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 A B S T R A C T

Urban scenarios present various concerns to micromobility users such as cyclists, which are 
an important part of the mobility infrastructure. As smarter cities increasingly focus on 
enhancing citizen well-being and infrastructure efficiency, navigation systems have primarily 
been designed for car drivers, with a focus on traffic conditions, while disregarding metrics 
that are important for micromobility users. As a matter of fact, they tend to privilege other 
aspects of their journey that enhance its comfort, rather than the mere path length. To address 
this gap, this paper presents a holistic architectural framework for micromobility-oriented 
navigation systems, incorporating nominal, data-driven and crowdsensed metrics in the loop. 
The paper presents the definition of metrics and a real world case study for each category of 
metrics, providing a real implementation. We demonstrate the effectiveness of our approach in a 
controlled environment before implementing and deploying the complete system in a real-world 
city, where we provide a detailed analysis of the results.

. Introduction

In recent years, the rapid pace of urbanization has presented significant challenges for city planners and administrators 
orldwide. The increasing demands on resources, infrastructure, and services in urban areas call for innovative approaches to 
mprove efficiency, sustainability, and overall quality of life for residents. Within this context, the Internet of Things (IoT) is now 
 well established key enabler for developing smarter cities [1]. By leveraging continuous feedback from sensors and systems, IoT 
acilitates the creation of an interconnected ecosystem that gathers and analyzes vast data volumes to optimize operations and 
upport informed decision-making. The extensive use of sensor data has proven instrumental in prominent applications for smarter 
ities, including environmental monitoring [2], as well as mobility management [3] and traffic optimization [4]. Moreover, personal 
obile devices such as smartphones have become so widespread that they are now an integral part of the IoT-enabled smart city 
abric, by enabling pervasive and user-centric applications in smart cities.
The usage of smartphones in the everyday life aims to facilitate the life of users by offering data-powered services, often relying 

n the on-board sensors and the inferred individual context. For instance, Mobile navigation systems assist users in navigating the 
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urban and extra-urban road network to get quickly to the destination, while taking into account additional real-time data such as 
traffic jams or road work [5]. However, current commercial navigation systems are mostly designed for automotive scenarios, while 
little attention is dedicated to other means of mobility, such as pedestrians or bicycle riders. It is clear that, for car drivers, the 
main goal is to reach their destination as quickly as possible. On the other hand, it might be very different for other users, who may 
privilege comfort, interest or fatigue. Bicycle riders may, for example, prefer to bike through road segments with less car traffic, a 
good road surface quality, served by a bike lane, with a good view, and so on so forth. Including such ancillary parameters would 
improve the navigation experience for such kinds of users, however the main challenges still reside in the different data sources 
that need to be integrated, while some of the data may not be readily available through an external API.

When data about certain phenomena of common interest is not available, the paradigm of Mobile Crowdsensing (MCS) offers an 
alternative to the deployment of a dedicated sensor network for monitoring applications [6]. MCS utilizes data generated by sensors 
embedded in the smartphones of a large group of participants to capture and describe phenomena at large. The geolocation data from 
these smartphones – typically collected via accelerometers, gyroscopes, magnetometers, microphones, and cameras – provides highly 
detailed insights with minimal cost. MCS finds great usage in many application fields, among which road navigation systems, where 
mobile data such as GPS and inertial sensor data is constantly gathered to estimate the amount of road traffic in certain zones [7]. 
This data is subsequently integrated into automotive navigation systems, enhancing their intelligence by recommending alternative 
routes that bypass traffic congestion, rather than solely focusing on the shortest path.

In this paper, we propose a complete architectural pipeline that features a road navigation system for micromobility users, such 
as bicycle riders. The system takes into account a number of metrics that concur into defining the user preferences when navigating 
a road network. This builds on the assumption that a micromobility user does not only take into account the route length, but a 
lot of other factors that make the journey more preferable, in case there is a valid alternative. Our proposal includes a backend 
system where the urban road network is represented as a weighted directed graph. The system, upon receiving the routing request 
of a user, performs a shortest path algorithm on the graph, modifying the weights of the edges according to a number of metrics. 
We define metrics mathematically and architecturally, and categorize them into three classes: nominal metrics, data-driven metrics 
and crowdsensed metrics. The system also features a mobile application that acts as the frontend client for users, as well as a data 
gatherer for crowdsensed metrics. The latter are powered by sensor data gathered by the smartphones and fed into our system, 
which in turn extracts the metrics from the raw data.

In summary, this paper tackles the following scientific challenges and proposes the following contributions:

1. Existing solutions are customized on a few use cases and fail to provide a complete holistic solution: We propose 
an entire architectural framework that outputs a mobile routing system based on graph navigation for micromobility users 
such as bicycle riders. The framework considers multiple metrics for recommending the best route and allows to add custom 
metrics by defining guidelines on how navigation metrics must be defined.

2. Navigation metrics are customized leveraging the available data: We define three classes of metrics from heterogeneous 
data and implement a real example for each one of them, highlighting the need for a diverse set of indicators.

3. Crowdsensed proposal focus on a subset of the challenges of classic MCS systems: For crowdsensed metrics, we provide 
a complete use case that features a full MCS pipeline, from data gathering on the smartphone, to data processing combining 
supervised and unsupervised classification techniques to compute the metric values at runtime.

4. Solutions are often tested on small scale dataset and do not consider challenges related to their practical implemen-
tation: We implement and deploy the system, including the mobile application, and run it in a public environment to gather 
sensor data and perform a number of navigation tests that prove its efficiency and how it behaves in a real city.

The rest of the paper is structured as follows: Section 2 outlines the related works in the area; Section 3 illustrates the 
system model and the architecture; Section 4 describes more in detail, respectively, nominal, data-driven and crowdsensed metrics, 
providing a case study for each of them; Section 5 describes the implementation of the frontend; Section 6 presents the results 
acquired with the deployment of the system, and finally Section 7 concludes the paper.

2. Related works

Data obtained from sensors and mobile devices has been used to monitor a plethora of different parameters of interest in cities and 
wider areas to impact navigation and recommend personalized paths. This data can be of any type, ranging from environmental data 
to avoid polluted areas, to proposals that optimize traveling through certain zones such as parks [8]. Other works focus instead on 
optimizing multiple objectives at the same time and finding paths on roads that travel through a set of defined points by optimizing 
more than one parameter [9]. Data obtained from campaigns can also be used to optimize the placement of Points of Interests in a 
city, like [10] does with bike sharing services.

