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Abstract—Cooperative perception will be essential for con-
nected autonomous vehicles to enhance object recognition and
optimize path planning by sending data information about the
surrounding environment. However, an inherent challenge in
existing systems is the high bandwidth cost of transmitting
information in real-time, which restricts cooperative perception’s
practicality. This work presents a hybrid cooperative perception
fusion framework aimed at mitigating this issue by optimizing
data transmission according to available bandwidth or through
data reduction techniques. Our methods ensure that vehicles
can rapidly transmit high-confidence data without overwhelming
the network. Experimental results indicate that our methodology
substantially diminishes data transmission sizes while maintain-
ing object detection accuracy. For cooperative perception in
autonomous vehicle systems, our approach provides a scalable
and effective way to get past the bandwidth barrier.

I. INTRODUCTION: FUSION MODELS EXPLAINED

In the field of autonomous vehicles, the integration of
data from various modalities—such as cameras, LiDAR, and
radar—has become a critical focus of research and inno-
vation. This multimodal fusion facilitates a more thorough
understanding of the vehicle’s environment, which is vital for
improving the accuracy of perception systems and ensuring
their robustness. Examples of multi-modality fusion are Graph
R-CNN [14] or MVX-Net [13], which effectively fuses data
from LiDAR and Camera features to leverage the performance
from both sensors.

Fusion between sensors is not the only innovation moving
towards data fusion to improve the accuracy and precision
of object detection systems. There have been advancements
in utilizing data at different portions of the pipeline in the
model to enrich features in the current inference. The concept
of data-level fusion in autonomous vehicles can broadly be
categorized into three types:

« Early Fusion: The raw data is fused at the start or before
the processing pipeline, providing unprocessed and raw
data early in the decision-making process [7].

o Deep Fusion: During the intermediate stage, such as the
attention matrix of a transformer or the layers of a Con-
volution Neural Network (CNN), the features extracted
from various sensors are fused [13]].

o Late Fusion: Fused finalized output bounding boxes,
regarding an object, at the final stage of the process, pro-

viding a common agreement from multiple independent
evaluations [10].

These research works demonstrated the increasing use of
complex fusion methods to address perception challenges
faced in the autonomous vehicles field. The mix of different
research where some models focus on multi-modality data
fusion, and others concentrate on multi-level data fusion
continues to make marginal improvements.

The object detection model’s reliability and safety have
been brought into question by recent incidents involving
autonomous vehicles, attracting major public and government
criticism [3]]. CBS News reported an accident of a tragic
collision in Texas with a Ford electric SUV that was utilizing
the Blue Cruise system [9]. GM Cruise has openly published
the findings of a third-party investigation into one specific
incident, demonstrating their commitment to being upfront and
making advancements in the safety of autonomous vehicles
[6]. These incidents emphasize an immediate demand for
robust safety protocols and reliability in automated driving
systems.

Tesla has a major recall from incidents dating back to
2021, due to concerns regarding the system’s effectiveness
in detecting emergency vehicles [1]]. An investigation by the
National Highway Traffic Safety Administration on Tesla’s
Autopilot system demonstrates that government agencies are
paying attention to proper safety features to warn and monitor
drivers [2]]. This investigation demonstrates increased concerns
about safety testing and regulatory compliance to comprehend
complex driving environments and potential hazard mitigation
if the systems fail to operate as anticipated.

While manufacturers will adhere to stringent safety stan-
dards to ensure the safety and reliability of autonomous vehi-
cles, there is significant potential to further enhance percep-
tion capabilities by shifting from single-agent to multi-agent
fusion approaches. This transition leverages information from
multiple vehicles, creating a more comprehensive view of the
environment. Such cooperative perception not only improves
detection accuracy but also enhances the overall safety and
effectiveness of autonomous driving systems.

In 2019, an initial breakthrough into cooperative perception
was the Cooper [4]] approach, where a transmitting vehicle
shared its raw point cloud data with the ego vehicle, which
fused the information before the detection pipeline. From their



insight, the ego vehicle has a notable 10% improvement in
object detection 80% of the time. This enhancement showcases
that data sharing and fusion between vehicles is valuable in
enriching object detection results. In correspondence, cooper-
ative fusion has become a research topic to this day with its
own three categories in early, deep, and late fusion [J5} [11} [12].

