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Abstract In this study, we propose a method for metal artifact reduction in real CT images based on unsupervised
image transfer. We do not suppose the existence of training data with reduced artifacts or synthesized images of
metal artifacts, and focus on a problem to obtain domain transfer between clinical CT images with and without
dental metals. Based on the concept of CycleGAN, a novel loss function that reduces metal artifacts while preserv-
ing their CT values was designed. A adversarial training framework considering three-dimensional (3D) anatomical
structures and 3D distribution of metal artifact was developed. This presentation reports the preliminary results of
metal artifact reduction effectively performed by domain transfer learnt from 96 3D-CT images.
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X = {xi}(i = 1, 2, ..., N), CT

Y = {yi}(i = 1, 2, ..., M)

X Y

1) CT
2)

CycleGAN

2. 1 CycleGAN
GAN [11] X Y

(GX , DX), (GY , DY )

• Y → X GX

• X → Y GY

• GX(Y ) X DX

• GY (X) Y DY

GX , GY X, Y

DX , DY

50% DX , DY

GX , GY X, Y

CycleGAN [7] GX GY

X → Y → X Y → X → Y

(1)

Lcgan(GX , GY , DX , DY ) = Ladv(GY , DY , X, Y ) (1)
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+ Ladv(GX , DX , Y, X)

+ λLcyc(GX , GY ),

Ladv adversarial loss (2)
GY (X) Y DY

Ladv(GY , DY , X, Y ) = Ey[log DY (y)] (2)

+ Ex[log(1 − DY (GY (x)))].

Lcyc cycle consistency loss (3)

Lcyc(GX , GY ) = Ex[||GX(GY (x)) x||1] (3)

+ Ey[||GY (GX(y)) y||1],

X → Y → X

GX(GY (x)) x

λ adversarial loss cycle consistency loss
GX , GY (1)

DX , DY

(1) [7] adver-
sarial loss D

cycle consistency loss
G(x)

D

2. 2

CT
(1)

feature loss,
CT intensity loss

zero-centered gradient penalty [15]

feature loss (4) CT
CT 3

L1 CT
VGG16 [14]

Lfea = Ex[||f(GY (x)) f(x)||1 (4)

+||f(GX(GY (x)) f(GY (x))||1
+||f(GX(GY (x)) f(x)||1]

+Ey[||f(GX(y)) f(y)||1
+||f(GY (GX(y)) f(GX(y))||1
+||f(GY (GX(y)) f(y)||1],

intensity loss (5) CT

CT
log

Lint = Ex[log(|GY (x) x| + 1.0)]

+ Ey[log(|GX(y) y| + 1.0)], (5)

zero-centered gradient penalty [15] (6)
GAN

D

Lgp = Ex̃[||∇Dx̃||2 (6)

LMA (7) λfea, λint, λgp

G∗
Y (8)

LMA = Lcgan + λfeaLfea + λintLint − λgpLgp (7)

G∗
X , G∗

Y = arg min
GX ,GY

max
DX ,DY

LMA(GX , GY , DX , DY ) (8)

2. 3 3
CycleGAN x, y

2
1

3
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3 (a) , (b) CycleGAN (c)
feature loss , (d) intensity loss , (e) gradient penalty

3

2 3 CT
z

z s

T

T

T 3 1

Graphic Processing Unit (GPU)

3
X Y

z

X

Y

3 x y

Y

3.

3 CT
96 512 512 pixel, 157-515 slices

76 ,
20

X Y 2

1860
1662 CT

[-1000HU, 1000HU]
[-1, 1]

T = 5
1epoch 5

CycleGAN (GX , DX) (GY , DY )

U-net [16], VGG16 [14] CPU:
Intel Core i7-7900X, Memory: 32.0 GB, GPU: GeForce RTX
2080, OS: Windows 10

3. 1

Cycle GAN 3

Model A CycleGAN Lcgan

Model B LMA λfea = 1.0, λint = 0.0, λgp = 0.0
Model C LMA λfea = 1.0, λint = 50.0, λgp = 0.0
Model D LMA λfea = 1.0, λint = 50.0, λgp = 0.0001

Model B feature loss Model C feature
loss intensity loss , Model D
Model C gradient penalty
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