There is also great interest for MCS data such as the monitoring of road surface quality, in which the idea is to use vehicles 
that travel along road segments to monitor their features [11]. The methodology is to use inertial sensors in vehicles or mobile 
devices and analyze those to detect potholes, and rough surfaces, similar to what authors in [12] do. They use dedicated MEMS 
accelerometers, leveraged to identify potholes on roads, cracks on the tarmac as well as different road types, which can be detected 
through the analysis of the inertial sensors, such as dirt, rough and similar. They validate their work using a real-world dataset, 
although they do not propose their work as a continuous monitoring, but rather on a one-shot recognition.

A similar approach is also proposed in [13], where the authors use smartphones with an application to label roads with the 
perceived quality, derived from the number of potholes and how many times the driver has to brake. As the authors state, potholes 
2 
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and braking events are two of the main concerns for drivers on roads, which translate to poor road quality. A similar contribution 
can also be found on [14], where the authors leverage smartphone accelerometers and collect a large quantity of data to classify 
tarmac conditions in different scenarios. They collected their dataset in four different Brazilian cities using smartphones and driving 
a car, thus highlighting the validity of the study in diverse conditions. However, their work is more focused on determining the 
road type rather than the road condition or the road quality.

In [15], authors utilized a smartphone application on multiple devices to monitor road pavement conditions using sensors. 
Accelerometers detected a set of anomalies, while the GPS tracked the vehicle location and distress positions. Test vehicles traveled 
at speeds between 25 km/h to 40 km/h, with three accelerometers installed to explore gauge measurement accuracy. Their analysis 
detects indeed potholes but does not provide consistent performance in identifying their location. Also [16] considered a similar use 
case, and they identify vertical vibrations as one of the main parameters to monitor to determine the road quality using smartphones, 
likewise [17] where the authors also consider the frequency and wavelet domains to extract features from the inertial sensor data. 
Statistical data is also the proposal of [18], still using smartphone inertial data. A slightly different approach is the one proposed 
in [19], which proposes a deep neural network using video data and braking friction, used together to identify road quality. This has 
been extended also to use images at night in [20], significantly reducing the false negatives and positives ratio. A similar approach 
is also presented in [21], studied on Indian highways, where they introduce a method to automatically evaluate potholes, cracks, 
and patches. Their proposal works, but it may struggle if other objects are seen in the video.

Most of the works we have discussed leverage cars to perform the monitoring. Using bicycles, which is the focus of this work, 
would require to validate those studies again. One of the first works can be seen in [22], however the class labeling was mostly 
empirical. More recently in [23] the authors leverage ultrasonic sensors to detect small obstacles on the road, while a significant 
step forward is presented in [24], as the authors use inertial data and the GPS to determine the International Roughness Index (IRI) 
of the road. While the IRI has been designed for cars, it has recently proposed an extension also for bicycles [25]. Another proposal 
comes from [26], where the authors show the added benefits of having multiple sensors on the bicycle. However, this solution is 
not viable for MCS, as there are too many sensors which is impractical for users. Finally, we mention [27], in which, again, the 
road condition is monitored through inertial sensors, however, it is done via users who have to purposely pass through these areas 
to detect them, a scenario which is generally avoided by cyclists.

A preliminary version of the platform proposed in this paper was published in [28], where we designed an MCS system to assess 
the road quality for cyclists as a discriminant for their navigation. With respect to the state of the art, our solution does not need 
previously collected data, instead it leverages MCS to perform a ‘‘cold start’’ phase in which the metric is evaluated only once enough 
data is collected by the users.

Most of the works focusing on these challenges are vertical on the use case and present isolated contributions, and determine 
the detection and labeling of road conditions; this drawback also affects our past work [28], which only focuses on road quality. 
However, they do not consider the architecture needed to realize such a vision, which however is a key point to address. This paper 
progresses in that direction, by providing a reference architecture to integrate all the above contributions into a wider, holistic 
approach. This is also considered at the data level, in which we leverage data from multiple sources to homogenize and integrate 
them together. Moreover, we show the end to end software components needed to realize such a vision, and we evaluate our 
contribution on a variety of different scenarios.

3. System model

This section presents the architecture of the entire system, designed to provide bicycle riders with a smartphone-based route 
planner. The planner considers not only the fastest route but also various other qualitative metrics, enabling riders to choose 
alternative routes that, while longer in distance, prioritize comfort and safety. A metric can be, for example, the presence of noise 
pollution, a good view or the presence of traffic. In this section, these metrics are presented abstractly, with no reference to our 
implementation, stressing the fact that the system is not designed to work with specific metrics, but can be adapted to any user-
defined metric that satisfies simple mathematical properties. Metrics are defined in Section 3.1, while how they are used in the path 
calculation is outlined in Section 3.2.

The proposed system consists of several components working together to achieve its ultimate goal. Fig.  1 illustrates the complete 
architecture, detailing the logical components from data acquisition to the final route planning. Let us begin by describing the 
individual components:

• The central component is the App Server (AS) where most of the data processing takes place. The AS stores the road graph 
of the city, where nodes are intersections and edges are road segments, and gets queried for routes by frontend clients. Each 
query contains a departure point and an arrival point, together with the preferences of the user against different metrics. The 
AS then replies to the query with the best route that balances the preferences of the user with the actual length of the path.

• Data about each and every road segment is stored onto a Data Repository (DR), remotely accessible by every actor in the 
system through an API. The data in the DR is used by the AS to populate the road graph with weights according to the calculated 
metrics. The DR is here presented as a logically separated module, however it may or may not be physically separated from 
the AS.

• Complying with the separation of concerns philosophy, navigation metrics are calculated by external actors, called Metric 
Calculators (MC). They are committed to gather the necessary data and inject the metric value for each road segment in the 
DR. Data may or may not be extracted from the DR, in fact, in certain cases, an MC may rely on external data sources. The AS 
is in fact metric-agnostic, i.e., it does not know how a metric is calculated and what it semantically means. This way, there is 
no backward-dependency.
3 
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Fig. 1. High-level architecture of the system.

• The final user interacts with the system through a Mobile App (MA). The MA is the client frontend and has the function of a 
route planner, with which the final user can get directions to a destination, by querying directly the AS. The suggested result 
will account both for the route length and the metrics preferences that the user sets on the MA itself.

