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Lightweight Brain Tumor Segmentation Algorithm Based on
Multi-View Convolution
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Abstract Brain tumor segmentation is significant in the development of medical image processing and human health.
Owing to the high complexity and sophisticated requirements for the hardware equipment of 3D convolutional neural
networks, this paper proposes a lightweight multi-view convolutional brain tumor segmentation algorithm. First, a
multiplexer module is used to effectively fuse the information between each channel, and the extraction ability for nonlinear
features is added to the model. Second, pseudo 3D convolution is used to perform convolution from axial, sagittal, and
coronal positions, and group convolution is added to save computing resources and reduce device memory usage. Finally,
trainable parameters are used to weigh the importance of features extracted from different views to improve the
segmentation accuracy of the model. In addition, the distributed data parallel method is used to train the model to improve
the graphics processing unit (GPU) usage. Experiments on the public dataset of the 2019 Brain Tumor Segmentation
competition demonstrate that the average Dice similarity coefficient of the proposed algorithm is only 2. 52 percentage
points lower than that of the first-place algorithm, however, number of parameters and floating-point operations are
reduced by 84.83% and 96. 67 % respectively, and the average Dice similarity coefficient is 0. 05% higher than that of the
runner-up algorithm. A comparative experimental analysis verifies the accuracy and lightness of the proposed algorithm,
indicating the possibility for wide applicability of brain tumor segmentation models.
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Fig.1 Overall diagram of the proposed algorithm
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numbers of the input does not equal to the output; (c) multiplexer module

2.2 HEERE

R T B T () 3 T R A R A U Bl PR O 1G n A R 4
WCE S R AR 1Y RE 7, A8 &2 3 L AR S MVC R
JCH L R 4 o i 2(c) s, B H AR B il AN 2
BRI X I X 1L BK N 1SR A K, 2 r
Sk E AR K, AT AR R T ST R M, M, 53 5]
FoRE A B A S AR e . B AR
A& )

M, . M,
101:]\4in>< + ><Mom: o (1)
r r

.

18455 = 45 RS0 K, HBE A M4 0 IR 45 5
L LA B . Wang %57 B fE 583 X 3 X 3R
BRI N 3 X 3 X T RSFRYI R N &R AT X
I X 3RS Y B [ GBI T S50 . R
AN TR A 4 B 47 24 U FLJER 2 BF R [R), 4 B9 R AiF
RFMEAT . N T 50 IR M6 , Wang 55 2 5l i ] =
AR A BE Y1 7 N B U 5 U0 8] 46 BB 41 A
LR B T U R A A5 3 = A I O[] A0 I 1 B

M, (M, + M...)

AU B 20 = AR 25 SRR AT R G, SC BRS04
SR I AN BB, R, BT 4R Bk A B R v
i F O = 4 0] B N B BDRSF 23 5o 3 X 3 X 1.3 X
1X 3T X 3 X 3R , N =/ AN [A] A0 141 ff B
176 B o nT I 2R E S5O 25 S it TRl &, 2B
Ay
Pl 3 A i FH %) PR = 2 5 B DA AN [R) £ B 0 A7 3 B
B 7R B, MV C BT A = AR T8 0 £ 08 47 4 A
o AT U0 SR A S AT A I, A RS S B .
K 2(a) 5K 2(b) frs , H C, Co 43 32w O = 4
G A S B R E R, B Co= Moo = 1h
o Y AN S AN &
. k2C,Co n k2C,Co N K CoCoi _ Sk‘Ci,]C(,m,
g g g g

(2)
&7 F g 43 0 3R B = 4k 6 TR S 80 Ry 2
R oy LB,y %0 9 100 FE PR Bk, 24
MV C 50 5 i A T 18 50, RIS P 48 50 B 1) i A 3 3

1010018-3



£ 605 F 10H1/2023 F£5 A/ SBFFHE

B3 Al LA A O = 4 B A5 AROR ZIET () Bl 47 5 () AR A 5 (o) SR A

Fig.3 Schematic of pseudo three-dimensional convolution kernel convolution from different views. (a) Axial; (b) sagittal; (¢) coronal
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Table 1 Parameter setting during model training

Parameter Content

Weight decay coefficient 0.00001

]

Weight initialization He initialization"”

Initial learning rate 0.001

Optimizer Adam
Training times 600
Batch size 12
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Table 2 Segmentation effect comparison of various algorithms on BraTS validation set in 2019

Algorithm Parameters /10°  FLOPs /10’ Dice /% HD95 /mm -

ET WT TC ET WT TC

Proposed algorithm 0.71 6. 64 78.32 89.63 82.1 3.22 4.78 6. 20
Algorithm in Ref. [ 11] 4.68 199. 69 80. 21 90. 94 86. 47 3.15 4.26 5.44
Algorithm in Ref. [12] 75.40 91. 00 83.50 3.84 4.57 5.58
Algorithm in Ref. [ 13] 77.00 91.00 83.00 3.92 4.52 6.27
Algorithm in Ref. [ 14] 5.90 1534. 99 75.57 90. 29 79. 32 4.77 4.49 8.19
Algorithm in Ref. [ 15] 33.55 293.76 72.31 88.82 78.33 4.91 8.12 7.56
Algorithm in Ref. [ 16] 75.90 89. 30 80. 70 4.19 6.94 7.66
Algorithm in Ref. [17] 66.68 85.27 70.91 7.27 8.08 9.57
Algorithm in Ref. [ 24] 3.88 27.04 77.60 90. 00 81.50 2.99 4.64 6.22
Algorithm in Ref. [ 18] 13.08 233.36 77.60 88. 40 79. 60 4.48 9.11 8.68
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Table 3 Experimental environment and settings of various algorithms

Algorithm

Experiment device

Batch size Patch size

Proposed algorithm
Algorithm in Ref. [ 11]
Algorithm in Ref. [ 12]
Algorithm in Ref. [ 13]
Algorithm in Ref. [ 15]
Algorithm in Ref. [ 16]

Three parallel Nvidia GTX2080Ti(11 GB) GPUs 12
One Nvidia Titan V GPU with 12 GB
Two Titan GPUs with 12 GB
One Nvidia Tesla V100 32 GB GPU
One Nvidia Titan Xp 12 GB GPU
Two GeForce GTX 1080 Ti(11 GB)

128 X128 X 128
1 128 X 128 X 128
1 128 X 128 X 128
1 160X224 X160
1 128 X 128 X 128
2 128 X128 X 128

Algorithm in Ref. [ 24 ] Four parallel Nvidia GTX2080Ti(11 GB) GPUs 12 128 X 128 X 128
Algorithm in Ref. [ 18] Three parallel Nvidia GTX2080Ti(11 GB) GPUs 9 128 X 128 X 128
high-grade gliomas
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Fig.4 Comparison of segmentation results. (a) T1; (b) Tlc; (¢) T2; (d) FLAIR; (e) segmentation results of the proposed model; (f) expert

manual segmentation results
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Table 4 Comparison of segmentation result of different MV C units

Parameter Area Proposed algorithm Model 1 Model 2 Model 3 Model 4 Model 5
WT 89.63 89.10 89.47 89. 54 90. 08 89.71
Dice /% TC 82.10 80.00 80.78 81.97 80. 18 81.29
ET 78. 32 76.19 76. 50 77.02 76. 30 77.05
WT 4.78 7.61 7.70 5.30 4.52 5.09
HD95 /mm TC 6. 20 9.00 15. 89 5.76 6.39 6.68
ET 3.22 32.41 35.40 2.95 3.40 2.84

Note: bold font is the optimal value for each line.
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