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Research and application of sparse view CT imaging based on

Transformer network

ABSTRACT

CT imaging is conducted by utilizing the differences in X-ray attenuation among
various human tissues, thereby enabling the acquisition of the attenuation distribution
within the body. After obtaining the projection data from the scan, the process
primarily involves reconstructing the attenuation distribution utilizing this projection
data, ultimately yielding the corresponding CT value image. In order to reduce the
X-ray radiation dose in CT scan, two approaches are usually used: reducing tube
current and sparse view scanning. Compared with the method of reducing the tube
current, sparse view scanning has the advantages of less data, faster calculation speed,
and wide adaptation to the clinic scene. However, sparse view scanning leads to the
loss of projection data, which results in the reconstruction image full of steak artifacts,
affecting the doctor’ s diagnosis. Therefore, improving the imaging quality under
sparse view scanning has always been an important issue in the research and
development of key CT technologies. With the establishment of extensive data sets
and comprehensive sample libraries, deep learning technology has been extensively
applied in image processing following sparse view CT imaging. This approach boasts
the advantages of algorithm ease of implementation, independence from original data,
and excellent scalability, thus representing the primary research direction in recent
years. To solve the problem of serious noise artifacts in CT images due to the
reduction of projection data, this paper proposed a series of sparse view CT imaging
methods with the advantage of Transformer neural network to improve imaging
quality. The main work and research innovation are as follows:

(1) The image degradation of sparse view CT images is more complex, and it is
difficult to obtain satisfactory results in a single image domain. Therefore, this
dissertation was presented the processing strategy of combined projection domain and
image domain, and establishes the reconstruction flow of hybrid domain network
based on Transformer block to promote the imaging quality of sparse view CT. The
method adopts a three-stage hybrid processing process of image domain, projection
domain and image domain, and improves the image quality by combining and

complementing multi-stage information. In addition, different Transformer modules
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are designed according to the featrues of noise artifacts at different stages to achieve
differentiated processing. Furthermore, the method adopts differentiable analytic
reconstruction and projection operation to establish the conversion of projection
domain and image domain data, and finally achieve end-to-end sparse view CT
high-quality imaging flow. The experimental results show that the network model can
initially suppress artifacts and noise at different sparse view levels CT images, and
retain the organizational details of the original image as much as possible while
removing artifacts and noise. The quantitative results show that the reconstructed
image has higher quality.

(2) In order to better solve the problem of tissue edge details restoration in the
imaging process of sparse view CT images, this dissertation introduce Transformer
network generator into the generative adversarial network framework from the idea of
generative adversarial learning, and proposes a Transformer based generative
adversarial network for sparse view CT image artifact suppression. The network
consists of two main parts, the generator and the discriminator. In the generator
network, an encoder-decoder structure based on Transformer is designed to replace
the convolutional filter in the U-shaped network and extract high quality global
feature information. In order to recovery image details and suppress artifact features,
the generator use skip connections that allows the low-level and high-level features to
communicate and merge. By adding a discriminator, a generative adversarial network
is constructed to optimize the performance of the artifact suppression. Experiment
results show that Transformer for sparse view CT image processing can effectively
retain the detial and texture information of CT images while suppressing noise
artifacts.

(3) Combined with the work in (1) and (2), we further combine hybrid domain
processing with generative adversarial learning strategies to build a sparse view CT
imaging algorithm based on dual-domain Transformer to generate adversarial
networks. In the projection domain sub-network, Transformer network is designed for
projection data processing to repair and restore the missing data of projection. In the
image domain sub-network, since some artifacts have been removed in the projection
domain sub-network, the Transformer module in Chapter 4 can be further simplified
to reduce the network complexity and improve the inference speed. Meanwhile, the
generative adversarial framework in the image domain can discriminate the processed
results and target images. It can continuously optimize the performance of projection

domain sub-network and image domain sub-network. Experimental results
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demonstrate that the hybrid Transformer network is capable of achieving high-quality
CT images, exhibiting superior performance in artifact removal, structural
preservation, and visual observation. This advancement can significantly enhance the
quality of sparse view CT imaging, generating diagnostic images that are deemed
acceptable by clinicians.

In conclusion, this dissertation summarizes three distinct Transformer-based
networks utilized in the study. Furthermore, it presents the ongoing challenges
encountered by sparse view CT image imaging methods at the current stage and
discusses potential future research trends in sparse view CT imaging in light of these

1ssues.

KEY WORDS: Sparse view, Transformer, Image restoration, Mixed domain,

Generative adversarial network
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Al g FECEAL BORE R 77 AW Sk, EBREE IR RS M A EN, EA
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SHIRE R N CT GO E 7T, RS est. Tisb 346 1 FEAE
R — M ARG S R E R, SRS IR T EA R — e I, W, B
B RA G PAT, ENY R, BdRED, RN AR
A2 T B EAE P RAE B, 1T 3 e R MG R e SRR, R e
IR 1K o

DGR P AR SR A LU =R — N CT #5e(5 B 5 e
HAF A N G2 B TS S AR B v, ok I s DA R 48 3 3ol $02 e
JE WIS BT IR AL B, DURESAEREAE R, b mBdR sk, LAy
5 JR GG HHRE AR E 1 o B T4 A R BUS B, AHE BRI AR 2 - R R 22,
M R R 8 R FOARR S 2. . M CT BEHEEEE A & @ R E% AL
HEA, DA S et A CT BIS ERROvEE, vI15 2 (S M b AT S0 b
G TEAFER RS AR, PR EE T, BTReRAES CT



LR R AR S
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W AR B, AN I MELT, SEEisiiias, AP R AN, 5 E
m I . kX Transfomer P28 1518 IR 98, 8 VTG PR B FH (1) 3 284 4 i £
FE CT B HEE, DMEEMEL AR CT BAGEARMIGIKN A, 22# CT 297 &%
ARFERARRAS, A& DR, w2 W B H 2 X

1.2 EASMAZIR

1.2.1 fRH CT A& 73 A IR o4
(1) BFEHE RS

SRR SRR B BR AT IR B IR A2, DL BRI A e = D e,
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B RCRMSY, Cul FEAF BB B M AR, - T Rl B &N
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FhAEE AT 7732, Btk B AR s £ AL, AT RGN 7 Bk iR g R,
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Mool 1 CT F 4 IRORS 1 B AN HHE A 2R 081, [l 55 B TR O HERS , BRI e R A TV
HEREAWTRI . S50 TV KRR, FRET AR T7 K T 5 KR
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FEREAR IR 2%, Ak — B3R T8 REBO, Li 542 H — M 3V B AL
3D BRI NS, R F E Gnht e B B IR R R T X 4 1t e, DLSREIAG T
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m VRS, AP OIELNEE . BTN 2SR = IO iR B
AT 285 o FEUL AN B XS &8, AR o BN g, DR Ak A 2 R 25 11
PERE . FIA 2R I 1) 9 JE MLt 2540, (TR SR Gy Ak, ISR B .
LIS RN, T R A E A B CT ROy 24§ 1) Transformer A2 i Him 4s, HA
AT HHERTRE Jy, AEAHIE S DY 2 IR RN AT R OR B T CT BRI &5 M A1 o3
ERE.

(3) 4G (D M () MITAERBILSE, #—58, BZHBIRE AR K&
AT S RS AR S &, fERGZ A B By, B TR AR A B
Transformer M %&, XS EAE G 73 BATIEAN S B R, BEI0AE 5Ot I 28 M
AR GAN T ARG . 76 EURIRAL BB B, WER1GH) CT BR 3 — B AL 3. B
B TR T 42 ¥ Transformer BP0 H, A4 m & BN R L BARS E . [FI,
Fe = M 25 U 2Rt R S ek T B, ANAE BMBISAE B B A ) s, A 2%
MR RNFR, AR EI LS, SEIGRM, @G G120 B A BNt
Transformer W% 7] 3145 =i & 1) CT BME, D52 2B T7 T H AP Fh 7%

1.4 BNETRH

WX FER 6 ENE, HAEZAuT:

B 1E, WEMEIAR T CT BEERI T SO = S, X H A E b b
FURBLA T T E R4, TR SO R E TR T RIZRN A, e —ER
ST R E RS .

52 &, NMEAL CT BRI 2 &= A M s g A g AT 7R, EZENA
T BB N 2% ) Transformer W 2 AN [RIBEER AL S, RIS 48 7 0 2 T
Transformer 245284 [ # i A 5 CT BEUER 71« RINIE A48 170 S 0 B 4
PA S PAR TR 45 o

% 3 &, 3T Transformer HRIVR G35 48 Wi /1 CT Gt 7. 4
7R A g% A B RE, B3 R I Transformer W 2% 45 14 A1 1] 45 5
Transformer 2% S5/ T, LAAE BT AT i85y Bl plr EE R R, @ 4sgid 5
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LR R AR S

PGS R A 48, A 26 SIS 5 R 1 iy 281 0 (1) A i A1 B2 CT AR B AB . il — &
ARG, XA R I REREAT TIE, RGBS EUE TR T

04 E, NTERIMMBEAE CT BEM g, st 7% H50se4sm)
AT 2% o 28 A s R B & FH IS Transformer W25, 38 32 /5 2652 B Jb
EREE, BGuRAE AR AT RE 7T, T B T R g DL R M gk S5k . It A
RELLS, A i Y 5 A SO B 28 45 5 I D 2 2 BRACR . B fa i Ve i 2
AL, HAHEZ AR R S AR

55 &, ETATHMBOSRE, RERES T IRAG B AR o i 2
J7i%, fE T — R A1) Transformer P25, &7 T #5052 A0 UG E b i Ab 22 .
TZEE VYU 1 455 380 9 28 B84 LS BRI X 2% e it JF il 78 22 Bl
FEHHRAE EISER, vRAL IR B TR R RRRE, LTER] T TR X s A R R A
PEo bk, SIS IR B A LEAS, IR AR T AN[A] Transformer W25 (114 g
ZE 5o
%6 &, MR NAERAT 7RSS MAKEE ., AT RS [
AEEFR 7RSO BT TAE, BIH 7 4 i B SRR B O = BRAE, IR0) J5 22 AT RE Y
BT T e 1 ATREPE O A



LR R AR S

F2E CTHREXRERHEMEZIED

FEFARA LD BTG DL T, W aRAS bl R AR, IR Mg CT ik
WEFCAR I — R B AT, oy, AR IR L S ST g R SE R s A L CT B
R, S AT A AR I L5, R BAR D Bk R
BT CT WG E @IS RE T, B A A R ANBEERAEA e 210 51 K (0™ B 26 4L
DN ESRIBE i e 75 1) 5, ASHHF 7T LA Transformer 22440 4 8 21, KRR IE M THHi M
CT WG EEMCIHFIL. BTG, KPR G s st /A 5 CT &R
RATERA, FHMER A B T ZERE A CT BURALBESAR R A R P . A 1 IR
NIRVT Uiz FUR B2 2% =) I 2% 1) B2 CT UG AL BRSNS, 5o 48 Hh S B S 19
e LS I A ahs A DA A A

2.1 CT iR

CT MBBARTET X HExT S A& HL R Z RIS, B el X 94
FIENBIEREE AR . XD R, R EER B R X LS 5t o
RS S, BEmA RS TR, MR E N ERER, XSt at
B, MmiAsk CT G, Edm & UK R UL, SRR A B RE
Xt N AR N AN TR X A8 AR IR, 8 N AR A A& SR At 1 B
MBESER . CT AR IR — JF B AT 2 [ ] 2-1,

K 2-1 CT g f2 R # R =

Fig. 2-1 CT schematic diagram

B G CT BURBEAS AR IR % FhZHZR 25 B DX il o 58 LI AR BB
FFE, CT BME RN —EE KRR MR, B85 2000 2R ANE K] CT (H5RE .
BT NS R RN R B4, R, 2 CT Hitrh, RS
SR N T 1) B AN R0 A R CT EA Z BRI A & 5w
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LR R AR S

X 7EG ERRE CTEFE R, HEHssm 2 EBUES LA AT v] Wk, % CT fH
AR, 1% BN E DA B THe T BUR I 7 pE e VAL B ) o 58
P FAE A, BT 58 e, AR A B AR CT BRI o8
Ro N T MENFER AN BN E, — RS LA R CT ERBCE &
A=