• Data in the DR is fed by one or more Data Feeder (DF). DFs are external actors that inject data in the DR, used for calculating 
certain data-driven metrics that necessitate constant data updates over time. One example may be the noise pollution, which 
consistently varies over time and, in absence of an external service that retains the necessary data, needs a dedicated DF. A 
DF can be different on top of the type of data and the update frequency needed. For example, in case the metric is based on 
data that is available online (e.g. the weather), then the DF may be a simple external component that scrapes the weather 
service and injects data in the DR. If the metric is crowdsensed, i.e. collected by the same end users of our platform, then the 
MA itself may additionally function as a DF.

3.1. Metrics

The proposed system has the goal of outputting a suggested route for the user according to his or her preferences. Because a 
cyclist may have different discriminant than a car driver, who is likely interested in taking the shortest path, we need here to take 
into account different metrics and combine them in the route planning algorithm. In this section we define the navigation metrics1 
that may affect the choices of a user in taking a slightly longer path.

A metric is a feature that numerically characterizes a semantic attribute of a road segment. Metrics can be nominal or dependent 
on data, and we assume that the road network of a closed scenario (e.g. a city) is defined on top of a certain number of these 
metrics. We logically distinguish metrics in the following sub categories:

• Nominal metrics: represent attributes of a road segment that do not change over time and are universally known. Nominal 
metrics can easily be extracted from an external service and do not require monitoring. Examples of these metrics are: the 

1 In this paper, we use the generic term ‘‘metric’’ to refer to what we define as navigation metric here.
4 
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road type (residential street, cycle path, motorway, etc.), the presence or absence of a cycle lane, the presence or absence 
of a landscape, the uphill/downhill incline, and many others. Some of these may change over time, but the change must be 
exceptional and due to extreme events such as intense road work that change the topology of the road segment itself. Nominal 
metrics represent attributes of a subject that remain constant over time and can be universally recognized. Once collected, 
these metrics can be easily retrieved from external services without the need for constant monitoring. Examples can be the 
type of road (residential street, cycle path, motorway, etc.), the presence of a cycle lane or a landscape, or the uphill/downhill 
incline. Changes to these attributes are rare but may occur in exceptional cases, such as major roadworks that alter the topology 
of the road segment. In this case, since the process of re-mapping the road may require a long time, wrong data provided by 
the external service could affect the right functionalities of our solution. Nevertheless, it is clear that the effects of such a rare 
situation could impact the final path for very few cases and/or very few distances.

• Data-driven metrics: represent attributes that depend on external data, retrievable from external services. These are expected 
to vary over time, therefore require a constant monitoring. Examples of these metrics are environmental conditions such as the 
temperature and the air quality, which can be retrieved from local weather stations. Traffic conditions fall within this category 
as well. In these case, the MC that takes care of a data-driven metric must periodically poll the external service (or subscribe 
for data updates) and consistently report the changes on the DR with the desired rate. In Section 3.1 we introduced data-driven 
metrics as attributes that rely on external data sources and are expected to change over time, requiring continuous monitoring. 
Examples include environmental conditions such as temperature and air quality, obtained from local weather stations, as well 
as traffic conditions. This type of data significantly impacts the overall quality of a cyclist’s journey.

• MCS metrics: represent attributes that still depend on data, but for which public data is not available. In these cases, the user 
themselves act as data gatherers using a number of mobile sensors. With respect to the architecture in Fig.  1, users physically 
carry around a DF, which may be embedded in the same client MA, or be a separate device. In any case, the DF physically 
collects raw sensor data on the move, and stores it onto the DR. The dedicated MC then periodically outputs the value of 
the metric concerning the road segments by elaborating such raw data. Examples of MCS metrics may be the noise pollution, 
for which mobile phones can gather time-dependent data through the smartphone’s microphone. Another example is the road 
surface quality, which is estimated via the inertial sensors embedded in the smartphones.
Crowdsensed Navigation Metrics leverage the well-known Mobile Crowdsensing (MCS) paradigm to gather data on top of 
which computing the metrics. In other words, such data is not available from an external source, but it has to be actively 
gathered within the scope of the framework itself. With respect to Fig.  1, an MC that concerns one of these metrics, must rely 
on data that is injected into the DR by a dedicated DF. We can technically state that a DF is necessary for each crowdsensed 
metric or that a crowdsensed metric relies on a single DF. In most cases, we envision the DF to be a module of the MA, so that 
the framework final users are the ones who also opportunistically populate the DR with the data they need.
An example of a crowdsensed metric could be the noise pollution, which is an environmental parameter for which there 
hardly is open data about. In our past work [29] we designed a crowdsensing framework that not only gathers data about 
noise pollution using the microphone embedded in smartphones, but also performs an inference for areas that are uncovered 
by data, or where data is too old.

In this paper we will provide an in-depth example of how we integrated a metric for each of these classes in our system, 
respectively in Sections 4.1, 4.2, and 4.3.

3.2. Graph construction

The AS refers to an enclosed geographical area (e.g., a city) and stores locally its road network. The road network is represented 
through a weighted graph 𝐺 = (𝑉 ,𝐸), where edges 𝑒𝑖 ∈ 𝐸 represent uninterrupted road segments and vertices 𝑣𝑗 ∈ 𝑉  represent 
road intersections. Each vertex 𝑣𝑗 is represented by a tuple 𝑣𝑗 = ⟨𝑖𝑑, 𝑙𝑎𝑡, 𝑙𝑜𝑛⟩, where 𝑙𝑎𝑡 and 𝑙𝑜𝑛 are, respectively, the latitude and 
the longitude of the vertex. The AS defines a number of metrics 𝑚𝑢 ∈ 𝑀 , which means that there will be exactly |𝑀| MCs, one for 
each metric. Each edge 𝑒𝑖 is then defined as a tuple 𝑒𝑖 = ⟨𝑖𝑑, 𝑠𝑟𝑐𝑖, 𝑑𝑒𝑠𝑡𝑖, 𝑙𝑒𝑛𝑖, 𝑤𝑖,1, 𝑤𝑖,2,… , 𝑤𝑖,|𝑀|

⟩, where 𝑠𝑟𝑐𝑖 ∈ 𝑉  and 𝑑𝑒𝑠𝑡𝑖 ∈ 𝑉  are, 
respectively the source and destination vertices of the edge, 𝑙𝑒𝑛 ∈ N is the length in meters of the road segment, and 𝑤𝑖,𝑢 ∈ [0, 𝜔] is 
the value of the 𝑖th edge concerning the 𝑢th metric.

