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Figure 1. Overview of Airsim360. This work introduces a panoramic UAV simulation platform based on a cutting-
edge rendering engine, enabling closed-loop simulation for omnidirectional aerial systems and offering an integrated
toolchain for intelligent data acquisition across diverse flight scenarios.

Abstract

The field of 360-degree omnidirectional understand-
ing has been receiving increasing attention for ad-
vancing spatial intelligence. However, the lack of
large-scale and diverse data remains a major lim-
itation. In this work, we propose AirSim360, a
simulation platform for omnidirectional data from
aerial viewpoints, enabling wide-ranging scene sam-

∗, ‡, † indicate equal contribution, project leader and cor-
responding author.

pling with drones. Specifically, AirSim360 focuses
on three key aspects: a render-aligned data and la-
beling paradigm for pixel-level geometric, seman-
tic, and instance-level understanding; an interac-
tive pedestrian-aware system for modeling human
behavior; and an automated trajectory generation
paradigm to support navigation tasks. Furthermore,
we collect more than 60K panoramic samples and
conduct extensive experiments across various tasks
to demonstrate the effectiveness of our simulator.
Unlike existing simulators, our work is the first to
systematically model the 4D real world under an
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omnidirectional setting. The entire platform, in-
cluding the toolkit, plugins, and collected datasets,
will be made publicly available at https://insta360-
research-team.github.io/AirSim360-website/.

1. Introduction

Embodied intelligence [7] with omnidirectional per-
ception [32, 47] has gained increasing attention due
to the 360° full view in spatial intelligence. It can
benefit various robotic applications [13], such as om-
nidirectional obstacle avoidance [56] during naviga-
tion tasks [40].

Different from large-scale perspective image
datasets [15, 30], omnidirectional data [14, 44] re-
main scarce [19] due to the limited usage of 360°
cameras in daily life, not to mention the exhaus-
tive human labeling required for many tasks. As
a result, most panoramic methods are restricted by
small datasets and have scarcely explored data scal-
ing [1].

Inspired by recent advances in simulation plat-
forms [17, 20, 24, 27, 46, 48, 58], a straightforward
solution is to rotate agent across multiple angles
in simulator to capture an omnidirectional view,
including both images and corresponding ground
truth. However, this approach introduces two ma-
jor issues. First, it is computationally inefficient, re-
quiring repeated rendering and significantly increas-
ing data collection time. Second, the definitions of
ground-truth signals are not aligned with those in
the perspective domain. For example, omnidirec-
tional depth [28] represents slant range along the
viewing ray rather than the orthogonal z-axis dis-
tance used in perspective projection.

In this work, we focus on building AirSim360,
an omnidirectional simulation platform in the drone
view to model the 4D real world that consists
of high-quality static environments and movable
pedestrians. The reason we choose UAV as our
agent because it can sample much more data by ex-
ploring a wider range of spaces than a ground-based
one. Based on the Unreal Engine (UE) 5 series for
scene rendering, AirSim360 integrates custom dy-
namics and communication modules into UE, en-
abling UAVs to execute actions driven by an exter-
nal physical modeling engine and serving as the core
engine for our entire data-collection toolkit. Ta-
ble 1 summarizes the core capabilities of Airsim360,
which offers a comprehensive API suite ranging
from data acquisition (top) to flight control inter-
faces (bottom). Unlike existing platforms, our sim-
ulator supports full runtime interaction, enabling

the generation of video-level panoptic segmentation
annotations.

Specifically, our AirSim360 has three main char-
acters including render-aligned data and label gen-
eration, interactive pedestrian-aware system, and
automated trajectory generation paradigm. For
data collection, we adopt the equirectangular pro-
jection (ERP) as an omnidirectional representation,
which can compress multiple perspective views in a
single continuous image. However, this represen-
tation introduces several challenges for both image
content and human- or pixel-level annotations that
should be carefully addressed. On the one hand,
we propose a GPU-side texture copying mechanism
based on Render Hardware Interface (RHI) to en-
able fast and seamless stitching of six cube-face
views captured simultaneously, while maintaining
lighting consistency across all faces. On the other
hand, the depth information is re-calculated to the
slant range along the viewing ray and segmentation
annotations have semantic and entity-level labels
across frames, ensuring complete panoramic cover-
age and consistent entity identities over time. Fur-
thermore, we develop point-to-point path planning
schemes for automatic data collection and introduce
an interactive pedestrian-aware system that simu-
lates movable pedestrians with various actions and
annotated keypoints, thus enhancing human-centric
perception and analysis.

Finally, extensive experiments across five
panoramic tasks, including depth estimation,
semantic/entity segmentation, human keypoint
detection, and vision-language navigation, demon-
strate that our simulated data transfers effectively
to real-world scenarios.

Our contributions are fivefold.
• We propose a simulation platform, Airsim360,

with native support for 360-degree aerial scenar-
ios. Built on the UE 5 Series with an aerial
dynamics module for high-quality scene render-
ing, the platform provides offline data generation
tools capable of capturing panoramic images and
corresponding ground truth, including semantic
segmentation, entity segmentation, depth esti-
mation, and 3D human keypoints.

• For efficient data collection, we develop point-
to-point path planning schemes that enable both
automatic sampling and user-designed flight
paths. Moreover, we introduce an interactive
pedestrian-aware system that synthesizes pedes-
trian behaviors with detailed annotations and
models realistic interactions.

