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Melanoma image segmentation method based on edge key points and edge attention
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Abstract: High-precision segmentation of melanoma images is crucial for early diagnosis and improving patient survival.

However, the blurring of the edge region of melanoma, which presents irregular shapes, makes it difficult for existing

segmentation methods to obtain edge feature information, affecting the accuracy of melanoma image segmentation. To solve

this problem, a melanoma image segmentation method based on edge key points and edge attention is proposed. An edge key

point selection module for point rendering and a combined convolution transformer block are designed in the encoder to

guide the acquisition of local and global features of the edge by selecting edge key points. Then, the edge refinement module

is designed in the encoder to refine the edge features of the deep network, and finally, the multi-scale edge attention module is

designed in the skip connection, which enables the capture of the edge shape features at multiple scales. The tests on two

datasets (ISIC 2018 and PH?) demonstrate that the proposed method has better segmentation performance than the existing

segmentation methods.
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Figure 2 Structure diagram of CCTB
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Figure 3 Structure diagram of agent attention
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(Jaccard Index, JT) . 5% T £ % (Dice Coefficient, DC) .
UL (Sensitivity, Sen) FIHE 5 B (Specificity, Spe) 5
MHERETE bR . ACC AR FRABIAL T - B A AR AS (7 2 A
REARBCER: /Y L 5], 1T JTAN DC ) ok i 2 0 BE AR 5
BYHANESEE . 5350, Sen KB p T i
A BRPEREAS & B A BE P REAS B9 LU, Spe DR A5
YT AU A B PEAEAS & i A B R A Y A
SAPEr R bR LR s

Spe = —1N__
TN + FP
Hor TP (E M) 2 1E 8 43 51 A9 J8 68 220 0 A8 R
R, INCE IR Fm B8 0 # T RIRR=
i, FP OB PAYE) 2R 895 SR R AR w26 4
KRR AR E R PN (R BAYE ) R 418 2 208
P AR R R T R 1S SR R B
2.4 LIGEERSH
24.1 WESHIWIEEEK FEISIC 2018 F1 PH #

(22)

TP + TN
ACC = T T IN T FP T FN C8) g e 1 ikt o 280 AR S IR 45 6 1 BT
i TP (1o) Ak AT Loy B Lo AR BREL, Ly S 512
FP + TP + FN 8 U6 PR, Ly 2 T 10 22 19 T R R0 457 26 R
DC- (200 Hro MFSTOECE T LRI 20,4 1 4 R i
- 1, B 204 MSBKA Xt 28 [ 35k 14 10 2 4114 45 54 56
Sen = QU e, 51 .
F1 NESHAIEFELE
Table 1 Selection experiment of weight parameter A
ACC JI DC Sen Spe

A ISIC 2018 PH? ISIC 2018 PH? ISIC 2018 PH? ISIC 2018 PH? ISIC 2018 PH?

