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ABSTRACT

Fuzzy Gaussian mixture modeling method is proposed in
this paper for the computerized classification of cell
nuclei in different mitotic phases. A mixture of Gaussian
distributions was used to represent the cell data in multi-
dimensional cell feature space. Gaussian parameters were
estimated using fuzzy c-means estimation. The method
was tested with the data set containing 379519 cells in 5
phases extracted from real image sequences recorded at
every fifteen minutes with a time-lapse fluorescence
microscopy. Experimental results have shown that the
proposed method is more effective than the Gaussian
mixture modeling method.

1. INTRODUCTION

Automated time-lapse fluorescence microscopy imaging
provides an important method for the observation and
study of cellular nuclei in a dynamic fashion [7, 8]. Stages
of an automated cellular imaging analysis consist of
segmentation, feature extraction, classification, and
tracking of individual cells in a dynamic cellular
population; and the classification of cell phases is
considered the most difficult task of such analysis [2].
Given the advanced fluorescent imaging technology, there
still remain technical challenges in processing and
analyzing large volumes of images generated by time-
lapse microscopy. The increasing quantity and complexity
of image data from dynamic microscopy renders manual
analysis unreasonably time-consuming. Therefore, auto-
matic techniques for analyzing cell-cycle progress are of
considerable interest in the drug discovery process.

Being motivated by the desire to study drug effects on
HeLa cells, an ovarian cancer cell line, we applied
computational techniques for classifying individual cell
phase changes during a period of time. To extract useful
features for the cell-phase classification task, the image
segmentation of large image sequences acquired by time-

lapse microscopy is necessary. The extracted data can
then be used to analyze cell phase changes under drug
influence. Segmenting nuclei in time-lapse microscope
can be performed by various methods such as
thresholding, region growing, or edge detection [2]. Most
of these algorithms take into account either the
morphological information or the intensity information of
the image. Problems may arise when trying to segment
touching nuclei because it is very difficult to define the
boundary of each individual nuclear. Watershed
techniques can be used to segment touching objects [1].
To deal with the over-segmentation problem a post
process is needed to merge the fragments. Umesh and
Chaudhuri [13] used a connectivity based merging method
to merge a tiny cell fragment with a nearby cell if it shares
the maximum boundary with that cell. These authors
applied their method on a set of 327 cells and a 98%
correct segmentation result was reported. This method can
only merge small fragments and fails if the size of cell
fragments is above a preset value. The bigger fragments
are considered as cell by this method. Bleau and Leon [1]
used an iterative trial and test approach to merge small
regions with their nearby larger regions based on a set of
volume, depth, and surface criteria. These authors applied
their method to segment the vesicles in live cells; however
no experimental results were reported.

To automate the process of classifying cellular phases
using time-lapse fluorescence microscopic image
sequences, we first apply a shape-and-size based method
which merges the over-segmented nuclear fragments.
Secondly we extract useful features to discriminate the
shapes and intensities of different image cell phases. We
then use these image features to train fuzzy Gaussian
mixture phase models to classify cancer cells at different
phases.

The rest of the paper is organized as follows. Section 2
presents the fuzzy Gaussian mixture modeling (FGMM)
method. The training and classification algorithms are
presented in Section 3. Classification results for the
FGMM method are compared with those for the Gaussian
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mixture modeling (GMM) method in Section 4. Finally
Section 5 concludes the presented work.

on the right hand side of (6). To minimize the first term,
note that

2. FUZZY GAUSSIAN MIXTURE MODEL

Let X = {x1, x2 ,..., XT } be a set of T feature vectors from
the voice data of a person. Let U = {uit } be a fuzzy C-
partition ofX, each uit represents the degree of vector xt
belonging to the ith mixture and is called the fuzzy
membership function. For 1 < i < C and 1 < t < T, we
have

C T
0.uit <1, Zuit =1 and 0<uit <T

i=l t=l
(1)

where C is the number of mixtures, m > 1 is a weighting
exponent on each fuzzy membership uit and is called the
degree of fuzziness. Let A denote a cell phase model
consisting of a set of model parameters A = {wi, i, i

where wi, yi and Yi, i = 1., C, are mixture weights,
mean vectors and covariance matrices. The fuzzy
objective function was proposed as follows [1]

C T

J A2) = >ZZ nd2
i=l t=l

(2)

We generalize the fuzzy objective function through
the use of fuzzy mean vector, fuzzy covariance matrix and
fuzzy mixture weight. To obtain these, since the density of
the data in cluster i is proportional to the joint mixture
density function P(xt, i 2A), we can define the
dissimilarity denoted by the distance in (2) as follows

d= logP(xt,i i) = -log[wi Ofli, li)] (3)

where

c

i=w =1
i=1

(7)

and after using the Lagrange multiplier method, we have
T C T

Wi =ut E Zt
t=l i=l t=l

(8)

The expression of Wi in (8) is defined as the fuzzy
mixture weight. Minimizing the second term on the right-
hand side of (6) is obtained by using (4) and (5) and
setting derivatives with respect to ui and Ii to zero for
every i C

T

EUml I (Xt -H )= °
t=l

T
-

E Uit [Ei -(xt - )(xt - i ), ] = °
t=l

i /i

From (9) and (10) we have

T T

Hdi =EUit Xt / Uit
t=l t=l

T

EU=lit (xt -Hi)(xt -pi)'
'Ei =

T

Zumit1
t=l

(9)

(10)

(1 1)

(12)

where uit is computed using (2) since it is derived from
minimizing Jm with { uit } as variables. We obtain

exp{-{I(xt -yui)'Y-7'(xt -yu)}
N(xt,,ui, Yi)= 2 (t )E X 8)

(2)d/2 i
1/2 (4)

From (3) and (4), we have

d2 =_logw + 1log(2;z)d IIiI
+

I (xt 9-0i Yli I
(xt -8i)(5)

Substituting (3) into (2) gives
C T

Jm (U W;X) =-ZZ u log w-
i=l t=l

C T

->,' tulogN(x,,-,iYli) (6)
i=l t=l

Minimizing Jm iS performed by minimizing each term

C 2-1
uit = (dit /d,-t) m-1

k=l
(13)

3. FGMM FOR CELL PHASE CLASSIFICATION

The training and classification procedures of this
FGMM algorithm are summarized as follows.

