motor A used in this study with those of Motor B, as detailed
in [37], during the simulation modeling of a five-phase IM.
We then randomly selected various operating conditions for
the simulation to gather a comprehensive dataset. The network

model was subsequently trained using the simulation data from
Motor B, and the optimal model was evaluated based on its
accuracy on the validation set. The pretrained optimal net-
work model was later applied to the experimental data from
Motor A.

Fig. 13 illustrates the diagnostic accuracy of the pre-trained
optimal network model using simulation data from both Motor
A and Motor B when tested on the experimental dataset of
Motor A. The results demonstrate that the model pretrained
with simulation data from Motor A achieved a diagnostic
accuracy of 99.58%, while the model pretrained with data from
Motor B attained an accuracy of 99.29% on the same dataset.
Although there are minor discrepancies between the two results,
both accuracies exceed 99%. Therefore, the intelligent fault
diagnosis method based on prior knowledge proposed in this
article effectively applies the pretrained diagnostic model to
new systems with different electrical parameters, eliminating the
need for multiple training sessions with new experimental data
and showcasing strong migration ability. This method addresses
the limitation of existing machine learning models, which, when
trained on a single fault database, can only be applied to specific
systems and struggle to accurately generalize to other systems
with the same topology but differing parameters.

b) Different motor types: To validate the applicability of
the proposed method across various motor systems, we applied
it to the dual three-phase PMSM available in our laboratory
[38]. The dual three-phase PMSM is an asymmetric multiphase
motor system that complements symmetric multiphase systems,
such as the five-phase IM. Since single-switch OCF and single-
phase OCF are the most common and representative fault types,
and considering that the dual three-phase motor with isolated
neutral points can be viewed as two symmetrical three-phase
motor systems. This article focuses on single-switch faults and
open-phase fault of phase A as a case study for data collection.
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TABLE VIII
COMPARISON WITH RELEVANT APPROACHES

Requirements

Relevant diagnosis approach Diagnostic variable Fault types Offline accuracy Online diagnosis time
R1 R2 R3 R4
[39] Current_ou-pi Phase — ~ 1.125 FP Yes No No No
[40] C““eg;—fg‘zfgenfl’g Gate ppase / Switch — ~ 0.020 FP Yes Yes Yes No
[42] Current_oi3-p3 Phase 97.19% — Yes  Yes — No
[43] Current_d, Phase 96.40% — Yes  No — No
[35] Current_ou-Bi Phase 97.40% ~ 1.667 FP Yes  Yes — No
This method Current_phase Phase / Switch 99.58% < 0.911 FP Yes Yes Yes Yes
Note: The above comparison is only for five-phase motor. “—” stands for not provided in the literature.
ok ' ' 1l analyzing Table VIII, it is essential to understand several key
agy 99-58+0.16 characteristics of data-driven fault diagnosis strategies.
o8 | I 98112027 , (R1) Utilization of noninvasive techniques that do not addi-
S tional hardware (e.g., voltage sensors).
? 96 - 1 (R2) Independence from varying operating conditions (e.g.,
E load values, speed values, etc.).
< %7 i (R3) Independence from machine parameters and/or control
ol | strategies.
(R4) Capability to address issues related to data scarcity while
90 demonstrating certain generalization characteristics.
S<ph-IM 6-ph-PMSM Olivieri [39] designed a feedforward neural network to iden-
Fig. 14.  Comparison of motor types generalization performance. tify OCF in five-phase PMSM. This strategy requires 1.125

Fig. 14 illustrates the diagnostic accuracy of the experimen-
tal domain test set for both the five-phase IM and the dual
three-phase PMSM. The diagnostic accuracy of the fault di-
agnosis strategy proposed in this paper is 98.11% for the dual
three-phase PMSM, which is slightly lower than the 99.58%
accuracy observed in the five-phase IM. Analysis suggests that
this discrepancy is primarily attributable to the presence of
low-order harmonic components in the phase current of the dual
three-phase PMSM under healthy conditions in the experimental
domain, while the phase current in the simulation domain closely
approximates a sine waveform. The main input feature identified
by the best model trained on simulation domain data in a healthy
state is the fundamental frequency component. However, when
this model is applied to unknown experimental domain test data,
the low-order harmonic components introduce low-frequency
noise. As these noises resemble the primary feature (the funda-
mental frequency component), they are susceptible to aliasing,
which adversely affects the model’s identification capability.
Nonetheless, in application scenarios where experimental data
are scarce, it remains acceptable for a model trained exclusively
on simulation data to achieve diagnostic accuracy exceeding
98% on unknown experimental data. This finding underscores
the broad applicability of the proposed method across different
types of multiphase motor systems.

