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Abstract: Journal bearings support rotors using fluid film between the rotor and the stator. Generally, journal bearings
are used in large rotor systems such as turbines in a power plant, because even in high-speed and load conditions,
journal bearing systems run in a stable condition. To enhance the reliability of journal-bearing systems, in this paper, we
study health-diagnosis algorithms that are based on the supervised learning method. Specifically, this paper focused on
defining the unit of features, while other previous papers have focused on defining various features of vibration signals.
We evaluate the features of various lengths or units on the separable ability basis. From our results, we find that one
cycle datum in the time-domain and 60 cycle datum in the frequency domain are the optimal datum units for real-time
journal-bearing diagnosis systems.
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Table 1 Time-domain features

T1 |Root Mean Square (RMS)
T2 | Skewness
Time-domain T3 | Kurtosis
Features T4 | Crest Factor
T5 | Shape Factor
T6 | Impulse Factor

Table 2 Frequency-domain features

F1 |Frequency Center
F2 | RMS Frequency
Freq-domain -
Features F3 | Root Variance Frequency
F4 |[0~1X]/1X
F5 [[2,3,4,..,10X]/1X

L wommmmmmmmm oo e e e e » 1 Cycle Datum Feature
J o e » 10 Cycle Datum Feature
L » 20 Cycle Datum Feature

——————————————— » 30 Cycle Datum Feature
L I -» 60 Cycle Datum Feature

Fig. 3 Datum units for feature extraction
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Table 3 FDR of RK4 time features

gme- | 71 T2 | T3 | T4 | TS | T6

1 Cycle (92660 [18525 [15031 |40509 | 5790 |37861
10 Cycle 90373 (17831 (13602 | 2239 | 6196 | 2681
20 Cycle 90263 (17760 (13768 | 1501 | 6273 | 1870
30 Cycle [90261 17742 |13570 | 1155 | 6260 | 1450
60 Cycle [90346 |17779 |13487 | 777 | 6177 | 996

Table 4 FDR of RK4 freq. features

dred. | p F2 F3 F4 F5
1 Cycle | 15831 | 13116 | 13723 | N/A | 16624
10 Cycle | 16454 | 17846 | 19341 | 3730 | 32389
20 Cycle | 26654 | 21722 | 23296 | 3844 | 35115
30 Cycle | 19095 | 19140 | 21657 | 4034 | 34970
60 Cycle | 21525 | 20125 | 24497 | 3833 | 35041
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Table 5 FDR of generated signal time features

ime- |y T2 | T3 | T4 | TS | T6
1Cycle | 42 | 7 103 |16 | 76 | 89
10Cycle | 42 | 0 | 54 | 59 | 76 | 64
20Cycle | 42 | 0 | 54 | 40 | 76 | 53
30Cycle | 42 | 0 | 54 | 33 | 76 | 47
60Cycle | 42 | 0 | 54 | 21 | 76 | 35

Table 6 FDR of generated signal freq. features

Freq.- Fl F2 F3 F4 F5

domain

1 Cycle 174 193 231 NaN 52
10 Cycle 140 184 437 68 52
20 Cycle 140 184 436 68 53
30 Cycle 140 184 435 68 52

60 Cycle | 140 184 436 68 52
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