SIViP (2011) 5:257-267
DOI 10.1007/s11760-010-0159-7

ORIGINAL PAPER

Fast medical image mixture density clustering segmentation
using stratification sampling and kernel density estimation

Cong-Hua Xie - Yu-Qing Song - Jian-Mei Chen

Received: 29 August 2009 / Accepted: 3 March 2010 / Published online: 26 March 2010

© Springer-Verlag London Limited 2010

Abstract The Gaussian mixture models (GMMs) is a
flexible and powerful density clustering tool. However, the
application of it to medical image segmentation faces some
difficulties. First, estimation of the number of components is
still an open question. Second, the speed of it for large medi-
cal image is slow. Moreover, GMMs has the problem of noise
sensitivity. In this paper, the kernel density estimation method
is used to estimate the number of components K, and three
strategies are proposed to improve the segmentation speed
of GMMs. First, a histogram stratification sampling strategy
is proposed to reduce the size of the training data. Second, a
binning strategy is proposed to search the neighbor points of
each center data to compute the approximate density func-
tion of the samples. Third, a hill-climbing algorithm with the
dynamic step size is designed to find the local maxima of the
density function. The kernel density estimation method and
sampling technology reduce the effect of noise. Experimental
results with the simulated brain images and real CT images
show that the proposed algorithm has better performance in
generating explainable segmentations with faster speed than
the common GMMs algorithm.
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Y The mean of image X

Vi The mean of the Ath stratum of sample SX
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3i The ith step optimum size of hill-climbing pro-
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s The size of Y

1 Introduction

Medical imaging is an effective diagnostic tool in today’s
clinical practice. Medical image segmentation is a critical
step toward the content analysis and image understanding,
such as the quantification of tissue volumes, the study of ana-
tomical structure and computer-integrated surgery [1]. Due
to the presence of noise, intrinsic tissue variation, partial vol-
ume effects, unclear tissue boundaries and intensity non-uni-
formity, medical image segmentation remains a challenging
task [2].

There are a lot of methods available for medical image
segmentation [3,4], such as specific probability density dis-
tribution [5], decision tree [6] and neural networks [7]. In the
wide range of segmentation methods, clustering algorithms
are termed unsupervised classification methods that organize
unlabeled feature vectors into clusters or “natural groups” so
that the samples within a cluster are more similar to each
other than the samples belonging to different clusters [8].
Most unsupervised clustering techniques [9], including sta-
tistical-based clustering [2,5, 8], neural network—based clus-
tering [ 10] and various fuzzy clustering [1,11-13], have been
used to accomplish this task. Some of those techniques are
reviewed in the following part.

Among the fuzzy clustering methods, fuzzy c-means
(FCM) algorithm [11] is the most popular used in image seg-
mentation. Cai [12] proposed a novel fast and robust FCM
framework for image segmentation and a fast generalized
fuzzy c-means clustering algorithms by incorporating local
spatial and gray information together. Yang [13] proposed an
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improved fuzzy c-means algorithm, incorporating the spatial
neighborhood information into the original FCM algorithm
by a priori probability. Those fuzzy clustering methods esti-
mate the parameters, which minimize the distance from each
voxel to the class centers. They use only the distance objec-
tive function without any other information about the inten-
sity distributions. The most important is that they have no
ability to estimate the number of components K for medical
image segmentation.

