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Respiration prediction by wavelet decomposition and adaptive neuro fuzzy inference system
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Cancer, Key Laboratory of Cancer Prevention and Therapy, Tianjin, Tianjin’s Clinical Research Center for Cancer, Tianjin 300060,
China)

Abstract Objective: To develop a method to precisely predict irregular respiratory motion in radiotherapy for thoracic and abdominal
tumors. Methods: A prediction algorithm based on wavelet decomposition and adaptive neuro fuzzy inference system (WANFIS) was
proposed. The respiratory signal was first decomposed into baseline, low frequency and high frequency components, which were then
predicted respectively using linear fitting, adaptive neuro fuzzy inference system (ANFIS) and simple moving average. The three parts of
predicted values were finally combined to form the respiration prediction result. The WANFIS was compared with three typical prediction
algorithms including neural network (NN), Synchrony Respiratory Tracking System of the CyberKnife Robotic Radiosurgery System and
ANFIS by retrospective analysis of clinical data of 30 cases. Results: The normalized root mean square error (nRMSE) of WANFIS averaged
0.09, which was less than 0.17 for NN, 0.11 for Synchrony and 0.11 for ANFIS. Conclusion: The WANFIS algorithm proposed in this paper
may more precisely predict irregular respiratory motion and thus more effectively compensate the time delay of the system.
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Fig 4 First example of wavelet decomposition of respiratory signal
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