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Abstract

This paper proposes a general workflow for collecting and analyzing open data from
Bicycle Sharing Systems (BSSs) that was developed using data from the Valenbisi system,
operated in Valencia by the French company JCDecaux; however, the stages of the proposed
workflow are service-independent and can be applied broadly. Cycling has become an
increasingly popular mode of transportation, leading to the emergence of BSSs in modern
cities. Parallel to this, Smart City solutions have been implemented using Internet of Things
(IoT) technologies, such as embedded sensors and GPS-based communication systems,
which have become essential to everyday life. When public transportation services or
bicycle sharing systems are used, real-time information about the services is provided to
customers, including vehicle tracking based on GPS technology and the availability of
bikes via sensors installed at bike rental stations. The bike stations were examined from
two different perspectives: first, their daily usage, and second, the types of facilities located
in their surroundings. Based on these two approaches, the overlap between the clustering
results was analyzed—specifically, the similarity in how stations could be grouped and the
correlation between their usage and locations. To enhance the raw data retrieved from the
service provider’s official API, the stations were annotated based on OpenStreetMap and
Overpass API data. Data visualization was created using Tableau from Salesforce. Based
on the results, an agreement of 62% was found between the results of the two different
clustering approaches.

Keywords: bicycle sharing systems; mobility; Valencia; open data; geospatial information;
clustering

1. Introduction
1.1. Sustainable Mobility

As an important step in the fight against global climate change, sustainable urban
mobility issues are receiving increasing attention nowadays. Car-centered transportation is
not only responsible for air pollution but also has numerous adverse effects on our cities.
These include noise pollution, traffic jams, and the problem of occupying valuable urban
spaces, all of which affect the quality of urban life [1,2].

To address these challenges, various green transportation developments are flourishing
worldwide. Cities are being transformed in a pedestrian- and cyclist-friendly manner,
converting areas previously dedicated to car traffic, and more and more people are using
environmentally friendly modes of transport. However, public transportation does not
always represent a perfect alternative to car use, since traffic jams also affect buses and
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trolleybuses, and rail-based transport modes can be more sensitive to disruptions. Due
to the design of urban public transport networks, commuters often have to make extra
transfers during their journeys or reach their destinations only after a long walk [3].

Cycling is a perfect alternative mode of transport to this problem, being one of the
most efficient tools for micromobility within the city. It is perhaps the most sustainable and
cheapest mode of transport, and it positively affects our health; therefore, its popularity is
continuously increasing. More and more large cities are establishing community bicycle
sharing systems (BSSs) to promote cycling, thereby motivating residents to adopt healthier
and more sustainable transportation [4,5].

BSSs are usually operated by the municipalities themselves or by companies com-
missioned by them. An example of the latter is the French company JCDecaux, which
operates such systems in 27 major cities worldwide, such as Brussels, Toyama, and Bris-
bane. JCDecaux primarily deals with outdoor advertising, and BSSs effectively support
this activity through advertisements placed on the bikes or around the docking stations.
With the spread of digitalization, BSSs can now also be used via mobile applications. More
importantly for operators or researchers, there is an opportunity to collect real-time data,
which allows operators to make data-driven decisions through analysis, while opening
new horizons for researchers in conducting their research activities. JCDecaux provides an
API for this purpose, through which data can be collected from the BSSs of all the cities
in which they operate [6]. In the case of BSSs, the location of docking stations and their
integration into the city’s transportation system is a key issue, and numerous studies deal
with this topic [7–10].

Our research aimed to examine bike racks from two different approaches: first, based
on their daily usage, and second, considering what facilities could be found in their
surroundings. Grouping the data according to these two approaches, we sought to answer
what relationship could be found between the results: how similarly the individual racks
could be classified, and what correlation existed between the usage of the racks and
their installation locations. We applied data-mining solutions for data processing and
classification into categories during the analysis. We used cluster analysis within this
framework. Our results highlight that analyzing the racks’ environment is advisable before
installing future racks.

