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A Novel Information Entropy-Guided Source-Free
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Abstract—In actual industrial applications, due to the data
privacy protection, the source domain (SD) data are often not
directly accessible, while the fault classes that do not belong to
the SD often appear on the target domain (TD). To address
these challenges, a novel information entropy-guided source-
free open-set fault diagnosis (IESOFD) approach is proposed.
First, a graph convolutional network (GCN)-based source model
is pretrained to extract robust features. The pretrained source
model is transferred to the TD to obtain the target model, which
is fine-tuned to achieve the knowledge transfer from SD to TD.
Second, a multigroup partition pseudo-label (MGPPL) strategy
is designed. It initially partitions the TD samples into multiple
groups with the pseudo-labels, selects some samples from each
group as the known and unknown class sample sets, respectively,
and minimizes and maximizes the information entropy of the
known and unknown class sample sets, respectively, aiming to
separate the unknown fault classes in the TD and improve the
reliability of the pseudo-labels. Third, a difficulty class learning
(DCL) strategy is designed, which reduces the intraclass distances
of the difficulty classes and uses different weights to learn each
fault class by information entropy, so as to more effectively
separate the known and unknown fault classes. Finally, extensive
experiments are conducted to verify the effectiveness of the
proposed approach, and the results confirm that the proposed
approach can accurately identify the known and unknown fault
classes in the TD while protecting the SD data privacy.

Index Terms—Fault diagnosis, information entropy, open-set,
pseudo-labels, source-free.

I. INTRODUCTION

HE stable operation of rotating machinery is a key factor
in ensuring productivity, and the intelligent fault diagno-
sis (FD) plays a key role in ensuring the stable operation of
rotating machinery [1]. From the perspective of measurement
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Fig. 1. Comparison of (a) UDA and (b) SFDA.

science, FD is essentially a process of intelligently measuring
and identifying the health states of equipment. Traditional
measurement methods rely on feature extraction and pattern
recognition of sensor signals, while modern intelligent FD
methods further transform these signals into high-dimensional
features to achieve accurate “soft measurement” of fault
classes. In recent years, the rotating machinery FD (RMFD)
methods based on unsupervised domain adaptation (UDA)
have attracted much attention. For instance, Qin et al.
[2] developed a deep joint distribution alignment frame-
work, improving the performance of cross-domain RMFD.
Wang et al. [3] combined an improved deep reinforcement
learning model and a correlation alignment metric, realiz-
ing the cross-domain compound FD tasks. Li et al. [4]
designed a bi-generator cooperative domain-adversarial model
that can generate better domain-invariant features, improving
the RMFD accuracy. Ghorvei et al. [5] designed a deep
subdomain adaptation method based on graph convolutional
network (GCN), which better considers the geometric structure
of sample features through GCN, improving the accuracy
of RMFD. Sun et al. [6] designed a pseudo-label-guided
loss to construct a more explicit fault classification boundary,
improving the accuracy of cross-domain RMFD. Yu et al. [7]
developed a multisource domain adaptation (DA) framework
based on feature transfer and domain attributes, alleviating the
negative transfer problem. Xie et al. [8] designed an improved
prototype-oriented DA method, which can maximize the inter-
class distance and minimize the intraclass distance through
a bi-directional prototype alignment mechanism. Chen et al.
[9] studied a dual-adversarial-guided multisource DA network
to enhance domain confusion, improving the performance
of RMFD. Wan et al. [10] provided a multisource domain
deep transfer learning method, increasing the cross-domain
RMFD performance. Liu et al. [11] provided a multisource
DA ensemble model based on dual-branch feature matching
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that can dynamically adjust the marginal and conditional
distributions, reducing the issue of negative transfer. Although
the existing UDA approaches perform well in RMFD, they
generally assume that both source domain (SD) and target
domain (TD) data are directly accessible during model train-
ing, as shown in Fig. 1(a). In actual industrial scenarios, due
to the scarcity of fault samples and the high cost of labeling,
it is usually difficult for a single enterprise to accumulate
enough high-quality fault samples. For this reason, some
enterprises may require the third-party enterprise to provide
enough fault samples as the SD for model training. However,
due to the limitations in data security and privacy protection,
it is usually not possible to directly access the SD data
provided by the third-party enterprise. This means that the
SD data are not accessible. As a result, the promotion of
traditional UDA approaches in practical industrial applications
is limited. To solve this problem, the third-party enterprise
utilizes the local SD data to pretrain a source model. Sub-
sequently, it provides the pretrained model rather than SD
data to those enterprises in need, meaning that there is no
need to directly access the SD data. Therefore, the source-free
DA (SFDA) approaches have been explored, as depicted in
Fig. 1(b).

To address this issue, researchers have explored the SFDA
approaches for RMFD. In the SFDA approaches, a source
model is usually pretrained using the SD data provided by
the third-party enterprise and transferred to the TD, and then
the model is fine-tuned through the TD data to obtain a
target model that can perform FD tasks well. For example,
Jiao et al. [12] proposed an SFDA method, which uses
the normalized symmetric loss to improve the quality of
pseudo-labels, achieving superior FD performance. Tian et al.
[13] designed a source model based on a deep generalized
neural network, which eliminates the dependence on the
SD data by using a flow mixing module, solving the over-
fitting problem. Cao et al. [14] constructed a two-stage SFDA
framework, which can better extract transferable features by
combining local semantic constraint restrictions and global
adversarial feature alignment. Wang et al. [15] constructed
an improved feature extractor that can extract transferable
features, enhancing the generalization ability of the model.
Li et al. [16] designed a filter that can improve the accuracy
of pseudo-labels using the Hausdorft distance, increasing the
FD accuracy of rotating machinery. Liu et al. [17] devised
an improved information entropy strategy for effectively esti-
mating the uncertainty of pseudo-labels, realizing a robust
RMED. Liu et al. [18] designed a multisource SFDA method
based on graph structure learning to capture and propagate the
potential structure relationships of sample features through a
graph neural network, improving the accuracy of cross-domain
FD. Yu et al. [19] studied a contrastive learning-based strategy
for reducing the effect of pseudo-label noises, boosting the
performance of RMFD. Gao et al. [20] designed a self-
training mechanism in the multisource SFDA for enhancing
the learning of the TD samples, raising the recognition ability
of the model. Lin et al. [21] investigated an SFDA method
with the uncertainty-based metric to calibrate the risk samples
at a fine-grained level, improving the accuracy and efficiency
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of RMFD. Ma et al. [22] studied a prototype-based pseudo-
labeling strategy that can align the source and TD features,
improving the FD performance of the model. Li et al. [23]
put forward a calibrated SFDA method, which combines the
samples with pseudo-labels and the determinant mutual infor-
mation loss for the model adaptation, effectively improving
the accuracy of RMFD. Jiao et al. [24] proposed a source-free
black-box adaptation method, which utilizes the decoupled
self-distillation to better transfer the SD knowledge to the
TD, significantly enhancing cross-domain FD performance.
The above studies show that the existing SFDA methods can
effectively deal with RMFD in the scenario where the SD data
cannot be directly accessed. In the field of instrumentation
and measurement, the SFDA methods have strong practical
significance. Because they can realize the transfer of diagnosis
knowledge without directly accessing the original measure-
ment data. These methods meet the requirements of the
measurement system for data security and privacy protection
in the industrial field.

To address the issues of the scarcity of fault samples and the
high cost of labeling, recently, there have been some studies on
the simulation data-driven DA in the field of RMFD. Xia et al.
[25] constructed a dynamically updated digital twin model to
generate the simulated fault data close to actual operating con-
ditions, which are used as the SD data, effectively achieving
accurate cross-domain FD. Kumar et al. [26] designed a digital
twin-enabled DA framework that can transfer knowledge from
the simulation domain (i.e., SD) to the real domain (i.e.,
TD), improving the accuracy and generalization of RMFD.
Fang et al. [27] developed a digital twin-assisted DA network
to improve the performance of RMFD, where the distribution
discrepancies between the simulation and real domains are
reduced significantly by the dynamic joint distributed DA
strategy. The above approaches can effectively address the
problem of scarce SD samples in DA by generating massive
simulation samples that cover different fault classes. However,
the construction of simulation models heavily relies on expert
knowledge and precise physical parameters, resulting in poor
scalability and high modeling costs. In contrast, SFDA exhibits
stronger practicality and robustness, it does not rely on the
specific simulation model and only utilizes the pretrained
source model and unlabeled TD data to achieve the fine-tuning
of the target model.

Both the above UDA and SFDA methods belong to the
closed-set DA (CSDA) methods, which are applicable to
RMFD under the closed-set scenarios and require the SD
and TD to have the same label space. However, in practical
measurement applications, sensor signals are often affected by
factors such as changes in working conditions, which may
lead to the emergence of fault classes that are not recorded
during the training stage. This results in the label spaces
of the SD and TD generally being heterogeneous, meaning
that the TD often contains fault classes that do not belong
to the SD, which is called the open-set scenario. Therefore,
how to effectively address the open-set FD (OSFD) is a
more challenging problem. OSFD is of great significance for
enhancing the practicability and reliability of the measurement
system.
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To solve the OSFD problem, some researchers have recently
conducted studies on the open-set DA (OSDA). For example,
Liang et al. [28] utilized the pseudo-margin vector to handle
the unknown fault classes in the TD, improving the accuracy
of multisource domain RMFD. Mei et al. [29] effectively
solved the OSFD problem of rotating machinery by separating
the unknown fault classes through the extreme value theory
and empirical threshold. Wang and Zhang [30] proposed a
1D-ResNet-based OSFD method, which can separate unknown
samples through the cosine similarities and Mahalanobis
distances between the input sample features and the class
feature centers. Zhu et al. [31] constructed a multiadversar-
ial learning-based DA model that can align features from
different perspectives, improving the performance of OSFD.
Weng et al. [32] designed a dynamic open-set subdomain
adaptive module, which can separate unknown fault classes
and better align known fault classes. Jin et al. [33] combined
adversarial learning with the weighted DA network, which can
effectively separate the private class features and accurately
identify unknown fault classes. Pan et al. [34] designed an
adaptive unknown fault separation scheme for increasing the
RMFD accuracy by separating the unknown classes through
a hyperplane. Zheng et al. [35] proposed a multiadversarial
OSDA network to mitigate the negative transfer effect through
adversarial learning. Weng et al. [36] designed an outlier
pseudo-label ensemble filter that can separate the unknown
classes through the high-quality soft labels, alleviating the
uncertainty of pseudo-labels. Li et al. [37] studied a centroid
contrastive multisource DA method, which can effectively
alleviate the domain shift and class shift by combining
the centroid contrastive and domain discrimination losses.
Wang et al. [38] presented a self-supervised cross-domain
OSFD method that uses the high-quality unknown fault
samples as the supervisory information, improving the perfor-
mance of RMFD. The above research can effectively address
the challenge of unknown fault classes in the TD and provide
useful exploration for the OSFD problem. However, most
existing OSFD methods still rely on the direct access of the
SD and have not fully taken into account the data isolation and
privacy constraints commonly found in industrial measurement
scenarios. How to implement OSFD without directly accessing
the SD is an important challenge faced by intelligent FD in
the current measurement field.

