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Abstract

Navigating and planning optimal paths for resource delivery algorithms presents significant physical
and technical challenges in urban areas, particularly due to the use of existing infrastructure. As smart
cities continue to grow, the importance of these algorithms becomes increasingly evident. The current
urban landscapes are becoming saturated, which increases the complexity and difficulty of navigating
vital resources. However, navigating densely connected networks can be intricate, often requiring
substantial computational resources or additional algorithms. Unfortunately, there is a scarcity of
explicit algorithms for navigating these networks, leading to a reliance on heuristic approaches and
previous network systems. This dependence can create computational challenges, as navigation in
this context often involves a combinatorial search space. One recent solution to address this issue
is Morphological Shortness Path Planning (MSPP), which offers an efficient method for calculating
the best trajectory within a complex graph. In larger towns, calculating and estimating the optimal
trajectory and delivery time for resources starting from a store is a common task. Various external
factors, such as average speed, time, and distance, influence these challenges. This paper presents a
strategy for computing and forecasting delivery times by analyzing the accessibility of reliable paths
from a delivery center. The results demonstrate a more efficient response time, ultimately improving
planning for resource delivery in complex urban environments.

Keywords: urban road network; mathematical morphology search; Resource Management; graph
search; smart cities

1. Introduction

The nature, magnitude, and complexity of the transportation network environment pose major
challenges for intelligent navigation systems [1,2]. One of the main tasks in this context is the selection
of the most efficient route for logistical transfer management between two points of interest [3].

In this context, road and highway systems are a critical component of the urban and rural
infrastructure that enables the livelihood of the population. These transportation systems are an
indispensable part of the good development and economic growth of a region, reflecting its economic
condition [4,5]. Transport and distribution logistics represent the last stage of the traditional life cycle
in the development of products and services [6]. This phase involves the effective, efficient, and safe
transportation of goods and services from distribution centers to multiple delivery points, in order
to meet the needs of the end customer. Companies need to reduce the variable costs and fixed costs
associated with the processes of distributing goods, since these directly impact the final cost of the
products. Specifically, variable costs usually include, among others, fuel costs when traveling a route
or the time spent on each transfer. Therefore, these costs are directly influenced by the distance and
duration of the trip. In a real context, it is necessary to consider various restrictions and parameters
that depend on the route, length, and travel time [7-9].

A transportation system is fundamentally comprised of a vast and interconnected network of
roads, streets, avenues, highways, railways, ports, and air routes. These elements are essential for
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facilitating communication between populated areas. Effective road communication is crucial; it
ensures that people, services, and supplies can reach their destinations quickly and safely, significantly
enhancing the quality of life and driving the socioeconomic growth of the population [10]. The avenue
network can be accurately modeled as a graph, and navigating this graph-based structure is a critical
focus within graph theory. One of the primary objectives in this field is to identify the most efficient
path. The literature offers numerous approaches to tackle this challenge, often constrained by the
specific context of their application. Nevertheless, these constraints make it possible to compute
solutions effectively under certain conditions [11-13].

The core issue at hand is to find a suitable solution to the most efficient path problem. It is
essential to acknowledge that this problem is undecidable [14]; therefore, the proposal focuses on
developing a practical approach to identify reliable solutions that closely approximate the optimal
ones in a timely manner.

The task of computing the shortest path over a dense graph is considered an NP-complete
problem [15]. There are robust methodologies that propose alternative solutions to help determine a
solution that is regarded as computable in terms of adequate resources and time, thereby avoiding
unmanageable computational tasks. The environment of the scenario and the operation define a set of
restrictions that allow the problem to remain within ranges considered manageable.

Morphological Mathematics (MM) offers two fundamental operators: dilation and erosion. By
combining these operators, we can create new filters and operators, such as opening, closing, and the
morphological gradient. These operations modify input data based on a neighborhood constraint
defined by a structural element [16-18]. In most applications, MM serves as a generalized reference
framework primarily used in grid structures, and less frequently in graph spaces associated with a
lattice through morphological operators[19,20]. In a graph space that lacks a defined order relation,
morphological operators act as predecessor and successor operators, thereby generating an order
relation. This work implements a generalized framework to identify the minimum path between two
designated points, based on the morphological operators. The morphological approach begins with a
minimum connected subgraph, in contrast to the total search space, referred to as the supremum. This
method has proven efficient for finding optimal routes in graph-based spaces [21].

