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LRUNet : 4 = 2% o B J28 1R 32 18 X 53 B ) 4%

RE, HEE "

VLR KN TR SIHENFGE, T8 214122

M OE: BE BN H AR TR DGR o B SRR TR AU M 25 Y IR SR T — i R
S Lo EI 2% LRUNet (lightweight rapid UNet) , 76 PIE2> FRE BE S T+ B9 IR] I, Al st sk 2D 1 2% 19 2 80
it AR FIRECR . 77iE LRUNet MZES5H 5T UNet, 4 3D-UNet (1438 18£8 /0 0 JFOR 19 1/4 W0
J4% 3D-UNet it 2 S50 ;4% UNet M4 ki Ja — 2SN I (G G5 BV IR BE v 4y B 4 A TR B ] 20 B 6
DAAISHEAR DR B, KRl P 205 2 Kt | 52 30 0 246 1) B i 20 5 ol ) 25 TR) 8 T 1 4 R AREBR ((spattial and . channel
squeeze & excitation block, scSE) , %A HHE M MR AF ] v X485 UG A 1 S E0NBLER , 46 /N VB RLUR R 280 19 AL
BRI EIRE . 85 R 7 BraTS 2018 ( Brain Tumor Segmentation Challenge 2018 ) $t#i4E b (I 7ELR I E 45
AR PRI A 4R A% DXl AR A DX TR S F AP 2 Dice 2 %0091 0. 893 6.,0. 804 6 11 0.787 2,
LRUNet 5[]y % 5 9% W 4 ) S3D-UNet #H Lt Dice A BT &7, (H /2, 55 (L} S3D-UNet 1/4, FLOPs ( floating
point operations per second ) {N 1/2, £5i 5 3D-UNet ,S3D-UNet FI 3D-ESPNet 5558741 b, LRUNet 53 AR
UERE ARSI, 7 ELAR Kb i/ D W 4 th i3 i S 850 SR NA T S (] I [0 46 A58 (v 9 00 3 75 B AR KR T
FEASPGH R LA FITE 3 4 B2 2 BUR SIS T 8

KGR 3 AEEBAL IR 4 AR 4% s B LR AR 5 PRt is: S35 U B 2%

LRUNet: a lightweight rapid semantic segmentation
network for brain tumors

He Kanghui, Xiao Zhiyong "
School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China

Abstract: Objective The brain tumor has been divided into primary and secondary tumors types. Glioma has been divided
into lower glial tumors and higher glial tumors. Magnetic resonance imaging ( MRI) has been a vital diagnostic tool for
brain tumor analysis, detection and surgical planning. Accurate segmentation of brain tumors has been crucial for diagnosis
and treatment planning. Manual segmentation has required senior doctors to spend a lot of time to complete nowadays.
Automatic brain tumor segmentation has been applied instead manual segmentation further. The intensified profile of the
tumor area has overlapped significantly with a healthy portion. Method This research has bridged the gap between the effi-
ciency and accuracy of 3D MRI brain tumor segmentation models. A light-weighted rapid semantic segmentation network

