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Skin Lesion Segmentation Based on Edge Enhancement Combined with Multi-scale
Information Fusion

QI Xiang-Ming, ZHANG Zhi-Wei
(Software College, Liaoning Technical University, Huludao 125100, China)

Abstract: To address the problems of skin lesions, such as varied sizes, low contrast with surrounding skin, blurred and
irregular boundaries, artifacts, and hair interference, this study proposes a skin lesion segmentation algorithm that
combines edge enhancement with multi-scale information fusion. The algorithm consists of an encoder, a multi-scale
sensing module, an edge enhancement module, and a lightweight decoder. Firstly, a Transformer module is built in the
encoder to extract global information, and convolution operations aré used to extract local information. Secondly, a multi-
scale sensing module is designed to integrate multi-scale features using a gated atrous convolution pyramid module with a
dense connection structure. An edge enhancement module is constructed, utilizing deep features to promote the
exploration of edge features to better retain details and edge information. Finally, a lightweight decoder is designed,
employing the CARAFE li'ght\'weight operator for upsampling, to maintain high segmentation accuracy with fewer
parameters. Comparative experiments on open data sets ISIC2016 and ISIC2018 show that the segmentation accuracy of
the proposed algorithm is higher than that of other popular algorithms.

Key words: skin lesion; image segmentation; attention mechanism; edge enhancement; multi-scale perception module
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17 SURBIN 160 T, A0 8 6 2 4 1572 e VRS W 7
B, SRS T R G 3K, T SHLAB R %
T BRSBTS R RGN P
S P IR PR DAL, [ P9 40K BRI T £ A BT
JETIRE T AR, FHR M T VF 2 26T IR 2 5T 0 B
RS A1 43 1

S, B A BB A WK, 1 KR
RGBT, £ 3 B KT, For B
S P BN 5B, BRI TS ST AT 40 1, T T
7 AR 2T AR, T SEUEHR B A, B
By B, MFETRED, EFRgY. EFIK
S 4 R T PG 50 RIS . 2T B S 2
TGS B 2 SRR, (FUR A U,
Pl B N TR 25 5 B0 5 RS 1, IR
6 BB A 08 e T Bt AR B B 5 5
5 R 4 1, T R e S A B 5 59 1
{0 B, (PR B BT TR

52 K RIET RS 51 10 BT A5 40 IS, i
TAE 2 3] URA A5 R G, £ 55 07 VAR A K
BT SRR P T ST R, R S W AEE R IR, 1T
VI 2 5177 B 40 B Y 2 B HE R, S
ST SURFAE, AR TE 75 A\ T30 1. 4 B 2 W2 514
I £ 3% 51 % FRSHAE, BT QUPE LR, bt O
TR S04 HI5%. 2015 4, Long AV 1 it 4
LRI 4% (fully convolutional network, FCN),
2017 4, Yuan % AT FON ScHLI B3 0 5 T
AR RPGYE, B F A G AL TR, {H3% 7540 )

W& LN UE R, kg &R IE IR ERHLE, S BUR. |

LR I3 PR, AN ) B IR A% A B8 B2 A v ARG 7,
BA A BT R B A kbt 8 .

Y L) - R % 35 A ) D 8B s 2 R MR o B v LR T
iz, 2015 4, Ronnebeflger g NV B B 9 D 45 1
(1) U-Net P25, % F Bk R 32 il & v AR 208 SUAE
B, U-Net X 2 e 75 F 0 52 0 T80k, AT 520 H 25
IR ; 2018 4F, Zhou 25 A\ 11 UNet++, 1
FE VR N 2% I 51 N 2 ik R B2, 705 L AR I B2 ik
AR BE AR, o B RRE B BE TSR A8 7515 2019 4, Ni 25
AP RAU-Net #15:T U-Net 5] N & AL
o AR 220882, TEBUR A RIS LT, IR ML B HAR 1)
SEIR; 2021 4, Gu S5 N CE-Net, 7640 il
rp N FH %5 B 25 T 6 AR B RT 2 4% AL BB, CE-Net 7
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T 6 /D DL B R A AR S R, A DAVE R 0 2020
£, Tha % N2 DoubleU-Net 8!, 4 P4~ U-Net
SRR A 3R O 248 V14 DR B4 B bk R, 551
VLR (g S MK, S50 T Y4 Il 2021 4F, Tong
st NV ot RS 71T AR I A R R
B U-Net, #8385 2 1 F 5045 JRVREE 2 1875 1) 4655
P, SR T 4% B e RIS R, BT R
IR EE AR 2021 4F, Zuo S AT B — e R
A R2AU-Net, FI A5 AR A BUITE A JIBLI 15 21—
AN R B, (22 (3 B R 7845, 4 188 B 475
AR 2021 ﬁ,uChen A5\ USLE A TransUNet,
Transformter AL W 2445 1F 4Ty 1 F S0
), SRS B8 o 2500 A I AT SRR I 5 0 0 2 1
RS2 9 AR RIAE I 4L4, SETURE M 4 81, BN %
FIWUIFIE 2 2K, 25 5 45 KB FEE 0 e b FE 428 0
] A 2022 4F, KR#2 25 AIE RAU-Net iR U W
S o £ A I B U 1 5% 25 BEHURIE 75 A1 B
453 R R S 0 205 B, 7 RS BUE oh 5 AL
TG KR E AR Y, 23RS N, S0l Fab
AR 2023 4F, B/ [ 25 N PO 0] 4 B BRI 2
FHBE 2 LB N B U-Net, VR T 4 55 26 A7 FH 118
i 25 TR S5 5 L0 43 B85 S i T 4 40 2 1 1368 1 0
FFAE; 2023 45, AL B4 NPUZE U-Net H A ol 4145 2%
PR, RO R ) R Transformer 5 iF 42 HY
I 7 S0 e il O M P T B N B
B R, Tk e e 5 I R 5 75 5k
2023 4F, Le % AP 5 3 B0 4% 1675 3 /7 U-Net
R SSRFD J A0 1 J2 LA/In PR A5 010 23 1] 3 3 2, AR o 3
KNS, BOINIZRE 2% FE; 2023 4F, Ruan 25 NP4
S il ) TR 5 0 BRI 2L 42 e DL 2 0L £ R E
FRELAS L, (R LS M AT LA 4k SO0 A SR i 0 5 418 2R
2024 4, Wu 28 N2 11 MHorU-Net B% | 5% F &
23 A2 FLAS ORI 2 2 % R P 425 B i A WL ) S 1 7
HET 2R RIS O8O, S 80T VIR )3 K 2024
4, Zhi %5 NP T O -S4 B, R B AR
JE ML DA 5 5> B0HE BE, (EL AR M3 3 20T B2 5 5O
(0 Ha g, VIR BE SR 2024 4F, Zhu % AP
tH MSS-UNet tA), g54 2 2 IRALN 2 252460 850
R S LT3 10 B S 995 26 A9 43 K P 0 A 2 7
2315 2024 4E, Xu 25 NPT 20 2 85 TR 1 7T 40 B %
FHUA 45 & LUK 2 HC-Mamba #7835 76 %5 % 4
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AN 0 FIRSZET, 23 3 B HE I B RFIE B = 2 B 2024
4E, Nguyen 25 \PHE I 45 A B AR 02 X 26 54058 Mamba
MEZE, RV A AL RIS, (H 2 A5 20 B4 53 s
2 T v DR AELA 2 S i AR A [F) PR S 1R R IR A2 LR )
ZALBE 7. 2024 4E, P b 1545 NPV 3ok b R R AT il A5 A5
PR #4526 R 4 I 28 A Transformer 43 32 F1 AN [F] 4
HEZR R B, AR o 03 e B A8, R 1L £ LR
B,