The values of metrics are mapped in a fixed interval [0, 𝜔] so that it is possible to combine and compare them. The owner of the 
system may statically set 𝜔 at system setup, to universally give more or less weight to the metrics as opposed to the length (which 
is unconstrained). Some of the metrics may not natively be expressed in numerical form, in such case the system designer must 
somehow translate the categorical values in numbers so that a value close to 0 represents a category mostly desired by cyclists, a 
value close to 𝜔 the opposite.

At runtime, a user may, through the MA, query the AS for a route. The query is represented by a tuple of parameters 
𝑄 = ⟨𝑠𝑟𝑐, 𝑑𝑒𝑠𝑡, 𝛼0, 𝛼1, 𝛼2,… , 𝛼

|𝑀|

⟩, where 𝑠𝑟𝑐 and 𝑑𝑒𝑠𝑡 are the source and the destination of the route, and 𝛼1, 𝛼2,… , 𝛼
|𝑀|

 are the 
preference values that the user attributed to the various metrics, while 𝛼0 is the preference value that the user attributed to the path 
length. Preference values are defined such that ∀𝑧.𝛼𝑧 ∈ [0, 1] and ∑|𝑀|

𝑧=0 𝛼𝑧 = 1. Consequently, the AS replaces the weight of each 
edge with the following convex combination:

𝑊 (𝑒 ) = 𝛼 𝑙𝑒𝑛 + 𝛼 𝑤 + 𝛼 𝑤 +⋯ + 𝛼 𝑤
𝑖 0 𝑖 1 𝑖,1 2 𝑖,2 |𝑀| 𝑖,|𝑀|
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Subsequently, the AS performs a shortest path algorithm, such as Dijkstra or A*, on the updated graph. Note that the route in output 
is not necessarily the shortest, as the various metrics affect the result according to the preference values. As a corner case, if 𝛼0 = 1
and all other preference values are set to 0, then the algorithm returns the actual shortest path.

When the user requires a route plan to the AS through the MA, the AS checks if it contains in memory both the source and 
destination vertices that correspond to the precise coordinates inserted by the user. In case there is no exact match, the AS returns 
the closest vertices respectively to the source and destination and uses them for the shortest path computation.

4. Navigation metrics implementation

In this section we provide an implementation of three metrics, one per type as defined in Section 3.1. These implementations 
are just examples that can be replaced on top of the use case.

4.1. Nominal navigation metrics

IN ourt implementation, we collected nominal navigation metrics from OpenStreetMap (OSM),2 focusing on the road type, that 
belongs to one of the following: ‘‘primary’’,‘‘tertiary’’, ‘‘path’’, ‘‘footway’’, ‘‘living street’’, ‘‘service’’, ‘‘residential’’, ‘‘pedestrian’’, and 
‘‘cycleway’’. We decided to focus on such nominal metrics since our navigation framework is targeted for cyclists, hence the road 
type can play an important role when choosing the path, but we highlight that this represents an example and additional or different 
nominal metrics could be easily integrated in our solution. We assign a score to each street, as detailed in Section 3.2, to reflect 
cyclists’ preferences based on road type. According to the OSM documentation, a ‘‘primary’’ road refers to a national road, while a 
‘‘tertiary’’ road is a busy non-national road, often marked with dashed white lines in the center. A ‘‘path’’ represents a generic route 
used by pedestrians, whereas a ‘‘footway’’ specifically maps minor pathways primarily or exclusively for pedestrian use. The term 
‘‘living street’’ denotes roads where pedestrians have priority over vehicles, as defined by traffic rules. ‘‘Service’’ typically describes 
auxiliary or access roads, while ‘‘residential’’ applies to roads serving residential areas. The ‘‘pedestrian’’ designation marks roads 
or areas intended mainly or exclusively for pedestrians, and ‘‘cycleway’’ is used for dedicated cycling paths. Examples of such road 
types are depicted at https://wiki.openstreetmap.org/wiki/Key:highway.

From a cyclist’s perspective, these road types vary significantly in terms of safety and accessibility. For example, ‘‘primary’’ 
roads are more dangerous compared to ‘‘tertiary’’ roads, while certain types, such as ‘‘pedestrian’’, may be off-limits. To account 
for these factors, the scoring system evaluates and incorporates these characteristics for each road type. In order to collect this 
information, we built a custom application written in Node.js designed to manage the entire process of downloading, analyzing, 
and processing OSM data. We used Nest.js framework for its modular and scalable architecture, and we integrated libraries such 
as osmtogeojson3 for converting data into geoJSON format and osm-read4 for parsing raw OSM XML data efficiently.

4.2. Data-driven navigation metrics

In our implementation, we incorporate air quality as a factor when calculating different routes. Consequently, some paths may 
offer better air quality but might come at the cost of increased travel distance. Similarly to how road type is used as a nominal 
navigation metric, air quality is just an example of the usage of data-driven metrics; our system is designed to be flexible, allowing 
for the seamless integration of additional metrics to enhance the navigation experience. The air quality values are obtained through 
the APIs provided by the OpenData section of the Bologna municipality’s website.5 These APIs are accessed using a dedicated 
module integrated into the Node.js application introduced in Section 4.1, which manages data acquisition and preprocessing. 
The retrieved data pertains to the air quality for the current year, as measured by three monitoring stations located within the 
Bologna municipality.

Among the various air pollutants available, PM10 (particulate matter with a diameter of 10𝜇m or less) was selected as a 
representative metric due to its significant impact on health and its widespread use in environmental studies. The data originates 
from ARPA Emilia Romagna,6 the regional environmental protection agency responsible for collecting and publishing environmental 
data.

The three monitoring stations, shown in Fig.  2, are strategically located in different areas of the city to provide comprehensive 
coverage of air quality variations. Specifically, they are situated in the following locations: (i) Giardini Margherita, a major public 
park in the city, (ii) Via Chiarini, a urban residential area, (iii) Porta San Felice, a location near a historic city gate with significant 
traffic influence.

