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Abstract:
Traditional and innovative on-demand transport services, such as taxi, car sharing or dial-a-ride respectively, can provide
a level of flexibility to the public transport with the aim to guarantee a better service and to reduce the exploitation costs.
In this context, in order to point out the key-factors of on-demand services, this study focuses on traditional on-demand
service (such as taxi one), and presents the results of a demand analysis and modelling, obtained processing taxi floating
car data (FCD) available for the city of Rome. The GPS position of each taxi is logged every few seconds and it was
possible to build a monthly database of historical GPS traces through around 27 thousands of GPS positions recorded per
day (more than 750 thousands for the entire month). Further, the patterns of within-day and day-to-day service demand
are investigated, considering the origin, the destination and other characteristics of the trips (e.g. travel time).
The time-based requests for taxi service were obtained and used to analyse the trip distribution in space and on time. These
analyses allow us to forecast trips generated/attracted by each zone within the cities according to land use characteristics
and time slices. Therefore, a regression tree analysis was developed and different regressive model specifications with
different set of attributes (e.g. number of subway stations, number of zonal employees, population) were tested in order to
assess their contribution on describing such a service use.
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1. Introduction
Inner urban areas are the ones that suffer more than
others the negative impacts on high volume of private traffic, such as, among others, congestion, air
pollution, and health risks. Improvement of air quality and reduction of congestion in central areas has
been a priority in many cities (e.g. Paris, London,
Rome; Russo and Comi, 2016; Comi et al., 2019;
Font et al., 2019; Piras et al., 2019), and regulatory
traffic control (Alonso et al., 2019), usually integrated with the improvement of public transport, has
been implemented (Suman et al., 2019). In this context, on-demand services (e.g. taxi, car sharing or
dial-a-ride) significantly can contribute to reduce
traffic congestion, energy consumption, and air pollution thanks the opportunity offered in improving
the vehicle use and the optimization of vehicleskms. Understanding the travel patterns of such services is thus important for addressing many urban
sustainability challenges (SUMP, 2013). Besides,
having a better understanding of the passenger demand over different spatial zones is of great importance to better organize service locations and,
hence, to improve the vehicle utilization rate, limiting their impacts on urban environment.
Although limited research efforts have been implemented on forecasting such a demand, in most recent
years mainly pushed by the real-world data unavailability, the studies on the taxi service (i.e. traditional
on-demand service) can provide valuable insights
since there exist strong similarities between the taxi
and the on-demand services (Moreira-Matias et al.
2013 a and b; Nuzzolo et al., 2019). Besides, the
analyses on taxi demand can be helpful to define the
characteristics of future autonomous vehicles demand in mobility scenarios (Czech, 2018).
In this background, the first objective of paper germinates, i.e. to propose a methodology for investigating taxi demand included the test of its goodness.
The case study refers taxi service in Rome, where
taxis are traced, and their positions on time are provided. The first stage of the analysis is addressed to
define the taxi status (i.e. driving with a customer,
driving to a customer, at parking) analysing its
movements in the space and on time. This allows us
to define time-dependent origin-destination trips
(with the relative travel time and distance attributes)
when customers are on board providing information
for developing methods and models for forecasting
on-demand service use. Subsequently, pushed by the
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opportunity to have models and methods for demand
forecasting, the second objective of paper is to develop a set of regressive models, able to foresee the
taxi user demand in specific time intervals. This can
