
Received: 28 March 2025

Revised: 24 April 2025

Accepted: 25 April 2025

Published: 1 May 2025

Citation: Fernández-Lobo, A.;

Benavente, J.; Monzon, A. Dynamic

Management Tool for Improving

Passenger Experience at Transport

Interchanges. Future Transp. 2025, 5,

59. https://doi.org/10.3390/

futuretransp5020059

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Dynamic Management Tool for Improving Passenger Experience
at Transport Interchanges
Allison Fernández-Lobo 1,* , Juan Benavente 1,2 and Andres Monzon 1

1 TRANSyT—Transport Research Centre, Universidad Politécnica de Madrid, c/Profesor Aranguren s/n,
Ciudad Universitaria, 28040 Madrid, Spain; juan.benavente@upm.es (J.B.); andres.monzon@upm.es (A.M.)

2 SUM+LAB Research Group, Universidad de Cantabria, 39005 Santander, Spain
* Correspondence: allison.fernandez@upm.es; Tel.: +34-910674231

Abstract: This study proposes a methodology that integrates real-time data and predictive
modeling to identify the passenger flow and occupancy levels within a multimodal trans-
port hub. This tool enables the implementation of control and planning strategies to ensure
a high Level of Service (LOS). The tool is based on a Long Short-Term Memory (LSTM)
model and heterogeneous data sources, including an Automatic Passenger Counting (APC)
system, which are utilized to estimate the real-time passenger flow and area occupancy.
The Module A of the Moncloa Interchange in Madrid is the case study, and the results
reveal that transport-dedicated zones have higher occupancy levels. Methodologically,
time series data were standardized to a uniform frequency to ensure consistency, and the
training set consisted of seven months of available data. The model performs better in
high-occupancy zones. Despite maintaining a LOS A, some periods experience temporary
congestion. These findings indicate that the variations in occupancy levels influence the
service quality and highlight the essential role of dynamic interchange management. Tai-
lored operational strategies can optimize the service levels and improve the user experience
by anticipating congestion through predictive modeling. This can help enhance public
transport’s attractiveness, minimize the perceived transfer penalties, make transfers more
efficient, and reinforce transport hubs’ role in sustainable urban mobility.

Keywords: multimodal transport hub; real-time passenger flow; area occupancy; conges-
tion prediction; level of service; public transport; dynamic interchange management

1. Introduction
Transport interchanges operate as a highly dynamic and complex system, serving

dual functionality as both transport nodes and places with a significant socio-economic
impact on their urban surroundings. The key role of these stations within the mobility
network is evidenced by the high proportion of multimodal journeys recorded in various
cities worldwide. Many examples can be mentioned: In the United Kingdom, 50% of public
transport trips (30% in London) involve more than one mode of transport, implying at least
one transfer [1]. Similarly, in the Paris metropolitan region, this figure reaches 36.9% of the
total trips [2]. In Nanjing, one of the most populous megacities in East China, nearly 60%
of public transport journeys in the city require an intermodal transfer [3]. In Barcelona, the
intermodality index for the overall system is close to 20% [4]. Specifically in subway systems,
the prevalence of transfers further highlights the significance of interchange stations: in
Seoul, 59% of passengers make transfers between subway lines [5]; in Singapore, up to
40% of users in the selected case study station perform two or more transfer operations [6];
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and in Madrid, where 55% of trips are made using public transport, the city’s main metro
interchange stations register the highest level of usage [7].

Therefore, in the interchange’s operations, along with high demand, multiple inter-
dependent factors are involved, impacting and shaping its complexity. These include
the transfers among different means of transport, the diversity of user profiles, and the
wide range of services available. As a result, an interchange is not merely a node within
the broader transport system but can be considered a network itself, where continuous
interactions occur between three fundamental components: infrastructure, processes (en-
compassing operations, logistics, and services), and people.

Moreover, effective management must account for these continuous interactions, en-
suring that the station design, facility layout, and operational strategies are adaptable to
the fluctuating passenger demand, ultimately enhancing the system performance and user
experience. However, despite the crucial role of passengers, management remains primarily
focused on transport services and other operational aspects, while the research on passenger-
centric management is limited [8–12]. It is necessary to have a holistic vision that links user
behavior and preferences with the spatial dynamics of the terminal to optimize operational
efficiency and service quality. In this context, understanding the occupancy level, defined
as the average number of passengers occupying the station spaces at a specific time relative
to its total capacity, is a quantitative key metric for assessing the crowding in the terminal.
It helps determine the effectiveness of the management of spaces and provides valuable
insights on how it influences the overall quality of service delivery, which is necessary to
define improvements for enhancing the service perception rating [13,14].

As cities grow and public transportation demand becomes increasingly critical to re-
ducing car dependency, achieving efficient and competitive public transportation becomes
crucial [15]. Effective planning is essential for improving both the daily management and
long-term system performance. Generally, it ensures services during periods of normal
and peak demand, such as special events or service disruptions. At the same time, at the
station level, it helps address the growing challenges such as the pedestrian flow, bottle-
necks, and crowding [16]. The system aims to provide passengers with the most efficient,
safe, and seamless travel experience, including smooth transfers and movement within
stations [15,17]. The applications related to forecasting for early proactive interventions
help enhance the transfer time, perceived service quality, and retail revenues [16]. The
ongoing digitalization of public transport has demonstrated the value of Intelligent Trans-
port Systems (ITSs) in meeting these requirements through technological solutions [18].
Moreover, Automated Passenger Counting (APC) tools enable the collection of accurate
real-time data [18], but forecasting remains a key area that requires further development.

This paper analyzes the passenger flow and stance within a multimodal transport hub.
It aims to develop a method for forecasting the user occupancy in critical station areas using a
prediction model based on the Long-Short Term Memory (LSTM) procedure, which has been
widely used in the transportation field, demonstrating strong performance and providing
valuable insights [19]. This approach enhances the data-driven strategies for improving the
service quality through dynamic management. By examining movement patterns, occupancy
trends, and forecast results, this research aims to provide valuable insights that support a
more user-centric understanding of passengers’ movements and station dynamics.

