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Medical Small Lesion Segmentation Network Based on

Physical Saliency Feature Perception

REN Xiang-Yang' JIAO Bo-Yang® YANG Zhen® JIA Yu-Heng' GUO Wei-Feng® LIANG Jing’

Abstract Accurate segmentation of early-stage small lesions is crucial for disease diagnosis and treatment.
However, existing methods suffer from a significant drop in performance when dealing with small lesions that are
feature-sparse and susceptible to background interference. Inspired by the physical principles of X-ray attenuation
in computed tomography imaging, we observe that small lesions exhibit an intensity distribution characterized by a
bright center and gradually fading edges, with their contours closely matching a two-dimensional Gaussian distribu-
tion. To address this, we propose a radiation attenuation principle-guided saliency perception segmentation net-
work (RAP-Net). RAP-Net integrates the two-dimensional Gaussian distribution induced by radiation attenuation
into a deep learning architecture as a correlation-filtering convolution kernel, and designs a multi-scale perceptual
feature network specifically for small lesions segmentation. Its core perceptual saliency feature extraction module
employs multi-scale Gaussian dilated convolutions to model attenuation characteristics, thereby enabling deep min-
ing of sparse features and effective background suppression. Experiments demonstrate that RAP-Net achieves at
least 18.05% and 19.55% improvements in Dice coefficient and IoU, respectively, for the segmentation tasks of small
kidney stones and small liver calcifications, significantly outperforming existing mainstream methods.
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Fig.1  The small lesion segmentation task proposed in

this paper and its research motivation
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9)
Hor, PSFE() R 1A% 0 D Be AR B 1) B o3 18 5
G() BRI KNN3 ZgEm W GDaz1 ()
N GDa=o(-) 0N 1A 2 FIBRBUZ RN
3mSR W8I G () GDge1 (1) Bl GDyzs (),
B 27/ e 1) 22 RS S 38 R AR A AR I fe ¢ i

L, BT BARE Fg € ROXWXH
2.3 1RE)IZ

WIHTER, ARSI RAP-Net 5% [ 1£ 4041
SRV T3 12 ) SR B SE L kb 2 RURE 8 35 A A R 4
B, BIVIE I v SRR IR 1 2 ] ) i K S A7 S 3 (X3
NSRBI RORS T E AL 5 2 B, ASCR 75 3%
7 (mean squared error, MSE) {E i 2k pR 4. 1X
—IEFE T BE T RAP-Net JHURF ) 5 26 502 ol 2 5
N IERIRERR AR, TSI T RFE X 4
2 TR R R, A% O AT 5 2 3 A S D
JER B[] U S S Pl A <o i T 25 557 R A I e
Wi 7 ], T AR Bl ) B HERRE 2> 9. MSE {Ey—Fb
[ U453 2, 0% L A2 ) 9% M) ) A A1 L 010 o A
T B AR A g v AT, ATIORE B 2 S A
TEAS 5 50 22 93 JF 3, 3 55 AH QYR IR Hh f mie 1 1€] [m]
H H bR — B Ak, FRE RN AR R PR
R UK, 2T HEEFAN Dice LA % i 11T

s X N 3 OB L R 205, i MSE St 1™
1% B IZAR R BRI LA, AEAT M 1 SR T
I, kg B ARsR gt 7518 Resg it i,
B DR W 8 FE AR AN T BT RE A 3 A T AU SR RE . AR SC

EENEE I SN I
H W
Z: Z (ILabel(ia j) - P(Za ]))2

14

Il
-

MSE (P, Ipabe) = 2 N

(10)
Hr, MSE(P, Iaa) A RAP-Net [45 5% b 5011 ;
Tnava (i, §) € RWXH RORBR 2 BGAE AL H5 (4, 5)
WG R PG, §) € RY>WXH SN 4 26 4 [F) 7 B
) T i e B N RS R B AR R, T AR
N=WxH.

