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Abstract: The problems of moving state estimation and human flow prediction have been addressed such as
by analyzing GPS movement trajectory data and have taken keen interest in these years. For these objec-
tives, Hidden Markov Models (HMM) have often been used conventionally. In this paper, we focus on Long
Short-Term Memory (LSTM) networks that were extended from Recursive Neural Networks (RNN) and can
capture not only short-term dependency but also long-term dependency. We apply the LSTM networks to
estimate the movement states from multiple attributes of GPS trajectory data and evaluate the effectiveness
through experiments with real data.
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Fig. 1 Recurrent neural network.
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Fig. 2 Memory unit.
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Fig. 3 LSTM network for multimodal data.
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Table 1 Experiment results.

Accuracy

LSTM (#J£) 0.4676

LSTM (#FEE+ID) 0.5040
LSTM GEEE+ID-+f4EE) 0.5165
LSTM (#EE+ID-+AV i) 0.4963
LSTM (EE+ID+ i+ i) 0.5010
T A 0.2500

4.2 INTA—2HE
EBIIHE—OFBEE 287D LSTM & v M7 — 27 Tiro
72, LSTM v N7 =2 LCHET— %, 5V I3
Er—4rta—%ID 2 AN L LTHR, BEIREZHEE
L ZDIEfREH (accuracy) ZREIT 4. AJIEIEHE T
EHWALGEIE, 2=y MEBE YA L AT v TIZBW
TI1THY, #Eta—FIDzHngEaIcida=y b
Bid2e%sd, PWEROMKRELT, PEEOL= Y b
Bz 200 & L, iGMALEEEIE tanh & L7z, HIIEIZ I A
VOl A EEO o=y N E 4, EHLEKE Y
7 by 7 ARKE L, BREMBIEIKEL Y Y —%
vy, FE RN ARE LIS X DT o 7.
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7 =12 L CGERED RV O AL 5 2 TFH %47 - 724
ZRLTBY, #heh, LSTM v b7 —=2Z12x LT
AJTETHWZmEEZR L TWA, fEfk e LTiE, LSTM
tv bT =7 2T TFML R, 2127 Y5 LI2F
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ThHEEZLND.
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PO 72fERAT » ¥ ATV R BIR LA L) D RE
DEVKERE otz T, BELF TR CHEEICL—
YID &5 LB aOHN L BemIEL 7. SR
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BEE AR O RIS R AT B 4 B & 25T 9E (B)
(15H02703) DB L 5.
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