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The modern industrial sector requires an intelligent fault diagnosis system to ensure reliable and safe processing
since traditional methods require expert diagnosis, which consumes time and requires labor. Furthermore, diagnostic
results are influenced by the expert’s expertise and in-depth knowledge of the machine. The objective of this paper is
to solve the manual intervention problem and improve the fault diagnosis. We propose anovel two-stage unsupervised
learning algorithm based on artificial intelligence (AI) that learns fault features efficiently from raw vibration signals.
To accomplish the aforementioned goal, we encapsulate the two-stage learning technique such as sparse filtering and
Rectified Linear Unit (ReLU) regression function. As a first step, we used a two-layer neural network sparse filtering
procedure to extract vibration signals’ features. Based on vibration signals, ReLlU regression determines the health
condition of the machine in the second phase. ReLU is a linear function that improves the performance of neural net-
work training. Here we utilized a sigmoid and softmax regression function to compare the performance of ReLlU. The
sigmoid function works well for binary classification, whereas softmax works well for multiclass classification. A da-
tabase of motor-bearing bibration signals containing signals about four different health conditions of machines, such
as Inner rase faults (IF), Outer race faulta (OF), Rolling faults (RF) and Normal Condition. The sparse filter is evalu-
ated on different input and output dimensions, which significantly increases the learning accuracy. We classified the
health condition using ReLL.U and achieved 93.8% accuracy, which is higher than sigmoid and softmax. Through the
two-step learning process, machine fault diagnosis is enhanced, as well as big data is effectively handled.

KEYWORDS: Big data, unsupervised feature learning, sparse filtering, rectified linear unit regression, fault
diagnosis.
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1. Introduction

The advent of technology has endorsed the concept
of big data, which makes it possible to collect huge
amounts of data, such as medical data, software infor-
mation, and so on. In the modern world, machines are
more automated and efficient than ever before, and
therefore health status monitoring is more difficult.
To avoid disastrous accidents, such as environmental
pollution, economic losses, etc., an effective diagnosis
of the machine fault [13] is necessary. In the tradi-
tional approach, manual diagnosis is used to diagnose
faults occurrence in machines, but it is time-con-
suming and prone to errors due to human observa-
tion. Afterward, the research moved to Condition
Monitoring System (CMS) which effectively collects
real-time data from sensors after a long-term oper-
ation to build the big data. The machine parameters
(temperature, vibration, flow, frequency, status, etc.)
are continuously monitored by various sensors every
second to produce big data. Artificial Intelligence (AI)
has demonstrated many breakthroughs in the build-
ing of smart technology for the future in numerous
applications. Intelligent fault diagnosing based on ar-
tificial intelligence will be a promising tool to handle
mechanical big data. It consists of three steps: signal
acquisition, feature extraction, and fault classifica-
tion. But this approach provides insensitive informa-
tion which widely affects computational efficiency
and diagnosing results. The proposed novel two-step
unsupervised learning approach will improve fault
diagnosis by improving error detection accuracy.

2. Related Work

Zhang et al. [21] presented a paper on the fault diagno-
sis on machine bearings where three algorithms are
employed such as the Hidden Markov model (HMM),
the adaptive fault prediction model, and Principal
Component Analysis (PCA). PCA extracts the prin-
cipal signal features from the raw data which is pro-
cessed by HMM for health status assessment. In ad-
dition, the adaptive prognostic algorithm measures
the degrading index of HMM to reduce component
replacement. The algorithm provides an inefficient
result even though it works on a real bearing dataset.

Chen et al. [3] proposed a method to determine the
bearing fault using data fusion techniques with

2022/1/51

multiple sensors. The online sensing technologies
recognize the incipient fault, which is evaluated by
Principal Component Analysis (PCA) and Gaussian
Mixture Model (GMMI). It evaluates the main vari-
able that causes the fault, but there is no real-time
bearing dataset to measure performance.

Fan et al. [6] proposed a paper to detect the bearing
fault in the machine using the SVM and the Self-Reg-
ulating particle swarm method. It is discussed the
fundamentals of multi-kernel least square support
vector machines (MK-LS-SVMs) with the aim of
identifying a classifier that can fuse multi-dimension
features of empirical modes decomposition (EMD)
with high generalization properties. The accuracy of
SVM classification is limited by kernel parameters.

