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Abstract. The increasing diversity and density of traffic participants
have made modern driving environments highly complex, posing great
challenges to reliable perception in autonomous driving. Single-vehicle
perception is fundamentally limited by sensor range and occlusions, while
vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) cooperation
only partially mitigate these issues due to their fixed or ground-level
viewpoints. In contrast, aerial platforms offer global and flexible sens-
ing perspectives that can dynamically adjust their positions to provide
broader spatial coverage and reduce blind zones. These advantages mo-
tivate the exploration of aerial-ground cooperative perception (AGCP).
However, progress in this area is hindered by the lack of public datasets
and standardized benchmarks. To bridge this gap, we introduce VVSim,
a large-scale dataset for AGCP that provides synchronized multimodal
data and state information from both vehicles and unmanned aerial ve-
hicles (UAVs). VVSim consists of about 61k fully annotated frames span-
ning diverse interaction scenarios (e.g., cut-in, lane change), 5 weather
conditions (sunny, foggy, rainy, cloudy, snowy), and 11 scenes (e.g., city,
town, university, highway, mountain). In total, it comprises 255k Li-
DAR sweeps and 3.5M images (RGB, semantic segmentation, and depth)
collected from vehicles and UAVs, along with detailed annotations for
2D/3D bounding boxes, object trajectories, and agent states. To support
unified evaluation, we further propose VVFormer, a novel architecture
that integrates multi-agent and multimodal features from UAVs and ve-
hicles. Extensive experiments on VVSim demonstrate that VVFormer
achieves superior performance, significantly outperforming strong V2V
and V2I cooperative baselines on 3D perception tasks. The code is avail-
able at https://github.com/LOTEAT/vvdetection3d.
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Fig. 1: Overview of the aerial-ground cooperative perception scenario. The
aerial platform captures global context from a bird’s-eye view, while ground vehicles
perceive detailed local features. Their cooperation enhances perception coverage and
mitigates occlusions.

1 Introduction

In recent years, technologies for intelligent driving have advanced rapidly, signif-
icantly improving autonomous driving systems [18]. These systems increasingly
depend on accurate and real-time perception of the environment to detect nearby
vehicles, pedestrians, and other traffic participants. It is critical for making safe
and timely driving decisions [21]. Consequently, enhancing perception capabili-
ties has become a central focus of autonomous driving research [7,10,12,13,17].

Relying on a single vehicle for perception often leads to blind spots. Onboard
sensors have limited range and their view can be blocked by other vehicles or
obstacles [30]. As a result, critical objects may be missed, reducing the reliability
and safety of autonomous driving. To overcome these constraints, cooperative
perception has emerged as a key paradigm, where multiple agents share informa-
tion [6,11,30–33]. Among them, vehicle-to-vehicle (V2V) cooperation allows con-
nected autonomous vehicles (CAVs) to complement sensing fields and mitigate
occlusion. However, its performance is highly dependent on the spatial distribu-
tion of CAVs, limiting its widespread application. Vehicle-to-infrastructure (V2I)
perception leverages roadside units (RSUs) to further extend the sensing range
and alleviate occlusions. However, the fixed viewpoints of RSUs make it difficult
to adapt to complex and dynamically changing traffic environments [23]. More-
over, the high deployment and maintenance costs hinder its large-scale adoption.

Compared with RSUs, unmanned aerial vehicles (UAVs) can flexibly ad-
just their altitude and position. As illustrated in Fig. 1, UAVs provide adaptive
bird’s-eye-view (BEV) perspectives that capture occluded areas and long-range
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contexts inaccessible to ground sensors. In addition, UAVs offer wider coverage
and lower deployment costs, enabling dynamic perception in highly dynamic and
complex traffic scenes. Therefore, aerial-ground cooperative perception (AGCP)
offers a promising paradigm to overcome the limitations of ground-based per-
ception.

Despite the tremendous potential of aerial-ground cooperative perception,
research in this area still faces several critical challenges. First, there is a lack
of large-scale datasets that capture diverse environments and rich corner-case
scenarios (e.g., severe occlusions, dense traffic interactions, and unusual vehi-
cle behaviors), which are crucial for evaluating cooperative perception systems
in safety-critical situations. Second, existing cooperative perception methods are
typically designed for multiple agents with similar viewpoints and sensing config-
urations, making it difficult to model the heterogeneous nature of aerial-ground
collaboration.