T Jz BRI A 7 B, BARGE A 5 =, BAEE
TR HE SRR R P, RiEX &R B ORI
SEA R TRER R, IEH R 5 A AL Bk Al s 4t
MUARAA, B — REEAE B2 IR T B2 B K, TiE e B R

A DX B R SCRE, [RIN %A 4 BT I SR RS

HIHEE, B IR A

T Lk W, A CH R SR S 2 R
P f25 L O T 4%, SR PRI R VAR 45, 40 1
e 4 — R BT BUNEE T (Transformer) BLURI%
BUSLH DA AT SR e 3 A R SR A i &5 AR

R RHEAS &, Bt 2 REEBAE L 3 5iaih 2
PRV RAE, BT — il S G s B, {8 FH Ja 38 P il v
& 77 (coordinate attention, CA) F14: 5 | F CiERE
(global context, GC) JFAT # MU I8 F1 7 [ FFAEAE & 1)
AR R R 2%, 7R OR AT A T 10 [R] A B B i 2
& {8/ Focal Loss 1 ToU Loss 4 22 VB &35 2< if %k

NS5 K A7 N

$iM%%%H%%@%%?ﬁ&M@I%%,
AL S o ALK, IR IS 2 R A
He. 4 R R A B L R G
@%ﬁ%ﬁﬁ%ﬁT@MMmﬂﬁM%iu%%M%
S B 4 R A 0 SR B 7, 2 % R R
BB 2 M SR 1 2 IR S U B T
R, PSR RS2 I (0% R A5 8, 4 B
AL IR 5 R A PLEAT B AR A, DU
KR S0 10043 BRI, MR R AL AR 58, 1215 P
36/ M I 1 O B A 12 SR P

- —

DI ‘\ \

D4T D3 D2
J ‘
% i .\" v
—> — —> —>
3x3 HR+ReLU TR R 1x1 % #+Sigmoid R
X '
" K1 Aok

E)
*

11 %G $ !

5 Z4F R B R, 5 1 Z45/ K 2 Bt
N, ERIHCR AT A A2 Y (deformable convolution,
DConv) " HEATHEEUE B, AR BRG] AT 2 ) fn#s
&, RV R F 6 RAE s A B AT N AR A, 7T
BB AT

K K
F(ry)= > > 10+ fiuli, )y + fli )X Katio ) (1)

i=1 j=1

Forr, (x, ) 5 RIEE F BR R ARER, 10/, ), y+

G ))) RN EUG T b, MR AL 5 5 R KA,
K (i, ) R—BUE, £,G, j) £, j) R ABmE, &
T TR GTRER NG LALE. I AT
B FART DAAE K2 B P 1 38 I 1R R A, AT RS
HAIE R

HBRUE N 3x3, KN 1, IR AN 1, EExF Bk
T3 A8 TEARAS KN, W] AR T A R R 5 3 L () 1 B8 5 AR
REIRAREAL B, DATE I b3 AR TR (R A, B 4
(O A JE 0 AN 45 2[R B A2 AN 1 0 36 A% R~ 1
DL GRS BT, R OGN B R SUE R, AT
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ST B A 0 0 vREBf 7.

