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The rise of unmanned aerial vehicles (UAVS) has expanded their use in complex tasks such as
package delivery and coordinated swarms for military and disaster response. Due to the risks of real-
world testing, simulation is crucial for safe algorithm development. This review examines current
UAV simulators, identifying their strengths and weaknesses. It outlines essential factors for simulator
selection, balancing diversity and standardization, to enhance UAV research efficiency and safety.
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1. Introduction

Unmanned aerial vehicles (UAVS), particularly drones, have seen a surge in applications across
various sectors, including agriculture, inspection, mapping, and search and rescue efforts. There is a
growing interest, particularly in aerial manipulation domains, covering operations from package
delivery to inventory management and environmental sampling [1]. Directly deploying experimental
algorithms on actual UAV hardware carries inherent risks, such as unpredictable behavior leading to
accidents. Besides, UAV mishaps can result in significant financial losses, derail project timelines,
and environmental degradation by disposing of broken parts. Moreover, the burgeoning field of
machine learning necessitates extensive data collection, proving both inefficient and often infeasible
when conducted through direct hardware interaction. As such, a robust UAV simulation environment
is pivotal for the accelerated development and innovation within this domain. Fig. 1 depicts a drone
engaged in fire suppression activities.

Fig. 1. Fire extinguishing drone in action [2]

Furthermore, the development and utilization of these vehicles extend beyond traditional
applications, now venturing into aerial manipulation and enhanced human-robot collaboration. These
applications encompass a variety of tasks, including but not limited to parcel delivery, warehouse
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operations, biological sample collection, and cooperative robotic activities [3], [4]. Directly testing
new algorithms on UAVs not only presents safety risks but also poses logistical and environmental
challenges due to the potential for crashes and the subsequent need for part replacements.
Additionally, with machine learning models becoming integral to UAV operations, the data collection
process from physical tests can become a bottleneck, making high-quality simulations invaluable for
streamlining development workflows. The complexity and operational scope of UAVs is further
expanded when considering drone swarms — networks of UAVs operating in coordinated clusters to
accomplish tasks beyond the capacity of a single drone. Drone swarms represent a significant leap
forward, enabling multiple drones to operate in a coordinated fashion, achieving complex objectives
beyond the capabilities of individual drones [5]. This evolution towards collective drone operations
opens new avenues in applications ranging from comprehensive military strategies to effective
disaster response and meticulous agricultural surveillance. The inherent complexities and the
escalated risk factors associated with the real-world deployment of drone swarms amplify the
necessity for advanced simulators in the arenas of research, development, and operational planning.
Given the intricate nature of simulations, especially in replicating complex flight dynamics and
interactions, selecting the proper UAV simulator becomes critical. This study delves into various
leading drone simulation frameworks, discussing crucial criteria and factors pivotal in the selection
process. Using our investigations, we also delineate our methodology for choosing and incorporating
a simulator.

2. Problem statement

The UAV simulator landscape is diverse and fragmented, presenting various features and
capabilities tailored to different UAV types and specific applications. While promoting innovation,
this variety complicates selecting the most suitable simulator for particular research needs.
Researchers are often faced with the need to balance various trade-offs, including simulation speed,
physics accuracy, sensor integration, and user interface. This fragmentation prevents the
establishment of standardized benchmarks. In this regard, specific difficulties arise when comparing
various simulators.

The primary problem identified in this review is the lack of a universal simulator that meets the
diverse and specific needs of UAV research and development. Current simulators exhibit varying
strengths and weaknesses, with no tool encompassing all necessary features, such as high-fidelity
physics, diverse environmental variability, comprehensive sensor simulation, and scalability for
swarm operations. Efficiently simulating the complex behaviors and interactions of multiple drones
operating in coordination is a technical challenge that existing tools only partially address.

Another critical problem is integrating diverse sensor simulations. Modern UAV applications
rely heavily on a variety of sensors, such as cameras, LIDAR, GPS, and IMUs, for autonomous
navigation and task execution. A simulator's ability to model these sensors accurately and produce
realistic data outputs is essential for developing robust UAV algorithms. However, not all simulators
offer comprehensive support for the range of sensor types, limiting their applicability in specific
research contexts.

User accessibility and support infrastructure are also vital considerations. The ease of use,
availability of documentation, community support, and licensing costs significantly impact a
simulator's adoption and long-term sustainability. Researchers require tools that are not only
technically capable but also user-friendly and well-supported to ensure efficient and productive
research workflows.

This scientific review aims to conduct a comparative analysis and evaluation of selection
criteria to identify directions for enhancing drone simulator effectiveness. By dissecting and
evaluating the current landscape of UAV simulators, this review also aims to identify critical areas
for improvement and provide a detailed analysis of the selection criteria necessary for effective UAV
research and development. Addressing these issues is crucial for guiding future enhancements in
drone simulation technology and contributing to advancing aerial robotics.
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This review hypothesizes that moving towards a more standardized approach in UAV
simulation could yield significant benefits, including enhanced comparability between studies,
streamlined collaborative efforts, and a unified framework for benchmarking simulator performance.
Furthermore, advancements in aerodynamics modeling, particularly for multirotor and fixed-wing
UAVs, are hypothesized to improve simulation accuracy and realism, thereby better supporting the
development of advanced UAV technologies.

In summary, the problem statement addresses the need to comprehensively understand current
UAV simulators, their capabilities, and limitations. It seeks to identify critical factors influencing
simulator selection and highlight areas where improvements are needed to meet the evolving demands
of UAV research and development. Through this comparative analysis, the review aims to enhance
the effectiveness of drone simulators, fostering innovation and advancing the field of aerial robotics.

3. Literature review of drone simulators

Numerous physics-based simulation tools have emerged for robotics and aerial vehicles, each
offering distinct pros and cons. Moreover, the landscape of these simulators is continuously evolving,
introducing new advancements. This vast array of choices and ongoing innovations significantly
complicates selecting the most appropriate simulator for an individual researcher's needs.

Several survey papers have been published examining simulators and their robotics application
[6]. For instance, a recent review [7] covers a broad spectrum of application domains, including those
for aerial vehicles, and contrasts the features of simulators across different fields. Unfortunately, not
all simulators provide out-of-the-box support for drones. The dynamic models used for manipulators
or terrestrial vehicles can be markedly different from those needed for aerial vehicles, particularly
when considering the aerodynamic effects crucial for research. In reference [8], the authors delve into
various aspects relevant to aerial delivery vehicles, including the choice of simulators. Additionally,
in [9], there is an examination of simulators tailored to aerial vehicles, encompassing some that are
not widely utilized, and the discussion extends to the criteria for selecting a simulator.

