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Abstract

The creation of large-scale 3D datasets for cooperative
perception is hindered by the high cost of LIDAR sensors
and manual annotation. While vision-only methods offer
a low-cost alternative, they suffer from inherent scale am-
biguity. This paper introduces CoSA-3D, a novel vision-
only,training-free offline framework for automatic 3D an-
notation in cooperative scenarios. Our method utilizes eas-
ily obtained multi-agent images and builds upon the lat-
est zero-shot Structure-from-Motion (SfM) foundation mod-
els. A core contribution is our geometric fiducial alignment
module, which leverages inter-agent relative poses to rec-
tify SfM-generated pose inaccuracies and recover the true
metric scale. This approach, combined with robust multi-
agent fusion, effectively handles asynchronous data and
overcomes occlusion. We evaluated CoSA-3D on the Grif-
fin dataset, demonstrating the best label quality that signifi-
cantly surpasses existing methods, particularly in challeng-
ing long-range (50-100m) scenes. The framework’s gen-
eralization is further validated on a custom-collected real-
world cooperative dataset. Ablation studies validate that
our geometric alignment and data fusion mechanisms are
fundamental to the framework’s high accuracy. CoSA-3D
provides a scalable, accurate, and LiDAR-free solution for
3D cooperative annotation.

1. Introduction

As autonomous vehicles have advanced significantly,
single-vehicle perception struggles to meet the growing
demands of broader scenarios and more complex targets.
A single agent’s perspective is fundamentally constrained
by occlusion and a restricted sensing range. Conse-
quently, cooperative perception has emerged as one of the
key technologies for improving autonomous driving sys-
tems, enabling multiple intelligent agents to share percep-
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Figure 1. The challenge of existing methods. (a) The impracti-
cality of LiDAR due to high infrastructure costs and strict SWaP
constraints on agents like drones. (b) The inherent limitations of
vision-only reconstruction, including scale ambiguity, 5-DoF pose
drift, and handling asynchronous data streams.

tual information and thereby improve their understanding
and responsiveness to the surrounding environment. This
paradigm has spurred the development of numerous coop-
erative perception datasets [14, 30, 36], which provide vital
resources for model training and evaluation.

However, the large-scale creation of these datasets is
severely constrained by the challenges of 3D annotation:
Some datasets remain limited to the relatively simple 2D
annotation [, 15] ,while others with 3D labels rely on ex-
pensive LiDAR sensors and labor-intensive manual anno-
tation pipelines [6, 8, 36]. As shown in Fig.l1(a) , the
high equipment costs and reliance on manual labor ren-
der large-scale annotation prohibitively expensive and time-
consuming. Furthermore, cooperative perception systems
increasingly incorporate diverse agents, such as Unmanned
Aerial Vehicles (UAVs) [8, 24], which offer wider vantage
points but face strict Size, Weight, and Power (SWaP) con-



straints. These constraints render multi-LiDAR arrays for
surround-view coverage impractical, while single-sensor
payloads struggle with sparse point density and a narrow
Field of View (FoV) at altitude. Therefore, automated,
low-cost, and accurate 3D annotation techniques are
needed to support multi-agent dataset construction.

Purely vision-based 3D automatic annotation presents a
promising, low-cost alternative. However, leveraging 3D
reconstruction models for this task introduces several chal-
lenges, as shown in Fig.1(b). First, scale ambiguity makes
it difficult to maintain a consistent scale and orientation in
multi-view, multi-agent collaborative settings. Second, the
vision-based 3D reconstruction models usually suffer from
5-DoF limitations, making it hard to locate the exact posi-
tions of cameras. Third, asynchronous acquisition among
agents means data cannot be perfectly aligned in space and
time, degrading overall annotation accuracy. Solving auto-
matic 3D annotation therefore requires new approaches that
directly address these scale, pose and asynchrony issues.

To address these challenges, this paper proposes CoSA-
3D (Cooperative, Scale-aware, Asynchronous 3D Auto-
Annotation), an automatic 3D annotation framework that
is LiDAR-free and operates primarily on multi-agent vi-
sual data. The framework exploits relative pose informa-
tion between different agents to resolve scale ambiguity and
correct pose drift. It addresses asynchronous data capture
through static-scene alignment and a decoupled handling
of dynamic objects. By eliminating the need for LiDAR,
CoSA-3D drastically reduces annotation cost and time, of-
fering a scalable and accurate solution for large-scale multi-
agent dataset annotation. The main contributions of this
work are threefold:

¢ CoSA-3D introduces, for the first time, a LIDAR-free au-
tomatic annotation pipeline for collaborative 3D percep-
tion using 3D reconstruction models, significantly reduc-
ing the cost of dataset collection and labeling.

