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Segmentation of Medical Images with Fuzzy Edge Enhancement Based on Residual Difference
Convolution
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Abstract: Accurate medical image segmentation is often challenged by blurred boundaries caused by the high
morphological and color similarity between lesions and surrounding tissue, thus compromﬂiising both segmentation
accuracy and diagnostic reliability. To this end, this study proposes a fuzzy.edge enhancement network based on residual
differential convolution and designs a feature extraction module fof edge awareness detail to enhance edge information
via gradient feature coding. Meanwhile, the global edge detail bi-level routing attention is introduced in the bottleneck to
integrate contextual information for precise modeling. Furthermore, a residual edge-aware localization module is
constructed to enable refined logaliza’tioﬁ of fuzzy edges. The experimental results show that on public colorectal cancer,
skin lesion, and breastultraéound images datasets, the proposed method significantly reduces the parameter count and
computational complexity, with even stronger segmentation performance than existing state-of-the-art methods.
Systematic ablation studies further validate the synergistic contribution of each component to edge detection, fully
showcasing the potential application significance of the proposed method in improving the reliability of medical image
analysis.
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BT UR 5 2] I e 2 R Oy BIAE T ST B2
(computer-aided diagnosis, CAD) 5%t HH 22 ¢ H 22 #ET
i R ) BB 43 BIAS A B HE R U010 28 DX 3 R R AL, 38
BE A I P12 W R 955 T 7402 it mT 48 11 s Ak ais . AR
H A= 2 BB O3 BT 55 AT SR THI I 22 SO 1) 208 Bk k.
i, BT A SO S R R 3R 2 R, R AR
PRI o 2 30t 0 AR, AT S8 A 1100 320 57 IX 40 A2 45
k. R, RS 7 B EHE S X DR /N A
BAWRK, Fm B HAR R RS 1 5 X R AL,
155 BT 55 S I A 440, Bh AR 75 B B K X
FEAG . 0 FBOR . T RS T AR R R, XA B
TR TR R SRR

B 5 = 2 Ry BN R R &, £ 4H 21300 SR
T FVHG R [, W FUE TG A A4 (convo-
lutional neural network, gNuN) T%'cﬂ/%ﬂ B8 SV
2015 4 U-Net" a8 e %K 4 A 45 R 402 T+ 40 15 B2 B R
77, (BB BR B2 5] NEFS. 2018 4E UNet++ R % 4E
BRI 2 BRI RS, FR B = 4 R @A, X 2 AR
B E R TR, UNeXtUHR H T — R B BURF HE R EX
S, ££ MLP Fir B 51\ Tok-MLP SEEL 45 4F
TERABE, B 5 1 9 2% 0 75 7 [A) s I B e ), (HLBR
DRI AE /7. DCSAU-Net 8 & Bk A7y 20 75
JIRL kG S IR 28 S, AR AR AR 1) R R Ik 52 B
FEE BRI T 4 RRRE LR /), s B L 5
FrE T Aar .

Transformer!/7E [ SR 18 = AbFE 1) 4 R B A5 Rk )
BN A FLAE R o S0 1) 8 . G 9 DR P 4 ) A5 i
AT SEPURER 4 RS A, A T 1% 2 & CNN-Trans-
former J77%. B4k TranUnet ™72 Bb RS % 1185 R
JR B S RS, 8 ol A SRR SN K A B B 2
S8 H AN AT B, £ T BT R T A 1
LeViT-UNet! i1, 4 5 REE A SR 51N 26 2244,
g 7 0 BB A RS BRI RE 7, (HAE BRI SR
A0 1) RS, S 4 R A A P A NV OB
CNN 5 Transformer AT, [N i3k 541 54/
RS, A RCT A R AR B SO AE 5 KR RO G
2, (RN FEASFI P95 A8 0 5 0y B R L 22