• We test our simulated data for various perception
and navigation tasks. Extensive experiments

https://insta360-research-team.github.io/AirSim360-website/
https://insta360-research-team.github.io/AirSim360-website/


Table 1. Comparison of Simulators. This table compares recent simulation platforms across nine key dimensions,
including rendering quality, interface support, and data generation flexibility, highlighting the advantages of our
generative-AI-oriented simulator. Our specific characters are highlighted. “Ent” indicate the entity segmentation
that cover the whole image.

Platform AirSim [46] CARLA [17] Cosys-AirSim [24] OmniGibson [27] UnrealZoo [58] OpenFly [20] AirSim360 (ours)

Realism level Medium High High Medium High High High
Configurable Dynamics No No No No No No Yes
API type Python Python Python Python Python Python Python / Blueprint
Scenario type Outdoor/Indoor Outdoor Outdoor/Indoor Outdoor/Indoor Outdoor/Indoor Outdoor Outdoor/Indoor
UAV simulator Yes No Yes No Yes Yes Yes
Annotation capability Dep/Seg Dep/Seg/Ins Dep/Seg/Ins Dep/Seg/Ins Dep/Seg/Ins Dep/Seg/Ins Dep/Seg/Ent
Custom label support No No Yes Yes No No Yes
Panoramic image Yes No No No No No Yes
Rendering engine UE 4.27 UE 5 UE 5.2 IsaacSim UE 5 UE 5 UE 4.27 - UE 5.6

demonstrate our data significantly improve per-
formance and robustness when evaluated on real-
world validation sets.

• To our knowledge, AirSim360 is the first plat-
form to support omnidirectional navigation for
UAVs. Compared with conventional monocular
systems, panoramic UAVs provide superior per-
ceptual coverage, enabling more efficient target
search with minimal additional motion cost.

• AirSim360 has excellent backward compatibility
with ranging from latest UE 5.6 down to 4.27,
our toolkit and benchmark tasks can run across
these versions.

2. Related Work
UAV Dataset UAV datasets typically contain
raw images and task-related ground truth, such as
trajectory waypoints, depth maps, semantic labels,
and point clouds. In general, such data are obtained
through acquisition of real-world flights with man-
ual annotation [18, 26, 51] or all-in-one simulation
platforms [33, 35, 45]. However, existing datasets
are designed primarily for perspective views with
limited fields of view. In contrast, we focus on an
omnidirectional setting with 360◦ coverage in aerial
scenarios, which enables panoramic UAV tasks such
as omnidirectional obstacle avoidance.

Embodied Simulator Embodied simulators [3,
8, 39] are crucial in robotics, such as autonomous
driving and robotic grasping. It is because real-
world data collection is often challenging, especially
for rare long-tail scenarios. As UAVs play an in-
creasingly important role, a range of UAV-oriented
simulation platforms have emerged, including Air-
Sim, UnrealCV [43], OpenFly, UAVScenes [50] and
UnrealZoo. Among them, AirSim is an earlier simu-
lator that utilizes UE for aerial scene rendering, but
its latest officially supported version remains UE

4.27. UnrealCV and UnrealZoo are plugins built
on top of UE that provide socket-based interfaces
to capture RGB images, depth estimation, and se-
mantic segmentation. However, they only support
conventional perspective views and provide limited
geometric and semantic information at relatively
low frame rates, while lacking entity-level discrim-
ination and making them insufficient for complex
panoramic UAV tasks. In Table 1, our UAV360
platform additionally enables omnidirectional per-
ception with full 360-degree coverage, and offers
entity-level segmentation and 3D keypoint annota-
tions to support advanced panoramic UAV applica-
tions at high frame rate.

Panoramic Task Panoramic visual tasks in un-
derstanding [52, 54] and generation [9, 10, 23]
have rapidly advanced in support of spatial intelli-
gence [31], where equirectangular projection (ERP)
remains the most prevalent representation due to its
straightforward mapping from spherical coordinates
to a rectangular image. However, existing methods
typically rely on real-world datasets with limited
scale and diversity [4, 12, 16, 37, 53, 55], leaving
their generalization ability across domains underex-
plored. In this work, we systematically benchmark
depth estimation, pixel-level scene parsing, human
keypoint detection, and UAV navigation under both
in-domain and out-of-domain settings, demonstrat-
ing the merit of the proposed UAV360 platform.

3. AirSim360 Platform
As shown in Figure 2, AirSim360 is a large-scale
omnidirectional simulation platform for drone sce-
narios. Unlike other platforms such as AirSim and
UnrealZoo, we emphasize consistency and compat-
ibility among three key components in low-altitude
ground environments, including static surround-
ings, the UAV, and human actors, which aligns



Figure 2. The left panel depicts the core interaction architecture of Airsim360, comprising the flight control module,
rendering engine, and inference engine. The middle and right panels showcase three purpose-built data generation
modules: the Interactive Pedestrian-Aware System, Automated Trajectory Generator, and Data Collection Toolkit.

closely with the main characteristics of the human-
centric real world.

In the following subsections, we first introduce
our simulation architecture and its core design, in-
cluding the simulation environment, flight control,
and communication system for efficient panoramic
data sampling. Next, we describe the off-line data
collection system, which generates panoramic im-
ages and pixel-level ground truth such as seman-
tic segmentation, entity segmentation, and human
keypoints using an automated trajectory generation
tool. Finally, we present the interactive pedestrian-
aware system, which enables realistic human behav-
iors and interactions within the simulation environ-
ment.

3.1. Overview
Built upon high-quality rendering capabilities of
Unreal Engine, AirSim360 is an online closed-loop
simulator compatible with multiple versions rang-
ing from UE 4.27 to UE 5.6. By default, we adopt
UE5 as our setting, considering its significant im-
provements in dynamic illumination, geometric de-
tail, and overall scalability.

