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ABSTRACT

Integrating Autonomous Guided Vehicles (AGVs) and multi-copter drones, or AGV-drone systems, can
potentially enhance efficiency and manipulation in intralogistics operations. While AGVs provide reliable,
safe, and energy-efficient ground-based movement, drones offer rapid aerial mobility, making their col-
laboration promising. However, implementing this system is challenging as it involves collaborating with
indoor drones. In particular, the testing phase can be unsafe and expensive because of the high probability
of crashes due to the lack of technological advancement in this domain. Primarily, the communication
protocols become complicated once the system scales. A digital twin (DT) methodology can help mitigate
these risks and improve scalability. This study presents the simulation aspects of a work-in-progress DT
for the AGV-drone system. Here, as a work-in-progress DT, the hardware-in-the-loop feature intends to
help communicate within the system and build a DT testing environment.

1 INTRODUCTION

AGVs are autonomous transportation systems used for the horizontal movement of material using magnetic
tape as their path (Vis 2006). Autonomous Mobile Robots (AMRs) are similar to AGVs but can plan travel
while preventing collisions with environmental obstacles (Shrestha et al. 2024). This study uses the term
AGYV and can also apply to AMR.

While an AGV can manipulate objects in 2D space, a drone can provide 3D manipulation for the
AGV. For that, a drone can be placed on top of AGV during navigation, and the drone will handle the
manipulation tasks (Li et al. 2024). This will increase the manipulation field for AGV. On the other hand,
drones can be self-sufficient in carrying loads from one place to another. However, in assembly plants,
they will need to travel through many no-fly zones where people can be walking or working. Delivery
through no-fly zones is a considerable challenge when using drones, as it will need to face many safety
challenges (Fehling and Saraceni 2022). The noise and wind of these drones also generate mental stress
for the workers when the drones fly on top of these workers (Yeh et al. 2017). For these reasons, using
only indoor drones might not be a good option. Drones can rest on the AGV to skip no-fly zones, then
start delivering the cargo whenever the AGV reaches the flight zone requiring delivery. Using multiple
drones can make the job more effective in terms of delivery time and workload balance. Also, Béanyai
(2023) claims that using both AGVs and drones can be more efficient in terms of energy than when used
individually.

The AGV-drone system is a new concept with high potential in intralogistics operations. The configuration
of AGV and drone for this system is shown in Figure 1. However, if anybody wants to implement this
system, it can be hazardous regarding safety during its testing phase as it involves using indoor drones
(de Miguel Molina et al. 2018). Indoor drones encounter unique challenges that outdoor drones do not, and
they have yet to reach the same technological maturity level as outdoor drones (Hell and Varga 2019). This
can also increase the project’s cost if the drone crashes every time we try to test new delivery strategies
for intralogistics operations. Also, according to Munasinghe et al. (2024), the main challenge in using the
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Figure 1: Configuration of AGV and drone in AGV-drone system.

AGV-drone system lies in the communication technology, coordination mechanism, and safety during the
testing and operational phase.

Using Hardware-in-the-loop (HIL) simulation and DT can solve the problems mentioned above (Fathy
et al. 2006; Barbie and Hasselbring 2024). HIL simulation integrates real and virtual prototyping
by incorporating precise physical replicas of selected subsystems, enabling a bidirectional exchange of
information between the physical components and the simulation model to accurately emulate the overall
system (Fathy et al. 2006).

A DT is a virtual and dynamic representation of a physical product, process, or system, with the
near-real-time bidirectional data exchange between its virtual and physical space (Grieves and Vickers
2017; Trauer et al. 2020; Mykoniatis and Harris 2021). If the data exchange is only one-directional, from
physical space to virtual space, then it is called digital shadow (Grieves and Vickers 2017). DT enables
real-time monitoring, simulation, and optimization based on near-real-time operational data. A DT is also
considered one of the pillars of Industry 4.0 (Jiang et al. 2021). DTs integrates Internet of Things (IoT) and
Artificial Intelligence (Al) to build smart, cyber-physical environments (Radanliev et al. 2022). According
to Yao et al. (2023), DTs have three main functions: (1) data integration of required features between
physical objects and virtual models with high fidelity, (2) physical and virtual components mutually exist
and evolve together throughout the whole life cycle of the physical component, and (3) optimization,
prediction and real-time control of physical components.

