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Abstract

Breast ultrasound image segmentation is a crucial component of computer-aided diagnosis systems,
yet speckle noise interference and blurred lesion boundaries pose severe challenges to accurate
segmentation. Existing methods mostly adopt a unified strategy to process multi-level features in
skip connections, ignoring the essential differences between shallow features that are sensitive to
noise and deep features with imprecise localization, and also underutilize frequency domain infor-
mation. To address these issues, we propose a lightweight segmentation network named SFH-Net
with spatial-frequency domain hierarchical feature enhancement. First, an alternating dual-path
encoder is designed: the alternating combination of standard convolution and depthwise separable
convolution, combined with the introduction of atrous convolution to expand the receptive field,
effectively controls the parameter scale while ensuring the feature extraction capability. Second, a
hierarchical skip connection strategy is proposed: an adaptive frequency domain filtering module
is introduced for shallow features to suppress speckle noise, and the coordinate attention mecha-
nism is adopted for deep features to enhance spatial localization ability. Experiments on two public
datasets (BUSI and UDIAT) demonstrate that SFH-Net achieves Dice coefficients of 78.73% and
85.15% with only 13.12 million parameters, the proposed method can achieve effective lesion seg-
mentation while maintaining low model complexity.
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1. 51§

FUIRIE & A ER LM B LA R, ARYE GLOBOCAN 2022 it %l , 2022 45 4Bk At 3L R
RIFENZ) 230 Fifol, o 2ot AR RE R S B 23.8% [1]. FLIRE 0 R R IS5 HERI PR 5 T 5 82297
BA BB S A RIS TR BRI SEN BRSO A S, SO F IR A T B 2] SR,
7R 7 A i A DR P P TR S R AT UG A A R R A I, R o SRR Y R A
T IR [3].

A AL Gt AR AL BT VRO TARFAE DN S 2% 75 BRIz A e ST PR o TR FE 5 ST BRI Dk
NG B R T HEdr ek, H Ronneberger 25[4]$2H U-Net LAR, Hufday - o e 5 BhEKIE
P OO Z R U . IS, 2 G AR RV, N, eI AR IR R A R Bk OE g
i SCIS YA UNett+ [5]. UNet3+ [6], 51 ATER T THENLE] A XA Attention U-Net [7], LA
) B 22 2 ST RS T G AR A 2 ROBEREAEF 38 117 ResUNet [8]. CE-Net [9],

Transformer 7£ i+ BN UAL 56 AT 1 5 1, SN N B T 25 52 1% 4> #: TransUNet [10]454 Transformer
It g% 5 U-Net fifid 28 @A 4 /a5, Swin-UNet [11]3%H Swin Transformer #7341l Transformer 2244,
PEREML 55 UCTransNet [12]. CMUNet [ 13|t AS AL HRAR ALY . {H Transformer 2875 %115 85 A1
ZHERGE, R T AR TR R IE R 7 5 K

WA BT BRI ERE, (HR PR S BBAIIAEA . Ho, BRERERSKH S — b8, K

DOI: 10.12677/jisp.2026.154045 506 K& 5155 kb


https://doi.org/10.12677/jisp.2026.154045
http://creativecommons.org/licenses/by/4.0/

B AR 15 23 R 2 By SR FE R« R S RHEE X B E R [ A RO ) 22 5, (T B Rl & TV S LR AR A5 2
by HIR, AAEZS ABSIRHAE SR G 58, R 70 23 A HE AT AT R P 4R AR A, AT 2] A Ak PR RN R B
BN SN ECA PR 14]s 1EAh, ZERPERERA LI IS BRI A 3R URE 2, X DA R IR
HIEFIRE PN

BT FIABRAR, AR T — R T A A - SRS SR RRIE I 5 ) AL 40 I 4% (SFH-Net) o 1%
IR 285 A AZ O 7E T HR 8 Gt B0 28 A 7] J2 R AE 338 SO M SR 22 S A A B SR GG, S 28 A A5 5 1) )
ARSI FE DTN

