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Abstract: Stroke is the second leading cause of death, just after heart disease. Automated segmentation of ischemic stroke lesions
can provide crucial information on the location and size of damaged tissue, aiding in treatment selection and prognosis assessment.
In response to the time—consuming manual segmentation by doctors and the poor performance of multi—scale lesion segmentation,
this paper proposes a lesion segmentation method for ischemic stroke based on multi — group coordinated attention convolution.
Firstly, an improved feature acquisition module is added to the encoder head to capture more contour features. Secondly, a
lightweight coordinated attention module is introduced to enable the model to fully integrate positional and contextual information.
Finally, a multi—group convolution module is designed to significantly reduce computational cost while allowing the network to fuse
feature maps of different scales. The method is evaluated using the ISLES2022 dataset, and the results show that the Dice Similarity
Coefficient, recall, and precision achieved by the proposed method are 68. 59% , 78. 90% , and 71. 34% , respectively. Compared to
other advanced methods, the performance of this model achieves excellent results across all metrics. It is expected to provide reliable
assistance for clinical diagnosis and treatment.
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Fig. 1 Schematic diagram of the overall model structure
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Fig. 2 Comparison of the traditional convolution module and the
FA module
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1. BRI AFFIE R RN

batch_size, channels, height, width = x. shape

2. e E RN GG BE D7 ) AT 42 Sy P Ak -

avg_ pool_h = GlobalAvgPool(x ,axis =2) ;

avg_ pool_w = GlobalAvgPool(x ,axis = 3)
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3. T8I BT ST ReLU 0 pR K.

Conv_h = Relu(Convl x 1(avg_ pool_h ,channels//
reduction_ratio) ) ;

Conv_w = Relu(Conwl x 1(avg_ pool_w ,channels//

reduction_ratio) )

4. W2 T R B AR RN AR AR AR A

.

coord_attention_h = Sigmoid(Convl x 1(conv_h,
channels) ) ;

coord_attention_w = Sigmoid(Convl X 1(conv_w,
channels))

5. VAEE B AR Y RGT

coord_attention_h = BroadcastTo(coord_attention_h,

[ batch_size, channels, height , width]);

coord_attention_w = BroadcastTo(coord_attention_w,

[ batch_size, channels, height , width])

6. I 2 A By AL AT

y = x X coord_attention_h X coord_attention_w

7. R AU RYAFAER] y -

return y
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Fig. 3 MGC module diagram
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F1 MGCA-UNet ZHHRI¥LAH RIS R (HEREE)
Tablel Detailed ablation results of the MGCA—UNet architecture (Mean + Standard Deviation)

Methods DsSc 1 Recall 1 Precision 1 Params/ M | FLOPS/ G |
UNet'® 0.554(£0.341 0)  0.614(£0.356)  0.567(=0.364 0) 34.52 65.52
UNet+FA 0.643(20.258 0)  0.732(£0.272)  0.642(0.305 0) 34.51 64. 10
UNet+CA 0.593(0.376 0)  0.685(+0.386)  0.573(0.406 0) 34.53 65. 54
UNet+MGC 0.629(0.3133)  0.658(+0.304)  0.680(0.3370) 2.62 8.34
UNet+FA+MGC 0.675(20.2470)  0.743(£0.262)  0.674(+0.268 8) 2.59 6.91
MGCA-UNet( ours) 0.685(0.246 0)  0.789(+0.282)  0.713(£0.274 0) 2.6l 6.93

2.4.2 XL

T R IEAR SO [ kb3 E 1 D7 B
JH ISLES2022 $U8s 4 4 5 7€ UNet 1 2 /) UNet 17 20
( Attention—UNet ) JEFF5R 22 5 FR M 2% (R2UNet ) \ F: T
ZIZIE AT R 28 (UNeXt ) FIAS SCRRY F A7l
4 AT SRS — B SR 2 A b
MR, M3k 2 ATH1, ASCREAITE ISLE2022 ¥4 1
] DSC Recall F1 Precision 53 3] 24 0. 685.0. 789
0.713, Byt T H B B0 Bl T FHREA T34, i

{E Params Fl FLOPS F5FrH, UNeXt 751 3% BLER B 11
0, 3% S R OZ AR e 2= [ A T —FbRic i
59} g}%’,@’ﬂl%ﬁ( Multi—Layer Perceptrons , MLP ), BT
SR MRS AR ARA SO R 43 HIS FEAE ] 4
ZAENAR R TGS, HAH AR A SO AR
[ FNZS [A] 52 A BE AR I PRI, 2 B P | A SO
IR ZEEPEREEOL (AT A Ak ) 25 1], LATE DR 70
2 B [ A2 S Boniy Y bR 3 5 oK

+®2 AEMZELE ISLES2022 HiEEE SRR (HEREE)
Table 2 Experimental results of different networks on the ISLES2022 dataset (Mean + Standard Deviation )

Methods Dsc 1t Recall 1 Precision | Params/ M | FLOPS/ G |
UNet"® 0.554(+0.341) 0. 614( 0. 356) 0.567(+0.364) 34.52 65.52
Attention—UNet" " 0.551(+0.348) 0. 612(+0. 366) 0.542(+0.371) 34.88 66.63
R2UNet*! 0.528(+0.332) 0.658(+0.333) 0.507(+0.331) 39.09 152.92
UNeXt™?! 0. 663( +0.258) 0. 695(+0.297) 0.675(+0.267) 1.47 0.58
MGCA-UNet ( ours) 0. 685(+0.246) 0.789(+0.282) 0.713(+0.274) 2.61 6.93
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Ty
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S AE W] MGCA-UNet 75 iR 3 Fi B2 254k i 4k
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FEfE R 22 5% Bl 45 B RE A= 4=, 3 X ot
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PEIUCFIARAE Al b 54538 B8 7, AR FR T4
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Fig. 4 Comparison of ischemic stroke lesion segmentation results

from different methods
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Fig. 5 Comparison of lesion segmentation results on different types

of medical datasets
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