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Abstract

This paper presents an overview of defect diagnosis in bearings of a centrifugal pump. The data obtained using vibration-based
condition monitoring (VCM) technique was recorded at regular intervals. The analysis provided using conventional methods would
then be used for pump fault prognosis and trend pump conditions. Having studied the conventional method of analysing results
off-line, the research uses a VCM system to predict bearing faults on-line. Several techniques for pattern recognition were consid-
ered, including Feed Forward type Neural Network (FF-NN) and Recurrent Neural Networks (RNN). The author decided to adopt
the Artificial Neural Network (ANNs) to propose a solution and classify bearing faults. Since bearing faults don’t begin to appear
before prolonged pump operations, the faults on bearings were simulated using a test-rig pump where an electrical discharge
machine (EDM) would generate pit marks on bearings and the vibration signals thus collected be fed into the neural networks. An
easy method of designing neural network models is by using the MATLAB Neural Network Toolbox. To carry out the analysis, only
MATLAB models that are specifically functional to vibration signals are chosen for pump bearing fault diagnosis.
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approaches have been most successful in categorizing almost all
of the bearing condition patterns. Apart from using pit marks

1. Introduction

Artificial Neural Networks (ANNs) have previously been used
to detect and analyze faults in blast furnace cooling water pump-
ing systems in steel works (Ilott et al., 1997)* Their combination
with vibration analysis techniques for routine identification of
machinery faults have been well documented over the years in
several researches. While Ogunfunmi et al. (1993)3 and Gao et
al. (1998)1 have used Boltzmann neural networks for the diag-
nosis in bearing faults, Wang et al. (1998)5 investigated rotating
shaft faults using Feed Forward Neural Networks. However,
the author through this paper, would like to add to the existing
research works in the field of vibration analysis to monitor cen-
trifugal pumps specifically in the waste water industry.

Inspired by Yang’s (et al., 2002)8 in-depth diagnosis of motor
bearing condition using ANNS, the author initiated a literature
review of diagnosis tools in industry and the different approaches
used to classify fault patterns in vibration responses of rotating
machines. When looking at bearing conditions specifically, sev-
eral approaches based on signal pre-processing techniques have
been investigated by researchers. However, according to the
research of Wang et al. (2003)6, power spectrum and bispectrum

generated vibration signals as inputs to ANN, prior researches
have also used alternative characteristics of vibration signals like
Root Mean Square (RMS), Kurtosis and variance (Samanta et al.,
2003)4. Such time-domain features can be successfully used to
achieve the accurate classification of the faulty condition of an
equipment.
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Figure 1. Schematic of Laboratory test-rig pump
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2. Simulation of Defect on a Test-Rig
Pump

The author realized that achieving the necessary results of a
VCM system for a centrifugal pump at a water pumping station
would take a very long time and therefore, a laboratory test-rig
was utilized in simulating common pump faults in a horizontal
centrifugal water pump. In the process, the pump was run at 360
W and 3000 rev/min.

Coupler
+  ADfDACard
Pump . o LabVIEW Software
¢ MATLAB& Toolboxes
Accelerometer m

PC

Figure 2. Vibration Sensing and data acquisition system.

As indicated in Figure 2, Kistler miniature accelerometer was
used as a vibration sensor. For power supply and amplification,
a Kistler single coupler was used. Proceeding with the analysis,
three components on the test-rig were monitored, namely both
the bearings and the impeller, as shown in Figure 1 and vibration
signals were collected in vertical and axial directions.

3. Feature Extraction and Bearing
Defect Classification

Feature extraction algorithm is an important presentation tech-
nique as it reduces training time and input dimension of the
network, thereby improving generalisation capability of the
network. The aim of employing feature extraction is to pre-
sent efficiently the important features of the original data. For
the investigation in this paper, time domain vibration signals
obtained from the test-rig pump were pre-processed as per the
classification criteria of the bearing faults before any of the vibra-
tion data was provided as input to the neutral network. This
classification can be carried out using both traditional and artifi-
cial intelligence methods.

In spite of several literatures being available on ANNS, their
haven’t been many applications of ANN in defect diagnosis of
bearings in waste water pumps. Non-availability of faulty bear-
ings meant that six different artificial bearing faults were to be
created on new bearings using EDM technique and vibration
signals collected under similar conditions. The six defect set-
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ting types had the following features- hole diameter 0.5 mm and
depth 0.3 mm. More detailed description is provided in Table 1
below, which includes the MLP target of six category ranges for
six bearing fault types set to be compared against simulated out-
puts.

Table 1. Network Output Categories for Bearing
Classification

Pump Bearing Network Category Bearing Defects
Condition Target Output

Setting Output Range

Setting 1 0 -0.1-0.1 One Ball

Setting 2 0.2 0.1-0.3 Two Balls
Setting 3 0.4 03-0.5 Inner Race
Setting 4 0.6 0.5-0.7 Outer Race
Setting 5 0.8 0.7-0.9 Cage

Setting 6 1.0 09-11 One Ball, Inner

& Outer race,
cage

4, Targets for MLP Networks

As a result of the above set up, the ANN had 11 frequency
domain vector inputs and 1 time domain vector input with one
set of data being 24 elements in length (2 x 12). Thus, with six
bearings having 10 samples in a 24 element vector each, the total
input matrix size was 24 x 10 x 6 = 1440 elements. Figure 3 below
shows the ANN input pattern classification of bearing defects. As
explained earlier, vibration data collected in both axial and verti-
cal directions from the faulty bearings was to be pre-processed
in RMS calculations (Time, Frequency and Band-Frequency
Domains) and used as inputs to the networks. Along with time
domain RMS values, the RMS values in frequency domain
range from 0 to 5kHz and between 0 and 4kHz in ten frequency
bands. The distribution of values is slightly irregular for the sake
of faulty bearings presenting a significant change in character-
istic fault frequencies in creating high resonance harmonics of
defect frequencies and side-bands around them. The distribution
is as follows- 0 to 100Hz, 100 to 200Hz, 200 to 300Hz, 400 to
1000Hz, 1000 to 1500Hz, 1500 to 2000Hz, 2000 to 2500Hz, 2500
to 3000Hz, 3000 to 3500Hz, 3500 to 4000Hz.

5. Network Training Results

The simulation result for two layer networks tabulated in Figure
4 below indicate that the network displayed results worth 96.7%
accuracy at hidden layer having 10 neurons. Furthermore, the
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trend line on the graph helps us reassert the 3" order polynomial
function that training time increases with the number of neurons
in hidden layer.
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Figure 3. ANN input pattern for Bearing Fault Classification
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Figure 4. MLP Network Simulation results for Bearing Faults
Classification.
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It is appropriate to predict that if the neurons in the hidden
layer reaches 40 with the existing trend, the training would take
20 hours. Wang et al. (2000)7 used similar investigation model
to train neural networks on a similar 2-layer MLP network to
achieve a 100% classification rate with the two networks having
first and second hidden layer neurons of value 20 & 2 and 30 &
25 respectively.

Theme Based Papers

6. Conclusions

Using ANN in MATLAB toolbox, failure patterns in bearings of
a centrifugal pump were classified by investigating their param-
eters using feature extraction methods. Simulating 6 different
bearing faults on a laboratory test rig, the trend line obtained
in network training results classified the bearing faults at 96.7%
accuracy classification rate. Further literature reviews indicated
that a 100% accuracy was achievable if the classification was
done using ‘cascade-forward back propagation’ neural networks
at 2 hidden layers. The proposed model of an MLP network con-
struction for pattern recognition is a systematic way of finding
the performance networks in a large number of similar models
using MATLAB program as per the transfer function.
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