The remainder of this paper is structured as follows. Section 2 reviews the relevant
literature for the main concepts and definitions implied in the study. Section 3 describes
the proposed methodology, which is divided into phases and developed from the general
approach to the application in the case study. The Moncloa Interchange is used as a case
study; it is one of the key multimodal stations in Madrid’s transport network that serves
more than 200,000 passengers daily. Section 4 presents the results related to the real-
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time APC installed system and occupancy forecasting using the LSTM prediction model.
Section 5 discusses the achievements and limitations of the study, analyzes the results
and proposes dynamic strategic management for multimodal transport stations. Finally,
Section 6 concludes the paper by discussing its contributions to the existing literature and
proposes possible future research lines.

2. Literature Review
This section presents the state of the art on the key topics addressed in this study: a

comprehensive definition of multimodal transport stations based on their core dimen-
sions and transfer operation goals, the evaluation of their performance by the level
of service metric, and the application of predictive algorithms for forecasting future
operational conditions.

2.1. Multimodal Public Transport and Transfers

Transport interchanges are key nodes within the transport network, playing a crucial
role in facilitating intermodal connectivity [17]. The primary objective of these nodes is to
minimize the penalties associated with the transfers between different transport modes,
by providing suitable infrastructure that optimizes both the comfort during the transfer
process and in the waiting areas [20,21]. This is achieved through the improvement of
the transfer and waiting areas, as well as offering a range of complementary services that
enhance the user experience and make the system more attractive overall. Given that
in large European cities such as Madrid, a high percentage of trips involve at least one
transfer, reducing the penalties associated with this process has a significant impact on
the perception of the public transport system, contributing to making it more competitive
compared to the use of private vehicles [22].

To manage a high volume of users, interchange infrastructures are typically large in
scale and represent landmarks of the transport network. As primary points of interaction
between users and the system, these significantly influence the perception of the public
transport network [23]. Due to this critical role in passenger movement and their spatial
potential, it is essential that interchanges incorporate a high degree of functional diversity to
ensure their seamless integration into the surrounding urban environment while enhancing
the overall user experience [23,24]. This integration enhances both the transport perception
and urban value, yielding positive economic, social, and environmental benefits [25].

The literature reveals that metro systems have a significant impact on the urban scale,
as they connect large numbers of people to major urban areas of the cities [26]. This under-
scores the importance and advantages of establishing a wide set of functionalities in these
terminals that allow their positioning as multifunctional hubs, beyond just their core role in
mobility. Terminals that more than offer extra facilities to passengers actively contribute to
the socio-economic development of the surrounding areas and benefit nearby communities,
are successful examples of how the effective management of transport infrastructure can
drive broader economic growth [26,27].

Consequently, transport interchanges serve a dual function: on the one hand, they act
as transport nodes, facilitating the movement and transfers between different modes; on the
other hand, they also serve as places to wait and engage in social and economic activities
related to daily mobility [25,28]. This duality adds complexity to their management, as
it involves the passenger flow, presence, and stay. Total integration encompasses both
the physical and operational aspects, requiring the coordination of three interdependent
elements that interact dynamically: infrastructure, processes, and passengers [29].

• The infrastructure dictates the available space for the general operation of the inter-
change. The main characteristic is the fixed typology and dimensions. Its structural
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layout and design determine the arrangement of facility distribution (such as commer-
cial areas, amenities, and waiting zones) and shape the passenger flow, congestion,
and dwell time (through paths to entrances, exits, transfers, and stay areas) [9].

• The processes are defined based on the specific functionality of each space within
the interchange, the delivery of services, and overall management. Certain elements
remain constant, such as design constraints, capacity, platforms, fixed equipment,
facilities, and space distribution and allocation. In contrast, the operational aspects
are dynamic, influenced by the disruptions in the surrounding urban environment,
unforeseen events, incidents, emergencies, fluctuations in transportation services, and
variations in passenger demand.

• Passengers are the primary actors who interact with and experience the previously
mentioned aspects. The experience varies for everyone, as Bertolini exposed that dif-
ferent people perform different actions [28,30]. Individuals engage in different actions
based on their specific needs and circumstances. Factors such as the physical condition,
trip purpose, age, walking speed, personal preferences, and route choices—combined
with the station design and operational plan, including service schedules, frequencies,
and waiting times—shape the individual behavior within the interchange [9].

• The interdependent relationship among these three aspects also highlights that effec-
tive management must be integrated with the station’s structure and facility layout,
which serve as the foundation for path organization, operation, and physically delim-
ited passenger behavior [9,31].

The integrated management of transport interchanges, aligned with service quality, is
essential in enhancing the user experience [32]. The literature includes different studies and
guidelines from industry authorities that have identified the key principles and characteris-
tics to consider in this management, many of which share common elements. Following
the conceptual dimensions proposed by Bertolini, transport node, place, and both [28], Table 1
presents a summary of these principles, categorized by dimension, as outlined by various
authors in the literature.

Table 1. Literature review of the main characteristics of an interchange as transport node and place.

Source Transport Node Place Both

Bertolini, 1998
[28]

Spatial reach from a node
Space-time compression from

a node
Transport patterns

(configuration)
Passengers

Transport costs
Modes’ management

Target market
Spatial constraints

Transport market dynamics

Location
Land consumption per

transport unit
Land use density

Variety of place uses
Dominant uses

Dominant place-connected
activities
Access

Land availability for
development

Dynamics of property
development

Type of property development

Node–place relationship
Economic impact of a node
Environmental impact of a

node
Density of actors

Administrative framework
Policy context: thematic focus

and specific issues
Dominant research

perspective

GUIDE Project,
2000 [33]

Accessibility for the
mobility-impaired

Information
Signage

Local accessibility linkages
with the surrounding area

Personal security

Design and Layout
Facilities

Image
Operational Safety

Standards and ergonomics
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Table 1. Cont.

