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Lightweight Brain Tumor Segmentation Network
Based on Dual-Path Feature Fusion
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Abstract: Brain tumors rank among the most lethal forms of cancer worldwide. The fast and accurate segmentation of
normal brain tissue and malignant tumor tissue from 3D magnetic resonance imaging (MRI) scans is crucial for clinical
diagnosis and surgical treatment. In recent years, convolutional neural network-based segmentation architectures,

particularly those using 3D U-Net architectures, have shown exceptional success in this area. However, the existing
3D U-Net-based networks often face significant challenges, including loss of information during down-sampling.
They also cannot automatically focus on small-scale foci, fail to incorporate sufficient global context information
interaction between encoder and decoder, and possess a large parameter size that induces high computation costs. To
overcome these limitations, we propose a lightweight brain tumor segmentation network that utilizes dual-path fea-
ture fusion. First, our network enriches each encoder layer with low-level details from the original data through an
additional branch path. This design compensates for the loss of feature information typically caused by down-
sampling. Second, we introduce a multilayer pyramid guidance module. This module serves as a sophisticated alter-
native to traditional skip connections, significantly enhancing the acquisition of global context information at differ-
ent levels of the decoder. Lastly, our network features a multiview cascading attention module in the output layer.

This module automatically focuses on small-scale tumor regions from each view, utilizing the inclusion relationship
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between different tumor regions. Our extensive testing on the BraTS2020 data set has yielded promising results, with

Dice coefficients of 78.64%, 89.51%, and 83.77% for enhanced tumor region, whole tumor region, and tumor

core, respectively. These achievements were accomplished using only 0.55%10° parameters and involving 41.21x10°

floating point operations. Further validation of the BraTS2018 data set confirmed the network’s superior performance

in localizing and segmenting various focal regions of brain tumors while maintaining a small computational load,

which is particularly significant in clinical practice.

Keywords: magnetic resonance imaging (MRI) ; brain tumor segmentation; lightweight; dual-path; multiview

cascading; multilayer pyramid guidance (MPG)
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PFE-Net (HDC-Net + PDS) 0.38 26.57 77.92 89.45 80.71 27.24 5.73 13.59
PFE-Net + MVCA 0.38 26.74 78.08 89.71 81.18 29.33 4.93 17.78
PFE-Net + MPG 0.55 41.03 78.43 89.50 82.44 29.23 8.17 9.61
DPFF-Net (PFE-Net + MVCA + MPG) 0.55 41.21 78.64 89.51 83.77 26.33 7.43 8.36
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Fig.7 Visualization of the segmentation results from the ablation experiments

232 AEEFYHEM G W 3t 5 i

R T BRAEA SO HE W 45 1A s, ARSCHUER T
DPFF-Net 5 HAh 48 fa A RIAE BraTS2020 Hdiade
R EIPERE, SCIREERANSE 2 FER. AT X e
fisEa 43, T 3D U-Net % HAS A HAG i 1 5
1, PIAR SCRE R Akbar 23R I LT HZ 3D U-
Net F W& B B 2 %) W 4% | ME-Net™ |
CASPIANET++245 5 3 U-Net P28 4T AL, It
A, B&F Transformer AYMZEEEFTHE CNN Zog s
(14 Jey B, 7 B B gg 1) BUAS T 400G I 43 B
A S 2 B SwinBTS? | TransBTS™™ 45 4t
Transformer W 2547 %] EE.

e 2 g | e E TransBTS #E7
M, DPFF-Net HIBHaisi/b 32.25%10°, i 5 iHA

TBOH 291.88x10°, Mi7E ET. WT, TC X451 Dice
ZEUT AT 0.14% . 0.51% . 2.41% . 5 HABAE R &
T 28 A L, BT 11 DPFF-Net AV H AT K52 42
BE AR SR PE A, T EL o) EOR EEAS B KR T
PRl it , DPFF-Net 7EF 6 9 45 v B AR 58
7.
233 BFHNEN B W &AL R
h T RAEA SCHTHE R 45 25 A PERE , A SCIR BRI
SEHRIE | R4 HIORS BE B JEN) , B DMF-Net % 1
Rer iz Ak M4 5 DPFF-Net #1751 H. SZ4s 5 I,
3 MIA 8, K 3 hryEdE A HTH BraTS2020 ¥4
XA 25 T 1S

M 3 ATLIFH, DPFF-Net H{#ifj T 3D ESP-
Net*N/6 Ze A7 IS ECR N 1/2 Zo A5 TF OB B,



+ 1184 -

KA (A SRR 5 TR RR)

F57E H11

M ET.WT H1 TC 1) Dice ¥ T RIEHER, 43591
BTF 9.64% . 2.41% 1 5.17%. 5 DMF-Net I,
DPFF-Net 25070 85.80% , Ifii Dice R

