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Abstract: Medical imaging, a crucial tool for medical actions, utilizes various imaging techniques to capture the internal
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structure and function of the human body. Common types of medical images include magnetic resonance imaging (MRI) ,
computed tomography (CT) , positron emission tomography (PET) , plain X-rays, ultrasound, and optical imaging. The
information obtained from these images varies due to differences in imaging principles. For example, MRI uses a strong
magnetic field and radio waves to obtain images of the inside of the body and provides good information about soft tissues.
CT uses X-rays and computerized processing to create images of cross-sections of internal body structures and is primarily
used to image high-electron-density tissues (e. g. , bone) ; however, its capability to contrast soft tissues is somewhat lim-
ited. PET uses tracers labeled by radioisotopes to observe biological processes and functional activities within the body to
image specific biological functions. At the same time, depending on the differences in imaging parameters and tracers,
medical images of the same imaging type may also differ from different subtypes, such as T1- and T2-weighted MRI
sequences, FDG-PET, and AB-PET. These medical imaging techniques provide visual information about the anatomical,
physiological, and pathological states of the human body and play an important role in disease diagnosis, treatment, and
prognosis prediction. Medical images of the same type or subtype are referred to as single modality, and medical images
that contain different modalities are referred to as multiple modalities. Given that various types or subtypes of medical
images respond to different information about the patients’ body, multiple types/subtypes of medical images are often
acquired to obtain more comprehensive information to improve diagnostic accuracy. However, multimodal image data
acquisition faces difficulties such as long acquisition time, high cost, and possible increase in radiation dose. Therefore,
generative techniques should be used for cross-modal medical image synthesis, that is, using medical images of one or
some modalities to generate medical images of another or some other modalities. Although cross-modal medical image syn-
thesis can facilitate multimodal image diagnosis, some technical challenges exist. For example, some information that can
be captured in the target modality does not exist in the source modality due to different imaging principles of various imag-
ing modalities. In this case, synthesized images of the target modality lack certain information, creating significant dispari-
ties in diagnostic performance between synthesized and real images, which leads to the problem of clinical failure. At the
same time, privacy and ethical issues also contribute to the high cost of acquiring high-quality multimodal medical image
data and the problem of missing data in cross-modal medical image synthesis. In addition, differences in resolution, con-
trast, and image quality between different modalities affect the consistency of image generation models during the genera-
tion process. Addressing these inconsistencies in data across different modalities poses a significant challenge for cross-
modal medical image synthesis. The computational complexity and generalization ability of the model also need to be con-
sidered, as cross-modal medical image synthesis often requires complex models and many computational resources, which
may limit the usefulness and scalability of cross-modal medical image synthesis methods. In addition to the training data
that the model has already seen, whether the model can perform well on new or other different datasets should be consid-
ered. Most researchers start from the model itself and improve the quality of the synthesized images by improving the repre-
sentation ability of the model or designing task-specific constraints. These developed cross-modal medical image synthesis
techniques have been applied to image acquisition, reconstruction, alignment, segmentation, detection, and diagnosis,
bringing new ideas and methods to solve many problems. This paper focuses on cross-modal image synthesis techniques
and applications in the field of medical imaging. We will introduce existing cross-modal medical image synthesis tech-
niques from three aspects: traditional synthesis methods, deep learning-based synthesis methods, and task-driven synthe-
sis methods. Traditional synthesis methods usually divide an image into multiple small blocks and encode each block into a
representation vector. This is done by establishing a mapping between the paired block representation vectors of different
modalities and then generating the corresponding target modality block based on the encoding of the source modality block.
The random forest-based approach treats image synthesis as a regression problem, assuming that the value of the target
modal block or its central region is the dependent variable of the source modal block. This relationship can be obtained
through a regression model. Dictionary learning-based methods assume that there exists a dictionary for each modality, that
each image block can be obtained from a sparse representation of the elements in the dictionary, and that the image blocks
corresponding to different modalities have the same dictionary encoding. Compared with traditional methods, deep
learning-based cross-modal image synthesis methods can directly use large-scale parametric models to build mappings from

source modal images to target modal images in an end-to-end manner. These methods automatically extract the representa-
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tion features of an image or an image block in a data-driven manner without manually design the representation features.

