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ABSTRACT

Environmental perception is essential for auton-
omous vehicles. Collaborative perception, support-
ed by vehicular communication technologies like
C-V2X, aggregates data from nearby sensors to
extend sensing range and improve decision accura-
cy. However, it raises communication overhead and
computational energy because vehicles process
more data than their own sensor input. The issue is
exacerbated in heterogeneous vehicular networks
(HetVNets). Our measurements show that, under
equal workloads, low-capability vehicles incur 10%
higher computational latency and energy, resulting
in a lower energy-to-accuracy gain ratio and a high-
er marginal cost than high-capability peers.

In reality, users prioritize driving range over
marginal accuracy gains. We therefore advocate
that collaborative perception should move beyond
pure accuracy maximization to include user-centric
sustainability goals. We present GreenFusion, an
energy-aware collaborative perception scheme that
embeds explicit sustainability and fairness metrics.
GreenFusion adapts each vehicle’s engagement
and role according to information value and capa-
bility, enabling selective sharing of noteworthy data.
In evaluations, GreenFusion maintains perception
performance while reducing energy consumption
for low-capability vehicles by 81.0% and 31.5%
on average compared with fully connected and
information-adaptive centralized baselines, respec-
tively. In a typical driving scenario, these savings
correspond to a 65.6% increase in driving range,
demonstrating practical sustainability benefits with-
out sacrificing perception. GreenFusion reframes
collaborative perception from an accuracy-only
objective to a balanced accuracy-energy strategy,
fostering a more sustainable, practical vehicular
networking framework that improves resilience,
longevity, and user experience.

INTRODUCTION

Environmental perception is a key technology for
transforming conventional vehicles into autono-
mous systems [1, 2], relying on sensors (e.g.,

LiDAR, cameras, radars) to capture realtime infor-
mation about the surroundings. This information
provides essential decision support, helping vehi-
cles interpret traffic signals, understand road con-
ditions, and predict the behavior of other traffic
participants. Collaborative perception advances
this capability by leveraging vehicular communica-
tion technologies to share information among vehi-
cles or entities, extending the sensing range and
handling more complex driving scenarios [3-5].

However, collaborative perception raises sus-
tainability concerns for vehicle fleets [6, 7]. Exist-
ing schemes often broadcast either raw sensor
data (e.g., LIDAR point clouds) or lightly prepro-
cessed representations (e.g., feature maps), impos-
ing substantial communication and computation
costs on participants. In some cases, a vehicle
processes 4-5x its own data load [5]. Mean-
while, much of the received content is redundant
or low-utility, making the incremental post-fusion
accuracy scene-dependent and relatively modest.
More importantly, vehicular networks are often
heterogeneous in compute and battery capacities,
where lower-capability vehicles are overburdened
by this additional energy consumption for relative-
ly small performance improvements.

Unlike prior schemes that purely emphasize
complementarity and accuracy gains, GreenFu-
sion proposed in this article is a collaborative per-
ception framework for HetVNets that embeds
sustainability and fairness. It introduces informa-
tion-value weighting and resource-penalty gating,
enabling higher-capability vehicles to undertake
more workload and thereby balance payoffs
across heterogeneous participants. Using these
factors, GreenFusion calculates adaptive vox-
elHevel engagement scores to regulate each vehi-
cle’s sensing scope and transmission policy. The
engagement scores are computed on a central
coordinator server, with this role rotating among
participants to prevent any single participant from
being overburdened. Empirical results show that
GreenFusion reduces energy consumption for
low-capability vehicles by 81.0% versus a fully
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connected baseline and 31.5% versus an informa-
tion-adaptive central baseline without sacrificing
perception. Task latency also drops by 79.0% and
30.1%, respectively. By achieving a 65.6% driv-
ing-range increase (+216.7 km) in urban condi-
tions, GreenFusion delivers a sustainable, resilient,
and deployable vehicular networking framework
for next-generation mobility.

