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Abstract: This paper presents an integrated methodological framework for analyzing the structure
and operational performance of intercity public transportation systems by combining complex network
theory with discrete event simulation. The road network is modeled as a directed multigraph,
enabling the identification of critical nodes and corridors through centrality metrics and percolation
analysis, while the simulation operates directly on the network’s topology by incorporating travel
speed variability, passengers’ boarding and alighting times, and service frequencies. A case study
of the intercity public transportation network of the Department of Quindı́o (Colombia) demonstrates
the applicability of the methodology. The results show that network vulnerability is concentrated in a
limited number of strategic corridors, with betweenness centrality providing the most effective criterion
for identifying structurally critical nodes. Furthermore, although alternative routes exist, they do not
necessarily guarantee operational resilience. The proposed framework provides a quantitative decision
support tool for transportation planning and infrastructure management and, owing to its modular and
scalable design, can be readily adapted to other intercity transportation systems.
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1. Introduction

Vehicular congestion and mobility disruptions represent major challenges for contemporary
transportation systems, generating significant economic, social, and environmental impacts worldwide.
According to the Global Traffic Scorecard 2024 published by INRIX [1], drivers in the most congested
cities globally lost between 88 and 105 hours annually due to traffic congestion. Similar trends have
been reported across Europe and Asia, where cities such as Dublin, London, Beijing, and Delhi have
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experienced substantial increases in travel times and mobility demand [2]. These patterns highlight the
growing pressure on transportation infrastructure and the need for more efficient and resilient mobility
planning strategies.

Within this global context, Latin America faces distinctive structural challenges. The region
hosts the largest global deployment of bus rapid transit (BRT) systems, transporting more than 21
million passengers daily, which reflects a strong reliance on public transport as a primary mobility
solution [3–5]. However, public transportation systems in the region are frequently constrained
by financial limitations, service informality, operational inefficiencies, and limited infrastructure
investment. In Colombia, these challenges are intensified by high transportation costs, informal
services, and accessibility gaps affecting both urban and rural populations [6, 7].

These problems become particularly relevant in Andean territories, where mountainous terrain
and high exposure to extreme climatic events associated with El Niño–Southern Oscillation (ENSO)
phenomena frequently disrupt strategic road corridors [8]. In countries such as Colombia, Peru, and
Ecuador, landslides and road infrastructure failures generate significant economic losses and may
isolate rural communities for prolonged periods, increasing territorial disparities in access to essential
services [9, 10]. Under these conditions, intermunicipal public transportation systems are highly
vulnerable, since their operation depends on road networks exposed to closures, deterioration, and
limited redundancy.

From a methodological perspective, the analysis of transportation systems requires tools capable of
evaluating both the structural properties of road networks and their operational performance. Complex
network theory has emerged as a powerful framework for representing transportation infrastructures
as graphs, where nodes and edges allow the identification of critical structural elements through
centrality metrics, robustness measures, and percolation analysis [11–13]. Recent studies have shown
that graph-based approaches are useful for evaluating resilience, vulnerability, and recovery strategies
in public transport and interdependent transportation networks [14–17]. These works emphasize that
failures affecting highly central or strategically located elements may produce disproportionate impacts
on system connectivity and service performance.

Simulation-based approaches have also played an important role in the analysis of transportation
systems. Discrete event simulation provides a flexible framework for representing operational
processes such as vehicle movements, passengers boarding and alighting, travel time variability,
and service frequencies [18–20]. Recent applications have combined discrete event simulation
with empirical data, GPS information, and geographic information systems to evaluate congestion
management, freight operations, and route performance under realistic operating conditions [21, 22].
In addition, simulation methods have been widely used to assess transportation infrastructure
resilience, disruption impacts, and operational recovery strategies [20, 23].

Building upon these simulation approaches, recent advances in queueing theory have considerably
expanded the analytical capabilities for modeling stochastic transportation and service systems.
Modern formulations incorporate correlated arrival processes, multi server architectures, batch arrivals,
dynamic priority mechanisms, and resource-sharing strategies, providing rigorous mathematical
tools for evaluating systems’ performance under uncertainty [24–26]. These approaches have been
successfully applied to logistics systems, warehouses, hospitals, communication networks, and other
service-oriented infrastructures, offering valuable insights into congestion, resource allocation, and
operational efficiency.
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Although complex network analysis, discrete event simulation, and queueing-based models have
been extensively applied in transportation and service systems, they are often used as independent
approaches. Most existing studies focus either on the structural characterization of transportation
networks or on the operational simulation of service dynamics, with relatively limited integration
between both perspectives. Consequently, there remains a need for methodologies capable of
linking structural network properties with operational performance under realistic disruption scenarios,
particularly in intermunicipal transportation systems operating in geographically complex regions.

Motivated by this research gap, the present study proposes an integrated methodological framework
that combines complex network analysis with discrete event simulation to evaluate the intermunicipal
public transportation system of the Department of Quindı́o, Colombia. Unlike approaches that
analyze network structure and operational dynamics separately, the proposed framework explicitly
connects both dimensions by using the road network to identify critical nodes and corridors, determine
feasible transportation routes, estimate travel distances, and evaluate operational impacts under
disruption scenarios.

The methodology includes the construction of a directed multigraph from OpenStreetMap
data [27, 28], the identification of critical nodes and corridors through multiple centrality measures,
resilience assessment, and percolation analysis [29, 30], and the development of a discrete event
simulation model that incorporates passenger boarding and alighting processes together with travel
speed variability. The resulting framework provides quantitative evidence to support transportation
planning, route design, and contingency management, while offering a scalable methodology that
can be adapted to other intermunicipal public transportation systems with similar geographical and
operational characteristics.

2. Materials and methods

2.1. Study area

The study area corresponds to the department of Quindı́o (Figure 1), located in the Andean region
of Colombia, with an approximate area of 1845 km2 and a population close to 550,000 inhabitants [31].
The territory is characterized by a predominantly mountainous topography, steep slopes, high drainage
density, and significant susceptibility to landslides. These conditions strongly influence the operation
and reliability of the intermunicipal public transportation system.

The departmental road network connects 12 municipalities, with the city of Armenia acting as
the central node of the system. This network constitutes a strategic mobility corridor supporting key
regional economic activities such as coffee production, tourism, and regional trade.
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Figure 1. Location of the department of Quindı́o in Colombia.

2.2. Road network construction

The road network of the department of Quindı́o was constructed using open geospatial data obtained
from OpenStreetMap (OSM) [32], using the OSMnx library [27, 28]. The network is represented as a
directed graph G = (V, E), specifically a multidigraph [33], where the set of nodes V represents road
intersections, transportation terminals, and key municipal connection points, while the set of edges
E represents road segments linking these nodes. Each edge is weighted according to its geographic
length, as illustrated in Figure 2.

Within the network extracted using OSMnx, each node represents a road intersection or a relevant
geometric transition point in the road infrastructure. Nodes store spatial and topological information
including unique identifiers, geographic coordinates (latitude and longitude), and connectivity
attributes derived from the network structure.

