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Abstract. This research looks at the application of an agent-based
model to assess the effects of changes in the public transport on pas-
senger flows. Data from public transport company GVB was provided
by the municipality of Amsterdam. We used domain knowledge, litera-
ture and data to create a simulation of a baseline scenario and a scenario
with a malfunctioning tram line using Agent-Based Modelling. Our sim-
ulations show that the malfunctions result in different occupancy levels
of several lines and cause an increase in waiting time for a lot of peo-
ple. Future research should be aimed at implementing the model for the
complete transport network in a city like Amsterdam and expanding the
behaviour of the different agent types.

Keywords: public transport - route choice behaviour - agent-based
simulation

1 Introduction

In a big city, malfunctions, delays or construction can often lead to problems
in public transport. In these situations, passengers might have to take different
routes or wait longer, which can result in greater congestion than usual. Assessing
the effects of possible malfunctions or changes in public transport would enable
the municipality to take preemptive action. The effects of malfunctions need to
be compared to a similar scenario without malfunctions to draw any conclusions
on the kind of action required. This calls for a model which is representative
of real public transport flows in a particular city. Such a model could serve as
a baseline for regular travel behaviour. When a scenario with malfunctioning
transport lines is simulated, this can be compared to such a baseline model to
better understand the effect the malfunction has on passenger flows. However,
existing research does not guide how such a baseline model can be constructed
to understand the functioning of public transport in a city [4].

In this research, we describe how such a baseline simulation model can be
created for a given city. We demonstrate our method by creating a simulation
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of public transport flows in the city of Amsterdam. For this, we obtained a data
set from the public transport company of Amsterdam (called GVB). This data
set contained travel information on the bus, tram and metro lines in the city
of Amsterdam. The baseline simulation was created using Agent-Based Mod-
elling (ABM), through which complex behaviour could be accounted for and
high explainability could be ensured. In the context of public transport, ABM
makes it possible to model and simulate route choice behaviour. This behaviour
produces the flows through the public transport network in a city. If route choice
behaviour can be simulated correctly, it will also be possible to analyse the effects
of any malfunctions or delays in traffic. The simulation can also have benefits for
decision-making processes in public transport companies because an understand-
ing of route choice behaviour can help in designing new platforms or transport
lines. The challenge of creating a model for such research is the sensitive nature
of the data. Due to privacy concerns and GDPR!, we did not have access to
data on travel preferences or route choice behaviour specifically for Amsterdam.
Therefore, we intend to understand the extent to which such a baseline model
can be created with limited data. We use a combination of domain knowledge
at the transportation company (GVB), sample transportation data and related
work to create the sample population and behaviour for our baseline simulation
model. We then evaluate the model with data from the transportation company.
Furthermore, we use our baseline model to simulate the effects of malfunctions.
We compare the baseline scenario and a scenario with malfunctions to assess the
effect of changes in public transport on passenger flows.

The rest of the paper is structured as follows, Sect.2 deals with the back-
ground literature on Route choice behaviour and Agent-based modelling (ABM),
Sect.3 gives an overview of our case domain, Sect.4 describes our research
methodology, Sect. 5 describes our results, and finally, Sect. 6 discusses the results
and concludes the paper.

2 Related Work

2.1 Route Choice Behaviour

Although there exists research on route choice behaviour and traveller prefer-
ences [4], because of big differences in transport networks in different cities, it is
not possible to take these findings and apply them directly to any given city. This
is because comfort, prices and speed of certain types of transport vary across
different cities and countries. A survey on satisfaction with public transport in
different cities in Europe showed that there are some overlapping factors for all
cities, but local conditions also need to be taken into consideration [3]. Some
cities show exceptions that need to be researched further to find the underlying
reason. Research has shown, however, that some general features influence route
choice behaviour.

! https://gdpr-info.cu/.
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Several important factors determine route choice behaviour, namely, on-
board travel time, cost, frequency, waiting time and the number of transfers |
[2,5,7]]. However, the parameter cost is not interesting for this research, because
the difference in cost for the modes of transport in Amsterdam is very minimal.
The buses, trams and metros in Amsterdam all have the same boarding rate
and the rest of the costs are very close as well. If trains and regional transport
are included as well, it becomes a bigger factor. Earlier research often uses the
shortest path approach, because it is assumed this is also the fastest and cheap-
est route [6]. When there are common lines between two stations, other factors
also become important. Common lines imply that there are two lines between a
certain origin-destination pair. When this is the case, waiting time becomes more
important [6]. The problem here is not necessarily having to wait, but the uncer-
tainty regarding the arrival of the next transport option [2]. Modes of transport
with a high frequency and reliability have a higher guarantee of a fast transfer,
which is why a lot of people have a preference for this type of transport [1]. The
importance of different variables largely depends on the type of passenger [7].
Regular commuters, like work commuters or students, have a slight preference
for the fastest route. Elderly people usually prefer trips without any transfers
and dislike waiting time relatively more than on-board travel time compared to
other groups.

