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Executive Summary

This report presents a first estimation of the volume of bicycles and scooters 
moving through Barcelona, street by street. Using advanced modeling 
techniques, we estimate the Average Annual Daily Bicycle Traffic (AADBT) at 
the street segment level for over 20,000 road segments. We rely on  data from 
automatic counters managed by the city council as well as data collected by 
volunteers and civil society.

The most accurate model, XGBoost, allows visualization of bicycle flows 
across the entire city and is a valuable tool for urban planning, infrastructure 
improvement, and road safety studies. One of the study’s main achievements 
has been to demonstrate how citizen participation improves the quality and 
representativeness of the estimates: thanks to the work of 43 volunteers, 
it was possible to cover street typologies and areas outside the reach of 
automatic counters.

Despite these improvements, the model still presents some overestimations, 
especially on streets without cycling infrastructure. Nevertheless, this beta 
version offers a solid foundation for future developments.

This project illustrates the potential of citizen science and interdisciplinary 
collaboration to advance towards more sustainable, equitable, and evidence-
based mobility in Barcelona.
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Introduction

Urban mobility is undergoing a significant transformation as cities seek 
sustainable alternatives to private vehicle use. In this context, bicycles and 
other micromobility modes have become key transport means to reduce 
congestion, improve air quality, and promote healthier mobility habits. However, 
their integration into the urban fabric requires data-driven planning to design 
safe and efficient infrastructure.

Compared to other modes of mobility, such as cars or public transport, less is 
known about bicycle mobility. A historical inertia favoring motorized vehicles 
has generated tools, technologies, models, and studies dedicated to motorized 
traffic. Conversely, for bicycle mobility, we lack the same degree of knowledge.

A clear example of this asymmetry is seen in traffic models. In Barcelona, 
as in most global cities, there is a sophisticated traffic model for private 
and motorized vehicles. By collecting data on city and metropolitan streets, 
technical teams and engineers have created dynamic and predictive models to 
estimate flows of cars and motorcycles circulating in the city.

Moreover, this road traffic model carries weight in decision-making, as street 
calming programs or proposals to reduce road capacity can be rejected due 
to their predicted impact on motorized mobility. These models influence 
important decisions and, therefore, materially affect how we design the city.

While the motorized traffic model holds a central place in urban design, no 
equivalent exists for bicycle mobility or walking. For example, in 2025 the 
Barcelona City Council funded public transport modeling work with a contract 
valued at 300,000 euros, but to date, no comparable investment is known for 
bicycle modeling (City Council of Barcelona, 2025). Bicycle mobility still lacks 
the same tools, data sources, and funding as motorized mobility.

Nevertheless, prioritizing active mobility has been included in strategic 
documents such as the 2024 Barcelona Urban Mobility Plan (City Council 
of Barcelona, 2024) and in evolving social values. This work aims to help 
us understand and visualize how the cycling community moves through 
Barcelona, street by street.

We have developed an estimate of the number of bicycles and scooters 
circulating on bike lanes by combining data from various sources: 
automatic counters from the Barcelona City Council, data collected by over 
40 volunteers through the collaborative platform BiciZen, and data gathered 
by the BACC.

The results allow characterization of the existing network and identification 
of opportunities for its expansion and improvement. This work is the 
result of collaboration between the Institute of Environmental Science and 
Technology (ICTA-UAB), the Barcelona Supercomputing Center (BSC), and 
the Bicycle Club of Catalonia (BACC). Combining data analysis and advanced 
modeling, this study lays the groundwork for more informed and tailored 
bicycle planning according to the city’s needs.
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Objectives

General Objective

Develop a first micromobility traffic model (bicycles and scooters) for Barcelona.

Specific Objectives

•	 Knowledge Contribution 
	» Provide new knowledge about bicycle traffic on the streets of Barcelona.

•	 Scientific and Methodological Contribution
	» Develop new models to estimate bicycle flows in the city.
	» Compare models and identify the most accurate ones.
	» Integrate data collected at different scales, from citizen science to automatic counters, to improve estimates.

•	 Traffic and Safety Estimation
	» Contribute to road safety studies by offering essential ‘exposure’ layers to identify risk points based on cyclist volume per street and intersection.