Given their ease of implementation and superior performance, deep learning-based techniques have become the leading

method in cross-modal image synthesis. In this paper, we introduce them from simple CNN-based approach, encoder-

decoder network-based approach, generative adversarial network approach, and diffusion model-based approach. Task-

oriented cross-modal image synthesis methods consider that the synthesis task has a specific task bias and form a task-

specific bias by adding a task-related design on the basis of a generalized technique. In this manner, the synthesized image

preserves more information that contributes to the task and achieves a performance enhancement on the specific task. Such

synthesis methods are presented in three categories: task-oriented biases, biases formed through network models, and

image synthesis embedded in task models. Finally, we present the application scenarios of cross-modal medical image syn-

thesis techniques and their application under their typical advantageous tasks.
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Y2 GAN By FRALLIR S 23R8 290 H I 17 X A
AT DL BR BT B ik sl AT A B A3 AR G A
IR BB . H AT JC 5 0 Ok B I8 BN A1
5, v LAAE EE T 08 8 e PR Ak B AR i J7 2, GAN
PG AR E . ik, 8 e YL AL B R A A
Bl B R R, Qin A MAE (SSIM %, AL AT DAff
B3 2 (perceptual loss ) $ 5 GAN & 14, (H
TR 2 AR 51 A/ 1) TR 285 R S BB [B) AR iE , 9 LR
REAE A AR A EC B L. Wi AE e 25
PPN LR 28 131530, RN 2k PR A Y TR
ZAHA R e L AR A A AR5 A —
SE R R A B SR B A A0 R 4 b
JRAN G AT DABG SR GAN FO R E 1, LI £ )2 %
SRR R AR A RRAE DL B 2% (Wang 55 ,2018) . 413
5T ORE LR HARPXT s SR i A AR T
295 H A5 AT LIS 2 GAN AR ZRTE .

2.3.4 FETPHUER (diffusion model ) B9 5 72:

P IO AR 2 — P A0 AR B Y, 5 GAN
ANFROE PN Gk BRAR LU, 47 o AL B 50 A7 SR Y
DX 265 235 Ke) R EE AR e (U i A o RS, 37 iopsE 78
A A% A 1 e BT it L LAY R, AT 35 e T GAN Th
A ATt [, 3 OB ] DU 02— S50k

—b o> o> o> —e>——> /0

G(x)

(a) F15 a5 P2

B T S S— —

G(x) G(x)
=) e

y y

(b) TEf ih B AR RRIZITR (0) AR & 2R

—_— —P —oPp —oPp —ep —o—Pp

G(x)

—_—p —Pp —p —>p ——p —o—P

(d) 7EHIAFAE _ERYZTER
B3 AL FHARR
Fig. 3  Comparison for different constraint objectives
((a) discriminator network ; (b) constraint on network output;
(e) discriminator-independent constraint;

(d) constraint on intermediate features)

18 B SR AT e , il FH AR S R BEA T I 2, 7 A BRI 1]
J 7R SRR AR B A FEAS (Ho 45, 2020) o 52
ALAE WA [ B« 1 1) 4 BB BR34BT B IE
Y BB Boe— 2 UK E AL I A g B Be . 25
TE— 0 q () FERFEUCE e = 1, o, T, IE T3 1K
B BT LB R B g (x,) = g(x, |, ) TSR
M 7 A B — R A 1 B AR S o, 6y, oo, g, U

q(x,|x,,l)=N(xt;A/l—B,x,,l,ﬁ,l) (9)
X, B e (0, 1) HBSHE N RS WA, 105
RLFE R o ) AR AR 4 HL U RN 5 7R m] R o, 7T LAAS:
B PR x,, 2, - -, 2, 3T RS 0 A1, B

T
q(x17x2"“7x1"x()):Hq(x1’xt—l) (10)
t=1

Pt Al DB AR 400 i AR A5 3 ¢ i A9 IR
EOEERE S

q(x,|x0)=N(x,;ﬁx0,(l—&,)I) (11)
Rt a, = 1 - B, = [ Joe BT 5o, 36
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¢ I — D AEAS &, AT DL 2k SR R — A R R S
£ e (0, D)IFGIME x, 155, HAK R
x[=/\/gtx0+«/l—7&ls (12)