Source Transport Node Place Both

PIRATES Project,
2000 [34]

Modes’ overall quality
Ticketing
Distances

Price
Signs

Luggage handling
Communication

Traffic
Coordination between modes
Information placement and

relevance
Travel time

Commercial services
Waiting rooms
Special services

Manned services
Attractiveness

Layout
Orientation

Location of entrances
Accessibility overall

Legibility
Personal safety

Surveillance
Property security

Climate, cleanliness
Working conditions and

organization
Operation

Wilson and Yariv,
2015 [35]

Transport services
Shelter

Wayfinding
Signposting

Travel Information
Ticket purchasing
Assistance by staff

Ease transfer

Integration with the
surrounding area

Retail and food and beverage
establishments
Seating areas

Easy movement between
facilities

Legibility
Accessibility

Safety and Security

S. Hernández,
2015 [36]

Transport services
Travel Information
Transfer conditions

Design and image
Services and facilities

Comfort

Safety and Security
Environmental Quality
Emergency situations

City-HUB
Project, 2016 [25]

Transport volumes/flows
System operation

Information points
Technology
Equipment

Signage

Infrastructure integration
Social standards
Services offered

Terminal design
Accessibility

Legibility
Capacity

Financing and business
models

Governance
Regulations and legal aspects

L. Durán et al.,
2016 [29]

Traffic and passengers’
capacity

Access infrastructure and
connections by modes

Space for operators
Integration of modes within

the station
Walking distance and time

Travel and ticketing
information

Passenger movement
Movement of vehicles

Theming and identity
Amenities

Ancillary services
Public space

Public art and heritage
structures

Community value (social &
physical)

Typology of hubs and facilities
type

Urban design
Integration around the station

Station layout, including
platforms design

Pedestrian priority
Environmental conditions

Land use
Sustainability

Safety and security within the
station and around

Operation and maintenance
(ITS, materials, energy use)

Accessibility
Asset Management

Impact on neighborhood
Policies

Funding and financial aspects



Future Transp. 2025, 5, 59 6 of 25

Table 1. Cont.

Source Transport Node Place Both

Transport for
London, 2021

[24]

Transport modeling
Wayfinding
Permeability

Built design
Urban realm

Surrounding area identity
Commercial facilities

Landmark assets or features

Design
Services (meet users’ needs)

Accessibility
Legibility

Sustainability
Safety and Security

Sustainability
Movement within
Movement outside

Operations: Coordination,
Cost, maintenance

V. Chauhan et al.,
2021 [37]

Transport modes
Signposting

Travel information
Ticketing

Transfer environment

Public Utilities and Key
Facilities
Comfort

Accessibility
Quality of Environment

Convenience
Safety and Security

As observed, in addition to aspects specifically related to transportation, most are
linked to the stay within the interchange and the conditions that define it. This stay can
be brief, limited only to the time required for transfers, or more prolonged due to waiting
times or the performance of other activities.

Most authors agree that the aspects related to the conception of the interchange as
a place and a node-place are determined by factors such as accessibility, design, spatial
layout, and capacity, as well as safety, security, and the availability of services, which
depend on the organization of facilities. In this regard, infrastructure and the associated
occupancy play a crucial role in evaluating these factors, and their effective management
can significantly enhance the service quality.

Given these conditions, the main areas of transport interchanges, beyond the access
and exit points, include the connecting corridors, halls, and platforms for each mode of
transportation. These spaces are essential for facilitating transfers and regulating passenger
flows, and crucial for analyzing passenger characteristics [9]. However, the research
findings indicate that the waiting areas and spaces for services and amenities, such as
commercial areas, have a significant impact on the perception of the interchange’s level of
service [30,36–42].

2.2. Level of Service (LOS) Evaluation

From a user-centric perspective, service evaluation has identified that the most in-
fluential factor for users is related to the transfer conditions, particularly regarding the
physical structures involved and the distances that must be covered to switch between
the modes [36,39]. These findings are further supported by other studies highlighting the
importance of the interchange layout and internal connections [43], as well as the walking
environment [44], the transfer environment, and important facilities, which collectively
have a significant impact on users’ perception and rating of the service quality [37].

LOS, defined in the Highway Capacity Manual, is a common language for transporta-
tion engineers and stakeholders used to classify the operating conditions of transportation
infrastructures in an understandable way [45]. Focused on the transfer actions, the LOS
in multimodal stations has been evaluated from different perspectives [46]. While one
approach focuses on process and management by applying Data Envelopment Analysis
(DEA) techniques for understanding the reasons for inefficiencies and solving them by con-
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ducting appropriate decision-making foundations [5,47], another places the emphasis on
the infrastructure design, centralizing on the performance of transfer spaces and proposing
targeted optimization strategies [48].

The optimization of operations, focused on managing transportation services in terms
of schedules, frequencies, and coordination, among other aspects, has traditionally been a
central axis for improving the evaluation of the service quality in transport interchanges.
However, the management of passengers, their behaviors, and their interaction with the
infrastructure has lagged behind, despite their fundamental role in the process. Indicators
such as capacity usage and passenger density are among the most relevant for assessing
the performance of the facility configuration scheme, highlighting the need to prioritize
user management [9,49].

Additionally, as identified by Zhang et al. [9], aligning general decision-making meth-
ods with the practical management of stations—considering the physical infrastructure,
available services, demand, and passenger needs—remains an existing research gap, mainly
in multimodal hubs as highlighted by Sipetas et al. [17]. Addressing these issues effec-
tively as the first step requires accurately identifying the passenger presence within the
interchange, when combined with passenger flow analysis, which enables the detection of
behavioral patterns, critical event causes, passenger bottlenecks, and space usage demand
tendencies. All of these are essential for implementing data-driven strategies to optimize
the operational management.

2.3. Prediction Modeling

The availability of real-time data is valuable and relevant, but it does not guarantee
fully efficient management. The evolution of ITS technologies, with the integration of
artificial intelligence and machine learning algorithms, enables the development of more
sophisticated tools that address the new challenges in data processing and exploitation,
adding high value to the mobility services for both passengers and operators [18,50].

In this context, the next logical step is exploring the ability to foresee the future
evolution of these data by predicting the passenger occupancy or presence levels within
the stations. Anticipating trends and the possible scenarios would enable the optimization
of planning, improve the responses to events or variations, reduce the randomness of
operations, prevent unforeseen situations, and generally control the factors that may
negatively affect the service quality. Thus, occupancy prediction becomes an essential
component of the real-time management in transport systems, as highlighted by Vieira
et al. [10,51].

Short- and long-term predictions in transportation have been identified essentially
as a time series forecasting problem, where exogenous explanatory variables (such as
weather, land use, transport validation, and traffic) are used to conduct more comprehensive
analyses. These variables allow for the use of a larger set of correlated data with varying
degrees of influence [52], and enables the adoption of a generalized approach to obtain
specific and detailed results, focused on a particular variable.

Several prediction model approaches have demonstrated their ability to capture both
the stationarity and periodicity of real-time data in transportation [53]. However, several
studies have highlighted that LSTM [54] Recurrent Neural Networks (RNNs) are a promis-
ing approach. This has been extensively applied in the transportation domain, particularly
for predicting passenger demand, traffic flow, and occupancy levels [19].

