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GPS-based Mobility Mode Classification and Sampling Rate Optimization
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Abstract

Understanding the characteristic of users’ mobility mode is a requisite of
Location-based Services (LBS) such as destination estimation, travel pattern and
trajectory analysis. The classification accuracy of mobility mode is highly affected by
the GPS sampling rate, which has a significant effect on the battery consumption of
the device. Therefore, this paper presents a new method to extract mobility features

from GPS trajectories for mobility mode classification, and analyze the effect of GPS
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sampling rate on the classification accuracy and battery consumption. Specifically, we
propose features including Heading Change Rate (HCR), Stop Rate (SR), and
Velocity Change Rate (VCR) based on moving duration, in addition to statistical
features such as velocity, acceleration, and jerk measured from the GPS trajectories.
The proposed method is compared with previous work using various machine learning
algorithms, and the experiment results show that the proposed method shows
2.3%~3% higher accuracy with random forest -classification. Also, the results
demonstrate that setting the GPS sampling rate to 10 seconds reduces classification
accuracy by 0.6% compared to the highest accuracy, but reduces battery consumption

by 33%, minimizing battery consumption without loss of classification accuracy.

Keywords: Mobility Modes, Trajectory Mining, GPS Sampling Rate, Pattern Recognition

1. M2 ol e HIAwst A 4 Sl o
g B AEY F7I7F BoA™ AR A
DG LAA AHEATE B Fdistl AHE 2 gasle W] o]lE Exo] @EEe] %
st 2rtER, ZuhEYA S mutd TI71ES gajele) el masd 4 it
GPS (Global Positioning System) ©A7} N Z=sk2 7|ule] o]EaT BE WM (9 10,
HAsEUA GPS HolHE &83 AMEA] 11)e GPS ©HolEolA 9% HHel &5 A
AA g AAYE M B Aol Tk m= 2zale] oxpY wi 3399 olulx]
2 A1), 5] AHEARe] ol e e AReA Bz WHestn 4 4174 (Convolutional
Aol AedH 54, dFuse] A Neural Networks)® HU#EHoz ARESto] o
9 3 olalE Qg Fagt sao|m (2], of EthS BEsdrl. A=as suk o] BT
S (Mobility mode) & #RFetd 1 54 BE e 9B GPS HolE 2 s12ste] o
= oldiste AL A4y Hd £4(3.4), 5F 243k (Bining) 3te T oA HlolEle] AZg
A Boolg AR CdSF05) T AV MEE =5)q) oare W] wEe EArdle] 2E
o T83 HRE AFdE & do. webA W7 o] GPS HeolHe Mz 2y u
GPS HIolEH & AH&sto] AH&Ael olEFTE gy o)m4ure] BE Ao gabd 4 9ot
wAshs Wl deh Aol AsHeR St web] AbgAte] ol BT ERH WMWY A%
oha sle & wdo] st Wy 4Bglel GPS HlolH
AREAE olErds ERchke WHE AE o ATy Fr)o 9IS won GPS UolH
2l 54 (Feature)7|¥te] 7 WHI AT o m=Zg == 23 779 wEa 2R
S el R WHom Twd 5 Atk A gyge g vAg. oPs AdE =ik
B4 EA7INke] &7/ WH(6,7,8)2 GPS 1716l A" AN = e S b wo] A&
dolHewd £, 7E=, 9 &2 Fd pgda geld gdeu(12), mukd EUE
HEE 5 AETPE YR SRS FED T A o)mad BB whHe AHawel wEy &
A% E=z|(Decision Tree), AA #HE 7|4 T2 38s GPS 7]uF o]E2th B2 wh o
(Support Vector Machines) &= AF&-3h<] 2 37 HAzY @ Ar= 7yEn 9
clerds RHAT. oleTd RS AWM g v B =2dre aps dolHe A%
AHEEE SAES GPS AEW 7719 dF S g 27} om4w 2R wo Aslwo] 1
gol w7l el GPS AEF F70el mebl q= gge wAstdrt. =@, GPS dlolee