•	 Inclusion and Participation
	» Promote collaboration and citizen participation in generating knowledge, diagnosing, and analyzing bicycle mobility through the BiciZen platform.

•	 Outreach and Communication
	» Advance the conversation in the city about the importance of developing improved understanding of bicycle ridership modelling, and motivate further work 

on this topic, led by the City.

What is the estimate of the number of cyclists and other users, calculated as 
Average Annual Daily Bicycle Traffic (AADBT) per street segment in Barcelona’s 
road network?

Research Questions

How can crowdsourcing and citizen science contribute to improving 
bicycle demand estimation models and what are their limitations?
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Figure 1.
Data collected on bicycle traffic in the city of Barcelona.

•	 Municipal Counters: Barcelona has a network of counters along its cycling 
infrastructure that continuously capture data on bicycle flows at different points, 
times, and directions. A request for public information was made to obtain higher 
temporal resolution data, resulting in a dataset with 15-minute intervals between 
2017 and 2024, totaling 66.5 million observations. Each record includes the counter 
ID, date, time, bicycle count, and associated error.

The number of stations has varied over the years, reaching a maximum of 381 
counters in 2024. Stations are exclusively located on bike lanes, which complicates 
modeling bicycle flows on roads without cycling infrastructure. Additionally, fixed 
counter data is biased as they are installed on streets with high bicycle traffic and 
specific infrastructure.

•	 BiciZen: To complement automatic counter data, a citizen counting campaign was 
carried out using the collaborative platform BiciZen (bicizen.org), a citizen science 
tool that allows collective recording of observations (Honey-Rosés et al., 2025). 
The mobilization of volunteers also enabled collecting data on age and gender and 
sampling street typologies outside the cycling network where city counters are 
absent.

43 volunteers were recruited who collected data at 30 strategic points, achieving 
1,063 counts over 182 hours and 32 minutes of observation. Locations were 
selected based on street typology and traffic volume, ensuring data quality and 
representativeness. Direct observation also allowed recording additional information 
such as vehicle type (bicycle, scooter, or others), perceived gender (male or female), 
and perceived age (child, adult, or senior). 

This report only presents total count results; gender and age analysis will be left for 
future reports.

•	 BACC: To complement BiciZen and fixed counter data, data from the Radiografia 
ciclista de Barcelona  (2023–2024) by BACC were obtained. Observations were 
made with cameras at six locations selected based on the cycling network, absence 
of counters, type of lane, and usage flow. Recordings enabled identification of bicycle 
type, propulsion type (electric or mechanical), and perceived gender. In 2024, 11,322 
observations were counted across five different locations (BACC, 2024).

Methods 
Data origin
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Methodology 

In addition to collecting relevant data for counting users of cycling 
infrastructure, the following steps were followed:

1.	 Characterization of City Streets: Streets in Barcelona were classified 
according to cycling infrastructure, lane type, and traffic level.

2.	 Data Collection with BiciZen: Volunteers collected data via the BiciZen 
platform. 

3.	 Data Quality Control: SData from fixed counters were reviewed to 
identify and correct errors such as incorrect locations or inconsistent 
data. Citizen observations were also validated to ensure quality.

4.	 Temporal Patterns and Expansion: Patterns from fixed counters were 
analyzed to generate expansion factors. These factors allowed better 
adjustment and estimation of volunteer data at different times and 
places.

5.	 Modeling and Prediction: A model was developed to predict AADBT 
from contextual variables such as infrastructure and traffic. This model 
was applied to all street segments in the city, providing a comprehensive 
view of bicycle flows.

1. Characterization of city streets

To estimate the AADBT at the street segment scale, it was necessary to 
characterize the road network of Barcelona. The city has 3,976 streets 
divided into 21,661 segments, which constitute the unit of analysis for the 
study.

To define the road network, different sources were compared: a simplified 
version from the City Council in its motorized traffic model, a more 
detailed one from the National Geographic Institute, and another from 
OpenStreetMap. Finally, the road network used to model motorized traffic 
was chosen, due to its level of detail and attributes (number of lanes, 
direction, road classification, AADT, etc.).