DN iR LR AP 228 ) 5% ) AR A PR L 53 i BBURH [ RRALE
(R Ta) R, A SR g T 22 ROBEI A B (multi scale pooling
block, MSPB), i 3 7R, /] 3 M FEitib)= (ave

pool), {4 BY H BA5 KA AR 85 B W Abk% KNy
BN (3, 5,9). BHERA Convixl BAREHER, RG

It 3 AN IAT AL R R 2 ROBEERRAE, B 5 5 A R R

FERRFAE BIEAT P4, (8 ConvIx1 FRACHESE.

Transformer

]—b{ Convixl }L{ DConv3x3 |»{ BN+ReLU | DConv3x3 |-»] BN+ReLU }—»é)—»{ Convix }—»(—P—»{ MSPB >

© H¥1E B EI—)MEEH‘EJJD
M2 R ‘*g |
ﬂ%ﬂﬂﬁ*ﬁ'&ii*ﬁ E IR S A A SR AK R T, i AR 2
] RIS AR ISR i
T SimAM —}|—>| LayerNorm]->[ DConv3x3 |»[ FEN | >~

(©) #siiE B QiR
ZENEIN <Te I

S 3 M4 RRHAE, £ %1 Transformer ik %
SKVE R ALHE] B TH S A BORAR ) ) e, AR ST S
TR 2L T2 H SimAM (a simple parameter free
attention module for convolutional neural network) V£ &
JICUR T —ANH#UK Transformer 2244, W11 4 R,
DAL 3 5 b AN [R] X 38 8] KR B AR R &R, ORI
MG A RAE U RE A 3R R RS B BhoR, B IR B ] 4y
B (depthwise separable convolution, DWConv)"*,
SimAM ¥F & JIHLE, 2 ERAT IR 4 (feed forward
network, FFN), SimAM T2 HuE & /iflisk L F UE R,
BRIZ A5 BB AU SRR B0 45 B, FEN bl g A2 11 A2 4

JEH ReLU B0 BR300 ZH B, FEN 3@ 3 5] N JE £k P A5 e |

@ st R
Kl 4 Transformer itk

1.2 ZREBRAMRR

BEXE L — REEAE AR A B SUE B ), %
SYANTR) RO B R AR, A SCH g — > 22 RO R A B
(multi scale perception module, MPM), Wi 5 iR, N
TR Z RERGR, RIS EEe 7 BS
R B R M R 1SS — B B B 2
BT E IR R, 15 M2 45 ) /}lejJEjJD Jiizs, AH

w&%%%%@%n%#mwﬁ%@ﬁﬁﬁn%ﬁ
R 2 o O e S S 19 ), B kv
9 00 P 4 R (L L R 1 v T e 5 B, B0
G-V B 2 R T 2, 23 2 5
EH 2%, B F > S HO0R 10 H .

> Conv3x3
© #iErpHE () HEE AR

@ H5 A

@ Sigmoid W& B4

5 ZRJF RS

ZREAE RSN TAEPI B R, A SO JRAT (12
TR BASEGth_E 39 5 22 142 ML, 0 ik 22 1145 22
45 M) (residual gated dilated convolution module,
RGDCM), AR# T3 i 2 I & A1, AR 22 1 1 2 B

160 4 ARH % Software TechniquesAlgorithm

SO b I D28 e s el B €20 D b NI S B e
R RS, B ZE AL AR SE B IS ) 2 D AR . PR 1%

FBRE W 6 Fis, JeA, ConvD; Al ConvD, ¥
REZTEA ZHEBRAECK

(dilated convolution),
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i H AR SN A

N BREAILE, ©F Sigmoid WU K, @A &
Ry IE YRR, COORFAE B AR IR 1.

(DD
(5) Sigmoid  (H) wikEyseA (D) HFE RN
Ko BEIEEREGHER
AR RN B RS R RS2 B, LA Rk
W REAS S, vtk e lAl 2 ok &0 R RS B AR P
7 A RONE, AR SOORE R 46 R g 5K R (dilation

rate) W BN (3, 5, 9), FEAFELE T Convix1 FF s 4E B,
A I AT I — 26 99K N 1 B A, B 5 A,

A s 2075 45 S B, Rl 51N R #8522 38 46, BT

1E H B FE 3 2K 0] 3, f FH Sigmuoid 0T oR 0t 47 MR
K. , ¥
13 ihgagmsR

RIZFE ARSI S AT AR G
7 HR R B RHEAS BRI X A SR E IR R, 32
F) Sun 2N TAEP S &, AR SCHEE T — AN A 2158
ML (edge enhancement module, EEM), W1/ 7 FiR,

Av

g pool

Conv3x3

il N

Upsample

bl —NGESSN

(©) wiEmHE

1.4 fREE2E '

Fgdt 4 e, & 1 E 9 Fos, fEH Conv3x3
W2 MRESAT RS, AT 2REE S RBE EMH
g, FIFHHALE— AL Z (batch normalization, BN)
FEEZALRE 71, R GELU 0& e8 2508 i~ 45
KA BE L 2R, 1 H CARAFE 2284 H 73T %
Ff, CARAFE 5.1 Be 8 75 A [R1 A7 B 3E 4T 40000 FE (1 4711k
HH, XX IRA R AR AN B bR A #5 B, A
WAL G R AR i PR, CARAFE H 1
BT BT

