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Abstract In this paper we propose an image-based
approach, which is different from the traditional flow
cytometric method to detect shape of apoptosis cells.
This method can overcome the defects of cytometry and
give precise recognition of apoptosis cells. In this work
K-means clustering was used to do the rough segmen-—
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tation and an active contour model, called ‘snake’ was
used to do the precise edge detection. And then some
features were extracted including physical feature, shape
descriptor and texture features of the apoptosis cells.
Finally a Mahalanobis distance classifier classifies the
segmentation images as apoptosis and non-apoptosis cell.

Key words : apoptosis, segmentation, active contours

1.ME

Apoptosis is a specific mode of programmed cell
death in multi-cellular organism. Cells undergoing
apoptosis in normal and neoplastic tissues display,
the following morphological and biochemical features:
chromatin condensation, fragmentation of the nucleus,
cytoplasmic retraction and finally, loss of membrane
integrity as well as production of apoptotic bodies
containing intact organelles and plasma membrane
[1-4]. Many of the anticancer medicines currently
used act through the activation of cell elimination
by inducing active cell death.

Flow cytometric method(FCM) is most frequ—
ently used to recognize apoptosis[56]. FCM ana-
lysis is performed with a cytometer equipped with
an argon laser. When particle streams pass through
the light emitted by the laser, they will scatter the
light in some way and fluorescent chemicals found
in the particles or attached to the particles may be
excited into emitting light at a higher wavelength
than the light source. Detectors pick up the com-—
bination of scattered and fluorescent light and the
computer calculates the fluorescence ratios, which
are incremented in a frequency histogram. A list of
physical and chemical characteristics, or parameters,
of cells can be measured by flow cytometry(7].
FCM allowed us to detect and separate apoptotic
cells from normal cells simultaneously and to
analyze the position in the cell cycle of each cell
population identified. But FCM has two remarkable
drawbacks: (1) The reliability of FCM based on the
scattered light is strongly influenced by the uniform
of the shape of the cells; (2) Cell death results in
an immediate decrease of scatter signals. So in our
works we detected the apoptosis using a scan of a
color photograph of stained cancer cells from a

microscope.
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2. Methods

2.1 Material and main procedure

HepG2 human hepatoma cells that we use in our
experiments are from a 14 years old boy with he-
patocellular carcinoma, provided by Cancer Treat-
ment Center of Chosun University, Korea. All che-
micals used are of the highest purity with com-
mercially use. The cancer cell specimens are
stained with Hoechst 33342(H342). H34Z is a kind
of fluorescent stains for labelling DNA in fluore-
scence microscopy, which is more lipophilic, and
thus more able to cross the intact cell membrane
and stain nucleolus. A remarkable feature is that
the fluorescence intensity of H342 in apoptosis cell
is stronger than that in normal cells. Different
patterns are showed in Fig. 1.

{(a)

Fig. 1 Different statuses of normal and apoptotic

cells stained by H342: (a) Normal cells (b)
Apoptotic cells

From a comparison between Fig. 1(a) and (b}, we
can see that the fluorescence intensity of apoptosis
is far stronger than that in normal cells and apo-
ptosis is quite different from normal cells in shape,
texture etc. A fragmentation of the nucleus and
apoptotic bodies shows in some apoptosis cells, The

methodology in our paper is based on standard and
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well-known algorithms including histogram segmen-—
tation, active contour model, and gray lever occurr-
ence matrices. The additional steps in Fig. 2 are
required to discriminate the apoptosis cells.

2.2 Preprocessing

It is usually very hard to get photographs of
biopsies of good quality, The main reason is caused
by the problem of stain and focusing of microscope.
For example, the same kind of image was stained
very differently with various hue and saturation
values, At this time, a preprocessing is required to
normalize preliminarily the images by matching
each photograph against a representative onel8].
We noticed that the true-color space does not
return an any particular information{9]; therefore
we have preferred representing the images in the
luminance channel (V) of the HSV space[l10].

A simple adaptive self-tuning technique, a gener-
alized method of Otsu(1979), has been developed to
detect the thresholding values[11]. But
Otsu’s method doesn't work well with variable

optimal

illumination and is not suitable to the unevenly
stained images. Therefore, in our work we adopted
K-means algorithm, a clustering method, which
minimizes the sum of the within—cluster sums in
point-to-cluster—centroid distances. We iteratively
apply a K-means clustering algorithm on the his-
togram of the whole image with the gray level=80
and T2=196 respectively from the centroid of back-
ground and foreground. This process usually con
verges after a few iterations and as T and T:
become stably, that leads to a rough segmentation
of cells(Fig. 3).

In the result image, we can see that K-means

method can obtain more detailed image and is more
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(d) (e) ()

Fig. 3 The comparison of rough segmentation bet—
ween K-means method and Otsu’s method:
(a) HSV image (b) a rough segmentation
result of K-means (¢) a segmentation result
of Otsu’s method (d) an enlarged image of
one cell (e) an enlarged segmentation result
of K-means method (f) a enlarged segmen-

tation result of Otsu’s method.

similar to the original image than Otsu’s method.