To improve user accessibility, we further optimize
the communication module between virtual sensors
and the UAV flight controller while providing an
open external interface such as Vision-Language-
Action (VLA) [25] for flexible integration. In the
current system, the external model can return high-
level control commands or a direct target position.
These values are then parsed by our custom flight
control module into the corresponding thrust and
torque for each of the four rotors.

Compared with other platforms such as AirSim
and UnrealZoo, we independently compile a flight
control module and integrate it deeply into UE. This

design allows us to simulate various types of drone
through a simple user prompt that can enhance the
generalization and flexibility of our system. More
details of the implementation are provided in the
appendix, as they fall beyond our primary focus on
omnidirectional simulation.

3.2. Data Collection Toolkit
Apart from online simulation, AirSim360 provides
a powerful toolkit for offline data collection to over-
come scale limitations of existing omnidirectional
datasets, particularly in pixel-level annotations that
are closely related to semantic and geometric under-
standing.
3.2.1. Render-Aligned Data and Label Generation
Inspired by the stitching process of omnidirectional
cameras, our data, whether the original images or
their corresponding ground truth, are generated by
stitching six cube-face views together. Each view
corresponds to one of the six directions, namely
front, back, left, right, up, and down, with a 90-
degree field of view. Specifically, we obtain six
non-overlapped cube images I6×Hc×Wc

c as input and
then produce an equirectangular projection map
(ERP) IHe×We

e . Here, Hc, Wc, He and We are the
height and width of the cube and erp images, re-
spectively. For clear illustration of such a process,
we use the spherical projection which serves as a
bridge between the input and output representa-
tions in Figure 3. The detailed equation is in our
appendix.

In the following, we introduce the unique chal-
lenges posed by our stitching process for each data
type, along with the corresponding solutions.
Panoramic Image: Capturing multimodal data
simultaneously from six directions significantly in-
creases GPU rendering load and storage pressure,



Figure 3. The equirectangular projection serves as a standard representation for panoramic imagery. In our im-
plementation, we configured six identically calibrated cameras facing different directions. Since these are idealized
pinhole cameras without lens distortion in the simulation environment, their outputs can be seamlessly stitched into
a corresponding panoramic image through camera stitching algorithms.

resulting in substantial frame rate drops and dif-
ficulty in maintaining high throughput at high
resolutions. For multi-view image rendering, we
have redesigned the composition mechanism for six
camera-associated images from ground up. After
establishing corresponding camera rendering views,
we utilize internal functions of Render Hardware
Interface (RHI) to perform GPU-side texture re-
source copying, enabling one-time stitching of the
six images. This approach thus avoids the draw-
backs of secondary stitching within material nodes
via blueprints.
Depth Information: In a perspective image,
depth is defined as the distance between a 3D point
and the camera center along the optical axis. This
definition differs in the omnidirectional view, where
no tangent plane exists. Therefore, in our setting,
depth is defined as the distance from the center of
the camera to the point along the viewing ray.

Since Z-Depth can be directly acquired from the
precomputed depth buffer (Z-Buffer) in the Unreal
Engine, we proposed a material-based pipeline to
extract depth data and render the results into a
Render Target. This approach allows writing the
depth information directly into the alpha channel of
the corresponding image. During the actual render-
ing process, with known camera world coordinates
and corresponding intrinsic and extrinsic parame-
ters, the precise distance from the camera to each
spatial point can be computationally determined.
Semantic Segmentation: We assign a semantic
label to each pixel to enhance scene understand-
ing. In our implementation within Unreal Engine,
we represent a set of semantic categories by assign-
ing specific RGB values. To achieve this, we uti-
lize the Stencil Buffer from the graphics rendering
pipeline to assign colors to the static mesh actua-
tor. The Stencil Buffer stores an integer value be-
tween 0 and 255 for each pixel in the scene. Through

custom-designed post-process material, these values
are transformed into designated color outputs, facil-
itating the acquisition of semantic labels.
Entity Segmentation: Unlike other simulators
that focus only on partial instances, we consider
all entities present in the scene, ensuring complete
coverage across the entire image. However, this de-
sign presents a challenge related to quantity limita-
tions. The Stencil Buffer mechanism restricts the
total number of assignable categories to 256, which
is insufficient for the large number of objects typ-
ically involved in entity segmentation tasks, par-
ticularly in complex scenarios. To overcome this
limitation, we develop a dedicated entity segmenta-
tion method capable of labeling all static mesh ac-
tors, skeleton mesh actors, and landscape elements
within the scene. This approach allows us to obtain
complete and fine-grained segmentation results for
any given frame.
Synchronous Rendering among Various Sen-
sors: Various sensors should capture data syn-
chronously without latency. Considering that UAV-
mounted cameras are in constant motion, we have
deactivated the Capture Every Frame option for
all rendering cameras, significantly reducing GPU
resource consumption. Since we have custom-
designed the cameras and various image sensors, we
introduced an Event Dispatcher to synchronize all
sensors with a unified trigger signal, enabling simul-
taneous acquisition of multiple data types.