Now, the literature defines an urban road network as a complex interconnected system, due to
the large number of spatial components with intricate structures that interact with each other and can
be represented as a dense graph [22]. Roads in a city/town/country can be represented as a graph of
interconnections, and finding the best route with minimum cost in a graph is a challenging task that
requires NP-algorithms [23-25]. One of the complex challenges arises when any position in an urban
center does not rise with the road infrastructure due to the urban conditions.

The approach focuses on analyzing the applicability of optimizing resource distribution by
calculating optimal routes based on the concept of critical radius of impact reach. This concept defines
the reach of trajectories generated from a distribution center and their impact when traversing a graph
space composed of a dense network in a settlement with manageable complexity. To achieve this goal,
the approach introduces two new operators that support a new family of algorithms, providing an
efficient framework for navigation in dense graphs [21].

Finally, the proposed strategy is validated through an experimental process aimed at identifying
the scope of the most efficient routes, using the geographic image layer corresponding to the avenues
of Mexico’s largest and most representative city as a basis. The study focuses on distribution centers
located in highly economically relevant and densely populated areas, characterized by a complex
road network and a high number of interconnected avenues. These areas exhibit significant variations
in traffic speeds throughout the day. This task is carried out by implementing in the case study
the Morphological Shortening Path Planning algorithm (MSPP), proposed by Pérez-Ramos et al. in
2024 [21]. The results obtained demonstrate the effectiveness and scope of applying the proposed
methodology in real, dynamic, and complex urban scenarios.
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The rest of the article is organized into sections. Section 2 presents a literature review of the works
considered relevant on the subject. Then, Section 3 describes the details of the proposal. Section 4
presents the experimental process developed in the work. Section 4.2 presents the results obtained
and discusses the findings. Finally, Section 5 presents the conclusions, discusses the limitations of the
proposed case study, and describes any future work that may arise.

2. Literature Review

Since the beginning of the COVID-19 pandemic, the world has experienced significant changes
in its consumption dynamics, highlighting a notable growth in demand for goods and services. This
increase has generated significant opportunities in urban freight distribution. This distribution plays a
fundamental role as the basis for commercial activities that support the economy and the dynamics of
growing cities. However, indirect problems related to increased traffic flow and the quality of services
have also been detected [26].

The fundamental problem of vehicle routing initially arises as an optimization complement
to the classic routing problem used in maritime oil transport between underlying refineries. In
this sense, a specific set of customers with potential variable product demands is defined, and a
centralized distribution center manages the delivery of goods to these customers through a predefined
transport fleet that allows for efficient organization of distribution routes. The main objective is for
the distribution of products to reach their destinations, covering the distance with the lowest possible
cumulative cost, which in turn implies the minimization of operating costs and operating times.
Various constraints defined by the use case are also considered [27].

Moutaoukil [28] classifies the problems associated with urban freight distribution into three large
groups: the first, related to economic impact, covers problems of operational inefficiency, high service
costs, among others; the second, focused on environmental impact, considers aspects such as CO,
emissions, global warming, and excessive consumption of fossil fuels; finally, the social impact, which
is reflected in issues of public health, traffic accidents, noise pollution, and customer satisfaction.

Based on this evidence, two key components can be identified that contribute to addressing these
areas of opportunity. The first component generally focuses on the analysis of optimal routes, with
the goal of reducing the calculation of discretized geodesic distances along the avenues that must be
traveled efficiently, minimizing costs and delivery times, and improving the customer experience. The
second component focuses on the analysis of the impact radius of distribution centers, especially in
complex cities, enabling greater efficiency in delivery planning through the use of parameters such as
the best routes and average traffic speeds.

