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Abstract

Collaborative trajectory prediction can comprehensively forecast the future motion
of objects through multi-view complementary information. However, it encoun-
ters two main challenges in multi-drone collaboration settings. The expansive
aerial observations make it difficult to generate precise Bird’s Eye View (BEV)
representations. Besides, excessive interactions can not meet real-time prediction
requirements within the constrained drone-based communication bandwidth. To ad-
dress these problems, we propose a novel framework named "Drones Help Drones"
(DHD). Firstly, we incorporate the ground priors provided by the drone’s inclined
observation to estimate the distance between objects and drones, leading to more
precise BEV generation. Secondly, we design a selective mechanism based on
the local feature discrepancy to prioritize the critical information contributing to
prediction tasks during inter-drone interactions. Additionally, we create the first
dataset for multi-drone collaborative prediction, named "Air-Co-Pred", and conduct
quantitative and qualitative experiments to validate the effectiveness of our DHD
framework. The results demonstrate that compared to state-of-the-art approaches,
DHD reduces position deviation in BEV representations by over 20% and requires
only a quarter of the transmission ratio for interactions while achieving comparable
prediction performance. Moreover, DHD also shows promising generalization to
the collaborative 3D object detection in CoPerception-UAVs. Our source code is
available at https://github.com/WangzcBruce/DHD.

1 Introduction

Multi-drone object trajectory prediction [1–3] aims to collaboratively identify objects and forecast
their future movements using multiple drones with overlapping observations, which can overcome
the single-drone limitations of occlusions, blur, and long-range observations. Given the safety and
reliability of task execution, the role of multi-drone object trajectory prediction is indispensable.
It contributes to early warning of potential accidents and path planning in drone operations, better
serving for intelligent cities [4], transportation [5], aerial surveillance [6] and response systems [7].

Current methods in collaborative object trajectory prediction are primarily categorized into two
frameworks: multi-stage prediction [8, 9] and end-to-end prediction [10, 11]. The multi-stage
paradigm achieves collaborative prediction based on individual perception results. Specifically,
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it begins with object detection in each view, such as oriented object detection [12]. Then, the
multi-view objects are correlated, and the generated trajectories are fed into a regression model for
predictions. In contrast, end-to-end approaches transform each view’s 2D features into BEV features
at a unified 3D coordinate system and conduct feature-level correlation. Subsequently, future instance
segmentation and motion are jointly predicted. The end-to-end paradigm significantly enhances
accuracy and computational efficiency compared to multi-stage detect-track-predict pipelines, leading
to its widespread popularity and application.

Nevertheless, end-to-end approaches are primarily designed for autonomous driving scenarios and
may not directly apply to aerial perspectives. Specifically, they adopt the prevalent "Lift-Splat-Shoot"
(LSS) [13] to predict pixel-wise categorical depth distribution and reconstruct objects’ distribution in
3D space using the camera’s intrinsics and extrinsics. In aerial contexts, observation distances are
considerably more extensive, as depicted in Fig.1. This expanded range increases depth categories
and poses substantial challenges to view transformation. Crucially, mistaken feature projection
distorts BEV representations, severely undermining the reliability of subsequent multi-drone col-
laboration. Furthermore, efficient interaction is essential for real-time collaborative prediction. The
prevalent sparse collaborative strategy, where2comm [14], utilizes the downstream detection head for
information selection. However, its mode is inflexible and overlooks valuable contextual cues beyond
the object information, which are equally essential for motion forecasting.

Figure 1: Comparative visualization of
observations in autonomous driving ver-
sus aerial surveillance.

To address the challenge of view transformation, we ob-
serve that the drone’s inclined observation leads to inter-
sections between the sight and the ground plane. Con-
sequently, this geometric attribute assigns a theoretical
maximum depth to each pixel, providing a constraint for
depth estimation. Moreover, given the noticeable gap be-
tween objects and the ground plane, it is an alternative to
derive intricate depth estimation from the simpler height
estimation. For the design of the collaborative strategy,
we advocate that a flexible collaborative strategy should
dynamically assess the information volume contributed
by each region to downstream tasks based on the model’s
feedback. This adaptive methodology ensures a thorough
understanding of the environment, encompassing both
foreground objects and their broader surroundings, thus fa-
cilitating more accurate decision-making in collaborative
trajectory prediction.

