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Abstract:

We present aprototype mobile phone application thatplements a novel transportation mode
detection algorithmThe applicatioris designed taun in the backgroundandcontinuously collects
data from builtin acceleration and network location sensofse collecteddata is analysed
automaticallyand partitioned into activity segment# key finding of our work isthat walking
activity can berobustly detecteth the datastream, whichin turn,acts as a separatior partitioning

the data stream intother activiy segmentsEach vehicle activity sagent is then sublassified
according to therehicletype. Our approach yields high accuracy despite the low sampling interval
anddoesnot requie GPS dataAs a resultdevice power consumption éfectively minimized This

is a very crucial pointfor largescale realvorld deployment As part of an experiment, the
application has been used 95 samples, andour prototype provides 82% accuracy in
transportation modelassificationfor an experiment performed Rurich, SwitzerlandIncorporating
location type information withthis activity classification technology has the potential to impact
many phenomena driven by human mobititydto enhane awareness of behavior, urban planning,
and agenbased modeling.



1. Introduction

fiMuch of our understanding of urban systems comes from traditional data collection methods such
as survey by person by phone. ... They are hard to update and might limit resald sn@pshot in
timed(Readest al, 2007)0

Urbanplanners may not satisfy with the data that is collected by the methods such as survey by
phone or survey by Internet. This is becasiseveys usually collect data at a single point in time
while modern cities become more complex and exhibit very dynaamditions. Regarding the
survey in transportatiompeople do not always make exact journey that they described on a $urvey.
cannot cover every trjpvhichis limited in to collect average travel of the survey happehédialso
difficult to measurechanges unless two or more surveys amgedat differentemporal instances
Peopleare easily tired of suchfrequentsurvey request Moreover, thisrepetition makessurveys
expensivetime-consumingandimpractical.

In contrast an emergingdfield of research uses mobigonesd or A ur b allowing asntcs i ng o
collect scientific datan a new and innovative wayJuff et al.,2008. Essentially, this is a type of
fisocial sensingwith mobile devicegnabing data collection fronalarge number of pede in ways
that were previously not possibldt provides the opportunity to tragkultiple data points in real
time, and therefore tosample thedynamic behaviourand inherentcomplexiyy of human activity
within a city. The data points can be usedpmvide information and servicasot only to the
individual user(e.g.,locationbased information)but alsoto urban plannerwho canuse itto gain
insightinto the relationship betweendity 6structure and itinternaldynamics for examplewhat
arethe patterns of peopteovemernthowlargei s a meograpblidivingsscopeow effective
is a planneproposed solution withithe urban syste®in addition, we can characterize the mobility
pattern ofacity including evaluatingfficiency through people's average moving distance, zingly
the change of transportation hot spetstimating theéavorite transportatiomode comparing with
other citiesand monetizing the cost of sociaftyotivated innexcity travel

Data capturig of human mobility become widely available in the real world by the advance of
diverse locatiorsensing technologig€€ampbell, 2006)However, @spiteits importance for urban
planning and traffic forecastingur understanding of the basiadividual patternsof reattime
human mobility remains limited due to the lack of toolsetsily monitor and spatiallylocate
individuals.Moreover, it ishard to get insighinto disaggregatetravel stylessincethereis alack of
a medium orknowledgeto automaitcally classify the different travel modes among the diverse
transportatiortypes

Our belief is that atomating the process of obtaining individualized and disaggregated human
mobility will increase user participatioim urban data collectioand improve urban planning.or
example, includingransportation mode identificatiemables usert® obtain arextended analysis of
their travel patterns such as estimationirafividualized CO2 emission ormeasures of personal
contribution to local transportationbased ontheir trip diary. Urban plannerswill obtain more
detailed and redime observation®f urban dynamicsAmongst manyother possibilities, it will
enable determining under which condition are vehicles or walking preferred andkivtabf
environmental characterissiaffectthetransportatiorchoice

In this context, we exploit an emerging fiefdobile crowdsourcing We focus on automatically
determining theéravelmodeusedby an individual and analyse it to extréetnsporinformation. We