The last step consisted of linking the cycling network with the road network. 
This was resolved through a spatial join, assigning each street segment the 
nearest cycling infrastructure to its centroid.

One of the key attributes considered is the type of cycling infrastructure, 
since higher volumes of use are expected on streets with higher-quality 
infrastructure.

The classification distinguishes, first, between segments shared with other 
users (cars, pedestrians, or buses) and segregated segments. Shared 
segments are further reclassified according to who they are shared with, 
and segregated ones according to their location and type of separation. 
This classification is not intended to be exhaustive—a task more suitable 
for the administration—but rather useful to distinguish between typologies 
with different impacts on cycling use. We classified Barcelona’s cycling 
infrastructure into seven categories (Figure 2).

The first version of this classification was developed using open data from 
the City Council, enriched with information on separators and parking spaces, 
and later reviewed in collaboration with BACC. Subsequently, an improved 
version of the municipal cycling network was integrated, which included 
details such as year of construction, location (roadway or sidewalk), and 
whether it was shared with other vehicles.



9

Protected Bike Lane
Roadway reserved exclusively for 

bicycles with physical separation from 
motorized traffic.

Bike Lane Protected by Parking
Separated from the roadway by a row of 

parked cars or other elements.

Bike Lane in Central Axis
Located in the center of a roadway, 

sometimes with physical separators.

Sidewalk-Bike
Pedestrians and bicycles share the 

sidewalk, with a reserved and properly 
marked cycling space.

Shared Lane with Vehicles
Streets limited to 30 km/h with shared 

space indicated, giving priority to 
bicycles.

Bus-Bike Lane
Exclusive space for buses and bicycles 

(marked with pictograms).

Bike Lane (Unprotected)
Roadway exclusively reserved for bicy-

cles, located on the street and separated 
from other traffic by road markings.

Figure 2. Typology of Cycling Infrastructure in Barcelona.
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2. Data Collection with BiciZen

•	 Recruitment and Training of Volunteers
More than 40 volunteers were recruited to observe bike lane usage in the 
city. Online and in-person training sessions explained the methodology, 
and detailed materials were shared via email lists and WhatsApp.

•	 Sampling Strategy
The sampling had two goals: (1) obtain a balanced sample of observations 
in streets with and without cycling infrastructure, and (2) characterize 
usage patterns in locations where automatic counter data exist but no 
age or gender information is available. Random and stratified sampling 
was used for both cases. It is important to highlight that citizen science 
sampling is essential to balance the model since using only automatic 
counter data could lead to overestimation. 

•	 Sampling of Street Segments Stratified by Cycling Infrastructure and 
Traffic Volume 
Street segments were randomly and stratified selected according to: (i) 
type of cycling infrastructure, and (ii) traffic level (high, medium, or low). 
This approach allows measuring micromobility flows on lower-traffic 
streets, avoiding overestimation of actual volumes if only automatic 
counters were considered.

•	 Sampling of Counters Stratified by District
Counters were stratified according to the 10 districts of Barcelona, 
selecting one per district using a random number generator in Excel. This 
guarantees representation of one counter per city district.
Although age and gender results are not presented in this report, the 
sampling strategy included observation of demographic characteristics 
of bicycle users at points with automatic counters.
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Table 1. Selected streets for sampling: street name, district, type of infrastructure, and volume of motorized vehicles.
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Protected Bike Lane

Protected Bike Lane

Protected Bike Lane

Protected Bike Lane

Protected Bike Lane

Protected Bike Lane

No infrastructure

No infrastructure

No infrastructure

No infrastructure

No infrastructure

No infrastructure

No infrastructure

No infrastructure

No infrastructure

No infrastructure

No infrastructure

Protected Bike Lane

Central Bike Lane

Central Bike Lane

Central Bike Lane

Central Bike Lane

Central Bike Lane

Parking ProtectedParking Protected

Parking ProtectedParking Protected

Parking ProtectedParking Protected

Shared bike laneShared bike lane

Parking ProtectedParking Protected

Parking ProtectedParking Protected

Bike Bus LaneBike Bus Lane

Bike Bus LaneBike Bus Lane

Bike Lane (no protection)Bike Lane (no protection)

Bike Lane (no protection)Bike Lane (no protection)