BACKGROUND AND MOTIVATION
COLLABORATIVE PERCEPTION

Collaborative perception signifies a transformative
shift in vehicular sensing. Unlike traditional per-
ception systems that rely solely on individual vehi-
cles’” onboard sensors, it utilizes communication
technologies like C-V2X to exchange information
among vehicles and with roadside infrastructure
[6]. This facilitates a more comprehensive and
accurate understanding of the environment, sup-
porting advanced decision-making and diverse
downstream applications.

A classic example of collaborative perception’s
application is its integration with Advanced Driver
Assistance Systems (ADAS) [3, 71. In cases where a
vehicle’s view is obstructed, information from near-
by entities can be used to detect hidden obstacles,
allowing ADAS to initiate timely evasive actions.
Collaborative perception also enriches semi-auton-
omous driving functionalities (e.g., route planning)
by providing a broader, more detailed perspective.
Within intra-vehicle contexts, collaborative per-
ception supports the development of information
and entertainment applications by sharing data
relevant to user-specific requirements [8].

Beyond enhancing individual vehicle functions,
collaborative perception is integral to next-gen-
eration Intelligent Transportation Systems (ITS)
[2, 9, 10]. By integrating communication-enabled
vehicular networks with urban infrastructure such
as traffic signal controllers, it supports essential
tasks like traffic flow optimization, public transpor-
tation scheduling, autonomous fleet coordination,
and facility management. Moreover, collaborative
perception contributes to urban sustainability by
addressing traffic-related challenges [6], such as
minimizing fuel consumption and greenhouse gas
emissions, thus facilitating an eco-friendly and effi-
cient transportation system.

Information Exchange Strategies. Collabora-
tive perception relies heavily on the type and vol-
ume of data exchanged among entities. Based on
the stage of data processing, information fusion is
typically classified into three categories [3]: early,
intermediate, and late fusion, each presenting dis-
tinct trade-offs in data volume, communication
overhead, and perception accuracy. Early fusion
involves transmitting raw sensor data (e.g., imag-
es, point clouds) [1, 4], maximizing information
completeness but incurring high communication
and energy costs. Intermediate fusion shares pre-
processed perceptual features (e.g., BEV features,
learned embeddings) [5, 11], reducing transmis-
sion overhead while preserving relevant details.
However, it requires careful selection of partition
points between local processing and data shar-
ing. Late fusion transmits high-level results (e.g.,
detected objects, trajectories) [9], minimizing
communication and computation costs but poten-
tially sacrificing accuracy for fine-grained tasks.

Energy
Computational Communication
Vehicle
A(W) T(%) AW) T(%)
High 1.6W 14.6% 42W N/A}
Low 2.5W 24.1% 3.9W N/A}
Latency
Computational Communication
Vehicle
A(ms) (%) A(ms) T(%)
High 192ms 96.0% 120ms N/A
Low 220ms 119.6% 126ms N/A

All
A(W) (%)
5.8W 51.7%
6.4W 61.1%
All
A(ms) (%)
312ms 156.0%
346ms 188.0%

TABLE 1. Energy and latency burden for high- and low-capability vehicles under collaboration.

Coordination Strategies. Coordination in
collaborative perception typically follows either
decentralized or centralized paradigms. In decen-
tralized approaches, such as the fully connected
scheme [3], all vehicles communicate directly via
all-to-all broadcasts and independently perform
local fusion using received information. This
results in replicated computation across vehicles
and requires sufficient onboard resources. In cen-
tralized approaches [12], vehicles transmit data
to a central node, which conducts global fusion
and broadcasts the results. The decentralized
paradigm offers greater resilience in dynamic or
infrastructure-limited environments but may face
scalability challenges due to high communication
overhead. In contrast, the centralized scheme
adopts a star-shaped architecture that reduces
communication load and offloads computation,
at the cost of increased reliance on infrastructure.