Building upon the mentioned solutions, this research
presents a collaborative prediction framework for drones
called DHD, consisting of a Ground-prior-based BEV Gen-
eration (GBG) module and a Sparse Interaction via Sliding
Windows (SISW) module. The GBG module calculates the viewing angle of each pixel with the
camera’s intrinsic and extrinsic parameters. Subsequently, based on the flight altitude, this module
determines the theoretical maximum depth for each pixel. With the guidance of the viewing angle
and maximum depth information, a relatively simple height estimation can derive more precise depth,
thus achieving more accurate BEV representations. The SISW module employs sliding windows
to analyze discrepancies between the central and surrounding features, thereby quantifying the in-
formation volume at each position. Regions exhibiting significant feature variations are assigned
higher information scores, indicating that they contain objects or crucial environmental information.
Additionally, due to the lack of relevant datasets for multi-drone collaborative prediction, this study
utilizes the CARLA [15] simulation platform to generate a novel dataset, “Air-Co-Pred”, comprising
cooperative observations from four drones across 200 varied scenes. This simulated dataset serves to
validate the effectiveness of our proposed DHD framework in aerial collaborations.

In summary, our contributions are listed as follows:

A Ground-prior-based Bird’s Eye View (BEV) Generation module is presented to achieve more
accurate BEV representations guided by the ground prior and height estimation.

A Sparse Interaction via Sliding Windows module is proposed to improve the accuracy of multi-drone
object trajectory prediction through efficient information interaction.
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Figure 2: The overall architecture of our proposed DHD framework. For clarity, we just present the
collaboration between two drones.

A simulated dataset, “Air-Co-Pred”, designed for multi-drone collaborative prediction, is introduced
to validate the effectiveness of the proposed DHD framework.

2 Related Work

BEV Generation. Benefiting from the scale consistency and unified coordinate system, BEV
is extensively utilized in collaborative perception. The generation of BEV features is currently
categorized into two types: explicit 2D-3D mapping and implicit 3D-2D mapping [16]. In the explicit
mapping paradigm, PON [17] introduces a dense transformer module to learn the mappings between
image and BEV representations. LSS [13] employs a learnable categorical depth distribution to
lift the 2D features to 3D space, and BEVDepth [18] further utilizes explicit supervision on the
predicted depth. In the implicit mapping paradigm, BEVFormer [19] leverages the deformable
attention mechanism for BEV feature generation, while PolarFormer [17] adopts polar coordinates for
precise feature localization. This study adopts a 2D to 3D generation manner similar to LSS. Depth
estimation plays a crucial role in the BEV generation, and we are committed to its enhancement.

Collaborative Strategy. Current collaborative methods include raw-measurement-based early col-
laboration, result-based late collaboration, and feature-based intermediate collaboration [20]. Due
to the performance-bandwidth trade-off, intermediate collaboration is extensively studied. For ex-
ample, Who2com [21] introduces a handshake mechanism to select collaborative partners, while
When2com [22] further determines when to initiate collaboration. Where2comm [14] employs
the detection head to direct regions for sparse interactions. V2VNet [23] achieves multi-round
message exchange via graph neural networks. V2X-ViT [24] explore correlations among hetero-
geneous collaborators through transformer blocks. DiscoNet [25] employs knowledge distillation,
whereas CORE [26] utilizes reconstruction concepts to facilitate feature interactions. UMC [27] and
SCOPE [28] leverage temporal information to guide feature fusion. However, these strategies are
mostly optimized for detection tasks or merely improving feature-level representations. Concerning
collaborative forecasting, V2X-Graph [29] utilizes intricate graph structures to forecast motion based
on vector maps instead of the vision-based inputs as in this study.

3 Methodology

3.1 Problem Formulation

This section presents DHD, a well-designed collaborative framework for multi-drone object trajectory
prediction, as depicted in Fig. 2. The proposed DHD enables multiple drones to share visual
information, promoting more holistic perception and prediction. Conceptually, we consider a scenario
with N drones, each capable of sending and receiving collaboration messages from others, and
storing T1 historical frames while predicting T2 future trajectories. For the k-th drone, Xti

k denotes
the raw observation at input frame ti, and Y to

k represents the ground truth at output frame to. The
objective of DHD is to optimize the performance of multi-drone object trajectory prediction under a
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whereg(�; �) represents the evaluation metric, andŶ t o

k is the prediction outcome of dronek at output
frameto. C� (�) is the collaborative framework parameterized by� , andX t i

j ! k denotes the message
transmitted from thej -th drone to thek-th drone at input framet i . The subsequent subsections of
Section 3 detail the major components.

