Case for Vehicle-Edge Collaborative Multi-Sensor
Data Fusion for Autonomous Vehicle Teleoperation

Qixin Zhang, Ajay Kumar Gurumadaiah, Wei Ye, Eman Ramadan, Zhi-Li Zhang
University of Minnesota — Twin Cities, Minneapolis, USA
{zhan8548, gurum021, ye000094, eman, zhzhang} @umn.edu

Abstract—Teleoperation provides a critical safety fallback
when autonomous vehicles (AVs) encounter scenarios that are
outside their operational design domain. In practice, however,
remote operators rely primarily on compressed camera streams
over 5G, which often lack depth and spatial geometric cues
for safe operation in complex dynamic environments. While
multi-sensor fusion can enhance situational awareness, directly
transmitting raw camera and LiDAR data is impractical due to
5G uplink bandwidth and latency constraints. In this paper, we
propose SHARDED, a collaborative camera-LiDAR perception
framework that deploys a feature-level fusion pipeline across the
vehicle and edge to reduce uplink traffic while preserving 3D
detection and depth estimation accuracy. We further design two
complementary mechanisms for SHARDED: (i) A network-aware
adaptive feature transmission mechanism that reduces data
traffic by 50% on average (peaking at over 95%) compared
to raw sensor data, and (ii) a latency-aware positional drift
compensation mechanism to mitigate cross-modal misalignment
induced by unstable network conditions. Evaluations on the
nuScenes dataset and real-world 5G measurement traces show
that SHARDED achieves competitive perception quality while
reducing uplink bandwidth consumption and end-to-end latency.

Index Terms—5G-enabled Teleoperation, Multimodal Sensor
Data Fusion, Adaptive Transmission, Vehicle-Edge Collaboration

I. INTRODUCTION

Autonomous vehicles (AVs), including robotaxis, are
increasingly being deployed in urban environments. At Society
of Automotive Engineers (SAE) Level 4 or below [1], [2],
current AV systems operate within predefined operational
design domains (ODDs), relying on accurate perception
and prior knowledge (e.g., HD maps and route planning)
for safe operation. However, unexpected and dynamic road
conditions, including traffic accidents and road construction,
can easily violate these assumptions and prevent reliable
autonomous operation [3]-[5]. To handle such situations,
teleoperated driving (TOD), in which a human operator
remotely controls the vehicle, has emerged as an important
fallback mechanism [6]-[8]. Providing real-time situational
awareness [9], [10] is critical to AV teleoperation; this
mandates streaming of sensor data, such as camera feeds, to
a remote human operator.

TOD places stringent demands on cellular networks for
remote perception, as operators must rely on transmitted
perceptual data to make timely and safe control decisions.
In today’s 5G networks, while the downlink throughput can
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achieve several Gbps, the uplink throughput is considerably
lower, often around 100 Mbps or less, even under good channel
conditions [11]—-[13]. This constraint limits both the volume
and the variety of sensor data that can be effectively streamed
over 5G networks. Furthermore, the sensor data must be
delivered in a timely fashion, within < 100 ms per the SGAA
TOD requirement analysis [14].

Under current 5G capabilities, streaming 2D video from
one or more cameras is the only practical option for AV
teleoperationl. However, 2D video lacks depth information,
making it difficult for a human teleoperator to accurately
estimate object distances. This increases cognitive load and
complicates safe vehicle control — particularly in dense or
dynamic traffic environments. These challenges are further
exacerbated by fluctuations in video quality caused by
bitrate adaptation mechanisms that cope with variable 5G
bandwidth conditions. In addition, video compression artifacts
can degrade the performance of object detection and tracking
algorithms, which are often deployed at the teleoperation
station to alert operators to emerging objects of interest [17].
Such algorithms are critical for maintaining safe and reliable
remote driving.

One way to combat these challenges is to augment 2D video
with depth information extracted from LiDAR data, or, more
generally, to augment 2D video with 3D object detection and
tracking by performing sensor data fusion onboard the vehicle.
The augmented 2D video (with depth or detected/tracked
object data) is then delivered to the teleoperation station.
However, as data fusion can take considerable processing
time (in 10s ms up to over 100 ms); this plus the time to
deliver the detection results over a 5G network mean that it
may be too late to alert the teleoperator of an impending
object. A perhaps more promising approach is to split a
data fusion model®> across the vehicle and the edge cloud
(where the teleoperation station resides), with portions of the
model running on each side. Where and how to split a data
fusion model has significant implications for compute and
network bandwidth requirements, as well as overall latency
performance. In other words, the efficacy of this approach
hinges critically on available compute resources, the latency

The “raw” data rates generated by LIDAR are typically 100s Mbps. Even
with existing state-of-the-art LIDAR compression schemes, streaming LiDAR
streams over commercial 5G networks is largely infeasible [15], [16].