3 SLIGEER

3.1 SCHELETS

BT SESR 38 7E R — G- E LT, % AL
T RL % Intel Core Ultra 9 275HX (2.70 GHz) &b
HZE. 32 GB RAWAT, H#4 NVIDIA GeForce
RTX 5080 GPU #A71H5H i, $2H ) RAP-Net
AR H Python 3.7.0 55 PyTorch 1.7.0 S23, 1F
Windows10 RGuitE AL LisiT. BRI ZrkERT 24
/NEF, BRUEE K PyTorch J&5 i, H#H Adam
MALES (IR BN 0.001). IIZETT REE 200
epoch, FHLIA & 16 K EG. FHLKE R E N 16
R T GPU BA7 IR 5 I 2R A e P 2 18] () ~F- 1 %5
B MRS IR EN 0.001 24 L5 SLKAIF,
76 Adam AL ES T BEAE S IR i A e SI0H 5
PERER LM 1B E .

3.2 HIEE

NIEAG B ) RAP-Net f 7 A S0 56158
PR 2 55— B = o s s 481 R . C'T 43 4y 2t
T2/ (medical small lesion, MSL) (4
. R FREIE T AN R 2258 — I B2 e 4 2% 5%
SRtHE (2024-KY-1887), B AA ST T [0 o 14
F, WO R T B RS R R A SRR T
2024 £ 1 H 2 2024 48 12 H BIEAE R K258 —
Bt = B 4 32 WG C'T 434 1 28 5 4. MSL 3
AT 6420 BI/NE S5 A 5B kLR CT
FEWH. NE 5 T LLIE MR N RST AR
FLURFAEAS B S5, 30 B0 10 22 25 Jed e 00 77 2 4 i
T ERBRER. BN ELAE: 1) KT 4%
T 18 %5 2) M A B A A SUFIEAS 1AL, 3) B&h
ARKEZANTET 5 mm, BEREZ R, T 5L
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K5 MSL iRt Aon il K
Sample diagram of the MSL dataset

Fig.5

FREEE G R, IERS A o K EAR /N T4 T 10 mm,
IRSLG A, ToAEBE G ALPERT AR 4) Jo HAt o5 £ P
2, BB TARE; 5) Lt EmEAY.
FEBRARAE G 1) & I AR B S AR AL 2)
BRI 3) BHEA IS TR /o NiGYT B80T
5825 4) EIEHA @/ EAY; 5) G RBIK.
W4, RSN T 5203 BN G4 AT 1217
BN AEES A kL. i Eodl SR AU R 4R L B e SR
FIMRER 53 LU 6:2:2. Prfy AR i 44 B
5 DA TR SR 206 A PR B2 A T3 AR, i B
P B R WA AR IE . ABFFEAE ) CT 4394
W45 Discovery 750 HD CT (GE HealthCare,

nnU-Net

JRIG & FANet

Swin-Unet

% HE). SOMATOM Force CT (Siemens, f&[H),
Brilliance iCT (Philips, fif =) UL Aquilion ONE
640 (Toshiba, HA). BIER 4 512 x 512 4%,
&9 B E N 220 HU, B E N 40 HU, H#ZE )7
WEN1~5mm.

3.3 B

VAL BT Et RAP-Net fAG 201, A SCE MSL
BymdE Loy mlitAT 17 /NE G 5N AL A G 2
E5256. Wk 64 B 7 Bias, RAP-Net 761X B35/
SRy ETSS R R DU AL R MERE. Wil 8 FvR, RAP-
Net AEU8HERG 2 B /NVp kL, HEER R 5105 %

VM-UNet STC-UNet A7k HSLRRAE

6 SKAARTNER MSL Him b ih/ING a5 4 34T 20 I 45 2R

Fig.6

Results of segmenting small kidney stones in the MSL dataset by using different methods
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Fig.7  Results of segmenting small liver calcifications in the MSL dataset by using different methods

B T7 TR B B L. 18 9 op BRA R R Bt — b
J&7rn T RAP-Net fEAR R 20 RGO, B K
A, MR S ERA W e R, R A
A RN 228 SR TP R RR 2 W A
SR FE RS AEAR LU S5 e 25, IS it 8 Rk T
R GRS T AL s AR I 22 B vh 0 A 2 5 X b
D33 B 8 43 /N R ) s X SR IR AR A S i
S8 v I DR RE A A S A 1) B i Nz {EURH
A 2 3 v 0 0 A1 A R AR AT P Jey 8 X AT 47

