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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 are 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 lightweight 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.
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¥, ffiH Focal Loss #1128 51 AP iv) &, s H ToU
Loss A 45 8 51 h0 9C 73 43 1) 45 SR (1) 1 54350 47, d il
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GELU ][ cARAFE}»

Ko H—ZMRiasdi

2 SEE 5850
2.1 LWER
2.1.1 HuEsk

15 F [ B 52k A A A 2H 2R AT 1 K IR 1 ik o
A5 G B 46, R ISTC2016 %4 #2710 1S1C2018 %
B, AT O BEAT VI 255 VR4 TAE.

ISIC2016 FHHEEFE 1279 7k B Hw B EUE, oAl
ZREE 900 7k, MIXAE 379 5K, A 3C#id Mosaic 1 Mix up
kAT BT 7, BIIREY R F] 2250 KR, #
MR EES 7R 947 TR EHR, K 947 5K IR BEHLIF 4
0319 FKRERUESEAN 628 SKINIKAE, LA R IIZRE.
UEEE DA SR 1 B g 298 7:1:2.
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ISIC2018 H## 410,45 43 FI K4 5 0 7 A 48,
AR SCALE e 1 4 BB S AT IRV A, 3 rp oy )
B HE 3 694 5k B B KR, KA lZ4E R
2594 5k, BUEEE A 100 5k, MHAEE R 1000 5K, 4@
iT Mosaic 1 Mix up J7iE#E4T G 78, ¥ I REd
72 3891 sk, IR UFSEY 7 E 250 5K, K 4E
708 2500 Tk EME, 7EMEREE HEEHLE 757 TR EG
NI ZREE T, BENLEL L 414 5K BRI SRS, L
WR UG BUEEE DL MR EE R LL B 2978 7:1:2.
212 HuEd 7

RIE AT Sk, A SCAE A Mosaic 1 Mix up 77
FHHMTE AP 7S, "L 10 iR, Mosaic & U4k
H 4 Gk R, B o 7 B HEAT # BT SRS A
FRRENLHEZI P64, Mix up BRRACEE 2 5k I 1, Sets L0
B YECA KR A B, PRI —E LR A, i iX
PR R 7 3 AT B 1 A, DA 1 I R A A i Ok AR i

e
| . .

(a) Mosaic 4bH

b i
(b) Mix up AZ-LFE

K10 Hdlad ekl

213 SERHMES5ZHKE

1) W85

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# ¥555: Python 3.8; I&
JE 2% >JHESE: PyTorch 1.1.8.1; IE T 5 4244): CUDA 11.6.

3) ZHRE

BN R ST 256%256; % 21 % 0.001; sh&:
0.9; AU E Lk R 0.0005; HLFEA K/ (bateh size): 8;
epoch: 200.

S INERASE BRI 25 I SSOE s AR KN Ny
256x256x3, fLFEAK /N (batch size) 48— XV ZRA ik
FRIFEARS R, % EPA GPU A E BB IGE 1, K 3L
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WA 8; A VI ZRECHUI 3G I, o 20 I 285 v AN EE 7E AN Ty
BB, VIZREE R ZE AW/, # 2 R I & A i 05,
22 UAIZRAT 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 7B (specificity, SP) 2% /R 18 R %
(Jaccard index, JA). #F &% (Dice similarity coeffi-
cient, DC). HUKZ (sensitivity, SE). {fEffi/Z (accuracy,
AC) 3 5 MEREIRIRE N PEN AR UE. & FR AR A 73 1l 18
(@) (8) 1FH]. KA, TP Ay R T oA IE
FKIVIEFEAR, TN NP R T0  f E AAEA, FN N
AT RS FIN Jy FRH IEREAR, FP i S R TN oy 1E 3%
I AREA. FRPRME BRI 2 BB, & R,

1) JA: 25 ROREE Z 4, 781 5 B HI HEE
X33l A1 2 8 X 43 ) LA

A= T @

2) DC: 81 F%0, 100 4 85 2525 B X 38075 [A]

HESME.

2TP
e 5
2TP+FN+FP )

3) SE: UL, A SE BRI AZ DX 8 rh 4 IR A R 50 A
Iy EILEH.

DC

TP
“TP+FN ©)
4) AC: YW, BEA G TN VR, B R AR X
RN 1 X 4.

SE

o TP+TN .
TP+TN+FN+FP
5) SP: KRR B, 1E 5 B X 35k TR0 L A 2
TN
SP= TN TFP ®

2.2 HRRSELE

NERUE AR SC AT U TSI R S AR S, 7
£ I1SIC2018 I, AL gmAt g it . 2 RO BAniibe
NGIGERIEHL, R R RS AR T I LS, SIS TE
FHIFI R EREE T HEAT, A48 P AR ) (0 250 1 i, DA £/ 22
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