XA e R T LA o) 4 A R A T M 745 A
g HALAE HAR
8—89(ﬁx0+m8,t)“2 (13)
X, e ~ N(0, 1) Ty, e, M s F AL A
O JASE RISy XA B K A] SR AT LE i 2 B
PR AR ZE ) AR 1] A JH B B R AR

W B A Y s 4y

p(xl_ l|5\¢L> = N(xl_l ;,U,‘,(x,, t), Z(xt, t)) (14)
H I R, TS

%, = (%, 1) + /z(x,, t)z=
)

)

1 B,

L 2 AR N (0, 1) A9 e s, sl ek Tkt 2
Mg | 53 i) 4 B R A M &, 45 31 25 B S 1 R w0
SEAH AP FORSE R A R [A] — M A X T DA i —
S PR T T 9 ok e IR R AfE T [R] (Ozbey 55
2023) , {H ik S by il H AN BE 2 5 2R L ER 1)
JFid

FEA PP OB R A B A A RS BRI AE
7 X 5 A 2 A 5 B AR A T — e AL A o A LA A5
AME R o b i ) B ) SR S b A
BAER A B B8 J e B v, DT ST — A
FAEYHORA A A A S R A E— Al
SRol O A IR 1) 2500 R S PR A s 25 rh A5 21 6 1
(R 25 A ) i, 15 30 A iR A ) e R ot 2 v
BRI R IR Aok A A RIBCS I E B . WS
R ELES , Lyn 1 Wang (2022) 45 &5 45 (4447 HURE 7Y
(Ho %%, 2020) Fl145 43 VC FC AL 7Y (Song 45, 2021) 2 51
BB 24 A% b CT A MR R 2 18] 56 e, Ry 18
P HOE R PR AT IR AT U2 TR PR
o5& R 1% PE |, Rombach 28 A (2022) 3 334 18 1%
EERS B 2 (B A 08 223 [R] v OGHRRAE A7 i g 9 R
W [ G AR (CHL R BRI 25 0] 0 2 48 ) 75 222
2=~ [ GRS ) A AR E 1 2 8] AR R A

Ty — ol S B 3 o 5 2 1 W O AR R S )

+o,z (15)

I AR, B LB A AR X L I R A i B IO AR 2
AT, DT 30 A B VI 0 R IR TR 73X 4%
% E  Dhariwal Fl Nichol (2021 )543 2 5 (0 2% A 41
FEAL BRAE A 25 A BN AR A Ao R R 34 5 T )1 2 )
PHOBE TR N 3 A i B 0 I i 37 B T A e i B bk
fiE. Zhu % A (2023)7E —4EY] A A i 75 W 2 5 |
A~ — R B 2 W7 2 2 4%, 5 R = 4
BRI 0 25 AT RO, (A5 Y O R R s 4
i B X 7 8 = A ST AR AR

M F ] DU Y 3 BRI A LT AR 7R
B RE SSEE T 1IN T AR s A8 B 1) 22 R M B £
B AN 248 o A iR A T, R AT DA
FEXTFLLZ WA B BSR4 8 il b Te ik R
IR AR AR () i 2 DA, e — AR AU
AN B R T AR S B AR —BUEAA
2.4 HEEESHBRSEBERTE

VP2 SRS FAR A R AR T I 75 8 EL A [R]
Ok S WS A SN 7 I = Rl E @ b £ | N
TA 2R B8 b 0 25 A7 i R AR X (H i X
Al BE IF AN & T AT 55 T 75 2L 19 (Cohen 45, 2018) ¢
SR S A S YA B N B S T N 1R
1M BT, TE o AR 55 1 i, o 5 i
EHE AR A 247 B TAF 55 0945 B 7 BARAE 55 1
PRPEREPET: o AT A BN 4 2 e S — Fh X AR 15T
HEWZER 76 s ER i 2 [ 454 2R S
it SOEEMIRTRES BR . FEESEARA T,
LRI T7 A A RGN 5 2 B2 W L 43 1 R o
SEAE S5 S B, 33 3 v AR o A T v
SR, DR A X B SR b AL A 5 BR(TSS
SN B, R I O TR AL 2k S ok R il
] ) ELAARAT 55 1) i A 0 I ), 2 o e A T Y
HEAR  XAIE A B B 2 52 AG AR S s vy FH AR
M RPN AT — D EZERE . T RS GRS
(A5 PR B ELR [a) BERE H4 TT R A s A
—MAESTFB . I, =4 T — R AT 5
AR A W7 (Pan %5 ,2021a,2022) .
2.4, 1 [ WAT S A