Valencia is—according to a recent survey—among the three most bicycle-friendly
cities in Spain. The Valenbisi community bike-sharing system located in Valencia has nearly
170 km of bike path network, which is growing year by year [11,12]. The city conditions
are also ideal for cycling: its flat terrain and Mediterranean climate make daily cycling
favorable, and most of the city can be traversed by bike in 15 min even at a slow pace.
Only 15% of residents choose cars for daily transportation, while the most common mode
is walking, which is preferred by 50% of the population. The proportion of cyclists is
6%, but their number is continuously increasing, with a 21% growth measured in 2022
compared to the previous year [13]. At the time of writing this paper, the Valenbisi system
had 276 bike racks, covering almost the entire city of Valencia [14].

1.2. Mobility and Open Data

Modern cities install various sensors in the city centers or metropolitan areas to
monitor different values, such as air pollution, traffic, etc. The Open Data portal of Valencia
(accessed on 2 July 2025) offered 284 different datasets when writing this paper, organized
in multiple categories, such as Environment and Transportation. Many datasets are directly
served based on sensor networks:

• An electromagnetic loop system having 135 measurement points is installed to count
the number of bicyclists across the city.

https://valencia.opendatasoft.com/pages/home/
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• Hybrid and electric buses are monitored with sensors to detect power consumption
and passenger comfort.

• The data collected by noise sensors from multiple streets is published daily.
• The Universitat Politècnica de València (UPV) used Witeklab sensors in a study to

evaluate the impact of tourism in the historic center of Valencia [15].

Focusing on transport data, various navigation applications serve live data on the
arrival and departure times of the available public transport routes, such as trams, buses,
trolleybuses, etc. These systems mainly implement the General Transit Feed Specification
(GTFS) format to provide static (planned) timetables that can change due to various disrup-
tions and circumstances. Thus, up to three GTFS Real-Time (GTFS-RT) feeds can be used to
provide live GPS positions of vehicles, updated arrival and departure times, and service
alerts [16].

In addition to public transportation, public BSSs are becoming increasingly widespread
across the globe. These systems provide users with enhanced support to streamline the
bike rental process. The General Bikeshare Feed Specification (GBFS) [17] serves as the
foundation for standardized data flow; however, different service providers often offer their
own APIs to facilitate research and development. For instance, Valencia’s Valenbisi service,
managed by JCDecaux, offers a custom API and complies with the GBFS specification.
Users can access information about available bikes at each station, including their unique
IDs, and they have the ability to read or submit reviews directly on the bike-sharing
device itself.

Similar to Valenbisi, the bike-sharing system in Budapest, called Bubi, offers similar
endpoints as part of the BKK OpenData Portal (accessed on 2 July 2025). Users can also
end their trips at any non-station location, albeit for an additional fee. Other users can then
pick up these available bikes. The identifiers and locations of these bicycles can be accessed,
and they are also displayed on the BudapestGO (accessed on 2 July 2025) application.

Emerging technologies have also enhanced public transport use in recent decades.
For example, Frankfurt Airport offers Bluetooth-based navigation for its passengers in
terminal buildings, since GPS-based navigation is inaccurate for indoor navigation, due
to the building structure [18,19]. The Public Transport Company of Debrecen Hungary
(DKV) has also established an innovative ticket-validating system on its vehicles, based on
Bluetooth technology [20].

Live tracker applications are not exclusive for land: the popular Flightradar24 (ac-
cessed on 2 July 2025) and Vesselfinder (accessed on 2 July 2025) applications provide live
tracking for flights and cruises. The Flightradar24 application uses ADBS-B receivers that
volunteer users can operate [21].

1.3. Workflow for Analyzing BSSs

This paper aims to present a city-independent workflow that is applicable for perform-
ing various analyses on the station data of BSSs. The workflow consists of three stages:

1. Collecting data: First, the open data must be collected from the service providers’ API
in the available format, using a chosen sampling period.