o 5
Sq‘ﬁﬂmlﬂﬂoxo
A X RR
RN W o3
J dﬂﬂw.eﬂidﬂ
%d.ﬂﬁL.ozéﬂﬁd.tﬂqﬁgaﬂh
EUdeaMmV?ﬁm@wm,mﬁmﬂ%
7ﬁ@%W%744m% T b T E P KT
qc}}_s}ﬂmﬂm Euyﬁliaagqlo%l
,Lllg;o,Ao#oZﬁa.bLnE eﬂyllls.,o,_ ]ﬂ,w} i ~ 4r Ko
Lo oy < N mwuuﬁpaﬁ@o h%ﬂémo_ifﬂ o T
oo 2 éd:Eamuoyeﬁ%zaoayEoeow%zie]%@ o B
1q]iﬂev\51}§ ufqrﬂs, kh@H]lH]revmaﬁo g
w2 R ﬂﬂﬁ.éq%i 61P1mﬂ X = = 0 ™ nE F
wuo%ﬂﬁ ,afzqﬁg%ﬁo) @%G.@rgaﬂAaw z.ﬂ% n o W %HHE,
o S I zoiﬁqjafﬁmogmo. &o o T o ]Lﬂmﬂmn ]iéﬂmmnﬂorb_o
MMZEAEH@M,ﬂﬂxﬁﬂw% duocﬂﬂmﬂmu uTzquWﬂ_/:LJEog %%Eiﬁwoevé
akﬂﬁﬂﬁe_ﬂl%mwﬂw oe%mamyToﬂwmqueﬁeAfEmo%ﬁrﬂélq_ﬂ\lywmwﬂ_m% %ﬁt%%ﬁouoatxﬁ
S {] ,}mkroa«mu ﬂMoﬂs% R o K o o ° ©® B do o 1
EE],I.A .A_,/JI,I — N .t o HTDL :.Ldﬂ.'Oa
ATm_ev%Emao;ﬁoTEww%mowmﬁﬂmﬂmﬁamcwmmoﬁz.wdfﬂcwarsgﬂOTMOEH
W 0 o X2 o og.l%Jl = & , - < O
iﬂ%ﬂﬁﬁ.ﬁi o mA%%i H_E_ﬁéﬁ_a.mﬁmo?ﬂh T zmzowwglﬂp?ﬁo1¢
ﬁ_ﬁ.iogo o P ° .H;nmﬂﬁrlﬂu,%Nwr6§1xu%dr)mu oﬁaﬁmuG ° o
Ry 255 T B o S T s o@f}1@52 o % i
OE_,QALOG HOW 0 EO,Iﬂm_ﬁLl tEﬁdIEAT21UV7H; 0 HOOffo #EO
_ o R = ﬁrorﬂoTﬂo Z_gawﬂrPﬂ o N S%Wi muﬂoc_oog
ol , %ﬂﬁg ! Egg%am %m%ﬁ%,wo_ewg g%%@&mw
AWH Jw\mﬁﬂuﬂ mﬂﬁumﬂ%ﬁ“ﬂiﬂl,ﬁoeo_e SiﬂﬁAémL#omLﬂoﬂpﬂ/rLao Eeﬂu]mw
I ,AI]‘.rLt‘DJ ;om‘._l./m N‘WL]P\.Z_;O ‘WWOU‘MOOE_‘%H‘IWNJ X o
L= X w5 E&1$W oM =N A%li%ﬁo&
ol g;w1¢ﬂg R0 & 5 O = L) Lo T %
T %moiwe%ﬁeu = %ﬁim%ﬂ%aﬁ@mmxﬁﬂ Mo SR
R W4o in T U ol T ST X ﬂ%@wmwgaogg
ﬂﬂ%ﬂ%%.%%@ %1ﬂnwavﬂ%ﬂmol @ﬂ@%mra%ﬂr&mﬂﬂm_
ﬂ%wwy___ nEE o %Wﬂm%?%iwnwﬂ%q ﬂ_f%_/&ﬂ:%
ﬂﬂﬁﬂ%%%ﬂwm% Hll)wd%@wmﬂw Lw,ﬂzyﬁ_o.xﬂﬁ G R
J_ﬂﬂo_u% SN E yTWmm %@rﬁw_m %ﬁ? .%u%mui "
wwagawrﬂﬁ 4 - umq%tmh%oL#@wrg%EarewEZT%HEmo))
Eﬂmﬁﬂotﬂkwge g 3l o].mdz]ﬁ7‘maio A_AwmugeEq&ufiﬁoi%qgmmwegq_ou}
}Hfzrmomu@_mﬁwmﬂ@ - MMWmﬂéﬂﬂﬂﬁﬂEm%Liﬂoéﬂ@mmmﬂﬂ%
W%@;%g%@w% m %@dbta@ge%aieya%s%s@H v
= 0K = T = D =y o= e o N o & ol
Zl;oo_l,mﬂe_ul,ev ‘)AI N,lﬁﬁ%..%ﬂ;ﬂﬁﬁATEOOQNLLEEOFLMLHT_G Rmonc..%ooﬁez_o
do%%%iufwmﬂwc o Eaﬂbmmmotd.ﬂmwﬂﬂwzrﬂmﬁﬂhﬂcsmﬁamuﬁn
%5@%9@1 ) iﬂ@d%u@%e@u%ﬂwmlﬂmﬁﬂém:ombnc%%:
%Wﬁ%#é%ﬂ&l@ @mmmla W_dkeﬂﬂ%w? %ﬂ;%@w@%@
g ] noz WG_e.luu iﬂaupo1§ ﬁlocﬂxméu%.@&
do T Mo &) B < = o 2 - _%o_i]_/ g = - MY
o_aﬂp%@ﬂ ;gwqigggﬂq@qumi;a ﬁﬂum%ewo
3 bR o w| o) T
T S:l.mv_.ﬁﬂo#ﬂr‘_Eo_a = d;wuuvﬂuowomﬁ:ﬁo@ﬂV utw
o @@@ﬂ%ﬁﬁ.zE.oa?evar%ﬂlxmo&\ % o =
‘_ﬁ]_.c?AT%%WM:%?E:%EE?EﬂMﬂRzooaev
f = EO Ie) G U..# P _ Xﬁ .HL ;oo —~ O Eﬁ ,QL
M5 w Efx_.;oEEo%.d.ﬂﬁlmomV ATHE
oo_a@qzmmqﬂew1@zoﬂﬂ. 2 5 W
B Sl Eﬂw%%R%wq¢
T o wiﬁz.:%wy lo
qﬂamaﬂm L
OHT@%EQ%.
i_.c_oﬁl,mﬂlM

