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Abstract:The automatic recognition and classification of biomedical objects can enhance work efficiency while
identifying new inter-relationships among biological features. In this paper two features Hgpalick's

features base@GLCM are applied for classification of cancer cell of textured images and morphological
parameters based of cells detection. The objective in our work is the selection of the most discriminating
parameters for cancer cells classification. In this work, a new approach aiming to detect and classify colon
cancer cells is presented. Our detection approach was derived fro8ntiet'method but using a progressive
division of the dimensions of the image to achieve faster segmentation. Classification of three cell types was
based on nine morphological parameters and five Haralick’s features on probabilistic neural network. Three
morphological parameters and three Haralick’'s features were used to assess the efficiency classifications
models, includindenign HyperplasiaBH), Intraepithelial Neoplasial) that is a precursor state for cancer,

and Carcinoma (Ca) that corresponds to abnormal tissue proliferation (cancer). Results showed that
segmentation of microscopic images using this technique was of higher efficiency than the con\&maicamal
method. The time consumed during segmentation was decreased to more than 50%. The efficiency of this
method resides in its ability to segméla type cells that was difficult through other segmentation procedures.
Among the nine parameters morphology and fivaralick’'s features used to classify cells, only three
morphologic parameters (@a, Xor convexand Solidity) and threeHaralick’s features Correlation Entropy

and Contras) were found to be effective to discriminate between the three types of cells. In addition,
classification of unknown cells was possible using the morphology method. However]Narelts were

wrongly classified a8H cells due to their shapes that were similar to tho&Hofells. On the other side, the
classification based on three paramet&sr(elation Entropy and Contras) were found to be effective to
discriminate between the three types of cells without wrong. The results obtained using several images show
the efficacy of our proposed method.

Key-Words: -GLCM, Haralick’s features, Morphologic parameters, Segmentation, SQakssification.

1 Introduction abnormalities in medical images is replaced by an

Colon cancer as any cancer is characterized by an@utomatic ~ search.  Many  macroscopic  and
abnormal uncontrolled cell. Damaged cells divide Microscopic techniques may be used to detect colon
and proliferate to form a tumor that may be benign ¢ancer. Medical imaging techniques suchMRI

(not cancerous) or malignant tumor (cancer). The (Magnetic Resonance Imaghg CT (Computed
majority methods used to make the cancerous Tomography —scan, PET (Positron  Emission
classification of the cells based on the Tomography and SFECT (Single Photon Emission
morphological image processing, i.e. the shapes asComputed Tomographypre considered as precious
of these cells inside images. Research in medical tools to detect, localize and estimate the volume of

images is accelerated when the manual search of¢erain cancers. Nevertheless, these tools are not
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able to detect early cancer at the cellular level. On distribution free, that does not require knowledge of
the other hand, microscopic observations of biopsies any priori probability distribution functions, or
of the colon allow detecting irregular cells or non- statistical technigues based on probability
natural contrasts. Therefore, many recent works distribution models, that may be parametric (such as
have been concerned by developing automatic Gaussian distributions) or non parametric.
reading procedures of such biopsies [1, 2]. Nevertheless, probability distribution models cannot
Automatic reading allows a faster and precise be considered as real models and may lead to wrong
reading of microscopic biopsies and segmenting classifications. Non-supervised classification
cells to classify them as cancerous or non canceroustechniques attempt to identify clusters or natural
cells. Effectiveness of automatic search is analyzed grouping in the feature space. The main
and interpreted a large number of medical images in disadvantage here is that two close distributions
short time. Our work is the segmentation of colon may be identified as one class [13].

