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Application of deep learning with perceptual loss in conventional MR image translation
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Abstract: Objective To research the feasibility of using deep neural networks to achieve image-to-image translation on conventional

magnetic resonance (MR) images in a completely unsupervised way. Methods Perception loss was introduced into cycle generative
adversarial network (CycleGAN), so that the proposed network could use the adversarial loss to learn image structure information
and combine cycle consistency loss with perceptual loss to generate high-quality MR image. The generated image was compared

quantitatively with those generated by CycleGAN model and supervised CycleGAN model (S_CycleGAN). Results The

conventional MR images

quantitative evaluation showed that the proposed network with the introduction of perceptual loss was superior to CycleGAN model
1
of the image generated by S_CycleGAN model. However, the evaluation results of the T,-weighted images generated by the
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on imaging, and that the evaluation result of the T,-weighted image generated by the proposed network was also better than that
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proposed network and S CycleGAN model were similar. Conclusion The introduction of perceptual loss to CycleGAN can generate

- _wei .
high-quality MR images in a completely unsupervised way, and then realize image-to-image translation on high-quality
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