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Custom Phase Space Reconstruction Image-Driven
Fault Diagnosis for PMSM Under
Few-Labeled Samples

Jinping Xie ", Xiaofei Zhang

Abstract—The existing intelligent fault diagnosis methods for
motors mainly focus on the supervised learning of 1-D signals,
which ignores the global features of the signal and requires large
training samples of labeled data. For this reason, this article pro-
poses a custom double-sided phase space reconstruction (CDPSR)
image-driven fault diagnosis method for permanent magnet syn-
chronous motor (PMSM) under few-labeled samples. To reveal
2-D features in the signal, a CDPSR method is proposed to con-
vert the fault signal into data images. The two-parallel diagnos-
tic framework is designed, which includes 1) two semisupervised
stacked autoencoders for image feature extraction and primary
classification and 2) the weighted decision fusion layer to output
the final diagnosis result. The extensive diagnostic results on the
experimental platform verify the effectiveness of the proposed
method for PMSM fault diagnosis.

Index Terms—Data-driven diagnostic method, double-sided
data image, permanent magnet synchronous motor (PMSM),
semisupervised learning.

1. INTRODUCTION

ERMANENT magnet synchronous motor (PMSM) and its
P related application equipment play a vital role in industrial
production, being essential [1]. As a vital part of the power
system, various faults of PMSM during the entire service period
may lead to serious safety accidents. Therefore, the investigation
of fault diagnosis technology for PMSM is of great significance.

The rotary motor faults usually include rotor faults, stator
faults, and bearing faults (BFs) [2]. The rotor fault of PMSM
is mainly a permanent magnet fault, and the stator fault is a
short circuit fault. With the increasing development of artificial
intelligence technology, the data-driven method for motor fault
diagnosis has become a research hotspot [3], which mines fault
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features by establishing statistical models of motor state signals.
Several state signals such as induced electromotive force [4],
[5], current and voltage [6], [7], magnetic flux [8], [9], [10], and
vibration [11], [12] have been proven to be effective in fault
diagnosis. The current and voltage signals were preprocessed
by Hilbert—-Huang transform and combined with the convolution
neural network for fault diagnosis [6]. Song et al. [8] used the
air-gap flux after complex continuous wavelet transform (CWT)
as the input of the random forest classifier to diagnose demagne-
tization faults. Wang et al. [11] performed the short-time Fourier
transform and a wavelet transform on the vibration signal for BF
diagnosis. However, the fault feature extraction of the previous
methods is based on the artificial feature extraction of 1-D
signals, which generally requires complex signal preprocessing
to explore the 1-D features, ignoring the 2-D features or higher
dimensions features. Deep learning around neural networks has
been developed based on machine learning and is widely used
in image classification and recognition. Converting the fault
signal into a suitable image guides a new direction for fault
diagnosis of rotary machinery, which is more conducive to fault
diagnosis [13]. Currently, image-based fault diagnosis is mainly
divided into directly measured images and signal-converted data
images. Choudhary et al. [14] and Shao et al. [15] conducted
fault diagnosis of bearings by measuring the infrared thermal
images. Tran et al. [16] adopted the time—frequency character-
istic images of vibration signals to diagnose bearing and rotor
faults. However, the infrared imager is difficult to install and high
cost, and the time—frequency image is susceptible to interference
from noise. To this end, the fault signal was converted into an
symmetrized dot pattern (SDP) image for fault diagnosis of
PMSM and induction motor in [13] and [17], which proved
the effectiveness of SDP image in fault diagnosis. However,
according to the principle of SDP image, only one pair of bridge
arms in the SDP image is constructed from the original data, and
the rest are cyclic recurrences, which have repetitive information
that increases the computational cost.

