
Proceedings of the 10th North American International Conference on Industrial Engineering and Operations 
Management, Orlando, Florida, USA, June 17-19, 2025 

© IEOM Society International 

Proceedings of the International Conference on Industrial Engineering and Operations Management 

Publisher: IEOM Society International, USA 
Published: June 17, 2025 

DOI: 10.46254/NA10.20250221  

 Designing and Optimizing Autonomous Delivery Systems 
through MBSE and Discrete-Event Simulation 

Leonan Entringer Falqueto 
Conceptio Lab 

Instituto Tecnológico de Aeronáutica 
São José dos Campos, SP, Brazil 

falqueto@ita.br 

Christopher Shneider Cerqueira 
Professor 

Conceptio Lab 
Instituto Tecnológico de Aeronáutica 

São José dos Campos, SP, Brazil 
chris@ita.br 

Abstract 

This paper proposes a hybrid methodology that integrates Model-Based Systems Engineering (MBSE), discrete-event 
simulation, and simulation-based optimization to support the design and analysis of complex systems. Grounded in 
the Arcadia method and documented through UML diagrams, the approach offers a structured framework to define 
operational needs, mission objectives, and architectural alternatives before implementation. To validate the 
methodology, it is applied to a last-mile delivery system involving autonomous aerial and ground vehicles operating 
in a gated residential environment. The case study progresses through operational modeling, logical architecture, 
simulation, and optimization phases. A discrete-event simulation model is developed in Python using SimPy, 
incorporating a non-homogeneous Poisson process to capture realistic demand patterns. Key performance indicators, 
such as delivery delay and energy consumption, are measured and used to compare dispatching strategies. In the final 
phase, a Simulated Annealing algorithm is used to explore optimal fleet compositions. Results demonstrate that the 
proposed approach can reduce average wait time by over 99% and energy consumption by 12.6% when compared to 
a baseline configuration. The methodology ensures traceability between stakeholder needs, design models, and 
performance outcomes, supporting informed decision-making in early design stages. The proposed framework is 
generalizable and can be extended to other domains characterized by operational uncertainty and complex architectural 
trade-offs. It contributes to bridging the gap between high-level system architecture and quantitative performance 
evaluation through a unified, model-driven workflow. 

Keywords 
Model-Based Systems Engineering, Simulation-based Optimization, Arcadia, System Architecture Trade-Offs, 
Autonomous Delivery. 

1. Introduction
The design and operation of complex systems increasingly demand structured approaches to ensure consistency, 
traceability, and adaptability. Traditional document-based engineering often fails to handle such complexity, 
particularly under real-time decision-making and operational uncertainty. As a response, Model-Based Systems 
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Engineering (MBSE) has emerged as a viable alternative by formalizing the development process through models that 
can be iteratively analyzed, simulated, and refined (INCOSE 2020, Di Maio et al. 2021; Baron et al. 2023).  
 
While MBSE offers a formal and structured foundation for system modeling (Di Maio et al. 2021), its integration with 
simulation and optimization techniques has emerged as a promising direction to enhance early-stage analysis and 
decision-making (Timperley et al. 2024). By combining architecture modeling with operational performance 
evaluation, it becomes possible to assess dynamic behavior, explore trade-offs, and refine design alternatives based 
on quantitative insights (Scholz et al. 2025, Mao et al. 2024; Galisson et al. 2022). 
 
To address this opportunity, this paper proposes a hybrid methodology that integrates MBSE, discrete-event 
simulation, and simulation-based optimization. The approach adopts the Arcadia method (Voirin 2017; Roques 2017) 
to support a structured derivation of stakeholder needs, operational scenarios, and system and logical architecture. The 
use of standardized modeling tools, such as UML (Rumbaugh et al. 2004), enhances model clarity and traceability, 
facilitating architecture assessment through simulation (Mao et al. 2024; Galisson et al. 2022). In addition, a 
metaheuristic optimization layer supports design space exploration and operational decision-making under resource 
and performance constraints (Timperley et al. 2024; Gosavi 2015). 
 
