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Segmentation of Breast Cancer on DCE-MRI Images With MRF Energy

and Fuzzy Speed Function

FENG Bao"*? CHEN Ye-Hang® LIU Zhuang-Sheng® LI Zhi* SONG Rong' LONG Wan-Sheng®

Abstract Accurate segmentation of breast cancer is an important step for computer-aided diagnosis. In images ob-
tained from dynamic contrast-enhanced magnetic resonance imaging technique, the traditional active contour mod-
el method is difficult to obtain accurate segmentation results due to the low contrast, blurred boundary and intens-
ity inhomogeneous of the breast cancer images. In this paper, a semi-automatic segmentation of active contour mod-
el combining Markov random field (MRF) energy and fuzzy velocity function is proposed to perform the segmenta-
tion of breast cancer in dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) images. This method
has the advantages of fast speed, objectivity and the ability to reproduce the segmentation result compared to the
manual segmentation of a professional doctor. First, the MRF energy of DCE-MRI is calculated to enhance the dif-
ference between the target area and the background. Second, the posterior probability of each pixel is calculated in
the energy map. Then, region term of active contour model based on the posterior probability is developed. Finally,
a fuzzy speed function, which derived by combining the image intensity, time domain characteristics of DCE-MRI
and the Gabor texture feature, is introduced into the active contour model as edge function. At the boundary of
breast cancer, the edge function approaches zero and the evolution of the contour curve will stop. The experimental
results showed that the proposed segmentation method can accurately segment breast cancer in the images of DCE-MRI.
Key words Breast cancer, dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI), Markov random
field (MRF) energy, active contour model, fuzzy clustering
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Fig.1  The flowchart of segmentation algorithm in
this paper
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(29)
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dx(|V¢|)+ (|V¢| MZ
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2Rz AL (30)

R (28)~(30) AR (27), WA E] F RTIK
A PREL ¢ WS A% BT H 5 R
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6 U
3 6) = )~ 20 (0) (aiv (VT ) ) -
<A¢> - div|§z|> 0 (31)
b A S S, A 6 FOBRIE T
o= 19O pa) 0 o) (av (VEE) ) +
~y (A¢ - div;z') (32)

2 DEBRIFENIRE

FEX LL S, bniE R B AR R . =
A H S AE DCE-MRI EHE #1047 B 3 BIE 1 7L
B, ShJ5EE W% DCE-MRI 8752 B, xS iR
DXIHEAT T2l 5, B &R 1 IR XA Dy
.y FORE L Sk RIS R S A T3 7
g5 RBEAT LT 2], 70 BRI BHPEZR (True posit-
ive ratio). R PHEZ (False positive ratio) FIAH
B (Similarity degree) —/MEArKIATPEN

A N A,
Rrp = A
A, UA, — A,
Rﬂ?::‘ = |
|Am N Agl
D =
ST A, UA, (33)

Hop, A, REATFHFEIXIH, A, £2FITTIER
B X3, Rerp S WP A2 B35 70 1) X dskoxt B2 26 3
oy DX 7 R (ERROR, T B ROR
Rep SR (12 55325 70 1 DX 10 15 57 X300 B 2 T3
o F DX b, B, R S 2 E R X
A MERIX . 3 Ds | HBCKI, B 17
TRARHRR) X 455 15 A 23 4 SR X AR H AU

3 PEGER

N T URAEAS SCHTHR 5k A R, SR A Rk
5B TR L T] T A0 5 B 1 I PR 0 38 AT 56 UE 43 7
AU BT A 2% 5 4 2 B9 14 ] F MAGN-
ETO MESSENZA 1.5T MRA; RN iE4 4 iliE A
B FH A 3% MR T 2R PEL. BT R 3 Y b TR EMOL.
3R T AL 0 1) RS 3 A [ 9 SR UL
A7) DCE BM% (TR/TE: 4.6/1.7; #% -
7 FE; FOV: 280 x 340 mm; fE[E A /N: 280 x 340;
AR R /1A B 1.0/0 mm; AR E]: 75 8).

BT ik S 8 A KPR &2 5
E 7 VAR BT XA ACM. 2T = 38 = T A 10
ACM. %£F MRF f#[X 15 ACM®, 3£ A ACM.

VREE S SIAEZE A ] U-net 1 V-net MZ&347 % EL4T.
V-net fl U-net i ] F#B & FEAHE Y Vonet IS5
WHEUT: batch _size =10, 22313 = 0.001 , &AL
RE = 400 000 , F K EKECH dice coefficient, 1EAX
K R ERIREL U-net IS K EWT:
batch size = 10, 2221 % = 0.00001, &EAREL =
10 000, 5125 RN binary crossentropy, £ 1k
AR ER L. b 2 255 1R AR DCE-
MRI E% 34T V-net Al U-net P2 HI)1Z%, MiR4E
3L 50 AL DCE-MRIE4. V-net il U-net 7EV
ST RIAIE 1 Fow, AT LA H U-net tHIL 1
R EIBLR, V-net FIRIELLT.