In practical industrial applications, the fault categories of
industrial data are usually unknown, and it is difficult and
costly to label the data accurately and completely [18]. De-
spite the rapid progress in data-driven intelligent fault diagnosis
of PMSM, most of the existing methods focus on supervised
learning, and a large amount of labeled data is required to train
the model. To address this practical application problem, the
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semisupervised approaches that combine labeled and unlabeled
samples are being studied. The goal of semisupervised training
methods is to effectively utilize unlabeled data to improve di-
agnostic performance by smoothing the classification function
with clustering assumptions under a small amount of labeled
data [19]. At present, most of the motor fault diagnosis work
related to semisupervised learning is based on deep neural
network methods. For example, Zhang et al. [20] built a deep
prototype network employing limited labeled samples to make
pseudolabels for unlabeled data, enabling semisupervised learn-
ing of fault diagnosis models. Zhang et al. [21] proposed a deep
adversarial semisupervised approach that leverages a prototype
learning network to tackle BF diagnosis. To make effective use
of unmarked multisensor signals for mechanical fault detection,
Nie and Xie [22] proposed a two-stage semisupervised learning
method. Neural networks that have several hidden layers are
beneficial for addressing the identification of complex scenarios.
Nevertheless, the corresponding networks are difficult to con-
struct in practice. The autoencoder can realize the layer-by-layer
training of the hidden layers, and adjust the required number of
hidden layers according to the actual data, which effectively
simplifies the training process of the neural network. Semisu-
pervised fault diagnosis methods based on stacked autoencoders
(SAE) have been gradually studied. Liu et al. [23] and Wang et al.
[24] applied semisupervised SAE (S-SAE) to the detections of
BFs and rail foreign objects, respectively. Up to now, there are
a few studies on semisupervised learning in the fault diagnosis
field, and mainly use deep neural networks that need to train
multiple hidden layers at a time.

To address the above-mentioned issues, this article proposes

a custom phase space reconstruction (PSR) image-driven fault
diagnosis method for PMSM under few-labeled samples. First,
the magnetic leakage signal is chosen as the fault signal, and
a custom double-sided PSR (CDPSR) technology is designed
to convert the fault signals into 2-D images (CDPSR images).
Then, a parallel semisupervised stacked autoencoder (PS-SAE)
diagnostic framework is designed. The PS-SAE consists of two
parts. 1) Two S-SAEs are used for feature extraction and primary
classification of CDPSR images. 2) The two primary classifica-
tion results are fused to achieve the final fault diagnosis through
the weighted decision layer fusion method. Finally, an experi-
mental platform equipped with five kinds of faulty PMSMs is
established for experimental validation, and the results indicate
the effectiveness of the proposed method. In summary, the main
contributions of this article are as follows.

1) A new framework for intelligent fault diagnosis of PMSM
under few-labeled samples is proposed. The CDPSR im-
age of magnetic leakage signals is constructed to charac-
terize the health of PMSMs.

2) Itoriginally proposed a data image reconstruction method
based on CDPSR, which transforms the magnetic leakage
signal into a CDPSR image. The 2-D global features
hidden in faulty signals are intuitively revealed.

3) A novel PS-SAE is designed for PMSM fault diagnosis,
simplifying the training process and reducing individual
errors through layer-by-layer semisupervised training and
decision-level fusion strategy.
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Fig. 1. Classical PSR of sinusoidal signals.

The rest of this article is organized as follows. Section II
illustrates the classical PSR. Section III shows the details of
the proposed method. Section IV demonstrates the introduction
of the experimental platform, the experimental verification, and
the analysis. Finally, Section V concludes this article.

II. CLASSICAL PHASE SPACE RECONSTRUCTION

The PSR technology is utilized to transform the time series
data of nonlinear systems into state vectors, effectively repre-
senting system characteristics, which simplifies the analysis of
nonlinear systems [25], [26]. The PSR holds that the time series
that records the long-term evolution of the system includes the
evolution characteristics of the system. The commonly used
PSR method is the Takens delayed embedding theorem, also
known as the Takens theorem. The theorem treats the time
series at different fixed delay points as a new series of different
dimensions and uses them to reconstruct the equivalent state
space of the nonlinear system.

The key parameters of Takens’s theorem are delay (k) and
embedding dimension (d). The average mutual information
(AMI) of the time series at various delays is calculated and the
first local minimum value of AMI is selected as the parameter
k. The AMI can be expressed as [26]

k = ming Zﬁf:l AMI(k)

1
AMI(K) = 352, ple, i ilogs [z ]
where k takes values sequentially from 1 to the setting maximum
delay. The false nearest neighbor (FNN) algorithm is commonly
employed to calculate d. It determines whether the proportion
of points satisfying the FNN reaches the setting proportion in
the phase space of different dimensions, and uses the phase
space with the smallest dimension that satisfies the condition
as the reconstructed phase space. The FNN of point i of time
series in d-dimensional space can be written as [26]

R} (d+1) — R} (d)
R} (d)

> ©))

where R?(d) is the distance calculation and 7 is the threshold.
Assume a signal of a nonlinear system is a sinusoidal signal
(sin(27 ft), f = 100 Hz), the time series is formed by sampling
at a frequency of 10 kHz. According to Takens’s theorem, the
parameters of its PSR are k = 2 and d = 3. Fig. 1 shows the
PSR of this signal.
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Fig. 2. Diagnostic framework of the proposed method.