help taxi service to be improved and to provide tools
for on-demand service request forecasting.
The paper is organized as follows. Section 2 reports
a brief literature review. Section 3 reports a spatial
and temporal analysis of data collected in the city of
Rome. Section 4 deals with a descriptive analysis of
the results, developing a regression tree and models.
Some general conclusions and further research developments are considered in Section 5.
2. Literature review
The use of new technologies, like global positioning
system - GPS, can help the analysis of vehicle movements obtaining large quantity of data continuously
in space and on time at low costs. Usually, such data
were used for planning and operations control of
transit services (Nuzzolo and Comi, 2017 and references cited therein) and for commercial fleet management and control (Polimeni and Vitetta, 2014;
Hadavi et al., 2018; Croce et al., 2019). Recently, the
availability of these data also from taxi services has
allowed us to point out this segment of demand,
which is so significant in inner urban areas (Li et al.,
2019).
Taxi data are usually used to evaluate the status of
the taxi transport system in a city, ranging from the
analysis of the taxi trips to the demand analysis. Bischoff et al. (2015) analysed the taxi service in Berlin
considering the travel behaviour and vehicle supply
using floating car data (FCD). Other examples of
taxi data processing and interpretation are reported
in Liu et al. (2015) that analysed the trips of about
6000 taxi to identify the spatial interactions between
areas of the city and in Nuzzolo et al. (2019) that
analysed the patterns of within-day and day-to-day
service demand.
Taxi management and control activities are other aspects considered in literature. Wang et al. (2015) developed a dynamic model for urban taxi management, to simulate and to forecast the possible conditions of taxi operations. Main attributes considered
in the model are empty-loaded rate, total demand,
and the impacts of taxi fares. A model for supporting
the decision and policy making in taxi market is proposed by Grau and Estrada (2019), considering some
indicators as waiting/access time and benefits of the
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drivers. Moreover, the model considers the demand
elasticity, allowing the optimum fare for taxi services to be estimated. Zheng et al. (2018) proposed
a model to simulate drivers’ behaviour to anticipate
the variation (in time) of demand at locations such
as airports and train stations. Defined a decision
horizon, the model simulates as taxi driver choices
to transfer to such a destination (considering a reward function and the taxi driver learning from experiences). The uncertainty of demand is simulated
by a pick-up probability. Xiao and He (2017) proposed a multi-objective model and a subsequent solution algorithm to optimize taxi carpooling. The
aim is to minimize the access/egress distance and the
carpooling waiting time.
Tang et al. (2015) and Moreira-Matias et al. (2016)
proposed a methodology to the build the origin-destination matrix. The taxi travels can be analysed to
individuate the empty travels and the travel with a
customer (Cai et al., 2016; Wang et al., 2015). These
data (Yang et al., 2018) can be used to define a
model linking demand for taxi with other city characteristics (densities, accessibility to other modes).
He and Shen (2015) developed a spatial equilibrium
model that tries to capture the taxi drivers and customer’s adoption of the e-hailing applications. The
model considers both taxi drivers and customer’s
flexibility in the choice of the e-hailing application,
and vacant taxi drivers can determine where to look
the customers. Al-Ayyash et al. (2016) proposed a
model framework to evaluate the market demand
potential of a shared ride taxi service; the goal is the
simulation of the number of times per week the service would be used. A case study is proposed to investigate whether students would utilize the service
if it were implemented. In relation to the taxi operation modelling, Wong et al. (2001) set up a two-level
model: the upper level simulates the relation between taxi and customer waiting times and the relation between customer demand and taxi supply; the
lower level problem is a combined network equilibrium model (that describes simultaneous movements