2. Pre-processing data: Second, the static and dynamic features of the data must be
identified and yielded to optimize the representation of the data and to choose a
suitable compressed format. The data can be partitioned to cover shorter periods,
such as weekly or monthly usages. In parallel, noises such as temporary-operated
or dummy stations must be removed from the dataset, while the service data can
be extended by other features, such as weather and geospatial information, that can
affect the usage of the service.

https://opendata.bkk.hu/home
https://go.bkk.hu
https://www.flightradar24.com
https://www.vesselfinder.com/
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3. Analyzing data: Based on the actual research goal, a multidisciplinary analysis can
be performed on the pre-processed data. For example, the usage of stations can be
predicted using stochastic or statistical models, as well as data-mining methods.

To serve as a proof of concept, our research aimed to examine bike stations from two
different approaches: first, based on their daily usage, and second, considering the facilities
available in their surroundings. Grouping the data according to these two approaches,
we sought to answer the following: what relationship could be found between the results;
specifically, how similarly could the individual stations be classified and what correlation
existed between the usage of the stations and their installation locations? Cluster analysis
was applied for data processing and classification into categories within this framework.
Our results highlight that analyzing the stations’ environment is advisable before installing
future stations. After storing both the static and dynamical features of the stations, cluster
analysis was used in two different approaches:

1. The stations were clustered based on their hourly usage data to detect patterns.
2. The stations were clustered based on their vicinity’s geospatial data.

As per our expectation, the outputs of the two clusterings produced similar clusters,
since the usage of a station depends on the location; neighborhoods and busy areas—having
educational facilities, commercial buildings, etc.—must have different features according
to the daily mobility of the people.

1.4. Structure of the Paper

This paper presents the design and implementation experience of the proposed work-
flow, in the form of a Python 3.12 package that implemented all the stages:

1. Data was collected from the JCDecaux developer website representing the usage data
of the Valenbisi system’s stations.

2. The raw dataset collected from the JCDecaux developer website was filtered,
and geospatial features were retrieved from OpenStreetMap (OSM). For the anal-
ysis of the stations’ surroundings, OSM data was classified into 10 major groups based
on different attributes. Based on the groups created, the number of facilities within a
200 m radius of the stations was determined according to the categories, using the
OverPass API (accessed on 2 July 2025).

3. Experimental analysis was performed on the dataset:

(a) We performed a cluster analysis of the stations’ daily usage and their envi-
ronments, using the k-means method. We analyzed the results of clustering
performed under various pre-processing steps, and the uses of various k values
were compared using the Silhouette Coefficient (SE). The cluster analysis was
carried out on the two datasets to select the most suitable method.

(b) We compared the clustering results, using the Rand Index (RI). This allowed us
to answer the research question of whether there was a correlation between
the usage of the stations and their installation locations.

(c) We present the visualization-driven analysis of the clusters and all the rele-
vant pieces of information in the form of an interactive Tableau Dashboard,
developed on the Tableau platform.

2. Materials and Methods
2.1. Service Data of Stations

The raw dataset was obtained from the REST API of the company JCDecaux (Paris,
France) [6] between August 2023 and April 2024. During this period, the data and real-
time occupancy of each station were sampled at a frequency of 60 s. Due to the nature of

https://overpass-api.de
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the data, the JSON responses contained many redundant, frequent character sequences;
therefore, the 7z format was chosen as an efficient, compressed storage method. The dataset
was partitioned by months, resulting in twelve individual archives. The data collection
was performed on a self-hosted virtual machine, so the continuity of sampling depended
on both the availability of the API and the local infrastructure. Apart from sampling
errors, 1440 JSON files were generated daily; Figure 1 shows that this method resulted in
acceptable sampling reliability.

Figure 1. Histogram of missing samples over the period: 175 out of 189 days had at most 50 missing
samples; in other words, 92.5% of the days could be tracked with more than 96% of availability.

