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Abstract; To improve the segmentation accuracy of regions of interest in the diagnosis of various
neurological diseases and promote further application of convolutional neural networks ( CNN)-based
semantic segmentation, this paper summarized the applications of the semantic segmentation method
based on CNN in a variety of neuroimage research. First, the current CNN architectures, as well as a
variety of classical models based on CNN semantic segmentation and their variant were reviewed. Then, a
comprehensive coverage of their application in neuroimage area was provided. Finally, future directions
and challenges in this important field of research were discussed.
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Fig.1 FCN model illustration
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Table 2 Comparison of typical semantic segmentation networks
EE-Z7S Ay CNN Ptk BTk
23BN 1E SRR ) 2 Y AT
i TR ilji {E% ,j%ﬁ %IW %*bnﬁf XE{ s EEitH@
DeepLabvl (2014)™! VGG B ERAIEHE G R, Ve R b R 5 Ab SR
Je Ab FRAR ) ke B s .
0 24 i 1 235 SR A 1 AR
P 2w A S 4 A2 AR 7R R AR AR 4 2. WAL i
- 7 PRI SR BRIE S S5 RSB B RS
—Net(2 A SE I CNN 15 2
U-Net(2015) A s TEFISE 2 TR U T8, A T B 50 e 4
AR R RS R A — S T AY(E B
T4 2 Ad 4 G4 SRR, HEAT A RS B S R
ParseNet(2015) " vee % %LéﬁthﬁEx@{%B’J%ﬁ#ﬂ LT 2R R B 5 R
{5 BRYRG
TEL B FHE 2 AN B 9 R AR AT H R A AR
DeeplLabv2 (2016)7  VGG/ResN Y ) 4 ’
ceplaby2 (2016) esNet I R R T 25 B
PSPNet(2016) 27 ReaNet P 4 P B S AR X0 F R SO T R
esiNe = b=
¢ W4 R {5 L fiE
ReSeg(2016) 1% VGG/ReNet  4ifid fERamIZs Kb A4 51 AR LorEHE S
| 4 ResNet =5 B[] 43 P 2R B RRAE il 4 RefineNet 2
RefineNet(2016) 1] ResNe M2
1(2016) ! I PR A
Xt KSR MU T AL, T T 55 R BRIk K
v3 (2 (3] VGG/ResN Y [ 4 B - ’
DeepLaby3 (2017) esNet s 4% R RIS R 2 B B 40 ke 22 R T 031
SegNet (2017) " VGG SR R 245 HF ittt B P RS A AL R 5 R P AT IR et L R
T RS 0 2% T P B3 402 AT A L AR 3 T — A
DeepLabyd + (2018)™  VGG/ResNet % T ST X 2 v fF P Bk AR o e AT AR AE L &, 15 8 T — AT

PR SR ) G B — i G 1 2%

A7 B 2EAR SR T AR AR E A
2.1 FERARER
MR L BRAEI A SUR KM L4
BT TAER S — 20 R, LA M 2™ JE 5 ) J 22 1Y
ARBL R M, 2Rk B TR A
i 1 PR A% ( magnetic resonance imaging, MRI) f)
WFSE, IS TR AR, B TR AR S Y
SEAREE B LR N A T g BB 19 K i A
Ko sl i PR i 5 R A AR RN, A
THAALWTZH K14 (computed tomography, CT) H,
HIR %5 N 200358 45 L L1 CT 5 080 3 5005 K Jini 41 204
fBL, PRI MR BB 5 12 7R 2 X I — i SR R
#e2%. Akkus SRS LT 4k U - Net 2 Fk ik (1
T4k U-Net, =4 U-Net 1 SegNet 5 F 25 118 L
M2 X CT EUER P AR ZH 2L S BRAcR . Horp X =
4t U—Net BYEFH 1 /> Btk MUAS A2 38 3 42 T G B 45 1Y
B BUD IR SO PR FERCR. TR leakyReLU 5
R ReLU VRIS pRAL. % 4 U—Net #9552 2L
RS I X0 WAL 4 e A AT G B A v o iy 4 AR B 22 (1]

