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[ Abstract) Skin lesion images significantly affect the-accuracy of segmentation algorithms because of characteristics
such as blurred lesion boundaries, large variations in size, and irregular shapes. To address this issue, a skin lesion
image segmentation network that combines feature learning and boundary guidance is proposed. First, a dual
feature encoding module based on Convolutional Netural Networks (CNN) and a Transformer is constructed to learn
the global-local features of skin lesion images. Subsequently, expert-annotated ground truth supervised learning is
adopted to guide the generation of the skin lesion boundary windows and enhance the boundary features of the
lesion. Finally, by introducing a boundary-guided decoding mechanism, the learned global-local features and
boundary-enhanced features are fused to perform skin lesion image segmentation, optimizing the boundary clarity
and overall accuracy of the segmentation results. Experimental results on the ISIC 2018 and ISIC 2016 datasets
show that the proposed method achieves improvements of 2.88, 1.25, and 0.27 percentage points in Intersection
over Union (IoU), specificity, and accuracy, respectively, compared with CTO on the ISIC 2018 dataset. For the
ISIC 2016 dataset, the Dice coefficient and IoU are improved by 1. 66 and 6. 02 percentage points, respectively,
achieving optimal results across all evaluation metrics. The proposed segmentation network exhibits excellent
performance in segmentation tasks with complex backgrounds and blurred boundaries, accurately segmenting lesion
regions and effectively handling boundary blurring issues in complex backgrounds, thereby providing a high-
precision solution for skin lesion image segmentation.
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Fig.1 Skin lesion image segmentation network combining feature learning and boundary guidance
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BRI 256 X 256 5 3%+ LA N AR 4 iy A 2L
3R FrA A8 ¥ 7E NVIDIA RTX 3090 #) GPU I+
PEAT « LA DR S 6 BB P15 1) — B A e Ak e

N ERVAG 2 FIVERE . R 5 AT A ARG
PR AR BT A 8L R B (Dices Do) 32T 1L
JoU., Iyp) R (Ses Ss) HF51E(Sp, Sg) H
HER A (Accuracy , A) o AR AT

S :L (9)
% N+ Npy
. Ny
SSI)_N’I‘N+NP‘P (10
N1p+ Ny
A= 11
Njo - Nox + Nep + Now (v
D= 2 Nre (12)
Dice Z.NTI’+NFP+NFN
N
L= E (13)

N1p+Npp+ Ny
S N CELBEED N o CELBAED 23531 278 1E
I FIE B2 R A2 1R BN T 58 2 %G N (R
M) R PR R AR IC B R B R R 11 R R
N en (R B 27 B R R TITI O 45 58 3R A B o
ARER
3.2 SKBERSH
3.2.1 FERXFLLAHT
AR E7E ISIC 2018 #11 ISIC 2016 #E4E
Mg A RN 1 s, WA el LUE A SO7 vk
1E 2 B EIF KT 0. 87, JEW T
AR TR B I 22 P 5 23 0 o ) v o JEE (I 9 O ELAE
T 5 ) RIS 23 0 I8 ) 7 0. 981 8 Al
0. 974 1., FRHIA ST AP AR 22 DIy AT %
e AR 3R REAS R DX 70 78 DX 3l s A 38 0031 3k
FT0.959 6 F1 0. 969 2., PE— B HAIE T A SO 17
BRI AE PR U] i BAT B IR JE
K1 AXFEELXFEBEE LGRS
Table 1 Performance analysis of the method in this paper
on public datasets
B Dice IoU Se Sp
ISIC 2018  0.886 7 0.8738 0.9049 0.9818
ISIC 2016 0.9355 0.9120 0.9554 0.974 1

Accuracy

0. 959 6
0. 969 2
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it 1) Bz RS 28 PR 43 80 O i 1A T 1 I 0 B A
BT % HE 7 3542 45 U-Net™ | TransUNet™ | FAT-
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o EIvE R AL i B — R . A AE
ZIF LR Sk LR T 15 55 T 2R SRR
B15 BRGS0 41Dk 5 33 58 D S 431 ft it
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SEE] T 87.38%., k. U-Net /& 10, 05 H 4+ A, H T
ARy P38 ik WU AEAE i ith 2 2 T B R A8 1 e s
Y5 A4 Ry RHAE  Dice £ 0N R BUREAH HE U-Net 43
BT 3. 22 A1 2. 49 H4r AL ASIFH AR SR
T2 L CTO 43545 T 2,88, 1. 25 F10. 27 4%

