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Automatic Detection of Mass Type Breast
Cancer using Texture Analysis in Korean Digital
Mammography
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Abstract—In this study, we present an advanced detection However, current diagnostic techniques still hasreesal
technique for mass type breast cancer based amrégxiformation limitations in spite of these numerous efforts.s#yr, the
gtfacé:egsar:f{tgziirgiosﬁ’;;gdtgemcé%ﬁ:(ﬁfr:;.ee;ZT:%Zﬁrmffd existing methods show technical difficulties toatetine the
based on AHE (Adaptive Histogra_m_ Equalizatioq).tha sec_ond ?r:rectlylty c?f_the plxeSI gradclﬁnt t?quedtotth?_ sl|g}ar|az;;)cr;hof
stage, we set the threshold coefficient of homogert®sy using e orlglna mage. 990“ y, the de ec. lon acau e

cancer is relatively low in dense breast tissues.

MLE (Maximum Likelihood Estimation) to compute thaiformity
of texture. Finally, mass type cancer tissues amaeted from the In this study, we present an advanced detectidmtgae
original image. As a result, it was observed tha proposed for mass type breast cancer based on texture iattomof
method shows an improved detection performanceemsalbreast organs to solve these limitations. The proposedhaukt
tissues of Korean women compared with the existeghods. Itis  yotacts the cancer areas in three stages. Inrthestige, the
expected that the proposed method may provide iaddit - . .
diagnostic information for detection of mass-typedst cancer. mldeIhtS O_f mass area fme,determmed based on AHE
(Adaptive Histogram Equalization). In the secoregst we
Keywords—Mass Type Breast Cancer, MammographyS€t the threshold coefficient of homogeneity byngs\VLE
Maximum Likelihood Estimation (MLE), Ranklets, SVM (Maximum Likelihood Estimation) to compute the
uniformity of texture. Finally, mass type cancessties are
extracted from the original image. The rest of faper is
HE detection of the breast cancer from mammographft9anized as follows: Section 2 introduces theitsetd the
images is one of the fundamental challenges in cagdi ProPosed algorithm. Section 3 gives the experinieatailts
image applications [1]-[3]. Despite these applititibs, the of th_e proposed method. Finally, we conclude audifigs in
accuracy for detecting mass-type breast cancertiis sS€Ction 4.
remained as 80% [4]-[6]. In particular, dense bresh®ws
the low penetrability due to the dense compositidrthe

|. INTRODUCTION

Il. MATERIALS AND METHODS

breast tissues, and thereby presenting the lowracgifor
the cancer detection [7], [8]. Asian women inclgliforean
women typically have denser breasts than other woiiee
existing detection methods, therefore, presentré¢tetively

low accuracy for the mass type breast cancer irarAsi

women.

To solve these limitations, Karseemeijer et alggasted a
diagnostic method which uses the degree of textutéssues

in the relevant area heading toward center aft¢aining
gradients of pixels in the cancer area [4]. Brakealk,
improved detection performance on mass type bizaster

by applying Karseemeijer's algorithm in a multi-kca

method [9]. Huang et al., converted shape and tfpaass
into one dimensional profile by combining gradiearid
binary information, and suggested peak and bottaset
detection method [10]. On the other hand, Mudigoedal.,

detected an area of major directivity by calculgtin
correlation between gradients and pixel valuesriggd to a

fixed-size window [11].
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A. Detection of Midpoint in a Mass Area

AHE can clearly differentiate ROI (Region of Intste
from background in images by adaptively increasiogtrast
of images [12]. In other words, it is possible &tamine a
single threshold which can select ROI on all masasusing
AHE [13], [14]. Through repetitive applications dlfis
concept on the original images, peripheral poirda be
removed, and only the area including midpoint ofssess
remains. The final midpoint position of each masderived
from the center of the gravity of each detectecaFég. 1

shows the removal procedure of the neighborhoodk pea

points.

The process obtaining a midpoint of mass area from

original images is as follows:

Step 1: We designated(il j) as brightness of pixel at an

image coordinate (i, j).
Step 2: AHE is applied to imagéwhere k=0, 1, 2, ..., L.

Step 3: Non- interest areas are removed from*(he)l and
updated it to'(i, j) as following equation (1).

