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Citywide traffic analysis based on the combination ofisual and analytic approaches

Abstract

A methodfor citywidetraffic analysiss introducedased on the combinationwaualandanalytical
approacks Largevolumes of GPS data collected from urban vehicles are utilized. In the method, a
traffic-conditionmapis constructedcomposed ofive different layers featuring traffic conditions, road
linkage, travel patterns, congestion zones and trafficsfloaspetively. Based on the mappscific
transport situations surrounditige congestd areas are examined and ways of reducing congestion are
suggested. The method is evaluated iratigregated metropolitan area of Athens and Piraegi@seece
and the potential arttie effectiveness of this technique in analyzing traffic are demonstiafiétamore
and more urban vehicles being equipped with GPS devices, the method can be easily transferable to other
regions,paving the way for the adoption ofthe approach foan upto-date spatialtemporal sensitive
visual and analytienethodfor traffic monitoringthat supports the establishment of a more sustainable
urban transpoation system.
Keywordsvisual analytical approachesaffic conditions travel patterns, congestion, GPS data

1 Introduction

Batty (2013) considers a city as a system composed of movement flows (between locations and
between activities), networks of relationships, and interactions among various entities. For understanding
the urban movement flows and traffidoth visual analytical approaches (VA&Nd statistical and
algorithmic approaches (SAApve beeevelopedThe methodanalyzeavariety ofbig mobility data
including GPS (Global Positioning Systems) (e.g. Cheah @019 Liu et al. 2019, mobile phone (e.qg.
Skupin2013), smart card (e.dtoh et al. 201§ and spaceand timereferenced social media (e.g. Chae
et al 2014 Lansley and Longley 20)&lata Big mobility data (particularly GPS data) offer detailed
movement trajectories, enabling teaminatiorof urban mobility in highly spatisiemporal resolution
and across a large part of the transport network, having great potential in supportieg.polici

However, vhile a multitude of VAA and SAA reabeenadoptedfor mobility and traffic analysis
there are few studies on the combination of these two types of approHmhexistingvVAA (and their
implementation software programs) are usually mandgefalp a limited size of data (e.g. a few
gigabytes (GB)), but would be very slow or even fail when being applied to extremely large volumes of
data (e.g. dozens of GB). Image processing requires a lot of memories, and displays even on a middle
level of resolution cannot show millions or even billions of movement points at the same time without

completely cluttering the screen (e.g. Andrienko et28ll3b). Thus, SAA which are capable of
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efficiently processing a large size of datee sorely needed to néck the data volume by data aggregation

and selection, and to bring out the important properties. However, such statistical and algorithmic
methodsthough being able to generate tables and figures or to display the analytical results on a dynamic
map €.g in a route planngrthey areinefficient in enabling interactive exploration of the analytical
process under various parameter settings and scenarios. The methods also have limitations in supporting
traffic managers to maximally utilize the derived results for gaining more insigtitdesaigning more
effective policy measures. This is exactly the challenge, and if a methodology (or a process) can be found
which tightly integrates the VAA and SAA techniques into a common development framework, the
integrated method would utilize theestigth of both approaches and enable urbability andtraffic

analysis in an interactive manner while based on large volumes of GPS data.

To this end, a visual and analytical method combining both VAA and SAA techniques has been
developed in this paper,ithr the goal of interactively systematéxamining traffic conditions and
analyzing congestion problems across the entire urban@oeapared to existing VAA and SAA, the
proposedmethod offers the following advantages. (iLjntegratesVAA and SAA into a common
framework, enabling visual and analytiealalysis on urban traffic based on large sizes of GPS(@ata.

The visualization allows interactive inspection into traffic situations, facilitating analysts and traffic
managers acquiring more insightgrithg the develomentprocess of the approach and the exploration

of the derived result$3) Due to the utilization ofmassive data, the derived results are more objective
and representative. (4) A unique citywide traffenditionmap is constructed, cqrised of five
different layers featuring key aspects (i.e. traffic conditions, road linkage, travel patterns, congestion
zones and traffic flows)fahe road network respectively. Thiaabéscomprehensive analysis anban

traffic by means of various athinations of these layers. (5) Specific transport situations surrounding
the congestion areas are examined and ways of reducing congestion are suggested.

The rest of this paper is organized as follo®sction 2gives literature review while Section 3
details the proposed meth@dcase studis performed irSectiord, and finallySections ends this paper

with major discussions and conclusions.

2 Literature reviews
2.1 Visual analytics fourban mobilityanalysis

The science of visual analyticalpproachesdevelops principles, methods and tools to enable
synergistic work between humans and computers through interactive visual intifaocesas and
Cook2005). Such interfaces support the unique capabilities (e.g. flexible application of pridedgew
and experiences, creative thinking, and insights) of humans, and toeggé DSDELOLWLHV ZLWK
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computational strength, enabling the generation of new knowledge fromvtaitgeesof and complex
data recorded from urban ardagy. Xie et d. 2019).

VariousVAA have been developgaind theyexplore mobility and mobilityrelated phenomerfeom
different perspectives. A review by Andrienko and Andrienko (2013a) considered apprivachése
data processing perspectivie includes analyzingndividual trajectoies (e.g. trajectory cleaning and
clustering, andtransformingrajectoriegnto data of vanus spatiatemporal resolutionA more recent
review (Andrienko et aR017) outlined approachdésom the travel and driving behaviperspectiveln
terms of travel behavior, it consists of understanding the details of individual movement traces and the
variety of taken routes; assessing the dynamics of aggregated movement of a group along routes of a
single road, between origins andstieations, oracrossthe entire study aredVith respect to driving
behavior, the review describes methods of detecting movement events (e.g. harsh brakes and sharp turns
and analyzig the context, impact and risk the events. Moreover, Markovic et €2019) presented a
viewpointfrom thetraffic modelling andnanagement perspectj\apecifying the following problems of
interest: estimating travel demarathalyzingand predictingraffic conditions,designing public transit,
improving road safety, arassessing impacf traffic on the environment.

2.2 Statistical and algorithmic approaches on traffic studies

Alongsidevisual analytics,tereis rich literature orstatistical and algorithmiapproachesor urban
mobility andtraffic studiesbased orbig mobility data The most commonly used techniqué-ieating
Car Datawhich employs a numberfdGPSequipped vehiclege.g. taxi3 as moving sensors to build
Intelligent Transportation Systems (IT®)order to monitor regime traffic condition®onthe road and
predict shorterm traffic evolution(e.g. congestionfe.g.Dias et al.2019). The information is further
used for dynamic routing and navigatiom a route planner e(g. the google map
https://www.google.be/maps/@50.9304038,5.3372893, L3 provides a realtime solution to an end

user, enabling individuals to effectively manage the current traffic and optimize thatiatil of existing
transport networlcapacitiesApart fromreattime analysis efforts havealsobeendevotedto examine
majortraffic parameterduringa certain time period (e.geveralveeks, months or yegnssinghistorical
GPS data. The goal is systematically analy uncover and sobstraffic problems that are persistent
for long time in order tosupport longasting transport improvement. Thgical researchncludes the
followings. Zenget al.(2019) developed a Cellular Automaton model to estimate traffic flows for single
and two lane highwaysyhile Yuan et al.(2011) proposed anmproach of deriving travel timef
landmarksthat are road link frequently traversed by taxis. MoreovRyan et al. (209) construced

models oftraffic density(the number of vehicles per unit length of the roadway) and further prddict
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congestion levelaind effects of weatheron congestion Cui et al. (2016) developedurban mobility
demand models and detected serious mismatch between mobility demand and road network services
uncoveringmajorcauses of congestion the studyarea

3 Themethod
3.1 Overall structure of the method

The methodntroduced hereonsistsof four major steps (1) The entire study area is divided into
zones, antdhreematricescharacterizing traffic conditions, road linkage and travel patterns of each zone
or zone pair areonstructednd visualizef(2) Based on thmatrices congestiorzones are detectp(B)
Major sources of traffic flows in thebtainedcongestionzonesare analyzed(4) Specific transport
situationssurrounding the congestion areasfurtherexamined and ways alfleviatingcongestion are
explored.Prior to theesteps, a preliminary step is condutfer raw GPS data preprocessaud trip
extraction.

