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Abstract This paper describes a methodology for assessing before-and-after benefits 

for residents in an urban area resulting from the implementation of a major bus 

network improvement. The new late night bus network of the city of São Paulo, Brazil 

is used as a case study. A group of supply and demand performance indicators are 

proposed in order to evaluate whole network levels changes. Accessibility analysis 

are conducted to evaluate how changes in the supply side potentially impact easiness 

of reaching destinations, while an analysis of the demand side response is performed 

by comparing changes in origin and destinations transit trips volumes in a three year 

period using historical Smart Card and GPS data, as well as differences in average 

travel times and number of transfers per trip within the network. 
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1 Introduction 

 

Increased car ownership feeds a negative car and public-transport vicious cycle 

(Ortúzar and Willumsen, 2011). The higher use of cars for daily trips in large cities 

generates more problems like congestion, pollution and increased stress in commutes. 

Therefore, public transportation systems are essential for sustainable development of 

cities. They provide access to opportunities as users are able to reach multiple 

destinations in the city and undertake different activities like work, leisure, health care 

and shopping.  

 

Thus, planning and designing improved public transport networks in terms of cost 

and service efficiency is necessary for augmenting its use (Kepaptsoglou and 

Karlaftis, 2009). The objective functions mainly used for designing optimized public 

transport systems are reducing average users and operators costs. The users costs are 

usually represented by the sum of access times, waiting times, in-vehicle travel times 

and transfer times, weighted by proper parameters. As for operators costs, total fleet 

required for the operation is used for evaluation (Arbex and da Cunha, 2015). 

 

Although those objective functions are well known in transit network design 

literature, few papers delve into before and after assessment of transit network 

changes actually carried out in large metropolitan areas. In this context, this paper 

proposes a methodology for analysing before and after performance indicators from 

two transit network scenarios using historical public transport Smart Card and GPS 

data. 

 

The population benefits from the network change are analysed from both a supply 

and demand side overview. Changes in transport network are analysed from an 

accessibility standpoint. According to Hansen (1959), accessibility is about the desire 

and ability to overcome spatial distances in order to access spatially distributed 

activities. Iacono and Levinson (2017) recently reinforce the definition of 

accessibility as the “ease of reaching desired destinations”.  

 

As for changes in the demand side, this paper proposes comparing the spatial patterns 

of origins and destinations before and after the network change, as well as 

performance indicators such as average travel times and transfers, as referenced 

before as users costs in transit network design objective function. Smart card and GPS 

data are used to build a transit trips matrix for two time periods to compare the demand 

response from the new network after a couple of years of its implementation.   

 

The contributions of this paper are as follows. Firstly, it highlights the importance of 

using automated transit data collection to evaluate how transit network supply 

modifies demand patterns and trips characteristics, providing insights to both supply 

and demand changes after a few years period. Few papers in smart card literature used 

historical data to evaluate demand and accessibility changes from a major shift in 



 

 

 

supply. Secondly, it enables a quicker assessment of network evolution throughout 

longer periods such as months and years, enabling the transit agency a faster 

information flow regarding their expenditures on the network.  

 

2 Methodology 

 

2.1 Demand side changes 

 

The before-and-after comparison of demand side changes comprises an analysis of 

how origin-destination (OD) matrices of public transport trips change after the new 

network. In order to build this public transport travel demand matrix, a trip chaining 

methodology is conducted. The trip chaining is the process of inferring origins and 

destinations from a smart card system that does not provide tap-out information, as 

presented by (Gordon et al., 2013; Munizaga and Palma, 2012; Trépanier et al., 2007). 

Users boardings locations are estimated using Smart Card and GPS data. Alightings 

are defined as occurring in the same area as the next boarding.  

 

To build complete trips, new boardings should be distinguished between the start of 

a new trip and transfers within the same trip. One of the challenges in using Smart 

card datasets is distinguishing the transfer interchanges from the activity locations 

(Alsger et al., 2016; Nassir et al., 2015). For this, a time difference criteria between 

the alighting and a next boarding is used: if the next boarding occurred after this time 

difference criteria, then it is inferred that an activity was made in that time period, and 

a new trip should be considered. If the time between alighting and the next boarding 

is lower than this time difference criteria, then a transfer step is assigned to that 

boarding. The methodology is described in Fig. 1.  