1.0 0.958 0.956 0.818 0.819 0.855 0.856 0.897 0.896 0.968 0.967

0.9 0.959 0.956 0.819 0.819 0.858 0.859 0.898 0.897 0.969 0.969

0.8 0.959 0.957 0.821 0.820 0.859 0.861 0.899 0.898 0.970 0.969

0.7 0.960 0.959 0.823 0.820 0.861 0.863 0.902 0.901 0.971 0.970

0.6 0.961 0.959 0.825 0.822 0.863 0.864 0.903 0.902 0.972 0.971

0.5 0.961 0.960 0.826 0.822 0.865 0.865 0.904 0.902 0.973 0.972

0.4 0.963 0.961 0.827 0.823 0.867 0.866 0.905 0.903 0.975 0.973

0.3 0.962 0.960 0.819 0.822 0.860 0.865 0.903 0.902 0.974 0971

0.2 0.959 0.959 0.817 0.821 0.859 0.861 0.901 0.902 0.973 0.970

0.1 0.957 0.958 0.815 0.819 0.856 0.860 0.899 0.898 0.972 0.968

242 JHBLEIE A T Y 9E CCTB.EKSM ., ERM #i
MEAM A4 %01 , 76 ISIC 2018 Fl PH? 9N 5 4E |
PEAT T KA A9 S92 56, 78 ISIC 2018 $fE 8 1 A9 7 fab 5
45 RANE 2 7R . Swin-Unet+CCTB /8 78 Swin-
Unet fift i 25 #8353 3 % i 3 4~ CCTB*2, CCTB 1] L)
ARAG T 053 1 4 R A 2,25 (B 4 15 0F L K P B4
R, T AR AR R RS TR S R
K, DT B o A b 7 9 AE X 3 . Swin-Unet+
EKSM /R 7E i 45 5 i i 2% Z (B 7 11 EKSM,
EKSM RS IE B VPR 2 S HE A, 5| -4t 25 B8 M1
i 7 BB AR IR AL B . Swin-Unet+ERM 2 758 75 2
8855 = 2 A 11> ERM, ERM ] DL AR 7 Hb 4 35955
AR X3 3 GRARAE , DLk B 4k 2 6 R 2k i H

f9 . Swin-Unet+MEAM % 7~ 78 Bk 7% 32 " & i 3 4~
MEAM, MEAM 7] DI B RBERFIE(S B, FEAN AR
JEE E o R B B ) 3 AR R NS (R RRAE SR A A —
A AL 3 B A g b, AR S AR 4y b 3 N B €5 3R R
A X I AR 25 4L . Swin-Unet+CCTB+EKSM 71k
AN 34 CCTBx2 fil 1 1~ EKSM. Swin-Unet+CCTB+
ERM FE/RTs 34~ CCTBx2 Al 1 ~ERM. Swin-Unet+
CCTB+MEAM % /& ¥ il 3 4~ CCTBx2 #1 3 4
MEAM, Swin-Unet+EKSM+ERM % 7~ ¥ i 3 4
EKSM. 1 4/~ ERM, Swin-Unet+tEKSM+MEAM % 7
s hn 3 4~ EKSM, #k BK 3% # ik A 3 > MEAM,
Swin-Unet+ERM+MEAM /R 431 1 4~ ERM, B R %
% d i A 34 MEAM, Swin-Unet+CCTB+EKSM+
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Table 2 Ablation study on ISIC 2018 dataset

Jrik ACC JI DC Sen Spe

Swin-Unet 0.952 0.815 0.857 0.897 0.961
Swin-Unet+CCTB 0.957 0.819 0.859 0.899 0.965
Swin-Unet+EKSM 0.955 0.819 0.858 0.898 0.962
Swin-Unet+ERM 0.954 0.820 0.859 0.899 0.95

Swin-UnettMEAM 0.954 0.820 0.860 0.899 0.963
Swin-Unet+CCTB+EKSM 0.958 0.822 0.861 0.900 0.968
Swin-Unet+CCTB+ERM 0.959 0.823 0.862 0.901 0.968
Swin-Unet+CCTB+MEAM 0.958 0.822 0.862 0.902 0.970
Swin-Unet+EKSM+ERM 0.958 0.823 0.861 0.901 0.970
Swin-Unet+tEKSM+MEAM 0.957 0.822 0.862 0.902 0.968
Swin-UnettERM+MEAM 0.956 0.822 0.861 0.900 0.968
Swin-Unet+tEKSM+ERM+MEAM 0.960 0.824 0.863 0.903 0.972
Swin-Unet+CCTB+EKSM+ERM 0.961 0.826 0.864 0.903 0.971
Swin-Unet+CCTB+EKSM+MEAM 0.961 0.825 0.863 0.904 0.972
Swin-Unet+CCTB+ERM+MEAM 0.962 0.825 0.863 0.903 0.974
Swin-Unet+CCTB+EKSM+ERM+MEAM 0.963 0.827 0.867 0.905 0.975

ERM % 78 3 1 3 /4~ CCTBx2. 3 > EKSM Al 1 4>
ERM., Swin-Unet+CCTB+EKSM+MEAM #7551 3
4~ CCTBx2, 3 4~ EKSM, #k Bk % # i A 3 4>
MEAM. Swin-Unet+CCTB+ERM+MEAM 2 718 4 i1
3 4~ CCTBx2. 1 /~ ERM, Bk Bk i 4 # ik A 3 4
MEAM. Swin-Unet+EKSM+ERM+MEAM %71 %l
3 EKSM. 1 |~ ERM, 3 f~ MEAM. Swin-Unet+
CCTB+EKSM+ERM+MEAM /R 7134~ CCTBX2,
34~ EKSM, 1~ ERM, Bk R % 4% ik A 31~ MEAM.
S CCTB .EKSM .ERM 1 MEAM 2 1l Fil 2 J5 Y
5B . #91 CCTB . EKSM . ERM #l MEAM
J& 7k B AT i i 25 2, 5 Swin-Unet 41 L, 72
ISIC 2018 £ #i4E = ACC . J1.DC . Sen fil Spe 5 ~PEfE
AR AR T 1.1%.1.2% . 1%.0.8% Fl 1.4%, X 3
B CCTB .EKSM .ERM FI MEAM B 4H & 42 15 1 43
PERE