() Wit TR E WA ABP. MBI EG I SRE T BB U T A G, k%
BB R RIARE 150 5 )5 #H S HOCR B EAME S . [N, 5INTIRER 0 S0 4R A2, 3t
AN R B 3k E 7. BRI A n i 2 70 GRAIE 2 R RRAESRELAE I I Rl B 238 PR T Bk S
Ko, AR IE G B S PR I R E 5

(2) T 7 EBOERE SRR HSC, £ AN FIE XUZ G RHE R I AR 58 7 58 o 0 T 25 (] 43
R E R UK IR ZRRAE, BT T R R S BTSRRI . AR IR 2 R T 2 S B
WS, AR SRR AT RS UL AC A TS A B, 7R SO R IR, SHEARZE /(S B AT B & B
], HOREE G AL LR MmN T o i, AT SR KA DG S MR IE I RIA R ), I A S
BHHR o X TE XE B S IR ZRAE, R AR = A HLH], WK A BT 07 pl gwmid AL B A5
8 5 X 4 o ek (R, B A AR RN RE ) o RO SR 78 B T Y AR S ERHIE N TE R, SR T
M5 5 AL I F AL

(3) MRS 5 AR 5 T 4 ] 2% SFH-Net. 1% M2% LAY 13.12 M KIS $E{E BUSI Il UDIAT
PN F A3 EAS T 78.73%H1 85.15%[1) Dice A%, LB T /3 EIME 5 E &KW EIET.
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Figure 1. Network structure of SFH-Net
% 1. SFH-Net F4&4544[E
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SFH-Net K & B A & — MARD 25 2840, BEARZE M N IE] 1 IR o gt #5158 B XUk A2 ABP it
IS bR AER 22 5 82 AR B R 4 S B AR A B A SE IS ACRFIE SR L, [FI 5] NI S AR S LAY
JRAZET . o2 R RAERE /1. MRS 28K A MG EoRAES 3 = 3 BRI RIREE [ 15], BRWE
AR, JFE B S D S R R

BEXHE G 7 0 BE BRI G — A PR AR T R R R I, AR SRR H 7y R BRIRGE R S HSC:
o) Pt P UG VR Z R, 5N L B A 8 3 1 (A daptive Frequency-domain Filtering, AFF)7EM 2 3%
PEVEAMABIDE SR 75 0T S B E RO BIR E A AE, R AR ARTE R JU#5ER (Coordinate Attention, CA)
I 7 RN B AL B G s A L B E AL B2, RS S N TR R AR = R

2.2. ZEWIEKRE ABP &R (Alternating Bi-Path Block)

G i AAE RV SUF BB U AL D[ 16], HBHRIERIE R ) 5 THE R SR P . bt
RIERERE 5[ 17], ERETREITHR, WA 70 G B AEKIEIES (18], (HMSLRALSZIR . s
B, AV TR B XIS A ABP (W11 1), B8 AR T KA R IE SR I B

BERHHI A2 HER B (K JZ B Bi(Stage 1~2), SRAIARIERZZBL[ 191 B IUAERRRFE, I P8 S5 WL 22/
TR 28 BB RE T 2K o TN T U RIS VR JZ B B (Stage 3~5), AL AR AR K LI 3R 42 )= BT
XAEE: ERARREARESIR SR BB R, BRI S HOE N RN JERRRE 2 R, HiBR AR
TR AR, RTINS T IR AR, 19 W 4550 22 RS kb (R gk g

BEAh, i SR FISRG AR S BURFE R B, IRIEPT BN T B LRl A2 R s, BIAHATEY B in
BARBSERY A% A0 S (M0 Stage 3 5 Stage 4 EIRIRAUMTR). LML (L W28 1A R Besh S VI B AL TR
B, ARARTE T R SCRAE R BAME S 2 FEE

