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Abstract: Transport-on-demand services, such as demand-responsive transport (DRT), involve a
flexible transportation service that offers convenient and personalised mobility choices for public
transport users. Integrating DRT with mobile data and data analytics enhances understanding of
travel patterns and allows the development of improved algorithms to support design-optimised
services. This study introduces a replicable framework for DRT that employs an on-demand transport
simulator and routing algorithm. This framework is supported by a mobile data set, enabling a more
accurate service design grounded on actual demand data. Decision-makers can use this framework to
understand traffic patterns better and test a DRT solution before implementing it in the actual world.
A case study was conducted in Porto, Portugal, to demonstrate its practicality and proof of concept.
Results show that the DRT solution required 135% fewer stops and travelled 81% fewer kilometres
than the existing fixed-line service. Findings highlight the potential of this data-driven framework
for urban public transportation systems to improve key performance metrics in required buses,
energy consumption, travelled distance, and stop frequency, all while maintaining the number of
served passengers. Under specific circumstances, embracing this approach can offer a more efficient,
user-centric, and environmentally sustainable urban transportation service.

Keywords: demand-responsive transportation; transport-on-demand; dynamic routing; mobile data
analysis; simulation; data-driven decision making

1. Introduction

Urban regions are experiencing significant population growth, increasing a vital chal-
lenge for cities regarding how to efficiently move people while maintaining the quality of
life of its residents and other users. With city users’ dynamic and evolving travel patterns, it
becomes harder for traditional, fixed-route public transportation systems to keep pace with
the diversity of demand requirements. This weakness can result in underutilised resources,
heightened congestion, overall suboptimal transit experience, operational inefficiencies,
and misalignment with current environmental sustainability imperatives. Additionally,
the rigid nature of transit networks can force users into suboptimal routes, lacking the
flexibility needed to address the heterogeneity of mobility patterns within the city. Under
such a context, mobility planners and municipal stakeholders are increasingly exploring
transport-on-demand services such as demand-responsive transport (DRT) as a prospective
solution for optimising the efficiency of the public transport network [1,2]. Its adoption can
take place either as a complement to the existing services or, in specific circumstances, even
replace them.

The concept of DRT was primarily focused on providing cost-effective public trans-
portation in suburban and rural areas and was mainly organised based on empirical
evidence [3]. The advancements in communication and tracking technology, such as ve-
hicle positioning systems and Global Positioning System (GPS)-enabled mobile phones,
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have transformed DRT from a traditional dial-a-ride service managed by public transport
operators or taxi firms into (mobile) application-based services. These services incorporate
flexible routes, stops, and adequate vehicle dimensions and are run by operators such
as Zeelo [4] and Uber. The successful implementation and adaptability of DRT systems
rely on dynamic scheduling to meet fluctuating demand, enhancing operational efficiency
for service providers. Incorporating higher flexibility, due to the use of advanced opti-
misation techniques and data analytics, allows a more tailored solution to address the
distinct needs of specific user groups in urban areas and economise expenses in regions
with low or sparse demand. It can also foster connectivity between rural or peri-urban
areas and urban centres [5]. Moreover, it can contribute to fuel savings, simultaneously
reducing greenhouse gas emissions [6-8], thus aligning with environmental sustainability
goals. Altogether, integrating DRT systems within urban transportation presents a multi-
faceted approach to addressing the complex challenges of sustainability [9]. DRT fosters
economic efficiency by optimising resource utilisation and reducing operational costs for
service providers by mitigating the inefficiencies inherent in traditional fixed-route public
transportation systems.

Furthermore, DRT enhances social inclusivity by offering tailored mobility solutions
to the diverse needs of urban populations, including those living in underserved or remote
areas. The flexibility of DRT services ensures equitable access to transportation, promoting
social cohesion and enhancing the quality of life for all residents. Additionally, the accessi-
bility and convenience offered by DRT can contribute to the economic empowerment of
marginalised communities by facilitating access to employment, education, and essential
services. From an environmental perspective, by optimising route efficiency and minimis-
ing empty vehicle miles, DRT helps to alleviate congestion and air pollution in urban areas.
In addition, adopting DRT encourages modal shifts towards more sustainable transporta-
tion options, such as shared mobility and active transportation modes, thereby promoting
cleaner and greener urban environments. Overall, the adoption of demand-responsive
transport aligns with the pillars of sustainability by enhancing economic efficiency, fostering
social inclusivity, and promoting environmental stewardship within urban transportation
systems.

With such effects, in the last years, an increasing number of on-demand mobility pilot
services have been launched in Europe and North America [10], namely, XBUS in Portu-
gal [11], BerlKonig in Germany [12], Zeelo in the UK [4], and Shotl in Spain [13]. Results
show that on-demand and DRT services can potentially reduce various adverse effects
of transportation under specific circumstances. BerlKonig’s findings [12] demonstrate a
positive impact on congestion and respective reduction of both CO, and NOx emissions
per passenger ride. Approximately 60% of BerlKonig rides were made replacing trips made
by private vehicles, carsharing, ridesharing, and taxis.

