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Abstract
With the rapid development of deep learning technology, the application of keypoint detection
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technology in medical image analysis has received widespread attention, especially in medical im-
ages such as ultrasound, CT, and MRI, showing great potential. The article first reviews the applica-
tion of traditional keypoint detection techniques and deep learning based keypoint detection tech-
niques in medical imaging, with a focus on analyzing the characteristics and advantages of convolu-
tional neural networks (CNN), Hourglass networks, and Transformer models; Subsequently, the
practical applications of keypoint detection in medical imaging were discussed, including human
pose estimation, segmentation and localization of organs and tumors, and other fields. In addition,
the article also summarizes the challenges currently faced by technology, such as severe data short-
ages, image noise, cross device generalization, and proposes possible solutions. Finally, based on
the latest advances in deep learning, this article looks forward to the future development trends of
keypoint detection technology in medical imaging, aiming to provide theoretical support and devel-
opment ideas for the research and application of keypoint detection technology in medical image
analysis.
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1. 53|

BT R AR 5 (B S U, B R B R BRI A5, Bkl 2 s 5 58

BN HFBIRIZ W 18T AR 1 PPl S AT [ 1], TEIX e R AR AR, OB SRR [217E N
— PR A E o7 4 E G5 A8 B X T, EE?%%%W¢%E%§%EE%%EG%%ﬁﬁ%ﬁﬁﬁﬁ

T H AR s B AR E [3] [4], EEUE ROt MG Hh OB S ) R HERA E AL 5 40, 5 BV IR AR T A 0
HATIZW AR T Yok

AR, Bl AN 45 (CNN) S AT AR [S] G R &, PR 22 R A8 I G B A AR S T
EERE o AR50 EUR AL BT AT N T RHEL6], (H USRI AR TS5 R /AT 2 s b 35 )
SEOL, MEDM IR IR BR S B 8 . TIR FE 5 ST AR SRS H B 32 I RHIE B /), TEZ PR SRS
KU, 7RG8R RAIIMESS R 3E T EORBNIE ) R A I ARFE R 22 B R 2, s 148
BHIEN[7] LBl AR AIO1EZA . Blln, (E@AERAT, S s A RE RS i ) i
ENIIIlIE %&%HME% XTSI ORI M B R S 7E CT A MRI 28, OG5 stk o)
DUSHBL >8] B E S T AT 55, R i R R IS T S (i SCRE . R, RV X — Ak i AL
%TW%%E,W%EW%ﬁﬁP%%@% PR ARE 122 TR R BR B A Bk

ALRIR B A BN 45 B 2 AR OGBS I R BB T fE, U RIREEF I BRI S5 K R
SCEVIR T YT B A O ALY, B AR N 4% . Hourglass 4% . Transformer S84, Jf e
T ARG OB AR B AR [ ARSI 2 TT 19

2. RERRMAES T AR
2.1 REREX
125 R e 1 X R U SRR o R R s s X o, AR 1 (5 2D
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Bl AR W 58 T7 R [10]. 5 H AT S HE TR b ) S8 A A 55 (B . N AAR) B 25 At TSR 4B,
DGR 27 R AR (R S B RS DN ) B SRS 1 58 (AN 0 M BB IR SRTTT, RS2 AR TP I F AR S & e 2
FERE, RGN AR A 1 (0 B SR ey, A5 2 U 1 O B s RS T s SR b . R Itk B2 R
SR RN R PF 2 WF 70 R8BS AN AR RBORYR T I LB AR, 3 AN W PR R A A R SRE AR Y, 4
B T ZBORIIPE R g . HT R, ASCRE R E S 41 R 2 BROC B mUA Il mh B2 AOAR S BR B R e 3