* We propose a novel geometric fiducial alignment method.
It uses inter-agent relative poses to recover a true metric
scale for the scene and refine poses, tackling the scale am-
biguity and pose noise inherent in visual reconstruction.

e The proposed framework achieves state-of-the-art
(SOTA) annotation accuracy on the Griffin dataset,
demonstrating robust performance, particularly in chal-
lenging long-range scenarios. We further validate our
framework’s practical effectiveness and generalization
on a custom real-world cooperative dataset, where it also
demonstrates strong performance.

2. Related Work

We organize the related work into the following three parts,
as they respectively provide the data foundations and task-
specific methodologies underpinning CoSA-3D.

2.1. Cooperative Perception Dataset

Cooperative perception uses multi-agent data (from vehi-
cles, roadside fixed cameras, and drones) for joint analy-
sis, thereby extending the capabilities of autonomous driv-
ing(AD) and traffic management. Currently, there are al-
ready many simulation datasets [5, 14, 24, 27, 30] and sim-
ulation testing platforms [16]. They are low-cost, but there
is a clear gap between them and the real world. To better re-
flect how autonomous driving models perform in real envi-
ronments, real-world cooperative datasets with real scenes
are indispensable. However, real datasets heavily rely on
LiDAR and manual annotation [6, 8, 31, 36] making them
costly and inefficient. Therefore, we aim to achieve auto-
matic labeling through LiDAR-free methods to reduce costs
and improve the practical feasibility of annotation.

2.2. Automatic 3D Annotation for AD

There are already multiple automatic labeling solutions for
autonomous driving. Among them, ZOPP [17] integrates
the strong zero-shot recognition capability of vision founda-
tion models with 3D information derived from point clouds,
being the first attempt toward multi-modal panoptic percep-
tion and automatic annotation for autonomous-driving sce-
narios. However, these methods share the following prob-
lems: First of all, they [17-20, 35] use LiDAR point clouds
and are not purely vision-based. Therefore, they are limited
by the insufficient depth-prediction capability of current vi-
sion models. In addition, it is difficult to transfer multi-
sensor auto-labeling methods [20] to multi-agent collabora-
tive scenarios: they require sensor data to be captured syn-
chronously, but in collaborative scenarios, different agents
cannot achieve hardware-level synchronization.

Thus, CoSA-3D aims to use a purely vision-based col-
laborative approach for 3D annotation, while also working
to address the problems of asynchronous data collection and
noisy localization between agents.

2.3. Vision foundation model

Since CoSA-3D is a pure vision model, it needs zero-shot
vision foundation models to detect targets in 2D images and
lift to 3D.

At present, there are already many models [37] that can
provide 2D semantic information. SAM [13] is the foun-
dation of other similar models [12, 21, 22] for image seg-
mentation. Grounded SAM [22], with the ability of con-
trollable image editing and to tackle a wide range of vi-
sion tasks perfectly, stands out among SAM-based models.
Since CoSA-3D is constructed on top of 2D annotations, it
uses Grounded SAM [22] to generate 2D detection.

Frameworks and methods for depth estimation from
monocular images are popular research topics, with many
models [4, 32, 33] created in this field. To make the most of
cooperative data, we choose to use multi-view scene recon-
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Figure 2. The main pipeline of CoSA-3D. Our model takes images from both vehicle and drone sides as input. The vision foundation
models generate a relative point cloud and 2D masks, and they are reconstructed to metric scale then. In 3D Box labeling, the target point

cloud turns into tracked 3D boxes as output.

struction to solve the 3D annotation problem. At present,
there are already multiple multi-view reconstruction meth-
ods [10]. DUSt3R [26] provided a foundation for this
field, on top of it, MUSt3R [2] proposes a multi-view net-
work for stereo 3D reconstruction. When handling multi-
view data in collaborative scenarios, the model can take
advantage of the latest LiDAR-free multi-view scene re-
construction method, VGGT [25], which runs fast and per-
forms well in 3D scene reconstruction and depth prediction.
To improve VGGT’s [25] poor performance on large-scale
scenes, its successor Pi3 [28] provides its solution: by pre-
dicting affine-invariant camera poses and scale-invariant lo-
cal point maps, it breaks the dependence of visual geometric
reconstruction on a fixed reference view. These better 3D
scene reconstruction works make it possible to vision-only
3D labeling.

