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Abstract; Objective To real-time tracking the cancers in thoracic and abdominal, it is often difficult to directly monitor the res-
piratory motion of the tumor and other internal anatomy, therefore, an aternative option is to obtain the internal motion using
the surrogate singal (s). Methods Firstly, imaging data was simultaneously acquired with the surrogates to build a correspon-

dence model, and then the internal motion could be estimated from the surrogate data. Respiratory mation prediction was aso
necessary to compensate the system latency. There were two types of correspondence model: direct correspondence models and
indirect correspondence models. And there were two categories of prediction algorithms: model-based prediction and model -
free prediction. Results A direct correspondence model estimated the motion as a direct function of the surrogate signal (s),
while an indirect correspondence model did not directly relate the motion to the surrogate data. Instead, they parameterised the
motion using one or more internal variables, and made estimates of the surrogate data as well as the motion data. When surro-
gate data was acquired during a procedure the interna variables were optimized to give the best match between the estimated
surrogate data and the measured surrogate data. Model-based prediction algorithms for the prediction of respiratory motion sig-

nals were usually built on the assumption of stationarity and periodicity, but the assumption would be wrong. Model-free pre-

diction methods had advantage of no need for knowledge about the respiratory motion signal. Conclusion So far, dmost al the
correspondence models and prediction algorithms can improve the performance of a certain aspect on the limited data samples,
but just described in the literature, so need to be verified using clinically realistic data for clinical application.
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