of vacant and occupied taxis and of the normal traffic). An extension of this model, considering multiple classes of users and taxi services, is reported in
Wong et al. (2008) where the mileage-based and
congestion-based taxi fare charging mechanisms is
modelled in a unified framework. A modal choice of
customers for taxi services is also introduced. In relation to the topic of travel demand forecasting,
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Moreira-Matias et al. (2013a) used time series approaches to foresee (short-term horizon) the spatial
distribution of the users. An extension of this study
is reported in Moreira-Matias et al. (2013b) where
the demand forecasting is approached with a learning model to foresee the demand every 5 minutes.
Ramezani and Nourinejad (2018) modelled taxi dispatching, linking the urban traffic flow with the taxi
operations. The model is based on the macroscopic
fundamental diagram (in this approach, the study
area is partitioned into multiple zones, each one represented by a macroscopic fundamental diagram)
that simulates the dynamic traffic conditions. The
taxi-dispatching problem is tackled in Maciejewski
(2014), where two different approaches are theorized to approximate the upper and lower bounds for
the passenger waiting time.
In relation to taxi user perceived quality, Alonso et
al. (2019) estimated two types of models: i) a model
that simulates the perceived quality of taxi service
when no previous information about the system is
available and ii) a model to simulate the changes in
users’ perception after being informed about the attributes. The goal is to understand and improve the
system in relation to the user preferences.
From the literature review synthetized above, it
emerges that although there is a growing interest in
proposing methods and models for simulating ondemand services, few of them investigated the main
factors influencing demand and proposed forecasting models. This shows that further work needs in
this field. Therefore, this paper, moving from a first
study (Nuzzolo et al., 2019) where some statistical
descriptive analysis are performed, presents the results of a methodology developed for analysing and
modelling the spatial-temporal taxi demand and the
results of the study case developed in Rome. Besides, the advancement proposed with respect the
current state-of-the-art (Moreira-Matias et al., 2013a
and b; Tang et al., 2015; Moreira-Matias et al., 2016)
mainly refer to the development of models that use
easy-to-obtain variables (such as data from national
census, e.g. population, employees for type) and to
the use of machine learning techniques for identifying significant predictors of regressive forecasting
models.
3. Data analysis
The developed methodology provides to start from
the current taxi service pattern to identify the drivers
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and characteristics of demand on time and in space.
The methodology was implemented in Rome where
a large dataset containing the taxi data of a large
company in the month of February 2014 (Bracciale
et al., 2014) was available.
The data consists of about 756 thousand records, related to 312 taxi driver operations on about 7700 taxi
in the entire city. Each data point contains a
timestamp up to seconds of when the data was recorded, vehicle ID, vehicle location (i.e. longitude
and latitude) at the recording time.
The identification of the study area and its zoning
allows us to delimitate the geographical area that includes the transportation system under analysis and
encompasses most of the project effects.
The dataset is hence checked for data quality and
cleaned, e.g. some trips could conduct outside of the
study area borders, therefore, all trips outside a given
coordinate range are dropped following, for example, literature methods (e.g. Barann et al., 2017). Besides, the collected data do not contain explicitly the
taxi status (e.g. empty or with customer). Then, a
procedure was developed aiming to detect one of the
following situations: driving with a customer, driving to a customer, at parking. The main interest was
to find the travels with a customer on board to define
a space-temporal structure of the travels.
The analysis of taxi travels from GPS data can be
resumed as (fig. 1. shows the procedure for one
taxi):

