Impact analysis of a new metro line in Amsterdam using
automated data sources
Malvika Dixit, Delft University of Technology, M.Dixit-1@tudelft.nl
Dr. ir. Ties Brands, Delft University of Technology, T.Brands@tudelft.nl
Dr. Oded Cats, Delft University of Technology, O.Cats@tudelft.nl
Dr. ir. Niels van Oort, Delft University of Technology, N.vanOort@tudelft.nl
Prof. dr. ir. Serge Hoogendoorn, Delft University of Technology, S.P.Hoogendoorn@tudelft.nl

Extended Abstract
Prepared for Transit Data 2019: 5th International Workshop and Symposium : Research and
applications on the use of massive passive data for public transport
Word Count: 998/1000

Introduction
A new metro line (the north-south line) was opened in Amsterdam in July 2018, adding significant
capacity to the existing urban public transport network consisting of bus, tram and metro modes. The
opening of the metro line was accompanied by changes to the existing bus and tram network, such
as removal of duplicate routes and addition of feeder routes.
Traditionally, the impact of such a network change was measured either ex-ante or post-op based on
surveys or model forecasts (Vuk 2005; Knowles 1996; Engebretsen, Christiansen, and Strand 2017).
However, with the availability of automated data sources such as the smart card data, the exact
impact on transit demand and service quality can now be measured. However, so far this has been
limited to analysing the changes in travel times and reliability at a trip level (Fu and Gu 2018),
excluding transfers.
This research utilises smart card and AVL data to study the impact of the new line on travel patterns
(passenger flows), travel times and reliability from a passenger perspective by considering journeys
including transfers. The metrics are calculated at a stop-cluster level, enabling also a distributional
analysis of the impacts. Such a post-op analysis of any policy intervention or network change could
be used to refine the demand predictive ex-ante tools.

Methodology
The primary data sources for this study are smart card and AVL data from the urban PT network of
Amsterdam. Both for ‘before’ and ‘after’ situation, a period of five weeks has been used for the
analysis. The ‘after’ data starts 7 weeks after opening, providing enough time for travellers to get
used to the new network. Data for the same period of the year (Sept-Oct) for 2017 and 2018 has
been used to eliminate seasonal variations in demand. Both periods exclude school holidays in the
Netherlands.

The Dutch smart card data provides information on both tap-in and tap-out (for more details see van
Oort et al. (2015)). For transactions with missed tap-outs (~4.2%), destination is inferred based on
Trépanier, Tranchant, and Chapleau (2007). Individual transactions (trips) are then combined to form
journeys by matching with AVL data and using existing transfer inference algorithms (Yap et al. 2017;
Gordon et al. 2013). The final database results in over 550,000 journeys per day.
For this research, the complete public transport journey as experienced by the passenger is looked
at, from the time that the passenger arrived at the boarding stop to the time they reached the
destination stop. Figure 1 shows the various components of travel time included for a typical transit
journey with a transfer.
Figure 1 - Components of passenger experienced travel time for a transit journey with two legs (Dixit et al. 2019)

The waiting time for journeys starting with metro is included in the time between the last tap-out
and first tap-in as measured by the smart card data (t5-t0 in Figure 1; tap-in/tap-out at the platform).
The waiting time for bus/tram is not directly measured by the smart card data (t5-t1; tap-in and tapout in the vehicle). Hence, it is estimated based on the observed headways from AVL data, using the
methodology presented in Dixit et al. (2019). This is important because the ‘after’ situation has more
metro trips, which are measured in a different way than tram and bus trips.

Expected Results
Currently the analysis has been carried out for the ‘before’ scenario. Additional results and
comparison with the ‘after’ scenario will be added and presented during the conference. Some of the
metrics that will be compared are shown below.
Ridership & Transfers
The majority of journeys in the ‘before’ scenario consist of only one mode, with most of them being
made by tram (Figure 2). With the new network, some of the tram journeys will be replaced by
metro and intermodal transfers are expected to increase. The distribution of flows over different OD
pairs (stop cluster level) will also be compared between ‘before’ and ‘after’ situations.

