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Review of deep learning methods for isointense
infant brain MR image segmentation

Zhang Hang' , Wang Yaping', Geng Xiujuan®, Fu Pengfei'
1. School of Information Engineering, Zhengzhou University, Zhengzhou 450001, China;
2. Brain and Mind Institute, Chinese University of Hong Kong, Hong Kong 999077, China

Abstract: Emerging interest has been shown in the study of infant brain development by using magnetic resonance ( MR)
imaging because it provides a safe and noninvasive way of examining cross-sectional views of the brain in multiple contrasts.
Quantitative analysis of brain MR images is a conventional routine for many neurological diseases and conditions, which
relies on the accurate segmentation of structures of interest. Accurate segmentation of infant brain MR images into white
matter (WM) , gray matter (GM), and cerebrospinal fluid is of great importance in studying and measuring normal and
abnormal early brain development. However, in the isointense phase (6 —9 months of age), WM and GM exhibit similar

levels of intensity in T1-weighted and T2-weighted MR images due to the inherent myelination and maturation, posing sig-
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nificant challenges for automated segmentation. Compared with traditional methods, deep learning-based methods have
greatly improved the accuracy and efficiency of isointense infant brain segmentation. Thus, deep learning-based segmenta-
tion methods have been increasingly used by researchers due to their excellent performance. Nevertheless, no literature has
systematically summarized and analyzed the methods in this field. The current study aims to review existing deep learning-
based approaches for isointense infant brain MR image segmentation. With the extensive research in the literature, we sys-
tematically summarized the current deep learning-based methods for isointense infant brain MR image segmentation. We
first introduced an authoritative isointense infant brain segmentation dataset, which was used in the iSeg-2017 challenge,
hosted as a part of the Medical Image Computing and Computer Assisted Intervention Society Conference 2017. Afterward,
several evaluation metrics, including Dice coefficient, 95th-percentile Hausdorff distance, and average symmetric surface
distance,, were briefly described. We classified the existing deep learning-based methods for isointense infant brain MR im-
age segmentation into two categories: 2D and fully convolutional neural network-based methods. Fully convolutional neural
network-based methods can be further divided into two subcategories: 2D and 3D network-based approaches. On the basis
of the two categories, we comprehensively described and analyzed the basic ideas, network architecture, improvement
schemes, and segmentation performance of each method. In addition, we compared the performance of some existing deep
learning-based methods and summarized the analysis results of typical methods on the iSeg-2017 dataset. Lastly, three pos-
sible research directions of isointense infant brain MR image segmentation methods based on deep learning were discussed.
We drew three main conclusions by reviewing the main work in this field, thereby providing a good overview of existing deep
learning methods for isointense infant brain MR image segmentation. First, using multimodality data is beneficial for the
network to obtain rich feature information, which can improve the segmentation accuracy. Second, compared with 2D fully
convolutional network-based methods, 3D-based methods for MR image brain segmentation can integrate richer spatial con-
text information, resulting in higher accuracy and efficiency. Third, adopting complicated network architecture and dense
network connection could make the network achieve superior accuracy performance. Three possible future directions, name-
ly, embedding powerful feature representation modules (e. g. , attention mechanism) , adding prior knowledge of the infant
brain to the network model (e. g , the cortical thickness of infant brain is within a certain range), and constructing a
semisupervised or weakly supervised network model trained with a small amount of labeled data, were recommended. Pre-
cise segmentation of infant brain tissues is an essential step towards comprehensive volumetric studies and quantitative anal-
ysis of early brain development. Deep learning has shown great advantages in isointense infant brain segmentation, and its
accuracy and efficiency have been greatly improved compared with traditional methods. With the development of deep learn-
ing, it will bring further improvement in the research field of isointense infant brain segmentation and promote the research
of early human brain development.