Grigoropoulos and Lalis (2020) have used a DT methodology on outdoor drones that improves operational
safety and reliability through both pre-deployment testing and continuous runtime monitoring. Their system
is designed to issue an alert if the DT’s observed behavior deviates from the physical drone’s behavior.
Similarly, Martinez-Gutiérrez et al. (2021) developed a DT for AGVs to lower expenses by modeling
its dynamic operations in industrial plants and forecasting potential problems in a Smart Manufacturing
environment. These works suggest that the DT methodology can significantly help build an AGV-drone
system.

DTs have recently gained popularity in the product planning and development life cycle. Huang et al.
(2022) propose a digital-twin framework for product planning, validation, and manufacturing processes.
They claim that the DT can accelerate the product development process. This makes it possible to conduct
product validation in virtual space in a less expensive way than traditional product validation.

Similarly, Chandrasekaran and Rajesh (2025) and Lo et al. (2021) claim that DTs can effectively support
the conceptual design, detailed design, design verification, and redesign phases of product development.
In the case study of a medium-duty truck frame assembly provided by Chandrasekaran and Rajesh (2025),
the application of synthetic DT data enabled a 50% reduction in design iterations, from six to three, while
achieving a 9% weight reduction without compromising structural integrity. Lo et al. (2021) also provide
some real-world examples in Maserati, Aurus, and Airbus, where using DT in the product development
phase significantly reduces the development time. They claim that using DT in the product development
phase can change the approach from a designer-driven approach to a "DT-driven" one. However, they found
its use to be limited during the early conceptual design phase because of the limitations of its physical
prototype.

By definition, although HIL simulation and DT look similar, HIL simulations are used particularly
for prototyping, whereas DTs are used before and during operation. However, suppose we keep building
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the real-time interaction between physical and virtual components, prediction, and optimization on top of
the HIL simulation. In that case, we can get a DT of that system, which will have a higher value in the
long term because of its use even in the operational phase. This way, the HIL simulation can be called
a DT prototype. Barbie and Hasselbring (2024) propose the development of DTs with the incremental
process of DT prototypes. Instead of first developing the physical product and then making a DT of it, the
methodology of building a DT prototype of a basic-level product with the minimum features, testing it,
and then incrementing the prototype gives more benefits. According to them, product requirement updates
and design flaw fixes can be done during the development phase with this methodology. This makes the
DT prototype evolve continuously in a small increment until the final full-functioning DT is ready. They
call this "Continuous Twinning". As the objective of this study aligns with this methodology, this study
plans to build the DT of the AGV-drone system using this methodology.

While studies like Pantelidakis et al. (2022) and Katsigiannis and Mykoniatis (2024) build the DT from
the existing product or system, Barbie and Hasselbring (2024)’s DT is about integrating the DT prototype
from the beginning phase of the product or system development. If we first build the whole AGV-drone
system, it can be expensive and unsafe because of the high chances of drone crashes during the testing
phase (de Miguel Molina et al. 2018). Hence, the approach of building the whole AGV-drone system
without a DT is not practical. Also, without a DT, scaling the communication protocol between drones
and AGVs will be time-consuming when we want to add the number of drones (Kapteyn et al. 2021). The
strategy shift will also require a change in the algorithm if we do not integrate DTs.

This study follows Emmert-Streib (2023)’s terminology, who claims the DT as solely the virtual
component, and the DT System encompassing both physical and virtual components. In this study, a hybrid
simulation model composed of Discrete Event Simulation (DES) and Agent-Based Modeling (ABM) handles
the simulation aspects of the DT. Combining at least two kinds of simulation methods can be called a
hybrid simulation (Mykoniatis and Angelopoulou 2020). DES best models a process-centric behavior
where entities must compete to use resources (Caro and Moller 2016). ABM works better at modeling
the complex model behavior and interactions (Dubiel and Tsimhoni 2005). At the same time, DES and
ABM are similar in terms of time progression. ABM uses the DES method of time advancement, which
is one of the reasons the creator of Simio claims ABM as a special case of DES (Law and Kelton 2015).
The other reason is that DES models are starting to be capable of representing the agent’s behaviors with
entities (Brailsford 2014). However, the difference between DES and ABM exists mainly in the modeling
perspective and objectives. They were also developed independently from each other (Macal and North
2014). So, although some DES modeling platforms have started giving agents’ behaviors to the entities,
we can still call the integration of DES and ABM a hybrid simulation approach.

