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Abstract—Despite the remarkable results that can be achieved
by data-driven intelligent fault diagnosis techniques, they pre-
suppose the same distribution of training and test data as well
as sufficient labeled data. Various operating states often exist
in practical scenarios, leading to the problem of domain shift
that hinders the effectiveness of fault diagnosis. While recent
unsupervised domain adaptation methods enable cross-domain
fault diagnosis, they struggle to effectively utilize information
from multiple source domains and achieve effective diagnosis
faults in multiple target domains simultaneously. In this paper,
we innovatively proposed a weighted joint maximum mean dis-
crepancy enabled multi-source-multi-target unsupervised domain
adaptation (WJMMD-MDA), which realizes domain adaptation
under multi-source-multi-target scenarios in the field of fault
diagnosis for the first time. The proposed method extracts
sufficient information from multiple labeled source domains and
achieves domain alignment between source and target domains
through an improved weighted distance loss. As a result, domain-
invariant and discriminative features between multiple source
and target domains are learned with cross-domain fault diagnosis
realized. The performance of the proposed method is evaluated
in comprehensive comparative experiments on three datasets,
and the experimental results demonstrate the superiority of this
method.

Index Terms—Multi-source-multi-target, unsupervised domain
adaptation, fault diagnosis, domain feature alignment.

I. INTRODUCTION

With the continuous development of big data technology in
the industrial field, data-driven intelligent fault diagnosis tech-
niques have been widely studied. Traditional machine learning
methods, such as Random Forest (RF) [1], LighjtGBM [2],
and Support Vector Machine (SVM) [3], have been widely
used in the field of intelligent fault diagnosis. However, the
dependence of machine learning-based fault diagnosis methods
on domain knowledge and expertise leads to their lack of
generalization ability. In recent years, deep learning [4, 5]
has become a hot research trend in intelligent fault diagnosis
because of its ability to extract features effectively with the aid
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of multilayer network structures. For example, Wen et al. [6]
proposed a hierarchical convolutional neural network that can
predict the fault pattern and the fault severity. Sun et al. [7]
established a stacked sparse autoencoder-based deep neural
network to diagnose the faults in rolling element bearings
which reduces the need for prior knowledge and diagnostic
expertise. Yu et al. [8] decomposed the vibration signals of
the wind turbine gearbox by wavelet packets and subsequently
diagnosed the faults with a fast deep graph convolutional
network.

However, deep learning-based fault diagnosis methods work
only if there is a large amount of labeled data and if the
training and test data have the same probability distribution.
In practical situations, the collected data often come from
various working states, resulting in different data distributions.
Labeling data is both expensive and labor-intensive, making
it extremely costly to label data for each working condition,
which in turn constrains the practical application of deep
learning-based methods.

Unsupervised domain adaptation (UDA) can cope with
the above problem with its ability to learn domain-invariant
features between labeled training data (source domain) and
unlabeled test data (target domain). Unsupervised domain
adaptation fault diagnosis methods effectively diagnose faults
in the target domain by transferring the diagnostic knowledge
from the labeled data of the source domain. For example, a
domain adversarial graph convolutional network is proposed
in [9] to achieve unsupervised domain adaptation for mechan-
ical fault diagnosis under variable working conditions. Wang
et al. [10] proposed a deep adversarial domain adaptation
network to learn domain-invariant features for unsupervised
domain adaptation. Researchers integrated expert knowledge
with domain adaptation to realize unsupervised fault diagnosis
in [11]. However, existing unsupervised domain adaptation
methods tend to be applicable only to single-source-single-
target scenarios, while a typical drawback of such methods is
that only insufficient representations can be extracted from
a single supervised source domain. Fortunately, the latest
studies [12–14] have begun to consider the extraction of
more adequate features from multi-source domains for fault
diagnosis in the target domain.

Despite the fact that the aforementioned studies have ex-
plored and obtained promising results for multi-source-single-
target domain adaptation methods, they struggle to diagnose
faults in multiple target domains. In the case of multi-target
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domains, it is not feasible to either train a diagnostic model
for each target domain individually or to directly combine the
unlabeled data from multiple target domains, as the former
is costly while the latter would mix data with different
distributions and different characteristics.

In this paper, we pioneered a multi-source-multi-target
domain adaptation fault diagnosis method called WJMMD-
MDA that can not only efficiently extract sufficient features
from multiple supervised source domains, but also diagnose
faults in multiple unlabeled target domains simultaneously. In
the proposed method, data from multiple source and target
domains are mapped into the feature space by the feature
extractor with shared weights. Subsequently, feature align-
ment is implemented by the improved multi-source multi-
target weighted joint maximum mean discrepancy (JMMD)
distance for both source and target domains. By optimizing the
weighted distance loss, domain-invariant and discriminative
data features can be extracted for cross-domain fault diagnosis
in the multi-source-multi-target scenario.

The contribution of this paper is summarized as follows:
1) We propose a novel multi-source-multi-target domain

adaptation method for the first time in the field of fault
diagnosis.

2) We construct an improved weighted distance loss based
on the maximum mean difference for multi-source-
multi-target unsupervised domain adaptation.

