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Abstract

To segment more detailed parts of a homogeneous image as accurately as possible, a variational
image segmentation model with depth image prior is proposed in this paper. The alternating di-
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rection method of multipliers (ADMM) is used to design the corresponding numerical algorithm.
The results reveal that the proposed model by incorporating the denoising regularization (RED)
framework with TV regularization can retain more details in images and obtain more accurate
segmentation accuracy. At the same time, the model is robust to different initial contours. In addi-
tion, compared with the image segmentation method in the comparison experiment, the algorithm
complexity of the proposed method is lower and has higher operational efficiency.
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B8 43 B4R N ERG A B AN T SO 5 A0 1) B AT 4%, 2 E b G R 43 s T B AR AU
FROER X 4. SRTT, Bt Frb i) UG b T B AR AR SR & s i, 3 RO SR AN Sk X
XA Gk T om B8 S VAR B B A B VESR T Bk, (AR X B AN R R I MR AT HE RS 2 B i — T
AR 2 A AT S o

i AR, AR D7 EEFIW 2 )7 FE (partial differential equation, PDE) £ i1 S T B4 43 1]
Qo IXEETHERBOT 72 AW BTG R[] [21N T XA [3] [4]. S5 5%
TR EAWT AR E E R IR B AR T T, R R BT VR BRI A S oy BB, (EXSWIAG R R AN H AR
SRR T T X VR R XU B S SRR AL . AR, K 2 B T X e A A AR B e
Boe, B, XSS AR AR AN S B UGN R IAE . BT, S48 7 JUMEET Retinex 3t
{15 V2 A v E o R AN 24 AT A R PR 4% 4 B BRAR [5]-[8] - 2020 4, Jin %5 A[9]7E CVB HAL[8]H 5 N TV
Nk e flid S S 82y, #2107 CVBS BERL. CVBS AR 1 MG EE BRI A EURS BE, 7T LU= AL M XS
Wl EI 25 0 . BT Retinex FRVR [K) 5 578 5 5 AN 5 (1 UG 43 B, REMS B I MU AR FF AR K 50 B, (H
SEAE 5y E|— S g A I 1) RIS, R A BEAEORE VLK — S4T30 o 2> ok, 7RI Sk X o H LA
IR 43 1| T iZD S AR 5 1)

EER, WERESINERS%E, BRMZ ML (Convolutional Neural Network, CNN)AT LM K
B 5 ) BITE S A HRAE, TSR BEAE IR 40T . HIERIX — R &R, Bk Z M0 A TR
B 5 g MR GRS . BET, B4R A (Plug-and-Play, PnP)HE 42 [10]-[13]F0 2% B 1 M {k
(Regularization by Denoising, RED)HE4E[14]-[16]2& Pi ™5 i F Al G HESE . AR4E PP Hig, ZMatn] LM
NIETHRTNER R EHG SRS, H T2 B0, GRS . BEsEI%. SR, 7ERIERTA
RERE R, RaaCOE s Z B, REMATH RN SEORE, SEERERER, BITAEEE. A
TR UK L] #, Romano 25 A[1413H 7 — AN SRR B R IG B AE R —— I E AL HESE . ZAELE
{1 25k 5 B v SCI ) R IE AL, 32 H— AR B G OE K R 3. RED AT DASE ARG Hh i 6 i /M
ZRIERRAERE, PR E UG EMRENE, JEF A SO — R, I B2, s
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A CAE RED HEZR[17]-[20] FHEVRE BB 265 5 CVBS BiRIZE &, $RH T —FhRE &R FE B 5656 10 7
B, FETAEWT: © REMEMLE AT DL ) B R IR ER N, S0 il SRS b s SUE
MA&4E TV IEMAGARFFR LT, A SCRIFH RED HEALE GG, FTHesial o] DA i i3 s UG 7 5K 1
@ ffif] RED HEZE, 5—sefLgiRMGn IR, SIkE MM, KR Tisgirata, & Tt
A Q@ Ak A T AR E R ), DR DU 22 # 0 A1 3fe i (alternating direction method of
multipliers, ADMM), X F 77 V20 O B §i2 B 75 V50T TN [B] B0 46 50 B B A TR o b 6 s e