In contrast, the GMMs methods use the statistical theory
to model each voxel’s intensity, which is more reasonable to
the real situation. Many researchers [14—16] used the expec-
tation-maximization (EM) algorithm [17] and the frequently
used mixture model clustering algorithm to segment medical
image. Wells [15] reported an adaptive segmentation method,
which applied the EM algorithm on intensity in-homogene-
ities of different tissues to segment brain medical images. In
order to solve the noise sensitivity problem of the GMMs
methods, Tang [18] used a multi-resolution GMMs method
for image segmentation. Yan [19] used the spatial informa-
tion as a prior knowledge of the number of components in the
application of finite mixtures to image segmentation. Rasoul
Khayati [20] proposed a segmentation approach for Magnetic
Resonance (MR) images, based on a Bayesian classifier, and
utilized the adaptive mixtures method and Markov random
field model to obtain and upgrade the class conditional proba-
bility density function and the priori probability of each class.
Adelino [21] proposed a Dirichlet process mixture model for
tissue classification of MR images. The model uses Dirich-
let process to overcome the limitations of current parametric
finite mixture models. However, the application of GMMs
to medical image segmentation faces some difficulties: (1)
it is still an open question to estimate the number of com-
ponents K. Although many model selection criteria [22] are
available to estimate it, many of them become invalidated for
medical image. The main reason is that the absolute value of
log-likelihood function is often far larger than its punishment
function, and the image is over-fitting. (2) For the original
medical image with large size, the GMMs method has a slow
segmentation speed. (3) The GMMs method has the problem
of noise sensitivity.

Our motivation lies in the development of fast procedures
for the automatic segmentation of medical image, which can
determine the number of components K and reduce the effect
of noise. On the one hand, a non-parametric density estima-
tion method is used to estimate the number of components as
prior knowledge of the GMMs method. We employ the Par-
zen window approach [23] to estimate the medical image den-
sity and propose a hill-climbing algorithm with the dynamic
step size to estimate the number of components K. The ker-
nel density estimation is insensitive to noise. On the other
hand, we propose three strategies to improve the speed of
image segmentation. First, the histogram stratification sam-
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pling strategy is proposed to extract the samples. It reduces
greatly time and space of estimating the parameters of GMMs
and K. Moreover, the sampling strategy reduces the effect of
noise. Second, the fast approximate density of image is esti-
mated by replacing the influence functions of all data with
local data. We propose the binning strategy to search the local
neighbor points to compute the approximate density of the
samples. Third, the hill-climbing algorithm with the dynamic
step size is proposed to find the local maxima of the density
function.

The outline of this paper is as follows. Section 2 introduces
the GMMs. Section 3 describes our segmentation method
with stratification sampling and kernel density estimation.
Experimental results and comparisons are given in Sect. 4.
Finally, some conclusions are drawn in Sect. 5.

2 Gaussian mixture models

Suppose a medical image X has N pixel points {xi, x2,
x3...xy} and K components, the finite mixture density of
any point x is:

K
£ (x10) = "o fr (xlpr. Bp) (x € RY) (1

r=1

where 0 = (01,00, ..., 0K, U1y A2y« LK, 21, 225 - .-
Y k), o is the weight of component » with Zf: ro =1
and o, > 0. And u, and X, are the mean and covariance
of component r, respectively. The density function of each
component of GMMs is:

exp[—3 (x — )" T (0 — )]
Qm)¥?1x,|1/2

fr (xlpr, Zp) = &)

The usual choice for obtaining maximum likelihood esti-
mation of the mixture parameters is the EM algorithm, which
finds the local maxima of log-likelihood function:

N K
log L (x|0) = Zlog(z o fr (xilr, zu) 3)
i=l1 r=1

Suppose ¢, = {&;, iy, X}, the EM algorithm for GMMs is
described as below:

Stepl. Compute the posterior probability of

plerlxi)(l =i =N, 1 <r <K):

K
p (@r|xi) =a, fr (xilpr, 2:r)/ZOlrfr (xilpr, Zp)
r=1
“4)

Step2. Compute the weight, mean and covariance matrix:

N
> perlx)/N ®)

i=1

N N
e =X pGrlxidxi [ D p o) ©)
i=l i=1

R
K
Il

N N
= p(erlx) (5 — i) (xi _I/«i)T/ZP((Pr|xi) )

i=1 i=1
Step3. Update the posterior probability with formula (5),
(6) and (7) and compute the log-likelihood function;
If the increase in the value of log L(x|6) at the cur-
rent iteration relative to the value of log L(x|0) at
the previous iteration is below a chosen threshold,
then the algorithm stops; otherwise, go to Step 2.