Bike Lane (no protection)Bike Lane (no protection)

Sidewalk -Bike lineSidewalk -Bike line

Protected Bike Lane
Protected Bike Lane

Sidewalk -Bike lineSidewalk -Bike line

Sidewalk -Bike lineSidewalk -Bike line
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3. Data Quality Control

3.1 Automatic Counter Data

Several measures were taken to ensure the quality of data collected by 
automatic counters. First, data were filtered based on the estimated error 
(%)—an attribute provided by the City Council—with the aim of discarding 
observations recorded during periods when the sensor was malfunctioning. 
This process allowed analyzing the dynamics and retaining only observations 
where the sensor was fully operational.

Once cleaned, the data were aggregated on an hourly level and the following 
rules were applied to determine which observations were considered valid: 

1.	 The same counter cannot have 90 consecutive hours or more with 
a zero value.

2.	 There cannot be 6 or more identical observations greater than 5.

3.	 The total number of nighttime records (8 PM to 8 AM) cannot 
exceed the total number of daytime records (8 AM to 8 PM).

4.	 Hourly volume cannot exceed 885 bicycles, and daily volume 
cannot exceed 11,225 bicycles.

5.	 A day is considered invalid if it has fewer than 22 hours of valid 
data.

6.	 A month is considered invalid if it does not have at least three 
weeks of valid data.

7.	 A year is considered invalid if it lacks data for at least 11 months 
(this rule applies only to the month-year factor calculation).

After quality control, the daily bicycle volume (DBT) was calculated, followed 
by the annual average daily volume per counter (AADBT) (Miah et al., 2024).

From the data collected by the automatic counters during 2023 and 2024 
(over 24 million observations), 5.5% were discarded due to errors detected 
by the system itself—according to the reliability indicator provided by the 
City Council—which signaled sensor malfunctions.

 Subsequently, data were aggregated hourly, retaining only hours with at least 
30 minutes of valid data. After this aggregation, the previously described 
quality control rules were applied, resulting in 79.2% of observations being 
classified as valid.

3.2 Observation Data

•	 BiciZen Data 
Regarding BiciZen data, the main challenge was ensuring that the 
number of observations at a specific sampling point was sufficient to 
obtain reliable results. Initially, a minimum of 30 observations was set—a 
common threshold in mobility studies—but this threshold was lowered 
to 10 to retain a larger number of sampling points.

•	 BACC Data
BACC data were grouped into one-hour intervals based on counts taken 
every 15 minutes. When the full hour was not available, values were 
proportionally scaled. Since many locations correspond to bidirectional 
lanes and flow direction was not distinguished, the total observed 
bicycles were divided by two. As a result, data were obtained for 6 
stations with a total of 21 months of valid observations.
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4. Temporal Patterns and Expansion

Observational data consist of counts lasting between 10 and 30 minutes for 
a specific location and direction. The purpose of this section is to explain how 
these observations have been transformed into an estimate of the Average 
Daily Bicycle Traffic (AADBT). For this, expansion factors have been generated 
from seasonal patterns derived from automatic counters. 

4.1 Generate Expansion Factors

Expansion factors are proportions or indices that allow 
“scaling up” short-period count data to estimate bicycle 
traffic for an entire year. Three expansion factors have been 
calculated:

•	 Daily Pattern (HOD, Hour of Day): Relates traffic during 
a specific hour to the total daily traffic, calculated 
separately for weekdays and weekends.

•	 Weekly Pattern (DOW, Day of Week): Relates traffic on a 
specific day of the week to the weekly average, capturing 
variations between weekdays and weekends.

•	 Annual Pattern (MOY, Month of Year): Relates monthly 
traffic to annual traffic, accounting for seasonality in 
bicycle use.

Figure 3.  Hourly distribution of weekday mobility.
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5. Modeling and Prediction

The following subsections explain how counting locations were characterized, 
how the most relevant explanatory variables were selected, which models 
were generated, how the best model was chosen, and finally, how the final 
model was used to predict flow for each street segment.