By planning routes shortly before service provision and optimising vehicle charac-
teristics for user needs, DRT minimises the total distance travelled within urban settings
while maintaining commuter coverage. However, computationally addressing these goals
is challenging due to multiple objectives and constraints. DRT is closely related to the
dynamic vehicle routing problem (DVRP), a well-known NP-hard combinatorial problem,
which aims to efficiently serve demand while meeting various objectives and constraints,
such as minimising delays, costs, and travel distance. Optimised solutions for DVRP are
crucial for DRT systems to respond to requests in real time.

The implementation of DRT systems entails more than just resolving mathematical
models; it requires a thorough understanding of how various operational nuances impact
both customers and service operators. Conventional journey-planning methods for on-
demand transport frequently overlook the complexities of real-world factors, including
variations in journey times and delays experienced by users at stops [14].

Current data collection from various sources, such as real-time geospatial data from
mobile devices, smart cards, GPS, and vehicle location data, aims to enhance understand-
ing by analysing system behaviour during specific uncertain conditions and events. In
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today’s urban environment, these devices serve as ubiquitous sensors that provide a rich
source of information on travel patterns, congestion, and user behaviour. However, these
data sources are not fully utilised despite their richness, particularly in improving public
transportation performance [2]. This study aims to bridge this research gap.

Harnessing data-driven techniques becomes essential for evaluating the efficiency of
transportation systems, promoting service enhancements, and laying a factual groundwork
for well-informed regulatory and decision-making processes. Incorporating on-demand
transport services, analysing mobile data derived from personal cell phones, and applying
data analytics represent a viable approach to grasp the complexities of transportation
dynamics.

This study presents a transport-on-demand framework that utilises a DRT optimisation
solution. It outlines the core components of the framework, emphasising the role of multi-
source and mobile data analysis in identifying and responding to travel patterns. The
DRT optimisation solution that underpins the framework has two main components:
a simulation module and a routing optimisation module responsible for dynamically
adjusting transit routes based on the requests. This study’s outcomes will contribute to
theoretical and practical discussions on urban mobility, steering cities toward a future where
public transportation is customised to individual needs, increasingly environmentally
conscious, and inherently efficient.

The remainder of the paper is organised as follows: Section 2 reviews the existing
literature. Section 3 describes the case study area and the data sets used and explains the
proposed framework. Section 4 presents the experimental setup. The experiment’s result is
given in Section 5. Sections 6 and 7 discuss and conclude the paper.

2. Literature Review

Urban mobility systems are constituted mainly by a combination of private vehicles,
public transportation fleets, and increasing options such as ridesharing and micro-mobility
solutions competing for public space usage, and are struggling to provide more efficient,
sustainable, and user-friendly solutions [15,16]. Considering these challenges, studying
and exploring the concept of transport on demand has gained significant importance as a
potential concept in urban transportation.

Recent advancements in on-demand transportation systems are detailed and described
in [6,7,14,17-19]. In [20], the findings indicate that the significance of on-demand services in
the strategic choices made by public transport authorities varies depending on the intrinsic
political context. In other words, while certain cities prioritise urban transportation, others
emphasise rural transit services. In areas with long distances to cover and a shortage of
public transportation, DRT seems to be a notable need, such as in the suburbs of Hanover,
Germany [3].

Several factors can influence the efficiency of DRT services. The existing literature
suggests that factors including the area’s lack of availability of public transport service,
high car ownership rates, and diminished demand are pivotal in the optimal design of
DRT systems [5]. Furthermore, in scenarios characterised by overall low demand and a
minimal gap between off-peak and peak demand periods, using minibuses emerges as a
cost-effective measure to enhance the economic viability of DRT solutions [5]. Empirical
investigations reveal that regular public transport users display a greater tendency to adopt
DRT [1], while users exhibit increased tolerance for waiting times compared to enduring
longer detours. Alonso-Gonzalez et al. [21] argue that DRT offers potential as a complement
to fixed transit services, but its implementation may involve significant risks. A large fleet
may be needed for DRT efficiency, potentially leading to a costly taxi-like service. If DRT
offers lower generalised costs, it could affect fixed transit ridership, affecting revenue and
possibly increasing congestion in extreme cases. Careful analysis of generalised costs is
crucial to identify potential disparities. Additionally, declining fixed transit revenue could
lead to the deterioration or elimination of fixed transit services, even though DRT may not
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fully accommodate passenger demand. Thus, spatial analyses of declined and completed
rides are essential for effective risk assessment and mitigation strategies.