2.2 Agent-Based Modelling

In agent-based modelling (ABM), the model represents a system with many indi-
vidual agents who act in a specific environment. The agents can have properties
from position and speed to age and wealth. ABM is a good method to discover
why people, in public transport, for example, make certain decisions and what
happens in the system based on these decisions [10]. The agents can interact
with the environment they are in and it is also possible to model the interaction
between agents.
In the context of route choice behaviour, agents are a good way to represent
travellers and their behaviour. An agent as a traveller in the environment of
public transport can choose several modes of transport based on their current
situation. For example, someone travelling to work might prefer the fastest route.
This can be formulated then as a rule for this particular agent. The environment
here is the whole public transport network, in which other agents act as well.
Agents can see the behaviour of the agents around them. So, if a certain mode
of transport is very busy this might influence an agent’s behaviour as well. The
goal for every agent is to get from points A to B concerning their rules. To decide
on how to get to B from point A, several options might be compared to their
rules. The agent is autonomous in this network, meaning that the agent makes
its own decisions. Finally, the agent can adapt and learn. If a certain mode of
transport is always delayed, the agent might try another mode of transport and
see if this is an improvement.

When analysing travel behaviour, a distinction is made between static (pre-
planning) and dynamic (within a trip planning) route choice behaviour [10].
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Concerning route choice behaviour, most people travelling in public transport
will have planned their trip before entering the public transport network. Mal-
functions and delays will either be known before arriving at the origin of their
trip or after arriving. This means the route choice has to be altered. Even though
the route is changed, it is still considered static as the decision is being made
before the start of travelling. Dynamic planning might occur when an accident
occurs during a trip or if there are delays, but this is generally less common.

Since GVB has no clear behaviour model, the most useful information is the
type of travel membership a passenger has. There is some domain knowledge
about the different types of membership and the behaviour that is expected
from such passengers. Travellers with a business membership probably travel
during rush hours and prefer the shortest route. For this group of people, the
trip duration is very important. For other groups, like elderly people, waiting
time and the number of transfers is prioritised. Duration, waiting time and the
number of transfers will be used as variables in our model. These three variables
can be used to create a variety of route choice decisions and it is also possible to
represent different types of people. All variables are supported by research and
GVB to have an impact on route choice decisions and they can be calculated
without additional data. Additional data would be needed for example to include
variables like personal preference, reliability and comfort. Choosing a small set
of parameters also ensures high explainability and provides a good starting point
for the model. The behaviour can easily be increased in complexity or altered
when more information is available.

3 Case Study at the Amsterdam Travel Company (GVB)

Every year, GVB creates around two thousand new schedules. This ranges from
a completely new schedule every December to small schedule changes for a short
period. There are situations like construction work, in which GVB is informed
about the issue and can prepare an alternative schedule in time. Some situations
like delays, accidents and malfunctions in the infrastructure are not planned.
In these cases, passengers can be informed directly by civil servants on site
or via digital boards at the stops. If the inconvenience is severe, alternative
transport options are provided to the passengers. In most cases, however, it is just
a matter of communicating the situation as soon as possible. Often, no further
action is taken because doing so would take longer than waiting for the next
bus/tram/metro to arrive. This does, however, result in additional congestion at
certain stops or in lines that provide an alternative. Another reason to change the
schedule might be patterns in the occupancy of certain lines. The occupancy of
every line is measured every thirty minutes. If this occupancy is above a certain
threshold that is based on the actual capacity of the vehicles, the data will be
analysed in more detail by GVB. Sometimes the high occupancy can be a sign
that people are missing a certain connection.

