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ABSTRACT

Early detection of lung cancer is a challenging problem, the world faces today. Prior to classify glandular
cells as malignant or benign a reliable segmentation technique is required. In this paper we present a novel
lung glandular cell segmentation technique. The technique uses a combination of multiple color spaces and
various clustering algorithms to automatically find the best possible segmentation result. Unsupervised
clustering methods of K-means and Fuzzy C-means were used on multiple color spaces such as HSV, LAB,
LUV, xyY. Experimental results of segmentation using various color spaces are provided to show the
performance of the proposed system.
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1. INTRODUCTION

In today’s world, one of the major threats the mankind face is the mortality due to cancer. Among
all cancers, lung cancer is the most prominent type among males. There is a need for a system
which can detect the presence of maignancy at early stages. With the available man power
present today it is extremely difficult to screen the entire population. So there requires an
automated system which can screen al eligible people. Unlike other modalities, microscopic
image anaysis poses challenges in different dimension. Right from the slide preparation care has
to be taken for satisfactory results. The chemical composition of reagents used for preserving and
staining greatly affect the color and morphology of the exfoliated cells. Differentia staining of
dides may result in non uniform color values making the algorithm to be intensity invariant.
Malignant cells are characterized by the change in the nuclear appearance. This paper attemptsto
find a proper segmentation of glandular cell nuclei which is subsequently used to extract features
and used for classification.

Segmentation of nuclear region is a vital step in most of the image analysis of cytology images.
Here a novel approach towards the segmentation of glandular cells is presented. The pap stained
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sputum samples are digitized using a digital microscope. The staining of the cellular materials
varieswidely in conventional pap staining. The staining color varies from dide to dide depending
on various parameters like batch of stain prepared, age of cdl, type of cell and also depends on
the person preparing the dide.

Various authors have tried several methods for segmentation of nuclear regions from cytol ogical
images. Walker et a [1], Thiran et a [2] used morphologica operations for segmentation, while
Schnorrenberg et a [3], Wu et a [4] used iterative methods. Sammouda et a [5] used Hopefield
Neural Network (HNN) on RGB and HSV color spaces to extract adenocarcinoma nuclei of lung,
Tanaka et a [6],Wittke et a [7] used thresholding for segmentation on grayscale images, Meas-
Yedid et a [8] used Markov Random Field (MRF) clustering on RGB color space, Begelman et a
[9] used fuzzy logic on CIELAB color space, Hu et al [10] used a variant of active contour on
grayscale image, Phukpattaranont et a [11] applied neurd network on RGB image for
segmentation. Ko et al [12] used adaptive window based on local contrast on grayscale image,
Palacios et a [13] used discrete wavelet transform and K-means clustering on HSV, LUV and
Y1Q color spaces. Taher et a [14] used HNN and FCM to segment lung cells on RGB image,
Plissiti et a [15] used grayscale morphologica reconstruction and connected regional minima
along with FCM and SVM to detect nuclei in pap smear images. Wang et al [16] applied graph
cut followed by active contour for nuclear segmentation.

In RGB color space the color intensity values are highly correlated so in order to extract valuable
information it has to be decorrelated. So various authors have used different color spaces for
information retrieval Huang et a [17], Chen et a [18], Zhao et a [19],Yuzheng et a [20], Anari
et a [21] used HSV color space for segmentation. Combination of color spaces [22-28] aso
yielded good results. Unsupervised learning of K-means clustering [29] and Fuzzy C-means [15]
were used for cell segmentation.

2. MATERIALSAND METHODS

2.1. Materials

The sputum cytology images used in this work were provided by Pathology department, Regiona
Cancer Center Thiruvananthapuram, India. The nature of cells was confirmed by expert
cytopathologist. The images were captured by using a trinocular microscope fitted with a digital
camera. The images were captured a 40X magnification level. The images are of 24 bit color
depth with aspacial resolution of 3264x2448 pixels.

2.2. Clustering M ethods

In the proposed agorithm, two clustering techniques such as K-means and Fuzzy C-means are
used for segmentation.

2.2.1. K-means Clustering

K-means is an unsupervised clustering techmque in which m data points with n dimension is
grouped into k separate groups, Si:i =1, , & [30]
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The grouping is done by minimizing the distance between data point and the centroid of the

2
corresponding cluster to which it fallsto. X; the data point, ; the centroid of thei™ cluster, I is
the 12 norm of a vector. The agorithm is run multiple times so that no more change to the data
point happens. For this paper, k=2 is chosen, one for foreground and the other for background.

