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Abstract

In the field of pancreatic cancer auxiliary diagnosis, accurate pancreatic segmentation is the cor-
nerstone for efficient disease diagnosis and also a challenging task in the field of medical image
processing. The existing mainstream pancreatic segmentation methods mostly rely on a U-shaped
encoding-decoding path; however, this architecture tends to lose critical spatial information dur-
ing the upsampling and downsampling processes, affecting segmentation accuracy. To address
these issues, this paper proposes a pancreatic segmentation method that combines atrous feature
enhancement with an improved HR-Net. Firstly, the original two-dimensional HR-Net is trans-
formed into three dimensions to more comprehensively mine the spatial information inherent in
three-dimensional medical images. Secondly, a multi-scale atrous feature enhancement module is
designed to reconstruct the deep structure of the network, capturing a wide range of multi-scale
deep features in parallel and assigning greater attention to important features through channel
weighting. Subsequently, a spatial attention mechanism is introduced after the model's mul-
ti-resolution fusion module, making the model more focused on important spatial regions in the
merged feature maps. Lastly, this paper proposes a hierarchical progressive feature fusion head to
alleviate the information loss suffered by traditional segmentation heads during significant up-
sampling. Experimental results show that on the NIH- Pancreas dataset, the recall rate, accuracy,
and Dice similarity coefficient are 84.5%, 86.3%, and 85.6%, respectively, surpassing existing
mainstream methods in segmentation performance. The method proposed in this paper can effec-
tively preserve pancreatic detail features and demonstrates strong feature extraction capability,
yielding better segmentation results for pancreatic organs in abdominal CT images.
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1. 518

PEBE PR TAC AR AR R, B2 BUR AL B R OB N B et o0 Hh 1 L B IR
SIER T LT E B4 (computed tomography, CT) 18 B 20#], &R TR izWi hiEh E BN
TP, XHRF MBI IS KRR LU TS VRGN B B AR [1]. Rk, IR 2
SJEENS CT BUGHT 2T 0 RIBCN T I8k T SR BIZ B M i iz — . B4k, AR EAT4
SR E A EUES, FtH TR FIA2] [3] [4]. e, UNet [5]H T HEEMNR U 2
FR AR R 2540 15 75 KL 38 B 40 BT 55 i 2 I IR = 0 BT B8, O H AT E i BIRER 2 — o HAE O T,
B RS R B CT BUE A #ICR b, OB TIRIRTE K, HE3) T B 2% BUER 2 F AR AR FE /N
1 S 2R B A E T R

JER TR 53 I VE S F i il B2 W b B it T, R B 2 UG O B ST e LBk R AR % 2 —, BT
JERRR AR SR e v, AEAMEZ IR AR, KNI, BARE — @ M2 R [6],  HBRMR X84
#CT EUR I B 5 EACE AR 0.5% [7], 4570 FiRE B K o G (2R TS A FL 2% 5 by sk ) 1
B, M REREAT T 784 MUHRRAE BRI . SR, UNet 2244 o 1) 2 S B8 R AE IS FEE Gm S B B 25 5 3 34l 15 51
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SUERIESR, MM B, BAOGHEIT ERFERAERIKE & 20 HER (K15 SURFE,  JEiE 78 73 SR AN R
15 Bk, AR AR S BIESS ERASRE . Rl 20 TSI B AR BRI RS B, X —
PN

R, AW U4 T — Pk T i 43 9% M 45 (High-Resolution Net, HRNet) [8] 424 1) g i 73 S5 1Y,
HRNet 7E8A 70 S R b 4 475 v 70 DAL, DGR T SRR AR b A B AN A0 5915 S R M R . 10
JR BRI AR 55 R AR 5K, RSO HRNet IFTAAZEREAT 1AL, JRAE AT EE 4 BT T iFAl. K
B RUGAE 1 P55 AT A% St A G AR 73 S5 X 28 I L i 0 % 24 ) ) 408 g e R i 2 1 i) AL
A Rtk

ARSI EETTER TR «

1) K HRNet [J2EAT A 30 e = 4E 73 B 2%, DARAFZHE =2 CT &N 4= {5 B

2) £PXF HRNet WJUAMIESL T RAE T 8 AL BRI TS(5 5 Z R 108, Beit 2 R IR RS s s
XF X 2% B R M BEAT DAL o IZAEERAE DD S HCRE R SRl B R K T S RS2 BT, T SEEIN 22 RUBE IR
JERFAE R 3K o

