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Abstract. In this work, we present the design of a novel geographic
information tool for the analysis of public transportation data.

The widespread integration of user traveler cards have enabled public
transport operators to generate and store large amounts of data related
to user movements within the transport network. However, these author-
ities are seldom equipped to efficiently exploit these data in order to pro-
duce a comprehensible analysis of the transport network usage. This is
not only due to the sheer amount of data in need of processing, but also
because most public transport operators only validate the travel card on
boarding, whereas data referring to transfers and alightings are generally
unavailable.

Thus, the system we propose not only addresses efficient storage and
exploitation of big datasets, but also the reconstruction of complete jour-
neys by using a prediction algorithm to deduce the alighting stop for
each boarding. Furthermore, we also provide the transport operators
with easy-to-use means of visualizing and analyzing the data through a
graphical interface.

Keywords: Geographic information systems · Compact data
structures · Big data visualization

1 Introduction and Motivation

The main goal of this work is to build a new tool based on geographic information
technology for the analysis of trips in the urban and/or metropolitan public
transport network (including metro, commuter train, trams, urban buses, and
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interurban buses). This application will exploit the fact that currently most trips
on public transport begin with the validation of a traveler’s card. This validation
allows recording a large amount of information about the trips and opens the
door to derive the transport needs of citizens, including the global use of the
network, the most used stops and their peak hours, the occupation of means of
transport, etc. Transport authorities and operators are currently facing major
problems in adequately storing all the big data generated (millions of records of
data produced daily by traveler cards, generating an extensive history of use),
so that later they can be analyzed and exploited efficiently. Besides, due to the
particular characteristics of many public transport means, complete information
on journeys and transfers is sometimes not available since only entry points to
the transport network are stored; e.g., buses and many subways where users do
not have to validate their card when alighting.

Despite the existence of algorithms capable of deducing the final stops of
the travelers just analyzing their accesses to the transport network [1,2], many
transport network administrations are still using on-site surveys to create origin-
destination matrices in order to analyze the use of the network made by travelers.
These surveys have a high cost, so they are only done sporadically (normally
once every several years), and therefore they do not reflect the changing reality
of people’s mobility. For example, they do not reflect the changes caused by
the pandemic context, where the use of public transport has changed radically,
they are not even adequate to reflect more gradual changes such as those caused
by the appearance of new forms of transport such as electric scooters, rental
bicycles, etc.

Thus, although the entities in charge of the transport network potentially
have very valuable information on the use of the network, in general, they do
not have the appropriate tools for its analysis and exploitation, which limits its
usefulness.

This work will tackle three main technological shortfalls in the state of the
art:

– Lack of efficiency in the storage, integration and management of travel data
in relational databases.

– Difficulties in implementing efficient algorithms to accurately infer final stops
of travelers.

– Difficulties in visualizing trajectory data with conventional GIS technology.

2 Related Work

Object trajectories has attracted a lot of attention recently [7] as the number
of vehicles and devices equipped with GPS technology or other location means
has grown explosively. The collected data have many applications, including
traffic management, analysis of human movement, tracking animal behavior,
security and surveillance, military logistics and combat, and emergency-response
planning [5]. The vast quantities of data, however, can make storing, processing,
analyzing them a challenge.
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In this work, we present a project that will develop a complete system to
collect, store, process, and analyse transportation data. This implies that this
system will include a wide variety of technologies and methods from data struc-
tures and algorithms [4,12] to sophisticated analysis techniques [1,2,6].

3 Previous Concepts and System Architecture

This section includes some basic concepts. First, we need to precisely define
some vocabulary that refers to particular concepts about the normal behavior
of a public transport network that will be used in the following sections:

– Station: we consider a station as the physical location where one or more
lines of any means of transport stop.

– Line: this refers to a line providing public transit of any means of transport.
It is also important to distinguish between line and route. A route is an
ordered, consecutive succession of stations that defines a path within a line.
At the bare minimum, in the dataset we used, every line has two routes
corresponding to the same series of stations in two possible directions.

– Stop: with this we are referring to the act of a specific means of transport,
following a specific route, stopping at a station and allowing for the boarding
and alighting of passengers.

– Trip and trip-stage: A trip is the complete journey of a user from one point
(called origin) to another (called destination). A trip may require boarding
multiple means of transport. A trip-stage starts when the user boards any
means of transport at a stop, and ends when the user alights at another
stop. Therefore, we define a trip as a sequence of one or more coherent trip-
stages. The origin of a trip is the boarding stop of its first trip-stage, and the
destination is the alighting stop of its last trip-stage.

