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Abstract: Public transport offer in the city of Milan consists of two main networks:
the metro network and the surface network, both managed by Azienda Trasporti
Milanesi S.p.A. (ATM). Since the lack of studies regarding the latter, this work
took it as the topic of the study, in particular considering just data about the offer.
The methodologies adopted are the ones of Network Analysis, in order to analyze
urban mobility. Results obtained could be then exploited by ATM itself, which
eventually could take potential measures to improve the service offered to users.

Starting from GTFS input data of a standard week, it has been possible to build the
network first, considering all its aspects: nodes, edges and additional information,
such as lines and paths that transit through them. The nodes of the network
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similar to how it is perceived by users. A weight has then been assigned to each
Academic year: edge of the network, based on the number of seats available along it during a
2022-2023 predetermined time period. Some representations of this weighted network have

been done, allowing to better comprehend how the offer changes during the week
considered and how it spreads geographically. These weights have then been used
for the definition of some indicators to assess the performances of the service.

As last considerations, since the importance of intermodal transportation and be-
cause ATM manages them all, the metro network stations have been considered in
order to relate surface performances to their location: in particular, surface stops
have been classified based on the distance to their closest metro station, and then a
final comparison of performances has been done, to see whether the overall network
is well integrated or not.
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1. Introduction and objectives

Public transport service available in the city of Milan consists of two main networks: the metro network and
the surface network. For what concerns metro network systems in general, since the availability of data, many
studies have already been developed (see [3, 6, 9]), and cover the main aspects and issues of both offer (i.e.



the actual network and the infrastructure present) and travel demand (i.e. flows of passengers and waiting
passengers at the stations).

For what concerns instead surface network services, the situation is a little bit different: studies and analyses
are not as well developed as the ones regarding the metro due to a bit of lack of information. For instance
in Milan, the study area considered, it is not possible, at the moment, to have complete access to data about
passengers’ flow among the lines, since most of the vehicles of the city do not have APC (Automated People
Counter) systems installed on-board. This is though a transitioning phase, since in the future all vehicles in the
city will have such systems, and so complete analyses will be possible. Despite the lack regarding passengers’
flow data, it is still possible to consider, as the object of the study, data about the offer and analyse the surface
services network.

But why are studies about urban transportation networks so important? Possible analyses could lead in fact
to the identification of potential criticalities that affect urban mobility; from criticalities then some measures
to improve the service can be taken. The first one who can benefit from this kind of analysis is ATM (Azienda
Trasporti Milanesi S.p.A.), who manages the public transport service in Milan; then, results of any potential
measure directly affect users, who are offered with a better transportation service and a more pleasant travel
experience.

Furthermore, since ATM also manages the metro system, it is interesting to see whether there is a good
integration between surface services and underground ones and try to understand how surface performances
change depending on the distribution of underground stations. Network analysis methodologies will allow to
achieve the objective of the study: construction and analysis of Milan public transport surface network to
evaluate offer performances in an intermodal perspective.

The concept of intermodal transportation represents in fact a possible solution for a more efficient and integrated
travel experience, and it constitutes a great step towards a more sustainable future, a better urban mobility and
a reduction of road traffic. The perspective of intermodal transportation should be increasingly considered in
order to bring some improvements in mobility performances, to offer better services and a more flexible travel
experience to users. The work done and the results obtained could be then considered as a starting point for
further and future analysis, including those whose main objective will be that of the analysis of the passengers’
flow inside the network (travel demand).

For all the analyses, Python and RStudio methodologies contained in [2, 4, 5, 8, 10, 13| were followed.

2. Input data and network construction

All the analyses and the reasoning of the project have been possible thanks to the availability of very detailed
data. These data, provided by ATM, consist of a GTFS file format, which is a very popular file format when
considering public transport data. GTFS file is composed by a series of text files, where each of them regards a
specific aspect of the information of the public transport, such as stops, lines, routes and date and time service
information. The data available are referred to a standard week of the winter service, starting from October
17th, 2022 (Monday) to October 23rd, 2022 (Sunday). These periods of interest allowed to have a vision of
the offer both for time slots and for workdays and week-end days, and so to also understand the differences
among the service and how it changes through a standard week. To sum up, the data contained in the GTFS
file allowed to have all the useful information to find the location of the public transport stops (4852 stops),
the description of the lines (159 lines), the list of paths of each line (a path is a specific sequence of stops)
and the stop sequence for each path with the arrival and departure time at each stop for each day of the week
considered. Alongside GTFS data, ATM provided also information about the service vehicles, specifying for
each public transport line, the type of vehicle and its capacity.