Edges represent road segments connecting nodes and include attributes describing their physical
and operational characteristics, such as segment length, road type, number of lanes, directionality,
geometric layout, and, when available, speed limits.

To facilitate storage, sharing, and the reproducibility of the constructed network, the graph was
exported and stored in the GraphML format. This XML-based format preserves both the topological
structure of the graph and the attributes associated with nodes and edges, including identifiers, lengths,
directionality, and weights.

The constructed road network consists of 9141 nodes and 20,877 edges. The average node degree

Networks and Heterogeneous Media Volume 21, Issue 4, 1544–1579.



1548

is 4.57, indicating that each node is connected to approximately 4.57 neighboring nodes on average.
The calculated network density is 0.0002, which suggests a relatively sparse network structure typical
of road transportation systems.

(a) (b)

Figure 2. (a) Topographic map of the department of Quindı́o. (b) The corresponding road
network extracted from OpenStreetMap.

2.3. Centrality analysis and topological characterization

A centrality analysis was performed on the constructed road network using tools from complex
network theory [11–13, 34]. The following metrics were computed: Degree centrality, closeness
centrality, betweenness centrality, eccentricity, eigenvector centrality, straightness centrality, and
network resilience.

These metrics allow the identification of critical nodes and transportation corridors whose disruption
could significantly affect the overall connectivity of the system. Additionally, the structural
resilience of the network was evaluated through progressive removal scenarios targeting highly
central nodes, analyzing the resulting network fragmentation and the loss of connectivity between
municipalities [29, 30].
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2.4. Resilience in complex networks

Resilience in complex networks refers to the ability of a system to resist, adapt to, and recover
from internal or external perturbations while maintaining its essential functionality. In networked
systems, this functionality is typically associated with global connectivity, the efficient transmission of
information or resources, and the ability of nodes to remain interconnected.

According to Fraccascia et al. [35], the resilience of a complex system can be understood as its
capacity to absorb disturbances, reorganize, and continue operating while preserving its structure and
identity. This perspective highlights that resilience involves not only resistance to disruptions but also
the adaptive capacity of the system under adverse dynamics.

From a structural perspective, Costa [36] defined network resilience as the robustness of the system
against node removal, particularly when nodes are removed in a targeted manner according to their
degree or centrality. This approach enables the evaluation of a network’s vulnerability to intentional
attacks and suggests reinforcement strategies through the addition of alternative links.

Similarly, Paul et al. [37] analyzed resilience by estimating the critical fraction of nodes, denoted as
fc, whose random removal leads to the loss of global connectivity. This methodology relies on Monte
Carlo simulations and allows the estimation of structural tolerance thresholds for different network
topologies such as scale-free or bimodal networks.

Furthermore, Gao et al. [38] proposed a general analytical framework for complex dynamic systems
in which resilience is characterized as a transition from a functional to a non functional state under
parameter variations. Their approach introduces the macroscopic parameter βeff, which summarizes the
combined effects of multiple structural and dynamical perturbations and allows the system’s dynamics
to be described through a universal resilience function.

In infrastructure networks such as road systems, resilience is typically evaluated by analyzing
changes in network connectivity after removing nodes that represent intersections or road segments.
These analyses include simulations of targeted attacks (based on the degree or centrality) and random
failures, monitoring the evolution of the giant connected component and calculating indicators such as
the area under the connectivity curve to estimate the overall resilience of the system.

2.5. Simulation of public transport on the Quindı́o road network

To model the dynamics of intermunicipal public transportation, a discrete event simulation
was implemented using the SimPy library in Python [39]. The simulation operates on the
previously constructed road network obtained by OSMnx [27, 28], represented as a weighted directed
graph (Figure 2), where nodes correspond to road intersections and the edges correspond to road
segments with attributes such as length and estimated travel time.

The simulation is inspired by concepts from queueing theory but does not assume a classical
analytical queueing model such as an Markovian/Markovian/single-server (M/M/1) queueing model.
Instead, it implements an event-driven discrete event simulation in which vehicle movements trigger
the operational events occurring along the route. Passenger exchanges take place only when the
bus reaches predefined stopping locations; consequently, passenger generation is associated with bus
arrivals rather than with an independent temporal arrival process. The model therefore focuses on
representing the operational behavior of intermunicipal public transport under realistic road conditions
rather than on reproducing passenger demand dynamics.
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Bus routes are predefined according to the operating schedules established by the transportation
companies. Consequently, each simulated bus follows a fixed route without interacting with vehicles
assigned to other routes, reflecting the actual operational organization of intermunicipal public
transport in the department of Quindı́o. Likewise, transfers between routes are not considered. Traffic
congestion is also not modeled explicitly because the analyzed routes are predominantly intermunicipal
and operate on road corridors with a relatively low traffic density. Instead, local traffic conditions are
incorporated indirectly through stochastic variations in the travel speed assigned to each road segment.

Passengers boarding and alighting are represented by bounded stochastic variables derived from
field observations, while travel times depend on both the geometric characteristics of the road network
and the operational variability introduced through speed fluctuations. Although passenger demand
in rural transportation may exhibit seasonal or batch-arrival patterns, modeling demand generation is
beyond the scope of the present work. The proposed framework focuses on evaluating the operational
consequences of the road network’s structure on travel times and route performance. Future extensions
of the model may incorporate demand-driven passenger generation and sensitivity analyses with
respect to different passenger arrival processes.

The complete road network was divided into zones representing key segments of the routes
connecting selected municipalities with strategic nodes of the system, particularly the Armenia
transportation terminal, located in the departmental capital. Each zone is defined by a starting node,
an ending node, and a range of average speeds (vmin, vmax), which are randomly assigned during each
simulation run. Additionally, each zone includes specific rules governing passenger boarding and
alighting processes.

The interaction between the complex road network and the discrete event simulation occurs
throughout the entire simulation process rather than only at its final stage. The graph extracted from
OpenStreetMap provides the topological structure on which the simulation operates by determining the
feasible routes between consecutive zones through shortest-path algorithms, supplying the geometric
length of every road segment, and defining the sequence of nodes traversed by each vehicle.
Consequently, the operational behavior simulated in SimPy is directly constrained by the underlying
network topology, since travel times, route lengths, intermediate stopping locations, and alternative
paths under disruption scenarios are all computed from the graph representation. This integration
ensures that the discrete event simulation is network-driven rather than operating on an abstract
representation of predefined travel times.

Within each zone segment, two intermediate nodes are randomly selected as bus stops. At these
stops, passengers board or alight from the vehicle according to bounded random values constrained
by the maximum bus capacity. The stochastic parameters used in the simulation are derived from
empirical observations of real bus routes, including typical travel times and operating speeds.