! Mobile crowdsourcing is a terthat accounts crowdsourcing activities, which are supported by
mobile devices. Thanks to the recent development in mobile devices such as diverse sensors and



have studiecapproximately 50@ensing samples fio anonymous mobile phone users in Zurich,
Switzerland whose acceleration measurements are logged during daily ackeatiaaonymity all
sensing datée.g., acceleration and locatias)collected by randomly generated ID numbers, which
doesndt i ncliofameatioa.ny per sonal

Our prototype system and method provides answers to toeviiod two keyquestions

1 How to converta mobi | e p h o n e dirdo transportation infalraatioa? During
movement, each travehode( e . g . car , bus, tram, or train)
rolling, waving, vibration, and/or acceleration patter@pntrary to the general belief that a
phone's acceleration measurements contain only informationt when a vehicle leaves and
stops, we found the cumulative set of acceleration measurements to be a very rich source of
information that can be exploited to determtreevel activities and transportation choicédur
method automatically classifies tieavel modeby continuously inspectingeadings fromthe
mobile phone acceleration sensors as well as nethaskd approximate location data.

While developing the transportation mode classification systeenfourd the heavy use of
sensing and ata processindgo potentially causefast battery drainln fact, most previous
research immobility sensing(Hemminki et al., 2013fecognizeshe problemof high battery
consumption. Thus,ot minimize the impact on battetife and to permit long term sensing
periods (e.g. weeks or monthspur method focuses goroviding a solution that does nose
high powefconsumingsubsystems on a phone (e.qg., its GPS system).

$ How to provide anoverall sensing process without disturbirdaily phone use? The answer
demandsa fully-optimizeddesignprocess (e.gthe solution must carefully orchestrate phone
sensor types, sensing circles, processing procedure, detection algaritheerveuser retwork
usagé. While most mobile sensing applications require tsput, our entire sensing and data
acquisitionprocedureoperagsin full automation. Userare notrequired to spend time manually
typing outlocation information. The sensing dasacollected and delivered toaentral server,
which subsequently measgrand analyze their urban activities The computedesults are
transmittecbackto the mobile phone amaptionally displayed thusproviding a visual means to
enhane awarenes@and enwonmental impactFurthermore we highlight two aspects of our
approachinet waslkd | oc aandiolndve e qa & n gy bothafrwpichihelpg o ,
improve battery efficiency and method automation.

Altogether, the maiobjectivesof thisarticleinclude

9 describinga mobile phone acceleratisensor and network locatidrased transportation
mode detection algorithm which collects information for human mobility,

9 creating a prototype and preliminary deployment to collect field data in real urban
environments, and

1 providing an evaluation of the algorithm accuracy, battery efficiency, and a proposal for
future uses and possibilities.

In the following Section2 will provide a summary akcentwork addressing limitations anélated
problems.Section3 will present theoverall framework for the implementation, arf®kction4 will
describeour solution to automatitravel mode classification, ar@ection5 will show statistical
evduationsof our solution Fnally, we conclude with Sectiof.

wireless network enables smartphone, the crsmutced information can be collected and shared
without any further difficulties for a larger scale of analysis.



2. State ofthe Art

Urban sensing (Campbell, 2006) enables us to collect scientific data in a new and innovative way. In
fact, this is a very useful type of crovgdurced sensing (Demirbas, 2p1Which enable collecing
urban data from a large number of people in ways that were previously not possible.

Miller (2013) stated that sensed transportation and geographic information can cultivate
transportation systems where participants share information and resources toopsaiagon
accessibility problems. Jane GoykD13)emphasizéd mobile phons will bring new opportunities
enabling travel surveys as a medium of data collection.

Smartphone offer researchers the possibility to devefog r 0 wd s @pplications tipai collect
information from an extensive number of individuals apeén the door tstudying the dynamics of
large populationge.g., Joki et al., 2007 Murty et al., 2008 Turner et al., 2011 Moreover,
smartphonédased data collection is becoming reasingly important tdransportation planning
(Barbeau 2011Berlingerioet al, 2013)and tootherplanning agencies and private firngsd.,Alt et

al,, 2010).

