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Morphological Segmentation of Textured Cell Images
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An iterative morphological algorithm for segmentation of textured
cell images encountered in cytology is introduced. The initial
image segmentation is determined by classifying the image local
variation information obtained with dilation and erosion opera-
tions. A median filter is then used to smooth the initially seg-
mented image. A modified median filter is applied subsequently
to correct possible classification errors inside the cells. The modi-
fied median filter can clear small regions of misclassified pixels
while avoiding significant changes to the cell profiles. An erosion
operation is finally used to restore the cell regions. Experimen-
tal results demonstrate that the proposed algorithm is success-
ful. Comparison of the proposed algorithm and the K-means
clustering method is provided.
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Introduction

Segmentation of cell images is important in the applica-
tion of computerized image analysis to medical pathol-
ogy.! In pathology, automatic diagnoses of cancer, for
instance, are based on subjective determinations of prop-
erties of cell nuclei by a trained pathologist.2 Most of these
properties (cell size, nuclear pleomorphism, nuclear ir-
regularity, chromatin texture) can be objectively quanti-
tated by the tools of image analysis. It is therefore
possible to replace the subjective study of the cells of a
tumor with a numerical description of their relevant prop-
erties. Hence, the diagnosis becomes a problem of pat-
tern recognition.

The first step prior to study of the nuclear property is
nuclear segmentation. This technique, when applied to cell
nuclei, has a dismal record, which is attributable to the
textured characteristics of both the nuclei and their back-
ground. Trained observers determine the location of the
boundary by observation of a peripheral chromatin con-
densation, which amounts to a thickening of the nuclear
measure. The importance of an accurate segmentation as
the first step toward quantitation of the nuclear property
is self-evident.?

Many algorithms are available for image segmentation.
Edge-based segmentation methods are based on the idea
of discontinuity of image intensities at the boundary be-
tween different objects.* Region-based algorithms employ
region growing, region splitting, and merging to separate
different objects with homogeneous intensities.>¢ Unsu-
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pervised nonparametric clustering classifiers have also
been extensively studied.”® Most image segmentation
methods assume that regions have relatively homogeneous
intensities. However, natural biological cells may be tex-
tured and may have very complicated spatial contents.
Currently, the most reliable segmentation methods are still
interactive manual tracing and semiautomatic algo-
rithms.? Although the segmentation of textured images has
been studied extensively in the literature,'*'? very little
has been done for textured cells, which usually do not fit
well-defined signal models. In this article, we introduce a
segmentation algorithm for textured cell images based on
morphological operations.

Algorithm

Let f (ny, ny), for (n,, n,) O S, represent the original
image, where S = {(n,, n,) I n,=0,1,..,N,—-1;n,=0,1, ...,
N, — 1} and N, x N, is the image size. Let the set B, be a
circular region defined by B, ={(n,,n,)In; +n; <r?}. Con-
sidering the margin effects of the image, the dilation and
erosion operations of image f (n,, n,) by the structuring
set B, are given by!*®

f(e,B(,))(nl’ ng) = dilB(,) (f(nl, ny )

=  max +n +n (1)
(&1+n1,&2+n9)0S f(fl L 52 2 ),
(§1,62)0B(r)

and
fie.,, (n1,n9) = g (f(ny,ny))
min  f( +ny, & tny), (2)

(§1+n1,82+n2)0S
(&1,62)0B(r)

for (n,, n,) O S, respectively.

Initial Segmentation. For textured images, the differ-
ence between the variations of the cell and background
intensities can be used as the pattern features to segment
the cell regions from the background. The variation mea-
sure or morphological gradient! at location (n,n,) is
Ve, (M:12) = fa8,1 (M, 2) = fre g, (M, n2), for (ny,n,) OS If
the morphological gradient Ve, (m,ny)is large, then the
pixel at (n,,n,) will very likely f)elong to a cell region. In
contrast, if the variation vg  (n,n;) is small, the pixel at
(n,, n,) will probably be a background pixel. Thus a rough
initial segmentation can be obtained by a simple
thresholding procedure, such as:

o1, if va(nl,n2)2T,

t, (n,,n,)=0
B 72 B 0, otherwise, (3)
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for (n,n,)dS, where T is a constant. The binary image
te, (n;, n;) uses value 1 to represent the initially segmented
cell pixels and value 0 to represent the initially segmented
background pixels. This initial segmentation may contain
many classification errors, because the image signal is not
ideally stationary and the large size of the B, region may
reduce the resolution at the cell boundaries.