In [7], the authors compare four widely utilized simulators: AirSim [10], Flightmare [11],
Gazebo [12], and Webots [13], focusing on their performance in terms of stability, speed, and
resource efficiency in reinforcement learning (RL) environments. They explore the balance between
the real-time factor and accuracy, noting that faster simulation speeds, achieved by increasing the
time step, inversely affect precision. They also consider how user-friendly each simulator is,
highlighting potential difficulties new users may face when learning to use the software.

However, integration of these simulators with aerial vehicles is not always straightforward.
Differences in dynamics between manipulators or terrestrial vehicles and aerial vehicles are
significant, especially in studies aiming to incorporate aerodynamic effects. In [8], a comprehensive
evaluation of factors relevant to aerial delivery vehicles is conducted, including simulator choice.
This comparison includes RotorS [14] (based on Gazebo), AirSim [10], Flightmare [11],
FlightGoggles [15], and gym-pybullet-drones [16] (based on PyBullet). Likewise, [9] provides an
analysis of simulators specific to aerial vehicles, assessing some less common options and outlining
criteria for selecting a simulator. Additionally, extensions to popular simulators, like PRL4AIrSim
[17] — an AirSim-based package designed for efficient parallel RL training — are also noted.

The choice of a simulator should be driven by the intended application domain, ensuring that
the chosen simulator encompasses the appropriate features and sensors for that domain. Choosing the
right UAV simulator involves evaluating numerous factors that significantly impact the effectiveness
of simulation outcomes. Additionally, seamless integration with standard autopilots such as PX4 and
ArduPilot is commonly evaluated to ensure effective transition from simulation to real-world
operation. Drawing upon our experiences and analyses of relevant literature, we have established a
set of evaluative criteria and decision-making factors frequently considered in the appraisal of UAV
simulators, as illustrated in Table 1. It outlines the key criteria and decision factors that are vital when
assessing UAV simulation tools. Each criterion is derived from the identified needs within the UAV
research and development community, focusing on aspects such as environmental variability, user
interface, simulation speed, and sensor accuracy. This systematic approach aims to simplify the
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simulator selection process, ensuring that users can effectively match their specific requirements with
the capabilities of a simulator, thereby optimizing their research and development efforts.
It is evident that precisely such targeted reviews allow developers to significantly reduce their
time identifying critical problems in fields such as modeling the characteristics of drones.
Therefore, we will use these criteria to review the most successful drone simulators.

Table 1
Guidelines for Selecting UAV Simulation

Criteria Decision Factors
1 2
Environmental Ability to simulate diverse environmental conditions such as weather,
Variability time of day, and geographic landscapes

User Interface and
Experience

Ease of use, accessibility of controls, and availability of tutorials or
guides for new users

Training and Evaluation
Features

Availability of training modules, progress tracking, and performance
evaluation tools

Simulation Speed

The ability to simulate in real-time or faster, which is essential for
learning and development applications

Physics Accuracy The precision required in the physics and dynamics simulations for
the simulator's intended application
Visual Quality The need for high-quality visual simulations, important for Al training

in computer vision and other ML tasks

Flight Control System

Compatibility with widely-used flight control systems such as PX4

Compatibility and ArduPilot, crucial for conducting software and hardware
simulation tests
Multiple UAVs The ability to simulate multiple UAVs concurrently

Sensor Simulation

Support for integrating simulations of common sensors like cameras,
inertial measurement units (IMUs), GPS, LIDAR, and optical flow
sensors

UAV Models

The capability to support popular UAV models and incorporate new
ones with ease

Programming Interfaces

Compatibility with various programming languages and tools like
ROS, as well as environments such as Gymnasium and PettingZoo for
Al training

Ease of Integration

How straightforward it is to start using and developing with the
simulator, and if the project receives regular updates

Scalability and
Extensibility

Ability to add more features, vehicles, or scenarios as user needs grow

Cost and Licensing

Initial and ongoing costs, including licensing fees, and any limitations
on use

Community and Support

Availability of a user community, forums, and customer support for
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troubleshooting and development assistance

Continued of the table 1

1 2
Physical Interface Support for real-world UAV controllers, joysticks, and other physical
Compatibility interfaces to enhance the realism of the simulation experience
Graphics and Quality of graphics and environmental details, including terrain,

Environmental Realism obstacles, and realistic lighting effects for immersive simulation
experiences

Data Recording and Capabilities for recording flight data and analyzing it post-flight for
Analysis training, research, and development purposes

Data Recording and Capabilities for recording flight data and analyzing it post-flight for
Analysis training, research, and development purposes

VR and AR support Support for VR and AR technologies to enhance training realism and

user immersion

Gazebo Classic [12] stands out as a dynamic and open-source research tool for simulation,
celebrated for its modular configuration that facilitates the integration of varied physics engines,
sensor systems, and three-dimensional environment crafting. Its utility shines particularly in tasks
involving aerial manipulators, thanks to the platform's capability for generating adjustable contact
surfaces, a feature critical for nuanced simulation scenarios [18, 19]. However, the reliance on older
physics engines in Gazebo Classic may hinder its effectiveness in simulating the latest UAV
technologies, potentially leading to less accurate representations of modern drone behaviors.

Rotor [14], developed as an enhancement over Gazebo Classic, serves as a structured
environment tailored for UAV design and the crafting of control algorithms, with a special emphasis
on replicating accurate vehicle dynamics. RotorS is tailored for UAV design and control algorithm
development, but its specialized focus may not suit all types of UAV applications, particularly those
requiring diverse environmental interactions. An extension to Rotor, CrazyS [20], zeroes in on the
simulation of the Crazyflie 2.0 quadrotor, extending the foundational aspects of RotorS. Nonetheless,
it is notable that both RotorS and CrazyS present limitations in simulating perception-driven tasks.
PX4 SITL Gazebo [21], evolving from the RotorS framework, brings forth cutting-edge support for
PX4 SITL configurations, functioning independently from ROS, thereby broadening the scope for
simulating multiple vehicles simultaneously. Significantly, this simulator introduces an airspeed
sensor module, a critical element for the accurate simulation of fixed-wing and VTOL aircraft. The
evolution continues with the new Gazebo [22], previously referred to as Ignition. This platform, as
the modern successor to Gazebo Classic, advances the field with its inclusion of quadrotor dynamics
and control systems inspired by the foundational RotorS initiative, marking a new era in UAV
simulation capabilities. While RotorS and CrazyS offer detailed simulation environments for UAV
design, their specialized focus might limit their applicability across diverse UAV applications,
potentially curtailing their utility in broader research scenarios.