5.1 Characterization of Counting Points and Variable Selection

Counting points were characterized by enriching their context with variables 
such as proximity to educational centers and different land uses (including 
green areas and water bodies). Mobility elements (bike parking, Bicing, bike 
signage, public transport), sociodemographic data (age, gender, income), 
cycling infrastructure features, traffic flows, road morphology, as well as 
altitude and terrain slope were also added.

Variable selection started by filtering those with a correlation greater than 
0.15 with the dependent variable. Then, variables exhibiting multicollinearity 
were removed, and finally, explanatory variables with mutual correlations 
above 0.6 were discarded.

5.2 Development of the AADBT Prediction Model

Once explanatory variables were selected, four types of models were trained 
to predict AADBT: Poisson regression, Random Forest, XGBoost, and a 
Convolutional Neural Network (CNN). These models cover approaches 
from traditional statistical methods to advanced machine learning and deep 
learning techniques.

Four complementary metrics were used to evaluate and compare 
performance: MAE (Mean Absolute Error), RMSE (Root Mean Squared 
Error), MAPE (Mean Absolute Percentage Error), and R² (coefficient of 
determination). These metrics assessed the accuracy, robustness, and 
explanatory power of each model.

5.3 Application of the Model for Road Network Prediction

Once the best-performing model was selected, centroids of street segments 
were extracted as the basis for prediction. These points were enriched with 
the explanatory variables used in model training. For bidirectional streets, 
attributes were generated for both traffic directions.

AADBT was predicted independently for each direction, then totaled by 
summing both. Finally, results were joined with the original geometry of 
the street segments, allowing spatial visualization and analysis across the 
network.

14
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Results

1.  Characterization of city streets

A classification of cycling infrastructure in Barcelona was created, grouped into five categories for visualization purposes. To facilitate reading at an urban scale, 
all bike lanes located on the roadway were represented as a single category. 

Figure 4. Cycling routes in Barcelona 2024
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2. Data Collection with BiciZen

Using theBiciZen platform, a total of 182 hours and 32 minutes of observations 
were collected at the locations mentioned previously. This recording period 
resulted in 1,063 observations from 43 volunteer participants. (Appendix, 
3-4)

This  information, allowed us to observe the following cycling dynamics 
in Barcelona.In the graphs, information is presented on the three main 
differentiations of the study

The graphs present the information on the study’s three main 
differentiations:

•	 Vehicle Type, which clearly shows that the most used mode of transport 
is the bicycle, representing 74.3% of observations, followed by the electric 
scooter at 24.3%.

•	 Perceived Gender of cyclists, 70.5% were men and 29.5% women. 

•	 Perceived Age, lof users of cycling paths: the majority (95.3%) were 
adults (18–64 years), while the presence of older adults (65 years or 
older) and children and adolescents (17 years or younger) were both 
under 3%.

Figure 5. Distribution of perceived gender (5a), age (5b) and vehicle type (5c) in citizen science observations with the BiciZen platform.

5a.

5b.

5c.

Children
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An additional breakdown considering cycling infrastructure type and user 
profile was also made. This analysis highlights that the daily median number 
of cyclists, by infrastructure type, shows a low percentage of women in areas 
where cycling lanes are poor or nonexistent.
3. Generación modelos de circulación (AADBT)

Figure 6. Cyclist typology by cycling infrastructure Figura 7. Number of observations per day with BiciZen counts

17
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3. Generation of Traffic Models (AADBT)

3.1 Characterization of Counting Points and Variable Selection

Seventy-one variables were generated for the 642 annual observations 
(AADBT), increasing to 122 after converting categorical variables into 
dummies, including 605 counters, 26 BiciZen points, and 11 BACC data 
points.

During selection, 86 variables were discarded due to low correlation, 6 for 
multicollinearity, and 7 for high mutual correlation, leaving a total of 23 
explanatory variables.

3.2 AADBT Model

Seventy-one variables were generated for the 642 annual observations 
(AADBT), increasing to 122 after converting categorical variables into 
dummies, including 605 counters, 26 BiciZen points, and 11 BACC data 
points. During selection, 86 variables were discarded due to low correlation, 
6 for multicollinearity, and 7 for high mutual correlation, leaving a total of 23 
explanatory variables. 

Table 3. Comparison of bicycle and scooter traffic models in Barcelona

Figura 8. The beta model was evaluated by comparing predicted AADBT (y-axis) 
with observed values (x-axis). A perfect model would align with the line y = x. 

