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Table 1 Examples of user check-in records

User id Check-in time Latitude Longitude Location id
18 2010-07-23 22:07:33 33.133929563 —117.192530062 1490317
63 2010-09-12 23:51:15 37.776422099 —122.3943257332 16947
73 2010-03-14 15:00:39 37.4166508333 —122.1302035167 482948
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Table 2 Notations and descriptions

Notations Descriptions
l,s,t Location, sequence, time
T,z Trajectory, latent mobility pattern
Ts Number of sequences of trajectory T'
S, B Number of sequences, number of time bins
M, K Number of trajectories, number of latent mobility patterns
0 Trajectory specific latent mobility pattern distribution
) Latent mobility pattern specific rth-order sequence distribution
© Latent mobility pattern specific time distribution
a, B,y Dirichlet priors
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Figure 1 The network structure of the proposed model

>~ \__/

&'(—

\~__/ >

-

JA—R EH PR E TRy < B3I, FOR TN PR ST wTRE Dy WY B CURIR.
BRI, S i B P A BEAT A, AR5 I TR BN AN B b SRR 7 B & # s A K

ARSCEETHIE I AR SR — B (A R AR b i o B 67 B BRI TR) AT S, HL At
K1 .

ER R R RIS T RSB 2. Xﬁ?—gﬁ%ﬁ T =m, RBEBIEAZE
2T 0, PPN, X TR, r WAL EFSERE Z 00 ¢, AR, AT HRR
()23 Z WA . FPAER. BARRE, — 2P0 I A i R N R ik
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Figure 2 The number of check-ins in different time periods
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Figure 3 The impact of the number of latent mobility patterns
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Table 3 Location category taxonomy

Id Location category Id Location category 1d Location category
1 Parking 6 Residence 11 Food

2 Sport 7 Station 12 Shopping

3 Hospital 8 Bank 13 Education

4 Hotel 9 Company 14 Entertainment
5 Night life 10 Road 15 Life service
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Table 4 User mobility patterns

Mobility pattern 1 Mobility pattern 2 Mobility pattern 3
Residence—Shopping—Shopping Food—Parking—Entertainment Residence—Station—Company
Road—Station—Shopping Residence—Station—Food Station—Station—Road

Shopping— Entertainment—Road Parking— Food—Shopping Road—Station—Station
Shopping—Road—Residence Entertainment— Road—Station Station—Station—Company
Road— Station— Life service Station— Entertainment—Road Station—Station—Road
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Figure 4 Performance comparison with baselines
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}_}\/Iining mobility patterns based on temporal and sequential fea-
ures

Meng CHEN, Yang LIU*, Yue WANG & Xiaohui YU

School of Computer Science and Technology, Shandong University, Jinan 250001, China
*E-mail: yliu@sdu.edu.cn

Abstract The wide-spread use of positioning devices (e.g., GPS) has given rise to a mass of spatio-temporal
trajectories, which enable us to mine user-mobility patterns. In this paper, we proposed a model based on se-
quential and temporal trajectory features to mine people’s latent movement patterns. Considering the following
trajectory characteristics—(1) location sequences play a pivotal role in understanding user-mobility patterns, and
(2) user-mobility patterns change over time—we first modeled the location sequences and then incorporated the
temporal information into the model. To verify the effectiveness of our model, we performed thorough empirical
studies on a check-in dataset of the Gowalla social network. The experimental results confirmed that the proposed
method performed better than Latent Dirichlet Allocation (LDA) and T-BiLDA.

Keywords spatio-temporal trajectory, mobility patterns mining, temporal and sequential features, check-in

data, generative model
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