XBound-Former! "' 5] A 7 —Ff 5 K i 8 S
Transformer, ¥ SO0 AR S B REENIHIA LS5,
DASR RASERN 120 73 53 ) 1) 780, AL ARG D D B 5 R 7 T AT
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5 A R R R T SCELRS, AETE TN AR AR XS bE B AR S
(ChniE 5 BB 13 SR X 3T, 22 ROBEREAE B R FE
B SORHERE JIIAEAE IR T 25 1), ERflfii N H MSC-
LSAM Bk, SR X G i 7% 45 & 22 JYBEAC X 1A
EERCEIETERE S, 18 L gk R E BV, A
I R I SRR S, 7 B R RIS AL L
5 4 47 PR ] B U-Net v2U' S 1 8 R 20 U
?A/E"izl:, T Encoder-Decoder 224, 18 i 78 & gn il 2%
P 2 Je454E, P Hadamard SRR & & 218 X 51K
JEHHAT, FEIm I R R % B R A R R (R AR b
PR LU B S B R S5 M B, B8 R AR IE R B
KRR B AR B AR R R T, ERRE SN T
MoFormer W %%, i 2 i5 25 1@l 5 Transformer %>
WL, 5K B R SCBEILEY, 1 AR S A RE SN2
FRBERFIESEINRE ). IR TE 2 e S G B i 4 Lk
DU R ERE B, ANk A5 70 G A s i HE AR A0 PRl i i
BRIEFEIE N R 2 B A7 208 P 7 201 1 UGS

Bt [ 2 PR 43 0 v ) 30 AR 5 4 Ry A S )
AL G 2 5 B AR I 7 i izfu:‘Iﬂf@:‘%: (1) %
T3 R R 20 Y R B, SR P R AT 2 A 58 AL 34
245 BA3E; (\2)‘&'4‘@@%%@%@%%&*%% R0
WIDL A0 52 073 (3) (EIEFIUR B4R 40 WUR
BEETE R, A b T S0 R T SR A v
5L, I8 I SEEUE B T IEAE A B . W R A S S
BRE 3 B ERTT

2 JTENA

1 AR TR BB, RIEE G S e g0
FAIE AR B AR (detailed feature retention, DFR), JEiTH"
RS2 B R I V2 R I OR BE 4011 5 B e R A 1 42 2
Tith 4% H ()32 S IER 40 15 FR R PR BB B (edge awareness
detail feature extraction block, EADBlock) 4P = 2 i
AT B, &8 IR IE 0 42 R 1 2 20715 0= e i v E
= JIHLH (global edge detail bi-level routing attention,
GEDBALttention) A& il 7 4% ] 10 SR 4115 I RFAE 1. g
i K FH 55 G Bl 258 508 N7 ) 5 4, [ BT 2 5 5 5 A0 1 S et
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(a) TEARHH B (b) XUZ % HiE = S L]
K4 4Rl S 4m = SUZ 208 i = S H L
B ke, TEMLRLRE 20 50 XT AT BEAT R SR, BT K¢ = gather(K,I") (©)
i H BN X3 BT kA B A QAR ST &R Bl AR PR € V& = gather(V,I") )

NP R AR (5) B
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SRR ST R E R R, 2 7ERRAE B 5N A
WS T U, A SR AR 22 1 SRR E A A,
OB B S B, T8 Goph B s S i 0B
[ AL 5 She DA A AR [X 38 7 1. Bk 22 0 0 7 40 A
Bepy Jei@ik MDC $AT ISk, B s, @IEE R T
(channel attention, CA) 55 ji ik i 18 4 & 5 A5 2 5 AL
o M BURRFAIE, T 73 ()7 B /7 (spatial attention, SA) 5
e U 368 3o 4 Vi AR L g ST SR A ABORYT DX 4k 1y £ i U, A A
B TR R TR B4 R IE L LS 4E AR
S5 BT 55 L DX I Ay o 2 56 B2 e 240 i MIDC .76
803 R HEAT AL, R PR 7 i
AR EE X SRER (S L. ZiihEd %z 55
14 5 1) 120 G 0 5 42 5 T WL () AR IR 75 dok, 7 38 40
e TE BRI, S22 S T 7 AR AR AR X 3 ) 4
FriENLRE
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(ZSA)Spatial attention Channel attention
K5 BN GRRNE AR

3 SIS Mgl Rt
3.1 LIER
30,1 HdEss )

ARSCAE A T HR AR 13102018“3]\ CVC-ClinicDB*”
A1 BUSI?Y, 4B IZRse . SiiEge. WAL A 7:1:2
HEATRI .
3.1.2 SERMEESHEE

A ST SLU I E L % Linux ¥R0E R G800 TAE oG
347, RH PyTorch #E22, Hrf CPU 254 Intel
Xeon(R) Platinum 8269CY, & K% 5y NVIDIA
GeForce GTX A5000, A K/NH 128 GB.

