OPENaﬁCCESS

CNN-based Single-Fault Diagnosis

International Journal of Engineering and Advanced Technology (IJEAT)

I SSN: 2249-8958 (Online), Volume-9 I ssue-1, October, 2019

of ®

Chack far
updatas

Salf-Priming Centrifugal Pump

Sandip Kumar Singh

Abstract: CNN is a very powerful deep learning technique for
classification when the size of data is significant. It has been
observed that it fails to give any reasonable classification when
size of the data is small. This paper deals with an enhanced data
technique, which is very useful for smaller size of available data.
We proposed to increase the size of data to multiple times until a
good classification accuracy is acquired. The paper showsthat the
neural networks perform very efficiently when such type of
enhancement is done. It has been elaborated for evaluating the
classification of faults of centrifugal pumps. The CNN-2D and
CNN-1D yield 100% accuracy for diagnosing the faults of in this
case. The performanceis also compared with that of ANN. The
number of epochsrequired to reach 100% accuracy for multiple
different sizes of datais used to evaluate the performance. The
enhanced data approach also shows that there is a drastic fall in
overall classification time of CNN.

Keywords: Artificial Neural Networks (ANN), Convolution
Neural Network (CNN), Multinomial Logistic Regression (MLR)
Support Vector Classification (SVC)

I. INTRODUCTION

Centrifugal pumps are very vital, and abundantly used
rotating machinery. Under an abnormal state, all rotating
machinery isaccompanied by changesin vibration. Vibration
signal analysis has been in application for fault diagnosis of
rotating machinery. Feature extraction is an important stage
that determines diagnosis accuracy, and substantial research
has taken place on different types of feature extraction
methods. In many techniques, a pre-decomposition of raw
signal is also applied before the feature extraction. The most
important components which succumb to failure in
centrifugal pumps are the bearing and impeller. Therefore,
the whole diagnosis in this research work is focused on
pump-system failure due to the failure of these components.

The operating state of bearing significantly affects the
accuracy, reliability, and useful life of the pump system. The
performance of knowledge-based methods rely on training
data and the quality of selected features heavily. In several
studies, different feature extraction methods are proposed.
The extracted features are given to classifiers asinputs.
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CNNs are feed-forward and constrained 2D neural networks
that have both alternating convolution and sub-sampling
layers. Convolution layers model the cells in the human
visual cortex [1]. CNNs have accomplished state-of-the-art
performance. The Detection of faults in machines using an
ANN-based approach is proposed in [2-4]. Singh et.al. used
Convolution Neural Network (CNN) for bearing fault
detection[6-7].

II. PRECISION-RECALL METRIC TO EVALUATE

CLASSIFIER PERFORMANCE

The precision-recall curve: The precision-recal curve
depicts the relation between Precision and recall for different
values. The high president implies that there is a low
fase-positive rate. The high recall means a low
false-negative rate. When Precision and recall both are large,
the area under the curve is also very large, which is the most
desired situation. Figs 5,6 & 7 show that the classifier is
predicting correctly, and al predictions are positive.

The Precision-recall curves are generaly useful in binary
classification to understand the output of a machine learning
classifier. It is necessary to binarize the output to extend the
concept of the precision-recall curve and average precision to
multi-class or multi-label classification (asisour case).
[1l. THE BASIC THEORY OF CNN AND PROPOSED
METHOD

Convolutional Neural Network (CNN) consists of one or
more convolutiona layers (generally, with a sub-sampling
step) and then followed by fully connected layers as in a
standard multilayer neural network. A CNN consists of some
convolutional and subsampling layers which are followed by
fully connected layers. Then the input to a convolutional
layer is an m xm xr image where r is the number of
multimediachannels, which for RGB image hasr=3. Thereis
k number of filtersin the convolution layer. The size of these
filtersisan m x n x q,where mis the dimension of image and
n is smaller than m, k is number filters, r is the number of
channels, and g can be equal tor, or lessthan it.