 

Smart card data can also be used for network performance measures (Trépanier et al., 

2009). Along with OD matrices, average total trip travel times, trip speeds and number 

of transfers will also be considered for before-and-after comparisons.  

 

A general framework of the methodology used to infer full trips based on tap-on only 

smart card transactions is depicted in Fig. 2. The first step is data input: mainly transit 

network itineraries and frequencies (GTFS), smart card transactions and buses AVL 

data. The subsequent step is to assign the most probable boarding stop ID by 

combining smart card transaction and bus location based on timestamp. For each 

vehicle, a time difference matrix allows comparing all timestamps from transactions 

that occurred on that vehicle with each timestamp from AVL records of that day. This 

will enable assigning the nearest location record from the AVL record with the least 

time difference from the respective transaction timestamp. After this, the alighting 

stop ID is estimated using the location inferred for the next boarding of each card ID.  

 



 

 

 

 
Fig. 1 Trip chaining example applied to a sample day of an user 

 

 

Smart card data systems may not correctly record information due to problems with 

software, data, hardware and user (Robinson et al., 2014). Thus, validity checks are 

essential to extract valid records. In our case, we propose a first validity check that is 

applied to check transactions consistency, which will be further detailed in Section 

3.2. If any transaction indicates a backward movement, the direction of the route is 

reversed and the process of assigning stop IDs is redone. 

 

From this, all valid transaction continue for travel time inference. This process assigns 

the estimated travel time by using hourly average bus speeds between stops calculated 

from AVL data processing  In short, every GPS position reported by each bus is first 

filtered to detect inconsistencies such as: the position does not belong to the trip path, 

the position is exactly the same as the previous, the time difference between 

consecutive positions is above a threshold, among others. After that, the distance 

between consecutive positions along the trip path is considered to compute the 

average speed between GPS positions. Finally, average speeds are interpolated to 

determine the average speed between consecutive bus stops, which makes it easier to 

compute travel times (Monteiro et al., 2015). 

 

For travel time estimation for rail systems (metro and train lines) travel times from 

GTFS is used. After all travel times have been estimated, the main trip chaining 

process starts. It loops through every single card ID, merging multiple boardings to a 

full trip whenever the time difference between consecutive alightings and the next 

transaction is below a specified threshold. Also, when this occurs, this next 

transaction is tagged as a transfer. The inferred trips contains the following attributes:  

• Card ID;  

• Trip start time (from transaction time); 

• Trip end time (from final alighting estimated time); 



 

 

 

• Trip duration (including transfer time but excluding first boarding waiting 

time); 

• Start stop ID; 

• End stop ID; 

• Total distance travelled (using the sum of distances from every transaction); 

• Number of transfers (includes transfers within rail network); 

• Average trip speed; 

• Haversine distance (from first boarding stop to last alighting stop); 

• Trip circuitry factor (rate between total distance and haversine distance); 

 

Those will be used for a final trip validity check, as detailed in Section 3.2. At last, 

an expansion factor is built to make up for invalid data: it is determined by dividing 

the number of unique card IDs observed during data input with the number of unique 

card IDs that generated exclusively valid trips.  

 

Finally, the methodology to compare bus network performance indicators comprises 

mapping before-and-after supply and demand data comparisons: 

• General trip statistics; 

• Mapping supply using bus frequency on transit road segments; 

• Transfer density distribution; 

• Volume of trips by origin and destinations stops, trips demand patterns; 

 

 
Fig. 2 Methodology flowchart to infer trips. 



 

 

 

2.2 Supply side changes: Accessibility Analysis 

 

According to El-Geneidy and Levinson (2006) using accessibility measures promises 

to be a useful tool for monitoring the land use and transportation system, including 

the stage of assessing the benefits of changes in either transportation or land use. This 

paper thus proposes the use of changes accessibility measures to value the benefits of 

major network changes. 