The distance between consecutive nodes is obtained from the length attribute of the road graph,
and the travel time between nodes is computed using the following relation:

ti j =
di j

v
· 60, (2.1)

where di j represents the road length between nodes i and j expressed in kilometers, and v denotes the
bus’s speed in km/h. The resulting travel time is expressed in minutes to maintain consistency with the
simulation time scale.
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Each bus begins its route with a partial passenger load and sequentially traverses the predefined
zones while accumulating the total travel time. The simulation records events such as passengers
boarding, passengers alighting, and arrival at the final destination, allowing the evaluation of the
operational efficiency of the system. This modeling framework incorporates stochastic variability in
traffic conditions and enables an assessment of how different structural configurations of the network
influence travel times and passengers’ distribution.

The simulation framework is formally defined over the directed weighted graph G = (V, E), where

• V represents the set of nodes corresponding to road intersections, bus stops, or relevant transport
infrastructure points;

• E represents the set of directed edges corresponding to road segments connecting nodes, each
associated with attributes such as physical length ℓi j and estimated travel time ti j.

Each bus follows a predetermined route defined as an ordered subset of nodes R = {v0, v1, . . . , vn} ⊆

V , representing the full trajectory from origin to destination. The temporal dynamics of the trip are
determined by two main components: Travel time between consecutive nodes and stopping time at
intermediate stations. Thus, the total travel time T of a route is computed as

T =
n−1∑
i=0

ℓvivi+1

vi
+

n−1∑
i=0

τvi , (2.2)

where

• ℓvivi+1 represents the length of the edge connecting nodes vi and vi+1, obtained directly from the
length attribute of the road graph;

• vi denotes the average speed of the bus on the corresponding road segment, randomly selected
from a predefined interval associated with each geographic zone;

• τvi represents the stopping time at node vi, determined stochastically by passenger boarding and
alighting dynamics and constrained by the maximum vehicle capacity.

Boarding time typically ranges between 10 and 30 seconds per passenger. This interval was
established from field observations conducted on intermunicipal bus routes in the department of
Quindı́o. The observed variability reflects the operational conditions of rural transportation, where
passengers frequently board with luggage, agricultural products, or bulky personal belongings,
increasing boarding times compared with those typically reported for urban public transport. Passenger
alighting generally requires considerably less time because fare payment is completed during boarding;
therefore, only the boarding process is explicitly incorporated into the service time estimation.

This model integrates the topological structure of the road network with the dynamic operational
behavior of the public transport system, allowing the representation of realistic operating conditions
such as travel time variability, passenger demand fluctuations, and service times. Based on this
formulation, multiple simulation scenarios can be performed to evaluate the performance and
robustness of the transportation system.
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3. Results

3.1. Degree centrality analysis in the Quindı́o road network

Degree centrality is one of the most widely used metrics for analyzing complex networks, including
road networks. For a node v ∈ V , degree centrality is defined as

CD(v) = deg(v), (3.1)

where deg(v) represents the number of edges incident to node v. In directed graphs, two types are
distinguished:

• In-degree centrality: Measures the number of incoming edges to a node, reflecting the amount
of received connectivity;

• Out-degree centrality: Measures the number of outgoing edges from a node, indicating the
number of connections generated by the node toward other nodes.

This indicator is useful for identifying nodes that function either as arrival points (important
destinations) or origin points (traffic distributors) within the road network, and is typically associated
with transport terminals, key intersections, or strategic corridors [11, 12, 40].

The analysis of the Quindı́o road network reveals relevant patterns with respect to these two
centrality measures. Figure 3(a), corresponding to in-degree centrality, shows that nodes with the
highest values tend to be concentrated in centrally connected areas, acting as the main destinations
within the network. Peripheral nodes, by contrast, exhibit low values, indicating lower attraction of
traffic flow.

Figure 3(b), which represents out-degree centrality, displays a similar spatial pattern but emphasizes
nodes that act as generators of trajectories toward different sectors of the network. Together, both
indicators make it possible to identify critical nodes for mobility optimization and intermunicipal
public transport planning.

The distributions of in-degree and out-degree shown in Figure 3(c),(d) indicate that most nodes have
low degree values, whereas only a few nodes exhibit higher connectivity. This pattern is consistent
with the behavior typically observed in spatial road transportation networks, where geographical and
infrastructural constraints limit nodes’ connectivity and prevent the emergence of highly connected
hubs. More specifically, nodes with degree three were found to be the most frequent, whereas
nodes with degree five are less common. A considerable number of degree-one nodes were also
identified, corresponding to road endpoints or dead-end segments where vehicles must return because
no additional roads are available for further progression. Therefore, the observed degree distribution is
more representative of a spatial transportation network than of a scale-free network characterized by a
power-law degree distribution.
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(a) (b)

(c) (d)

Figure 3. (a) In-degree centrality; (b) out-degree centrality; (c) distribution of in-degree
values; (d) distribution of out-degree values.

3.2. Closeness centrality

Closeness centrality measures how close a node is to all other nodes in the network by computing
the inverse of the sum of the shortest distances from that node to all others. For a node v, it is defined as

CC(v) =
N − 1∑

u∈V, u,v
d(v, u)

, (3.2)

where

• N is the total number of nodes in the network;

• d(v, u) is the shortest geodesic distance between node v and node u.
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This metric is particularly useful for identifying nodes that can rapidly transmit information, traffic,
or influence to other nodes. In the context of the Quindı́o road network, nodes with high closeness
centrality are those with faster access to the rest of the network, suggesting that they may function as
strategic centers for mobility and traffic distribution [12, 13, 40, 41].

Figure 4(a) presents the distribution of closeness centrality values. Most nodes exhibit relatively low
centrality, which is typical of road networks in which only a small number of nodes occupy privileged
positions for rapidly connecting different parts of the system. However, the upper tail of the distribution
reveals the presence of a few nodes with significantly higher values, confirming the existence of key
nodes that enhance the overall network connectivity. These findings are consistent with expectations
for transportation networks, in which connectivity is unequally distributed and favors a limited number
of strategic nodes.

Figure 4(b) shows the spatial distribution of closeness centrality in the Quindı́o road network. The
highest values are mainly concentrated in the central part of the department, where the road density
is greater. This concentration indicates that nodes in this area have better accessibility to other points
in the network, suggesting that they are essential for the connectivity of the road system. Toward the
territorial extremes, closeness centrality decreases, reflecting lower connectivity and larger average
distances to other nodes.

(a) (b)

Figure 4. Closeness centrality in the road network of the department of Quindı́o: (a)
Distribution of closeness values; (b) geographic location of closeness centrality in the
road network.