Key words: magnetic resonance imaging; isointense phase; infant brain segmentation; deep learning; convolutional neural

network
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I ENPRERFERD iSeg-2017 (http ://iseg2017. web. unc.
edu) , FEXT S L 00 JEBR AN EE R AT T S 45 A
OIAT, LIRS 2 () B 3l 30 2 0 57 10 LI
MR & 1 73 %I ¥ BE (Wang 55,2019) , iSeg-2017
PR LI 23 4> 6 A B L s (Horh
YIZREHE 10 4>, P 13 A4>) IR RN 2R )
T BIE R GPrE, SRS 4 K54, 7
AR S CORBEEMERRIC A 0) JE W R FEZAEARIC N
10) KT (R EEAERRIE R 150) | 5T (K B fE AR IC
H250) , [F] Sh T HEAT 21 A 25 2R HE B, AR Y
SAMEARHIT AT, Bl 1 IR T iSeg-2017 Il 454
Hh—AFEAY T AL T2 iNAL MR R, DL BRI
T HIER,

1) RESH A ol 09w S R R 7 7] —
3.0 THfi & BibAT, Z800 T T1 A& %
TR (repetition time )/TE(echo time) =1 900/4.38 ms,
BHEL A =70, 0 HFR =1 x 1 x 1 mm’; T2 AL 4
TR/TE =7 380/119 ms, % £ = 150°, /PR =
1.25 x1.25 x1.95 mm’,

2) WAL R, ESERE T2 JInAS A 5 2 e I o 21 %)
B T IALEMR b, I8 B G BB KA 45 1)
FIPERY 1 x 1 x 1 mm® 0338, $2 FORIEAT 23k
9 JE AN I SIREAE LA K B/ NI R ik S5 44

3) b, S TS BI AT EE R T3 o B A5 R
SRR, B S di A iBEAT (infant Brain Extraction and
Analysis Toolbox ) # /4 ( Dai ££,2013) %f T1 F11 T2 i
PG FEATAL B, DUAE 0D 46 0 0 #1453 . R TE
AT R A Y 8 5 8, 1] ITK-SNAP i 4
(Yushkevich 25,2006 ) T8l 5 1E47) 46 53 #1455 19 73
BV R AR A M 5%, LA 4 A v ( Wang 45,
2019) .

L2 EMERR

TESESR BB LK MR &80 # v, — R

Dice 2% (Dice coefficient, DICE) 95% FJERT £ R

7 29 (95th-percentile Hausdorff distance, HD95) 13
¥ M ¥ B (average symmetric surface distance,
ASD) V5 1y PPAG 33035 PR BE 1 46 A, 3 R4 Bk 43 301
D, HF1S R, BRI T 00
2|[ANB
" al+ls v
A, A IR T #1458, B FRRTEIEN 7> B 45
S, DICE HIRAlAR S0 B4 R 5 T8l B4 R n
HEFLE , DICE (HIYEETE 0 ~ 1 Z[A],1 R #l
AR A
H(X,Y) = max(h(X,Y) ,h(Y,X)) (2)
h(X,Y) = maxmax|x -y (3)
A, X Y 2353 T8l o H1 45 R AL 7 H 25
SRR —2H s 4R HDIS FHOR iR W 2H JS AR 3 32
(BB 7R B 03 R 45 R 5 T3l 0 B b TR DG P 32 e
i, B B 45 Rl

ind(V, V.
1 (V;A{,?El;; (V.V)

D

2 mind(V, V)

Viesy VieSa
21

VieSg

[, S, BTSRRI, S, RHIET IS
R, d(V, V) FaRF a1 R BA V,
SRR RIS R A TV, ARG ( Euclidean
distance) . ASD {E#/NRIIAL > FISE RS F3h7)
VD T PR i 2 D B 3 2 R

(4)