(QUANTITATIVE ANALYSIS OF COLLABORATIVE PERCEPTION BURDEN

Collaborative perception enhances perception accu-
racy for autonomous driving systems but introduces
significant costs in energy consumption and latency.
To quantify the additional burden of collaborative
perception on vehicles with different capabilities, we
conduct a case study in a semi-realistic environment
derived from real-world conditions. The emulated
collaborative scenario involves two vehicles per-
forming the same perception task under identical
conditions, with the only difference being their com-
putational capabilities: one vehicle has 8 CPU cores,
the other 4 cores. We use the widely adopted
V2XSet LiDAR-Track dataset [11] to emulate typical
traffic scenarios with multiple obstacles, dynamic
elements, and detailed communication traces. Each
vehicle loads raw 3D point clouds from its LIDAR
sensors and exchanges them via V2X links. After
data exchange, both execute the same object-de-
tection model on identical inputs. This case study
runs for two hours, during which energy consump-
tion is monitored with pyRAPL [12], a lightweight
tool based on Intel’s Running Average Power Limit
technology for estimating energy usage.
Disproportionate Cost vs Benefit. In collabo-
rative perception, increased communication and
computation demands lead to energy and laten-
cy costs that are disproportionate to the accuracy
improvements achieved. As Table 1 shows, enabling
collaboration raises fleet-wide energy consump-
tion by 12.2 W, an uplift of 56.4%. Latency costs
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FIGURE 1. Workflow of GreenFusion in the collaborative perception task.

rise by 312 ms and 346 ms for the two vehicles,
corresponding to 156.0% and 188.0% increases,
respectively. Among these two overheads, most of
the additional energy comes from communication,
whereas the latency penalty is driven primarily by
extra computation. The key benefit of collabora-
tion is an improvement in Average Precision (AP) at
loU = 0.7 for vehicle detection from 0.625 to 0.701.
This implies that each 1 percentage point increase in
accuracy requires 7.4% more energy. Moreover, as
baseline accuracy rises, incremental gains demand
disproportionately greater resources. This is a classic
diminishing-returns law widely present in real-world
systems, where early improvements are resource-ef-
ficient, but later gains become increasingly costly.

Disproportionate Burden on Low-Capability
Vehicles. The computational disparity between
the two vehicles imposes a disproportionate ener-
gy and latency burden on the low-capability one.
Table 1 shows that the vehicle with high com-
putational capability introduces lower additional
computation delay and energy during collaborative
perception. In contrast, the low-capability vehicle
experiences approximately 10% higher computa-
tion latency and energy for the same workload.
Given equivalent perceptual improvement, this
yields a lower energy-to-accuracy gain ratio and
higher marginal cost for low-capability vehicles.
While this computational gap does not directly
affect communication efficiency, slower processing
by the low-capability vehicle forces extra synchro-
nization delays, which in turn impact the overall
responsiveness of the collaborative network.

Exacerbating Range Anxiety. The above quanti-
tative findings clearly illustrate that collaborative per-
ception raises the problem of draining battery power
and shortening operational lifespan, especially for
electric vehicles with limited battery capacity. From
a qualitative perspective, this heightened energy
demand would further exacerbate range anxiety for
drivers [13], which is a critical concern in human-ve-
hicle interaction. If low-battery vehicles simply dis-
able collaborative perception, they must rely solely
on their onboard sensors. In low-vehicle-density envi-
ronments, losing even a few vehicles will significantly
decrease overall perception accuracy and safety.
Consequently, drivers must carefully find a delicate
balance between the benefits of improved safety
and the drawbacks of shortened battery life.

GOAL TRANSITION: BALANCING ACCURACY AND SUSTAINABILITY

The quantified costs of collaborative perception
expose a fundamental trade-off between maximiz-
ing detection performance and preserving vehicle
range. A prior study [7] demonstrates that users in
practice prioritize range retention over marginal
accuracy gains. Therefore, collaborative percep-
tion should evolve beyond pure accuracy maxi-
mization to incorporate user-centric sustainability
goals, including optimizing energy use while main-
taining safety, balancing cost-benefit across the
fleets, and even assisting low-battery vehicles in
reaching nearby chargers.