The analysis further indicates that the lowest closeness centrality values are located predominantly
in the southern zone, corresponding to the municipality of Génova, and in the northwestern zone of
the department. These sectors present lower relative accessibility due to their peripheral geographic
position and the lower density of road connections linking them to the rest of the network. In particular,
Génova, located in a mountainous and remote area, exhibits longer paths to other nodes in the network,
reducing its efficiency in reaching different parts of the system. A similar pattern is observed in the
northwestern zone, which is less integrated with the main road corridors and therefore requires longer
routes to access other strategic nodes of the road network.
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3.3. Betweenness centrality in the Quindı́o road network

Betweenness centrality is a metric that measures the frequency with which a node or an edge
appears on the shortest paths between pairs of nodes in a network. This measure is especially useful
for identifying nodes and edges that function as bridges or critical points for maintaining network
connectivity [40, 42, 43].

For a node v ∈ V , betweenness centrality is defined as

CB(v) =
∑
s,t∈V
s,v,t

σst(v)
σst
, (3.3)

and for an edge e ∈ E, as

CB(e) =
∑
s,t∈V
s,t

σst(e)
σst
, (3.4)

where

• σst is the total number of shortest paths between s and t;

• σst(v) is the number of those paths that pass through node v;

• σst(e) is the number of those paths that pass through edge e.

In the context of the Quindı́o road network, nodes and edges with high betweenness centrality are
fundamental for traffic flow, since their disruption could generate a significant impact on the overall
connectivity of the system.

Figure 5(a) presents the spatial distribution of betweenness centrality for nodes in the Quindı́o road
network. Contrary to what might be expected, the highest values are not concentrated exclusively on
the major highways of the department. Instead, several road corridors stand out that, although not
primary highways, play a key role in regional connectivity. These corridors include:

• Montenegro–El Caimo–La Tebaida route: A paved road with limited capacity and
susceptibility to bottlenecks;

• Calarcá–Armenia via Bohemia route: A tertiary road with unpaved sections and structural
limitations for heavy traffic;

• Génova–Barragán–Armenia route: The only paved road connecting Génova for all types
of traffic;

• Circasia via Montenegro and Circasia–Armenia via Hojas Anchas routes: Paved roads
requiring widening to improve their capacity;

• Barcelona–Armenia via the “Y” junction: a paved highway-type corridor that is crucial for
connecting Valle del Cauca with Bogotá.
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Figure 5(b) shows edge betweenness centrality, which evaluates the role of edges within the road
network. The results also highlight the relevance of these secondary roads, which, despite not being
formally classified as main roads, function as strategic corridors for intermunicipal mobility. The high
betweenness centrality values observed in these roads suggest that any interruption along them could
significantly affect traffic flow, emphasizing the need to improve their infrastructure in order to reduce
the risk of network collapse.

(a) (b)

Figure 5. Betweenness centrality in the road network of the department of Quindı́o: (a) Node
betweenness centrality; (b) edge betweenness centrality.

Figure 6 shows that, with the exception of the Barcelona–Armenia via the Y junction route,
all the roads identified as critical are secondary corridors and exhibit high vulnerability to closures
caused by severe weather, accidents, landslides, or other disruptive events. These findings indicate
that betweenness centrality and edge betweenness centrality are effective for identifying routes whose
structural integrity is essential for preserving regional connectivity. Consequently, these roads should
be prioritized for capacity improvements and infrastructure reinforcement, including higher-quality
asphalt layers and appropriate road signaling.

Networks and Heterogeneous Media Volume 21, Issue 4, 1544–1579.
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Figure 6. Road map of the department of Quindı́o and roads with the highest edge
betweenness centrality values. Screenshot taken from Google Maps.

3.4. Eccentricity in the public transport network

The eccentricity of a node in a network is defined as the greatest geodesic distance between that
node and any other node in the network [13, 44–46]. Mathematically, for a node v, its eccentricity ε(v)
is defined as

ε(v) = max
u∈V

d(v, u), (3.5)

where d(v, u) represents the shortest distance between nodes v and u in the graph G = (V, E). This
measure provides a way of evaluating how far a node may be from the rest of the network and is useful
for identifying both central and peripheral nodes.

Figure 7 presents the spatial distribution of eccentricity in the road network of the department of
Quindı́o. In this visualization, colors range from blue (low eccentricity) to red (high eccentricity). The
radius of the network (R = 85) is also indicated, corresponding to the minimum eccentricity value,
together with the diameter (D = 139), which represents the maximum distance between pairs of nodes.

Nodes with lower eccentricity, that is, those from which any other point in the network can be
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reached with shorter maximum distance, are concentrated in the central region of the department,
particularly in the urban area of Armenia and its zone of influence. These areas may be considered
structural centers of the road network and therefore constitute suitable locations for critical transport
infrastructure such as intermunicipal terminals or logistics centers.

By contrast, nodes with higher eccentricity values (red zones in the figure) are located in the
northern, eastern, and southern extremes of Quindı́o, especially in rural or difficult to access areas such
as the district of Barragán or rural roads toward Génova. These areas are farther from the functional
center of the network and require more time or distance to connect with the rest of the system, making
them more vulnerable to isolation, and are therefore priority targets for strategies aimed at improving
connectivity or providing complementary transport services.

Figure 7. Eccentricity in the Quindı́o transport network. The minimum radius R = 85 and
the diameter D = 139 are highlighted. Nodes in blue have lower eccentricity (central zones),
whereas nodes in red indicate higher eccentricity (peripheral zones).

3.5. Eigenvector centrality

Eigenvector centrality is a metric that quantifies the structural importance of a node as a function
of both its connectivity and the importance of its neighbors. Unlike degree centrality, which simply
counts direct connections, eigenvector centrality assumes that connections to influential nodes increase
the prestige of the evaluated node [47–49]. This measure is defined as the solution of the system

x⃗ = λAx⃗, (3.6)

where A is the adjacency matrix of the graph, x⃗ is the vector of node centralities, and λ is the largest
associated eigenvalue. The value xi for each node i reflects its relative importance in the network.

Figure 8 shows the spatial distribution of eigenvector centrality in the road network of the
department of Quindı́o. Nodes are coded by color (from blue to red) and size, where higher values
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indicate structurally influential nodes surrounded by other highly connected nodes.
The figure shows that nodes with the highest centrality values cluster in the metropolitan area of

Armenia, where connection density and route redundancy are greater. These nodes act as concentration
points for potential flow in the network and can therefore be regarded as essential for the stability and
efficiency of the intermunicipal transport system.

In contrast, nodes with low eigenvector centrality are located in peripheral and rural areas,
where connectivity is sparse or dominated by terminal routes. Although these points may remain
operationally active, they exert limited structural influence on the rest of the network, and their
disconnection would have a smaller impact on the overall integrity of the system.

Eigenvector centrality complements other metrics such as betweenness and eccentricity, since
it reveals not only how connected a node is but also how strategically positioned it is within the
hierarchical structure of the network.

Figure 8. Eigenvector centrality in the Quindı́o road network. The most central nodes appear
in red, whereas peripheral nodes are shown in blue. The inset circle highlights that the central
area of the city of Armenia contains the most central nodes in the network.