Using a hybrid simulation of DES and ABM facilitates the benefits of both worlds. The initial
development of the AGV-drone system only utilizes a single drone, so there is no need for queues. So, the
whole model can be built with the ABM approach. However, this study considers queues for scalability
so that we can use the same model with little updates if we want to use multiple drones. In this case,
queues are required because it can be unsafe to land or pick up cargo with multiple drones simultaneously,
considering the landing space and cargo space are limited in AGV. This demands the need for DES.

This study focuses on building the simulation part of the DT for the AGV-drone system. This is the
unique contribution of this study because no work has been done to improve the coordination mechanism
using DT technology. The study also focuses on building the simulation model with HIL features as a
part of DT that defines the communication protocol in the AGV-drone system for intralogistics operation.
The study is limited to explaining the communication protocols between an AGV, a drone, a simulation
model, and an assembly cell. In this system, the AGV transports both the drone and the cargo from the
home position to the assembly cell. Upon arrival, the drone takes off from the AGV, picks up the cargo,
and delivers it to the designated assembly location. Once the delivery is completed, the drone returns and
lands on the AGYV, ready for the next cycle. This approach leverages the strength of both platforms: the
AGYV handles long-distance ground transportation with multiple no-fly zones, while the drone enables rapid
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and flexible delivery from the AGV. Combining these capabilities reduces overall delivery time, improves
effectiveness, minimizes drone battery consumption (since the drone is not used for the entire journey),
and ensures safer navigation by limiting drone flight to controlled areas. The basic layout of this system
is shown in Figure 2.

The study provides a theoretical foundation; however, its scope is limited and does not encompass the
complete operational life cycle of the AGV-drone system. For real-world deployment, it is essential to
analyze and validate the system across the entire process, from pickup to delivery and return. However,
this study does not present validation for the system’s safety. Also, the study does not focus on the return
of an AGV and a drone to the home position.

Travel Path
Q of AGV

Home FlyZone1 « « & Fly Zonen

Figure 2: Basic layout of system.

2 SYSTEM INTERACTION

The communication protocol or system interaction between the virtual and physical components in the DT
framework is shown in Figure 3. The main components of the DT system are AGV, drone, manufacturing
cell, and simulation model. The study uses the User Datagram Protocol (UDP) method through WiFi for
the initial testing of communication protocols. UDP is a simple, lightweight, connectionless protocol that
enables applications to send messages with minimal overhead (Postel, Jon 1980).

The initial study assumes that the AGV uses a camera’s object detection feature to track the drone’s
arrival near the AGV and the drone’s landing. Photo-resistors are placed on the trailer to track the presence
of cargo. When the cargo is on the trailer, it blocks the light from reaching the photo-resistor. Once
the drone picks up the cargo, the space becomes empty, allowing light to reach the photo-resistor. This
signals to the system that the cargo has been successfully picked up. Similarly, each manufacturing cell
uses a camera to track the drone’s arrival and the cargo’s delivery. The drone also relies on its camera to
navigate and land precisely on the AGV, guided by ArUco tags. ArUco tags are special visual markers
that help drones and other systems pinpoint their exact location, handy for precise landings (Khazetdinov
et al. 2021). To track its movement in the X, Y, and Z directions, it uses a 9-axis IMU sensor. The drone
itself is equipped with a gripper for picking up the cargo.

Cameras and ArUco tags were selected to provide low-cost, robust visual tracking for navigation and
landing. At the same time, photoresistors offer a simple, reliable mechanism to detect cargo presence
without requiring complex load or visual sensors. Using a 9-axis IMU sensor further supports localization
in GPS-denied environments, aligning with the goal of indoor operation. The data from the 9-axis IMU
sensor will be corrected using the LIDAR sensor to get the precise displacement data. This combination of
technologies reflects a design choice favoring modularity, low cost, and compatibility with real-time DT
integration. Ultimately, the system is structured to demonstrate coordinated autonomy between ground and
aerial agents in a hybrid logistics scenario, while also supporting scalability and experimental flexibility in
a DT context. Here’s how the entire system interacts:

2.1 The Start() Operation

The system starts by initializing the variables and agents in the simulation model. This also involves the
establishment of a WiFi connection between all the components of the DT system.
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Figure 3: Sequence diagram for the work-in-progress DT of AGV-drone system.