2. BXI1E
AR BEA ORISR AR, (095 RED HEZE, 5T Retinex B CVBS Fi%,
2.1. RED {EZ2

RED HEZ2 —Fiofs S8 25 M U5 2N 31 Sl A b 1) B A 2R [17 ] Ho OB R A LA 1Y
FMRELEAE N IE AT, DA B A o p A8 BRI 1) e A MEZR A F DL 2RI A D IE U A T3 -

1
R(u)=Zu"[u=f(u)], )
Horp f () IR 2 eat, uRWEEKNEL, JEH
VR(u)=u- f(u). )

RED HESL (KIS — AR B8 Bk SR B T T2, SR T — NSRRI Re, o E A
B HPANEEMR: © SRAORE hR QS 6 T £ T (u) . @ R(u) R
AN F B SERT DALUR R 7 A N BT b A A I M — BT T
IV 52 T AT 4 5 51 0 L U35 BRI, 7 LA P 25 A 2 M SR AR o L

2.2. EF Retinex IighY CVBS HE!

Hi Land 1 McCann [21] [22]#2 1 #] Retinex B8 A7 B T4 #1580 B A &) G B4 HSE I R 5 St
GrETTR, IR R AR S (A A4 ) 55 B G R ELAE ) P9 23 SR Bl BRI B 52 . %K
Fb, ERRAT RSN

iy (X)=s(x)b(x), (3)
H IS # A4,
I, =log(i), B=log(h), S =log(s), 4)
A LATG 3]
I,=B+S, )

N T AESEEAS SRRSO N B m B B RS S, Jin [11]42H 7~ CVBS AL .

min E(u,B,S,c,c,), stl,=B+S,
osust (6)

B,S,c1.co

E(u,B,S,¢,¢,) =4[ (¢, —S) (1-u)dx+ 4 (c,~S) udx+ [ |Dul

2 ™
+a| VB[ dx+ ] |DS|
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Ho 4, 2,0, NIES KL, 1 2R KBS, B R s M B> B AL, u D HL ot Y
Heaviside B&i%, W2 ue[01], c,c, AFAWHEL 43 T Ak oy B 2k 1 A1 i R B e . i = J002
TEFIT S Bykast CV BERL[3], SEDUITORIE 1A B m B3 Wk, Soa —IUImA T TV IENE S
TR i s

CVBS AR DR G Hiux ) 8 A AR 2 B REAT 2051, (EAEAE B — S SR RN, AEAE A RERRS
by PR SELERAE . Bildn, R 1 A, 18] @) AR 1) 20 3 A R a6 R AR e 2 B4 4L B 1(b)
N CVBS BB A BIZ5 5, K 1(b)rT LU tH CVBS BLAU AT LK B0 B H G (AR R, HR 75 184 FAL )
WHEB(ZRETTHEXIR), Hr BN RAFEE R EII S . 5356, MIE 1) AEF], CVBS BRI AR
D HERF I 73 E TR AN R A R

- -
(b) ©
(DSC = 0.9584, HD =1.2511)

Ri"

(d) @)
(DSC = 0.9944, HD = 0.4045)

® ©)

Figure 1. Segmentation results of the two models. (a) Original image; (b) CVBS model; (c) (b)’s enlarged picture; (d) The
proposed model; (e) (d)’s enlarged picture; (f) Ground truth; (g) (f)’s enlarged picture

B 1 AR SEILER. () REEIE; (b) CVBSHEER; (c) ()MARIE; (d) ASTHEE; (e) ()MAHIE; () 45
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3. FARB R HIREE X
AR LB RA SO R, S B L
3.1 AR

N TR CVBS A RLASBE KGR 1L 73 H1 H AE 2 20 R A BE L8 40755 3070 B A R 7 BRI I 0L, AR SCHE
RED HEZE M RAAZRR S iemt & 3] CVBS ilh, 4R T —Fhil & IR B BB SE I 70 SR . S e
Y, HRE LU A7) 1A,

min E(u,B,S,c,c,), stly,=B+S, 8)

0<u<l
B,S.c.cp

E(u,B,S,c,c,) =] [Du[+af, |VB|2dx+ﬁj |DS|+£u(u—f(u))
ANCE udx+ﬂzj (c, =)’ (1-u)dx,
R, 4,4 Ao, BRIESHE, () RFMEE, ASTHTER M2 2B M 4% FFDNet [23].
AT CVBS BAL, RSO A RO 5 T TV IENME A OREFL S H 545 LA CNIN 4 415 (1AL 34,
JEHAEAL LA K 4= @ A SR BT RIS, A BIRCRESS . s )R, wTRLEH, ARSC7 g