4) Performances Comparison: Table VIII provides a com-
parative evaluation of the developed technique against other
data-driven fault diagnosis methods for multiphase motor drive
systems, emphasizing its superiority and effectiveness. Before

FP for online diagnosis and can only detect single-phase OCF.
Furthermore, it is susceptible to changes in load changes and
variations in control strategies. Torabi et al. [40] employed a
self-recurrent wavelet neural network for nonlinear modeling of
converters in five-phase IM drive systems. This approach predict
motor currents corresponding to health conditions, enabling
fault detection in under 1 ms. However, this hybrid strategy
often necessitates a high control frequency, which increases
both the algorithm initiation frequency and computational load,
resulting in higher memory consumption [41]. Shao et al. [42]
utilized discrete wavelet transform to extracmultiresolution fea-
tures from current vectors in the harmonic plane, subsequently
performing fault diagnosis based on SVM after dimensionality
reduction. This strategy primarily addresses OPF, but it still
encounters numerous misdiagnosis cases for this easily distin-
guishable fault type, with offline diagnosis accuracy limited
to 96.40%. Yao et al. [43] employed EMD and HT for fault
detection in five-phase PMSM drive systems. This method
identifies and locates fault types using a variable parameter
PSO algorithm. However, it is restricted to OPF and is un-
suitable for switch faults. Additionally, it does not adequately
address robustness under load variations. Chahba et al. [35]
applied an MLP neural network combined with a FFT-based
feature extractor to detect OPF in five-phase IM, achieving
an offline diagnosis accuracy of 97.40%. However, the online
diagnosis time exceeds 1.5 FP, leading to longer diagnosis
durations.

In contrast, the fault diagnosis strategy proposed in this pa-
per achieves an impressive offline accuracy of 99.58% using
only simulation domain data, thereby eliminating the need for
precollected experimental domain data.. The online diagnosis
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time

requires merely 0.9 FP, even under worst-case conditions,

demonstrating exceptional computational efficiency and accu-

racy.

Furthermore, this strategy remains unaffected by operating

conditions such as rotor speed and load torque, showcasing re-
silience against nonideal factors like current ripples and electro-
magnetic noise. Importantly, It is applicable to multiphase motor
drive systems with varying parameters and types, exhibiting
remarkable generalization capabilities.

IV. CONCLUSION

To address the challenge of limited experimental domain data
in open-circuit fault diagnosis of multiphase converters, this
article presents an innovative domain generalization model. The
model only requires training on simulated domain samples to
effectively tackle fault diagnosis tasks within the experimental

dom:

1)

2)

ain. The core innovations of this study are as follows.

A normalization preprocessing technique based on phase
current reconstruction is proposed. This technique reduces
temporal discrepancies in phase current data between the
simulation and experimental domains, thus providing a
robust foundation for high-quality feature extraction and
significantly enhances the model’s discriminative ability.
As a result, the adaptability of models trained on simu-
lation domain data is greatly improved when applied to
experimental domain data.

Recognizing that generalization model employing tra-
ditional network architecture may not achieve satisfac-
tory diagnostic performance in practical applications, we
have developed a convolutional auto-encoder network
integrated with deep metric learning. This network en-
hances the model’s ability to process features of differ-
ent subclasses by optimizing the degree of within-class
compactness, thereby increasing the model’s clustering
potential. This structural design allows the model to im-
prove diagnostic accuracy, precision, and recall, while also
demonstrating strong generalization performance.

This article effectively bridges the gap between numerical
simulation and actual fault diagnosis, significantly enhancing
the accuracy and precision of intelligent diagnostic models in
practical applications.
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