JASEAL SR E A SR 22 7 4. =4k U—Net %% H
T AR R XIABERIHET T 4 5 RREE,
[ o325 R AT 4 A5 T RFE. 25 R Bon, K
AR B — 4k U-Net BA 7050 HIPERE , R BZ
Tk ARG 5 B B WAz AL BE 1. Zhao 457
FEURBE DLty CNN 5 42 3% 3 — 4k S5 (4 Bl ML AH 45
A,00 100 HRKZEZh Y MRI /9 T1 &R#E4T T3
LH L =5, DT SegNet A AEAS RIS 2543 %
BEFN o3 FI LSS ELRE WS A6 3K By Bl i 5 e
R SRR R M. A E = YRS
BEAILT E— 20X R 43 1 45 R AT U4k, TESh A
RIh R TR S HERE.
2.2 FRALRLEHNE

WL 2R G 53 50 T s — M A TR e A AR oy
Fh 3 AR il 2 25 ), RIS A A T
XIS X6 i 2L 2 R A AR ) R
VAR R B2, S — M 5 B — 20 25 i (BT 3
B AR R A SCER (5 . T 4E SR, BT CNN 35 X
IO 265 TF Ly 1 FH T Ak, A 1 AT DA 3 L 0 £ 40 )



514

MR A BT R R 2% 3 SCOR RO B A i 2852 18 0 TR i I S 89

ARGy I AF A PERE 48 0 A J6 50 TR 2 11 45
1. Chen A&V HEHY T — Rkt tE A U - Net BEAY | 75
iR g WS A s A A AR T /N 4 R B B A
FRUEIFHEAT DR 45 R R A K BT | 1 B A VX
3 AR M LIZER 155 U - Net HATEIF A RE.
Chen %58 45 HU T — R & & 905k 25 M 2% (voxelwise
residual network , VoxResNet) FF [ 5t | JK ot A1 i
W) o). URBE R 25 2% ) iy el 8 R IAE I bt , R
S A7 B b M 2 2 VT A2 3 o o i o 3R Ay i A R
HP A L A 46 10 P 8 A % e T 245 Bt 22 4
AR IR 45 1R Ak R] A, XA T LA 3 40 ) B T
() R 28 Sk SRAT PR BB . FEIZA R, VoxResNet
25 EMZEZUARL, H— s SCor HI M EE AR TR |
HFHETE. [FIEF, VoxResNet Wi 5% 2545/ N 2 2
B = 4E LA R —4E MRI G 20 25548 70 50 i AT 55
T1 & KIMHUR S 2 RS I B AME B K& 2 RUE
B R SCfE B A F) VoxResNet 1 R R ng
BAMIFHE , BB RE B m 0 R SUE R
TCHER e — &, — P P o IPERE. & T
B BRI S TR B T e 228 I il MRI
SEIRPR TR BRAR TR | ST %5
TS 2 B Je—FP 40 R 2SR W45 1 ikt
7 0 T ZEAUEAE T TS [R] R i 26 0 23 1) 4
R SRAG AN [] RS (1% J% 32 BT[] Bf i ] Inception 4%
PSR A 2 RO R AE. R i T 3 A7 M
2] 3 MORIAIEAS. B 5 AR S 2R Y B
#MEEMZ REEW R SUFE B RRE.

AH 6 ~8 A BYEIL, 1 BA K BT 7E MRI
f4 T1 G T2 AR 23R AT B9 A5 5 5 BE K F
PR AU B 22, 43 BRI, Nie 557 £ %F 6 ~ 8
A AL T1 AR T2 AR SR EUNAUE 3 Fhig
AR N T R ] — S Bl ) FON [ 285 3E
TN, SR ¥ m R R IR RS TE — S, AR T iR 47
#. SRR AR LE R Ry A A T
i FCN Wy, JESERRTF ST Nie 21—
el U2 N "4k FON 9 2 =4k FCN, Il 1 il
FHEEG R SGEEAR B RlG A 6] R FRE 45 7 12
HEAT R AAL  BUS T ALY 45 2R
2.3 EXSE

il DX 0 v ) — R BT B T A ki 4 1
BE AKX 111 25— 8B 0 W58 A v e 3 1) — > B
ZAFEE R IRIX g5 0. DIE A et i % Ak
FH iy DX A 5], G 25 455 © AR W2 — ol 30 0 5 2
INFHRERT | B R 2R T R e A A SG B P 28 R GE 9