Neverthelessmobile crowdsourcing has ngét becomea widespread medium for datallection
because most of the existing applications require active user. iBjpe userstypically do not
receive any reward for their effort, they quickly lose interest and are not willing to collaborate
(Santos et al.,, 200 A new research direction, call ed
requiring anyactive user inpufKim et al, 2012;Madan et a].201Q Adams et al., 20Q8sakura et

al.,, 2003. It is possible to use the sensors and stochastic algorithms on a smartphone to
automatically detect certain types of user activity. A related effort is to colleatido data from
cellular phone tower use (Readstsal.,2007; Beckert al.,2013). Thiseffort enables widespread

data collection at low cost. But, the collected data does not po#isesaformation about
individualized activities that we seek.

C02GQ an ongoing projectin the SENSEable City Lab of MITis a smartphone application that
aims to sense the transportation mode of users in order to estimate theentX3ion level
(http://senseable.mit.edu/co2go/). Other similar -gomg research effortsfor detecting
individualized transportationmode (Bolbol et al., 2012; Wang et al., 2018hd estimating C©
emissionare Ecorio (ecorio.orgCarbon Diem (carbondiem.comgnd recent worky the Helsinki
Institute(Hemminki et al., 2013)

In France, Pluinet et al. (2012hnd its continuous workGonzalez-eliu et al., 2013)investigate
urban goods movemenising asmartphone application. They show the result in diverse data
combinations: characteristics of tlravel CO, emission per km and per company, typeazfduse,

and CO, emission per street. This d&very good examplef how crowdsourced data is utilized in
urban planning.

N

In OregonU.S;theecent project AEMi ssi oBell aab 208)buildseom s i t i vi

the pasp r o j TeucktRoaid Use Electronics (TRUE) t o pnprovedierdigsions estimation at
the project and regional leveThe rew project uses mobile phone GPS tiagkto correct and
evaluate the level of error that might be encountered when such detailes rizttavailableby the
TRUE system. Thisntegration togetherwith the Oregon Department of Transportation (ODQT)
demonstrateigh confidence in adoptingobile phone baseaid hardwarebasedlata collection.

However, all these efforts have two critical issues. First, the methodology used is very- battery
intensive. For instance, all the aforementioned systems use GPS technology in order to determine
location, compute accelerati values, and perform way finding. Moreover, these systems assume
outdoor only usage, moderate to good weathredhigh sampling frequencf{Krasner, 201 Thus,



high computing power and battery useneededn order to obtain precise GPS measureméorts
estimatingmovement and acceleration valu@aek et al., 2030In addition, CO2GO haa fixed
sensingate (25 times per second) and sensing window sarge(1.285.12 second), hich isvery
demanding on computation and power resourEagher, in order to deduce meaningful patterns of
activities, applications need to run in the background for a long period of time. Suchdvaimérg
applications are likely to be rejected by the ug¥asileios et al., 2070 as users do not want to
compromise the use of thelevicedue to an application that is constantly running in the background.
Thereforeit is very important to deslop an application that has high efficiency and does not impede

t he user 0 Secahdnbne pfthe sgstessfocus on detecting changes in the transportation
mode or on supportingong contiguous segments of transportatioralysis(e.g., CO2GO has
relatively shortterm sampling window of 1.28 to 5.12 seconds). Hence, these previous methods are
less efficient at detecting transportation modes and are not able to robustly indicate the mode during
long and contiguous singteansportationmode segmas.

Our automatic approachetermines transportation modle a more flexible way. The sampling
window is dynamicThus, itcan cover an entire vehicle travel period and it is automatically adjusted
based orthe activities performed by the individusihile CO2GOperforms a shoterm GPSbased
signal comparison to predetermined templates method focuseon the activity contextwithout
requiring the GPSBy detecting and usingvalking as a separator, articulated activities are
suldivided to individualactivities and robustly classified using an adaptively determined sampling
window. Altogether, yielding automatic, high accuracy, and-power consumption transportation
mode analysis.

3. CITYing

Our application was i mplemented and testhed on
most popular smart phone operating systg@msnsen, 20)1and primarily adopts the Java
programming language. For testing and deployment we used several fawdnaid devices
including Google phones.e., Nexus S, Nexus Galaxy, Samsung Galaxy S 19@0d,Galaxy S2

19100.

