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ABSTARCT

In real time application such as motion control, it is hard to find the application of non-causal filtering due to its need for
future position data, even though it shows wide usage in off-line digital signal processing. Recently, some of motion control
areas such as learning and repetitive control use non-causal filtering technique in their application. These kinds of zero-lag
non-causal filter application are very useful not only to reduce the machine vibration, but also to increase control accuracy
with comparatively less work. In this paper, genuine method to implement zero-lag non-causai filter in a CNC is introduced.
Also the variation of this implementation for the learning operation is suggested to give the NC better control performance
for a specific job. By adopting the new NC architecture called Soft-NC, all these implementations are made possible here, and
especially large memory requirement which hinders their usage for many years is no longer barrier in their real world appli-

cation.
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Fig. 1 Soft-NC architecture
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3. Zero-lag non-causal filter
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