3.6. Straightness centrality

Straightness centrality is a metric that evaluates the geometric efficiency of access from a node to
the rest of the network. It is defined as the ratio between the Euclidean distance (straight-line distance)
and the geodesic distance (actual distance along the network) between pairs of nodes. For a node i,
straightness centrality is expressed as

S C(i) =
1

N − 1

∑
j∈V
j,i

dE(i, j)
dG(i, j)

, (3.7)
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where dE(i, j) is the Euclidean distance between nodes i and j, and dG(i, j) is the geodesic distance
along the network. This metric takes values between 0 and 1, with 1 representing perfectly direct
paths. Straightness centrality was proposed to analyze the efficiency of movement in spatial networks
and has been successfully applied in urban and mobility studies [29, 50, 51].

In the context of public transportation, this measure makes it possible to identify nodes that provide
relatively direct routes to many other points in the system, and it is associated with greater spatial
accessibility. A node with high straightness centrality represents a structurally privileged location for
optimizing passenger mobility and reducing travel times.

Figure 9 presents the spatial distribution of straightness centrality in the road network of the
department of Quindı́o, based on the previously computed values. Nodes in red indicate high
straightness values, whereas nodes in blue reflect lower geometric efficiency.

Figure 9. Straightness centrality in the Quindı́o road network. Nodes in red indicate more
direct trajectories with respect to the rest of the network.

As shown in Figure 9, nodes with higher straightness centrality tend to cluster in the central region
of the department, particularly around the highway that enters from the department of Valle del Cauca
and crosses Quindı́o from southwest to northeast, continuing toward the departments of Risaralda and
Tolima. A similar pattern is observed around the metropolitan area of Armenia, where the road network
is denser and more structured. These nodes provide relatively direct access to multiple sectors of the
territory, making them highly efficient locations for public transport operations.

By contrast, nodes with low straightness centrality are concentrated mainly in the northern extreme,
particularly on rural roads crossing the Barbas Bremen natural reserve, as well as in the southern and
eastern sectors of Quindı́o, where local mountain roads in the Central Andes are characterized by
indirect trajectories, winding routes, and limited connectivity.
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3.7. Percolation-based resilience assessment in the road network

To evaluate the structural resilience of the road network of the department of Quindı́o, a
percolation-based analysis was performed. In this study, resilience is understood as the capacity of the
network to preserve global connectivity under node removal processes, while percolation provides the
methodological framework used to evaluate how this connectivity changes as nodes are progressively
removed. Therefore, resilience assessment and percolation analysis are not treated as independent
procedures but as complementary components of the same robustness analysis.

The road network extracted using the OSMnx library was represented as an undirected graph in order
to simplify the structural connectivity analysis. The relative size of the giant component (that is, the
largest connected component of the network) was used as the main indicator of global connectivity.
Following the structural perspective proposed by Costa [36] and Paul et al. [37], two perturbation
scenarios were considered:

1. Targeted attack: Sequential removal of nodes according to their structural importance, initially
based on node degree;

2. Random failure: Removal of randomly selected nodes.

Percolation theory provides a formal framework for studying structural transitions in complex
networks [52, 53]. Originally developed in statistical physics, this theory describes how, as an
occupation parameter changes, such as the probability that a node or link is active, a network may
transition from a connected state to a fragmented one. This phenomenon has been widely applied to
evaluate the robustness, connectivity, and resilience of complex systems, including urban transportation
networks [54–56].

In transportation networks, percolation analysis makes it possible to identify critical points beyond
which the functional network loses global connectivity. The emergence or preservation of a giant
component is interpreted as a signal of structural functionality, whereas fragmentation into small
components represents a loss of global connectivity. Li et al. [57], for example, applied this framework
to the road network of Beijing and showed that percolation-based indicators can identify structural
bottlenecks that are not always captured by classical centrality measures.

In the first stage, the effect of moderate perturbations was evaluated by removing up to 50 nodes
from the network. Under both the random and targeted removal scenarios, the evolution of the giant
component was measured as nodes were removed. This made it possible to evaluate how the overall
connectivity of the network decreases under localized perturbations.

Figure 10 shows that under moderate perturbations, both scenarios produce only a slight decline
in connectivity. The targeted attack based on node degree leads to a gradual decrease in the size of
the giant component, while the random failure scenario remains initially stable and then exhibits a
more pronounced reduction after approximately 35 nodes have been removed. Nevertheless, in both
cases, the giant component remains above 98.7% after the removal of 50 nodes. This indicates that the
Quindı́o road network is robust against localized or moderate structural failures.

Resilience index based on the area under the curve (AUC)

To quantify this behavior, the area under the curve (AUC) was computed for each scenario. This
index summarizes the stability of the giant component throughout the node removal process.
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The results shown in Figure 10 and Table 1 suggest that, when only a small fraction of the
total network is removed, the Quindı́o road network preserves most of its structural connectivity.
The minimal difference between the AUC indices indicates that degree-based targeted attacks and
random failures have similar effects at this perturbation scale. This behavior is consistent with the
relatively homogeneous and bounded-degree structure of spatial road networks, where the node degree
is constrained by geographical and infrastructural factors.

However, this result should not be interpreted as evidence that the network is globally resilient
under all possible levels of disruption. The previous experiment evaluates only moderate perturbations,
corresponding to the removal of a limited number of nodes. To examine the network’s response under
more severe disruptions, the node removal process was extended to larger fractions of the network
through random and targeted percolation scenarios.

Figure 10. Evolution of the giant component under node removal.

Table 1. Structural resilience index according to the area under the curve.

Type of perturbation Resilience index (AUC)

Targeted attack (by degree) 49.81
Random failure 49.73

3.7.1. Random percolation

As shown in Figure 11, the percolation curve under random node removal shows a progressive
decrease in the proportion of the giant component as the fraction of removed nodes increases. Initially,
the network preserves a highly connected structure. However, once approximately 10% of the nodes
have been removed, an accelerated decline in overall connectivity becomes evident. When nearly 30%
of the nodes are removed, the giant component shrinks to less than 10% of its original size, and by
50% removal, it practically disappears.
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Figure 11. Percolation curve under random node removal.

The normalized resilience index calculated for this scenario was 0.16. This value reflects a
substantial reduction in connectivity as node removal progresses. Although the network preserves
its structure under moderate localized failures, large-scale random disruptions produce a significant
decrease in the size of the giant component, indicating a progressive loss of global connectivity.

3.7.2. Targeted percolation

As shown in Figure 12, in the targeted percolation scenario, nodes were removed in decreasing
order according to their degree. The corresponding curve shows slightly greater persistence of the
giant component during the initial stages of node removal. Nevertheless, a significant reduction in
connectivity is observed once approximately 10% of the nodes have been eliminated. Although the
decline is more gradual than in the random case, the network still undergoes substantial fragmentation
as the fraction of removed nodes increases.

Figure 12. Percolation curve under targeted node removal.

The resulting normalized resilience index was 0.19, slightly higher than in the random percolation
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scenario. This suggests that network connectivity is not concentrated exclusively in a small subset
of high-degree nodes, which is consistent with the structural characteristics of spatial road networks.
Nevertheless, the progressive loss of connectivity under extensive node removal reveals that structural
fragilities still persist.