Zhang et al. [20] used the manifold learning method for
fault diagnosis, where machine condition and rotation-
al speed are monitored under stable loading self-Orga-
nizing Map (SOM) and Neighborhood Preserving Em-
bedding (NPE) methods are used to measure bearing
performance degradation. The NPE method was ad-
opted to perform dimension reduction and classifica-
tion of faults under varying working conditions. Even
though the NPE and SOM measure the bearing degra-
dation till it faces accuracy problem.

Devendiran et al. [5] tried a method that detects the
root of faults and severity levels. In order to get contin-
uous machine monitoring, it is necessary to detect and
diagnose faults present in the system, determine the
most probable cause of the fault, and assess the severity
of'the fault. The bearing and gearing component faults
are analyzed and monitored progressively. During this
survey the fault diagnosing still need improvement.

Li et al. [12] analyze the bearing fault by monitoring
the vibration signal spectrum image. To diagnose the
fault, the spectrum images are transformed via Fou-
rier transform, 2D PCA, and a minimum distance
method. It has limited training samples to determine
the diagnosing efficiency.

Gligorijevic et al. [7] implement the fault diagnosis in
the packing industry by monitoring the bearing con-
dition thereby trying to improve the reliability of the
machine. Vibration signals, statical pattern recogni-
tion, and wavelet transform are utilized to obtain an
efficient result. However, they did not implement the
process in areal environment.
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Coates et al. [4] proposed a method to learn features
from unlabeled data of CIFAR-10 and NORB datasets.
The k means clustering algorithm is used to learn the
single layer dense features. K-means clustering has
the limitation that it cannot deal with noisy data.

Wu et al. [17] proposed a method for fault diagnosis
using a feature vector extracted from a vibration si-
gnal that is decomposed using Ensemble Empirical
Modes (EEM). In the EEMD, faults can be diagnosed
accurately whether they are single faults or coupling
faults, but it has trouble classifying multiple faults

Chegini et al [2] introduced an autocorrelation func-
tion based filtering algorithm for vibration signals
which is classified by energy variation among bearing
data. Using the Empirical Wavelet Transform (EWT),
Pearson’s correlation coefficient is used to select the
relevant and appropriate modes. But it suffers from
time complexity.

Ranzato et al. [15] presented an unsupervised lear-
ning method for invariant sparse features with few-
layered training samples that provides a reliable re-
sult in features detection. It was applicable for a small
dataset only.

Kuncan [10] discussed the combination of local bi-
nary patterns with a gray relational model for featu-
re extraction and classifying bearing faults. With the
help of these features, one can obtain statistical fea-
tures from the signals in the 1-D-LBP plane, and final-
ly, one can classify the vibrational signals by using a
gray relational analysis (GRA) model. However, it has
notyetbeenimplemented in areal-time environment.

Sohaib et al. [16] presented a hybrid feature model
which classifies faults based on their classes. A com-
bination of sparse stacked autoencoders (SAE) and
Deep Neural Networks (DNNs) is used to diagnose
fault severity. However, the scheme performs better
than SVMs and BPNNs which take longer to compute.

Hamadache et al. [8] a method was presented for di-
agnosing and detecting bearing faults in normal and
load conditions of a rotating machine. This technique
uses Absolute Value Principal Component Analysis
(AVPCA), ProbPlot via Image Recognition using the
AVPCA (IR-AVPCA). The AVPCA to extract eigenfac-
es, and the bases of the SSE were generated to detect
and diagnose three kinds of bearing faults (outer-race
fault (ORF), inner-race fault (IRF), and ball fault
(BBF)). But still, need a performance improvement in
fault detection.
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Lei et al. [11] presented a distance estimation tech-
nique that uses six important raw signal features.
Then it fed into an Adaptive Neuro-fuzzy interferen-
ce (ANFISs) system to classify the faulty bearing. The
system divides the large problem into multiple classes
where multiple outputs are adopted using empirical
mode decomposition. The accuracy of fault diagnosis
is higher than that of individual ANFISs because AN-
FISs enable both the identification of bearing abnor-
malities and the severity of faults, which is not possi-
ble with individual ANFISs. Still, time Complexity is
a problem for the system.

