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Abstract: The location prediction technology can predict the location of the user at the next moment in advance,
and plays an extremely important role in the field of Location-based Service (LBS).Most of the existing location
prediction techniques only use the geographical location information and time information of the user's historical
trajectory. The geographic trajectory is composed of a series of geographically-pointed time-stamped latitude and
longitude points, and the geographic trajectory only mines users. Mobile mode is limited by geographic features.
In this paper, we propose a novel approach for predicting the next semantic location of a user's movement based
on the geographic and semantic characteristics of the group user trajectory. The semantic location prediction
based on group users generally consists of three steps: Firstly, the specific algorithm is used to identify the
staying area in the user's trajectory; Next, the semantic matching algorithm is used to associate the user's staying
area with the semantic information; Finally, Mining the semantic location pattern of group users, using this
pattern to predict the semantic location of the user at the next moment. In the stage of staying area identification,
in order to reduce the influence of indoor stay time unfixed on the recognition of stay area, this paper proposes a
new type of spatial-temporal agglomerative nesting (ST-AGNES), which can automatically identify the number
of staying areas in the user's trajectory using only the distance threshold. In the semantic matching stage, this
paper proposes a semantic matching method based on attractance rules, which makes uses all trajectory points in
the stay area to be associated with indoor high-density semantic information. In the final forecasting stage, this
paper uses Long Short-Term Memory (LSTM) to mine the semantic location patterns of group users and predict
the future semantic location of users. The experimental results have achieved a prediction accuracy rate of 61.3%.
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Fig. 1 Location prediction process



1692 ok 7 B R

20184F

BE, Qi 2 firs , P Ak T8 BR DX stay Area PNFERRS
AT K A A A R A IR 515 R, DRI L B DXk
PR ) 300 i ) B AR BT LR AN s . H
i fE B X BRI AR E N T RER L, W
Ashbrook 45 " 3% H] £ 4t 1) K-means 5. 7% 11 DB-
SACN FE IS B X3, AR R 1%
JET B Y A (B e, 20 1] SR PR XS R X
BRI . Zheng S5 Birant %2 Leiva 25
TR & R 5 ST-DBSCAN 5 % Il WKM 54
PRI 2 B (0 LR AR A A R B A
(e 2SN S ivt i pieyi & he V& S 7 ISP POl
RER AT, A SCHE S T ST-AGNES 53

B2 I B X
Fig. 2 Stay area

IR n A d it X={x,, X,, -+, X, } 253
HRATHZEH (Cp -+, C ) IS, {65500
% B 2 255 1% (Agglomerative Nesting, AG-
NES) B ekt i — EA S x, i— iR gE C, L8
Ji % H Linkage (Single Linkage .Complete Linkage .
Average Linkage) J7 sUlH AR 2 E4E C M Cy 2
() P 8, 3 o 2 AR SR 1 2 A 5 0 I —
TR HBIREANEE T kb, ST-AGNES 1%
J& AGNES B35 1 ek 3832 12580 I [R)I J
A 1 s B X X S 24 O A B2 Y % AR
{CL C, Cy o} o MEIBIIR, b, &M C, AT,
BIfgELE C, i — AR S|, S I AR LR T
b, BUF R C, WTLAZRR A (X, %, _of » 1T ST-
AGNES 5kt AAAE I [ 24 3, 754 C LRI Hsf 1]
el ET (4R C_ ) Eiml J5 (4R CL, ) & T, AT

P T AGNES 1Y % £ %5 ) BF 125 5 St 2 BI040 i) ke
S PRUE T RS R RESPE . HAOR, ST-AG-
NES 817 JHIE B3 B dis,,,., (FHARFE SR IE B 44 K
T disye )VE MBI MLE 55, B0 T 048
TR B K R B o AR SCOREA I AT [ 5 2% 4
PR BN IR ISLE PR P I TE 15 B X7 81, 73R
GG I SE s LA R ) [ T 2008, 75 3 B 28
B FH P45 BR XS 41, ST-AGNES 5304k ity HAA Ui
PR .

(L) # A BF | & 2 W M P 8Ll
traj = {pt,, pt,, -+, pt,} K EE—AFL LRI ER L —
NS RN A RIIES B={b, b, -, b}
:{1, 2, ‘e n}o

(2) T AR A 4 2 0] (il I B, 45 3] 15 2 05 51
dist={d; ...} . d,, ;.. EFEE C, MELEC,, Z M
R,

(3)F4k dist i/ M d,y, IR d | /NTE
B E d ey P RRIE A FEEE BT, B R
£ B, HEATTEAMAREZ M B FS dist ,
WA 4 KT PR dis,,,, .32 RARFEED
REGIEAB, BB R 3),

() RIEEA BRI H a7, LB
FH P VR4S B8 7 5 ANl 2452 B8 B ] A T, 1Y)
DXl , A5 30 P R X BP9 B S B A RS
4

ST-AGNES .75 5 84 s & X F ik (ST-DB-
SCAN B WKM B AT e F2A N O %
TIRRM R T I A2 R % R 1 @) AU
H—MHEBE dis,,, (T, A3 5REERE
) s @ it MBS dis,,,,, HShE SRR RN EOR
TR

