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An improved U-shaped network for brain tumor segmentation
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ABSTRACT Accurate segmentation of brain tumors from magnetic resonance images is the key to the clinical diagnosis and rational
treatment of brain tumor diseases. Recently, convolutional neural networks have been widely used in biomedical image processing. 3D
U-Net is sought after because of its excellent segmentation effect; however, the feature map supplemented by the skip connection is the
output feature map after the encoder feature extraction, and the loss of original detail information in this process is ignored. In the 3D U-
Net design, after each layer of convolution, regularization, and activation function processing, the detailed information contained in the
feature map will deviate from the original detailed information. For skip connections, the essence of this design is to supplement the
detailed information of the original features to the decoder; that is, in the decoder stage, the more original the skip connection-
supplemented feature maps are, the more easily the decoder can achieve a better segmentation effect. To address this problem, this paper
proposes the concept of a front-skip connection. That is, the starting point of the skip connection is adjusted to the front to improve the
network performance. On the basis of this idea, we design a front-skip connection inverted residual U-shaped network (FS Inv-Res U-
Net). First, the front-skip connections are applied to three typical networks, DMF Net, HDC Net, and 3D U-Net, to verify their
effectiveness and generalization. Applying our proposed front-skip connection concept on these three networks improves the network

performance, indicating that the idea of a front-skip connection is simple but powerful and has out-of-the-box characteristics. Second, 3D
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U-Net is enhanced using the front-skip connection concept and the inverted residual structure of MobileNet, and then FS Inv-Res U-Net
is proposed based on these two ideas. Additionally, ablation experiments are conducted on FS Inv-Res U-Net. After adding the front-skip
connection and the inverted residual module to the backbone network 3D U-Net, the segmentation performance of the proposed network
is greatly improved, indicating that the front-skip connection and the inverted residual module help our brain tumor segmentation
network. Finally, the proposed network is validated on the validation dataset of the public datasets BraTS 2018 and BraTS 2019. The
Dice scores of the validation results on the enhanced tumor, whole tumor, and tumor core were 80.23%, 90.30%, and 85.45% and
78.38%, 89.78%, and 83.01%, respectively; the hausdorff95 distances were 2.35, 4.77, and 5.50 mm and 4, 5.57, and 6.37 mm,
respectively. The above results show that the FS Inv-Res U-Net proposed in this paper achieves the same evaluation indicators as
advanced networks and provides accurate brain tumor segmentations.

KEY WORDS brain tumor segmentation; 3D U-Net; skip connection; inverted residuals; magnetic resonance image; multi-modal
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Fig.1 Architecture of the front-skip connection inverted residual U-shaped network
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Fig.2 Encoder and decoder modules: (a) inverted residual encoder module; (b) inverted residual decoder module
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Table 1 Ablation experiments of front-skip connections
Dice/% Hausdorff95/mm
BraTS Methods

ET WT TC AVG ET WT TC AVG

DMF Net®! 80.12 90.62 84.54 85.09 3.06 4.66 6.44 472

DMF Net+FS 80.85 90.36 84.64 85.28 2.73 3.92 6.71 4.45

HDC Net?¥ 80.90 89.70 84.70 85.10 243 4.62 6.12 439

2018 HDC Net+FS 80.94 89.98 85.04 85.32 2.33 4.19 5.60 4.04
3D U-Net!"™ 80.06 89.86 83.98 84.63 2.41 4.62 5.95 433

3D U-Net+FS  80.14 90.15 85.15 85.15 2.56 5.88 5.57 4.67

DMF Net®! 77.33 89.75 81.67 82.92 2.84 6.19 6.59 521

DMF Net+FS 77.54 89.82 81.93 83.10 2.53 4.65 6.33 4.50

HDC Net?¥ 77.35 89.30 81.83 82.83 4.19 6.74 7.98 6.30

2019 HDC Net+FS 71.37 89.78 82.89 83.35 3.01 5.66 5.58 4.75
3D U-Net!"™ 77.83 89.39 81.72 82.98 4.23 6.71 6.87 5.94

3D U-Net+FS  78.32 89.82 82.50 83.55 427 5.40 6.68 5.45

Notes: FS indicates the front-skip connection, AVG indicates the average value of three subregions, and the bold numbers in the table indicate the optimal

value of the same area index for the same network.