Step4.

3 Our methods

The framework of our method is shown in Fig. 1, in which
the samples extracted from a medical image X are labeled as
SX. Both X and SX have 3D features of x-coordinate, y-coor-
dinate and gray. First, the histogram stratification sampling
algorithm is proposed to extract the samples SX and map SX
into SY that has 2D features of x-coordinate and y-coordi-
nate by the multidimensional scaling method. Second, the
approximate density of SY is estimated by the binning strat-
egy. Third, the number of components K is estimated by the
hill-climbing algorithm with the dynamic step size. Finally,
image X is segmented by the K models of SY.

3.1 Histogram stratification sampling

The computation of Parzen density estimation is directly
related to the number of training samples. Therefore, the den-
sity estimation of medical image with large size is too com-
putationally intensive. A histogram stratification sampling
method is proposed to reduce the size of training data. Some
notations of our sampling algorithm are listed in Table 1.

3.1.1 Histogram-based strata

The strata should be internally as homogeneous as possi-
ble, because the smaller strata variance, the smaller is the
variance of the sample estimation [24]. Histogram threshold
based image segmentation methods show that the histogram
is a natural standard to form image stratum. Suppose the gray
level set of image X be G = {Lmin, Lmin + 1, .- -, Lmax}
(L min =the minimum gray level, Ly,x =the maximum gray
level) and gray (x;) be the gray value of point x;, the
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Image X »| Samples SX »| Map SXinto SY »| Estimate the
approximate
density of SY
Estimate K by hill-climbing
Segment X by K models P algorithm and K model parameters |~
of SY by EM
Fig. 1 The framework of our segmentation method
Table 1 Notations of our sampling algorithm
Notations N n Np np Wy = Ny /N wy = np/Np

Explanation Size of image X Size of sample Size of the hth Size of the hth Proportion of the Proportion of the
SX stratum of X stratum of SX hth stratum of X hth stratum of SX

histogram of image X is:

N

His (g)=Y_ 8(gray(x;) — g)(g € G) ®)
i=1

here § (0) = land § (g # 0) = 0.For His (g) is not smooth,
we replace it with its smoothed histogram SHis (g). Sup-
pose the smoothed histogram S His (g) has the local minima
at the gray levels of Ty, Tz, ... Tp—1. The gray level set G
can be divided into p subsets: G; = [Lipips ---> T1], G2 =
[Ty,...,T2l,...,.Gp = [Tp_1,..., L Lmax].Those pixels
whose gray values belong to one of those p subsets form
one stratum. Image X is decomposed into p strata.

3.1.2 Estimation of the sizes of each strata and total sample

The samples S X are extracted by independently random sam-
pling from each stratum of image X. The sample size of each
stratum of SX is proportionate to the population size of each
stratum of X. The size of the Ath stratum of SX is:

n
np Nh(_ <p 9)

We label the gray of the ith pixel of the Ath stratum as
Yn.i> the mean of image X as Y and the mean of sample SX
as y. The mean of the Ath stratum of image X is:

Ny
Yi=> yui/Ni (10)

i=1

and the mean of the Ath stratum of sample SX is:

np
Vo= Yni/m. (11)
i=1

The variance of the Ath stratum of image X is:

Np
S2=>" (hi — Yi)2/(Nj, — 1). (12)

i=1
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An unbiased estimate of the variance of y is var(y)
S2(—) _ ZP W,%Sﬁ _ ZP WhSle And b

Y) = 221 Ty h=1 —N - And because nj,
nwp(th=1,2,..., p), we have:

1 & W2SE & W, S?
V) = — — 13
var(y) ”h; - hZ:l v (13)

If the margin of error is less than d, the precision requires
P([y—Y| <d) =1—a. Wehave

