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Abstract

Detection of Mammographic Microcalcifications by Statistical Pattern
Classification & Pattern Matching

Y.S. Yang, D.W. Kim, E.K. Kim*

The early detection of breast cancer is clearly a key ingredient for reducing breast cancer mortality.
Microcalcification is the only visible feature of the DCIS's(ductal carcinoma in situ) which consist 15
~20% of screening-detected breast cancer. Therefore, the analysis of the shapes and distributions of
microcalcifications is very significant for the early detection.

The automatic detection procedures have been the concern of digital image processing for many
years. We proposed here one efficient method which is essentially statistical pattern classification accel-
erated by one representative feature, correlation coefficient. We compared the results by this additional
feature with results by a simple gray level thresholding. The average detection rate was increased from
48% by gray level feature only to 83% by the proposed method. The performances were evaluated
with TP rates and FP counts, and also with Bayes errors.

Key words : Breast cancer, Microcalcification, Correlation matching, Statistical pattern classification
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: Bayes error (%) e o
28 WE _ True Positive rate (%) False Positive counts
error:1(%)* error 2(% )’ tctal error(%) i
1 3.1 1.0 4 ' 87.0 1 ?
2 1.3 0.0 43 8.6 0
3 6.2 5.9 12,0 61.4 1
4 0.2 14 15 50.0 1
5 0.9 0.0 09 36.4 o
6 1.7 0.0 17 0.0 0
7 1.0 0.5 1.5 T 1000 1
8 4.5 0.5 5.0 52.4 2
9 41 0.2 . 4.3 314 1
10 30 0.1 3.1 20.9 7 1 ‘
77777 1n 3.8 0.1 3.9 19.6 B 2
12 2.3 06 2.9 60.0 1
13 3.0 | 0.6 3.6 * 96.2 5
| average | 29 | 0.8 38 48.0 | 12
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Table 2. Accuracy of 2-dimensional(gray level and correlation coefficient) classification with Bayes decision rule

i ) ! Bayes error. { %) » - I
! Ag ws True Positive rate (%) False Positive counts
error 1(%) error: 2(%) total error{ %)
1 3.4 0.6 4.0 78.3 1 |
2 4.0 0.1 4.1 51.4 11
3 7.8 4.2 12.0 79.6 1
4 1.3 0.2 1.5 100.0 3
5 0.9 0.0 0.9 63.6 3
6 1.4 0.1 1.5 75.0 2
| 7 1.3 0.4 1.7 100.0 0
8 3.3 1.6 4.9 100.0 6
3 9 4.0 0.3 4.3 90.2 23
| 10 2.8 0.5 3.3 86.1 20
‘ 11 ! 3.8 0.1 3.8 53.6 5
12 ‘ 1.9 0.6 2.5 100.0
: 13 3.3 0.5 3.8 96.2
 average 3.0 0.7 3.7 82.6 6.5
& Ziglzlell sl A A7 AlA A E(strategy) ol ogF & pp. 263-274, 1994.
o] s gslc). B AT iz n|A A 3]3}e] 7laAde] <l 6. C.J. DOrsi and M.D. Debor, “Communication Is-
= odode] A&e] Br} FasnE FP 747} oia &71 sues in Breast Imaging”, Radiologic Clinics of
ali= AL 343t TP v|&& Foli= o] 3HE 79 North America, vol. 33, pp. 1231-1245, 1995.
t}. 7. S.A. Feig and M.J. Yaffe, “Digital Mammography,
Computer-aided diagnosis, and Telemammography’,
2 311 2 9 Radioclogic Clinics of North America, vol. 33, pp.
1205-1230, 1995.
1. B.S. Monsees, “FEvaluation of Breast Microcalci- 8. W. Qian and L.P. Clarke, “Computer Assisted Di-
fication”, Radiologic Clinics of North America, agnosis for Digital Mammography”’, 1EEE Engi-

vol. 33, pp. 1109-1121, 1995.

2. 97155, Suk odabsk, A&, w2, 71-84, 1996.

3. F.M. Hall, “Mammography in the diagnosis of in

. L. Shen and R.M. Rangayyan,

situ breast carcinoma”, Radiology, vol. 168, pp.

279-280, 1988.

. H.P. Chan and B.L. Shin-Chung, “Computer-aided

detection of microcalcifications. Pattern recognition
with an artificial neural network”, Medical Physics,
pp. 15655-1567, 1995.

“Application of
Calcifications”,

Shape Analysis io Mammographic

IEEE Transactions on Medical Imaging, vol. 13,

10.

11.

—362—

neering in Medicine and Biology Magazine, vol.
14, pp. 561-569, 1995.

. R. Bernstein, “Adaptive Nonlinear Filters for Simul-

taneous Removal of Different Kinds of Noise in Im-
ages’, IEEE Transactions on Circuits and Systems,
vol. 34, pp. 1275-1291,1987.

o7, whEAl, “HH AA s o8 el o
ot el a4, e PACS &4, 19,
59-64. 1995.

K. Fukunaga, Introduction to Statistical Pattern

Recognition, Boston, Academic Press, pp. 51-55,
1990.



&4 o) EAH AR LFY AR e o8 fudael vlANH Db

~zgzE-

Fubshe odmz] o] g ate] AubES Fol: d dleid s Fagk 4ol eheiA Qb A~
e WAatel] o)) WAEHE Gukelel 20% AL S AAstE DCIS(ductal carcinoma in situ) &} 4§
ol A 3]state] B Aol B 4 olis FUF sddelvh upekA v A4 HsE st 1 geje 2
Feol £A% §8 zlde] gkel 27wk vlg- F85}c)

o] BENAL AFEstes Alert tAd A 7lee] Bale] Hel gk B dFd Mz AT
g SA(feature) o 2 Abg3to] Mg AT BAA vl B s Adstaoh Bz 71E2s
& FAA A Ade 28k o)A} wia wlwale] 48%el A 83% 2 A Ert. J5& TP} FP
g griEalen] g4 FRAL] 9% A Jehigic)

—363—