CT AR EUE F 22X A R R, W5k 2-1 Pis:

#*2-1 CT EHR ey
Table 2-1 Noise and artifacts in CT images
2B Do A R A
B H B BS54 1) R AT e T BOMCIRBUIE RO 52, (A
W, R BN AR 2R BURIAR R .
an,  XOGE IS A B A E 2 S EERRE,
AL W00 45 14 453 7t i sk e ]
A0SR N B AR P AR AR R B e R AR

B A R 2

B IBAT R (152

e A%
FIRPIRIE LB R 5140, T O P R
S A ) A 2 B 5 3 AR B )
BEEMES S
RSO B, M EE .
‘z~‘lla\ , Bl E A 2 , 3 2
i R, TSN, i

JRARE. B B IR I AR B

AR SC AR A AR R T BN A D A B R 7 L. D T
oA Mg A P OR (1 CT MR B & R R IR, 8 St A R SRR Al R 7 5

2.2 ERHZEMLE

2 JE AP N 28 SRR AR JEE 2 S BOR R4 7 Bl 1) 22 )2 R, AR il 51 X
R Hr, BRI NGAEy—FOCHE ) DL SELT B, HRs 2 AbfE
T FHBSRE A R 22 0 B iy S8l SR SR A 1) R =) B R 3 50 2R R0
HE AT HERE, RIS AENL AL BEAE 55 P 6142 A TECRMBUR 522 0 1) s g
CNN ZZHEAT BB R AR S ORI R a8, 8 I B AR Joy 8 XS 4%, EIHR
s AR I, BRI 2%l 3R AR SR AL 5 e 2 AR 2 s R R
SARIE SHE o AE B2 BB e, — AL ) ONN B A TE A5 B R =
WAZE LK BRI, R=F/MT CNN FEREZE .

22.1 EHE

ERMEMEE DB WM GIIESR) o XM
B IR EUREAT i, 9 T PRRIESHE, AT AEAERE G AR 22 ) 45 v e
e 28 AN _E— JR A A 22 WY 2% 1K AR SR o SXPIER AR B T AR AR R D e 22 4 Y S A4 IX
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. EERED, ZEAR SRR B MEASH, EmaEE
FRZ BRI, B 5 FE A = BEAAR A, T B AR B2, EIRE (E
EHH) M4ed b, SR SRMANERE EAHEYIE . tldul, PR SAH
1) COEFERNE L) , AR Bk, W, e thes g2 5 A =G
BZEA M, MNMRE TRANE SR GRAK/DN (Kernel Size) IR
(Depth) B (Stride) 5ZE4HA (Zero-Padding)

(DHBFAZ KA

ERUZ O RSl AT P (SRR AZ O S R RS, XA R 20
90 25 [ SRV Bl A LR SR o BRSSO ARZ O R R R, HL
HM 3 2 11, DAEIE T AT BAER— SRR PRCE 2 B RCTIER AZ, IXFE
AU AT DLERAS 224 BRI P R

Q)FRE

SN IR, XA A RS (582 (Input Channels), 5 5 th &
NS, EREE R TR L RNRERA LT R, A
JURTULE LI PR 4ERE, R B BULMEAR (B EA —ANR
FEERZ) KRR,

Gk

R B C & IRIAAUAE Fash K, BOvE K. B (L
EHD DKL NEL T, BRRAANZS 1 MR, BahRAZEs) 1
ANTC. PR 2 NGO, BRROAER KBS GR, A
PDRE, MKUCRHE.

(4) FHEFR

TR PR VFOR B IR AG AN K/NIBOR, ORI S A A HE 46 P — 55 W]
MERFGIRE B R E . X T RADNEBRR, Bilgoe CERRAGIRZ I RN
—FE, AR IR .

2.2.2 Batch Normalization

FERRZ I 28 I ZRaERa ey, X 4% 25 H0 0 6 1o B2 T ok SRS ) I it 5 B2 22
R 2% AR B 070 A R PR A 2 S IR R e 20 o XA DR 2 8 S 8
TR IRV NS 70 A (R e I 5%, A0 1) T 50 A 1) 55 5 R 7 1), 3R 7T X oA 2%
IR R A U WA . #E 2015 4F,  H Sergey 2 HidttJH— 4L /= (Batch
Normalization, BN) [FI#AETO, w70 BTG S B AR ZAFAE B 58 H — 4k, S
BT ES T ZEZNS—, 2 aMATNGSEATIEN, E18 5 fEHMERA
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FANRI I AR, X — AL e UG AR P A 28 WX 285 HHopehs B 1) I R
223 tikE

WAL R SRR o7 ST oHs R — R ZE R A58, B AT DO AN B 2R 4T R ke
I HE R, FN R EERMEE R W EEE BRESREZ G, ATUA
RO ps > Bl AN SR R, SR R USRI L ANZ AL RE 71 T AL R I Z5
HERIZRML, Wl 2 A8 2 g B s A, RS UE B i N B 3Tk AL
HAE, 153 M HURE B AR T2 F b A 8 A AR 24,
112 A8 — P g AL R 8 Bl Rl IR EE . i in s

mAithft

NN O B

Sl o || =
s o
EANEN o0 o

N 5
T BE
Kl 2-2 s it 5P B i s = K
Fig. 2-2  Schematic diagram of large pooling and average pooling
AL R B e > Bl B AT SRR, RN PR RIS R . B
L3R i AL R SRk A2 AL RE /0, Sl S S . FLAAR N ALl -

Figithit

2.2.4 Transformer &

Transformer #& £ 2017 4FHH Vaswani 55 A BT H 10— P 20000 4 28 0 26 44 51
it FEUAERITH, AL ML (RNN) S g (CNN) 7R
ot LN HARTE S PR DT AR SRAT T ARG RCR , (HEA TR AL B PR B ORI OC &
FIATHHHE G HAFAE — 284 £ o Transformer [ H B IE AN T fiff Peix & i) gil71-81
Transformer F#% 0 JEARE HIFE R JIMLE] . £5 0 RNN A CNN 7E AL 7 515045
I, 5P A R TR, A DU KPR B AR ORISR . T H TS
JIWL VAR B PR TT BRI, B S R P A TR AT &, 42 2
BRI ETFXEE . RS EG AR Transformer M5, @G5 EH—
tt, (Layer Normalization, LN) . A1/ %% (Feed Forward Network, FFN) F1H £
B /12 (Multi-head Self-Attention, MSA) & H B FEA M =457

(D EH—H
Transformer P25 [P — N m E AR R R @, AREKUIZRmTE] . FEKiE
BARM . s, nIPMEHEH— R BEH—EIES XN —E A

12



(5000, ) HEAT I — AR (5 s ) BRI — PRI A 2
l‘:l id—lxisU:\/%Z?—l(xi_ﬂ)z""g
x§=f(gx"_ﬂ+b]

o

b, g bAZHL  fONARERTER AL

(2-D

FEN 52 55— /MR R K — P ] BN AR P 45 o FEHT R P25, Aol
2R ML RS, BRI T RE AT T AP e 25 R, AR
JER A S H ATt B0 NMEIRMEEIANZ, =2 R G, 5=
A JER SRR o BB RS DL, B = B H = 1015 5 T BUH
—H AT BRI, B 2-1 A2 ZEEHE R L%

WNZ Rt 2 Rt = =

2-3 ZJZ AT N 4%

Fig. 2-3 Multilayer feedforward neural network

RIS 22 W 8 o R A5 S R T

® 22 HIBHHEMZ TS

Table 2-2  The notation of feedforward neural networks

s B3t
L FIZE 2% 12 B
M, 55 1R A2 T S
£(e) 55 1 5028 70 WO B B
w) e RMrM S5 1-1 J2 B3 12 i A
b e RM: 55 1-1 255 20 E
e RM 5 1R T IN GAETEAED

a) e RM: 55 1R TR GEYEED
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LR R AR S

%o’ =x, HIGHRE R LT AN Wk AR T 2 ST 14 7%
20— g ) 4 b0
a =f;<2(1))
ECME S 1 -1 EA A o T TS L R e 2
ORI — AN R AR B LR MR . 2 (2-2) 25 B eR K
B, WAL N

(2-2)

2 =wiy (z“‘”)+b(”,

a(l) =ﬁ(W(l)a(171) +b(1)) (2-3)

(3) HIEE B

EVEE JIHLH] (Self-Attention Mechanism) , ‘B WHEFRIE “ BFER” 8L “9F
BEHUR” , R ANEEHBGR . BIEEIUSI R XS I B AT b
PRI, AMEEATIAN, ERRFTEANTY, IHHNFIHE—NTER
TR > AN 5] 1) 2 B B o = AL AT DU o B b KRR ARG, g ST IR
H RAR ZR TR AR AR A o A5, — M AR v 1 BRS040 7T e oxof B ) FL At
Sy PR, Transformer Y H V35 I HLEI AT DU HE 21X SeOBOC R o IBAL, H
FE R AL AT DA S I 20 3 (1) 4% SR AR AL, T 4% GE 1) 25 AR 10 28 190 265 38 5 2 A8 F )=y 350
)5 R A R IR I BB IE, XEHEEAR SR RAOEGBER. M
Transformer ] H{E = ML ] LEBACHE 2R EE S, 58S 2 b i 4 /A0
o BERIVLHIRBERED T

(D ', HMATRAA = HERXRR: Query (Bl , Key () ,
Value (fH) . XL ERZHIATTRAE A RR Lt (dh 2 g DIACEFE )
EETI P

(2) AR5, WL THE Query FFTH Key B m, (AN ICRIINELS 7.
EAMFr I T Ao R 5 HAN TR K SRR AL . s AR ERE R TR
FAHK.

(3) B4, KiXEEH21d Softmax FREUEHOANERAE, XA KIS
IEERH Y 1o X AR S UAE, B 7B TR K RIER T .

(4) fefa, HXLVE R ABEZIMBERPTE 1) Value, 15 2|4 K% .

XFE, MRS TEANTFAIRE R, mHXME BB S RRE A
TR 5 G HT R B AT I o X AT REASHH 1 B PR B AR OR &R, IF
HATDAFFAT A BEEEAN P20, R 1R . X B = AL B ) B e,
/& Transformer # 4 EMEFEIR 2455 E SO0 7 A5CR (1) 32 B K]

2.2.5 KR
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LR R AR S

P28 BRI 5 e BRI (0t f (o) 5 TR 004280 Y AT g — 5L,
B98NP [A] [ Loss ZEFE AR/ o PR R E(Loss function) i & 31X Fh 7l e 22 ,
RINAESEHUER RS /N, FAREBAIE R . FEIIZRd R,
TR KB BIRBER, B T — M, B RRAEAT R AR AL LS 4L
AT AE R KNS AG IGO0 T SR BIRES L 5] SERHEARSURE . ik
G A0 R R HUE ISR B P A% O DS . AE CT BRI B A AL 34T
b, H DL B4R 2R R B R G 3 T R ZE AN LB AR R R AR

(1) L2 Ya#disk, WEREBENRNFITRE, AKX (2-4) Prkis, ¥
Te o5 i MRS 5 X BRI R3O0, B0 TR £ (x) 5 9ebrE y 2 )
ZEE 5 AR B Ik

=0, () (2)

TE ) 33 I 2B AR T I R R eh, L2 YO B g R Bl ) v2 B o
(2) 4 ERR R, WA L1 Yedk, maQ-5Fn, LHRER
AMETRINE £ (x) ShR2E y 2 18] 258 A 20 8, o B0 o ) B TR A e i 2 2 0

L=> |y~ f(x) (2-5)
i=1

L1 FEHURRAE A L2 (R RIE TR, 7EVRE 4B AR AL P R BLI R 3. K
B FORISEBAT, IH7 R BA AUSO R BER 1 4, 33 3 B 09 1R T WA 7 1
(EMELL . BRI, SR I7 VR A3 P 46 KPR th 47 ZE b, 1T i S T 4 S o
Bl — R 2K 2

(3) XHHUHREH GAN R H IR MEL, R (2-6) Fir:

L,, = E[log D(x)]+E, [log(1- D(G(x, y)))] (2-6)

