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ABSTRACT

Vibration monitoring of components in engineering systems and plants involves the collection
of vibration data and detailed analysis to detect features which reflect the operational state of the
machinery. The analysis leads to the identification of potential failures and their causes, and makes
it possible to perform efficient preventive maintenance. This paper describes a methodology for the
automation of some of the activities related to motion and vibration monitoring in these systems.

The technique involves training a neural network to model the inter- relationship between
signals from two related sensors mounted on an engineering system or component at a time when
it is known to be operating properly. Then one signal (or its characteristics) is put into the neural
network model to predict the second signal (or its characteristics). This predicted signal is
continuously compared with the actual signal. A deviation between the predicted and actual signal
indicates a changing relationship, usually failure of the component or system. This deviation may
be quantified and provides meaningful information about the degree of degradation and
deterioration of the component.

MONITORING OF VIBRATION SIGNATURES

Vibration monitoring is based on the principle that all systems produce vibration during
operation. When a machine is operating properly, vibration levels are generally small and
constant; however, when faults develop and some of the dynamic processes in the machine
change, the vibration spectrum also changes [1,2,3]. For many machines the vibration
frequency spectrum has a characteristic shape when the machine is operating properly, and it
has other characteristics for different faults that may appear. Monitoring can be performed
effectively by close examination of the spectrum and the identification of features which are
typical of particular defects; indeed, some systems have been built based on this principle
[4,5,6].

The spectral features associated with particular defects of rotating machinery depend
on a series of factors, among these: the kind of machine, its geometry, the operating
environment and the severity of the defect. Although abundant literature (such as reference
[7]) can be found which documents the vibratory behavior of rotating components, the
peculiarities that need be considered for each case makes it difficult to design a general



monitoring technique applicable to a wide variety of problems. In this paper a neural network-
based technique is proposed which models the relationship between sensors on a machine using
actual sensor data. This technique can be used to verify the structural integrity of the vibrating
component by comparing the output of one sensor with the output of other sensors at different
measuring points. The comparison is useful in the identification of relevant frequencies where
changes in vibration levels occur and in performing overall trend of vibration.

To implement this criterion we train a hetero-associative neural network to map the
output of one sensor from the output of a different sensor. The relevance of this mapping is
that while the state of operation remains unchanged, the network can make accurate
predictions of the output of the sensor. However, if and when the operational state changes,
the prediction of the network and the actual output of the sensor will deviate by an amount
that reflects the severity of change. When it can be established that the two sensors are
related in a statistical sense, the deviation may be quantified and provides important
information about degradation and deterioration of the components.

To examine the properties of multiple transmission paths between a force source and
different outputs, consider a one-input/two-output model (Figure 1). We assume that linear
systems may be used to represent different paths and that the uncorrelated noise accounts for
any significant deviations from normal cases. In the following equations x(t) corresponds to
the input signal, y,(t), y2(t) to the output signals and n , ( t j , n2(t) to the uncorrelated
noise in each signal. The equations from reference [8] may be used to describe the system
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where GM is the cross-spectral density function of signals Aftj and B(t), GM is the power spectral
density function of Aft ; and B, is the transfer function for output yt(t). All Gt and B, are functions
of frequency, the notation is dropped here for simplicity. The symbol '*' indicates conjugate values.



The coherence function between the output records y%(t), y2(t) is given by
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When r% - 0 at a particular frequency, x(t) and yf t j are said to be incoherent at that frequency.
When /% = I at all frequencies x(t) and yf t ; are said to be fully coherent So, the coherence
function satisfies:

0 £ Y2 ^ 1 f^)

The coherence function will be unity for the ideal case of a constant parameter noise-
free linear system with a single clearly defined input and output. When x(t) and y(t) are
completely unrelated, the coherence function is zero. A value of coherence less than unity is
due to noise in the measurements, non-linear relationship between the two signals or
contribution of other signals to the output [8,9].

In cases where the input signal x(t) cannot be directly measured, it is possible to use
Equations 1 to 5 when the transfer functions B, and u2 are found by other methods. However,
if these functions are not known, Equation 4 can be used to calculate the coherence function.
A high value of the coherence function between any two output signals y, (t) and ya (t)
indicates that y, (t) and y2 (t) are related linearly to the input x(t) by unknown transfer
functions and that the output noise is small compared to the signal [8].

When the process changes, the model no longer represents the behavior of the
input/output relations and the relation between the two output signals no longer holds.
Deviations from the true model can be detected and quantified if the relationship between the
two outputs can be established. This relationship between y,(t) and ys(t) can be modeled



using a neural network which receives as input the spectrum of y,(t) and produces as output
the spectrum of ya(t).

This concept can be extended to the single input/multiple output system. For this
system it is necessary to calculate the coherence functions between all two-signal combinations
of the output records. This can be accomplished using Equation 1 through 5 where the
generalized subscripts i and j are substituted for the subscripts l and 2. The multiple output
system may provide a better diagnostic technique because different combinations of pairs of
output signals may be highly coherent nt different regions of the spectrum. Ideally, each
frequency of the spectrum will be coherent in at least one of this combinations and the
behavior of the whole spectra can be observed.