2 https://www.openstreetmap.org/
3 https://github.com/tyrasd/osmtogeojson
4 https://github.com/marook/osm-read
5 https://opendata.comune.bologna.it/explore/dataset/centraline-qualita-aria/custom/?disjunctive.agente_atm
6 https://www.arpae.it/it
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Fig. 2. Position of the monitoring stations in the city of Bologna, displaying the current value of PM10. ©OpenStreetMap.

Fig. 3. Architecture of the road surface quality crowdsensed metric.

4.3. Crowdsensed navigation metrics

In our implementation, we developed an example crowdsensed metric that aims to assess the surface quality of the road segments. 
Logically, cyclists are less keen to take paths where the surface quality is poor, which typically means bumpy, dirt and not well-
maintained roads. There are also cases of roads that are intentionally built of cobblestone in city centers, because of ornamental 
or historical reasons, however they are not well suited for road bicycles. Upon these premises, we implemented a metric calculator 
that is built on top of a DF which gathers vibration data (accelerometer and gyroscope) and injects it into the DR. The MC then 
extracts the raw data and classifies it into road quality classes, which determine the value attributed to the metric.

Fig.  3 illustrates that the execution flow can be logically separated into two primary phases: data gathering and classification, 
followed then by route calculation. The effectiveness of the second component depends on the success of the first. This section is 
divided into several parts: in Section 4.3.1 we present the entire workflow that concerns data gathering, initial cold start elaboration 
for tuning the ML algorithm, and data classification. In our implementation we performed an initial experiment in a controlled 
environment to understand whether our method was correct. We first gathered data from a small town (the data gathering process 
is explained in Section 4.3.2, then we conducted a series of experiments to find a significant number of classes for our algorithm, 
explained in Section 4.3.3.
7 
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4.3.1. Workflow
Below, we outline the logical steps that guide the system toward its ultimate goal. The numbers in the following list correspond 

to those depicted in the figure:

1. The MA records, using its ‘‘tracker’’ function (which acts as a DF in this case), the accelerometer and gyroscope data in the 
background, only when the user is actually biking (using the Activity Recognition framework offered by Android). Data is 
locally converted into chunks and geolocalized, then it is sent to the DR.

2. Fresh data obtained from users is unlabeled. As road quality can be subjective and really hard to unambiguously assess by 
humans, users should not be able to label their data, instead, we rely on a two-step ML approach, which makes up most of 
the MC in the yellow box in Fig.  1. Either way, the procedure starts by checking whether labeled data is not present at all 
in the DR; in other words, if this is a ‘‘cold start’’ and no classification has ever taken place before.

3. In there is no labeled data available in the DR, we find ourselves in a ‘‘cold start’’ phase. A cold start only takes place 
once and finishes when enough data has been gathered and labeled. To address this cold start phase, our approach employs 
an unsupervised learning algorithm on the unlabeled data. Specifically, we use the K-means algorithm, allowing us to 
control the number of clusters generated. We expect that data points within the same cluster correspond to the same 
road quality class (this assumption is validated in Section 4.3.3). It is crucial to carefully manage this cold start process, 
as insufficiently expressive data (i.e., data that does not adequately represent different scenarios) could negatively impact 
subsequent classifications. Therefore, this step should only be executed once a significant portion of the city has been mapped with 
raw data and the data exhibits sufficient heterogeneity.

4. After clustering a sufficient number of data points into road quality classes, we use these labels to train a supervised machine 
learning model, such as Random Forest (RF) or Support Vector Machines (SVM). This trained model will then be utilized to 
classify any new unlabeled data points in the future. This phase finalizes the cold start and brings the system to a steady 
state. This process takes place on the DR, therefore new users may take advantage of an already trained model without the 
need for further configuration.

5. If labeled data is available, i.e., if the cold start process has already been completed once, the supervised learning model is 
used to classify new data points. Optionally, these classified data points can be used to further train the model, provided the 
confidence of the model is higher than a predefined threshold.

6. Regardless of the chosen approach, the labeled data is converted to metric values and stored back in the DR.

4.3.2. Data gathering with the data feeder
The data gathering process occurs in two distinct phases within our system. Initially, there is a preliminary data gathering phase 

to populate the repository with sufficient data points, enabling the clustering algorithm to produce meaningful results. Subsequently, 
the data gathering process continues beyond the cold start, operating concurrently with the system in its steady state.

In both phases, the process is managed by the MA through its tracker function, which serves as the DF. This function can 
automatically determine whether the user is walking, driving a vehicle, or riding a bicycle. Notably, data gathering is only activated 
during the latter activity. Additional implementation details are provided in Section 5.

In our data gathering process, the user secures the phone in a holder mounted on the bicycle’s handlebar. Before using the 
application, the user is required to input some basic information, such as their name and the smartphone model. This data may 
prove useful later for evaluating differences between smartphone models or conducting studies to identify riders and detect outliers 
that might compromise the data collection process.

While riding, the DF opportunistically records the following sensor data:

• Accelerometer (all three axes).
• Gyroscope (all three axes).
• Magnetometer (all three axes).
• Linear Accelerometer (all three axes): a software-based sensor derived by combining accelerometer and magnetometer 
readings to eliminate the gravitational component from the accelerometer signal.

Each sensor reading is accompanied by its corresponding GPS location and a timestamp.
With this information, once the ride is completed, the DF extracts data points from the raw data. Initially, all data records 

containing null values are removed. Then, the entire ride is divided into time windows of 3 s duration to calculate the features. This 
duration is widely accepted in the literature for similar tasks [30].

For all sensor readings within a time window, their magnitude is first calculated. Subsequently, for each sensor type, the following 
features are computed: mean, variance, standard deviation, minimum, maximum, range, skewness, and kurtosis. As a result, each 
data point in the dataset corresponds to a 3 s time window, which is represented by a single GPS point (the centroid of all sensor 
readings) and comprises 32 features (8 features per sensor type).

During the preliminary data gathering phase, before clustering occurs, we ensure that enough data is collected to represent 
a significant portion of the city, covering all possible road types. Once this is achieved, the resulting dataset is pre-processed by 
scaling the feature values of all data points using a standard scaler. This same scaler, without any modifications, will then be used 
and applied to all subsequent data gathering activities following the clustering process.
8 
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Fig. 4. The map of the town of Supersano, in Apulia, showing all data points gathered during our controlled tests.