% 1 V-net M1 U-net YIZREEL R

Table 1 Results of V-net and U-net in training sets

kAl Rre Rrp Ds
Bk (BIME HhRHEZ) (BMEHAREE) (BIME AR

U-net 0.9706+-0.1189 0.6673+-0.6662 0.6252+0.1456
V-net 0.9408+-0.0637 0.0732+0.1287 0.8836+-0.0917

3.1 PRRBUZLBRIE S EIGSR

TS0 I0 IR BT i e 8 LR 4 E 1 RE . Bl
SOGRHR AR R 5 AN R R AL DCE-MRI
BUEHEAT /0. a0l 6 Frow, Fide H 5 v2xd SR
B R E L TEAFNEINER, T
HAe 1Mk B 6(b) Baadia HAKTFENES
oy BRI SR, AT DL IS ] R L A IR s
73 2 1) L M e L AR A i A i . 1] 6(c)
I 6(d) ERETIAHH ACM A3 T R & i
REmEM ACM M55, n] DUE 52 B 3L 5 10 2 A1
BBl A4 (R 52, 31 485 R JGE DB H s =0 AL 5
WG NAIRE L IATE. K 6(e) BRET X
1) ACM 458, TN EAL S,

SO T B A BRI 6(f) BRI T MRF
PIX 3R ACM (&5 R, B -9 kk i 2L B R
Gy BN RAAAE R oy BN B 6(g) A 6(h) 251
J&7R U-net Ml V-net {150 E| 45 1 AF7E IR EIH
0L, SHELE 6(a) AT 6(i), AT LA R E A
TTFEAS BB 53 F 46 R TR AT o El 4R,

3.2 AFMRBUZLERE S RIER

BB FUIRE A DCE-MRI & 2250 A 3 ik e
A H R Xk 5 I IR AR R AR AR AE. N
TP IUE R RE, B RSB EE AE IR PR B
HOERE T 10 AN S B R b e B0 2L R 3R AT 43 .
ME7(b) FE 7(c) 7T EAE H, BT 20 kA
Rl A 20 2 LA AR O EL B, 25 & (B KCF 4R
A2 0 E TS T 5 ACM M4 R E
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((a) BEAETF B & (b) 456 AEAFRMEEZI 2 EITTE; (o) BTIAFH ACM; (d) 2

FRBETRE R ACM; (o) 2T XM ACM; (f) 2F MRF X3 ACM; (g) U-net; (h) V-net; (i) ACH%)
Fig.6  Tumor-shaped breast lesion segmentation results ((a) Expert manual segmentation; (b) Segmentation method
based on binary level set and morphological operation; (¢) Edge-based ACM; (d) ACM based on local Gaussian energy;

(e) Region-based ACM; (f) Regional ACM based on MRF; (g) U-net; (h) V-net; (i) The method in this paper)

T TR EZNIES AR, BiEEARRE RS, BT
12 Sk ) . P 7(d) F N R TR e T R A
ACM, WEEGENEFI A HEISE R, B 7(e) Bk
T XM ACM ME 7(f) @RET MRF B X35
ACM, IV FMEXT L R AL L, KT
. B 7(g) AE 7(h) 4 fE7R U-net fl V-
net 143 EI4E R 7(a) A 7(1) X E, RAE AR
P H VAR B (R LI AL SE 0 T R AR T3 4
SR

FFEET R T RE R 1) ACM T VEABERE
o BNy SRIDIEYPSESE St L i AL 9 Q)
FIANE] ACM H. YR E R NEUE AN A& B,
EIAZ R K () AN RE R TN, DRI T
Ji i e e B 1) ACM. 23 5 e 40 BR 1 7 i)t i %t
TET LR ACM, 2 BIE e A A BUR 1 1M
Bl s, il 2k O TEIx — Ja 0 i il e 00 4 £,
BT A] B 3 56 5 i 2k {5 1L AE A RE B I2 oK JR) A A
/NEPIRES.

X FHEF X4 ACM FZs & Ml K TFERES
SR 0 7 VEAS B 1 23 0 LM ek 1 R
o 1) 75 FLARE I A0 A 2 18] BAT A8 R 2K
18, 7ECJF ih e is AR  AUE A  BHR B K EAE B
TR BRI R RAE &, BNk
FRtt R 2) FLARAE A s 0 R A 2 R B AR
FRR EE A8 PR B2 T 530 A 0 R B, TG V2 v
A AR X Bl B2 R (s s 5 ARG 5 B S

M3 MRF X3 ACM FH%&HHBLAEE,
T DA T RO 20 A g SR A AE R Ay B B AL, IR
) HESR U-net Al V-net FiEWEE T A1 40 E)
iR, RAEA L EBFEA I T 1 S R )
L, R ) A TE AR B O 1 FU R L v o ) 2 AN B
LR A RE A 1) JE TR 22 S B o B vk R 3
T HHRE IR BN IR 3 E 07, TR IS R I R S 56
{58 (0 DCE-MRI B&MZI&HER), SERIR
BH R 2) AR DCE-MRI K4 Fp 4776 7™ 5 1) 257
i3 1) R (g bk DX 3k AR R A (IE2R) /N T 75 5
IR R AL (1128)), It HEGHRAE 2R 5 (W
M 2ZERE, I8 AL, SERIEI SR ZE.