To realize the above steps, two componeantdudinga VAAanda SAA componestareadopted
accommodatingheVAA and SAAtechniques respectivelin thepreliminarystep, heVAA component
is appliedto a smallsample datasetrawnfrom the entire dataset(the wholedata used in the analykis
in order to interactively examine tlgata extract rules for removindataerrors,andspecify parameter
values for trip extractiorBased on thgeresults the entire dataset isleaned and trips acderivedin the
SAA componentin the next steps (Steps3), threematricesfor traffic conditions, road linkage and
travel patterns areonstructedisingthe obtained trips1n SAA, and congestion zones and major sources
of traffic flows in thecongestiorarea are furtherecognizedAll the results aréhentransferred to VAA,
in which they are visualizedn different layers ofa map (the traffic-conditionmap). In the last step,
specific transport situations surrounding the congestion zondardrer examinedbased orthe map
and ways of alleviating congestion aresestigated The connectiorbetween the two components
includes4 parts: the extracted rules; ttieee matricesthe detected¢ongestion zonesand the rajor
sources of traffic flows in the congestion zanElse first part (the extracted rulas)linkedfrom VAA
to SAAthrough knowledgé&ransfer while the last three parts (themputedesults) areonnectedrom
SAA to VAA by means oftlata transfefi.e. byexternal filesof CSV or XML). The overall structure of
the method is shown in Fig. Where the connection posgparts)between VAA andSAA areindicated

with the redsolid arrows between the two components.

Page |5



The VAA component
Qutput: a citywide traffic-condition-map;
alternative routes; and other possible ways for reducing congestion
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Input: raw i Specific transport situation examination and ways of congestion reduction exploration
A sample : Data quality assessment, Traffic-condition-layer, Congestion Traffic
dataset | l': rule extraction, i | road-linkage-layer, and i -zone P _flow
i and parameter specification | i  travel-pattern-layer  {i -layer | i -layer
S R AR ———— . . T SR — 4 eressssssssasanes -
Data cleaning rules (Ext|ernal files (e.g. CSV or JXML) Connection
points
The SAAJ component
.................. - T
The entire ! i Datacleaning { i  Traffic condition, i Congestion |} i Major sources of
dataset  {mym—pi and trip m: road linkage and travel i zone mp; traffic flowsin
] extraction pattern matrices i i detection |} i congestionzones i

Fig. 1Overall structureof the method

3.2 GPS data preprocessing and trip extraction
3.2.1 Rule extraction and parameter specificamoiAA
Definition 2.1 A GPS trajectory from a vehicle can be described as a sequence-ofdiened GPS
points, i.e.Tra=pa(id1, L1, t1, a)- « -p(idk, Lk, &, &); wherepc N «. represents a point with its
identification(ID) asidk, longitude and latitude ds=(Xx, Yk), time stamp a&, and attributes aa (e.g.
instant speetk and headindy), andK is the total number of the points.
Raw GPS data usually contain bad records caused by random (ergprslouding) the existing
visual analytical approach on data hjtyaassessment and trip extraction (Andrienko et28l6) is
adopted. In ta method errorsthat may occur in all aspects of the data, namely éntespacée.g.time
intervalsand distancebetween two consecusvpoints) andther attributes (e.g. instant speeds and
headings)are examined. For trip extraction, the following steps are undertaken.
1) For a group of consecutive points.g.pi(idi, Li, t, a)- « -pi(id;, L, t, g) (>i), if each of the
points hawi =0 (k=i «j) and if the stop duratiotswop (tsto=t;j &) islongerthan a parametdact,
the points are clustered intstplocationwhere the persostaysfor doing activities.

2) The points in between two adjacstiplocations are extracted as a candidate trip; if the distance
(computed according to Formula d@tween the first and last points of the trip is larger than a

thresholdTHrrip, the trip is retained.
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The abovanethodis applied to the sample datadet which dataerrorsare identifiedand rules for

eliminating theserrorsare generated/ioreover, appropriate values foHact andTHrrip areset up

3.2.2 Data cleaning and trgerivationin SAA
Based orthe abovederived rules and parametsgttings the entire dataset is cleaned and trips are

derivedin SAA. For each of the obtained trips, iEip=ps(ids, Ls, ts, &)- « S(idm, Lm, tn, @m) « S(idn,
Ln, th, &) «-pe(ide, Le, te, @) (S” P Q ")Hhe travel timdmn, travel distanc@n, and travel speednn of
the segment of the trip betwepnandp, arecomputed as follows
tmn th tm (1)

n 1
dmn 1 [D(Pks Pk 7

kK m

dmn
Vmn t
mn

Where,D(px, pk+1) is thegeographiaistance between two consecutive popiandpk+1 derived from
theHaversine formuldghttps://en.wikipedia.org/wiki/Haversine_formila

3.3 Citywide traffic condition, road linkage and travel pattelharacterization
3.3.1Study arealivision andtrip projectionin SAA

The entire study area is divided ir@@oid_X x Grid_Y disjoint zones using a grdlased method, with
each zoneébeingidentified as Z (i= « Grid_X x Grid_Y) or Zy,2 (i= « Grid_X andix>= «
Grid_Y). The temporal dimension is classified into differemte periods of a dafTimeP and different
types of the dayDayT), including weekdays, weekends and public holidays. Based on the spatial and
temporal division, each point of each trip is projected into the corresponding zones apertotde

Definition 2.2For each tripTrip= ps(ids, Ls, ts, &)- « - pe(ide, Le, te, @¢), all the GPS points along the
traceare matched into zones, generating a trip at the zone leVelpasone = Z(ts)- « -Ze(te), with Z

L V kkferring tothe corresponding zone. Moreover, the consecutive zibragsre identical are

further combined, leading toteavel pathof the trip, i.e.Path=2s « -Ze, with Z; (j=s «€) denoting the
distinct zone passed by the tripeeFig. 2).

(&) () | zd)
»o g I; . & wvo pd
v® . Ao o
o Pk-1 pk+1 o S
q & Pk+2 Pr+s
(Zo ) g \
°Po () () (Zn)

Fig. 2 The zones and trips

Page |7


https://en.wikipedia.org/wiki/Haversine_formula

Note: the blaclgrids represent zones, the curves are trips, and the dots along the curves denote GPS points. The blue curve
(trip) starts and ends p§ andpq respectively, covéng 4 zones 0¥, Zy, ZiandZy, i.e.Path=2,-Z7-Z4. ForTC, the segment

of the trip traversing; (in red) is betweepk and pws; for RL, the segment passiay, Zy andZ is betweerp, and py.s; for

TP, the entire trip betweem, andpq is adopted. Moreover, the orange and green trips describe the trip sé@gwvensingZ,,

Z; and Zy, as well asZy, Zj and Z, indicating the existence of road connectiv@ly>Z->Zy and Zn->Z->Z;, respectively.

