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Abstract—Deep learning-based techniques have emerged as
powerful tools for fault diagnosis. However, conventional deep
learning methods require designing and training fault diagnosis
models from scratch for each machine, necessitating a large-
scale and high-quality labeled dataset. This limitation hinders
the application of deep learning in practical settings, where
labeled data is scarce and data distribution varies across different
machines. To address these challenges, a novel self-supervised
learning framework specifically designed for time-series data is
proposed, aimed at enhancing cross-machine downstream fault
diagnosis tasks with limited data. The proposed framework
exploits inherent consistency between waveform and spectrogram
representations, learning robust and transferable features from
unlabeled data. Experimental results across three cross-machine
fault diagnosis scenarios demonstrate that the proposed method
outperforms existing state-of-the-art self-supervised methods,
significantly reducing the reliance on labeled data and improving
diagnostic performance. The pre-trained model and source code
are available at: https://github.com/Xiaohan-Chen/CoWS,

Index Terms—Self-supervised learning, Pre-training model,
Knowledge transfer, Fault diagnosis

I. INTRODUCTION

OTATING machinery is a critical component of modern

industrial systems, powering a wide range of applications
in manufacturing, power generation, transportation, and other
sectors. These machines are subject to continuous operation
under varying loads and conditions, making them suscepti-
ble to faults that can lead to significant downtime, safety
hazards, and economic losses. Effective fault diagnosis and
maintenance are therefore crucial for ensuring the reliability
and efficiency of rotating machinery [1[|-[7].

Deep learning-based rotating machinery fault diagnosis
methods have been given increased attention in recent years.
Leveraging the powerful non-linear fitting capabilities of artifi-
cial neural networks, these methods have achieved remarkable
success in fault detection and classification, as demonstrated
by various studies [8]—[13]]. However, a significant limitation
of these approaches is their reliance on deep learning-based
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methods that require large volumes of labeled data for training.
Acquiring such labeled datasets is often expensive and time-
consuming. Usually, the number of fault samples is typically
much smaller than normal samples, as machinery usually
operates in a normal state, and once a fault is discovered it
must be stopped immediately to avoid personal and property
damage. Consequently, collecting sufficient labeled data for
training neural networks becomes a considerable challenge
(LL]], [14]-[17].

In practical applications, deep learning-based methods face
substantial challenges in cross-machine fault diagnosis prob-
lems due to the inherent diversity in machinery design, op-
erating conditions, and failure modes. Machines often differ
substantially in their mechanical structures, component types,
and control systems, leading to variations in the underlying
data distributions. These differences make it difficult to apply
diagnostic models trained on one machine to another directly.
As mentioned before, normal operating data is abundant, fault
data is scarce because faults occur infrequently. Furthermore,
collecting labeled data for every machine type requires expert
knowledge, making it costly and impractical. Moreover, con-
ventional deep learning-based methods often face difficulties
in generalizing to unseen fault types, which significantly limits
their real-world applicability [18]—[21].

Pre-training knowledge transfer (PTKT) is a powerful tech-
nique that can be applied to resolve the above-mentioned
limitations of deep learning methods. This technique involves
adapting a pre-trained model from a data-rich source domain
to a target domain with limited data. By fine-tuning the pre-
trained model’s learned features and representations to the
target domain, PTKT enables efficient fault classification even
with limited data [19]]. PTKT offers several advantages com-
pared with conventional deep learning methods. First, PTKT
tackles the challenge of data scarcity by leveraging knowledge
from a similar domain with abundant data. Second, pre-trained
models can extract generalizable knowledge from massive
data. Third, PTKT minimizes training time and resource costs
by avoiding training from scratch. PTKT is a widely used
technique within the computer vision (CV) natural language
processing (NLP) fields. PTKT has revolutionized CV and
NLP and achieved state-of-the-art performance by enabling
the development of highly accurate and versatile models [22],
[23]. However, PTKT remains relatively unexplored in fault
diagnosis, and there are no publicly available pre-trained
models for researchers to leverage.

PTKT falls into two main categories: supervised and self-
supervised [24]. Supervised PTKT involves training a model
on a massive, labeled dataset for a specific classification task;
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while self-supervised PTKT learns general domain knowledge
from extensive unlabeled datasets through pre-defined pretext
tasks [25], and enables the model to discover meaningful
patterns within the data without explicitly providing it with the
correct annotations [23]]. Compared to supervised PTKT, self-
supervised PTKT leverages easily accessible unlabeled data
for model pre-training, which eliminates the need for extensive
manual labeling. This is particularly advantageous in the field
of fault diagnosis, where labeling fault data requires domain
experts with significant knowledge and experience in machin-
ery faults, making the process costly, time-consuming, and
often impractical. Self-supervised learning (SSL) alleviates
these challenges by enabling the use of abundant unlabeled
monitoring data, such as vibration signals, for pre-training.
Furthermore, studies demonstrate that models pre-trained us-
ing SSL not only reduce dependence on labeled fault data
but also exhibit superior transferability and generalization to
diverse downstream tasks [24]], [26], [27].