2.1. Distribution Center Location Logistics

The literature describes the hub as a unified distribution center where key tasks such as receiving,
sorting, storing, and processing goods of various types are performed. These centers are essential for
logistics management, as they allow for the implementation of more efficient distribution strategies,
significantly contributing to cost reduction. Furthermore, each transport unit that departs from the
distribution center can be considered a mobile mini-hub, as it transports various quantities of goods
that are delivered along a pre-planned route, serving multiple customers located in the same area. The
problem of hub location consists of determining the optimal location for these centers, ensuring an
efficient flow of goods. To do this, it is necessary to consider the operational scope of the fleet, avoiding
areas with high overlap in delivery routes that could hinder or impede the logistics process [29].

Considering the aforementioned challenges and areas of opportunity, a disproportionate growth
in demand is identified, along with urban management and logistics problems. Therefore, analyzing
the impact radius based on distribution centers located in densely populated areas represents a
promising strategy to reduce these problems [30,31].

Some works have proposed models based on the optimal location of micro-hub networks that
allow covering the largest possible area in urban delivery services, as in [32]. These models are based
on optimization algorithms for agile routing, which have proven effective in cities with high logistical
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complexity, such as the case study of Barcelona, where a large number of distribution centers with
variable impact radius are required [10].

Bard and Nananukul [33] propose an integrated framework that includes production, inventory,
and distribution planning, with the objective of satisfying customer demand by minimizing total
costs. This type of model focuses on clearly defined objective functions, which include: (i) minimizing
transportation costs, considering the number of vehicles, their types, and load capacities; (ii) minimiz-
ing the total distance traveled; (iii) determining the minimum fleet necessary to complete deliveries;
(iv) minimizing downtime or empty vehicle runs; and (v) reducing penalty costs associated with
non-compliance with customer service levels.

To address this problem, the model presented in [34] proposes a single hub as a unified distribution
center with time-varying demand, a finite planning horizon, and a homogeneous fleet of vehicles for
deliveries. The routing problem is solved using reactive tabu search, which allows for finding feasible
solutions to the entire problem. However, the model faces significant challenges as the amount of
information analyzed increases, due to the high computational complexity of the proposal.

2.2. Optimal Routes Approach

In the context of intelligent navigation, route planning represents one of the most relevant areas
to consider. Some works introduce the concept of symmetry through bidirectional search techniques,
thus optimizing the route calculation process. In practical scenarios, where complex real-world
environments are represented as densely connected graphs, planning algorithms such as A* have
established themselves as fundamental tools for determining the route with the lowest cumulative
cost, according to a metric defined based on the analysis case.

To address this task, there are various approaches aimed at obtaining optimal routes. One of
the most classic approaches is based on graph search techniques, among which the most notable are
Dijkstra’s algorithm [35], which has been improved and adapted with use-case-specific restrictions,
expanding its applicability; and the A* algorithm, which uses a heuristic function to estimate the
minimum cost required to reach the target node [36].

On the other hand, sampling-based algorithms, such as Rapidly-Exploring Random Tree (RRT)
[37] and Branch and Bound (B&B) [38], build random trees from samples of the search space, discarding
trajectories that are not viable for achieving the objective.

However, there are strategies based on optimization functions, among which stand out genetic
algorithms [39], particle swarm optimization (PSO) [40], and ant colony optimization (ACO) [41],
among others.

In [42], a model is proposed that addresses the problem of vehicle routing under delivery time
window constraints. The total distribution radius is calculated using the A* algorithm, considering
objective functions that incorporate penalties for delivery overtime, as well as customer satisfaction.
This process is optimized using a hybrid algorithm based on ant colonies. Along these lines, various
approaches are compared in Table 1, considering the search space addressed in each study, as well as
the constraints and key factors included in the proposed models.

On the other hand, graph-based search approaches that determine the best possible route have
proven to be a robust framework for this type of study [21]. This approach focuses on analyzing
and predicting maximum reach ranges based on the geodesic distance, defined by the distribution
environment and centers strategically located in areas with high commercial traffic, such as Mexico
City. In addition to considering the geodesic distance as a relevant factor, the average traffic speed is
incorporated into the analysis according to the time of day in which the delivery is simulated, as well
as the delivery area in which it is carried out.
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Table 1. Approaches to computing the best path trajectory.