III. PROPOSED METHOD

This article designs an intelligent fault diagnosis method
for PMSM, which mainly concludes CDPSR images and a
two-parallel diagnostic framework. The framework is shown in
Fig. 2.

A. CDPSR Method

As mentioned earlier, the fault signal to image conversion will
visually present the 2-D global fault features. From Section II, it
can be observed that the PSR can reconstruct the signal into
phase space trajectories with certain regularity. To simplify
the PSR of motor and facilitate fault diagnosis, the CDPSR
method is proposed motivated by classical PSR and visual image
knowledge, which converts 1-D fault signals into data images.

1) Embedding Dimension: According to the principle of
PSR, the signal of a nonlinear system can be reconstructed
in phase space of different dimensions. Therefore, specific
judgment conditions can be formulated to select appropriate
delay and embedding dimensions for specific research questions.
To represent the 2-D fault features, this article fixes d = 2 to
reconstruct 2-D phase space trajectory, which consists of two
1-D phase space vectors.

2) Delay: The AMI judgment method of classical PSR only
focuses on the PSR of individual systems without considering
the differences between systems. Furthermore, the study found
that the classical PSR method assigns different delays to the
fault signals of different operating conditions under the identical
fault so that the difference between the images is large which is
not conducive to fault diagnosis.

___________

Front Image Back Image

—————————— B
PS-SAE \@ ~— a

Test Sample

To tackle the above-mentioned problems, this article presents
a delay determination method that applies to fault diagnosis.
First, to enhance the adaptability of images of identical faults
under diverse working conditions, all systems take the identical
fixed delay k. The average normalization mutual information
(ANMI) of images between different systems is compared and
calculated under different delays, and the first local minimum
value is taken as k. The calculation can be expressed as

k = mingg > p_, ANMI(E)
ANMI(k) = £ 377 NMI(Iyj,, s, ); 1 #

H(Iejy )+H Ty )
NMI(1yj,, Ixj,) W

3

where I, and I}, ;, are the phase space images of two different
faulty motors (j;andj2) at delay k, respectively. j is the jth type
of fault, and n is the total number of different fault categories.
H(Iyj,) and H(Ij,) are the information entropy of the two
images, respectively. H (Ij;,,Ixj,) is the joint entropy. The
information entropy and joint entropy are calculated as

H(Ikjy) = =22, P, 9k )1082P1, (91 ) Irgs
H(ijz) = - ngﬂz Pfkj2 (gka)logQPij2 (gka)

(4)
H(ijnlka) = - nghvg’w’z Pijlij2 (gkjlvgka)

XIOgQPijl Iyj, (gkjl ’ gk]é)

where g;;, and gy, are the grayscale values of the pixels in
the two images, respectively, and their value ranges are between
the minimum and maximum grayscale values of the respective
images. Pr,; (gkj,) and Pr, ;. (grj,) are the appearing proba-
bility of gx;, and gy, respectively. Pr, . 1, (gkjy > rj, ) is the
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Fig. 3. CDPSR image of normal motor.

joint probability, which represents the ratio of matched pixels in
images I, and Iy, to the total pixels of an image.

Based on d and k, the CDPSR of the fault signal is car-
ried out by the delay reconstruction theorem. For a fault sig-
nal X1= (z11,71.2,...,71 n)7, the reconstruction can be ex-
pressed as [27]

X1 = (1,0, T1itks -+ T1i4(d—1)k) )
i=1,2,...,N—(d—1)k

where N is the length of the time series. The fault signal is
reconstructed as a phase space trajectory. To comprehensively
display system characteristics and promote fault diagnosis, the
phase space trajectory is given the orientation information of the
image based on the visual image knowledge in this article.

The vectors of phase space trajectory are constructed into
two images with the same shape and 180° difference in position
through the rotation of spatial positions, which are separately
defined as front and back CDPSR images.

In this article, the CDPSR images of a normal motor are shown
in Fig. 3 (d = 2,k = 2). It should be noted that the image color
has no specific meaning and is only used to distinguish two
images. To reduce the calculation load, the grayscale format of
the image is applied in the determination process of k and the
fault diagnosis process, and the size of the image is 64 x 64.