Existing SSL approaches in fault diagnosis often directly
apply pretext tasks designed for CV and NLP to pre-train
models, neglecting the unique characteristics of temporal
fault signals [28[]-[31]]. Fundamental differences exist between
temporal fault signals and images/text: CV pretext tasks pri-
oritize spatial relationships and patterns within images, NLP
tasks focus on understanding the semantics and relationships
between words or phrases in text [22], while rotating ma-
chinery fault diagnosis emphasizes analyzing time, frequency,
and time-frequency domain features to extract meaningful
fault information and patterns from time-series signals [32].
Thus, the direct application of CV and NLP pretext tasks to
temporal fault diagnosis can result in inefficient learning and
hinder the model’s ability to learn fault-discriminative features.
Moreover, many existing SSL methods in fault diagnosis, such
as simple Siamese framework (SSF) [33]] and automatic fault
feature extractor (AFFE) [34], suffer from additional chal-
lenges in cross-machine scenarios. Contrastive methods like
self-supervised pre-training via contrast learning (SSPCL) [28]]
rely on large numbers of negative pairs, which may lead to
false negatives when similar patterns from different domains
are incorrectly treated as dissimilar. Other models like AFFE
are limited to either temporal or spectral features and lack
mechanisms to effectively align multiple modalities. These
weaknesses become particularly problematic when fault data
originate from heterogeneous sources with different sampling
rates, machine structures, and sensor layouts. Consequently,
existing SSL models often struggle to capture robust and
transferable representations that generalize across different
machines. Therefore, tailoring pretext tasks to the specific
characteristics of temporal fault diagnosis signals, while ad-
dressing domain variation and feature alignment, is crucial for
effective PTKT in real-world applications.

To address the aforementioned limitations, this paper pro-
poses CoWS (Consistent Wave and Spectrogram), a novel
SSL pretext task for rotating machinery fault diagnosis. Wave
signals capture the continuous amplitude changes over time,
while spectrograms represent the frequency content over the
same period. Despite originating from different domains,
waves and spectrograms convey the same underlying fault

information. In the latent space, their representations should
remain consistent, as both encode identical fault patterns.
CoWS utilizes a dual-encoder and dual-projection head archi-
tecture, where both views are projected into a unified feature
space via self-attention mechanisms. This design not only
avoids dependence on large batches or negative pairs but also
enhances cross-domain robustness by fusing complementary
temporal and spectral features. In parallel, this paper investi-
gates the importance of designing appropriate data augmen-
tation hype-parameters to improve the model’s generalization
and robustness. Notably, the proposed CoWS pretext task does
not require negative sample pairs [23]], [26]], [27], specialized
model architectures [35]], [36] and loss functions [26], yet it
avoids generating collapsed solutions, such as producing the
same representations for all wave and spectrogram pairs. The
contributions of this paper are summarized as follows:

1) A novel SSL pretext task is proposed for cross-machine
knowledge transfer, utilizing unlabeled fault monitoring
data from rotating machinery;

2) A wave and spectrogram consistent representation
framework with dual self-attention projection heads is
proposed to automatically learn general and robust fault
features;

3) The proposed CoWS pretext task is evaluated on vari-
ous cross-machine downstream fault diagnosis tasks to
verify its robustness and generalization;

4) Pre-trained models and source code are provided for
both researchers and practitioners as open-access re-
sources to promote development and innovation within
the fault diagnosis community.

The rest of this paper is organized as follows. Section
reviews related works. Section introduces the proposed
CoWS framework in detail. Section presents the case
studies and results analysis of the CoWS. Section [V] concludes
the paper and discusses future work.

II. RELATED WORKS
A. Deep Learning in Industrial Applications

In recent years, the integration of advanced deep learning
techniques into industrial systems has significantly enhanced
the performance of intelligent fault diagnosis and predictive
maintenance. For instance, Huang et al. [37] proposed a deep
adversarial capsule network for compound fault diagnosis
under domain shifts, while Liang et al. [38]] combined capsule
networks with adversarial data augmentation for gearbox fault
detection. Xu et al. [39] addressed nonstationary conditions
using a cascadic multireceptive learning network with adap-
tive filtering and domain-constrained label alignment. In the
context of prognostics, Piao et al. [40] proposed a confor-
mal prediction-based framework to provide reliable remain-
ing useful life (RUL) estimation, offering not only accurate
predictions but also desired coverage for real-world decision-
making. Conventional deep learning-based RUL methods may
fail under real-world conditions where sensor data may be
incomplete or variably available. To address this limitation,
Zhang et al. [41] proposed a multiscale cross-channel attention



network to handle missing sensor channels. Several compre-
hensive survey articles have reviewed these trends in depth,
highlighting the increasing integration of deep learning with
industrial systems [[13]], [19]l, [42]], [43]]. While effective, these
methods often rely on task-specific supervision or domain-
specific tuning, limiting their scalability across machines and
conditions. The proposed PTKT approach is specifically tai-
lored for time-series fault signals, thereby contributing to
the broader landscape of data-efficient and transfer-capable
industrial solutions.

B. Knowledge Transfer in Fault Diagnosis

The key idea of most existing knowledge transfer ap-
proaches in fault diagnosis is to learn domain-invariant knowl-
edge from a well-labeled similar domain and then adapt the
knowledge to a different task [19]. For example, Shao et
al. reused the pre-trained convolutional neural network
to extract low-level features from time-frequency images and
then fine-tuned the last two convolution blocks to extract hi-
erarchical features for target domains. Guo et al. [45] reduced
the domain discrepancy between the source and target data to
learn common features and then transfer the shared knowledge
to the target domain. In some practical application scenarios,
collecting sufficient target domain data can be challenging.
Chen et al. [46] proposed a novel momentum prototypical
neural network that progressively updates the support encoder
to learn transferable knowledge from the source domain,
allowing the pre-trained model to be effective in the target
domain with only one or five-shot query samples. Although
existing methods mitigate the problem of limited target domain
data, they still require substantial labeled source domain data
for prior knowledge acquisition.

C. Self-Supervised Learning in Fault Diagnosis

SSL has found its way into the realm of fault diagnosis,
offering a solution to the challenge of limited data labeling.
Li et al. proposed an SSL model to learn fault knowledge
by maximizing the mutual information between the original
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Fig. 1. An illustration of the proposed CoWS framework.