GVB has identified different passenger groups, but these groups are used
mostly for marketing purposes. In the context of route choice behaviour, there
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are no predefined groups. To accommodate the needs of different types of people,
the most important source of data are the memberships and products that are
linked to a person’s transport chip card. Even though the memberships can not
be linked to the routes a person takes, it is possible to make some assumptions
about the type of traveller. For example, people with a business member who
travels mostly during rush hours are probably going to work. A few people at
GVB with a lot of experience and domain knowledge use this information to
get a picture of the different passenger groups. There are certain places, like
hospitals and retirement homes, where the stops and lines will not be altered
(or as little as possible) due to the passenger groups. People at hospitals and
retirement homes that take public transport need to be able to get to a near
stop. These groups also prefer little waiting time and no transfers. A difficult
passenger group to track are tourists. A lot of tourists take routes that might
not be the obvious choice. This might be because tourists generally prefer to
take trams as they can look outside and go straight through the city. Tourists
are also hard to track in the data because most tourists use single-use tickets in
public transport.

4 Methodology

To speed up the simulation process and ensure high explainability, only a sub-
set of the public transport network was used. The lines for the sub-network
needed some overlapping stations and good coverage of the city. This makes
it possible to simulate routes in different parts of the city and also simulate
different types of routes for every origin-destination pair. The lines that were
selected for the simulation were tram lines 12 and 24 and metro lines 50, 52 and
53. This resulted in a network with 67 different stations. To further reduce the
computation, all simulations were made for a weekday (aggregation of Monday
through Thursday) and a weekend day (Saturday) for only a few hours of the
day. The hours that were simulated were 08:00-09:00, 11:00-12:00, 14:00-15:00,
17:00-18:00 and 20:00-21:00. These hours have diverse distributions over the
day and include both morning and evening rush hours. By doing this, the effects
of malfunctions can still be analysed in different situations in an acceptable time
frame.

4.1 Data Exploration and Preparation

The data of GVB contains information about complete trips and sub-trips that
people have taken. A sub-trip is a part of the complete trip in one mode of trans-
port without any transfers. A trip can consist of several sub-trips. An example of
a trip can be someone travelling from metro station Noord to tram stop Munt-
plein. To complete this trip, a transfer is needed between the metro and tram.
This trip is therefore made up of a sub-trip from Noord to Centraal Station in
metro line 52 and a sub-trip from Centraal Station to Muntplein in tram 24.
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In the GVB data, only the origin and destination of the sub-trips are
matched. There are strict privacy regulations that make it impossible to match
the complete trip. The risk of matching all data is that in some situations it
might be able to deduce to whom this travel data belongs.

As mentioned, the complete routes were not available in the data. To generate
routes, the passenger distribution per hour and the probabilities of all origins and
destinations per hour were analysed. Figure 1 shows the passenger distribution
for all days of the week. This shows that the weekdays are quite similar, but
the weekends differ quite a bit. All weekdays show clear peaks during the rush
hours 08:00-09:00 and 17:00-18:00. Wednesday and Friday seem to have slightly
fewer passengers, which could suggest these are popular part-time working days.
Saturday and Sunday follow a completely different pattern from weekdays. There
is no morning or evening rush hour and the busiest hours are midday, Saturdays
being busier than Sundays. The average number of passengers per hour was used
as a base for the simulation.

Monday
Tuesday

Wednesday
20000 Thursday

Friday
Saturday
Sunday
15000

10000

5000

08:00 - 09:00 11:00 - 12:00 14:00 - 15:00 17:00 - 18:00 20:00 - 21:00

Fig. 1. Passenger distribution

For all people in the simulation, a route has to be calculated. Even though
complete route information is unavailable, the GVB data was used as a base.
For every hour, the probability was calculated of departing from and arriving at
a particular station. These probability distributions were also compared for all
days of the week. Since the probability distributions of Monday through Thurs-
day were relatively similar, these days were aggregated. By aggregating the noise,
like past malfunctions, the delays will have less impact on these distributions.

4.2 Simulation Setup

For our simulation the Transport Network Analysis®> package from TU Delft
was used as the base code for this research. The model provided was written
in Python, using SimPy?, NetworkX* and the custom package of TU Delft to
simulate agent-based behaviour.

2 https://github.com/TUDelft- CITG /Transport-Network- Analysis.
3 https://simpy.readthedocs.io/en/latest/.
* https://networkx.org/.
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The sub-network of the transport lines in the city was created in NetworkX.
Each node represents a station and each edge is a connection between two sta-
tions. Each edge has a duration weight in minutes and a line attribute which is
the name and direction of the transport line. Figure 2 shows the network that
was created and the real transport network on a map. The network in NetworkX
does not completely follow the same shape, because all edges are straight lines,
but the locations of the stops are matched correctly.