2With neural network-based Al models, in theory, one can split a model
along any layer of the model architecture.



overheads of the split fusion models, the fluctuating conditions
of 5G networks, and the amount of data (e.g., intermediate
features) that must be delivered over them.

In this paper, we explore multi-sensor data fusion for
AV teleoperation. In computer vision and Al fields, various
multi-sensor fusion models (especially for camera and
LiDAR data fusion) such as BEVFusion [18], CMT [19],
and CLOCs [20] have been developed using three fusion
approaches: early fusion, intermediate (or feature-based)
fusion, and late fusion (see Section II-A). These approaches
differ in when data (e.g., raw input, intermediate features, or
results) extracted from each sensing modality is integrated
or fused to accomplish the perception task (e.g., 3D
object detection). Existing models are designed primarily
for executing on a single machine (e.g., onboard a
vehicle), regardless of the fusion approach used. Leveraging
these advances and recognizing these models can be
deployed either all-on-vehicle, all-on-edge, or split across
the vehicle-&-edge, we investigate multi-sensor fusion
deployment strategies for TOD perception pipeline design
by systematically considering the key factors and design
tradeoffs involved, such as onboard compute resources,
(split) model overheads, network bandwidth requirement,
and overall TOD latency performance. Prior vehicle—edge
collaborative perception and split inference approaches mainly
target machine-only autonomy and typically assume fixed
partitioning or offloading. In contrast, SHARDED is designed
for human-in-the-loop TOD under practical 5G dynamics,
explicitly addressing uplink-constrained feature transmission
and latency-induced cross-modal misalignment that are not
considered in prior approaches.

Main Contributions: (1) We advanced SHARDED, a
collaborative camera—LiDAR perception framework for
teleoperated driving. SHARDED employs feature-level
perception across the vehicle and edge to jointly optimize
transmission, fusion placement, and timeliness under uplink
constraints, while explicitly addressing uplink-constrained
feature transmission and latency-induced cross-modal
misalignment under dynamic 5G conditions.

(2) We designed a network-aware adaptive feature
transmission  mechanism  with  distance-based utility
instantiation that prioritizes task-relevant spatial regions
and significantly reduces uplink traffic, achieving up to 95%
data reduction compared with raw sensor transmission while
preserving teleoperation-critical perception quality.

(3) We introduced a latency-aware positional drift
compensation mechanism to mitigate spatial inconsistencies
caused by asynchronous multimodal feature delivery over
cellular networks.

(4) We conducted a comprehensive evaluation of
SHARDED using the nuScenes dataset and real-world
5G measurement traces, demonstrating improved trade-offs
among perception accuracy, uplink bandwidth consumption,
and end-to-end latency.

II. BRIEF BACKGROUND
A. Data Fusion Approaches and Algorithms

State-of-the-art multi-sensor fusion algorithms are typically
designed using one of three fusion approaches: -early,
intermediate, or late fusion. These three approaches offer
distinct trade-offs between information richness, modularity,
and robustness. Early fusion first merges raw sensor
data before feature extraction, allowing joint representation
learning from the outset. While it provides rich cross-modal
information, it is susceptible to issues arising from sensor
misalignment and modality heterogeneity. Examples of early
fusion models include [21] and [22]. Intermediate
(feature-level) fusion aims to strike a balance between
modularity and performance. It first extracts modality-specific
features independently, then merges them into a shared
representation space. Example intermediate fusion models
include BEVFusion [18], CMT [23], and FocalFormer3D
further adopts focal attention to selectively aggregate
information from different sensors [24]. Late fusion combines
final detection outputs from separate modality-specific Al
models. This approach is modular and resilient to sensor
failure, but often lacks deep semantic integration. Examples
of late fusion models include PointPainting [25] and
DeepFusion [26].

B. 5G Network Challenges for AV Teleoperations

Asymmetric Uplink—-Downlink Constraints. Commercial 5G
networks typically prioritize downlink throughput, leaving
uplink under-provisioned [27], [28]. Fig. 2 clearly shows this
downlink vs. uplink asymmetry using measurement data from
three US mobile operators. This asymmetry is particularly
problematic for teleoperation, where uplink traffic dominates:
multi-camera video, LiDAR point clouds, and other sensor
data streams generate massive amounts of data [15], [16].
Therefore, teleoperation systems face a constant conflict
between transmitting rich perceptual information and staying
within a feasible uplink budget.