FE PH? B4 5 47 04 78 Rl S 06 &5 51 an 6 3 it
7~ , TH Rl S 55 P SR B AR B 2 5 1SIC 2018 2l 4k
B E AR — B R L N 4% Swin-Unet I
CCTB.EKSM ., ERM Hll MEAM # Bt L Kz # B (1) 20
AL EIERES R T . 5 Swin-Unet A 1L, 7 PH?

AR 4% |, Swin-Unet+CCTB+EKSM+ERM+MEAM
Hok T 0.7% (ACC) . 0.9% (JI) . 1.1% (DC) . 0.9%
(Sen) F10.8% (Spe) (I PERESE Tt . 7F PH* k8 45 1Y
T FL S I 45 R E W] T CCTB .EKSM . ERM #l MEAM
R A 4 A 0T 4 A P RE R 2] T BRI AE
243 MAEFEESE MSBKA FixHIxTLL  7EISIC 2018
F1PH? M A4~ B4l 48 |, 4% 42 1 9 MSBKA 5 AttU-
Net® | UNet3+'"' | CANet'™ | SSFormer?®"
TransUNet"*'  Swin-Unet "' #i47 T - EIERE L. H:
r, AttU-Net, UNet3+ & F B9 B2 27 5 00 51 R 2%
CANet /& & [T £ % F H £ 22 987 8 0 o0 510 ) 4%
SSFormer i A 1t % £ Transformer B 73 E| W 2% |
TransUNet , Swin-Unet 445 F1## 22 % 2% £ Transformer
AHEE £ B B0 431 X 26
F 451 T MSBKA J7 % 7E ISIC 2018 i di 4k
55 HAth 6 F S HE Iy A R BRSSP B BT A
F i, #2111 MSBKA 7519 ACC J1.DC . Sen #il Spe
BN = 1, A AR E T 96.3% .82.7%.86.7%.
90.5% F197.5%, LbH FHEE 553 E M 2% AttU-Net £ 55 1
2.5%.8.3%.4.4% 2% £l 1.5%, LI M 2% Swin-Unet
BT 1.1%.1.2%. 1%, 0.8% H1 1.4%., J& K 1E T
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Table 3 Ablation study on PH? dataset

WiR7S ACC | DC Sen Spe

Swin-Unet 0.954 0814 0855  0.894  0.965
Swin-Unet+CCTB 0.956 0817  0.858  0.895  0.968
Swin-Unet+EKSM 0.954 0818 0857  0.896  0.968
Swin-Unet+ERM 0954 0818 0856  0.895  0.967
Swin-Unet+MEAM 0953 0818  0.857  0.896  0.967
Swin-Unet+CCTB+EKSM 0.957 0819 0859 0897  0.968
Swin-Unet+CCTB+ERM 0.958 0818  0.860  0.899  0.968
Swin-Unet+CCTB+MEAM 0.957 0820  0.862  0.898  0.969
Swin-Unet+EKSM+ERM 0958 0819 0862  0.897  0.969
Swin-Unet+tEKSM+MEAM 0.959 0818  0.859  0.899  0.968
Swin-Unet+ERM+MEAM 0.957  0.820  0.860  0.898  0.969
Swin-Unet+EKSM+ERM-+MEAM 0961  0.820  0.862 0902  0.970
Swin-Unet+CCTB+EKSM+ERM 0960  0.821  0.863 0901  0.970
Swin-Unet+CCTB+EKSM+MEAM 0.959  0.822 0864 0902 0972
Swin-Unet+CCTB+ERM+MEAM 0960  0.822  0.865 0900  0.971
Swin-Unet+CCTB+EKSM+ERM+MEAM 0961 0823 0866 0903  0.973