However, these two connections are not linked ingjdeading to the absence of the connectidtyz->Z,.

3.3.2Matrix construction in SAA

Based on th@rip-zoneor Path of all the trips threematricescharacterizingraffic conditions, road
linkage and tvel patterns of the study areee constructedespectively.First, the trafficcondition
matrix TC(4, TimeP, Day, DayTaccommodates all trip segmenkat traverseeach zoneZ within
TimePon theDay with the type ofDayT. Two variables arderivedfor eachmatrix element including
the total numbe(M;) of trip segments that travergeduring thetime of TimeR, Day andDayT, and the
average travel spedtli) overall the segment3.he later variableis computedoy Formula 2.

Mi

! ' (W)
v wai 7
Mi
Where,w represents a trifhat passeg&;, pmyandpngare the first points of the trip idi and out ofZ;

respectivelySeeFig. 2), andvyy™ is the speedf the segmerbetweerpmsandpn (SeeFormula 1)

Secondly,the roadlinkagematrix RL(4, Z, Z, TimeP, Day, DayTHescribegrip segments that
successivelypassthree zones af;, Z andZz in TimePon theDay of DayT. Two features are extracted
for each matrix element, including the total num@ ) of the segments and the average sp@&o
over the segment¥j is computed according to Formula 3.

M ijl

v

Vil w 1__ (3)
M ijl

Where,w represents a trifhat passes;, Z; andZ, pmg&ndpn g are the first points of the trip ih and out

of Z respectively $eeFig. 2), andypy 'y is the speed of the segment betwear and pny.gRL

characterizesoad connectivit(Zi->Z->2)) betweenz;, Z; and Z;, with the value oMy larger than O
signifying the existence of romdnnectios (in thecorresponding direction) amoftfgesezoneslt should
be noted thatjespite the existence of road connections antiomeg neighbouring zones.g.Z->Zj->Zm
amongZ, Z; andZy andZm->Zj->Z; amongZm, Zj andZ;, these two connections may i linked inside
themiddle zoneZj, leading to the absence of the connectivityZ->Z;, as illustratedn Fig. 2

Thirdly, the travelpatternmatrix TP(Zo, Zq, r, TimeP, Day, DayTjepresents all tripthat originate
from Z,, end inZg, travel along the' distinct path,and start withinTimePon theDay of DayT. Let
Numyg be the total number of the distinct pathbBusr=1 « Numyg. Each elemenbdf the matrixis
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characteried withfive variables, including thigavelpath(Pathyq), thetotal numbefMoqr) Of tripsalong
the path andthe averageravel speed(Vodr), travel distance(Lodr) andtravel time Todr) Over the trips
Vodr, Lodr andTogr are obtained as follows.

M odr
Cvm
1

w
Vodr M odr (4)
M odr

Vodmyt

w 1
M odr
M odr

: tmmn...(w)
w1

M odr

Lodr

Todr

Where, vip'' '@, dpprpe™ and ¢y arethe travel speed travel distanceand travel timeof

the entire tripw (i.e. between the first and last pasnfpr g @ndp o 1) kespectively(SeeFig. 2)

3.3.3Matrix visualizationin VAA

Once tle matricesare constructed, they arenportedand visualized in VAA Specifically, br a
chosertime period andlay (or day typ@, the variables from each of theatrices including M; andV;
from TC, Mji and Vjj from RL, and Pathvar, Modr, Vo, Lodr and Toar from TP, are visualized oithree
differentlayers {ncludingthe trafficconditionlayer,road-linkagelayerandtravel-patterntlayer) of the

traffic-conditionmaprespectivelyfor a parior the entire study area.

3.4 Detection of congestion zones
3.4.1 Congestion zondetectionn SAA

To detect congestion zones, the methambosedn theliterature(Cui et al.2016a; Zhenget al.2011)
is adopted This approactconsistsof two steps; the first is to identify zones with congesgachday,
while the second is examinlkee occurrencerobability of the daily congestion over all observation days
The aim is to detect zones thagularlysuffer from traffic problems

(1) To detect congestion on a day, the zones MithTHm;andVi<TH,; are selected, wheid; and
Vi are the number of trip segments and average speed of the segniZedtsimg TimePof the dayand
THmz and THy; are the threshold®r the minimum number of trips and lowest speed in normal traffic
situations inTimeP, respectively. The conditiokli>THm; ensures thathe detected zones have a high
volume of traffic and they thus may accommodate important travel corridors or activity locations (e.g.
high-density residence, employment, shopping and/or leisure areas). This high volume alsotlemables

value ofV; to be more accurate and better represent the traffic corglitiaghe corresponding zose
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(2) To differentiate the situations between temporary congestion for only one or several days caused
by anomaly events (e.g. traffic accidents or road construction work), and systematic problems that remain
for long time and constantly cause poor transporfop@ance the occurrence probability (Pof the

congestionn Z; over all the observation days of the same type is further compyteokrmula 5

Num(DayT) (
i I(Mi 'THmzand vi TH
Day 1 | THVZ (5)

N(DayT)

Where,Num(DayT)denotes the total number of the dayDayT.I(x) is a Boolean function witkx as

Pi

the logical parametels1 if x=true andI=0 if otherwise.The zone withP; larger than a thresholtHcon

is chosen as eongestion zoneeferred aZcon( TimeP, DayT.)

3.4.2Congestion zoneisualizationin VAA
All the detectecdtongestion zones awvésualizedon the 4" layer (congestiorzonelayer) of themap
showing the geographic distribution of siee@reasDetailedtraffic conditions, road connectivity afot

travel patterns athesezonescan be observed from tipeeviousy constructedayers

3.5 Major sources ofraffic flows in the congestion zones
3.5.1 Traffic source iddification in SAA

Definition 2.3Given a congestion zorko(TimeP, DayT,)all trips that start, end or just pagsnin
TimePof DayT are extractedandtheyarefurther classified based on the OD zones of the trips. In each
class, ifthe number of trip@ver the total number of the trigModcon) is larger thanor equal to)a
thresholdTHoacon, the class is selectetihe corresponding OD zosiandthe mosfrequently usedoute
of the trips are defined asmajor source of the traffic flows ince, referred assource(4-con, Zd-con,
Pathvgcon). Zo-conandZg.con representhe OD zonesandPathvacon is the travel pathi,e. Pathvdcor=Zo-cor
« Zi «-Ze-con, With Zo-cor=Zcon, Zd-cor=Zcon, OF Zk=Zcon (Se€Fig. 3).

G) | ps &(zw,,) (za)

> ™ Pd
r® Pr-1 h o o T
«® Pirly preol =P "+3/’
o) I S
oPo -—1 T (zh) (zr)

Fig. 3 Major sources of traffic flows in the congestion z8ag
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Note: the blaclgrids represent zones, atite gridZ.on (in red) is the congestion zone. The curves denote the trips; four of
which start, end or just paZs., including the red trip starting ifi.on (classified into the stclass), purple trip ending @con

(the 2" class), and blue and orange trips pag&ian (the 3" class). LefTHoaco=0.3, the 3" class is selected as the major
Sourcesource(z-con,zd-con, Path)d-con), With Zo-cor=Zo, Zd-cor=Zd, and Path)d-con:Zo'Zg'zcor‘er or Pathvaco=Zo-Zn-ZeorrZa. The
remaining green tripRath=2,-Zs-Z:-Zy) starts and ends in the same zones as this major source but byFasseugd it is

thus chosen as the alternative route betvilemdZ,.

