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Fig. 10 The flowchart of the proposed
method.
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(a) (b)

Fig. 20 Result of true positive detection us-
ing DoG and thresholding technique. A region
surrounded with a red dashed line is an archi-
tectural distortion. (a) Original image. (b)
Absolute DoG image with o = 21.875. (c) Bi-
narized image obtained by spatial threshold-
ing.
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Fig. 30 Estimation of a normal flow of breast

glandular in mammogram.
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Fig. 40 Estimated normal flow of breast glan-
dular.
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(a) (b)

Fig. 5 0 Gabor filter kernel gd A = 4,
v=1/256, (a) 8 = 0. (b) § = 7/6.
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Fig. 6 0 Exmaple of Gabor filtering. (a)
Magnitude image |l .. (x,y)|. (b) Orientation
field ©(x,y).

233 0O0000OOO0ODOOOO

00000000000000000000
0DwO0O0O0O0O0OO0O0O000000000000
000000 e000000000000o0o0
000000000 ROOOOOOOOODoG
000000000000000000000
0000000000000000 region of in-
tersest: ROIOO 000 OFig. 7(2)000000
0000000000000000000 ROL
0000000000Fig 7(b), (¢) 000 ROID
Fig. 7(d), (¢) 000 ROIO ©,w000000
00 ROOOOOO0O000000

R =p(h(z,y) =1) (10)

hz,y) 00000000000

180
’@(‘Tay) - w(a:,y)| < k-
otherwise

(11)

000 k0000000000000000 (11)
00 h(z,y) 0000000000000 Fig.
7(f), (5) 000000 0OFig 7(h), () 00000

— 5=



_ T
Architectural distortion

(a)

Fig. 70 Calculation method of proposed features R. (a) Original mammogram with architectural
distortion specified by a region of red, . Green and cyan squares indecate architectural distortion
(AD) and normal ROI, respectively. (b) © of architectural distortion ROI. (c¢) w of architectural
distortion ROI. (d) © of normal ROI. (e) w of normal ROI. (f) h(z,y) of architectural distortion
ROL (g) h(x,y) of normal ROI. (h) Probability density function of (f). (i) Probability density
function of (g).
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Table 1 0 AUC values for R, Texture features
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