Accordingly, this work aims to implement and validate the proposed methodology by applying it to a case study 
involving an autonomous last-mile delivery system composed of aerial and ground vehicles operating in a gated 
environment. This controlled yet realistic setting — representative of university campuses, residential condominiums, 
or industrial complexes — is increasingly studied for sustainable logistics (Gnoni et al. 2025; Shuaibu et al. 2025, 
Alverhed et al. 2024; Lemardelé et al. 2023). It presents high operational variability due to stochastic demand, limited 
energy capacity, and spatial constraints. The case study follows three phases: architecture modeling using Arcadia, 
discrete-event simulation (SimPy), and simulation-based optimization via Simulated Annealing. Results demonstrate 
substantial reductions in delivery wait time and energy consumption, highlighting the potential of this integrated 
methodology to inform early-stage design and decision-making. 
 
2. Literature Review 
Model-Based Systems Engineering (MBSE) has gained prominence as a response to the increasing complexity of 
systems. The INCOSE Vision 2035 strongly emphasizes MBSE as a cornerstone of future systems engineering 
practice, citing its potential to improve stakeholder communication, reduce errors, and accelerate development through 
continuous refinement. By formalizing system structure, behavior, and requirements through models, MBSE enhances 
traceability, supports early validation, and promotes cross-domain integration (Timperley et al. 2024; INCOSE 2020). 
Among MBSE methodologies, Arcadia stands out for its structured, multi-viewpoint approach to architecture 
development (Baron et al. 2023; Galisson et al. 2022; Di Maio and Lindvall 2021). Recent applications in industrial 
sustainability, manufacturing and defense illustrate its potential, especially when coupled with simulation for 
performance evaluation (Scholz et al. 2025; Baron et al. 2023; Mao et al. 2024). 
 
In parallel, significant advances have been made in last-mile delivery through the deployment of autonomous 
systems—especially drones and ground robots—designed to improve efficiency, sustainability, and flexibility in urban 
logistics (Gnoni et al. 2025, Shuaibu et al. 2025). These technologies have demonstrated potential to reduce delivery 
time, operational costs, and carbon emissions, even when operating under constraints such as limited payload, battery 
endurance, and regulatory compliance (Eskandaripour and Boldsaikhan 2023; Lemardelé et al. 2023; Alverhed et al. 
2024). While drones have been extensively studied in terms of routing, recharging, and hybrid integration with ground 
fleets (Swanson 2019; Eskandaripour and Boldsaikhan 2023, Garg et al. 2023), ADRs are increasingly considered 
viable for pedestrian-friendly contexts such as campuses and gated residential areas (Alverhed et al. 2024, Engesser 
et al. 2023, Shuaibu et al. 2025). 
 
Simulation has played a central role in evaluating the behavior and performance of these autonomous delivery systems 
under realistic operational conditions. Techniques such as discrete-event simulation, agent-based modeling, and 
Monte Carlo methods have been employed to represent demand stochasticity, spatial constraints, and coordination of 
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heterogeneous fleets (Swanson 2019; Chen and Chankov 2017; Perboli et al. 2018; Gnoni et al. 2025). Comparative 
studies have examined alternative configurations—including drones, ground robots, electric vans, and conventional 
vehicles—assessing their impact on energy use, service times, and environmental footprint (Gnoni et al. 2025, 
Engesser et al. 2023; Lemardelé et al. 2023). Life-cycle analysis and sustainability assessments have reinforced the 
strategic role of simulation in supporting the development of smart and resilient urban logistics systems (Lemardelé 
et al. 2023, Gnoni et al. 2025). 
 
To support decision-making and balance trade-offs in design and operation, simulation is increasingly integrated with 
optimization methods. Metaheuristics have proven effective in tackling challenges in fleet sizing, routing, vehicle 
coordination, and energy management under uncertainty (Ratnagiri et al. 2022; Shuaibu et al. 2025). These simulation-
based optimization (SBO) frameworks allow for design space exploration and performance benchmarking in complex 
systems where analytical solutions are not feasible (Gosavi 2015; Perboli et al., 2018). Some implementations have 
also demonstrated experimental validation via scaled robotic platforms, bridging the gap between computational 
models and real-world deployment (Ratnagiri et al. 2022). 
 
However, despite these methodological advances, most simulation and optimization approaches remain decoupled 
from formal systems engineering frameworks. This disconnection limits traceability between architectural design and 
operational behavior, reducing the potential for early validation and coherent system integration (Scholz et al. 2025; 
Baron and Grenier 2023). Recent literature highlights the need for integrated approaches that combine architecture 
modeling, simulation, and sustainability-driven optimization (Engesser et al., 2023; Shuaibu et al., 2025), yet few 
studies offer a unified methodology that operationalizes this integration in a traceable and iterative way. 
 
