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Abstract

Testing autonomous navigation algorithms of Unmanned
Aerial Vehicles (UAVs) in real-world scenarios often entails
significant safety risks. In this paper, we aim to build a flexi-
ble yet user-friendly UAV autonomous navigation simulator.
Ideally, it should closely emulate real-world environments,
support diverse UAV models and algorithms, and provide a
flexible evaluation framework. Existing frameworks fail to
satisfy all three requirements simultaneously. To this end, we
present AirNavigation, an integrated simulation platform de-
signed to support the end-to-end workflow of UAV navigation
research. Specifically, our system leverages Unreal Engine to
simulate highly realistic environments and diverse UAV mod-
els. It further facilitates semi-automated scene generation and
multi-modal synthetic training data production. To lower the
barrier of adoption, we develop a suite of user-friendly in-
terfaces to enable seamless integration of diverse navigation
algorithms. Moreover, we introduce a novel evaluation sys-
tem powered by large language models to deliver personal-
ized and fine-grained performance analysis.

Code — https://github.com/lel12Leon/AirNavigation

1 Introduction

With advances in UAV technology (Qian et al. 2022; Srivas-
tava and Prakash 2023) and AI (LeCun, Bengio, and Hin-
ton 2015; Sharifani and Amini 2023), UAVs are now widely
applied in domains such as agriculture and rescue (Srivas-
tava and Prakash 2023; Su et al. 2023). Autonomous nav-
igation, a core task of UAV embodied intelligence, has at-
tracted extensive research in recent years (Chang et al. 2023;
Arafat, Alam, and Moh 2023). Although testing navigation
algorithms in real-world scenarios provides practical perfor-
mance evaluation, uncontrollable environmental factors and
potential algorithmic flaws often lead to safety risks.
Therefore, many scholars employ simulators to evaluate
the performance of UAV navigation algorithms before real-
world deployments (Dosovitskiy et al. 2017a; Giovagnola
et al. 2023). These simulators can be broadly divided into
two categories. Device-specific simulators (e.g., DJI Flight
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Simulator (Casado and Bermudez 2020) or VR-based UAV
simulators (Albeaino et al. 2022)) only support particular
UAV models and are often coupled with specific hardware
configurations. Others focus on specific tasks or algorithms
(e.g., Aerial VLN (Liu et al. 2023) and OpenFly (Gao et al.
2025) for vision-and-language navigation). While these sim-
ulators work efficiently within their field, none of them pro-
vide a general, device-agnostic, and end-to-end framework
that unifies the design, testing, and evaluation of diverse
UAV navigation algorithms. A systematic comparison of
representative UAV platforms is presented in Table 1.

To this end, we present AirNavigation, an integrated sim-
ulation platform designed to support the end-to-end work-
flow of UAV navigation research. As illustrated in Fig. 1, our
system incorporates four key modules: 1) Scenario Con-
struction: built on Unreal Engine to simulate highly real-
istic environments and diverse UAV models, with support
for semi-automated scene generation; 2) Data Generation:
enabling collection and annotation of multi-modal data, fa-
cilitating the development and training of navigation algo-
rithms(Huo et al. 2023); 3) Navigation Interface: provid-
ing user-friendly APIs that allow seamless integration of
diverse navigation algorithms and allow natural-language
API calls; 4) Performance Evaluation: introducing a novel
LLM-driven evaluation system to deliver more flexible and
fine-grained performance analysis.

2 AirNavigation
2.1 Easy Scenario Construction

Compared to existing autonomous navigation simulators
like CARLA (Dosovitskiy et al. 2017b), our system offers
a more intuitive and user-friendly solution by providing rich
scenario options. In particular, it includes 15 built-in envi-
ronment templates, covering urban and highway scenes that
meet the environmental requirements for UAV flight opera-
tions. We further adopt blueprint-based terrain modules that
users can operate without knowledge of Unreal Engine, and
integrate the CityBLD (Studios 2024) framework, which al-
lows users to easily design urban environments of different
scales and styles through a graphical interface. Additionally,
our system includes dynamic environment simulation capa-
bilities, simulating weather phenomena such as fog, rain,
and snow, as well as realistic traffic flows.
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Figure 1: The overview of our AirNavigation. It integrates four main functionalities: easy scenario construction, automated
multi-modal data generation, rich navigation interfaces, and intelligent performance evaluation.