B. Farallel Semisupervised Stacked Autoencoders

To fully utilize the front and back images and mine the
information of unlabeled data, this article proposes a PS-SAE
model for fault diagnosis based on sparse autoencoders.

1) S-SAEs: As shown in Fig. 2, the front and back CDPSR
images converted from the same fault signal are separately
input into two parallel S-SAEs for image feature extraction
and primary classification. Feature extraction is achieved by
stacked sparse autoencoders, whereas primary classification is
determined by the softmax classifier. The training process of two
S-SAEs can be summarized as follows.

Step 1: Pretraining on Limited Labeled Data. The training
goal of the sparse autoencoder is to minimize the loss function,
which is utilized to determine the error between the input sam-
ples and the decoded reconstructed samples. The loss function
is calculated as

Q C

1

= a § § ch ch + Ax Q4 B x Q) (6)
g=1c=1

where () is the total number of training samples and C' is the
number of neurons in hidden layer. y,. is theqth sample input to
the encoder, and §,.is the reconstructed output of the decoder.
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Q,, and € are the L2 regularization and sparsity regularization
terms, respectively. A and 3 are coefficients.

The stacked structure of multiple autoencoders realizes image
feature extraction. By incorporating the image features with data
labels to train the softmax classifier. The output of the classifier
is the normalized probability of the corresponding fault type,
and its calculation can be expressed as

eYa
e —
¥
2j=1 €%

where g, is the feature of the gth input sample extracted by the
SAE, and e is the natural logarithm.

Since the training of SAE is unsupervised learning, back-
propagation fine-tuning is required to improve the performance
of the entire SAE. Fine-tuning is to minimize the loss function
of the actual label and the diagnostic label by correcting the SAE
parameters. The loss function can be written as

H

argmm*zZ [0 2l + 5 32 (I + 1013)
=1

®)

where L, and L, are the actual label and diagnostic label,
respectively. ¢ is the tradeoff coefficient of the classification
error term and the weight decay term to prevent overfitting of
training. H is the number of hidden layers. W and b" are
the weights and biases of the neurons in the hAth hidden layer,
respectively.

Step 2: Semisupervised Learning Based on Unlabeled Data.
To enhance the accuracy of the diagnostic model using un-
labeled data, this article develops a semisupervised learning
strategy. Based on supervised pretraining, unlabeled samples
that meet semisupervised conditions are selected for secondary
fine-tuning to optimize the model.

Anunlabeled training dataset is defined as {U }. The structural
similarity between the unlabeled data image and the labeled
data image is chosen as the selection condition. The structural
similarity calculation between the unlabeled image (I;7) and the
labeled image (/1) can be expressed as

(ur,ur, +C1)(207,1, + C2)
(ui, +uj, +C1)(07, + 07, +C2)

J (gq) = (7

mIv, IL) = )
where uy,, us,, or,.01,, and oy, r, are the local means,
standard deviations, and cross-covariance. C'; and C5 are the
regularization constants. The unlabeled samples that follow the
following conditions are selected for fine-tuning:

If(sm(Iy,Ir) > a)Then(U,, € {Y}) (10)

where « denotes the determination coefficient, and {Y'} is the
selected unlabeled dataset. The samples in {Y'} are assigned
the same label class as the corresponding labeled data. The
pretrained diagnostic model can accurately identify the samples
in {Y'} to a large extent. Therefore, the samples in {Y'} can be
used to fine-tune the overall model.

2) Weighted Decision Layer Fusion Strategy: This article
proposes a weighted decision layer fusion method to obtain
more accurate and stable diagnosis performance. For n fault
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categories, each softmax classifier computes n corresponding
primary classification probabilities. The primary classification
probabilities of the same sample are fused at the decision level,
which can be formulated as

(1)

where P,,1 and P, are the average output probabilities of the
two S-SAEs, respectively. P; and P»; are the probabilities of
the input sample belonging to the jth fault class assigned by
the two S-SAEs. The final diagnosis result is determined by the
“winner takes all” principle, which is given as

1 1
PUFj:§Pm1P1j+§Pm2P2j

Fault type = arg max (Purj)- (12)
j=1.2m

C. Specific Diagnostic Process

The flowchart of the specific diagnostic process is drawn in
Fig. 2, which can be summarized as follows.

Step 1: The magnetic leakage signals are collected and converted
into CDPSR images.

Step 2: The CDPSR images are divided into training and test
datasets.

Step 3: A few samples in the training dataset are labeled to
pretrain PS-SAE.

