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Detection of Main Spindle Bearing Conditions in
Machine Tool via Neural Network Methodology

Suk-Young Oh,* Eui-Sik Chung,** Hyung-Mo Kang,** Young-Ho Lim***

ABSTRACT

This paper presents a method of detecting localized defects on tapered roller bearing in main
gpindle of machine tool system. The statistical parameters in time-domain processing tech-
nique have heen caleulated to extract useful features from bearing vibration signals. These
features are used by the input feature of an artificial neural network to detect and diagnose
bearing defects. As a results, the detection of bearing defect conditions could be successfully
performed by using an artificial neural network with statistical parameters of acceleration

signals.
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Fig. 1 Schematic diagram of bearing test rig

Table 1 Experimental conditions of bearing defect
detection

1) Undamaged

2) Light Damage
3) Medium Damage
4) Heavy Damsge

Damage lavels of roller

Main spindle speed (r.p.m) | 800, 900. 1000. 1100

Axial load : 30

Preload (kgf)
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(a) Light damage (b) Medium damage (c) Heavy damage
Photo. 1 Photographs of tapered roller bearing delects
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Fig. 2 Signal processing flow diagram

{2) Time trace for heavy roller damage
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Fig. 3 Bearing signal measured from a roller dam-
aged bearing
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Fig. 4 Behavior of the statistical parameters with
bearing damaged levels in raw signal
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