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Abstract—In recent years, multi-agent sensing technology has
attracted considerable attention, particularly in the field of
vehicle-to-vehicle (V2V) collaborative perception for autonomous
driving. By sharing complementary information, connected au-
tonomous vehicles (CAVs) can significantly improve scene under-
standing. However, this collaboration also presents challenges,
such as balancing data transmission efficiency with the accuracy
of environmental perception. To address these issues, we propose
an autoencoder based on intermediate-level feature fusion. Specif-
ically, we design a 3D convolutional autoencoder with a residual
structure to maximize the compression of inter-vehicle bandwidth
usage while retaining essential feature information. By encoding
the spatial-channel dimensions of intermediate feature maps
extracted from point clouds, network bandwidth is reduced by
3-10x under different configurations. Additionally, we propose
a channel-wise autoencoder training strategy to reduce model
parameters and enhance feature compression efficiency, while
preserving collaborative perception performance. Finally, we
conduct a comprehensive evaluation of perception accuracy and
bandwidth consumption using a collaborative detection dataset
collected via LIDAR. Extensive experimental results demonstrate
that our method offers significant advantages in balancing object
detection accuracy and bandwidth compression for CAVs.

Index Terms—Autonomous Driving, Collaborative Perception,
Data Fusion, Object Detection, Bandwidth Compression.

I. INTRODUCTION

UTONOMOUS driving systems rely on technologies

such as object detection to perceive the surrounding
environment in real time and enable intelligent decision-
making. However, the perception capability of a single vehicle
is limited, especially in complex traffic scenarios, where
restricted detection range, blind spots, and sparse sensor ob-
servations hinder comprehensive and accurate environmental
perception [1], [2]. Data fusion from sensors with different
viewpoints, either from vehicles (Vehicle-to-Vehicle communi-
cation, V2V) or roadside units (Vehicle-to-Everything commu-
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Fig. 1. Comparison of representative state-of-the-art methods benchmarked
in terms of perception accuracy versus communication rate. The proposed
method, Co3DCAE (represented by the red point), substantially reduces
the communication rate while maintaining competitive perception accuracy
compared with the direct exchange of high-dimensional sensing data.

nication, V2X) has become increasingly necessary to enhance
perception accuracy and decision-making reliability [3]. In
addition, given the high complexity of vehicular networks
and limited bandwidth, communication overhead during the
perception process is also a problem that needs to be ad-
dressed [4]. Although new technologies [5]-[8] for multi-
agent collaborative perception have been proposed to address
the trade-off between perception accuracy and bandwidth, real-
world challenges remain unresolved, including object detec-
tion accuracy, redundant data transmission, and communica-
tion overload. Fig. 1 provides a motivational comparison of
several representative methods benchmarked in terms of aver-
age perception accuracy (AP@0.7, y-axis) and communication
rate (Mb/s, x-axis). Each point corresponds to one method,
and the red point denotes the proposed Co3DCAE method.
The figure shows that Co3DCAE provides a favorable trade-
off between communication efficiency and detection accuracy;
detailed experimental settings and benchmark descriptions are
presented in later sections.

Enhancing object detection accuracy can be achieved
through cooperative perception by sharing multimodal percep-
tual information among CAVs. Current CAVs are equipped
with multiple sensors such as LiDAR, millimeter-wave radar,
and cameras, which effectively expand the vehicle’s sensing



modalities and field of view [9], but also generate large
amounts of perception data. Blindly sharing all raw data
or unoptimized intermediate features can lead to redundant
transmission, wasted bandwidth and, for high-speed unmanned
vehicles, perception delays of hundreds of milliseconds which
may cause misjudgments or degrade the real-time performance
of collaborative perception [10]-[12]. Therefore, an effective
cooperative perception framework should not only improve
detection accuracy by exploiting complementary information
from multiple CAVs, but also determine what type of infor-
mation should be exchanged and at which stage it should be
fused. This motivates the study of fusion strategies, including
raw-data-level fusion, feature-level fusion, and decision-level
fusion, each of which provides a different trade-off between
perception performance and communication efficiency.

Redundant data transmission and communication over-
load can be alleviated through feature compression [I3],
[14], targeted regional partitioning or weighted assignment
of transmission features [15], [16], communication strate-
gies [17], [18], and spatial filtering [19], [20]. However, due
to the dynamic complexity of real traffic environments, these
methods still face challenges related to semantic integrity,
global collaboration, and positioning accuracy.

Building on the above approaches, we propose a gener-
alizable autoencoder, Co3DCAE, which can be trained in-
dependently or integrated into an end-to-end intermediate
feature fusion framework for collaborative perception. The
proposed autoencoder is designed to better balance overall
communication bandwidth and object detection precision. In
this study, we contribute to three critical stages of collaborative
perception. Specifically:

1) We propose a compression module, Co3DCAE, based

on a residual-structured 3D convolutional autoencoder.
This module is designed to jointly capture spatial and
channel-wise information in intermediate feature maps,
maximizing bandwidth compression while retaining es-
sential feature information. The inclusion of 3D Res-
blocks preserves critical information at high compres-
sion rates, achieving superior feature reconstruction
quality and maintaining higher perception accuracy com-
pared to existing direct compression methods.

2) We introduce a channel-wise training strategy for the
autoencoder. This method optimizes feature compact-
ness by leveraging cross-channel dependencies and se-
quentially minimizing reconstruction residuals along the
channel dimension. Using this channel-wise strategy, we
significantly reduce computational overhead and training
costs, while enabling dynamic adjustment of the target
latent channel dimensionality based on real-time band-
width constraints without the need for retraining.

3) We present a comprehensive evaluation of three state-
of-the-art (SOTA) collaborative perception algorithms
AttFuse [21], AdaFusion [22] and TS-IFF [23] on
three public 3D object detection benchmarks. These
datasets include both synthetically simulated environ-
ments (OPV2V [21], CODD [24]) and real-world sce-
narios (V2V4Real [25]). Extensive experiments, includ-
ing ablation studies, show that our proposed compres-

sion framework consistently achieves a better trade-off
between perception accuracy and bandwidth efficiency.
Specifically, it reduces communication bandwidth re-
quirements by a factor of 3-10 compared to existing
SOTA approaches, while preserving comparable detec-
tion performance.

The remainder of this paper is organized as follows. Sec-
tion II reviews the related work; Section III presents the formal
problem formulation and describes the system model in detail;
Section IV discusses extensive simulation results; Section V
concludes the paper and outlines directions for future work.