In summary, the existing SFDA approaches perform well
when facing RMFD in the scenario where the SD data cannot
be directly accessed, but they pay less attention to the problem
of the unknown fault classes appearing on the TD. Although
the existing OSFD approaches solve the issue of the unknown
fault detection in the TD to some extent, they have not
considered how to effectively identify the known and unknown
classes without directly accessing the SD data. However, in
actual RMFD, the following challenges are often encountered
simultaneously. First, the SD data are directly inaccessible
because of the data privacy protection. Second, the TD con-
tains the fault classes that do not belong to the SD. When the
SD data cannot be directly accessed, it is difficult to accurately
identify known and unknown fault classes on the TD. The
core reason is the inability to obtain the knowledge, such as
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feature boundaries and confidence thresholds to distinguish
known and unknown classes, when SD data are inaccessible.
In addition, when the SD data cannot be directly accessed, the
unknown fault samples are more likely to be misclassified as
known classes. The most existing OSDA approaches rely on
the SD data to establish decision boundaries between known
and unknown classes, whereas these decision boundaries will
be difficult to build when the SD data are inaccessible.
Based on the above challenges, there is an urgent need for
a unified approach that can address both the SD data cannot
be directly accessed, and the unknown fault classes appear on
the TD. Therefore, a novel information entropy-guided source-
free OSFD (IESOFD) approach is proposed to address the
above challenges. The proposed approach can still achieve
reliable measurement and identification of the health states
of target equipment without direct access to the SD, making
it particularly suitable for complex measurement scenarios in
industrial settings that have high data privacy requirements and
open fault modes.
The main contributions of this article are as follows.

1) An IESOFD framework is proposed, which can effec-
tively realize the cross-domain RMFD under the
scenario where the SD data cannot be accessed directly
and the unknown fault classes appear on the TD. In the
framework, the pretrained GCN-based source model is
transferred to the TD to obtain the target model, which
is fine-tuned to achieve the knowledge transfer from SD
to TD.

2) A multigroup partition pseudo-label (MGPPL) strategy
is designed. In this strategy, the pseudo-labels of the
TD samples are generated according to the prediction
results obtained from the target model. The TD samples
are initially partitioned into multiple groups with the
pseudo-labels. Some samples are selected from each
group as the known and unknown class sample sets,
respectively, which can effectively realize the multi-
group partitioning of known and unknown classes in the
TD. Meanwhile, the information entropy of the known
and unknown class sample sets are minimized and
maximized, respectively, which can effectively separate
the unknown fault classes in the TD and improve the
reliability of pseudo-labels.

3) A difficulty class learning (DCL) strategy is designed.
In this strategy, the intraclass distances of the difficulty
classes with larger differences in information entropy are
reduced. The different weights are employed to learn
each fault class according to information entropy. This
strategy can achieve more accurate identifications of
known and unknown classes.

4) Extensive experiments are performed on the bearing and
gearbox datasets. The results prove that the proposed
approach gains superior FD performance under the sce-
nario where the SD data cannot be directly accessed,
and the unknown fault classes appear on the TD.

The remainder of this study is organized as follows. Sec-
tion II introduces the basic theory. Section III describes
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Fig. 2. Illustrations of (a) CSDA and (b) OSDA.

the proposed approach. Section IV presents the experimental
results and analysis. Section V provides the conclusions.

II. BASIC THEORY
A. Domain Adaptation

The DA is intended for addressing the domain shift issue by
transferring knowledge from the labeled SD to the unlabeled
TD. The DA draws the labeled SD data and the unlabeled
TD data for realizing the distribution alignment between SD
and TD. Most of the existing DA methods belong to the
CSDA methods assuming that the SD and TD have the same
label space, as shown in Fig. 2(a). Although the SD and
TD have the same label space, their feature distributions are
discrepancy, thus the CSDA methods require alleviating the
negative transfer problem caused by domain shift. The existing
CSDA methods usually mitigate the domain shift effectively
through the explicit or implicit distribution alignment.

However, the TD often has the classes that do not appear on
the SD in practical applications. This scenario, in which the
unknown classes appear, is called the open-set scenario. The
label space of SD is just a subset of that of TD in the open-
set scenario. If the CSDA methods are applied in the open-set
scenario, the features of known classes in the SD and those
of known and unknown classes in the TD will inevitably be
misaligned, which causes the unknown classes to mix in the
different known classes, thus generating classification errors.
In view of this, the OSDA methods are suitable for the open-
set scenario, as they can effectively handle the distribution
discrepancies between different domains as well as the SD and
TD with different label spaces. The OSDA aims to correctly
classify the TD samples into the known and unknown classes,
as shown in Fig. 2(b).

B. Graph Convolutional Network

The GCN is a convolutional neural network that can act
directly on an undirected graph and utilize its structural
information. A graph G is generally defined by

G=(V,E) (1)

where V and E denote the node and edge sets, respectively.
V = {vi,va,...,v,} is the set of n nodes. ¢;; = (v;,v;) is the
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edge connected between nodes v; and v;. The adjacency matrix
A € R"*" indicates the relationships between nodes and edges.
If there exists an edge between v; and v;, A;; = 1; otherwise,
A;jj = 0. The node feature vector matrix X € R"* 4 where d is
the node feature dimension. The propagation between graph
convolution (GConv) layers in the GCN is defined by

HI*D = ReLU (D*%AD*%H“)W“)) . )

In (2), H? and W® are the node feature matrix and the train-
able weighting matrix of the /th layer, respectively, ReLU(:)
indicates the rectified linear unit activation function, A indi-
cates the adjacency matrix with added self-connections, and
D denotes the degree matrix of A. A and D;; can be calculated
by

A=A+ 1, 3)

and

D;; = ZAU “4)
J

respectively, where I, is the identity matrix. The softmax
function is adopted for realizing the node classification after
the propagation of multiple layers, and the final output graph
convolutional signal matrix Z is described as

Z = f(X,A) = softmax (AReLU (AXW(O)) W(l)) 5)

where A = D"W/2AD~(/? is the symmetrically normalized
adjacency matrix.

III. PROPOSED APPROACH
A. Problem Definition

In the FD scenario, where the SD data are not accessible
and the unknown fault classes appear on the TD, first, a
source model My is trained through the labeled SD data
Dy = {x},y}}?,, where x{ and y} denote the ith sample in D
and its corresponding label, respectively, and 7 is the number
of samples in Ds. Second, My is transferred to the TD and
used as the target model M,. Finally, the unlabeled TD data
D, = {x}}, are utilized to fine-tune M to obtain the final target
model, where x} denotes the ith sample in Dy, and n; denotes
the number of samples in D;. During the training of M; and Dy
are unavailable. Not only there are distribution discrepancies
between Dg and Dy, but Dy and D, have different label spaces.
The fault classes not found in D might appear on D;. The
Cy indicates the fault classes that are common to both D and
Dy, which are referred to as the known fault classes. The C,
denotes the fault classes that exist in D; but not in Dy, which
are called the unknown fault classes. The goal is to train M;
that can accurately recognize the Cy and C,.

B. Design of IESOFD Framework

To effectively perform cross-domain RMFD under the sce-
nario where the SD data cannot be directly accessed and the
TD has the unknown fault classes, an IESOFD framework is
designed. Fig. 3 depicts the overall design of the IESOFD
framework. The framework mainly includes three steps: data
acquisition and sample division, source model pretraining, and
target model fine-tuning. The details are as follows.
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Fig. 3. Proposed IESOFD framework.

Step 1: Data acquisition and sample division. First, the
raw vibration signals are acquired in real time by multiple
sensors. Second, the raw vibration signals are segmented at
the constant length and divided into the Dg and D;, where D
need to be labeled and D, do not need to be labeled. Third,
Dy and Dy are normalized by the Z-score, which is beneficial
for improving the initialization and convergence speed of the
model. Finally, D and D are split into the training and testing
sets, respectively.

Step 2: Source model pretraining. The source model M
is trained with D to classify the SD samples. First, each
batch of samples from D are input into a feature extractor
consisting of a convolutional (Conv) layer, a batch nor-
malization (BN) layer, a max-pooling layer, four residual
(Res) blocks, and an adaptive-avg-pooling layer. The features
of the samples obtained via the feature extractor are used
as the features of the nodes. The node set V is constructed
in the form of one sample corresponding to one node. Second,
the k-nearest neighbor (kNN) algorithm is adopted for con-
structing the kNN graph. Determining whether the nodes are

Authorized licensed use limited to: Zhejiang University. Downloaded o

connected or not according to the Euclidean distances between
nodes. The Euclidean distance between nodes is calculated by

d

D b= va)’

where D;; denotes the distance between the nodes v; and
vj, vik and v represent the kth feature values of v; and v,
respectively. The adjacency matrix A is constructed according
to the relationships between nodes. If v; is one of the K nearest
neighbor nodes of v;, A;; = 1; otherwise, A;; = 0. Third, the
A and the node feature vector matrix X are input into the
GCN consisting of two GConv layers and two ReLLU activation
functions to update the node features. Finally, the classification
results are obtained by a classifier consisting of one flatten
layer and one fully connection (FC) layer. The source model
is iteratively updated according to the cross-entropy loss to
obtain the final source model Mj.