Fy 34T Conv3x3 #:4E, ik NIFEC AL, FE0AL
P B KB AL JZ (max pool) FIF-#45i4k )2 (avg pool)
FAT BEFEARE B, B KAk 2 ) FH e B DR B o
fiE, & e 08 4 SE B R AIE B P e B R ARRALE, A9 i 2
SUHAE; P AL ER R E SRR IUE B, e
FEAE A A5 SR AT T AL 3, AT 98020 H e 7 B = A
SO, R A 15 0 265 4 41 1) B AR AR, 8 I R IDE I Aty
)2, BT ELE 23 F) PR A AL 2 IR 5, AT B 4 gk
ITHRER N FA S 4E, LI S A b EE‘.’:{Q #4T Conv3x3
B, 5 Fs 3471, BT Convixl B4, F 5 F ik
TPz, iﬁ)\?ﬁé’ﬁ_%{ﬁ (mixgd attention, MA) #ik.
MA _fﬁﬁ%@?ﬁ%ﬁ ] 2 (global context, GC) Flif i
ﬁ%{\ib (coordinate attention, CA), WK 8 A7, GC ¥+
BAIRFEG R S Z A PA B R R, A RRE B 1 id &
ML 45 B L, BRI 75 55 0 OG5 BT A,
NS B R IR B CA VE R )4 SCHR IO E
5 S DRI E 4E B b BT AT AL, S5 A [ A
ANV, A PEAN[F) R AR A B RV AR I AN [F] M
5, Pem S E R, BE S IEIT Convlx] SRFFIRYERE %
B TUARAFAE [R] B PR ok I8 RE, B — 2% JR) ik 22 0%
F2, DU TR0 FEE 9 2K i) .

@ HEEAN
" K7 g

1.5 MKEL

ASCAFH Focal Loss Al ToU Loss 1F AR &4 2% B
¥, ffiH Focal Loss #1128 51 A P4 iv) &, {5 H ToU
Loss A 15 8 51 hn JC 3 43 1 45 SR (1) 1 535 47, d i
Focal Loss il IoU Loss #Hinf53 2] =412k L.

Focal Loss 1 /A 5\

FocalLoss = — a(1 — pr)” log(pr) 2

Hor, o o2~ DR 1SR 58 il 1E SFE AR B, pr R A
X HLSERRAE I TRINAR R, y 2 RESHL, 2 >0 I, XL
I RBIFEAR A3 3N B R BIRCE. X AR, 2142
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WRSZIGASAE, ¥ o WE N 0.27, y WE N 3 N iEE.
ToU Loss H2# A 2:

intersection
IoULoss=1— —— 3)
union

Horr, interaction FRon TWME 5 B SAE IS, union R
7N TRNAE 5 B S AE B R 5. BUE BN R R e 5 &
SEAE R

.

i

_W
==

D
il
(2) GC &S

K8 GCiEm /M CAEREN
GELU | CARATE |

Ko H—ZMRiasdi

(b) CAYEE S

-

2 SREHRMM
21 WS
AREE ¢ S

15 FH [ B 52k A A A 2H 2R AT 1 K IR 12 ik o
A5 G B 46, R ISTC2016 %4 4271 1S1C2018 %
8, AT O RRY BEAT VI 255 PRAY TAE.

ISIC2016 FHHEEFE 1279 7k B Hw B EUE, HoAil
ZR4E 900 7k, MIXAE 379 5K, A 3C#id Mosaic F1 Mix up
TFEHAT EEY 7, NGEY R E 2250 KEE, K
MR EES 7B 947 TR EHR, K 947 5K IR BEHLIF 4
0319 TKRERUESEAN 628 SKINIKAE, LA R IIZRE.
TEAE DL RS (1 Ee il 295 7:1:2.

162 B A AR Fi% Software TechniquesAlgorithm

ISIC2018 H## 410,45 43 FI K4 5 0 7 A 48,
AR SCA A 1 B RO B AT N R, b
HHm £ AL 3 694 Tk R AR B, K lgEN
2594 5k, BUEEE A 100 5k, MHAEE R 1000 5K, 408
i Mosaic 1 Mix up J7iE#E4T G 78, ¥ I ZREEd™
7E) 3891 sk, IR UFSEY 7 E 250 5K, K 4E
7 H 2500 Tk EE, fEMRE S EEHLECE 757 KB
TN ZRSEr, BENLEC Y 414 5K REIRNIRIESE S, Bl
R YIZRE Eﬁiﬁﬁuwﬂlﬂiﬁ%ﬁ’\w@é@% 7:1:2.
212 By R \ s *
i 0 B, 55T Mosaie 1 Mix up 77
AT R 78 TR 0 ] 10 TR, Mosaie 4 AL
SR AR R, W SRR o B HEAT S BT R B,
FEBEMLHEZI B2 Mix up BRIRACHE 2 5K A, ek Howl
ML IR S AR A s, TR — 8 LR A, i iX
A b 7 vk AT B 1 i, DABI 1 I oA 2 B kAR i

ME.

(a) Mosaic 4Zb#

: v,ix'up pos]
PR LR T a—
218" RIS B HRE
DRCHLESTS
CPU: 14 vCPU Intel Xeon(R) Gold 6330 CPU @
2.00 GHz; GPU: NVIDIA RTX 3090 (24 GB); RAM: 16 GB.
2) AT IR
#4E R4 Ubuntu 18.04; 3# ¥A55: Python 3.8; &
JE 2 2JHESE: PyTorch 1.1.8.1; NE T 5 4244): CUDA 11.6.
3) R E
BINEMG RS 256%256; % 21 % 0.001; sh&:
0.9; AU E Lk R 0.0005; HLFEA K/ (bateh size): 8;
epoch: 200.
RN AR I 5 IS SIGEE R, s BEUG R /N Ty
256x256x3, fHLFEAK /N (batch size) 48— X ZRAl ik
IR AR SR, eI GPU A FE BRI BE 11, F 3
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i H AR SN A