Flair DMF Net

DMEF Net+FS

Axial view

Sagittal view

Coronal view

HDC Net HDC Net+FS

e

B3 A E BRI I AL 0 (FS FORTT BB BRI, GT FnpMfE R, LL O LR R R, i OH TR AR GEE ER, KOk

TR XIS B X IOV

Fig.3 Ablation experiment of front-skip connections (FS indicates pre-skip connections, GT indicates ground truth, red arrows indicate misclassified

regions, blue arrows indicate loss of boundary information, and purple arrows indicate subregions with different sizes than ground truth regions)
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Fr#A 42 T5, 43 512 0.08%. 0.29% F1 1.17% L) K
0.49%. 0.43% F10.78%. ZEHiZ I EI#E BraTS2019
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U-Net [ 79 # F+ 2SR 3= Z 41 X Dice 8 b3 19 3 4~ X
B, 05 B £ 9% R R 0 R R IAE 3 A XY O
¥ b, A% T 3D U-Net 55 i & Bk K% 52 19 41
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Fig.4  Ablation experiments of FS Inv-Res U-Net (FS indicates the front-skip connection, GT indicates the ground truth, red arrows indicate

misclassified regions, blue arrows indicate loss of boundary information, and purple arrows indicate subregions with different sizes than ground truth

regions)
2 FS Inv-Res U-Net 1971 fil sz 6
Table 2 Ablation experiments of FS Inv-Res U-Net
Dice/% Hausdorff95/mm
BraTS Methods
ET WT TC AVG ET WT TC AVG
3D U-Net™! 80.06 89.86 83.98 84.63 241 4.62 5.95 433
2018 3D U-Net+FS 80.14 90.15 85.15 85.15 2.56 5.88 5.57 4.67
FS Inv-Res U-Net 80.23 90.30 85.45 85.33 2.35 4.77 5.50 4.21
3D U-Net™ 77.83 89.39 81.72 82.98 4.23 6.71 6.87 5.94
2019 3D U-Net+FS 78.32 89.82 82.50 83.55 4.27 5.40 6.68 5.45
FS Inv-Res U-Net 78.38 89.78 83.01 83.72 4.00 5.57 6.37 5.31

Notes: FS indicates front-skip connection, the bold numbers in the table represent the optimal value of the index in the same region, and the underlined

numbers indicate the second optimal value of the index in the same area.

7 0.27 mm I 0.41mm.
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Table 3 Comparison of FS Inv-Res U-Net with other state-of-the-art networks
Dice/% Hausdorff95/mm
BraTS Methods
ET WT TC AVG ET WT TC AVG
MSMA Net?*! 75.80 89.00 81.10 81.97 5.06 13.6 10.6 9.75
CA Net™ 76.70 89.80 83.40 83.30 3.86 6.69 7.67 6.07
AE AU-Net®™ 80.00 90.8 83.8 84.87 2.59 4.55 8.14 5.09
2018 DMF Net™™ 80.12 90.62 84.54 85.09 3.06 4.66 6.44 4.72
HDC Net™! 80.90 89.70 84.70 85.10 2.43 4.62 6.12 4.39
NVDLMED! 81.73 90.68 86.02 86.14 3.82 4.52 6.85 5.06
This work 80.23 90.30 85.45 85.33 2.35 4.77 5.50 421
Zhou et al.?? 72.70 87.10 71.80 77.20 6.30 6.70 9.30 7.40
KiU-Net 3D* 73.21 87.60 73.92 78.24 6.32 8.94 9.89 8.38
SoResU-Net™*! 72.40 87.50 87.50 82.47 597 9.35 11.47 8.93
HDC Net>! 77.35 89.30 81.83 82.83 4.19 6.74 7.98 6.30
2019 DMF Net®! 77.33 89.75 81.67 82.92 2.84 6.19 6.59 5.21
AE AU-Net™™! 77.30 90.20 81.50 83.00 4.65 6.15 7.54 6.11
CA Net™ 75.90 88.50 85.10 83.17 4.81 7.09 8.41 6.77
Zhao et al.>™ 75.40 91.00 83.50 83.30 3.84 4.57 5.58 4.66
This work 78.38 89.78 83.01 83.72 4.00 5.57 6.37 531
Notes: The numbers in bold indicate the optimal values of the same area.
LMED [ BA /N T 1.47, 135 F1 0.75 mm, X B 4 58