Step 3: Target model fine-tuning. The M is transferred to
the TD and used as the target model M;. M; is fine-tuned
with D; to obtain the final target model, so as to achieve

D;; = (6)
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accurate identifications of Cyx and C,. First, each batch of
samples from D is input into M;, and the proposed MGPPL
strategy is used to generate the pseudo-labels of the samples
and classify the samples into the known and unknown class
sample sets. Second, the information entropy loss is calculated
by minimizing the information entropy of the known class
sample set and maximizing the information entropy of the
unknown class sample set. Third, the proposed DCL strategy
is used to better aggregate the samples of the same class,
and the intraclass distances are reduced by calculating the
Kullback-Leibler (KL) divergence loss and the node classifica-
tion loss. Fourthly, both the node similarity and the structural
similarity are considered to calculate the structural consistency
loss. Finally, the total loss is calculated based on the above
four losses and M, is iteratively updated accordingly.

Algorithm 1 Proposed MGPPL Strategy
Input: The TD data Dy, the target model M,, the threshold
w, and the parameters P, and P,.
Output: The information entropy loss Lie.
Get a batch of B samples from Dy;
for i=1to B do
Get M(x}) by M,;
Generate 3 by Eq. (9);
end for
Partition the pseudo-labeled
{G1,Ga,...,Gc,Ge 1)
for j=1to C + 1do
Calculate the information entropy of each sample in
G; by Eq. (10);
9: Sort all the samples in G, in descending order by
information entropy;
10: if 1 <j<C then
11: Select each sample whose information entropy is
less than or equal to P, from G; into Dy;
12: else
13: Select each sample whose information entropy is
greater than or equal to P, from G; into Dy;
14: end if
15: end for
16: Calculate Li by Eq. (13);

A > Ao

samples into

2

C. Design of MGPPL Strategy

In the open-set scenario, the unknown classes may appear
on the TD, and it is difficult to determine whether the TD
samples belong to Cyx or C, only through the initial target
model. Therefore, the MGPPL strategy is proposed, as shown
in Fig. 4. The MGPPL strategy described in Algorithm 1 will
be executed during each training epoch of the target model
M,. The strategy mainly consists of a phase of generating
pseudo-labels for the TD samples and a phase of multigroup
partitioning. First, M, is utilized for generating the pseudo-
labels for the TD samples to initially classify all the samples.
Second, the multigroup partitioning is used to select the
samples to form the known class sample set Dy and the
unknown class sample set Dy,. Finally, the information entropy
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loss is calculated to separate the C, and improve the reliability
of pseudo-labels.

In the phase of generating the pseudo-labels for the TD
samples, first, the M; is transferred to the TD and used as the
M,. Second, each batch of samples from D are input into M,,
and the class prediction probability vector of the TD samples
x} obtained by M, is expressed as

My (x) = (1,83, 5¢) Y

where § ’j indicates the probability of x! belonging to the jth
class predicted by M, and 1 < j < C. Third, the maximum

class prediction probability S¢ . for x! is defined as

i
S max

=max (S{,55....5¢). (8)
Finally, the pseudo-label is generated for x! based on Si ..
When the !, of x! is greater than or equal to the threshold w,
the label of the fault class corresponding to S’ . is generated
for x§. Otherwise, the label of the fault class C + 1 is generated
for x{, where C + 1 is called the unknown fault class. The

generation of the pseudo-label 3 of x! can be described as

arg maxS}, ifSi . > w;
5;5 = Jjel12,..c) 9)
C +1, otherwise.

In the phase of multigroup partitioning, first, the sam-
ples with pseudo-labels are partitioned into C + 1 groups
{G1,G2,...,Gc,Ge 41}, where G; denotes the group of all the
samples belonging to the jth known fault classand 1 < j < C,
and G¢y denotes the group of all the samples belonging
to the unknown fault class. Second, for each group, the
information entropy of each sample in the group is calculated,
and all samples in the group are sorted from high to low
according to the information entropy. The information entropy
I(x}) of x! is calculated by

C
1(x) =—Zsfilogs§ (10)
j=1

where the value range of I(x}) is [0, log C]. When the proba-
bility that x! belongs to a certain class is 1 and the probability
that x} belongs to other classes is 0, the minimum value of
I(x}) = —(1-logl + 0-1log0 + ... + 0-log0) = 0. When
the probability that x; belongs to each class is the same,
ie., VS; = (1/C), the maximum value of I(x})) = —((1/C) -
log(1/C) + (1/C)-log(1/C) + ... 4+ (1/C)-log(1/C)) = log C.
The information entropy of a sample can indicate whether the
sample belongs to Cy or C, to some extent. In general, the
information entropy of a sample belonging to Cy is lower,
whereas the information entropy of a sample belonging to C,
is higher. Third, the samples in each group of {G{,G3,...,G¢}
whose information entropy is less than or equal to P, are
selected to form the known class sample set Dy, where P, is
a percentile and 50 < & < 100. In other words, the bottom
(100 — €)% of samples in each group of {G{,G>,...,G¢} are
selected after being sorted in descending order of information
entropy. Fourthly, the samples in G¢4 whose information
entropy is greater than or equal to P, are selected to form the
unknown class sample set D,, where P, is a percentile and
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1 < u < 50. That is to say, the top u% of samples in G¢ | are
selected after being sorted in descending order of information
entropy. If all the TD samples from D; are sorted from high to
low according to the information entropy, all the samples with
information entropy less than or equal to P, are selected as Dy,
and all the samples with information entropy greater than or
equal to P, are selected as Dy, it will lead to the fact that the
samples in Dy tend to be concentrated in a few fault classes,
resulting in an uneven distribution of the samples. This can
also lead to too many samples in D,, which can easily cause
the over-fitting problem in model training, thus reducing the
FD accuracy of the model. However, the Dy constructed by the
multigroup partitioning can contain the samples corresponding
to each known fault class, i.e., the distribution of samples will
be more uniform, and the number of samples in Dy and D, are
more reasonable. Fifthly, the information entropy loss LY, for
Dy and the information entropy loss L;, for D, are calculated

by
Li, =Y I1(x) (11)
ey
and
L= I(x) (12)

x€Dy

respectively, where x¥ and x! denote the ith sample in Dy and
D,, respectively. Finally, LX and L;, are combined to calculate
the information entropy loss Lic

Lie =L - L. (13)
By minimizing L%(e and maximizing L}, the classifier can be
allowed to reject the samples of unknown classes in the TD

and reduce the distances between the samples of the same
class, while the reliability of pseudo-labels can be improved.

D. Design of DCL Strategy

The TD samples can be classified into the known and
unknown classes through the MGPPL strategy. However, there
may be cases where the information entropy varies too much
among the samples of certain fault classes. In one case, the
information entropy of most samples is higher but that of
individual samples is lower for a certain fault class. In another
case, the information entropy of most samples is lower but
that of individual samples is higher for a certain fault class.
These fault classes that fall into these two cases are called
the difficulty classes. It is difficult to reduce the distances
between samples only through the MGPPL strategy for the
difficulty classes. Therefore, a DCL strategy is proposed, as
shown in Fig. 5. The strategy consists of a phase of reducing
the intraclass distances for the difficulty classes and a phase of
calculating the node classification loss. Algorithm 2 describes
the execution of the DCL strategy in one training epoch. Then,
the node classification loss is calculated using the different
weights for each fault class in Dy, thus allowing the FD model
to achieve better diagnosis results.
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Algorithm 2 Proposed DCL Strategy

Input: The TD data D, the target model M;, and the
threshold p.

Qutput: The KL divergence loss Ly, and the node classi-
fication loss Lyode.

1: fori=1toC + 1do

2:  Calculate ; by Eq. (14);

3 for j=1 to n; do

4 Calculate ¢ by Eq. (15);
5: end for

6 Calculate @; by Eq. (16);

7 sum = 0;

8 for j=1 to n; do

9: if |¢} — @il > o then

10: sum + = 1;

11: end if

12: end for

13: if sum > n; x 10% then
14: DC; =1,

15: else

16: DC; =0;

17: end if

18: Calculate W; by Eq. (19);
19: end for

20: Calculate Ly by Eq. (18);
21: Calculate Lo by Eq. (20);

In the phase of reducing the intraclass distances of difficulty
classes, first, the average value of the information entropy I;
of all the samples of the ith fault class is calculated by

S
Ii=— Zl(xj)
1 ]=1

where [ (xj-) denotes the information entropy of the jth sample
of the ith class x’j in Dy, n; is the number of samples of the ith
fault class, and 1 < j < C + 1. Second, the standard deviation
(i.e., the entropy difference) of the information entropy go’] of
x; is defined as

(14)

¢ = [1(xj) - 1] (15)
The entropy difference can reflect the possibility that the class
to which the sample belongs is a difficulty class, and the higher
entropy difference indicates a higher possibility that the class
to which the sample belongs is a difficulty class, and vice
versa. Third, the average value of the entropy difference &;
for the ith fault class is calculated by

1 «
b= e
n; 1

Jj=

(16)

Fourth, if the absolute differences between the entropy differ-
ence of more than 10% of the samples in the ith fault class
and @; are greater than or equal to the threshold g, the class
is considered to as a difficulty class. If the ith fault class is a
difficulty class, then DC; = 1; otherwise, DC; = 0. The feature
distribution of each fault class follows a Gaussian distribution
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centered at the class feature mean. The feature distribution
O(y;) of the samples of the ith fault class is expressed as

O W) =N (&,%) a7)

where ¢; denotes all the samples of the ith class, &; is the class
feature mean of the ith fault class, and X; is the covariance
matrix corresponding to &;. Finally, the KL divergence loss
Ly of the difficulty class is calculated by

c+1

Lu=)_DC:y KL(Q(x) Q) (18)
i=1 j=1

where Q(xZ-) denotes the feature distribution x’j By minimizing
Ly, the distances between the samples in difficulty classes can
be reduced, thus enhancing the ability of the FD model to
discriminate Cy and C,.