Yu [18] proposed a technique to identify the bearing
fault based on the Local and Nonlocal Preserving Pro-
jection (LNPP) concepts that discover the manifold‘s
nonlocal and local structure. It easily detects the hi-
dden low-dimensional information in a high-dimen-
sional feature set. LNPP failed to use the fault diag-
nosing approach on other machine components and
check their performance, resulting in performance
issues.

Yu et al. [19] presented a method to learn about image
representation through sparse coding. Sparse coding
encodes local patches independently, accounting for
high-order dependencies among patterns in a local
image neighborhood. However, it faces difficulties
when it comes to handling high-noise images.

Amar et al. [1] proposed a high-robust fault classifier
at low SNR conditions using spectrum images. To
achieve high precision bearing fault classification by
combining neural network and empirical features,
a modified neural network structure (LiftingNet) is
proposed that enables adaptive extraction of hidden
features from specific objects. LifitingNet has not
been tested under different working conditions.

We analyze the various fault diagnosis techniques and
understand their advantages and disadvantages. Ac-
cording to the analysis, the previous works had some
drawbacks due to data capacity or inefficient results.
Based on these studies and analysis of various feature
learning algorithms, we presented a novel framework
for an intelligent fault identification system depicted
in Figure 1. An overview of a novel framework for the
intelligent diagnosis of faults,

1 Inthefirst step, sparse filtering is used to represent

the two-layer network. In this filtering, features
extraction is performed on the vibration signal.
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During the second step, ReLU regression is used
as the two-layer network. We trained the ReLU
regression to classify the conditions of machine
health. The complete diagnosis is carried out on
the neural network without human intervention.

2 The feature extracted from this technique is supe-
rior to other conventional techniques because it
efficiently utilized the data features for new fault
prediction. The sparse filter physical interpreta-
tion is explored in feature learning thereby impro-
vise the system’s reliability.

Figure 1
A traditional and a new framework of intelligent fault
diagnosis

‘ Signal Acquisition ‘

Traditional Frame wo.rk/

Manual Feature Extraction
and Selection

N\

‘ Fault Classification ‘

New Frame work

Unsupervised Feature
Learning

The rest of the paper is organized as follows: Section 3
elaborates the proposed Two-Step learning method-
ology. Section 4 shows the results and discussions. At
last, the conclusion and future work are represented
in Section 5.

3. Methodology

Unsupervised feature learning has been extensively
employed in a variety of fields including instance pro-
gression, picture grouping, question disclosure, and
talk affirmation, among others. Figure 2 depicts the
block diagram of the proposed two-step unsupervised
learning approach, which is a method that overcomes
traditional approaches‘ drawbacks by training the ar-
tificial intelligence framework with unlabeled data.
Our system implemented a two-phase learning pro-
cess using a sparse filter to learn features from vibra-
tion signals and a ReLU regression to classify health
conditions.
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Figure 2
The block diagram of two-step learning
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3.1. Sparse Filter

The sparse filter is a simple algorithm that ignores
the data distribution learning problem. It is simple
to tune since there is only one hyper-parameter to
tune as opposed to numerous parameters that must
be tuned to get good results. Figure 3 depicts the ar-
chitecture of sparse filtering, which is implemented
in MATLAB to optimize a cost function for a nor-
malized feature [14]. This method reduces feature
density and provides a more accurate representation
of the signal. In order to achieve a good performance,
the sample needs to satisfy the following three prin-
ciples: lifetime sparsity, high dispersal, and popula-
tion sparsity. A number of active features are used to
represent the population sparsely. Lifetime sparsity
is a measure of the number of valid features used in
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data to extract the discriminative information that
assists in the fault diagnosis.

A high dispersion also characterizes the statistics of
data, increasing a feature’s ability to be generalized.
The first sparse filtering set (A )] l-_k L and get its weight
framework W. At that point, trained sparse filtering
is utilized to catch the sample’s local features. At last,
these local features are the mean value to acauire the
learned feature of each sample where (A"} € R*! is
sample k is a sample number. The sparse filter maps is
represented in the Equation (1). Each row is normal-
ized in sparse filtering norm.

fjl: = H'}T."'![. (1)

Sparse filter maps samples on their features using a
W weight matrix. f_}! is the feature set of sparse filter-
ing i test.