Approach

Space

Remarks

Agile routing algorithms
[10]

Graph

An adaptive algorithm is proposed that efficiently
determines the optimal number and ideal location of
micro-distribution centers, optimizing urban freight
logistics using heuristic methods and machine
learning. This approach considers minimizing the
total distance, associated costs, and CO, emissions
throughout the distribution network.

Optimal traffic allocation
approach [43]

Grid

The approach employs an optimal traffic allocation
technique aimed at minimizing average travel time.
This methodology has proven effective in practical
contexts, particularly in traffic management during
disaster evacuation scenarios where densely
populated areas generate increased traffic congestion
on major arteries, increasing travel time to safe areas.

Improved A* algorithm
and Ant colony algorithm
[42]

Graph

It proposes a logistics route optimization model
based on the relationship between maximum
customer satisfaction and minimum total distribution
costs. The model considers two objective functions:
the first focuses on minimizing costs associated with
CO; emissions, overloading, and transportation,
while the second seeks to maximize customer
satisfaction. To solve the problem, improved A*
algorithms and ant colony-based optimization
techniques are implemented.

Adaptive genetic
algorithm [13]

Graph

An adaptive genetic algorithm is introduced that
improves local optimization capabilities by exploring
large neighborhoods. This algorithm is applied to an
urban logistics distribution model with variable
constraints and time windows. The objective function
considers both total cost minimization and customer
satisfaction maximization.

The tabu search algorithm
[34]

Graph

An approach to supply chain optimization is
presented, focusing on the coordination of
production, inventory, and delivery planning, with
the goal of minimizing logistics costs. The model
considers a single production point, variable
customer demand, and a fleet of delivery vehicles. To
solve the problem efficiently, a reactive tabu search
procedure is implemented.

Dynamic programming
and Lagrangian heuristics
algorithms [9]

Graph

This approach uses a new mathematical model that
incorporates numerous complex constraints of
classical routing problems. A dynamic programming
solution is offered, dividing the general problem into
subproblems, which are solved repeatedly and stored
to avoid unnecessary recalculations.
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Table 1. Cont.

Approach Space Remarks

This heuristic incorporates fairness and dispersion
criteria as auxiliary metrics in solving the delivery
problem. It also considers multiple variables
associated with the loading, unloading, and transfer
processes, among other factors that can influence the
estimated delivery time. Given that this is a
dynamic-stochastic problem, an integer
programming-based formulation is proposed,
allowing for an approximate static-deterministic
solution.

Heuristic approach with

Integer Programming [5] Graph

An innovative approach is proposed that defines a
general framework based on operators from
morphological mathematics, from which two new
Graph & operators are generated. These operators establish an
Grid incremental natural order relationship, determined
by the optimal least-cost path between two points of
interest, with a computational complexity
comparable to that of state-of-the-art methods.

Morphological Shortness
Path Planning Approach
[21]

3. The Proposal

In this section, an efficient distribution scheme based on the concept of critical radius of affectation
range is presented, using the Morphological Shortness Path Planning (MSPP), proposed by Perez-
Ramos et al. in 2024 [21]. This approach is used as a framework for the optimized search process in a
discrete space represented by dense graphs.

3.1. Search Criterion

The MSPP method employs morphological operators to evaluate the spatial neighborhood to
identify potential path trajectories. This technique involves executing a series of dilation operations
initiated from the origin node. Upon reaching the destination node, the frequency of dilation for each
node generates a new topological surface. On this surface, the paths connecting the origin to the
destination nodes represent the shortest trajectories, adhering to a semi-order relation. The semi-order
relation is defined by the number of times each node was dilated.

