ISSN 1004-9037,CODEN SCYCE4 http://sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 30,No. 1,Jan. 2015, pp. 47—58 E-mail: sjcj@nuaa. edu. cn
DOI:10.16337/;. 1004-9037. 2015, 01. 004 Tel/Fax: +86-025-84892742
© 2015 by Journal of Data Acquisition and Processing

B = H i K ER N IZ A R ER
R B OR

CR B R B HL AR 2 5 R 2 B M9 AT, 210023)

OE. 0TS IR RIS IR AR TS AT AR 8 i Eﬁmﬁn S R E O N W) <
BT KK B P AN AN R AR R L., AXALZTHEHIERKERXIZERS 2R L
AR AR AR R EZHERXBIEER LT R EARBAHRINRET HA. FET
TEHEONTHTERBERERXZRBOFRAE AARAARLBEKRK, RGN TR ELAEX A E
B REEX P FFEXNGZELEZSRARITT HE,

XEBR: HEHEEXZIE N TRTRBEE ;T RERE T RERHiE RERX T FF
X

FESES . TP181 XERIR ARG A

Research Progress in Pattern Mining for Big Spatio-temporal Trajectories
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(School of Computer Science and Technology, Nanjing Normal University, Nanjing, 210023, China)

Abstract: Spatio-temporal trajectory pattern mining has emerged as an active research field, focusing on
the research and development of mining technology for big spatio-temporal trajectories to discover useful
rules and knowledge. This paper attempts to review the recent research progress in spatio-temporal traj-
ectory pattern mining and knowledge discovery. Then the background, application and advances of spatio-
temporal trajectory pattern mining are introduced. And the research contents, system infrastructure and
key technologies in big spatio-temporal trajectory pattern mining are discussed. Finally, the mining algo-
rithm ideas for frequent pattern, flock pattern, gathering pattern, outlier pattern of spatio-temporal traj-
ectory are expounded.
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Fig.1 Framework of smart cities based on trajectory mining
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Fig. 2 Example of convoy patterns
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