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Abstract

In this paper, we propose HMCNN(Hybrid Multiple Component Neural Networks) that enhance

performance of MCNN by adapting new pattern partitioning algorithm which can cluster many

input patterns efficiently. Added neural network performs similar learning procedure that of Kohonen
network. But it dynamically determine it's number of output neurons using algorithms that decide
self-organized number of clusters and patterns in a cluster. The proposed network can effectively
be applied to problems of large data as well as huge networks size. As a result, proposed pattern
partitioning network can enhance performance results and solve weakness of MCNN like
generalization capability. In addition, we can get more fast speed by performing parallel learning
than that of other supervised learning networks.
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