H R GO AN x R EARIAR v AR R G, y), TS D K
) 20 SRR 15 A SR 0 2004

(4) AR — I TV R 2 S 0 R GUXVRS K 77 P 3 45 % 3R 5
5 G5 [ 5 5 5 KON L, BRI 2 B R AR R T I, R AR
ot BT B . HARR RS (27 Fw:

L= 30 (B ) B 0)F @

Horhy Blx, SRR | ARSI LB, Fi (o) 2R
FETRI SRR I 258 TH K K R HIRIER R, K ORAFIE 2 B B R mT B T
FA R AL BT S5 b, anERE PR B R0 BRI R BIUR XIS ITER 4%

M 2, BARR LR KRR LU A SR o A SR S0, (H 2
AFEALCERRCDE, A RRESIAM IR . vl JRH T MR T A

15



LR R AR S

77, EPTERME N AE REM 5N L1 JaS L2 Judk. w2 ma iR, *t
P FE M 2 B B sk, BRIk, ESCkt, N 7RI — R, FEH T —
FhoBT 0 2 T 86 BE 1T Y Wasserstein FH & (1) 77482, 548, FIATER GAN 5
LS-GA M4 & B — BUMEFEBIE T, 7T LA Rt itk N T A% 5405 2
HH IR 1 22 ). AR AH SCSCHRON, 3% 2-3 A T IR R X 28 AR R vh i
317 2K R BB B LA R R

K 2-3 TRIESE IR h R IR R pR AL

Table 2-3  Loss functions in deep learning

5% B B A4 FR e {7953

%1771 % (MSE loss) NsE 7 ok 4 e 1R 7 . A ER

P 4axt iR % (MAE loss) 8 7 100 1) 2 B R U N N RV RS

PAEFER (TV loss) Mg P o) A i IR 4T U N N RV RS

XS (Adversarial loss) PR3 SIOR: R Ay o M BLHR A5

JEAN$2% (Perceptual loss) SE TNV E =Y sE 5T B R G5

LTI Sl G SR iR N

SRR (SSIM loss) " XF £ A P 2k FL AR AR

X . E&SRIEREPSEUL: g [ 7S N

A A T4 5% (Edge incoherence) " Mg i Oy s 0 1 B A 22

— 2 (Consistent loss) o 2 X 2% B LA 1 5o IR R G
2.3 mEERAE CT B IERIFE RS

2.3.1 SR FTITNLE

LR, 2T Goodfellow 55 N B4 IR 3k 77 A2 O B 2% (1) 57 > ARG
B VORI (R X E AT CT BUE HAAERT R, $RH 17— Fhdd -5 AR e
225K CT HEJ5i%. GAN W2 AT DR G il i A el e, & BonfE 1K 2-4
o FEURIERE B, SR T R 2R A S k. AR N LA R 4
T, R RAERGAE CT K& v EdE A, ALl B A. £
fiti b, IO, AE R A R SRR BT HE, IR AR HE
brid, ANTTRFSEHBAE SN A s 1 B AL B SR . AESC R b, BINRENS R #
FELVREEIAIER , #0ide tH —PloB AL ARVR A SRR, DL SEINS B2 A B IR A3 20d%
FESEIEAN b, PR —FHTHY GAN B, M GAN B 5 X 73 HF A 45 & 107
%, SEDINERER ], IERET AL, DUA RS B YIS I H .
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L TR AR

Real world |
images sample real
fake

sample

latent random variable

K 2-4 RBP4 R K
Fig. 2-4 GAN network structure diagram
gkt —br5eE, i Wasserstein s LR & M2 RS, 1% 7%
HABGRM . X AR A A BRI E OL T, A Wasserstein Ff
G H ) WGAN R B R B RE . 54, WGAN I X B f IR & K Aff
TR ST RIARE M, AT EEm 1A M2 AR VE RE . fERLIRAE b, i x>
XTI TT, $Et 7 — RS T30 CT e RAE T % .

2.3.2 StarGan PN 4&

FH T 25 0 Bt IR 28 65k = 3 P P 43 1 16 B8 0 DRI 20 % 20 5 4 o B 00 119
AEFRAS JE S R, 2018 4F,  Choi 55 N 1 IRAE 2 8538 g 7. 7 — P 7] 22 4538 11
Rl A B ES (StarGan) o StarGan R 75—l A2 88 81 X 43 25 B 0] 58 Bes
B EAG A A S E, IR mask vector 77 2N R X I8 A B S 8HEAT bR
H, ATTE NIRRT R 5 AR5 G S 07 T S B RO . Jak, RZHH
FRNRY KT EMEHEE, R TEEEGAE S, FEE T 05 TkRE
[P 25 5 S5 Ky s i P 1] 2-5 B

(a) (b) (c) (d)
: ¥
[ Real i 1mage { Fake 1mage - Fake 1rnage [ Fake image ]
0
IF-
[ Rcab‘Fakc ] [ class1ﬁcatlon] [ Traget domam] [ Input image ] [ Reconstruction image ] [ Real/Fake ] [ classiﬁcation]

P 2-5 StarGan iR
Fig. 2-5 Overview of StarGAN

M@ZSTuﬁﬁ StarGan 4 £ H ) 1 2Rl oy 52 A s AN AR A g8 . o
SAAEO G, EEGHENE, MEREGAE IR, iR
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BRI R . (b))« N HIER R R — R Bbsid, JFH
FRE-MEERES. (o - iﬁi‘i?ﬁ‘ﬁ%ﬂﬁ%)ﬁﬂiﬁﬁ R D P 5 2 S AR AL
JEEME, MR EESFEE. (D« WX AR X AT 2, RE
FRAEANRE DO T H AR A BB R B R

2.3.3 CTTR M4&

FE S PE U RIS FEAE B A S CT B E @ P A B2 . K%
REFEFE LR, R TEIREMRIZE, K, 557 RGN . N
TIURFE LA S CT B E @ R, 2022 4F, Shi SFHEH T —FlOBUEUR 51
CT %L (CT Transformer, CTTR) . Wl 2-6 fr7n, CTTR &Y E A
fF: PR~ CNN R ZH, H T M FBP BIEHI AT 5 B P S BURAIE,  — > A 25 -fif
IS ds, DAM— CNN B, T RERR e i 20 2 R

—_—
Transformer

/ ® |
] I } / . | Encoder
/

Transforrnel . Reshape
Decoder w
Sinogram i
x H %

Kl 2-6 CTTR M 454544
Fig. 2-6 CTTR Network Architecture

‘

» 5*5 conv

—> 7 convld

3*3 conv
—> Relu

2.4 BIRE

(1) NVPAE 18 SCHR T I I 28 TR 1 g, SRS K F B Mayo Clinic #2411
“2016 £ NIH-AAPM-Mayo LDCT {4 Ab 3 L 38 71 $ s 2347 36 10E (R AR Mayo
HHE , ZEIEECERA 10 24 EE D) 4825 5K 1mm FEH &R E CT BIE,
AR RNA MR CT K&, HatRrrss. EidnmmE CT BEGHHT 720 MR,
PAFBOCEAE, I N LB s TS5 A JERIBR A 90, 120, 180 = A& LY
Bk EE, FAMEME CT B, ATMEIIZL. EResny, CT
Eﬁafmﬁ J TG TR XS 28 5 559 2 5 G I 2 AN 25 o R BE 5 33 A 1085.6mm
A 595mm; ZIEMEEE 736 MEIG, AR ITIHKEN 1.28mm. KA FBP #
D TERE, ERERGEE S12X512 MER. LI RENLER 8 MR BIE A
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LR R AR S

R, 1 NRBIE NSRS, SRERFIRI 1SRG RS thohx CT &
BHEAT iRy, BBIAEE RN ERARIG T T R AT 78, AT 21
WA, DA 4005 7]

(2) AT REAEGE IR 2 /e, ABFFE 5] N T —4H United
Imaging Healthcare (UIH) 2 wl424LH) CT G EIES, HEFREK N UIH
BPitE . ZEATET UH 1 uCT-760 RIS T SLFrIl AR5 H 1
WildHE . Bk, BaE T 14 M4 BERFEMCT HREER. Fra A
PR S AR R AR R385 7 UIH A5 N e S R RSyl Gtk
A% 2015-07) o ZHIEEFFRZE NI 1200 M BEEEUE B EE B EIE, Hi,
B HAR A T R P2 60, 120 PIMIE LAt BB MM CT
BUR . Bl R T HE AR R4 MR B 28 A0 &5 O i 9E 5
518 950mm Al 570mm; ZIRMESE 936X 80 MG, FFNHITA/NN 1.548 X
1.405 mm2. K EG KNS 512X512. K5 Mayo BdE AH [H] i FRALFE A7
ST R

2.5 SCEGUGIE R RUR 1F4E
2.5.1 SCIGISE

SEOG ISR B, 23 7843 7% 5 X 25 BEA RN N B 14, SRS vE k. (1D
TERRRAL AT, N 73T BRI 4015 SO kS B 1, ANz B & R 35
RZEERREL, BN T NG AL RS 1 R A AR Y 4 2R pR 2, DL R 256
PERIP R R EA R (20 BT AR R e IR, I B2 I e
P EVPAL AT T h B = Fh R BE 22 S g Bt Re . RIR, SEEG oy LA CT B
WBEIAR, WFEARRIE = ) MRS TAR U A RS 7 2] B, DU BRI
WEEILH . (3) XML HR RSO AT R AR, Diife B AERE. (D
T Y o ST 0 SR B8 B A P 2835 7 I RICR., 0 e SR S5 SR AT IR ARV, NJE
st iR te T . (5 EMARUNEYE PRSI EE R, LR gl Ny LR
Pa, CAYEsmBIAY )z AR Sy At e tE, [RIRHRATI CT B RE. &%, f
FH TS () 883 B E AT Bk A X 28 AR A
2.5.2 MERTL

TEMRVEAG 7T, HRERIAR CT BUE IR ZE 7, e B st e i
(RIS i S RBEX CT BUEEAT e Mo i, WnEHR IS FE . AHZAG0 . A%t
VERE . PRRZ R L B o3 A 55 07 T A DLEE T VPAT o

BF 9045 B8 KGN 1 7 I 2 A VP PR AT IR FE . B, TR E

(Mean Square Error, MSE) 1E A fif AL S5 CT K 55 I K& 0]k 22 1) B 2245
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brs FRIEAHIAE4E 2L (Feature Similarity Index Mersure, FSIM) M2 &5 & | 5%
JE WP LC RSB EE R, I R BORE UL RO P BRI 55 s B {5 R
tt. (Peak Signal to Noise Ratio, PSNR) M5/~ | G A5 5 58 50 5 KT 1 LL A5
KFR. AT MSE, HitHFEENE A~ (2-8) 5 FSIM Bt AR & AN (2-9);
PSNR TSR A (2-100 FuAHH; 10 SSIM I 2R £ 50k be R A2 254 4
WEmWEEGE, HitEAXN AL 2-1D . -

1 m—1 n—1
MSE(x’y):_ZZ[xi,j_yi,j]z (2-8)
mn iy j=o
fry = 2 Silny)e Pl y) (2:9)
ZX’yPC(x,y)
2
P, ,v)=10e] —MAX (2-10)
SNR(x y) ) ogl{MSE(x:y)]
S ()= Qu.pu, +c)(20,, +c,) (2-1D

(10" + y* +¢))(ox” + oy’ +¢,)

Hrp, xFZoRRNELHENIEER, vy ISEE, PC(e) R A ERIGHIAEN — 2
PERFIESEEL, S, (o) R N UG ARG — Bt RFAEH ORI B2 ARr AiE 32 H R ) AH A
FEo mxn N BIREBIBIRA, x,,, B BIEB x h KRG =B, MSE (o)
NI FTRZETVTEREL u F p, RN A BUGEOGER X 38, FSRAb T2 s o)
Mol 3R ER I T 2, FRMSTHERELE: o, RADEIRKIITZE, H
RAGTHEEFIAARE s ¢ B ¢, AN B EUH R S BR8N 0 BITE Od