Fig. 2. Transport lines in networkx (left) and on maps.amsterdam.nl (right)

The agents in the simulation are the vehicles and the passengers. The vehi-
cles have a name, route and start node. The Transport Network Analysis package
provides classes to make the vehicles move over the network and pick up passen-
gers. At every node, the vehicle will check for passengers. If there are passengers
that want to take this mode of transport, they will be loaded into the vehicle.
At every node, it is also checked if any passengers want to get off the vehicle and
they are removed from the vehicle. After the (un-)loading process, the vehicle
drives over the network edge to the next node in its route. The duration in min-
utes between two stops is stored as an attribute for that edge. The generation
of the vehicles is based on the scheduling of every line. The frequency of metro
52 is six minutes, so every six minutes a new vehicle with the right attributes
for this line is generated at both ends of the line.

The passengers were generated based on the average number of passengers
for that hour. An arrival rate is calculated based on this number, to evenly
distribute all passengers over the whole hour. A probability distribution is used
to generate an origin and destination for each passenger. Between these two
stations, all possible routes are generated with NetworkX. To reduce the number
of unrealistic routes as a result of using a sub-network, only routes with less than
three transfers were considered. There are three different classes: (i) the preferred
trip is the one with the shortest duration, (ii) the preferred trip is the one with
the least amount of transfers, and (iii) the preferred trip is the one with the least
amount of waiting time.
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Therefore, one of the parameters of the simulation was the probability dis-
tribution for the three different classes. Each simulation can be executed with a
different distribution of people, and it can be altered for every hour if needed.
All simulations were run for a weekday (aggregation of Monday—Thursday) and
a weekend (Saturday). As mentioned before, five hours are selected for every
day to reduce computation. All simulations were run with an even probability
distribution for all classes (all 0.33) because the real population is unknown. To
make sure the results converge, each simulation was run ten times. The scenarios
are as follows:

— Scenario 1: all lines in the network run according to the normal schedule.
— Scenario 2: line 12 will fail for 30 min during every hour. This can be used
to assess the effects of failures/delays.

The first scenario was simulated to produce a baseline. The second scenario
was simulated to assess the effects of malfunctions. Tram 12 was chosen as a
malfunctioning line because the stations Centraal Station, Dam, Roelof Hart-
plein, De Pijp and Amstel Station can also be reached by using other transport
lines. This provided a lot of passengers with the choice to either wait for the
next tram 12 or choose a different option.

To evaluate the results of the baseline model, GVB data was used. The results
that were possible to evaluate with the data were the origin, destination and sub-
trips from all passengers. To compare simulation data with measurement data,
we use the goodness of fit [8] through the mean average error (MAE) metric, as
it is easier to interpret and more understandable than the RMSE metric [9].

5 Results

This section will discuss the simulation results about origin stations, destination
stations, sub-trips, trip data and vehicle occupancy.

Table 1 shows the MAE for both scenarios 1 and 2 for weekdays and Saturdays
when the simulation was run for different Origins. The MAE represents the
average difference between the number of people with a certain origin in the
simulation and in the GVB data. The results show that during the rush hours
on weekdays the MAE is highest, where the predictions are between 20 and 23
people off, on average.

Table 2 shows the MAE for both scenarios 1 and 2 for weekdays and Saturdays
when the simulation was run for different destinations. The MAE is higher in
every case than the MAE for the origin stations, with the highest value of 45
people.
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Table 1. Origin Weekday (columns 2 and 3)and Saturday (columns 4 and 5)

Hour group | MAE S1 W | MAE S2 W | MAE S1 S| MAE S2 S
08:00-09:00 | 22.59 22.72 3.01 3.07
11:00-12:00 | 4.67 5.57 6.33 5.80
14:00-15:00 | 6.13 6.68 6.99 8.20
17:00-18:00 | 19.57 20.55 7.70 7.17
20:00-21:00| 3.94 3.65 3.90 4.45

381

Table 2. Destination Weekday(columns 2 and 3) and Saturday (columns 4 and 5)

Hour group | MAE S1 W | MAE S2 W | MAE S1 S| MAE S2 S
08:00-09:00 | 25.75 25.80 5.29 5.23
11:00-12:00 | 5.92 6.10 7.98 7.63
14:00-15:00 | 17.76 17.79 9.05 8.82
17:00-18:00 | 44.98 45.17 14.10 14.11
20:00-21:00| 6.93 7.23 7.09 6.59

For all simulations the average waiting time, the average amount of transfers
and average duration were calculated. This was done for scenarios 1 and 2 for
weekdays and Saturdays. Figure3 shows a box plot of the results from 08:00-
09:00 (the other hour groups showed similar results). The plots show the spread
of the waiting time is larger in scenario 2. The mean duration and mean waiting
time do not seem to be affected. Figure4 shows the counts of the number of
transfers. There seems to be no difference between the two scenarios in the

number of transfers.

