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SHEERS GEAIERMABLE TEF R PO R IX 430062
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B E AN EARAERAGEMN EAEREFHAEHREERRRTE AEFESFELZFRRXE AL T U-Net 2 h —
AL RBEE NN fok 2 X MFET RO EBARES> B F ik CA-SFTNet, B, EEB FREL R FHFHLES K
BRI R R EELAZE, B R, ERKE AT N R Y% ZE S HH (Condensed Attention Neural Block) . 4% 73 A2 & 4k 45 % £
TRERR.ZEH>EHE., "G, EBEAE R AR £ =4I E ¥ 2 (Residual Spatial Feature Transformation Layer) , 3§ 5%
SAEBREAEARRBG AES AL REBEAESHESH ZFRRBEGRIE D, F B AE ISIC2017 = ISIC2018
HAEE LT 4R A . CA-SFTNet /£ 4 #| 46 L4 T 45 % U-Net.Dice % 2% #)34 %) 93, 12% #= 92. 36 %, ¥ U-Net & 4+
7.15AT 54 4.81 A8 5 S ToU S A h 82.59% F= 82.31% .3k U-Net BFA 6. 23 A B EF 4. 45 AT 5 5, AR
TransUNet## Swin-UNet %%E%ﬁ—/{— Dice 2337 2~6 NE 455 , JoUMERF 1.8~4 AME 55, XWERIEN Tkt L&
R E RSB E] e A Ak 45 IR S 0 FI

KW KR L U-Net; IR EZ AHH) ;5% 2 F A HFIEE ;35X 53

FESES TP391

CA-SFTNet:Skin Lesion Segmentation Model Based on Spatial Feature Transformation and
Concentrated Attention Mechanism

ZHANG Wei"?*,LIANG Dunying' ,ZHOU Wanting' and CHENG Xiang'
1 College of Artificial Intelligence, Hubei University, Wuhan 430062, China
2 Key Laboratory of Intelligent Perception Systems and Security of Ministry of Education, Wuhan 430062, China

3 Hubei Provincial Engineering Research Center for Smart Government Affairs and Artificial Intelligence Application, Wuhan 430062, China

Abstract To address issues such as blurry skin lesion boundaries, noise caused by hair, incomplete segmentation of lesion re-
gions,and significant differences in lesion feature distribution, this paper proposes CA-SFTNet,a U-Net-based algorithm integra-
ting a condensed attention neural block and residual spatial feature transformation. Firstly,feature segmentation during downsam-
pling preserves shallow semantic lesion information. Secondly.condensed attention neural block in skip connections enhances fo-
cus on lesion regions by adaptively weighting critical features. Finally,a residual spatial feature transformation module is integra-
ted at the network’s tail, enabling adaptive adjustment for spatially heterogeneous regions and enhancing recognition of lesions
with heterogeneous feature distributions. Experiments conducted on the ISIC2017 and ISIC2018 datasets demonstrate that CA-
SFTNet outperforms the conventional U-Net in skin lesion segmentation. Specifically,it achieves Dice coefficients of 93.12% and
92. 36 % ,representing improvements of 7. 15 and 4. 81 percentage points over U-Net, respectively. The corresponding IoU values
are 82.59% and 82.31% ., which constitute gains of 6. 23 and 4. 45 percentage points. Moreover, when compared with state-of-
the-art Transformer-based architectures such as TransUNet and Swin-UNet, CA-SFTNet consistently improves the Dice coeffi-
cient by 2~6 percentage points and the IoU by 1. 8~4. 0 percentage points. These results collectively demonstrate the superiority
of the proposed method in skin lesion segmentation and its effectiveness in enhancing segmentation accuracy.

Keywords Skin lesion, U-Net,Condensed attention neural block,Residual spatial feature transformation,Semantic segmentation
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Fig. 7 Structure diagram of residual space feature transformation network
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Table 1 Model segmentation effect data on ISIC2017 dataset
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Table 3 Results of ablation study

%)

HIN Block CANB RSFTLayer  DSC ToU ACC
87.55  77.86  94.05

J 88.61  79.65  94.61

N 89.42  80.21 94, 82

J 90.86  80.86  95.03

J J 89.86  81.68  95.72

NG N 90.66  81.83  95.22

NG N/ 91.86  81.06  95.62

~ N N/ 92.36  82.31 95.99

JANFE 3 AT LI H L B i A HIN Block A% 3 fiff /2%
1E DSC.ToU Hl ACC #8545 B4l 42 Tk 1. 06 A~ 43 5.1, 79
A5 A 0,56 AN E 405, BB HIN Block #4945 1 Y1 43 fg 95 38
W 2 2R AE 2 18] (415 8% 388 Rl B, 808 B R RRAIE 1 2 35
Ji. Bom A CANB & I HLH 3 A48 bR 43 48 7+ 1. 87 4
HAP 2,35 AN E A S 0. 77 ANE 4> . CANB B IR 1E 58
A R AR B T AT AU A TO A R AE 9 115 388 R 6% 4 1 S
A OCARAE Can =6 22 A5 750 1 52 A L 1 58 OC SRR AIE S 3 L 48 T 43
FIRGEE , JuHE ToU Il DSC #8457 B KR T, W CANB #£
PET& o 10 M A0 400k B AR AE 4R IR T A W STk, SRl A
RSFTLayer 20,3 45 br 40 3148 F+ 3. 31 M EH A 4.3 ™A
A3 0. 98 N4y 4, RSFTLayer JZ i 1 5% 25 % 3 5 25 [f]
R AR AR 45 AL 1 3 A 38 B BE T A AR T A0 5 B Y e
Fo 3ABHIRINARE 3 A HE AR Y15 B T B AR T, 43 4
F 4. 81 MEF R A A AN E S EA 194 DN E A, XRY
HIN Block ,CANB 7 & Sy #L# #l RSFT Layer J2 3 MY
P IR S 2 B T I 46 1 S A M 8 L R 5 K o 1 B R
A5 X 3