2 HEF2DCONN WEEEZ)LK
D E

HT 2D CNN 9285 22 LK MR B350 H15%
PRI T G B i) 1 7 1% 0 810535, BIAE I 2k
A REH SR Sl T 11 T 2 AR R O I
Bt Rl S Aciin A CNN 2%, (A58 i 6% 42 Hi 5]
TRJZ UL , 22 )i R TR i B3] ) R A 1 0026
for, B0 S LA 2 A PN A 2R IR R R AR 28
T 45 9 AR R P AE SR MR B Iy el . XA 5
T AT LD S ) S 808l Hh AR UK A PRI 4R Bk
—EREE BT T E UK MR RS IR 3E b T 1
PREE BRI )AL
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Zhang % \ (2015 ) BAPe2 T 5T 2D CNN 1y
FHT 5o B 1 28 LAk MR &R 1 4351007 125, 2% LA
T1.T2 F1 FA 504 R d A, LA 2J AN TR B 25 55080 1
FRAE A5 30 B 5 . BT F AR A VY DICE B 5353
85.2% .86. 4% #F 83.6% , Moeskops 25 A (2016)
PRAE DT VARG R 1 73 H0 4055 e = 18] — Sk, 6 7]
Z RIZW B BRI E TR MA R 1 2 RERE
B TEAESR LG MR s 46 BA3 3 1 B
H#IRCR . B Moeskops 48 A (2016 ) I Zhang %5 A
(2015) J5 A AE—E W B AL, 1 JE PR 7 ik 245k
W alEd DRI T B, B A e 2 1 TT R B
Fth AL AR S 3500 45 1) d B AR AR LR g e
FALE ] 2D R IUE A 15 A58~ ) 5|
MRAIE S B PR, 3 B A& 0 73 IR B A o

3 ETFCNHFEER)LNGSE

B 4E FCN (Long 2,2015) iy T HAETR
SO RV G R PERE, 2 2 THFFE ALz %
o FON Mg EGAE SO BT 55 WP I 2 48, e —
i 23 (end to end) (YR I3 #1T7 . FCN H5 4
B2 0 248 v 14 e i 4 2 B 4 O B RUR  AE AR
23 [ 5 R R - , AT IR R FEA T8 R GO0 73
R TRDE T R RIS BRI B AR AL L[] I 9 265 R
FHBkIER 4% (skip connection) {177 32X, fill 45 A Al J2 4
AORFIEAE B, SEBL T 035 SCIEHGR A ERf 23 1
3.1 ET2D FCN W58 E 2 )Lix S5 &1

Nie 458 A (2016 ) fEAE T 2 7 v Bl oy 454>
FRASEBINGR—4> 2D FCN [ 45, SR J5 R A [R] 1 4%
AR o J2 R AR Rl 1 72—k, T4 0 P 0 2 LN
MR P19 45 %), 76 1 Zhang 25 A (2015 ) A 7] 1 %
YA ARG T AR SR AE R AR BRI | L BUR
Jixi A& i) DICE (B354 87. 3% .88. 7% #185. 5%
yik— AP P TR B 73 FISCR, Xu A8 (2017 ) fif
2D FCN M8 25 5 iR 27 ~) JH 45 56 B 01 28 LA
MR G5, 1 ek B AE A AR 1B R 4 TmageNet
EEAT ISR, Z )5 7E iSeg-2017 Kdfa 4 F it AT fik
1A, AR A BB | 3 SR I A W DICE {85351
88.7% .86. 1% F192.8%
3.2 ET 3D FCN W5 E R L5 &

AT T 2D /Y I 45 45 B G 325 AR B 3t 4 7k 3]
MR &G0 2 1 23 B 5 8, Rt — S8 BF 5 N 7 fi

