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ABSTRACT

This paper reports on findings regarding the daglatlp dynamic behavior of commuters’ mode
and route choices in Jakarta. Ninety-three commauismg Global Positioning System (GPS)
devices during a one-week period were observed. didservation proves the presence of
dynamic behavior in choosing both modes and rdistesommuting in Jakarta. Car drivers and
motorcyclists frequently change their routes, emglgc during work-to-home trips.
Motorcyclists were more dynamic in choosing theautes than were car drivers. This case
study revealed a unique pattern of mode and rolbéce behavior, which can be used for
developing a mode and route choice model for Jakart

Keywords: Global positioning system (GPS); Jakarta; ModeadidRoute choice; Variability

1. INTRODUCTION

Traffic congestion has been a part of commutevgsliin the Jakarta Metropolitan Area (JMA)
for several years. Jakarta’s 3-in-1 traffic regolat implemented to reduce the number of cars
travelling in busy corridors during morning and ewvey peak hours, has been in effect since
1992. The Bus Rapid Transit (BRT) system was estaddd in 2004 with the intention of
motivating car drivers to switch to public transpoDespite these measures, the traffic
congestion problem in Jakarta has not been sol®@ethpounding the problem is the fact that
the traffic congestion in Jakarta is made more derpy various social, economic and cultural
aspects. Hence, better understanding of the dysamhidaily commuting will be advantageous
in finding effective measures for reducing privaghicle use (cars and motorcycles) and for
improving the appeal of public transportation ikaléa.

Our study’s purpose was to develop mode and rdudece models for Jakarta using multi-day
GPS data, which provides accurate and reliableetranformation, especially route choice
(Wagner, 1997; Wolf, 2000; Zhou & Golledge, 2000pckKan et al., 2006; Wolf, 2006).

Furthermore, multi-day GPS data enables betterratateding of the day-to-day dynamics of
individual travel behavior, which is crucial for eheling travel behavior.

This paper reports on the findings of the first gghaf the study: investigating the day-to-day
dynamic behavior of commuters’ mode and route @w®idhese findings can be used in the
next phase of the study to develop both mode aumi@ rhoice models.
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Additionally, better understanding of the day-tordariability is needed for managing travel
demand and achieving more efficient use of thespart system (Pendyala & Pas, 2000;
Schlich & Axhausen, 2003; Li et al., 2004; Susilok8tamura, 2005; Gunsler et al., 2005;
Elango et al., 2007). The remainder of this paparganized as follows: section 2 presents the
methodology of data collection and analysis, fokovby section 3, which discusses the results.
Finally, section 4 provides a summary of the figdimnd an evaluation on possible extensions
of the research.

2. METHODOLOGY

The study consists of two parts. First, a GPS-basee| survey in Jakarta was conducted. The
collected GPS data were then analyzed to idertigyday-to-day variability of mode and route
choices.

2.1. GPS-based travel survey

Due to budget and time constraints, the GPS-baseeéltsurvey was carried out on a small
sample of about one hundred commuters during ana®d period. The survey period of one
week captured the day-to-day variability of commgtbehavior but obviously did not capture
seasonal variations. However, the day-to-day vaitialof travel behavior is sufficient for
modeling mode and route choices and for providinigetier understanding of the dynamic
behavior of daily commuting. Recruitment of thetgpants had a snowball effect. The author
asked his acquaintances, whose workplaces aretboathe central business district (CBD) of
Jakarta, to participate in the survey. In turnséhacquaintances asked their co-workers to also
participate in the survey. The locations of theipgrants’ workplaces had to be inside the 3-in-
1 areas or at least affected by 3-inl regulatidre B-inl regulation is a traffic management
policy implemented in Jakarta, which regulatesaierbusy corridors that can only be traveled
during peak hours (i.e. from 06:30 to 10:00 ananfrb6:00 to 19:00) by cars with at least three
passengers. A total of 105 commuters from 15 diffexvorkplace locations participated in the
survey. Each participant was asked to completeestopnnaire related to information which
could not be captured by GPS device, such asgbeio-demographic situation, main commute
mode, office hours, etc. Two types of person-baS&E devices were used for the survey:
Mobitest and Holux M-1000C (see Figure 1). The desiare capable of collecting second-by-
second GPS positions and times. The recorded tgaddta were downloaded offline, using the
relevant application software, after the surveyquer