LSTM networks have shown strong capabilities in time series forecasting and have
outperformed the other methods [52,55], demonstrating high performance in capturing
short- and long-range dependencies due to their ability to overcome the vanishing gradient
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problem, which commonly arises during the training of traditional RNNs, especially when
long time lags are involved in the prediction horizon [56].

In this context, it has been identified that passenger occupancy forecasting plays
a pivotal role in traveler satisfaction, especially in transport vehicles, which has been
extensively researched [18,57–59]. However, there has been less research regarding stations.
Studies have focused on stations with a single predominant mode of transport, such as
smaller-scale bus stops [51], and larger ones for metro or railway stations [52]. Despite these
studies representing a good starting point, they can be expanded or adapted to multimodal
stations, and the specific research on this topic is limited. In addition, most existing research
has utilized smart card datasets, which only provide information on entry/exit validation
at stations and limit the study by not considering the passenger flow within the area. This
results in a lack of predictive analysis in multimodal stations.

To address these gaps, this paper focuses on analyzing the passenger flow within a
transport interchange, collecting specific data through an internal APC system to forecast
the passenger occupancy. The outputs enable the evaluation of the service level and the
proposal of a data-driven tool to manage station spaces dynamically, optimizing the station
operations and enhancing the user experience.

3. Materials and Methods
This methodology outlines the steps to predict the occupancy in a transport inter-

change based on the passenger flow within its spaces, allowing for the evaluation of service
levels and the definition of strategies to enhance its management. Figure 1 illustrates the
complete workflow to be implemented.
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Figure 1. Flowchart of the methodology for implementing a dynamic interchange management tool.

The process begins with the selection of a case study that exemplifies the importance
of integrated management in the complex nodes within the transport system. Next, for
phase 1, a distributed APC system [13] is implemented to capture the real-time passenger
flow data, which are then used to calculate the occupancy levels and provide a continuous
assessment of the service conditions within the facility. These data are subsequently utilized
in phase 2 to train a neural network-based prediction model designed to anticipate over a
short-term horizon of up to 24 h occupancy trends in relation to the corresponding service
levels. The objective of this approach is to leverage the predictive model as a dynamic
management tool, enabling the anticipation of service quality variations and the proactive
planning of operational and contingency strategies. This ensures an optimized interchange
performance with a standardized and efficient level of service.

This section begins by describing the selected case study and the characteristics that
make it suitable for this analysis. Next, the functioning of the implemented APC system for
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data capture is detailed, highlighting its advantages compared to other approaches. Then
follows the occupancy calculation, and, finally, the definition of the predictive model, along
with its configuration, the variables used, and the validation process.

3.1. Case Study for Validation

The selection of the case study is aligned with the research objective, focusing on
the passenger presence and flows within transport stations with complex management re-
quirements. The selected station or transport node should integrate diverse functionalities,
including the services and facilities for trip transfers and the use of space. The Moncloa
interchange fulfills the requirements of a good case study. It is a key transportation hub
in Madrid, situated on the city’s border, connecting the capital with the metropolitan
northwest corridor, one of the most densely populated and affluent areas in the Madrid
Metropolitan Area. Its transport node connects metropolitan buses with urban bus lines and
the metro. Its facilities serve 55 metropolitan bus lines, serving nearly 100,000 passengers
daily, with over 350 bus services operating during the morning peak hours. Additionally,
19 urban bus lines connect to the interchange, transporting approximately 120,000 daily pas-
sengers. The Moncloa Metro station is the busiest in the network, with over 115,000 daily
validations, served by two lines: Line 3, which connects to the city center and Line 6 (the
Circular) that distributes passengers among all the city’s periphery and links to seven other
metropolitan bus interchanges [60–62].

Studying the level of service at the Moncloa Interchange is crucial due to its distinctive
characteristics, including its large scale, strategic location, functional diversity, and high
passenger volume. These factors make it an ideal case study for analyzing the occupancy
and passenger dynamics across areas with different functionalities, both for transfers and
additional on-site activities. A map of the area where the terminal is located including the
transportation network (suburban rail and metro), main corridors, and other interchanges,
along with the access points for buses and pedestrians is presented in Figure 2 which shows
the position of the case study within Madrid’s transportation network and the station’s
entrances and exists for travelers and buses. The bus access point marked with a blue star
directly connects with the reversible lane on the NW trunk motorway.
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The interchange consists of two buildings: the older one (Module A) and a newer one
(Module B), which was constructed as part of an expansion to accommodate the increasing
demand. Both buildings are connected by transfer corridors facilitating the movement
between them and various transportation platforms. Module A concentrates most of the
passenger entries and exits at the interchange, as well as the busiest connection points
in terms of passenger flow [60]. It has two overlapping levels interconnected by both
escalators and conventional stairs. The -1 level spans an area of 2200 m2, featuring 14 bus
bays and a central waiting area. The -2 level is smaller -approximately 1100 m2- and
corresponds to the commercial area and connection to the metro station. This commercial
area comprises approximately 30 establishments offering food, retail, and other services [60].
It is a good example of a multifunction station, aligned with the study objective of analyzing
the interchange not only as a transportation hub but also as an integrated urban space.
Figure 3 illustrates the distribution of spaces with the access points differentiated by color
and a letter label used as the nomenclature to differentiate the six points. The A and D
points indicate the pedestrian access to the terminal, and the others correspond to corridors,
pedestrian ramps, and staircases, and the green and blue ones represent the connections
between the two levels.

3.2. Phase 1: Real-Time Data Collection System

This study proposes calculating the occupancy based on the adaptation of the basic
principle of quantity conservation, as outlined in Equation (1) [63]. This indicates that
the occupancy level in a location at a given time is the result of the initial presence at the
start of that period, plus the difference between incoming and outgoing flows during the
interval. To accurately calculate the passenger numbers of entries and exits, it is necessary
to monitor all the access points in a reliable manner to minimize errors.

Occupancyt = Occupancyt−1 + ∑ Incoming_Flowst − ∑ Outcoming_Flowst (1)
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The occupancy in transport systems has often been estimated using AFC, which has
proven effective for buses and small stations where all the users validate their payment
at their entry. However, counting in larger or multimodal stations, such as interchanges,
poses a challenge due to their open-access nature and the absence of the AFC devices
at access points. While combining the validation data from different transport modes
could help, it does not fully address the problem, as these facilities also attract not only
passengers using transport services but also visitors looking for the station’s commercial
and service areas [4], making it difficult to estimate the duration of their stay accurately and,
consequently, their impact on the overall occupancy. A real-time data collection APC system
was designed and installed at the Moncloa Transport Interchange to solve this challenge.
This video-based system combines detection and trajectory methods for real-time passenger
counting [15]. Detection techniques identify targets using region classifiers and feature
subtraction, while trajectory methods track the movement of objects [15,64]. It uses cameras
with edge-computing AI models based on convolutional neural networks to detect and
count people in specified directions through image classification and segmentation [65].
The system tracks bidirectional flows: “entry” and “exit”.