2.2.2. Fuzzy C-means Clustering

The K-means clustering assigns distinctly one group to each data point. In many applications,
especially medical application, it may not be clear to which group a particular point belongs. In
fuzzy C-means a membership value is assigned to the data point for each cluster. A data point
near the center of cluster has a high membership value to that particular cluster than a point near
the edge of the cluster. The objective function is as

o N .
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W is the fuzzy membership of the data point x;, ¢ is the centroid, k is the constant defining
fuzzyness of the cluster. After each iteration the membership function and cluster centroid is
updated as
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2.3. Color Space Conversion

The RGB image contains pixdl values which are highly correlated, so processing it directly results
in redundant information processing. To uncorrelate this data we use other color spaces like HSV,
LUV, LAB and xyY.

2.3.1. RGBtoHSV

The input RGB image is normalized before converting to HSV color space image using the
following method [31].

N =max(.G,B) ©)
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2.3.2.RGBtoCIELAB

CIELAB color space is derived from CIEXYZ color space. In CIEXYZ all visible colors are
represented using only positive values. The color conversion matrix is as,

" H.-‘ " 3.210479 1.53715 0.198535 X "
Gl =1 —0.060256  1.875992 0.011556 x|V
\_ 12 J 0.0535618 —(1.204013 1.0537311 - J (12)

The CIELAB color components are given by
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Where X,,, Yy, and Z,, are the white tristimulus values of a perfectly reflecting diffuser under
CIE standard D65 illumination [32].

2.3.3. XYZ toxyY

CIExyY isderived from CIEXY Z color space. The conversion isasfollows

X
X-Y+z (16)
] 1'_
YT XY 42z (17)
vy (18)

2.3.4.CIEXYZ toCIELUV

LUV color space isderived from XY Z color space. The conversion isas follows
X 15V 8Z (19)
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3. CELL NUCLEI SEGMENTATION

The system architecture for the proposed method to classify the sputum cytology cellsis shownin
Figure 1. It includes pre-processing of Pap stained sputum cytology images followed by
segmentation of cell nuclel.

Input Image Preprocessing Segmentation

-

Figure 1. Diagram of the proposed system

3.1. Input Image

The sputum samples taken by cytotechnologists are preserved so that the cellularity of the nuclei
is not lost. Then dides are prepared and stained using Pap stain. This is a differential stain in
which the nuclei and cytoplasm region gets stained in different color. Nuclei region being more
with dense materials will absorb more stain and appear much darker in color. The stained dlideis
placed under a trinocular light microscope and images are taken. The digital camera produces a
high resolution image of 8 mega pixel (3264 X 2448) size. The dides are magnified at 40X zoom
level and images are taken. The images are stored on the workstation in RGB 24 bit color format.
Images of both malignant and benign dides are taken. The classification of the dlides as benign
and malignant is done by experienced cytopathol ogists.

3.2. Pre Processing

The high resolution input image is very difficult to process as such so in this stage the image is
down sized to 1/8" of the original size (408 X 306). Local minima are found on the smoothed
version of the image using Blom's method as used by Kuijper [33]. Once the local minima are
identified then the coordinate in the resized image is mapped on to the original image. This is
done by multiplying the x and y coordinates values with 8. Thus on the actual image coordinate a
128 X 128 sized image region is cropped out and is stored. The image region may contain region
without cellular material i.e., background region. This has to be eliminated for further analysis.
For this the average intensity vaue of the cropped region is caculated, if the value falls above
200 it is assumed to be background since nuclear region being darkly stained will have a low
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average intensity only. The sputum cytology images are infiltrated by patches of mucus which
also absorbs the stain. One more condition is given to filter out such region. The standard
deviation of the extracted region is calculated if it is above 30 then there is an adequate
digtribution of dark and bright patches are present which is typical of nuclear region. All the
cropped patches are saved. The sputum sample contains alot of artifacts like inflammatory cells,
leukocytes etc which is characteristic of the sputum sampling. These artifact regions are manually
removed so that the remaining dataset consists of only nuclear regions. The entire step of
preprocessing is shown in Figure 2.