Mo SEEGES TR, A SOy 1 RE RS I 1 2 B 2 FhOE
AR A B Bk A8 4 AE. Swin-Unet fifi F 4l
Transformer 2844, 78 & 2= &4 73 T 55 h R B
5,78 ISIC 2018 % 4E I, A S0 29 Dice %K.
S5 HERR SR A L Swin-Unet 430 3427+ T 0. 40,
3.22. 1. 43 HAr . FHELZ R AR SOy A8 H AR
R i i B R RE 18 JBOAN [) RS RUZ 1 4 SRy RRAE B
FAC PRI T 2 ROE BURRHE . SeAh, i 5] AR
TR AR G 5 R 1 AR AE 3 58, L AR SO AE 1SIC 2018
F1ISIC 2016 Aicdla 48 b 1 38 L AR S PR A L T4
REUR AL 7 1 24 $2 5, 9 H A% ISIC 2016 %4 4
I+, Dice 2SI L R B RS R R YA
T AR5, 5 U-Net A He, Dice RS
R R e MER R R S T 4. 71,9, 36,
5.38.0. 85 1 2. 26 43 . BAIAE ISIC 2016 203E
£ LI PERBZE AL 5 T ISIC 2018 $di e, X &
TEA5 55 T ISIC 2016 Hal 425 se M A/ B A8 IX.
S0 T O A5 00y TR AR O o 5 4L AR X sk R AR
S 4 LR PR AR S 0 2453 ot 45 4 R R e AR i LR
TERN 4 SR Ja s 75 JE, » SEBL T XoF 100 AR o 725 X Bl iy
TR G380 76 B s AR PG oy v LA A I 3R

K2 AXFESEMAERE 2 MRS ERERERTEE

Table 2 Performance comparison between the method in this paper and other methods on two datasets %
ISIC 2018 ISIC 2016
Ttk
Dice ToU Sp Se Accuracy Dice ToU Sp Se Accuracy
U-Net 85. 45 77.33 96. 97 88. 00 94. 04 88. 84 81. 84 96. 56 90. 16 94. 66
TransUNet 88. 88 81.13 97.89 90. 08 95. 94 92.12 85. 40 96. 19 93. 69 95. 49
FAT-Net 89. 03 82.02 96.99 91. 00 95.78 91. 59 85. 30 96. 02 92. 59 96. 04
ADF-Net 90. 82 — 97. 41 92. 34 96. 70 92. 89 — 96. 41 94. 45 96. 53
RA-Net 93.25 N 94. 16 93. 63 95. 84 92. 94 — 96. 79 92. 27 96. 70
CTO 91. 20 84..50 96. 93 90. 31 95. 69 91. 89 85.18 — — —
SUTrans-NET 88. 58 81.63 94, 02 91. 93 93. 33 91.43 85.48 96. 19 93. 66 95. 90
SCHRL35 1 ¥ - 82. 10 — — 93. 50 — — — — —
CCT 92. 72 86. 81 — — — 93.21 87. 70 — — —
HDS-Net 89. 80 83. 00 97. 40 89. 40 — 91. 40 85. 10 95. 90 93.70 —
Swin-Unet 88. 27 — 94. 96 — 94.53 91.43 — 94. 48 — 95.52
RMMLP 91. 98 85. 40 92. 62 86. 32
AR5 ik 88. 67 87.38 98.18 90. 49 95. 96 93.55 91.20 97. 41 95. 54 96. 92

RERLTF B Z A8 hn LRI 7 B
ISIC 2018 #a#indE b A0 7 S 56 1k e 48 A B AIK T 6T
b5 1% s 3% F e T A MR P s R AR LU A e
o AR RRAIE A2 2% v LA B /N A X888 H R 8 T
Sy EUT S BOMERE . AL PR IS AT o AR I, AR AR AT
REE LA Al P25 28 DX 38 %) R AF » AT S B0
AE ISIC 2018 i 1Y Dice ZREU R U £

A NS DX IR R ARAE R 3R 55 . 4 SR TR B AL
A BETE/ NS R b 0 2 0 43 8, 3 B A R R AR X
RECTRARE T O o ) 8 A P VR AR A AR R, i — 4
S TSR (1 SR R A AR A
3.2.2 EVEXTLL WY