3) FrXMBERAS B A LSRR, £ BLE R RS 2 R RN ROEIE R, R
i R AR AL P 1 o

4) XS BRAE IR E SR AR R SRR B RAR I BRERROR, Ziilif5 B BRI, S T R Hrd Rk
ke B RPAR) ERAETTIE, AR E W4 % R RHERES -1 EA MU &, fRIIE T &R& 0 #
OO P 2R RS AN B AR — B

2. HXI1E

JEE R AR BRI 9 I — AN R IR, 6T 80 CT MG AR 7 08 5 TH IG5 W R Bkik: 1) B
fl e e, AFEE 2 HAEWRNEESZER. 2) B CT BEH, hT RS A EHSAE X 4
LR B AR R, FBE AL S A T X o 3) JEEAR R LR TE IR CT A& A o5 4im A ARt
BIEINZI 5 0.5%), Zr B 528 S B SUREARGFAE . [RItk, JEFREEE CT EURMBERR /> &2 — TR E 1)
f£%

B TR 2 S HR IR R, BE TR 2 I 245 (CNIN) ) 4381 75 V2 i B A el 2 2D I 5%,
BT T AR BIFRSUERE . i T REIRAE 2 B I CT Al 5 HhiN, NARREASFHT I 8, Roth 25 A
(9142 1T HIH BN A0 B BB B 7 B, FERH 23 HI B BCR B AR 3R U7 5 A U IR B X 38, AR5 ik
X33 NG R 28 04T SR S BB o AR E TR AR 3R X AN R U, 7 1 N 48 7331 1Y) 248 I 75 B0 A
i 16 X IRFEAT AL TE AR B, IX W R Bl NSRBI S EURMR G —FRAEEAE DL 2] o A Tk X 28 1122 2] 230
FNSEAN AT 1] L (1) 5200, Zheng 55 A 10142 e ik B 582 14 73 b SReiff e FER It MR 40 31 R AN o 12 X 3 Liu
SEN[LLIRIFFENE BRI AR S AT A A5 B R R R 4 B 3 AT e £« Huang 5 A [12] B4 DA H 0 s A 2
Tl BT BB AE A o B4 BN o SRTTT, 3 22 B B 43381 5 i D02 S s B o R R AL Ak, FLUIZR
W, ZkEERER, wmaERgE.

25 R8BI B oy I 5 AT SE BRI RS W R AR A R 2 Ak, BB BIR AR 23 D7 VAR I PR B Hh B
W2 BT S . 2015 4E, Ronneberger £ A [S]7E MICCAI k<> F3-HI T UNet, %A% &2 H TRk BE
BUE R R Z 5y 28 8. i T RS U B Ym0 25 /it B ER 42, SCIL T dmidas A AR IS 2855
AEFEEJRAE RS, AR T RS B RHEAE BA R, AR RRES B P R B 1 A
SYEIVERE, 5140 T B R BB AR . Navab 25 A [13)6Fx = 4 B2 24 EUZ [ AL FEZE UNet f3E5E E
P T V-Net BAL, Sy 7 7E SR B 7 BB g R SURE A X852, Schlemper %5 A [14]7E 3D
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XFF, HHRMN

UNet F1 5| AR IHLE], & T Attention-UNet K47 IR/ H1, HIJR 7 R stTHERGE, DLtk
PTG N HERA 1 . Nishio 85 A [L51) FHECE 1Y 5 7 10 Bdls St A7 WAk 21, R FHIRFE UNet X H
PREFE RTINS, 5 H THRT UNet EHERII #1485 F . Li S5 AN[16]3 H T — Rl it Ba W Bk L i
2R EFIEMA R ZE U B4, Tian S A[L7)58H T —F 5 /R o] REES R 2 (MCMC) 5| S G E
W% . Ma %5 N\ [18]f ik id i BY A H AR SCHL T % UNet BB 48, 7ECRFF E0R B 0T 38 A 2omb 1
B S H & .