To address these gaps, we introduce VVSim, a large-scale aerial-ground coop-
erative perception dataset, together with VVFormer, a benchmark model specif-
ically designed for evaluating aerial-ground cooperative perception.

The main contributions of this work are summarized as follows:

• We build VVSim, a large-scale aerial-ground cooperative perception dataset
with time-synchronized and calibrated multimodal data collected from UAVs
and vehicles. It features heterogeneous intelligent agents and diverse traffic
participants, filling the gap in current datasets for aerial-ground cooperation
across diverse environments with complex, high-density interactions.

• VVSim provides rich multimodal data and diverse driving conditions, in-
cluding 61k fully annotated frames covering 19 interaction scenarios (e.g.,
cut-in, lane change, hard brake), 5 weather conditions, and 11 representa-
tive scenes (e.g., city, university, highway). In total, it contains 255k LiDAR
sweeps and 3.5M images (RGB, semantic segmentation, depth) from both
vehicles and UAVs. UAVs operate in hovering, cyclic, and escort modes at
multiple altitudes, offering varied aerial viewpoints.

• We propose VVFormer, a benchmark model for aerial-ground cooperative
perception. To the best of our knowledge, VVFormer is the first framework
that performs cross-domain and multimodal cooperative perception between
heterogeneous aerial and ground agents. Extensive experiments demonstrate
that VVFormer achieves state-of-the-art performance and significantly out-
performs strong ground-only cooperative baselines.

2 Related Works

2.1 Cooperative Perception

Cooperative perception has emerged as a promising approach to enhance en-
vironmental awareness for autonomous driving by enabling information sharing
among multiple agents. Early studies primarily focus on V2V cooperation, where
nearby vehicles exchange sensory features or object-level information to alleviate
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occlusions and extend perception range [1,3,4,14,24]. These methods significantly
improve detection accuracy but remain constrained by the limited local perspec-
tives of ground vehicles. To further improve coverage and reliability, V2I percep-
tion frameworks incorporate RSUs equipped with LiDAR or cameras [27,30,33].
By integrating fixed sensing infrastructures, these approaches [15,28,34] achieve
a broader field of view, thereby improving detection accuracy. However, fixed
viewpoints limit adaptability in complex mixed-traffic scenarios, where dynamic
participants and occlusions frequently occur. In addition, the high installation
and maintenance costs of such infrastructures hinder scalability in large-scale or
rapidly changing environments. Moreover, both V2V and V2I paradigms funda-
mentally rely on ground-level observations, leaving the perception of occluded
or distant regions incomplete.

Despite progress in V2V and V2I perception, their effectiveness remains con-
strained by ground-level sensing and static viewpoints. V2V systems suffer from
inconsistent coverage due to dynamic vehicle distributions, whereas V2I frame-
works rely on costly and fixed infrastructure with limited adaptability. These
limitations constrain the ability of agents to achieve comprehensive scene under-
standing, highlighting the need for a more flexible and globally aware cooperative
perception paradigm.

UAVs provide flexible, elevated viewpoints that extend perception beyond
the limits of ground sensors [5, 19]. They can adjust positions and altitudes in
real time, offering wider coverage and better visibility in dynamic traffic scenes.
Compared with RSUs, UAVs are easier to deploy and adapt quickly to changing
environments. Leveraging these advantages, AGCP has emerged as a promising
paradigm, offering complementary views that enhance detection performance
and improve robustness under occlusion, long-range perception, and adverse
weather [23,26].

2.2 Cooperative Perception Dataset

Recent years have seen rapid growth in collaborative perception datasets for
autonomous driving. OPV2V [31], DAIR-V2X [32], and V2X-Seq [33] laid the
foundation for V2V and V2I cooperation. OPV2V provided synthetic multi-view
data, while DAIR-V2X and V2X-Seq offered large-scale real-world and sequential
multimodal data, respectively. V2V4Real further advanced real-traffic coopera-
tive perception, yet all these datasets remain limited to ground-based sensors
and cannot fully handle occlusion or blind-zone challenges. To address these
limitations, several aerial-ground datasets have been introduced. CoPerception-
UAV [8] and UAV3D [22] explore UAV-UAV perception in simulation. CoPeD
presents a Vehicle-UAV dataset with real platforms, but UAVs fly at low alti-
tudes (2-10 m) and only provide monocular data. V2U-COO [25] and Griffin [23]
target Vehicle-UAV collaboration but contain limited interaction types and flight
modes.