2.3 Edge detection

The precise edge detection of cell nuclei is the
most demanding step in the whole processing steps.
The manual corrections are tedious and are thus
out of the question in large-scale clinical use. The
traditional methods such as Canny edge detecting
will produce lots of spurious edges or the edges
are not continuous.

A contour-based approach is especially preferred
against the method of traditional edge detection for
smooth membranes like cell nuclei. A segmentation
method that lets a contour model iteratively con-
verge toward an underlying image feature is called
active contour or snake[12]. A movement is driven
by external image forces, usually derived from
image edges, and internal forces that can model
features like stiffness or tensibility. Because of
these simulated physical features the method is
known to be robust against noisy or partially miss—
ing image information. Although the method doesn’t
detect well for concave and convex, it detects very
well for the shape like circular cells.

The original snake model proposed by Kass[13]

is restricted by the exhaustive searches of the

(c) (@
Fig. 4 Edge detection results: (a) Original HSV image

(b) Edge detection result after iterations (c)
Global result (d) Edge detection result by
Canny
admissible solutions and complicated parameter
controt[14]. Compared to these techniques, the gree-
dy algorithm based snake model, proposed by
Williams[15], shows its simplicity and efficiency by
its competitive performance. This greedy algorithm
was derived from the dynamic programming method,
works directly in the energy-term-space of snakes
but does not use exhaustive searches. The greedy
algorithm reasonably combines speed, flexibility and
simplicity. In this paper, this greedy algorithm
based snake model was used to do the edge detec—
tion(Fig. 4).
2.4 Feature Extraction
In order to evaluate the feasibility of classifica—
tion based on an automated segmentation, a basic
set of eight features was extracted: fluorescence
intensity, circularity, Major-axis-length, Minor-axis-
length, entropy, contrast, angular second moment,
and inverse difference moment. The latter the four
texture features are extracted via co-occurrence
matrix. All features are shown in Table 1.
The main procedures of feature vector construc—
tion are followed as:
(i) Compute mean py and standard deviation oy

for each feature.
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Table 1 Features extracted from the segmentation
images

fluorescence intensity
circularity
major-axis-length
minor-axis-length
entropy

contrast

angular second moment
inverse difference moment

W@ W

(i) Construct the vector of all eight features.

(iii) Repeat steps from (i) to (iii) for all segmen-
tation images and calculate all feature vec—
tors of all.

From the comparison of results, we can see that
‘greedy snake’ can get very perfect result of edge
information.

2.5 Classification

The detection part of the system is a classifier
using Mahalanobis distance measure to assign each
feature vector(i.e. a result image of edge detection)
as a class label like apoptosis or non-apoptosis.
Formally, the classification consists of learning and
classification phases. These phases will be elabo-
rated in the subseguent sections.

Learning procedures:

1. Given L non-apoptosis images, calculate the
feature vectors for each image using the fea-
ture extraction scheme given above. Consider
these vectors as the true feature vectors and
name them as ti.{1<i=l)

2. Compute the mean vector m and the covariance
matrix K for the feature vectors ti.

Classification procedures:

1. Given a test image calculate the feature vec-
tors si's using the feature extraction scheme
given above.

2. Compute the Mahalanobis distance d; between
each feature vector s and the mean vector m
di=(si—my K '(si-m)

3. Classify a segmentation image Ci; for which d;
exceeds a threshold value « as apoptosis, else
identify it as non-defective.

if d>a

otherwise

apoptosis
nown — apoptosis

The threshold value « is an empirical value from
our experiments,.
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3. Experiment and results

The experiment was implemented with four sets
of features from Table 1 to test their discrimination
power. One set included all the features, whereas
the other three
shown in Table 2. A subset A includes all features

included a subset of these, as

except fluorescence intensity. A subset B includes
features 1-4 except texture features. A subset C
includes features 1 and 5-8 A subset D includes

all features,

Table 2 The subsets of features

Subset Feature
A 2-8

B 1-4

C 1,5-8

D 1-8

The final experiments result is in Table 3. We
can see that using all the features and a subset C
is almost identically and show the highest perfor—
mance. The subsets A and B show a poorer per

formance, that of the subset B being the worst.

Table 3 Experiment Results

Subset Results
A 85.2%
B 71.5%
C 93.8%
D 94.1%

To make it clear and compare the resuits of our
new recognition method with the results of tradi-
tional FCM method, we choose the best two fea
tures of our method, fluorescence intensity and
texture (F+T) along with several intrinsic structural
parameters of FCM Cell shape, pigment content and
do the
recognition process of apoptosis of our samples.

protein fluorescence (S+P+P) and again

The comparison results between the two methods
are followed as:

Table 4 Comparison Results

Feature Results
FT 03.8%
S+P+P 87.6%
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From the comparison results, we can see that our
new method has better performance than the tradi-

tional FCM method in recognition of apoptosis cells.

4. Conclusion and future work

In this article, an image-based method for the
recognition of apoptosis cells has been presented.
With the good experiment results, we conclude that
in apoptosis recognition fluorescence intensity and
texture feature are highly reliable features and can
make good recognition results. New features extr-
action step and more advanced classifier will be

considered in our future works.
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