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Abstract

One of the frequently employed techniques is the use of the data term of the L2 paradigm metric
model. However, its segmentation performance degrades when the image is contaminated by blur-
ring and intensity inhomogeneity. In order to solve such problems, this paper proposes a variational
level set model based on the maximum likelihood estimation framework of Gaussian distribution.
First, the observed image is decomposed to obtain the intensity information and structure infor-
mation of the image based on additive bias field theory. Meanwhile, the Gaussian distribution func-
tion is utilized to extract the texture information of the image. Second, the fitted image is constructed
both inside and outside the evolution curve using the texture, structure, and intensity information
of the image. In order to drive the evolution of the contour curve and rapidly identify the target edge,
the maximum likelihood estimation framework of Gaussian distribution is finally used to illustrate
the difference between the background and the target. The experimental results show that the pro-
posed model is superior to other methods in terms of accuracy and efficiency with significant im-
provement. The quantitative evaluation results show that the average segmentation values of DC, JCS,
P and TP are 0.9845, 0.9697, 0.9756 and 0.9938, respectively.
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Figure 1. Framework diagram of the proposed model
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Figure 2. Relationship of single-phase segmentation region
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Figure 3. Energy functional curve
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Figure 4. The robustness of the initial contour
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Figure 5. Segmentation results of color images
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Table 1. Values of the objective evaluation index for the segmentation results of the five images in Figure 5

1. &5 pRBEEGSBSEROZINTNIERRE

fabr DC JCS P TP

B4 1 0.9777 0.9563 0.9773 0.9781
K4 2 0.9698 0.9414 0.9880 0.9523
K% 3 0.9928 0.9858 0.9864 0.9993
Kz 4 0.9952 0.9905 0.9907 0.9998
K15 5 0.9818 0.9643 0.9658 0.9983

4.2. fEEsEIe

FEATT R, Wit 5 i Se Bk S B AL (45 ALF [28]. FRAGL [29]. ABC [22]. GLFIF [30]. HLFRA
[31]. GLMF[32]. FGLSE[33]. SDREL [34]. ADRLSE [35])#1T EbAe, TTAG A H AR AL £ 43 vk fff 1t 7
THI R PEfE - ALF T ABC R 2 J55 358 RS 40 BB 7Y , FRAGL Al GLFIF /2 4 JR /K P44 ER A, 1] HLFRA.,
GLMF #1 FGLSE A& ¥ SR & (JRi 4 R) /K148 B 7y B L

FEXFESES , FrA AR AL TR R IS . BAREUEAFERB W BT %] BRERBSERE
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421 EXEBIEER
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K 6 R —1T 2% )\ T 5% = ALF. FRAGL. ABC. GFLIF. HLFRA. GLMF. FGLSE FflA 3
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FHEL, ABC HERIIR) 73 FPE BERDO LA, (HIZAERR A SRR AT bR &, 3 BUsE A2 RAT Rk B R R -
ASSCHE AR I T PR R A B AR SRFAE SR 5 B A Ml 2370 R AR i s i 2 P A1 5 B2 AN B 204
B AR T BB TR .

Figure 6. Comparison experiments on medical images with intensity inhomogeneity
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BAFAET EIDh 5, VOB S5 BRARIE I, 1X 45 7 RIH AL ok — e R . 58 iR vk &
B, HRMAEENBOTES, i HBRORSNEERS . FE00R 0 A KR UREIE, 2
VUi 22 28 7S i B B 2R 45 AR R

7 AT R EAAEE B RGEIR, AT 255788 SDREL. ALF. ABC. ADRLSE Al
AR BN R . RSN, ADRLSE #EAYXS T/ ME B AR R B 7 B @ TR AEI R T
VU - B e S5 R R R LA B R, B0 ABC AL AR B T 2R ) B ok, IR BARIX AR ABZE R 45 5. A
X AR MR A RE AR 7y B 25 SN, AR SCRR AL RS AT 280k 2 1) H 43 381) A PR B i 28

1) {
Figure 7. Comparative experiment with the natural images with blurred edges and intensity inhomogeneity
7. IBGAEHIFNIRE T 195 B AR ER A X L K38

Table 2. DC and JCS values for the segmentation results of the six natural images in Figure 7

Fz2 B7HRiEEAREIGSEIZERA DC F1ICS &
- SDREL ALF ABC ADRLSE AR
* DC JCS DC JCS DC JCS DC JCS DC JCS

#1 09358 0.8836  0.7335 05792 0.2073  0.1157  0.0523  0.0268  0.9905  0.9813
#2 0.1962 0.1088  0.7812  0.6410 0.7643 0.6185 0.7099  0.5502  0.9829  0.9664
#3 0.3409 0.2055 0.8491 0.7378 0.6165 0.4442 0.2044  0.1138  0.9692  0.9403
#4 0.8271  0.7051 05713 0.3999 03562  0.2167 0.1727  0.0945 09876  0.9754
#5 0.6545  0.4864 09441 0.8942 0.8680 0.7669 0.7650  0.6194  0.9927  0.9855
#6 0.4332 02765 05701  0.3987 0.2751  0.1595  0.1848  0.1018 0.9843  0.9691
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Table 3. P and TP values for the segmentation results of the six natural images in Figure 7

=3 B 7HhANIEEREESEILERMP I TP E
_— SDREL ALF ABC ADRLSE AR
P TP P TP P TP P TP P TP

#1 0.8977 0.9825  0.5952 0.9554 0.1306 0.5024 0.2326 0.0294 0.9893  0.9918
#2 0.1091 0.9694  0.6647 0.9474 0.9729 0.6294 0.8965 0.5875 0.9802  0.9857
#3 0.2246 0.7072  0.8369 0.8616 0.8987 0.4677 0.9004 0.1153 0.9436  0.9962
#4 0.7102  0.9900  0.4262 0.8661 0.9648 0.2185 0.9713 0.0948 0.9820  0.9932
#5 0.5443 0.8205  0.9100 0.9810 0.9624 0.7906 0.9723 0.6305 0.9894  0.9960
#6 0.2791 0.9674  0.4256 0.8631 0.8174 0.1654 0.9118 0.1028 0.9691  1.0000

B, PRBLT BRI FAREE 2 IR B MPF O . a0 2. 35 3 P, tF SRR 7y B E AR R I
FIPY SRR IRE . 5 HABBERIA L, ASTRR 2 W {8 DC. JCS. P A TP B Al 7 BB AL v,
XRWASCRERNS T B IR R K 70 TS T B R 25
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P TRUAT R R 1 RO P 5 i P A28 ST RS A R PR DRI o BRI, XA JRALA A B T 1
PRIFRTEAE N S 5. S L DCIRAR AL AE BRI AN 2 o BORPIT PR T RO IRAE — B R RE L3RI
T REFRCR, HEARR EIRR NI T 2R XA AR Bk, 2@ 3 BA ™ HiRE A
B IR ERRS, HPERE T RE 2 2 BRI o

E&WE

A = BT R H A4 H (9 H 4% 5. 2025B-456), ¥ B K ALK IS H (W H % 5
TDZKSS202444),
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