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WE EE SRR, FETHEZR CT (Cone-Beam Computed Tomography, CBCT) HIEI{E 5] SHA
RS R0 IE S 4B A 15 22 0 W s S A AR A, (LR PR ] [ A el AR O 5, BR ) 7 AR IR 1
PIRLHS, T sEEl CBCT A FEAE PRI HE, XHRTHEIT R EA B o AR — P Tl & i v
AL A g R G prAE s 2585 8 (Registration Adversarial Genérafivé Network, Reg-GAN), I8 i JERE X 2=
SRS BRI E A, SEBL CBCT BME M4 CT (synthétie €T, sCT) MIKEIEIE. 7% Bl ik I sE
46 1513k 2 b B ) AL CT (Planning CT, pCT) 5CBCTI 1% CREMFE<24 /M), 38 63 T+
BRLIZR, 8 flB#H A TRAF SR, FLEBE f pCT E#E T- CBCT B, BeHk)s pCT 1 ASHE
%34T sCT MRG R . 458 E/R, CBCT 5wCT K E (%R 0-250HU 2 Ja], sCT 5 pCT KE(H
ZEFAE-50-50HU 2 [A]; X TARHLIFIINH L, KE(EZ RN OHU. 55 CBCT ML, sCT BEIIF4
X% Z (Mean Absolute Error, MAE) M 52.5+26.6 HU [ % 36.6+11.6 HU (P=0.041<0.05), WE{E{FMELL
(Peak Signal-to-Noise Ratio, PSNR) JHi 25.1%3.1 dB #2F1 & 27.142.4 dB (P=0.006<0.05), ZEitgrHlrEa%
(Structural Similarity Index, SSIM), MQ.82+0.03 4k %= 0.84+0.02 (P=0.022<0.05). sCT 5 pCT FE{ZHH L,
FERFNEES MM PIEA>0.05, EFLSIHE L. SRR TTMEHRTE R sCT KGR & 53
T, IHERIR R ESeCPoSEE Bim, AR B G RBYT IR R S S T TS M BOR SCH¥ .
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ABSTRACT In the field of radiotherapy, although the image guidance technique based on cone-beam computed
tomography (CBCT) can effectively correct patient setup errors and monitor lesion volume changes, its inherent
scattering noise and reconstruction artifacts result in distorted image grayscale values, which limits its clinical
application. Due to achieve fast calibration of CBCT gray values in intra-fraction adaptive radiotherapy, in this study,
we innovatively propose an adversarial generative network model (Registration-Enhanced Generative Adversarial
Network, Reg-GAN) based on the deformation registration mechanism, which realizes efficient calibration of CBCT
images to the radiotherapy dosage by efficiently mapping the unpaired medical image data to the radiotherapy
dosage. mapping to achieve fast grayscale calibration of CBCT images to pseudo-CT (synthetie¢'CT, sCT).

The study included paired simulated CT (planning CT, pCT) and CBCT image data from,46¢head and neck tumor
patients (acquisition interval <24 hours), and stratified random sampling was used to divide the-dataset into a training
group (38 cases) and a validation group (8 cases). In the preprocessing stage, a rigid/registration algorithm was
applied to spatially align pCT to the CBCT coordinate system, and voxel resampling was|used to achieve spatial
pixel standardization. The Reg-GAN network architecture is based on Cycle-Consistent Adversarial Network
(Cycle-GAN), and innovatively integrates deep learning-based multimodakalighmentmodule to optimize the image
quality through joint optimization. Based on Cycle-GAN, the Reg-GAN architecture innovatively integrates a deep
learning-based multimodal alignment module, which significantly dmptoyes the robustness of the model to noise
and artifacts by jointly optimizing the image generation loss and the spatial deformation field constraints.
Quantitative evaluation shows that by comparing the gray/yvaliés of corresponding voxels in the spatial coordinate
system, the difference in gray values between CBCT and p€Z 1$‘between 0-250 HU within anatomical structures,
the difference in gray values between sCT and pCE is‘between £50-50 HU, and the difference in gray values for soft
tissues and brain tissues is 0 HU, on the other handy'the sSCT generated by Reg-GAN obtains significant improvement
in image quality metrics over the original CBCT: Mean Absolute Error (MAE) decreased from 52.5+26.6 HU to
36.6 = 11.6 HU (P=0.041<0.05), Peak Signal-to-Noise Ratio (PSNR) increased from 25.1+3.1 dB to 27.1£2.4 dB
(P=0.006<0.05), and Structural Similarity Index (SSIM) was optimized from 0.82+0.03 to 0.8440.02
(P=0.022<0.05). Dosimetric validation was performed using a multimodal image fusion strategy, in which pCT was
used as a baseline image and’sCT \was rigidly aligned to map the target volume and the organs at risk through
deformation contouring. The dos¢ saleulation results of the Treatment Planning System (TPS) showed that the dose
distributions and Dose-Volume Histogram (DVH) generated by sCT and pCT maintained high consistency, and the
P-values of the pivotal desimetric parameters were all >0.05, with no statistically significant difference between
them. validating the'desimetric accuracy of sCT in adaptive radiotherapy.