 

The measures proposed in this paper to evaluate how the improvement in supply side 

transportation system promotes better accessibility for reaching destinations using the 

cumulative opportunity measure. The cumulative opportunity measure counts the 

number of potential opportunities that can be reached within a predetermined travel 

time (El-Geneidy and Levinson, 2006). In this paper, as the object of study is the late 

night network, the opportunities evaluated will be residential location accessible 

within a time period. This is a proxy to measure the easiness of return home trips for 

late night workers when their shift ends after 1 AM.  

 

In order to calculate accessibility, a travel time matrix is calculated between centroids 

of a hexagonal grid on the study region, which enables a finer resolution accessibility 

map. The choice for a hexagonal grid is due to the importance of connectivity between 

each cell, with a reduced bias due to edge effects (Birch et al., 2007). The hexagons 

accessibility results will be aggregated for before and after regional data comparison. 

 

3 Experiments and results 

 

3.1 Case Study 

 

The proposed methodology is applied to before-and-after scenarios of the late night 

bus network of São Paulo, Brazil with the aim to assess demand and supply side 

changes with this new late night bus network and to discuss performance indicators 

for transportation network changes evaluation. The late-night network that operated 

before the major change in São Paulo consisted of 45 bus lines that ran low frequency 

services of up to 45 minutes service, with an uneven coverage within the city between 

00h-03h59min AM. The routes had very long and circuitous itineraries, with more 

than 50% of them having more than 30 kilometres. The routes had not been designed 

to work as an integrated network where users could easily transfer between lines. On 

the contrary, users had difficulties to transfers between them, as there were no clear 

transfer points and the frequencies where indeed low for making transfers reliable. 

The spatial distribution of the late-night network that operated up to the end of 

February 2015 is depicted in the left portion of Fig. 3. 

 

 



 

 

 

 
Fig. 3 Before and After Late Network was implemented in late February 2015. 

 

 

The new proposed late night network started its operation on February 28, 2015 

offering a greatly improved service for users, as the network was designed with clear 

guidelines to augment quality of service: promote a homogeneous distribution of 

public transportation service in the late hours with two bus network services: trunk 

and feeder lines. The first departure occurs at 0h and the last at 4h AM. This new 

network is described in the right portion of Fig. 3 with 150 new lines, with 49 trunk 

lines and 101 feeder lines operating at 32 Bus Terminals. From the comparison of 

both networks, the spatial coverage gap was greatly reduced in the implemented 

network. Those trunk and feeder lines had the following design attributes: 

 

• Trunk Lines: 

o Intervals of 15 minutes to provide reliable service; 

o Itinerary primarily on main roads and avenues, having a more direct 

path and avoiding circuitry, covering bus corridors and metro lines 

that don’t operate on those late hours; 

o Starting and ending on bus terminals and avoiding overlapping 

routes; 

• Feeder lines: 

o Intervals of 30 minutes between departures; 

o Circular lines providing connection for users from the 

neighbourhoods to the trunk lines that originate and destine at a 

terminal; 

o Short itineraries of up to 20 km avoiding overlapping routes. 



 

 

 

 

3.1 Datasets 

 

The city of São Paulo is the largest metropolis in Brazil and one of the most populous 

areas in the world, with about 12 million inhabitants in the city with an urban area of 

approximately 900 km2. The metropolitan area comprises about 21 million people. 

This research uses GPS monitoring data from the entire fleet of the São Paulo city bus 

public transportation system, which is under the management of SPTrans. The public 

transport network is quite extensive, being one of the largest in the world, counting 

about 20K bus stops, 1,335 bus lines and a fleet of approximately 14,300 vehicles 

(SPTrans, 2018). On a daily basis, about 13 million smart card transactions are 

recorded, with approximately 10 million being by buses public transport system and 

3 million on metro and urban rail system. Each vehicle in the São Paulo city bus fleet 

generates a geocoded location record every 45 seconds on average, producing a total 

of 27 million GPS records in a typical business day. There are about 180 thousand 

vehicle trip departures per day throughout the city. In this scenario, mapping supply 

and demand using this large data volume is an important methodological challenge to 

overcome. The main datasets used for this research are as follows: 

 

1. General Transit Feed System (GTFS): this dataset comprises text files 

describing the network. They represent bus and rail network stops location, 

transit lines in operation with their stop sequences, frequencies by hour of 

the day and line itineraries; 

2. Smart Card (known as Bilhete Único) fare data: this dataset used in this 

study were obtained from SPTrans, the local public transport authority of 

São Paulo bus network. A transaction record is generated whenever users 

taps the card on the fare equipment installed beside the turnstiles in the buses. 