Figure 3
The architecture of sparse filtering
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3.2. ReLU Regression

ReLUs provide each input with a specific output
based on its values and provide the original input as
raw data if it is below zero, else as raw data. If the in-
put is greater than zero, then the output is equally as
the input. The ReLU Equation (2),
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Flx) = max(0, x) @)

ReLU function is non-linear, so it is easy for the errors
to backpropagate and the multiple neuron layers are
ReLU activated. As we have the training set (ADE,
and label set (B)E, where (47) € RY* and (B') e
{1, 2...n} for ReLU regression. For each input, the
model estimates each label’s probability. Therefore,
the speculation of ReLU regression provides a vector
that corresponds to the input sample and k estimated
probabilities for each label. The ReLU offers numer-
ous benefits when compared with other activation
functions such as computational ease, realistic spar-
sity, linear behavior, and train deep networks. ReLU
is a simpler function that makes optimization easier
and provides the best accuracy when compared to
Softmax and Sigmoid. It avoids vanishing gradient
problems and uses simpler mathematical operations
than Softmax and Sigmoid.

Figure 4
Diagnosis results of sparse filtering for various dimensions
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Figure 5
Diagnosis results based on different segment numbers
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3.3. The Two-Step Learning Technique

The two-step learning technique for fault identifica-
tion is explained in this Section. Initially, sparse fil-
tering extracts raw features, and the learning statics
are calculated based on three steps. The sparse filter
gets trained and obtained its weight matrix W. There
are enormous samples available from raw data, so the
sparse filter trained to extract local features. An aver-
age of all the local features from each sample is used
to derive the learned feature. Let k;;, be the sparse fil-
ter input and &, is the sparse filter output. Finally,
machine health is estimated using a trained ReLU re-
gression method using a random training set k.

4. Experimental Results

We evaluated the performance of the proposed two-
step unsupervised learning approach through a re-
al-time bearing dataset obtained from Case Western
Reserve University’s big data [9] analysis. The vibra-
tion signals obtained from the motor drive point in
a test rig under various conditions: Inner race fault
(IF), Outer race fault (OF), Rolling fault (RF). Nor-
mal condition. For different condition, the vibration
signal dataset is prepared based on different methods
which used 12kHZ as sample frequency. The evalua-
tion results of the ReLU regression function is com-
pared with the other regression functions (softmax,
sigmoid). The proposed model is developed in the
MATLAB 2018a software model. The experimen-
tal PC configuration: Intel i5 - 5200U, 2.2GHz, 8GB
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RAM. In Figure 6, it shows the segment of the fault
signal of motor bearing datasets. The vibration signal
is the main cause to generate the motor bearing data-
set. The dataset has four different loads with ten bear-
ing healthy conditions have one class with a different
load of health conditions. The big dataset contains
thousands of samples. These samples are categorized
based on their health condition at different loads.
Therefore, the classified data points are organized in
a class-wise manner.

Figure 6
Bearing dataset fault segment signal
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0 2 4 6 0 5 10 15
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Figure 4 illustrates that a different input and output
dimension is applied for evaluating the performance
of sparse filtering. During testing, the accuracy of fea-
ture learning from machine fault is increased widely.
It showed that the sparse filtering has the capability
to learn more sensitive features from the fault thereby
enhanced the learning ability which is depicted in Fig-
ure 5. The ReLU performance is analyzed and depicted
in Figure 6. The confusion matrix for the regression
function is calculated and depicted in Figure 7. It rep-
resented that the accuracy of ReLU (93.8%) is higher
than the other regression methods (Softmax-81.3%
and Sigmoid 87.5%) under normal conditions.

