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Abstract: The objective of this research is to identify the main characteristics and geographical distribution of bus stops,
associated with collective public transport systems, through data analysis techniques that can identify clustering patterns
based on various characteristics of the stops, such as geographical location, passenger flow, service demand, land use, etc.
number of routes available, slope of the road, signage, among other relevant factors. The main result of this study is that the
current layout of the stops is distributed according to the main characteristics of their environment, allowing us to conclude
that the grouping of transport stops facilitates the interpretation of the location and operability of the stops, thus allowing to
improve decision-making in the implementation of stops, guaranteeing an adequate operation of the service without
compromising coverage and travel time of users.
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INTRODUCTION

The operation of transport systems is closely linked to the layout and operation of bus stops, which serve as modal
interchange points and access points to the system for users; Whereas, an adequate location of bus stops allows an
operational balance between the distance that a user must travel on foot and the cost in time for the vehicle to perform
boarding and disembarking maneuvers of passengers in very close segments. In this sense, understanding the operation and
characteristics of each bus stop allows for an adequate structuring of the location and area of influence of the stop, ensuring
that users who use the stop have an adequate infrastructure and maximize the use of the transport system.

Not only do these stops serve the basic function of being embarkation and disembarkation points, but they also play a
crucial role in creating an accessible, safe and comfortable environment for public transport users. Therefore, well-designed
bus stops are critical to optimizing urban mobility and improving the user experience; From the strategic choice of location
to the physical infrastructure and information provided, the academic literature has extensively explored the importance of
bus stops and their impact on urban mobility. Previous research has examined topics such as inclusive design for people
with disabilities (Burton and Mitchell, 2006), the influence of the location of Transit Hubs on an intermodal network (Yuan
and Yu, (2018)); however, there are no significant valuations related to coverage, focusing only on the area of action,
which is based on radial structures of between 250 and 400 meters (Furth and Rahbee, 2000; Ibeas, 2010), leaving aside the
surrounding dynamics and behaviors of the vehicular flow, thus generating some problems related to the variation of costs,
behavior and perception of users, among others (Gibson et al., 1989; Giannopoulos, 1990; Ibeas et al., 2010).

On the other hand, with respect to data analysis, there are some evaluations related to clustering and analysis in
transport issues; These approaches have facilitated a deeper understanding of mobility patterns (Cats, 2023; Strémblad,
2024), enabling the optimisation of efficiency in services and improving decision-making in the field of public transport.
Some of these analyses focus on urban mobility, in order to identify behavior patterns in public transport users, using
clustering algorithms to segment users into categories according to their route and schedule preferences, thus contributing
to more effective transport planning (de Ofa et al., 2014); Another type of analysis involved the evaluation of data in real
time to improve the operation, combining data analysis with clustering techniques to improve resource allocation and
operational management in public transport systems (Lin et al., 2013). Likewise, route and frequency optimization
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assessments have been developed, using clustering models to segment public transport demands and design more efficient
routes and schedules Shima et al. (2021). This background illustrates how the application of clustering models and data
analysis has been fundamental to advance in the understanding and optimization of public transport, however, no analyses
related to bus stops are identified, thus leaving a significant gap to be addressed, with great impact today.

For this reason, the present study proposes to carry out an analysis of the grouping of bus stops in urban collective
public transport systems, based on clustering statistical models, using the set of stops in Manizales, Colombia, as a basis.

Manizales, the capital of the department of Caldas in Colombia, is strategically located in the central Andes mountain
range, at an altitude of around 2,150 meters above sea level. Its mountainous landscape, surrounded by valleys and
mountains, distinguishes it as one of the highest and most picturesque cities in the country. Nicknamed the "City of Open
Doors," Manizales is characterized by its colonial charm, steep streets, and a lively cultural scene. In addition to being a
prominent educational center with various university institutions, the city is famous for its connection to the coffee industry
and its contribution to Colombia's coffee cultural heritage. It has an urban collective public transport system consisting of
901 buses and minibuses, 2 overhead cable lines and a total of 1,214 stops (Alcaldia de Manziales, 2017) to serve a
population of 434,006 inhabitants (DANE, 2023) in its urban area (Figure 1). The operation of the system focuses on three
main corridors: Santander Aveneu, Paralela Aveneu and Kevin Angel Aveneu, which support more than 90% of the available
routes (62 in total). This means that traffic flow issues in any of these corridors have a significant impact on the overall
functioning of the system; On average, the routes in operation cover distances ranging from 25 to 27 kilometers per trip.
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F}gure 1. Geographical location of the study area (Source: authors)

METHODOLOGY

The methodological structure used consists of 5 consecutive steps, which are described below.

Phase 1. Collection of Information. As a first methodological phase, we proceed to collect the basic information
associated with the set of bus stops of the collective public transport system of Manizales. Within this information base,
1214 stops are contemplated, on which data are collected from 53 variables, product of field inventory and desktop
assessment, including characteristics related to the urban collective public transport system (TPCU), the direct
functionality of the stop, population covered, road safety, network, land uses and urban facilities. Figure 2 shows the
variables considered in the collection of information.

Phase 2. Validation of information and structuring of data for modeling. Once the information on all the stops in the
city has been collected, the existence of the stops is validated, as well as the information collected, in order to identify
possible inconsistencies and non-representative parameters for the classification. In this order of ideas, a total of 1061
bus stops are obtained, existing in the city, and a total of 49 variables, with non-redundant information, which can be
used within the model. Next, the data associated with the continuous variables are normalized, thus allowing the original
values to be adjusted to a specific range 0-1, which allows the elimination of different rating scales, improving the
convergence of the algorithm, as well as improving the interpretation and analysis of the results.