−

Vehicle status identification; if the distance travelled in two minutes is less than ten meters, the
taxi is considered to be non-moving, otherwise
it is assumed traveling;
− Origin-destination individuation; for each
travel, origin and destination are evaluated;
− Travel distance; for each travel, the travelled
distance is evaluated from recorded positions;
− Average travel time; for each travel, the travel
time is calculated considering the time from
GPS data;
− Waiting time; it is the time spent by time at same
position (which is also identified as the trip destination).
The taxi status with customer is the situation considered in this paper in order to individuate origin and
destination of taxi trips. Since this condition is not
explicitly provided by the available data, some assumptions are needed to individuate it. In order to
individuate this status, it must be established when
the vehicle is at a stand. A taxi is considered to be in
a stand when two conditions happen:
1) the recorded vehicle position is close to a taxi
stands in the city (in Rome, there are more than 100
taxi stands) and
2) the value of the waiting time is more than 2
minutes.

Floating Car Data

Vehicle status evaluation

Traveling

No

Stop

Yes
Origin-destination identification

Travel distance

Waiting time

Fig. 1. Data analysis: procedure for taxi travel analysis

Average travel time
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In this way, it is possible to evaluate the number of
times when a vehicle is steady at a stand and when
it is steady because the driver is dealing with a customer (the costumer is entering or is leaving). Consequently, it can be found the trips with the activity
with customer. Supposing that the first travel in a

day start from a stand (this assumption is consistent
with the behaviour of Italian taxi drivers; Nuzzolo et
al., 2019), with the previous assumptions it is possible to reconstruct the daily movements of a taxi, and
then to calculate the average trip travel time (fig. 2.)
and length (fig. 3.)
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Fig. 2. Average trip travel time
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A first analysis focused on the distribution of taxi
demand (i.e. the number of requests submitted per
day and per hour) in the first two weeks of February
and showed the relevance to point out the spatial dimension given that significant differences exist in
temporal patterns among different areas of the city.
Besides, relevant differences were revealed on
working days and weekend. Therefore, moving from
these first results we explore the spatial and temporal
characteristics of taxi demand for three spatial cases:
the taxi requests in the zones of the main railway stations (i.e. Roma Termini station and Roma Tiburtina
station) and the requests registered in the other
zones. The analysis was carried out only for the
weekdays (20 days).
3.1. Spatial analysis
The municipality of Rome extends over an area of
1,283.70 km2, with the 22.20% destined to urban activities. According to the general urban traffic plan
(Piano Generale del Traffico Urbano – PGTU, Roma
Capitale, 2015), the area is divided in six macro-areas. Moreover (fig. 4.), each of them was partitioned
into 99 homogeneous traffic zones (in turn, each

Fig. 4. Zoning

Nuzzolo, A., Comi, A., Polimeni, A.,
Archives of Transport, 50(2), 77-90, 2019

traffic zone is from the union of some Italian census
areas). However, for the purpose of this paper, only
the zones inside the main road ring (GRA) are considered, where most of travel taxi departures and arrivals were observed. The zones containing the railway stations are labelled with 4 (Roma Termini station) and 18 (Roma Tiburtina station).
Origins and destinations of taxi trips are generally
spread all over the city. The majority starts and ends
within the city centre: as an example, in fig. 5 the
zones 1, 4 and 26 have a taxi request (related with
the analysed sample) greater than 20%.
The data also show that there is a significant rate of
trips from the city to the outside and vice versa; this
is explainable with the fact that Fiumicino Airport,
the biggest Rome Airport, is outside the city limits.
Points of special interest are often origin/destination
for taxi trips. These include railway stations, the fair
grounds and major event locations. Among all the
railway stations with regular long-distance connections, the Roma Termini station has the biggest attraction (in terms of origin/destination) for taxi traffic, followed by the Tiburtina station.
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Fig. 5. Zones inside and outside the GRA (i.e. main road ring) and taxi requests
3.2. Temporal analysis
As aforementioned, the data are related to four
weeks in the month of February 2018. Only the data
related to working days were considered in this
study. Subject to the considerations made in the previous section, the aggregated requests for weekday
(considering the zones inside the study area without
the requests from/to train stations) are represented in
fig. 6. Similarly, fig. 7 reports the same data for the
two train stations. It can be observed that in the analysed period (and in relation with the sample of
available data) the taxi requests in the zones containing the train stations range from 7.08% (Tiburtina
station) to 16.52% (Termini station). Besides, it

emerges that the requests related with the two train
stations are about the 24% of the total taxi requests
in the area (Table 1).
Table 1. Aggregated requests for day
Weekday
Mon
Tue
Wed
Thu
Fri
Mean

Termini Tiburtina Other
17.80%
7.08%
75.12%
16.52%
7.36%
76.12%
15.61%
8.46%
75.93%
14.02%
8.46%
77.53%
15.01%
8.63%
76.36%
15.79%
8.00%
76.21%