Cooperative perception systems made innovations to ex-
change information between vehicles, resulting in road safety
and vehicle efficiency. However, there are limitations in data
mitigation and alignment that have not yet been explored
thoroughly. The primary challenge is the bandwidth constraint
during real-time data processing, which can limit the amount
of data that can be communicated between vehicles. Our
solution for this issue is to introduce a hybrid cooperative
perception fusion framework. The motivation is to explore
and refine the hybrid fusion framework that can significantly
enhance the capabilities of cooperative perception systems.
Optimizing the data transmission is the goal, by adapting to
the corresponding data level that is available in the network
bandwidth and only providing significant contextual data.
Therefore, this approach aims to improve the effectiveness of
data integration but also establish a robust framework that can
adapt to varying network conditions without compromising the
system’s performance.

II. RESEARCH CHALLENGES ON THE ROAD

Cooperative perception for autonomous vehicles continually
evolve becoming complex, and there have been numerous
technical challenges and discussions on how to address them
before deployment. Notably in data fusion and alignment,
these complexities present major obstacles directly influencing
the safety and effectiveness of the systems. Data fusion is
crucial for single and multi-agent systems as it involves
the merging of data from many sensor inputs or between
vehicles to create a unified data input. Before data fusion, the
system must undergo alignment for precise synchronization
and positioning of the data. The objective is to guarantee the
alignment of data from different sources before the merging
procedure. Both are necessary for enhancing vehicle per-
ception in object detection capabilities and addressing their
associated challenges is important.

A. Let Synchronize Across Vehicles: Alignment

There are several components in the alignment of data
for cooperative perception in autonomous vehicles including
synchronization, vehicle placement within coordinate systems,
and sensor drift management. Data synchronization ensures
the utility of the transmitter data to another vehicle which is
essential for real-time cooperative decision-making. However,
the shared data is in one perspective and must go through
a process to map the transmitter’s coordinates into the re-
ceiver’s coordinate systems, a critical step for maintaining data
integrity and relevance.

The bottom of Figure [I] illustrates this process where
GPS/GNSS data are used to align the receiver’s data for a
common global reference, ensuring that the data is temporally

and spatially synchronized. This step is crucial for the shared
data to maintain its perspective and accuracy across different
vehicle systems at different data levels. For example, taking
the LiDAR’s point cloud data from the transmitter would
have to be transformed from a LiDAR coordinate system to a
unified global coordinate system, being the GPS location, en-
suring spatial accuracy across data from different sources. The
transformation from the transmitter’s location to the receiver’s
location is performed under the global coordinate system,
therefore aligning the positions. Then, the third transformation
is required back from global to the sensors coordinate system,
aligning the two-point clouds similar seen in point cloud
registration or SLAM research. As seen on the bottom of
Figure [2| shows a combined point cloud, the alignment for
feature maps is the same. An additional challenge that is
out of scope in this discussion is the management of sensor
drift, which can be mitigated through calibration and filtering
techniques to maintain data accuracy.

B. Data Fusion

Once the data is aligned, the next significant procedure
is to fuse them to generate one data input which would be
a comprehensive understanding of the environment for the
object detection system to process. This idea is not novel when
it comes to single-agent fusion due to multiple techniques
researched into sensor and temporal fusion. Extending those
ideas into multi-agent fusion is to incorporate data from
multiple vehicles to have a broader view of the environment.
There are many different fusion techniques from CNN-based
to transformer-based methods in their effectiveness in the
merging of data. Each will influence the system’s ability to
make decisions accurately for complex scenarios like high-
ways, city, or rural driving.