cancer cells within multispectral image [3, 4]. The The proposed classification is based on the values of
multispectral image is an image repeated in many the Haralick’'s coefficients used as a primary
wavelengths. Different segmentation methods are component to distinguish between different grades
available, including intensity leveling, texture based of malignancy of the cancerous cells in microscopic
segmentation, region based segmentation, gradientbio-images. We demonstrate that thkralick's
contour based segmentation and active contour. Thefeatures over the different wavelength of the
last method is the most powerful when irregular microscopic images allows and their variations can
shapes such as cancerous cells are present within dead to discrimination between the cells of cancer
microscopic multispectral image [5]. Indedttive types. In this paper was to develop a new approach
Contour or "Snak®& is a dynamic contour that in segmentation was derived from tBeakemethod
reforms itself in an iterative adaptive way to localize but using a progressive division of the dimensions
and cover the real cell contour. It is based on color of the image to achieve faster segmentation. The
intensity and can be applied on sequences of objectsaim of this work is both to increase the efficiency
in the image. Active contours or snakes have beenand reduce the runtime of classification from
widely used in image processing and computer Haralick multi-spectral texture features and
vision, like a smart technique for image morphological parameters. Three types of cells were
segmentation, efficiency active contour in the used to assess the efficiency of our segmentation
sequences of objects in images based on color orand classification models, includingBenign
color intensity. Although this method is flexible and Hyperplasia BH - benign condition)intraepithelial

can be used as a non gradient method that is Neoplasia (N) that is a precursor state for cancer
important in the case of high resolution and andCarcinoma(Ca) that corresponds to abnormal
heterogeneous images, its main disadvantages ardissue proliferation (cancer).

time consumption and detection of wrong contours This paper is organized as follows. Section 2
during the first iterations [5, 6]. presents an overview of the multi-spectral images
Classification of cancer cell images based on two analysis and th€o-occurrence MatriXor textural
applications, theHaralick's texture features and classification applied in the biomedical field.
morphology  features, are extracted from Section 3 presents an overview of the basitive
multispectral images. These texture features basedContour model and detection of contour with the
on Grey Level Co-occurrence Matrit(GLCM) is new approach. This section also summarizes briefly
one of the most widely used techniques for texture the main steps of this approach. Section 4
analysis. It is an estimate of image properties related summarizes briefly the five maidaralick’s texture

to second order statistics introduced by Haralick [7]. features computed and based on@&rey level Co-
These Haralick's coefficients are usually used in occurrence Matrix for the image texture
various fields as telediction [8], quality control [9] classification. This section also summarizes briefly
or biomedical analysis [10, 11]. Morphology the nine main features computed and based on the
features methods used to make the cancerouscells morphology. Section 5 details the application
classification of the cells based on the of the proposed method and shows the results
morphological image processing, i.e. the shapes asallowing the images classification of grades of
of these cells inside images. Cellular classification malignancy of the cancer cells. Finally, a conclusion
approaches include supervised and non-supervisedand future work are given in section 6.

methods [7, 12]. Supervised classification can be
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2 Texture Analysis of Multi-Spectral
Images & Grey Level Codccurrence

Matrix

An analysis of the textures and structures prese
the multi-spectral bidmages representing
samples, allows making a diagnosis of diffel
grades of cancers malignancy correspond
different structural patterns as well as appa
textures. Multispectral image is an image repe
in many wavelengths. Fig.dives an example of ¢
obtained multispectral image decomposed
different wavelength sub-band&Ve propose ti
apply the Haralick's texture features ¢
multispectral biopsy images with the wavelel
used between 500 and 650 nm and divided int
equal intervalsThus, from each original image o
can obtain another sixteen images [ortional to
sixteen frequencies or wavelength m-spectral of
the image used. The mu#ipectral images are th
analyzed at low, medium or high wavelen

i o) : :
c) Different subbands of multispectral image of tyCa.

500 nm » 650nm

»

Fig. 1: Images showing differemtavelength su-bands of a
multispectral image, a) BHb) IN, c)Ca

The classification of different malignancy grade:
cancer depends of thedaralick’'s coefficient
extracted from each suiand frequency of tr
considered bigmage. For example, in the case
the biotmage of the colon, usually three ma
groups should be discriminated against basei
variations of textures present in the m-spectral
images. Fig2 gives samples of three image clas
of cancer cells which are tHgenign Hyperplasié-
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BH, the Intraepithelial Neoplasia- IN and the
Carcinoma - Ca.