4.3.3. Finding the classes through clustering
It is crucial to emphasize that data points collected by users are not labeled by the users themselves. In fact, attributing a 

‘‘quality class’’ to the road surface is challenging for a human observer because (i) it is highly subjective, and (ii) the threshold that 
distinguishes two classes can be difficult to perceive. For this reason, we rely on a clustering algorithm to generate road quality 
classes based on the gathered data. However, there is no guarantee that running a clustering algorithm without any background 
information will accurately reflect road quality, as it may be influenced by other criteria.

To address these uncertainties, we conducted a controlled test over a small area that includes various types of road surfaces. 
Specifically, we carried out a data gathering process in Supersano, a small town in southern Italy, where we were able to cover 
the entire area. Fig.  4 shows a map of the region along with all the collected data points. The resulting dataset consists of 6500 
data records, which we manually annotated. During the data collection, we also ensured that the smartphone recorded a video of 
the entire ride, allowing us to manually label the data afterward.7 Given the reasons mentioned, we do not consider this manual 
labeling as a ground truth, but rather as a way to assess whether the clustering results align with our expectations. Specifically, our 
manual labeling distinguishes only two classes: good and bad road pavement quality, as we believe these categories are more easily 
understandable from a human perspective. It is important to recall that the controlled test reported in this section was performed by 
us to prove that our data-driven method is significant for assessing road quality, i.e. that performing a K-means clustering effectively 
produces clusters related to different road quality. In a real world scenario, this controlled test does not need to be performed as it 
is a metric-specific proof. In fact, it is not present in the workflow in Fig.  3.
Binary validation. As an initial step to evaluate the effectiveness of our manual annotation, we conduct a supervised validation 
experiment on the Supersano dataset. This experiment follows a standard supervised learning approach, where we split the dataset 
into training (70%) and test (30%) sets, and apply a basic classification algorithm to classify the test set examples into the two 
annotated classes. Specifically, we tested Random Forest (RF), Stochastic Gradient Descent (SGD), and Support Vector Machines 
(SVM) on our dataset, with all three models achieving accuracy scores between 0.97 and 0.99. Given that the two classes are fairly 
balanced in this dataset, we consider this as preliminary evidence that the collected features are reasonably indicative of road 
quality.

Next, we performed a second validation step by applying an unsupervised clustering algorithm, specifically K-means, to the 
Supersano dataset. We instructed K-means to identify two clusters and compared the results with our manual annotation. The 
outcome, shown in Fig.  5, presents the distribution of data points from each of the two annotated classes within each cluster. The 
results reveal that each cluster contains more than 90% of data points from a single annotated class. This suggests that a simple 
K-means clustering can effectively reflect road surface quality, rather than being influenced by other factors.

7 The full details regarding the data collection methodology, the dataset’s characteristics, and its usage in the experiments are comprehensively documented 
in the referenced thesis [31].
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Fig. 5. Results of K-means with two clusters. The figure shows the distribution of each cluster over the pre-annotated dataset.

Finding the number of clusters. After confirming that running K-means on a sufficiently comprehensive dataset reflects road surface 
quality, the next step is determining a meaningful number of clusters. These clusters should be numerous enough to introduce 
variety, while ensuring that the differences between clusters are statistically significant.

To achieve this, we first performed a One-Way ANOVA F-Test to evaluate (i) the significance and discriminative power of each 
feature in relation to our classification goal, and (ii) the number of clusters that can be identified while maintaining statistically 
observable discrimination across a sufficient number of features.

The F-Test is applied to the entire dataset for each feature using the following formula: 

𝐹 =
∑𝐾

𝑖=1 𝑛𝑖(𝑌 𝑖 − 𝑌 )2∕(𝐾 − 1)
∑𝐾

𝑖=1
∑𝑛𝑖

𝑗=1(𝑌𝑖𝑗 − 𝑌 𝑖)2∕(𝑁 −𝐾)
(1)

Eq.  (1) computes an F-value 𝐹  for each feature. The numerator represents the ‘‘between-group variability’’ and measures how 
much the feature values differ across the entire dataset, normalized by the number of clusters. In this context, 𝐾 is the number of 
clusters, and 𝑛𝑖 denotes the number of examples in the 𝑖th cluster. 𝑌 𝑖 is the mean value of the feature in the 𝑖th cluster, while 𝑌
is the overall mean of the feature across the dataset. The denominator represents the ‘‘within-group variability’’, where 𝑌𝑖𝑗 is the 
feature value of the 𝑗th data point in the 𝑖th cluster, and 𝑁 is the total sample size.

For each feature, this statistical test yields a high F-value if the feature values vary consistently across the dataset but not within 
individual clusters, indicating that the feature is significant for classification. Conversely, a low F-value suggests that the feature is 
likely insignificant.

We conducted the F-test over the entire dataset, repeating the experiment for a range of cluster numbers from 2 to 10. The 
results are presented in Fig.  6, where the features are shown on the 𝑥-axis and their corresponding F-values for different cluster 
counts are displayed on the 𝑦-axis. The features are ranked by their average F-value, and split into two figures for display purposes. 
As anticipated, we observe that as the number of clusters increases, the F-score tends to decrease, eventually stabilizing at a plateau 
for more than 5 clusters.

We decided to perform additional validation experiments for 2, 3, and 4 clusters. Specifically, we used the results from K-means 
to re-label our Supersano dataset with 2, 3, and 4 classes and conducted another supervised test, similar to the one described in . In 
this process, we first applied K-means to label the entire dataset, then split it into training and test sets. Afterward, we ran K-means 
again on the training set and re-labeled it by matching the clusters to the previous labeling. This step ensures that the test set does 
not influence the classification process. For all three clustering configurations, the experiment produced accuracy values ranging 
from 0.96 to 0.99, which further reinforced our confidence in this approach.

We then decided to stick to three classes for all experiments in our evaluation (Section 6), to balance the confidence of the 
unsupervised classification with a meaningful human perception. Samples of the three classes in the real world are shown in Fig.  7.

5. Frontend implementation and deployment

In order to test the usability of the system in the real world, we implemented and tested the end user application as a native 
Android app. The application we developed serves two main purposes: first, there is the tracking view, in which the application 
collects data while the user is on a bicycle (this serves the purpose of a DF), while the other is related to the mobile navigation 
client, through which the user can input starting and ending position, as well as the various values of 𝛼𝑗 , and the application shows 
the ideal road taking into account the road condition (this serves the purpose of a MA).