Several research studies proposed analytical frameworks and models to study vari-
ous aspects of on-demand services [21-23]. The research in [21] introduced a framework
for evaluating the effectiveness of DRT services and their impact on accessibility. They
also empirically analysed a DRT service introduced in the Netherlands. In comparison
to fixed-line transit, the findings suggest DRT has the potential to enhance user acces-
sibility, particularly for specific origin—-destination pairs that are currently underserved.
Daganzo et al. [24] introduced an analytical framework to model the ongoing performance
of different demand-responsive transit systems, which cover non-shared taxis, dial-a-ride
services, and ridesharing as specific instances and situations. Davison et al. [25] examined
the state of DRT schemes in Great Britain. They used linear regression models to show that,
particularly in rural areas, passenger numbers are affected by the scale of the service (in
terms of available seats) and the use of smaller vehicles. Several studies have used simu-
lations to assess how on-demand services could affect actual urban networks, including
Lisbon (Portugal) [26], New York City (United States) [27], Sao Paulo (Brazil) [28], and
Bremerhaven (Germany) [29].

Gomes et al. [30] introduced a DRT optimisation solution that consists of a simula-
tor and routing algorithm. This methodology leverages a theoretical demand scenario
alongside static statistical data to inform the model. The exploration further indicates
that enriching the analytical framework with mobile data to ascertain mobility patterns
and demand probabilities could refine the inputs for the optimisation process. Such an
approach is posited to enhance the model’s precision and applicability in diverse real-world
contexts, thereby potentially improving the overall effectiveness of DRT systems.

Martinez et al. [26] introduced a shared taxi service system for urban areas with a
central dispatching approach. They used an agent-based simulation to evaluate its potential
market application in Lisbon, Portugal. The findings indicate that the system could be
a favourable transportation option, particularly for locations with aligned origins and
destinations. It showed an average fare reduction of 9% compared to the conventional
system, while the impact on taxi revenues was relatively small.

Costa et al. [28], demonstrated that DRT systems can help to attract individual vehicle
users and complement public transport. The authors assessed the viability of DRT as a
feeder service to major transport systems like Bus Rapid Transit or Metro. They used a
simulation-optimisation model to determine its potential. The model was applied to a
first/last mile transport system near a Sao Paulo, Brazil, subway station. The result showed
a significant environmental advantage that results from the lower emissions associated
with the reduced travel distance by up to 56%.

Schliiter et al. [29] assessed the potential of DRT systems in connecting rural and urban
areas, using Bremerhaven, Germany and its surroundings as a case study. They simulated
the resident mobility patterns and calculated operational costs for different scenarios, in-
cluding automated vehicles with various powertrains. The findings suggest that automated
DRT systems can effectively lower economic and environmental transportation costs when
bridging rural and urban regions.

A study by Deka et al. [19] found that in 2011, the primary focus was on environmental
sustainability. Still, since then, there has also been a relevant concern about the economic
aspects of DRT development. The authors argue that the most crucial indicator for assessing
the commercial sustainability of a DRT system is the percentage of the operation cost
covered by the fare of its service operation. The authors also analysed a DRT system
operating in Dubai that could reduce the travel duration and pick-up estimated arrival
time by about 14% and 22%, respectively. In [31], Martinez et al. concluded that replacing
private cars, buses, and taxis with shared modes while retaining the metro service would
reduce vehicle travel and CO, emissions.

Zhang et al. [2] highlighted that there is untapped potential in using multi-source data,
particularly in evaluating the performance of public transportation. The main challenge
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lies in how to combine these data sources efficiently. The authors suggested a data-driven
method using multiple data sources to assess public bus system performance. They tested
this approach on the inner-city public bus system in Brisbane, Australia. Zhang et al. [32]
introduced a method for positioning taxi group-ride service stands throughout a city. This
method is based on regular taxi trips and creates specific pick-up and drop-off points on taxi
routes, allowing multiple passengers to share a single trip. Lang et al. [33] investigated how
taxi data can be processed in real-time using clustering algorithms. They also examined
the areas where passengers frequently get dropped off. The authors used the K-means
clustering algorithm combined with the Canopy algorithm based on the Spark framework
to perform the clustering and analysis of the data. Franco et al. [34] developed an agent-
based model for the simulation of DRT systems in Bristol, UK. The results show that
using mobile data can lead to better modelling of demand and user travel patterns. It
underscores the significance of mathematical and statistical models in addressing urban
mobility challenges. The authors suggest that using mobile and multi-source data and
employing advanced modelling methods increases understanding of the needs of different
passenger groups. Furthermore, it allows for easier identification of obstacles to design
more efficient and environmentally friendly solutions and integrate transportation systems.

Thao et al. [5] investigated how conditions in peri-urban areas affect the design and
operation of DRT and travel patterns, using trip data and surveys. The study found that
public transport services in such areas, along with high car ownership and low demand,
significantly influence DRT design. The authors concluded that combining DRT with public
transport can be successful in peri-urban areas, improving accessibility without replacing
public transport. However, there is a risk of people switching from walking and cycling to
DRT. DRT users are more patient with wait times to be picked up than they are with longer
routes resulting from deviation.

