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Abstract

When using the level set method to address weak boundary segmentation problems, the initial con-
tour position often needs to be manually selected, which severely limits the practical application of
level set methods. To tackle this issue, a two-stage approach is proposed. In the first stage, a cas-
caded network based on wavelet denoising technology is employed for preprocessing to generate a
high-quality initial contour for subsequent refinement. In the second stage, a Gaussian distribution-
based variational framework is applied to further refine the initial contour. Experiments demon-
strate that the proposed method not only eliminates the need for manual adjustment of the initial
contour but also achieves excellent performance on dermatological image datasets.
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1. 518

EEZEEG . BaEn . IR SRNSEES T, BR8] AR EEZRHAL. B ERES
¥ EUS RS TR 7 S T A E S 7 X ITLEsR, BT aes S/ MUK 1R A
HMERAS R T T2 K. Chan F1 Vese 75 SCHBR[L] AoRHZ 7 12 AR ARE 5245 S8 376 A8 M AR B 22 e A 6
J&, WEBVRCEREAAS R T BN 2 N A 2] ACFETIE R R AW ORSE s BT A S AR AR T [X e
MR, W sCwk[3] [4].

ST E5I0 AR R S, A BOH %L Piecewise Constant (PC)REAL[5], A BOGHE Piecewise Smooth (PS)#
RI[6]4F 2 i i /Mb. Mumford-Shah 72 BRI 1T B 57, (H PC AR T~ G A A6 K BE 1) — B AR
W, PSR ER . Kk, ZR4iiA%E AJF & T Local Binary Fitting (LBF) [7]%4#1 Local Gaussian
Intensity Fitting (LGIF)AAL[8]H i LBF A8 F F & (5 B R AL B AK FEANIS 5] el L, AR AE AbFR K FE 53 A1 32)
AR EITT 77 ZEAS R AR S5 I 2@ B R A 7 LGIF JUld i iy 157 40 A0 SRR 77 Z2 AR Dl I S8 T7 %)
BITUEHE R (1) A M AR 2 o

AT TAE G T7%, AR A I 26 (CNIN) UL 58K 1 R AESE B AR JIAERL AT 55 Th KR %, AR
Z5(FCN){E CNN [l b & F i 2, fRORAE UG R ) b I 1 R RiEME. 25T FCN, J&
ZEtHIL T U-Net, Dense-U-Net [9]55HESE . U-Net PEIJCGTZH T BHHHE A8 1A 2 BRI RS B i 5

EFXT LA B, ASCERE T —ANPBT B BIRESE . 5 — B B T I 0 4% ZEAL 15 BT 4R 3 B R ;
55 i BUE ST S AT A TR AT 6 4 B RS SRS B i 5 Ay BIAE B ARSI E TR T

ARSI EE TR T
(1) ASCBE T ARl /NR R BRI 28 588, 2% W 438 5T B 2 3] Ja Ak R AR SR LA 57 (Y
FIAGHE IR -

(2) T B (114 M 50 2L 4% 45 107 1A B T A
2. ETFHEX U-Net BIBTAL IR MR IESRIR T

N T U-Net XTI RE T, WEFEN AT TR Z ik, gl 445 Dense U-Net [9]. i%#5
RIS S—, SGERRRERAN: 55, B9k 7 AR ae /). A AP AEE IR BB 28
—, M EREM T EE R E, B, BRI R =, B EAR R AR A
AR R N, BRMRIRER S, BB A5 kA G SRR T ANEA ) AN AL, X
PERER B R, XA I 32 IR

ST T, ASCIER U-Net /ENREHESE. U-Net Z2ifa e, 55 T 04k B T/NE A S0 L
FUf o ARG AR e RE T EE, T UAMEAN S B IR R 2R FE AT SR T, 2EAT 3 4 (2 i LA s Hox
TR RE ). NIk, ASCEM T URBE, HIURAN R Z B BB R, e BATE 4
BRATBI AN HL. 55— U-Net 7500 MR REATRIBRI 55 =4 U-Net 753404k . Ji$)Z BOEERE LA LA 1.
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Figure 1. Cascade U-Net network architecture diagram
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Figure 2. Position supervisor architecture diagram
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Figure 3. Preprocessing network architecture diagram

