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Multi-scale Adaptive Context Fusion Network for Skin Lesion Image Segmentation
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'(School of Computer Science, Xi’an Polytechnic University, Xi’an 710600, China)
%(School of Computer and Big Data, Heilongjiang University, Harbin 150080, China)

Abstract: To address challenges such as large-scale variations in target segmentaftion regions, mis-segmentation of lesion
areas, and blurred boundaries in skin images, this study proposes a novel method for skin lesion segmentation, named
MSANet. This approach utilizes the pyramid vision Transformerv2 ’(PVT v2) as the backbone network, integrating the
strengths of both Transformer and convolutional neural networks (CNNs). By improving the multi-layer fusion decoding
strategy, the proposed method significantly enhances the accuracy of skin lesion segmentation. The decoding process
incorporates a split gated attention bldck (SGA) to capture multi-scale global and local spatial features, thus enhancing the
model’s ability to capture contextual information. The multi-scale contextual attention (MCA) module is employed to
extract and integrate both channel and positional information, improving the network’s precision in lesion localization.
Experimental results on the ISIC2017 and ISIC2018 datasets demonstrate that MSANet achieves Dice scores of 90.12%
and 90.91%, and mloU scores of 85.82% and 84.27%, respectively, outperforming existing methods in segmentation
performance.
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MobileNetV3E”  77.69  87.44 — — —
UNeXt-SP" 7826  87.80 9595  87.04  97.74
MALUNet"*? 7878 8813  96.18 8478 9847
PraNet"™ 7793 86.63 . 9326\ 8392 9725
CaraNet™™ 7775 . 86.67 9593 8632  96.97

EGE-UNet®! 4 79.81  88.77 — _ _
TransUNet® © 7637 8586 9423 8041  95.65

Swin-Unet™ 80.89  81.99 9476  88.06  96.05
BCDU-Net®" 7920  78.11  91.63 7646  97.09
GA-Net"*! 83.12  90.52  94.07  88.07  98.21

MSANet (Ours) 85.82 90.12 96.47 87.96 98.59

3 ISIC2018 FHnEMIxT b sia 45 2R (%)

Model mloU Dice Acc Sen Spe
U-Net™ 77.86  87.55 9405 8586  96.69
UTNetV22 78.97 8825 9432  87.60  96.48
TransFuse!'™ 80.63 8927  94.66 9128  95.74
MobileNetV3PY  78.55  87.98 — — —
UNeXt-SP! 79.09 8833 9439 8715  96.72
MALUNet"*? 80.25  89.04 9462  89.74  96.19
PraNet"®” 7870  87.50  93.74  86.67  95.79
CaraNet™™ 7820 87.00 9623, 8743  97.67

EGE-UNet"*! 80.94  89.46 18 — —
TransUNet™"! 80.60 © 88.03« 9557  83.14  96.73
Swin-Unet™® | »‘:‘82.79 88.98  96.83  90.10  97.16
BEDU-Net®”! 81.10° 8510 9370 7850  98.20
Ms}xNet (Ours) 8427 9091 9634 9097  97.81

T 2 13 3 A5 458, 5 A7 AL 1 itk
RUFH EE, MSANet £ 8PE fE H A 2 #5271, 7E 1SIC2017
A ISIC2018 % d 4 23 mlik 2 1 90.12% 1 90.91%
) Dice 1545 X}T ISIC2018 ¥ 4E, A HRILE Dice
ZH L SOTA T4t 1 1.64%, #£ mloU L4 &
T 2.13%, HARFR bR A R o, Rk 4, 5 H
B [ 224508, A 21 33E [ Transformer ZE MR TRAR b, 48
TRt A B S (3R T 7E 1S1C2017 Hid 45 F, GA-Net
[) Sen fHIEH) T 88.07%, tb MSANet & H! 0.11%, X2
K2 GA-Net SR H 7 HURe (8008 14 5 B R 5 ol 1) 4
R T IV R ) 2% ), AT A 8 e 1 o B R AR
1M, MSANet 1) A TEFRY & T GA-Net. MK b3k
Ui, MSANet il Id £ 2 CRHIE A RO A H bR X 35
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2025 4F 534 % 55 8 1

(RS B 18 912 DA S A ARG AR B, BE S R
Be A5 B PR MO R AL, AT KRR T8 % R 3R
TIRAR 7> HIHERR .

Kl 4 Jeon 1 AR iR S I 28 2R R ) 0
ZE R, ARICTTVERE S E R 45 FL SR 28 B TN HE
R AE AL B SRR (19 Ao R EILAS B 2 E 1
S 45 KR W], MSANet A AEWEKE 0 52 9 A X 3K,

I RETE M B BRI A 1A G ke, 3 — P IRAIE T
A7 R T B A A DX S R DL e

Image GT Ours U-Net EIUNet MALUNet TransFuse TransUNet

ISIC2017

ISIC2018

B4 AN[RI 2 o B S5 ST Ak
[F I, FRATTIEAT 1 AN [F] 457 2% bR H5OA 2 v B 0 B
S5, BARRCE R 4 iR, R 4 BT ARNERE
TR R B, S e Rk BCE Bl H a
FTHAL ToU #5 RALE B, PRE AR B Jk I 248 73 Fil ¥ fig
AT