® ' (©)
Fig. 2: Images showing representative of the three classcancer
malignancy grades of the coloiA) BH, (B) IN, (C)Ca

2.1. Grey Level C@ccurrence Matri

Gray-level Coeccurrenct Matrix [4] is a square
matrix of Ng size wherég represents the grey level
of the image.GLCM represents the probabiliti

Py, (i,j) of transition from a pixel of an i gre

intensity to a pixel of & grey intensity separated |

a translation vector defined by tr direction and a
d distance. The current values used d = {1, 2, 3,

4} andr = {0; 45°; 90°; 135°}.GLCM computation
is popular in texture description and is based or

repeated occurrence of some grey It

configuration in the texture which varies rapi

with distance in fine textus and slowly in large
textures.

3 Active ContourModel

3.1 Segmentation

Snakemethod uses arctive Contour which is a
dynamic curve that tries, in an iterative proces:
move toward and detect the contour of an ot
observed in a certain image. The model develop
able to detect the contour of an image hout
calculating itsgradient [5]. Let us consider Fi3
presenting an object having different intensity t
that of the background [14The curve in this imag
consists of a set of points connected to each ¢
An energy function is generally assced to this
curve such a way:

Fig. 3: Image representing a single object with uniform intens
internal, bounded by the contour CO from its background with uni

intensity L external
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anake = Finternal + Fexternal (1)

whereF internal is an energy that depends on
physical properties of the contour aF external is
another energy that depends on the properties ¢
image [13. The corresponding algorithm tries
find a combination between different image po
to minimize the energy functidh snake anthen to
detect the contour. Le€; and C, be the average
intensities in the regions respectively inside
outside the real conto@O. The energF is defined
as follow:

F=F;(C)+F,(C) = Zinterior(C)lUO(X: y) —
C1|2 + Zexterior(C)IUO (X: Y) —C |2 (2)

According to F, four different cases of conto
detection may arise as shown iig.F4. These four
cases consider all possible outcomes of the de
contour with the real one as follows:

(© ()

Fig. 4: Four different cases of contour detec.

(@  F,(C)>0etF,(C) ~0 3)
(b)  F,(C) =~ 0etF,(C) >0 (4)
(@  Fy(C) > 0etF,(C) >0 (5)
(d) F1(C) = 0etF,(C) = 0 (6)

We can also add to & regularization term that lea
to the final expression of F:

F = plength(C) + Zinterior(C)lUO xy) —
C1 |2 + Zexterior(C)IUO (X: Y) —C |2 (7)

where p= 0 is a fixed parameter. Consequently,
detection of contours is reduced to be solutic

i{Lf (c1,¢2,C) (8)

C1,C2,C
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We derived from th&naki method an effective and
faster segmentation approach of microsc
images, particularlygray scale images possess
both high dimension and high resolution. Since
active contour depends deeply on the initial cont
the proposed technique ensures a fast convert
onto real contour. It consists of a set of e
consecutive segmentafi steps. In the first step, t
dimension of the initial image is reduced to 12.!
of its original size. This means that for an ini
image of 512 x 512 pixe, the dimension of the
image 11 of the first step is reduced to 64 x 64 pi
(see Fig. 8 (B. Segmentation of our images bec
with an initial active square contour of dimensior
x 42 pixels. LeC, be the contour resulting from t
first segmentation stegdeFig. 8 (b)).In the second
segmentation step, the dimension of initial image is
reduced to 25 % of its original size. Thus,
dimension of the imagel, of the second step
becomes 128 x128 pixels and the contcCy,
resulting from the first segmentation step, is res
to the dimension 128 x 128 pixels and it is use
an initid contour to segment the imac, The
contour C, obtained after this segmentation
resized and used to segment the inl; of the third
step. Similarly, we continue with the remain
steps to finally segment the initial 512 x 512 in
(Fig. 8 (c)) At each step, the initial image
reduced to the corresponding dimension (iml;)
and the contour obtained by the previ
segmentation stef(;) is resized td; size and used
as intial contour for segmentation. Tableshows
the segmentation predure schem

