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MFMANet: a multi-attention medical image segmentation network fused with multi-scale

features
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Abstract: The research on medical image segmentation is of great significance in advancing efficient and accurate automated

image processing techniques. To address the problem of inaccurate segmentation results caused by significant variations in

organ tissue shapes and blurred boundaries present in medical images, a novel network named MFMANet is proposed. Built

upon a "U"-shaped architecture, the network integrates multi-scale information fusion modules and multi-attention modules.

Specifically, multi-scale information modules capture multi-scale information in the shallow layers of the network to bridge

the semantic gap between encoder and decoder features, thereby enhancing the network's ability to handle large variations in

organ sizes. Regarding the issue of blurred boundaries, multi-attention mechanism utilizes Swin Transformer as the deep

encoder-decoder network, employing channel and spatial attention instead of traditional skip connections to achieve finer

feature extraction. Experimental results on the ACDC and Synapse public datasets show that the proposed method achieves

improvements of 1.51% and 1.29% in Dice similarity coefficient as compared with MTUNet, fully demonstrating its

effectiveness in enhancing segmentation network accuracy.
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Figure 1 MFMANet architecture and convolutional block
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TEH P25 VakERE  EEEESN FHE A0 DL ELE
Yk ERZ v x 91.76 89.26 90.02 95.98
BIBIEREY= W] x \ 91.38 88.56 89.84 95.75

MIF #i \ v

91.94 90.05 89.93 95.85




- 196 -

N e

A2

3 ZEFENERIERILE(DSC, %)
Table 3 Ablation study of multi—attention block (DSC, %)

EBEHAGITR SC4 SC5 FHE AoE DL AELE
BIBERE =W \ 91.70 88.91 90.15 96.04
ZEIFER T «/ y 91.80 89.33 90.12 95.95
BRI AR J x 91.83 89.73 89.94 95.82
P R R x y 91.27 88.06 89.97 95.79
P~ SC I H— Atk \ v 91.65 89.15 90.14 95.66
3 U R R x/ \ 91.94 90.05 89.93 95.85

SC /R BRI , SC4 . SC5 43 M| Fe /R W 26 Hh Bk BRE F255 4 )2 FIEE 5 )2

TEAR L AR S5 10 A0 38 Y 300 501 B vty 3
— S5 RUE ] T AR SO A A PRAR S5 TR S T URR Ak
Jrin A AL AP RE o

R4 ACDCHUIRE LR (DSC, %)
Table 4 Experimental results on ACDC dataset (DSC, %)

Al FH¥E HoE ol ALE
R50+UNet 87.55 87.10 80.63 94.92
R50+AttnUNet 86.75 87.58 79.20 93.47
TransUNet 89.71 88.86 84.53 95.73
SwinUNet 90.00 88.55 85.62 95.83
MTUNet 90.43 86.64 89.04 95.62
PVT-CASCADE!2¢! 91.46 88.90 89.97 95.50
TransCASCADE!?) 91,63 89.14 90.25 95.50
MFMANet 91.94 90.05 89.93 95.85

Wi A

b: TransUNet

c:SwinUNet

3.4.2 Synapse BIIEEXWHE RS WERSFin, &
SCHE 1 B9 MFMANet 3k 15 T &z 4 () DSC 45 %
(79.88%) o F¢ 5l & IHHE | fie i 45 i Se i AN EH i |
TR AR Ab R T SO LA 43 B 25 44, AH T MTUNet
I BIARTE T 6.33% F12.16% 4 T, it 4R 3 40 43
LRI AL W E 6 i, 7EZ 9] 1 H, MFMANet
TENPHE (BE(0) b o8 T IR Y 35 X, HoAR R i
By P4 300 B 43 HORG BE  TOL F A TT vk . AR SR 2
', MFMANet 75 B ¥ (52 85 £5) R (20 68) JHE
(B () [ PN R e RN A B L o RIS . TR
5 1k FL A AT A4k 235 SR UE B T MITF A i 2 5 34
B SO AR D7 A AR B R R A% AE fR BE PR ANE
RAT B TRT S, A RS 4 () 4> B 25 5% . 5 LR,
Hi ¢ 5 P (1 HD95 45 45 2R ] 41, )48 DSC 46 5
B G, (B R AE HDOS 48 A5 7 T AT A7 A8 el gt 4 ]
IXAT B R A R A% AR AR TN AR 2 i 2% 3 A e
HHEESNIE .

d:MTUNet e: MFMANet

5 ACDCHIBRERTM LR

Figure 5 Visualization results on ACDC dataset
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Table 5 Experimental results on Synapse dataset

DSC/%

f P-4 HD95/mm

Efk g 7o B ' ST R JUEE = FE{E
R50+UNet 36.87 84.18 6284  79.19 7129 9335 4823 8441 7392 7468
R50+AttenUNet 36.97 5592 6391 7920 7271 9356 4937  87.19 7495 7557
TransUNet 31.69 8723 63.13  81.87  77.02 9408 5586  85.08 7562  77.48
SwinUNet 21.55 8547 6653 8328  79.61 9429 5658  90.66  76.60  79.13
MTUNet 26.59 87.92 6499 8147 7729  93.06 5946 8775 7681  78.59
MFMANet 28.70 8839 7132  83.02  79.55  93.80  61.62 8693 7444  79.88

ESVI

c: TransUNet

d:MTUNet e: MFMANet

6 Synapse H{IFEERNILLER

Figure 6 Visualization results on Synapse dataset
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