3) The excellent performance of the proposed method
is demonstrated by comprehensive comparative exper-
iments on three datasets, including the CWRU, PU, and
PHM2009 datasets.

The remainder of this paper is organized as follows. First,
the related work is discussed in Section II. Then, the detail of
the proposed WMMD-MDA is described in Section III. The
data used for the experiments and the comprehensive analysis
of the results are shown in Section IV. Finally, the conclusions
of this paper are given in Section V.

II. RELATED WORK

A. Unsupervised domain adaptation

In the past few years, there have been many methods
proposed for domain adaptation, which aim to bridge the
gap between the distribution of data in the source and target
domains. This is particularly useful when there is a lack of
labeled data in the target domain, but abundant labeled data
is available in a related source domain. Theories and specific
methods to achieve this objective have been established by
prior researchers. Existing works [15, 16] provide theoretical
proof for the possibility of transferring knowledge across
domains when the training and test data features follow dif-
ferent distributions, whether single source domain or multiple
source domains. Metric discrepancy-based methods attempt to
learn domain-invariant features by aligning the distributions
of the source and target domains. For example, Maximum
Mean Discrepancy (MMD) that maps the source and target
domains to the reproducing kernel Hilbert space [17] is a
popular distance metric used to estimate the similarity of
the expectation between two distributions [18, 19]. Moreover,

there are amounts of methods with MMD [20, 21] transfer the
feature representation from the source domain to the target
domain. Since deep learning can achieve powerful feature
representation, adversarial learning-based methods [22, 23]
has been also widely applied in various fields, which involve
training a model that can generalize well across domains by
explicitly modeling the domain shift. Furthermore, Adversar-
ial Domain Adaptation, using a discriminator to distinguish
between source and target data, is a remarkable model-based
approach. Domain-Adversarial Training of Neural Networks
(DANN) [24] and Adversarial Discriminative Domain Adap-
tation (ADDA) [25], are two regular adversarial models for
domain adaptation. Specifically, DANN adds a domain classi-
fier to the neural network and directly trains it to predict the
domain label. Conversely, ADDA learns a domain-invariant
feature representation by training a generator network to
transform source domain samples into target domain style and
a discriminator network to distinguish between real and fake
target domain samples. To improve the generalization ability,
Cai [26] proposes a new method with residual connections,
which directly transforms the source features into the space of
target features. Generative adversarial networks (GANs) based
methods [27, 28] have made significant advancements in gen-
erating samples that follow the distribution of target domains.
However, in real scenarios, there are often multiple source
domains or multiple target domains, and domain adaptation
methods with a single-source-single-target domain might not
obtain the optimal solution.

B. Multiple domains adaptation
Nowadays, many researchers have made significant progress

on the multiple domains transfer problem. Hoffman [29] and
Zhao [30] propose the method and algorithm for adapting a
model trained on multiple source domains to a target domain
by using adversarial learning techniques. Specifically, the
former proposed framework is based on the assumption that
the source domains share a common feature space, and that the
target domain can be represented as a convex combination of
the source domains. Meanwhile, the latter method includes
a domain discriminator network that distinguishes between
source and target domains and an adversarial loss that encour-
ages the feature extractor network to produce features that are
indistinguishable between the domains.

The domain adaptation problem from a single source do-
main to multiple target domains has also received widespread
attention. Gholami [31] proposes an unsupervised approach for
multi-target domain adaptation based on information theory.
The proposed approach is based on the principle of maximiz-
ing mutual information between the source and target domains,
while minimizing the mutual information between the target
domains. Furthermore, StarGAN [32] has successfully applied
multi-domain transfer to the field of image generation without
the need for paired training data. Moreover, AMDA [33] lever-
ages an attention mechanism to selectively focus on the most
relevant features for each domain, which allows the model to
effectively adapt to multiple source and target domains, even
when they are highly diverse. Considering that complex cross-
domain faults often exist in industrial environments, this paper
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Fig. 1. The framework of the proposed weighted joint maximum mean discrepancy enabled multi-source-and-target unsupervised domain adaptation fault
diagnosis (WMMD-MDA).

focuses on the multi-source and multi-target domain adaptation
problem in the field of fault diagnosis.

III. THE PROPOSED METHOD

In the work, a novel multi-source-multi-target domain
adaptation method is proposed, which utilizes an improved
weighted distance loss based on the joint maximum mean
discrepancy to capture the domain-invariant features between
multiple source and target domains. To the best of our knowl-
edge, this is the first time that a multi-source-multi-target
domain adaptation method has been proposed in the field of
fault diagnosis. The overview of the proposed method is shown
in Figure 1.

A. Overview

In our proposed method, signal data from multiple source
and target domains are mapped into feature space by fea-
ture extractors with shared weights. The feature extractor
mainly includes two parts: convolution layers and bottleneck,
where the bottleneck consists of a linear layer, a ReLU
activation function and a dropout layer. Subsequently, the
feature alignment of the source domain and the target domain
is achieved through the improved multi-source multi-target
weighted JMMD distance. By calculating the distance loss
between different source domain and target domain data
features and assigning weights, an improved multi-source
multi-target weighted JMMD distance loss is obtained. In
addition, combined with the classification loss calculated by
the classifier with shared weights, the final loss function is
calculated. Besides, the detailed structure of WMMD-MDA is
shown in Table I.