SYSTEM DESCRIPTION

Data from the two sensors is presented to the neural network such that the input is
the spectrum from one sensor and the output the spectrum from the other sensor. The
network during training learns the relationship between the two sensors and is able to predict
the behavior of one sensor from the other. These predictions make it possible to detect
significant changes in relationship between sensor readings by comparing the actual output of
the sensor with the prediction of the neural network. The changes become readily apparent
when the state of the system changes because the actual value and the predicted value deviate.

Figure 2 illustrates this idea in some detail. Suppose that we are teaching the
relationship between a horizontal sensor on a machine and a vertical sensor on the same
machine. At an operating state A, the values of the sensors can be denoted by ST

A

(corresponding to the reading from the vertical sensor at operating state A) and Sh
A (reading

from the horizontal sensor at the same operating state). Similarly, these readings may be
denoted ST

B and Sh
B when the operating state is B. If we teach the network the associations

between the sensors during the A operating state when we know the machine is operating
correctly (the network is trained to predict the output S\ from Sh

A), recalling the network with
Sb

B produces a prediction of the output of the vertical sensor, ST, under operating condition
A (lets call this prediction PB). The difference between the actual value of the sensor, ST

B, and
the predicted value, PB» may be used to detect significant deviations in the signatures and to
quantify this deviation.

To establish statistical relationship, we examine the value of the coherence in the whole
range of frequencies of the signal. This range depends on the application; for example in the
analysis of vibration signatures from rotating machinery the range of interest may be 5 Hz to
1000 Hz (base frequency) or 1 KHz to 20 KHz (high frequency), while in the context of reactor
internals the range of interest is 0.5 Hz to 25 Hz [10]. In those regions of the spectrum where
the coherence is high we know that there exists a linear relationship between the two output
signals, This relationship is independent of the input x(t) and should remain constant while
the process does not change.

Once coherent frequencies have been identified the change in vibration can be assessed
by comparing the prediction of the network with the actual spectrum calculated from the
sensor at the coherent frequencies. The comparison can be made using descriptors: the
horizontal descriptor which gives an overall measure of vibration amplitude from the horizontal



sensor, a vertical descriptor describing the overall vibration levels in the vertical sensor. In
addition, we are defining a cross-sensor descriptor which provides an overall measure of
discrepancy between the two signals, and a per-frequency descriptor which represents the
difference in magnitude and direction of the change in amplitude at each frequency.

The horizontal and vertical descriptors are calculated from effective velocity by
integrating the output of the accelerometer in the appropriate range. The cross-sensor
descriptor is a degradation indicator obtained by taking the square root of the sum of the
squared differences at each frequency.

where STi(i) is the actual value, and PVtythe predicted value, both at frequency i. n is the number of
frequencies in the spectrum.

The cross-sensor descriptor reflects an aspect of vibration which is critical for
diagnostics: the level of disagreement among sensor outputs. This quantity would be very
useful for the detection of misalignment and looseness in rotating machinery because these
defects produce uneven vibration levels in the vertical and horizontal directions. Of particular
importance is the fact that the cross-sensor descriptor is less sensible to wiping than the
horizontal and vertical descriptors. In some cases after the component has developed a fault,
the vibration descriptors calculated from independent sensor readings (vertical and horizontal
in our case) return to normal levels, or even lower levels, while the value of the cross-seasor
descriptor only decreases. In rolling element bearings, defects are characterized by lost of
metal fragments of the cage or the rolling elements. Wiping is the process of leveling or
smoothing the area surrounding a defect by the rolling elements as they pass through the defect
repeatedly. The reason the descriptors return to normal or below-normal levels is smoothing
which prevents the generation of sharp impulses.

The cross-sensor descriptor is able to measure the activity even if one of the sensors
does not register a particular impulse since the difference among sensor readings is reflected
in the measure. Another useful indicator is called the per-frequency descriptor, it gathers the
differences of the amplitudes at each frequency, indicating amplitude increases or decreases.
The indicator identifies the regions of the spectrum where the activity has changed and is useful
in the realm of vibration since some regions of the spectrum may be mapped to certain
components defects.

TESTING ON MOTOR DATA

The monitoring system was tested on data from a motor in one of Electricite de France
(EDF) operating power stations. The motor is a asynchronous horizontal electric motor (710
KW) driving a charging pump and the bearing monitored is of type NU 324 MPC3
manufactured by SKF [11]. The data was collected with two accelerometers mounted onto the
machine at different measuring points - a horizontal sensor and a vertical sensor. Data from
the motor was collected in 12 occasions, ranging from the normal condition of the bearing to
failure due to serious cage wear. From the 12 time records collected for each sensor, high
frequency spectra (1 KHz to 20 KHz) were generated. These spectra were used as input to



a neural network, which was trained to model the relationship between the spectra of the
horizontal sensor and the vertical sensor mounted on the motor. In order to be able to make
comparison between spectra at different times, the spectra amplitudes were normalized globally
in the range 0.1 to 0.9. The first six spectra represent normal operation, the remaining
signatures describe the behavior of the motor as it deteriorates.