Existing aerial-ground datasets typically lack multi-mode UAV operations
and multi-UAV collaboration, which limits their ability to capture the severe
viewpoint variations inherent in aerial maneuvers. Furthermore, the number
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of interacting UAVs is often limited, restricting the exploration of large-scale
multi-agent cooperation in complex traffic environments. More importantly, au-
tonomous driving systems must operate reliably under rare and safety-critical
situations. Perception failures frequently arise in corner cases, such as severe oc-
clusions, dense traffic interactions, unusual vehicle behaviors, and complex envi-
ronmental conditions. However, existing cooperative perception datasets contain
only limited coverage of such corner cases, making systematic evaluation under
challenging scenarios difficult.

In contrast, our dataset provides a large-scale aerial-ground environment with
rich corner-case scenarios for autonomous driving perception. It includes diverse
scenes and interaction patterns, while UAVs operate under multiple flight modes
and collaborate within a multi-agent framework. This design provides a realistic
benchmark for studying cooperative perception in complex and safety-critical
traffic situations.
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Fig. 2: Overall architecture of VVFormer. It consists of four key components:
metadata sharing, feature extraction, cross-view attention, and agent-aware attention.

3 Methodology

In this section, we introduce VVFormer, an AGCP framework designed to ad-
dress the lack of dedicated solutions for aerial-ground collaboration. Our method
effectively fuses complementary information from UAVs and ground vehicles to
achieve accurate and robust 3D scene understanding. Unlike traditional coop-
erative perception approaches that operate within a single domain, VVFormer
unifies multimodal data from heterogeneous aerial and ground agents, providing
a comprehensive solution for AGCP. In the following, we describe the overall
architecture and key components of our method in detail.

3.1 Main Architecture Design

The proposed VVFormer is designed to achieve comprehensive cooperative per-
ception through multi-agent and multimodal fusion between UAVs and vehi-
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cles. Specificall, to effectively leverage complementary perspectives and sensing
modalities, VVFormer adopts a unified architecture that integrates both aerial
and ground agents. As illustrated in Fig. 2, the framework is composed of four
main components: metadata sharing, feature extraction, cross-view attention,
and agent-aware attention. These modules jointly enable spatially consistent fea-
ture alignment and interaction across heterogeneous agents, facilitating accurate
and robust scene understanding under diverse driving and flight conditions.

3.2 Metadata Sharing

During the early stage of collaboration, every agent i ∈ {1, 2, . . . , N} broadcasts
essential metadata that describe its state. The shared information includes the
ego pose in the global frame, timestamps, and the intrinsic and extrinsic param-
eters of sensors. These metadata are exchanged among all agents, including both
vehicles and UAVs, providing the basic system states necessary for cooperative
perception.

3.3 Feature Extraction

For each ground vehicle, the LiDAR point cloud is divided into Hl ×Wl pillars
along the BEV plane, with each pillar corresponding to a fixed region on the
ground. PointPillars [10] converts points within each pillar to a feature vector,
producing a BEV feature map F l

i ∈ RHl×Wl×C , where C denotes the number of
feature channels. Each spatial location in F l

i corresponds to a pillar in the BEV
grid.

For UAVs, RGB images are processed by a Swin Transformer [16] to produce
a feature map F c

i ∈ RHc×Wc×C , where the channel dimension C aligns with that
of the LiDAR feature map, enabling consistent feature fusion across modalities.

3.4 Cross-View Attention

To achieve spatial alignment between UAV image features and ground LiDAR
features, we design a cross-view attention (CVA) module that transforms
UAV-centric image features into the vehicle-centric BEV coordinate system,
which is shown in Fig. 3. This module enables direct fusion between hetero-
geneous modalities while preserving geometric consistency across different view-
points.