WU A H (AT RO S T R AE A FIR BB W R A F Y 2R E 2, AR GEIIZ e AR Inia 5008 (R
Bk ER AR B ISR LS, TEIE PHEN SRS BRI, PIE 0 DRI N A2 B IS I B %
AR I TR NI, AT T ahA R A RS SC I B E RN . I B  F, , HER RO F
[EiS=puR b SR

Fu=[FF]eRY M

s =GAP(F,,)eR* )

w = Softmax (W, -5 (W, -s)) € R A3)
Fou =W F, +w, o F, *)

Horb, GAP NP, W W, NEERERNE, 609 ReLU Wi bR . il e HL] A6 2% Re g AR
PN BRI A AR RS T AR AS I TR L), 1990 1 2% X 2 AR AL IR 25 (R 3 I g

2.3. S EHEEKEEIERME HSC (Hierarchical Skip Connection Strategy)

IR R IR A A% OV FH 2 4 i S B B ) 2 TRV AR 1 45 5 A% 8 2 ARG B BL[20], R AMESE T RAF I RE A
A B . AGE U-Net SHARMAKT I A 2 JRIBEERE RER G — 0 B A% i BT 55 b B 5
W, XA C—RLREAST BT B T AR R BRI AN BT 2 R

MRFE J& Y B2 3 AT, SR B RAE R B T F 8 MR 5UEE R, BRI PR MNT 1/2 % 1/4,
X T ARG I S R EEAME . AR, R R P R M R R R L T RO i, HRE
i8] R B F 45 R DU I O 5 A R M L o IR 2 RFE e 22 DA AR e Pk A4 R A e ) 1
SCHIBRAEST, REWAIX Mk SIEW AL, EEE S HR CREERAR 1/16, Fabf 1028 8 € AL g 712
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BExb BIRERZES, AR R BRERIE R RIS HSC, MR 25 2 JURMIE AT SUJs M In 22 3 A0 1 1
SRACEE o MR S BRI E AR AL, Beit B I SR A HRAE AR Sk BRI BE A e A s X T E Ao
B IR ZRFE, SN AR R R 1 T 17 SR o7 B 2w B e A 2 18] 5 6 g

2.3.1. REYHE: BERNUEIRR(AFF)

T 7 PR AR DR R P D8 2L A BOU 2 A X 0 7 5 O ARL T R s JRAE AR rh 5 BRI A e 491 93 B A B
PLIRBN[21]o A G0 2 T SR 7 ERCAn = 3 - P R I8 72 AVl g P FF) R AR AR SO 1 i 2%, X
DAFE KI5 ORIA T 2 T B R AP 5[22] . 5 RE BINE PS5 1A 2 BAESUS b B 0 AR VAT AE 22 5%, AN
T T B BT IE R AR AFF, S R 5 5] AT I A 25 A o e P A I R B A A R

G, R R R B AR (FE TR 22 (AR A WS 25U (U 1] 2), 43 BB R AL -

X =F(F,)eC™™” ®)

Hrb, Cv H AW 53 ERRHAE EIREE R e A
LI 21 Ay R B IR I 25 5 2 O x H xw NEHSH, AMUTHEIFHK, mHAE S TS .
Ib, SRR T PR SE P AR A SR LA S S B AU ATUE I . BRI S, WIAA L R B2 1 T 27 ST UE
W,eCxh'xw , i h'=H[4, w=W/[4. FERT LS, WXL (5T RAR 7 P2 8 2=
BN R, B JE X IR AT IZ n R A -
Y=xoU, (W,) (6)

H, o FRRIAISF(Hadamard Product).

ST BUR BRI SR 5 5 A M, SB, AFF SKRH ARSI S mAR e 2 A
HEWg o FFH HAMERL > B 5, S5 5 I 2(6) AT 22 IR AR BT B e R, DL &N iR
RARGERZRAE: X T R AL S e 7S 58510 G i &, it S lod i A vl i ik, Buns
FEAMHOR R Ty B R B o S 2R 9T 70 AE AN B 2H a0 A e 2 2 AT, DT E R A = AR 35 40 1) ) B oK
TR IL A5 B .