Overestimations are observed, especially at lower values.  
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4. Prediction for Street Segments

A total of 17,787 street segments were extracted, of which 3,077 were bidirectional and duplicated, resulting in 20,864 segments. For each segment, 
the centroid was calculated and enriched with the 23 model variables. Individual predictions were generated per segment. For bidirectional segments, 
predictions for both directions were aggregated. Results were joined to the original geometry, enabling visualization of estimated flows in Figure 10.

While a naive estimate using only automatic counter data suggested an average volume of about 4,000 bicycles and scooters per street, incorporating 
citizen science observations reduced this estimate by 17%, approaching more realistic estimates. Currently, the beta model estimates that on an 
average day, 3,284 bicycles and scooters circulate per day. This value likely remains an overestimate, especially on streets without cycling infrastructure 
and low traffic streets.

Figure 9.  Comparison of our beta model with the same model excluding citizen science 
data. Changes in the distribution of estimates are observed with a reduction in the peak, 
median, and many of the highest values disappear.
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Figure 10. Bicycle and scooter estimates on Barcelona’s streets according to the beta model..  
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Conclusions

This work brings us closer to understanding micro mobility flows in 
Barcelona at the street segment scale. For decades, while traffic engineers 
have developed models to obtain these values for motorized mobility, 
the equivalent for cycling mobility remained unknown. We contribute by 
presenting the first micromobility traffic model in Barcelona.

We observe that estimates of bicycle and scooter volumes in Barcelona 
have been improved thanks to citizen science contributions. Across all 
street types, estimates decrease when observations gathered by volunteers 
are included.
 
Model comparison confirmed that the XGBoost algorithm consistently 
provides the best results. The beta model has its deficiencies but remains 
an important advance over previous work. It incorporates conditions and 
characteristics of each street and the presence of cycling infrastructure. 
Furthermore, the model accounts for the directionality of bike lanes.

The generated map offers insight into the movement pattern of bicycles 
and scooters circulating in Barcelona, considering factors influencing 
micromobility use. Future work will need to integrate Strava data, separate 
bicycles from scooters, and disaggregate user flow by age and gender.

This project illustrates what can be achieved with the collaboration of the 
cycling community, cycling organizations, and an international research 
team. It offers a first initial estimate of bicycle and scooter flows on 
Barcelona’s streets. This model is not only a technical advance but also 
an example of the power of citizen science to transform urban mobility 
knowledge and support city decision-making.

21
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Appendix – Data Quality Control

 Appendix 1.  Counters selected for citizen science sampling
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Appendix – Data Quality Control

 Appendix 2.  Length and segments by type of cycling infrastructure.
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(a) Number of BiciZen_Gender observations.

Appendix 3. Citizen science observations using the BiciZen platform at observation pointss. (a) Number of BiciZen_Gender observations, (b) Number of BiciZen_Age 
observations, (c)  Number of BiciZen observations by vehicle type. Observation period: October to December 2025.

Appendix – Data Quality Control
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(b) Number of BiciZen_Age observations.  (c)  Number of BiciZen_Age observations.

Appendix 3. Citizen science observations using the BiciZen platform at observation pointss. (a) Number of BiciZen_Gender observations, (b) Number of BiciZen_Age 
observations, (c)  Number of BiciZen observations by vehicle type. Observation period: October to December 2025.

Appendix – Data Quality Control
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Appendix 4.  Number of citizen science observations carried out during the observation period between October and December 2025.

Appendix – Data Quality Control
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Appendix 5. Automatic counters allow us to characterize seasonal bicycle use throughout the year and generate expansion factors to make annual estimates from 
observations gathered during only part of the year.

Appendix – Data Quality Control
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Appendix 6. Weekly patterns are derived from automatic counters to account for day-of-week variation. 

Appendix – Data Quality Control
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Appendix 7.  AADBT estimates by street typology with cycling infrastructure in Barcelona.
 We observe that the beta model still produces high values, which are likely overestimations. However, the inclusion of volunteer 

observations helped reduce these estimates by between 12% and 49%

Appendix – Data Quality Control