Table 1: Process of eight stages in segmen

Initial image 512*512 Initialization Segmentatio
10 n

Step 1: 64*64 Square Contour C1
Image 11 Contour —%»

Step 2: 128*128 C1 Resized Contour C2
Image 12 to 128*128 —»

Step 3: 192*192 C2 Resized Contour C3
Image 13 to 192%192 —»

Step 4: 256*256 C3 Resized Contour C4
Image 14 to 256*256

Step 5: 320*320 C4 Resized Contour C5
Image 15 to 320*320 —»

Step 6: 384*384 C5 Resized Contour C6
Image 16 to 384*384 —»

Step 7: 448*448 C6 Resized Contour C7
Image 17 to 448*448 —»

Step 8: 512*512 C7 Resized  Final contou
Image 18 to 512*512 —»
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3.2 Automation Of
segmentation

After the number of iterations, the active contour

fluctuates around a constant geometry. From this
threshold, the active contour varies slightly in a

repeated manner around the real contour. This is
interpreted as non-necessary and beneficial
iterations consuming precious time. The global

minimum is eventually reached. In this second part
we introduce conditions on the main technique to

lead and automate each stage of the first part. The

each step of the

Ahmad Chaddad, Camel Tanougast, Abbas Dandache, Ahmed Bouridane
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automation of the segmentation is done by two

ways. First, the user does not give any condition on
the initial contour as previously explained.
Secondly, the required number of iterations in each
stage is self-determined by this technique. The
segmentation within each stage happens with
successive steps. Each step is a set of 20 consecutive
iterations. For each step, we measure the véxgor
which is the spatial difference between each two
consecutive contours of the 20 iterations. At the end
of each step, we measure the elenizptdifference
between maximum and minimum of vectDg. The

first step (first twenty iterations) of each of the eight

o] 300 400
Saturation within 200 iterations. Computation time : 2.4577 secondes.
@
Image 128 x 128
3000
2500 =
\ X: 20
Y: 2508
2000 -
1500
1000
500
X: 100
Y:15.4
0 . -
(o] 50 100 150 200 250 300 400

Saturation within 100 iterations. Computation time : 4.891 secondes.

stages is characterized to habg the maximum
value of Dg. This technique continues to perform
new 20 iterations step until the following condition:

Dsi < a.Dgy (9)
where g is a parameter that depend on the
sensitivity of the required segmentation and is
introduced by the user before starting the algorithm.
An analysis of the curve obtained for each of the
eight stages can give an idea about the order of the
parametera (see Fig. 5). The parametarcan be
defined as the minimum value BX; on that of its
maximum Q;such as follow:

a = min (Dg;)/Ds; (10)

We can interpret from the results shown in Table 2
that a varies between 0.2 % and 1.7 %. Our choice
of a for the segmentation of the 8 stages must be
single. Therefore, we must choose a value that
ensures the convergence within each of the eight
steps of any image.

(b)

Fig. 5: Analysis of the parameter from the curve variation of the
function ‘Difference’for the stages 1 (a) and 2 (b) of the segmentation.

Table 2: Results of the parameter obtained for eight stages
stage

W ~NO O AWNPE

equations:
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Image
64x64
128x128
192x192
256x256
320x320
384x384
448x448
512x512

Corr)

Min
7.031
15.4
14.83
7.596
49.56
24.19
38.55
43.32

4 Parameters Extracted

4.1 Haralick's Features
In our case study, we only use and compute the
following five main Haralick's coefficients on
GLCM for texture analysis and the classification:
Contrast (Con?), Entropy (Ent), Energy (Eng ,
Correlation