Figure 1 MobiTest and Holux GPS logger

Each participant carried a GPS device every dayndwa one week period. Some participants
were eliminated due to missing data for some dattsimthe survey period (for example, the
participant did not return the questionnaire, tomthe device during traveling, had unclear
tracking data, etc.), reducing the number of pigdicts to 93. The survey was conducted from
July 29 to September 23, 2010.
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2.2. Dataanalysis

A drawback of using GPS-based data is the hugem®lwf the collected information.
Therefore, appropriate algorithms are needed tonaatie data processing. Issues related to the
analysis of GPS raw data have already been tadkleskbveral publications, which can be
grouped together based on their methods: (1) UGewgraphical Information System (GIS) and
(2) using non GIS. Stopher et al. (2005), Chungh&l&by (2005), and Tsui & Shalaby (2006)
have developed algorithms for analyzing GPS rawa daing GIS. Conversely, Schissler and
Axhausen (2009) have developed the algorithms u3AMA (non GIS method). Our study,
however, utilizes both methods. The entire analg$isGPS data consists of data filtering,
identification of commute trips, derivations of comte trip characteristics, detection of
commute main mode, and the identification of roufeseries of algorithms were developed
using Visual Basic (hon GIS method) in order ttefilraw GPS data, identify commute trips,
and derive commute trip characteristics.

The filtering process is necessary for eliminatiagundant and poor quality GPS points, and
elimination criteria depend on the information pded by the GPS device. This study
implemented the following criteria:
» For precisely calculating three-dimensional posgi@nd times, at least four satellites
are required. Hence, GPS points recorded with deas four satellites in view were
removed from the dataset.

e Sudden position jump is used to reduce multipatbrer Position jump is detected by
comparing the distance between two consecutive @#8s. The distance must be not
more than 42 m, which represents the distance soperould have traveled with a
maximum speed of 150 km/h (i.e. traveling by tral)GPS point with a distance of
more than 42 meters from its preceding point wdstelé. The procedure was repeated
until the distance between two consecutive GPStpevas not more than 42 m.

The locations of home and workplace are represdnteilHome Reference Point (HRP) and a
Workplace Reference Point (WRP), respectively, Whare determined using clustering
methods based on speed, time stamp, time gap amidtance between two consecutive GPS
points. Then, GPS points located within a buffed6fmeters from HRP are assigned as home
activity, while the points located within a buffef 50 meters from WRP are assigned as work
activity. The remaining GPS points are assignettips. Multipath error for the workplace is
higher because there are more high-rise buildinghe target area, and an office building is
normally larger than a house. Hence, a wider buffas implemented for the workplace. A
commute trip is detected if the preceding GPS pofra particular trip start is home activity
and the succeeding GPS point of the trip end ikveamtivity, or vice versa. A total of 615
commute trips could be identified from GPS raw d&arformance of the algorithms was
evaluated by comparing the results against thdtseBom the GIS platform method, which
identified 601 commute trips. This means that thgordhms identified 2.3 percent more
commute trips than actually occurred trips. FotHer analysis we considered the results of
both methods, i.e. 601 commute trips including 2fies by car (35.4%), 195 trips by
motorcycle (32.5%) and 193 trips by public tran$§82.1%).

Characteristics of commute trips, such as depattome, commute duration, and trip distance
could be straightforwardly derived from the cooataand time stamp of the trip start and the
trip end, and the cumulative distance of two consee GPS points. If the movement of the
GPS points approaches zero speed (i.e. lower than/l8) and the duration of such records is
more than 120 seconds, this stream of GPS poigi®iged as an activity or intermediate stop.
Commute main mode is defined as a mode used fomedimg which travels the longest

distance and was detected by map-matching GPSoflaach commute trip on a digital road
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network model using ArcGIS (GIS method). The comemuibde was subsequently confirmed
with information from the questionnaire. The maptchang procedure was enhanced by Visual
Basic for automatic processing. This procedure weasl also for identifying route travelled.