3.5.2Traffic source visualization in VAA
A 5™ layer (traffic-flow-layer) is constructedpn which all the major sources of traffic flows that start,

end or just pass a congestion z@g& (upon selected) are shown in term&Zefon, Zd-con andPathyg-con.

3.6 Specific transport situatioaxaminatiorandways ofcongestiorreductionexplorationin VAA
3.6.1Alternative routesvoiding the congestion zo&gon

For eachSource(4.con,Zd-con, Pathbacon) Of the flowsin Zeon, if Zo-con *Zcon aNd Zg-con *Zcon, i.€. if the
trips (passingtrips) betweerZo.conandZs-conjust pas<coninstead of starting or ending fon, We search
for alternative routeg¢Pathurer) that start and end in the same zone&sas, and Zq.con respectively but
circumventingZeon. The goal is talivert thepassingtrips to Pathaier to avoidZcon, thus to alleviate the
traffic congestion insid&con. To this endall the distinct pathdRathvar U  « 10§ Rith Zo=Zo-conand
Z4=Z4-con, Obtained fromlP(Z, Zq4, r, TimeP, Day, DayT)are visualized (on theavelpatternlayer).
Among these pathshe ones that do not traversé&.on are selected (if there is existence of such paths),
and thecorresponding value$odr, Vodr, Lodr andToar) are listed iman attribute window.The path with

the shortest travel time (or distance) is subsequently classire alternative routathater (SeeFig. 3).

3.6.20ther mssiblewaysto further alleviate the congestion iRcd

If Pathater is not foundli.e.if all trips between &eonandZq.conhave passedcon, this suggestshatthe
congestion zonéconis critical for linking the corresponding Ofdnes andthatthe traffic situations in
the surroundingareaof Zcon leave less (acceptablehoices fordrivers to takeother routesilt is likely
thatamongall the potential route®etween Z.con andZg.con, the current patRathoacon (€.9. provided by
a route planneas the shortest travel time (or distande)contrastthe other route§f exist) maytake
too muchlonger travel timeor distances thanPathyscon to beconsidered by travelerk this casean in
depth examination into the specifmadsituations surroundingcon is conducted, and theatrix RL(Z,
Zj, Z,, TimeP, Day, DayTik utilized. Theanalysis focuses on the following aspet3.The road linkage
(Mij andVjji) in thesurroundingareaof Zcon consisting o¥Zconand its geographically adjacent zones, (2)
the mismatch between the roadnnections andhajor sources of the flows, and (3) the possitdes
routes that could bgeneratedn order to replace theurrenttravel path.
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4 The case study
4.1 The data and study region

The dataareprovided by a large logistic company in Greece which monitors the travel of more than
6,500 utility vehicles across the country via GPS devices installed in the vehicles. The devices collect
information at an average rate of 0d#hutes(min), generatinglata of 1.07GB each day and 1.1TB
over three years. A range of variables is collected, including vehicle positions (e.g. GPS coordinates and
recordingW LP H G U L i pattevn$ (€dJibstdntspeeds haddings), and vehicle conditions (e.g.
enginestatus and fuel levels). The study regiomtica Basin the conglomeration of Greek cities of
Athens and Piraeus as well as their suburban awattsa population of over 3.5 million inhabitants.
According to the report 7 X V ]\ YZ®&), logistics hadeen a core sector for economic growth of this
region,manifested by a high number of utility vehicles, i.e. 120 vehicles per 1000 residents. Accordingly,
the data cover approximately 1.5% of the total fleet of this dnethis study, thedata of3 months
between September and November of 2&/H8ised, and the total size of the data is 86.43®.adopted
variables include vehicle ids, GPS coordinates and time, and instant speeds.

4.2 The VAA and SAA components

While a range of VAA (e.gRobinsa 2017) and SAA (e.gR and Pythoptools can beuitilized for
the analysis, in this study the two components are implemented by méaAsalytics(the Geospatial
Visual Analytics)andSAS(the Statistical Analysis System), respectivelyANalytics (Andrienko et al.
2013a) is a software package composed of a set of comprehensive functionalities, realizing a number of
stateof-the-art visual analytic approaches. It provides both a basic platform and more advanced
techniques for interactively analyzimgobility data and extracting knowledge from the data. SAS is a
software suite for advanced analytics; it accommodates a multitude of classical and modern statistical
and data management approachtssarchitecture designs enable the system to scale ppriorm

efficient analysis on large sizes of data (P.gpe2017).

4.3 GPS data preprocessing and trip extraction

From all the experimental data, a sample datasesising of 1,300 (20% of the total) vehicles for
a regular weekvith 1.3GB in sizeis generated. The examination into Samnpledata identified the
following data problems. Approximately 0.08% of the points have the coordinatérk as zero, 1.14%
have the instant spegghigher than 130 m/{the highestriving oeed limit in Greee), and 0.04% have

duplicates of the same pointdand time stamps (i.&=idk+1 andt=ty+1).
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Moreover, problems were also revealed regarding the time intervals between consecutive points. Fig.
4 describes the distribution of the intervals. It waked that, while the average is 0.48 min (the typical
data recording rate), the intervals vary over a range3ahin, with the highest peak at 0.1 min. However,
a second peak at 2 min was also observed, accounting for 2% of the total intervals. iestigation
shows that this peak is mainly caused by points that appear either at highways with some intermediate
points being not recorded (e.g. due to bad satellite conngctioat the border of the study are@he
latter phenomenon occurred whenadtdr the study areareextracted from a larger dataset covering a
more extended territory. To extract data from the larger dataset, the data provider just used a rectangle
delimiting the study area and removed all GPS points that lie beyond this aie#eals to specific
cases of data missirvghen vehicles temporarily moveit d the enclosed area and retlrack after a
few minutes, making artificially long time intervals of two consecutive points that consist of the last
position before moving out and first position after returning back. Thus, the points with time intervals

longer than (or equal to) 2 miméthe OD trips that contain such points are both considered as errors.

Frequency (%)
25

20
15

10
s

(1) =
0 0.4 0.8 1.2 1.6 2

2.4 2.8
Time intervals (min)

Fig. 4 Distribution of the time intervals between consecutive points

Based on thebovedetected problems, the following rules are extractedX¢®) and Yk *0; (2)

Vi N P; ®)if idi=idk+1 andtk=tk+1, pe+1is deleted; an@¥) if tk+1-t« 2 min p+1is deleted.