NVIDIA's Isaac Sim [23] stands out as a photorealistic, high-fidelity simulator catering to
diverse platforms. lIsaac Sim's advanced photorealistic environments provide excellent visual
feedback; however, its high-performance requirements may not be justifiable for simpler simulation
tasks that do not need detailed graphics. Building upon Isaac Sim, the Pegasus Simulator [24]
introduces an open-source add-on featuring enhanced multirotor dynamics, the capacity for parallel
multi-vehicle simulations, and integration with both PX4 and ROS 2 (Fig. 2), along with added sensor
functionalities including a magnetometer, GPS, and barometer. Further, Isaac Gym [25] offers a
specialized environment for GPU-accelerated reinforcement learning, albeit with simpler visual
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rendering compared to Isaac Sim. Complementing this suite, Aerial Gym [26], an extension of the
Isaac Gym Preview Release 4, excels in parallelizing simulations for numerous multirotors and
facilitates the customization of obstacle randomization.

Webots [13] is recognized in the robotics community as a versatile and open-source simulator,
hosting a vast array of robotic platforms. While predominantly tailored for ground-based robotics
applications, Webots also includes two quadrotor models, which, despite employing simplified
aerodynamic physics, offer valuable insights into aerial dynamics for beginners and intermediate
users. The simulation engine is powered by the Open Dynamics Engine (ODE), providing robust
physical simulations; for an in-depth examination, see reference [27]. An inventive use of Webots
facilitated the creation of a triphibious robot, blending aquatic, terrestrial, and aerial functionalities,
as highlighted in study [28]. In addition to these applications, Webots has been advancing in UAV
simulations, contributing to the understanding and development of complex flight dynamics and
control strategies. Webots is known for its robustness in ground-based robotics simulations but may
not offer the same level of detail and accuracy in aerodynamics needed for more complex UAV
applications.

CoppeliaSim [29], known previously as V-REP, excels as a multi-faceted robotics simulator
that caters to a wide spectrum of robotics disciplines, including UAVS. It is celebrated for its extensive
support for different programming languages and multiple physics engines, enabling precise
simulations tailored to specific research needs. Despite this, yet the broad range of features can
overwhelm new users without robust documentation or support. The choice of the physics engine, as
elaborated in [27], is paramount to circumvent simulation artifacts that can affect the fidelity of
results, such as unrealistic collision dynamics and sensor feedback anomalies. Among its varied uses,
CoppeliaSim has been instrumental in the field of UAV navigation, particularly in developing and
testing obstacle avoidance algorithms [30]. Its flexibility and precision make it an excellent tool for
simulating complex UAV behaviors, including swarm intelligence, cooperative control, and
interaction with dynamic environments.

Fig. 2. Pegasus Simulator GUI [31]

MuJoCo, denoted in literature as [32], stands as a widely utilized physics engine in the domain
of Machine Learning (ML). It provides interactive visualization capabilities through OpenGL
rendering and supports a range of platforms, including UAV models such as the Skydio X2 and the
Crazyflie 2 quadrotor.
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Initiated by Microsoft, AirSim [10] is constructed atop the Unreal Engine, providing a suite of
sensors, a weather API, and compatibility with open-source flight controllers like PXA4. It's primarily
engineered for Al research endeavors, offering platform-independent APIs that facilitate data
retrieval and vehicular management. A notable aspect of AirSim is its higher computational
requirements in comparison to alternative simulation platforms and can be a significant drawback for
researchers with limited processing power, potentially slowing down iterative design and testing
cycles. An extension named PRL4AIrSim [17] enhances AirSim by enabling efficient parallel training
for reinforcement learning (RL) tasks. While the original version of AirSim is open-source, Microsoft
has shifted its focus towards Project AirSim, transitioning to a commercial licensing model.
Subsequently, the Project AirSim service was discontinued.

Flightmare [33] emerges as a dynamic simulator composed of two core elements: a rendering
engine based on Unity and a physics model. Both components are designed for maximum adaptability
and can operate independently. The rendering engine is capable of producing lifelike visual outputs
and simulating sensor inaccuracies, environmental changes, and optical distortions with a low
computational footprint. The physics model provides a broad spectrum of control over robot
dynamics, from straightforward, noise-free UAV models to complex simulations involving rigid body
dynamics with friction, rotor drag, and even the dynamics of actual platforms. Flightmare's versatility
and efficiency have made it a popular tool for ML projects, particularly in the realm of autonomous
drone racing [34]. Although Flightmare provides flexibility and independence in its components, the
separate management of its physics and rendering engines could complicate integration and increase
the learning curve for new users.

FlightGoggles [15], in a manner akin to Flightmare, serves as an open-source simulator
dedicated to achieving photorealistic simulations. It integrates two principal components: the use of
photogrammetry to render camera sensors with high realism, and the application of virtual reality to
incorporate authentic vehicle movement and human interaction within the simulations. Constructed
using the Unity engine, FlightGoggles encompasses multirotor physics that include motor dynamics,
foundational vehicle aerodynamics, and IMU bias dynamics. A distinctive attribute of FlightGoggles
is its 'vehicle-in-the-loop simulation’, a setup in which a vehicle navigates within a motion capture
system. Here, camera imagery and exteroceptive sensor data are reproduced in Unity, while collision
detection operates based on the actual pose of the real-world vehicle. Moreover, the modular
framework of FlightGoggles is discussed extensively in [35] which elaborates on its capabilities to
simulate realistic camera and sensor dynamics through a customizable platform, enhancing its utility
for research in autonomous vehicle systems and robotic perception. FlightGoggles aims for
photorealistic simulation, but its intense graphical requirements can exclude users with less advanced
hardware, potentially limiting its accessibility.



Comparative Review of Drone Simulators Datapath 86

\“\X
-

‘{ﬁ‘l

Fig. 3. AirSim simulator images [36]

The gym-pybullet-drones [16] presents an open-source platform for the simulation of quadrotor
swarms using PyBullet's [37] physics engine, specifically crafted for investigations at the intersection
of control theory and machine learning. This framework offers interfaces tailored for both multi-agent
systems and vision-based reinforcement learning (RL) endeavors, integrating seamlessly with the
Gymnasium and PettingZoo APIs [38]. It facilitates the crafting of diverse learning environments on
a Crazyflie drone platform, incorporating realistic physical interactions like collisions and
aerodynamic influences such as drag, ground effect, and downwash. Additionally, gym-pybullet-
drones provides sample RL workflows suitable for both individual and collective agent studies,
utilizing the capabilities of Stable-baselines3 [39]. While gym-pybullet-drones excels in multi-agent
control learning, its physics engine may not accurately replicate the finer aerodynamic effects, which
are crucial for high-fidelity UAV simulations.

RotorTM [40] represents an open-source simulation tool specifically designed for the
manipulation of aerial objects. Distinguished by its focus on cable-suspended payloads and passive
attachment systems among multiple drones, RotorTM offers functionalities not typically found in
prevalent simulators. It models the cables as weightless, attaching directly to the drones’ center of
mass (CoM). These cables can shift between taut and slack states throughout the execution of tasks,
enabling the customization of the drone fleet and payload characteristics (for example, selecting
between a rigid body or a point mass for the payload). RotorTM also supports configurations where
drones are firmly connected to their loads. It simplifies certain physical considerations by assuming
minimal drag on both the payload and the drones and omitting the impact of aerodynamic forces,
under the premise that rotor dynamics occur at a much quicker pace than these elements. RotorTM
focuses on specific aerial manipulation tasks, which might not generalize well to other types of UAV
operations, potentially limiting its applicability for diverse research projects.