Elimination of Misclassified Regions Inside the
Initially Segmented Cell Contours. Because the cell
textures are not ideally stationary, many small misclassified
regions usually occur within the cells. To correct these mis-
takes, a median filter with a large window seems appropri-
ate. When a median filter with window B, is applied to the
binary image tg, (n;,n,), edges corresponding to large re-
gions, such as the cell contours, will be smoothed and may
contract a bit, depending on the size difference between the
cell and B,. All misclassified regions smaller than half the
size of B, within the cell contours will be completely cor-
rected. Larger misclassified regions within the cell con-
tours will also shrink to varying degrees, depending on
their sizes and shapes.

In general, all regions shrink, with smaller size regions
shrinking more than larger size regions, and contours are
smoothed. Repeated application of the median filter is ex-
pected to diminish the misclassified regions inside the cell.
However, the median filter also shrinks the cell regions at
the same time, and, although the shrinkage of the seg-
mented cell region is not as great as that undergone by
the small misclassified regions within the cell, the accu-
mulation due to repeated application of the median filter
is substantial.

To avoid the cumulative shrinkage of the cell region, the
filter must be capable of eliminating the misclassified re-
gions enclosed in the currently segmented cell region with-
out altering the cell contours. The filter should be able to
distinguish between misclassified cell pixels and correctly
segmented noncell pixels. Incorporating the local neighbor-
hood image information around a pixel will make it rela-
tively easy to identify misclassified cell pixels that lie close
to a cell region, as compared with misclassified pixels that
are located far from any cell region. If application of the
filter can correct some of the misclassified cell pixels near
the cell regions, then repeated applications of the filter may
shrink the misclassified regions progressively.

Figure 1 shows four typical examples of the local neigh-
borhood around the center pixel, indicated by thick block
lines, which is currently being identified in a segmented
image. The ones and zeros denote cell and noncell pixels,
respectively. Because the center values of Fig. 1(b) and
1(c) are 1, representing cell pixels, their status should not
be altered. In Fig. 1(a), there are more zeros than ones
and the edge curve surrounds the cell region; thus the cen-
ter pixel is most likely a noncell pixel next to a cell region
and should not be altered. In Fig 1(d), however, there are
more ones than zeros and the edge curve surrounds the
zeros region; thus the center pixel is most likely a
misclassified pixel inside the cell region and should be
changed to a cell pixel.

To implement such operations, we define the modified
median filtering of the image tg . (n,ny), by the set B, as:

Ymmegep €

n,n,)=
%l’ if M(LIB(r),B(p)) (nllnz) 2 M{O,KB(I,),E(D)) (nvnz)f
Heg, (N0;) otherwise, 4)

for (n,,n,) OS The high-order modified median filtering of
the binary image ¢(n,,n,) with the set B,,, is defined recur-
sively by:
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Figure 1. Typical segmentation samples of local images within
a circular window, where the values 1 and 0 denote the previ-
ously classified cell and noncell pixels, respectively, and the cen-
ter pixel is marked. Because the filter does not shrink cell regions,
the center values of (b) and (c) should not be altered. In (a), there
are more zeros than ones and the edge curve is likely to surround
the cell region; thus the center pixel should not be altered. In (d),
there are more ones than zeros and the edge curve surrounds the
previously segmented non-cell region; thus the center pixel should
be altered from 0 to 1.

K _
i B, (MN2) =

i >
E[l, if M‘Lt[‘,'ifi,'g( ‘,,apl;(nl’n2)—M(o,tfk’“ ’B(p))(nl,nz)
2 {mm,Bp))
0
k-1) :
(mm.B(p) (n,,n,)otherwise, 5)

for (n,n,)0S and k& = 1, where tf&,qp))(nl,nz) =t(n,,n,).

In modified median filtering, if a cell pixel is believed to
be misclassified, it is changed to a cell pixel; otherwise, it
remains unaltered. Thus, the modified median filter avoids
changing cell pixels on cell contours to background pixels
and continues to shrink previously misclassified holes
within the cell. Although a small percentage of pixels are
supposed to be corrected when using the filter once, large
misclassified holes inside cell regions can eventually be
eliminated by repeatedly applying the same filter. The it-
erative procedure must converge, because in each itera-
tion the alteration of pixel values proceeds in only one way,
from zero to one.

Restoration of Cell Contours. The above extracted
contours are usually larger than the true cell contours
because of the dilation and erosion operation in which the
structuring set By, is used to obtain the variation image.
Thus, the segmented cell regions represent the actual cell
regions dilated by the structuring set B,,,. To approximate
the actual cell regions, the inverse operation, erosion, must
be performed with the same structuring set B,,. Thus, the
final segmented image becomes:
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Seg(nunz): +n2)E,S (nt( }(£1+n11€2+n )

(51+ §

(6)

for (n,,n,) OS. The cell contours can then easily be obtained
based on the segmented image seg(n,,n,) by:*»

c(n,n,) =|seg(n;,n,) - seg(é, +n, &, +n)l (7

G
The image c(n,,n,) is binary with values 1 and 0 repre-
senting contour and noncontour pixels, respectively.