K4 PR R BB B E X T (%)

I A, X RATELELE T, AL ToU 1R F1 =038
SRR R BT ) TR R B T, A S R AR A AR
) 4 RS P2 A E AR
4.4 HELSCIY

FALE ISIC2017 AT ISIC2018 #idf 4 EikeT 132
— B (R B S, DAE B A NSO B P A8 K HE 4y
I B A . @I Dice mIoU Acc. Sen
HI Spe 1B R PEAL TR FR, PRI SRt AR Y 43 S
REFAISE I, BT SCE0 358 F AR [F] (960 J& PVT v2 S
RPN 4. 3R 5 JoR T A B TR SL 56
) B AR R, BASSIE FL A R

5 THRSIIR AR (%)

Dataset Metric Dice mloU Acc  Sen Spe

w/o SGA 88.15 8432 89.50 87.80 91.30

ISIC2017 w/o MCA 87.64 8393 88.20 86.20 90.50
MSANet (Ours) 90.12 85.82 96.47 87.96 98.59

w/o SGA 89.57 83.02 90.10 88.30 93.00

ISIC2018 w/o MCA 89.13 82.19 89.00 87.50 92.20

MSANet (Ours) 9091 84.27 96.34 90.97 97.81

Dataset ~ Weight setting® Dice mloU  Acc Sen Spe

a=1, g=1 90.12 85.82 96.47 87.96 98.59
a=1.2, g=1 90.30 85.70 96.50 88.00 98.55

ISIC2017
a=1,p=12 90.12 8582 9647 8796 98.59
a=0.8, g=1 89.50 84.80 96.10 87.30 98.30
a=1, =1 90.91 84.27 96.34 90.97 97.81
a=1.2, g=1 90.10 84.13 96.30 90.20 97.85
ISIC2018

a=1,=12 90.70 84.00 96.20 90.90 97.60
a=0.8, =1 90.20 83.80 96.10 90.50 97.40

M 4 R SER S5 R T BLE Y, ZARL ToU $512k
BUE o 1 7038 SRR RAUE B v BN 1IN, R

194 4R 5% Software TechniquesAlgorithm

PAVHAT T — WL E RV “BR 2K SGA (w/o SGA)”
BRI MCA (w/o MCA)” ] MSANet 24830, 3 5
SR, BT AR —ANBLER ) 2 5 ORI 1 B A, Bi/b
SGA HLHUR, ISIC2017 ¥4 5 1) Dice ZEM 90.12%
F% 28 88.15%, TE ISIC2018 ##i4E L, Dice %I 90.91%
F% 4 89.57%, IX K HH SGA FH I HE B 4 7 F1 = 35
2 R R, B OR TS B TE AN [FITRRE R A 4 42 0
FIRPHE, AR THEE PR IR RE R S 2L K. b MCA
TR, ISIC2017 A1 ISIC2018 ¥4 45 L () Dice 2%
3R 87.64% 1 89.13%, =M MCA BB REME K
SERLIF A X 35, i 2 Al A B, B R T
RIS H bs X3k U RE 7. 9 RS 56 45 SR R R T
BN BEHRORT K o e 43 SIS (1) L, 1 — P IR R
TEAT AR R B (1 DT R,

FEHE— 20, FATTN I b SE 56 4 ST T ATk o
BT, Wi 5 B, 5HERAYAH L, MSANet R AR,
B/ SGA BN (18] 5(c)), Btk 7 FI EHG L Zead T-F
T, TR X SR RE A R=1R, 3X TR T SGA ]
BRAE B o3 e 4 e AR 3 o K AT 5 T
B> MCA L (K 5(d)), AL 5 5215 5 = T3,
5 BB XoF 975 A8 DX i B 3R TR, IX R B MCA Ak
B ERESE T H bR DX AR e LR T, AR IR T TR
RO kb X 3 A P 1
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i H AR SN A

(a) Image (b) GT
K5 RIS R AL IR

() w/o SGA (d) w/o MCA (e) MSANet

5 b5 EE

RICHRM T —Fh 2 R HE R T SCRA X 4
MSANet #5781 ZAEA 45 SGA fll MCA PR Ee, 1
i, SGA BEHR 5 U BRI 3R 42 TR 102 U RERRAE,
18 AR o A ) )RR A5 S R B 0 MCA B E i
o L BB AT B R, W R T TR X 8 1
K E A gy il 7E 1SIC2017 A1 ISIC2018 AN $idfa
£ 1 L S 36 R S 56, GIE B MSANet #5578 RE 6%
A 35NNt 97 e DX R B AR R | R 1 A i SRR 2
PR, i R TE B R A8 DX S 73 B OR . R MSANet
1E 2 T se v Rt (B3R 2 BE A e e, T
BE 5 A S B I8 FH 1) A B8R . AR AR K 80U AL
BRI, SR AR, KRR E R R =& I,
DI B ASE T St /3 FRORE AR 24 TR 93 738 IX 3 11 A 21
UE Ak, MSANet H A 3 ZEEF X6 iz s 248 1 B 15 4 E4T:
%, AR i — DR R AL H AR = AR T 55
JSL ¥ 7.
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