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Abstract

People movement data can reveal much hidden
information about people’s behavior and their area of
interest. The problem can be divided into two sub-problems.
The first sub-problem is to determine the location of
individual based on the sensing data such as GPS
coordinates. The second sub-problem is to extract useful
information from a large amount of sequential location data
obtained from the first sub-problem. The first sub-problem
for the outdoor setting has been well-investigated by
estimating the location from the GPS data while the in-door
setting is still an ongoing research using several types of
sensors. The second sub-problem is often categorized as
trajectory mining, which is still open for many research
questions. This research is interested in indoor trajectory
mining. Due to the limitation of time and resources, the
trajectory mining problem is performed on the outdoor
dataset while the first sub-problem are collected from 3
beacons inside the Science building, Srinakharinwirot
University, to determine the best algorithms for the indoor
positioning. The positioning prediction obtained K-Nearest
Neighbor, Random Forest, Support Vector Classification
4.45 meters in error on average. The trajectory mining
problem in this research aims to find the area of interest of
people given a set of coordinate positions from the Geolife
GPS trajectory dataset implemented by the DBSCAN
method.
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unumlunsiiaseidanafddnuiuunnannsSeuiaoaula
LRZULRONAR NS Rawe 1 denasdwsi ldeanmnitusunsnmviue
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2.1 neuiasiuIfan M lunuid
2.1.1  szuuszushunismalusians (Indoor Positioning
System: IPS) [1]

IPS 1JuszuviianldiNesudniiivesfiveaniouaaa
mulusranslaslduss aduine sunLtivan fyafoanse
Foananndsuduanmanss 49 IPS ssnsaldinaluladfuanais
fusinianaiaszeenma L lnuafddunusasn u Wi-Fi,
Bluetooth beacons, Magnatic positioning

2111 Bluetooth [2]

lgarsnnemduaimdlisuans lasldinalulagiisonin
Bluetooth Low Energy 158 BLE d4dn4anuansundi lddue
aUnsatwnmniidin ldiudese demsldmsnnadudmanmes BLE
il Snduiidrvesetnsaiandesiuiuaznaaunnadle BLE il
wisu lddszndaniiuansii ldunn wuainedvaniaginnsn
vinauaatites lanatetllas lhdassrsalud uddddesindaan
s3I NAveUansde neAuMsSussduansluszoe g winiu
drnnadypimiuuans niednisunin dasud wie Active
RFID ii avssduanannaseudindoutsznmans deisudwanm
2ENRIN IV WU T MUan 57 LNt szanana vintnusndy
waUndiatuniainsatnpdusmsuianusnianaslasiany

2.1.1.2 myiaamanutnvassyyiw (RSSI) [3]

RSSI (Receive Signal Strength Indicator) tiu35n139a
aNudinFy mvesFuIMINY s inaduaes Lrednis
faduras lSmodndmis Tasdanuduiusauann el

RSSI = —(10nlog,od + A)
n femaATedINIINSE BRI
d AoTcueiIen N d WD SUARZAN
A deenduusaianundinduanai lasuluszoy 1
INAT
a RSSI duiimiaduwadiuamas (dBm) ieiinnzigns
WUINFINT TFANNFNAUT Iz I NI TN ST U MR
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2.1.2 Machine learning [4]
ast5ousveaniad (Machine Learning) iusnuniilenes
Jandsedugniaininnannnsdnesin1s3suuy theddesniu
MafnELRrMIREaNe ST I Sou STanataziuetons
16 sanadnduaziinnulasordeluiaanassunanyadaya
degsuudian vhusnsedadulalunmends unuiazriau
UG vasid l)sunaeni a0
A1sL5ousveta3a4 (Machine Learning) 81u19084319
Tuiaa lénanaid 3 Uszianeail
(1) ma3pustuudizou (Supervised Learning)
Supervised Learning §a n13# lUsunsuazs1nnsn
uun ldndenan ldiduvuisiives 15 1uinaiianns
Seudnisinduandenaduwa (Input) lapiidd1aaui
andas (Label) vasdanatarsding (Output) atidd laswa
masousenidu ldnslandunldaraaiiias (Regression)
wioWsAtu ldvihunedan (Classification)
(2) maspusiuy luiddseu (Unsupervised Learning)
Unsupervised Learning iflunaiiamsisausiddena
duwa (Input) uai luddneufiandes (Label) vesdiona
1216w (Output)
ast3ousuuu ldddseu (Unsupervised Learning)
su1301in L3 dungufvesud (Bayes’ Theorem)
iemnanuizdunuudidou lvvesddsaulasiviua
dudsiiotesld uananidsmunanin lfl4lunsdusa
fona d4lasRugunin Tuneuismatudadenavzduatiu
mauanuasa NNz duvesions
(3) Ma3puuLasnniae (Reinforcement Learning)
Reinforcement learning tJuinafian1st5ausi
aanfIae st finiusfufunadenidaou ldaraatian
lapaanfnaazdasvinnuuves laof li335nsivinet
dwdh lndiihuanoudnge ld dee1aau MSaurneInsn
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avdasimaiusarmiiezamunsafiaes lsduld dens
IGunaazad9o199 ilfunadaendstuiaoadnad luass
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2.1.3 naiia Classification [5]
watian1ssuundsziandeya 1unszuiunaasieluies
Jamatenaliet lunauimmuamnly iRaiaasldiiuanuuanas
3211 Class w38 nanvesdona I6 tazifavhuipndenaii a239a
atilu Class la d4luiaafildsuundanasandunauaini Lo
Muua Hazduedivnmsiienziluavesdauaseu (Training data)
lawin Training data snweuldszuuissuinddenalaeylu Class
1@oniutig launadwsy ldannnaiSeus de Classifier Model law
filuaasnansaunu lé luraosuuuy wiu Decision Tree wazaziia
danas Ut n Training data (Judenailldnaseu (Testing
data) dufunaniiieswwestenailldnasaulasdenaiiazaniinun
Wipuiisudunaniian ldanlueaiienasgauanuandas las
sunIndsud s laaaunineg ldananuandeslussauiitine la
wadanniudeddena luutihan aziihdeananeiuluea lasluas
sFuNIavenaNTesTaNadl 6