With these initial data it has been possible to build the basic network first, composed by nodes and edges, and
then to fill it with the offer data.

2.1. Nodes and edges

The network construction started with the identification of the nodes, that represent the actual public transport
stops: the GTFS file already contained a specific dataset filled up with all the necessary information, such as the
stop ID, its name and location and its coordinates. Coordinates values have been also converted from longitude
and latitude into UTM coordinates, that lead to a better and more precise visualization.

The next step is about the identification of the edges. Edges represent the actual connections between stops:
two stops are connected by a directed edge whenever there is at least a surface line path from the first stop to
the second. Disposing of the sequence of stops for each path of the network, it was possible to create a dataset
containing all the information regarding the edges, such as starting and ending stops and the lines and paths
that transit through it. The first dataset allowed to build a multi-edge network: the number of edges between



each couple of stops will be equal to the number of paths that transit between those stops, that corresponds to
every travel possibility available to users. There will be one edge per path, and all the edges will be directed.
From the multi-edge dataset, by simply collapsing the edges between the same couples of stops, but keeping the
information about paths, it has been possible to obtain a dataset for the construction of a single-edge network,
always directed, which is the one needed for all the further analyses.

Nodes and edges allowed to build the first network, and to perform some initial qualitative analysis of its plot.
In Appendix A, figure 13 shows the Multi-edge Network, while figure 1 below shows the Single-edge one.

Figure 1: Single-edge network

This representation shows the geographic extension of the network and, furthermore, it allows to visualize the
distribution of the stops among the city considered, Milan. In addition, it can give an initial idea of whether the
input data are correct, in terms of stops coordinates; since the network is the one of surface public transport
of the city of Milan, a first and basic check could be done by simply visualizing the city on Google Maps, for
example, and see if the network obtained tends to follow the real road network. In Appendix B, figure 14 shows
a detailed plot to better see the differences between the multi-edge network and the single-edge one.

2.2. Nodes aggregation

A deeper investigation of the network lead to notice that there are some situations in which two or more stops,
belonging to different lines, are very close to each other, and their respective distance is just a few meters. In
all these cases, from the user point of view, those stops are perceived as just one unique stop. Based on this, it
has been established to manipulate the network by aggregating those stops.

The objective of the aggregation is to bring together stops that are “close to each other” in order to make the
entire network more similar to how it is perceived by users, who are the ones that actually benefit it. A collateral
effect is, by the way, the simplification of the network in terms of reduced number of nodes (stops), which on
the one hand it allows to make the analyses less time consuming, but on the other it may not represent the
original network anymore. The choice of the most appropriate methodology and of the optimal distance value
is then very important.

The methodology that better fits this purposes, in this case, is Hierarchical Clustering (see [7]). This method
in fact creates a sequence of nested partitions of the network with a bottom-up approach. This means that,
starting from the most similar nodes (stops closer to each other in terms of physical distance), it gradually
aggregates all the nodes of the network until all of them are aggregated; then it’s just a matter of “when” to
interrupt the procedure and obtain a good, clustered network. Another important aspect of this methodology
is that it does not require in advance to assume the number of clusters. Since the size of the clustered network
is still not known, this is very convenient. Lastly, the pairwise distance between nodes can be carried out
with different methods. The one chosen for this case is “Complete-linkage clustering” (or farthest neighbour



clustering): the value of the distance chosen represents the maximum distance between two stops belonging to
the same cluster, and hypothetically, it is meant as the maximum walking distance that a generic user has to
do to reach one specific stop inside the cluster.

2.2.1 Identification of clustering parameters

Figure 2 shows the curve of possible outcomes of the clustering procedure, in terms of number of clusters and
clustering distance.
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Figure 2: Size of the network (Y axes) with respect to clustering distance (X axes)

With a distance equal to 0 meters, the size of the clustered network will be the same as the original one. By
increasing the distance, the number of clusters, and so the size of the network, will decrease, eventually coming
to be equal to 1 when the distance is big enough to cover all the network. Note that this plot focuses though
on just the upper part of the curve, which is defined for lower values of distances.