Each map isthen sub-sampled typically max-pooling over p
X p regions with p ranges between 2 to 5 for smaller and
larger inputs, respectively. A full layer inaCNN consists of
convolutional and sub-sampling sub-layers.

1V. DATA DESCRIPTION

The data of the self-priming centrifugal pump are collected
on a self-priming centrifugal pump data acquisition system,
as shown in Fig 3.5. The acceleration sensor is placed above
the motor housing, and the sensor is fixed on a specific
pedestal.
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According to the requirement

of fault diagnosisfor a centrifugal pump, adataacquisition
experimental scheme is created for the fault insertion test.
The test covers primarily fault modes.

The experiment items are listed in Table |. The rotation
speed is 2,900/min in the experiment. An accel eration sensor
is employed when sampling. The sampling frequency is
10239Hz. The vibration data are collected under normal
conditions and fault conditions, including bearing roller
wearing, inner race wearing, and outer race wearing fault
conditions, as well asimpeller wearing fault conditions. The
sampling time is 2s for every set, and one set is collected
every 5 seconds. The centrifugal pump data used here are
provided by the PloS One[5] .

Tablel: Description of the centrifugal pump data set

Tablell: Description of Fault labelsused for centrifugal

pump data-set
Fault Bearing Outer Inner Rollers Impeller
type normal race race
Level 0 1 2 3 4

Test object Failure test Normal test
Rolling Bearing inner race | Bearing normal Y ——
bearings wearing test operation test itk 00|
Bearing outer race
wearing test {
Bearing rollers b
wearing test
Impeller Impeller  wearing
test
Figure 1. The experiment set-up
Tablelll: Data static after data enhancement remains unchanged.
Data Enhancement Trainingtime  Kurtosis Skewness Variance
100 percent Data 120.06 3.7165 0.01601 201261.90
200 percent Data 100.04 3.7165 0.01601 201261.90
300 percent Data 96.4 3.7165 0.01601 201261.90
400 percent Data 79.91 3.7165 0.01601 201261.90
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Figure2: Theimpeller and bearing of centrifugal pump

TablelV: Performance of ANN with different levels of data enhancement

ANN (100 percent Data) ANN (200 percent Data)
Class precision recall fl-score support Class precision recall fl-score support
0 0.14 011 0.12 18 0 0.84 072 0.78 36
1 0.07 018 0.11 11 1 0.69 082 0.75 33
2 0.3 029 029 28 2 0.74 089 08 44
3 0.29 028 029 18 3 0.82 082 082 39
4 0.2 012 0.15 25 4 0.84 067 074 48
Avg/tot  0.22 0.2 0.2 100 Avg/tot  0.79 078 0.78 200
Testing accuracy =20.0percent Testing accuracy =78.00percent
Training accuracy =21.95 percent Training accuracy=80.98 percent
ANN (300 percent Data) ANN (400 percent Data)
Class precision recal fl-score support Class precison recal fl-score support
0 0.96 087 0091 60 0 0.96 099 0098 82
1 0.81 096 0.88 56 1 0.96 1 0.98 68
2 0.93 093 0093 58 2 0.99 1 0.99 83
3 0.9 091 09 67 3 1 097 0.98 96
4 0.94 085 0.89 59 4 1 096 098 71
Avg/tot  0.91 0.9 0.9 300 Avg/tot  0.98 098 098 400
Testing accuracy =90.33 percent Testing accuracy =98.25 percent
Training accuracy=94.63 percent Training accuracy =98.45 percent
ANN (500 percent Data) ANN (600 percent Data)
Class precision recal fl-score support  Class precision recall fl-score support
0 1 097 0098 93 0 0.97 1 0.99 110
1 1 1 1 95 1 1 1 1 120
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2 0.97 1 0.99 105 2 1 098 0.99 132
3 1 1 1 102 3 1 1 1 121
4 1 1 1 105 4 1 1 1 117
Avg. 0.99 099 099 500 Avgitat 1 099 1 600
Testing accuracy =99.40 percent Testing accuracy=99.50 percent