Self-supervised pre-training

Dual-projection

1 T 1
1 | | |
[} I |
1
[} I I |
| - | projection vector  Spectrogram feature vector! 1 1
I h head R.() | — ij€LB] h I
1 h 0] o b |4 ! I
1 Fa 1
| 1 O O O lhs |4 Feature space ! i 1
I Faulty Data : 1 Wave N ) IR O N :l - |
| bearir ) | g (0) (0) . T Feate~ 1 Data collection & ||
g collection | . : : (i | I re-processin
1 ! Waves : H O |-l projection ‘ " pre-p! 9 |
! 1! ©) @) | i P i | el Y=<\ 1 I
[} 1 I E— - ‘,‘ T |
1 1 I ! 1 |
| — 4 \ 1
1 ]
! ! O 0] O “1 Feature \v 1 O O @ | |
1 | 122 | jecti K<l 1
1 I o © o o) w Z; : I © o - 8|
1 | (0] mdl®] : 1z | ! " @) @) Bl
1 ! i : (@) .| " i : a o
1 ! o (@) Sneo 71 T (@) @) !
1 ! —Srect pect rotgram Spectrogram 1 Classification 1
1 Data pre-processing 1 pectrogram projection - . t " head 1
1 : 1 head p,(-) |feature vector 1 Pre-trained I

unlabeled vibration signals and its low-dimensional feature
maps. Peng et al. proposed a based on “Bootstrap Your
Own Latent” time-domain fault data SSL framework to learn
latent fault features. The augmented vibration signals were
augmented to predict its off-line target with the stop-gradient
strategy. Ding et al. [28]] proposed a self-supervised mo-
mentum contrast learning model to learn local instance-level
representations from unlabeled data by distinguishing positive
samples from massive negative samples. Zhang et al.
applied time and frequency domain data to construct the time-
frequency consistency encoder for feature extraction via SSL.
The encoder was pre-trained on the electroencephalogram data
and then the encoder was transferred to the bearing fault
dataset. While many existing SSL methods for fault diagnosis
directly apply pretext tasks designed for CV and NLP to
pre-train models, overlooking the unique characteristics of
temporal fault signals. In order to bridge the knowledge
gap, this paper proposes CoWS, a novel SSL pretext task
specifically designed for time-series signals.

III. METHODOLOGY

The framework for the proposed SSL pretext task, CoWS, is
illustrated in Fig. [I] The procedure for implementing CoWS
in cross-machine fault diagnosis can be delineated into the
following three steps:

1) Source domain data collection and pre-processing: This
step involves collecting adequate unlabeled fault data
from faulty bearings. The collected data are then nor-
malized to a range between 0 and 1. Subsequently, the
long sequence signals are segmented into parts, each
containing 1024 sample points.

Self-supervised pre-training: The next step is to pre-
train the wave and spectrogram encoders by modeling
consistent representations of the wave and spectrogram
within a shared latent space.

Downstream task knowledge transfer: In the final step,
fault data from downstream fault diagnosis tasks are
collected and pre-processed. The pre-trained encoder is
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3)

Downstream task knowledge transfer
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connected to a classifier head, and the model is fine-
tuned using the limited available data.

In real-world applications, signal sampling rates may vary
significantly across datasets due to differences in sensor
configurations or machine types. To ensure consistency in
input format, fixed-length input segments are extracted from
each raw signal. While this standardizes the number of input
points, it inherently leads to varying physical time durations
per sample. To address this challenge, the proposed CoWS
framework employs a dual-view architecture that processes
both the waveform and its spectrogram representation. The
waveform encoder captures temporal dependencies directly
from the raw sampled signal, while the spectrogram encoder
models frequency-domain patterns, which tend to be more
invariant to sampling rate differences. In addition, the self-
attention-based projection heads adaptively reweight and refine
the extracted features, allowing the model to focus on seman-
tically important patterns irrespective of their time scale. This
combination enables CoWS to maintain robust performance
across datasets with diverse sampling characteristics.

A. Wave Augmentation

Before inputting signals into encoders, data augmentation is
applied to facilitate the model to extract generalized features.
Unlike conventional SSL pre-text tasks that rely on various
data augmentation methods, only Gaussian noise at a pre-
determined signal-to-noise (SNR) level was selected due to
its highest contribution from a series of wave and spectro-
gram augmentation methods, such as flip, amplitude scaling,
time mask, shift, spectrogram mask, etc. [28]], [33], [49]. As
highlighted in [27], data augmentation plays a crucial role
in influencing the performance of SSL pre-training, including
factors such as the probabilities of applying augmentations and
the intensity of the augmentations. Consequently, the effect of
data augmentation hyper-parameter settings on generalization
performance was analyzed in detail to determine the appropri-
ate range of hyper-parameter configurations. Given a batch
of pre-training wave signals {x;|i =1,..., B}, where each
sample x; € R¥ consists of D features and B is the batch
size. The wave signals are injected with a random SNR range
to simulate real-world background noise:

2
[s]|” /N

)N(i =X; + NOiSG, Noise ~ N(O, W) (1)

where N is the length of sample x;, and SNRyp is the SNR
that randomly chosen from a given range [SNRyin, SNRax]-

B. Self-Supervised Pre-Training

CoWS leverages a dual-encoder architecture to extract both
temporal and spectral features from raw wave signals and
their corresponding spectrograms. The wave encoder, denoted
as F,(-), extracts temporal features u; = F,(%X;) from
the augmented wave signals. To capture spectral patterns,
a standard short-time Fourier transform (STFT) with a fast
Fourier transform (FFT) window length of 150 samples and
a hop size of 75 samples is applied to convert wave signals

into spectrograms, denoted as x; = STFT(x;). The spec-
trogram encoder, denoted as F(-), extracts spectral features
v, = Fy(x}) from the spectrograms. It is worth noting
that the CoWS embraces versatility, accommodating diverse
encoder architectures to suit specific needs. In this work,
1D and 2D ResNet-50 backbones are employed to extract
domain-invariant features from wave and spectrogram signals,
respectively. Both backbones follow a bottleneck architecture
with four stages of residual blocks. Details of the architectural