With the curve of possible results defined, it is now a matter of finding the optimal values for the network
considered, precisely in terms of number of clusters and distance, taking some characteristics of the network
itself as a starting point. These values will then lead to better results coming from Hierarchical Clustering
algorithm. The number of lines and the number of stops per each path of the lines were considered as initial
characteristics of the network. These would lead to the definition of the number of clusters, or a range of
possible values of them.

A range of possible theoretical values has been set, defined by two cases: Average Maximum Size and Average
Mean Size. The Average Mazimum Size has been computed by considering, for each line and for each direction,
the path with the maximum number of stops; then, by simply computing the average of the number of stops and
multiplying the result for the number of lines considered, it is possible to obtain the Average Mazximum Size,
which is equal to 3597 (this reasoning has been done by assuming that each line had the maximum number of
stops). The Average Mean Size instead has been computed by considering, for each line and for each direction,
all the existing paths; then, by simply computing the average of the number of stops of the paths and multiplying
the result for the number of lines considered, it is possible to obtain the Average Mean Size, which is equal to
2955.

These two theoretical values about the size of the clustered network are represented in figure 3 with respect to
the clustering curve (yellow and green horizontal lines), ad define a range of possible outcomes. Two respective
distance values correspond to those size values, which defines two possible scenarios.
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Figure 3: Scenarios identification on Distance — Size curve

Precautionary Scenario: it corresponds of having a number of clusters equal to the Average Maximum Size
(3957), and a corresponding distance value equal to 44 meters. This means that stops inside the same



cluster will be far from each other 44 meters at most. In this scenario the network that would be obtained
will be as similar as possible to the original one, and the clustering distance will be lower.

Worst Case Scenario: this scenario instead corresponds of having a number of clusters equal to the Average
Mean Size (2955), and a corresponding value of distance equal to 79 meters. With respect to the precau-
tionary scenario, in this case the network would be more distorted and as dissimilar as possible to the
original network (of course with respect to the initial considerations), but it would be more simplified.

The choice of the scenario, and so of the clustering distance to adopt, went on the Worst Case Scenario, in

order to have a simpler network and that was easier to manage. This, though, does not prevent to consider

the other scenario, or even other initial considerations, for future analyses. It is now necessary to evaluate the
clustering distance, equal to 79 meters, and see whether it can be acceptable or if the whole process needs some
more reasonings. The distance assessment involves two steps:

Evaluation from the point of view of users

Evaluation based on the infrastructure of the network.

For what concerns the first one, it is not scientifically proven, but it is reasonable to say that 79 meters is
an acceptable value of the maximum walking distance from one stop to another inside the same cluster (most
people would walk that distance without problems). Regarding instead the second step of the evaluation, it
is necessary to see what 79 meters as clustering distance would involve inside the network, especially for what
concerns stops belonging to the same paths. Some checks were done done, with particular attention to all the
cases in which the distance between two consecutive stops of the same path is less than 79 meters. In these
cases, in fact, there is a high chance that those consecutive stops end up in the same cluster.

To verify if this situation affects the network, it is possible to just compute the length of all edges and, for each

path, extract the shortest ones, and then compare them to the distance value considered. If lengths are less

than 79 meters, then it is possible to check them directly on the map and understand the reasoning. This kind
of situations can happen, for example, near the terminal of the lines, or if multiple stops are located around the
same square. There are just 18 cases where the length of the edges was less than 79 meters, and with respect

to the totality of the network they represented an extremely poor percentage of cases. Furthermore, since 79

meters have been considered acceptable from the users’ point of view, the clustering of the network can be

done. The result will be a new network with 2955 nodes (clusters), in which the maximum distance between
stops belonging to the same cluster is 79 meters. Please note that the clustering procedure followed for the case

considered is not the only one possible, but it seemed that it fitted the purposes of the work .

2.2.2 Nodes clustering evaluation

This new network is the one considered for the future steps of the work, and for all the further analyses. It is
fair, now, to question about how the new network was compared to the original one, and if it was distorted too
much.