TABLE I
DETAILED NETWORK STRUCTURE OF THE PROPOSED METHOD.

Component Layer Filter Output size

Input / 1×512
Conv layer 1 7×7, 64, stride 2 64×256

Pooling 1 3×3 max-pool 64×256

Feature extractor

Conv layer 2
[
3× 3, 64
3× 3, 64

]
× 2 64×128

Conv layer 3
[
3× 3, 128
3× 3, 128

]
× 2 128×64

Conv layer 4
[
3× 3, 256
3× 3, 256

]
× 2 256×32

Conv layer 5
[
3× 3, 512
3× 3, 512

]
× 2 512×16

Pooling 2 avg-pool view1 512
Bottleneck 512×256 256

Classifier Linear layer 256×num classes num classes

B. Objective function for multi-source-multi-target domain
feature alignment

The proposed method involves multiple labeled source
domains {Ds1 , Ds2 , · · · , DsK} and unlabeled target domains
{Dt1 , Dt2 , · · · , DtL}, where K and L refer to the number of
source domains and target domains, respectively.

In order to enable the proposed method with accurate
classification of faults, we define the following classification
loss function Lsi

c for labeled samples (xsi
j , ysij ) from source

domain Dsi :

Lsi
c = E(xsi

j ,y
si
j )∼Dsi

lce
(
C
(
xsi
j

)
, ysij

)
(1)

where C(xsi
j ) refers to the predicted results, E(·) is the math-

ematical expectation, and lce is the cross-entropy loss. The
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total classification loss function for multiple source domains
is:

Lc =

L∑
i=1

Lsi
c (2)

The MMD is commonly used to align the feature dis-
crepancy between the source domain and target domains, the
distance loss function of MMD is defined in Eq. 3, where ϕ(·)
represents the nonlinear mapping function to the reproducing
kernel Hilbert space (RKHS), and Ω is the RKHS.

MMD has only considered the differences in features
between domains but ignored the differences in labels be-
tween domains, therefore the Joint Maximum Mean Difference
(JMMD) is proposed in [18] on the basis of MMD. The loss
function of JMMD is defined in Eq. 4, where ⊗|L|

l=1ϕ
l (zsl ) is

the mapping of features in the tensor Hilbert space, while zsl
and ztl stand for the activation of the lth layer of the source
domain and target domain, respectively.

In order to realize multi-source-multi-target domain adap-
tation, the proposed method calculates the JMMD distance
LJMMD between two sets of source and target domains and
performs a weighted summation of them as shown in Eq. 5,
where the weights are defined by Eq. 6. Specifically, when
LJMMD between a pair of source and target domains is larger,
a larger weight will be assigned, otherwise a smaller weight
will be given.

Ldis =

K∑
i=1

L∑
j=1

WsitjLJMMD(si, tj) (5)

Wsitj =
eLJMMD(si,tj)∑
s

∑
t e

LJMMD(s,t)
(6)

The overall loss function is shown below, where λ is a
trade-off parameter. By optimizing the overall loss function in
Eq. 7, feature alignment between multiple source domains and
multiple target domains can be achieved. Sufficient diagnostic
information can be effectively transferred to the unlabeled
target domains, enabling domain adaptation fault diagnosis
under multi-source-multi-target scenarios.

L = λLc + (1− λ)Ldis (7)

C. Training procedure and parameter update

The overall training process is shown in Algorithm 1. The
input datasets consist of labeled samples from multiple source
domains {(xsi , ysi)}

K
i=1 and unlabeled samples from multiple

target domains
{(

xtj

)}L

j=1
. We will first initialize the model

parameters, including the parameters of the feature extractor
θf and classifier θy , as well as hyper-parameters, and perform
batch processing on the input datasets. Each batch is selected
for model training, and the gradient descent method is used to
update the model parameters {θf , θy} to minimize the overall
loss, including classification loss Lc and distance loss Ldis,
until the model is converged.

Algorithm 1: Weighted MMD Enabled Multi-source-
and-target Domain Adaptation Fault Diagnosis
Input: Labeled samples from multiple source domains

{(xsi , ysi)}
K
i=1 and unlabeled samples from

multiple target domains
{(

xtj

)}L

j=1
, learning

rate η, batch size bs, epochs n, model f and y
with parameters θf and θy

Output: Trained model with parameters θ∗

1 Initialize θf and θy;
2 repeat
3 Sample a mini-batch from each of the source/target

domain datasets;
4 Update {θf , θy} by minimizing the overall loss

function L in Eq.7 through gradient descent
θf = θf − ∂L

∂θf
and θy = θy − ∂L

∂θy
;

5 until Convergence;

TABLE II
10 BEARING CONDITIONS OF CWRU DATASET.