2.3.2. REFHE: LFRFEHMEECA)

RIZRFIES 2 N KA G 2510 2 HE R BRI 18 SR RE Jo 3 ai, (RS () s RO RE AN o TRIBVE R )
EBURIERBN ERMEER, ARTRR e, SEER RN R EBE, HitE R R B
P KPR . DRI, ASCRAIARFRIEZ J1 CA YRR JZHEE, Fad i Iy m s B gmis, 7E{RIETT
S 2R P TR T ol 0 B 8 2 TS L DO 88 o9 A 3 10 52 7 i 77 [ 23]

YR SETRIZHFE X e RO, BRI R 18 Se iR /KRR B AN J5 TR0 B AT 4 Rt tk, AR RO TR K
IR AE S o VK7 ) B B B BE R P e 4, IRER R 4RSI A BAS R IR E 7 itk
BEls R R, (RE TR A B . BN

(k)= 3 x(hi) ™)
(=5 T x(w) ®

Heby, by wailDwKker EETTFMASR: H o W ONRHEEIREEE . SR
FIRIRAEAE R T X7 BRI R E R 2, 2 B, TR R AR S AR L e A R R AL
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Figure 2. Network architecture of AFF
B 2. AFF W4 454

3. SSWERSSH
3.1. ¥iEE

NPl BITHR DT VETEAS [F) 7L IR 75 50 0 A N 1) B B, A SCIEE BUST AT UDIAT BN AFFFL I
PGB AT L0, AR S BARAE AR 5 F158 G IE DABRAR /R AR S5 A4 T B B X)) 43 P e oK
(R SR o

BUSI ##5 % th% & Baheya Hospital REEFE AT, HAE 780 R A EIE, THEBRS AN
500 x 500 143, EMELLPNG #2076, GRGIER . RERUGM =2RPEAR . A SCE R ST S, AWk
HCHC o HAT T Ik ) R AL ML 647 5K 28R4 R LOGIQ E9 #l LOGIQ E9 Agile A R4K
£, IFHEA 1~5 MHz PRk . UDIAT $dla&KR 4 H LS Sabadell (1) UDIAT Diagnostic Centre, % H
Siemens ACUSON Sequoia C512 #/ &4 J2 17L5 HD k4L, WO A 8.5 MHz, L8 163 7KFL
Jis kb R, SRR ST 2028 760 x 570 8 3%, IR AR T N SIFRIE R k2 EIFE AR . AR SCae
Bk F ) UDIAT i oA RS R 109 5K B 54 5K

MEMGRHER S, BAEIEES R T =4 B IR A S, 35005 0 B0 75 B 8O LA
IFi) 2 FRER Ko b B AR SRARH0 i, ALt e % 6 [ FH T PPAN A 0T L B b T S B i R I 1) S A5
HFERE RO, A RE. B TR, BUGRSE DLRRE A SE A E B 2% 7. BUSIAEA
R 20T EUG R SEARXT 8L/, UDIAT FEAR R EMESFIE RSB R; [N, AR & S5 RES
TR SRS . AU LGB R D SR IAFAE— MBI A 257 . Tk, 7ERAN SRR bk
AT VPN RERS 25 SRS R TG AN [F] AR 26 A PR e R e M, (H T S2 30 R IR T BRI A TFEUE 4R, AN
e 45 [F] 1 78 43 B0 AR % RO i R YZ AL B

3.2. TEiEER

ARSCRFH =R bR AT VP AL, B4 B2 Dice MIMAREL. A8 HLAOU)FI A [E1 % . Dice AR
Moty 1 PN RS XN B AR -

x100% (10)
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AZFFHE(IoU)RE SCN TIN5 FLSE XIS F E

[P
IoU = x100% (11)
[Pud]
074 [ 2R D i 8 9 A XA A L
|PNG|
Recall = |G| x100% (12)