2.2. BG5S B =R

AGATIA A AT IR AL GG A BEEOR s i il . 2 N . RG2S
T TR0 % B B R A, AT Al B R 7 DG B i R 2 [11] o % LRI A M 9%, i Canny 4%
R, SR A G B S AR ORI IBCA R [12] . AT, &4 Canny SEIRAEALERKZ AL
51 JLGHEMIE) MRl SERS, AEAEAFAE L GA IS FEAN S AVBAL S 1) o DA o IX 28 i L, st )
Canny SUA[13]iE L GGG . R ISR 20 BT IR BEAR A B 3 7 R S5 AL 1 i, 253250 1 MRI
PG ZANAE L, 8> TG4, Hm 7 5k H g RNk

I, ARSI EE (0 Harris 1 U I [14]) TR R P oG A R, IR A Ul S BR A
G R E BT S (B B S IAGER) MR . BARIR LT A TR AR e HSE L o, HEATTR R RE
Xt BB R KA, JF BRI R AR R UK, X R AR R R RPN .
DRI, BB ORAR G5 VAR (] S 37 357 R R (HEANTHE R A R A& P & PR AT S R R T SR T I 2 R Bk o

2.3. ETHRRTEFE

RS DG e — ol FH A0 B b A 25 s AR XIS A% G ik . i 5 T ORI REARGEAT UL IS, AT LA
PRI R MR DX ISR 0 5K B k3 [15] o FE BR A AR W, SRR VT RC 8 T8 s B S 23 DL S A2 DX o
JUHIE T S5 AR I RIS o 1207 15 A AR Sl B R S AR 2 TRV R A BA L, 4R B BR AR DT
B DX Ik, 38 A R 5 1 2 B A5 R A 9 DL RE AR HE

N T SRR UL EC T V5 BB AR, JCHAE A B BAT e s . A L S BB BRI, B C B SRt
TSGR BARIC IR AR o i,  RBEAARREAEAR 3 (SIFT) AN R AE (SURF) S T 1 42 B B 5 b iy
JR BRFAE AR [16], AEAN RV RUBE S e AR TR N R A A (R DL RO A FE o IR e 77 AN RE 6 1 SR SEAR UL IS )
FarEtE, AR R BT R IBCE RS HERIRFAIE, S VL RCACR .

24. BTHHRFINFHEDRSFZE

FGRINLER 2 21 051, ISR ENLSVYM). BENLARMRSE T IE[17] [18], il 2 N TR E T
OGBSI o X BETT VAT T AR UK RRAE, WBAR. QUL AL, I gR o e de T EE
R DR BE RUREAT S8 L AR JE AE LI RE AR, R AESR IS 200 B BB ob BR, BIE A il X3
SR M, T2 R A B S HEE o XA R RRAEREAT 22 5, DL 2 SRR B RENE U0
PG A S B R R EAT RS B B 5

SCRFIATENLSVM)E R WL 73 388, B I A @l B R AN RIS AR A S IF it i s B e
RRFERL . T BEATLAR POE 1 S B 2 AN R HEAT 052, SRR RE H A X3S 07 BB 4 7 0 1 ) = Tk
TERIA G, ReWSAE — e REE b o IRA G BB A B VA BR #1705, TCHRERE RN E FR B TS
th, RER TR BUBER A AE R o (R, T LA S HIRHIE 2 RN BE B h B E AR T Bl —

3. REFIMBAARFE
VRIE S 5T 3 B ORI 45 (CNN) [19]7F B AL FRATUSR i1y S PERE R, e T B # IR M IR . 5
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TGt R A B EA L, TR 52 ST BRI AU AE T 9 K 9 B sh Ak I ZRid RE AT BE S AE 1 H Zh 3R E
AAEBERE /1[20]. HIL~>], CNN REHS H S KSR B HE b 2 S B RURRAIE, 7 BN T =2
FHESRUR S . XA IR 2 S ) T B R P R o AR 55, AENS B S R AR BB PR U B
ARG, EA B PR

3.1. HFHMBZMLE(CNNVEEFE&hRIR

T R I 245 (CNIN)FE IR 27 2] AT ) s A, 7R 2= G R A5 210 T 32 B . CNN JaE i
ZANERRZ21] WAk 2 [22] A4 5 2 23] 5 UG  IARRAE, A RGR R EG M S EE R . &Y, F%=
T BB BT, HEE T E R RIS A HB E R S p e 2, CNIN BT fe B R s i 5 2
MRS, ook piAaili[24]. %8 7> H1[25]5 .

