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Fig.1 Voronoi-based Geographical Space Partition
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Fig. 2 GSM Model Architecture
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Fig. 3 Spatial Distribution of Check-in Data
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Tab.1 Experimental Data
S5 VEE Baxgfud HORKE 3 kY VEHEE BIXREE X REGE SRR
WC-GO 18 655 5058 163 622 199 469 NY-GO 21 657 12 388 391 144 364 940
WC-BK 18 655 797 59 194 93 816 NY-BK 21 657 1789 108 678 157 020
CA-GO 57 251 16 684 513 406 739 687 TX-GO 40178 17 996 524 352 984 493
CA-BK 57 251 2 450 142 136 293 542 TX-BK 40178 1328 99 528 111 247
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Tab. 2 Tested Operations for the GSM Model

GSM #i

L B % 1)

Select Select(SG,Name= ‘mo;”)

Expand Expand(Select(SG, Name= ‘mo;”), 2 )
Crossme ( Select (SG, Name = ‘mo; ’) + Stime =
Cross €2013-10-01 22:00:00”y ETime = €2013-10-01 22:
30:007)

MultiCrossyg ¢ Select( SG, Name= ‘mo;”), Select
MultiCross (GG, Name="*‘V;” ), Stin. = 2013-10-01 12:00:
00", Efime=2013-10-01 12:30:007)

2.2 XIS

e 3 AN IR 1 S5 06 K s AR X GSML A A 45 A
PATRCRPERE M5 . s 7 B (A] 2 2 K 5L 5
M 3B1H . A & R GRG0 6 6 R ik
PREFE], AR 3 AT LLE . SR b, GSM 2 Rl 48
VERF B AT 3A T PostgreSQL S J5 .

£ 3 GSM #E B E(EIZ 1T RS 8] /ms
Tab. 3 Operational Time for the Operations in
the GSM Model/ms

Select Expand Cross MultiCross
GSM PSQL GSM PSQL GSM PSQL GSM PSQL
CA-BK 128 269 287 4120 155 454 201 450
CA-GO 141 352 671 62471 168 535 532 538
NY-BK 137 266 271 3195 140 345 483 335
NY-GO 128 324 534 45934 134 399 396 352
TX-BK 141 258 279 3164 153 349 348 354
TX-GO 130 351 537 69 765 139 617 504 652
WC-BK 134 249 284 2220 164 322 242 415
WC-GO 145 277 361 3454 143 310 331 305

BEAh Bl 3 K S MR A2 A Can % 2 X 52 %0
AR ARG B B RO S L GSML R Y

BAAERF I8 AT R0 W B B AN K R PR s A L
B, PostgreSQL 52 B J7 =0 1 iz 47 & 1Y I 3 44
Ko FTEERME 4 R, E 4 (b)) H, Post-
greSQL S J7 A v Y Expand #: 4 £F (1 12 17 44
R EE T LSRR EL W
PR B AL O R B BN R e A
TAG I3 I %5 B s A1 . 78 GSM 5 L f |, Exapnd
PR HRAE T LU Ay GSM B35 5 R 3% 19 31 19
i AR A 22 Ok R AR K H 438 GSM
FERY SocialGraph H i) (9 508 36 1<, H 3K AR 5%
M) 3k 7 38 VR 8% 3 AR BE T GSM BRI 4, & 4
(o)1 Cross #AEJ& 76 WA F & Z 7] #E 47 4% 5%
fE AEL G0 PostgreSQL 52 B AF , K (B A 4
TR AT SRS Y (B 7E GSM Bl rh, 24T & 2
[ 1 B A5 43 52 TR) R T LA 3k i 2 1) o 2 B4, AT
PR BRI AT R . B 4D BT RN
GSM 1 vh Z2 A~ 8] 2Z 6] 11 2 2 % 52 3 1E 7F
MultiCross B #RAT 203 B & 25 307 B 50 1 1 K
BT Uk Bl LR AT A, — T T SR A Hl P 7S (]
T GG hAUH T B 25 ] 19 R W& 5] Bbx)
Ho P s ) R AR M RSS2 T 24T E )
R RE WS RCR s o — 7 T & AE GSM AR AU 52 B 1o
A R A Neod] WAL E 5. Neod]
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Cross BEAEH W S 1 F U EUR D  132'5 R A7 5% )
AR HEAE MultiCross #:/E b L 24T K Z
[F1) 1) A0 A A 8 A T 00 A 1) A P o o o 2,
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B — Ak GSM R il S2 B

B4 Scamsh R

Fig. 4 Experimental Results
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Model: From Real-world Co-occurrences to Social

An Integrated Data Model for Spatial-Temporal Trajectories and the
Social Relationships of Moving Objects

ZHANG Hengcai' LU Feng! CHEN Jie!

1 State Key Laboratory of Resources and Environmental Information System, Institute of Geographic Sciences

and Natural Resources Research, Chinese Academy of Sciences, Beijing 100101, China

Abstract: In the pan geographic information age, with the development of the Sol.oMo (social, local
and mobile) modes in the mobile internet industry, how to effectively manage massive location-based
data, social network and geospatial data has become a major challenge in the moving object databases
field of research. In this paper, a spatial-temporal integrated data model for moving object trajectories
and social relationships, called the Geo-Social-Moving (GSM) model, is proposed to manage both
moving object geographical locations, trajectories and social relationships in an integrated framework.
We define a series of common operations including interception, extension, projection and multi-di-
mensional projection. Then, the GSM model is implemented based on a graph database system. We
conducted detailed experiments with two free location-based social network datasets from Brightkite
and Gowalla to verified the effectiveness of the GSM model. Results show that the proposed GSM
model can avoid query inefficiency caused by relational database table joins with the efficiency and sta-
bility to provide support for location-based social network applications.
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neity, and the spatial interactions among cities, a hybrid geographic backbone extraction approach is
proposed which is drawn from the gravity model and information entropy theories. This research can
increase understanding of the structure of urban systems, radiant ability, attractiveness and openness
of cities in the virtual web society.
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