FH 3D FCN #4722 L R0 73 5 o 3 Fh 7 k] LA
SEAF R T MR R0 3D Rt s A [ 90 8]
23] bR SCHR AR, DT A 50 4 TR Y %o 22 L fii
MR 148970 EKE . Moeskops Al Pluim (2017 ) fifi
FHZ RUEE 1) W 28 5248, ¥4 1 2D F13D #4> FCN %]
2 ST A AR LERE R MR BB (G R 2E— 21Tt
TEELRY 7 FIPERE , 7E iSeg-2017 $idladE FARTG R K
J53 | 1 BRI Y DICE (B 435124 90. 4% (89. 0%
F194.7% . Zeng I Zheng (2018) #y ¢k T 2 UL Y
3D FCN M2 LLFE 43 il R 9 25 18] R SUE R
[Fi) Bsf Ry AN TR ASE S ik ) g A B AR AR I 2
BESE RSB 1 % 450 B 0 2L LI MR &5 1)
733, 78 1Seg-2017 Hdfa 4 b ARAT 1Y K BT . H B I
I3 1Y DICE {&435) 4 91. 6% .89. 6% #195. 4% .
Dolz 4§ A (2020 ) #£ 3D FCN [ 4% [ By |, £ 45 %5
3% B2 4 U 2% ( densely connected convolutional
networks, DenseNet) (Huang %¢,2017) i) B4R, %5 B
AR 1 R T E E , 1  26 Rl 22 RO I 4
AEAR L, 7E 1Seg-2017 dfa 4 b 4145 1Y K BT . F1 BTl
Wi B Y DICE B354 91. 9% .89. 7% F1195. 7%
Dolz 55 A (2019) #5311 XU 4R 3D FCN M2% L2,
B AR BS B , Rl g — 22 e 1% AR i e A
T TEAS R 28 J2 DAL R AN [R] #6458 22 TR S 0 % 46 %
e, RG22 RO I RRIEDS B, 78 iSeg-2017 %1
P b ARAT 0 K 11 5T R W DICE B 4351
S 92.0% 90. 1% #195. 6% .

TEFET FON B 4558 B2 1012 LI MR &5 %1
EAEH )2 9 2 U-Net 4244 ( Ronneberger 45,
2015) . U-Net HeJ42 45 R0 28 4 i€ FE 2O K, 1
2% W A0 2 B - WO B8 4% ( contracting path ) B 6t
e A9 5K % 4% (expanding path) RS 2 o Al
AR PRSI T ORFEIRAE AR R Y BT SUE L 15
B RSF WS ERE &, SEEERHERIE ) 2 2 28, B
TR AR F RN AR B B A0 A 2 R RTR
0N TRV SRAEAS B A AR [ e Bk 4, 5 R
FES AR BRI 255, (M ER BB 7 2 2 R
JERIHRAE

# 1 P A iSeg-2017 s FE 7L AT
Jiik, Z8d ] T 26 B) U-Net B9 28 524 [a] i)
N A IR AE 1) 25 (8] R SO R, k204 s
P28 1Y 43 F PR RE, — 28 BF 5 ] T 3D U-Net
(Cicek 5, 2016) 452845, Fonov 25 A (2018) &
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Jefdi i 3D U-Net #5883 76 % JL ki 52 1% #F 5 £ 4 4
(infant brain imaging study, IBIS) (Hazlett 45,2017)
AT HN SR, IR AE iSeg-2017 Kdlade AT 1M,
AT BB, 5N RS DICE {23 51
90.2% .88.5% F193.5% , N T #E—H T EERIAY

Sy EIMERE , Bui 55 A (2017) {1254 3D U-Net [#4%5
¥4, IF4E DenseNet (1) VR 455 5 101 22 ) LA MR
FI 5], AE 1Seg-2017 I E ARG Th ARG T4 1 &4
R L, A B A B BT L 1 5 R %) DICE {435
7 91.9% .90. 1% #195. 8% .

®1 ETREFINEFREZI/LME MR BGIEHELRE

Table 1 Comparison of isointense infant brain MR image segmentation methods based on deep learning

P EAR (DICE) /%

SCHk RBHA B PIEITES
IR H R iV
Zhang % A (2015) 2D CNN T1 T2 .FA 10 MR 85.2 86. 4 83.6
Nie 45 A (2016) 2D FCN T1 T2 .FA 10 Mgk 87.3 88.7 85.5
Xu % A (2017) * 2D FCN T1 T2 iSeg-2017 88.7 86. 1 92.8
Moeskops 1 Pluim (2017) 2D/3D FCN T1 T2 iSeg-2017 90. 4 89.0 94.7
Bui 45 A (2017) 3D FCN T1.T2 iSeg-2017 91.9 90. 1 95.8
Zeng Fll Zheng(2018) * 3D FCN T1 T2 iSeg-2017 91.6 89.6 95.4
Fonov 45 A (2018) 3D FCN T1 T2 iSeg-2017 90. 2 88.5 93.5
Dolz 4 A (2019) 3D FCN T1 T2 iSeg-2017 92.0 90. 1 95. 6
Dolz 4 A (2020) * 3D FCN T1 T2 iSeg-2017 91.9 89.7 95.7