A EUR A BB AL (4 8K 5 B A% R 7T LA il
S T55 MR 4r R, NS AT 55 o AR5 R, BD

R(x,y; G) = R,(x,y; G) + Ri(x,y; G) (16)

K, R EZET R, A0 IR BE T S, X 1 (7 5]
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1846 A HL AR AL T 1]
R OR  OR,
E:E-FW (17)
e OR R, \ ML
ﬂ#ﬂﬂ,fﬂix? 5C° FENACIRE S Fvill ke

O B, DAL I5 18] 2 D (1A 55 JC O A 7 1), 45 I 2R 5

AR e 21| 5 | > | 5|

I, DA Ty 5 1) 54 55 TE OG5 1], s -5 e 1
GE R BA MG . 7E Cohen 252 A (2018) 45 Hi 44 7
L GAN B U2 1R BOR TR Bk BB 5 (B A —
L) R EL AN G H A MAE $d A T, D R e
THUB R A T W ZEAT 55 TC R Jr 1) 43K
THEALSAROCTT 1) B o, PR, 2R 5 204 5
B REAR T3 — TR AT 55, A58 AT 55 AH G 1Y)
gyt T MR 55 R 5T ) YA ot SR
{18 Al S 2 A FH LR A 4 55 B A S s A5 i H
b, BEG BGEAR HA 5 HSARTE—MEFAHC
B AT RS . R X — Y SR ) S — 1T 55
(o330 2 BCTESS ) 19 7 AR, R A B i
B Gy HARE A y e Y, 50 Ry XD 94T 55 4 2
SRR AR AR R, (5.f5 F)of = F(y). B4
# Rf(x, ¥ G) = RS(G(x),f; F)j][l/\ﬂ%ﬁfﬁfﬂ%
Ak Birrh g8 s i i B s, B4R R
R(x,y; C) = R,(x,y; G) + Ri(x,y; G) + Rf(x,y; G)
(18)
A, RFRY R B bR, R FR TS AR H
P, 38 B3R 2 2R A S B AT 72 A — AT 4T 55

E‘Jﬁﬁ%o Sz U 5 B T 1L

A BRI AT 45 A 38 M 8 A R A2 T2
YRR S A — B By o BN AR B 4T 55
i 22 RO S5 R AR 29 SRR R ek B, ml LA
035 0 RMGORE A R 5 M 5 1 e CRD AR v T &5
¥y AL ) (Malhotra 45, 2021) ; 78 M AR 5 & ik
CTRAGBYAE S5 i, A FH B 5350 249 o RV AT 4 1 6 i
(1) CT S AR TR R 20 Sk e 88 i i A <A
S A 22 50 (Liu 56, 2017) .
2.4.2 g AR 10

X FAR 22 S BRIl 8, AR A — A~ 4= 1)
BLRRAT R LA T %6 . Bl , FH— 5 BUR
LR AT A A3 ) A A I T A5 A ik AR A

R AT REIC LA B R S AF P AR RZ e ™=
SR B2 2 ] AR 24 7E T 2 i AR SR T
VL BATR R 524G 6 BB 7 A 1 1) 4 55 A A
IEJHQL,F/%TJ:%RAL y; G) = RS(G(x),f; F)E"JW&
B HARSN T DUE o A ) F AR 2 R EE AR
1) o5 — e X :Rf(x, Y3 G) = Rs(y,F(G(x)); F)o
5 — A M b X RO AT 2 5 ] AU ZRAEAR
) WA B, I AE SR RS Y s ] AP 45 5 D
ARG o Ak, I SRAT S5 B ) A 2%, iR
AL LA R 3 (d) iy 2K, 8 0 B AT 45 AR 7R v ] )22
RHE , I R IE — B0 20 Ok D .
ZHT Y AR 8 0 AR R X R — F O 2 (Pan
45 ,2021a,2022; Pan F1 Xia, 2021) . 5 =,
R A5 P9 28 119 4 A5, V6 U2 A R AIE XA 55 1 SR 3k i 3
B85 T UR)Z WAL, DRI {8 )2 A R AR TR s 1 %
AT 55 10 Ml 8 30 1 LR )2 AR AE 55— 2
2.4.3 RAESEAIF ARG B