2.1.3.1 Random Forest [6]

Random Forest 1dulsuiaafiazvitn1sandana Training
Data wazsnidanamanisae (Attribute) e aanuvianee) e w0
vinn s laiaadioimaiia Decision Trees viaoe @ a0
Taadiass Wl lunsvirunedena 4elu Decision Trees isiay
duazlddrmaueanun ludunsuaarie nasantiuaziendnauved
Decision Trees uaazduu1snufutnanna1aau liu ladani
iangRNNniae lapiia ld Random Forest 3¢ l¥inansviunpii
annmsiseusdu lidadula (Decision Tree Learning)

2.1.3.2 Support Vector Machine [7]

Support Vector Machine w32 SVM 1Judanasiinlunsda
wennastnedalsziannsasundsziandesadnisiin L ludu
Asdszanananw Ludsasduunnandana 716832 UIUNNS
dafuladmsoni szuuifiu wie lawesiwau (Hyperplane) anld
Tunmsdmunnandona lao ldrunaiduasslunmsudsdonasamdn
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2nauupnaanainiu SVM dsduuvlunmaifousidunszuiunis
IRonLuuTReTilNEaNARAazY L4 Idansnsaniaadudnoy
fatu SVM Safuitonuazinih Wldluanusumssisduouds
awifenld SVM uuuiianas

Support Vector Machine §1v3uni1sudsnandanaiuaz 14
srunuiufinansaniisa (Optimal Hyperplane) lun1suisnas
lumsssreszuuiualdlunsutanandenasunsng s ldvais
HUY LATRSTUILAUM AN ANAR AL NEIIZUILLA B YINIY 1
RNTNINBI T2 ELVNNNARA ST oNR 2 NaANT LARTUNINAR®

e

| AMwit 1 éeens Support Vector Classification
(Mxn: https://www.jeremyjordan.me/content/images/2017

/06/Srceen-Shot-2017-06-20-at-2.18.24-PM.png)

AT 1 $edu sunsnesune ldinannnmsnszaodives
donalusy imssnsantienaamniu 2 nan ldetedaian dalnd
udsezldaun1siduass (Liner model) tiavinnsuusdons
aanitdu 2 nan lastsazasadunssnas (Hyperplane) fisnunan
LUsnaNd8 ey Margin fisnndiaa

2.1.3.3 Nearest Neighbors [8]

K-Nearest Neighbor (KNN) 1fluisniadundsziandaya
(Data Classification) 35n15uils lasdaifuisnmssuundszian
donauuudinilnseau (Supervised Learning) nsemsinsudiaeu
vastanaatnaula 1Ny lTdlueaalumsiuundszian desyaan
FayarnAinTuanoy 35msuunazldizmsiianeiann denail
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Tnddesiaaduu K 6 fu desaiidesmsiuundszinnvesdons
W3ad 415 vuwaasvesdona lun lapasinuisauaaasIu
Tnaivestionailn K ¢
2.1.4 wailamTanzvinad (Clustering analysis) [9]
ATt nznandaiiiivunsiensInunnandenaisd
amdnvazampived lunadoiiulasdeyauaaznanazanisunin
adstaas (Cluster) Msitazvindaduunnandanai 81u190
wigean laidu 2 dszianldunisnrsuuusdidudu (Hierarchical
algorithms) waz3sn1suvu lsitdudrdudu (Non-hierarchical
algorithms)
2.1.4.1 Density-Based Methods [10]
wailansianandenalasldisnsuustanatdugiue fiu
Tuaidnldnsmanuduiusvesuaazdouidng lasn1sNa1Tm0
szpzna (Distance) vedautdndinaiiiu virl¥inaiadsnaing
Faiiados I sndu ldanzasaina 985N s9namviniud e
dadriadinaindaii ldgnmswaininadaluddeaiansamiainu
nuntdusastenaldunamailumsdumadzines nann v ldves
imailaiidemsiHuspvaUIUavIRaRIAaT lUi3an anulafianu
nuUuYe98auLIng danfleainimuaiudouaazdouting
YIAFFLADS ban) zdasdsznausdautinddsey lnafunelusasd
finnvua (Neighborhood) shuaula esnitdAdivua @ap
maidaiznsaldlumsnsesdonasunudududonaiifanumun
LU e tazfsmunsadumedmiaesndsunssiduden lédn
Al
e Density-based spatial clustering of applications
with noise (DBSCAN) [11] tdun1smudinaidena
IMeAaNAY desnansadum ldanndenaiietsoun Tu
fafiniviua asiazld DBSCAN 16 d1iudesd 2
parameter lgiin
1. Epsilon (eps) fa Sadanaadauina
2. Min Points &8 s1urudenaduaidiniunis
MAUAALINA
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lTunaazdonaazauIdindanaf InaLAuNINa

