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Fig. 1 Lightweight skin lesion segmentation network based on dilated gating and adaptive bridging

(d=12,57) EREAI D EERW, . Wy . WsFIW;, FFAT

SEHCE AR AnRs B AR AE (IR d=1,2) e/ B F

YAEE (KR d=57). &5, ZEEYEERHR

Vi (Concar), lFRFAEEIRE B EAG R/, P bR

HERE (W), LA R AR ERFIE Z B R PR 52 5., 15

R EAUS BFIEX . BRI R RATR

X1, X2, X3, X4, = Channel,(X) , )

X1, X5, X5, x5 = Wi (1), Wa(xa), Ws(x3), Wi (x,) 2

X' = W(Concat(x},x,,x;,x})) . 3)

2) MR SIC, P ARHEX 735l AR = A JF

A3 32, AR b BRI E (W) PREFRAIE

SEREVE, TERTBNERAS, PIASREE T 43 B RS 0
PAT 23 ) Ty A SRR 4

Horb g 5 07 R S PRl Sigmoid W PREA: LS

) I A, 2R A Sl A S ML A R

Tl SR XIS 42 Jmy b SCHY T e AR T A3 a) T
WU, TR @) Bk

At =S(DW(X")), 4

A DWARKRIREE A > B & BURAE s S = TR B9

Sigmoid PREL .

[RIES, o5 — S BT AR AR X A TR B 1] 4 B S AR
it K H SR A TIE TR, DLy
TEERHE, PR ] 7 B G AT IR IERL S, B
RS (R R T AR ) TR RARRAE . B 243 ok i 25 i Bk v
[ RAE 5 32 B AR R AR TE S BRI A T FE W S, FEDR
W R GG FHERUE A5 RIS E 4T 1 DR IX A
B, S LS MRIERIR Our, o it FER A
KERWTF

Out, = DW(DW(X')® Att) + W(X') , (5)

X @FIRBITRAMTE,

3) Wi B SR AT . O T BRI I G 2R
RIRTE R, ST T — %R/ R 33 IR R 7y
BHER, IR TIA—AZIEY, @i =k B
bR, R 22 RO RFE SR I RE ) -

ZRF S WER S B —LRHEE B, 7R AR
GRUZHT, B A Our il it 3x3 YREEA] 43 2§ 4 AL
L, DI RHER BB, A HA 33 BRI
AR BET] o3 AR s B, AR U — B B
Out, , Wit FBREFRUT

250121 (Page 3 of 19)


https://doi.org/10.12086/oee.2026.250121

AR, 4. St TR, 2026, 53(1): 250121

https://doi.org/10.12086/0ee.2026.250121

,"'C0><H><W
e
Output (::I \7‘\7\7
11x1
i P v S P 1x7 — 4
(x) «— — «— (e— —= —=
Y ) 7x1
Cw \ — 2 e
— CoxHxW
5x1 JR
Progressive perceptual enhancement unit 3x3 ‘
Input CixHxW T
= l CoxHxW —_ /+/\
; o ; [=% -
Split dilated unit "’ Gated attention unit
Ci//AxHxW
e
— (0
_ _ _ _ TSigmoid T
d=1 d=2 d=5 d=7
CixHxW CixHxW CoxHxW
Ql Q% Iﬁ éfa
(o] o
o
pa—
CixHxW ) CixHxW
——) SplitDilated Conv2d [::} Conv2d (k=1) |:> Depthwise separable convolution
(8: Element-wise product :D Addition |:> Atrous depthwise separable convolution, dilation rate of 3

B 2 FERK I35 B ke 38 5 AL e

Fig. 2 Dilated gated perceptual enhancement module

Out, = ADW-Convs,; (DW-Convs,; (Out,)) (6)

s ADW-Convs Rt R/INA 3 x SIS T TR AT 71
M.