The test accuracy of the regression function for bear-
ing dataset under normal conditions is depicted in
Table 1. It has been shown that the ReL.U does not
have vanishing gradient problems.
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Table 1
Testing accuracy of bearing dataset using three regression
functions in (%)

Regression . . ReLU (Proposed
Function Sl St Method)
Accuracy 81.3 875 93.8
Figure 7

Confusion matrix for Bearing dataset
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Normal Normal
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Output Class
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RF IF Normal OF RF 3 Normal OF
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RF IF Normal OF
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Precision = — . — 3)
Trug Positive +False Positive

Recall = Trug Positive @

True Positive +Falze Negative

5 Precizion=Recall -
L & . . 5)
Precision +Recall

Fl — Score

It can train faster than sigmoid due to less numerical
computation. The experimental results show ReLU
regression effectively identifies the gear with differ-
ent fault types and different health conditions. A sum-
mary of recall, precision, and F1-Score values with
test data sets for all the three regression functions

References

1. Amar, M, Gondal, I., Wilson, C. Vibration Spectrum
Imaging: A Novel Bearing Fault Classification Ap-
proach, IEEE Transactions On Industrial Electron-
ics, 2015, 62(1), 494-502. https://doi.org/10.1109/
TIE.2014.2327555

2022/1/51

Table 2
Performance Comparison in (%)

Regression Function = Precision Recall F1-Score
Softmax 85.42 81.25 81.6
Sigmoid 87.5 87.5 87.5

ReLU 95 93.75 93.65

are given in Table 2. ReLU based regression method
performs the best with 95%, 93.75%, and 93.65% of
F1-Score, recall, and precision respectively. Thus our
proposed unsupervised approach will be the promis-
ing solution for machine fault detection in an effec-
tive manner.

5. Conclusion

In this paper, we proposed an intelligent fault diag-
nosing approach in an unsupervised manner using
big data. The traditional approach depends on expert
knowledge for detecting machine faults and lacks
accuracy due to hidden features. An intelligent fault
identification system finds difficulties in extracting
sensitive information from machine faults. The two-
step unsupervised feature learning algorithm over-
comes the aforementioned problems by implement-
ing sparse filtering and ReLU regression. The sparse
filter is responsible for extracting the sensitive data
from bearing faults those data will be classified by
ReLU. We evaluated the performance of sparse filter-
ing and ReL.U on bearing fault detection which shown
an efficient result. ReLU regression function obtains
93.8 % accuracy in the fault classification under dif-
ferent conditions (Inner race fault (IF), Outer race
fault (OF), Rolling fault (RF), and Normal). The accu-
racy and learning progress of the proposed method is
superior to the traditional approaches. In future work,
we are planning to change the learning method there-
by improving the accuracy of unsupervised learning.

2. Chegini, S. N., Manjili, M. J. H,, Bagheri, A. New Fault
Diagnosis Approaches for Detecting the Bearing Slight
Degradation, Meccanica, 2020, 55(1), 261-286. https://
doi.org/10.1007/s11012-019-01116-x



10.

11.

12.

Information Technology and Control

Chen, S. L., Craig, M., Wood, R. J. K., Wang, L., Callan,
R., Powrie, H. E. G. Bearing Condition Monitoring
Using Multiple Sensors and Integrated Data Fusion
Techniques, Institution of Mechanical Engineers - 9th
International Conference on Vibrations in Rotating
Machinery, 2008, 586-600.

Coates, A, Lee, H., Ng, A. Y. An Analysis of Single-Layer
Networks in Unsupervised Feature Learning, Journal
of Machine Learning Research, 2011, 15, 215-23.

Devendiran, S., Manivannan, D. K. Vibration-based
Condition Monitoring and Fault Diagnosis Technolo-
gies for Bearing and Gear Components-A Review, In-
ternational Journal of Applied Engineering Research,
2016, 11(6), 3966-3975.

Fan, Y., Zhang, C., Xue, Y., Wang, J., Gu, F. A Bear-
ing Fault Diagnosis using a Support Vector Machine
Optimised by the Self-Regulating Particle Swarm,
Shock and Vibration, 2020, 2020, 1-11. https://doi.
org/10.1155/2020/9096852

Gligorijevic, J., Gajic, D., Brkovic, A., Savic-Gajic, 1.,
Georgieva, O., Gennaro, S. D. Online Condition Moni-
toring of Bearings for Improved Reliability in Packaging
Materials Industry, 2nd International Electronic Con-
ference on Sensors and Applications, 2016. https://doi.
org/10.3390/ecsa-2-E006

Hamadache, M., Lee, D., Mucchi, E., Dalpiaz, G. Vibra-
tion-based Bearing Fault Detection and Diagnosis via
Image Recognition Technique under Constant and
Variable Speed Conditions, Applied Sciences, 2018,
8(8), 1392. https://doi.org/10.3390/app8081392

https://csegroups.case.edu/bearingdatacenter/pages/
download-data-file.