Step 4: PS-SAE is further fine-tuned by unlabeled samples in
the training dataset through semisupervised learning way.
Step 5: The test data is input into the PS-SAE to assess the

performance.
Step 6. The trained PS-SAE is used for fault diagnosis.

IV. CASE VALIDATION

To demonstrate the effectiveness of the proposed method, an
experimental platform was built, and the corresponding verifi-
cation experiments were carried out.

A. Experimental Platform and Dataset Description

1) Experimental Platform: The experimental platform pri-
marily comprises computers, data acquisition equipment,
PMSMs, ac magnetic field sensors, motor drivers, load motors,
and industrial control systems, as depicted in Fig. 4. The plat-
form consists of six types of prototypes, specifically a normal
motor, a BE, an inter-turn short circuit fault (ISCF), a local
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TABLE I
MAIN PARAMETERS OF PMSM
Names Values Names Values
Rated voltage 110 vV Number of poles 10
Rated current S1A Number of slots 9
Rated torque 2.39 N'm PM material NdFe30
Number of phases 3 Magnetization type Radial
Bearing type 620472 Remanence (Br) 1.176 T

Fig. 5.

Processes for implanting different faults.

TABLE II
MWC DESCRIPTION

MWC Speed Load

MWC1 1300 r/min 0.00 N-m
MWC2 1300 r/min 1.63 N-m
MWC3 1300 r/min 2.39 N-m
MWC4 1000 r/min 0.00 N-m
MWCS5 1500 r/min 0.00 N-m

demagnetization (LDG), a uniform demagnetization (UDG),
and a local magnet damage (LMD). The tabulated parameters
of the normal PMSM can be found in Table I. Fault PMSMs
are created by implanting faults into normal motors, and the
processes for implanting different faults are illustrated in Fig. 5.
For BF, the bearing of the PMSM used in this article is deep
groove ball bearing, model 6204Z. The BF is implanted by
making a small groove point in the inner ring of the bearing.
To create the ISCF prototype, a single coil within a phase is
short-circuited. To implant early LDG, one of the ten permanent
magnets is substituted with a permanent magnet possessing 90%
remanence. In contrast, early UDG is attained by replacing all
ten permanent magnets with permanent magnets featuring90%
remanence. The LMD fault occurs as a result of axial mechanical
damage inflicted upon a permanent magnet.

2) Dataset Description: The magnetic leakage signals of
PMSMs are captured using the AMS-2K sensor. The signal
is collected under multiple working conditions (MWC), en-
compassing three load conditions (0.00 N-m, 1.63 N-m, and
2.39 N-m) across three speeds (1000 r/min, 1300 r/min, and
1500 r/min). The sampling frequency is 10 kHz. One second
of the signal is taken as one sample, and each data class is
collected for 120s. The total sample size of the dataset is
120 x 3 x 3 x 6= 6480, 60% of samples are randomly selected
as training datasets, and the rest are test datasets. The different
speed and load conditions are defined in Table II.
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B. CDPSR Image Analysis

Within the 2-D phase space, k is computed using the magnetic
leakage signals obtained during MWCI, through (4) and (5).
Fig. 6 shows the ANMI values under different k. It can be
observed that & = 2 is the first local minimum. For this reason,
this article adopts k£ = 2 to reconstruct the magnetic leakage
signals into CDPSR images.

The CDPSR images of fault motors are presented in Fig. 7,
where the images of fault motors are approximately quadri-
lateral. There are diversities in the edge thickness, curvature,
dispersion, shape, and other features between the different faulty
motors and normal motors. For BF, the dispersion of the CDPSR
images is small. For the CDPSR images of ISCF, there are
obvious changes in curvature. Both LDG and LMD belong to
local permanent magnet faults, and their CDPSR images have
large dispersion, which changes the shape of the images. The
CDPSR images of UDG will be narrower in edge thickness.
Under various working conditions, the CDPSR images preserve
the similarity of identical faults while capturing the distinctions
among different faults. Therefore, the CDPSR image has certain
applicability to working conditions, which is more conducive to
fault diagnosis than the original signal.

