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Comparison between GA-BP algorithm and SVM in respiratory motion estimation
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Abstract: Objective To compare the effects of genetic back propagation (GA-BP) algorithm and support vector machine

(SVM) on the respiratory motion estimation (RME), and to provide a reference for RME in clinical radiotherapy. Methods

Two groups of free downloadable experimental data, which were given by Institute for Robotics and Cognitive Systems,

University of Lubeck, Germany, were calculated by GA-BP algorithm and SVM under the MATLAB platform, respectively.

The real-time performance and accuracy of the two algorithms were compared and analyzed. Results For 90% of the estima-

tion results in the test data, the root mean square error was less than 1.09 mm in GA-BP algorithm and less than 1.72 mm in

SVM. Both the time for the single estimation of GA-BP algorithm and SVM were less than 0.3 ms, meeting the requirement of
clinical application. Conclusion In RME, both GA-BP algorithm and SVM can meet the clinical real-time requirements, and

the root mean square error of GA-BP algorithm was less than that of SVM.
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GA-BP: Genetic back propagation; SVM: Support vector machine;
RMSE: Root mean square error
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Fig.1 Cumulative histogram of respiration motion estimation
error of GA-BP algorithm and SVM
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Fig.2 Time distribution of single respiration motion estimation
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*For the intuitive expression of the author's point of view, and limited by
the higher dimensional space rendering difficulties, the figure in the high-
dimensional space with three-dimensional space is only indicative, and is

not made with the real data.
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Fig.3 Mapping of sample from low—dimensional space to

high—dimensional space
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