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Figure 1 The developing tendency of Al in radiological medical imaging processing
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Figure 2 Work summary of the applications of Al in radiological imaging
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T B FC RS LS WAk, Sl i s s il S RS S
PR AR, T U-NethIBCHEM 514D CBCTIHEIE
P e LS T R RE A F B,

3 NILEREES G T

AT AT AR R TE R SEAZ 53 H v 0 BAR
FH,  ALHEEE XT38 25 00 0 HA B 5 X AR X s
ST FIEARL, TR HT AT R RS 5 20 B E R P TR Y
TTHR.

3.1 HRhd

TS AR 53 R 48 W TR AR o WA T
9 ELA R P B 1) DX 4 I SR %R H AR AN 2
BB, SRR, AT AR B T s A, S
TABARN A ARSI EOARE Y | B, 1 H
A A Al & 2 G B R A 1 RIS . BT
AU A8 5T BB R FE IR IR b HA FE 20 SE PR v
B, WS B R A N SEAR R SR R AL DX, dn
MR . RAESE, PERXTR 22BN A R A
RE S I RE MR THE Wk BE 0. BT AT U 15
Ay B AR AT LA A AR X ) sh A48 Ak, Qi 4
I . A8 E EAE ST, P40 a7 R W Ak
P, oy ENEE SRR MR H A SR Y R B,
WAEIEAE R AN TR B B, 28 S5 X% 3 1 v
WP B M LTI R R . Besh, 2
ZALYE . 2B RIS SR ik ERG B o R
R T ALY U SRS S B B2k AR

Bl TR 2 ST HR R B, 280814
SRR R AICR IS T BRI HET
FETPAIG3 R FET B ST 53, E i AR ERL
PEINAALRILL A S5 FIEG D BRI, T8
222 043, R/ INIAS (R bR £ 4 K 1 AR AR
AR, FeF I 2= 2 0 ), R JTohR
BRI ZARY, sl RIS FRIERIR A Iy kA 740
H I 32 00 A 2 AR HEZR 2545 HHCNIN B} 45 & Trans-
former%5 4, FIEARIRL A RIS AR FIAFAD AN, I UNZE
U-Net?”? | V-Net" HISwinUNETR!. HAhi 4 prig—ik
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R A0 PR, Dice 22845 2K s B Focalfi 2k
PR | AR AL k.

3.2 ERRRERZS E 5 H

NRER B8 0 B R N B R T A RN D) RE Y 2l
SEEEH, BN EEE R REI AL LA S
VR, BIanom . OAE. FFIESE. 28 E
SETTENBNSE . B9 AT FUR R ) B ZE 15
it A 3hEE B s S EUR h R AR E X
B, BESHS B PR 2= A= B roRs o M 47 A i H AR
41, RESWIERRERCR. BN, TengE AU2HRH
— BT RS [ Sk EIR, [ 3o Rk 2R
Migtire, FTFEA b2 an R A I & B A 2 5
. Zhuangi NP —Fh 5L TR e RO ML IR HE LS, fiE
HEMERR IR IO B (LA LE . ALE)VRLELEECE . A
O B), BB A P PEAL S R M O . R AR A
LERIPERR, $ETHSMIER. Youss N H—Fh 2T
Wassersteinf 255 | T 193k H iGN, H 30705 28
(R FFFIE, R LA Bl s A s o o AR Pl (9 2 L R
BURIRAR, R I 2 KRN o A H A E AR AR

3.3 ERebmAR DX 5 E)

Y AR DXl H P RS . SORE L HIML . BRSSO
H 2, HAEI L5 L REHS Bh & A= v AR b A AR A RN
g TRARFR R, AR YT 7 AL S
PEULRL AR TE. Bk UL, AE Nk sk 3 ko 12 W
o, o EIRE EDUL RN H AZ 52 i A i 25 FEL, 40, Seo
2t \ 51 HMU-Net, IMRIENE - [ 34 0 i i e
Li%5 ANV — AT U-Netfi 0 EIHESE, FHT A3
AN EI CT R MG P G L XL TR Al A
SRR, o E A5 AT SCRAR S A0 AT, 18 S )
1BIT. B0, Gerard¥E AU Il Z /3 HERE R
W25 N CTIEIZ 43 5 LT SRR TS, ChenZ AL7®)
P —Fh LT CNNAYMRIZ 0% 0 U SE A 3543 %107
%, T BITE GG RN 04805 0.0 URBE, Rl
PR = A= $AE UL 36 A8 407 1 .