For development, we used the Eclipse platform, a #rangjuage software development
environmentincluding an integrated development environment (IDE). In addition, we used plugins
for supporting Androiespecific development.

Fig. 1. Application GUL Snapshots of a subset of the application GUI to control logging. Users simply install
and run the application ACI TYingo. All running proce
data analysis and visualization) execute fully automatically



The devices have acceleration sensors which can measureagiy,accelerations within a range of
+/- 2g and with a sensitivity of 256 LSB/g. A sensor of this type measures the acceleration applied to
the device Ay). It does so by measuring forces kguhto the sensoiH) using the equation:

As=-g-xF / mas s

Regardless of the mobile phone company and type of sensor device, when the device is sitting idle
on a table the magnitud®, of the 3D accelerometer reading is approximagety9.81 m/é. Thus,

we subtracg from all acceleration magnitudes. Most degiase this standard, thus there is no need

for devicespecific calibration

Fig. 1contains images of the CITYing graphical user interface (GUI). The application is launched by
the user andemains running in the background, letting other applications run normally. The
program then runs continuously in the background until stopped. Sensor data can be retrieved at any
time for automated data analysis.

While user can use the application without any user inpualseecollecground truth datduring our
experimental deploymenGround truth data collectionconsists ofuserskeepinga log of their
activitiesi we includetraveltype buttons in our applion that user can simply leave logs of their
actual travel typesThe log contains three elements per line: titreeyel mode and location. Users
noted their activities every time they got on and off a vehicle, and also when they dievehitde
activity. Our experimental deployment wasthin Zurich, and made use of the local trains, tram,
buses, walkways, and private cars.

4. Travel Mode Detection

Our approach usethe sensing values from acceleration and location sgnaod classifiegshe
transportation modeof the mobile phoneser Concisely, he detectiorprocesscan be summarised
by thefollowing threeprocesses:

9 collect and analyse data,

9 detect walkingsegments andse them to partition the overall activitiesid

1 perform travel analysis with segmerg having speed greater thamkm/h (.e., the
maximum walking speed akefined by our experimenand identify the travel mode.

4.1 Data collectionand analysis

Our prototypeapplicationcontinually logs three fundamental types of dgtdate andime, ii) x-, y-,

and zacceleratiornvalues, and ii) latitude and longitude valueFig. 2a shows an example of the
data log file. Each row contaimgate and time, % y-, and zacceleration values, and netwerk
estimated latitude anlbngitude readings (yeamonthday, hour: minute:second:mitiecond/xy-
/z-acceleration/latitude/longitudeffrig 2b showsD acceleration measure scheffbe acceleration
sensor measures the acceleration applied to the device, including the forceityf \@faen the
device is sitting on a table (and not accelerating), the accelerometer reads a magnitude of g = 9.81
m/s’. Similarly, when the device is in free fall and therefore rapidly accelerating toward the ground
at 9.81 m/§ its accelerometer reads magnitude of g = 0 nfisTherefore, to measure the real
acceleration of the device, the contribution of the force of gravity must be removed from the
accelerometer data

The data is stored locally on each phdime our prototypeimplementation) but could easily be
transmitted in reaktime, to a database servasing the mobile data network servic&be logging
process continuallpddsthe nextreading of the mobile phone sensors. The sampling intergat is



to 1 secondoy defalt. The operathng systemdoesnot guarante@n exactsampling intervalbut as

our results will show, the jitteis within an acceptableange The mobile device can be carried in

any orientation so the vectevalued accelerationis converted intoa scalar Therefore,the total
acceleration magnitude is calculated as the Euclidean length of the 3D acceleration vector (e.qg.,

A=K HY 7))