Tusaid eps siona Tuuddayailndidosninninnie

WU Min Points T¥desaituiludonansn narasraiu

nan v wazdn lunaazdonananddena Inalfusidensdaiudn

dananan 1a i dundudoinuunai lhdensaanud
awlvidanatiuiilu Noise gz lsieg lunanlasas

2.2 Nuidpfifioates
2.2.1 11U 39w 1304 “Trajectory Clustering via Deep
Representation Learning” [12]

Di Yao uazame laiauaframeworklvisigimsunissanas
1wulaas laplddanafifinn1susnwgdnssunisiafouiltneusn
WORNTINTLAURN B ULAATNVRITEHENHLAZIIAN VAT UMY 31NTTU
4 sequence to sequence auto-encoder 1B 319N ILLAAIHNA
YBIRIGUNYANTINANSIAROUEIBUAZIZUNITARNALAR DUV D
szogmMaaziIa Wi lduaasdazinsnwwesframeworkiudons
FUAANTAURLTONRIT HANTNARBIVBUVULFAS LALAEUINIE N5V
HAdpdanuusuiigeninitnssananduguudanadauasne
uananilisidasnani lUlddansudulaasiuazasradunanues
Yan ldeenausingrdnsudonaass

2.2.2 uIduIes “Learning Transportation Mode from
Raw GPS Data for
Geographic Applications on the Web” [13]

Yu Zheng uazameauladoana GPS u1vinn1sisuusiie
Fuundszianmsiaumauuse ludd dssianmsiGumaau nns
1@u M3tusn Wudu iReiaasipvesrastonamun savi I las
1416 uazdadnnsldnisduine context-aware anisziannis
@umstiatiuvesd 14 wazeanuuuiu laus

Avnsveadaznauais 3 8 A2 RIULINNTLLNFIUAN
aadasunaziii ldidsouidoudulueaiidssesianasiauaiag
anugREEne sruigsadumsldluasfuanaeiu Decision
Tree, Bayesian Net, Support Vector Machine (SVM) waz
Conditional Random Field (CRF) sauiisu fe danasviniifia
waan svnanui lanuiezsduawdeon lumsdsdunalddons
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GPS fiswswmlan 45 aulugraiannidon Wadwsi lé n1suu<
fruanaadasuddszsiniawlunsviusssfisauas Decision
Tree fusz@nsnwiniiannluaadun
2.2.3 1113381984 “Smartphone Inertial Sensor-Based
Indoor Localization and Tracking With iBeacon
Corrections” [14]

Zhenghua Chen uazams ldiguanisszudnnianielu
21a197 e san Insdwiidefedu iBeacon lagld35n19
Pedestrian Dead Reckoning (PDR) waz Kalman filter 1inun
410 dafdein ldnassufvdena uazindsouinuiunisssy
dunadae Wi-Fi fingerprint uan 35n153zud1uniuangide
Huaue IR wsAdn

224 Nuidnises “Mining Individual Life Pattern Based
on Location History” [15]

Yang Ye uazamzaulavinndosmsduuunslddiaveaa
azAUNTONANITZUMLML Llwtinauatd lass LP-Mine e 14
TunsdetenasduuunislddinetredlscfininmwandonaGPS
vaaudazau laonienldsduuunsldiiaduetivanuisen
lTumsldginvaaiaazauiaziansmruanrainamanifine s 5
sauAisdn LP-Mineudveanidusesdiudaszsz modeling taz
5202 mining luduvesszez modeling azvinmsiasundonanan
masiunuldzsnsa i dudunaluszes mining 1é uaglugiu
29493282 mining azUszund ldnansn1suUuon tladuraNu
LANANNVBILULULNULARZYHA Laztiiuvinn1maass lapnsiiy
dona lasosssians iNedudulssfininnasamlass