3.2.2. Interactive Pedestrian-Aware System
Scenarios involving humans are critically important
in low-altitude real-world environments. Therefore,
simulating realistic human behavior is a key aspect
of our platform. We begin it from three perspec-
tives. First, we allow users to create a customiz-
able number of pedestrians within a defined active
area, automatically assigning various behaviors to



Figure 4. Visualization of Omni360-X. a) Visualizes Render-Aligned Data with corresponding labels (Sec. 3.2.1). b)
Demonstrates pedestrian-aware label generation under panoramic views (Sec. 3.2.2). c) Shows trajectory synthesis
from sparse waypoints using the Minimum Snap (Sec. 3.2.3).

them. Second, we enable autonomous interactions
by combining NPC Behavior Trees with State Ma-
chines. For example, a pedestrian state machine
can trigger transitions based on a multi-actor mes-
sage dispatch and receive mechanism, allowing an
agent to switch from a walking state to a chatting
state when meeting another agent, or to randomly
activate an OnPhoneCall state while walking (see
Figure 5). Third, human keypoints are generated
in real time as pedestrians interact, ensuring tem-
porally consistent annotations for downstream per-
ception tasks.

Generating pedestrian keypoint data presents
two main challenges. First, a framework capable
of supporting autonomous pedestrian motion is re-
quired to accommodate diversity in body move-
ments. Second, a method for binding identical skele-
tal keypoints across different characters is essential
to avoid positional inaccuracies introduced by man-
ual keypoint annotation.

To address these issues, we design Interactive
Pedestrian-aware System (IPAS), a system that
enables autonomous and interactive movements
among pedestrians. Additionally, we implement a
Blueprint-based approach that invokes pre-existing
universal skeletal points in the Skeletal Mesh via
blueprint functions. For keypoints not included in
the standard skeletal framework, we use the Add
Socke method to incorporate them into the Skeleton
Tree, thereby enabling users to access and output all
designed body keypoint coordinates.

3.2.3. Automated Trajectory Generation Paradigm
The ground truth trajectories in previous platforms
have largely relied on human control of the drone.
To make the sampling process more efficient, we
adopt Minimum Snap trajectory planning [34] into
our simulation pipeline. A collector only needs to

Figure 5. Conceptual diagram of the IPAS logic, show-
ing the interplay between the Behavior Tree, State Ma-
chine, and the message-passing system for autonomous
agent interaction.

specify a few key waypoints within the scene, after
which the system automatically generates a smooth
and realistic trajectory that adheres to the dynamic
constraints of the UAV. By adjusting parameters
such as maximum velocity and acceleration, the
resulting polynomial coefficients of the trajectories
can be applied directly to real quadrotors.

4. Datasets Collection
Based on our proposed AirSim360 simulator, we
collect several large-scale datasets for omnidirec-
tional scene understanding. Then, we introduce the
datasets gathered from a variety of Unreal Engine 5
(UE5) scenarios. Specifically, Omni360-X is a large-
scale panoramic dataset containing 60K nondupli-
cated frames filtered using SSCD [38]. To serve di-
verse research objectives, Omni360-X is organized
into three subsets, including Scene, Pedestrian, and
Trajectory, where each emphasizes a specific aspect
of 360-degree understanding. The visualization is
shown in Figure 4.

More detailed information about the Omni360-X
dataset is provided in the supplementary material
due to page limitations.



Table 2. Composition of the Omni360-Scene Dataset.
The dataset includes four Unreal Engine scenes, each
depicting a unique urban environment. For scenes of
varying scales, we collected panoramic data with corre-
sponding labels, while the final column reports the total
number of labels per scene.

Scenarios Name Area (m2) Nums Label types Sem. Cat.

City Park 800,000 25,600 Dep/Seg/Ins 25

Downtown West 60,000 6,800 Dep/Seg/Ins 29

SF City 250,000 22,000 Dep/Seg/Ins 20

New York City 44,800 6,600 Dep/Seg/Ins 25

Omni360-Scene We focus primarily on scene
parsing within Omni360-Scene. Inspired by
ADE20K [59], Omni360-Scene contains more than
60K images annotated with depth and panoptic seg-
mentation. Panoptic segmentation has two com-
ponents: semantic and entity segmentation. For
semantic labeling, we first extract semantic nouns
from UE 5, which can be directly used for under-
standing open-world or open-vocabulary scenes. We
then design a hierarchical semantic tree to ensure
semantic consistency across different scenes. or en-
tity segmentation, we further decompose stuff cat-
egories, such as trees and buildings, into individual
entities. This is made possible by the simulator,
which enables detailed entity separation that would
be extremely challenging to achieve manually.

In Table 2, we present the data statistics for the
four scenarios within Omni360-Scene. The dataset
contains a total of 61,000 images captured from four
scenarios, which demonstrate significant diversity in
both physical scale (from 44,800 m2 to 800,000 m2)
and semantic complexity (20 to 29 categories). All
scenarios provide comprehensive ground truth for
Depth, Semantic Segmentation, and Instance Seg-
mentation

Omni360-Human To better understand pedes-
trian behavior, we adopt 3D monocular human lo-
calization as our primary task, as it measures both
human positions and postures in the 3D world,
which are closely related to behavioral understand-
ing. Accordingly, Omni360-Human contains ap-
proximately 100K samples covering more than 10
pedestrian behaviors across diverse camera dis-
tances and viewpoints in about 6 scenes.

As shown in Figure 4 (b), each sample con-
tains both camera information, including the cam-
era’s absolute position and rotation angles in the
world coordinate system, and pedestrian informa-
tion, such as the locations and rotation angles of
human keypoints.

Table 3. Summary of the Omni360-WayPoint dataset.
Flight paths of different lengths and sampling rates were
generated across four outdoor scenes with physically
consistent UAV dynamics.