3.2 2D Feature Extraction of Observations

Figure 3: Illustration of the
theoretical depth upper-bound
and the impact of various
viewing angles on depth es-
timation.The depth of ob-
jects, D1, can not exceed
Dupperbound.

Initially, each drone captures observations and individually processes
its range view (RV) images through a shared encoder� Enc(�) to ex-
tract semantic information. We adopt the backbone of Ef�cientNet-
B4 [30] as the encoder for each drone because of its low infer-
ence latency and optimized memory usage, consistent with the
literature [31]. For thek-th drone, given its observationX t i

k at
the input framet i , the extracted 2D feature map is denoted as
F t i

k; 2D = � Enc(X
t i
k ) 2 RH � W � C , whereH , W , C denote its

height, width and channel, respectively.

3.3 Ground-prior-based BEV Generation Module

Depth estimation plays a critical role in generating BEV represen-
tations. However, the vanilla LSS method struggles to approximate
the precise depth of each pixel due to the vast observation range of
drones. Fortunately, the oblique perspective of drones intersects with
the ground plane, providing a theoretical upper bound for depth and
a nearly zero-altitude reference for each pixel, as shown in Fig. 3.
Guided by this principle, we propose the GBG module, which re�nes
depth at each pixel to generate more accurate BEV representations, with its methodology illustrated
in Fig. 4. The process below omits the subscriptk andt i for concision.

Derivation of Depth Upper-bound. Given a drone at altitudeH , the pinhole camera model is
utilized to determine the depth upper-boundD (u;v )

upperboundat each pixel coordinate(u; v), with the help
of its camera's intrinsic matrixK , rotation matrixR , and translation vectorT :

D ( u;v )
upperbound=

� H � [R � 1(� T )]2

[R � 1K � 1 ]21 u + [ R � 1K � 1 ]22 v + [ R � 1K � 1 ]23
: (2)

Furthermore, the viewing angle� (u;v ) of each pixel can be represented asarcsin
�

H=D (u;v )
upperbound

�
.

Integrating Height into Depth Estimation. In aerial observations, objects are usually closer to the
ground than to the drones. Therefore, it's more feasible to estimate the distance from the objects
to the intersection point between their respective viewing ray and the ground, as indicated by line
D2 in Fig. 3. Nevertheless, as the viewing angles diminish, the corresponding depth signi�cantly
increases. It becomes progressively challenging to estimate the distance to the intersection point
due to less visual information available at greater distances. Given the static height of objects and
apparent feature discrepancy against the zero-altitude ground plane, it's an alternative to estimate
the object's heighthpred and deduce the distance to the intersection points with the help of viewing
angles. Accordingly, depth estimation� Depth(�) can be succinctly expressed as:

� Depth(u; v) = D ( u;v )
upperbound�

hpred

sin
�
� ( u;v )

� = D ( u;v )
upperbound

�
1 �

hpred

H

�
: (3)

BEV Generation Process. We utilize a parametric network� Height(�) for height estimation, which
generates a pixel-wise categorical distribution of height, represented ashpred = � Height(F2D) 2
RH � W � D . Here,D signi�es the number of discretized height bins. Subsequently, the estimated
height are input into� Depth to compute the estimated depthdpred. Then, an outer product between
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Figure 4: Operation �ow of GBG module. Figure 5: Operation �ow of SISW Module.

image featuresF2D and all potential depth candidatesdpred is conducted to generate frustum features,
which are then projected into the 3D space based on the inverted pinhole camera model. This process
results in 3D voxel representationV 2 RX � Y � Z � C , whereZ refers to the height of voxel. Finally,
through sum pooling� Sp, these voxel featuresV are condensed into a single height plane to generate
the BEV features:FBEV = � Sp(V ) 2 RX � Y � C , serving for the subsequent collaboration process.

