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ABSTRACT

Geographic information has spawned many novel Web
applications where global positioing system (GPS) play
important role in bridging the applicatiors and end user
Learningknowledge from useésaw GPS data can provide rich
context information foboth geographicand mobile applications
However, & far, raw GPS dataare still useddirectly without
much understandingIn this paper,an approach based on
supervised learningis proposed to automatically infer
transportation mode from raw GPS dé&the ransportation mode
such as walikg, driving, etc, implied in a usefs GPS datzan
provide usvaluable knowledge tainderstandthe user.lt also
enables contexa wa r e computing based
transportation mode araksignof aninnovative user interface for
Web usersOur approach consists of three parts: a change-point
based segmentation method, an inference model and a- post
processing algorithmbased on conditional probabilityThe

change poinbased segmentation method was compared with two

baselines including uniform duration based and uniform length
based methods. Meanwhijl four different inference models
including Decision Tree, Bayesian Net, Support Vector Machine
(SVM) and Conditional Random Field (CRF) are studied in the
experiments.We evaluatd the approach usinghe GPS data
collected by 45 usemver six monthsperiod. As a resultbeyond
other two segmentation methodise change point based method
achieva a higherdegree ofaccuracy in predicting transportation
modes and detecting transitions betweethem Decision Tree
outperforned other inference modelsver the changeoint based
segmentation method

Categories and Subject Descriptors

H.4.3 [Information System Applicatior]: Communications
Applications 1T Information browsers H.5.2 [Information
Interface and Presentation]: User Interfade5.2 [Pattern
Recognition]: Design Methodology Classifier design and
evaluation

General Terms
Algorithm, Design, Experimenation

Keywords
Geographic ApplicationsGPS, Transportation Mode, Machine
Learning, Classification

1. INTRODUCTION

In recent yearson the World Wide Web, geographic information
has enabledan explosion ofapplicationsin which locality and
mobility usually connect toone awther closely Web-based
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mapping applicatios like Google Maps, Yahoo Maps ardve
Maps as well asmobile/local search engines have attracted
considerable interest among Web users and develaper
Meanwhile, with the increasing prevalence of GPS devicas,
never before, many communities that engagedeiographicay
related activies have beenestablisked For instance, GP&ack
visualization and sharing over Web maps [1,,24,3 as well as
geotagging photos for archiving androwsng [6] have been
incubated.In these application$GPS data hae played important
roles inbridging themandend users, g., ranking the results of
mobile/local searchtagging photos with locationstc However
to date,most ofthese applicatichonly useraw GPS datdike
GP% ﬁoordilqage@r}détig]esta V\gtlgogt,{npch understanding
while other applications needs supporfrom manual efforts.
Neithermethodis optimal for the development gfeographicand
mobile applicationsin this paperwe aim toimprove localmobile
applicationson the Web andenhance their connectioby mining
knowledge from raw GPS data with minimeder efforts.

As a kind of knowledge mined from raw GPS datansportation
modes such aswalking, driving etc, and the transitiombetween
themarevaluablefor bothuses andapplicationsystens.

1 For uses: The information helps individuals effectively
reflect ontheir pasteventsand deeplyunderstandheir own
life patternas well Also, it presens richer knowledgeover
theplain GPS track#o other usersnd facilitats life sharing

among people

For the application systems1) It enabls contextaware
computingbased ora usefs present transportation mode and
designof innovative web user interfacg) It empowers the
application systems to distinguish GPS tracks by
transportation modeso that users can fingroper routes to
their destinationsn a more effective manne8) It allows the
systens to mine deeper knowledge such as traffic condition,
popularroutes for different transportation modestc., from
public GPSdata.

Moreover, h many research/[[8][9][10][11][12] aiming to
understand user behavior from raw GPS data, transportation
mode is also importarknowledgeto support their work. It
can be used tamprove the accuracy ofpredicton on an

i ndi v iowdoamo¥esnents Also, it can contribute to
extractauser 6s | ife pattern &nd
turn, dl the knowledgelearned from tls work can be
leveraged to enhance many innovative local/mobile
applicatiors onthe Webfurther.