Thumbnail Scenario Scene
type Count Spacing Length

range

City Park outdoor 20 000 0.5 [50, 150]

Downtown
West outdoor 5 000 0.2 [20, 50]

New York
City outdoor 5 000 0.2 [20, 50]

SF City outdoor 20 000 0.5 [50, 150]

Omni360-WayPoint Building upon our pro-
posed automatic trajectory synthesis scheme, we
will release Omni360-WayPoint, an open dataset
containing over 100,000 UAV waypoints, as de-
scribed in Table 3. The trajectories adhere to
realistic flight dynamics and include route vari-
ants parameterized by different maximum level-
flight speeds, enabling analyses across diverse kine-
matic regimes. Such datasets can serve as various
targets. For example, they can provide physics-
consistent supervision for perception and state es-
timation, and enable trajectory prediction and sys-
tem identification for model-based control and re-
inforcement learning. Moreover, they align instruc-
tion–video–action for VLA training, strengthen 3D
reconstruction and mapping with accurate poses.

5. Experiments
In this section, we conduct several ablation studies
on the AirSim360 platform to demonstrate the effec-
tiveness of our design choices. We then present and
benchmark the sampled dataset in multiple tasks,
indicating the benefits of our proposed simulator for
real-world scenarios.

5.1. Ablation Study on AirSim360
We conduct several comparison experiments on a
workstation equipped with an NVIDIA RTX 4060
Ti (8 GB), an Intel i7-14700, and 32 GB of RAM.
The evaluation covers two operational modes: per-
spective camera rendering and panoramic image
stitching and transmission. Across all settings, our
system consistently achieves higher data through-
put and improved frame rates than conventional ap-
proaches.

Each camera in the rendering engine is processed
as an independent rendering pass. Because the cam-
eras move in real time, we optimize their scene-



Table 4. Performance metrics for frame capture settings.

Capture Every Frame FPS GPU Time

Enable 20 54 ms
Disable 29 35 ms

Table 5. Comparison of frame rates across different plat-
forms with 6 cameras.

Platform Nums of Camera FPS

Not Optimized 6 14
Airsim360 6 18

scanning pattern to improve efficiency. As shown
in Table 4, this optimized scanning strategy yields
a 45% increase in per-camera frame rate.

Given the panoramic design of our platform, we
restructure the composition and data-transmission
pipeline for the six camera feeds in the rendering
engine. Leveraging the Render Hardware Interface
(RHI) described in Section 3.2.1, we reimplement
the C++ pipeline, increasing the frame rate from
14 to 18 FPS.

5.2. Monocular Pedestrian Distance Estimation
To assess the impact of synthetic data, we apply
IPAS (view in Sec. 3.2.2) to Monocular Pedestrian
Distance Estimation (MPDE) in Table 6. The gen-
erated Omni360-Human dataset provides 3D key-
point annotations in the world coordinate system.
Using diverse simulated scenes for data augmen-
tation, our approach achieves improved results on
several MPDE benchmarks. The model is trained
with Omni360-Human and nuScenes [6], and eval-
uated on Omni360-Human, nuScenes, KITTI [22],
and FreeMan [49], reporting both Euclidean and an-
gular distance errors following MonoLoco++ [5].

As shown in Table 6, training with the Omni360-
Human dataset consistently improves performance
across all three public test sets. The average angular
error decrease from 21.21° to 17.02°, and the mean
distance error from 0.484 m to 0.458 m. To better
reflect real-world camera configurations, synthetic
data are generated with a 20° pitch angle. The
largest test set, FreeMan, exhibit the most signif-
icant improvement, with the angular error reduced
from 17° to 11.6°. These results highlight the effec-
tiveness of synthetic data in enhancing monocular
pedestrian distance estimation.
5.3. Panoramic Depth Estimation
To evaluate the generalization and domain adapt-
ability of our Omni360 dataset, we conduct
out-of-domain and cross-domain experiments for

Table 6. The MPDE results trained on two datasets,
evaluated across three public benchmarks and one con-
trol set, Omni360. The Omni360 refers to the dataset
Omni360-Human.

Training
Set

Test
Set

Dist.
Err

Ang.
Err

Ang. Err
(Pub)

Dist. Err
(Pub)

nuScenes

nuScenes 1.078 31.90
21.21 0.484KITTI 0.822 31.50

FreeMan 0.260 17.00
Omni360 2.439 33.30

nuScenes
+ Omni360

nuScenes 1.068 30.70
17.02 0.458KITTI 0.809 31.20

FreeMan 0.228 11.60
Omni360 1.779 15.20

Table 7. Quantitative comparison for depth estimation.
We fine-tune on the UniK3D model and compare the
performance of training on Deep360 versus our Omni360
dataset. ↓ and ↑ denote lower or higher is better.Best
results are in bold.

Experiment Type Training Data Evaluation Data AbsRel ↓ RMSE ↓ δ1 ↑

Out-of-Domain Deep360 SphereCraft 8.2570 0.0566 0.3490
Omni360 (Ours) SphereCraft 5.4372 0.0435 0.3990

Cross-Domain Deep360 Omni360 (Ours) 0.3600 0.0714 0.4896
Omni360 (Ours) Deep360 0.1762 0.0229 0.6672

Table 8. Results of panoramic segmentation. The mIoU
and mAP metrics are used to evaluate performance
on the semantic and entity segmentation tasks, respec-
tively.

Task WildPASS Omni360-Scene Performance

Semantic ✓ ◦ 58.0
✓ ✓ 67.4

Entity ✓ ◦ 24.6
✓ ✓ 38.9

panoramic depth estimation. All datasets consist
of outdoor synthetic data. The UniK3D model [36]
is used as the baseline and fine-tuned after its offi-
cial implementation. We compare the results with
the Deep360 dataset [29], using Absolute Relative
Error(AbsRel), Root Mean Squared Error(RMSE),
and a percentage metrics δ1, where i = 1.25, as eval-
uation metrics.
Out-of-Domain: Models trained in Deep360 and
Omni360 are tested on SphereCraft [21]. In Ta-
ble 7, the model trained on Omni360 achieves better
results, showing improved generalization to unseen
environments.
Cross-Domain: We perform cross-domain tests
between Deep360 and Omni360. The model trained
on Omni360 performs best, indicating stronger ro-
bustness and more transferable representations.