CNN-based and transformer-based algorithms are widely
recognized for their effectiveness in fusing data from sensor-
to-sensor or vehicle-to-vehicle. When it comes to CNN-based
approaches, utilizing maxout or average pooling within the
network provides increased performance in spatial data inte-
gration. This is accomplished by simplifying the input while
emphasizing the most relevant features, which assist in image
processing. In transformer-based approaches, the methods of
self-attention and cross-attention manage complex features
from data enhancing the model’s efficiency. Researchers can
dynamically merge visual cues and features from sensors or
other vehicles that prioritize significant input information.
These advanced techniques provide a powerful toolkit for
achieving accurate and efficient data fusion for object detection
systems.

III. HYBRID COOPERATIVE PERCEPTION FUSION

Following the trends in the cooperative perception field, our
research looks to the future of a novel approach to hybrid
cooperative perception fusion and designing a framework to
leverage the strengths of the different fusion techniques while
addressing the limitations of bandwidth and data processing
limitations. To overcome these limitations, we propose a
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Fig. 1. The top section illustrates fusion frameworks for cooperative percep-
tion, where the proposed framework switches between early, deep, and late
fusion to enhance object detection accuracy, computational workload, and
real-time data communication. Early fusion merges raw sensor inputs, deep
fusion merges network features, and late fusion merges detection outputs. The
bottom section demonstrates transmitter-receiver interactions, highlighting
data sharing and alignment across coordinate systems.

layered hybrid approach to data fusion, providing methods
that help to overcome the deficiencies found in each fusion
method by combining the best features of early and late fusion
in one scenario and deep and late fusion in another. In this
section, we will discuss the details of different strategies we
developed: an adaptive fusion framework in section [lI-A] a
hybrid fusion approach using LiDAR with predicted bounding
boxes in section [[II-B} and using feature map with predicted

bounding boxes in section

A. Adaptive Fusion Framework

The ability of networks to adapt to varying network con-
ditions is essential for preserving system performance and
efficiency in the rapidly evolving field of autonomous vehicles.
The adaptive fusion framework we have developed is specifi-
cally designed to seamlessly switch between various levels of
data fusion, namely early, deep, and late, depending on real-
time evaluations of network bandwidth and traffic conditions,
which is seen in Figure[I] This approach ensures optimal usage
of available bandwidth by adjusting fusion strategies based
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Fig. 2. The LiDAR-bounding box fusion process involves obtaining bounding
boxes from point cloud inputs, mapping them back to the coordinate systems,
to be extracted into a SPC which are transmitted, and fused with receiver’s
point cloud.

on real-time network conditions while maintaining the high
accuracy of the perception system’s output.

The implementation strategy for the adaptive fusion frame-
work involves the following mechanisms: bandwidth mon-
itoring, data prioritization, and dynamic fusion switch for
both high and low bandwidth conditions. The system per-
forms continuous bandwidth monitoring of the network and
examines the rate of data traffic across the vehicle network.
The monitoring process can be simplified by the use of inte-
grated software that can estimate fluctuations in the bandwidth
by analyzing past data and current network usage patterns.
Regarding dynamic fusion switching, during periods of high
bandwidth, when the network is not fully utilized, the system
chooses to employ early or deep fusion. This allows for the
transmission of larger message sizes, such as raw sensor data
or feature maps, which contain more valuable information and
can be done without compromising system latency. During
periods of low bandwidth, when there is limited availability
of data transmission capacity, the system can automatically
switch to late fusion. This prioritizes the transmission of
concise, high-level information such as bounding boxes or
decision outputs, which have less bandwidth demands and
are crucial for immediate vehicle responses. Furthermore, the
framework can make use of a data prioritization mechanism
that assesses the importance of data according to the driving
context. This can be done in conjunction with bandwidth-based
switching. Critical data that has a significant impact on vehicle
decisions is given priority for transmission, guaranteeing that
it is not delayed even when there are limitations on available
bandwidth.

B. Hybrid LiDAR-Bounding Box Fusion

One distinctive feature of the adaptive fusion framework
is its approach to switching between data levels, which can
be adjusted depending on the network traffic. Despite this,
inundating the network with a substantial amount of messages



poses a challenge. We aim to focus on resolving or mitigating
the amount of data transmitted on the network. The hybrid
LiDAR-bounding box fusion offers a solution for scenarios
that have limited bandwidth by combining the accuracy of
raw point cloud with the smaller size of the bounding boxes
generated by the model.