B 3. ATALIR LGSR E

A

2.1. ZHEREERERHAE

NIRRT SRS L S E 1L, ASCRM ZARF A LN, W 7l ET o308k, 4
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BB R 5 MR R R =M AR R A ik B . Horh, TSGR T B 28 B Be U-Net
Ry 5 AR R 2 AV — B A BB R AR T35 —Br B U-Net (b i i, Jdad 30 B L)
EE B [Al 4%, 3G DR AT (YRS E s PRI B 40 o o R MR R MR 2 I R R 00 22 R ) M 4
e (AR TR E O B AR 45 M) 1) (RN A V8 AE MR P T 1 SORExT IR =S4 5% bR AT PRGN 34

CE 27 R i Rk i iz —, A TR AR B 45 R 5 H e 2 A i 2257 . HoE
T

CE(y,9)=—2yi log(,)

Horb, y FORE T RIIE AR, § RN 1 RPN R .
FL 2T AT# M 1 oot FehlE i Tl 5 RERBEWEA TR R . il s S8 1
BRAR 2 70 RFEA B A, 3R R B I SGVE M A IR A . i R R B B s R is S

FL=- (1-p,) In(p,)
Hrp, p BB IEM D RN, o BFNNERT, y NRESH.
FFk L, (W FLR L, M L R B SOt AR e . s
TR RSB RERAEWNEATER . ZHkR B EerRE N F:
Lfocal =0 (1_ P )V In( pt)

Hor,  p RoRHEARENS LA 0 RIOMESR, o RIFIER T, y MRESU L, HE K062 AT SR
ZERNBRZBIE AL Ly FRIEAN:

i=N
Z pigite
LSdl 21_2# ’

D p+D.0+e
i=1

Hrfr, g, e {01 FREBNE | MERMEILAFEME,  p, €[0,1] T AT RIEE | MER MR-
et NIBUE . REMETHRKREAN
Linain = Lrocar + Lsar -
G 0 A 45 K B B AR RS T T K R R SR A R B X R R B R IA O
Lo = Liocar + Lsar 0
(B 0 M B A R A R 1 5 — P B U-Net (M S22 i, HAROR R 200,

P15 i 1 K B MO 4% L 1 BB S R R R R e i 22 57, (R AR AR R AT RE 1458
BEOEE, IR S 2RI R R B T R ZER L. VRN RIE AL AN -

I-denoi :%i(ml —m )2 ’

i=1

Horbme RS (Eilbik, BRI RN EE SR EGREATES, meR¥ MY RoR
NEBIFEARTEES o A0 R SO RAE OR B R B AR SE R RIS, Fai P /E RO A 000, AT et 1
P 227 50 B BN IR RRFAE 3 o AR SR e 2 B0 K B BGRIE N
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Ltotal = Lmain ta- Laux + ﬁ : I-denoi

K o0 b A 2 e R P R A i, L RS BRI RS . Rk, B E AL,
%f a #£{0.1,0.3,0.5,0.7,1} ¥t il W # 2, DAIRHESE AR R, SeZ83k 5 o = 0.5 5 2Kfbldh, S #£{0.01,0.05,0.1,0.2}
s, BB =0.1; BESHy =2 WEMRE, WIERVIHFE . FIRSHAE IS S S50 B E A2

22. KWEEHERGH

2.2.1. BUREMITEMNIgER
ASCAE A ISIC 2017 AR EIESE, ZEIREEES T RENIFILAEG B2 AT EdEsE.
ZIEEL(10U): 3831 b FE B TR 45 /5 B SbrE 2 [0 ) ESREE R febr. CRaAR %O, &
T 25 0 5 B SehrZ -+, W I0oU Hfr2Ein T 1. 4 A AT R, B AMRERE, N
R E AR T:
lou=-ANB
AuUB
HERI R (Precision): #EAHZR AT DURIFHB IR AT 2R MERE, BRERE EMLRIGERERGE RS
BIEE . TP: BLIEMIR AP IES]; TN: #IEHIRB A AE]; FP: B RIR A ER]; FN: 45 R 1R
45