2.2 The RunAGYV() Operation

Here, the simulation model sends a message to the AGV to start heading to the assembly cell. An AGV
moves towards the manufacturing cell while sending its displacement data to the simulation model using an
encoder sensor in the wheel. The simulation model mirrors the position of AGV, and when AGV reaches
its destination, this operation stops. Then, the system becomes ready to run other operations. The AGV
uses a Hall effect sensor to detect fluctuations in the shape of the magnetic path. This helps to track the
arrival at the destination. Since the system will know the precise arrival time of the destination, it can
dispatch the drone for delivery with perfect timing. This significantly simplifies the coordination between
the AGV and the drone.
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Figure 4: Activity diagram for the work-in-progress DT of AGV-drone system.

2.3 The SendDroneToPickCargo() Operation

The simulation model sends a message to the drone to pick up cargo. Here, the drone positions itself near
the cargo (localizes) and picks it from the trailer using its gripper. The photo-resistor sensor in the AGV
detects the cargo being picked up and sends the message to the simulation model. At the same time, since
the drone finishes picking up the cargo, it sends a task completion message to the simulation model. This
confirmation is essential to make the system robust. If the simulation model receives a message from both
AGYV and drone, then this operation stops, and the system becomes ready to run other operations.

2.4 The SendDroneToCell() Operation

The simulation model sends a message to the drone to head for the delivery location of that assembly cell.
Here, the drone moves toward the delivery location of the cell while sending its X, Y, and Z coordinates
to the simulation model using the 9-axis IMU sensor to mirror the drone’s position. This operation stops
when the drone reaches its destination, and the confirmation is also sent by the manufacturing cell after
the camera in the cell detects the drone.

2.5 The SendDroneToDropCargo() Operation

The simulation model sends a message to the drone to drop the cargo in the delivery area. Here, the drone
localizes near the delivery location and delivers the cargo. Once the delivery is complete, the drone sends
a task completion message to the simulation model. A camera in the cell detects the cargo and sends
the confirmation message to the simulation model after receiving the cargo. This confirmation makes the
system more robust. If the simulation model gets a message from both the drone and the cell, then this
operation stops, and the system becomes ready to run other operations.
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2.6 The SendDroneBackToAGV() Operation

The simulation model sends a message to a drone to return to the AGV. Here, the drone moves toward
the AGV while sending its X, Y, and Z coordinates to the simulation model using the 9-axis IMU sensor
to mirror the drone’s position. This operation stops when the drone reaches its destination physically and
virtually, and the confirmation is also sent by the AGV after the camera in the AGV detects the arrival of
the drone.

2.7 The LandDroneOnAGYV() Operation

The simulation model sends a message to the Drone to land on top of the AGV. Here, the drone first
localizes itself to the AGV and then lands on the AGV. The drone sends the task completion message to
the simulation model. AGV detects the drone’s landing through its camera and sends the confirmation
message to the simulation model. This operation stops after the simulation model receives a task complete
message from both AGV and drone. Then, the system becomes ready to run other operations.

If the manufacturing cell requires more cargo, the operation repeats from sendDroneToPickCargo ()
operation to sendDroneBackToAGV () operation as shown in Figure 4, until the delivery is complete.
Similarly, if the system has multiple cells, this algorithm repeats from the runAGV () operation until the
delivery is complete in the last cell.

The design of the AGV-drone system was guided by the need to balance energy efficiency, safety, and
delivery precision in constrained environments. The AGV is used to transport the drone and cargo over
longer distances, skipping no-fly zones, conserving the drone’s limited battery for short-range, and precise
deliveries within manufacturing cells. This also reduces airspace congestion and safety risks associated
with long-range drone flight indoors.

3 SIMULATION MODEL FOR AN AGV-DRONE SYSTEM

The simulation model consists of four main parts, i.e., communication agent, AGV agent, Cell agent, and
Drone agent. The study uses AnyLogic 8.9.3 Personal Learning Edition to build the model.

3.1 Communication Agent

A communication agent handles the communication between the physical system and other parts of the
virtual model. The study uses the UDP method through WiFi for the initial testing of communication
protocols. This method focuses more on sending the data quickly rather than reliably (Postel, Jon 1980).
The communication agent receives the messages from the physical system, passes them to the decision
logic, and then sends them to other model agents to update their state or block based on that logic. Also,
when the corresponding state or block change occurs in the other agents of the model, those agents send the
message to the communication agent. Then, the communication agent sends the message to the physical
system to start a particular operation or correct specific actions (usually when the drone is trying to align
itself with the landing zone of AGV and the cell).