In the stage of calculating the node classification loss, con-
sidering that the information entropy concentration intervals
of different fault classes are different, different weights are set
for the samples of different fault classes when calculating the
node classification loss. First, /; is normalized to calculate the
weight W; corresponding to the ith fault class by

B c+1
Wi=eli/ZeI/.
=

The smaller W; is, it means that the sample features of the ith
fault class are easier to learn, and vice versa. Then, the node
classification loss Lyeq. is calculated by

19)

C+1 n;

Lnode = Z Wi Zj}lj IOg (j}lj)
i=1 j=1

(20)

where 3 and 3} are the pseudo-label and predicted label of
the jth sample of the ith class, respectively. The calculation
of Lpyoge using different weights for the samples of different
classes can better facilitate the aggregation of samples of the
same class, thus achieving further separation of Cy and C,.

E. Parameter Updating

The parameter update consists of updating the parameters
of M and M,, as described in Algorithm 3. The parameters
of M; are updated by minimizing the cross-entropy loss L,
which is calculated by

1 <
Le=——3 y}log(5) 1)
S =1

where 37 is the predicted label of the sample x;. By minimizing
L. to find the optimal parameters g of the feature extractor
and the optimal parameters fcs of the classifier in M,

(QGS, 9@) = argmin L. 22)

Os Ocs

where 6gs and Ocs represent the parameters of the feature
extractor and the classifier in Mg, respectively.
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Algorithm 3 Parameter Updating Procedure of the Proposed
IESOFD
Input: The SD data Ds, the TD data D, the number of
training epochs for the source model e, the number of
training epochs for the target model e;, and the weight
parameters a, 8, and 7.
Output: The optimal parameters 6gs, Ocs, O, and Oc.
> Training of M
for i=1 to ¢ do

Calculate L. by Eq. (20);

Update 6 and ¢ by Eq. (21);
end for
> Training of M,
fori=1to ¢ do

Calculate L. by Eq. (13);

Calculate Ly by Eq. (18);

Calculate L,oge by Eq. (20);

Calculate Ly, by Eq. (23);

Calculate Ly by Eq. (27);

Update Og and dc: by Eq. (28);
end for

_ e e
S A R A ARl >

—
ko

During the training of M, the more structural information
are obtained by calculating the structural consistency loss Ly
of the kNN graph of the TD samples. L, is calculated by

L=YY (Sj{;de + s;'g) . 23)
vieV v;eV
In (23), Srl;{)de denotes the node similarity between v; and v;

and is calculated by

Subge = AislogT (G1,9) + (1-Ay)logr (=(L5%) (24)
where 3, indicates the predicted label of the ith sample
from D, 7(x) = 1/(1 + e™) is the sigmoid function, and
(-,-) represents the inner product. S/ indicates the structural
similarity between v; and v; and is calculated by

S = Myjlogt (GL3%) + (1-My)logt (-GL3%). (25)

If the node pair v; and v; is one of the top n X K node pairs
with the highest degree sequence similarities in the KNN graph
containing n nodes, M;; = 1; otherwise, M;; = 0, where K is
the number of nearest neighbors in the kNN graph. The degree
sequence similarity 7;; between v; and v; is calculated by

Tj=1Din Djl/ VIDil x D}

where D; and D; denote the neighbor sets of the nodes
v; and vj, respectively, |D; N D;| indicates the number of
common neighbors of the nodes v; and v;, |D;| and |Dj
represent the degrees of nodes v; and v;, respectively. The
predicted similarity between connected nodes and that between
structurally similar nodes can be improved by minimizing L.

The parameters of M, are updated by minimizing the total
loss Liotar, Which is calculated by

(26)

Liota = aLie + ,BLSC + 7Lkl + Liode (27)
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Fig. 4. Proposed MGPPL strategy.
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Fig. 5. Proposed DCL strategy.
TABLE I

Fig. 6. HUST bearing test rig [39].

where «a, 3, and vy are the different weighting parameters, all of
which are valued between 0 and 1. During the iterative updat-
ing of M,, the process of searching the optimal parameters g
of the feature extractor and the optimal parameters ¢ of the
classifier in M; can be expressed as

(éGl, gcn) = arg min Ltotal (28)

Ot Oct
where g and O are the parameters of the feature extractor
and the classifier in M, respectively. The source-free OSFD

HEALTH STATES OF HUST BEARING

Health state  Damage location Class label

Normal - 1
Rolling element 2

Moderate fault Inner race 3
Outer race 4

Rolling element 5

Severe fault Inner race 6
Outer race 7

can be effectively realized through the final trained M. When
the training of M and M, have been completed, the test sample
x} from TD is input into M. After completing the forward
propagation of M, the class prediction probability vector
M(x}) of x} is obtained. The class of x} is determined according
to the maximum class prediction probability in M;(x}), thereby
the FD result of x} is obtained.
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TABLE I
FD TASKS ON HUST DATASET
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TABLE IV
FD TASKS ON PHM DATASET

Cross-condition ~ Task Source classes Target classes Openness Cross-condition Task Source classes Target classes Openness
Hl 1,2,3,4,56,7 0 Pl 1,2,3,4,56 0
H2 1,2,3,4,5,6 0.14 P2 1,2,3,4,5 0.17
65Hz —70Hz H3  1,2.3,45  1.2,3.4.567 029 0Hz = 35Hz by 90734, 1234560 53
H4 1,2,3,4 0.43 P4 1,2,3 0.50
H5 1,2,3 0.57 P5 1.2.3.4.5.6 0
H6 1,2,3,4,56,7 0 P6 1,2,3,4,5 0.17
H7  1,23.4.5.6 0.14 BHz = d40Hz 55y 1234560 o33
65Hz — 75 Hz H8 1,2,3,4,5 1,2,3,4,5,6,7 0.29 P8 1,2,3 0.50
H9 1,2,3,4 0.43
H10 1,2,3 0.57
TABLE V
NETWORK STRUCTURE OF THE MODEL
Kernel / Channels /
Module Layer type Stride Output
Conv Tx1/64/2 64, 512
BN & ReLU - 64, 512
Max-pooling 3x1/64/2 64, 256
Res block 1 3XL/64/2 a4 256
o8 bloe 3x1/64/1 :
3x1/128/2
Feature Res block 2 [ ] X 2 128, 128
i?i:ﬁ?? extractor 3x1/128/1
3x1/25 /2
Res block 3 { x1/ / ] X 2 256, 64
Fig. 7. PHM gearbox test rig [40]. 3x1/25 /1
Res block 4 3x1/512/2 512, 32
o8 bloc 3x1/512/1 ’
TABLE I Adaptive-avg-pooling 32 x 1/512/32 512
DESCRIPTION OF PHM DATASET
GCN GConv 1 & ReLU - 512
module  GConv 2 & ReLU - 512
Class Gear Bearing Shaft
Flatten - 512
label 24 T Others IS:0S 1ID:OS Others Input Output Classifier FC C (for Ms)
1 G G G G G G G C +1 (for My
2 CH G G G G G G
3 BR G cO Inner G BS G
4 G G CO  Ball G M G TABLE VI
5 BR G G Inner G G G SETTING OF HYPERPARAMETERS ADOPTED IN MODEL TRAINING
6 G G G G G BS G

IS = Input shaft; OS = Output side; ID = Idler shaft; G = Good; CH = Chipped;
BR = Broken; CO = Combination; BS = Bent shaft; IM = Imbalance

IV. EXPERIMENTS

A. Experimental Setup

To validate the effectiveness of the proposed IESOFD
approach, extensive experiments are performed on the
Huazhong University of Science and Technology (HUST) [39]
and Prognostics and Health Management (PHM) [40] datasets.
The HUST bearing test rig is depicted in Fig. 6. In this
experiment, the bearing vibration data collected at a sampling
frequency of 25.6 kHz under the three different operating
conditions of 65, 70, and 75 Hz are selected. Table I lists
the seven different health states contained in each operating
condition, where each health state contains 600 samples. The
training and testing sets are split by 8:2. For the HUST dataset,
the ten different FD tasks are designed according to different
openness, as depicted in Table II.

Fig. 7 illustrates the PHM gearbox test rig. In this experi-
ment, the vibration signals collected at a sampling frequency of
66.67 kHz under the three different operating conditions of 30,

Parameter . Parameter
Parameter description

name value
K Number of nearest neighbors in a kNN graph 3
w Threshold used in MGPPL strategy 0.85
€ Threshold used to select samples to form Dy 90
o Threshold used to select samples to form D, 15
0 Threshold used to select the difficulty classes 0.1
« Weighting of Lj. 0.5
B Weighting of L 0.3
¥ Weighting of Ly 0.6

35, and 40 Hz are chosen. Table III lists the six different health
states contained in each operating condition. Each health state
includes 800 samples. The training and testing sets are split
by 8:2. The eight different FD tasks are designed for the PHM
dataset according to different openness, as seen in Table IV.
In the proposed IESOFD approach, the network structure
of the model is shown in Table V. Both the source model
M, and the target model M, consist of a feature extractor, a
GCN module, and a classifier. The M, and M, share the same
network structure, except for the difference in the classifier
structure. The fault classifiers used in the M, and M; consist
of a flatten layer and an FC layer with the output dimensions
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Fig. 8. Training time of each epoch during different phases. (a) Source model
pretraining. (b) Target model fine-tuning.

of C and C + 1, respectively. The training epochs for M and
M, are set to 50 and 200, respectively. The batch size, learning
rate, and optimizer employed in the training of M, and M, are
all set to 64, 0.01, and stochastic gradient descent, respectively.
The other hyperparameter values are determined through the
grid search method, as listed in Table VI. Note that the bottom
(100 — &)% of samples in each group of {G{,G3,...,G¢} and
the top u% of samples in G are selected after being sorted
in descending order of information entropy of each group,
respectively.