Table 9. Results of panoramic VLN. Three standard
metrics, Success Rate (SR), Success weighted by Path
Length (SPL), and Navigation Error (NE), are used to
evaluate model performance.

Model SR SPL NE
qwen2.5-vl-72b-instruct 0.4 0.3843 18099.73

qwen3-vl-plus 0.0 0.0 11436.97
qwen3-vl-flash 0.2 0.1945 9506.26

doubao-seed-1-6-251015 0.5 0.4813 10573.89

5.4. Panoramic Segmentation
In Table 8, we evaluate semantic and entity segmen-
tation [41, 42] in the WildPASS validation set [55]
using OOOPS [57] and Mask2Former [11]. With the
incorporation of our Omni360-Scene segmentation
data, both tasks achieve substantial performance
gains, highlighting the effectiveness of large-scale
data scaling for pixel-level semantic understanding.

5.5. Benchmark on Omni360-X
5.5.1. Panoramic Vision-Language Navigation
Vision-Language Navigation (VLN) [2] for un-
manned aerial vehicles (UAVs) represents a chal-
lenging yet crucial direction toward embodied in-
telligence in aerial agents, , requiring joint under-
standing of spatial scenes and language instructions.
Most existing UAV-VLN methods mostly rely on
forward-facing cameras, resulting in a narrow field
of view and large blind areas that limit target search
efficiency and situational awareness.

We introduce a panoramic UAV-VLN task built
on our simulation platform, where the UAV per-
ceives the environment through panoramic vision
instead of a single forward camera.

A set of preliminary experiments is conducted
using several vision–language models to assess their
ability to interpret panoramic observations for nav-
igation.

In this section, to demonstrate the You Only
Move Once (YOMO) capability of panoramic UAVs
in decision-making tasks, we place most targets as
salient objects and designed short flight trajectories.
Under these conditions, the panoramic UAV can di-
rectly move toward the goal without additional yaw
rotations or exploration. The similar SPL and SR
values reported in Table 9 confirm that panoramic
perception enables near-optimal, single-step deci-
sion making when the UAV is close to the target,
validating the YOMO principle.

6. Conclusion
To address the issue of lacking large-scale omnidi-
rectional data, we propose AirSim360, a panoramic

simulation platform built on Unreal Engine. In-
spired by the key elements in 4D real world, Air-
Sim360 focuses on three aspects. First, we introduce
a render-aligned data pipeline for generating 360-
degree images with pixel-level depth and segmenta-
tion annotations in ERP representation. Second, we
develop an interactive pedestrian-aware system that
enables the study of human behavior through 3D
monocular human localization. Third, we present
an automated trajectory-generation paradigm that
produces realistic aerial trajectories for navigation
tasks. Built on top of AirSim360, we collect more
than 60K non-duplicate frames. Ablation studies
on the UE 5-based design, along with extensive ex-
periments on the collected data, demonstrate the
effectiveness of our platform and the benefits of the
resulting dataset.
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Appendix
This Supplementary Material provides technical de-
tails, comprehensive dataset statistics, and addi-
tional implementation specifics that were omitted
from the main paper due to space constraints.
Specifically, we present the following information:
• In Section A, we provide some details of the

three subsets of the Omni360-X dataset:
Omni360-Scene, Omni360-Human, and
Omni360-WayPoint, including the semantic
categories and pedestrian behaviors.

• In Section B, we elaborate on the mathemati-
cal model and constraints of the Minimum Snap
trajectory planning method used for automated
trajectory generation.

• In Section C, we provide comprehensive ex-
perimental configurations for the Monocular
Pedestrian Distance Estimation (MPDE) and
Panoramic Vision-Language Navigation (VLN)
tasks.
Also, please check a recorded video to obtain a

brief description of our paper.

A. More Details of Omni360-X
Dataset

A.1. Omni360-Scene Statistics
Omni360-Scene provides pixel-level annotations for
depth information, semantic segmentation, and en-
tity segmentation across diverse environments. As
semantic complexity varies by scene, Table 10 pro-
vides a visual overview including the ERP image
and semantic segmentation mask for each scenario,
followed by a detailed breakdown of the semantic
categories.

A.2. Omni360-Human Statistics
The Omni360-Human subset is dedicated to human-
centric perception tasks, primarily monocular
pedestrian distance estimation.

Data Statistics: Table 11 presents a detailed
breakdown of the dataset composition. The data
was collected across 6 distinct scenarios , covering
a wide range of crowd densities and area sizes. The
dataset includes over 100K frames in total, with
varying numbers of NPCs to simulate realistic crowd
dynamics.

A.3. Omni360-WayPoint Statistics
Omni360-WayPoint provides physics-consistent
UAV flight paths for navigation, trajectory pre-
diction, and control. The trajectories adhere to
realistic flight dynamics derived from Minimum

Snap planning. Table 13 and Table 12 details the
key kinematic parameters and scale of the waypoint
data.

S(t) =

p(t)T

v(t)T

a(t)T

 =

 x(t) y(t) z(t)
vx(t) vy(t) vz(t)
ax(t) ay(t) az(t)

 (1)

B. Minimum Snap Trajectory Plan-
ning Implementation Details

The Automated Trajectory Generation Paradigm
employs Minimum Snap trajectory planning to
produce smooth, dynamically feasible UAV flight
paths from sparse user-defined waypoints. This
method minimizes the integrated square of the
fourth derivative of position (Snap), effectively en-
suring trajectory smoothness and reduced control
effort.