MSBKA J7 ik (1 i #5 , H CCTB BBk 6 1% 5 4> If b Al
P4 R fE B A R A b, T KR R R
MG 21, DT B IR A b o A 114) 8 (AR A s B
5552 ) (51K . EKSM NI 1 b Pk 1 111 25 56
Lol S gm e ks R O RB %, [Fn,
ERM B €5, R 5 RS 200 b 55 2255 740 DX 38 1) 100 25
e, #E—DHL RO &R . LS, MEAM
i 4R I R RIEAR B BB TE AN W RUE A AL
RS Y B BRI E AR R NS [ARRAE , R X Se
TEAL 6 25 ffe it % o XA MEAM B A (1Y R 3%
P, BEAS 1 I PR 00 3 8 OB R 28 4 . 5 H
fb 6 FhITEAH L , A T4 H 19 MSBKA J7 WA 7E 73 H 1
AE LRI T WE ML, PG T a0 B P fE
15353, NS E T AT 20

TS O LG BN [ 19 2% 4 3 IR RE L 18T 10
% th T MSBKA 5 AttU-Net, UNet3+ . CANet,
SSFormer ., TransUNet, Swin-Unet 6 Ff #& % 7¢ ISIC
2018 B i 4R b i 2 HIHE AR AR IE . AT AR B G
M7 AR SCHRE A9 MSBKA 5 ¥E 7E 5 MR REFE A5 L
MG R 2 B . BT , AttU-Net, UNet3+
CANet, SSFormer , TransUNet, Swin-Unet . MSBKA H{
Sy HIPEREAS 73 B AR = L 0 B RCR MOk By (B2 AE
SSFormer A Fr I % , SSFormer Jay # 3k lUf5 B HE J1 A~
I R @ EE SRR I B NIV B

4 FEISIC 2018 iREE M EIMERELL AR

Table 4 Comparison of segmentation performance on ISIC
2018 dataset

Irik ACC I DC Sen Spe

AttU-Net™®) 0938  0.744  0.823  0.885  0.960
UNet3+!11] 0933 0745  0.836  0.891  0.961
CANet!3) 0942 0765  0.840  0.894  0.965
SSFormer! 2] 0931  0.764 0832 0882 0945
TransUNet' 3/ 0.946  0.798  0.843 0.890  0.957
Swin-Unet!'! 0952  0.815  0.857  0.897  0.961
MSBKA 0963  0.827 0867 0905 00975

AttU-Net ,UNet3+,CANet 3 7 UNet fit) 725 {445 51 3 &
P fiE{f T TransUNet, Swin-Unet . MSBKA , J& 3 /> 5
HIFRS CNN 5 Transformer #1454, #) F CNN #4745
fIEFEHL, F) H Transformer #1742 J5y ¢ Ry BT
SCHEfR

B 11 45 1 T ISIC 2018 %4 4 iy — 2e n] # 4k 43
FIRORE B RIR TSR] 45 78 T X TR R B
AR AR DX 3 ) A0 4 T L 565 3 .45 81 43 ) AttU-Net,
UNet3+, CANet i 43 #1285 5L 5], i JLF1 ] DL 4
FIJ, 3 3 Al UNet I 26 ) A8 R AF AE 2 B 231 1) () Rt
Gy EIGE R SRR R TE  JRAANE T 48 X 8
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Figure 10 Comparison of segmentation performance of different

methods on ISIC 2018 dataset
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Figure 11 Visualization results of different methods on ISIC 2018 dataset

90.3% 197.3%, L& FH = 2% 43 %1 W 45 AttU-Net $2 &
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HGAFAE VAT HEEL 50T T EKSM IE #f BE £ 34 % 3¢
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RE IS 44k, 255 MEAM 9 £ KB 2645 8 42
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Table 5 Comparison of segmentation performance on PH? dataset

Ik ACC I DC Sen Spe

AttU-Net'®! 0931 0781  0.825  0.887  0.963
UNet3+ 11 0939 0783  0.828  0.889  0.964
CANet' 3! 0.945 0792  0.843  0.891  0.967
SSFormer!) 0.937 0778  0.835  0.890  0.957
TransUNet'3 0.948  0.799  0.846  0.889  0.962
Swin-Unet!!?! 0951  0.814 0855  0.894  0.965
MSBKA 0961  0.823 0866 0903  0.973
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Figure 12 Comparison of segmentation performance of different

methods on PH? dataset
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Figure 13 Visualization results of different methods on PH? dataset
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