Taken together, these results clarify the apparent contrast between the moderate node-removal
experiment and the full percolation analysis. The Quindı́o road network should not be described as
simply “resilient” or “fragile” in absolute terms. Rather, its behavior depends on the scale of the
perturbation. The network is robust against localized or moderate failures, preserving most of its
giant component when only a limited number of nodes have been removed. However, it becomes
increasingly vulnerable under large-scale disruptions, where the accumulation of failures leads to
global fragmentation.

This distinction is relevant for planning intermunicipal public transportation. Isolated incidents may
be absorbed by the network without a major loss of structural connectivity, but widespread disruptions
caused by landslides, extreme rainfall, simultaneous road closures, or deterioration of several
secondary corridors may severely compromise regional accessibility. Therefore, percolation-based
resilience assessment provides useful quantitative evidence for identifying the limits of the network’s
robustness and for prioritizing interventions aimed at improving redundancy and connectivity in
vulnerable areas.

3.7.3. Percolation under different centrality-based attack strategies

To further investigate the structural vulnerability of the Quindı́o road network, percolation analyses
were performed using three centrality-based attack strategies: Degree, betweenness, and closeness
centrality. This comparison makes it possible to evaluate how different definitions of nodes’ importance
affect the network’s robustness and to identify the nodes that play the most critical role in maintaining
global connectivity.

For each strategy, nodes were sequentially removed in decreasing order of centrality, and the relative
size of the giant component was monitored as a function of the fraction of removed nodes. The
resilience of the network was quantified using the normalized percolation AUC, where lower values
indicate a faster loss of connectivity and therefore greater vulnerability.

Figure 13 and Table 2 reveal substantial differences among the attack strategies. The most disruptive
scenario corresponds to the removal of nodes with the highest betweenness centrality, producing a
rapid collapse of the giant component and yielding the lowest resilience index (AUC = 0.065). This
result indicates that the overall connectivity of the road network depends strongly on a relatively small
number of bridging nodes that connect different sectors of the system.
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Figure 13. Percolation curves obtained under degree-betweenness, and closeness-based
attack strategies.

Table 2. Resilience indices obtained for different attack strategies.

Attack strategy Resilience index (AUC)

Degree centrality 0.164
Betweenness centrality 0.065
Closeness centrality 0.330

The attack based on degree centrality also reduces connectivity, but its impact is considerably
weaker (AUC = 0.164). This behavior suggests that the number of direct connections of a node is not
the most informative indicator of structural importance in this road network. Since most intersections
exhibit similar degree values, removing the highest-degree nodes does not immediately fragment
the system.

In contrast, the closeness-based attack produces the highest resilience index (AUC = 0.330),
indicating that nodes with high accessibility are not necessarily the most critical for preserving global
connectivity. Although their removal increases travel distances and reduces efficiency, the network
remains structurally connected for a longer period.

These results demonstrate that betweenness centrality is the most effective metric for identifying
critical nodes in the Quindı́o road network. Consequently, the network’s vulnerability is associated
primarily with intermediary nodes that act as bridges between regions rather than with highly connected
nodes. This finding is consistent with previous studies on transportation systems, where structural
robustness is often governed by corridor-like elements that concentrate the shortest paths and traffic
flows [54, 55, 57].
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The comparison also highlights the importance of evaluating multiple centrality measures when
assessing transportation network resilience. While degree centrality provides information about
local connectivity, betweenness centrality captures the strategic role of nodes in maintaining global
accessibility and therefore offers a more suitable criterion for vulnerability analysis in spatial
road networks.

3.8. Public transport simulation

The discrete event simulation is directly coupled with the road network obtained from the complex
network analysis. The road graph is not used solely for topological characterization; it provides the
feasible transportation corridors, the travel distances between origin and destination, and the set of
alternative routes available under road disruption scenarios. Consequently, the simulation operates on
the transportation network extracted from the graph, allowing structural changes in the network to be
translated into measurable operational impacts. Travel times are therefore not determined exclusively
by the geometric length of the routes, but also by stochastic operating conditions, including speed
variations along different road segments and passenger boarding and alighting processes.

A simulation was then performed on a route that the centrality analysis had identified as sensitive
to interruptions.

3.8.1. Génova–Armenia transport terminal route

Figure 14 shows the route followed by the bus in the simulation, connecting the municipality of
Génova with the transport terminal of the city of Armenia. This route crosses the department from
south to north and was used to evaluate passengers’ boarding and alighting dynamics, as well as travel
times and cumulative distance.

Figure 14. Simulated bus route from Génova to Armenia.

During the simulation, the bus started with a partial load of 10 passengers. In terms of distance, the
simulated trajectory accumulated a total of 53,963.02 meters (approximately 54 km).
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To evaluate travel-time variability and compare it with real-world estimates, 100 independent
simulations of the route were performed, and the results are shown in Figure 15. Each point in the
graph represents the total travel time (in minutes) required for the bus to complete the route in one
simulation run, taking into account random events such as the speed in each segment, the number of
passengers boarding and alighting, and the time required for each operation. The green dashed line
indicates the average simulated travel time, approximately 96.90 minutes, while the red line represents
the travel time estimated by Google Maps, which is 84 minutes for the same route.

The travel time reported by Google Maps (84.00 min) was used only as an external operational
reference rather than as a formal calibration dataset. This value corresponds to a weekday estimation
obtained under normal traffic conditions and provides an independent benchmark for assessing the
realism of the simulated travel times. Since the objective of the proposed model is to evaluate the
operational effects of the road network topology and stochastic service variability, rather than to
reproduce the traffic conditions of a specific day, the comparison should be interpreted as an indication
of the model’s consistency rather than as a direct validation against GPS trajectories collected from
transport operators.

This analysis shows that although there is inherent variability in the travel times due to factors
such as speed fluctuations across road segments and passengers’ boarding and alighting dynamics, the
simulated model produces an average travel time reasonably close to the real estimate. It should be
noted that, although Google Maps includes an option for public transport times, this functionality is
not enabled for intermunicipal routes in the department of Quindı́o. For this reason, the estimate based
on private vehicle travel time was adopted as the reference.

Despite this limitation, Figure 15 shows that the difference between the average simulation
time (green dashed line) and the Google Maps estimate (red line) remains within a range of
approximately 10 to 12 minutes. This difference can be mainly attributed to the operational stops
required by public transport for passengers’ boarding and alighting.

Figure 15. Dispersion of simulated travel times compared with the travel time estimated by
Google Maps.
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3.8.2. Simulation of decision-making under road disruptions: Génova–Armenia case

This experiment illustrates the integration between complex network analysis and discrete event
simulation. After identifying a structurally sensitive corridor through the network analysis, a disruption
is introduced into the road graph. The resulting feasible alternative routes are then obtained from
the underlying network topology and evaluated through simulation to quantify their operational
consequences in terms of travel time and route performance.

