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Abstract
The human chromosome analysis is widely used to
diagnose genetic discase and various congenital
anomalies. Many researches on automated
chromosome karyotype analysis has been carried out,
some of which produced commercial systems.
However, there still remains much room for

improving the accuracy of chromosome classification.

In this paper, We propose an optimal pattern
classifier by neural network to improve the accuracy
of chromosome classification. The proposed pattern
classifier was built up of multi-step multi-layer

neural network (MMANN) . We reconstructed
chromosome image to improve the chromosome
classification accuracy and extracted three
morphological features parameters such as
centromeric index(C.1.), relative length ratio(R.L.),
and relative area ratio(R.A.). This Parameters
employed as input in neural network by

preprocessing twenty human chromosome images.
The experiment results show that the chromosome
classification error is reduced much more than that
of the other classification methods.
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Table 1. The feature paramecter calculation equation.

ECEELE LS
FUA AE Qe kel o] _ A
(centr?mgrllc) index| C.I — - '(',3;;,'- 18] o) = <0.5
B A QA gkl dol _ 4
(retative R"Tji‘h CI= e T g, 50
FEEEr e
otaive ares | C.1 = PG = 505

£ a7l Ag3tr] 98 54 seoele 4449 ¥
ggo] HAFAA F2E 7N 3ol 2 AHA Wz
M= FE& 53 vevete] F&o] &oldtA] @t wat
A A 3 FIFHS BA2E VIEeR 3o 32A
Wgez A9 Fo Fito] HIHA FHY G4
ArAstd 54 seugg FasRon, 9% A+A4
e daeFe eA=s 19 19 2o 10].

L AYel 5YD @ |
'Lf

[ Byaz am=cxt ,yi0 w8 |
1

S22 wig wapgeray
AG=2xlM (M=32)
-

I i}
[r=m+1][ Heirdzey 2naCa, v8) da |E;+:|

4

no

L ti=tutlia ]
3
[ L =MINL sort ( £ ] ]
yos
no
T EEELEECETEE
| EEEEER ]

*
IEEEEEFEEECETCER N

¥ 1. 984 949 ATFAE Y% eAx.

Fig. 1. flowchart for chromosome image
reconstruction.
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Fig 2. The reconstruction of chromosome
image and feature parameters.
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Fig. 3. The MMANN structure for chromosome
classification.
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Table 3. Parameters of neural network.
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Table 4. The classification results of chromosome

sample 1.
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Table 5. The error for chromosome classification.
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