II. RELATED WORK
A. V2V Collaborative Perception

To address the limitations of individual CAVs in complex
environments, cooperative perception leveraging multi-vehicle
collaboration has gained attention [26]. By sharing LiDAR and
camera data, collaborative perception extends the perception
range and improves detection precision for ego vehicles. Exist-
ing cooperative perception methods are generally categorized
as early fusion [27], intermediate feature fusion [28], [29], and
late fusion [30] according to the stage at which information is
shared. Early fusion aggregates raw sensor data from multiple
CAVs to provide a global view but requires transmitting
large volumes of data and may cause heavy communication
overhead. Late fusion exchanges local detection results, which
reduces bandwidth consumption but strongly depends on the
perception quality and computational capacity of each indi-
vidual CAYV, limiting the potential performance gain. Between
these, intermediate feature fusion provides a favorable trade-
off between perception accuracy and communication efficiency
by transmitting compact semantic features rather than raw
sensor data or final detection results [31], [32]. Based on
intermediate feature fusion, F-Cooper [33] introduces max-
value fusion for overlapping regions but overlooks low-
confidence features, while CoFF [34] improves fusion by
addressing this limitation. Attention-based models such as
V2X-ViT [35] and CoBEVT [36] use transformer architectures
for feature correlation, with the multi-scale Swin Transformer
(MSwin) [37]-[39] capturing long-range spatial dependencies.
AttFuse [21] applies self-attention for spatially precise fu-
sion, and AdaFusion [22] provides trainable adaptive fusion
methods. CORE [5] employs a learn-to-reconstruct framework
that combines compression, collaboration, and reconstruction
modules to mitigate scene incompleteness in single-vehicle
perception, enhancing overall collaborative perception perfor-
mance. Building on these advances, TS-IFF [23] introduces
a two-stage intermediate-level feature fusion framework that
combines pseudo-image and point cloud intermediate features
channel-wise. This method effectively fuses multimodal sen-
sor data and improves collaborative performance, particularly
enhancing perception accuracy in complex scenarios where
pedestrians and vehicles coexist.

B. Bandwidth Optimization and Compression

In collaborative perception systems, limited communication
bandwidth is a major bottleneck that restricts practical de-
ployment and hinders perception performance [40]. Because



large amounts of communication data (such as images, point
clouds, and intermediate feature maps) must be shared among
multiple vehicles, the high data throughput places significant
pressure on communication resources. To address this issue,
researchers have proposed various bandwidth optimization
strategies from multiple perspectives. One category of methods
focuses on designing adaptive communication strategies that
improve bandwidth efficiency by flexibly controlling when
data is transmitted and which targets receive it [41], [42].
Another category aims to reduce the volume of raw data
transmitted by using compression [43], downsampling [44],
or sparse encoding techniques [45].

Early multi-agent communication research primarily relied
on manually defined communication protocols or heuristic
strategies to guide information exchange among agents. Repre-
sentative works such as When2com [7] and Where2comm [8]
use handshake mechanisms or spatial confidence maps to
enable communication only at necessary times or in critical
areas thereby conserving resources. However, these methods
generally lack flexibility and struggle to adapt to real-world
applications as task complexity increases. In recent years,
researchers have gradually shifted their focus to data compres-
sion methods based on neural network encoders [46]-[48].

Encoder architectures based on convolutional neural net-
works (CNNs) have demonstrated strong representational ca-
pacity and compression efficiency in practical applications,
thereby improving generalization in dynamic environments.
For example, Zhang et al. [13] proposed an efficient vehicular
collaborative perception framework based on spatiotemporal
feature compression, while Bai et al. [14] introduced a pillar
attention encoder that adaptively enhances collaborative per-
ception performance. In contrast, transformer-based models,
such as V2V collaborative perception with spatial-channel
transformer [0], focus on capturing long-range spatial and
channel-wise dependencies, delivering improved collaborative
perception performance in multi-agent scenarios. Although
existing work has achieved initial success in bandwidth opti-
mization, it still faces several limitations, including the loss of
critical features during compression and insufficient mitigation
of communication burden under bandwidth-constrained con-
ditions. In collaborative perception, when wireless throughput
is limited, large intermediate feature messages can increase
transmission delay, leading to outdated collaborative informa-
tion, temporal inconsistency, and degraded perception accu-
racy. Note that this work does not focus on physical-layer
communication modeling, antenna design, wireless coding, or
modulation. Instead, we assume the existence of a V2V/V2X
wireless communication link whose delay remains within an
application-acceptable range, and we abstract its communica-
tion capability using a per-second bandwidth budget. Under
this setting, our proposed compression method aims to reduce
the size of transmitted intermediate features while preserving
key information, thereby alleviating the communication load
and maintaining perception performance under bandwidth-
constrained conditions.

Based on the above review, existing work mainly focuses
on improving fusion performance or reducing communication
overhead. However, fusion-oriented methods often lack ex-

plicit bandwidth-aware feature compression, while bandwidth-
oriented methods may sacrifice semantic information under
high compression ratios. In contrast, CoO3DCAE provides a
generalizable intermediate feature compression module that
preserves key spatial-channel information, supports flexible
bandwidth adaptation without retraining, and maintains detec-
tion accuracy while reducing communication costs.

III. METHODOLOGY

Due to the inherent sparsity of LiDAR data, intermediate
feature maps often exhibit highly sparse feature distributions,
with many regions containing little or no valid information.
To address this, we propose Co3DCAE, a novel 3D con-
volutional autoencoder for intermediate feature compression.
By encoding feature maps into a compact latent space, our
method significantly reduces communication bandwidth while
preserving essential feature details.

The overall workflow, shown in Fig. 2, involves four stages:
(1) CAVs acquire local point clouds, project them to a unified
frame, and extract intermediate features; (2) the features are
compressed into a latent representation; (3) the compressed
data is transmitted to a network server or vehicle for decoding
and fusion; and (4) the detection results are broadcast back to
participating CAVs.

A. Problem Description

This work considers a V2V/V2X collaborative perception
scenario, where CAVs exchange perception-related messages
over wireless vehicular communication links. Here, V2X is
used as a general term covering different vehicular com-
munication modes between vehicles and surrounding com-
munication entities, while V2V specifically refers to direct
communication among vehicles. The receiver of the collab-
orative features is abstracted as a fusion node. Depending
on the deployment, the fusion node can be implemented
either as an infrastructure-side edge server or roadside unit,
or as a central vehicle. These deployment cases may in-
volve different communication dynamics, such as channel
conditions, scheduling mechanisms, interference, and trans-
mission latency. The proposed method is not tied to a specific
physical-layer communication technology, and can be applied
to common vehicular communication technologies such as
5th-Generation Mobile Communication Technology (5G) [49],
5G-Advanced [50], Cellular Vehicle-to-Everything (C-V2X)
[51], and 5G New Radio Vehicle-to-Everything (5G NR-
V2X) [52]. Instead of modeling low-level communication
procedures, such as antenna design, channel coding, medium
access control, resource scheduling, or retransmission, we
abstract the communication capability using the available
communication-rate budget B. The main transmitted messages
considered in this work are BEV intermediate feature maps
and their compressed latent representations. Specifically, each
CAV, transmits its compressed latent representation ¢; to
the designated fusion node for decoding, feature fusion, and
detection. Unless otherwise specified, we model this process
as a unicast V2X feature-payload transmission from each CAV
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Fig. 2. Overview of the workflow. The raw point cloud data from each CAV is processed to generate intermediate feature maps F; where ¢ denotes the CAV
index. These feature maps are then compressed using the proposed encoder, producing compact latent representations denoted as ;. The compressed latent
representations are sent to a network server or central vehicle, which decodes them into reconstructed features FA'Z A feature fusion module, followed by a
single-stage detection head, performs multi-object detection and sends the detections back to the CAVs. The modules enclosed in the individual C'AV; blocks
are co-located on the corresponding CAV, whereas the modules inside the "Edge-server” block are deployed centrally on the server.