adaptation are summarized in Table

TABLE 1
ARCHITECTURAL ADAPTATIONS OF THE 1D AND 2D RESNET-50 IN
CoWwsS.
Layer name 1D ResNet-50 2D ResNet-50
Convl 7 x 1, stride 2 7 X 7, stride 2
MaxPool 3 X 1, stride 2 3 x 3, stride 2
1x1,64 1x1,64
Stage 1 3x1,64| x3 3x3,64| x3
1x1,64 1x1,64
1x1,128 1x1,128
Stage 2 3 x1,128( x 4 3 x 3,128 x 4
1x1,128 1x1,128
1 x 1,256] 1% 1,256]
Stage 3 3 x 1,256 X6 3 X 3,256 x 6
1 x 1,256 1x 1,256
1 x 1,512] 1 x 1,512]
Stage 4 3x 1,512 x3 3x3,512| x3
1x1,512 1x1,512
AvgPool AdaptiveAvgPool1D(1)  AdaptiveAvgPool2D(1x 1)

In the proposed CoWS framework, a dual-projection head
architecture is introduced to align and refine the temporal and
spectral features extracted by the waveform and spectrogram
encoders. Specifically, the dual-projection head consists of two
dedicated modules: P,(-) for processing waveform features
and Pg(-) for processing spectrogram features. Conventional
projection heads commonly use multi-layer perceptrons (MLP)
[26], [36], these are often limited in their ability to empha-
size modality, specific informative elements, especially when
handling heterogeneous feature types such as time-domain
waveforms and frequency-domain spectrograms. In contrast,
self-attention (SA) mechanisms are particularly well-suited to
model relationships across feature dimensions, allowing the
model to focus on semantically important components and
enhance cross-modal alignment [50].

Therefore, both P,(-) and Ps(-) are implemented using
two stacked self-attention blocks followed by a feed-forward
network (FFN). These attention modules operate over the
feature dimensions of each input vector. Given a feature vector
u; extracted from the waveform encoder, the self-attention
mechanism computes query, key, and value representations as:

Q = WQui, K= WKui, V = Wvui (2)
where Wo, W, Wy € R?*4 are learnable weight matrices,
and d is the feature dimension. The self-attention output is
computed as:

A(u;) = Softmax (Q\I;dT) \'% 3)



A residual connection and layer normalization are then ap-
plied:
u), = LayerNorm(u; + A(u;)) 4)

The output u} is then processed by a feed-forward network:
h; = FFN(u;) (5)

The same operation is applied independently to the spec-
trogram features v; using Ps(-). The resulting outputs, h; =
P,(u;) and z, = Ps(v;), are used to obtain the contrastive
loss in self-supervised learning. This attention-based design
enables better feature discrimination and robust alignment
between modalities.

C. Loss Function

CoWS facilitates the extraction of comprehensive fault fea-
tures from both waveforms and spectrograms through a dual-
stream SSL strategy. While waveforms and spectrograms pro-
vide distinct perspectives, they encode the same fault informa-
tion in a shared latent space. By modeling consistency between
the two, the model learns unified representations across both
domains, capturing the shared underlying structure. Therefore,
this approach maximizes the similarity between correlated
temporal and spectral representation pairs in a shared latent
space, denoted as (h;,z;), while simultaneously minimizing
the similarity between uncorrelated pairs, (h;, z;), where ¢ # j
and 4,7 € [1, B]. Given a batch of input signals with a batch
size B, the data inherently contains B similar representation
pairs and B2 — B dissimilar pairs. To quantify the similarity
relationships between temporal and spectral representations,
a B x B similarity matrix S is constructed, where each
element Sy, ,;) represents the similarity between the i-th
temporal representation h;, and the j-th spectral representation
z;. Cosine similarity is employed to measure the correlation
between temporal and spectral representations, ensuring a
normalized range between 0 and 1:

hi Zj
hi, i = :
o) = iyl Iz,

(6)

where ||-||, represents [o-norm. The similarity pseudo labels
between temporal and spectrogram representations can be
defined as follows:

cmz{l?ﬁ? ™
0 ifi#j

The cosine similarity values are scaled by a learnable
temperature parameter, 7, which controls the softness of the
distribution. Subsequently, a Softmax function is utilized along
the horizontal dimension of the similarity matrix, normalizing
the values into a probability distribution:

_ exp(S<hi’z_7.> -exp(7))
Y1 &XP(S(h, ) - €xP(T))

where pn, ;) represents the scaled similarity score between
the i-th temporal representation and the j-th spectral repre-
sentation. Owing to CoWS’s inherent design that eliminates
the need for constructing numerous negative instances, the

®)

P(n;,z;)

framework does not require a special design of the loss
function [26], [27]. Instead, CoWS applies the widely used
cross-entropy loss function to guide its SSL process. The loss
function Ly, 5y is defined as:

Y Ciy - 10g P, o) ©)

Following [27]], CoWS employs a symmetric loss function
L defined as:

Linzy =

1
L= 5(£(h,z> + Lizny) (10)

where L, vy mirrors the form of Ly, 5 but calculates the loss
from the perspective of the spectral representations:

Limy =-S5 2 Cojlogp,py” (D

where p<hi7zj)T represents the transpose of the scaled similar-
ity score matrix p(n, z,)- The pseudocode for the symmetric
loss function £ is presented in Algorithm [I]

Algorithm 1 Pseudocode for loss function.

