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OBJECTIVE: To design an autonnated system for the autonmated classification of cells. (Analyt Quant Cytol
classification of cells based on analysis of serous cytology, Histol 2000;22:311-322)

with the aint of segmenting both cytoplasim and nucleus

using color information Jrom the images as the main . Keywords: image analysis, computer-assisted;
characteristic of the cells. " computer-assisted diagnosis; mass screenin g; seg-
STUDY DESIGN: The segmentation strategy uses color mentation of color images.

information coupled with mathematical norphology

tools, such as watersheds, C ytoplasm and nuclei of alldi-  *  Human screenin g Is a manual activity that has its
agnostic cells are refained; erythrocytes and debris are limits. Its aim is the detection of abnormal or suspi-
eliminated. Special techiziquies are used for the separation cious cells to establish an accurate diagnosis. This
of clustered cells. manual screening of cytologic slides is described as
RESULTS: A large set of cells was assesse by experts to “intense, particularly complex and whose result re-
score the segmentiation success rate. All cells were seg- lies on the interpretation of the human b eing.”6 The
mented whatever their spatial configurations. The aver- small amount of abnormal cells observed in the
ase success rate was 92.5% for nuclei and 91.1% for cy- screening process requires hi gh concentration from
toplasin. the cytotechnologist. Because of screening subjec-
CONCLUSION: This color information—based SeQmen- tivity, some errors can occur and ca use false nega-
tation of images of serous cells is accurate and provides a tive diagnoses. The risk of false negative slides is
useful tool. This segmentation strategy will improwe the currently the main criticism of conventional cyto-
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logic diagnoses. None of the corrective methods are
completely accurate (rescreening of a certain num-
ber ofglides, screener training, and so forth).11 A
promising approach is to assist the cytotechnologist
in finding abnormal cells in the smear.

Research has been undertaken to use semiauto-
mated systems for the rescreening of slides.1314
Such systems help in the detection of abnormal or
suspicious cells in slides: they allow the recognition
of possibly abnormal cells and select the most sig-
nificant for cytotechnologist review. These semiau-
tomated systems therefore contribute to the re-
duction of screening errors. Some automated re-
screening systems have been developed. They are
designed to operate in conjunction with a human
screening process by rescreening all standard
smears that are determined to be normal by cy-
totechnologists. 5912 This is also the objective of a
system that we are developing; its role is to assist
screening by using image analysis and cellular clas-
sification: it is called Aide 4 la Recherche en Cytolo-
gie par le Tri Informatique Cellulaire (ARCTIC),
which stands for help with research in cytology by
the computerized sorting of cells. The system uses
color images in various color spaces. The intended
use is the cytologic assessment of serous effusions.
In this paper the color-based segmentation method
of the system is presented, and the percentage of
correctly segmented cells is scored. The segmenta-
tion step is the most difficult and the most critical in
an automated system. It is intuitive for the human
observer to segment an image based on the color of
the cells. A machine, however, relies on di gital pro-
cessing techniques to determine the set of pixels
that defines each region of the image. Our work
concerns the development of a segmentation strate-
gy for color images of cells from serous cytology.
This strategy relies on the extraction of regions by
mathematical morphology using color information
in many color spaces. It is used to obtain the cyto-
plasmic and nuclear boundaries of cells from serous
effusions.

Materials and pMethods
Preparation of the Specimens

Cell preparations are obtained by centrifugation
(1,800 rpm, 20 minutes) followed by fixation in
acetone-alcohol. Slides are stained by the Papanico-
lacu international standard of coloration.® The
study is based on a database of digitized cell im-
ages, collected from pleural and peritoneal effu-
sions with different pathologies. Images are either

systematically taken at random from a slide or from
different slides in which cells were interesting from
an image analysis point of view.