TE s O PRUE T HUATT TR R F () ELZS SR BE — B IR 0 Bi 2 75 1Seg2017 i 2 A Kl o

F 1528 TR TR 2% 2 (W A5 B 22 LG MR
EG I3 BIT ETE R B 6 8 S 1Seg-2017 H4fa 4
(3 B o (AT T A 2, AR i A V1 1)
gL KRB0 AE K TR A BT 1 43 5K B2 B
B, 1R Pl T AR A B SR LG MR &5 K 5T
A S Som AL, — B L 22, S804y
WA O ARAR T = 1) A A B

LA ] 22 A R B i 2 RN
25 TR LA SR T o 4 A 1 T 4 3% 2 A O L fE—
FRIE Bom VBRI A BIRG BE o IRl 2T 3D 245
TR 22 D 2% 114 53 0 vk LA sy 28] i P T X S 30 L 45
T LTI ke 1AL S A TR 2 I B AR TUAR
ERURERY MR, 76 B S 4 T 20 B0ORS B 1 [A] B 4
SRR Eip & .

3.3 BBAEEEHREEINEER

F2 T 2R X PRl 43 A R A g 110 S5 5 A R 2
oy EIE AT R GRS A AR EE A
REAN R 25 5848, I A DICE (HD95 #1 ASD % 3 4>

BT AR RE R IAET TR L

PR 7 M6 2% T DenseNet [ BAR, R T He Rk

A28 T AT J2 2Z 18] 145 2.3, DenseNet J 5 2% (1)

FIFA 2 WA % , 175 ) 2% rf B — )= 40 ARG I A
JERRIEAE A . FEA DT AR BT
TE W25 ) A4 1 ) g — SRR e e 52 HOR T J2
JEAFS, T LABHAE 9 28 0% B2 (380 , 8 i A2 i
JEARSTBORE N, e —E FE 22 1A A
W Gract R P BE VR BT ) 52 ) oy T ) 28 SR T 4 2
AT AR AR S T PR I R 2% 2
AL AT LA BRI RRAE , S B R 1 RS
WAL/, DenseNet Hy T H: H 4 1) 14 G S BF 58 A B
Pz AR AT, AR I B LK MR &R 53 14 32 3]
DenseNet Jii & , i i 75 W 2% v fifl 5 %5 42 1% $ 19 J0
ME—ERE B T RBAY R
3.3.1 BT 3D 5% 4 4 B 45 10 55 ok 3 28 )L Ak
ganll

3D-DenseSeg ( Bui £5,2017) 7F iSeg-2017 T %6
2k B PE Al Fr (http ;//iseg2017. web. unc. edu/rules/
results/ ) {E4 50 1. 1ZJ7 1 7E DenseNet Ffill T
FRELLrE 6 B2 LK MR EZ il i 4 7 )2 2]
WIZ I RESS SR, M2 ] LISt/ ik 2
ARPEER) ETFSUF R, B A e iy o FI 4528 2L
97335 R 28 B AR A 2 s o
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Fig.2 Basic architecture of isointense infant brain segmentation method based on 3D densely convolutional network

3D-DenseSeg f£KIL 47 2155 TINS5,
B FSRAEFTT RAE A BEAR L L IER (T SReA:
R AT AR IE [T 1) 2 B 56, LA RS2 B . T SR A i
4 DGR, A EEIAE 4 3 x3 x3 1Y
G, [R) I A B A A B BT R A7 A o A 4L Ak B
(batch normalization, BN) (Ioffe Fll Szegedy,2015)
T IE 2k M B8 5T ( rectified linear unit, ReLU) ( Glo-
rot 55,2011 ) #AE DL TH R 28 Y IR0 . 12 TR
FER AR RSN T 3 P B (transition block ) Jf#)Z
(bottleneck layer) £ [ /1 2% 7% 52 4E ( dropout ) ( Sriv-
astava 5§ ,2014 ), 435I I T Ul DB 1 )11 2 24, 12
THEBL 1)1 FRCE SO M 45 i 5 o FoRAFERAE
TR S AR B 70 B, i T2 M 28 A0 &
JR B AEAR B TR 2 M2 P & 2R R AE RS B, H