However,due tothe following two reasonsijt is not feasible to
require every user to manually tag corresponding transportation
modes to thie GPS track. 1) No motivation: Uses cannot
directly achievebenefis from labelingthdr trips. 2) Difficulty: A
personal trip usually includes different transportation modes.
However, it isdifficult for people to remember the accurate time
when they change their transportation n®de



On the other handhe identification methodsased on simple rule
like velocity-basedapproach cannothandle this problenwith
great effect The features of different transportation modas
usuallyvulnerableto traffic conditiors and weather ntuitively, in
congestion the mean velocity of driving would be as slow as
walking while on a rairy day a bus may move more like a bike
from the perspective of velocitywhena use takes more than one
kind of transportation modes along a trip, thentification on
transportation modbecomesnore difficult Thus, we do need an

understand their personal life pattern as well.pBplishing some

of GPS tracks out, users can share life experiaiiteothers and
absorb rich knowledge from oth8iGPS tracks. Based on public
data, more knowledge such as popular travel routes, hot places
and traffic condition etc, canbe mined.The mined knowledge

can be recommended to users via Web or mobile user interface
(Ul) when they need suggestionBurther, a spatigiemporal
search function, which allows useo give a spatial range over
maps and/or temporal interval aguery,is offeredin GeoLifeto

approach to automatically and accurately infer transportation help peopleeffectively find out the GPS tracks they are interested

modes as well as the transitigietween thenfrom raw GPS data.
Meanwhile, b make tle approach more general and universal, we
do notexpectit relies onthe data collected by other sensdikse
cell-phone,Wi-Fi, RFID, andbr otherinformationextracted from
geographianaps, such agoad network etc In other word, the
inference approackhouldonly dependon raw GPS dataTo the
best of our knowledgeo related work sohathis problem

In this paperfor geographicand mobileapplications orthe Web,
we proposean approachusing raw GPS datahat is based on
supervised learningo automatically learn the transportation
modesincluding walkng, taking a bus, riding a bike anddriving.
Thecontributions of the work lie in that:

f It is an important step towasdimproving geographic
applications a the Web by using knowledge minedrom
raw GPS data.

1 Such knowledge can enhance the connection between
locality and mobiity, and enable morrovel applications on
the Web.

1 It helps usersdeeply understandheir own experienceand
bettersharsot her peopl.eds knowl ed

1 It enables local/mobile application systemsto perform
contextaware computing based on transportation male
createaninnovative user interfader Webusers

The advantage®f our approachlie in that: 1) our approachcan
infer compound trig, which contain more than one kinof

transportation mode In addition, it can correctly detect the
transition between different transportation mode2) The

approach is independent of other informatfoom maps andother
sensors3) The modelearnedfrom the dataetof someuses can

be applied to infer GPS daft@m others.

The restparts of the paper are organized as followArst in
Section 2, we briefly introducethe architecturand the prototype
of GeolLife where our approacthas been deployedo play
important role. The significance of inferring transportation mode
is justified by three application scenariobere Then the
framework of our approach is describedSection 3while the
detail methodologiesre given in Section 4. Subsequentlyin
Section5, we evaluate our approattasedon the GPS data from
45 peopleover a period oix months.Someexperiments results
and corresponding discuss®are also presentedFinally, dter
introducing some related work Bection6, we draw conclusiors
andoffer an outlooKor ourfuture workin Section?.

2. GEOLIFE

The work reportedin this paperis a part of researchnto our
project GeoLife whichis a GPSog-driven application over Web
Map. It focugson lively visualiation, effectiveorganiation, fast
retrieval and deeply understandingpf GPS track logs for both
persomal and public use.

As shown in Figure 1, igen the GPS track log as well as
associated multimedia data people created in their daigs li

Geolife helps users visualize their past events on Web maps andn& P

in. The search function does not only facilisatdlowing people
to efficiently get information from othés life experience but also
support each pers@recall of past eants.
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Figure 1. Architecture of Geolife

figure 2depicts the Wehuser interfaceof Geolife prototype.
Compared to traditional teXtased description, visualizing GPS
log over Web maps can provide a mosmdtractive concise and
explicit approach to expregeopldés experience.

time:

Figure 2. Prototype dof GeolLife
Our approach has been deployed in the website to help system
automaticallytag transportation modeto GPS trackssubmitted

by users Also, it can beperforma in GPSphone to infera
persoris present transportation mode. Therefore, with the
information of transportation mode, 1) users can connect to their
personal past better, and obtain more information from dihers
experience when they browse a GPS trackVBEen searchinfpr

a route on desktop machines or mobile devices, users can
efficiently retrieve the GPS tracks matching their preference on
transportation mode. Intuitively, people do not want to see a
riding meanswhen they arérying to find a driving route. 3) For
remote users carrying GPS phones, based on their present
transportation modes, we can display information with different
scal es. 4) The system can

mo



more accurately and delivery commonsemgerimation, e.g. bus
scheduls,in advance

Figure 3 presents an exampl® distinguishthe differentWeb
experiencanith andwithout transportation modeAs we can see
without thetag of transportation modethe track shownin the
Figure 3 (a) only provides us some basic location information.
However, after we applyur inference model to this traclas
illustrated in Figure3 (b) and (c),richer knowledgehas been
discoveredover the plain trackWe can realize thathe user first
drivesa cardownbwn, and therat theparking lot he/she switches
to walking. At least, we know there is a parking lot whemcan
stopa car, and how longcould we might spend on the way ifve
want to drive. Meanwhile, this track may also suggest wwadk
from the parking lot to downtown to avoid heavy traffic and enjoy
shopping.According tothe mean velocity othe whole trackthe
routelooksas it if it suffers from heavy traffic Therefore, wawill
ignore itwhensearchingaway todrive downtown.