TEREE RURAE S5+, CNIN el B 3% ] R Z EUE P I B ZRHE. BT CNN (1 G sk IR AL i
K B (0 B AT A, T8 MR A B TR S B REE AU e . Ban,  ZEEE MR
B, CNN R GEUEAR I FG I A IR 25440, YRR LR 0] M 52 67 P9 a0 7 sl i I 789 () S BT . SR 8E 10
R IA AT . AR VEEC S5 ARAH B, CNN 72 A ST (1 & i AN T8 s i e 1, DG FCAE AL B 2
B MR AR B R, RO B R AR

3.2. Hourglass P&

IR I 4% (Hourglass Network) A& —Fft =y 5 IR B 2 ST 20K o FLRZ O JR Bl I 22 NG il #% FAAE R 25
BEHR S 2R 25 I RFAE SRS T [26] o 38wt 28 50 40 P ih I RFE K MR SN 1 2= 8045 B 48, T 4%
EH PG 0 )2 USSR AE s AR 85350 43 DU SE e A b R FE UG VK 52 A 2 1) 43 9 6, DL v i 0 e
ML E o XA G R 15 VD IR N 48 B S AR AN [ 2 IR B SR R AR RO, JCIE T A B 2R R A A
TR S A58 A )

TR 2R 545 P 1 S SRR 55, Hourglass 2% BEWS i ROACHE &4 Fh 2 22 G, tnasm e s, @
2% 1) 2 S CRFIES= =), Hourglass 28 RERE A HE e A7 BHG I DGse fUhr B, b TS s Fal
TESRIUR 22 25 Ab R IR 52 e 1 o E A B AN [ (10 00 8 N 45 40 R I 2 TR T, VDT D9 28 R 498 o 1 5 ek N
.

3.3. #AEEVISFE

I [E A 777 (Heatmap Regression) [27]5& 3T 4 SR AE = 2% 5AAG I8 SR I B 7S 6t 35 a3k F 1) — iR
FES 21T A% JEREL R E e (] A B0 UG b () R A B e S S B — AN B, AN 3 Y
BRAERFZAL BN BT MR . B2, T8I B R s AL B R i S5 A i AR . 578
TER AR A5t 2 NI, BRI B R — AN S T, T I M TR R B S g T 2 TR Y
ZE e RACAETY o 7 HR R RGN I JI I Ao 55 Hh [28], T8I Fg A X 2 it 2 AN A B, B34 B0
AR A, BRI I f ML TN A B S S B2 TR ) 22 SRR AR A I R FE . 1207 VRSB TR
SEHIERE,  RENS R O M 28 AR USRI E . SRR RGBS S I iEA b, R
[l A SRR I e i, SRR AR AR M S T Y R R AR 2 U, RE8E O FOR i HER
P

3.4. Transformer =8 m 40

Transformer AU [29]iE i i B2 37 51 v & A B 2 A AR IRIOC &, AR B ORI 5 AL BRSNS 1R
BRI RRR o AR PR A O JR PR A ) 22 3k B LI (Multi-Head) [30], B RESS BB 41 A [l fir B
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ZIRIMAHE R R, I HIEE S AR B 2 ) B R SR, SRR AE AT sh S R EE, T 58 HE A b
TR B2 REE . SEGMIE N4 (CNN)TE J5 3858 Bl A I BRHIANE], Transformer § % 75 Ab 31 57 44 %% ]
KA, BT2R BT UE B E B RGP S ER M OCE. BT HAR BRI 4 R g 7],
Transformer #% DG L Mk, FMGACEE. HFRI AL A THE T, RIS PR