3.2 AGV Agent

The AGV agent controls the movement of the AGV from the home position to the manufacturing cell
position. The study uses the ABM approach to model the internal behavior of AGV as shown in Figure 5.
It consists of three states, i.e., Delivering state, AGVTravel state, and RobotWaiting state. AGVTravel state
and RobotWaiting state come under the Delivering state as shown in Figure 5. In the AGVTravel state, the
AGYV agent mirrors the physical AGV using its displacement data. For this data, the physical AGV sends
the encoder sensor data to the communication agent, which then sends it to the AGV agent. Once the
AGYV agent reaches specified coordinates in the model and gets the confirmation from the communication
agent, the state changes to the RobotWaiting state. A physical AGV sends this confirmation message by
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detecting its magnetic path using a Hall effect sensor. This state triggers the cell agent to create the drone
entity from the sourceDrone block.

Figure 5: State chart of AGV agent.

Once the replenishment tasks in the cell are complete, the cell agent sends the message to the AGV
agent through the communication agent, and the state of the AGV agent goes back to AGVTravel state if
there is a need for replenishment or delivery in more cells. Once the delivery is complete in all the cells,
the AGV agent exits the Delivering state.

3.3 Cell Agent

The cell agent controls the movement of drones within the manufacturing cell. The study uses the DES
approach to model process-centric behavior as shown in Figure 6. Once the sourceDrone block receives
the signal from the AGV agent, it creates the corresponding quantity of entities and binds them to the
individual drone agent. This binding is done to connect the entities to the respective drone agents. This
connection helps the state change in targeted drone agents, which affects the holding of individual entities
in the queue blocks. The queue blocks are placed before hold blocks to accommodate multiple drones,
where hold blocks do not let any entity pass through the queue until the unblock() function is called for
that block. However, the initial phase of developing the DT will only focus on a single drone.

Entities being blocked because of a hold block represent a particular activity being done by a drone.
In the LocalizingAndPicking hold block, the drone picks up the cargo from the trailer. The drone travels
to the cell in the Travelingl hold block. In LocalizingAndPlacing hold block, the drone delivers cargo
to the station of the cell. After the model receives the confirmation from the physical system, the drone
travels back to AGV in Traveling2 hold block. Then, the drone localizes, lands on the AGV, and sends the
message to the AGV agent if the replenishment is complete in this cell. Otherwise, the drone goes to the
trailer and picks up the cargo. These tasks can occur in the LocalizingAndPicking block. DemandCheck
block decides whether the replenishment is complete.

3.4 Drone Agent

The drone agent controls the internal behavior of drones. The study uses the ABM approach to model
this internal behavior of drones. This agent consists of three states: Idle, NotAligned, and Moving state as
shown in Figure 7. The Idle state represents the drone not doing any task. The NotAligned state represents
that the drone is trying to localize itself to the target, to pick cargo, or to place the cargo. The Moving
state represents the drone traveling to its destination. The Moving state mirrors a physical drone’s X, Y,
and Z positions. For this data, the physical drone sends the 9-axis IMU sensor data to the communication
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Figure 6: DES logic of cell agent.

agent, which then sends it to the drone agent. Once the drone agent reaches the specified coordinates in
the model and gets the confirmation from the communication agent, the state changes to the Idle state.

The entities in the cell agent can only move from a queue block to a hold block if the drone agent is in an
Idle state. The state of the drone agent is controlled by the data received from the communication agent and
the blocks of the cell agent. While the entity remains in LocalizingAndPicking, and LocalizingAndPlacing
hold blocks, the drone agent stays in the NotAligned state. While the entity remains in Traveling! and
Traveling?2 hold blocks, the drone agent stays in the Moving state.

Figure 7: State chart of drone agent.

To verify the model, the study uses Arduino UNO R4 WiFi to test the communication protocol with
a simulation model. It is done by checking the state changes in the simulation model when an Arduino
sends different messages through different buttons. The study uses LEDS to test the transfer of correct
messages from the simulation model to Arduino. The study also uses animation to verify if our model
works as expected.