WA 8; Bl VI ZRECHUI 3G I, o 0 I 285 v AN EE TE AN Ty
BB, VIZRER R ZE AW/, # 2 R I & AR R 5,
22 UIZRAT A1, 200 N IR E, R BLRZHGE 0
IRFE T 1L I 2 R 3 O X 2 R AR T S AR
2.14 P EAR

A SCAF FHE 7 (specificity, SP). 2% /R 18 R %
(Jaccard index, JA). #F &% (Dice similarity coeffi-
cient, DC). HUKZ (sensitivity, SE). /% (accuracy,
AC) 3 5 MEREIRIRE N PEN AR UE. & FR AR A 73 1l 18
(@) (8) 1FH]. &2, TP R T oA IE
FKIVEFEAR, TN NPT N 5 2 A, FN N
AT RTINS H IEREAR, FP i S R TN oy 138
I AREA. FRPRME BRI 2 BB, & R,

1) JA: 28 ROREE Z40, T 43 #1 5 B #l i &
X33l A1 2 8 X 43 ) LA

3

el ANy ¥ &)
" TPEFN+FP
2) DC: 8F R E, T4 B 55 H sz 458 [X 35 25 1)
HERE.

2TP
= “ - 5
2TP+FN+FP )

3) SE: UL, T SE BRI AZ DX 8 b 4 IR A R 51 A
Iy EILEH.

DC

TP
T TP+FN ©)
4) AC: WA, BEA G TN VRGP, B R AR X
RN 1 X 4.

SE

TP+TN
A T FN% PP )
5) SP: %Eﬁ);‘yf, TE 58 7 J DR, T v 1
. ) _ TN
= TN FP ®)

2.2 HRRSELG

NI UE AR SC AT U TSI R S AR S, 7E
£ I1SIC2018 -, AT gmAt g it . 2 R BAniibe
NGIGERIEHL, R R RS AR T I LS, SIS TE
FHIFI R IREE T HEAT, A48 P AR ) (0 250 1 5, DA £/ 22
S, g5 R 1, R AP AR B RAE, T

K1 JHESEE LR (%)

R Transformerf CNN MPM EEM B ERIDAR JA DC SE AC SP
1 — N N N N 82.54 89.68 88.74 94.03 93.35
2 \ — \ N N 83.73 90.34 88.96 93.14 93.52
3 N N — N N 83.03 89.85 88.21 94.03 93.41
4 v v v — v 84.29 90.13 89.03 ¢ | 9324 94.01
5 N N S N — 83.87 90.52 89.29 | 93.78 94.05
6 N N N N N 84.56 90.78 89.36 9426 94.12

T CNNZ R G i % A 5 R

1) 28 1 4, 25965 8% & Transformer Bk 737,
TREBIIL, gl Z 8L, 5 TR T [,

2) 55 2 H, LFrgmidas G AR, fRE Transformer
B3, it 38 SR BANAE, S Tidahe 3 T .

3) 5 34, %EF/’%%RE@%MER, 5 TEAR A T B

4) 55 4 4, BRI G REE, 5 TR FRE T .

5) 3 5 M, KRR DA B WO S G RS
a5, Y g R EOANAR, 5 TR AR T BE.

M1 FTLLE ) SR A AR 5 5 HB 2 {15 W 25 1
e HBLAS [FFE B2 1 A, 28 1 4452 564IF B Transformer
B BE A AR A/ BB R, 5 2 4 5L 0 E
LAY RE I8 A R IR IS B, 5 3 SRR 2
OB BN B % A 2kt & 2 RUEAS BT 2500 b
BB R SCRZ R R R, 2R 4 LSRRI IR R BRI
R 3E 10 25 A JE DR EDURE 4 P55 2 58 7 1) R B 40 45 A

1
-

5 5L SEIIE A SO R 0 B AL R A A T B
[RGB 56 6 4L S B8 UIF B A SC ) 4 45 ) A 45 i 1)
1IN R ), a2k B v Ay FIA B
2.3 FFEESKLE

A S BRI 2 AR o3 B AR R M 5% U-Nets
UNet++. Ms RED. FAT-Net. TransFuse. TransU-Net.
CE-Net #E47 %F bS5, 75 A JF 24 45 1S1C2016
ISIC2018 |, ¥ A LS R St AT 0 Else i, JA
DC. SE. SP I AC febrscia g KA (W& 2), /i
W,

1) HfE 5 Hr

7£ 1SIC2016 L, J4. DC. SE. SP Al AC ¥&kr%y
WL F] 84.33% 92.61%- 91.87%- 93.01%. 92.91%,
7E I1SIC2018 &, J4. DC. SE. AC Fl SP f&¥54> Bk
5| 84.56%- 90.78%. 89.36%. 94.26%. 94.12%, 5 T