SRTMT, T UNet (5 BIROR R T2y B0y, 2020 DUR AR : i T R 2 B il e,
HGFHEME LA . T UNet I REERIMAGERIE, (EHIAHY B ) R 40755 15 SUAE B o RSB B A it
SRR S R AR AR ORHIE, OV R A AME SR AT G B . Lu S A[L9]EF XX — a8 H 7 —Fho
[1)9E & S5 CBAM (Channel-wise and Spatial), 1% #5473 7l % i 18 R E A 28 [ RFAE HEAT IR, 72 7 KA
TR SEECIRFAE 2 CBAM 1 52 AR I 048 J il & 1) SR, AR ORI R 1 1 23 28 A1 R AIE 75 LA
TR o ZITVEE— T AR LR T IR B SR A R 2, (FR KT UNet BRAT 4544 38U J2 AR
R 1IN L e R, Ty it BB MRS B E 4. 2019 4E, Sun 28 A[STHRH T R MR ML, HRLK
gEfnlE 1 k. HRNet ik W4 5 T N AZ T #E, TERMGEN E TN 20T, BT IGES: s 0
G R R ETMSEE U5 HE5 00 3CEUAMRESR I B, b, 85— AN HE R 0 SR FF
B PR RN TE AR T RHE AL B AT E R . B NRFIESE I Bt 2 AN I R 1R 22 S AR e A
B BANGRURIGH 2 MFEGI 1 MR EIEEM R . BRI B2 5, R E R AT
5 REE, NG HTA 0 P2 0 SOIATRERE G, 1 23 1 38 UGl 43 31 65 AR 2% [ Fh SRAE TE RS U, (K7 7%
R SCRFESRICE 789 . B¢, HRNet (1973 #1300 BT 40 3 B3 R B K Wi Je AT RS
Ha i B B R

N — BRI
L —
—Na BB FRE S TR

Figure 1. Diagram of HRNet structure
& 1. HRNet 544

Li %5 A [2018 VOBt i B 0 2 S T i FE 55 b, BRI 1 HIFAT 2 ROBERAE Rl A 45 14 78 12 01
BRAHELT UNet B3 AT RD 45 K 1 e b 1. SR, 35 TR > BUESS IS 2% 1%, HR-Net fESAT /B R 73 %1
RS, PiFAELUR AN E: 1) HRNet EZHEF —4Eieit, M CT BIBAR LR =4, —Z4En Mm%
AECATE 70 M = 4E BG5BT SO L PR AR R AR R 2 R A AR 5 T I RE AT - 2) S E
BB TG Z AT FLPIPIK 2 (58BN REE, WA BA B TR e, B S8rT Bk
BRI AT BRI S B E R, IR 7 #IMERE . 3) HRNet 1R A E1Skr, S PRFIERIH B #E 1R
FEERE R, SERERE S RERHIEZ M ZRYE, “H TR A R BRI RHET
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AR RRYE . ASCRN T 72T G5 - RS 28R 1) AR 73 350 I 2% (R OGS A2, R v 20
W L FEAT SR 23 F5 I T A R PR — AR B e A it

3. B

BEXTEET U TR G5 A B 19X 208 R T vy 20 R R 28 3 B BRAIR A7 AE [ TR0/, AR SCHE HH 5 e TR AR 3 9
Bt HR-Net (B> #1071, Bk ISR E 2 firos.
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Figure 2. Flowchart of the segmentation method

Bl 2. Ay orElEEREE

3.1 WHETRALIE

= 5 UG TAL 2 B2 2 UG A i AR e R R M —20, FEHAMERSEGEUE SR, DMEE
M A RO0EAT 5 S ER 7 BIE S, A SO TRAL 31 3 EaFE DU T JLAN PR

1) BEERFE: SN BT CT BB A R LA — 20t S B se i w2, it =24
EEFNEHE BRI x sy il R0 z Bl = AN B R A R B 23 0 %2 %2 0.85 mm, 0.85 mm, 1.0 mm.

2) BlEbrabit: fEACBINGET CT BURRT, CT EAARHEN R —ITE Z M PR, B 7ETR HRIX
IR ZE R L JEIRAE CT BUE ) CT AE KZI7E 30 3 40 HU 245, {H A 1 7840 % 8 i [ 4SRN 5 1) B S
DA 38 i ok iR 5 ) Rl AL A R 6 U S, AR SCOKs CT (B AR AL 1 -100 HU £+200 HU SN, (E75 AR K
J L) 2 B 2H R B A0 R A T B

3) HdE#ET: L TBIRE CT RGBS, A SR BbrE IR S B, WETE AR
GPAT T XIREEY, B HEDT RS IR R 128 x 128 x 64 A=, BEWIRM NSRS —H.