R 54 55 HH DG 1) D B A8 (i 5 R 5245
S A AT 55 A B A S5 8] — N AT
SR, PR A RS R SR BT B AT 45 A
Y PERE (Pan 55 ,2021a) o BL AT DUE S AR fL I T
BRI SR I FH N X A B0 AR 4 = AT S5 i A P, L
h

mtivn RS(G(x),f; F),xeX (19)

I, Y b G T R g T A X F
mfiLtert, B4Ry
m;n Rx(y,f;F),er (20)

PEBT i A B 63l i e fb T SUA 21, DU L™ A
XTS5 1 B, B Ry
mén R(x,y; G) (21)
AR T, F RN G SR AR A 64T, FLrP R,
TA] AR B PR B AR R v R . XA
B AV AT S54RI T B i e S8 B . DABS S L
E R 9, G5 (40 T1-MRI I T1-MRI) 22 [&] 1 i v
CL&AFZ A T H (BB (41 FDG-PET Al
T1-MRI) i i #E (F) SR & — A HAT BR G PR A
FEX AN M)A L, w] LUAR 3% FDG-PET & A% T1-MRI
(Yang %, 2020b) , #F ifij FH [R) 452 285 FC o 5 145 21 e v
ZH0, 0 F FDG-PET; 5 7] LA 4 T1-MRI & %,
FDG-PET(G) , iF ifij i 13 1 &5 2K fif F F1 G 15 2] FDG-
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PET 1 T1-MRI 22 [f] (450
T3 AN A AT 55 1SR T R (] )l P 2 AR S Ok
KB E U A PERE (Pan %5 ,2021a; Wei %5, 2021) ,{HH
TR U GRAEA A Hoh — RS 28 (XD,
RIJE ) — RS R (Y) 2R T, I 3R AT A B
G R (6) K& BUk R B9 2R, T[R4 e 2
BB SHAGE N R (2, y.f5 F) f = F(x,y)),iX
Tl SUHCER FT DLE o RS AL F R0 G SR, R 22
Wt LAk B bReich
R(%y;6C)=R(xC(x).f;F) (22)
LT 5 o 8 3R 912 W SR 491 388 A Sy [ Rl
JH MRI A PET J&3k 2 47 PERE A A 2 T B BIF 2
FEAWA RAE PET 5245 . B, 288 MRI-PET £
VRTS8 T I 500 Bt 2 1) ) A, P 3R Ty A e b
AR R I REA I R 2 B IS s A

3 BRSEFHGERBINEA

PR RAR B ARG A B o]
T S WA B AR BE T R A ME S T A
N Tl st K 31 MRTLPET , CT Fl X6 4552
B . FEAGERE T, 52 B E R s A i B
il , S AEAE — SRS Y S AR ME LIRS 5O A5 21 19 52
B RAME, AEXFEN T BERLSRAR G A
AT AIE AT A B e T d A S AGOR Tl By B A A 7 B M
(ISW . fEBE2 R0 E g R SRS
1A AR A B AR T LU T = e 250 (i
PO WG R . [FIR, BERLS ARG AR
RAEFAZBCHE PR HE, EREH R A A [R5
BB 2E ARG R 55, ME T M. 1esh,
57 FME S5 b SRS AR B U AR B 52 18]
DL HERS A1 B X6F BB BCRFAE L 5 Bl 53072 B o ff b
RN 3 B ERSBR A DX S8, AR 11 R T A 2
W, BS B ATAR S B AR AT LSS B A RIS A A
O PRAE T S BB RRE . BN, PET 5415 0T L4
BEEFACUHE S A5 B, 1 MRI A] LB (5 PE 40 0 i
TR R P 1 A B AR T LA R AR 4R o 4
T 2 W 3