Based on the review, it is noticeable that optimising the efficiency of flexible trans-
portation solutions, such as DRT, which can adapt to dynamic demand fluctuations, can be
achieved by integrating multi-source data, including mobile datasets. To the best of the
authors” knowledge, this integration has never been performed in the way it is carried out
on the framework proposed in this study. It introduces a data-driven framework designed
to leverage multi-source data inputs—comprising actual mobile data, demand information
from transport operators, and public transportation datasets—to inform and enhance a
DRT optimisation solution. Subsequently, the effectiveness of this framework has been
empirically evaluated through a comparative analysis with a conventional fixed-schedule
bus service in Porto, Portugal. This comparison highlights the potential of data-driven opti-
misation in improving the responsiveness and efficiency of DRT systems and underscores
the significance of adaptable transportation solutions in urban settings.

3. Materials and Methods

This study explores whether DRT service incorporating a flexible demand built upon
mobile data can lead to better operational efficiency and respective environmental effects,
maintaining the same level of transport supply coverage. To this end, an analytical mobility
framework has been proposed and applied in the city of Porto, Portugal. Various tools, in-
cluding the Python programming language, Pandas, and QGIS, were used to implement the
framework and perform data processing and analysis. The following subsections describe
the data sets used, the proposed framework, and an overview of the case study area.

3.1. Case Study Description

Following the operator’s recommendations on possible routes to evaluate the frame-
work’s effectiveness, the developed model was applied to a specific region in Porto. The
goal was to identify a high-demand region in the city and assess whether the framework
and DRT solution would produce results that could be translated into a more efficient allo-
cation of resources than the existing fixed-schedule line bus service in the city, managed by



Sustainability 2024, 16, 4367

6 of 18

the operator STCP, Sociedade de Transportes Colectivos do Porto (Porto’s Public Transport
Operator).

STCP operated 69 bus lines with a fleet of 420 buses covering a network of 493 kilo-
metres and serving 2514 stops [35]. STCP carries approximately 68 million passengers per
year. Weekdays registered 57 million passengers, weekends and holidays had 10.8 million,
and 571,000 used the morning peak period. The average journey per passenger was 3.7 km,
with a bus occupancy rate of 13.5%. Of the total bus fleet, 5% is electric and 79% is natural
gas, making up 84% of the entire fleet. The remaining 16% is diesel. The average price of
occasional tickets is €2.96.

3.2. Data Set

Data sets that provide insights into the region under study are essential for any data-
driven framework. Examples of valuable data sets include mobile phone call detail records
(CDRs), origin—destination matrices, existing bus/taxi mobility data, and GPS traces. Such
data can help identify points of interest, calculate the movement of people among regions,
and estimate the probability of demand distribution. In this work, two types of data were
used:

o  The first data set consists of anonymised mobile data in the form of origin—destination
(O-D) matrices. It encompassed a three-week data record from the mobile operator,
aggregated for the municipalities within the Porto metropolitan area. It included
information such as time, municipality, origin, destination, inflow, and outflow counts.

e  The second set was the mobility data, which contained the data of the STCP network
(the public transport firm operating buses and trams in Porto Metropolitan Area,
Portugal.) The mobility data included the routes of the buses, bus stops, stop times,
frequency, trips, etc. The operator also provided actual demand flows.

These data sets have been used at different stages of the framework to analyse the
region’s mobility pattern and extract the required information for implementing the DRT
simulation, as described in the following sections.

3.3. The Analytical Mobility Framework

This section outlines and describes the stages of the proposed framework and illus-
trates how the steps have been applied to the data sets and the case study. The framework
consists of four stages for processing multi-source data and utilises a DRT optimisation
solution. It involves analysing and estimating the mobility patterns using real data sets to
feed the required inputs to the DRT optimisation solution.

The data flow diagram presented in Figure 1 depicts the four stages of the framework:

1.  The Data Processing stage involves cleaning, visualising, analysing, and processing the
data sets to obtain the necessary information. This stage aims to allow the operators
and the interested parties to identify and define the region(s) in which to apply the
DRT solution by analysing hotspot regions, checking the mobility data availability for
the selected regions, and identifying available existing fixed-transit bus lines;

2. The Input Preparation stage calculates the required inputs for DRT optimization
solutions (Stage 3) from the processed data. This information may include travel
information and transportation network, spatial demand probability distribution,
pick-up and drop-off locations, travel time, etc.;

3. Mobility optimisation encompasses the execution of the DRT optimiser. It uses the
inputs prepared in the previous stage and executes the DRT simulation/optimisation
solution;

4. Finally, in Stage 4, the optimisation results are processed and stored and can be made
accessible through a database or a dashboard.
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Figure 1. The stages of the proposed framework.