Both static and dynamic features were available for each station. Static features do not
change over time and contain predefined information, such as the station’s name, identifier,
address, or GPS coordinates. However, dynamic features are continuously updated or
modified and can take on different values in each response, requiring ongoing sampling.
In the case of bicycle stations, such data includes the number of available docks and bicycles
or the timestamp of the last update; thus, it is possible that the state of a station is retrained
in the consecutive queries. By separating these two subsets of features, the data volume
can be reduced significantly, and data processing can be optimized by storing the static
features standalone and excluding them from the handling of dynamic features.

Verifying whether the stations are physically operational is advisable, as some may
serve as test locations and may not exist in the real world. In the investigated period,
the station with identifier 300 was identified, which is used exclusively for testing; this can
be derived from its name (TEST VAL) or from its coordinates, which do not correspond
to a location within Valencia. After filtering out potential test stations as noise, the CSV
format was selected for the representation of the pre-processed static features, supporting
the optimal processing as DataFrame objects in our Python codebase [22].

Another filtering step was performed on the dynamic features, since storing the origi-
nally included static information for every single record was redundant. The occupancy
of the stations could be represented by the number of available bicycles and the number
of free docks. Since the total number of docks was already saved separately in the static
features’ file, it was sufficient to retain only one of the two aforementioned metrics; the
other could be derived using the static number of docks. Due to the future clustering stage,
it is advisable to work with normalized values to ensure station size does not influence the
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process; thus, the ratio of available bicycles was calculated using the number of available
bikes and the total number of docks. During filtering, each station was associated with the
proportion of available bikes and the timestamp of the last update, while other attributes
were removed.

The filtering was carried out by excluding stations that were test stations or had
zero docks. Each station was also assigned a status attribute, which indicated whether the
station was currently operational. If only operational stations within a given time period
are to be analyzed, this condition can be included as an additional filter in the function.
Several approaches were tested for processing the compressed folders:

1. The most straightforward solution extracts the compressed dataset before applying
the filtering function. The downside of this approach is that it generates unnecessary
temporary files, and a single month’s data can take up about 30 GB of storage. These
files should be deleted after filtering and writing the results to CSV.

2. The second approach uses the SevenZipFile class from the py7zr module, which
allows reading and filtering the contents of compressed folders without extracting
them. This method optimizes disk space usage, but—based on our experience—takes
longer to process and filter compared to the first solution.

3. The third version aims to improve the non-extraction approach using the Pool class
from the multiprocessing module, enabling parallel processing. However, this
solution does not significantly speed up processing compared to the single-threaded
version, primarily due to limitations imposed by Python’s Global Interpreter Lock
(GIL) [23].

Based on our experience, the first method—extracting the compressed folders—was
chosen for the implementation. However, memory-based buffering techniques, other
ZIP formats, or database models can be tested. Before dumping the results to CSV files,
an additional filtering step is recommended, considering the timestamp of the last update.
Since station data is usually updated less frequently than once per minute, managing these
values can further reduce storage and memory requirements and speed up later analyses.
One way to do this is to save unique (number, last_update) pairs, avoiding redundant
entries. After filtering and exporting more than eight months of data, the total storage size
was reduced to just 430 MB.

2.2. Geospatial Data of Stations

In the analysis of the stations’ surroundings, our goal was to determine the types and
number of facilities located within a 200 m radius of each station. Different stations may
serve different purposes depending on the types of facilities and objects located nearby [24].
The OpenStreetMap (accessed on 2 July 2025) database served as an excellent resource for
this phase of the research, as it provides detailed geographic data on the locations and
characteristics of various facilities. With geospatial features, not only can the exact location
of individual facilities be determined, but their categorization is also possible. The database
consists of three main map elements:

• Nodes represent a single geographic location, defined by latitude and longitude coordi-
nates and a unique identifier.

• Ways are linear elements made up of multiple nodes. These can be opened (e.g., roads)
or closed to form complex shapes (e.g., parks).