Training:

1. Given X as the training set of all cell phases andM
as the number of cell phases.
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2. Divide the set X into M distinct subsets

X ,X2,...,Xm, where each Xi contains only
cells of phase i.

3. For each of the M subsets, train a FGMM phase
model as follows
a. Generate uit at random satisfying (1)
b. Generate A= {wi,pi, li} at random satisfying

(7)
c. Calculate Jm (U, A) using (2)

d. Update the phase model i = {wi, pi, Yi } using
(8), (11) and (12)

e. Update uit using (13)

f. Calculate Jm (U, A)
g. Stop if the difference between the fuzzy

objective function Jm (U, A) and its update

Jm (U, A) is below a chosen threshold,
otherwise go to step d.

Classification:

1. Given a cell of unknown phase x
2. Calculate the Mprobabilities P(x Ik)k= 1, ...
M as follows

c
P(x Ak) =P(x,i Ik) (14)

i=l
where

P(X,' i |Zk ) = WikN(x,,Uik ik ) ( 15)
Wik, Pik and Yik are the mixture weight, mean
vector and covariance matrix in the Gaussian
mixture i of the phase model k. The
Gaussian N(x,,Yik, Yik) is calculated using (4)

3. Assign x to the phase k* that has the maximum
probability

k* = arg max P(x 2k) (16)
k

4. EXPERIMENTAL RESULTS

4.1. Feature Extraction

Nuclear sequences were provided by the Department of
Cell Biology at the Harvard Medical School. The data set
consisted of 892 cell sequences labeled from 1 to 892.
These sequences had different lengths, ranging from 18 to
482 cells. To classify the shape and intensity differences
between different cell phases, a set of 7 features was
extracted. These features included maximum intensity,

mean, stand deviation, major axis, minor axis, perimeter,
and compactness. There were 5 phases to be classified:
interphase, prophase, metaphase, anaphase, and arrested
metaphase.

Because the feature values have different ranges, the
scaling of features was therefore necessary by calculating
the z-scores [8]

xij -imn
z.. =
IJ

(17)

where xij is the j-th feature of the i-th sequences, mj the

mean value of all T cells for feature j, and sj the mean
absolute deviation, that is

i T

sj =-Zlxij-mj
i=l

(18)

We then divided the data set into 5 subsets for training
5 FGMMs and a subset for classification. We also used
the 5 training sets to train 5 Gaussian mixture models
(GMMs) using the GMM algorithm presented in [11].
Each of the 5 training sets for 5 phases contained 5000
cells, which were extracted from the cell sequences
labeled from 590 to 892. The classification set contained
sequences labeled from 1 to 589. There were 249,547
cells in this classification set.

FGMMs and GMMs were initialized as follows.
Mixture weights, mean vectors, and covariance matrices
were initialized with essentially random choices.
Covariance matrices were diagonal, i.e. [k Iii= k2 and
[ok ] 0 if i.j, where Sk, 1 < k < C were variances. A
variance limiting constraint was applied to all FGMMs
using diagonal covariance matrices [11]. This constraint

placed a minimum variance value c72in = 0.1 on

elements of all variance vectors in the FGMMs and
GMMs in our experiments. The degree of fuzziness m was
set to 1.1.

4.2. Experimental Results

The classification results obtained from the FGMMs and
GMMs are presented in Figure 1. It can be seen that the
FGMMs yields the better performance in all model sizes
which are 4, 8, 16, 32, 64 and 128 Gaussians comparing
with the GMMs. The highest identification rate was
88.14% obtained from the 128-FGMMs. Tables 1 and 2
present the confusion matrices for the FGMMs and the
GMMs, respectively. The total cells for classification are
249,547 extracted from the cell sequences labeled from 1
to 589
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Figure 1: Phase classification rate (in a)for fuzzy Gaussian

mixture phase models and Gaussian mixture phase models.

FGMM -
Size = 32 | e|

Interphase 143991 2506 8164 1886 10

Prophase 630 25245 1182 245 526

Metaphase 2406 6662 13556 2126 1676

Anaphase 10 13 843 17323 0

Arrested
Metaphase 1 1333 1549 36 17628

Table 1: Confusion matrix for phase classification using fuzzy
Gaussian mixture phase models. Model size = 32. Total cells
tested: 249,547.

GMM ~-
Size = 32 e -

Interphase 141982 1846 9666 3048 16

Prophase 358 25629 1025 227 589

Metaphase 2501 6353 13197 2317 2058

Anaphase 3 3 509 17672 2

Arrested
Metaphase 1 1330 1318 31 17867

Table 2: Confusion matrix for phase classification using
Gaussian mixture phase models. Model size = 32. Total cells
tested: 249,547.

5. CONCLUSION

We have presented the fuzzy Gaussian mixture modeling
method for cell phase classification. We have compared
the proposed method with the Gaussian mixture modeling
method. With the degree of fuzziness set to 1.1 and the
minimum value of variances was set to 0.1, the fuzzy
Gaussian mixture modeling method was achieved the
better identification results comparing with the Gaussian
mixture modeling method.
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