Imaging System

The slides are examined using an Olympus BX-50
microscope (Tokyo, Japan), with a 20x objective,
equipped with a Sony 3CCD XC-003P color video
camera (Tokyo, Japan). The magnified micsoscopic
image is captured by the three-chip camera and dig-
itized to a 512x512-pixel color image at a photo-
metric resolution of 3x8 bits. The pixel separation
corresponds to 0.349 um. The digitized images are
stored on a Windows NT™-based computer hard
drive (Microsoft France, Les Ulis Cedex, France).
They are referenced in an ACCESS™ database (Mi-
crosoit France) according to the number of the slide,
the code corresponding to the pathology of the cells
in the image and comments entered by a pathole-
gist on the organ and sample sources. This database
enables us to test the segmentation process for var-
ious cell types, such as normal or abnormal cells; for
particular spatial configurations, such as clusters,
overlapping or barely touching cells; and for differ-

“ent types of image background (homogeneous, he-

morrhagic or mucoproteinic).

Image Acquisition

Multispectral images are used for further in terpre-
tation. The camera is calibrated with a blank-field
image to correctly adjust the white balance. The ac-
quisition procedure always remains the same: 20%
objective, 0.3 NA of the condenser and a stabilized
light source for constant and uniform illumination
of the slide field. The voltage is maintained at a
value of 9V, corresponding to the color tempera-
ture of 5,500°K. This voltage is chosen in compli-
ance with the manuals of the microscope and cam-
era and that of Commission International de
I'éclairage standard illumination.

Before each acquisition, both the camera and mi-
croscope are left turned on for a minimum of an
hour; this is necessary to reach the thermal equilib-
rium of the system and avoids a drift in the system
response during acquisition. This fact has been es-
tablished and verified by comparing the difference
between two images in the same blank field taken at
different times after switching on the camera and
microscope. Then the remaining noise, which corre-
sponds to a gaussian random variable, is studied.
This noise is corrected later, during the image pro-
cessing steps, by a smoothing operation. Along
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with the noise, some nonuniformity remains in
every acquired field. To correct those inhomo-
geneitigs (coming from optical aberrations of the

camera), division of each recorded image by a back-
ground reference image is performed. This image is
obtained from an empty image field.

User Interface

The images are stored in a Compaq Deskpro 6000
(Compaq Computer S.AR.L., Issy-les-Moulineaux
Cedex, France) on Windows NT 4.0 (Microsoft,
Redmond, Washington, U.S.A.). The ARCTIC pro-
gram is used to display and analyze the images in
BMP, TIFF or PAN? format. Different morphologic
operators can be used that can also perform the
whole segmentation on the images. The segmenta-
tion can be manually assessed by pathologists or
image analysis experts.

Color image Analysis Procedure
Formulas

The color of a DOH t is given by a vector, each
component giving the amount of red, green and
blue (RGB) of the point. There are other three-
dimensional color spaces based on variables ob-
tained from the RGB color space. In the segmenta-
tion, hue, saturation luminance (HSL) and L*u*v*
color spaces are used. They can be computed with
the formulas given below?.10:13:

((R-G)+(R-B)) ] i
,m.r(fi_'fG<B:}"i:2f£fH,

H=ar cos

MW(R-G2+(R-BYG-B)
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with (X} [2761.7518 1.13 | R\ and [X0) {1}
v J { 07 0.0601 } : ( 14 vol=[1]|
\z G osso) sl lzl |1

The HSL color space is more intuitive and allows
an interpretation much closer to human vision. The
L*u*v* color space is perceptually uniform. The use
of color in image analysis is recent. In cytology
some studies using color can be found; they deal
with the segmentation? of cells and characterization

of a texture.* J

Aim of the Segmentation of Images

Both cytoplasm and nuclei of cells have to'be seg-
mented, the cytoplasm to obtain the context infor-
mation (to characterize isolated or clustered cells)
and the nucleus for grading malignancy. Once seg-
mented, the cell can be classified among cellular
types (from normal to abnormal). To segment the
images correctly, the contexts of the images should
be known precisely. The images are coim images
that can be divided into three groups according to
their background: homogeneous, hemmrhamc or
mucoproteinic (FIO'LH‘Eb 1—0)

Cells have green cytoplasm and a blue nucleus
except for the erythrocytes, which are red. Both the
spatial configuration and the color of the cells have
extreme Vallablllty Cells with a pale or dark nucle-

-us (in a blue tone) or clustered cells having very

dark nuclei (primarily owing to their overlapping)
or chromatin irregularities can be found in the im-
ages. The segmentation strategy takes place in a se-
Ljuent;z\l manner. The fact that thele are some nuclei
in the processed image is determined first. If not, no
further examination is performed. When nuclei are
present, all the erythrocytes are eliminated because
hey interfere with the determination of cell re-
gions. At this stage the cytoplasm and nuclei are
separately bUD]Ethd to a color-based segmentation
pr OCEbS. Fm'dly touching nuclei are separated and
their cytoplasm dissociated in order to have only
one nucleus or cluster of nuclei per cytoplasm. The
whole strategy is summarized in Figure 4.