In the trip extraction, suitable settings fidfact and THrrip depend on the research questions. In this
study, THactis set a8 minandTHrrip as100meters This isbased on the data examinatemwell as the
study (Cich et al2016) in whichoptimal values fol Hact and THrrip aredecidedthrough the comparison
betweertrips derived from GPS data anldose recorded ithe correspondingravel diarieqas groune
truth data) Under the former value, stop for longer thar3 min is considered as stoplocation for
activities (e.g. parcel deliveriesyhile according tdhe latter, the movement longer thEHIO meters in
distance is regarded as a trip with cldastinationgthus reflecting travel patternshfhese parameter
values, along with the extracted rules, are applied to the entire dataset for data cleaning and trip derivation
in SAA. Each of he derivedtrips is further examinegl if the original GPS trace dhe trip contains
consecutive pointw/ith thetime intervalsnot lessthan 2 min, the trip is remove#inally, 5.1 million

trips were derived from a total of 91 days, with 8.63 trips on averagadbrvehicle each day.
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The left and right of Fig. 5 describe the distributions of the averageaoid the average number of
points per half an hour over all the weekdays, respectively. From the left figure, clear variations in driving
speeds across different time periods of the day werealed, leading to the splitting of a dayo 7
periods, inclding 7-9am, 910:30am, 10:30ar5pm, 1517pm, 1719pm, 1921pm, and 21prA7am.
The average speed in each of these periods is 35.6, 37.4, 34.2, 38.8, 40.8, 37.8, 43.7 (km/h), respectively
According to the right figure, the average number of points ovealtbgeobtainedperiods is 19.2%
20.5%, 22.7% 20.6%, 10.8%, 6.0% and O& respectively. Large differences in travel demand are

demonstrated among these tiperiods, underlying the causes fibre observed speed deviations.

Average speed (km/h) Number of points per half hour(104)
60 6

50 4

40 2

] L

30
o 2 4 6 8 10 12 14 16 18 20 22 24 o 2 a 6 8 10 12 14 16 18 20 22 24
Hour Hour

Fig. 5 Distributiors of the average ofi (left) and average number of points (right) over each half an hour

4.4 Traffic condition, road linkage and travel pattenatrices
4.4.1Division of the study area

The study area is located in the range of longitid@®e870, 26.587) ankhtitude (35.046, 41.479).
During the constructionf matricesthe entire area is divided into zon&sjd_X andGrid_Y decide the
total number of the study units. The larger these values are, the higher the spatial resolutigrbrgaches
the less the number of observed GPS points in each zone and between zones. In order to derive result:
that are statistically sound and representative, these two variables are set as 400 respectively, resulting in
a total of1.6x10 zones with each lieg 1.62kn3 in size. When tis size is compared to other existing
studies, it was noted that the average size of the units varies depending on study areas and travel modes
It ranges from2.14knt in the Twin Cities for casbasedtransportanalysis (Anderson et &013), to
0.1%n¥ in Denizli of Turkey fortransitstudies (Gulhan et a2013), and t.0%n? and0.05%n? in two

towns of Sweden fdraffic studieson a combination of bikes and autos (Makri and Folkesson, 1999).

4.4.2 Thematrices

Based on the spatial partition, along with the previodstyined 7 temporal periods, thrematrices
arebuilt, including the traffieconditionmatrix TC(Z, TimeP, Day, DayT)oadlinkagematrix RL(Z,
Z;, Z,, TimeP, Day, DayT)and travelpatteramatrix TP(%, Z4, r, TimeP, Day, DayT).iZZ;, Zi, Zo and
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Zqrepresentzones,with M O R ; GLRH3 «D\ « (all the data collection days); and
DayT=weekdays, weekendsd public holidays A range ofvariablesis derivedfrom the matrices,
including the total number gegmentgM) in Z and average travel speed)(of thesegmentsthe total
number of segment8/4j) successivelpassingZ, Z andZ and average speed() of the segments; the
total number of distinctravel patls (Numyd) betweenZ, andZg, ther™ U« 1 %)Pspecific path
(Pathvar), the number of tripsModr) along the path, and the averdggevel speed Yodr), distance odr)
and time Toar) over the tripsBetween different timperiods of the day or different types of days, traffic
conditions in each zone or between zones could differ to a large extent. In the following, the traffic in
the morning 7-9am of weekdays is analyzed, but the same process can be repeated to thengemai
periods and day types. The procedure is identical, but the results are likely to be different.

Fig. 6 demonstrates the visualizationT@ for a part of thestudy areaEach zon&; (on the middle
panel) is described as a rectangle (a grid), and the valube whriablesdttributeg M; andV; of the
zone are represented by different colours of the grid lines or@oaditionson each single attribute or
on the combination of mtiple attributescan be specified, such that only the zones that satisfy these
conditions areshown(e.g. the zones with<20km/hbeing visualized in Fig. 6). From tlisplayed
zones, one can be further selected, tred specificattribute values ofthe zone are presented im a
attribute window On the left panel, the color scheme is described; on the right, the scheme can be re
defined. In thisstudy, only relevantvisualization elements are introduced; more details abdut
Analyticscan be referred tm the literature (Andrienko et é2013a).

=" (i)
Col N A
o gt Bl

(3) Color
scheme
settings

(2) Zon{e} d .

attribute = o

o .ﬁmurli;i--ﬂ
Fig. 6 Visualiztion of he trafficconditionmatrix TC (traffic-conditionlayer)

Note: on the middle panel, each grid represents a zdgtiethe colorof the grid areaeflecting the categories &f of the
zone The smallattribute)window indicates the original value ¥f for the selected zone.

Fig. 7 describes the visualization BL, on which road conneansin the surroundingarea of a

selected zong; (i.e. Z»>24,189 labelled a%i; in the black gridareshown. Tls (surroundingjareaconsists
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of Z and its eight adjacent zones (labelledasg wsthi- "L §” landj- "M Y " WMFig. 7a shows road
connections that start from teudyzoneZz;j, while Fig. 7b7f illustratethe connections thateginfrom
each offive (out of the eight)surroundingzones including Zi.1j, Zi+1j, Zi-1j+1, Zij+1 and Zi+1j+1
respectivelyOn each ofthesefigures, he zonewvherethe connectionstartis highlightedin the purple
grid, andthe connectionamong three zonas expressed as a curtfeatstars and end in the first and
last zones respectively while passing the second. Zake theconnectiornZ;j->Z;j.1->Zi+1j-1 in Fig. 7a
as an example, the purple curve describesdahnection thabeginsfrom the small green circle id;,
pasgsZij-1 and ends at the erfdrrow) of this curve inZi+1-1. The colour and/or thickness of the curve
reflecs the average speel() and/or the number of trips/;) along the connected roadspart from

the black and purple grids, the red grids represent the congestion zones (detected in Section 3.5).

Zi1.j+1 Zij+1 I a L Zi1j+1 Zijaa b Zisgrs | Zigr | Zirge C
3 | \ Zi+1.j+l
\
Zi-l-j Zi.j Zii1,j .
i Zi1; Zij || Zir,
Zi1j1 | Zij1 Zisija \
k S
Zivjr | Zija  Zierga Zijr  Zinaa
Zi.j+l| = -
Zi1.j+ : Zirj1 5+ s £ Zi.l.juZ"’ﬂ Zi+1.jﬁl+l"+l i
at j—
Zii1,j+1 i
\
Ziri) Zij Wi+ Zir i) 73 021, Zi1i | ZiifZi+1,j
Zi1j1|Zij1 Zis1,ja Zi1j1 Zl,.HZi“ij—l Zs 1,51 Zi.jAlZiH-j-l
———— ~ gt .