2.6 RENG

ARESTWENT T CT EBUR A R LK T2 B AR BEROR,  [R) TERRT
BT S PR FT R B R VA HE I o B g A A BOR SRR R CT $6Y
B AR S, A0t 5 51 ) L R R BRI G . AR IR H A A
RER g 4 v 28 ) R AR A B SR R OB . WA FUBE 1 IR SR B AR 2
WA EEAERBLA BE CT UG S AR R B AR 77 TH CA R T 8 1B SR,
HSE R SORE, IRANIRTUIX LT 150 08 5 St TS (A S AN LEAL AT (K A
UEAh, REIETEAN A T T IR 2 M a5 A Y (R Bl £ B AR AR Dl . v T TR A
FIJNEAEMBA L CT SR INREE, AREMIL T — RIR%O RS, a4k
LT R T HAME N AT [FI 6 3 o
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2 3 & ET Transformer KR S BMEIERAE CT A&

B R IR 28 AR LB R A L CT BB Oz EXE DL R RCR, itk
AREREW T B M Transformer W2%, 4 &i&E M T 2 Br B g M CT $ A
K G EHE I AbBRR, $EH T — AP 3L T Transformer (17 A 38 90 2 45 558 /A B2 CT
% 1% % % ( Hybrid Domain network for sparse view CT imaging based on
Transformer, HDTransformer) , UAIEbi A CT B EEE. &RTEK
BRI — e 8— BRI = BOR & A B R, i 2 B BUE RIS B
R BEAL, B AR B E e S Dy B AS ALK Transformer A
B, DLz AL AL B, 7258 — K BOR A& Transformer BEHU #ibi 1 5 CT
BT R, 7R3 W BUR AR 2 Transformer W45, RIIREE#5 £dh i b 21
R E, i BREE, BBRERERKE R, KIS =k
K HBR AL Transformer P48 TT 75, BASEIL CT BRI = i & IR RCR -
0, SR R RN B AR Ia 5, @RS B
Fef, ARSI B b AR A B CT BRI i Mayo id £ SEE0501IE
TR ML A Rk, LSS R MBS AR FERAL CT BIG e S Dy sz 1y
REME A BB (] EALAIRR: ALB S CT BRI IR {5 e EL AR AEAH
MESIE TR, BRI EE .

3.1 WEAE CT BIGHFEE

MNEHAL CanF MR AL BAAFR X R ZR R p . 1% 8 4
CT B, FEMAKAIN X = p(a,b), Hh(a,b) FROIBANF, X FZRW
R H LA R B AT . CT BRI R B 5 T Srmt D) e 2, i%0E BAR
WE 7 = 4E B X AT DA 21 (1) 55 AR 55 v LA R o 7R R N 5 MR 48 Lambert-Beer
SEARE, I R ARSI XS A R B SR AHE IR A 5 ke X AR . P, fERE
Bafin(E)ME 6 X AT, CT lgd BRmrkian:

P=—10gJ'77(E)eXp{—AX} (3-D

A 4 FRoRIEZEAERBGERE, B Radon A8 Gl s F i 2 I R A% J LART ok
SE X o I FIRIEEERE, CT sfg i B 2 MR TH7 2 kg, S 2%
P =AX HEREIR X . EXBNRE AL CT B&S, S fds g A e,
X FRER > B E 5% BIE B R TR AT R TR e, T B SR IR I R
JR CT BIE, semaleImiizW. A 7 BB EmemE CT B, AEHRH T
— T Transformer FEHIKIE S 80/ 2%

B P, i BET T B AR, POSREMA AR TR EdE, @
Ao B SRR T UK P, AN P o i O A R CT BB 1, AR A B2 CT &
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I, A (3-2) fis:

If:R(E)
)
Hrp, R(e)A#EFEMGEREE. T HAMM MM, MEME CT &
B I P SAFEREMN R K . ik, BT IREME 2% 1A M B2 CT
WAL T8, B ISR, CARRR I PR E . T R—EgEBE
MeLLTE U IOV RE Bk, TRl AR S5 PE B AW 2% thon Besv B i T8 5=, RiaE
ANk, P A B P, o

REHMEHRAE CT &
ﬁTf%‘@*%%P%w,$Eﬁ%7*ﬁ%mmﬁﬁﬂ%ﬁﬁ EH=
MBS B BOR BURIRAL FE T %%, KM A CT B 1 fa A\ BRI
Transformer 1M 25347 R, LLEBREB R G E M. 55— B Buw
PRI AL P AT AR IR N -
I, =T, (1,) (3-3)
Hor, 7, (o) 25— BRI IK Transformer TM%%, 1 RLHT, (o )H%ﬂkﬁ
1 CT B&R. 28 —FrBei b #ion: Heiad s —MBgEn CT B 1, #5¢
MNP P, BOESH S S MRS R R R EdE AT
B N 2 Transformer 1 M2 AT HRGCHHRE R &G HBEIFHIK
SRS B B @ BRI B CT B L, o 58 I B B R v DL R
1, =R(T,(P,) (3-4)
b, T(e) R Transformer T W45 . 5 =F BURAL IR K 1 BN B8 =

Bt 1438 Transformer -/ 25 o S2AT 8F— 20 (0 BG40 S RO G 5, DLR 23RS
R CT BHR . 55 =kr BU A B R o] AR IR -

[s3 :T12 (Isz) (3-5)
Hr, 1, (o) /255 i BUIERIR Transformer /%%, 1 24 T, (o) BRI KIS
i CT B . @ =AFrBaas#, B 7 H T MAE CT AR K

HDTransformer H%, BN G B AR R i 3-1 A
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R E R

K 3-1 HDTransformer i f2 ]
Fig. 3-1 The workflow of HDTransformer

3.3 MLt

HDTransformer =MHr B 1)1 Mg, B JefiH 3 X3 BRRIKIGFIREFRHIE .
SR )5, I A AN Transformer AT SE A R B B A 48 1 3 2R IF AT Ab B
HH AR BIAH L, Transformer W8I ALEFEIEIASEH, P ORME 32 =
HATIHE R [N Transformer I VE R AL VAR NP2 AR S A B
REUE K, X115 Transformer B8 5147 Ab PR PR BRI OC R, A TR 2d@id
A AR HOR AL PRI MK R B OIS, B FH T AN [R] SR T AN [ 3R AL R R 1R B0 Ak
M, ik, X5 HDTransformer 7£ =MHr B £ R AL B #2393 A UNet 1B
MR, DL Transformer SEHCNEA K gL fiEid oo, BAERKERE, W
FEALPERZ% . Wil 3-2 B, N T G AL, 1B 3-2 1 UNet HEoR 1 2 )=
Transformer . 7 HDTransformer " A [7] By Bt i) &b R 35 % 1 1 A [H )
Transformer BEHORFEIL CT BIMEAIHR R BIMBIRRAIE « 3 565 — B BORN S =B B i)
UNet &34 6 /= Transformer B3, 5 8 2 A PR 280 77 28, &5 Bl
WARIED, 2P B UNet 224 4 J2 Transformer B8, &5, FRA 3X3
LA IR A A A 3 5 1 2
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8 —@— —| - - | - | R s

: YEHIEE] ® 3x3FOE —— TFEE —— EEE SEATES S :Transformer 3

] 3-2 BT Transformer BIHL[Y) UNet 4%
Fig.3-2 UNet network based Transformer block

5B B BB I T N 2% B R F B 2 88 & Transformer HR&5H), FEH 3 #0
HA, 2133 KEHRE; 52 8o &H—14ZE (Layer Normalisation)
1A%k HiE R /) (Window Multi-head Self-Attention, W-MSA) A1 GELU

(Gaussian Error Linear Unit, GELU) BUHREHEE; H 3 Ho2H—HE, A
H SWIN 1521 %& £k HiE & /1 (Shifted Windows Multi-head Self-Attention,
SW-MSA) Hl GELU W% s ##AF . 58 2 #7r Z Wi A5 3 #7) J5 4 B4 Patch
Enbedding JZ. 5 — M B G384 [ Transformer BEEL 411 3-3 (a) AR, 1%
WA AW TSGR Transformer L35, REIESEBD KDL
TR UG BRI R . NGRS — B B BRIt {8 H MSE 14
KRR, Hrbh g WM SE, TRmEERRN:

LTl (Islalfa‘gl): Isl_Isz (3-6)

TE S8 I B T N 4% B, Transformer HR 26 M S i #2101 1B AR,
TEAGEMEERZE (LN) « ZLEERIRHR (MSA) FIHTBIM 4 (FFN)
&5, HiZ Transformer BIHUNTRZ 4% . 2 X 26 1 9 #5352 20 Ps ot ab #L A
R, RIS AT R0 2 W 28 I G AN 2 S S5 1) B, [ B 300 ] i v #  HaRe
M JRRCR . SR FH ) Transformer 544401 3-3 (b) Fin. fEIZREE i BLik
SO LRI, S R B, b 0, AN S

LT2 (PSI’TS(PSl)’gz>: 2

5 =B BRI T 9 2% S5 7 [F AR FH s AL i et 77 %8, 1% Transformer HR

H =020 : Layer Normalisation J=. W-MSA F5 BRI ) 55 48 55 0 55t 9] 2%
(Locally enhanced feedforward network, LeFF) . 28358 [ Belm A\ 256 =B Bt
(1) CT BMEAH T4 N —Fr B CT BG5S M 5 oKD, e F 2
) 0 LU AN, 0715 Bk e Rl B 82 B AL Transformer BEHAN AT DLk —
I EME LR, R ERER CT B, R RATRMIRESHSNLE, B5
ZRIMEGAT, Wb gt EEMNA. g5l 3-3 (o) Fros, IIZREE =
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KA MRS, Hrb o M S A

L, (1,.1,.6,)=

Vs
——>{ Conv 3x3 HLayer Normalisation H Patch Enbedding }—l—){ W-MSA H GELU ’
D Patch Enbedding H GELU H SW-MSA }—l—< Layer Normahsatlon]

\ (a) F—MrEE& Ik Transformerf&il

e mm e omm e e omm mm e e mm s e o e mm e s o dmm mm e e mm e mm o mm wm mm e e e o amm e

[ LN ]—)[ FFN ]—>~:3——>

(b) %5 B Bed& i Transformerfi b
J——{Layer Normalisation H W-MSA }%GJJ{ Layer Normalisation]—>{ LeFF ‘—)63—>
(c) %8 =FrBx B3k Transformer& it
Kl 3-3 AFEPTBCT M2 Transformer FBLHL45H

Fig. 3-3 Transformer block in different stages sub-net
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]
|
|
I
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|
1
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:
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3.4 LWERS DR

3.4.1 SEHEIT

N T WAE A F BTt HDTranformer W48 7E M i 4348 2644 % OB 20,
S i% H FBP. bilinear+FBP Al CTTR =F /7k%f Lk, H+ FBP 1 bilinear+FBP
S dERE F Ik 7778, CTTR J7iEUS Ny —FhE T Transformer 4% [ XU
A RE CT e EE, HANR MG A EEGAC B ERE, SARTEIEHL. %L
IGREERCE N: Intel(R) Core(TM) i5-12600k [¥] CPU, NVIDIA GTX 4090 & .
DR R P 2 IR WS, BT N5 B R 38) 2 7E 2R 58 R

S a6 ob 5% A B0 48 72 i1 Mayo Clinic #2480/ “2016 4F NIH-AAPM-Mayo
LDCT EHZALFRELFE” a5 . 18R a4 10 44 B LW CT
BE#R, EIT 9 4 EEN CT HURIE RIS, 1 BEFHD CT HEE
WEE. TEE—F B 10 2B CT Wb FERFE Al AT, WEE
JE M B A B CT BURVENFEA, M CT BHEAE PR N B W 24 h AT
k. EE B, BE—MBEEMN CT G ITHY, KRB dE1E
NEEAR, B M CT BRI EERE RS . =R, e s i
BRI ATER, BEEEH CT BURME AR, KX N4 MAE CT
@1%1’!5#71%& H YR FBP Bk, #EE CT BB K/ A 512X 512, &M
B KN R 720X 768, 720 MR ME . LIS, ol B R B =1
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{f /], BatchSize K/NA 3, MLZGIBIEHCHN 96, %k epoch I E N 50 Ik, #3]FE
IRIERAE N 2107, 22 2] SR B e ME N 1x107° .