The Segmentation Procedure. If the original cell
image is somewhat noisy, a low-pass filter is required as
a preprocessing step to reduce image noise so that the
subsequent procedure is less sensitive to the image noise.

The subsequent segmentation procedure is summarized
as follows:

Step 0: Given a cell image represented by the two-di-
mensional function f(n,,n,), for (n,n,) 0S, specify the cir-
cular regions B, and B, with radii r and p, respectively.
Set the threshold 7'

Step 1. Compute the variation function VBm(nl,n ), for
(n,,n,)0S. The initial segmentation tg), (n,n,), for
(n.,n,) OS, is obtained from Eq. 3. Apply the median filter
with the structuring set B, to the binary image lg, and ob-
tain the processed i image Ui,y - Let tom Bop — tme,yand k= 1.

Step 2: Compute t{ms( y» the modified median filtering
of the image t{ms(p), from Eq. 5.

Step 3: Measure the difference between the modlfied me-
dian filtered image, t/m, 8y and its input image, tom 8o » DY

Figure 2. Evolution of the proposed segmentation algorithm for a cell image. (a) Original cell image of size 274 x 260, magnification
100x; (b) initial segmentation of the variation image obtained by morphological dilation and erosion operations with structuring set
B, (c) median filtering of the image in (b) with the window B ;. Results of modified median filtering of the image in (c) with the
window B ;: (d) 1, (e) 4, (f) 9, and (g) 16 times. (h) Final image segmentation obtained by eroding the images in (g) with the structur-
ing set B,,. (i) The cell image with the extracted cell contours superimposed to show the performance of the segmentation visually.
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Ng-1Np-1

= nlzzo nzz:O (t{l:wn, B (nl N, ) _t(i_ui],a(p)} (nl N, ))2 . (8)

If Ois not 0, go back to Step 2 for the next iteration; other-
wise, execute Step 4.

Step 4: The final segmented image is obtained by an ero-
. . . . k .

sion operation on the binary image Y, with the struc-

turing set B, as:

seg(n,,n,) = min
P20 (g an, & vn,)0S
(&1.49)0B()

k
t(mm,B(p)}(El *ny, 8y +ny),

9
for (n,n,)0S

Experimental Results

In this section we provide the results for segmenting
real textured cell images, using the proposed segmenta-
tion algorithm. Figure 2(a) and Fig. 3(a) are two original
cell images of size 274 x 260 and 240 x 211, respectively.
The cells are highly textured with large gray-level varia-
tions compared with the rather homogeneous background.
To segment these textured cell images, the local gray-level
variations are used as the classification feature where the
variations are defined as the difference between the di-
lated and eroded original images. Because morphological
dilation and erosion are sensitive to image noise, a pre-
processing filtering procedure is used to reduce the image
noise and make the segmentation algorithm more robust.
In our experiments we used a linear shift invariant
low-pass filter with cylinder spatial impulse response. The
filtering process is implemented by:

1 N,-1N,-1
f,(ny,ny = ——— f;(§ +n,&, +ny)
0'"1°2772) M/\(nl’nz) =0 EZ,ZO i1 1’52 272 1
N (10)
({1+n1,{2+n2)ES

(£1.49)0B(y)

where B, = {(§,,&,)|&7 +&2 < A%}, and M,(n,n,) is the
number of elements in the set {(&,,&,)|E2+&2<A%, &
(é1+m, & +ny) 0S. The number of elements M,(n,,n,) is
constant except for regions near the boundary of the im-
age support, where it depends on the position (n,n,).

The simulations shown in Figs. 2 and 3 use identical
preprocessing low-pass filters with A = 3. The dilation and
erosion operations with r = 4 are performed on the filtered
images to obtain the variation images. This is followed by
a simple thresholding procedure to convert each gray-level
variation image into a binary image representing the ini-
tial rough segmentation. Figure 2(b) and Fig. 3(b) show
the two initial segmented images of the filtered images in
Fig. 2(a) and Fig. 3(a), respectively, where the threshold T’
is specified to be 20 in both simulations. It is observed
that the initial segmentation is rather rough and contains
numerous small misclassified regions, particularly within
the segmented cells.