One of the fundamental aspects of intermunicipal public transport planning is the capacity to adapt
to unexpected road interruptions. In order to analyze this capability in the road network of the
department of Quindı́o, a decision-making simulation was carried out based on a critical disruption
on the usual route connecting the municipality of Génova with the Armenia transport terminal.
This interruption was simulated in the road segment known as the “Y” descent, an area historically
associated with a high incidence of traffic accidents.

The usual route from Génova to the Armenia Terminal covers a distance of 53.96 km, passing
through Barragán, Barcelona, and the direct road toward the city of Armenia. Figure 16(a) shows
the geographic layout of this route, whereas Figure 16(b) illustrates the dispersion of travel times
obtained from 100 simulations. The average simulated time was approximately 96.90 minutes, while
the corresponding Google Maps estimate for the same route is 84 minutes.

(a) Usual Génova–Armenia route (53.96 km) (b) Travel time simulation for the usual route

Figure 16. Route and travel time simulation for the usual trip between Génova and Armenia.

Given the simulated interruption at the “Y” sector, two feasible alternative routes were identified
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from the road network and subsequently evaluated through discrete event simulation. The first
alternative (Calarcá-Terminal) follows the main corridor toward the city of Calarcá, a highway that
connects Valle del Cauca with Bogotá. Along this route, the bus bypasses the urban area of Calarcá
and continues toward the roundabout on the road to Ibagué, finally taking the road toward Armenia
and reaching the terminal. This route has a total length of 63.54 km, representing an increase of
approximately 9.58 km with respect to the usual route. Figure 17(a) presents the route map, and
Figure 17(b) shows the simulation results, with an average travel time of 104.63 minutes. This
represents an additional travel cost of approximately 10 minutes and is very close to the Google Maps
estimate of 103 minutes.

(a) Alternative route via Calarcá (63.54 km)
(b) Travel time simulation for the route via
Calarcá

Figure 17. Alternative route and travel-time simulation for the Génova–Armenia trip
via Calarcá.

The second alternative considers a route through the municipality of La
Tebaida (Tebaida–Terminal). The bus descends along a tertiary road, which is unpaved in some
sections, toward the roundabout leading to El Edén International Airport. From there, it takes a
modern dual carriageway directly to the city of Armenia. This is arguably one of the highest-quality
roads in the department. The total distance of this route is 55.67 km, only 1.71 km longer than the
usual route. Figure 18(a) shows the geographic trajectory, whereas Figure 18(b) presents the resulting
travel time dispersion, with an average of 122.48 minutes.
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(a) Alternative route via La Tebaida (55.67 km)
(b) Travel time simulation for the route via La
Tebaida

Figure 18. Alternative route and travel time simulation for the Génova–Armenia trip via
La Tebaida.

The obtained results show that during an interruption of the usual Génova–Armenia route, the
Quindı́o road network provides viable alternatives, although at the cost of a significant increase in
travel time. The usual route registers an average time of 95.73 minutes, whereas the alternative
route via Calarcá increases this value by approximately 9 minutes, yielding an average of 104.63
minutes. In turn, the alternative route through La Tebaida produces an average time of 122.48 minutes,
corresponding to an increase of approximately 27 minutes with respect to the main route. These
results indicate that, although the system offers redundancy in connectivity, the alternative routes
imply substantial temporal costs from the perspective of intermunicipal transport decision-making and
road planning.

It is important to clarify that, although the second alternative (Tebaida–Terminal) presents a distance
only slightly longer than the usual route, its viability is strongly conditioned by the physical state of the
road in its initial section, namely the initial detour from the traditional route. As shown in Figure 19,
this sector is unpaved and lacks adequate infrastructure, which could hinder the circulation of heavy
vehicles such as intermunicipal buses, especially during rainy periods. In fact, Google Maps does not
enable this route under the public transport option for this area, and in Figure 18(b), the usual route was
therefore kept as the reference. Consequently, although the computational simulation yields feasible
results, albeit with longer travel times, this route requires a more careful practical assessment before it
can be considered a safe and efficient alternative under disruption scenarios.
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Figure 19. Road conditions on the Génova–Armenia transport terminal alternative route via
La Tebaida.

After the first section of the Tebaida–Terminal route, which is not suitable for public transport
circulation, the route continues along a road that can be considered one of the best in the department
of Quindı́o, characterized by a dual carriageway infrastructure and higher operating speeds. These
conditions partially compensate for the delays generated in the initial section of the route.

It is also important to note that, in both alternative scenarios, the model did not include passenger
boarding or alighting events because the simulations represent an emergency rerouting scenario
caused by an unexpected road disruption. Under these circumstances, buses are assumed to continue
transporting only the passengers already on board at the moment of the incident, while the probability
of new passengers boarding or alighting along the temporary diversion routes is considered negligible.
This assumption allows the analysis to isolate the impact of the route diversion on travel times and
network performance without introducing additional variability associated with passenger demand.

In summary, the simulation results indicate that, under interruptions on the usual route between
Génova and Armenia, the most efficient operational option is to redirect traffic through the
Calarcá–terminal corridor. Although this route is slightly longer in terms of distance, it represents
an increase of only 9 minutes with respect to the usual trip, compared with more than 25 additional
minutes for the route via La Tebaida. This difference is critical in contexts where arrival time, service
efficiency, and traffic flow optimization are determining factors for intermunicipal public transport
operators. In addition, the route through Calarcá runs along paved, high-capacity primary roads, which
reduces risks associated with road infrastructure’s condition, passenger safety, and vehicle wear.

Overall, the proposed framework combines structural network analysis with discrete event
simulation to support operational decision-making in intermunicipal transportation. The complex
network provides the topological representation of the road system, identifies structurally sensitive
corridors, and determines feasible alternative routes, whereas the simulation quantifies the operational
consequences of these structural changes. This integration enables the evaluation of disruption
scenarios from both topological and transportation perspectives.
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4. Conclusions

In general terms, the methodological framework developed in this study demonstrates that the
integration of complex network theory with discrete event simulation models based on queueing theory
constitutes a powerful and versatile approach for analyzing interurban passenger public transportation
systems. Representing transport systems as graphs allows rigorous characterization of the topological
structure of the road network, enabling the identification of critical elements and the evaluation of
their resilience under perturbations. At the same time, discrete event simulation makes it possible to
model the operational dynamics of passenger flows, incorporating the inherent variability associated
with travel times, service frequencies, and passenger boarding and alighting processes.

This methodological combination provides an integrated perspective that goes beyond purely
macroscopic or static approaches, offering realistic estimates of the system’s performance under
different scenarios. Due to its modular and scalable nature, the proposed framework can be adapted
to different territorial contexts and levels of complexity, making it a generalizable tool for the
planning, evaluation, and management of interurban public transportation systems in diverse regions
and mobility networks.