342 SLIHER

Kl 3-4, & 3-5 MK 3-6 7305108 90 MR, 120 AN EFT 180 AN & H I
e, HA S —A7. 38 ATHIEE AT SRR A R SR e 0 . IR AN s
W E VIR G S5 R, BN ON[-150HU, 250HU]. EFEHE—FIA4ME R
FBP HEEKUE, 1ERNAF A IEBUEE Rt 5 b B e =B g g5 %, T bl
R, mTHEEERER, Lo EEFLRERESE KENE, B
TR PR, RS, IR I, B A k>, B
R . 23 WERMEAGE S, BRI AR s b4, EEEGBA
TR RSGE, FoAATIEMT, EAKIH A K ERISR Oy REANES i s o i i Xt
LB DU CTTR 777 B4 45 F A1 26 1041 HDTransformer 774U 45 3, 7 LK IR
B R EA 7 RIEERIET. D@t ma o A 1, CTTR Hkss
SER—ETEUGREE, WA R, HI— e FEME, mAE
HDTransformer J7 ARG EIMG AT 2, XTLLETE & (WK 3-4-K 3-6 (e) H4L
BEEkTR) , BRESERE, BAREG R E BT H AL =Rt .

B . —
(c)bilincar+FBP (d)CTTR

(e)ansf‘ormer

(a) BEmM (b)FBP

3-4 90 MM E R AE VLR CT Bifg 45 51

Fig. 3-4 Axial view results of different methods under 90 views
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(d)CTTR (¢)HDTransformer

| (c)blncalﬁl&—BP )
K 3-5 120 MM E R AFE RN CT kg 45

Fig. 3-5 Axial view results of different methods under 120 views

(a) shm (FBP

FBP y (c)bi]nar;l;él-}:l; e ()CTTR (c)Hansf.c;}n{cn:‘"
Bl 3-6 180 MM L N AFITEAR) CT R 45 R
Fig. 3-6 Axial view results of different methods under 180 views
NRE— B M AN R AL TR T AT SRR T b B R BOR SRR B HT 90 %
SR LT SRR TR SR T B R AT B, R & Rl 3-7 P, BoRE N
[-150HU, 250HU]. MPEIHRTELE H, btk i A SR i v e 75 D s AR e e, 45
i F8 2 el of 3 S DI THI 52 e 5 A6 B T 11K o % EEJ7V: bilinear+FBP BARTE— €
PR EER T RIMG IR, (HRBAESIREA T, MRk, FNIER AL E
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HAFEN IR . CTTR JIiEEME B 5 R IEE 115, (HEMRHAL GO IR
FREAN G, a0 £k, M AZ HDTransformer /572 2 35 FRAG 1 2% 30457 e 7 Al
N5, (A A OR B T BB A AR I SR e, A3 () R A B 1Y
PR R o

(a) % (b)FBP (¢)bilinear+FBP (d)CTTR (e)HDTransformer

P 3-7 90 AN E T S DR RU AR T 07 15245
Fig. 3-7 Sagittal and Coronal results of different methods under 90 views

&1 3-8 73R T 90 AL, 120 AN AL AT 180 A LA HE T & 45 R 50

MZE R 2 B ZESR, ZREBEAREEZNEGR S 2MEARH T 2% CT K

B2, 250 B At H a1 BB 5 R CT BB 2 m iRiareE, &8

SR B FON[0HU, 200HUL. S 257 K, a] DORBLRT = A5 R B E ) CT K

BB RZ, 52 FRIBZAERBCR, AR HDTransformer 75 7% H) Z {4

5 B, AR 2], RRPAETNEARA BB E IR T 2% K, &

T HAAEIET . 25, MWALBERCROKRE , AREITHAN AL B RCRZAL T 5 L7
%o
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90views

120views

180views

—

(b)bilincar+FBP (¢)CTTR (d)HD Transformer

K 3-8 ANFIJTIEIRAG I CT BRI 2 57 K]

Fig. 3-8 Difference images relative to the reference image obtained by different methods

FBP FBP
Bilinear+FBP
PSNR ?%‘-}Tﬁm? PSNR CTTR
2 HDTransformer
45 4 HDTransformer 45 4
40 40
35 5
30 30
25 =
20 > IR 20 L - AL
M He i e ik i o T 0N
(a) QO™ iy 18 N AR ) Jy ik o 4t PR (I PSNR AL (b) 180 F i Sy 1 I A Ty v e g ISR (P PSNRAYT
FBP u FBP
Bilinear+FBP Bilinear+FBP
FSIM CTTR FSIM CTTR
HDTransformer HDTransformer
09 4 5 09 & ’
0.85 0.85
08 0.8
0.75 0.75
0.7 | 1 - 1 0.7
0.65 ] ! ] 0.65
0.6 ] | ] 0.6
0.55 1 | ] 0.55
0.5 > 0.5 »

i o Gk s i 8 & 3N
(c) 90/ ffy B ASIRI v s e 4 i FSIMAE (d) 180/t fA TS T ANIR] /i i g EUR I FSIMAH

B 3-9 ANFE A R ANF DT 5 E 22 R ) PSNR BT FSIM {8
Fig. 3-9 PSNR and FSIM values of reconstructed images using different views projection and
methods

RSN B A 8 i EL AR AN [R) Sy R AL PR SO, A% K B PSNR Al FSIM 7
N HEFR RS2 45 5. B 3-9 S 90 AN A FEAT 180 /N HAH N ANIE ik E
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K14 ] PSNR £ FSIM B 7 . skt b B 5 BT PAUE H, A% HDTransformer
J7EAE PSNR M FSIM ANEFR T, 3900 T HAR=F00732:, AW SRS
T VR RSN HU A 458, 72K 3-10 R4 T RLRREEE. X1 90
A REAN 120 £ FE 54 , HD Transformer UG 14 BEL T CTTR, 3 B HDTransformer
B M R RE

1050 = — 105057 1050

= ] i
:j""'*' W Bl sar o FBP I/ -\-.--.—.
1000 | hah 1000 | 1000
PN\ 3
v e L
- \ . y ; |
50 T i\ F. \‘-‘ .- I-
VLA™ I\ X ) i\ n
A 45 S W [ PR et
\/ , A | - : X | L[] NS

o]
= 950

HU
=3
2

10 20 30 40 50 0 10 20 ) 30
Pixel Pixel

(b) 120 views (c) 180 views

3-10 ANFEITTEHI =AMl R U)F V5 2 2120 1 5 7 A 1
Fig. 3-10 The intensity profiles along the specified red line in the three axial slices of different

methods

3.4.3 MLEIREL R

(a) JHRRsLLS

K # HDTransformer A% 77 1 = AN B, 402 56 — B BEEHG . 26

T B AR RS AORN 2 = B RS A, R [RI BN AR B AR CT BB 45 R
—EREERHER, N T RIEAZR RS M EGIRTHER, ShE05 3
XA R B R RO AT T LU, BFEEE — B BRI GE R T « BB B
s GEAS) « B BERIES 5 B GANTS,) « B e
IS SR = B BRI e S\ T, BLRARE B [EI R =AM BAR B (e
T.S,T,) oSGk Bk B0 UG AN G 38 G A7 s, il 3-11, &1 3-12
N, A 3-11 Jy 90 /MM EL A FE AR S 1) CT Bl&, Bl 3-12 24 180 M 1 5
G CT Bg, B/R%E H¥N[-150HU, 250HU]. @i K 3-11. & 3-12
w58 B JR R TEOR BRI AT DAR B, AR 55 1) = [ BE A B SR 7,8, T, B B i iR A% 4
Fo HR VUM & HAFAEAS [FIRE L B 45 2 R B e R B 1 Ol 18Xy L& 3-11
B 3-12 HIEE S HBOCEI P UG H, fEACER Dy seFNE 75 5 T, AR 26 B R
=W BOR A 2% R AL B AR e, IR 2% CT BlR.
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>
%

(d)yisz (e) 517y

3-11 90 ML N FRAE S CT BB R

Fig. 3-11 Chest and abdomen imaging results of different methods under 90 views

(d) 18,

3-12 180 MM T REBAE I CT Bifg 3k

Fig. 3-12 Chest and abdomen imaging results of different methods under 180 views

S N B B B L A AN [ B B OV R A SR A IR O
it —+5 K B PSNR Al FSIM X PRl & AN F8 bR B AT B4k . ANEBCE &5 1)
CT K14 ) PSNR {E A1 FSIM “F-#{E & 3-13 fizs. @it PSNR Al FSIM [ B J5
KR LLE Y, B R R i 3 o) 2% L FE 22 KI5 PSNR A1 FSIM 1B fefi%, P B
P TTVE (TS, M ST, AT —Fr B s B 5 (TLALS,)) , AR
H = B RS IR TR EE CT B4 PSNR F1 FSIM s, FEH B R KIS HE
e FafAE NS E -G
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HT: : gn
u S L
PSNR W T:S2 PSNR BTS2
45 ST 45 4 SiT:
B T:S:Ts B T1S:Ts
40 40
35 35
30 30
25 25
20 0L 20 HA
R 1% ik M s ik
(a) 9071/~ (PSNR{E (b) 18047 )& F I PSNRAIL
T
-
FSIM TS FSIM H TS
0.9 4 ST 09 4 SiT2
B TiS:Ts M T1S:Ts
0.85 0.85
0.8 0.8
0.75 0.75
0.7 0.7
0.65 0.65
0.6 0.6
0.55 0.55
05 i 05 HIAL
g ik e ik

faE B
(c) 90fAJE FAIFSIMIE (d) 180ff11% NAIFSIMI

] 3-13 90 1 180 1 £ T A A BUASAE A ) PSNR AT FSIM {H
Fig. 3-13 PSNR and FSIM values with different model under 90 and 180 views

(b) Yk B0 e L5

BE R S BE— 22 b 1 BB M 4% RS o SREGSR AN [ 12K epoch T
i CT K& 1) PSNR SMEAN FSIM SMEAAL I ZR,  [A)43 70 A WX 28 OO Sl P A A e
Pho SEIGIEHL 300 7K CT KGO AEME, EAFRBPR#AET, MKIg)E Ed
EI{R ¥ PSNR Al FSIM 2548 3-14 . MBI 3-14 (a) AFalBUEH, FEE I
ZrJAIRIIE TN, AN [F s 1) PSNR (B Y384 3 5 R4 30 4> epoch J5 #1742,
HZBLWE B 3-14 (b) HATAES], ANFEEREERE %S FSIM 2%
SRR . 180 N A FEEHETE 30 4> epoch FIIIZ N FSIM 1H A BT K%, 7&
50 /™ epoch YIZE G REIA R NAE, BHIGH 1 BT RFE, 280 W2 46 H L
WGBSR . Ak, ZEEIR R, PSNR & FSIM HIEAL(E, =256 H ik Bl 2k
J& B3R 50 /> epoch.

