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(HE] H® IR R TEREE S ) 1) Z4E R 3 3 R G0, 16 0 AR iR ( magnetic resonance
imaging , MRI) SR R 3 N kL, A 20 PR @k i M il 4% v (acute ischemic stroke, AIS) (127G $ kU5
Wts . Jitk RBOTFRELG 2D 3D WEEARRE, 51 A T B G828 R &, BRI A T — Ry 2. 5D U7
B—— 2 2R B B 5 W 2% ( multi-dimensional multi-scale attention enhanced network , MMAE-
Net) . 7E AIS 43 EIE R4 (VIZREE 171 5] 34 43 491)) LUl geAnimiat 1 B4 ik ek feg, f 5 Hfth Jy
AT OB, SR AHALT 2D 3D [4%,2. 5D 2% (MMAE-Net) 764 T8 bR E 35 0] OS5 7 1)
SrEIERE, R T 81. 25% 11 Dice AH L & %X (dice similarity coefficient, DSC) Fll 84. 82% 1) R &
(sensitivity, SEN ) , AH#{ F U-Net, ResU-Net, DenseU-Net, AttentionU-Net f{l SEgmentation TRansformer
(SETR) 882 )5 i ABRAEWTFE , MMAE-Net SR 7S8R 1040 #FIMERE . FRATIETT & 7RI H4E A 3h40#1 &
GEUSEF AR S EFNHE e ST . S5 ASSCEET 2D 3D FRERE G RIS 1 2. 5D Z24ERE S HIEA
MMAE-Net , Hofr: MRT S/ Mgk ER IR B rh IBAS T O0 s ERE , o AIS Bigiziafefit T A% .
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[ Abstract | Objective To develop a deep learning-based multi-dimensional segmentation system to
recognize small lesions in magnetic resonance imaging (MRI) images in order to provide a decision-making
basis for the diagnosis and treatment of acute ischemic stroke ( AIS). Methods We extracted and fused the
features from 2D and 3D network, introduced the joint loss function, and then proposed a new 2. 5D method ,
a multi-dimensional multi-scale attention enhanced network ( MMAE-Net). On AIS segmentation datasets
(171 cases in training set and 43 cases in testing set) , the proposed method was trained and tested, and its
performance was compared with other methods. Results When compared to 2D and 3D networks, our 2. 5D
network ( MMAE-Net) achieved the best segmentation performance in all evaluation indicators, with a dice
similarity coefficient (DSC) of 81.25% and a sensitivity of 84. 82%. MMAE-Net achieved better segmentation
performance when compared to U-Net, ResU-Net, DenseU-Net, AttentionU-Net, Segmentation TRansformer
(SETR), and other classical methods and previous research. In addition, we also created a visual and
automated clinical application system to improve the practical and promotive capability of methods.

Conclusion Based on fusing the features from 2D and 3D network, a 2. 5D multi-dimensional segmentation
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model MMAE-Net is developed, which has achieved excellent performance in the recognition of MRI small

lesions and provides an effective solution for the diagnosis and treatment of AIS diseases.
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small lesions; stroke; image segmentation; deep learning; system development
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iR A% 4% ( magnetic resonance imaging, MRI)
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DSC) . F2 75 43 ( F2-score, F2) . R #§ & ( sensitivity,
SEN) . 4% #f§ 2 ( precision, PRE ) | Jaccard #H 2l & %k
(Jaccard similarity coefficient, JSC) S5 PEMY 48R, 2545
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2.5D(MMAE-Net) 81.25 83.88 84.82 80.30 67.60
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2.5D( MMAE-Net) Ilfi RIS 2.5D 81.25 84.82 80.30 67.60
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@ Medical mult dimensional automatic segmentation plat form
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TE5 BRTERTSE A1 BE L Ass b, B0 X LU A8 L
ANL A SCITR 7 R AR T SRS 0 BIPERE , B
VT NZEL R MR BE /K- BAYRAM 45! it i 44
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