Having these concepts and the challenges mentioned above in mind, we com-
bine in the same architecture classic and well-established engineering practices
with cutting edge technologies.

The proposed system is a classical full-stack solution composed by three main
layers: storage, middle communication and user interface. Figure 1 depicts every
module encompassed in its corresponding layer, notice how the modules with the
most significant contributions are represented with dashed lines. The following
is a brief summary of the goal of each layer:

– Storage layer. On the one hand, it is responsible for storing basic data in
classical databases (considering the spatial dimensions). On the other hand,
this layer is in charge of processing the raw data records, calculating final stops
for all the trips and storing the information in enhanced structures designed
to reduce space usage while preserving good performance. Next sections will
delve into these two advanced components.

– Communication Layer. Classic middle tier that serves the information
saved in the storage layer to the interface layer.
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Fig. 1. System architecture with its three distinct parts: storage layer (red), commu-
nication layer (green) and user interface layer (blue). (Color figure online)

– User interface layer. This layer will provide advanced query interfaces on
available public transport travel data. It will provide intuitive interfaces for
performing a wide set of predefined but parameterizable advanced queries.
For its implementation, we will use standard Web development technologies.
Commonly, those results will be presented in the form of maps in the map
viewer; in other cases, the results will be presented as lists, statistics, etc. A
more detailed description of the contributions on this layer can be found in
Sect. 7.

4 Raw Data, Clean Data and Alighting Estimation

All the data used for this project was provided by the Regional Consortium of
Transportation of Madrid, Spain.1 The data encompasses all the transactions of
every user card, within any means of public transport, in the city of Madrid, in
the years 2019 and 2021.2 This amounts to a dataset of more than 250 GiB. For
reference, just the month of January of 2019 includes 151,094,796 records.

The first major challenge of this work was to interpret, clean and process the
raw data. These data consists of twenty-four similarly formatted tables (one for
1 https://www.crtm.es/.
2 2020 was excluded from the analysis due to the anomalous use of the network caused

by the pandemic scenario.

https://www.crtm.es/
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each month of the years 2019 and 2021) where each record represents one single
transaction on the public transport network of Madrid.

A transaction is tied to an user card id, as well as a specific date and time.
Transactions also specify the type of user card, the type of user and the type
of discount, if any, that was applied to that transaction. Every transaction is
also accompanied by a paypoint code, that refers to the specific stop where the
transaction took place, as well as a validation code that identifies the conditions
in which the transaction took place.

The data include all current user cards in the public transport network of
the city of Madrid, including user cards for the elderly people, tourist user cards,
etc. We also have data regarding single tickets sold not tied to any user card.
However, given that the prime interest of this project is to explore the continuous
movements of people, we chose to discard such data (corresponding to a 1.3% of
the total number of transactions) for the time being.

We were also provided with a set of tables defining the topology of different
public transport networks on Madrid, one for each means of transport included
in the transactions dataset, those being: subway, suburban train, trolley car,
urban bus, and interurban bus. Each record on these tables describes a specific
stop in full detail (including name, station and line that it belongs to, exact
geographical coordinates, among others) tied also to a paypoint code. By using
this value, we are able to correlate each transaction with the full information of
the stop where it took place.

Figure 2 shows the complete statistics of transactions by means of transport
in the month of January 2019. In summary, 46% of the total number of trans-
actions corresponds to subway stations, making that the most used means of
transport by a wide margin, with urban bus (24%) being the second most used,
followed by suburban train (16%), interurban bus (14%) and, lastly, trolley car
(2%).

Fig. 2. Transactions per transport means in January 2019, including all types of users.
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The distinct validation codes could be used to classify every transaction into
three broad categories as follows:

– Boarding: the user card was validated when boarding at a specific stop.
– Alighting: the user card was validated when alighting at a specific stop.
– Change of vehicle: the user card was validated when performing a manda-

tory change of vehicle in some special stations.

It is important to note that for most means of transport, there is no standard-
ized process for validating the user’s card upon alighting, meaning that the vast
majority of the available data relates only to boardings without a subsequent
alighting. 88% of the total number of transactions are classified as boarding
transactions, with 8% being classified as alightings and 4% as changes of vehicle.

Table 1 shows the percentages of every transaction type for every different
means of transport. Observe how, for both subway train and trolley car, more
than 40% of the transactions are labeled as alightings. This is because for those
means of transport users are expected to validate their card upon alighting on
most stations. In contrast, on the subway network, only a very small number
of stations pertaining to special subway segments that are closed off the regular
subway network, demand the users validate their cards on alighting, thus only
a 1.64% of the transactions on subway are labeled as such. Finally, as there is
never a validation on buses when alighting, there are no transactions labeled as
alightings on those means of transport.