3.4 FETFATNPULEEIR - 3EAR

ATLE PUZE 5 2 ) 2l 7 T A 98 2 32 5%
TE. AEDUZERAR T, BRI H A 2R AR T
By i F AR, 3R — RN 2% ) B9 AR, SRR
TIRR ARG, TEHA T EES A F R A
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TRREM A 3] E D RERE NS LE T A WE AR I SEEURS
YERY H AR X 8] i, 200 T TR ER ], AR
8T AR, Ik b T i FFshigEnT sea kiR 2. 4
un, Li%E N7V AE ImageNet5i 45 Fiill 25 Incep-
tion  V3ZEAANTBEAIT U S B ) B Rd A T, IR
oy BN R AR, DATIONEE /N4 B At £8 3 B Y
HREE. IR R TR e S RS i H AR DX SO v
A) D T D, XA A s AL iR T AT T
VU4 AR AR TAERCR, Wl T T30 i S8R
T, R T AR B RR, NS TEIE
KR SR TR SR EAR SR

4 NTZAReeg B/ b

AT ST AT AR TE I SEAG A L () LR
FH, f45%FTPET. MRIFICTS: LR G R AR s
S S PR TR ISR, AT ATEE AR AR D A T
Ao ] 4 i Gl ) 5 B 7 T 19 TR

4.1 TWENA

FETFANGEATIER, FE T ATRY MG A i R
T RE PR TR, IF el 0o R SCAR -G AR Al MG
Bttt . W PR, Bk ESAG T LA R RO
SRS Ayl T (/€ SN A Gy Kb LAl
AR ) 2 — ST TR Y, SR A SRR &
G Bty 80 8 4t 0 o2 i 2 3o R v O P O B 1 A A
JU AR SAR HR e 2 1 HARBRAS SR TR, #5356 ALY
B AR AR BB AR 73 AT CT . T8 PET LA K I [14]
MRIFFAAR A L TAE.

4.2 IR TBCHBIZ R PETREK

F2Z PETRAY 1) B3 75 BT 56 R U s 711,
X — e R TR, TREXT B 1 K
fa, FeBlExt T Z 2 WK A 1Y B oA R4k
T e KU () LB SR RRAR s 390 A 351 2 T LA D
P, (R SFHINEG TR, MR . g ryssm
DA G B e. PRI, 3T ATRIPETRAG A ik
R PETEUZ T i 3 5 H R 32 2 ) 2 Y, tRATZE
) R R PET RGN T4 e e A I () i .
D e ge B 2 LA B A A 7 TR ELA E R L
42.1 CT. MRI-PET¥ % s A%

PETHAZR A A AR — M5 MCTEMRIZF 5245 H 4%
WA ESARS S , A WPETHAR. U-netfbi RS HX —
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HA i H FHTBE. tiApoorva: AP R GIA T —Fhdk
F3DERIU-NetWi B {4 £ Jmy A E %, HFMMRIA
BCPETEE, HiHEMRISPETEIS 2 8] 442 Jm A e k.
SR,  FU-Net 5000 52 1530 181 I -5 24 4035 ik
BRSO S5 G TR ), 1T GANIZK (5 A 3L
ETET AR (M. ANGLA-GANIM 255 R FH &%
PR B M ik, DSBS it 2 254
= EARGAE. Shin%s A B422300% GAN 5 Transfor-
merfl45 &, T A R T ALE] S AL 0 AL,
SEER T35 kg A B g R A I SR L R R A PET
PG A L.
422 RJEEPETH G R EHE

KU FPETHAZ A LA, (K EPETHZN R,
R 3 R P 45 A TR A ol o) 4% S PR PRI o P B
U SanaatZs A5 FHU-Neth6 U 75 [ {4 23 [ FIHE 5 23 ]
LA PETE S i, 1A T #h KRR PETR
M A B Bk, —S6iF5E 5| AT CT S MRISEH G
HAGMENTIA, FHah G 2R A HAR S 2B
ABPETAR R HEIG R, WangZs A\ BY%E 5 GAN S R
36 R A A HAR, R R4 R X T
ik, SEEL T MAERFI R PET A Z A MRIEUR A W 5 i
AIPETHA%. Zhang® NP4 & VITHESL I S PET FIIMRI
RS Z B 2R LN CRRMEAME B G, ST
AT B 22 M P RO IGR FE PE THAG T 4 5.