TABLE I
SUMMARY OF MAIN NOTATIONS.

Notation Description
CAV; The ¢-th connected and automated vehicle
n Number of collaborating CAVs
Fy Decompressed intermediate feature of CAV;
©wi Compressed latent representation of CAV;
dim(¢p;)  Number of transmitted latent feature components
M; Perception performance score of CAV;
Miotal Total system perception performance score
B Available per-second communication bandwidth budget
}mwar q  Forward latent-feature transmission rate
back Backward detection-result transmission rate

to the fusion node. When the fusion node is an infrastructure-
side edge server or roadside unit, this abstraction corresponds
to an infrastructure-assisted V2X transmission. When the
fusion node is an ego or central vehicle, it corresponds to a
V2V unicast transmission. In both cases, our communication-
cost analysis focuses on the application-layer feature payload
rate required by collaborative perception. Raw point clouds,
camera images, protocol-dependent overhead, and final detec-
tion results are not the main focus of the communication-
cost analysis, since this work focuses on the feature-level
communication rate introduced by collaborative perception. To
improve readability, the main notations used in the problem
formulation and communication-rate analysis are summarized
in Table I.
Let us define the collaborative perception performance score
of CAV; as: R
M; = F(De(E;), g¢) e

where ¢ indexes the CAVs in the system, F}; denotes the
decompressed intermediate features received by the server

from C AV}, D.(-) represents the detection model parameters,
g+ denotes the ground truth annotations, and F(-,-) is the
evaluation metric function, where a larger value indicates
better performance.

The total system perception performance, Mqt,1, is defined
as the sum of the evaluation scores across all n CAVs:

Mtotal = Z Mz (2)
=1

The primary optimization goal is to maximize the total
system perception performance while ensuring that the com-
pressed and reconstructed feature maps still support accurate
collaborative detection:

arg max Mtotal (3)
D (), {F:}

Given the available per-second communication bandwidth
budget, the total communication rate of all collaborating CAVs
must satisfy:

n

dim(p;) b f
; — g =B 4)

Here ¢; denotes the compressed latent representation trans-
mitted by C AV}, and dim(¢y;) represents the number of latent
feature components transmitted by C'AV; in each frame. b is
the bit precision of each latent feature component, and f is
the sensor frame rate. Therefore, dim(y;) - b - f denotes the
transmission rate of C' AV} in bits per second. n is the number
of collaborating CAVs, and B denotes the available com-
munication bandwidth budget per second, measured in Mb/s.



Combining the above, the complete optimization problem can
be formulated as:

arg  max, Mtotal
De () {Fi}
S dim(p,) b f ©)
st Z (dl ( 106 ) <B

The bandwidth consumed by the edge server when transmit-
ting detection results back to C'AV; is much smaller than that
of the forward feature transmission. The forward transmission
contains the compressed latent feature representation ;, with
a transmission rate of R{ . = dim(yp;) - b- f, where
b denotes the number of bits used to represent each latent
feature value and f denotes the frame rate, i.e., the number
of transmitted frames per second. In contrast, the backward
transmission contains only compact detection outputs, such as
bounding boxes, confidence scores, and class labels.

Following the detection-head output format, each 3D bound-
ing box is represented by seven offsets (z,y,z,w,l, h,0)
together with ¢ class confidence scores, so each detection
result contains dge; = 7+ ¢ components. Assuming that Nop;
objects are detected, the backward transmission rate can be
estimated as R!_, = Nobj - ddet - b+ f. Since Nop; - dget <
dim(;) in typical collaborative perception scenarios, we have
Réack < Rlﬁorward. As a numerical example, when Ngp; = 20
and ¢ = 2 in a two-class detection setting with vehicles
and pedestrians, we have dget = 7 + 2 = 9, and thus
Nobj - dget = 20 x 9 = 180. In comparison, a compact
transmitted latent feature tensor with size 8 X 75 x 75 contains
45,000 components. Since 180 < 45,000, the backward
transmission of detection results has a size much smaller than
the forward latent-feature transmission under the same bit
precision b and frame rate f.

Therefore, the bandwidth consumed by backward transmis-
sion of results is negligible compared with forward transmis-
sion of features. We propose a generic intermediate feature
autoencoder, agnostic to the specific collaborative perception
system, designed to balance communication bandwidth effi-
ciency and perception accuracy.

B. Feature Extraction and Projection

Intermediate features are widely used for sharing infor-
mation, as they efficiently balance semantic richness and
data volume [6], [13], [21]-[23]. Each CAV first processes
local point cloud data with a feature extraction network to
generate intermediate feature maps. Following SOTA practice,
the framework assumes spatially calibrated and synchronized
data transmission, and uses a representative CAV to define a
unified pose coordinate frame for feature projection.

We generalize the intermediate features extracted from
different collaborative CAVs F; € RE*H*W Here F; denotes
the BEV intermediate feature map of C' AV rather than raw
sensor data. The BEV representation describes the driving
scene from a top-down perspective by projecting sensor obser-
vations or encoded voxel features onto a ground-plane tiling,
and it is a commonly used representation in many perception
systems. The dimensionality of F; is given by C, the number

of feature channels, while H and W denote the height and
width of the BEV tiling grid obtained after projection onto the
ground plane. This BEV intermediate feature representation
preserves spatial layout information and facilitates feature
alignment and fusion among multiple CAVs. The resulting
spatially and temporally aligned feature tensor F' then serves
as the input to the Co3DCAE feature compression module.

C. Feature Compression

The encoder and decoder modules (Fig. 2) form the core
of the compression system. To reduce bandwidth consump-
tion during collaborative perception, each CAV independently
compresses its intermediate features before transmission. We
propose a 3D convolutional residual autoencoder (Co3DCAE)
that jointly captures spatial and channel-wise information.
Unlike 2D convolution, which processes only spatial dimen-
sions, 3D convolution operates across both spatial and channel
dimensions, enabling more comprehensive learning of high-
dimensional intermediate feature maps and effectively encod-
ing them across channel and spatial dimensions. The overall
architecture is shown in Fig. 3.