TP+TN
TP+TN+FP+FN’

AR (Recall): A FIRAEK IEFEAST 2 /045 dERfHL RN R, x5 B AR TR IR AR I 3R
M EZEIREHE,

Precision =

L
TP+FN

FAALL £ (Dice Similarity Coefficient, DSC)H T &4k Wil 7 FIHEAY 5 B SLbRyE: 2 (8] 1) 25 (A S B FE R .
“AHAEULS e UM

Recall =

IXY| 2TP
IX|+]Y| 2TP+FP+FN+¢&

Fob || QR IORR, & NTHIIT BRI E.

2.2.2. AIALIESRBHRE

U-Net 1E N 22 EBAT % i I ZSHE S, PERE -0 ik o BRI FRATT A 06 BEE B L i & %) G AT
XFEIRES, IXFEA AR R HIRA TR B e . S T IR I AR A 1R, St R E
MUEVERI AT . 14 4 R T = IEseb st b B (E% a, b, o XTRHIAE KL FR%5. U-Net. #iieky), &
L5t 7 A SRR FE SR AR 10U B0 EL AR HF -

M 4 HE 2], a B U-Net laag H B B B R 23 AN BRI G 3R 0 Bl G2 e o) 3 UG O R B, T
AR K AN BB AR 2 AT T3 IR E . b BIIIE A8 2 B B 2 B0 SR A L, XAk
T 3 SRR E SR B AL PR 4 5 7 TR T FH B8 U-Net [ RI28 2246 . (BN ¢ BFTRAE S, Toib 22tk
/& U-Net ZURIRZ . oM BARLE U-Net 47R 2, (2 5 HSLEBAMELIHZER 2, X S5BMHIIZ
ARG B, EAREMINEIEENEIT, w5 2 ks 4040 1 )5 A B4R Sk A B 7] 7
M L BT DUR BIRAMESL 2 (R X o (REAR A T féi Ak R BT —/MER)

DSC=2-
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Figure 4. Comparison diagram between the new architecture and U-Net
B 4. FiZM5 U-Net Z [BHIFTLEE

Table 1. Comparison of segmentation metrics between the new architecture and U-Net

= 1. #FBRA5 U-Net Z B EIFEFRXTEL

Methods Imagel Image2 Image3
U-Net 0.346 0.601 0.647
HoEHy 0.627 0.627 0.710

3. ETHEMAEXUNSH S IUAKEESE

N EEGT i REDA AR SORE R A P O BB J A 7 2 PR X AT R 0. ©, Q) Q ARR B ER X 2RI

eor B JE TR 1 X3 X HO N IR 2 40T K &
taNjQi, QNnQ;=0,i#],
i=1

AT AR PR R, BN =3, B3R X METESUEE X O, ={y:|ly—X/<r}, r HsTfhl ks ok
N,

X553 BER 2) F TR)L, SEBRORE R AR 2R X B AR IR IR 2Ry e pIet 2 T 2N ) B X3k
7 CURI R T U N OB MR y BOZREE | (y) IR T, SRAF p(y e nO,[I(y)) M ME, A4S U3
s ] HERT

p(1(x)|ye@ n0,)p(yeQ,nOy)

p(ye nO,|l(y))= ; (3.2)
AR B SRR LS T LLZE T (3. 0) IR AL ] B 7T LA 22U . T p(yeQimOX)zﬁ, #
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STRE p(1(y)|ye nO, ) MEmAHEEIT. % p, (1(y))=p(1(y)|ye@ nO,), HEAXHAHIEZH
RARTLALEY, W p, (1(y)) FBRERER A 2 30(3.2):

IT p.(1(y) (32)

yeQjnOy
N IR E R ME, TN (3.2) B B R N, 3% R
min [T -p,(1(y))=min Y —logp, (1(y)).