However, existing solutions fall short of
fully achieving these goals. One representative
approach employs selective information strate-
gies, such as sensing-area partitioning [4] or spa-
tial-confidence filtering [5], to reduce redundancy
by limiting transmissions to relevant data. Another
class of solutions shifts from ad hoc broadcasts
to centralized coordination [4, 9, 12] with ded-
icated orchestration algorithms. Nevertheless,
these methods primarily optimize latency, neglect
onboard energy costs, and assume participant
homogeneity, failing to address real-world hetero-
geneity and its implications for energy fairness.

As a successor, GreenFusion advances an ener-
gy-driven paradigm via fine-grained engagement
scoring and capability-aware coordinator rotation.
By embedding explicit sustainability and fairness met-
rics, it aligns technical performance with user-centric
and environmentally responsible mobility.

GREENFUSION DESIGN

Following the idea of refining the goals of collab-
orative perception to balance overall sustainability
and perception accuracy, we introduce GreenFu-
sion, an energy-aware framework for HetVNets.

GREENFUSION WORKFLOW

Figure 1 illustrates GreenFusion’s five-step process
in each round of collaborative perception: raw
data fusion, perception task execution, voxel-level
engagement calculation, selective sensing, and
coordinator rotation. Steps ©® to @, voxel-level
engagement management and coordinator rota-
tion, are the core designs to realize GreenFusion’s
energy awareness. GreenFusion operates in a
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centralized communication architecture, with a
coordinator server managing vehicle interactions,
fusing perceptual data, and broadcasting results
to all participants.

In step @, each vehicle transmits its raw 3D point
cloud data to the coordinator via communication
modules. Each vehicle’s information value varies,
which is calculated at the voxel level based on fac-
tors such as vehicle capability, battery status, and
perception effectiveness in the previous round. After
aggregating and fusing the data, the coordinator
runs perception tasks (e.g., object detection) and
broadcasts the results to all participants in step @.

Steps © to © constitute the core of Green-
Fusion. The coordinator generates a voxel-level
engagement heatmap for each vehicle based
on the fused global view and individual capabil-
ities. This heatmap is used to guide each vehicle
in performing selective sensing and adjusting its
data-sharing scope for the next round in step @.
While in step ©, to prevent any single participant
from being overburdened, GreenFusion employs
a coordinator rotation mechanism. If the cur-
rent coordinator reaches a predefined workload
threshold, the role will be transferred to a more
capable participant within the network, ensuring
the overall sustainability of the fleet.

VIOXEL-LEVEL ENGAGEMENT MANAGEMENT

Full participation in every perception round is nei-
ther necessary nor always beneficial. In certain
cases, it may add communication overhead and
noise, whereas partial engagement already yields
optimal utility. Following this principle, GreenFusion
generates voxel-level engagement heatmaps that
assign a participation degree to each participant’s
voxels for the next round. These degrees determine
*+ The sensing scope, which may expand or
shrink coverage,

+ The transmission policy, which gives prece-
dence to high-engagement voxels while downs-
ampling or skipping low-engagement ones.

Guided by these heatmaps, vehicles concentrate

their sensing and sharing on the high-value voxels,

prioritizing information quality over quantity.
Engagement Heatmap Calculation. Voxel-lev-

el engagement management begins with gener-
ating an engagement heatmap for each vehicle.
These heatmaps represent the appropriate
engagement degree for each voxel in the next
round perception (step ® of Fig. 1). Each voxel
receives an engagement score E, that accounts
for both its informational value and the resources
required for processing, concisely expressed as:

E, =1, - [W,CJ- 1)

The information term /, quantifies voxel impor-
tance as the generalized mean I, = [AR] + (1 - 1)
OV'/n, where R, measures non-redundancy via
the JS divergence between the voxel distribution
and the global fused map, and O, captures task
relevance through the normalized mutual infor-
mation between the voxel and the set of identifi-
able objects. A larger divergence or higher mutual
information yields a higher /,.