Kuncan, M. An Intelligent Approach for Bearing Fault
Diagnosis: Combination of 1D-LBP and GRA, IEEE Ac-
cess, 2020, 8, 137517-137529. dhttps://doi.org/10.1109/
ACCESS.2020.3011980

Lei, Y, He, Z., Zi, Y., Hu, Q. Fault Diagnosis of Rotat-
ing Machinery based on Multiple Anfis Combination
with Gas, Mechanical Systems and Signal Processing,
2007, 21(5), 2280-2294. https://doi.org/10.1016/j.yms-
sp.2006.11.003

Li, W, Qiu, M., Zhu, Z., Wu, B, Zhou, G. Bearing Fault Di-
agnosis Based on Spectrum Images of Vibration Signals,

13.

14.

15.

16.

17.

18.

19.

20.

2L

2022/1/51

Measurement Science and Technology, 2016, 27(3),
1-10. https://doi.org/10.1088/0957-0233/27/3/035005

Nandi, S., Toliyat, H. A., Li, X. Condition Monitoring and
Fault Diagnosis of Electrical Motors-A Review, IEEE
Transactions on Energy Conversion, 2005, 20(4), 719-
729. https://doi.org/10.1109/TEC.2005.847955

Ngiam, J., Koh, P,, Chen, Z., Bhaskar, S., Ng, A. Y. Sparse
Filtering, NIPS’11: Proceedings of the 24th Interna-
tional Conference on Neural Information Processing
Systems, 2011, 1125-1133.

Ranzato, M., Huang, F. J., Boureau, Y.-L., LeCun, Y. Un-
supervised Learning of Invariant Feature Hierarchies
with Applications to Object Recognition, IEEE Con-
ference on Computer Vision and Pattern Recognition,
2007. https://doi.org/10.1109/CVPR.2007.383157

Sohaib, M., Kim, C. H.,, Kim, J. M. A Hybrid Feature
Model and Deeplearning-based Bearing Fault Diagno-
sis, Sensors, 2017,17(12), 2876. https://doi.org/10.3390/
517122876

Wu, D, Wang, J., Wang, H., Liu, H., Lai, L., He, T., Xie,
T. An Automatic Bearing Fault Diagnosis Method Based
on Characteristics Frequency Ratio, Sensors, 2020,
20(5), 1519. https://doi.org/10.3390/s20051519

Yu, J. Local and Nonlocal Preserving Projection for
Bearing Defect Classification and Performance As-
sessment, IEEE Transactions on Industrial Electron-
ics, 2012, 59(5), 2363-2376. https://doi.org/10.1109/
TIE.2011.2167893

Yu, K., Lin, Y., Lafferty, J. Learning Image Represen-
tations from the Pixel Level via Hierarchical Sparse
Coding, Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition, 2011, 1713-1720.
https://doi.org/10.1109/CVPR.2011.5995732

Zhang, S., Lil, W. Bearing Condition Recognition and
Degradation Assessment Under Varying Running
Conditions using NPE and SOM, Mathematical Prob-
lems in Engineering, 2014, 2014, 1-10. https://doi.
org/10.1155/2014/781583

Zhang, X., Xu, R., Kwan, C., Liang, S. Y., Xie, Q., Haynes,
L. An Integrated Approach to Bearing Fault Diagnos-
tics and Prognostics, Proceedings, American Control
Conference, 2005, 2750-2755. https://doi.org/10.1109/
ACC.2005.1470385

This article is an Open Access article distributed under the terms and conditions of the Creative
Commons Attribution 4.0 (CC BY 4.0) License (http://creativecommons.org/licenses/by/4.0/).