N6 || BUS8O.txt b.
a-2011—04-04,14:54:52:519/—?.240066/4.673481/2.183512/47.407543/8.508688/ 0 y
2011-04-04,14:54:53:533/-2.681506/6.627150/7.393295/47.407543/8 .508688/ A
2011-04-04,14:54:54:470/-2.566584/5.516241/4.826711/47 .407543/8 .508688/
2011-04-04,14:54:55:404/-0.459687/4.481946/4 .558560/47 .407543/8 .508688/
2011-04-04,14:54:56:338/-1.762132/4.481946/3.639187/47.407543/8 .508688/
2011-04-04,14:54:57:273/-1.379060/1.608904/6 .550536/47 .407543/8 .508688/
2011-04-04,14:54:58:242/0.612916/2.758120/6.703764/47.407543/8 .508688/
2011-04-04,14:54:59:237/-0.000000/3.830723/13.177686/47 .407543/8.508688/
2011-04-04,14:55:00:170/-0.574608/6.014235/15.552734/47 .407543/8.508688/ » X
2011-04-04,14:55:01:104/-0.766145/6.780379/13.828909/47 .407543/8.508688/ Z
2011-04-04,14:55:02:099/-0.229843/8.044518/10.840945/47 .407543/8.508688/
2011-04-04,14:55:03:083/0.881066/6.780379/11.147403/47 .407543/8 .508688/
2011-04-04,14:55:04:061/0.689530/7.010222/10.381258/47.407543/8 .508688/
2011-04-04,14:55:05:069/1.072602/5.861006/11.990162/47 .407543/8 .508688/
2011-04-04,14:55:06:072/2.030283/2.030283/7.699752/47.407543/8 .508688/
2011-04-04,14:55:07:081/2.375048/2.719813/8.695741/47.407543/8 .508688/ 1
2011-04-04,14:55:08:082/2.489970/2.643199/9.768343/47.407543/8 .508688/ 3

Fig. 2. Data logging and Sensor Coordinate SystenData logging and Sensor Coordinate Systejn3D
acceleration measure schema.

Upon examination othe logged data, we find that user walking can be robustly differentiated from
nonwalking activities of the phone user. To visualize how the total accelerationsvhlowiate
during a typical gersession, we show in Fi§ the logged acceleration signal for an example period
of nearly one hourThis is a representation of raw data from a smartphone s@isogrounetruth
activitiesprovided separately by the user have been manually appendedbattttim of the graph

As can be observed iig. 3, there are clearly discernable walking activitiedween each vehicle
activity. Specifically, theneanacceleration value of walking.2.4 m/s) is typically about27 times
higher tharthe mean acceleration ofher activities (0 to 0.8/<°). Thus, itis highly distinguishable
(Shin, 2012andenables an easy deten of walking as an activity.

The minimum walking acceleration value is determined empirically based on previous dbssrvat

The instantaneous phone acceleration values during walking ranges from 0 to approximately 30 m/s
with the temporal average of 98% being above 1G.rilsese values are primarily caused by the
movement of the phonahen in the pocket, bag, or jacket of the uisdhey do not correspond
strictly to the continuous velocity or acceleration of the person. In contrast, the observed
instantaneous phone acceleration value when the user is in a vehicle is typically fowgmtifs.
Therefore, after experimentation we determined 7 a¥the minimum average walking acceleration
value for walking start/stop detection (i.e., during walking no average acceleration value is lesser
than 7 m/$). It is worth noting that our tenapal averaging of the acceleration values will classify
slightly discontinuous walking as a walking activity.
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Fig. 3. Exampleof acceleration signalln this example orbour acceleration signal, the mobile phone user
progressed through multiple dailytivities and transportation modes.

Once a walking interval is detected, it can then be utilized as a separator that marks the start and end
of an inbetween activity. For instance, when riding a car, one has to previously walk to a car and
afterwards wk away from the car. A similar process occurs when taking the bus; e.g., one walks to
the bus stop, gets on the bus, and afterwards gets off the bus. Hence, every vehicle riding activity is
always surrounded by a pair of walking activities.

4.2 Activity segmentation and &ssification

Once the activities are separated, using walkingseparatqgra bundle of activity segments can be
created from the logged data ati transportation mode assigned to each activity segment. An
activity segment -i isdicn gaeagedcielerdtionavalue degstharithe!l e
observedninimum walking acceleratiomalue;else it is considered a walking activifyig. 4 shows

the experimental results @he accuracghangedor differentsamping periods. It was tested from 1

to 10 secondsA long sampling period can result in a small number of segments. Moreover, it could
miss an important segmentation. A short sampling period is more accurate but can produce
unnecessary segments.indicates4 to 6 seconds as a reasonable balance betwaggmestation
accuracy and number of segmeintse wish to avoid overor undersegmentation as well as provide
high-accuracy. For our later experiments, we choose a sampling period of 5 seconds to compute the
average acceleration value
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Sensing log

+time [y-m-d, h:m:s ]
+Acceleration [x, v, 2]
+Location [longitude, latitude]

[

read Sensing data

Is current mode Walk-Stop?