Recognition of Nucleated Cells
The first step in the analysis of an image is to deter-
mine whether there are nucleated cells in the image.
In this application, cells are of interest if they havea
blue nucleus, so the fact that there are some blue ob-
jects in the images has to be established. To achieve
this, the HSL color space is used; based on hue in-
tensity, a nuclear presence or nonpresence is deter-
mned. A double thresholding of hue selects the ob-
jects having a given blue hue—i.e., nucleated cells,
The two tnu_sitoiub are determined by measuring

various hues of nuclei. This step does not allow
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Figure 1 Homogeneous,background.

recognition of the nucleated cells as such but focus-
es on blue objects and determines the presence of
nucleated cells of interest even with erythrocytes in
the background.

Figure 2 Mucoproteinic backeround.

Figure 3 Hemorrhagic background.

Erythrocyte Elimination

Once the presence of nucleated cells in the image
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has been determined, the erythrocytes have to be
eliminated. As before, the elements of which the
hue characterizes red objects are selected. An open-
ing operation is performed on those objects to refine
their boundaries. The binary mask obtained defines
the regions of the image having no erythrocytes. An
example of this mask is given in Figure 5A. The use
of such a mask reduces the number of cells to be
segmented significantly. However, it does not inter-
fere with the later recognition of nucleated cells
since it does not eliminate the nucleated cells over-
lapped by erythrocytes.

Segmenting the Cytoplasm and Nuclei

In the next segmentation steps, a morphologic seg-

hentation method is developed. It is based on the
use of watersheds! applied to color images. The
principle of watershed is twofold:

* Image simplification based on a set of markers
extracted by procedures that take into account some
knowledge of the objects, the image context and the
image-processing operators being used.

° Building the watershed lines of a “potential
function” using the precedent markers as local min-
ima for optimal region growing. By imposing those
local minima on the potential function, only one
connecied region will be obtained for each object.

The color information contained in the images is

used for extracting the markers and building the
watershed lines. For each segmentation step, the
color space that gives the best results is determined
and applied to the extraction of the regions.

Extracting Cytoplasmic Regions

To extract the cytoplasm regions, a eolor watershed
is used. The cytoplasm has to be isolated for all
cells, whether isolated or clustered. For the cyto-
plasm of clustered cells, further analysis is needed
to dissociate cells of which the cytoplasm touches.
To find the cytoplasmic markers, various color
spaces were studied. Two color spaces were finally
used: HSL and RGB. Markers are found by auto-
matic thresholding of the luminance in the HSL
color space. The use of the luminance is suggested
by the difference in brightness in the different areas
of an image: the background is brighter than the cy-
toplasm, and the transitions between both are well
defined. This allows a reliable detection of markers
for all the images. To minimize Gaussian noise (in-
trinsically contained in the images), which causes
residual variations, exponential smoothing is per-
formed before determining a threshold. The influ-
ence zones of the markers are obtained by multiple
erosions of the markers and background. Once the
markers are found, the watershed can be computed
on a potential function. The color gradient in the

Figure 5 (A) One image with erythrocytes and (B) the corresponding mask.




Figure 6 Images obtained during the different segmentation steps. (A} Initial image. (B) Initial image with highlighted cytoplasm. (C) Initial
image with highlighted nuclei. (D) Nucleus ailer separation. Separated nuclei are shown with arrows. (F and F) Images obtained during

RGB color space is then used. The color gradient has
the property to be higher for points where the in-
tensity of the image presents high discontinuity and
to be lower for points where the intensity of the
image presents small variations. The gradient is re-
ally appropriate for color watersheds because the
color transitions between background and cyto-

plasm are sharp. Those transitions define edges of

large gradient magnitudes, which allow defining

the cytoplasm regions precisely. An example is
s =] I £

given in Figure 6B.