3.4 Sparse Interaction via Sliding Windows Module

In aerial observations, objects are typically small and sparsely distributed, leading to critical informa-
tion occupying only a minor portion of the panoramic view. Given this context, the communication
overhead can be considerably reduced by transmitting solely the complementary objects during
collaborations [14]. Nonetheless, environmental information is also crucial for prediction tasks,
with studies [32, 33] demonstrating that dynamic entities and static textures within surroundings can
provide insights for forecasting future trends. Hence, it's necessary to include essential environmental
elements within limited data transmissions for better forecasting. To this end, we introduce a novel
sparse interaction module named SISW for collaboration among drones. This module assesses
the information volume across different areas through sliding windows, determining regions for
inter-drone interactions. The SISW module's work�ow is illustrated in Fig. 5 and delineated below:

Information Volume Assessment. The original BEV featuresFk; BEV 2 RX � Y � C are compressed
to F 0

k; BEV 2 RX � Y � 1 with a trainable1 � 1 convolution, reducing the transmission overhead for
inter-drone comparisons of complementary information. Then, aK � K sliding window traverses
over the compressed features, calculating the discrepancy between each position's features and the
central features. The calculated discrepancy is then normalized to the interval(0; 1) via a sigmoid
function� , with the average discrepancy across the window serving as the indicator of the information
volumeI :

I mn
i =

1
K 2

K � 1X

a=0

K � 1X

b=0

�
�
F 0

i; BEV(m + a; n + b) � F 0
i; BEV(m; n )

�
; where(m; n ) 2 RX � Y : (4)

In this setting, the information volume is almost zero in areas of homogeneity, like empty backgrounds.
In contrast, the information volume is much higher in regions with signi�cant feature variations, such
as when the area contain the objects or crucial environmental information.

Selective Sparse Interaction. Ef�cient collaboration among drones aims to share complementary
information that supplements receivers' current knowledge, thus enhancing the overall system's
accuracy. Whenk-th drone receives the information volume fromj -th drone, complementary scores
Sj ! k among drones are calculated asI j � (1 � I k ). To achieve sparse interactions, the interaction
maskM j ! k is determined by the topK from the ranked scoresSj ! k and sparse collaborative
featuresCj ! k are denoted asM j ! k � Fj; BEV.

Collaborative Features Aggregation. Upon receiving sparse collaborative features, dronek im-
plements a geometric transformationT to alignCj ! k with its local coordinate system, ensuring
spatial congruence. Subsequently, a learnable Gaussian-based interpolation� inter is applied to in�ll
unde�ned values, smoothing the spatial distribution of the features. This step is essential to mitigate
the impacts of numerical zero vectors that could adversely affect subsequent feature fusion pro-
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cesses [27]. The re�ned collaborative features are then given by:C0
j ! k = � inter(T (Z j ! k )) . Guided

by local featuresFk; BEV, the contribution weightWj of C0
j ! k towards constructing aggregated

featuresAk is quanti�ed by:Wj =
� conv([F k; BEV;C 0

j ! k ])
P N

j =1 � conv([F k; BEV;C 0
j ! k ]) 2 RX � Y � 1 , where� conv represents the

multi-layer convolution operations. Moreover, a pixel-level weighted fusion is executed to generate
the aggregated featuresAk for subsequent downstream tasks:Ak =

P N
j =1 Wj C0

j ! k 2 RX � Y � C .

3.5 Prediction Decoders and Objective Optimization

Aligned with PowerBEV [34], the state-of-the-art approach for joint perception and prediction, a
temporal U-Net architecture is used to interpret a series ofT1 aggregated featuresf A t i g

T1
t i =1 and

forecast furtherT2 dynamics, such as instance segmentationf yseg
t o

gT2
t o =1 and future �owf y�ow

t o
gT2

t o =1 .
For the end-to-end training, we adopt a cross-entropy loss for the segmentation task and a smoothl1
distance for the �ow loss. The overall loss functionL is formulated as:

L =
1
T2

(
T2X

t =0


 t
�

� 1L ce(ŷ
seg
t ; yseg

t ) + � 2L l 1 (ŷ�ow
t ; y�ow

t )
�

)

; (5)

where
 = 0.95 is a temporal discount parameter and� 1, � 2 are the balancing coef�cients adjusted
dynamically through uncertainty weighting. In the inference phase, Hungarian algorithm correlates
multi-frame instances to synthesize present instance segmentation and future motion prediction.