ST B 3 AMEAREIERF L PR AR
T3 TAFAE B35 22 5, O T A8 S50 S5 AR AL, AR SO
NG KNS g 256%256, FA58 SR 18 58 A 18

-

sRYIZREE, LAFEmar BIPERE. TRt #2 9, KA Adam
PALEE, 5 21 %4 0.001, Y ZREARECH 200 K, L&
K/INK 8. K H BCE F Dice 45 2k A0 25 G 10 7 3047 Il
r, Horp BRI R e st 9) . Hodp, yA %
ATRIIME, y 2R HARE.
L=0.5BCE(",y)+ Dice(y",y) ©)
3.2 TENERR
KK T R (Dice similarity coefficient,
Dice) V¥ 3t (mean intersection over union,
mloU). HEHJE (accuracy, ACC). A
o Dice: B TR U4 5 B9 5 HIIK 5052 )
AR, WHGAR . /N R A B0 2 ER 25 U,
S VPAL IR S A S AN R S5 A WA R A% O R AR,
= (10) FioR:
bice = 2><T1%j:£§+FN (10)
o mloU: VI IIh, tHHE AL ML 5 IEH H A
T X 385 FL ARy i A2 FE LU ME, W=t (11) Frs:

ToU = rp (11)
O = TP FP+FN

o ACC: RS, THR B EUR T AL 1%, 045

T A DA IE 8 X3, s (12) P

ACCS TP+;I€;£IZ§-+TN (12)
ooy, TPARSE PR LA A2 ) B3 4 IR A3 A i 22
DXg TN RaNSEBR AT AR R AR AN T
S PIN X B SE BRI AR AR B AR N T 5, Wil 70 &1
U FP I IE W A GUR R B R IRIC AL, R
Ao 1 i
3.3 FfEEsE

RS UE AR SO A 2, K 5 9 R AR T
EHHT EL A, A5 U-Net® . UNet++*, DeepLabv3+™,
UNeXtl, TransAttUnet™. SwinPA-Net™!, DCSAU-
Net. LM-Net"/fl U-Net v2!"*.

W% 1 fias, 76 1SIC2018 ¥udfE4E b, A5 9 ff
JIEREAT T HOERL H R I R AN AL AN A,
U-Net Fl UNet++R A, UNeXt IS8 @AITHEE
FRIERAR, BAEH T RALRFRCAL) MLP B, Hi T
G = 4 R @A, R R BLANEE. TransAttUnet BAR
T AR e ds HEAT T4 R AR, (ELTE AL BRI (1) B i
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TS IE R T e, M S8R, 4 Swin Transformer
BEH AT LPA BB SwinPA-Net SZHL 7 88.94% [
mloU F1 94.18% [1] Dice. DCSAU-Net [l mloU F1 Dice
S ER] T 89.90% 1 94.68%, X E I Ih T H B K
SRR B B2 1A 43 B R . ARSI D VAR b A
JIVEAE 3 B bR R U T B R4 3, AR R TR
MSHEANTHEERE. RN AL ACC HIEE] T
98.84%, T BT HAth 7%, LM-Net &8 21051t
SZIL 90.52% mloU 5 94.31% Dice, {852 R EEFFE b &
RIGVER PR, 755 44 F 4510 F b BE AR AELE AT 25 2R K
K. U-Net v2 52 BR T 1% G Bk B 0% H2 1 4 B B 4 it 2 At
AL, mloU 55 Dice 53 518 89.85%- 94.02%, 7EMA%
Xof LG B X35k 2 B 32 5 43 B A%, PR U7 R 4R AR B
FAR T . W 6 BiRAT R T 1SIC2018 £ fak 1y