225 11u3dduiFes “Beacon Placement for Range-
Based Indoor Localization” [16]

Niranjini Rajagopal iazams nanfsnsseudniafiond
Tugatuldudsdmdndnidudingdszdriu msszuduniafiot
Tapyi ldfion]d GPS Tunsszusiuniis ua GPS ldmunsnszu
duniaiiag e luanasdedifafiaunsnnue 16 fSmsuduimia
luruinelusrassniudesldiaoudiNetioszusmuniiaAnsn
t1 Gan15s szudurisinsugineluarars lasududesldd
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Tassnuvesnmzidarii lduvseaniiu 2 s lapguinis
Humsszusumiamealueians wazsmdzeadunmsdumeui
i ladsuanuanla daiuaaslumni 2

> Indoor localization Alearithm

Using Bluetooth Low Energy (Beacons)

frainine Data Training Model

Data

Preparation

¥ Clustering point of interest

Prediction

(Classification)

Based on Geolife GPS Dataset

Geolife GPS

Dataset

Data Stay point
) " i Clustering Analysis Visualization
pre-processing Detection

3.1.1
©)

AT 2 s aduiunulas s

mMyszusuvisne luaias
dnwduahdenanundauscngeiiinoidesiulasenu

WWudunsulunsimvuaiide lassnuanieiiayii
sula ndurinnsdnsrauise ninas naed tasou
aUnsnl 1a3esiie 1dsunan Aldlumsaiinlasenu
dnwuazifivendwga RSSI anadnsaliafoud

Winadnuaznaasdtnuaidyu1os RSSI a4
atnsalindeud lapldatnsalinReusuauiduves
suanamnndidassduanadaeud nntusirdenad Le
dwdu Firebase 1uu Real-time
LASUNTDNR

wustanadun1ssNaantdu 2 871 1iu 80% @o
20% dstenasuiinis wie Training Data (80%) 14
Tunssseluas uazdonasuiiaes n3e Testing Data
(20%) 14 lumsnaseulszininwwesluiag
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MsnatuuInaey (Modeling) spdanasinane

7514 Model 1o Classification Algorithm 14 3
wuy lewn K-Nearest Neighbor, Support Vector
Classification 1taz Random Forest w¥au#4vinn1s
Uazifiuanuandesdionsrian Accuracy Lazaiau
ANALARDULARY
faUuazINBUNINUIIY

MIAummLBUT ld3uanuaula
duvnaadenaiazdnu ldafilioadesiu Machine
Learning # ldifiunmsszusvii ld3uanuaula

Jumsduruasdnsyadenafinuzaniun1svin
Machine Learning fui3asindaviaula
1929 TONALLACIA FONTONA

ihuadena Geolife GPS trajectory ARuen lei svin
mMssstuuudena uazyinnsiasoutona laodiulm
ANMNLIVRITERINA UM LRzaudonandaNuL5 AU
100 e saum
dnvuariianevidenad ldandanadiinenen

WL e suanuaulavesudazi I lastirions
AvinnseSendonaia M1vin1TIdILlIEad e
dana3iin nasniuriduriaveainnyihnns DBSCAN
N danaNFItNALazNIRRNA I TInaN Gz T
LU Leisuanuanle inidseuioumssazmedu
Ui 12 souiildniensmuiinszoznlndian
1 RPN ITADY

ihdanaiianeiiaSaamndsaduna laoqizoems
flndnae Weunitusavndy 2 Alawas litduniam
Lt ldsuanuanlainndes uazsepen i lndise
N 2 Alawas udnnuai ldsuanuauled la
QNI
ATUURSIHULNFNUIE
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2561

2562

n.Y

.60 | W.B
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1.9
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N.a

LSHAULLRZNL

LWL 1Q99NN9

MU IAYIN
1Ta39n19

WTONAANIN
LUIAALLRY

N

ﬁﬂmmuﬁaﬁ’ﬂ
AT D

AnmStAua

s

ey

MmN naUS

ANBILLAZYIN
N1IVARD
IALALM
GRTTRLT
RSSI w24
aunanind
GRTTRLT
Bluetooth
e}

finous

dnwufinadu Machine Learning

Anudons
SalipTall]
Classificati
on

Anutons
WBIAUAT
FTUMLAUST
Tasuanm
Aula

ASAULDY

91824 (Modeling)

mMIwy
GINLLALINT
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Tasuanu
aula
"
TONANAG
LaziLA lo
IRINIER
f9duay
LNEILLNS
U
3.3 aUnsnliaziaTesdenld
3.3.1  ajaurd (Hardware)
O aannunas PC
o Intel® CORE™ i7 CPU M370 @ 2.40GHz
o RAM 8 GB
o Windows 10 64-bit
O s lnueuntaus
0 Samsung galaxy note 3
o Android 5.0 (Lollipop)
o RAM 3 GB
o0 A15 1.9 GHz + A7 1.3 GHz Octa Core
O Estimote Beacon
o Bluetooth 4.0 LE : ldfesmsfonasznindidnausdnu
waUwlintuunuion
o ARM Cortex MO Processor : CPU ldauauna
JusstanavetalnInl 3HN Madiulesavesiinoud
121 S MM SRR
o Coin Battery : snunuidanszan
3.3.2 929Wu23 (Software)
O Google Collaboratory
O Android studiotilu IDE Tool a1n Google & 1isuiienii
Android Tasianne
3.3.3 mwild (Language)
O Python
O Java




