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Compressed-Sensing Cardiac CINE MRI
using Neural Network with Transfer Learning
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Abstract

Deep artificial neural network with transfer learning is applied to compressed sensing cardiovascular MRI. Transfer
learning is a method that utilizes structure, filter kernels, and weights of the network used in prior learning for current
learning or application. The transfer learning is useful in accelerating learning speed, and in generalization of the neural
network when learning data is limited. From a cardiac MRI experiment, with 8 healthy volunteers, the neural network
with transfer learning was able to reduce learning time by a factor of more than five compared to that with standalone
learning. Using test data set, reconstructed images with transfer learning showed lower normalized mean square error
and better image quality compared to those without transfer learning.
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Fig. 3. Learning curves of NNs with standalone leaming and
transfer leaming with different amounts of pre-leaming.
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