Table 1. Percentage of transaction types for each different means of transport

Means of transport Boardings Alightings Changes of train

Subway 90.03% 1.64% 8.33%

Suburban train 57.02% 42.98% 0%

Trolley car 57.23% 42.77% 0%

Urban bus 99.99% 0% 0.01%

Interurban bus 100% 0% 0%

Given that a trip is a concatenation of trip-stages consisting of both a board-
ing and an alighting, and the state of the data we have just described, it is not
possible for most of the real trips to be derived from the data we were provided
with. This presents a serious problem for us, given that the ultimate objective
of this project is the construction of trips based on the data of boardings and
alightings for every trip-stage. For this reason, we concluded it necessary to
develop some kind of method in order to estimate the possible alighting stop for
every boarding registered in our dataset.
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5 Alighting Estimation

In this section, we propose an algorithm based on simple rules with the aim of
predicting possible alighting stops for every trip-stage based only on boarding
data. Figure 3 shows the general flow of that algorithm.

Fig. 3. Flow of the algorithm for the prediction of alighting stop and grouping trip-
stages into trips.

In essence, the algorithm consists of two simple steps.

Step 1): For each pair of consecutive boardings, we want to calculate a possible
alighting for the first boarding. For this, we search for the closest stop to the
second boarding accessible from the first. In other words, it is assumed that
there is at least some amount of continuity in the user’s movements, so we will
start by establishing the possible alighting of a boarding in a stop close to the
immediate next detected boarding.

If there is no stop accessible from the first boarding sufficiently close to the
second boarding, we determine that it is not possible to deduce an alighting
stop at this step, and also that the trip-stage defined by the first boarding and
subsequent alighting must constitute an end-of-trip.

Step 2): Assuming Step 1 was successful in identifying a possible alighting stop,
it is now necessary to check whether it is reasonable to assume that this created
trip-stage can be linked with the next trip-stage as part of a longer trip. In order
to accomplish this, we compare the time of the first boarding plus the estimated
time needed to arrive at the predicted alighting stop, to the time of the second
boarding.

If the two trip-stages are really part of the same trip, the user needs to have
been capable of arriving to the estimated destination of the first trip-stage on
time to start their second trip-stage without an extended delay, meaning that if
there is a difference between the two times larger than a given threshold, it is
not reasonable to consider the two trip-stages as part of the same trip, as most
likely the user has spent some time on their first destination before starting a
new trip.
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We apply these rules to every pair of consecutive trip-stages of the same user
card. This results in a collection of trips where every trip-stage that is not the
last trip-stage of a trip includes a candidate alighting stop.

Of course, it is necessary to define an appropriate threshold for each of these
steps. For the first step we need to define the maximum distance beyond which
we consider a stop is no longer close enough to another stop for it to be chosen
as a valid destination of the previous trip-stage.

Conversely, we need to define the maximum time delay allowed between the
estimated time of arrival at a destination and the next boarding for the two
trip-stages to be linked as part of the same trip. Note how this method is based
on the same continuity principle used in [1]. These results were improved by
applying machine learning techniques in [2].

One obvious shortcoming of these simple rules is that we cannot calculate a
candidate alighting stop for any trip-stage that is also the last trip-stage of a
trip. For this, we need to make yet another assumption about the movements of
users in transport, that is, that there is a degree of symmetry in a user’s journeys
between different days. For example, if a user always starts her day by boarding
at a specific stop that we could assume is located near her home, and her last
boarding of the day is on an stop that has a possible destination close to that
first boarding of the day, it would be reasonable to assume that such destination
could be the last alighting stop of the day for this user, and that this last trip
of the day represents the act of “going back home”.

By searching for regular patterns in the movements of the users and applying
this principle of symmetry, it should be possible to further complete the data of
the trips.

Furthermore, given that we were provided with information about user’s
profiles and the types of user cards used for every transaction, we are currently
investigating possible alternatives to incorporate this data in the flow of the
algorithm in order to enhance the prediction.

To close up this section, note that, while our dataset is certainly lacking in
real data about alightings, we can still perform a validation of the prediction
algorithm we designed by comparing the alighting stops suggested by the algo-
rithm on trip-stages for which we do have both the boarding and alighting data
(this would be true for most-trip stages on suburban train, trolley car, as well
as certain segments of subway network).