3.3.1. Data Processing Stage

During this stage, the datasets must undergo a data-cleaning process to eliminate
errors and duplicate data points. Subsequently, visualisation techniques are employed
to aid in analysing and extracting essential information. Furthermore, any abnormalities
in the data sets are identified and removed. Ultimately, the processed data is utilised to
identify hotspot regions and assess the availability of mobile and mobility data in selected
areas, which are used to examine the existing fixed-transit bus lines for selecting the pick-up
and drop-off spots.

Python scripts were developed to perform this stage, which utilised various libraries,
including Pandas, for data analysis. The O-D for the statistical section regions of the city of
Porto was extracted from the data set. The scripts help to analyse data based on the volume
of movements occurring between various regions of the city. These calculations were con-
ducted hourly and daily, aiming to determine the averages and totals of these movements.
The data analysis also enabled the comprehension of daily peak hours, mobility patterns,
and potential anomalies in mobility patterns (such as those arising from events). As a result
of the analysis, we conscientiously identified and eliminated these anomalies from the data
set before utilising the data within the mobility optimisation solution.

Next, OpenStreetMap’s APIs were used to find the referencing streets. Analysis of this
data provided an insight into the mobility patterns, temporal dynamics, and variations of
mobile usage during these specific weeks. Next, this information was plotted and overlaid
over the map. Figure 2 illustrates an example of such a chart. It provides an overview of
the movements between each origin and destination in the city of Porto. It allows for a
comprehensive view of the data set and highlights the underlying patterns. The thickness
of the line represents the amount of demand movements, and the size of the nodes present
the inter-regional movements. By aggregating the demand movements and applying
clustering, it was possible to pinpoint the hotspots within the region of interest.

Then, the data were overlaid with the mobility data, which helped to identify the
bus services, routes, bus stops, and schedules covered by the mobile data. This facilitated
the comprehension of mobility movements and patterns in relation to the mobility data,
enabling the identification of fixed transit bus lines in regions with high-demand requests.
In the Experimental Setup section, more analysis of these findings is provided.
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Figure 2. Graphical representation of the movements between source-destination.

3.3.2. Input Preparation Stage

In this stage, the extracted data from Stage 1 can be used to infer the required inputs
for DRT/mobility solutions in Stage 3. Depending on the chosen mobility solution, various
inputs may be necessary. This study generated input information for the DRT optimiser by
integrating the mobile and mobility data. This included travel and network information
such as routes, spatial demand probability distribution for each region, pick-up and drop-
off locations, and travel time.

With the help of the developed Python scripts, the OpenStreetMap and OSRM APIs
were used to find information such as route, distance travelled, and bus stop locations and
their corresponding names. In some cases where these services could not find the travel
distances and routes, the Floyd—Warshall algorithm [36] was used. The Floyd—Warhall
algorithm is a dynamic programming approach used for finding the shortest paths between
all pairs of vertices in a weighted graph. Alternatively, A* and Dijkstra algorithms can
be used.

During this phase, there is a potential for grouping the regions into grids to decrease
the number of regions, intending to minimise computational complexities and cost.

3.3.3. Mobility Optimisation Stage

In this stage, the travel and network information (from the previous stage) was fed
into the DRT optimisation solution, which optimises different parameters such as routes,
number of buses, pick-up and drop-off time, etc., to meet the objectives. This includes
determining stops and the number of buses needed and evaluating essential metrics such
as the carbon footprint, total distance travelled, and the number of satisfied requests.

Below is a brief overview description of the utilised DRT optimiser. The detailed infor-
mation on the implementation of the DRT optimiser, including the simulation model and
heuristic, as well as the algorithms and calculations steps, is described in [37], co-authored
by one of the authors of this study. The design of services plays a crucial role in DRT success,
requiring decision-makers to understand how different operational approaches impact
performance thoroughly. For that reason, the DRT optimiser integrates a simulation model
and a constructive multi-objective heuristic (Parallel Reactive-GRASP), both implemented
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in Java, to minimise operating costs and maximise service quality. Its primary goal is to
devise efficient strategies for a multi-objective problem, focusing on reducing operational
expenses, wait times, and passenger journey durations and enhancing service requests’
fulfilment.

The simulator generates time-ordered trip requests based on the trip request template.
These requests are inputs to the route optimisation module that tries to satisfy each request,
considering a fleet of vehicles (with their respective locations and other attributes of the
vehicle model) and the expected travel times.

The set of parameters supported by the platform makes it possible to simulate a wide
range of on-demand transport systems, namely, to model different vehicle fleets (number of
vehicles, capacity, cost structures, etc.), different service areas (number of stops, distances,
average speeds, etc.), different degrees of dynamism (real-time requests), and different
demand structures (number of requests, spatiotemporal distribution of requests, etc.).

In this solution, it is assumed that passengers select starting and ending points from
predefined locations. They will be served by a fleet of vehicles that have an equal number
of seats. Multiple passengers can share one vehicle, e.g., a minibus. Each location, except
for the depot, can be used for pick-ups, drop-offs, or both. At a pick-up spot, different
passengers can have different destinations.