X R B, AT 200 SCRIE AT o A R
RERE L FXER. &5, TS =rBrh i 1<1 %
B SE B a8 A R o Rt R4 5 B G )
WA Our, S HIZEITCR AN, 13 BT 8 SR AL
EN:0h ez T VI ez u LI 2N

3
0un=0uh®Cbnwﬂ(§:Sadq(0uhﬂ, (7)

i=0

Kl Scale, ZRH5 i 4332, Hie(0,1,2,3),

2.3 BIiENFHETHERR

YR R AR 5 FIWFIE E B T TR R
BRAGUCHE,  RTRAE LS DL AP R Fe o ik .
U, A2 U BURETLSE R I SRR SRR AR IR AT, 3k LA

SEIREE A A AL RS o

S L b R RE AR SOR EE A AR AR A AR
(AFB), | J]id 3 7 2 J1 4 & (channel attention bridge
block, CAB) il & £ )2 R E I 5| A 307538 18 AL 4 i
B, SRS ROBE TR SIS B A AU A 5 AR B RRE
S o P08 25 ) v B ) BRBR (spatial attention bridge
block, SAB) 3l i WU A2 [R5 58 B Kz PR R
KRS (o] bR SCHRERE T, PR DG HE DX R 2 or
e A B e Sl Gk R BE R AIE P R AR (cross-
granularity feature integration block, CGFI) F| F £ R %R
FERT 43 B A S E IR VR AL SE I R BRI A, TR
i SCHb IR 5 2 REIEASBAEE ST, AR THERIX %
JEDCERUAEAT SRS B . AFB 45891015 3 s,

1) EIEE I, nlE 4 s, SR PR
IS GRS AE A FZ R RAE R, R RO R
fERLSHLER . B, XA S RIS 2 2900
fiE, Seifr )R ruifh, B S —r 11 4k

250121 (Page 4 of 19)


https://doi.org/10.12086/oee.2026.250121

AR, 4. St TR, 2026, 53(1): 250121

https://doi.org/10.12086/0ee.2026.250121

Channel
Input feature attention

—/ bridge

Cross-granularity
feature integration

block
Refined feature
A
»(x —»

Spatial
attention

bridge

B 3 A AR
Fig. 3 Adaptive feature bridge module

1x1xC, l l

Ix1xC,
GAP — M
Hl/n W /nxC, = E Convld (K=3) E—’ o) —> (1) — HIInxWnxC,
—[ ]
D ‘\
—> ) —> (1) —
W) oxC, GAP 1><1><ZC (x) .‘ H//nxW//nxC,
FC+Sigmoid
(X\\ Element-wise multiplication
1x1 1x1
G G (*) Addition

B 4 @i E & ik
Fig. 4 Channel attention bridge block

JERMIER N o HUC, R 2L B AR AIE 108 3 46 P R T D %
W R ERALT . M R 2R

x, =GAP(x,), ®)

X = Concat(xy,x,,....,X,) , 9

b xR DA G i g 080 AN (6] ) SR AT 09 e AE 55

GAPRR 2R ML ;s Concarrmhg xi, x,, -, x, 1L
TE— R A

Att, = S(FC,(Convip(X))), (10)

Out, = x, + x, Att, , (11)

A ConvipZon—4EE; FC,F0R5 n 2 RELIR.

2) ZERITEE B, alE 5 Fos, SRk
T A R XU 25 AR IR S AL S 04 Jmy b SO
W30 T B PR L B RAE O FE AN, SRR TE
WAL SRS, B BIAAT S R fE A S B A A, WY

I AEE SRR MR GE T i, AR A 2 A AR
PERVRFAE SR AT o PO — 973K FN 3, R/

7xT7 WA R S RS2 B A SRy 0 R SORTR, 4

& Sigmoid FIT PREL, ARG SRR 22 18] (4 R EE LT 3C
KA A . Rl o e 13 e UL BURHAE
VI 3 R, I 51 SR 22 18 HE 08 B LR i o A

P I ARIE Yo X — i R SR 1R R TR e AR O
ZSRHERRE T, RERS AR S 45 WY BORO SRR . FIAY
HERUTE

Y = S(LC([Chpax(Out,), Chyye(Out,)])) ® Out, , (12)