3.2. PS-HRNet & &I

BEXHE T4t — fnt X 28 AN T i 43 PR W0 28 7y BRI A CE (9 0] JE, AR 45 6 TR IE S i
et HR-Net [R5, F6 Hodr 2 iR = 7 72 73 %1 X 4% (Pancreatic Segmentation High Reso-
lution Network, PS-HRNet), /442141 3 fir. PS-HRNet X SR BIRLA 1 U~ ek :

1) ¥ HRNet HH (1) —4e BRI ER RN =468, DUESG sk CT BUE 1) = 4ERF1E

2) HJEFIFAMAFIR N, A SCK HRNet WIUR 1 IR ES DB RN RAEAE, RN SIR N REE, R
T AT HEERARHE B B A TR

3) Wit Z R IRHER oAb, DASE AR & SEAFAE A& P2 A K B A, A S R AR 2
B, BhAERERHES S

4) (ERALZ Oy B E A AR E 2 5 51N R ORI Y R AR, L 4% S R A b R AN ) 3 R (R
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Figure 3. Diagram of PS-HRNet structure
[#] 3. PS-HRNet 53 [&

3.3. ZRETE)FFHEEEER(MAFE)

7E HRNet 1, f N UGN E T LT, a7 EEHRm 2 5D BT REE, A 2K GPU
RAFHFER I, HiTRERERES CT BGHh by, ZMEES FEEEN T REEER. AL
D7 R FLRREA 2 F5 10 R ORAE, DMR R BRARGNNE R . SR1MT, HRNet &A= (0317 T 45 R s8 n 7 457 1)
PIREAE, 2N BRINEERERA R T REERSIIRNEE, X&FEEAIZN 74 K E 1)
TFRECAS, PR MR . Rk, AT 2 RS 2SRRI s A B (Multiscale Atrous Feature
Enhancement, MAFE) A SR VU B B2 RRAE B F RAEHRAE, @ HESAFIZIK R S IRE, EREIC
W26 Z 5 R I R T BRI RS BT, s IR S 5 T OGRS B RIL,  HE— PRI T M4
fE o

%2 ] 25 ) 2 T R 3 s B (R 25 M N P 4 o %6, K F e RO (H O, WOoNSERE, D
NIRIE, CONIBIEH)MENZARIRAN, BARHEE F IR THOEA AN E SR E: — RS
4 3 x 3 x 3 bR HEE AR DA R 5 A a2, A x s AN AR A 3 x 3 x 3 R, ik
HN 2 A WEAERZE, BEEEBOR MBS B4 R IR 2 FREE B, X PR H 2 0e 4 x,
5 x, o BJE, X =AM 3 i PR R G — NG RHE X, DMEZR G AR RSB R 125 (S
B, REESREZ REGENKEGRIERR. BRINSEPIRIUS IRAE B o &8 iE s &1 B %=
SEATReNT o B G B AR, ARSI T —ANER R E DI SR IR, R EiE
{5 B E DL, NBANEE S LE YE, DU GRS G RHER R . ki, pokisid —4 3 x
3 x 3 WIbrE G Z R AIME B, #2645 1)1k (Global Average Pooling, GAP) AT 1 x 1 x 1 51
BRI EAAREIE YRS FER OURE, B fEiEd ) —1k(Batch Normalization, BN)Z#HTHIE L, FF
KH Sigmoid S BB TGS, &, CBE RN R IRE S RG A FRE AT InBORIEERE, M
T T B AR B S R R B RN GRS S, Y0 ARHIERIA RS B, SR T REAE RS A
o MAFE BB 8 2 R iE A 20 (1) s
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Figure 4. Diagram of multiscale atrous feature enhancement module
Bl 4. % RE =6z AR R R A E
F'= Xé ® O'( FBN (Conlelxl ( FGAP (Conv3><3><3 (Xc ))))) @
Hr, Conv XREBRRE, @ KRBILHRME, o Ko Sigmoid BKEL, Fy Kot —H, Fop R
Rt Ak .