3.3. SLI4RYS

AT IR S E N Intel Core Ultra 7 265KF CPU. 32 GB £ NVIDIA RTX 5070 Ti GPU. )ll%5%
A A BENLKT 5 T8 BRI . Be LR s k. Mg IlZidtit 150 4> epoch, #EK/NHK 8;: K Adam
MALEE, BUEFEWA 1 x 1074, H5% 3 % 2 X g 347 220k .
ASCHK I 7838 S . Dice #1255 ToU $ 2 (K INALH & -
L=04L, +0.3L,.. +0.3L,, (13)
Horb, Ly NBERY e USRS, Ly, =1-Dice, L, =1-IoU . =Rk & MRS KR
oy, XIS B RIA SR T S Ak

3.4. JEESRGHER

AR 8 FRF MR R, AHEL L U-Net & ILA1K Attention U-Net. U-Net++, T
Transformer [f] TransUNet il Swin-UNet, LA IT4FE[) ACC-UNet [25]. SF-UNet [26]F1 MA-UNet [27], 5K
eaE R 1 FIEE 2,

SIS AR R, MECTIEZE U-Net, SFH-Net 7E BUSI ##E4E LR Dice A1 ToU 23 BRI 5.13%H1
5.01%, ZHEFEC 46.3%. HIWMRAHA MA-UNet #Ltk, SFH-Net LU I 22.6% 5%, 7E BUSI
UDIAT LA Dice 53— 32T+ 1.69%M1 1.33%. 14k, ZERT BUSI FI/MNEACR 4, 4l Transformer 42
P Swin-UNet) R IR £E, 1M SFH-Net FEftf CNN L5 25 5585 1[5 16 34 R B HH 0 A P /N RE A 22 3T

Table 1. Performance comparison of different methods on the BUSI dataset

= 1. BUSI BUIE&E L & /A0 sEXTEE

Method Params (M) Dice (%) IoU (%) Recall (%)
U-Net 24.44 73.60 65.01 76.09
Attention U-Net 25.80 74.15 65.82 76.85
U-Net++ 26.90 74.92 66.25 77.40
TransUNet 93.16 75.20 66.80 78.50
Swin-UNet 27.17 67.10 56.80 65.40
ACC-UNet 16.79 75.45 66.80 79.60
SF-UNet 2891 76.50 67.95 79.25
MA-UNet 58.04 77.04 68.11 79.20
SFH-Net (Ours) 13.12 78.73 70.02 80.54
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Table 2. Performance comparison of different methods on UDIAT

%% 2. UDIAT BUiE&E L & /7 AR0 M REXTEE

Method Params (M) Dice (%) IoU (%) Recall (%)
U-Net 24.44 80.52 68.15 81.34
Attention U-Net 25.80 81.45 69.23 82.10
U-Net++ 26.90 82.68 70.85 83.45
TransUNet 93.16 80.15 67.54 80.92
Swin-UNet 27.17 72.86 58.42 74.15
ACC-UNet 16.79 83.12 71.45 83.89
SF-UNet 2891 83.56 72.18 84.05
MA-UNet 58.04 83.82 72.65 84.62
SFH-Net (Ours) 13.12 85.15 74.64 83.12

£+ %t E UDIAT | Recall B8 T MA-Unet, {H7E BUSI _EHUfS %5 Recall 25, FZ IR T 584
PE: BUSI B s/ 5, SFH-Net 3@id AFF 5 CA B A4 Zeb ot smfb e fr, KIS 7 It
% 1 UDIAT AR LU 551 SN ek, (A AR R E DRSS BE A1) T 1 Precision 5 Recall. i 444>
F AT 3)UESE, SFH-Net S &S AN K 22 SRR T k35 L 4 A1 8K 10 221 1 e 77

NERFL SFH-Net =g B I FENLIE, FRAERT AL 4. 18] S)UESE TR ORI A 2. AFF B340
il T R ERHE P R S R A N, 7R BRI O S R R T RS M L R ER BRAE T s CA B E
75 AL, TELR A T B 0 BRI R IR, A RORAN TS TR T B0 A R A b
ER. WF IV F SR T P e AR, IR T AT SR R HE