K Chaa RN RMACTERAT 5 Cha /P AL R
Y5 LCFIR—Y3KFN 3, BIR/NNTXTHRIREER,

3) BRI R ER . InTE] 6 o, iz
SAEBRIAT IR SE 2R BERFAERAE . B el
MZ S BERPWC, I FaE B, il I — =
ReLU6"™ " Jd 2 AT R4 e . ook, R IR
JER SR (MSDC), il 7 s, JFAT IR E R
[IRHIE, AR 70 B LR SO R B TR

250121 (Page 5 of 19)


https://doi.org/10.12086/oee.2026.250121

AR, 4. St TR, 2026, 53(1): 250121

https://doi.org/10.12086/0ee.2026.250121

| Avg H//nxW//n,x2
pooling
—

Max
pooling

Hf[nxW//n,xC,

Shared
dilated
Conv2d
+
Sigmoid

Avg

pooling
—_p ES—
:"///I74><W//I74><C4 Max
pooling
H/InxW//n,x2

—)\KXJ\ —> @ —> I‘ H//nlxw//n1>(cl

%

) —> " H//nxW/[/nxC,

B 5 =EEE Ak
Fig. 5 Spatial attention bridge block

BN+RelLU6

e e e e e

B 6 35k BT AR T R AR S

Fig. 6 Cross-granularity feature integration block

e
[0

o
=
D

B 7 %RERETHER

Fig. 7 Multi-scale depth-wise convolution

BRI AT 4088 1 () 58 LR AG TR) A, 5 AT TR UE ALl fie 2

BB AR B S, YRR IR S A T SR ZRIARE T .

R 8 75— A8 S PWC, T — 8 AR R Ak

HEREVRE AR R, AE 8 DR A AT FRA R 1Y e 2

o XY RHIE AL BRI AE A TUAR T S TR )

W, WEARTE TR AL X 2 RO 2SRRI 4 e A
e, MBI AXEIR N

Out= BN(PWC,(CR(MSDC(R{(BN(PWC,(Y)))))) . (13)
ARENERAN (K) BIFF4T MSDC £7RH

Du(x) = R(BN(DWC,(x))) , (14)

MSDC(x) = ZkeKDk(x) , (15)

KA. CR F/RMIBIRVEEAE; DWCIENER/IN MK
WREER,; x WHAFHE; BNHIR S 5 LA — 1k A
ReLUG6 #4375 pREL

24 I_JXSZ /35 jj

B XoF B3 T R LRI A R bR SO I Y
FHIEACHA R 5 SBOTRE PR . A SCHE i s
W18 7 7 (efficient channel attention, ECA), FERFE4E
JECRBE AU, Sl R R AR S AL 4 R RO A
WA, WESERCRIAHESR, TEMHITTRSEIK L
()i, S BRI ] 2R B o AE R B @ WAL HE, ECA
SERANIE 8 PR o

250121 (Page 6 of 19)


https://doi.org/10.12086/oee.2026.250121

AR, 4. St TR, 2026, 53(1): 250121

https://doi.org/10.12086/0ee.2026.250121

GAP o
—> —» [ x | >
\1( g
CxHxW
1x1xC 1x1xC
B8 mad#iz&n
Fig. 8 Efficient channel attention
ECA B Jextii AFRIER X 1742 R F ik, #4 p(K)=2K-1. (19)

EFFE R GTHEATT . SRR RINEET A& NP R
WA R/INAY KRR PR — A R A A Ui TE A R 2R 4K,
Horp K 2RI AR C WU AIE N ER . e, %
WL Sigmoid ¥ 5 5 FIR AL T B E I, A=
I 2k o IZ AL i Sl A B T S AR, T
T By B A AL R REAE B A 4 B e e b, M2 ORI
TP S RS SFEHL,  [RINSR IS RO R TS ey
¥y, WERRARFERO R R T TS I A, SRR
i RE SRR ER R AL .
M R LT AR N

X' =GAP(X), (16)

X = X®S(GK=W(C)(X’)) s (17)

X GFRHMMERBEANE, Gy TR HBIELEE C
5 K Z R B PO BREZ KN K B, &
LN WS

SR, IXAMRT BRI LM R A B . BRI, JEiE
K/NEERBE N 2 IR, I et i 80 Je Ak
ZetEpigi, AP

