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Method for 3D to 4D Image Generation of Left Ventricle with
Conditional Generative Adversarial Networks
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Abstract :

enhancement or movement of the ventricles

The method of evaluating myocardial infarction is based on the degree of contrast

using non-invasive equipment. Among the

non-invasive devices, computed tomography (CT) is widely used, and there is a risk of radiation

exposure in order to determine the motion of the ventricle. We investigated the generation of

retrospective gating (4D) images from prospective gating (3D) ED and ES images with ¢cGAN in

CT. It seemed to have the characteristics of the matched real image, but the comrelation was not

shown for each cycle.
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Fig. 1 The structure of conditional generative adversarial
network (CGAN)
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Fig. 2 The data flow diagram for generation of images

of the left ventricle based on ED/ES phase
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Fig. 3 The result of generated LV 4D images. (above) ground
truth images. (below) generated images. end-diastole
phase (green box) and end-systole phase (orange box)
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