ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 34,No. 2,Mar. 2019, pp. 341 —348 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2019. 02. 017 Tel/Fax: +86-025-84892742
© 2019 by Journal of Data Acquisition and Processing

g £ LB B R RO O R KIS
AEEIEES Y T YV S

(L. 705 FURHHE K £ 0 5 ) TR B, W2, 7100555 2. 75 % 6 SURHH K25 4 B B, 9 %2, 7100553 3. 14 %2 B
R A3 £ 5 05 8 TR B, 7952, 710054)

B OEAREELR -HABEIRSERA TR T E, FakEL KHALES0RRKAHME
KA E EAMNESZA A TAEREDR T FOH L ALR oA L SR, A b dkt K395 R % 50k xF
A BB, AR ERE AR KL TR FAARE R FHRREAER AR RO, KL E
AWAB A Rk KAOMRE L At kP A kb AL R F R o & &
FAHEG R, ARKADEZRAEL EFR A AREG 7 &, sk KAOMER L L LSRR
1%, & K8 UCI#) Iris . Balance-scale #7# Wine & # 4 o A s L ik #4755, SR LER AW, k50
HMAKAERETL ERINOREEREHFLE,

KEIWE . RE KA BB R HREE AR BHK

HESES: TP312 XHKARERS A

An Improved Rough K-means Clustering Algorithm Combining Ant Colony Algo-

rithm

Liu Yang', Wang Huiqin"?, Zhang Xiaohong®?

(1. School of Information and Control Engineering, Xi'an University of Architecture and Technology, Xi'an, 710055, China;
2. School of Management, Xi'an University of Architecture and Technology, Xi'an, 710055, China;3. School of Communication and

Information Engineering, Xi'an University of Science and Technology, Xi'an, 710054, China)

Abstract: Rough set theory is an effective method for dealing with uncertain boundary objects. The rough
K-means clustering algorithm which combines rough set with K-means is simple and efficient. Though it
can deal with clustering boundary elements, it has some drawbacks, for instance, the original rough K-
means clustering algorithm is sensitive to the initial center, the set-up of empirical weigh ignores data
difference, the unreasonable threshold setting engenders fluctuation of clustering results. To tackle these
drawbacks, this paper proposed an improved rough K -means clustering algorithm combined with ant
colony algorithm. The improved algorithm is optimized for rough K-means clustering by using random
probability selection strategy and pheromone update of positive and negative feedback mechanisms in ant
colony algorithm, and using dynamic threshold adjustment algorithm and associated weights method.
Finally, the UCT’s Iris set, Balance-scale set and Wine set are used for verification of the algorithm. The
results show that this algorithm exhibits a higher clustering accuracy.
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