yeQ;jnOy yeQ;nOy
WRPEAR 335, B XA B EUR SR A 4oy — MU e, AI1S 2
min > —logp,, (1(y))=], o ~1ogp.(1(y))dy

yeQ;jNOy
A5 Q NTEET KBV, BT EI 4R R
NGDF, = Zj —logp,, (1(y))dy- 3.3)
[RIHG 5 R A A B (3.3) R 1, (1(y)) bk ikt
P (1(y))= p(|(y)|yeQimOx)

SKPRAARA XA I o FEASCH, BRI AT B AN TT ZAE s i oA o vl A ik sl
TRE

piyx(l(y))zm;(x)exp[_(ui (:i;(')(()y)) ]

Forttu, (X), 0 (X) MR HERE . 50 B Ok 29 (3.3) T HE 4

NGDF, ng o, ~@(x=Y)log p,, (1(y))dy

Sooit oK) R HR A R
L
(k)= aEXp{ 257 | =T (3.4)
0 lk|>r
T (3.4) AT RS . A 3R(3.3) Tk — b4kl
NGDF, zi-[ﬂ. ~o(x-y)log p;, (1(y))dy. (3.5)

BATHEAXBB)E Q FHHT KB, BAERERZ R
NGDsz'Q(Z.[Qi —o(x-y)logp,, (1 (y))dyjdx.

PRI, FRAT M 5 SCRRL0IAH— B0 25 7730 A5 @, = {(x,y)|#(x) > 0f » #5 Q, = {(x,y)|¢(x) <O} ,
1 f# ] Heaviside BENIKT4ET73E, 2~ 30(3.5)r ¥4
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NGDF, (.4, (x).6s (x). 0% (x). 02 ()
==Jo(x=y)togp,, (1(y))Ms(¢(y))dy - [@(x=y)logp, (1 (¥))M, (¢(y))dy
e, My (a(y))=H(8(y)) M, (8(y))=1-H(g(y)) . #ETTAK(E.6)THELHALN
NGDF(4,u, (x),u, (x),07 (x),03 (x)) = | NGDFdx , (3.7)
NT I, el Eygor = NGDF(4,u; (X),U, (X),07 (X),03 (X)) «
ASCAEH] Heaviside BB IIRIE S, BB B AR 000 T
1

Hg(x):%(hgarctan[gn 2 0, (X)==— .

r T e2+x%

(3.6)

T AEAFERA TR B e AR BN RO 2R, AXSHAEH T, BARRIEA N
L, (¢)= |VH (x))|dx.
R T kDS R KT AR R E BB AT YIRS T, ASGESI N T 4278 2 (Total Variation, TV)IE
VI, PSR4 /T . I RIA A
M () = [|¢ (x)]ox-

N T RS R SR AR A IR, 7 R — A TE U T 0 AT A 5 AR R AR B R )
i 2=

1 2
P(¢)=_[E(|V¢(x)|—1) dx.
Zr ERTIR, ASCWBERZ RN R &TE T
E, (4.U.,,07,07 ) = aEyor + AL, (#)+ 7P (¢) +1M (4) »

55 TN =11 Gateaux FHEUEIR 22 TR C 245 Y, P DLEE R 72 T 1R 55— JUH Gateaux 45, 1]
X S A o T A5

-] Jw(x—y>[uog(ﬂ)+logal<x>+“’l(§;2—('f)y”}H5<¢<y>)dx]dy

+
—

jco(x— y){log(\/g)ﬂog o, (x)+w]«(l— H£(¢(y)))dx}dy.