unn 4
NANIIA AU

4.1  waswsnnMaAutang

nmsiiudenadioisnssuduaamanniaeuddun ldiing
udenausiiacdu 18 vatarmsamsinumans lagaziiudona
Vlaving 225 aa ilssnndaeuddsuiudesuasfyanm lsikoanws
Sufudena ldiRps 195 9a muAuaaslunwi 3 laoaaRuaauses
dunusAsInIatfudana lduazaafiniosuansdinnua la
sunsaiutons l6 detonaiiu lduaasdanni 4

MW 3 uusivhnmaiudenauiiadu 18
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timestamp rssil rssi2 rssi3 X y block
2019-01-28 13:36:01.362 -83 -83 -95 1.05 16.80 1
2019-01-28 13:36:02.479 -83 -81 -93 1.05 16.80 1
2019-01-28 13:36:05.848 =77 -86 -96 1.05 16.80 1
2019-01-28 13:36:06.962 -83 -82 -89 1.05 16.80 1
2019-01-28 13:36:08.092 -80 -89 90 1.05 16.80 1
2019-01-28 13:36:09.218 -78 -84 91 1.05 16.80 1
2019-01-28 13:36:10.345 -76 -85 -91 1.05 16.80 1
2019-01-28 13:36:11.459 -79 -85 -91 1.05 16.80 1
2019-01-28 13:36:14.845 -83 -87 -94 105 16.80 1
2019-01-28 13:36:24.919 -75 -88 90 1.05 16.80 1
2019-01-28 13:36:26.030 -74 -89 -88 1.05 16.80 1
2019-01-28 13:36:27.143 -82 -95 -100 1.05 16.80 1
2019-01-28 13:36:29.385 -85 -94 93 1.05 16.80 1
2019-01-28 13:36:30.515 -84 -94 -94 105 16.80 1

AW 4 dhetsdianaitiv le

lae timestamp &9 JulaziaAiudens

X Uae y fo dunsesaaiiacduann

rssil, rssi2, rssi3 do maNuL VT MU

dii 1,2, 3
Block fa wadszdrdhuniusvesanit Taandyan
daana N e ldsumnsine 3,212 3 Tuuaay

mzdanuianaiuantos tazanaiueassianysusiu aesn
s lddrdeananevineg u1dtasreidudanasiia
K-Nearest Neighbor , Random Forest i.az Support Vector
Classification lapusdanatduTrain data 80% waz Test data
20%
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4.2 waawinNMIEUIMTaNa |
YN IYNIEELLYL [ 0EN NI NS 2 NHLLEAIGINIWA 5

Actual KNN RF SVC

31 31 47 49

87 81 81 87

13 13 13 13

126 43 125 125

178 166 166 166

132 66 66 53

72 132 137 72

70 56 64 56

12 111 107 111

39 49 49 49

AW 5 HAN TG
Taof Actual fo duniisiiegasvamzivinn1snans Lag
KNN, RF taz SVC @a sumiiaiidanasinuaaziuuaiuim lé
ynmafudenanuuidumaduasausinmniinies 1802 s
UIMVNITIADNINND19158 LLAZLNHYINUIEA I DRNDININUGARSLLUL
Teagwsnwil 6

c) SVC
AW 6 waswsmsyiuedenanuuidumadu lag lddanasvinue
REAS M
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Tae udrindu 6o UM Bauass duias o tdun
Guivinune lasdanasinuaazuuy wastdudiidsn do 1dumaaud
viup ledain lsinu Kalman filter
4.3 WAAWSH LM mvasau

ANNTNARBIALTANDIANTY 3 UL LHNANITNATDLUDDNN
G597 1 Tapnnmavinueeudanasinmd 3 wuu 3z laanunti
wazihenvli ldandummeanuamaaioulas ldga el

% \/(xactual_xpredict)z -(Vactual _Ypredict)z

N
108 Xactual AN LULUILAY X254, Xpredict AT ILLLUALAY

X fivivune lé

Yactual AR IULLUALAL Y 954, Ypredict AOA LULUILAL Y 7
viune 16

N AU IUMILALNTING

waflanaungy | anausiudilu | anneanaindou
mMIszuduvivs | delumasy
AL (1Ne19)