55 A B e B B R, OF BARSF LIRSS 18— DRI 4. [N, € R4RFR(DSC fEA1 HD fH)
W] 1 AT 3 AR ST R 2 FRCR B

3.2. ANEE

AFiFIH RED HESL BRI RIEAIE; 5, 454 ADMM HiE[24] [25|1MIZR B RHA, R T A9
BAE SRR B 5 N R d,, d, W, AER(9)Z:A0 T LR Z9sR A Ak il L,

©)

m'“{f [+ [ VB dxc+ B, Jds ok + 4] (6 - S Wi+ Zu(u- F (u ))}

+ 4, (c, = S)" (1-W)dx, (10)
st.l,=B+S,Vu=d,,VS=d,,u=W.

R Rk B R T-[0,0,,0,,0,] » WIR(L0) I itk B H %k
£(u,s,B,d,,d,,0,6,,0,.,0,)
= Jd, |dx+ﬂf |d,|dx+a|_ VB[’ dx+ 4 (¢, - de+%u( u—f(u))
+ [ (c,—S) (1-W dx+/’j 1,-B-S[*dx+(0,1,-B-S) (12)
_[ |d, - vu[* dx +(6,,vu—d,) I |d, - VS| dx+(6,,VS - d,)

+?IQ|W —uf’ dx+{6,W —u),

Rt p, oy, 0y, s WIETTSBHL
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S KBS, AEE AR U WK, SK BX d)d, 04,005,605 . FIAE B W/ B T 1) (1) i
AR R
@ [EE u*, S ,00,,0;,05, FHid™ dy" B,

(dlkﬂ,d;”,Bk“):argminL(uk,Wk,Sk,Hkﬂlk,a;ﬂg) (12)
dy,d.B
CIES:
k
v+ 4
. . O o AR
dy ™t =shrink| Vu* + =, p, =T maxq VUt + = = —, 0, (13)
A vue + & aloa
P
0k
0k VSk‘f'piz 0k ﬁ
d;ﬂzshrink[VSk+—2,pz]=—smax Vst -0p (1)
P, VSk+& P2l P2
P

B mid K (15)k % BH,

B**! =argmin L(u",Wk,Sk,df*l,d§*1,0",01k,02k,0§)
B

(15)
. 2 P k|2 k k
=arg£n|naJQ|VB| dx+EJ'Q|IO—B—S | dx+ (0", 1,-B-S"),
Xof LR RR L — g B H 7R
pBEt = 20AB* =0 + p(1, - S*), (16)
H I PR A AR e, AT
Flp(l,-S*)+6
Bk+1:]_-—l |: ( 0 ) :| . (17)
p—2aF(A)
@ %uklsk,dlk+l,d£(+1,Bk+1’0k,0f’0§,0§ s E‘Rﬁgwarlo
Wt =argmin L (u*, S*, B*"*,0%,0},05,05,d} " d} ™)
w
: 2 P W12
:argwmmﬂj.[ﬂ(cl—s") de+?3jﬂ|w -u | dx (18)
5[ (0, = SF) (1-W ) dx+ (0, W —u*),
RKFG
K\ K\ pk K
W“:Projﬂ?(cz_s ) =A(c,-S") -0 +pu | (19)

Ps

A proj, (Wk”) = max{min{W “1,1},0} .
@ }THE Uk,W k+l,d1k+l,d§+l, Bk+1,0k,01k,0;,0§ , ;kﬁg Sk+1 .
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s * =argmin L(u*,W**, B, 0,0/, 05,05 ,d/" d} )
S
_ . 23y kel 2 k+1
_argsmmﬂl.[g(cl—s) W dx+ 4, [ (¢, —S)" (1-W*)dx
P K+ 2 k K+
+EIQ|I0—B — 8| dx+(0*,1,-B** - 5)
P, k+1 2 K k+1
+?2J'Q|d2 —VS| dx+<02,VS—d2 >
XF LI AL - Foks B H TR N
(p+zﬂ1uk+l+212_ZAZUkJrl)SkJrl_pZASkH-
=V-(05 —d5"p, )+ p(1y = B )+ 0" + 26, 4U + 26,4, — 20, 4,u,
TEJRSERBUE SIS E A, R A, S . DRI B P Rl (e B AR ik — 0 B S*

f[v-(azk ~dfp,)+ p(1, - B4)+0 + fk+1]

gkl _ g1
p+24 _pz}—(A)

