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Generating synthetic CT in megavoltage CT image-guided adaptive radiotherapy
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Abstract: Objective To propose a deep learning neural network approach for transforming megavoltage computed
tomography (MVCT) images of cervical cancer into pseudo kilovoltage computed tomography (kVCT) images with high
signal-to-noise ratio and contrast-to-noise ratio, thus providing three-dimensional anatomical images and localization
information required for adaptive radiotherapy of cervical cancer, and guiding the accelerator to achieve precise treatment.
Methods The MVCT and kVCT images of 54 patients treated with cervical cancer radiotherapy were collected, with 44 cases
randomly selected as the training set, and the remaining 10 cases as the test set. A cyclic generative adversarial network with
gating mechanism and multi-channel data input was used to synthesize pseudo-kVCT images from MVCT images. The
network training results were evaluated with imaging quality evaluation parameters, such as mean absolute error (MAE),
peak signal-to-noise ratio (PSNR), and structural similarity index (SSIM). Results The MAE, PSNR, and SSIM of MVCT
images vs pseudo-kVCT (5:5) images were (24.9+0.7) HU vs (17.8+0.3) HU, (29.840.2) dB vs (30.7+0.2) dB, and 0.841+0.007
vs 0.898+0.003, respectively. Conclusion The generated pseudo-kVCT images have advantages in noise reduction and
contrast enhancement, and can reduce the need for additional MV-kVCT electron density calibration in dose calculations. The
dose calculation ability of pseudo-kVCT is comparable to that of MVCT, providing a possibility for the application of pseudo-
kVCT images in image-guided adaptive radiotherapy.

Keywords: cyclic generative adversarial network; megavoltage computed tomography; synthetic computed tomography;

image-guided radiotherapy; image quality
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TR T R MERR A, T LA BN AS B B A
IRR G CT(MVCT) RGE AT A 18 N T « SR,
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SEZEG ECAEZ N BEMVCT BHE L
o I 58 /0, e AR B #5090 T Y A9 S A
PRI, AR S H R FHTR B2 27 20 J7 30K MVCT B 5%
B kVCT K&, LU @ 15115 £ SNR AT CNR, 76 H
T T B R X

1 AR EFHZE

1.1 #EHEE A E

[ JET A 3 B A 2 e s e 2B B 2 R 54 B ey
Hom AR, T REBEZ TP RN 1~21H
) TOMO JA 97 o 75535 R N 26 i )N 2 i 7 v
M 54 1) B 5 £ v Bl AL 3 B 44 9018 R I k4R, BT
3 496 5K EIMA, Tl 4x 10 FIVE R AR | 25 SR 3z
fbfig ). Bt CTHIIRF AR kVCT BHG R
Ay URYT IEELHES 9 MVCT S I . 64T CTH
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Figure 1 Work flowchart of CycleGAN
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Figure 2 The planned kVCT image is equally divided into 3 parts according to HU value to form 3—channel data
a: TR kVCT & HU (8 B J5 18] sb~d: 1R kVCT B HU {8 3 %5) HUAH B 7 I8 s e 1R KVCT IR f~h K310 kVCT BIR HU B 3 45930 5 19 3 5K

kKVCT F4

= % W F fr ;)8 . CPU: Intel(R) Xeon(R)
Gold6139M CPU@2.30 GHz, N ff & 96 G; GPU:
NVIDIA Geforce RTX3090Founders Edition, it 17 N
24 Go ST iR o GeForee 3K 8 iU A -
515.65.01; conda Wi A< : 4.9.2; cuda it A< : 11.7; python
A . 3.6.8 ; Tensorflow fiiZx : 2.4.0,
1.3 BBgREFENIEIR

PGS S PE AR R F UL G AL H8 s L B4
S 14 48 %f iR 72 (Mean Absolute Error, MAE) W {H {5
I 1t (Peak Signal to Noise Ratio, PSNR ) F1 4% 44 4 {21
J% 5 %4 (Structural Similarity, SSIM ) % . H H K¢ X

/{1
1 ”’/7,”‘
MAE = Y ICT (xp.2) - sCT (xp,2)] (2)
'Y xy.z
MAX?
PSNR=10xlog ,, ——
ZUZ ICT (x,0,2)-sCT (x,9,2) P /n.n,n,
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Figure 3 MVCT image is equally divided into 3 parts according to HU value to form 3—channel data
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MAX 5 CT P kVCT B CT (M KSR o per
e MR KVCT FIEH KVCT BUG BT 1S R E R
o o Mo NiTHRIKVCT MPEKVCT EUR A 15 K
AMAREE . MAE 2RI kVCT P kVCT 3 T3
(9 HU fE 2 8] 4 xR 22 P2 {E . 1 PSNRJELL dB
BN ) G B B VAN T B, BUEHE N2 2 B/ )N
SSIM & —Ffrfy s 195 i P PR ARMLLE By g b , IR S
H-1~1, BB R AR G AR L