Tt 1.31%. LB, ASCHr i i A it fek
WL AT

F2 AFRERMIMPREM X LI

Tab.2 Comparison experiment of non-lightweight brain tumor network

[ BHR0° {?5@% Dice %% HD/mm

wE0° ET WT TC ET WT TC
3D U-Net!'! 16.21 1 669.53 68.76 84.11 79.06 50.98 13.37 13.61
V-Net?* — — 68.79 86.11 77.90 43.52 14.49 16.15
ME-Net?" — 70.00 88.00 74.00 38.60 6.95 30.18
Residual U-Net®! — 71.63 83.46 76.47 37.42 12.43 13.11
Attention U-Net®® — 71.83 85.57 75.96 32.94 11.91 19.43
Akbar %1 — 72.91 88.57 80.19 31.97 10.26 13.58
CASPIANET++12! — 71.37 89.26 81.56 27.13 7.22 9.45
Vu &7 — 77.17 90.55 82.67 27.04 4.99 8.63
SwinBTS!? — 77.36 89.06 80.30 26.84 8.56 15.78
TransUNet!'?) 105.00 1205.76 78.42 89.46 78.37 12.85 5.97 12.84
TransBTS™? 32.80 333.09 78.50 89.00 81.36 16.67 6.47 10.47
DPFF-Net (2 3C 4% ) 0.55 4121 78.64 89.51 83.77 26.33 7.43 8.36

A SCHYELUE R 48 L HDC-Net N3t , B T
HDC-Net W51t Fifk, SFECLEME 3 X
WAy E e bR LRI E. 5 HDC-Net A, DPFF-
Net 7£ ET. WT #1 TC I Dice 205> 53T+ 2.22% |
0.49% #1 2.91% , HD 43 5|4%i% 9.49 mm.2.18 mm F
4.66 mm.

DPFF-Net JSETE M2 S 40w FTE AUa s s

W A7 388 o1, AELZE Jof e ST DX S A X3 A /N g 4 )
b B A N A RO A 2 L, R AL
St N IAE A TR A BT B LR R, AR SGEIULAT
T4 ST R M 4% DMF-Net F1 HDC-Net #1743
ENGE R BT, 8 43 HIEAR T BraTS2020
YIZEER) 3 ANFEPLRE]. @i 8 (b) Brzk, HDC-Net
REAZ 431 i red () R EBOR AR, (EG T Bl () /N AR X
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Tab.3 Comparison experiment of the lightweight brain tumor segmentation network

(a) FLAIR BiZs (b) HDC-Net

I NCR & NET

(¢ ) DMF-Net
ET Bl £D

s i S H50U%
2% SR 10° {iﬂj% Dice ZEU/% HD/mm
WHU10 ET WT TC ET WT TC

3D ESP-Net®! 3.36 76.51 69.00 87.10 78.60 31.29 7.10 14.61

DME-Net!'¥ 3.88 27.04 76.41 90.08 81.50 35.17 7.17 12.17

HDC-Net!'%! 0.29 25.62 76.42 89.02 80.86 35.82 9.61 13.02

DPFF-Net (A< 3C 2% ) 0.55 41.21 78.64 89.51 83.77 26.33 7.43 8.36
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Fig.8 Visualizations of different network segmentation results
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55, HAM ORI A FIAR . DMF-Net 943545 5414
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(525 R 8 (d) Frw , HoorHH i I X 3 5
FUEPRAE SR, U A i X B S 2
I, S50 8AIE T DPFF-Net FO e
234 & BraTS2018 384 b9 xd b 5256

T P4k DPFF-Net ) CPEREFIIZALAE ST, A%
SCAR AT DPFF-Net 5 H AR A RIZE BraTS

2018 FdE s Y srEIbERE.

TE BraTS2018 %udiide FAS2Ipy4s sk 4 fr
7~. DPFF-Net 7£ ET . WT ., TC X181 Dice Z%0751
} 80.93% . 90.74% . 85.11% , 5 3D ESP-Net #
DMF-Net A Eb LA B8 /20 19 S 500RN B8 15 19 0 RS 1
5 Akbar R I MZEAR L, 7E ET . WT, TC X%
) Dice ZEHIET 3.22% . 1.15% . 5.34% , HD 43
S/ 1.25mm . 4.09 mm ., 3.71 mm. [Xt;, DPFF-Net
FER N R 25 v SR B MY B A S 4 .

R4 7 BraTS2018 ##E & AT LL 3008
Tab.4 Comparative experiments on the BraTS2018 data set
2 BHE100 FisE Dice Z%0/% HD/mm
WHU10° ET WT TC ET WT TC
3D U-Net''l 16.21 1669.53 75.96 88.53 71.77 6.04 17.10 11.62
3D ESP-Net™! 3.36 76.51 73.70 88.30 81.40 5.30 5.46 7.85
DMF-Net!4 3.88 27.04 80.12 90.62 84.54 3.06 4.66 6.44
HDC-Net!'®! 0.29 25.62 80.90 89.70 84.70 243 4.62 6.12
Akbar 1! — — 77.71 89.59 79.77 3.90 9.13 8.67
Zhang %512 — — 78.20 89.60 82.40 3.57 5.73 9.27
DPFF-Net (A 3C M 45) 0.55 41.21 80.93 90.74 85.11 2.65 5.02 4.96
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e T PR AN [ DX 2 RS . T XU AR G A
R CBIR Bl 7870 Bl IR RHIE AR B, Ah I8 R R AR
R RINATE R, R MPG AU L g kiR
e, BAME GBI HE TS S8 DL T I 7 AR Y
BRSNS 2 RE BT SCUEE. W
INF, ZERL ST B BEAl EAH MVCA ke, i
DX B ORI A PR SSEA TR 240 5351, 72 e A /) DX e
o FIRS .
£ BraTS2020 #ifa4e [ sLs 4 kW], DPFF-
Net 7€ ET.WT Fl TC X3 [(°F-¥ Dice R4
iK% 78.64% . 89.51% Fl 83.77% , ZHUALN 0.55 x
10°, 17 BT UCHU 41.21 % 107, [l dad 524
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