The encoder maps the intermediate feature maps F €
REXHXW (5 a latent representation ¢ € REL*HxWe fr
and W;, are fixed spatial dimensions of the latent represen-
tation, while C';, (the number of channels) may vary during
inference. The encoder minimizes the bandwidth usage of
¢ while preserving critical information between the original
features F and the reconstructed features F'.

Co3DCAE incorporates 3D residual blocks (3D Res-blocks)
in both the encoding and decoding stages. The channel dimen-
sion (Cp) is treated differently from the spatial dimensions
(Hr and Wp) because the channel axis encodes semantic
abstraction and allows finer control over compression granu-
larity, preserving richer features and maximizing the recovery
of spatial and contextual information.

The 3D Res-block design, inspired by ResNet, includes
shortcut connections and identity mapping to preserve input
information and mitigate degradation in deep networks. The
block processes the tensor through three parallel 3D convo-
lutional branches: one for latent feature extraction over the
channel-dimension, and two focusing on spatial latent feature
extraction along the height and width dimensions (Fig. 4).
All extracted latent features are concatenated and passed to
subsequent encoding layers.

Co3DCAE can be trained independently or jointly with
the collaborative perception system. We employ two training
methods: single-stage and multi-stage.

1) Single-stage training: This method (Fig. 5) uses a fixed
latent representation dimension, C, x Hy x Wy, and en-
ables joint training of the entire collaborative system with
Co3DCAE. This end-to-end training has a simpler structure
and high training efficiency, achieving an optimal balance
between intermediate feature compression and perception ac-
curacy in most scenarios. However, the resulting compressed
bandwidth is fixed, limiting adaptability without retraining.

2) Multi-stage training: This method uses a progressive
training scheme along the channel dimension (Fig. 6). In
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Fig. 4. Architecture of the proposed 3D Res-block. The 3D Res-block module
processes the tensor through three parallel 3D convolutional branches: one
branch operates along the channel dimension to extract latent features, while
the other two branches focus on spatial latent feature extraction along the
height and width dimensions, respectively. All latent features are concatenated
and then passed to the subsequent encoder layers for further processing.
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Fig. 5. Illustration of the single-stage training method.

the first stage, the model compresses the input feature map
F = F® into the first latent channel (") and reconstructs
the entire feature tensor. From the second stage onward, the
residual error between the original tensor and the reconstructed
tensor from the previous stage F(+1) FO — p@) g
compressed into the next latent channel. This progressive
process reduces residual errors and captures inter-channel
dependencies while reducing the total number of parameters,

as all stages share encoder and decoder parameters.
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Fig. 6. Illustration of the multi-stage training method.

The final latent representation, ¢, is formed by concatenat-
ing all individual latent channels. Depending on the available
bandwidth, the number of latent channels transmitted s can be
selected between 1 and C7p:

pe {cp(1)7<p(2)7...,<p(s)}. (6)
The final reconstructed feature is expressed as:
F=) FY 1<s<Cp. (7)
i=1

Although this approach prevents joint training, it allows
flexible adjustment of the latent channel dimensionality s
during inference based on practical bandwidth constraints.

D. Feature Decoding and Fusion Mechanism

The decoder reconstructs high-resolution intermediate fea-
ture maps from the compressed latent representation. Its
structure (Fig. 3) consists of three 3D upsampling modules
and one 3D Res-block. The decoding process depends on



the training method: single-stage training uses one trained de-
coder, whereas multi-stage training employs a shared decoder
to reconstruct all s channels sequentially. The 3D Res-block in
the decoder mirrors the encoder’s structure, ensuring symmetry
and effective feature reconstruction. The reconstructed inter-
mediate features are then passed to the collaborative perception
framework for further fusion and analysis.

E. Loss Function

The proposed autoencoder can be trained independently or
jointly with the full collaborative perception system. In the
case of joint training, we also use the independent training as
a pretraining strategy.

1) Independent Training: Co3DCAE is trained as an inde-
pendent feature compression module, using the Mean Squared
Error (MSE) between the original feature maps F' and the
reconstructed feature maps F' as the reconstruction loss. The
autoencoder is trained once on the entire feature map tensor,
enabling it to learn a unified compression for all channels. The
reconstruction loss L£p is defined as:

- C}}W ZZZ (F(l‘,%Z) —F(a:,y,z))2 (8)

where F and F are the original and reconstructed feature maps
and C, H, W, their channel, height and width dimensions.

2) Joint Training: After pretraining, the model is inte-
grated into an end-to-end collaborative perception framework
for joint training, aiming to simultaneously optimize feature
compression quality and 3D object detection performance. The
overall multi-task loss combines the reconstruction loss with
the perception loss of the collaborative perception system:

Lioa = ApLp + Lp )

Lp denotes the reconstruction loss measured by MSE,
whereas L p represents the perception loss of the collaborative
system, which typically combines a classification loss for 3D
object detection and a regression loss for bounding box local-
ization [53]. Ap is a hyperparameter that controls the influence
of the reconstruction loss. To ensure a fair comparison across
different fusion frameworks, we use the same loss £p for all
methods evaluated in our experiments, including AttFuse [21],
AdaFusion [22] and TS-IFF [23].

IV. EXPERIMENTAL RESULTS

We adopt a unified model training strategy without task-
specific adjustments and conduct targeted experiments on
the proposed compression framework across diverse traffic
environments and detection objects, using different SOTA
collaborative perception methods. We select publicly avail-
able synthetic and real-world datasets and design a series of
comparative and ablation studies to comprehensively demon-
strate the advantages of the collaborative perception model
with feature compression over traditional approaches. The
autoencoder is trained on intermediate feature maps extracted
from raw LiDAR point clouds by the PointPillars [53] back-
bone, corresponding to the first feature extraction block in

Fig. 2. These intermediate feature maps serve as a unified
input representation across all datasets, ensuring consistent
feature compression and reconstruction. The following sec-
tion describes the characteristics of the OPV2V, CODD, and
V2V4Real datasets used for evaluation.

A. Datasets

1) OPV2V [2]]: This dataset consists of two subsets,
Default Towns (DT) and Culver City (CC). The DT subset con-
tains data from eight default towns provided by CARLA [54],
with each frame including an average of about 3 collaborative
autonomous vehicles (CAVs), with a minimum of 2 and a
maximum of 7. The data in this subset is split into a training
set (6.7K frames), a validation set (2K frames), and a test set
(2.7K frames). The CC subset contains an independent test
set of 550 frames, used to evaluate the model’s generalization
ability in new scenarios. Each vehicle’s driving scene lasts
approximately 16.4 seconds, captured using a 64-channel Li-
DAR, that generates about 1.3 million point cloud data points
per second. We use this dataset as the main benchmark to
validate the recognition performance and bandwidth efficiency
of the proposed model in collaborative perception tasks.