called LRUNet has been demonstrated. LRUNet has improved the segmentation accuracy and achieved the effect of light-
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weight, high precision and rapid semantic segmentation in comparison with the existing network. The amount of parameters
of these networks has been deleted compared with the algorithms in order to achieve the lightweight effects. At the begin-
ning, the number of channels in the existed 3D-UNet has deducted by four times in each output layer to reduce the number
of network parameters dramatically. Next, existed 3D convolution has been excluded and deep separable convolution has
been applied to 3D convolution to reduce the number of network parameters on the premise of maintaining accuracy greatly.
At last, the convolution-based feature map has not been beneficial to the model entirely. The weight of parameters based on
space and channel compression & excitation module has been strengthened to improve the model in the feature map, to
reduce the weight of redundant parameters and to improve the performance of the model. Based on 3D-UNet, the number of
channels has been reduced 4 times via each convolution. The network becomes more trainable because fewer channels lead
to fewer parameters. Three dimensional depth separable convolutions have de-composed the standard convolution into deep
convolution and point convolution of 1 x1 x 1. A standard convolutional layer has been integrated to filter and merge into
one output. Deep separable convolution has divided the convolution into two layers for filtering and merging each. The effect
of this factorization has greatly reduced computation and model size. The application of deep separable convolution has
made the network lightweight to realize fast semantic segmentation. The accuracy of the network has not still been improved.
The space and channel compression & excitation module have generated a tensor to represent the importance of the feature
map in space or channel direction via compressing and exciting the feature map in space or channel direction. The enhance-
ment of important channels or spatial points has been facilitated. The neglect of unimportant channels or spatial points has
been weakened. The space and channel compression & excitation module have yielded the network to remain lightweight
under no circumstances of increasing the number of arguments. In addition, the accuracy of the network and the training
accuracy of the model have been improved simultaneously. First, the tumors contained in the previously given segmentation
map have been synthesized to make larger tumor’ s training area. Second, the best model of intersection over union (I0U)
in the validation set has been the optimal parameters. Thirdly, binary cross entropy (BCE) Dice loss has been adopted as
the loss function to solve the class imbalance of the foreground and background of the data set itself. Finally, the predicted
results have been submitted online to ensure the fairness of the algorithm. Result The model has been tested in the Brain
Tumor Segmentation Challenge 2018 ( BraTS 2018) online validation experiment. The average Dice coefficients of tumor
segmentation in whole tumor, core tumor and enhanced tumor region have reached 0. 893 6, 0. 804 6 and 0. 787 2 respec-
tively. Compared with 3D-UNet, S3D-UNET, 3D-ESPNET and other algorithms, LRUNet has not only assured the
improvement of accuracy, but also greatly reduced the consumption of computational parameters and computational costs in
the network. Conclusion A new light-weighted UNet network with only 0. 97 MB parameters has been developed to 31 GB
floating point operations per second ( FLOPs) approximately. The number of parameters has been acquired only 1/16 of the
3D-UNet and the FLOPs have reached 1/52 of the 3D-UNet. The illustrated verification has demonstrated that the great
advantages in both performance and number of network parameters have been leaked out based on calculated algorithm
(note; the segmentation results have been closest to the true tag) . The lightweight and efficient nature of the network has
been beneficial to the large-scale 3D medical data sets processing.

Key words: 3D image processing; fully convolutional network ; magnetic resonance imaging ( MRI) ; rapid semantic seg-

mentation; UNet
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AR A 15 ( magnetic resonance imaging, MRI)
SRR 23 B A A TR TR 1 SC B2 W TR
T LASRAFAE TR BN 3D MRI A&, 40 T T1
I SZH (Tlee) T2 FIUR A BEW S FE K I 751 (flu-
id attenuated inversion recovery, FLAIR) , D15 & AN [7]

AR LU P 0 iR 4 1 DK I, I e 83 49 231 ( Lia
55,2020) = HA PR AT 55, RO G 3EIR A
{508 B S8 2% R IR SO Bk ot J3E R AR IR, 1k
BT REAIRIER B USRS RO, A, kg T
LA BRAE R B AEAT 3 75, IR AR AN RN ZE AR
P TeA DX Jml ) e B8 ) AT 5 ekt B G 23 A AR R B Y
Bo FTLA, R 04 B — 3T B PR T
Vi, IF HA SR AR 2 27 73 ) 0t iy PR X ) LA )
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HZ T T HI T 08 VR I B2 A A6 2% R 3 1Y B[] A
RESEM. PRI, s —A A 305 20k 70 B e