J T A 3 A BEER X CA-SFTNet #5594 5501k
B— 2Bk 3 AT I AL S . 2 Bk RSFTLayer Z 0T,



284

Computer Science HEHLEIZ  Vol. 53.No. 3, Mar. 2026

3R AR TE 2. 31 ANE 4r 0.3, 82 AN H 4r S A 1. 67 A
oy, 5 EBRAT AT X, 3 A HE AR R M 2.5 AN E 4
A0.0.63 ANE 4R SR 0. 27 AT 4 2. Horp DSC 48 B 5% i) IR
K Ut Bl RSFTLayer FI & N 4 4% fig J % 42 FH 455 784 45 ¥ A6 {1
g kb AR Y BB AT B R AR T, Y R Bk CANB 3 2 ) HL il
i, 3 A FE AR IR TE 3. 11 AN E 43 49,3, 97 AN H 4r R 1. 17
ANE 5 5 Hoh ACC #6 b5 52 5% i 3R K, U CANB 2R 9 AL
B4 £ 7 R A% 4 TR R SR kL X B A0 M B R, 24 LB HIN
Block #EHAT, 3 N HEFR 4514 4. 31 N E A3 2 DM HE G
AU 157 ANE A 8. 5 R BR T AT H L 3 A48 bR 4 5T B
0.5 N8 1,25 ANE AT AM 0,37 AE 43 &, Hdh TOU
$6 5 57 S W L K U6 BT HIN Block 13 88 19 ¥ B4R fE 42 &5 T
543 B 0 o O TR A ) X8R T AR L R T 4
FRS B

5 ARUERGISH

T T BB S W CA-SETNet A %8 T H 53 % 1 0 sk
P8 8 RR T 9 Fh 4 7E ISIC2017 Kd 48 - i 32 W43 #1 45
P Hrimage S B2 B kL RGBS s mask S & FbR TE 095
SR, BT 9 B R 4k ] — J be R 0 4 B 25 R B
— B Ay [ — A5 X S () PR Y AR . AR R (O R A
23R40 g kDX B A5 A B S T X ek T O Y i S R AR L TR

s~ [B*~

m

(b)

[

S E

&

<3888

()

(d)

(e)

() ‘

|- s hes

UNet++ Att-UNet

s o<k 3L VAR

Double-UNet

HIN Block 14 f T 8 £ (7% 2 1 {5 B . CA-SFTNet #l b U-
Net FIl UNet+ + 4§ U-Net 248 BT, G- 45K 95 k1 H 77 1 B
R EIASTE N e, T LLE L A T Swin-UNet Al
TransUNet %5 5 H A 45 5 25 & 19 ¥ e B8, CA-SFTNet Xt 42
b TR S 4 R SRS UE . AR R () (o) R A X
WA R R W, AR AR AE A W, AT
RSFTLayer JZ X} 9 &k 43 43 A 351 19 A & 1 9% € ALl CA-
SETNet 43 #1995 A DX I8 L0 HC At 8 Aol A5 250 45 B8 o vf 0 58 )
CA-SFTNet X3 b X I8 AS B 5 FEAR 00 2 B0 Pk RE S48 . %
(D PR B RIS IE HLA T AT — 5 B R 2000 Fs 25 )
JoR B €8 25 AL, 8 T L A4S TR A 43 5 ik R B A T A K
FEAESF B4R . Swin-UNet $4 955 k76 3 R4 T 320 19 B IR AR IR
B AR AL X 3K . CA-SFTNet B4 145 1 5 10 92 /05 B 4 1k
B R, UL CANB 17 J7 HLHI A 5 1A T 15 82 3 6 62 T8 fin 2%
FE T R X3, A 0 i T P M R A L AR S AR 47 Hb 43 B kE
Xk, R Ce) A CH H 9 A IX 8 3 R B 5, U-Net, UNet + +,
Attention-UNetfll Swin-UNet A~ 8 58 il X 3 53 %], CA-SFT-
Net XJ T 1 ] 3 5 19 43 30 AL A7 76 — 5 It 22, (B4 B B 1 & iy
HAP R GE R e R bR TR S5 R . MR (@) T Ak X3 ) 6
B A RER] . CA-SETNet BE 5 45 9 b X 38 %5 Sy o4k s
A3 H R BRI SR AN 43 B BUR W E T TransUNet, (A7} B
A0 T H AR,

15 RO

owe Al
- SRIAO0
S=e[sA[0%
Swes/a/*v

-

BiseNetV2 Swin-UNet TransUNet DCSAUNet  CA-SFTNet

B8 A RAEIZE ISIC2017 KHi 46 b iy 43 &) 45 1 &

Fig. 8 Segmentation result plots of different expansion models on the ISIC2017 dataset
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Fig. 9 Segmentation result plots on clinical datasets of different expansion models
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