Voxel Projection. To capture the vertical structure of the scene and enable inter-
action with aerial observations, we extend the BEV pillars from ground vehicles
along the height dimension. We first construct a 3D voxel grid, resulting in a grid
of size Hl ×Wl ×Dvox. Each voxel center pv = (xv, yv, zv, 1)

⊤ is represented in
global coordinates. To obtain the corresponding location in the UAV image, we
transform each voxel from global coordinates to the camera coordinate system
using the extrinsic matrix Text ∈ R4×4 of the UAV

pc = Text pv = (xc, yc, zc, 1)
⊤. (1)
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Fig. 3: The architecture of cross-view attention.

We then project 3D camera coordinates to homogeneous image coordinates
using the intrinsic matrix Tint ∈ R3×3

uhom = Tint [xc, yc, zc]
⊤ = (uh, vh, wh)

⊤. (2)

Then we obtain the pixel coordinates by normalization

u =
uh

wh
, v =

vh
wh

. (3)

A validity mask M is applied to exclude voxels outside the image boundaries or
behind the camera:

M(p) =


1,

0 ≤ u < Wimg,

0 ≤ v < Himg,

zc > 0,

0, otherwise.

(4)

Himg and Wimg denote the height and width of the UAV image, and zc is the
depth in the camera frame.

The projected coordinates are then scaled according to the backbone down-
sampling ratio s:

(u′, v′) =
⌊u
s

⌋
,
⌊v
s

⌋
(5)

establishing a direct correspondence between each voxel and the downsampled
feature map.

Feature Sampling. After constructing the voxel grid and projecting it onto
the UAV image features, we sample image features to build a voxel-aligned
BEV representation. For each voxel at position (xv, yv, zv) with a validity mask
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M(xv, yv, zv) = 1, the corresponding pixel in the UAV feature map F c
i is sam-

pled. Voxels with M(xv, yv, zv) = 0 are filled with zeros.
Formally, let the projected coordinates on the downsampled feature map be

(u′, v′), then the sampled feature Fv for voxel (xv, yv, zv) is

Fv =

{
F c
i (u

′, v′), M(xv, yv, zv) = 1,

0, M(xv, yv, zv) = 0.
(6)

Repeating this process for all voxels along the height dimension Dvox, we
obtain a voxel-aligned BEV feature map

F c2v
i ∈ RDvox×Hl×Wl×C (7)

where each slice along Dvox corresponds to features sampled from a different
height level. This feature map is now spatially aligned with the LiDAR BEV
features F l

i , enabling effective cross-modal fusion in subsequent modules.

Height-Aware Fusion. After obtaining the voxel-aligned image features from
the projected feature sampling module, we perform height-aware fusion to
aggregate information across different heights. Specifically, each voxel-aligned
feature F c2v

i ∈ RDvox×Hl×Wl×C is indexed by its height d, and spatial coordinates
(h,w) in the BEV plane. To provide explicit geometric cues along the height axis,
we add a height positional encoding to each voxel slice:

F̃ c2v
i (d, h, w) = F c2v

i (d, h, w) + Pheight(d). (8)

Pheight(d) ∈ RC is the positional encoding for the d-th height level, defined as

Pheight(d) =


sin

( d

100002k/C

)
, if d = 2k,

cos
( d

100002k/C

)
, if d = 2k + 1

(9)

where k ∈ [0, ⌊C/2⌋).
We then apply height-wise self-attention for each spatial location (h,w). The

attention weights along the height dimension are computed as

A(d, d′) =
exp

(
Qh,w,d ·Kh,w,d′/

√
C
)∑Dvox

d′′=1 exp
(
Qh,w,d ·Kh,w,d′′/

√
C
) (10)

where Q,K ∈ RDvox×C are linear projections of F̃ c2v
i along the height dimension,

and the fused feature is obtained by

F fused
i (h,w) =

Dvox∑
d=1

A(d, :)Vh,w,d, (11)

with V being the value projection of F̃ c2v
i . The resulting BEV feature map

F fused
i ∈ RC×Hl×Wl now incorporates height-aware context.
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Fig. 4: Agent-aware attention for AGCP. (a) Overview of the agent-aware at-
tention mechanism. (b) Illustration of the deformable attention module used within
agent-aware attention.