£ R 25 B 4% ( convolution neural networks,
CNNs) 7E SR ML 5 SRS T AR K A4 12 ( Long
85,2015) , SRy, $E 0 TR 2 AT IRIE S TR
AR o B 75 201 HIRAS T BE RIRCR . Havaei
N (2017) & —ABGH B A, — AR A Hb iR
SIS B g 11 1= BTl D i 1 5 D2 0 i B
Ja) bR SCRHIE, Kamnitsas 558 A (2017 ) $& 7 —F
%0 deepmedic B EALEE L2 R CNN 224 %
ZRRYAIH 3 4t A%, E A i 43 BRI o0 R i
BAFRN P HIGIR . BAh, M6 3 44 i i kA
BEMLIZ KA B BRI PH % . Tsensee 55 A (2017)
& T84 3D-UNet, X AT 9 UNet ZRAG#E4T 147
A e, I HLAE T Dice 512K pRBOR i PRI 7]
B, 7E 2017 A9 BraTS ( Brain Tumor Segmentation )
A EIOS TSRS AR, ERTTEARRE
WASBEAF HIRCR  (HJE 28 I S50 ROK, S 80U
L 8 R 288 Tk RS S PR I o R R A TR ol
2 M2l T 3 Y AU HE PR ARG A 1 — R oA 2%
I7¥E (Cicek %5 ,2016 ; Milletari 25 ,2016) , {H 12 5%
M2 4k CNNs HlLL, Z)2 100 3 R, HAT RIS Y 4k
L, SBOTRA R R, BT e g 2siliE
(P e 2 I 2% R R of A the i — [R) L, 3 A,
3D-ESPNet( Nuechterlein 1 Mehta,2018) , 1% {9 2% &
ol PR g 2 R T A 1) A BN 2 A 1 S O3
2 I T R e AR B Y 3 kil SCor I, S3D-
UNet( Chen 55,2018 FI| HI 7T 73 B 143 4 581, 4% 45
A3 YEBAT 3 A TRATIY 3 3, LA M 48 28K
A, X EETETE M 2 24 i EA T
HE A RAESFEIRGRE E R BRHA

T SRAb 3 4E MRI G e 23 BB 58 il A
SRR 2200 A SR D — PR Y 52 S 2 UNet
%% LRUNet, %02 B4 3 BL00H7 s a0 R . 8 5, 3¢
THEGEHY 3 R KR B ] o B AUV 21 3 4
W v TELRERE FEAS T R 22 A A4 T R b ik
DT s SR R B R U AR B 1 RRIE IR
TP SRR BIFA 2 58 A F) T AR X — R, R
SCAE T seSE AREHR R i R iE ] rh ) A5 B A ) 2280
MR IZRE A AR T AR S B A, T B4 T+
THROUAPERE . LRUNet B9ZHCRAUA 0. 95 MB, &

FL R FH T 103 e 96 53 0 5008 b 2 80 D i 22
—, I HL o R RE AT LR B PR i o HI8OR

1 HXIE

1.1 3HERENHTEER

B2 19 Jii Ff 928 - 50 P 45 DR Sy Jiek o A 3
(SRR, B 45 F B 0 9 %08 | I LR A
Bl & LA A RETE N, X T AR BNA T A —
(1) BELRS: (] EX AR I 2020 VT 52 E 45 ,2020) . %
GRAHTE SC o3RI 1) D 28 R 8% T fin bRk b 5 1 o0 A
% o PRUEGFRT TR 2 2R SEOOR , Tk Ik B 5%
HEHAROR R EE T 53 8 45 B0 L o5 AR ] LA
W K HI D BRI SE (X = 458,2019) . 3 4ERE
A3 B ( Howard %2017 ; Chollet,, 2017 ) ¥4 bR 1fE
BRI IR x 1 x 1 S ER, — M
HEM BRI S A A R — N, RS
S EGRGT RW)Z , — D)2 Tt
U, 05— BT A I, XM PR 2055 i 1 ROR KRR
TR RRIRL RN, 3 AETREE ] 43 B S A A 1
Fimn, —hRiER 3 G B BUZHAN F(D;, x M)
AR, 2, D, FRORFFIE B KON, M RoR i
NGB KN, Hi i G(DE, x N) BFRERE, X
W, D, FonE AR RN, N F R E
KA, BREN K(Dy) , Dy R BFZE KN,
PRES BTSN . Dy x M x N x Dy IRBER] 43
HERIITTREENRESML x1 x 1 5 EH
PHEEZH D, xMxD), + MxNxD,, WRER/E
RS EEERITEREZ N

Dy xM x Dy + MxNxDy D L L
D, xM x N x D, N x D, D,
(1)