4 Experiments

4.1 Datasets

The available datasets for multi-drone collaboration [14] primarily focus on detection and segmenta-
tion, lacking the support for the prediction tasks. To bridge this gap, we create a simulated dataset
“Air-Co-Pred” for collaborative trajectory prediction based on CARLA[15]. Speci�cally, four col-
laborative drones are positioned at intersections to monitor traf�c �ow from different directions.
These drones �y at an altitude of 50 meters, covering an area of approximately 100m� 100m. They
capture images at a frequency of 2Hz to support the temporal prediction task. The collected dataset
includes 32k synchronous images with a resolution of 1600� 900 and is split into 170 training scenes
and 30 validation scenes. Each frame is well-annotated with both 2D and 3D labels, comprising
three major object categories: vehicles, cycles, and pedestrians. Given the challenges of tiny objects
from aerial perspectives, this study mainly concentrates on the vehicle category, which includes
many sub-categories to augment the robustness of identifying various vehicles. To illustrate the
challenges of aerial observations intuitively, we present several charts to re�ect the characteristics of
“Air-Co-Pred”, such as occlusion, long-distant observations, small objects, etc., as shown in Fig.6.

4.2 Evaluation Metrics

To evaluate the localization accuracy of generated BEV representations, we utilize the metrics
of precision and recall to re�ect matches between predicted and ground-truth instance centers.
Additionally, the L2 distance is used to quantify the position deviations for successfully matched
instances. Regarding downstream tasks, we adopt two metrics widely used in previous works [31, 34].
For frame-level evaluation, Intersection-over-Union (IoU) evaluates the segmentation quality of
objects at the present and future frames. The speci�c calculation is as follows:

IoU ( ŷseg
t ; yseg

t ) =
1
N

N � 1X

t =0

P
h;w ŷseg

t � yseg
tP

h;w ŷseg
t + yseg

t � ŷseg
t � yseg

t
; (6)

whereN denotes the number of output frames,ŷseg
t andyseg

t denote the predicted and ground truth
semantic segmentation at timestampt , respectively. As for the video-level evaluation, Video Panoptic
Quality (VPQ) re�ects the quality of the segmentation and ID consistency of the instances through
the video, expressed as:

VPQ
�

ŷinst
t ; yinst

t

�
=

N � 1X

t =0

P
( p t ;q t ) 2 T P t

IoU ( pt ; qt )

jT Pt j + 1
2 jF Pt j + 1

2 jF N t j
; (7)
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Figure 6: Statistical charts for the Air-Co-Pred dataset, depicting the occlusion within a single view,
the number of various object types, the distribution of distances between objects and drones, and the
proportion of objects within observations, respectively.

Table 1: An analysis of trajectory prediction and localization error across different BEV generation
baselines. They follow the SISW-based interaction mechanism for subsequent multi-drone collabora-
tion. DHD (w/o H) denotes the DHD variant without integrating height estimation.

Models
IoU (%) " VPQ (%) " Precision (%) " Recall (%) " Deviation (m) #

Short Long Short Long Short Long Short Long Short Long

LSS [13] 56.29 51.76 44.98 43.13 70.97 75.68 77.88 80.49 1.08 2.18
DVDET [35] 59.37 48.91 49.98 41.84 77.59 56.62 77.8584.24 1.00 2.28
DHD (w/o H) 58.28 52.73 48.01 44.37 83.37 76.21 77.14 81.28 1.07 1.67
DHD (Ours) 61.39 53.95 50.43 46.15 81.47 85.45 80.25 77.98 0.82 1.46

whereTPt ; FPt , andFN t correspond to true positives, false positives, and false negatives at
timestampt, respectively. True positives are predicted instances with the IoU greater than 0.5
and consistent instance IDs with the ground truth, whereas false positives and false negatives are
incorrectly predicted and missed instances, respectively.