The MATLAB UAV Toolbox [41] serves as a comprehensive suite within MATLAB designed
for the creation, simulation, evaluation, and deployment of unmanned aerial vehicles (UAVS). This
toolbox provides a range of tools for the development of algorithms, analysis of flight logs, and
conducting simulations. Its simulation functionalities include a cuboid simulation framework for
rapid scenario development and a sophisticated 3D photorealistic simulation environment that offers
synthesized camera and LIDAR data. Moreover, the toolbox features a direct interface for hardware
deployment via PX4-based autopilots and supports the MAVLink communication protocol. The
MATLAB UAYV Toolbox offers a comprehensive simulation suite; however, its proprietary nature
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and the associated costs could be prohibitive for academic researchers with limited funding. Research
endeavors utilizing the MATLAB UAV Toolbox in conjunction with flight simulation software [42],
such as X-Plane, FlightGear, and RealFlight.

The open-source environment and benchmark suite known as safe-control-gym [43] focuses on
safety within the realm of reinforcement learning (RL). Developed on the PyBullet physics engine
[37], it aims to facilitate the comparison of control strategies and RL methodologies. It encompasses
three dynamic models alongside two distinct control challenges: stabilization and trajectory tracking.
Designed to accommodate both model-based and data-driven approaches, safe-control-gym
incorporates safety constraints and accurately reflects real-world conditions, including uncertainties
in physical attributes and state estimations. While safe-control-gym provides robust safety
benchmarks, its focus on specific control challenges may not encompass the broader range of
dynamics seen in more versatile UAV operations.

MARSIM [44] emerges as an open-source library coded in C/C++, dedicated to the high-fidelity
simulation of LIDAR sensor outputs for UAV applications. It processes point cloud maps to generate
depth images, which are then refined to simulate LIDAR points accurately. Aimed at efficient
computation, MARSIM provides access to ten detailed environments, covering a variety of settings
such as forests, historic buildings, offices, parking garages, and indoor areas, facilitating diverse
simulation needs. MARSIM’s detailed focus on LiDAR simulation is highly specialized, which could
be a limitation for projects requiring integrated simulation of multiple sensor types.

QuadSwarm [45], available as an open-source Python library, caters to the simulation of
multiple quadrotors within reinforcement learning (RL) frameworks, prioritizing speed in simulation
and the practical application of simulated policies to real-world conditions. It offers a range of training
environments and employs domain randomization techniques to enhance RL models, achieving zero-
shot policy transfer in both solo and swarm quadrotor configurations. The simulation bases its physics
on the Crazyflie drone model and utilizes OpenGL for graphical rendering.

PyFly [46], a Python-based open-source simulator, is specifically developed for simulating
fixed-wing aircraft operations. It boasts a comprehensive 6 degrees of freedom (6-DoF) aerodynamics
model, incorporating wind conditions and stochastic turbulence for realism. Complementing PyFly,
fixed-wing-gym [46] acts as an OpenAl Gym interface tailored to enhance reinforcement learning
(RL) endeavors with PyFly, streamlining the integration of fixed-wing aircraft simulations into RL
applications. PyFly’s specialization in fixed-wing aircraft limits its use for researchers focused on
multirotor UAV models, thereby constraining its utility for a broad spectrum of drone research.

ARCAD [47], standing for AirLab Rapid Controller and Aircraft Design, isa MATLAB-based
open-source simulator targeting fully-actuated multirotors. It is designed to accelerate the processes
of aircraft and controller modeling, design, and analysis. Furthermore, ARCAD specializes in the
visualization of complex tasks involving physical interactions, such as performing controlled force-
based maneuvers to execute tasks like writing on surfaces. Its main aim is to foster innovation in the
design and control of new aircraft models through efficient simulation and analysis.

HIL-airmanip [48] introduces a unique simulation framework designed for exploring the
dynamics of physical interactions between humans and drones, facilitating real-time engagement
from human participants. Within this simulation environment, the forces exchanged via a haptic
interface by a human operator are meticulously measured and relayed to an aerial manipulator. This
manipulator is digitally represented within the RotorS simulation suite and comprises a quadrotor
equipped with a six-degree-of-freedom (6-DoF) robotic arm mounted on its underside. This setup
allows for intricate interaction studies and development of advanced control strategies for human-
drone collaboration.

RotorPy [49] emerges as an open-source Python-based simulator, distinguished by its
lightweight design and focus on delivering a detailed quadrotor model. Crafted with an emphasis on
ease of use, clarity, and educational utility, it was originally developed as a pedagogical instrument
for a robotics curriculum at the University of Pennsylvania. The simulator encompasses a
comprehensive quadrotor model [49], including 6-DoF dynamics, the effects of aerodynamic forces,
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the dynamics of actuators, sensor models, and wind influence. The authenticity and accuracy of the
model have been corroborated through empirical testing with a Crazyflie drone executing aerial
maneuvers, underscoring its potential as a valuable resource for both educational and research
applications.

Potato [50] introduces a simulation platform grounded in data-oriented programming
principles, tailored for expansive swarm simulations. Mirroring the computational approach of Isaac
Gym, Potato leverages GPU resources over traditional CPU-based calculations. The simulator
encompasses elementary dynamics for a range of vehicles including fixed-wing drones, quadrotors,
and automobiles. While Potato remains proprietary as of now, the creators mentioned [50] a future
plan to release the quadrotor segment of the simulator to the open-source community.

Agilicious [51] presents a comprehensive hardware and software framework for the
development of autonomous and agile flight capabilities in quadrotors, equipped with a Jetson TX2.
Its simulation environment is uniquely tailored, featuring a custom modular design that accurately
models aerodynamics, employing blade-element momentum theory among other methodologies,
including compatibility with RotorS, Hardware-in-the-Loop (HITL) setups, and integration with
visual simulation platforms like Flightmare. Agilicious’ reliance on custom hardware configurations
and a specific simulation platform may reduce its flexibility and increase the entry barrier for general
UAV research use. Though governed by a custom license, Agilicious remains accessible to the
academic community upon registration.

The MRS UAV System [52] offers a flight stack meticulously crafted for conducting
reproducible research, enabled by realistic simulations and tangible experiments. Its simulation
framework is anchored in Gazebo Classic, CoppeliaSim, or the bespoke MRSmultirotor-simulator,
all of which provide lifelike quadrotor dynamics, sensors, and models. Noteworthy is its seamless
compatibility across various releases of the Robot Operating System (ROS), ensuring its relevance
and utility through continuous updates and support. The system is particularly favored for
coordinating multirotor drone teams.