This study contributes to bridging this gap by proposing a hybrid methodology that integrates MBSE, discrete-event 
simulation, and simulation-based optimization to support the design and analysis of autonomous delivery systems. By 
linking architectural models to system performance metrics, the approach supports traceable, simulation-informed 
decision-making throughout early development phases. 
 
3. Methodology 
This study adopts a hybrid methodology that integrates Model-Based Systems Engineering (MBSE), discrete-event 
simulation, and simulation-based optimization to support the design and analysis of autonomous delivery systems 
operating under dynamic and resource-constrained conditions. The methodology was constructed iteratively, inspired 
by recent works that combine architecture modeling and performance evaluation (Scholz et al. 2025; Gnoni et al. 
2025, Mao et al. 2024; Galisson et al. 2022; Timperley et al. 2024), and is composed of three interconnected phases: 
(1) system modeling, (2) operational simulation, and (3) design space optimization. 
 
In the first phase, the problem space is structured using the Arcadia method (Voirin 2017; Roques 2017), which 
emphasizes stakeholder needs and system functions through a set of interrelated viewpoints. The Operational Analysis 
defines actors, operational entities, capabilities, and activities. Subsequently, the System Analysis creates a high-level 
representation of missions and interactions within the delivery context, from which system-level requirements are 
derived. This process leads to the Solution phase, where a Logical Architecture is designed to describe the system 
structure and behavior without committing to specific technical implementations. 
 
Although Arcadia is commonly implemented via specialized tools such as Capella, this study employs Unified 
Modeling Language (UML) diagrams rendered with PlantUML (Rumbaugh et al. 2004; Roques 2021) to document 
operational, system, and logical models. This tool-agnostic approach supports traceability between system architecture 
and simulation elements, while reinforcing the methodological applicability of Arcadia independently of specific 
platforms (Mao et al. 2024). 
 
The second phase involves developing a discrete-event simulation model using the SimPy library (SimPy 2025) in 
Python. The simulated environment represents a two-dimensional map with a central gate and predefined delivery 
locations, simulating a gated residential or campus-like setting. Delivery requests are generated by a non-
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homogeneous Poisson process to reflect temporal variations in demand (Swanson 2019). The model includes two 
types of autonomous vehicles—drones and ground robots—each characterized by distinct speed, payload capacity, 
energy autonomy, and recharge mechanisms. Vehicle operations encompass dispatching, travel, delivery, return to 
base, and battery swapping, all governed by operational constraints. 
 
The simulation tracks key performance indicators such as delivery time, energy consumption, and buffer occupancy. 
These metrics provide a quantitative basis for evaluating different delivery strategies and system configurations. The 
case study serves as a controlled yet representative setting for validating the proposed methodology in support of 
early-stage decision-making in autonomous logistics planning.In the third phase, the simulation model is embedded 
within a simulation-based optimization (SBO) loop to explore alternative fleet compositions. The optimization 
problem considers trade-offs between minimizing delivery wait time and energy usage, subject to fleet availability 
and infrastructure limitations. Simulated Annealing (Kirkpatrick et al. 1983; Gosavi 2015) was selected as the 
optimization engine due to its robustness in navigating large, discrete, and stochastic search spaces—characteristics 
commonly associated with autonomous fleet allocation problems under uncertainty. Unlike deterministic heuristics or 
gradient-based algorithms, Simulated Annealing can escape local optima, and unlike populational metaheuristics, 
requires minimal parameter tuning, making it well-suited for iterative simulation-driven evaluations. 
 
Each candidate fleet configuration is evaluated through simulation, and the resulting performance metrics are used to 
construct a Pareto front. This enables decision-makers to analyze trade-offs across competing objectives and select 
configurations that best align with both operational goals and architectural constraints defined during the modeling 
phase. This study did not include a formal sensitivity analysis. Future work should investigate how variations in key 
parameters—such as fleet size limits, recharge duration, or delivery density—impact performance metrics and 
optimization robustness. 
 