2) CODD [24]: This dataset contains 108 scene segments
from 8 different CARLA towns. Each scene consists of 125
frames, with the first 100 frames used for training and the
remaining 25 frames for testing. It includes varying numbers of
vehicles and pedestrians, with vehicle counts ranging from 4 to
15 and pedestrian counts from 2 to 8. CODD provides LiDAR
data for all vehicles and precise 3D bounding box annotations
for both vehicles and pedestrians. Notably, CODD is cur-
rently the only collaborative perception dataset that includes
pedestrian categories. Therefore, we use it as a supplementary
dataset primarily to validate detection performance on small
targets such as pedestrians.

3) V2V4Real [25]: This dataset is the first large-scale
publicly available real-world dataset for V2V collaborative
perception, collected in Columbus, Ohio, and includes both
highways and urban streets. It contains 19 hours of driving data
and 310K frames, from which 67 representative scenarios are
selected. LIDAR and RGB frames are sampled at 10Hz, gen-
erating 20K LiDAR point clouds and 40K images. The dataset
features 32-channel LiDAR point clouds and 240K annotated
3D bounding boxes across 5 categories. In the experiments,
14,210 /2,000 / 3,986 samples from the V2V4Real dataset are
used for model training, validation, and testing, respectively.

B. Training and Inference Details

1) Co3DCAE Pre-training: We first pre-train Co3DCAE
independently to optimize feature compression and recon-
struction. Training is performed entirely using the PyTorch
framework [55] on a GeForce RTX 3090 GPU with 24GB
RAM, using CUDA v11.1 and cuDNN v8.0. We use the Adam
optimizer with parameters ¢ = 0.1, weight decay 10~%, and
momentum in the range [0.85,0.95]. A multi-step learning rate
scheduler is applied with milestones at epochs [20,30] and a
decay factor of 0.1. Early stopping based on validation loss is
used to prevent overfitting.



TABLE II
PERFORMANCE EVALUATION OF THE PROPOSED AUTOENCODER INTEGRATED INTO REPRESENTATIVE COLLABORATIVE PERCEPTION ALGORITHMS ON
THE OPV2V AND CODD VIRTUAL DATASETS WITH 7 CAVS. BOLD VALUES INDICATE THE BEST RESULTS. 1: HIGHER IS BETTER; |: LOWER IS BETTER.

Dataset | OPV2V | CODD
DT Comm. Comm.
Method/Index AP@0.5 AP@0.7 (Mb/s) AP@0.1 (Mb/s)
) D) @) ) ©)
AttFuse [21] 90.8 81.5 532.5 38.1 324.0
AttFuse [21] + Co3DCAE 85.5 75.1 66.6 27.4 22.2
AdaFusion [22] 91.6 85.6 699.0 45.2 345.4
AdaFusion [22] + Co3DCAE 88.2 78.8 87.5 33.8 43.2
TS-IFF [23] 94.1 89.3 1200.0 63.8 2320.0
TS-IFF [23] + Co3DCAE 92.0 86.1 302.4 55.1 289.0

2) End-to-End Collaborative Training with Co3DCAE:
After pre-training, the autoencoder is integrated into the full
collaborative perception pipeline and fine-tuned jointly with
other modules in an end-to-end manner, with the goal of
simultaneously optimizing communication compression and
perception performance. At this stage, compressed features
from multiple CAVs are received by a network server. The
features are decompressed and fused, and detections from the
fused features are sent back to the CAVs. Driving scenes
are randomly selected from the training set, and the number
of participating CAVs is uniformly sampled from the range
[2,7]. The range [2,7] follows the original OPV2V configu-
ration, where each scenario contains 2—-7 available CAVs, and
is consistent with representative baselines such as AttFuse,
AdaFusion, and TS-IFF. For fair comparison, the number of
CAVs is kept fixed within each evaluation group. The Adam
optimizer is used with the same hyperparameters. The model
jointly minimizes both reconstruction loss and detection loss.

The LiDAR point cloud ranges are configured as follows:
At each frame, all LiDAR point clouds from the selected
CAVs are preprocessed to a common range relative to the ego
vehicle coordinate system. Points falling outside this range are
clipped, and bounding boxes beyond these limits are discarded,
restricting evaluation to the vicinity of the ego vehicle:

e OPV2V and V2V4Real: z,y, z € [—140.8 m, 140.8 m| x

[-40m, 40 m] X [-3m, 1 m]
o CODD: z,y,z € [-140.8 m, 140.8 m] x [-40m, 40 m] x
[-6 m, 4 m]

Finally, the point cloud is voxelized into pseudo-images
with a resolution of 0.4m x 0.4m in the x and y directions.

3) Inference and Evaluation: Consistent with existing
SOTA methods, we use a confidence threshold of 0.2 and
apply NMS with an IoU threshold of 0.2 during inference.
For evaluation, we report AP@(.5 and AP@(.7 for vehicle
detection, and AP@0.1 for pedestrian detection. The reported
results follow the dataset-specific cooperative perception set-
tings: OPV2V and CODD use seven participating CAVs, while
V2V4Real uses two CAVs for communication-rate calculation.

The communication metric Comm. in Table II and sub-
sequent tables follows the bandwidth constraint in Eq. (4).
All communication rates reported in this paper represent the
aggregate feature-level transmission rate of all participating
vehicles. Specifically, the total transmission rate is computed
as Y., dim(yp;) - b- f, where dim(p;) = Cp, x Hp x Wr.

The reported communication values are calculated using the
corresponding latent channel number C}, under each setting.
An additional factor of ﬁ is applied to convert bits/s to Mb/s.

To further analyze processing latency, we estimate the trans-
mission delay using an assumed available V2X link capacity
of 10 Mb/s. This value is used only as an illustrative bandwidth
setting for transmission-delay estimation and is not intended
to represent the capacity of a specific V2X technology or
deployment condition. The assumed 10 Mb/s link capacity
is used only for transmission-delay estimation and is distinct
from the Comm. values defined above, which quantify the
communication-rate demand in the performance evaluation.
An uncompressed collaborative perception method such as
V2VNet [56] transmits about 1.07 Mb of data per frame on
the OPV2V dataset. Under the assumed 10 Mb/s link capacity,
this corresponds to approximately 107 ms of transmission
delay. In contrast, our channel-wise autoencoder compression
reduces the transmitted data size to about 0.106-0.117 Mb
per frame while maintaining comparable detection accuracy,
corresponding to only 10.6-11.7 ms of transmission delay
under the same link-capacity setting.