Input: Wave representations h;,i € [1, B], spectrogram rep-
resentations z;, j € [1, B|
Output: Loss £
Initialize wave and spectrogram indexes: 7 <— 1,7 < 1
while : < B do
while j < B do
Obtain cosine similarities using (6):

(hiz;) hally 11251,
Obtain scaled similarity scores using (8):

CXP(S(hi,zj> -exp(7))

> 1 XP(S i, ayy eXD(T))
Initialize labels using (7):

p<hi,Z]‘> <~

Cz‘,j<—{1 le:j
0 ifi#j
j+—j3+1
end while
i1+ i1+1
end while

Compute sub-loses using (@) and (TI):
B B
ﬁ(h7Z> « _Zizlzjzlci,j -log P(h;,z;)

B B
Ligny < =2 12i21Cij - 108 Py )"
Compute symmetric loss using (I0):
L 5(Linz) + Lam)

IV. EXPERIMENTS
A. Datasets

To evaluate the performance of the proposed CoWS on SSL
feature extraction and downstream knowledge transfer, four
bearing fault datasets are used in this manuscript:

1) Paderborn University (PU) electromechanical drive sys-
tems benchmark [51]]: The PU dataset contains run-to-
failure bearing fault data with various fault categories
such as inner race fault (IRF), outer race fault (ORF),
and combined fault, collected at a sampling rate of 64
kHz.



TABLE II
DATASET DESCRIPTIONS.

No. of samples

Sampling

Dataset Year Training Validation Test Bearing type frequency Fault generation Fault locations

PU 2016 4459 637 1274 6203 deep groove ball bearing 64 kHz Run-to-failure Inner race, outer race, combined
XJTU-SY 2018 20 400 400 LDK UER204 bearing 25.6 kHz Run-to-failure Inner race, outer race, cage, combined
HIT 2023 20 400 400  Inter-shaft bearing 2.5 kHz Seeded Inner race, outer race

HUST 2024 50 500 500 ER-16K ball bearing 25.6 kHz Seeded Inner race, outer race, ball, combined

Fig. 2. The testbenchs used in the experiments: (1) PU dataset, (2) XJTU-SY
dataset, (3) HIT dataset, (4) HUST dataset.

PU vs XJTU-SY PU vs HIT PU vs HUST

e Source

Fig. 3. Visualization of source (PU) and target datasets (XJTU-SY, HIT,
HUST).

2) Xi’an Jiaotong University and the Changxing Sumyoung
Technology Co., Ltd. (XJTU-SY) rolling element bear-
ing accelerated life test [52]: The XJTU-SY dataset is
a run-to-failure bearing fault dataset contains IRF, ORF,
combined fault, and cage fault, collected at a sampling
rate of 25.6 kHz. The test rig was run with three different
working conditions.

3) Harbin Institute of Technology (HIT) aero-engine sys-
tem benchmark [53]]: the HIT dataset is an artificial fault
dataset with faults seeded on the inner and outer race
by wire cutting. The dataset consists of four working
conditions, with data collected at a sampling rate of 2.5
kHz.

4) Huazhong University of Science and Technology
(HUST) bearing fault benchmark [54]: The HUST
dataset is based on Spectra-Quest machinery fault sim-
ulation platform. Inner race, outer race, ball, and com-
bined faults were seeded on bearings. The dataset also
consists of four working conditions, with data collected
at a sampling rate of 25.6 kHz.

The experimental evaluation utilized four test benches, as

shown in Fig. P} The XJTU-SY dataset comprises three
working conditions, denoted as WC1 to WC3. Conversely,
the HIT and HUST datasets encompass four operating con-
ditions, coded WC1 to WC4. Table [II] provides a compre-
hensive overview of the four datasets, including details on
data splitting, bearing types, and other relevant information.
Given the extensive collection of fault samples in the PU
dataset, it was employed for pre-training the encoder using
SSL approach. Subsequently, the pre-trained encoder and its
associated parameters were transferred to the XJTU-SY, HIT,
and HUST datasets for downstream fault diagnosis.

To illustrate the distributional differences across datasets,
the source PU dataset and three representative targets (XJTU-
SY, HIT, and HUST) are visualized using t-distributed stochas-
tic neighbor embedding (t-SNE). As shown in Fig. 3| PU and
XJTU-SY exhibit relatively greater overlap in the embedding
space, suggesting smaller domain gaps. By contrast, PU and
HUST show little overlap, reflecting a larger discrepancy due
to structural differences. These observations highlight the core
challenges of cross-machine fault diagnosis: differences in
machine types, fault types, and sampling rates can lead to
substantial domain gaps, which motivates the design of robust
transfer methods.

B. Implementation

To evaluate the performance of the proposed CoWS SSL
framework, one random initialization and six state-of-the-art
SSL methods are compared: random initialization (random
init), BYOL [35]], SimSiam [36]l, SSPCL [28]], SSF [33]l, AFFE
[34], TFC [48], FSSSL [535]], TFAI [56], and SMCLN [57].
To ensure equitable comparisons, all techniques utilize the
same backbone ResNet-50 to extract fault representations from
the unlabeled PU bearing fault dataset. All techniques utilize
stochastic gradient descent with an empirically set momentum
hyper-parameter of 0.9. The training process is conducted over
400 epochs, utilizing a mini-batch size of 256. The initial
learning rate is established at 0.1, and a cosine annealing
schedule is employed. Except for the above hyper-parameters,
the other hyper-parameters are consistent with the original
papers. Each method is executed 10 times, and the average
accuracy is reported.

C. Case Study 1: Linear Evaluation Protocol

Consistent with previous works [35], [36], the linear eval-
uation protocol was employed to assess the self-supervised
learned representations. Linear evaluation protocol freezes
the pre-trained encoder and adds a trainable linear classi-
fier, enabling fault prediction with limited labeled data. By



freezing the encoder, the extracted features solely rely on the
knowledge learned from unlabeled data during SSL. Therefore,
linear evaluation protocol efficiently evaluates the effectiveness
of the feature extraction ability via the predefined pretext tasks.
In this study, the model is pre-trained using the unlabeled
PU dataset, followed by fine-tuning the classifier with various
proportions of labeled data. The classifier is fine-tuned for 40
epochs with a learning rate of 0.1.