Software TechniquesAlgorithm #1FHi AR 5%: 163

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

HENI RSN H http://www.c-s-a.org.cn 20244F %3334 11

FEAR S IRAF B A, U0 BIET XS T GBR  TE PR A B U R2 XHELREIR
BAFTEDRE 10 1) 8, A SO R rh 22 ROFE IR AR 5 18 s ik Ja4 DC SE AC SP Params Time
BT 2 REAS R JABOU B 1R B TSR S e
1 AL B R 5 R B S 7 [ A U-Net N 80.31 81.67 83.32 85.13 87.36 15.21 266
9% 5Bt (Params) £33 TransUNet 1 71.86%, FL4% UNet++ i 82.87 85.36 85.42 87.64 89.28 16.83 302
=2 z -6670, HRIS Ms RED'  82.92 86.73 86.58 88.64 89.36 11.34 253
TE WX 48 2 BORHE B 5 AN 40 Ms RED A1 U-Net, {H7E % SICa01 TransUNet"™ §3.02 86.67 87.39 89.74 91.28 36.71 672
T FE R 5T Ms RED Al U-Net, 3 B ASCATHE H o FAT-Net” 83.47 89.38 90.41 89.65 91.32 2838 501
RETR R T oA 5 b2 39 1 1) 49 S A 70 Sk 338 36 1 1 A CE-Net!'?  83.36 88.58 90.36 89.16 91.83 29.60 523
590 43 BB FE RO 28 B, 9645 U0 ) 2 S FF 45 B0 9 6 TransFuse™ 83.85 90.32 90.02 91.33 91.76 27.56 458

Ours  84.33 92.61 91.87 93.01 92.91 2638 356
U-Net'!  80.51 85.34 84.31 88.62°89.41 1521 286

A TEREIL T ARSI

2) AJ AL A3 BT UNet++2L 82 12 87.13 86151 89.65 89.19 16.83 335
11 AT 12 IR BUDGAR . X B AR ﬂ[@]ﬁiT MsRED  £2.01°87.36 86.03 89.31 90.05 1134 268
P, Y. BRFMSAAPSIEEG, Hh &N TransUNet" 82.36 88.31 86.61 92.71 93.13 36.71 778
B A A B SRR, 45 3210 B140 1 U-Net. UNet++. FAT-Net!”  83.58 88.59 88.36 93.47 92.69 28.38 601

CE-Net™! 8326 88.59 88.36 93.47 92.69 29.60 618

Ms RED. TransUNet. FAT-Net. CE-Net. TransFuse s

e " - & TransFuse™ 83.01 87.96 88.06 92.87 91.43 27.56 578
FHA SR 1) 73 1) 45 5, LLAAS (RN 285 11 40 B2 3R, 47 Ours  84.56 90.78 89.36 94.26 94.12 2638 396
Mrinw.

e Jo el el ]
& dels]s|ololelsel0
¥ QOO0 000OE]
SOonnnonrnn
~ & QEAE00000

WHEME ESEhR U-Net UNet++  MsRED  TransUNet FAT-Net CE-Net  TransFuse Ours

CE 1 ISIC2016 X ST T AL LE

Bl 11 R 12000 fd 20 HE AR H R ) = B KPR B AR OC RINRE 7, X T BRI P X Rk
St HE 1D AE 12 ] BUR H, ARSI A W IG5 TransUNet -1 2 ROBERFAE 1R FH B4
Ay BRE B 2 5 51, U-Net Fil UNet++%] JE 95 4% [X 35047 REZHAE FRFFEFE P 3EAT, 6 T 5 RAE LRI 40T
FE— SRk AR A, X T K T PR 5 fn) R e T BRI HAS, X T 1054077 1) 7 FE FEA A 3 A=
PEEE, XA TN 4 R AR R AN 7R 48, R E TR [#]; FAT-Net 11 TransFuse #5280 i 45 & 45 AR 242 X 2%
5EZIR, X HARFFE R B, B 5 R RIDGF M4 45 Transformer ZE 4 FDL #5845 B 7 FRG E 1)
AiE, 75 BT R AR OC 2 77 T s H R BR A, X TR P v, ARIX A 2 I 35 B A AR R 1 A2 O DA K PG HE 3
AKX B BB DA R A AE B R T IR AT 9 B HEE; CE-Net 51 A 73 5 AR AN 5, 22 2 % b Ak, i
A% Ms RED X 95 48 BRI 2 53 FIkS 5 AN v LA LA gﬁTEE%EX%ﬁ BB 3 A7 AE 73 FIL SRR ) .
FER 53 0] /R, 31X T HAUREEGRERAE, Sz i3k AT EIEXT 4/ B SCEAR RE AN R Bk

164 A4 ARH % Software TechniquesAlgorithm

© TTEFEERGAGGT  hdp/iwww.c-s-a.orgen


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20244F 55334 111

http://www.c-s-a.org.cn

i H AR SN A

SRR RFAE A Z5OR] DA R A A 2R IR () 55 K 45 1]
R, AN BB SO PR BR 41 T AL A5 1B, R S S AN R
TR I X 3, A SO S 2 K H Transformer F14&
FAGE L FHAT A BRAFAE RE 0% 18 4 R RHAIE 5 R SRR AE X m)
Rl LA i 2 RIS R, 2 ROBE IR A L] DLSEILRRAE
HH AR Z REG R, e% A Rk — RS

SRS PR b SO PR v A, 3 25 4 S AR R R 65
AR ERAE AR 2 AFAE, WA R O B 40759 (5 2
AL G A5 2 AR iRy 1 G 80 00 1) 0 U E, R
% R 18 18 B/ 2 20 TR I B R B v 1 0 B RS T
PRI T T DALE T SR R S B v )
ARSI TG0 (7 FIRS A B 23271

-~ MO00000000
B e[éle[ele[e@le]e

[ [ e[ [s]v
[ [v[v[v
s EL[s[RFR[E[R

Ms RED  TransUNet  FAT-Net CE-Net  TransFuse Ours

JRIGENE ESLhREE U-Net UNet++

12 ISIC2018 %o bt 5256 vl #iAk 45 S

i REHY

Bt B R RN — 5 ] L B 1 F EL AR,
T AR TE . R AEAE DR B B R T A,
ARSCHR D LI R A A 2 RS AS B R (0 B R 22 4y
B HE, gtd4s K Transformer BRI AU HR 147
PEEL A JR A5 B RN = A U2, A 5 2 RO IR AR B ik
R RS B, BT S s bk A 4510 2% 4
EI T T T, R AR R A A R A 1 0 UK B
[ B A FH A /D R S 8. AR ST HE [ I £ 6 1S1C2016
FIISIC2018 HrHis 4- v A SR A2 8 3% o3 3k JE 2
B, b R R S W — B AME, 5Bk AT
FEHE R AR S 2 43 RS 41 LA B R A