JR s B 5 HLhR%s AITTIE

0.2
0

8  ATFEAEE SR CT BB w7 #1451
Fig.8 The segmentation results for small lesions in com-
plex CT images by using the method described in this paper

TE—5E SR, W EHIE T PSFE HH e 3 5 3
ERFIE IR, 06T S0 i s, N SRR ik
PRAET BIE T 1A HhAh, N H W HL AL PSFE £
B oiik, B3 Rt RAP-Net 5% 2 % HEFE B 3
17 7 RIRAR M. BT, 4 PSFE B FE ) | /N
JERRAEAS 2 025 00 5 0R B, RN 2 40 =T
A A, IX 784> 3R B T X5 2R 3 R B
(1) RAP-Net X} 522 /Mg kb 2 & s & 1 5 )R IFiE
i

VRV R x 107 VRV R x 107

e o 1.0
g HA 210 | Mog gy B 221 108
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E(( - 0.4 f,}é B ) 0.4
Hix| 385 1723 Hirl 315 1632
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% A

(a) NELAISEIES
(a) Small kidney stone
segmentation task

(b) /NFREES L 53 BT 55
(b) Small liver calcification
segmentation task

B9  RAP-Net 7£ MSL e £ W N 22/ M AL 20 AT 55
TR R PR IE RS
Fig.9 Pixel-level confusion matrices of RAP-Net in

the MSL dataset for two medical small lesion
segmentation tasks

3.4 EESIHEER

FEBE 7y F19UE, Dice ¥ ToU 2 PFAETTIE
PERE R B I HRPRI R, O 5 B ROt 56 IE
SEITVENITERE, A SCEFEIX AR AT B IE S 5.
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YAIE RAP-Net 7 25 2% /N b BUER 2 TS5 H 1
BN, ASCAE /NG 454055 BT S5 A0 /N RS 4k AL
S EMES (BRI MSL #44E) 1, 5IAITILHNER
AR 1 5 229 e o3 IR P 2 ) VAT T T2 1)
X EE S, ARG LE AT M S et AR Sk
B AR R 55 AN R A s 5 vk, B 1)
2 UG o B A H & B AR AT 777 nnU-Net !,
2) R EA S RHLHI AR IE PR 26 FANet™;
3) T4l Transformer ZLH4 FIRER MM 2% Swin-
Unet??; 4) g5 BFMZS VIT #1722 ZHURHE
B 55 (TR A 288 STC-UNet®™; 5) 5] X SSM LA
PR R B R B A SOTA J53: VM-UNet s FlI
Zig-RiR™; 6) F&T SAM #HT =24 1E L I 420 Med-
SAMMI. FiRXTE Ak EE 7 CNN. Transformer.
SSM LA K SAM 52 3 im2e ki =, AR T 447
I 2 G o B AU [ B AR I IR (1) 38 7 R
1A 2 43N T TR J7TIAAE MSL #dE
8 BN EIERE. 45 AR, TR T VAR
AEE PR Dice Fl IoU I T BLA Sedb iR 22 21 0
% H5IA TR, AR SO IETE /N B 4 EUE
% 4 Dice REFE R 2D 20.96%, ToU #2542/
22.76%. 1E/NE 250 0 EUESH, N A BB
JE/NTRUES . BT 4 U7 3 2 A 05 R RE IR 3R A R
BEA A B IS B 3 (/N oy BT S5 R 17
Wi B, 53 SOTA 77k Zig-RiR™ MLk, RAP-
Net 7E/NBE 45 A 0 EE SR RIEMNR. 5FN CNN
AR () STC-UNet®™ M b, AT VEERT A M
Refebr E¥ B B Z . N i R T i 5
IR IIPE G, A SO I 285 SRk 4T T vl #i k. W&l 6
Jfi7n, RAP-Net W 4% B84 20 A HAS I S rh R
~SPNBAS S E RIS A L, 1X 78 E B RAP-Net
TE PRSIk R v I 6 RN 448 ik I 3 PR ARRAE 1) B R

® 1 AFETNRAENE S A EULS T Dice 2¥5 ToU
Table 1  The Dice coefficient and IoU of different
methods in the small kidney stone segmentation task

6 R ZLAE PAY PRSI0 45 2R 77 I ) P B2 R R I
R VERE, 127515 B 28073 F SRS 20 1R A (X3,
FE 2 WAL 1375 T VY RE DR R 4F (1 0 FIPERE.

