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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
HelY(deep learning) 7152 AFE At 529 &%
& Garels ANl weba] oheket ofellx] 3]

g2t A=
ol&+aL gltk.

53], |54 14 U A oke] B} viS- Eom] Ggel
R YR G ATY L AR 99 Y A 5

ohgh AR Gk A47F K8 Folrh[12-15].
20161 Neural Information Processing Systems (NIPS)oflA]
Ian J. Goodfellow”} generative adversarial neural network
(GAN) BE&S o] 83 3 AN Held UETE AlQksision
[16], o]% &g =g 7]9ko 2 InfoGAN, ACGAN, CGAN¥}

e E}ok?_ HES IR Hgkste] &s] /|E oo 17].
ol&¢t Held A& Ao /Mg & EAEL g5
tlojgle] FZolt), o]gft EAAE A S 5171 $laiA] o]
AFAAME CT 997 GANS: o] &sto] SzlolElE S7MA71=
ATE Y318, 19]. Frid-Adar et al. A= CT
Ggoll A 7k B g oS B3 9AS deep convolutional GAN
(DCGAN) R4d3} auxiliary classifier GAN (ACGAN) Rd&
o]-83te] Bl AlA 1F HW S SISl o % AE 9
< olg3lo] CNN 7|uk 257 BlS isele] A3E Hr 18Il
Jin et al. &7l 4= conditional GAN (cGAN) E2-&- 0]-8-51]
# A4 T8 918 3% vlolHE s ATE Taﬂé}oﬂq
g % 43lod ONNE 853t 7 Ag:

r_{
rulm

o

o o

Ben—Oohen et al 9] =2 cGAN RS 0|81 PET 9
AEH= 72 Qs on o =R nfglon A7
9| g1 CT9 PETS GAN EEg o] &3l 9448 43

T A5E FAsTH201.

[1l. Materials and Methods

1. Preparation of CT image and contrast enhanced
CT image
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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
A3El 29574 CT 783 Al 293574 CT 979 Abeol&
g4 0= Hrleto] AR ] J5s F7kslGinh @lde] xjo]
£ Hrtshs SSIM W2 o Ui-9] 724 JRE F53}o]
AA| Gt vl Q] Het, txE, 183 AR fAEE
T3kl o] & AR FEoEMN A fALEE Atk WiHolth
[25]. SSIM9] =218 3] % (luminance, 1), W] (contrast, c),
TFE(structure, s) FFZ FAAHH, F4L S 2}

W

2 p, + C
l(a:, y) - ﬁ (2)
Hy :u’y 1
20,0, + C.
7y 2
W) =5 (3)
cle.y) ai+ai+ G,
_ U;lf;l/ + Cd
s(z,y) = Y 4)



44 Journal of The Korea Society of Computer and Information

AHow Az e
o) SSIME ofel 44 59 o] is] B
1 Afole] k& 7MAe 19 /eSS A el A, 0
o TPhe5E AA Gt Aol e :

SSIM(z,y) = Uz, y)c(z,y)s(z,y) (B

SSIMZ 3|~E T3 H&slg Foto] Agst Adi(z)et A
A @& wawgk SSIM gkt S|AEas FEstE A
32K T, Y} AA 29Z7 CT Oﬂxl-(y) Alole] SSIM #He-

SSIM(zy,y) — SSIM(z,,y) (6)

SSIM #S vige s AdE g
(paired sample t-test)¥'HS o]&3}
FrojuAS s TH26].

2
oZ
o,

4. Defined lymph node metastasis region
CT 943 =954 CT Oﬂ*‘, aza A i*’é%% CT

Rl HZA Ao F

>
™
m0)
2,
N
frt
>
>
op
i
rlr
w
=
o
5
o
)
j=]
[0}e]
oy
%
w
=
o
o
@
C
EE

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)
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Structure Similarity (SSIM)

085} i |

Generated
contrast CT without H.E

Generated
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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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CT image Generated
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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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