4. Case Study: Autonomous Delivery in a Gated Environment 
This section presents a case study used to validate the proposed methodology. It is organized into three parts: the 
system modeling based on Arcadia, the discrete-event simulation setup and performance analysis, and the results of a 
simulation-based fleet optimization. Together, these components demonstrate how MBSE artifacts can inform 
simulation design and support system-level decisions. The study focuses on a gated residential environment, a typical 
setting for last-mile logistics. Traditional delivery methods using trucks or motorcycle couriers face limitations related 
to accessibility, labor dependency, and maneuverability. Autonomous vehicles, such as drones and ground robots, 
offer promising alternatives by improving access to constrained areas, reducing costs, and enabling contactless 
operations (Garg 2023; Engesser 2023; Shaibu 2025). 
 
4.1 System Modeling using Arcadia  
This subsection describes how the Arcadia methodology was applied to structure the design process, from operational 
modeling to logical architecture. The modeling supported the subsequent simulation phase and guided the definition 
of delivery behavior, vehicle roles, and system logic. 
 
Operational Analysis. The operational analysis identifies key stakeholders (e.g., delivery coordinator, gate system, 
customer) and operational capabilities such as dispatching, transportation, tracking, and recharging. Although Capella 
was not used, the same conceptual structure was implemented using Unified Modeling Language (UML) with 
PlantUML. This decision ensures consistency with the Arcadia viewpoint framework while maintaining flexibility in 
tooling. 
 
Figure 1 presents the Operational Entity Breakdown Diagram (OEBD), which defines the main entities involved in 
the delivery system and their relationships. These include the gate system as the central dispatching and recharging 
point, the delivery points as final destinations, the autonomous vehicles (drones and ground robots), and the customer 
who initiates and receives delivery requests. 
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Figure 1. Operational Entity Breakdown Diagram (OEBD) showing stakeholders (operational entities and actors). 
 
Figure 2 presents the Operational Architecture Diagram, mapping each entity to its allocated capabilities. This diagram 
clarifies how different actors contribute to the system through functions such as dispatching, transportation, 
recharging, and order confirmation. The architecture ensures traceability between roles and responsibilities, forming 
the foundation for system analysis. 
 

 
 

Figure 2. Operational Architecture Diagram mapping stakeholders to capabilities. 
 

System Analysis. The system analysis defines the Delivery Coordination System, responsible for orchestrating 
deliveries using autonomous vehicles. Its mission includes optimizing delivery time, energy usage, and responsiveness 
to dynamic demand. 
 
Figures 3 and 4 illustrate this layer: the first shows system-level capabilities, including fleet management, dispatch 
logic, and energy monitoring; the second presents the external interfaces, showing how the system exchanges 
information with users, vehicles, and infrastructure. . 
 
 

 
 

Figure 3. Delivery Coordination System mission and capabilities. 
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Figure 5 provides a dynamic perspective of the delivery process via a UML sequence diagram, from order creation to 
package receipt. This model illustrates how the system coordinates autonomous deliveries in response to demand 
while respecting operational constraints 
 

 
 

Figure 4. System context illustrating external interfaces. 
 
Based on the above models, functional and non-functional requirements were derived to provide the basis for the 
system's logical architecture. Also, these requirements guide simulation and evaluation. Table 1 presents 
representative examples that directly support the simulation and optimization phases. 

 

 
 

Figure 5. Sequence diagram illustrating the process from order creation to package delivery 
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Table 1. Examples of Functional and Non-Functional Requirements 
 

Type Requirement Description 
Functional [F-001] - The system shall assign delivery tasks to autonomous vehicles based on 

delivery time and energy usage. 
Functional [F-002] - The system shall monitor the state of charge (SoC) of each vehicle and 

schedule recharging when necessary. 
Non-Functional [NF-001] - The average delivery time shall not exceed 10 minutes under nominal 

demand. 
Non-Functional [NF-002] - The system shall ensure that energy consumption remains under a 

defined threshold in optimized configurations. 
 
 
Logical Architecture. The logical architecture describes internal system components, interactions, and behavior. For 
example, Figure 6 presents a state-machine diagram describing vehicle logic: a delivery is initiated only if the battery 
level allows for mission completion; otherwise, recharging is prioritized. Figure 7 presents the UML class diagram. 
 

 
 

Figure 6. State-machine diagram of a vehicle representing the system behavior.  
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Figure 7. Logical class diagram of the Delivery Coordination System. 
 
