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Super-resolution construction of intravascular ultrasound images using generative

adversarial networks
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University, Guangzhou 510515, China

Abstract: The low-resolution ultrasound images have poor visual effects. Herein we propose a method for generating clearer
intravascular ultrasound images based on super-resolution reconstruction combined with generative adversarial networks. We
used the generative adversarial networks to generate the images by a generator and to estimate the authenticity of the images
by a discriminator. Specifically, the low-resolution image was passed through the sub-pixel convolution layer r*-feature
channels to generate r’-feature maps in the same size, followed by realignment of the corresponding pixels in each feature map
into r X r sub-blocks, which corresponded to the sub-block in a high-resolution image; after amplification, an image with a
r’-time resolution was generated. The generative adversarial networks can obtain a clearer image through continuous
optimization. We compared the method (SRGAN) with other methods including Bicubic, super-resolution convolutional
network (SRCNN) and efficient sub-pixel convolutional network (ESPCN), and the proposed method resulted in obvious
improvements in the peak signal-to-noise ratio (PSNR) by 2.369 dB and in structural similarity index by 1.79% to enhance the
diagnostic visual effects of intravascular ultrasound images.
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Fig.1 Flow chart of the algorithm.
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Fig.2 Network architecture. The left is the Generator, which involves the Residual Blocks, skip

connection and Sub-pixel convolution layers. The right is the Discriminator involving the

convolutional layers and full Connection.
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Fig.3 Residual Blocks. The output of this layer adds its input, and then input to next layer.
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Tab.1 Comparison of the quantitative evaluation result of 5 methods

Bicubic SRCNN ESPCN SRGAN-1 SRGAN-2
MSE 0.0027 0.0033 0.0014 0.0012 0.0015
PSNR 25.4373 24.7513 27.1131 29.4821 28.2343
SSIM 0.9264 0.9236 0.9485 0.9664 0.9511
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Fig.5 Comparison of the 4 methods. A-F: Bicubic, SRCNN, ESPCN, SRGAN-1, SRGAN-2 and ground
truth. a-f is the region of interest in the red frame in A-F separately.
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