This approach demonstrates computational efficiency by exploring both breadth and depth,
thereby enabling the effective elimination of node regions that do not contribute to the optimal
solution. The algorithm works on the assumption that solutions can be accessed through dilation,
which may lead to a non-decidable state. However, as discussed in [], this issue is addressed by
implementing a conditional test that verifies whether the solution remains within a non-connected
graph structure.

This characteristic makes it feasible to use the algorithm for work purposes, which necessitates an
efficient algorithm that is decidable over the best path trajectory to be applied in the infrastructure of
dense towns. The algorithm pseudo-code is presented in Algorithm 1.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Algorithm 1 Pseudo code of MSPP based from [21]

1: procedure MSPP (xg, D, x*, G, A)
2: M<=6y- ... -0p-xguntil reach D with the neighborhood A
n-times
3: > Adopting as origin the starting point in the graph, through dilation the destination is reached.
4 if D will not reach then
5: return null path, the destination does not belong to the graph.
6
7

end if
M1 5, < -0) - D until reach x, with the neighborhood A
n-times
8: > From destination D build a list with all possible paths that follow the step-by-step relation
semi-order.

9: P < DetermineOptimal Path
10: C < ComputeCost(P)
11: return P, C
12: end procedure

3.2. Implementation Issues

To summarize the concepts introduced in this chapter, the proposed methodology focuses on
selecting a distribution center and evaluating its surroundings to estimate delivery routes. This process
involves considering the size of the access area based on the chosen location, the distribution of
vehicles, and the maximum distance that needs to be covered. This distance depends on the delivery
infrastructure and can vary; larger zones tend to be more beneficial, as they reduce complexity in the
analysis.

Next, the local neighborhood is analyzed to understand the topology (road infrastructure) sur-
rounding the distribution center. The topology is crucial because the complexity and constraints of
access can affect the actual distance that needs to be traveled to deliver goods. The distance traveled
is referred to as the geodesic distance, as it represents the real adjacency of the roads that form the
sequence of routes for delivering the goods. The Eucliden distances (as the distance from the deliver-
ing center to the location in a direct line) are used to appreciate the complexity of delivering to each
destination zone.

Following this, we used the neighborhood topology along with prior information about common
destinations and potential delivery locations to assess neighborhood accessibility. Table 2 illustrates
the destination zones; these zones become used as a reference to understand the topology establish the
best criteria for delivering goods, and evaluate the best time response. Formally, the delivering center
becomes denoted by a tuple D = (x1, x), which indexes in the geographical grid the physical location.
the list of possible destination ® = {(x1, x2) ...} that represent a geographical delivering locations.

Based on this data, we computed a list of optimal delivery paths using the MSSP algorithm
described in Algorithm 1. The optimal routes computed denote the geodesical shortest path and
represent the most suitable to be performed. This list produced a set of optimal routes for deliveries in
the area.

The previously destination places, which, together with a sampling process, build a list of
destinations. The first step involves determining the geographical location. Once the map of the
vitality structure is obtained, the next task is to compute potential and probable destinations within a
proximity radius using the MSPP algorithm. This process is illustrated in Figure 2 for the Terminal
Norte location. The geographical zone indicates the location of the distribution center. In this context,
the proximity area is defined as approximately 2 km, the distance an operator can cover on a motorcycle.
Using a motorcycle is preferred because it offers a dynamic mode of transport that is more effective in
crowded scenarios.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4. Experimental Analysis and Results

In this section, an experimental model is presented to evaluate the strategy’s performance and
applicability in a practical case in large cities with complex road systems.

4.1. The Context of Application

Planning and estimating deliveries from a store or distribution point in a large town presents a
significant opportunity, as it directly impacts customer satisfaction and can make delivery planning
more cost-effective based on the town’s local dynamics. To address this challenge, a strategy focused
on delivery locations around the store was proposed. This strategy leverages potential delivery areas
and sub-sampling locations to optimize the delivery process.

By using this information, we can define a maximum distance for delivering goods based on the
physical distance from the store. A list of available locations allows us to compute the best delivery
path using the Morphological Shortest Path Planning (MSPP) approach, constructing a dense graph
based on the city’s layout. This graph is created to show the center of average distribution within the
maximum proximity radius. The computation considers the town’s structure and direction within this
proximity perimeter.