Each transaction contains the following information: date and time, bus line, 

direction, vehicle or equipment and smart card ID. This datasets also 

includes transactions made within the rail network, metro and train lines; 

3. Automatic Vehicle Location (AVL) GPS data: this dataset comprises a 

timestamped location data of buses every 45 seconds on average; 

4. Ground stations: list of rail and bus rapid transit stations and their locations; 

 

Two important issues to highlight are that, firstly, the smart card dataset does not 

record neither the boarding location nor the alighting time or location; therefore, the 

methodology comprises boarding location estimation, as well as alighting time and 

location estimations. Secondly, the turnstile location is different from bus to bus and 

is not positioned right at the entrance. Therefore, the transaction record location might 

not reflect the real boarding location of the user. As a result, during the data cleaning 

phase, an amount of transactions are discarded as they might indicate that the user 

was not boarding that actual stop. 

 



 

 

 

Python language was used for all data processing, with an average processing time of 

2 hours to infer all trips for a single day. Further optimizations can be done to improve 

this time.  

 

The authors reinforce the importance of a well-designed data warehouse and database 

infrastructure for this type of analysis due to difficulties on data availability. Transit 

agencies should keep and store all data generated, as this will enable further insights 

over quality of service, supply and demand changes over time. Data integrity should 

be better assessed to allow for more seamless comparison between years. 

 

3.2 Trip Chaining 

 

The trip chaining approach applied in this research used a time threshold of 40 

minutes, due to higher expected waiting time for the late hours. Table 1 presents data 

over usage for 2014 and 2017: unique smart cards that used the transit system at least 

once in the 24h period, the number of card with valid transactions, cards with only 

valid trips and calculated expansion factor values. The expansion factor is about the 

same for both days, indicating a relative stability for the methodology results for 

datasets three years apart. 

 

Transaction validity check mentioned in Fig. 2 will filter for the problems below: 

• Untraceable cards (smart cards used by operators, e.g. when users pay with 

cash); 

• Only 1 transaction during the day; 

• No location data inferred for this transaction; 

• Difference >2 minutes between transaction timestamp and AVL location 

record; 

• Coded line in AVL equipment different from coded line in fare equipment; 

• Distance from transaction location to nearest bus stop of that line >500 

meters; 

• Distance from estimated alighting stop to next boarding stop >2000 meters. 

This is higher than previous studies (e.g. 1000 meters in Munizaga e Palma 

(2012)) as users might make the transaction after the bus has departed due 

to turnstile location in buses);  

• Number of stops travelled per transaction equals 0. This conditions occurs 

whenever users taps the card right before alighting, which happens for users 

that held back their validation transactions, mainly near terminals or on 

crowded lines. 

 

As depicted in the flowchart of Fig. 2, whenever the number of stops travelled is 

negative, this most probably means that the coded direction of that transaction was 

wrong. This may occur due to problems in data collection stage. The previous steps 

are then rerun and the filters are reapplied. After the trip chaining process, a trip 

validity check is conducted, as below: 



 

 

 

 

• Total distance travelled must by higher than zero; 

• Number of transfers should be between 0 and 6; 

• First boarding Stop ID should be different than last alighting Stop ID; 

• Total trip travel time should be between 1 minute and 6 hours (time between 

first boarding and last alighting); 

• Average trip speed should be between 0.01 and 80 km/h; 

• The minimum haversine distance between first boarding and last alighting 

stop should be 300 meters. 

 

The previous validity checks aims to remove clearly invalid trips.  

 

Table 1: Expansion factor for 2014 and 2017. 

 
 

 

3.3 Results 

 

This section compares the results from supply and demand side indicators. The month 

chosen for comparison was December as multiple late night activities takes place in 

Brazil due to end of year festivities. In order to choose the days, data availability was 

considered: as some days of smart card data in December were not available due to 

problems on data availability, Wednesdays of 10 December 2014 and 13 December 

2017 were chosen for the 3 year period comparison.  