60

Scenario

N Scenario 1
50 mmm Scenario 2

Waiting time
8 8

8

Weekends

Day

Weekdays

Fig. 3. Box plot of duration(left) & waiting time (right)

Scenario H
60 W Scenario 1
W Scenario 2
50
< 40
-
B
A 30
20
10
0
Weekends Weekdays
Day
Tram 12

In scenario 2, tram 12 had a malfunction problem for 30 min. The first trams
to run again depart at 08:35 and 08:33. The results clearly show a much higher
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Fig. 4. Weekdays (left) and Saturdays (right) frequency count of transfers

number for the occupancy of this tram in scenario 2 than in scenario 1. The
number corresponding to a station on the x-axis represents the number of peo-
ple in the vehicle to this particular station. For example, if this value is 50 at
station De Pijp this means that 50 people were in the vehicle while driving to
station De Pijp.
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Fig. 5. Tram 12 to Amstelstation (08:35)
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Fig. 6. Tram 12 to Centraal Station (08:33)
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Fig. 7. Metro 52 to Zuid (08:36)
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Fig. 8. Metro 52 to Noord (08:41)

6 Discussion and Conclusion

Agent-based modelling provides a good methodology to simulate passenger flows
in a public transport network. With limited data about passenger behaviour,
research and domain knowledge have provided a basis for our model. Three dif-
ferent classes were used in a subset of the public transport network in Amsterdam
to create our baseline model. The results show that our model can generate pas-
sengers and routes that are somewhat similar to reality. To accurately assess
the model, it should be further tested on the complete public transport network.
After this, the behaviour of the passenger groups can be altered as well to further
improve the model.

Overall the busy hours show a larger MAE. Since there are a lot of passengers
during these hours, it might take more iterations of the simulation for the results
to converge and thereby decrease the MAE. The higher errors for the destination
stations can be assigned to the fact that the probability distributions are derived
from a single hour. The problem with this is that a lot of destination stations
within an hour are destinations from a trip that was started in the previous
hour and a lot of actual destinations will fall within the next hour. Since the
GVB data was aggregated by hour, it is not possible to correctly assign the
destinations to the exact hour the trip started.



384 S. Ensing and C. Amrit

The trip metrics show that there are more outliers for waiting time and that
the trip duration and amount of transfers are not affected by the malfunctions
in scenario 2. The increase in waiting time can be explained by people who are
waiting for tram 12 who do not change their route. Thereby, the waiting time
for a lot of people increases.

The vehicle occupancy figures show some interesting results about the effects
of a malfunctioning tram line in the public transport network. The results show
that most people who are affected by the malfunctions choose to wait for tram
line 12 (Figs.5 and 6). This number is probably a lot higher now because some
stations simply can not be reached by any other line in the network. In other
cases, it might still be the preferable route if this means there is no need to
transfer or if the trip duration is still a lot shorter. Metro line 52 (Figs. 7 and 8)
shows an interesting result. In both directions, the stations after De Pijp show
a clear peak after tram 12 has resumed running. During the malfunctions, the
same parts in the route show a slight decrease. The explanation for this is that
some people who need to use tram 12 to get to station De Pijp to transfer to
metro 52 cannot do this during the malfunctions.

Our baseline model provides a good starting point for agent-based modelling
of public transport for both the municipality and GVB. It enables the municipal-
ity to further monitor crowdedness in the city and analyse how it is affected by
changes in public transport. An application for GVB could be the identification
of critical lines in the network. The results show that tram 12 was a critical line
in the network as its failure resulted in a lot of people having to wait at their
stop. Our simulation could also be used to see what influence the new sched-
ules might have on the passenger flows in the network, by editing the network
structure in the model. Even though this research is focused on Amsterdam,
it provides a methodology that can be applied to other cities as well. We have
shown that even though there is little data available about passenger behaviour,
the baseline model can still produce interesting insights.
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