4.3 MREIGIGRI K

MRIA G 8 355 AN [F] ) Jok o e 0 A B 12 W
AIZHZU LA B TUMAEIG P18 067 S K o 5 1
IR A5, T2 A EMR N BEA R R AR 5 B 2l
21 Z R0 U RIS R AT S E R T2 R
M . BRI, R 2P E s BmRM: &
S, KA A AN N =7 AR, i AT ie S 308 O
HRLEACEAERORCA R, R, h
i [ T R4S AT L P14 mT B R s T4l Dk 52 52 il i
FEAIZIB T S, tesh, 20 BRI BRI LE B 2
Ok B AR BRGS0 52 . sk sl n] i, 5L
TIA PG Bk 58 H bR P91 UG B AR T 8 s
MiAE, 207 /AR AR &5 22 XF L BEMRIAY I R T
P, AT SRR A A . $RETH2SWTHERAPE, [FRIRTI
D EF IR A KBS . AnZhao%E ARSI T —FhET
AIMRI-Trans-GANZEFY, 2249 Q54 HboR A T JEXT
FR=LEH b PRI AE SR T A etk i SR 93D

e, MAETE E ) R BN XA AMUE AL
FEAR T A, PR3 T ARSI R ] 23 [R] SCI 1,
BT AT LA S B T2 A EZR S5 AN [F] MR AR
B MEFIE M. YanSF A T — 3T Swin
Transformerf)A4z BXTHTINZS, B 7EfFRAL S AU Trans-
formerfE MRIEMG A 1 A ¥ LU RT3 42 Ry R ik A gt
TR IR B AR OC R M E A, 12 RS T A
A EZ AR S MRIENS,  Be A RO B RAR S
A FRRIE LA F AR RS AR 1 G A

4.4 CTRIRAERK

CTAERRA LN L FRIALE, B a2 AE A
S L SRR AN X, 3 (A5 ) i G S A R
HbR XI5 15 BA PR . Ah, REHITCTH S
fifi EE B TN B S, R TS AE I fa AU
WIFMRIA W CTRE, 1L 5RO He A
VDR S R R IXRR Ok RE A T e b ) i) S S 4 A AN
HARXKI, $EEBEHaTr iR L etk
Ab, CTYEMIBIE IR i R F T TR i) £ 1%,
R Ry 22 BRF WA 51 4 R B4, PrLATE R it i rh
MELLZUCRAE. M HL, CBCTLLHHEIE o R4 i
B2 T A AR R R R B R, HECBCT
SRR R TR . MR Ohs2 Y. R, CBCT
R AR, B CBCTEICTRYES A i e i,
ZENTWRAE ) 2 K.

441 MRI-CTEHM A

WA 5 A MRS CTR AR FR s, DAE Tk
BRI A AR (RS, JEMRI-CTES LA B R
ek, Fufe NP RS T —Flum 235 893D  CNNJY
A, AR EAMRIE G 8o CTER. Suids AP
KHIRA HFRpREUEE T J | AR R FE g 2k fngh
F—ECER, SR A B CTIRMGAE e LS, H
T A R M N 5 MR MR 0 454 — 2k A BT
T Lige NP2 5 MRIB | S A DMASE R FNFG B AL CT
MR, wlR TESCT E & BB 5 53
FfE BN SERE A, iV -2 (2 () o, 4
T TG BCT G A0 25 F6) R 405 ks 0
442 CBCT-CTHEH AR

CBCTH 5 E A M ME S FE FCBCT 5 CTHE 2445
Fa s RN R, 2505 EC R R 45 /NCBC T
HHERCTHZMES, TR EESETMmI.
Dahiya%s: AP FHU-Neth A #E 47 CBCT-C TS B A5 %
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KurzZ: NP9 FiCycle GANFSIHY F452% 5] CBCT5CT
BN R, SR T AT B i ) 2 4 i S A K R AT
MR, (22T v+ A PR, Zhe%s AP
AL SEA R ARACRE SRR ARG R PR, S8 T 58511y
fifp ) 2 B S R R OR, FURERLELA R
SEA NG i

5 ANTARefEg G bipi

AT ST AT ARTE U 315 51 v i HAAR
H, AIEMRIEEE, LI CTHICBCTIEEE, IR AT
ATFE AR A T 525 o 2 o B 5 08 o v 282 S o 1 1
BTk

51 HRAE

TR A — AR 2 T U AR AR B3 A it
BRI A TR A AR W WL ASAR B
A4 1 X P BO R A NCTRAR, LS ks [ Eis
A MRIEAR. HRAE IR B R A R R 1
WA AR, RAREE O] 7 o =R
SIAEAR R, gt )y g e AT A R
AR E A, ARt iR B A BRI ™ A A AR B A o
i, SRR EE BRI LR IR A, ATEAR
RS IA—Tr AR TR B AR A, 55— I
W FRTE A BREE AT P AR E R