CrazyChoir [53] introduces a modular framework based on ROS 2, designed to facilitate
simulations and experiments with collaborative Crazyflie drones. Leveraging Webots for simulation,
it incorporates a Software-in-the-Loop (SITL) emulation of the Crazyflie firmware, offering a
foundation for realistic operational scenarios.

Crazyswarm2 [54], akin to CrazyChoir, is a framework dedicated to the management of large-
scale indoor quadrotor swarms, specifically with Crazyflie drones. It employs SITL for firmware
simulation, wrapped in a flexible simulation architecture that supports either visual-only simulation
or a customized Python-based physical simulation, enhancing its utility for swarm control research.

Aerostack2 [55] emerges as a multifaceted, open-source flight stack, ensuring compatibility
with a wide array of UAV systems including PX4, ArduPilot, DJI, and Crazyflie. It utilizes Gazebo
for simulation, complete with bespoke sensor models, although it presently lacks support for
Software/Hardware-in-the-Loop (S/H)ITL simulation frameworks, focusing instead on versatile
UAYV operational capabilities. The current focus of Aerostack2 on compatibility and operational
capabilities may detract from its ability to provide detailed physical simulations, potentially affecting
the fidelity of research outputs.

X-Plane [56] stands out as a cross-platform commercial flight simulator primarily targeted at
training pilots. It is renowned for its focus on replicating authentic flight dynamics, complemented
by sophisticated simulations of weather conditions, wind, and lighting effects, catering to a realistic
flight experience. X-PlaneROS [57] acts as a ROS-compatible interface for X-Plane, facilitating the
control of large fixed-wing vehicles. It allows for the extraction of aircraft data from X-Plane,
enhancing capabilities for human-robot interaction within the context of the simulator. QPlane [58]
is introduced as a reinforcement learning toolkit for fixed-wing aircraft simulation. It is designed to
integrate with external flight simulators, including X-Plane and FlightGear, providing a versatile
platform for RL-based flight research. Although X-Plane offers detailed flight dynamics for fixed-
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wing aircraft, its applicability to UAV-specific simulations, particularly for drones and multirotors,
may be limited.

FlightGear [59] is recognized as an open-source, community-supported, cross-platform flight
simulator. It has garnered attention from the research community, especially for its application in
UAYV simulation projects [60], demonstrating its versatility and utility in academic settings.

RealFlight [61] presents itself as a commercial RC flight simulator for Windows, featuring a
variety of small multirotor and fixed-wing vehicles. Its realistic simulation capabilities have made it
a chosen platform for UAV research [62], highlighting its application in advanced simulation
scenarios.

Table 2 provides a comparison of critical attributes across various simulation platforms.

The following tables cover simulators widely used in the aircraft field. To maintain brevity, we
have excluded simulators that offer limited versatility and result in minimal use.

Rendering with OpenGL and OGRE typically yields lower visual fidelity when compared to
the superior visual quality provided by Vulkan, Unity and Unreal engines. The presence of "RL" in
the interface column signifies a simulator's specialization for reinforcement learning (RL)
applications. A column detailing the "Latest Update” of each simulator at the time of writing this
paper has also been included for reference. It is crucial to acknowledge that the status of maintenance
is subject to change; therefore, we recommend that the readers view these details as a temporal
representation and verify the current status when selecting a simulation tool for their research needs.

Table 2
Comparative overview of features in major drone simulators
Simulator Physics Rendering Interfaces Licensing Last Ref
Updated
Isaac (Pegasus, | NVIDIA Vulkan ROS 1/2, Proprietary | 27.02.2023 | [27-
Aerial Gym) PhysX, Flex Python, RL (BSD 3) 30]
CoppeliaSim Bullet, ODE, | OpenGL ROS 1/2, GNU GPL, | 14.06.2024 | [29]
Vortex, CIC++, Comm.
Newton, Python,
MuJoCo MATLAB,
Java, Lua,
Octave
Gazebo Bullet, DART, | OGRE ROS 1/2, Apache-2.0 | Sep, 2023 | [22]
TPE C++, RL,
Python
Gazebo Classic | ODE, Bullet, | OGRE ROS 1/2, Apache-2.0 | 06.10.2023 | [12]
DART, C++, RL
Simbody
Webots ODE OpenGL ROS 1/2, Apache-2.0 | 28.06.2023 | [13]
CIC++,
Python,
MATLAB,
Java
AirSim NVIDIA Unreal, ROS 1, C++, | MIT 18.07.2022 | [10],
PhysX Unity Python, C#, [36]
Java, RL
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Flightmare Ad hoc, Unity ROS 1, C++, | MIT 01.12.2020 | [33]
Gazebo RL
Classic
FlightGoggles | Ad hoc Unity ROS 1, C++ |MIT 31.05.2021 | [15]
gym- PyBullet OpenGL Python, RL MIT 02.03.2024 | [16]
pybulletdrones
RotorTM Ad hoc OpenGL ROS 1, GNU GPL |19.07.2023 | [40]
Python,
MATLAB
MATLAB MATLAB Unreal ROS 2, Proprietary, | 2024 [41]
UAYV Toolbox MATLAB Comm.

Table 3 offers a comparative overview of the sensors accommodated by each simulator.
Abbreviations used include “Seg” for segmentation, “Mag” for magnetometer, and “Baro” for
barometer. This table lists the features and sensors that are supported in the standard setups of the
simulators, while recognizing that numerous simulators possess the capability to be enhanced for
broader support.

Table 3

Overview of sensors included in popular aerial vehicle simulators

Simulator RGB | Depth |Seg. | IMU | Mag. | GPS | Baro. | LiDAR | Optical
Flow

Isaac (Pegasus, | Yes Yes Yes | Yes, |No No No Yes, No | Yes
Aerial Gym) No
CoppeliaSim | Yes Yes No | Yes No Yes | No Yes No
Gazebo Yes Yes Yes | Yes Yes Yes | Yes Yes Yes
Gazebo Yes Yes Yes | Yes Yes Yes | Yes Yes Yes
Classic
Webots Yes Yes No | Yes Yes Yes | No Yes No
AirSim Yes Yes Yes | Yes Yes Yes | Yes Yes Yes
Flightmare Yes Yes Yes | No No No No No Yes
FlightGoggles | Yes Yes Yes | Yes No No No No Yes
gym-pybullet- | Yes Yes Yes | No No No No No No
drones
RotorTM No No No No No No No No No
MATLAB Yes Yes Yes | Yes No Yes | No Yes No
UAYV Toolbox

Despite the advances in UAV simulators, several unsolved problems remain. First, there is no
universal simulator that meets all the diverse needs of UAV research, including high-fidelity physics,
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diverse environmental variability, comprehensive sensor simulation, and scalability for swarm
operations. This fragmentation forces researchers to use multiple simulators, increasing complexity
and inefficiency.

