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Condensed Nearest Neighbor Rules Based on Rough Set Technique

ZHAI Jun-hai LI Sheng-jie WANG Xi-zhao
(Key Lab. of Machine Learning and Computational Intelligence, College of Mathematics and Computer Science,
Hebei University, Baoding 071002, China)

Abstract Nearest neighbor(NN) algorithm is a simple practical supervised classification algorithm. When it classifies
an instance without class label, the whole training set must be stored in computer memory,and its distance to each one
of the training set is computed. The NN algorithm suffers from a problem: very high requirements of memory space and
response time. To overcome this drawback, P. Hart proposed the condensed nearest neighbor rules algorithm, with
which a consistent subset(CS) is found from the whole training set(the CS is a subset that can classify all instances in
training set correctly). The complexity of the CNN is also very high. Especially, it is extremely expensive to find a CS
from a large database. In order to solve this problem,a CNN algorithm based on rough set technique was proposed in
this paper, which consists of three stages. Firstly, to remove the superfluous attributes an attribute reduct is computed
with rough set method. Secondly, the instances within boundary regions are selected, Meanwhile the redundant instances
are removed. Finally,a CS is found from the selected instances. The proposed algorithm can simultaneously reduce data
in horizontal and vertical directions. The experimental results show that the proposed method is effective and efficient.
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