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ABSTRACT

Chromosomes, as the genetic vehicles, provide the
basic material for a large proportion of genetic
investigations. The human chromosome analysis is
widely used to diagnose genetic disease 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 two-step multi-layer neural
network(TMANN). We are employed three
morphological feature parameters ; centromeric
index(C.L), relative length ratio(RL.), and relative
area ratio(R.A.), as input in neural network by
preprocessing twenty human chromosome images.
The results of our experiments show that our
TMANN classifier is much more useful in neural
network learning and successful in chromosome
classification than the other classification methods.
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Fig. 1. The chromosome image after preprocessing.
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Fig. 2. The processing of feature parameters
extraction. (a) the binary image, (b) the result
image by thinning method, (c) the result image of
feature parameter extraction
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Table 2. Morphological feature parameters
comparison of chromosome.
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Table 3. Chromosome group and number.

Growp | CTomeeame | Growp | Chipmesome
Group A| 19 ~ 39 Group E| 168 ~ 189
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Fig. 3. The TMANNI structure for chromosome
classification.
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Fig 4. The TMANN2 structure for chromosome
classification.
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Table 4. Parameters of neural network.
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