Extracting Nuclear Regions

omentation is to delineate nu-

o

The next step of the se




Volume 22, Number 4/August 2000

the different segmentation steps (continued). (E) Cytoplasm aiter separation into that from only one
nucleus. (F) Overlaid segmented cytoplasm and nuclei in white, from (7A),

clei within the cytoplasm. Several color spaces are
used in this step. Due to chromatin irregularities,
some nuclei appear to be very pale, although others
appear very dark; that makes establishing good nu-
clear markers difficult. To find the latter in a reliable
way, images from two different color channels are
used.

The first image is computed to bring out the
bright nuclei; it is the v* channel from the L*u*v*
colorspace. (v* Is a chromatic channel of the ima ge.)
The second image, called I, is the subtracted blue
minus green image. This image emphasizes the dif-
ference between nuclei and cytoplasm and levels
the hue difference between all nuclei. The mean of
those two images gives an Iy image, which empha-
sizes both the pale and dark nuclei, enabling the se-
lection of all of them (Figure 7).

(B-G) +*
L=

To obtain a noise-reduced image, the color RGRB
image is smoothed prior to computing the I,
image. Extraction of the nuclear markers is done by
automatic thresholding. The threshold is found
from the first minimum to the left of the ma Ximum
peak of the histogram. This threshold separates the
image in two regions, the nuclear bixels and the

others. This threshold is deterimined so as to mini-
mize the cytoplasmic area that could be included in
the markers. (The boundary fits the nucleus better if
it contains less cytoplasm—i.e., less green.) Since
the image I levels differences between all the nuclei
and emphasizes the difference between the nuclei
and cytoplasm, the potential function is obtained
from the gradient of I. Therefore, the edges of the
gradient have high magnitudes for the blue-to-
green transitions and allow better determination of
the watershed. The watershed is performed on the
gradient image of I with the I,, markers. In this
manner the nuclear regions of isolated, clustered or
overlapping nuclei (Figure 6C) are obtained. We
found that the extraction of nuclei is more accurate
with the use of color attributes. A segmentation
based only on gray-level RGB images could not re-
ally achieve accurate nuclear regions in all cases be-
cause the intensity is not accurate enough for both
pale and dark nuclei. The use of different gray-level
channels clearly emphasizes the distinction be-
tween niuclei and cytoplasm.

Nuclear Separation

Certain arrangements of cell nuclej have high com-
plexity; this includes touching and overlapping nu-
clei and nuclei that are so close together thateven a
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Figure 7 (A) Original image. (B) I, corresponding image. It shows clearly a distinction between the nuclei and the rest of the image. The

brightest nuclei are emphasized.

human ebserver would have difficulty segmenting
them. Hence, only the nuclei that could be visually
separated are actually separated. They can be rec-
ognized on the basis of concavities in the nuclear
boundaries. The nuclear separation method uses
those concavities to dissociate touching cells. For in-
stance, let us take two touchine cells and compute a
distance function from the boundary for each point
of the nucleus. When this function is visualized,
maxima are obtained at the center of each distinct
nucleus (Figure 8C); minima are the points at con-
cavities of touching nuclei. One simple method of
separating these touching nuclei is to use a water-
shed on the opposite of the distance function, using,
as markers, the ultimate erode set of the distance
function. With this method the different nuclei tend
to be separated at the narrows. An example of sep-
aration is given in Figure 8. By this method a no-
ticeable limit emerges where the cells touch one an-
other (Figure 6D). The method works for all the
types of nuclei described above. In other cases, nu-
clei cannot be separated because of the overlapping
of multiple nuclei.

At this step all the nuclei are delineated; they are
either isolated or overlapping clusters. .