K-Nearest Neighbor 19.91% 5.04

Support Vector 21.62% 4.45
Classification

Random Forest 19.28% 4.70

MINA 1 HAMINATDUANMLNUILAZANNANALARDU

Aa1saIaNLEub lun1suLananvesids Support
Vector Classification fanuuuutigiaga aa 21.62% wiiinazd
aNuLHUENINAIANNIE M TeNaLaRTsiaIeunnLilasan
donafivitn1stfusiusndsnulrudesuazis Support Vector
Classification fifiaiinnuaaaiafeuiadslunisszudiniiag
fina fio 4.45 a7 deanuanaiaiawaiviosdnaniannadnmui
vanafliudena lnaiuin ld
4.4 waaWssEIMRSYNIMIATUNTINA

M ssITNYateana Geolife GPS trajectory lanagwse
MW7 2 Lazdetdonadanni 7
Batiosad i

g 182




19

UILTUNN 18,670
| UIUGNAUAN 24,876,978
AN 2 uaeNeaztdoatatana Geolife GPS trajectory

latitude longitude zero altitude number of days Date Time
39.984702 116.318417 0 492 39744.120185 2008-10-23 02:53:04
39.984683 116.318450 0 492 39744.120255 2008-10-23 02:53:10
39.984686 116.318417 0 492 39744.120313 2008-10-23 02:53:15
39.984688 116.318385 0 492 39744.120370 2008-10-23 02:53:20
39.984655 116.318263 0 492 39744.120428 2008-10-23 02:53:25
39.984611 116.318026 0 493 39744.120486 2008-10-23 02:53:3

Mwit 7 etetanadunaduuei 14

1oy Latitude fo wWiad lduandvisuuiulan lagfaanidu
AULHN T

Longitude o wrian lduandumisuuinlan lasia luns
AZIUDDNNIDAZIUAN

Zero @o donanavinannasaniu 0

Altitude o szdiuanuasnnszdurimziadu I luiuds
iy We

Number of days §a S1uuTuficuunawa Tud
30/12/1899 (Fractional)

Date @@ u 1az Time @@ a0

lunsduiinanuidenld GPS trajectories va<i 14 10 au
nnaadena Geolife GPS trajectory 1WaynmMsnasay LazauIn
AMULETTUINE LU audanadanutsminnin 100 tuas/
Juit ilesannanuilunsiafoud g lanmaiu 100 wa s/
Ui Tapdoazi3uadinn T

vatioNaT I
uui 10
UMLFUNN 1,475
UL AU 2,672,905
PUUMuNUIaYNaNN | 2,662,007
fzo1aTaNA
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M TNN 3 uaasNuaziduaatona Geolife GPS trajectory 7
v 14
@147 3 URASIIUIUAILALSAD UL AT RRIYINANEZ 1A
fona 44 10,898 shuuitis nnaveanNUATDNALGAN
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4.5 waswsmaneuitisvioa (Stay point) veuaazild

19197 4 uaasdmuduniaroaidium laanni lduaaz

AUNRINNYINIUBANDITIN TAUNARWSLRASUUILNUAGINTWT 8 ldf
thresholds lumsmeuniisvina & 200 was lu 20 wii

W]l s UM UIUG AL UM

49 | IHUNN G UAIVINANHEZDIA | FUULNKEA
VoNR

1 171 173,870 173,868 424
2 175 248 217 248,217 312
3 322 485,226 484,084 995
4 395 439,397 439,397 1,220
5 86 109,046 109,046 176
6 28 31,830 31,830 36
7 54 87,217 87,217 139
8 34 77,910 77,910 78
9 49 84,616 84,616 135
10 161 935,576 925,822 101
7| 1,475 2,672,905 2,662,007 3,616
N

AN 4 LRURLLBBAG LU

b) #{li 2

AW 8 Muntisniaa
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4.6 waswsmatidurismoandananlasld DBSCAN

NNAUNLULUEAT L6 luda 4.5 anvindanasiin DBSCAN
2 8 4 i @ a =z W 1 4 1T a v 1 4
eps = 100 a5 taz MinPoints = 4 dadeisoufisulauld eps
=100 @5 taz MinPoints = 4 Sana1edutioadniian tNand
Fnuvei lesuanuaula

Gl | UUEUINAUS | Ui liaeafl NUALALNT ISUaus
12119 QNLRBN

1 424 323 13
2 312 240 9
3 995 798 22
4 1,220 1,016 21
5 176 149 8
6 36 14 1
7 139 78 3
8 78 35 3
9 135 126 4
10 101 9 2

3N 3,616 2,788 86

M 5 uaes Ui ld3uanuaulaveuiaazd 4oy

DBSCAN

(Eps = 100 a7 taz MinPoints = 4)
NARARWSALRAT UM T 5 MsTanansiaaaTaLe

Al 1 an Wi 9

a) MYIANAN
anuanla

R
¥

. ik
For development purpcsas only. Fer davelopmant purpoaes onky For da
T

b) euLna 1@y

AWA 9 WaRWsVE i1 1
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4.7 wadawsmaiehuiai leduanusulandseduanugndes

