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Skin lesion segmentation network with cross-attention coding
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Abstract: Owing to the limitations of convolutional operations, existing skin lesion image segmentation
networks are unable to model the global contextual information in images, resulting in their inability to ef-
fectively capture the target structural information of images. In this paper, a U-shaped hybrid network
with cross-self-attention coding was designed for skin lesion image segmentation. Firstly, the designed
multi-head gated position cross self-attention encoder was introduced in the last two layers of the U-shaped
network to enable it to learn the long-term dependencies of semantic information in images and to compen-
sate for the lack of global modelling capability of the convolutional operation; Secondly, a novel position
channel attention mechanism was implemented in the skip connection part to encode the channel informa-
tion of the fused features and retain the positional information to improve the network's ability to capture
the target structure; finally, a regularised dice loss function was designed to enable the network to trade off
between false positives and false negatives to improve the network’s segmentation results. Experimental

results on ISBI2017 and ISIC2018 datasets show that the network presented in this paper achieves Dice
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score of 91.48% and 91.30%, and ToU of 84.42% and 84.12% , respectively. The network outperforms

other networks in terms of segmentation accuracy with fewer parameters and lower computational complex-

ity. Therefore, it can efficiently segment the target region of skin lesion images and aid in the adjunctive di-

agnosis of skin diseases.

Key words: medical image segmentation; skin lesion; cross-self-attention coding; position channel atten-

tion
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UH-Net 84.42+0.11 91.48+0.32 32.67+0.19 97.37+0.21 86.26=+0.15 0.78 1.44
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Tab.2 Results of different networks on ISIC2018 dataset

) £6% loU Dice HD95 Precesion Recall Params/M  GFLOPs/G
U-Net™ 74.5540.96 84.0340.87 41.1540.43 82.784+0.31 85.324+0.12 31.13 55.84
UNet++'* 76.12+0.65 84.96+0.71 40.08+0.51 83.56+0.13 86.41+0.26 9.16 34.65
TransUNet™  80.51+0.72 88.91+0.63 35.2140.47 90.01+0.36 87.84-+0.23  105.32 38.52
TransFuse'™  80.6340.32 89.27-+0.13 34.42+0.33 89.61+0.11 88.93+0.18 26.27 11.53
Med T 79.54+0.26 87.35+0.28 35.79+0.17 87.83+0.32 86.88+0.43 1.60 21.24
UNeX (" 81.70+1.53 89.70+0.96 34.18+0.69 88.954+0.19 90.46+0.25 1.47 0.57
UH-Net 84.124+0.15 91.30+0.24 33.24+0.21 92.19+0.42 90.52+0.37 0.78 1.44
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BUJE TransUNet W28 S 801 0. 74 % , 315842 4=
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AR B 2 o R AR . 5 A LM 4% U-Net
AH B, UH-Net 76 73 B PERE S50 fiT R 2 24 1
J5 ¥ EA B U, £ W UH-Net £ A R 4F
153 F 45 5
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L PN BOHE AR 1 A T 4y 5] R 86. 26 04 Al
90.52% , 43 A1 2 3 715 TF B 43 1 Sk Ay 5 4% & $ i
5 &R h B AT SRR R BUE Z 1, R W UH-Net
AT A5 M A7 R R AR XM B BRI R 4 E
%, ToU Ml Dice A H] T i & FLAH 5 43 &1 & 1
AHRLFE B, AR SC M 4% UH-Net (%) ToU Fl Dice ¥ £
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ISIC2018 % 4 iy 43 #1252 K 5 h (a) ~ &1 5
(d) U5 T ISBI2017 H 95 4 , K1 51 (e) ~ & 5(h)

RV T ISIC2018 H4ia 5 , A F 3 T AR A I 8T
H {H (Ground Truth, GT) , UNet, UNet++ ,
TransUNet, TransFuse, MedT, UNeXt il UH-
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S LA FL, A SC R 4% UH-Net #9535 45 5 90108 .
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JE B8 G, AR S 0 44 5 H At T 245 2 R A Ak b D
HAR X3, 72 5Ch) Hr, Bz R A8 IX 3k 21 K B
i, U-Net fl UNet+ + 150 & FUR 2 i 3K H #r 2
¥ 1 B 11 AR R, UH-Net 78 [ 4% (1 B 5 A 2 9%
H 5] A MhGPCSA g it 2% DL S 7 Bk BR 3% 32 H 51
A PosCA LI, #5517 W25 4l 3 H br 25 48 /Y fig
F1, A5 95 A DX I 1 100 % T i . #E 1B 5 ()
Ll TR T, B S KON B, S B0
2% 76 43 F) B AR XS 25 5 3 4 B sk 4 F) L UH-
Net 38 i B 1E W £k Dice 8 2 B #214 4t #) Dice #1
2, DA 0 £8% [ B DG T 5 95 742 X33 A T 5 R 5t
IR T M BIgs R X g R A
W 46 UH-Net 0] LLA R0 2500 28 X8, 42 = I 2%
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K B E MhGPCSA G 5 2% 45 38 40 % 52 46 2%
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Fig. 5 Segmentation results for different networks on ISB12017 and ISIC2018 datasets
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Tab.3 Effect of different MhGPCSA encoder settings on experimental results
gy HIERE/ Y
] 2% Params/M GFLOPs/G
Dice IoU
Network 0 90.1940. 18 82.3440.21 1.42 1. 86
Network 1 90.7240. 32 83.1240.45 0.78 1.42
Network 2 91.07+0.16 83.8140.16 0.78 1.44
UH-Net 91.30+0. 24 84.12+0.15 0.78 1.44