SRHAEYIAREY). TS X RSN JESR
A%, WA 2 AR h A b 3 RV 5 - DX — T i 2L
PREEE R S5, Shi Z P T — B Az s Bt
WL FE R MRI FR kA 7ifg By X 43R B k. AR ks
U ZE AN TG B A bR i B 5 T DLy > R R
ETS) R 2 AR ERAMAL. —B o
X U=Net A7 EHEARAT A B 2%, B I 25 FH T %)
YRy MRI VI i TR ol R i T
CNN [AXFHT LS, Bl FH ok DX 43 & 520 T R A e 1) 4%
Az LA A R EG. A I 286 R 53] D) 286 1 B A 2
SR AL A R B . IR RIAE I R R
T 5 X SR rh R T AR I ER PR, AR
T - DX 0T ¥ — e B T 2R .
Zhu ZEHO T —Ff U —Net 375k 25 5 (N 25 Ok it 47
L - XA i A HUR 5 4 mT DA
PRAF 23 (8] 43 BE AR 1Y ] 5 A= i 22 RUBE AR AR 3 B
TR B AR T AR E 5 97 R B AR T ) S Gy
RS, b T — P E vk ae, M T7E R X5 A2
5 U-Net ¥ 5K %4 W28 [A] IN A — A5k 25 4%, 3145
TH%2E U-Net ¥ ik BE ML, 5 =4E U-Net tHLL,
M PERE DA — . SRR KN L R pp 4
W L ELHLRR IR L 5K T BRI ARk 20
B gh. sCRIAR sz 2040 5% WIH ) g & A R
1. Shakeri %171 SEH] FCN W48 % SUIRAK B2 )2 T 45
¥ (Felin AR A A A EREE ) 34T T R, IR
Rk e WECVINGIPN VIR0 B EE S U BRI A as'e
. ISR R IZB R T Freesurfer 45 i 4t iF
() H sl fiki X 5] T
2.4 BuEbm ko E

ki 453 43 7 A 0 B 6 47 0 A 3 403 DX, DA K
S AR O R DX R /IN. i A v 2 s R A K
HHFRPE BB T 1) 32 28 it PR 22—, e g e a2 3 T
Ky 80% HIMGA R 1y & A T HUIAL MRI % 2
P 728 ARG U R e %o ke L P A 4 v 12 W RN T
HAFEEE Y. Chen ZWHE T —Fhh 2 41K
25 R 2B PR S S R R SE. S 1 A
(s A MR B, i 229747 B9 DeconvNet 454>
i L0 LA T AR Y 43 RO R 18] 38 2k % A R A
EAT B 20 RIS 21 20 Sl 45 45995 28 X S RN {1
PR DCHR. 275 2 A 48 FHARE 2 (&1 RN i i TR Ry
A TR 45 SR AT EOR VAN HEBR AR FH MR .
ZE IR RN 4 0] LLH FCN U = Net il Deeplab $2
HETE AR ) 53 25

