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Indoor Visit Detection Technics with Sensors of Smartphones and
Machine Learning

Hiroki Mizukami!
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EHERT D72DIIHT SO TR ABEIZ RS, JH
MENTITBEMER I L D EE S ) v 7 O REO TN
AWBHENTES [Juan 11] A, T4 =T 1+ TV X% Hf#
U725 ATE D BWIRAIERHERZEZXS] L\\WoT-
GlE~—T T4 v LD (MRS, 178k
PR y) ZHHET I DIEI BEEAEETHTS LD
HERFEEZONS., TORKTAMNEIZIEBRNESE VS
RUZEHULIZY =T T4 VI EROERERAADLEDTH
5., FETHREDRZRAZIZBWCEY =TT 4 V7 ED
EBEEHWS Z & TTHOREN LR BHbRE S TN
% B3k 17].
CHRERT-RXOMETHDE. A= T xrDEUY
T—ROEIITHMAR RS RELBRIT AT —X &AM —
IVITT=HLWID [Tyler 15|, TD &S5 4%T—XIFH
A U-BREOME  REBVWERS . —hHT, £uJk
T U &S adfflT— R IEZHRD Ny F U2 & TR
INBZLH\, e ZIEHIRNN Y FUBOEET 7 DF
HEeTERAHKS £ TORBZEIRKT 2 4 BFFREL, Z
ZIZRKERMEDEBEPEENEDTHS. ZHNIXRFED
PSR DRED & 5 fr8ho 72 FlIiciiE, A—F 1>
AL O EBA LS L LIEAT IR TIEZDT—
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BRIZERID &SRR 2@ ULTH [A—F 1+ VAN
ZTOFEEENDET] BT — X & L TOMEH B S &\ R
LB, SRIOMGEEIC BT 5 FEREITRIT BT & S 2ffifd
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IEBRHATEHIETITIVERA LGTHAETRIZLTWS
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BRI T —FF 7 F v I2OoWTifnanwZ e &35,

3. EAHETI

3.1 F—4ICoWT

EZoNl-e o DT —Zh ot —T 1 TV ADEKILL
72T ) T ERUET D72DICHEH D DL AESFEER & W
THIEEEHET. HEEL L CRER» BB TE S
GPS® WiFi 2 &5 —X2%2HW5. DTFIZZEET—XDH)
ZRT.

{
"label": 1,
"feature": {
"latitude": 35.699203,
"longitude": 139.772154,
"aa:aa:aa:aa:aa:aa": -84,
"bb:bb:bb:bb:bb:bb": -76,
"cc:cc:cc:cc:cc:cc": =73,
}
}

Z ZCHHE label DL, i€ {1,2,--- ,m} BB T, A
MiEEL LTIXZID1of k RETHS mIRLRY ML %
AW, MBIORT MLkt e {01} &£,

3.2 feature hashing
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w= Y &k
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a(z) = max(z,0)
FHAWS. ZOBM o 13 rectifier linear unit H LU < I
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Wi 2 EIFTwW3 [Glorot 11].
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loss(x,t) = — Z t; log(hgl))
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ZENHIENT WS, F 72 DropOut 122 WTIXPLERM 72
fERfr oA TH D, KEDIRGL T TIIMERIIZ Ly ERIML
IAHM T 2 HBH SN T WD [Wager 13]. ZD a lENA
NR=RNIARTHEE o= ZHAVTNS.
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REWF Uz, SEROFGOZDIZ, ZOT—X%EHN
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DN L HBRER 1ITRT.

CDMRNSEE=—a—F V3 Yy NI =2 DIES HEE
DERTHWIZ &R EH, Zhid=a—F 1%y b
T — 7 WIERE M E 2 S ETELZEVNHEEEISNS.
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FEHOEGE 41189 172 MFLEE T 2FERE2B o
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feature hashing IZHWBNAN=NTF X X2 f =
6656, =2 —J VXY NI —JDOEDOHITI] =
4, F-EZNTFTNO ) —FOBIEHRADOED 5 IJEIC
2048,2048,1024,1024 £ L 7z. #BF— K D 5 b 19997
D B A e SR O X E TG L2 T — X TZ
NERLENE LTFEE I,

KR D FEMIZ DWW T h 5-fold DA EMGEE &2 1T - 2. FHll
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2> TW\W5)

52 XEHESEOEE
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%7z, feature hashing IZ & W B HREEZEIML ZBITH
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FHECTORMEZESTEI L 2ARRIZLE
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FETFILVTIZ 1024 AL EORENRTERVWEHEEZERL
TWb., ZOHHEOEIZFOIDZHENH L5720, [E
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E7-, SREAL -2 HERICIZFR—KEIZBWTH,
L BT IHREE DI EDEEENT VS,
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