In this study,the limitation of CBCT image grayscale distortion on dose calculation was effectively solved by the
synergistic optimization of deep alignment and generative adversarial network. The proposed Reg-GAN model not
only enhances/the workflow efficiency of image-guided radiotherapy, but also its excellent performance of the
generated sCT in terms of image quality and dosimetric properties provides a reliable technical support for the
clinical implementation of online adaptive radiotherapy.

KEY WORDS adversarial generative network; cone beam computed tomography; adaptive radiation therapys;

synthetic-CT; generation modeling
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J&JT (adaptive radiation therapy, ART) J&& THETEZ RFIHIEE (cone beam computed
tomography, CBCT) 5| F A 2B IT BOR[3,4],  Fo R B AR 0T 3 02 Hh 23 1k B ik 441
(B3 FE B CBCT 34 e 4% 2B 3 R g AR 3 AR A8 4k, 5 IRR4a B i, st
B HE N T, BT E AL AR IR TIR YT, IR R ik AR BE AT X R st
MEACHIE YT 77 Z MR TT B SOV, ABJoRE 2 K697 A B 2 1) CT it 253
g AR IR AR . 55— 7T, CBCT a4 EME R H E dt Bk A 7 A BRI (5], &~
AP E O S AIES, I CBCT ARe EHEA T B FHUT HRIFGRIE I E, FrilimR B
K B Gl EARHER 7 A5 1E CBCT K EEAE[6]

B4 CBCT RUETEF BT EA LT =38 HE 9% (Tissue classification
method) [7,8]. [Klifik(Atlas-based method)[9]. HLE&2£>[10, 11]. L4025 75 Ei Bh
FERFAE 7 55 B AL AT o080 s Ry ) 75 0T PEMEAE T e B, R bk 45
PCYEE (RS P BER EU R s MIHLAS 7 ) 7 VA 75 BT BN R BURFAIE TR A 8L P B S8 A7 2
GV E L, BB R AP AR G R, BL R =H 5 ik B BR B IR AT E 1R R R
.

5 FRITEAEG, RS S ER[12,13)00 0] DLd i [ 2 3 sibe IO @O 2 S EHR
[ HBRS R &R, e 7 N T SSeia i SR RAE, 0] DS BN TR IURFE 5 3 200
MEEEE, NG EE A= 68 ). Bl A E[14-1 6 )& B8 FE 27 2] 7 AR S T
CT Bk 7 AR, H#-FIg4ixiZ2Z (Mean Absolute Error, MAE) 1] D&l 7
84.8+17.3 % 92.5+13.9 HU (Hounsfield Unit, HU )y Wi (e 44152 S i, s
R TGI8, Eon T IREES: S E MRI-CT S et R AT 198 FH A 5t