Figure 2(c) and Fig. 3(c) are the median filtering results
of the initial segmented images in Fig. 2(b) and Fig. 3(b),
respectively, using the same window B, with p=3.5. Com-
paring Fig. 2(c) and Fig. 3(c) with Fig. 2(b) and Fig. 3(b),
respectively, we observe that all misclassified regions
shrink, with small misclassified regions being eliminated,
and the segmented cell boundary becomes smoother. Fig-
ure 2(d)—(g) are the resulting images after applying the
modified median filter to the image in Fig. 2(c) 1, 4, 9, and
16 times, respectively, with the same window B, ;. Fig-
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ures 3(d)—(g) are the resulting images after applying the
modified median filter to the image in Fig. 3(c) 1, 2, 3, and
4 times, respectively, with the same window B, ;. Figure
2(h) and Fig. 3(h) are the final respective segmentations
of the two original images obtained by eroding the images
of Fig. 2(g) and Fig. 3(g), respectively, with the same struc-
turing sets B ,. To evaluate the segmentation visually, the
extracted cell contours in Fig. 2(h) and Fig. 3(h) are dis-
played in Fig. 2(i) and Fig. 3(i) superimposed on the origi-
nal images. Observe that the extracted contours match
the cell profiles.

To measure the quantitative performance of the proposed
algorithm, the cell images are segmented by careful
manual tracing. The tracing results, which are assumed
to be the correct segmentation, are shown in Fig. 4(a) and
Fig. 5(a), respectively. Comparing the segmentations of
Fig. 2(h) and Fig. 3(h) with the respective Fig. 4(a) and
Fig. 5(a), the numbers of misclassified pixels are 0.9138%
and 1.2046%. Figure 4(b) and 5(b) are the respective seg-
mentation results of the two cell images in Fig. 2(a) and
Fig. 3(a), using the K-means clustering algorithm.”® Com-
pared with the misclassification rates, 0.9138% and
1.2046%, of the proposed algorithm, the misclassification
rates of the K-means clustering method are 2.8706% and
3.6868%, respectively.

It is known that the morphological closing operations
can be used for hole filling. For comparison, the results of
the closing operations on the initially segmented image in
Fig. 2(b) with structuring sets B, of variant r are displayed
in Fig. 6. Figure 6(a) shows the output of the closing op-
erator with B ;. It is observed that the resulting image
contains misclassified pixels within the cells. When the
radius of the structuring set is increased to 5, as shown in
Fig. 6(c), all holes are filled out, but the two closely lo-
cated isolated cells are connected. Figure 6(b) shows a re-
sult intermediate between Figs. 6(a) and 6(c), wherein the
radius of the structuring set is 4. The resulting segmenta-
tion has errors, and the two isolated cells are touching.
Because the modified median filter does not dilate the cell
regions, the isolated cell regions always remain discon-
nected, as seen in Fig. 2.

Summary and Conclusions

This article describes a segmentation algorithm for tex-
tured cell images, using morphological operations. A lin-
ear shift invariant low-pass preprocessing filter is applied
to suppress image noise. The image variation function is
related to the image local information and is obtained
via dilation and erosion operations. The variation func-
tion undergoes a thresholding procedure to obtain a rough
initial segmentation. The initial segmentation is im-
proved by applying median filtering, followed by repeated
applications of the modified median filter, and finally by
an erosion filter. The modified median filter is applied
once to smooth the current cell contours and shrink the
misclassification regions inside the contours. The modi-
fied median filter is applied repeatedly until no further
changes occur. This process completely corrects the
misclassified regions within the segmented cell contours
to obtain the solid cell regions. Finally, erosion with the
same structuring set as that used in computing the varia-
tion function is applied to the binary image to obtain the
final segmentation of the cell image. The superimposed
images show that the extracted cell contours fit the real
cell contours very well and therefore that the algorithm
is successful in segmenting textured cell images.
Quantitative evaluation is provided and compared with
that of the nonparametric clustering classification
method. &
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Figure 3. Evolution of the proposed algorithm for segmentation of another cell image. (a) Original cell image of size 240 x 211,
magnification 100x; (b) initial segmentation based on classifying the variation classification features obtained by morphological dila-
tion and erosion operations with the structuring set B,); (c) median filtering of the image in (b) with the window B ;. Results of
modified median filtering of the image in (c¢) with the window B, (d) once, (e) twice, (f) three times, and (g) four times. (h) The final
segmentation obtained by eroding the images in (g) with the structuring set B ,,. (i) The cell image with the extracted cell contours
superimposed to show the performance of the segmentation visually.
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Figure 4. Results of (a) manual
tracing and (b) K-means cluster-
ing segmentation methods for the
cell image shown in Fig. 2(a).

(a) (b)

Figure 5. Results of (a) manual tracing and (b) K-means cluster-

(a) (b)

ing segmentation methods for the cell image shown in Fig. 3(a).

Figure 6. Morphological closing
operations on the initially seg-
mented image in Fig. 2(b) by cir-
cular structuring sets with radius
sizes of (a) 3, (b) 4, and (c¢) 5.

(a) (b) (©
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