I 20, (X)

KA B RA SRS R Uy (X), 07 (X) o Ui (X), 0, (X) BTl /£ 1) Euler-Lagrange Equation(E-L)J7 B4 Fis:
[o(x=y)(w () =1 (y))M,, (f(y))dy=0.
Jo(x=y)(o? ()=(w(x)=1(y))' |M,..(F (¥))dy=0,
U AT A8 (X) 0 (X) B0 B8 2R

U, (x) = I“’X y)H(Y)M,, (f )
| Jo(x=y)M,, (f(y))dy
2 (x)= Jo(x=y)(u (x)-1(y)) M, (f(y))dy
| Jo(x=y)Mm;, (1 (y))dy
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M, (F(y))=H, (£(y))+ My, (£(y)=1-H, (f(y)) - AN Bt FEEUH R 507 847 34
AT AEs AL 7 FE R

—t_—aﬁ( ) ! ( )dlv(l ¢|) { dlv[l'¢|}} dlv(l'ﬂj
Hdh €, 6 e SLUTR :

e ()= o {log(oa( ))+£Ei£%%ilffgl—}dy,

U, (y)—1(x ?
ez(X)=an(y—x)[log(az(y))Jr%}dy
ST B N AT 4 2T H A SCRT S AE AR TR (KB O RAEE AR TS R, A4 T R L.

g\f 1. ﬁiwﬁ_ﬂﬂlﬁ1’tﬁ/£%——/£/}m$i

WA BRI SEERE N, s HAMEE M; S ER RS SDF; 38 a, B, ¥y As A4, T, N_max;
e | A BRSO,

lc=M(1), ¢ =SDF(l.):

if K<N_max :

1: E%EU,( ): Giz(X);

2 WHACTREL P =gt 40t

3: S {(x,y)| 4" >0} 55 1y ZIAI IOU

4: #10U“* > 10U* ] 10U, = IOU**, 50U 10U, = IOU*;
5

|

o S 50 AR 10U, AL, MIZ It B0, 4k =Kk-+13FiE0E 1 4k8sqt.

mask {¢ < 0}
End if

3.1. XFEEIALE

N T AEFRATTAAS Y B 848 B0 50 5 b PN [R5 190 FR) PR, 5 0 R A S5 T WA RS 70 R 3K P ik
TRITMSHBCE, ZIHEA W DR RIS A SROBGE, S21RA40 . Sl ERIL S5 B 5 i
I, SERHIHRSHA S 1]

«=30, f=005, y=01, 4=5, A4 =1, r=5.

LN R L S A5 SR A RIS, X RS A 2 B
=1, =005, y=01, 4=1, 4,=10, r=3.

ERZHA G @ MR A BIRIE R (F 10 5K, 2RI RERIEML A S 5 IR 2.
HRIHE: Ate[0.01,02], 4,4,€[0520], 4,¢€[0.1,05], u,Ve[0.0l,O.l], ge[L2] . LAt#4rEl 10U
AHPR, P ORIFBRRRE . IR R, TR T AR AL BT an ke BRI/ N, HEK 4y, 4, HER B
RIS T 25 A T AR A 45 AT 320 I 500/ 254K 3 24 AR e AU, 98 = 0 5 P A s 1 RS
P S HAE R I R E -
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N IMABAVEIER S, BATHEAT TS, 5 — 4L T BRI %[5 BisM a5, 5
NGRS BREASE SIEW, ARG 1oREATSER, ot KK 5(a)~(d), &
WHEPR L 2. a R A B AR 5 B SEARAE 2 (A ZE L, T35 A BR A AR A 5 L SLhRaE 5E
REA, HEED TR SRS —8, HBAEHY A . b KA ] S 5 A H 5 13t
— B g, HAMLREE REMAF & EEARE. ¢ EIATDUEINEWIE 2], BRI RH o R hn e i % 12
Mo M 3RE, JEALERIEATAEE P T IE R A 3P R A .