6 Trip Representation: Aggregated and Disaggregated
Data

To face the Big Data 4V, parallelism is the usual choice. However, the basic
data structures of most NoSQL systems are not very suitable for the analytical
needs of this project, since those systems rely on parallelism with simple data
structures like key-value pairs. Instead, our target is to use more complex data
structures such as a trajectory data warehouse [9]. Data warehouse is the natural
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choice for data analysis since they provide grouping capabilities, which includes
the possibility of using of pre-computed aggregated data for speeding up queries.

The classical systems based on relational databases or native data warehouse
systems need very expensive dedicated hardware to cope with the amount of
data that needs to be handled in this project. Therefore, we will use a new
alternative based on compact data structures [8], which are capable of storing
data in compressed form but, unlike classical compression methods, they allow
to extract (decompress) portions of the data without having to decompress the
whole dataset. This opens the door to a new computation paradigm, where data
reside in main memory all the time in compressed form avoiding disk accesses,
thus yielding faster access times [10]. In addition, taking advantage of the savings
in space consumption, compact data structures are usually equipped with indexes
(also compressed) or precomputed aggregated data, which helps even more to
obtain faster query times. In recent years, compact data structures for managing
aggregated data have already been designed for multidimensional data [3].

We are already developing a novel data structure for this project inspired by
previous compact data structures. One of the most relevant structures in this
context is the Topology & Trip-aware Compact Trip Representation (TTCTR)
[4], a compact data structure that stores the individual trips of each traveler.
Each trip of a traveler is represented as an sorted set of tuples <si, li>, where si
is the identifier of the stop and li the line to which belong. A vocabulary stores
the unique identifier that is assigned to each tuple and trips are represented
using this vocabulary. TTCTR concatenates and sorts the set of trips and stores
it in a modification of the well-known compact and self-indexed data structure
Compressed Suffix-Arrays (CSA) [11].

In the experiments, a dataset of 10 millions of trips occupying 165,39 Mb
was reduced to 38.16 MB, that is, only 38.16% of the original space.

As this structure works only for individual trips, the authors also proposed T-
Matrices (Trip Matrices) [4]. They emerged as an application of image rendering
techniques to the particular study of public transport loads. The main idea is
to simplify the approach to store aggregated data while speeding up cumulative
queries. In the public transport domain, three queries of this type stand out:

– Aggregations by stop (e.g. number of boardings on a specific vehicle at a given
stop S).

– Aggregations by time-interval (e.g. number of boardings at any stop of the
line on 08/01/2022).

– Aggregations by stop and time-interval (e.g. number of boardings at a given
stop S on 08/01/2022).

The simplest way to store the loads of a transport mean would be a classic
table, being one axis the actual stops and the other one each journey of a given
vehicle, as it is depicted in Fig. 4 (left). However, to solve any of the queries
listed above, it would be necessary to iterate through each of the desired cells.
That cumbersome process could be avoided by storing the data in an aggre-
gated matrix, summing all values from the top-left corner to the bottom-right
corner. Thus, we can compute the total sum of any submatrix in O(1) time
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Fig. 4. T-matrices. The left table represents the actual gathered values while table on
the right represent the same information using an aggregated approach. (Color figure
online)

using the formula: sumSubMat((x1, y1), (x2, y2)) ← M(x2, y2) − M(x2, y1 − 1) −
M(x1 − 1, y2) + M(x1 − 1, y1 − 1).

In the example of Fig. 4, each cell represents the amount of travelers that
boarded into a given vehicle during one of its journeys at a given stop. In order
to calculate how many travelers boarded on journeys 2 and 3 from stops 2, 3 and
4 (submatrix highlighted in blue) it would be necessary to perform 1 + 2 + 1 +
2 + 1 + 2 = 9. Yet, using the aggregated solution (right), the same result can be
achieved using the formula sumSubMat only accessing four cells: 20−8−5+2 = 9.

One interesting query not tackled in that work is to precalculate the total
number of users who used a particular line and their distribution throughout
the day. This distribution indicates the percentage of use of a line every hour,
in intervals of 15 min or another range of time. For example, a given line X is
used on average by 250 people, where 15% boarded between 9:15 and 9:30, 10%
boarded between 9:30 and 9:45 and so on. This allows us to know, among other
information, the peak hours of the stops and lines, the real use of the lines,
population movement patterns, etc.

The structures previously described in this section are not able to resolve this
type of queries efficiently. For this reason, we propose a new method based on
the creation of a vocabulary that allows us to solve them. The method is based
on the fact that the distributions of use will be repeated very frequently between
different lines. For instance, many trips in the night hours will have very low or
no usage, mornings will have peak usage due to people going to work, etc.

The main idea is to create a vocabulary with the different percentages of
distribution that occur in the transportation area during a day. Then, each trip
is assigned the number of passengers and also the identifier in the vocabulary of
its distribution of use.