ASCM 4 AE ISIC 2018 Fi1 ISIC 2016 ¥4 4E I
B MR B AT ARAL Ay I 25 5 an 2% 3 B .l A X L
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o3t el DL L A SO vk RE S HE A 23 1) ISIC 2018
WAR AR h 2= A8 25 00 B o 72 R AN e
YRS 23 51 5 7 DX i R A 10 S B BEARGE 1]
HEAh £33 ISIC 2018 Hidladl rhAF B % L FARARIC
PR B4 B2 PRI 7 PRI+ AR SC IR0 2% A1 RE A% o A 2331
BRI AZ DS, AN [R] BRI S AR SCI 2% ]
PATE AR R/ INFITE AR R 2 1 22 11 5
DX o R 1 X TSR 10 5 B 7 BRIV 7 7 5
LA R B2 JEK =2 ) L 8 2 ] AR A A7 D0 AR SR 2%
ATSER AT AR G- DX 73 B JOR 728 75 5% 45 1035 AR 640
AR T AR BUF 0 BRI AZ BRI 1 4528
R3 AXFEFEER
Table 3 Segmentation results of the method in this paper
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\ ,‘- |
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| L ] ' ||\.
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wmE 2 frox., H o, TransUNet J2& 5 — A>3 F
Transformer (1522 KR 53 FIAESL , HORE SRR

e R RS K giih 4 Jm B R SC. R U IR & 25415
TR Y, CNN H31F; CTO 454 CNN. VIiT fil i

T A IR L ) FH v TR AR AE S ke 5 8 8 o
A WE HEAS . A SR T AR AR
Yofnih F 5| S fi i A e, 5 U-Net, TransUNet,
CTO A H » AR ST 28 A 73 RS B AN il SR B | 357 L
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8 RTINS TEARS RN AFTE DR 52 F0 301 ST il ik
FEAS I o0 # TAN RIS R i RI 45 R . B 2 55 —31
SRR ARG 55 80 A A RGO R 1) ELAE, A AT
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AN/ AL o 20 T X RSO 1 28 140 ik, & Dy
T RIS FAT I A8 i Ao AR SO 28t TA e T 3t
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Fig.2 Comparison of segmentation results of different methods
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Fig.3 Segmentation results of blurred lesion images
3.2.3 BT B BRI . A SO R 2 IR R
N T AP E R E R AR SOr RS TIRIRSE R IR & 888 TransUNet Al 3 F CNN

ViTH  TransUNet™* \ResUNet+-+"" 47 4% F4 TRETTELE ISIC 2018 HFE LHESHREN L
#H T*H |_] E’Jﬂ‘;%; fT FIFH |_J e ﬁfﬁj T}L & iz ﬁi s Table 4 Comparison of complexity of different methods
PEAE Params.FLOPs B8 45. 3£ 4 s MBI on the ISIC 2018 dataset
£ ISIC 2018 ¥4l e YA 2 B X L 45 2R . AR SC#sE Tk Params/10° FLOPs/10°
RIZHR A F] 109, 10X 10°, F2HIRR B A — 1 ViT 110. 62 26.91

SR E L [R]IN ELAT S5 1 78 BE T TR AE 1Y~ ) B ResUNet+ -+ 87.00 95. 00
SRS RE 7 0 P B T X AT 2 e TransUNer 105. 3 38,52

K TR 22 ~F 2 o R B AR AIE » LA B 340 SR A 3 i A5 ATk 109. 10 27.76
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Table 5 Ablation experiment results on the ISIC 2018 and ISIC 2016 datasets

= ISIC 2018 ISIC 2016
Jrk
Dice ToU Se Sp Accuracy Dice ToU Se Sp Accuracy
B 0. 8650 0.852 8 0. 875 5 0.963 2 0.946 2 0.910 9 0.879 7 0.945 1 0.953 6 0.959 2
B+DFC 0.876 3 0.861 5 0. 885 7 0.974 7 0.948 9 0.916 1 0. 898 3 0. 950 5 0.961 3 0.962 7
B+BFE 0.874 5 0.861 0 0. 884 5 0.975 8 0.948 4 0.914 7 0.899 3 0.948 9 0.962 0 0.963 6
B+DFC+BFE 0.884 0 0.870 7 0. 896 6 0. 980 2 0.9557 0.929 1 0.908 2 0.954 5 0.965 5 0.964 5
B+BFE+BGD 0.885 1 0. 864 4 0.903 6 0.981 3 0.953 3 0.931 8 0.907 8 0.952 9 0.969 3 0. 966 0
AT 0. 886 7 0.873 8 0.904 9 0.9818 0.959 6 0.9355 0.912 0 0.955 4 0.974 1 0.969 2
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