Our approach is the ego vehicle will provide non-ego vehi-
cles with precise data objects that it can see while reducing the
size of the data needing to be sent. This is done by processing
point clouds to generate new ones by extracting points from
regions associated with object detection results. Utilizing the
point cloud, from the ego’s LiDAR sensor, of the surrounding
environment which is inputted into an object detection model
to obtain bounding boxes. These bounding boxes highlight the
positions of detected objects including any objects that have
low confidence value possibly due to being partially obscured.
The initial process is to obtain the detected objects, bounding
boxes, in a given point cloud, shown in Figure 2}(1). Would
go through an alignment process to transform the bounding
boxes to point cloud space before the extraction process. This
transformation 1is critical and requires precise calibration of
the LiDAR sensor.

Following the alignment is the extraction process, LiDAR
points that fall inside the bounding boxes are extracted to
generate a new point cloud, called Selected Point Cloud (SPC).
This selective extraction significantly reduces the size of the
point cloud data, as it concentrates only on regions where
objects have been detected, thereby filtering out undesired
data. The SPC is then transmitted to other vehicles for further
processing, shown in Figure [2}(2). Once the point clouds
are aligned, then they can be simply merged and fed into
the object detection system to obtain similar or enhance the
overall fidelity of the fused point cloud to obtain higher object
detection results, shown in Figure [2}(3).

An additional option is to have the object detection model
generate the detection results, and then iterate through the
bounding box results to assess the accuracy of the detection
using the confidence value. By utilizing the confidence value,
one can determine whether it is advantageous to transmit the
bounding box or the points for each detected object. If the level
of confidence in the detection exceeds a certain threshold, the
system will transmit only the bounding box information for the
object to the receiving vehicle. Alternatively, it will identify
the points contained within the bounding box and transmit
those instead. As a demonstration, when the confidence level
of the detection result is 80% or above, the system combines
the bounding box features (confidence, coordinates, height,
width, and length) and transmits them to other vehicles. If
the confidence level is below 80%, the system utilizes the
bounding box coordinates and dimensions to go through a
point extraction procedure, resulting in the generation of a
new point cloud that can be transmitted to other vehicles.
By employing this method, we are minimizing the overall
bandwidth needed for transmitting the data and guaranteeing
that the receiving vehicle can utilize the information with a
high level of certainty in the outcomes.
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Fig. 3. The feature map-bounding box fusion process uses bounding boxes
from the object detection model which are projected onto the feature map
coordinate system to extract OFMs, which are transmitted and fused with the
receiver’s features. Fused features are shown in red boxes.

C. Hybrid Feature Map-Bounding Box Fusion

We would like to expand the technique using feature maps
taken from object detection models, named hybrid feature
map-bounding box fusion, in line with the hybrid LiDAR-
bounding box fusion approach. This approach utilizes the
contextual information found in feature maps to enhance the
object detection process by extracting regions associated with
objects. This approach aims to minimize the data transmission
between vehicles while maintaining or enhancing detection
evaluations.

By using feature maps rather than direct LiDAR point
clouds, which are extracted during the object detection pro-
cess, the hybrid feature map-bounding box fusion method
differentiates itself. During the evaluations to obtain bounding
boxes, feature maps are generated which is a representation
that defines the features or attributes of the input data of the
model. The bounding boxes tell us the locations and dimen-
sions of detected objects, including vehicles, pedestrians, or
other defined labels by the dataset. Thus, we can identify
the relevant regions within feature maps by taking bounding
boxes’ locations and mapping them to the feature maps’
locations. Accurate mapping of bounding boxes to extract
regions from the feature map is crucial however knowing the
the resolution size of the input point cloud we can transform
location from one to the other.

In Figure [3}(1), the extracted process selects square regions
within the feature map that correspond to the center point
location of the bounding boxes. We chose this method over the
alternatives such as exact dimension boxes that were rotated or
circular regions in feature maps. Using a square region main-
tains the rich information around an object while simplifying



the extraction process along with the fusion process in later
steps.