Network-Induced Perception Challenges. Beyond raw
bandwidth limitations, teleoperation is also highly sensitive
to network-induced latency and jitter. Throughput fluctuations
and transient congestion increase end-to-end latency and
disrupt the continuity of remote perception [29], [30].
Importantly, heterogeneous sensor data streams often
experience different transmission latencies due to differences
in data size, encoding processes, and network scheduling.
Consequently, the perception module at the edge may receive
temporally misaligned inputs; for example, data from one
modality (e.g., camera) may arrive earlier than data from
another modality (e.g., LIDAR). This cross-modal asynchrony
introduces semantic inconsistencies in remote perception; for
instance, delayed depth information can lead to perceived
distances to surrounding vehicles that do not match the actual
scene. This problem does not stem from sensor noise or model
errors, but rather from latency-induced misalignment under
fluctuating 5G network conditions (Fig. 3). Video bitrate
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TABLE I: Comparison of multi-sensor fusion-based perception
deployment strategies for teleoperated driving.

Strategy  Advantages Limitations

AOV Low uplink bandwidth Limited onboard compute
demand; independent of budget; constrained model
networks; simpler design capacity

AOE Powerful edge-side compute ~ High uplink cost; sensitive to
resources; easy model latency and cross-modal
maintenance and upgrades misalignment

VES Flexible trade-offs between Requires dynamic split design

communication and
computation; enables

and latency-aware
coordination; Need careful

collaborative inference across
vehicle and edge

balancing of multiple factors
and trade-offs; more complex

adaptation through compression is the “go-to” approach in
video streaming to reduce network bandwidth requirements
and adapt to its dynamic fluctuation. Existing research has
shown that compressing camera and LiDAR data streams
significantly impacts downstream perception results [17],
thereby reducing visual clarity and obscuring occluded or
long-distance objects for teleoperators (Fig. 3). While other
methods (see, e.g., [31]-[33]) have also been proposed in the
literature, they are not yet ready to be deployed. Furthermore,
these methods often come at the cost of semantic fidelity.

III. MULTI-SENSOR FUSION DEPLOYMENT STRATEGIES

Unlike on-board autonomous driving, where perception,
decision-making, and execution all occur in the same location,
teleoperated driving (TOD) separates vehicle-side perception
from human decision-making at a remote station. This
separation amplifies the impact of perception quality on
operator situational awareness and reaction latency. In complex
traffic environments, relying solely on a single perception
modality (e.g., only video streams) is often insufficient due
to occlusions, depth ambiguity, and unfavorable lighting
conditions. Therefore, multimodal sensor fusion becomes
crucial in teleoperated driving, not only to improve perception
capabilities but also to enhance robustness and interpretability
for human operators. By integrating complementary modalities
such as cameras and LiDAR, fusion techniques enable more
reliable spatial reasoning, object localization, and scene
understanding. It has been shown that using fused 3D
perception results (e.g., object detection and tracking) to
augment the operator’s view can significantly improve the
effectiveness of teleoperated driving.

A. Multi-Sensor Fusion and Perception Deployment Strategies

The stringent perception demands of teleoperated driving
(TOD) and the practical constraints of 5G uplink pose a
fundamental design conflict in the multi-sensor, multimodal
fusion and perception pipeline design. TOD requires rich,
temporally consistent, and semantically reliable perception to
support safe remote control. However, 5G uplink limitations
restrict both the amount of data that can be transmitted
from the vehicle and the timeliness of perceptual updates
reaching the operator. As a result, the core challenge is not
whether multimodal fusion should be performed, but rather
where the fusion computation should be executed and what
representations should be transmitted over the network.

From a systems perspective, the teleoperation perception
pipeline consists of modality-specific feature extraction,



cross-modal fusion, and task-level inference. Model
deployment determines how these stages are partitioned
between the vehicle and remote computing resources (e.g.,
edge servers), and which intermediate representations must be
transmitted over the network. Different deployment choices
fundamentally impact the trade-offs between semantic fidelity,
communication costs, and end-to-end latency.

We first define two baseline deployment strategies for
teleoperated perception, namely, All on Vehicle (AOV) and
All on Edge (AOE), as shown in Fig. 1. We then present a
third strategy, Vehicle-Edge-Split (VES). Table I summarizes
the advantages and limitations of these deployment strategies.
All on Vehicle (AOV). In this strategy, the entire perception
and fusion pipeline is executed on the vehicle. Only
lightweight outputs (e.g., detection or tracking results) are
transmitted to the remote operator. AOV minimizes upstream
data volume and reduces reliance on network conditions, but
places high demands on the vehicle’s computing capabilities
and limits the complexity of the fusion models that can be
deployed on the vehicle.