3. RESULTSAND DISCUSSION

3.1. Commutetrip characteristics

Table 1 presents descriptive statistics of thearedpnts’ characteristics and will be used in the
next phase of the study as determinants of moderamig choices. The respondents were
mostly male (69.9%), 21-30 years old (51.6%), ursig graduate (89.2%), married (83.9%),
family head/husband (62.4%), government employee506), office staff (73.1%), middle
income (60.2%), and possess a driving license {88.Eifty-three and eight-tenths percent of
the respondents own one or more cars, while 7#gepeown one or more motorcycles. Sixty
percent of the respondents own both a car and aroyote. Thirty-five and five-tenths percent
of the respondents use a motorcycle as their pyimmande for commuting, followed by using a
car (31.2%), bus (18.3%), train (12.9%) or tax2{a).

Table 1 Socio-demographic characteristics of tspaadents

Characteristics Observation Characteristics Olagienv
Gender Male 65 (69.9%) Individual <5 Mio IDR’ 17 (18.3%)
Female 28 (30.1%) Income 5-10 Mio IDR 56 (60.2%)
Age <20 29 (31.2%) > 10 Mio IDR 20 (21.5%)
21-30 48 (51.6%) Motorcycle No Motorcycle 21 (22.6%)
31-40 15 (16.1%) Ownership Have Motorcycle 72 (77.4%)
41 - 50 1(1.1%) Car No Car 43 (46.2%)
Education S\quhrgglr H. 1(1.1%) Ownership Have Car 50 (53.8%)
Senor 8(86%) Loerd  NoDri-Lic, 11 (11.8%)
University 83 (89.2%) Own Have Driv-Lic. 82 (88.2%)
Marriage Status Single 14 (15.1%) Home DKI Jakarta 36 (38.7%)
Married 78 (83.9%) Location Bogor 13 (14.0%)
Divorce 1(1.1%) Depok 11 (11.8%)
HH-member Status Husband 58 (62.4%) Tangerang 18 (19.4%)
Wife 21 (22.6%) Bekasi 15 (16.1%)
Adult child 14 (15.1%) Primary Car 29 (31.2%)
g%%ig;tion gr?]‘gl'oyee 60 (64.500) M°de Motorcycle 33 (35.5%)
Private Comp. 33 (35.5%) Taxi 2 (2.2%)
Job Position Office Staff 68 (73.1%) Bus 17 (18.3%)
Supervisor 12 (12.9%) Train 12 (12.9%)
Manager 13 (14.0%)

*1USD = 8,750 IDR

Figure 2 shows the home and workplace locationthefparticipants. Home locations spread
across the JMA, which reflects the share of comrmutsiding in each region of the JMA. The
mean distance of direct commute trips is 24.11nkdters, while the mean commute distance
with trip-chaining is 25.06 kilometers. Thus, tgpaining increases the commute distance by
about four percent. A large percentage of the cotartrips cover a distance between 5 and 35
kilometers; however, a commute distance betweeB®@kHometers has the highest share (19-
22%). The highest percentage of commute trips showip duration between 60 and 90
minutes.



Arifin & Axhausen 49

The mean commute duration, including trip-chaingtgps, is 82.10 minutes, while the mean
commute duration without trip-chaining stops is 106.minutes. Thus, trip-chaining stops

increase commute duration by about eight percem. Aighest percentage of workers leaves
home between 05:00 and 06:59, and leaves thegedfetween 16:00 and 17:59.

Loganid

» Warkplace

Figure 2 Home and work locations of the particigant

3.2. Modechoice

3.2.1. Number of commute main modes

Eighty-two and seven-tenths percent of the sampded one main mode for commuting during
the survey period (see Table 2), while the remagirdiri percent used at least two main modes.
This proves the existence of dynamic behavior enstlection of commute main modes.