Figure 4: Edges length distribution

First, lengths of the edges, and so the distances between the stops have been checked. Figure 4 shows the
distributions of length of edges of the Original Network (red) and of the Clustered Network (blue) overlapped,
with their respective density curve. It is possible to see that these distributions are basically the same, and
that there are not radical changes. This means that the distances between stops have been preserved, and it
can be considered as a good indicator of the clustering procedure. Then, in addition to the distribution of the
lengths of the edges, it is also possible to compute some indicators of the Macro-scale analysis of the networks,
to further evaluate the result and compare the two networks (table 1).

All values show that the clustering procedure has been carried out in a good way and, furthermore, the diameter
and the mean distance confirm what it has been possible to deduce from the graphs of the distribution of the
lengths of the edges, so that the geographical extension of the network basically does not differ from the original
one. The number of components decreases from 3 to 2. The fact that it is not equal to 1 does not represent an
issue for the analyses though, since the second component is related to an independent line (line 171, Cimitero
Maggiore) that will not be considered for further analyses.



Original Network | Clustered Network
Size 4852 2956
Density 0.000504 0.00127
Number of Components 3 2
Diameter [m] 43481 40862
Mean Distance [m] 12358 11312
Clustering Coe cient 0.03075 0.10324

Table 1: Macro-scale indicators

In Appendix B, gure 15 shows a detailed comparison between the Original Network and the Clustered one,
while gure 16 shows the entire clustered network. In the Clustered Network, the new nodes obtained will be
called, from now on, Macro-stops .

3. O er computation and indicators de nition

After the rst phase the network of Macro-stops, edges and paths per edges has been built. In this second phase
the available information of the actual o er was used to enrich the network and analyse it in terms of passenger
oer. O er available means, at rst, the number of trips that each line (and more speci cally each path of a
line) performs in a certain time slot of the day; then, going more into detail, the o er will be referred to the
number of seats available, so that it could be more easily related, in future analyses, to the number of e ective
passengers.

The input data provided by ATM, as already said in chapter 2, consist of a GTFS le, with information that
spread from October 17th, 2022 (Monday) to October 23rd, 2022 (Sunday), that is a standard week without any
event that could compromise the service regularity. These data allowed to perform a pretty detailed analysis of
the o er since, depending on the time slots de ned, it is possible to obtain more speci c or more generic results.
For this work, hourly time slots were considered for each day. Furthermore, in order to align the results with
the standards adopted by ATM, time slots of each day were shifted by three hours: this means that each day
starts at 03:00 a.m. and ends at 03:00 a.m. of the next day. Time slots after midnight will be changed into
24:00 25:00, 25:00 26:00 and 26:00 27:00.

Once the time slots have been de ned, it is possible to compute the number of trips that each path performs
during each time slot. Starting from the dataset containing the arrival and departure time from each stop of
the paths, for each trip performed, by considering the departure time of the trip of the path at the rst stop it
was possible to count the total number of trips during each time slot. More precisely, what has been computed
is the number of trips that each path begins in the time slot. This was done for all the paths. The output of
this procedure is a set of datasets, one for each day of the week, with the list of all the paths existing in the
network, and for each of them, for each time slot, the number of trips that they perform (begin).

Alongside these datasets just created, ATM also provided data about service vehicles, specifying for each of
them their respective service lines and their maximum capacity. By merging these two datasets it is possible
to compute the nal o er, in order to assign the seat availability as weights to edges. When building up the
dataset about the edges, the information of the paths that transit through each of them has been maintained,
and so it has been possible to assign to each of them the number of seats available, based on just the paths that
transit through it. This has been computed according to the following formula:

X

Edge Offer ¢me siot = Seatsan  Number of trips jamtime  siot Q)

paths

Formula (1) refers to a single edge; it takes just the paths that transit through it and their respective number
of trips (per each time slot); then, by just multiplying the number of trips for the number of seats available for
the path, and then summing up the values for all the paths considered, it is possible to obtain the nal o er of
the edge (for each time slot), which is expressed in number of seats available per hour.