22| Transformer 7£ NLP 4508 (520, BF 78 N B3 Gk HL 45 1 A AR 51 N = 27 LB 43 B 43
A& 435 1) EHG AL 38 5 034 A M DL AT A 38 MG S B R (9 B 2 25 [ AN R4, 177 Transformer 9 H ¥ & 7141
il B8 G AR X AN ). FER ZERSAR T, DB mUR IR T B R AR S5 R . 4% DX A AN J Rl 4 27
IR RR R, X154 RS SR B R Aoy B . Rk, Transformer e 7E 5 24 = 5 (%
P & OB 2 T K AR OC 2, ARCORIR T 17 DB RS P A

TransPose [31]/& 2% T Transformer ff]— AN SC8 sk il vk, il ik o3 75 I 2 J0ALHE R T kB 2
[ R OC &R, HAE AR LA LTSS h EUS T RAFHIRBER . TransPose #8445 T Transformer Al
LA 2 1R 5, BEFIFH Transformer 356 7425 b FSCEERE Ty, AR T CNN T8 J5 S HREE FE L
JiTR A . I IX 25 &, TransPose REWS TE 47 g H2 5 2% UG R AN OG8E mi 2 M S IR G &R, LR
TEACFRI o 22 A iR DX I 52 2 e 2 MR, X PR AR L

B Transformer BHY7EER 2= AR SR AR AW 7T, BERIER 2 B G0HT S HEL, 40 TransUNet [32],
I\ Transformer {ENFFE4mADERIEOREE UNet 1) RIFZEH, TEEUE > TS HHER TR . Vision
Transformer (ViT) [33]3d i 51 N2 (A1 R AL, BEE3E 55 J5 30 X ISR AE AR B, JE— D4R T+ MG b i
FEAS B MR RE /)0 XLV W HE SN R 2 sAR A T E R W R S, HAEARR 2% R MR 2 55 R
AU R IAT 55, B T R EEEE R . JEEERSK, Transformer ALK 4k SE7E LR 255245 0 Hh R
ERERBER, SOV SRR R R O AR —.

4. FESRE
41. R E

4.1.1. BEEESHELENTFE

B O R R TR S 2 ST R B R () GBI R . SR, TEER S B0, Bl 4E 4 A7 7
FEARBAE . B R EARSSENE, XERE TERZ AR 1. RS A TS, B2 RAR BARE
E BT EA TR, HARE TEEHHENE RS R, X FEEIREREA G, IR T
PERE

AR, VF 2 R 225 G B A AR T R I B AL, X A 45 A 2 K RS B0 A B T v A RS B AR
U IR R — Lo TP I 545 B 4 (40 1SIC [34]. BraTS [35]. LUNA [36]45)Z it 170, EAH b Hofd
AU IR 2 ST 55, B 5B AR I AT AR TR AR o

4.1.2. WEHESLAEERR

RIS SRR SR IR TR AR T, IR AEACFREE SRR Mo o, e LS 70 5 % 4 R 45
HAD KRR U Zerp, 8 FHERREMIIE R, MET 2 BT RIRE RGBT, X0l FERmh A
TR SRR F RS . [N, EPARMEMACEE FH R E, Kb BBk, AR
T E BRI BRI RS, AT ARAIE L I S 12 T o i 095 S 7 75 A0 20 AT B 2508
4.1.3. IsRE AT EEYSAEY

RIS S IR “ SRS R MECE IR PRISLF pih = 3 B B o 12 A NI PAC & 5 A3 4 o LA R A A5 704 £ 1 ke
SRR, 3X AT RERZMAARA TSR F 25 SR (54T . U R AR S B AT T i S8 R 45 o, B2
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T E R IR AL PR IR R, A e A R R S Bh IS RA YT o DRI, HR R I R AR
P, B B A B AR AN AR IR L 2 IR A SR R, O T2 B T I R Y S B Pk —