Its implementation enables the precise spatial delimitation of each zone at the in-
terchange and provides a detailed understanding of the passenger movement directions
and presence levels over time. Moreover, this approach is cost-effective and has easy
functionality, since complex data preprocessing is not required to obtain the final measures.

For its deployment at the Moncloa Interchange, the five connection and access points
to Module A identified in Figure 1 were evaluated based on their spatial dimensions and
physical conditions to determine the number, placement, and angles of sensors required to
ensure full coverage of the area. As a result, real-time passenger flow data were collected at
all the access and egress points within the study area and validated by comparing them
with manual counts taken during the peak hours on several days, including weekdays and
weekends, ensuring a margin of error below 2%. The space occupancy is determined by
applying Equation (1). These data were then used to train the predictive model.

3.3. Phase 2: Short-Term Prediction Model

The real-time data collected in phase 1 were used to create a historical dataset of these
variables and then to train a predictive model. This model aimed to predict the short-term
occupancy levels, thereby providing a supportive tool for the dynamic management of
the interchange. An LSTM model based on time series was selected for this task. The
datasets used were time series, meaning that the data were organized according to their
chronological sequence, which is suitable for trend analysis and predicting future behaviors,
as it captures the temporal dependence between observations. As illustrated in Figure 1, in
Phase 2, different data sources were integrated into the process.

The following subsections provide detailed definitions for the application and valida-
tion of the model.

3.3.1. Data Used for Modeling

According to the definition and requirements set to optimize the performance of the
selected model, along with the historical data on passenger flow and occupancy captured
by the APC system, it is useful to incorporate other data sources that influence or are related
to these target variables.

LSTM models learn from temporal sequences and improve their performance when
the input variables are relevant and have a significant relationship or influence on the
target variable. This makes the models more effective to capture the patterns and temporal
relationships between the data [18,54].
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The passenger flows and occupancies within transport stations are influenced by
factors that interact in complex ways, such as weather conditions, traffic congestion in
the surrounding areas, boarding and alighting processes across different transport modes
operating at the station [52], and how each day can be classified according to the activities in
the city that influence the passenger demand variations at the station. Our model captures
these complex underlying dynamics by integrating an additional set of heterogeneous
data sources.

Traffic conditions were collected from twenty sensors measuring the traffic intensity
and density at critical ramps connecting to other roads along the A6 Corridor, which is
the main transportation artery near the interchange. The interchange station operator
provided boarding and alighting counts from the 14 bus bays at Module A. Precipitation
data were obtained from the city’s meteorological stations. Calendar information from
public institutions was coded into Boolean identifier variables to represent the state of
certain activities in the city: official holidays, academic calendars for university, high school,
and secondary education.

According to the interchange managers and our preliminary observation of the data,
the activity in the interchange has variations, following daily, weekly, and yearly patterns.
For the LSTM model to successfully identify and reflect these temporal dependencies of
the data, sinusoidal features of periods of one day and one week were included in Figure 4.
A yearly feature was not considered since the span of the data was shorter than one year.
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Table 2 summarizes the variables and their corresponding data sources.

Table 2. Summary of the prediction model variables and their sources of information.

Variable Description Source

Flow of passengers Users entering/exiting APC System

Transport users Users accessing/egressing via bus
bays

Moncloa Interchange
Operator

Occupancy Users that stay at a space Calculated using the APC and bus
bays data

Traffic at A6 Corridor Traffic intensity and density DGT 1

Weather Precipitations AEMET 2

Acad. calendar (Univ.) Academic term in universities Madrid’s academic calendar

Acad. calendar (Sec. or lower) School term for other studies Madrid’s academic calendar

Holidays Official holidays in Madrid Madrid City Council
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Table 2. Cont.

Working day before a holiday Whether a working day is just before
a holiday Own definition

Working day after a holiday Whether a working day is just after a
holiday Own definition

Daily signal Sinusoidal variable with a daily
period Own definition

Weekly signal Sinusoidal variable with a weekly
period Own Definition

1 Dirección General de Tráfico (DGT). 2 Agencia Estatal de Meteorología (AEMET).

3.3.2. Data Preprocessing

The effective integration of heterogeneous data sources requires conducting a pre-
liminary analysis of their characteristics, such as the format and sampling frequency, and
standardizing the common parameters according to the requirements set for modeling with
an LSTM neural network. This implies that all the time series must have the same sampling
frequency and must not contain any missing values.

Moreover, the LSTM model is multivariate and simultaneously predicts all the target
variables’ activity. To enhance the performance, applying standardization or normalization
to the aggregated dataset is considered a good practice. Such standardization may not
significantly improve the model’s ability to forecast low values, but it is necessary when
predicting high values to achieve better results [56].

For the study, since the sampling rate must be adjusted to the resolution of the time
series with the lowest granularity, it was set to 1 h, which was the least disaggregated level
found among the datasets, and the others were adjusted accordingly. This definition means
that each day in the final time series used in the model is represented by 24 records, which
implies that the prediction will be made by day, covering the next 24 periods.

A two-step gap-filling method was applied to the missing data, using average values:

• First step: each missing value in a variable was filled with the average of all its values
that shared the same temporal characteristics: “instant within the day”, “instant within
the week”, “term time (primary)”, “term time (secondary)”, “term time (higher)”,
“weekend or holiday”, and “working day next to a holiday”.

• Second step: any remaining gaps were filled based on a more simplified set of variables:
“instant within the day”, “instant within the week”, and “holiday or not”.

Additionally, to avoid the accumulation of errors, the occupancy was set to zero daily
when the interchange was closed (from 00:00 to 06:00). With these adjustments, the final
time series ensured the data consistency and eliminated discrepancies that could affect the
models’ performance and accuracy.

3.4. Model Training and Validation

The occupancy prediction in Module A of the Moncloa Transport Interchange uses the
time series obtained after data preprocessing as the input. The model uses data from the
past groups of 24 records to predict the values for the next 24 h. This approach corresponds
to short-term prediction due to the limited forecast horizon.