SE Rk

1 Jin QG, Cui H, Sun CM, et al. Cascade knowledge diffusion
network for skin lesion diagnosis and segmentation. Applied
Soft Computing, 2021, 99: 106881. [doi: 10.1016/j.asoc.
2020.106881]

2 Xia SR, Krishnan SM, Tjoa MP, et al. A novel methodology
for extracting colon’s lumen from colonoscopic images.
Journal of Systemics, Cybernetics and Informatics, 2003,
1(2): 7-12.

3 Celebi ME, Iyatomi H, Schaefer G, et al. Lesion border
detection in dermoscopy images. Computerized Medical
Imaging and Graphics, 2009, 33(2): 148—153. [doi: 10.1016/
j.compmedimag.2008.11.002]

4 Moscheni F, Bhattacharjee S, Kunt M. Spatio-temporal

segmentation based onjregion merging. IEEE Transactions

on Pattern Analysis and Machine Intelligence, 1998, 20(9):

897-915.[dot: 10:1109/34.713358]

EEAAR, W4, AR, A5 R (0 RIR  BE BE B AUE O 1R

Wor B A T E B R E Y AR, 2011, 16(2): 221-226.

[doi: 10.11834/jig.20110217]

6 Dai DW, Dong CX, Xu SH, ef al. Ms RED: A novel multi-

scale residual encoding and decoding network for skin lesion

segmentation. Medical Image Analysis, 2022, 75: 102293.

[doi: 10.1016/j.media.2021.102293]

Wu HS, Chen SH, Chen GL, et al. FAT-Net: Feature

adaptive  Transformers for automated skin lesion

segmentation. Medical Image Analysis, 2022, 76: 102327.

[doi: 10.1016/j.media.2021.102327]

Zhang YD, Liu HY, Hu Q. TransFuse: Fusing Transformers

and CNNs for medical image segmentation. Proceedings of

W

~

o0

the 24th International Conference on Medical Image
Computing and Computer Assisted Intervention. Strasbourg:
Springer, 2021. 14-24.

9 Long J, Shelhamer E, Darrell T. Fully convolutional
networks for semantic segmentation. Proceedings of the 2015

Software TechniquesAlgorithm FXFFH AR 7% 165

© TERERIKART

http://www.c-s-a.org.cn


https://doi.org/10.1016/j.asoc.2020.106881
https://doi.org/10.1016/j.asoc.2020.106881
https://doi.org/10.1016/j.compmedimag.2008.11.002
https://doi.org/10.1016/j.compmedimag.2008.11.002
https://doi.org/10.1109/34.713358
https://doi.org/10.11834/jig.20110217
https://doi.org/10.1016/j.media.2021.102293
https://doi.org/10.1016/j.media.2021.102327
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

20244F 55333 111

10

1

—_

12

13

14

15

16

17

18

19

20

2

—_

22

IEEE Conference on Computer Vision and Pattern
Recognition. Boston: IEEE, 2015. 3431-3440.

Yuan YD, Chao M, Lo YC. Automatic skin lesion
segmentation using deep fully convolutional networks with
Jaccard distance. IEEE Transactions on Medical Imaging,
2017, 36(9): 1876—1886. [doi: 10.1109/TMI1.2017.2695227]
Ronneberger O, Fischer P, Brox T. U-Net: Convolutional
networks for biomedical image segmentation. Proceedings of
the
Computing and Computer-assisted Intervention. Munich:
Springer, 2015. 234-241.

Zhou ZW, Siddiquee MMR, Tajbakhsh N, et al. UNet++:
Redesigning skip connections to exploit multiscale features

18th International Conference on Medical Image

in image segmentation. IEEE Transactions on Medical
Imaging, 2020, 39(6): 1856—1867. [doi: 10.1109/TMI.2019.
2959609]

Ni ZL, Bian GB, Zhou XH, et al. RAUNet: Residual
attention U-Net for semantic segmentation of cataract
surgical instruments. Proceedings of ithe"26th International
Conference on Neural Information Processing. Sydney:
Springer, 2019. 139-149.

Gu ZW, Cheng J, Fu HZ, et al. CE-Net: Context encoder
network for 2D medical image segmentation. IEEE
Transactions on Medical Imaging, 2019, 38(10): 2281-2292.
[doi: 10.1109/TMI1.2019.2903562]

Jha D, Riegler MA, Johansen D, et al. DoubleU-Net: A deep
convolutional neural network for medical image
segmentation. Proceedings of the 33rd IEEE International
Symposium on Computer-based  Medical
Rochester: IEEE, 2020. 558-564.

Tong XZ, Wei JY, Sun B, et al. ASCU-Net: Attention gate,
spatial and channel attention U-Net for skin lesion
segmentation. Diagnostics, 2021, 11(3): 501. [doi: 10.3390/

diagnostics11030501]

Systems.

Zuo Q, Chen SY, Wang ZF. R2AU-Net: Attention recurrent

residual convolutional neural network for multimodal
medical image segmentation. ‘Security and Communication
Networks, 2021, 2021(1): 66256\88.