=00 views — 00 Views
PSNR —— 120 views FSIM — 120 views
44 — ] 80 Views — ] 80 views

0.88
45 0.87
4 0.86 /\/‘\
40 0.84

0.83
39
0.82 /\/\
38 0.81 ’____—__/—
0.8

36 epoch 0.79 ep...
30 40 50 60 30 40 50 60

(:; 7F|51engchT90ﬁUE, 120 ff1 % F1180f J¥ IPSNRA{H (b)mxﬁepozclwwoﬁa)ﬁ, 12041 J% FH180 1 1 [ FSIMAEL
K] 3-14 AN[F epoch T 90 R, 120 FFEFI 180 A% (1) PSNR fH A1 FSIM A
Fig. 3-14 PSNR and FSIM values under 90, 120, and 180 views under different epochs
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(¢c) HM A& Lt

B ST AR P AR FV AR M S AT AT T J5 , 18 ATI BT iR B 3R, AL i
) 52 24 AN 25 [B) B2 % FE o 8 SCR PR ALY i 1B], DRI 8], S B E Bt
T . BT CTTR BEiEAA R H LYK H Transformer W45 254, SZI6 A0k 3=
HXTLLIX PRI OTVER B A, 45 RE 3-1 fion. WEFATLIEH, CTTR Hik
() ZHORI (8] B A< FE . 61M Parms A1 187G FLOPs, 1 A< & $ H! () 532 2 50f
INfA) & 24 B 30M Parms Al 99G FLOPs, B A B /DRISHATHEE, I HAEN
R TR R 2RI 8] _E345/0F CTTR Sk,

#* 3-1 CTTR %75 A1 HDTransformer 5158 2245 L %F Lb
Table3-1 Comparison of complexity between CTTR and HDTransformer
YIZES (]
Epoch=1 Epoch=10 Epoch=50
CTTR 16 min 152 min 635 min 3.4 min 61 M 187 G
HDTransformer 8 min 81 min 376 min 5 min 30M 99 G

3.5 KENE

H T A R, SEEZREN CT BUE R AR R E KIS A BE SR
A, B EURIEI B R A DU B = R . ik, AR ESR GG B A BB
AL PESENE, it 1 FE T Transforme RV &I M 2% HD Transformer, LA$E
i A B CT K18 B @ J5i & - HDTransforme #, 25— B WG ECR H &
Transformer %%, DPARlE %4 CNN Al Transformer I E, BEARCHRE FE A HE HL
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Fig. 4-5 Axial view results of different methods under 90 views
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Fig. 4-6  Axial view results of different methods under 120 views
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Fig. 4-8 Coronal and sagittal images of the different methods under 90 views
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Fig. 4-9 Difference images relative to the reference image obtained by different methods

K 4-1 990 F1 120 M EE FAE TR E A5 R #E (PSNR, SSIM Al
FSIM #8Fh5) o XFHLH 4-1 i3 EMT7 2l LRI, AZHRLH I SVT-GAN 3k
BT R ERSG R, HLIXKJE CTTR. EAR CTTR £ 90 M 5 h ke 7 ir
1) PSNR 4551, (HI&] 4-5 A1 4-8 Pros ML 45 RAESE CTTR 74 7 id~Fig 4
R MNFP A LIE B, BALA R 5 TS R —30 SVT-GAN 3115 | i {£ 1 PSNR,
SSIM H1 FSIM {8, Wk 1 Frifmikmiii s . 7 B EJ ) HU US55,
4-10 Tzl 7 ANFE DR P S RO R X A ) CT (%83 . AT LK
W, AE 90 A 120 ARG LT, SVT-GAN L& PEREIL T StarGAN
A CTTR, F£W] SVI-GAN A E4F IS5 M IR IERE. ©

£ 4-1 NFETTIESFRAFH Mayo 851 PSNR. SSIM Al FSIM &
Table 4-1. PSNR, SSIM and FSIM values of Mayo data obtained by different methods

Views 90 views 120 views 180 views

Metrics  PSNR SSIM FSIM PSNR SSIM FSIM PSNR SSIM FSIM

FBP 28.33 0.73 0.72 32.12 0.76 0.75 34.24 0.78 0.77
+0.77 +0.031 +0.032 +0.68 +0.029 +£0.029 +0.65 +0.026 +0.027
33.53 0.77 0.75 34.52 0.82 0.81 37.35 0.85 0.84
PRestor
+0.63 +0.022 +0.032 +0.65 +0.020 +£0.028 +0.61 +0.018 +0.025
36.36 0.81 0.78 37.34 0.85 0.82 39.65 0.88 0.85
StarGAN
+0.52 +0.014 +0.023 +0.59 +0.012 +£0.019 +0.55 +0.011 =£0.016
CTTR 38.40 0.83 0.79 40.65 0.86 0.83 41.87 0.91 0.88
+0.67 +0.018 +£0.023 +0.62 +0.016 +£0.018 +0.59 +0.013 +0.016
SVT-GA  42.47 0.94 0.91 43.32 0.93 0.92 46.34 0.96 0.95
N +0.49 +0.013 +0.018 +0.32 +0.011 +0.015 +0.29 +0.010 +0.013
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Fig. 4-10 The intensity profiles along the specified red line in the three axial slices of different

methods
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Fig. 4-12 Imaging results of different methods under 200 views
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Fig. 4-13 Imaging results of different methods under sagittal plane and coronal plane
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F 4-2 4 120 F1 200 AN BE R AR 7R B 25 R = ALE (PSNR, SSIM F
FSIM fE#5) o XFEEER 4-2 FHME R Z 0] UK I, AZHEHE SVT-GAN 3
BT BRI EELSE R, HIRE HFormer. MR A LLE S|, BALSE B 5l ML s
B—3, SVI-GAN 313 7 f{E ) PSNR, SSIM Al FSIM 8, IAIF 1 Frfe 7%
. T BREREREN HU A0, B 4-14 e 7 AR J7iE A 5 B
(1) CT E 456 « N AT LU B, 75 90 AN F1 120 4 AR 550, SVT-GAN
[FHLE T REAL T StarGAN Hil CTTR, KB SVT-GAN B A S 1F (1) 25 8 (RAF TR RE -
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Table 4-2. PSNR, SSIM and FSIM values of UIH data obtained by different methods

Views 120 views 200 views
Metrics PSNR SSIM FSIM PSNR SSIM FSIM
FBP 30.58 0.60 0.54 34.70 0.74 0.64
+0.78 +0.05 +0.023 +0.801 +0.047 +0.015
35.31 0.85 0.74 37.43 0.87 0.83
StarGAN
+0.53 +0.017 +0.006 +0.48 +0.016 +0.005
36.35 0.87 0.83 39.95 0.89 0.85
CTTR
+0.72 +0.012 +0.006 +0.54 +0.010 +0.005
39.24 0.90 0.85 41.35 0.91 0.87
HFormer
+0.78 +0.012 +0.005 +0.56 +0.009 +0.004
43.13 0.92 0.90 43.77 0.97 0.93
SVT-GAN
+0.69 +0.005 +0.003 +0.32 +0.002 +0.002
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Fig. 4-14 The intensity profiles along the specified red line in the axial slices of different methods
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S OR, S236 0 HIAE 30, 60 90 AN FE R EE N HEAT T Ak S I8 30IE .
12 52 56 45 B8 W] LR A [F)45 8 Af 2 HcHfs 0) & e . sk, R A MDTA +
GDFN F£/- A FEN I LN AE AR G, MENTERLSCos iR 2R iRy . #21K,
MDTA + FFN 1E 58— LAY, AR plids G E NS LAY . feda, Rt m)
SVT-GAN BARRIARIAE R 5 — /> LU RUBEAY .

Kl 4-15 NAEREARIAL G G, %R 4-5 NEBSER. WK 4-15 i LUEH,
B AL PR 0] DL 22 BRGS0 P s T BRI B2 — s A 2R, (B E ik L BR o LN 52
5 MDTA + GDFN F4 pi#t G AL, AT LUR AR ids G H FEN REg 7 K — & I
e e Dy g R . i LR — B IS, ATRAUR I SVT-GAN H 0 i %
SRS B T /NG, FRIRGEA T MR S S BUR T8 A — EUR R e Ak
PSNR & i 25 R, AT A A A G IR15 1 IR LS R B3R 13 (1 5 0.51
dB. XIPr5 2] E LG Transformer [4E Bi#s G M4 HAA B G715 21 80R . BEER
5&, SVT-GAN JiETE 30 MG sl ae =4 JL T RO B . Bk &
SVT-GAN 343 T RIAFMIL e ERe, BURSEIEMT, 1A R e M R s h B
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Fig. 4-15 The axial results for the ablation study under different views data
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R 4-5 AT T E B AR

Table 4-5. Quantitative results of the ablation study.

Views 30 views 60 views 90 views
Metrics PSNR SSIM FSIM PSNR SSIM FSIM PSNR SSIM FSIM
MDTA + 30.66 0.84 0.67 33.65 0.86 0.74 36.37 0.90 0.77
GDFN +1.57 +0.03 +0.03 +1.24 +0.02 +0.03 +0.74 +0.01 +0.02
MDTA 31.41 0.87 0.69 35.92 0.89 0.75 38.26 091 0.77
+FFN +1.37 +0.03 +0.03 *1.11 +0.02 +0.03 +0.73 +0.01 +0.02
33.21 0.89 0.70 36.21 0.90 0.76 40.64 0.93 0.80

generator G
*+1.24 +0.03 +0.03 +1.04 +0.02 +0.02 +0.70 +0.01 +0.02

34.24 0.90 0.71 37.86 0.91 0.76 42.47 0.94 091
SVT-GAN
+1.06 +0.02 +0.02 +0.88 +0.01 +0.02 +0.49 +0.013  +0.018

(b) ZH o Hracls

eah, fEA (4-7) FA (4-9) FEH SVI-GAN HA 54 s Bk +1
KINAFEZE W E VRS . BARTT S, AT RH 7 S SR R 1A 2 451 2K 2R
B4 K 4-16 #%: T A o 78 90 A N IRMG IS R . WK 4-16 M H
HBORE AT LG H, o Bk FEC— LR BUR S 0, R0 B RERE
fiK, MR Ko =10, FH[E CT BUFME R RLF, BGHE T
S, EBRERINE 4-6 R, WNE4-6 (TLULEH, £l REGERREE
PRI EE R . T 4-6 FTLUE H, RE S5 I EME BTEXT MSP 5 R BUE 77 t

XS R BUE o EEUK.

L

@) =001
4-16 A[FEIZHAE 90 A E R 455

Fig. 4-16 The results of different parameters under 90 views

S ea=01
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*® 4-6 AFEBESECT I PSNR A1 FSIM {H
Table 4-6: PSNR and FSIM values under different weight parameters

o 0 0 0 0 0.1 0.1 0.1 0.01 0.01 0.01 1 1 1

n 0 0.1 0.01 1 0 0.1 0.01 0 0.1 0.01 0 0.1 0.01

PSNR 423643 43.0975 42.7231 43.7563 42.8927 43.2020 42.8452 42.4021 42.6625 42.8731 43.0425 43.8216 43.7525
SSIM  0.8926  0.9021  0.9012 0.9138 0.9125 0.9102 0.9018 0.9017 0.9021 0.9075 0.9071 0.9183 0.9102

FSIM 09023 0.9181 0.9101 09235 0.9178 0.9217 09143 0.9076 0.9152 0.9209 0.9208 0.9252 0.9214

(c) WitV B i s 56

I TR PSNR F1 FSIM 7340, 04T T SVT-GAN WshtE. il 4-17 (a)
Bz, BEE NSRBI, A [E] £ BEEGE ) PSNR B AE 100 epoch [ B K,
N B 4-17 (b) HRRTLAEH, AFEMEEHIEIIZE R FSIM 8 7] LUk 3 i
KAE, SRJEHEH TP PSNR A FSIM 7E 100 epoch J& [, R BH M 45 46 H I
HWA. Ak, g5 RUR. PSNR Ml FSIM, SE5GH1 4% epoch ¥ B A 100,

cg - —— 90views P — 1 views
W — 120 views + — 120 views
— 180 views 005 L — 180 views
45 | L9
09
- =
G40k 7
£ B085
35
' 0.8 [
30 0.7¢ >
20 40 60 80 100 120 20 40 60 80 100 120
(a) Epoch (b) Epoch

Kl 4-17 AEVIZEBT 90, 120, 180 £ £ ff] PSNR #I1 FSIM &
Fig. 4-17 PSNR and FSIM values for 90, 120, and 180 views under different epochs

(d) FREAIE ek

SEBPA 120 AN EE TR 300 K CT EEOAINAEE, L T ARITIER 25
K&, FLOP FUZATHIE], LhEcss Rk 4-7 frox. WRHHLUER], CTTR 7
1 F1 HFormer 775 5 A & $2 i 1F) SVT-GAN K FH 1Y Transformer W 4% 25 ¥4 .
CTTR HIFHY R~ ISR 44 43 51 61M Al 187G FLOPs, HFormer [HA Y R
SR 24 FE 2 508 1.6M A 104G FLOPs, 1M SVT-GAN )2 $UR1I) 8] 5 2%
5378 26M 198G FLOPs, 1RG4/, SVT-GAN BLAY 1) s 8] A1)l 25
INFA] S LG CTTR AR B4
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Table 4-7. The model size and computational complexity of different methods