™

PRl orived ot 10/19 5:08:06 PM
and stayed for 00:01:02

(a) Before inference (b) Stop at parking lot(c) Switch to walk

Figure 3. An example of inferring transportation modesfrom
GPS data

Figure 4 give us another example present the significance of
our work on route recommendtion based oruserpreference on
transportation modeln Figure 4 (a), there are many route
candidates for selection wheeopletry to find a wayfrom the
right-bottom to the leftop. Unfortunately these routesare less
discriminative from one amwther before we infer their
transportation modes.
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(b) Tracks after inference
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(c) A track of bike (d) A track of car
Figure 4. Route recommendationbasedon transportation
mode

Actually, asshownin Figure4 (b), these routes are generated by

Figure 4 (d). This recommendation makes sense to remotesuser
whentheysearch an efficienbuteto a locationvia mobile phone.

Another potential application of our work is related to
mobile/local search.As shown in Figureb, when peoplesearch
for a restaurantaround them the system can return different
search resultsvith different map scales based ontheir present
transportation modd-or instancein Figure5 (a), if the person is
walking, we can return thp tenrestaurarg within a distance of
500 meters However,in Figure 5 (b)|f the person is dving, we
can return the tofenrestaurants withia fartherdistancdike two
or three kilometess. Intuitively, peoplewho drive do not care
about the distance ofvo or threekilometeis while that distance is
relatively far to a persorwho is walking. Since in Figure 5 (b)
more restaurantwill be retrieved from a largr spatial rangethe
quality of top 10restaurargmay be highethanthe results in (a)
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(a) Searchiesults for WALK  (b)Searchresults for CAR
Figure 5. Using transportation mode toimprove mobile search

3. FRAMEWORK

In this section, wdirst define several terms used in this paper and
then describeprocedurs of inference from a high level. Our
approachis comprised ofa segmentation methodnanference
mode| andpostprocessingnethod.

3.1 Preliminary

Before we start describing tifeamework of our approachwe
have to clearly defineghe terms GPS log,track, trip, segment
change pointWalk Segmenand nonWalk Segmentmentioned
in this paper Basically,as depicted in the left part of Figuée
GPS log is a sequence GPS pointd; N {P,, P,, € , P}. Each
GPS pointP; containslatitude, longitude and tinstamp We can
sequentially connedhese GPS pointsto a trak, anddivide the
track into trips if the time interval of the consecutive points
exceeds a certain threshold.

Non-Walk Segment Walk Segment
L atitude, longitude, Time Lo Ca | Walk
Pl: Latl, longl, T1 p1 i !
P2 Lat2, long2, T2 [;’>.\P2_E3/0Anl\.
€66 .. . Pn
Pn: Latn, longn, Tn L] e NP Chan.ge Point

Figure 6. GPS log segmentand change point

A change pointstands for a placevhere people changetheir
transportation modes.Since users usually change their
transportation modes along a trip, i.e., a gy contain more
than two kinds of modes, we should first distinguish the segments
of different transportation modeBor the description convenience,

different users taking different transportation modes. Thus, whenwe name the segment of walk afté&talk Segmentvhile the

a personwants to ridea bike to the destination, we should
recommend the route shown in Figutgc). Likewise, whena
user intends todrive, we should present the route depicted in

segments of other transportation modes are caflestWalk
SegmentsFurther,we denominatethe GPS point from aValk
Segmentsuch a¥,, ;, Walk Pointwhile the GPS point fromon



Walk Segmente.g.,P,, is callednonWalk Point For instance, in
Figure6, atrip can be partitionethto a Walk Segmerdanda non
Walk Segmertty a change pointThe duration of a trip is the time

mterval between its start p0|nt and end point while the length of a

points. The same definition also goes to the segmen

3.2 Inference Strategy

As shown in Figure7, when a GPS Log file comes, firsye
divide the GPS tracknto trips and then partition each tripinto
segmentshy change poirg Then, we extracthe featuresfrom
eachsegmentand send these featuresthe inferencemodel Two
alternativeways are considered when wttempttd ear n a
transportation moddn one way, we regard the segments of GPS
tracks as independent instanc&eneral classifiers like Decision
Tree are employedto perform inferenceAfter the inferencea
postprocessing which takes the transition probability between
different transportation modes into accquist implemened to
improve the prediction accuracyn the other wayGPS dateare
deemed as a kind of sequential datanditional randomiéld
(CRF) [13], a framework for building probabilistic models to
segment and label sequence dasaleveraged to perform the
inference.Since the conditional probabilities between different
transportation modes have been consideratiénCRF graphil
model, in this way, we do ndtke the postprocessingin the
inference, lte mode of transportation can take four different
valuesincluding Bike, Bus Car and Walk. At the same time, we
do not discriminate driving private cénom taking taxi. Both of
them are deemed as Car.