ol 228 152 S R SN B i LT i g o A i



90 b = T Wk Kk % % R

2021 4F

FENE GRS (4 4090 Fe A, B8 2o HU0T Mk Jes 1432 e A
BE BAT 2R . TR A A AR5 115
TR A7 A5 B RIS L BE 22 B A5 Cui 55
TS (T AR T2 18 T1 B3 58 AR I &)
i e e ERCE B, B T — i R B R 455 4 e ok
SN NS ST ) [ BhiE SO B T A R4 A i
SRS, R —Ff FCN Z544. 2 4~ Bk BR 45 #4 # FH
T R T PR AR A8 AN 5 P 8] = 2RAT 19 SR
E R SHZEMRRER. 52 AW IE N>
2 B SCH bR DX 3 b i Sk 224 i e I X
Wang 4552 HiHY 17— 55 5 22 190 4 01 4 =7 B £ 0
TR A B BRI TR, %5k E RN 3
MREEIE. B, Tk 2= M4 g T NSRS
AR U R 1) S SR IR AL, BilS , &5 3E Ak
W 26 i F TR B [/ R B 2 Jjy e e 3208, OF 5 9
FRAE M 2% A R R REAT LA e UK A
By 55 A\ R — R/ IR R P18 o3 125
A I EAE NG TR o B B ARG B 73 EBCR.

3 WSk

BEH CNN B MY &, 2T CNN Y iH
I3 W 25 AR ZE AR DTN AR S T A A%
MR B ENTERA —ER /R §%, T
SCETTRIE 28 e REBCRE AR R AR JEE 22 O TR AL
BERLARBE AR | T 2 R AR U AR XL X
#1240 TSI R — 4R T X T RN
5 AFAE 2 MO U ot Hems. — o R4 Rl 1
S, QNREALAZ 40 (a0 EHAE BE L PR MAZTE ) 1 5
W MR TR T R R R 4R
BNGR 25 e/ N g BT oM ZR. K,
NGRils o W 455 Z AR 2 5t Rt 78 SR 4%
T BEE 71 0 A [ A ke =2 J2 A6 ) e AR T R AR KX
. AR R IM 26 2 — il 0 M B 1 2 ) 7 5 R IR
PR A8 BOMAS, 2 R oK 2% U AT 58— A AT BE Y
HER T . R n A R T R R
TR AERE  BUA (YT S #4204 e 4k
FHEE “HERIRY | — A5 20 2 S, Bl B
FRIEIE Ak PR HOA Y K IR RO 245 2 22 .

X o 245 45 ) 1) Rt T EEIR AR R . i ) — fi
By o 45 A g 0 e S I AL (B E S 2 2 AR B A 2
AR EE S5 b, 5 EAT XA R A A 55 S AT
PE. SO R B O AR 2B i g K
RALSEI R AR EL. HeF CNN (118 S 45 — i Lk
G50 R, v a] m] REAF AR B 2 1 2 XA R, T

X LEEEM TR A T AT M I B AT il aod X 46 145
P E S PR BB AR 2. BRI, X i S0 1) k4
2B SR DLAL AT AR R G 28 1 2540 1 DL AL BRI,
Xof [ 245 AR E AT G it | P 5ik A= > 9 5 1 2R fee I
T S48 R AR R ) X — 7 Tl

FIRT, 25T CNN A3 o H B i 2 AR 0t
FEATU ) — T A T, 32 9 0 4B R R
PR SEERACRE H 552 8 1 B NS . Hix
U AT Ak T e A SR I BL, 67 1 B0k 5 T ik
AADGM. BRI UFIZTT IR AR T 5T
HHORE T E R R, HAT G A S

SENW:

[1] ETCHELL A C, CIVIER O, BALLARD K J, et al. A
systematic literature review of neuroimaging research on
developmental stuttering between 1995 and 2016 [ J].
Journal of Fluency Disorders, 2018, 55. 6-45.

[2] ALLONE C, BUONO V L, CORALLO F, et al.
Neuroimaging and cognitive functions in temporal lobe
epilepsy: a review of the literature [ J]. Journal of the
Neurological Sciences, 2017, 381, 7-15.

[3] SUMNER P J, BELL I H, ROSSELL S L. A systematic
review of the structural neuroimaging correlates of thought
disorder [ J ]. Neuroscience & Biobehavioral Reviews,
2018, 84, 299-315.

(4] MRpd, ELGHE, AR, S5, Mt b Ml A7 i S50 A
WRFEsRik[J]. APrBE 2 TR ek, 2019, 36 (3):
493-498.

LIN L, WANG J X, FU Z R, et al. A review on brain age
prediction in brain ageing [ J ]. Journal of Biomedical
Engineering, 2019, 36(3) : 493-498. (in Chinese)

[5] LIN L, FU Z, XU X, et al. Mouse brain magnetic
resonance microscopy: applications in Alzheimer disease
[J]. Microscopy Research and Technique, 2015, 78(5) :
416-24.