Total
100%
100%
100%
100%
100%
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Fig. 6. The total requests for day (excluding the train stations)
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Fig. 7. The total requests for day from/to Termini train station
A more disaggregate analysis was performed, considering the temporal distribution of the taxi requests
for each day per half an hour in the study area
from/to Termini station (fig. 8.). The effect of time
emerges showing that six main time slices can be
identified:
− Time slice 1 (FA1): [00.00-04:30), nightly requests also related to the closure of metro services;
− Time slice 2 (FA2): [04:30-07:00), first daily requests for very early morning departures/arrivals;

−
−
−
−

Time slice 3 (FA3): [07:00-10:00), requests for
early morning departures/arrivals;
Time slice 4 (FA4): [10:00-11:30), morning requests to and from city activities;
Time slice 5 (FA5): [11:30-16:00), daily requests to and/or from transport hub, as well as
from touristic places (including hotels);
Time slice 6 (FA6): [16:00-00:00), daily requests to and/or from transport hub, as well as to
touristic places (including hotels).
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Fig. 8. Requests for half an hour from/to Termini train station
4. Descriptive analysis results
The decision trees technique was chosen to analyse
the observed data. Among the different techniques
for constructing regression trees, the classification
and regression trees (CART) by Breiman et al.
(1984) was used. This algorithm is implemented in
R software (Quinlan, 1993; Hothorn et al., 2012) and
allows data to be portioned into smaller groups that
are more homogenous with respect to the response.
The technique aim is to identify which predictors are
relevant in the description of the phenomenon to obtain reliable models. To achieve outcome homogeneity, regression tree determine the predictor (attribute) to split on and value of the split, the complexity
of the tree, the prediction model in the terminal
nodes (Khun and Johnson, 2013). For regression, the
model starts considering the whole data set and
searches each distinct value of each predictor to find
the predictor and splits value that partitions the data
into two groups such that the overall sums of squares
error are minimized.
The dataset used to build the regression tree consists
of the total requests for working day from/to the

zone of Termini railway station (more than 1200
trips). Therefore, the dependent variable is the number of taxi requests in the working days in each traffic zone. The predictors (independent variables)
considered are the following:
− Population (POP),
− Distance (km), i.e. origin - destination travel distance of journey,
− Travel time (hh), i.e. origin - destination travel
time of journey,
− Number of metro stations within the zone,
− PGTU_1 (city centre), dummy variable equal to
1 for central zone, 0 otherwise;
− Metro, dummy variable equal to 1 for central
zone, 0 otherwise;
− Number of employees grouped for type of activity:
− Agriculture (AGR),
− Industry and constructions (IND),
− Services (SERV),
− Public Administration (PubAm),
− Instruction, health, artistic activity (IstrSan),
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−
−
−
−
−
−

Other activities (Altro),
Commerce (wholesale and retail: Com)
HoReCa, i.e. Hotel Restaurant and Catering,
Real estate activities (LL),
Scientific and technical activities (MM),
Rental, travel agencies, business support services (NN),
− Time slice, dummy variables for the six identified time slices.
The choice of previous predictors is made to consider the possible variables influencing the use of the
taxi service according to land use and socio-economic data. Therefore, the main attributes considered are: zonal population, travel attributes (i.e.
travel time and distance), the possibility of using an
alternative transport mode (for example the metro
service), the number of employees (assuming that
the use of the taxi may depend on the type of work).
The obtained best tree is plotted in fig. 9. From the
analysis emerges that the main predictor is related
with the professional, scientific and technical activities (MM): the employees in this sector are hence
split at the value of 5288. Next partition is in relation
to the time slice, if it belongs to the time slice 6 (FA6
> 0) or not. Subsequent nodes relate to HoReCa employees: the split value is 1006 for a branch, 703 for
the other. In the first case, the construction of the tree
stops. In the second case, the considered predictors
are the commerce employees (split value equal to
703) and the time slice (if in time slice 5 or not).
Next nodes relate with time slice and population.
These results confirm the findings obtained in other
cities. For example (as in Yang et al., 2018) activities related to professional ones are one of the main
producers of taxi requests. On the other hand, time
becomes the relevant discriminant: due to the limited transit services in the city of Rome (e.g. the subway stops service at 11.30 pm), in the evening, the
set of zones with higher values of requests corresponds to zones with higher number of employees in
HoReCa. Such zones produce the higher number of
requests during the midday and first hours of the afternoon, i.e. when guests leave or arrive. In the afternoon, the highest values of taxis requests are in
zone with higher number of resident and employees
in warehouses and retail activities (Com).
Following such indications, a set of regression models have been estimated (eqs. from 1 to 5).