Second, not all simulators support the full range of sensors essential for modern UAV
applications, such as cameras, LIDAR, GPS, and IMUs. This limitation restricts their applicability in
specific research contexts, hindering the development of robust UAV algorithms.

Third, efficiently simulating the complex behaviors and interactions of multiple drones
operating in coordination remains a significant technical challenge. Many simulators struggle with
scalability and realistic modeling of swarm dynamics, impeding research in coordinated surveillance,
search and rescue operations, and other collaborative tasks.

Fourth, user accessibility and support infrastructure are critical issues. Many simulators lack
comprehensive user support, have steep learning curves, and vary widely in terms of documentation,
community support, and licensing costs. This can deter new users and reduce research efficiency.

Fifth, achieving a balance between real-time simulation speed and high-fidelity physics is
challenging. Faster simulation speeds often come at the expense of precision, leading to less accurate
modeling of UAV behaviors, which can negatively impact the development and validation of UAV
algorithms and control systems.

Sixth, the fragmentation of UAV simulators complicates the establishment of standardized
benchmarks, making it difficult to compare and evaluate different simulators comprehensively. This
lack of standardization hinders collaborative efforts, reproducibility of research findings, and the
overall advancement of UAV simulation technology.

Lastly, detailed aerodynamic modeling is essential for accurately simulating UAV interactions
with dynamic environmental elements, particularly for fixed-wing aircraft and scenarios involving
constrained environments. Many simulators lack advanced aerodynamics capabilities, resulting in
less realistic simulations and affecting the development of UAV technologies that rely on precise
aerodynamic interactions.

To enhance the effectiveness of drone simulators, it is essential to focus on developing more
comprehensive, high-fidelity, and scalable simulation environments. Future research should aim to
integrate advanced sensor simulation capabilities, improve the modeling of swarm dynamics, and
incorporate detailed aerodynamic principles. Additionally, efforts should be made to standardize
benchmarking practices and improve user accessibility and support infrastructure to foster
collaboration and innovation in UAV research and development. Addressing these issues is crucial
for advancing UAV research and development.

4. Discussion

Navigating the landscape of aerial vehicle simulators presents a nuanced challenge, poised at
the intersection of technological specificity and research objectives. The undertaking, while complex,
promises substantial rewards, manifesting as enhanced safety protocols, reduced experimental
timelines, and diminished costs. This paper has endeavored to illuminate the breadth of robotic
simulators tailored for aerial applications, providing a critical examination of their distinguishing
features, supported vehicle dynamics, and sensor integration capabilities. Through a detailed
comparison of widely adopted simulation platforms, we have outlined pivotal considerations that
researchers should weigh when in pursuit of the optimal simulation environment.

Our comparative review is intended as a resource for the aerial vehicle research community,
offering insights that facilitate informed decisions in the selection of a simulation environment.
Ultimately, it is the alignment of the simulator's capabilities with the specific demands of the intended
application that will dictate the success of research endeavors in aerial robotics. Through meticulous
analysis, we have delineated the capabilities, strengths, and limitations of current simulators,
emphasizing the essential criteria such as fidelity, environmental variability, sensor accuracy, and the
simulation of drone swarms. Our investigation reveals a pressing need for simulators that can more
accurately mimic real-world conditions, support a broader array of sensors, and efficiently manage
the complexities of drone swarm operations.
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The gaps identified in aerodynamics simulation, sensor diversity, and scalability for large-scale
drone simulators underscore the necessity for targeted enhancements. These shortcomings not only
limit the potential for research and development but also impede the application of UAV technology
in sectors where precision, reliability, and efficiency are paramount. Addressing these issues is not
merely an academic exercise but a critical step towards unlocking the full potential of UAVS in
practical, real-world applications. Reflecting on the diverse array of simulators reviewed, it is evident
that no single tool currently meets all the requirements of the UAV research community. This
diversity, while showcasing the ingenuity and innovation in the field, also highlights the challenges
in selecting the appropriate simulator for specific needs. The quest for a universally applicable
simulator remains elusive, advocating for a balanced approach that combines the strengths of various
tools while fostering standardization to facilitate collaboration and comparability.

Based on the performed analytical review of literary sources, several previously unsolved parts
of the general problem have been identified. These include the lack of a universal UAV simulator
that meets all diverse research needs, limited support for a full range of sensors, challenges in
simulating swarm dynamics, and the need for improved user accessibility and support infrastructure.
Additionally, there is a significant need to balance real-time simulation speed with high-fidelity
physics, establish standardized benchmarks, and incorporate advanced aerodynamic modeling.

The evolution of aerial robotics has been significantly influenced by the development and
refinement of simulators, marking a pivotal stride in the field. This progression, however, unveils a
dichotomy rooted in the platform-dependent and application-specific needs of diverse research
groups. The singular adoption of a universal simulator that caters to all envisaged scenarios remains
an elusive goal, underscoring the inherent diversity and complexity of aerial robotics applications.
The discourse on whether to pursue a variety of solutions or to lean towards standardization presents
a compelling narrative that merits a deeper examination within the scientific context.

Balancing Diversity and Standardization. The aerial robotics community stands at a crossroads,
where the merits of diversity in simulation solutions are weighed against the benefits of
standardization. On one hand, the diversity of simulators fosters innovation, allowing researchers to
tailor simulations to the nuanced requirements of their specific projects. On the other, standardization
could streamline benchmarking efforts and enhance collaborative ventures across the spectrum of
aerial robotics research. The prudent path forward appears to entail a strategic investment in a select
cadre of simulators, thus amalgamating the strengths of both approaches. This strategy would not
only bolster the development of high-fidelity simulations but also pave the way for a more cohesive
framework for benchmarking and collaboration.

Aerodynamics and Simulation Fidelity. A focal point of the discussion is the critical role of
aerodynamics in the fidelity of UAV simulations. While the consensus suggests that a majority of
UAV applications, particularly those involving multirotors, may not necessitate detailed aerodynamic
modeling, certain scenarios present an undeniable need for such considerations. These scenarios,
including navigation in constrained environments or interaction with dynamic environmental
elements, underscore the importance of integrating aerodynamic principles into simulation models,
especially for fixed-wing aircraft. Addressing this need is paramount for advancing simulation
technology and, by extension, the capabilities of UAVs in complex operational contexts.

Benchmarking, Standardization, and the Academic-Industry Divide. The proliferation of
simulators has accentuated the need for standardized benchmarking practices within the field. The
absence of a unified framework for benchmarking complicates the comparability and reproducibility
of research findings, presenting a significant hurdle to the advancement of the discipline.
Furthermore, the distinction between simulators developed in academic settings and those backed by
industry highlights a dichotomy in sustainability and support. Bridging this gap, through collaborative
efforts and resource sharing, could significantly enhance the robustness and longevity of simulation
tools.