C = g(K)=2%", (20)

SR IEEEL ¢, WK/ KW AIE R E, FRik

W)

log,C

K=%(C)= (0dd) 1)

Ll
2

K |« (odd) Jy * e T AT 4K

2.5 BENIRLEEHGI SRR

TE F T B I PSR o B R 4 v, R SRR AE AR s
AR B B Z RS T IURFRL . AR SO — R
RAEGT Bt AT A A, R R IR A 5 | AR
(lightweight initial structure-guided block, LISG), #N4| 9
7R o AR RAE AN I IS 2 K i 1) ] g 5 5 4 2 R R

C=¢(K). (8) s ik, IS ST E P AR e 5 5 T L
BATTZ R R A WS 5 2R ARG A B SRR F 2R S | S5
Image —> ‘ ‘ —b —> —>®—> Out
| Double 1x1 Pwise
| 3x3 Conv |

Dwise: depthwise convolution

Pwise: pointwise convolution

B9 #ZeAndbsmg] FAE
Fig. 9 Lightweight initial structure-guided module

250121 (Page 7 of 19)


https://doi.org/10.12086/oee.2026.250121

WA, 45 6 TR, 2026, 53(1): 250121

https://doi.org/10.12086/0ee.2026.250121

HIZ BRI BR i 3x3 o5 R Al 7y B AT
MRS AT, Horb, i BT SR AR RHAE
S AEAL R SR AR SO L, R Al 2 B A AT
B A5 58 4 BU A 25 ()35 T SO S TR 77 R
SRR S B RSB R KBRIRBOC R,
AR A DI 22 8] 0 AR 11 32 5 B Bl
AL T A R MR S S S T S RS, B
RERFEPRRIZR IS . XM AR B AR G R
ZRHE, S R P RHIE B IO M i e 2 1 A B
TR 2L R BORHIEFEHOR A

BERTTRIE AT 73 8 4 BRI IRZE RS R 25 18] 55 51 e i 3RAE
AE I IBAL RIS, A R R SCHE R AR T | A 224 U-
Net X 3x3 & BUZR LA RFAEIG 38 00 IRA5 A0 i i 3fE
BT BRI Y RS2 Y, 45 ARk
PREERG A, IR S S b JEE A4 O L (e AL
o BEAL, RPN ER B SRR A HEL S,
ReLU ARZ LRSSt — AL AR R PR RIVEHT, S BUs
RS2 A Y F TGN, i AR TSRS B R A2 (&1 15
SRR IR . RIS S SR A LT
TERAETHARCR I RN, IS SR 2 AR 5 2R
JETH SR BRI T, B KT HE S I B RS2 2R

3 SRRSO

3.1 BuEE

ARSI P ) S8 B 44 DAy B JER A IR sl 32 DA AT
28 JF 5 o B0 4, A& 1S1C201677 . 1S1C20177
ISIC2018"" 1 PH™" Hdla gk o 3 DUl 4 4331 el [l B
Sz IR A% PMEZLZ (international skin imaging collaboration,
ISIC) I % 2 IR IR 2 B2 e FZ Bk (dermatology service
of hospital Pedro Hispano, Matosinhos, Portugal) W& 372y
. fESLE , ISIC2016, ISIC2017 Fi1 ISIC2018 £ #E
SEVFEIR 7:3 (1 Lo BIBE LRI 2 A U 2R 4 A4 . P
BEAER 200 5K B2 R 28 EHR AR AR SOz A PESE 5, LA
BRI ARE ST . A B AR A O AN F

1) ISIC2016 % E4E

HALT 1279 5K A 73 B HE RS bR 25 1Y K TR B8 145
IZRAEALE 900 TR IRBEIEIE , A6 379 oKk Itk
BEEMR . o RV ARRREZR) S FUE R A R
TR