® 2 AFETFRAEDN RS AL 7 EUE S5 )
Dice &%(5 IoU
Table 2 The Dice coefficient and IoU of different
methods in the small liver calcification segmentation task

Ty Dice (%) IoU (%) ZH¥E&E (x 10°)
nnU-Net®! 53.03 44.45 30.60
FANet® 44.12 35.70 7.72
Swin-Unet’l 37.81 38.44 27.20
STC-UNet®? 43.12 31.85 41.06
VM-UNet? 27.81 20.19 27.43
Zig-RiR™ 66.59 56.02 24.58
MedSAM™ 55.13 45.06 93.74
AT (3-layer MSPF) 84.64 75.57 0.34
A3 T7i% (5-layer MSPF) 84.96 75.84 —
A7 (7-layer MSPF) 85.15 76.02 —

Iy Dice (%) IoU (%) Z¥&E (x 10%)
nnU-Net®! 63.85 51.34 30.60
FANet® 61.35 46.19 7.72
Swin-Unet 64.79 49.32 27.20
STC-UNet? 61.47 52.29 41.06
VM-UNet? 58.90 44.12 27.43
Zig-RiR® 65.48 55.15 24.58
MedSAMI 59.64 47.71 93.74
ATk (3-layer MSPF) 86.44 77.91 0.34
A% (5-layer MSPF) 86.65 78.05 —

A LI (T-layer MSPF) 87.43 78.51 —

KRN S50 oy TS5 A1, /NS A 43 BT
502 R — U E A PR N A TS, TR
ok 5 1 SR 2 [RD 56 Bl AR EL ik RSl N, = 7
B R XE DLIX 73, 5 35000 1 B 2 35 3 . AR S AE
MSL #4E 45 F3¥ RAP-Net 5IATW N HARE
PR 2 I8 22 UG Ay B 7 AT 7 b, S5 RNk 2
For. Frd 75 iR /N FE RS 40 4 2 B ) Dice &%k
fem A2 /b 18.05%, ToU #E & 270 19.55%. Wil 7 By
N, B HERRVE AR A R 5 S 4L R
B, (HAT S0 T ORE A o 1, 98 0 LI B
I b AR SR A AR SR AR 0. AR R A2, B A
IR FE () MSPF B s @it (% 1. % 2) kK8,
BRI X 8% &5 4 I oA S5 35 SR THME gL X 2 TR /NI
HAHER BT, THRIREMKHITHE. Kk, RAP-
Net K 3 J2 MSPF B3k 17 B 22 /N A4S 32
B TP AR KA CT g JE 5] 5, RAP-
Net (N 75 /b 5 45 7 2 50 B v 7 24040 & /N s AR 4
ERM IR R R, E3R 1. K2 F, KLHZET
WA S 7 AR SRR S 5E. R AT
PLIFEME i, RAP-Net BIZ3E A5 /N, IR TH
T RAP-Net M & EF M. K8 BaR TR K
G375 AR TR RN 2 H i 45 R & o El gk
AN Ry B AE o3 B 5 TR, 1 P T 00 R s T R %
HoH9 kI 5 ARFAE ) 2Rk g

A ) RAP-Net GETE AL 5 FE Lk J7 ik h
AR R KRB TR A RGNS
5 MR AE SR B FH P90 285 465 1 1A T T R A A . LA
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338 588 5 e DX 3k Py 7, DA R /N A R AR B 5 X
LbBEAR M AERT . 55— J 1T, BT i i & 32 4%
MSPF-Net WU 5 15 2L 10 2 R HFAE k5 5 )
W, IZN S SE MRS T B2 R s = THE R, fe
W E R RIS E TR T, HRREA K
SZHF R PR AL, AT IR D 1R 2 X 4% o T R H B
A 22k 5t BI04, IERX W 5 S35 44,
RAP-Net 715 PLLE /N k2 E4E 55 o [R] i S2 B v
3.5 KFEMEEISEIERE
NIRRT Tk R B R & Z iz b g

