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Abstract: As a typical unsupervised learning model in neural networks, self—encoders has attracted widespread
attention in various areas, and its application in rolling bearing fault diagnosis is increasing. with obvious advan-
tages in data noise reduction and data visualization dimension reduction. In order to timely understand and mas-
ter the application of auto—encoder and its improved algorithm in rolling bearing, this paper classifies and sum-
marizes the representative auto—encoder related algorithms in recent years. Firstly, the principle of self—encoder
and the theoretical sketch of several self-encoder methods based on its improvement are described, and the im-
provement purpose and improvement of these algorithms are analyzed. Then, the applications of these algorithms
in the field of rolling bearing fault diagnosis are listed. Finally, the problems of present—day self—encoders and

their improved algorithms are summarized, and the ideas for solving them are analyzed.
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Tab.1 Analysis and comparison of improved self encoder algorithms

Algorithm

Characteristic

Instance application

RAE

DAE

SAE

SDAE

DCAE

VAE

ASCAE

HEAE

WAE

CAE

FCDAE

MSCAE

The degree of weight attenuation
can be adjusted to form a semi
supervised classification method.

It can reduce the impact of noise
and improve the network
generalization ability.

The sparsity of feature extraction
can be enhanced, and training
errors can be reduced.

Higher order nonlinear features of
extracted samples can be
extracted while reducing noise
impact.

It can adaptively identify vibration
signals under different noises.

Estimating the true distribution of
samples to generate similar
samples.

It can compensate for the sparse
characteristics of the sample.

Combining different self encoders
to build a new self encoder.

It has a potential manifold
structure that can generate high—
quality samples.

A deep learning network with
complex feature extraction
capabilities can be formed.

The data noise reduction
robustness of the coding network
can be improved.

More reliable fault features are
reconstructed through
convolutions of different scales.

Reference [42]: When the known label samples account for more than 0.2%,
the classification accuracy can reach 100%.

Reference [32]: Using the method of optimizing model parameters to obtain
the optimal hyperparameters for the noise reduction self encoder, the
diagnostic results achieved in three rolling bearing datasets were 99.3%,

99.7%, and 96.3%.

Reference [26]: Features are acquired in an unsupervised learning manner.
This method can achieve 100% fault diagnosis accuracy.

Reference [43]: The learned multi domain features make the features more
robust and reliable. The accuracy rate of fault diagnosis can reach over 99%.

Reference [44]: This model can achieve higher fault identification rate in
high noise environments.

Reference [45]: It can improve the fault diagnosis accuracy of the same type
of fault samples under different working conditions.

Reference [46]: 1t has high diagnostic accuracy for rolling bearing faults
when processing unbalanced fault samples. In addition, the robustness of the
diagnostic model is maintained in the presence of noise.

Reference [47]: Combining denoising and shrinking self encoders to enhance
the ability of the model to automatically learn features, the model can
achieve a classification accuracy of more than 96%.

Reference [48]: It has a good performance in the efficiency of rolling bearing
fault diagnosis and the ability to recover data imbalance.

Reference [49]: Fast and accurate fault diagnosis can be performed on rolling
bearing datasets with small tag data.

Reference [50]: This model performs unsupervised training on image data
sets. It can stably and accurately diagnose vibration datasets under different
rotational speeds and noise modes.

Reference [51]: Fault data can be automatically characterized and diagnosed.
The model achieves 99.75%, 100%, and 100% accuracy rates for rolling
bearing fault diagnosis on three sets of experimental data sets.
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