Class label Bearing condition Fault size (mils)

0 Normal bearing 0
1 Inner ring fault 7
2 Ball fault 7
3 Outer ring fault 7
4 Inner ring fault 14
5 Ball fault 14
6 Outer ring fault 14
7 Inner ring fault 21
8 Ball fault 21
9 Outer ring fault 21

IV. EXPERIMENT

A. Datasets

Three datasets are used in the following experiments. A
detailed description of them is shown below.

1) Case Western Reserve University (CWRU) dataset: The
CWRU dataset is provided by the Case Western Re-
serve University Bearing Data Center [34] and has been
widely used in the field of fault diagnosis. Referring
to the setting in [35], this paper uses the driving end
bearing fault data with a sampling frequency of 12kHz,
which includes one normal signal and nine fault signals

TABLE III
DOMAIN ADAPTATION TASKS OF CWRU DATASET.

Working condition A B C D

Motor rotational speed (rpm) 1797 1772 1750 1730

TABLE IV
DOMAIN ADAPTATION TASKS OF PU DATASET.

Working condition E F G H

Rotating speed (rpm) 1500 900 1500 1500
Load torque (Nm) 0.7 0.7 0.1 0.7
Radial force (N) 1000 1000 1000 400
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LMMD =
∥∥∥Exs

i∼Ds
[ϕ (xs

i )]− Ext
j∼Dt

[
ϕ
(
xt
j

)]∥∥∥2
Ω

(3)

LJMMD =
∥∥∥Exs

i∼Ds

(
⊗|L|

l=1ϕ
l (zsl )

)
− Ext

j∼Dt

(
⊗|L|

l=1ϕ
l
(
ztl
))∥∥∥2

⊗|Ll
l=1⊗l

(4)

TABLE V
DOMAIN ADAPTATION TASKS OF PHM2009 DATASET.

Working condition I J K L

Shaft speed (Hz) 30 35 40 45

The details of the 10 categories of signals are shown in
Table II, which include three positions of inner fault (IF),
outer fault (OF), and ball fault (BF), and three different
sizes of fault signals are selected for each position.
Domain adaptation experiments were carried out at four
different operating speeds, as shown in Table III.

2) Paderborn University (PU) Dataset: The PU dataset is
a bearing dataset collected from the test rig of Pader-
born University Bearing Data Center with a sampling
frequency of 64 kHz, including artificially induced dam-
ages and real damages [36]. According to [35], a total of
13 real bearing faults were selected to carry out domain
adaptation fault diagnosis experiments under 4 different
working conditions. The bearing code of the 13 faults
are KA04, KA15, KA16, KA22, KA30, KB23, KB24,
KB27, KI14, KI16, KI17, KI18, and KI21. The detailed
description of 4 working conditions is shown in Table
IV.

3) PHM Data Challenge on 2009 (PHM2009) Dataset: The
PHM2009 dataset is a generic industrial gearbox dataset
provided by the PHM Data Challenge competition, in-
cluding spur and helical gears [37]. Based on the settings
in [35], we selected the helical gear dataset (it has 1
healthy condition and 5 faults) with four shaft speeds
under high loads, as the four working conditions. The
details of the four working conditions are shown in Table
V.

B. Experimental setup

We compare the proposed method with state-of-the-art tech-
niques: JMMD [18], MK-MMD [38], CORAL [39], DANN
[40], CDAN [41] and SDAFDN [42]. A brief introduction of
the baselines is shown below.

(a) JMMD: It achieves domain alignment by minimizing the
joint distribution distance between the source and target
domain.

(b) MK-MMD: It achieves domain alignment by optimiz-
ing the weighted sum of maximum mean discrepancy
(MMD) based on multiple kernel functions.

(c) CORAL: It achieves domain adaptation by aligning the
second-order statistics of the source and target domain
distributions.

(d) DANN: It achieves domain adaptation by adversarial
training of source and target domains based on domain
discriminators and feature extractors.

(e) CDAN: It realizes multimodal distribution alignment by
adding multilinear conditioning to DANN.

(f) SDAFDN: It achieves domain adaptation based on fea-
ture mapping and domain adversarial training, as well as
down-sampling and interaction networks for time depen-
dency. For SDAFDN, we directly report the results from
the original paper [42], so the comparison experiments
on the CWRU dataset do not have results from this
method.

For the fairness of the experiments, the feature extractors,
classifiers, and domain discriminators involved in the compar-
ison methods are the same as those in the proposed method,
except for SDAFDN, whose results are reported directly.

In our experiments, we use Z-score normalization for data
preprocessing. The data sample length was set to 1024 and a
Fast Fourier Transform (FFT) was applied to the data sample.
For each working condition, 80% of the samples were divided
as the training set and 20% of the samples were divided as
the test set.

C. Comparion with other methods

For single-source-single-target domain adaptation tasks,
each column represents the corresponding source and target
domains. For example, the first column in Table VI represents
the domain adaptation task from source domain 0 to target
domain 2. For multiple-source-multi-target domain adaptation
tasks, the combined columns represent the corresponding
multiple source domains and multiple target domains. For
example, the first group column 0/1 → 2/3 in Table VI
represents the domain adaptation tasks that transfer from
source domains 0 and 1 to target domains 2 and 3.