7 User Interfaces for Analysis

The systems exploits the trip information using four main user interfaces, that
are devoted to different dimensions of the transport management:

– Detailed network usage: this involves analyzing how many passengers have
used a given line, or boarded at a given stop, during a specific day or range
of days, and how this number of passengers evolves during the day.
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– Origin-destination demand: this involves displaying the overall demand by
users for specific origin-destination trips (i.e. number of full trips, possibly
including several trip-stages and multiple transport means, that start at a
given stop and end at a given stop in a given range of dates).

– Anomaly analysis: this involves identifying potential origin-destination pairs
that have sufficiently high demand but do not have a convenient combination
of lines to do the trip in reasonable time. This kind of analysis is mainly useful
for tactical and strategical decisions related to transport planning.

– Accessibility analysis: this involves identifying the connectivity of specific
stops. The goal of this analysis is to be able to determine, from any given
stop in the transport network, the average time required to reach any other
point of the network.

Figure 5 displays a sample interface for detailed network usage analysis. This
is the most detailed query interface, and also answers the most basic usage
analysis queries: The interface displays all the lines for all transportation means,
and users can select a specific line (or, more specifically, a route of that line) in
order to obtained detailed information about the number of passengers using that
specific route. For a given route, user can filter data to a given temporal range,
and to a subset of stops. The system will compute the desired metric for each
selected stop in the line and display the evolution of that metric in predefined
temporal intervals (in the example, 1 h). The metrics available for each stop
include the number of passengers boarding, alighting, switching transportation
means, as well as starting or ending trips in the given stop. This information can
be obtained from aggregated data stored using the data structures introduced
in Sect. 6.

Fig. 5. Network usage analysis interface.
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Figure 6 displays the origin-destination analysis interface. This interface pro-
vides a higher level analysis of the transportation habits of passengers, as it
focuses on characterizing full trips of users. The goal of this interface is to pro-
vide an intuitive way to identify the demand on the network between two given
points.

Fig. 6. Origin-destination query interface.

The query interface, as displayed in Fig. 6, displays a map with all the stops
in the region, where the user may select any two stops as origin and destination,
to check the demand between them. Additionally, the results can be constrained
to a given range of dates in order to analyze detailed behavior for specific dates or
events. The interface retrieves an aggregation of all the user trips corresponding
to the given origin-destination, partitioned by line, and displays all of them in
the map. Each different route for the given origin-destination is displayed at the
same time, and summarized information related to the number of trips using the
corresponding route is shown to the user.

Figure 7 displays the user interface for anomaly analysis. Unlike the previous
interfaces, this one does not require the selection of specific stops or lines, since
its goal is to automatically detect all potential anomalies. The user may select
a range of dates (typically, to include specific events, or to discard older data
if changes in the network have occurred), as well as specific conditions on the
dates (e.g.: weekends only), the minimum demand (i.e. the number of passengers
that perform the corresponding origin-destination trip) and the anomaly metric.
The relevant anomaly metrics are 3: time anomaly (the trip takes much longer
than it would according to the distance), distance anomaly (the trip is much
longer than it could be), and vehicle changes (the trip requires changing lines
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Fig. 7. Anomaly analysis interface.

Fig. 8. Accesibility analysis interface.

too many times). Given these parameters, the system computes and displays all
the origin-destination pairs that contain an anomaly.

The accessibility analysis interface, displayed in Fig. 8, provides a simple
interface to select any stop in the transport network and display the estimated
time from the given stop to any other stop in the network. This is displayed
in the form of an isochrone map, that isolates the different regions that can be
reached in fixed time intervals. Notice that, since different stops may have very
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different connectivity and transfer times, the interface also provides the ability
to manually select the number of isochrone lines generated and the time interval
used to construct them.

8 Conclusions

In this work, we have presented an ambitious project under development of a
novel geographic information system for the analysis of public transportation
data. Several challenges force us to adopt new state of the art techniques.

First, the amount of data being produced at a very high rate daily in large
cities and their metropolitan areas. In our case, we include in the proposed
system compact data structures to build a completely new trajectory data ware-
house. The reason of this choice is that classical data warehouses, such as those
based in relational model, first, are not adequate to build a trajectory data ware-
house and second, they have serious problems to deal with very large volumes
of data. The alternative of NoSQL systems is also not suitable since to obtain
aggregated data, all must be done on the fly.

Second, the systems designed so far have only basic analysis queries, and
thus, we designed a new set of queries and query interfaces that provide very
complex data analysis for a transportation analyst.
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