52 FTANMRIFEHH:

YRR HAFE AR BAFE, FEFAIMRIE#H A
Ao LT s B R S IMRIE BB . T4
K IFTFINRFIMRIE A | 5T pliaCph 2 45 1)
MRIFE#5E, LT [ B2 > IMRIE 250k,
52.1 HETUEE¥3WMRIEZZE %

B W 2% 2T A MR E 2 873 ) FH ot 20) s 1)
PRZE 2, R — R FRRAE R B BT ) 4R A (8
BRI EIEAE LS. L i 35 44 I AUTOMAPZE R4
T 43 2 o 2 TN 245 TR 25 L 2 ) 246 488 8 SR P ke 28 (1]
T W A R, IR X R s AR A TR AL I
SRIO1 R R L A 1) g )1 DU A P 3 ) R 3 e
5, M I U-Net . ResNetZ5 35 R 25 X 28 4044,
N el e HATAAT I transformerZ2 A7, KL 5 14 1
GBI RAESE T ) WL 3] B AR EUR, DAk s 7t
A MR s R RS YR, TR (un-
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rolled )l F4 i W B 2] SRAL S T Fe AR MR RE. 1%
SERPBAL GEE AR BIE (B UNRS BE T R JBTT, LG LR
T (3] G 472 )R 450 Ry T A 28 I 245 5 i DL A )1
TR RL TR B 2 > A AR ] DA G s B,
A AERZS [ SR, S0 sl e U [ml sz Bl 0, g
S A BRI A 25— P %) i o iy (RS AR T S o R A
S, DO R 2 AR, BT 45 T A
2 g, [ eI 2P TR B R Wb T s
(15 e L 2 i)
522 HETWINSHELFINHHIMRIE ZE %

T 48 BN AL G S B (B N 4278 43
B0, TN Rl W — R R
Mg, SEEL T B4 EDH (plug-and-play, PnP)fIREE &
2O LG YRR IR AL, BT B LUk
£, I8 TR R T 2 2

TR ZRMRIE #5325 2185 TR SHR%
A, AN ZREAE TR B 2 SRR 3 5 vl AN
I T RV ERE G NSk, MR TR T R5%
SR K A LA) 1 L 1 el 228 IR 245404 ) ) {1
B, RSG5 EH0 (deep image prior, DIP)S A 4
TR 22 0 28 A AL A S PR A ks (5 5, I AE 2 Mg
JE 45 B (1 s MRT) Jy i 26 8 R 002103 el
ZRIMRIE Bk A T AT ZINGEGE, SR
IR LU B AR, R O XL
SR BTN 0 2% 1) T AR A
523 HTARKHEZEWLNMRIEZH %

et 2 JUAEY, GANZEMRIE & W IR T2
K. BN, W IR B RO M T H A
Uik > B B iRy, IR T e X AR A 2 4]
AR B0, Mardani®E AU T —AN 3T
GANRIHESE FH T2 > i i MR EUR Y 5 R4 T .

PO o ) W O R, B TR BEA LI
PN B S5 R AL YR, fEMRIE PR T
e LA 10 ot TalalZs A\ UOTHIE B 02—
FE T Langevingh) J) 24 A= BB, KT ECE S 80 A ]
B, BIFESR AR PR3 A ANECE 4 S Bt 140 75 i B
SER. LuoE AN OSHEETFT — il F 0 9K 3 14 E R ]
REEPEATMRIE B sk, 1% AR AR i SRR X
LT R MG
524 T B EE¥HMRIE#HTE

P25 I 24538 1 AT B O A TN 2R, SR
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FRBR I GHGE . AF5wm AEFE3h5E), Bl
SRAEXMELIARTT. I, A M AMRIEE S 7AW 5| T
KR 2 WA 24T & 1T KRR, X7kl
XN TR, S AR, S H]
RN ZRE RN e AT H AR BUR A 2%