The linear evaluation performance of the proposed method
and seven comparative methods is illustrated in Fig. []
Analyzing the experimental outcomes reveals that all SSL
methods successfully learned meaningful fault features from
unlabeled data through the specified pretext task. The pre-
trained models showcase satisfactory performance even in
scenarios with limited labeled data resources, highlighting the
efficacy of SSL. As the proportion of linear evaluation samples
increases, there is a general trend of increasing accuracy for
most models. Notably, the proposed CoWS model achieves
over 90% accuracy using only 1% of the linear evaluation
samples. Whilst the SMCLN achieves second-best results,
these are still less than the proposed CoWS by about 18%.
TFC and SSPCL achieve an accuracy of approximately 60%,
while random initialization achieves only 20%. When the
proportion of linear evaluation samples increases to 15%, the
accuracy of TFC and SimSiam becomes comparable to that
of CoWS. The accuracy of SSPCL, AFFE, and SMCLN all
exceeds 80%, and the performance of random initialization
also surpasses 50%. Importantly, CoWS with only 25% labeled
samples already achieves 99.41% accuracy, nearly matching
the fully supervised counterpart (99.91%). This demonstrates
that CoWS significantly reduces dependency on labeled data,
achieving competitive performance with self-supervised pre-
training on unlabeled data. Such efficiency highlights the
practical effectiveness of CoWS in real-world industrial ap-
plications where labeled data are often scarce.

D. Case Study 2: Cross-Machine Knowledge Transfer

Cross-machine fault diagnosis presents a substantial chal-
lenge in practical applications due to the differences in bearing
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Fig. 4. Linear evaluation performance with different number of labeled data.

types, machine structures, sampling rates, etc. [19]]. To inves-
tigate the generalizability of the CoWS to unseen machines,
the model was pre-trained on the unlabeled PU dataset and the
learned knowledge was transferred to the XJTU-SY, HIT, and
HUST fault diagnosis tasks across various working conditions.
The pre-trained model was fine-tuned 40 epochs with separate
learning rate 0.001 (encoder) and 0.01 (classifier).

As illustrated in Table [T the proposed CoWS method
achieves high average accuracy with low standard deviation
across various machines and working conditions, indicating
strong robustness and adaptability to diverse downstream fault
diagnosis tasks compared with the other state-of-the-art SSL
methods. Notably, on the XJTU-SY and HUST datasets,
CoWS achieves an average accuracy improvement of about 5%
compared to the second- and third-best methods (e.g., AFFE,
SSPCL, and TFC). While AFFE performs competitively on the
XJTU-SY and HIT datasets, it lags behind methods such as
TFC and FFSSL on HUST. Only the proposed CoWS achieves
consistently high performance across all eleven cross-machine
transfer scenarios, clearly demonstrating its generalization
ability and robustness to distribution shifts. It is noteworthy
that, despite SimSiam demonstrating competitive outcomes in
linear evaluation, it exhibits suboptimal performance in down-
stream transfer. This observation underscores the challenge
of adapting representations learned without tailored structural
design. Overall, the experimental results clearly demonstrate
the positive impact of knowledge transfer from a related
source, even without specific fault labels, in improving both
fault diagnosis performance and overall robustness.
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Fig. 5. Data distribution visualization on the XJTU-SY dataset.
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To visualize the representations extracted by each SSL
algorithm, t-SNE was employed for feature visualization. Fig.



TABLE III
CROSS-MACHINE FAULT DIAGNOSIS ACCURACY (%) AND STANDARD DEVIATION. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

Method XIJTU-SY HIT HUST

WCl1 wC2 WwC3 WCl1 wC2 wC3 WwcC4 WCl1 wC2 WC3 WC4
Random [42.20+£13.08 43.91£6.65 42.61£7.33|36.45+£4.04 38.03+£5.45 55.16£11.15 35.774+1.79|37.504£8.95 34.22+6.85 24.83£5.76 24.71+5.91
BYOL 70.10+2.04 52.00£5.41 55.43£9.66|71.58+£9.43 72.04£6.77 70.79+3.21 73.251+0.94|81.53+3.05 86.09£5.57 73.54+4.56 71.55£7.95
SimSiam | 62.88+12.73 56.90+11.93 95.48+3.70|81.84+6.04 82.67£13.39 81.47£6.37 86.13£5.19|86.47£4.32 76.501+6.40 59.44+2.84 76.53+5.87
SSPCL | 76.83+1.43 82.13+1.84 97.35+0.43|94.924+0.67 92.124+1.48 98.10£0.75 92.64+1.35|98.05£0.50 92.6740.38 95.04+2.16 93.9340.40
SSF 84.114+1.62 97.38+1.06 98.57+0.55|88.60+£1.74 81.50£3.22 98.23+1.20 89.8843.97|76.894+6.05 80.48+6.58 83.50+4.01 74.75+5.55
AFFE 08.26+1.43 88.03£3.11 99.16%0.2897.35£3.04 98.78+£1.68 99.98+0.06 93.244-4.18|96.0942.13 92.59+0.49 87.26%6.16 90.16+3.50
TFC 72.96+4.27 97.51£1.68 97.5642.35]95.20£0.87 91.83£1.56 96.27+2.30 92.9442.13|98.871+0.64 94.12+3.53 94.961+4.25 88.98+3.75
FSSSL | 89.124+4.43 85.79+6.60 96.3945.73|97.32£1.05 98.204+2.52 99.31+1.05 93.50£4.01|96.83+1.49 92.57+3.68 91.53+4.88 87.83£3.49
TFAI 82.63+3.53 87.76+2.32 84.09+1.76|86.64£3.13 84.53+2.16 86.05+3.39 79.09£3.49|96.20+0.92 79.53+7.73 80.45+7.82 74.55+4.98
SMCLN | 94.324+4.30 91.804+5.09 94.88+£3.01|97.82+2.25 89.68+£3.01 93.65+2.40 88.85+2.75[95.83+4.31 89.934+3.69 92.03+3.22 82.86+5.27
CoWS | 99.52+1.18 99.83+0.23 99.75+0.16|98.80+0.54 99.51+0.23 99.86+0.08 97.53+£0.97|99.16£0.22 96.64+0.35 98.58+0.21 99.61+0.13
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Fig. 7. Data distribution visualization on the HUST dataset.