The simulation module proposed in this work involves 4 components: the service area
model, the trip request model, the vehicle model, and a real-time events generator. A brief
overview of the components is given below:

e  Service area model: To simulate vehicle movements realistically, the simulation models
the physical road network and the stochastic variation of travel time across network
sections. The network is modelled by a set of stops and lanes that connect the stops.
Each route is associated with average travel times and standard deviation as a function
of the time of day based on historical data;

e Travel requests model: The purpose of the travel request model is to generate travel
requests with a structure consistent with the study area and road network on which
the service operates. The defined simulation system generates two types of transport
requests: “a priori” transport requests (before the service starts) and real-time transport
requests (orders that arrive during the service time);

e  Vehicles type: It distinguishes the vehicles by characteristics like capacity, operating
costs, availability period, and depot location. It continuously tracks and updates
the vehicles’ status, which can be at the depot, pick-up, drop-off stops, or on the
route, while maintaining data such as routes, stops, speeds, positions, and delays, and
employs a queue-based system for assigned requests in a discrete-event simulation;

e  Real-time event model: These events in the system can be broadly categorised into
user- and vehicle-related events. User-related events include new real-time requests,
cancellations, and no-shows. Vehicle-related events are arrivals at stops, breakdowns
during service, and delays. Each time a user requests a service, the algorithm must
make a routing and scheduling decision by changing the system conditions. The
system decides which vehicle should serve the new customer and at what position on
the route of the specific current vehicle.

To speed up the calculation, the model uses a parallel reactive GRASP-based algo-
rithm [38]. The routing algorithm runs in parallel to speed up the process. For each demand
request, it iteratively constructs routes followed by a local improvement phase. The reactive
mechanism of the algorithm adjusts the balance between greediness and randomness of
the process.

The algorithm constructs a route by inserting the next best node to the route while
considering the DRT problem objective and constraints. The nodes are selected using a
node ranking function (Equation (1)).

NRF; = ‘BC C; + NP; +,8p PT; + ,Bd DT; Vi € NS, (1)
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where NS is the list of nodes not yet in the solution. C; is the cost of going from the current
node to node i. NP; is the list of the number of passengers at each node i. PT; is the list of
pick-up lower time limits of node i. DT; is the delivery lower time limit at each node i. .,
By, and B; are the weights for the cost, pick-up, and delivery time, respectively.

3.3.4. Output Stage

In the final stage, the result of the DRT optimiser is stored in a database and provided
as a dashboard to display the results in a user-friendly manner. This allows the interested
parties to utilise the result for decision-making or develop applications to access the data in
the database. The result of the optimiser provides the information required for effective
DRT-related decision-making.

4. Experimental Setup

This section outlines the process of selecting the testbed through data analysis. It then
details the simulation setup and parameters employed in the experiment.

4.1. Data Analysis Results

As mentioned in the data-processing section, we processed and analysed the mobile
data to understand the mobility pattern and movement across the city and select a region
to assess the feasibility of the DRT solution. A brief overview of our findings is given in
this section. Figure 3 presents the aggregated daily movement across the mobile data set.
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Figure 3. Aggregated demand by the first week of each month and day from the mobile data set.

In this data set, it was noted that May exhibited the highest overall demand movement
in the data set. Through analysis, we determined that this surge in demand was directly
influenced by noteworthy events taking place in the city during that month, such as the
Queima das Fitas celebration (University Students Party Week). Also, the data provided
did not cover some of the statistical section regions. Therefore, the data was cleared from
the anomalies. After this process, it was noted that June 1 between 12 noon and 14 h 30 min
had the highest volume of movements. This information is used during the simulation.

By overlaying the data over geographic vector figures and shape files, finding hotspots,
and referencing streets, we attempted to identify the top hotspot regions. These regions
and the movement between the origins and destinations are depicted in Figure 4. The
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thickness of the line represents the amount of demand movements, and the size of the
nodes present the inter-regional movements. Similarly, Figure 5 presents the aggregated
demand movement among top origins and destinations within the data set. The thickness
of the links on the graph indicates the demand between each origin and destination pair.
In this example, based on the sum of demands, Rua do Zaire, Travessa de Sao Dinis, and
Rua de Sao Dinis were the top three origins and destinations, which fall in the region
highlighted by the square in Figure 4. The analysis of such charts provided insights into
the prominent patterns, significant locations, routes, and connections within the data set
that allowed us to select the region within the case study area.

Figure 4. Hotspot regions and the movements between origin and destination.
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Figure 5. Aggregated movements between top origin and destination streets.

4.2. Testbed Selection

The Asprela to the downtown path was chosen as the pivotal pair of the case study
to determine the most suitable region for assessing the framework and DRT solution
based on the operator’s recommendation and analysed data. The reasons for selecting this
route were:

o s illustrated in the result section, mobile data show high movement across these
regions;
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e  Asprela is an area where several faculties from the University of Porto and the main
hospital of the North of Portugal are located, while downtown hosts Porto’s historical
centre and popular dining and entertainment spots.