Max

410

2508
2803
2944
2956
3149
3201
3289

a
1.7%
0.6%
0.5%
0.2%
1.6%
0.7%
1.2%
1.3%

and Homogeneity (Hgt)

parameters. Theorrelation feature based on the
variance @) and Mean parameter §). The

coefficient o

is specified by the following

o= [N T - W7 Par(i)
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where Hgt = 208 208 P, (Li)/(L+ li—j))  @7)
T Z 1.Pgr(i)) (12)  The analysis results show that only three parameters

(Correlation, Entropy and Contrgst of the
We calculated these fivgaralick’'s parameters after  Haralick's coefficients give good classification
making the segmentation of microscopic images of between the three types of cancer cells (more details
three types of abnormal cellBH, IN andCa). Each in the section 5).
of these parameters [16, 17] are measured directly
on three segmented types of abnormal cells after 4.2 Morphology Parameters
extracting the data from each cell segmented by Nine morphologic parameters were used to classify
active contour. Next, was calculat&lLCM and segmented cells. These parameters inchud® and
therefore extracted thdaralick’'s parameters from perimeter of the cellXor cell-circle Xor cell-
GLCM matrix of each cell segmented. These convex Xor cell-rectangle Standard Deviation of
coefficients are specified as following. the positions of the contour poinBgviation Sum
The Contrast(Conf) feature is a measure of image Eccentricityand Solidityof the detected cell.
intensity contrast or the local variations present in Xor cell-circle operator is applied between the cell
an image to show the texture fineness. This and a circle having the same area and center of mass

parameter is specified by the following equation: as of the cell. Fig. 6 shows the three steps required
to determine this parameter. The area of the white
cont = Zf':gl ]N:gl(l — )% Par(i,)) (13) region in Fig. 6 (c) illustrates the numerical value of

the Xor cell-circleparameter.

The Entropy coefficient Ent) is a descriptor of
randomness produces a low value for an irregular

GLCM. It achieves its highest value when all

elements of theSLCM are equal for an irregular

image. Furthermore, an irregulat.CM is produced

by a regulqr |mag'ef Su?h as_ one with a repeptlve Fig. G:aEa) segmented cell, (b) circle with the same area and center of
pattern. This coefficient is defined by the following mass as of the cell, (Xor cell-circle

expression:

The same methodology Xor cell-circle is used to
Ent =%18 8 Par (). log [P, ()] (14) estimate thexXor cell-convex(see Fig. 7). Theor
operator here is between the cell and a convex
which covers the cell. Similarly, th&or cell-
rectangleis an operator between the segmented cell
and a rectangle covering it.

The Energyfeature Eng returns the sum of squared
elements in theGLCM as expressed by the
following equation :

Eng = % 37 Par ()’ (15) #v :"%
The descriptorCorrelation (Corr) measures the B -‘féﬁ-—’
linear dependence of gray level values in the co-
occurrence matrix or describes the correlations
between the rows and columns of the co-occurrence
matrix. This parameter is specified by the following
equation

. . r(L))
Corr = Y18 ;\I:gl(l—ux)(l py). 222 (16)

O0X.0y

Homogeneity (Hgt) feature returns a value that Fig. 7: Parameter obtaining Xor cell-convex, three segmented cells, (A)
measures the closeness of the distribution of BH, (B)IN, (C)Ca

elements in th&LCM to theGLCM diagonal. This  The Sandard Deviation of the position for the
coefficient is specified by the following equations: contour points is:
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5.2 Segmentation developed
We developed two consecutive parts. It receives
first the microscopic image of the biopsy which is a

Standard Deviation = \/% YNXi—X)?2  (18)

whereN is the number of the contour poins, is sequential band image. Specification of the desired

the distance between a contour poiahd the center  band of the image as well as the segmentation
of the cell, and is the mean value of X sensitivity allows the algorithm to perform the eight

The distance from each point of the contour to the successive stages of segmentation in order to
mean contour is summed to determineDe@iation provide a final segmented image (Fig. 8 (c)).