P [
And note ﬁ = a2, that is, var(y) = d2/(,ua/2)2,
where f1¢/2 is the right «/2 quantile of the standard nor-
mal distribution. For the proportionate stratification, we have

Wy, = wy,. According to formula (13), the size of sample SX
is:

y-Y __ d
Jvar(y) T J/var(y)

:|zl—a (14)

p 2
n— 2 et WS, (15)
d? 1 p 2
(Ma/z)z + N Zh:l WhSh

Our stratification sampling algorithm is listed as below.
Algorithm 1: Histogram-based stratification sampling

Input: Image X, the margin of error d

Output: Sample SX

(1) Compute His (g) of X, g € G;

(2) Compute the smooth histogram SHis(g) of X, g € G;

(3) p = the count of local minima of SHis;

(4) Image X is divide into p strata;

(5) Compute the total size of sample n by formula (15);

(6) For(h = 1;h <=p;h+ +)

(7) Random sample nj, data from the Ath stratum and
label as S Xj,;

@B)SX =SXUSXy.
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Fig. 2 The BrainWeb images
for different axial slices. a Slice
no. 66; b Slice no. 86; ¢ Slice
no. 116

Fig. 3 The BrainWeb images
for different axial slices with 3%
noise. a Slice no. 66; b Slice no.
86; ¢ Slice no. 116

Fig. 4 The ground truth of
CSF, WHT, GRY of Fig. 2a.
a CSF; b WM; ¢ GM

3.2 Approximate density estimation with binning strategy

Density of medical image X is the construction of an esti-
mate, based on the observed data SX, of an unobservable
underlying probability density function. Each sample point
is a 3D data with the coordinates and gray. Because the gray
of the unobservable data is unknown, we need convert the
3D data set SX into 2D data set SY = {Yq, ..., Y, } that can
be displayed in a scatter plot. In the mapped 2D space, we
can estimate the density of any data. Dimensionality reduc-
tion methods can do it. The aim of dimensionality reduc-
tion is to preserve as much of the significant structure of the

high-dimensional data as possible in the low-dimensional
map [25]. Various techniques that differ in the type of struc-
ture for this problem have been proposed. Classical multidi-
mensional scaling (MDS) is used to map SX into SY in this
paper.

The Parzen density function of each data is defined as
the sum of the influence functions of all data. In SY =

{Y1,...,Y,} € R2, the density function of ¥; (1 <i < n)
is:
- Y, — Y
Yp)=—>» K(-L—), 16
£ MJZ; ( - ) (16)
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Fig. 5 The segmentation of
CSF, WHT, GRY of Fig. 2a;

a CSF by our method; b WM by
our method; ¢ GM by our
method; d CSF by C-FCM;

e CSF by F-GMMs; f CSF by
Y-GMMs

Table 2 The average DSM index and time of the 10 BrainWeb images

Time(s) DSM for images DSM for images with 3% noise
CSF WM GM CSF WM GM
C-FCM 1.87 0.93 0.83 0.85 0.89 0.85 0.84
F-GMMs 3.65 0.91 0.85 0.83 0.85 0.82 0.80
Y-GMMs 3.43 0.93 0.92 0.90 0.84 0.81 0.81
Our method 0.38 0.94 0.92 0.91 0.93 0.91 0.90

where K(.) is a kernel function and o is called as window
width. Although formula (16) can compute the density func-
tion of S, its speed is slow. A faster density estimate method
is available by only considering the influence functions of
local data instead of all data. We propose a binning strategy
to search the neighbors of each data.