Horp £47 =20, 4U" + 20,4, — 20,4, U
@ % Sk+l,W k+l,d1k+l’d£<+l’ Bk+l,0k’01k,0;<,0§ , E,R% uk+l s
uk+l _ arg min L(W k+l' Sk+l’ Bk+l’0k '0::( ,05 10::( ’djl.<+l’d§+l)

= arg:nin%u(u - f(u)) +%jﬂ|dlk+1 —Vu|2dx+<6'1k ,Vu-— dlk*1>

+%jﬂ|w kel _ u|2dx+<03'f WK u>,

2 2

ak
Vu—d*t + L
P

Ps

> '\N K _u +%3Z
MRIERRRL - Rk B H 77, oy LA
poU— pral+ Au= A4 f (u)+ p W - 05 — pdivd™ + divey,
) P PR e R oA

o _ g {f(ﬂgf (u)+ W 1 — 0% — pydivd, + divey )}
u =

arg min% +

+%u(u— f(u)),

2 2

P3 —pl]:(A)+ﬂ.3

Ho A ST ) 22 3% £ (u) 9 FFDNet [23].
@ }THE uk+1l Sk+l,W k+1, Bk+l,dll(+1,d|;+l , ﬁ?ﬁﬁj‘- 0k+1,01k+1,0;+1,03k+1 3

0k+1:0k+p(|0_Bk+1_Sk+l)'
01k+l — 01k + pl(vuk+l _d1k+1),
0;+1 _ 0; +p, (VS k+l d;wl)’

0§+1 _ 0; +p, (W k+l Uk+1).

(20)

(21)

(22)

(23)

(24)

(2%)

(26)

(27)
(28)
(29)

(30)
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LREATTH AR, A2 1n) fL(8) i B AR Sk L RN T
A1 S°=1°B°=(0,0)W°=0,d’ =d; =(0,0),0° =6, =07 =0, (0,0).
AUR 2 ERTEH k.

k
v+ O o1
dll‘”:—p;max{Vuk +—1——,0},
Vuk+0—1 P P
P
k
vsk 2 p
o s ]2
Vsk-i-gfz P P
P
k k
- Flp(l,-8*)+0"]
p—2aF(A) ’

Wk“:Projﬂ?(Cz_Sk)z—jl(cl_sk)z—ﬂg + pyU |
Ps

gt _ pt F[V(ﬂ; _d§+lpz)+p(|0_Bk+1)+0k+1+ fk+1:|
_ p+ 24, - p,F(A) -

u

o pa | F LT () oW -0 — peivd* + dive
ps = pF (D) + 2 ’

0" =0" + p(1, - B —s*),
0" =0 + p (VU —d ),
05" =05 + p,(VS* —dj™),

05" =05 + py (W —u*),

k+1 [k

LR 3 &E%ﬁ%m%ﬁ:“wsﬁ .
4. SEERERR R S3Hh

AR BUE R, BV IASCR R AN SEE A Rk . EERORGUE, S5HA1 MR BRI 7 E1 45
R, HSPRIETIRFE S M5 B )75 GateNet [26]. BASNet [27] A J = FifL Gi iRl )5y E J57%: CVBS
BRI[11]. LCVB #AI[12]F1 AITV_PS #AI[28]3E4T T L4

i /1] Dice AH 1Ll 5 £ (DSC) [29]F11 Hausdorff 2 25 (HD) [30]1F Jy A IR 503 20 T HERA TE 1 8 BAF Al i -
HD RRoR im0 E1R Z 1fEhs, DSC RMrE > HI45 R 5o H145 R 2 B AMLUZREE, BUM HD
AIBKH) DSC o AR B Hh 7 1145

Z

[
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4.1. BELEE XA

KRR EESHA =2,, =3, A 5\ FFDNet 25|85 R KA ¢, BRAGTHE Shrik /145
REFMRZANRZE, R EZHE TS a . RESHRENE 1 s, £5ET, W
BT FIE A BAETEREXT p, oy, o, M oy BIBUBHEAD AR, R I AR AR NG K Bt /) A AR S £

bk, AR p=50, p 0.1 p, =01 Rl p, =02 FELHE T T (2 IFHEN: |“];k_”“k” <e.