3.4. SHBEEFRIER(ECA)

HRNet J& it 72 9 48 h 4E R IR A 2 A 0 ER IR IE I, Sl AR R BERFIE 2R AR . BIEER
JIMLHI[21] (Squeeze-and-Excitation, SE)REMS N N(E EARYE L BH EMEK T A E A E .. T dE—5mif
&R EERE, A SAERA 20 R ERLE Y UGS 51 NS ROEE E F 7B (Efficient Channel At-
tention, ECA). ECA HIAE SE ML () HEAl EdEAT T4k, E£BR SE I EERZE, JFRA—4EERURT
PEAH AR IEIE [ AR, AR R 2R SR T RHIE S| S

ECA HEHURERARA T : #k, RAAJRFEMAL(GAP) X Al & J5 1 2 43 M2 R AE HEAT 25 7] FR 4,
B I — 4 A R B R 45 )5 HOARFAE, DA% S IBIE R 0GR . i Sigmoid i BR AU s 24 (1 B TE AL
H, IR E 5 R 1 2 o HER R AT I8 BRI, R RINsR PRFIER R . ECA M) T
PEIRBRGNE] 5 Frw, dd s b 7R S8R, A oD T R 4E ARG S S B AR R,
A R R T X2 GBI RE T, AT B BRI T RS v R IR A R ES R . Hoh, SmiEiE 4
& CHBRUZ K/ kT HIER A, HiHAR 8K (2).

k:«//(C):Iogz—y(C)+%

()

odd
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S, ol RN ¢ 9FHL, 7 b SO, DS R RO BB MO L.

IXIxIxC IxIxIxC

[ ‘ GAP Sigmoid
L") -

Figure 5. Diagram of efficient channel attention module
5. BRBIEE R NRRIBREHE

35. SEMHFHER &K (LPFF)

7E HRNet JEA= r &3k, SANANR 3 HER HRRAE BLE_FoRFEERAR W & — A B s A R, Il
PR G R A IR IR o SR, IX — B4 L oRFE T A e A BRI SRR AE B, BT R BRI K,
BOHSBUEEMER. FN, KESREREZ R0 52 2 5 Mg 7 fERREm A R b i R, BRI
TIRZFAERA SR . STk, AT T — Mo 2 E i R ERL & 2k (Layered Progressive Feature
Fusion, LPFF), B 7 #dE F-T 3 (1 77 sSE I 2 ROERHIE A B0 &

4 )
P> 2
2%
— 2% P  concatiifiE
_ 2, EMSREELRE )

Figure 6. Diagram of layered progressive feature fusion head
6. SRR & L EHE

IR A SR AR AN 6 R, 2 HUR R B HE R B S U, B BEAT R LR
& Bn A ERR AR R R NSRBI o BEAN, SRR FRAE SRR R AR A A
R EAESCIURH S, (E] Re S BE X Rk L5 R EE L[5 8, FEEBAESME, N
MR MARHERL & BB R . it ARSI =R BN RS BTG . W= i 2 72 P
AT LR = AR R SEBL . BRI, AU RE T H AR 3 s w3 i) DU E R O PSR VR P i
(), miRHERE TEH 16 MEER A, BIERTT A S 4 DR W ERERE =2, EE
B AL RSB R E o IXAEAF X = I (B REWS SEAERR L T AR R 2 M, Hee kil U A 5((3)
GI%N

M~

f(X'y):i_ZZ:u

& x'y! (3)

-1

Horr, xRty AN T B RA BB IES . ay AR AL AR (R I (B T 505 2 0 R 2
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3.6. HaskeR¥

BT BEARTEREE CT BEUE 5 ELEN,  [RISE AR 2R pR B B Al 75 2 8 S 41 1 v A 1 )
B RIS AT ) 8. Dice 4512k BR BGH I A0 AL TR 43 1] 5 B SEARYE (1) 5 8 [X 3ok 2438 28 ) AN T 1l
B, 1 A8 X (Binary Cross-Entropy, BCE)$i 2 BRI ey T4 3= i o R uEmf e . A SOK 35 45

att

N

A

I

PRHEATRREL DU s SRS, B R A E AR 2, (AR TR R AR S /N 2
(R f 70 ) _E U B I IO RE . Dice 2K B, 038 XU 2 bR H 5 A SCIR A 40 2 sR B B e 2k
R AR (EB)~(6) s

’
)

mr o)

N
2) %% +s

Loss(Dice) =— i=1 - (4)

X+ % +s

i=1 i=1
N

L0SS e, =—;[xi log (%) ]+(1-x )log(1-%,) (5)
Loss = a L0SS g + (L ) LOSS pice (6)

Hor, N RBEBMAMEEMEL X, X, 5 0HRER T FA R SARZKE, Bl o BE AR5 2 R B
AVNKEa=05.