For the case study, the analysis period spanned from 25 June 2024 to 10 February 2025.
To ensure similar conditions to the real interchange operation, the available data were
divided into three consecutive sets, following the principle that the model can only learn
from past events:
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• Training set: it is used to adjust the model parameters and minimize the prediction
error, corresponding to the period spanning from 25 June 2024 to 3 December 2024
(approximately 5.5 months).

• Validation set: it is used to fine-tune the hyperparameters during training, allowing
the model to generalize to new data, covering the period from 4 December 2024 to 18
January 2025 (approximately 1.5 months).

• Testing set: it is used for an unbiased evaluation of the model, running from 19 January
2025 to 10 February 2025 (approximately 1 month).

After the execution phase, with the results obtained for each set, the Mean Squared
Error (MSE, Equation (2)) was used as a loss function [66] to evaluate the model’s per-
formance, quantifying the error between the predicted and actual values using variance.
Additionally, the accuracy of the prediction was quantified by computing the Mean Abso-
lute Error (MAE, Equation (3)) and the Root Mean Squared Error (RMSE, Equation (4)). In
these equations, ŷi represents the forecast value, and yj the actual value [56].

MSE =
1
n∑n

i=1

(
ŷi − yj

)2
(2)

MAE =
1
n∑n

i=1

∣∣∣ŷi − yj

∣∣∣ (3)

RMSE =

√
1
n∑n

i=1

(
ŷi − yj

)2
(4)

4. Results
The results are presented according to two distinct analyses as shown in Figure 1: the

diagnostic of the Level of Service (LOS) based on real-time data and the assessment of the
forecast values.

The above observations are based, firstly, on the evaluation of the real-time data
captured by the installed APC system, as well as the calculation of occupancy based
on these values. Secondly, they focus on the predictions generated by the LSTM model
using the defined time series, which integrates the mentioned data, and the previously
explained additional datasets. Both sets of results were analyzed under the guidelines of
the LOS, both in real time and as predicted. Since all the users within transport stations
are pedestrians, we applied the LOS criteria for the pedestrian facilities of the Highway
Capacity Manual [45] to classify the station-level service according to the average space per
person (m2/person). Using the dimensions of each area in the Moncloa Interchange, the
corresponding number of people per area dimension was calculated for each level, yielding
the results presented in Table 3.

The average space criteria column indicates the required space per person in an area
to achieve the corresponding LOS. The other two columns show the calculated number
of people that can occupy an area with those specific dimensions to ensure that the corre-
sponding LOS is maintained. In the figures below, the LOS is represented by a color overlay
on the graphs, with the corresponding letter for each level displayed in the right margin.
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Table 3. Classification of the LOS based on the Highway Capacity Manual guideline for pedestrians
and the corresponding values in person units for each area.

LOS
Average Space

Citeria
[m2/person]

Level -1
(Bus Station—2200 m2)

[Person]

Level -2
(Commercial Area—1100 m2)

[Person]

A >5.57 <394 <198

B >3.72–5.57 <394–591 <198–296

C >2.23–3.72 <591–987 <296–494

D >1.4–2.23 <987–1571 <494–786

E >0.75–1.4 <1571–2933 <786–1467

F <=0.75 >=2933 >=1467

4.1. Level of Service Diagnostic: Real-Time Observations

The real-time results provide a preliminary diagnosis of the service levels at the
interchange based on the occupancy. Furthermore, these illustrate the operation of the
distributed APC system via the hourly evolution of the calculated occupancy using the
real-time passenger flow data captured at the access points. This occupancy analysis was
plotted, describing the interchange operation and identifying recurring patterns. It is
essential for detecting the potential trends that could be crucial for management, which
can later be validated with the results of the predictive model.

This analysis is presented for both weekday and weekend days to compare the varia-
tions and the influence of time on the service demand trends, thereby providing a compre-
hensive view of the station’s operation in different contexts.

Figure 5 presents the results obtained from the data captured at Level -1 (bus station)
along with a photo of the place. In line with the known demand data for the Moncloa
Interchange [60], it is observed that the highest occupancy peak occurs between 07:00 and
08:00, when the most significant number of passengers use the interchange to enter or leave
Madrid, mainly for commuting to work or study. It is also observed that the return trips
are almost evenly distributed throughout the day, as the occupancy remains at similar
levels. Only two small peaks are identified, around 14:00 and 17:00, when most users
typically concentrate on their return journey. Regarding the weekend, it is noticeable that
the morning peak disappears, and instead, the occupancy gradually increases, remaining
constant throughout the day, indicating that the demand is more widespread over time.
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In the figures related to the occupancy, the LOS levels are differentiated by a color hue
for each range and a letter on the right side that corresponds to the labels and values in
Table 3.

The LOS remains between the A and B rates most of the time for both days, as shown
in Table 3, with only slight dips into level C. However, during the morning peak, the
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occupancy rises enough to temporarily reach service level D, where the walking speed and
the ability to overtake slower pedestrians are restricted. This indicated an initial conflict
situation that the interchange manager should consider addressing.

Figure 6 presents the results for Level -2 (Commercial Area) and its corresponding
photo. During weekdays, the highest occupancy occurs during lunch hours, between 13:00
and 15:00, which is expected due to the services available in this area, such as cafeterias
and restaurants. A slight peak is also observed in the early morning hours, coinciding with
Level -1. This peak is considerably smaller, which is understandable, as users are generally
in a hurry and have less time to engage in additional activities.
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A notable difference is observed between the values on weekdays and weekends. This
indicates that the services in this area have a considerably lower demand at weekends,
partly because many of the facilities are closed as fewer passengers use the interchange. In
general, the number of users is significantly lower compared to the other level.

The LOS on this Level -2 predominantly remains between A and B for both days, but
again, the peak demand deteriorates the situation, but less than on Level -1.

4.2. Forecasting Level of Service: Predicted Values

Figure 7a illustrates the evolution of the training and validation losses throughout the
training of the predictive LSTM model. As observed, the final training loss is 0.07, while the
validation loss is 0.16, indicating a minimal value that suggests the model effectively fits the
training data. Although the validation loss is slightly higher, it remains low, implying good
generalization, which is also further supported by the stabilization of both loss curves.
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The MAE and RMSE indices in Table 4 define the prediction accuracy of the LSTM
model. Figure 7b,c compare the accuracy of the LSTM model, as measured by the MAE
and the RMSE, against alternative approaches using the validation and test datasets. These
figures include a Baseline Method (Last) which just repeats the last known value, a Linear
Model, a Dense Neural Network, and a Convolutional Neural Network. The LSTM model
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achieves the lowest MAE and RMSE values in both cases and outperforms all the other
methods, yielding the best performance and reinforcing the suitability of the model for
this study.