In addition, the feature compression time of Co3DCAE is
about 13 ms on an NVIDIA GeForce RTX 3090 GPU with
24 GB of memory. These results indicate that the proposed
method effectively reduces communication latency while intro-
ducing only moderate processing overhead. Unless otherwise
stated, all inference results are obtained using the end-to-end
trained model. Additional training configurations and network
settings follow the open-source implementations provided by
OPV2V [21], CODD [24], and V2V4Real [25].

C. Quantitative Evaluation

Building on the previous evaluations, we further assess the
generalization capability of Co3DCAE by integrating it into
three representative intermediate feature fusion frameworks:
AttFuse [21], AdaFusion [22], and TS-IFF [23]. The experi-
ments are conducted on the OPV2V and CODD datasets to
evaluate vehicle and pedestrian detection performance under
communication bandwidth constraints.

As shown in Table II, Co3DCAE consistently reduces the
communication rate when integrated with different collabo-
rative perception frameworks. On the OPV2V dataset, the
communication rates of AttFuse and AdaFusion decrease from



532.5 Mb/s and 699.0 Mb/s to 66.6 Mb/s and 87.5 Mb/s,
respectively, corresponding to approximately an 8x reduc-
tion. For TS-IFF, the communication rate is reduced from
1200.0 Mb/s to 302.4 Mb/s, while still maintaining high detec-
tion accuracy. Although the AP values decrease slightly after
compression, the compressed models preserve competitive
performance, indicating that Co3DCAE effectively removes
redundant feature information while retaining key semantic
cues for vehicle detection.

A similar trend is observed on the CODD dataset. After
integrating Co3DCAE, the communication rates of AttFuse,
AdaFusion, and TS-IFF are reduced from 324.0, 345.4, and
2320.0 Mb/s to 22.2, 43.2, and 289.0 Mb/s, respectively. This
demonstrates that Co3DCAE also generalizes to pedestrian
detection scenarios. Among the evaluated frameworks, TS-
IFF combined with Co3DCAE achieves the best AP@0.1 of
55.1 while reducing the communication rate by approximately
8x. Overall, these results show that Co3DCAE provides a
consistent and effective trade-off between perception accuracy
and communication efficiency across different datasets and
baseline fusion frameworks.

Co3DCAE achieves substantial communication bandwidth
reductions ranging from 75% to over 93% across differ-
ent collaborative perception methods, with controllable accu-
racy degradation, and demonstrates particularly robust per-
formance when integrated with TS-IFF. Specifically, TS-
IFF with Co3DCAE reduces bandwidth by 75% on OPV2V
with only 2.23% (AP@0.5) and 3.59% (AP@0.7) relative
performance drops, achieving a favorable balance between
detection accuracy and bandwidth efficiency. Similar trends are
also observed for AttFuse and AdaFusion, where significant
bandwidth compression leads to only limited performance
degradation, as illustrated in Fig. 7.

Fig. 7 presents the evaluation results of Co3DCAE un-
der a wider range of communication bandwidth constraints,
highlighting its generalization capability. The curves show the
detection performance when Co3DCAE is incorporated into
three representative compression-based collaborative percep-
tion frameworks and indicate the average precision achieved
under different bandwidth conditions. This demonstrates that
the proposed Co3DCAE can be effectively integrated into
different collaborative perception algorithms to compress ex-
changed features under varying communication bandwidth
constraints.

We further compare Co3DCAE with several SOTA collabo-
rative perception and communication-efficient methods on the
OPV2V dataset. In this evaluation, Co3DCAE is integrated
with the TS-IFF fusion framework, and different numbers
of latent channels represent different communication band-
width levels. As shown in Table III, Co3DCAE consistently
achieves a favorable balance between detection accuracy and
communication cost on both the DT and CC subsets. When
the latent channel number is set to 24, Co3DCAE achieves
the best overall detection performance, with AP@0.5/AP@0.7
of 92.0/86.1 on DT and 88.2/79.9 on CC, while requiring
only 302.4 Mb/s communication bandwidth. Compared with
CORE, which reports 90.9/85.8 on DT and 87.7/78.1 on
CC with 336.0 Mb/s, Co3DCAE achieves higher detection
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Fig. 7. Co3DCAE optimizes the trade-off between bandwidth and average
precision across three representative intermediate feature fusion frameworks
with 7 CAVs, and demonstrates clear advantages in achieving a balanced
compromise between detection performance and bandwidth efficiency. For
visual comparison, the communication rate is plotted on a logarithmic scale.
Viewing in color is recommended for improved clarity.

accuracy with lower communication cost. Compared with
V2VFormer, Co3DCAE also obtains better AP results while
reducing the bandwidth from 565.9 Mb/s to 302.4 Mb/s.

Under more constrained bandwidth settings, Co3DCAE
with 16 and 8 latent channels still maintains competitive
detection accuracy while reducing the communication rate to
201.6 Mb/s and 100.8 Mb/s, respectively. This demonstrates
that the proposed compression module can flexibly adapt to
different bandwidth budgets by adjusting the latent channel
size. The results in Table III show that Co3DCAE not only
achieves SOTA or comparable perception accuracy, but also
reduces communication cost, confirming its effectiveness in
balancing perception quality and bandwidth efficiency.

To further evaluate the robustness of Co3DCAE across
different dataset types, Table IV reports comparison results
on the simulated CODD dataset and the real-world V2V4Real
dataset. Unlike Table III, which focuses on the OPV2V
simulated benchmark, Table IV further examines whether
Co3DCAE can maintain its bandwidth-accuracy trade-off un-
der more diverse scenarios. On the real-world V2V4Real
dataset, Co3DCAE achieves the best AP@(.5/AP@0.7 scores
of 67.8/32.8 while requiring only 75.7 Mb/s communication
bandwidth. Compared with V2VFormer, CPSC, and CORE,
Co3DCAE not only improves detection accuracy but also
substantially reduces the communication rate. For example,
compared with CPSC, Co3DCAE improves AP@0.5 from
66.3 to 67.8 and AP@0.7 from 29.6 to 32.8, while reducing
communication from 366.0 Mb/s to 75.7 Mb/s. On the CODD
dataset, Co3DCAE obtains the best AP@0.1 of 55.1 with only
289.0 Mb/s, outperforming the competing methods in both
pedestrian detection accuracy and communication efficiency.



TABLE III
COMPARISON OF CO3DCAE WITH SOTA METHODS ON THE OPV2V VIRTUAL DATASET IN TERMS OF 3D OBJECT DETECTION PERFORMANCE AND
BANDWIDTH. CO3DCAE IS EVALUATED WITH DIFFERENT NUMBER OF LATENT CHANNELS (C'1,), CORRESPONDING TO DIFFERENT COMMUNICATION
BANDWIDTHS. BOLD VALUES INDICATE THE BEST RESULTS, UNDERLINED VALUES THE SECOND-BEST. 1: HIGHER IS BETTER; J: LOWER IS BETTER.