Walk-Start condition 1
Acceleration for 5 seconds is higher than walking

Walk-Stop condition 1
Acceleration for 5 seconds is lower than walking

Walk-Start condition 2
Condition 1 continues two times

Walk-Stop condition 2
Condition 1 continues for 55 seconds

set Point set Point
Walk-Start Walk-Stop

I

make Package

Activity packaging | from previous Walk-Stop
to current Walk-Start

|
Vehicle riding detection n
Moving speed is higher than walking speed (7km/h)
Yy
set Mode set Mode
Vehicle non-Vehicle

Fig. 5. Flow chart. A diagrammatic summary of the transportation mode detection algorithm.

The process of activity segmentation and classification is done using four separate algorithms. These
algorithms aresummarized in Fig. &nd are explained in the following four subsections.

Walk start detection

The firstalgorithmof transportation mode detection is finding the start of a walking activity. There
are two necessary conditions for the algorithm to confirm a point as the stavaliirg activity.

9 the first condition isfinding an average acceleration valggeaterthan or equal tothe
minimumwalking acceleratioi7 m/$), and
1 thesecond condition isatisfying the first condition faat leastanotherlO seconds

These conditions aim to filter ouhonwalking accelerations anevhile not perfect, in practice we
observe significant accuracy, as will be shdater in the article

Walk stop detection

The secondilgorithmof transportation mode detectionrecognizinga stop in walkingDefininga
stopwalking point alsohas two ecessargonditions

1 thefirst condition is findingan interval when fivesecond of average acceleration is lower
thanthe minimumwalking acceleration, and

1 the second condition isatisfying the first condition for at leashother55 continuous
secondge.g., the typicaminimum trainbus travel time between two consecutsatefs in
the city ofZurich).

The necessary condition®f start and stop walking) help to avoid unnecessary walking activity
detection such as whewaiting for a crossing signabr idle time during a genuine walking activity.

In other wordsthe algorithm only determinea walk stop point when a userreally stopswalking
more than 55 secoedontiguously(e.g., rides on &usand travelsat least ondus stopstation



without walking). Otherwiseg it is considered that the walking activityaentinuedor vehicle riding
activity hasnot beenstarted.The value of 55 seconds has been selected agpiical minimum time

for a public transportation bum trainin city Zurich and suburbs in Switzerlartd travel between
two stops This value has been derived fraam analysis ofpublic transportatiorschedules and
timetablesWe set the minimum value in order to include all the cdsmsexamplebusline A has

28 stops andhe totaltravel time is 25 minutes at IRM. The time for one stops obtained by
averaging several sudnansportationlines obtaining approximately 55 seconds between stops
Clearly, e minimum travetime for filtering walk stopdetctionis city dependent

Activity packaging

Once we detecttart/stop walkingthe next step is activity packagirn activity segments defined

in between each corresponding pair of adjacent stop and start walking #égntse the assumption
that during anyoneactivity segment, only ongansportation mode is adoptélthe aforementioned
filtering of small walking activities and the conditions for start/stop walking help to reduce the
amount of unnecessary activity segmefits worth noting that if a segment of large acceleration is
converted to an activity segment, it can still be classified as walkingn¢aysof not fitting into any
travelmodeg. Thus, ovetrsegmentation into activity segments is not necessarily harmful

Vehicleriding detection

The following algorithm for transportation mode detectiatassifes the activity as eithervehicle
riding or notvehicle riding We used average speéhis classification is calculatedy using the
displaceddistance thats measured by netwottased location datandthe duration of the activity
segment. If the average speedjisaterthan 95% ofthe highestwalking speedi(e., 7km/h as per
(Ashburner et al., 20} thenthe activity is determined vehicle riding activity.Altogether, the
aforementioned algorithms enable extracting walkingebiicleriding activity segment$rom sensor
data andcanbe used fom more indepth analysis within selectedgtivities.