Table 4. MAE and RMSE accuracy indices for the LSTM Model.

Dataset

Validation Test

Accuracy index
MAE 0.18 0.15

RMSE 0.39 0.35

The results obtained from the predictive model for the occupancy values are pre-
sented in the following figures. In each of them, the previous 24 h are plotted alongside
the predicted 24 h, including both the predicted and actual values. This representation
facilitates the analysis of the model’s performance by graphically comparing the similarity
between the actual and predicted data and determining whether the model can follow the
expected trend. On the other hand, the LOS analysis enables the evaluation of how well
the prediction aligns with the actual levels, helping to identify any discrepancies.

In cases where the output variables present a marked periodic component, a naïve
model that just shifts the input data forward in time may achieve a high prediction accuracy.
Conversely, our LSTM should provide better results by capturing more complex underlying
dynamics. Thus, the following figures also include a 24 h forward-shifted plot of the input
variables to facilitate studying how the model outperforms the naïve approach.

Figure 8 presents the outcomes for two different days and time ranges on Level -1.
Overall, the model successfully follows the expected patterns in the data, accurately detect-
ing peaks, troughs, and the general shape of the trends, despite a certain degree of error.
Furthermore, even with this margin of error, the predicted results align with the same LOS
levels as the actual data, indicating their predictive accuracy.
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The model outperforms the naïve repetition of the previous day in both examples. In
Figure 8a (Thursday to Friday) the forecast occupancy has the same shape as the one from
the previous day but scaled up, fully entering the service level “C” band. The LSTM model
not only returns the correct shape, but it is much closer to the actual values that happened.
The LSTM model’s superior behavior is more pronounced in Figure 8b, which presents the
prediction of what will happen during Saturday knowing how the day starts and what
happened during the previous Friday. The naïve approach would be inadequate, since the
behavior during Saturdays is completely different in shape and magnitude. Conversely,
the LSTM model manages a much closer and useful prediction of the occupancy during the
whole day.

Figure 9 illustrates the forecast for two different days on Level -2. As expected, the
number of users on this level is significantly lower than on Level -1, and the prediction also
reflects this. The forecast consistently follows the trends of real values, but the margin of
error is higher in this case. The model can detect the maximum and minimum peaks, but it
tends to exaggerate the maximum values, deviating more from the actual ones. This causes
a slight error when defining the LOS, although it is only observed between two consecutive
levels, which does not represent a significant difference.
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Both examples in Figure 9 show that using the occupancies during the previous 24 h
as the forecast for the next 24 ones performs worse than the LSTM. In Figure 9a, the
occupancies from mid-Sunday to mid-Monday are predicted using data from mid-Saturday
to mid-Sunday. The predictions of the LSTM model are significantly closer to the actual
values than the naive ones. Also, the LSTM model prediction’s shape better resembles the
real curve. The LSTM treats Saturdays, Sundays, and Mondays differently. However, at the
end of the interval (mid-Monday), they overestimate the occupancy, forecasting a “C” level
of service instead of “B”.



Future Transp. 2025, 5, 59 19 of 25

Figure 9b presents the transition from a Sunday to a working Monday. Again, even
though the predictions of the LSTM model are not as precise as for Level -1, they are closer
to the true values and follow a more similar shape than the naive model.

The forecast is more accurate for the bus station level. In general, the model manages
to represent the occupancy level trends for the different areas of Module A with accuracy,
predicting the expected LOS properly.

5. Discussion
The results confirm the possibility of integrating heterogeneous data sources, including

real-time flows and historical passenger counting data, to predict users’ movements in a
transport interchange. This integration achieved the objective of monitoring and predicting
the service level in terms of passenger flow and occupancy. The strong performance
of the prediction model demonstrates that the processes developed at each step of the
methodology were appropriate and aligned with the research goals.

It is demonstrated that using multiple data sources has synergies despite the dif-
ferences in the dataset characteristics. The data need to be homogenized using various
techniques, such as resampling and interpolation, implemented during the preprocessing
phase. Although these processes may result in information loss due to the variables being
initially recorded at a higher granularity, the main patterns, which are the focus of this
type of study, are maintained and can still be identified. This means that the most relevant
trends, which have the most significant influence on the interchange’s level of service,
remain unchanged. While some very specific patterns may have been smoothed or even
lost due to the adjustment methods, this does not significantly affect the results or notably
impact the model’s performance.

The model’s performance, validated using data from the Moncloa Interchange, demon-
strates consistency between the real-time data and predicted values, indicating the model’s
reliability. The predicted occupancy levels closely follow the trends observed in real-time
measurements, maintaining similar patterns during the peak and off-peak hours. This
alignment indicates that the model accurately captures the underlying dynamics of passen-
ger flow and station usage, as well as the impact of external factors such as the weather and
surrounding traffic conditions. The two interchange functions were analyzed (real-time
and forecast), concluding that the primary function of the Moncloa Interchange is as a
transport node rather than as a space where passengers stay. However, it also reveals an
essential commercial function associated with shops and services during specific periods,
especially on weekdays. This conclusion is based on the observation that the occupancy
levels in commercial areas remain relatively low despite the high volume of passengers
passing through the infrastructure. These results could differ if the model were applied to
other types of interchanges, such as rail stations, where the waiting time for long-distance
transport services is higher, and the function as a place could be more relevant.

On the other hand, the results validate that the selection of data for forecasting was
appropriate and accurate, as the data used have a significant influence on the target variable,
helping ensure that the predictions closely align with the actual values. Moreover, the
adjustments and modifications made during the data preprocessing phase were crucial
in increasing the efficiency of model execution, reflected in that training took less than a
minute on a computer equipped with a Tesla T1 TPU. Related to the APC based on on-site
observations or physical measurement, reinforce the model’s performance via its capture
data method that minimizes the errors associated with interference and selection bias
that are common when using signal analysis (e.g., Wi-Fi, Bluetooth) or GPS triangulation
methods [16,67,68]. Other advantages include the short data processing time due to edge
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computing, the simplicity of system configuration and calibration, and the operational
independence of the components involved.