• Relations are structured collections of nodes, ways, or even other relations, allowing
for logical or geographic relationships to be established between various objects.

Additionally, tags play a crucial role in interpreting other elements as providing
metadata. Tags consist of key–value pairs and can describe features such as function,

https://www.openstreetmap.org/
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category, or other characteristics. Figure 2 shows the difference between the three map
element types.

The classification of objects located in the vicinity of the bike stations can be carried
out using the tags associated with map elements. OpenStreetMap provides extensive
documentation, in which the tags associated with elements are listed as key–value pairs
along with short descriptions [25]. This documentation offers guidance for OpenStreetMap
users on how to correctly label map elements, and during this research it served as a
basis for categorizing map element tags. Ten main categories were defined, which were
as follows: Shopping and services; Healthcare; Food and drink; Entertainment, arts, and culture;
Education; Sports and wellness; Outdoors; Tourism; Transportation; and Office and administrative.

Figure 2. OpenStreetMap has three main map elements: Nodes, Ways, and Relations.

During the categorization of objects, the values associated with the amenity key were
primarily considered, as they denoted locations and facilities specifically valuable for the
community or the general public. The values of the leisure key were also frequently used,
referring to locations related to recreation or leisure activities, often situated in outdoor
areas. There were also keys for which specifying key–value pairs was not necessary, since
the key itself allowed for unambiguous classification of objects. For example, the shop key
could be classified entirely under the category Shopping and services, so referencing only the
key name was sufficient. Similarly, the Healthcare category corresponded to the healthcare
key, and Tourism corresponded to the tourism key.

After each tag’s key and any associated key–value pair were assigned to the categories
that had been defined, their number of occurrences (frequency) was counted. This step was
carried out using the Overpass API v0.7.61 (accessed on 2 July 2025) tool.

2.3. Analyzing Dataset

Numerous algorithms have been developed for cluster analysis; in this paper, the
k-means method was applied, in which a predefined number of clusters is created [26,27].
Euclidean distance was used for assigning points to their nearest centroid. The accuracy of
the algorithm is significantly affected by the selection of initial centroids, as varying results
can be produced when centroids are selected randomly. Another algorithm, the bisecting
k-means method, was also examined. In this approach, all data points are initially placed
into a single cluster, and the k-means procedure is repeatedly applied to identify additional
clusters until the desired number of clusters is reached [28]. This method is considered
a divisive hierarchical clustering technique, as the process begins with one cluster and
then repeatedly splits it into two. The use of the k-means method is considered ideal when
clusters are similar in size and density, the data is low-dimensional, and the presence of
outliers is minimal. A possible method for dimensionality reduction is Principal Component
Analysis (PCA), which is intended to create a new set of dimensions that preserve most of
the data’s variability. During PCA, the data is transformed to have zero mean. The new

https://overpass-turbo.eu/
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attributes are formed as linear combinations of the original ones, they are orthogonal to each
other, and they are constructed to maximize the variance expressed in the dataset. To handle
potential outliers, various pre-processing methods can be applied prior to clustering. In this
paper, three pre-processing techniques were applied both individually and in combination
to evaluate their impact on the clustering results.

To evaluate the clustering results, the SE was used, which measures both the internal
cohesion of clusters and their separation. The overall quality of the clustering could be
assessed by averaging the Silhouette Coefficients of all points [29]. To determine the optimal
number of clusters, i.e., the value of k, techniques such as the Elbow Method (EM) could be
used. This method identifies the optimal number of clusters at the point where increasing
k further no longer significantly improves the result based on the Sum of Squared Errors
(SSE) [30].

2.3.1. Clustering Stations by Their Usage

The data of the stations was saved into nine separate CSV files during the filtering pro-
cess. For clustering, the files were read into memory, merged, and either the average or the
median of their features was calculated, based on a selected sampling method. For practical
reasons, an hourly sampling method was selected, and the median of the corresponding
values was used. Moreover, additional filtering was applied to remove records containing
null values, as such records would cause errors during the clustering process.