The continuous evaluation of the best delivery path yields insights into the optimal physical
delivery route. As a result, the distance distribution across all delivery routes provides valuable data,
enabling us to calculate the expected distance that will need to be covered.

While physical distance is an essential factor, it only accounts for part of the task. Traffic flow
throughout the day significantly influences the average speed of navigation within the town, which
can be represented as a delay in arriving at each destination in our graph. By combining the average
traffic flow with the expected delivery distances from the store throughout the day, we can anticipate
the delivery times to various locations. This information serves as the data foundation for creating our
delivery planning strategy, which is the primary objective of this work.

4.2. The Case of Study

Mexico City, the country’s capital, is divided into five main zones: South, North, East, Central,
and West. It is Mexico’s most densely populated city, with the highest population density in the
central-northern zone. As a result, certain densely populated areas have been identified where delivery
services tend to incur high costs due to the time and distance required for deliveries. Figure 2 illustrates
the location of Mexico City and the candidate zones to analyze, labeled by the numbers 1 to 5 that
represent strategic zones to install a center delivery. In particular, Table 2 summarizes the specific
candidate zones to be considered, indicating in a small map the geographical place that corresponds to
each one set up to deliver supplies.

The implementation involves using the current town topology while adhering to existing flow
restrictions and directions. In this analysis, the proximity radius is approximately 2 km (that represents
a coverage area around 12 km?), which is a manageable distance for a motorcycle. To illustrate the
case study, we focus on one of the selected locations, Terminal Norte, and the complete results for all

locations are presented in Section 4.3.

Figure 1. Location of a Mexico City Town and distribution centers to analyze the proximity radius [44].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 2. Step 1: Table of distribution center location.

No Place Town area
1 Churubusco South of town
2 San Lazaro Center-East of town
3 Santa Anita Center-South of town
4  Terminal Norte North of town
5 Zocalo Center of town

1. Selecting the geographical location
of the distribution center.

2. Extracting the topological 3. Mark and select a sampling of 4. Utilize the MSPP algorithm to determine
information of avenue resources. potential destinations that are in the most efficient route to the distribution
close proximity to the center, maximizing potential destinations
distribution center. and optimizing delivery efficiency.

) )

w0 20 2 1200 1400 1500 0w

o0 om0 1000 10 1500
Euciidean istance (Meters) Geodesic distance

w0 )
Dalivery Time (soconds)

6. Calculate the time delay needed to reach the expected 5. Analyze the expected value to compute the distance
destination based on the mean traffic velocity at that time. performed to achieve the destinations.

Figure 2. Illustration of process analysis.
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https://doi.org/10.20944/preprints202507.0300.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 July 2025 d0i:10.20944/preprints202507.0300.v1

10 of 16

Figure 3. Sampling of candidate distribution locations within the vicinity radius using Euclidean and geodesic
distances for the optimal distribution of resources to various distribution centers: (a) Churubusco, (b) San Lazaro,
(c) Santa Anita, (d) Terminal Norte, and (e) Zdcalo.

The experimental process shows an application of the algorithm for calculating the minimum
route in a graph-based space proposed by Perez et al. (2024) [21]. The validation of the application
is evaluated in a practical case of calculating optimal routes by radius of reach of impact on the
distribution of resources. The experimental process is described from the stage of reinterpretation of
the map in a graph-based representation to the analysis of the calculation of the approximate geodetic
distance until the objectives are reached. The complete process consists of the following stages.

1. Selecting the geographic location of the distribution center. In this process, well-known distribution
centers in the city are selected, located in central, high-traffic areas of Mexico City (see Table 2).
This selection aims to evaluate the efficiency of the proposal in representative environments with
high demand for this type of service.

