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Abstract; To improve the accuracy and quality of glioma MRI image segmentation, this paper designed a hybrid offset axial self-
attention mechanism for the glioma segmentation algorithm MLA-Net ( Multi-level axial-attention net) . The offset axial self-attention
mechanism and hybrid loss function designed in this algorithmic framework could be used to extract more accurate global relative po-
sition relationships, as well as to enhance the sensitivity of the net to detailed structural features and to achieve the role of accurately
segmenting the fuzzy boundaries of gliomas, respectively. The experimental results showed that the dice coefficient of MLA-Net
could reach 0.843 3 and the Hausdorff distance was 2.587 on the mixed data of BraTS 2018 and 2019. The MRI image glioma seg-
mentation performance of MLA-Net was excellent, and could fuse the global relative position features and local detail features to bet-
ter segment the lesion region.
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Fig.2 Self-attention mechanism comparison diagram
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Table 1 The results of the ablation test of each component of the algorithm
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Table 2 Loss function ablation test results

IR SHEEE D I H
dice loss(a=0.8=0.A=1.0=0) 82.84 74.61 2.640
GUEAT b .dice+bc<?, loss(a=1.,8=0,A=1.6=0) 83.70 75.51 2.628
dice+bce+iou loss(a=1.8=0.A=1.60=1) 83.89 75.74 2.615
dice+ssim+bce+iou loss(a=1.8=1.A=1.0=1) 84.23 75.93 2.594
(1) Mix loss(a=1.8=1,1=0.2.6=0.2) 83.90 75.69 2.602
(2) Mix loss(a=3.2 . B=4.A=1.60=1) 83.97 75.77 2.598
(3) Mix loss(a=1.8=2.1=1.0=1) 83.21 75.02 2.652
WES ALK (4) Mix loss(a=1,8=1.51=1.60=1) 83.67 75.43 2.634
(5) Mix loss(a=1.8=0.9.A=1.6=1) 83.80 75.58 2.616
(6) Mix loss(a=1.8=0.5.A=1.6=1) 83.67 75.45 2.637
(BAZBH) Mix loss(a=1.8=1.2 A=10=1) 84.33 76.01 2.587

TRA 5K PR B dice il iou Loss iR S e
LT G S A G O, TR A 35125 REUH H dice il
iou Loss fif IR 5198 EMG T IS e AN B 1% 0, (R A7E
e st 17 0T BV 2 R0 S0 00 AR o /N B, e B 25 R
K, XFHINGEATE, MAAENESEILR (1.2)
Hh I RE A 7E FEAI dice 1 iou Loss A H By [R] ), i

PR S5 A Y 1 1), ik B B IR dice
iou Loss A EE 73 E L8 T IR, Wi REIE A LA,
RO TEIR A A PR S N ssim pRIESCER 25 1)
ZEXF I FHE B DR B 35 (3~ 6) JA %K ssim R
B o FIRCR e B BUE, X5 IERT B
BB PSS T 1.2 B PR RESR TT,
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TE B=1.2 B WA Fe o HIROER .
3.2 BESBERITE

AR L 6 45 R 3 4 BT, 7 ik i R
oo BT 55 W, Ulnet BLIE 0 6 UL LR A T e
PR, 7F Brats201882019 ' dice R %l 83.4, ¢
Brats2017 #1 dice %00 82.20, %5 k1 £ 9tk
R R rh oG B TR W R R RRAE , R
FeZe i, MedT FFH b i) 3 55 M 4% S5 90 £ 53 32 4%
LT 2R B E B (B A H Transformer
Y13 A R s A B8, 2 >k U0 40 5 45 RIS B[]
(R3] 0K 22 B 20 B 1 ) 8T, ERTN 4% 4 R-Trans-
former 5 U-Net ¥ & — W5 52 W 2% | DL i gk &2
AT SCRRIE AN 42 R bR SCfE B, 43 ) 7E PR R 8
ST dice %N 83.27 M1 83.10, 78 & # 1k
FHARMY, AR S T BRI 4 A
TR P G T 405 RROE S 2 R A,
[V BT R 43 o A DR IIE T 4R A0E 1Y 58 B 4
TEPEARAE T, 5 R TRIEL M AH L, dice FREX
SRR T 1.20 FI1.01, 55 4 2 W 45 4 oyl 2
BT 0.49 F1O.11,
3.3 KSR S

9 ETWL B AR AT MLA-Net B4 EI50H | %
S EI G R T AT AL, W E S TR, X FIgOR
KU 895 K X, Unet , U”net . MedT %5 J5 12 1) 43 I 45
RS E M AR AIVR BT FL | Att-Unet  Unet++55 7
T2 W b DX 3k 1) ZE e 15 551 Sk 5 kX, MLA-Net
pan 1 BUETE) | R SR O NS ST B3 2 2 S

Kb TF B BSAZ AR ) 9k X, R LR v
1976 1w A 2R Sk ke X, AW 5 1) T ik
FRITE R T Bl R 43 0 A 1 A 4, BEAR T 1R )
TR T EIR R,

%3 Brats201882019 Hr i/ EI 55 BT 1

Table 3 Comparison of segmentation results of different
algorithms in Brats2018&2019

Byl Tk D I H

AttentionUnet' ) 81.36  73.28  2.664
Unet++¢ 81.73 7371 2.642
Unet!™” 82.04 74.16 2.617

BRI e
DARTS!! 81.55 173.23 2.678
SegResNetVAE!'"”! 83.01 75.07  2.605
U?net'>’ 83.40 75.56 2.584
MedT! >/ 81.13 72.41 2.698

e -WIE 557

ERTN!*! 83.84 75.89 2.590

MLA-unet 83.27 75.08 2.596
MLA-Net 84.33 76.01 2.587

KN WIRES

4 Brats2017 TPRIE RIS RN
Table 4 Comparison of segmentation results of different
algorithms in Brats2017

Byl Jrik D I H
Unet'" 81.18 7243 2.698
BRI SegResNetVAE!'""! 81.79 73.87  2.655
Unet' 82.20 7420 2.646
. . MedT!>! 79.65 70.13 2.728
EEWIR S5 y
ERTN! 83.10 75.54 2.616
AWFFT Ty MLA-Net 83.21 75.41 2.601

(a) Unet (b) Att-Unet (¢c) DARTS (d) Unet++

(e) Unet

(f) MedT (g) SegResNet  (h) ERTN (i) GT

K5 s R A

Fig.5 Visual comparison of segmentation results
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