Using the aggregated features of the stations, clustering was performed based on the
first analytical approach, in which the data was categorized according to daily usage levels.
Since the k-means algorithm is sensitive to outliers, it is advisable for such values to be
identified beforehand. This can be done through boxplot-based visualization, by which the
medians, spreads, and any potential outliers of the features can be observed. As shown in
the boxplot of Figure 3, outliers were present in only one variable; however, the distribu-
tions and median values of the variables differed, making it advisable for the previously
mentioned pre-processing steps to be applied.

Figure 3. The hourly usage of stations. Only the entry of 10 AM contains outliers (marked by a single
circle); however, the usage of stations visibly differed, serving as a base for further analysis.

We tested different pre-processing steps by executing the clustering methods on four
different inputs:

1. Using the raw features without additional pre-processing;
2. Using the scaled features without additional pre-processing;
3. Using the dimension-reduced features;
4. Using the scaled features, applying dimension reduction, too.

Clustering was performed ten times for each version, and in each iteration the SE
was calculated. Subsequently, the median and average values were also computed. Using
the dataset on daily usage of the docking stations, several clusterings were carried out,
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after which the results were saved and compared, in order to select the optimal number of
clusters, the pre-processing step, and the clustering methods. The k-means and bisecting
k-means methods were executed for two, three, and four clusters. The individual results
are shown in Tables 1 and 2.

Table 1. Averages and medians of the SE for the k-means method, using k = 2, k = 3, and k = 4.

Method k = 2 k = 3 k = 4

Scaling PCA Average Median Average Median Average Median

no no 0.4619 0.4610 0.3358 0.3335 0.2680 0.2678
yes no 0.4429 0.4429 0.3454 0.3385 0.2820 0.2818
no yes 0.5102 0.5091 0.3912 0.3927 0.3365 0.3365
yes yes 0.4936 0.4936 0.4252 0.4258 0.3593 0.3582

Table 2. Averages and medians of the SE for the bisecting k-means method, using k = 2, k = 3,
and k = 4.

Method k = 2 k = 3 k = 4

Scaling PCA Average Median Average Median Average Median

no no 0.4622 0.4610 0.3415 0.3410 0.3069 0.3033
yes no 0.4429 0.4429 0.3261 0.3164 0.3058 0.3138
no yes 0.5112 0.5121 0.4084 0.4057 0.3889 0.3867
yes yes 0.4936 0.4936 0.3838 0.3781 0.3792 0.3932

The best SE was achieved using k-means clustering with k = 2, applying only PCA
as a pre-processing step. Using the dimensionality reduction function, it was possible to
determine what percentage of the variance was explained by the selected principal compo-
nents. The first two principal components explained 91.49% of the variance, indicating that
a significant portion of the dataset could be well represented using these two dimensions,
while preserving the most important information content. Based on this result, clustering
was performed on the daily usage dataset. The created clusters could be visualized based
on the two principal components, as Figure 4 shows. However, it is important to consider
the limitations of the SE, as it may produce misleading results when clusters do not follow
regular shapes [31]. Therefore, the optimal number of clusters was also determined using
the EM on the dataset pre-processed with Principal Component Analysis. As shown in
Figure 5, creating four clusters instead of two was more appropriate, as it resulted in a
further reduction of the SSE value.

2.3.2. Clustering Stations by Their Environment

According to the second clustering approach, using the dataset categorized by Open-
StreetMap tags, the storage locations could be grouped based on the number of objects
belonging to each category. The relationships between the different categories were ex-
amined using correlation analysis, and the results were visualized in a heatmap. Figure 6
illustrates the correlations between the categories, where lighter colors indicate positive
correlations, while darker colors denote negative correlations. For example, there is a
strong positive correlation between the Food and drink and Shopping and services categories.
This suggests that locations categorized under Shopping and services are often found in areas
where many Food and drink objects are also present, indicating a close spatial relationship
between these categories.
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Figure 4. Visualization of the clusters according to the two principal components. Cluster centroids
are marked with black circles; data points are marked with plus signs.