All on Edge (AOE). At the other extreme, perception and
fusion computations are primarily performed at the edge.
The vehicle streams raw or minimally processed sensor data
upstream, allowing powerful edge-side models to process rich
representations. While AOE benefits from powerful computing
capabilities and centralized model management, it generates
significant upstream traffic and is highly sensitive to bandwidth
fluctuations and network-induced latency.
Vehicle-Edge-Split (VES). AOV and AOE represent two
extremes of the deployment design space. Between these
two extremes there is VES, where the perception pipeline
is sharded between the vehicle and the edge. Partial feature
extraction or fusion stages are performed on the vehicle,
and intermediate representations are transmitted remotely
for further processing. This strategy presents a series of
deployment options, allowing the system to trade off uplink
bandwidth, computational load, and perception accuracy by
adjusting the splitting points in the fusion pipeline.

Clearly, no single deployment strategy is universally
optimal:  pipelines that transmit rich intermediate
representations can maintain semantic accuracy but increase
uplink bandwidth requirements, while more aggressive
partitioning strategies can reduce communication costs but
may degrade perception performance under poor network
conditions. An appropriate deployment strategy must account
for the complex interplay among the fusion structure, network
characteristics, and remote-operation latency requirements.
In Section IV, we introduce SHARDED — a flexible and
systematic multi-sensor fusion and perception framework
designed and optimized for AV teleoperation that enables
vehicle-edge collaborative model deployment and allows for
controllable evaluation of various trade-offs.

B. Related Work

Vehicle-edge compute trade-offs in multi-sensor data
fusion and collaborative perception have been studied

in the context of connected and autonomous vehicles
and vehicle-to-everything (V2X) communications, see,
e.g., [34]-[39]. The objectives and problem setting of
these studies are quite different from ours, as none of
them consider AV teleoperation. Teleoperation introduces
additional system-level considerations that fundamentally
shape how multimodal fusion should be executed. Fusion
of high-dimensional camera and LiDAR data requires
substantial computation and data exchange, raising critical
questions about where processing should occur and how
intermediate representations should be transmitted under
bandwidth and latency constraints. In summary, teleoperated
driving makes multimodal fusion essential for reliable remote
perception, while simultaneously exposing its tight coupling
with execution architecture and communication constraints.
This dependency becomes particularly critical under practical
5G uplink limitations, which we examine in detail in the
following section.

IV. THE SHARDED FRAMEWORK

We now present SHARDED, a vehicle-edge collaborative
camera-LiDAR perception framework for AV teleoperation.

A. SHARDED: Collaborative Vehicle—-Edge TOD Perception

SHARDED structures the perception and sensor streaming
pipeline into two parallel data streams: a visual data stream
(compressed multi-camera video) for the teleoperator, and a
feature-level collaborative perception stream (augmenting the
video stream) to support Al-enabled scene understanding.

1) Compressed Multi-Camera Visual Data Stream: Remote
teleoperation relies on continuous visual feedback to keep
the human operator situationally aware, typically delivered
via real-time video streams captured by multiple onboard
cameras and transmitted through a video streaming system
(e.g., WebRTC, RTSP, or a proprietary protocol). Due to the
uplink bandwidth constraints, each camera video stream must
be compressed before transmission. Although compressed
video enables basic remote control, aggressive compression
substantially degrades fine-grained visual details, making it
difficult for operators to reliably perceive small, distant,
or partially occluded objects. To mitigate this limitation,
SHARDED provides perception-assisted multimodal support
to augment the compressed visual data stream.

Fig. 1 illustrates the overall architecture of SHARDED. At
the vehicle, camera frames are captured at 15 frames per sec
(fps) and streamed via WebRTC with adaptive compression to
meet uplink constraints, providing the primary visual input for
teleoperation.

2) Feature Representation Data Stream for Al-Enabled
Edge Inference to Augment Visual Perception: In parallel
with video streaming, SHARDED performs feature-level
multimodal perception collaboratively across the vehicle and
the edge. On the vehicle, raw camera images and LiDAR
point clouds are processed by modality-specific encoders
to extract intermediate feature representations. The camera
encoder produces spatial feature maps that preserve high-level



semantics while reducing pixel-level redundancy, whereas
the LiDAR encoder converts point clouds into structured
feature representations suitable for downstream fusion (e.g.,
BEV-aligned features). These encoders correspond to the
modality-specific front-ends of a CMT-based fusion backbone.
Instead of transmitting raw sensor data, SHARDED transmits
the extracted intermediate features to the edge server.
Compared with raw sensor streams, these features retain
task-relevant semantic and geometric information while being
substantially more compact. At the edge, the received
camera and LiDAR features are processed by the remaining
stages of the CMT backbone to perform cross-modal fusion
and task-level inference. Downstream perception heads then
generate outputs such as 3D object detection and tracking
results. The perception results generated at the edge are used
to augment the operator’s visual stream as visual overlays,
and are not involved in the vehicle control loop. In particular,
SHARDED provides additional depth and object-level cues
that are difficult to obtain from compressed video alone,
allowing operators to better perceive surrounding objects
and spatial relationships and thereby enhancing situational
awareness during teleoperation. This perception assistance
remains effective even when the visual stream is degraded by
compression or adverse sensing conditions.