1~5Z%nith

k=3

2

£

-
L

27|

E‘ﬂ O] E% a

1

°
pil

_ﬂ

A==
= %'6]—7]

GPS 7|dt 0|5

o 657
3o 4%

A RRE 10709

g4 FeHe



o

3

=
T

MR,
3

=3
°]

sto]  571A]

S

[e]

GPS ZI1z=YH
Q

}
goz A
ARA, Mz, AFR, S B

9|
pi

]

[e]
H

3= AH(10].

g9 2
RERD

(A1,

a3

ks

bl

#) ~E(Random Forests)

]

A1

1
.

1 GeoLife H|o]EJAl(13,
7HA]

R
=

=

kel

=

7%
a)

S

=
Al
3z

=

. AEAE
A

GbPS =221

€]

o|
ot
N

ol
Jo

0

X

ol
N

°F 87.1% H=E HAFAT. AAIRE GPS

-
pu

+od

o

of wjg

Q.

¥

=

tRem, 3749

°

I A=
FRZ

=

)E olnxe 7t=
W = (Intensity)
100 x 1002 AF

o
il
=

SEE
=

%

9}
=27]

Al

5% %

1

1tH(16,17].

7 AgE

Ho 3T}

1ol
BopolE AFES

b ogope] 2 gwof 712

oL =
ol:?s

}
uebs olE

oju

_&0

B

i

oo r

b glo

o

HoFAr)
w2k GPS dlo]

=

=

=t

AL

=
=} O
S

=
O;
3

Z43s GPS 28 /M4

w GPS H°olE ¢

A= E F 96%
el 2] AR

GPS #HAAHYH
e g] AR b

=1
=

—
0

i

=

LS|

+od

= A8

=

GPS dHolH

22k 2] #HA olmA & A
E2 (Deep feature)= F=

1

pu

7] A7-(9]l A

=

Q&9 7 (Stacked denoising autoencoder)

i

il

O

=

3 A

4 Geolife Hl°]H

SH
TE AGdA 307 AHEA

3. GPS 7|

ez 20

712 £33 GPS 215 A%

=

.
= T

k3

o
ful

&

Eo

iy
o

=
TH

ol

_zﬂo

B

_Z_O
=B

ol

No

g F717F

=
=

A
=

g} o qx] o] Wria &deA Uth(18,
u2bA] . GPS dlolE <]

19].