Tpul Tmagre ol & mempixel (3264 X 2448)

Resized to (408 X 306)

Local minima of Gaussian smoothed imape

i e

Map co-cnlinate of all local minima fo original image

. =
\\‘ /
Cropa rcgion of 128 X 128 size from the sumounding of
all lacal minima
E;

;o
.l

Save the image if averapge intensity is less than 200 and
slel. dlev ix preater tham 30

Figure 2. Steps of preprocessing stage

3.3. Segmentation

The identified nuclear regions are fed to the segmentation module. The staining of sputum
cytology images generaly does not give uniform color distribution. So identifying nuclear region
based on one particular color may not give good segmentation result. The information content in
RGB color space is highly correlated and to uncorrelate it, various color spaces is used. Some
information may be discernable in one color space may not be quiet well distinguished in another
color space. A novel method of combining various color spaces is used in the segmentation
module. The technique is a generalization of the method used by Issac et a [31] where K-means
clustering isdone on LAB color space. In this method the input image is converted to LAB, LUV,
HSV and xyY color spaces and various combination pair from each color space is taken and K-
means/FCM clustering is performed. The 20 combination consists of LAB layer L-A, LAB layer
A-B, LAB layer L-B, HSV layer H-S, HSV layer SV, HSV layer H-V, xyY layer x-y, xyY layer
y-Y, xyY layer x-Y , LUV layer L-U and HSV layer S only. The different combination gives a
different result for the segmentation using K-means and FCM agorithm.

The K-means and FCM algorithms give different labels for nuclei region in different images. So
it isrequired to find the correct label for the nuclei region aone. The image cropping done in the
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preprocessing stage ensures that nuclei region is present near the middle of the image. So 100
pixels at the center of the image istaken and the median value isfound. The label of the medianis
considered as the label for the nucleus. Then morphological closing followed by opening is done
to join small unconnected regions in the image using a 3 x 3 square structuring element. Then
hole filling is done to remove holes inside nucleus region. From the resulting image the object
with largest area is separated. This region gives the result of segmentation. This process is done
on al the 20 results. Finally the best segmentation result has to be chosen. For this aweight value
isgiven for each of the segmentation result. Thisis given by

, area pixel in border
weight =

CONIVEX area total border (24)

The criterion for giving the first part is that most of the nuclear regions are of eliptica shape or
shapes closer to that. So the ratio of area to convex area gives higher weight to convex shapes
than concave shapes. The K-means and Fuzzy C-means algorithm are not guaranteed to find two
separate regions sometimes only one region is returned i.e, the entire image itself giving
maximum weight to such an image. So this condition has to be eliminated, for this a penaty term
is added. The second term gives a pendty depending on the number of pixels that are clustered
touches the boundary of the image. If no pixel is touching the border then the penalty is zero
otherwise a positive value. If an erroneous clustering result comes to cover the entire image, the
penalty value become 1 and so aso the first term, giving 0 value effectively. Thus the image is
eliminated from further analysis being the lowest weight value. From the 20 segmented results
one with maximum weight is taken as the final segmented result. The various step of
segmentation is shown in Figure 3.

Apply kmeans Give weight to Take the one

LR ?'28 clusteringin lab segmented with maximum
croppedimage luv;, hay, xyl color .
space result weight

Figure 3. The steps of segmentation algorithm

4. RESULTSAND DISCUSSION

In this work we have used 1038 cdll images which are cropped from the input sputum cytology
sample image. The sputum cytology image is acquired using a trinocular microscope and is
shown in the Figure 4. The cellular regions are cropped from the input image and are stored for
further analysis. The cropped image from the input is shown in Figure 5. A sample cell image for
benign and malignant is shown in Figure 6. The results of using various combinations of color
spaces and clustering algorithm along with the color space, layer used along with weight valueis
shown in Figure 7. The input image along with the best segmentation result the algorithm has
chosen using equation 25 is shown in Figure 8. Mgority of the cell images were properly
segmented. There are afew cases were the segmentation is not satisfactory due to various defects
like non uniform absorption of stain by nuclear region and/or presence of mucus over cells as
shown in Figure 9.
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Figure 5. The cropped cell from the input image
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a) b)

Figure 6. ) Benign cell and b) Malignant cell
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Figure 7. Input image along with 20 segmentation results
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b)

a)

Figure 8. @) Input image, b) Best segmentation result
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a) b)

Figure 9. a) Input image and b) improper segmentation result

5. CONCLUSION

In this work, lung glandular cell nuclei detection and segmentation were done as the first step
towards classification of dlides as benign or malignant. In our method we used multiple color
gpaces and clustering agorithms such as K-means and Fuzzy C-means. The algorithm was tested
on 1038 cell images. As a part of our future work we plan to include other methods so that the
segmentation can be improved.
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