3.5 Agent-Aware Attention

To enable collaborative perception across heterogeneous agents such as con-
nected vehicles and UAVs, we design an agent-aware attention (AAA) mod-
ule that adaptively selects and integrates the most informative features from
multiple viewpoints, as illustrated in Fig. 4. The core idea is to assign an im-
portance score to each agent at every BEV grid location, and then refine the
aggregated representation through a spatial cross attention.

Agent Cross Attention Scoring. Given BEV features {Fi ∈ RHl×Wl×C}Ni=1 from
N collaborating agents, our goal is to adaptively identify which agent provides
the most informative observation for each spatial cell in the BEV grid. We first
take the ego agent as the query source and the other agents as key-value sources.
Each feature map Fi is flattened into Xi ∈ RS×C , where S = Hl ×Wl denotes
the number of BEV grids.

For each non-ego agent j, we perform deformable cross-attention operation
between the ego query Xego, reference points R, and value Xj :

Xout
j = DCA(Xego, R,Xj) (12)

where DCA(·) denotes the deformable cross-attention, formulated as:

Xout
j (q) =

M∑
m=1

Wm

K∑
k=1

Amqk Wv Xj(pq +∆pmqk) (13)
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where q indexes the query position, M is the number of attention heads, and
K is the number of sampling points for each head. ∆pmqk represents the learn-
able offsets, Amqk are the normalized attention weights, Wv denotes the value
projection matrix, Wm represents the weights of attention head.

Next, each cross-attention output Xout
j is fed into a lightweight ScoringNet

to estimate an importance score map Sj ∈ RS×1

Sj = ScoringNet(Xout
j ) (14)

where each score Sj(q) measures the informativeness of agent j at BEV position
q. For each spatial cell, we then select the feature from the agent with the highest
score

X∗(q) = Xout
j∗(q)(q), j∗(q) = argmax

j
Sj(q). (15)

This process adaptively aggregates the most informative agent features across
the BEV grid.

Spatial Cross Attention. After obtaining the agent-aware BEV feature X∗, we
further enhance spatial consistency by applying a spatial cross attention between
the ego BEV query Xego and the aggregated value feature X∗.

For each query position i, we assign a normalized reference point ri ∈ [0, 1]2

corresponding to its spatial coordinate in the BEV plane. These reference points
serve as anchors that guide each query to attend to spatially relevant regions.
To capture fine-grained spatial interactions, multiple learnable offsets ∆rh,l are
applied around each reference point, allowing the query to adaptively sample
contextual features from nearby locations.

Formally, the spatial cross attention is expressed as

Xout(i) =

H∑
h=1

Wh

L∑
l=1

Ahil Wv X
∗(ri +∆rhil

)
(16)

where H is the number of attention heads, L is the number of sampling points per
head, Ahil are normalized attention weights, Wv is a learnable projection matrix,
and ∆rhil denote the learnable 2D sampling offsets. In practice, the reference
points ri are initialized on a uniform BEV grid and iteratively refined through
the attention layers, ensuring that the attention field aligns with meaningful
spatial structures.

This spatial cross attention enables each BEV query to aggregate information
from spatially adjacent, resulting in a feature representation that maintains both
spatial continuity and inter-agent contextual awareness.

4 VVSim Dataset

To facilitate research on AGCP, we develop VVSim, a large-scale multimodal
dataset providing synchronized sensor observations and state information from
both ground vehicles and UAVs. VVSim is designed to capture the complemen-
tary viewpoints inherent in heterogeneous agents and to support a broad range
of cooperative perception tasks.
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4.1 Data Collection Setup

VVSim is built on top of the AirSim, which we extend with customized mod-
ules for multi-agent coordination and high-fidelity scene rendering. The platform
supports various UAV flight modes (hovering, cyclic, escort), enabling diverse
aerial-ground cooperative configurations.

Each agent is equipped with a set of sensors operating at 25 Hz. Ground
vehicles mount:

• 4 RGB cameras,
• 4 semantic segmentation cameras,
• 4 depth cameras,
• 1 top-mounted LiDAR.