4.3 Sanple cleaning

The activity classifying method described in tligicle mainly relies onsampling acceleration
values. It requiresextracing pureacceleratiorsamplesiuring travel. Thereforeve implementedhe
following samplecleaningmethais:

9 Pure vehicle ridingdata extractionWhenthe individualuses public transportation there are
sequentiabehavious (e.g.people waitfor a busby standing or strolling, people walk into a
buswhen a bus arrivesand people walkoff the buswhen they arrive at the destinatioi.
Therefore, fomthe first moment the stewalking activity is detected, wégnore samplesntil
the locationchangs sufficiently. The tolerance of the location changeueafollows the 95%
of the highest walking speed (i.e., 7km/h as(@ehburner et al., 20}

9 Filtering sudden alking in a vehiclePassengers may walk while in a vehicle, such as a train
or bus Thus, we filter short whk sequences that may occur inside a vehicle activity segment.

4.4 Travel ModeDetection

To determine théravel modeof a vehicleride activity, we estimate an acceleration profile for each
modeand use it to classifgarticularacceleration behaviour into one of the recognizadel modes.

In our application, we support trains, buses, and cars. While their acceleration profiles are not
guaranteed to be disjoint, we have found in practice relativedl-separatedbehaviour i



considering we already know that we are on a vehldeper Section 3,2veonly need to determine
which modeof transportationThus, during a calibration run of our application, we capture several
datasets of acceleration readings for eéaatel modeand fit a Gaussian distribution curve to each.
Therefore we carecognize théravelmodeby matching the predefined acceleratimofiles.
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Fig. 6. Acceleration distribution on different vehicledt showst he di stri buti on of eac
acceleration value.

Fig. 6 presents the Gaussian distribution curves that correspond to the acceleration level of each
travel mode (i.e., train, tram, car, and bus) obtained during the calibration run of 78 datasets
Zurich (Shin, 2012) In this graph, we show trams (e.g., smaltawn trains) and regional trains
separately, but we clsify them collectively as train/tram

The gren line represents the acceleration distribution of (regional) trains, which has the lowest
acceleratiorof all. The tram has a slightly higher acceleration level than the (regional) train, but still

has a very low level of acceleration. The blue curvereps ent s t he busds accel e
cards acceleration i s Basetl oreteisncludtehee distribuaon of esm d t h
vehiclebs accel eration, we d edifferentvahicldtypes. t wo sepa

Fig. 7showsthe trend how the accuracy is changed by shifting the separation value. For inBtance,
the separation value 0.290Fiyg. 7b is shiftedto thelower one0.250, then th&ehicleclassifiedas a

car between the vala®.25 andD.29 will beclassifiedas busThis will increase the accuracy of bus
detection since it has wider range, however it will decrease car detactiaracy Thereforethe
thresholds are chosda maximizethe overall accuracysing our calibration rungrain/tram = [O,
0.072],car =[0.072, 0.290], and bus =[0.290, 1.0]
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Fig. 8. Cross validation(accuracyvs. altering number of samplg). a) Accuracy (%) versus number of
sample. b) Separator distribdion by random sampleelection.

In order to see the credibility versus different number of samplemeaasureghe accuracy 10 to 70
samples by 1:@ample steps. Each step has five different random samples generating separators and
we compare the accuracy with the rest of samples, which have a ground truthigi&tashows
accuracyversus changes in the numbersaimples It reached the 98% of maximum accuradgyh

40 samplesThis result showghatwe can calibrate the separator values if we have more than around
40 samplesin this research webtain 495segmented samptes in Zurich For thefine calibration

we collectively select 78 samplses (0 users), whichinclude ground truth dat. In this
measurement, wased simple random samplingaiiom sampling eliminatdsas by giving all
individuals an equal opportunity to be chosen (Moore & McCabe, 198%pbanuegend and this
identification algorithm is not related to population characteristics but to acceleration, therefore
simple random sample is our solution.