Network OAH ., Dice fl ToU 43+ 4 7+ 7 0.53% , Dice 1 ToU 43 #4278 7 0.35%,0. 69 % , %< B 11

0.78% , ¢ W3 1t GPCSA HL il sk 2 4 iy A 4R AE
3 o o B o N = < N I 51 - S 5 == R
52 B W TF ; Network 2 5 Network 1 4f e,

2 A T AU S A7 AR S T R 2%
3R H br 45 ¥4 19 RE T, DT A R0 H B R W 4%
Oy Bl 45 B . UH-Net 5 Network 2 # Lt , Dice f
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3.3.3 PosCAMLH 2 #7

N T B UEAS SCHE ) PosC A BL I A9 A &bk,
43 BKF UH-Net B PosCA HL 4 72 (8 ) AR B2
PosCA MLl il 9 B (4 5 B vE 8 ) sl
] (- B R 7)) B — 4 4 Ry it Ak D K 5 41
— Y b Ak TR R Y 4 R Ak (4 R TR R
F1), AT i A AR A B A o AR R B R
SRR E BN, 78 ISIC2018 B s 5 b Ay 2> #1145
RWMEAPIR . SEREZIHL, BINEEER

J7 1) B4 3 T 6F X 26 43 P e 1 5 1 AH >, Ay
] B 2% B B VR ) R B & R, B UH-
Net, Dice #1 ToU 43 5l $& F+ 7 0.47% F1 1. 26 % .
PRI, 75 35 1 AT 2% 2] 280580 iUAS AH 24 19 17 00
T AR SCHE B PosCA BILHI X I 45 1) 4 5 45 S
AR
3.4 HEAXI

hg PG AR SC A 311 B9 MhGPCSA #ile  Pos-
CA ML L B 1 W4k Dice 43 2% 76 % 4 HI4T 5 v
B A7 R e, A SCHE ISTC 2018 S48 4 1 R AT 4 i 5
5. Horb ff FH G B B 30 1) U-Net "4
2R K25 | SR 5 A LRI _E 2 B A s b AR
TR T S 4 SR N 5 TR .

R4 PosCAHFIMARIRENELBERN I

Tab.4  Effect of different PosCA mechanism settings on experimental results

Sy FIvERE/ Y
23 Params/M GFLOPs/G
Dice ToU

Jc 90.59+0. 32 82.7640. 20 0.77 1.42

TR 90.87+0.12 82.9140. 24 0.77 1.43

EETED 90.91+0. 26 82.93+0.16 0.77 1.43

+RJRERN 90.83+0.18 82.8640. 29 0.77 1.43

UH-Net 91.3040. 24 84.1240.15 0.78 1.44

K5 HMEIBER
Tab.5 Ablation experiment

iRis MG Post BN ToU/ % Dice/ % HD95/%  Precesion/%  Recal/% oo CFLO
PCSA CA 1t Ps/G
LRy — — —  80.59+0.23 88.714£0.12 35.010.15 82.7840.31 86.2140.12 1.42  1.84
N — —  81.86+0.16 89.8740.18 34.2440.18 92.5440.18 87.3540.33 0.77  1.42
— N/ —  81.3840.35 89.31£0.98 34.81£0.27 91.7620.52 86.9940.26 1.42  1.86
— — Vo 81.7240.26 89.7740.11  34.5640.41  93.674£0.34 85.18+£0.43  1.42  1.84
NG NG 82.46+0.12  90.3540.21 34.0140.26 89.94+0.20 90.76+£0.19 0.78  1.44
N, ~ 82.76+0.20 90.59+0.32 33.93+0.18 92.38+0.16 88.87+0.21 0.77  1.42
- N o 82.3440.21  90.1940.18  34.2740.50 92.3240.52 88.16+0.42 1.42  1.86
UH-Net  ~/ N Vo 84.1240.15  91.30£0.24 33.240.24 92.1940.42  90.5240.37 1.44  1.44

M\ FE 5 S50 45 S AT, AE ISIC2018 %k 45 45
L f#H MhGPCSA it fith 5 8 4 5 2k N 245 45 J5 TR
M EYH T, Dice M ToU 23 IR T T 1. 16%
1.27% ,HD95 /N 1 0. 77 , HEH 2 F1 43 1] 553 51

PETFHT 9.76% A1 1. 14 % , F Bl ] GPCSA HLHI
o2 2] EMGE SUIE B R IR 26 R 1A 204
o I 4% 3 ) L% AR 25 0 B RE g e i o
ra] H 2k W 28 th 5] A PosCA #L#I, Dice F ToU 4351
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