Dataset | OPV2V

DT CC Comm.

Method/Index Channels (CL) | Ap@os5+ AP@0.71 | AP@O.ST AP@07 4 | (Mbls))
Where2comm [&] - 88.9 75.5 82.2 68.0 477.4
FPV-RCNN [29] - 82.0 77.3 76.3 72.0 508.2
CPSC [13] - 89.1 77.9 - - 401.3
V2Vformer [6] - 89.5 83.6 84.4 78.6 565.9
CNN-Autoencoder [46] - - 83.9 - 77.5 400.0
CORE [5] - 90.9 85.8 87.7 78.1 336.0
Co3DCAE 8 90.5 83.8 86.5 78.1 100.8
Co3DCAE 16 90.7 84.1 87.5 78.8 201.6
Co3DCAE 24 92.0 86.1 88.2 79.9 302.4

Overall, the results in Table IV demonstrate that Co3DCAE
generalizes well to both simulated and real-world scenarios. It
achieves the best detection performance on both datasets while
maintaining the lowest communication cost, confirming its
effectiveness for bandwidth-efficient collaborative perception
in complex and real driving environments.

TABLE IV
PERFORMANCE COMPARISON BETWEEN CO3DCAE AND SOTA METHODS
ON V2V4REAL AND CODD. THE BEST RESULTS ARE IN BOLD, AND THE
SECOND-BEST ARE UNDERLINED. 1: HIGHER / |: LOWER IS BETTER.

V2V4Real CODD
Method/Index | AP@0.5/@0.7 Comm. AP@0.1 Comm.
) HMbs) | (1) (1)(Mbrs)
V2Vformer [6] 63.1/30.7 439.0 41.5 821.9
CPSC [13] 66.3/29.6 366.0 29.4 696.8
CORE [5] 61.0/31.7 328.0 44.2 783.1
Co3DCAE 67.8/32.8 75.7 55.1 289.0

D. Qualitative Evaluation

Figs. 8 present qualitative experimental results on the
OPV2V dataset involving only two CAVs. Although most
methods can detect surrounding vehicles (highlighted with red
circles in the figure) false positives and missed detections still
occur in scenarios with communication bandwidth limitations.
To address this issue, we apply varying levels of compression
using Co3DCAE when transmitting intermediate features from
the CAVs. After decoding and fusion at the edge server,
the proposed method achieves accurate object detection and
bounding box prediction while minimizing communication
bandwidth usage. In complex real-world traffic scenarios (e.g.,
intersections), as shown in Fig. 9, our model maintains ro-
bust and consistent perception performance across consecutive
timesteps. Despite dynamic changes in the environment, such
as moving vehicles, varying traffic densities, and occlusions,
the system is still able to deliver accurate object detection
results with only minor delays after network bandwidth com-
pression using Co3DCAE. The overall real-time performance
loss remains within acceptable limits, ensuring that the system
can meet the low-latency requirements of autonomous driving.

E. Ablation Study

To validate the model, we conduct a series of ablation
experiments focusing on the impact of four key factors
on perception performance: compression ratio, compression
methods, autoencoder training strategy, and the number of
collaborating CAVs. Each experiment is designed to isolate
and evaluate the effect of a single factor, thereby verifying the
reliability and robustness of our approach.

Compression Ratio: To examine the effect of the compres-
sion, we vary the number of filters in the last 3D convolution
block of the encoder, which determines the channel size of
the compressed latent representation. Table V reports TS-
IFF results with and without Co3DCAE on the V2V4Real
dataset. The original TS-IFF uses 128 channels and requires
605.6 Mb/s of communication bandwidth, achieving 68.2/40.1
AP@(.5/AP@0.7. After applying Co3DCAE, the communi-
cation cost is reduced. With 64 channels, the communication
rate drops to 75.7 Mb/s, while AP@0.5 remains close to the
baseline at 67.8. With 32 channels, the communication rate
is further reduced to 9.5 Mb/s, and the model still achieves
66.3/38.0 AP@0.5/AP@0.7. When the number of channels
is reduced to 16 or 8, the communication cost becomes
extremely low, reaching 1.2 Mb/s and 0.2 Mb/s, respectively,
but detection accuracy decreases noticeably.

These results illustrate how latent channel size affects the
balance between communication cost and detection accuracy.
Increasing the number of channels allows more feature in-
formation to be retained, which generally improves AP but
also increases bandwidth consumption. Conversely, very small
channel settings greatly reduce transmitted data throughput,
but the loss of feature detail becomes more evident. Among
the tested settings, 32 and 64 channels provide a favorable
operating range, where communication bandwidth is reduced
by a large margin while detection performance remains close
to the uncompressed baseline.

Training Strategy: Table VI evaluates how differ-
ent autoencoder training strategies affect the performance—
communication trade-off on the OPV2V benchmark. This
ablation study examines whether the proposed autoencoder
can provide scalable latent representations under different
channel budgets, while avoiding repeated retraining for each
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Fig. 8. Qualitative comparison of visualization results from OPV2V. Magenta boxes indicate ground truth annotations, and blue boxes indicate detection
results. The visualization has been color-inverted to enhance the clarity of 3D detection effects. These images are best viewed in color.
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Fig. 9. Real-world visualization results of Co3DCAE on the V2V4Real test set demonstrate the perception performance of two CAVs at an 8x bandwidth
compression ratio across different timesteps in a busy intersection scenario. Ground truth is shown as magenta rectangles, and predictions are shown as blue
rectangles. These images are best viewed in color.
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Fig. 10. Visualization of the energy distribution across latent representation channels.

TABLE V
PERFORMANCE COMPARISON BETWEEN CO3DCAE AND THE BASELINE
ON V2V4REAL AT VARIOUS COMPRESSION LEVELS.