The class diagram describes the structure associated to behavior and includes the following classes: 

− Order: delivery request with destination, weight, and status;  

− Gate: manages the dispatch buffer and order queue;  

− Vehicle: superclass for mobile agents, with Drone and GroundRobot subclasses;  

− Dispatcher: implements dispatch policies;  

− MetricsCollector: records KPIs such as time and energy. 
 

This logical model serves as a blueprint for the simulation phase and enabled early exploration of trade-offs between 
drone and ground robot operations under stochastic demand conditions. 
 
4.2 Scenario Description 
The case study simulates a gated residential environment to evaluate the behavior and performance of the autonomous 
delivery system under realistic, controlled, operational conditions. Although the spatial layout is simplified to enhance 
model transparency and ensure experimental reproducibility, the model can be extended to more complex settings 
with additional constraints or operational rules. 
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The environment is modeled as a two-dimensional grid consisting of one central gate and four delivery points, forming 
a cross-shaped layout. The gate serves simultaneously as the dispatch center, battery swap station, and buffer for 
pending delivery orders. All delivery operations begin and end at this central hub. Figure 8 illustrates the spatial 
configuration adopted in the simulation. 
 

 
 

Figure 8. Simplified map of the delivery scenario with one gate and four delivery points. 
 
Two types of autonomous vehicles are simulated: drones and ground robots. Table 2 summarizes their operational 
characteristics, including maximum payload, autonomy (in seconds), average speed, recharge time (battery swap 
duration), and the linear energy penalty per kilogram transported. These parameters were defined to reflect realistic 
operational trade-offs, such as speed versus capacity and energy consumption versus load. 
 

Table 2. Autonomous Vehicle Specifications 
 

Vehicle Type Max Load (kg) Autonomy (s) Speed (m/s) Recharge (s) Energy 
Penalty (/kg) 

Drone 5 2700 15 300 0.10 
Ground Robot 30 5400 3 300 0.05 

 
Delivery requests are generated using a non-homogeneous Poisson process to reflect time-varying demand throughout 
the day. This approach better captures real-world dynamics compared to uniform distributions, allowing for realistic 
peaks—such as during lunch hours—when delivery activity typically increases. The complete time-dependent arrival 
rate schedule (λ) is shown in Figure 9. 
 
To prevent artificial blocking during high-demand periods and support stress-testing scenarios, a buffer capacity of 
10,000 pending orders was defined. This configuration ensures that the system’s operational limits are tested under 
controlled overload conditions without prematurely halting the simulation. 
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Figure 9. Time-varying  𝝀𝝀 values for delivery request generation. This illustrates how a non-homogeneous Poisson 

process better captures real-world demand dynamics. 
 
Although the simulation environment abstracts away some real-world complexities, the modular structure of the 
models facilitates integration with logistics information systems and allows adaptation to specific regulatory or 
operational constraints. 
 
4.3 Simulation Results 
To establish a performance baseline, a fleet composed of three drones and three ground robots was simulated using 
the first_available dispatch policy. This policy assigns tasks to the next available vehicle, regardless of efficiency or 
type. Although simple, it serves as a reference for comparing more strategic alternatives. 
 
Four dispatching policies were tested using the same fleet configuration:  

− first_available: assigns the next free vehicle. 

− fastest: selects the vehicle with the shortest estimateddelivery time.  

− efficient: prioritizes the vehicle with the lowest projected energy cost. 

− balanced: uses a weighted score combining delivery time and energy consumption. 
 
Table 3 summarizes how different dispatching policies influence system performance using a baseline fleet 
configuration. These values directly support the subsequent optimization stage. The first_available policy yielded the 
shortest wait time but the highest energy consumption. In contrast, the efficient policy reduced energy use at the cost 
of longer delays. The balanced strategy offered the best compromise. 
 

Table 3. Autonomous Vehicle Specifications 
 

Policy Mean Wait Time (s) Total Energy Used 
first_available 3,891.91 514,515.69 
fastest 4,578.96 508,024.83 
efficient 4,626.57 478,108.11 
balanced 3,991.24 471,085.06 
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The simulation highlighted trade-offs between delivery time and energy. Ground robots were more efficient for 
heavier packages due to their larger capacity and batch capability, while drones achieved faster response for 
lightweight or urgent orders. These findings support the need for simulation-based optimization to fine-tune fleet 
composition and dispatch strategies, as discussed next. 
 