U BB R 2 ARG U N T s R
ABR T84 By 75 SRS — R
AERRESE . TEMLAR A TR I b i 1) 2

BEERUBCE X R P RE A B, ISR S
AL AT DL 3 A BT I A R GO TR R 4 |
PE AL ALRE Sy o RIS, B AT LAHE B SE 3R
IR A B i 48— , T AR A 3 A . I A R 2
WS FEE S Hrh A R E R R, B
BRARA WA AR AT LA AR Rk 1 A B AR H
TSR, NI B A AE B .

AR DAL 450 1) 17 FH S50 358 R 8 1 R 34 T
55 WA TG B AR I 22 AR B 1 A T4
3.1 SRR R AU

TR BRI B2 2E AR A Wy 0 AR 2 IR T HAR e
AR, RIS RE R R 2 A8 =2 ) S IR e AR e
e, MBS E2E AR AR TG U & 15
A, IR RBNE S IAT B E S B 1 A A, B = i R
Tt Rl SRS B2 2 AR A I AR FAL 5 )
P 2 AR A BT 1 e A5 5 B o s T A 1Y) B 2 5
15 BRI R AR A BB AR AE 52 A5 e B ST ) 1o
FH % 37 0 B0 e 3R s W e M AR IR YT R
ARG R AT A7 ) o I SE ARG 4 1) H 1ok
Wi, X2 F KRBT LAy R s 8 AR AR R b 4
I o T MEAR S5 B 1) A R 3 S AT
PLR B> M AN TRV B 22 (1) 11 Pl 450 B e A ] — A 25
(14 T T AS [R) AR S 2 IR (R 5 4 . IS TR RS 2
[F1] By Pl 5 2 465 124 16 CT 5245 4 B MR 5214, [
— ML AN R 6T b 3 AR =2 [0 ) e A A
TIWI ARG B T2WISEAR o A5 NP AP A [\ 19 £
JE A 21 5 B B 2 S AR G I R TE S AR B e I,
R HH
3.1.1 #BIFEZEN

1 A R A2 B2 AR T REAEAE B ANRAR B 78
PRSI W P AR R T BRI A T AR R . i T
WA T R R B A AR RN R A S5 )
SECEL B BB T REMELAIZRAS . O T X —
[F] 8, AT AR FHSEAG B S5 808 A0 s, vl A2 R
oA AT ARAF RS ARG B 2B AR . 1
W, PET J§A% 0 3 WM CT A% 54T 48 5 28 Wi 1,
{H7E PET/MRI &4t JC i R 4E CT S2AZ, BUHT AT LA
FIH MRISZAR S AR I B PET 5215 5 0 CT 521%,
PL5E B PET £ 1F (Bahrami % ,2020) . [f] i, 45 2645
A SLAGR A R T BRI FE Bt 15 sRE I 119 A4
J5 3 MELALE IR R 32 (6 o o i o, 7%
(cerebral blood volume, CBV) & P4 foi N 5 v P 9
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i A PRS0, A8 CBV (8 0 40 A0 T I 37 78 1 A
BEAR  AFAE AR BT T A = 25 BB Al K
NGB S . IR R CBV 28 i fE BT RE
WA A7 AE T HoA MRUF 1 o, 0] DL2230R) FH 24>
MRIJFHIR A 8 CBV 5245 , T 345 — AN Bl 45
R (Pan %5 ,2021b) .
3.1.2 BRI