Table VI, VII, and VIII show the domain adaptation fault
diagnosis results of the proposed method as well as the
comparison methods on CWRU, PU, and PHM2009 datasets,
respectively. As can be seen from the tables, the results
obtained by the proposed method have a great advantage
over the results obtained by the compared methods on all
datasets. In particular, for the most challenging PHM2009
dataset, the average accuracy obtained by the proposed method
is 12.86% higher than the best result obtained by the compared
methods, as shown in Table VIII. It demonstrates that the
proposed method fully utilizes the information from multiple
source domains and effectively performs domain adaptation
for multiple target domains compared with the single-source-
single-target methods. The excellent domain adaptation fault
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TABLE VI
TRANSFER LEARNING DIAGNOSIS RESULTS ON CWRU DATASET

Source Domain 0 + 1 2 + 0 3 + 0 1 + 2 3 + 1 3 + 2 AverageTarget Domain 2 3 1 3 2 1 0 3 0 2 1 0
Proposed method 1.0000 1.0000 0.9935 0.9644 1.0000 1.0000 1.0000 1.0000 0.9962 1.0000 1.0000 0.9923 0.9955
JMMD 0.8539 0.9968 0.8321 1.0000 0.9805 0.9903 0.9195 1.0000 0.8774 1.0000 0.9091 0.8467 0.9339
MK-MMD 1.0000 1.0000 0.9968 1.0000 1.0000 1.0000 0.8812 0.9903 0.8659 1.0000 0.9773 0.7586 0.9558
CORAL 1.0000 0.9612 0.9740 0.8608 1.0000 0.9935 0.9579 1.0000 0.9655 1.0000 0.8994 0.8352 0.9540
DANN 1.0000 0.9935 0.9675 1.0000 0.9935 1.0000 0.9540 0.9676 0.9349 1.0000 0.9643 0.9770 0.9794
CDAN 0.9123 0.9223 0.9545 0.8576 1.0000 1.0000 0.9617 1.0000 0.8352 1.0000 0.9318 0.9425 0.9432

TABLE VII
TRANSFER LEARNING DIAGNOSIS RESULTS ON PU DATASET

Source Domain 0 + 1 2 + 0 3 + 0 1 + 2 3 + 1 3 + 2 AverageTarget Domain 2 3 1 3 2 1 0 3 0 2 1 0
Proposed method 0.9710 0.9198 0.6380 0.9213 0.9695 0.6196 0.9739 0.9455 0.9432 0.9557 0.6196 0.9662 0.8703
JMMD 0.9511 0.4387 0.6350 0.8805 0.9023 0.4724 0.5223 0.8245 0.7450 0.6519 0.4018 0.9032 0.6941
MK-MMD 0.9527 0.4039 0.6043 0.7988 0.8122 0.5245 0.5868 0.8578 0.7588 0.5863 0.3880 0.9324 0.6839
CORAL 0.9405 0.3464 0.5613 0.6914 0.7099 0.3528 0.4378 0.8215 0.7204 0.4779 0.3037 0.9370 0.6084
DANN 0.9389 0.4372 0.6334 0.9107 0.9191 0.5752 0.6359 0.9002 0.8541 0.6855 0.4525 0.9386 0.7401
CDAN 0.9481 0.5204 0.6365 0.9183 0.9237 0.5215 0.6329 0.9289 0.8817 0.6794 0.4801 0.9478 0.7516
SDAFDN 0.9679 0.5216 0.8356 0.7540 0.8247 0.8169 0.8206 0.8530 0.7481 0.8104 0.5862 0.9561 0.7912

TABLE VIII
TRANSFER LEARNING DIAGNOSIS RESULTS ON PHM2009 DATASET

Source Domain 0 + 1 2 + 0 3 + 0 1 + 2 3 + 1 3 + 2 AverageTarget Domain 2 3 1 3 2 1 0 3 0 2 1 0
Proposed method 0.6955 0.6827 0.7212 0.7596 0.7660 0.7051 0.7372 0.7788 0.7019 0.7468 0.6667 0.6058 0.7139
JMMD 0.5449 0.6058 0.6474 0.5128 0.7115 0.5641 0.6987 0.6827 0.5192 0.6955 0.6218 0.5096 0.6095
MK-MMD 0.5160 0.6154 0.6506 0.4872 0.7436 0.5737 0.7019 0.7244 0.5096 0.6891 0.6442 0.6090 0.6221
CORAL 0.4231 0.5128 0.5641 0.2212 0.6474 0.4936 0.5000 0.6250 0.3622 0.5449 0.4199 0.5417 0.4880
DANN 0.5385 0.6122 0.6538 0.5064 0.7147 0.5769 0.6891 0.6923 0.4968 0.6827 0.6250 0.6603 0.6207
CDAN 0.5513 0.5801 0.6571 0.5737 0.7212 0.5513 0.6763 0.7115 0.4936 0.6506 0.6378 0.5641 0.6141
SDAFDN 0.5429 0.5821 0.6064 0.5077 0.5962 0.5058 0.4731 0.6538 0.4487 0.6436 0.5943 0.5135 0.5555

diagnosis results shown in Table VI, VII, and VIII demon-
strate the superior performance of the proposed multi-source-
multi-target approach, and it is noteworthy that the proposed
approach is the first application of the concept of multi-source-
multi-target domain adaptation in the field of fault diagnosis.