Training accuracy =99.50 percent Training accuracy =99.37 percent

Table V: Performance of Logistic Regression with different levels of data enhancement

L ogistic Regression(100per centData) L ogistic Regression (200per centData)
Class precision recall fl-score support Class precision recall fl-score  support
0 0.27 033 03 18 0 0.79 083 081 36
1 0.12 036 0.19 11 1 0.78 0.88 0.83 33
2 0.27 014 019 28 2 0.91 091 091 44
3 0.18 017 017 18 3 0.95 0.9 0.92 39
4 0.07 004 0.05 25 4 0.91 0.83 0.87 48
Avg/tot  0.19 018 0.17 100 Avg/tot  0.87 087 0.87 200
Testing accuracy = 18percent Testing accuracy =87percent
Training accuracy =19.5percent Training accuracy =78.5percent

L ogistic Regression (300per centData) L ogistic Regression (400per centData)
Class precison recal fl-score support Class precison recal fl-score  support
0 0.95 1 0.98 60 0 1 1 1 82
1 0.95 1 0.97 56 1 1 1 1 68
2 0.95 095 0.9 58 2 1 1 1 83
3 1 091 0.9 67 3 1 1 1 96
4 1 1 1 59 4 1 1 1 71
Avg/tot  0.97 097 097 300 Avgitot 1 1 1 400
Testing accuracy =97percent Testing accuracy =100percent
Training accuracy =94.7percent Training accuracy =98.4percent

L ogistic Regression (500per centData) L ogistic Regression (600per centData)
Class precision recall fl-score support Class precision recall fl-score  support
0 1 1 1 93 0 1 1 1 110
1 1 1 1 95 1 1 1 1 120
2 1 1 1 105 2 1 1 1 132
3 1 1 1 102 3 1 1 1 121
4 1 1 1 105 4 1 1 1 117
Avg/tot 1 1 1 500 Avg/tot 1 1 1 600
Testing accuracy =100percent Testing accuracy =100percent
Training accuracy =99.8percent Training accuracy =99.8percent
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Table VI: Performance of 1-D CNN with different levels of data enhancement

1D-CNN (100per centData) 1D-CNN (200per centData)
Class precision recall fl-score support Class precision recall fl-score  support
0 0.11 011 o011 18 0 0.82 078 08 36
1 0.17 018 017 11 1 0.72 079 0.75 33
2 05 032 0.39 28 2 0.85 0.8 0.82 44
3 0.24 044 031 18 3 0.78 079 0.78 39
4 0.22 016 019 25 4 0.76 077 0.76 48
Avg/tot  0.28 025 0.25 100 Avg/tot  0.79 079 0.79 200
Testing accuracy = 25percent Testing accuracy =78.5percent
Training accuracy =19.5percent Training accuracy =73.6percent

1D-CNN (300per centData) 1D-CNN (400per centData)
Class precison recal fl-score support Class precison recal fl-score  support
0 0.96 088 0.92 60 0 1 1 1 82
1 0.93 095 094 56 1 0.96 1 0.98 68
2 0.83 098 09 58 2 1 1 1 83
3 0.92 0.9 0.91 67 3 1 1 1 96
4 0.87 0.8 0.83 59 4 1 096 0.98 71
Avgitot 09 0.9 0.9 300 Avg/tot  0.99 099 0.99 400
Testing accuracy =90percent Testing accuracy = 99.25percent
Training accuracy =93percent Training accuracy =98.45percent