The hardware environment mainly includes a 10-core Intel
i5-13400F CPU, an RTX 4060 Ti GPU with 4352 CUDA
cores, 32 GB of RAM, and 8 GB of GPU memory. The
software environment mainly includes PyTorch 1.8 and Python
3.9.

In the proposed IESOFD approach, the time complexity of
the source and target models is O(L x C> + G x D?), where L
indicates the input sequence length, C denotes the number of
channels, G is the number of graph nodes, and D represents
the feature dimension. The space complexity of the source
and target models is O(P + £ x C + G x D + G?), where
‘P is the total number of parameters in the model and it is
approximately 3.85 x 10°. To better explore the computational
complexity of the model, an analysis is conducted on the
training time, reasoning time, and hardware resource con-
sumption during the source model pretraining and the target
model fine-tuning. Taking the task H2 of the HUST dataset
as an example, where six known classes are participated in
the source model pretraining, while six known classes and one
unknown class are participated in the target model fine-tuning,
and each class contains 480 training samples and 120 testing
samples. Fig. 8(a) and (b) presents the training time of each
epoch during the source model pretraining and target model
fine-tuning, respectively. During the source model pretraining,
the average training time of each epoch and the total training
time are approximately 2.17 and 109 s, respectively. During
the target model fine-tuning, the average training time of each
epoch and the total training time are approximately 1.80 and
360 s, respectively. The reasoning time of the target model for
each sample is approximately 0.23 ms, which allows the target
model to meet the real-time diagnosis requirement in the real
industry and fit into the lightweight edge devices. The system
main memory and GPU memory required for the source model
pretraining and the target model fine-tuning are approximately
6.44 and 4.25 GB, respectively. The target model size is
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TABLE VII
EVALUATION METRICS
Metric Description Definition
oS Identification accuracy for all the classes i‘k‘ii“
OS*  Identification accuracy for the known classes Fy/ P
UNK Identification accuracy for the unknown classes ER/PR
: * 2XOS*XUNK
H Harmonic mean of OS* and UN K OS5 TUNE

approximately 15 MB. The low memory overhead makes the
target model suitable for lightweight edge-end deployments.
It can be found from the above analysis that the proposed
IESOFD has fast training and reasoning speeds, moderate
system main memory and GPU memory required for model
training, and a smaller mode size, indicating that it has a good
prospect in practical industrial deployment.

B. Evaluation Metrics

In this experiment, the four different evaluation metrics
listed in Table VII are adopted for measuring the FD per-
formance of the proposed IESOFD and the comparison
approaches. In Table VII, Fy and F, represent the number of
testing samples of the known and unknown classes correctly
identified, respectively. Px and P, denote the total number of
testing samples of the known and unknown classes, respec-
tively. H indicates the harmonic mean of OS* and UNK. The
higher the value of H, the better the separation effect for the
unknown classes and the identification effect for the known
fault classes. To ensure the reliability of the evaluation results,
when different RMFD approaches are adopted for conducting
experiments on different FD tasks of HUST and PHM datasets,
each experiment is repeated 30 times, and the average OS,
0OS*, UNK, and H are calculated.

C. Validation of the Effectiveness of GCN Module

To validate the effectiveness of the GCN module, the
proposed IESOFD approach adopting the GCN module is
compared with the IESOFD-CNN and IESOFD-Res on the
FD tasks of HUST and PHM datasets, where IESOFD-CNN
and IESOFD-Res are the variants of IESOFD. In IESOFD-
CNN, the GConv layers are replaced with the Conv layers
in the original GCN module. In IESOFD-Res, the GCN
module is eliminated, and only ResNet-18 is adopted as the
feature extractor. Fig. 9(a) and (b) shows the OS of the three
approaches on the FD tasks of HUST and PHM datasets,
respectively. On the ten different FD tasks of the HUST
dataset, the average OS of IESOFD, IESOFD-CNN, and
IESOFD-Res are 95.42%, 92.16%, and 89.70%, respectively.
On the eight different FD tasks of the PHM dataset, the
average OS of IESOFD, IESOFD-CNN, and IESOFD-Res are
94.80%, 90.74%, and 88.29%, respectively. The performance
improvement of IESOFD compared to IESOFD-CNN and
IESOFD-Res is due to its ability to fully utilize structural
relationships between samples through GCN to extract more
robust features. In IESOFD-CNN and IESOFD-Res, the fea-
tures are extracted through standard convolutional operations,
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Fig. 9. OS of different approaches on the FD tasks of different datasets.
(a) OS of the HUST dataset. (b) OS of PHM dataset.

leading to the potential correlation between samples of similar
fault classes may be ignored. In contrast, the GCN module
used in IESOFD fully considers the structural correlation
between samples, which can extract more robust and general-
ized features. In IESOFD, the potential structural relationships
between sample features can be captured via GCN, and the
more structural information can be obtained via the node sim-
ilarity and structure similarity in the kNN graph of samples,
thereby achieving more accurate identification of known and
unknown fault classes.

D. Validation of the Effectiveness of the Proposed MGPPL
Strategy

To validate the effectiveness of the MGPPL strategy, the
proposed IESOFD approach adopting the MGPPL strategy
and the M1 approach are compared on the 14 OSFD tasks
of the HUST and PHM datasets. M1 is a variant of IESOFD.
The difference is that when Dy and D, are formed, M1 does
not adopt the MGPPL strategy, but adopts the way of global
partitioning. Specifically, M1 ranks the information entropy
of all the samples from high to low, and selects the samples
whose information entropy is less than or equal to P, as Dy
and the samples whose information entropy is greater than
or equal to P, as D,. Fig. 10(a) and (b) shows the OS of
IESOFD and M1 on the OSFD tasks of HUST and PHM
datasets, respectively. On the eight OSFD tasks of the HUST
dataset, the average OS of IESOFD and M1 are 94.31% and
84.71%, respectively. On the six OSFD tasks of the PHM
dataset, the average OS of IESOFD and M1 are 93.88% and
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Fig. 10. OS of IESOFD and M1 on the OSFD tasks of different datasets.
(a) OS of the HUST dataset. (b) OS of PHM dataset.

82.06%, respectively. On the OSFD tasks of HUST and PHM
datasets, the average OS of IESOFD is increased by 9.60%
and 11.82% compared with M1, respectively. This is mainly
because the Dy formed by M1 adopting the global partitioning
only contains the samples of some known fault classes, making
M1 overfit for a small number of fault classes and underfit
for most fault classes. Fig. 11(a) and (b) depicts the Dy and
D, formed with IESOFD and M1 on the task H2 of HUST
dataset, respectively. In Fig. 11(a) and (b), these samples are
selected using IESOFD adopting MGPPL strategy and M1,
respectively. In order to more intuitively present the samples
belong to which fault class, their real class labels are shown
in Fig. 11. As shown in Fig. 11(a), the Dy formed by IESOFD
adopting the MGPPL strategy contains samples of all known
fault classes. As depicted in Fig. 11(b), the Dy formed by M1
using the global partitioning only includes samples of three
known fault classes, where most of them belong to class 3,
a few of them belong to class 2, and an extremely few of
them belong to class 6, without including samples of classes
1, 4, and 5. This is mainly because the samples in Dy formed
by M1 using the global partitioning are directly selected after
sorting the information entropy of all samples in descending
order. Therefore, it is impossible to select samples of each
known fault class. In total, the proposed IESOFD adopting
the MGPPL strategy can form a more reasonable Dy and Dy,
thereby promoting the separation of the known and unknown
classes.
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Fig. 11. Dy and D, formed by different approaches on the task H2 of HUST
dataset. (a) IESOFD. (b) M1.

E. Validation of the Effectiveness of the Proposed DCL
Strategy

To validate the effectiveness of the DCL strategy, the
proposed IESOFD approach adopting the DCL strategy and
the M2 approach are compared on the 14 OSFD tasks of HUST
and PHM datasets. M2 is a variant of [IESOFD. The difference
is that after M2 adopts the MGPPL strategy to form Dy and
Dy, it does not deal with the difficulty classes but instead of
calculating directly Lpoq. and taking the same weighting for all
the fault classes. Fig. 12(a) and (b) reveals the OS of IESOFD
and M2 on the OSFD tasks of HUST and PHM datasets,
respectively. On the eight OSFD tasks of the HUST dataset,
the average OS of IESOFD and M2 are 94.31% and 85.83%,
respectively. On the six OSFD tasks of the PHM dataset, the
average OS of IESOFD and M2 are 93.88% and 83.20%,
respectively. On the OSFD tasks of HUST and PHM datasets,
the average OS of IESOFD is increased by 8.48% and 10.68%
compared with M2, respectively. This is mainly because M2
takes the same weighting for each fault class to calculate
Lioge, leading to the poor effect of intraclass aggregation
and interclass separation. However, the DCL strategy adopted
in IESOFD fully considers the difference of samples and
adopts different weights for different fault classes to calculate
Lpoge- This not only shortens the intraclass distances, but also
lengthens the interclass distances, thereby better separating
different fault classes.
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Fig. 12. OS of IESOFD and M2 on the OSFD tasks of different datasets.
(a) OS of the HUST dataset. (b) OS of PHM dataset.

F. Comparison With Other RMFD Approaches

To further validate the effectiveness of the proposed
IESOFD approach, IESOFD and the following five advanced
RMEFD approaches are compared on HUST and PHM datasets:
DANN [41], SCSF [22], OSWA [42], MALDA [31], and
SHOT [43]. DANN is a CSDA approach that achieves
domain alignment through adversarial learning. SCSF is a
CSDA approach that achieves domain alignment by generat-
ing pseudo-labels through prototypical clustering. OSWA is
an OSDA approach that detects the similarity of instances
to known classes using an instance-level weight strategy.
MALDA is an OSDA approach that recognizes both known
and unknown classes through domain-adversarial learning.
SHOT is an OSDA approach that achieves domain-invariant
feature learning by introducing information maximization
and self-supervised learning. In these comparison approaches,
DANN, OSWA, and MALDA require access to the SD data,
whereas SCSF, SHOT, and IESOFD require no direct access
to the SD data.