D. Ablation studies

1) Comparison with multiple source and target domains:
In order to further validate the effectiveness of the pro-
posed method, we constructed the following three sce-
narios on the basis of the PHM2009 dataset: baseline
(CDAN), multi-source-single-target domain adaptation sce-
nario (MSST), single-source-multi-target domain adaptation
scenario (SSMT), and a direct combination of multi-target
domains (c-MSMT). The detailed results are shown in Table
IX.

(a) Baseline: The standard method of domain adaptation for
single source and single target, CDAN [41], was chosen
as the baseline model for the comparison.

(b) Comparison with MSST: As shown in Table IX, in the
multi-source-single-target scenario, each column repre-
sents the result of the transform from multiple source
domains to a single target domain. For instance, 0/1→2
represents the domain adaptation task from source do-
mains 0 and 1 to target domain 2. Compared with
the baseline, the increased number of source domains

results in a better performance of MSST. However,
the performance of MSST is inferior to the proposed
method which is due to the fact that MSST provides no
utilization of information from multiple target domains.

(c) Comparison with SSMT: The single-source multi-target
domain adaptation scenario represents the transform
from a single source domain to multiple target domains.
For example, the first group column in Table 3 represents
the domain adaptation tasks of 0→2/3 as well as 1→2/3,
and we report higher results for the case of different
single source domains adapting to the same target do-
main. The results in Table IX demonstrate that SSMT
can well perform the domain adaptation task for multiple
target domains and therefore achieves better results than
the baseline. At the same time, SSMT lacks the labeled
information of multiple source domains and therefore
underperforms the proposed method.

(d) Comparison with c-MSMT: In this scenario, we ignore
the information between target domains and directly
combine them into a single target domain, denoted by
c-MSMT. By comparing c-MSMT with the proposed
method, it can be found that the proposed method
still significantly outperforms c-MSMT even when the
source and target domains are the same. This may be
attributed to the naive combination of multiple target
domains performed by c-MSMT ignoring the informa-
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TABLE IX
ABLATION STUDY OF THE PROPOSED METHOD ON PHM2009 DATASET

Source Domain 0 + 1 2 + 0 3 + 0 1 + 2 3 + 1 3 + 2 AverageTarget Domain 2 3 1 3 2 1 0 3 0 2 1 0
CDAN (Baseline) 0.5513 0.5801 0.6571 0.5737 0.7212 0.5513 0.6763 0.7115 0.4936 0.6506 0.6378 0.5641 0.6141
MSST 0.6731 0.6506 0.6987 0.7468 0.7692 0.6891 0.6378 0.7724 0.6859 0.7308 0.6603 0.5577 0.6894
SSMT 0.6667 0.6474 0.6026 0.7340 0.7212 0.6186 0.6571 0.7244 0.6763 0.7436 0.6346 0.5577 0.6654
c-MSMT 0.6795 0.6587 0.6506 0.6891 0.7212 0.6042 0.6672
Proposed method 0.6955 0.6827 0.7212 0.7596 0.7660 0.7051 0.7372 0.7788 0.7019 0.7468 0.6667 0.6058 0.7139

TABLE X
COMPARISON WITH ADDITIONAL SOURCE DOMAINS ON PHM 2009 DATASET

Source Domain 0 1 2 0 1 3 0 2 3 3 2 1 AverageTarget Domain 3 2 1 0
one2one 0.5609 0.6218 0.7115 0.5513 0.6955 0.7212 0.5256 0.6506 0.6058 0.5032 0.5288 0.6314 0.6090
two2one 0.6506 0.7468 0.7724 0.6731 0.7692 0.7308 0.6987 0.6891 0.6603 0.5577 0.6859 0.6378 0.6894
three2one 0.7853 0.7821 0.7212 0.7340 0.7557

TABLE XI
COMPARISON WITH ADDITIONAL TARGET DOMAINS ON PHM2009 DATASET

Source Domain 3 2 1 0 AverageTarget Domain 0 1 2 0 1 3 0 2 3 3 2 1
one2one 0.5032 0.6058 0.7212 0.5288 0.6506 0.7115 0.6314 0.6955 0.6218 0.5256 0.5513 0.5609 0.6090
one2two 0.4679 0.6186 0.7628 0.5865 0.6346 0.7340 0.6763 0.7083 0.6474 0.5481 0.5192 0.5321 0.6197
one2three 0.4840 0.5833 0.7115 0.5353 0.6442 0.7532 0.5994 0.5962 0.6122 0.5609 0.5096 0.5417 0.5943

tion between target domains, which leads to the negative
transfer phenomenon.