Let the maximum and minimum of new x-coordinate and
y-coordinate of SY be Xmax, Xmin> Ymax and Ymin, respec-
tively. All of the n samples are partitioned into the xn x yn
bins, where xn and yn are the number of bins in x-coordinate
and y-coordinate, respectively. Suppose xn = yn = \/n, the
bin width of x-coordinate is:

Xw = (Xmax — xmin)/\/;l (17)
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The bin width of y-coordinate is:

YW = (Ymax — )’min)/\/ﬁ (18)

Then, we can compute the location of the bin for any data
Yi(x, y) by:

bi:[_(%)_]—irl (19)
bj:[_(%)_]—i—l (20)

Suppose a set Y comprises the data in the same bin or
neighbor bins of Y;.The approximate density of ¥; is defined
as the sum of influence functions of each data in Y. The
approximate density function of any data with Gaussian
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Left kidney

Right kidney

Fig. 6 Original CT abdomen image X

Fig. 7 Another CT abdomen image

kernel function is:

. 1 it e i
Y'i - - o2 2]
f¥) (\/gU)zijE;,e 2 2D

The smooth parameter o shows the influence degree of a
data to the others. We use the average distance of the neigh-
bor bins as the value of o. If the size of Y is s, the smooth
parameter is:

o= 3\ - v vl (22)

YjEY

In summary, the fast approximate density estimation algo-
rithm is listed as following:

Fig. 8 Sample image SX

250 200 150 00 S0 0 50 100 150

Fig. 9 Mapped 2-dimensional image by MDS

Algorithm 2: Approximate Kernel density estimation

Input: SX = {X;,..., X,} € R
Output: Approximate Kernel Density f
(1) Map SX € R3into SY = {Y1,...,Y,} € R> by MDS;
(2) SY is loaded into the bins according to formula
(17) and (18);
(3) For each data Y; in S§Y;
(4) Compute its bin location by (19) and (20) and
find its neighbors;
(5) Compute the smooth parameter o’;
(6) Compute the approximate density by (21).
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Fig. 10 Approximate kernel
density function of Fig. 8
(n =19,624)

Denisty Function

3.3 Determine K by hill climbing with the dynamic step
size

The approximate density of SY can express the clusters or
components. Data points are assigned to the local maxima
by hill climbing. Those points that are assigned to the same
local maximum are put into a single cluster. Each “hill” of
the density is a component of image. The number of local
maxima of density function is the number of components K.
Hill-climbing algorithm can find those local maxima with
the guide of gradient function. The gradient function at ; is:

Vi) =D (i —Y)f)

Yjey

(23)

The hill climbing converges toward the local maximum
Y*. All points on the path from Y; to Y* are treated as out-
liers or noise with f(Y*) < &. Otherwise, those points are
assigned to Y*. In order to find those local maxima, we pro-
pose the hill climbing with the dynamic step size. Denote

Hessian matrix of density function as v2 f, the ith step size

as §; and unit gradient vector §; = % in the hill-climb-
ing procedure.

Lemma 1 The ith step optimum size of hill-climbing proce-
—VT 7 ()S;

dure is §; = = .
LTSIV s

Proof Suppose the iterative formula in hill-climbing pro-
cedure is Yiy1 = Y; + & - Si. We have the density of
Yig1 isf(Y; + 8:Si). f(Yi41) is unfolded at ¥; by Tay-
lor formula, then f(Yi11) = Ff(Yi) + VI f(Y;) - 88 +
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Gaussian Kemel Density Estimation

1# dimension

2 dimension

Table 3 The number of clusters K with different size of sample n(¢ =
2x 1074

n 7000 9000

11000 13000 15000 17000 19000 21000

K 16 17 17 17 18 18 18 18

185 T V2 £ (¥:)(8: S:). And the derivatives of density func-
tion 5L = VI F(¥))S; + 8;STV2F(¥))Si. Because f(¥;)
VI FnS: +

STV2 F(Y)S: = _ =Vias:
8;S; V= f(Y:)S; = 0. Therefore, we have §; = GEEHTACE
O

has the extremum at Yj4i, %—{; lo=s;, =

According to Lemma 1, our hill-climbing algorithm is
listed as below.
Algorithm 3: Hill-climbing algorithm with the dynamic step
size

Input: Approximate density f , thresholding &

Output: The number of components K

(1) K=0;

(2) while (SY # ¢)