TR BRI G AT FRAE, SR G Xk 28 F R A
FRERI B TH G, DIRTS 2 RIEWE R, &a
1x 1 1 AR U 232 e X 40 G A AR ALE IR 2E A7 43
0 IR AR A5 2R
3.3.2 BT 3D P AR R 45 10 A5 0 2 LI
il

SemiDenseNet ( Dolz 45,2020 ) [f]#% 5% DenseNet
1)a & fHZ AN A T DenseNet 7 AN W] #5812 Z (8]
%t 28R TR AR e n 7 3K R T A B TRR
A AR 1 DR Z T T 4. Semi-
DenseNet #E77E X AN [a] RUEE B AFAIE (5 B A T RlE 1Y
)RR, T LA RA b A% 1 0 288 B2 9 HLIsU D N2 80
WITIETE 1Seg-2017 AR A RAIPAL TP HEZ 26 2, 70 )
W28 BEAE AN K] 3 i o

B2
Tl R
25 25 25 50 50 50 75 75 75 SRR )
: SR
e 0 400 200 150 4
N HHE
— | E
I [ d
: 93 9 9%
/ Al
19 17 15 l \ L
2y 23 21 ] ( — = 3x3x3EMR
W »  IxIxIE/
m»  IxXIxIBR

B3 T 3D P A BUM 2R 9 45 0 5 B LG 70 7 1 AR 2R A4 14

Fig.3 Basic architecture of isointense infant brain segmentation method based on 3D semi-densely convolutional network

SemiDenseNet W #% 4t 13 2,90 FMINZS 5L,
459 MEBUR 3 AR RELR | KR,
FAEBUZ B B BR 0 3 x3 x3 (K
1) Bt R EIR SN B 25 25 25 150,50 .50 75

75 #1753 HARG AT ST PR AL AL AL 22 (BN) F1
ZH1& IE 2k VE B JG ( parametric rectified linear unit,
PRelU) (He %,2015)48:4E, M40k B4 52
% R TESR | A i 2 kA T 1 4, AT {45
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RIFESyEIR AT LA TE 0 R 2 ROEAS 8., O BAE 4%
B2 v FH BB AL 2R 15 4524 ( dropout ), 38 £ [ 45 H 3
HE UG, 5 8 4 28 S i tE PO 25 R
R 3 AR A 7 1 Ty 2, R R b /b T I 4% A U1 2
SR BT T M Is R0E , [RIE 3RAS T8 53
HFIREE o
3.3.3 ZEENFL

2 JB/R 2 ] DICE (HD95 F1 ASD X 3 Ff
PEMFRFRAT PR R B 78 iSeg-2017 KR 4E b A ITAL
AR 1915 T 2B B A UL Sy
W B R Ry NS D L s € T i e L B
PAF T AP A5 R . Horh 3D-DenseSeg £ JK 5T | 1
JO R A T ) 43 ) 38 3R A T8 i 90% () DICE
{H, SemiDenseNet 7 Ji Jii ¥ 43 #] v 4k 4% T F1 3D-

DenseSeg A [A] (1% DICE {8, 7E [ 5T Fl i 5 i ¥ DICE
iR P RIRT 3D-DenseSeg, 1H % 1Y 22 #E I A K
MK W) HD9S 4545 K F , SemiDenseNet B |
BUF I 25 53, , 3D-DenseSeg £ JK J51 Flfiki 5 W 1) ASD
Bhn LA T LSS R . BT HD9S 1 ASD
SrRIEE R E T E AR IR EAR, N
(1) ) 28 25 ¥4 K 7, 3D-DenseSeg 11 15 B4 (1% i A7 73
XA IR BRI AT 45 6, R AT 38 8 4 1 3% 42
J7 3, 8 P R 32 2 0 A ) RUBE A R A B 2R A T
Ao AR A& SemiDenseNet B T AR 2 Z
[i) Py A 4 , il PP A R O L Kok B
GRZIHITES | D 2E )2 Z A TiE4:, K
/D TR IR SE, 2T T M4 s B,
[ AR A T B i) o E MR