(6] WAL, 250, EM, . 5T MR BRI B IR 3R

7 IR L DA B T £ 5 0 T = e SO [ 1] At T
b RE2ER, 2012, 38(6) ; 942-948.
HU L J, LI X, XIA H, et al. 3D texture analysis of
hippocampus based on MR images in patients with
Alzheimer disease and mild cognitive impairment [ J ].
Journal of Beijing University of Technology, 2012, 38(6) :
942-948. (in Chinese)

(7] 5RFATE, PR, KA. FETF AlexNet ALK AD 4328
[J]. AEat Tl oR2A2241E, 2020, 46(1) : 68-74.
ZHANG B W, LIN L, WU S C. Efficient Alzheimer’s
disease classification based on AlexNet model[ J]. Journal
of Beijing University of Technology, 2020, 46(1) : 68-74.



14 2N

W, F e FE TR A R 2% (1 SR FI AR B A i 2852 (80 rh i Ik St 91

(9]

[10]

[11]

(12]

[13]

[14]

[15]

[16]

[17]

(in Chinese)

SRR, e, R, L TR AR MR
PG EDrEL) ], AEat Tl Ra224), 2017, 43(2) :

244-250.

ZHANG R G, GAO J Y, LI F P, et al. Human brain MR

image segmentation based on level set method[ J]. Journal

of Beijing University of Technology, 2017, 43(2) . 244-

250. (in Chinese)

WADHWA A, BHARDWAJ A, VERMA V S. A review on

brain tumor segmentation of MRI images [ J ]. Magnetic

Resonance Imaging, 2019, 61, 247-259.
MAKROPOULOS A, COUNSELL S J, RUECKERT D. A
review on automatic fetal and neonatal brain MRI
segmentation| J]. Neurolmage, 2018, 170; 231-248.
ISR, MO, THE, & 5T =4 a0 0 B
A P % 14 /N U e S O R A BB [0 ]
E BRY7 %4, 2018, 33(3) : 22-26.
FUZ R, LIN L, WANG J X, et al. Mouse brain MRM
segmentation algorithm based on 3D texture feature
simulation and anatomical atlas [ J ]. China Medical
Devices, 2018, 33(3): 22-26. (in Chinese)
BLAIOTTA C, CARDOSO M J, ASHBURNER ].
Variational inference for medical image segmentation[ J].
Computer Vision and Image Understanding, 2016, 151.
14-28.
LONG J, SHELHAMER E, DARRELL T. Fully
convolutional networks for semantic segmentation[ C] //
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. IEEE, 2015;

3431-3440.

BERNAL J, KUSHIBAR K, ASFAW D S, et al. Deep

convolutional neural networks for brain image analysis on

Piscataway :

magnetic resonance imaging: a review [ J ]. Artificial
Intelligence in Medicine, 2019, 95. 64-81.

HIT, MO, RAISE, 5. BREE2: M G 5% P i
BHRFE (1], hE BRI BA, 2016, 31(12) : 4-9.
TIAN M, LIN L, ZHANG B W, et al. Study on the
application of deep learning in neuroimaging[ J|. China
Medical Devices, 2016, 31(12): 4-9. (in Chinese)
TV, BIGE, Tk, WU SRELT]. b
AP RAA22 40, 2015, 41(1) : 48-59.

YIN B C, WANG W T, WANG L C. Review of deep
learning[ J]. Journal of Beijing University of Technology,
2015, 41(1) ; 48-59. (in Chinese)

SRAASE, MR, RAKAT. TREESA ) TR R B A e
552 R I AT D], BEYT TR R4, 2017, 38
(9) . 105-111.