C. Fault Diagnosis and Analysis

Based on the experimental platform, the single working con-
dition experiment and the working condition adaptability exper-
iment are carried out, respectively. In this study, the proposed
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TABLE III
ACCURACY OF SINGLE CONDITION (%)

Methods 2 4 6 8 10 12 14 Mean
SAEI 83.53 85.41 86.37 87.76 89.81 90.81 91.83 87.93
+698 +6.61 551 +5.67 £5.18 £4.98 £4.54 +5.64
SAE2 82.00 84.98 8534 86.77 88.68 89.56 9091 86.89
+7.04 £692 +6.03 £5.92 £5.09 +556 £5.07 +599
P-SAE 88.16 90.90 91.08 92.19 9296 93.51 94.34 91.87
+3.18 £3.10 £5.72 £291 £3.05 +£2.69 £2.55 +3.31
S-SAE1 88.34 91.05 91.89 92.13 93.12 93.75 9455 92.12
+545 £553 £561 £5.83 £521 +£433 £4.05 £5.14
S-SAE2 87.69 90.66 91.79 92.52 9293 93.16 94.43 91.88
+5.65 536 +6.09 575 +£4.52 +£4.42 +4.13 +5.13
PS-SAE 90.09 93.67 94.05 94.50 9531 96.32 97.84 94.54
+2.55 +2.50 £1.97 +1.61 +1.64 £1.55 £1.36 +2.03

method and the comparison methods are implemented in the
MATLAB R2021b environment. The experiments are conducted
on a computer equipped with an Intel Core i7-11800H CPU
(2.30 GHz) and 32.00 GB of RAM. All experimental results are
the average value of 20 measurements to mitigate contingency,
and the standard deviation are listed.

The number of hidden layers and neurons in SAE is deter-
mined by the input data. According to the CDPSR images of
the six motors, the parameters of the two S-SAEs in PS-SAE
are set the same, where the number of hidden layers is 3,
and the corresponding number of neurons is set to 200, 100,
and 50 according to the basic decreasing rule. Under different
numbers of labeled samples, six methods are implemented and
compared, and the experimental results are listed in Table III.
The inputs of SAE1 and SAE2 correspond to the front and back
CDPSR images, respectively. P-SAE performs decision-level
fusion by combining SAEI and SAE2. These three methods are
all supervised learning methods. S-SAE1, S-SAE2, and PS-SAE
are the corresponding semisupervised learning methods.

1) Single Working Condition Experiment: Taking the fault
diagnosis under MWCI as an example to carry out the single-
condition experiment, and the training dataset and the test dataset
belong to the same working condition.

Analysis of semisupervised learning: When the number of
labeled samples L ranges from 2 to 14, the semisupervised learn-
ing methods have higher accuracy than the supervised learning
methods. When L = 14, the diagnostic accuracies of S-SAEI,
S-SAE?2, and PS-SAE are 94.55%, 94.43%, and 97.84%, respec-
tively. While SAE1, SAE2, and P-SAE are 91.83%, 90.91%, and
94.34%, respectively, which are lower than the semisupervised
learning methods. Fig. 8 illustrates the confusion matrices of
the four methods when the number of labeled samples is 14,
where the diagonal line is the number of correctly diagnosed
samples, and the last row is the diagnostic accuracy. The yellow
grid is the average diagnostic accuracy, i.e., the final diagnostic
result output. It can be observed from Fig. 8(a) and (b) that
S-SAEI improves the diagnostic performance of SAEI in BF
and UDG by using unlabeled data. To sum up, the supervised
diagnosis model cannot be fully trained when the labeled data is
limited, resulting in an unsatisfactory diagnosis effect. Utilizing
unlabeled data will effectively improve diagnostic performance
through semisupervised learning.
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Fig. 8. Confusion matrices. (a) SAEL. (b) S-SAEI. (c) PS-SAE. (d) S-SAE2.
Analysis of decision layer fusion strategy: It can be seen TABLE IV
from Table III that P-SAE and PS-SAE have better diagnostic ACCURACY OF DIFFERENT COMPARISON METHODS (%)
accuracies than the corresponding single SAE. The diagnostic
accuracies of PS-SAE in seven different numbers of labeled sam- Methods Accuracy  Precision Recall Fl-score
ples are 90.09%, 93.67%, 94.05%, 94.50%, 95.31%, 96.32%, WTS+Tree 4931631 51.394625 49.31+6.12 50.34+6.04
and 97.84%, whereas the corresponding diagnostic accuracy CWT+SVM  49.7546.18  54.02#6.14  49.73%6.18  51.85+6.12
f S-SAE] and S-SAE2 11 han the ab ) FFT+KNN 53.80+7.63 55.82+7.55  53.81£7.84 54.8247.43
o 5 and 5-5AEZ are all lower than the above values. CDPSRHICR-FD  56.51+4.12  57.2144.07 55744472 56.41+4.32
Also, the standard deviation values of PS-SAE and P-SAE are CRF-GAT 85.67+3.33  85.77+3.27  85.71+3.18 85.71%3.19
lower than single SAE as a whole, which indicates the decision CDPSR+SSGRF  87.75+4.33  87.80+4.41 ~ 87.78+4.35  87.79:£4.31
. & . .- . . CDPSR+SSELM  88.71+4.57 88.79+4.42 88.77+4.53 88.78+4.32
layer fusion strategy can improve the stability of diagnostic CDPSR+SSDRB ~ 87.5743.16 87.45+3.19  87.55+321 87.5343.14
results. Fig. 8(b)—(d) demonstrates that PS-SAE enhances the CDPSR+PS-SAE  90.09+2.55  90.12+2.45  90.102.56  90.15+2.44
diagnostic accuracy of BF, LDG, and UDG, which is attributed
to the proposed decision layer fusion strategy. In summary, the
’ e Normal *BF *ISCF eLDG UDG e LMD ‘