Table 2 Number of commute main modes distribution
Number of Commute Main ModesNumber of Commuters Percentage (%)

1 77 82.7
2 14 15.1
3 2 2.2

3.2.2. Commute main modes

This study identified nine types of modes usedammute main modes (see Table 3). During
observations, the majority of commute trips usedabe vehicles (33.3 percent used cars and
32.4 percent used motorcycles), while 17.6 percset buses and 12.6 percent used trains.
This reflects that commuters in Jakarta still prédeuse private vehicles, i.e. car or motorcycle,
even though the 3-in-1 regulation and the BRT Hae@n implemented. However, from another
perspective, we can see a great potential for mitig private vehicle users to switch to public
transportation. The study determined that 21.6g#rof commute trips originated in suburban
areas via cars and 16.0 percent via motorcyclegs@trips could be diverted to public
transport if the performance of commuter trainedfr buses, and BRT buses were improved.
Table 3 shows that commuters more heavily use ferivahicles because the commute is faster
and the duration more certain than with public $@ort (i.e. bus and train). Therefore,
commuters could be attracted to public transpamaif the uncertainty of the commute
duration could be reduced, for example by applwrixed time schedule for buses.

Although the commute trip is a routine trip, Tadlshows the dynamic behavior in choosing
commute main modes. If we define the most freqyaméed commute main mode during the
survey period as a commuter’s primary mode, a tftal71 out of 601 (95.0%) commute trips
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used the primary modes, while the remaining trigsdualternative modes. Company buses and
informal transit services were never used as pymardes. Taxis were used as a primary mode
rather than an alternative mode. Car/motorcycleedsi utilized trains or buses as alternative
modes, while train users used a car as an alteenatbde. Bus users and, car or motorcycle
ridesharing commuters utilized more alternative esdsuch as company buses, trains,
informal transit services, and personal cars.

Table 3 Commute main mode distribution
Mean Travel Time Median Travel Time

No Commute Mode No. of Trips [minutes] [minutes]
1 Motorcycle 189 (31.4 %) 63.7 60.5
2 Car 165 (27.5 %) 78.5 74.1
3 Bus 106 (17.6 %) 103.8 92.8
4  Train 76 (12.6 %) 72.6 98.3
5 Car Sharing 34 (5.7 %) 96.6 92.7
6 Taxi 14 (2.3 %) 62.6 68.2
7  MC Sharing 6 (1.0 %) 27.5 26.3
8 Company Bus 6 (1.0 %) 107.8 106.6
9 Informal Transit 5 (0.9 %) 89.8 87.6

Total 601 (100 %) 77.3 75.6

Informal transit services, which compete with reguluses was used as an alternative mode for
commuting. Even though informal transit services ilegal, they are necessary. Rather than
banning informal transit services, transportatiartharities could legalize and control their
operations, providing a much needed additional (ante organized) commute mode.

Table 4 Commute main mode choice matrix

Primary Main Alternative Main Modes
y Car MC  Company Informal

Modes MC Car Bus Train Sharing Taxi Sharing  Bus Transit
Motorcycle 189 - - 2 - - - - i
Car - 162 - 1 - - } - '
Bus - 1 99 3 - - - 6 2
Train - 2 - 68 - - - - -
Car Sharing - - 5 2 33 - - i i
Taxi - - - - - 14 - i i
MC Sharing - - 2 - 1 - 6 - 3
Company
Bus ) ) ) . - - - -
Informal
Transit ] ) ] ] ) i i i -

3.2.3. Variability of commute main mode choice
For a deeper understanding of the dynamics of caemmain mode choices, this study

examined the day-to-day variations in the selectibmain mode for AM-commute (home-to-
work trips) and PM-commute (work-to-home trips)there was no variation (using one main
mode), then it was labeled “No”, whereas if usihdeast two main modes, then it was labeled
“Yes”. Table 5 shows that the number of commutesiagi at least two main modes for AM-
commute is 11.8 percent, while for PM-commute i9Jiercent. Approximately 17 percent of
the commuters used at least two main modes dunmgurvey period.
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Table 5 Distribution of main mode choice variation

Main Mode Choice Number of commuters
Variation AM-commute PM-commute AMxPM-commute
No 82 (88.2 %) 81 (87.1 %) 77 (82.8 %)
Yes 11 (11.8 %) 12 (12.9 %) 16 (17.2 %)

The variation of commute main mode choices is categd as shown in Table 6:
» Category 0: no main mode variation (used one maderuring survey period).
» Category 1: no main mode variation for either AMyooute or PM-commute, but used
different main modes for both the AM-commute anel BM-commute.
» Category 2: main mode variation for PM-commute only
» Category 3: main mode variation for AM-commute only
e Category 4: main mode variation for both AM-commaitel PM-commute.