Deploying feature-level perception across the vehicle and
the edge enables SHARDED to balance communication
overhead and computational load. Vehicle-side feature
extraction significantly reduces uplink data volume compared
to transmitting raw sensor streams, while executing
cross-modal fusion and high-level inference at the edge
avoids overloading the vehicle’s on-board compute resources
and enables the use of more expressive perception models.
We adopt CMT as the perception backbone because
its separation between modality-specific encoding and
cross-modal fusion naturally supports such distributed
deployment. Although SHARDED is instantiated with CMT
in this work, the proposed framework is applicable to other
feature-level camera—LiDAR fusion backbones that separate
modality-specific encoding and cross-modal fusion.

B. Adaptive Feature Transmission Under Uplink Constraints

While SHARDED performs feature-level deployment,
transmitting all intermediate features can still be inefficient
under variable network conditions. In teleoperated driving,
uplink bandwidth fluctuates, and task-relevant perception is
often concentrated near the ego vehicle. This motivates
an adaptive feature-transmission mechanism that selectively
transmits only task-relevant features, thereby further reducing
uplink traffic within a defined budget.

1) Distance-Weighted Object Selection: We formulate
adaptive feature transmission at time ¢ as selecting feature
regions under an uplink budget:

rrge:x Z u; St Z b; < By, (D)

where u; is the utility of region ¢, b; is its transmission size,
B; is the runtime uplink budget, and S; is the set of selected
feature regions at time t.

At runtime, SHARDED estimates B; from recent
throughput and latency measurements, then selects the
highest-utility LiDAR regions under Eq. (1). The selected
LiDAR regions are projected to camera feature space so that
aligned camera-LiDAR features are transmitted and fused
without modifying downstream perception heads.

To preserve cross-modal spatial consistency for downstream
fusion, camera features are selected to correspond to the
same spatial regions as the retained LiDAR features. Using
calibrated camera-LiDAR extrinsic parameters, the spatial
locations of the selected LiDAR features are projected into
the camera coordinate system to identify the corresponding
regions in the camera feature maps. Only camera feature
embeddings aligned with the selected distance band are
transmitted.

The selected camera and LiDAR features are transmitted
to the edge as part of the perception assistance path. At the
edge, the received features are processed by the remaining
stages of the fusion backbone and perception heads in the
same manner as in the full-feature pipeline. This design keeps
the perception model unchanged and treats feature selection
purely as a system-level transmission mechanism.

2) Runtime Bandwidth-Aware Adjustment: The distance
band serves as an explicit control knob for regulating uplink
feature volume under time-varying network conditions. During
runtime, SHARDED estimates the available uplink feature
budget online based on recent uplink throughput and latency
measurements, and adjusts the distance band accordingly.
When uplink capacity becomes constrained, the distance range
is narrowed to prioritize safety-critical spatial regions; when
more bandwidth is available, the range is expanded to improve
spatial coverage for teleoperation.

This runtime adjustment exposes an inherent trade-off
between communication efficiency and spatial coverage:
narrowing the distance band reduces uplink usage but may
omit contextual information, whereas expanding the band
improves spatial coverage at higher communication cost. By
adaptively selecting spatially relevant multimodal features
under an explicit uplink budget, SHARDED substantially
reduces uplink overhead while preserving task-relevant
perception information.

Nevertheless, even with bandwidth-aware feature selection,
network latency and its temporal variability remain
unavoidable in practical cellular networks, leading to
delayed arrival of camera and LiDAR features at the edge.
We therefore introduce a complementary latency-aware
position drift compensation mechanism to mitigate the
resulting cross-modal misalignment.

C. Latency-Aware Position Drift Compensation

This section first analyzes the impact of network latency in
object position estimation under asynchronous feature delivery.
It then presents a refinement strategy that incorporates latency



information into the CMT position-guided query generation
process, enabling the model to compensate for temporal
offsets prior to decoding. Together, these components improve
spatial consistency and reduce distance estimation errors under
realistic 5G conditions.