GPS
Log
Find ﬁ—| Post Process |<7/

Rewlts

Feature
Extraction

P

Features

Segmentation

Inference
Model

Trans.
Modes

Figure 7. Procedure of inferring transportation mode

3.3 PostProcessng

After taking theformerinference processs depicted in Figure 8,
we can getthe predicted transportation mode ranked by its
probability value for each segmentlf we directly selectthe
transportation mode with maximum probabiléy the final results,
the prediction is Cah BikeA Bike while the ground truth is
CarA WalkA Bike. l.e., a prediction error is occurreét this
momenf we canimprove the prediction accura®y consideing

the conditional probability between different transportation modes

ISegment[i—l]:Car . Segment[i]: Walk .

Segment[i+1]: Bike

v v v
P(Car): 75% P(Bike): 40% P(Bike): 62%

P(Bus): 10% P(Walk): 30% P(Walk): 24%
P(Bike): 8% P(Bus): 20% P(Bus): 8%
P(Walk): 7% P(Car): 10% P(Car): 6%

Figure 8. An example ofpost-processing

If in a segment, e.g., segmeinl, the probability of the top
transportation mode exceed a threshdtd {nstance,70 percent

OB @60 68 = "Om Gl ST x b SWHG , (1)
O E6Q0 6@ = B RO QD 6 x b(w @S ), (2)

probability from Car to Bike as well as thalrom Car to Walk.
OB EoQ0 6@ represerd the probability ofBike on the
segment. After the calculation, weisethe transportatio mode
with maximum probability as the final results.the caselepicted

in Figure8, since the transition probability between Car and Bike
is very small, the probability of Bike will drops behiddalk after
the multiplication shown in equation (apd (2)

4 % *CREBased Inference

In the laterinferenceway we described in Section 3.2, CRF is
responsible for theprediction on transportation modeSo, we
presentthe graphic modeve designed foCRFin Figure 9 The

top partof Figure 9depicts a trip whre apersontransfers his/her
transportation modes frolBus to Walk and then to Car. After
partitioned bytwo change poiret, the trip is divided intdhree
segments. The top line of the graphical model is a sequence of
st at eMiy, ¥,éM4,... } represented by black nodes while
each whi t ¥4 X gd,e.}dnéhe bottom denotes the
observation of corresponding state. Each observation and
corresponding state compose an instanc§ <M;>, and these
consecutive instances construct a sequence. In our approach, each
state stands fothe transportation mode of a segment while an
observation is the features we extract from the segment. The lines
connecting a stat®; to its adjacent observatie X; and X,
represent that each state not only depends on current observation
but also depends on its previous andtnabservation. In other
words, a persof spresent transportation mode has close
relationship with the modes of both previous and segment.

Car Forward
A Trip : .Bus : W?Ik ; - warc
v v v
Mi-1 Mi Mi+1 States
Graphical
Model
Observations
Xi-1 Xi Xis1

Figure 9. Graphical model of CRF

4. ChangePoint Based Segmentation

In this section, we will demonstrate how change ogan be
detected automaticallyThe detecting approacks derived from
the following commonsense&nowledge of the real world, and
justified by Table 1

i People must stop and then gowhen changing their
transportation moded.e., there must beome GPSoints
whosevelocities areclose to zerauring transition

1  Walk should bea transition betweedifferent transportation

modes. In other word, the start point and end point of a
Walk Segment could be achange pointin very high
probability.
As shown in Table 1the aboveknowledgecan be proved by the
transition matrix summarized from tl@PSdata collectecy 45
peoplefor six months Almostin all the casesCar, Bus andBike

in our experiment), we use this transportation mode as the finaltransfer to Velk while the direct transition among thra is quite

prediction resulton this segmentThen, wecan recalculate the
probability of each kind of transportation mode of its adjace
segment, e.g., segmeantccording to the following equations.

rare On a fewoccasionsa person could take a taxi immediately
after he/she gets b bus.The very shortWalk Segmentbetween
these two transportation modisseasy to be neglectadhenthe