The predicting network is a backpropagation network with 264 nodes in the input
layer, 60 nodes in the first hidden layer, 30 units in the second hidden layer and 132 nodes in
the output layer (Figure 3). The Grst 132 input nodes correspond to the spectrum from the
horizontal sensor at time t-l, the next 132 input nodes correspond to the spectrum of the
horizontal sensor at time t , and the output nodes correspond to the spectrum of the vertical
sensor at time t. Both input spectra (time t and time t-l) are used to account for the
dynamic nature of the system. The training was performed using three pairs of normal
signatures (1-2, 3-4, 5-6) and the recall was performed on all the pairs.

Figure 4 illustrates the agreement between the actual and predicted vertical sensors for
a normal signature included in the training set. Figure 5 shows the agreement between the
two spectra for a normal signature not included in the training set. As can be observed, the
neural network has learned the relationship between the spectra of the two signals and is able
to predict accurately the spectra of the vertical sensor even when the vibration increases.
During monitoring it is common to observe increases in vibration while the machine is still
operating under normal conditions. The network is able to adjust to this increases and to
continue modeling the relationship. As a result, the prediction is not based on a single baseline
signature but on a collection of signatures representing normal operations.

Figure 6 depicts the significant deviation between the actual and predicted vertical
components for Signature 7; this signature describes the condition of the machine prior to the
failure but after the descriptors had commenced to increase. Figure 7 depicts the contrast
between the predicted value and the actual value of the sensor for Signature 12. The machine
was determined to be non-functional at this point. The predicted levels of the vertical sensor
(i.e. value if the machine had been working correctly) are much lower than the actual levels
calculated from the sensor. Figure 8 shows the plot of the per-frequency descriptor of
Signature 12. Negative values indicate decrease in vibration and positive values indicate
increases.

Table 1 displays the horizontal, vertical and cross-sensor descriptors for the signatures
in the recall set. The cross-sensor descriptor is sensitive to increases in vibration levels and the
level of disagreement between the two sensors. A good example of wiping is Signature 11, it
can be observed that the vibration level registered by the horizontal and vertical sensors are
lower that those for a normal signature (Signature 2 for example) and well below the alarm
criteria established by the utility. This is due to smoothing of the cage surface surrounding the
defect. The cross-sensor descriptor for that signature decreases but remains close to the upper
bound of normal limits.

Values of the cross-sensor descriptor may also be used to define alarm criteria based
on the relationship between the sensors. In order to establish this criteria, it would be
necessary to perform the analysis on baseline data and define an alarm threshold based on the
calculated value of the cross-sensor descriptor for the baseline data.



Signature 2

Signature 3

Signature 4

Signature 5

Signature 6

Signature 7

Signature 8

Signature 9

Signature 10

Signature 11

Signature 12

Horizontal Desc.

2.89

1.80

1.72

1.61

1.74

5.31

7.03

5.84

2.42

1.55

10.50

Vertical Desc.

2.94

2.31

1.61

1.89

1.73

4.97

5.16

5.03

2.53

1.48

8.70

Cross-Sensor Desc.

0.1119

0.2683

0.0878

0.1416

0.0735

0.9457

0.714S

0.8772

0.2907

0.2254

2.1101

Table 1. Degradation Descriptors (High Freq.)

CONCLUSIONS

We are working on the implementation of a methodology for the analysis of vibration
data based on neural networks. The anticipated advantage of developing such a system is the
possibility of automating the monitoring and diagnostic process for vibrating components and
building diagnostic systems which complement traditional PSD analysis.

In this paper we have proposed a methodology for the monitoring of machinery
vibration based on multiple sensor modeling. A neural network has been trained to mimic the
relationship among sensors in a component, and deviations from normal behavior can be
detected easily by monitoring the predictions of the network and the actual values of the
sensors. In addition, two descriptors are defined: the cross-sensor descriptor which measures
the overall difference between the actual vibration levels and the predicted levels, and the per-
frequency descriptor which gives a measure of change for every frequency in the spectrum.
The methodology has been tested on data from a motor in one of EDFs power stations and
has been adapted to the realm of nuclear reactor structural vibrations. In this case, the
network is trained with data from ex-core neutron noise detectors in the reactor core and used
to detect vibration and motion of the internals.
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Figure 1. One Input/Two Output System

Figure 2. Prediction System Set-Up



Prediction of Spectra from Vertical Sensor

Spectra from Horizontal Sensor
Figure 3. Topology of the Predicting Network
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(Normal signature included in the training set)
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