H 2014 G4 EAXTPUNZS (Generative adyérsarial networks, GAN) $£ii[17], GAN 7&
H AR B A U — B2 TSRS BT FE 34 1,42020,4F /1 Jonathan %5 (18,1914 Hi i 25 M4
BUNER M (denoising diffusion probabilistic models, DDPM) #iF 52 4= B 1 B i & AL T
XTHUIRES, 5 [R]85 =) 1 UG AR SR S 1E 2 B BR 5245 b 1) S FH Bk bk
2o R HIMES y CBCT KRR IETRME  —Fir e T, BAR . —KRM
BRI Z (CNN) T pCT 5 CBCT BURACHE, XM 2% BAR AT LI %d & pCT 5
CBCT 5P 1 3 52 BORS 55, (EL A ORI — FR e S0 Y AL R AT A JBORT BERAE, TRAL 3
RS HAEYILE pCT 5 CBCT BHMEZ RIfEE RIS AERIM IR RS LT, BESCR T
FEFEE . IR AR AT B 45 52 2] CBCT [ pCT FME HImLE < &, @il N\ CBCT K
BEEZEMD CT (synthetieGT, sCT). sCT EME IR CBCT 5 A WIfEHI4htt, HONEZER
IR 15 pCT M FHNHY S . A U PLAE 4% (cycle-GANs) [ ELE42K GAN
& H TR 22 R EOR AT IR BE 22 SR, —Seit 52 [20,211F] F cycle-GANs #E4T 1 IEH,
SKEER ) CBCTNEI B, 7331 THUF A R BIR cycle-GANs A HT-AEBCH 1) E&

B IR PAEDL AL EOE e 75 P IRRE A2, BRIAE B B H (1 S PR SS . Pix2Pix
D) 55 S P 2E Bl AT A O, S8 IO MR TIAL BN v S B R B s, AR R
BRI S B SRS A =, BIEANIE A T CBCT 425 sCT. DDPM 24K H R
Bl A S AT TS SRR A1 3 e FRIVR B2 2 SJ A SR, (H R 4R 1Y) DDPM Sk 2 R B 2 S i,
IRANIE TR 2 U A Bl DRI FRATTAR Hh — AP CHE X HT M 4% Reg-GAN, A B #% HoIn A%
HMPECTE IR 28 AT NS, DLIE B E X B0 e 5 23 AT

gr BTk, ASCE AR — Mol B A sl B g, 785 BUR SR B A By
CT, A LAMEAR S KIEIR G2 WL B IRy, 3 — 20 H o e dl 2% R iR, AT 5K
MEETPh CT AL AR A ETHE . ASCH E ZNE iAotk 4 F
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(2) ARHER T CBCT BUERIBUS/IhEE, JFERTE 7 BRI R (RS

1 BEYIRWE
1.1 ERIRE

AW T B EPEISCAE T 46 513k 3R R 8 (%) CT A CBCT MG, B3 7 Bt K2t
JBEE R B TARIG MGG YT, IR HLECAERNE Infinity ELZRINIERS, BUTIHRIR
4N Monaco (Monaco TPS, Version 6.2, Elekta AB, Stockholm, Sweden). Ft A4 46 2H K&
P51, ATV R E0R 80-100 7k, V)R 8500 5k Hodr 38 BiMENIZREE, 8 filfE
RNEAESE . FTE B E T pCT EIUE I Brilliance KFL4E CT @il (Philips Medical
Systems Inc., Cleveland, OH, USA) 3K H, BE AR NANEML, S8Rk
ST BT E T, SR SKBER P (120 kVp, 225 mA). EGEZRS512X512,
EE R 114X 1.14X3  mmd. A CBCT BMEIYTE B3 1 BRI XV #1445 S
ARG EARE, BHIE N 120 KV, BEGCHN 25 mA. CBCT BUEIZEN 4100410, R
N 1X1X1 mmd.