proposed method outperforms the comparison methods in single
working conditions.

To fully verify the advantages of PS-SAE, the proposed
image-based method is compared with feature extraction meth-
ods based on 1-D signals, involving wavelet time scattering
(WTS), CWT, and fast Fourier transform (FFT). In WTS, the
first filter bank and the second filter bank have 8 wavelets
per octave and 1 wavelet per octave, respectively. In CWT,
fourth-order autoregressive model coefficients are selected as
fault features. In FFT, the peak location, half power bandwidth,
peak amplitude, band power, and mean frequency are used
as fault features. At the same time, the intelligent methods
commonly used in fault diagnosis are used as a supplementary
comparison analysis, including support vector machines (SVM)
[28], K-nearest neighbor (KNN) [29], decision tree (Tree) [30],
image content retrieval-based fault detection (ICR-FD) [31],
conditional random field-based graph attention network (CRF-
GAT) [32], semisupervised Gaussian random field (SSGRF)
[33], semisupervised extreme learning machine (SSELM) [34],
and semisupervised deep rule-based (SSDRB) classifier [13] are
selected as comparison methods.

To comprehensively evaluate the effectiveness of the proposed
method, four indicators namely accuracy, precision, recall, and
Fl-score are selected [30]. The experiment results of L = 2
are shown in Table IV. It is evident that PS-SAE outperforms
the comparison methods, demonstrating superior performance
across the remaining four indicators. For instance, PS-SAE has
a 90.09% accuracy with a standard deviation of 2.55, and the
F1-score value is 90.15% with a standard deviation of 2.44.

 d
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Fig. 9.
(d) Proposed method.

@

Feature visualization of different methods. (a) WTS. (b) CWT. (c) FFT.

The t-distributed stochastic neighbor embedding (t-SNE) is

applied to examine the feature representations and classification
alignments of different methods intuitively [35]. Feature visu-
alization results of different methods are drawn in Fig. 9. It can
be observed that features of the same category are well aligned,
which explains why the diagnostic accuracy of the proposed
method surpasses the contrastive methods in performance.
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Fig. 10. Comparison of single condition and load adaptability.

TABLE V
ACCURACY OF MWC2-ADAPTABILITY EXPERIMENT (%)

Methods 2 4 6 8 10 12 14

60.30 7733 85.78 86.69 87.78 89.78 90.85
+7.75 +£7.73 £7.05 £6.75 £6.13 £5.93 +6.32
6420 76.53 84.44 8573 8734 89.53 91.81
+£791 +£7.74 £7.79 £6.80 +6.67 £6.97 £6.26
72.12  81.67 90.38 90.66 93.38 94.15
+448 +436 +3.12 +£3.40 +3.58 £3.37
68.92 83.73 89.70 9038 92.15 93.48
+6.71 +6.52 +6.17 £5.86 +5.37 £5.46
70.53  81.82 89.25 89.78 9224 94.11
+6.32 +6.21 +6.01 +547 £5.72 +5.53
78.36  89.20 92.81 93.30 95.28 96.32
+3.87 £4.09 +2.03 £1.77 +1.89 *+1.14

Mean

82.64
+6.95
82.80
+7.16
87.35
+3.85
86.56
+6.06
86.30
+5.92
90.93
+2.32

SAEI

SAE2

P-SAE +4.66

87.55
+6.33
86.37
+6.18
91.25
+1.16

S-SAE1

S-SAE2

PS-SAE

2) Adaptation Experiments Under Different Load: To verify
the load adaptability of the proposed method, the trained diag-
nostic model in MWC1 is fine-tuned in MWC2 and MWC3 for
fault diagnosis of these two working conditions. The average di-
agnostic accuracies in the single working condition experiment
and load adaptability experiment are presented in Fig. 10. The
results under MWC?2 are listed in Table V.