Fig. 7 Visualiztion of he roadlinkagematrix RL in the surroundingirea ofzZj (roadlinkagelayer)

Note: the blackpurple and red griddenotethe selected zong; (i.e. Z»24,189, the zone where the connections stanijthe
congestion zones, respectively.cBacurve describes the connection am8rapnes, starting from the green circle in flie
zone, passing th&" zone, and ending at the end of the curve irBttheone.The color of the curve reflecig; of the roads.

From Fig. 7, road connections starting frammoneand variationsin the connections across zones
wereobserved. For example, there are only 2 connecttaringfrom Zi+1j (Fig. 7c), while 15 and 7
connectionriginatingfrom Zi.1j (Fig. 70 andzij+1 (Fig. 7€) respectively. However, despite multiple
connectiongrom acertainzone, there could be lack of roads in certain directions, e.g. no connections of
Zi1j->Zi1j+1->Zij+1 Iin Fig. 7bor Zij+1->Zi1j+1->Zi1j In Fig. 7e Furthermore, the three zones involved
in a connection may not be geographically adjacent; there could be intermediate zones in between, e.g.
Zi1ji1->Zivrjr1->Zivzje1 (FI9. 70, Zijw1->Zivrj+1->Zivaj (Fig. 76, and Zivy j+1->Ziv3 j->Zivsj (Fig. 7),
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with the zon€Zi.1 j+1, zonesZi+2 j+1 andZi+3j, andzonesZi+2j andZi+a; being skipped respectively. This
is resulted from two consecutive GPS points that skip one (or adewyraphically adjacenzone(s)
in between these pointsdicatingof a high likelihood that travel speeds of the points are high and that
the connected roads are featured with a high speed limit. Further investigation discloses that there is
indeed a highway going through theighbouringzoneszi.1 j+1, Zij+1 andZi+yj+1.
All the above observatiordemonstrate the ability dfig. 7in depicting roachetworksituations in the
surroundingarea of a selectgq@ongestiongoneZ;. This information, combined with the major traffic
sources of the congestion zofes displayed in Fig. 11 and 12pecomes an important tool for the
identification ofmismatch between traffic flows and road network services surroutitgngongestion
area, enabling furthexxamination intdhetraffic problemsThis will be elaboratedn Section 4.7.2

Fig. 8illustratesthe visualization o P, on whichtravel patterns between a selecede paiiZ, and
Z4 are displayedhs curvegepresenng all the travel paths (i.ePathar U « 1o Petween the
corresponding zones.h& colour anbbr thickness of the curves reflect the values ofttheel speed

(Vodr), distancel(odr) and/ortraveltime (Toar) along theepaths.

J_—E‘L_U & :j J‘['_]

el £
ESf

Fig. 8Visualiztion of te travelpatternmatrix TP (travelpatternlayer)
Note: the purple grids are theelectedorigin and destination zon&s,g 185 andZzz4190respectively, and the black grid is
Z224189 The curvesepresent allhe (two) travel paths between the OD zonetth the color denoting the travel speed

T 1

4.5 Congestion zone detection

In thedetection THmz THyvz and THeon are designated as 20km/h and 0.8 respectivelpased on
theliterature(Cui et al.2016a; Zhenget al.2011) in combination witithedata sampling rate and number
of sampling vehicles in thexperimental datd his leadgo 184 zones being filtered out as the congestion
zones. These places have undertaken at least 40 trips in the morning per weekday, and suffered from the
average travel speeds lower than 20km/h at least for 4 in 5 of the days. FsgriBedthe geograbpic

distribution of all the congestion zones.
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Fig. 9 Geographic distribution of all the congestion zones in the studycamgestiorzonelayen
Note: each red grid represents a congestion zone

4.6 Major sources of traffic flows in the congestion zones

To analyse traffic flows in the congestion zones, a typical congestionZzay@s was used as
demonstrationThis zone is located in the commercial area of Athens, and the average speed and number
of trips in the morning each day this areaare 18.6km/h and 201,.8espectively. All the morning trips
over all the 65 experimental weekdays are generat@8®yliginct OD pairs. Amonghese trip20.5%
both start and end 24,189 13.9% and 21.9% only start or end in this zone, and the remaining 43.7%
just pass this area.

Let THodcon=0.05, 8 OD pair$2.1% of all theODs) are filtered out; trips between each of these pairs
contribute to at least 5% of the total flows4sps,189 Table 1 presents these ODs, and Fig. 10 further
illustrates the common patRdthyqcon) for each of theeODs From theefigures it was notedhatthe
major traffic sources 224,189 are from the west to ihzone Fig. 10c and 10g from thiszone to the
east (Fig. 10d), from the edbkrough this zonéo the westig. 10e and 10Qfor to the norti{Fig. 10h)
and from the nortlthrough this zonéo thesoutheast (Fig. 10i).

Table 1 Major sources of traffic flows Hy4 188

OD-ID | Zocon Zg-con Pathydcon Mogcon | Flow

1 224,189| 224,189| (224,189)(224,189) 20.5% | Start and end
2 221,189| 224,189| (221,189)(224,189) 10.4% | End

3 224,189| 225,189| (224,189)(225,189) 7.1% Start

4 237,188| 221,189| (237,188)(237,187)(236,187)(236,186)(235,187)(234,187) 6.5% Pass

(234,188 )(233,188)(232,188)(231,188)(230,188)(230,189)
(229,189)(228,189)(227,189)(226,190)(225,190)(224,190)
(224,189)(223,189)(222,189)(221,189)

5 232,186| 221,189| (232,186,)(232,187)(233,187)(232,188)(231,188)(230,188) | 5.3% | Pass
(230,189)(229,189)(228,189)(227,189)(226,190)(225,190)
(224,190)(224,189)(223,189)(222,189)(221,189)
223,189 224189 | (223,189)(224,189 53% | End
7 229.188| 224,190 (229,188)(229,189)(228,189)(227,188)(226,188)(225,188) | 5.1% | Pass
(224,188)(223,189)(224,189)(224,190)

o]
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8 224.190] 230,183 (224,190)(224,189)(223,189)(223,188)(222,188)(222,187) | 5.0% | Pass
(222,186)(223,186)(223,185)(224,185)(225,185)(226,185)
(227,185)(227,184)(228,184)(229,184)(229, 183)(230,183)

*: the columns from the left to right represent the id of@fzpair, origin zonegestination zone, common travel path, number
of trips between the OD zones, and direction of the flows. Zonegemtfied with the grid numbersin the longitude and

latitude dimensiongespectively The study zon€224,189)(Z224,189 is in bold.
[ o
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Fig. 10 Major sources of traffic flows 24,189 (travetflow-layer)
Note: the blackand redgrids areZ»»4,189and congestion zongrespectively The curve describes the typical p&thodcon
and theattributewindow lists the value dfl.qcon Fig. a displays all the 8 paths and Fig.depicts each of these paths.