Data Sharing, Collaboration, and Resource Identification. The dialogue further extends to the
necessity of data sharing and collaborative endeavors within the aerial robotics community. The
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sharing of simulator data and models emerges as a crucial step toward collective progress, particularly
in domains such as perception and autonomous navigation. Moreover, the plethora of available
simulators poses a daunting challenge for newcomers. Thus, resource identification and the provision
of comprehensive surveys become invaluable tools for guiding researchers towards informed
simulator selection.

Scalability for Swarm Simulations. The potential of drone swarms to revolutionize fields such
as agriculture, disaster response, and defense is immense. However, our review reveals a gap in the
scalability of current simulators to efficiently model the complex behaviors of large-scale swarms.
Addressing this issue through distributed computing or cloud-based solutions could significantly
advance our ability to simulate, analyze, and optimize swarm operations, paving the way for
innovative applications and enhanced operational coordination. It is essential to develop
comprehensive simulators that integrate advanced sensor simulation capabilities for more accurate
and comprehensive simulations. Enhancing scalability for swarm operations is necessary to
efficiently model the complex behaviors and interactions of multiple drones. Simplifying user
interfaces, providing comprehensive documentation, and enhancing community support are crucial
for increasing the adoption and long-term sustainability of UAV simulators. Additionally, balancing
real-time speed with high-fidelity physics through innovations in computational techniques and
establishing standardized benchmarks will facilitate the comparison and evaluation of different
simulators, promoting collaborative efforts and reproducibility of research findings. Incorporating
detailed aerodynamic principles will lead to more realistic simulations, especially for fixed-wing
aircraft and scenarios involving dynamic environmental interactions.

Accessibility, Maintenance, and Sustainability. Lastly, the discussion veers towards the
practical aspects of simulator selection, emphasizing the importance of accessibility, maintenance,
and sustainability. Licensing considerations, the open-source availability, and the long-term support
of simulators are pivotal factors that influence their utility and adaptability for research purposes.
Encouraging researchers to delve into these aspects can facilitate the selection of simulators that not
only meet current needs but also remain viable tools in the evolving landscape of aerial robotics
research.

This allows us to state that it is appropriate to conduct a study devoted to developing more
comprehensive, high-fidelity, and scalable UAV simulation environments. Addressing these gaps by
integrating advanced sensor simulation capabilities, improving the modeling of swarm dynamics, and
enhancing user accessibility and support infrastructure is crucial.

While the development of UAV simulators has reached remarkable heights, the path forward
requires a nuanced understanding of the field's complexities. The tasks identified for scientific
research based on this review do not merely aim to rectify the identified shortcomings but strive to
elevate the field to new heights of innovation and application. Striking a balance between
diversification and standardization, embracing aerodynamic modeling in pertinent scenarios,
fostering benchmarking and standardization, and promoting data sharing and collaboration are
essential strides towards realizing the full potential of aerial robotics simulations. This
multidimensional approach not only aligns with the scientific context but also ensures consistency in
advancing the frontiers of aerial robotics research. By addressing these issues through targeted
research, we can significantly enhance the effectiveness of drone simulators. This involves integrating
advanced sensor simulation capabilities, developing scalable solutions for swarm operations,
improving user accessibility, balancing real-time speed with high-fidelity physics, standardizing
benchmarking practices, and incorporating detailed aerodynamic principles. These efforts will
contribute to the advancement of UAV research and development, fostering innovation and
improving the reliability and efficiency of UAV operations. By judiciously selecting and utilizing
simulation tools, researchers can significantly contribute to the evolution of aerial robotics, fostering
innovation and enhancing the reliability and efficiency of UAV operations. We aspire that this paper
will serve as a cornerstone for future research, inspiring a new wave of discoveries and developments
in the dynamic realm of aerial vehicle simulation. In sum, the advancement of aerial robotics is



Comparative Review of Drone Simulators Datapath 94

intricately linked to the continuous development and refinement of simulation environments. The
detailed exploration of simulators presented in this paper underscores their indispensable role in
fostering innovation, enhancing operational reliability, and pushing the boundaries of what is possible
in the realm of autonomous flight.

5. Conclusion

The ongoing advancements in UAV technology and their expanding applications make it
imperative to develop sophisticated simulation environments that can keep pace with these
developments. The relevance and expediency of this research are underscored by the critical need for
reliable and versatile simulation tools that can support innovative UAV applications in various
sectors.

This review has identified a primary unsolved problem: the absence of a universal UAV
simulator that meets the diverse and specific needs of UAV research. Current simulators exhibit
varying strengths and weaknesses, with no single tool encompassing all necessary features such as
high-fidelity physics, diverse environmental variability, comprehensive sensor simulation, and
scalability for swarm operations. This gap not only limits the potential for research and development
but also impedes the application of UAV technology in sectors where precision, reliability, and
efficiency are paramount.

The goal of future research should be to develop a comprehensive, high-fidelity, and scalable
UAV simulation environment that addresses these identified gaps. The research will focus on
integrating advanced sensor simulation capabilities, improving the modeling of swarm dynamics, and
enhancing user accessibility and support infrastructure. The object of the research will be UAV
simulators, and the subject will be their development and optimization to meet diverse research and
operational needs.

From this vantage point, the task for scientific research becomes clear: to significantly advance
the state of drone simulation technology, enabling it to more accurately and effectively model the
behavior of a heterogeneous swarm of drones navigating and operating within dynamically changing
environments. To achieve this task, it is necessary to improve scalability for swarm simulations by
utilizing distributed computing solutions to manage and simulate large-scale drone swarms
efficiently, and to incorporate machine learning and Al by integrating models that can learn and adapt
to dynamic environments within the simulation.

