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ABSTRACT

Failure of a rotating machine can lead to not only loss of system performance but massive losses. Therefore, Condition

monitoring technologies of rotating machine for detecting a failure has been actively applied in many industries. Recently, as

many techniques were developed to collect and analysis of data, condition monitoring which machine learning technology is

applied has been studied. In this paper, the machine learning method is used to detect oil whip phenomenon and classify the

normal state, oil whip initial state and oil whip. Oil whip which cand lead to large amplitude of vibration is the most common

fault cause of sub-synchronous instability in hydrodynamic journal bearings. Convolution neural network which is widely used

in image dimensionality reduction is used to detect oil whip phenomenon. As the input data of the neural network, an orbital

image which can represent the feature of the normal state, the oil-whip initial state, and the oil-whip is used.
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Table 1 Information of RK—rotor kit rotor

AF : SUS 304
A 2 =7 el
= HA 4do) 455 mm
Ad = 255 mm
Diskl 57
254 mm
Disk2 57
= A 10 mm
Ad A5 25 mm
Diskl #]&
75 mm
Disk2 A&
=2H A 2.148 kg
Al vreh] diRel & 9 ke HEsH ©

=
=

o] Faxt HR|Eo] it

Fig. 1(b)=> RK4—Rotor kit®] &9 JHZ vehdch %
o] FA| Zdol= 455 mm, FA= oF 2.2 kgol™ AF2 10
mmo|t}, 9] Al ol Ayt B Ak doJRE &
4= Sl gaa 27fE FAE o] ok, Ad ol AdHof
gol AR =L, tAa FE 2R E 27| Y] Exo]
gol AXH}, F9o] Bk Holl= 2] &EE vojgo] A
A Heh, g aao] tigh =219k ol g JRE 3 1]
HAlEl Fdc
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Fig. 1 (a) Experimental set up for oil whip and (b) Geometry
of RK4-rotor kit rotor
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Fig. 2 Schematic view of loaded journal bearing and

coordinate system
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Fig. 3 Cambell diagram with half frequency whirl and
negative damping effect over Instability threshold Speed
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Fig. 4 Cascade spectrum of rotor run—up X—axis
vibration response measured at the middle of rotor
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Table 2 TP(True Positive), FP(False Positive), FN(False
Negative) of each class
o Fe20 | dF FHxl | oS F2
A =0 TP FP/FN FP/FN
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