Building on Grounded SAM [22] and Pi3 [28], CoSA-
3D can directly utilize the obtained sparse point cloud. No-
tably, our method is not limited to these two models and has
strong generalization capabilities for other similar frame-
works. This approach saves the step of using LiDAR sen-
sors to generate a dense point cloud, thereby saving time
and improving efficiency.

3. Method

3.1. Pipeline Overview

The primary objective of our training-free, offline frame-
work is to achieve fully vision-based, automatic 3D annota-
tion for cooperative perception datasets, providing an effi-
cient and low-cost alternative to systems reliant on LiDAR
or manual labeling. As shown in Fig.2, we formally de-
fine this task as an offline label generation process, generat-
ing accurate 3D bounding boxes, complete with temporally

continuous trajectories, for all objects within a pre-recorded
scene. The input consists of potentially asynchronous
surround-view images captured from multiple agents. The
final output is a unified set of static 3D annotations repre-
sented in a single world coordinate system, which can be
directly utilized to train downstream cooperative perception
models. To accomplish this, the CoSA-3D framework is
structured into three main components:

1. Vision Foundation Model: extracting semantic infor-
mation and object masks from multi-view images using
general-purpose vision foundation models such as PI3
and Grounded-SAM;

2. 3D Point Cloud Reconstruction: revising the camera
extrinsics using geometric fiducial alignment, recover-
ing 3D point clouds at real-world scale via multi-view
geometric relations, and registering them into a unified
coordinate frame;

3. 3D Box Labeling: generating oriented 3D bounding
boxes (OBBs) for each object in the aligned point cloud,
followed by multi-view fusion and temporal association
for unified labeling and cross-frame tracking.

The resulting 3D annotations are expressed in real-scale pa-

rameters relative to each agent’s coordinate system and can

be flexibly converted to meet the format requirements of
different datasets:

[(z,y, 2,1, w, h,yaw(6))]

where (x, y, z) represents the target center position in a cer-
tain coordinate system, (I, w, h) represents the target’s met-
ric scale and yaw() is its direction.

3.2. Vision Foundation Model

Since the 3D reconstruction foundation model addresses
asynchronous data capture through static-scene alignment



and decoupled handling of dynamic objects, we can take ei-
ther synchronized or asynchronous images and order them
in a continuous sequence. Subsequently, multiple consec-
utive frames are selected within a continuous time win-
dow and organized into several image subsets according to
the viewing order: I'mageSet = {Image(H, W)t N}
Adjacent subsets share overlapping frames to enable cross-
frame object association and tracking.

3.2.1. Semantic Segmentation

By employing a well-established 2D semantic segmentation
model, object positions can be efficiently obtained for im-
ages from different viewpoints. For the multi-view images
collected from multiple intelligent agents, our framework
applies a unified semantic segmentation model to each im-
age independently to generate the corresponding 2D object
masks. These masks offer precise pixel-level delineations
of object regions. Compared with directly using 2D bound-
ing boxes, leveraging pixel-wise masks effectively mitigates
recognition errors caused by occlusions, thereby improving
the reliability of cross-view object identification. Through
this process, the model extracts each object’s semantic la-
bel and its associated pixel mask from the 2D images, i.e.
for one pixel mask P45k, 5, it is defined as the set of pixel
coordinates (u, v) belonging to the target:

Prask,; = {(u,v) | pixel (u,v) from 2D mask}

They are subsequently utilized in the stages of spatial align-
ment and 3D reconstruction.

3.2.2. Relative-Scale Point Cloud Reconstruction

Once we obtain the 2D information, the model needs to
lift the 2D mask into 3D space to generate 3D bounding
boxes for the targets in the scene. Since obtaining pixel-
level depth is key to producing 3D boxes, we perform
3D scene reconstruction for each image subset. CoSA-3D
adopts the Structure-from-Motion (SfM)-based reconstruc-
tion method to establish the initial mapping between the im-
ages and the point cloud.