Once the relevant regions of the feature map are identified,
they are saved to a new feature map called object feature map
(OFM), which maintains the same dimensions as the original.
This new feature map essentially acts as a mask, highlighting
regions corresponding to objects with non-zero values, while
non-objects remained zeroed out. The idea is to focus on
retaining high-value feature data of objects that correspond
to detected objects, and effectively generating a condensed
feature map that emphasizes regions of interest.

The OFM containing these extracted regions is then pack-
aged and transmitted to another vehicle, shown in Figure [3}(2).
Upon receiving, the vehicle must align the received feature
map with its existing feature maps. The fusion of these maps
can be implemented using different methodologies, based on
the intended result and the capabilities of the system, shown
in Figure @(3). In our evaluation, we followed F-Cooper [3]]
by using the maxout function during the fusion process. After
fusion, the feature map that has been enriched is reintroduced
into the detection model to undergo further evaluation aiming
to enhance object detection.

TABLE I
AVERAGE FILE SIZE COMPARISON (KB) FOR POINT CLOUD AND
SELECTIVE POINT CLOUD

File Format Average PC Average SPC

Text 8,788.08 (KB) 153.72 (KB)

Gzip 3,035.98 (KB) 55.12 (KB)

Text Precision 0.2 | 1,979.38 (KB) 33.77 (KB)

Gzip Precision 0.2 518.73 (KB) 8.15 (KB)
TABLE II

AVERAGE FILE S1ZE COMPARISON (KB) FOR FULL FEATURE MAP AND
OBJECT FEATURE MAP

File Format

Average FM

Average OFM

Text 220,000.00 (KB) | 220,000.00 (KB)
Gzip 9,075.21 (KB) 665.74 (KB)
Text Precision 0.2 44,000.00 (KB) 44,000.00 (KB)
Gzip Precision 0.2 759.43 (KB) 81.76 (KB)

D. Benefits of Hybrid Cooperative Perception Fusion

In cooperative perception, where bandwidth restrictions
could impact object detection performance, effective data
transfer remains a significant challenge. The adaptive hybrid
fusion framework offers two key advantages:

« Reduction in Network Congestion: Transmits only critical

data, ensuring efficient bandwidth usage.

o Reliable Perception Performance: Maintains high object

detection accuracy across varying environments.
This is essential for enhancing safety and maintaining robust
perception performance in diverse environments, from densely
populated urban centers to sprawling suburban areas.

The hybrid LiDAR-bounding box fusion framework is
similar to the Cooper [4] approach by enhancing detection
capabilities, when it comes to occluded or partially visible

objects in the receiving vehicle’s environment. However, this
framework employs selective point cloud extraction to re-
duce data transmission requirements while maintaining the
object detection performance. Similarly, the hybrid feature
map-bounding box fusion framework operates on the same
principles of data reduction by focusing on transmitting critical
regions containing objects rather than transmitting the full
point clouds or feature maps. As a result, it greatly minimizes
the amount of resources required to transmit within densely
populated areas, while ensuring efficient and reliable percep-
tion.

We observed significant reductions in data transmission
on the KITTI dataset [8] with results varying dependently
on the environment’s complexity based on the number of
objects detected. By transmitting only SPCs, it will achieves
a reduction of 55x in data size, as shown in Table [I] from
8,788 KB to 153 KB, a 98% reduction. While transmitting
only OFMs will achieve a approximate 14x reduction in data
size, as shown in Table [II| from 9,075 KB to 665 KB, a 92%
reduction. This significantly lowers bandwidth requirements,
thus data reduction enables vehicles to comprehensively ex-
pand their ability to detect additional objects or improving
initial detection confidence without sacrificing performance.

From our evaluations, the accuracy of our maxout-CNN
method demonstrates an improvement in object detection
performance, detecting additional objects without negatively
overwhelming the model. Further investigation into adopting
alternative approaches, such as transformer-based fusion meth-
ods, could further enhance performance and detection capacity.
By integrating hybrid fusion methods, autonomous vehicles
can achieve optimized perception accuracy, lower network
usage, while adapting to complex environments to advance
towards safe and efficient cooperative perception systems.