ZHANG B W, LIN L, WU S C. Application of deep
learning to mild cognitive impairment conversion and

classification[ J]. Chinese Medical Equipment Journal,

(18]

[19]

[20]

(21]

[22]

(23]

[24]

(25]

[26]

[27]

(28]

2017, 38(9): 105-111. (in Chinese)

KRIZHEVSKY A, SUTSKEVER 1, HINTON G E.
Imagenet classification with deep convolutional neural
networks [ C ] // Advances in
Lake Tahoe:

Neural Information

Processing Systems. Curran Associates,
2012; 1097-1105.

SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition [ EB/OL ].
(2015-4-10) [ 2020-10-29 ]. htips: // arxiv. org/abs/
1409. 1556.

SZEGEDY C, LIU W, JIA Y, et al. Going deeper with
convolutions| C ] // Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Piscataway :
IEEE, 2015 1-9.

HE K, ZHANG X, REN S, et al. Deep residual learning
for image recognition [ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Piscataway: IEEE, 2016, 770-778.

LATEEF F, RUICHEK Y.
segmentation using deep learning techniques [ J ].
Neurocomputing, 2019, 338 . 321-348.

CHEN L C, PAPANDREOU G, KOKKINOS I, et al.
DeepLab .
convolutional
connected CRFs [ ] ].
Analysis and Machine Intelligence, 2017, 40(4) . 834-
848.

RONNEBERGER O, FISCHER P, BROX T. U-net:

convolutional networks for biomedical image segmentation

Survey on semantic

semantic segmentation with deep

and fully

IEEE Transactions on Pattern

image

nets, atrous convolution,

[C] // International Conference on Medical Image

Computing and Computer-assisted Intervention. Cham:
Springer, 2015 234-241.
LIU W, RABINOVICH A, BERG A C . ParseNet:

looking wider to see better [ EB/OL]. (2015-11-19)
[2020-10-29]. https: // arxiv. org/abs/1506. 04579.

CHEN L C, PAPANDREOU G, KOKKINOS I, et al.
Deeplab .

convolutional

with  deep
fully

IEEE Transactions on Pattern

semantic image segmentation

nets, atrous convolution, and
connected CRFs [ J].
Analysis and Machine Intelligence, 2017, 40(4) . 834-
848.

ZHAO H, SHI J, QI X, et al. Pyramid scene parsing
network[ C ] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway :
[EEE, 2017 . 2881-2890.

VISIN F, CICCONE M, ROMERO A, et al. Reseg: a
recurrent neural network-based model for semantic
segmentation| C ] // Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition Workshops.

Piscataway ; IEEE, 2016, 41-48.



92 A SR N AN - 2021 4F

[29] LIN G, MILAN A, SHEN C, et al. Refinenet: multi- images[ J]. Neurocomputing, 2019, 358 . 10-19.
path refinement networks for high-resolution semantic [41] NIE D, WANG L, GAO Y, et al. Fully convolutional
segmentation| C] // Proceedings of the TEEE Conference networks for multi-modality isointense infant brain image
on Computer Vision and Pattern Recognition. Piscataway : segmentation [ C] // 2016 IEEE 13th International
IEEE, 2017, 1925-1934. Symposium on Biomedical Imaging (ISBI). Piscataway:

[30] CHEN L C, PAPANDREOU G, SCHROFF F, et al. IEEE, 2016 1342-1345.

Rethinking atrous convolution for semantic image [42] NIE D, WANG L, ADELI E, et al. 3-D Fully
segmentation [ EB/OL ]. (2017-12-5) [ 2020-10-29 ]. convolutional networks for multimodal isointense infant
https: //arxiv. org/abs/1706. 05587. brain image segmentation [ J ]. IEEE Transactions on

[31] BADRINARAYANAN V, KENDALL A, CIPOLLA R. Cybernetics, 2019, 49(3); 1123-1136.

SegNet: a  deep  convolutional  encoder-decoder [43] SHI Y, CHENG K, LIU Z. Hippocampal subfields
architecture for image segmentation [ J ]. IEEE segmentation in brain MR images using generative
Transactions on Pattern  Analysis and Machine adversarial networks[ J ]. Biomedical Engineering Online,
Intelligence, 2017, 39(12) . 2481-2495. 2019, 18(1) . 1-12.