Phase 3. Quantification of groups. After validating the information, as well as normalizing the data, we proceed to
evaluate and estimate the number of groups for the execution of the clustering algorithm; For the process, 2 verification
mechanisms are used, as a first assessment we have the elbow method used to identify the optimal number of groups in a
data set. The idea behind this method is to observe how the sum of intra-cluster squares varies as a function of the number
of clusters (Shi, 2021). The sum of intra-cluster squares measures the dispersion of points within each cluster. The second
method of verification is the silhouette method, considered as a measure of how similar an object is to its own cluster
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(cohesion) compared to other clusters (separation) (Rousseeuw, 1987). Figures 3 and 4 show the evaluations obtained for
the dataset using the 2 methods, identifying that the optimal number of groups for classification is 4.
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Phase 4. Clustering. Once the normalization, characterization and definition of the optimal number of groups for
classification have been carried out, the k-prototypes algorithm is used as a grouping mechanism. The K-Prototypes
clustering method, an extension of the K-Means algorithm, is used to group data with numerical and categorical variables;
By combining numerical centroids and categorical examples, this method, proposed by Z. Huang in 1997, Used in various
types of analysis (Szepannek et al., 2024; Wei, 2024), facilitates grouping into mixed data sets, assigning prototypes that
represent the diversity of features, allowing a more complete analysis of heterogeneous data (Huang, 1997).
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Phase 5. Cluster spatialization. As a final methodological phase, we proceed to specialize the Bus Stop classified by
means of geographic information systems, in order to identify and analyze spatial patterns in the current arrangement of the
stops. EsRi's ArcMap software is used as a digitization tool.

from sklearn.preprocessing import MinMaxScaler

# Calculate the cost for a given number of clusters
def calculate_cost(kproto, X):

cost = kproto.cost_

return cost

# ElLbow algorithm with data nmormalization
def elbow_algorithm(X, categorical features_idx, max_clusters):
cost = []

for num_clusters in range(l, max_clusters+l):

kproto = KPrototypes{n_clusters=num_clusters, verbose=2, max_iter=28)
kproto.fit(X, categorical=categorical features_idx)
cost.append(calculate_cost(kproto, X))

# Plot the cost against the number of clusters
plt.plot(range(l, max_clusters+l), cost)
plt.xlabel( Humber of Clusters”)

plt.ylabel( 'Cost')

plt.title( Elbow Method')

plt.show()

Figure 5. Base algorithm used (Source: authors)
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Figure 7. Mode of Categorical Variables Assessed by Classification Group (Source: authors)

RESULTS AND DISCUSSION
As a result of the grouping of the stops using the Kprototypes method, a total of 4 classes are obtained, from the
inventoried information, with a general balance of 208 stops associated with cluster 0, 210 associated with cluster 1, 328
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stops in cluster 2 and 315 for cluster 3. As a general estimate, there is a significant balance between clusters, with a
difference of up to 110 stops in the identified maximum and minimum groupings. Regarding the characteristics
identified, we have Figures 6 and 7, in which the mean ratings obtained for the numerical variables and the modes
identified in the categorical variables are appreciated. With this information, it is possible to identify that the stops
associated with cluster number 1 mainly relate those stops with the existence of physical infrastructure and signaling in
their vicinity, which in turn, have a greater availability of equipment in their immediate environment, as well as greater
operational characteristics of the road network in which they are located. such as speed, vehicle volume and availability
of transport routes, this being a characteristic of stops located in main corridors of the city. In this order of ideas, this
grouping refers to stops of great importance and of greater use within the system.

Regarding cluster 0, it is possible to identify that it corresponds to the group of stops with less availability of physical
infrastructure, as well as fewer facilities and users covered in the surrounding area, this behavior could refer to stops
distributed in an environment of lower demand, such as peripheral areas or access to the city. as well as interurban
corridors that connect population centers or areas of greater activity. On the part of cluster 2, some characteristics related to
the greater amount of population covered in the nearby area and the lower availability of facilities are identified; Likewise,
a lack of physical infrastructure is identified, and less vehicular volume in the operational areas, these assessments could
refer to types of stops in residential areas of the city, in which there is a greater population served, but preserving the
characteristics of a collector or local road, in which the volumes are low and the proportion of public transport can be higher.

Finally, cluster number 3 relates a high population coverage, as well as an adequate provision of educational
facilities in the surrounding area, and moderate existence of other types of facilities; Likewise, it refers to the existence
and good condition of physical infrastructure, in addition to a high attraction of trips for a low operational speed; This
could be inferred from a group of operational stops in educational and residential environments within the city. Finally,
Figure 8 is presented, in which the spatial distribution of the stops is appreciated, according to the group to which they
belong, it is possible to identify that the valuations referred to by the model show great agreement with the current urban
structure of the city, in which case the stops of cluster 1 are located on main corridors. cluster 0 is located in external
areas and inter-neighbourhood corridors; The bus stops associated with type 2 are mainly located in residential areas and
finally the bus stops associated with type 3 are located in areas of residential concentration, with some strips of
particular interest within the city.
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Figure 8. Spatial Distribution of Stops by Classification Group (Source: authors)

CONCLUSION

As conclusions of the evaluation carried out, we can say that the current layout of the collective public transport
stops of the city of Manizales has a grouping of characteristics of the existing infrastructure, as well as the conditions of
population coverage and surrounding equipment, which allows to identify the basic patterns for the implementation and
characterization of new bus stops. On the other hand, the identified evaluations show that, despite having a large number
of variables for the grouping of stops, it is not representative to use all of them since it is possible to analyze and group
from some variables with the greatest impact on the process.
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Finally, it is possible to appreciate how the valuation by classification allows to expand the knowledge related to the
analysis of public transport stops, which have not been explored in recent years.
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