4.3 Optimization Results 
To further enhance system performance, a simulation-based optimization was conducted using the balanced dispatch 
policy, which previously showed the most favorable trade-offs. The objective was to minimize a composite score that 
integrates both delivery responsiveness and energy efficiency, defined as: 

 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆  =  𝛼𝛼  ⋅  𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇  +  𝛽𝛽 .  𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈  

 
With weighting coefficients 𝛼𝛼 = 1.0 and 𝛽𝛽 =0.001, adjusting for the magnitude difference between the metrics to 
reflect equal importance of both performance dimensions.Simulated Annealing was selected as the optimization 
engine due to its suitability for exploring large, stochastic, and discrete search spaces. The algorithm was initialized 
with 3 drones and 3 ground robots, a temperature of 1000, a cooling rate of 0.95, and a maximum of 1000 iterations 
or 300 seconds of runtime. The number of drones and ground robots were the decision variables. 
 

 
 

Figure 10. Pareto frontier of fleet compositions using the balanced dispatch policy. Labels indicate the number of 
drones (D) and ground robots (R). 

Figure 10 shows the Pareto frontier of tested configurations. Each point reflects a specific combination of drones (D) 
and ground robots (R), highlighting trade-offs between wait time and energy use. The best result included 13 drones 

817



Proceedings of the 10th North American International Conference on Industrial Engineering and Operations 
Management, Orlando, Florida, USA, June 17-19, 2025 
 

© IEOM Society International 

and 9 ground robots, achieving a mean wait time of 26.47 seconds and total energy usage of 449,819 units, 
corresponding to a composite score of 476.29. 
 
Compared to the baseline (3D+3R, first_available policy), which resulted in 3891.91 seconds of delay and 514,515 
energy units, the optimized fleet achieved a 99.3% reduction in wait time and 12.6% less energy usage. These results 
confirm the value of simulation-based optimization in identifying high-performance configurations early in the design 
process. 
 
These findings demonstrate that the proposed methodology effectively supports early-stage system design by 
integrating architectural modeling, simulation, and optimization in a coherent workflow. The use of Arcadia artifacts 
ensured traceability between system needs and implementation logic, while simulation-based optimization enabled 
the identification of fleet configurations that would be difficult to obtain through heuristic or isolated analysis. This 
approach not only improved performance metrics but also enhanced design confidence by allowing decision-makers 
to explore trade-offs grounded in operational behavior and architectural structure. 
 
6. Conclusions 
This study proposed a hybrid methodology that integrates Model-Based Systems Engineering, discrete-event 
simulation, and simulation-based optimization to support the design of autonomous last-mile delivery systems. By 
applying the Arcadia method and documenting models with UML, the approach ensures traceability from stakeholder 
needs to architectural design and performance evaluation. 
 
A case study in a gated environment validated the methodology. The simulation phase enabled quantitative assessment 
of delivery strategies and fleet configurations under dynamic demand and energy constraints. The comparison of 
dispatching policies revealed key trade-offs between responsiveness and energy usage. Furthermore, the use of 
Simulated Annealing allowed for the exploration of a large, discrete solution space and identified fleet configurations 
that substantially outperformed the baseline scenario, reducing average wait time by 99.3% and energy consumption 
by 12.6%. Beyond these quantitative improvements, the study contributes a replicable methodology that links MBSE 
artifacts to simulation and optimization layers, offering a systematic way to explore operational impacts of 
architectural decisions. This connection is particularly relevant for early-stage projects involving autonomous systems, 
where design errors are costly and operational constraints are complex. 
  
Future work may expand this framework in several directions. First, a broader comparison with other metaheuristic 
optimization methods (e.g., Genetic Algorithms, Particle Swarm Optimization) could offer further insights into 
solution quality and convergence behavior. Second, sensitivity analyses can help quantify how changes in key 
parameters, such as vehicle autonomy, dispatch rules, or demand profiles, affect performance and robustness. Third, 
the methodology could be extended to more complex topologies (e.g., multi-gate or multi-hub systems) and real-time 
dispatching scenarios. Finally, exploring integration paths with existing logistics management platforms may facilitate 
the transition from simulation to deployment, enabling digital continuity in real-world implementations. 
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