An important contribution of the proposed framework is that the complex network and the discrete
event simulation are not treated as independent analytical stages. Instead, the road network directly
constrains the operational simulation by determining feasible routes, travel distances, intermediate
stopping locations, and the response to disruption scenarios. Consequently, structural modifications to
the network are immediately translated into measurable operational impacts, establishing an explicit
connection between topological vulnerability and transportation performance.

The department of Quindı́o in Colombia was selected as a case study. The results of the centrality
analysis reveal a strongly hierarchical road structure characterized by the presence of critical nodes and
corridors that concentrate a significant proportion of the connectivity and potential flow of the system.
Degree and closeness centrality metrics identified a strong concentration of connectivity around the
metropolitan area of Armenia, confirming its role as the functional core of the intermunicipal transport
network (see Figures 3, 4, and 7).

Betweenness centrality analysis further revealed that several secondary and tertiary roads—such
as the Génova–Barragán–Armenia, Calarcá–Armenia, and Montenegro–El Caimo–La Tebaida
corridors—play a disproportionately important structural role in regional connectivity despite their
physical and operational limitations. This finding highlights a systemic vulnerability: The dependence
of the transportation system on infrastructures that were not designed to support high traffic volumes
or recurrent disturbance events (see Figure 5).

The eccentricity and eigenvector centrality metrics reinforce this interpretation by revealing a clear
differentiation between highly integrated central zones and peripheral regions with a higher risk of
isolation (see Figures 7 and 8). Taken together, the centrality analysis provides robust quantitative
evidence of the structural bottlenecks of the Quindı́o road system and establishes a solid technical
basis for prioritizing infrastructure interventions, strengthening the resilience of intermunicipal public
transport, and improving territorial planning under disruption scenarios.

The additional comparison of centrality-based attack strategies provided further insight into the
structural organization of the network. While degree centrality has traditionally been used to identify
critical nodes, the results demonstrate that betweenness centrality is substantially more effective for
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detecting the elements whose removal produces the greatest loss of global connectivity. This finding
indicates that the strategic role of a node within the transportation network depends not only on its
number of connections but also on its function as a bridge linking different regions of the network.

In addition, the percolation analysis allowed the explicit evaluation of the structural resilience
of the intermunicipal road network of Quindı́o under progressive failure scenarios. The initial
comparison between random failures and targeted attacks confirmed that the network is considerably
more vulnerable when strategically important nodes are removed than under random failures (see
Table 1 and Figures 10–12). To further investigate this behavior, additional percolation experiments
were performed using different node removal strategies based on degree, betweenness, and closeness
centrality (Figure 13). The results demonstrate that attacks guided by betweenness centrality produce
the fastest deterioration of the giant component, indicating that bridge nodes connecting different
regions of the network play a more critical structural role than highly connected nodes alone.
Degree-based attacks exhibit an intermediate response, whereas closeness-based attacks preserve
global connectivity for a substantially longer period. These findings indicate that betweenness
centrality is the most informative metric for identifying structurally critical elements in the Quindı́o
road network and confirm that the vulnerability of the system is concentrated in a relatively small set
of strategic nodes rather than being homogeneously distributed throughout the network.

Although the network structure provides alternative routes in the event of blockages along major
corridors, the results show that several of these alternatives present operational limitations—such as
unpaved and narrow roads—that make them unsuitable for regular intermunicipal public transport
operations, particularly in terms of capacity, safety, and travel times. This behavior is characteristic of
hierarchical networks with low functional redundancy, where localized failures—such as landslides,
road closures, or extreme weather events—can trigger extensive disconnections and significant
territorial isolation. From an operational and planning perspective, the percolation results highlight
the need to prioritize the strengthening and redundancy of nodes and edges identified as critical, as
well as to incorporate structural resilience criteria into infrastructure investment and intermunicipal
transport management decisions.

Similarly, the results of the discrete event simulation applied to the Génova–Armenia intermunicipal
route reveal the significant impact that both the structure of the road network and the local operational
conditions have on the performance of the public transportation system. The simulation allowed
the estimation of realistic travel times under different scenarios, showing that this route exhibits
high sensitivity to variations in average speed and to partial interruptions of the corridor due to its
mountainous layout and the limited availability of functional alternative routes.

Although the simulation is inspired by queueing theory, it should not be interpreted as a classical
analytical queueing model. Instead, queueing concepts are used to represent operational events
associated with vehicle movements, passengers boarding, and service times within a network-driven
discrete event framework. This formulation provides sufficient flexibility to represent rural
intermunicipal transportation while allowing future extensions incorporating demand-driven passenger
arrival processes or more sophisticated stochastic arrival models.

The simulated scenarios confirmed that, under disruption events, increases in travel times are not
linear but instead become amplified due to cumulative effects associated with intermediate stops,
passengers’ boarding and alighting times, and the geometric constraints of the road infrastructure. The
comparison with reference travel times obtained from GPS navigation platforms showed reasonable
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agreement, supporting the validity of the proposed model. Overall, these results highlight the
operational vulnerability of the Génova–Armenia route and emphasize the importance of incorporating
dynamic and operational criteria, in addition to structural factors, in the planning and management of
intermunicipal public transportation in the department.

The operational parameters adopted in the simulation were derived from field observations
conducted on intermunicipal bus routes in the department of Quindı́o. In particular, passengers’
boarding times reflect the operating conditions of rural transportation, where luggage and agricultural
products frequently increase service times compared with typical urban systems. Consequently,
the proposed model seeks to represent realistic regional operating conditions rather than relying
exclusively on generic values reported in the literature.

Finally, this study demonstrates that the integrated use of tools based on complex network theory
and discrete event simulation provides robust quantitative support for decision-making in road planning
and intermunicipal public transport management. This approach goes beyond traditional descriptive
analyses by providing objective criteria for identifying critical corridors, evaluating the structural
resilience of the network, and anticipating the operational impacts of decisions such as road closures,
temporary detours, or infrastructure interventions.

From a broader methodological perspective, this work contributes to reducing the gap between
structural transportation network analysis and operational public transport simulations. Previous
studies have generally focused either on the topological characterization of transportation networks
or on stochastic simulations of transportation operations. By explicitly integrating both perspectives
within a single computational framework, the proposed methodology enables the simultaneous
evaluation of structural vulnerability, operational performance, and disruption management, providing
a more comprehensive tool for transportation planning in geographically constrained regions.

In particular, the ability to combine centrality metrics, percolation analysis, and dynamic
simulations offers transportation authorities and territorial planners an effective tool for prioritizing
investments, designing contingency plans, and improving the efficiency of public transport services
under conditions of climatic and operational uncertainty. In this sense, the systematic adoption of
these methodologies can significantly contribute to a more resilient, efficient, and evidence-based
management of regional transportation systems.

This integrated methodology is readily transferable to other intermunicipal transportation systems
where infrastructural constraints, geographical complexity, and operational uncertainty play a decisive
role in mobility planning and resilience assessment.
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