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Generation of contrast enhanced computed tomography image

using deep learning network

Sang-Keun Woo*

Abstract

In this paper, we propose a application of conditional generative adversarial network (cGAN) for

generation of contrast enhanced computed tomography (CT) image. Two types of CT data which were

the enhanced and non-enhanced were used and applied by the histogram equalization for adjusting

image intensities. In order to validate the generation of contrast enhanced CT data, the structural

similarity index measurement (SSIM) was performed. Prepared generated contrast CT data were

analyzed the statistical analysis using paired sample t-test. In order to apply the optimized algorithm

for the lymph node cancer, they were calculated by short to long axis ratio (S/L) method. In the case
of the model trained with CT data and their histogram equalized SSIM were 0.905+0.048 and
0.908+0.047. The tumor S/L of generated contrast enhanced CT data were validated similar to the

ground truth when they were compared to scanned contrast enhanced CT data. It is expected that

advantages of Generated contrast enhanced CT data based on deep learning are a cost—effective and

less radiation exposure as well as further anatomical information with non—enhanced CT data.
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[I. Preliminaries

1. Contrast enhanced CT imaging
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2. Medical image generation using GAN
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[1l. Materials and Methods

1. Preparation of CT image and contrast enhanced
CT image
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CT image generation.
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Fig. 2. CT and contrast enhanced CT
image information.

2. Image generative deep learning network
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Fig. 3. Scheme of image generative deep learning
network with generator and discriminator

3. Analysis of generated contrast CT image
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V. Result

1. CT and contrast enhanced CT image

CT 977 2957 CT 935 Fig. 4o VERIITE HA141
HU 7t Wish= giAnh dx4 O] &4 o] th& 9 9<] HU
#hol S7kste] ddxA9] qx=rt FFES 1T F At

Contrast enhanced
CT image

CT image

Fig. 4. Represent of CT and contrast enhanced CT image

2. Enhanced CT image generation
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Fig. 5. Generation of contrast enhanced CT results. (A) CT

image (input data), (B) Contrast enhanced CT image (target

data), (C) generated CT image without histogram equalization,
(D) generated result image with histogram equalization.

3. Evaluation of generated contrast enhanced
CT image
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o] webA SSIM ko] =}
A THP < 0.0001).

Paired sample t-test (p < 0.0001)

090

Structure Similarity (SSIM)

085} i |

Generated
contrast CT without H.E

Generated
contrast CT with H.E

Fig. 6. Paired sample t—test of synthesized contrast enhanced
CT image with and without histogram equalization.

4. Short to long axis ratio of lymph node metastasis
region
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Fig. 7. Lymph node short and long axis ratio (S/L) of CT,
contrast enhanced CT, and generated contrast enhanced
CT image.
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V. Conclusions
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