The formula includes a resource-gating factor,
W, C,, that represents energy and computation
constraints. It collapses toward zero when either
resource is scarce, thereby reducing the voxel’s

engagement score E,. The energy-penalty term is
W, = expl-ae,/(SoC; + €)] where e, is the estimat-
ed energy to transmit and process the voxel and
SoC; is the vehicle’s state of charge. The com-
pute-readiness term is

c, = \/1 —ops(v) /(F; UM +¢).

where (v) is the voxel’s operation count, F;
denotes maximum compute throughput, and Ujdle
is the CPU idle rate.

The exponent factor 1 - If implements a
soft break-glass mechanism. When [, << 1, the
engagement score E, is tightly constrained by
resource limits, whereas for highly informative
voxels (I, = 1), the factor approaches zero, effec-
tively neutralizing the resource gate and ensur-
ing that mission-critical data are transmitted even
under severe resource constraints.

Motion Adjustment. To accommodate vehi-
cle mobility, scene flow is applied to describe
the mobility-induced spatial shifts and refine the
heatmaps to align with the anticipated movement.
These motion vectors predict object movement
based on speed and direction inferred from the
previous perception results, allowing the heat-
maps to adjust for spatial shifts. This alignment
ensures that voxel-level engagement accurately
reflects the expected scene in the next round.

Selective Sensing and Fusion. Once the vox-
el-level engagement heatmaps are generated, the
coordinator server distributes them to the respective
vehicles, specifying the appropriate engagement
degrees of voxels in the perception space. Using
this information, vehicles perform selective sensing
by dynamically adjusting their sensing range. Start-
ing from a baseline sensing range, the vehicle incre-
mentally expands its sensing coverage and assesses
the engagement degrees of newly included voxels.
When all newly added voxels exhibit engagement
degrees below a predefined threshold T, this radi-
us is taken as the sensing boundary for the current
round. Step @ in Fig. 1 depicts the sensing range of
each vehicle. This strategy directs vehicles to con-
centrate on high-value regions, minimizing resource
expenditure in less informative areas.

After adjusting the sensing range and collect-
ing LIDAR data, each vehicle prepares data for
fusion in the next round according to the heat-
map. Only voxel data exceeding a fusion thresh-
old Tris shared within the collaborative vehicular
network. This selective fusion further ensures that
only information-rich voxels are transmitted to the
coordinator server for aggregation and percep-
tion tasks, maintaining perception accuracy while
conserving energy and bandwidth.

COORDINATOR ROTATION

Unlike fully connected networks where vehicles
use broadcast to communicate with all others,
GreenFusion establishes a coordinator-centered
vehicular network to manage participant engage-
ment and facilitate efficient information exchange.
The coordinator role is strategically assigned via
a rotation mechanism to enhance the transfer-
ability of coordination tasks and improve the sus-
tainability of heavily burdened participants. This
mechanism prefers to find a Roadside Unit (RSU)
in scenarios with edge server support due to its

Unlike fully connected
networks where vehicles
use broadcast to com-
municate with all others,
GreenFusion establishes a

coordinator-centered vehic-

ular network to manage

participant engagement and

facilitate efficient informa-
tion exchange.
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o Network Condition
Participant Battery (M) CPU (cores) (Bandwidth-latencyloss)
venice 1 200 12 400Mbps-0ms-0%,
Vehicle 2 180 8
. 100Mbps-10ms-0.5%,
Vehicle 3 150 4 50Mbps-25ms-1%
RSU Powered 24 P ?

TABLE 2. Machine configurations for evaluation.
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FIGURE 2. Comparison of computation and communication energy of fully connected, central, and GreenFusion schemes.

stable power supply and typically sufficient com-
putational capability. However, when an RSU is
unavailable or its resources are limited, Green-
Fusion dynamically selects a vehicle as the coor-
dinator based on computational power, sensing
capabilities, and battery level.

The current coordinator continuously monitors
its own resources and triggers rotation when preset
thresholds are approached. At each rotation check,
it aggregates the voxel-level engagement scores
E, for every vehicle. The engagement degree of a
participant is defined as the sum Z,E, of all its voxel
scores. Using this metric, the coordinator assigns
the role to the vehicle with the highest engage-
ment degree, which usually holds the largest por-
tion of relevant data. Granting this vehicle the
coordinator role allows it to process its data locally,
eliminating the need to transmit its data outward.