2) ISIC2017 $iHitE

HAL® 2150 sk KBRS, U5 1500 7, i
5 650 7K. S A BAATIE  FERIIR T A ALE =R,
Hoh R (e R ARG A, SRR M M Ak 8 T
R

3) ISIC2018 ¥ e

HoALE 2694 sk i RIS, 1255 1886 1k, ik
5 808 7K. M MEAEEIE . RE. FKAME . ikt
s . RAVEFALNG . B RRST i Fu s s, 4t 7 fhk
5l o BRI R 0 BRI SLIC A I, T
PR D IR AS , A RN SRIR 41 I 1 X
B, HEARZONEI N R

4) PH’ % dlide

HALE 200 5K 2 ARG, 0k B0 2000 RE
R, FES2svh, % PH® KR4 A0 BT A MG HR FH R Al
G, LR R 132 fh g

3.2 ElfgmatE

3 e S PR AE R A B P26 R | O
AETA R IR0, SEORS K BBEN, iTt
e RS IR 3 FURRE , A ORI 0T AL SRR
BRI

1) PP 2B 0 1 o 25 P 81 7
AR, SRFTG A R R bR T, G/
AR B S o PR T LA 25 1K
B, BURESI SO R ERIEIR, FL PG
AR, TR X SRR T

2) RIS RIVE SEHRE, BIIREARCR ., 1T
ITFPERE R BOATIR, it S SR 004
RINEFECRRIR T . AT RUKT B | R
Mo, WPEAEHe, BEHLEIARS) . BTN LA
UISRREABCRE . BEAN, T4 T8 55— I Y 256256
SRR, PRI ERBR A AT AL AN 10 B

3.3 LIWINE RITFMNIEIR

ARSLEFE Ubuntu 18.04 #AERGEMIHE- & LT,
fifi 4 il & f 3% NVIDIA GeForce RTX 3090 GPU (24 GB
A7) 180 GB PfF. SLHIET Python 3.8, KM PyTorch
1.8.1 REEZ=JHESL, JFi847F CUDA 11.1 33%i ., fdiH
AdamW YE M LA, HLEKR/NH 8, ) Rik'E N
0.001, YIZRRWIN 300 &, 12k sRECH BeeDice 2%,
AT (22) FR,

250121 (Page 8 of 19)


https://doi.org/10.12086/oee.2026.250121

AR, 4. St TR, 2026, 53(1): 250121

https://doi.org/10.12086/0ee.2026.250121

Image Morphological operation

Flip vertically Flip horizontal

Grayscale transformation Elastic transformation

Random channel Gaussian blur

B 10 BRI ZBE TN

Fig. 10 Visualization of image preprocessing operations
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%1 /£ 1S1C2016 # &% LagatbsRibsd R

Table 1 Comparative experiment results on the 1SIC2016 dataset

Model Params/M GFLOPs mloU/% DSC/% Acc/% Spe/% Sen/%
U-Net 7.77 13.78 83.38 89.68 95.19 96.39 90.12
U-Net++ 9.16 34.90 83.75 89.92 95.63 95.84 91.09
Attention U-Net 8.73 16.74 84.19 90.07 95.72 95.92 90.98
TransFuse 26.27 11.53 85.27 91.40 95.81 96.94 91.34
UTNetV2 12.80 15.50 84.03 90.79 95.64 97.03 88.85
UNeXt-S 0.30 0.10 84.65 91.35 95.55 96.76 90.93
ATTENTION SWINU-NET 46.91 14.18 84.59 90.96 95.51 96.59 91.06
MSS-UNet 0.33 15.98 85.12 90.89 95.53 96.63 91.68
MHorUNet 9.58 2.25 85.39 91.13 95.41 96.17 92.21
Ours 0.30 0.22 85.78 91.90 95.92 97.15 92.54