Platform | Engine | Sensors | Map | Algorithms | LLMEval.
Webots ODE RGB, LiDAR, IMU, GPS Custom RL, SLAM X
CARLA UE RGB, LiDAR, IMU, GNSS, Depth Custom, built-in Perception X
FlightGoggles Gazebo-based RGB, IMU Hybrid SLAM, OA X
CityNav WebGL RGB, IMU, GPS Outdoor VLN X
OpenFly UE, Google Earth, GTAV, 3DGS RGB, IMU, Depth, GPS Outdoor, Custom RL, VLN, OA X
EmbodiedCity UE RGB, LiDAR, IMU, GPS Custom VLN, Navigation, Planning X
Ours \ UE | RGB,LiDAR,IMU, Seg, Depth... | Custom, built-in | LLM, CV,RL, SLAM... | v

Table 1: Comparison of Different UAV Simulation Platforms. ‘RL’: Reinforcement Learning, ‘CV’: Computer Vision, ‘OA’:
Obstacle Avoidance. Map types: Custom (platform-specific), Outdoor (realistic environments), Hybrid (multi-source).

2.2 Automatic Data Collection

Our AirNavigation supports the generation of multiple data
types, including RGB images, depth, normalized disparity,
segmentation, surface normal, infrared and IMU parameter
data (e.g., altitude, orientation, velocity and so on). Through
AirNavigation’s natural language control system, multiple
UAVs can be simultaneously controlled for automated data
collection. With three UAVs on predefined routes, the collec-
tion efficiency can reach 3x12 valid sets per minute. In addi-
tion, we develop an automatic annotation algorithm that uti-
lizes information from(Yao et al. 2025a) segmentation and
depth images to automatically generate bounding-box la-
bels, whose effectiveness has been validated through exper-
iments. Leveraging these automated pipelines, we construct
the multi-modal image—annotation part of the UEMM-Air
dataset(Yao et al. 2025b).

2.3 Rich Navigation Interfaces

Our AirNavigation is a device-agnostic simulation platform
for navigation algorithms. We integrate complex control
logic from AirSim (Shah et al. 2017) and provide compre-
hensive APIs for UAV control tasks. These APIs cover basic
UAV control, map control, environment control, data collec-
tion, and auxiliary evaluation, and can be used by any type of
UAV navigation algorithm, ensuring system flexibility and
broad applicability(Xu et al. 2025). For better understand-
ing, we also provide examples of API usage for navigation
algorithms, including visual navigation and vision-language
navigation examples. Users could deploy their algorithms
according to the two examples. In addition, API documenta-
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tions are available in the code repository for reference.

2.4 Intelligent Performance

To enhance the flexibility and depth of algorithm evaluation,
we integrate excellent capabilities for both real-time evalu-
ation and comprehensive post-flight summaries. This inte-
gration enables dynamic, adaptable evaluation frameworks.
Specifically, we leverage Large Language Models (LLMs)
within our system, utilizing prompt engineering to create tai-
lored role and skill libraries. By feeding real-time UAV data
at regular intervals, including numerical data (e.g., position,
velocity, acceleration) as well as visual data, we enable con-
tinuous evaluation and recommendation, empowering peo-
ple to refine their responses in real time.

2.5 Dialog-Based UAV Navigation

Our system supports dialog-based navigation, enabling
seamless human-UAV collaboration through natural lan-
guage commands (e.g., "Find the distant red truck™). By
combining LLM-driven intent parsing with object-tracking
algorithms, this capability enables the UAV to autonomously
navigate complex environments. In addition, it supports ob-
ject detection, observation validation, and result confirma-
tion through interactive messaging mechanisms. Further-
more, the performance of this algorithm across different
weather and scenarios has been validated through experi-
ments, with further details available in the repository docu-
mentation. Through this dialog-based UAV navigation capa-
bility, we ensure intuitive, context-aware interactions, foster-
ing efficient communication between the user and the UAV.
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