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Abstract
devices, vehicles, airplanes, and hurricanes. In order to design a general schema of trajectory prediction on large-scale mov-

This study aims to solve the problem of predicting uncertain trajectories of moving objects, including mobile

ing objects data, techniques of frequent trajectory patterns mining and Gaussian mixture regression model are employed,
and a multiple-motion-pattern trajectory prediction model is proposed. The proposed key techniques include: 1) as for
simple motion patterns, a new trajectory prediction algorithm based on frequent trajectory pattern tree (FTP-tree) is
proposed, which employs a density based region-of-interest discovery approach to partition a large number of trajectory
points into distinct clusters. Then, it generates a frequent trajectory pattern tree to forecast continuous locations of
moving objects. Experimental results show that the FTP-tree based trajectory prediction algorithm performs better than
existing prediction approaches with the guarantee of time efficiency. 2) Gaussian mixture regression approach is used
to model complex multiple motion patterns, which calculates the probability distribution of different types of motion
patterns, as well as partitions trajectory data into distinct components, in order to predict the most possible trajectories
of moving objects via Gaussian process regression. Experimental results show a high accuracy and low time consumption
on trajectory prediction, as compared to the hidden Markov model approach and the Kalman filter one.
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BN, POBBHEE Tr, B4R e, BOBIT S5 0.

M. BEEHESEAG R={Ri, Rz, , Rn}.
1. n=0;

2. for each p € Tr do
3 mark p as visited;
4. N = getNeighbours(p,¢);
5. if size(N) < 0 then

6. mark p as noise;

7 else

8 create a new cluster Ry;
9

ExpandCluster(p, N, Ry, ¢, 0).

A1 WEAR B A T Tr A T A B A,
WAL TR (55 1 4T); FFHLE A p ARICH B U5
A (38 3 17); & 4~ 9 17 FI A getNeighbours(-) iR
BP0 R p 5 A R B, RERE BN T
e M FAANER N o, Qg size(N) < 6,
PRt p RS 5L, BIRA p A @S HTE,
M ExpandCluster(-) REUEHVIH N kg
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Header table. FTP-tree [A%iE4EM 5 FP-tree 2%
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count 7R MR B IAHE— 15 5 B AR 1 5 1) TR
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% 2. FTP-mining (F, a)
BN, BT ¢ 1) FTP-tree F, 5 t X R LT
R L, Z4F a.
M. SEPBEAES R={f1, fo,-- , fn}
L i@ R E IR RS R;
2. if BF—4M t AN Q then
3. MWE—FHEK¢=QUao
4. support_count = min{count;}; //count; FTIx Q
HAR 4 AN R R
5. Quadd(g)
6. else
7 for each f&i%Mi I; € L do
8. WA p=1LUo
9 support_count = min{count;};
0 5 p XFH/HJ conditional pattern base Fil
conditional FTP-tree F’;
11. if I/ # null then
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12. FTP-mining(F”, p);
13. if R 7254k then
14. R.add(p);

15. frit R o Sl K.
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AR UAL. B AW ], RGP R4
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M
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M
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Z .(y)(f2 () +07) — O ®iw) fiy))

(23)
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