BRI 55 7 SRS, BAE SIS & 2 REATHUE LS. E VR T ILIE] 6(a)~(d).
b KA d I Ja A B SRR R 2 T 5 A S 7 At e M d R AR BN R A DR, Ak
HIRHRPIIGTR R 2, HERAINE LB RESE—E R E LB R B /£ c KT ER, FEi
BAE—E R LIBR T AN DU R 4 UL A B 3R R A B A IR 3 AT LR 2R E
BE= M LN, GE =M NBERNRE, JEABEERAL T AT ISR, R R
(¥ 28 R S T e

Table 2. The segmentation effect index of the time evolution method at clear boundaries
7 2. BHESEMW T A BN R LR 2 EIURIE R

WA 42 JRyIN (A5 Ak
Image 10U Precision Recall 10U Precision Recall
a 0.813 0.862 0.935 0.822 0.886 0.919
b 0.587 0.588 0.997 0.730 0.847 0.841
c 0.693 0.693 1.000 0.905 0.944 0.957
d 0.686 0.686 0.999 0.826 0.873 0.939

Table 3. The segmentation effect index of the time evolution method at the fuzzy boundary

= 3. BHENRU AR ML R B 5 BIBERIERR

Wk 2RI [l AL
Image [0]V] Precision Recall 10U Precision Recall
a 0.754 0.985 0.763 0.790 0.923 0.846
b 0.627 1.000 0.627 0.861 0.946 0.906
c 0.711 0.976 0.723 0.825 0.920 0.889
d 0.335 1.000 0.335 0.604 0.852 0.675

3.2. HRHMERSHREREIH

N T AT PG A SO BAE SR S IR, AR i 58— B BL (P U-Net) 5 58 B Bt OKF AR L) I
S SAJHHE RIS ], 55 R SR B 2 ST AR AR (U-Net) iEAT 6] b o A IS 1) 00 62 24 76 A0 [R) R 288 R 3047
H—Hr B 2% A NVIDIA RTX 3080 GPU, 5 [ BiKFAAE A Intel i5-1155G7 CPU (FRZkFE).

U-Net A4l GPU HEFE, I B {60 55 A1 A5 5 AR ST — W B TR) 625 5 X U-Net 2RI K J5 Ak B (/N
M, BRER), CEBRIIGA, A SCHEE = 2—BrB(GPU) + 2 ZHrB(CPU), Hrs —HrEt
B IRV S S 541 A R 1P BB ARG 55 P38 10U SN BGIESE E BT R 1 S48 (17 b A0 11 45 49
BGEit, R CARCHBEW)” SNBSS LR, B XN S 2 LR,
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Figure 5. Segmentation diagram of time evolution method at clear boundaries

Bl 5. BENRIL A BMNA R L EIE
P 1

Figure 6. Segmentation diagram of time evolution method at fuzzy boundaries

Bl 6. BHENRL T AERMIAF LR 2 EIE
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Table 4. Comparison of average inference time (seconds per image) and segmentation performance (IOU) for each method
4. BFEFHHEERETE(RY/5K) 5 53 B RE(I0U) X EE

T B — Mt — LI (] P34 10U
U-Net 1.2464 - 1.2464 0.7130
KITTH 1.4521 - - 0.7204
I B (7 ) 1.4521 3.4987 4,9508 0.8610
P B (HEH9) 1.4521 4.4673 5.9194 0.7505

WA 4TIV I, ARSCPIBY BOTIEAE 2 TR L BB A6 0T SRR P 2 ST, JE R AR 5510 5
B b R, AU RMEIEER N 5 U-Net FHLL, PIFBOT ki) ok ER AL BRI R Ty, 32 B3
FET 5 B KRB, 1IZERERAE CPU LIAE 2 L g, REt, W TFELEZEE
SEARSEIN N, X I RIS R AT I . A AN, T RAE R KT AR A B GPU, BRI B
R G . SRERE, ASCHESAEVEREIL S i35 B B IL S, I AR SE PR 7R sRAE 3 T
H JEE 2 T AL AT o

4, g5ig

AR T — A EE TR LS SRR ST 7> IR, 58— B B AT IR D O 200K U-Net T30 B
BIIVIIETERS, B85 HER AW AG /KT AE R B 58 B B R T 148 7 22 A8 A I v 97 2 A /KP4
THEAEYIIE AT SR pR B Aty b HEATRE BRI AL o 7 BB B2 b AT T PREHSEIR, 20 i A T 53 A Al
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