In order to compare acceleration concentrations subjected to transportation mode, we performed
analysis of variance (ANOVA) andtésts. Differences in concentrations of acceleration were
observed by different modes. Results indicate vehicle acceleration changes of bus are significantly
larger, while those of train are relatively smaller than otnedes with statistical significance.
ANOVA and ttests with multiple comparisons reveal that all three groups have different
acceleration rates at the 1% level of significance (Table ITH3se tests verify our solution for



vehicle classificationuses statisticdly significant thresholds All descriptive computations and
statistical analyses were made using SAS software (version 9.2).

DF SS MS F-Value p-value
Between Group 2 2.148 1.074 432 HkE
Within Group 75 1.864 0.025
Corrected Total 77 4.012

Significance level: *<.10, **<05, ***< 01

Table 1. Results of Onevay ANOVA

Mode Mode Mean Difference CI(99%) p-value

(A) (B) (A-B)
bus car 0.258 0.127 0390  #%*
Turkey bus  train/tram 0401 0270 0532  kxx
car  train/tram 0.143 0011 0274 %
bus car 0.258 0.126 0.391 *okk
Bonferroni  bus  train/tram 0401 0268 0534 %%
car train/tram 0.143 0010 0275  #*x
bus car 0.258 0.121 0395 %«
Scheffe  bus train/tram 0410 0264 0538  *xx
car train/tram 0.143 0006 0280  **x

Significance level: ¥<.10, ¥¥<.05, ¥**< 01

Table 2 Multiple Comparisons between Different Modes (itest)

5. Evaluation results

We have performed several deployments and accuracy evaluations of our application. The following
figures are based on comparing the results of our method to ground truth using data coll@6ted by
users.Users noted their activities every time yttgot on and off a vehicle, and also when they did a
nonvehicle activity. This anotated log enabled us to create the gretoutth for each dataset. The
recorded activitywas within Zarich, and male use of the local traingram, buses, walkways, and
private cars.



User No. Starting points Destinations Time Ground truth Classified as Acceleration Verification
! Halmhaus Bucheggplatz 15:19 tram tram 0.162 TRUE
Buchegplatz ETH hoenggerberg 15:40 bus bus 0.986 TRUE
2 ETH Universitatsspital Bucheggplatz 9:52 tram tram 0018 TRUE
Buchegplatz ETH hoenggerberg 10:02 bus bus 0.735 TRUE
3 ETH hoenggerberg Meirhofplatz 15:00 bus bus 0.371 TRUE
Meirhofplatz Escher-Wyss-Platz 15:05 tram tram 0.003 TRUE
Escher-Wyss-Platz Silcity Nord 15:17 bus bus 0.926 TRUE
4 Glaubtenstr, Oerlikon 14.06 bus car 0.103 FAIL
Oerlikon Dictlikon 14:29 train train 0.032 TRUE
Dietlikon Zurich HB 15:45 train train 0.011 TRUE
5 ETH hoenggerberg Meierhofplatz 13:46 bus bus 0.351 TRUE
Meierhofplatz Zurich HB 13:59 tram tram 0.067 TRUE
6 Holzerhurd Kernstrasse 18:21 bus bus 0.532 TRUE
7 Werd Neuaffoltern 18:22 car car 0.084 TRUE
Einfangstrasse Flughafen 16:27 car bus 0.301 FAIL
Zurich HB Limatplatz 16:31 tram tram 0.044 TRUE
Limatplatz Lagernstrasse 18:40 bus bus 0.407 TRUE
8 Galubtenstr. Escher-Wyss-Platz 8:30 bus bus 0.293 TRUE
9 Lauffohr, Dorf Untersiggenthal , Holzli 18:46 car car 0.288 TRUE
Untersiggenthal, Holzli Lauffohr, Sommerhaldenstrasse 19:01 car car 0.096 TRUE

Table 3. Accuracy of our transportation mode detection algorithmThe algorithm was evaluated by using
ground truth data. Our method achieved, on average, 82.05% accuracy.

Fig. 9. An example of half hour acceleration signal and output déeftam the detecting algorithm

Fig. 9 shows detailed results from our transportation mode detection algorithm for one example
datasetThe detection output shows 6 segmentations (except for walking) are classified and three