Step @ in Fig. 1 lists the engagement degree
of each participant for the current round. Ranked
results identify Vehicle B as the most capable
node. The arrow from the RSU to Vehicle B
depicts the transfer of the coordinator role to
Vehicle B due to the RSU about to go offline. This
policy keeps the role with the participant best
positioned to handle it, and prevents any single
participant from being overly burdened.

PERFORMANCE EVALUATION

We evaluate GreenFusion in terms of energy effi-
ciency, perception accuracy, and extended travel
range, comparing its performance with that of
current collaborative architectures.

EXPERIMENTAL SETTINGS

Dataset: Evaluations are conducted on the
V2XSet LiDAR-Track dataset [11], which encom-
passes two dominant real-world driving scenarios
of urban and highway across 12 scenes featuring
representative roadway types (e.g., straight and
curved segments, entrance ramps, intersections).
Each scene includes two or three vehicles, each

equipped with a LIDAR sensor capturing point
clouds at 10 Hz (2 MB per frame). Vehicle speeds
range from 20 to 58 km/h, and each record-
ing lasts 5-25 s. The object detection model is
trained on the V2XSet training set and remains
frozen during all experiments. To ensure consis-
tency, each scene is repeated five times for a total
runtime of 11 hours.

HetVNet Setup: The HetVNet testbed consists
of three vehicles and one RSU, each with distinct
attributes, including battery capacity, computing
power, RSU latency, and bandwidth, as summarized
in Table 2. Test scenes selected from the V2XSet
dataset include both two-vehicle and three-vehicle
cases. Two-vehicle scenarios use the configurations
of Vehicle 1 and Vehicle 2, while three-vehicle sce-
narios cover all vehicles. Each scenario also includes
an RSU without sensing capabilities, serving as the
primary coordinator for engagement management,
data aggregation, and object detection. Energy con-
sumption is measured with pyRAPL.

Communication Setup: All V2X links are emu-
lated with the Qualcomm 9150 C-V2X chipset
[14, 15], the hardware backbone of the Snap-
dragon Automotive Platform used by BMW, Mer-
cedes-Benz, and Volvo. The emulation follows 5G
NR PC5 sidelink parameters, supporting 0-25 ms
one-way latency and 50-400 Mbps peak through-
put [15].

To simulate real-world channel dynamics, two
impairment strategies are introduced to reflect
adverse conditions such as extreme weather,
dense traffic, tunnels, and canyons [15]:

+ Random perceptual block loss: each LiDAR
frame is divided into a 3x3x3 grid, with three
blocks randomly dropped to model spatially
localized losses under adverse weather;

+ Channel fluctuation: periodic packet-loss and
delay bursts emulate intermittent link degra-
dation and non-line-of-sight effects in dense
traffic, tunnels, and canyons. Communication
parameters are detailed in Table 2.

Parameter Settings: In our experiments, the
parameters in Formula 1 are empirically set to A
=0.5,e=1,a =25, and B = 2. These correspond
to the trade-off between redundancy and task rel-
evance, mean selectivity, energy penalty, and gat-
ing strictness, respectively. For different scenarios
and tasks, we recommend selecting , €, o, B with-
in [0.5, 0.71, [0.3, 11, [4, 7], and [1, 2.5], where
accuracy and energy savings remain robust.

RESULTS AND Discussion

This section evaluates the energy efficiency and
perception accuracy of GreenFusion against two
representative baselines: the fully connected
scheme and the central scheme. The fully con-
nected scheme [3] serves as a basic decentralized
approach, enabling direct all-to-all communication
without coordination or redundancy control. The
central scheme, based on EMP [4], implements
adaptive spatial partitioning, with each vehicle’s
zone boundaries dynamically assigned by the
central coordinator based on data redundancy
and network state. Lastly, we present a case study
demonstrating GreenFusion’s effectiveness in
energy savings and driving-range extension.
Energy Efficiency. Figure 2 compares the com-
putation and communication energy of the three
schemes. Relative to the fully connected base-
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line, GreenFusion reduces vehicle-side compu-
tation energy by 64.0%. Of this reduction, 37%
is attributable to computation offloading via the
centralized architecture, as demonstrated by the
performance of the central scheme. GreenFusion
further achieves additional savings via selective
sensing and fusion, especially for resource-con-
strained vehicles (e.g., Vehicle 3). Although both
the central scheme and GreenFusion introduce
RSUs to centralize computation, overall fleet
energy consumption decreases. Notably, the RSU
can operate on a commodity server supported by
existing edge computing infrastructure, enabling
cost-effective support for ITS facilities [10].