(3) { Y;=Select any data from SY;

4 SY=SY-Y;
(®)] Compute Vf(Yi) and §;;

(6)  while (VA (¥l > & and f(Yi41) > f(¥;))
D { Yiqa=Yi+6&-Si

(®) Yi = Yign:

) SY = SY — Y;3}

(10) Y=Y

(11)  if (f(Y*) > &) and Y* is not visited

(12) K=K+1; }
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Fig. 11 Estimated tissue types
of Fig. 6; a Ground truth of
liver; b liver by our method;

¢ spleen by our method; d left
kidney by our method; e liver by
F-GMMs; £ liver by Y-GMMs;
g liver by C-FCM

3.4 Medical image segmentation with GMMs

The EM algorithm in Sect. 2 and the number of com-
ponents K are used to estimate the parameter vector 6
of SY. According to formula (2), compute the probability
frxilpr, 2°,) (1 <r < K). Each point is classified into
the model that has the maximum probability.

4 Experiments

In order to evaluate the performance of the proposed algo-
rithm, we compare it with the Cai’s FCM method (C-FCM)
of [12], the Figueiredo’s GMMs method (F-GMMs) [26]
and the Yang’s GMMs method(Y-GMMs) [19]. Tests were
performed with the simulated MR images [27] with ground
truth provided by the Internet Brain Segmentation Repos-
itory (IBSR), Center for Morphometric Analysis at Mas-
sachusetts General Hospital. The real CT abdomen images
from the Affiliated Hospital of Jiangsu University in China

were also tested. All experiments were performed on a PC
with 1.73 GHz Intel, 1024 MB of RAM. The Dice similarity
measure (DSM) [28] is used as performance index and it is
defined as:

DSM(r) = 2N png(r)/(Np(r) + Ng(r)) (24)

where Npn,(r) denotes the number of pixels classified by
both the proposed method and the ground truth as model r,
and N,(r) and Ng(r) represent the number of pixels clas-
sified as model r by the proposed method alone and by the
ground truth, respectively. The DSM index attains the value
1 if the proposed method coincides with the ground truth and
decreases toward 0 as the quality of the segmentation deteri-
orates. Typically, a value DSM > 0.7 means that there is an
excellent agreement between the two segmentations [21].

4.1 Validation using digital brain phantoms

The anatomical model used to generate simulated brain MRI
data consists of a set of 3d “fuzzy” tissue membership

@ Springer



266

SIViP (2011) 5:257-267

Table 4 The average DSM

index and time of the 5 CT Time(s) DSM for images

images Liver Spleen Left kidney
C-FCM 50.87 0.73 0.78 0.68
F-GMMs 113.65 0.71 0.65 0.63
Y-GMMs 110.43 0.73 0.72 0.71
Our method 10.15 0.84 0.82 0.75

volumes, one for each tissue class (white matter (WM), gray
matter (GM), cerebrospinal fluid (CSF), fat ...). The volumes
are defined at a 1 mm isotropic voxel grid in Talairach space,
with dimensions 181 x 217 x 181. We choose 10 BrainWeb
Images for axial slice no. 66, 71, 76, 81, 86,91, 96, 101, 106
and 111 to segment by C-FCM, F-GMMs, Y-GMMs and our
method. Figure 2 shows some of the 10 images in our tests,
while Fig. 3 shows those images with 3% noise. For com-
parative purposes with the published results, the segmenta-
tion was restricted to four components: GM, WM, CSF and
“background” for C-FCMs and F-GMMs. Our method and
Y-GMMs estimate the number of components automatically.
The ground truth of CSF, WM and GM from the BrainWeb
images for axial slice no.66 in Fig. 2a are shown in Fig. 4a—c,
respectively. The segmentation of CSF, WM and GM from
Fig. 2a by our method is shown in Fig. 5a—c, respectively.
The segmentation of CSF from Fig. 2a by C-FCM, F-GMMs
and Y-GMMs are shown in Fig. 5d—f, respectively.