Polynomial Representation. Given a sequence
of key waypoints {p0, p1, . . . , pM }, each segment of
the trajectory is modeled as a fifth-order polyno-
mial:

pi(t) = ai,0+ai,1t+ai,2t2+ai,3t3+ai,4t4+ai,5t5, (2)

where ai = [ai,0, . . . , ai,5]⊤ are the polynomial coef-
ficients for segment i.

Optimization Objective. Following the Mini-
mum Snap formulation, the smoothness of the tra-
jectory is achieved by minimizing the integral of the
squared fourth derivative (snap):

J =
∫ tM

t0

∥∥∥∥d4p(t)
dt4

∥∥∥∥2

dt. (3)

Quadratic Programming Formulation. The
optimization problem can be expressed as a
quadratic program:

min
a

a⊤Qa,

s.t. Aa = b,
(4)

where Q is derived from the cost in (3), and A,
b encode waypoint and continuity constraints up
to the third derivative. Solving this system yields
the polynomial coefficients a defining the minimum-
snap trajectory.



Table 10. Visualization of semantic segmentation and list of semantic categories for each scene.

Scene Name ERP Image Semantic Vis Semantic Categories

City Park

Building, Rock, AmurCork, Bush, Elm, Ivy,
Maple, WeepingWillow, PlayGround, Bench,
LampPost, FoodStalls, Cafechair, Roadblock,

Trashcan, Trafficbarrel, Circlefence,
Trafficlight, Water Plane, Road, Cafetable,
Umbrella, Pool Sidewalk, Sky, Landscape

Downtown
West

Building, Awning, Roof, Tree Generic, Tree
Narrowleaf, Tree Pine, Prop Dining Table,

Umbrella, Prop Dining Chair, Pot, Car
Pillar, Recycle Bin, Food Cart, Bench Wood,
Poster Stand, Ground Mod, Road, Lightpost

Light Post, Tarppost, Light Streetlight
Complete, Tarponly, Ground Park Walkway,
Rock Rock, Background Mountains, Wood
Fence Wood Fence, Prop Park Railing Rail,
Prop Park Railing Pillar, Sky, Landscape

SF City

Building, Sidewalk, Road, Bus, Fence, Cone,
Hydrant, Parkingmeter, Stopstation,
Elecbox, Trash, Traffictube, Barrier,

Alamppost, Blamppost, Lake, Bollardrope,
Barricademetal, Tree, Sky

New York City

Concreteblock, Streetprops, Plasticcone,
Metalfence, Pillar, Lamp, Trashcan, Postbox,

Umbrella, Table, Chair, Greenpot,
Roadcolumn, Adplane, Buidlingawning,

Scaffolding, Usaflag, Plant, Ventilationtube,
Building, Hotdogpot, Road, Sidewalk,

Grounddirt, Sky

Table 11. Detailed Statistics of the Omni360-Human
Dataset.

Scene Subsets Area Range
(m × m)

NPC Count
(Min-Max) Total Frames

New York City 14 12 × 12 ∼ 30 × 30 15 ∼ 45 29,000
LisbonDowtown 10 12 × 12 ∼ 30 × 50 10 ∼ 45 9,000
Downtown City 17 12 × 12 ∼ 30 × 30 8 ∼ 30 27,000
Roof 7 12 × 12 ∼ 45 × 20 5 ∼ 30 11,200
Rural Cabins 2 15 × 15 ∼ 15 × 30 7 ∼ 14 4,000
Rome 11 8 × 10 ∼ 50 × 30 4 ∼ 30 20,500
Total 61 - - 100,700

Table 12. Introduction of Omni360-WayPoint. The
Kinematic Parameters include two distinct sets of amax,
vmax, sampling interval t, each representing a typical
UAV flight condition. The Total Number of Flight Paths
is computed as the product of the number of Kinematic
Parameter sets and the Number of Routes.

Scenario Length
Range

Kinematic
Parameters

Number
of Routes

Total Number
of Flight Paths

City Park [50, 150] [(3, 16, 0.5), (5, 21, 1)] 20000 40000
Downtown West [20, 50] [(3, 16, 0.5), (5, 21, 1)] 5000 10000
New York City [20, 50] [(3, 16, 0.5), (5, 21, 1)] 5000 10000
SF City [50, 150] [(3, 16, 0.5), (5, 21, 1)] 20000 40000

Table 13. Inputs and outputs of the trajectory way-
points generation algorithm. The input vmax denotes
the predefined maximum flight speed, amax represents
the maximum aircraft acceleration, and t is the sampling
interval. The output parameters are also described in
Eq. (1).

Minimum Snap Parameters
Input vmax amax t

Output p(t) v(t) a(t)

Dynamic Feasibility. To ensure physical feasi-
bility, the trajectory is further constrained by dy-
namic limits on velocity and acceleration:

∥ṗ(t)∥ ≤ vmax, ∥p̈(t)∥ ≤ amax. (5)

Each segment duration ∆Ti is automatically ad-
justed according to these limits, as well as the cho-
sen sampling interval ∆t, ensuring that the result-
ing trajectory remains dynamically executable by



Table 14. MPDE results across different training and testing datasets. Dist. Err (All) denotes the weighted average
over all four datasets, where Dist refers to the Euclidean distance. Ang. Err (All) denotes the weighted average
over all four datasets, where Ang refers to the angle. The Pub column in the last two columns indicates that the
weighted average is computed over only the top three public datasets.