Table VIII lists the OS*, UNK, and H obtained by different
approaches on different FD tasks of HUST and PHM datasets.
As shown in Table VIII, the average OS*, UNK, and H
obtained by IESOFD on HUST dataset are 97.72%, 94.51%,
and 95.82%, respectively, and the average OS*, UNK, and H
obtained by IESOFD on PHM dataset are 94.28%, 93.42%,
and 93.30%, respectively. The OS*, UNK, and H obtained
by IESOFD on HUST and PHM datasets are superior to the
other comparison approaches. For example, on the HUST
dataset, the average OS* obtained by IESOFD is 15.45%,
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TABLE VIII
0S* (%), UNK (%), AND H (%) OBTAINED BY DIFFERENT APPROACHES ON DIFFERENT FD TASKS OF HUST AND PHM DATASETS

Task DANN SCSF OSWA MALDA SHOT IESOFD
0s* UNK H 0s* UNK H 0S* UNK H 0s* UNK H 0Ss* UNK H 0s* UNK H
H1 90.334+0.89 - - 92.1240.77 - — 93.96+0.81 - - 97.134+0.43 - - 91.73+0.57 - - 99.89+0.13 - -
H2 88.94+1.02 - - 90.214+0.97 - — 92.524+1.01 82.41+1.54 87.17 96.724+0.51 92.434+0.64 94.53 92.16+0.72 84.36£1.02 88.09 98.43+0.25 97.754+0.53 98.09
H3 81.64+£149 — - 87494137 - - 90.674+1.23 78.67+1.84 84.24 94.84+0.57 90.2740.77 92.50 90.524+0.78 82.37+0.97 86.25 99.65+0.41 95.774+0.67 97.67
H4 7839+£201 - - 86.05+156 — - 87.96+1.47 76.02+2.01 81.56 93.370.85 87.45+1.03 90.31 87.94+1.12 78.39+1.42 83.44 97.34+0.53 92.73+0.88 94.98
H5 74654242 - - 8351£1.79 — - 85.6741.69 71.67+2.53 78.05 92.43+0.86 84.8241.17 88.46 86.58+1.31 75.38+1.64 80.59 95.14+0.86 90.33+1.31 92.67
H6 89.97+£1.02 - - 9071%L.11 - - 93.654+0.89 - - 96.744+0.52 - - 91.47+0.89 - - 99.78+0.11 - -
H7 87.45+£143 - - 90.04%134 —  — 923141.02 83.06+1.37 87.44 96.210.53 93.0640.88 94.61 90.14+0.94 83.97+1.58 86.95 99.83+0.18 97.5040.51 98.65
H8 8251£1.78 — - 87544169 —  — 90.3441.43 80.57+1.74 85.17 95.43+0.67 91.6940.85 93.52 88.9240.99 80.24-1.87 84.26 97.53+0.64 96.56+0.79 97.04
H9 76474215 — - 84334189 — - 88.1741.66 77.9342.17 8273 93.26+0.75 88.5141.94 90.82 85.8341.82 77.63+2.03 81.52 94.40+0.89 92.5640.92 93.47
H10 72.31£2.19 - — 82.17+2.27 - — 87.78£1.83 75.04+2.14 80.91 90.14+1.72 85.31+£2.13 87.65 83.024+2.32 74.92+2.57 78.76 95.19£1.12 92.88+1.03 94.02
Avg. 82.27 - - 87.42 - - 90.30 78.17 83.41 94.62 89.19 91.55 88.83 79.78 83.75 97.72 94.51 95.82
Pl 88.1741.01 -  — 91324068 - — 91.37+1.10 - - 95274057 - - 90.5240.84 - - 97.8740.26 - -
P2 8657132 - - 88324125 -  — 89.73+1.49 78.74+1.02 83.87 94.5240.64 90.624+0.87 92.53 89.2740.85 81.5341.52 8522 95.9740.39 96.98+0.48 96.47
P3  80.34+1.68 - — 86.95+1.51 - — 86.05£1.85 77.61£1.31 81.61 92.67+0.75 87.35+£1.32 89.93 86.94+1.53 79.93+1.42 82.74 93.75+£0.87 93.86+0.64 93.80
P4 75.4242.02 - — 82.84+1.82 - — 83.28+2.14 74.5241.64 78.66 90.19+1.02 84.32+1.68 87.16 83.29+1.57 74.37+1.86 78.68 90.86+0.81 90.254+0.99 90.55
P5 87.63£1.08 - — 90.88+0.97 - — 88.69+1.26 - - 95.03£0.56 - - 90.284+0.71 - - 97.264+0.30 - -
P6 86.37+1.41 - - 87.61£1.32 - — 87.58+1.64 76.47+1.37 81.65 94.17+£0.63 91.02+£0.96 92.57 88.93+1.36 82.14+1.18 85.40 95.324+0.57 96.454+0.57 95.88
P7 79.85+1.77 - - 85414167 - - 8535+1.96 75.06+1.57 79.87 92.4840.63 87.66+1.35 90.01 86.53+1.72 78.444238 8324 93.0941.16 93.17+0.75 93.13
P8 72.864+2.16 - - 81.6741.99 -  — 832942.05 73.19£1.96 77.91 89.1741.46 83.93+2.12 84.51 83.26+1.64 74.6942.14 78.74 90.13+0.83 89.83+1.26 89.98
Avg. 8215 - - 86.88 - - 86.92 7593  80.60  93.19 87.48 8945  87.38 7835 8234  94.28 9342  93.30
HI DANN P1 DANN
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Fig. 13. OS (%) achieved by different approaches on different datasets. (a) OS achieved on the HUST dataset. (b) OS achieved on the PHM dataset.

10.30%, 7.42%, 3.10%, and 8.89% higher than DANN, SCSF,
OSWA, MALDA, and SHOT, respectively. This is mainly
due to the fact that both DANN and SCSF belong to CSDA
approaches, which are unable to recognize the unknown fault
classes, thus incorrectly predicting the unknown fault classes
as the known fault classes. Although OSWA, MALDA, and
SHOT belong to OSDA approaches, all of them fail to
completely separate the unknown fault classes, resulting in a
small number of unknown fault classes being recognized as the
known fault classes. On the PHM dataset, the average UNK
achieved by IESOFD is 93.42%, 93.42%, 17.49%, 3.85%,
and 10.96% higher than DANN, SCSF, OSWA, MALDA, and
SHOT, respectively. This indicates that the proposed IESOFD
approach can accurately identify the known and unknown
classes. DANN and SCSF belong to CSDA approaches, which
cannot recognize the unknown classes. OSWA, MALDA, and
SHOT belong to the OSDA approaches, which have the ability
to recognize the unknown classes. The comparison with SHOT
is worth further analysis. SHOT regards open-set recognition

as a problem of clustering the known classes and rejecting the
unknown classes. SHOT filters out the unknown class samples
based on the k-means clustering and the information maxi-
mization loss. The unknown class samples do not participate
in the optimization of the objective function during training.
This design is effective when there is a significant discrepancy
in feature distributions between known and unknown class
samples. However, it is difficult to separate the unknown
classes when the unknown class samples are scattered near the
known class samples. In contrast, IESOFD can fully learn the
features of known and unknown class samples by maximizing
the information entropy of unknown classes and minimizing
the information entropy of known classes, thereby achieving
more accurate recognition of known and unknown classes. The
reasons why IESOFD performs better than all the other com-
parison methods are as follows. First, IESOFD better separates
the unknown fault classes mixed in the known fault classes by
adopting the MGPPL strategy. Second, IESOFD effectively
reduces the intraclass distances and constructs better decision
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Fig. 14. Feature visualizations of FD results of different approaches on the task P2. (a) DANN. (b) OSWA. (c) SHOT. (d) IESOFD.

boundaries between different fault classes by adopting the
DCL strategy. Third, IESOFD better extracts the fault features
by the GCN.

Fig. 13(a) and (b) displays the OS achieved by different
approaches on HUST and PHM datasets, respectively. On the
HUST dataset, the average OS achieved by DANN, SCSF,
OSWA, MALDA, SHOT, and IESOFD are 59.51%, 75.73%,
83.80%, 91.59%, 81.83%, and 95.42%, respectively. On the
PHM dataset, the average OS obtained by DANN, SCSF,
OSWA, MALDA, SHOT, and IESOFD are 63.62%, 77.73%,
82.75%, 91.14%, 85.56%, and 94.80%, respectively. This
further indicates that the proposed IESOFD approach better
identifies the known and unknown classes.

Fig. 14(a)—(d) illustrates the feature visualizations of FD
results of DANN, OSWA, SHOT, and IESOFD on the task P2,
respectively, where the t-SNE technique is used to visualize
the features. As seen from Fig. 14(a), the unknown fault class
is mixed with the known fault classes in the FD results of
DANN, indicating DANN cannot separate the unknown fault
class. As shown in Fig. 14(b) and (c), OSWA and SHOT
can accurately identify most fault classes, but they have not
established good decision boundaries, resulting in the mixing
of samples from a few fault classes. As depicted in Fig. 14(d),
the proposed IESOFD approach not only establishes clear
decision boundaries between different fault classes, but also
has good clustering within the same fault class. This indicates
that IESOFD achieves better OSFD performance.

Fig. 15(a)—(d) shows the confusion matrices of DANN,
OSWA, SHOT, and IESOFD on the task H2, respectively. As
observed from Fig. 15(a), DANN incorrectly predicts 20%,
5%, and 75% of the samples of class 7 (i.e., the unknown
fault class) as class 1, class 3, and class 4, respectively, which
is because DANN has no capability to distinguish the unknown
fault class. As shown in Fig. 15(b), OSWA incorrectly predicts
5%, 10%, and 3% of the samples of class 7 as class 1,
class 3, and class 5, respectively. As depicted in Fig. 15(c),
SHOT incorrectly predicts 2%, 4%, and 10% of the samples
of class 7 as class 1, class 3, and class 6, respectively. The
results show that OSWA and SHOT have the capability to
recognize the unknown fault class, but because they fail to
construct the clear classification boundaries, causing some
samples of the unknown and known classes to be difficult to
distinguish. As seen from Fig. 15(d), IESOFD has a higher
FD accuracy for each class, where the FD accuracy of class 7
reaches 97%, which is superior to the other comparison
approaches. This indicates that IESOFD has the capability to
accurately classify the known and unknown classes.