AU ] 20 B U R HB BRI T M4 1 S 800
A FIEE F 9280k 32° x 16, fi tH FEEE]
G MZSHER 16° x32, BH U K S50 R 3° 1%
JER S B SR ERNT R Z Y
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25 1] H 447 71380 18 38 & BB (spatial squeeze and
channel excitation block, ¢SE) (Hu 5%,2018) & 4F1E
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Fig.2 Spatial squeeze and channel excitation block
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Table 2 Ablation experiments of each module

Dice Hausdorff 95
R
ET WT TC ET WT TC
3D-UNet 0.7250 0.884 3 0.769 9 5.418 05 6.940 52 9.913 67
3D-UNet + dsc 0.728 5 0.874 6 0.767 4 4.944 53 9.438 72 9.894 92
3D-UNet + scSE 0.730 2 0.886 3 0.791 7 3.5339 6. 323 06 7.383 16
LRUNet 0.787 2 0.893 6 0.804 6 4.559 43 9.262 04 9.111 74

TE L P R oR B8 R e

Bf 2 T A S AR B A R 0, XA KO 8 /Y
BAROIR AT L5, XL SRR RNk 3 R,
XK 8 5y #1752, K0 16 195015 2NAE
Dice f545 F ET FI WT R4 W2 AOEE T}, 100 WT $5 45
BT R 8 170 %1 75 20 ER AR TR D

(FAGE 1€ Hausdorf®5 fF5 45 H ET 1 TC 3545
PR 8007 20, o EI s A Z A K, WT F8Arh 2K
8 WA AR 16 B, &5 Likscs
3BT, SRR R 16 89U R 7 20 R SE 56 e 2 5
WY

R3 ARG M ER R0
Table 3 The effect of different step sizes on the network

Dice Hausdorff 95
ET wT TC ET WT TC
$£K 16 0.787 2 0.893 6 0.804 6 4.559 43 9.262 04 9.111 74
$K 8 0.767 4 0.895 2 0.784 4 4. 382 95 6.079 32 9.573 89
I R R R S AR S
3.5 5HMEELE 3D-UNet , 33X it FH I 265 245 #4) % 52 56 45 SR 2 ma 4R Kk, I

M 4 7T LI S Y LRUNet 9 4% 2508 Al
FLOPs ( floating point operations per second ) &L T
[i5] Ay 2 8 2 e 988 31 X 266 1Y S3D-UNet ( Chen 55,
2018) #1 3D-ESPNet ( Nuechter-lein 45,2018 ) , 31 H.
TERG B B A g It X b H e & 3. 1)
3D-UNet ZHiH IR 2, (HIRHE A 22, A LS HL
/D TEFTA 3 FERY Dice 565 FRGEEIIILT

HL—5%F FUARI T A SCEE M A 3L, 2) &7k
£ TC Mg b o B 88O e, #E ET AR 322
R ECh ET 7 il g 43 %1 v o S /IS B9 i 9 [] Fsf
X TFARGNE BT Ie8 IF AT g He s X, T LA ET 72T
AR Lo E SR 25, B 8 YT T LRUNet
55 3D-UNet 7ESRIEAE H 1) 43 B 45K AT LA ) LRU-
Net 43I 25 R N4 AR 45 81

x4 SHEHAMERMEREXTLL

Table 4 Performance comparision with other algorithms

Dice Hausdorff 95
TBEAY SR /M FLOPs/G
ET wWT TC ET WT TC
3D-UNet( Cigek ir#,2016) 16. 21 1 669. 53 0.7596 0.8853 0.7177 5.418 6. 940 9.913
S3D-UNet( Chen & ,2018) 3.32 75.20 0.7498 0.8935 0.8309 4.432 4.716 7.747
3D-ESPNet( Nuechterlei %,2018) 3.63 76.51 0.7370 0.8830 0.8140 5.295 5. 461 7.850
LRUNet( A< 3C) 0.97 31.91 0.7872 0.8936 0.8046 4.559 9.262 9.111

T IR R R R 5 B A2
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Fig.8 The visual comparison of MRI brain tumor segmentation results in horizontal plane,

sagittal plane and coronal plane( (a)3D-UNet; (b) LRUNet; (c)ground truth)
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