1.2 B&mmatE

FEFFVE A 3D-Slicer[22]H %+ pCT F1 CBCT EIG 3 T RIMERCHE . 2R Jo 4 %l 17 ic v )
CT BUEE XA R CBCT BIE IR ERRT, MRk S @ Np€T 758 BUE AL 1S hnit:
R 8 BRI AE 0 B R0 [X 3 A K 920 R O 8 B 1) 30k i O MIask ), DL 7E I i 72
W2 B AR AR A R e . BB K BEAE B 5 3 22 B[-1000, 2000](7E Y, AR AM X
B IR FEAE A 3 B N-1000 HU. K&Rgk pCT A EBET G M 4 rh 0 #8T 256 X256 K
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B HIARALEE . AR H A ERAEE . A N REEERULANMRZE Z A R, FLEM 25N
U-Net 2244, K452 B G AE Ei i 35 A7 it i AT 92 N BB 1) 4 sy AR Ry 8 O 52 /T o
FNEE AV EER I, PSRN 2 — AN R RE, 290 %A AR P & 4.
e, HEd TAEARE 0 (EED) 81 GBRD) Skife B EsL .

fE Reg-GAN 1, BT RR AN Y =yol , T FoRMNlIEAY, HiEMEE>
AEBENLAL AL B, DRI, 75 AR RS A ) 28 2 TR O AE Y 28 SRR e B, BRI R R
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Fig.2 Network structure of RegGAN

2.2 ERSBRINERE

FITAT I ZR I E2ME 647 Windows 10 #/E RS0 T 58, BEHC B B4 32 GB DDR4-
3200 MHz % 484 4755 NVIDIA GeForce RTX 4090 GPU (24 GB GDDR6X 4% ). #3115
FFIHE T Angconda MIEE I BIFREE, ¥R SIHESA PyTorch 2.4.0 (CUDA 12.2 i),
WESEREHN: SRR 300 epochs, HIUH2E>)Z 1x107* CR I 38 il R
50 /™ epoch FEREE T 0.9), i FAFHLHI (patience=15 epochs) ) i #2856 IE FE 40 2% bR 4
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Fig.3 Comparison of sCT, pCT and CBCT

3.2 BEgRERTEL

Kl 4 o 1 AH R Z i G TR K BEAE 22 e iR\ S il o A AR 7 o) [R]— i3 — Pt
A EUE P AT HE AR 55, SR Ja Rt LR 2 IS K BB 2 7 . O T 7 XL, 3R
AT 3 I BEHEOR ST R BY 500X 500, fiffiil] 4548 DX S8 K BEAE A —4-2000. 1] 4 Fi7w,
pCT 5 CBCT K JE1H 2 5 47E-250-250HU % [8l, H CBCT EUE EA W R IKEE, 1M
sCT 5 pCT TEARH S5-I N K 2 57 N-5050HU,  HA a3 g5/ AR U B2, S
ﬁh@mzﬂfﬁﬁﬁﬂﬁmw;ﬁﬂﬁ ENMIKEM A —E %R, XKW Reg-GAN 1£
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Fig.4 Heatmap of the difference in gray values of pCT-CBCT and pCT-sCT at the same slice

3.3 BFRETRERTEE
K5, 6 3L pCT AEANSHEEER, 43l 1 pCT-CBCT Ml pCT-sCT X Rifr & T 1)K
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KA, H'5 pCT () HU i -hZRULEC R 2. B 6 Bon 1 sCT KA ZL, bk
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Fig.5 Comparison of gray values under line a/e and ine b/f\of pCT-CBCT at the same level, Fig. (a) the
change curve of gray values of pCT; Fig. (b) the change/curve of,gray values of CBCT; line a/e and line b/f are
located at the same coordinate position in the space, respectively4Fig. (c) and Fig. (d) represent the change curves
of the difference in gray value between GBCT and,pCT under line a/e and line b/f, respectively.
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Fig.6 Comparison of gray values under pCT-sCT line a/c and line b/d (a) gray value change curve of pCT;
(b) gray value change curve of sCT; similarly line a/c and line b/d are located at the same coordinate position in

space, respectively. Figures (c) and (d) represent the gray value difference change curves of sCT and pCT under



line a/c and line b/d, respectively.