1) Drift Modeling Under Network-Induced Asynchrony:
Even with feature-level deployment and adaptive feature
transmission, SHARDED remains susceptible to network
latency and its temporal variability in commercial 5G
networks. Uplink latency is not only non-negligible, but also
time-varying due to scheduling dynamics, congestion, and
channel conditions. As a result, different sensing modalities
may experience different transmission delays, leading to
asynchronous arrival of multimodal features at the edge. This
cross-modal asynchrony poses a fundamental challenge to
reliable multimodal fusion for teleoperated driving. In the
proposed SHARDED approach, compressed camera video is
continuously delivered to the operator, while intermediate
camera and LiDAR features are transmitted to the edge for
perception assistance. Owing to differences in data volume,
encoding pipelines, and uplink scheduling, camera and LiDAR
features may arrive at the edge at different times. Typically,
LiDAR features incur larger and more variable transmission
delays under constrained uplink conditions. Consequently, the
fusion module may receive camera features reflecting the
current scene together with LiDAR features captured at an
earlier vehicle pose. Such temporal misalignment manifests as
position drift in fused perception results. Since LiDAR-derived
features encode geometric information relative to the vehicle’s
pose at the time of sensing, delayed LiDAR features may
no longer be spatially consistent with newly received camera
features. For a moving vehicle, this leads to erroneous
estimates of object positions and distances. Importantly, this
inconsistency is caused by network-induced delay, rather
than sensor noise or model errors, and therefore cannot
be addressed by conventional fusion pipelines that assume
synchronized inputs.

Let 7(t) denote the estimated end-to-end transmission
latency of the LiDAR features at time ¢. The motion-induced
position offset during this interval is approximated using a
first-order model as

Ap(t) = v(t —7(t) (1), 2

where v(t) = [v,(t), vy(t),v5(t)] " is the ego-vehicle velocity.
The compensated position is given by

Peomp (t) = P(t — 7(t)) + Ap(?), 3)

with p(t) = [z(t),y(t), 2(t)] " denoting the 3D position.

During runtime, SHARDED estimates the effective latency
of LiDAR features arriving at the edge based on transmission
timestamps and observed network delay. This latency estimate
is used to compensate for the position offset caused by
ego-vehicle motion during feature transmission.

2) Latency-Aware  Position Query Refinement: We
incorporate a latency-aware position drift compensation
module into the feature-level fusion pipeline to account

TABLE II: Comparison of AV-to-edge strategies. AOV and
AOE transmit a higher-resolution image for operator viewing,
while SHARDED transmits only a compressed image, and
latency is computed for a perception range of 30-50 meters.

Method Trans. Data  Transmission Proc. (ms) mAP
Time (ms)

AOV Results+Img 321.9 215.99 0.587
AOE Sensor Data 3446.8 76.338 0.589
SHARDED ¢\ fmg 392.1 76338 0.580
(Basic)

SHARDED

(Adaptive) Feat+Img 171.2 76.338 0.570

for relative transmission delay between modalities before
cross-modal fusion. At runtime, SHARDED estimates 7(¢)
from feature transmission timestamps, computes motion
offset using Eq. (2), and applies the correction in Eq. (3)
to LiDAR spatial representations before fusing them with
current camera features at the edge.

Given the estimated latency, the compensation module
adjusts the spatial representation of LiDAR-derived features
to align them with the fusion pipeline’s current reference
frame. This adjustment compensates for vehicle motion during
the transmission interval and reduces spatial inconsistency
between delayed LiDAR features and timely camera features.
In practice, LiDAR-derived spatial features are warped
according to the estimated offset Ap(¢) in Eq. (3), and
the compensation module adjusts the 3D spatial coordinates
of LiDAR-derived features using the standard CMT fusion
module without modifying downstream perception heads.

The latency-aware compensation module is integrated at
the edge after feature transmission and before cross-modal
fusion. It operates within the perception-assistance path and
requires no modifications to the vehicle-side processing
pipeline or the adaptive feature transmission mechanism.
Because the compensation is applied only to LiDAR spatial
representations, it can be adjusted dynamically according to
network conditions without affecting other components. By
accounting for latency-induced asynchrony prior to fusion, this
mechanism improves the temporal consistency of multimodal
perception under fluctuating 5G conditions and strengthens the
reliability of perception support for teleoperated driving.

V. EXPERIMENTAL EVALUATION
A. Experimental Setup

We conducted experiments using a MNCAV test vehicle
equipped with a 64-channel Ouster LiDAR and six FLIR
Blackfly S cameras; the real-world setup is shown in Fig. 8.
Data collection included both perception measurements and
5G network performance metrics across diverse driving
scenarios, encompassing urban traffic environments and
highway conditions. All edge-side perception and fusion
computations were performed on a server with an NVIDIA
RTX A6000 GPU, and the vehicle-side modules ran on
a commercial-grade onboard computing platform (ADLINK
ADM-AL30 with NVIDIA RTX 5000 SFF Ada). This setup
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allowed us to replicate realistic teleoperation constraints,
including onboard computational limits and time-varying
network conditions, while systematically capturing sensor and
network data for subsequent analysis.