XA AL S5l Z A BER FSEAR BB
ALK B AF RS B2 o i an, [R1EH A MRIAT PET
AT LA 7 50 A 1 BT R 8 R 12 T AR AR
(Pan %% ,2021a,2022) , [AliH# FH Z 0 MRI 551 7] LA
P& T SO IR 43 HORG B, DA I 3 B0 S )9 kT
Fi (Jia %5 ,2020) o {H 9 A 5 R 8 2% 4 FR i) 25 )
PR, B8 AN S8 2 A I DR 8 i o XA, o] DL 2o 5%
1§ E AR B A IS ARG G B RS 152
18, TR T A BIREA RN A | I 1] LUK 2 A
RN FHF Pl BEAFTE SRR B AR REAR [, T2k
B AR AR 2 AR ER ALY,
BAE H A A BEAR B X B, w2 B FA s
HARBS 1Y 52 A5 B, A B2 R RS 5 H AR S
A (5 B 0 R 5 B DL B AR B A X 2 B
ok JE MBI AN RIS v A B BN, A
BE R BB R A 5 B R 5l 23
HEABSREEANEL, RAXHES BG4
BEAE FUFE S h R IE M MER . BN, 7€ CT 214
N [ 2H 4058 5 X AN [7] A9 HU (Hounsfiled unit)
{8, R AESE F MRISZAR A B CT 5218, A7 B2 MRI
SAG T S W A5 A {5 B DL HU T U
7T ki B 982 18 ) v, AS RS () S A B LA il ggg
X3 ) —FB M5 B A R 2R H A PR A A R
A 15 HABS BRI R A BRI o FIRG R .
TXCRAR AR A, B A T T 1) 4T 55 1 S B R A
AR ME T 01 , 22 BSB R PE BE A 38 T 38 o R A5 25
TAEAS I 3 I s B 2 R R
3.1.3  ZHEEIENS—1

P 2 S ARGE F 2 IR 2 FE AR R L, B[R] —
FIBEAS AR, 0 T BB AEAE 3 PR W R B 53 A1
FEF K225 o AR ESF LG AR5 ]
A8 R R (8 0 1 25 AR DR SOR B 12 SR b o )
7], 2 S S50 A5 21 04 A 17 28 78 1 50 e H5 s 4 =X
U DAFAEZE 5 o T 3K S8 PR R AR 4 & 15 P
WA S BB 53 A LA 25 5 B SR AR Ry 5 v

OB . 2808 PO B R 5 TR 2, ek
YIZRE a4 T AR A A BRY R H T 85 O Bl i,
PERE St BUME A0 A R R . an R Fh s & 24
PERISEAZI N ) S RS AR, 3t mT LA B A
BAR A WA £ O BRI SE— I XA
AT 2 i AT 55 455 80 5 v ons 1 3 B% BB ) (Lei 45
2022), AWFERE B F AR RS R S
N BE A% 1 37 A TRI B 25 A X 7 96 2, DUl m DL B 25 5
MR A FE T A A AS A AR T (Taleb %5, 20215
Yamashita Z¢,2021;Su%$,2023), L, fE AR
Z P A B2 UG T T B — RS sUF 51
FR T st T DA 24 4 2504 5 90 614 3 AR 1R (Su 4,
2023) , KAl B 2% UG ) R I FH 14 400 B 2 RS
W) AT B 46 v R o 2 T T AE MR 4y 28 R RE )
(Yamashita Z£,2021) .

3.2 HAMNEBES

P 2F AR A A T H R R T R F AR A P
TR AT S R MR RE AR R A ECME A
FNE AT FI S8 LA BRI PR 3T 55 A 1 B A5
BRI
3.2.1 W%

P 452G S0 1 S AGAT: 55 24 i 2o 45 A% b
AR EA AR N 25 44 AT RE 015 5 LAE T k1112
Wr JRITIE S . AP R IR B s R 1R A T B
il , S B P 2 B AGOME AR AT B IR A B 0 AR s R
A FE RGBS RS AR A U AR A ]
BB 1S = 0T o 1 UG, 35 B B 2B A0 SRS i i 12
Wr. il MRI ()22 )35 Bl BB A5 21 5 78 40 1 5
B HH TRAER AR BOR AR Z IR, HBERAE
JEL 2 B BN S8 B 1 22 A B, AR e 4 B
it P AP 510 A i ok, U mT L1 48 B[], SR B
JF B B2 AR 800G (Han %5 ,2018) . MRI B S 5071
SR L CT UG R T 5350 &2 43 A, 17 MR AN CT Z2f
FHMA 25 3 R AR, 1B 3 K T i2y7 A, an St
FH MRI S AR 1 5245 A2 B Z BE XY CT 5245
W) AT DL 35 45 e 6 B9 MRI/CT 2% 98 L 46 002 97 i 1
(Armanious ¢ , 2019; Touati %% , 2021 ; Dovletov ¢ ,
2022;Zhou %,2023) .

