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Synthetic CT generation from CBCT images using self-attention generative adversarial network

WU Shuyu', WANG Wei', YANG Lu', YU Hui', ZHOU Cheng?, MEI Yingjie®

1. Department of Radiotherapy, Cancer Center of Guangzhou Medical University, Guangzhou 510095, China; 2. Department of Equipment,
Liuzhou People's Hospital, Liuzhou 545006, China; 3. Department of Radiology, Guangdong Provincial People's Hospital, Guangzhou 510080,
China

Abstract: Objective To generate synthetic CT (sCT) from cone-beam computed tomography (CBCT) images using the self-
attention generative adversarial network (SAGAN) for improving CBCT image quality and enhancing the accuracy of image-
guided radiotherapy. Methods The CBCT and planning CT (pCT) were collected from 58 cases of head and neck squamous
cell carcinoma. SAGAN was constructed using U-Net architecture and a Markovian discriminator, incorporating a self-
attention mechanism. WGAN-GP loss function was utilized for adversarial training to learn the spatial and density mapping
characteristics of CBCT modality, which enhances feature expression in CBCT images and improves sCT generation
accuracy. Qualitative and quantitative analyses were conducted to compare the sCT generated using SAGAN or Res-Unet
(SCTgugan OF SCTy uner) With the original pCT for verifying model performance. Results The qualitative evaluation showed
that both SAGAN and Res-Unet effectively suppressed artifacts, while sCTg, . closely resembled pCT, with smaller errors.
The quantitative analysis demonstrated that SAGAN outperformed Res-Unet in mean absolute error, structural similarity
index and peak signal-to-noise ratio, particularly in soft tissue areas (P<0.05). sCT,;4y had linear regression slopes of 0.956,
0.959 and 0.839 for body, bone tissue and soft tissues, respectively, indicating superior CT number calibration capability as
compared with the other methods. Conclusion SAGAN demonstrated superior CT number calibration capability and image
generation quality in CBCT-based synthetic CT generation, providing a reliable basis for image-guided radiotherapy and
improving treatment accuracy.

Keywords: cone-beam CT; synthetic CT; self-attention mechanism; generative adversarial network; image-guided

radiotherapy

[ s B #312023-06-12

[(EETB IR A AR 3E4 (2020A1515110577)

[YEE BT ] B, A AF5E 07 1)« B2 QAL 35 R ) B, E-mail: wsyeasy@outlook.com
(A5 1EE MR T, 1 AF 9Ty 1)« BE 2 R AR 5 BUS AL B, E-mail: yingjie. mei@gmail.com



CT cT - 1357 -

e

[l

i

HEIZAR CT(CBCT) & H GRS | iy FH AR (IGRT)
T Ay PR AR FETURNAY Y St AR v i
TARICH H ) CBCT EHR S EUUE AL CT IR T Pk
AR G AR A B S A R R A VAT =l AN TR
CBCT it fGad Fi v 2352 31 7™ H ) HICH 85 AT 505
SEsm , L RS B AR O S 8, Ok AR T
RO BB TG PG 7 anfar B & CBCT
PGB, LLIPAS ST S i A 0 438 82 15 2 ) e 1
22 , HEI SR AR MR B e TS |
AT WFFE A5

$:T CBCT 194k CT(synthetic CT, sCT) #4241
TEIAT IGRT 154 fi B HOR T-Be, g Mg ab 315
LA BT FEAHE R BN CT (U, SR R i
KMER BTG — 78 2O T B (B 220 1A
[F) DX Al D SR PSR R (B T3, et e A o
LT B BE WS 4 )5 v  FR AN TR ZH S 4 Se 0 %
JEAEIEAT CTAERIEUE LS 1% 75 1 AN [ H 2L i 2%
2 5, BN B A BIRE B SOR B BTN [
SR ERBCHE, A0 R Y CBCT HlsE AL CT M RR A
GRS HEATICHE K CT (EMLSS 22 CBCT %5 0], 12807
V" EARORE TGRS B R WP A
UEAERMIFTE 27 R R B 5 > W RS A B AR I T B
P ATUIER , JEAAR RIS AR, TT e
CBCT B8 3 Ai kit , 5 s sCT BUR 19 L& ot &A1
—EMBGET SR, IR TR EE 2 2] (1 sCT & AL
BEAMTAFAEAN T AL A A XS I ZREicdis ) s 1
Beims AT BRI TN ARz AL AR,
XT3k 3 CBCT HA S 45 R A X, (2 Geps Ay
AT REXE LA B A Jm R AR A 2 300 e ot i 1) PRI e 46

