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Abstract: Objective Based on the Cycle-Consistent Generative Adversarial Networks (CycleGAN), pelvic data from unpaired
patients are applied to achieve interconversion between MRI images and CT images, and the accuracy and dose performance of
synthetic CT (sCT) images generated based on this model are assessed. Methods This CycleGAN network includes two generators
and two discriminators. Based on fully convolutional networks (FCNs), two generators were constructed first. One converted 2D
pelvic MRI images to 2D pelvic sCT images, and the other converted CT images to synthetic MRI (sMRI) images. Based on FCNs,
two discriminators were then constructed for discriminating real images and generated synthetic images to facilitate the sCT/sMRI
quality improvement. To ensure the consistency between sCT images and MRI images, normalized mutual information was applied
as a similarity-constraint loss term to improve the model. The training set consists of T,-weighted pelvic MRI images from 35
patients and pelvic CT images from an additional 36 patients, and the test set consists of pelvic MRI images and CT images from
10 patients. Assessment methods included errors between sCT images and CT images and the radiation dose gamma pass rates.
Results For all the cases in the test set, the mean absolute error (MAE) between the generated sCT images and the true CT images

was 35.537 (+4.537) HU. The maximum voxel-based mean dose difference was 0.49%. The mean gamma pass rates were above

[ Wr#s B #]2020-07-11

[BEE&TE )EFK [ AREIES (11575180) s B I ARRLFEE 4 (1908085MA27) 3 L4048 T S HF2T 5 T 481 (1804209020039 3 24048 15 K 1
SRRLFAIFFE I H (KI2019A0240)

[1EHZ i | R A2e, it EFNFE R MG AL ) 2% 3] i 5Y , E-mail: shiangyi@mail.ustc.edu.cn

[BE1EEFER 1 B 2%, NG EAY TR REME AR 05T, E-mail: xpei@ustc.edu.cn



-2 . o B 2R R A Tk

538 %:

99%, 98% and 95% with 3%/3 mm, 2%/2 mm, and 1%/1 mm criteria, respectively. Conclusion Accurate pelvic sCT images can

be generated by using CycleGAN network and unpaired training data from different patients, and the dose accuracy calculated

based on the sCT images meets the clinical requirements.
Keywords: synthetic CT; unpaired; pelvis; MRI; CycleGAN
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Fig.1 CT (left) and MRI (right) images randomly selected from the unpaired training set
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Fig.2 The overall structure and two cycles of CycleGAN model
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Fig.3 Checkboard images of sCT and real CT images of 4 patients from the test set
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Fig.6 MRI, CT and sCT images and difference map of HU value difference between CT and sCT

| 2000
L1500

1000

] 8 7 1A ] 5] £ 5 DX 3 (10% . 50% A1l
90% ) AT T4k J5 ) 5t (1) ~F- 35 3510 4 22 57, DA KA [ 5
[ A Xk YA [ BR ofE R (3%/3 mm ., 2%/2 mm Al
1%/1 mm) {9 40125 38 2 8 A6 AN [R] (1) 700 2 130 4 DX
W, 25 RN T 0.5%. 3D S 43 Bt %
B, R A e A R, T sCT BUR HE T
TH AP 344 S 3 3k 2253 3K T 99% . 98% F1195%

F 1G9t TR Th A B R TE 10% .
50% F1 90% Kb 77 751 5 Ay 5 {1 114 SR 4 R Xl Py, A %
T Ty R -S4 R o 2 S A S R S5k
B, ZE AR 9 i A7 BB TR, ELSE CT AL sCT BTN
Fil 43 A 2 — B 5 7 10% Ab 5 70 8 11X 35, , i 161
(1) 5 FE 7 359 50) 4 25 S (B R 0.40%, f5 22 fH 0 0.65%
3%/3 mm ARIE RS 5 o SR AR 100% , i 25 (H
499.3%.

33t 8

55 4 45 3 F A TR) £ 3 9 L 74 CT A MRI &S
TN R AN [R], A SCR FHAS [R) £ 3 %) A e 0 4%
P52k Y1 25 CycleGAN M %, bF 5% T M L 1) T,-MRI
e W sCT RGBT A5 PE FORS A 1 o ] CycleGAN
THER T MRI-CT 24575 R BC e B AN 2 P, kA
T Wolterink %5241 2] (1% 4[] F 5 (14 B 6T 45 mT BE XS

1500
1000

500

=500

-1000

b:CT E1&

1000
750
- 500
250

,

=250
=500
=750

-1000

d:sCT E&



/G

a: BT CTHENFIENHE

b: BT sCTHH EHFIE 25 E

I 22 5%

c:CTHMsCTHFENHERE

B7 mEFIESHESRE

Fig.7 Dose distribution difference map of an example

0.5
0.4
ES
Ik 0.3
Hd
I
=02
=
B 0.1
0.0 s,
10% 50% 90% 10% 50% 90%
0w R DX 3 TR DX 3
a: FHFEESR b: FHMND R #
E 8 TEFEMEXEANTEHFEEFMEHMDEL R
Fig.8 Mean dose differences and mean gamma pass rates within different dose threshold regions
x1 NAEPAEEHREENFEZESTMNDEIR (K « s[HIVE, HZXED
Tab.1 Dose differences and gamma pass rates for all 10 test patients with rectal cancer (Mean=SD [ min, max])
D 38 3 /%
TSGR X 3 T 2 5%
V3%, 3 mm Y2%, 2 mm V1%, 1 mm
D>10% 0.49+0.08[0.40, 0.65]  99.83+0.21[99.30, 100.00 | 98.84+0.54[98.00, 99.80 ] 95.79+1.23[94.30, 98.00
D>50% 0.35+0.12[0.17,0.55]  99.99+0.03[99.90, 100.00 ] 99.93+0.15[99.60, 100.00 | 98.82+0.64/( 98.00, 99.90 |
D>90% 0.3440.16[0.15,0.60 ]  100.00+0.00[ 100.00, 100.00]  99.98+0.06[ 99.80, 100.00 ] 98.89+1.42[95.50, 100.00 |
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