4.1.4. IGRENES ARAER A R9PEER

HAT, KZBORFEZIBRBTIAE TR T BL $kZ 7870 B PR U8 UE AT S A A o X SRR W] fig
FEARBIERE . BB R 25, WIRA 722N Oy 7R IR 2 3 ok
FENG RSB IR RAEAE R, e AUE N 2 bl RIS 3T BIE, R AR BE 5 3& NI BT 7 5%

4.2. RE

BT 2 ) )L, R R 2 ) AR R A RUAR T SR RS I () L FH AT LA ) R PR R R I 5

BEOPECHE )R, AR PT DIE I S 3 5 L A LAL B Sk SR G B AR R O S e R A
Ao HE RO BTN 45 (GAN [371) S5 BAR W] LA T4 it I 2 R B s AR 8008, #h bR e AR [F i, HEzh B
HESPERIRE . SR BIRREA RIS, STt EE 2 REERR R, K fR R BOE I Y DG

NTRFERENZAGRE )], AR LU IE R 42 2 (Transfer Learning [38]) H M B 2% ) (Self-super-
vised Learning [39]) A & Z4T-4%2% 2] (Multi-task Learning [40])25 572, aRBiR) (& ketk . %071 Re s 3%
BRI\ /NS 24 B0 PR B 22 () IE R AE, TR T HAE AN FIBE B« Va5 A AR AR R SR I, O3
A 3ok S RESA s 75 1) 25

FEVHERCR T, AR BT AT LAl i 4% 54k 9 45 2244 (41 MobileNet [41]. EfficientNet [42]5%). #
RURAE (AN BY kL . SAEE) DL Nt HAEROR, BRI Y TS AN (7 AH AT BB 8 7= A 7E B BRI
W& b BOsAT, X THEBNR B ST HARLENR IR 2 S G E 2,

Sop T AT AR 1], A SR AT LA & R ARBME Al (Explainable Al, XAI) [43]35A, #2E R (&,
5 B [ A O A R R AR R AT VR B 2 ST (W S ek B2 o S nT AL B AR A AT Rt v, R A R i B
i FIAS TR G (AT AR AR 5 A5 AT OB SR, XK I PR R SR AR A5G TR S RF

G, WG REAEAT SR A2 IR BE 2% IR 32 N OG22 O PR R0 PR J B R A s 4
AR, PRS2 SR A 2 P Ry A8 R 15 BB AE AR, Al PR 2 26 3 446 T8 22 0 v (1 4 B2 B I
H, HEBNER BT EAR IR R, it — D S Sy iR (0 B A

5. R4

ASSCIBI B4 1 B 8 b O A IR (R A S BUIR - R AR G 7 ik iR B 2 S T3 A
AN, MIROROR R DT TR HEAT 1 e DRy RV B2 W USRS 1 528 AR SR, (BT T i 2o
RS BT THERCR AT R T T Pk

TEALGTTIE, BT N AR AESR MU A% G 2 21 I SCBE ORI BOR , 1B AP IR B2 2 21 T iR T AUAR
TR PEE 2 SRR RE A8 MK RIS A mh 1 3 22 STRFAE /D 1 N TDRFAE TAZ AOHE, JF B2 48T+ 1A ik Re -
SR, |1 T BR 22 AR I 2 2 AN i B R BR A, R B2 25 31 75 VA AR SIE B S Y Ph AT T e A e s AR B —
PR TSR IREOR S i A DRIE, ST fift RO ST, RROTR EE 5 ST BRI B I SR A

ASCIRVY TR SRR AR h s A R R AR, SR T — SIB eI BT AT 7. E 5, W)
LI Hetf g o SRS 210 RS o 3] SRR T R Rk 0 1 s Lok, BRI AR B LRI
Gt E ST BOT TSI SRCR s JeAh, s n] fRerE Al ORTTT, SR TSR At 32 W Al A Rl P A
WRAKI T EE T [0 ffm, @2 PoOin KR IR R (I SEPRRBOR, R B TSR 7 2 8
RETZ R

BB BOR WAt FEs RS R IRN, IR SR R B R S A, iR it — 28
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