5.1. Tracking view

The tracking view collects data about the accelerometer, the gyroscope, and the magnetometer, along with the position of the 
user and the timestamp. The data collection is performed only when the user is riding a bicycle, which is possible thanks to the 
10 
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Fig. 6. ANOVA F-values for each number of clusters in K-means of all 32 features with the highest F-value.

Fig. 7. Samples of road quality outputted by K-means with 3 clusters, respectively accounting for good, fair, and bad quality.

Android Activity Recognition API.8 To strengthen the reliability of the dataset, the application can also record video footage, to 
allow later manual labeling of the road segments.

8 https://developer.android.com/develop/sensors-and-location/location/transitions
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Fig. 8. Different routes proposed by the Navigation System from the same starting point and to the same destination.

Fig. 9. The route length proposed by the system 𝐿𝑓𝑖𝑛 expressed in ratio over the shortest path length 𝐿𝑖𝑛, for the threes single metrics, aggregated 
for different preference values.

5.2. Navigation view

In the navigation view, users can leverage the already collected data to input starting and ending points and retrieve the optimized 
path to travel. The view is built with the Mapbox framework with its Navigation SDK9 for mobile applications and also provides a 
setting customization view in which the user can select her/his preferred 𝛼𝑗 value for any considered metric.

Upon requesting a new route, the data is handled from the MA to the AS, which obtains the information and runs the routing 
algorithm. Given that start and destination points may not be placed on a node, the system picks the closest nodes to the two points 
instead. The AS returns the sequence of graph vertices with their coordinates, upon which the MA runs the Mapbox Direction APIs10 
to get a feasible path on the local map that goes through all the points provided.

In Fig.  8 we show an example of the navigation view, in which the starting and ending points are the same. However, we vary the 
user preferences (in this case, the parameter concerning the road surface quality), and the three proposed paths change significantly. 
In the first example, the system prefers to optimize the total travel time, hence it provides the fastest path without considering the 
road conditions. In downtown Bologna, the road pavement is very rough, with many streets having basalt or cobblestone floors, 
hence not an ideal solution for cyclists. The second case it balances the parameters, and provides an intermediate solution, while 
the latter example optimizes the road condition, although providing a considerably longer path. The code of the app, together with 
the AS is released open source.11 A version of the AS including the calculation of all metrics is also released open source.12

9 https://docs.mapbox.com/android/navigation/guides/
10 https://docs.mapbox.com/api/navigation/directions/
11 https://github.com/stradivarius/RoadSurfaceBasedRouting4Cyclists
12 https://github.com/stradivarius/MetricCalculator4Cyclists_AS
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Fig. 10. The route length proposed by the system 𝐿𝑓𝑖𝑛 expressed in ratio over the shortest path length 𝐿𝑖𝑛 for different values of 𝐿𝑖𝑛.

6. Navigation results

In this section, we report the results of an implementation of our system, which was evaluated in a selected urban area. In our 
implementation, we implemented one metric for each category, in particular:

• As a nominal metric, we used the road type, as described in Section 4.1. We hereafter name the metric value 𝑤𝑖,1 for the 𝑖th 
edge.

• As a data-driven metric, we used the air quality, as described in Section 4.2. We hereafter name the metric value 𝑤𝑖,2 for the 
𝑖th edge.

• As a crowdsensed metric, we used the surface quality, as described in Section 4.3 and in [28]. We hereafter name the metric 
value 𝑤𝑖,3 for the 𝑖th edge.

The weighted graph is constructed using osm4routing,13 a tool that converts a PBF (Protocolbuffer Binary Format)14 map into 
two csv files: one containing the edges and the other containing the vertices of the graph. For this study, we utilized the city center 
of Bologna, an area spanning approximately 18km2. We then used Firebase as the DR and implemented the AS and the MA.

The metrics have been numerically estimated considering 𝜔 = 100. Below we report how we normalized each metric in the 
interval [0, 100].
Road type. We sorted the road types according to an educated guess of what a cyclist would prefer when traveling. In particular we 
used the following metric values: for ‘‘path’’ 𝑤𝑖,1 = 90, for ‘‘primary’’ 𝑤𝑖,1 = 80, for ‘‘footway’’ 𝑤𝑖,1 = 70, for ‘‘living street’’ 𝑤𝑖,1 = 60, 
for ‘‘service’’ 𝑤𝑖,1 = 50, for ‘‘residential’’ 𝑤𝑖,1 = 40, for ‘‘pedestrian’’ 𝑤𝑖,1 = 30, for ‘‘tertiary’’ 𝑤𝑖,1 = 20, and for ‘‘cycleway’’ 𝑤𝑖,1 = 10.

Air quality. We estimated the air quality by extracting the PM10 index from the weather stations of the city of Bologna reported in 
Section 4.2. PM10 is about the amount of airborne particulate matter, a high value can potentially damage the health of a cyclist. 
Each vertex in the graph is associated with the last measurement extracted from the closest weather station, then the metric value 
associated to each edge is the average of the two vertex values.
Surface quality. After the controlled test in Supersano, we deployed the DF over the city of Bologna. We ran a cold start by collecting 
2000 data points over the city center, however, because of the size of the city, it was impractical to cover it all. We then ran K-means 
over the collected data points and trained a Support Vector Machines (SVM) algorithm that can be used to infer the type of floor 
for every new point collected through the MA during the navigation of a path in the city. We manually labeled every cluster, as 
K-means cannot rank the clusters quality-wise, distinguishing between three classes of floor quality: (1) a good floor – like asphalt 
with no potholes –, (2) a fair floor – like basalt – or (3) a bad floor – like asphalt potholes or a cobblestone floor. As per Section 4.3, 
we classified each measured point using the SVM model previously trained. We assign a fixed value for each of these measurements 
as follows: measurements resulting in good condition (class 1) have a value fixed to 1, while the value for each other class 𝑐 is 
calculated as the value of the previous class 𝑐 − 1 plus 𝑎𝑣𝑔𝑙𝑒𝑛 ⋅ 𝑐𝑜𝑢𝑛𝑡𝑐−1

𝑐𝑜𝑢𝑛𝑡𝑐
, where 𝑎𝑣𝑔𝑙𝑒𝑛 is the average length of edges and 𝑐𝑜𝑢𝑛𝑡𝑐 is the 

number of data points belonging to class 𝑐. For instance, in Bologna, with 𝑎𝑣𝑔𝑙𝑒𝑛 = 100m, if measurements of class 2 occur 1 every 
2.7 measurements of class 1 and every 0.5 measurements of class 3, then the value for measurements in class 2 is 270 and 455 for 
measurements in class 3. We then perform an average over all measurements on an edge to come up with the final metric value for 
such edge, constraining it between 0 and 100. We experimentally found that this delivers appreciable results even when the dataset 
is unbalanced.