Figure 3. Segmentation results of different algorithms on the BUSI and UDIAT Datasets. (a) Original images; (b) Ground truth
(GT); (¢) Swin-UNet; (d) U-Net; (e) ACC-UNet; (f) MA-UNet; (g) SFH-Net

[ 3. NEEA7E BUSI M1 UDIAT EHISEIZER (a) EE; (b) GT; (c) Swin-UNet; (d) U-Net; (e) ACC-UNet; (f) MA-
UNet; (g) SFH-Net
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Figure 4. Visual comparison of shallow features before and after processing by the AFF model

4. AFF 12RO IR 7 B0 7% BAFAE AT AL AL X EE

Figure 5. Visualization of deep features and spatial attention weights generated by the CA model

E 5. RIARBFHES CA ERZEIEBENHINERN AL

3.5. iHRASKIE
NIGUE SFH-Net &% 0 ARER K 73 |2 Bt SRS A R0, A SCAE BUSI A 4R BkAT 1 R G R b s
Iy ﬁ;%%ﬂ% 3~5,

3.5.1. LSRG o
B, AR T A AR 0 45 (ABP) I 5N S H e CE B8 5, 45 RAnEE 3 s MALT U-
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Net 252k, ABP 5| NHR T RE FIVERESE T, LI — DXL T “2Fr B ABP” S54RI “IREHkZE
+ IRZE ABP” IRE KNG, 4R BN, 4 ABP AL E B T3, HA LIRS KKK (Dice N 77.75%, loU N
68.93%). JRHRTET, REREE SEO RGO, 55| N KRZ B 125 ER 5 5 40543 5 R 5
AT FEINTUAR s MARAERZE SIS T2 S AR . IXUESE 7 AR PR gm s 28 B fEi sk 2 RS B R
SCE R R A0 ) P A

EFXHRZE ABP BB G720 4), W HESRIGR I A brdES R 5 B (Serial-Std) R 7 75 &
RGEDE RGBTz A IR AR B 0] 73 B AR B B (Serial-DW) PR 5 T8 OCHRAS R BUORSFE R 1% [A]
S KR I BELE ) (Parallel) Tk Z IR Z LR BN . AL R, AL B RS EA G S T T
DR T RHELRE A, AR HEAS AR 038 T8 VR B il & 5 TR B AT 20 9 A FR ) 5 ) v RGP B Jo 2 W ), 7E
T R% 5 R R AE TR FE 2 (A HRAS e P46 o

Table 3. Ablation study results on the effectiveness of encoder layering

3. RIERSEBYMIHRMIEER

Model Encoderl, 2 Encoder3, 4 Dice (%) ToU (%) Params (M)

U-Net — — 73.60 65.01 24.44
SFH-Net ABP ABP 77.75 68.93 13.42

Ours Resblock ABP 78.73 70.02 13.12

Table 4. Ablation study results of ABP module main path combination methods
7 4. ABP IR F B ZH A HAM IR LR

F AR Params (M) Dice (%) ToU (%)
Serial-std 15.62 78.25 69.53
Serial-dw 10.62 76.58 67.76

Parallel 13.12 77.89 69.12
Alternating (Ours) 13.12 78.73 70.02

3.5.2. S EBkERESE RS 4

Table 5. Ablation study results on the effectiveness of hierarchical skip connections

5. DERREEANIHRMEEER

Model Skip 1, 2 Skip 3, 4 Dice (%) IoU (%) Params (M)
U-Net — — 73.60 65.01 24.44
SFH-Net (Encoder) — 74.82 64.15 12.30
SFH-Net (Encoder) AFF — 76.95 66.82 12.90
SFH-Net (Encoder) CA 77.41 67.53 12.52
SFH-Net (Encoder) CA CA 76.69 68.12 12.55
SFH-Net (Encoder) AFF AFF 76.23 66.05 13.50
SFH-Net (Reverse) CA AFF 76.12 66.25 12.93
SFH-Net (Ours) AFF CA 78.73 70.02 13.12
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