Noise2Noise/&—BUAM) B IR HES, HAgg T
— T SREALM S RAERY BB R R, X
5 A AR L) 4 W s ) PG A TN R %), A
MRIE #H, SSDU (self-supervised learning via data
undersampling) & 5 & — >3k T Noise2Noise fEZL )
MRIE L, 1% ks [ R o WAl S 5
g%, BD—"PHTHE—S A%, 55— H TR
Hell10]

k% B (k-band HE AL 2 N FH T 53 BRSO 1 i it
o FR W IR U OHE R R T R O B
(band)ARAEE, HAp A BEMRIE 512 E (readout)
ARl PR, ALY (phase  encoding)4fE &
S RT3 7 22 M G p et | XSS vl el iEE -4 =3 D pp 1 G
DA R 25 2 8 T T A kas (B X3k, DA fRE i 28 o 24 2
> ks ] Xl 8] ) e 42k

TG ST G i ZHpeR g, A IE
) T HEHE AR A 2 R P S (R INA AR 361 2k R, LRI
T kES (A RIS S AR I e T i 2 s S
O I NI TEE K W (% T8 € o N X v S =D ]
RELiNEEN

53 RTACTEHRBERL

CTFICBCTHARTEBE 258G, JUHRTE U
RIT . HEBE SR AR S G 22 . X
FREB R AL A5 R ATE P A Sk i1, 3%
T AT CTH @A AT 4 Sy 35 A AT 15 52 5000 09 4 (B 4D
S MR R A BRI DL R AR R 3R 3 G TR
2.

531 EHEWNERZBEFEHEANL2EE

XTI IR B BHE B A 2 R PR T e A AR
it i EEE B HENZZEMTSE 3206 3 T I A4
SEAAE AR R 5 Y A OGP U RAAE, WLy
T B A W X5 T I 4% R ) 4 A A A I AACNN
(adversarial autoencoder CNN)! 131145
532 HETREFINEGEAEL L

TR X S AR B8 S B ) e AR BUHE B, e 2 BE TR
B GG AL AR AR AR WP R . X

FET7VE 58 A M T T TR B 2 2 AL 1% A= iU RE T
B ] S AR AR B R B i AR S
Wl . T VEPERE RO |32 FRT g A s34
S5 BRGNS R, T
ST HE S A I AT RO R IO AR . 20T A
HPRAE B 24D CBCTRAR G ALRE. 4D CBCT
AR 5 A PR I M AR TUAR B LR,
T BTG ASCI R, A0 e AR R (37 ] Gt )
BT AR SR R, B AT G S R AR
AAREARSENE, LA AR AE 5555 R, LG T2
D AR BB R ) Jr kit n] AL G AL
HAREMEE, TP > B U8R A R
(deep learning enhanced algebraic reconstruction,
DLEAR)!®!.

533 HPHEERREGREZEAN %

TECA 98 )5 a B 5 0 b S AR AR 1Y 1
OUT, o nT DAE He s o it 1Y) £ 45052 3808 AUl
JER ML, R EEMUEGY A A BR A T
o TR AR PR, AniCT-Net " HUS T % A9
(LERE A ESIERE i
534 EFAWWEYGEREL L

o AL MO A T R AR R SN T ARG S
TR R TR . POAESAAR ISR B 14 B R A
SRR P 5 E S 55, RiLa
G A ME LA A PR . TR BE 27 2] AR R R
H A S RAESR ORI IR RE 77, ol e 2 v SO 2 ) P 4
SUARE AN TTRE.  H AT TR R 2 ) Y U 4R R
ARG TR UG S AR SR A T, ks
AR R 7 BAHESR B A W) SORT 43 Ry Rl PR AR I AR
/N R ARG 45 BAL G By R A T R AL B 7
T CAE. — 7T, —L2e TAR R 2 ) SAR G 40 2%
Hl(compressed sensing, CSyF AL A, iHL T ELR
S INRURTIE Vs s AR AN (TR S S ) 1L R § Eis )
RIS 7 EITUREEMIER], fdm T EE R, X
—HEZT, IR il o SR R A e AR
B, ARORE T g R AEEE, It TRk I SR
B, ARFME T AE I Wang 55 AU S5 & b2 gl iy 2] Al
PR RIZEHOR, BT T RERE F 3 W R A E Ak R B0
Jrik, T MEAEE -R/R4D MRIFEH, SiRCHmM
JEARIEMITERLL, #E—2P4RE TER B AL
B Gy — i, BT DR R AT, 5%
GiE A MRS, TERI E A UE AT
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G, WA hRE MRS, SRS AP, Leels
NI & Res-U-Net 5 /NBAFEER, AR0EBR T1%
Gt A% 5 i (filtered back projection, FBP)H AR {144
FrAS R R B 4805, Tiang s AN U2OHE H A X FREk 22
BT 2 M 45 (symmetric residual CNN)JIHE5E T 3T
SR/} (total variation, TV)IEN{LH# # /K KAEE4D CBCT
EIG i S BT TR . X SR KRG 5 1 g i T
UL, A Bl SRS v (A DX 5 S AT I SE i, 1
Bl 1 OGE R ARTENG R T IZ .