Datasets and Methodology. We evaluate SHARDED
through trace-driven experiments and real-world deployments,
focusing on the trade-offs among perception accuracy,
uplink communication overhead, and end-to-end latency in
teleoperated driving. We use the nuScenes dataset [40], which
provides synchronized multi-camera images and LiDAR point
clouds with 3D annotations, and evaluate several thousand
frames across representative urban scenes and deployment
configurations. We further conduct real-world experiments on
a robotic vehicle platform to validate system behavior under
realistic sensing noise and network dynamics.

Our evaluation targets system-level deployment and
communication trade-offs rather than hardware-specific
inference performance. We emulate commercial cellular
uplink conditions by replaying real 5G measurement traces
collected from operational networks, comprising over 30 hours
of measurements and more than 100,000 throughput and
latency samples. Unless otherwise stated, the operator-facing
compressed video stream is always enabled, and all reported
uplink bandwidth and transmission costs correspond only to
the additional traffic introduced by perception assistance.
Baselines and Metrics. We compare SHARDED with two
baseline deployment strategies defined in Section III-A:
all-on-vehicle (AOV) and all-on-edge (AOE). All deployment
modes use the same perception backbone and detection head,
and differ only in pipeline placement and the information
transmitted over the uplink. Specifically, AOE transmits
compressed perception inputs to the edge for remote fusion,
whereas AOV executes the entire pipeline on the vehicle and

streaming excluded). transmission mechanism.

transmits only final perception results.

We evaluate both perception performance and system
efficiency. Perception accuracy is measured using mean
average precision (mAP) over pedestrians, motorcycles,
bicycles, and traffic cones. We additionally report
longitudinal distance estimation error along the ego-vehicle.
Communication overhead is quantified by the uplink data
volume per frame and the corresponding bandwidth. We
further report end-to-end perception latency from sensor
capture to the availability of results at the edge, and
decompose it into perception processing latency and feature
fusion latency. Together, these metrics characterize the
trade-offs among perception accuracy, responsiveness, and
uplink efficiency across deployment modes.

B. Network Performance under Different Deployment Modes

We conduct an evaluation of the impact of different

perception deployment strategies on system performance under
realistic uplink constraints in teleoperated driving. Where all
three modes (AOE, AOV and SHARDED) employ the same
perception backbone and detection head, and differ only in
pipeline placement and the form of information transmitted
over the uplink. Table II summarizes their system-level
characteristics in terms of transmitted data volume, processing
cost, end-to-end latency, and perception accuracy. Among
three modes, SHARDED adopts a collaborative deployment
in which modality-specific feature extraction is performed on
the vehicle, while cross-modal fusion and perception heads are
executed at the edge, enabling compact intermediate feature
transmission and achieving perception performance close to
AOV with significantly reduced uplink traffic.
Latency Characteristics and Temporal Stability. Fig. 5
illustrates the end-to-end perception latency of the three
deployment modes over time. AOE suffers from both higher
average latency and more pronounced temporal variability,
primarily because large perception inputs must be continuously
transmitted over the uplink. By contrast, AOV eliminates
uplink transmission of perception inputs and thus achieves
lower and more stable latency, albeit at the expense of
increased on-board computation. SHARDED attains latency
comparable to AOV while preserving perception accuracy
close to AOV, thereby providing more timely and temporally
stable perception updates for remote operators.



Uplink Bandwidth and Controllability. Fig. 6 and Fig. 7
jointly show how SHARDED controls uplink cost through
perception-range selection. In Fig. 6, each curve corresponds
to a range [X,80]m (X € [0,80]), and the per-frame
uplink bandwidth (excluding operator video) increases as the
selected range becomes wider (smaller X). Fig. 7 explains this
trend: wider ranges include more spatial feature regions, so
more camera—LiDAR features are transmitted; as X increases,
transmitted feature volume decreases monotonically. This
coupling between perception range and feature volume enables
prioritization of task-relevant regions under uplink constraints,
motivating the adaptive feature transmission mechanism in
Section IV-B.

C. Perception Performance and Operator-Centric Metrics

We study how different deployment modes affect perception
quality and operator-facing perception consistency in
teleoperated driving. Unlike fully autonomous driving,
teleoperation places a human operator in the control loop,
making both perception accuracy and the timeliness of
perception updates critical for safe operation. Perception
errors may prevent operators from noticing small or partially
occluded hazards, while temporal inconsistencies in perception
can degrade situational awareness.