Sum as follows: Incomplete cells in the image are discarded by the

algorithm. Images were segmented and observed at

Deviation Sum = ¥, |X; — X| (19) the 8th sequential band corresponding on a

midrange of 575 to 584.375 nm of the multispectral
To measure th&ccentricity we interpose onto the  bands. The value of the parametewas set at 5%.
cell an ellipse to cover it. TheEccentricity In the second part, the algorithm extracts the
parameter is given then by the following equation: ~ Haralick features and the morphological parameters

of the segmented cell that are used as input for the

Eccentricity = distance(f;, f,)/L (20) probabilistic neural network to detect the type of
cell.
wheref; andf, are the two foci of the ellipse ard Fig. 8 (a) shows images of three cell ty/3#4, IN
is its major axis length. Finally, th®olidity is a and Ca used during this study while Fig. 9 illustrates

scalar specifying the proportion of the pixels in the the results of segmentation of these cells using the
convex hull that are also in the region of the cell. It classicalSnakemethod. This segmentation required

is computed by the following expression: more than 6 minutes for each image beginning from
a 492 x 492 square initial contour. It is evident that

Solidity = Area (cell)/Area (convex) (21) the contour converges toward local minima which
are far from the real contour of each cell. The results

5 Classification and Results of our new segmentation technique for the three

images are shown in Fig. 10. Successful
segmentations were obtained within less than 3
. . , minutes for each image. These images show the
The computation and analysis for our experimental . . . .

efficiency of our model in detecting active contours

results of the maimaralick’s features are applied : :
. ) . of irregular objects such as cancerousahd Ca cell
on multispectral images of colon cells in the healthy types

and cancerous cases. Indeed, the recent introduction
. : X : After the cells segmented, we extracted these cells
of the multispectral imaging to pathology, allowing

. . . (see Fig. 11) for preparing it to computation these
a complete high resolution optical spectrum to be C S
) : . Haralick’s features and morphology parameters.
generated for every pixel of a microscope image,

represents a completely novel way of analyzing
pathological tissues. These multispectral bio-images
are obtain from arigh-throughput Liquid Crystal

5.1 Experimental platform

5.3 Neural network classification methods
Several methods and algorithms allow classification

Tunable Filter LCTF) allows the capturing of 16 using neural ne_twork: We usgd here probab_ilistic
neural network in which the distance separating a

spectral bands between 500 nm and 650 nm with at t variable f K | Ables i q
9.375 nm stepwise between each successive band (€St variable Irom Known ciass variables 1S measure

Therefore, there are 16 sequential bands images foranq C"?‘Ss'f'ed as t.o be from'the nearest cI_ass. 'The
each type of malignant cancer gradBsi,(IN and activation function is used to introduce non-linearity

Ca) for different frequencies or wavelength between in thg functioning °f.Fh? neuron. The activation
500 and 650 nm. All following experimental steps function of the probabilistic neural network [18, 19]
are carry out and obtained by using a 32 bits PC is a function that measures the distance of unknown

platform running at 2.4 GHz (Core 2 processor) variable to all known class variables. This activation
based on theVatlab environment tool [20]. This function plays the role of a low pass filter. We have

platform validates the correct operations of the used a probabilistic neural network [20] as an

analysis textures and structures approaches Startingeffectlve method for classification using segmented

from the capture of the multispectral bio-images. cells n the image and the extracted tm‘ma“Ck S
coefficients Contrast, Entropy, Correlationand
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three shape parameteréréa, cell Convex Xo
Solidity).

(A (B) ©
a) Three types of colon cells are reducefi4x 64 pixels

Fig. 10:Segmentation of three images using the new segmen

= B it strategy: aBH cell within 2.74 minutes, ) IN cell within 2.28 minutes,
: P - c) Cacell within 2.33 minute

®) _ () _ ©) )

b) Segmentation of three images of size 64 x 64 |.

&K CoaE PR 7
A (B ©)
c¢) Final segmentation results for three types of colon.