 

The first group of indicators will be accessibility analysis. In order to account for the 

fact that we aim to compare the late night network accessibility, instead of 

traditionally calculating number of jobs accessible from locations (Owen and 

Levinson, 2015), the proposed measurement calculates total population accessible 

from a 01:00 AM departure and for a trip of up to 100 minutes of travel time. The 

departure locations were the 4898 centroids of a 500 meter hex grid that comprises 

the whole São Paulo urbanized area.  

 

The population count for each hex grid was estimated using data from the last national 

census held in 2010 (IBGE, 2018) after distributing population by proportional area 

share of census tract shapes. The travel time estimation for each OD pair for 

accessibility calculations was performed using Open Trip Planner (OTP, 2018) 

software, which is multi-modal trip planner from a group of open source software 

Expansion Factor 2014 2017

Unique Smart Card Ids (I) 3 664 073            3 647 252            

Cards with valid transactions 2 962 413            3 073 628            

Cards with only valid trips (II) 1 535 873            1 651 925            

Trip Expansion Factor (II) / (I) 2.385661 2.20788

Valid trips 3 279 711            3 551 341            

Total 24h trips (Bilhete Único) 7 824 279            7 840 935            



 

 

 

projects that aims to provide transportation network analysis services (Conveyal, 

2018). Similar use of OTP for accessibility calculations was also applied by Widener 

et al. (2017). To calculate total population accessible from each hex grid, a travel time 

matrix to all other hex grids must be calculated. OTP requires a transit network input 

file, Open Street Maps  (OSM) database file, as well as some routing parameters. The 

transit network files used were both General Transit Feed System (GTFS) (Google, 

2018) for the city of São Paulo from 2014 and 2017 obtained from the transit authority 

SPTrans. OSM data for São Paulo metro area was obtained from Nextzen.org 

(Nextzen, 2018). The routing parameters are described in Table 2.  

 

Table 2: Routing parameters for travel time matrix. 

 
 

The before-and-after accessibility of for the period between 2014 and 2017 is 

presented in Fig. 4 and Table 3. Fig. 4 shows that urban accessibility for workers to 

return home during late hours increased notoriously. In fact, the average increase in 

population accessibility from 2014 to 2017 for this late-night departure period was 

+146% for all hex grid in Pinheiros region (339) and +153% for Vila Mariana region 

(219), both located near downtown São Paulo. These two areas were selected as they 

are the areas with the highest number of trips that started or ended during the 01:00 

AM-3:59 AM period on 13 December 2017, as they concentrate restaurants, night 

life, and 24h services such as healthcare. The data corresponding to the accessibility 

comparison is presented in Table 3. 

 

Table 3 shows that, although the accessibility changes were uneven, ranging from 

+36% to +282%, all late night bus terminals regions yielded significant increase in 

return to home late night workers accessibility with a +149% average increase. As 

discussed previously in Section 3.1, in 2014 there were very few bus lines that 

operated with low frequencies during late hours, whereas in 2017 the new night 

network implemented in 2015 improved supply by providing frequent services in a 

city wide level. This is also evidenced by Fig. 5, which shows total bus frequency for 

01h00-03h59 AM period in 2014 and 2017 as well as transfers distribution. The 

frequency improvement was spread throughout the city, with a higher increase in 

west, north and east regions. 

 

Routing Parameters Value Unit

Maximum travel time 100 minutes

Maximum total walking distance 2 km

Maximum transfers 4 transfers

Maximum transfer walking distance 450 meters



 

 

 

Table 3: Accessibility growth for 2014-2017 period for each bus terminal region,                  

ordered by demand in 2017. 

 
 

Fig. 5 also shows transfer intensity for 2014 and 2017. While in 2014 transfers were 

concentrated mainly in downtown area, in 2017 transfers were much more spread, as 

the new frequent bus routes formed a more reliable network for transfers. In fact, this 

is also due to the raise in number of trips, as presented in the trips data comparison in 

Table 4. 

