ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 34,No. 3,May 2019, pp. 548—557 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2019. 03. 018 Tel/Fax: +86-025-84892742
© 2019 by Journal of Data Acquisition and Processing

ETHEGEBEMERLR X
IweE THT FHEAS

(1. E I R2F T ENR 2 SR B, N, 2211165 2. 30 THl B0 4% R 2B {5 B 5 R TR 2FBE, BN,
2214005 3. TLH KA EAL S 845 TR 2B, 811, 212013)

M OB RRENHERENMEEARERSFM,E %ﬁcﬁiﬁ;é‘)%@ HEEATRE, ERE
R RM LB MMEE, SR B EO N AL N A TR R R, 4B AGEREAERAAS
By A F) 2L R MY 3 AR AL 4B T B A ROE ﬁiﬁ%xﬁﬁ??«ﬂi@,rﬁﬂ/ﬁ%*%ﬁi B RAALH AT R P
BEMERBLRABEFPA  AIRETRATHEFENEREL S, ZAERXAEEAE DG AME
FBE Tk, T BAT M R AR B Z 0 X R, R JE A A AL AR 4% % (Affinity propagation, AP) 2 & & “ 4
BEE"MHKEFHMEORETC RETHRET FOBRE, SRAN  HEXTAARLE S
REZBEEORERNM, AREMBEFTRT, RERZT LML TH LG HEREF & F kmeans F ik
KBF: ERE EMESH A REBTHR

FESES: TP301 XERFRAERD A
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Abstract: Spectral clustering transforms data clustering problem into a graph partitioning problem and
classifies data points by finding the optimal sub-graphs. The key to spectral clustering is constructing a
suitable similarity matrix, which can truly describe the intrinsic structure of the dataset. However,
traditional spectral clustering algorithms adopt Gaussian kernel function to construct the similarity matrix,
which results in their sensitivity of selection for scale parameter. In addition, the initial cluster centers need
randomly determing at the clustering stage and the clustering performance is not stable. The paper presents
an algorithm based on message passing. The algorithm uses a density adaptive similarity measure, which
can well describe the relations between data points, and it can obtain high-quality cluster centers through
message passing mechanism in affinity propagation (AP) clustering. Moreover, the performance of
clustering is optimized by the method. Experiments show that the proposed algorithm can effectively deal
with the clustering problem of multi - scale datasets. Its clustering performance is very stable, and the
clustering quality is better than traditional spectral clustering algorithm and k-means algorithm.
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