Table 1. Parameters of all pictures in the experiment

1 LWHREERRNSH
BB A a K% A a
1 A =4=1054=01 20 9 A =2,=551=02 50
2 A =2,=30,4=02 100 10 A =2,=257,=02 10
3 A=4,=57=02 500 11 A =2,=80,4 =01 100
4 A =1,=1051,=02 500 12 A =72,=100,4,=0.1 100
5 A =4=10,4,=02 5000 13 A=l =42=01 100
6 A =72,=30,4=02 100 14 A =72 =572=01 100
7 A=7%=20,4,=02 500 15 A=X=12=01 100
8 A =2,=54=02 500 16 A =2,=67=01 500

N T RAEBR > BIRE T, R PITE RO 5 H A oof BB AE. Weizmann 73 #1808k 4 LR i g L R
HHE R [BLI AT R b AT LA, R AR SO TR A 30K 7 A R £ v L9 AT Tl P AT RE A B A e D 2K
Ko NTITEUH], AR 10 18 B R R A RE B RIE & SO IR DL R R BRI 4 4, 4
Kk MR B AR FUR 3 5T 226 70 B, 6 T 45 R AT DUR & 5 O 22 ROR
4.2. MiafREEEsIE

AR/NTTRE I AR H (1 7 WA R R B o 1] 2 MR T B AN R A6 S0 5 1) 18 B B R R PR RE
B 2() RN KR, & 2(0) X RO AR . 5] 2(c)~(D g 1A ASFEIRIATAGFRET . [ 2(c)pTaa it
SERANTME, & 2(d)RIE 2(e) MIRIaG A 2 v Tifh 2 IR SZ FAR M A B — AT, B 2D ISR 1L
SEAMETARENE . XY TEZRMARK, EPURNTEDHI4 R E HD EHGZ 0, XU It 1757
XTI B A B R

' |

@ (b)
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@ ': : ‘ ': T ‘ ': : ‘
(© (d) © ®
©) (h) 0] 0)

Figure 2. Segmentation results of different initial contours. (a) Original image; (b) Ground truth; (c) Initial outline 1; (d) Ini-

tial outline 2; (e) Initial outline 3; (f) Initial outline 4; (g) Result of contour 1; (h) Result of contour 2; (i) Result of contour 3;
(j) Result of contour 4

E 2. TEVMIRRENDEIER. () RBEIE; (b) FREDEIZER; OWBRE 1; (d) ¥IEHER2; () #IRILER 3;
(f) #Mia%LER 4; (0) BB 1 MEIGR; (h) B2 DEIER; () BE 3 HEER; () BEE 4 HEIER

4.3. GIEE G5 E

AR N IRSCH B (W B 3)REAT TS, DUEMIPTR ik 2. SEse g R nlA 4 o, A
TR LLE H, GateNet 574 Fll BASNet HALTE X EME 1~6 43145 RH0 5 bRt o0 #1245 AR Z AR, Ahe st
B BISERrfot: CVBS BURLAT LCVB RBREALFEGUR I iy, —FHHI BB EAZ, HEMNER 1
ATUAE Y, PR AL T LA™ AL B e, AEESSERR BN E R R, (HREENTH 2 F4s
RARE T REE > BAEEHR 7> o IR 4 s i Py 8 SCRT DLB R 0 H I A D5 A7 A2 76 IR 20 1 D 1
AITV_PS BR SR b oxh T SCR R R 70 BIBCR B, (HR R 2 BREERIRES . R 3 I8 bR 2 4 A
M. SIXLETTEMLL, SR RO S TR TV LA CNN HZRAET RIS, I
TR EN B R, Ok R A AT SCEE A B S R B RCR

@ (b) O] ®

Figure 3. Original texture images. (a) Image 1; (b) Image 2; (c) Image 3; (d) Image 4; (e) Image 5; (f) Image 6
B 3. RiasEER. () Eff1; (b) BR2; (o) B%R3; ) Bff4; () BfkS; () EfR6

kbbb bk
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EER

ol
[
DEDED
SEEELES

I

Figure 4. Results of texture image segmentation using different models and standard segmentation results. (a) CVBS model;
(b) LCVB model; (c) GateNet model; (d) BASNet model; (e) AITV_PS model; (f) The proposed model; (g) Ground truth

E 4. EAFEREFRNICERG S EERRAMEDEISR. (a) CVBSHREL; (b) LCVB #RE!; (c) GateNet 12E!;
(d) BASNet #R8Y; (e) AITV_PS #R8Y; (f) AXIER; (g) FRENEIER