Figure 5. Visualization of the EM’s output.

Figure 6. Correlations between the ten different categories. Categories such as Tourism and Of-
fice/administration have visible correlation with other categories; however, other categories, such as
Education and Sport, do not have this feature.
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Figure 7 shows that the dataset contains many outliers; these features were also
addressed using the previously mentioned pre-processing steps. During the first clustering
experiment, the best result was achieved by classifying the stations into four clusters.
Therefore, k = 4 was used again during the second approach. The pre-processing step was
selected based on the most effective handling of outliers. The effects of the individual
transformations were visualized using boxplots, shown in Figures 8–10.

Figure 7. Frequency (count) of categorized facilities located around the stations.

Figure 8. Frequency (count) of categorized facilities found in the vicinity of the stations after applying
the scaling pre-processing method.

Figure 9. Frequency (count) of categorized facilities found in the vicinity of the stations after applying
PCA. The first two principal components explain 80.26% of the variance.

Despite applying different transformations, no significant decrease in the number
of outliers was observed; therefore, a logarithmic transformation was performed on the
original dataset. Figure 11 shows the boxplot after the logarithmic transformation of the
original data, clearly illustrating the reduction in the number of outliers. The previously
examined pre-processing steps were also performed on the logarithmically transformed
dataset. The results from these are visualized by the boxplots shown in Figures 12–14.
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Figure 10. Frequency (count) of categorized facilities found in the vicinity of the stations after
applying PCA and scaling. The first two principal components explain 69.58% of the variance.

Figure 11. Frequency (count) of categorized facilities found in the vicinity of the stations after
applying logarithmic transformation.

Figure 12. Frequency (count) of categorized facilities found in the vicinity of the stations after
applying scaling on the logarithmically transformed dataset.

Figure 13. Frequency (count) of categorized facilities found in the vicinity of the stations after
applying PCA on the logarithmically transformed dataset. The first two principal components
explain 60.82% of the variance.
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Figure 14. Frequency (count) of categorized facilities found in the vicinity of the stations after applying
PCA and scaling on the logarithmically transformed dataset. The first two principal components
explain 54.02% of the variance.

3. Results and Discussion
To compare the clustering results, the RI was applied, which can determine the degree

of similarity between two different clusterings by examining data points in pairs and is used
to show how much they agree in the two clusterings; that is, to what extent they belong
to the same or different clusters. The algorithm also takes into account the agreement of
clusters with different values but similar structure [32]. According to the RI, nearly 62%
agreement was observed between the results of the two different clustering approaches.

To better understand the relationships, a visualization-driven analysis was performed.
The stations were plotted on a map, where each point represents a station, colored differ-
ently according to clusters. By comparing Figures 15 and 16, it can be observed that the
downtown stations were clearly grouped together, and the categorization of the stations
along the coastline was also matched.

Figure 15. Clusters of stations based on their daily usage. Based on the background information about
Valencia, downtown and university-related stations belong to the red cluster, while neighborhoods
belong to the remaining blue, green, and orange clusters.
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Figure 16. Clusters of stations based on their geospatial information. Similar to the first approach,
the downtown area forms a clearly visible cluster; however, other clusters are noisier, based on the
available geospatial information.

