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1. Introduction

Rotating machines are one of the most important
systems in mission-critical engineering assets
including power plants, manufacturing facilities,
and high speed trains. To maintain the engineering
assets, the fault diagnostics of the rotor systems
was studied. As a result, a number of useful
features are available for rotor diagnostics
including RMS [1], kurtosis [2], and bearing defect
frequency [3]. Nonetheless, it is challenging to
determine which feature is most relevant for the
diagnosis of a particular rotating machine of
interest. A randomly selected feature set can have
irrelevant and redundant information [4]. Therefore,
feature selection is critical for rotor diagnostics.

Feature selection can be divided into filter and
wrapper methods [5]. The filter methods rank
features by evaluating the intrinsic characteristic of
the data, whereas the wrapper methods use the
interaction with classifiers to evaluate the feature
subsets. For example, Lu et al. selected a subset of
available vibration features for fault diagnostics of
rotary machines using the Fisher ratio and genetic
algorithms (GA) [6]. However, existing metrics such
as Fisher ratio and mRMR often do not perform as
intended due to challenges. First, available data
from rotating machines in the field is sparse.
Second, the feature values from a severely
degraded rotating machines does not follow
Gaussian distributions [7]. Therefore, a better
metric is required to overcome the challenges. In
this paper, a new wrapper method is proposed by
combining modified Fisher ratio and kernel density

estimation (KDE).
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Fig. 1 Flow chart of the feature selection scheme
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As shown in Fig. 1, the Fisher ratio were modified
to detect outliers. Statistical parameters of the
Fisher ratio can be estimated accurately using the
KDE method. In addition, using simulation and
testbed data, accuracy was evaluated.

2. Data acquisition and feature pool

A rotor testbed as shown in Fig. 2 was used to
acquire the rotor vibration data. The testbed
consists of two bearings and three disks to emulate
low- and high-pressure steam turbines in power
plants. For individual bearings, a pair of
accelerometers were mounted in x- and y- axes.
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Fig. 2 Rotor testbed

As shown in Tables 1 and 2, a setup for data

collection and various fault conditions are
presented, respectively.
Table 1 Setup for data collection
RPM Sampling Duration Interval
rate
3,000 25.6 kHz | 2 seconds | 10 seconds
Table 2 Failure modes and severity
Condition Unbalance Misalignment
(gram) (mm)
level 30 | 45 04 | 06
. Inner race fault Outer race fault
Condition
(mm) (mm)
level 03] 1 [ 3 o3[ 1 [ 3

Twenty vibration features are extracted including
time domain, frequency domain and bearing defect
frequency. The time domain features are
associated with statistical characteristics. The
frequency domain features are associated energy
of the vibration at the corresponding frequency. The
bearing defect frequency features are the energy



characteristics excited by defects
elements.

in bearing

3. Modified Fisher ratio and KDE

Fisher ratio is defined as the ratio of the sum of
the distances between class means to the sum of
the class variability [8]. Fisher ratio is represented.
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where piand pj are the mean vector of class i and j,
respectively; ok is the variance of class k; n is the
total number of conditions; i=1, 2, ...,n-1,j=2, 3,

,handk=1,2,...,n

Feature values calculated with signals from
degraded rotors sometimes have outliers. The
outliers can decrease the diagnostic accuracy.
Thus, it is necessary to consider the effect of the
outliers on the Fisher ratio. Kurtosis, 4™ statistical
moment, was known to be an effective measure to
address the effect of the outliers [9]. With this
theoretical background, a modified Fisher ratio is
proposed.
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where Kurtk is the kurtosis of the k" class. The
proposed metric can select a set of relevant
features compared to the original Fisher ratio.

KDE is a non-parametric method to estimate the
probability density function of a random variable.
The density function using KDE is represented [10].
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h
where fn is the estimated density function; n is the
number of samples; h is the bandwidth; K is the

kernel; and xi is the samples. The KDE can be used
to estimate the variation accurately.
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4. Conclusion

This paper proposed a modified Fisher ratio
metric and KDE method for feature selection in
rotor diagnosis based on the wrapper method. The
modified Fisher ratio was effective to increase the
diagnostic accuracy in the existence of outliers.
The KDE method provided to calculate the
statistical moments accurately. The proposed
method can help to select more relevant features in
rotor diagnostics. Therefore, it can increase the
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diagnostic accuracy and reduce the computational
cost for diagnostics.
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