4 DISCUSSION

Once developed, the performance of the AGV-drone system will be evaluated using multiple metrics that
reflect both operational and practical value. These include: (1) total material delivery time from home
position to the assembly line, (2) drone battery usage per cycle, (3) position and landing accuracy based
on deviation from target coordinates, and (4) task execution success rate, representing the reliability of
cargo pickup and delivery. These metrics assess the system’s responsiveness, precision, and operational
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efficiency in manufacturing. Tracking these values in both the simulation and physical prototypes enables
validation of the DT and supports real-time performance optimization.

In the current design, the drone returns to the AGV after completing a delivery to maintain a compact,
coordinated system with minimal infrastructure. This approach allows the AGV to carry and recharge the
drone during transit, navigate through no-fly zones, simplify battery management, and reduce the need for
additional landing or docking zones within the facility. In this setting, having the drone return to a fixed
docking station would require traversing multiple no-fly zones, posing safety and compliance challenges.
However, such alternatives may be viable and advantageous in other facility layouts or logistics setups.
Depending on the system configuration and design, alternative strategies, such as the drone returning via
a different AGV, can be used. These trade-offs are essential when evaluating deployment strategies across
diverse manufacturing environments.

We also recognize that the drone’s cargo capacity inherently limits the weight and size of materials it
can deliver. This system is intended for small, lightweight items such as tools, sensors, documents, or small
components required at the point of use. In high-mix, low-volume manufacturing environments, such as
electronics or specialty automotive parts, where timely and precise delivery is prioritized over high-volume
transport, a small drone is appropriate and feasible. Larger drone use would require facility redesign, which
may not be cost-effective. Thus, the AGV-drone system is envisioned as a targeted solution in plant areas
where constraints and delivery needs align.

Although the current simulation model primarily facilitates coordination between the AGV and drone,
it is developed as the foundation for a fully functional DT system. As the system evolves, the model will
support predictive analysis (e.g., estimating delivery delays), testing and optimizing control strategies (e.g.,
AGV-drone task assignments), and anomaly detection. These advanced capabilities will be enabled once
sensor feedback and physical integration are in place, moving the model beyond a passive mirror to an
active decision-support system.

5 CONCLUSION AND FUTURE WORKS

This study presents a hybrid simulation model with HIL features for an AGV-drone system that works for
intralogistics operations. In other words, the study presents the work-in-progress DT for the AGV-drone
system, testing its logic and coordination. In a proposed AGV-drone system, a drone sits on top of an
AGYV, which navigates through no-fly zones, such as human work areas or unsafe flight regions. When the
AGYV reaches a designated safe fly zone, the drone takes flight, performs logistics operations, and returns
to the AGV. This architecture improves maneuverability and enhances energy efficiency in intralogistics
operations.

The main objective of this study is to design a scalable communication system for the AGV-drone
system. With this objective in mind and prioritizing safety during the early testing phase, the study develops
a simulation model with HIL features as the foundation for a DT. The simulation component of the DT
system is modeled using a hybrid approach that combines ABM and DES.

This study represents an initial phase in developing a coordinated AGV-drone system, focusing on
concept validation through simulation and early-stage DT modeling. The implications of this study enable
the continued development of the AGV-drone system and its DT, ultimately improving future logistics
operations. However, the current work does not yet specify all the sensors required for a complete DT
system, and it doesn’t validate the hybrid model with physical testing. While literature suggests that
continuously evolving DT prototypes can improve safety during early development, this study does not
verify such improvements.

Future work will include integrating sensor data, physical prototype testing, cost-benefit analysis, and
lifecycle-based evaluation to ensure the system’s practical applicability and robustness. We also plan to
integrate the proposed hybrid simulation model with the real AGV, drone, and manufacturing cell. We will
also build the complete DT by continuously evolving the DT prototype with appropriate sensors. The DT
model will expand beyond coordination to support real-time performance optimization, predictive analysis,
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and anomaly detection. We will also test the system with multiple drones and delivery strategies, using
advanced coordination algorithms. Furthermore, we will evaluate alternative return strategies, explore drone
sizing and layout trade-offs, and assess scalability challenges in more complex environments such as heavy
manufacturing. Because of the scalability of the system, the complexity in coordination and concerns about
safety arise. This long-term road map aims to ensure that the AGV-drone system remains adaptable, safe,
and practically viable in real-world operations.

To reach this ultimate goal, we will continue to apply DT techniques across multiple stages of the system
development process, advancing from simulation-only testing to real-time deployment and system-wide
optimization.
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