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Skin Lesion Image Segmentation Method Based on Ultra-Lightweight

Real-Time Segmentation Network *
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(1.School of Automation,Hangzhou Dianzi University , Hangzhou Zhejiang 310018, China;
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Abstract : Skin lesion image segmentation is crucial in diagnosing skin lesions. However,deep learning-based segmentation models typi-
cally have high computational costs and slow inference speeds, making them difficult to be be deployed on dermatoscopic devices with
limited computing power. To address this issue, an ultra-lightweight real-time segmentation network , named ULRTS-Net, is proposed.
First, depthwise separable convolutions are adopted to replace standard convolutions, and a relatively lightweight encoder-decoder
network architecture is designed to reduce model complexity and computational load. Second, multi-level semantic feature fusion
modules are added at skip connections to effectively bridge the semantic gap between shallow and deep features. Additionally,a multi-
scale feature fusion module is proposed to enhance the model’s ability to learn contextual information. Finally,spatial and channel atten-
tion modules are introduced to focus on important features. Experiments show that ULRTS-Net achieves JI scores of 85.78% and
89.95% on the ISIC2016 and PH2 datasets, respectively, with only 0.407M model parameters and 1.51 GFLOPs. Compared to other
methods , ULRTS-Net achieves fast and accurate segmentation with low computational costs,demonstrating its effectiveness.
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HR AR B A A B T SE S S TR A R
JIREHERS INAEAR SCBE TR B L T T Rl S 5
FEFRERZTE RTX A5000 GPU F AT PEAG A
SCEY 1 ~3 WSS R R, 5L AE L, 7E
ULRTS-Net 1435l 75 SA 5% CA J5 #BHUAS T A [H]
FREE B MERE$ T, JF B B8 7 A Y4 A R A i
BCAS RN A B E], HoHr, DSCM, B i B 4 AE R A
TR T SR X S S ] & TR R £

RRAE BEHUR 65 . 78 DSCM, J5 U8 in SA A B F
PE PR IX R RS 1 5 A A X SRR AR (Y 2 ) g
J1. K CA HZAE DSCM, MSFFM-3 1 MSFFM-5 2
J& , ZAS TR B R 28 Ao 1 5 A L P
i CA T A T8 AL, DT 9/ PR 4 3 3 A
M AR EEEERL, R, 5084 A5 R4S
HE— DU B T AR SO B Y VR ) A B
M, XTHOSC R 2 505 3 FMISE K 5 &5 2R, 78
ULRTS-Net H[a] if i 13 PR A4~ 14 2 ) BB 6% 3K 15 A
K PEREEE T,

%3 ULRTS-Net FiEENRIHMIINER

Method Attention in ULRTS-Net JI/ % Params/M GFLOPs FPS
1 None 84.20 0.405 1.51 192
2 SA 84.89 0.405 1.51 187
3 CA 85.23 0.407 1.51 184
4 SA+CA 84.55 0.406 1.51 178
5 CA+SA 85.78 0.407 1.51 169

26 4 JE/R T X ULRTS-Net Y =M% OB e it
TTIHRSE I A5 3, 7ESE0 1 1, ULRTS-Net it &%
FBRBRGZE AL B BT A RSB T WA~ % 2L 1 4
BUER/INK 3x3 BRI A (3%3 Conv-BN-ReLU-3x
3 Conv-BN-ReLU) , falic >k DC, 7ESLES 2 1 ULRTS-
Net Zitfith i ABKER 4 H2AL 1) i A7 AR i F DSCM
RAZHURFE , 525 3 7ESCE0 2 (LA L K i 2 i
S5 AT He B i i, MSFFM-3, T 236 4 75256 3
(A B i i a B J5 — 1> MSFEM-3 TR B 5 4
B MSFFM-5,, SE56 5 WLRAESCES 4 f3Eah L Rrkik
A RO ML-SFFEM,, SE46 1 F 2 B9 45
LW AT WA DC 414, $2 A DSCM AR He
BARTE—E TR L RRAK T or RIvERE, (H2 10 35 K

ULRTS-Net MR 425

XF HUSEH 2 FSLER 3 fLE R AT LA Y MSFFM-3
TR SR IN T — 2 (TR AR EHIAE 53 FIRS
S ST ORI S N SASPP ARk fE
AT AT AT (14 JsZ BT, R IR = 5 1 22 RUBERRAIE
58, BEAIRE IS 2% ) B 1R SCfF B, AT 2 A5 7
R EIERE . SC56 3 A4 BYE5SUER T MSFFM-5 ()
AR, H 9 0 R ik B B BRI IK R, K
ULRTS-Net &4t 1 5 KA IERAZ T | DT A B 4 ) 1
AEMIEE . SCI0 4 FISZER 5 AYES R T ML-SFFM ()
AR B i X AR B TR E R AR A T
b, 45/ T SR ZHRHE 22 (8] i L2230, DTG 240
P2 T ULRTS-Net 5 EIMERE

% 4 ULRTS-Net i =Mz R0 B SCIG 45 52

Method Sub-modules in ULRTS-Net Skip (%) Params (M) GFLOPs FPS
1 DCx5 DC 84.11 0.959 4.21 245
2 DSCMx5 DSCM 83.59 0.107 0.56 230
3 DSCMx3+MSFFM-3x2 DSCM 84.63 0.406 1.50 188
4 DSCMx3+MSFFM-3+MSFFM-5 DSCM 85.48 0.406 1.50 175
5 DSCMx3+MSFFM-3+MSFFM-5 ML-SFFM 85.78 0.407 1.51 169
3 i W2, B AR LABCAR 0 455 80 5 25 52 R Pk T v 1)
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FIAN A AR SR 1 — Fof 3 850 114 S5 s B2 IR 72 35
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