illustrates the data distribution of the XJTU-SY dataset
under working condition WCI1. The proposed CoWS method
effectively clusters each category, with clear classification
boundaries. The second-best method, AFFE, also achieves
good classification results. However, the phenomenon of nor-
mal samples and ORF samples overlapping is also observed
in the SSE, TFC and TFAI methods. Notably, even though
the source domain data from PU does not include cage fault
data, all methods correctly classify the cage faults. Fig. [6]
visualizes the data distribution of the HIT data under working
condition WC2. The CoWS and FSSSL methods successfully
distinguish all fault categories, with each class exhibiting
well-defined and separable decision boundaries. In contrast,
SSF shows noticeable overlap between normal and minor IRF
samples, as well as between serious IRF and ORF samples.
For TFC, although the boundaries between minor IRF and
ORF are relatively clear, several samples are misclassified
as normal or serious IRF faults. Fig. [/| visualizes the data
distribution of the HUST data under working condition WC4.
The CoWS method correctly clusters IRF, ball faults, and
combined fault, but several normal samples and ORF samples
are misclassified. SSPCL, the second-best method for the
HUST dataset, correctly classifies IRF and ball faults, but there
is overlapping between normal and ORF data. For random
initialization, all data are mixed together, explaining why the
random initialization method achieves only 24.71% accuracy.

As visualized in Fig. |3 datasets differ significantly. The
proposed CoWS is specifically designed to reduce these gaps
via self-attention and waveform—spectrogram alignment. The

explained by its architecture: the self-attention mechanism
emphasizes fault-relevant transients and suppresses machine-
specific noise, while the waveform—spectrogram alignment
module enforces cross-view consistency, making the learned
features less sensitive to the impact of variance in machine
structures and mismatched sampling frequencies. Together,
these design choices enable CoWS to extract frequency-
invariant and structure-robust representations, which account
for its superior performance in cross-machine transfer tasks.

To investigate the performance of the eight methods for
each class on the HUST dataset under working condition
WC4, the confusion matrix is provided in Fig. |8} TFC and
FSSL achieve good performance on normal, IRF, ball fault,
and combined fault prediction but still shows some confusion.
SSPCL and SSF achieve 100% fault diagnosis accuracy on
ORF fault, where most approaches fail to predict it accurately.
AFFE and SSPCL show good boundaries for single faults,
yet combined faults remain problematic. The CoWS method
achieves almost perfect classification across most categories,
with notably high precision and recall. Only a small number
of combined faults are misclassified as ball faults. Importantly,
CoWS eliminates most of the overlap observed in other
methods, particularly for ORF and combined faults. Overall,
the confusion matrix analysis confirms that CoWS not only
improves overall accuracy but also enhances fault boundary
clarity across all categories, especially for challenging cases
such as ORF and combined faults.

Regarding the minor misclassifications of combined faults
as ball faults, this can be attributed to the physical nature
of compound faults in rolling bearings. Compound faults
involve defects across multiple components, producing vi-
bration signals that approximate the superposition of single-
fault signatures. For example, the ball spin frequency and its
harmonics, which are prominent in isolated ball defects, also
appear in compound faults containing ball damage [58]]. As
a result, overlapping frequency components in the spectral
domain make compound fault signatures partially resemble
those of pure ball faults, particularly under noise or varying
operating conditions. Such overlaps can introduce modulated
harmonics that mimic single-fault patterns [59].
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Fig. 8. The confusion matrix on the HUST dataset. label 0: normal, label 1: IRF, label 2: ORF, label 3: ball fault, and label 4: combined fault.

E. Ablation Study

1) Data Augmentation Hyper-Parameter Selection: To
evaluate the impact of Gaussian noise at a predetermined SNR
level augmentation during self-supervised pre-training, a grid
search over multiple SNR ranges and application probabilities
under the linear evaluation protocol is conducted, as illustrated
in Fig. 0] The results reveal a distinct performance peak
when the SNR is sampled from the range [0,10] and the
augmentation is applied with 80% probability. This config-
uration achieves the highest accuracy of 95.25%, indicating
that moderate noise levels introduce beneficial perturbations
that enhance the generalization ability of the learned repre-
sentations.

In contrast, overly strong augmentation, such as low Gaus-
sian noise applied with high probability, can excessively
distort the fault-related signal patterns, thereby degrading the
semantic structure of the input and making it difficult for the
model to extract meaningful representations from unlabeled
data. On the other hand, overly weak augmentation, such as
high noise applied with low probability, provides insufficient
variation during pre-training, limiting the model’s capacity to
learn robust and transferable features. These results suggest
that an appropriate level of augmentation is essential for
balancing invariance and information preservation in self-
supervised representation learning.

This observation aligns with prior findings in self-supervised
learning. For instance, Chen et al. emphasize that strong
augmentations are crucial for effective representation learning,
while Liu et al. caution that excessively strong noise may
distort data structures and reduce sensitivity to critical fea-
tures. These results support the conclusion that augmentation
strength must be carefully balanced to preserve discriminative
information while encouraging robust feature learning from
unlabeled data. The ablation study confirms that the chosen
setting, Gaussian noise with SNR sampled from [0,10] and
an application probability of 0.8, strikes an effective trade-off
between regularization and information retention.
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2) STFT Window Length: The impact of different STFT
window lengths on model performance is also evaluated. The
window length controls the number of samples used in each
local Fourier transform, thereby directly influencing the trade-
off between time and frequency resolution in the resulting
spectrograms. Smaller windows provide better temporal lo-
calization but may blur spectral details, while larger windows
offer finer frequency resolution at the cost of time precision.