By examining the operator network, three specific routes (300, 301, and 305) ensure
the bus connection between Asprela and downtown and share some bus stops along their
paths. Taking this into consideration, the circular routes 300 and 301 were selected for the
study, as they encompass most of the bus stops within this region. Figure 6 shows these
two routes and the regions that are covered by the mobile data set.

Regions with O-D data
Route 301 (Circular route)
@ Route 300 (Circular route)

Figure 6. Selected region and routes for case study.

4.3. Simulation Setup

During the simulation, we tested to complement or replace STCP lines 300 and 301,
which serve demand on the “Asprela—Aliados” axis, with an on-demand transport service
for a duration of 2 h 30 min, between 12 noon and 14 h 30 min, on 1 June 2022, the day that
registered the highest demand and therefore allowed for testing the worst-case scenario.
To simulate the structure of demand (the origins and destinations of transport requests),
with the help of the proposed framework, the mobile data was used for the selected day,
thus obtaining a Poisson rate, spatial probability distribution, and the STCP stop network.
The simulation parameters used are given in Table 1. During the experiments, minibuses
were used to serve the demand requests. The service time was 2 h and 30 min, and the
maximum allowed waiting time was 10 min.

Table 1. The simulation parameters used during the experiment.

Description Value

Fleet Vehicles 10
Vehicle Capacity (pax) 27
Request Lambda 0.3
Mean Travel Time (min) 10
Standard Deviation Travel Time (min) 2

Number of Requests 50
Time Window (min) 10
Service Duration (min) 150

The Number of Vehicles is the maximum number of minibuses to be used in the
simulation. Vehicle Capacity is the maximum number of passengers that can board a
vehicle. The real-time request arrival rate, i.e., the intensity of new requests being generated,
is modelled as a Poisson process and is represented by Request Lambda. Mean Travel Time
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is the average travel time in the service area. Standard Deviation Travel Time represents the
standard deviation of travel time in the service area. Mean and standard deviation travel
time parameters are used in the simulation to generate the “desired” delivery times for
transport services where the users specify both the pick-up and delivery time. The Number
of Requests is the maximum number of requests generated during the service period. The
Time Window is the maximum time users can accept to wait at each stop which the operator
sets. The setting of the time window size needs to balance customer service with the impact
on productivity and cost. ‘Service duration’ is the duration of the DRT service.

5. Experimental Results

We applied the mobility optimisation solution to the scenario described in the previous
section. The optimisation solution allows us to obtain performance indicators, such as total
distance travelled, trips per productive hour, and operational cost per trip, among others.
We simulated 50 transport requests in the defined period and according to the probabilistic
distribution of the data. On the supply side, we defined a fleet of up to 10 minibuses with
27 seats per vehicle capacity. The result is illustrated in Table 2.

Table 2. Comparison of conventional service with on-demand service.

Performance Indicator Traditional Transportation Demand Responsive
(lines 300 and 301) Transport
No. of stops per service 450 86
Travelled distance 174 km 73 km
Fleet capacity 2 buses 4 minibuses

The DRT optimiser recommends using four minibuses for the study area to meet
demand. This solution is optimised regarding the number of passengers served, distance
travelled, cost, and fuel consumption. We could conclude that it is possible to satisfy the
50 transport requests using four minibuses, with an average delay in picking up passengers
of less than 3 min, visiting 86 stops, in a total of 73 km travelled. By comparison, the regular
service of the STCP for the same period has routes every 30 min for Lines 300 and 301. This
means, for each line: visiting 225 stops (45 in each service, five services in 2 h 30 min), a
total distance travelled of 174 km, and a bus (for each line).

Figure 7a presents the route taken by the fixed-line bus transport, Line 300, and
Figure 7b shows the route taken by an on-demand bus in the simulation. As shown, the
on-demand bus is more flexible in taking different routes. By utilising this flexibility and
real-time road conditions, reduced waiting and travel time can be expected.

Finally, given the dynamic nature of transport-on-demand, the use of such an opti-
mised solution allows operators to accommodate the same number of passengers with
fewer resources, reducing average waiting and journey times. In addition, it helps lower
costs while service quality.
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Figure 7. The bus routes: (a) The fixed route for the bus Line 300; (b) A route taken by one of the
on-demand buses during the simulation.

6. Discussion

This study demonstrates that leveraging multiple data sources presents diverse op-
portunities for analysing, designing, and implementing flexible on-demand transportation
solutions. The findings indicate that implementing such a framework can have various
implications for both users and service providers. In the case study, the solution could
fulfil requests with four minibuses, whereas fixed-line transit would require two full-size
buses to meet the same demand, which may impact costs and service quality. The wages
from drivers of two versus four vehicles are compensated by the reduction of the distance
travelled by those vehicles and associated operational costs. The DRT solution required
86 stops, 135% fewer than the fixed-line transit (450 bus stops for both Lines 300 and
301), and performed 81% fewer kilometres. Unlike fixed-line transit, which operates on a
fixed schedule, DRT systems offer more flexible pick-up schedules. In this case, passen-
gers were picked up in less than three minutes, a 163% reduction compared to fixed-line
transit’s 30-min intervals. Additionally, due to vehicle type and distance travelled, DRT’s
carbon footprint is estimated to be 73% lower than fixed-line transit. Furthermore, planned
investments in electric buses can further reduce emissions.