AATKs RAP-Net S48 N T FF 08 55 & s S5 4
SRR A BT 45 . 75 B R A 2, ARHT
FCIAZ O B BRI 15 25 BEAG HR /N o 1 0 0 HE
B R SEI6 B LR N 5 Iz A BE T B — R,
6 UF 3 T 3 R J5HR PR AIE R BRI ) 8 A [ R 9 Ak
LFHGENYE, AR EEN . RE R EN
RAP-Net = B4 B 22N kB0, HI R R
SR ST R B R AT 14> BV RE . I IE AR
RULE IR B AR Lz AL RE 71, A SCHE R I8 2 #I4T
G5 1455 RS R oy BT 4500 B HET T RGVF
i, G5 RANP 10 Fros. LR, BT H e
ZPERE SR BN, RAP-Net A28 4 B F T &
98 A5 58 R R ST Ak F 4 ) R IR ER T AR X

JR a6 B & i

ARICTT %

K 10
Fig.10

RAP-Net, 7E T /' i K170 45 R
RAP-Net segmentation results for
liver /kidney tumors

A EVMESS o, R X sk 5 ) AR5 By W
R ZRFAIE, PSFE BB REMS HE 6 R 0] I 5 4k I 58
025 XSS 5 2 VEARF AL, AT R AR WA F) 2 ) 45 2R
W 4 B, RVE RRST I M 25 1 428 3 1R 5 ik i
JS2 5 BE AN R /N ik 2, (BT 3 v T AR
(BRI I IE# 21 27), # PSFE BIHBENS A 5
NN B Lp i Y AU R E PSR E & A bR
) — k. X — 41 RAP-Net 78 R £5XS /M
A e RABCRE A RIS KRS R R 4% T S

7y HfE
HALSELE

SRNIAE AT EE H ) PSFE MR (145 %hE, A SOk
HEB N ENERZ AT HSEL. ndk 3. 3K 4 f
Bl 11 Frow, SEIRas BRI, MR T @G, FAa
T CT A4y 5 B ) PSFE # B RE % K v 185 3110
AN TR 22 RS S B R AE, BRI TR R R
TR AR i AR 0 A PR RE . X 784 UE B,
T OT Mg JFEH# KB PSFE FLEAH T4
4t CNN BRIV T, 0B /N kb 2 A 3 5 1R AE
RILREI 5 EBME. ILAk, NAE RAP-Net 28 h
FAZ O HAE A R, A SCHAT T RGN R sL K.
B, BT E T M4 MSPF-Net HIALEE, 4508
H 5 =ME R RAER BN 2% (VGG-16"" ResNet-
10109 & DenseNet-12111) 475 b4, k45
RN 3. & 4 M 12 Pros. L5 R, VGG-
16 5 ResNet-101 MZEEAE N RALLIEF S T
N B AR A k5145 BB, 1 DenseNet-
121 PR 4L Pf2 7 2UFE A B/ NG Ik i 25 5 72 AR K
BILAER. M2, MSPF-Net 4 &) 3 J5 1
5 S SBLT O A AR RS HER R, R T AR S
T [ 2 71 25 [8] 43 7% 22 AR 8 5 SRR A HF R 77 07 TH AN
B NERGRATLIEWE H, REXT M LA
B R AR TR % 5 B B A A R B ML, (ELFE TR
XFFUSE AR /N X b AR A5 ek i) G 73 B 3 A {1

3.6

® 3 PNEGASEUES T RS
Dice ##(5 IoU (%)
Table 3 The Dice coefficient and IoU of ablation
experiment in the small kidney stone
segmentation task (%)

Jrik: Dice IoU
VGG-16 44.25 31.40
ResNet-1011! 51.02 42.67
DenseNet-121 51.49 39.81
WA 40.97 28.13
AICTE 85.35 76.86
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Table 4 The Dice coefficient and IoU of ablation
experiment in the small liver calcification
segmentation task (%)

T Dice ToU
VGG-161 41.32 30.13
ResNet-10167 51.12 40.13
DenseNet-121¢1 54.73 41.51
G 39.97 27.23
ATV 83.81 74.46

TARSHRH ) MSPF-Net. it HEH, 45t K%
KNS AESNE T RAELFE R 5 F /N kL A
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Fig.11  The visualization results of ablation experiments
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The visualization results of ablation experiments
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