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Advances in Hemodynamic Computation Based on Deep Learning
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(1. College of Chemical and Life Sciences, Beijing University of Technology, Beijing 100124, China; 2. Beijing
International Science and Technology Cooperation Base for Intelligent Physiological Measurement and Clinical
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Abstract; Cardiovascular diseases are the leading cause of death worldwide, and hemodynamics plays a
significant role in understanding the mechanisms of these diseases, predicting disease progression, and guiding
treatment strategies. Traditional methods for obtaining personalized hemodynamic parameters in clinical settings
have numerous limitations, while the rise of deep learning technology has brought new opportunities for their
computation. This review focuses on the application of deep learning in obtaining hemodynamic parameters in
clinical settings, covering its progress in computational fluid dynamics preprocessing, hemodynamic computation
(data-driven and PINN method ), and magnetic resonance anagiography. It analyzes the advantages and
challenges of each method and discusses future development directions, aiming to provide a reference for
research on obtaining hemodynamic parameters in clinical settings using artificial intelligence method.

Key words: deep learning; hemodynamics; computational fluid dynamics; artificial intelligence; computer-aided
diagnosis
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