Table 6 Distribution of main mode choice variat@ategories

Category Commute Main Mode Choice Variation No. of
AM-commute PM-commute AMxPM-commute Commuters
0 No No No 77 (82.8 %)
1 No No Yes 2 (2.2 %)
2 No Yes Yes 3 (3.2 %)
3 Yes No Yes 2 (2.2 %)
4 Yes Yes Yes 9 (9.6 %)

Eighty-two and eight-tenths percent of the comnautesed one main mode during the survey
period (category 0). Around two percent of the carters used one main mode for either the
AM-commute or the PM-commute, but they used diffiérsnain modes for both the AM-
commute and the PM-commute (category 1). Threetanetenths percent of the commuters
used different main modes for the PM-commute ocobtggory 2), while 2.2 percent of the
commuters used different main modes for the AM-caneronly (category 3). Nine and six-
tenths percent of the commuters used different mraodes for both the AM-commute and the
PM-commute (category 4).

3.3. Routechoice

In a road and transit network, there are a largebar of possible alternative routes between
the home and the workplace. Some commuters usggke sbute while others choose multiple
routes. Some chosen routes had shared (overlafipgd) and others had no overlap. This
chapter summarizes the general findings of theeralbbice patterns of car and motorcycle
trips. Car trips cover 35 O-D pairs (home-workp)aaehile motorcycle trips cover 33 O-D
pairs.

3.3.1. Number of commute routes

If the most frequently used route between an O-ID quaring the survey period is defined as a
commuter’s primary route, 105 car trips (49.5 %Yeaven primary routes while the remaining
car trips were on alternative routes. For motomeydlps, 84 trips (43.1 %) were on primary
routes. Around 20 percent of car trips and 6 pdgroémotorcycle trips used a single commute
route during the survey period (see Table 7), winteremaining trips used at least two routes
(multiple routes) for their commute.

3.3.2. Route deviation pattern
Depending on the commuter’s familiarity of the raaetwork, deviation can occur anywhere
along the route. Li (2004) defined route deviafpaitern based on where the deviation occurs:
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near home, near work, or in the middle of the rpared identified eight types of deviation
patterns from the GPS data of the Commute AtlamtgeEt (see Table 8: types 0-6 and 8).
However, this study detected a new type of devigpiattern (type 7 in Table 8), which was not
identified by Li (2004). Visual examples of eacliegory are shown in Figure 3.

Table 7 Number of commute routes distribution

Number of Car Trips Motorcycle Trips

Routes No. of Commuters [%0] No. of Commuters [%0]
1 7 20.0 2 6.1
2 5 14.3 9 27.2
3 9 25.7 8 24.2
4 5 14.3 6 18.2
5 3 8.5 4 12.1
6 4 11.4 2 6.1
7 1 2.9 2 6.1
8 1 2.9 - -

Total 35 100 33 100

Table 8 Distribution of route deviation pattern

D Car Trips Motorcycle Trips
T;r;/é Route Deviation Pattern No. of (%] No. of [%]
Commuters Commuters

0 No Deviation, one route 7 20.0 2 6.1
1 Near home Deviation - - - -
2 Mid-route Deviation - - - -
3 Near work Deviation 6 17.1 2 6.1
4 Near home & mid-route Dev. 1 2.9 4 12.1
5 Near work & mid-route Dev. 2 5.7 6 18.2
6 Near home & work Dev. 7 20.0 3 6.1
7 Near home, mid-route, near work 12 343 14 39.4
8 Complete different Deviation - - 2 9.1

Our observation shows that none of the commutermtdetheir routes near home only (type 1)
or in the middle of route only (type 2). The mafjprof car drivers (34.3%) and motorcyclists

(39.4%) deviates their routes near home, at mideroand near work simultaneously. This

reflects the dynamic behavior of car drivers andiaroyclists in selecting routes to avoid

congested roads and 3-in-1 corridors near workplaas well as to maintain trip-chaining

activities/stops. Motorcyclists were more dynantiart car drivers because motorcyclists had
no restrictions (except for not being allowed olhriwads), such as 3-in-1 regulation, travelling

on local roads and even travelling on the BRT-lardsese findings indicate that using a
motorcycle can increase the commuter’s mobilityJakarta. However, because of the poor
driving behavior of the motorcyclists, the presentanotorcycles on the roads often causes
traffic jams and accidents.