Table V illustrates that when a few labeled training samples
are implemented, the diagnostic model is greatly affected by the
working conditions. When L = 2, the diagnostic accuracy of
PS-SAE is 78.36%, which is about 12% lower than the single
working condition. With the increase of labeled samples, the
diagnostic accuracy is greatly improved with the promotion of
the CDPSR image similarity and fine-tuning between different
working conditions. When L = 14, PS-SAE achieves the best
accuracy of 96.32%. Fig. 10 shows that all methods are affected
by working conditions, but the proposed method suffers the
least impact and has the best average diagnostic result (90.93%),
which exhibits great promise to solve load adaptability.

3) Adaptation Experiments Under Different Speeds: In this
section, the practicability of the proposed method at low speed,
medium speed, and high speed are further analyzed. The diag-
nostic model trained by MWCI is fine-tuned by MWC4, and
MWCS for the fault diagnosis of these two working conditions,
respectively. The CDPSR images of three speeds under no-load
conditions are shown in Fig. 11 (front image). The experimental
results under MWC4 are separately shown in Table VL.

In Fig. 11, it is obvious that the same features of the identical
fault and the different features between faults are still well pre-
served. Table VI illustrates that PS-SAE has higher diagnostic
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Fig. 11. CDPSR images of different speeds under no-load conditions.
TABLE VI
ACCURACY OF MWC4-ADAPTABILITY EXPERIMENT (%)
Methods 2 4 6 8 10 12 14

SAEl 4575 5645 6336 6849 7452 79.24  82.60
+831 +£783 +£786 779 +£736 +£7.72 +6.81

SAE2 4277 5581 6240 66.61 7536 79.57 83.79
+842 +£837 +£742 +783 £750 £7.69 +7.07

P-SAE 55.62 6132 66.18 725 7771 8323  89.69
+578 +£562 +£524 +466 +451 £4.13 +3.39

S-SAEI 51.55 63.85 69.03 7424 79.55 82.81 88.63
+7.63 £775 £741 +£752 +£7.11 £679 £6.26

S-SAE2 5437 6051 6821 7548 8327 86.53 89.92
+780 +£7.69 +£7.61 +747 +£726 £6.55 +6.38

PS-SAE 61.42 8533 87.08 90.92 91.29 9231 94.18
+4.82 +475 £347 +3.75 +3.18 £2.63 +2.34

accuracy than the contrastive methods under different speed
conditions. Table VI shows that when L = 14, PS- SAE achieves
the best accuracy of 94.18%, which is about 4.26% higher than
the S-SAE2. The experiment results verify the effectiveness of
PS-SAE in tackling speed adaptability.

V. CONCLUSION

To utilize the neglected 2-D fault features of signal and
achieve accurate fault diagnosis under few-labeled samples,
an intelligent diagnosis method for PMSM based on CDPSR
images and two-parallel diagnosis architecture was proposed
in this article. Different from most methods of signal analysis,
the proposed method reconstructed the 1-D magnetic leakage
signal into a CDPSR image as the input of the diagnostic model,
which reduced the complexity of fault diagnosis and improved
the accuracy. The two-parallel diagnosis architecture with the
decision layer fusion strategy fully exploited the information of
unlabeled data through a semisupervised learning way, which
improved diagnostic robustness.

The proposed method was verified on an experimental plat-
form for PMSM. In the single working condition experiment,
a diagnostic accuracy of 90.09% was achieved with only two
labeled samples, whereas a diagnostic accuracy of 97.84% was
achieved with 14 labeled samples. In the MWC adaptation
experiments, diagnostic accuracies of 96.32% and 94.18% were
achieved for the load adaptability experiment and speed adapt-
ability experiment, respectively, with 14 labeled samples. The
experimental results demonstrated the efficacy of the proposed
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method in fault diagnosis of PMSM, along with a certain degree
of adaptability to diverse working conditions.

Future studies will be carried out on multidimensional recon-
struction and fusion technology under 1-D signal, fault predic-
tion, and accurate positioning technology of PMSM.
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