G. Parameter Sensitivity Analysis

To evaluate the impact of the threshold w used in the
MGPPL strategy on the FD performance of IESOFD, the
comparison experiments are performed on different FD tasks
of HUST and PHM datasets by using different values of w.
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TABLE IX
OS (%) OBTAINED BY IESOFD WITH DIFFERENT VALUES OF w ON DIFFERENT FD TASKS OF HUST DATASET

w H1 H2 H3 H4 HS5 H6 H7 H8 H9 H10 Avg.
0.70 97.31 £ 0.68 96.75 + 0.43 82.64 £ 0.68 75.01 + 1.24 70.53 £+ 1.35 97.51 £ 0.54 95.02 + 0.57 81.78 £ 0.74 75.77 £ 0.61 71.32 &+ 1.04 84.36
0.75 97.74 £ 0.52 96.87 &+ 0.68 83.79 £ 0.98 79.68 + 1.09 76.41 £+ 1.14 97.52 £ 0.60 97.17 + 0.83 83.99 £+ 0.89 79.68 £ 1.02 76.41 + 1.13 86.93
0.80 98.06 + 0.41 97.31 £ 0.38 85.31 £ 0.53 85.19 + 1.08 83.21 £+ 1.17 98.34 £ 0.59 97.83 + 0.59 86.32 £+ 0.83 86.01 £ 0.90 83.91 + 1.23 90.15
0.85 99.89 + 0.13 98.84 £ 0.25 95.34 £+ 0.41 92.45 + 0.53 89.12 £ 0.86 99.78 £ 0.11 99.76 + 0.18 94.86 + 0.64 93.68 + 0.89 90.44 + 1.12 95.42
090 97.98 + 0.50 91.10 = 0.46 89.42 £ 0.69 86.20 + 0.81 68.79 £+ 0.97 97.31 £ 0.73 91.89 + 0.55 90.22 £+ 0.83 87.80 £ 1.06 70.00 + 1.25 87.07
0.95 96.33 £ 0.66 82.70 &+ 0.63 79.61 £ 0.96 77.30 & 1.20 60.89 £+ 0.99 96.43 £ 0.76 83.83 + 0.68 79.40 = 0.94 77.01 £ 1.36 62.51 + 1.28 79.60

TABLE X
OS (%) OBTAINED BY IESOFD WITH DIFFERENT VALUES OF w ON DIFFERENT FD TASKS OF PHM DATASET
w P1 P2 P3 P4 P5 P6 P7 P8 Avg.
0.70  96.05 £ 0.61 9295 + 0.53 85.64 £ 0.68 76.01 £ 1.19 9586 £ 0.32 91.86 £ 0.41 85.14 £ 0.63 76.62 £ 1.02 87.52
0.75 96.63 £0.49 9512 £ 0.58 87.47 £ 0.67 79.94 £ 1.13 9627 £ 0.27 9452 £ 046 88.67 £ 0.52 80.99 + 0.83 89.95
0.80 97.02 £0.35 96.11 +£0.42 90.74 £ 0.74 83.05 £ 1.16 9693 £ 0.33 9558 £ 0.46 89.47 £ 0.89 8273 £1.25 9145
085 97.87 £ 0.27 9694 + 0.35 94.23 + 0.48 91.89 £ 0.74 97.26 + 0.22 96.31 £ 0.37 93.39 £ 0.51 90.54 + 0.82 94.80
090 96.55 £ 047 90.47 £0.56 86.73 £ 0.84 80.04 & 1.18 96.19 +0.44 89.84 £ 0.85 8595+ 1.03 78.72 + 1.32 88.06
095 9489 +£0.73 8583 123 7983 £ 1.14 7269 £ 129 9474 £0.65 8469 £092 7941 £ 132 71.73 £142 8298

To select an appropriate threshold w, at first, the grid search
is performed between 0 and 1 in steps of 0.1. It is found that
IESOFD can achieve a relatively high OS when the value of w
is between 0.70 and 0.95. Then, the grid search is performed
between 0.70 and 0.95 in steps of 0.05. Table IX lists the OS
obtained by IESOFD with different values of w on different FD
tasks of the HUST dataset. When w is set to 0.70, 0.75, 0.80,
0.85, 0.90, and 0.95, respectively, the average OS achieved by
IESOFD is 84.36%, 86.93%, 90.15%, 95.42%, 87.07%, and

79.60%, respectively. Table X presents the OS obtained by
IESOFD with different values of w on different FD tasks of
the PHM dataset. When w is set to 0.70, 0.75, 0.80, 0.85, 0.90,
and 0.95, the average OS achieved by IESOFD is 87.52%,
89.95%, 91.45%, 94.80%, 88.06%, and 82.98%, respectively.
When w is lower than 0.85, the OS achieved by IESOFD
on different tasks increases with the increase of w. When w
is higher than 0.85, the OS gained by IESOFD on different
tasks decreases with the increase of w. This is mainly because
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Fig. 17. OS achieved by IESOFD with different values of o and different proportions of selected samples on four different FD tasks. (a) H2. (b) H10. (c) P2.
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TABLE XI
OS (%) OBTAINED BY IESOFD WITH DIFFERENT VALUES OF K ON DIFFERENT FD TASKS OF HUST DATASET

=

H1

H2

H3

H4

H5

H6

H7

H8

H9

H10

Avg.

95.21 £ 0.49
94.97 £ 0.51
99.89 + 0.13
94.36 + 0.37
95.48 + 0.43

(S R S

93.05 + 0.59
92.38 £+ 0.57
98.84 + 0.25
92.75 &+ 0.64
93.62 + 0.60

90.93 + 0.69
89.77 £ 0.74
95.34 + 0.41
88.98 £ 0.87
90.33 + 0.94

87.74 + 0.84
86.43 + 1.18
92.45 + 0.53
86.25 &+ 0.91
88.58 £ 1.25

84.57 £ 1.13
82.43 £ 1.07
89.12 + 0.86
81.14 £ 1.15
85.31 £ 1.08

95.04 £ 0.42
94.61 + 0.50
99.78 + 0.11
94.38 £+ 0.37
95.87 £ 0.58

92.59 + 0.50
91.57 £ 0.47
99.76 £ 0.18
91.83 £ 0.58
92.86 + 0.64

90.21 £+ 0.73
88.91 £+ 0.93
94.86 + 0.64
89.21 £ 0.79
89.64 £ 0.85

86.99 + 0.91
85.87 £ 1.14
93.68 + 0.89
86.90 £+ 1.25
94.13 + 1.05

83.05 + 0.94
82.57 £ 1.26
90.44 + 1.12
83.01 & 141
84.22 + 1.33

89.94
88.95
95.42
88.88
91.00

the value of w is too low or too high, which will reduce the
quality of pseudo-labels, thus affecting the FD performance of
IESOFD. When w is set to 0.85, IESOFD achieves the highest
OS on each task, thus, w is selected as 0.85.

To analyze the impact of the thresholds of & and y adopted
in MGPPL strategy to determine the percentiles P, and P, on
the FD performance of IESOFD, the comparison experiments
are carried out on four different FD tasks, where ¢ is set to
50, 60, 70, 80, 85, 90, and 95, respectively, and u is set to 5,
10, 15, 20, 30, 40, and 50, respectively. Fig. 16 demonstrates
the OS achieved by IESOFD with different values of & and
p on four different FD tasks. As shown in Fig. 16(a)—(d),
when ¢ and u are set to 90 and 15, respectively, IESOFD
achieves the highest OS on four different FD tasks. The
results are mainly because the number of selected samples
of known and unknown classes is different due to different
values of & and u. When & is too high and u is too low,
the selected known and unknown class samples are too few,
causing the features of known and unknown classes cannot
be fully learned. When ¢ is too low and p is too high, too
many known and unknown class samples are selected, which
reduces the quality of the selected samples, causing the over-
fitting problem. Therefore, £ and y are selected as 90 and 15,
respectively.

To evaluate the impact of the threshold o and the pro-
portion of selected samples used in DCL strategy on the
FD performance of IESOFD, the comparison experiments
are conducted on four different FD tasks, where o is set
to 0.05, 0.10, 0.15, 0.20, 0.25, and 0.30, respectively, and
the proportion of selected samples is set to 5%, 10%, 15%,
and 20%, respectively. Fig. 17 depicts the OS achieved by
IESOFD with different values of o and different proportions
of selected samples on four different FD tasks. As illustrated
in Fig. 17(a)—(d), when the value of o is lower than 0.10, the
OS achieved by IESOFD on different FD tasks increases with
the increase of o. When the value of o is higher than 0.10, the
OS achieved by IESOFD on different FD tasks decreases with
the increase of o. When the value of o and the proportion of
selected samples are set to 0.1 and 10%, respectively, IESOFD
achieves the highest OS on four different tasks. This is mainly
because when the value of o and the proportion of selected
samples are different, the selected difficult class samples are
different. Too many or too few difficult class samples and
the quality of different difficult class samples will affect the
clustering effect between different classes, thereby affecting
the FD performance of IESOFD. Therefore, the value of o
and the proportion of selected samples are selected as 0.1 and
10%, respectively.
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TABLE XII
OS (%) OBTAINED BY IESOFD WITH DIFFERENT VALUES OF K ON DIFFERENT FD TASKS OF PHM DATASET
K P1 P2 P3 P4 P5 P6 P7 P8 Avg.
1 89.76 £ 054 8847 +£0.62 86.89 &+ 0.72 84.14 £0.88 89.62 + 0.31 87.84 £0.58 8573 +£0.72 82.52 +0.92 86.87
2 9339 4+ 048 91.88 £0.57 88.52 +0.69 86.01 &0.94 9275+ 039 90.26 & 0.62 8794 + 0.80 8541 4+ 0.89 89.52
3 97.87 + 0.27 9694 + 0.35 94.23 + 048 91.89 £+ 0.74 97.26 + 0.22 96.31 + 0.37 93.39 + 0.51 90.54 + 0.82 94.80
4 93.024+ 038 9147 £058 8823+ 0.72 8574 +083 9248 +£ 040 89.88 & 0.54 8749 £0.66 8502+ 0.79 89.16
5 89.27 +£041 87.64 £0.53 8591 +£0.72 84.03 £ 0.87 89.37 +£ 051 8726 &£ 0.75 8539 +£0.82 8231 +£0.94 86.40
100 100 100
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Fig. 18. OS obtained by IESOFD with different values of three weighting parameters on the FD tasks of H2, H10, P2, and P8. (a) « (8 = 0.3 and y = 0.6).