3.2.2 Hd

[ 2 A R g AT DA e R 2 2T H AR
T B 1 RS, DT AR AT Mt 7 12 o PRI 1 35 A
Xif HURE R HE . BEARLAS R AR AR A B AR A S
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T LA 1Y 17 ] T2 A T S B ) R AR A A
PRI R A, DT A 7= o J i ) i R el FH ) By 7 R
IF) i 28 AR A R B A B o 610 a8 P A 5 1) 0 U8
REGEEILEHIT CT AR ERSH T XLy
(Field of view, FOV ) 3Z B2 3 8™ 2 (1) #k W Oh 52 |, E AT
AT DU FH A i o 28 DR IAIT 1) 1 5% PR AR B i 1) 1 5%
P o ok 3 o R Y 0T & (Ketola %, 2021) . MRI
FH I TA] 54 L XGT ERF ] 3 B 8 5K, PR A5 A
TR A A B RAE A9 MRI 5 i 55 22, B Ast AT DA o A=
A ARSRAG B (1) K 25 [ AR AR R AR 45 T A AR AE
fif i) 2 B X b4 i (Shaul 45, 2020) . MRIFICT
SR 53 HER A2 B R B A8 FIR AR S5 A A BR T,
JoT £ R RETC I SR 12T IR i M | I ERE AT DA T A=
FRCH AR SE ISR ) 3 B, AT R I R I2 T B A T
AT EEFIAE R0 3R (Xiao %5 ,2023) . CT.PET SA%AY
FEAR G F (B 5 5 A5G 5 A W Sk iy MR 7 R
Fh5E | PR ] U A i AR I 1) CT/PET 5%
5 4 BUFRMER 1Y CT/PET , S 155 5 A 0 F 7l LA
T SRR — B SR (Zhang 55,2021 5 Xu
8,2017) , TR UETS Wi 25 SR i) — 250k
3.2.3 i

[ 2 PRI P v i a3 18 R g 2 ) AR ks
AN [ B ) S AS ] 55 4 AR 1 27 BRUAGORS Bt X 5
B AT A i 00 5 /) R ) REAREAE AR DTG, AT
F B AT LA AT BRI AT R AR S
Wit G mEeHEJraE ey iR 2 3 —fbE
F RS bR R BORE R &, = 4 B2
SR AR R RENT o X o [ BUAT DA A R AR
FIASBCUE J5 14 LG AR R A AR 3, DT e B T #E
B 1Y 22 WK 248 (Mahapatra 5 ,2018) . [A] B}, f F1%
48 e M A 2 AR ORI BB AR A SRR AR AL, R skt ]
DL B0 7Y Sfe A5 L C o 04 T8 A8 ) B2 (Kim 55,
2022) , BARIX PRI AT B B L A L # (R L] 2
207 A EYATE R A BCERE 1 o LG B HER A
FEBS LR L B R A EL 2 R, dn S e
FHES AR W AN AN TRV (R G A8 F A [ A5
AOIFEAG, AT B o o A A T VA 1 s Ty 38 LA B it
HERS FE (Song %,2022) .
3.2.4 5

25 27 UG o3 E 2 B 2 R A 3 e i) — > S0
TR, FLH 20 G0 53 AN R ) DX S sl X 42, 732

HVREE AR A5 R (g8 B 07 A Mg 45 ), DA F
— BT RIAESY . A 5 E D7 ] REAE AR T 5
PEASTE o EDRG 37 BR A (), 3k () (i E — 217
SN A A B AES R AR A I AR S . N
WA o0 VRS R A BSFE 45h T0 4y BIbR TR RS
A2 3B 6 bR T RS A0 I it 45 DT 78 38
A B ARN F i s T G T H
B G AR ZS 1 43 B X 2% (Huo 55, 2019) o 643
1155 e IS AR A g s B0 B0 HORG B2, LR
] DK A A S AR e 4t i H AR, DT AR A
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