)= 1G,j) for 1%(i,j) =T, )
‘ 0 for I"(/,j)<T

c
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* AHE ; Adaptive Histogram Equalization
Fig. 1 The removal procedure of the neighborhoakpmints

5, Nowezalish determined that the radius breaks away fham

mass area in the opposite case.
The mean pixel value at radius r from the centemats
can be calculated as equation (4).

/(/,/') r=12,... 4)

Threshold Tis designated at 50% of maximum brightness qfi, j) indicates brightness value of images, arid a radius

images as shown in equation (2).
7,=0.5xmax {/* (i, /) (2)
Step 4: Step 1 and step 2 are conducted L timesQ)L.=

Step 5: Detected areas are designated as ROhén wbrds,
if N detected areas are present, R&ltisfy RO{, ROL, ...,

from the center of mass, r = |i| +|jl.M@eans a coordinate of a

pixel on radius r satisfying,& {(i, j) | li| + [j| = r}, and Nis a
number of pixels on radius r satisfying N|G| = 4r. Radius
of mass area is computed by equation (5).

r :min{ﬂ,rz} (5)

mass

r!,  indicate each radius of mass area, respectivetycan

and RO\. In case that designated number of pixel of ROl ige derived by equation (6) and (7)

less than 25, we assumed the detected area as iméage
and excluded from the calculation process.

Step 6: Center of gravity of each ROI is determjraed! it is
designated as a midpoint of mass. Midpoirf},(C}) of mass

corresponding to'HROI can be computed by equation (3).

> o))

n — jORoI 3)

> i06./)

n — iOROI r
A W) IR 3 )
iOROI JOROI

Fig. 2 demonstrates the entire extraction procésiseopeak
point for the dense breast image by using AHE ntktho

B. Determination of Radius of Mass Area

In general, the mass area is brighter than thedvaakd
area in the dense breast image [15]. Brightnessev&duces
as the radius from the midpoint of mass increaaed, the
value converges to a constant level when the raudieaks
away from the mass area. By contrast, the brightnakie
increases again as a mass area appears nearbg. dases

concept, we considered that the radius belongsh®o t

surrounding mass area, when brightness value etede
consecutive times within a certain range.

(a) Original Image

(b) AHE image (1 time)

r' = arg min rHC(r _C{(r_ 1)/—_01gr ) <& for /:0,1,2} ®)

r? =arg min r{r‘C(r—/')—C(r—/’ -1)>0  for /=0,1,2} (7)

where the threshold value on the C(r) is 0.1.

C.Detection of Homogeneous Mass Tissues using
Homogeneity

Mass-type breast cancer usually spreads from theerce
section to the peripheral tissues. Accordingly, famn
texture is revealed at the center section, andoéripheral
tissue presents the non-uniform texture [16], [THe area
that contains uniform texture at the center sedsdherefore
likely to be the cancer tissues. In order to measuiformity
of texture, we computed homogeneity (H) from thigioal
image by equation (8).

H=y 3 20 ®)

/ijsM1+‘/ _/‘

(c) AHE image (18 times)
Fig. 2 Extraction process of the peak point fordeese breast image based on AHE method

(d) Centers of masses
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(d) H=0.3533

(e) H=0.3776

Fig. 3 Preliminary results on differentiating notrtissues from cancer tissues using homogeneity

In the equation (8), P(i,j) indicates a co-occucematrix
with a vertical and horizontal distance of 1, respely, and
M represents size of the center section of the rmgess M is
adjusted at 20% of the total size of the mass amésize of
the co-occurrence matrix was set to 5x5. In addjtive

applied threshold to the homogeneity by employing

maximum likelihood estimation (MLE) method to exiréhe
mass area more precisely. Fig. 3 represents restiltse
preliminary experiments on differentiating normasties
from cancer tissues based on homogeneity. In tee o
cancer tissues, homogeneity revealed large maudytal the
homogeneous center section of mass area. On teehahd,
normal tissues presented a small homogeneity. lesut, it
was observed that the homogeneity could differentthe
cancer tissues from the normal in a dense breagdm

missing rate reached over 10%. We therefore seletie
threshold value as 0.37 to minimize the missing,rand
thereby set the missing rate lower than 5%. Fighéws
vertical, horizontal and diagonal areas to measelative
brightness of the mass area.