4.7 Specific transport situations and possible ways of reducing conges#en 189
4.7.1 Alternative routes

Out of all the majosources listed in Table 1, four (i@D-, '} " ) havepassedZ224,189 The
examination into the tripdiscloseghat only one of these sources, OD-ID=7 from Z29,188t0 Z224,190
(Pathod-con=Z229,188 Z229,189Z228,189Z227,188 Z226,188 225,188 Z224,188 223,189 Z224,189 Z224,199 (Fig. 10h), has
one additional travel route that bypas&es 1s9 This path, i.ePathhar=2Z229,1882229,189Z228,189Z227,189
Z226,100Z225,190Z224,19q IS Subsequentlghosenas the alternative rou{@athater) that could replace the
original path.Fig. 8 describes this routéhé curvein green),andthe orangeurveon this figureis the

original path Pathodcon) that traverse®o24,189
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The comparison betwedPathuter and Pathvacon delimits the following differences (Table 2§1)
Pathuter has alower average spee®§3km/h) but shorter travel distance (10.9kiian Pathvdcon
featured withthe speedand travel distance &5.4m/h andl2.7kmrespectively (2) Both routesare
mainly comprised ofroadswith high speed limitsHowever, due to heavy traffic in the morning rush
hour, the average speeds of both rodtesot reachher limits. Particularly, the part dathydconinside
Z224,180 SUffers from heavy congestion and low dniyispeeds (i.e. the average speed of 18.6km/h),
leading to the overall travel tinef Pathygconas 21.5 min. In contrasd/though thavholetravel time is
23.1 min (1.6 min longer thaPathvacon), Pathater has a stable traffic condition along this patiith the
average speed at each zone passed being higiree@&m/h. (3) Regardles®f the abovedifferences
more people have tak&athydconthanPathurer, with the average number of trips per day as (&B837%)
alongPathodcon but only2 (16.3%)throughPathuiter.

Table 2 Comparison between the orignal path and the alternative route

Route Number of | Number of congestior Route Average Travel time Number of
Zones passe( zones passed distance (km)| speed (km/h) (min) trips per day

Pathuiter 5 0 10.9 28.3 23.1 2 (16.3%)
Pathbd.con 7 1 12.7 35.4 21.5 10.3(83.7%)

7R KDYH D IXUWKHU ORRN LQWR WKH WUDIILF VLWXDWLRQIV RI W
SHBMURRG DP ZKHQ WKH DYHUDJH GUEMHQJ VSHHG QY WK NV XH
VSHHLG24RILQFUHDVHV WR NP K 7KH Yathix biodrPd&lipeGLMYLIHR Q@O \RR
LPSURYHG ZLWK WK4¥.4ki/H bnd SAHBIWPSK EWYW PAKWLOYHOGYV WR WKH W
D {B@ min, and the numbers of trips per day as 3.1 (39.7%) and 4.7 (6@3%Y,S H.HWIE,Y HO\
in relation to the morning rush hoWathuier is more closed t@athyaconin terms of travel time (only 0.5
min in difference) an@®athuter also undertakes more trips (23.4% maonghe RIBHDN SHULRG
From the abovanalysis it was noted that the majoritg§3.7%and 60.3%pf travelers between the OD
zones from Z229,188t0 Z224,199 adopt the original patRathydconinstead ofPathuier (during #9am and
DP UHYV S HApavtifrgral <horter travel time (1.6 mamd 0.5 mirshorter), there could be other
factors contributing to the route choice (e.g. poor conniéctdetween the higlspeed roacnd local
roads insideZ229,1880r Z224,190along the pathiPathater). Moreover, given that the experimental data are
generated from utility vehicles for logistic purposes, the route patterns may not be representative of all
trips between the OD zoneRrivate trips may exhibit different route choices from the observed ones.
Thus, before any management decisions (e.g. replRaitigy.conWith Pathaer under certain enforcement
measures) are made, detailed inspection should be conducted regardiRgtighyon is preferred to

Pathuter and what is the representability of the observed route patterns.
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4.7.2 Other mssible ways talleviate the congestion

For the remaining three sourcés. OD-, '} " ) that passZz24,189 NO other trips have been
observed between the corresponding OD zones that circumvent the congestidhgzdrie describes
these source@n thered and bluelash curveswhichare fromZzz7,188t0 Z221,189 from Z232,186t0 Z221,189
andfrom Z24,190t0 Z230,183 respectively accounting for 16.8% of the total flows #224189 The road
connectiony7 in total) starting fromZz24,1900n the roaedinkagelayer @described inFig. 76 is also
displayed(in the green, red and orangelid curves).From the zoometh map inFig. 11b it was
observed thahe connectionbeginfrom Z»24,190andgo to the northwest, nordast, southeaand south
respectively However, noroad connectons arepresent towards the direction tife southwest, i.e.
Z224,190>Z223,190>Z 223,189 (the missinglink) (shown in the black curyeThis causesall the tripsfrom
thesethree sourcestaking the connectionZz24,190>Z224,189>Z223,189(i.€. traversingZz24,189in order to
reachZo23 189from Z24,199. Due to the missingjnk, mismatchis formedbetweertheroad connectivity
(among the threeonesZ»24,10q Z223,190andZ223 189iN the corresponding directioahd theemajor flows.
Furtherinspection revealthatthere araoadsavailable in the area of these zonsgisofvnin the black
circle), including a highway and several local roaBsit there is lack of connectisbetween the high
way and local roads insid®23,190 These roads are only linkedarurther area 0fZ222,190 Thisleads to
none of the trips of these sourad®osingthe highway and local roadis order toget t0Z223,189from
Z224,190 While avoiding Z»>24,189(i.€. none of the tripgaking the connectio224,190>2Z223,100>2Z222,190
>7223189. Thus, if new roads (shown in the black arromgrebuilt to connect thdighway and local
roads irside Z»>23,1099 the missingink (Z224,100>Z223190>Z223189 could be generatednablingthese
major flows to be diverted from theriginal connection(Zzz24.100>Z224,18>Z 223189 to the new link,

thereforebypassingZo24,189
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Fig. 11 The three majaources and the road linkaggarting fromZz24,190

Note:on both a and kthe black grid represe@bs 189 the dash curveim red and bluare the major traffic sourceand he
solid curves in green, red and orarage the road connections starting frorgaZee The blackcurve, circle anérrowon b
denotethe missinglink, the areacontainingthe mismatch, anthe proposed new road, respectively.

Similar situations occur to the source@D-I1D=7. Apart from the alternative route identifiedSection
4.7.1,there could be other ways to divert the corresponding trips. Figad@d2bdemonstrate this
source(in the red dash curieom Z223,180t0 Z224,199; the road linkage starting fro#p2s,180(depictedn
Fig. 7b is ako shown It was noiced that despitevarious(15 in total)connections fron¥z23 189 an
importantconnectiontowardsthe northeasis missing i.e. Z»23189>Z223,196>Z224,190(the missinglink)
(representedh the black curve ifrig. 12h. Thisleads tahe correspondingips passingZ224,189dn order
to reachZzz4,100 from Zo23 189 (i.€. taking the connectionZ,23 189>2224,189>2Z224,199. Like in Fig. 1D,
mismatch exists in the opposite directmfrthe road connectivity among the three zafes,1sq Z223,190
and Z»24,100(Fig. 12b) If new roads(denotedin the black arrow)were constructed connecting the
highway and the local roadssideZ223 190 the missingink (Z223,189>Z223,196>Z224,199 could be created
enablingthe tripsto take the rout@long he new link thusavoidingZ224,189
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Fig. 12 The major source of GID=7 andtheroadlinkage starting fronZ»»3,1s9

Note:on both a and lihe black grid representz.1sq the red dash curve is the soyraad he solid curves in greeand blue
are the road connections starting froms4se The blackcurve, circle ancérrowon brefer to themissinglink, the area for
the mismatchandthe proposed new road, respectively.