For each image subset ImageSet(M, H, W), M = N x
Nyiewss Npiew meaning the number of all agents views,
the SfM model will generate a world point cloud contain-
ing all image in the subset that is in one-to-one correspon-
dence with the image pixels: Ppreq = (M, H,W,3). This
point cloud maps points from all images into a unified re-
constructed 3D world; at the same time, the model can also
retrieve the point cloud corresponding to each individual
image. The base vision model also provides the predicted
camera extrinsics for all images: Epyed,cam = (M, 4).

3.2.3. Limitations of SfM Models

However, the scale and camera extrinsics of point clouds
produced by SfM cannot directly meet high-precision anno-
tation requirements. Because a SfM model does not know

the real-world scale of the reconstructed scene, it cannot es-
timate absolute depth values; therefore, we refer to the point
clouds reconstructed by SfM as “relative.”

Moreover, most SfM literature [7, 23] notes a 5-DoF
limit in camera pose estimation: rotations are typically
estimated more accurately than translations, with transla-
tion/scale more prone to drift—especially under short base-
lines, sparse keyframes, or long-range scenes, which brings
huge difficulty in scale recovery. Since the camera orien-
tation is relatively accurate, the model can accept the opti-
cal axis in the predicted extrinsics to be approximately cor-
rect, while the distance along that axis remains uncertain,
as shown in Fig.1. For UAV-acquired data, this problem is
even more pronounced due to the larger distance scales.

3.3. Recovery of Prediction Extrinsics

In this subsection, we first address geometric fiducial align-
ment to correct the model’s predicted camera extrinsics. To
reduce the impact of uncertainty in the predicted camera
poses, we fully leverage the original dataset by using the
actual camera positions to correct the predicted extrinsics
Epred,cam = {R,t}. As shown in the previous section, we
may regard the optical axes of all predicted camera extrin-
sics as accurate—that is, the rotation R in all camera extrin-
sics is reliable—so the quantity that needs to be corrected is
the translation ¢. We present the optical axes as:

Apred(k) = tpred +k- Dpred (l)

Here, k represents the position of the camera on the axis,
ﬁpred is the unit vector of the axis. Because the optical axis
is already fixed-putting it vividly-we only need to “move”
the camera along that axis.

Using the raw data for recovery, we need to identify a
common “fixed point” on one agent between the real and
prediction positions. In our method, shown in Fig.3, this
fixed point is defined as the point with the smallest total
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Figure 3. The original camera extrinsics from the SfM model can-
not find the correct location along its optical axis, shown as the red
one. Green represents the camera position of the real world. But
we can use one fixed point (the green point in the image) which is
considered accurate relative to the agent.



distance to all optical axes, which is easier to locate the po-
sition relationship between them. Given the accuracy of the
optical axes, we assume the relative position relations be-
tween the set of axes and the fixed point is approximately
the same in both predicted and real world. Therefore, using
the direction vector from a real camera position to the fixed
point on the agent:

Preal,fia:ed (2)

‘/real,ego%cam = Lreal,cam —

representing the relations between the cameras and the fixed
point, where V;.cqi,ego—cam means the normalized vector
from fixed point Pycqi, fized to camera position Prcai cam.-

Using (1) (2), we trace the same direction from the pre-
dicted fixed point and find the point closest to the corre-
sponding camera’s predicted optical axis:

Lp7'ed,ego—>ca'm(5) = Pp'r'ed,ego +s- ‘Z'eal,egoﬁcam

(5*3 k*) = arg mins,k “Lpred,egoacam(s) - AApred(k)”2
(3)
Solving the function (3), we can find the point that is taken
as the corrected camera position ¢’ = t,,eq + k* - ﬁpred,

. . p
yielding the corrected camera extrinsics Ej, g .-

3.4. Real Point Cloud Registration

With the predicted camera extrinsics corrected, we pro-
ceed to register the predicted point clouds, turning the rel-
ative scale mentioned in Sec.3.2.3 to real-world scale. Our
model separates the registration into two steps: because the
model’s predicted world is accurate in terms of relative posi-
tions, we firstly need to align it with the real world in length
scale as factor kg.qc; since the reference coordinate system
of the predicted world and the real world are not the same,
an extra rigid transformation Tpyeq—reqr is required to unify
the two point clouds. Therefore, we assume that mapping
the predicted point cloud P4 to the real point cloud P.cq
is the result of a global scaling in length together with a
rigid transformation:

Preal = Tp'r‘ed%real : kscale : Ppred (4)

Since a rigid transformation does not change distances be-
tween objects, the global scale can be determined from the
real and the predicted agent position. Using the relations be-
tween the real cameras and agents position, we can obtain
the predicted agent position Op,.q. Taking consideration
of cooperative distance between two agents, their distance
presents as an excellent reference for calculating scale:

N,
1 = ||Or€al i1 Oreal e ||
]{1( e = — cal,1y cal,1 (5)
e NP zg;g{ ||OP”‘€d,i1 - Opred,i2 H }

We calculate the Euclidean distance for each corresponding
pair (total pairs number V,), then take the average to obtain

scale. After aligning the length scale, we need to estimate
the transformation matrix. After aligning the global scale,
we employ the Kabsch algorithm [11] to estimate the opti-
mal rigid transformation matrix Tpreq—sreat = {R,t}. This
is formulated as finding the optimal rotation matrix R and
translation vector ¢ that minimize the Root Mean Square Er-

ror between the scaled predicted agent positions oY

i pred,scaled
and their corresponding real-world positions Or(;?l:
NTJ
I%l? Z || (R : O[E:'e):d,scaled + t) - 05521”2 (6)
7=l

subject to the constraints RT R = I and det(R) = 1.

After the two steps, the relative point cloud P,;.cq from
the prediction vision model is transformed into the real-
world metric scale.

3.5. 3D bbox Labeling

After obtaining the 3D point cloud for each image subset,
in this subsection, we mainly map the previously extracted
2D mask information onto the point cloud to obtain the 3D
points group for each item detected. This point group then
generate 3D oriented bounding boxes for the targets in the
scene. We then aggregate and fuse multi-view results for the
same target based on the spatial relationships among these
3D boxes, yielding a unified 3D annotation for all targets
within the subset.

For data captured at the same timestamp from different
agents’ viewpoints, let C; be the structured 3D point cloud
from agent ¢, which is registered to its 2D image. To iso-
late a specific target j, we first use its 2D semantic mask
Prask,j. We then filter the full point cloud C; using this
mask to extract the valid point set .S; ; for the target:

Si;j = {Ci(u?v) I (u7 U) € Pmaskd’}

This set .S; ; contains all 3D points from viewpoint 4 that
correspond to the target 7. On this basis, we generate an
oriented bounding box (OBB), B; ;, for each target-specific
point set .S; ;. Compared with axis-aligned bounding boxes
(AABBs), OBBs account not only for an object’s position
and scale in 3D space but also accurately reflect its orienta-
tion and pose. Concretely, we apply Principal Component
Analysis (PCA) to fit the geometric features of the target
point cloud. By computing the eigenvectors and eigenval-
ues of the covariance matrix, we obtain the cloud’s prin-
cipal directions (i.e., the object’s length, width, and height
axes), from which we determine the OBB’s center, orienta-
tion, and edge lengths. This procedure adaptively captures
the object’s spatial orientation and improves annotation ac-
curacy for targets with complex poses.

Subsequently, we map each view’s OBB back to a uni-
fied world coordinate system using the known camera ex-

trinsics £, . j .qpm» and then aggregate multi-view results



Table 1. Model Accuracy Performance on Griffin Dataset

Griffin-25m-100m?

Model Name Overall (0-100m)P Long Scope (50-100m)
AP ATE| ASE| AOE| AP{ ATE| ASE| AOE|
V2X-ViT (ECCV 2022) 0.201  0.606 0.164 0.306 0.011 1.3 0.3 1.0
where2comm (NIPS 2022) 0.131  0.597 0.160 0.338  0.000 1.3 0.4 0.9
UniV2X (AAAI 2025) 0.160 0.700 0.200 0.300 0.007 1.3 0.4 1.1
CoSA-3D (ours) 0.299 0.262 0.306 0.183 0.048 1.1 0.8 0.2

#Model performance comparison on Griffin-25m datasets. Evaluate the targets range from 0 to 100 m.
PBold values denote the best performance. Underlined values indicate the second-best performance.

from different agents. During fusion, we match and merge
boxes based on the 3D Intersection over Union (IoU) com-
puted on the world-space point clouds associated with each
OBB: if the IoU of two OBBs exceeds a preset threshold,
they are regarded as the same target instance and fused,
yielding a globally consistent set of 3D bounding boxes for
the scene at that timestamp.