& 2 3D-DenseSeg 5 SemiDenseNet 43 £l 45 SR EL 5;

Table 2 Comparison of 3D-DenseSeg and SemiDenseNet segmentation results

LARCIEEE D
Jrik AR S KI5t 5 i ¥
DICE/%  HD95 ASD  DICE/%  HD95 ASD  DICE/%  HD95 ASD
3D-DenseSeg  iSeg2017 ~ 91.9  5.980  0.330  90.1  6.444  0.391 958  9.072 0.116
SemiDenseNet  iSeg2017 ~ 91.9  6.415  0.338  89.7  6.975  0.376 957  9.029 0.138

E D PRIERT EL AT A S5 AR5 [ — B, SemiDenseNet J5 A4 2% iSeg2017 Wil /2 A ) il o

4 £

ik

W TR =7 > (0 4 B, KB 22 14 05 1 0 T T
BUUIKAZ T o B TIR B > 1 Ao B LI
MR BG83 3] TN BBz R4,
I 2R 25 1 MR R 552 2% 1 1o 245 22
Ha LA B il 22 ROBE A RR I £ 85 7 S3RAS T 3LUr iy
rEIGER . A ARG B EAETERE AT T I R 4R
Th B 08 AN RE 1 A2 5 2 1 {5 A ) 552 B o7 X
G 5 2R E B P A BEOR OMCER A0 58, 2002) o 55
b, TS B S L MR JEHG FR B, 1 T K
JRFH T G B ARG A 2L 4RO0S LU BE 3 A H i 5
TR 2T 7 B R YRR TC 1 ik — 2B 42 71, T 43
H A SRR 22 1 H B2 T BOCTE HER 3 A RN ) A
BRIk, I AT TG 2 > 1Y 2 i L
MR G BIT7 AT SR T BEE TN B3 EAT S0 AR S i A
ABIBFTE o

1) HFTEE T IR BE o ~) 1 555 B2 22 LIk MR [&]
By FITERAS T AL TERE, X548 T IR 2
SR~ > BE I A RARIERE 1o GRS R SR AE
AE T SR A7 %, A B T P (Hu 55,2018) % A
SR LIN MR PR TR 3 B 0 2% v (190 25 i
22 2] TR JSORI A St F A7 A6 1R SRR 030 g R R A, A
ML THRE R o FIPERE, FEAR I FIDR 22 XX T 2%
TIRBE S~ 1 A B2 22 LK MR MR 351580 e i
N EERIHIITT A

2) XFAEaR IS LNG MR S #1005, 78
DR PE IO 28 AR PR S N A ) 2 29 TR A5 R, e — b
AR i o EIRE BE R T 18 o Fh T IR ORI S5 2 (1] 14
AU FERE g T WM T, DRk mT L S DR
UG PR R i s ik ¥ LA RS o B T 3k i, P9
LK B )5 B BeAT — /2 Y (90 1 ~3 mm)
Jir LLE A (0 S0 R o3 i m] AR S N B s A i 114
155 (Wang 55,2019) , A2 IE 535 70 B 6602, $2 Tt
TR EITERE . DRIIUAERE T IR 5 ) (9 S50 2L

2075



2076

PEERERFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 10,0Oct. 2020

Jili MR 43 FRERY b s 0 i ) 2 2 A S, B 2 0%
G — N EHEWFTR T 1] o

3) B FEELMG MR iR U R, T A%
I TREFFRE 7, WA Y R B2 2% > S AU 55 2L
KEWT TARERE TN, B, FHA R
T AR R BT a1 T80 B 2L MR B 1Y
e WA Bl 55 B (Xiao 28,2015 ; Oquab %5,2015) 43
HIRAY , SR A O B M 24 ( Goodfellow 45,2014 )
AR A i — 2 1 ot et ) U R I R 9 2%, AR T
DR 28 114 0 PR BB L 12 S AR K FTIR AR FE B 7 1)

OB BGERN R M) B P
xt AR MAT R0 X H, IR iSeg-2017 A4 F 324
EOPAia €/
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