Nuzzolo, A., Comi, A., Polimeni, A.,
Archives of Transport, 50(2), 77-90, 2019

TR1− 2 = −0.000061 Com + 0.00073 MM + 0.134
( −3.87 )

( 5.84 )

( 4.89 )

(1)

R 2 = 0.20
TR 3 = −0.000024 POP + −0.00062 MM + 0.860
( −3.497 )

(8.74 )

(3.82 )

(2)

R 2 = 0.54

TR 4 = −0.000030 POP + 0.00049 MM + 0.877
( −4.97 )

( 7.89 )

( 4.47 )

(3)

R 2 = 0.51
TR 5 = −0.000020 POP + 0.00055 MM + 0.749
( −4.34 )

(10.10 )

( 4.34 )

(4)

R 2 = 0.61
TR 6 = −0.000028 POP + 0.00035 Ho Re Ca +
( −4.41)

(1.57 )

+ 0.00036 MM + 0.601
( 3.32 )

( 3.72 )

(5)

R 2 = 0.51

where TRx is the hourly taxi request in time slice x
and () is the t-st value. All the calibrated parameters
are statistically significant and correct in signs
showing similar results of those presents in literature
for passenger mobility (Cascetta, 2009). In particular, it can be noted the common and shared contribution of employees on professional, scientific and
technical activities (MM). Population (POP) becomes significant for daily trip forecasting (from
07:00 to midnight), while the employees at retail
(Com) or touristic activities (HoReCa) are significant from afternoon to first hours of the day.
5. Conclusions
The paper proposed a methodology for investigating
and forecasting on-demand service requests exploiting automated vehicle data. Then, the results of demand analysis and modelling related to the taxi service in Rome are presented. The data analysed relies
with the taxi trips undertaken in February 2014
(about 756 thousand records, related to 312 taxi
drivers on about 7700 taxis in the entire city). In fact,
most of taxis operating in Rome are already
equipped with mobile devices (GPS), and such a
data were available. The taxis are hence monitored
remotely, the data collected provide driver id, taxi
position, day and time.
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Fig. 9. Basic regression tree
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The data analysis implies spatial and temporal considerations. Spatially, it emerged that transport hubs
present the large requests: Termini railway station
has the biggest attraction for taxi traffic, followed by
the Tiburtina station. As far as spatial analysis is
concerned, the majority of taxi trips begins and ends
within the main road ring (GRA) and from/to Fiumicino’s Airport.
Temporally, the distribution for weekday and for
half an hour is considered: the analysis suggests a
partition of the requests in six time slices. On an average of 230 taxis analysed per day, about 30% of
their total trips are taken in the morning from 5am to
8am; while the remaining 70% of their trips are distributed over the rest of the day with two remarkable
values at 4pm and at 6pm.
Then, the regression trees technique was used to partition the data and to identify the main attributes to
be used in developing regressive models. The dependent variable (response) considers the taxi requests; the predictors (attributes) are a set of representative variables of the considered study area and
time slice. It emerged that the root of the tree is represented by the employees on professional, scientific
and technical activities. The nodes of the tree are
identified in correspondence of the time slices and
of HoReCa and Commerce employees. Further analyses are also in progress to improve these first results, including zonal and level-of-service attributes
(e.g. travel time and distance), and to develop other
models, that can be used to simulate this segment of
urban mobility in the ex-ante assessment of new ondemand services.
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