The study has a limited scope because the test lasted only seven and a half months,
from the installation of the distributed APC system to the completion of this study. This
resulted in 5520 observations, sufficient for testing and validating the model for short-term
predictions, yielding strong results, as demonstrated by the achieved performance and
accuracy. The model has been demonstrated to be reliable in capturing part of the complex
underlying dynamics that determine the passenger flow and occupancies.

The APC system may deliver systematic errors as it relies on sensors and on-premises
equipment, which potentially may lead to biases in the occupancy estimation. However,
these misvalues can be identified and mitigated using the preprocessing techniques im-
plemented in phase 2. In summary, the low error margins between the predicted and
actual values reinforce the model’s accuracy, confirming that the selected input variables
are appropriate and contribute meaningfully to the forecasting process.

The results validate the model’s potential for applications in the transportation field,
enabling it to be used as a tool for the proactive and planned management of station
occupancy, thereby maintaining the service within adequate LOS ranges.

Data-Driven Tool for the Dynamic Management of Transport Interchanges

The tool enhances the comprehensive management of transport interchanges by moni-
toring the LOS, enabling efficient operations and improving the service quality offered in
the station.

The implemented integration of the APC system and the predictive model is a power-
ful approach for enabling decision makers to implement data-driven strategies that address
the two key pillars of immediate and long-term operation: real-time monitoring and fore-
casting for anticipating and mitigating potential issues. Proactive management, along with
advanced planning and the definition of contingency measures, enables the identification
of periods when situations that negatively impact the service may arise, allowing them
to be minimized or even eliminated, thereby ensuring that the operation remains in the
optimal condition.

Specific dynamic management strategies for the interchange based on the results can
be implemented through actions related to five key aspects, all aimed at improving the
operational efficiency of the transport hub: information management, space optimization,
passenger flow control, the development and enhancement of services and amenities, and
an effective emergency response [10]. In particular, the emergency response is a critical
aspect due to the space limitations and high passenger volumes. In this regard, having
predictive data enables the design of more effective contingency plans to ensure user safety,
optimize the evacuation procedures, and improve the handling of critical situations [67].

Having real-time and predictive data would strengthen the efficiency of the traditional
strategies by making them more informed and accurate, for example, optimizing the
frequency adjustment of transport services for different modes during the peak and off-
peak periods and adapting it to the specific daily patterns rather than relying on generalized
demand trends. This would optimize resources and improve the overall cost-effectiveness
of the service.

For the user management within the station, predicting the number of people based
on the passenger flow enables the anticipation of potential congestion periods. This enables
the prior planning of corrective measures and contingency strategies to prevent or manage
these situations as efficiently as possible. In the literature, this approach is known as
congestion or crowd management, which involves planning and implementing actions
to ensure the orderly movement of crowds within an infrastructure [10]. In the crowd
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management framework, two types of strategies can be implemented. On one hand, hard
management strategies refer to mandatory measures for pedestrians, like flow separation
through signage, the designation of specific access and exit points with staff guiding users,
or restricted access to certain areas during specific time slots. On the other hand, soft
management strategies consist of recommendations that users can follow voluntarily, such
as suggested optimal travel times and itineraries to avoid the peak congestion periods [11].

Among the operational strategies that could be implemented to manage the demand
in real time are passenger metering (controlling passenger access to prevent overcrowding
in certain areas), dock skipping (strategically skipping docks or platforms to improve the
service flow), short turning (rerouting certain services earlier to optimize the capacity), and
real-time stop position selection (dynamically selecting stops based on the demand) [68].
The last two involve coordination with the operators of the different transport modes.

Lastly, regarding short- and long-term occupancy predictions, the literature has shown
that the availability of congestion information can influence users’ travel decisions, allowing
them to better plan their daily commutes. This not only benefits passengers but can also
be strategically used to optimize the system operations and distribute the demand more
efficiently [50,68]. Making the predicted information available not only to operators but
also, to some extent, to users, actively encourages them to explore more convenient travel
alternatives. This could help reduce the excessive passenger concentration at specific points
in the system and enhance the overall mobility experience.

Finally, by integrating real-time and predictive data, this tool proves effective in trans-
forming raw information into actionable insights. It enables a more efficient, adaptable, and
user-friendly transport interchange by proactively managing the occupancy and passenger
flow fluctuations. This approach helps maintain an optimal level of service, ensuring
smoother operations and an improved passenger experience.

6. Conclusions
The primary function of multimodal transport stations is to facilitate passenger trans-

fers, reduce the penalties associated with them, and act as connection nodes within the
system, thereby contributing to an improved perception of the service. Therefore, their
role as places is also relevant, especially in their integration within the urban context. This
dual function is evident at the Moncloa Interchange, where around half of the passengers
passing through the bus station visit the commercial area, highlighting the importance of
those areas for improving the interchange’s offered quality.

The proposed methodology develops a real-time and predictive tool that integrates
data from both functional interchange dimensions and uses these data to monitor the
current situations and forecast the short-term ones. This information enables the application
of data-driven strategies for proactive decision making and efficient planning of the space,
ensuring optimized operational management while maintaining the Level of Service at a
good rate.

Specifically, regarding the technical characteristics of the prediction model used, it
is relatively insensitive to fine tuning, which simplifies its application and scalability for
use in other case studies with larger and more diverse data sources. Furthermore, this is
supported by its negligible training and prediction times, allowing for frequent retraining
with high flexibility and maintaining low hardware requirements.

Future research should focus on enhancing the capabilities and adaptability of the
predictive model. The first improvement could be to expand the prediction to a longer
term by incorporating a longer time span of data to reflect the long-term seasonal trends;
secondly, adding to the model the Automatic Fare Collection (AFC) data at entry points will
provide a more comprehensive view of the passenger demand and its relationship with the
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occupancy dynamics. Furthermore, incorporating external variables, such as special events,
service disruptions, and fluctuations in commercial activity, will enhance the model’s ability
to anticipate the passenger flow and occupancy level variations. Lastly, testing the model
in various types of multimodal interchanges with different layouts, service configurations,
and demand patterns would help generalize the results and facilitate their transfer to other
transport nodes.

Finally, the application of this tool to optimize the dynamic management of the
transport interchanges in large metropolitan areas, where nearly 80% of citizens rely on
public transportation [22], would help to improve the service levels. This will provide
guidelines for more comfortable space utilization and efficient transfer flows, making
public transport more competitive than private transportation.
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