ST, AT T A B A T 2% (Self-
Attention Generative Adversarial Network, SAGAN ) S Fil
FT CBCT Y sCTH M. %7 LM A H ) CBCT/CT
WIZREHE AT 2R, A5 SRR ST CBCT P BRAUR
RV AR R AR DG I ALTIRCER, A4 sCT
AR AEAGNRE BE R R I . ALK o Sk S8 CBCT #E47
TEPERVE RV, IPFHZ 5 A Im AR T R RS

1 ZRETHE

1.1 HiERES4E

A9 1 U B B A 5
(K S 58 1, AT AR 1 B Gt
ATFRUEAL T4 CT 1% (planning CT, pCT) 34, 75
TR IGRT Y7 AR XS Y CBCT 52458 . IR X I
PG R I R T EMSL LS U8 TS . pCT
R RANH KA E AL CT 35, 3 S HON 120 kv/

280 mAs, G Bl oy f T2 4311 F 2%, B AR R
R F4:0.97 mmx0.97 mmx3.00 mm, CBCT X ] &
BRIk Synergy B9 X VI, S H0E M 140 kV/280
mAs, DA 305G R EHR A e AR R
47:0.97 mmx0.97 mmx3.00 mm.

Xif {if A f4 pCT A1 CBCT W5 28 15 4 5 14 i b
BeAE B2 ¥ pCTHE NS Z B, i@k MIM 6.2.6 5
GLiEAT MR B HE , LIME IE W 4807 152 2% 5 2R I R
15 {8 431 25 5 b 1 45 MR 1 i 4 CT R CBCT
FHG R 5E 50, TR AE BRAMIAR R B R 0, ZBRTC
K5 F 8 ik, a1+ CBCT B4 FOV (Field
of View) ) fre K171 B4 | MH] o 4 #71 J2 1 1) RIS, ORH
G RS 8 3 2 256%256 5 i , 22 Bk Sk B8 A7 15
TE LT R RCE SR R R R AE, IR X CBCT M pCT 1Y
PRREIL % 0~1,

1.2 =gt

AT B SAGAN WHER AR BT AR
TIWUHIRERSESFEIES . A SR A U-Ne®E N
FLRPHEZE(E 1), Hop Encoder gt ¢l 431 58 CBCT &
PRI R RS R TR BE I RFIE SR, e 5 JEARIE SRR
DR 28 2 i, 15— 46 SR FH 2 -8 block Al Kb fb 2
YK 2 B . BT ik 4 B block R £ 1 3 4 T2
BatchNorm JZ2 F1 ReLU i1 J22 HREX I AR PR X 26 A i
WBIHEFIAELERE . Decoder I/ 7 5244 CBCT
BUGASTR] B FOVRBE AR AE R E A T3 iy, e
BRI Y sCT EME %7855t 4 2R i I 26 2H B
Rp—FHEFE U2 R A LR A2 PHEZ
F2 AR block HIRALN . [ REEZHIRAER A 245,
SCHREMG 4P E . B IS RLHOKE Decoder 2

SHIE AN Encoder [F]— JZHRAE K A FE Ry S RRAE 1 A
Al R AP 2 T O AN B, Zkini it 2 S5
block SEIRFAE Gty , Fe 245 ORIV JZ T sCT IS

TG i ) it A B 26 5 FH I BE AR R GO b
I eREL S 1 A BV R 8 B IR iy
TRAERE, AT I A DIRBR L5145 (patchGAN)
YE R SAGAN [ 25 , FH T F 515 A M5k CT 1) &
PRRRRE 25 1) 2 W) FH 4 R 2804 o Aol P45
A3 RURGE R 7xT B EUG R o i — G ) B R R
AT, DTS B AR B o 2% AR B AT B T3
SRR CT MY = M AR B A RE g o X
A2 SIS TV AR AR AR BRI, i SAGAN
RS A ZOR T R 5 2, 64 ) sCT FEMEHE it 18
FD G4 B

PR SR T, A 5 o 4 T 38 A iR 22
(MAE ) F45 R AR 48 B0 (SSIM) R N A Il 4 2k e
o BARAKIA (D).



- 1358 -

N e

5540 %:

Decoder

2 B>

Conv +BN+ReLU  MaxPooling

1024

Upsampling

512
256
128

64
sCT

y

Attetion+Concat Skip connection

E1 BEFEFEHNHISAGAN 4 B 2 M K IEL

Figure 1 Framework of the generator of self—attention generative adversarial network (SAGAN)
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