By creating a Tableau Dashboard, the results of the two clusterings can be compared on
a single map, the environment of the stations can be analyzed and the daily variation in the
proportion of available bicycles can be observed by cluster on a line chart (see Figure 17)
that shows the median rate of available bikes per cluster during a day. With the help of the
line chart and the coloring of the map, it is clearly visible why the stations were grouped
separately when clustering the dataset according to their daily usage. In the environment
of the stations marked in red, a large number of offices and educational institutions can
typically be observed. As can also be seen on the line chart, in the stations belonging to this
group the proportion of available bicycles increased with the start of education or working
hours, due to the arriving people. However, at the end of the working day or teaching
period, this proportion decreased as many people traveled home. For the stations marked
in orange, the opposite process occurred: here, the proportion of available bicycles started
off very high at night, decreased in the morning and during the day, and then began to rise
again in the second half of the day. For the stations belonging to the groups marked in blue
and green, a similar fluctuation can be observed as in the orange-marked stations; however,
the magnitude of the fluctuation was significantly lower, and these stations were grouped
separately, mainly due to the level of the proportion.

Using the filter Clustering result, the points on the map can be colored according to the
selected result. Technically, this is created as a parameter, and the selected value is then
used in the formula of a calculated field. The individual points are colored by the calculated
field based on the clustering result chosen in the parameter. For a more detailed analysis of
the dataset, additional information is made accessible through every visualization. When
the mouse is hovered over different elements, a tooltip containing additional details and
comments related to the given element appears. By clicking on a selected storage location,
the proportion of available bicycles for that location is shown in the line chart on the right,
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and the visualization below it displays the number of facilities in the vicinity of the storage
location by category.

Figure 17. The line chart shows the ratio of available bicycles during a workday. The green and blue
clusters can be considered constant, but the orange and red clusters predict a huge number of trips
between the corresponding neighborhoods and downtown areas.

On the Play card, clicking the right-pointing arrow starts an animation that displays
the change in the proportion of available bicycles on the map throughout the day with
a ten-minute resolution. Extracting the hour and the ten-minute time intervals can be
achieved by creating a calculated column.

The dashboard is publicly accessible on the Tableau Public (accessed on 2 July 2025)
platform, allowing for visual exploration of the data.

4. Conclusions
In this paper, a general workflow is presented, which aims to support the multidisci-

plinary analysis of bike-sharing systems. The study was carried out using the open data
of the Valenbisi BSS, consumed from the service provider JCDecaux company’s API. We
used visualization-driven analysis on the generated clusters for performing exploratory
data analysis.

As part of the process, data-mining solutions were applied, with a particular em-
phasis on cluster analysis. The aim of the research was to cluster our data based on the
environmental characteristics of the stations and their daily usage patterns, enabling the
examination of overlaps between their usage and the buildings and facilities located around
them. The workflow was implemented as a Python package, using the scikit-learn li-
brary. The geospatial data of the stations’ environments played an important role during
the analysis; thus, the geospatial features from the OpenStreetMap database were yielded
and processed the tags using the OverPass API.

The clustering allowed for the evaluation and comparison of the clustering results
based on the different pre-processing steps and selected numbers of clusters. This could be
applied to any other clustering task, helping to determine the most optimal pre-processing
step and number of clusters for the k-means or bisecting k-means methods. Clustering
performed according to the daily usage and environmental characteristics of the stations
was compared for different numbers of clusters. When classifying the stations into four

https://public.tableau.com/app/profile/aron.magura/viz/ClusteranalysisresultsoftheValenbisibike-sharingsystem/Valenbisi
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clusters, nearly 62% agreement was found between the clustering results based on the
two datasets. Almost all downtown stations were placed in the same group in both cases,
and agreement was also found for the coastal stations.

We made the data visually explorable for anyone using a Tableau Dashboard. After the
visual analysis of the clustering results based on hourly usage, it can be stated that the
stations belonging to the four created categories had different usage patterns. One category,
typically containing stations located near educational institutions and workplaces, had a
low ratio of available bikes at night, which then started to increase in the morning and began
to decrease in the afternoon. The other category worked in the opposite way: the ratio of
available bikes decreased during the day and increased again in the evening. The other
two categories did not show such fluctuations, but the bike ratios were well separated from
each other.

The presented workflow was validated using Valencia’s data; however, data from any
other bike-sharing system could also have been analyzed, since all the stages of the method
are generic and city-independent.
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