Meanwhile, we observe that for low-capabil-
ity vehicles, limited compute capacity prolongs
processing and airtime, making communication
energy comparable to computation. GreenFusion
also effectively mitigates this, reducing Vehicle
3’s communication power from 8.76 J/s to 1.87
J/s, achieving a 78.6% reduction. Fine-grained
selective transmission further lowers communica-
tion energy by 12.3% compared with the central
scheme, underscoring the necessity of commu-
nication optimization as well. Furthermore, we
quantify the control-plane messaging overhead at
0.025 /s, representing a negligible 0.93% of the
total communication energy in GreenFusion.

The above gains are more significant under
adverse conditions (e.g., dense urban traffic,
extreme weather) that cause frame loss and link
degradation. Figure 3 plots energy savings of
GreenFusion versus the two baselines for low-ca-
pability vehicles. Against the fully connected
scheme, GreenFusion yields an average 81.0%
reduction across scenarios, with larger gains as
network quality worsens. Compared with the cen-
tral scheme, it still achieves 31.5% average sav-
ings. Additionally, latency likewise decreases by
79.0% and 30.1% relative to the fully connected
and central schemes, respectively.

Perception Accuracy. Selective data sharing
may degrade perception accuracy. However,
compared with lossless central fusion, GreenFu-
sion shows only a slight accuracy decrease on the
AP@0.7 metric, from 0.704 to 0.702. Despite a
slight accuracy drop, GreenFusion still outper-
forms the non-collaborative baseline (0.702 vs.
0.632). Notably, fully connected fusion performs
worst at 0.692, likely because redundant and
noisy transmissions pollute useful data.

Under adverse network conditions, accuracy
would decline further. GreenFusion’s AP@0.7 drops
modestly from 0.702 to 0.640, with fully connected
and central showing comparable decreases. While
at the more lenient AP@0.3 threshold, GreenFusion
shows the smallest degradation (-3.87%), com-
pared with fully connected (-4.52%) and central
(-4.65%), indicating that prioritizing timely, high-
gain, non-redundant information better preserves
accuracy under network stress.

Energy-Saving Efficiency and Extended Range.
We monitor the energy consumption of three
vehicles over a period of time, as shown in Fig.
4. Evidently, energy consumption with GreenFu-
sion (dashed line) is consistently lower than that
of the central scheme (solid line), demonstrating
GreenFusion’s efficacy in prolonging battery life.
Without GreenFusion, Vehicle 1 consumes 3.4 kJ
in 8.5 s, whereas with GreenFusion activated, it
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FIGURE 4. Energy consumption with GreenFusion (dashed) and central (solid) schemes.

consumes only 2.06 kJ in the same period, achiev-
ing a significant 39.41% energy-saving efficiency.
Enabling GreenFusion can substantially extend the
vehicle’s range. Based on the U.S. standard elec-
tric vehicle average energy consumption of 151.4
Wh/km [13], a vehicle with a 50 kWh battery can
travel 547.0 km under GreenFusion mode, com-
pared with only 330.25 km without GreenFusion,
extending the range by 216.7 km, an increase
of 65.6%. Furthermore, the gentler slope of the
dashed line suggests that GreenFusion slows bat-
tery depletion, which is a useful feature when
driving with a low battery.

OPEN CHALLENGES AND RESEARCH DIRECTIONS

This section discusses open challenges and
potential research directions for strengthening
collaborative perception, focusing on supporting
low-capability vehicles, incentivizing user partici-
pation, and co-designing energy-driven mobility.