k2 f&I1SIC2017 &% Loy bt insd X

Table 2 Comparative experiment results on the 1SIC2017 dataset

Model Params/M GFLOPs mloU/% DSC/% Acc/% Spe/% Sen/%
U-Net 7.77 13.78 76.98 86.99 95.65 97.43 86.82
U-Net++ 9.16 34.90 77.18 87.12 95.82 96.83 87.09
Attention U-Net 8.73 16.74 77.89 87.57 95.89 96.90 86.96
TransFuse 26.27 11.53 79.21 88.40 96.17 97.98 87.14
UTNetV2 12.80 15.50 77.35 87.23 95.84 98.05 84.85
UNeXt-S 0.30 0.10 78.26 87.80 95.95 97.74 86.91
ATTENTION SWINU-NET 46.91 14.18 78.55 88.59 95.91 97.69 84.92
MSS-UNet 0.33 15.98 78.66 88.05 95.93 97.57 87.78
MHorUNet 9.58 2.25 79.37 87.99 95.74 97.15 88.86
Ours 0.30 0.22 79.81 88.73 96.27 98.23 88.94

* 3 £ 1SIC2018 4% Lyt Rz R

Table 3 Comparative experiment results on the 1SIC2018 dataset

Model Params/M GFLOPs mloU/% DSC/% Acc/% Spe/% Sen/%
U-Net 7.77 13.78 77.86 87.55 94.05 96.69 85.86
U-Net++ 9.16 34.90 78.31 87.83 94.02 95.75 88.65
Attention U-Net 8.73 16.74 78.43 87.91 94.13 96.23 87.60
SANet 23.90 5.96 79.52 88.59 94.39 95.97 89.46
UTNetV2 12.80 15.50 78.97 88.25 94.32 96.48 87.60
MobileViTv2 1.87 0.70 79.88 88.81 94.40 95.94 89.52
UNeXt-S 0.30 0.10 79.09 88.33 94.39 96.62 87.15
ATTENTION SWINU-NET 46.91 14.18 79.92 88.59 94.31 96.53 87.29
MSS-UNet 0.33 15.98 80.10 88.67 94.42 96.60 87.46
MHorUNet 9.58 2.25 80.16 88.95 94.49 96.58 88.87
Ours 0.30 0.22 80.65 89.37 94.75 96.73 89.74
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Fig. 11 Visualized results of different methods on the ISIC2017 dataset
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Fig. 12 Visualized results of different methods on the ISIC2018 dataset
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Fig. 13 Visualized results of complex skin lesion segmentation

% 4 3 1SIC2018 #= PH? 42 £ 69 T X HAE L4 R
Table 4 Cross-dataset evaluation results of the ISIC 2018 and PH” datasets

Model Params/M GFLOPs mloU/% DSC/% Acc/% Spe/% Sen/%
U-Net 7.77 13.78 83.09 89.48 94.09 92.29 93.82
U-Net++ 9.16 34.90 83.52 89.67 94.49 91.87 94.24
Attention U-Net 8.73 16.74 84.04 89.95 94.68 91.90 94.15
TransFuse 26.27 11.53 85.16 91.26 94.71 92.79 94.56
UTNetV2 12.80 15.50 83.97 90.54 94.59 93.04 92.73
UNeXt-S 0.30 0.10 84.25 91.68 94.42 92.19 94.09
MHorUNet 9.58 2.25 85.29 91.95 94.47 92.08 95.35
Ours 0.30 0.22 85.75 92.33 94.86 94.34 95.94
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Table 5 U-Net performance with different channel settings

Channel setting Params/M GFLOPs mloU/% DSC/% Acc/% Spe/% Sen/%
{32,64,128,256,512} 7.77 13.78 77.68 87.55 94.05 96.69 85.86
{16,32,64,128,160,256} 1.30 0.42 78.59 88.01 94.15 96.07 88.16
{8,16,32,64,128,160} 0.57 0.14 78.50 87.96 94.24 96.75 86.42
{8,16,32,48,64,96} 0.21 0.10 78.44 87.92 94.11 96.08 87.98
{8,16,24,32,48,64} 0.11 0.07 78.22 87.77 94.09 96.32 87.15
{32,64,128,256,512} 7.77 13.78 77.68 87.55 94.05 96.69 85.86
{16,32,64,128,160,256} 1.30 0.42 78.59 88.01 94.15 96.07 88.16