These results show that such frameworks and DRT systems have the potential to have
positive impacts on passengers’ experience and environment. Moreover, they offer service
providers an opportunity to enhance service quality and manage their operational costs by
utilising these methodologies to implement DRT systems to supplement or replace their
existing transportation during off or high-demand periods.

Ensuring the ongoing quality of DRT services relies heavily on continuous analysis
and assessing these solutions. When deciding to adopt on-demand mobility options, it
is crucial to weigh the potential complexities involved and their effect on transportation
and climate [39]. As discussed in [21], achieving high efficiency may necessitate a sizable
fleet, potentially leading to a heavily subsidised taxi-like service and, in extreme cases,
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may even exacerbate road congestion. Therefore, conducting thorough analyses of regions
using multi-source data [40] becomes imperative, considering factors such as peak and
off-peak hours, socioeconomic conditions [41], and the availability of public transportation.
Subsequently, these services could be used to complement and enhance public transporta-
tion rather than entirely replace it or to introduce new on-demand services by identifying
regions that could benefit from it [42].

The advantage of using such a framework is that the service providers can use the
framework:

e  To select regions to implement DRT solutions, i.e., to identify the regions where DRT
is required to replace, complement, or introduce new services;

o To perform a feasibility study. Before implementing DRT systems, the providers
may need to base their decision-making on analysing the cost, quality of the service,
and environmental effects. Hence, such feasibility analysis can be performed by
utilising the framework and multi-source datasets that indicate the current or historical
condition of the regions;

e  Fleet real-time decision-making. Such a framework can be used to schedule fleets
dynamically, calculate routes based on real-time road network conditions, and dynam-
ically assign passengers to the vehicles. Therefore, it potentially can lead to flexible
and dynamic fleet operations that can respond to the changes in the road network and
demand requests.

Data play a crucial role in these data-driven frameworks. These frameworks can
operate more effectively by harnessing data with more precise spatiotemporal details.
However, while using mobile data can provide valuable insight into tracking mobility
behaviour, they also implies some limitations. Mobile data signals can be difficult to access
as their use raises privacy concerns, as it involves tracking individuals’ movements and
activities, requiring robust data anonymisation and protection measures. Additionally,
these data may not be available or reliable in all areas, leading to gaps in data coverage due
to factors like signal strength, maintenance issues, or other network infrastructure-related
issues. To overcome those limitations, authors propose a framework that includes other
data sources, such as actual demand transport data and infrastructure data, so that it
is possible to extract the maximum value from mobile data and mitigate the respective
limitations by enhancing the accuracy and reliability of the demand representation that
feeds the bus-on-demand optimisation model.

7. Conclusions

This study introduced a framework that follows a data-driven approach and utilises
a demand-responsive transportation (DRT) simulation model. Anonymised mobile data
and public transport data were used to analyse hot spots, demand rates, peak hours,
etc., for the city of Porto, Portugal. This information is then used as input to the DRT
model. Compared to public transport buses in the selected region, the result shows that
such systems can improve the distance travelled, the number of passengers served, the
delay, and the number of required stops. Such data-driven methodologies can enable
transportation service providers to make more informed decisions while analysing and
implementing new on-demand mobility solutions.

The study provides two main contributions to the field of transportation planning.
The first contribution is theoretical, creating a framework that integrates underutilized data
sets for transport planning. This significantly improves transport efficiency, allowing for
adding new ones in the future. The second contribution is practical, providing a tool that is
applicable in different geographical contexts and adaptable for diverse strategic managerial
policies.

Regarding the theoretical contribution, the framework should be tested in actual
contexts to validate its universal application and find whether improving it is possible.
Moreover, other transport-on-demand responsive configurations can be integrated into
the framework. For example, integrating a hybrid model that includes specific fixed spots
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based on the predicted higher demand for those spots. Such features could be built by
incorporating machine learning algorithms to forecast demand and generate synthetic data
for locations where the required data is missing [43].

As a practical contribution, this framework can be integrated into the transport op-
erators’ strategies by assessing the impacts of a DRT system either in one of the lines, a
chosen O-D area, or through the whole network. Furthermore, to make the framework
more suitable for online assessment of the paths, machine learning methods could be
used to reduce the time and cost required to solve the routing optimisation. Having the
quantification of operational and environmental impacts prior to its implementation can
lead transport operators to choose, in an informed way, the options that better fit their
service’s purpose while replying to society’s scrutiny about its carbon footprint.
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