td GPS AAFE=

o

g

o

=2



1

2

Vincenty(Py, P,)/ At
(S, —8,)/ At

‘Spl
A,

DB HBEE NGB ETPET D TELTF o4 T
DLA.WJ; o L.MH E_v‘mﬂﬂﬁe\mlxo;o‘_] T T o oR X,MuL:iL.E]
GEN%%%% Hwa%ﬂgmb%.,%% mﬂP%}M@ﬁE7WO
T IR & T ' Ao W e T L T ™
wd_u e = . : Yo Mﬂ Mo = & up ™ N o2 W B og, i olp owa,
TN gTMT W s DI Cl AR R T S
I A R G R T TRmE oo
TAR L ERT R R W Tyl oy s A
— X = X — [N o) ol -
s #ETLEAT wogigsrEEE SEf RhwPecig, 2t
X . P f o7
- ' oA o ___Aw. ™ 1 mR ~ m - ) wﬂn ol pmc % & DZ ,.&w mo ®H A o o T oy oh Mﬂ
o dﬂ _&.E r‘m-_._ LAY .ZD ]Mﬂﬂo —_— ;oo
) = . o] >~ — oF 7
g B e by PR ERcwISgc DT TOSmp T TEdy
s Mmoo sey Thak3IDN _ _deawywmwr L PRI TEn Ny
= 53 T oa X e = .0 (S G Qll Q O o o Ao ~ Mo
T ﬂ%%u%mw% ST N - S G SRS P%POH,G%%AE%
L REmETCR FaigwEdrfTaL OXHY % IR R
S A oWwEan % _SXEe o w4 i A e e
i+ D O S I S R oo oy 2y
) W TR S Y - X O v - AR o
Koo AR T o % S T o O A -
AN YoT T opwurmz oo P o MO g ) g% do <
L= ISy Sy P Sy I I O O
B X FR O T W X ur M PR NT B WO
EW S D g W TO K To T .0
» : e L SETREUILITRICTURT TIHER
s | £ u & =T I S R e g T g op,
e NI B2 Ly ER PRVl ® RS g
AR IR LA T S IS T S
o : B2 g7 f vH LR edenimie HmpHow
o g =9 ] . Dy il =0 ™o o T o Ar P
= = 2 & g T oy oA P BN ot K M 3 o o
e . 2 Z Z S =T A X e e Mooty Do
— .v_ © E o ﬂox% ATﬂlimmﬂ HT_aWaflev Eﬂ_onGﬁ»
o - w ST S Rt S LN L T TR g e
) g g , | e G e g R A TP IR I L i R
i : w §WE WA Lo s R TR IR LN vy
wr z S ol 2 ° W w2 Htﬂrh%%o I3 BT s we ™
L = = a2 Eyxg ol H%LATPMO@@%% =
T Z = g 75 oqu_o.Pﬂmw@im.%Axo o P DS
—_ « |8 x| m = 3 ! ) o7 v..lr S o -
T BE Elz £lz b 5 zan%nu%fuﬂ.% qﬂime%Lﬂagw,%m.qﬂq
o T = = = m.._nWV NlZN_INLVﬂAH% JEO.O#QLoﬂLT@GHl‘_ﬂL
oo g |sls o 5 | Rz % %ﬂ%%mmoﬂwraﬁ%wo%mrwaﬂ%%_ﬂﬂﬁ
£|2 E £ c =T o o i~ =
m fEE f N o PeHTEROn TR YN I s KORR
ol & g z a0 G o wo ) Jldljl;oA]mﬂleIﬁ“urATJl71J W
T E - PIRE w ¥ g reun Pz VR hemen g
o m° EE A oMo oA A W e R A

o _41

k=3

|1-I
Al

27| 4

oleh st el el

1
.

Vincenty &2 (20)<
, 7SR, A=

1

L

A



HCRy = |P.|/ Duration
SR, = |P,|/ Duration
VCR;,=|P,|/ Duration
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Table 1. Features used for mobility mode
classification.

Category Features

Basic features from a

Distance, Average velocity
segment

Basic features from Mean, Variance, Maximum,
velocity, acceleration | Minimum, Interquartile range,
and jerk Median, 20™ & 80™ percentile

HCRD, SRD,VCRD-
HCRr, SR1,VCRr

Advanced features
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Fig. 3. Confusion matrix of mobility mode classification using random forest classifier (a)
Proposed method (b) Zheng’s method (c) Erdelic's method.
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Table 2. Results of mobility mode classification.

DT k-NN RF

Proposed method 80.21 83.72 87.72

Zheng’ s method [6] 77.07 77.06 84.72

Erdelic’ method [8] 77.08 80.35 85.41
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