2. Extract topological information of avenue resources. The process involves encoding the cities as a
connected graph and creating the nodes through the encoding process by detecting these as
the intersection zones between the avenues. For this purpose, a section of the map of the most
densely populated and complexly structured cities like Mexico, such as Mexico City, is used. The
graph is weighted based on the distance in a defined metric space to represent the connections
of the nodes accurately. The vertex detection method is used to segment the road and identify
the maximum values of the distance transformation, which serve as nodes. The interconnection
between the avenues generates the arcs that serve to connect each pair of nodes.

3. Marking potential destinations near the distribution center. Random points are proposed that simulate
the final delivery or distribution locations. These delivery points will serve as a reference for
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calculating the best possible route, considering the average speed variables defined by the area
being analyzed.

4. Application of the MSPP algorithm to determine the most efficient distribution route. This process
defines route reach areas from a central distribution point and a maximum reach. This critical
radius is defined under an Euclidean metric and Geodesic distance. The structure of the avenues,
streets and highways define the trajectories with radius based on the geodesy of the scenario,
calculating the maximum reach radius of a service.

5. Analyze the expected value to calculate the distance traveled to reach the destinations. In this stage, the
impact is analyzed in multiple representative areas of the main distribution points in Mexico
City. The objective is to evaluate the distance traveled to reach any target point, starting from the
distribution center, considering it as the center of the affected area, considering both the expected
Euclidean distance and the geodesic distance.

6.  Calculate the delay time to reach the expected destination based on the average traffic speed. Finally, a
complementary analysis is carried out by analyzing the length of the maximum range geodetic
routes in contrast with the estimated time it takes to travel in an average week, according to
average traffic speed values in Mexico City by urban area.

4.3. Results

Following Figure 2, it begin with satellite images to create binary representations of vital resources
and traffic flow within the city. The image encodes all vehicular communication viaities expressed
as marked zones. The information about the city’s avenues can be represented as a graph space.
The binary map results in an effective navigable map, because it becomes represented as the graph
adjacency to navigate among the viatliaties.

The algorithm’s input image is derived from candidate locations designated as distribution
centers and available distribution destinations, while also considering the surrounding areas for goods
delivery. We employ random sampling from these candidate zones, ensuring a uniform probability
distribution that accurately extracts local neighborhood behavior.

In the same vein, the computational process responsible for analyzing and processing all candidate
delivery zones and the candidate delivery center by calculating the shortest routes with MSPP.

After identifying all the shortest paths, we calculate the Euclidean distance, representing the direct
line between the origin and destination, and the geodesic distance, which reflects the actual distance
based on the graph’s topology. These calculations are highly relevant for estimating the travel distance
of each delivery vehicle from the distribution center to the destination. The results of the shortest path
distribution are illustrated in the fifth step of Figure 2, which shows the distances calculated from
the areas defined as sampling points. The expected value calculation provides information about the
actual distance traveled during the distribution process.

Like distance, the average speed at which vehicles can move in these areas of Mexico City plays a
crucial role in calculating the time required for deliveries. These data were analyzed last year (2024)
based on studies conducted by INEGI and SEMOVI. [45,46]. The importance of this variable is clearly
illustrated in the calculation of delivery times shown in the fourth step of Figure 2.

The time required for delivering goods is not constant; it varies over time due to differences in the
average speed of vehicles in each local neighborhood. This speed reflects the density of communication
resource usage at different times, affecting delivery timelines. In step 6, we will detail the computation
and adjustment of average velocity to varying hours of the day to provide further clarity on this matter.

The complete data analysis regarding delivery times is illustrated in Figure 4. The results show
the average time delay for completing deliveries in different city zones. Notably, delivery times are
influenced by both the hour and the location. For instance, in Churubusco on a Saturday at 8:00 AM,
the delivery time is approximately 160 seconds. However, if the delivery is made at the same location
and time but on a different day (e.g., Friday), the time increases to about 190 seconds. A similar effect
is observed on Saturdays in the Santa Anita area, where the difference between making a delivery at
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7:00 a.m. and 8:00 a.m. increases from 130 to 160 seconds, due to the variation in average speed and
well-known peak hours in the city.