Fig. 8 Segmentation of three images using the new segmen
strategy: (A)BH, (B) IN, (C)Ca.

Fig. 11: Extracted cells results fdretthree types of colon cela) BH,
b) IN andc) Ca

Fig. 9: Segmentation results of three cell types images usir We used 18mages of known types shown Fig-
conventionaBnakemethod. 12. The network is then used to classify any |
segmented image of ce The threeHaralick’'s
parameters computed from the cell -image are
inputs to the probabilistic neural network whict
able to classify and specify the type of cell dete

(BH, IN or Ca).
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three types are well separated in three regions, some

IN cells are close t@H cells because of shape
19 similarity between the Bldnd IN
0.995 | L o+t B +
n +
0.99
.
0.985 + T+ 4 + c1Bh
- R + ¢2In
= 0.98 10. ¢3-Ca
©
£ 0.975
© 8
0.97 -
= 6
0.965 =
+ cl-ph S, oLy
0.96 | +  c2-in #‘L
- +
o.t.assf‘vﬁ\r\r/T/cgi1 24 + i R +
08 0.6 0.4 0.2 400 200 0
contrast 8)
Entropy 0.5
1 0.8
. 15 0.6
Fig. 12: Clusters of abnormal colon ceBs${, IN andCa. These clusters x 10° e
are according to three parameteZsrf, Ent, andConf) of segmented Area - CellConvexXor
cells.

. . . Fig.14: Clusters of abnormal colon celgH, IN andCa. This clusters
Our classification method was applied to several are according to three parametevsea XOR convex ceindSolidity of

different cell types. Fig. 13 shows the position of segmented cells.

three cells of unknown types and the results were ) ] o
very attractive. Indeed, the probabilistic neural N @ Receiver Operating CharacteristicROC

network using the threeHaralick's parameters are  CUrve), the true positive rate (Sensitivity) is plotted
able to correctly classify these new cells as depict in In function ~of the false positive rate (100-

the Fig.12.

correlation

0.995 —

0.99 4

0.985 —

0.98 —

0.975

0.97 4

0.965 —|

0.96 —

0,955
0.9

+ cl1-Bh
+ c2in
c3-ca
) TestBh
Test IN

/O
O Test Ca

" 200

0.8

0.7

0.6

0.5

0.4

0.3

Entropy

0.2

400
0.1 0

contrast

We trained with 45 images of known types as
shown in Fig. 14 for use later to classify any new

cell of a segmented

neural

applied to several different cell types using the three
shape parameters Area, Xor convex Celland

Solidity) could correctly classify new cells as shown
in the Figures 15 (a), 15 (b) and 15 (c). Although the
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image. The three shape
parameters of the cellAfea, Xor convex Cell
Solidity) are therefore the input to the probabilistic

Fig. 13: Classify of three types of abnormal cBH(IN andCa).

network. Same classification method

Specificity) for different cut-off points as shown in
Fig. 16.

Each point on theROC curve represents a
sensitivity/specificity pair corresponding to a
particular decision threshold. A test with perfect
discrimination has &0C curvethat passes through
the upper left corner (100% sensitivity, 100%
specificity). Therefore the closer tfOC curveis

to the upper left corner, the higher the overall
accuracy of the classification between the three
types of cancer cells.

5.4 Discussion

Although theHaralick's texture features based on
GLCM is one of the most widely used techniques
for texture analysis, this approach requires the
computation of a large combined parameters in
order to deduce a efficient classification of cancer
cell depending of the difference and distinguish
parameters values [3]. Thanks to our approach based
on the combination of the extracted texture
parameters and the active contour or segmentation,
considered as one pre-treatment of the lower,
intermediate and higher frequency images, our
experimental results demonstrate that only the
Contrast EntropyandCorrelation of theHaralick's
texture parameters allow to classify the type or
degree of cancer cells from their multispectral
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texture images with an average wavelength between
520 and 650 nm.
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Fig. 15: Classify three cells of three types of abnormal ceBHagell,
b) IN cell, c)Cacell.
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Fig. 16. TheReceiver Operating CharacteristiOCcurve).