2) Comparison with additional source and target domains:
To explore the effect of the number of source and target
domains on the performance of the proposed method, we
designed the following experiments based on the PHM2009
dataset. In detail, the multi-source domain scenario includes
’one2one’, ’two2one’, and ’three2one’, while the multi-
target domain scenario includes ’one2one’, ’one2two’, and
’one2three’. The experimental results are shown in Table X
and Table XI. The results presented in Table X demonstrate
that the proposed method possesses better performance in
domain adaptation tasks as more source domains are involved.
This is facilitated with the introduction of more labeled infor-
mation from additional source domains. Moreover, the results
in Table XI indicate that more target domains make it even
more challenging for the proposed method to perform domain
adaptation effectively. This may be caused mainly by several
reasons. This may be mainly caused by additional target
domains introducing more unlabeled data, thus complicating
the data distribution.

E. Visualization Analysis

The confusion matrices obtained from the proposed method
as well as the comparison methods for domain adaptation fault
diagnosis on PHM2009 dataset are shown in Fig. 2. Fig. 2b
to Fig. 2f show that significant confusion exists between the
various classes of the results obtained from domain adapta-
tion by the comparison methods. Specifically, almost all of
the compared domain adaptation methods fail to accurately
diagnose Fault 1, Fault 3, and Fault 5, while the proposed
method solves this problem to a large extent. This is due to the
fact that such single-source-single-target domain adaptation

methods are incapable of obtaining effective information from
multiple source domains and multiple target domains. On the
contrary, benefiting from the ability to utilize information from
multiple source domains and multiple target domains, which is
innovatively introduced in this study, the result obtained by the
proposed method, illustrated in Fig. 2a, represents the optimal
performance.

V. CONCLUSION

In this paper, for the first time in the field of fault diagnosis,
we propose a multi-source-multi-target unsupervised domain
adaptation method, which can effectively utilize the labeled
information from multiple source domains and perform the
domain adaptation task on multiple target domains simul-
taneously. The core idea of this paper is to compute the
JMMD distances between the data of multiple source and
target domains and assign weights to them, thus reducing
the distributional differences between the data of source and
target domains. We validate the effectiveness of the proposed
method through comprehensive comparative experiments on
several datasets. The experimental results demonstrate that
the proposed method substantially outperforms the compared
methods in the tasks of unsupervised domain adaptation fault
diagnosis.
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Vinicio Sánchez, Mariano Artés, and Chuan Li. Fault



8

(a) (b) (c)

(d) (e) (f)
Fig. 2. Confusion matrices obtained from domain adaptation task 2/0 → 1/3 for target domain 3 on PHM2009 dataset. (a) WJMMD-MDA (proposed method).
(b) JMMD. (c) MK-MMD. (d) CORAL. (e) DANN. (f) CDAN.

diagnosis in spur gears based on genetic algorithm and
random forest. Mechanical Systems and Signal Process-
ing, 70:87–103, 2016.

[2] Weihua Li, Jingke He, Huibin Lin, Ruyi Huang, Guolin
He, and Zhuyun Chen. A lightgbm-based multi-scale
weighted ensemble model for few-shot fault diagnosis.
IEEE Transactions on Instrumentation and Measurement,
2023.

[3] Ruonan Liu, Boyuan Yang, Xiaoli Zhang, Shibin Wang,
and Xuefeng Chen. Time-frequency atoms-driven sup-
port vector machine method for bearings incipient fault
diagnosis. Mechanical Systems and Signal Processing,
75:345–370, 2016.

[4] Wenjun Sun, Rui Zhao, Ruqiang Yan, Siyu Shao, and
Xuefeng Chen. Convolutional discriminative feature
learning for induction motor fault diagnosis. IEEE
Transactions on Industrial Informatics, 13(3):1350–
1359, 2017.

[5] Anil Kumar, Govind Vashishtha, CP Gandhi, Yuqing
Zhou, Adam Glowacz, and Jiawei Xiang. Novel con-
volutional neural network (ncnn) for the diagnosis of
bearing defects in rotary machinery. IEEE Transactions
on Instrumentation and Measurement, 70:1–10, 2021.

[6] Long Wen, Xinyu Li, and Liang Gao. A new two-level
hierarchical diagnosis network based on convolutional
neural network. IEEE Transactions on Instrumentation
and Measurement, 69(2):330–338, 2019.

[7] Jiedi Sun, Changhong Yan, and Jiangtao Wen. Intelligent
bearing fault diagnosis method combining compressed
data acquisition and deep learning. IEEE Transactions on
Instrumentation and Measurement, 67(1):185–195, 2018.

[8] Xiaoxia Yu, Baoping Tang, and Kai Zhang. Fault diagno-
sis of wind turbine gearbox using a novel method of fast
deep graph convolutional networks. IEEE Transactions
on Instrumentation and Measurement, 70:1–14, 2021.

[9] Tianfu Li, Zhibin Zhao, Chuang Sun, Ruqiang Yan,
and Xuefeng Chen. Domain adversarial graph convolu-
tional network for fault diagnosis under variable working
conditions. IEEE Transactions on Instrumentation and
Measurement, 70:1–10, 2021.

[10] Yu Wang, Xiaojie Sun, Jie Li, and Ying Yang. Intelligent
fault diagnosis with deep adversarial domain adaptation.
IEEE Transactions on Instrumentation and Measurement,
70:1–9, 2021.