IV. THE FUTURE OF COOPERATIVE PERCEPTION

Technologies and methods related to machine learning and
data fusion techniques are anticipated to advance significantly
as we explore the cooperative perception domain. Enhanc-
ing the situational awareness and predictive capacity of au-
tonomous systems will be possible in several key areas:

o Generative Al for Predictive Capabilities

e Advancements in Spatial and Temporal Fusion

o Hybrid Deep Learning Architectures for Spatial-Temporal

Data

A. Generative Al for Predictive Capabilites

Generative Al models present a promising opportunity to
improve predictive abilities. Renowned for its capacity to gen-
erate new data instances that closely resemble the training data,
generative models are utilized to forecast and simulate future
environmental states. This function could enable vehicles to
create accurate representations of their environment in real-
time, allowing them to predict future conditions and adjust
their strategies accordingly.

For instance, generative models could simulate a variety
of pedestrian behaviors, weather conditions, or traffic patterns



utilizing both historical and real-time data. By incorporating
these simulations into decision-making processes, allowing
vehicles to effectively anticipate unexpected scenarios, thus
improving road safety and efficiency. This approach enables
vehicle’s capability to navigate dynamic environments with
greater confidence while supporting strategic planning and risk
assessment.

B. Advancements in Spatial and Temporal Fusion

Spatial and temporal fusion developments are fundamental
to enhance cooperative perception systems. Utilizing these
methods would allow models to comprehend the future states
of the environment by evaluating data over time and space.

Spatial fusion method combines input from multiple sensors
to create a unified, multidimensional representation of the
environment. Addressing challenges such as synchronization
and data inconsistencies across sensors will improve the ac-
curacy of object recognition and classification. For instance,
advancements in 3D object reconstruction techniques will
provide comprehensive detail which can improve the decision-
making processes.

By including time-based data, Temporal fusion methods
can enhances spatial analysis enabling the system to track
objects in a dynamic environment. Developing real-time dy-
namic models that continuously update with new data will
enables autonomous systems to anticipate and respond to
environmental changes effectively. With addition to refining
sequence prediction models can improve the accuracy of object
path predictions by anticipating future states and behaviors.

C. Hybrid Deep Learning Architectures for Spatial-Temporal
Data

An innovative hybrid architectures that combine spatial and
temporal data processing offer potential to advance cooperative
perception. These architectures could leverage the complemen-
tary strengths of CNNs (for spatial processing) and RNNs
(for temporal data analysis), which are capable of processing
detailed spatial hierarchies and temporal dependencies more
effectively. Another potential approach is the utilization of
graph-based models to depict the changing environment as
a graph, with nodes symbolizing objects and edges indicating
relationships and interactions over time. Applying GNNs to
process these spatial-temporal graphs enables autonomous
systems which could effectively comprehending complex re-
lations, improving decision-making and prediction accuracy.

In the future, the development of generative Al and spatial-
temporal fusion will be important factors in determining
the development of autonomous vehicle technologies. These
developments will improve the predictive and perceptive ca-
pabilities of autonomous systems, providing new opportunities
for safer and more reliable vehicles. Expanding these techno-
logical boundaries for cooperative perception will pave the
way for full autonomous driving systems capable of human-
like reasoning and predictive abilities.

V. CONCLUSIONS

This study has shown different hybrid fusion techniques
to solve bandwidth constraints for cooperative perception
systems in autonomous vehicles. Our frameworks would dy-
namically adapt to varying network conditions by transmitting
critical data in real-time without overwhelming bandwidth
capacity. For practical applications, our research demon-
strates the future of autonomous vehicles through scalable,
bandwidth-efficient data fusion techniques. By selectively
transmitting critical data, our frameworks represent key ad-
vancing techniques to ensure safe, and reliable autonomous
systems. Through hybrid LiDAR-bounding box fusion and
hybrid feature map-bounding box fusion, our experimental
testing significantly reduced data transmission usage without
compromising detection performance.
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