Cytoplasm Separation

In the final step of the segmentation strategy, the cy-
toplasm has to be separated so as to contain only
one nucleus or cluster of nuclei. This is not always
the case: touching cytoplasm can be found with sev-
eral nuclei inside. The lines of separation are the
points where the cytoplasms touch one another
(Figure 9A). The major problem is to consider those
lines for the separation of the cytoplasm. A gray-
level method based on one color channel can be
used but is problematic. When cytoplasm presents
a cluster of nuclei with no visible line of separation
between them, the separation cannot be satisfactory
unless the position of each nucleus in the cytoplasin
is used. Therefore, the separation method must take
this into account. The way to achieve this is to use a
watershed on one color channel with nuclear mark-
ers. To perform the watershed, the smoothed blue
channel image is used as a potential function, and
the nuclei (obtained from the nuclear separation
step) are used as markers. This method has two ad-
vantages. The use of the nuclei as markers takes
their spatial configuration and position into account
in one cytoplasm. However, the use of the
smoothed blue channel image enables considera-
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tion of the shape of the cytoplasm and of the lines of
separation between touching cytoplasm. Separa-
tion of cytoplasm permits separation of cytoplasm
with several nuclei inside for two configurations:

e Cytoplasm with concavities in their bound-
aries or with visible lines of separation between the
touching cytoplasms.

¢ Cytoplasm without any semantic information
related to their shapes or lines of separation (Fig-
ures 6 and 9).

This step ends the segmentation strateov. With
this reliable and systematic method, all the distinct

A
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gure 8 Separation of touching nuclei. (A) Initial segmentation.

) Separated nuclet. (C) Distance function of image in (8A).

or clustered nuclei are accurately separated so as to
be enclosed by one cytoplasm only. An example of
all the distinct steps in the segmentation process is
given in Figure 6.

Lata Collection

To test the segmentation strategy of color images,
approximately 2,000 cells from serous cytology
slides were used. These slides were obtained from
the Anatomy and C}«'topatholog}' Laboratory of thg
Louis Pasteur Hospital Center. The classification of
the slides was known in advance since they had
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Figure 9 Example of cytoplasm separation. (A) Cytoplasm of touching cells. (B) Cytoplasm after separation into corresponding touching
cytoplasm. ’

been prepared and screened by a pathologist. The
images of the cells were taken at random from the
slides. Each image was manually focused to obtain
the greatest contrast in the image on the monitor
(although automated focusing would have pro-
duced a better focus). Color images are acquired
and processed by the ARCTIC segmentation pro-
gram. The detected cells were overlaid on the origi-
nal images and displayed on the monitor for visual
inspection.

Visual Inspection

Visual inspection is a subjective method of identify-
ing cell segmentation errors but is simple and easy
to implement. A more-objective method of assess-
ing the accuracy of a segmentation process is to de-

Table | Segmentation Rate for Nucieated Cells

termine manually the boundaries of all the cells (cy-
toplasm and nucleus) and to compare the results
with segmentation by counting the misclassified
pixels. This method is very tedious and time-
consuming, so the pathologist visually inspects the
boundaries of the cells overlaid on the monitor and
chooses the imprecisely segmented cells or cells
missed by the process only. For these cells he deler-
mines the correct boundaries for either the nuclei,
cytoplasm or both. This method is used to deter-
mine the segmentation success rate. The percentage
of correctly segmented cells is then obtained. All
segmented cells, even clustered or overlapping
ones, are examined by the pathologist. However,
when an expert cannot determine the correct
boundaries of cells because of too much overlap-

Nuclear Cytoplasm
Expert no, Correct nuclei (%) Correct cytoplasm (%) segmentation errors (%) segmentation errors (%)
1 96.3 97.1 3.7 29
2 94.1 89.5 59 10,5
3 87.2 86.7 12.8 133
Average 925 91.1 25 8.9
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Table Il Rate of Segmentation Errors According to the Category of the Error

. Undersegmented Oversegmented Undersegmented Oversegmented
Expert na. nuclei (%) nuclei (%) cytoplasm (%) cytoplasm (%)
1 12:5 87.5 26.9 731
2 19.1 80.9 37:2 62.2
3 27.3 . F2.7 351 64.9

ping, those cells are marked by the expert as non-
significant cells. Those cells are not used in the eval-
uation of the segmentation rate.