WA, R 1 BT M PP AL ST, B 5 A
B AN OLHR X 381 (Region of Interest, ROT) #E47 &
(SRR = N IO B g = N =W A B o e X [
FF kVCT EI& A9 11X #E X (Planning Target Volume,
PTV) . IIfi IR ¥ [X (Clinical Target Volume, CTV) P4 &
16 M A% B 1 A) I EE A A 2 O kVCT B L, I 4
il 79 27 S A8 1Y) S PR AR AL AT AR A R R L B2, A
FH TPS i85 2 3L T8 kVCT BUR 7 850 4, -4
il AH 5 114 751 & 44 B J7 ] (Dose Volume Histogram,
DVH) #4770 47 .
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2.1 BIRHESETESEE NI TEX MK RIS
FEARMEFE T, 238 4] R 4R CycleGAN £ 41 1 3
CycleGAN {3 J11 14 CycleGAN DL K Bk 3 5+
B JI14% CycleGAN B I 2R AT 1AL . R 14 ML T
B G5 Ty 1k 5 T B T TR ML AR Gt B b i sk
XTI, 5 MVCT BRH#EAT LA, XA KVCT /Y
AR RS H S5 MVCT MG SR 2T T
CEATEAL . BEAh, Tl g T I g A 4R

Fir A U B DN R S, DATTART I 26 57 R 78 K5 i
P& B R 45 B RS CycleGAN
YIRS de 22, 0 T s 1 i + 1 2 T
CycleGAN I R0 B 4f o 2R EEDh kVCT ER Y
MAE.PSNR A1 SSIM 1 (42.7+1.4) HU, (25.6+0.2) dB
F10.763+0.008 #2175 (37.2+1.2) HU . (25.4+£0.2) dBFll
0.806+0.005, MIX4E N kVCT K141 MAE . PSNR #l
SSIM {1(42.6+4.8) HU.(25.3+0.5) dB10.771+0.022 4
= 30(36.843.6) HU.(25.3+0.5) dB#10.813+0.015, &
2 JRIR T B 3 5 Ty T RN B T AL PTV,
CTV S KA By 45 /n) il X Sk i) 5], i 0 5 MV CT %
HEAT LA XA KV CT I BUE  m SH U L 5 MVCT E
ESEINZE AT T 26 . SR EITCIe 25
BESE  AJR T THEAILH , XF SSIM FE U F T e A A%
/N, 7E MAE F PSNR 550 R B 5 . [RIEF R F %K
PEHEDRHAE B 71T HLE Y CycleGAN BRI e A
b BEDE A SR AT KVCT EIR MAE 8 MVCT T [
T30%L) F.
22 ZEEHERMNTEZLRTMSE

F3REIR T 54118 50 B S AR B A 5
MVCT-5 338 kVCT(5:5) F1 1 ifiiE MVCT-1 3838 kVCT
(1: DIYINZEER . SSIMABESEAR AN . XF MAE il
PSNR 8%, 516 MVCT-5 3318 kVCT I 23R4 —
TESETE . RATRIR T 54 )5 0% 8 E SRR 1Y 5 58
T MVCT-5 18 kVCT Yl Zdh R 5 7 1 MVCT 15
XFHLEE SR . IR IR I MAE M (24.9+0.7) HU [ &
(17.8+0.3) HU,PSNR J\(29.8+0.2) dBFI%(30.7+0.2) dB,
SSIM M 0.84140.007 714 0.898+0.003,



, - CT CT

- 817 -

F1 BEEE A A IR NI NI R

Table 1 Comparison of training results of data augmentation method and attention gating mechanism

MAE/HU  40.8+1.3 42.7+1.4 39.2+1.2 40.2+1.3 37.241.2
AT 2215/ % - 4.73 -3.87 -1.46 -8.72
HE=S PSNR/B  25.5+0.2 25.6+0.2 25.3+0.2 25.6+0.2 25.4+0.2
(n=44)  FIXI 2 1H/% - 0.31 -0.90 0.27 -0.30
SSIM  0.769+0.008  0.763+0.008 0.796=0.006 0.7800.007 0.806+0.005
AT 221 /% - -0.74 3.54 1.45 4.89

P kVCT (5 R ) FR R CycleGAN YN ZR IS s Dh kVCT CEH g i ) 2= (0 FH A1 38 CycleGAN YIZRAY S 5 th
KVCT(AG) FR M FHVER 11 145 CycleGAN YIIZRII G s P KVCT(AGHEIG R ) e/ (i P+ 75 471 1 CycleGAN
Y EHR

2 BURIEESAFIERNIENEIN PTV.CTV. B R HFE AE XIFG# 0T

Table 2 Effects of data augmentation + attention gating mechanism on PTV, CTV, and OAR segmentations

MAE/HU  4.21£0.29 4.29+0.28 4.02+0.24 3.96+0.26 3.3340.19
AFXT 255/ % - 1.86 -4.61 -6.11 -21.01
PSNR/AB  39.9+0.4 39.6+0.4 39.9+0.4 40.4+0.4 412405
AT 22 /% - -0.65 0.14 1.28 3.24
SSIM 0.968+0.004  0.969+0.003 0.972+0.003 0.972:£0.003 0.977+0.002
AT 2215/ % - 0.06 0.46 0.37 0.95

