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ABSTRACT

Sparse-view CT reconstruction via Conditional Generative
Adversarial Network (cGAN) Using Fully Convolutional
DenseNet (FC-DenseNet)

Park, Inkyung

Dept. of Integrative Medicine
The Graduate School

Yonsei University

Sparse-view CT benefits from reduction in dose of radiation to patient with
fewer projection views than general. Conventional filtered-back projection
(FBP) algorithm is limited due to the insufficient projection information
required to sparse-view CT reconstruction. The iterative reconstruction
complement the disadvantage, while it is mostly time—inefficient and
challenging to dramatically reduce the number of projection views.
Deep-learning-based sparse-view reconstruction could address the drawbacks.
Though various trials made thus far, this work proposes a reconstruction with
conditional Generative Adversarial Network (cGAN) based model that utilizes
FC-DenseNet as a backbone network architecture.

The input and output of the network were set to be sparse-view CT (45, 60,
90, 120 views), and ground-truth CT (720-view). Patient cohort consisted of 27
scans of head-and-neck patients: 18, 9, and 9 scans used for training,
validating, and testing the proposed network. We trained GAN using FC-DenseNet
and used L1 loss and L2 loss to obtain training results. The metrics for

reconstruction accuracy of the trained network employed Mean Squared Error
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(MSE), Peak Signal to Noise Ratio (PSNR), and Structural Similarity Index
(SSIM).

The generated image for our proposed model was assessed by MSE, PSNR, and
SSIM. The best results of our model with L1 loss are 5.34, 39.87, and 0.95. The
best result of our model with L2 loss are 5.89, 39.61, and 0.94.

Our proposed network adopted GAN network architecture for sparse-view CT
image reconstruction. It demonstrated that the trained network could achieve

much more accurate reconstructed image than conventional FBP.

Key words : Sparse view CT, Image Reconstruction, Deep learning, cGAN,

FC-DenseNet .
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