(b) B (@=05and y = 0.6). (¢) ¥ (@ = 0.5 and 8 = 0.3).

To analyze the impact of the value of the parameter K (i.e.,
the number of nearest neighbors in the kNN graph) on the
FD performance of IESOFD, the comparison experiments are
conducted on different FD tasks of HUST and PHM datasets
by setting K to 1, 2, 3, 4, and 5, respectively. Table XI presents
the OS obtained by IESOFD with different values of K on
different FD tasks of the HUST dataset. When K is set to
1, 2, 3, 4, and 5, respectively, the average OS achieved by
IESOFD is 89.94%, 88.95%, 95.42%, 88.88%, and 91.00%,
respectively. Table XII gives the OS obtained by IESOFD with
different values of K on different FD tasks of the PHM dataset.
When K is set to 1, 2, 3, 4, and 5, respectively, the average OS
achieved by IESOFD is 86.87%, 89.52%, 94.80%, 89.16%,
and 86.40%, respectively. A smaller value of K can easily
lead to overconfidence in a neighboring sample, whereas a
larger value of K can easily lead to the selection of samples
with too large distances, which will affect the FD performance
of IESOFD. When K is set to 3, IESOFD achieves the best
FD results, thus K is selected as 3.

The calculation of the total loss of the proposed IESOFD
involves the three weighting parameters of «, 5, and v, all of
which are determined using the grid search method, where
a, B, and y are all searched from {0.1, 0.2, 0.3, 0.4, 0.5,
0.6, 0.7, 0.8, 0.9, 1.0}. Fig. 18 shows the OS obtained by
IESOFD with different values of «, 8, and y on four different
FD tasks. As shown in Fig. 18(a), when = 0.3 and y = 0.6,
the OS obtained on different FD tasks grow rapidly with «
rising between 0.1 and 0.5. As «a rises between 0.5 and 1.0,
the OS obtained on different FD tasks is constantly changing,
but all are lower than the OS obtained by a = 0.5. As given
in Fig. 18(b), when @ = 0.5 and y = 0.6, the OS obtained by
B = 0.3 is the highest. As seen in Fig. 18(c), when @ = 0.5 and
B = 0.3, the OS obtained by y = 0.6 is the highest. Therefore,

TABLE XIII

OS (%) OBTAINED BY IESOFD ON DIFFERENT FD TASKS OF DIFFERENT
DATASETS UNDER DIFFERENT NOISE LEVELS

Task 25% noise

99.75 £+ 0.12
98.69 + 0.25
95.22 £ 0.39
92.21 £ 0.58
88.96 £ 0.90
99.51 £+ 0.15
99.48 £+ 0.18
94.65 £+ 0.67
93.42 £+ 0.69
90.29 £+ 1.18
95.22

98.52 £+ 0.30
96.73 £+ 0.32
94.02 £+ 0.51
91.63 £ 0.71
97.01 £ 0.23
96.07 £+ 0.34
93.11 £+ 0.56
90.32 £ 0.81
94.68

50% noise

99.56 + 0.13
98.42 £+ 0.27
95.01 & 0.44
91.95 £ 0.60
88.73 £ 0.88
99.26 £+ 0.14
99.24 £+ 0.19
94.41 £+ 0.69
93.18 £ 0.71
90.03 £+ 1.21
94.98

98.27 £+ 0.32
96.49 + 0.36
93.75 &+ 0.49
91.39 £ 0.76
96.82 £ 0.26
95.74 £+ 0.39
92.78 £+ 0.58
90.13 £ 0.86
94.42

75% noise

99.31 £ 0.15
98.17 £ 0.28
94.76 £ 0.47
91.66 £ 0.62
88.51 £ 0.92
99.02 £ 0.17
98.98 £ 0.22
94.16 £ 0.72
92.97 £ 0.75
89.86 £ 1.17
94.74

98.07 £ 0.33
96.21 £ 0.37
93.53 £ 0.53
91.13 £ 0.78
96.65 £ 0.28
95.42 £ 0.42
92.57 £ 0.62
89.85 £+ 0.84
94.18

100% noise

99.04 £ 0.16
97.96 £+ 0.27
94.52 £ 0.50
91.43 £ 0.64
88.27 £ 0.95
98.75 £ 0.20
98.67 £+ 0.23
93.97 + 0.74
92.63 £ 0.77
89.61 £ 1.20
94.48

97.93 £+ 0.34
95.96 & 0.40
93.25 + 0.55
90.84 £ 0.82
96.36 £+ 0.30
95.14 £ 0.45
92.22 £ 0.64
89.57 £+ 0.87
93.90

0% noise

99.89 £+ 0.13
98.84 £+ 0.25
95.34 £ 0.41
92.45 £ 0.53
89.12 £ 0.86
99.78 £+ 0.11
99.76 £+ 0.18
94.86 £+ 0.64
93.68 £+ 0.64
90.44 £+ 1.12
95.42

98.87 + 0.27
96.94 £ 0.35
94.23 £ 0.48
91.89 £ 0.74
97.26 £+ 0.22
96.31 £+ 0.37
93.39 £+ 0.51
90.54 £+ 0.82
94.80

the three weighting parameters of a, 5, and y are selected as
0.5, 0.3, and 0.6, respectively.

H. Performance Analysis Under Noise Environment

To verify the noise robustness of the proposed IESOFD,
a series of experiments is conducted by adding the white
Gaussian noise with intensities of 25%, 50%, 75%, and 100%
to the vibration signals. Table XIII presents the OS obtained by
IESOFD on different FD tasks of different datasets under dif-
ferent noise levels. As shown in Table XIII, IESOFD exhibits
strong robustness under different noise levels. Although the
OS achieved by IESOFD decreases with increasing noise
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intensity on different FD tasks, IESOFD still achieves good
FD accuracies on different FD tasks of different datasets. On
HUST dataset, IESOFD achieves the average accuracies of
95.42%, 95.22%, 94.98%, 94.74%, and 94.48% under 0%,
25%, 50%, 75%, and 100% noises, respectively. On PHM
dataset, IESOFD obtains the average accuracies of 94.80%,
94.68%, 94.42%, 94.18%, and 93.90% under 0%, 25%, 50%,
75%, and 100% noises, respectively. On HUST and PHM
datasets, the average FD accuracies obtained under 100% noise
than those obtained under 0% noise are reduced by 0.94% and
0.90%, respectively. This shows that IESOFD can still achieve
high FD accuracy in the presence of severe noise interference,
verifying its strong noise robustness.

V. CONCLUSION

In this article, a novel IESOFD approach is proposed,
which can accurately identify the known and unknown fault
classes in the TD without directly accessing the SD data.
The proposed approach provides a new paradigm of FD
under privacy protection for industrial measurement systems,
enhancing the ability to identify unknown fault classes and
adapt to complex working conditions. By transferring the
pretrained GCN-based source model to the TD, the target
model is obtained and fine-tuned, effectively realizing the
knowledge transfer from SD to TD. The proposed MGPPL
strategy effectively achieves the multigroup partitioning of
known and unknown classes according to the pseudo-labels
of the TD samples. In the proposed MGPPL strategy, the
information entropy of the known and unknown class sample
sets is minimized and maximized, respectively. This effectively
separates the unknown fault classes in the TD and enhances
the reliability of the pseudo-labels. This strategy improves the
measurement accuracy and robustness of fault identification
in the open-set scenario. The designed DCL strategy achieves
more accurate identifications of the known and unknown fault
classes, and enhances the measurement and recognition ability
for difficult samples, effectively improving the classification
robustness of the model in complex measurement environ-
ments. The effectiveness of the proposed approach is verified
by extensive experiments. The proposed approach achieves
average FD accuracies of 95.42% and 94.80% on the cross-
condition FD tasks with different openness of HUST bearing
and PHM gearbox datasets, respectively, outperforming the
other comparison approaches.

Although the proposed IESOFD approach is capable of
dealing with the scenario where both the SD data cannot be
directly accessed and the unknown fault classes appear on the
TD, the following limitations remain.

1) IESOFD can effectively address the problem that the
unknown fault classes appear on the TD. However, the
private classes may appear on the SD, making it more
difficult to accurately identify known and unknown fault
classes.

2) In most applications, the number of samples for dif-
ferent fault classes is relatively balanced. However, in
actual industrial productions, the problem of imbalanced
samples may arise. This causes the model to be biased
toward the majority classes during training, thereby
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making it difficult to construct reliable class decision
boundaries.

3) The hyperparameters adopted in the proposed MGPPL
and DCL strategies are determined through the grid
search.

Considering these limitations, future work will primarily
focus on the following aspects.

1) A dual-classification pseudo-label strategy will be intro-
duced, which can use the different class prototypes
and the classification confidence to distinguish private
classes in the SD and TD, aiming to achieve accurate
fault classification on the TD.

2) An adaptive weight and decision boundary optimization
mechanism will be designed. It can dynamically adjust
the class weightings during training to make the model
focus more on the minority classes, and construct clearer
and more reliable decision boundaries. It can realize
robust recognition of different fault classes under the
scenario where the class distribution is extremely imbal-
anced.

3) The relationship between the physical mechanism of
RMFD and some key hyperparameters will be deeply
studied, and a parameter adaptive optimization strategy
based on physical information will be established.
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