N T it B RAE SR BB I - FIRE T, KA ST 7 B4R HA A R ) 7 ) 45 R kAT 38 R ELARL
FAETIN MK HD A DSC AN 2 o o SEREE BRI, %05 10 4015 =E & 1SR B A 70 I ROR B

Table 2. DSC values and HD values of the segmentation results in Figure 4
2. B 4 Ry EIZRH DSC EHM HD &

T CVBS LCVB GateNet BASNet AITV_PS Ours
DSC 0.9762 0.9785 0.9632 0.9692 0.9819 0.9939
' HD 14114 1.3268 1.8019 1.6486 1.2012 0.6479
DSC 0.9733 0.9793 0.9536 0.9663 0.9791 0.9872
? HD 1.5661 1.2710 2.2202 1.8296 1.1707 0.9275
DSC 0.9843 0.9831 0.9536 0.9588 0.9857 0.9908
’ HD 0.5694 0.5328 0.8781 0.8369 0.5169 0.3871
DSC 0.9626 0.9686 0.9425 0.9630 0.9738 0.9824
) HD 2.0877 1.8866 2.8088 2.0609 1.7270 1.3226
DSC 0.9715 0.9747 0.9586 0.9678 0.9729 0.9785
° HD 0.9604 0.8800 1.1034 0.9841 0.9069 0.8546
DSC 0.9741 0.9746 0.9521 0.9686 0.9677 0.9777
° HD 0.6812 0.6418 0.9548 0.7287 0.7477 0.6194

4.4. GAIERSTE
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X TG R EE r BI G BOR BT, ERX T EE 9 b+ 2B ARHE, IR 12 NI BR FREE I
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RIEH) RED MEZE TR T SE 24077, Ko7 J ok i 1 SE HEAf

@ (b)

Figure 5. Original structure images. (a) Image 7; (b) Image 8; (c) Image 9; (d) Image 10; (e) Image 11; (f) Image 12
B 5 FRipEHER. ) B%7; (b) B%8; () Ei%9; (d) B 10; () Ef& 11; (f) Ei%k 12
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Figure 6. Results of structure image segmentation using different models and standard segmentation results. (a) CVBS mod-
el; (b) LCVB model; (c) GateNet model; (d) BASNet model; (e) AITV_PS model; (f) The proposed model; (g) Ground truth
6. EATEIERBENEME G I EERRIVENEIZER. (a) CVBSHER; (b) LCVB #EE!; (c) GateNet 1! ;
(d) BASNet £RE!; (e) AITV_PS #R&; (f) AXARE!; (9) HESEIGR

N T EMVHAN 7 B4 R AERYE, 2% 3 TF5IF4 ) T E AR B HD A1 DSC . $eth 77 % R A
i) DSC E AR AR HD {8, SXUER] 1A SCRR 4544 BRI 73 5 8CR B -

st
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Table 3. DSC values and HD values of the segmentation results in Figure 6

%< 3. & 6 FEILR DSC &1 HD &

e CVBS LCVB GateNet BASNet AITV_PS Ours
DSC 0.9688 0.9649 0.9794 0.9461 0.9691 0.9929
! HD 1.7859 1.5721 0.9666 2.0308 1.4860 0.6671
DSC 0.9734 0.9757 0.9647 0.9681 0.9819 0.9889
° HD 1.5652 1.2624 1.7033 1.5408 1.0995 1.0871
DSC 0.9582 0.9533 0.9032 0.9101 0.9612 0.9696
’ HD 1.0378 0.9095 1.6458 1.5860 0.8942 0.8427
DSC 0.9770 0.9783 0.9539 0.9689 0.9831 0.9883
+ HD 0.8921 0.8888 1.1497 0.9927 0.8235 0.7001
DSC 0.8057 0.8388 0.9043 0.8666 0.8863 0.9406
H HD 3.8300 2.8123 2.4049 3.2373 2.8268 1.6072
DSC 0.8125 0.9152 0.9238 0.9210 0.9215 0.9728
o HD 3.2210 2.0321 1.7661 1.7792 1.7693 0.1224

4.5. MR El{& 52

AN T AR R IR BRI 7) 70 BRI PERE, 7145 R 40K 8 JTzr . BASNet A1 GateNet
PARTIR L 5 ST MR R 1 73 B RCR + 70 AN EEAE,
T DU SERERE L R R DR T ol R 42 B B SR BB BB (K, TR T B 2 B 2 B )t LR
LA RN DL =i SRR+ MR BB 105 SIS R ELBRG il,  (H AL B PP ERAEIX IS, $2H
R AT DL SE 4 R A S B X 8 DR 4 T, A5 20 31 45 R b = R SR S I Am £