Training
Set

Test
Set

Dist.
Err Samples Dist. Err

(All)
Ang.
Err

Ang. Err
(All)

Ang. Err
(Pub)

Dist. Err
(Pub)

nuScenes

nuScenes 1.078 15369

0.80

31.90

23.14 21.207 0.484KITTI 0.822 1759 31.50
FreeMan 0.260 43361 17.00

Omni360-Human 2.439 11496 33.30

nuScenes
+ Omni360-
Human-all

nuScenes 1.073 15369

0.43

30.70

16.25 17.282 0.449KITTI 0.802 1759 32.70
FreeMan 0.213 43361 11.90

Omni360-Human 0.313 11496 10.80

nuScenes
+ Omni360-

Human-pitch 0

nuScenes 1.071 15369

0.50

30.70

19.08 19.194 0.433KITTI 0.812 1759 31.90
FreeMan 0.191 43361 14.60

Omni360-Human 0.868 11496 18.50

nuScenes
+ Omni360-

Human-pitch 20

nuScenes 1.068 15369

0.67

30.70

16.73 17.023 0.458KITTI 0.809 1759 31.20
FreeMan 0.228 43361 11.60

Omni360-Human 1.779 11496 15.20

the UAV controller.

C. Experimental Details
This section provides additional implementation
details and experimental settings for the Monoc-
ular Pedestrian Distance Estimation (MPDE)
and Panoramic Vision-Language Navigation (VLN)
tasks presented in the main paper.

C.1. Monocular Pedestrian Distance Estimation
(MPDE)

In the Monocular Pedestrian Distance Estimation
experiments, we design four sets of evaluations to
demonstrate the effectiveness of our data. We first
report the results on all test sets using only the
nuScenes dataset. We then conduct a series of com-
parative experiments on three configurations of the
Omni360-Human dataset: the full dataset, the sub-
set with a pitch angle of 0°, and the subset with a
pitch angle of 20°.

All models are trained using the AdamW opti-
mizer with an initial learning rate of 0.002 and a
weight decay coefficient of 0.01. The learning rate
is multiplied by 0.98 every 300 steps during training.

The Omni360-Human training set is curated to

exclude any samples from the Omni360-Human test
set used in the experiments.

C.2. Panoramic Vision-Language Navigation
(VLN)

In Visual Language Navigation (VLN), the formu-
lation of prompts plays a critical role in determin-
ing evaluation metrics such as the Success Rate
(SR). To ensure transparency and fairness in our
experiments, we publicly release all prompts used
in Table 15. It should be noted that, in addition
to prompt formulation, factors including the frame
rate of the simulator platform and the latency of
online model invocation may also influence SR. The
central aim of this work, however, is to introduce
a highly challenging and promising new task based
on the Airsim360 platform. Therefore, our experi-
mental design prioritizes the most impactful factor,
namely the formulation of prompts, while a compre-
hensive analysis of other variables remains outside
the scope of this study.



Table 15. List of Prompts. The following prompts are used in two different environments, namely the New York City
scene and the 1950s NYC Environment Megapack scene.

Prompt
Find the nearest traffic light and stop when you reach it.

Find the nearest blue mailbox and stop when you reach it.
Find the nearest tall building straight ahead and stop when you reach its rooftop.

Move forward, then at the intersection, you’ll see a red telephone booth on your right. Stop near the
closest one.

Fly across the lake in front of you, reach the opposite neighborhood, and stop on the street.
Find the nearby lake surrounded by woods and stop at the nearest shore.

Locate the building nearby with a giant Coca-Cola bottle decoration on its roof and fly close to the
decoration.

Cross the zebra crossing and fly over this section of the road.
Fly to the small island in the center of the lake and land.

Fly straight ahead, turn right at the intersection, and stop near the bridge.
Fly along the current road and stop when you reach the second tree.

Stop near the small fountain located downstairs in the nearby building.
You are currently on the left side of the bridge. Now move to the right side and stop.

Climb over the fence in front of you and stop on the path in the park ahead.
Fly to the blue billboard on the building ahead and to your left, then stop nearby.

Fly to the tree with red leaves on the left side of the street and stop nearby.
Fly to the vicinity of the three very similar buildings straight ahead and stop.

Locate the billboard straight ahead featuring a person in a blue suit, fly to it, and stop nearby.
Fly to the billboard with the red car on the building ahead above you and stop nearby.

Find the floor in the building in front of you with red curtains and stop nearby.
Locate the billboard with the black and white portrait on the building ahead and stop nearby.

Arrive at the bank with the purple sign and stop downstairs.
Find the nearest yellow sunshade among the many downstairs and stop there.

Fly along the crosswalk over the intersection and stop on the opposite side of the road.
Find the nearest American flag and stop there.

Continue flying straight ahead and stop when you reach the intersection with the main road.
Fly to the blue barrier ahead and stop.

Fly to the red phone booth behind of you and stop when you are close the red phone booth.
Fly to the blue billboard on your right rear and stop when you’re close to it.

Fly to the lake surrounded by trees on your right and stop when you’re close to it.
Fly to the red bridge on your right and stop when you’re close to it.

Stop near the nearest lawn.
Find the nearest traffic light and stop near it.

Navigate to the nearest green bike lane and stop.
Fly to the nearest billboard that shows BLACK & WHITE and stop nearby.

Navigate to the orange mailbox ahead and stop nearby.
Fly to the nearest food truck and stop.

https://www.fab.com/listings/fb179131-13b6-47e3-823e-b8d9f48f3391
https://www.fab.com/listings/221af99d-8805-44b7-8844-933950f1ceb8
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