Training time (min) Test time
Iter =1000 Iter =5000 Iter = 10000 (second / slice) Params (M) - FLOPs (G)
StarGAN 18 123 401 3.8 53.2 192
CTTR 16 108 326 34 61 187
HFormer 14 92 251 2.8 1.65 104
SVT-GAN 5 30 64 1.2 26 98

4.4 KENG

H TR AR, SEEREN CT RGP EREXEHNY, THIE
RiZWr o MEBALER M S EoRITI Db RS, HAA BN ME . 4] g B A
i, mtbimE CT BEHE, RHEMGEAE CT BEIMImKNE, A&
Bt 7 3 F Transformer B4, DL GAN 2z 2 5Gmg, SR SE M 25 14 5E A 42
Tho ARARMZR A 7 MDTA B, $Em 7 REAIE R IR E iR BRE /1, 2
SR E T AA S S P, ERER M TIL K ) GDEN $#1Ek
MRS g, TITEat 7 — MRS R R AR = N 2 PERE .
Mayo 45 F1 UIH Hafs (1 5L 50 45 R W, A< 5 i ) 2 A5 2R 8 AN [w] 10 46 7 A 2
B D sZ A s A0 Txf b 7%, R BT &4, JR4E PSNR, SSIM A1 FSIM
SR E EEPr ERUS T RAERUR W RS S5 RASIE 1 2 &5 IR E D
sEAN I B R, ERAE AN [E B 3 R I — e e S, R R O
R T X EE 7%
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£ 5 & WiH Transformer & BT MNEERAE CT A&

Wi E CT BUR B IEE %, BT ABEREHEEE, BRI G Rk
R ZORINR o AR BN 280 R, I8 T EARRAE RS, 5INT
— AN HD G, HATSS RN A R A S BSERE AR AT X 77 o I IR AR ookt anid
s ANWTTO A AR I PR BE o SRR HUME IR 5 ST SRES TR R T — A3l B3R RA B,
A BT W 25 B A o 2 o) Rk SR G SR . BRI, 28 Bz AsE A Tt
1) 15 R B 1 L IE T H AR o {H 2 B — BRI N 2% 1) 52 LI 813 i 1 2
R, MREEM K EEE R m, SSATEAR. b, ARERAERT I AR A
fili b, BlE AR RO BN 2 VR B 38 R 25 R AL 3, A 5 T XU, Transformer 42 B
XTI % (IR i A B CT % 59% (A Dual Domain Transformer Based Generative
Adversarial Network for Sparse View CT Imaging, DuDoTrans-GAN) , {E# 5245,
Bk, Wit & A T EIE AR Transformer M 4%, X525 5Kk 5670 3047
AN S SR ERBER, BT ERS R C KR b, BT PAT 1L
SVT-GAN [] Transformer Hi3k, MR/ 2% T B mHEWT I AZ, RN BRI
AR RO BU RN 2%, AR AR PR 5 25 SR AN H bR BURBEAT AW, BEAWr A 455 Bt b
PR 2% Je BMG B AL BRI 2% R 1 e . SRR AR, Rl 5 1Y Transformer W 4% A] 3K
1S PUER CT BUR, fEFEERR. S50 SN0 I 52 7 T 35128 0L HH S0 1
PERE, FIEE— DR EEA I CT BHUR SRR, A R PRI AT 2 52 112 W 1&
B

5.1 Mg Transformer 4 R XTHT LK FERY

MR A P55 AR AR AE R4 A LA T AT M B R R 4, DOSRECRE D 1455
AR IATH) CT BURE . ik, A5 A B WU B 1 A 848 5 A
BT SRR, T EUR P E . AFETE DuDoTrans-GAN 2% 1]
FEERER Y 1 Sk M A 4 RS HE AN 4 A FE B0 B 4 A\ AR 4K Transformer
T, XA A R AR AT B R, SRS R A e A B, 3K
PEEEE, KMEEEGSSME CT BG N B4 Transformer M 25,
15380 e A 5 1 MR, B S MR S M i B A CT R ATIE A7)
arpgg, FAT R S . BUBAE B A& 5-1 k. DuDoTrans-GAN J7i4HT,

SO T A S T 5 = B IR I AL B Transformer W25 45440,  Ffxt k472
i, BN T BkERIE R U TARGURAE ) OR KR . FEAUR KA b, AT R N B 45 1)
PR BRAL, Jo) 50 B 25 A ] A B R SZ B B B AR B, CLOREKR SR 415 4544
1E G I T 4% i, (% 58 DU 55 ) Transformer W28 458, ¥ 4 0 FRGmbD 25 (]
e 3 9%, DABR MG HEWTE E,  [RIISib X Transformer &5 A #EAT P04 CadE, Il
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5-1 DuDoTrans-GAN i #2 &
Fig. 5-1 The workflow of DuDoTrans-GAN

5.2 Mgt

5.2.1 ¥R FME

LR CNN P28 AL, Transformer W25 #1459 78 T H %2 Sk B V= JIHLH
RE5E 78 77 (S AR RE AR (R PR o A S8 AP 1R 08 B 5 $E2 B8 4 i, E BRI T I
2% K F O3 A 1Y) Transformer F53k, 1% Transformer B =/ NEEH Ak Sk,
it de MRS . A& KRGS AL an T
LB T ARG A 1 BRI SCBZH GH RIS TR I BB — AT R o v —
H PR . SRS F MLP B 15 5% BN B % AR
H=ReLU(LN(s,,....51)),, (5-1)

A LN NEAER, RAEECN D 1552 BF N 4ER0N Do (RN . S, AR A

BEIES%E. RELU (o) & ME. H e R 2 3RMUNHHAE/E A Transformer (1%

Ao MLP HE S n IXHIHA K.
Gtd gy . LIX—&ad, WH T8 =%, Transformer 1% 11 . 7
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(5-2)

Hr LN 225 =.
. MR, MELEAI T —ANBhid &R, DA4EP R Thae. £/ MLP
4 Transformer 25 h5 2% i % H M Do 4EVK 2 31| D % -
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L IXMate s, 537 HTHREA T - B E R K .
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Fig. 5-2 Projection domain sub-network
522 EfgE-TFMLE

fE RGBS, RSB E T, GEMmBAE CT BB X, £l G
o HITER, BRARERIEE .. ARG, B 3 ZUFR gL 25K X 2K 2%
FHIE AR ZHRAE F,y o il 7S U B R RS 4E1, 8 1 AREI CT BIR B A
R, X} Transformer FBEIREEMBEATIRAL, IR ZMEIERZ LN FIRT 5N %% FEN,
MDTA Ref 5 & Ja S A EE /R =22 1., IF H 2 B8 Rt b BEAG 53 471 B CT A,
T AR B MDTA #iHesAC#5 % #H Transformer H [ 22 Skt & Ji#iEk . GDFN RE%
PAT IR e, RIFIHE B EBVNRHE, R avra S Bl 22 Ik
L%, BrCAOREH GDFN RARE % Transformer H (1) 4% 14 12 452 /2 A1 I 5t Y
2% o AE 5 VY F Al 5L 0 2R B0k ek 28 M 1 2 NI 15 ) 8% 2 B A IS 45 B A I
=, HETN 7R, prClim AN BUR B ERE BB SR E A BRI,
FERXRT T AR, BB fg B an & 5-3 Frs:
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Fig. 5-3 Image domain sub-network
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ST A R BR B PR IR AT DA IR 9 — N0 BRI I Sk, T
W REEA LY. NI, FEMZE S SRR X R, MIE R R R
o —Fal AT B4 Hessian & 51k 51 AN B ARG B 14, (H i F2L
Mg, 759 FEEGE T8 . AR E A0 R o FE B s SRS 1 s %
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Dy==—07 47 (5-4)

2 A
D _a S(l’.])_azsnd(l7.])
v didj didj
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D. = 0 S(I’J) _ 82Snd(i9j)
T pjoi joi

o, Dy, Dy, Dy, Dy Aty g FIAA S, Z IR — -S40 2%
PRI T (2%l H] MSE pR AU N B SEBEER A5 K pR 8, 0 (5-5) B
min L = |Is — 1, (5-5)

o, I g, 1oAbR%E, 0 NS

Fn#s: FnlEs D K455 ek e Lanh
mGianinLGAN(X>Ya®G>®D)+ﬁ'LG(X>Y>®G) (5-6)

Horb X, A Y, 2 i oM A B2 0 CT BEAM 2 A RE CT BUR . G(o) KA lids G
TR, Oy ALK GIIZEL, ©, AR D KSH, BRMAKTFHEHAR
PURAA IR E S H . T M IIZR, AT RHEOAZSEI Adam J750 45155 R 2
HATRAL o

53 LWHERS S

5.3.1 SEIgIT

N T BAEA Z BT 11 HDTranformer 4% 76 #5413 26 1 T W& 1A &5,
SEEG % A FBP. PRestor. StarGAN A1 CTTR PUFh f7ykxttt, H A FBP A1 PRestor
FEARIR L2 I WAL G277 15, StarGAN J7 152 — M 22 38 S 21 R Fe 3 1 48— AR il
I 4E, B B T B e R e R, GRS TR RE, CTTR 77—
T T~ Transformer 4% [ SUSFG B A FE CT B SE, AR = 005 A P ]
BALEE R, SAFEITERPL. S8R Mayo Clinic B 70\ R GER AAPM
BE AT I AN % EIE S 5 10 9] H 1) 4825 5K Ilmm BRI & CT
K% . @i FBP &L 720 AN R I H0se dm Hh Ed  m B = I R, AT ROIA
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MM CT BHR (hR%8) o £ —FrBe K CT BEBATHEY, KRG HRs

EENREAR, R CT RSB bnss. £5 Bl el —
IrBUE R MPCGERIE AT B, KEREN CT BEBIEAREAR, KX R4
CT EBAEbR%s . BEIRAE FBP Sk, B CT BIRE KR/ 512X512, 2
JEBFERIE RN 720X 768, 720 NMEFEME . FERFLIRER, Sy R
EMfEH], BatchSize K/NA 3, MLIHEIEHCN 96, IZ5 epoch BLE N 80 Ik, =

ST MAIEE A 2} 107 | 2 sy s 3 g ME J 1X107 78 g i b,
batchsize size W N 64, HIUGIHIEHCH 96, LR epoch 5 BN 80, ][]

P 2}107 sk ) M A 1107
53.2 STREER

Kl 5-4, ] 5-5F1E 5-6 5771 90 N ARE, 120 AN FFEFD 180 /N A BN I 8 4
G5, HR AT B AT AT RN F AN (R B BT I I R S
IR g 45 R, BoRE N[-150HU, 250HU]. FEFEE—5 N4 /A%~ FBP &
EEG, ENARETERGSE R . @i 5-4. B 5-5 F1E 5-6 HRES
ZHIRRB LR, aTULER], TR EAR SR, RSN E R RS ER S
ARERINGE, EURATT MO M, MEZWSE . R, SR A
FERIR/D, B E R OOk L . B L2 = HI R R 45 R, AT LR B4
WEYEATE G, SR B BIRpE wInE b4, S EIEA TR M SGE, #Ho
YNHTTET, (EARIH S A KERIZOIROI RIS s . 84 e StarGAN. CTTR
F1 DuDoTrans-GAN JiEmUE 4R, AT LLURILEG R =A T KIS miEst. #—
AN RO E AT LAE H, StarGAN i3S R G A AL HI5R B, CTTR
GRS ER O EGE R, AT LA BT N, Ml — @ il s,
M A Z DuDoTrans-GAN J7 ARG EUG IR £, XL E 5 (i 5-4. K 5-5
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Fig. 5-4 Axial view results of different methods under 90 views
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Fig. 5-5 Axial view results of different methods under 120 views

(HDuDoTrans-GAN
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Fig. 5-6 Axial view results of different methods under 180 views
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(b) FBP ¢) PRestor (d) StarGAN (e) CTTR () DuDoTrans-GAN

B 5-7 90 AT FE T R AN TR AR T A A R R B
Fig. 5-7 Coronal and sagittal images of the different methods under 90 views.