5 Discussions and conclusions

Due to the rapid development of technaésgan extensive growth in big mobility data exiatsl is
continuously expanding. These technologies offer a solution to the challenges associated with
conventional travel data. However, obtagsignificant mobility knowledgé&om the data and using the
knowledge forsupportingtraffic management decisions e detailed but efficient data analysis as
well as good communicatioand explorationof results Towards this perspectivethis paper has
developed a method for citywide traffic analysis based on the combination of visual and analytical
approaches. Applications to large volumes of GPS data have demonstrated the potential and effectiveness
of the approacin achievng such a gal.

The method andhe results that arise in thistudy will help traffic managers improve the
understanding of current traffi¢e.g. through the trafficconditionlayer, travelpatternlayer and
congestiorzonelayer), its major source@hrough theraffic-flow-layer), andmismatch between traffic
flows and road network servicgshrough theroadlinkagelayer). Based on theresults, further
investigationcan be performed in order to design more effective policy measures. To this end, the
proposed mthod does not only identify traffic problems, but more importantly, it provides a platform
(by means of the trafficonditionmap) to assist managers in further exploring these problems and
making appropriate decisioriRarticularly through the combinatiof thetraffic-flow-layer and travel
patternlayer(e.g. in Fig. 8) alternative routesP@atharer) that start and end in the saplaces as the OD
zoneqZo-conandZg-con) Of the major traffic sourcef a @ngestion zon&on) can badentified. Moreover,
by overlaying theraffic-flow-layer and roadinkagelayer €.g. inFig. 11 and 12)mismatch between
road connectivity and major sourcedrmaiffic flows in Zconis revealedBased on the mismatchogsible
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ways (e.ghew roads)could be further suggested irlleviating thetraffic problems Note that  the
above analysis is performed in the VAA componadigwing interactive inspection into the traffic
situations, facilitating managegainingmore insightsnto the problemsand discoverie®f new policy
measuresMoreover, all the visualized results aterived fromlarge volumes of GPS datansuring
more objective and representatofeéhe detected problemaying abasisfor the design of more effective
measures.

A number ofareadies aheador future improvement. Firstly, the traffic situations (e.g. the average
speedV; and major traffic sourcPathyacon Of @ congestion zonandthetravel patterrPathygr between
two zone$ couldbedynamicallyvisualized over the course of a day based on temporal information (e.g.
across different time periods). Secondiythis studythe transport situationsoncerningonly passing
trips (e.g.OD-, '}~ ,78}) are examined anthe ways of diverting the tripsra investigated. Further
work should bedoneregardingthe other majorsources that start or end in (rather than passh)
congestion zon&:on The goalis not to divert therips from Zcon, butto examineif the capacity of the
road connections betwe&idon and itsadjacent zones (e.g. the connecsidpps,185>2225 180iN Fig. 10b
and Z»x23,189>Z224,180iN Fig. 10c and 10g3ufficiently serve these major flowshirdly, out of all the
congestion zonedetected in the study area, 45 (21.2% of the total) are geographically distributed as
single ones, 57 (26.7%) have 2 or 3 congestion zones connected, and the rest (51.9%) form large
congestion areas with more than 3 zones (most of which are in the ¢éy)clarthis study only a single
congestion zone is analyzdd.the futurethe methoctould be applied ta large placeconsisting of
multiple congestion zones.

Fourthly,in the methodh variety of parameters tsbeen defined;he performance of thapproach
thusdepends on the specification of these parameters, particularly the following ones. (1) The minimum
duration THac) anddistance THrrip) above whicha stopand a trip are selected respectivgR) the
number of zones@rid_X and Grid_Y) of the study area(3) the minimum number of tripegments
(THmy, lowest speedn normal conditiongTH,;), and smallestprobability (THeon) Which determine
whethera zone is considered as experiencing congestion, atlde(#)inimum percentagd lod-con) Of
trips between a pair of Q@dbove which thgair is selected as major source of the traffic idcon In
specifyingthese parametershigher valus of THact and THrrip would missactivitiesfor shortduration
(e.g. parcel deliveri@sandtrips with shortdistances (e.g.between geographically closed locations), but
lower values may pick upnon-activities(e.g. stog at traffic lights) andnonttrips (e.g. movementnder
bridges), respectivelyFurthermorethe combination of higher valsef Grid_X, Grid_Y, THmz THcon
and THodcon and lower valus of THy; would lead to the derived results in a more detailed spatial

resolution,morestatistically representative, and the detection of more severe congestion problems. But
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the stricer parametewvalues also call for more GPS data, thus requiring a higdatasampling rate
and/or more sampling vehiclds future researchnvestigationshouldbe conductedegardinghow and

to what extent the derived results are influenced by these para@edevhat isthe minimum amount
of GPS dataneededor various combinations of the parametatues. Thiswill provide an important

guideline for the parameter selection issue.

Fifthly, in derivingthe travel distance @ trip segmenthegeodetic distancémn) is usedwhichis
the sum ofthe geographialistance D(p«, px+1)) between two adjace@PSpoints along the pat{Ses
Formula ). The geodetic distanckasalso been adopted amnumber oftudies €.9.Cui et al.2016b;
Zhenget al.2011) to estimae distances of trips based on GPS data. Whisrdistance is compared with
the network distancei.e. the length of the shortest path between two locatmsg thetransport
network),the formeiis fast and easy ttompute while thelatterrequires moréime andcomplex analysis
due to the utilization ofietwork analysis techniques and geographic information sggtegiCubukcu
andTaha2016;0Okabeet al2006). Moreover further examination into the experimental data reveals that
the average differendeetweenD(pk, p+1) and theactualdistance ofthe adjacent pointgafter map
matchingto specific roads) i8.014km, leading to the deviatiobetweerthe average speed (derived from
D(px, x+1)) andthe actual speedf the two pointsas 1.Bkm/h (giventhe datasampling rate of 0.48
min). This suggests thahe actual speadaretypically 1.755km/h higher than the derivedesults,
including vmn (Formula 1),Vi (Formula 2),Vij (Formula 3 and Voar (Formula 4) and that e actual
thresholdTH,; for congestion detection ik 75km/h higher than the designated val{@®km/h. Thus,
while geodetic and network distances produce diffeedrsiolute valueghey do not affectnuchthe
detection of congestigfe. with the actuahresholdTHy; being increased by a certain amouifit)e use
of geodetic distancesan generate sufficientpccurateesults (vis 2006; Zhenget al.2011); the higher
the data sampling rate, the closer the two distances, and the more accurate trereeNelsrtheless,
in order toobtaineven more preciseesults the network distanceould be considereih the future as
the transporhetwork topologyaries across differemtreas The results could be compared to the ones
in the current study, andariationsbetween them could lekelimited

Lastly, the methogrimarily focuses orsystematially examining traffic conditionacross the urban
area with the goal otincoveing traffic problems that are persistever along time Due to the volume
of the GPS data utilized and the scale of the analysis, the mistimmaimallyimplemented offine.
However the approachouldalso be applietb reattime analysi®n a local are@in small sizes)through
the construction and visualization difet matricegTC, RL and TP) andthe detectedcongestionzones
(alongside their major traffic sourcey in this aredaor a shortperiod (e.g. TimeR=5 or 10 min of the

current day.Due to the small size anshorttime interval, the amount of data being analysed is
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considerably reduced, leading to the update ottmputedresultsandcorrespondingnap layersn a

short time(e.g. 5or 10min), enablingnearreattime analysis.
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