Future research should focus on developing simulators with advanced aerodynamics
capabilities that can accurately replicate the complex interactions between drones and their operating
environments. This includes the effects of wind, turbulence, and varying weather conditions on drone
flight dynamics. Also, there's a pressing need to enrich simulators with more diverse sensor models,
especially those that support emerging sensor technologies in UAV applications, such as multispectral
and hyperspectral imagers, advanced radar systems, and thermal cameras. Investigating distributed
computing or cloud-based solutions could provide the necessary infrastructure to simulate complex,
coordinated drone behaviors across vast geographical areas, marking a substantial leap forward in the
realism and applicability of UAV simulations.
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HIBuakuii po3BuUTOK Oe3minoTHUX JitanbHux amapariB  (BIIJIA), ocoGmuBo JpoHIB,
PEBOJIIOIIIOHI3YBaB Pi3HI cpepr HAyKH Ta MPOMUCIOBOCTI, BKIIOYAIOUHM CUILChKE T'OCHOJIApCTBO,
KapTorpadito, MoIIyKOBO-pATYBaIbHI onepaiii Ta iHmmi. J[Js BignpaloBaHHs aaropuTMIB peanizarii
CKJIAJJHUX EBOJIIOLIM TPaeKTOpiii MpH AOCTaBLI MOCHIOK ab0 MpHU EKOJOrYHOMY MOHITOPHUHTY
BUHUKA€E HarajibHa HEOOXIHICTH PO3POOKU CEPENOBUIL MOJETIOBAHHS JUIsl YHUKHEHHS 3HAYHHMX
PU3UKIB, MOB'SI3aHMX 3 pealbHUM TecTyBaHHAM. OJHAK pPI3HOMAaHITHICTH 1 (pparMeHTapHICTb
JOCTYIHUX IHCTPYMEHTIB YCKJIAJHIOE BHOIp CUMYJIATOPIB JUIS BHUPIIIEHHS KOHKPETHHMX 3aBJaHb.
Po3poOHuKK 3MyIIeHi OallaHCyBaTH MDK TaKUMHM KOMIIPOMICaMHM, SIK HIBHJIKICTH MOJIETIOBaHHS,
TOYHICTh iMiTallii (I3WYHUX 3aKOHIB, IHTETpallisi CEHCOpIB 1 SKICTh IHTepdeicy KopucTyBaua.
BincyTHICTh yHIBEPCAIBHOTO CUMYISTOPA, SIKUM OM BKJIIOUYAB BHCOKOTOYHY (DI3UKY, KOMIUIEKCHE
MO/ICJTIOBaHHS CEHCOPIB Ta MacIITa00BaHICTh JUISI MOJICNIOBAHHS POIO JIPOHIB, € CHOTO/IHI EBHOIO
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npobnemoro. Bimomi cumynstopu BITJIA maroTh nieBHI iepeBaru Ta HEJOJIKH, ajie KOJCH 3 HIX He
3a0e3reuye KOMIUIEKCHOTO BHPIMIEHHS BCIX BUMOT, SIKi HEOOXIiTHI Ui CY4acHHX IOCIHIIKEHb 1
po3poOoK. [HTerpartis pi3HUX CeHCOpIB, Takux sk BeO-kamepu, LIDAR, GPS ta IMU, y cucremu
MOJICTIOBAaHHS 3QJIMIIAETHCA TEXHIYHOIO MpoOIeMoIo, MmO OOMEXye 3aCTOCOBHICTh ICHYIOUHMX
cumynaTopiB. KpiMm Toro, mocTynmHicTh €()EeKTMBHHX CHUMYISATOPIB 1 MIATPUMKA MOXKE 3HAYHO
BIZIPI3HATHUCS, IO TaKOX BIUIMBAE€ Ha BUOIp Ta CTiIKiCTh mMX iHCTpyMeHTIB. CTaHmapTH30BaHHN
niaxig no wmozaemoBaHHS BIIJIA Moke minmBummTH e(EeKTUBHICTD IOPIBHSHHS pE3YIbTATIB
JOCITI/DKeHb, CHPOCTUTH 3yCWJUIS TpH BUOOpI Ta CTBOPUTH €IUHY OCHOBY [UIS OIUHKH
MPOAYKTHBHOCTI cuMynsTopiB. [Iporpec B MoOAeNIOBaHHI aepoOJAWHAMIKH, OCOOIUBO IS
kBagpokontepiB Ta BIIJIA, Moke MOKpAIIUTH TOYHICTH 1 peasliCTHYHICTh MOJETIOBAHHS, 10 Kpalle
MIATPUMYBATHME PO3BHTOK IEPEAOBUX TEXHOJOTIH. MaiOyTHI JOCTIKEHHS MalTh Ha MeETi
PO3pOOKY OLTBIIT KOMIUIEKCHUX, BUCOKOTOUYHHUX Ta MACIITA00BAHUX CEPEIOBHUIIL JIJIST MOJICITFOBAHHSL.
Ile BKIIOYWae IHTErpamil0 I1HHOBAIIMHUX MIIXOJIB MOJEIIOBAHHSA CEHCOpIB, IOKpAIlEeHHS
MOJIEJIIOBAHHS AMHAMIKHM POiB 1 MIJBUILICHHS JOCTYIHOCTI Ta MIATPUMKH KOpUCTyBauiB. OCHOBHI
HaNpsIMKU JJI TIOKPAIEHHs] BKJIIOYAIOTh: IHTErpalil0 CEHCOPIB I MOJEIIOBAHHS iX HIMPOKOTO
CHEKTPY, MIBUIIEHHS e(DEKTUBHOCTI MOJICITIOBAHHS JUHAMIKH POIB Y BUMAAKaX CKJIATHOT TOBEIIHKHI
Ta B3aEMOJIII MK JIEKIJIbKOMa IpOHAaMU, CIPOILEHHS 1HTep(eiciB KOpUcTyBaya, HaJlaHHs BCEOIUHOT
JNOKyMEHTaIlli, 3a0e3neyeHHs HaAlfHOT MIATPUMKH CIHUIBHOTH, PO3POOKY CTaHIapTHU30BaHHUX
KpUTEPIiB Al MOPIBHAHHSA Ta OLIHKKA PI3HUX CHUMYIATOPIB, a TaKOX ypaxXyBaHHS JEeTaIbHUX
aepoAMHAMIYHUX MPUHIHUIIB I TOKPALIEHHS TOYHOCTI MOJETIOBaHHA. BupimeHHs uux npooiaem
ipu po3poOiii cumysstopiB BITJIA € BaxxmuBUM 1711 pO3BUTKY a€pOPOOOTOTEXHIKH. TaKuM YHHOM,
pOo3poOKa cepeIoBUILL JIIsl MOJICTIOBAHHS 3 IHTETPOBAHUMHU MOKJIMBOCTSIMU CEHCOPIB, MOKPAIIEHUM
MOJIENIIOBAHHSM JMHAMIKM POIB Ta 3pyYHUMHU iHTepdelicaMu MOXke MiIBULIIUTH €(PEeKTUBHICTH Ta
pe3ynbTaTuBHICTD po3BUTKY BIIJIA. CtangapTu3oBaHi KpUTEpii OIIHKHK Ta JETAIbHE MOJCITIOBAHHS
aepoJIMHAMIKHM MIATPUMYBAaTUMYTh €BOJItOIII0 TexHojorii BITJIA, 3a0e3neuytoun Outbin Oe3meuHi,
HaJIiiHI Ta IHHOBAIIMHI 3acTOCyBaHHS B pi3HUX cdepax. BoHM cnpusITUMYyTh I1HHOBAIIISIM,
TEXHOJIOTIYHOMY IIPOTPeCy Ta ONepaIiiHii eeKTUBHOCTI Y peaJbHUX YMOBaX.

Knrwowuoei cnosa: npon, BIUIA, piif, cumyasTop, CEHCOP, TUHAMIKA CEPEIOBHINA