ASSISTANCE FOR VEHICLES WITHOUT PERCEPTION ABILITIES

GreenFusion explores the potential of collabora-
tive perception to assist vehicles lacking advanced
sensing hardware such as LiDAR. Although
these vehicles might not possess sophisticated
perception modules, they typically have basic
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communication capabilities. In a collaborative
perception context, sensor-rich vehicles can iden-
tify potential risks and promptly issue warning
messages to perception-limited vehicles, which
significantly enhances overall road safety by
sharing essential situational awareness. Further-
more, collaborative perception offers a solution
for low-battery vehicles via Teleoperated Driv-
ing (ToD) [3, 71, enabling remote intervention to
extend their range to reach nearby charging sta-
tions. Nevertheless, practical deployment faces
communication compatibility challenges across
heterogeneous vehicles. There is an urgent need
to develop universally compatible communication
standards and optimized lightweight data encod-
ing schemes to promote broader adoption of col-
laborative perception.

NCENTIVES FOR ENGAGING IN COLLABORATIVE PERCEPTION

Incentive mechanisms can motivate participants in
collaborative networks to share onboard resourc-
es and actively contribute to perception tasks
[10]. However, designing fair, effective, and scal-
able incentive frameworks that can handle vehi-
cles’ diverse interests and capabilities remains an
open challenge. One direction is to explore reputa-
tion-based incentives, where vehicles earn reputation
and higher priority through consistent contribu-
tions in collaborative networks, redeemable when
assistance is needed. Additionally, dynamic pricing
strategies for participants’ energy and resources
can also adapt to real-time demands and resource
availability, facilitating cost-effective resource sharing
and scheduling. Techniques such as double auc-
tions and non-cooperative game theory may further
encourage perception task offloading and enhance
infrastructure utilization, fostering a more robust and
cooperative vehicular communication environment.

ENERGY-DRIVEN INTERDISCIPLINARY CO-DESIGN FOR MOBILITY

GreenFusion illustrates the shift toward an ener-
gy-driven interdisciplinary paradigm that integrates
technology, policy, and economics beyond isolat-
ed optimizations. This trend is reflected in policy
and standards such as the U.S. Department of
Energy’s system-level efficiency programs for infra-
structure and connected and automated vehicles
(CAVs), ChargeScape’s joint scheduling platform
by major automakers, and the Next Generation
Mobile Networks Alliance’s emphasis on ener-
gy-aware design for future mobile ecosystems.
Achieving large-scale impact requires coordi-
nated action among stakeholders. Automakers
and infrastructure providers should jointly develop
energy-efficient hardware and deploy green mobili-
ty platforms and device clusters to meet end users’
expectations for safer, more economical, and dura-
ble mobility solutions. The key challenge is to trans-
form a set of isolated energy-driven technologies
into a cohesive interdisciplinary ecosystem that
aligns communication systems, economic models,
and urban planning with sustainability goals, stake-
holder incentives, and deployment constraints to
enable an equitable and resilient mobility future.

CONCLUSION

We present GreenFusion, an energy-aware col-
laborative framework designed to balance accu-
racy and energy consumption in HetVNets. By
managing vehicle participation according to

their capabilities, battery levels, and workloads,
GreenFusion implements adaptive engagement
mechanisms and coordinator rotation to optimize
overall energy usage and ensure equitable bene-
fits. GreenFusion shifts collaborative perception
from a purely complementary model to a mutual-
ly assisting paradigm that balances accuracy and
energy, emphasizing the resilience, sustainabili-
ty, and longevity of collaborative vehicular net-
works. GreenFusion’s practical and user-friendly
design holds promise for real-world applicabili-
ty, advancing next-generation sustainable auton-
omous driving systems. However, GreenFusion
assumes honest participants. Future work will inte-
grate lightweight malicious-behavior detection to
defend against data poisoning. We also plan to
conduct multi-city, at-scale road trials to validate
its robustness under diverse real-world networks.
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