Perception Accuracy across Object Categories. Fig. 4
reports the average precision for multiple object categories.
AOV achieves the highest accuracy since perception
is performed directly on locally available sensor data
without transmission-induced degradation. AOE exhibits
noticeably lower accuracy, as the perception inputs must
be compressed before uplink transmission, which degrades
both geometric and semantic cues. SHARDED -consistently
achieves accuracy close to AOV and substantially higher
than AOE, indicating that intermediate features preserve most
task-relevant information while avoiding the fidelity loss
caused by sensor-stream compression. The improvement is
particularly important for small and visually inconspicuous
objects, such as traffic cones and bicycles, which are difficult
for operators to reliably identify from compressed video alone.

We next examine how network-induced latency and

cross-modal asynchrony affect operator-facing perception
quality, and how the proposed latency-aware position drift
compensation improves robustness under delayed feature
delivery.
Quantification of the Impact of Latency on Distance.
Fig. 10 illustrates the longitudinal distance estimation error
under different network latency levels. As uplink latency
increases, temporal misalignment between camera and LiDAR
features becomes more pronounced, leading to larger distance
errors in cross-modal fusion. Fig. 10a further breaks down the
distance estimation error by object category (cars, pedestrians,
and motorcycles). Across object categories and latency
settings, SHARDED reduces the median longitudinal distance
error by up to about 65% compared with AOE.

Without position drift compensation, SHARDED already
exhibits lower distance error than AOV and AOE, since
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Fig. 10: Latency-induced longitudinal distance error (left) and
the effect of latency compensation in SHARDED (right).

TABLE III: Ablation study of SHARDED components.

Variant mAP Tx Time (ms) Dist. Err. (m)
SHARDED (Basic) 0.580 392.1 1.50-2.00
SHARDED + Adaptive Tx  0.570 171.2 1.50
SHARDED + Adaptive Tx 0.578 1712 0.90-1.30

+ Lat. Comp.

feature-level collaborative perception reduces the amount of
transmitted data and shortens the effective perception pipeline.
However, distance error still increases with latency due to
residual cross-modal asynchrony.
Effect of Latency-Aware Position Drift Compensation. In
teleoperated driving, longitudinal distance estimation directly
affects an operator’s ability to judge braking and collision risk
when interacting with surrounding objects. We therefore use
longitudinal distance error as a proxy metric to characterize
operator-facing depth consistency under network-induced
latency. As shown in Fig. 10b, SHARDED with latency-aware
compensation reduces the median longitudinal distance
error by approximately 35%-45% compared with basic
SHARDED for both cars and pedestrians. This improvement
indicates that explicitly compensating for motion-induced
spatial offsets during feature transmission effectively mitigates
latency-induced geometric inconsistency in multimodal fusion.
Overall, SHARDED achieves higher perception quality
under lower uplink bandwidth and latency than both AOV and
AOE. Adaptive feature transmission further reduces bandwidth
usage and perception latency without degrading detection
accuracy, while latency-aware drift compensation mitigates
distance estimation errors caused by transmission asynchrony.
Together, these mechanisms enable more timely and reliable
delivery of task-relevant perception and more consistent depth
cues for teleoperation, as illustrated in Fig. 9.
Ablation of SHARDED Components. To isolate the
contribution of each SHARDED component, we summarize an
ablation using the same evaluation setup and existing results.
We compare the basic SHARDED pipeline, SHARDED with
adaptive transmission, and SHARDED with latency-aware
compensation. Adaptive transmission mainly reduces
communication cost with negligible impact on mAP, while
latency-aware compensation primarily improves distance
consistency (a substantial reduction (35%-45%) in median
longitudinal distance error, normalized to SHARDED Basic;
see Fig. 10b).



VI. CONCLUSION

This paper presents SHARDED, a collaborative
camera—LiDAR perception framework for teleoperated
driving under realistic 5G uplink constraints. SHARDED
deploys a feature-level perception pipeline across the vehicle
and the edge, enabling 3D detection and depth-aware
perception with substantially reduced uplink communication
overhead. Building on this deployment approach, SHARDED
further integrates an adaptive feature transmission and
latency-aware mechanism to reduce bandwidth demand
without degrading detection accuracy, and a latency drift
compensation mechanism to mitigate distance errors caused
by cross-modal transmission asynchrony. Experimental results
using real-world 5G traces show that SHARDED achieves a
better balance among detection and depth-aware perception
quality, uplink bandwidth consumption, and end-to-end
latency than the two baseline deployment strategies, AOV
and AOE, demonstrating the effectiveness of feature-level
collaborative perception for practical teleoperated driving.

While SHARDED approach demonstrates  strong
performance, it relies on range and object type—based
feature selection and does not fully capture highly dynamic
network fluctuations. Future work will explore context,
semantic, and network-aware learning-based adaptation,
integrate operator intent, incorporate human-centric studies,
and validate at scale in real-world deployments.
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