FS Inv-Res U-Net [ 45 (1) S5 o 1, 248 8 00 5351
PEfE. 7E BraTS2019 K IE4E I, FS Inv-Res U-Net Bt
57 3~ IX 35 Dice “FY{E B E L BE, 5T BraTS-
2019 HLFERYES — 44 Zhao HIBAEY £ 0.429%, Ji H ET
X 351 Dice F5 bR B i HA Se #7712, #5 Zhao
BA 2.98%, 5% 1 2 5% #E BS 48 45 1 WT il TC X 5§
FRIAT T IRMLEERE, LR B PERE NI, CA Net {Y
16 TC XIS T 5 L 14 Dice 458, {H7E ET X4
7% J5 FS Inv-Res U-Net [% 2% 24 2.48%, WT [X 1} %
J& FS Inv-Res U-Net W #% 2] 1.28%, H CA Net A9 3
A X 8%, Dice #4{# I FS Inv-Res U-Net fik T 0.55%.

& 5 R () 2 9 BT B A ] 430 7 i 19
o7 FIXF L, N ZE B A5 43 ) 2 Flair J7 51 . BL(H
DMF Net, HDC Net £ FS Inv-Res U-Net, )\ |- E]
J& BraTS2019 Yl Zr&E v (1 S AR ML ). 1] 5 v
DMF Net I3 H [#] H B04 2 1) 43 F) 6515, Horh Bra-
TS19_CBICA_AUW_1 43 # [ H BT 3 255 H 55
%, HDCNet f4 43 1 14 H B A 55 1R K 202 70 bR 2%
Ay, {H 2 FS Inv-Res U-Net 55 fill b 422 T ELE
s #EIA.

AR SCE 3 %8 i i 96 3 1 O s B IR 3 B R
BB RO 22 1) S B AT, FEAR T T E Bk R
FE AT AT 0 LA b, BT R A B R 4 R % 22
U JE M 2% (FS Inv-Res U-Net) . 5 & Bk B % 822 19 8
il S 56 2 BHAZ MG ARG A A0 Az A e, e B
H A RV B A i 4F &, [FIBT FS Inv-Res U-Net [ 2%
7F BraTS $iF4E 345 T K%, BraTS2018 1Y 4 ik
25 SR A 1 9 Y g | 4 g R R A% 0> | Y Dice
{873 91 2 80.23% ., 90.30% Fi1 85.45%, %= W % K IH
By W& 2.35, 4.77 A1 5.50 mm; BraTS2019 A4 56 IE
25 SR AE 3 5 Y g . 4 b Jeg R b 98 4% 0> | 1Y Dice
{873 ) 2 78.38% . 89.78% F11 83.01%, 52 & K Hif
B0 4. 5.57 F1 6.37 mm, F B FS Inv-Res U-Net
W 28 AT RS A 43 0 i ek geg . R TR Pl T R Y
I B Bk RO 42 5 A K G D — i D 45 A PR
T 6 EE— A B B ER G B A0z AT, FE ROk
AR, AT R 0% 1 G FON 45 HoAth 35
W 28 B G, HLAS SCHR S Y A R BR E Rk 22 U
TV IR 28 S8 — A~ A8 Ry LAl 1) Do) 48 B 8 R kel 25 5|
A 2 R A RS 3] i o 2% v



A 4

— 0 T M bR 23 B4 st U R 46

- 1011 -

Fig.5

DMF Net

Axial Slice 77

Axial Slice 54

BraTS19 CBICA BGT 1 BraTS19 CBICA AUW_1

Axial Slice 54

BraTS19_CBICA_BCL 1

Axial Slice 74

BraTS19 TCIAO01 335 1

Axial Slice 80

BraTS19_ TMC 06643 1

& 5

HDC Net

FS Res-U Net

AR5 i B IR L (AL OFER R BRI, B O R IR AR B ER, BOFELFR T XIS B XIS/ E)

Comparison of different methods’ segmentation maps (Red arrows indicate misclassified regions, blue arrows indicate loss of boundary

information, and purple arrows indicate subregions with different sizes than ground truth regions)
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