Dayof Week

100 120 140 160 180 200 220 100 150 200 250
Delivery Time (seconds) Delivery Time (seconds)

(a) (b)

100 120 140 160 180 200 220
Delivery Time (seconds) Delivery Time (seconds)

(c) (d)

100 120 140 160 180 200 220
Delivery Time (seconds)

(e)

Figure 4. The delivery time is determined based on the different delivery centers: (a) Churubusco, (b) San Lazaro,
(c) Santa Anita, (d) Terminal Norte, and (e) Zécalo.

As is appreciated, the shortest of the previously calculated paths is always the most efficient
path to deliver the goods. The implication of always computing the efficient trajectory is that the
uniform sampling of the local neighborhood delivering places provides the local information distances
to travel for real delivery. Ideally, the Euclidean distance represents the shortest rectilinear distance
(right-up graph from Figure 3a—e). It is observed that the Euclidean distribution is approximated by
an incremental distribution in all cases. The surface becomes sampled as a circle, so selecting zones
becomes more probable in external zones as the sampling is uniform. To respect geodesic distance
(right-up graph from Figure 3a—e), the range of true distance to be traveled for delivering becomes
increased. This is because there is no direct path for different locations, so the candidate path depends
on local avenius connections and the topology. This might cause physically near locations to have
higher geodesical distances due to the topology of the infrastructure, which conditions the available
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routes to the destination. This is shown as a PDF distribution, such that they have a maximum value
before the most distant location to travel, representing that the delivering distances become uniformly
distributed. In the locality, a certain degree of connection determines the most probable distances to
cover. Once the real distance to travel to each locality, with the average velocity over time, is known,
the time response can be estimated. The advantage of this computation reflects the most probable
and true-time delay due to the physical distance to cover in the delivery process, which is shown in
Figure 4. The delivery time figure is now used to determine the time lapse, which is more suitable for
best responses, or the time delivering at an exact hour.

The proposed methodology serves as the basis for creating delivery plans and criteria linked to
well-established variables such as cost, response time, and scheduling, while excluding the impact of
traffic.

The results confirm that the proposed approach is a highly reliable framework for developing
search algorithms in a graph-based space. Additionally, it establishes a robust framework for path
searching, providing a strong and concise theoretical foundation for defining the search process in any
given environment. This method effectively simplifies the general approach to searching in discrete
spaces.

5. Conclusions

In dense urban networks, the predictive determination of the most efficient route for delivery
vehicles to follow is of primary interest in order to ensure the timely distribution of goods and services.
This work focuses on a real-life case study, which seeks to calculate the critical distribution radius,
considering real-life variables such as average traffic speed in five dynamically active areas of Mexico
City. Furthermore, the variability in traffic speed throughout the day is incorporated. For this purpose,
the Morphological Shortness Path Planning (MSPP) approach proposed by [21] was implemented.
The main contribution of this work lies in defining a strategy to compute and predict delivery times
based on the analysis of the best route calculated from specific distribution centers for each area. This
strategy is developed on a space represented by graphs, defined by the dynamics of the road system
composed of streets and avenues in the analyzed areas of Mexico City.

The experimental results demonstrate that the MSPP-based strategy is efficient in determining
the best delivery route from a known distribution center by calculating the geodesic distance, which
represents the most appropriate trajectory to consider.

5.1. Futher Works

This case study has allowed the MSPP approach to be tested. The documented strategy presents
areas of opportunity, particularly in the future incorporation of criteria that enable algorithm paral-
lelization, as discussed in the original work by Pérez et al. [21]. This would improve overall system
performance by distributing tasks across multiple processing cores, accelerating execution and reduc-
ing response times. As a result, it would facilitate obtaining solutions in applications that require
real-time responses in a fluid and efficient manner.

In this same sense, the use of computational resources would be optimized in embedded environ-
ments and autonomous systems, where energy and computing capacity constraints are significant. It
is precisely in these scenarios that route planning algorithms such as MSPP find their main field of
application.

Finally, the use of a graph-based search space offers a more flexible and efficient representation
of complex interconnected networks, allowing for better memory management by avoiding the
exhaustive analysis of the entire space, as is the case with grid space representations.
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