3.4 BEgFREELITEL

RS R B EAL TP B, ZEAES I pCT i HEIEAE CBCT AT sCT FME I 2% b
. BBRERA LR RZE (MAE). WEEEMELL (PSNR) FIZE ) HI U FE 4L
(SSIM) FRFRIEATIRAY, HFIEXSH AKX (4, (5), (6), (7). MAE fHili/, PSNR
FISSIM  {E#EK, RIAFTADIR EUG 2 8] (AU ik . f#H SPSS B 47 Se it #T,
L (xEs) For, XA BATEOS T 04T, HAF P{E <0.05 REEF RG4S

YN
FE N,

MAE — 2212 fﬂ%;CTl ~CT| @)
MSE - 2212 {%;xcz —crf (5)
PSNR =10log [r’;\l{a—gj (©)

g st e )00 ) .

2 2 2 2
(uCTI + Her, T4 )(O'CT1 Hoo + c2)

Hrx, y, z /5l BMGAE 23 [0 B AR ARIE, X Max,, AR R S R 2 {H, MSE AR
KT RE, HMAE THEITER. per acr@MREEUR G RZSSEMbREZ . CBCT,
sCT 95 pCT XL Rk 1 Fios.

# 1 CBCT, sCT 5 pCT (¥[G5BS b
Table 1 Quantitative Comparison of Image Quality Metrics Among CBCT, sCT and pCT

pCT-CBCT pCT-sCT p
MAE(HU) 52.5+26.6 36.6+11.6 0.041
PSNR(dB) 25.1£3.1 27.1+£2 .4 0.006
SSIM 0.82+0.03 0.84+0.02 0.022

3.5 FIBFEXHL

A5 IR ) pCT A1 SCT 43 BIS A Monaco HUT 141 3 G0 740X /A -l it
HEIX /2] I 4 LA A G0y DR AAT A R S B 8 BT PO BR I R A B
AT HPPOR 4 AT SEIXARVERE pCT 3T, 4 pCT A1 sCT M AR, 472
I 7 (45 H AT A A M 25 sCT b, (RAEPIRPBER CT ERRIX A5MIR—itk: iAA
AL TARS MBS SR (T R, AT E, 4 pCT ST HI MR 65
BT T ST, PIALHH QIR0 BRI A P 7 s«



Patient-1

Luaned

zwuened

K7 PIAEZS CT HIFFE A EAARR ) BE 5 &
Fig7 Dose distribution and dose-volume histograms for twe modal CTs
WA THRI TP e A =22 540, n¥EX (Planning target volunie, PTV) ] Dpax
(R RELX G ED . Dos (95%it i i 278 o FORE X ARRD . By (N EEIX D Jiki+
(Brain stem) ] Dyx (BRKINTHED Dyin GRS R B Dinean T ED 55
X ASHORATECN T Kb, i8R R 2, GRS ALIEE T BO5R B 22 2 5]
ERIGERE L (P>0.05),
K2 PSS EIRRYHE S HOo L
Table 2 Comparison of dosimétrie parameters of two modal CT
sCT(cGy) pCT(cGy) t P
PTV Dinax 5218.1+£1246 5179.4+134.3 1.4 0.232
Duin 4547.3£21677 4522.24287.9 0.457 0.671

Dinean 4898+136.1 4982.1+£144 0.643 0.555
Doys 4820.61142.9 4821.9+162.7  -0.106 0.921
Body Dinax 4247 4+1237.7 4304.9+£1218.9 -1.354 0.247
D 0.98+1.08 0.64+1.13 0.386 0.719
Dot 276.4+162.6 283.9+167.7 -1.652 0.174
Brain Doy 5184.9+152.3 5162.4+135.8 1.113 0.328
Dinin 10.9+4.5 10.4+3.7 0.664 0.543
Dinean 710+239.1 692.9+228.3 0.665 0.542
Brain-stem \ Dy, 3779.3+£2090.6 3837.7£2119.6  -2.331 0.08
Diin 38.2+37.9 40.6+41.9 -1.28 0.27
Dinean 1001.8+765.8 1051.6+£780.8  -1.652 0.174
Spain-cord Dy 921.5+£1950.4 908.7+1916.2 0.828 0.454
Diin 8.5+6.7 9+7.3 -1.243 0.282
Dinean 44.7+49.5 43.6+45.5 0.497 0.646
4 Wig