NNELHALNT laSuanuaulashund saiuanuanded Taom
FTLVNAINAAAULNANVDULAREAANFUFA L ALNT LdFuanuanla
veaif 1dAfrua 13 Téun Tsinghua University, Yuanmingyuan
Park, Beijing University, Microsoft Research Asia,
Baiwanzhuang South Street No.10 Courtyard, Beijing Power
Supply Training School, Tianyu Building, Zizhuyuan Park
Amusement Park, Renmin University of China, Yangchun
Guanghua Homeland Fengshuyuan, Beijing Institute of
Technology Gymnasium, University of Chinese Academy of
Sciences iaz Beihang University lapifanszozmsillnanga
dounindevindy 2 Alawas Tdun1smdinniia lasuanu
sulanianded tazunnnin 2 Alawas iuduniad ldsuanuaula
1 lainneias 44 ldnadwsdam i 6

Wld Woudunid [d3uanuad  Swaudumviai lasuaans
sulafinnéiad
1 13 12
2 9 6
3 22 18
4 21 14
5 8 6
6 1 1
7/ 3 2
8 3 1
9 4 2
10 2 1
g 86 63
M7 6 uaAIIIUIUGLMLNT ld3uanuaulafinndesuaisas

|

NNHATWSALRAS UM THA 6 uRASELALST ldsuanuaula
finndas deanneniad ldsuanuanlansiuado 86 i uay
N IneLLsAnndes e 46 dunis dandlu 73.26%



5.1

5.2

unn 5
fUNAM I UAUNULRZTDIRUDLLUY
gaduamsaiiulasenu

NnwaswsMaiudenaa RSSI iiudena lé liasuduauii
mnuadvl 1 ilesnnduanadaouddanuss liwe wazide
inyihmaiasendenananii ldrdunsisousveaadag Lazui
MIUIBFEIALS Deszuduvvianielusians laua launsug ue
dadvanuamaiaiaulunisszudurisdadeivansaniusa
danafdsuiuden uazdanaivin Support Vector Classification
Tanuusudg lunsszusduvisgsaa Tusuiangisoaianisne
udonaistin deenasawa lvidanusuigstiuuazanansaldlu
MITZUFLLALLS 16

NNNATWS LUAIUDDINTA UM ALST LdSuauaula
uaa lAAUIYhet Isiiedam stonaduues GPS 16 lavldns
yindestenaiiadumu sz lovinasiannaulanndumaiazd 14
Lazevilei ldsuanuanlavzreandesiuanuiiaiuduesiu
usannwes GPS 1ilesan Geolife GPS trajectory iilusadons
s luaiiuinlasiinanis duviei ldsuanuaulaiaiu
NININDNRD 21017 N8N DU I LUNININDRD IS
audidse uananitismsiannsain lldiuunasdona GPS aue
1¢ dhesradumnibanldd sy GPS vestinvieafisn duniii
Tesuanuaulasursnseaadosiusniunvieuiion 159 sunse
HNuaing tudu

PJamuazatassalumaduiulassnu
1. mafiudenauaazan luauiu
2. danadiivlunaszaaddiuudesvi ldanuusing lugawe
3. ushanihans ismnsnsufuanaanniaeud ldasunssnuen
34 ldmansafudena I

4. yadenafithun 14 liszudermud
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5.3 doiRuUDdLUL

Tusmraarndszoziia lum i nusnnduiiduazauisn
Warnnszuulvifanusingsnntulasnsfessetnsaldsduanad
ARUFLAN wazvitnstAvdonatmist Ui UIuIIAADULRANY
dundaazidunianeluoias danaldiszuudlsz@nsaiwann
gadu waz Tusuvesiunriiad ldsuanuaula inmsmedumiai
Tasuanuaulavesdldunnit 10 au wazvidumiisi ldsuana
sulaveed Manuau i ldsuanuaulagsaa 5 dudu
13N
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MMAWNUIIN N
fouUNIdines Firebase
nssdinsld Firebase

1. wiu3u lasel https: /ffirebase. google com/ VINFIZULNE
HNAUD Google nnuadnit GO TO CONSOLE

B Firebase

Firebase helps mobile app teams

succeed.
Bk apps fast, wanout Backesd by Gesogle, trusted By Crsn platicrmn, whth procichs

managing infrassncturn top apps that work bettes together

2. aan# Add project

B Firebase

Welcome to Firebase!

beacon Devicelimiter

4. aandi Continue



5. 1859 uUM G lU5nan

@ Firebase

Get started by adding
Firebase to your app

O e 0K uskecks mest Firebase Teatues and ke
Anstytca fos 235 and Andrsd appm

000 <«

Set Up a Firebase in Android Project

1. wagannasildsian Firebase 1a59 19 Add Android
application laonausimfinaesasy

@ Firebase

Get started by adding
Firebase to your app

O cone SOK undocks most Firsbase festures ured includes
Analytica for 105 snd Ancid apps

oy

2. lafa Android package Wavhmsaazidouadwiia g
waINa Register app

31
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* Add Firebase to your Android app