1D-CNN (500per centData) 1D-CNN (600per centData)
Class precison recal fl-score support Class precison recal fl-score  support
0 1 097 0.98 93 0 1 1 1 110
1 1 1 1 95 1 1 1 1 120
2 1 1 1 105 2 1 1 1 132
3 0.97 1 0.99 102 3 1 1 1 121
4 1 1 1 105 4 1 1 1 117
Avg/tot  0.99 099 0.99 500 Avgitot 1 1 1 600
Testing accuracy =99.40percent Testing accuracy =100percent
Training accuracy =99.5percent Training accuracy =100percent
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TableVII: Performance of 2-D CNN with different levels of data enhancement

2D-CNN (100per centData) 2D-CNN (200per centData)
Class precision recall fl-score support Class precision recal fl-score  support
0 0.36 0.5 0.42 18 0 0.74 081 0.77 36
1 0.15 036 021 11 1 0.8 085 0.82 33
2 0 0 0 28 2 0.77 084 08 a4
3 0.15 011 013 18 3 0.86 082 084 39
4 0.17 016 017 25 4 0.83 071 0.76 48
Avgitot  0.15 019 0.16 100 Avg/tot 0.8 0.8 0.8 200
Testing accuracy = 19.0percent Testing accuracy =80.0percent
Training accuracy =19.5percent Training accuracy =76.7percent

2D-CNN (300per centData) 2D-CNN (400per centData)
Class precision recall fl-score support Class precision recall fl-score  support
0 1 0.9 0.95 60 0 1 1 1 82
1 0.96 098 0.97 56 1 1 1 1 68
2 0.86 093 0.89 58 2 0.97 1 0.98 83
3 0.91 0.9 0.9 67 3 0.97 097 097 96
4 0.83 085 084 59 4 1 096 0.98 71
Avgitot 091 091 091 300 Avg/tot  0.99 098 0.98 400
Testing accuracy =91.0percent Testing accuracy =98.5
Training accuracy =93.38percent Training accuracy =98.14

2D-CNN (500per centData) 2D-CNN (600per centData)
Class precision recall fl-score support Class precision recall fl-score  support
0 1 097 0.98 93 0 0.97 1 0.99 110
1 0.97 1 0.98 95 1 1 1 1 120
2 1 1 1 105 2 1 098 0.99 132
3 1 1 1 102 3 1 1 1 121
4 1 1 1 105 4 1 1 1 117
Avg 0.99 099 0.99 500 Avgitot 1 099 1 600
Testing accuracy =99.2percent Testing accuracy =99.4percent
Training accuracy =99.5percent Training accuracy =99.5percent
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Figure 3: Precision-Recall curvesfor CNN-2D for centrifugal pump
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Precision-Recall curve for ANN
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Precision-Recall curve for SVC
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Figure 6: Precision-Recall curvesfor SVC and MLR for centrifugal pump
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Figure 7: CNN-2D performance after different amount of data enhancements.

V. RESULTSAND ANALYSIS

We have tested the effectiveness of CNN-2D, CNN-1D, and
ANN methods for Fault Diagnosis using for fault
classification. We see from tables 1V-VII and figure-3-7 that

the Computation time falls drastically as we enhanced the 5.

data more and more. We aso notice that the central moments

like variance, skewness, and kurtosisremain unaltered dueto ¢

data enhancement, which ensuresthat basic properties of data
remain the same due to such type of enhancement

VI. CONCLUSION

The CNN is a very powerful deep learning technique for
classification when the size of data is significant. It is
observed that it fails to give any reasonable classification
when the size of the data is small. This paper deals with
enhanced data technique, which is very useful for the smaller
size of available data. We proposed to increase the size of
data to multiple times until a good classification accuracy is
acquired. The paper shows that the neura networks perform
very efficiently when such type of enhancement is done. It
has been elaborated for evaluating the classification of faults
of centrifugal pumps. The CNN-2D and CNN-1D yield 100%
accuracy for diagnosing the faults of in this case. The
performance is also compared with that of ANN. The
number of epochs required to reach 100% accuracy for
multiple different sizes of data is used to evaluate the
performance. The enhanced data approach also shows that
thereisadrasticfall inthe overall classification time of CNN.
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