Chen JN, Lu YY, 'Yu“QH, et al. TransUNet: Transformers
make strong encoders for medical image segmentation.
arXiv:2102.04306, 2021.

KB42 5%, M0, BT, 2. 5T RA-Unet [t CT BG I IE
i g 43 1. AR R AR, 2022, 43(8): 65-72.

FE/D I, 0K, TR, 2. TR R IHLETY OCTA #L M
L& S E1T7 . HENL AR S M, 2023, 59(18): 163-171.
AL, PR, M BaL, 5. BT U-Net £ R AR HEE =
FIRMARE S B FE. THEHLR B AL, 2023, 40(3): 943-948.
Le PT, Pham BT, Chang CC, et al. Anti-aliasing attention U-
Net model for skin lesion segmentation. Diagnostics, 2023,
13(8): 1460. [doi: 10.3390/diagnostics13081460]

166 4 ARH % Software TechniquesAlgorithm

23

24

25

26

27

28

29

30

31

32

33

34

35

Ruan JC, Xie MY, Gao JS, et al. EGE-UNet: An efficient

group enhanced UNet for skin lesion segmentation.
Proceedings of the 26th International Conference on Medical
Image Computing and Computer-assisted Intervention.
Vancouver: Springer, 2023. 481-490.

Wu RK, Liang PC, Huang X, et a/. MHorUNet: High-order
spatial interaction UNet for skin lesion segmentation.
Biomedical Signal Processing and Control, 2024, 88:
105517. [doi: 10.1016/j.bspc.2023.105517]

Zhi YC, Bie HX, Wang JL, et al. Masked autoencoders with
generalizable self-distillation for skin lesion segmentation.
Medical & Biological Engineering ‘& ‘Computing, 2024:
1-15, doi: 10.1007/s11517-024-03086-z.

Zhu WH, Tian JY, Chen MZ, ef al. MSS-UNet: A multi-
spatial-shift MLP-based UNet for skin lesion segmentation.
Cofnputers in Biology and Medicine, 2024, 168: 107719.
[doi: 10.1016/j.compbiomed.2023.107719]

Xu JS. HC-Mamba: Mamba with hybrid
convolutional techniques for medical image segmentation.
arXiv:2405.05007, 2024.

Nguyen VT, Pham VT, Tran TT. AC-MambaSeg: An

adaptive convolution and Mamba-based architecture for

Vision

enhanced skin lesion segmentation. arXiv:2405.03011, 2024.
M 48 5, 175 . fiA CNN I Transformer B 4T W43 32 %
P Kk LB 43 . THSEHLRSLFA R 7E, 2024, 41(8): 2554-2560.
[doi: 10.19734/j.issn.1001-3695.2023.10.0600]

Dai JF, Qi HZ, Xiong YW, et al. Deformable convolutional
networks. Proceedings of the 2017 \IEEE International
Conference on Computer Vision. u}“Ve'nice: IEEE, 2017.
764-773. g

Yang LX, Zhaﬁg RY, Li LD, et al. SimAM: A simple,
parameter-frée attention module for convolutional neural
nei:works. Proceedings of the 38th International Conference
on Machine Learning. PMLR, 2021. 1186311874

Chollet F. Xception: Deep learning with depthwise separable
convolutions. Proceedings of the 2017 IEEE Conference on
Computer Vision and Pattern Recognition. Honolulu: IEEE,
2017. 1800-1807.

Huang G, Liu Z, van der Maaten L, et al. Densely connected
convolutional networks. Proceedings of the 2017 IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu: IEEE, 2017. 2261-2269.

BEA, WRER, T 0. 192 23 2 RS G0 4% v S i 44 S5
PRI, NGRS R S, 2023, 44(6): 1198-1203.
Sun YJ, Wang S, Chen CLZ, et al. Boundary-guided
camouflaged object detection. Proceedings of the 31st
International Joint Conference on Artificial Intelligence.
Vienna: ijcai.org, 2022. 1335-1341.

(BT e FhE )

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1109/TMI.2017.2695227
https://doi.org/10.1109/TMI.2019.2959609
https://doi.org/10.1109/TMI.2019.2959609
https://doi.org/10.1109/TMI.2019.2903562
https://doi.org/10.3390/diagnostics11030501
https://doi.org/10.3390/diagnostics11030501
https://doi.org/10.3390/diagnostics13081460
https://doi.org/10.1016/j.bspc.2023.105517
https://doi.org/10.1007/s11517-024-03086-z
https://doi.org/10.1007/s11517-024-03086-z
https://doi.org/10.1007/s11517-024-03086-z
https://doi.org/10.1007/s11517-024-03086-z
https://doi.org/10.1007/s11517-024-03086-z
https://doi.org/10.1007/s11517-024-03086-z
https://doi.org/10.1007/s11517-024-03086-z
https://doi.org/10.1016/j.compbiomed.2023.107719
https://doi.org/10.19734/j.issn.1001-3695.2023.10.0600
https://doi.org/10.19734/j.issn.1001-3695.2023.10.0600
https://doi.org/10.19734/j.issn.1001-3695.2023.10.0600
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 本文分割算法
	1.1 编码器
	1.2 多尺度感知模块
	1.3 边缘增强模块
	1.4 解码器
	1.5 损失函数

	2 实验与结果分析
	2.1 实验准备
	2.1.1 数据集
	2.1.2 数据扩充
	2.1.3 实验环境与参数设置
	2.1.4 评价指标

	2.2 消融实验
	2.3 对比实验

	3 结论与展望
	参考文献