Finally, for multi-frame data over a continuous time span
fromt — ¢t + N, we repeat the above annotation procedure
on each frame and associate the same targets across frames
by enforcing temporal continuity. Concretely, we compare
IoU of OBBs in adjacent frames and the change in their
centers to achieve consistent matching of the same target
over time, producing 3D target tracks on the temporal axis.

4. Experiments

4.1. Datasets and Metrics

Griffin. This is a pioneering public large-scale dataset
specifically designed for aerial-ground cooperative 3D per-
ception [24]. Since CoSA-3D is a zero-shot, training-free
offline annotation pipeline, it does not require any training
data. We report our test results on two validation splits of
Griffin-25m subset.

Evaluation Metrics. Both benchmarks adopt estab-
lished metrics from the NuScenes benchmark [3] for 3D
object detection and tracking, including Average Precision
(AP) to assess annotation agreement and Average Transla-
tion Error (ATE), Average Scale Error (ASE), Average Ori-
entation Error (AOE) to assess labeling quality.

4.2. Quantitative Results

The labeling accuracy performance is shown in Table 1. We
tested three other models [9, 29, 34] of cooperative vision-
only 3D detection models on the Griffin dataset and com-
pared the results with ours. Following the main task in most
datasets and cooperative models [5, 24], we focus the met-
rics of the vehicles (including Car, Bus and Truck) in the

Griffin dataset. The quantitative results of our proposed
model, CoSA-3D, against state-of-the-art (SOTA) methods
on the Griffin-25m-100m dataset. The evaluation is per-
formed across two spatial ranges: overall (0-100m) and
long-scope (50-100m). In the comprehensive 0-100m eval-
uation, CoSA-3D demonstrates superior performance by
achieving the best results in three of the four metrics. This
indicates a substantial enhancement in 3D object detection
accuracy with our pipeline. Furthermore, CoSA-3D excels
in localization, registering the lowest ATE (0.262) and AOE
(0.183). This corresponds to a 56.1% reduction in transla-
tion error compared to the second-best ATE and a 39.0%
reduction in orientation error relative to the next-best AOE.

The strength of our model is further highlighted in the
challenging long-scope (50-100m) evaluation. CoSA-3D
maintains its lead, securing the top performance in AP
(0.048), ATE (1.1), and AOE (0.2). This robust perfor-
mance at extended distances is critical in 3D vision label-
ing, effectively alleviating the problem of recognizing dis-
tant objects. Specifically, our model’s AP is over 4.3 times
higher than that of V2X-ViT (0.011), and its orientation
error (0.2) is 77.8% lower than the second-best (0.9 from
where2comm), underscoring its resilience to the sparse data
challenges inherent in long-range perception.

To comprehensively evaluate the effectiveness of CoSA-
3D as an annotation framework, we conducted an in-depth
assessment specifically focused on the quality of the gener-
ated labels (see Table 2), in addition to the standard detec-

Table 2. Label Category Accuracy on Griffin Dataset

Object Category IoU Threshold® Precision (%) Recall (%)

0.3 81.4 93.6
Car 0.5 88.1 91.2
0.8 82.8 94.5

#In the last projection and association part, filter and combine the
boxes.



Figure 4. Qualitative results for the model performance on a real world cooperative dataset. They contain the 2D masks, final 3D box
labeling and the 3D reconstruction point cloud for each image. (a) (c) show the drone’s front view. (b) (d) show the drone’s right view.

tion metrics. For dataset construction tasks, an extremely
low miss rate (high recall) and high-confidence bounding
boxes (high precision) are of paramount importance.