By computing the average value of the o er per each time slot and per each day, it is possible to show its
distribution in time (gure 5). The trend shown here is as it could have been expected, since it follows the
one typical of public transport mobility [12]. Three di erent trends can be identi ed: one for all the working
days (from Monday to Friday), one for Saturday and the last one for Sunday. Working days present the highest
trend of the three, and two separate peaks can be identi ed: the rst one coincides with the morning peak
hour (from 06:00 to 09:00 a.m.), and the second one, instead, coincides with the evening peak hour (from 16:00
to 20:00). The rst peak is higher than the second one, but also shorter in terms of time duration. Saturday



trend approximately follows the one of working days, even if the peaks are less pronounced. More in general
though the overall trend is lower. Sunday trend is the lowest one, with a pretty constant o er and without any
particular peaks along the course of the day. Lastly, it is interesting to notice that the o er during night hours

is basically the same regardless of the day of the week.

Figure 5: O er time distribution

The o er trend and the conclusions that can be drawn from it con rm what it could have been expected from
the o er of a public transport service in a city like Milan, during a standard week of the year. Figure 5, though,
allows only to make quantitative considerations about the o er in aggregated terms only. In fact, it doesn't
give any information about how the o er is geographically distributed inside the network. For a more detailed
analysis, some representations of the network during di erent time-slots and di erent day were made. Since the
guantitative di erences between working days are basically null, future graphs and visualizations of the network
will be referred to just the type of day: working day, Saturday, and Sunday. Regarding working days, Thursday
is the one that shows slightly lower values about the o er, and so it will be the one that will represent and
summarize the behaviour of all working days.

Figure 6: O er distribution in the network. Each plot represents the situation of the network for a
speci ¢ day and for a speci c time slot

Figure 6 shows not only the di erences in quantitative terms of the o er, but also its spatial distribution inside
the network. For each type of day two maps are shown: one representing the situation of the network during
the morning peak hour (from 07:00 to 08:00); the other one instead shows the network at late evening (from
22:00 to 23:00).



Immediately it is possible to see how the o er is being reduced at late evening, both in quantitative terms and
spatial terms. Another thing that is possible to notice is that, by looking at the maps during the morning peak
hour, from working days to Saturday the major di erence basically consists of a reduction of the o er available
just in quantitative terms; from Saturday to Sunday instead, the reduction of the o er isn't just in quantitative
terms, but also in spatial terms. There's a reduction of the areas covered by the service.

In addition to the available o er related to edges, it is also possible to relate it to the Macro-stops. In particular,

a pretty useful and easy to understand indicator isheadway Headway is the time interval between two successive
trips that transit through the same stop, and from the point of view of users it is very useful since it can give
an idea of the average waiting time at the stop. Starting from the number of trips that each path performs per
each time slot during the day, it has been possible to compute the number of trips passing through each stop.
To adapt those values to the clustered network used for the analyses, a simple summation was done for all the
trips of the stops belonging to the same Macro-stop. This was done for all the Macro-stops and for each time
slot. From the number of trips to the headway is then very simple: it is necessary just to divide 60 (minutes
per hour) for the number of trips per each Macro-stop, as shown in formula 2:

60
Tripsmacro  stop

()

The result is a dataset containing all the headway values, per each Macro-stop in each time slot for each day of
the week. Then, similarly to what has been done for the edge o er, by computing the average of the headway
values per each time slot and per each day, it is possible to show its distribution in time.

Headwaywacro stop =

Figure 7: Average headway time distribution

Also in gure 7 it is possible to identify three separate trends: one for working days, one for Saturday and one
for Sunday. With respect to the quantitative o er though, here lower values are better than higher ones: the
lower the value, the lower will be the average headway, and so the time interval, in minutes, between a trip and
its consecutive one. Lower values of average headway are referred to working days, while the higher ones are
referred to Sunday, as it was possible to expect. The three di erent trends collapse into one trend though when
looking at night time slots.

It is important to say that, for all the cases in which there were no trips during the time slot considered, the
formula for the computation of the headway would have given, as result, an in nite value. Those values have
been substituted with a value equal to 60 minutes (equivalent to the time length of the time slots) just for the
purpose of the computation of the average value of the headway. The graph with the distribution of the headway
does not give any information on how headway values are geographically distributed inside the network. In
Appendix C, gure 17 shows its geographical distribution.