13 https://github.com/Tristramg/osm4routing
14 https://wiki.openstreetmap.org/wiki/PBF_Format
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Fig. 11. Heatmap of the most frequently chosen points by the navigation system in the map, by varying the user preference values.

In this Section, we carried out a number of experiments with the goal of evaluating the effectiveness of the navigation system 
according to the variation of the user preferences. For this purpose, we analyzed 200 different paths by randomly generating the 
source–destination couples, picking the source from the west of the city and the destination from the east or vice versa, to generate 
paths long enough for generating appreciable differences. We vary the metric values alternately, so that we consider only one metric 
at a time that competes solely with the road length, to observe more in detail the impact of such metric on the output. Specifically, 
we vary 𝛼1, 𝛼2, and 𝛼3 such that 𝛼𝑗 ∈ {0, 0.25, 0.50, 0.75, 1}, and we define as 𝐿𝑖𝑛 the length of the shortest path between source and 
destination (i.e., for 𝛼0 = 1). The tests are meant to verify how much the navigation system proposes longer paths for a greater value 
of 𝛼𝑗 , with 𝑗 > 0 and vice versa. We define the length of the path computed by our algorithm as 𝐿𝑓𝑖𝑛.

In Fig.  9 we show how much the navigation system extends the original shortest path length 𝐿𝑖𝑛 and for different values of 𝛼𝑗 , 
with 𝑗 > 0. The three box plots show, on the 𝑥-axis, the two values of 𝛼0 and, respectively, 𝛼1, 𝛼2, and 𝛼3. When studying a single 
metric, we set the other metrics preference values to 0. For example, Fig.  9(a) studies the values of 𝛼0 and 𝛼1, therefore 𝛼2 and 𝛼3 are 
constantly set to 0. On the 𝑦-axis we have the ratio between the final calculated distance 𝐿𝑓𝑖𝑛 and 𝐿𝑖𝑛, which is 1 for 𝛼0 = 1. Results 
show, as expected, that the smaller is 𝛼0 and the longest is 𝐿𝑓𝑖𝑛. Both the median and the height of the boxes show an increasing 
trend, regardless of the considered metric. We can appreciate how the surface quality tends to display higher differences compared 
to the other two metrics, which are pretty similar to each other. Another important consideration is where the median sits within 
the box; if it is not perfectly in the middle, it indicates some asymmetry in the data. Finally, the air quality metric shows a more 
stable trend, because the variability of the metric is itself more homogeneous, as it happens area-wise rather than street-wise and 
abrupt changes are less likely to observe.

We then tested the navigation system with original paths grouped into four ranges to see if certain trends affect more longer 
paths. In particular we grouped them as follows: with 𝐿𝑖𝑛 ∈ [0, 1] kilometers, with 𝐿𝑖𝑛 ∈ (1, 2] kilometers, with 𝐿𝑖𝑛 ∈ (2, 3] kilometers, 
and with 𝐿𝑖𝑛 > 3 kilometers. Results are shown in the bar charts in Fig.  10, divided into three plots, one per metric. We observe 
that, for the air quality and the road surface, the behavior is quite constant, with a small physiological increase in the difference 
between 𝐿  and 𝐿  as 𝐿  grows. It is instead noticeable how, for 𝐿 ∈ (1, 2], different values of 𝛼  have little impact on the 
𝑖𝑛 𝑓 𝑖𝑛 𝑖𝑛 𝑖𝑛 1
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outcome, compared to other path lengths. This may be due to the shape of the road network, for which paths of such a length are 
more likely to be served by cycleways and be also the shortest.

Finally, we show through Fig.  11 the heatmap of the points that are more frequently chosen by the navigation system by varying 
the user preference parameter. These figures give us an empirical evaluation on the effectiveness of the system against the topology 
of the city. For instance, it is noticeable how the western central part of the city is generally avoided when 𝛼0 = 1, while, when 𝛼1
is higher, then riders are more likely to choose to travel through some central streets such as ‘‘via dei Mille’’ and ‘‘via Galliera’’, 
in which there is a dedicated lane for bicycles. The opposite happens for 𝛼3: in Fig.  11(g), 𝛼0 = 1, and the navigation system 
only considers the shortest paths, which elect to pass through the eastern part of the center. For instance, this is evident for ‘‘via 
Zamboni’’, a central street where the floor is basalt and bicycles often perceive it as bumpy. Fig.  11(h), instead, where 𝛼0 = 𝛼3 = 0.5, 
shows that the navigation system tries to avoid the central streets, given the higher weight of the street quality requested by the 
user. The differences with Fig.  11(i), with 𝛼3 = 1 are quite limited, but it is still appreciable how the navigation system proposes 
more frequently some specific areas where the floor is considered good, like the ring road zone indicated in the map, which is very 
well served for bicycles. Regarding 𝛼2, as opposed to the other two, there are no clear differences, because it refers to an area-wise 
metric, rather than a street-wise one, therefore, we would expect more horizontal and coarse-grained changes. For instance, we can 
observe, as 𝛼2 increases, a general preference for the southern part of the city, which is expected as it is closer to the hills, and the 
air pollution is likely to be lower.

7. Conclusions

In this paper, we introduced a comprehensive architectural pipeline for a navigation system designed for cyclists and other 
micromobility users, with a focus on ancillary metrics that detach from the mere path length. Unlike other solutions in the literature, 
our system addresses every stage of the process, from data collection and classification to navigation and route planning and provides 
a holistic approach that allows for the inclusion of different metrics other than the ones presented. Furthermore, any state-of-the-art 
MCS approaches either concentrate on a single aspect or rely on pre-labeled road data, which is often impractical. Our MCS metric 
system operates without prior knowledge of the environment, autonomously identifying metric categories, in our case related to 
road surface quality, using them to classify additional data points, and constructing a robust and consistent dataset. We proved the 
efficacy of our system in a real urban deployment with real data, hoping that it will foster more research serving micromobility 
users.
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