B 5-7 DA [R5 AR T R T AN SRR D A B AR R, SRR X 90 S HEY A
JE T St DR TR AR MR T L LA T LA, R R &OA[-150HU, 250HUT. M A ay LA
A, IR A SR T o R A Oy S AR LD, 4 A PR U X K A DI T 52
AR K. CTTR JPiEAEMe A 0852 b R ER1GIEH 1%, (HEHRH LSO REF L
AN, WO ER, MAE DuDoTrans-GAN 7715 B8 . 3 PR A% A e 75 R £
5, [l SE A7 R B MR A 2 XTI T AR AL, AR 2R B B B B AR o
B

5-8 1IN T 90 ANMABE, 120 ASAIEEAN 180 A EHH PR 4 R
S S K 2 2R, SR HON[0HU, 200HU]. it 2= 5 KRk, A e
RIL=F3S LA B A 1 CT BB v 2, S5SFERIGZ RERRR,
11 A5 555 T 532 (0 22 B s BE A, AR 51, IR AR B 07 iR 3R AT 1 R R
i+ 2% K, BERTHMAE . 20, W ECRKE, ATEITEN
Kb R RSCR B TXS EE 5

90views

120views

180views
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Kl 5-8 ANFJTERASH) CT KR 12 7 &
Fig. 5-8 Difference images relative to the reference image obtained by different methods
N NNE e B AR SR R AR OR . ARZ R PSNR. SSIM Al
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FSIM = /MEFRRVEAL IR EE R 3 5-1 A =R R A B E&ZEE T PSNR,
SSIM 1 FSIM fH . 1@t 5% 5-1 i LLE H, 4% DuDoTrans-GAN J5 % 7E PSNR Al
FSIM P8R, BT AR =R tb 53k, B —wE'mms. AT 5%
RN HU AR, B 5-9 H=AAFEBOGEIX M2 1 CT (a4 5 th 2814 .
XTT 90 FE M 120 fEHE, DuDoTrans-GAN L& PERENL T CTTR, £ i%
Ti kR A A R AE 1 RE

£ 5-1 RFEJTEIKAZH PSNR. SSIM 1 FSIM 18
Table 5-1. PSNR, SSIM, and FSIM values obtained by different methods

Views 90 views 120 views 180 views
Metrics PSNR SSIM FSIM PSNR SSIM FSIM PSNR SSIM FSIM
FBP 2833+ 0.73% 0.72% 32.12&  0.76% 075+ 3424+ 0.78% 0.77%
0.77 0.031 0.032 0.68 0.029 0.029 0.65 0.026 0.027
PRestor 33.53%  0.77% 0.75% 3452+  0.82% 081+ 3735 085% 0.84+
0.63 0.022 0.032 0.65 0.020 0.028 0.61 0.018 0.025
StarGAN 36.36%+  0.81% 0.78% 3734+  0.85% 082+ 39.65£ 0.88% 0.85+
0.52 0.014 0.023 0.59 0.012 0.019 0.55 0.011 0.016
CTTR 3840+ 0.83% 0.79+ 40.65£ 0.86% 083+ 4187 091=% 0.88+
0.67 0.018 0.023 0.62 0.016 0.018 0.59 0.013 0.016
DUDOTra 43.01£ 0.94=% 093+ 4421 096=% 094+ 4692+ 0.96=% 097+
ns-GAN 0.43 0.012 0.016 0.28 0.008 0.015 0.26 0.07 0.011
1100— T - 1200 = 1200 =
— sk = i
1050 %L/\\ ‘ teof NV EIsy —em 100 | = L st
L J’ 1 AN il 1 { ff,;" —
A | AL
2 1000 N, Vi 1 .| 2 1000 | \\. {“.‘ R0 /| —
AL ke ] 4 Y A I“ f [ il
950 7\ A 900+ \ 900 / 4
fl \ E# _ \ A | |
M LN |
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5-9 AR TTVE B = AN Fl 1) U0 V4R 2 2 i 9 70 A1 18
Fig. 5-9 The intensity profiles along the specified red line in the three axial slices of different

methods

A A T = 2 M Y 22 () Transforemr 245, AULIEEL 120 M T 0
CT HEALEITILE, HAE 17, 5 ATRIEE =47 R AR Bk xt frik
WS BRI A G 45 R, BoR % N[-150HU, 250HU). EIHEH—F1N
AT FBP MG, 1ENAFRTIERGS RS, Wik 5-10 frx. MWE
R DUE Y, =FpE i HDTransformer B @ XU 5 72, 118 46 EA% 40 71 B0 .
SVT-GAN Al DuDoTrans-GAN 7E i 35 A1 35 5 it 45 A e, (HENEEA &
AL T SVT-GAN. K 5-2 5 90 M A 180 A AL T EH iR K
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f\] PSNR. SSIM #ll FSIM 1l . @it 5-2 ATLLEH, <2 DuDoTrans-GAN J572:
AR T HAL =Fhx b v, B —E 8.

(e)DllTra)lié-t}‘AN

(c) HDTransformer ( T—G:AN ]

“@Ref () FBP

5-10 120 MAREAE T ANFTTEER CT UG BCER Bl
Fig. 5-10 Imaging results of different methods under 120 views

# 5-2 AFJTiEIRAZH PSNR. SSIM 1 FSIM E
Table 5-2. PSNR, SSIM, and FSIM values obtained by different methods

Views 90 views 180 views
Metrics PSNR SSIM FSIM PSNR SSIM FSIM
FBP 28.33 0.73 0.72 34.24 0.78 0.77
+0.77 +0.031 +0.032 +0.65 +0.026 +0.027
40.42 0.91 0.89 43.14 0.94 0.93
HDTransformer
+0.52 +0.021 +0.022 +0.35 +0.016 +0.018
42.47 0.94 0.91 46.34 0.96 0.95
SVT-GAN
+0.49 +0.013 +0.018 +0.29 +0.010 +0.013
43.01 0.94 0.93 46.92 0.96 0.97
DuDoTrans-GAN
+043 +0.012 +0.016 +0.26 +0.07 +0.011

5.3.3 MLEIRB 4T
(a) VHRhsLL

A7 DuDoTrans-GAN 14 7772l = AN ik, o0 R BT &
1%52?”%%5@%“?% T R B CT AR S5 RIS — e R ek Ak
A B T W 2% | 58 = B 5 524 Transformer M ZRARAIS 2, BIG IR B

EEEB VU SVT-GAN faifb ik, Jy 7 Wik AT ) Rl W 2850 Wi /1 2 CT g &k
SRFEFAER S 220 PR AN [F] 5 9 28 J 20 s X 265 R BRUAG RAOR 330 AT T LR, ¥
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T M4 EN S, FBP E @ EI{CET L4, idh S, . FBP K
AUE I BRI T 28 Ab 3, 18N S, o SRR &5 TR gk BI5GB B 547 Lt
B, i 5-11, B 5-12 Fios, AR S-11 90 MR M FE RS I CT B,
Kl 5-12 29 120 MBI G 1) CT B&, Bont L3N [-150HU, 250HU].
I EE B 5-114 1 5-12 A s i Js ok B T LUK I, S, BT 22 T S,
ARBEIELLS,, S, BB IR SRAR R . mid et e 5-11 A1 5-12 R R
ORI AT DL Y, 2 AL B Py s AT 75 7 T, A 55 R FH ) R D) 48 [ 9 Ak B AR
AP, EINEESE CT WG N INE M K e 5 E A RIBY B o i
ORI BEAE DL, L3 434533 — 5 K A PSNR I FSIM 3X 5 b 2 M SEAR 8 AR 34T
B, WEIER 5-3 PR .18 3 5-3 7 LUE H, AF 3 H AL & 5% PSNR #1 FSIM
i, RAHEEEGENELE TAAETHISEREEL.

5-11 90 M4148 A1 B H I AN AR AR CT iR 38R

Fig. 5-11 Chest and abdomen imaging results under 90 views

5-12 120 N A T REBFAE T CT Mfg 23k

Fig. 5-12 Chest and abdomen imaging results under 120 views

R 5-3 THRAAT T E EAT R
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Table 5-3. Quantitative results of the ablation study.

Views 90 views 120 views
Metrics PSNR SSIM FSIM PSNR SSIM FSIM
33.25 0.75 0.72 35.21 0.81 0.79
5 +0.72 +0.039 +0.042 +0.65 +0.034 +0.036
35.82 0.78 0.74 38.65 0.85 0.82
5 +0.067 +0.032 +0.038 +0.52 +0.027 +0.029
40.47 0.86 0.82 41.29 41.92 0.89
5 +0.59 +0.023 +0.028 +041 +0.020 +0.026
43.01 0.94 0.93 44.21 0.96 0.94

DuDoTrans-GAN
+0.43 +0.012 +0.016 +0.28 +0.008 +0.015

(b) WSSk B0 R SE 5

BBy S2 i 3E— 22208 1 DuDoTrans-GAN P28 Il ZR s Sl . S236 % F AR
[F 15 epoch N EZE CT K4 1) PSNR ¥I{E A FSIM ¥MEAE iehr, 2481k il
2, T3 M I 2% W S A 52 12 . PSNR AT FSIM A4k £k an /&) 5-13 .
M 5-13 () HRTLAEH, BRI, AR AE T EgEEN
PSNR {H 3412 1 5 22 80 > epoch JG (K. M 5-13 (b) HHATLLER], AR
A R A A A 1) FSIML A8 4k 35 55 PSNR — 2k, 7 80 /> epoch J& [%
ik, RAMEIEHIIEIE . ik, ZEE MR . PSNR J FSIM IR IG(E,
S R BN 25 A 80 A epoch.

—00 —090
RENR FSIM 120
49

0.98 180

35 epoch 08 epoch
20 10 60 80 100 20 40 60 80 100

(a) Aldlepoch FOOMSE, 120 1% 11804 £ (JPSNRAY (b) Aldlepoch FOOFE, 1204 1 H1180ff1 ¥ HIFSIMAY

5-13 AN[A epoch & 90 fAE, 120 ffEEF1 180 ff EE 1) PSNR {E 1 FSIM fH
Fig. 5-13 PSNR and FSIM values under 90, 120, and 180 views under different epochs

() MR etk

e 5-4 s, SEBbL 300 5k CT B MINAEME, 78 120 A B HEal F,
b T AR 7B S U B . FLOP A1 47 I 8] » CTTR A1 A 32 #2 H ()
DuDoTrans-GAN 3)°% H Transformer M 48454, CTTR HIRRY R~} Fi 588 44 fr
43928 61M F1 187G FLOPs, HFormer 58S RS] FTH 8 2% BE 430008 1.6M Al
104G FLOPs, 1fii DuDoTrans-GAN [ 23 FlIi 8] 5 2% £ 5331 9 28M F1 82G FLOPs,
HAT SR AT D . SVT-GAN AR (1473005 B (] Rl 1| 25 B[] #48 LU xof Bl 7 v 2 4
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R 5-4 AFTHERIBARUR NN R R

Table 5-4. The model size and computational complexity of different methods

Training time

Test time (min) Params (M) FLOPs (G)
(min)

StarGAN 401 3.8 53.2 192
CTTR 326 3.4 61 187
HFormer 251 2.8 1.65 104
HDTransformer 276 5 30 99
SVT-GAN 64 1.2 26 98
DuDoTrans-GAN 60 2.4 28 82

5.4 REING

CT & rh, BTk, «F8EERGH HIIRE R
PERMEFS, TR W . M ERACEE R BRI 055, BT BRI R
fH o (E B — BRI B2 Ak LUOE 2 R RCR 1058 = F TR 1 =R Bl 638
I IR B AR e, SRR . Dy, AR B AESE = F5 A28 U 5 (0 U7 iR Ak At
R, A — PP BT Uk Transformer A2 BEXH LML, I HAE R AT
P 2 AR 1 X 28 e ik b, AT AR R SR A . SRR, S AR R
35k I 2% N P 5 3 R 4 R AR B R BCRE )L B AS [ BETEAS RIS AN R R 4%
PR PR H SER A IRR W], AT P PR N A R ] 35 T A R R AZ L 1 CT %8s
xS, BB ESA PR KT, JFAE PSNR, SSIM Al FSIM ¢ A
FlEACSEbs EHE 7€ 5Tt . TH RS I 45 RIIE 1 8250 i THE D R
T R A R, AR AE AN Rl A B R BT 55 R R B — S ALt
PR N T R AR T4 b i
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