To identify an appropriate configuration, a grid search over
six different window lengths is conducted: {50, 100, 150, 200,
250, 300} samples.

Fig. illustrates the performance of CoWS across these
settings on linear evaluation. The best accuracy is achieved
when the STFT window length is set to 150 samples. When
the window is too small, the frequency resolution is insufficient
to capture discriminative spectral features, leading to degraded
accuracy. Conversely, overly large windows may oversmooth
temporal variations and introduce spectral leakage, resulting
in a substantial performance drop. These results confirm that
a moderate window size of 150 samples provides a balanced
trade-off between time and frequency resolution, and enables
effective representation learning from spectrograms in dual-
view pretraining framework.
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Fig. 11. Ablation study of different layers MLP and SA projection head.
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3) Projection Head: The SA projection head is designed
to model relationships between distant views of the same
input data, thereby uncovering complex correlations that may
be overlooked by an MLP projection head. This hypothesis
is evaluated through an ablation study within the CoWS
framework. Both wave and spectrogram projection heads are
replaced with MLP and SA variants under different layer
and parameter configurations, and the resulting representations
are assessed using the linear evaluation protocol. As shown
in Fig. [TI] the SA head consistently outperforms the MLP
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Fig. 13. Ablation study of the number of attention heads in the SA.

head. For example, while a three-layer MLP projection head
achieved 91.27% accuracy, a two-layer SA projection head
reached 95.25%, with lower standard deviation (0.26 vs. 1.06).
This validates that the SA head effectively guides the encoder
in learning robust fault representations even without labels.
Based on these results, a two-layer SA projection head is
adopted, which provides a good balance between accuracy and
efficiency.

The sensitivity of the SA head to the hidden layer dimension
is also analyzed. Fig. [I2] shows the performance of SA with
hidden sizes of 32, 64, 128, 256, and 512. The mean accuracy
improves steadily from 91.25% at 32 units to 94.34% at 256
units, with 256 providing the best trade-off between accuracy
and stability. In contrast, increasing the hidden size to 512
units decreases mean accuracy to 92.50% and does not provide
additional benefits. Based on these findings, a two-layer SA
projection head with 256 hidden units is adopted for both
waveform and spectrogram inputs. Similarly, Fig. [T3] reports
results when varying the number of attention heads among
1, 2, 4, and 8. Accuracy drops from 94.32% with 1 head to
92.29% with 8 heads. Based on these results, a single attention
head is chosen to maximize performance.

F. Computational Efficiency

To evaluate the practical applicability of the proposed
framework, the self-supervised pre-training time for all
compared methods was measured under identical hardware
(NVIDIA Tesla V100) and training settings. As shown in
Table [V} CoWS achieves the shortest total pre-training time
of 1005 seconds, outperforming strong baselines such as
AFFE (1547 s), SSPCL (1622 s), and SMCLN (1244 s).
This is achieved despite CoWS employing dual encoders to
process both waveform and spectrogram inputs, demonstrating
that the additional modality processing does not introduce
excessive computational cost. These results suggest that CoWS
can be efficiently trained for real-world deployment without
sacrificing learning effectiveness.

G. Limitations

Although CoWS shows strong performance across vari-
ous cross-machine transfer scenarios, there remain several



TABLE IV
SELF-SUPERVISED PRE-TRAINING TIME OF DIFFERENT SSL METHODS
UNDER IDENTICAL HARDWARE AND SETTINGS.

Method BYOL SimSiam SSPCL SSF  AFFE
Time (s) 1284.90 1046.14 1622.10 1217.00 1547.31
Method TFC  FSSSL TFAI SMCLN CoWS
Time (s) 2712.27 1548.92 2928.53 1244.36 1005.27

limitations worth discussing. First, in the current contrastive
learning setup, positive pairs are formed between waveform
and spectrogram representations of the same input signal,
while all other combinations within a batch are treated as
negatives. This may lead to false negatives when two different
input segments exhibit near-identical signal patterns, e.g., from
steady-state or repeated machine cycles. Although this issue
is partially mitigated by modality-specific encoders, structured
augmentations, and batch-level diversity, such negative pair
mislabeling may still occur and could limit representation
quality in edge cases. Second, while the current evaluation
focuses on bearing fault datasets, the model’s generalizability
to other mechanical components (e.g., gearboxes, motors) and
other sensing modalities (e.g., acoustics, pressure, thermal
data) has not yet been explored. While CoWS demonstrates
strong generalization within the bearing fault diagnosis do-
main, extending its robustness to broader mechanical contexts
and further improving resistance to false negatives are impor-
tant directions for future research.

V. CONCLUSION

This study introduces CoWS, a novel self-supervised pre-
training framework specifically designed for rotating machin-
ery fault diagnosis. CoWS employs a dual-encoder and dual-
projection head architecture to model the intrinsic relationship
between raw waveform signals and their spectrogram repre-
sentations. To enhance alignment and feature fusion between
the two modalities, the dual-projection head is replaced with a
self-attention mechanism, enabling the model to refine cross-
view features and focus on fault-relevant patterns. Extensive
experiments on three benchmark bearing datasets demonstrate
that CoWS achieves competitive performance across a variety
of cross-machine transfer tasks.

To mitigate the issue of false negatives in contrastive
learning, advanced strategies such as hard negative mining
or semantic-aware contrastive learning can be introduced to
separate different faults from visually similar but distinct
samples. In addition, extending CoWS to cover a wide range of
machine components and sensing modalities will be critical to
assess its scalability and robustness in real-world industrial en-
vironments. Such efforts will help position CoWS as a general
solution for intelligent fault diagnosis across heterogeneous
machinery systems.
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