Method/Index ‘ Channels (C}) ‘ @0_/;/%0.7 %31‘3/]3
TS-IFF (w/o Co3DCAE) | 128 | 682/40.1 | 605.6
64 67.8 /328 75.7

TS-IFF (w/ Co3DCAE) 32 66.3 /380 93

16 55.7/318 12

8 435/229 0.2

compression ratio.
TABLE VI

ABLATION STUDY ON AUTOENCODER TRAINING STRATEGIES

Dataset \ OPV2V
Method/Index ‘ Channels (C;;)) mAP  Comm.(Mb/s)
Baseline 1 4 554 1.2
Baseline 2 4 70.8 1.2
4 69.2 1.2
Co3DCAE 8 82.1 100.8
single-stage 16 834 201.6
24 86.1 302.8
4 70.4 1.2
Co3DCAE 8 83.8 100.8
multi-stage 16 84.1 201.6
24 86.1 302.8

We first compare two baseline configurations using a four-
channel latent representation. Baseline 1 performs stepwise
compression by padding unused channels with zeros, which
leads to a relatively low mAP of 55.4 under a communication
bandwidth of 1.2 Mb/s. Baseline 2 removes the zero-padding
operation and directly encodes features into the available
channels. This modification substantially improves the mAP
to 70.8 without increasing the communication cost, indicating
that direct channel-wise feature encoding is more effective
than padding-based compression. Based on this observation,
we further compare two training strategies for the proposed
Co3DCAE:

a) Single-stage training: A separate autoencoder is trained
for each target number of latent channels. When the
target compression ratio changes, the model must be
retrained for the corresponding channel dimension.

b) Multi-stage training: A single autoencoder is trained in
stages so that different number of latent channels can

be activated at inference time according to the required
communication budget.

The results show that increasing the number of latent
channels (C') improves detection accuracy for both strategies.
For single-stage training, the mAP increases from 69.2 at
Cp = 4 to 86.1 at C = 24, indicating that a larger latent
representation preserves more collaborative perception infor-
mation. However, this improvement comes with a higher com-
munication cost, which raises from 1.2 Mb/s to 302.8 Mb/s.
In comparison, multi-stage training achieves comparable or
slightly better accuracy across most C'r, settings while requir-
ing only one trained model. Specifically, it improves the mAP
from 704 at C;, = 4 to 86.1 at C;, = 24, matching the
best performance of single-stage training at the largest channel
budget. At intermediate C', settings, multi-stage training also
achieves higher mAP than single-stage training: 83.8 versus
82.1 at C;, = 8 and 84.1 versus 83.4 at C;, = 16. These results
demonstrate that the proposed multi-stage training strategy
can flexibly adapt to different communication budgets while
maintaining the accuracy of separately trained single-stage
models, providing a more practical and efficient solution for
scalable collaborative perception.

Multi-Stage Training: We visualize the energy distribution
of the latent representation features ¢ by analyzing the energy
associated with each channel index. Specifically, the energy
for each channel is computed as follows:

Crp Hp Wi

E(p) = m ZZZ oz, y, ) (10)

r=1y=12=1

As shown in Fig. 10, the energy of the latent representation
is not uniformly distributed across different channels. Instead,
channels generated at later stages generally exhibit lower
energy, indicating that they contain relatively less dominant
information for feature reconstruction. This observation sug-
gests that the proposed multi-stage training strategy naturally
learns an ordered latent representation, where earlier channels
preserve more essential, high-energy information, while later
channels mainly provide supplementary details.

Based on this property, the encoder can flexibly select
different numbers of latent channels according to the avail-
able communication bandwidth during inference. When the
communication condition is limited, the low-energy channels
located at later stages can be pruned with only a minor
impact on reconstruction quality. Conversely, when sufficient
bandwidth is available, more channels can be transmitted to
preserve richer feature details and further improve perception
performance. Therefore, the multi-stage training strategy en-
ables an adaptive compression mechanism. By dynamically
adjusting the number of transmitted latent channels, the pro-



posed autoencoder can achieve secondary compression beyond
the initial feature encoding process.

From the results shown in Fig. 11, varying the number
of latent feature channels during training reveals that the
autoencoder trained once with 32 channels achieves a lower
MSE than autoencoders trained multiple times. We speculate
that this advantage stems from the continuity and consistency
of the training process, which helps the network better capture
correlations across channels and maintain more stable gradient
updates. Moreover, this multi-stage training approach allows
flexible selection of any number of channels for encod-
ing according to specific compression requirements, enabling
adaptive compression that balances reconstruction quality and
resource constraints. This flexibility also facilitates efficient
pruning of low-energy channels, further improving compres-
sion efficiency without significant performance degradation.
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Fig. 11. Ablation study of channel-wise compression under different training
strategies. We select encoders with four representative numbers of latent
channels to encode intermediate feature maps.

Number of CAVs: We conduct an ablation study to in-
vestigate the effect of the number of participating CAVs on
the proposed Co3DCAE model. This experiment is performed
on the jointly considered DT and CC evaluation subsets of
the OPV2V dataset under the feature compression setting
with C = 24. The two subsets are jointly reported in this
ablation study to provide an overall trend across representative
OPV2V scenarios, rather than to compare the subset-specific
performance of DT and CC The results are shown in Fig. 12.
As the number of participating CAVs increases from 2 to 7,
collaborative perception accuracy consistently improves across
different threshold settings. However, involving more CAVs
also increases the communication bandwidth requirement.
When seven CAVs participate in collaborative perception,
the model achieves the best perception performance while
maintaining lightweight bandwidth usage. This experiment
further examines the sensitivity of the proposed model to the
number of participating CAVs under representative OPV2V
scenarios. The overall benchmark-level results on OPV2V and
CODD are reported in the main experimental tables.

95 -
90 -
85 A
80 - /
75 -
& 70 -
®
& 65 |
——CAV=7
60 1 ——CAV=6
55 | —e—CAV=5
—»—CAV=4
50 A —x—CAV=3
—+—CAV=2
45 T T 1
100 10! 102 103

Communication rate (Mb/s)

Fig. 12. Ablation study on the effect of the number of participating CAVs on
the proposed Co3DCAE model. The results are evaluated on the combined
DT and CC evaluation subsets of the OPV2V dataset under the same feature-
compression setting with C';, = 24. The communication rate denotes the total
feature-level communication rate required to transmit the compressed latent
representations from the participating CAVs to the fusion node.

V. CONCLUSION AND OUTLOOK

In this paper, we present a novel 3D convolutional
autoencoder-based collaborative perception framework that ad-
dresses the trade-off between perception accuracy and commu-
nication bandwidth in V2X autonomous driving scenarios. The
framework introduces three key innovations: (i) a 3D residual
convolutional autoencoder for efficient bandwidth compres-
sion, (ii) a channel-wise encoder training strategy to improve
feature compactness, and (iii) a collaborative mechanism that
fuses intermediate feature maps to enable effective information
integration across multiple agents.

Extensive evaluation on real-world and simulated LiDAR-
based collaborative perception benchmarks shows that the
proposed framework achieves superior object detection accu-
racy while substantially reducing communication bandwidth,
highlighting its potential for large-scale deployment in con-
nected autonomous vehicle systems. These results confirm
that intermediate-level collaborative fusion, combined with
efficient feature compression and scalable training strategies,
provides a robust and bandwidth-efficient solution for future
V2X perception systems. In future work, we plan to ex-
plore real-world deployment through physical experiments and
system-level integration. Further research will also focus on
enhancing the framework’s robustness under dynamic traffic
conditions and real-time communication constraints.
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