Discussion on Average Scale Error. While our frame-
work achieves significant improvements in Average Preci-
sion and Average Translation Error, we observe a slight
degradation in Average Scale Error compared to baseline
methods. This limitation is largely inherent to the vision-
only reconstruction pipeline. Although our geometric align-
ment module successfully recovers the global metric scale
of the scene using inter-agent relative distances, estimating
the precise local scale (i.e., exact length, width, and height)
of individual objects remains challenging without explicit
depth sensors or multi-modal priors. However, considering
that CoSA-3D completely eliminates the reliance on expen-
sive hardware and manual labor, this minor compromise in
object-level scale is an acceptable trade-off for large-scale,
low-cost dataset annotation.

4.3. Ablation Study

Effect of Geometric Fiducial Alignment. To rigorously
quantify the impact of our proposed geometric fiducial
alignment module, we compare our full model ("With cor-
rection”) against a variant where this correction mechanism
is deactivated ("Without correction”). The results shown
in Table 3 unequivocally demonstrate that the extrinsic cor-
rection module is a critical component of our framework.
When the correction module is removed, the model’s per-
formance collapses across nearly all key metrics.

Table 3. Influence of Geometric Fiducial Alignment

Configuration AP (Overall) T ATE | ASE | AOE |

0.0712 14 0.8 1.0
0.262 0.606 0.183

Without correction
With correction 0.299

Most notably, the overall Average Precision (AP) plum-
mets from 0.299 to just 0.0712, a relative decrease of
76.2%. This signifies a catastrophic failure in the model’s
ability to accurately detect 3D objects. This degradation
is mirrored in the localization accuracy, where the Aver-
age Translation Error (ATE) explodes by over 5.3 times, in-
creasing from 0.262 to 1.4. The Average Scale Error (ASE)
also deteriorates, worsening from 0.606 to 0.8.

This stark performance drop highlights that our proposed
extrinsic correction is not an incremental optimization but a
fundamental mechanism. It is essential for stabilizing the
geometric perception and enabling the high-precision, ro-
bust 3D detection that our final model achieves.

Effect of Cooperative labeling.To investigate the indi-
vidual contributions of each sensing agent, we evaluated
the performance of three distinct configurations: labeling
only from vehicle, labeling only from drone, and our full
method.The results shown in Table 4 clearly illustrate the
severe limitations of single-agent perception and the syn-
ergistic advantage of fusion. The ”Vehicle-only” configu-
ration yields a minimal overall AP of 0.063. This perfor-
mance is substantially inferior to the ”Drone-only” config-



Table 4. Ablation Study of Different Agents

Configuration AP (Overall)

Fusion labeling 0.299
Vehicle-only labeling  0.063 (-0.236)
Drone-only labeling  0.153 (-0.146)

uration, which achieves an AP of 0.153. This suggests that
the aerial perspective from the drone provides a more com-
prehensive and less occluded view for 3D object detection
compared to the ground-level vehicle perspective alone.

This study confirms that both data streams are comple-
mentary and critical. The drone provides a broad, top-down
context, while the vehicle provides high-resolution, ground-
level details. Our proposed fusion mechanism is essential
for effectively synthesizing these two disparate and individ-
ually incomplete viewpoints into a coherent and rich spatial
representation, which is indispensable for achieving robust
and accurate 3D labeling.

4.4. Qualitative Results

In addition to the quantitative evaluation on the Griffin
benchmark, we conduct a generalization study to demon-
strate our framework’s practical applicability. The qualita-
tive results are shown in Fig.4. We collected a real-world
cooperative dataset, using one 4-rotor drone, lasting for 2
hours, to test our model’s generalization performance. We
present the 3D point cloud reconstruction and both 2D and
3D labeling from the drone’s view. To provide a compre-
hensive view of the collaborative labeling without occlu-
sion, our presentation focuses on the reconstructions from
the drone’s macro perspective. The model performed well
on our real world dataset, showing robustness in different
types of scenes.

5. Conclusion

In this work, we presented CoSA-3D, a LiDAR-free au-
tomatic annotation pipeline for collaborative 3D percep-
tion, significantly reducing the cost of labeling collaborative
datasets. Our model combines 2D detection from 2D seg-
mentation model and Structure-from-Motion (SfM) foun-
dation model outputs to predict the depth of the targets.
By applying inter-agent relative poses to recover a metric
scale for the prediction point cloud, our model can label and
track 3D bounding boxes across frames. Experiments show
CoSA-3D achieves state-of-the-art detection and bounding
box labeling on the Griffin dataset.
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