NS IR E R RE, kSRR T 50
ANIE G IREEA. 53 Rrp « Rep « Ds FIPFYMEARE
RV RS, XL T 7 FAS[E 20 BT VEAE 50 AN
PREEA I > B4 B g5 Rk 2 Fios, Frfe oy
TR RS B o LA A B R, S5 A ZAEAKCE
RS E BTk, TR H ACM, TR
HEETREE M ACM, 2T X8 ACM HiEM U-
net J7vk BRI R T IR Rep {E, {2 Rep XK H
DsHAX/N, UL RGBSR EH AR R B
SRS VAR B Rep HRIAE T 92.97%, H
TE Rep 848, ARSCHTHE H 77200 B3 B0 25 A
FIEFBD (Rep = 3.37%). 1E Ds fabs, Frigt
LS BEETF B EI 4 RAINE &AL (Ds =
89.96%).

N o BT BEVRAE R 2 N AT AT I e Bk
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7 MR AR BIAIR ((a) EAETEGE] (b) 4G AHKFEMTEE I EIT57%; (o) HT UM ACM;
(d) FET R IR RER ACM; (e) 2T XM ACM; (f) 2T MRF HJX# ACM; (g) U-net; (h) V-net; (i) A3CHE)
Fig.7 Non tumor-shaped breast lesion segmentation results ((a) Expert manual segmentation; (b) Segmentation method
based on binary level set and morphological operation; (c) Edge-based ACM; (d) ACM based on local gaussian energy;
(e) Region-based ACM; (f) Regional ACM based on MRF; (g) U-net; (h) V-net; (i) The method in this paper)

ATEF RIS A BE R b, 36 3 JRR T &5t L AR
I 8] 52 A FE A 23 1) 50 Al PRAEAS (- 2 44T I 1]
(U-net Al V-net R &5 E] 50 ANk PRAE A ) 15
). W& 3 hEM, AXTTEN R EREN
O(n?), “FIPATIHIAI N 4.6575 s, FENTHG & T Hi 4
T3k, ABAE 2 Y 2 .

4  ZEip

AT 1 DCE-MRI EIME bR 70 30 30 e 4
P —Fh4E & MRF 8 & R 06 U0 TG sh#e
ERAEAY D7 vk, amad i FUE DCE-MRI B4+  — 4

MRF, ¥ BB KL B AL MRF fe &, JF7E
MRF A& 13l bk SRR S5 R,
Ry S T T S A ) DX A0, 7 e 5 L s LR A
WAL ZE RN, WHEE 7 I LAE DCE-MRI L
(72 T) SR SRR 0T 3L s A 220 5 R ) ] AL
TR T TR0 L R Sk I R a7 1, BT 4
# FL I DCE-MRI NS84 K FERFERT Gabor £
FRARFAE SR T SR 2 bR 2, R LA i ZeAar Il
BR KL %0 2 8 T LR A 1 S, 2R
R BON R, TSN AR AT LA Gl X I
PR B R 56 0E 23 BT, R AR SC T AR S O 1 A LR
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Table 2 Segmentation results of 50 clinical samples

5y FN S Ryp (HMELARUEZ) Rep (BMEAbREE) Ds (BHMH+HrHEZE)
GhE A KPR S 13 H1 07 1% 0.9759-£0.0276 0.910041.6139 0.69104:0.2537
TR MACM 0.967640.0551 0.627040.4238 0.514640.2272
BT R R E M ACM 0.9548-+0.0818 0.8368£1.0217 0.6147-£0.2040
H T XIBMACM 0.98924-0.0135 1.0604+1.0193 0.5857+£0.2357
HTMRFHXHACM 0.8709-£0.1178 0.2018+0.3271 0.7524-£0.1438
U-net 0.9389-+0.1156 0.5988+0.3772 0.6143+0.1456
V-net 0.8762-:0.1408 0.1131+0.0961 0.7920+0.1402
PN @IRT 0.9297+0.0413 0.03374-0.0222 0.8996--0.0410

® 3 BVAII R B AR
Table 3 Time complexity of the algorithm

Iy VR IS AR SFRIPATIIA (s)
4G KPR S0 08 7% O(n) 3.3500
HETAFHACM O(n) 3.2550
BT R E AT A ACM O(n) 3.6790
HETKIRMACM O(n) 1.1188
JEFMRF X HACM O(n?) 2.7925
U-net O(n) 1.6102
V-net O(n) 3.3669
ARSI O(n?) 4.6575

DCE-MRI B #1153 B0 S 2 TS
HIEE R, F—3, BATKEIRER WG R 2 2] T
T B EEA AL VAT S A, Sk — P E AL
DCE-MRI 14 5 &1 () HERf 14
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