[11] Qin Wang, Cees Taal, and Olga Fink. Integrating expert
knowledge with domain adaptation for unsupervised fault
diagnosis. IEEE Transactions on Instrumentation and
Measurement, 71:1–12, 2022.

[12] Danya Xu, Yibin Li, Yan Song, Lei Jia, and Yanjun
Liu. Ifds: An intelligent fault diagnosis system with
multisource unsupervised domain adaptation for different
working conditions. IEEE Transactions on Instrumenta-
tion and Measurement, 70:1–10, 2021.

[13] Yu Xia, Changqing Shen, Dong Wang, Yongjun Shen,
Weiguo Huang, and Zhongkui Zhu. Moment matching-
based intraclass multisource domain adaptation network
for bearing fault diagnosis. Mechanical Systems and
Signal Processing, 168:108697, 2022.

[14] Ziling Huang, Zihao Lei, Guangrui Wen, Xin Huang,
Haoxuan Zhou, Ruqiang Yan, and Xuefeng Chen. A
multisource dense adaptation adversarial network for
fault diagnosis of machinery. IEEE Transactions on



9

Industrial Electronics, 69(6):6298–6307, 2021.
[15] Yishay Mansour and Mariano Schain. Robust domain

adaptation. Annals of Mathematics and Artificial Intelli-
gence, 71(4):365–380, 2014.

[16] Mingsheng Long, Han Zhu, Jianmin Wang, and Michael I
Jordan. Unsupervised domain adaptation with residual
transfer networks. Advances in neural information pro-
cessing systems, 29, 2016.

[17] Dino Sejdinovic, Bharath Sriperumbudur, Arthur Gret-
ton, and Kenji Fukumizu. Equivalence of distance-based
and rkhs-based statistics in hypothesis testing. The annals
of statistics, pages 2263–2291, 2013.

[18] Mingsheng Long, Han Zhu, Jianmin Wang, and Michael I
Jordan. Deep transfer learning with joint adaptation net-
works. In International conference on machine learning,
pages 2208–2217. PMLR, 2017.

[19] Hongliang Yan, Yukang Ding, Peihua Li, Qilong Wang,
Yong Xu, and Wangmeng Zuo. Mind the class weight
bias: Weighted maximum mean discrepancy for unsu-
pervised domain adaptation. In Proceedings of the IEEE
conference on computer vision and pattern recognition,
pages 2272–2281, 2017.

[20] Mingsheng Long, Yue Cao, Zhangjie Cao, Jianmin Wang,
and Michael I Jordan. Transferable representation learn-
ing with deep adaptation networks. IEEE transactions on
pattern analysis and machine intelligence, 41(12):3071–
3085, 2018.

[21] Hongliang Yan, Zhetao Li, Qilong Wang, Peihua Li,
Yong Xu, and Wangmeng Zuo. Weighted and class-
specific maximum mean discrepancy for unsupervised
domain adaptation. IEEE Transactions on Multimedia,
22(9):2420–2433, 2019.

[22] Hong Liu, Mingsheng Long, Jianmin Wang, and Michael
Jordan. Transferable adversarial training: A general
approach to adapting deep classifiers. In International
Conference on Machine Learning, pages 4013–4022.
PMLR, 2019.

[23] Chen-Yu Lee, Tanmay Batra, Mohammad Haris Baig,
and Daniel Ulbricht. Sliced wasserstein discrepancy for
unsupervised domain adaptation. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, pages 10285–10295, 2019.

[24] Yaroslav Ganin and Victor Lempitsky. Unsupervised
domain adaptation by backpropagation. In Interna-
tional conference on machine learning, pages 1180–
1189. PMLR, 2015.

[25] Eric Tzeng, Judy Hoffman, Kate Saenko, and Trevor
Darrell. Adversarial discriminative domain adaptation. In
Proceedings of the IEEE conference on computer vision
and pattern recognition, pages 7167–7176, 2017.

[26] Guanyu Cai, Yuqin Wang, Lianghua He, and MengChu
Zhou. Unsupervised domain adaptation with adversar-
ial residual transform networks. IEEE transactions on
neural networks and learning systems, 31(8):3073–3086,
2019.

[27] Guoliang Kang, Liang Zheng, Yan Yan, and Yi Yang.
Deep adversarial attention alignment for unsupervised
domain adaptation: the benefit of target expectation max-

imization. In Proceedings of the European conference on
computer vision (ECCV), pages 401–416, 2018.

[28] Swami Sankaranarayanan, Yogesh Balaji, Carlos D
Castillo, and Rama Chellappa. Generate to adapt: Align-
ing domains using generative adversarial networks. In
Proceedings of the IEEE conference on computer vision
and pattern recognition, pages 8503–8512, 2018.

[29] Judy Hoffman, Mehryar Mohri, and Ningshan Zhang.
Algorithms and theory for multiple-source adaptation.
Advances in neural information processing systems, 31,
2018.

[30] Han Zhao, Shanghang Zhang, Guanhang Wu, José MF
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