 

Table 4 shows the results we obtained after applying the trip chaining algorithm as 

described in Section 2. It should be noticed that those results reflect trips that started 

and ended exclusively during the period of 01:00-03:59 AM. The 00:00-01:00 AM 

period was removed for two main reasons: 1) the smart card datasets starts at 00:00, 

so trips that were detected at starting at this time interval might actually correspond 

to transfers from trips that started on the previous day; and 2) during this first hour 

the metro network is still operating for about half hour (as the last departure from each 

terminal station is exactly at midnight) and the bus routes that run during the day are 

on their final trips. 

 

Terminal Name

Cumulative 

Population 

Reached (2014)

Cumulative 

Population 

Reached (2017)

Accessibility growth 

2014-2017

Demand (trip starts 

or destinations) in 13 

December 2017

339 TERM. PINHEIROS 2 076 032           5 101 031           146% 1 221                         

219 VILA MARIANA 2 161 152           5 469 548           153% 525                            

250 TERM. PQ. D. PEDRO II 4 669 397           6 330 802           36% 492                            

85 TERM. GRAJAU 448 202             1 201 676           168% 428                            

18 VILA MADALENA 1 527 653           4 520 446           196% 371                            

94 TERM. SANTO AMARO 1 925 520           4 686 578           143% 291                            

76 TERM. JOAO DIAS 991 282             2 784 002           181% 223                            

241 BARRA FUNDA 1 722 219           4 971 725           189% 212                            

278 SAO MATEUS 1 078 006           2 052 987           90% 210                            

183 SANTANA 1 900 068           4 206 042           121% 199                            

283 TERM. CID. TIRADENTES 536 957             1 478 366           175% 157                            

345 BELEM 2 403 029           5 474 437           128% 150                            

106 JABAQUARA 795 029             2 606 188           228% 146                            

73 TERM. CAPELINHA 1 138 897           1 857 028           63% 132                            

41 BUTANTA 660 307             2 521 096           282% 128                            

248 TERM. LAPA 524 778             1 818 441           247% 119                            

328 ITAQUERA 1 631 453           2 910 925           78% 113                            

77 TERM. JD. ANGELA 637 926             956 681              50% 110                            

317 TERM. A. E. CARVALHO 1 643 050           3 663 472           123% 108                            

175 TUCURUVI 865 719             2 539 394           193% 106                            

222 TERM. SACOMA 1 335 011           4 249 205           218% 99                              

297 TERM. ARICANDUVA 1 961 522           4 638 402           136% 93                              

157 TERM. V. NOVA CACHOEIRINHA 652 583             1 470 908           125% 93                              

75 TERM. CAMPO LIMPO 1 102 157           2 138 502           94% 79                              

302 TERM. PENHA 1 519 528           4 201 036           176% 73                              

78 TERM. GUARAPIRANGA 1 179 317           2 526 728           114% 68                              

71 GUAIANAZES 1 464 647           2 273 990           55% 64                              

162 TERM. CASA VERDE 1 235 864           4 210 144           241% 49                              

289 TERM. CARRAO 1 775 323           4 138 283           133% 38                              

277 TERM. SAPOPEMBA 1 333 794           3 845 019           188% 38                              

146 TERM. PIRITUBA 541 078             1 330 418           146% 31                              

322 TERM. SAO MIGUEL 1 335 425           3 427 741           157% 26                              



 

 

 

 

 
Fig. 4 Accessibility to population with a 10 December 2014 – 13 December 2017 01:00 AM 

departures with a 100 minute time threshold. 

 



 

 

 

Table 4: Trip statistics for 2014 and 2017. 

 
 

As shown in Table 4, the number of trips that started between 1h-1h59 and ended up 

to 3h59 AM raised +73%, while for trips that started between 2h-2h59 the increase 

was +143%. The overall difference between trips estimated for 13 December 2017 

(7.840.934 trips) and 10 December 2014 (7.824.280 trips) is just +0.2%. Average total 

distance travelled by trip raised +23% and +10% for 1h-1h59 and 2h-2h59 periods, 

respectively. This is due to increased accessibility and transfer reliability, as users can 

travel further, riding multiple lines without being subject to inconvenient long waiting 

times. It should be noticed, however, that for this increased accessibility to occur, 

users must transfer, on average, much more than before. The average number of 

transfers per trip, as presented in Table 4, raised +111% and +132%, for 1h-1h59 and 

2h-2h59 periods, respectively. These results evidence the importance of providing 

adequate transfer facilities for the high density transfer areas, as can be observed in 

Fig. 5, with features such as real-time passenger information, adequate lightning and 

improved security for users.  