3.1. Indicators de nition

To quantify, and then evaluate service performances, some new indicators are de ned, to better summarize the
overall level of service of the network. Apart from the more classicamicro-scale indicators (see [11]), that can
help to better understand some aspects related to nodes, the new indicators de ned could be useful for future
analysis when combined with travel demand data. For this purpose, indicators computed will be referred to
Macro-stops, so that they could be more understandable and practical from users' perspective.



Two indicators have been de ned. The rst one represents thePotentiality of Macro-stops: it indicates, for
each Macro-stop, the number of seats available that users can have and bene t from. Its de nition is equivalent
to the one of the out strength, that is:
X
Out Strength macro  stop = Outgoing Edge Offer y;acro stop 3)

Macro  stop

Potentiality allows to understand which of the Macro-stops have the largest o er, and so the nodes in which
users have more possibilities to take advantage of surface public transport service. Sin@®tentiality refers to
the available outgoing o er from each Macro-stop, it could be useful to consider it alongside headway, after a
slight reformulation, since both these information directly a ects the level of service for users.Potentiality has
been recomputed to be referred to one single trip of the Macro-stop: this new parameter is calleaut strength
per trip , de ned as:

_ Out Strength macro  stop

Out Strength 1, = (4)

TripSmacro  stop

Figure 8: Potentiality per trip - Headway subplot. Each plot refers to a time slot. Along the X axes
there is the headway; along the Y axes there is the out strength per trip. Dimension and colour of
points indicate their Potentiality; position in the graph instead indicates the type of service.

Figure 8 presents 24 smaller plots of potentiality per trip over headway, one for each time slot of the day. By
start looking at the one referred to working days, it is possible to see that most of the point tend to lay on
the left side of the graph, and so to have low headway values. Furthermore, the distribution of points during
central hours of the day basically does not change. This allows to conclude that the overall service is pretty
much constant and continuous inside the network for most of the day. Points then start to spread during late
evening, and the number of points starts to decrease, meaning that active Macro-stops are fewer.

Appendix C shows these same representations but related to Saturday (gure 18) and Sunday (gure 19).
Saturday situation is not that much di erent with respect to working days. Points tend to be a little bit more
spread in all time slots, but also here the service could be considered pretty much continuous. From Saturday



to Sunday the di erence is evident instead, and graphs show much more dispersed points during the whole day:
the service here is less continuous than the other days of the week.

Representations of service o ered like the one showed in gure 8 do not allow, though, to visualize how per-
formances are distributed in the network, since two parameters are considered together. The second and last
indicator de ned for the analysis aims at grouping those two parameters combining them into one, in order to
sum up all service information. This indicator is Continuity , de ned as:

Out strength 1y (5)
Headway
Continuity considers information not only about the quantity of the o er available at each Macro-stop, but also

about the way in which this o er is managed and made available to users. It is expressed in number of seats
per minute , and it allows to make plots with geographical distribution of performances ( gure 9).

Continuity =

Figure 9: Continuity distribution among Macro-stops. Each plot represents the situation of the network
for a speci ¢ day and for a speci ¢ time slot

Pattern of best Macro-stops repeats itself for di erent days, even ifContinuity decreases between working days
and Saturday, and even between Saturday and Sunday. This reduction happens also between morning peak hour
and late evening. Another interesting thing to notice is that performance di erences between highContinuity
and lower Continuity nodes are less pronounced in working days, in particular during morning peak hour. This
leads to a more homogeneous service inside the network.

Last consideration about Continuity regards its formulation: it took as input the out strength per trip and
the headway, considering both terms equally, even if in reality it may not be like this. For future studies, since
both those parameters determine the service o ered and a ect users, it could be useful to understand their
preferences (whether more o er available or lower headway) and, as a result, re-arrange the formula with the
introduction of a weight factor. This would lead to better and more accurate results, that are aligned with users'
preferences. A possible way to obtain users' preferences is by submitting them surveys, maybe di erentiated
with respect to di erent aspects, such as, for example, category of user, purpose of the trip, usual time slots,
usual stop, ecc...

4. Relationship with metro network

The analyses and the indicators computed until this point allowed to describe and understand the behaviour
of the o er available in the surface network, especially considering practical aspects from users' point of view.
It might be a little bit reductive though to simply consider the results obtained within the surface services
network, and not to see how these results relate with the other crucial public transport network in the city
always managed by ATM: the metro network. Metro network in fact claims a very powerful and reliable o er,
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