0 02

Compared to the classic approach based on the
morphological image processing (i.e. the shapes as
of these cells inside images) or just computation of
multiple Haralik's features, our new approach gives
a strong difference and allows to a efficient
distinguish between different grades of malignancy
of the cancerous cells in microscopic bio-images.
More precisely, this is proved by the better
cancerous identification and discriminatithrough

a clearer and obvious location of three types of
abnormal cell BH, IN and Ca) with our solution
detection. Compared to the morphological based
approaches, where the main drawbacks are
overlapping of the results and very large time of
analysis required, our combin&hakemethod and
Haralick's extractions is more efficient [4].
Consequently, these experimental results
demonstrate a possible automatic detection and
classification based on our proposed approach of the
particular cancer cells of benign conditioBH),
precursor state for cancdiNj and abnormal tissue
corresponding to cancet4).

6 Conclusions

Segmentation of microscopic images using the
present technique, derived from tBaakemethod,
was more efficient than the convention8hake
method. The time consumed during segmentation
was decreased in a ratio of more than 50%. The
efficiency of this method resides in its ability to
segmentCa type cells that was difficult through
other segmentation procedures. Therefore, the
proposed model allows accurate and efficient
segmentation of images containing distinct objects
in a very short time. This method is useful in
automatic segmentation of different
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histopathologicalimages and thus allowing a faster
segmentation of microscopic bio-images. Among
the five Haralick’'s features used to classify cells,
only three features Qorrelation, Entropy and thesis in The Queen's University of Belfast
Contras} were found to be effective to discriminate May 2004.

between the three types of celBH, IN andCa). In [5] G. D. Giannoglou, Y. S. Chatzizisis, V.
addition, classification of unknown cell was Koutkias, I. Kompatsiarisand al A novel
possible using this classification method. The same active contour model for fully automated
for nine morphologic parameters used to classify segmentation of intravascular ultrasound
cells, only three parameteraréa, Xor cell-convex images: In vivo validation in human coronary
and solidity were found to be effective to arteries,Computers in Biology and Medicine
discriminate between the three types of cells. By Vol.37, No.9, 2007, pp. 1292-302.

comparison, we found that these classify more [6] R. Verdu, J. Morales, R. Gonzalez and L.
efficient on thesédaralick features than these three Weruaga, Convergence analysis of active
morphologic parameters. Indeed, someéls were contoursJmage and Vision Computing, Vol.26,
wrongly classified a88H cells due to their shapes No.8, 2008, pp. 1118-1128.

that were similar to those @&H cells. Finally, our [7] R. M. Haralick, K. Shanmugam and I. Dinstein,
approach is very simple, exhibits attractive results Textural features for image classificatidBEE
and useful in the textures analysis between different Trans. Syst. Man Cyberwvol. 3, No.6, 1973,
histopathological images allowing a fast cancer pp. 610-621.

cells classification of microscopic bio-images. As [8] C. Corbane, F. Marre and M. Petit, Using
future work, we propose to research for new features SPOT-5 HRG Data in Panchromatic Mode for
about pixel value measurements. We also propose to Operational Detection of Small Ships in
deal with a hardware implementation to accelerate Tropical Area,SensorsVol. 8, No.5, 2008, pp.
the computation features by deploying FPGA 2959-2973.

technology and for decrease the time of computation [9] L. Sieler, C. Tanougast and A. Bouridane, A
technology to achieve both high performance and scalable and embedded FPGA architecture for

[4] M. A. Roula, Machine Vision and Texture
Analysis for the Automated Identification of
Tissue Patterns in Prostatic TumouiRhD

flexibility in fast computation in real time efficient computation of grey level co-

processing. occurrence matrices andHaralick textures
features, Microprocessors & Microsystems
Vol.34, No.1, 2010, pp. 14-24.
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