 

Average travel speeds for those above-mentioned night trips remained about the 

same, with trips that departed between 2h-2h59 being of slightly higher average travel 

speeds due to fewer boardings at stops and lower traffic volume in this period. As 

users travelled longer distances, average total travel times were also higher. These 

times comprise the time, in minutes, between the first boarding and the final alighting 

point, not taking into account the first vehicle waiting time, nor the access time 

to/from stops, because of the uncertainty on the actual locations of origin and 

destination for those trips; on the other hand, it does account for transfer times 

between lines. 

 

In Fig. 6 the spatial distribution of trips first-boardings and last alighting stops is 

depicted comparatively for 2014 and 2017. The locations with higher density of trips 

starting is the south-west area of the city, which concentrates night time activities and 

services. In 2017, trip destinations are more spread within São Paulo municipality, 

high a higher concentration for extreme southern areas that aggregates lower income 

population. The origin-destination matrix representation is depicted in Fig. 7. 

 

Year and Hour

Trip Statistics (1-1h59) (2h-2h59) (1-1h59) (2h-2h59) (1-1h59) (2h-2h59)

Volume of Trips 2 195         665            3 804         1 616         +73% +143%

Avg.Total distance travelled (m) 9 449         11 555       11 601       12 706       +23% +10%

Average number of transfers 0.38 0.40 0.79 0.92 +111% +132%

Average travel time (minutes) 26.01 31.24 32.41 34.10 +25% +9%

Average Travel Speed (km/h) 23.33 23.95 23.09 24.16 -1% +1%

2014 2017 Increase (14-17)



 

 

 

 
Fig. 5 Total bus frequency for late hours and transfers density for 2014 and 2017. 

 

 

 



 

 

 

 
 

 
Fig. 6 Trips origin and destinations stops for 2014 and 2017. 

 

Fig. 7 shows overall raise in trip distribution, with a noticeable increase in trip 

volumes starting from Pinheiros (more workers due to nightlife activities) region to 

more southern areas. It can be observed that transit demand matrix changed in 



 

 

 

response to the improvements in bus supply after the network design took place. It 

shows the importance of performance indicators for continuous measurements. 

 

 

 
Fig. 7 Origin Destination trip distribution for 2014-2017. 

 

 



 

 

 

Traditional data collection procedures such as household travel surveys, which are 

very expensive, and thus take place with intervals of usually several years (ten years 

in São Paulo metropolitan area), are not sufficient for an in-depth evaluation and 

assessment of transit demand responses from supply changes. New data collection 

methods, such as smart card and GPS records provides transit agencies with the 

needed data to create resources for a better decision making process. 

 

4 Concluding remarks 

 

In this paper we presented a methodology to estimate trips using multiple data sources 

in order to compare transit performance measures of a before and after late night bus 

network implementation for a tap-on only transit system. The results showed that an 

increase in return to home accessibility metrics for late night workers raised the 

number of trips during late hours for central areas in São Paulo. As a result of a more 

reliable network, with higher frequencies, users are able to travel further, with an 

increase in average number of transfers by trip. 

 

 

There are still some issues that needs to be addressed. Due to transit demand 

variability, proposed future work aims to compare statistics for multiple week days 

and weekends using average performance measures for an extended period, such as a 

full month. For this, data quality and integrity will be done over an extended period. 

Additionally, future research should aim at improving and better estimating expansion 

factors: account for differences in card usage by type and use an ongoing household 

travel survey to improve validation of estimated trips. Moreover, the trade-offs 

between operator cost to operate an improved network and user cost can be explored. 

Also, the inclusion of crowding levels and bus occupancy rate to consider for higher 

perceived travel times due to discomfort is also a path for future research. 
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