D.Measurement of Directivity of Texture using Ranklets

Directivity of texture on the area including centémass
at horizontal, vertical and diagonal directions banderived
by using Ranklets method as shown in fig. 5 [1&8B]] In
order to detect mass-type breast cancer in the ameg
determined whether directivity of texture is heagdfor the
center of mass [20]. Coefficient of comparativeghtness
grade W, tends to increase in number of bright pixels more
in T; area than in aread® the same position. Coefficient of

Fig. 4 presents the distribution of the homogeneitfomparative brightness grade'yw can be computed by

coefficients derived from 182 cancer and 996 notisalies.
Based on this distribution, the optimal thresholdr f
homogeneity is revealed as 0.4. When threshold ofn@s

employed, however, the detection accuracy was lew a

209

) Malignant Mass
a08F 4
o 2% Matted normal Tissue
007 £ -
00EF
005+ A i y
)
Q04
203

biRird o

: mmrrﬁfﬂ

i 0.2

-]

Hamogenaity
:

Decision of threshold

Fig. 4 Distribution of the homogeneity coefficiettstween 182
cancer and 996 normal tissues

equation (9)

©)

W, = x0T, {n(x)—M}

2

where x indicates values of pixels belonging toahd N is
number of total pixels. Rank transformatidn converts
pixel values to relative grades. The Ranklets ddiefits
corresponding to vertical, horizontal and diagdiv@s can
be derived by equation (10) [20].

|

(a) Vertical (b) Horizontal (c) Diagonal
Fig. 5 Directional areas for measuring relativggbmness

|
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(b) Three normal tissues
Fig. 6 Mass area composed of three cancer tisabes€) and three normal tissues (below)

W ] were distinctly shown, and computational load wisp a
R="2%-1 i=v,hd (1) gecreased.

7 N7
4
Ranklets were calculated at only 40% of the totaksn
area. In addition, texture analysis is inefficienthe case of In this study, Ranklets model was formed throughvsSV
the 100 um/pixel resolutions, since changes inhimgng using Ranklets vectors measured in the centerosedtf
pixels hardly occur. Resolution of the original mes was drawn area to detect mass-type breast cancer6 fpigesents
therefore down-sampled at 400 um/pixel. As a comsege, a mass area including 3 cancer tissues (above)aandss

we observed clear texture form as differences anpprels ~ area including 3 normal tissues (below). The ceséetion
area for measuring Ranklets was indicated withteeddine,

I1l.  EXPERIMENTAL RESULTS

TABLE | and the size of the window was designated at 408teototal
DIRECTIVITY OF NORMAL AND CANCER AREAS mass area. Table 1 represents vertical, horizoatal

(a) (b) (c) (d) (e) ) diagonal Ranklets of each mass image. Through these
Ranklets, we assessed directivity of texture. Téure
v 0.17 012 0.04 051 061 0.66 directivity increases as the Ranklets value in@sawhere
H 025 020 -0.25 007 022 014 the texture directivity decreases, when the Raskieue

decreases. We thus determined that no directiuidjcates

D 0.26 -0.35 0.18 -0.66 -0.18 0.12 the neutralization of the Ranklets due to the sdiretivity
for the center.

V: Vertical, H: Horizontal, D: Diagonal

Fig. 7 Experimental result of the proposed methiodhe dense breast
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The proposed detection method presented an 85.4#ab6f, N@l4 28, Y. Zhuangzhi, W. Shenggian, “Mammograpteatkire Enha

alarm rate at a total of 82 cases of mass-typesbzacer,
and the number of false alarm per image was shax &
Fig. 7 shows the experimental results of the predasethod
for dense breast images. The area with red dofsaites
pre-diagnosed cancer area, while the circular preaents
the newly detected area by the proposed method.

IV. CONCLUSION

[13]

[14]

[15]

In this study, we proposed an advanced detection

technique for mass type breast cancer based omréext

information of organs to solve these limitationsheT
proposed method detected the cancer areas indtages. In
the first stage, the midpoints of mass area weterchned

based on AHE. In the second stage, we set thehibitks

coefficient of homogeneity by using MLE to compule
uniformity of texture. Finally, mass type cancesties were
extracted from the original image. As a result,wias

16]

[17]

[18]

[19]

observed that the proposed method shows an improved

detection performance on dense breast tissues oéal§o
women compared with the existing methods.Since Itypss
breast cancer is found in the various and com@ic&rms,

reviews and analyses on each feature of the caaeer

required. It is thus expected that the developnoéritnage
analysis methods applicable to the morphologicatuies of
cancer can contribute to develop an early detestgéem for
breast cancer.
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