[32] CHEN L C, ZHU Y, PAPANDREOU G, et al. Encoder- [44] LAN J G, JEAN P A, MEHDI M, et al. Generative
decoder with atrous separable convolution for semantic adversarial nets [ C ] // Advance in Neural Information
image segmentation [ C ] // Proceedings of the European Processing Systems. Montreal; NIPS, 2014 ; 2672-2680.
Conference on Computer Vision ( ECCV ). Berlin: [45] LUC P, COUPRIE C, CHINTALA S, et al. Semantic
Springer, 2018 801-818. segmentation using adversarial networks [ EB/OL ].

[33] LIN L, WU S, YANG C. A template-based automatic (2016-11-25) [ 2020-10-29 . hitps: // arxiv. org/abs/
skull-stripping approach for mouse brain MR microscopy 1611. 08408.

[J]. Microscopy Research and Technique, 2013, 76 [46] ZHU H, SHI F, WANG L, et al. Dilated dense U-Net
(1), 7-11. for infant hippocampus subfield segmentation [ J ].

[34] M, REH, KK, 55 2L MRI KBS a9 058 A0 Frontiers in Neuroinformatics, 2019, 13 30.
NFHHERELT]. BEYT TAERES, 2019, 40(1) : 14, 9. [47] SHAKERI M, TSOGKAS S, FERRANTE E, et al. Sub-
LIN L, WU Y C, SONG S, et al. Progress in research cortical brain structure segmentation using F-CNN’s[ C ]
and application of infant brain magnetic resonance // 2016 IEEE 13th International Symposium on
imaging atlas[ J]. Chinese Medical Equipment Journal, Biomedical Imaging (ISBI). Piscataway: IEEE, 2016
2019, 40(1): 14, 9. (in Chinese) 269-272.

[35] AKKUS Z, KOSTANDY P, PHILBRICK K A, et al. [48] LOPEZ A D, MATHERS C D, EZZATI M, et al. Global
Robust brain extraction tool for CT head images [ J]. and regional burden of disease and risk factors, 2001 ;
Neurocomputing, 2020, 392, 189-195. systematic analysis of population health data [ J]. The

[36] ZHAO G, LIU F, OLER J A, et al. Bayesian Lancet, 2006, 367(9524) . 1747-1757.
convolutional neural network based MRI brain extraction [49] CHEN L, BENTLEY P, RUECKERT D. Fully automatic
on nonhuman primates[ J |. Neurolmage, 2018, 175 32- acute ischemic lesion segmentation in DWI using
44, convolutional neural networks[ J]. Neurolmage: Clinical

[37] CHENY, CAO Z, CAO C, et al. A modified U-net for 2017, 15. 633-643.
brain MR image segmentation [ C ] // International [50] HYEONWOO N, HONG S, HAN B. Learning
Conference on Cloud Computing and Security. Berlin: deconvolution network for semantic segmentation [ C] //
Springer, 2018, 233-242. Proceedings of the IEEE International Conference on

[38] CHEN H, DOU Q, YU L, et al. VoxResNet; deep Computer Vision. Piscataway. IEEE, 2015 1520-1528.
voxelwise residual networks for brain segmentation from [51] CUISG, MAOL, JIANGJF, et al. Automatic semantic
3D MR images[J]. Neurolmage, 2018, 170 446-455. segmentation of brain gliomas from MRI images using a

[39] MENDRIK A M, VINCKEN K L, KUIJF H J, et al. deep cascaded neural network [ J]. Journal of Healthcare
MRBrainS challenge: online evaluation framework for Engineering, 2018, 2018 1-14.
brain image segmentation in 3T MRI scans [ J]. [52] WANG Y, LIC, ZHU T, et al. Multimodal brain tumor
Computational Intelligence and Neuroscience, 2015, image segmentation using WRN-PPNet[ J]. Computerized
2015 1-16. Medical Imaging and Graphics, 2019, 75 56-65.

[40] LIJ, YUZL, GU Z, et al. MMAN: multi-modality (WiESRHE HIFE)

aggregation network for brain segmentation from MR