Results

In the experiment described in this paper, segment-
ed cells were inspected by three experts. All nucle-
ated cells were detected correctly regardless of their
spatial configuration (isolated, just touching, clus-
tered or overlapping). Neither debris nor erythro-
cytes were retained in the examined ima ges taken at
random. All the final objects segmented by the seg-
mentation strategy were cells. Besides the detection
of cells, the important criterion in analyzing images
is the accuracy in defining the regions of the cells.
The correctness of segmentation is crucial in this
process since the rest of the analysis is based on the
defined regions. By visual inspection, the segmen-
tation errors were divided into four categories: cy-
toplasm too large, nuclei too large, cytoplasm too
small and nuclei too small. Larger errors are de-
fined as oversegmentation and smaller errors as un-
dersegmentation. The results of the segmentation
process for each expert are presented in Table I. The
success rate in segmenting the cells ranges from
87.2% t0 96.3% for nuclei and from 86.7% to 97.1%
for cytoplasm. The results can vary from one expert
to another (nearly 10% difference). Accordin g to the
ditficulty in estimating minimal errors and ambigu-
ous cases, this difference is considered unavoid-
able. Although visual inspection leads to a more-
objective measure of the success rate in segmenting
cells, the subjectivity in detecting cells by an expert
remains. These limitations are similar to those en-
countered in manual screening.

Table Il Rate of Frrors in the Segmentation of Nuclei

Expert no. Separation errcrs (%) Cther errors (%)
1 48.6 51.4

2 58.8 41.2

3 42.5 57.5

r

To understand the difference between the four
types of error, the rate of imprecisely segmented
cells is presented according to the type of segmen-
tation error. The errors are mainly oversegmenta-
tion of cytoplasm and nuclei and can be verified,
whoever the expert (Table II).

Oversegmentation of nuclei is chiefly due to nu-
clear separation, which is designed to divide only a
certain type of just-touching cells: those havin g con-
cavities in their nuclear boundaries. The problem
with this method is that just-touching cells, having
few or no concavities in their nuclear boundaries,
are not separated. Approximately half the overseg-
mented nuclei come from this problem (Table III).
One way to improve nuclear separation is to use a
more-accurate distance function. In this study, a
3x3 Chamfer distance is used, but this was not
accurate enough to avoid oversegmentation. An-
other reason for oversegmentation or underseg-
mentation is the lack of contrast between the nuclei
and cytoplasm or imperfect focus; those errors of
segmentation can be avoided by using an automat-
ic focus.

Oversegmentation of cytoplasm is directly relat-
ed to oversegmentation of nuclei: when touching
nuclei without any concavities in their boundaries
have not been separated, their cytoplasm remains
the same. These errors can be avoided only if over-
segmentation of nuclei was previously avoided as
well. The second reason for oversegmentation is re-
lated to nearby mucus: since it has the same color
and texture as cytoplasm, it is included in the seg-
mented cytoplasm.

Undersegmentation of cytoplasm is related to
two main configurations: nonlinearity in the defini-
tion of the cytoplasm (holes or tearing of part of it)
or a cluster of overlapping cytoplasm without su-
perposition of nuclei. In the last case, separation of
the cytoplasm profits from the nuclear distribution
and not from the lines of separation in the cyto-
plasm since they are hidden by the overlapping.
The expert extrapolates because he is able to focus
on different points of view.
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Discussion

Systems for automated cell classification offer a
powerful technique for isolating and recognizing
cells in serous cytology slides. The use of color and
mathematical morphology operators was demon-
strated in this paper. Color is convenient for seg-
menting cytologic images. On the one hand, a sim-
ple thresholding operation is sufficient for
extracting all the erythrocytes. On the other hand,
the images obtained from different color spaces are
useful for the segmentation of cytoplasm and nu-
clei. The method uses all these possibilities and cou-
ples them with a powerful mathematical morphol-
ogy tool, watershed. The complete strategy of
segmentation successfully detects all cells except
erythrocytes.

Most segmentation errors are due to touching
nuclei with no concavities in their boundaries.
These errors can be corrected by using a better
distance function. Other errors are related mainly
to misfocusing the cells. As the image becomes
less focused, the boundaries of nuclei and cyto-
plasm are blurred and lead to errors in segmenting
the cells. Introducing an autofocusing algorithm
will definitely improve the accuracy of the exact
focus positioning and therefore segmentation of the
cells.

To conclude, the success rate of segmentation de-
pends highly on the cell population of the slide. For
isolated or touching cells, the strategy is very effi-
cient. For more complex configurations, the success
rate cannot be evaluated since an expert cannot
segment the cells in an accurate and reliable way.
However, the system allows one to separate some
of those complex clusters (Figure 6F). We are
now studying a way to extract cells from these clus-
ters.
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