6 SAGh. PRERSAKRRR

ARG IR 13T AR N TR REHORTE U
ARG RIARSC ], BSEHC A2 W, B, o>
H A A A T T R T A SR A
2. IGRR SR . BT HAI S BAT AR
BT IR

N T BRI AR M BRGS0 5 A4 Ak B 14 [ ) 455K
PR TR H BRI R . BEAE N TR REROAR 1 v
Ko Ji, FLJZUACKFAE A AT HIL ) S0k 25 4 T A G0 14 e
IS, Fom 2 UL A e =R AL e 2 [ Besk 2
VAR TSR AP N, B SR IRAZ i BE 1A 2L
ST ZIEARME BRI TAMERRT. SR, AT R
AN ALE R BRVE UL AE 5 MO 2 156, AT

e AR I A R R TR I GRS, Sl A% )
TS S B P R TR DR T 2491 R IRl PR 1,
1T AR TR PR 12 A5 AR W A ) ARl 2 U
EHERC RV s PN VA L5

BRI 22 I I AL e | SR ST~
Wk AN IR, A BRI A B, B o v =
JERA AR AL T R AT A e S EOAR Sy
{HASSCTEM 2, TransformerZ2 A4 (1 1% BI1HT 5 056 K
BRI RV, 1EHESh R B B iriuslin £
551G 27 ) S BSAPUT RS Oy gt A5 Ak
T A M T A BN RO, 30 42 i e R AR
AR PRI ZE R S B AR, O PR AR R0 b T 5 e
RS BRI TR b, TR 27 S HE SR Y FC el
FHES UM MBSO T RE, RIS BB A PR
ZALRES). XA RS E R AR E LA
BRI 5 MEZ TR AL TT.

JEBRA, QTS R T RIS AR, & PE S
PEREBT AR, AU Z B S AR5 TR, I
FEO Az A S RS, DA RERE IS I A A
Il R 57 AT B2 Wil 00 BERE Y, RE R A
TECH AR I R B SCBERT ST T7 18] A SE BB A
WS IR BRI, A RERIEHE ST 50
BrER PR HE D7 A 2% H AR EE.
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Artificial intelligence (Al) techniques are thriving in the area of radiography, providing more accurate and more efficient
solutions for processing and analyzing radiographic imaging, including X-ray, CT, MRI, ultrasound and nuclear imaging.
As the rapid development of Al explosively provides more practical and transformative techniques, to empower more
performant model designs and further hasten clinical deployments, it’s crucial to clarify the developing trajectory of the
applications of Al in radiological image processing and analysis. The development of Al in radiography can be
summarized in 6 stages, traditional rule-based optimization methods based on manual designed feature extraction
algorithms, statistical machine learning, big data empowered deep learning, transformative innovations in deep learning
networks, multimodal learning and multitask learning, and generalizability and interpretability learning in the era of
foundations models. Along the six stages, this paper investigated the developing trajectories of the applications of Al in
radiological image diagnosis, registration, segmentation, synthesis and reconstruction. Based on co-citation frequency
analysis, we selectively introduced recent representative work and previous foundational work from these five application
aspects. The main contribution of this paper is that we located prevailing challenges and recent advances. The successive
births of transformative deep learning paradigms keep expanding more possible clinical scenarios, and the maturation of
multimodal and multitask learning strategies and the rise of foundation models have provided a fundamental basis for
precision medicine and personalized diagnosis, marking the start of a new era of comprehensive techniques integration and
intelligent system design for radiological imaging processing and analyzing. In the meantime, although deep learning
methods have significantly improved the accuracy, speed and comprehensiveness of radiological imaging processing and
analysis, the reliance on high-quality annotated data, the generalization ability and the interpretability of Al methods
remain as main challenges. In the future, it’s of great clinical significance to develop highly integrated intelligent
radiological imaging systems with clear diagnosis evidence and general adaptation to complex clinical scenarios.

artificial intelligence, radiography, medical imaging registration, medical imaging segmentation and diagnosis,
medical imaging synthesis and reconstruction
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