The DSM indexes for those 20 images of C-FCM, F-
GMMs, Y-GMMs and our method are shown in Table 2.
We can know that the average DSM of the 10 images by our
method and Y-GMMs are higher than the other two methods
from Table 2. The main reason is that K in the Y-GMMs
and our method is larger than K = 4 in the C-FCM and
F-GMMs. Our method estimates the number of components
K = 6, while Y-GMMs estimates K = 5.For the 10 images
with 3% noise, our method has a higher DSM index than the
other methods. The kernel density estimation method and
sample technique reduce the effect of the noise data. The
time of our method is obviously less than the other three
methods. It mainly owes to our histogram stratification sam-
pling, approximate density estimation and the dynamic step
size in hill-climbing algorithm.

4.2 Validation by real CT images

We had copied about 16G real CT images from the Affili-
ated Hospital of Jiangsu University in China for the research.
In this paper, we choose 5 real CT abdomen images to seg-
ment. Two of those 5 images are shown in Figs. 6 and 7.
The ground truths of livers, spleen and kidneys in those 5
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images are manually segmented by Tian L.Y, a radiologist of
the Affiliated Hospital of Jiangsu University.

The image X of Fig. 6 has N =141,281 points. By algo-
rithm1, the sample image SX has n =19,624 points in Fig 8.
From Figs. 6 and 8, we can know that the sample image
remains the basic content structure of X. However, the size
of SX is only 14% of X. Because the clusters in Fig. 6 are
transformed by MDS, the shapes of clusters in Fig. 9 are not
identical to the shapes of clusters in Fig. 8. The approximate
density function of Fig. 9 is shown in Fig. 10 by Algorithm
2. Each hill in the approximate density function in Fig. 10
is corresponding to one cluster in Fig. 8. Although sampling
method may lead the instability of cluster shapes, the number
of clusters in Fig. 10 is almost stable. From Table 3, the size of
sample n varies from 7,000 to 21,000, but the value of K only
varies from 16 to 18. It verifies the stability of our method.
The ground truth of liver in Fig. 6 is shown in Fig. 11a, and
clusters of liver, spleen, left kidney in Fig. 6 by our method
are segmented and shown in Fig. 11b—d, respectively.

Figure 1le-g show the liver of Fig. 5 by F-GMMs,
Y-GMMs and C-FCM, respectively. The quantitative results
of those four methods are shown in Table 4. From it, we can
know that the best advantage of our method is the minimum
time cost. The time of our method is only about 10% that of
F-GMMs, Y-GMMs and 20% that of C-FCM. All this owes
mainly to the histogram stratification sampling, approximate
density estimation with the binning strategy and hill-climb-
ing algorithm with the dynamic step size. The DSM indexes
for liver, spleen and left kidney by our method are better than
F-GMMs, Y-GMMs and C-FCM. The better results of our
method should be attributed to our choice of the “true” mod-
els. The points of muscle nearby liver should not be in the
same cluster of liver. From Fig. 11e-g, the other three meth-
ods cannot segment the points of the muscle from the liver.
The main reason is that the other three methods are sensitive
to the noise data.

5 Conclusion

A fast medical image clustering segmentation algorithm is
presented in this paper. The histogram stratification sam-
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pling, approximate density estimation with the binning strat-
egy and hill-climbing algorithm with the dynamic step size
can improve the speed of segmentation. Our fast strategies
make mixture density clustering more practicable to seg-
ment medical images with large size. Non-parametric ker-
nel density estimation can estimate the density function of
any complex data with only weak general prior assumptions
about the data. Therefore, our method with the kernel density
function of medical image can accurately estimate the num-
ber of components. Moreover, the kernel density estimate is
insensitive to noise. In comparison with the common mix-
ture density clustering algorithms and the FCM method for
medical image segmentation, the experimental results show
that our proposed algorithm has better segmentation results
and performance.
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