4.3 Implementation Details

We follow the setup from the existing study [10] for collaborative trajectory prediction. Initially, the
raw images, with a resolution of900� 1600pixels, are scaled and cropped to a size of224� 480.
As to view transformation, the height estimation range is con�gured from 0 to 10 meters, discretized
into 100 intervals. Subsequently, for BEV representations, the spatial ranges for thex, y, andz
axes are set to[� 50; 50], [� 50; 50], and[� 60; � 40] meters, respectively. We evaluate the model
performance across various perceptual scopes: a 100 m� 100 m area with 0.5 m resolution (long)
and a 50 m� 50 m area with 0.25 m resolution (short). Temporally, we utilize three frames from the
past 1s (including the present frame) to predict both semantic segmentation and instance motion for
the future four frames (2s). Besides, we select a 7� 7 window size and set the transmission ratio
as 25% for the SISW module for comprehensively optimal performance. The relative details on
hyper-parameter ablation studies are provided in the supplementary material. Our DHD framework is
trained with Adam optimizer at an initial learning rate of3 � 10� 4. It runs on four RTX 4090 GPUs,
handling a batch size of 4 for 20 epochs.
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Table 2: A comparison of collaboration baselines for enhanced prediction performance.Early
collaboration refers to the collaboration of raw observations, where multi-view images jointly
generate BEV representations.Intermediate collaboration focuses on the feature-level interactions
to achieve comprehensive BEV representations. The fully connected paradigm shares complete
features among all members, while the partially connected one restricts interactions to certain
members or regions.Late collaboration merges the individual prediction results from multiple
drones. All the collaboration approaches adopt the GBG module for BEV generation. Our DHD
performs best in the partially connected intermediate collaboration paradigm.

Models
IoU (%) " VPQ (%) "

Short Long Short Long

No Collaboration 38.1 32.6 31.1 27.8
Early Collaboration 62.8 54.5 51.7 45.9
Late Collaboration 57.1 51.4 47.5 43.6

Intermediate Collaboration
(Fully Connected)

V2X-ViT [24] 61.5 53.3 50.2 45.7
V2VNet [23] 59.6 53.8 50.5 46.9

Intermediate Collaboration
(Partially Connected)

Who2com [21] 52.9 44.3 40.5 37.0
When2com [22] 55.7 45.8 40.8 40.4

Where2comm [14] 57.5 51.4 48.6 44.2
UMC [27] 57.3 52.3 48.3 44.3

UMC (w/o GRU) 58.8 53.2 48.5 45.9
DHD (Ours) 61.4 54.0 50.4 46.2

4.4 Quantitative Evaluation

Benchmark Comparison in BEV Generation.We select the vanilla LSS [13] and the drone-speci�c
DVDET [35] as baselines. For fairness, their depth estimation range is set from 1 to 100 meters,
divided into 100 intervals. As shown in Table 1, DHD outperforms the vanilla LSS regarding
downstream performance, showing a 9.06% improvement in IoU and a 12.11% increase in VPQ
within short-range observations. Furthermore, it demonstrates a 5.06% improvement in IoU and a
6.42% increase in VPQ for the long-range setting. While DVDET incorporates a deformable attention
mechanism to re�ne BEV representations, it exhibits gains in the short-range setting but a notable
decline in the long-range setting in contrast to the vanilla LSS. Inaccurate depth estimation causes the
projected objects to shift from their correct positions, resulting in mismatches with the ground truth.
Speci�cally, DHD achieves fewer mistaken and missing matches and better localization, with over a
20% reduction in position deviation. Remarkably, the DHD without height estimation still achieves
performance gains and reduces long-range localization errors solely by relying on ground priors.

Benchmark Comparison in Collaboration. Table 2 shows that our DHD achieves performance
comparable to early collaboration, particularly within the long perceptual range setting. It also
signi�cantly outperforms No-Collaboration, with an increase of 42.61% in IoU and 45.90% in
VPQ for the short-range setting, and 74.29% in IoU and 79.36% in VPQ for the long-range setting,
respectively, revealing the effectiveness of collaboration. In contrast to fully connected baselines,
DHD can approach and even exceed similar performance with only a quarter of the transmission
ratio. When compared to the partially connected baselines, DHD surpasses When2com, the upgraded
version of Who2com, by almost 20% in both IoU and VPQ. Furthermore, DHD also beats the
previous state-of-the-art method, Where2com, by a considerable margin, for example, 5.82% IoU
and 3.85% VPQ in the long-range setting. Because our DHD not only considers the foreground
objects but also incorporates relevant environmental information for predictions. Notably, the recent
state-of-the-art method, UMC, with GRU-based feature fusion, exhibits 3� 4% lower performance
than ours. We �nd that its temporal fusion deteriorates original downstream tasks. Although this
temporal prior has enhanced object detection, it may lead to perception aliasing for prediction tasks.

4.5 Qualitative Evaluation

Visualization of Prediction Results.Fig. 7 demonstrates that collaboration among drones, when
compared to no collaboration, facilitates the acquisition of the location and state of occluded and
out-of-range objects through feature-level interactions. Furthermore, DHD correctly forecasts the
trajectory of multiple objects in challenging intersections and achieves more accurate segmentation
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