© FRegisterapp

: e ]

3. anilluaa IWd Config v U l&lunedndiatuanlnainases
51 1ane next

@ Registerapp

© Download config file

Swiich 1o the Project veew in Android © CaMyApplicasien - L+ 1op
‘Studio 10 See your project foot directony. > O graie

Move the google-services json file you just
ownloaded IPo Your Andiced abp Mmodide oot
dewctory

N

4. wia Ny AN Firebase SDK asluldstanvenesy
WU vineNTunaue3l wana next

@  Dowrload config file
©  AcdFirebase SDK

The Google services plugin for Geadie £ Ioad:
Sovnicaded. Moddy yous bu

Project-level bulid gradle (<orojects/build. gradle)

I} Add this line
classpath 'com.goagle.ges:google-services:d.0.1" L n}

App-level build gracfle (<projects(capp-modules (build. gradie)

14 Add this line
“eom. google. 3 1601 ]

/1 Add to the bottos of the file
spply plugin: 'com.google.ges.google-services’ [ «]

Finally, poess “Sync now” in the bar thal apsears in the IDE

Gradie hley have changed wir Sanc oow
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5. '%:uuaﬂwﬁl,wﬂﬁmﬁaﬁ"nmmimaaumiﬁﬂﬁq Firebase 1&53
FUNIIOAG
% Add Firebase to your Android app

Ragister app

o

Q Downiload config file
@  Add Firebase SDK
4]

Run your app 1o verify ingtallation

. (Checking if the anp has communicated with our servers. You may need to uninstall
and reinstall your app.
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AMANUIN Y
mavirnuluguves python

¢ hmfiaaanu console a4 Google map

$pip install git+https://github.com/vgm64/gmplot

e Modules il4flun19vin Classification

Link | https://github.com/mpattt/mm-
seniorproject/blob/master/src/Code_Beacon.ipy
nb

Modul | Pandas

e

m3 |14 Pandas Tumasluaa IWlddona excel vz lddonalu

viiu | sdupuanss(DataFrame) AN tonamuLniLLay
ADaNU

Modul | Numpy

e

ms |14 Numpy lumseuisdinausne

i

Modul | Sklearn

e

ms |14 Scikit-learn gufu library Tu Python lTunsih

v | Classification Taoiviuaaiaas luiaadail

e SVC(C=1.0,cache_size=200,class_weight=N
one,coef0=0.0,decision_function_shape='ovo
', degree=3,gamma=0.1,
kernel="rbf',max_iter=-1,
probability=False,random_state=None,
shrinking=True,to0l=0.001, verbose=False)

e RandomForestClassifier(bootstrap=True,
class_weight=None,
criterion='gini',max_depth=None,
max_features='auto’,
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max_leaf _nodes=None,min_impurity_split=1
e-07,
min_samples_leaf=1,min_samples_split=2,
min_weight_fraction_leaf=0.0,
n_estimators=700, n_jobs=1,
oob_score=False,
random_state=1,verbose=0,
warm_start=False)

e KNeighborsClassifier(n_neighbors=7)

Modul | Matplotlib

e

M9 Tﬂuﬂﬁiﬁwua%ﬁwuﬂﬂimmm%LLaxwaamﬂmwamﬁﬁ
v | 9n array wvstiudinuad ldeenuniusdaw

e Modules i l4flun1avih Clustering

Link | https://github.com/mpattt/mm-
seniorproject/blob/master/src/Code_poi.ipynb
Modul | Pandas
e
m3 |14 Pandas Tumsluaa IWadona excel vz lddonalu
it | sduuuanse(DataFrame) AuustianamuLnILay
ADANL
Modul | Sklearn
e
m3 |4 Scikit-learn duiu library lu Python Tunsvh
v | Clustering lasmuuaandsil
e DBSCAN(eps=0.1, min_samples=4,
metric="precomputed',algorithm ='auto")
Modul | Matplotlib
e
My | lflumsdunmduadiamsasiaznaean Nnaoda
v |9 array wvstiudinuad ldeenuniusdaw
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NN

Modul | Scipy
e
9 T4l NN 9EN UM TZBENNTEA NG LN
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Algorithm StayPoint_Detection(P, distThreh, timeThreh)

Input: A GPS log P, a distance threshold distThreh
and time span threshold timeThreh
Output: A set of stay points SP={S}
1. i=0, pointNum = |P[; //the number of GPS points in a GPS logs
2. while i < pointNum do,

3. JEi

4. whilej < pointNum do,

5. dist=Distance(pi, py); //calculate the distance between two points
6. if dist > distThreh then

7. AT=p; T-p.T; /lcalculate the time span between two points
8. if AT>timeThreh then

9. §.coord=ComputMeanCoord( {p: | i<=k<=j})

10 SarT=p.T; SlevI=p.T;

1. SP.ansert(S);

12. i:=f; break;

13. =i

14. return SP.