TER, BEEREEIBRKRE, CLEFHZE N2 N SR i BEUE A AR A R 2 A2
=2 SR A (23], AERL[241F0 3 FI25] 54 TR RS, ABFITIEH T — R BT HE R



L HIF BT R Reg-GAN, i Tl t L G5 B A i 9 26 o T s UK I ) . S5 SRR S
AR sCT BIEAHEL R UG CBCT BUR, kR T HUR A, AR RIR 1 83 g 2
4145, ERH Reg-GAN HIST THREAE SR EUR 2 2% FE e (b B B0 U iR . B E 78 [20]42 Hi A
H Cycle-GAN X ki i 4 CBCT B MABAAR #ER CBCT BIEIEATHAL, sCT B& K
MAE 4351 346.11+13.58 $#27F £ 105.62+16.08 (CBCT-sCT1), 145.95+17.64 #&7+ %
83.51+7.71 (CBCT-sCT2). AW FT[261FHIMAEE JIHLHIF CRGAN X H 17 i IR K
G EAL N sCT FIFRUTHIETHE, 4558 578 MAE M 47.129 %% 42.344, PSNR M 25.167
TE# 26979, SSIM M 0.978 J+ % 0.992, iESE | CRGAN RFURAL T-i# Cycle-GAN. A
FE Reg-GAN FAL M) sCT AHLLE CBCT BIME, ~“FIAHEXT R ZEH 52.54+26.6 /)N
36.6+11.6, WEEAEMELL 25.1 3.1 #2515 27.1+2.4, S5HMILUEH 0.82+0.03 25 %
0.84+0.02, HAAERHEEGTEE L (P<0.05), BUKREZLEERTREHAT. P
RIS R CT MR R EIR, 2T sCT WD iR, Hoes A E225805 pCT #
R —8uE, WA RIZE W ER TTHER 2 L (P>0.05).

AW EREAFAE LA, B S0 o 55 B L UM AR S 2R A8 T AR, BB 3 A,
FEHGUNNERPRREE: (D E2EEGESRIEN, &g S G = mE A1
Ky MELAEESZZHZA R AR WL % Ry P R 2 BUR AR R A TSR e B A, bRy &
R ZE RS BAERE . (2) BERIZEMI R IR, & GG AR e DL SRR TE [l A 51 45
2 KR R, SRR —E8EZE, 57 TN B (g S53%A
UL, ST LR R, N4 451 T RE vk A RGRIS 2 RBERFIE. (3) ik
BRI R PR, MG AE R B (1403 2 R 50 B s A R SR I DB, AT 20 225 ) IR AR ABL A o
AR A SR A . IR B SR AN K ek B L SR AT dE, SN BV E L
A= eSS MBI, B0 v 2 B H S NORTER 6 B INZI AR 2% 1 [24], TINS5 R
ABURE BRI 2 IR RN A0 AR PR, SR A AT TR IR B N3k — 2D R T A R o 20 /N 235 A R A0 2
SURNAE R . B, AR E bR 2 7 1 CBCT EMGH T a7 I & i 5
[27], 7EJG SR FE o i AN TR G99 T & 22 o A B SR R RV TR R [ 28], it —
WIAESEET sCT A ETHE IR PTAT M. BJEAFAE T 8O, HibEgekidire
HOERIEE ,  DAUE SR Ry AP A a1 .

5 45ig

AR T — A Rt A i 2 AR 1Y), 2 B AR 1) 88 TB) 0 N 09 ) T T A
2%, SINBEALGE 78 o Aiie et o ik N 25 o Rg S R R BOBEAT 5 R IR, BRI T BRI R
FRBCXT BHs 1P, DANTIT O3 1 % e 0T 024 Rl 1 4% X e 75 SR ) ) L. JE8 I % B CBCT,
sCT Al pCT IWEEIRE, FH 5B BT AT RE X LE, IESE T Reg-GAN fE R 2 B (R 15
RS A A DERE OB, A R (14 1 R B A 4B
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