The cameras are placed at four viewpoints (front, left, right, rear) on the roof,
providing full 360° visual coverage. Each UAV carries one downward-facing RGB
camera and one semantic segmentation camera, mounted centrally beneath the
drone body to capture wide-area overhead observations.

4.2 Dataset Composition

VVSim contains approximately 61k fully annotated frames, each offering syn-
chronized multimodal observations from all participating agents. In total, the
dataset includes:

• 255k LiDAR sweeps,
• 3.5M images consisting of 1.2M RGB images, 1.1M depth images, and

1.2M semantic segmentation images,
• 986k 3D bounding box annotations across seven object categories: car,

pedestrian, truck, trailer, traffic cone, van, speed limit sign,
• object trajectories of traffic participants,
• 6-DoF agent states, including position (x, y, z) and orientation (roll, pitch,

yaw), along with velocity and control-related information.

All annotations follow physically consistent temporal alignment, supporting
detection, tracking, prediction, and other cooperative tasks.

4.3 Scenes and Scenarios

VVSim covers various scenes and traffic conditions:

• 11 scenes spanning city, town, university, highway, and other representative
environments,

• 5 weather conditions: sunny, foggy, rainy, cloudy, and snowy,
• 19 traffic interaction scenarios, including cut-in, lane change, overtaking,

merging, and other common interaction patterns.

Each scenario includes multiple ground vehicles and UAVs, forming complex
multi-agent configurations and dense traffic behaviors suitable for testing aerial-
ground cooperative perception algorithms.
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5 Experiments

5.1 Experimental Settings

Dataset. We construct a multi-agent collaborative perception dataset, com-
prising sequences captured by both connected vehicles and UAVs. In total, the
dataset contains 61625 frames. For evaluation purposes, the dataset is divided
into training, validation, and testing sets, containing 38000, 5125, and 18500
frames, respectively. This split ensures a balanced distribution of diverse traffic
scenarios and environmental conditions across different sets.

Setup. The point cloud range is set to x, y ∈ [−50, 50] meters. The BEV
representation is discretized with a grid resolution of 0.5 meters. The model is
trained for 24 epochs using an AdamW optimizer with an initial learning rate of
0.001 and a weight decay of 0.01.

Task and Metrics. Our framework supports multiple cooperative percep-
tion tasks, such as object detection and tracking. In this paper, we focus on aerial-
ground cooperative 3D object detection, where the goal is to jointly perceive the
surrounding environment using both aerial and ground agents. The evaluation
follows the standard metrics defined in the nuScenes benchmark [2], includ-
ing mean Average Precision (mAP), mean Average Translation Error (mATE),
mean Average Scale Error (mASE), mean Average Orientation Error (mAOE),
mean Average Velocity Error (mAVE), and the overall nuScenes Detection Score
(NDS).

Baselines. To better evaluate the performance of our model, we use the
following baseline models.

• F-Cooper [3]: An early cooperative perception framework that uses sparse
point cloud object detection.

• OPV2V [31]: A V2V cooperative perception system that applies attentive
intermediate fusion.

• V2X-ViT [30]: A transformer-based V2X framework that uses heterogeneous
multi-agent self-attention.

• CoBEVT [29]: A model that employs fused axial attention to integrate multi-
agent features.

• SICP [20]: A lightweight dual-perception network that enables collaborative
3D detection.

• L4DR [9]: A weather-robust 3D detection model that enhances perception
via foreground-aware denoising.

5.2 Quantitative Results

Table 1 shows a comprehensive comparison of proposed VVFormer with repre-
sentative cooperative perception methods on the VVSim test set. Our approach
achieves the best overall performance, with an mAP of 0.6490 and an NDS of
0.5268, clearly outperforming existing methods across most metrics. The sub-
stantial improvement in overall perception quality demonstrates the effectiveness
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Table 1: Comparison with advanced methods on the VVSim test set.