ISIC2018

CVC-ClinicDB

BUSI

B gh R, ARSI EAE PR SR AL B T RN B R Y
X 35 W30 S 5 T oA B AL, BMELE B R IEFE S
WLF L RE A TR ) B #5138

1 ISIC2018 FE XS b szis 4

Tk Params (M) FLOPs (G) mloU (%) Dice (%) ACC (%)

U-Net™ 31.04 41.91 8733  93.13 9742
UNet++? 9.16 27.73 8827 9379  97.50
DeepLabv3+?)  54.70 15.95 8822 9379  97.46
UNeXt™! 1.48 0.44 8621 9255 9732
TransAttUnet™  22.65 67.97 82.55  90.57  96.51
SwinPA-Net?  102.59 23.06 88,94~ 9418  97.56
DCSAU-Net'”  2.60 5.29 89.90 9468 97.77
LM-Net!! 541 476 9052 9431 9823
U-Net v2[! 26.03 5.42 80.85  94.02  98.01
Qurs 6.26 261 91.39 9545  98.84

7 = - - - - -
- | 3 »

AR AR AR R bl i
i T | s B T B T o B T O

TE: I AR A R, R RIEAR RS R

(a) Input  (b) Ground (c) Ours (d) U-Net v2 (e) LM-Net (f) DCSAU- (g) SwinPA- (h)Trans- (i) UNeXt (j) DeepLab- (k) UNet++ (1) U-Net

image truth Net

Net AttUnet v3+

6 AT7EEHA 9 F5E:7EISIC2018. CVC-ClinicDB. BUSI & (AT #i4k.45

7E CVC-ClinicDB ##54E I [ 5056 25 W% 2 By
T, AT DL PR M5 U AR B DCSAU-Net
ML, AT7EEAE mloUs Dice M1 ACC $6¥5 _E 73 Bk F
94.43%- 97.12% F1 99.38%, X 3 TFaARIIfE & 1. X
TR TR J7 1R T G OR X S B R e 1, ELAE
/NS R S AR TEAS T A A BT S I . AL
T3 V5 RE R E SR AR H AR DX 3G 280 1) 8 55 e 7 T3,
3 PRAAR 43 T XU

6 % 3. 47/~ T CVC-ClinicDB $(4E £ 1]
PRAGE IR, R AR SCT7 VR AE 30 G 40 715 AR DX 34TSR
R 56 B 43 B RCR, 0 AR T VETE R 23 5 R W H B4
F| i R B X SR R IR R LA B, AT
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XN I B T35 52 20 B A8 IX 45k e B tH AR e R T 25
il

7E BUSI £¥54E L [X e sEie &5 sk 3 fow, &
SCOTIEAE FU MR A R A BT S5 b R I B A3
AR LM-Net 4 b, AN SCH 5 3 T8 bR 2 5l 4
TF4 85.94%. 91.04%- 98.53%, FEMK X LK. 4
SRR EL NG 7 8 R (1 7 RS T SR B T A o E R
JEE . 3X 3 B AR AR 8 Ik 0 % R 4 T B B 4 R 4 T WL
JE R IR, A RO 5R T XA e L R R
o b B3 S R AR 77, U AN PR A B iR Ak 4
P8 A DX 4 R TR HH B R (R AR AE X 4 2. &L 6 38 5 6 4T
By T BUSI #¥a4E ERmT ML 45 2R, 72 DR 75 4 H
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i H AR SN A

A N R 7 scrh, AR SO IEAT) B DR T 2 1R A2
0 BRI BT 1 DX 3k K] 43, o A T S R
S5 R BT % Tk A A b I AR B R BN
e, ARSCTTIESEIL T i A T2 HORS e 5, Bk 1
e PRl I B2 SUAR AR S5 IRz A RE

% 2 CVC-ClinicDB i SEXT L3645 5 (%)

Agh B4 IGAE T GEDBAttention [ 4 51l 25 A fig
715 REALBIlock ()i 54 HUE AL 58, X Tl s AN
Tt TR > BIRE BE, B sRAL T RERLTE B A s bont
T2 X 35 B A e

T4 AR TR RESEE (%)

7 mloU Dice Acc
U-Net™ 92.16 95.79 99.13
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