3.2 BT WS EMNMAITEXLE S %

157 B DX I 1 SCUC I 2 1 SCASE B T ) iy 301
R TAE e ge it SCIL S 75 :U i Je it s B IX
I ARSI, SR 5 B AR S

3 RIS T 50413 1 K 4R X

Fig. 3 Time-series dataset X
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Fig. 4 Spatio-temporal agglomerative nesting
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Fig. 5 Semantic matching of user stay areas
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Fig. 6 LSTM cell structure
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Fig. 7 Indoor user semantic location prediction model
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Tab.1 Samples of user's records

FHF 1D R 1) Y/m FrEtE)Z 1D
0000CE*** 2017-12-20 10:46:45 130219*** 43904*** 1
0000CE*** 2017-12-20 10:46:57 130219*** 43903*** 1
0000CE*** 2017-12-20 10:47:05 130219*** 43904*** 1
0000CE*** 2017-12-20 19:20:33 130219*** 43904***
0000CE*** 2017-12-20 19:20:45 130219*** 43904***
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Tab. 2 Samples of semantic stores
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P18 KL {5 B DX At 5 = N R il

Fig. 8 User's stay area points and indoor store
43 ENEBXMNECERERS 2R
T SCRNE 2 o SUAE B TN A% O, AR SCH R il
FFRVE ] P o SCOE ', BT AR SCHR S 1 e 7 | 38

K9 ) kUL R ST-AGNES 54155111
HH P 5 B X0 L
Fig. 9 Comparison of a user's stay area obtained by
heuristic algorithm and ST-AGNES algorith
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Tab. 3 Samples of semantic stores

D FH P UL
0000CE*** Sis+Sor, Ssar Szar, Sua, Sar, S, S
FABL70*** Sso1,Se0, Sass » Szz Sos » Sz, Sars , Sro» Sao
FAA378*** S0, Sau1, S29, S0, S, St
FE53FA*** Sto7,Suzz, So7, Szss, S, Szz, Swas, Sz
OAEE45*** Ss,Si, Sao7, e, Saa, Sz, Sz, St Sos, Sos

4.4 MPEXGLEMNERS D

TSN P P i AL, AR SCE X 20 000 451 L
BIAE S LSTM I ZRAE IR B9 Ay i U AR
MHRAE , 3% 4 2 2 YO e 240 52 19 LSTM i 22
MZESHL

AR IC LA R B MRS A D TN 45 2R 1 2
LT

(1) R ZRE AP BB T o S B
ARG B v, IR ) 52 25 AR, A3 25 ) 50
RE TG S 2R m] BRGNP 173 SR, RIS
i 1o E R SRR B TR — N1 S A2
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Tab. 4 LSTM model parameters

BATCH_SIZE NUM_LAYERS

HIDDEN_SIZE

EMBEDDING_SIZE LEARNINT_ RATE

64 2 256

128 0.01
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AT S B IO TE AR 5 i A B REE
perplexity(S) = p(Wi, Wy, Wy, -, W)

:m 1
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:”jﬁ 1

i=1 p(Wi]Wv T Wi—])

(2) MR A - R St I Rl A 3, BIVRTI 45 2R
HhLE B A R O 25 SR AR R L] A SO RD
FHPR — Ml 00 1 A URERL N, 32 8 X
B N, LA

Niep
Ste| (3)
Ntraj

RN A 24k J3E AN TR T Ay 23 14 22 Al 15 B0 I 141 10
JIzs o i 20 (a) nl R AR 1 2 2% B2 B A R AR

Accuracy =

ORI R B8 B 38 i ol 208 F B 5 AL T e ik 3h
h RZAARETE T 24 IR 10(b) A] 0, A5 Y [ 3
) T A 23R B 2 225 A R BIORIT I R 5000 1) 184 o i ¥
T ERETE61.3% 47 . LA UL, LSTM i 28
INA) 2% it 25 305 A U BRI 2 8500 B 338 T 8 7 A T
FH P B8 SCPGE v & BT 1 A AR AR
R P S A Rl A 2 5 R B R Al A T R
[FVAES R R/ INHEA T HEST , 365 N SR P — B Z
Vil R Al ALK, T 2k i, R R HE T =
MRS . WESAE M, B L4 N
YAGERRIS 1) B 4l , A 4 42 T > il 28 2 7 46 re-
emoor [ 48 % 4 0.09, 25 KISS KITTY Ay HE K Ky
0.09, £ AESOMINO %4 % > 0.08,, i fily 5 Fr 2 1)
T i FAmecoco , X & i T80 () Ak it J
BERLARAT B R A S SO xe B 5K, 5
B 25 1 SCEIG K B2 A 15, S8 17%) TR0 1 Ay S5 o

110 BRI 2% 5 T iE A %
Fig. 10 Model perplexity and prediction accuracy

*x5 RAPEXMLERNER
Tab. 5 User semantic location prediction results

B S T AL FPRfLE
YAGERRIS reemoor(0.09), KISS KITTY(0.09), AESOMINO (0.08) FAmecoco
YAGERRIS, FAmecoco marfeel (0.13), reemoor (0.11), FIOCCO(0.11) reemoor
YAGERRIS, FAmecoco, reemoor KISS KITTY (0.26),FIOCCO (0.19), marfeel (0.08) KISS KITTY
YAGERRIS, FAmecoco, reemoor, KISS KITTY FIOCCO(0.35) ,marfeel(0.17), ILAPAOE(0.11) FIOCCO
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