4. SEIS R 53 4R

N T BAEA SCEEXS TR IS5 (A R, A0 e 5 AT (B 7 R 34T 70 A texs . oA
TRUF IS S0 1A AP S TS, AR A R b 7 vk 2 P SR 2 (R R IRAR A, IRAE a7 A FF 3%
K RN )2 1 NIH BRSO S L3t AT I 255 Bl

4.1 STIREAESE

AR 55 [ [ 37 B AR T 7T e (National institutes of health, NTH)ZA TF ) i B %45 55 [22] (NIH-Pancreas)
BOAUEA LR A 2t . NIH-Pancreas 254 £ /2 124y 1E B KRR ) A I IR B 23 08 4, b 82
o BRI 5 CT 4338 77 FUFIAH BN AR BRARBR S, CT P AR /N A 512 x 512 x D, H# D € [181,
466), FANBEWTIH 7 RV A REARSE . BE55 TAEE ST CT P& 2T Falbnic, JF &5 3 E i
BHEAEBATRIZIE, #0R 7 EIEEM TN ASCi il 7:2:1 L, K& 5 2 57 Hl
8. 16 BISIESE. 9 4.

4.2. SCERAETS

ASCHE Linux 245 1, PL Python3.10 5 PyTorch 2.1.0 JyFEafi#4 2 SEE6 3453, 4 ] NVIDIA GeForce
RTX 3080 & RIZMEA . LIS H BEX o BIRCR B A EXREHEIP W, ALK SHRETEN
% 1,

Table 1. Experimental parameter setting
# 1 ZRSHRE

s (1A o) E BRI S MESH
B 1=09
Adam 2 0.0001 500 4 3= 0999
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4.3. EfiEdR

AR T B 2 PR 4 0% FH A 38 0 AR AU: 22 B (Dice Similarity Coefficient, DSC). 7 [nl % (Recall). #&
2 (Precision) {7 #1451 F 20 fe bR, HEERE WA X (7)~9) h7s:
2|X Y]
[X[+]Y|

AR, X MBI R LA, X e (00" .Y MBI IIEZEAY € (015

d, h, worRlaEAR CT AR AT . BEWTI . JOIRTH A/ BT UUE SR 8kl 2 T R R 22
B0 B oy BN R 5 A STAR R AR, DSC I T 1, BLHA 8145 R
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Figure 7. PS-HRNet model Loss variation curves
7. PS-HRNet 122 Loss T iz

DOI: 10.12677/mos.2024.133213 2333 e RSE TR


https://doi.org/10.12677/mos.2024.133213

HH T

WA

4.4. BT

N T BAEAR S B ERIA RN, RSO/ S IR E R IR 7> SRR HEAT PR XS L. BB
HISCHE & 1) Ronneberger 55 A4 Hi 1 5 22 EUE 7 8 UNet [5]. Sun 5 A3 H AT 2 ROBERFIERL & 2504
) HR-Net [8]. Navab %%} 3D EEZ2EEpHIFRHA) V-Net [13]LL A Oktay & NEHXHBRER > H152 H )
Attention UNet [14]. 7 2 JBZR T AR ES FRMRAR > FIBAL7E NIH-Pancreas 254 #1145 R &
X, mfigs Rk R R

Table 2. Comparative results of mainstream pancreas segmentation models
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gt HRAYERE (EIEES M2 DSC
UNet 2D 71.9% 76.1% 73.2%
HR-Net 2D 75.2% 77.9% 76.5%
V-Net 3D 81.4% 83.4% 82.7%
Attention-UNet 3D 82.8% 83.2% 83.3%
Ours 3D 84.5% 86.3% 85.6%
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Table 3. Comparison results of advanced pancreas segmentation models
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Figure 8. Comparison of cross-sectional segmentation effects for different networks
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Figure 9. Comparison of 3D reconstructed models with different network segmentation results
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Table 4. Segmentation result data for down-sampling with different multiplicities
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Table 5. Comparative results of ablation experiments with different network structures
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Table 6. Comparative results of ablation experiments with layered progressive feature fusion head
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