Nevertheless, motorcycles are the most flexible thedcheapest travel mode. Based on these
findings and on the fact that the number of motoley on the road is increasing, we suggest
developing a route choice model for motorcyclesmmtorcycle network. Appropriate roads
will have to be determined and facilitated with @pelanes for motorcycles. By separating the
lanes for motorcycle from lanes for other modeg thobility system in Jakarta can be
increased and thus traffic congestion and accidemide reduced.
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Deviation type 0: One route, no deviation Deviation type : Near worl

L

Deviation type 4: Near home and mid-route - peyiation type 5: Near work and mid-route

e B

Deviation type : Near home and ne Deviation type 7: Near home, mid-route, near work

B

Deviation type 8:Completely diﬁerent
Figure 3 Visual examples of route deviation pattern

3.3.3. Route choice variability

The variation of route choice deviations during &M-commutes and the PM-commutes were
examined. If a commuter employed route deviatiarsed multiple routes), then he/she was
labeled “Yes”. Commuters that did not employ rode&viations (used a single route) were
labeled “No”. The distribution of route choice datons is shown in Table 9.

Table 9 Distribution of route choice deviation

Mode Route_ C_hoice Number of Commuters (%)
Deviation AM-commute PM-commute AMxPM-commute
Car No 34.5 25.9 10.3
Yes 65.5 74.1 89.7
Motorcycle No 455 22.6 3.0
Yes 54.5 77.4 97.0

Route choice deviations can be categorized as shoWwable 10:
» Category 0: no route deviation (used a single rduteng the survey period).
» Category 1: no route deviation during either the-8dnmute or the PM-commute, but
used different single routes for both the AM-comenaihd the PM-commute.
e Category 2: used multiple routes during PM-comnaurtiy.
» Category 3: used multiple routes during AM-comnuuéy.
» Category 4: used multiple routes during both the-édihmute and the PM-commute.

Table 9 shows that more than 50 percent of caedsiand motorcyclists used multiple routes.
Route deviation occurred more during the PM-comntiaéen the AM-commute. This reflects

that traffic congestion in the evening peak hosréigher than in the morning. Motorcyclists
executed more route deviations than car driversleThO shows that the majority of car drivers
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(58.6%) and motorcyclists (45.5%) used multipletesuduring both AM-commute and PM-
commute (category 4).

Table 10 Distribution of route choice deviationezgiries

Mode Category AM- PM- AMXPM- Number of
commutes commutes commutes Commuters (%)

0 No No No 10.3

1 No No Yes 6.9

Car 2 No Yes Yes 17.2
3 Yes No Yes 6.9
4 Yes Yes Yes 58.6

0 No No No 3.0

1 No No Yes 12.1

Motorcycle 2 No Yes Yes 30.3
3 Yes No Yes 9.1
4 Yes Yes Yes 45,5

4. CONCLUSION

This paper presents the day-to-day dynamic behafi@ommuters’ mode and route choices
using multi-day GPS data observed from 93 commutedakarta during the period of a one-
week survey using person-based GPS devices. Assaregorithms was developed to analyze
the GPS raw data. The analysis consisted of dl&irig, identification of commute trips,
derivation of commute trip characteristics, detattiof commute main modes, and
identification of routes. Day-to-day dynamic belmawvas investigated by analyzing mode and
route choice variations during the AM and PM-comesut

The observation data proves the presence of dynbeghavior in choosing both modes and
routes for commuting. Route deviations are moreraom in the afternoon. In fact, using a
motorcycle can increase the mobility system in @aki& motorcyclists are better regulated by
establishing a “motorcycle network”. Furthermorbe tstudy identifies a great potential to
attract private vehicle users to public transpatatf the performance of the public transport
system can be improved, for example, by applyinfixad time schedule for reducing the
uncertainty of the travel time.

The limitations of this study are that the resats based on a small sample size and a survey of
short duration. Validation studies could be undenta using larger samples and a longer
survey period to test the reliability of the finds Nevertheless, this study has provided
valuable insight into the real day-to-day dynamehdvior of commuters in Jakarta observed
over a one-week period.
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