526 HmEBEE

Table 6 Ablation experiment results

Method Params/M GFLOPs mloU/% DSC/% Acc/% Spe/% Sen/%
Backbone 0.11 0.07 78.22 87.77 94.09 96.32 87.15
Backbone + LISG 0.11 0.17 78.89 88.17 94.25 96.16 88.31
Backbone + DGPE 0.25 0.08 79.02 88.23 94.39 95.85 88.09
Backbone + AFB 0.15 0.11 78.96 88.19 94.35 96.93 87.43
Backbone + ECA 0.11 0.07 78.80 88.12 94.20 97.53 87.32
Ours 0.30 0.22 80.65 89.37 94.75 96.73 89.74

0000008
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UO00000)

Backbone Backbone+LISG Backbone+DGPE Backbone+AFB Backbone+ECA Ours

B 14 xSk R Tk

Fig. 14 Visualization of ablation experiment
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Table 7 Algorithm performance for different expansion rate combinations
Dilation rate setting mloU/% DSC/% Acc/% Spe/% Sen/%
{1,1,2,2} 78.23 87.67 93.75 95.60 87.13
{1,2,3,4} 78.39 87.89 94.15 95.69 87.20
{1,2,3,6} 78.46 87.93 94.21 95.75 87.24
{1,2,5,7} 79.02 88.23 94.39 95.85 88.09
{2,3,5,7} 78.85 88.16 94.29 95.74 87.82
{1,3,6,9} 78.33 87.85 94.08 95.67 87.18
{1,4,7,10} 78.28 87.77 93.99 95.64 87.15
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A lightweight skin lesion segmentation network
based on dilated gating and adaptive bridging

Yang Benchen, Su Huanzhe’, Jin Haibo, Qu Haicheng

School of Software, Liaoning University of Engineering and Technology, Huludao, Liaoning 125105, China

Abstract

Objective Skin lesions are often accompanied by complex features such as blurred boundaries, variable shapes, and hair occlusion, which
makes it difficult to accurately locate and finely characterize the lesion area in the segmentation task. At the same time, existing methods
often have problems such as large number of parameters and high computational complexity, making them difficult to deploy on resource-
constrained terminal devices. To this end, this paper proposes a novel lightweight skin lesion segmentation network based on dilated gating

and adaptive bridging mechanisms.

Methods The proposed method is designed to strike a balance between efficiency and segmentation performance, addressing the need for
high-precision medical image analysis under resource-constrained environments.Specifically, a Dilated Gated Perceptual Enhancement
(DGPE) module is introduced to improve both local detail modeling and global contextual understanding. This module employs a channel
decoupling strategy combined with parallel depthwise separable convolutions of varying dilation rates to extract features at multiple scales.
By integrating a gating attention mechanism and a progressive perception structure, the model effectively suppresses redundant background
information and enhances edge structure preservation. To further bridge the semantic gap between encoder and decoder features, an
Adaptive Feature Bridging (AFB) module is constructed. This module incorporates a dual attention mechanism—including Channel
Attention Bridge (CAB) and Spatial Attention Bridge (SAB)—to perform cross-level feature calibration and establish global receptive field
associations. In addition, a Cross-Granularity Feature Integration (CGFI) block is introduced to merge multi-resolution semantic features,
enhancing the model’s capability to handle complex lesion structures with varying shapes and sizes. Furthermore, a Lightweight Initial
Structure-Guided (LISG) module is developed to enhance shallow feature extraction. It integrates standard convolutions with large-kernel
depthwise separable convolutions, forming long-range spatial dependencies in the early stages of the network. This is further supported by
residual connections and cascaded small-kernel convolutions, ensuring effective gradient flow and feature stability across network layers.
Lastly, an Efficient Channel Attention (ECA) mechanism is incorporated to model channel-wise dependencies using lightweight, adaptive
one-dimensional convolution, effectively mitigating information loss during upsampling and preserving feature consistency throughout the
decoding process.