Figure 2 : Distribution of journeys by mode(s) used ‘before’ the north-south metro line
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Journey Times & Speeds
The journey times and their distribution over OD (stop-cluster to stop-cluster) pairs will be compared
to establish the proportion of OD pairs for which there is a loss/gain of travel times. The different
components of journey time will also be analysed for each type of journey (Figure 3).
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Figure 3 - Distribution of travel time by mode(s) used ‘before’ the north-south metro line
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In the ‘before’ scenario, the share of waiting time is higher for bus than for tram due to lower
frequencies on average. It should be noted that journeys that include metro have larger shares of invehicle time due to the tap-in and tap-out taking place on the platform instead of in the vehicle.
In addition to journey times, the average speed for each OD pair will be calculated based on the
Euclidean distance travelled and the experienced journey time. Since this can be compared across

different journey lengths, it will be used to give an insight on the efficiency of connections, and how
it changes after the new metro line.
Reliability
Reliability will be measured and compared in terms of Reliability Buffer Time (RBT), using the
methodology developed in Dixit et al. (2019) for journeys including transfers. RBT for each mode as
well as the distribution over different OD pairs will be calculated. Changes are expected in journeys
specifically with tram and metro modes. In general, the entire network is expected to become more
reliable.

Conclusion
Our study analyses the impact of a major public transport network change on transit ridership and
quality using automated data sources. The analysis is done from a passenger perspective by
considering the whole journey from origin transit stop to destination transit stop. In addition to
providing an evaluation of the implemented scheme, such an analysis could be used to validate or
improve the ex-ante models for performance and ridership predictions.

Acknowledgments
This research was funded by the municipality of Amsterdam, Vervoerregio Amsterdam and the AMS
Institute. We thank GVB for providing data for this research.

References
Dixit, Malvika, Ties Brands, Niels van Oort, Oded Cats, and Serge Hoogendoorn. 2019. “Passenger
Travel Time Reliability for Multimodal Public Transport Journeys.” Transportation Research
Record: Journal of the Transportation Research Board, 036119811882545.
https://doi.org/10.1177/0361198118825459.
Engebretsen, Øystein, Petter Christiansen, and Arvid Strand. 2017. “Bergen Light Rail – Effects on
Travel Behaviour.” Journal of Transport Geography.
https://doi.org/10.1016/j.jtrangeo.2017.05.013.
Fu, Xiao, and Yu Gu. 2018. “Impact of a New Metro Line : Analysis of Metro Passenger Flow and
Travel Time Based on Smart Card Data.” Journal of Advanced Transportation 2018.
Gordon, Jason, Harilaos Koutsopoulos, Nigel Wilson, and John Attanucci. 2013. “Automated
Inference of Linked Transit Journeys in London Using Fare-Transaction and Vehicle Location
Data.” Transportation Research Record: Journal of the Transportation Research Board 2343: 17–
24. https://doi.org/10.3141/2343-03.
Knowles, Richard D. 1996. “Transport Impacts of Greater Manchester’s Metrolink Light Rail System.”
Journal of Transport Geography. https://doi.org/10.1016/0966-6923(95)00034-8.
Oort, Niels van, Daniel Sparing, Ties Brands, and Rob M P Goverde. 2015. “Data Driven Improvements
in Public Transport: The Dutch Example.” Public Transport 7 (3): 369–89.
https://doi.org/10.1007/s12469-015-0114-7.
Trépanier, Martin, Nicolas Tranchant, and Robert Chapleau. 2007. “Individual Trip Destination

Estimation in a Transit Smart Card Automated Fare Collection System.” Journal of Intelligent
Transportation Systems: Technology, Planning, and Operations.
https://doi.org/10.1080/15472450601122256.
Vuk, Goran. 2005. “Transport Impacts of the Copenhagen Metro.” Journal of Transport Geography
13: 223–33. https://doi.org/10.1016/j.jtrangeo.2004.10.005.
Yap, M. D., O. Cats, N. Van Oort, and S. P. Hoogendoorn. 2017. “A Robust Transfer Inference
Algorithm for Public Transport Journeys during Disruptions.” Transportation Research Procedia
27 (September): 1042–49. https://doi.org/10.1016/j.trpro.2017.12.099.