Method Publication mAP↑ NDS↑ mATE↓ mASE↓ mAOE↓ mAVE↓

F-Cooper [3] SEC2019 0.5865 0.4773 0.3530 0.1144 0.6915 2.7622
V2XViT [30] ECCV2022 0.6150 0.4847 0.3455 0.1061 0.7766 2.6077
CoBEVT [29] CoRL2023 0.5777 0.4654 0.3681 0.1544 0.7124 2.9697
SICP [20] IROS2024 0.6327 0.5144 0.2263 0.1055 0.6877 3.5578
L4DR [9] AAAI2025 0.6420 0.4924 0.3595 0.1408 0.7862 2.9374
VVFormer (ours) - 0.6490 0.5268 0.2168 0.0954 0.6647 3.2290

of our multi-agent fusion strategy in achieving consistent and reliable 3D under-
standing.

In terms of position and scale estimation, VVFormer attains the lowest mATE
(0.2168) and mASE (0.0954), indicating its advancement in percepting precise
bounding boxes and accurate object positions. The mAOE (0.6647) is also su-
perior to other approaches, suggesting that our model provides more accurate
orientation predictions.

It is worth noting that the mAVE (3.2290) is slightly higher than the best-
performing baseline (F-Cooper). This can be attributed to the wide speed dis-
tribution of dynamic agents in the VVSim test set, which includes vehicles and
diverse motion patterns spanning both low-speed urban maneuvers and high-
speed transit conditions. Such a diverse motion spectrum increases the difficulty
of temporal velocity estimation, particularly in distant or intermittently observed
objects. Nonetheless, VVFormer still maintains competitive motion estimation
capability while achieving a state-of-the-art (SOTA) performance across other
major metrics. Overall, these results validate the effectiveness of our cooper-
ative perception framework in enhancing scene understanding under complex
real-world conditions.

5.3 Ablation Study

Table 2 reports the ablation results of each major modules in our framework on
the VVSim dataset. Specifically, We analyze three critical modules: the Cross-
View Attention (CVA) module, the Agent-Aware Attention (AAA) module, and
the contribution of UAVs.

Effectiveness of UAVs. We can observe that introducing UAVs significantly
improves the overall perception performance (mAP from 0.5294 to 0.6063 and
NDS from 0.4550 to 0.4964). This clearly validates the effectiveness of aerial-
ground cooperation. The performance improvement can be attributed to the
complementary top-down viewpoints from UAVs. These viewpoints expand spa-
tial coverage of the environment and alleviate occlusions that are prevalent in
ground-only settings.

Effectiveness of Agent-Aware Attention. The AAA module plays a key
role in feature interaction among cooperation agents. When AAA is removed,
the network struggles to integrate the heterogeneous feature representations from
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Table 2: The experimental ablation results of each module on VVSim test set.

CVA AAA UAVs mAP↑ NDS↑ mATE↓ mASE↓ mAOE↓ mAVE↓
✓ ✓ 0.5912 0.4912 0.2459 0.0991 0.6992 3.3559
✓ ✓ 0.6063 0.4964 0.2613 0.1089 0.6972 2.5410

✓ ✓ 0.5294 0.4550 0.2964 0.1286 0.6720 3.2534

Note: CVA = Cross-View Attention; AAA = Agent-Aware Attention; UAVs indi-
cates removing UAV perception data.

different agents, leading to significant performance degradation across all met-
rics. In contrast, incorporating AAA allows the model to learn agent-dependent
feature weights, enabling more effective multi-agent fusion and thus improving
overall perception performance.

Effectiveness of Cross-View Attention. The CVA module contributes
to cross-view alignment between feature maps extracted from different sensing
perspectives. CVA facilitates fine-grained alignment in the BEV space, ensur-
ing that semantically corresponding regions from distinct views are properly
matched. This leads to improved detection performance.

Overall, the ablation results confirm that both the aerial-ground cooperation
and the attention-based alignment modules (AAA and CVA) are essential for
achieving accurate and robust cooperative perception in complex multi-agent
environments.

6 Conclusion

In this work, we present VVSim, a large-scale dataset designed to advance re-
search in aerial-ground cooperative perception. VVSim provides synchronized
multi-modal data from both UAVs and vehicles, covering various weather con-
ditions, scenes, and interaction scenarios. Along with the dataset, we introduce
VVFormer, a unified architecture that effectively fuses multi-agent and multi-
modal features from aerial and ground platforms, serving as a strong baseline
for cooperative perception tasks. Together, VVSim and VVFormer establish the
comprehensive foundation for evaluating and developing aerial-ground collabo-
rative perception systems.
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