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Polynomial Higher Order Neural Network for
Shift-invariant Pattern Recognition

Jong Su Chung' - Sung Chan Hong'!

ABSTRACT

In this paper, we have extended the generalization back-propagation algorithm to multi-layer polynomial higher
order neural networks. The purpose of this paper is to describe various pattern recognition using polynomial
higher-order neural network. And we have applied shift position T-C test pattern for invariant pattern recognition
and measured generalization by mirror symmetry problem. Simulation result shows that the ability for invariant
pattern recognition increase with the proposed technique. Recognition rate of invariant T-C pattern is 90% effec-
tive and of mirror symmetry problem is 70% effective when the proposed technique is utilized. These results are
much better than those by the conventional methods.
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{Table 1) Recognition rate of shift patterns T and C

Learning Recognition Rate
Epochs | Hidden 3 | Hidden 5 | Hidden 10
200 | 802% | 824% | 8l.6%

Proposed Model 500 854% | 86.5% 85.1%

2000 | 855% | 87.5% 89.5%

200 413% | 403% 41.7%

Normal Polynominal

0, 0, 0,
Second Order 500 402% | 399% 42.6%

2000 38.8% | 38.3% 40.2%

200 469% | 44.0% 4.5%

Standard Second

0, o, 0,
Order 500 46.7% | 43.6% 44.2%

2000 | 453% | 42.6% 42.8%
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{Table. 2) Recognition results of mirrar symmetry

recognition Rate

Proposed Model 70.0%
Normal Polynominal Second Order 45.3%
Standard Second Order 20.0%
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