Results and Discussions Taking the ISIC2017 dataset as an example, our proposed method achieves mloU and DSC metrics of
79.81% and 88.73%, respectively, representing performance improvements of 2.83% and 1.74% compared to the classic U-Net model.
Simultaneously, the number of model parameters is significantly reduced by 25 times, and the computational complexity is reduced by 62
times, fully demonstrating its excellent computational efficiency while maintaining accuracy. Experimental results show that TransFuse
and MHorUNet achieve mloU of 79.21% and 79.37%, and DSC metrics of 88.40% and 87.99%, respectively, performing better than other
methods compared in our paper. However, this is inseparable from their enormous computational burden. Compared to TransFuse, our
proposed method reduces the number of parameters and computational complexity by 87 times and 51 times, respectively, significantly
alleviating the hardware burden. Compared to MSS-UNet, another lightweight model, our proposed method reduces the number of
parameters by 0.03M, a negligible difference, but achieves a 72-fold reduction in computational complexity. Even with the advancements
in parameter compression achieved through dual-space shift MLP modules and external attention, MSS-UNet's computational complexity
remains significantly higher than our proposed method, indicating room for improvement in computational efficiency. Furthermore, its high
computational load may lead to overfitting, impacting model performance. In contrast, while UNeXt-S boasts a lower computational
complexity of only 0.10 GFLOPs, its mloU and DSC metrics are only 78.26% and 87.80%, respectively, showing a significant gap in
segmentation accuracy. Its performance in other metrics is also inferior to our proposed algorithm. Our proposed method, in comparison,
improves mloU by 1.55% and DSC by 0.93%, demonstrating a superior balance between performance and efficiency.Comparative
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experiments show that our proposed method achieves an advanced balance between parameter count, computational complexity, and
segmentation accuracy. Specifically, compared to traditional CNN-based medical segmentation models, our proposed method significantly
reduces model redundancy and achieves more efficient feature extraction and fusion through structural design optimization. Compared to
Transformer-based hybrid models, our method improves accuracy while significantly reducing computational resource consumption, thus
alleviating deployment challenges. Furthermore, compared to similar lightweight models, our method not only ranks among the best in
efficiency but also maintains a higher level of segmentation accuracy.

Conclusions To address the common problems of insufficient segmentation accuracy and redundant model parameters in current skin
lesion image segmentation methods, this paper proposes a lightweight skin lesion segmentation network based on dilatational gating and
adaptive bridging. A dilatational gating perception enhancement module (DGPE) is designed, combining split dilatation units, gated
attention units, and progressive perception enhancement units to fully mine multi-scale features and co-model global-local information,
effectively mitigating the loss of feature details. An adaptive feature bridging module (AFB) is constructed, utilizing channel attention,
spatial attention, and cross-granularity feature collaboration mechanisms to enhance effective interaction and fusion between cross-layer
features, improving the accuracy of semantic information representation. A lightweight initial structure guidance module (LISG) is
proposed in the initial stage of the network to improve the spatial representation ability and low-level semantic perception of shallow
features, providing more robust guidance information for deep representation. Finally, efficient channel attention (ECA) is embedded in the
upsampling stage, capturing the correlation features between key channels without increasing model complexity, and strengthening the
localization ability of edge regions. This paper conducts a systematic evaluation on four publicly available datasets. Extensive experiments
conducted on the ISIC2016, ISIC2017, and ISIC2018 datasets demonstrate the superior performance of the proposed model. It achieves
mloU scores of 85.78%, 79.81%, and 80.65%, and DSC scores of 91.90%, 88.73%, and 89.37%, respectively. With only 0.30 M
parameters and 0.22 GFLOPs, the model significantly outperforms existing methods in terms of accuracy and efficiency, showcasing strong
potential for real-world deployment in mobile medical applications and intelligent diagnostic systems, especially under constrained
computing environments and limited storage conditions. Experimental results show that the proposed method significantly reduces the
number of parameters and computational overhead while ensuring high segmentation accuracy. Its overall performance outperforms
existing mainstream comparative models. Ablation experiments further validate the effectiveness and synergistic advantages of each
module. This study provides a more reliable solution for the analysis of skin lesion images in clinical settings. Future work will explore
integrating more feature enhancement strategies and structural optimization methods to further improve the model's generalization ability
and make it applicable to research on other diseases.

Keywords: image processing; skin lesion segmentation; U-Net; lightweight; attention mechanism
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