(d)

Figure 7. MR images. (a) Image 13; (b) Image 14; (c) Image 15; (d) Image 16
E 7. MR Elf%. (a) Elf%13; (b) Ef% 14; (c) Bk 15; (d) Ef% 16
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Figure 8. Results of MR image segmentation using different models and standard segmentation results. (a) CVBS model; (b)
LCVB model; (c) GateNet model; (d) BASNet model; (e) AITV_PS model; (f) The proposed model; (g) Ground truth

8. FAARERABEIMN MR BN EIEREIMENEILER. (a) CVBS #E!; (b) LCVB ##8!; (c) GateNet 155! ;
(d) BASNet 1R8!; (e) AITV_PS {R&!; (f) AIRE; (0) FmEDEILER

BEAh, 4 25 7 SR TTEAG R 7 B RPTA RL) HD A1 DSC . ARFATIBRE H, #RHI
TIVEINA AR HD (B AR 5 ) DSC A o X Ee25 SRS 732 I A TTVALE MR I IR 23 1 b A 4 e ) o
FAE

Table 4. DSC values and HD values of the segmentation results in Figure 8
F* 4. [E 8 3 EILE R DSC EH HD &

PR CVBS LCVB GateNet BASNet AITV_PS Ours
DSC 0.8884 0.8880 0.8485 0.8651 0.8992 0.9024
. HD 2.8588 2.8815 3.3677 3.1540 2.7465 2.6455
DSC 0.8725 0.9039 0.8287 0.8448 0.9037 0.9101
. HD 3.1050 2.6402 3.5619 3.4012 2.4428 2.5996
DSC 0.7911 0.7967 0.7080 0.7341 0.7991 0.8193
" HD 2.6706 2.7229 3.3580 3.1985 2.6999 2.5490
DSC 0.8921 0.8987 0.8570 0.8710 0.9095 0.9148
° HD 2.9169 2.8235 3.3860 3.1969 2.6800 2.5154

4.6. THEEE

TEAHEI R b, AP ASEi 4R Pt 120 skEE 7300 78 CVBS AAY[11]. LCVB 5 41[12]. GateNet
BiAI[26]. BASNet #i81[27]. AITV_PS BIRI[28] DA S A SO EbATIa 5, & MRAL R Is BN [ sk 5
Fime M 5 ATLLE Y, PIFPREES: ST VEEIBAT I (0] B bR, 32 DRI DR iR B 2 ) B AY 38 o P
Ab P 55 (Graphics Processing Unit, GPU)BH TS, 1 GPU HA 3 KT IFERE 11, RERS RN Ab#E K
BRI EATLS, MMM RIS AT A . AR SCHIBYAE CVBS B8 Ein N2 BT, AR A&
FeFEAR R, AHAE T RED R R UL RN TR BE SR B0 AR 34, i AR IS ATl B IR A7 5 CVBS #iY
RZ . Ak, XT LCVB A AITV_PS B, AN e iT R B m T 2% . & bk, A0
B PR s s
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Table 5. Average operation time of images
= 5. BRI FITEE

i) CVBS LCVB GateNet BASNet AITV_PS Ours
SEHAIE AT A 230.25 750.36 40.21 63.85 195.66 105.24
5. £5i18

AL CVBS HAI[11]H K, 256 CNN FEHEA T RRAE, $2H 1 —FhEt &R B BUR e 5 1) TV 403
B, TE LM ENRAESE T, SRA ADMM GBS THUE SRR, JRUERA TR S, @S
CVBS #7[11]. LCVB f7[12]. GateNet f7%[26]. BASNet R [27]F1 AITV_PS #R[28] () 53 E 45 R
Feie, RIPLZIEAIE B & 7 TV #3004 CNN 340 IThRE, X 45 HISUEM MR &2 #1234
REE. WA, THEE SRS AT R, AT A SO B AR R A, s T BRI AR B
25 LATR, ASCIEBITE RN BR 450 5 RIS R B UG, mT DAy &0 H B8 2 HO 40T, 7 B4 SRR
I HEEGIREAEMNGS, FEIAT 0% AL T SRl 2 & 48 7t .
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