MAE/HU  1.83+0.30 1.99+0.34 1.49+0.30 1.63+0.29 1.24+0.31
AT 22 /% - 9.07 -18.35 -10.48 -31.96
) PSNR/AB  46.2+0.9 45.6+1.0 483+13 47.2+1.1 50.4+1.6
e AHXT 2 E /% - -1.17 4.64 228 9.12
SSIM 0.985+0.002  0.983=0.002 0.989+0.002 0.9860.002 0.991+0.002

AN 2218/ % - -0.25 0.38 0.09 0.60
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Table 3 Comparison of training results of the multi—-channel input method for PTV, CTV and OAR segmentations

X4k ZH MVCT fhkVCT(1:1) kVCT(5:5)
MAE/HU 4.21£0.29 3.47+0.17 3.3340.19
FAXT 2406/ % - -17.64 -21.01
PSNR/dB 39.9+0.4 40.9+0.4 41.2+0.5
o AHXT 22 E/ % - 2.63 3.24
SSIM 0.968+0.004 0.976+0.002 0.977+0.002
AHXT 2215/ % - 0.88 0.95
MAE/HU 2.43+0.23 1.93+0.11 1.85+0.13
AHXS 22 B/ % - -20.53 -24.15
PSNR/dB 43.4+0.4 43.4+0.4 45.2+0.5
v AHXT 2205/ % - 3.06 4.04
SSIM 0.980:0.003 0.986+0.002 0.986+0.002
AHXT 2B/ % - 0.62 0.64
MAE/HU 1.83+0.30 1.30+0.33 1.24+0.31
A 2205/ % - -28.72 -31.96
B PSNR/dB 46.2+0.9 49.9+1.4 50.4+1.6
FEXF 2241 /% - 8.08 9.12
SSIM 0.985+0.002 0.989+0.002 0.9910.002
AHXF 2215/ % - 0.42 0.60
MAE/HU 3.4140.27 2.25+0.25 2.19+0.24
AT 225/ % - -34.13 -35.95
- PSNR/dB 39.140.6 42.2+0.8 42.6+0.8
AT 22 /% - 8.08 9.02
SSIM 0.988+0.001 0.993+0.001 0.993+0.001
AT 22 (H/% - 0.52 0.54

1: 1R 1 MVCT-183iE kVCT; 5:50£ 53 i MVCT-53# i kVCT

F=4 MVCT 5% BERNTG ERINGERITLE
Table 4 Comparison of training results between MVCT and multi—

channel input method

pllEss WA

g HKVCT THKVCT

MVCT (5:5) MVCT (5:5)
MAE/HU 24.9+0.7 17.8+0.3 204443  223+4.7
AR 22 B/ % -28.35 - -24.24
PSNR/dB 29802  30.7+0.2 28.7£0.5  29.7+0.5
AHXT 220 /% - 2.85 - 3.24
SSIM 0.841+0.007 0.898+0.003  0.834+0.016 0.896+0.009
AHXS 2B/ % - 6.78 - 7.42

2.3 FIETEBEHFEM
SR KVCT . MVCT AP kVCT BEAT 57 5

THEAL, AR A5 R 10 A [ (1 4) FI DVH 2R (181 5) .
iAol LR B, O kVCT Ml s R 45 R
MVCT #iT

33 ig

AL T — Pl I TR B 2 o b 28 I 2% 11 AR
G T, SEMMVCT 245 kVCT i EHE A R, el
7 H SNR FI CNR 2 AR dik 5, MVCT 1Y B it 1 15
BT RS ARPCRA T SRR R ANE R ]
TGS A 0k U T ARG R 45 5 . Bodi 1G5y
XA KVCT BB RBCR s 5k 3 Bl 3 o
A LAY SR SR A i, T AR S A 2 R T, s
/U ) 2 3o JULA I DL IR A R SRR T i
Tl PR B A SR R AT R S o R AR RS B R Y
KRR ) 3R W I MBI T B B R T 4%
Bofl & D ) T AL AE O KVCT B9 PTV,
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Figure 4 Calculated isodose distribution maps
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Figure 5 Calculated dose—volume histogram
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BILA 236 T O 286 Xk 8% e | L P 45 e B B TR AL
SR, T NGE CycleGAN R28 BN R0 . i &
HZJA  WEINGRnT LR R A Ve .

JRUAE K B 5 Y i AL, (H R CycleGAN
AN R BOER A, 2 2CH B RS T AR
I8R5 /D, R LR T 2238 T B i A 1 I 4%
YIHBER AT
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JE I N kVCT EUZASTA], LA RO R 32 A0 T 1R 9%
SRR T R D P B0 o T AU T R L B )
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TEH A 60 HU, % 55 A 300 HU A5 Bl , 13X 5 A&
FE R R SR B 56 o SR, X b AR TP IR B 4y
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Figure 6 CT value—electron density curve
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AL HRE T EG R, I HARTE SN MV-KVCT
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UG5 15 [ 38 T g FH 1 R 2 s DX I e i
1BIT .
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